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Synopsis

Introduction

The mitochondrion plays a vital role in the life of unicellular to multicellular or-
ganisms by providing energy and heat as it is a site of various metabolic reactions.
Mitochondria also have a unique feature which is the presence of its own genome.
This unique feature is further amplified by their maternal inheritance only in higher
organisms. These features make mitochondria a super-cell organelle. It is the main
site of energy production, it has its own circular DNA molecules, and it is inherited
in the next generation through females only (uniparental inheritance). The mito-
chondrial genome is a circular DNA molecule with 16,569 base pairs and harbors
thirteen protein-coding genes, two rRNA genes, 22 tRNA genes, and one D-loop
or Control region. The control region regulates the replication and transcription of
the genome. The thirteen protein-coding genes express the proteins which are in-
volved in oxidative phosphorylation, the energy-producing set of reactions, along
with the other proteins which are produced by nuclear genes. Due to its small size,
high mutation rate, and lack of recombination, the mitochondrial genome is a useful
resource in studying genetic evolution and population genetics. Mitochondrial vari-
ations are employed to define various haplogroups, which help in the categorization
of the human population according to their migratory and evolutionary path. In
general, the individual mutations could be lethal for an individual and force natu-
ral selection leading to a selective sweep in the population. However, most of the
mutations do not impose any change at the phenotypic level. Hence, remain in
the population as a polymorphism (aka genetic variation). These genetic variations
seem to have no impact on the fitness of a population individually, but their mutual
presence does affect the phenotypic fitness of the population. Such a phenomenon
is expressed as epistasis, where the presence of one variation might be deleterious

along with the other variation, or it could be beneficial. Thus, an epistatic inter-
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action could be referred to as a competitive or complementary interaction. In the
human mitochondrial genome, it is observed that a variation may have different ef-
fects depending upon haplogroup/genome backgrounds. This could be explained
by the hypothesis of genetic hitchhiking, which states that a selective sweep at one
position in the genome could alter the allele frequency at a nearby position. Con-
sidering the fact that the relationship between phenotypic effects and the presence
of variations is not direct, it becomes significant to assess the collective role of
variations in structuring mitochondrial genetics in the human population. Genetic
variations were observed to impart their effect at the phenotypic level as a cohort of
multiple interactions and rarely individually. The heritability of complex diseases is
minutely affected by the mere presence of single nucleotide polymorphisms (SNPs).
However, the manifestation of such diseases depends upon the interactions of SNPs.
Therefore it is important to study the collective effect of genomic variations. There
are various ways to study the collective effect of the variations and the specific inter-
actions between genes associated with specific traits. The genomic variations and
their mutual presence could be readily analyzed for phenotypic adaptations under
the framework of networks as these variations, and their presence represents a com-
plex system. Network science has shown accountable success as an effective tool to
study the behavior of complex systems through readily modeling them as networks
in the past few decades. Alongside the emergence of Big data for biological sys-
tems such as proteomics, transcriptomics, genomics, or in general, the omics data
provide us with a greater opportunity to understand the underlying mechanisms of
these biological systems. However, the dimension of such data and its interacting
entities poses limitations at statistical levels, which leads to the employment of an
obvious network framework as an elementary yet mathematically robust tool to an-
alyze and model such data. The research work performed in this thesis is to develop
a network framework to model the occurrence of mitochondrial genomic variations
in the human population (Chapter 1). The results obtained through analysis of net-
work properties of these networks obtained, along with the biological relevance,

contemplate to supplement the understanding of the impact of the mutual presence
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of variations in mitochondrial genomes in a given population for its evolutionary
adaptation and ancestral seeding (Chapter 2 and 3). However, the epistatic inter-
actions occur pair-wise; their impact is collective. We analyzed the higher-order
interactions among mitochondrial genes by constructing 2-order simplices of the

co-mutating variable sites (Chapter 4).

Objectives

¢ To devise a network framework for mutual occurrence of variations consider-

ing the minor allele frequency in the human mitochondrial genome.

* To investigate the role of perfectly interacting two-order motifs of genomic

variations in high-altitude adaptation in Asian human population.

* To investigate the role of co-mutating variations in convergent evolution of

high-altitude populations of the three continents.

* To analyse the higher-order genetic interactions of co-mutation networks.

Background

Summary of the work done

Network Models: Construction and Background

This chapter is dedicated to the description of networks in general and the network
construction methodologies used in the other chapters of the thesis. The variable
sites could be defined as nodes given their allelic information. Based on this defi-
nition of allelic information of variable sites and their association, we categorized
these networks into (i) Co-occurrence and (ii) Co-mutation networks. Such net-

works provide insights into the evolutionary patterns of given species under the
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spectrum of external environmentsspecifically, fast-evolving viral genomes and mi-
tochondrial genomes. In co-mutation networks, the variable sites are isolated based
on minor allele frequency. Considering the minor allele may have one additional
aspect, the comparison with the reference sequence since sometimes minor allele in
the reference sequence might be the one present as major allele in the population
in question. We discussed popular model networks, their structural properties, and

their relevance with the network frameworks presented in this thesis.

Co-occurring motifs analysis in high to low altitude populations

This chapter discusses altitude-driven co-occurrence of variations in Tibetan and
lower altitude populations using the two nodes network motifs. 673 complete mi-
tochondrial genomes were grouped into eight groups based on their geographical
origin according to altitude. The network motifs analysis of human mitochondrial
genomic variations has furnished a new point of view on the role of genetic in-
teractions based on mutual variations. Although the network motifs were formed
by all the thirteen protein-coding genes, tRNA genes, rRNA genes, and the non-
coding region of mtDNA, there are selective interactions that have played a critical
role in distinguishing high-altitude populations from low-altitude dwellers and high-
altitude adaptation. The nodes of these network motifs were categorized into three
categories, (a) Local nodes, (b) Global nodes, and (c) Mixed nodes, based on their
occurrence in different altitude groups. The tendency of co-occurrence is higher
in the high-altitude population compared to low-altitude populations, suggesting
the emergence of network motifs as a functional aspect of mitochondrial genomes
in evolution at higher altitudes. The co-occurrence analysis of the high-altitude
markers revealed the presence of intra-genic constraint in the high-altitude popula-
tion. This suggested that the presence of a particular variation was not sufficient for
adaptation, but that variation had to be assisted by other variations in the same gene
or same gene complex. The formation of local co-occurrence pairs and similarity
clustering divided the altitude groups into the higher and the lower altitude regions.

This division might be possible due to two reasons, (i) migration and demographic



dynamics or (ii) the process of selection on mitochondrial variants that, in combi-
nation, optimize mitochondrial bioenergetics in extreme conditions experienced by

these populations that lived at high altitudes.

Co-mutation network analysis of three high-altitude populations

In this chapter, we analyze the possible role of mitochondrial co-mutations for
three high-altitude populations, Tibetan in Asia, Ethiopian in Africa, and Andean in
America, in light of possible convergent evolution, using mtDNA genomes through
networks. We constructed the co-mutation network by selecting significantly in-
teracting variations of the mitochondrial genome for each sub-population. We per-
formed the analysis of various structural properties of these co-mutation networks.
These networks were found to follow the small-world behavior with high modular-
ity. The weak ties, nodes with a low degree and high betweenness centrality, were
found only in the Tibetan network and acted as haplogroup markers. Followed by
that, a gene-gene interaction (GGI) network was constructed from the correspond-
ing co-mutation networks for each population, and functional enrichment analysis
was performed based on significantly interacting gene sets. Investigations of GGI
networks pointed out the essential role of CYB and CO3 genes for high-altitude
adaptation in Tibetan and Andean populations while ND genes for the Ethiopian

population.

Higher-order interactions among mitochondrial genes

In this chapter, we sought to investigate the extent to which the presence of higher-
order interactions among the mitochondrial genes in three different altitude pop-
ulations, low-altitude (0-500m), middle-altitude (2001-2500m), and high-altitude
(>4000m) affect the overall behavior of mitochondrial genome according to de-
mography and environmental constraint. The studies of two-order interactions, as
epistatic interactions, provided ample evidence about the role of genetic background

in the manifestation of a variation into phenotypic effect. However, these studies
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also raised the concern of investigating higher-order epistatic interactions and their
role in the phenotypic landscape. Here, we investigate the higher-order interactions
in terms of 2-order simplices in co-mutation-based weighted genetic interaction net-
works of mitochondrial genes for three different altitude populations. We slightly
modified the formula for calculating the co-mutation frequency for three variable
sites by introducing the allele information of the third allele. In the mitochondrial
genome, ~10% higher-order interactions were found to be true simplices. In terms
of vertex degree, these 2-order simplices captured distinct haplogroups in different
altitude populations. In low-altitude, it captures M-haplogroup, in the middle al-
titude, C-haplogroup, and in high-altitude, K haplogroup. The genetic analysis of
true weighted gene simplices revealed that in the lower altitude group, ATP6 and
ND genes, in the middle altitude group, COI and ND5 genes, and in the high alti-

tude group, CYB and ND5 genes are predominantly forming higher-order simplices.

Conclusion and future scope

Evolution is majorly regulated by selective inheritance of sudden and random changes
in the genome with a direct impact on the fitness of individuals in a population.
These random changes, considered as polymorphisms or genetic variations, get in-
corporated into the genome and are vastly inherited from one generation depending
on their role in selective advantage in adaptation to given environmental conditions.
Therefore, there are certain variations that are beneficial, some are deleterious or
lethal, and some are just neutral in their phenotypic effect. Identification and char-
acterization of these variations are core to molecular evolutionary biology as well as
molecular pathological studies. However, under certain conditions, these variations
give rise to phenotypic effects when mutually present, the phenomena explained
through epistasis and genetic hitchhiking. The work done in this thesis discusses in
detail developing a network framework to address the mutual role of genetic varia-
tions in mitochondrial genomes. We applied the developed network framework to
two sets of populations, and by analyzing the network properties at the mutation and

genetic levels, we were able to identify the characteristic differences in the different
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populations at the molecular level.

The network framework of variable sites provides an effectively simple tool to
analyze genomes for the possible role of epistatic interactions at an evolutionary and
functional level. This work can be further extended in two ways, one, at the level
of technique enhancement with more biologically relevant parameters, and second,
at the level of the data being used. For the technique level, at a primary stage, the
co-mutation network construction considers just the presence of variations in the
population which can be modified at an advanced stage by considering (i) differ-
ent minor allele frequencies for particular variations depending on their penetrance
in the population, (ii) rare and very rare variations and (iii) different weights for
pathological or deleterious mutations. Since it is already established fact that the
mitochondria and nucleus work together at the molecular and genetic level, this
study can be further extended to incorporate both the genomes together to extract
the mito-nuclear interactions of variations and quantify their role in evolution, dis-

ease progression, and aging.

Keywords : Network Science, complex networks, co-mutation, mitochondrial genome,

human evolution.
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Introduction

Chapter 1

Introduction

1.1 Overview

The identity of an individual entity lies in the wholeness of the system in which it
is present. We observe numerous complex phenomena happening around us, and
to study them, we define them as systems with particular entities leading to the
commencement of those phenomena. Modeling these complex systems gives rise
to the formation of complex networks. These networks represent the meaningful
connections between the entities of the complex system. "I think the next century
(21%) will be the century of complexity", once said Stephen Hawking in light of
the omnipresence of complex systems around us. The past two decades observed
the immense potential of network science due to its holistic approach, flexibility,
and applications to vast fields of scientific research. Network science has provided
various models and algorithms under the umbrella of statistical physics to analyze
natural and social sciences, including complex biological systems [1]. Like any
other physical system, it is also required to identify and characterize the individ-

ual building blocks in complex biological systems and obtain and establish insights



CHAPTER 1. INTRODUCTION 1.2. BACKGROUND

into the interactions. The biological complex systems can be defined by multiple
types of entities such as biomolecules (proteins and genes), pathways (metabolic,
anabolic, and disease), cells (neurons), tissues (brain regions), and organs (human
complexome) along with their defined interactions. In biological systems, interac-
tions among cellular entities are not always straightforward as in social and phys-
ical networks. Hence, their interpretation becomes much more complicated, aided
by the immense size, temporal dynamics, and non-linearity behavior. However,
the vast diversity of biological systems allows us to define them at various levels
into network models. At the subcellular level, protein-protein interaction networks
[2], gene regulatory networks [3] and metabolic networks [4] have been character-
ized and discussed thoroughly. The analysis of these exemplary networks identi-
fied significant molecules and interactions and facilitated the prediction of possible
interactions critical to cellular function. From a topological perspective, these net-
works exhibit non-random structures with scale-free or small-world properties and
the presence of communities [S]. Along with the global behavior of these networks,
there are several structural properties such as degree, clustering coefficient, degree-
correlation, and several centrality measures, which can be analyzed to extract spe-
cific information about important nodes as well as their interactions in the network
[6]. The analysis of these properties not only helped reveal the sub-cellular mech-
anisms but also improved our perception of disease prognosis [7]. In the following
section, we briefly describe the mitochondrial genome, variations, and haplogroups,
followed by the discussions regarding the complex behavior of genomic variations

in the context of population and haplogroups.

1.2 Background

1.2.1 Mitochondria and mitochondrial genome

In this section, we discuss the mitochondria, and mitochondrial genome since the
research work included in this thesis revolves around the mitochondrial genome.
These cell organelles, previously known as a-proteobacterium, ended up in a pre-

cursor eukaryotic cell as a process of endosymbiosis [8]. During evolution, the mi-

2
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Figure 1.1: Map of human mitochondrial genome (reproduced from Mitomap).

tochondria retained bi-membrane structure while drastically reducing the genome
size by losing or transferring genes to the nuclear genome [9]. The remaining
genome is 16 kbp, circular, double-stranded with the presence of multiple copies
in each mitochondrion, inherited maternally and in a semi-autonomous fashion.
Among mammals, the structure and organization of the mitochondrial genome are
highly conserved [10]. Due to the difference in the distribution of Guanine/Thiamine
base composition in the two strands resulted in different buoyancy densities, which
led to denoting them as L (light) strand and H (heavy) strand (Figure 1.1) [11]. The
H strand encodes for 12 proteins, two rRNAs, and 14 tRNAs, while the L strand
encodes for eight tRNAs and a single polypeptide. The introns are absent, and one
regulatory region is present, along with a few overlapping regions and some intra-
genic bases. Each strand has its own origin of replication and three initiation sites,
one for the L strand and two for the H strand in the regulatory region, also known

as the D-loop region [12]. Apart from the mtDNA genes, the mitochondrion har-
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bors ~ 1000 proteins originating from the nucleus, whose composition might vary
depending upon the spatiotemporal demands of the specific tissues [13]. Mitochon-
dria are the energy centers in eukaryotic cells that produce adenosine triphosphate
(ATP), the energy currency, by different oxidizing biomolecules through respira-
tion. The 13 proteins encoded by mtDNA are core constituents of electron transport
chain complexes 1, III, IV, and V. The respiratory chain complexes create a pro-
ton gradient across the inner membrane, which is then fuelled to pump complex
V, ATP synthase, to generate energy. The efficiency with which the proton gradi-
ent is converted into energy production is known as coupling efficiency. A tightly
coupled mitochondria produce more ATP and less heat. When electrons are max-
imally reduced, they can be transferred to O2 to generate increased free radicals
and oxidative stress. Alternatively, restricted calories and regular exercise keep the
electrochemical gradient hyperpolarized, leading to limited oxidative stress. This
can be achieved by reducing the coupling efficiency by alterations of complexes I,
III, or IV by disconnecting electron transport from proton pumping or by expressing
a proton channel which helps in leaking electrons. The structure and organisation
of mitochondrial genome is highly controlled. mtDNA is highly condensed within
mitochondrial matrix and termed as nucleoids. The primary protein involved in this
compaction was identified as TFAM, mitochondrial franscription factor A [14, 15].
TFAM also plays major role in actively controlling the transcription of mtDNA

genes, mtDNA copy number and its maintenance [16, 17].

1.2.2 Mitochondrial variations and haplogroups

As we know that the mtDNA is inherited through maternal lineage only and present
as haploid. Thus it is defined as a haplotype. The related group of haplotypes consti-
tutes a haplogroup that is defined by shared mutations and with regional specificity.
Human origin is rooted in Africa, based on mtDNA about 130,000 to 170,000 years
before present (YBP). The distribution of mtDNA haplogroups worldwide reveals
four striking regional mtDNA discontinuities. For the first ~ 100,000 years, short-

distance migrations gave rise to a plethora of Africa-specific haplogroups, LO-L3,
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which established the first macrohaplogroup L [18]. Among these, LO was the
most ancient haplogroup found in the Koi San peoples, and L1 and L2 are found
in Pygmy peoples. From this macrohaplogroup, L3 (youngest) originated 65,000-
70,000 years ago in Sub-Saharan Africa. It gave rise to two major haplogroups, M
and N, which later successfully migrated out of Africa and populated the rest of
the world [18]. The N haplogroups radiated into Eurasian indigenous populations,
giving rise to haplogroups H, T, U, V, W, X, I, J, and K. About 40,000-50,000 YBP,
the Europeans separated from Africans. In Asia, lineage M gave rise to A, B, F,
and lineage N gave rise to C, D, G, and others. Around 20,000 YBP, haplogroups
A, C, and D became enriched in northeastern Siberia, which led foundation popu-
lation for Native Americans by migrating across the Bering Land Bridge. Different
haplogroups were founded by purifying selection of specific mitochondrial varia-
tions and enriched at the regional level [19]. These discontinuities posit the role of
environmental constraint and natural selection on mtDNA diversity. The evidence
for natural selection was provided by the analysis of nonsynonymous (Ka) to syn-
onymous (Ks) mutation ratios (Ka/Ks) from the 13 mtDNA transcripts [20, 21]. It
was revealed that the amino acid sequence of the ATP6 gene was highly variable in
the arctic but was strongly conserved in the tropics and temperate zone; CYB gene
was hypervariable in temperate Europe but conserved in the tropics and arctic, and
CO1 was variable in tropical Africa but invariant in the temperate and arctic regions.
Regional variation was also observed in multiple ND subunits [19]. Such regional
gene-specific variation would not be expected if all mtDNA mutations were random

and neutral.

1.2.3 Mutual presence of nucleotide variations

In the human mitochondrial genome, it is observed that a variation may have dif-
ferent effects depending upon haplogroup/genome backgrounds [22]. As we know
that the 3394C variant confers high-altitude adaptation in high-altitude Tibetans, its
haplogroup background plays a vital role in its phenotypic consequences. When

3394C is present on M haplogroup on M9 background in Tibetans and on C4a4
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background in Indian Deccan plateau, it has beneficial effects and does not affect
the complex I activity. Its presence in the N haplogroup reduces the complex I
activity and associates with Leber hereditary optic neuropathy (LHON), suggest-
ing the role of haplogroup background in modulating the bioenergetics. Similarly,
the non-pathogenic missense variants cause low penetrance LHON, as shown in
a study of complete mtDNA sequences of three families from southern Italy and
one from Northern Italy [23]. It was reported that the variants, otherwise polymor-
phic, when present in a peculiar combination, lead to reduced complex I activity
and thereby onset of LHON. There could be multiple reasons behind such complex
observations, one being the hypothesis of genetic hitchhiking, which states that a
selective sweep at one position in the genome could alter the allele frequency at a
nearby position [24]. Another phenomenon where mutual variations impart their
effect at the phenotypic level is observed in the form of epistasis, which usually
deals with alterations in traits associated with those variations [25]. Because the
relationship between phenotypic effects and the presence of variations is not direct,
it becomes significant to assess the collective role of variations in understanding
mitochondrial genetics in the human population. Genetic variations were observed
to impart their effect at the phenotypic level as a cohort of multiple interactions and
rarely individually [26]. The heritability of complex diseases is minutely affected
by the mere presence of single nucleotide polymorphisms (SNPs) [27]. However,
the manifestation of such diseases depends upon the interactions of SNPs [28-30]
therefore it is essential to study the collective effect of genomic variations. There
are various ways to study the collective effect of the variations and the specific in-
teractions between genes associated with specific traits [31]. Various computational
methods have been developed and implemented to select a particular cohort of the
variations and their interactions responsible for the manifestation of complex phe-
notypes. Among which principal component analysis to infer groups of SNPs from
linkage disequilibrium to evaluate multivariate SNP correlations for intragenic di-
versity coverage [32], integrative scoring system based on their deleterious effects

[33], and Pareto-optimal approach for identifying functionally and informatively
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significant SNPs [34], are most popular ones. There exist other approaches based on
pair-wise interactions, such as two variations significantly interacting through logic
regression [35], predictive rule inference [36], and shrunken dissimilarity measure,
in which a gene-gene similarity value is calculated and pairs are selected if the sim-

ilarity value crosses a set threshold value [37].
1.3 General Network Properties

A network consists of a set of nodes (N) or units that are connected, where an
interaction type defines connections (Nc). A network can be represented by an
adjacency matrix or an adjacency list. An adjacency matrix is a square matrix with
size N x N, which could have binary entries (unweighted) or non-binary entries
(weighted) depending upon the way the network is constructed. In a binary matrix

1 represents connection between given nodes ¢ and j and O otherwise.

* Adjacency matrix: An adjacency matrix (A), is a square matrix with rows
and columns equal to the total number of nodes present in the network. The
adjacency matrix is defined by Eq. 1.1

1 if nodes v; and v; are connected

0 Otherwise

* Degree: The degree is a local property of a given node which represents
number of connections formed by that node. For a node v;, it is denoted as

n .
kv, = >, a; or simple k;.

* Degree sequence: The degree sequence ({k;}?" ;) of a graph G is the se-
quence obtained by listing the vertex degrees of G in increasing order, with

repeats as necessary.

» Average degree: The average degree of the network is denoted by (k) =
% Z?:l k.

* Degree distribution: Degree distribution of a network is represented as p(k)
Ty

which says fraction of vertices having degree k. We can calculate p(k) =

7
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where ', is the number of nodes having degree £ [1].

* Clustering coefficient: The tendency of nodes in a system to form triangles
is captured by the clustering coefficient [1]. Most real-world networks shows
high clustering coefficient than corresponding random network. The higher
clustering also straight forward provides information of existence of modu-
larity in the network. The clustering coefficient of a node ¢ is calculated as,

O T .
where £, is the number of connections between the neighbours of 7. The

average clustering coefficient is represented as,
1 n
cC) =— C
(CC) =~ ;
and (C'C) is the probability that two neighbors of a randomly selected node

link to each other.

* Degree-degree correlation: The correlation between degree of nodes is mea-
sured by the Pearson correlation coefficient. it tells about the (dis)assortative

nature of network and denoted as,
I (0 i (e >t (/R
T T U, 3G KD = [ 0+ )P
where m is the total number of edges in the network and j;, k; are the degrees

(1.3)

of nodes with " edge and Tdeg—deg Value varies in between —1 to 1. When
high degree nodes connected to other high degree nodes in a network, then
T'deg—deg Values become positive and referred to as an assortative network. In
case of high degree nodes connected to lower degree nodes, then 74cg—deq

becomes negative, and the network is said to be dis-assortative.

e Hierarchy: A decrease in the clustering coefficient with an increase in the
degree of nodes suggests presence of hierarchy in the network [5]. This indi-
cates that the nodes with small degree belong to highly interconnected small
modules. To quantify the hierarchy, local reaching centrality (C'’r) is mea-
sured for node ¢ as the proportion of all the nodes that can be reached from

node ¢. Hierarchy arises due to the fact that the modules are not completely
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independent in a network where a few nodes play crucial role to cross talk

between any two or more modules. It is calculated as,
1 1
Cr(l) = —— 1.4
e == 2 i (1.4)
j:0<d; j<oo 7
where d; ; is the shortest path length and N is the total number of nodes.

Based on C’, the hierarchy is defined as,

>iev|CR™ — Cr(0)]
N -1
where C7* is the highest reaching centrality in the network.

h:

(1.5)

Betweenness Centrality: It is the measure of importance of a node as con-
nector or bridge between two modules or communities independent of their
degree. It is defined as the fraction of shortest paths between all the pair of

nodes that pass through the node 7, and calculated as,

=y e (1.6)

Jst
st
Modularity: In biological systems, the components form groups to perform

relatively different functions at molecular level [38]. This property of a sys-
tem is referred as modularity. High clustering coefficient is signature of a
network to have high modularity. This also gives the information about the
motifs which are highly connected subgraphs. Motifs are present in almost
all the real-world networks that have been examined so far. Modularity can
be calculated using various algorithms such as Newmann-Girvan [39] or Lou-

vian [40].
1.4 Network Models

In this section we discuss about the popular model networks.

* Erdos-Rényi random network: The ErdosRényi (ER) model is used for
generating a random network. Starting with N nodes, connects each pair
of nodes with a probability p, which creates a graph with approximately
pN(N1)/2 randomly placed links with most nodes have approximately the
same number of links (close to the average degree (k)). The node degrees

follow binomial distribution [41]. This is commonly used model to compare

9
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with real-world networks for their random behavior. To generate the ER ran-
dom networks, we provide two parameters, one is the network size (n) and

another is the probability (p).

* Scale-free networks: A scale-free (SF) networks are characterized by power-
law (p(k) ~ k~7) degree distribution with degree exponent 2 > v > 3 [41].
Barabasi-Albert preferential attachment algorithm is used to construct this
model network. Many real-world networks follow power-law degree distri-

bution and one of the main reason for the popularity of this model network.

e Small-world networks: Small-world networks are characterized by high
clustering coefficient and small average path length. To construct such net-
works one can start with a regular network and then rewire the edges for a
given probability, p,. For p, = 0, a regular network is sustained while for p.,
= 1, a completely random network is obtained. The mean path length is pro-
portional to the logarithm of the network size, [ ~ logN. It follows degree

distribution similar to ER network [41].

* Configuration model: In the random or scale-free networks the degree se-
quence can not be controlled as real-world networks. The configuration model
was proposed to generate a network randomly while keeping the degree se-
quence fixed. It is known that the generated networks through the configura-
tion model having a fixed degree sequence, however, allow for self-loops and

multiple edges [42].

1.4.1 Subnetwork patterns and functions

Network Motifs: Certain patterns of interconnections (subgraphs) were found to be
significantly higher than those in randomized networks. These patterns were con-
sidered as building blocks of complex networks and defined as motifs [43]. There
could be various contexts where the presence of motifs are observed in the net-
works in various forms, such as feed-forward loop motifs usually found in gene-

transcriptional regulatory networks involved in regulating the gene expression [44],
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triangular motifs observed in social and disease spreading networks [45, 46], and
ecological networks [47]. Motifs detection have been applied in cancer diagnosis

[48], studying neural networks [49], and brain functions [50].

Communities: Communities or modules are defined as relatively densely con-
nected set of nodes to each other compared to other densely connected groups of
nodes in the network. The identification of such modules is of particular impor-
tance. For example, in food webs, identification of communities based on habitat
rather than the taxa [51], in metabolic networks, the nodes of a module correspond
to a specific cellular metabolic activity [52], and in gene regulatory networks, the

modules formed represent a group of genes with similar functions [53].

Dynamics in networks: In the past two decades, with the advancement of network
science, our understanding of biological networks has significantly improved as we
know that networks are not always static and have inherent dynamics embedded in
them. The network dynamics handle the behavior of interactions depending upon
their Spatio-temporal variations [54]. Since the large-scale in vitro methods de-
tecting the biomolecular interactions do not provide the spatial-tempo-contextual
information of these interactions, the dynamics underlying the biological networks
have been either overlooked or limited to a few proteins or genes along with their in-
teractions [55]. Apart from the dynamics associated with protein-protein interaction
networks, and gene regulatory networks, there are dynamics associated with inter-
actions of genetic variations and corresponding phenotypes. Genetic variations that
correspond to changes in phenotype are known as eQTLS (expression quantitative
trait loci). The analysis of these eQTLS revealed that gene expression variations are
often linked to interactions between these loci or genetic variations (epistasis) [54].
Recently, a model has been developed to show the long time effects of physical

dynamics on epistatic consequences [56].
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1.5 Nucleotide networks construction

1.5.1 Co-occurrence networks

Co-occurrence networks take into account the position of variable sites as nodes,
and the connection between a pair of nodes is defined based on the co-occurrence
of alleles for the given population. In this way we get one network for each se-
quence in the population. Since we have already mentioned that a co-occurrence
network considers the allele (major or minor) present at a variable site for a partic-
ular sequence, we define our edges with respect to the alleles and their frequencies
for pair of variable sites in the population. The co-occurrence frequency between a
pair of variable sites for the alleles in position is calculated as,
(wiy;)?
Coyy = L1l (1.7)
(i) (y;)

where, Co;; is the co-occurrence frequency between z and y alleles present at i'"
and ;' variable site for a particular sequence. The numerator z;y; is the frequency
of presence of = and y allele together at " and ;" sites whereas the x; and y; are to-
tal frequency of allele x at 7*" position and y allele at j*" position, individually. The
value of C'o;; gives information about the co-occurrence of two nucleotide positions
in a given sample with respect to their presence in the whole population. The co-
occurrence frequency ranges from [0 to 1], and we need to define a threshold value
to filter out the possible noise to get a structurally meaningful sparse network. To
define a threshold, we look for two structural properties of the network, one is the
order of the largest connected component (LCC), and the other one is the average
degree ({k)) of LCC. These two properties help in constructing a sparse network
that is structurally more meaningful by filtering out some connections. For calcu-
lating the threshold, we start to construct a network by considering all the pairs with
Co;; > 0, which gives rise to more or less a globally connected network. To get
a meaningful sparse network from such a network, we gradually remove the links
with C'o;; < Coy, (co-occurrence threshold) and keep only those connections above
a particular C'oy;, and simultaneously calculate the Ncpoc and (k). Following this

procedure, we get a threshold where the Ncjo¢ consists of almost all the nodes but
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as few connections as possible, yielding a very low (k) or Ncroc ~ Npcc, where
Ncrpee and Npce represent number of connections and number of nodes of the
LCC, respectively (Figure (1.2). We apply the above-mentioned method of thresh-
old selection for all the networks generated for a given population yielding as many
sparse networks as the number of available sequences. In the next step, we con-
struct a master network by merging all the individual networks generated for each
sequence. In this step, we get duplicate nodes and edges; however, we choose to
perform a union operation on our networks. By performing union operation on the
edges, we get only one network in which all the nodes and edges of all the networks
are taken into consideration only once, yielding a single undirected and unweighted

co-occurrence network for all the samples.

1.5.2 Co-mutation networks

For co-mutation networks, we again start with the multiple aligned DNA sequences.
The variable sites are isolated based on minor allele frequency. Considering the
minor allele may have one additional aspect: comparison with the reference se-
quence, since sometimes minor allele in the reference sequence, might be the one
that is present as major allele in the population in question. Even though the site
with such an allele would still be considered a variable site. As we calculated the
co-occurrence frequency in the previous section, here, we will be defining and cal-
culating the co-mutation frequency between two variable sites based on their minor

allele frequencies as,

(m;;)?

(mi) (m;)

where, C'm;; is co-mutation frequency, m,; is number of times minor alleles at ith

Crmy; = (1.8)
and ;' position occurs together, m; and m; are minor allele frequency at i and
4™ positions individually. Calculating the C'm;; is the first step for constructing
co-mutation networks whose range is again between [0, 1]. Further, we calculate a
statistical correlation (£;;) (popularly known as p-value test) to filter out interactions
lying below a threshold value to get a meaningful network.

#[(Cmy;) > (Cmy;)]

P, = , 1.9
7 #reshuf fling (1.9)

13




CHAPTER 1. INTRODUCTION

1.5. NUCLEOTIDE NETWORKS CONSTRUCTION

Multiple Aligned Genomic Sequences

Variable sites are extracted
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types of nucleotides is a
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Figure 1.2: The schematic for nucleotide based co-occurrence and co-mutation net-
works.
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where, C'mj; is random co-mutation frequency, calculated after permuting the alle-
les at the " and j** positions for a large number of times. As per the standard prac-
tice, we keep the threshold value at standard < 0.05 to filter the interactions. This
method yields only one network combining all the sequences, hence, the method is

independent of number of samples.

1.5.3 Perfectly co-occurring sites

As discussed, we can apply a threshold value for generating a sparse network. In
co-occurrence networks, if we keep the threshold of efficiency score at 1.0, and
in co-mutation networks, if we consider only those pairs with Cm;; = 1.0 and
P;; < 0.05, we get only those pairs of the variable sites that are perfectly co-
occurring and co-mutating in the population, respectively. Such sites form complete
subgraphs (all-to-all connected) and yield disconnected components (Figure 1.3).
The peculiar case of perfectly co-occurring sites could be interpreted in two ways:
first, the nucleotides at 7' and j** positions are co-occurring in just one sample
and not present in any other sample in that population; second, the nucleotides are
co-occurring in many samples and are not present individually. In both these cases,
we would get a perfect co-occurrence of the involved sites. However, in the first
case, the significance of co-occurrence would be negligible for common variants
but could have considerable importance for rare variants [57]. To avoid this bias,
one can define the rare variants beforehand or consider only those sites with a higher
minor allele frequency. The perfectly co-occurring sites give rise to disconnected

complete subgraphs or motifs of order two or more.

1.6 Thesis Overview

In the upcoming chapters, the co-occurrence and co-mutation networks have been
applied to mitochondrial genomes of different populations. In Chapter 2, the low
and high-altitude populations are analyzed through a network framework, and fun-
damental aspects of evolution and adaptation are discussed. In Chapter 3, three

different high-altitude populations are studied to analyze convergent evolution’s ef-
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Globally connected Connected cliques

Co-occurrence threshold

Figure 1.3: Evolution of co-occurrence network with change in co-occurrence
threshold.

fect and identify the critical genes possibly involved in such evolution. In Chapter
4, we move one step further to identify the presence of higher-order interactions in
three populations of different altitudes (lowest to highest). Chapter 5 provides the

conclusion of the studies and discusses the future aspects of these studies.
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Altitude based co-occurrence pat-
tern in Asian population

Chapter 2

Altitude based co-occurrence pattern
in Asian population

2.1 Introduction

To understand and predict behavior of many large scale complex systems, net-
works provide an extremely powerful framework consisting of nodes and interac-
tions (edges) [58]. For example, complex biochemical activities of a cell can be
well understood by underlying proteinprotein interaction (PPI) networks. Network
framework has been successful in revealing crucial proteins for breast cancer [59],
to understand versatility of society [60], to get insights into developmental changes
in C. elegans [61]. Motifs, which are complete subgraphs of a network, consid-
ered to be building blocks of many complex systems [43]. These motifs have been
shown to occur significantly in several biological networks such as gene regulatory
networks, ecological networks and neural networks. Two-node motifs have been
extensively studied as double negative feedback loops, double positive feedback
loops, and auto-activation or repression loops [62, 63].

Motifs are complete subgraphs, and the two node motifs may primarily consist
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of feed-forward or backward loop. Here we analyzed simple two-node undirected
motifs of co-occurring nodes for mtDNA at varying altitudes. The nodes are vari-
able sites and interactions are the co-occurrence of these variations. Co-occurrence
of variable sites have been investigated for various diseases, for example in under-
standing classification and prognosis of acute myeloid leukemia [64], for finding
cause of female Duchenne muscular dystrophy [65], for finding co-occurrence of
driver mutations in myeloproliferative neoplasms [66]; to understand evolution of
influenza viruses [67]; in detection of pesticide resistance in Aedes aegypti [68] and
recently in codon level analysis of human mt-DNA which revealed significance of
codon-motifs in evolution of human sub-population [69]. The origin and inhabita-
tion of humans in diverse geographical regions across the world has always been
a topic of research for anthropologists and geneticists. These studies have pointed
out that the presence of environmental diversity in different geographical regions
was one of the key factors in causing variability among human groups both at nu-
clear DNA and mtDNA level [70]. A wide range of environmental diversity existed
in terms of temperature and altitude driven hypoxia all over the world. One such
environment existed in South-Central Asia at Tibetan plateau. The Tibetan plateau
is known to be the highest altitude region ever inhabited by humans since the last
Largest Glacial Maxima (LGM, 2218 kya) [71]. The plateau has an average eleva-
tion of 4000 m above sea level yielding extreme environments such as low oxygen
concentration, high UV radiation and arid conditions [72]. The indigenous people
of Tibet have acquired an ability to thrive in the hypoxic environment as a result of
complex mechanisms of polygenic adaptations (both at nuclear and mtDNA level)
[73]. Thus, biological study of the Tibetan plateau is of great interest due to its

distinctive environment and migratory profile.

Mitochondria are the energy centers in eukaryotic cells and recent studies showed
that the diversity of the mitochondrial genome may have a role in the adaptation to
hypoxia in Tibetans [74]. Mitochondria play a regulatory role in oxygen metabolism
through oxidative phosphorylation (OXPHOS). Following events may take place

during hypoxic exposure; the ATP generation is down-regulated, the activities of
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respiratory chain complexes are reduced, and reactive oxygen species (ROS) which
are produced from the respiratory chain may cause cellular oxidative damage [75—
77]. mtDNA mutations that affect OXPHOS could also affect metabolic rate mod-
ulation, oxygen utilization, and hypoxia adaptation [78]. Theoretically, it was ac-
cepted that migration and genetic drift play crucial roles in controlling mtDNA hap-
lotype frequencies and that mt-DNA variations in a species are selectively neutral
[79]. However, recently it was reported that mtDNA variations are the result of nat-
ural selection [80, 81]. The factors contributing to these variations are, (i) proteins
from mtDNA interact with each other and with those imported from the cytoplasm,
and consequently form four of the five complexes of the OXPHOS; and (ii) the pre-
sumption of total absence of crossing over in mtDNA, i.e., each genome has a set
hierarchical history which is shared by all the genes. Due to these reasons, it was
suggested that a site undergoing evolutionary pressure might have equally affected
the genealogy of the whole mitochondrial genome [79]. In this chapter, we discuss
the analysis of 673 complete human mitochondrial genomes by categorizing them
into eight altitude groups from the sea level up to Tibetan plateau. We kept the in-
terval of 500m between each altitude group taking into account the fact that oxygen

percentage decreases by approximately 1% at every 500m above sea level [82].

2.2 Source of data and network construction

We retrieved a total of 673 complete human mitochondrial DNA sequences of the
healthy individuals from GenBank (http://www.ncbi.nih.gov/), where metadata was
available. These sequences were aligned using multiple sequence alignment tools,
Clustal Omega [83] using default parameters. After alignment, all the sequences
were mapped to master sequence, revised Cambridge Reference Sequence (rCRS).
Since we were interested in altitude-wise stratification of these sequences based on
available geographic information, we divided these sequences into eight altitude
groups ranging from Om to>4000m with an interval of 500m based on specific co-
ordinates provided for each sequence in the published dataset. In this way we have

eight altitude groups with different numbers of mtDNA sequences for construction
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Figure 2.1: (a) Total variable sites are extracted from a particular group and co-
occurrence threshold is applied. (b) For each sample, one set of motifs were con-
structed. (c¢) These motifs were then merged to construct one master network where
nodes were variable sites. (d) This master network was then used to construct a
genegene interaction network by mapping the variable sites corresponding to each
gene.

of co-occurrence networks corresponding to each altitude group (Fig. 2.1).

2.3 Results

2.3.1 Characterization of variable sites (nodes)

A total of 3829 variable sites exist for all the altitude groups. Out of which 3127
variable sites took part in mutation cohort formation of motifs of order two or
higher. However, here we have considered the simplest motifs of order two only
for the further analysis. Among these variable sites, ~65% sites were found to be
located in protein-coding regions (overlapped sites were double counted) with the
rest lying in non-coding regions (control region, t-RNAs and r-RNAs) (Table 2.1).
This was not surprising as 11,395 (~68%) sites out of the total 16,569 sites belong
to the coding region. Most of the variable sites were bi-allelic, a few were having
three alleles (tri-allelic) in all the groups and only group 3 had one site with four

alleles (Table 2.1). These sites are well documented in the Mitomap database for
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various genomic studies. Although much about the tri-allelic sites have not been
understood, nonetheless their presence has been shown to be responsible for natural
selection [84]. Approximately 90% of the variable sites were transitions, yielding
a high transition to transversion ratio (Ts/Tv) (Table 2.1) which has already been
reported [85] to be responsible for the conservation of structures at protein level
among the individuals within a species [86]. In the context of varying altitudes, this
ratio remained high which further emphasized the importance of survival and for
mitochondrial functionality. As we know that the functional stability comes from
the structural integrity of proteins and the structural integrity arises due to specific
interactions of amino acids [87]. These interactions of amino acids, in turn, were

shown to be affected by mutations and their co-occurrence in the genome [88].

Table 2.1: Statistics of variable sites
Altitude group Variable sites Coding sites ~ Non-coding sites Ts:Tv  Tri-allelic sites

Group 1 474 286 (60.33%) 188 (39.6%) 16.5:1 5
Group 2 435 270 (62.06%) 165 (37.94%) 14.6:1 6
Group 3 644 423 (65.68%) 221 (34.32%) 14.2:1 7
Group 4 694 432 (62.24%) 262 (37.76%) 12.5:1 11
Group 5 429 274 (63.86%) 155 (36.14%) 17.8:1 4
Group 6 354 222 (62.71%) 132 (37.29%) 22.77:1 1
Group 7 357 212 (59.38%) 145 (40.62%) 17.0:1 1
Group 8 442 279 (63.12%) 163 (26.88%) 13.3:1 1

2.3.2 Categorization of variable sites

In this section we discuss about the categorization of variable sites based on their oc-
currence in the network as follows; (i) isolated nodes (variable sites which did not
take part in network construction) and (ii) connected nodes (variable sites which
took part in network construction). Further, these two types of nodes were sub-
categorized into (a) global nodes (the nodes present in all the altitude groups), (b)
local nodes (the nodes presented exclusively in a particular group) and (c) mixed
nodes (the nodes presented in more than one altitude groups but not in all). This
categorization helped us to decipher the role of variable sites in terms of two nodes

co-occurrence motifs. It was also observed that the percentage of local connected
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Table 2.2: Categorization of variable sites

Altitude Connected Nodes Isolated Nodes N, <k>
Local (%) Mixed (%) Global (%) Local (%) Mixed (%) Global (%)
Group 1 31.5 67.5 1.0 28.4 16.2 55.4 1855 9
Group2 294 69.5 1.11 29.7 14.9 55.4 1324 7
Group3 36.9 62.3 0.77 32.3 34.7 33.0 1658 6
Group 4 38.2 61.1 0.72 37.5 32.3 30.2 2219 8
Group5 23.3 75.6 1.15 32.1 17.3 50.6 1443 8
Group 6 20.4 77.9 1.34 25.5 14.5 60.0 1182 8
Group7 27.1 71.5 1.44 37.5 11.3 51.2 950 7
Group 8 25.9 73.1 1.10 35.9 11.5 52.6 1409 8

nodes was decreasing with increasing altitude while the percentage of local iso-
lated nodes was increasing with increasing altitude. Further, the number of links
provided the information about the co-occurrence pairs formed by the connected
nodes having perfect co-occurrence frequency. The average degree of the network
was found to be nearly similar in all the networks and also confirmed sparseness
of the networks of all the groups. The real-world complex networks are found to
be mostly sparse [89]. Here, the sparsity of co-occurrence networks meant that the

variable sites are having very few perfectly co-occurring pairs.

2.3.3 Altitude classification through co-occurrence motifs

In the previous section we categorized the variable sites based on their presence in
altitude groups. In this section we utilize that information for similarity analysis.
Jaccard similarity coefficient was used to find out the similarity between each al-
titude group using the mixed nodes (Figure 2.2). This similarity coefficient led to
the distinction of two major clusters, one with groups 1, 2, 3 and 4 (lower altitude
cohort) and the other with groups 5, 6, 7 and 8 (higher altitude cohort). The nodes
of the dendrogram in Figure 2.2 represented altitude groups. Two altitude groups
were found to form doubletons within each cluster. Moreover, it was deduced from
the dendrogram that the human population splits up into two subpopulations giving
rise to lower altitude cohort and higher altitude cohort. The lower altitude cohort

further segregated into two sub-groups forming one clade with Grp 2 and Grp 3 and
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Figure 2.2: Cluster dendrogram was produced using common nodes between each
altitude. It is clearly observed that two clusters are formed, one with groups 1 to 4
(lowest to middle) and other with groups 5 to 8 (middle to highest).

another clade with the Grp 1 and Grp 4. The higher altitude cohort further segre-
gated into two sub-groups forming one clade with the Grp 5 and Grp 8 and another
clade with the Grp 6 and Grp 7. It is noteworthy that in the lower altitude groups,
Grp 1 and Grp 4 descended from a common sub-group. Similarly, in the higher alti-
tude groups, Grp 5 and Grp 8 descended from a common sub-group despite having
geographical distances between these altitude ranges. Many previous studies have
pointed out that early humans have migrated towards higher altitudes in summer
for hunting, whereas moved towards lower altitudes during winter season to avoid
extreme harsh environments [90]. This seasonal migration is common even today
in the plateau [91]. The segregation of the human population in lower and higher
altitude groups observed in our analysis suggests that humans may have migrated

through discrete pathways searching for a better environment for establishment.

2.3.4 Imact of nodes; CADD scores

To explore the predicted functional impact of selected variants, we extracted the
various prediction scores from HmtVar database [92] and Combined Annotated De-
pletion Dependent (CADD) database [93]. The prediction scores for various vari-

ants which were found to be significant based on the co-occurrence networks. The
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C-scores and PhyloP scores conveyed about the deleteriousness and conservation
score, respectively. The positive PhyloP score predicted conserved sites while its
negative value predicted fast-evolving sites. For most of the variants HmtVar scores
were unavailable while we discussed the relative significance of those which were
available. The high-altitude markers were shown to have only polymorphic nature
with some degree of pathogenicity. The variant T3394C was predicted to have high
pathogenicity along with disease-causing impact by MutPred, PhD-SNP, and SNPs-
GO databases. This variant has been associated with Lebers hereditary optic neu-
ropathy (LHON), diabetes mellitus, osteoarthritis, cardiomyopathy in non-Asian
populations while in Asian population it has been associated with high-altitude
adaptation. The co-mutating partners of T3394C were all fast-evolving sites ex-
cept G4491A. There are four variants which co-occurred with G7697A in which
two variants were highly evolving while two variants were found to be conserved.
For most of the variants the predictions were not available in HmtVar while PhyloP
score was available for all the variants. The PhyloP scores of pairs of Global con-
nected nodes suggested that the Global connected nodes tend to pair with conserved
sites across all the altitude groups. The C-scores for all the nodes for each altitude-
group are shown in 2.3. The C-scores are ranging between2 and 4. Although the
absolute C-scores had no meaning, they did have a relative meaning. The nega-
tive value predicted a site to be proxy neutral while a positive value predicted it to
be a proxy deleterious site. It was observed that C-scores of the variants from the
control region were close to 1 which suggested that the variants in the control re-
gion were neither deleterious nor beneficial across varying elevations. The C-scores
for selected variants were checked where the highest deleterious score was 2.5 for
C3310T variable site, however, this variant was exhibited to have low pathogenicity
and likely to be neutral. By projecting the C-scores for all the nodes for each master
co-occurrence network, we were able to look at the likely role played by each vari-
ant in contributing proxy-deleterious or proxy-neutral variants for co-occurrence
network construction. We found that more than 60% nodes were falling in between

0 and 1 C-scores,~30% were found to show>1 C-score and ~10% were found to
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Figure 2.3: The CADD scores are plotted for all the nodes of each master co-
occurrence network. The negative values show proxy neutral predictions while the
positive values show proxy deleterious predictions for each variable site.

show <0 C-scores. This suggested that a few individual variants might have delete-
rious effects on population, however, mutational cohorts might be able to subsidise

these predicted deleterious effects.
2.3.5 Altitude dependent Gene-Gene interactions

Gene gene interaction networks were compared with the corresponding random net-
works. We found that only 72 (~ 10%) of all possible gene-pairs were significantly
deviated (falling out of the standard deviation range) from random networks (Fig-
ure 2.4). Moreover, out of total 72 gene-pairs, 46 were found to be exclusive to
any one of the altitude groups, 23 were found to be exclusive to any two of the
altitude groups, and only 1 pair was found to be present in any 3, any 4 and any 7
altitude groups. There were certain pairs in which one of the genes was tRNA such
as in group 1, fRNA-Gly. The gene-pair CYB-CR was found to be present in all the
groups except in the 5th group where these genes were present but interacted with
other genes. Further, this pair had more weight than that of the corresponding ran-
dom network in group 6 while less weight than that of the corresponding random

networks in the other groups. Interestingly, there existed only three genes which
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Figure 2.4: Gene gene interaction pairs which showed deviation from random net-
works.

formed pairs with themselves, these genes are CYB, ND5 and CR. The gene-pair
CYB-CYB was found to be present in the groups 4 and 8. In group 4, its weight
was found to be less than that of the corresponding random network, while in group
8 its weight was found to be more than the corresponding random network. The
other gene-pair CR-CR was also found in group 2 and group 8. Moreover, in group
8, in seven out of fifteen gene-pairs one of the genes was CYB. Another gene-pair
CO3-ND6 was found to be present in groups 6 and 7. Apart from the CR and
the coding genes, despite having small length and less variable sites, certain tRNA
genes were also found to form gene interaction pairs. Particularly, tRNA-Gly was
present in groups 1, 2, 3 and 8. Interestingly, tRNA-Thr exhibited the highest num-
ber of variable sites among tRNA genes, but it was found to be present only in
group 3 co-occurring with CO/1 gene. tRNA-Met was present only in groups 5 and
8. Overall, we found different genegene interactions at varying altitudes which can

be further analyzed for possible adaptation or disease association.

2.4 Conclusion

In this chapter, we investigated altitude driven co-occurrence of variations in Ti-

betan and lower altitude population using the two nodes network motifs. Here,
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we used a network model to represent the mitochondrial genome as a complex ge-
netic interaction network based on the co-occurring nucleotide pairs over the entire
genome. Even though we took a perfect co-occurrence frequency, nearly 75% nodes
(variable sites) took part in the network construction suggesting a widespread pres-
ence of mutual variations in the human mitochondrial genome. This widespread of
mutual variations further suggested that these variations richly co-occur with each
other. The rest of the 25% nodes, which we categorized as the Isolated nodes,
were mostly contributed by the Control region which was a mutational hotspot in
human mtDNA. These isolated nodes were also found to be more in the popula-
tion belonging to the lower altitude groups as compared to those at the higher alti-
tude groups. An absence of any selective pressure in lower altitude groups might
be a reason for lower co-occurrence of the variable sites yielding high number of
isolated nodes (more independent signals). Whereas, for the high-altitude groups
which were accompanied with peculiar conditions (oxygen, temperature, UV, etc.)
leading to more selective pressures which might be causing co-occurrence of the
variants for their positive advantages. Further studies are needed to correlate these
observations with peculiar phenotypes. Another category of the nodes, the local
nodes, constituted nearly 30% of total nodes for a particular group. The presence of
local nodes provided evidence that the human population had a specific signature at
nucleotide variation level for varying altitudes, which might be arising by different
genetic history of the population that colonized a particular area especially in the
low/medium altitudes where the intensity of natural selection on human mt genome
was likely to be low. This signature seemed to disappear when we mapped these
local nodes to their corresponding genes and counted the number of local nodes for
each gene complex. This loss of the signature revealed a peculiar property of the
mitochondrial genome that even with exclusive variations, the genomic function-
ality remained undisturbed, keeping fundamental molecular functions intact. This
did not imply that the environment did not affect the adaptive function of the mito-
chondrial genome but that the neutral variation was a common and well described

phenomenon for the mitochondrial genome. Further, the co-occurrence analysis of
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the high-altitude markers revealed the presence of intra-genic constraint in the high-
altitude population. This suggested that the presence of particular variation was not
sufficient for adaptation, but that variation had to be assisted by other variations in
the same gene or same gene complex. Here we had analyzed only mt-DNA but it
was likely that co-occurrence occurred between mt-DNA and the nuclear genomes
as the role of nuclear variants in adaptation to high altitudes was well described
[94, 111]. Further studies are necessary to identify these interactions between the
two genomes. Variable site 711 of 12S rRNA gene was found to co-occur with
both the markers 3394 and 7697. The variants 711C and 14417G defined the sub-
haplogroups M9alalclbla, M9alalclblal and M9alalclbla2 which were widely
distributed in East Asian and Southeast Asian populations, and prevalent in Ti-
betan population. Moreover, MT-RNR1 gene encoded for a protein responsible
for regulating insulin sensitivity and metabolic homeostasis [96]. Particularly, the
co-occurrence of 7697 with 14417 was observed in the group 7 and 8. Since, the
biological effects of high altitude were observed at>3000 m existence of these co-
occurrence pairs seemed a possible combination of variants that affects mitochon-
drial bioenergetics. Variant 4491 of ND2 gene was found to be associated with
high altitude pulmonary edema (HAPE) susceptible in low altitude population [97]
whereas in our analysis, this variant was found to co-occur with 3394 and its exclu-
sive presence in the higher altitude regions suggested its adaptive dependence. The
variable sites forming the global connected nodes 9540 and 10873 were the RSRS50
ancestral variants [98] while 10400 and 16327 were markers of M sub-haplogroups
[99]. The markers 9540 and 10873 were found to be present throughout the human
population, 10400 was known to be specific to Asian population and 16327 was
known to be the marker of C sub-haplogroup of M haplogroup which was specific
to Siberian and American regions. The presence of 16327 in Asian population was
not surprising since human migration in American continent took place through the
Beringia bridge from Siberia [100, 101]. Phylogeny based study had shown that
10398 resulted through selective sweep at colder geographical regions [102] which

was supposed to lower the oxidative phosphorylation coupling leading to release
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of more heat. This possible tradeoff between ATP generation and thermogenesis
seemed to play a key role in adaptation at colder higher altitudes. Substitution from
A to G at 10398 corresponded to substitution of an alanine amino acid residue by
a threonine at the carboxyl end of ND3 gene, a subunit of NADH-ubiquinone oxi-
doreductase (complex I). The presence of 10398 exclusively at higher altitudes sug-
gested that a separate ancestral population might have colonized these regions. We
found the existence of three variable sites belonging to the CYB gene which were
co-occurring with global connected nodes; these variable sites are 14783, 15043
and 15301. Although we had collected the mt-DNA sequences for healthy individ-
uals, these variants were predicted to be likely pathogenic and had been shown to be
associated with Familial cancer of breast in ClinVar database. Through genegene
interaction network, we found that CYB gene was co-occurring significantly with
other genes at Tibetan region. This had shed light on its possible involvement in
hypoxia and low temperature adaptation. Cytochrome b protein is an integral mem-
brane protein subunit of the cytochrome bcl complex encoded by CYB gene, this
complex catalyzes the redox transfer of electrons from ubiquinone to cytochrome ¢
in the mitochondrial electron transport chain. As the efficiency of the electron trans-
port chain governs key aspects of aerobic energy metabolism, several investigators
have suggested that functional modifications of redox proteins, such as cytochrome
b, may be involved in physiological adaptation to different thermal environments
[80, 81, 103]. It is interesting to note that variants located in CYB gene (such
as C14766T) are known to be significantly higher in the high-altitude pulmonary
edema a disorder arising due to acute exposure to high altitude above 3000 m and it

has been hypothesized to play a role in high altitude sickness [97].

The formation of local co-occurrence pairs and similarity clustering divided the
altitude groups into the higher and the lower altitude regions. This division might be
possible due to the two reasons, (i) migration and demographic dynamics or (ii) pro-
cess of selection on mitochondrial variants that in combination optimize mitochon-
drial bioenergetics in extreme conditions, experienced by these populations that

lived at high altitude. Thus, the two node motifs identified at high altitude>3000
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m in the groups 7 and 8 can be suggested as candidate positions for a biological
role in adaptation to these conditions. Overall, the co-occurrence network motifs
provided detailed insight into finding the association of variable sites which are
overlooked by haplogroup analysis alone and showed that selective pressures, such
as high altitude, may generate constraints on the mitochondrial genomes, forcing

the co-occurrence of certain variants on the mitochondrial genome.
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across the three continents

Chapter 3

Three high-altitude populations across
the three continents

3.1 Introduction

In Chapter 2, we have presented the interplay of co-occurring variable sites in the
form of two-order motifs and their impact on evolution at different altitude pop-
ulations. The co-occurrence signature was prominently observed at genetic level
and gene-gene interaction networks were shown to provide the genetic difference
among all the altitudes. In this chapter, we focus on three different high-altitude
populations (i) Andean Altiplano in South America, (ii) Qinghai-Tibetan Plateau in
Asia, and (iii) the Ethiopian in Africa.

These three high-altitude populations can be viewed as an outcome of indepen-
dent replications of a natural experiment of convergent evolution. In such cases,
descendants of an ancestral founding population moved to high altitudes from rel-
atively lower altitudes got the opportunity for natural selection due to exposure to
high-altitude hypoxia for a sufficiently long time. Thus, it helps them to improve

their physiological and genetic functions under hypoxic conditions [104]. The term
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‘convergent evolution’ is defined as the development of the same or similar phe-
notypic adaptations under a common external environmental condition as a conse-
quence of natural selection. Although, it could not be denied that the recent mul-
tiple migrations from corresponding lower-altitudes could affect the particular sig-
nature of high-altitude when compared with the respective low-altitude populations
[105]. These three populations are believed to be evolved differently at the genetic
[106] and physiological levels [107]. Various factors such as genetic pathways,
molecular pathways, and phenotype levels have been attributed to the convergent
evolution of humans and domestic animals [104]. Studies on the identification of
nuclear genes for positive selection in highlander populations have provided evi-
dence for natural selection in the genes responsible for hypoxia-related pathways
[108]. In Tibetan highlanders two nuclear genes of the HIF (hypoxia inducible
factor) pathway, HIF2A and PHD2 are known to be associated for positive selec-
tion [109]. The genetic variations in these genes were also found to be associated
with hemoglobin concentration in Tibetans. Additionally, the presence of two non-
coding SNPs, rs12097901 (C127S) and rs186996510 (D4E) were found to be as
key variations in Tibetan highlanders [110]. Retrospectively, introgression from
Denisovan or Denisovan-related individuals has been suggested to be affecting the
pattern of high-altitude adaptation in Tibetans [111]. In Andean highlanders, out
of 40 genes exhibiting positive selection, the a-1 catalytic subunit of adenosine
monophosphate-activated protein kinase (PRKAAI) gene has a significant role in
high-altitude adaptation [112]. Further, among Ethiopian highlanders, the positive
genetic signatures are known for aryl-hydrocarbon receptor nuclear translocator 2
(ARNT?2), basic HLH family member e41 (BHLHE41), vav 3 guanine nucleotide
exchange factor (VAV3), mitochondrial calcium uptake 1 (MICU), and thyroid hor-
mone receptor (THRB) genes [113]. Among these three high-altitude populations,
Andean and Tibetans represented similar set of genes for positive selection with

specific attention to PHD?2 gene than the Ethiopian population [113].

The physiology is highly affected by less oxygen in the inhaled air at high

altitudes, results in a lack of oxygen in the bloodstream flowing to the cells for
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oxygen-requiring energy-producing metabolic reactions in the mitochondria. Based
on the factors contributing to arterial oxygen content like hemoglobin content, oxy-
gen saturation, hemoglobin affinity, etc., there exist large pieces of evidences of
the Andean-Tibetan difference for high-altitude adaptation. It has already been
established that the three high-altitude populations posses significant differences
at physiological and genomic levels from their respective low-altitude populations
[107, 114]. Andeans and Tibetans were reported to show increased hemoglobin con-
centration compared to corresponding low altitude individuals whereas, Ethiopian
high-altitude dwellers reported no significant difference in their hemoglobin level
with their low-altitude counterparts [115]. Among these three populations, Andeans
were found to have the highest hemoglobin concentration in their blood. Another
physiological trait associated with high altitude is oxygen saturation. Tibetan in-
dividuals reported lowest oxygen saturation, followed by Andeans, and Ethiopians
showed oxygen saturation values equivalent to sea level. These findings suggested
that Andeans are less stressed by hypoxia than Tibetans, and Ethiopians can pro-
vide enough oxygen to their tissues even in a hypoxic environment. In summary,
Andean characteristics are high hemoglobin concentration, higher arterial oxygen
content, and low oxygen saturation than sea-level reference values. The Tibetans are
characterized by sea-level hemoglobin concentration below 4000m, moderate oxy-
gen saturation, and lower arterial oxygen content than sea-level references values.
The Ethiopian patterns of hemoglobin concentration, oxygen saturation, and arterial
oxygen content were reported to be similar to those of low-altitude dwellers [107].
Apart from physiological differences, specific polymorphisms belong to mitochon-
drial genes ND3 and CYTB, which are believed to be associated with high-altitude
adaptation in the Tajiks population in Tibet native to China [116]. In this chapter,
we focus on analysing the possible role of mitochondrial co-mutations for these
high-altitude populations in light of possible convergent evolution, using whole mi-
tochondrial genomes under the networks framework. Foremost, we constructed the
co-mutation networks by selecting significantly interacting variations of the mito-

chondrial genome. These networks were found to follow the small-world behavior
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with the high modularity. The weak ties, nodes with a low degree and high between-
ness centrality, were found only in the Tibetan network and were found to be hap-
logroup markers. Followed by that, a single gene-gene interaction (GGI) network
was constructed from the corresponding co-mutation networks for each population,
and functional enrichment analysis was performed based on significantly interact-
ing gene sets. Investigations of GGI networks pointed out essential role of CYB and
CO3 genes for high-altitude adaptation in Tibetan and Andean populations while

ND genes for the Ethiopian population.

3.2 Source of data and network construction

Complete human mitochondrial genome sequences were downloaded from the Hu-
man mitochondrial Database (HmtDB) [117] for the Ethiopia and Andes regions
situated ~3000m, and ~3500m above sea level, respectively. For the Andes re-
gion, we have downloaded sequences from the Peru region since it inhabits the in-
digenous Andean (Aymara and Quechua) population. Tibetan sequences (~4000m)
were downloaded from the GenBank. All the sequences were aligned globally and

mapped with a master sequence rCRS (revised Cambridge Reference Sequence)[118].

3.2.1 Detection of Community and Role of nodes

By calculating the modularity, we detected the communities using the algorithm
given in [40] which is implemented in Python using the community module. It is a
modularity maximization algorithm. The role of each node in the communities is
determined by its within-module degree, Z score, and the participation coefficient
P. The within-module degree quantified the nodes intra-modular connectivity and
was calculated as the Z-score-transformed degree of centrality within the module.

For a given node i, Z; is defined as,

ki — ki
3.1)
g

where k; is degree of the i** node in its own community,  is the average of k; for

Zi:

all the nodes of that community, and o is the standard deviation. Z; takes a high

value if degree of i*" node is high within the cluster and vice versa. Different roles
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of a node can also be deduced based on the number of connections the node makes
with the nodes in the modules other than its own. For example, two nodes with the
same Z-score will play different roles if one of them is connected to several nodes
in other modules while the other is not. We define the participation coefficient P of
node 7 as,

le—%ﬂi(ﬁ)2 (3.2)

Z o\ .

K is the total degree of the node 7 in the whole network. S is the community and
N,, is the total number of communities. The participation coefficient of a node is

therefore close to 1 if its links are uniformly distributed among all the modules and

0 if all its links are within its own module.

mtDNA samples from three high-altitude regions
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Figure 3.1: Construction of Co-mutation network and Gene-Gene Interaction (GGI)
network for each high-altitude region.
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3.3 Results and Discussion

3.3.1 Identification of significant interactions

Among the three regions, the Andes population had the highest number of samples,
nodes and connections, (Table 3.1). It was observed that more samples rendered
more interactions to be statistically significant when the number of connections (L)
at C;; > 0 between the Andes and Ethiopia was compared. Both these regions were
having an almost equal number of connections before applying the threshold. When
significant pairs (with F;; < 0.05) were considered, the number of connections was
decreased by ~23% in Andes, ~49% in Ethiopia and ~53% in Tibet (Figure. 3.2a).
It was further noted that above the threshold value, the number of co-mutations with
lower C;; values (< 0.2) were less, while co-mutations with high C;; (> 0.2) values
remained unaffected. This observation signifies the role of p-value in determining
the considerable interactions. Further, the distribution of C;; for Andes popula-
tion portrayed a heterogeneous distribution of the variations within the samples,
i.e., there exist fewer co-mutations for C;; > 0.8, indicating that the minor alleles
were not always present in the same sample(s). To get an overall idea for these
three regions, we explored the common nodes and connections among these three
co-mutation networks (Figure. 3.2c,d) to note down similarity and the differences
among the underlying networks. It was found that in Tibet 41%, in Ethiopia 55%,
and in Andes 65% nodes and ~90% connections among all the three regions were
exclusively to each region. This suggests the co-evolution of mitochondrial varia-

tions pertaining to each geographic region.

Table 3.1: Co-mutation networks

Regions | Sample size | Nodes | Links
Tibet 86 398 3459

Ethiopia | 119 838 13770
Andes 496 1197 | 20224
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Figure 3.2: (a) The change in a number of connections with threshold (b) Nodes
participating in network construction were mapped to their respective genes and
genes were counted and plotted on the y-axis with their lengths on the x-axis. Note
that t-RNA genes are not shown. (c¢) Distribution of nodes (d) and co-mutation pairs
across all three regions.

3.3.2 Structural properties of co-mutation networks

As we have already established that in these co-mutation networks, a node was a
nucleotide position and an edge was co-mutation frequency between any given pair
of nucleotide positions. The degree of a node provided information about the fre-
quency of co-mutation of any given variable site with that of others. A node with a
high degree (hub node) corresponds to a variable site undergoing high co-mutation
with many variable sites. Such sites play a crucial role in shaping genome-wide
co-evolution pattern of a population in view of multiple migrations and admixture
events[19]. The hub node in Tibetan (12308, tRNA-Leu) and Andes (10398, ND3)
co-mutation networks were commonly present in all three networks. In contrast,
the hub node (4104, NDI) of Ethiopian co-mutation network was present in An-
dean and absent in the Tibetan network. It is noteworthy that these hub nodes were
found to be haplogroup markers such that 12308 in Tibetan for K and U haplogroups
of N lineage, 4104 in Ethiopian for LO, L1, L2, and L5 haplogroups of L lineage,
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and 10398 in Andean for multiple haplogroups of L (haplogroup frequency: 95%),
M (99.5%) and N (17.1%) lineages. Since humans have migrated to the American
continent much after the Eurasian migration, all the mtDNA haplogroups out of
Africa descended from either M or N lineages. In the Andes, C and D haplogroups
of M lineage contribute to 99% of haplogroup frequency. The revelation of these
haplogroup markers as high degree nodes suggested the dominance of specific hap-
logroup backgrounds for each region’s co-mutation of mtDNA variable sites. This
also provides the biological relevance to network construction methodology along
with the fundamental nature of co-evolution of haplogroup markers. Among the
other high degree nodes, A15301G (CYB gene) node was commonly found in all
three regions. This particular site was suggested to be a candidate signature for

functional analyses, and data association [119].

Further, all the three networks were found to have small-world properties char-
acterized by high clustering coefficient [120] < C' >,cq; / < C >,4na>> 1 and
small diameter L./ Lyqng ~ 1 as for many other real-world networks (Table 3.2)
[121, 122]. The small-world behavior shown by the brain networks suggests the
swift flow of information in minimal steps from one region to another. Similarly,
in co-mutation networks, the information of change in allele frequency of a certain
nucleotide at one position sweeps to another nucleotide at another position in the
same mtDNA sample. Although, for these co-mutation networks, it is a subject of
further investigation that whether the two nodes connected through more than one
step also share the information of change in allele frequency or not. This provides
evidence for the fixation and inheritance of variations as a single cohort, and in-
tragenic constraints [123] in the mitochondrial genome in terms of co-mutation. A
high < C' > also implies that any given variable site prefers to co-mutate with all

the other genes throughout the mitochondrial genome except for tRNA genes.

To capture hierarchy, another characteristic property of networks, the clustering
coefficient of each node with its degree (Figure 3.3, lower panel) was plotted. A
decrease in the tendency of a variable site to form clusters with an increase in its

degree implied the presence of hierarchy [124, 125] in these co-mutation networks.
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Table 3.2: Global properties of co-mutation networks

Network property | Tibet | Ethiopia | Andes
Average degree 17 33 34
Clustering coefficient 0.8 0.7 0.8
Modularity 0.7 0.5 0.4
Avg path length 4.3 2.8 2.3
Degree-degree correlation | 0.4 0.2 -0.4

The hierarchical organization confers robustness and adaptability in complex bio-
logical networks [126]. mtDNA has acquired several variations depending on biotic
and abiotic factors since humans have first migrated outside Africa throughout the
world [127]. These enriched variations gave rise to multiple haplogroups. The
presence of high clustering and hierarchy in these co-mutation networks might help
capture this temporal and spatial co-evolution of variable sites of the mitochondrial

genome in the form of haplogroups.
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Figure 3.3: Betweenness centrality (upper panel) and clustering coefficient (lower
panel) are plotted as a function of degree for all three regions.

Resilience is an important property for a network, which is measured by the

39



CHAPTER 3. THREE HIGH-ALTITUDE POPULATIONS ACROSS THE THREE CONTINENTS 3.3. RESULTS AND DISCUSSION

betweenness centrality (5.)[58]. This centrality measure estimates the number of
shortest paths between any given pair of nodes which increases if a node is removed.
Usually, the nodes with a high degree tend to have high betweenness centrality.
However, it is observed here that a few nodes, despite having a low degree, have
high betweenness centrality and are considered weak ties. Weak ties are the nodes
that co-mutate with a few nodes but from different modules. The presence of weak
ties suggests that mtDNA has evolved through co-evolution of a few nodes (pertain-
ing to low k) of multiple discrete modules (pertaining to high 5.)[128]. Thus, these
sites are significantly important since their removal can result in the breakdown of
the network. In the Tibetan co-mutation network, we found four such variable sites
(709, 15927, 16172, and 16362) (Figure 3.3, upper panel). Interestingly, all these
variable sites were also found to be haplogroup markers (709: L6, G, T, and W;
15927: G, B, and X: 16172: LO and F; 16362: L4, D, G, and A). This suggests that
haplogroup markers provide the necessary evolutionary background and play a key
role in assisting the co-evolution of different clusters. Moreover, 15927 node be-
longs to tRNA-Thr which is one of the highly mutated tRNAs among all the tRNAs
in humans[129], and similarly variable sites 709 (/2S5-rRNA) in rRNA. tRNAs and
rRNAs play a central role in protein synthesis. This signifies that tRNAs and rRNAs
might play decisive roles in the co-evolution of different mutational cohorts in the
Tibetan population. On the contrary, we did not find any such nodes in Ethiopian
or Andean co-mutation networks. In these two networks, the nodes with high be-
tweenness centrality also possessed a large degree. This suggests that in Ethiopian
and Andean populations, the mtDNA has evolved through continuous co-evolution
of many different nodes (of high k) of multiple modules (of high [.) altogether.
Another characteristic property, the network diameter, defined as the longest of all
shortest paths, was large in Tibet compared to Ethiopia and Andes. This large net-
work diameter gives evidence about long-range co-mutation and highest modularity
in the Tibetan population than the other populations. The high modularity indicates
the formation of mutational cohorts of evolutionary constraints at the whole-genome

level. We analyzed the genetic background of the communities formed in these co-
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mutation networks. On considering only the coding regions, it was observed that
nodes of a few particular genes contributed more than other genes in each com-
munity in all the three co-mutation networks. Particularly, in Tibet, ATP6, CYB,
ND?5 genes, in Ethiopia ND5 gene, and in Andes ND5, and CYB genes showed con-
siderable contribution among all the communities. COI and ND2 genes were also
found to dominate at least in one community in each of the three populations. We
also analyzed the highest degree nodes for the coding region in each community.
These high degree nodes were considered "community cores". We found that none
of these community cores were common among the three regions. Although the
three regions had a certain number of common nodes (Figure 3.2¢), the community
structures were derived by independent nodes. This supports the fundamental na-
ture of formation of various haplogroups due to migration patterns and events of
natural selection which were derived by a few specific variations[130]. Upon indi-
vidual inspection of the communities, we found that in each of the three regions,
despite contributing few nodes tRNA-Leu, tRNA-Lys, and tRNA-Gln were found to
be community cores in the Tibet, Ethiopia, and Andes regions, respectively. Apart

from that, the CR was found to be evenly present in all the communities.

We investigated the localization properties of eigenvectors of these co-mutation
networks. Localization of eigenvectors enjoy a wide range of network applica-
tions; in disease spreading [131], perturbation of propagation in mutualistic net-
works [132]. Other applications of localization can also be found in [133, 134].
To quantify localization, we used correlation dimension (D)s) calculated using the
box-counting method for multifractal analysis of eigenvectors [135]. If Dy —0,
an eigenvector is localized while D, —1, the eigenvector is considered delocal-
ized. Thus, D, provides insight into the degree of localization of eigenvectors. We
focused on the eigenvectors of eigenvalues nearer to zero and mean D, was over
all the eigenvectors inside width d\ = 0.5. Note that, slight increase or decrease
in the width will not alter the results. Tibetan and Andean networks were more
localized, with Dy ~0.43 compared to the Ethiopian network with Dy ~0.65. In

these networks, D, captured the tendency of co-mutation in terms of localization.
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A co-mutation occurs when minor alleles at any given two sites present in consid-
erable frequency in the population. The change in this co-mutation frequency is
further affected by the introduction of new DNA samples harboring that particular
minor allele. In other words the co-mutation is being localized around a few sites.
Migration and natural selection are few of the events which might cause a change
in allele frequency at certain positions, which further affects the tendency of that
site to co-mutate. In Andean and Tibetan populations, the co-mutation has been
localized compared to Ethiopia. This might be possible due to the recent population
admixture experienced by the Ethiopian population [105] due to its comparatively
lesser harsh environment than Tibet and Andes. Thus, population admixture might

have played a role in observed localization behavior in these three populations.

Further, for these networks, there exists no node with its degree distinctly very
high than those of the other nodes, and hence the importance of a node cannot be
assigned based on its degree only. Nevertheless, due to the presence of the high
modularity, the importance of a node can be determined, to a great extent, by its
within-module degree and participation coefficient, which defines how a node is
positioned in its own module and with respect to other modules [136, 137]. Based
on the within-module degree and the participation coefficient, nodes were catego-
rized as module hubs and non-hubs (Figure 3.4). The nodes with highest degree
in the Tibetan co-mutation network were found in R3, non-hub connector category,
while in the Ethiopian and Andean co-mutation networks, the nodes with highest
degree were found in the R6 connector hubs category. In the Tibetan co-mutation
network, the nodes in R5 category were 3010 (/6S_rRNA), 8414 (ATPS), 14668
(ND6) and 12361 (ND5). The variable site 3010 was shown to be a high-altitude
marker in the Tibetan population [138] and also reported to form network motifs
with variable sites 8414 and 14668[123] while, 12361 was shown to be associated
with nonalcoholic fatty liver disease [139]. It is noteworthy that in the Tibetan
co-mutation network, there were no nodes in the R6 category, and in the Andean
co-mutation network, there were no nodes in the R5 category, while in the Ethiopian

co-mutation network, nodes were present in both the RS and the R6 categories. As
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we know, provincial hubs (R5) tend to connect nodes within the same module while
connector hubs (R6) tend to connect nodes from different modules. Based on the ob-
servation that the modules inherit the information of haplogroups, we can consider
R5 nodes as intra-module hubs and R6 category as inter-module hubs. It can be in-
ferred that in Tibetan population, intra-haplogroup co-evolution is prominent, while
in the Andes mtDNA, inter-haplogroup co-evolution is prominent. On the other
hand, Ethiopian mtDNA showed both inter and intra-haplogroup co-evolution. This

again provides evidence for recent admixture in Ethiopian region [105].

Tibet Ethiopia Andes

R5 R6 R7

Figure 3.4: Roles of nodes in ZP parameter space. Each node in a network can be
characterized by its within-module degree and its participation coefficient. Nodes
with Z 2.5 were classified as module hubs and nodes with Z < 2.5 as non-hubs.
Non-hub nodes can be naturally assigned into four different roles: (R1) ultra-
peripheral nodes; (R2) peripheral nodes; (R3) non-hub connector nodes; and (R4)
non-hub kinless nodes. Hub nodes can be naturally assigned into three different
roles: (RS) provincial hubs; (R6) connector hubs; and (R7) kinless hubs.

3.4 Gene-gene interactions

These co-mutation networks are then analyzed at the gene level through the con-
struction of the gene-gene interaction networks, discussed further. The contribution
of each gene was quantified by counting the number of variable sites from each
gene (Figure 3.2b). It was observed that the number of nodes in the network were
proportional to the length of genes, hence we normalized the number of variable
sites with the corresponding gene lengths (Figure 3.2b). It is deduced that except
for the Control region (CR), the occurrence of variable sites for each gene increased
with an increase in the length of genes. CR is a mutational hot-spot in mtDNA,

hence contributing the highest number of variable sites. Since CR does not code
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for any protein, we did not consider its interaction at the gene-gene network level
to avoid any bias due to the high mutation rate. It was evident that specific genes
contributed more variable sites in the network construction than others in a particu-
lar region. Especially, ATP6, CO2 and ND2 genes were contributing equally in the
Tibet and Ethiopia networks while 125-rRNA, 16S-rRNA, CO3 and ND4 are con-
tributing equally in the Tibet and the Andes networks. Among the coding genes, the
ND5 gene showed the highest difference of contributing nodes with the minimum
in Tibet and maximum in the Andes (Figure 3.2b). The contribution of each gene
per 100 samples for the network construction was highest in Ethiopia among all
the regions. The nodes pertaining to CR displayed the most extensive participation
in the network construction because it is the highly variable part of mtDNA [140].
Contribution of the variable sites in each gene yields partial information about the
interaction of the genes. To overcome this, we generated the gene-gene interaction
networks by mapping the variable sites with the respective genes, as discussed in the
Methods section. The gene-gene interaction networks provide a holistic and reduc-
tionist approach to investigating interactions in the three high-altitude regions. After
comparing with the corresponding random networks, we identify 17 gene-pairs in
Tibetan, 23 gene-pairs in Ethiopian, and 44 gene-pairs in the Andes population.
Among these, the pair with the highest edeg weight ATP6-CYB (Tibet), ND4-ND5
(Ethiopia), and CYB-ND4 (Andes). Four significant gene-gene pairs were com-
monly present in all the three populations, which were CO1-CO2, ND2-ND4, ND3-
ND4 and ND4-ND5. All these genes are involved in the oxidative phosphorylation
pathway (KEGG entry: 00190) and thermogenesis pathway (KEGG entry: 04714)
[141], along with that these genes are also found to be involved in cellular respi-
ration (GO:0045333), and response to abiotic stimulus (GO:0009628) [142]. At
higher altitudes where low temperature and hypoxia are two main abiotic factors
responsible for natural selection, the genes involved in thermogenesis and response
to abiotic factors play an imperative role in determining the evolution, and adap-
tation [114]. Since these three populations are believed to share a similar physical

environment and to undergo the process of convergent evolution, for all the com-
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Figure 3.5: Significant gene-gene interactions of common node co-mutations and
corresponding GO terms and KEGG pathway. (The node size depicts the degree of
the node and edge size represents the edge weight.)

mon nodes, we extracted their co-mutations and constructed corresponding GGI.
The common variable sites categorized these three populations under the same hap-
logroups, while their co-mutations differ among these three populations. To capture
this difference at the genetic level, significant genetic interactions (Figure 3.5) of the
common nodes were extracted based on the functional enrichment analysis for GO
terms and KEGG pathways using DAVID [143]. It was found that in the Tibetan
population CO3, CYB and ND5 genes, in the Andean population ATP6, CO3, CYB,
ND3 and ND4 genes, and in the Ethiopian population ATP6, CO1, CO2, NDI, ND2,
ND4 and ND5 genes were significantly interacting with other genes. The functional
enrichment of these gene sets were shown in table 3.3. It was noteworthy that
from the cytochrome oxidase complex, the CO3 sub-unit was interacting in the Ti-
betan and Andean populations while COI and CO?2 sub-units were interacting in the
Ethiopian population. CO3 sub-unit is reported as the putative site for the entry of

oxygen into the large cytochrome oxidase complex, thereby regulating its activity
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Figure 3.6: Significant gene-gene interactions of exclusive node co-mutations. (The
node size depicts the degree of the node and edge size represents the edge weight.)

under hypoxic conditions [144]. Even though the Ethiopian gene set has not shown
any feature related to the hypoxia adaptation in functional enrichment analysis, vari-
ations in NDI and ND2 genes were associated with high-altitude hypoxia in Tibetan
yak [145] and endemic Ethiopian rats [146]. Apart from the functional enrichment,
the Tibetan and Andean gene-sets were also involved in non-alcoholic fatty liver
disease (NAFLD) pathways. It has been shown that high altitude might improve
the mitochondrion function and alleviate the NAFLD [147]. Further to explore the
population-specific role of such genetic interactions, we extracted the co-mutation
pairs pertaining to the exclusive nodes of each region and constructed GGI net-
works. In GGI networks with these exclusive nodes, we found specific interactions
with significantly lower weights and others with significantly higher weights than
the corresponding random ones (Figure 3.6). It is readily observed from Figure 3.6
that those genetic interactions that were significantly up in the Andean and Tibetan

populations were significantly down in the Ethiopian population and vice versa.
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Table 3.3: Functional enrichment of gene sets for three regions

Tibet Ethiopia Andes

Region (CO3, CYB, ND5)

(ATP6, CO1, CO2, (ATP6, CO3, CYB,
NDI, ND2, ND4, ND5) | ND3, ND4)

Response to hypoxia

[GO: 0001666] Yes No Yes
Response to hyperoxia

[GO: 055093] No No Yes
Respiratory electron

transport [GO: 022904] | 1°5 No Yes
ATP synthesis coupled

electron transport No Yes No

[GO: 042773]

Non-alcoholic fatty
acid liver disease Yes No Yes
[KEGG: 04932]

This suggests that both Tibetan and Andean populations have evolved at high alti-
tudes through the interactions of CYB and CO3 genes. In contrast, the Ethiopian
population deviated in sharing the mitochondrial genetic interactions with the other
two populations. This dissimilarity could be explained based on two facts; Ethiopia
is situated at the lowest altitude among all the three populations, and the second
is that Ethiopia is believed to have undergone frequent admixtures in its gene pool

from a lower altitude populations[148].

3.5 Conclusion

Although haplogroups or specific mutations help us categorizing the human popula-
tion geographically, the proposed co-mutation networks fortify the specific genetic
interactions even in similar environmental backgrounds. Analysis performed in this
chapter showed that mtDNA has evolved with similar biological mechanisms in An-
dean and Tibetan populations than the Ethiopian population. It was found that there
exists a heterogeneous set of genes in Ethiopian population than the Tibetan and An-
dean populations compared to corresponding random networks. Notably, CYB and
CO3 genes are commonly present in Tibetan and Andean population, and are inter-

acting with ND5 gene in Tibetan and ATP6, ND3 and ND4 genes in Andean pop-
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ulations. Whereas, in the Ethiopian population four NADH dehydrogenase genes
(NDI, ND2, ND4, ND5) showed interactions with ATP6, CO1 and CO2 genes. It
was noticeable that in exclusive GGI networks, Ethiopian population showed the
contrasting behavior compared to the Tibetan and Andean population. Further, the
Dy analysis also showed that Tibetan and Andean populations are similar in their
localization behavior compared to Ethiopian population. The tendency of variable
sites to co-mutate could be affected by introduction of either new samples or new
variations in the existing samples, the D, analysis would be employed to capture
such admixture or multiple migration events or genetic drift in a particular popula-
tion. To conclude, co-mutation based genetic interaction networks identified gene
sets which might have played critical role in establishing the human lineage and
acclimatization to higher altitudes around the globe. These gene sets and pertain-
ing variable sites provide a ground for further investigation of patterns of human

migration and settlements across these three regions.
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Higher-order interactions among
mitochondrial genes

Chapter 4

Higher-order interactions among mi-
tochondrial genes

4.1 Introduction

The understanding of a complex system comes with the study of patterns of in-
teractions among its components. Networks provide us with a statistical approach
to model complex systems [1]. Generally, the networks are studied in a statistical
landscape through pair-wise interactions among their entities. In biological systems,
such as cellular activities, biomolecules interact to perform many functions which
includes protein-protein interactions [2], gene-transcription factor interactions [3],
metabolic interactions [4], and so on. This drives biologists to explore further the
structure and dynamics of these complex sub-cellular interactions facilitating the
structural and evolutionary functionality of a cell [5]. The analysis of complex
biological systems through the networks has assisted biologists in many fundamen-
tal ways in deducing biomarkers and designing new experiments. Such a network
analysis under the lens of network theory has assisted in deducing biomarkers and

designing new experiments [157, 158]. With an advent in network theory concepts,
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many other details of real-world systems, such as edge weights emphasising on
relative importance of interactions, directed edges [159] indicating flow of signal
through an edge [160], multi-layer structure [161, 162], and evolution of network
properties with time aka temporal networks [163, 164] got incorporated while con-
structing the corresponding model network. All these studies described complex
systems through pairs of interacting units (pair-wise interactions) and demonstrated
that properties and evolution of real-world complex systems indeed can be modeled
as a net of interacting units. Nevertheless, quest for more accurate representations
of properties of real-world interactions is continuing revealing many exciting facets,
particularly, as in real-world systems, the interactions occur in much more detailed
fashion. Particularly, many factors affect the very nature of interactions themselves.
One of the most exciting revelation of these pursuits is discovery of higher-order
interactions, which emphasize existence and importance of beyond pair-wise inter-
actions in real-world complex systems. There are pieces of evidence that show the
significance of higher-order interactions in many real-world complex systems such
as ecological [165], biological [166], neuronal [167], and social systems [168]. In
ecological networks, more than two species interact together and affect the ecolog-
ical dynamics of the ecosystem. In collaboration networks, more than two authors
appear in the same article [169]. In epistatic networks, more than two variable sites
interact/co-occur for phenotypic benefits of the species, and reactions involve more
than two biochemicals to perform a cellular function. The prediction of critical
genes or nodes based on graphs assume that two adjacent nodes have similar func-
tional contribution where we miss the information of other nodes contributing in
that similar module (functional module). The representation of networks as hyper-

graphs is a spontaneous way of overcoming this assumption.

Thus, a k—simplex set out simultaneous interactions between k + 1 nodes form-
ing aset [ = {vy,v9,vs,...,v,41}. Hence, 1—simplex corresponds to I = {vy, v}
depicting pair-wise interactions, 2—simplex represent triangles with I = {vy, vo, v3}

and so on.

Hypergraphs are powerful tools to extend the studies on ordinary graphs to
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higher-order structures [170]. The hypergraphs differ from simplicial networks in
terms of the presence of lower-order interactions. For example, a hypergraph may
not contain a dyadic interaction, whereas a simplicial network contains all sub-
simplexes. The order of a simplicial network is defined based on the presence of
the highest order in it. Hypergraphs [171, 172] and simplicial complexes [173, 174]
are two most often used frameworks to examine higher-order interactions. A hyper-
graph connects d nodes simultaneously with a hyperedge where d > 2. Not all the
hyperedges need to have the same size. However, a hypergraph is referred to as a
d-uniform hypergraph if all hyperedge connects the same number of nodes d. Here,
we consider a 3-uniform hypergraph where each hyperedge connects three nodes

simultaneously.

First ever analysis, to our knowledge, of the higher-order interactions, i.e. hy-
pergraphs of protein complexes demonstrated an existence of scale-free degree dis-
tribution of both the nodes and the hyperedges [175, 176]. Additionally, signaling
pathways [177] and protein interactions [178, 179] have been studied under the

umbrella of higher-order interactions.

Furthermore, interactions between genetic variations (epistasis) and the genetic
background are known to alter the phenotypic landscape of the respective popula-
tion leading to various studies of mutations between pairs of the genes [180, 181].
All these investigations are comprised of only pair-wise interactions, and hence
limit our understanding of genetic evolution [166]. The presence of a third mutation
has been displayed to alter the fitness and also modify the way pair-wise interactions
occur [182, 183]. The evidence of possible higher-order interactions was found in
the crossing of two yeast strains for 46 different phenotypes while searching of
missing heritability [184]. This study, identified few phenotypes that were not ex-
plained by two-loci interactions. In a large-scale study involving 500 genotypes of
yeast tRNA and over 45000 interactions, it was revealed abundance of higher-order
interactions which were responsible for dynamic across different genotypes [185].
In another study, higher order interaction of five different genes was found to af-

fect the complex phenotype in Saccharomyces cerevisiae [186]. This and few other
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studies involve the investigation of the presence and absence of mutations/variations
individually or together and their effect on the fitness or morphology of the organ-
ism. However, Ref. [187] has quantified the digenic and transgenic interactions
with respect to the fitness of the population by introducing a transgenic score, 7-
SGA score. This 7-SGA score combines double and triple mutant fitness extracted
from the experimental results. Further, the word co-occurrence hypergraphs have

been studied to explore the conceptual landscape of mathematics [188].

All these investigations provide sufficient evidences of existence of higher-order
interactions in complex systems and moreover highlight importance of such inter-
actions and corresponding hypergraphs in evolution and functionality of underly-
ing complex systems. In this chapter we investigated the co-mutation hypergraphs
in the human mitochondrial genomes for three different altitude populations, low-
altitude (0-500m), middle-altitude (2001-2500m), and high-altitude (>4000m). We
consider 3-uniform hypergraph based on co-mutation frequency defined for three
variable sites altogether for all the variable sites. Thereafter, we use a two-step

threshold selection method to construct the unweighted d-regular hypergraph.

Note that in the following text, triangles and hyperedges are used interchange-
ably as we are considering 3-uniform hypergraphs only, where each hyperedge con-
tains exactly the three nodes. By going one step forward form traditional pair-wise
interactions to 2-order interactions, we specifically calculated the co-mutation fre-
quency of three variable sites. A two-step threshold selection was used to filter sig-
nificant hyperedges, one using a statistical score (i), and second using few spe-
cific network properties. Thereafter, to identify the significant genes, we calculated
the weight of the each triangle, followed by the mapping of genes, and analyzed the
genes involved in higher-order interactions for each altitude group. In the present
chapter, we sought to investigate the extent to which the presence of higher-order
interactions among the mitochondrial genes in three different altitude populations,
low-altitude (0-500m), middle-altitude (2001-2500m), and high-altitude (>4000m)
affect the overall behavior of mitochondrial genome according to demography and

environmental constraint. We go one step forward from traditional pair-wise inter-

52



CHAPTER 4. HIGHER-ORDER INTERACTIONS AMONG MITOCHONDRIAL GENES 4.1. INTRODUCTION

actions to 2-order interactions by explicitly calculating the co-mutation frequency of
three variable sites. We define the higher-order interactions in terms of 2-order sim-
plices for all possible three variable sites combinations where the order is irrelevant.
A two-step threshold selection was used to filter significant simplices, one using a
statistical score (1), and the second using network properties. Along with thresh-
old selections to filter insignificant simplices, we also incorporated the information
of genes in each simplex to define the higher-order interactions. In comparison with
pair-wise interactions, we identified that there are certain higher-order interactions
that exist in these genomes. In order to identify the significant genes, followed by
mapping of genes, we calculated the weight of each two-order simplex. It was found

that there are relevant genes involved in higher-order interactions for each altitude

group.

Materials and Methods

mtDNA sequences were collected from [123] for three altitude groups, lowest (0-
500m), middle (2001-2500m) and highest (4001m). The ambiguous nucleotides
were replaced by the default letter 'N” for thee computational calculations. All the
sequences were aligned together using Clustal Omega and then mapped to rCRS for

gene annotation.

Construction of higher-order Gene-Gene Interaction (GGI) net-
works:

Two types of networks constructed, the co-mutation networks where nodes were

variable sites and, the weighted GGI networks where nodes were genes (Figure

4.1) for each of the high-altitude population.

Step 1 (Co-mutation Network): Any position having more than one allele in the
samples is considered a variable site. The variable sites were extracted from the
aligned sequences for each region separately. For genomic equality, ambiguous
nucleotides such as X, M, Y, etc., were replaced with ‘N’ for all the sequences, and

tri-allelic sites were not considered.
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Step 2: To construct a network for each altitude group, nodes were represented
by the position of variable sites, and the edges were represented by co-mutation

frequency between three pairs of the nodes (C};) defined as,
(mjx)°
Cijk = —————
m;m;my
where (m;;;;) represents number of times the minor alleles occur together at ith, jth

(4.1)

and k' positions, m;, m; and my, indicate total number of times the minor allele

occurs at i'?, j*" and k' positions, respectively.

Step 3 (p-value calculation): To check the significance of any co-mutation pair,

the threshold has been calculated as,

#[(Chix) = (Cijr)]
104

where, ( i ) is the co-mutation frequency calculated after permuting the alleles at

the ', j'* and k" positions randomly. 10,000 random simulations were generated
and P;;;, was set to < 0.05 (standard p-value) to consider a co-mutation triangle

significant.

Step 5 (Higher-order and pair-wise interactions selection): To define a triangle
as filled or unfilled, we map the variable sites in each triangle (i, j and k) to genes

and if all the genes are different, then we consider it as filled triangle (true triangle).

Step 6 (Co-mutation threshold selection): To select a co-mutation threshold for
filled triangles, we plotted the size of largest connected component (Icc) with the

Cijk- A threshold was selected based on the change in size of the Icc.

Relative weight of genes:

A relative weight of each gene was calculated for all the triangles as,

S
where, R, is relative weight of gene g, s represents gene triangle, W, is the weight

of triangle in which gene g is participating, and Ny is the total number of gene

triangles having gene g.
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Figure 4.1: The schematic representation for constructing and considering higher-
order interactions from co-mutations for genetic interaction networks. Note that the,
Cijk 18 used to determine the threshold for higher-order interactions and the weight
of genetic interaction network is determined only by the number of interactions
between genes.

Table 4.1: Number of triangles (i, 7, k) before and after applying the threshold
(shown in bracket). The number of gene simplices are shown without the Con-
trol region.

Low altitude | Mid altitude | High altitude
(Cy, =0.334) | (Cy, =0.500) | (Cy, =0.251)
Total triangles (7, 7, k) 81656 62390 74398
True triangles (z, 7, k) 8758 6141 6671
True gene triangles (G;, G, Gi,) | 808 660 746

4.2 Results
4.2.1 Characteristics of hyperedges

Initially, after applying the first step filtration using F;;j, the co-mutation hyper-
graphs were quite dense, therefore a co-mutation threshold (C},) was applied to
make the network sparse. To identify C};,, we plotted the size of LCC against Cj;y,
and a Cy, was selected such that the size of LCC was very small for a higher Cj;y,
(Figure 4.3). This threshold selection method has been defined as network efficiency
score [154]. We started with ~450 nodes in each altitude group with a potential of

0.1 million combinations, and we ended up with a very small number of total tri-
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angles and true triangles (Table 4.1). For a given hyperedge, the C;;, is subjected
to the minimal co-mutation frequency value for all three triangle pairs. Hence, C;j,
is not a linear combination of pair-wise co-mutation frequencies for all the pairs of
1, 7, k variable sites. After getting the sparse network, we defined the true triangles
such as no variable sites in any hyperedge belong to the same gene for all the hyper-
edges. As we know that at the genetic level, such a pair of variable sites where both
the nodes belong to the same gene would give rise to a self-loop and also transform
the triangle into a weighted edge. Hence such connections were also removed. In
low-altitude, mid-altitude, and high-altitude ~10% of all the triangles were found

to be true triangles (Table 4.1).
4.2.2 Variable sites and haplogroups

From this small number of simplices, we looked for the variable sites (nodes) con-
tributing to forming simplices in terms of 2-order degree (Table 4.2). In the low-
altitude group, node 1598 represented M-haplogroup (M17, M28, M29, M30, M42,
M52, BS and N1). In the mid-altitude group C-haplogroup represented by 14318
(C4) and 15204 (C1, C4, C5 and C7), and in the high-altitude group, K-Haplogroup
is represented by 9055 (Z3, K1, K2 and U8), 9698 (K1, K2 and U8), 10550 (K1
and K2) and 11299 (L0, K1, K2 and Y2). It is noted that in low-altitude, only one
high-degree node was represented as a haplogroup marker. In contrast, most high-
degree nodes in mid and high altitudes represented a few haplogroups. It is to note
that despite having very low variable sites in low-altitude, tRNA genes, Trp, Tyr,
Gly and Ser are contributing to the highest node degree. When the difference of
pair-wise and triangle degrees was plotted, we found that there were certain vari-
able sites with large differences compared to most of the nodes. This suggests that
a few variable sites show a higher tendency to form higher-order interactions (Fig.

4.2 upper panel)
4.2.3 Overlapping edges and associated genes

Next, we checked for the edge degree of each hypergraph. As these are 3-uniform

hypergraphs, the edge degree was defined as the number of triangles a given edge
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Figure 4.2: The distribution of difference of degrees between 2-uniform (d(v))
and 3-uniform (d3(v)) variable sites for (a) low-altitude, (b) mid-altitude and (c)
high-altitude (upper panel). The 1-simplex and 2-simplex degrees (k;(g)) of each
it" gene (G;) are plotted for (d) low-altitude, (e) mid-altitude and (f) high-altitude.
The 3-uniform degrees were found to be comparatively higher than the 2-uniform
degrees at all the altitudes (lower panel).

is part of. After calculating the edge degree, we mapped the edges (both nodes) to
genes, giving us a gene-pair for each edge. As more than one edge can belong to
the same gene-pair, here we get the gene-pair weight by adding the edge degree for
all edges of a given gene-pair. For instance, edges (1,2) and (3,4) are part of two
triangles each. So, the edge degree of both these edges will equal 2. Now, mapping
these to genes, both edges belong to the same gene-pair, G1 — G2. Hence, the gene-
pair weight will equal the sum of both the edge degrees, i.e., four. This provided
us the information of overlapping edges between overlapping triangles. In all the
three altitude groups, Control region was commonly found in hyperedges with the
highest weights. Particularly, in low and mid-altitude, it formed the highest weight

hyperedge with ND5 gene and in high-altitude with CYB gene. Apart from Control
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region, in low-altitude ND5 formed highest weight hyperedge each with ND1I, ND2,
in mid-altitude ND5 formed highest weight hyperedge each with CO1, NDI, ND4,
and in high-altitude CYB formed highest weight hyperedge each with ATP6, ND?2,
ND5. In summary, in low-altitude ND, genes yield overlapping hyperedges. In
high-altitude CYB, ATP6 and ND genes yield overlapping hyperedges. The CYB
and ATP6 genes have already been established to play a significant role in high-

altitude adaptation [189].

4.2.4 Common and exclusive triangles

Since there are few variable sites common and exclusive among all and between al-
titudes, we investigated how these variable sites involve forming triangles by iden-
tifying the presence of shared and exclusive true triangles. Note that a variable site
common to two altitudes could be part of two different triangles. Hence common
variable sites are not necessarily part of common triangles. We found 181 common
triangles among all the altitude groups, 123 common triangles between low and mid
altitudes, 169 between low and high altitudes, and 612 between mid and high alti-
tudes. A large proportion of triangles were found to be exclusive to each altitude
group. We were interested in identifying the genes involved in forming triangles
among these common and exclusive triangles for each altitude. In order to attain
this objective, we mapped these triangles to corresponding genes to get weighted
gene triangles. The triangles with the highest weight had {CYB and ND3} genes
present ubiquitously among common triangles of all the altitudes. Among common
triangles of low and middle altitudes, { ND2 and ND4} genes, and among common
triangles of middle and high altitudes, { COI and ND5} genes were present ubiqui-
tously in gene triangles with highest weights. To extend this in terms of genomics,
the interaction between two particular genes is significant in forming triangles with
a third different gene. This provides evidence and strengthens the presence of par-

ticular pair-wise interactions among mitochondrial genes.
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Figure 4.3: The change in size of largest connected component is shown with re-
spect to Cj, for (a) low-lItitude, (b) mid-altitude, and (c) high-altitude.

Table 4.2: The nodes with highest contribution in each altitude group.

Altitude Highest 2-order degree nodes (with corresponding genes in bracket)

Low altitude | 1598 (12S_rRNA), 4734 (ND2), 5557 (Trp), 5836 (Tyr), 7268 (CO1),
7490 (Ser), 10007 (Gly), 10631 (ND4L), 15307 (CYB)

Mid altitude | 10304 (ND3), 14318 (ND6), 15204 (CYB)

High altitude | 3480 (ND1), 7229 (CO1), 9055 (ATP6), 9698 (CO3),
10550 (ND4L), 11299 (ND4)

4.2.5 Codon positions in hyperedges

A variable site also possesses information about codon position (CP) in coding
genes. The relation between co-evolving variable sites and codon positions has
been described previously in the human population using two, and three-order mo-
tifs [69]. For a coding gene, the codon positions were set based on nucleotide posi-
tion in codons 1, 2, and 3. For non-coding genes, all the nucleotide positions were
set to 0. It was detected that CP 1 and 2 are highly conserved in forming the codon
triangles, whereas CP 3 is versatile in forming these hyperedges (Figure 4.4). The
CP 3 predominates the formation of hyperedges with other coding and non-coding
positions. The third codon position is considered to be weakly responsible for amino
acid selection during protein synthesis, hence supports the Wooble hypothesis and
is not subjected to evolutionary constraint [190]. The codon-conservation has been
observed in hypervariable regions of conopeptides revealing their accelerated evolu-

tion [191]. However, the hyperedges with all sites being CP 3 are also relatively less
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Figure 4.4: Distribution of codon simplex in different altitude groups.

abundant than other hyperedges with one or two CPs occupied by coding and non-
coding positions. This suggests that the third CP is also subject to conformational
stability provided by other CPs. Among all, CP 2 is the most conserved position,
which supports the functional stability of amino acid selection during protein syn-
thesis. Similarly, the hyperedges with all CP O were also found to be relatively less.
Since these do not code for any proteins, the hyperedges represent the intra-Control
region and intra-RNA genes. This suggests that non-coding regions least favor the

formation of higher-order hyperedges.

4.2.6 Gene triangles

After identifying the true triangles, we calculated the actual number of true gene tri-
angles by summing over their occurrence in the network, thereby calculating their
weights. If we exclude the Control region, out of all the possible true gene trian-
gles, only ~10% were identified as true gene triangles (Table 4.1) in all the altitudes.
The Control region is known to be the highly mutating region of the mitochondrial
genome. Due to this, we excluded Control region to look at the triangles of coding

and non-coding genes explicitly. We plotted the distribution of weights of all the
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gene triangles and found that it follows power-law distribution (Figure 4.5). This
demonstrates that the mitochondrial genes prefer forming particular triangles over

others due to the conserved co-mutation patterns formed by variable sites. After
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Figure 4.5: The distribution of weights of gene simplices (a) low-altitude, (b) mid-
altitude, and (c) high-altitude.

selecting a specific C;j, all the variables sites of each triangle are mapped to corre-
sponding genes, and the contribution of each gene is calculated as a relative weight
for each altitude group (Figure 4.6). The relative weight of each gene is defined
based on the number and weight of the hyperedges for each gene. Note that for
this calculation Control region variables sites are not considered. Control region is
a highly mutating region of mtDNA and hence, occurs in all the groups equally. In
the high-altitude group, CYB gene is showing distinctly high relative weight among
coding genes and tRNA-Gln and tRNA-Met among non-coding genes (Fig. 4.6).
In low and mid altitudes, none of the coding genes showed distinctly high relative
weight; however, in the mid-altitude group, tRNA-Ile, tRNA-Arg and tRNA-Leu, and
in the low-altitude group, tRNA-Phe, tRNA-Ser and tRNA-Tyr showed distinct rela-
tive weights among non-coding genes (Fig. 4.6). It is to note that in low altitude,
tRNA-Phe showed distinctly high weight among non-coding genes; however, it was

not found to be a high degree node.

4.2.7 Gene hyperedges categories

Furthermore, we classified gene hyperedges into four categories based on the in-

formation of genes. These categories are, all-coding (with no non-coding gene),
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Figure 4.6: Relative weight of each gene for all three altitude groups.

2-coding (with two coding genes), /-coding (with one coding gene) and 0-coding
(with no coding genes). We found that ~50% of gene triangles were from 2-coding
category and ~1% from all-coding category in all altitude groups. all-coding and
1-coding were present equally around 25%. The relatively high percentage of 2-
coding type in all the altitudes suggests that the presence of one non-coding gene
favors the formation of higher-order interactions in the mitochondrial genome in
general, independent of environmental conditions. However, the gene triangles
with high weight are different for different altitudes. The non-coding gene in the
2-coding category with high weight was found to be /125rRNA in low altitude and
16STRNA in both middle and high altitude.

Primarily, we were interested in specific gene triangles having considerable im-
portance in each altitude. To achieve this, we looked for gene triangles having high
weights (Table 4.3). From the table, it is clear that low altitude population ATP6
and ND genes, in middle altitude population COI and ND genes, and in high alti-
tude population ATP6, CO1, CYB, and ND genes contribute in forming significant
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Table 4.3: Gene triangles with distinct weights
Altitude Gene triangles with weight
NDI-ND2-NDS5: 67
ATP6-ND2-ND5: 62
ATP6-NDI-ND5: 60
CO1-ND4-ND5: 51
CO1-ND1-NDS5: 45
ND2-ND4-ND5: 43
CO1-ND1-ND5: 40
ATP6-CYB-ND2: 37
CYB-NDI1-NDS5: 37
ATP6-CO1-CYB: 36
ATP6-CYB-NDS: 36

Low altitude
(0-500m)

Mid altitude
(2001-2500m)

High altitude
(>4001m)

higher-order interactions. In our previous study, where perfectly co-occurring pair-
wise interactions were studied, we found a similar set of genes with some additional
genes for these different altitude groups. However, the contributing variable sites
forming gene triangles differ from this study. This suggests that the formation of
higher-order simplices is facilitated by a different set of variable sites but might be
capturing the genetic interactions according to their role in environmental adaptabil-
ity. An important observation is that in each gene triangle, one of the three 1-order
simplices shows the considerable weight (discussed previously as edge weight),
which is again observed when we looked for the variable sites contributing to high-
weight gene triangles. In the low-altitude group, NDI, ND5 genes or ATP6, ND5
genes gave rise to variable sites with the highest contribution; in the mid-altitude,
COlI, ND5 or ND2, ND5 genes, and in the high-altitude, CO1, NDI or ATP6, CYB
or ND5, CYB or ATP6, COI or ATP6, CYB genes in one or the other gene triangles

gave rise to variable sites with the highest contribution.

4.3 Conclusion

In this chapter, we studied the co-mutation of variable sites through a framework
of higher-order interactions. Here, we proposed a new method for constructing the

hyperedges of variable sites by defining the co-mutation frequency between three
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variable sites. These hyperedges were first filtered through the statistical score and
second through gene-based information. We superimposed the variable site based
hyperedges onto genes to realize the gene triangles finally. In the mitochondrial
genome, ~10% higher-order interactions were found to be true triangles. In terms
of vertex degree, these hyperedges captured distinct haplogroups in different al-
titude populations. In low-altitude, it captures M-haplogroup, in mid-altitude, C-
haplogroup, and in high-altitude, K haplogroup. Moreover, codon-based simplices
provided evidence about the codon bias and conservation of codon usage through-
out the mitochondrial genome for all the altitude groups. Based on gene triangles,
we found that in the low-altitude group, ATP6 and ND genes, in the mid-altitude
group, COI and ND5 genes, and in the high-altitude group, CYB and ND5 genes
are predominantly forming higher-order simplices. The analysis presented here can
be extended further to generalize all the higher orders rather than just 2-orders to get
deep insights into higher-order interactions and identify the simplices-based com-

munities in the mitochondrial genome.
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Chapter 5

Conclusion and future scope

5.1 Conclusion

In this dissertation, we focus on understanding the mutual role of mitochondrial
variable sites through co-occurrence and co-mutation networks for different human
populations. Using the variables sites of mitochondrial genomic sequences under
the framework of networks, we were able to capture phenomena of genomic evolu-
tion and pattern of polymorphisms in the human mtDNA genome. For our analysis,
we primarily focused on bi-allelic variable sites for network construction. In the
following, we provide chapter-wise conclusions of this thesis work.

The presence of one polymorphism and its dynamics affect the frequency and
evolution of other polymorphisms in the genome. This is a well-known phenomenon
in terms of epistasis and genetic hitchhiking. Motifs are building blocks of networks
that are complete subgraphs, and the two-order motifs are the most abundant and
easy to analyze motifs in any given network. The two-node motifs feed-forward or
feed-backward loops of gene regulatory mechanisms. Mitochondria play an impor-

tant role in oxygen metabolism, and hence, in chapter 2, we studied the mitochon-
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drial genomes for different altitudes. Through the perfectly co-occurring two-order
motifs analysis, we found that the polymorphic changes are also interdependent
with the change in the physical environment, such as altitude. Categorizing variable
sites revealed that all the variable sites do not take part in network construction for
the given threshold as perfectly co-occurring two-order motifs. However, this is a
method-based observation, and it was interesting to look for the biological aspect
of this observation. We found that the approx. 50% nodes that did not take part in
network construction were belonging to Control region, which is the most highly
mutated part of the mtDNA. These sites were also found to show very high minor
allele frequency. We also calculated the structural properties of these networks and
found that these networks exhibit similarity at the structural level. The structural
similarity showed that the overall pattern of two-order motifs does not alter much
for different altitude groups. However, the individual variable sites taking part in
the motif formation exhibit exclusivity. To look at this through the co-occurrence
networks, we found only four variable sites globally present in all the networks,
and approx. 40 variable sites as isolated global nodes. This showed that, even if
the networks are structurally similar, they exhibit quite a difference at the level of
nodes. These globally connected nodes tend to form the motifs with either them-
selves or mostly with coding genes. Similarly, the local connect nodes or nodes
exclusively present in any given altitude group when mapped to genes showed sim-
ilarity in patterns of motifs formation. This is an exciting observation since the
local nodes and their co-occurrence sites were completely exclusive; the similarity
at the genetic level shows a peculiar property of the genome, which is an evolution
with genetic stability. Along with the global and isolated nodes, there are nodes that
are present in more than one altitude group and not in all, and we refer to them as
mixed nodes. We used these mixed nodes to calculate the Jaccard similarity index
for finding the similarity in altitude groups. Applying the Jaccard similarity index
to construct a dendrogram revealed that the eight altitude groups are clustered into
two major clades with four lower and four higher altitude groups. The observa-

tion of this distinction goes in line with the previous studies on human migration
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and settlements on and around the Tibetan plateau. There are reported high-altitude
marker sites for the Tibetan plateau. These high-altitude markers were apparently
found in higher-altitude groups, and when their co-occurring sites were mapped to
genes, it was found that these sites tend to co-occur within their own gene region or
OXPHOS complex. This suggests that the high-altitude marker sites either drive the
intra-genic variations or are established by these intra-genic variations. When the
two-order motifs are mapped to genes, we found different genetic interactions, and
thereby genes for these altitude groups, particularly CYB, CO3, and ND6 genes in

higher altitude groups interact more often than random networks.

In the previous chapter, we focused our investigation on different altitudes in
the Asian population with respect to the Tibetan plateau. In chapter 3, we studied
three high-altitude populations, (i) Andean Altiplano in North America, (ii) Qing-
haiTibetan Plateau in Asia, and (iii) the Ethiopian in Africa. For these populations,
we modified the co-occurrence network construction methodology by including the
minor allele frequency in our calculation. Unlike the two-order motif analysis per-
formed in the previous chapter, here in this chapter, we performed structural analy-
sis of networks as a whole along with community detection and, up to some extent,
haplogroup-based analysis of these communities and other important nodes. These
networks showed a very high clustering coefficient and similar path length to cor-
responding random networks, which shows that these networks exhibit small-world
behavior. Hence, there were no distinctly observable hub nodes, and the top degree
nodes were found to be haplogroup markers. A high number of nodes and connec-
tions were exclusive to each region which suggests the independent co-evolution
of variable sites pertaining to each region. The presence of a hierarchy in these
networks captures the temporal and spatial evolution of mtDNA genomes. The hi-
erarchy and high clustering coefficient are evident in the presence of communities in
these networks. It was found that none of the community cores in each region were
commonly present. The community cores were high-degree nodes in each commu-
nity and can be considered a driver of that community. Exclusivity of these commu-

nity cores showed that the community formation in these networks is independent
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of each other, which suggests the convergent evolution of these populations. On the
evaluation of the genetic background of these communities, particular genes were
found to be dominating in all the communities in each region. Since there are no
distinguishable hub nodes in these networks, we calculated within module degree
and participation coefficient for each node in these networks. With these two pa-
rameters, it was found that in the Tibetan population, intra-haplogroup co-evolution
is prominent, while in the Andes, mtDNA inter-haplogroup co-evolution is promi-
nent. On the other hand, Ethiopian mtDNA harbors both inter and intra-haplogroup
co-evolution. With the help of the correlation dimension (D2), we calculated the
localization properties of eigenvectors for these networks, and it was found that
Tibetan and Andean networks were more localized as compared to Ethiopian net-
works. This localization parameter, in context to co-mutation, describes the events
of admixture in the Ethiopian region. With the help of the gene-gene interaction
networks, we identified certain genes in all three regions which were highly deviat-
ing from random networks. Upon functional enrichment analysis of these genes, it
became clear that Tibetan and Andean populations have evolved in a similar fashion
genetically than the Ethiopian population. In the last chapter, we introduced higher-
order interactions onto the co-mutation of variable sites. Here, we constructed the
2-order simplices of variable sites by defining the co-mutation frequency between
three variable sites. These 2-order simplices were first filtered through the sta-
tistical score and second through gene-based information. We superimposed the
variable site based 2-order simplices onto genes to finally realize the gene sim-
plices. In the mitochondrial genome, ~10% higher-order interactions were found
to be true simplices. In terms of vertex degree, these 2-order simplices captured
distinct haplogroups in different altitude populations. In low-altitude, it captures M-
haplogroup, in middle altitude, C-haplogroup, and in high-altitude, K haplogroup.
Moreover, codon-based simplices provided evidence about the codon bias and con-
servation of codon usage throughout the mitochondrial genome for all the altitude
groups. Based on gene simplices, we found that in the lower altitude group, ATP6

and ND genes, in the middle altitude group, COI and ND5 genes, and in the high
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altitude group, CYB and NDS5 genes are predominantly forming higher-order sim-
plices. The analysis presented in here can be extended further to generalize all
the higher orders rather than just 2-orders to get further insights into higher-order
interactions and to identify the simplices-based communities in the mitochondrial

genome.
5.2 Future scope

The present work mainly focuses on mitochondrial genomes to construct the con-
nected, unweighted, and undirected networks. Complex systems, like the one we
described here in the form of mitochondrial genomic variable sites, are studied un-
der the framework of networks, and their applications have been narrated by many
experimental-based biological studies. With the advancement of biological data
generation with more preciseness and accuracy, many aspects of metadata are pre-
sented with the opportunity to analyze and model them in context to networks. The
multidimensional depth of network science has been employed to bring together
multifaceted ‘omics’ data and experimental observations to provide a wholesome
picture of the biological aspects. However, with the growing inclusiveness of inter-
disciplinary fields, there is a broad horizon to analyze the data by developing new
methodologies and models. The present work can be further extended by including

much more sophisticated and curated metadata in process and downstream analysis.

* For the network construction methods, we have mainly focused on the pres-
ence of the variable sites and their minor allele frequency. It would be in-
teresting to include genetically more relevant parameters such as penetrance
and expressivity. By doing so, the genotype and phenotype relation would
become accessible for statistical analysis through networks. Recently, sim-
plified tools were presented to calculate the penetrance of SNPs. The expres-
sivity is, however, more of a qualitative phenomenon, it can be quantified
on a gradient scale. The co-mutations presented in this thesis were filtered
through a frequency threshold, and hence, the resulting networks can have

different sizes and structural properties. Since the frequency threshold is a
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physical parameter, it results in statistically significant interactions. How-
ever, including the information on penetrance and expressivity at the genetic

level of networks would be an organic extension of the whole analysis.

* Through the whole genome-based association studies, it has become possi-
ble to identify SNPs associated with any altered phenotypes. However, many
variants susceptible to complex diseases remain unaccounted for. The genetic
variants that are left out in most statistically powered association studies are
believed to be major contributors to the missing heritability of many char-
acters. Some low-frequency variants and rare variants might substantially
affect the manifestation of phenotype individually or in combination. Natu-
rally, considering the rare and very rare variants for the network construction
could lead to a higher degree of noise in the network, which can be subjected
to selective threshold filtration. Along with the information on the frequency
of these variants, linkage disequilibrium, genotype certainty, and annotation
of clinical and phenotypic consequences should also be considered in the net-

work analysis.

* The gene regulatory networks and co-expression networks are well-studied
networks in the context of the regulation and expression of genes for one
or multiple developmental stages of an organism/cell. These networks are
heavily dependent on the information curated from the experimental studies.
Similarly, the gene-gene interaction networks analyzed in this thesis provide
the opportunity to represent the interaction of genes based on variant infor-
mation. The merit of these networks is that they indirectly depend on pri-
mary data supplied along with sequences. In biological systems, activities
are specified spatially and temporally. The changes observed with time in
cellular activities bring the dynamics to the scenario. It would be interest-
ing to study the co-mutation-based weighted gene-gene interaction networks
through a dynamical model with the understanding of the dynamic expression

of given genes. Dynamical models present opportunities to subject the bio-
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logical information through rigorous numerical simulations to assist molecu-

lar biologists in designing further experiments.
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