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Abstract

Gendiic recombinaion is an important process tha generates new
combinaions of genes on which naural selection can opeate. As such, an
undestanding of recombination in the human genome will provide indgght into the
evolutionay processes tha have shaped our gendic history. The aim of this thesisis
to use samples of popuktion genetic data to explore the paterns of variation in the
rate of recombinaion in the human genome. To do this| introdue a novd means of
estimating recombinaion rates from popubtion genetic daa The new,
computationdly efficient methodincorporates a modd of recombination hotspots tha
was absent in existing methods

| use samples from the Internationd HapMap Project to obtain recombinaion
rate estimates for the autosomal portion of the genome. Using these estimates, |
demongrate that recombination has a number of interesting relationdhips with other
genome features such as genes, DNA repeats, and sequence motifs. Furthermore, |
show tha genes of differing fundion have s€ignificantly different rates of
recombinaion. | explore the relationship beween recombinaion and specific
sequence motifs and argue that while sequence motifs are an important factor in
determining the location of recombination hotspots, the factor tha controls motif
activity isunknown.

The obsrvation of many relationsips between recombinaion and othe
genome features motivates an attempt to quantify the contibutons to the
recombinaion rate from specific features. | employ a wavelet andysis to investigate
scale-specific paterns of recombination. In doing so, | revea a numbe of highly
significant correlations between recombinaion and other features of the genome at
both the fine and broad scales, but find tha relatively little of the variation in
recombinaion rates can be explained. | condude with a discussion of the results
contained in the body of thethesis, and suggest a number of areas for future research.
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Chapter 1 Introduction

Genetic recombindionis of cruda importance in the process of evolution and
occurs in mog known organisms, induding eukaryotes, bacteria, and viruses. While
mutation generates new gene variants for natural selection to work on, recombindion
ensures tha new combinaionsof genes are generated. A useful source of information
regarding historical recombinaion events can befoundin popuktion genetic data, and
recent advances in sequencing and genotyping technologies have greatly increased the
availability of such data. Given a sample of population daa, paterns of similarities
between different sequences can provide information regarding the genedlogical
history of the sample. However, interpretation of the obsrved patterns can be
problematic withoutan undestanding of the process tha generated the paternsin the
first place. Statistical moddling of the evolutionary process by which the daa was
geneated can therefore provide a useful tool by which paterns of variation can be
undestood.

In this thesis, | am to use popuktion genetic methodsto gan an ingght into
recombination rates with a specific focus on the human genome. In the remainde of
this chapter, | introdue the process of recombinaion and the various methods by
which it can be deected from gendic data. | describe our current knowledge of
recombinaion rate variation in the human genome as obtained from experimental
techniques. | then introdue methods by which recombinaion may be detected in
popuktion genetic samples, and a commonly used modd of popuktion evolution

known as the Codescent. | outlinehow this modd may beused to undestand paterns



of variation in popuktion genetic samples. Findly, | describe a number of existing
methods for detecting the locations of regions with highly elevated recombindion
rates, known as recombination hotspots.

In Chepter 2, | describe a new method for the estimation of recombination
rates from popuktion gendtic data. This method, which can be applied on a genome-
wide scale, improves on existing methodsby incorporating a modd of recombination
hotspots. In Chapter 3, | discuss the performance of this method usng both smulated
and real daasets and find the method to be supeior to an existing method for rate
estimation, butinferior to existing methodsfor hotspot detection. In Chapter 4, | apply
the new rate estimation method to genome-wide daa taken from the Internaiond
HapMap project (THE INTERNATIONAL HAPMAP CONSORTIUM 2007) | congder the
relationsip beween recombinaion and various genome features such as genes,
repeat elements, and sequence motifs. | also investigae whether epigenetic features of
the sequence motifs can explain the locationsof recombination hotspots. In Chepter 5,
awavelet andysisis used to explore influences on recombinaion on a scale-by-scale
basis, and | identify a number of scale specific relationships The conduson of this
thesis is contained in Chapter 6, which outlines the successes and failures of this

andysis and suggests avenues for further research.

The Process of Recombination

Homologousrecombinaion is the process by which a par of honologous
DNA sequences exchange some pottion of their DNA. These are usually located on
two copies of the same chromosome, althoughother smilar DNA molecules may a so

paticipae. Mog current knowledge of the recombination mechanism was origindly



derived from studies in bacteria and yeasts as the short generation times and relatively
small genomes of these organisms allowed mutants with defective recombindion
processes to beisolated and the assodated proteinsto be characterised. More recently,
homologues of these proteins have been discovered in Drosophila, mice and humans
(LicHTEN 2001)

A modd for the process by which recombinaion occurs in eukaryotes was
proposd in 1964 by Robin Holliday (HoLLIDAY 1964) and has subsequently formed
the basis of the generally accepted modd of recombinaion. Holliday@ modd

suggested a nunmber of intermediate stages of recombinaion, as shown in Figure 1.
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Figure 1. The Holliday model of recombination. As indicated, the process begins with a double
strand break (DSB) occurring on one chromosome. Sections of the DNA material immediately
surrounding the DSB are degraded by an exonuclease enzyme, which creates small portions of
single-strand DNA that can invade and bind to the homologous DNA in the other chromosome.
The damageisthen repaired using the other chromosome as a template and a structure known as
the Holliday junction is formed. The Holliday junction can resolve in two possible ways;, Gene

Conversion (7a) and thefocus of thisthesis, Crossover (7b).



The recombinaion process has two possible resolutions known as Gene
Convasion and Crossove. In gene conversion, only a smal amount of genetic
information is exchanged between chromosomes. In humans gene conveasion is
estimated to accountfor approximately 90% of recombinaion events (JEFFREYS and
MAY 2004) However, the amount of material exchanged beween the two
chromosomes (known as the tract length) is as low as 300 base pairs (JEFFREYS and
MAY 2004) Accordingly, gene convasion can leave very little, if any, trace in the
DNA sequence of the generated gametes. Detection of gene convasion events is
therefore a chdlenging problem (GAy and McVEAN 2007; HELLENTHAL and
STEPHENS 2006) Thealternative resolution, crossover, leadsto largetracts of genetic
material being exchanged and hence leaves a much larger signd in the genome. In
this case, all gendtic material beyondtherecombination points is exchanged.

Throughoutthis thesis, | will be concerned only with the process of crossover.
Thereade should note that when used in this thesis, the term @ecombinationCGshould

beundestoodto mean @rossoverQunless otherwise stated.

Experimental Techniques for Detecting Recombination

The rate at which recombination occurs is usuad measured in terms of the
expected numbe of recombinaion events between two lod pe geneation. A
commonly used unit of measurement is the centimorgan (cM), which is defined as a
1% chance that two lod will be separated by arecombination eventin onegeneration.
Two lod are said to be one centimorgan apat if a recombindion event occurs

between them in 1% of meioses on average Theunit is additive, so tha if two lod are
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separated by, say, 200 centimorgans, one would expect to observe 2 recombindion
events between thetwo lod per generation on average

The standad approach to studying rates of recombination across a genome is
to build a genetic map by genotyping a large number of individudsin families. Given
a high enough dengty of markers, it is possible to observe chromosomes in later
geneationstha are recombinant forms of thos in earlier generations By calculating
the number of recombinaion events between markers, it is possible to obtain a
measure for the distance between the lod (expressed in centimorgans). The gendic
map is created by finding the distances beween a set of markers on the same
chromosome, which have ideally been chosen to avoid significant gaps between
markers so as to avoid the inaccuracies tha can occur as a result of multiple
recombination events.

Gendic maps have been congruded for a numbe of organisms. In
eukaryotes, there is a notable uniformity in the total recombinaion map length
regardless of genome size (AWADALLA 2003) The average recombindion rate is
therefore negaively correlated with genome size (Table 1), a patern that extendsover

four orders of magnitudein both recombingion rate and genome size.
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Organism Recombination Genome  Reference

Rate (cM/Mb) Size (Mb)
Human 1.19 3000 (KONG et al. 2002)
Rat 0.6 2750 (JENSEN-SEAMAN et al. 2004)
Mouse 0.56 2632 (JENSEN-SEAMAN et al. 2004)
Maize 0.7 2500 (Fu et al. 2002)
Drosophila 15 123 (NACHMAN 2002)
Arabidopsis Thaliana 4.6 115 (MEZARD 2006)
Caenorhabditis elegans 3.06 100 (BARNES et al. 1995)
Yeast 370 16 (PETES 2001)
HIV 30000 0.01 (JETZT et al. 2000)

Table 1 - Genome Average Recombination Rates in Various Organisms. On a log-log scale, the

above data shows a strong negative correlation, with a coefficient of deter mination of 0.91.

The deCODE Map

Of paticular interest in this thesis is the human genetic map condructed by
the deCODE company based in Iceland (KONG et al. 2002) The deCODE map was
condructed from a large pedigree study of 869 individuds in 146 Icelandic families.
The study used atotal of 5,136 microsatellite markers to observe the produd of 1,257
meioss (of which 628were paternd and 629 maternd).

The deCODE map revealed a high degree of finescale structure in
recombinaion rates. The shorter chromosomes tended to have highe recombinaion
rates than the larger chromosomes, with the average recombindion rates of
chromosomes 21 and 22 (2.06 and 2.11 cM/Mb respectively) beng twice those of
chromosomes 1 and 2 (0.96 and 1.02 cM/Mb respectively). There was also a high

degree of rate heterogendty within chromosomes (Figure 2). Thetotal map length of
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the genome was aso foundto be an average of 1.65 times longe in females than in

males.
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Figure 2. The sex-averaged recombination rate for chromosome 3. The recombination rate was
calculated in a moving window of 3Mb in width. The centromereisrepresented by 'c'. Theletters
‘cd" and 'j" represent recombination 'deserts and ‘jungles respectively, as defined by the authors

of theoriginal paper. Adapted from Kong et al. 2002.

In short, the deCODE map provided aremarkable ingghtinto the properties of
recombinaion in the human genome. However, many questionsremained. While the
resolution of the map (of the order of 1 to 3Mb) was highe than had previoudy been
achieved, it was not high enoughto identify anything more than the broadest features
of recombination rate variation. As will be seen in thefollowing section, other studies

have identified recombinaion rate variation at a much finer scale.
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Sperm Typing

Thefundamenta limitation of pedigree studies is the resolution is determined
by both the marker dengty and the numbe of observable meioses. Even the largest
pedigree studies (such as the deCODE study) do not contain more than afew hunded
individuds, and therefore cannot achieve a recombinaion detection resolution much
bdow a megabase.

An aternaive method, known as spem typing, avoids this problem by
searching for recombinant sequences in the sperm produd of male individuds. As
recombinaion hgppens during spematogenesis, it is posible to obtain many
thousand recombinant sequences from a single individud. In one highly successful
application of the sperm typing method (JEFFREYS et al. 2001) Single Nudeotide
Polymorphisms (SNPs) are used as markers. SNPs are locationsin a DNA sequence
where a single nudeotide - A, T, C, or G - differs between members of a species (or
between pared chromosomes in an individud). For example, if two sequenced
honmologousDNA fragments from different individuds were to reed GGAACTC and
GGAATTC, then we would call a SNP at thefifth base. In this case, we say tha there
isaSNPwithtwo alleles: CandT.

Once aregion of interest has been identified, baiches of DNA from the sperm
of a man showing a high degree of SNP heterozygosty are amplified using the
Polymerase Chan Reaction (PCR). By carefully choosng PCR primers, it is possible
to selectively amplify recombinant sequences above the level of nonrecombinant
sequences. The location of a crossover event can then be determined by typing the

SNPs and comparing to the ancestral chromosomes.
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The achievable resolution is much highe than tha achieved by pedigree
studies, asit is possible to observe the outcome of literally thousandsof meioses from
a single individud. The resolution at which recombingion events can be detected is
therefore no longe limited by the number of observable meioses. The limiting factor
isnowthedensity of available markers (SNPs), and resolutionsof lessthan 0.5kb are
feasible (KAuPPI et al. 2004)

There are however at least two major drawbacks to the sperm typing method.
Firgt, it can only be applied to males. Second, the method is technically chdlenging
and cannot easily be scaled up to cover large regions of the genome. Generally
regions of no more than approximately 200kb have been studied at the highest
resolution (e.g. JEFFREYS et al. 2001), and a region of 2.5Mb has been studied at a
lower resolution (GREENAWALT et al. 2006.

Neverthdess, sperm typing has provided valuable ingghts into the paterns of
recombination in the human genome. Two of the studied regions will be visited
repeatedly in this thesis, so | take the oppotunity to describe these regionsin more

depth here.

The MHC Region

A 216kb region of the maor histocompaibility complex (MHC) on
chromosome 6 has been extensively studied by sperm typing (JEFFREYS et al. 2001)
This study typed 274 SNPs in spem donded by eight unrelated men of North
European ancestry. A further 50 men were genotyped so tha the correlation between
aleles at separate lod could be estimated. Andysis of the recombinant DNA from

sperm revealed tha recombingion events tend to cluger in highly localised regions

15



The rate of recombination in these regions could be hunded or thousnds of times
tha of the surrounding regions and hence these areas were dubbed recombinaion
hotspots.

A total of six hotspots were visible in the MHC andysis (Figure 3). The vast
majority (butnotall) of recombination events observed in theregion occurred in these
hotspots. The rare events outside of the hotspots suggest a recombinaion rate of
approximately 0.04dMI/Mb (JerrFrEYS et al. 2001) which, if correct, would indicate
tha 95% of crossovers occur within hatspots. Furthermore, the recombinaion rate
ove thewhole regionis 0.9cM/Mb, which is very close to the male genome average
of 0.89dVI/Mb and suggests that this region is not atypical in terms of recombination
(although the MHC is highly atypical in other respects). Despite showing large
differences in activity, al hotspots show similar morphology, with an appaently
symmetric distributon having a 95% width of approximately 1 to 2kb. The similar

width of the hotspots suggests acommon process opaating at each hotspot

1000

DNA3 Hotspot 95% Peak Rate

100 DMB2 Name Width (kb) (cM/Mb)

2 0 DNA2 TAP2 DNA1 1.9 04
s Lo __AR_______ over,g | DNA2 1.3 8
v DNA1 DNA3 1.2 100
0.1 DMB1 1.8 1
0.01 DMB2 12 20
TAP2 1.0 8

0 50 100 150 200
kb

Figure 3. Recombination hotspots in the MHC region. Also shown as a thin dashed line is the

male genome aver age recombination rate.
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The MS32 Region

The MHC region described above provided an indght into the paterns of
recombinaion in the human genome. However, the MHC isavery unusia part of the
genome, being generich, and unde intense selection pressures (MEYER et al. 2006)
It was therefore not known if the observed crossover paterns were indeed typical of
the human genome. A second region unremarkable 206kb region of chromosome 1
was therefore selected for study by Jeffreys et al (2005) | will refer to this as the
MS32 region dueto a highly variable minisatellite located towards the 3Cend of the
region, which shares the same name. The study genotyped 200 SNPs in 80 unrelated
men of North European ancestry. Crossovers were detected via sperm typing in seven
men.

Agan, the andysis revedled a number of recombinaion hotspots with
propeaties similar to those ob%rved in the MHC (Figure 4). The high resolution of
this study allowed the identification of two so-called @oubkOhotspots with centres
separated by less than 2kb (the hotspots in question are NID2 and MSTM2).
Furthermore, at least one hotspot (MS32) has appaently left little signd in the
paterns of gendic diversity of the men sampled, despite beng one of the hottest
regionsin the sperm andysis. This was cited as evidence tha hotspots are trangent
features of the genome. If hotspots such as MS32 have evolved recently, then they
may not have had sufficient time to leave their mark on haplotypediversity (JEFFREYS
et al. 2005) This hypohesisis still debatable, but is consstent with the observation
tha recombination rates estimated in humans and chimps show poor correlation

(PtAK et al. 2005;WINCKLER et al. 20095.
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Figure 4. Recombination hotspotsin the M S32 region. Note that the double hotspot in MSTM1 is
clearly visible, whereas the one at NID2 is difficult to detect even in sperm. Also note that the

location of the M S32 minisatellite is shown as a small grey rectangle.

A find observation of note from this study is that three of the hotspots (NID1,
MS32, and MSTM2) showed significant rate variation in different men. This
observation has been used to suppot the hypotesis tha the location of hotspots is
sequence dependent, with differing alleles being assodated with very different levels

of hotspot activity (MYERS et al. 2009.

Detecting Recombination from Samples of Genetic Variation

The experimental methodsconsdered so far have provided excellent evidence
for extensve amounts of rate variation in the human genome. However, both methods
have seriouslimitations Pedigree studies lack the resolution to determine more than
crudest features of rate variation. Convesely, while sperm studies provide excellent
rate estimates at high resolution, they cannot be easily scaled up to provide genome
wide estimates.

An aternaive source of information regarding recombinaion can be foundin
samples of popuktion gendic daa (Figure 5a). In such daa, the nonindgpendence of

dleles alows the allele at onelocus to be informative of the dlee at anothe locus
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This nonrandom assodation of aleles is known as Linkage Disequilibrium (LD).
Summary statistics can be used to investigae paternsin LD. Two commonly used
statistics, DOand r?, are shown in Figure 5b. If fag is thefrequency of haplotypes with
allele A at the first locus and alele B at the second locus fa- is the frequency of
haplotypes with the A allele at thefirst locus and f.g is the frequency of hgplotypes
with the B allele at the second locus then these statistics can be calculated using
equaions (1.1) to (1.3). The DOstatistic (LEWONTIN 1964) is a measure linkage
disequilibrium defined as the difference between the frequency of a two-locus
haplotype and the produd of the component alleles, divided by the mog extreme
possible value given the margind allele frequendies. Alternatively, the r? statistic
(HiLL and RoBERTSON 1968)is the square of the coefficient of assodation of gene

frequenaes between two lod.
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Figure 5. The MHC data, and two commonly used statistics. a) The MHC SNP data from the
Jeffreys et al. (2005) study discussed in the previous section. Shown here are 100 haplotypes.
Each row represents an individual haplotype, with black and white representing the two alleles
at each locus. The original data isin the form of genotypes, so the data displayed here has been
phased using the program, PHASE (STEPHENS and SCHEET 2005). b) Two non-parametric
statistics of the same data (augmented with SNP positions), D' (top left) and # (bottom right).
Each pairwise SNP comparison is represented by a region on the grid, with bright red colours

indicating high values of the statistic and faded colour representing low values.

D=fAB! fA!f!B (1-1)
r2 = fa f!nga! fip (12)
" D .
. ifD>0
Emin(fo fiofu fin)
& i (1.3)
# ' if D<0

ﬁmin(fA!ﬁB'fa!ﬁb)

Recombination events break down the amountof LD between lod. However,
it is undear how such datistics can be directly related to the undelying
recombinaion rate (DevLIN and RiscH 199%). Theefore, perhgps a more

sophisticated approach is to look for paterns in the daa tha could only have been
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caued by recombinaion (and making certain assumptiong. The smplest such
method is known as the four-gamete test (WEIR 1979). Given two bi-allelic lod with
alleles A/B and a/b respectively, there are four possible hgplotypes: AB, Ab, aB and
ab. If al four haplotypes are oberved in a sample, then either a recurrent mutation or
a recombination event has occurred. If we assume an infinite sites mutation modd
(KiIMURA 1969) then only recombination could have generated the observed pattern.

In certain organisms (such as humans), the genome is large and the mutation
rate is sufficiently low tha the infinite sites modd is not an unreasonale
approximation in mog cases. Therefore, applying the four-gamete test to all pairs of
lod in a sample identifies regions where recombinaion mud have occurred.
However, the test has very low power, as very specific conditionsare needed for a
recombination to leave amark in asample (WIUF et al. 2001) An illugrative example
is given by consdering how the power of the method increases with the size of a
sample. A large sample is preferable, as there is a greater chance of sampling rare
haplotypes tha inform about recombinaion. However, the nunmber of detectable
recombination events increases with the log of the log of the sample size (MYERS
2002)

Aside from the four-gamete test, there are other techniques for deecting
recombinaion from popuktion genetic data, many of which are more powerful and /
or sophisticated (for example, MYERS and GRIFFITHS 2003; SONG and HEIN 2005;
WIuF 2002) However, noneis able to detect the mgjority of recombination events.
Furthermore, even if we did know how many recombination events have occurred in
the history of a sample, we still would not be able to infer per-generation

recombinaion rate withou knowing how many generationsthe events span.
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We can learn more aboutthe data by moddling theundelying process. Once a
suitable modd of theundelying process has been condructed, it is possible to use so-
caled Gikelihood methodto perform inference on the recombination rate. In the
next section, | introduce a probabilistic modd known as the codescent. In this modd,

the process by which the sample data was generated is described.

Introduction to the Coalescent

In order to build tractable modds of naural popuktions it is necessary to
make simplifying assumptionstha are amog always unrealistic. One of the smplest
modds of popuktionsis known as the Wright-Fisher Modd (FiSHER 1930; WRIGHT
1931)which makes thefollowing assumptions

¥ Congant Population Size
¥ Randam mating with the possibility of selfing
¥ No migration
¥ No selection
¥ Non-overlapping generations
In this modd, given a popuktion of N hgploid indviduds, the next generation

isformed by sampling (with replacement) from the current popuation (Figure 6).

22



JIAN

Figure 6. The Wright-Fisher population model. The genes making up the next generation are

drawn randomly with replacement from the current generation.

In thesmplest case where there are only two (neutral) segregaing alleles (say,
B and b) in ahaploid popuktion, and no mutation between aleles, the probability that
there are | B aleles in genegation t + 1 given tha there were i in generation t is

binomally distributed:

AR AR

@%g! N% . (1.9

The number of B aleles in generation t + 1 dependsonly on the nunber of

Pr(#B alleles = | ) 5
T alleles = =§(_
J

alelesin thecurrent generationt. Thechangein frequency of thealleleistherefore an
example of a Markov chan. Also, note tha a diploid popubtion containing N
individudsis moddled as a haploid popuktion of 2N individuds.

It is possible to impose a process of mutation on top of the Wright-Fisher
modd by simply alowing each chromosome to mutate between generations with a
small probability, p. That is, a chromosome is passed undianged to the next
generation with probability (1 - ), and with probability g a mutation occurs. If the
mutations are selectively neutral (tha is, they do not influence the probability of
survival into the next generation), then the remainde of the Wright-Fisher modd is

undhangd (Figure 7a).
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Figure 7. An example Wright-Fisher population and the corresponding coalescent tree. a) A
sample Wright-Fisher population with mutation. The original generation is represented at the
top of the figure. Each subsequent generation is generated by sampling from the previous
generation. Mutations occur with some probability, and are represented by changesin colour. b)
The corresponding coalescent tree. As we move back in time, lineages coalesce until a common
ancestor is reached. Mutations are represented by coloured circles. In the coalescent, time is

usually measured backwardsin units of 2V, generations.

Although true popuktions may violate many of the assumptions of the
WrightFishe modd, it is often possible to approximate the behaviour of the true
popuktion usng a WrightFisher popuktion with an effective popuktion size, Ne.
The effective popuktion size gives the size of the Wright-Fisher popuktion tha in
some sense best approximates thetrue popuktion.

The WrightFishe modd does however contain a large amount of
redundancy. If we consde a popuktion evolving over a sudained period of time,

many lineages will die out and therefore contribute nothing to the find popuktion.
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Indeed, a current-day neutrally-evolving popuktion is expected to have a single
common ancestor at 2N generationsin the past (e.g. NORDBORG 2000) Furthermore,
if we obtain a gendic sample, we would like to be able to modd the history of this
paticular sample withoutconsdering the whole population.

The codescent follows from the WrightFisher modd, and provides a smple
stochastic modd for the history of a genetic sample. The codescent was origindly
devised by Kingman (1982) but was also discovered indegpendently on at least two
other occasions (HUDSON 1983a TAJMA 1983) It has since become the dominant
modd for popuktion gendtic andysis.

Consde two chromosomes chosen randonly fromaWrightFisher popuktion
of size 2N.. The probability tha both chromosomes share a common ancestor in the
previousgeneration is smply (2No)™. If such an event occurs, the two chromosomes
are said to have coalesced. If, however, they did not codesce (something tha hgppens
with probability 1-(2No)™), then the probability tha they do so at the second
generation given they did notcodesce in thefirst, is still (2Ne)™ dueto the Markovian
propaty of the WrightFishe modd. The same is also true for all previous
geneations so the probability distribution of the time untl the two chromosomes

codesceis geometric.

" #!l
Pr(coalwceattimet):%gll %% (1.5

The same reasoning can be applied for a sample of size n. The probability of

no codescent events occurring in thepreviousgenerationis
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1 2 n-1\ 2 i
(o)
T L B (1.6)
“ 2N, (2N,)
i
2] 2N,

If we assume tha 2N is large relative to the sample size, then two approximations

can be made First, terms of the order of (2Ne)? can be ignord. Second, the
probability of a codescence occurring in any given generation is small enoughtha a
continuousapproximation to the geometric distributon can be made By rescaling
timein units of 2Ne generations (i.e. t = / 2Ne, Where j is the nunmber of generations),

the probability that no chromosomes have codesced by timet is

n"1Q, H Net
Pr(! >t)= lim + e if
Tom) e (1.7)
0”%'.8%&
=exp' .
) )2££

Hence the waiting time untl the first codescent event is exponentially distributed
n

with rate ( ) :
2

The advantage of the codescent over the Wright-Fisher modd is tha only the
lineages of the sample need be consdered. The Markovian naure of the process
allows redlisations of the codescent process to be efficiently generated usng the

following algonithm.
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Algorithm 1

1. Start withk = nlineages, where nisthesample size.
2. If k=1, finish,

3. Draw arandomwaitingtime !, which is exponentially distributed with

k
rate :
2
4. Choo two lineages uniformly and codesce them, leavingk - 1 edges.

Decrease k by oneand go to 2.

Oncethereisasingle lineage, theMogs Recent Common Ancestor (MCRA) of
the sample is said to have been reached, and the process terminaes. The specific
combinaion of codescent events and times can then be represented usng atree, with
thesamples at thetips andthe MCRA at theroot (Figure 7b).

As with the origind Wright-Fisher popuktion, mutationsare consdered to be
selectively neutral. Neutral mutationsdo not influence the structure of the codescent
tree, and can therefore be considered separately. However, recall that the probability
of a single chromosome experiendng a mutation between generationsin the Wright
Fisher modd was . We have since rescaled time in units of 2N, generations so we
introduce a more appropriate measure of the mutation rate: the populbtion mutation
rate, ! := 4NgL. The popubtion mutation rate can be interpreted as the expected
number of mutations separating a sample of two sequences, since the expected time
until codescence is 2N, and Yl mutationsare expected on each branch where | is the

length of the branch.
LS : .
Recall tha therate of codescence is ¢ where k is the number of lineages.

o3

Likewise, therate at which mutationsoccur alonga single lineageis! / 2, and hence
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the rate at which mutations occur on al lineages is 'k / 2. Thus as we move
backwards in time (and up the genealogy), the probability tha the next event we

encouner isacodescence eventis

)

2] k-l

k +k70_k—1+0' (18)
)

Pr (Coalescence) =

Likewise, the probability that the next eventisamutationis:

k!
Ey !
Pr(Mutation)=#k$2 T '1 I (1.9
! +/
HE S

As mutations do not ater the shape of the genedlogy, it is posible to add
mutations after a genealogy has been generated. Algorithm 1 proceeds with the

following two additiond steps which execute after the genealogy has been generated.

5. For each branch, draw a number, M;, from a Poisson distribution with
intengty I! / 2wherel isthelength of the branch.

6. For each branch, scatter M; mutationsuniformly on the branch.

Thesimulation agorithm has complexity that islinear in n, making smulation

efficient even for large sample sizes (Hubson 1983b).

The Coalescent with Recombination

So far, the codescent process we have consdered contains no modd of

recombination. To incorporate recombinaion, we return to the Wright-Fisher modd.
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Wheresas in the origind modd each chromosome had a single parent, in the Wright
Fisher modd with recombination each chromosome can have two parents (Figure 8).
A recombination event occurs at an individud locus with rate r per geneation. If a
recombinaion event occurs then alocation along the paternd chromosome is chosen

at random and thetwo parental chromosomes recombineat this point.

t

Figure 8. The Wright-Fisher model with recombination. Recombination occurs with some

1

probability. If a recombination event occurs, the recombinant individual chooses two parents and

therecombinant chromosome is generated by recombining at a random location.

Viewed backwardsin time, recombination allows each separate locusto have
adistinct codescent history. When arecombination occurs, it is therefore necessary to
trace the ancestry of both the maternd and paterna chromosomes. Furthermore, the
locationsof recombination events on the chromosome need to berecorded, asthey are
required to determinetheancestry of each specific locus

In the codescent modd of recombinaion, the rate at which recombinaion
events occur is deermined by the popuktion recombindion rate, ", which is
dependent on the rate of recombination per locus per geneation, r, and the effective
popuktion size Ne:

I = 4N, (1.10)
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There are now three posible events tha can occur back in time: codescent
events (combining of lineages), recombination events (splitting of lineages) and
mutation events. The rate at which these three events occur is given by #: for
codescent events, # for recombinaion events and #y for mutation. Given k lineages,
these rates are given by:

Sk
1. (K)=3
()???)

!R(k):%k (1.11)

#K
'IM (k)ZT

The probabilities tha the next event is a codescence, recombinaion or
mutation are given by:

k#l
k#1+1 +"

"

Pr (Recombination) = TELT (112
+! +

!

Pr (Coalescence) =

Pr(MUtation)=W
+1 4+

It is no longe possible to represent an ancestry as a tree as in Figure 7.
Ingead, a more complex graph known as an Ancestral Recombination Graph (ARG;

GRIFFITHS and MARJORAM 1996)is used (Figure 9).
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MRCA k=1

Allele Type 1
Allele Type 2
Non-Ancestral material

Reached MRCA Type 1

Reached MRCA Type 2

Time

Mutation to Type 2

eenl 00NN

Mutation to Type 1

k=3

k=3

Figure 9. The Ancestral Recombination Graph. This ARG contains three coalescent events, one
recombination event, and three mutations. The first event that occurs back in time is a
coalescent, which is represented by the joining of lineages. The next event that occurs is a
recombination event, which is represented by the splitting of a lineage. The process continues
until all sites have reached their MRCA. Lighter colours indicate that the MRCA has been

reached at that site.

Simulation of ARGs is more complex than for codescent trees, especidly in
the case of high recombinaion, as thenumber of lineages can become quite large The

basic algorithm proceedsas shown in Algorithm 2.
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Algorithm 2

1.

2.

3.

As for the

Start with k = n lineages, where nisthesample size.

If k=1, finish.

For k sequences with ancestral material, draw the time untl the
next event from an exponentia distribution with rate k(k 1)/2 +
K'/2.

With probability (k -1) / (k D1 + "), choo® a codescent event.
Otherwise choo% arecombinaion event.

If a recombinaion event, draw a random sequence and a random
location in the sequence. Create two ancestor sequences by
splitting the sequence at the randomnly chosen location. Increase k
by oneandreturn to 2.

If a codescent event, choo® two sequences and merge into one
sequence at a randonly chosen location. Decrease k by one and

return to two.

codescent without recombinaion, neutra mutations can be added

after the geneation of the genedlogy. The method is the same as tha described in

Algorithm 1. The

times and locations of all codescent, recombinaion and mutation

events need to be stored in order to fully describethe ARG.

A possible improvement to the abovealgorithm can be made by keeping track

of ancestral material. In doing so, the efficiency of the algorithm can be improved,

especially for high recombindion rates. If a lineage contains no material tha is

ancestra to the fi

nd popuktion sample, it is no longe necessary to smulate tha

lineage Furthermore, any recombinaion event which occurs outside of the abslute
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boundaies of ancestral material (i.e. in the nonancestral material at the chromosome
end9 has no effect on the find sample and therefore need not be moddled. This can
be achieved by altering therate of recombinaion of a chromosome with non-ancestral
material to propottiond to the sum of material between theleft and right endponts of
ancestral material. When a recombination event occurs, it can only occur within the
left and right endponts of ancestral material. The algorithm tha incorporates this

modd is known as Hudson®algorithm (Hubson 19833.

Calculating the Probability of a Dataset

Given a daaset consisting of genetic samples, D, we would like to perform
inference of the popuktion recombination rate. In order to achieve this, we need to
calculate the probability of obtaining our daa unde an assumed modd. In the
unredistic situaion in which the genealogy tha generated the observed daa, G, is
known, it is possible to calculate the likelihood of the data usng the relative rate at
which events occur. Given the order in which events occurred in the genedlogy, the

likelihoodof the mutation and recombinaion ratesis given by:

L #1e)- $ Ik )+, ((: )) (k)

,kj "k ! r (k )+/ ((: ))+ (k,. ) (1.13)
L (k)
B )
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where j indexes the events and k; is the number of lineages at event ] (MYERS 2002)
Intuitively, the above equdion expresses the likelihood as the produd of the
probabilities of a recombination events, codescent events, and mutations

However, in practice, the genealogy is amost aways unknown. The
likelihood can therefore only be calculated via integration over al possible
genedlogies.

L(0.p|D)=P(D|6.p)=[P(D|G.0,p)P(G)dG (1.14)

Direct calculation of likelihood using the above equdionsfail in al but the
smplest scenarios (see, for example, GRIFFITHS and MARJORAM 1996) due to the
unfeasible number of genealogies which need to be summed over.

An dterndive approach is to use Monte Carlo methods to obtain
approximationsto the likelihood (see, for example, GIVENS and HOETING 2005) The
mog direct approach uses direct Monte Carlo integration, and draws genedlogies by

smulating directly from the codescent prior. Thelikelihoodis now calculated via:
1 M
$OI6!,")P(G)dGT —# P(D|G./.") (115)
i=1

where G; isagenedogy drawn fromthe prior.

However, in practice even this approach gives extremely poor estimates of the
likelihood,as the vast mgjority of the generated genealogies are incompatible with the
data, and hence contribute nothing to the likelihood. Therefore, in order to obtain
usful estimates of the likelihood, further approximations are required.
Approximations can be made to the likelihood calculation or to the codescent itself
(or both). Some of the more popular methodsare discussed in the following section,

with afocusonthe application of recombinaion rate estimation.
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Existing Methods of Recombination Rate Estimation

Importance Sampl ing Methods

An dterndive to the vanilla Monte Carlo integration method is known as
Importance Sampling. This method attempts to make the process of simulating
genedlogies more efficient by only smulating thoe genealogies tha contribute
something to the likelihood. The likelihood may then be calculated by weighting the
contribution to the likelihood by the probability of obtaining the smulated genealogy
from the codescent prior. More formally, | rewrite equéion (1.15) as:

1 ¥ P(G [6,p)
L(6,p| D)1 — Y P(D|G .6, .
(00 1P) 37 3 PPIG-0-2 )55 1o )

(1.16)

Theratio P(.) / Q(.) in the above equdion gives the ratio of the probability of the
geneated genealogy unde the codescent to the probability of the genealogy unde
the generating procedure. The beauty of this method is tha we may use amog any
distribution to generate geneal ogies, subject to certain criteriabeng met (for example,
the sampling distributon, Q(.), mug share the same suppot as the posterior
distribution).

Genedlogies can now be generated via a stochastic heurigtic that ensures tha
all generated genedlogies are compdible with the data. Such Importance Sampling
techniques were first applied to the sampling of genealogies without recombinaion
(GRIFFITHS and TAVARE 1994; KUHNER et al. 1998; STEPHENS and DONNELLY 2000)
and later with recombination (FEARNHEAD and DONNELLY 2002; GRIFFITHS and
MARJORAM 1996)

To peform inference on the recombinaion rate, a likelihood surface is

caculated for a range of ! and " values. This surface may be used to obtain an
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estimate of " either in the Bayesian sense, or a point-estimate may be obtained viathe
maximum likelihoodestimator.

These methods whilst being a significant improvement over thesimple Monte
Carlo integration techniques, are computationdly intractable on all but the smallest
datasets. Furthemore, the recombinaion rate is generally assumed to be condant
across the region. Neverthdess, they have been applied with great success to some
datasets (FEARNHEAD and DONNELLY 2002) and can be consdered in some sense as

thegold-standad at least in the condant rate case.

Approximate Like lihood Method s

As the likelihood of the complete daaset is generdly difficult to obtain,
attempts have been made to approximate the likelihood surface and hence reduce the
computationd complexity. This can be achieved by either removing sections of the
daa which are largdy uninformative of the recombinaion rate (such as low frequency
SNPs), or by splitting thedata into smaller sectiors. In thelatter case, likelihoodsmay
be calculated for substs of the daa, and then combined to form a composte
likelihood If L is the likelihood of region j, then the composte likelihood, CL, is

given by:
CL(p)=]]L;i(p) (1.17)
j
In the mog extreme case, the daa is split into al pars of segregaing sites and the
likelihoodis calculated for each pair. Non-segregating sites are not considered. If Sey

denotes the set of segregaing sites, then the parwise composte likelihoodis defined

as.
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CL(/)=# L (") (1.18)

i.J" Seg
This method was first proposd by Hudson (HubsoN 2001) and subsequently
extended to allow for complex mutation modds (MCVEAN et al. 2002)

Despite the appaent ad hoc naure of this approach, it performs surprisingly
well. It has been informally demondrated tha the maximum composte-likelihood
estimate is correlated with the maximum full-likelihood estimate (MCVEAN et al.
2002) and is a more accurate estimator than many othe methods (SmiTH and
FEARNHEAD 2005; WALL 2000) However, the composte likelihoodhas a number of
undesirable propeties, and is usualy shaply peaked in comparison to the full-
likelihood. There is also no easily interpretable meaning for the composte likelihood
surface. This in turn makes obtaining estimates of uncertainty difficult.

Despite the problems of the composite likelihood, a maor bendit of this
method s tha likelihoodsmay be pre-calculated and stored for any reasonably sized
dataset (about 200 sequences is not unreasonable). Subsequent calculation of the
likelihoodfor a given recombination rate smply involves a repested table look-up and
multiplication opeation (or summation for log-likelihoodg, and hence can be
calculated very quickly on moden computers. This speed of likelihood calculation
allows more complex models of recombinaion rate variation to be consdered. By
fitting a piecewise congant modd, McVean et al. were able to obtain variable rate
estimates (MCVEAN et al. 2004) Furthermore, the method was sufficiently fast that it
could be applied onagenome-wide scale.

The composte likelihood method forms a mgjor pat of this thesis, and will

therefore be congdered in greater detail in Chgpters 2 and 3.
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Approximate Gen ealogy Meth ods

The previoustwo methodshave conaentrated on approximating the likelihood
of a dataset assuming a codescent modd. An alternaive approach is to approximate
the codescent process itself. In one particularly successful method of this type, the
probability of observing a new hagplotypeis conditioned on those previoudy observed
(L1 and StePHENS 2003) This modd is based on the notion tha the new hgplotype
may be congructed as an imperfect mosaic of those previoudy observed. A fast
algorithm can be used to approximate the likelihood of a set of popuktion daa. This
likelihood has generated a great deal of interest, and is commonly referred to as the
@rodud of Approximate ConditiondsOlikelihood or simply the PAC likelihood for
short.

To describethe PAC likelihoodwe start by noting that, given a recombination
map p, the probability of n sampled haplotypes, Hy,E, Hy, can bewritten as:

" (H,|H;")..P(H,|H,,..H,;"). (119

P(H,,...H,|")=P(H,

The conditiond distributionson the right of this equaion are generally unknown, so

we subditute a set of approximate distributions which we denote by $:

P(H,,...H,|$)#! (1,|8) (H,|H;$).! (H,|Hy H, 5 8)  (120)

We dgfinethe PAC likelihoodas:

Hy,..H, ;p) (1.22)

Lypyc (p):” (H1|p)” (H2|Hl;p)---75 (Hn
To caculate $, we assume tha each hgplotype is made up of an impefect mosaic of

previoudy observed haplotypes (Figure 10).
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Figure 10. The PAC scheme. Observed SNPs are shown as black or white circles. Given that the
first three haplotypes have been observed, we construct the fourth haplotype as an imperfect
mosaic of the previous haplotypes, with two possibilities shown here. For example, hya is copied
from h, and h; with a mutation at the fifth SNP. The likelihood of a given mosaic is a function of

the number of recombination and mutation events.

For the initiation of the algorithm, we require the probability of the first
observed haplotype This is calculated by assuming tha each SNP allele occurs with
probability " and is independent of p. Therefore, for S SNPs, the probability of the
first haplotypeis given by:

1 (H)=1/2°. (1.22

The conditiond distribution of Hy:1, given Hy,E, Hy, is now calculated using
the imperfect mosaic structure. Let X; be the hgplotype tha Hy.1 copies at sitej. To
mimic the effects of recombinaion, we modd X; as a Markov chan, with Pr(X; = x) =
1/k. Recombindion is moddled as a trangtion from the hgplotype currently beng
copied to another. Taking d; as the distance between markersj andj + 1, thetrangtion
of X; to Xj+1 occurs with probabilities given by:

ey (%) (1— e'p"d"/k) if x'=x;

Pr(X ., = X|X; =x)= (123

(%) (1— g/ ) otherwise.
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The above equation attempts to capture the idea tha SNPs with only a small
distance between them are unlikely to have a recombination event between them. To

modd the effects of mutation, the hgplotypes are copied imperfectly. With probability
k/(k + !0/) the copy is exact, while with probability !%(k + 19 a GnutationGoceurs. If

Hi; denotes the allele of hgplotypei at Site j then the probability of an alele onagiven

haplotypeand siteis:

: k/(k+§’)+%(§f(k+§/}) H, -a
%(@ﬂmé/}) H, =a

Pr (Hk+l,j = a_‘Xj =XH,..., Hk)

(1.24)

Themutationrate (pe site) used inthe PAC modd, &, isfixed to be

! _O/izli_f( : (.25

However, we do not know the actud undelying mosaic for each haplotype
Therefore, we have to sum over al possible mosaics, or more formally, over al
possible values of X;. The nunber of possible paths grows exponentially with the
length of the sequence, so brute force evaluaion of the equaion is not sensible. An
alternative method, known as the Forward algorithm, has been developed to sum over
all possible states in Hidden Markov Modds (see, for example, RABINER 1989) The
algorithm is applicable to the summation we wish to achieve. The dedails of the
algorithm do not add anything to this discussion, so we omit the details. Neverthdess,
the reader should note tha this algorithm allows us to calculate Lpac in time tha is
linear with the number of SNPs, and quadratic with the number of chromosomes.

A major issueis that the PAC likelihoodis dependent on the order in which

haplotypes are introduced. In prindple, this can be corrected by averaging over all
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possible orderings butthisis generaly not feasible. The origind authors suggest tha
little is ganed by averaging over al possible orderings and recommend tha the
likelihood be calculated by averaging over only a few orderings It is suggested that
20 ordeingsis sufficient (L1 and STEPHENS 2003) as the variability in postion of the
likelihood maximum is small compared to the uncertainty in the recombination
estimates.

Once Lpac has been calculated, it is possible to estimate the recombinaion rate
by taking the maximum likelihood estimate. However, a disadvantage of the basic
PAC scheme is tha the rate estimates exhibit a systematic bias dependent on SNP
dengty. Althoughan ad hoc correction for this bias which is degpendent on the dataset
being andysed was suggested by the origind authors (L1 and STEPHENS 2003) thisis
a broadly unsatisfying solution, asthe correctionisentirely empirical.

Despite this, the PAC schame is known to peform well in many situaions
induding recombindion rate estimation (CRAWFORD et al. 2004; JEFFREYS €t al.
2005; L1 and STEPHENS 2003; WIiLsoN and McVEAN 2006) The PAC likelihoodalso
has the advantage over the composte likelihood scheme of being a @ruellikelihood
Therefore, it can be used not only to estimate recombination rates, but also to give
estimates of the uncertainty of the estimate. Unfortunaely, as the PAC scheme is an
approximation of the codescent modd, the unaertainty estimates could themselves be

inaccurate.

Hotspot Detection Methods

So far, | have only consdered the methods for recombindion rate estimation.

As was outlined earlier, the mgjority of recombinaion events are concentrated in
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hotspots. Much of the information regarding recombindion rate variation may
therefore be obtained by identifying regions tha contain hotspots and a number of
methods have been developad with this aim. The mog successful methods use the
same likelihood schemes described in the previoussection. As hotspots are of interest

in thisthesis, | briefly describe some of these methodshere.

FearnheadOs Method and sequencelLDhot

The mogt computationdly intensve method considered here is Fearnhead@
method (FM; FEARNHEAD and SMITH 2005) The method starts by dividing the region
unde andysis into ovelapping windows containing 6 SNPs. For each region, a
likelihood surface is calculated usng the importance sampling method of Fearnhead
and Donndly described earlier (FEARNHEAD and DONNELLY 2002) The likelihoods

are combined in a composte likelihood manne, but with an additiond term tha

pendises the number of hotspots. If |, (/,) is the estimated likelihood of the i

window, then the pseudo-log-likelihoodof thewhole regionis given by:
S"5
lw (1)=F 1. (!)" Cth (1.26)
i=1

where h isthe number of hotspots in theregion, and C is a congant (generally chosen

to be 16; FEARNHEAD and SMITH 2005)

The method determines the location of hotspots by maximisation of /,,, (p).

This is achieved by a recursively adding the single hotspot tha causes the largest

increase in 1, (p). The method stops when adding an additiond hotspot does not

cause aninceasein I, (/).
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Due to the complexity of the importance sampling step, this method is
relatively computationdly expensve. Each six SNP sub region can take between 10-
20 minutes to evaluae on a modan computer. However, it is one of the more
powerful hotspot detection methodswith power to detect average sized hotspotsin the
region of 65% and a false discovery rate of approximately 2.5% (FEARNHEAD and
SMITH 2005)

A related, but more efficient, method has been implemented in the program
sequenceL Dhot (FEARNHEAD 2006) This method congders a small number (~7) of
informative SNPs around each possible hotspot location. Using the same importance
sampling method, alikelihoodratio is calculated for the presence of a hotspot (with a
rate at least 10 times the backgroundrate) at each location. A hotspotis called if the
likelihood ratio is greater than some arbitrary threshold (the origind paper used a
threshold of either 10 or 12 depending on the situaion). This method, which | will be
usngin Chapter 3, appears to have comparable performance to the origind pendised

likelihoodmethod, but with a subdantial redudionin computationd codg.

LDhot

The LDhot method (MCVEAN et al. 2004) uses the pairwise composite
likelihoodoutlined earlier. To detect recombinaion hotspots, thedaais andysed in a
window of 200kly which is moved 1kb at each step. For each window, the maximum
composte likelihood is calculated for two models: one in which there is no rate
variation in the window, and onein which the central 2kb is alowed a rate greater or
equd to the surroundng rate. A test statistic, which is the log of the ratio of the

maximum composte likelihoodsfrom thetwo modds, is then calculated.
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The distribution of the test statistic unde the null hypothesis of no rate
variation is calculated by simulation of data usng the standad codescent modd. A
total of 1000replicates are used, conditioned on the observed number of samples, the
number of segregding sites, the empirical estimate of the recombination rate, and the
SNP ascertainment strategy. This distribution is used to obtain the significance of the
obsrved test statistic. A hotspot is called in the central region if thereis at least a
fivefold inarease in the local rate, and the test statistic is statistically significant (p <
0.001). When adjacent tests are significant, the hotspot location is chosen to be the
point of highest recombination.

Simulations suggest that LDhot has reasonably high power (~50-60%), and a
very low false postive rate (MYERS et al. 2005) It is also computationdly efficient
and may be applied on agenome wide scale. As such, LDhot has been used to identify
25,000 hotspots in the human genome (MYERS et al. 2005) However, due to the
complexity of the method in terms of parameterisation (paticularly the smulation

step), LDhot has never been released as a stand-alone program.

Hotspotter

The next hotspot detection method tha we consder is known as Hotspoter
(L1 and STePHENS 2003) In this method, successive SNP intervals are tested for
hotspots usng alikelihoodratio test. In each test, the maximum likelihoodof the SNP
interval is assessed unde the null hypothesis (Hp) of no rate variation, and unde the
aternaive hypothesis (H;) of a hotspot located in the SNP interval with rate greater
than the background rate. The likelihoodsin the ratio are calculated using the PAC

scheme, but with a bias correction to account for the dependency on SNP densty.
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Unde standad asymptotic theory, twice the log likelihood ratio is (asymptotically)

distributed as a chi-squae distribution with onedegree of freedom

2ln( Lorc (Hl) X (1.27)

LPAC (H 0 )

The likelihood ratio test can therefore be used to assess the significance of
detected hotspots. If the asymptotic assumption held, then a likelihoodratio greater
than 1.92 would give a false postive rate of 5%. Althoughit seems unlikely tha
asymptotic theory actudly applies, the authors state tha usng the 1.92 ratio threshold
does indexd give false postive rates close to 5%, and hence provides some guidance
as to wha may be consgdered GargeOvalues of the likelihood ratio. Furthermore,
simulationsin simple settingssuggest that with the 1.92 threshold Hotspotter has high
power (~80%) to deect large hotspots (LI and STepHENS 2003) However,
independent usage of Hotspotter in more realistic settingshas suggested tha while it
has good power to detect hotspots, it is also prone to a high false postive rate

(JEFFREYS et al. 2005)

LiDs Method

The find method unde condderation | will refer to as Li@ Method (L1 et al.
2006) This method also uses a pairwise composite likelihood, but with an additiond
weighting. The authors refer to this as the Truncated, Weighted Pairwise Likelihood
(TWPL). Origindly given in alogaithmic form, the nonlogaithmic version of this

likelihoodis defined as:

TWPL(p)= ];[ (£, (0))" (1.28)
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where W is a weight dependent on the separation between the i and j™" SNP. The
optimal choice of wy isundear (FEARNHEAD 2003, so the authors choo to set wi as

follows.

0 otherwise

% ifk<7
w, = (1.29

Thechoice of k! 7 isarbitrary andis madefor convenience.

Having defined the likelihood,the method detects hotspots in the same manne
as Fearnhead@ Method; that is by recursively adding non-overlapping hotspots thet
allow givethelargest inareasein thelikelihood.

Simulationssuggest tha this method achieves power in the region of 60-70%
with afalse postive rate of 0.4 pe Mb. Furthermore, the method uses the composte
likelihoodand is therefore fast enoughto be applied to large daasets. In the origind
paper, the method was applied to 5Mb of daa from the ENCODE project (LI et al.
2006) This methodis computationdly efficient and publicly available (althoughonly
in precompiled executable form). In Chapter 3, | compare the peformance of this

methodto tha of sequenceL Dhot and my new method.

Discussion

The aim of this chgpter was to introdue recombination from a popuktion
gendic pespective. | introdued the process of meiotic recombinaion before
proceeding to describe the experimental methodsby which recombingion rates can be
estimated. | noted tha recombination rates vary over both thebroad andthefinescale,

and described the propaties of recombinaion hotspots. The signaure that is left by
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recombinaion in pdaterns of gendic diversity was discussed, along with some
commonly used statistics. However, relating these paterns to the undelying
recombinaion rate is complex and requires a description of the evolutionay process
that generated them. This leads to the introdudion of a commonly-used modd of the
evolutionay process, the codescent. | described how the codescent could be used to
calculate the probability of observing a given dataset, and how this may be used to
determinetheundelying recombinationrate. | then outlined some successful methods
for both recombination rate estimation and hotspot detection.

In the following chepter, | describe a newv method which both estimates

recombinaion rates, and estimates the location and propeties of hotspots.
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Chapter 2 A New Method for Recombination Rate

Estimation

As described in the previouschapter, statistical analysis of popuktion genetic
data provides an alterndive to experimenta methodsfor estimating recombination
rates. A numbe of methodshave been propased for estimating the popuktion gendic
recombinaion rate (FEARNHEAD and DONNELLY 2001; LI and STePHENS 2003;
MCVEAN et al. 2004;WALL 2000) However, the mgjority of available methodseither
assume a congant recombination rate across the region, or cannot be applied on a
genome-wide scale.

In an attempt to address these issues, afast method was developad by McVean
et al. for the estimation of variation in recombination rates at the fine scale (MCVEAN
et al. 2004) This method distributed in the LDhat program, used a codescent modd
to obtain an approximation to the likelihood of the popubtion genetic daa;
specifically, the parwise composte likelihood was used. Despite the likelihood
approximation, smulations have shown tha the LDhat produces robug and largdy
unbiased rate estimates (MCVEAN 2007; McCVEAN et al. 2002; MCVEAN et al. 2004)
A furthe advantage of LDhat is tha it is currently one of only a few available
popuktion based methodsfor recombinaion rate estimation tha can be applied to
genome-wide samples containing large numbers of chromosomes. The application of
LDhat to large daasets has established tha hotspots are a ubiquitous feature of the
human genome, with between 25,000 and 50,000 expected to exist (MCVEAN et al.

2004;MYERSs €t al. 2005) and has provided a number of indghtsinto therelationship
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between recombinaion and other genome features (MYERS et al. 2005; MYERS et al.
2007;MyERs et al. 2006)

However, no modd of recombinaion hotspots was induded in the prior modd
of LDhat, and hence the true level of heerogendaty implied by the presence of
recombinaion hotspots was not well captured. In this chapter, | describe a
replacement of the LDhat prior with onetha indudes a description of recombinaion
hotspots. By incorporating a hotspot modd, it is expected tha the accuracy of rate
estimates can be improved. Furthermore, the new method can be usd to
simultaneoudy estimate the locations of recombindion hotspots as pat of the rate

estimation procedure.

The Composite Likelihood Revisited

In this thesis, the paameter of primary interest is the popuktion
recombinaion rate p = 4Ner, where Ne is the effective popuktion size, and r is the
map of the sex-averaged recombinaion rate (expressed in terms of expected cross-
ove events per generation pe kilobase between adjacent SNPs). Given a genetic
sample of a popuktion, we would like to make inferences aboutp. To do so, we need
to calculate thelikelihoodof thedaa, P(D | #), where D isthedata (the hgplotypes or
genotypes in our sample) and % represents our modd paameters. However,
caculating the full likelihood of the daa unde the codescent modd is
computationdly prohibitive on all but the smallest of daasets (FEARNHEAD and
DONNELLY 2001) | therefore have adopted a method for calculating an approximation
to thefull likelihood,known as the composte likelihood,which was described briefly

in the previouschapter, and which | describein more detail now.
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The composte likelihood scheme (HubsoN 2001; McVEAN et al. 2002)
congders only pars of segregding sites, or SNPs, in thedaa. For each pair of SNPs,
a codescent modd is usd to caculate a likdihood surface over a range of
recombinaion rates. A pseudo-likelihood is then condructed as the produd of the
likelihoodover al pars of SNPsin theregion under consderation. Compared to full-
likelihood approaches, the required computation is reduced by many ordes of
magnitude making the composte scheme suitable for much larger datasets.

As the first stage of the composte scheme, a popuktion mutation rate is
estimated usng an approximate finite-sites verson of the Watterson estimate
(McVEAN et al. 2002; WATTERSON 1975) Given n sampled gene sequences of length

L, with Ssegregaing sites, the popultion mutation rate per site is estimated usng:

5 (E1 L
& - (27) |n(§). (1.30)

In the second stage, every par of sites with only two alleles are groupeal into
equivaent sets. As an example, suppo® we have five sequences. For one par of
SNPs, the haplotypes are (AA, AT, TA, TA, AA) which have the minor alele 0 Oat
both sites. For a separate par of SNPs, the haplotypes are (GG, CC, CG, GG, CG),
which have the minor alele @Q0at thefirst site, and @Oat the second site. These sets
are both equivalent to the unodered set (11, 10, 01, 01, 11), where O represents the
minor alele at each site. The number of sets is clearly dependent on the number of
sequences and the variability in the daaset. Assuming tha every possible
combindion occurs in a daaset, the numbe of uniqudy identifiable sets scales with
an order of n* (MCVEAN et al. 2002)

Thethird stageisto estimate the likelihoodof each set. Thisis achieved usng

the Importance Sampling method of Fearnhead and Donnély (FEARNHEAD and
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DONNELLY 2001) Informally, a large numbe of genealogies are generated for each
set at the assumed mutation rate usng a stochastic process (and alowing for reverse
mutation), and ove arange of recombinaion rates (a typical rangewould be0 $" $
100). The likelihood at each recombination rate is calculated by averaging over the
importance weights of the sampled genealogies. This method is not usudly tractable
for large daasets dueto the large number of genealogies that need to be generated;
however, by only consdering sets of equivalent pairs of SNPs, the method becomes
practical for datasets containing hundeds of sequences and thousandsof SNPs. In this
way, it is posible to pre-calculate and store likelihood tables for any dataset of a
given numbe of haplotypes.

Findly, given the pre-calculated likelihood surface, we can calculate a pseudo-
likelihoodof the data usng an assumed recombinaion map. To condruct the pseudo-
likelihood,| assume that pars of SNPs are independent of each other (which in reality
they are not). In the origind LDhat implementation, given a vector of recombinaion
rates, p, in which thei™ element gives the recombinaion rate between the i™ and (i

+1)™ SNP, the composte likelihoodis given by:

Pc(D|P)=HP(Du |Pij) (1.31)

1]
where P(Dj; | pij) is the likelihood of the daa a segregaing sites i and j given a
recombination rate of "jj between them (HubpsoN 2001) This approximation to the
truelikelihoodsurface is required to keep the computationd cos down. Neverthdess,
the vast majority of the computationd cog of the composte scheme is contained in
the Importance Sampling section. Fortunaely, likelihood tables have been pre-
calculated for a variety of possible daasets of up to 192 chromosomes, and are

available for download (http://www.stats.ox.ac.uk/~mcvean/L Dhat/).
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A magjor advantage of the composte scheme is the ability to use genotype
data. As only pars of SNPs are considered, genotype daa can be considered by
summing over al possible phases of each SNP pair. In a smilar manne, the scheme
can incorporate missing data B althoughthe efficiency of the algorithm does not scale
well with increasing amounts of missing data and lod with more than approximately
10% of missing data should generally be discarded.

Compared to full-likelihood methods the likelihood surface of the composte
scheme tends to be sharply peaked. However, the maximum-likelihood estimates of
thetwo methodsare well correlated (MCVEAN et al. 2002) Unfortunaely, the peaked
naure of the composte scheme can be unsuitable for use with fMCMC, as the chan
may become stuck in aloca maximum. To compensate for this, the origind LDhat
implementation introduced user-specified ®Mlock pendties) which in some sense
increased the strength of the prior relative to the composte likelihood.

| have taken an aternative approach. | aso foundthat the origind composte
likelihood severely limited the mixing of the method. In a similar fashion to LDhat, |
explored the possibility of usng pendties to strengthen the prior relative to the
composte likelihood. However, choosng suitable pendties was troublesome, as the
suitability of a given set of pendties was dependent on the daaset under andysis. |
therefore informally investigated adaptations of the composte likelihood tha would
in some sense GlattenCihe likelihoodsurface and hence allow the methodto mix well.

Given S SNPs, a suitable dternaive to equaion (1.31) isgiven by:

R (D! ):S‘,'l/#_ P(D,114): (132

Intuitively, the correction can be thoughtof as a correction for the inhaent doubk
couning in the composte likelihood. In the cas of " =", the origind composte

likelihoodis equd to the (S-1)" power of thefull likelihood,dueto each SNP interval
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being conddered multiple times. The (S1)™ roat was therefore chosen as a suitable
correction, althoughit will tend to over-flatten the likelihoodfor small recombinaion
rates.

In order to maintain the computationd feasbility of the method, I do not
consde the contribution to the composte likelihood from SNPs separated by more
than 50 intermediate SNPs. That is | assume P(D;; | "i;) = 1 if |i-j| > 50 and adjug the
root in equaion (1.32) accordingly. The choice of 50 SNPs is arbitrary, but it was
found tha usng larger subsets did not significantly improve the results (daa not
shown). Furthermore, there are both theoretical and empirical studies which suggest
tha limiting the numbe of SNPs may actudly improve the peformance of the

estimator (FEARNHEAD 2003;SvITH and FEARNHEAD 2005)

Obtaining Estimates of the Recombination Rate

So far, | have only consdered how to calculate a pseudo-likelihoodof a given
dataset. | have said little about how to use tha likelihoodto perform inference about
therecombinaionrate. Given alikelihoodcurve, there are anunmber of possibilities to
obtain an estimate of the parameter of interest. For example, in classica statistics, we
may obfain a point-estimate of our parameter of interest by finding the value of the
paameter tha maximises the likelihoodfundion; the so-called Maximum Likelihood
Estimate (MLE). Alternaively, in Bayesian statistics, we may wish to incorporate
information regarding owr prior bdief aboutthe parameter of interest. In this thesis,
the parameter of interest is the undelying recombindion rate p (which may or may

not be condant over the region of study). If P(p) describes our prior bdief about p,
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and P(D|p) is the condtiond probability of our daa given p, we obtain a poderior

distribution on p via BayesCtheorem:

19 o -

Thepogerior describes our updded bdief aboutp having observed thedata. It
isworth noting tha thedenominaor of (1.33) is condant, and therefore:
P(pID)x P(D|p)P(p)=likelihood x prior (1.34)
While in simple situaions we may be able to caculate the pogerior
distribution directly, in many practical situaionswe are unable to do so (for example,
theintegral in (1.33) may bedifficult to evaluate). In such cases, we may resort to a
populr method known as Markov Chan Monte Carlo (MCMC). In brief, a Markov
chan isinitiated usng values drawn at random At each iteration of the method, one
or more of the chain parameters are updated according to a propos distributon. The
proposd paameter values are accepted with certain acceptance probabilities, which
are cho®en so tha the Markov chan explores thetarget (poderior) distributon. In the
populr Metropolis-Hastings algorithm (HASTINGS 1970; METROPOLIS €t al. 1953)
the acceptance probabilities of a move from the current state, p, to anew state, p’, are

given by:

P(D | +3) P(+H)q(+$% +)§
P(D1+) P(+) a(+% +9k

I (+% +3}=min§(i (1.35)

where q(p’%p) is the proposal kernd dendty. The three ratio terms in (1.35) are
referred to as thelikelihood prior and propos ratiosrespectively.

The Metropolis-Hasting algonthm has been applied with great success to
many complex problemsin a wide rangeof fields (GiLks et al. 1996) However, the

algorithm assumes tha the paameter of interest is of fixed dimensondity.
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Consquently, the Metropolis-Hasting algorithm can only be used in situaionswhere
thedimengondity of the parameter is known in advance.

However, in many situaions (induding our own), the dimensondity of the
parameter of interest may not be known a priori. This situaion has been addressed
with the development of Reversible Jump Markov Chan Monte Carlo (fMCMC;
GREEN 1995) In rjMCMC, trandtions are allowed between modds with differing

dimensondity. If p, isthe current state of the Markov chan in parameter spece 1, a
new state ") may be proposd in parameter space 2, usng a number of random

deviates, u. Themoveis accepted with probability:

(58 9-min POLIPLIAL 0., ) &9
R T LI FTOC. | o

Thefind term of (1.36) is known as the Jacobian determinant, which relates
the paametersin space 2 to those in space 1 and therandomdeviates. For many types
of move the Jacobian determinant reduces to unity, and the acceptance probability
therefore reverts to the Metropolis-Hastingscase.

In LDhat, the fMCMC was then used in conjundion with the parwise
composte likelihoodto obtain a pseudo-pogerior estimate of the recombination rate.
The recombinaion rate was assumed to vary in a piecewise-congant fashion with an
exponential prior on therate within a block. Simple Metropolis-Hastingsmoves were
usd to explore the rate estimates within piecewise blocks, and move changepoints.
Reversible jump moves were used to vary the nunber of piecewise blocks.

However, the prior on recombinaion rate variation used in LDhat (i.e.
recombinaion rates varied in a piecewise condant fashion) isapoormodd of thetrue

levels of variation. In the following section, | describe a much more sophisticated
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prior modd (and hence IMCMC scheme), which | will subsquently use to obtain

recombindion rate estimates.

Priors on Recombination Rate Variation

To obtain a pseudo-pogerior distribution on p, the LDhat method imposed a
prior of piecewise-condant structure with constant recombination rate over SNP
intervals and changepoints located only a SNPs. In the new scheme, | maintain a
similar structure for the estimation of background recombination rates, with the
exception tha changepoints are no longe restricted to SNP locations The major
novdty of the method comes from the incorporation of a hotspot modd. | modd
hotspots as shap peaks in the recombination rate with a doubk exponential shgpe
Unda my prior modd, hotspots are uniformly scattered along the andyzed region
with the number of hotspots and ther propeties (such as postion, magnitude and
width) determined as pat of the fMCMC scheme. To illudrate the differences
between the LDhat prior and the new prior, | have generated individud realizationsof
each (Figure 11). | encourage the reader to compare these redlizations of the prior
with the sperm-typing rate estimates of the MHC and MS32 regions described in

Chapter 1.
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LDhat Prior
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Figure 11. Illustration of the priors of LDhat (a) and rhomap (b). Shown here are individual

realisations of a 200kb region. Note the differencein the y-axis scale.

Prior on Background Rate Variation

| am to estimate a piecewise constant rate fundion, over thedaarange[O, L],

where 0 and L are the positionsof thefirst and last SNPs in our datarespectively. The

prior for backgroundrate variationis very similar to tha used in LDhat, butindudes a

small change to encourage spacing beween changepoints. | suppose thee are k

changepoints in the piecewise fundion, with changepoints at locationss where 0 <

s < <E < <L, and tha the recombindion rate takes the value h; on the

subinterval, or block, [s, S+1] forj =0, 1,2, E, k, with s5=0 and s« = L. Given k,

the changepoint locations are distributed as the even-nunber order statistics from

2k+1 points uniformly distributed on [0, L]. The probability dengty fundion is

therefore given by:

(2k+1)

A I (51 =0)(s5 =51 ) (5 =5 (L =5,)

(1.37)
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The advantage of usng this prior over auniform distributionistha small intervals are
pendised, and hence the background rate changepoints are separated
probabiligtically. | define the prior on the number of changepoints, k, as a Poisson
distributon with mean # = min(L, N-2), where L is measured in kilobases. Theinitial
value of k is set equal to the number of SNPs in the data minustwo. Furthe'more, the
initial changepoints are set to be the internad SNP postions but are subsequently
allowed to vary between SNPs.

| definethe prior onthe blodk heights as an exponential distribution with mean

1 h.
plh, )=—exp|-—L|. (1.38)
Agan note tha this is very similar to the prior in LDhat However, whereas LDhat
used this prior to describe al recombinaion rate variation, | am only usng to explain

backgroundvariation. Therefore, the mean rate / is generally much lower in the new

method compared to LDhat

Prior on Hotspots

Hotspots are uniformly scattered over the interval [0, L]. | déefine the tota
contribution to the recombinaion rate by the hotspot as #, which | call the hotspot
heat. | define the morphology of the hotspot to be a truncated doubk-exponential
curve with scale p and | define the width of a hotspot to be the region in which 95%
of the hotspot mass is contained. While | accept tha the doubk-exponential curve
may not reflect the true hotspot morphology, the resolution of SNPs in mog daasets

make the determination of the true morphology impossible. The choice of the double-
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exponential curve is madefor convenience and is congstent with current experimental
data - the true morphology of hotspots is currently undeermined (JEFFREYS et al.
2001;JeFFREYS and NEUMANN 2002)

For efficient implementation, it is important that hotspots only contribute to
the recombinaion map over afinite region. For this reason, | truncate thetails of the
hotspot either at a changepoint, or some arbitrary distance m from the hotspot peak
(at which point the contribution from the hotspot in negligible), as shown in Figure
12. The mass tha would be lost by the truncation of the tails is redistributed
uniformly in the body of the hotspot via afundion &. Note tha thefundion & alows
hotspots to be nonsymmetric. If the maximum allowed width of a hotspot is 2m, the
recombination rate at postion X (5 $ X < s+1) isgiven by:

! # X %|$
h, +—exp' % |

2 ) ll +" (X); max(sj,t-m)&X<min(S' t+m).

j+1°

(1.39)

h;; otherwise

The first term of equdion (1.39) is the contribution from the backgroundrate. The
second term gives the morphology of the hotspot The correction fundion, &, dueto

the maximum allowed width of the hotspotis given by:

(()/0 | max(sj ,t#m) |y |,
- 0 exp)# *dy X <t
) (X):§4u([#max(sj,t#m)) 45 + , (1.40)
( ! D ey
( _ 0O ep)# *dy X.t
( 4,Ll (mln (Sj+1’t + m)#t)min(siﬂ,ﬁm) + I’l ’

60



Implemented Morphology

A

Figure 12. Implemented hotspot morphology. This diagram shows how the implemented
mor phology relates to the double-exponential curve. Note that the mass of the truncated tails is
added to the main body of the distribution. Also shown arefour scenarios demonstrating how the
morphology changes with respect to background rate change points. a) No background rate
change pointsin near vicinity Bhotspot extends to maximum allowed width. b) Background rate
change point in near vicinity to left of hotspot. ¢) Background rate change point in near vicinity
to right of hotspot. d) Hotspot bounded by two change points in near vicinity. Note that the

integral of each hotspot over thetotal width isthe same.

The reade should note that mis a fixed parameter (which can be altered by
the user) and is not estimated by the MCMC scheme. It is indudal so tha the
contribution to the map from each hotspot need only be calculated over a small range
and hence can be calculated efficiently. In genera, the contribution to the map at the
distance m from the hotspot centre is not significant and can therefore beignored. The
shgpe of the hotspot is, however, controlled by the scale parameter, p, which is

estimated by the MCMC scheme. A small p correspondsto a hotspot with a highly
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concentrated peak, whereas a large 1 correspondsto a hotspot with a less concentrated
peak (Figure 13). In practical situaions with m sufficiently large the width of the
hotspot is determined either by the surroundng changepoints, or by the scae

parameter, |, and nat by m.

Effect of the parameter p
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Figure 13. lllustration demonstrating the change in the u scale parameter. Shown here is the
implemented morphology without interference from background blocks. For illustration, | have
used ! =1, and m = 0.8 (which is artificially small as way of demonstration). The reader should
note that the area under each curve is the same b the 4 parameter has no effect on the total

contribution to the recombination map from the hotspot.

The prior on the hotspot scale parameter, ;, is a gamma distribution with

parameters a, and ! ;:
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Pr (1, )= ﬁ(“ e h. (1.41)

The prior on the hotspot hests, #, is defined as a ganma distribution with parameters

'zand(zi

A
Pr(2 )= %(A Y te (1.42)

In the initialization, the number of hotspots is zero. Hotspot postions are
drawn uniformly on the range [0, L]. The prior number of hotspots is given by a
Poisson distribution with mean “ = min(L/T, N-2), where T is the expected distance

between hotspats.

riMCMC Move Definitions

In developing therjMCMC scheme, | was guided by intuitionin the design of
appropriate moves. | therefore do not claim that the choices made are optimal. The

possible fMCMC moves are:
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A. Changetherate of a backgroundblock
B. Moveabackgroundrate changepoint
C. Split abackgroundblock

D. Mergetwo backgroundblocks

E. Changeahotspot heat

F. Changeahotspot scale parameter

G. Moveahotspot

H. Insert ahotspot

|. Delete ahotspot

| now consder each move in more deail in the following section. For each
move | refer to the Qikelihoodratio® which is defined as the likelihood of the data
given the proposd rate fundion divided by the likelihood of the daa given the
current rate fundion. As discussed in the main text, the likelihoodsare calculated

usng an approximation to the codescent likelihoads

MoveA: Changetherate of a badkground blodk

Blodk j is chosen uniformly fromthe (k + 1) backgroundblocks. A new heght
is propod so that 4! =h exp(u) where u ~ Uniform(-", " ). The acceptance
probability is given by:

L P(DI&Yr$ ' h, YhB(#

min}], P(Dl&)hj expj, T (1.43

64



MoveB: Movea badkground rate change-point

Changepoint j is chosen uniformly from the k changepoints. A new postion
is chosen so that sQ= u where u ~ Uniform(s.1, §+1). Either hi1 or h; is altered to hO
with equd probébility so tha thetotal recombinaion map over theregion [S.1, S+1] IS
unchanged. Moves tha imply arate lessthan zero are rgjected. Given histheorigind

blodk height, the acceptance probability of this moveis given by

#op D|&% "h " h% (Sj+1 " S?/)(S?/B Sj,.l)§
S AV GIE) RS ) LR S

MoveC and D: Split a background block / Mergetwo background blocks

Moves C and D are proposd with relative probabilities P(Cy) and P(Dy),

where

P(C,) _min{l,P(k+1)/P(k)} min{ly/(k+1)}
P(Dk) min{l,P(k—l)/P(k)} min{l,k/y}

When proposng a new change-point, a postion, s*, is chosen uniformly over

(1.45)

the region [0, L]. This mug lie within an interval of an existing region, say [s, S+il,
which | refer to asblock j. If themoveis accepted, then the changepoints s*, S+1, S+2,
E, scarerelabdled asS.1, S+2, S+3, E, Sk, With corresponding changes to the block
heght labds. New block hdghts, h® and hQ; are proposd so tha the total
contribution to the map from the backgroundrate over the origind interval [s, S+1] IS
undhanged, as the current estimate of recombination rate is likely to be respectable.

Theconditionistherefore;
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(s* "s, )hjI + (sj+l " s* )h}+l = (sj+l "s, )hj (1.46)

A perturbaionis defined so that

h' -
.]:'l — 1 u (147)
h; u
where u ~ Uniform(0,1). Subdituting gives
h o uh (54! s,)
b ou(strs )+ (1 u)(s., ! s*)
(1.48)

_ (1! U)hj (Sj+1! Sj) _
i+1 U(S*! s, )+(1! u)(SJ-+1! S*)

Note that the hotspots remain undchanged. The acceptance probability of the Split

moveis given by:

‘(’/OP(D| A" (ak+6) (s*$s, )(s,. $5%) ™)' p(D,, ) (heH+ H)&
min {1 -

(PO )rLk+1)  (s.8s) € PE) h >+
(1.49)

For the reverse move of removing a changepoint, changepoint j is chosn
uniformly from the k changepoints. We merge the block to the left of the change
point, blodk j-1, with the block to the right, block j. To do this, block j is removed,
and a new rate, hQ)y, is proposd for blodk j-1 over the region [s.1, S+1]. In order to
achieve detailed bdance, the calculations of the Split move mug bereversed to obtain
h@l:

(CRET) LN CHEEY L CRECE) L 7 (1.50)
The acceptance probability of the Mergemoveis given by:
P(D|®) oLk (Sj+1 — - 1) et P(C.) K.

’P(D‘Q)y(4k+2)(sj_sj—l)( Sjv T ) Chaon e P(D) (h +h)
(1.51

min |1
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MoveE: Changea hotspot heat

Hotspoti is chosen uniformly from the K hotspots. A new hesat is proposd so

tha !'=! exp(u) where u ~ Uniform(-" , "). The move is accepted with
probability
DI' &( " "k gy
m1r1+1 ( i ‘9( & p 9,. (1.52
NICIDE | Op

MoveF: Movea hotspot

Hotspoti is chosen uniformly from the K hotspots. A new postionis proposd
so tha tH = t; + u where u ~ Normal (0, ) £9). The move is rejected if the proposd
hotspot postion is outside the range [0, L]. Othewise, the acceptance probability is

given by

L P(DI$H

min /5 P(D B )( (.53

MoveG: Changea hotspot scale parameter

Hotspoti is chosen uniformly from the K hotspots. A new scale parameter is
proposd so tha pd= pexp(u) where u ~ Uniform(-" , " ). This moveis accepted with

probability
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# % 9% @ 0P
P(DI&% k' ) 1S

min *1,

y - py " '
5 P(DI&) w7 0 " It

(1.54)

MovesH and I: Insert a hotspot / Delete a hotspot

MovesH and | are proposd with relative probabilities P(Hk) and P(I), where

P(H,) _minfL.P(K +1)/P(K)} _minfLo/(K +1)}
P(r,) minfLP(k-1)/P(K)}  min{LK/w}

(1.55)

The postion of a new hotspot is chosen uniformly on the region [0, L]. The

heat and scale is drawn from the prior. The acceptance probability is given by:

PO 1 P(l)H
TREPD9%) (K1) P(H,))

(1.56)

For the corresponding ddete move, hotspot i is chosen uniformly from the K
hotspots. The acceptance probability is given by

P(D|®)K P(Hy.,)

in |1
i "P(D|®)w P(I;)

. (157)

Prior Parameter Choices

In total, there a seven prior parameters and one fMCMC move parameter
(Table 2). | have attempted to parameterise the modd for human daa by usng the
sperm andysis of the MHC and MS32 regionsas guidance (Figure 14). However, as
the available daa from spem studies is relatively spase, | make no clam that

parameter values are optimal. The hotspot prior parameters # and 1 were obtained by
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usng a maximum likelihood method to fit a ganma distribution to the hotspot
propeties estimated via spem typing (see Figures 3 and 4 in Chgpter 1). The
expected contributon to the recombingion map from a hotspot usng these
paameters is " = 32.1, and an expected width of 1.5kb. The expected distance
between hotspots, T, was set to 50kb, which would give atotal number of hotspotsin
the human genome as 60,000Din linewith previous predictions(MYERS et al. 2005)
The background rate paameter was selected to give an average recombinaion rate
approximately equd to the genome-wide average. The m parameter was chosen to be
sufficiently large (5kb) tha the remaining contribution to therecombination map from
thetails of the hotspotis generally neggligible. The randomdeviate parameter, ) ¢, was
selected to provide adequae mixing of the MCMC. In this thesis, the parameters in

Table 2 should beassumed unless otherwise stated.
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Figure 14. Prior Distributions. a) Prior distribution (black) and empirical distribution estimated

from sperm typing data (grey) for the hotspot mass parameter, # b) Prior distribution and

empirical distribution estimated from sperm data for the hotspot scale parameter, u. c) Prior

distribution (solid line) for the mean background rate parameter, /. Also shown is the maximum

background rate estimated in sperm data from the MHC and M S32 regions (dotted line).
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Prior Description Default Value

Parameters
! Mean backgroundrate. 0.05/ kb
I, Parameters for hotspot scale prior. 23984, 0.010488
1", Parameters for hotspot hegt prior. 0.61248, 52470
m Maximum distance allowed for hotspot map 5kb
conftribution.
T Expected distance between hotspots. 50kb
! Standad deviation of Normal distributon 1.0kb

used to generate randomdeviates.

Table 2 - Default parameters of the new method. All of these parameters may be altered by the

user if required.

Properties of Mixing and Convergence

Having defined the rfMCMC scheme, | now informally consde the
convagence and mixing propeties of the chan. It was not expected tha mixing
would be an issue with this scheme, as the composite-likelihoodis so weak (inded B
the origind motivation for correcting the composte-likelihood was that it would
improve the mixing propeties). This weakness of the likelihood leads to inflated
move acceptance rates (30-90%), which would generaly be considered problematic
for true likelihood MCMC schemes, as it would be indicative of the chan not full

exploring the pogerior distribution. However, it would appear tha this is not the case
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here and the chan appears to both mix and converge well. To demondrate this, |
simulated a daaset containing three modeaately sized hotspots towards the centre of
the region. Figure 15 shows two chans with different starting conditions run for a
total 25,000 iterationsusng this simulated daaset. Thefirst chan was started from a
very low recombingion rate of " = 0.001/ kb, whereas the second chan was started
with avery high rate of " = 10/ kb. It can be seen that the chansrapidly conveage
towards a common distributon and subsquently mix well. This small simulation

suggests that the chans have conveged after approximately 5,000 to 10,000

iterations
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Simulated recombination rate profile
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Figure 15. Convergence and mixing of the Markov chain. Top plot indicates the true simulated
recombination rate (blue), with SNP positions shown as red marks. The central and lower panels
show individual samples of the chain as heat plots over 25,000 iterations, with earlier samples
being towards the bottom of the plot. Red indicates a high recombination rate estimate, and blue
indicates a low recombination rate estimate. The central panel shows a chain starting at a very
low recombination rate, and the lower panel shows a chain starting at a very high recombination

rate.

As a further demondration of convegence, Figure 16 shows two chans
running on the same daaset (again started from low and high recombinaion rates
respectively) tha have been alowed to bum-in for 50,000 iterations before samples
were taken. Each plot shows 500 samples of the cumulative recombinaion map taken
from the following 50,000 iterations The chans appear to have conveged, and are

mixing around a common value While these two examples suggest the chan
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convages relatively quickly, | generally discard at least 100000 iterations when

usngthemethodto andyse real daasets.

Low Start Very High Start
500 . : - T . - - : v 500 . . : v —
450 4 450
400 - 1 400
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300 - 300 = ———

250 — = 250

200 - 200

150 150
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Figure 16. Mixing of the chain after convergence. Shown here are samples of the cumulative
genetic map from two chains started with very different starting points. The left hand plot shows
samples taken from a chain started with a very low recombination rate, whereas the chain in the
right hand plot was started with an extremely high recombination rate. Both chains wer e allowed
to burn in for 50,000 iterations. Samples were then taken every 100 iterations for a further 50,000
iterations. Earlier samples are shown in grey with later samples shown in shades of red. The

average of the samplestaken from each chain is shown as a black line on each plot.

Discussion

In this chapter, | have described the composite likelihoodin further detail. |
have also introduced a modified version of the composte likelihood, which corrects
the ovely pesked naure of the origind composte likelihood (but leaves the
maximum estimate unchanged). | then described the detail of a new method by which
recombinaion rates may be estimated usng the modified composte likelihood.

Unlike previous methods the new method includes a modd of recombinaion
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hotspots, the parameters of which were estimated from hotspots characterised in
sperm studies. The method uses a fMCMC scheme to explore the multidimensond
gpace tha describes the underlying recombindion rate variation. | demongrated tha,
when usng the parameters estimated from sperm typing daa, the chain both mixes
and conveages well.

The new method has been implemented in the program rhomap, which has
subsequently been induded in the LDhat package (AuToN and MCVEAN 2007) It is
expected that the induson of this hotspot modd will alow the method to provide
more accurate estimates of the recombination rate than thos obtained from the
origind LDhat implementation. In the next chapter, | assess the peformance of

rhomap as both arate estimation tool and a hotspot detection tool.
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Chapter 3 The Performance of rhomap

In this chepter, | assess the performance of the new method, which has been
implemented in the program known as rhomap. The method is assessed usng
smulation studies tha aim to test the method both as a recombination rate estimation
tool, and as a hotspot detection tool. After the smulation studies, the method is

demongrated usng human datasets from theMHC and MS32 regions

The Performance of rhomap on Simulated Data

To investigate the performance of rhomap, | carried out a number of separate
simulation studies designad to measure the performance in different situaions In the
first study, | smulated daa with a constant recombingion rate. The second study
congsted of simulated daa generated with a randomly chosn and variable
recombinaion rate. In the third study, | simulated daa usng three fixed
recombination maps with individud hotspots of differing magnitude The remaining
studies were designed to test the performance of rhomap usng data with a low SNP
dengty or unknown hgplotypes. For these studies, | generated data usng a fixed
recombinaion map with three hatspots clugered at the centre of theregion.

Each study simulated daasets containing 100 haplotypes of 200kbin Iength.
Data was smulated usng the fin program (AutoN and MCVEAN 2007; MCVEAN et
al. 2002) which is based on Hudson agorithm (Hubson 1983g. The smulation
popuktion-scaled mutation rate per base was chosen to be 3.86x10%, which gives 400

expected segregding sites (see equdion (1.30)).
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In al smulation studies, rhomap was run for a total of 1,100000 iterations
which induded abum-in of 100000iterations Samples of the chain were taken every
100iterationsafter the bum-in. For comparison, the daasets were also anaysed with
the LDhat (version 2.0) method usng 10 million iterationsand a block penalty of 5
(as used by JEFFREYS et al. 2005; MYERS et al. 2005) With these parameters, the
computationd cos of the two methodswas approximately equd. Using a 1.8Ghz
persond computer, both methodstook about 17 minutes to andyse a typical dataset
from the smulation studies (althoughthisis usng pre-calculated lookuptables, which
can take many hours of computer time to generate). However, it should be noted tha

rhomap scales less favourably with the number of SNPsthan LDhat

Simulation Study A

| smulated 100 datasets usng a fixed recombinaion rate of " = 0.5 / kb,
giving a total recombinaion map length for the region of * = 100. In this study,
rhomap tended to dightly overestimate the total map length, with LDhat estimates
being less biased (Figure 17a, b). The average estimates of " / kb were 0.58 for LDhat
and 0.65 for rhomap (Figure 18a). The upwards bias in the rhomap estimates is
caused by the weakness of the flattened composte likelihood relative to the prior
allowing the method to insert spurioushotspots. However, as will be seen in the next
simulation study, the upwards bias primarily affects estimates of background rate

variation and is less of a problem in the presence of hotspots.
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Figure 17. Deviation of the estimated total ! from the simulated value. Rate estimates from the

constant rate simulations (Simulation Study A) using LDhat and rhomap are shown in (a) and (b)

respectively. Rate estimates from the variable rate simulations (Simulation Study B) using LDhat

and rhomap are shown in (c) and (d) respectively.
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Figure 18. Average recombination rate estimates from 100 simulated datasets. (a) Results from
Simulation Study A with a constant recombination rate. (b) Results from Simulation Study C
with an active central hotspot. Rate estimates from LDhat and rhomap are shown as thick red
and bluelines respectively. The smulated recombination profile is shown in black. The 2.5th and
the 97.5th per centile of the estimated rates are shown in faded colours. Note that for clarity, the
constant rate simulation estimates are shown on a linear scale, whereas the hotspot simulation

estimates are shown on a logarithmic scale.

Despite the upwards bias of the mean estimates, the coverage of the rhomap
estimate is better than that of LDhat Consdering the rate estimates between SNPs,
the 2.5 to 975 percentiles of LDhat estimate contain the true rate 52% of the time,

whereas those of rhomap contain thetrue value 83% of thetime.

Simulation Study B

This study was designed to assess the performance of rhonmap usng randomy
smulated variable recombinaion maps that included hotspots. | smulated 100
datasets using recombinaion maps generated from our prior on recombinaion rate
variation. The expected number of hotspots pe ssimulation was four, each with an

expected width of 1.5kb (where thewidth is defined as theregion in which 95% of the
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hotspot mass is contained) and an expected contribution to " of 321. Thus the
expected total recombinaion distance for theregion of " = 1386.

To assess the peformance of two methods on the variable rate datasets, |
agan consdered thetotal " estimate over theregion (Figure 17c, d). By this measure,
both methodsshowed smilar performance, with LDhat estimating an average " over
theregion of 1159, and rhomap estimating an average of 12185. However, the two
methodsbehaved differently as the simulated rate varied (Figure 19). LDhat producd
relatively unbiased estimates at both high and low rates, but exhibited more bias at
intermediate rates. Furthemore, the LDhat estimates showed a high amount of
variance, which was dueto the high level of noise in the estimates at the fine scale.
Convesealy, rhomap tendal to overestimate at low rates (in a similar manne to the
condant rate simulation study), with performance improving at intermediate to high
rates. The rhomap estimates also showed significantly less variance than those from
LDhat Thecorresponding redudion in noise relative to the LDhat estimates improves
the correlation coefficient between the estimated rate and the smulated rate over each
SNP interval (Figure 20). Compared to LDhat, the rhomap estimates were amog

universally better correlated with the simulated rate.
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Figure 19. Results from Simulation Study B. Scatter plot of simulated rate versus estimated rate
for LDhat (a) and rhomap (b). Each point represents an estimate of recombination rate between

two adjacent SNPs. A 250 point moving average is also shown.
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Figure 20. Results from Simulation Study B. Correlation coefficient between the log10 estimated
rate and the log;o simulated rate for 100 datasets, as measured over SNP intervals. The
correlation coefficients obtained using rate estimates from LDhat are shown on the vertical axis,

and the coefficients obtained using rhomap are shown on the horizontal axis.

As with the congant rate smulations the sample distribution of the rhomap
estimate was more likely to contain the true rate than tha of LDhat Agan

consdeing the rate estimates between SNPs, the 2.5 to 97.5 percentiles of LDhat
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estimate contained the true rate 32% of the time, whereas those of rhomap contained
thetruevalue 93% of thetime.

A ussful bendit of rhomapis tha it may be used as a hotspot detection tool.
Theindugon of a hotspot modd in therate estimation procedure allows the locations
of hotspots to be sampled from the Markov Chain. To deermine the location of
hotspots, | calculated the average nunber of hotspots pe sample between each
adjacent par of SNPs and divided by theinter-SNP distance (measured in kilobases).
| cal this statistic the pogerior hotspot dengty (although technically it should be
called the pseudo-pogerior hotspot dendty to emphasize the use of the composte
likelihood) | then identified hotspots as regions where the loca maxima in this
statistic were greater than some arbitrary threshold (Figure 21). In this smulation
study, | called a @etectedChotspot as correct if the estimated pesk in pogerior hotspot
dengty is within 1.5kb of atrue hotspot peak. Otherwise, the hotspot was considered
to be a false postive. This study suggested tha a suitable threshold was 0.25, which
gives a deection power of approximately 50% and a false discovery rate of 4%. |
have therefore used this threshold in subsequent andyses. As | will show later, usng
rhomap as a hotspot detection tool is not as powerful as other methods(FEARNHEAD
2006; L1 et al. 2006; L1 and STePHENS 2003; MCVEAN et al. 2004) However, it is
capable of identifying candidae hotspots with alow false discovery rate as part of the
rate estimation procedure, and therefore is useful for identifying paential hotspot

locations
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Figure 21. Results from Simulation Study B. Using rhomap as a hotspot detection tool in the
variable rate simulation study. This plot shows the power of rhomap to detect recombination
hotspots (thick line) and the false discovery rate (thin line). Hotspots were called if the average
number of hotspots per sample per kb at a local maxima was above the threshold shown on the
horizontal axis. The hotspot was considered to be correctly detected if it was within 1.5kb of the

location of a simulated hotspot. Otherwise, the hotspot was considered a false positive.

Simulation Study C

In this study, | generated 100 daasets for each of three recombinaion maps
Each recombinaion map contained a single recombingion hotspot of differing
magnitude at the centre of the region. The three hotspots used contributed " = 80,
22.13and 6.07 to therecombination map, and | subsequently refer to these hotspots as
the strong, modeate and weak hotspots respectively. The hatspots al had a width of
1.5kb and fixed backgroundrate of " = 0.05/ kb.

Theresults of the strong hotspot simulation study are shown in Figure 18b. As

in Simulation Study B, it is clear tha rhomap tended to overestimate the background
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rate (and agan this is mog likely dueto the weakness of the composite likelihood
relative to the prior alowing the insertion of spurious hotspots). However, rhonmap
producd a significantly smoother signd than LDhat as can be seen from the range of
the estimates. Both methodsare consistently able to resolve the hotspots in all three
cases. Using rhomap as a hotspot detection method, and applying the 0.25 threshold
from the previoussmulation study, | foundtha 61% of the hotspots were detected in
the weak hotspot study, 69% were detected in the modeate hotspot study, and 91%
were detected in the strong hotspot study. Out of the 300 simulations | counted a total
of 11 false postive detections(4, 6 and 1 false detectionsin the weak, moderate, and
strong hotspot simulations respectively), which equaes to a false postive rate of
approximately one pe 5Mb. However, ndthe method performed well at estimating
the peak rate of the hotspot (Table 3). Thisis perhgosnot surprising, as onae a hotspot
becomes sufficiently large, the data either side of the hotspot becomes (essentially)
indgendent; hence distinguishing between hotspots of different sizeswill bedifficult.
Despite this inaccuracy, both methodsgenerally estimated a total map length within a

factor of two of thetruth.

85



Region Hotspot Hotspot Estimated Peak Rate Estimated Map Length

Map Contribution | Peak Rate | (mean, lower quartile, | (mean, lower quartile,

Length to Map (" / kb) upper quartile) upper quartile)

") ") LDhat rhomap | LDhat rhomap
Strong 100 80 179.7 27.0, 304, 76.8, 77.0,
Hotspot 17.8,34.2 | 19.5,38.7 | 65.6,87.9 | 66.6, 85.6
Moderate 42.13 22.13 64.2 15.5, 16.6, 494, 554,
Hotspot 7.8,22.0 73,242 | 35.0,58.7 | 42.4,66.5
Weak 26.07 6.07 32.1 9.3, 8.7, 30.3, 36.5,
Hotspot 5.2,12.6 35,110 | 22.9,34.7 | 28.2,40.6

Table 3BSummary of method performancein Simulation Study C.

Simulation Study D

This smulation study was designal to assess the resolution of rhomap, and
investigate how this affected by SNP dendty. Specifically, | was interested in the
ability of rhomap to distinguish closely spaced hotspots. | generated 100 daasets with
three hotspots contained within a 20kbregion at the centre of the smulated map. The
contribution to the map from each hotspotwas" = 26.7 and thebackgroundrate was "
= 0.05 / kb, giving a total map length of approximately " = 100 As before, the
hotspots had awidth of 1.5kb.

To assess how SNP dendty affects the performance of rhomap, | artificialy
thinned the data usng two separate methods In the first method, | removed a
propottion of SNPsin a uniformly randommanne to give an average SNP dengty of
1 SNP / kb. In the second method, | randomy removed SNPs in a frequency

dependent manne. The probability tha a SNP was not ddeted from the data was
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1-e¢# , where f istheminor allele frequency, and B is a congdant. The congant B was
cho=n as 20In(2), so tha the SNPs with a minor allele frequency of 5% had a 50%
chance of being retained in the daaset. In practice, this scheme reduced the average
SNP dengty to approximately 1.2 SNPs per kilobase, which is smilar to tha obtained
by thelnternaiond HapMap Project (2007)

| first congder the cumulative map estimates of rhomap, compared to those
from LDhat (Figure 22). For all three datasets, the average estimated map length from
LDhat is more accurate than tha from rhomap. However, as with the previous
simulation studies, the variance in the rhomap estimate is smaller than the LDhat

estimates.
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Figure 22. Simulation Study D. Rhomap cumulative map estimates around a cluster of hotspots,
averaged over 100 replications. a) Unthinned dataset, b) Dataset randomly thinned to average
SNP density of 1 / SNP per kb, c) Dataset randomly thinned depending on Minor Allele
Frequency. The estimates from rhomap are shown in blue, whereas those from LDhat are shown

inred.

| assessed the performance of rhomap via its ability to detect the three
hotspots (Figure 23). In the unthinned daasets, rhomap was generaly able to detect

the hotspots on the edges of the cluger, but had lower power to detect the hotspotin
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the centre of the cluger. Applying the 0.25 threshold from Simulation Study B would
give adeection power of 60%, 34% and 59%for theleft-hand, central and righthand
hotspots respectively, and 5 false postives. At least one hotspot was correctly

detected in theregion 89% of thetime.

Power in Unthinned Data Power in Randomly Thinned Data Power in Frequency Thinned Data

0 0.1 0.2 03 0.4 0.5 0 0.1 0.2 0.3 0.4 0.5 0 0.1 0.2 03 0.4 0.5
Threshold Threshold Threshold

Figure 23. Simulation Study D. Power of rhomap to detect hotspots within a cluster. a) Unthinned
dataset, b) Dataset randomly thinned to average SNP density of 1 / SNP per kb, c) Dataset
randomly thinned depending on Minor Allele Frequency. Hotspots were deemed to be correctly
detected if the estimated peak was within 1.5kb of the true peak. Estimated hotspots not within
1.5kb of a true hotspot were deemed to be false positives. The power to detect the left, central and
right hotspotsis shown in red, green and blue respectively. The False Discovery Rate is shown in

black.

By compaison, rhomap peformed pooly when the uniformly randomly
thinned dataset was used. The power to detect the hotspots was heavily reduced.
Using the 0.25 threshold gave a detection power bdow 10% for all hotspots, with at
least one hotspot being correctly deected within the region 17% of the time.
However, nofalse postives were recorded.

For the dataset thinned depending on the minor alele frequency, the
performance of rhomap was the intermediate of the previoustwo cases. The power to

detect the two exterior hotspots was approximately 48%, and the power to detect the
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central hotspot was 18%. However, there were 14 false postives. These seemed to be
largdy aresult of the lower SNP dengty not allowing rhomap to resolve the hotspot
peak within 1.5kb of the truth. If we account for the low SNP densty by calling
correct detection if a hotspotis called within 2.5kb a true hotspot peak (as apposed to
the 1.5kb used in the previousstudies), then the power to detect thethree hotspots was
53%, 18% and 51% respectively, with 5 false pogtives. At least one hotspot was

correctly detected within theregion 79%of thetime.

A Comparison of rhomap to Other Hotspot Detection

Methods

| wanted to compare the performance of rhomap as a hotspot detection tool to
tha of othe methodsspecificaly designed to detect hotspots. | origindly planned to
compae rhomap to four other methods namely LDhot (MCVEAN et a. 2004)
Hotspotter (LI and STtepHENS 2003) HotspotFisher (L1 et al. 2006) and
sequenceL Dhot (FEARNHEAD 2006)

It was not possible to use the first method, LDhot, as the program has not been
released either as source-code or in a precompiled form. This is unfortunade, as
published results would suggest tha LDhotis oneof the more powerful methods

The second method, Hotspotter, is publicly available both as precompiled
binaries and origind source code However, | fourd the running time of Hotspotter to
be surprisingly long. While the program could andyse small daasets within a few
minutes, the time taken did not scale well with the size of the daaset. For daasets of

the size of thos in the smulation studies outlined earlier, Hotspotter had not
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completed thefirst iteration of the andysis after gpproximately 8 hous ona 2.0 GHz
computer, and theandysis was therefore abandonel.

Thethird method was tha of HotspotFisher. This methodis only available in
a precompiled form. However, | have found the program to be quite troublesome,
with the program often crashing. The problem seemed to be tha HotspotFisher is
extremely sengtive to deviationsin therequired inputfile format. As the source code
is unavailable, it was very difficult to diagnos the exact problem. Neverthdess, it
was possible to run Hotspotrisher (albat with some difficulty).

| was able to run the find method, sequenceLDhot, without problems and
foundit to complete in reasonéable time. This method appears to be quick enoughto be
used on agenome-wide scale. Indeed, as LDhot has not been made publicly available,
it would seem to be sengble to consder usng sequencelL.Dhot in future large-scale
studies of recombination.

| have theefore compaed the peaformance of HotspotFisher and
sequenceL.Dhot to rhomap. To do this, | have used the daasets from the hotspot
cluger study (Simulation Study D).

For HotspotFisher, | used the default parameters as recommended by the
authors. | ran sequenceLDhot udng the same parameters as the origind pgper
(FEARNHEAD 2006) Specifically, the number of runswas 15000,with a minimum of
300 iterationsper hotspot Three " driving values were used. A congant background
of " = 0.05/ kb and pe-site! = 0.001 were assumed (both of which approximately
match the smulated values).

| assessed the power of thetwo hotspot detection methodsboth by considering
thar ability to deect the individud hotspots in the cluger, and by thar ability to

detect any hotspot within the region. Both methodsoutput the location of a hotspot
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within some window that covers a nunmber of SNPs. For comparison with rhomap, |
took thelocation of the hotspot to bethe centre of thewindow as the hotspot location.
However, usng this scheme, thetwo hotspot detection methodswere generally unable
to resolve hotspots within 1.5kb of the truth and would therefore give an exaggeated
false pogtive rate. | was therefore more generousto all of the methodsand called a
hotspot as correctly detected if it was called within 2.5kb of atrue hotspot locationin
all three daasets.

Theresults of this study are shown in Table 4. It is clear tha sequenceLDhot
and HotspotFisher outpeformed rhomap in terms of detection power. Of the three
methods sequencel. Dhot appears to be the mog powerful. However, sequencel.Dhot
does appear to have a highe false positive rate, which appears to be due to the
inability of sequenceLDhot to resolve the location of the hotspots beyond a seven
SNP window. Themajority of the sequenceL Dhot false postives were within 5kb of a
true hotspot There were a total of eight false positives which were more than 5kb
away from atrue hatspot, which compares favourably with rhormap® 10.

The disappointing performance of rhomap relative to the other two methods
suggests tha rhomap is not a paticularly good hotspot detection method dueto low
power. While the pogerior hotspot dengty statistic provides a useful summary, it is
not suitable for the testing of the existence of a hotspot. The issue seems to be tha it
is difficult to determine a sensble threshold of the poderior hotspot dengty for a
given ddaset. For example, in the case of the randomly thinned daa, rhomap
peformed vary badly in terms of power. However, if one visudly ingects the
poderior hotspot dendty, one can see clear peaks in the dendty at the hotspot
locationsdespite the dendty rarely reaching the 0.25 threshold (Figure 24). In such a

situaion alower threshold of say 0.15 may be more appropriate. Indeed, applying this
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threshold increases the power of rhonmap to detect at least onehotspotin therandonmy

thinned data to 53% (compared to 17%origindly) with three false postives.
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Figure 24. Example of the Posterior Hotspot Density from a Randomly Thinned Dataset. While

clear peaksarevisible, none achievethe required 0.25 threshold.

92



rhomap sequenceLDhot
Power to detect Detected > | False | Power to detect Detected > | False
hotspot (%) 0 hotspots | +ves | hotspot (%) 0 hotspots | +ves
Dataset Left Mid Right | (%) Left Mid Right | (%)
Unthinned 61 35 59 89 5 69 73 72 97 21
Randomly
7 2 9 17 0 59 58 59 95 32
Thinned
Frequency
53 18 51 79 5 66 61 72 97 19
Thinned
HotspotFisher
Power to detect Detected > | False
hotspot (%) 0 hotspots | +ves
Dataset Left Mid Right | (%)
Unthinned 62 69 65 97 4
Randomly
35 35 46 81 9
Thinned
Frequency
68 70 66 97 5
Thinned

Table 4 BPower to detect hotspots within a cluster of three hotspots for rhomap, sequenceLDhot

and HotspotFisher.

Ideally, we would like to have aformal process by which this threshold could
be determined. If we consder the distribution of pogerior hotspot densities from a
given daaset, then we may expect the majority of SNP intervals to show small
dengties with some fluctuaion dueto noise. Hotspot regionswould be expected to
show highe dengties, agan with some noise. In general, we would expect the
number of GotspotOregionsto be condderably less than the number of background

regions We are essentialy left with an outlier identification problem, with the hatspot
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regionsproviding the outliers. Unfortunaely, the distribution of the pogerior hotspot
dengty isunknown.

A sendble scheme may be to simulate data usng SNP dengties similar to the
dataset unde andysis but with a condant recombindion rate. By repesting the rate
estimation on varioussimulated datasets, it would be possible to obtain a distribution
of poderior hotspot densities for a given SNP density, and hence inform wha would
be a suitable threshold. Such scheme would be computationdly intensve and in any
case, it seems unlikely tha such a scheme would improve on the power of methods
tha are already available. | therefore recommend tha rhomap be used primarily as a
rate estimation tool, and not as a hotspot detection tool. In the case where a user
wishes to obtain both rate estimates and hotspot locations it would be sensible to use
rhomap to obtain therate estimates, but use a separate method such as sequencel Dhot
to detect the hotspots. Given tha sequenceLDhot provides the locations of hotspots
within a broad window, it would then be possible to use the rhomap rate to further

localise the hotspot locations

The Effect of Phasing Genotype Datasets

| have so far only congdered ssimulated haplotype datasets. However, in many
real-life situaions only genotype information is available. Both LDhat and rhomap
can make use of genotype data by averaging over al possible hgplotypes in each
parwise likelihood calculation. An alterndive method would be to use datistical
methodsto infer the undelying haplotypes; a process tha is known as phasing. This
is commonly achieved usng the publicly available programs such as PHASE

(STEPHENS and ScHEeT 2005) and fagsPHASE (ScHeeT and STePHENS 2006)
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However, such methodscan rarely infer the hgplotypes with total accuracy, and also
make undelying assumptions about the structure of recombination. A recent study
foundtha many estimators of the recombination rate are robug to the use of phasing
(SviTH and FEARNHEAD 2005) but only consdered the simple case of constant
recombinaionrate. It istherefore interesting to ask wha affect the phasing of thedaa
has on the variable rate estimates obtained by rhomap and LDhat

To address this question, | returned to the unthinned hotspot cluger daasets
from Simulation Study D. For each of the 100 datasets | used a random ordering of
the 100 hgplotypes to obtain 50 genotypes. Using these genotype daasets, | used both
PHASE (verson 2.1.1) and fasPHASE (verson 1.2.3) to infer hgplotypes. For
PHASE | used the default parameters, but restarted the algorithm 10 times (usng the
GxOflag). The haplotypes in the ®estOrecondrudion (as defined by PHASE) were
stored for subsequent use. For fasPHASE the default paameters where used (as
suggested in the doaumentation), with 25 randomstarts to thealgorithm. Two filesare
outputted by fagsPHASE, one tha minimises the individud error and one tha
minimises the switch error (as defined in STEPHENS and DONNELLY 2003) | stored the
haplotypes tha minimised the switch error, as | have found tha these gave better
results in the recombination rate estimation. It is worth noting tha the computationd
cog of the two methods differs significantly with PHASE taking much longe than
fagPHASE (as implied by the name). Whereas fasPHASE would take minutes to
complete theandysis of a daaset, PHASE would take hours.

Using the three new daasets (genotypes, PHASE hgplotypes, fasPHASE
haplotypes), | obtained recombinaion rate estimates from rhomap and LDhat usng

the same paameters as before. The resulting map and rate estimates can be seen in
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Figure 25. For compaison, the estimates obtained from the origind haplotype

daasets are also shown.
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Figure 25. The effect of using genotype data on recombination rate estimates. These plots show
the estimated cumulative recombination maps from rhomap (a) and LDhat (c), averaged over 100
hotspot cluster datasets. Also shown are mean recombination rate estimates for the two methods
(b and d). The simulated recombination maps are shown in black, and the rate estimates from
the original haplotypes are shown in red. The estimates from genotype data are shown in blue.
The estimates obtained using the PHASE and fastPHASE inferred haplotypes are shown in green

and magenta r espectively.

Both LDhat and rhomap give largdy similar results for these datasets. Starting
with the genotype datasets, we can see tha both rhomap and LDhat severely
undeestimate the magnitude of the hotspots and conequently undeestimates the

total map length over the region. However, the background rate estimates are only
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dightly highe than those obtained from the origind heplotypes. It therefore appears
tha usng raw genotype daa severely decreases the ability of both methodsto obtain
information regarding the magnitude of hotspats. On average, the map lengths
estimated from genotype daa were approximately 40-50% of the truth, with the
rhomap estimates being margindly more accurate than those from LDhat

Conveasdly, estimates obtained from the haplotypes inferred by fasPHASE
show a large and congstent overestimate of background recombinaion rates. The
undeestimation of peak hotspot rates remains althoughthe estimate is closer to the
truth than the genotype case. On average the total map length of the region was
overestimated by approximately 25-50%, the majority of which was contributed from
the overestimation of the background rate. In this ingance, LDhat produes map
estimates closer to thetruth.

Findly, the estimates obtained from the PHASE hgplotypes are the
intermediate of the two previous cases. The background rate estimates are close to
those obtained by from the genotype daasets, althoughare margindly highe than
thoe obtained from the origind hgplotypes. Agan, the hotspot magnitudes are
undeestimated, althoughas with fasstPHASE the estimates are closer to the truth than
the genotype case. Of the three methods the PHASE haplotypes provide the best
estimates of the total map length over the region with an undeestimate of
approximately 25-35% On average, the map length estimates from rhonmap are closer
to thesimulated valuethan thos obtained from LDhat in this case.

These results suggest tha phasing of genotype data can introdue a nunber of
biases in the resulting recombination rate estimates. However, the accuracy of the
phasing (and hence the recombination rate estimates) can be improved by the use of

externd information. For example, in the genome-wide daasets that | andyse in
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Chapter 4 and 5, the phase could be inferred with very high accuracy as daa was
available from family trios (i.e. from both parents and the offspring; MARCHINI &t al.

2006)

Using rhomap with Human Datasets

We now compare rate estimates obtained by rhomap to thos obtained by
sperm typing. These two datasets were outlined in an earlier section B one from the
MHC region (JEFFREYS et al. 2001)and the other from the MS32 region (JEFFREYS et
al. 2005)- both of which congst of genotype daa. Both daasets are of comparable
size, with the MHC dataset containing 50 genotype sequences with 274 segregaing
sites in 216kb and the MS32 daaset containing 80 genotype sequences with 199
segregding sitesin 209kb.

For both datasets, we ran rhomap for atotal of 1,100,000iterationsinduding a
bum-in of 100000 iterations and taking a sample every 100 iterations For each
dataset, the estimation procedure took approximately 20 minutes on a 2.0Ghz

computer.

The MHC Dataset

The MHC daaset contains six clearly defined hotspots visible in spem. |
obtained rate estimates that are well correlated with those obtained via sperm typing
(Figure 26), althoughrhomap tended to estimate the hotspots to be larger than they

appeared in the sperm estimates. Using rhomap as a hotspot detection tool (as
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explained in the earlier smulation study), we see tha rhomap was able to identify
five of thesix hotspots clearly visible in sperm. While there is also some evidence for
the undeected hotspot (DMB1), the poderior hotspot dendty statistic does not reach
the required threshold. Furthemore, the leftmog hotspot (DNAL) is appaently

displaced by approximately 2kb relative to thelocation in sperm.
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Figure 26. Output of rhomap for the MHC region. The top plots shows the recombination rate
estimates, with the estimated rate in blue, and (sex-averaged) sperm typing rate in red. SNP
locations ar e shown as red marks. Estimates from rhomap wer e converted to cM/M b by assuming
Ne = 10,000. The bottom plot shows the average number of hotspots per sample per kb for the

sameregions.
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The MS32 Datas et

This daaset contains at least six hotspots foundby sperm typing. Thereisaso
evidence of two appaent @oubkd hotspots with the edges of the hotspots
overlapping, yet still retaining two identifiable peaks (these hotspots are known as
NID2a/ b and MSTM1a/ b; JEFFREYS et al. 2005) Aswith the MHC region, rhormap
agan obtains rate estimates tha are well correlated with those obtained via spem

typing (Figure 27), althoughthe two methodsdiffer in the estimates of the magnitude

of the hotspots.
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Figure 27. Output of rhomap for the M S32 region. The top plots shows the recombination rate
estimates, with the estimated rate in blue, and (sex-averaged) sperm typing rate in red. SNP
locations ar e shown as red marks. Estimates from rhomap wer e converted to cM/M b by assuming

Ne = 10,000. The bottom plot shows the average number of hotspots per sample per kb for the

sameregions.
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We can identify six hotspots tha reached the 0.25 hotspot poderior density
threshold. Notably, rhomap was able to detect the fourth hotspot from theleft (known
as MS32), despite the relative increase in recombingion rate being very small. This
hotspot has previoudy been reported as being extremely weak in codescent andysis
despite being strong in sperm andysis, which possibly indicates that the hotspot has
only recently become active and therefore has notyet left asignaurein LD (JEFFREYS
et al. 2005) For the @oubkOhotspots, rhomap was able to detect hotspots in the
vicinity, but was unable to resolve the separation between the hotspots. Interestingly,
it appears tha the MSTM1b hotspot is well resolved by rhomap, but the MSTM1a
hotspot is not detected. This is, however, likely to be due to lack of resolution to
resolve two hotspots which are so close. Other methodshave also had difficulty in

distinguishing these hotspots (JEFFREYS et al. 2005 L1 et al. 2006)

Discussion

In this chgpter, | have assessed the performance of the new method as
implemented in the program, rhomap. | have fourd tha rhomap offers improved rate
estimates relative to LDhat. | have also assessed rhomap as a hotspot detection tool.
In this case, | foundtha rhomap is not as successful as existing methods | therefore
recommend tha rate estimates be obtained usng rhomap, but hotspot locations are
determined usng a sepaate program. | also demongrated the performance of rhomap
usng human datasets from the MHC and MS32 regions While these datasets have an
unusidly high SNP dengty (especially around hotspots), the excellent estimates
obtined from rhomap demongrate the abilities of the method in (ded®

circumstances.
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Like LDhat, the new method can be applied on large-scale daasets of up to
approximately 200 chromosomes. It is perhgosworth noting tha even larger daasets
containing thousnds of chromosomes have recently become available (eg.
WELLCOME TRUST CASE CONTROL CONSORTIUM 2007) However, it appears unlikely
that usng more than approximately 200 chromosomes will significantly alter
recombinaion rate estimates. The reason is tha the rate a which adding
chromosomes increases the nunmber of detectable recombinaion events is extremely
low (of the order of thelog of thelog sample size; MYERS 2002)

In the next chapter, | apply rhomap on a genome-wide scale usng the daa
from Phase I of theInternaiond HapMap Project (2007) | validae therate estimates
by comparison to those obtained the deCODE pedigree study (KONG et al. 2002) |
then use the resulting rate estimates to study the distribution of recombinaion in the
human genome and identify relationships between recombination and variousgenome

annottions
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Chapter 4 The Distribution of Recombination in

the Human Genome

In this chepter, | use rhomap to obtain recombindion rate estimates on a
genome wide scale. These estimates provide a number of novd ingghts into paterns
of recombination in the human genome, notably in relation to genic regionsand DNA
repeats. | demondrate tha the certain elements show significantly elevated
recombination rates if they indude a hotspot-associated motif. As a number of such
motifs have been identified, | attempt to unify these motifs into a single degenerate
motif usng a gendic agornthm. Findly, | investigae whether the activity of the

hotspot-assodated motifs can be explained by epigenetic factors.

Introduction to the HapMap Project

It is thoughttha about9-10 million SNPs with a minor allele frequency of at
least 5% exist in the nonrepditive sequence of the human genome (THE
INTERNATIONAL HAPMAP CONSORTIUM 2007) Asdiscussed in theintrodudion of this
thesis, linkage ensures that alleles of nearby SNPs will tend to be inheited togeher.
This leads to a nonrandom assodation, or linkage disequilibrium (LD), beween
SNPs at separate locations In the human genone, the level of LD is such tha many
regionsof the genome can be described usng a few commonly occurring haplotypes.
A chromosomal region may contain many SNPs, but the correlations between SNPs

ensure that mog of the information about specific alleles in aregion can be captured
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usng afew "tag” SNPs (ReIcH et al. 2001) However, thelevel of LD in the genome
is highly heterogeneous and hence while some regionscan be typed with only a few
tag SNPs, other regionsrequire many more tags to adequaely describe the level of
variation.

The Internationd HapMap Project, or HapMap for short, was launched in
2002with thegod of characterising these common paternsof human DNA sequence
variation and thereby identify a suitable set of tag SNPs (THE INTERNATIONAL
HAPMAP CONSORTIUM 2005; THE INTERNATIONAL HAPMAP ConsoRTIUM 2007) The
resulting publicly available resource was to be of use in the design and andysis of
gendic assodation studies. The project was divided between scientists in Japan, the
U.K., Canada China Nigeria, andthe U.S.

The origind project genotyped approximately 1.2 million polymorphic SNPs
with the aim of genotyping at least one common SNP every 5kb (with minor alele
frequency, MAF, > 5%) across the nonrepetitive portionsof the autosomes and the X
chromosome. The genotyping was peformed in 269 individuds from four
geographically diverse popuktions The 269 DNA samples were divided as follows:
30 parent-child triosfrom the Y orubapeople in Ibadan, Nigeria (abbreviated as YRI),
44 unrelated Japanese individuds in Tokyo (abbreviated as JPT), 45 unrelated Han
Chinese individuds from Beljing (abbreviated as CHB), and 30 paent-child trios
from Utah with ancestry in Northen and Western Europe (abbreviated as CEU). For
the purmposes of andysis, the CHB and JPT popuktionswere combined, and | refer to
this combined popuktion by the abbreviation CHB+JPT.

Despite the primary aim of the project being to advance medical genetics, the
HapMap aso provided a valuable resource for the andysis of evolutionay processes

such as sdection (VoIGHT et al. 2006) and molecular processes such as
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recombinaion (MYERS et al. 2007; MYERS et al. 2006) It was possible to estimate
recombinaion rates on a genome-wide scale usng the LDhat method, and detect
evidence for recombination hotspots usng LDhot with 21,617 hotspots identified in
Phasel.

In Phase Il of the HapMap (THE INTERNATIONAL HAPMAP CONSORTIUM
2007) an additiond 2.1 million SNPs were added to the origind map, and the
requirement of MAF > 5% was relaxed. Once qudity control has been taken in
account, the Phase |l HapMap contained a tota of 3.1 million SNPs tha were
polymorphic in at least one pand giving an average SNP dengty of approximately
one SNP pe kilobase across the autosomes and X chromosome. It istherefore thought
that approximately 25-35% of all common SNPs in the covered regionsof the genome
are captured by the Phase || HapMap. However, it should be noted tha thereisalarge
amount of heterogenety in the local HapMap SNP dengty (Figure 28A), induding

interesting paternsaroundlocal genomic features such as genes (Figure 28B).
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Figure 28. Local Heterogeneity in Phase Il HapMap SNP density. A) SNP density across
chromosomes. Colours indicate the number of polymorphic SNPs per kilobase, with brighter
colours indicating higher density (Adapted from The International HapMap Consortium, 2007).
B) SNP density around genes. Densities estimated from both Phase Il HapMap (red, left axis) and
dbSNP release 125 (blue, right axis) are shown. Densities were calculated separately around the
transcription start point (left dotted line) and the transcription end point (right dotted ling). The

two plotswerejoined at the median midpoint of the transcription tract.

The increased dendty of SNPs in the Phase || HapMap provides greatly
increased resolution to the estimation of fine-scale recombinaion rate estimates. In
this chapter, | describe how | have used this increased resolution to provide new

indghtsinto thedistribution of recombinaion in the human genome.
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Genome-Wide Recombination Rate Estimation

The HapMap Phase |1 data was provided in genotype format for the three
andysis pands. The daa was phased using the program PHASE (StePHENS and
SCHEET 2005) making use of trio information where available. For recombinaion rate
estimation, the data was divided into regions of 2,000 SNPs with an overlap of 200
SNPs beween regions Recombination maps for the three popubtionswere estimated
for the autosomal chromosomes usng the rhomap program. A total of 4,100000
iterations were peformed (the first 100000 beng discarded as bum-in iterationg
with a sample taken every 400 iterations This computation took approximately 72
hours on a computer cluger conssting of 150 nodes 2.0 GHz processors. The
resulting estimates of pseudo-poderior distributon conssted of approximately 32
gigabytes of daa.

Estimated recombinaion maps were obtained by taking the mean of the
pseudo-pogerior distribution at each SNP interval. The regions between the SNPs
boundng the centromeric regions were set to have a recombination rate of zero.
Contiguous rate estimates were obtained splicing the regions back together by

removing 100 SNPs from both endsof theregions

Comparison of HapMap with deCODE

To convat the popuktion gendic estimates to centimorgansviathe " = 4Ngr
relation, effective popuktion sizes were estimated by matching thetotal map length to

tha estimated by the pedigree method used by deCODE (KonG et al. 2002)



Estimated effective popuktion sizes are given in Table 5, with the estimates obtained
from LDhat shown for compaison. A combined map was obtained by smply

averaging ove thethree popuktionsand interpolating where necessary.

Population LDhat N, rhomap N,
CEU 10,930 12,062
YRI 17428 18905

CHB+JPT 13612 14524

Table 5 BPhase Il estimated autosomal effective population sizes for the three HapMap panels.

LDhat estimates are shown for comparison.

As validaion of the popuktion genetic approach, scatter plots of the rhomap
estimated rates were compared to rates obtained from the deCODE pedigree study
(KONG et al. 2002) Rate estimates were binnal at five megabase intervals, which is
towardsthe lower limit of the resolution of the pedigree-based estimates. We see tha
the genome-wide correlation between HapMap and deCODE is extremely goodwith a

Pearson correlation coeficient of 0.95 (Figure 29).
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Figure 29. Comparison of deCODE map to that estimated by rhomap for all autosomes. Rate

estimates from both methodswer e binned at the 5SM b scale.

The MHC and MS32 Regions Revisited

To give the reade a better undestanding of the qudity of the rate estimates
from Phase II HapMap, | reconsder the MHC and MS32 regionstha were described
and andysed in the previous chapters of this thesis. In Phase |1 of the HapMap, the
MHC and MS32 regionscontained 444 and 228 SNPs respectively, averaged over the
three popuktions As with all the HapMap datasets, | used rhomap to obtain rate
estimates from each popuktion separately, usng 4,100000 iterationswith a bum-in
of 100000 iterations and a sample taken every 400 iterations The resulting rate
estimates for the MHC and MS32 regions can be seen in Figure 30 and Figure 31
respectively. Also shown in the bottom pands of these figures are the rate estimates

from LDhat and hotspots detected by LDhot
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Figure 30. Rate estimates in the MHC region using HapMap Phase |l data. The three
populations, CEU, YRI and CHB+JPT, are shown in red, green and blue respectively. Top:
rhomap rate estimates for the three populations. Central: rhomap hotspot densities, with the 0.25
posterior hotspot density threshold indicated by a dotted line. Bottom: LDhat rate estimates

(shown for comparison), with LDhot hotspot positionsindicated by red triangles.
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Figure 31. Rate estimates in the MS32 region using HapMap Phase Il data. The three
populations, CEU, YRI and CHB+JPT, are shown in red, green and blue respectively. Top:
rhomap rate estimates for the populations. Central: rhomap hotspot densities, with the 0.25
posterior hotspot density threshold indicated by a dotted line. Bottom: LDhat rate estimates

(shown for comparison), with LDhot hotspot positionsindicated by red triangles.

In the MHC region, we see tha all of the hotspots detected in the spem
andysis are a so detected by rhomap, induding the leftmos hotspot cluger, which is
clearly resolved. However, rhonmap also deects a numbe of previoudy undescribed
hotspots, at least three of which are visible in al three popuktions Thetwo largest of
these novd hotspots occur towards the edges of the andysed region, which may
indicate why they were not visible in the origind sperm daaset (JEFFREYS et al.
2001) Theremaining novd hotspots are all either very small or do nat appear in more

than onepopuktion, which could suggest tha they are spurious
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In the MS32 region, there are visible peaks in the estimated rates for al of the
hotspots previoudy described. However, only three of these hotspots clearly achieve
hotspot dengties over 0.25 in more than one population. There is a notable feature
aroundthe MS32 hotspot itself. While the hatspot densty statistic in this region does
not cross the 0.25 threshold in any popuktion, there is a large and broad region of
elevated recombindion rate in the YRI estimates, which at least supaficially
resembles a hotspot If thisisindead the MS32 hotspot, then it would be contrary to
the hypohesis tha this is a newly emerged hotspot (JEFFREYS et al. 2005) as its
existence would have to predate the divergence of the human popdations A similar

feature can be seen to theleft-hand side of theregion.

90% of Recombination Occurs Within 30% of Sequence

A plot showing the propottion of recombinaion versus the propottion of
sequence for all autosomes is shown in Figure 32. For each SNP interval, the
contributionsto the genetic map and to the physica map of each chromosome were
calculated as propottions of the totals. SNP intervals were then reordered by the
recombinaion rate. If recombinaion were evenly distributed throughout the
chromosome then the lines would run aong the diagond. We therefore note tha
recombination is highly concentrated with approximately 90% of recombinaion
occurring within 30% of sequence. This péatern is largdy consstent between the
chromosomes with the exception of chromosome 19, which exhibits a less
coneentrated patern of recombinaion (athoudh ill highly nonuniform). This

patern has been noted before (MYERS et al. 2005) and may be related to
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chromosome 19 having the highest gene densty (LANDER et al. 2001)and propottion

of open chromatin (GILBERT et al. 2004)of al the human chromosomes.

Proportion of total recombination by proportion of sequence
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Figure 32. The distribution of recombination in the autosomal chromosomes. Shown here is the
cumulative proportion of the genetic map verses the proportion of physical chromosome length.
Each autosome is shown as a separate line, with details given in the legend. Also shown in this

plot isan average for all autosomes, weighted by total genetic map length (thick black line).

The Distribution of Hotspots

To detect hotspots in HapMap usng rhomap, | averaged the poderior hotspot

dengty statistic between thethree popuktions | then called hotspots in regionswhere
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this statistic is abovethe 0.25 threshold as usual. Using this method, rhomap detects
a total of 28,995 hotspots. This compares well with the 34,142 hotspots detected
usng LDhot with the same data (MYERS et al. 2007) There is also good agreement
between the locations of hotspots, with 64% of the hotspots called by rhomap being
contained within the boundaies of the LDhot hotspots. Given the expected power of
rhomap and LDhot (in the region of 50-60% MCVEAN et al. 2004) the expected
number of recombination hotspots in the human genone is in the region of 50,000 D
70,000. Thisin turn suggests an average dengty across the genome of approximately
onehotspot pe 50kh,

The LDhot hotspots show near-uniform dendty across chromosomes, whereas
rhomap shows a more complicated pattern (Figure 33). Despite this, there is a large
degree of correlation between the dengties of called hotspots from the two methods
(Figure 33d). However, as noted in the previous chagpter, rhomap is not particularly
well suited to hotspot detection. While the majority of my andysis in the following
section focuses on pdterns of rate variation, there are occasions when | will be
referring to hotspots. In such sections | will be usng the LDhot hotspots and the
reader therefore should assume tha | am ugng this set of hotspots, unless otherwise

stated.
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Figure 33. Hotspot density by chromosome. a) Density of hotspots detected using rhomap. b)

Density of hotspots detected by LDhot. c) Average SNP density (averaged over thethree

populations). d) Hotspot density in chromosome 3. The lines represent 1IMb moving average of

the density of LDhot hotspots (blue) and rhomap (red).

A Hotspot-related Motif

Earlier work usng genome-wide popuktion daa has attempted to identify

DNA sequence features that are related to recombinaion hotspots. | will berepeatedly

referring to these sequence motifs later in this chapter, so provide a brief summary

here. In 2005, a study investigated the relationgip between recombination hotspots

and DNA sequence (MYERS et al. 2005) This study identified a number of short
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sequence motifs as beng significantly over represented in hotspots (MYERS €t al.
2005) For each hotspot in this study (as identified by LDhof), a corresponding
coldspot (aregion tha shows no evidence of recombinaion) was also identified in the
local vicinity. Each coldgpot was chosen to match the corresponding hotspot for size,
SNP densty and GC content.

Thetwo motifs mog over-represented in hotspots were the 7-mer CCTCCCT,
and the 9-mer CCCCACCCC. Further evidence for the activity of these motifs comes
directly fromthe sperm typing studies of the MHC and M S32 regions(JEFFREYS €t al.
2001; JEFrFrREYS et al. 2005) The CCTCCCT motif is foundin the central region of
the DNA2 hotspot in the MHC dataset. Furthermore, a SNP at the third base of the
motif allowed achangefrom aT to aC. It wasfound tha individuds with theC alele
reduced the activity of the hotspot by afactor of three relative to individuds with the
T alele (JeFFREYS and NEUMANN 2002) The second mog over-represented motif, the
9-mer CCCCACCCC, was foundin the NID1 hatspot of the MS32 region. Again, a
SNP within the motif (which altered the first base from a C to a T) disrupted the
activity of the hotspot (JEFFREYS and NEUMANN 2002).

These results clearly demondrate that there is some sequence dependency to
the location and activity of hotspots. However, the 7-mer motif can account for no
more than 11% of hotspots (MYERS et al. 2005) and the 9-mer is less predictive still.
This suggested tha there were yet to be discovered factors involved.

With the increased number and improved localisation of hotspots in Phase ||
of the HapMap, the search for hotspot-related sequence motifs was repested (MYERS
et al. 2007) Agan, alarge numbe of motifs were identified. Notably however, the
majority of motifs identified by this study showed strong homology to the 13-mer

CCTCCCTNNCCAC.

11€



| will be referring to these motifs in later sections of this thesis. | will
generaly specify which motif | am referring to, but may aso refer to the motifs by
length. Therefore, CCTCCCT may bereferred to as the 7-mer, CCCCACCCC as the
9-mer and CCTCCCTNNCCAC asthe 13-mer.

It is perhgpsworth noting at this point that while these motifs are highly over-
represented in hotspots, they are poor predictors of hotspots (MYERS et al. 2006) For
example, there are 6,655 occurrences of CCTCCCTNNCCAC in the genome, 13590f
which occur in LDhot hotspots, and 344 of which occur in the matched coldspots.
Therefore, given a randonly selected occurrence of the motif, there is a 20% chance
of the motif being in a hotspot, and a 5% chance of being in a coldgpot However,
only 4% of detected hotspots contain this motif. In an attempt to explain a greater
propottion of hotspots, a set of over-represented motifs within 2 substitutions of
CCTCCCTNNCCAC has been congdered, and it has been hypothesised tha up to
40% of hotspots may contain an @ctiveOmotif (MYERS et al. 2007) However, the
number of motifs within this set is large and the subset of GctiveOmotifsis currently
unknown (an issue | will attempt to address in a later section). Given tha a large
amountof the human DNA sequence may be within two substitutionsof the 13-mer,
the predictive power of these motifsis small.

Therefore, while it appears tha sequence motifs have an important influence
in determining the location of hotspots, they appear to be ndthe necessary nor
sufficient. Why a motif should be otOin oneingance and @old0in another remains

unknown. | will bereturningto thisissue at alater stage of this chepter.



Patterns of Recombination Associated with Genomic

Features

Having obtained recombinaion rate estimates for the whole genome
(excluding the sex chromosomes), the relationdhip between recombination and
variousgenome features becomes of interest. Previouswork has identified a number
of assodations beween recombination and various features of the human genone.
These indude specific DNA motifs influendng hotspot postion (MYERS et al. 2005;
MYERS et al. 2006) genes (MYERS et al. 2005; SMITH et al. 2005) base compostion
(JENSEN-SEAMAN et al. 2004; KONG et al. 2002 and DNA hypeasenstivity (L1 et al.
2006) The resolution of the Phase || HapMap rate estimates allows these influences

to be studied in more detail.

Recombination is Suppressed Within G enes

Figure 34 shows the average recombinaion rate around 14979 non
ovelapping autosomal genes taken from the NCBI RefSeq annottion (PRUITT et al.
2005) Theleft hand sectionsof the plots were congructed by aligning recombinaion
rate estimates at the transcription start points. Likewise, the right hand sections of
these plots were constructed by aligning at the transcription end points. The two
sections were joined at the median gene centre (as measured from the transcription

start and end points).
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Figure 34. The recombination rate around genes. The top plot shows the average recombination
rate averaged over genes with plus strand transcription (blue) and minus strand transcription
(blue). The bottom plot shows the average over both strands (blue), and + 2 standard errors
(grey). The vertical dotted lines indicate the transcription start point, the median transcription
point (at which the left and right hand plots have been joined), and the transcription end point

respectively.

The plots clearly show tha the recombindion rate is suppressed within the
transcription region of genes. There is a small pesk in recombination rate around the
transcription start point before a sharp drop. Towards the transcription end point, we
obsrve a recovery in recombindion rate, albet a more gradud change than tha
observed around the transcription start point. There is dso a dight asymmetry in
recombinaion rate outside the transcribed region, with the region downgream of

transcription beng sightly elevated relative to theregion before transcription.



One possible explanaion of the observed dip in recombinaion is the presence
of selection in this region. It is known tha selection can affect paterns of LD and
hence estimates of recombinaion rates (MCVEAN 2007; ReEeD and TiSHKOFF 2006;
SPENCER 2006) Previousresults have shown that, while LDhatislargdy robug to the
presence of selection (McVEAN 2007) a postive selected sweep leading to complete
fixation of the selected allele can cause a small decrease in estimated rates (SPENCER
2006). Given tha both LDhat and rhormap are based on the composte-likelihood, |
would expect that rhomap to show similar performance to LDhat in these situaions
However, as Figure 34 shows the average over thousndsof genes, each of which will
be unde differing selection pressures, it seems unlikely that selection can accountfor
the observed patern.

We are able to further andyse this patern by consdering other annottions
tha are known to affect recombination. Figure 35 again shows the distribution of
recombinaion around genes, but also shows the GC content and the dengty of a
hotspot-related motif (specificaly CCTCCCTNNCCAC). We see tha the pesk in
recombinaion rate at the transcription start site correspondsto peaks in the other two
annottions The pesk in GC largdy reflects the presence of CpG idands in the
promoter regions (Cross and BIRD 1995) Likewise, the peak in motif dengty is a
reflection of the high GC content; the motif mogly conssting of Cytosne bases.
However, it isinteresting to note tha the pesk in recombination is much smaller than
the peak in the other two annoftions, as this indicates tha high local GC content and
the presence of the motif are not sufficient to cause a hotspot alone Indeed, it may be
tha the observed pesk is not assodated with the motif at all, and may indead be
caused by the accessible chromatin in these regions allowing increased rates cross-

ove. Studies in yeast have suggested an assodation between promoter regions and
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recombination hotspots (PeTeS 2001; Wu and LICHTEN 1994) The results presented
here suggest there is a significant, albet weak, relationsip beween promoters and
recombinaion in humans It should however be noted tha the vast majority of human

hotspots occur outside of gene promoter regions
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Figure 35. The distribution of recombination and associated features around genes. Top: The
distribution of recombination around genes (shown again for clarity). Central: GC content
around genes. Bottom: Density of hotspot-associated motifs within one substitution from the

consensus CCTCCCTNNCCAC.

Levels of Recom bination Var y Between Gene Ontology Gr oups

Given tha rates of recombindion are affected by the presence of genes, it is

interesting to ask if there are systematic differences in the rates of recombinaion
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between classes of genes. Previouswork has demongdrated variation in the magnitude
of linkage disequilibrium between genes of differing fundion (SMITH et al. 2005) |
have therefore used the recombination rate estimated from Phase Il of the HapMap to
assess the evidence of rate variation between separate gene classes.

The Panther Database (THOMAS et al. 2003) is a gene ontology daabase
containing predicted details of the gene molecular fundion (MF) and biological
process. The MF ontology groupstogeher genes of similar activity, such as enzymes
and ion channds, each of which may be pat of separate pathways. Convasely, the
biological process ontology attempts to group genes tha are required to achieve a
process (such as signd transdudion or electron trangport), each of which may have a
separate fundion. For the andysis presented here, | have focused on the MF
categorisation as a similar study of the biological process categorisation did not reveal
significant differences between gene classes.

In the MF ontology, genes are groupel into 28 top-level groups with each
gene alowed to exist in more than one group. | collected 14979 nonoverlapping
autosomal genes from the RefSeq Annottion (PRUITT et al. 2005) for which
recombinaion rates could be obtained. Of these, 9,735 had at least oneassigned MF
and genes without a MF were removed from the correspondng andysis. To control
for gene size, | estimated the mean recombindion rate for each gene over a 20kb
region centred on the mid-point of the genetranscription region.

Genes were groupel by MF and a mean recombination rate was calculated for
each group. The significance of the result from each group was calculated via a
permutation test involving onehunded thousnd random groupngs of genes. No
correction was made for multiple testing. Furthemore, the permutation test assumes

tha generecombindion rate estimates are indgoendent of each other, which may not
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be an appropriate assumption dueto broad scale autocorrelation in recombination rate
estimates.

However, with dueregard of the above caveats, my results indicate tha there
are significant differences between gene ontology groups The mean recombindion
rate for genes with a MF was 1.34 cM/Mb. Recombinaion rates vary more than four-
fold between gene groups(Figure 36), with Defence / Immunity genes showing the
highest average rate (2.03 cM/Mb) and Chaperone genes showing the lowest (0.47
cM/Mb). Genes with molecular fundionsrelating to externd regionsof the cell (such
as Defence/Immunity, Cell Adhesion, Extra-cellular Matrix, lon channds and
Signdling) tend to show highe levels of recombination, while those with internd cell
fundions(such as Chaperones, Ligase, Isomerase, and Nudeic Acid Binding) tend to
show lower rates of recombination. For the Chgperone Defence / Immunity, Ligase,
Nudeic Acid Binding, Receptor, and Signdling groups al 100000 permutations
showed less extreme values, indicating tha the results would remain significant after

correction for multiple testing.
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Figure 36. Average recombination rates for top level MF classes. The chart shows the relative
increase or decrease relative to the genic genome average of 1.34 cM/Mb. Significance (as
assessed using a permutation test) is indicated by the strength of the colour, with red indicating
an increased recombination rate relative to the genic mean and blue indicating a decreased rate.

Thenumber of genesin each category isshown in brackets.

| wanted to explore if the observed patern could be explained by the GC
content of thegenes. Theraw correlation between GC content and recombination rate
in the gene set explains approximately 5% of the observed variance. Neverthdess, GC
content is known to correlate with recombination rates at least at the broad scale
(KonG et al. 2002) and therefore should be accountd for. | peformed a linear
regression between the GC content and recombination rate of all the genes in each
sample. Using the estimated regression paameters, the propottion of recombinaion

explained by GC content was subtracted from each gene. Using the GBC correctedO
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recombinaion rates, the pemutation test procedure was repeated. The resulting
significance levels are very similar to those oberved earlier (Figure 37, which can be
compared to Figure 36), which confirms tha the observed patern in gene ontology

rate estimates cannotbe explained by GC content.
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Figure 37. Average recombination rates for top level MF classes with recombination rates having
been corrected for GC content. Significance (as assessed using a per mutation test) isindicated by
the strength of the colour, with red indicating an increased recombination rate relative to the
genic mean and blue indicating a decreased rate. The number of genesin each category is shown

in brackets.

That GC does not accountfor the observed paternsin recombinaion rates is
perhgps not surprising when one notes tha the correlation beween GC content and
recombinaion for the separate ontology groups is weak (Figure 38, top plot).

However, the hotspot-related motif, CCTCCCTNNCCAC, does show systematic
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variation between the gene classes. This in turn suppots the clam tha the observed

patern is not an artefact in the recombinaion rate estimates caused by selection in

genic regions

Figure 38. Top:

Motif Density (Motifs / kb)

22
2
.
18 ° (]
2 16 ( } Y ®  :Celladhesion molecule (268)
2 .
i . . : Cell junction protein (77)
v .
g 14 { ] ° . : Chaperone (128)
< ° : Cytoskeletal protein (547)
22
] K} o : Defense/immunity protein (269)
g . b
- . + Extracellular matrix (262)
s
g . : Hydrolase (508)
08 . :lon channel (264)
06 o L :Isomerase (107)
®  :Kinase (513)
04 : - ) .
435 44 445 45 455 46 465 47 ®  :ligase(305)
GC Content (%) o :lyase(112)
®  :Membrane traffic protein (249)
@®  :Miscellaneous function (591)
@  :Nudeicacid binding (1567)
22 ®  :Oxidoreductase (461)
®  :Phosphatase (197)
2 ®  :Protease (394)
L]
18 ° @  Receptor(1158)
— ‘ ®  :Selectcalcium binding protein (190)
2 [ J
§ 16 . @  :Select regulatory molecule (821)
2 @  :signaling molecule (627)
24 [
& . . ®  :Synthaseand synthetase (170)
<
£ 12 P @  :Transcription factor (1322)
£ ‘ e o° ®  :Transfer/carrier protein (230)
g 0 ®  :Transferase (614)
g
“ o8 . ®  :Transporter (474)
:Viral protein (5)
06 °
04
55 6 6.5 7 75 8 85 9 9.5 10

GC content verses recombination rate for the Molecular Function Ontology

groups. Bottom: Motif density (where a motif is defined as being no mor e than one substitution

from the consensus CCTCCCTNNCCAC) verse recombination rate for the same ontology

groups. The number of genes in each group is indicated by the size of the colour-coded points,

and is also shown in brackets in the legend. Also shown on both plots is a weighted linear

regression (grey line).

Findly, to check tha the results are not an artefact caused by the chance

clugering of genes, | repeated the andysis after localy shuffling the postions of

genes along the chromosome. If clugering had occurred by chance then this process

should leave much of the clugering of genes intact, but remove much of the
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correlation between genes and regions of high or low recombindion rate. In this
shuffled set, noneof the ontology categories obtained significance levels as high as
thos obsrved in the unduffled set. This suggests tha any grouping of genes in
regionsof high or low recombinaion rate is not something tha occurred by chance.
Taken with the earlier results regading the genead suppresson of
recombinaion in genic regions these gene onwlogy results po% interesting
evolutionay questions It is plausible tha recombination is selected aganst in
congerved genic regions as doubk-strand breaks inhaently involve some form of
DNA damage, and such damage will result in ddeterioushaplotypes that are removed
from the popuktion via naural selection. Convasely, high levels of recombination
may be provide a selective advantage for genes in which there is a ben€fit to a high
level of aldlic diversity due to changes in selection pressures (for example, resulting
from changes in the environment or by the emergence of new pahogens). A similar
patern has been observed before (SMITH et al. 2005) in paterns of LD at the broad
scale, and udng a different ontology grouping. Tha similar paterns are observed in
fine scale estimates usng separate ontology definitions suggests that this patern is
not an artefact. It will therefore beinteresting to learn if similar paterns are observed

in other species.

Local Patterns in Recombination around DNA Repeats

Having shown tha genes can dter the local recombindion landscape | now
consde another common genome feature, specifically DNA repests. It has previoudy
been shown tha there is a large degree of heerogendty in recombination rates

between repeat families (MYERS et al. 2005) Using the Phase 1| HapMap, | have
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explored paterns of recombinaion arounda number of repeat families. To do this, |
have used the RepeatMasker annottion (SMIT et al. 2004) to identify and classify
regionsof repeat DNA.

| start by noting that there are significant differences in the recombinaion
rates of variousrepest classes, a selection of which are shown in Figure 39. In this
plot, I have consdered the recombination rate estimated across 1kb windows centred
on the midpoint of each repeat. We can see that certain repeats show significant
deviationsfrom the distribution of rates assodated with randomy selected regionsof
the same size. Notably, the ALR/Alpha satellites (which are assodated with
centromeric regiong are significantly colder than average whereas THELB repeat

elements containing the 13-mer motif are hotter.
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Figure 39. Distribution of recombination in a selection of repeat types. Shown here are the
distributions recombination of the central 1kb of ALR/Alpha Satellites which ar e generally found
near centromeric regions (blue), SVA retrotransposons (green), AluY elements (red), and the
THE1B elements both with and without the motif (cyan and magenta respectively). Also shown is
the distribution for 3,000 randomly selected 1kb regions from chromosome 2 (yellowish green).
Note the logarithmic scale on the horizontal axis. Only repeats with coverage in the HapMap are
considered. THE1B elements were said to have the motif if they contained a sequence within one

substitution of the CCTCCCTNNCCAC consensus.

When a repeat family exhibits a deviation in recombinaion rates, then the
deviations often appear to be local features extending no more than a couple of
kilobases from therepesat as can be seen in Figure 40. These plots were condructed by
averaging thelocal recombinaion rate over thousndsof repeats, while ensuring that
repeats are thinned sufficiently as to not interfere with each other. Asthe paternsare

S0 localised, one is tempted to speculate that the increase (or decrease) in
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recombinaion is caused by the presence of the repests, as apposd to the repeats
localising themselves in regionsof high or low recombination. However, as we will

seein Chapter 6, broad scale patternsalso exist.

Recombination Rate Around Repeat:L1PA3 Recombination Rate Around Repeat L2
14 : : : - ' : : :
g 8
s, H
s s
2 =
3 g
3 3
5 5
8° K
£ <
H £
S 3
- &
Position (bp) ot " Posttion (bp)
Recombination Rate Around Repeat:L1PA3 (Both Strands) Recombination Rate Around Repeat:L2 (Both Strands)
g )
s S
s s
° ®
5 3 1
& &
§ §
3 A
< ]
£ H
8 3
-3 3
Position (bp) ot " Posttion (bp)
b Recombination Rate Around Repeat: SVA d Recombination Rate Around Repeat L TR49
15 - . — . .
- - - - - E - . . . . .
H H
H H
s s
® e
-1 3 2
= AL (4
§ § -
3 1
£ £ .
: K )
S g
@ = 0
Position (bp) x10® Position (bp)
Recombination Rate Around Repeat:SVA (Both Strands) Recombination Rate Around Repeat:LTR49 (Both Strands)
1 T T T T T 4 T T T T T T T
s )
e 2,
3 3
& 4
& &
5 5
8 g,
g g
-3 -3
s 2 3 2 4 0. 1 4 06 04 0.2 0 02
Position (bp) x10® Position (bp)

Figure 40. Local patternsin recombination rate variation. Shown herearefour repeat types. For
each repeat type, two plots are shown. The upper plot shows the mean recombination rate for
repeats on the plus (blue) and minus strand (red). The lower plot shows the recombination rate
averaged over both strands (blue), with 95% confidence intervals estimated by bootstrapping in
grey. The four repeats shown are (a) L1PA3, (b) SVA, (c) L2, and (d) LTR49. The number of

repeatsin each group can be seen in the legend.

In Phase || HapMap, the hottest and coldest common repeats (with more than
1,000 occurrences) are shown in Table 5. It is notable tha the hottest repests all show
some relation to the hotspot motifs discussed earlier (the consensus sequences of both

the THE1 elements and LTR49 contain the 7-mer motif). It has been foundtha THE1
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elements are found approximately twice as often in hotspots as in coldgpots (MYERS
et al. 2007) and my results indude THE1A and THE1B within the six hottest repeat
classes.

The coldest elements in the table are al pat of the L1 family of
retrotrangpoons with the exception of the SVA elements. The SVA element is
interesting in itself, as despite bang one of the coldest repeat elements, it is aimos
entirely composed of C and G bases and the consensus contains at least seven copies
of the 7-mer motif. Thisis highly suggestive of other factors controlling the activity

of themotif, beit other sequence features or epigendic factors.
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Repeat Name | # Occurrences  Mean Rate (cM/Mb) 95% Confidence Interval

(TGG)n 1237 3.77 3.24 4.31
THE1A 3843 2.60 2.37 2.85
(CCA)N 1207 2.56 2.22 291
(TCCC)n 1364 2.45 211 2.80
LTR49 1205 244 1.99 2.88
THE1B 20447 2.36 2.27 2.46
L1MEa 1391 0.66 0.55 0.76
L1HS 1098 0.65 0.48 0.82
L1PA15-16 1017 0.64 0.48 0.81
SVA 3152 0.64 0.57 0.72
L1PA2 4248 0.63 0.55 0.72
L1PA3 9104 0.58 0.54 0.63

Table 6 B The hottest and coldest common repeats elements in the human genome. The table

showsthe six hottest and coldest repeatswith morethan 1,000 occurrences.

With the exception of the SVA repedts, the repeat elements generally provide
further evidence tha the motif has a hotspot-causal role. The THE1B elements tha
contain the CCTCCCT hotspotrelated motif are at least 5 times more frequent in
hotspots than in THE1Bs without the motif. If we consder motifs within one
subditution of the 13-mer, we can see tha the activity of the THE1B is aimogs
completely controlled by the presence or absence of this motif (Figure 41, and also
Figure 39). THE1B elements with the motif are amog synonynous with hotspots,
whereas those without the motif show very little in terms of rate elevation. Very
smilar paterns are adso visble in the THE1A, THE1C and THE1D eements,

althoughthe magnitudeof theelevation differs.
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Figure 41. Recombination Rates around THE1B elements. Shown here are average rate estimates
around elements containing motifs within one substitution of the 13-mer consensus (red), and
those without such a motif (blue). Faded colours indicate the 95% confidence intervals of the
average rate estimates based on + 2 standard errors. Vertical dashed lines indicate the average

extent of the THE1B elements.

Furthermore, while the activity of the motif is clearest in these THEL
elements, there also appears to be active motifs in other repeats. In Alu elements,
there is evidence of an active 13-mer (specifically CCGCCTTGGCCTC), which
shows homology to CCTCCCTNNCCAC (MYERs et al. 2007) but with three
subditutions As mentional earlier, it remains undear what conditions mus be met
for a motif to cause a hotspot and why the motif should differ between the THEL

elements and the Alu elements.



A Degenerate Motif?

Whileit is clear tha sequence motifs play arole in determining the location of
hotspots, the actud conditions that the motif mus meet are undear. For example,
thee are many ingances of CCTCCCTNNCCAC tha are not assodated with
hotspots, and in SVA elements the motif seems to be entirely inactive. Furthermore,
thee are othe motifs tha seem to be causa of hotspots, but are a full three
subgitutionsaway from the 13-mer consensus (for example, Alu e ements containing
themotif CCGCCTTGGCCTC show evidence of beng hotspots; MYERS et al. 2007)

It is therefore highly unlikely tha any single motif will account for
recombinaion hotspots. However, it remains possible that a related family of motifs
exist, each of which can cause a hotspot with some probability. With this in mind, |
have attempted to search for motifs assodated with hotspots in which bases are
allowed to be more than one nudeotide For example, such a motif may alow a
certain base to be say, a C or a T. However, searching for such degenerate motifs by
brute force is not feasible. The alphébet | use to represent degenerate motifs contains
16 letters (not couning indds B see Table 7). For a motif of length L, the number of
possible motifsistherefore 16-, and it therefore quickly becomes impossible to test all
motifs for all but small L (not to mention issues relating to multiple testing).
Furthermore, we do notknow how large L should beDit is quite feasible tha hotspots
are conditionad on two separate motifs separated by some distance, and hence L could
be large For this reason, we also wish to incorporate gaps or indds, into the motifs
for which we are searching.

A naural solution to searching such a large search space is a Gendic

Algorithm (GA; see, for example, MITCHELL 1998) | created such a GA to search for
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degenerate motifs, and the algorithm proceeded as follows. The agorithm took two
sets of DNA sequence data as input Onedataset congsted of sequences from hotspots
and the other consisted of sequences from coldspots. A popuktion of motifs was
randomy generated. At each iteration, the population was evaluated to find the motifs
which best differentiated the two sets of data (that is, motifs which appeared more
frequently in one daaset than the other). Motifs with low p-values (as assessed by
Fisher@ Exact Test) were conddered to have a highe @itnessGthan those with higher
p-values. Theagorthm also regarded |ess degenerate motifs as fitter (the degeneracy
pendties are shown in Table 7). Specifically, the agorithm attempted to minimise the
log of the produd of the p-value and total motif degeneracy. The fittest motifs
survived to the next iteration, with the lower hdf beng removed from the popuktion.
These surviving motifs were randomy selected (with a bias towards fitter motifs) to
produe a new set of motifs to replenish the popuktion. The new motifs were
generated by a process of Gecombinaion® which combined motifs at a randomnly
selected location, and GnutationQwhich randonly altered a single base. This process

was repested for anumber of iterations
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Code | Bae Name Meaning Degeneracy Penalty
A | Adenine A 1
C | Cytosne C 1
G | Guanine G 1
T | Thymine T 1
R | Purine G/A 2
Y | Pyrimidine T/C 2
K Keto GIT 2
M | Amino AlC 2
S | Stronglnteraction (3 H bondg G/C 2
W | Weak Interaction (2 H bords) AlT 2
B | NotA G/TIC 3
D |[NotC G/AIT 3
H |NotG A/TIC 3
V | NotT G/AIC 3
N | Any nudeotide AICIGIT 4
* Gap Gap of any length 5

Table 7 - DNA alphabet and meanings. Also shown is the Degeneracy, which describes the

penalty imposed on the motif fitness by including a degenerate base.

Using a dataset consisting of sequence daa from 9292 LDhot hotspots less
than 5kbwide with a set of an equd number coldspots matched for size, SNP density
and GC content (within 1%), | employed the GA to search for motifs. The single
motif with the highest fithess foundby the GA wasthe13-mer CCNCCNYNVCCMY
(hereafter referred to as Motif A). This motif was foundin 4304 hotspot sequences,
agang 2669 coldgot sequences D a relative ratio of 1.61. The moatif is compatible
with many of thos identified as significant by Myers et al, induding those identified

in the THE1A/B elements (MYERS et al. 2007). If onecongders the relative postion
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of the motif with the DNA sequence, one obrves that the motif tendsto be located

towardsthe centre of the hotspot sequences (Figure 42).
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Figure 42. The frequency distribution of Motif A in hotspots (magenta) and coldspots (cyan).
Each hotspot and coldspot region was rescaled to be of a unit interval in width. This plot shows
the frequency of the motif at each position on the unit interval. We see that motifs occur more
frequently towards the centre of a hotspot interval, whereas have a near uniform distribution in

coldspots.

Assessing the significance of this finding is problematic. In an informal sense,
thegendic agorithmis the equivaent of performing avast number of statistical tests,
and hence the p-values reported by the algorithm cannot be truged without further
corroboration. Therefore, to assess the significance of the Motif A, | reran the
agorithm on a set of datawith the ®otspotCand @oldspotdabds randomly permuted.
| repeated this procedure 100 times (which was the maximum achievable dueto the

high computationd cos of running the GA many times). Of al 101 runs the non-



permuted run achieved the highest fitness, suggesting tha the found motif is indeed
Qignificant®

Motif A isconsistent with the 7, 9 and 13-mer hotspot related motifs tha were
discussed earlier, and suggests that certain bases of the motif are more important than
others. The mog important feature seems to be the spacing of the Cytosne bases at
postions 1, 2, 4, 5, 10 and 11. However, this is hardly a rigid definition. In total,
Motif A correspondsto a family of 1536 unique nondegenerate motifs. To further
examine the family of motifs contained with Motif A, | tested al of these non
degenerate motifs to see how they differentiated the hotspot and coldgpot sequence
sets. Of these, 308 did not occur at all in the daaset, and 111 occurred only in
coldgots. Of the remaining motifs, 303 only occurred in hotspots and 814 had
relative ratios greater than one. However, only 20 motifs had p-values bdow 0.001
and these are shown in Table 8. Interestingly, only one of these 20 motifs was
enhanced in coldgots (Motif 6). This result is unique in the 100 motifs with the
lowest p-values. This motif appears to be assodated with L1 elements (SMIT et al.
1995) which are known to occur more frequently outside of hotspots (see Table 6 and
Myerset al., 2006)

The top five motifs in Table 8 are al within a few mutations of the origind
(nondegenerate) 13-mer motif, which is enriched within THE1 elements. Despite
this, we foundMotif A to befurther enhanced outside of repeat sequence. Agan usng
RepeatMasker (SMIT et al. 2004) | identified and masked all repditive sequence in
the daaset. | found tha Motif A was strongly enhanced outside repeat sequence
(relative ratios of 1.90 for nonrepeat sequence compared to 1.42 in repeat sequence).
However, amog paradoxically, no single nondegenerate motif was enhanced with p-

values less than 10° in the nonrepeat sequences (Table 9 and Table 10). This is
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consstent with a family of motifs beng assodated with hotspots. In repditive
sequence, the probability of each motif in the family is skewed by the requirement of
being a repetitive element. In nonrepditive sequence, no such condraint exists, and
hence each motif in the family may occur at low frequency.

Findly, it is adso interesting to consder what the GA did not find. Despite
being able to extend the motif to contain more bases, the GA did not consder this to
be a useful move and settled quite stubbomnly on a motif of 13 bases. Furthermore, it
was aso possible for the GA to look for seconday motifs opeating at some distance
from the core motif (i.e. upgream or downdream of the core motif). Agan, the GA
did not consde this to be beneficial. Althoughnot condusve, this suggests to this
author tha there is a limit to the relationship between sequence and hotspot location,
and tha the deciding factor between ®otGand @oldOmotifs is not related to the DNA
sequence. Possible other factors indude epigenetic factors, which | will consder

towardsthe end of this chapter.



Motif # Hotspots | # Coldspots | p-value Relative Ratio
1 | CCTCCCCAGCCAC 160 25 1.66E-25 6.4
2 | CCTCCCTAGCCAT 100 4 3.69E-25 25
3 | CCTCCCTAGCCAC 31 0 9.08E-10 n/a
4 | CCTCCCTGACCAC 30 1 2.92E-08 30
5 | CCTCCCTGACCCT 19 0 3.78E-06 n/a
6 [ CCCCCCTCCCCCC 68 131 8.45E-06 0.519084
7 | CCTCCCTTCCCAC 26 4 5.87E-05 6.5
8 | CCTCCCTGGCCAC 20 2 0.00012 10
9 [ CCACCCTGACCAC 14 0 0.000121 n/a
10 | CCACCCTACCCCC 13 0 0.000243 n/a
11 [ CCACCCTTGCCCC 13 0 0.000243 n/a
12 | CCTCCCTACCCCC 13 0 0.000243 n/a
13 | CCCCCCCAACCCC 21 3 0.000275 7
14 | CCTCCCTGACCCC 20 3 0.000485 6.66667
15 | CCTCCCTCCCCAC 40 14 0.000526 2.85714
16 | CCTCCCTGCCCCC 35 11 0.000527 3.18182
17 | CCCCCCCACCcCcCC 55 24 0.000623 2.29167
18 | CCCCcCcccaLeeecee 29 8 0.000744 3.625
19 | CCTCCCTTGCCCC 14 1 0.000972 14
20 [ CCTCCCTAGCCCC 11 0 0.000974 n/a

Table 8 - Motifs compatible with CCNCCNYNVCCMY showing the most significance in the

complete dataset (Fisher Exact Test p <0.001).
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Motif Number | Motif # Hotspots | # Coldspots | p-value RR

17 CCCCCCCAccceccece 44 13 4.59E-05 | 3.38462
18 ccceeeeascececececce 21 2 6.54E-05 10.5

7 CCTCCCTTCCCAC 17 1 0.000144 17

6 CCTCCCTTCCCCC 17 1 0.000144 17

- CCCCCACCCCCAC 51 19 0.000162 | 2.68421
5 CCTCCCTGACCCT 12 0 0.000487 n/a

Table9 - Significant (Fisher Exact Test p <0.001) non-degenerate motifsin non-repeat sequence.

Motif Number refersto the motif numbersin Table8.

Motif Number | Motif # Hotspots | # Coldspots | p-value | RR

2 CCTCCCTAGCCAT 98 3 1.06E-25 | 32.66667
1 CCTCCCCAGCCAC 151 23 1.82E-24 | 6.56522
3 CCTCCCTAGCCAC 28 0 7.30E-09 n/a

6 CCCccccTcecececce 55 126 1.19E-07 | 0.436508
4 CCTCCCTGACCAC 18 0 7.57E-06 n/a

Table 10 b Significant (Fisher Exact Test p < 0.001) non-degenerate motifs in repeat sequence.

Motif Number refersto the motif numbersin Table 8.

No Evidence of Unrelated Secondary M otifs

To investigae the possibility of an additiond motif, | removed all sequences
from the hotspot and coldspot datasets that contained the CCNCCNYNVCCMY
motif. | then used the GA on this subset of daa. This andysis was repested for the
dataset with masked repeat sequence. In al cases, the motifs foundby the GA showed
honmology to the CCNCCNYNVCCMY motif, and no motif achieved a fitness

remotely near tha of the origind motif. This would suggest that there are no
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seconday hotspotrelated motifs tha cannot be related to the motifs aready
discovered. It would therefore appear that a significant fraction of hotspots do not

contain sequence motifs with easily identifiable common features.

The Motif in Relation to Epigenetic Factors

| return now to the origind CCTCCCTNNCCAC nondegenerate motif. As at
least one study has reported a relationship between DNA hypeasensitivity and
recombinaion hotspots (L1 et al. 2006) | wanted to investigate the possibility that the
activity of this motif is controlled by an epigenetic factor. Of 33950ccurrences of the
motif in the human genome, 685 occur in (detected) hotspots, 164 in (matched)
coldgpots and 2546 occur elsewhere. Furthermore, the majority of hotspots do not
appear to contain a motif of this form. It is therefore clear tha while the motif is a
major factor, it is nethe necessary nor sufficient to cause arecombinaion hotspot

Further sequence andysis has failed to identify the condtions by which the
motif becomes active. It is therefore tempting to consder so-called epigendtic factors.
Epigendtic factors affect a cell, organ or individud withoutdirectly affectingits DNA
sequence. For example, an epigendic changemay indirectly influence the expression
of genesin the genome. In the context of this thesis, an epigendtic factor is a quantity
related to, and varying along a DNA sequence tha cannot be assessed from the
sequence directly. However, quantitative study of such epigenetic factors is
complicated by thelack of common standards

In an attempt to develop suitable technologies for the quantification of
epigendic factors, the Nationd Human Genome Research Inditute (NHGRI)

laundhed a public research consortium named ENCODE, the Encyclopaedia Of DNA
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Elements, in September 2003 (THE ENCODE PrRoOECT CoNsoRrTIUM 2007) This
project aimed to identify all fundiond elements in approximately 1% (30MB) of the
human genone.

Theregionsof study selected by the ENCODE project were grouped into two
types. manudly selected and randonly selected. The manudly selected regionswere
chosn for being in some sense OnterestingOp tha is they contained well studied
genes or othe known sequence elements. A total of 1482Mb of sequence was
selected in this way, divided into 14 regions ranging from 500kbto 2Mb. The so-
called randomregionscomprised of 30 regionsall of 500kbin size. Despite the name,
therandomregionswere notin fact selected uniformly at randonly, but by a method
tha ensured a selection of regionswhich varied widdy in terms of gene content and
other fundiond elements.

The ENCODE project provides a daaset for the andysis of epigenetic factors

tha can be downloaded from the UCSC webste (http://genome.ucsc.edu/ENCODE/).

Using this daa, | have undetaken an exploratory investigation into the epigenetic
propeties of the motif. However, working with ENCODE daa presents a number of
practical chdlenges. Firstly, the number of annottionsis large - as of September
2006, the ENCODE daabase contained over 500 tables (UCSC build hg17)with at
least four different table formats. Secondly, the anno&tions cover a wide range of
expeimental techniques, each of which exhibit peculiarities of ther own. As it was
undear wha signd to look for, and to avoid making assumptionsaboutthe propeties
of thedaa, | have explored thedaa usng agraphical technique

| identified all ingances of the motif within the ENCODE sequence which
were within onesubditution of the motif. In total, there were 1801 examples. Of these

217 occurred within hotspots, and 124 occurred within the matched set of coldgots.
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Using only the motifs in hotspots and coldgpots, | removed bias dueto clugering by
thinning motifs so tha no two were within 250kp of each other. This procedure left
205 motifs contained within hotspots, and 122 contained within coldspots. | further
divided these groupsinto motifs on the plus strand, and motifs on the minusstrand of
the DNA (i.e. motifs with the sequence CCTCCCTNNCCAC were deemed to be on
the plus strand, and motifs with the complementary sequence GTGGNNAGGGAGG
were deemed to be onthe minusstrand).

Using the ENCODE daabase (build hgl7) | selected 216 annoftions that
provided information which could not be assessed usng the sequence aone (as
described in Table 11). A window was constructed around each motif, and
annottions were retrieved for each of these windows. Windowed annottions were
alignal at the motif start base, and averaged over the set of hot and cold motifs
separately. Confidence intervals were calculated by boofstrapping the annottion
values at each site. The procedure described here is similar to tha used for displaying
the average recombindion rate over genes (e.g. Figure 34) or DNA repeets (e.g.
Figure 41).

The averaged annottion could then be compared visudly and assessed for
significant differences between hot and cold motifs. To guad agang issues dueto
sequence dependence (which many annottionsexhibited b daa not shown), | treated
the plus and minus strands separately and required that any observed signa be
congstent between the plots of the plusand minusstrands If asignd were visible on
only onestrand, then the mog probable explanation is tha the annottionis in some

way dependent on base compostion.
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Variationson the abovemethodwere aso tried, including only consdering the
exact motif (with no subgitutiong. However, in these situaions it was often the case

that there was inaufficient data to gain areliable annotation signd.

Annotation Type Description Experimental Groups

Chromatin Uses antibody binding to identify | Affy*, GIS?, Sange”,
Immunopecipitation | regionsof DNA attached to protein. | Stanford®, UC Davis’,

Provides a measure of the|UCSD® Uppsld’, UT-

accessibility of theDNA. Auding, Yae'
Methylation Methyl-senstive restriction enzymes | Stanford®

used to assess the methylation status

of CpGregions
DNA Structure Uses various methods to assess the | BU®, NHGRI™,
structure of DNA. UNCH, UT-Augin®?,

uva®t, uw*

Transcript Levels Esimate of RNA abundace | Affy’, Riken®™, Yale'

(transcription) for several cell types.

Table 11 - Considered ENCODE annotations. References: 1 (CAWLEY et al. 2004) 2. (WEI et al.
2006) 3. No Reference 4. (TRINKLEIN et al. 2004) 5. (BIEDA et al. 2006) 6. (KIM et al. 2005b) 7.
(RADA-IGLESIAS et al. 2005) 8. (KIM et al. 2005a) 9. (BALASUBRAMANIAN et al. 1998) 10.
(CRAWFORD et al. 2006) 11. (NAGY et al. 2003) 12. (BHINGE et al. 2007) 13. (JEON et al. 2005) 14.

(SABO et al. 2006) 15. (SHIRAKI et al. 2003) 16. (CHENG et al. 2005).

Theresults of this study were largdy negdive. While a number of annottions
showed differences between the hot and cold motif sets on a single strand, no single

annottion showed an obvious difference on both DNA strands In fact, only a single
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annottion showed any statistically significant difference between the two sets on
both DNA strands namely the Sange H4ac Molt4 ChlIP annottion (Figure 43).
However, the Sanga ChIP signds are relatively noisy and the difference in signd
between the two groupsonly jus achieves significance. The difference is therefore
unoonvinang, and is mog likely a false postive, which would be expected due to the
large number of annotationsthat have been consdered. The conduson tha thisis a
false postive is further suppoted by the fact tha a similar patern is not observed in

othe ChIP annottions

14¢



x10 - encodeSangerChipH4acMolt4 aligned at CCTCCCT--CCAC Motifs
1.5
- T T I T T T

-
T
5 k
fur i N M i
5] A e L Y,
oo P s L
P A
o f g W I
£ oo j;JK\ oy W M J»» ”1,14/\/ Jvf’l/ Vi X V‘i”\(x {k m\{ A j g «U;')ML 4
< J M \J“
0.8 — \1\
N a7 \r’“’w” M S i
06 | 1 \ \ L ! \ L !
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 04 0.6 0.8 1
Cold (57) Hot (96) X 104
x10~° encodeSangerChipH4acMolt4 aligned at GTGG——AGGGAGG Motifs
15 T T T T T T T
14— —
13 —
E 12
S 12 —
<
é 14 ( \NL"QA _
g N
E 1 TH ﬂ)} ‘\f N IIJJLNW W”L ) L’\m W(TN _
% 09 L/r)” w “)L‘fﬁ‘:‘ ’“‘WVV\/J I AL b il p S vJ“ Y i |
g 0o " \Nfu-f‘/ ﬂJM N o
2 TN m{r M Ml i V) g
08 - b Sl
0.7 -
06 | I 1 I L 1 I L 1
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
[ Cold (60) Hot (98) | 10

Figure 43. The ENCODE Sanger ChlP H4ac Molt4 Annotation. Shown here is the annotation
aligned at motifs on the + strand (top) and the - strand (bottom) over a 20kb region. The average
annotation value for the hot motifs is shown in red, and the same value is shown for the cold
motifs in blue. 95% confidence intervals are shown in faded colours (as assessed by
bootstrapping). Note the small region around the motif (position 0 on the horizontal axis) where

the annotations diverge and just achieve significance.

The hypotesis tha the activity of the motif is corntrolled by epigendic factors
is therefore not suppoted by this work. There are at least three possible explanaions
for the negdive result. Thefirst possibility is tha | may not have sufficient power to
detect differences between hot and cold motifs via the visud method. Given the
relatively small number of motifsin our daaset and the high degree of noise in many
of theannottions it is plaugble tha the epigendtic signd was too faint to be detected

via the methodobgy used. Unfortunaely, given the wide range of technologies



congdered, it is difficult to assess our expected power as the level of noise and
resolution assodated with each signd isundear.

A second possibility is that the epigenetic factor tha is responsble for motif
activity may not contained within ENCODE. Alternaively, the relevant epigendic
factor may be induded within the ENCODE daa, but has not been applied to the
correct cell line As we are primarily interested in meiotic recombinaion, the idesl
cell lines for study would be thos involved in the generation of gamete cells (so-
called gametogoni and gametocytes). However, no such experimenta cell lines are
currently in existence. As it is undear to wha level each annottion is conserved
between cell types, thisis aplaugble explanaion.

A third possibility is tha no single epigendic factor controls tha activity of a
motif, but specific a combination of factors does. Such a possibility was not covered
by my andysis, andit isdifficult to envisage a study beng able to demondrate such a
relationship without prior knowledge of the relationship given the large nunber of
possible combinaions and relatively small amounts of daa available (the ENCODE
project covers approximately 1% of thegenome).

A find possbility is tha the activity of the motif is not controlled by
epigendtic factors. If thisisinded the case, then the controlling factor mug be some
as-yet unknown sequence feature. While it is very difficult to rule this possibility out,
it seems unlikely given the extensve search for sequence features tha has been
undetaken by myself and others (JEFFREYS and NEUMANN 2005; KONG et al. 2002;

MCVEAN et al. 2004;MYERs et al. 2005;MYERS €t al. 2007)
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Discussion

In this chapter, | have described the features of recombinaion rate variation in
the human genome. The recombinaion rate estimates were obtained using rhomap
usng daa from Phase Il of the HapMap project. Andysis of these rates showed
extengve variation over awiderangeof scales. However, recombinaionin thehuman
genome isdominated by hatspots with more than 25,000 detected.

Therate of recombination also appears to be affected by genome features such
as genes. Primarily, recombinaion is suppressed within genes. However, | have
shown that there is extensive variation between gene ontology groups The observed
patern has an evolutionay interpretation tha requires testing in other species.

| also ob=erved local pdterns of recombinaion around DNA repeats. These
paterns are repeat family specific and local in nature. As such, it appears probale
tha these paterns are caused by the propeties of the repeats themselves.
Furthermore, the activity of at least onerepeat family appears to be controlled by the
presence or absence of a sequence motif.

| have attempted to isolate the features of hotspotassodated motifs by usng a
gendic algorithm to condruct a degenerate motif. The algorithm discovered a motif
that is consistent with the majority of motifs discovered previoudy (MYERS et al.
2005;MYERS et al. 2007) However, despite this motif beng highly enriched within
hotspots, the majority of hotspots remain unexplained. | therefore investigated the
possibility tha there exist epigendic factors that control the activity of hotspot
assodated motifs. However, thisinvestigation did not provide postive results.

In the next chapter, | continue to investigate recombination in the human

genome usdng therate estimates described in the chgpter. Whereas my investigaionin



this chepter has largdy focused on local paterns of variation, | will use wavelet

andysisin thefollowing chagpter to study variation at awiderangeof scales.
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Chapter 5 A Wavelet Analysis of Recombination

In this thess we have seen tha recombindion rates in humans vary
significantly both at the fine and broad spaia scales (JEFFREYS and NEUMANN 2005;
KONG et al. 2002) At the fine scale, the recombinaion landscape is dominaed by
recombination hotspots of 1 to 2kb in width where the recombination rate can be
hundeeds of times tha of the surrounding region. At the broad scale, recombindion
QunglesOand @esertsOof megebase scale have been identified (KONG et al. 2002)
with the recombination rate in jungles beng ten-fold greater than that of deserts.
Furthermore, recombinaion rate in a given region is related to a nunmber of genome
features tha also vary over anumber of scales. For example, the hotspot motif may be
expected to affect recombinaion at the fine scale, whereas GC content has been
shown to have an effect at a much broader scale (JENSEN-SEAMAN et al. 2004; KONG
et al. 200). In this chapter, | use a Wavelet andysis to study the rhomap
recombinaion rate estimates from the Phase |1 HapMap discussed in the previous
chapter, and to relate changes in the recombination rate to thos in othe genome

features on a scale-by-scale basis.

Introduction to Wavelets

Wavelets are a mathematical tool commonly used in signd andysis. While
they are mog often applied to time series or images, they can be applied to a wide

range of signds. They are paticularly useful for the andysis of signds tha show
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variation over a range of scales. For this reason, they are a very useful tool for the
andysis of genome features. In the following discussion, | introdue the basic
prindples of wavelet andysis. For a more complete introdudion and discussion of
wavelet andysis, | direct thereader the book of Percival and Walden (2000.

There are two types of wavelet andysis. The firs, known as the Continuous
Wavelet Trandorm (CWT), is intended to work (as the name suggests) with signds
defined over an entire axis. The second, the Discrete Wavelet Trangorm (DWT), is
conveasaly intended to andyse a signd defined at a finite rangeof integer points. To
motivate the use of wavelets, | begin with a discussion of the CWT.

A wavelet can be thoughtof as a waveform with finite range However, to bea

wavelet, thefollowing two propeaties mug aso besatisfied.

Theintegral of thewavelet fundion, y (.), is zero:

f_iw (u)du=0 (5.1)

Theintegra of the square of thewavelet fundionis unity:

f:t/)z (u)du=1. (5.2)

Note tha an infinite wave such as the sinefundion may satisfy thefirst propety, but

does not satisfy the second property. These two conditionsensure tha while awavel et

may make loca deviations from zero, these deviations mug be cancelled out by
deviationselsawhere in thewavelet. Furthermore, thewavelet mug be of finite size.

Examples of three wavelet fundions are shown in Figure 44. The simplest

wavelet is the Haar wavelet, which can be seen in the left-hand plot and has the

fundion:
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Haar wavelet Gaussian 1st order wavelet Mexican hat wavelet

Figure 44. Three wavelet functions. From left to right: The Haar wavelet; a wavelet related to the
derivative of the Gaussian PDF; the Mexican hat wavelet. The function defining the wavelet is

often referred to as the Gnother wave et®

'é/#l/\/i, #1<u$0;
! <“>(u)&-’81/ﬁ, 0<u$l; (5.3)
Eﬁ(), otherwise

The Haar is the oldest wavelet, and was named after Alfred Haar who develope it in
early 20" century (HARR 1910) althoughthe term GvaveletOwas not used in this
context until the 1980s | will be making extensve use of the Haar wavelet in this
chapter.

Given awavelet fundion, it is possible to obtain a representation of asignd in
terms of a combination of wavelets and hence break a signd down into component
pats. Andogousto the Fourier Trandorm for sine and cogne waveforms, the CWT
can be usd to deconstruct the signd in terms of the wavelet fundion. The CWT
returns a number of coeficients tha relate the contribution of a wavelet at a given
postion and of a given size (or scale) to the origind signd. In an informal sense, the
origind signd isreplaced by a collection of wavelets tha have been scaled, stretched

andtrandated (Figure 45).
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Figure 45. Examples of transformations applied to the Haar wavelet. The CWT expresses the
original signal in terms of wavelet functions that have undergone some transformation, as
demonstrated here. The top row shows three Haar wavelets from a single scale translated to
differing locations, whereas the lower row shows three Haar wavelets at the same location but
from differing scales. The coefficients resulting from a wavelet decomposition describe the

contribution to the signal from the set of all possible transformed wavelets.

Mathematically, given a signd, x(.), the CWT coeficients of the wavelets at
each scale, #, and postion,t are given by thefollowing integral :
#

w(!,t)= Iy (u)x(u)du,
¥ (5.9)
1, st
IR

Importantly, all the information in the origind signd is preserved by the

where " . (u)

CWT. We can recove X(.) via

1%9% 1, 't &d"
x(t)==1 1W(”,t)7! f&fdugﬁ (55)

0
1o/ $#
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Theinne integral of equéion (5.5) can be congdered as the summation of wavelets at
all posible postionswhile the outer integral can be consgdered as the summation of
wavelets at all possible scales. The success of thesignd recondruction dependson the
scaling constant Cg, known as the admissibility congant (MALLAT 1999) which can

be calculated usng the Fourier Trandorm of the wavelet fundion;
w(f ):f_m y (u)e"* " du
and mug satisfy theadmissibility condition:

" (f)‘z
f

C $0

0

df satisfies0<C, <" (5.6)

Depending on the wavelet used, the CWT can be used to build a picture of
howthesignd averages (in the case of the Haar wavelet) or weighted averages (in the
case of more complicated wavelets) are changing from one region to the next. For
example, Figure 46 shows a CWT and DWT applied to the GC content annoation of
a 1Mb region of chromosome 6. The wavelet used in these decompositions comes
from the family of wavelets known as the symlets (due to ther near-symmetrical
naure; DAUBECHIES et al. 1992) The wavelet used here (specifically the 6™ symlet)
largdy resembles the Mexican Hat wavelet in Figure 44. Appaent from the form of
this wavelet, we think of the coefficients of this wavelet as taking the difference
between the mean of the signd at the wavelet centre and the mean of the flanking
regions The codficients are therefore large when signd pesks are surroundel by

signd troughs
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Discrete Transform, absolute coefficients.

Figure 46. Example decomposition of a signal. The top plot shows the GC content along a IMb
region of chromosome 6. The signal has been normalised prior to the wavelet decomposition. The
central plot shows the CWT of this signal, and the lower plot shows the DWT. Lighter colours

indicate larger absolute wavelet coefficients.

When presented with a CWT plot as shown in Figure 46, the CWT s
essentially being used as a visud daa analysis tool. Visud ingpection of such plots
reveals regions of interest. However, since the CWT convats a onedimensond
signd into a two-dimensiond image, it seems clear tha there is a large amount of
redundancy. While thereisalot of information at the lower scales, at highe scalesthe
signd varies at a much lower rate. We may therefore decide to retain much of the
information at lower scales, but keep less information as the scales increase.

The DWT can be considered as an attempt to preserve the important features

captured by the CWT in a more efficient manne. Ingead of consdering all scales,
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only scales of a power of two are considered (tha is ! =2/'!, j=1,2,3,... wherej is
known as the evel§. This is best illustrated with an example.

L et theorigind data vector of length N be X = (X1, X, X3, E Xn), where x; have
been sampled at regular intervals and N is an even number. We obfain thefirst level
of Haar wavelet DWT codficients by taking the difference between successive values

in thedaa vector:

di(l) (X) = XZIIlTIZXZ , (5.7)

where i =1,2,3,..., N/2. These codficients are known as the detail coefficients at the

first level. As these codficients are calculated usng only adjoining data points, they
contain information on thefinest scale of variation. To obtain the origind data vector
fromthevector of detail coefficients would require knowedgeof the mean of thetwo
data points from which the difference was taken. This knowledgeis stored in wha are
known as GpproximationQor GmoothQcoefficients. Thefirst level of approximation

codficientsis given by:

(1) _ X1 T %
57 (x) e (5.8)

Note tha in bath thedeail and the smooth codficients, thedivision by the square root
of 2 enaures tha the conditions(5.1) and (5.2) are satisfied.

At this point, we have convated the origind daa vector of length N into two
vectors of length N/2. To obtain the detail coefficients at the next level, the process
describe aboveis repeated usng the approximation coefficients asthe data vector. At
each level, the number of coefficients in each vector is hdved, and the process can be
repeated until single approximation and detail coefficients are obtained. At each level,
the daa is smoothed to hdf the resolution of the previouslevel, and hence the nth

level containsinformation aboutvariation at the 2" scale. Note that the origind signd
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can be completely reconstructed from the complete set of detail coefficients and the
find set of approximation cogficients.

The recursive agorithm described above outlines the pyramid algorithm
(MALLET 1989) We have used the Haar wavelet to demondrate the algorithm.
However, thereader should be aware tha any wavelet could be used by replacing the
cogficient calculations

Figure 47 shows an example of decomposng a signd by applying a DWT
usng the Haar wavelet. Note tha large features persist in the approximation

codficients, butsmaller details are gradudly removed.
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Figure 47. Level by level example of the DWT using the Haar wavelet. The original signal (top),

is decomposed into a set of approximation coefficients (left), and detail coefficients (right). At
each successive level, the approximation coefficients are further decomposed with more detail

being removed each time.

If the origind signd has N = 2 daa-points, where j is an integer, then the
pyramid algorithm can continueuntl asingle detail and approximation coeficient are
obtained. Given such a decompostion, it is possible to andyse the signd on a scale-
by-scale basis. For example, given n levels of coefficients with N; coefficients at the
i™ level, it is possible to write the variance of the origind signd, x, in terms of the

detail codficients (PERCIVAL and WALDEN 2000}



var(x)=%!.n |N (dj(i))2 (5.9)

Note that the aboveallows usto write down the propottion of variance contributed at

each scale. We cdll thisthe Wavelet Power Spectrum:

Pw(k)=—"F—. (5.10

Although the trandormed signd contains no more information than the
origind, there are severa ben€fits to anaysing wavelet-trandormed data. Firstly,
andysis of the signd at multiple scales removes the need for an arbitrary choice of
window size. Second, as ddail codficients at one scale are orthogona to thos at a
different scale, correlationsobserved at one scale cannot be attributed to variation at
other scales. If two sets of deail coefficients are correlated, then this can be
interpreted as a changein the first signd being correlated to a changein the other
signd.

However, there are a nunber of disadvantages to usng the DWT of which the
reader should be aware. Perhgps the mog seriousissue arises if the nunber of daa
points in the origind signd is not 2'. In this case, the pyramid algorithm will have to
terminae prematurely as the number of approximation coefficients will be non-even
at some level, and hence the detail coefficients of the next level cannot be calculated.
It is therefore common practice to pad the daa so tha it contains 2 points. For
example, the data may be padded with zeros the signd mean, or some othe set of

values (such as the reflection of the signd). However, all such methodssuffer from

16C



(dge effectsOin which the coefficients representing regions near the edge of the
signd become increasing affected.

Anothe issue of the DWT isthat it is dependent on the starting point of the
signd. If we were to perform a unitary circular shift of the signd being andysed, we
would obtain a different set of DWT codficients and power spectra. In an attempt to
overcome this issue Perciva and Walden suggest usng a modified version of the
DWT known as the Maxima Overlap DWT (or MODWT; PercivAL and WALDEN
2000) However, the disadvantage of this method is tha the orthogondity of detail
coefficients from separate scalesis |og.

Therefore, for the pumposes of the andysis presented in this chapter, | will be
using the smple DWT. | accountfor edge effects by excluding coeficients tha may
be affected. | also checked tha my results are robug to changes in the signd start

point and are consstent between chromosomes.

Wavelets Applied to Recombination

Having introduced wavelet andysis, | now apply such an andysis to our
feature of choice: recombination rates. For the purpos of this andysis, | will be
working with the recombination rates estimated from the Phase || HapMap daa usng
rhomap as described in the previous chgpter. Figure 48 shows the decomposition of
the recombindion rate along a 16Mb region of on the p-arm of chromosome 2. For
clarity, the figure shows the decompostion of the logaithm (base 10) of the
recombination rate. As all of the detail codficients are shown on the same scale, one
can see tha the detail codficient variance from the finest scales is less than tha of

broader scales. To quantify this, | use equation (5.10) to describe the propottion of
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variance contributed at each scale (i.e. the wavelet power spectrum). | consdered the
recombinaion rates alonga 65Mb ggpless region of chromosome 2 (tha also contains
theregion shown in Figure 48). Therecombination rate signd was decomposed usng
the DWT with the Haar wavelet. | repeated the andysis using both the origind
recombinaion rates and the logaiithm of therecombination rates. Theresulting power

spectraare shown in Figure 49.
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Figure 48. Multi-resolution Analysis of recombination rates along a 16Mb region of chromosome
2. The bottom plot shows the logarithm of the recombination rate. The six plots above show the
detail coefficientsfrom thefirst six decomposition levels, with thefirst level nearest the bottom of
the figure. All detail coefficient plots are shown on the same scale (from -5 to +5 units). The top

plot shows the remaining approximation coefficients at the sixth level.
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Figure 49. The Wavelet Power Spectrum for the recombination rates (a) and log;o recombination

(b) asestimated by rhomap along a contiguous 65M b region of chromosome 2.

If we consde theraw (i.e. unlogged) recombination rate power spectrum first
(Figure 49a), we see tha the magjority of the greatest contributionsto the variance
come from scales bdow 32kb. Given the abundance of hotspots this is perhgps to be
expected. If we congder the logaithm of therecombinaion rate (Figure 49), we see
tha, as expected from Figure 48, there are significant contributions to the signd
variance from a wide range of scales, with the strongest contribution between 16kb
and 128kb, althoughthere are significant contributionsup to 4Mb. For the remainde
of thisandysis, | will in the main beworking with thelogaithm of the recombinaion
rate, as | have foundtha this gives clearer results in the later sectionsof this chapter.
The reader should therefore assume tha | am working with the logaithm of the

recombinaion rate unless otherwise stated.
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Wavelets as a Tool for Decomposing Correlation

Contributions at Differing Scales

Where multiple annottions are available, each may be decomposed
indgendently and it is then possible to use the deail codficients to determine
correlationsbetween signds at each scale (KEITT and URBAN 2005) | have therefore
used this form of wavelet andysis to assess the relationship between recombination
rate and a number of other annottionsat scales from 2kb to 1024kbon all 22 human
autosomes. This was achieved by fitting alinear modd to the detail codficients from
a numbe of annottions at each scale. To avoid issues with edge effects, any
coefficients that are potentially affected by such effects (induding those from gapsin

the daa) are discarded prior to the fitting of the linear modd (see Figure 50 for an

example). If d(i)(RR) isthe set of remaining detail coefficients of the recombinaion

rate annottion at level j, and d¥) (4,) is the set of remaining detail coefficients of

annogtioni a level j, then thefitted modd is described by equédion (5.11).
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Level 5

Level 4 d,“

Level 3 d,® d,¥ d;®

Level 2 d1(2) d2(2) da(z) d4(2) d5(2) de(z' da(z'

Level 1 d1(1) dZ(‘) dam d4(1) ds(‘) ds(‘) d7(|) dam dgm d10m d11(1) d12(1) d15(1) d16(1)
Data Xi | X2 | Xs | Xa | Xs | Xe | X7 | Xs | Xo | Xto | Xa1 | X42 | X13 | X14 | X15 | X16 [ X7 | X1g | X19 | Xoo | Xo1 | Xo2 | Xo3 | X4 | Xos X8 | Xoo | Xa0 | Xa1 | Xa2

Figure 50. A simple example of wavelet coefficients affected by gaps in the data. In this ssmple
example, the original data is shown in green and has a gap between X5 and Xpg (shown in red).
The decomposition would be performed for the whole region by padding the gap with an
arbitrary value. The unaffected detail coefficients at each level are shown in yellow, and the
potentially affected coefficients are shown in red. All coefficients shown in red would be

discarded prior to thefitting of thelinear model.

d(RR)="" 14" (4) (5.12)

1

In theaboveequéion, /. givestheregression cogficientsfor annottioni.

Using such a linear modd, we are also able to separate the total explained
variance into contributonsfrom each scale. It can be shown (SPENCER et al. 2006)
tha the covariance between two signds, x andy, of length N can bewritten as:

A A I

1
cov (x,y)= W z(=1 i #%LW i=1 g % 1(=l s
Ni

(4 0)

i=l j=1

(5.12)

That is the covariance of the two signds can be written in terms of the sum of the
detail coefficient dot produd. The correlation between the two signds can therefore

bewritten:
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Cov(x,Yy)
JVar (x)var (y) (513

=#1 (o g)fz (09 ().d0(y))

Cor (x,y)=

where

V@) @)
10=2_— — and) V=22
g Var(y)

* Var (x) (19

and

N;

o ((dP (a0 (y)
| (d(')(x),d(')(y)): — =1 - " (5.15)
.00 (o)

Note tha the square of equdion (5.15) is the propation of the variance in

d"(y) explained by a linear mode with predictor d®(x) and intercept at zero. If
both sets of detail coefficients have zero mean, then / (¢ (x).a" () ) is simply the

Pearson correlation coefficient between the two sets. Furthemore, if the deail
coefficients at all levels have zero mean, then it is possible to write the correlation
coefficient of theorigind signds as aweighted sum of correlationsbeween thesignd

detail codficients at each scale. Given tha the codficient of daerminaion for the
regression between the detail coefficients at level kis /; (d(") (x),d® (y)) then we

can use equation (5.10) to write down the contributionsto the variance explained by
the linear modd on a scale-by-scale basis. The codficient of determination for the

two signdsis given by:
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(2= Sum of Explained Variance at Each Level

Total Variance

2 i (@9 (9.a® (y))(i @) ) - (5.16)
> JE @)

The aboveformula dependson the detail codficients having zero mean at all

levels. In practice, this will never be true However, for al the genome features
congdered in this chapter have detail coefficients with meansclose to zero.

In my andysis, | will beusng a multiple regression. As | will beinduding a
large number of predictor variables, | have used an adjuged coefficient of
determingion tha has been corrected for the increased degrees of freedom in a
multiple regression (DRAPER and SMITH 1998) For N daa-points and K predictor

variables, the adjuged codficient of determinationis defined as:

RZ_(N!1)r2! K
©ONIK!L

(5.17)

In thefollowing andysis, therespons variable is the recombination rate. As |
will beinduding alarge nunmber of predictor variablesin theregression, it is sengble
to attempt to identify the subset of predictors that best explain the respons variable.
Therefore, | performed a modd selection process at each scale. | used a greedy local
search algorithm to minimise the Bayesian Information Criterion (BIC: for example,
MCcQUARRIE and Tsal 1998) alowing the addtion or removad of one predictor
variable at each step. If RSSis the resdud sum of squaes of a regression, then the

BIC isgiven by thefollowing formula.

BIC:NIn(RTSS)—KIn(N) (5.18)



To guad agang local minimathelocal search was repested ten times from randomnly
chosen starting points (i.e. the starting modd congsted of a set of randomy chosen
predictor variables). Only the modd with the lowest discovered BIC was recorded.

| will now outline the predictor variables tha were induded in the regression.
The majority of the genome annottions used in this andysis are from the UCSC

database (build hgl7;available from http://genome.ucsc.edu/), and those tha are not

(specifically GC content and motif dengty) were estimated directly from the DNA
sequence (build 35). When selecting annotations | only induded those with genome-
wide coverage b a requirement tha excluded the majority of epigenetic annottions |
also attempted to restrict the selection to annottionstha in some sense describe local
propeties of the genome. For this reason, annottionsdescribing, say, conservation of
sequence between species were excluded. Thereason for thisistha while correlations
between recombination and such annottionswould be interesting, they do not offer
any direct ingght into the causes of recombination rate variation. Findly, | also
attempted to exclude annottions tha showed correlations with other annottions
(with the exception of GC content, which was accounied for separately and will be
described later). For example, annottionsrelating to transcription were excluded due
to strong correlation with exon dendty. For completeness, | describe the various
induded annottionshere.

The @GC contentGannottion is the percentage GC coverage of each 1kb bin.
The &xonannottionis the propottion of each 1kb bin covered by exons as defined
by the UCSC knownGene daabase table (Hsu et al. 2006) The 3mer MotifO
annogtionisthe number of CCTCCCTNNCCAC motifsin each bin respectively. The
G3mer Motif (one subgOgives the nunmber of occurrences of motifs within one

subgitution of the 13mer motif, not couning the actud CCTCCCTNNCCAC motif
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itself (in order to avoid problems with collinearity). The GegDupLannottion is the
proportion of each bin covered by a segmental duplication, as defined by UCSC
genomicSupeDups database table (BAILEY et al. 2001) The OHE1A/B/C/DO
annottionisthenumbe of THEL elementsin each bin, taking therepesat centre asthe
repeat location. The @1 Family® @2 Family® @Glu Family® MIR Family®
annogtionsare the number of occurrences of repeats from each repeat family in each
bin, taking the repeat centre as the repeat location. The @Polypurined and
@olypyrimidineDannottions are the number of occurrences in each bin of simple
repeats tha are solely composed of Guanine and Adenine in the case of polypuring
and Thymine and Cytosine in the case of polypyrimidine The @ther repeatsO
annottionisthenumber of repeats tha do notfall into the abovecategories contained
within each bin. All repesats are taken from the UCSC rmsk database table (SMIT et al.
2004) The MicrosatellitesOannottion is the number of microsatellites in each bin,
taking the microsatellite centre as the microsatelite location (BENSON 1999) The
@IS Chip PetOannottion is the nuber of binding sites of the p53 and c-Myc
transcription factors (as assessed by chromatin immunopeecipitation, ChiP; WEel et al.
2006) This ChIP annottion was selected asit is genome-wide, and unarrelated with
exon dendty (data not shown). The exact location of the antibody binding site is
geneadly unaertain, so the centre of the possible region was used in each case.
Annottionswere binnal at a 1kb resolution for use in the wavelet andysis.
All annotations were subsquently standardised by subtracting the mean value and

dividing by the standard deviation.



Recombination Rates Correlate with GC Content over a

Wide Range of Scales

The correlation between GC content and recombination rate has been well
doaumented (JENSEN-SEAMAN et al. 2004; KonG et al. 2002; SPENCER 2006)
Primarily this has been seen as a broad-scale association. The wavelet andysisreveals
that there are also small but significant correlationsat the fine scale, as shown by the
wavelet regression of recombination rates along chromosome 1 (Figure 51). Despite
the significance of the coeficients, very little of the observed variance is explained at
thefine scale (adjusted R? < 0.001). However, much more of thevariance is explained

at the broader scale (adjusted R? = 0.3 for scales above128kb)

Estimated Regression Coefficients: Chr1

GC content 0.01 0.02 0.07 0.15 0.26 0.51 0.72 0.89 0.93 0.83 ‘
2kb 4kb 8kb 16kb 32kb 64kb 128kb 256kb 512kb 1024kb
Scale
Significance of Regression Coefficients: Chr1
GC content 6.82
2kb 4kb 8kb 16kb 32kb 64kb 128kb 256kb 512kb 1024kb

Scale
Figure 51. Scale specific regression between recombination and GC content for chromosome 1.
The top table shows the estimated regression between the detail coefficients at each scale, with
larger values shown in red shades. The lower table shows the significance of the estimated
regression coefficients with the numbers indicating the -log p-value (base 10). Values shown as
'Inf' are beyond the precision of the statistical package used (MATLAB). Very similar patterns

areobserved for the other chromosomes.
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Accounting for Correlations with GC Content

It is well known that GC content correlates with a number of genome
annoftions(VENTER et al. 2001) It is therefore desirable to pre-process annoftions
to remove correlationswith GC content. To remove correlationswith GC from each
annottion, | peformed a linear regression a each scale between the GC content
detail coefficients and the corresponding annottion codficients. If the resulting
regresson was significant (t-test p < 0.05) a a given level, | replaced the detail
codficients of the annottion with the resduds of the regression. In other words
before the multiple regression andysis, al annottionsinduded in the recombinaion
rate linear modd were corrected for GC content by removing the linear component
atributable to GC content (with the obvious exception of GC content itself).
Therefore, if an annottion shows a postive correlation with recombination, then this
should be interpreted as a correlation over and above tha expected from GC

(assuming linearity).

The Association between Motif Density and Recombination

Rates is Greater than that Expected from GC Content Alone

A suitable check of the methodis to indudeother annottionstha are known
to influence recombination. The hotspot-assodated motif described earlier isonesuch
annottion. | have therefore induded two motif annottions which | refer to as the
motif dengty annottions These annottionsare smply the nunmber of motifs (either

the exact 13-mer or those motifs within one subgitution) tha occur in each 1kb bin.
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These annottions were corrected for GC content usng the method outlined in the
previous section.

As would be expected, the wavel et regression shows tha there are significant
contributonsfrom the motif at the fine scale, with the mog significant contributons
coming from the 8kb scale (Figure 52). However, despite the significance of the motif
annoftions this regresson does not explain much more of the recombinaion rate
variance than GC content alone (R? < 0.001 at thefinest scale, increasing to R = 0.36
a the broadest scale for chromosome 1). Furthermore, the significance of the GC

content coefficientsis largdy undfected by theinduson of themotif annottions

Estimated Regression Coefficients: Chr1

GC content 0.01 0.02 0.07 0.15 0.26 0.51 0.72 0.89 0.93 0.83
13mer Moti¢ 0.00 0.01 0.03 0.05 0.10 0.21 0.25
13mer Motif (one subs) 0.00 0.01 0.03 0.05 0.21 0.39 0.67
2kb 4kb 8kb 16kb 32kb 64kb 128kb 256kb 512kb 1024kb

Scale

Significance of Regression Coefficients: Chr1

GC content

13mer Motir 5.45

2.57

2.80

13mer Motif (one subs) 5.44

2kb 4kb 8kb 16kb 32kb 64kb 128kb 256kb 512kb 1024kb
Scale

Figure 52. Wavelet coefficient regression of recombination rates with GC content and Motif
density for chromosome 1. The top table shows the estimated regression between the detail
coefficients at each scale, with larger values shown in red shades. The lower table shows the
significance of the estimated regression coefficients with the numbersindicating the -log p-value
(base 10). Values shown as 'Inf' are beyond the precision of the statistical package used. Blank

cellsindicatethat the annotation was not included in the linear model at that scale.
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Recombination Shows Scale-Specific Correlations with

Many Annotations

It isnow possible to indudea number of other annotationsin thelinear modd.
However, as more annottions are indudel in the regression it becomes difficult to
discern clear paterns as many of the relationships are weak and often excluded from
the modd. While the paterns appear to be largdy congstent across chromosomes,
there is aso alarge amount of noise so tha the patternsin any one chromosome can
be difficult to interpret. | therefore combined results across chromosomes by smply
recording if an annottion is induded in the linear modd at each scale (Figure 533).
Also shown isthelinear regression using the approximation coefficients (Figure 53b),
which is equivalent to assessing correlations between annottions in windows of
inareasing size. While the approximation coefficients can reveal interesting paterns
but are hade to interpret, as they are sendtive to confounding factors and
correlationsbetween the annottions Once theresults are combined in this manna, it

ispossible to discern some clear results.
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Number of times annotation Detail Coefficients are included in the linear model

GC content
Exons 1 1 5 8 8 10 7
13mer Motif n 13 9 7 4 3 1 3
13mer Motif (one subs) n H n 7 3 1 2 1
SegDups 1 1
THE1A/B 6 3 1 1 1 1
L1 Family 1 1 1 1 1 1 5]
L2 Family 4 1 6 4 2 1 2
Awfamily [ 1 7 8 12 7 n
MIR Family 2 7 13 8 9 10 5
Otherrepeats | 2 1 3 10 12 13 12 5 0
Microsatellites 2 1 4
Polypurine 1 1 1 2 5 1
Polypyrimidine 1 3 3 2 2 10
GIS Chip Pet 1 2
2kb 4kb 8kb 16kb 32kb 64kb 128kb 256kb 512kb 1024kb 5
Scale
0
b
Number of times annotation Approximation Coefficients is included in the linear model 5
GC content "
Exons 10 6 9
13mer Motif 10 5 1 15
13mer Motif (one subs) 12 3 1
SegDups 8 7 8 7 5 2 1 1 1 4 20
THE1A/B 5] 5 6 7 8 4 4 3 2 3
L1 Family | 7 6 5 2 s 10 n o2 137
L2 Family 12 10 9 6 6 3 1 1 3
Alu Family 9
MIR Family 14 10 5 5 1 1
Other repeats n 6
Microsatellites 1 1 1 1 3 1 3 1 2 1
Polypurine 9 9 10 11 9 9 5 3 2 2
Polypyrimidine 8 10 n 11 9 9 7 4 3 3
GIS Chip Pet 1 1 3 3 4 2 2
2kb 4kb 8kb 16kb 32kb 64kb 128kb 256kb 512kb 1024kb
Scale

Figure 53. Number of autosomesin which each annotation isincluded in thelinear model at each
scale. Numbers indicate the number of autosomes for which the annotation was included in the
model at each scale. Red colours indicate a predominately positive relationship with
recombination, whereas blue colours indicate a predominately negative reationship. The

regression was performed using the detail coefficients (a) and the approximation coefficients (b).

One striking observation from Figure 53 is that the mgjority of annottions
have assodations at certain scales with recombinaion. The mog congstent signd
remainsthe postive assodation between recombinaion and GC content at all scales.
As seen with the chromosome 1 andysis, the hotspotrelated motifs are aso
congstently associated with recombinaion at thefine scale.

As expected from the results in Chgpter 4, exon densty suppresses

recombinaion. Furthermore, this effect is visible at relatively broad scales, which is
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consstent with the average size of transcribed regionsin the human genome being
59kb.

There are many interesting signds assodated with the DNA repeat elements,
with MIR and @therOrepeat elements showing a strong positive assodation at the
medium to broad scales, and L2 elements show a weak postive assodation at thefine
to medium scale. The L1 elements do not show assodationsin the deail coeficients
except for a negdive correlation at the broad scale, which is consistent with these
elements being relatively cold.

The Alu elements show a paticularly unusud patern. At thefinest scale, the
detail codficients indicate a negative assodation, whereas the medium scales indicate
a postive assodation, before returning to a negdive assodation at the broad scale.
Thisis perhgpsunexpected as Alu elements do notin general exhibit obviouschanges
in recombination at the fine scale (Figure 54a). In order to interpret this result, one
mug first recall tha the annottions have been corrected for GC content. Alu
elements are locally high in GC content (with some elements beng up to 60% GC;
JURKA 2004) while beng surroundel by regions of low GC (Figure 54b). If we
peform a wavelet regresson beween GC content and Alu dengty, we therefore

observe an unusid patern (Figure 54c).

17¢
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Figure 54. The average recombination rate and GC content around Alu elements. Plots (a) and

(b) show a 40kb window, centred on Alu locations. (a) Recombination rates (no logarithm)
averaged over 12,000 Alu elements on chromosome 1. (b) GC content around the same elements.
Faded colours show the mean %2 standard errors. The pattern in GC content around Alu
elements leads to a complex pattern in the wavelet regression of GC content and Alu density (c).
Numbers indicate the significance of the regression (-logyy p-value). Red colours indicate a

positive relationship, wher eas blue coloursindicate a negative relationship.

As we have corrected the deail codficients in our wavelet regression of
recombinaion for GC content, we should therefore interpret the fine scale result as
Alu elements being not as recombinogenic as would be expected from GC content
alone However, at the medium scale, the local decrease in GC content assodated
with the presence of Alu elements leads to a postive assodation with recombinaion.
This is a dighty counterintuitive result, but is congstent with the patterns of GC
aroundAlu elements.

Findly, at the broad scale, the correlation beween GC and Alu density is
reduced. At this scale, it appears tha Alu elements cluger together in regions of low

recombinaion, as can be clearly seen on chromosome 22 (Figure 55). Why Alu
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elements should exhibit this patern is undear, althoughit may be speculated tha the
high nunber of Alu elements in the genome may be a factor. Recombindion
occurring in regions with many Alu elements may be disadvantageous due to the
possibility of non-honologousrecombinaion. Such events have been linked with
disease (e.g. SUMINAGA et al. 2000) and hence there may be a strong selective
advantage in recombinaion occurring preferentially away from Alu clusters. The Alu
elements therefore provide a good example of wavelet andysis revealing paternsin

recombinaion rate variation occurring at differing scales.

Broad Scale Recombination Rate and Alu Density on chr22
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Figure 55. Alu Density and Recombination Rate along the long arm of Chromosome 22. Alu
density is shown in red and the recombination rate is shown in blue. Both lines are based on a

1M b moving average.

The THE1A/B elements show only a weak postive assodation with
recombination. This is worth noting as earlier in the thesis | showed tha THE1A/B
elements with a motif are highly likely to be within hotspots. It would therefore
appexr tha the contibuton to recombinaion from THE1A/B elements is largdy
explained by GC content and the motifs.

It is difficult to envisage tha the broad-scale paterns assodated with DNA
repeat elements are causal of recombinaion (for example, MIR elements appear to

promote recombinaion at scales up to 64kb, despite the average size of these



elements being approximately 140bpin size). | would therefore suggest tha this is
more indicative of repeats ingerting themsealves into recombinogenic regions This is
in contrast to thelocal paternsof recombinaion observed aroundrepesats, such as the
THEL elements, seen in Chepter 4.

Of the remaning annottions polypyrimidine (repeats containing
predominaely TC bases) and polypurine (repeats containing predomnaely GA
bases) do not show assodationsin the detail codficients, but do show weak postive
assodations at the fine to medium scales in the approximation coeficients. Findly,
two annottions do not show strong assodations with recombination in either set of
codficients. These are Microsatellites and the Genone Inditute of Singgpore ChiP-

PET annottion.

Exploring Interactions between Annotations

As afind andyss of this daaset, | explored the contributionsof interactions
between the annottionsto the recombinaion rate. In order to explore non-additive
interactions between annottions | geneated a numbe of new annogtions tha
conssted of the dot produd of two origind annottions | then repesated the multiple
wavelet andysis using both the origind annottions and the new interaction
annogtions

As the numbe of possible combinaionswas large (there were 105 possible
combinaiong and computationd resources limited, it was not practical to indudeall
possible annottion interactions in the regresson. To redue the numbe of
annottions | firstly removed the two annottionstha showed little or no relationship

with recombingionin the origind linear regression (i.e. microsatellites and GIS Chip
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Pet). | then peformed a nonexhaudive search for interesting interactions primarily
focusng oninteractionsbetween the motif and other annotations Thiswas donein an
informal fashion, adding and removing interactions depending on observed

correlationswith recombinaion. The full list of interactionstha | explored is shown

in Table 12
Annotation 1 Annotation 2
13-mer Motif ~ THE1A/B/C/D
13-mer Motif ~ L1 Family
13-mer Motif L2 Family
13-mer Motif * Alu Family
13-mer Motif ~ MIR Family
13-mer Motif * GC content
13-mer Motif * Exons
13-mer Motif * Polypurine
13-mer Motif * Polypyrimidine
13-mer Motif (exact) 13-mer Motif (allowing onesubditution)
Exons GC content
GC content THE1A/B/C/D
GC content L1 Family
GC content L2 Family
GC content Alu Family
GC content MIR Family

Table 12 - List of explored interactions. Each row in this table gives two annotations that
multiplied together to obtain a new annotation for use in the multiple regression. The motif
annotations marked with a ®Qindicate that both interactions using the exact 13-mer motif, and

using motifs within one substitution (but not including the 13-mer itself) were explored.

The maority of interactions did not show significant relationships with
recombination. For clarity, | only show interactions that have significant relationships

with recombinaion onfouw or more chromosomes at any given scale (Figure 56). This
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requirement reduced the nurrber of OnterestingQOinteractions to ning, which can be

seen towardsthe lower hdf of each subplot.
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Figure 56. The number of times each annotation was included in the linear model at each scale -

2kb 4kb 8kb 16kb

including interactions. As previously, numbers indicate the number of autosomes for which the
annotation was included in the model at each scale. Red coloursindicate a predominately positive
relationship with recombination, whereas blue colours indicate a predominately negative
relationship. The regression was performed using the detail coefficients (a) and the

approximation coefficients (b).

Perhgps unaurprisingly, theinteraction showing the strongest relationship with
recombination is tha of the THE1 elements and the 13-mer motifs. At the 4kb scale,
20 out of 22 autosomes show a significant postive relationsip between the detail
coefficients Bafigure tha is only bettered by GC content. This result emphasizes the
nortlinear relationship between recombinaion and these annottions No other repest

element showed stronginteractionswith the motif.
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Thestrongeffect of GC content is again appaent in theinteractions with four
of the repeat families showing relationships (at least in the approximation
coefficients). However, few dignificant relationships are visible in the deail
coefficients for these interactions However, the postive assodation beween
recombination and Alu elements at the medium scale does seem to have some weak
basis in theinteraction between these elements and GC content at these scales.

As has been usud in this andysis, while the observed relationships are highly
statistically significant, the mgjority of the variance in recombination is unexplained.
Induding theinteractions the average R? valueat thefinest scaleis bdow 0.01, rising

gradudly to ~0.4 at the 1Mb scale.

Linear Model is Unable to explain much of the Variance in

Recombination Rates

Despite the strong evidence for correlations between the annottions and the
recombinaion rate, the linear modd explains little of the observed variance. The
largest contribution to the variance in the recombinaion rate signd is from the scales
bdow 256kb (Figure 49%). However, it is a these scales tha the linear modd
performs mog pootly. Indeed, the adjused R* value which can be informally
interpreted as the propottion of the variance explained by the linear modd, is
genedly less than 0.05 at the fine scale (Figure 57). However, as the scale increases,
so does the amount of explained variance. At the megabase scale, between 30 and

50% of the variance is explained by the linear modd, the maority of which is
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contributed by GC content. This is comparable to the (unadjuged) value of 37%

obtained by Konget al. usng six predictors at the3Mb scale (KONG et al. 2002.
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Figure 57. Adjusted R? by level for (a) the recombination rate and (b) the logarithm (base 10) of
the recombination rate. The adjusted R? value can be interpreted as the proportion of variance
explained by the linear model. The value computed for each chromosome is shown by grey
markers. A weighted average of the R* values (weighted by chromosome size) is also shown as a

black line.

There are anumber of plausble reasons for the poor performance of the linear
modd at the fine scale. Firgt, there may be an annofation that is assodated with the
recombination rate which missing from our modd. Alternaively, the linear modd
may itself be ingppropriate, as recombination rate variation is strictly nontlinear. |
have noted in earlier sections of this thesis tha recombinaion shows strong
assodation with motifs and THEL1B repeats. If both are present, then a hotspot is
expected to exist with high probability. This would appear to be a nonlinear
mechanism, and may explain why the propottion of variance explained at fine scales
is so low. Furthermore, there are many ingances of identical motifs appearing in both
hot and coldsots, with the factor that determines which are hot and which are cold
currently unknown. Findly, the smulation studies in Chgpter 3 would suggest that

there isa greater deal of uncertainty (and therefore noise) in rate estimates at the fine
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scale. All explanaions probably contribute. Neverthdess, my results do provide a
useful summary of the important relationships beween recombindion and other

genome annottions

Discussion

In this chapter, | have used a wavelet andysis to investigate the scale-specific
features of recombination in the human genome. | have shown that recombinaion
shows complex relationshipswith a nunmber of annaations with GC content being the
strongest predictor. However, despite the high significance of the relationsips no
more than approximately 40% of the variation in recombindion rates can be
explained at the megabase scale. Tha so many annottions show scale-specific
relationhips and yet explain o little, demondrates the complexity of the paterns of
recombinaion in the genome. A possible reason of the low propottion of explained
variance is tha the linear modd is incapable of capturing the features of nonlinear
relationships between the annottionsand recombinaion rate. Despite thisinability of
the linear modd to explain much of the variance, | bdieve the results are useful in
summarising our knowedgeof recombinaion.

This chapter condudes the analysis portion of the thesis. In the next and find
chapter of this thesis, | provide a summary of my findings | aso outline some

possibilities for future research.

18¢



184



Chapter 6 Conclusion

In this thesis, | have attempted to describe paterns of recombindion rate
variation in the human genome. In thisfind chapter, | discuss both the successes and
limitations contained within the previous chapters. | also take this oppotunity to
speculate as to the significance of these findingsand suggest areas for future research.

To investigate paterns of recombinaion in the human genome, | have
developed a newv method for the estimation of recombination rates from popuation
surveys of gendic daa. The new methodincorporated a prior modd of recombinaion
hotspots, which was lacking from previous rate estimation schemes. As the
calculation of thelikelihood of popuktion gendtic daais computationdly prohibitive
unde thefull codescent modd, | used a composte likelihoodbased on the produd of
precalculated likelihoodsfor pars of SNPs. The composte likelihoodcan be quickly
evauaed for large datasets, and it was therefore possible to use arjMCMC procedure
to explore the pseudo-poderior distribution of rate estimates tha varied along the
sequence. Thenew method has been implemented in the C++ program rhomap, which

is available for public download (http://www.stats.ox.ac.uk/~mcvean/L Dha/; AUTON

and McVEAN 2007)

The smulation studies undetaken in Chgpter 3 would suggest tha the
estimates obtained from the newv method compare favourably to those obtained from
the commonly used method, LDhat This was further confirmed by comparison with
therate estimates from sperm typing in the MHC and MS32 regions The new method
provides rate estimates with similar accuracy to LDhat at the broad scale, but

congderably less variance at thefine scale.
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As my prior modd induded amodd of recombination hotspots, | investigated
the possibility of usang the new method as a hotspot detection tool. To do this, | used
a smple statistic to describe the average number of hotspots per kilobase in each
sample from the riMCMC. The datistic was caculated between each SNP interval,
and | called this statistic the posterior hotspot dendty. | applied a threshold to this
statistic to determine the location of hotspots, with a suitable threshold level beng
determined via smulation. Despite the crude nature of this method, | foundtha it is
possible to achieve a hotspot detection power of approximately 50% with a low false
postive rate. However, the power to detect hotspots was low compaed to existing
hotspot detection methods especially when the SNPs in the daa were randonly
thinned. Dueto thelack of power, | suggested tha the new method should not be used
solely for hotspot detection.

The new method was based on a composte likelihood, which is both a
strength and a weakness; a strength because it allows recombination rate estimates to
be obtained on a genome-wide scale, but a weakness as the composte likelihoodis
not in any sense a @ealOlikelihood The composte likelihood is sharply pesked in
comparison to likelihoodsestimated from the full codescent modd. | have attempted
to correct this @ver-peskedOnaure of the composte likelihood usng a smple
trandormation tha leaves the maximum composte likelihood estimate unchanged.
This change was made ssmply for practical reasons as efficient use of MCMC was
problematic with the origind composte likelihood due to dow mixing times.
However, as with the origind composte likelihood, one cannot directly use the
corrected composte likelihoodto obtain estimates of uncertainty.

To compensate for the issues introduced by the composte likelihood, | have

used a nunmber of ad hoc procedures to achieve results tha would have been much
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easier in a true Bayesian framework. The mos obviousexample of this is the use of
rhomap as a hotspot detection tool. With a @ruellikelihood,onemay have hope that
the pogerior hotspot dengty would largdy reflect the probability of a hotspot in any
given location. However, the same cannotbe said when usng a composte likelihood.
Furthermore, thresholding the poderior hotspot dendty datistic is a quite
unsatisfactory decision making procedure, as the chosen threshold is largdy arbitrary.
While my simulations suggested a suitable threshold, the suitability of this threshold
is likely to be influenced by a number of factors induding SNP dendty, popuktion
demographics and SNP ascertainment to name jud afew. It is therefore perhgos more
sengble to simply report the value of the pogerior hotspot dengty along the region
being andysed, and allow the user to make a subjective judgament as to the location
of hotspots. Future work in this area should investigate alternaive methodsby which
the evidence of hotspots can be assessed. Suitable schemes will amog certainly be
heavily reliant on extensive smulations, and hence may suffer in terms of execution
time.

Neverthdess, rhomap can be used to obtain recombinaion rate estimates on a
genome-wide scale and thereby provide a numbe of ingghts into recombinaion in
thehuman genone. | therefore used the methodto obtain estimates for the majority of
the human genome udng daa from Phase Il of the HapMap project (THE
INTERNATIONAL HAPMAP CoNsORTIUM 2007) The accuracy of the rate estimates at
the broad scale was demongdrated via the excellent correlation with those obtained
fromthe deCODE pedigree study (KONG &t al. 20@).

At the fine scale, | found tha distribution of recombination is highly non
uniform, with the majority of recombination occurring within recombinaion hotspots.

In total, approximately 90% of recombinaion occurs within 30% of genome



sequence. This should perhgposbe consdered alower bound,as my simulation studies
suggest tha the background rates are dightly overestimated by rhomap, while the
pesk rate of hotspots are undeestimated. It is therefore quite plausble tha a greater
propottion of recombinaion occursin a smaller fraction of sequence.

To give the reader an example of the estimates obtained from the HapMap
data, | returned to the MHC and M S32 regions which have been visited a nunber of
timesin this thesis. An intriguing result was found in the MS32 region. In a separate
study, the MS32 hotspot was foundto be very strongin sperm andysis but weak in
estimates obtained from popuktion studies (JEFFREYS et al. 2005) In Chapter 3, | was
able to confirm this result udng the origind dataset from tha study b the MS32
hotspot, althoughdetectable, appeared to be very weak in the rhomap estimates. The
origind study suggested tha the disparity between the sperm estimates and those
obtained from popuktion gendic studies was indicative of a nenvly emerged hotspot,
and it was speculated tha recombinaion hotspots are therefore trangent features of
the genome (JEFFREYS et al. 2005) However, the rhomap estimates of the region
obtained from the Phase || HapMap show arelatively largeincrease in recombinaion
rate in the same vicinity, but only in the African popuktion. If this peak is the same
MS32 hotspot, then it indicates tha the emergence of the hotspat actudly predaes the
divergence of thethree human popuktions

If hotspots differ between popuktions and sequence features (specificaly
motifs) determinethe locationsof hotspots, then it may be possible to identify alleles
assodated with hotspots. There is a single motif within onesubgitution of the 13-mer
consenaus contained within the MS32 hotspot It would be of great interest to learn if
this motif contains a SNP with significantly different frequendes beween the

popuktions Unfortunaely, no such SNP currently exists within the HapMap.

18¢



Leaving the MS32 hotspot, | then used the HapMap daa to investigae the
relationship between recombination and various other genome features. Starting with
genes, my results show tha recombindion is generally suppressed within genic
regionsrelative to the genome average, with small pesks in recombination rate just
beyond the transcribed regions The peaks are at least patialy reflected in the
paterns of GC content and motif dengty. However, there is no corresponding dip in
these annottions within the transcribed region. This would suggest that
recombinaion has been suppressed in genic regions due to the inhaent damage
assodated with the process. Alternaively, the presence of selection in these regions
may bias rate estimates, althoughother studies have shown that composte likelihood
methods are largdy robug in the presence of selection (MCVEAN 2007; SPENCER
2006)

Despite recombinaion beng generally suppressed within genes, there is a
large degree of heerogendty beween gene ontology groups Strikingly, genes
expressed in the outer areas of the cell show significantly highe rates of
recombinaion than genes expressed in the nudear areas. Thisis an interesting result,
as one may speculate that recombination has been used as a means of generating
diversity in genes tha experience selection pressures tha vary over time. It may be
tha there is a selective advantage for, say, immunity genes experiencing relatively
high rates of recombinaion as a diverse popuktion has a better chance of combating
the emergence of a new pahogen. Convasdly, it is plausble tha genes such as
Chaperones may not experience rapidly changing environments, and hence be unde
strong purifying selection as the DNA damage assodated recombination events would

be a selective disadvantage Althoughthis is speculative, it will bevery interesting to



learn if similar paterns are observed once fine-scale genetic maps become available
in other species.

| dso investigated paternsof recombinaionin varioustypes of repeat DNA. |
showed tha certain repeats have significantly highea recombination rates than others.
Some repesats types (such as THEL and L2 elements) show very local inareases in
recombination, possibly suggesting that they are indeed causal of the elevated rate.
Perhgps mog interesting of all is tha the recombinaion rate of a specific repest
family (namely the THE1 family) appears be controlled by the existence of a hotspot
assod ated motif.

The paterns of recombinaion beween repeats could easily be investigated
further. For example, the evolutionay history of Alu elements is relatively well
known, with anumber of subfamilies having been identified (JURKA 2004)and alarge
number of copies exist in the human genome. An interesting project would be to
identify any common paterns of recombinaion in elements of each family. It would
then be posible to investigae if ®@IdO elements show different paterns of
recombination from MewCelements.

As the mgjority of hotspotassodated motifs so far identified show some
honology (MYERS et al. 2007) | attempted to isolate the common features of these
motifs. To do this, | employed a Genetic Algorithm tha searched for sequence
features tha differentiated between a set of hotspots and a matched set of coldspots.
The agorithm was allowed to indude degenerate bases in the motif, athough
favoured motifs with lower degeneracy. The agorithm identified a single 13-base
degenerate motif that is congstent with the maority of hotspot-assodated motifs so
far identified. While the motif identified by the algorithm had a high degree of

degeneacy, it appears the important aspect of the motif seems to be the relative
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spacing of the Cytosine bases. Notably, the algorithm was unable to identify any
sequence features up or downgream of the motif tha are assodated with hotspots.
Furthermore, the remova sequences containing the degenerate motif did not reveal
any secondary motifs suggesting that there are no other sequence motifs beyondthose
already identified.

Thehotspot motifs present a number of interesting questions If we accept tha
the motif is in some sense @ausalOof a recombinaion hotspot (and the evidence
would seem to at least patially support this; MYERS et al. 2009, then they provide
excellent targets for the investigaion of the evolution of recombinaion hotspots.
While we do not have genome-wide fine-scale recombination rate estimates from
species other than humans it has been hypohesised tha hotspots are trangent
features of the genome (Coop and MYERS 2007; JEFFREYS et al. 2005) Furthermore,
it is now generally accepted that recombination rates beween humans and chimps
vary subgantially at thefine scale (PTAK et al. 2005; WALL et al. 2003; WINCKLER et
al. 2005) This is perhagps surprising given the high degree of sequence identity
between the two species, and becomes even more surprising in light of the evidence
of hotspots having at least some sequence dependency. A reasonable explanation for
thisisthat the hotspotrelated motif identified in humansis not active in chimps If the
motif in chimp where different from that in human, then onewould expect hotspotsin
chimps to occur in largdy different locations relative to those found in humans
Following this line of reasoning further, if themotif isinactive in chimp then onemay
expect to observe different subditution rates for the motifs in the two species. The
reason for this is tha crossover asymmetry can cause recombinaion-suppressing
alleles to be tranamitted more often than recombination-promoting alelesin a process

known as meiotic drive (JEFFREYS and NEUMANN 2002) Computer smulations and
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theoretical work have suggested tha this can lead to the eventud fixation of the
recombinaion-suppressing allele (BouLToN et al. 1997; Coop and MYERsS 2007;
JEFFREYS and NEUMANN 2002) The hypotesis tha subgitution paternsin the motif
will be different in the two species is testable, and should be investigaed in the near
future.

However, despite the evidence for an unambiguous relationship between
hotspots and the sequence motifs, the motifs are not in themselves good predictors of
recombinaion hotspots, with many of the motifs beng found in coldgots.
Furthermore, nathe my nor other andyses (MYERS et al. 2007) have been able to
identify further sequence features which control the activity of themotifs. Onemay be
tempted to condudethat the activity is controlled by something other than sequence
features. | therefore attempted to isolate an epigenetic factor by which the activity of
the motif could be determined. While my investigation was quite exploratory, | did
congder a wide range of epigenetic annottions from the ENCODE daaset (THE
ENCODE PraskecTt CoNsORTIUM 2007) which covered many of the features of the
genome tha cannot be assessed from sequence alone However, | found no single
epigenetic factor that could distinguish between active and inactive motifs. While this
andysis does not rule out the possibility of epigenetic factors benginvolved in motif
activity, it does degpen the mystery.

In thefind anadysis of thisthesis, | studied scale-specific assodations between
recombinaion and other genone features. To do this, | adopted a Wavelet Analysis
tha allowed the annotation signds to be broken down into indgpendent contributions
from differing scales. By fitting a linear modd to the decompostionsof the various
annottions | found tha thee are a numbe of significant correlations with

recombination. The strongest and mogs congstent correlation was with GC content.
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While such correlationshad been noted before at the broad scale, the observation of
correlationsat the fine scale is novd. This perhgps suggests an intringc relationship
between GC content and recombingion. However, the naure of this relationship is
unknown.

A ben€fit of this method is tha it alows the contributon from a nunmber of
genome annottions to the recombinaion signd to be smultaneoudy assessed. In
doing so, it was possible to identify a number of scale-specific correlations Notably,
DNA repeats show different relationdhips at differing scales. The fact that some of
these correlations extend to quite broad scales may suggest that the repeats are not
causal of recombinaion, but preferentially locate themselves in broad regionsof high
recombination.

The weakness of the wavelet andysisis tha, despite the regression achieving
very high significance levels, only a small propottion of the variance in the
recombinaion rate signd could be explained. Possibly thisis dueto theinadequacy of
the linear modd, and a number of improvements could be made here. Nondheless,
the method does provide a useful method by which the relationsip beween
recombination and a number of annottionscan be summarised.

While the work described in this thesis has revealed many interesting features
of recombination, a number of questionsremain unanswered. Perhgpsthe single most
important question relates to the cause of recombinaion hotspots. While there is
evidence tha many hotspots contain a hotspot-assodated motif, it remains undear
wha other factors are required for ahotspot to occur. Neverthdess, the motif provides
an excellent oppotunity to investigate thisissuefurther.

In conduson, the recent advent of genome-wide genetic polymorphism daa

has provided a great amount of insight into questions surrounding recombinaion in
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the human genome. This thesis has demondrated tha recombinaion shows a number
of complex relationships with other genome features, many of which have yet to be
explained. As further data becomes available, we are presented with a vauable

oppotunity to undestand the nature of recombinaion.
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