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Abstract
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More and more human genomic data has become available in recent years by the improvement
of DNA sequencing technologies. These data provide abundant genetic variation information
which is an important resource to help us to understand the evolutionary history of humans.
In this thesis I evaluated the performance of the Approximate Bayesian Computation (ABC)
approach for inferring demographic parameters for large-scale population genomic data.
According to simulation results, I can conclude that the ABC approach will continue to be a
useful tool for analysing realistic genome-wide population-genetic data in the post-genomic era.
Secondly, I implemented the ABC approach to estimate the pre-historic events connected with
the “Bantu-expansion”, the spread of peoples from West Africa. The analysis based on genetic
data with a large number of loci support a rapid population growth in west Africans, which
lead to their concomitant spread to southern and eastern Africa. Contrary to hypotheses based
on language studies, I found that Bantu-speakers in south Africa likely migrated directly from
west Africa, and not from east Africa. Thirdly, I evaluated Thomson's estimator of the time to
most recent common ancestor (TMRCA). It is robust to different recombination rates and the
least-biased compared to other commonly used approaches. I used the Thomson estimator to
infer the genome-wide distribution of TMRCA for complete human genome sequence data in
various populations from across the world and compare the result to simulated data. Finally,
I investigated and analysed the effects of selection and demography on genetic polymorphism
patterns. In particular, we could detect a clear signal in the distribution of TMRCA caused by
selection for a constant-size population. However, if the population was growing, the signal of
selection will be difficult to detect under some circumstances. I also discussed and gave a few
suggestions that might lead to a more realistic path of successful identification of genes targeted
by selection in large-scale genomic data.
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Genetic variation 

The observable characteristics of individuals vary a lot within or 
among populations. Such variations can provide abundant evidence to 
help us to understand the evolutionary history of certain species. In-
heritance information is carried by genes. Hence, to study the mecha-
nisms of the genetic variation, variation in alleles of genes is im-
portant to explain observed diversity patterns and infer evolutionary 
processes. In this section, I will give a brief description of several im-
portant concepts related to genetic variation. 

Mutation 

Mutation is an accidental random change in the DNA sequence. It 
occurs usually in the process of DNA replication. This change can 
generally result in several different types of sequence: it can have no 
effect, prevent normal function of the gene, or produce a new gene. 
The probability that a single nucleotide mutates, in other words the 
mutation rate of one base pair in one generation is in the order of 10-8 
per bp per generation for human genome (The 1000 Genome Project 
Consortium 2011). The rate differs with a quite large range of values 
in different genomic data of different species, or in different types of 
genetic markers (e.g. SNPs and microsatellites). However, in general, 
mutations are rare. Mutations usually raise the level of genetic varia-
tion, and such variation is the raw material of evolutionary change.  

In this thesis, I will describe two major types of mutations that might 
affect a gene in small number of positions.  

a). Point mutation 

Point mutation or single base pair substitution often replaces a single 
base nucleotide by another (Ernst 1959a; In principle, a point mutation 
can also include the insertion or deletion of a single base pair, but I 
would rather discuss this in next section.). This change can be either 



 12 

transition or transversion (Ernst 1959b). Transition, which exchanges 
a purine for a purine (A ↔ G) or a pyrimidine for a pyrimidine (C ↔ 
T), is much more common than transversion. Transversion is the re-
placement of a purine to a pyrimidine or a pyrimidine to a purine (A 
or G ↔ C or T). 

One of the most important genetic markers, caused by point muta-
tions, is called single-nucleotide polymorphisms (SNP; Figure 1). In 
the genome, a SNP, as the term suggests, is a DNA sequence variation 
when a single nucleotide in an individual differs from the others in a 
population or paired chromosomes. If we assume the genome is infi-
nitely long (e.g., the mean value of genome size of mammals is about 
3.37 pg, where 1 pg ~ 978 Mb. Gregory 2005), each mutation there-
fore occurs in a previously non-mutated site, which indicates that each 
mutation generates a new segregating site (one mutation refers to only 
one SNP). This type of mutation model is called infinite-sites model 
that is commonly used for the research of point mutations or SNPs 
within species (Kimura 1969). In this model, a SNP only has two al-
lelic types. 

b). Insertion and Deletion 

Insertion adds one or more extra nucleotides into the DNA sequence, 
whereas deletion removes one or more nucleotides from the DNA 
sequence. They are generally caused by transposable elements (but not 
for microsatellite). The term 'indel' is used to mean an insertion or a 
deletion variation (Kondrashov and Rogozin 2004, Ogurtsov et al. 
2004), and 'indels' also refers to the mutation class including both of 
them (Halangoda et al. 2001, Griffiths et al. 2002, Gregory 2004).  

A particular class of indel variation is the short tandem repeats (STRs) 
or so called microsatellites (Figure 1; Beckmann and Weber 1992) 
that have a specific mutation process (see below). These microsatel-
lites are fragments of DNA sequence arrays with 1-6 bp repeated units 
(Whittake et al. 2003, Ellegren 2000a) and different number of repeats 
represents different alleles. For instance, the most common microsat-
ellite in human genome is (CA)n (n varies between different alleles) 
which means n repeats of CA nucleotides (Beckmann and Weber 
1992). In the entire human genome, the density of microsatellites var-
ies from about 12,000 bp/Mb up to about 20,000 bp/Mb for different 
chromosomes (Subramanian et al. 2003).  
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The mutation process in microsatellites, which generally increases or 
decreases the number of repeats, is primarily caused by slippage of the 
replication machinery during DNA replication, and most mutations 
occur one step at the time (Weber and Wong 1993). Some scientists 
suggested the mutation rate of microsatellites to be dependent of the 
length of repeated DNA fragment (Kruglyak et al. 1998, Durrett and 
Kruglyak 1999, Calabrese et al 2001). More sophisticated models 
have been derived from the initial length-dependence models (Sibly et 
al. 2001, Calabrese and Durrett 2003). Microsatellites are known to 
show a much higher mutation rate per generation than other neutral 
regions (mutations being the number of repeats), which is on the order 
of 10-4 (Whittaker et al. 2003, Zhivotovsky et al 2004). Hence mi-
crosatellite data can result in high diversity in a quite short time peri-
od. Several research studies found that the generalized stepwise muta-
tion model (GSM) is probably one of the most realistic mutation mod-
els for microsatellite loci (Ellegren 2000b, Schlötterer 2000, Estoup et 
al. 2002, Chapuis and Estoup 2007). GSM implements a number x of 
movements (add or withdraw) of the repeated fragment and follows a 
symmetrical geometric distribution (! ! = !(1− !)!!!) in one mu-
tation event, whereas only one movement is applied in the normal 
stepwise mutation model (SMM; Ohta and Kimura 1978). 

 

Figure 1. Example of two types of genetic markers: SNP and microsatellite 
(STRs). 
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Recombination 

Recombination causes breaking and reconstruction of DNA sequences 
that lead to the formation of new molecules of DNA which could en-
code new genetic information. Recombination occurs during meiosis. 
Generally, recombination exchanges a fragment of DNA sequence 
between paired homologous chromosomes (chromosomal crossover), 
or occurs between dissimilar molecules, for example non-homologous 
end joining (Moore and Haber 1996). Recombination is an important 
process that can reshuffle DNA sequence to generate new combina-
tions of alleles. It can thus give rise to increased genetic diversity.    

Migration 

The process of migration relates to the transfer of individuals between 
populations or sub-populations. It leads to gene flow that can change 
the allele frequencies in the population, as well as introduce new ge-
netic variation to the population. This can result in decreasing the ge-
netic differentiation between connected populations. To infer the mi-
gration rate or to study the effect of migration, several mathematical 
models have been proposed. The classic island model (Wright 1931) 
describes migration from some mainland to an island and substantial 
migration can have huge impact on the gene pool of the island (the 
population size of mainland is much larger than the island’s popula-
tion size), whereas movements from the island contribute relatively 
little to the mainland. Therefore the island model is often used to 
model the effect of migration from some large population to a small 
population. The isolation by distance model (Wright 1943, 1946) 
arose from the idea that populations separated by shorter geographical 
distance have more similar traits, since migration between nearby 
populations are more frequent. The stepping stone model (Kimura and 
Weiss 1964) is also a geographical distance-dependent migration 
model that is similar to the isolation by distance model. However, in 
the stepping stone model, only neighboring adjacent populations ex-
change individuals and genes and cannot move more than one step in 
each generation. A quite recently derived model, isolation with migra-
tion model (Nielsen and Wakeley 2001, Hey and Nielsen 2004, 2007), 
also includes population divergence into the migration model and the 
extension of this model for more than two populations was introduced 
by Hey (2010).  
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Selection 

During the process of evolution, some individuals with a certain trait 
or phenotype may tend to be more successful to reproduce than others 
in a certain environment. In other words, some individuals fit the envi-
ronment better. In a deterministic model (of an infinite population 
size), selection therefore acts on particular phenotypes that cause 
causative alleles to increase in frequency. In contrast, the frequencies 
of alleles connected to other less favorable phenotypes decrease. This 
mechanism is called selection, and it acts on the phenotype, not the 
genotype. Positive selection can cause certain adaptive traits, which 
fits the current environment best, to become universal in a population. 
Selection clearly affects genetic variation of a population. Selection 
and genetic drift has an intricate relationship in that it is the product of 
the population size and the selection coefficient that determines the 
behavior of a particular gene – whether it behaves according to the 
laws of selection, the laws of drift or a combination of the two forces 
(Gillespie 2004).  

The principle of genetic drift shows that the changes of the frequency 
of a certain allele are dominated by linked genes which are selected 
(Gillespie 2001). Recent research indicated that the effects of selection 
sometimes are similar to the effect of demography (Begun et al. 2007; 
Jensen et al. 2008; Keinan et al. 2009; Emery et al. 2010; Hammer et 
al. 2010; Wakeley 2010), which results in difficulty to distinguish and 
detect selection. For instance, positive selection can give a strong ef-
fect on gene genealogies causing shorter expected time to most com-
mon recent ancestor (denote as TMRCA; Nordborg 2001), whereas 
the TMRCA can also be affected by population growth (Griffiths and 
Tavaré 1994).    
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Human evolutionary history 

The human genome 

Since the initial draft of the human genome some twelve years ago, 
the quality of the genome has constantly been improved. Today, to 
identify human genetic variation information from human genomes, a 
standard reference sequence has been constructed. The Human Refer-
ence Genome (HRG), Genome Reference Consortium human genome 
(build 37; GRCh37), was derived from several anonymous individuals 
as a representative example of a set of genes of humans (International 
Human Genome Sequencing Consortium 2004). It is haploid compo-
site data, and does not correspond to any single human individual. The 
haploid human genome consists of about 3 billion base pairs. By using 
the HRG and genomic data from individuals and populations from 
across the world, contributed by many different projects and organiza-
tions (e.g. International HapMap Consortium 2010, The 1000 Ge-
nomes Project Consortium 2010), we can analyze plenty of variation 
information from humans (both within and between populations). This 
information is very valuable to infer the human evolutionary process 
and demographic parameters of human history.  

Origins of modern humans 

The origin of modern human – this topic has been hotly debated for 
many years (Stringer 2002). The multiregional hypothesis says that all 
living humans evolved from their regional ancestors who left Africa 
around 2 million years ago (Wolpoff et al. 2000). Natural selection 
and genetic drift have caused variation between the different popula-
tions during this time. In contrast, the Out-of-Africa hypothesis sug-
gests that ancestors of modern human arose in Africa about 100 – 200 
kya, then migrated to the rest of the world and replaced, without ad-
mixture, archaic local populations (Stringer 1996, Mellars 2006).  
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Many investigations of the patterns of genetic variation in modern 
human populations support the Out-of-Africa model to be the most 
likely scenario that can describe the human evolutionary history. For 
instance, Cann et al. (1987) found that the common ancestor of all 
contemporary mitochondrial haplotypes lived quite recent about 200 
kya. And similar research about Y chromosome showed that the an-
cestor appeared around 100 kya (Thomson et al. 2000, Wilder et al. 
2004). Several studies from microsatellites and SNPs have observed 
that with longer distance from Africa the genetic diversity decreases 
continuously, whereas linkage disequilibrium increases (Prugnolle et 
al. 2005, Ramachandran et al.2005, Li et al. 2008, Jakobsson et al. 
2008, DeGiorgio et al. 2009).  

Some other hypotheses in-between these two extremes suggest that 
the ancestors of modern humans were mainly the group of out-of-
Africa ancestors who had been admixed with local archaic populations 
(Harding and McVean 2004, Gunz et al. 2009). Genetic studies of two 
groups of ancient humans, Neanderthals (Green et al. 2010) and Den-
isovans (Krause et al. 2010, Reich et al. 2010, Reich et al. 2011), sug-
gest interbreeding between modern humans and archaic humans since 
approximately 4% of non-African’s genome comes from Neandertals. 
Additionally, half of the HLA alleles of the immune system of modern 
Eurasians represent archaic HLA haplotypes, and have drawn particu-
lar attention in the attempt to identify genes that may derive from ar-
chaic human populations – Denisovan or Neanderthal origin (Abi-
Rached et al. 2011). In the end, the vast majority of the genome (prob-
ably >95%) of today’s humans traces its ancestry to the latest out-of-
Africa migration. 

Bantu expansion 

In African populations, Bantu-language speakers are the largest Afri-
can language group. Much evidence has shown that the Bantu-
speakers had a quite recent series of migrations starting several thou-
sand years ago (Vansina, 1995, Bellwood 2001), which was one of the 
largest movements of people in African history. This population ex-
pansion (commonly called Bantu-expansion) leads to the wide distri-
bution of Bantu-speaking people today in sub-Saharan Africa and was 
found to be the result of a movement of people rather than the diffu-
sion of language alone (Ehret and Posnansky 1982, Huffman 1982, de 
Filippo et al. 2012, Schlebusch et al. 2012). Generally, Bantu-
speaking people are divided into three major groups (Figure 2A): 
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North-Western Bantu-speakers (whose language is considered to be 
close to the core region of the root of expansion), Eastern Bantu-
speakers and Western Bantu-speakers (Guthrie 1948, Vansina 1995, 
Holden 2002). Nowadays, the discussion about the route of expansion 
is mainly focusing on two scenarios proposed by linguistic studies. 
One hypothesis is that the Eastern and Western branches split early 
into two separate migration routes to spread out from their west Afri-
can homeland (called “early-split” hypothesis, Figure 2B). The ances-
tors of Eastern Bantu-speaking people migrated directly eastwards, 
and then they expanded further southwards across most of eastern and 
southern Africa. The ancestors of Western Bantu-speakers spread di-
rectly south in turn forming the second major route (Vansina 1995, 
Phillipson 2005). The other hypothesis is that two branches split later 
after their ancestors reached central Africa (Figure 2C).  

Recently, many genetic studies have started to infer the events of the 
Bantu-expansion by using different types of genetic markers. For in-
stance, de Fillippo et al. (2012) used a combined linguistic and genetic 
approach and found that the “late-split” hypothesis fits their genetic 
data better. They thus suggested a more recent split of Eastern Bantu-
speakers from Western Bantu-speakers. In Paper II, we used a large 
panel of multi-allelic microsatellite data from a geographically repre-
sentative collection of populations across the African continent to in-
vestigate the mode of population movements among west, east and 
south Africa during the Bantu-expansion. More details will be de-
scribed in a later section. 
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Figure 2. Map of sub-Saharan Africa illustrating A) the different Bantu-
language sub-groups according to the Guthrie classification B) the route of 
the Bantu-expansions according to the “early-split” linguistic model and 
(redrawn from Pakendorf et al., 2011) C) according to the “late-split” lin-
guistic model (redrawn from Pakendorf et al., 2011). D to G) The different 
models of the Bantu-expansion tested in the present study using and ABC 
approach; D) the ESW model which posits a primary expansion towards the 
east  (1) and a later expansion to the south (2), E) the SEW model which 
posits a primary expansion to the south (1) and a later expansion to the east 
F) the WES model which posits a primary expansion to the east (1) and the 
southern expansion (2) originated from the populations that migrated to the 
east G) the STAR model which posits a simulations expansion to the east 
and the south from the west. 
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The Coalescent 

In order to infer demographics from genetic variation information, 
some mathematical models or frameworks to describe the evolution-
ary process based on population genetic theory have been proposed 
and successfully applied. In this section, I will introduce one of the 
most well-developed and widespread models, the coalescent. 

Basic Coalescent Theory 
“To coalesce means to grow together, to join, or to fuse.”  

– Coalescent Theory: An Introduction by John Wakeley (2009) 

The coalescent is a stochastic process, which is used to describe a ret-
rospective model in population genetics. It employs a set of sampled 
individuals from one or several populations to trace all the alleles of a 
common gene of all samples back to their most recent common ances-
tor (MRCA). Thus, the coalescent theory is about studying the statisti-
cal properties of this process under different assumptions. The math-
ematical theory of the coalescent was first described by Kingman 
(1982), and further developed and reviewed by Hudson (1983, 1991), 
Tajima (1983) and Nordborg (2003). Figure 3 shows a basic gene ge-
nealogy of the coalescent with six samples. Every two lineages inter-
sect at their common ancestor and they coalesce at a certain time 
(backward). 
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Figure 3. A basic gene genealogy of the coalescent with five samples. 

Nordborg (2003) pointed out two important fundamental insights of 
the coalescent. The neutral mutation process can be separated from the 
genealogy, since selectively neutral variants usually do not affect gene 
reproduction. This allows that to simulate the coalescent, the allelic 
states of all sampled individual can be assigned from their MRCA and 
then add mutations along branches of the genealogy which update the 
state of each sample. The other insight is that the coalescent model 
usually employs a group of individuals (not whole population) to sim-
ulate the evolutionary process backward in time.  
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Time to most recent common ancestor (TMRCA) in 
coalescent theory 

Time to most recent common ancestor, which is equivalent to the 
length of the lineage in the genealogy, is one of the most significant 
properties of the coalescent model. To begin to describe TMRCA, I 
would like to make some assumptions: a simplest genealogy under 
Wright-Fisher's neutral model (Fisher 1930) without selection, recom-
bination, and no population structure (mutation is not considered ei-
ther). I assume a haploid population with size N (the population size 
of diploid individuals is 2N). Randomly draw n samples (generally n 
<< N) from the population in the current generation, set the time to 0 
(in generation). The probability that any two individuals have a com-
mon ancestor in next generation (backward in time) is 1/!, and 
1− 1/! is the probability that two individuals do not share the same 
ancestor. The probability P(n) that none of all n individuals coalesce 
in next generation backward in time is: 

! ! = 1− ! !
!!!

!

≈ 1−
!
2
!  

Suppose all n samples have n distinct ancestors until generation t, but 
in generation t+1, two or more individuals coalesce. The probability 
of this event is: 

!(!)![1− !(!)] ≈
!
2
! !!

!
!
! ! 

Therefore, the time T(n) (scaled by N generations) that first coalescent 
event occurs is approximate to an exponential distribution with mean 

! ! ! =
1
!
2
  

Generally, because of n << N, the case that more than two coalescent 
events occurs in one generation is ignored. Indeed, the expected value 
of TMRCA (the height of the genealogy tree) will be: 
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! !(!)
!

!!!

= ! !(!)
!

!!!

=
2

!(! − 1)

!

!!!

= 2 1−
1
!  

I will not describe TMRCA for more advanced cases (can be incorpo-
rated with selection, recombination, migration, etc.) of coalescent the-
ory. Please check Kingman 1982, Hudson 1991, Nordborg 2001 and 
Wakeley 2009 for more details. 

Thomson's Estimator of TMRCA 

Thomson et al. (2000) introduced a very simple and robust estimator 
of TMRCA. It requires an outgroup sequence data which provides the 
information of ancestral state at every polymorphic position, and the 
infinite sites mutation model (Hudson 2007). 

Denote T as the time to MRCA for a sample of sequences with size n. 
Let xi be the number of mutations occurs on the ith lineage which is 
between the MRCA and ith sequence. The distribution of xi follows the 
Poisson distribution with mean µT, where µ is the mutation rate of the 
fragment of sequence and T here equals to the length of the branch. 
Therefore, the Thomson's estimator of time to MRCA is: 

! =
!!
!"

!

!!!
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Approximate Bayesian Computation (ABC) 

In evolutionary biology and population genetics, inferring demograph-
ic or genetic parameters is one of the most significant ways to help us 
to understand the evolutionary process. Therefore, an efficient method 
to estimate parameters plays an important role in the field. Recently, 
several approaches based on Bayesian statistical inference have been 
introduced (Marjoram et al. 2003, Beaumont and Rannala 2004, Ste-
phens 2008). The core theory of those approaches is based on Bayes’ 
theorem, and it can be presented by the following expression: 

!(!|!) ∝ !(!) ∙ !(!|!)  

where !(!|!) is the conditional distribution of some parameter of 
interest (θ) given the data (D), !(!) is the prior distribution of the 
parameter, and  !(!|!) is the probability of the data given the param-
eter (the likelihood function: ! ! = !(!|!). The expression above 
shows the conditional distribution !(!|!) of the parameter given the 
data, which is called the posterior distribution, and is proportional to 
the prior distribution of parameters and the likelihood.  

However, in practice, many of those methods that require evaluation 
of the full likelihood are often restricted to simple evolutionary sce-
narios. Because computing the likelihood function is generally diffi-
cult for complex models, particularly due to recent advances in se-
quencing technologies, it is hard to meet the demands of the large 
amount of data (Csilléry et al. 2010).  

One of the most recent approaches, called Approximate Bayesian 
Computation (ABC), was introduced to make inference for complex 
models with high dimensional data (Tavaré et al. 1997, Pritchard et al. 
1999, Beaumont et al. 2002). ABC uses summary statistics for likeli-
hoods calculations instead of full data. Summary statistics are statisti-
cal measurements to summarize a set of data about the parameter of 
interest, in order to capture maximum amount of information as sim-
ple as possible. The basic idea of ABC is the rejection algorithm, it 
can be briefly described as follow: Simulate a large number of data 
based on a certain model with different values for the parameter of 
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interest sampled from a prior distribution. Secondly, compute sum-
mary statistics of simulated data. Next, accept or reject parameter val-
ues according to differences between values of simulated summary 
statistics and the summary statistics of observed data. Finally, the ac-
cepted parameter values represent an approximate sample from the 
posterior distribution of the parameter of interest.  

ABC approach with local linear regression adjustment 
In this thesis, I used an improved version of rejection only ABC 
schema which was developed by Beaumont et al. (2002). The innova-
tion of this application is: adjust the accepted parameter after rejection 
by using the local linear regression method. In detail, this ABC proce-
dure can be applied by following steps: 

1. Sample a set of candidate parameters from each of the prior distri-
butions; 

2. Simulate data with sampled parameters under a certain model; 
3. Compute summary statistics from simulated data;  
4. Weight candidate parameters by calculating differences between 

simulated summary statistics and observed summary. 
5. Select a number of candidates which have small enough difference 

between simulated summary statistics and observed summary sta-
tistics. Then adjust candidate parameters by using a local linear re-
gression approach.  

The local linear regression adjustment can be summarized as follows. 
Assume that the conditional density of a candidate parameter θi can be 
described by the regression model for an intercept α and a regression 
coefficient vector β , 

!! = ! + !!∗ − ! !+ !! ,                ! = 1,… ,! 

where simulated set of summary statistics !!∗ ≡ !!!∗ ,… , !!"∗ , observed 
summary statistics ! ≡ !!,… , !! , εi is an error correction with a 
mean zero and a common variance. The intercept α can be given as 
the mean of the posterior distribution, when Si

* = S. To compute 
(α,β), we can use least squares approach by minimizing 

!! − ! − !!∗ − ! ! !!! !!∗ − !
!

!!!
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here take ||Si
* - S|| to be Euclidean norm 

!!∗ − ! = !!"∗ − !!
!!

!!!
 

The kernel function !! !  here uses the Epanechnikov kernel, 

!! ! = !!!! 1− ! ! ! ,          ! ≤ !
0,                                                                        ! ≥ !  

where c is a normalizing constant. Then we get the estimation 

!,! = !!!" !!!!!" 

where 

! =
1 !!!∗ − !! … !!!∗ − !!
⋮ ⋮ ⋱ ⋮
  1 !!!∗ − !! … !!"∗ − !!

,        ! =
!!
⋮
!!

 

W is the matrix whose ith diagonal element !!! = !! !!∗ − !  while 
all others are zero.  

Thus the candidate parameter can be adjusted by 

!! = !! − !!∗ − ! ! 

The accepted parameters must be transformed before the local linear 
regression adjustment step by 

! = −!" !"#
! ! −!"#

2 !"# −!"#

!!

 

where max and min represents the lower and upper bounds of the prior 
distribution of the parameter respectively. This transformation assures 
that the posterior distribution stayed within the range of the prior dis-
tribution (Hamilton et al. 2005). 
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List of Summary Statistics 

In this section, I list some common summary statistics that were used 
in my thesis. 

For SNP-chip data: 

Many of the summary statistics for SNP-chip data were based on 'hap-
lotypes' and the genetic data were assumed to be phased. Thus we 
define a haplotype locus by the chunk of DNA that extends from the 
SNP position a along the genome to the SNP position a + w (for a 
particular window size w). A haplotype-allele is defined as the combi-
nation of variants at all SNPs within the window w for a particular 
chromosome and for a particular haplotype locus (Conrad et al. 2006).  

1. Haplotype heterozygosity (Conrad et al. 2006) of the entire ge-
nome-region (the window extended over the entire 100 kb ge-
nome-region). The statistic was computed from the frequency 100hi 
of each haplotype-allele i in a particular population, 

!!" =
!

! − 1 1− ℎ!!!""
!

 

where n is the number of sampled chromosomes.  

2. Average heterozygosity of 10 kb-haplotype-windows. For a win-
dow of size 10 kb, the haplotype heterozygosity in a particular 
window j was computed as  

!! = 1− ℎ!"!!"
!

 

where 10hij is the frequency of the haplotype-allele i in the 10 kb 
window j. The window moves one SNP at the time, and the aver-
age haplotype heterozygosity of all windows is  

!"# =
! !!!

! − 1 ! 

where n is the number of sampled chromosomes, and S is the 
number of SNPs.  
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3. The average heterozygosity of all segregating sites. The HSS sta-
tistic was computed from  

!!! =
! 1− !!"!!!

! − 1 !  

where fij is the frequency of allele i for SNP j, n is the number of 
sampled chromosomes, and S is the number of SNPs.  

4. Linkage disequilibrium, measured as r2 (Hill and Robertson 1968). 
For each pair of SNPs that were between 9 and 11 kb apart, r2 was 
computed using  

!! =
!!! − !!!! !

!!!!!!!!
 

where j1 and j2 denote the frequency of allele 1 and allele 2 at SNP 
J and k1 and k2 denote the frequency of allele 1 and allele 2 at SNP 
K, and x11 denotes the frequency of the J1K1 haplotype. The aver-
age r2 is computed across all pairs of SNPs (that are located be-
tween 9 kb and 11 kb from each other) to get LDR.  

5. The number of distinct haplotype-alleles per genome-region. 
6. The number of private haplotype-alleles in each sub-population 

per genome-region. 
7. Tajima's D. Computed for all SNPs in each genome-region follow-

ing Tajima (1989). Denote n as the number of sampled individuals, 
S as the number of segregating sites, π as the mean of the number 
of differences of each pair individuals. For given data, compute 

!! = 1 !
!!!

!!!

,              !! = 1 !!
!!!

!!!

 

!! =
! + 1

3(! − 1) , !! =
2(!! + ! + 3)
9!(! − 1)  

!! = !! − 1 !! , !! = !! −
! + 2
!!!

+
!!
!!!
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!! = !! !! , !! =
!!

!!! + !!
 

Then Tajima’s D can be calculated by 

! =
! − ! !!

!!! + !!!(! + 1)
 

8. FST. Computed for all SNPs in each genome-region using equation 
5.3 in Weir (1996). Indexing the loci by l and alleles within the lo-
cus by u, then the estimation from all v alleles from all m loci is 

! =
!!!"!

!!!
!
!!!

!!!"!
!!!

!
!!!

 

with  

!!!" = !!! −
1

! − 1 !!∙ 1− !!∙ −
! − 1
! !!!  

!!!" =
!! − 1
! − 1 !!∙ 1− !!∙ + 1+

(! − 1)(! − !!)
! − 1

!!!

!  

with 

!!! =
1

(! − 1)! !! !!" − !!∙ !
!

 

Let !!" be the frequency of allele A in ith population. The average 
of the sample allele frequencies over the r population is   

!!∙ =
!!!!"!

!!!
 

(ni is the sample size from ith population.) and  

! =
!!!

!!!

!  
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!! =
1

! − 1 !!
!

!!!

−
!!!!

!!!
 

For microsatellite data: 

In microsatellite data, let n be sample size of microsatellite individuals 
and !! ∈ !, (! = 1,… ,!) be the number of repeats of jth individual. 
Each allelic type corresponds to a certain number of repeats. Assume 
!! ∈ !, (! = 1,… , !) is the frequency of ith allele (k is the total number 
of alleles, thus k<=n). 

1. Expected heterozygosity:  

!! = 1− !!!
!

 

2. Variance of the number of repeats: var(!); 
3. Frequency of the most frequent allele: max(!); 
4. Number of singletons. 
5. Number of alleles or allelic richness αg (Kalinowski 2004). Let nl 

be the total number of individuals sampled from lth population. 
And denote nil as the number of ith allele in lth population 
(!! = !!"! ). The estimate of !! of lth population is (the parameter 
g indicates the sensitiveness of αg to the presence or absence of ra-
re alleles, g <= nl) 

!!
(!) = !!"#

!

!!!

 

where  

!!"# = 1− !!"# 

and  

!!"# =

!! − !!"
!
!!
!

=
!! − !!" − !
!! − !

!!!

!!!
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Research Aims 

The overall aim of this thesis was to investigate and develop statistical 
approaches to infer the demographics in human evolutionary process-
es by using large-scale population genomic data. And this lead to fol-
lowing specific objectives: 

1. to evaluate the application of Approximate Bayesian Computation 
approach with local linear regression adjustment by inferring de-
mographic parameters from large-scale simulated population ge-
nomic data (Paper I); 
 

2. to apply the ABC approach on estimating the Bantu-Expansion 
event of peoples from West Africa and suggest a possible popula-
tion model from our inferences (Paper II); 

 
3. to evaluate Thomson's estimator of the time to most recent com-

mon ancestor (TMRCA) and apply it to infer distributions of 
TMRCA by using whole human genome sequence data in various 
populations (Paper III); 

 
4. to review and analyze the effects of selection and demography 

(especially for population expansion) on genetic polymorphism 
and propose a few suggestions that might lead to a more realistic 
path of success for finding genes targeted by selection in large-
scale genomic data (Paper IV). 
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Summaries of Papers 

Paper I. Estimating demographic parameters from large-
scale population genomic data using Approximate 
Bayesian Computation 

The Approximate Bayesian Computation (ABC) approach uses sum-
mary statistics to overcome the difficulty of computing the exact like-
lihoods. Comparing to other Bayesian theorem based inference algo-
rithms, it is potentially able to be applied for complex population 
model with large amount of data. According to a very recent survey 
about ABC related publications since 2002 (Bertorelle et al. 2010), 
most applications of ABC still use limited amounts of data. However, 
more and more genome-wide population-genetic data have become 
available in the last few years (Jakobsson et al. 2008, Li et al. 2008, 
Novembre et al. 2008, Reich et al. 2009, The International HapMap 3 
Consortium 2010, The 1000 Genomes Project Consortium 2010). 
Therefore, in this paper, we investigated the performance and power 
of the ABC approach with local linear regression adjustment (Beau-
mont et al. 2002) for several population divergence models with large 
amounts of simulated ‘human-like’ genome-wide population-genetic 
data.  

First, the result from comparison of three different models shows 
clearly that the more complex model gives lower accuracy of parame-
ter estimation. By increasing the number of simulation steps, which 
mainly decreases the Monte Carlo error and reduces the acceptance 
tolerance level, the difficulties in some parameter estimates for com-
plex models can be overcome. However, some parameters, such as 
migration rate and current population size, were still difficult to infer 
accurately (they had wide 95% credible interval). We also studied the 
effect of different acceptance tolerance level for estimation the result. 
Generally, smaller tolerance values gives better estimations for both 
mean and 95% credible interval.  
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Second, we performed a test on poor choice of the prior distribution of 
a certain parameter by setting a number of true values of the diver-
gence time outside its prior range. This results in that the posterior 
sample hits the bound of the prior distribution. When the parameter 
transformation was removed, the mean and 95% credible interval of 
the posterior distribution can extend outside of the prior range by the 
local linear regression adjustment. This observation can indicate that 
the choice of the prior range was violated which means it does not 
cover the true parameter value. 

Third, we investigated the performance of each summary statistic, and 
combinations of summary statistics, for estimating the divergence 
time T. Generally, combining summary statistics can provide more 
accurate inference. And to keep the number of summary statistics low 
when implementing an ABC approach, we need to choose a set of 
summary statistics wisely which may capture different population-
genetic phenomena.  

The last section of this paper focused on the impact of the number of 
loci on accuracy of the ABC estimation. We found that the mean val-
ues of the posterior samples of divergence time and migration rate 
approach the true parameter values rapidly when the number of loci 
increases from 100 to about 1000. And the width of the 95% credible 
intervals are decreasing fast until around 2000 loci and continue de-
creasing at a quite low rate while increasing the number of loci. Thus, 
increasing the amount of data from a few loci, or a few hundred loci, 
to thousands of loci can substantially improve the accuracy of parame-
ter estimation using ABC. 

To conclude, we found that the ABC approach with local linear re-
gression adjustment can provide accurate and precise inferences for 
demographic parameters from large amounts of population genomic 
data, which might be difficult for full-likelihood approaches. There-
fore, we postulate that the ABC approach will continue to be a useful 
tool for analyzing realistic genome-wide population-genetic data in 
the post-genomic era. 
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Paper II. On the migration process during the Bantu-
expansion of peoples from West Africa 

Today, Bantu-language speaking populations, a sub-group of the Ni-
ger-Kordofanian division, are the largest linguistic division among 
sub-Saharan Africans. Many studies have shown that the current dis-
tribution of Bantu-speaking populations is largely a consequence of 
the movement of people (commonly referred to as the “Bantu-
expansion”) rather than a diffusion of only language (Ehret & Posnan-
sky 1982, Huffman 1982, de Filippo et al. 2012, Schlebusch et al., 
2012). Groups that existed all over sub-Saharan Africa before the 
Bantu-expansion were to a large extent replaced and/or assimilated by 
the expanding Bantu-speaking groups. Genetic studies (e.g. Cavalli-
Sforza et al. 1994, Castri et al. 2009, Ansari Pour et al. 2012) have 
generated various hypotheses regarding the timing and the routes of 
the Bantu-expansion, but these hypotheses and the Bantu-expansion 
have not been thoroughly investigated by using a large number of 
multi-loci data from a widely geographically representative collection 
of populations across the African continent. In this study we investi-
gated the demographics of the Bantu-expansion across a large panel of 
sub-Saharan populations from the patterns of variation in 717 mi-
crosatellite markers typed by Tishkoff et al. (2009). Since the muta-
tion rate of microsatellites is high (compared to most other types of 
polymorphism data), they are potentially informative to be able to 
capture signatures of recent demographic events. We extracted a 
group of populations with 940 individuals that belong to the Niger-
Kordofanian linguistic division (denoted as the NK group). A subset 
of the NK group that included 661 individuals from Bantu-speaking 
populations was also extracted (denoted as the BS group). 

Firstly, we investigated potential population expansion using a single-
population model for both the NK group and BS group. We assumed 
an expansion with exponential growth rate α for each population (two 
groups have equal current population sizes), and used the ABC ap-
proach with local linear regression adjustment (Beaumont et al. 2002) 
to infer the expansion starting time TEXP (backwards in time). We 
found a relatively recent population expansion event in both popula-
tions, however, the TEXP of BS group (about 14 kya) was more recent 
than the NK population (about 20 kya). The past population sizes at 
the expansion starting time of the two groups were relatively small 
and similar to each other. Population growth rates (estimated αBS = 
2789 and αNK = 2060) therefore showed a more rapid expansion event 
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in the BS group. And the posterior predictive check (Gelman et al. 
2003) suggested that our estimation was reasonably robust.   

Secondly, we investigated four different expansion scenarios of three 
Bantu-speaking groups from west, east and south Africa during the 
Bantu-expansion. Model ESW (Figure 2D, Figure 4A) suggests a pri-
mary expansion towards the east and a later expansion to the south. 
The eastern Bantu-speakers split off at T2 from the ancestor popula-
tion of the southern and the western Bantu-speakers, who later di-
verged at time T1. In other words, the southern and western Bantu-
speakers share a more recent ancestry compared to eastern Bantu-
speakers. In model SEW (Figure 2E, Figure4B), the eastern and west-
ern Bantu-speakers share a more recent ancestry than with the south-
ern Bantu-speakers, which would be expected if the migration of Ban-
tu-speaking groups to eastern Africa were instigated more recent in 
time compared to the migration of Bantu-speaking groups to southern 
Africa. The WES model (Figure 2F, Figure 4C) posits a primary ex-
pansion to the east and the southern expansion originated from the 
populations that migrated to the east. The STAR model (Figure 2G, 
Figure 4D) proposes that the southern people migrated from west di-
rectly and at the same time as eastern Bantu speakers. 
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Figure 4. Population topology of four investigated models: A) The ESW 
model where the population topology is (east,(south, west)), B) the SEW 
model where the population topology is (south, (east, west)), C) the WES 
model where the population topology is (west, (east, south)) and D) the 
STAR model where all three groups have a common split time. 

By checking the fraction of accepted simulations for each model as a 
function of a fixed tolerance value (the ratio of accepted simulations 
for two models would be an approximation of Bayes factors) when we 
applied the ABC approach, the star-shape model (STAR) received the 
greatest statistical support, but the difference was not large. It gave the 
estimation of divergence time of three populations, which was around 
9 kya. Robustness of the inference from this model was given by its 
posterior predictive check. The three other models (ESW, SEW and 
WES) all gave relatively similar estimates of the divergence times: the 
first (backwards in time) split (T1) around 10 kya and the second split 
(ΔT = T2-T1) about 1,500 years earlier. Small values of ΔT may sug-
gest the ESW, the SEW and the WES models collapse to the STAR 
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model. This analysis thus demonstrates a direct movement to the east 
by the ancestors of the eastern Bantu-speakers and a direct movement 
south by the ancestors of the southern Bantu-speakers from their west 
African homeland, and these two migration waves happened at a simi-
lar time.  

Our results based on genetic data with a large number of loci support 
rapid population growth in west Africans which lead to their concomi-
tant spread to southern and eastern Africa. We did not see a clear sig-
nal that Bantu-speakers in south Africa have migrated from east Afri-
ca, as previous studies suggested. And it is also contrary to both the 
“early-split” and “late-split” hypotheses, which suggest that southeast-
ern Bantu-speakers originated mainly from eastern Bantu-speakers 
because of the similarity of their languages. It is possible that our find-
ings were caused by a rapid early spread and expansion of Bantu-
speakers and those genetic signatures were not detectable by using the 
data and/or approaches. It might also be that linguistic models are not 
optimal to explain the genetic composition of Bantu-speaking peoples 
and that language shifts might have occurred among some of the Ban-
tu-speaking groups. A very recent study based on genome-wide SNPs 
(Schlebusch et al. 2012) found that southern Bantu-speaking groups 
clustered with west African Niger-Kordofanian groups rather than 
with East African Bantu-speakers. This indicates that most or all south 
African Bantu-speaking groups are more closely related to west Afri-
can groups and potentially coincides with our estimation in this study. 
However, further analyses, probably including more Bantu-speaking 
groups from other locations, are necessary to support our hypothesis 
and model. 

Paper III. Genome-wide distribution of the Time to the 
Most Recent Common Ancestor in various human 
populations 

Because of recombination, different genomic regions in the genome 
have different evolutionary histories (Rosenberg and Nordborg 2002). 
This is one of the fundamental concepts for distinguishing the effects 
of selection and demography based on the patterns of genetic variation 
(Li et al. 2012). The time to most recent common ancestor (TMRCA), 
which affects the genetic diversity, will vary across different regions 
of genome. The distribution of TMRCA can be affected by the evolu-
tionary history of a species or population, and some divergent evolu-



 38 

tionary scenarios can lead to similar distributions (Blum and Jakob-
sson 2011). Additionally, the distribution of TMRCA across different 
regions on genome can be strongly influenced by, for example, selec-
tion (Nordborg 2003). A method for estimating TMRCA therefore 
would potentially be a powerful tool to understand human evolution-
ary history and to identify particular genes in a certain genomic region 
under selection. 

Recombination generally causes the association/joining of multiple 
evolutionary paths, and this may give a bias for estimating the evolu-
tionary process of a recombined genomic region. Therefore it is nec-
essary to examine the effect of recombination on the TMRCA estima-
tors. In this study, we first compare the behavior and bias of different 
TMRCA estimators with different recombination rates under a simu-
lated “Out-of-Africa” model (Figure 5). To simulate sequence data, 
we used the ‘ms’ program (Hudson 2002) to construct the gene gene-
alogy and imported it to ‘seq-gen’ (Rambaut and Grassly 1997) to 
generate a 20 kb DNA fragment. We assumed the mutation rate is 
2.5×10-8 per bp per generation.  

Then we tested several commonly used TMRCA estimators (Thom-
son's estimator: Thomson et al. 2000, Tang’s estimator: Tang et al. 
2002, Neighbor-Joining approach (Saitou and Nei 1987) and UPGMA 
algorithm (Nei and Kumar 2000)) within a range of different recombi-
nation rates [0 30] (scaled with effective population size and window 
size). Our simulation results showed that Thomson’s estimator has the 
least bias and different recombination rates do not affect its perfor-
mance much. Furthermore, by computing the root mean square errors 
of each estimator, Thomson’s estimator was found to perform better 
than the other estimators.  

We also suggested a correction factor (-169,000 years) to Thomson’s 
estimator that accounts for multiple-hit-mutations on one polymorphic 
site in the lineages of humans and chimpanzees, whereas the original 
theory of Thomson’s estimator does not handle this issue. 

Next, we applied Thomson’s approach for human whole-genome se-
quence data with average coverage 80-fold obtained from the diversity 
panel of Complete Genomics (Drmanac. et al. 2010), which comprise 
46 unrelated individuals from ten different populations. We use the 
chimpanzee genome as a proxy for determining the ancestral state of 
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human variants. The Human/chimpanzee alignment, GRCh37(hg19) 
vs. panTro3, was obtained from the UCSC Genome Browser. We used 
20kb sliding windows with 10kb step size across all autosomes. Win-
dows that contains less than 10kb of valid sequence was removed 
(similar to Lachance et al 2012). For each window, we (re-)calibrated 
the molecular clock to account for variable mutation rate across the 
genome by dividing 12 million years by the number of sites that differ 
between the humans and the chimpanzee (Glazko and Nei 2003). 

Then TMRCAs for 20kb windows for 17 different groups of popula-
tions were computed. For single-population groups, the two Asian 
populations have shorter median TMRCA (about 560 ky). Europeans 
are quite close to each other (around 600 ky). The three African popu-
lations and ASW (African Americans) have the greatest TMRCA (> 
680 ky). For different continental regions, the Asian group has lower 
median value (612 ky) compared to the European group (645 ky). Par-
ticularly, the TMRCA of all three African populations is almost the 
same as the median TMRCA for the whole world (817 ky). In the dis-
tribution of TMRCAs (Figure 6), we can see a peak with very short 
value of TMRCA for most groups and it is especially pronounced for 
Asian and European populations. A similar peak was observed for 
European populations in Lachance et al (2012), and this peak was 
proposed to be caused by the out-of-Africa bottleneck (Eriksson et al. 
2012). However, in Lachance et al (2012), the peak is much stronger 
and wider than ours. Li et al. (2012, Paper IV) also suggested this 
peak is potentially relative to selective sweeps from their simulated 
distribution of TMRCA by combining selection and population 
growth.   

From simulated data under our “Out-of-Africa” model, the Thomson’s 
estimator gave greater median TMRCAs and wider distributions. 
Clearly, the model is an imperfect description of the demographic his-
tory of humans, which becomes apparent by this discrepancy. Reduc-
ing the ancestral population size of humans (say prior to the out-of-
Africa event) would reduce the median TMRCA and the width of the 
distribution, but other changes to the model could also have similar 
effects (see Blum and Jakobsson 2011). Since Thomson’s estimator is 
proportional to the average number of mutations on each lineage, re-
moved “non-information” sites (about 15% on average) that may have 
some mutations could also partly cause the discrepancy between simu-
lated result and empirical result. 
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Furthermore, we examined estimated TMRCAs for different genomic 
regions. On chromosome 6, PRIM2 genes (57.3-57.4Mb) have very 
large estimations for all investigated populations. This type of genes is 
used to code for one of two sub-units in the eukaryote cell replication 
machinery. The explanation for this observation could be an artifact of 
the alignment, that the region contains copy number variable ele-
ments, or perhaps balancing selection for two variants. Another region 
with large TMRCAs is the MHC gene in CEU population and the 
world group (see Paper III). MHC region is known that several haplo-
types exist for the region and that balancing selection has been sug-
gested to drive the diversity at the region. More generally, estimated 
TMRCAs can potentially be used as statistic for scanning the genome 
for regions that have been targeted by selection since positive selec-
tion (or a selective sweep) is expected to generate short TMRCAs (Li 
et al. 2012) and balancing selection is expected to generate long 
TMRCAs. 

 

Figure 5. A simple simulated “Out-of-Africa” model. The effective popula-
tion size of chimpanzee: NCh = 30,000 (Fischer et al. 2004). Current popula-
tion size for a non-African population: NnA = 20,000, for an African popula-
tion: NAf = 200,000 (Fagundes 2007). Both African and non-African popula-
tions have population growth with exponential rate, and past population sizes 
are: NAf_P = 15,000 (Blum and Jakobsson 2011) and: NnA_P = 500 (Fagundes 
2007). The effective population size of the ancestor of chimpanzees and 
humans: NAn = 65,000 (Hobolth et al. 2007). The time of “Out-of-Africa” 
event was assumed to be: T1 = 60 kya, and chimpanzees and humans were 
assumed to diverge at T2 = 4.1 or at T2 = 6 mya (Glazko and Nei 2003, Ho-
bolth et al. 2007). 
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Figure 6. Distribution of Thomson’s estimator of TMRCA for various popu-
lation groups from whole-genome sequence data and simulated populations 
from “Out-of-Africa” model.  

Paper IV. Joint analysis of demography and selection in 
population genetics: where do we stand and where could 
we go? 

In the analysis of population genomic data, the effects of selection 
(especially positive selection) and demography on genetic polymor-
phism are generally difficult to distinguish (e.g. Kern et al. 2002, Li 
and Stephan 2006, Begun et al. 2007, Jensen et al. 2008, Keinan et al. 
2009, Emery et al. 2010, Hammer et al. 2010). In several recent ge-
nomic surveys of sequence polymorphism, they argued that the tradi-
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tional approach, which is to assume that demography would leave 
genome-wide patterns but the effect of selection would be local, is 
controversial because of pervasive role of positive selection (Hahn 
2008, Siol et al. 2010, Stephan 2010).  

In this paper, firstly, we illustrated the difficulty to distinguish the 
effects of selection and demography on genomic polymorphism pat-
terns from a few empirical and theoretical examples. Here I would like 
to present the effect on time to most recent common ancestor (TMR-
CA) by combining selection and population growth in detail. Nord-
borg (2001) indicated that positive selection gives a strong effect on 
gene genealogies causing shorter expected TMRCA in affected ge-
nome regions than in neutral regions, whereas the population growth 
also gives similar effect (Griffiths and Tavaré 1994). To examine the 
joint effect of them, I used the software ‘msms’ (Ewing and Hermis-
son 2010) based on the coalescent framework to simulate gene gene-
alogies for a model with positive selection (with different values of 
selection strength) where the population either has a constant size or 
grows exponentially (with a growth rate). For the case of constant-size 
population (Figure 7A), the distribution of TMRCA has a peak that 
appears around the selection starting time, which is not seen in the 
neutral case. And with greater selection strength, a higher peak can be 
observed meanwhile the TMRCA is shifted away from the neutral 
expectation. The combined effect of selection and population growth 
produces some irregular patterns in the distributions of TMRCA cor-
related with both the starting time of selection and population growth. 
If the population starts growing much later than the start of the selec-
tion (Figure 7B), genes under selection have, on average, much short-
er TMRCA, and a mode of the distribution of TMRCA appears around 
the expansion starting time with strong selection. However, if the se-
lection and the population expansion start relatively close in time 
(Figure 7C and 7D), it is difficult or even impossible to separate dis-
tributions of TMRCA for the neutral and the selection cases. In other 
words, it will be difficult to detect signals of selection in these cases. 
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Figure 7. Distributions of TMRCA for different selection intensities in a 
population (effective population size Ne = 10,000) with (A) constant popula-
tion size, (B) exponential growth starting 800 generations ago, (C) 2400 
generations ago and (D) 4000 generations ago. Note that in all cases, the 
selection for the advantageous variant starts 4000 generations ago. 

In the second part of this paper, we investigated several recent ap-
proaches (Combining summary statistics: Grossman et al. 2010; Ma-
chine-learning algorithms: Pavlidis et al. 2010 and Lin et al. 2011; 
Likelihood models: Williamson et al. 2005, Li and Stephan 2006 and 
Nielsen et al. 2009; Approximate Bayesian Computation (ABC): 
Tavaré et al. 1997, Pritchard et al. 1999 and Beaumont et al. 2002; 
Unbalanced tree: Li 2011) which apply the latest developments in 
statistics, explore aspects of the data that had been neglected hitherto 
or take advantage of the emerging population genomic data (Gottipati 
et al. 2011, Hernandez et al. 2011, Sattah et al. 2011) to detect recent 
positive selection and their strengths and weaknesses. Based on this 
analysis, we proposed a few suggestions that might lead to a more 
realistic path of success for finding genes targeted by selection in 
large-scale genomic data.  
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Conclusions and Future Prospects 

In this thesis I presented the use of the Approximate Bayesian Compu-
tation (ABC) approach with local linear regression adjustment for in-
ferring demographic parameters under different population model as-
sumptions for large-scale simulated genomic data. I implemented this 
approach to investigate several possible population migration hypoth-
eses during the Bantu-Expansion event, one of the largest population 
movements in human evolution history. Additionally, I applied Thom-
son's algorithm, which was also proved to be the least-biased and a 
robust estimator to estimate the coalescent time to most recent com-
mon ancestor (TMRCA) for various world-wide populations with 
whole genome-wide sequence data. In the last research project includ-
ed in this thesis, I reviewed several popular methods and suggested a 
more realistic path of detecting selection (together with other collabo-
rators). 

Specially, according to results from the research of the ABC approach, 
ABC can be applied as a powerful tool to make inferences about de-
mographics with large amount of genomic data, especially together 
with local linear regression adjustment. However, we should also note 
that some demographic parameters, for example migration rate and 
current population size, are more difficult to estimate than others. By 
increasing the number of simulation steps, the precision of estimations 
could be improved. But this generally leads to tons of computing 
hours. The investigation of different combinations of summary statis-
tics shows that some summary statistics or combinations are particu-
larly sensitive to the divergence time. In consequence, this observation 
probably can be found in those difficult estimators as well. It will be 
interesting to conduct a further study about the ability of types or 
combinations of summary statistics that can capture the information of 
the certain demographics. Furthermore, a wise choice of a set of suita-
ble summary statistics could also result in improving the performance 
of the ABC approach, e.g. increasing precision of estimations and sav-
ing computing time. 
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In the study of Bantu-expansion event, we found a clear genetic evi-
dence to show that Bantu-speakers have had a large migration and 
rapid population expansion in quite recent time. From the estimation 
of the movement waves based on large amount of microsatellite data 
for different geographically distributed population groups, the star 
shaped migration model got the best support which means southern 
Bantu people migrated directly from western Africa at a similar time 
as the eastern Bantu speakers. This does not seem to support any of 
hypotheses proposed by previous linguistic or genetic studies (e.g. de 
Fillipo et al. 2012). And a very recent study based on genome-wide 
SNPs of different African populations found that southern Bantu-
speaking groups are more genetically closely related to west African 
groups rather than eastern Bantu people (Schlebusch et al. 2012). 
However, it is necessary to have a further analysis to defend our new 
hypothesis and model. Probably, we can incorporate more Bantu-
speaking groups from other locations for example central Africa into 
future research projects. 

In Paper III, we showed that the Thomson's estimator of time to most 
recent common ancestor is robust to different values of the recombina-
tion rate and that it is the least-biased estimator compared to other 
estimators. We applied this estimator to compute the TMRCA for var-
ious worldwide human populations with whole genome sequence data. 
By checking the top-list regions with genome-wide highest TMRCA, 
the MHC gene can be identified in CEU group and WORLD group. 
Additionally, regions with highest values of TMRCA were PRIM2 
genes in all populations and groups. In the genome-wide distribution 
of TMRCA, we discovered a peak of more recent TMRCA in several 
population groups. As the simulated result shown in Paper IV, this 
might be a signal of selective sweeps. Although the signal is fairly 
weak, it might be a good starting point to try to detect selection from 
the distribution of TMRCA in human genomic data. More generally, 
estimated TMRCAs can potentially be used as statistic for scanning 
the genome for regions that have been targeted by selection since 
positive selection (or a selective sweep) is expected to generate short 
TMRCAs (Li et al. 2012) and balancing selection is expected to gen-
erate long TMRCAs. However, this is usually affected by joint de-
mography in practice. Hence more advanced methodology, that can 
distinguish the effects between selection and demography, is certainly 



 46 

necessary to be developed in future studies. Combining the ABC ap-
proach could be one likely option as Paper IV suggested. 

My research in this thesis can lead to some interesting points that are 
potentially useful to make better inferences on human demographics. 
Furthermore, our new hypothesis of Bantu-Expansion needs to be 
carefully examined by additional analysis. Hopefully it could inspire 
other researchers on this topic that help to demonstrate a more realistic 
story of human evolutionary history. 
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Svensk sammanfattning 

Under de senaste åren har mer och mer genetiska data från människan 
blivit tillgängligt i samband med att DNA sekvensering steknikerna 
har förbättrats. Dessa data innehåller stora mängder med genetisk in-
formation som är en viktig resurs för att förstå människans evolution-
ära historia. I den här avhandlingen har jag utvärderat en Bayesiansk 
statistisk metod (ABC) som kan användas för att undersöka och dra 
slutsatser om demografiska parametrar baserat på storskaliga sekvens-
data. Analyserna visar att ABC är ett mycket användbart redskap för 
att analysera helgenom data. Jag har använt ABC metoden för att un-
dersöka och bestämma de förhistoriska migrationsmönster som sker i 
sammband med att en grupp människor från västafrika expanderar 
över den Afrikanska kontinenten, den så kallade Bantu-expansionen. 
Jag visar att populationsexpansionen skedde snabbt, snabbare än för 
andra västafrikanska folk, och i motsats till hypoteser baserade på 
språkanalyser, visade de genetiska data på en direkt migration från 
västra Afrika till södra Afrika istället för en migration från östra Af-
rika. Jag har också utvärderat Thomsons estimator av tiden till den 
senaste gemensamma förfadern (TMRCA). Thomsons estimator vi-
sade sig vara robust jämfört med andra vanliga metoder för att skatta 
TMRCA. Jag använde Thomsons estimator för att skatta TMRCA från 
helgenom data för mänskliga populationer från hela världen och jäm-
förde dessa skattningar med simulerade data. Slutligen undersökte jag 
effekterna av selektion på geners TMRCA. Populationsgenetisk teori 
förutspår att seletion kan både orsaka en ökad och minskad TMRCA 
för de påverkade generna. Jag visar att det går att utskilja en signal av 
positiv selektion med hjälp av att skatta TMRCA, men om populat-
ionen samtidig växer, är det svårt att skilja ut selektionssignalen. Mina 
studier bidrar till ökad förståelse för hur vi ska analysera de snabbt 
växande mängderna genomiska data. 
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