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Abstract

Human genome project published their first human whole genome sequence on 2001 at the
cost of billions of dollars. Since, the cost of sequencing is decreasing faster than Moore’s law.
Now, we not only have sequenced thousands of modern humans’ whole genome, we also
obtained whole genome sequences of extinct hominin and other ancient modern humans with
relatively good quality. These sequences granted us some unexpected results: like how
recently modern humans left Africa and populated around all over the world (which is called
recent African origin model) while doing so how they have admixed with multiple hominin
populations. Until now modern biology (unlike physics) always dominated by empirical
results compared to theoretical concepts, which forces people to perceive biology as a
descriptive science. As we are obtaining more and more data every day, it is now time to
push our theoretical concepts before empirical results in biology. Here in this thesis, we
provided deeper knowledge about ancestry of Indian, Asian and Pacific populations. We were
also able to reveal an unknown hominin population existed even before it is sequenced. In
addition to these, we demonstrated strong natural selection could change human morphology
drastically in a short period.

Resum

El projecte del genoma huma va publicar la primera seqliencia completa del genoma huma el
2001 amb un cost de milers de millions de dolars. Després d'aixo, el cost de la seqiienciacid
esta disminuint més rapid que la llei de Moore. Actualment no només tenim la sequiencia de
del genoma huma, sin6 que tenim la de molts humans i d’hominids extingits amb una qualitat
relativement bona. L’estudi de les seqiiencies de molts genomes humans varen proporcionar
la base per postular que els humans moderns es varen originar a Africa, i en la sortida
d’Africa (Out Of Africa) varen poblar la resta del mon, amb una certa barreja amb diferents
poblacions d'hominids. La base del treball en biologia i en genomica evolutiva ha estat
fonamentalment empirica (a diferéncia de la fisica), perd actualment la disponibilitat de
moltes dades permet empenyer la recerca cap a aspectes molt mes analitics: aquest és
I’enfocament del nostre treball en seqiiéncies de DNA. Aqui, en aquesta tesi, hem
proporcionat un coneixement més profund sobre 1’origen i l'ascendéncia de poblacions
indigenes, d’Asia i del Pacific, centrant-nos en la India continental i especialment en les llles
Andaman. També hem estat capagos de revelar ’existéncia d’una poblacié d'hominids
desconeguts que es va barrejar amb els ancestres d’aquestes poblacions. A més, hem
demostrat que una forta selecci6 natural pot canviar drasticament la morfologia humana en un
curt periode de temps i que explicaria la morfologia pigmea del pobladors de les illes
Andaman.
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Preface

Research on ancestry of European populations drastically increased in last 4 or 5 years via
whole genome sequencing (mainly done by ancient genomes). These genomes changed or
challenged some old ideas about how modern humans started to populate Europe. Although
these studies were interesting, unfortunately deep research on other populations (African,
Asian, Pacific etc.) lacked behind. These non-European populations are generally used as a
backbone for European ancestry until recently.

Here in this thesis we mainly concentrated on Indian populations, but secondarily also on
Aboriginal Australians and Pacific populations. Indian populations are fascinating. With
more than 1 billion of Individuals (¥ th of whole world populations) and a complex ancestry,
they remained underrepresented in population history studies. We tried to delimit ancestry of
Indian populations first with the help of 120 Genotype and Exome data from main two Indian
populations (North and South) and later using 70 whole genome sequences from diverse
geographical regions, linguistic affiliations and social categories. We also attempted to look
for how recent adaptation shaped these populations. In addition to that, we also outlined Y-
chromosome ancestry of these populations. Unexpectedly we discovered an unknown
hominin population introgressed in Andamanese, which was later shown to be introgressed in
Asian and Pacific populations also. As detecting unknown hominin population is not well
developed, we needed to develop our own method to detect that. Our simulation models
revealed this method is good enough to detect unknown hominin populations and can be
implemented on any population.
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1. Introduction






1.1 Origin of Humans as a species

The last living common ancestor of humans (Homo genus) is chimpanzees (Pan genus). It is
estimated to be separated from us around less than 6 million years ago by genetic studies
(Patterson, Richter, et al., 2006; Prado-Martinez et al., 2013), whereas fossils data showed a
much older date for speciation around 7-10 million years ago (Suwa et al., 2007; White et al.,
2009). This discrepancy between genetic studies and fossils dates was sometimes explained by
differences in estimation of germline mutation rate (Moorjani et al., 2016) or generation time
estimation (Langergraber and Priufer, 2012). No matter the true date of divergence, scientific
community agrees that the closest living species of Homo sapiens is Chimpanzee and Bonobo.
This is especially interesting as it can give us clues of being “human”. How we developed the
acute amount of intelligence - which made us one of the most dominant species on earth -
whereas other ape species are in the danger zone of extinction (IUCN, 2015). It looks like the
evolution of intelligence happened on earth only once (at least the level of intelligence where in
every generation we improve upon the previous generation without changing our genome, a la
cultural evolution). Although some other primates have known to have cultural transmission, in
case of humans, the sheer amount of information transmission is unprecedented and it is
increasing exponentially every year especially after the advent of digital age. Impact of this kind
of intelligence is a blessing (e.g. increase in lifespan through use of antibiotics) or curse (e.g.
increase global temperature and thus dooming all living species) is not a scientific topic for this
thesis but as a scientist, | truly admire human intelligence, which also compelled me to do my
PhD in human evolution.

1.2 Humans subgenus and modern humans

All humans around the world (around seven billion in total) are believed to be related to each
other around 200 kilo years ago (kya) and came from Africa. This hypothesis is called “recent
African origin model” and is supported by Mitochondrial Deoxyribonucleic acid (DNA) (Soares
et al., 2009), Y chromosome analysis (Poznik et al., 2016), Autosomal analysis (Li and Durbin,
2011) as well as fossils data (McDougall et al., 2005). Interestingly anthropologist discovered a
lot of humanoid bones much older than that (>200 kya) in Eurasia, for a long time it was
thought that our species developed independently around the world from this humanoid
subspecies which are called archaic hominin (Wolpoff et al., 2000). This hypothesis, which is
called “multiregional origin of modern humans”, was proven wrong after scientist could
calculate most recent common ancestor from genetic data. All these analyses pointed that all
living humans (at least the ones that are sequenced) have a most recent common ancestor
around 200 kya. So all the living humans were named modern humans to distinguish them from



other extinct hominin populations living outside Africa. To explain the hominin fossils found
around the world before modern humans ever existed, the scientist proposed they came from
our distant cousin, which left Africa much before modern humans (Figure 1.2.1). Although
there is no consensus yet on where the common ancestor of all hominins originated, before
sequencing of these hominin fossils, it was mainly thought that modern humans, when they
came out of Africa (OOA) around ~70 kya, replaced already living hominin populations and
force them to go extinct (Diamond, 2014). But after sequencing of these populations, we found
that all OOA populations have different amount of introgression from different hominin
populations [all OOA populations have introgression from Neanderthals and Pacific populations
have introgression from Denisova (Green et al., 2010; Meyer et al., 2012)]. In this thesis, we
argued that another hominin population existed which have introgressed in all Asian
populations (Methods and Results Section 3.2-3.5). So although these populations [some of
them even have bigger brains than us (de Ledn et al., 2008)] are now extinct, they still live
inside us (i.e. inside the genome of modern humans) around the world.

Figure 1.2.1: A model of Humans evolution (Stringer et al. 2015).
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1.3 Ancestry and Out of Africa dispersal of modern humans

All the modern humans are related to each other ~ 200 kya as discussed earlier. Around 70 kya
(possibly due to climate change (Parton et al., 2015)), modern humans started to disperse and
few of them left Africa (Melé et al., 2012; Li and Durbin, 2011). It is interesting to note that we
have two competing hypotheses around OOA event for modern humans. One hypothesis is that
only “one OOA” event had happened (~70 kya) which created all the diversity of OOA
populations. The second hypothesis supports “two OOA” event for modern humans. The first
OOA event happened earlier [>100 kya (Grun et al., 2005; Rasmussen et al., 2011; Kuhlwilm et
al., 2016)], followed a coastal route and populated South, South-East Asia and Pacific. The
second OOA event happened later (~70 kya) which produced Europeans, East Asians and all
the other populations except few isolated populations (Andamanese, Papuan, Australian etc.)
and replaced the first OOA populations that were living there. In this thesis, we supported single
OOA hypothesis (at least for the populations that were mentioned earlier to be created from first
OOA event; i.e. Andamanese, Australian and Papuan). It is interesting to mention that remnant
of first OOA modern humans were discovered inside Neanderthals (Kuhlwilm et al., 2016) but
not in modern humans by genetic analysis, suggesting humans are (were) extremely
promiscuous or friendly to other populations. Nonetheless, it is agreed that most of the variation
of OOA populations (Europeans, East Asians, Native American, Indians etc.) was created from
a single OOA event happened ~ 70 kya. One explanation for this seemingly negligible footprint
of first OOA populations might be that although the first OOA event happened, these
individuals died out and thus were not able to leave any descendants in the living modern
human populations. One of the causes for going completely extinct might be caused by the
mount Toba volcanic eruption which occurred 75 kya (Ambrose, 1998).



Figure 1.3.1: One out of Africa Migration theory from Wikimedia (data source:
Burenhult, Goran et al. 2000)

Figure 1.3.2: Two out of Africa Migration theory (Rasmussen, Morten et al. 2011)
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1.4 Indian populations

India is a big country with 1.21 billion people and 22 constitutionally accepted languages (with
30 languages spoken by more than 1 million people and 1635 “rationalise” languages in total
(Government of India, 2011)). It has seventh biggest land mass as a country and seventh highest
nominal Gross Domestic Product (GDP) in total (International Monetary Fund World Economic
Outlook -April-2016). Although India has these big numbers to back it up, it is under-
represented in population genetic studies until now. History of India is complicated. India has
different language families with different ancestry because of multiple human migrations
coming to India bringing those language families to India throughout time (from the historic
and prehistoric era). Two most common language families are Indo-European and Dravidian,
though other language families also exist in India with known and unknown ancestry (Tibeto-
Burman, Austro-Asiatic, Andamanese languages etc.). In addition, some populations of India
(i.e. Andamanese, Austro-Asiatic etc.) are extremely interesting due to their physical
appearances and unique culture.

Indo-European languages, which are spoken by Indians, are attributed to be brought by Aryan
migration around 2000 BCE thus related with other European languages (Bryant, 2003).
Dravidian languages are thought to be present in India before that time and originated within
India (Avari, 2007). Recent autosomal genetic studies from genotype data (Reich et al., 2009;
Basu et al., 2015) reinforced correlation between the language spoken and genetic structure
present in non-tribal populations of India. They have hypothesised that Indian populations have
two component of ancestry. North India has a higher portion of Ancestral North Indian (ANI)
component whereas South India has a higher amount of Ancestral South Indian (ASI)
component. ANI can be correlated with Indo-European migration and ASI would be the
Dravidian component, both of which admixing with varying degree throughout India (Figure
1.4.1). It is interesting to note that Basu et al. pointed out this component gradient is inadequate
to describe the entire genetic component present in India. In addition to these two components,
two other components also present in mainland India: Austroasiatic and Tibeto-Burman. They
also noted that Andamanese are not genetically directly related with ASI component which was
hypothesised previously (Reich et al., 2009). We began with these discrepancies of Indian
ancestry to delve deeper into it (Methods and Results Section 3.2). The ancestry of
Austroasiatic and Tibeto-Burman will be addressed later.



Figure 1.4.1: Model of 2 component of Indian Ancestry (Reich et al. 2009)
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1.5 Explosion of genetic technologies

In 2001 The Human Genome Project Consortium published its draft genome after spending ~$4
billion dollars (Lander et al., 2001). This was a big milestone for human population genetic
studies, which changed completely after that. Just after publishing human reference genome, the
cost of whole genome sequence plummeted faster than Moore’s law (Figure 1.5.1). Nowadays
we can sequence the whole genome of a human at a cost of $1000 and it is assumed that it will
go lower in the future as sequencing technology become more efficient. The third generation
sequencing technologies looks even more promising because of its low cost and long read

sequencing (Schadt et al., 2010).



Figure 1.5.1: Cost of sequence of whole genome human sequence (from NIH)
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After the explosion of genome sequencing technology (due to massively parallel shotgun
approach), it became apparent that sequencing individuals are relatively easy and cheap but
storing, handling and understanding the big data (easily in Terabytes) is not anymore. With only
a few individuals, it becomes close to terabytes of data with lots of data analysis processing
involved in the middle. This amount of huge data analysis is beyond the power of desktop
computers. Last few years we have multiple new tools, which can specifically handle this kind
of data. With the availability of huge data sets, new tools are developed which can give an
interesting insight into population’s history.

1.6 Second Generation Sequencing Technology

Illumina became the reigning champion of second generation sequencing technology. The idea
of Illumina is based on massively parallel sequencing technology using the sequencing by
synthesis method. In a nutshell, DNA fragments are first attached to a surface and then cloned
using Polymerase Chain Reaction (PCR) technology. After reaching enough density of clonal
cluster for every DNA fragments, fluorescently tagged nucleotides are added. These
fluorescently tagged nucleotides would shine a distinctive fluorescent light (four colours for
four different type of nucleotides) when attaching to a DNA fragment. Cameras would detect
this light. The attachment of this nucleotides cannot be random as they can only attach with the



complementary nucleotides from the DNA fragment it is attaching, thus would produce a
specific sequence of fluorescent light which then can be converted to DNA sequence read. The
camera detection power goes down if the amount of light is coming too low. The previously
mentioned PCR step was used just to improve the amount of DNA so that there would be more
light to be emitted from every cluster for every cycle of DNA attachment.

1.7 Tools to delimit ancestry
In this chapter, I will try to give basic ideas behind the methods that were used in this thesis.

1.7.1 Mapping Sequences (BWA) and Variant Calling

After generating billions of short sequence reads (in our case 90-100 nucleotides long pair end
sequences) from Illumina, it is time to map them on known sequences which will eventually
give an idea about what secret these sequences hold (a la shotgun method). We should think
short sequences as words from a storybook. Individual words fail to make any sense. Only after
putting them in certain order or context, the story can be understood. Likewise, we have to put
these short sequences in proper order, which is done by mapping step. In 1990 the ground
breaking paper for Basic Local Alignment Search Tool (BLAST) algorithm (Altschul et al.,
1990) was published, which improved bioinformatics analysis drastically. BLAST is more
flexible and tries many combinations to map different sequences on each other. In the case of
the human genome, the short sequences coming from Illumina is expected not to be very
dissimilar from our reference as all humans on average have 99.9% sequence similarity (Jorde
and Wooding, 2004). BLAST is good with mapping sequences with gaps, which is not
necessary for human genome mapping because of high similarity. BLAST will waste a lot of
time to search every possible combination including the repetitive sequences, whereas Burrows-
Wheeler Aligner (BWA) (Li and Durbin, 2009) will only give the best possible result with less
gap alignment and thus would reduce the time for mapping. This is a trade-off between
accuracy and speed. Every Time we invoke a gap the combinations of mapping increases
exponentially thus increase the timing also. In this case, BWA being strict saves lot of time.
Thus, we use BWA instead of BLAST. BWA is much stricter to find similarity, but because of
strictness, it is also faster to find a match for billions of sequences. BWA is less sensitive
around highly diverged region (regions with more gaps), but doing a proper search for every
short sequence would take time beyond a PhD thesis work. After mapping, we obtain bam file
with all the information (i.e. sequence position, mapping quality, depth of coverage etc.). In my
opinion, this is the most important data file one can have from the sequence data. As from here,
we can do any populations genetic analysis (for example it can be used for variant calling, as
well as it can be utilized to even get the raw sequence reads that were used to map). So having
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bam files are enough to combine different projects as everything else can be done from here
bioinformatically.

After mapping the sequence reads, it is time to do the variant calling. Performing a proper
variant calling is the most important step of all the genetic analysis. As the similarity between
humans is high, it is futile to keep all the positions of the genome to do analysis (except for
some analysis like Pairwise Sequentially Markovian Coalescent [PSMC] or Multiple
Sequentially Markovian Coalescent [MSMC]). Therefore, in this step, the monomorphic sites
are removed and only the variable positions are kept in the particular data set. The main sources
of error come from a dilemma to define a position as an invariant or variant. This is not so big
problem for common variants, which are shared between multiple individuals, thus would be
found in several individuals. The problem arises when we have low covered position and only
one individual in the data set is heterozygous for that position (which is called singleton). This
heterozygous Single Nucleotide Polymorphisms (SNP) can be a true heterozygous position or to
be detected because of sequencing error. Still now, no perfect solution has been developed to
solve this problem. We can remove all the singletons from the data set saying that it is because
of sequencing error but then we are biasing against a true SNP and this way we would lose a
very important fraction of genetic variation (Casals and Bertranpetit, 2012). Therefore, it is a
dilemma between false positive and false negative. The best way to solve this kind of situation
IS to use the best tool available for variant calling. In this thesis, we used Genome Analysis
ToolKit (GATK) (McKenna et al., 2010), the best one available when we started our project
(Liu et al., 2013). Apparently, at the end of my PhD we realised discrepancy between different
lab results, which we hypothesised to be caused by differences in pipeline of variant calling
(Methods and Results Section 3.3). We asked the population genetics community to revisit this
problem and find the best method to do wvariant calling. Nonetheless, we used
“HaplotypeCaller” from GATK to do the variant calling for our project. HaplotypeCaller
algorithm is interesting and claimed to be better than other available methods to do variant
calling. Haplotypecaller would remap the sequences for a particular region to test if the SNPs
are coming because of mutation or they are coming because of an indel (as indel in a short read
might be wrongly mapped as multiple SNPs for that region - Figure 1.7.1.1). Thus
Haplotypecaller is a better choice than using traditional variant caller as it has better power to
detect indels as well as it has lesser false positive for SNPs which are created falsely because an
indel which is wrongly mapped as multiple SNPs. GATK also implement a variant recalibration
step, which is a nifty tool. In a simple term, variant recalibrator is a machine learning approach
to define if a position has a SNP or not. It has a priori knowledge of huge load of already known
SNPs (for humans), which it would try to find in the particular data set that has been used for
variant calling. From that it would extract different statistics for already known SNPs (for
example Depth, Mapping quality etc.) and make a distribution out of it specific for that data set.
The idea is that already known SNPs have lesser chances of being false positives, thus giving
better information about the distribution of different statistics. Then it would look for a
particular SNP (both known and unknown) in the data set. Looking for both known and
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unknown is important as not to bias against the novel variants (we have to stress the point that
all the statistics by Variant Recalibrator were created on the data itself, thus it would have less
bias for known and unknown SNPs). If the particular SNP was within this distribution, it would
pass the filter test but if the SNP was clearly out of this distribution, it would reject the SNP
calling. For example, for all the known SNPs the distribution of coverage is 4x-20x for the
particular data set (from 1 percentile to 99 percentile). Therefore, for a SNP the coverage
suddenly is exhibited to be 100x which is clearly outside the expected value of coverage for a
given SNP. Thus, it would fail the filter test. It is a nifty tool but not workable for nonhuman
organisms right now as we do not have a good database for known SNPs for other organisms.
Finally, there are various ways to test if the variant calling was done properly (like transition-
transversion ratio which is constant for humans) but the best way to test it is by doing
population genetic analysis on the data set and comparing with already known scientific results.
Of course, that does not mean to throw out every single new result that it produced (then the
thesis or science in general would be boring). Rather try to check what was wrongly
implemented that can possibly cause this discrepancy and if possible try to rectify that. There is
no shortcut in this step, as something wrong in this step would haunt later in the downstream
analysis.

Figure 1.7.1.1: Mapping dilemma. Where an insertion is wrongly interpreted as 3 different
SNPs
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1.7.2 Principal Component analysis (PCA) and Admixture

Although I am describing PCA and Admixture together here, the underlying theory is thought to
be distinct. Interestingly both of them convey more or less similar results when using SNP data,
though they were proven to be essentially same both practically (Patterson, Price, et al., 2006)
and theoretically (Lawson et al., 2011).

PCA is used in distinct scientific topics (population genetic studies, physics, statistics, medical
science etc.) and fairly common to be used for different purposes. In a nutshell, when the data
possess a lot of correlated variables, PCA would convert that to uncorrelated variables. These
uncorrelated variables are called Principal Component (PC). Every individual possesses ~ six
billion nucleotides in their genome (as we are diploid). Therefore, when we compare 10
individuals, we are left with ~ 60 billion nucleotides in total. Of course, the number of
correlated variables is much smaller here, as only .1% of our genome is different from one to
another. Therefore, we can assume that we are left with 60 million SNPs, which correspond to
60 million correlated variables (the real number is generally lower than that as those SNPs are
also shared between individuals). Understandably searching for a pattern in this big data is
complicated. Therefore, if we use PCA on this data set, it would produce fewer independent
variables out of it. The interesting ones are denoted as the top ones, which describe most of the
data (in this case the most number of SNPs showing similar pattern), and it becomes less
important for higher PCs. We know most of our variations (in this case mutations), which are
found in the human genome, are because of ancestry. Unlike bacteria most of our genome is
thought to be non-functional or “junk”. Therefore, most of the variations or mutations do not
affect us and they would accumulate through our ancestry. Thus, most of the genetic differences
between individuals are caused by our differences in ancestry, which in turn makes PCA a good
tool to understand ancestry. The main problem with PCA analysis is that sometimes the PCs do
not have any biological meaning, which means we should be cautious when making inferences
from PCA (i.e. the pattern can be caused by the difference in sequencing method, differences in
coverage, origin of sequence etc.).

On the other hand, Admixture uses a completely different tactic to find the ancestry. The basic
idea is that every SNP should hold Hardy-Weinberg equilibrium within a population. If the
population have a substructure, the Hardy-Weinberg equilibrium would not be maintained for
those SNPs. So admixture (or structure) algorithm would try to search for the optimum number
of substructure in every SNP and in the end, it would take an average of all the SNPs. This
method is extremely good at detecting admixed individuals and the ancestry from which these
individuals were derived.
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1.7.3: D-stats and Treemix

The publication of Neanderthal genome in 2010 (Green et al., 2010) completely changed
population genetics studies. Although the introgression from Neanderthals to OOA populations
is ground breaking enough, they have also developed a new method, which was called ABBA-
BABA test (later named as D-statistics or D-stats). D-stats completely changed how we do
population genetic studies. D-stats is a powerful tool and super robust but also difficult to
understand. In general, it is unaffected by samples used, coverage, filtering options, effective
population size or sample size (although we find that it might have some biases which we
discussed in details in Methods and Results Section 3.2-3.4). The basic idea is based on
incomplete lineage sorting. The Figure 1.7.3.1 gives an idea about the null hypothesis. The
outgroup population (here Y is an out-group of both W and X) should share more or less similar
number of derived alleles in total with in-group populations because of incomplete lineage
sorting. So if we count ADDA (where X and Y share derived allele) and DADA (where W and
Y share derived allele) combinations our expectation would be more or less having a similar
number in total for the whole genome. To normalize the count, we generally divide that with the
total number of such events found in that particular calculation (DADA+ADDA).

Null Hypothesis:

DADA =~ ADDA

DADA — ADDA = 0

DADA — ADDA .
DADA + ADDA ~
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Figure 1.7.3.1: Null hypothesis for D-stats. W, X, Y and Z are 4 populations which are related

with each other in the tree like structure which is drawn here. A stands for Ancestral allele

and D stands for derived allele.

w X Y V4
D A D A
A D D A

(DADA-ADDA)

(DADA+ADDA)

It suggests interesting results when it does not match with null hypothesis (when it gives a
significant positive or negative result). Positive vs negative result is not interesting in itself as
they only signify the direction. We can change the direction and thus interchange between
positive and negative result of D-stats by interchanging between in-group (W and X). The real
interest comes when it is deviated from zero (statistically significant). Here, the statistical
significance is calculated by jack knife method. The idea behind calculating statistical
significance from single individual is described in the next paragraph. Back to interpreting the
D-stats results, the deviation from zero can be explained by two different demographic events.
One is recent common ancestry and second is the admixture (Figure 1.7.3.2). Both of which can
increase the derived allele sharing between one in-group and the outgroup population (W-Y or
X-Y) compared to other combination (X-Y or W-Y). Although recent common ancestry can
also be detected by other methods (Fst, simple genetic distances, MSMC etc.), the admixture
event, that is detected by D-stats here, can only be detected by using this method. Admixture
analysis, which we talked earlier, can also detect it but D-stats is much more powerful to detect
those admixtures, especially admixture from a long time ago.
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Figure 1.7.3.2: Alternative hypothesis for D-stats. W, X, Y and Z are 4 populations which are

related in the tree like structure which is drawn here. A for Ancestral allele and D for

derived allele. a) Showing explanation for positive score and b) showing explanation for

negative score.

a)
Negative Score
Common Ancestry Admixture
e aE—
W X Y z
W s X : le A D A
A D D A A D D A
AFR French Spanish Anc AFR EUR Nean Anc
DADA<ADDA
DADA-ADDA<0
Dstat<0
b)
Positive Score
Common Ancestry Admixture
R
w Y X z w X Y Z
D D A A D A D A
A D D A A D D A
French Spanish ~ AFR Anc EUR AFR Nean Anc

DADA>ADDA
DADA-ADDA>0
Dstat>0
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We can obtain statistically significant results from only one individual per populations, which
might be contradictory to common sense. However, as our autosomes go through recombination
in every generation, a single individual can produce a significant result by using clever tactics.
The general idea is that by breaking the whole genome in multiple independent parts (i.e.
Linkage Disequilibrium [LD] blocks) and calculating D-stats independently on them using
Jack-knife method. In this method, we would remove a LD block at a time and calculate the D-
stats for rest of the genome. Therefore, if we break the whole genome in 500 LD blocks, we
would remove one block at a time and calculate the D-stats using the rest of 499 blocks. In this
way, we will obtain 500 independent D-stats results from one individual. We can calculate an
average as well as a standard deviation from these 500 independent D-stats. Jack-knife method
can be used here, as in principle; every LD block would be independent of each other because
we go through recombination in every generation. So here, one individual is not one data point,
rather culmination of multiple independent LD block. The pattern of LD blocks is dependent on
how our ancestors mated between themselves. Thus, we can have a statistically significant
result from one individual. Although D-stats was used on a single individual by counting
alleles, now the calculation is updated using allele frequencies (Patterson et al., 2012; Meyer et
al., 2012). Thus, we can use it for multiple individuals now. Multiple individuals would give
lesser standard deviation in principle. The direction of gene flow can be further simplified with
the new update, as we do not need to use rooted tree any more (like Figure 1.7.3.2). Rather we
can use an unrooted tree and from that understand the direction of gene flow (Figure 1.7.3.3).

Figure 1.7.3.3: D statistics representation in unrooted tree format

Positive Score Negative Score

AN ~
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Treemix (Pickrell and Pritchard, 2012) although is not exactly same but essentially produces
similar results. The basic idea is to obtain genome-wide allele frequency data according to
populations. After that it would create a bifurcating tree using a Gaussian approximation to
genetic drift (in a nutshell calculating Fst or drift like statistics between all the populations
based on allele frequency and then try to build a tree using maximum likelihood method) using
a known outgroup. However, when this approximation of genetic drift does not match well
enough, it would invoke a migration from the most possible source population to most deviated
population to fit the data better. Although it is easy to implement and gives interesting results,
sometimes it can produce a wrong interpretation of the data. As this best method is based on
maximum likelihood, sometime it can overfit the data depending on populations present in the
data set. So the migration events shown by this method is not necessary to be true all the time
(e.g. if Neanderthals sequences are not present in the data set it can show a migration from
Chimp to OOA populations which is clearly wrong) but it can recommend a deeper
understanding of the data by using different methods.

1.7.4 Pairwise Sequentially Markovian Coalescent (PSMC) and Multiple
Sequentially Markovian Coalescent (MSMC)

Both PSMC (Li and Durbin, 2012) and MSMC (Schiffels and Durbin, 2014) are fascinating
population genetics analysis tools. Both of these methods shared same basic concept. PSMC can
be used for a single individual (a pair of chromosomes from a single individual) but MSMC can
be used for multiple individuals. MSMC, of course, being the newer one uses better algorithm
and concept to predict true demographic events than PSMC. MSMC is more efficient, can be
used for multiple individuals and if phased can be used for calculating population separation
time.

The Most Recent Common Ancestor (TMRCA) is useful to calculate history of effective
population size changes. This is straightforward in the case of Mitochondrial DNA and Y
chromosome as they do not recombine but (as already discussed) both Mitochondrial DNA and
Y chromosome have TMRCA around 200 kya, this method (TMRCA) fails to give information
beyond that time point for modern humans. On the other hand, autosomes hold information
from much older TMRCA. Autosomes recombine in every generation, thus break up the
genome in smaller part. These smaller parts act as independent loci, which do not necessarily
have same TMRCA. If all the ancestral recombination events were known, calculating TMRCA
for independent regions (flagged by two recombination events) would be straightforward.
Sadly, we do not know where the recombination events happened thus, there is no way to detect
independent region to calculate TMRCA. One way these two methods solved this dilemma is by

18



looking for the average number of heterozygosity or segregating sites for a given length. The
idea is if an ancestral recombination event happened, we should see a sudden change in the
amount of heterozygosity or segregating sites for that region (Figure 1.7.4.1). The idea is if
adjoining regions have similar number of heterozygosity (in case for diploid) or segregating
sites (multiple individuals) the TMRCA for that region is also similar (as mutation occurrence is
linearly related with TMRCA) but adjoining regions having differences in heterozygosity or
segregating sites suggests differences in TMRCA which might be caused by ancestral
recombination event causing two different TMRCA region come close to each other. So thus
they would look for a sudden change in heterozygosity (PSMC) or segregating sites (MSMC)
for a region thus define that region had an ancestral recombination event. After getting all the
past recombination events, we can take independent regions (flagged by ancestral
recombination events) and calculate TMRCA for that regions. After calculating TMRCA
distribution of every such region, these programs use Expectation—Maximization (EM)
algorithm to find maximum likelihood for the history of effective population size changes.

Figure 1.7.4.1: Schematics of how PSMC detects Ancestral recombination (Heng Li et al.

2012)
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MSMC is similar to PSMC but can be used for multiple individuals. When using multiple
individuals, we can have multiple TMRCA for a single region. MSMC would assume that for a
region if there are multiple TMRCA, the lowest one is true for that region. MSMC has the upper
hand as it can be used to calculate the divergence time between two individuals (thus two
populations if those two individuals came from different populations). This cannot be done
directly in case of PSMC as it can only use one individual at a time (although by some trick we
could feed PSMC the haplotypes from different individuals thus creating a chimeric individual
to calculate divergence time). Divergence is calculated simply by estimating effective
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population size for a given time for all the individuals together and then calculating effective
population size for those individuals separately. The idea is that if they have not separated yet,
effective population size within and across populations would be more or less same. Thus, the
ratio would be close to one. However, if they have separated from each other for that time point,
the effective population size within the population would be much lower than across
populations (in principle after complete split effective population size across population should
reach infinity) thus the ratio would be close to zero.

Figure 1.7.4.2: Schematics of how MSMC calculated TMRCA (Schiffels et al. 2013)
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1.7.5 Simulations and dadi

Simulation models are indispensable for population genetic studies nowadays. Simulations can
be used to sometimes get hidden parameters or demographic events as well as can be used to
assess significance in selection tests. Both of them were used in our result sections extensively
(Methods and Results Section 3.2-3.5). Hardy-Weinberg (Hardy, 1908) proved that if a
population is infinite, pan mixing, with no migration, mutation or selection happening and have
non-overlapping generation time; the allele frequency of this population would not change with
time. One of the big assumptions here is having an infinite population size, which is generally
not true. So Wright-Fisher model (Fisher, 1930; Wright, 1931) put the concept of effective
population size thus making infinite population size finite. Now being finite population allele
frequencies can have drift, which we can calculate from Wright-Fisher model. We can
effectively simulate any population with some improvements in the Wright-Fisher model (like
migration, mutation, selection etc.).

These simulation models have demographic parameters, which are not easy to calculate. If the
population is well known (i.e. European, African or East Asians), we can use already known
such simulation models (Gravel et al., 2011). However, if the population is less characterized,
we have to build the model ourselves. This can be done by dadi (Gutenkunst et al., 2009). The
basic idea is that we can build a model from allele frequency spectrum of different populations.
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It uses multiple machine learning approach to find population demographic parameters.
However, like any machine learning approach, it has a problem of overfitting. If prior
knowledge of the demographic event is unavailable, it can fit impossible demographic
parameters to match with empirical data. Thus, these kinds of methods are not useful for finding
demographic events, which shaped the populations, rather should be used to fine-tune those
demographic parameters, which have obtained by other methods (i.e. Treemix, MSMC etc.).
We used dadi to fine tune of our already known demographic events of Andamanese (the basic
demographic events were already obtained from other methods) to get those parameters
(Methods and Results Section 3.2).

1.7.6 S* and D-stats by position

S* (Vernot et al., 2014) is used for detecting introgressed regions in modern humans. The basic
idea is that if a region is introgressed from hominin to modern humans, these regions would
have high divergence time as well as would have long haplotype block as it recently
introgressed in modern humans and recombination have not enough time to break it up properly
(Figure 1.7.6.1). It needs a null model (model without introgression) to find introgressed
regions. Any region, which is more than 99 percentile of the null distribution, is defined as an
introgressed region. This null model also makes it hard to implement, as not every population
has a null model. In addition, it has high rate of false positives.

Figure 1.7.6.1: Schematic of hominin introgressed regions (Vernot et al. 2014)
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On the other hand, D-stats by position (Methods and Results Section 3.2, 3.3 and 3.5) is
relatively easy to implement. The basic idea is that if a region is introgressed from hominin
population to OOA populations, it should not be present in African populations. Therefore, we
looked for regions, which lacked African-derived alleles in OOA populations using D-stats.
This method is easier to implement, as we do not need to implement any simulations. It has a
high false positive rate like S* (might be lowered by using more individuals). As both S* and
D-stats by position both have a high false positive rate, we decided to put both of them together
(if a region is positive for both S* and D-stats by position, we would define it as an introgressed
region). It looks like if we do that the false positive decreases a lot and we can correctly extract
those hominin introgressed regions (Methods and Results Section 3.2, 3.3 and 3.5).

1.7.7 Randomized Axelerated Maximum Likelihood (RAXML)

RAXML (Stamatakis, 2014) is a tool to create phylogenies from large data sets. RAXML
specifically can handle large data sets. Of course, it cannot handle unphased autosomal data
(recombination problem), but it is good for Y chromosome and Mitochondrial data as they do
not recombine. The main problem with any phylogenetic study is that it can be computationally
expensive, as possible topological spaces increase exponentially with the number of haplotypes
(there are more than 10 million combinations for an unrooted tree with 10 haplotypes). We need
to use some tactics to tackle this problem. All the algorithms for creating phylogenetic trees use
clever tactics so that they do not look for every possible combination (RAXML uses parsimony
tree approach to tackle this problem), rather they would use most likely combinations thus
reducing topological spaces and can be done relatively faster (trade-off between robustness and
time). This algorithm might not give the best tree possible but generally, they predict close to
the real tree. Here in this thesis we used this programme to create the phylogenetic tree for Y-
chromosomes and gave a new insight of Y-chromosomal distribution of Indian populations
(Methods and Results Section 3.6).

1.8 Natural selection shaping modern human populations

After knowing the demographic events, it is now time to understand how natural selection has
shaped human populations. Although modern humans have a recent origin (not more than 200
kya), we can observe ample amount of phenotypic differences between different populations.
One way to explain these phenotypic differences is because of natural selection occurring in
these populations. Especially if modern humans have left Africa recently (around 70 kya), all
the OOA populations faced a completely different environment than they were adapted by
living in Africa for thousands of years. Indeed, in our lab previously it was found that OOA
populations have a higher amount of positive selection signature on their genome compared to
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African populations (Pybus et al., 2015).

In the late 60s, a big debate was brewing about the prevalence of natural selection, as Kimura
introduced the neutral theory of molecular evolution (Kimura, 1968) which was a stark contrast
to the accepted view of selection on that time (selectionist view). Fast forward to 2016, we have
accepted that most of the human genome is not under selection, rather they behave neutrally
(which also helps us to understand demographic events), but that does not necessarily mean that
natural selection does not happen inside our genome. It is just that the natural selection
happening to few portions of our genome, which is important for us (other parts are free to
evolve neutrally). Natural selection can be divided into four broad categories: Purifying,
Positive, Balancing and Sexual selection.

Purifying Selection: In my opinion, purifying selection is the strongest one. In this process,
new deleterious mutations are removed from a population in every generation. We have four
billion years” worth of knowledge by the natural selection process, which makes us efficient to
survive in our environment. Of course, any diversion from this four billion years’ worth of
efficient knowledge most likely would put us in non-optimum space. For example, eukaryotic
DNA replication machinery does one mistake for every one billion nucleotides addition
(McCulloch and Kunkel, 2008). Any slight diversion (through random mutation) from this
efficient method would put that organism to apparent disadvantage to his peers and thus would
be eliminated from the gene pool.

Positive Selection: Although we have four billion years of knowledge, that does not mean that
no improvement is possible. Positive selection is the opening for the improvements on what is
already known. It is also a way to adapt in a constantly changing environment. For example,
having digestive enzyme turned on to digest milk in adulthood does not make sense. Thus, most
mammals turn off this enzyme when they become adult. However, as humans learn to
domesticate cows having a mutation, which can turn on milk digestion in the adulthood,
become beneficial and have shown to be positively selected in case for modern humans 8 kya.
As Darwin put “It is not the strongest of the species that survives, nor the most intelligent that
survives. It is the one that is most adaptable to change”.

Balancing Selection: Sometimes variation is important to survive. When no clear better option
is present, selection would maintain two different alleles in a population. This is more prevalent
in the case of immune-related genes. We are in constant arms race with our parasites [a la Red
Queen theory (Van Valen, 1973)]. As it is always difficult for parasites to develop resistance
when more than one immune-related variations are present in a population. Sometime
heterozygotes are also more advantageous than both of the homozygote. In that case, we can
also see balancing selection happening to the population. One of the best examples is found in
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African populations. In Africa malaria is prevailed which can cause a large number of
individual to die early. It was found that some individuals have mutation to produce sickle cell
Red Blood Cell (RBC). It was found that having a normal RBC would cause malaria pathogen
to grow and kill the individual, whereas having homozygote position for this sickle cell
mutation was not viable also as individual having this homozygotic mutation would not survive
due to deformed RBC. However, having both mutations (i.e. for a normal RBC as well as for
sickle cell mutation) in an individual would increase the chance of survival of that individual
compared to both homozygotic individuals. Thus balancing selection would try to keep both of
the mutations in the population.

Sexual Selection: Sexual selection occurs when the mating choice prevents random mating
scenario and prefers one to another. Sometimes this is caused by specific phenotype, which is
indeed better than the other one. Sometimes it can be a random choice of mating partner
preference [although right now Handicap theory contradict that (Zahavi, 1975)]. One of the best
examples of sexual selection is found in male peacock’s tail size. The male peacocks have a big
and grandiose tail, which put them at greater danger from predators as they can catch them more
easily than the female peacocks. Although this can be disadvantageous for survival, this
characteristic is highly regarded or valued by female peacock. Thus, this apparent
disadvantageous trait has been selected through sexual selection.

In this thesis, we concentrated mainly on positive selection (especially hard sweep model).
Various ways have been developed to detect positive selection (Figure 1.8.1). As all modern
humans have relatively new origin, divergence data is not useful to detect positive selection
within different populations of modern humans. Therefore, we concentrated on polymorphism
data. Selection tests based on polymorphisms data can be divided into three broad classes.
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Figure 1.8.1: Time scale for detection of Natural selection (Sabeti et al., 2006).
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Tests Based on Site Frequency Spectrum: The idea is that if a selective sweep had happened,
it would distort site frequency spectrum around that region. Because of selective sweeps
hitchhiking effect, the haplotype carrying selected allele would rise in frequency. This
phenomenon would cause lower diversity, an excess of rare and derived alleles and absence of
intermediate allele frequencies for that region. These changes of allele frequencies can be
detected by various methods. In this thesis, we have used Tajima’s D (Tajima, 1989), CLR
(Nielsen et al., 2005), Fay and Wu’s H (Fay and Wu, 2000), Fu and Li’s D (Fu and Li, 1993).
Tests Based on Long Haplotypes: Selective sweep not only changes site frequency spectrum
around selected regions, it also increases LD around that region. As selection would always
favour the haplotype containing the selected allele, it would have less time to recombine than
neutral regions. We have used XP-EHH (Sabeti et al., 2007), AiHH (Voight et al., 2006), iHS
(Voight et al., 2006) and EHH average (Sabeti et al., 2002).

Tests Based on Population Differentiations: If due to differences in the environment, an allele
is selected in one population but the selection pressure is absent in other populations, it can be
detected by the differences in allele frequency between those populations. We have used Fst
(Weir and Hill, 2002) for our genotype data study (Methods and Results Section 3.1), although
Fst could not be used on our whole genome sequence data (Methods and Results Section 3.2)
because of low sample size. XP-EHH in a sense is also a test based on population
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differentiation. This is a merge between long haplotype-based test and population differentiation
test together.

As there exist various methods to detect similar events (positive selection sweep), a consensus
method was needed. We used Hierarchical Boosting (HB) strategy to detect hard positive
selective sweeps (Pybus et al., 2015). In this method, we have simulated data of null model
(without selection) and hard selective sweep model. By comparing these two data sets, we could
build a model, which can predict the best way to detect selective sweeps given multiple
selection test results. Therefore, in a nutshell, it's a way to give a composite selection test score
which is calibrated using a simulated model. We found it is robust to demographic changes of
populations (at least for OOA populations).
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2. Objectives
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The main objective of this thesis is to describe how demography and selection have shaped
Indian populations. Given the size and geographic position of Indian populations, it is easy to
contemplate the complication of Indian populations’ history. Indian populations with more than
one billion people are underrepresented in genomic studies until now. Although 1000 Genome
and other studies have sequenced many Indian individuals, all of them have focused on non-
tribal populations of India. Tribal populations of India can give us the idea of how non-tribal
populations are originated. As India is thought to be one of the oldest occupying places on earth
for modern humans, they are also very important to know how modern humans spread Out of
Africa. Before starting of our thesis, it was known that India has a complex ancestry and one of
the main clines of ancestry is north to south. Northern populations has higher amount Ancestral
North Indian (ANI) component and South has higher component of Ancestral South Indian
(ASI) component (Reich et al., 2009). Andamanese is undoubtedly the most interesting
population from India given that their distinctive so-called “Negrito” morphology (Huxley,
1870) and the unclassifiable language they speak (Abbi, 2009). Their ancestry is also
controversial. Morphological studies regarded them as a remnant of first out of Africa dispersal
event and genotype data points out that they are similar to other Asian populations and
originated together. However, this genetic hypothesis also raises the question why Andamanese
looks so different than other contemporary Asian populations? We tried to address all these
issues in this thesis.

The specific objectives of this study are:

- Elucidating if this cline exists. In addition, which populations would be best
representative of these ANI and ASI components? This question will also indirectly
address what is the relation of Indian populations compared to other reference
populations (Africans, Europeans and East Asians) and thus will solve portability
problem of GWAS studies from other populations to Indian populations.

- Analysing the Andamanese ancestry from a population genetic point of view. Trying to
answer if they are remnant of first out of Africa event or they are related with other
contemporary Asian populations.

- Characterizing regions under strong natural selection of Indian populations.

The first problem was answered in three different chapters:

1. A preliminary analysis using Genotype and Exome data of 120 Indian individuals from
two different non-tribal populations (Methods and Results Section 3.1).

2. Whole genome sequences of 70 Indian individuals (Methods and Results Section 3.2).

3. Y chromosome analysis of Indian populations (Methods and Results Section 3.6).

The second objective was addressed in one chapter (Methods and Results Section 3.2) and the
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third objective was addressed in two chapters (Methods and Results Section 3.1 and 3.2).

We unexpectedly found a hominin introgression in Andamanese instead of finding first out of
Africa admixture. We changed our objective slightly at the later part of my thesis to understand
the ancestry and the extent of introgression of this unknown hominin population. In our second
paper, we only concentrated on Andamanese. As this is a big discovery we re-examined our
introgression hypothesis (Methods and Results Section 3.3) and then restudied some other
populations to know the extent of affected populations who have introgression from this
unknown extinct hominin population (Methods and Results Section 3.4 and 3.5).
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3.1 Population and genomic lessons from genetic analysis of two Indian
populations.

Juyal G, Mondal M, Luisi P, Laayouni H, Sood A, Midha V, et al. Population and
genomic lessons from genetic analysis of two Indian populations. Hum Genet. 2014
Oct 1;133(10):1273-87. DOI: 10.1007/500439-014-1462-0
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3.2 Genomic analysis of Andamanese provides insights into ancienthuman
migration into Asia and adaptation.

Mondal M, Casals F, Xu T, Dall’Olio GM, Pybus M, Netea MG, et al. Genomic analysis of
Andamanese provides insights into ancient human migration into Asia and adaptation.
Nat Genet. 2016 Sep 25;48(9):1066-70. DOI: 10.1038/ng.3621
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3.3 Further confirmation for unknown archaic ancestry in Andamanand
South Asia.

Mondal M, Casals F, Majumder PP, Bertranpetit J. Further confirmation for unknown
archaic ancestry in Andaman and South Asia. bioRxiv. 2016 Aug 23;71175. DOI:
10.1101/071175
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Abstract

We have recently published a paper (Mondal et al. 2016) showing that an unknown archaic
population (an extinct Eurasian hominin which is neither Neanderthal nor Denisova)
introgressed in the Andamanese and Indian populations. In this work we try to delimit which
are the populations having had introgression from this unknown hominin. By using whole-
genome sequences available and comparing to simulated data we hypothesized that Out of
Africa (OOA) Eurasian populations of modern human have had introgression at least three
times from extinct hominins. First from Neanderthal to all OOA populations, second all
Asian and Pacific populations have had introgression from this unknown population and
third, all Pacific populations having introgression from Denisova. In this follow up study we
try to delimitate the geographic extent of the introgression with the unknown hominin
population, which could be wider than initially proposed and encompass all Asian and Pacific
populations.

Introduction

All modern humans are related with each other at a time depth of up to 200,000 years
(Soares, 2009, Poznik et al. 2006, Li et al. 2011). Recently several papers from genetic
studies have argued that there was only one OOA event (Mondal et al. 2016, Malaspinas et
al. 2016, Mallick et al. 2016) that happened less than 100 kilo years ago (kya), contradicting
an earlier hypothesis of multiple OOA event for modern humans (Rasmussen et al 2011,
Grun et al. 2005). There are much older human remains in Eurasia previous to the modern
human expansion, which are referred here as extinct Eurasian hominins; the ancestors of
these hominins had left Africa much earlier than modern humans and there is no consensus
on where the common ancestor of all hominins originated. Sequencing of ancient bones from
Neanderthal and Denisova individuals led to the accepted introgression scenario (Green et al.
2010, Meyer et al. 2012), refuting an earlier hypothesis of no admixture between extinct
Eurasian hominins and modern humans.

Recently we have argued that there was another extinct Eurasian hominin population, out-
group of both Neanderthal and Denisova, which is found to be introgressed in the
Andamanese populations (Mondal et al. 2016). We showed that this population might have
introgressed in an area that would comprise Continental India, Tibeto-Burman speakers of
East India (a recent independent work has also described the presence of introgression in
Tibetan populations (Lu et al. 2016)), as well as Pacific populations, although the exact limits
of this were not assessed. In the present analysis we attempt to clarify which modern
populations show introgression by the same ancient hominin other than the Andamanese, by
using the D-stats and F4 ratio tests D-stats are used to detect derived (D) alleles shared
between two populations, compared to other population given an out group of all these three
population. For example, when using D (African, European, Neanderthal, Ancestral) we
analyse the amount of derived alleles shared between European and Neanderthal compared to
African and Neanderthal. A significant amount of divergence from 0 suggests that an
introgression happened in the European or African branch from Neanderthal. The sign of the
value determines in which branch this introgression have happened (e.g. negative value in D
(African, European, Neanderthal, Ancestral) suggest an introgression happened in European
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branch rather than African branch). The F4 ratio test is similar to D-stats, with the main
difference being that F4 ratio test uses the ratio of two F4 or D-stats. While D-stats is known
to be not appropriated to measure the amount of ancestry (Patterson et al. 2012), the F4 ratio
test can perform that by using two different ratios of F4 (or D-stats). Importantly, this method
is only correct if the assumed tree is true (Patterson et al. 2012).

Results

In our study on the Andamanese, East Asians displayed a slightly dearth of African derived
alleles compared to Europeans (Figure 2 in Mondal et al. 2016). However, interestingly East
Asian and Andamanese populations revealed to have higher amount of both Neanderthal and
Denisova introgression (also or Indians) using D-stats test (Table 1a). This increased amount
of Neanderthal and Denisova in Asians has been previously reported (Prifer et al. 2014 Table
S14.6, Meyer et al. 2012 Table S24 and S25 and Mondal et al. 2016). Interestingly when
using the F4 ratio statistics using two Neanderthals, this increase was nullified and it was
within just one standard deviation (Prifer et al. 2014 Table S14.7 and S14.8). This
discrepancy between D-stats and F4 ratio remained unexplained. The hypothesis is that East
Asian got introgression from both Neanderthal and Denisova independently is unlikely (as
well as for continental Indian and Andamanese, showing similar results). The fact that the
amount of Neanderthal and Denisova introgression is similar between East Asians,
Andamanese and Tribal Indians, suggests this introgression happened before these
populations have separated from each other. The time span for these two events
(introgression from both Neanderthal and Denisova) was small, making unlikely that these
two extinct hominin populations lived close to each other and had made similar introgression
patterns for all these diverse modern human populations.

One alternative explanation is that East Asians had some introgression from this unknown
extinct hominin population also. Having introgression from any extinct Eurasian hominin
population which is an out-group of Neanderthal and Denisova would increase the D-stats
values of Neanderthal and Denisova, as this unknown archaic population shared an ancestry
with them. In contrast, it would not be detected in the F4 ratio test using two different
Neanderthals since this test, as our simulation models shows (Table 2b) it would be
unaffected by the introgression from Unknown hominin population. We simulated this
scenario and reached the conclusion that, as we hypothesized, if this introgression occurred,
East-Asian and Andamanese would show more Neanderthal and Denisova ancestry compared
to Europeans when using D-stats (Table 2a) but the increase would be insignificant when
using F4 ratio test for East Asians (Table 2b) (that is a good approximation of what was
found in real data by Prifer et al. 2014 and Meyer et al. 2012). Interestingly under this model,
Asian populations should show a 2% dearth of African alleles (Table 1a) like Andamanese;
we detected this lack of African ancestry in case of Indian and Andamanese populations (as
well as one Tibeto-Burman population) but failed to detect it in case of East Asian
populations (Mondal et al. 2016); new high coverage sequences with a homogeneous calling
are needed to solve it.

The case of Papuans is also very interesting. Although Papuans are known to have
introgression from Denisova, we found that Papuan has much more Neanderthal introgression
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than other OOA populations when using D-stats (Table 1a). It is also interesting to note that
when calculating Denisova introgression in Papuan using F4 statistics, different amounts of
Denisova ancestry were estimated when using different populations (African, European, East
Asian) as reference in the F4 ratio test (Table 1b). But using simple simulation of the three
introgression model (Figure 1) we were able to explain most of the empirical results (Table
2b).

Discussion

East Asian populations might have introgression from an unknown hominin population, as
described in the case of the Andamanese (Mondal et al. 2016). According to that, we have
updated our model of introgression of extinct hominins into the modern human lineages
(Figure 1). If true, this model would explain some contradictory results. Like why Tibeto-
Burman population, with similar ancestry to East Asians lacks a 2% of African alleles.
Second, it also solves how seemingly unrelated populations in South and South-East Asia
revealed similar amount of introgression. If all Asian populations have introgression from the
extinct hominin, then it is much easier to explain the geographic distribution of the regions
with the introgression than in our initial work (Mondal et al 2016). Finally, it also explains
previous results where Asian populations showed higher amount of Neanderthal and
Denisova introgression compared to Europeans (Prufer et al. 2014 and Meyer et al. 2012)
which has generated a big debate till now. We would also like to emphasize that if there is an
introgression in Asian populations from an out-group, it would increase both Neanderthal and
Denisova more or less in a similar amount due to the similarity of both to the archaic hominin
that would have generated by incomplete lineage sorting when using D-stats (which is the
case for both our real data in Table 1a and simulation data in Table 2a). If the introgression
happened either from Neanderthal or Denisova, the increase in D-stats would not be uniform.
We think that the alternative scenario of two independent introgressions of similar amount in
Asian populations from Neanderthal and Denisova happening after they had separated from
the Europeans and before their separation is highly unlikely. Finally, this also explains the
high divergence of Denisovan introgression to Papuan detected by F4 ratio test.

We are unable to explain why East Asian populations have not showed similar less amount of
African allele in Mondal et al. 2016 like other Indian or Andamanese populations. One
possible explanation would be a more complicated ancestry than we have anticipated
(admixing with a population that have not introgressed with this unknown hominin
population or having less amount of introgression) or some sample size bias. Having less
individuals do affect D-stats, which specifically detects less African ancestry as it can be seen
in Papuan and Aboriginal Australian results (Mondal et al 2016 Figure 2). Also, when using
two Andamanese, it decreases the amount of dearth of African alleles (Mondal et al 2016
Under Review). The power of D-stats using a single individual could not be enough to detect
a lack of ancestry (at least for African) This hypothesis needs to be tested.

Methods

Data: We used the previously published data from Meyer et al. 2012 and Mondal et al. 2016.
We downloaded the Neanderthals (Green et al. 2010), Denisova (Meyer et al. 2012) from
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their respective sites. We converted the vcf files to plink format using vcftools (Danecek et
al. 2011) and then added the Ancestral information from 1000 genome data site (1000
Genomes Project Consortium 2012). We removed all the SNPs missing information for any
individual using --geno flag in plink-1.07 (Purcell et al. 2007) to remove lowly covered
regions, which can bias the frequency estimation for populations. We also removed all the
transitions as ancient genomes are prone to have more transitions due to DNA degradation.
We used gpDstat from Admixtools-1.1 (Patterson et al. 2012) to calculate the D-stats and F4.
Simulations: For East-Asian introgression we used the following ms (Hudson 2002)
command:

Mscode: ms 16 300000 -1 72222242 -t7.44-r7.7410000-n12.20-n24.47 -n 36.53 -
g2101.69-g3146.31-m12149-m21149-m13.46-m31.46-m231.85-m231.85
-es .02 4 .97 -e} .02 87 -ej 0.022 4 3 -es .025 3 .97 -] .0259 5 -¢j .029 3 2 -en .029 2 .29 -em
.029128.93-em.029 218.93 -es.034 2 .975-¢j .034 106 -ej .087 21 -en.2311 -ej .235
76-6j.2865-6j.36451

Where the populations are: Africans, Europeans, East Asians, Papuan, Unknown,
Neanderthal and Denisova. We used previously published model of European, East Asian and
Africans (Henn et al. 2015). We updated the model to use 1.5x10® mutation per bp per
generation and 30 years for generation time was used as recently suggested (Scally et al.
2012). As D-stats is robust and not affected by the effective population size and time of
admixture, we added the other populations with the model using simple parameters.
Separation time between Papuan and East Asians are set to 40 kya. Separation time between
modern humans and archaic hominins set as 650 kya. Separation time between Unknown and
Neanderthal-Denisova set at 500 kya. Separation time between Neanderthal and Denisova is
set to around 420 kya. Introgression of Neanderthal to modern humans is set to 60 kya and
2.5% introgression. Unknown to all Asia Pacific populations are set 45 kya and 3%
introgression. Denisova to Papuan 35 kya and also having 3% introgression. Real timing of
this demographic event might be different but D-stats are robust to such changes and would
not affect the results (not shown). Andamanese were not simulated separately. As D-stats
results are robust, simulated results for East Asians are exactly same with Andamanese and
Indian Tribal populations (results are not shown).
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Figures

Figure 1: Model of Gene flow from archaic hominins to Out of Africa populations. Times of
demographic events are written in kya (kilo years ago). Already known demographic events
are written in black and assumed demographic events used in the simulation are written in red
colour.
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Tables

Table 1a: D-stats of Neanderthal, Denisova Ancestry. Where AFR=African (Yoruba,
Mandenka, Mbuti), ASN=East Asian (Dai and Han), AND=Andamanese (Jarawa and Onge)
EUR=Europeans (French and Sardinian).

W X Y z D score Z score
AFR ASN Neanderthal  Ancestral -0.0458 -9.755
AFR AND Neanderthal  Ancestral -0.0425 -10.322
AFR EUR Neanderthal  Ancestral -0.0323 -8.507
EUR ASN Neanderthal  Ancestral -0.0169 -3.196
EUR AND Neanderthal  Ancestral -0.0127 -2.609
EUR ASN Denisova Ancestral -0.0121 -3.048
EUR AND Denisova Ancestral -0.0155 -4.168

Table 1b: F4 Ratio tests

f4 a S.E. Z
f4(NEN,Ancestra;PAP,AFR)/f4(NEN,Ancestral, DEN,AFR) 0.103687  0.009638  10.758
f4(NEN,Ancestra;PAP,AFR)/f4(NEN,Ancestral, DEN,EUR) 0.051148  0.009924  5.154
f4(NEN,Ancestra;PAP,AFR)/f4(NEN,Ancestral, DEN,ASN) 0.026386  0.010129  2.605
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Table 2a: Simulation D-stats of Neanderthal and Denisova. Where AFR=Africa, ASN=East
Asian, EUR=European, AND=Andamanese, NEN=Neanderthal and DEN=Denisova.

w X Y z D score 95%
confidence
interval of
Empirical data

AFR EUR NEN Ancestral -0.0318 -0.04 ~ -0.025
AFR ASN NEN Ancestral -0.0434 -0.055 ~ -0.036
AFR PAP NEN Ancestral -0.0558 -0.07 ~-0.048
AFR PAP DEN Ancestral -0.0701 -0.068 ~ -0.048
EUR ASN NEN Ancestral -0.0139 -0.027 ~ -0.006
EUR ASN DEN Ancestral -0.0126 -0.02 ~ -0.004
EUR PAP NEN Ancestral -0.0287 -0.046 ~ -0.02
EUR PAP DEN Ancestral -0.0631 -0.083 ~ -0.059
ASN PAP NEN Ancestral -0.0162 -0.03 ~ -0.004
ASN PAP DEN Ancestral -0.0540 -0.075 ~ -0.049
EUR ASN AFR Ancestral 0.0246 0.002 ~ 0.012
EUR PAP AFR Ancestral 0.0496 0.022 ~ 0.035
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Table 2b: Simulation result of F4 ratio test. Where AFR=Africa, ASN=East Asian,
EUR=European, NEN=Neanderthal, NEN1= a second simulated Neanderthal and

DEN=Denisova.

f4 o
f4(DEN,NEN;AFR,EUR)/f4(DEN,NEN;AFR,NEN1) 0.016
f4(DEN,NEN;AFR,ASN)/f4(DEN,NEN;AFR,NEN1) 0.018

f4(NEN,Ancestra;PAP,AFR)/f4(NEN,Ancestral, DEN,AFR)  0.105
f4(NEN,Ancestra;PAP,AFR)/f4(NEN,Ancestral, DEN,EUR)  0.050

f4(NEN,Ancestra;PAP,AFR)/f4(NEN,Ancestral,DEN,ASN)  0.03

95% confidence interval of
Empirical data

0.015~0.02

0.016 ~ 0.02

0.084 ~0.124

0.031~0.071

0.06 0.047
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Abstract

The demographic history of Aboriginal Australians has been largely uncharacterized until the
very recent genome analysis (Malaspinas et al., 2016). This population was thought to be
introgressed from Neanderthal (of around 2%, that could have originated about 60 kya) and
Denisova (of around 4-5%, originating about 44 kya) (Prifer et al., 2014). The introgression
events may have taken place in several pulses, mainly the Neanderthal, affecting different
populations at different depth. For example, Malaspinas et al. have hypothesised to have 5
different introgressions from two extinct Eurasian hominin populations (Neanderthal and
Denisova) to three Out of Africa (OOA) modern human populations (Europeans, East Asians
and Australians). The recognition of the introgression of archaic genomes is crucial to
understand the origin of the populations. Thus, it is interesting to note that in Malaspinas et
al., 2016 considering the introgression of extinct Hominin lineages allows distinguishing
between single or multiple out of Africa scenarios. Similar results have also been found in
other studies (Mondal et al., 2016; Mallick et al., 2016). Although recently another extinct
hominin population has been hypothesized to have introgressed in Andamanese and other
populations in South Asia (Mondal et al., 2016). Here we analyse if this introgression is also
detected in Aboriginal Australian genomes, thanks to the available data and produce a
complete picture of introgression by the various Hominin groups in the gene pool of
Aboriginal Australians.

Our results show that indeed Aboriginal Australians have introgression from this unknown
extinct hominin population which represents about 17 Mb (average length of 65kb and
average amount detected 200kb) of the Aboriginal Australians genome in total.

Introduction

Archaeologists have found ~50 kilo years ago (kya) modern human remains in Australia.
Although the time of first occupation of modern humans is disputed. it was earlier thought
that Sahul was occupied around 40-45 kya (O’Connell and Allen, 2004). Recent studies
supported much earlier date for Sahul occupation ~47.5-55 kya (Summerhayes et al., 2010;
Clarkson et al., 2015; O’Connell and Allen, 2015). Coincidentally this time span overlaps
with occupation of modern humans in Sunda region (Barker et al., 2007) and having similar
morphological traits (Matsumura and Oxenham, 2014) suggesting a similar ancestor
population occupying whole Sunda and Sahul regions around 50 kya.

A very early Australian settlement led to the hypothesis that Aboriginal Australians are
remnants of the first Out Of Africa (OOA) expansion of modern humans. They also
physically resemble Papuans and other SE Asian populations like Andamanese, Philippine
and Malaysian negritos (all of them of very low stature and highly pigmented), populations
that have had a strong isolation from surrounding ones and were considered to be related
among them and the remains of a putative initial out of Africa wave of modern humans. Most
of remaining Asians would have been part of a second out of Africa event. Even if this idea
was initially confirmed with genetic data (Rasmussen et al., 2011) recent whole genome
studies have given strong support to a common origin of all non African modern humans, and
thus to a single out of Africa event (Mondal et al., 2016; Malaspinas et al., 2016; Mallick et
al., 2016).

Interestingly Aboriginal Australians also harbour higher amounts of extinct Eurasian hominin
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DNA due to recent introgression events (Meyer et al., 2012; Rasmussen et al., 2011,
Malaspinas et al., 2016). Although the Denisovan introgression are proven to be right in
Pacific populations, the exact amount of introgression is largely varied (3-6%) (Prufer et al.,
2014). Recently we have shown that Andamanese have introgression from an unknown
hominin population with some other populations from South and Southeast Asia (Mondal et
al., 2016). As this unknown hominin occupied in South Asia and Southeast Asia, they have
higher chance of introgression in Australian populations. Here, we want to test if, in addition
to Neanderthal and Denisovan, this population also had introgression in their genome from
other unknown hominins, as described for the Andamanese populations (Mondal et al., 2016).

Results

A new Andamanese sequence

Besides the ten modern Andamanese individuals described in Mondal et al. (2016), a new
sequence has been obtained from an ancient specimen. In all the analysis below, this new
sequence has been used as Andamanese.

Total D-stats

We detected with D-stats a significant lack of African derived alleles in Australians,
compared to Europeans or East Asians, thus suggesting that Australians also had
introgression from the extinct hominin population. Australian and Papuan showed ~3% less
African ancestry compared to Europeans (Figure 1). The new Andamanese sample also
showed a lack of African ancestry although in lower proportion than Australians.

Treemix Analysis

We performed the Treemix analysis with whole genome sequences of Aboriginal Australians
and Papuan with other already known key reference populations around the world (Initial
SGDP data set Mallik et al (2016)), including two extinct groups, Neanderthal and Denisova
(Green et al., 2010; Meyer et al., 2012). Results (Figure 2) show a clear clustering of modern
humans, in which, after the African initial splits, the European separation leaves all Asian
(and American) and Pacific populations in a clade, with Pacific populations (Aboriginal
Australians and Papuan) making a cluster which was also reported earlier (Mondal et al.,
2016; Mallick et al., 2016).

We then allowed for migrations in the Treemix analysis. The first migration is coming from
Denisova to Pacific populations. The second migration is coming from Neanderthal to all Out
of Africa (OOA) populations. The third migration is coming from Europeans to Australian
aborigines. These three migrations have already been described (Meyer et al., 2012; Green et
al., 2010; Malaspinas et al., 2016). It is interesting to note that although aboriginal Australian
in the data set are known to be admixed with Europeans with important amount (9%), the
first migration in Treemix was not coming from Europeans to Australians Aboriginals; this
suggests that Treemix analysis is more powerful at detecting migration if the populations
have diverged long time ago (in this case 600 kya for the hominins that introgressed), even if
the admixture portion is much lower (~3-6%) (Prifer et al., 2014). We did not detect any
other hominin introgression in this analysis.
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Detecting Introgressed Regions for Unknown Hominin

We then concentrated on the unknown archaic ancestry as detected for Andamanese (Mondal
et al., 2016), which could be present in Aboriginal Australian genomes. In the case of
Andamanese, as they have no Denisova ancestry, finding these unknown hominin
introgressed regions are relatively straightforward. We have performed extensive analyses
[D-stats (Patterson et al., 2012), D-stats by position (Mondal et al., 2016) and S* (Vernot et
al., 2014)] to prove that Andamanese indeed have some introgression from this extinct
population. We looked for regions which have absence of African allele compared to
European or East-Asians. We extracted ~37 mb region which we then tested for introgressed
region using S*. We have been able to extract close to 2.5 Mb of DNA of that putative origin
that, as seen in Figure 3a, is a region close to the extinct hominins of comparison. This
amount (below 1%) should be considered as the minimum amount of introgression, as this
analysis has only considered the regions with high likelihood of being introgressed.

Then we concentrated on Aboriginal Australians. As they have introgression from Denisova
we need to avoid the regions detected as introgressed. We masked any region having derived
alleles which are shared between Denisova and Aboriginal Australians but absent in
European and Africans using D-stats by position (see Methods). The idea is if a region
introgressed from Denisova to Aboriginal Australians, it will have derived allele shared
between these two populations but will be lacked in Europeans and Africans. So for that
region D (Australian, European; Denisova, Ancestral) would give positive values and thus
would not be used in S* in later step. Table 1 shows the amount of introgressed region, with
first column using D-stats by position in the whole sequences, the second when masking for
Denisova and the third, much more stringent, using the last and also S*. There are strong
differences among individuals, mainly due to the amount of recent (and mainly European)
introgression.

We then merged all the unknown hominin introgressed regions from the 83 Aboriginal
Australian genomes together and obtained a total of 16.7 mega bases of high confidence
introgressed region. Taking this region (in the cases of overlap between two or more
individuals, just one is taken), we calculated distances among several modern genomes
(African, European, and East Asian) and two ancient (Neanderthal and Denisova) and plotted
a simple tree (Figure 3b). Result is clear: the genome of the proposed archaic hominin is
close and basal to the extinct hominins.

It is interesting to note that the average length of such regions is ~65kb which is similar to the
new Andamanese sample introgressed regions as well to the regions found in the ten modern
Andamanese (65 Kb) (Mondal et al., 2016). All this suggests that introgression happened at
the same time, most probably before the separation of the Australian branch.

Discussion

We found independently the unknown ancestral hominin population both in a new
Andamanese genome and in Aboriginal Australians. It is interesting to note that if
introgression happened in the ancestors of both, Andamanese and Australians, it had to
happen before their divergence. Thus, it should be very basal at the diversification of Asians
and Australians. This also suggested by same average length of these regions. The
introgression had to happen after separation of the Europeans and before the diaspora towards
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Australia. Due to the masking of Denisova genome, the amount of sequence that is
unequivocally attributable to the unknown archaic ancestry in Australians is small and
difficult to estimate the exact amount of introgression; only a lower bound may be
established. The present results suggest that the introgression happened in a basal Asian (or
South/ Southeast Asian) and thus the introgression would be more widespread than initially
postulated, affecting also the East Asia populations which we also postulated earlier (Results
3.3).

Methods

Samples
We used whole genome sequences from eight different populations of 83 individuals of

Aboriginal Australians (Malaspinas et al., 2016). We also used several individuals from
different populations around the world as comparison purpose from Reich panel (Mallick et
al.,, 2016) and some Papuan individuals. We have also used an ancient Andamanese
individual for our analysis.

Data
We used the whole genome vcf file that was generated in the Australian study (Malaspinas et
al., 2016).

Treemix

Treemix (Pickrell and Pritchard, 2012) was used to analyse the divergence of the populations
from each other and admixture within populations, using the data described above. We used
ancestral file from 1000 Genome
(http://ftp.1000genomes.ebi.ac.uk/voll/ftp/phasel/analysis_results/supporting/ancestral_align
ments/) (Abecasis et al., 2012). We used the -k flag to allow for LD. We defined LD blocks
as 1 Mb in length, which in this study is corresponded to about 5,000 SNPs.

D-stats by Position

To find putative introgressed regions we used D statistics (D-stats) with sliding windows
(Mondal et al., 2016). We calculated D-stats for 50 kb regions with 5 kb of offset. We
specifically looked for regions where Australians lacks African Alleles compared to
Europeans:

D(AUS,FRN;MAD,Ancestral).
D(AUS,FRN;MBT,Ancestral).
D(AUS,FRN;SAN,Ancestral).
D(AUS,FRN;YRI,Ancestral).
D(AUS,DAI;MAD,Ancestral).
D(AUS,DAI;MBT,Ancestral).
D(AUS,DAI;SAN,Ancestral).
D(AUS,DAI;YRI,Ancestral).

NGOk WDdDE

To mask for Denisova introgressed regions we used:
9. D(AUS,DAI;DENI,Ancestral).
10. D(AUS,RFRN;DENI,Ancestral).
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We only kept regions which gives complete -1 for these D-stats values. To remove low
coverage regions, we removed any region which had less than 50 SNPs. For the ancient
Andamanese individual, we used the same concept of a dearth of African ancestry compared
to Europeans although we did not use masking for Denisova region.

S* test

After getting putative regions for every individual, we used S* to further refine the regions
(Vernot et al., 2014). We first calculated a null distribution of no introgression from a known
demographic model (Gravel et al., 2011) and replacing East Asians with Aboriginal
Australians. As it is impossible to do simulation for every region (having different number of
segregating alleles and different recombination rate), we used a generalized linear model to
predict S* values for any such arbitrary region (Vernot et al., 2014). We simulated from 11
to 414 segregating sites with a step of 13 and recombination rate was simulated from
0.000155 to 12.900155 with steps of .43. We used Yoruba as a reference population and used
one Aboriginal Australian at a time to detect the introgressed regions. We used any region
which have higher S* value than the 95 percentile of the null distribution model of that
region.

Building a Reference Genome

After getting introgressed regions from both D-stats and S*, we tried to rebuild the reference
genome of this unknown hominin population for Aboriginal Australians. We merged all the
positions which gave statistical significance for all the individuals. In case of multiple
individuals showed positive for same regions we took the highest S* value for that regions
and kept those positions for the individuals which gave highest S* value. After getting all the
positions together (after removing all the transitions) we used SNPRelate (Zheng et al., 2012)
to plot a simple DNA distance matrix tree. As for Andamanese we have only one individual,
we did not have to rebuild the reference genome by merging multiple individuals.
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Figures

Figure 1. Absence of African allele calculated by D-stats. The mean value of D-stats is
signified by square and two standard deviations is signified by the lines. Positive mean X
population (names are in the left and geographical position in right) have less African allele
(Yoruba) compared to European (French).
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Figure 2: Treemix results using 0-3 migration.
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Figure 3a: Unknown introgressed regions in for Ancient Andamanese.
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Figure 3b: Unknown introgressed regions in Australia Aboriginals.
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Tables
Table 1: Detected Introgressed Regions by different methods for Aboriginal Australians in

base pairs

Names D-stats by region D-Stats by region D-stats by region with

with no masking with Denisova Mask  Denisova mask and S*
BDVO1 9,989,849 4,809,932 394,994
BDVO02 18,899,720 5,814,894 244,996
BDV04 11,224,849 4,209,934 289,995
BDVO05 20,344,694 8,129,857 754,988
BDVO06 10,339,846 4,229,931 224,996
BDVO7 15,039,788 5,584,904 454,994
BDV08 13,509,797 5,229,908 494,992
BDV09 14,279,789 3,314,939 149,997
BDV10 7,409,878 3,104,944 339,994
CAIO1 21,439,715 11,049,846 459,993
CAIO2 7,984,866 3,154,946 159,997
CAIO3 18,469,743 9,674,852 189,997
CAIO4 9,984,850 3,414,945 124,998
CAIO5 15,339,784 5,459,913 719,988
CAIO6 12,759,812 4,949,919 229,996
CAIO7 10,844,819 2,869,945 104,998
CAIO8 10,844,837 5,879,910 324,995
CAI09 8,424,862 1,999,965 0
CAI10 12,639,822 4,059,929 279,996
ENYO1 4,559,920 2,534,955 124,998
ENY02 17,904,718 8,249,873 514,991
ENYO03 14,199,804 9,944,864 509,993
ENYO04 12,504,820 5,104,920 244,996
ENYO05 10,959,834 7,644,883 744,988
ENYO06 13,834,804 8,989,875 799,987
ENYO7 11,714,821 4,159,936 149,998
ENYO08 10,309,835 4,119,929 339,995
NGAO1 13,074,809 3,954,937 314,995
NGAO02 14,044,791 5,254,911 444,992
NGAO03 10,169,843 4,819,926 279,996
NGA04 14,474,766 7,084,887 854,988
NGAO05 12,164,819 5,569,906 369,993
NGAO06 8,809,872 2,269,957 69,999
PILO1 16,149,733 4,794,911 364,994
PILO2 12,209,795 4,699,914 259,995
PILO3 14,294,774 5,369,910 179,997
PILO4 9,869,825 4,109,923 209,996
PILO5 17,729,753 6,009,893 329,994
PILO6 10,564,838 3,309,947 184,997
PILO7 16,249,783 5,369,915 514,991
PILO8 16,369,756 6,779,891 419,993
PILO9 11,844,834 2,709,963 74,999
PIL10 13,179,794 4,074,933 269,996
PIL11 9,944,837 2,639,954 109,998
PIL12 9,869,844 3,649,944 289,996
RIVO1 17,964,741 8,894,868 629,990
RIV02 11,689,829 6,434,908 144,998
RIV03 12,899,816 7,029,903 314,995
RIV04 10,214,854 5,569,919 659,991
RIV05 13,054,802 4,709,927 129,998
RIV06 10,254,841 5,354,913 484,992
RIVO7 14,054,791 5,394,913 379,994
RIV08 10,869,842 7,709,894 634,990
WCDO01 15,594,751 4,459,927 199,996
WCDO02 14,779,763 5,689,903 169,997
WCDO03 18,509,719 5,194,907 344,994
WCDO04 17,144,741 2,544,953 199,997
WCDO05 19,559,737 5,029,910 299,995
WCDO06 25,009,631 5,754,901 339,994
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WCDO07
WCDO08
WCD09
WCD10
WCD11
WCD12
WCD13
WONO1
WONO02
WONO03
WONO04
WONO5
WONO06
WONO7
WONO08
WONO09
WON10
WON11
WPAO1
WPAO02
WPAO03
WPAO04
WPAO05
WPAO06
Total

Andamanese

19,489,703
18,319,721
18,989,716
14,509,770
15,054,750
18,054,739
17,444,734
19,404,745

9,039,863
10,604,825
13,869,812
15,914,777
19,549,722
10,219,860
13,419,799
11,129,852
10,624,855

6,089,902
19,559,724
16,534,745

6,094,896
15,579,797
14,279,772

5,039,911

138,298,233

37,214,558

6,044,900
5,504,905
7,229,893
3,394,944
5,654,905
6,629,883
5,259,908
4,499,938
5,099,924
5,549,910
5,794,915
5,419,904
6,019,895
3,564,940
8,229,872
2,979,958
3,734,943
3,739,945
8,924,862
4,549,922
2,549,954
7,989,877
4,364,921
1,399,974
76,149,009
NA

434,993
319,995
624,992
164,997
289,995
239,996
244,996
339,995
419,994
214,996
459,993
249,996
389,993
264,996
649,989
169,998
354,994
159,998
534,991
479,992
104,998
784,989
204,997
99,998
16,694,760
2,579,962
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Introduction

Y chromosome is a powerful tool to analyse the paternal ancestry of human populations. As
most of the Y chromosome does not recombine; reconstructing haplotypes are much easier. It
is possible to reconstruct, in a deterministic way, the gene tree for all human variation that
analysed in a geographic context. This allows a phylogeographic approach which now may
encompass not only the specific variants that defined the classical “haplogroups”, but that
contains all the nucleotide variation in the whole chromosome.

Indian continental population ancestry is complex and many attempts have been done using
both uniparental markers (mtDNA and Y-chromosome) and autosomes. The Y-chromosome
analysis has mostly relied on calculating frequencies of pre-defined haplogroups. The time
and place of origin have been estimated for some of haplogroups. Some haplogroups found in
India are rare outside of India, making it difficult for a clear interpretation.

In the present study we have reconstructed the male Indian origin by reconstructing the whole
Y chromosome phylogenies using whole genome sequences of a wide set of populations,
including new non-tribal and tribal (including Andamanese) populations analysed along the
recently produced non-tribal populations of India from 1000 Genome. We also tried to
elucidate the apparent stark contrast of Andamanese ancestry (belonging to D haplogroup) in
relation to most other Out of Africa (OOA) populations and from autosomal data.

Results

Haplogroups found in India

Indian continental populations showed a complex ancestry from Y chromosome haplogroup
analysis (Figure 1 and Table 2). Unlike Europeans (where main haplogroup is R), East Asians
(where main haplogroup is O) or Africans (where main haplogroup is E), Indian populations
have no single major haplogroup. Major haplogroups in Indian continent include R, C, H, J
and L. Other haplogroups found in the Indian continent are D, G, K, L, N, O, Q. These
haplogroups do not share a common simple ancestry (Figure 3), suggesting a complex origin
of the many populations in India, with different founder populations and admixture.

Main Haplogroups

Haplogroup R is present in high frequency in all non-tribal populations (both Indo-European
and Dravidian speaking populations) but this haplogroup absence in all tribal populations
suggests that haplogroup R did not arise within India but rather was brought to India from
outside, as was suggested before (Zhao et al., 2009). One of the main sources of this
haplogroup could be Indo-European (Aryan) migration around five kilo years ago (kya)
(Thapar, 1996). Nonetheless it is interesting to note that there is not a strong North-South
cline in the frequency of R as would be expected under the hypothesis of a north migration:
the frequency expected in the South should be lower than that observed in 1000Genomes
populations STU and ITU.

A better insight may come from considering the sub-haplogroups of R. Indeed, when
calculating the minimum divergence time of Indian Haplogroup R1 with non-Indian
(presumably Europeans), we obtained a value of around eight kya. Nonetheless, haplogroup
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R2, which is only found in India and not found in European populations from 1000 Genomes,
have divergence within India is around 10 kya. Thus the entry in India must be much earlier
than the entrance of Indo-Europeans, with high and similar frequencies in non-tribal
populations from many different places in the wide Indian geography.

Other main haplogroups which are found in India is C, H, J and L. Haplogroup C is found
mostly in Gujaratis (GIH) with lower frequencies in other northern populations. H also
presents a frequency with small North-South differentiation and presents both in tribal and
non-tribal populations. J again with no much geographic stratification, is found in non-tribal
populations. And L haplogroup is mainly found in the South, in tribal and non-tribal
populations. In our tribal populations (Irula [ILA] and Birhor [BIR]) both H and L are found
suggesting a common Indian ancestry at least for these two haplogroups.

Minor Haplogroups

D haplogroup is exclusive for Andamanese and will be discussed later. G haplogroup is
found at low frequency in the Northwest (PJL and GIH). Both K and N haplogroups are only
found at very low frequency in ITU. Haplogroup O is very interesting, as it accounts for all
the chromosomes in the Tibeto-Burman population (RIA) and found in 10% of Bengalis from
Bangladesh (BEB), being thus a haplogroup of the East of the region. This distribution and
the frequency in Eastern populations suggest a recent migration from East Asia that entered
India via the North Eastern border; the minimum time divergence of these haplogroup with
Non-Indian populations is around eight kya. Finally, haplogroup Q is found in very low
frequency in most Indian populations.

Andamanese

One of the most interesting haplogroups found in Indian tribal populations is Haplogroup D,
which is found only in Andamanese in India and in all five individuals sequenced. This
haplogroup is especially interesting as it has an around 4000 years more recent ancestry with
African E haplogroup compared to all other haplogroups found in OOA populations (Poznik
et al.). This recent ancestry with African populations has been a base for postulating a first
OOA migration, differentiated from the later and more widespread East Asian expansion
(Thangaraj et al., 2003; Shi et al., 2008). This result is stark contrast to what we expect from
Autosomal data where Andamanese showed a more recent ancestry with Asian populations
without a trace of contribution from a putative first OOA (Mondal et al., 2016). This
haplogroup is also found at high frequencies in Japanese in Tokyo (JPT) (present in the
1000Genomes data) and in Tibet (without sequence data). Time divergence between
Andamanese and JPT individuals having D haplogroup (JPTD) is ~ 54 kya and time
divergence between Haplogroup D and O (Japanese having O haplogroup or JPTO) is ~ 76
kya (Figure 4). This discrepancy between Y chromosome and autosomal data can be
explained by two different hypotheses: 1) it can be caused by two out of Africa events.
People having haplogroup D first populated the Andaman islands and Japan and later in
Japan it was replaced by Haplogroup O individuals (JPTO) which would have a different out
of Africa origin; haplogroup D is more frequent in the two extremes of the archipelago as a
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consequence of a later substitution(Hammer et al., 2006) and 2) when a unique OOA event
happened haplogroup D along with other haplogroups (which are found in other OOA
populations, i.e. C and F) was already present in OOA populations but later Haplogroup D
was removed from other OOA populations by random chances and left only with
Andamanese and Japanese individuals(Poznik et al., 2016). If the first hypothesis is true we
would expect that Andamanese and Japanese having D haplogroup would share more derived
alleles with each other than to other East Asian populations (for example Dai from China, or
even with JPTO individuals) in the autosomes. We found that is not the case (Table 3). In
fact, Andamanese is an out group of Asian populations (at least for DAI and Japanese). We
also build a simple simulation model from Y chromosome data, where Andamanese and
JPTD having separated from other OOA populations around 76 kya and separated between
themselves around 54 kya. Later around 11 kya (400 generation) JPTO individuals started to
admix with JPTD individuals without affecting Andamanese. To get the result of empirical
D-stats we need 99 % (£3%) admixing proportion from JPTO populations to JPTD, which is
very big and unlikely, leaving us with the 2nd hypothesis. The high frequency of D
haplogroup in Tibet (Gayden et al., 2007 and references therein) seem to be part of a different
expansion, even if new studies with sequence data are needed to have a complete picture.

Conclusions

We were able to show that Indian populations showed a very complex ancestry which cannot
be explained by a single expansion event populating whole Indian continent; even that, Y-
chromosome data shows less diversification between the North and South than what has been
described in autosomal studies. There is a recent ancestry (~8kya) shared with Europeans and
Indians via haplogroup R1 which is likely related to the Indo-European (Aryan) migration.
Indian tribal populations have a complex ancestry having shared C, H, J and L haplotypes. As
these haplogroups were separated from each other not less than ~50 kya, it is more probable
that when Indian continent was populated these variations were already present in the
populations suggesting that the whole Indian subcontinent was populated not before 50 kya.
The alternative hypothesis would be that India was populated several times independently
with populations having high frequency of C, H, J and L haplogroups, which would be more
difficult to imagine though not impossible. Haplogroup O in the Northeast (BEB) is a recent
introduction (around eight kya) most probably by a Tibeto Burman population.

Andamanese and some Japanese (but also Tibetans) showed an interesting haplogroup D,
which was one of the main reasons of genetic study to postulate Andamanese as an out-group
of all out of African populations following a coastal route migration from which only extreme
populations would have subsisted. We were able to show that Andamanese and Japanese
individuals having D haplogroup have separated around ~ 54 kya coinciding with most of the
other major Out of Africa haplogroup divergence. We also showed, using autosomal data,
that Andamanese is indeed an out group of East Asian populations, which strongly suggest
Haplogroup D does not show a real separate ancestry for Andamanese populations. Rather it
is a part of the standing variation when out of Africa event happened and later removed from
most of the populations except in Andaman and, partially, Japan and Tibet.
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Methods

Samples

In total 42 samples of 10 different Indian populations (including 5 Andamanese) were used in
the analysis (Table 1 and Figure 1). For more information about the populations, see Mondal
et al (2016). We also used 1000 Genome populations to compare with our data (Poznik et al.
2016).

Sequencing

The whole genome sequencing of Indian populations was done by two different institutes
using Illumina technology (Mondal et al., 2016). We extracted Y chromosome sequences
from the bam file of whole genome sequences using samtools 1.1 (Li et al., 2009). The
average coverage of Y chromosome for Indian data is close to ~15x per individual. Although
for the regions, which are suitable for short read sequencing (Poznik et al., 2013), the average
coverage is ~7x (Figure 2). 1000 Genome chromosome Y bam files of 1244 individuals from
phase 3 was download from 1000 Genome project site (Auton et al., 2015).

Variant Calling

Variant calling on the bam files of India and 1000 Genomes was done using Genome
Analysis Toolkit 3.5 (McKenna et al., 2010) using HaplotypeCaller and gvcf method using
default parameters except ploidy of the genome was set as 1. After getting individuals gvcf
files for all the individuals we called them together by GenotypeGVCFs. We used dbsnp
version 137 to get the rsid for known SNPs (Sherry et al., 2001). Calling was restricted to the
regions which are suitable for calling for Y chromosome (Poznik et al., 2013). We did the
variant calling for all the sites using -allSites flag in the GenotypeGVCFs. Other parameters
were set to default.

Filtering

As 1000 Genome has low coverage, we put several filters to get the positions where we have
good power to do the variant calling. We removed any position which has lower coverage in
total than 1502x (half of average coverage for all the sites) and more than 6006x (double of
the average coverage for all the sites). If a polymorphic site has more than 200 individuals
having a different read than the called genotype, it was also removed. If a position had a
greater than ratio of 0.1 for the number of reads with mapping quality O to the total number of
reads it was also removed. Any position having more than 30% of sample with missing
genotype was also removed.

Phylogenetic inference and dating

After using the above filters and removing all the indels, we removed all the monomorphic
sites from the data set. We are left with 61,924 sites for the whole data set. We then used
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PGDSpider-2.0.9.2 (Lischer and Excoffier, 2012) to convert vcf file to phylip format which is
required for RAXML input. We used RAXML 8.2.4 (Stamatakis, 2014) for the phylogenetic
analysis. We used ASC_ GTRGAMMA model of nucleotide substitution with “stamataki”
correction for ascertainment bias. We used HG02982 and HGO01890 as an out-group of all
modern humans, which was already shown to have A0 haplogroup (Poznik et al., 2016). We
used 100 bootstrap replicates to calculate statistical support and visualized it with Tree of
Life (Letunic and Bork, 2011).

In RAXML output distance were measured with the number of mutations, which were
transformed to number of years to know the time of divergence between haplogroups. We
calculated the average distance with AO individuals with all other individuals using
cophenetic.phylo from “ape” R package (Paradis et al., 2004). As we know the time of
divergence of AO from other individuals (Poznik et al., 2016), we just multiplied all the
distances with a suitable number to convert genetic distance with the time of divergence for
every individual.

Pie chart analysis

9% <¢ 99 <¢

We used “maps”, “mapdata”, “mapproj” from R package to plot Indian continent maps and
“plotrix” and “Rcolorbrewer” to plot the pie charts.

Whole Genome Sequence analysis

The 10 Japanese bam files (5 having haplogroup D and 5 having haplogroup O) for
autosomes were downloaded from the 1000 Genome site. Andamanese individuals and DAI
BAM files were accessed from the previous project (Mondal et al., 2016). The variant calling
was done in similar way that we have done on chromosome Y. We changed the ploidy option
2 for HaplotypeCaller and do the variant calling for only the polymorphic SNPs in our data
set. We used the VariantRecalibrator from GATK using dbsnp137, HapMap 3.3, 1000
Genomes Project Omni 2.5 and 1000 Genomes Project Phase 1 SNPs with high confidence
downloaded from the Broad Institute ftp site (ftp.broadinstitute.org, 11/05/2013). After
VariantRecalibrator was done we only kept the SNPs which has passed the filter and only
kept SNPs which has no missing information. We added ancestral information from 1000
Genome Project website
(http://ftp.1000genomes.ebi.ac.uk/voll/ftp/phasel/analysis_results/supporting/ancestral_align
ments/). We then used ADMIXTOOLS 1.1 (Patterson et al., 2012) to calculate D-stats for
autosomal data.

Simulation

We build a simple model where JPTO have separated from AND and JPTD 76 kya ago and
AND and JPTD separated from each other 53 kya following chromosome Y analysis. We
used a mutation rate (p) of 1.25x107 per site per generation, recombination rate (r) of 1.3x10°
8 per site per generation and generation time of 29 years. As D-stats is neither affected by the
effective populations size nor by time of admixture (Patterson et al., 2012), we put effective
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populations size of all these populations to be 10,000 and time of admixture from JPTO to
JPTD around 400 generations ago. We simulated 30,000 regions of 50 kb using ms (Hudson,
2002):

ms 40 30000 -t 50 -r 52 100000 -1 3 20 10 10 -es 0.0175 2 <VAR> -¢j 0.0175 4 3 -ej 0.0457
21-ej0.065531

Where <VAR>=0-.99 with step of .01.

The D-stats values were calculated from the simulated data. The fitting of the data was done
by “Im” from the R package.
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Figures

Figure 1. Approximate positions of the studied Indian populations with a haplogroup
composition pie chart. Size of the pies: small, one individual; intermediate, 4-8
individuals; big, 42-60 individuals from 1000G
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Figure 2: Coverage of the 42 Indian samples

Average Coverage of data

11

10

o

Indian Samples

109



Figure 3: Maximum likelihood phylogeny for 1000 Genome and Indian data (a) all
individuals, (b) collapsing major branches in haplogroups
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Figure 4: Divergence time between Y-chromosomes belonging to the D haplogroup,
one from Andaman and the other from Japan (left) and between chromosomes one
from haplogroup D and the other O, both from Japan.
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Tables

Table 1. Sample size information of Indian populations

Population [Geographical Linguistic Social No. of
Region Affiliation Category Individuals
Sequenced
Brahmin North Indo-European |Upper Caste |7
(UBR)
Rajput (RAJ) [North Indo-European [Middle Caste |7
Bengali North Indo-European |Lower Caste |1
(BEN)
Punjabi North Indo-European [Middle Caste |1
(PUN)
Vellalar South Dravidian Middle Caste |8
(VLR)
Irula (ILA) South Dravidian Tribe 3
Birhor (BIR) |Central Austro-Asiatic  [Tribe 4
Onge (ONG) |Andaman & Unclassified Tribe 2
Nicobar Islands
Jarawa (JAR) |Andaman & Unclassified Tribe 3
Nicobar Islands
Riang (RIA) |North-east Tibeto-Burman |Tribe 6
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Table 2: Haplogroup composition of Indian populations

Population C D G H J K L N @) Q R

AND 0 0 0 0 0 0 0 0 0 0
BIR 0 0 1 0 0 0 0 0 0 0
ILA 0 0| 0.67 0 0 0.33 0 0 0 0
VLR 0 0 0.12| 0.38 o[ 0.5 0 0 0 0
RAJ 0.14 0| 0.29( 0.29 0 0 0 0 0| 0.29
BEN 0 0 0 1 0 0 0 0 0 0
UBR 0 0| 0.14| 0.29 0 0 0 0 0| 0.57
RIA 0 0 0 0 0 0 0 1 0 0
PUN 0 0 0 0 0 0 0 0 0 1
PJL 0.02 0.08]| 0.06| 0.27 0 0.04 0 O 0.04| 0.48
GIH 0.21 0.03]| 0.21| 0.09 0 0.09 0 0 0 0.38
BEB 0.07 0| 0.36| 0.12 0| 0.05 0| 0.1] 0.02f 0.29
STU 0.02 0 0.29] 0.15 0 0.18 0 O 0.04| 0.33
ITU 0.02 0 0.27| 0.07| 0.02| 0.13| 0.02 0 0.02| 0.47

114



Table 3: D-stats of Andamanese, DAI, JPTD, JPTO and YRI

\W X Y Z D score Z score
DAI JPTD AND YRI 0.0028 0.718
DAI JPTO AND YRI 0.0059 1.521
JPTO JPTD AND YRI -0.0033 -1.475
DAI JPTD AND Ancestral | 0.0043 1.214
DAI JPTO AND Ancestral | 0.0059 1.647
JPTO JPTD AND Ancestral -0.0017 -0.856
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4. Discussion
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After 4 years of constant work, my thesis has come to an end (we still have some loose ends,
which I will try to solve in the future). As after reading the whole thesis, it is clear that my
work mainly concentrated on bioinformatic works. In this thesis, I have never done
substantial wet lab work (except putting some vials from here and there). | guess a few years
ago this kind of PhD on Biomedicine would be completely unheard of. But after the
publication of Human genome (Lander et al., 2001; Venter et al., 2001), cascades of changes
are happening in biology for last 15 years. Now we can able to do PhD in biology without
touching any biological stuff. My hope this is the beginning of theoretical biology gaining its
power, which it deserved (specifically evolution, which is always less appreciated than other
more practical branches of biology). It would transform biology completely and would
elevate it from descriptive science to conceptual science.

Biology is famous for unknown parameters. It is not like Newtonian mechanics where few
object or parameters can explain most of the things. However, when you have 3 billion data
points of information per individual (i.e. a whole genome sequence), we can handle unknown
parameters and make a generalised model for human populations with the help of proper
statistics. In this thesis, all of the analyses are simply a testament of that. We create general
models of population’s history and adaptation. Of course, the reality would be much more
complicated but these generalisations can give us some insight into how we evolved as
modern humans (especially Indian populations for this thesis).

4.1 Digging deeper inside Ancestry (Aryan vs Dravidian), Portability and
Consanguinity of Indian population

Availability of sequencing data was scarce for Indian populations when we published our
first paper. We are one of the first few to report some population genetic study using exome
data on the Indian population. As this being our pilot project, we attempted to test the power
of exome sequencing by comparing with genotyping data. We discovered high concordance
level (~99%) between genotyping and sequencing data (at least for this study). We also
performed a genetic marker portability test of Indian populations. This has high importance
for genotyping data (not so much important for sequencing data, as they do not have
ascertainment bias). We exhibited that the portability is low for Indian population from
European, East Asian or African populations. However, between North and South India, we
found high similarity suggesting they are portable between each other. This is a stark contrast
to what it was believed earlier. As Indian populations, generally show high Fst value within
themselves it was thought that they would not be compatible with each other and thus would
fail the portability test. This has importance for medical genetic studies in India, which is still
in infancy. This exhibited that although Indian populations do have substructure because of
admixing between Aryan and Dravidian components (which we also independently conveyed
in the paper), essentially, they are much closer to each other than other continental reference
populations. We also found higher inbreeding coefficient in Indian populations compared to
European population (CEU). This can be caused by the caste system and/or consanguineous
marriages, which is a custom in some part of India. In some part of South India, marriage
between Uncle and Niece takes place. This might explain higher inbreeding coefficient
detected in South India compared to North India. Indeed, we found a couple from South
Indian population to be 12.5% related to each other. This consanguinity results are directly
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obtained from their genome rather than using genealogical studies. Thus, it is less biased and
gives an idea of the assortative mating pattern in Indian populations. We also discovered few
interesting genes under selection. The most prominent one is SLC24A5 which is related with
skin pigmentation and already known to be one of the main component to give light skin
pigmentation in Europeans (Lamason et al., 2005). We found the frequency is high for the
derived allele of having light skin pigmentation in North India (~90%). It might be debatable
the origin of such selective sweep. This variant might be selected inside India or rather
reached India because of a selection process happened earlier in Europe and then brought to
India by Aryan migration. It might also be caused by sexual selection still ongoing in India.
As light skin pigmentation generally regarded as a desirable characteristic in the spouse.

4.2 Understanding Andamanese Ancestry and Adaptation due to Insularity
This is the main paper of my thesis. Earlier we thought that we would publish a single paper
explaining Indian populations’ history using genetic materials but after starting the work we
realised Andamanese are not directly related to mainland Indian populations. We also found
an unknown hominin introgression in Andamanese, which deserved a paper on its own.
Therefore, we decided only to concentrate on Andamanese for this paper. We made three
very important discoveries (all of which single-handedly have merit to be published as a
single paper):

4.2.1 No First OOA Remnant in Andamanese

Right now, the scientific community has a raging debate about the concept of OOA migration
for modern humans. Some school of thought believe that two OOA event has happened for
modern humans. This hypothesis was mainly supported by anthropological studies (Armitage
et al., 2011; Scerri et al., 2014; Smith et al., 2007) and some genetic studies (Rasmussen et
al., 2011; Kuhlwilm et al., 2016). The other school of thought is that there is only one OOA
event for all modern humans. Andamanese was thought to be one of the main candidates for
first OOA event. It was also already argued that Australian has some admixing with this first
OOA population (Rasmussen et al., 2011). We proposed that neither Andamanese nor
Aboriginal Australian does have a detectable amount of this first OOA population inside their
genome. We exhibited by simulation model that the introgression from hominin population
could be detected as a false positive of first OOA admixing with these populations. Of
course, there might be a low amount of admixing with Andamanese or Aboriginal Australian
populations with the first OOA modern humans but with the currently available methods it is
not detectable. We do not argue that the first OOA event did not happen. It is just that these
populations do not have any detectable contribution from the first OOA population.

4.2.2 A new Hominin discovered

The main discovery of the paper was to find a new hominin group introgressed in
Andamanese, undoubtedly making it the most controversial yet the most interesting discovery
of the paper. We developed our own new method with the already known methods to detect
this hominin introgression. We here concentrated only on Andamanese which impaired us
from finding the full impact of this unknown hominin population. Later we revealed that this
hominin has much higher impact on modern humans, rather than only affecting Andamanese
(Methods and Results Section 3.4-3.5). We hypothesised this hominin is another unknown
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hominin out-group of both Neanderthal and Denisova. This is one of the first papers to detect
an extinct hominin group without having been sequenced.

4.2.3 Adaptation due to Insularity causing Andamanese having Negrito
Morphology

After proving that Andamanese did not have different African ancestry compared to other
contemporary Asian populations, we focused on their morphology, as Andamanese
morphology is distinct from other contemporary Asian populations. We used our in-house
Hierarchical Boosting method (Pybus et al., 2015) to detect signatures of Natural selection in
Andamanese genome. We found that Andamanese people have gone through strong
adaptation with height-related genes. This is interesting as it matches with the hypothesis of
“insular dwarfism” hypothesis which generally takes place with the large animal living in an
isolated place (Lomolino, 2005). This phenomenon can be explained by different hypotheses.
The idea is if a big animal (preferably land-based) starts to live in an isolated place (i.e.
island), where the food resource can decline to a borderline level periodically, having a
smaller body size would help the population to get past such events due to less consumption
of foods. Smaller body size would also help facilitate shorter lifespan and early maturation
with relatively low amount of resources. Moreover, as in insular regions chances of having
predators are low, growing a smaller body size is an effective strategy to competing for food
resources. We do not know what exactly caused the dwarfism in Andamanese. It can be
either of these explanations or of combinations of these. It can also happen by other causes,
which we have not discovered yet. Nonetheless, we are sure that having a low body size has
been advantageous for Andamanese populations.

4.3 Unknown Hominin Revisited and Introgression in East Asians

As our previous paper met with some controversy, we revisited our unknown hominin
introgression hypothesis. It looks like one of the tests (absence of African allele by D-stats) is
difficult to reproduce and there were also some results we could not explain at that time (like
how seemingly unrelated populations from South [i.e. Indian] and Southeast Asia
[Andamanese] can have introgression from same hominin populations having a similar
amount of contribution [2%]). After revisiting, we realised searching for less African allele is
more difficult than anticipated and the pipeline should be proper to detect less African
ancestry. We demonstrated Andamanese showed less African allele compared to Europeans
in every possible way we could think off. We reproduced the result in The 1000 Genomes
Project data also (using Indian instead of Andamanese). It looks like having fewer individuals
from the same population sometimes reduce the power to detect the absence of African
ancestry, which might be the case for us not detecting this unknown hominin introgression in
our East Asian samples. Nonetheless, this exercise improved our model of introgression and
now simulated data perfectly matches with empirical data and we can solve a lot of
controversy around archaic introgression to modern humans. We hypothesised that all Asian
populations had introgression from this unknown hominin population once before they
separated from each other. Therefore, in the end, OOA modern human populations had three
introgressions in total from hominin populations: first Neanderthal introgressed in all OOA
populations before they have separated, second this unknown population introgressed after
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Asian populations have separated from Europeans and in the end, Pacific populations have
introgression from Denisova after they have separated from Asian populations.

4.4 Hominin Introgression of Aboriginal Australians

Aboriginal Australians are one of the most important populations to understand how modern
humans spread around the world. Right now, they are even more interesting as the
controversy surrounding first OOA event for modern humans getting heated up. If our
previous analysis were right, Aboriginal Australians should have similar ancestry like other
Asian populations. This, in turn, makes them highly probable of having introgression from
this unknown hominin population, which we found in other Asian populations. It is
particularly complicated to find the signature of this unknown hominin inside Aboriginal
Australians genome, as they also have introgression from another hominin population
(Denisova). We used an improved way (by masking possible Denisova introgressed regions)
to find this unknown hominin introgression using D-stats. We are able to show that
Aboriginal Australians do have introgression from this unknown hominin population,
indirectly suggesting again that they have similar ancestry like all other Asian populations.

4.5 Y-Chromosome Dilemma Solved for Andamanese

Lastly, we concentrated on Y chromosome analysis of Indian populations. We recapitulated
some of the already known results: like in the North we have higher frequency of R
haplogroup, which is also present in higher frequency in Europeans, most probably brought
by the Aryan migration; Indian tribal population have few haplogroups which are not present
outside of India; Tibeto-Burman populations having O haplogroup which is present in high
frequency in East Asia and also Bengalis most probably because of proximity with Tibeto-
Burman populations. The main interesting point of this paper was to look deep inside
Andamanese D haplogroup. This haplogroup can only be detected in Andaman and Japan
(and with some other part in the Himalaya all of them are remote places). This haplogroup
has different origin compared to all other OOA haplogroups. This is not expected as we
found that Andamanese has similar ancestry with Asian populations. Therefore, we did some
simulations, showed that this Haplogroup D is most probably a standing variation when OOA
event happened. This haplogroup was present in other OOA populations but disappeared
because of drift. Only Andamanese and some Japanese individuals retained this haplogroup.
In this instance, we proposed that Y-chromosome does not give the real ancestry of the
population. Sometimes much older standing variation can survive by simple random chance
in Y chromosome.

4.6 Epilogue

We finally reached the end of my thesis. Human population genetics studies are really
exhilarating, as we start to understand our own history which gives a new perspective of our
ancestor who failed to leave any written document - thus more likely to be unbiased. As Dan
Brown put it correctly, “History is always written by the winners. When two cultures clash,
the loser is obliterated, and the winner writes the history books-books which glorify their own
cause and disparage the conquered foe.” Of course, population genetic studies cannot directly
give insight on culture or spoken language but we can guess it from population genetic
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studies. In a nutshell, population genetic studies can give an insight only when there is sex
involved and those individuals left some progenies. Although this might look primitive from
orthodox people’s point of view, it is indeed a very powerful tool.

In this thesis, we concentrated on Indian populations as well as a little bit on Aboriginal
Australian populations. These populations are generally underrepresented in population
genetic studies till now, which gave us an edge to find this unknown hominin population.
This piece of information has met with criticism as it was expected. Science is right now
biased towards already known big players in the field, which put new budding scientist to a
possible disadvantageous point (even for publishing in big journals). Nonetheless, a truth is a
truth and will come out in the end. Unlike politics and arts where popular belief can change
an outcome, in science that does not happen. We will eventually see who is right irrespective
of the comments from the big players.
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5. Abbreviations (except Methods and Results, Appendix)

ANI = Ancestral North Indian

ASI = Ancestral South Indian

BLAST = Basic Local Alignment Search Tool

BWA = Burrows-Wheeler Aligner

DNA = Deoxyribonucleic acid

D-stats = D-statistics

EM = Expectation—Maximization

GATK = Genome Analysis ToolKit

GDP = Gross Domestic Product

HB = Hierarchical Boosting

kya = kilo years ago

LD = Linkage Disequilibrium

MSMC = Multiple Sequentially Markovian Coalescent
OOA = Out of Africa

PC = Principal Component

PCA = Principal Component Analysis

PCR = Polymerase Chain Reaction

PhD = Doctor of Philosophy

PSMC = Pairwise Sequentially Markovian Coalescent
RAXML = Randomized Axelerated Maximum Likelihood
RBC = Red Blood Cell

SNP = Single Nucleotide Polymorphisms

TMRCA = The Most Recent Common Ancestor
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