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ABSTRACT OF THE DISSERTATION

Computational Methods for Epigenetic Studies
by
Elena Yavorska Harris
Doctor of Philosophy, Graduate Program in Comp8tzence

University of California, Riverside, June 2010
Dr. Stefano Lonardi, Chairperson

The epigenome has increasingly been the focussefarch over the past decade.
Epigenetic control occurs in two primary ways: DI&thylation and chemical modification of
histones. The latter mechanism determines whether the chtiaris tightly packed, in which case
gene expression is repressed, or relaxed, in wd@sh gene expression is enhanced. DNA
methylation is the addition of the methyl groupsytocines. Methylation of DNA is involved in
a variety of biological processes, including emigsmesis and development, silencing of
transposable elements, and regulation of genedtatisn. In our research, we developed a set of
computational methods and software tools that engéhome-wide epigenetic studies. In
particular, our computational methods and softwaots allow for (1) the determination of
dynamic nucleosome positioning and the analyste®torrelation between the nucleosome
landscape and gene expression, (2) the identdicati methylation patterns from raw data
obtained from next-generation sequencing technegsgich as the Illumina Genome Analyzer,
and (3) the discovery of transcription factors lgdsites from data on the dynamic chromatin

structure remodeling. Our methods and tools weed s study nucleosome landscape,
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methylation and control of transcription in the rammalaria parasite which is responsible to one

million deaths world-wide every year.
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Chapter 1

| ntroduction

Increasing evidence is becoming available that legigin of cell mechanisms is much more
complex than previously thought. New discoveriegpigenetic studies shed light on some of the
most puzzling questions, such as how differentiatib cells is regulated or why identical twins
can have very different physical constitutions atelelop different diseases despite their
common genome. Now molecular biologists believe tigy have answers to both questions.

A relatively recent discovery is that second laydr information exists, which is
embedded on chemical markers added to DNA and egigpproteins that package DNA into
chromosomes. This second layer, called the epigenaontrols access to the genes, allowing
each cell type to activate its own special geneksilence others. The epigenome is involved not
just in defining what genes are accessible in @ggpl of cell, but also in controlling when the
accessible genes may be activated. In other wardéndividual organism has one genome but
many “spacewise” (i.e., tissue-specific) and “timise” (i.e., specific to developmental stage)
epigenomes. Molecular biologists have also confitrtiegat the epigenome is affected by the
interactions of the organism with the environmdnt.particular, the epigenomes of identical
twins slowly differentiate over time, giving rise distinct phenotypes.

Epigenetic control occurs in two primary ways: DN#ethylation and chemical
modification of histones. DNA methylation is the addition of methyl groufms cytocines. The
second, more complex kind of alteration affectstla@o class of proteins called histones, the

proteins that package DNA intthromatin (the main component of chromosomes). Chemical



modifications of histones determine whether theootatin is tightly packed, in which case gene
expression is repressed, or relaxed, in which gese expression is enhanced. Chromatin is
packed intonucleosomes with short distances between them. Each nucleossradormation of
eight histones locked together to form a miniatsjpeol with 147 base pairs of DNA twisted
around the histones. Each histone has a protrithriyto which more than twenty chemical tags
can attach. Some of these tags, or certain coniirsabf them (which define a new “language”
called the histone code) give rise to relaxed clatom(free from nucleosomes); others have the
opposite effect. When DNA has to replicate for adllision, methylation marks and histone
modifications pass only to the two parent strant$ @l the nucleosomes are disassembled; yet
the cell has ingenious methods for reconstituthreygame marks on the two daughter genomes.
The whole system is called the epigenome becaese tthemical marks are inherited across cell
division despite not being encoded directly in DNA.

The epigenome has increasingly been the focugsdarch over the past decade, and
several international projects are currently ungay. The objectives of the International Human
Epigenome Project are “to identify, catalog an@iiptet genome-wide DNA methylation patterns
of all human genes in all major tissues” (http:/fimepigenome.org/). So far, IHEP has analyzed
methylation patterns in a few dozen individualssé@lected regions of three chromosomes [25,
66]. The Alliance for Human Epigenomics and Dise&salso coordinating a comprehensive
human epigenome mapping project [41]. The focusnigdeveloping a suitable bioinformatics
infrastructure and performing epigenome mappin@ iselection of normal tissues, which may
provide the reference for subsequent mapping incararcells. Finally, the NIH-funded
Encyclopedia of DNA Elements project aims to map fahctional elements in the human
genome sequence including large-scale mapping ok Didthylation and histone modifications

[11]. Epigenetic therapy is also becoming a realitile epigenetic marks are heritable in



somatic cells, drug treatments could potentiallyerse them. This has significant implications for
the prevention, diagnosis and treatment of majondmu diseases and for the normal effects of
aging. Potential targets include diabetes, cardiopnary diseases, autoimmune diseases and
cancer, in which missteps in epigenetic programnfiage been directly implicated. Several
inhibitors of chromatin-modifying enzymes have né&en approved by the FDA or are in
clinical trials with good prognosis for tumor regsen.

In our research, we developed a set of computtiorethods and software tools that
enabled comprehensive epigenetic studies. In pdaticour computational methods and tools
allow for (1) the determination of dynamic nuclewso positioning and the analysis of the
correlation between the nucleosome landscape and gepression, (2) the identification of
methylation patterns from raw data obtained froghkiroughput (next-generation) sequencing
instrumentssuch as the Illlumina Genome Analyzer, and (3) theadery of transcription factors
binding sites using the data on the dynamic chromsatucture remodeling.

The organism on which we developed our algorithe®lasmodium falciparum, the
parasite responsible for 350-500 million cases afanm each year and between one and three
million human deaths worldwide, the majority of whaoare young children in Sub-Saharan
Africa.

Due to its modest genome size, malaria is an igdatform to test the proposed
methodologies and to develop algorithms and tothe genome oP. falciparum is, however,
not lacking of technical challenges. Its fourtedmomosomes represent the most (A+T)-rich
genome sequenced to date. The average (A+T) fraiti80.6% genome-wide, and higher than
90% in the intergenic regions. Due to the effecteguction of the alphabet cardinality from four
symbols to two, the genome contains an abundant@we€omplexity repeats that complicates

the mapping of short reads to the genome.



The methods and tools developed here are appmidaba variety of other eukaryotes,

including human.

1.1 Nucleosomes mapping

In eukaryotic cells, genomic DNA exists as a higlelympacted structure called chromatin.
Because DNA is negatively charged, the resultirectebstatic repulsion would prevent this
polymer from fitting into the small confines of thaucleus. The problem is solved by the
presence of histones that bind to the DNA and aémérthe negative charge.

The fundamental unit of chromatin is a nucleosammposed of 147 base pairs (bp) of
DNA wrapped 1.65 turns around a protein complexight histones. There are 14 points of
contact between histones and DNA, which make tlebengsome one of the most stable protein-
DNA complexes known. The presence of nucleosomexttli affects a variety of cellular and
metabolic processes, including transcription (gengression), recombination, replication,
centromere formation, DNA repair, and so forth. Tinere condensed the chromatin, the harder it
is for transcription factors and other proteinsatwess the DNA and carry out their tasks. The
more accessible the DNA, the more likely it is teatrounding genes are actively transcribed.
Nucleosomes represent an additional layer of inédion that directly affects gene regulation in
addition to the well-known regulatory elements, lsus promoters, enhancers, silencers, and
response elements.

Most of genomic DNA is organized in densely packédomatin. For example, it is
estimated that 75-90% of the human DNA is wrappedtcleosomes. Nucleosomes tend to be
spaced quite regularly along the genome, at ardistirom each other that is organism specific:

~ 18 bp in yeast [47, 58, 73} 28 bp in drosophila [59] an@. elegans [81], and~ 38 bp in



humans [7]. Very long linkers or nucleosome-fregioas (NFRs) tend to occur at the beginning
and the end of genes (see Figure 8). The positiopmeference of nucleosomes depends on a
variety of biochemical factors, including the ayilof DNA to bend sharply around the histone
complex, which in turn depends on the DNA compositiSince the 1980s, several studies have
attempted to discover recurrent patterns in DNAuseges that favor nucleosome positioning
(see, e.g., [80, 68, 85, 71, 39, 63, 15, 33, 9320267]). Several authors have observed periodic
occurrences of AA, TT, and TA dinucleotides spaaedO bp intervals, and occurrences of GC
also spaced at 10 bp but 5 bp out of sync witheetsip AA, TT and TA. It turns out that these
patterns are “statistically weak”, and thus difftcio detect. Despite the statistical enrichment of
AA, TT, TA and GC associated with nucleosomes,dtesence of these dinucleotide patterns in
individual nucleosomes only occurs modestly aboxanaom distribution.

Nucleosomes are not static units. They possessndignproperties that are tightly
regulated by chromatin remodeling protein compleXdgese complexes bind nucleosomes and
the adjacent linker, then move nucleosomes in fhectibn of the linker (see, e.g., [48] and
references therein).

In order to correlate nucleosomes and gene expressis essential, therefore, to study
the nucleosomes positioning preference over timdwaAdful of experimental techniques have
been developed for genome-wide mapping of nucleesofor nucleosomes, one can enrich for
genomic regions that are bound to histones (tylgicah chromatin immuno-precipitation or
ChlIP) or for genomic regions that are free of nostenes. Then, tiling microarrays (ChIP-chip)
or sequencing (ChlP-seq) is applied to the enridddé. Finally, software tools are used to infer
the epigenetic information from the tiling array sequencing data. Maps of nucleosome
occupancy produced via tiling microarrays incl®leerevisiae [53, 47, 74, 42, 941C. elegans

[40], and human [69] in various cell types and undevariety of physiological perturbations.



High throughput sequencing was used to producesnsome maps fd. cerevisiae [1, 73, 58],

C. elegans [81], and drosophila [59].

1.2 DNA methylation

The other major epigenetic player is methylatiohjolr affects mostly cytosine bases in DNA.
An enzyme calleddNA methyltransferase affixes a methyl group to cytosine, creating aeatdéht
but stable nucleotide called 5-methylcytosine. Agtong for a significant fraction of the
nucleotides within eukaryotic genomes, 5-methylsyte imparts an additional layer of heritable
information on top of the DNA code.

In mammals, DNA methylation happens almost exgklgiin a symmetrical way in a
CG context in somatic cells. In the recent pubiaa{51], embryonic stem cells contain a higher
and significant proportion of CHG and CHH methyati where H represents A, C or T. In
Arabidopsis cytosines are methylated in CG, CHG, and CHH caatg8]. DNA methylation is
involved in a variety of biological processes, imtihg embryonic development, genomic
imprinting, silencing of transposable elements, eggllation of gene transcription. Methylation
in the promoter region of a gene typically resuitgene silencing. Methylation has been shown
to be essential for mammalian embryonic developnmminte that lack DNA methyltransferase
die within a few days [23]. In the earliest stagefs life, DNA methylation influences
differentiation of embryonic stem cells into thdfelient cell types that constitute the diverse
organs, tissues and systems of the body.

Recent research has shown, however, that envinmamafluences and experiences,
such as the type of care a young rat receives ftermother, can also result in characteristic

methylation patterns and corresponding behaviasdhe heritable for several generations [84].



Methylation patterns depend on the cell type [H], They also change throughout development,
and under normal and disease states. A strongblatkeeen DNA methylation and cancer has
been discovered: not only CpG islands in the prensobf tumor-suppressor genes are hyper-
methylated, but also genome-wide hypo-methylatmbserved as the tumor progresses (see,
e.g., [79)]).

Although DNA methylation is considered one of thest stable epigenetic marks, it is
not permanent. There are known enzymes that carettigfate DNA genome-wide, but the
mechanisms that drive demethylation at specifidvacsites are still poorly understood.
Demethylation of DNA can occur passively by failue methylate newly synthesized DNA
during replication or actively in the absence of ®ieplication [86, 95]. It is crucial, therefore,
to study methylation as a dynamic process.

Assays that can be used to detect DNA methylatimiude methylation-sensitive
restriction enzymes, bisulfite conversion, andrdif§i purification. In restriction enzyme-based
approaches, a methyl restriction enzyme is usedit®NA at specific patterns such as CCGG if
the internal C is unmethylated; followed by sequeg@nd subsequent mapping to a reference
genome, these methods indirectly reveal methylajgdcines. In affinity purification methods
(MedIP, MAP, CAP) antibodies to methylated cytosirere used to immunoprecipitate the
methylated portion of the genome, which is followeyg sequencing of the selected genome
regions. These first two methods are relativelyxjpemsive, but they suffer from several
limitations and the resolution of methylation déi@e is not high (see [70, 50] for details).
Bisulfite conversion is considered the “gold staxdan terms of resolution, but it can be very
costly. Treatment of DNA with sodium bisulfite cars unmethylated cytosines to uracils, but
leaves methylated cytosines unchanged. A few run®©R followed by sequencing can

distinguish between methylated and unmethylateé$d3ue to its cost, whole-genome bisulfite



sequencing has been applied only to a few speus asArabidopsis [20, 51], to a few human
chromosomes [25, 66], and to the mouse [60]. Rgcemhole-genome bisulfite sequencing has

been used on the entire human genome [52].

1.3 Generegulation in P. falciparum

Despite almost a decade of investigation into tBen#llion bp genome oP. falciparum [31],
more than half of its 5,595 predicted genes arkk atinotated as “hypothetical”, and the
mechanisms driving gene expression are almost @igipl unknown. Genome-wide gene
expression analysis has shown remarkable variadmaRNA levels with a tight regulation
throughout the parasite life cycle [12, 46]. Recenties have demonstrated that the parasite has
a limited capacity to regulate the expression ®fgénes in response to metabolic stresses [30,
45]. To date, however, only a handful of transdoiptfactors have been validated [5, 19, 54].
How does the malaria parasite regulate its genessiponse to changes in the environment with
such a small number of transcription factors? Webe that malaria regulates most of its genes
via epigenetic mechanisms (i.e., methylation, Imstatail modification, and nucleosome
positioning).

As stated above, in eukaryotic cells alteratiofiscloromatin structure are known to
modulate DNA accessibility to DNA-binding proteiaad thus regulate gene expressionPIn
falciparum, several recent studies indicate that chromatmodeling controls the exclusive
expression of an important family of genes resgmadior antigenic variation at the surface of
infected red blood cells (see [17, 22, 24, 64 55).

We developed a methodology for discovery of traption factors binding sites or

motifs using the data from our study on the dynachimmatin structure remodeling.



1.4 Next generation sequencing technology

Next-generation sequencing technologies (454, ihaf$olexa, and ABI SOLID) are rapidly
expanding the horizon of possibilities to study DE¥d RNA. These technologies help scientists
to discover SNP, CNV and other chromosomal reagaremts, DNA-protein interactions, coding
and non-coding RNAs, and to study the chromatirkgging and methylation of DNA [57]. Most
of these studies (including methylation identifioat and nucleosomes mapping) rely on a
reference genome on which the sequenced reads appech The problem of mapping or
anchoring of the reads to a reference genome iputationally challenging due to the quantity
of data produced by the next generation sequenEersexample, Solexa and ABI sequencers
produce reads ranging between 24-75 and 25-35dzserespectively and have throughputs of
hundreds of millions of reads per run. Mapping hedd of millions of reads accurately and
quickly turns out to be a non-trivial computatiopabblem. It has been shown that widely known
software such as BLAST [2, 3] and BLAT [43] canedficiently accomplish this new task, and
several software tools have been developed inaitecbuple of years to solve it.

We believe that molecular biologists want to knihw strengths and weaknesses of the
mapping software tools in order to make an inforroledice when it is time to analyze their data,

and therefore our first project is to compare amalyze some of the new mapping tools.

1.5 Contributions and structure of thisthesis

The tools and methods presented in this thesislemajpenome-wide studies on the role of
nucleosomes and methylation in regulatiRg falciparum's transcripts [65]. Both of these
research projects on dynamic chromatin structumeodeling and methylation patterns in the

malaria parasite used the sequenced DNA from theniha Genome Analyzer, and therefore

9



involved mapping sequenced reads to the refereec@nge as the first step in the analysis
pipeline. In order to study which particular magpiool is the most suitable for our projects, we
benchmarked the most popular mapping tools comgahieir mapping accuracy and time/space
efficiency. We believe that molecular biologistdlwenefit from our benchmarking as well when

they are to choose between the mapping tools fr grojects. Chapter 2 provides the details
and results of the benchmarking of the represemtatiapping tools for short reads from the next
generation sequencing technology.

For the study of methylation regulationRnfalciparum, our collaborators used bisulfite-
treatment of DNA that changes unmethylated cytacioeuracils that eventually are converted to
thymines during following PCR (polymerase chainctiem). The mapping of bisulfite-treated
reads to a reference genome is even more challgnigam mapping regular short reads. Along
with the normal mappings of a base in a read tostme base in a genome, the mapping of
bisulfite-treated reads must allow for additionaltomes of T in a read to C in a genome and A in
a read to G in a genome. Using the existing mapfmots with bisulfite-treated reads turned out
to be inefficient both in time and accuracy of magpWe developed a new, accurate and highly
efficient mapping tool for bisulfite-treated readalled Busilfite-treated Reads Analysis Tool
(BRAT). This tool was used to study methylationthee human malaria parasite. Chapter 3
describes BRAT and additional tools for end-trimgnof low quality bases of the reads and for
nucleotide counting of the mapped reads at each diahe reference genome.

The human malaria parasite offers unprecedentgdraomities for studying dynamic
nucleosome landscape due to the changes the pawasiérgoes during the erythrocytic cycle or
the human blood cycle. The erythrocytic cycle taB@s10 hours, during which the parasite goes
through different stages of development: ring, hiagoite and schizont. The study on dynamic

nucleosome remodeling during the erythrocytic cyatled the light on the mechanisms that the

10



parasite employs to regulate gene expression. €ndptescribes methods that enable study on
dynamic chromatin structure remodeling during thgtheocytic cycle of the human malaria
parasite.

Our method for motif discovery that used the data dynamic chromatin structure
remodeling helped to identifgisregulatory elements very similar to the previougstidated
motifs as well as to discover new motifs statidljcanriched in functional gene sets [35]. Our
approach for motif discovery and the results ofapplication to the human malaria parasite are
described in Chapter 5.

Chapter 6 provides a summary of the proposed rdstlamd tools and demonstrates

contributions of this research to the epigenetidists.
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Chapter 2

Benchmarking of mapping tools

Next-generation sequencing technologies, spedyfid&4, lllumina/Solexa, and ABI SOLID, are
capable of producing hundreds of millions of segqaeinreads in a single run. Due to the quantity
of data produced, the downstream analysis can beputationally challenging. Among the
variety of tasks in the analysis pipeline, the namshputationally intensive is the mapping of the
reads to a reference genome. Many software to@is baeen developed in the last couple of years
to solve the mapping problem efficiently. Dependamtthe goal of a software application, there
are three major categories of tools for short retmtds for de novo sequence assembly, tools for
mapping RNA-sequenced reads and tools for mapgiog seads to a reference sequence. The
latter tools can be further classified dependenthentechniques that the tools employ: tools that
use Burrows-Wheeler transform [14]; tools that Gseith-Waterman algorithm [77]; and tools
that use hash index table. We focused our studytoofs for mapping reads to reference
sequences, and in this chapter we present a cotiveainalysis of these tools. We chose
representative tools that employ different techaguEfficient Large-scale Alignment of
Nucleotide Databases (ELAND) (http://bioinfo.cgngonstate.edu/docs/solexa/), Short Read
Mapping Package (SHRiIMP) [90], Oligonucleotide Aligent Program (SOAP) [49], Mapping
and Assembly with Qualities (MAQ) (http://maq.scefiarge.net/index.shtml), RMAP [78], and
Bowtie [44]. ELAND, SOAP, MAQ and RMAP utilize hashdex table; SHRIMP employs
Smith-Waterman algorithm; and Bowtie uses Burrowsedler transform. We evaluated and

compared the accuracy, sensitivity and need forpeational resources (memory and time) of

12



these tools with respect to different types andhtjtyaof sequencing errors, read length, genome
length and choices of parameters. Our resultshelp biologists choose wisely (depending on
the quality of the sequence data and the speasic &t hand) among the mapping tools presented

here.

2.1 Background

Next-generation sequencing technologies (454, ihafsSolexa, and ABI SOLID) are rapidly
expanding the horizon of possibilities to study DE#d RNA. These technologies help scientists
discover SNP, CNV and other chromosomal rearrangesn®NA-protein interactions, coding
and non-coding RNAs, and study the chromatin packgand methylation of DNA [57]. Most of
these studies rely on a reference genome on wh&kdquenced reads are mapped. The problem
of mapping or anchoring the reads to a referenc®me is computationally challenging due to
the quantity of data produced by the next generaggguencers. Here, we focus on the problem
of anchoring short reads obtained with Illuminaé&a Genome Analyzer and ABI SOLID
System. Solexa and ABI sequencers produce readstphetween 24-100 and 25-50 base pairs
respectively and have throughputs of hundreds an#lireads per run. Mapping hundreds of
millions of reads accurately and quickly turns tute a non-trivial computational problem. It
has been shown that widely-known software such BASH and BLAT cannot efficiently
manage this new task, and several software toels haen developed in the last couple of years
to address the problem of anchoring efficiently. Yédieve that molecular biologists want to
know the strengths and weaknesses of each softwalén order to make an informed choice

when they analyze their data.
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In this chapter we report on a comprehensive coisgra of six computational tools that
are available to the scientific community to anchloort reads to a reference genome (a thorough
list of mapping tools can be found at http://seqgrs.com/forums/showthread.php?t=43). These
tools are: MAQ, SOAP, SHRIMP, RMAP, ELAND, and Bdsvt The comparison involves
measuring mapping accuracy, time and memory remeinés as well as the sensitivity of the
tools to different parameters. We tested the tboth on synthetic data obtained by shredding a
genoman silico, and on real reads obtained by the Solexa 1G semugemachine.

The first set of experiments usedColi and humarX chromosome as reference genomes
and the reads generated from these genameidico. We simulated the reads sets containing
different number and types of sequencing errorsmmaiches as well as insertions and deletions
(indels). Then we tested each tool on each of the readsnseasuring mapping accuracy, time
and memory usage, and the distribution of mappadsrby the number of mismatches or indels.
Since the mapping on a small genome is performechnaster, we useH. Coli as a reference
genome to study sensitivity of RMAP, SOAP and SHRiM different parameters such as a seed
width and the number of hits per window (the lagiarameter is used with SHRiIMP only).

The second part of experiments used human genbgi8) and a real set of the reads
sequenced by the Solexa Genome Analyzer.

The subsequent sections are organized as follovike next section, we describe briefly
algorithms that are used by the tools and giveatsbverview of each tool. In Materials and
Methods, we discuss the system on which we rag, tést parameters that we chose for the tools,
test data sets, and the measurements for the mgugs. In the Results section, we present the
results of the tests and provide an overview ofgpecific behavior of each tool. Finally, the

Discussion summarizes the main points of this arapt
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2.2 Overview of therepresentative set of tools

From the algorithmic perspective, all of the to@scept Bowtie) are relatively similar. Each
program uses a variant of the strategy calleder filtering method [6] to speed up the process of
finding potential matches in the genome. Seedslaoet substrings of a fixed length on which a
hash table is constructed. The hash table is uthe preprocessing phase as follows. Ifjthe
read in the input contains an exact occurrenceedis then the entry in the table corresponding
to x contains the indekand the offset ok in j. In order to determine where the reads match the
genome, the keys in the hash table are used ads"steidentify possible candidates.

While one can build the hash table either on theEseor on the genome, four tools,
namely ELAND, RMAP, MAQ and SHRIMP, index the read$ie authors of SOAP index the
reference genome and keep the genome in memorypf Alle tools that employ a hash table use
binary representation of the genome and readshegetith binary logic operations to identify
approximate matches (up to a specified number aihmaiches). SHRIMP uses an improved
Smith-Waterman algorithm to align possible candidateads to the selected regions of the
genome. In what follows, we give a short descripiid each tool (specifics of the tools refer to
the time when this project was carried out).

Bowtie performs alignments using the Burrow-Whedlansform, which involves a
preprocessing step in which the tool builds a casged data structure on a reference genome.
Bowtie expands the usual algorithm of finding agratin a given text using the Burrow-Wheeler
transform to allow for up to three mismatches. Reae aligned one character at a time. Bowtie
supports paired-end mapping. ELAND, MAQ and RMAR #ne tools that use a hash index
table. At the time when this benchmarking was darae of these tools allowed gaps; now

ELAND allows a single gap up to 32 bases.
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ELAND is a part of Solexa-lllumina data processppackage. We tested ELAND as a
stand-alone program. At the time of these testsANHD was capable of finding ungapped
alignments with up to 2 mismatches in the firstd8es of the reads.

MAQ performs ungapped alignments with the numbenmmigmatches up to a user-
specified parameter. In addition to mapping, MAQoatentifies SNPs, performs the assembly of
the reference genome (when the reference genokm®ign), supports paired-end alignment and
can map reads to itself (MAQ identifies only ovpdaof the reads over the entire length). In
addition, MAQ uses base quality score to measugeethor probability of each alignment and
reports a mapping quality score for each read. Mid@s not support variable length of reads (all
the reads in the input file must be of the samgtleh

The RMAP program finds ungapped alignments up toasar-specified number of
mismatches. RMAP allows reads with different lesgtbut aligns only the firdk bases of each
read, where is the length of the shortest read in the inptutBMAP supports paired-end reads
and unlimited read length.

SOAP and SHRIMP both allow gaps in alignments. 80iést tries to find alignments
with the smallest number of mismatches up to a-sgecified number of mismatches, and then
looks for the alignments with a single continuonserrtion or deletion up to 3 bases long. SOAP
does not support mapping with substitutions anddgaghe same alignment, nor insertions and
deletions in the same alignment. SOAP is the onbgiam of the tools tested here that hashes the
reference genome and keeps the reference genothe imemory. SOAP supports paired-end
alignment and multithread parallelism.

SHRIMP performs alignments with the Smith-Waternaégorithm and therefore allows
for mismatches and indels in same alignment. Thatifile can contain reads of different lengths

with a user-specified length of the longest reamyéver, since the alignment score threshold is
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also specified by the user, there is one thresfalall the reads, which allows alignments of
longer reads to have significantly more mismataréasnd indels per read length than alignments
of the shorter reads. SHRIMP also provides a toail talculates the probability of the alignment

occurring by chance, and another tool that primsactual alignments for visual inspection.

2.3 Materials and methods

2.3.1 System and parameters

All tests were performed on SGI SAL Version 1.18hw82 Genuinelntel processors, |1A-64
architecture, 1594 CPU MHz and 64,232,368 KB memadilye operating system was SUSE
Linux with gcc version 4.1.0.

This project was carried out Spring-Fall, 2008e Tive mapping tools were MAQ (2),
SOAP (3), SHRIMP (4), RMAP (5) and ELAND (6); arttetversions of these tools used were:
mag-0.6.5_i686-linux, soap_1.05, SHRIMP_1 0 5.Ii68%, rmap_v0.3 and ELAND as a part

GAPipeline-0.3.0.

2.3.2 Test data

For reference genomes we chose huiarhromosome (http://www.sanger.ac.uk/HGP/ChrX/),
hgl8 (http://hgdownload.cse.ucsc.edu/goldenPatB/hggZips/) andE. Coli genome (9). The
lengths of the genomes are 154,826,262 bp, 3,08@8Q bp and 5,153,376 bp respectively. For
human X chromosome artfl Coli genome, the read sets were simulated, and for tigglBeads
were sequenced with Solexa-lllumina sequencer. réads for hgl8 are publicly available at

(http://www.ncbi.nlm.nih.gov/Traces/sra/sra.cgi?criable&f=run&m=data&s=run); we took
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the reads with accession number SRX000168, runt@2|afiles numbered from 1 to 40 (reads
containing N(s) were removed from the set); thellkrof reads in this set was 24 and the total
number of reads was 1,007,029.

MAQ requires read files in FASTQ format that pabes quality score for the bases of
each read. We assigned a uniform base score af @0hases of the reads used in our tests.

To study the sensitivity of the tools to differagpes and number of errors, time and
space requirements and mapping accuracy, we uadd randomly generated from the human X
chromosome and tHe. Coli genome. First, we randomly generated 50-bases i@adl recorded
the positions of the reads in the correspondingogen We chose reads that only contained
characters from the DNA alphabet (A, C, G and He fiumber of reads in each of the test sets is
one million. To generate reads with different ldngve took the firsk bases of the 50-bases for
severak (16, 24, 32 and 40).

To study the sensitivity of the tools to differappes and number of errors, we used 32-
bases reads and generated different reads setsmithch different type/number of sequencing
errors: substitutions, insertions and deletions. Mfe tests on sets with 1, 2 and 3 introduced
errors per read. For the sets with substitutioresselected a base within each read uniformly at
random and substituted this base with a randombgeh nucleotide from the DNA alphabet. For
the sets withm insertions, we uniformly at random chose eachtmosiwithin 32 nucleotides,
then inserted a randomly chosen nucleotide atpibsition, and finally took the first 32ases of
the modified read. Thus the sets with insertiornd &iamosim insertions at different positions of
each 32-base read. For the tests with deletiongangomly chose a single position within the
first 32 bases of the 50-bases read, delatatlcleotides starting at the selected positions and
took the first 32nucleotides of the resulting reads. The total numifereads sets for each

reference genomes (human chromosome X En@oli) was thirteen: four sets with reads of
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length 16, 24, 32 and 40, three sets with substitat(1, 2 and 3 mismatches), three sets with
insertions (1, 2 and 3 insertions at different poss in a read), and three sets with deletion® (1,

and 3 deletions at a single position of a read).

2.3.3 Mapping accuracy

To address the question whether a program maps teaithe original positions in the genome
accurately, we measured two parameters: the nuofbmissed ambiguous reads identified by a
tool andthe mapping accuracy as defined below. Both parameters were measurbdfonin
silico reads. If a read can be mapped with the least auofomismatches to a unique position in
the genome (considering both forward and reverdentation), then the read ianique;
otherwise, it isambiguous.

For some applications it is important to distirgjubetween unique and ambiguous reads;
that is why we chose a number of missed ambigueadsridentified by a program as one of the
measurements of the program’s performance. Eachtésted here has a way to distinguish
between unique and ambiguous reads. If a tool sldhmat a mapped read is unique, but there
exist two or more equally good alignments for litert the read is considered to be a missed
ambiguous read. To determine truly unique readsyre¢e a tool that identified ambiguous reads
for the sets of reads with no errors and for this sé¢ reads with substitutions (ELAND and
RMAP showed the same results as our program ittifgizrg the number of ambiguous reads.)

Since ambiguous reads can be mapped to manydaosative definednapping accuracy
only for unique reads. The mapping accuracy ofagiam is the ratio between the number of
unique reads mapped by the program to correctiposiand the total number of unique reads in
the input set (as defined by our tool). Here theratt positions are the positions in the genome
from which thein silico reads were taken. If a tool has a mapping accuessythan 100%, then

19



there are two possible sources of inaccuracy:Hé&)mapping tool has a different definition for
ambiguous reads and identifies more ambiguous r@elish are not included in the calculation
of the mapping accuracy); or/and (2) the mappirg tannot find all possible alignments for
some unigue reads.

For the data sets with substitutions, mapping t@oyuwas measured slightly differently.
Sincem substitutions were introduced randomly in eacld ré@ere is a non-zero chance that the
corrupted read can be mapped to the genome withalles number of mismatches. We took this
into account and with am-substitution set we measured mapping accuracy fonlyhe reads
mapped uniquely with exactlyn mismatches. For a set witim substitutions, the mapping
accuracy was calculated as the ratio of uniquesremdpped to the correct positions in the
genome withm substitutions and the total numbafr unique reads whose best alignments mad
substitutions. The exact formula for mapping accyraith the sets with substitutions is given
below. LetT be the total number of reads in the infRtdenote the total number of uniquely
mapped reads to correct positions with mismatchesA denote the total number of true
ambiguous reads as calculated by our tool ihdbe the number of unique alignments with
mismatches with & i < m, wheranis the number of substitutions introduced to thie Shen the

mapping accuracWA is given by
m-1
MA=100R/(T - A-> M)
0

The mapping accuracy for the sets withindels was not calculated because of the
ambiguity in interpretation of the trimmed endsredds with SHRIMP. There were cases when
SHRIMP reported alignments of the trimmed readsheut counting the trimmed bases as

mismatches or indels, i.e., in some cases SHRikMdsfalignments that do not include end bases
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of the reads. One can interpret the missing basesismatches, insertions or deletions, and the
results for the mapping accuracy differ signifidaror these different cases.

Here we provide the ways employed by differenigdo let users distinguish between
unique and ambiguous reads. MAQ sets the mappiadjtgscore to 0 for ambiguous reads,
RMAP has an option of producing ambiguous reads anseparate file, and ELAND identifies
ambiguous reads by using type of a match outparpeter. SHRiIMP has an option that sets the
number of best hits to be printed out. SOAP haspion that counts the number of the best hits

for each read.

2.3.4 Timeand space measur ements

Time was measured usirigne in the command line when running a program; irtipalar, we
recordedreal time. Space was measured using the comntapdWe ran tests with the same
parameters at different times, when the computad karied. For most of the programs tested,
time was not significantly affected, with the exttep of SOAP, which was very sensitive to
current CPU load. For example, for the set withr@2ds with no errors, SOAP showed 326 and

185 seconds at different times. We report the wiorsg measured.

2.4 Reaults

2.4.1 Human X chromosome

2.4.1.1 Different length reads

Tables 2.1, 2.2 and 2.3 show space (MB), time (s#%prequired by each program, and

parameters used when running tests on differengthemeads with exact alignments (no
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mismatches). ELAND does not offer any options. MA@Is alignments up ton mismatches
(optionn in the command line), and when running a test wWithnumber of mismatches set to 0,

MAQ was extremely slow; that is why in these tegts,sen to 1.

Program 16 bases 24 bases 32 bases 40 bases

maq 539 539 539 539
soap 893 1058 3215 3215
shrimp 881 1,003 1,132 1,254
rmap N/A 510 526 526
eland 91 217 345 N/A

bowtie 139 139 139 139

Table 2.1: Space in MB in exact alignment with eliéint length reads.

Program 16 bases 24 bases 32bases 40 bases

magq 3,143 436 44¢ 611
soap 67,947 340 32¢€ 341
shrimp 10,326 2,540 4,84 4,860
rmap 170 176 17¢ 179
eland 1,611 361 32¢ N/A
Bowtie 37 45 53 60

Table 2.2: Time in seconds in exact alignment witferent length reads.
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Program 16 bases 24 bases 32 bases 40 bases

maq nl nl nl nl
soap s6,v0 s10,v0 s12,v0 s12,v0
shrimp s10,w32,n2,h16 s13,w24,n2,h24 s13,w32,n2,hk&R3,w32,n2,h40
Rmap S12,m0 s12,m0 s12,m0 s12,m0

Table 2.3: Parameters in exact alignment with ckffie length reads.

Mapping accuracy was 100% for all programs in tes. MAQ, RMAP, ELAND and
Bowtie used less than 1GB of memory, with Bowtiengghe least amount. SOAP used a little
more than 3GB of memory for reads of length gretitan 32. Time shown for 24, 32- and 40-
bases reads was comparable for MAQ, RMAP, SOAPEARND with RMAP showing the best
results among these tools, the tools that use imagx table. SHRIMP took longest due to time
required by Smith-Waterman alignment algorithm, &8wlvtie was the fastest among all the
tools. Most of the programs excluding RMAP and Bewtere sensitive to smaller read length —
the time usage increased with 16-bases reads. 3@@4R restriction on a seed length dependent
on the length of reads (that is why in the teshviié reads, the seed was 6); the small seed size

caused running time to rise drastically.

2.4.1.2 Data setswith substitutions

Figure 2.1 shows the number of alignments founth @jt1, 2 and 3 mismatches (calculated only
for unique reads), the number of ambiguous reads@ssed ambiguous reads for each program

when the sets with substitutions (1, 2 and 3) wsed.
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Fiaure 2.1: Data sets with substitutic

In Figure 2.1, the categonther is applicable only to SHRIMP. SHRIMP trims theaderof reads
in some alignments; specifically, the program répspme alignments with read start alignment
position greater than one or/and with read endnaiignt position less than the read’s length.
SHRIMP does not count these missing nucleotidéisea¢nd of a read as mismatches or indels. In
addition, SHRIMP finds alignments that have misrhatcand indels in the same alignment. In
Figure 2.1, the categorgther is the sum of the alignments with mixed types mrrand the
alignments with mismatches whose reads’ ends ianented.

In tests with 1 and 2 substitutions, the seedhwdhs the same for all programs, and the
results were slightly different but comparable. RR1And ELAND showed the same results. The
number of ambiguous reads identified by MAQ waglgli higher (5% more than that of RMAP

for sets with 1 and 2 substitutions); it might lbe tcase that MAQ defines ambiguous reads
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differently or that MAQ assigns the mapping scofezero to some alignments that are not
ambiguous. The number of ambiguous reads identifiiedSHRIMP was significantly higher:

23% and 39% more ambiguous reads than reportedubypmgram for sets with 1 and 2
substitutions respectively.

MAQ missed some ambiguous reads: 15% of all anthigureads in case with 1-
substitution data set, and 2.6% of the 2-substiutiata set. SOAP missed 1% and 3% of
ambiguous reads in tests with 2 and 3 substitutrespectively. SHRIMP missed 7.7% of the
ambiguous reads in the 3-substitution data set.tiBawnissed 10.8% of ambiguous reads in the 2-
substitution set.

The total number of alignments reported by thegmams was comparable, with Bowtie
finding the least number of alignments, 95%, 92% 88%, with 1-, 2- and 3-substitution sets
respectively. For a 3-substitution set, the seedttwparameters were different for different
programs: the seed for RMAP was 8 and for SOAPS&HRIMP the seed was 9. SHRIMP is also
sensitive to another parameter, namely the numideitsoper window 1), which we discuss later.
Since in tests with the human X chromosome asdfezence genome we seto 2, SHRIMP did
not show the best results in term of the totalratignts found. However, the results improved
when the seed width was decreased as shown ieghis withE. Coli genome.

Figure 2.2 shows the mapping accuracy of the prognaith sets with substitutions. The
mapping accuracy of RMAP and ELAND was 100% inaglplicable cases. SOAP showed 100%
mapping accuracy in the 1-substitution data set,%h8% and 92.6% in the 2- and 3-substitution
data sets respectively. MAQ showed slightly loweapming accuracy due to the reason

mentioned above: it defines ambiguous reads diftgre
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Figure 2.2: Mapping accuracy in alignments withstitbtions.

The larger number of ambiguous reads identifieB\RIMP and the smaller number of
mapped reads also caused the decrease of its rgaginracy. The total number of alignments
found depends on the seed width, so the mappingracg of both SOAP and SHRIMP could be
improved at the cost of time by adjusting seed hvigiid, for SHRIMP, the number of hits per
window. Bowtie showed 97.3% of mapping accuracthim 2-substitution data set. The mapping
accuracy was improved to 100% at the cost of 40%iro€ increase with another set of
parametersa, best andstrata.

Tables 2.4 and 2.5 show time and parameters gettasts respectively.
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Program 1 mism 2 mism 3 mism

magqg 387 875 2,492
soap 268 1,882 22,17:
shrimp 6,187 17,380  40,52:
rmap 238 966 7,60¢
eland 339 342 N/A
bowtie 103 437 1,66(

Table 2.4: Time in seconds with data sets with Stuib®ns.

Program: 1 mism 2 mism 3 mism

maq nl nz n3, e90
soap sl2,vl s10,v: s9,v3

shrimp s12,w31,n2,h30 s10,w31,n2,hz s9,w31,n2,h26
rmap h12,m1 h10,m: h8,m3

bowtie vl,k2 v2,kz v3,k2

Table 2.5: Parameters used for the data sets wlitisutions.

The results for time in the sets with substituticosfirm once more that SOAP is very

substitution sets, and ELAND with 2-substitution se
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sensitive to the seed width. With sets with 1 anslBstitutions, when the seed width was the
same one used in RMAP, SOAP and SHRIMP, SOAP wawsesl than MAQ, RMAP and

ELAND. In the set with 3 substitutions, SOAP haeajer seed width, but the program was 2.9
times slower than RMAP and 6 times slower than MAQe latter was the fastest program with

this set of reads (ELAND does not handle 3 misnmegghBowtie was the fastest with 1- and 3-



2.4.1.3 Data setswith indels

Figure 2.3 shows the results of tests with setd widels. Since sets with insertions have

insertions at different positions in a read, SOAReisted with only 1 insertion set (recall that

SOAP handles only single indels).
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Figure 2.3: Data sets with indels.

SOAP mapped 98-99 percent of reads with indels, @HRRIMP for the same sets
mapped 100 percent of the reads. SHRIMP found natighments with insertions and with
deletions in the corresponding sets. The valued tematch (+1), mismatch (-1), gap opening
(0) and gap continue (-1) were chosen with SHRiMRhat the alignments withh mismatches
had the same or smaller score than alignments wiitidels. This explains why the number of
ambiguous reads was larger and the alignments WitB or 3 mismatches were absent in

SHRIMP'’s results.
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Table 2.6 and 2.7 show time in seconds and paesmdor the sets with indels.

Interestingly, for sets with 3 deletions, SHRiMPsWaster than SOAP with the same seed size.

Program 1ins 2ins 3ins 1 del 2 del 3 del

soap 1,105 N/A N/A 1,065 15,349 16,788
shrimp 6,694 16,041 13,317 6,828 20,7330,208

Table 2.6: Time in seconds with data sets withlmde

Progr lins 21ins 3ins 1 del 2 del 3 del
soap s12,v3,9 N/A N/A s12,v3,91 s10,v2,92 s11,v3,03
shrimp h29,s1. h28,s10 h26,s10 h29,s12 h28,s10 h26,s11

Table 2.7: Parameters used for the data sets mdts.

2.4.2 E. Coli genome

The results in alignment distribution, mapping aecy and the number of missed ambiguous
reads for tests witk. Coli genome as a reference genome were similar to thaséned on the
human X chromosome. Therefore, we omit figures tahdes for the sets with substitutions and
indels. Sincee. Coli genome is much smaller, clearly the time and spasdts were different. In
this section, we present the results for tests wiifferent length reads and we study the
sensitivity of the programs to seed width with melgato time, mapping accuracy and the total
number of mapped reads.

Table 2.8 and 2.9 show space and time respectieelyhe tests with different read

length. The most noticeable difference in spacgesehen human X chromosome aadColi
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genome were used was observed with SOAP. The tepadrsome programs to spend more time
on 16 reads than 24 and 32 reads was confirmedpr@fjrams were noticeably faster on the

smaller genome d. Coli.

Program 16 bases 24 bases 32 bases 40 bases

maq 46¢ 468 46¢€ 468
soap 87 246 1307 1307
shrimp 32z 902 1,03 1,154
rmap 52€ 526 541 541
eland 55 180 31C N/A
bowtie 18 18 18 18

Table 2.8: Space in MB in exact alignments of défe length reads.

Program: 16 bases 24 bases 32bases 40 bases

maq 92 43 42 45
soap 53¢ 35 28 30
shrimp 11¢ 92 128 167
rmap 25 26 27 29
eland 7C 36 45 N/A
bowtie 37 40 43 47

Table 2.9: Time in seconds in exact alignmentsiféére@nt length reads.

We tested sensitivity of RMAP, SOAP and SHRIMP I tchoice of seed width
parameter witle. Coli. Recall that ELAND and MAQ do not provide this iopt

We chose read set with 3 substitutions, changed sexd measured time, the total
number of mapped reads and mapping accuracy. Huftgeare given in Tables 2.10, 2.11 and
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2.12 respectively. The results for MAQ are givem éomparison (ELAND identifies up to 2
mismatches, so it was not compared here). For SIPRIiVE also measured the sensitivity to the

number of hits per window.

Program seed 10 seed9 seed 8 MAQ
Soap 129 860 965
shrimp, n=1 2,533 9,430 36,060 135
Rmap 51 90 246
shrimp, n=2 270 726 2,728

Table 2.10: Time in seconds for different widthdse

Program seed 10 seed9 seed 8 MAQ
soap 939,303 969,906 969,906

shrimp, n=1 989,913 998,318 1’000’00%,000,000
rmap 938,891 973,933 1,000,000

shrimp, n=2 870,744 949,273 988,320

Table 2.11: Total number of mapped reads.
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Program seed 10 seed9 seed 8 MAQ

soap 85.23% 92.57% 92.57%

shrimp, n=1  93.37% 99.34% 99.95%
100.00%

rmap 85.53% 93.74% 100.00%

shrimp, n=2  57.16% 81.56% 95.68%

Table 2.12: Mapping accuracy.

Observe in Tables 2.10 and 2.11 that the smallenber of hits per windownj for
SHRIMP increased both the total number of mappadsend the mapping accuracy at the cost
of increased time. Changing nffrom 2 to 1 caused an average increase of the iataber of
mapped reads by 6.6%, an average increase of thpimgaaccuracy by 29.8%, and an average
time increase by 1,100%. If one keapfixed, but reduces the seed size, it improves tesnl
terms of both the total number of mapped readstla@adnapping accuracy. The increase of time
with smaller seed was significant but not as decaessiin the case of manipulating the parameter
For SOAP and RMAP the change of seed width frontol® increased time by 648% and 382%
respectively with the increase of the total numloérmapped reads by 3.2% and 6.5%
respectively, and with an improvement of the maggincuracy by 8.6% and 16.9% respectively.
Observe that for this particular data set, SOAR\gtbthe same results with seeds 9 and 8. MAQ
also showed the best results with this data setajiped 100% of reads with a mapping accuracy

of 100%, faster than other programs.

2.4.3 Human genome

In this experiment we tested the tools with regardpace and time requirements and with regard

to overall performance in identifying the alignmemtith up to 2 mismatches and up to 2 bases
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gap (insertions or deletions). We used real dataf@4-bases reads with the total number of
1,007,029 here. The purpose of this test was tdysspace and time requirements of the tools
when a large genome was used as well as to stedgdtiormance of the tools on real reads in
terms of the total number of found alignments. €ahll3 shows space, time and total alignments

found for each program and Table 2.14 shows thanpeters used in this experiment.

Program Space, MB Time, SeC Total mapped reads

magq 585 24,115 937,827
soap 11,300 25,680 805,641
shrimp 570 203,336 791,012
rmap 414 19,674 794,412
eland 239 6,156 808,432
bowtie 128 838 808,866

Table 2.13: Space, time and total mapped withirealan reads on hg18.

Program Parameters

maqg n2, e8
soap v2 sl
shrimp n2,w3l,02,s1111111111, m1,i-11@,e 10, h 2
rmap w24, m2,hl
eland N/a
bowtie v 2, ke

Table 2.14: Parameters with real human reads o@.hgl
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MAQ found more alignments than any other progr&@AP, SHRIMP and RMAP had
the seed width set to 10, which is relatively foistread length; that is why all three programs
found fewer alignments than the other tools. With same seed width, RMAP was 1.3 times
faster than SOAP, but found slightly fewer alignitse(l.3% fewer). Bowtie mapped about the
same number of reads as ELAND, but was 7.3 tims&ifaELAND showed the second best

results both in time and space.

2.5 Discussion

We tested six tools for mapping sequenced readsriaference genome on different data sets.
Bowtie was the fastest tool in our experimentsaltih its mapping accuracy was not 100% on
the data set with 2 substitutions with human X amsome. SHRIMP was the slowest tool.
Among the tools that use a hash table RMAP and S@#Haster than ELAND and MAQ on
reads with length greater than 16 and zero misreatdRMAP was the fastest program on very
short reads of length 16 with exact-matches aligrtmiéor mappings with mismatches, RMAP
and SOAP were faster with the seed width of 12iffake case with human simulated reads, 1
substitution set). MAQ and ELAND were faster whba seed widtls = k /(m+1) is less than 12
(here,k is a read length andh is the number of mismatches allowed). RMAP, SOAR an
SHRIMP are quite sensitive to the seed width. SHRil8l also sensitive to a number of hits per
window. The longer is the seed (and the greatdreisiumber of hits per window with SHRIMP),
the faster the programs run (but suffer some seitgitoss).

ELAND and MAQ require additional disk space to fxdginary representation of the

reference genome, and Bowtie requires disk spa&edp the compressed genome. Bowtie and
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ELAND use less memory than other tools in a simgle SOAP uses more memory than other
tools with large genomes and relatively small cizs.

Depending on the biological task at hand, one daose a tool among those tested to
ensure the best results. If only alignments withtapwo mismatches needed to be found with
reads shorter than 33, then ELAND and Bowtie aeeféistest. If the length of the reads is longer,
then with the number of mismatches allowing thedse&lth of 12, RMAP and SOAP are two
next fastest. MAQ maps reads faster when the sedith ¢ less than 12. If only a single short
continuous gap is allowed per alignment, then S@AR be used with longer reads. SHRIMP
undeniably takes precedence when the purpose gbingaps to study DNA variations. To speed
up mapping in the study of DNA variations, one cse ELAND or Bowtie to find alignments
with up to 2 mismatches fast, and then use SHRidbMitin unmapped reads.

We demonstrated that the tools tested here carsée with large genomes as well. All
programs showed comparable results, with some anogirshowing better results in both time
and mapping accuracy. ELAND and RMAP had the sarappimg accuracy. SHRIMP showed
the lowest mapping accuracy due to identifying ratignts with trimmed reads’ ends; trimming
ends makes reads shorter, and shorter reads aeclikmly to be found at different locations in
the genome.

In terms of user-friendliness, all of the prograare relatively easy to use. MAQ,
ELAND and Bowtie require some preprocessing of aogee before mapping, with Bowtie
taking the longest to build the index. SHRIMP regsi more careful consideration for the
parameter setting. SOAP provides a long list ofamyt that give users more control and better

choice for accomplishing a specific task. RMAPIisl@bly the easiest to use.
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Chapter 3

Methylation analysis

3.1 Introduction and background

Methylation of DNA is involved in a variety of bimdical processes, including embryogenesis
and development, silencing of transposable elemantsregulation of gene transcription. In [50]
the authors provide an overview of methods andnigcies for identifying methylation sites in
genome and discuss the advantages of new generagignence technology that enables
methylation studies with high resolution.

Some of previous methods included digestion of DR restriction enzymes or
methylated DNA immunoprecipitation (selection of BN methylated locations using
antibodies), both methods followed by hybridizattoroligonucleotide arrays. In 1992, Frommer
et al. developed a new high resolution method fethylation detection [29]. The method uses
bisulfite sodium treatment of DNA that converts wihylated cytocines to uracils and leaves
methylated cytocines unchanged; followed by PCRsaapiencing, bisulfite conversion allows to
detect methylated cytocines with a single basduéea.

The emergence of next generation sequencing teafjies and availability of several sequenced
genomes enable studies of genome-wide methylatidnhigher accuracy than ever. Dependent
on the focus of a study, scientists use differepthylation detection approaches that can be
broadly categorized into two groups based on wheie study focuses on specific locations

within a genome or on the entire genome.
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One of the technique that does not use bisuliteversion employs restriction enzymes
followed by sequencing (Methyl-seq). DNA is cut @CGG sites by methyl-insensitive and
methyl-sensitive digestion enzymes (Mspl and Hpadpectively) and then selected-length DNA
fragments are sequenced. The sites cut with Maphdiwith Hpall are methylated, and the sites
that cut with both are partially unmethylated inpapulation of cells. The limitation of this
approach is that it determines methylation at djgesites and misses other possible patterns of
methylation.

The methods that use bisulfite conversion allotect®mn of methylated sites at a single
base resolution. Some of them involve sequencingntife genome and the other sequencing
methylation-enriched regions only. The latter teghas first identify regions that are
methylation-enriched and then apply bisulfite casian on the selected regions. The approaches
that sequence an entire genome differ in the ste@NA preparation prior sequencing. In BS-
seq, two sets of adapters are used: the firsssetdd prior to bisulfite conversion and the second
set is used prior to sequencing. The steps ofsglaction and PCR are repeated twice with this
method. In the MehylC-seq, purified DNA is fragmesht then selected fragments are ligated to
methylated adaptors, amplified with PCR and finadgquenced. In a reduced representation
bisulfite sequencing method (RRBS), DNA is digestdth methyl-insensitive enzyme (Mspl)
then selected-length DNA fragments are ligated tethylated adapters, bisulfite converted,
amplified with PCR and sequenced. This methoddsda to CpG regions.

The combination of bisulfite conversion and neeneration sequencing has already
enabled some genome-wide studies of DNA methylafidh 51, 52]. The success of these
methods critically depends on the availability afcarate and time-efficient tools capable of

mapping hundreds of millions of bisulfite treat&$b{reated) short reads to a reference genome.
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This latter task, calleBS-mapping, can be computationally intensive. Due to theaftsd
the bisulfite conversion, BS-mapping must allowiffshe sequenced reads to align to Cs in the
reference genome and similarly As in the readsligndo Gs in the genome. Hereafter, these
types of T-C and A-G allowed mismatches are cai&imismatches. In order to allow for BS-
mismatches during the mapping, one can (1) allderge number of mismatches, about 1/4 of
the read length assuming that methylation is ré@euse an exhaustive search where for each
read all possible combinations of Ts are convetiedCs; or (3) apply different kinds of
reference/reads conversions, usually involvingréaiction of the alphabet cardinality.

Allowing a large number of mismatches introducesynfalse positives due to non-BS-
mismatches and can be very computationally expenswich makes this strategy impractical.
Similarly, the second option generates a very largmber of candidates and presents similar
problems. The conversion of a genome and/or read$ben shown to be a successful strategy.
For instance, in [51] the authors mapped sequereads to three versions of the genome: the
original genome, the genome in which Cs are regladgéh Ts, and finally the genome in which
Gs are changed to As. Reads were allowed up tartismatches to capture methylated Cs. The
shortcoming of this method is that it does not handstances where a read contains both
unmethylated and methylated Cs with the number fh@@her than the number of allowed
mismatches. Another strategy was proposed in [ABgre the reads are transformed in position-
weight matrices and alignment is carried out inbgitility space. Due to its computational
complexity, the authors suggest that their apprasiciot practical unless the reference genome is
small.

To meet these challenges several BS-mapping tbalse been designed such as
mrsFAST [36], BSMAP [88], Verdinxer [92] and RMAR-J76]. The description of the

algorithm used in mrsFAST currently is not publieyailable. RMAP-bs uses hashing on the
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reads and employs wildcard matching to allow BShmaitthes. VerJinxer uses g-grams that
simulate all possible methylation patterns. BSMAfesihashing on the reference genome, where
seeds are words of a fixed length expanded to atctar all possible combinations of
substitutions Cs to Ts. These latter two approachase very slow due to the large search space
induced by the additional seeds.

While the mapping method plays an important rahereasing the read length and
employing paired-end sequencing further improvesrimber of uniquely mapped reads [50].
To accommodate users who prefer paired-end sequgnuie have developed a new time
efficient BS-mapping tool called Bisulfite-treatd®eads Analysis Tool (BRAT). Our tool
supports single and paired-end short reads. BRAS asspecially designed binary representation
of the reference genome and reads that allows &mBsmatches without affecting the search
space. Our tool seamlessly handles input filesainimy reads/mates of various lengths aligning
all the bases of the reads/mates. Experimentaltsesuow that (1) on paired-end reads, our tool
is much faster, maps more unique pairs and hasehigtapping accuracy than BSMAP and
mrsFAST, and (2) on single reads, BRAT’s perforngaitxc comparable to the performance of

RMAP-bs, which to our knowledge is currently thest®S-mapping tool for single reads.

3.2 Basic concepts and notations

As said, the ‘gold-standard’ method to study geneovite DNA methylation takes advantage of
the effect of sodium bisulfite (BS) conversion oNA&: After BS treatment, several steps of PCR
amplification are applied, and the resulting DNAsejuenced. Figure 3.1 illustrates the effect of
BS conversion and subsequent PCR amplification. grioéocol for next-generation sequencing

instruments (e.g., lllumina Genome Analyzer) reggiadding special methylated adaptors before
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BS treatment. The presence of the adaptors comlsh DNA strands are sequenced: although
there are four strands of PCR product (PCR1+, PCRCR2+ and PCR2- in Figure 3.1), the
actual sequencing is carried out only for PCR1+ B&R2-, which are the original genomic
strands. Methylated Cs in the genome remain Cs Bffeconversion, while unmethylated Cs are
transformed. Unmethylated Cs in the positive strahthe genome (DS+) are converted into Ts
in PCR1+ and stay Cs in PCR2+. The same is truarforethylated Cs in DS—, which stay Cs in

PCR1- and turn into Ts in PCR2—.

s £ A A CIOT T 66— OiTIT A 6lCl6— 3
5 25 11766 Al /o Gl ATA | TI0T G G s

add adaptors, perform
4 bisulfite treatment

s —A[A[U[C[T[6]6G——C[T|T[A[G]U[ G
LT NN
s — T[T G[G/A/U[C———G[A]A[T[C[G[U— 5
"PCR
PCZRl+

s 2 A[A[T|C[T|6]6— C[T[T[A|G]T[6G— :
3 4 T[T A[G|A]C[C——G[A]A[T|C|A[C— 5
s 2/ A|A[C[C|T[A]G——C[T|T[A[G]C/A—
3 2 T[T G[G[A[T[C——G[AJA[T[C[G]T— s

Figure 3.1: The effect of BS-conversion followed®@R.
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Figure 3.2 illustrates BS sequencing (followingRGand BS-mapping. The order of
mates in paired-end reads is essential for BS-mgpmWhen the 5 mate maps to the positive
strand of the genome (DS+), then only T-C mismatchre legal. If the reverse-complement of
the 5 mate maps to DS+, then only A-G mismatcless loe allowed. Similarly, if the 3' mate
maps to DS+, then only A-G mismatches are legal,ifithe reverse-complement of the 3' mate
maps to DS+ then only T-C mismatches can be alloviaiilar rules apply to single reads
sequencing: these reads must follow the same aslésr 5’ mate for paired-ends (in Figure 3.2,

the 5 mate is called read 1 and the 3’ mate iedakad 2).

PCR; >
s - A|A[T[C[T 6| c———C[T[T[A[G[T[6I— 3
s ——G/A/AT|C/A|C—3

A A

3%PCR2‘ T|T|G G|A|T C————G|A/A|T|C|G|T——7:5
[ N N
s — A|A|C|C|T|A|G——23

sequenced pairs

A\ 4
pair 1: read 1 AATCTGG read 2 CACTAAG
pair2: read1l TGCTAAG read 2 AACCTAG

BS-mapping of the two pairs
v

pair 1: read 1 maps to D3ev-compl of read 2 maps to D8r read 2 maps to DS
AlAT[CT/els  [c[TITIAlGT]e

s —A[A[CIO"T|G[G———CIT|T|A[GC/G—3

pair 2: rev-compl of read 1 maps to D& read 1 maps to DSead 2 maps to DS

AlA[C[CIT[A[G] CITITIA[G[CIA

N R s
5 — A|A[C[CIT|G|G————0O"T|T A|G[C|GI—>:

Figure 3.2: BS-sequencing and BS-mapping.
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BS-mapping refers to the computational process of mappingtsteads obtained after
bisulfite treatment to a reference genome. Dud¢oetffect of BS conversion, out of the sixteen
possible mappings between a symbol in a read aydh&ol in a reference genome we allow six,
namely A-A, A-G, C-C, G-G, T-C and T-T. Mappings@-and T-C are calleBS-mismatches.
The other ten mappings are considered true mismat¢hereafter they are calle®n-BS
mismatches).

We say that a paired-end (or single) readnigjue if it maps with any number of BS-
mismatches (including zero) to a unique locatiomhia reference genome. If it maps to multiple
locations under the same conditions, the read lisdccambiguous. When we allow non-BS-
mismatches, a single readusique if it maps to a unique location with the smallasimber of
non-BS-mismatches (a BS-mismatch is equivalenteim non-BS-mismatches); a paired-end
read isunique if it maps to a unique location with the smallegmber of non-BS-mismatches in
both mates. If it maps to multiple locations (unttee same conditions), that read/pair is called
ambiguous. We define themapping accuracy as the ratio between the number of correctly
mapped unique pairs/reads and the total numbeapped unique pairs/reads.

Let us illustrate the definition of uniqguenesshndt few examples. Consider a single read
that maps with one BS-mismatch to one locationhi& teference genome and with two BS-
mismatches to another location. This read is anthigubecause it maps to more than one
location with the allowed BS-mismatches. Let us rawmsider a single read that maps to one
location with three BS-mismatches and to two adddl locations with one non-BS-mismatch.
This read is unique because it maps with the sstali@mber of non-BS-mismatches (zero in this
case) to a single location. Finally, let us consale example with paired-end reads. Assume that
a paired-end read maps to two distinct locatiomshé first, the mapping has two BS-mismatches

for the left mate and five BS-mismatches for tlghtimate; in the second location, the mapping
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is a perfect match for the left mate and has omeBf®-mismatch for the right mate: in this case
the smallest number of non-BS-mismatches is zempfimg to the first location has only BS-
mismatches that are counted as zero non-BS-misesteind the mapping is unique.

We define a&-mer as any word (or substring) &fconsecutive bases obtained from the

reference genome.

3.3BRAT: thealgorithm

Each read, its reverse complement and the refegememe are represented in BRAT according
to theirta- andcg- binary representations. In theerepresentation, all Cs and Ts are converted to
ones, and As and Gs are converted to zeroes, whitlve interpreted that all Cs are converted to
Ts and, similarly, that all Gs are converted to Asother words, thea-representation is the
reduced genome over two letters, namely T and Aglwis reflected in the chosen name. In the
cg-representation, Cs and Gs are converted to ondsAa and Ts are converted to zeroes. This
representation is solely used to verify C-C and @&ppings described below, and its name
reflects this functional role. In both cases, ebake is represented by one bit. Hereafter, we call
these two induced representations for the referganeme as thia-genome and thecg-genome.
During the preprocessing step, BRAT builds a hasie on the reference genome. The
algorithm first identifies the shortest read in ihput reads (letv be its length). The hashing
function usesv consecutive bases of the forward strand oftéhgenome and theg-genome as
seeds to calculate the corresponding key for the enirthie hash table. The entry is updated with
the corresponding reference name and position nwitié reference where the seeds come from.
Similarly, each read of length> w is hashed on the first bases to find the corresponding key

for that read. We used variants of a hashing fonctdesigned by Bob Jenkins (see
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http://burtleburtle.net/bob/c/lookup§.cThere are four hashing functions used in BRAfe for

normal mapping, one for BS-mapping with large geesrand two for BS-mapping with small

genomes (details of the hashing functions are givéfigure 3.3).

hash-norm: ta, cg, MASK_SEED hash-ta: ta, MASK_SEED, MASK_HALF
C <« 0x9e3779b97f4a7c13 C <« 0x9e3779b97f4a7cl13
a <« 0x9e3779b97f4a7cl3 a <« 0x9e3779b97f4a7cl3
b «<— 0x9e3779b97f4a7c13 b « 0x9e3779b97f4a7c13
a«<a+cg a<« a+ (ta AND MASK_HALF)
b« b+ta b« b+ (ta>> 32)
mix64: a, b, ¢ mix64: a, b, ¢
returnc AND MASK_SEED return c ANDMASK_SEED
hash-tag: ta, cg, MASK_SEED, MASK_WORD hash-tac: ta, cg, MASK_SEED
¢« 0x9e3779h97f4a7c13 ¢ < 0x9e3779b97f4a7¢c13
a<« 0x9e3779b97f4a7¢13 a < 0x9e3779b97f4a7c13
b < 0x9e3779b97f4a7c13 b < 0x9e3779b97f4a7c13
a<a+ ((NOTta) AND MASK_WORD) AND cg) a<« a+ (ta AND cg)
b« b+ta b« b+ta
mix64: a, b, c mix64: a, b, ¢
return c AND MASK_SEED returnc AND MASK_SEED

Figure 3.3: Hashing functions used in mapping. BRAEshash-norm for normal mapping, and
hash-ta, hash-tac and hash-tag for BS-mapping. The subroutingix64 is designed by Bob
Jenkins. All variables here are 64-bit unsignedglantegers. MASK_SEED masks 24 least
significant bits with ones, MASK HALF masks 32 Ieasignificant bits with ones,
MASK_WORD masksv consecutive bits with onew (s the length of the shortest read), aad
andcg are seeds db- andcg- binary representations of reads and genkmmers. AND here is a
logic bit wise operation, and &>y) is a shift of a binarx y bits to the right.

After the entry corresponding to a read has beentified, that read is aligned to &H

mers of the genome whose starting positions areedtat this entry (hereafter, in order to
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distinguish between hashing and mapping, wewsar hashing, andk for mapping, wherev is
the length of the shortest read dnid the length of a read withgreater than or equal ).
The alignment process is carried out on the bimapresentations in three stepa:

check, cg-check and final verification. Figure 3.4 depicts and cg-check steps of the BS

mapping.
all possible bases al | possi bl e bases
in a read in a reference
AAAACCCCGGCGTTTT ACGTACGTACGTACGT
ta-represLtcg-repres ta-represlcg-repres
¥ p ¢} p 1 ik p 9 p 3
AAAACCCCCGGGTTTT AAAACCCCGEGGTTTT ACGTACGTACGTACGT ACGTACGTACGTACGT
0000111100001111 0000111111110000 0101010101010101 0110011001100110
TA-check: \ OG- check:
Equal ? only bases
> passed
TA- check
[ Ato-A Ato-gG | are shown
| Cto-C, Cto-T, | | AAAACCCOGGGGTTTT
| Gto-A Gto-G | ACGTACGTACGTACGT
| T-to-C, T-to-T 0000111100001111
: mappi ngs pass 0101010101010101 AA CCGG TT| AG CTAG CT
. — ta-check t1 ot 1t 00 1111 00 [T ] 01 1001 10
[

I

I

: T-to-_C, T-to-T | AA CCGG TT AA CCGG TT

| meppings pass | | AG CTAG CT AG CTAG CT

| ta- check I 00 1111 0O 00 1111 004—@
| foll oned by cg- 00 1001 0O 01 12001 10

I check 11 1 1 11 00 1001 00

Figure 3.4: BS-mapping induces only normal matares BS-mismatches.

First, we describe the procedure for zero non-BSvatches. We ug@a-check to verify
that Ts in sequenced reads map only to Ts inafgenome and similarly that As in reads map to

As inta-genome; the corresponding mappings on the origjaabme are: T-C, T-T, A-G and A-
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A (which are allowable mappings) and C-T and G-Aigk are erroneous mappings that should
not be allowed, but theg-check takes care of these). During tiieheck, thda-representation of

a read (hereafter called-read) is compared witkkmer from theta-genome: if the bits in thea-
read and thé&-mer are equal, we proceed to the next step. Wegisheck to ensure that Cs in
sequenced reads map only to Cs in the referencengemnd similarly that Gs in reads map
exclusively to Gs in the reference. This is donechgcking the Boolean conditiongiread ==
(cg-read AND k-mer in the cg-genome))], where AND is the normal bitwise-AND ogi#on.
Figure 4 demonstrates tht-check followed bycg-check induces only BS-mismatches and
perfect matches. The two input strings are chosahat all possible combinations of alignments
of bases in a read to bases in a reference armetitdn the final check, we verify the correct
combination of a read orientation and BS-mismatdiipss using the rules described in Section
3.2 and illustrated in Figure 3.2.

Next we describe the mapping procedure when thmbeu of non-BS-mismatches is
greater than zero. The mapping procedure when tingbar of non-BS-mismatches is greater
than zero is similar to the one for zero non-BSmaitches. The difference lies in using XOR
instead of an equality operation ia-check andcg-check (where XOR is the normal bitwise
exclusive-or operation). The number of non-BS-misfmes is counted as the number of bits set
to 1 by XOR. To allow for non-BS-mismatches, BRAF RMAP-bs uses spaced (or masked)
seeds. We still use seedswtonsecutive bases, but mask some of the basezevitls to allow
for non-BS-mismatches. BRAT uses a total of fowdse the first seed is for the reads that could
be mapped with zero non-BS-mismatches (these rasasot considered in further mapping
steps) and the other three seeds are used to lfimlappings with one non-BS-mismatch. To

allow one non-BS-mismatch, it would be sufficiemtuise just two masked (or spaced) seeds, but
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using three masked seeds retain more bit informddphashing. Examples of seeds are given in

Figure 3.5.

00000000000000000000000000000000001112111121112111221112111121111211
0000000000000000000000000000000000000000000011111121111211721121112
00000000000000000000000000000000001112111112111211111211110000000000
0000000000000000000000000000000000111111111100000000001111111111

00000000000000001211112111221112211121112111211121112111111111111111
0000000000000000000000000000000000000111112111212112112111211721121112
00000000000000001111111121111111211111000000000000000000000000000

Figure 3.5: Example of seeds used in mapping.

If the shortest read has lengtha third ofw is taken as a measure by which we subdivide
a seed (for paired-end reads of length greategualdo 48 bases, a half wfis used). The figure
shows examples of seeds o= 32 andv = 49 (bits with values 1 here correspond to the ot
masked with zeros, i.e. bits whose values could bel inta- or cg- binary representations). The
first set of seeds is used with single-end readbsveith each mate of paired-end reads of length
less than 48 bases, and the second set of seddeadh mate of paired-end reads of length
greater than or equal to 48 bases. The first semdb fall alignments with zero non-BS-
mismatches, and the rest of seeds guarantee tallirdignments with 1 non-BS-mismatch. To
guarantee to find all alignments with one non-BSymatch in each mate of a pair, the mapping
runs in rounds, and two seeds for each pair aré (e seed for one mate and another seed for
another mate). There are total of 10 pairs of sémdpaired-end alignment of reads with length

less than 48 bases and total of 5 pairs of seedsdds of length greater than or equal to 48 bases
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(one pair for zero non-BS-mismatches: both seeglshar first seeds in the sets of Figure 3.5; the
rest of pairs are the combinations of the two seedsh of which is chosen from the rest of the

seeds shown on Figure 3.5).

3.4 BRAT: the software suite

We offer users two versions of BRAT, namely BRATIdBRAT-large. Both programs run on
64-bit architecture under Linux: we made sure thay can compile on the five major Linux
variants, namely Ubuntu, CentOS (RedHat), DebiarseSand Fedora. Input reads have to be at
least 24 bases long. There is no upper limit onlgdangths. Users can specify any number of
non-BS-mismatches, but BRAT guarantees to findegltl-genome mappings with up to one non-
BS-mismatch in the first 24 bases of reads. BR&G¢ guarantees to find all read-genome
mappings as long as the first 24 bases of eachaaade mapped either perfectly or with any
number of BS-mismatches.

BRAT accepts up to 65,536 reference sequencesifgesichromosomes), where the
maximum size of the cumulative reference sequescédGB. BRAT-large also allows up to
65,536 references where the size of the largesteefe sequence is 4.2GB.

BRAT works best with relatively small genomes hesmit requires significantly more
memory than BRAT-large. However, BRAT is fasterntBRAT-large because the latter uses
only one hashing function and maps the reads toetteeence genome sequentially: first it maps
all reads to the first reference, and then all seadthe second reference and so on. The memory
space used by BRAT-large depends on the size oflaityest reference in the set of input
references, whereas the space used by BRAT demantise total size of all input references

(measured in base pairs). If we defiiéo be the total size of a genome in base pRits, be the
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size of the largest reference in base pairs Rrnd be the total number of reads (each read is

countedj.e. a pair has 2 reads), the space (Bytes) requirgdebtwo programs is bounded by

Spacggar = 269- 10 + (2- 4 + 3/8N + 2R
Spacgrariage= 269- 10 + (2- 4 + 3/8P + 2R (optionS)

Spaceratage = 269- 1¢° + (4 + 3/8P + 2R

Where 269MB accounts for the space required suipgottie data structure for the hash table. A
total of 4 bytes is used to store a reference jposih the hash table for BRAT and BRAT-large.
In BS-mapping when non-BS-mismatches are not allpvBRAT uses two different hashing
functions: one for a read and one for its revermagement; therefore, each genome position can
be hashed to at most two different entries of thehhtable. With BS-mapping and non-BS-
mismatches, BRAT uses a single hashing functimsh{ta shown in Figure 3), so each genome
position can be hashed to at most two differentesbf the hash table (one for each mate).

When the memory available is limited, a user hashaice to use BRAT-large. For
example, with paired-end BS-mapping and non-BS-raishes, BRAT uses 2.5GB of memory to
index human chromosome 1, whereas BRAT-large ngstid.7GB (or 2.7GB when optiddis
used) of memory for the entire human genome.

The package includes two additional tools: tamd acgt-count. The tool trim accepts
FASTQ files with reads/pairs as input and trims énels of reads whose base quality scores are
lower than user specified threshold and finalljef reads/pairs, which contain internal Ns. The
other tool, acgt-count, aligns mapped reads t@#rmme and counts the number of occurrences

of A, C, G and T at each base in the forward aed¢verse strands separately.
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3.5 Benchmarking experiments

We have compared our tool with RMAP-bs, mrsFAST BSMAP using real BS-treated reads
on P. falciparum obtained with Illumina GAIll andn silico reads onH. sapiens and P.
falciparum. H. sapiens has long CpG islands wherdadalciparumis AT-rich.

All tests were carried out on a cluster of 4x Qumad Intel Xeon CPU running at
2.40GHz (16 CPU cores), with a total of 64GB of MAWe usedP. falciparum's genome
version PlasmoDB 6.0 (downloaded from http://plagimorg/plasmo/) anHl. sapiens,
hg18 (http://hgdownload.cse.ucsc.edu/goldenPatRbigZips/).

Our first experiment tested tools on real amdlico data when only perfect matches and
BS-mismatches were allowed. Table 3.1 reports éiselts of this experiment. Our real dataset
contains 21.5M reads, whereas for the simulationgesgerated 1M and 10M randomly chosen
pairs/reads with 90% of Cs converted to Ts (no eequg errors were introduced for this
experiment). The parameters used in the experinvegrts RMAP-bs (m O, S 1, h 26), BSMAP (s
9,v0,r0, m106, x 306), and mrsFAST (e 0, miy) 106, max 306). For BSMAP, we used the

largest seed allowed by the program (paranster
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Correctl
mappe
unique
reads/pairs

Genome, read
length, and
number of
reads/pairs

Total mappe:
Time (RN'?"'BV)I unique
reads/pairs

RMAP . 8m3s 1,500 7,413,261 n/a
9 P.falciparum,
© BRAT  26bp, 21.5M 1m59s 982 7,379,870 n/a
Q
2 RMAP . 4mb52s 2,100 7,906,395 7,906,395
‘» Iéléts)%aplfgi,ﬂchr X,

BRAT P 6m28s 2,000 7,915,050 7,915,050
o BSMAP 1160m0s 171 402,602 393,810
()]
S P.falciparum,
2 BRAT 32bp, 1M Om40s 982 913,225 913,225
g mrsFAST 48m10s 687 635,784 620,622

Table 3.1: Performance and sensitivity on BS-magpiith exact matches.

With single reads, both RMAP-bs and BRAT had 10@&pping accuracy. The mapping
accuracy is calculated as the ratio between unigaés/pairs mapped correctly and total number
of unique reads/pairs, where unique reads/pairsem@s/pairs that are mapped perfectly or with
BS-mismatches to a single location. There is anslififference in the number of mapped reads
because RMAP-bs, in addition to BS-mismatcheswalla C in the reads to alignto a T in a
genome only when C is followed by a G. On paired-erads, BRAT mapped 1.47 and 2.3 times
more unique pairs (correctly) than mrsFAST and BSM#espectively while retaining higher
accuracy: BRAT had a mapping accuracy of 100%, ademrsFAST was 97.6% and BSMAP
was 97.81%.

To compare our tool with the better performingltims paired-end reads (mrsFAST) in
the presence of sequencing errors, we usedico 1M paired-end 24 bases reads and 64 bases
reads fromP. falciparum with 90% of BS-conversion and 1% of sequencingrsrrSequencing
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errors were introduced at random positions: firetad was chosen randomly, then a base within
the read was chosen uniformly at random, and fintle chosen base was substituted by a letter
randomly chosen out of the three remaining lett€te parameters used for this experiments
were: mrsFAST{ 2; e 0, 1, 2;min 136; max 324) and BRAT i(113;a 301;m: O, 1, 2). The
minimum and maximum values for insert size weretadifferent than the corresponding values
for generatedn silico pairs (mrsFASTmin andmax and BRAT:i anda). Here the values for
min/max insert size for both programs are differéné to different definitions for these values
used by the programs: BRAT counts an insert sizbaslistance between the leftmost points of
the alignments of the two mates on the forwardhstrand mrsFAST as the distance between the
outmost end points of the alignments of the twoasafhe optiong andm set the number of
non-BS-mismatches in mrsFAST and BRAT respectivélye two programs differ in the way
they output the results: BRAT outputs only uniguigraments and mrsFAST outputs a user-
specified number of alignments (parametg¢r Therefore, to distinguish between unique and
ambiguous reads/pairs, users must use the optiormrsFAST. Unfortunately, this option does
not guarantee to find necessarily unique readsherbest alignments. For example, we found
cases when mrsFAST reported mapped locations fios pdath a larger number of non-BS-
mismatches than another location that was missethi$ case, a read is counted as ambiguous
even though it is unique). Another source of poamapping accuracy in mrsFAST is due to
missing ambiguous reads, i.e., reads for which anlg result is found (with 2) even though
there exists an equally good alignment somewheeialthe genome. We computed the number
of correctly mapped unique reads for mrsFAST bylwkng all the ambiguous reads as
identified by mrsFAST (occurring twice in the outpand all ambiguous identified by BRAT

(occurring in at least two valid and equally godigraments). For total unique pairs, we counted
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the reads occurring once in the resulting outpugure 3.6 shows the number of correctly

mapped unique pairs (bars) as well as mapping acgwf both tools (lines).

100% + . T ETE]
et ==

mapping accuracy

Omism 1 mism 2 mism|0mism 1 mism 2 mism

24-bp 64-bp

Figure 3.6: BRAT vs. mrsFAST.
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When mapping with non-BS-mismatches, we definaia o be unique if it maps to a

single location with the smallest number of noniBSmatches in both mates. BRAT mapped up

to 21% more unique pairs than mrsFAST on 24 basadst In both experiments, BRAT had

higher mapping accuracy. BRAT was also significafdlster than mrsFAST: on 24 bases reads,

BRAT was 67, 12 and 18 times faster with 0, 1 andi2natches respectively and on 64 bases

reads it was 55, 20 and 37 times faster with (ydlzamismatches respectively.

The parameters used with mrsFAST were taken fiwent@ol’'s description on-line and

insert size between mates of a pair was deduced dudput file. This latter parameter turned out

to be not optimal, and when using optimal insedesimrsFAST had slightly improved

performance both in time efficiency and mappinguaacy.
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Chapter 4

Dynamic chromatin remodeling in P.falciparum

4.1 Introduction

In eukaryotic cells, DNA is packed into chromatiithwa nucleosome being a building unit block
of chromatin structure. In order for transcriptitintake place, DNA has to be accessible for
various transcription factors to bind to it andtiatie the transcription. In classical eukaryotic
model, chromatin reorganizes within promoters immailly prior transcription: a few
nucleosomes either slide or completely disassetolieake DNA accessible for the transcription
machinery. In case d?. falciparum, the role of chromatin in transcription regulatiaas not
clearly understood. In this chapter, we investigadgnamic chromatin remodeling during the
parasite’ erythrocytic cycle in order to gain idsig in regulation of transcription .
falciparum.

In order to infer the positions of hucleosomes mlaria, two complementary assays were
employed, namely Formaldehyde-Assisted Isolation Refgulatory Elements (FAIRE) and
Micrococcal Nuclease (MNase) digestion. FAIRE isedaprotein/nucleosome-depleted DNA
[32], whereas MNase digestion isolates nucleosceneished DNA from the chromatin. In order
to study the dynamic landscape of nucleosomestdenrdistinct libraries were produced for
sequencing: seven libraries for DNA obtained wikiRRE at time points T =0, 6, 12, 18, 24, 30,
and 36 hours, corresponding to early ring, latg,ri@arly trophozoite, late trophozoite, early

schizont, late schizont and merozoite stages duhiegmalaria erythrocytic cycle, respectively,
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and seven libraries obtained after MNase digeq@brsame time points). The fourteen libraries
were sequenced using the lllumina 1G Genome Anal¥zch time point was assigned to a lane
of the Analyzer, which produced about 10 milliorogireads per lane. We processed sequenced
reads as follows. First, we trimmed a base fronheaw of the reads to decrease the chance of
having bases from adaptors used during sequenaimtgthen we trimmed the ends of the reads
based on quality scores. Then, we mapped the trimmads to the genome Bf falciparum
strain 3D7 v5.5. lllumina’s ELAND was used to magads of lengths 18 to 32 bases, whereas
RMAP [76] was employed to process reads of len@8and 34 bases. Sequenced reads giving a
perfect match at a unique location in the refereperome were immediately mapped to that
location. The remaining reads were mapped allowipgto two mismatches, but only if their
chastity score was at least 0.6. Remaining reads algned with the human genome to measure
the degree of contamination with human DNA, whislunhavoidable given th& falciparumis
cultured in human blood. The raw coverage was nlizaghper million mapped reads and with
the percentage of the genome covered by readstdier ¢o remove high-frequency noise, the
normalized raw coverage distribution of mapped seadeach chromosome and each strand was
smoothed using a kernel density estimation methi]. [To obtain the overall smoothed
coverage distribution (oroverage profile) the smoothed coverage for the positive and negati
strands was added at each position [81]. For emod point the total number of reads that
mapped to the genome and the percentage of nwdsodictually covered by at least one read
was computed. Smoothed coverage profile was usekbtErmine nucleosome positioning, and
raw normalized data was employed for the rest ofamalysis. We compared the genome-wide
distributions of mapped reads obtained with FAIRIG-$0 the ones measured with MNase-seq.

We computed Pearson’s product-moment coefficietwdsen corresponding profiles of coverage
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across the seven investigated time points. Theageetorrelation coefficient is strongly negative

(R* = -0.70), indicating excellent complementarityvze¢n FAIRE-seq and MNase-seq.

4.2 Methods

4.2.1 Nucleosomes positioning

The positions of nucleosomes were determined from doverage profiles obtained in the
MAINE-seq procedure, as follows. First, regionscolverage were defined as the continuous
spans of the genome where coverage was at leasfTbea each such region of coverage was
processed individually: positive and negative sieamwere scanned for local maxima using a
sliding window. The size of the sliding window waspirically determined to be 15 bases. For
each local maximum found on the positive strana tiegative strand was scanned for a
corresponding negative maximum within a distanceyeadetermined empirically according to
the sizes of the libraries and the sizes of theaeced reads. The chosen distance range was [-15,
180]. Half of the distance between the two corresigny peaks was defined as the shift. The
center of a nucleosome was placed in the middlesd® the two corresponding positive and
negative peaks, and the left and right boundariee set at distance 146/2 = 73 bp around the
center. In some cases, a local maximum was fouhydamone strand, with no matching peak on
the other. Visual inspection of the dataset revkdtat most of the time the missing matching
peak was actually present as a shoulder of a neigigopeak (and not as a local maximum). In
these cases a nucleosome was placed accordingsingke detected peak, using the shift
calculated for the nearest nucleosome. The cemtemoicleosome was placed at the position of
the local positive peak plus a shift if only pogitipeak was detected and at the position of the

local negative peak minus a shift if only negatpeak was detected. Each nucleosome was
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assigned a confidence score equal to the sum ainlo®@thed normalized coverage in a region of

147 nucleotides centered at the assigned nucleokmaigon.

4.2.2 Measurements for modification of chromatin structure

The modification of chromatin structure was meadubg the depth of FAIRE and MAINE
coverage. For the analysis of correlation betwéendynamic chromatin structure remodeling
and gene expression profiles, we used 1000 basgssfeam of the genes start codons (promoter
regions), 1000 bases downstream of the genes ettoms (downstream regions), and 600 bases
inside the genes from 5’ to 3' downstream from #i@rt codons and upstream from the stop
codons. Another measurement of chromatin structuse the degree of chromatin opening
calculated as log base two of the ratio betweenREAtoverage and MAINE coverage at each

base of the genome.

4.2.3 Finding the centromeres

Chromosomes were scanned to detect putative cestesm Scanning parameters were
empirically determined using the known centromesggions (www.plasmoDB.org v.5.5). For
both FAIREseq and MAINE-seq datasets (time pointsliined together), the average number of
(A+T) and the average number of (C+G) per base wateulated for all known centromeric
region. Then, chromosomes were scanned for 2 kiptegions with (A+T) and (C+G) content
within the range [average — 5*SD, average +5*SD]loth FAIRE-seq and MAINE-seq. For
each time point, consecutive windows were mergamdarsingle contig corresponding to putative

centromeric region.
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4.3 Results and discussion

4.3.1 Global chromatin organization

The chromatin structure . falciparum undergoes drastic changes throughout the erytticocy
cycle. It achieves its most open state with the tmmwiched FAIRE coverage and least
pronounced MAINE coverage at T18 time point, whadhresponds to late throphozoite stage.
The chromatin is mostly closed (packed into nudesss) at T36, late schizont stage. The
percentage of the genome covered with nucleosom&$8and T36 respectively was 26% and
50%. We observed that with. falciparum, nucleosomes mostly located inside genes, and the
promoters and downstream of the genes are predathirfeee from nucleosomes for the longest
duration of the erythrocytic cycle. Figure 4.1 slsawe degree of chromatin opening TO, T18 and

T36 time points around the start and stop codonalfgenes.

A start stop

18h

36h

-1000 [ +600 -600 +1000

high
LogZ(FAIREfMAINE)

Figure 4.1: The degree of chromatin opening araiarct and stop codons.
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Observe in Figure 4.1, that regions inside genes medominantly covered with
nucleosomes, whereas promoters and downstreane afethes are free from nucleosomes at TO
and T18. However, at T36 these regions are packew nucleosomes, ready for the next
erythrocytic cycle. Table 4.1 shows the total numbg nucleosomes, percentage of genome
covered with nucleosomes and average raw scoréBeohucleosomes for seven time points
across the erythrocytic cycle. The genome is mogéred by nucleosomes at T36, and the least
covered at T18. The total number of nucleosomeasfalfows the same pattern: the least number

of nucleosomes was observed at T18 and the langestber at T36.

Time Total number ofPercentage of  Average score
point nucleosomes genome covered

0 62,092 35% 718.93

6 53,365 31% 807.58
12 75,156 43% 1221.65
18 45,384 26% 748.33
24 62,287 36% 1235.84
30 72,890 42% 1030.19
36 89,115 50% 1221.69

Table 4.1: Nucleosomes statistics across the ergytic cycle.

The centromeric regions showed distinct patterncoferage with very low FAIRE
coverage and almost no MAINE coverage. We used EANRd MAINE coverage to identify
putative centromeres for chromosomes 9, 11 andot2yhich centromeres are not identified to
date. Using a sliding window as described in Sec®.3, we were able to detect all existing

centromeres and to discover putative centromegions ranging from 2 to 3 kb (Table 4.2).
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Chromosome Previously identified loci Loci identified de novo

Start Stop Start Stop
MAL1 459,080 461,461 458,604 461,814
MAL2 447,300 450,455 447,229 450,490
MAL3 594,492 596,951 594,410 597,532
MAL4 648,984 651,511 648,534 651,840
MALS5 455,737 457,250 454,956 458,019
MALG6 478,646 480,966 478,217 481,309
MAL7 864,620 867,966 864,368 867,647
MALS 300,194 302,519 300,048 303,299
MAL9 1,242,126 1,244,473 1,241,760 1,244,815
MAL10 undeterminedundetermined 70,843 72,932
MAL11 undeterminedundetermined 831,726 834,921
MAL12 1,282,761 1,285,056 1,281,951 1,285,347
MAL13 1,168,327 1,170,626 1,167,891 1,170,876
MAL14 undeterminedundetermined 1,071,399 1,074,951

Table 4.2: Centromerésci identified de novo.

In Table 4.2, “Start” and “Stop” refer to the startd end positions of known and putative

centromeres.

4.3.2 Analysis of dynamic chromatin structureremodeling

We used FAIRE and MAINE coverage to analyze whethere is correlation between dynamic
chromatin structure remodeling and gene expressidn. falciparum. As said, genome-wide
gene expression analysis has shown remarkabldivagaof mMRNA levels with a tight regulation
throughout the parasite life cycle. We used mRNéady state levels measured at seven time
points throughout the erythrocytic cycle of the anel parasite reported in [46] for this analysis.

Recall that DNA libraries for FAIRE and MAINE werenllected for the same time points;
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therefore, the comparison between various measuntsnabtained using FAIRE and MAINE
coverage and gene expression data was consistenihét follows, we describe different
techniques that we used to determine whether dymarhiomatin structure remodeling is
correlated with gene expression in the human naajmrasite.

In [46], a total of 2235 genes Bf falciparum that showed significant change of mRNA
steady state levels throughout the erythrocytidecywere clustered into fifteen clusters. Our first
approach was to cluster genes using approximatel\same number of clusters (from 10 to 20)
either by FAIRE or MAINE coverage and to study wieetthese latter clusters were similar to
gene expression clusters. We usedMweeard coefficient as a metric of similarity between two
clusters. Given two clusters of genes, the Jaccaedficient is defined as the ratio between the
number of genes shared by the clusters and thiemataber of distinct genes in the clusters. To
cluster genes by coverage, we considered two $&8IA regions: the first set included regions
of promoters and portion of each genes and thenseset included exclusively promoters. We
defined a promoter as 1000 bases upstream of thesgetart (ATG). When we considered gene
beginning, we took 600 bases starting at the fostlon. We clustered genes using raw
normalized FAIRE and MAINE coverage of the chosegions. The Jaccard pairwise
coefficients between clusters by coverage (eith&RE or MAINE) and clusters by gene
expression profiles below 0.5 indicated low siniilarin this analysis, no similar clusters were
identified.

Next, the nucleosome scores of the two first mabenes inside each gene were added at
each time point resulting in seven values for egahe. The Pearson coefficients between these
values and corresponding values of mMRNA steady $atel for gene expression showed good
correlation only for a few genes. The vast majodfythe genes had Pearson coefficients below

0.5.
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Next, we observed that the majority of the gersbdnsingle highly enriched peak within
1000 bases upstream of the genes start with FAtRErage. We first studied whether these peak
s change their locations relative to the genes$ atapss time points throughout the erythrocytic
cycle. Figure 4.2 shows that although the intensitihe most enriched peaks change across time

points, the positions are relatively stable.

Figure 4.2: The most enriched peaks with FAIREe&es time points.

Each heat map of Figure 4.2 corresponds to apiona (first row corresponds to TO, T6
and T12, second row to T18, T24 and T30 and thehaat map to T36). Each heat map shows
the regions 1000 bases upstream from each geneasth600 bases inside each gene. Genes are
sorted by positions of the most enriched peaksimitiie promoters with the farthest peaks from

start codons being at the top of the map. The tfaatt the most enriched FAIRE peaks do not
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change location might signify the biological relaea of the genome regions under the peaks.
That is why in the next approach we used 300 béemsroximately equal to the size of two
nucleosomes) centered at the peaks. We calcula¢ealverage FAIRE coverage over the selected
300 bases for seven time points and calculatedsBeasorrelations between these values and
gene expression data. Again, the results showesigndicant correlation.

In the following final analysis, we selected 40@sés regions within promoters
containing the most enriched FAIRE peaks for eamfiegand measured the degree of chromatin
opening for these regions (see Section 4.2.2)\a@nséme points across the erythrocytic cycle.
Then we clustered the genes using kmeans by tleese salues. Figure 4.3 shows the resulting

four clusters of genes.

Oh 6h 12h 18h 24h 30h 36h

I

!

Log2(FAIRE/MAINE)
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Figure 4.3: Clustering by the degree of chromagiaring.
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In Figure 4.3, genes are sorted by the resulting étusters. The rows of the heat map
correspond to genes and columns show the degrdeahatin opening at seven time points. The
more closed chromatin is, the darker is color guFé 4.3.

We obtained four well-defined clusters that wardher analyzed for enrichment of the
genes from the gene expression clusters using yipergeometric test. Genes expressed in
sporozoites and gametocytes and genes involvednwasion of red blood cells (genes
corresponding to gene clusters 1-3, 14 and 15 6#j) [@re over represented in cluster | with p-
value of 10'°. Genes corresponding to ring, trophozoite andzschistages (corresponding to
gene clusters 4-7) are over represented in clli$tgr-value of 10*4 and in cluster IV (p-value
of 10°). Cluster Il did not have any significant enrichmhef the genes from functional gene
expression sets.

Overall, our analysis suggests that mRNA steadie devels could not be explained by
fine changes in chromatin. Our study showed thatctiromatin ofP. falciparum goes through
two extreme stages: open and closed, which cootsadhe classical eukaryotic model of
initiation transcription after precise removal dieav nucleosomes. This binary state of chromatin
together with accessibility of promoters and doween of the genes to transcription factors for
the most of the erythrocytic cycle, allowed to sesjga transcription regulation model fer
falciparum as shown in Figure 4.4. Genome-wide variationdeuisities for MAINE coverage are
shown in red and for FAIRE in black. In this modehromatin structure and nucleosome

turnover control massive transcription during thglaocytic cycle.
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Figure 4.4: Proposed model of chromatin remodeflimgughoutP. falciparun's erythrocytic
cycle.

After the invasion o# red blood cell by a parasite at its merozoitephological stage,
histonesare depleted and chromatin loosens. During thegtiage, transcriptiooccurs locally in
a regulated manner. At the early trophozsitege, histones are massively depleted; transmmipti
factorscan freely bind and replication can take place. Didklated metabolic processes are
permitted. Aftereplication, DNA re-packs at the schizont stage thedparasites dividand

escape the host as differentiated merozoites thatady for a newycle of infection.
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Chapter 5

Motif discovery using dynamic chromatin remodeling

5.1 Introduction and background

Despite extensive efforts to discover transcriptfagtors binding sites in the human malaria
parasite, only a few motifs have been experimgntadlidated to date. Most of the previous
methods forin silico motif discovery heavily rely on gene clusters lndtion or by gene
expression profiles. Recent research in chromamodeling ofP.falciparum suggests that
chromatin architecture plays an important rolerams$criptional control [65]. Here we propose a
methodology for discoveringis-regulatory elements using our new data on dynariomatin
structure remodeling described in Chapter 1 ancp@ha.

In general, the problem of motif discovery fomaription factors binding sites has been
studied intensely, and many algorithms and tooleHazeen developed to date. Algorithms are
usually classified into two categories: enumeratind alignment-based. The latter method uses a
probabilistic modeling approach together with antirojzation technique (expectation-
maximization or Gibbs sampling) to identify sequempatterns that are over represented in input
sequences. The enumerative approach involves eatioreof a vast majority of words in input
sequences, an appropriate score assignment uaigiisal measurement, and finally selection of
the most statistically significant words as putatimotifs. An extensive overview of existing
approaches for motif discovery and computationalllehges associated with this problem is

given in [56]. Some of the most widely-known tofds motif discovery are MEME [8], Weeder

66



[62], and AlignACE [37]. Successful as they arehaitodel organisms, these tools might not be
the best choice with an extremely AT-rich like hummaalaria parasite genome.

Some efforts to discoveais-regulatory elementm silico in the human malaria parasite
have been made in the past five years [26, 2798738, 75]. These approaches define different
criteria for gene clustering and/or different statial models to identify over represented motifs
in a given set of sequences. Below we give a shatview of some of these methods for motif
discovery and their findings as well as the methtdg used classical biological assays to
identify motifs.

Elemento et al. proposed an algorithm named Finttiformative Regulatory Elements
(FIRE) to discover putative motifs [26]. FIRE usastif profiles and gene expression profiles to
discover transcription factors binding sites. A indd present in the promoter if one of its
instances occurs in either of the DNA strands witiie promoter. Gene expression profiles are
used to cluster genes. For each motif, FIRE cdleslthe value of the objective function, which
is used to select the most statistically signiftaaotifs. This study resulted in twenty-one highly
informative putative motifs if. falciparum.

Wu et al. used comparative genomics to identifiafiwe motifs given a set of upstream
sequences from two different species [87]. The @stlimproved on a previous study [27] by
introducing a statistical model that learns paramsefrom orthologous sequences (taking into
account orthologous relationships) and allows féfedent sequence length. The method uses the
conservation of the-score as a scoring metric for statistical sigaffice of the resulting motifs.
The algorithm starts by learning parameters, namibkly probability distribution due to a
background model and the probability distributiamedo orthologous relations from the input
sequences. Then it enumerateskatiers (words of sizk), calculates theiz-scores and sieves the

k-mers with a given threshold. For the selectethers, the method iteratively introduces
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mismatches and picks at each iteration the motti thie highest-score. After motifs clustering,
the authors reported 38 motifs.

Young et al. designed a new enumerative tool daBene Enrichment Motif Searching
(GEMS) that uses a hypergeometric-based scoringtiim and a position-weight matrix
optimization procedure to search for putative nsofffl]. Twenty-one clusters of functionally
related and co-expressed genes were used. GEMS wsitr assigning-value scores to the set
of all uniqgue words of a fixed size (5-9 bp), thsorts the words in increasing order of their
values and processes each word at a time. Anliptisition weight matrix (PWM) of a word is
built from its one mismatch edit neighborhood. Tlenoptimization routine is used to find the
best parameters, namely similarity threshold anthbyer of mismatches. Similar motifs are
clustered using th&animoto distance metric that accounts for positional infation of motif
occurrences within promoters. The authors usedogfeyletic analysis to sieve the remaining
motifs further, which resulted in the 34 putativetifs in promoter sequences and 21 in introns-
derived sequences. One of the identified motifs eqeerimentally validated by the authors.

lengar and Joshi used three popular motif disgoteols: MEME [8], AlignACE [37]
and Weeder [62], to identify putative motifs in proters of co-expressed genes [38]. The authors
used strict cut-offs and selected only motifs thate found by all three programs. This study
resulted in 27 strong motif groups that were furtt@mbined into four unique motif patterns: G-
rich (having GGG or GGGG), C-rich (having CCC or @C), CACA and TGTG (having
patterns TGTG or TGTATG).

In contrast toin silico motif finding strategies, Silveet al. used Protein-binding
microarray assay to identify transcription factdssding sites for two members of the

Apicomplexan AP2 family of putative transcriptionaigulators [75]. The microarray contained
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all possible 10-mers. Two specific binding sitesrevddentified in this study, namely
TGCATGCA (the PF14_0633 associated motif) and GTGGthe PFF0200C motif).

Most of thein silico methods described above heavily rely on geneeaaidty function
or by gene expression profiles. Here we endeavitetatify motifs using the dynamic chromatin
structure remodeling data described in Chapter 4.

Recall that FAIRE coverage isolates nucleosome-fiegions of the genome, which
identifies DNA that is potentially accessible tarscription factors. For this reason, we used
FAIRE coverage to discover putative motifs and rttesisociated target genes. Our approach
identified 144 putative motifs, 69 of which showstdtistically significant enrichment in at least
one functional gene set. To our knowledge, thithes first study that uses exclusively FAIRE

coverage for motif discovery.

5.2 Methods

Our hypothesis is that regions within promotershvwtlie highest variance of FAIRE coverage
across the erythrocytic cycle are more likely totam transcription factors binding sites. Here
we provide an overview of our approach for motgativery using FAIRE coverage. Figure 5.1
shows a flowchart of our method. First for eacheger identified dunctional window within its
promoter, a 151-bases region with the highest meezof FAIRE coverage across seven time
points of the erythrocytic cycle. Then for each geme calculated average FAIRE coverage
within the functional window at seven time pointdeclustered the genes by these seven values
usingk-means clustering. We call the resulting clustegdimpinary clusters by FAIRE coverage.

Next we identified putative motifs using hypergeadneeenrichment score (defined below). For
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each motif we selected all genes with occurrenédis motif within functional windows and

called these genedarget genes cluster.

Functional Target genes
window selection | Putative motifs - 9et g

and genes "I discovery - e

: identification

clustering

e Phylogengtlc Motif clustering
Filtration steps » conservation S

) by similarity
analysis

Figure 5.1: Flowchart of motif discovery using FARoverage.

Next we applied two filtration steps described belphylogenetic conservation analysis, and
finally clustered the resulting motifs by similgritFor the final set of selected motifs we used
additional analysis, namely we compared our matith the motifs identified in previous studies
(described above), we evaluated positional biasuofmotifs relative to transcription start sites
and to the predicted promoters from [13, 82,83¢l finally we studied enrichment of our motifs
in functional gene sets by gene ontology and gepeession profiles. In the following sections

we provide more details for each step of our apgrdar motif discovery.
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5.2.1 Matifsscoring

We use hypergeometric probabilistic model with f@ekground as a s&of all k-mers inside
1000-bases promoters of all genes. Ndie the size oS andn be the size of a subskl of k-
mers inside 151-bases functional windows within pnemoters of a given gene cluster. This
latter subset ok-mers is the positive set. We use the hypergeometrichment score as a
scoring metric for statistical overrepresentation ao motif inside the positive sdl. The
hypergeometric enrichment score (HES) is definedhasnegative log of the hypergeometric
probability of a motif p-value) having an equal or greater number of oetwas in the positive
set if the set was drawn randomly. The smallehésptvalue, the smaller is the chance that the
observed number of occurrences is to random facltiis scoring metric estimates not only the
overrepresentation of a motif within a given clusté genes, but also incorporates statistical
overrepresentation of the motif within the selectdddows inside the promoters. Letdenote
the number of occurrences of motif &fandy denote the number of occurrences of the motif in

the positive seM. The hypergeometrip-value is

ot )
P(N,r,n, y):mmfr) P An-i

s

andHESis calculated as

HES = -log,, P(N,r,n,y)
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5.2.2 Motif representation

Lett be ak-mer in the positive sé¥l. We defineN(t, 1) as the 1-mismatch neighborhood i
M: ak-mersin M belongs td\(t, 1) if a Hamming distance betwesmandt is less than or equal
to one. GiverM andt, we first computéN(t, 1), then we calculate HES for edcmer in theN(t,
1), sort thek-mers inN(t, 1) in decreasing order of their HES, and thendyseamic programming
to select a subset df(t, 1) that maximizes HES. We represeas a subset d¢mers fromN(t, 1)
that maximizes HES calculated over th&seers, and we call themers in this subsetutants
of t. We observed in practice that the number of matatusually less than ten; to speed up
calculations we restrict the list bit, 1) to the top tek-mers with the highest HES.

To ensure the selection of motifs according to tebabilistic model without

replacement, we do not consider motifs whose msitacturrences overlap each other.

5.2.3 Motifsand their target gene clusters

Here we describe our methodology to identify putatmotifs and their associated clusters of
target genes, oexpanded clusters. We preprocessed e&etmer in the genome by counting the
number of its exact occurrences inside all 100@bapromoters, and by calculating the
probability of its occurrence given the backgrouistribution of A, C, G and T obtained from
the genome. Under the i.i.d. model, the probabiityan occurrence of kmer is simply the
product of probabilities of its bases. For eacHimiaary cluster by FAIRE coverage, we first
applied a procedure that selects poteritiders for further analysis. To select this prelimyna
subset ok-mers from allk-mers in a cluster, we process e&amer in the positive set one at a
time. For ak-mert, we find its 1-mismatch neighborhodd(t, 1), and verify that a set of

conditions (described next) a¥i(t, 1) is satisfied: if all requirements are satidfieis selected.
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The following conditions are used: (Lhas to occur in at least 5 distinct input sequenocea
given cluster and (2) the expected number of distsequences in whickkmers fromN(t, 1)
occur has to be less than the actual number ahdistequences witk-mers fromN(t, 1). The
size of the smallest preliminary cluster was 33] aguare root of 33 is approximately 5; that is
why 5 distinct input sequences whereccurs is one of the requirements stated aboveT[8}
expected number of occurrences and the expectetderumh distinct sequences are computed on

the positive set ok-mers within the given sequences of a cluster oegebheti be ak-mer from
N(t, 1), then the expected number of occurrencadrothe positive set iﬁ(i)cc = p.n, where p,

is the probability of one occurrenceidh the genome, andis the total number dé-mers in the

positive set; then the expected number of dissequences containings

/Lllseq — 1_ e_ll’l(l)cc

and the expected number of distinct sequencesHurtdt is calculated as

Hioq =G D He,

ieN (t,1)
whereG is the number of sequences in the positive set.

The first threshold on the least number of distserjuences in whidkkmers fromN(t, 1)
must occur filters out motifs that have a smallaaility of being over represented in the
positive set. The second threshold filters out fadtiat are in general abundant in the genome
and therefore overrepresentation of these motithaérpositive set is more likely due to a random

chance.

73



After the potential motifs have been identifiece atudy each of them in the context of
corresponding preliminary cluster by FAIRE coverager eachk-mert, we find the subset of
mutants inN(t, 1) that maximizes HES fdrin the cluster by FAIRE coverage. Then we identify
all genes that have exact occurrences of the nutdmtwithin the selected 151-bases windows.
These genes constitute a nexpanded cluster for which the set of mutants tois recomputed.
This final set of mutants in the expanded clustex putative motif and the expanded cluster is its
associated set of putative target genes. We peefibrthis strategy with three different motif
lengthk, namelyk = 6,k = 7 andk = 8. The three validated motifs fBr falciparum are of length
6 and 8 bases; therefore, we restricted our arsalgsimotifs of length 6, 7 and 8.

We provided different representations for a ma#: a subset of mutants, as a position
weight matrix (PWM), as a sequence logo and agyalaie expression. A regular expression is
computed as follows: for each base of a mutifts regular expression has either a single
nucleotide or a subset of nucleotides inside sqbemekets if more than one nucleotide occurs
with a frequency of at least 25% at the correspupgiosition oft. For example, the regular
expression AAC[TG]TT indicates that T and G occuthva frequency of at least 25% at fourth
position of the given motif, and nucleotides atestpositions occur with frequency greater than
75%. This will allow biologists to make an informddcision about which particular sequence of
a motif to use in experimental validation.

For all identified motifs and their expanded otust we applied a stringent pipeline of

filtration steps described below to distinguishvilstn true and false positives putative motifs.

5.2.4 Additional filtration steps

Since we calculate HES over the number of mutactsimences rather than over the number of
distinct genes where mutants occur, we had to dditi@nal filtration steps to ensure that a high
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HES is not due to multiple occurrences within a fgmes of the cluster. We required the number
of distinct genes where the motif occurs to beelmsthe number of occurrences of the motif in
the target genes cluster. We used the ratio ohtimeber of distinct genes where the motif occurs
and the number of occurrences of the motif in tluster to filter out motifs whose ratio is less
than 0.8. Since HES of a motif is calculated oher sequences of 151 bases in length, we expect
the exact occurrences of mutants inside a singjeesee to be close to one.

Our method identified thousands of potential nsowifthin preliminary clusters. To filter
out putative motifs we considered only the motiflsose HES was greater than or equal to the

mean HES in the distribution of HES for all motifsa given lengttkk = 6, 7 and 8.

5.2.5 Phylogenetic conservation analysis

We used phylogenetic conservation information tterfiout non-conserved motifs that were
considered to be false positives. Similarly to #pproach by Young et al. [91], we calculated
HES for the putative motifs in four orthologous sigs: P. berghei, P.chabaudi, P. vivax andP.
yoelii. For each putative motif, we calculated the enmieht score for genes orthologous to the
genes with mutants occurrences in the motif's edpdncluster within 1000 bases promoter 5’
upstream of the start codon. The motifs that ha& IdE2.0 (corresponding fevalue of 0.01) in

at least one of the four orthologous species wep kor further analysis. To avoid artificially
high orthologous HES, we required the ratio of muenber of distinct genes where the mutants
occur and the number of exact occurrences beingtgréhan or equal to 0.5 (this threshold is
lower here due to increased length of input seqe®nd his ensures that HES is supported with

enough orthologous genes and that all occurrenc@®tfall into the promoters of a few genes.
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5.2.6 Matifsclustering

After the filtration of putative motifs by the steplescribed above, some of the resulting motifs
were very similar. Hence, we selected only uniquifsmwith the highest HES and clustered the
remaining putative motifs by similarity using theariimoto distance [62, 91] and Pearson
correlation coefficients of their position weighatrices (PWMs) [89] to filter out duplicates and
highly similar motifs. The Tanimoto distance acctsufor positional similarity of the putative
motifs. It takes on the values from 0 to 1: if twwtifs share all positions, then the Tanimoto
distance is 0. We used the Tanimoto distance wulzE pairwise similarity of the motifs, and
we chose the motif with the highest HES to represkea motifs with the similarity distance
smaller than 0.5. This means that two motifs mhate at least half of their positions to belong to
the same motif cluster. Since our method does elgtan co-regulated clusters, we assume that
for a given motif not all genes in the target gedester are co-regulated. That is why we allow
more flexibility on the threshold for the Tanimatstance (compare our threshold of 0.5 with 0.8
that was used for co-regulated clusters in [62).9G]ven the positional occurrences for two
motifs represented in sets A and B respectivelydefine two occurrences (one from A and one
from B) to be overlapping if they share at least tvase. The Tanimoto distance was calculated

as follows

1_|AmB|
| AU B|

The intersection of A and B includes all overlagppositional occurrences.
Next, we clustered motifs by the Pearson coefficadrtheir PWMs. This step filters out

the motifs very similar by their content. Some & tmotifs might be shifted versions of each
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other. We define that two motifs are shifted vensiof each other if they sharé-aner wherek

is a half of a motif's length. We considered twotitsosimilar if the Pearson coefficient of their
PWNMs or of their PWMs built on shifted versionstioé motifs was greater than or equal to 0.75
(used in [87, 89]). To build PWMs for two motifsathare shifted versions of each other, first we
built PWM for the motif with the highest HES anathwe constructed PWM for the other motif

that we shifted to align with the highest-HES-motif

5.2.7 Gene orthology and gene functional sets

Orthologous gene maps betweRtialciparum and P. berghei, P.falciparum and P. chabaudi,
P.falciparum and P. vivax, and P.falciparum and P.yoelii were generated by the OrthoMCL
database (http://www.orthomcl.org/). We retainedy ahose orthologous genes that had 1000
bases upstream of start codon available. A totdBaB orthologous genes Bf berghei, 1249 of

P. chabaudi, 4126 ofP. vivax, and 2688 oP.yoelii were used in this study.

In order to study the motifs enrichment in funoaibgene sets, we used gene ontology
(GO) functions fronP.falciparum version 6.0 together with ontology-based pattdemiification
(OPI) clusters from (http://carrier.gnf.org/publicans/OPI/) to retrieve a total of 13859 GO/gene
pairs, with 1288 distinct GO names.

As an alternative for GO annotation, we used gsie categorized by gene expression
profiles. We employed fifteen clusters of genes/ipngsly obtained by gene expression profiles
[46] to obtain four gene expression (GE) groupddaiews. Gene expression group | (GEI)
contains genes expressed in sporozoites and gaytetoclusters 1-3), GEIl contains genes
corresponding to ring, schizont and trophozoitegesta(clusters 4-7), GEIll contains genes

expressed at the throphozoite stage (clusters &i@)group GEIV contains genes expressed at
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sporozoite, gametocyte and schizont stages andvenydan red blood cell invasion (clusters 14-

15). Finally, we used fifteen clusters by gene egpion profiles [46] as functional gene sets.

5.3 Results and discussion

5.3.1 Selecting windows inside promoter s and gene clustering

As said our study explores the hypothesis that fivadion of chromatin structure controls
transcription in malaria. In the course of our pobjdescribed in Chapter 4, we observed that
FAIRE coverage surrounding a validated motif undery drastic changes throughout the
erythrocytic cycle indicating that putative motifisost probably are located within promoter
regions with the highly variable FAIRE coverageefiéfore, we restricted our search for putative
motifs to the windows within the promoters with thighest variance of FAIRE coverage across
the seven time points in the parasite erythroaytide.

Using the start position of the uniquely mappediseave determined the FAIRE raw
coverage by extending the mapped reads up to 286sk{ghe average length of DNA fragments
in FAIRE library) and then normalized the raw cage per million mapped reads and per
percentage of area covered. For each gene, waestl@avindow within its promoter as follows.
We slid a 151-bases window (approximate size ofualeosome) within the promoter and
calculated average FAIRE coverage on all 850 mostitwo consecutive windows overlapped
by a single base). We repeated this procedure loseaén time points; thus, each 151-bases
window at positioni within a promoter—1000<i <-151, is presented by seven values for
average FAIRE coverage. Next, for each gene weelioe 151-base window with the highest
variance of average FAIRE coverage across seven fimmts. Figure 5.2 shows an example of

the functional window for a single gene.
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Figure 5.2: Example of a functional window with thighest variance of FAIRE coverage.

FAIRE coverage is shown in black for seven timenpoiacross the erythrocytic cycle of the
parasite. The shaded region corresponds to theidmat window.

The seven values for the FAIRE average coveragbkeo$elected windows were used to
cluster genes. We usé&emean clustering to build fifteen preliminary gene cleist that were used
in our search for discovery of motifs and theircasated clusters of target genes. We also tried
other values fok = 5, 10 and 20. For each choice we computed metifsngth 6 and compared
them using the Pearson coefficient of their PWMse (Section 5.2.6). When the thresholds on
Pearson coefficient is 0.6, the resulting motifskie: 5, 10 and 20 turned out to be very similar to
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the motifs fork = 15. In other words, the number of preliminarystérs did not affect the
resulting motifs. In the rest of this study, we digdteen clusters as a good tradeoff between a
cluster size and the quality of cluster separafidme fifteen resulting clusters have cluster sines
the range from 33 to 841 with average of 364. FiduB shows the values of the FAIRE average
coverage for the centroids of the fifteen clust&rsmxis corresponds to 15 clusters, and for each

cluster seven bars correspond to the FAIRE averagerage at seven time points (Y-axis).
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Figure 5.3: FAIRE average coverage for the cengroidifteen clusters.
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5.3.2 Matifsand their target gene clusters

Much of the success aif silico motif discovery methods depends on the gene clogtend on

the beliefsa priori about which genes are co-regulated and are likelyshare the same
transcription factors binding sites. In the analysiP. falciparum, the problem of gene clustering
remains challenging: out of about 5460 genes, @280 genes have no known function, and
3241 genes have no distinct gene expression msofileus, clustering by function may result in
incomplete clusters and clustering by gene expragsiofiles or by function does not cover all
genes. Here, we attempted to find motifs and thssociated clusters of target genes using only
FAIRE coverage and conservation information witthologous genes. Instead of using clusters
of genes by function or gene expression, we usetinpinary clusters obtained by processing
FAIRE coverage. Then we identified putative moéfal their target genes clusters as described
in Section 5.2.3. Figure 5.4 shows the distributidrthe sizes for target genes clusters of 144

putative motifs identified in this study.
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Observe in Figure 5.4 that the majority of motiés/é target genes clusters with sizes from 100 to
400. The average size was 139.07, the standardtd®vivas 279.1, and the smallest size was 41
and the largest 1333.

As said, after obtaining a cluster of putative ¢éargenes for a motif, we recalculated the subset of
mutants representing the motif inside the targaegaising HES. For instance, the distribution of
HES for motifs in their target genes clusters fatifs of length 6 is given in Figure 5.5. Motifs
of length 7 and 8 had similar HES distributionshadiverage and standard deviation of (88.19 and
62.07) and (73.17 and 60.57) respectively. Thd tftanotif/clusters considered by our method

was 2727 for 6-mers, 8813 for 7-mers and 1943B{mers.
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Figure 5.5: HES distribution for 6-mers inside thtarget gene clusters.
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Recall that in order to select biologically sigedint motifs from these sets, we used
phylogenetic conservation information. After filian by HES in orthologous species, we
obtained total of 229, 128 and 222 motifs/clusteith motifs of length 6, 7 and 8 respectively.

To obtain the final set of motifs, we further cacsnly unique motifs with the highest
HES and clustered the remaining motifs Bgnimoto distance and by Pearson coefficient of
PWMs of the motifs (see Section 5.2.6). The fimgtl df motifs consists of 26 6-mers, 49 7-mers

and 69 8-mers.

5.3.3 Comparison with previously found motifs

We investigated the question whether our approaas eapable of identifying motifs that had
been previously validated in literature [75, 91]e\Wbompared our motifs with PF_140633 motif
(also known as TGCATGCA) and PFF0200c motif (knaaenGTGCAC) of [75], and with the
motif NGGTGCA of [91].

We used the Pearson coefficient on the correspgngositions of the PWMs of two
motifs of interest as a similarity metric. To buiPWM for Silva’'s motifs, we used the
occurrences of the motifs in all genes clustersvigexl in Supplemental methods as potential
target genes for these motifs [75]. Our top-sconmgtif GTGCAC has a similarity score of
0.9969 with Silva’'s motif GTGCAC, and a shifted sien of GTGCAC and Young’'s motif
NGGTGCA resulted in the score of 0.833. The masilar motif to Silva’s motif TGCATGCA
was TATGCAT with the similarity score of 0.704. Tab5.1 shows the results of this

comparison.
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Others

Our Motif M otif Reference Our PWM Others PWM Score
PFF0200c, - :
GTGCAC GTGCAC De Silvaetal. T CAC l T CAC 0.997
ZOOE = N . e N :T:] v . . N :?:3

GTGCAC PfM18.1, f
shift 1bleft NGGTGCA Youngetal., © __ oA T CA 0.834

extend 1b le 200¢ ;

TATGCAT PF14_0633,
shift 2b right TGCATGCA De Silva et al. * CATATA . CAT C. 0704

extend 1b rigt 200¢ oo T R

Table 5.1: Comparison of our motifs and the mdtifign previous studies.

In addition, we compared our 144 motifs with 50tifisoreported in [91] study using the
Pearson coefficient of their PWMs and the threslusl@.75 for selection of similar motifs. We
found a total of 30 our motifs were similar to 2®tifs from [91]. The fact that we identified
motifs highly similar to those that were validatedpublished studies provides validity to our
method. Recall that we do not make any priori aggioms about the genes clusters, and we use

exclusively chromatin architecture dynamics to dv@r cis-regulatory elements.

5.3.4 Additional supporting evidence

For the final collection of selected motifs, weimstted the enrichment of the motifs in functional

gene sets using hypergeometric statistics. Forahaysis, we used clusters of genes by GO,
fifteen clusters by gene expression from [46] amat fgene expression (GE) groups formed from
the fifteen clusters of [46] as defined before (Bec5.2.7). For each motif we calculated HES on
mutants’ exact occurrences within 151-bases chagetows of a functional gene set. To select

statistically significant scores, we applied a @ndzed analysis as follows. For each motif we
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selected 100 random clusters of genes and we ceohpliES for the motif's occurrences within
the chosen 151-bases windows of the random genescdafvsidered the HES of a motif in a
functional gene set to be statistically significdrthe score was at least 2 and its z-scorepiad
value of 0.01 or lower. The z-score was calculatsithg average and standard deviation of the
distribution of HES on the random clusters of thme size as the size of the functional gene set.
Figures from 5.6 to 5.9 show z-scores of motifstigiment in GO, fifteen clusters by gene
expression and GE functional gene sets. A total0®% of the selected motifs showed

enrichment in at least one functional gene set.
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Figure 5.6: Enrichment in GO-functional gene setsfand 7 bases motifs.
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Figure 5.9: Enrichment of motifs in the clustersgmne expression.

In Figures 5.6-5.9 the darker the color is, thgdarthe z-score of the corresponding motif inside

the corresponding given functional gene set.

5.3.5 Positional bias of the motifsrelativeto TSS and the predicted promoters

We conducted analysis of positional bias of idéediimotifs relative to the transcription start site
(TSS) and relative to the predicted promoters gull in [13, 82, 83]. We considered 2084 of
TSS and 1027 of the predicted promoters from [23,88] located upstream of the genes within
1000-bases promoters. Here we describe our analgsisTSS (analysis for the predicted

promoters was carried out similarly). We calculated number of occurrences of 144 motifs
inside [-1000, +1000] region around the TSS. A moticurs at position if it starts ati. Figures

5.10 and 5.11 show the distribution of positionetwrences of our motifs relative to TSS and

87



the predicted promoters respectively. We also cdetpthe distribution of expected positional
occurrences for our motifs if they were uniformgndomly distributed under the i.i.d. model
within 1000-bases promoters. The actual probabilégpsity is shown in black and the expected

in gray.
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Figure 5.10: Positional bias of our motifs relatieel SS.
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Figure 5.11: Positional bias of our motifs relatieehe predicted promoters.
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Observe in Figures 5.10 and 5.11 that some of atifsrhave positional bias relative to TSS and
to the predicted promoters respectively: the agtoabability density for these motifs does not fit
the expected probability density distribution. Femmparison, Figures 5.12 and 5.13 show the

results of similar analysis for 50 motifs from [91]
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Figure 5.12: Positional bias of others motifs rigkato TSS.
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Figure 5.13: Positional bias of others motifs ligkato the predicted promoters.
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Next, we applied analysis of the positional biatative to TSS and the predicted
promoters for individual motifs similar to [9]. Feach motif we computed the distribution of its
positional occurrences within 1, 5, 10, 15, 20,a?8l 30-bases windows inside the background
and inside [-300, +300] region around TSS (arelphedicted promoters). We used [-1000, -
301] region upstream of TSS as the background.dJXia positional distribution of the motif in
the background, we computed the 99% confidence Usiag a simple linear regression. We
considered the number of positional occurrences ohotif inside ak-bases window to be
statistically significant if it was greater thanegual to the threshold correspondingptealue of
0.01 k=1, 5, 10, 15, 20, 25 and 30). Table 5.2 showspttrcentage of our motifs that showed
statistically significant positional bias relatite TSS. For comparison, we also provide the

percentage of 50 motifs from [91] that showed stiathlly significant positional bias to TSS.

Window width, Percentage of our motifs Percentage of others motifs

bases havingp-value of 0.01 or havingp-value of 0.01 or
lower lower

1 97.0% 90.0%

91.6% 88.0%

10 80.0% 76.0%

15 65.2% 72.0%

20 62.5% 52.0%

25 53.4% 52.0%

30 41.0% 44.0%

Table 5.2: Percentage of motifs with positionakli@lative to TSS.
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Chapter 6

Conclusion

The work presented here contributed to both conmmdience and molecular biology. Methods
and tools that we developed facilitated epigersticlies in the human malaria parasite, which is
one of the most infectious lethal diseases knowmamkind. Our work encompasses different
stages of the pipeline analysis of the data prodibgethe next generation sequencing technology:
mapping the sequenced reads to a reference gemtmserjptive and inferential analysis of the

read coverage, and utilization of the coveragenfotif discovery.

6.1 Summary of results

The throughput as well as the accuracy of the sempeereads produced by the next generation
sequencing technology has improved greatly in tast pew years. Our benchmarking of the
representative mapping tools provides biologisth womprehensive insights on which tools will
be best to use depending on the volume of the aathits quality. As the quality of reads
improves and the length of sequenced DNA increates,advantages of tools that use the
Burrow-Wheeler transform will be unmatched becathsse tools are capable of mapping huge
amount of reads to a reference genome extremelyThe increased length of sequenced reads
will significantly affect the efficiency of the té® that use Smith-Waterman algorithm or hash
index table, but will not appreciably change thefquenance of the tools that use the Burrow-

Wheeler transform. The only drawback of the lattls is the small number of mismatches
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allowed in a read, but this limitation can be refeddwith the improvement of quality of the
reads produced.

Whereas most applications do not require mappiitly wdels or with a large number of
mismatches, more specialized applications like Di#iations studies rely on efficient mapping
that allows for indels and a large number of misies. For these applications, tools that use the
Smith-Waterman algorithm are the best options asemt, though their efficiency needs to be
improved. For now, when the accuracy of the seqermmeads is far from ideal, the mapping
tools that use a hash index table allow relativetficient mapping with a large number of
mismatches, which makes these tools the best chkmig®me applications.

Methylation and its regulation role in cell meclsans is one of the most active areas of
research in molecular biology. The bisulfite soditreatment of DNA enables identification of
methylated cytocines with a single base resolutibhe use of next generation sequencing
technologies coupled with bisulfite treatment of ®Macilitates the studies of methylation.
However, existing mapping tools are not equippedmiap bisulfite-treated reads efficiently.
When we started working on the project with the aifrstudying methylation in the malaria,
there were no tools for mapping bisulfite-treatedds. We designed a new highly efficient tool
for mapping bisulfite-treated reads called BRATS@#&ed in Chapter 3) that was used to study
methylation in malaria. BRAT uses specially des@yrignary representation of a reference
genome and reads that does not increase searah apd@llows mapping of reads directly to the
positive strand of the genome. When other toolsaimecavailable for this purpose, we showed
that our tool outperforms the tools for paired-emdpping of bisulfite-treated reads and is
comparable with the best tool for single readslab&e at the time, RMAP-bs. BRAT has certain
advantages over other existing tools: (1) it alighdases of the reads/pairs even though reads or

mates of paired-end reads can have different ler{@hit offers two additional tools for end-

92



trimming of the low quality bases and for nucleeticbunt at each base of a reference genome.
BRAT uses a hash index built on a reference genarneh makes the space usage independent
from the amount of input reads, which can be ardisadvantage as the throughput of the next
generation sequencing machines continues to rigece SBRAT processes chromosomes
sequentially, the total space used by the progsakept relatively small even with large genomes
such as human genome, which makes BRAT suitables®ers who cannot afford computers with
large primary memory.

Mapping reads to a reference genome is only tiseé step in the pipeline analysis. The
analysis of the resulting coverage is used toifatgl new molecular biological discoveries. In
Chapter 4, we showed how coverage from FAIRE andNEAsequencing was used to study
dynamic chromatin structure remodeling of the hunmaalaria parasite. We determined
nucleosome positioning from MAINE coverage and@ssil scores to nucleosomes to evaluate a
nucleosome’s stability in the population of cellge analyzed the nucleosome landscape across
seven time points of the erythrocytic cycle of tpharasite and established that malaria’s
chromatin has essentially only two states, openciosed. Chromatin is open at 18 hours after
blood cell invasion, and it is closed by the endhef erythrocytic cycle (36 hours after invasion).
Only 26% of the malaria’s genome is covered witlcleosomes at 18 hours, while 50% of the
genome is occupied by nucleosomes at 36 hours.héfe dtudied the preferences of different
genomic regions to nucleosomes. Unlike yeast wigesmme is mostly packed in nucleosomes
(80% of the yeast’'s genome is occupied by nucleespmmalaria has nucleosomes
predominantly located inside genes, while promoéerd downstream regions of genes are free
from nucleosomes for most of the erythrocytic cycle

In addition to descriptive analysis, we appliefbiantial analysis to study whether there

is a correlation between FAIRE or MAINE coverage gene expression profiles. We developed
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a variety of approaches to group data to be abl@pfly statistical techniques to measure the
correlations between different data sets. While es@pproaches did not show any correlation
between the coverage and gene expression datappneach showed evidence of a correlation
between certain groups of genes and the degrebrofmatin opening. Finally, we used FAIRE
and MAINE coverage to determine putative centromeggions in chromosomes 9, 11 and 12,
which were previously unknown.

The study of dynamic chromatin structure remodglin the human malaria parasite
produced several interesting observations that wsegl in our project of motif discovery. In
particular, we examined FAIRE coverage surroundingalidated motif from [75] and noticed
that this coverage varies drastically throughoet e¢nythrocytic cycle. Another observation was
that most of the genes had a well-defined enridR&tRE peaks within their promoters, and
while the intensity of the peaks changed acrosstithe points, the locations of the peaks
corresponding to the start codons remained the .sdimese two observations allowed us to
formulate the hypothesis that if chromatin remautgliegulates gene transcription, then the most
likely regions that have motifs are the windowshivitthe promoters with the highest variance in
the FAIRE coverage. We tested this hypothesis heldping methodology foin silico motif
discovery using FAIRE coverage. By restricting tearch for motifs to 151-base windows
within the promoters with FAIRE coverage with thighest variance across time points of the
erythrocytic cycle, we were able to identify a taif144 6 to 8 bases motifs together with their
corresponding target gene clusters. Some of théfansiiowed high similarity to previously
discovered motifs, and 69 motifs showed statidticalgnificant enrichment in at least one
functional gene set. In order to strengthen ouudltgsit would be necessary to validate the
identified motifs using molecular biological assayghich we are considering at the time of

writing.
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Our collaborative research also contributed neawkadge on cytocine methylation in
the human malaria parasite. Our tool BRAT was ueeatiscover thaP. falciparum is methylated
with methylation patterns highly distinct from theethylation patterns of model organisms such
asArabidopsis or H. sapiens. The binary representations of a reference geraodeeads that are
used with BRAT make this tool flexible for adaptatito new requirements: by employing new
binary logic operations, we made BRAT capable décing adenine methylation. The methods
and tools designed in this research can be usddailier organisms and can benefit epigenetic

research.

6.2 Futureresearch

Despite extensive efforts toward the developmentest mapping tools, several computational
challenges remain to be met. The continuous ineredsthroughput of the next-generation
sequencing technologies necessitates that mappwolg adapt to these new capabilities. For
instance, tools like SHRIMP will be extremely sléar the mapping of hundreds of millions of
reads. Therefore, for DNA variation detection, neapping tools of improved efficiency are
needed.

Tools such as Bowtie are the most efficient mappouals in terms of space and time.
However, these tools currently handle only a smalinber of mismatches and do not handle
insertions and deletions. One might profitably exelthe possibility of making these tools
capable of handling a larger number of mismatckeseall as indels.

For methylation detection, we designed BRAT to aséashing index table as the
underlying data structure. Future research mig¥live improving BRAT's efficiency by using

a combination of the techniques proven to be affech speeding up the mapping. For example,
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BRAT can be redesigned to work with the Burrows-\lbe transform and keep binary
representations of a genome in memory to allow aemefficient approach to handling
mismatches than that used by Bowtie. This couldwalh larger number of mismatches in the
reads. Another enhancement of BRAT's flexibility wia be to tailor it work with a wide range of
operating systems. We also want to extend the rahgktforms on which BRAT could run.

Other improvements are also possible for BRAT. Example, BRAT does not map
ambiguous reads, but many applications involveystgdcorrelation of methylation and genomic
locations of SRNA and piRNA that often occur in eap regions of the genome. Therefore it
would be helpful to add the capability of mappingbéguous reads. Moreover, the mapping of
ambiguous reads should be done according to diffesteategies, some of which are the mapping
according to distribution of uniquely mapped reads,according to the distribution of BS-
mismatches in the ambiguous reads, or mappingrém@om location, or mapping using a more
sophisticated statistical model that depends oficgtion at hand.

Finally, BRAT currently does not include any todts analysis of methylation. One
might expand BRAT in this direction. For examples eould add a tool that analyzes methylation
in different genomic regions. Another tool mightabyze the correlation of methylation and
nucleosomes. Other tools could apply statisticahaas to infer correlation between methylation
and genomic locations of piRNA. Ideally, we woukklto turn BRAT into a sophisticated suite
that would permit a full statistical analysis of timgdation.

Future research might expand the analysis of tlbensome landscape in malaria. The
MAINE coverage described in Chapter 4 provides mjusn opportunity to study nucleosomes
fluctuation in a population of parasites across ¢mghrocytic cycle. In the future, we could
develop a methodology that identifies well-posigdnnucleosomes and nucleosomes whose

locations are not stable within a population ofgséies. This future approach could include
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analysis of these positions across the erythroogyide and perhaps the identification of a
possible correlation between stable well-definedemsomes and DNA content (or methylation,
or specific genomic regions).

For motif discovery using FAIRE coverage, one miglok into motifs inside introns and
downstream of the genes. As more data becomesablaifor orthologous species, a more
sophisticated analysis of positional bias of motdkative to TSS and the predicted promoters
could be developed. Our method can be improvedppyyang a more refined selection of target
genes for the motifs using DNA content and/or otinailable information about the genes: GO-

function, gene expression profiles and TSS postion
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