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ABSTRACT

This thesis proposes a framework for analyzing large, high-dimensional
genotypic data which has irregular cluster pattern. Different types of hierarchical
trees are exploited for solving a clustering problem in population structure
analysis. The algorithms provide an estimated number of clusters, individual
assignments, and relationship among individuals simultaneously as outputs. The
first part of the thesis improves the individual assignment accuracy of an existing
iterative principal component analysis method using Ward’s minimum variance
hierarchical tree as its clustering module. Moreover, the effect of dimensional
reduction by way of an informative feature selection process has been
investigated. The later part of this thesis develops a new iterative algorithm for
data clustering using neighbor-joining tree, which is a hierarchical tree used to
explain genetic relationships among subpopulations. Two cluster homogeneity
measures have been proposed. One measure is based on the topological pattern
of the neighbor-joining tree, where as the other measures the difference of the
fixation index values at successive iterations. The performance of both algorithms
in analyzing population structures are tested using simulated datasets and real
datasets from bovine, sheep, and human populations. The result illustrates good
clustering performance in terms of the estimated number of clusters and

individual assignments, and is agreeable to the intrinsic genetic relationship.
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Chapter 1

Introduction

1.1 Motivation

At present, information technology has been applied to many research
problems. In biology and medicine, there are many applications adopting computer
technology in the fields called bioinformatics, which consolidates theory of
computation, information technology, biology, and medicine in order to solve the
problems such as finding the causes of genetic disease, identifying a person from
forensic science, retina scanning in security systems, and so on.

One data analysis tool for bioinformatics that is widely adopted is data
clustering. Data clustering has been used to discover life ancestry, find pattemns of
any organisms, speculate disease factors of organisms on gene pool, to name a few.
However, using data clustering on genetic data is challenging, for clusters of
genotypic data have complex structure and arbitrary shape. These reasons motivate
us to investigate how to identify complex structure and obscure shape of genotypic
clusters by developing new methods of graph-based data clustering. According to
graph theory, there is an important advantage for using a graph on genotypic data
clustering. The graph converts the clustering problem to graph partitioning problems
[1-2], which does not concern about the shape of the clusters. That means using
graph for clustering can cope with clusters of arbitrary shapes. Hence, the results of
graph clustering should be better than the traditional model-based clustering
method.

The most widely used graph-based clustering approach is the hierarchical
clustering [3], which is more accurate than other methods [4]. Even if it requires large
computational cost, the method is favorable because accuracy is the most important

factor in genotypic data clustering discovery.



Therefore, we adopt a hierarchical clustering method for improving one of the
high-dimensional genotypic data clustering framework called ipPCA [5-6], which have
many advantages but suffers from individual assignment errors. In addition, we utilize
a neighbor-joining tree [7-8], which is one of the hierarchical trees that is dedicated
for representing relationships among individuals, but has not been used directly for
clustering. The proposed algorithm is called iNJclust. It is desirable to develop a
framework that can come up with an estimated number of clusters, individual
assignments, and relationships among clusters simultaneously and efficiently.
Because the framework is to be used with biological models, the results should
correspond to real biological profiles of populations.

The unknown parameters related to the genotypic data clustering problems
can be classified into four parts as follows.

1) Number of clusters

In data clustering, we want to know how many clusters there are within a
given dataset. We may categorize the clustering algorithms into two types. For
supervised clustering algorithms, a number of clusters must be known before hand.
In contrast, unsupervised clustering algorithms are able to estimate a number of
clusters from a model or some conditional criteria. In this research, we focus our
study on the class of unsupervised clustering algorithms.

2) Individual assignments

After the number of clusters is known, the next step of data clustering is to
assign an individual into an appropriate cluster. Usually the individual assignment
depends on rigorous models or criteria which cause mistakes when the method
encounters an arbitrary shape cluster that does not follow the correct model. In
contrast, the graph clustering method is able to handle the arbitrary shape problem;
it is also highly flexible for solving the complex structure of data.

3) Eeatures of each cluster

An interesting aspect of data clustering is to identify the prominent features

of each cluster. It is an important factor that can answer many problems. For



example, if some genes found can distinguish a disease cluster from a normal cluster,
the cause of that disease will be discovered. Obviously, there are many benefits if
we can find the cluster features.

4) Relationships among clusters

The evolution study relies on the knowledge of relationships among clusters.
It may be used to infer ancestry of each individual, immigration patterns of animal, or
history of human settlement. The relationships in data clustering is proportional to

the distances among clusters

1.2 Objective

The objective of this research is to develop efficient data clustering methods
which can handle large, complicated genotype datasets using graph theory. More
specifically, this research is divided into two parts:
1) To address the issue of large individual assignment error found in the Iterative
pruning principal component analysis (ipPCA) framework [5-6]. The hypothesis is that
the fuzzy c-mean algorithm uses as a clustering module within the ipPCA framework
suffers from an arbitrary shape cluster. Thus, using a non model-based approach
such as graph-based clustering should result in an algorithm with better individual
assignments.
2) To, develop a novel graph-based genotypic data clustering framework which,
besides giving an estimate of cluster numbers and provide proper individual

assignments, can also infer relationships among clusters.



1.3 Scope of the Research Work

The theme of this thesis is applying hierarchical tree clustering techniques [3]
to cluster populations within genotypic datasets. In the first part, we adopt Ward’s
hierarchical clustering [9], with the ipPCA framework to improve its clustering results.
We also investigate the use of a feature selection technique originally proposed in
[10] to reduce data dimension and how it may affect the clustering performance. In
the second part, we develop a new iterative clustering framework called iNJclust that
uses a well-known phylogenetic tree called neighbor-joining tree to infer
relationships among individuals. Moreover, we also develop two new measures for
homogeneity determination of populations based on topology pattern and F-statistic,
and provide its mathematical proof.

The algorithms for both parts of the thesis are developed in C++
programming language. Their inputs are the single nucleotide polymorphisms (SNPs)
sequences. The common outputs of the algorithms are an estimated number of
clusters within the dataset and individual assignments. For the iNJclust framework,
relationships among populations are also available in the Newick format, which can
be visualized using Dendrogram.

We use two simulated datasets and four real genotypic datasets from bovine,

sheep, and human datasets to test the efficacy of our algorithms.

1.4 Outline of the Thesis

The thesis is divided into six chapters. The first chapter introduces the
motivation, objective, and the scope of this thesis. In chapter 2, we provide some
necessary background and theory regarding genotypic data clustering and related
topics in order to pave the way for the next chapters.

Chapter 3 introduces the ipPCA framework, its advantages and disadvantages,
system architectures of the improved algorithm using hierarchical clustering, and how

the dimensional reduction is achieved using feature selection.



Chapter 4 is allocated for the details of the iNJclust framework. It contains
related research literature, overall system process, two new measures for cluster
homogeneity used as the stopping criterion of the iterative process, and the
mathematical proof for a homogeneity measure based on a behavior of the fixation
indices.

In chapter 5, we demonstrate the clustering performance of the two
algorithms using both simulated and real datasets. We present our findings of the
effects of using feature selection to reduce data size and also investigate the effects
of evolution times and number of clusters on the value of the proposed
homogeneity measure. The chapter ends with some insightful discussions.

The last chapter is the conclusion of this thesis, its contribution to the

research community, and future works.



Chapter 2

Background

2.1 Genotypic data clustering

2.1.1 Genotypic data

DNA or Deoxyribonucleic acid is a nucleic acid with double helix structure
made up from a sequence of four nucleotides: adenine (A), cytosine (C), guanine (G),
and thymine (T). Different portions of these nucleotides, called genes, represent
genetic information of the organism. Different genes are responsible for different
instructions and genetic traits for the body and are packed in a chromosome. The
same species always has a same number of chromosomes. Usually, parents’
chromosomes which contain ancestry information will be inherited to a descendant
in the next generation. The concept of DNA had been introduced by Johann Friedrich
Miecher iin 1869 but its structure was not found until 1953. James D. Watson and
Francis Crick constructed DNA structure model which gave them the Nobel Prize
award on Physiology or Medicine in 1962.

Single-nucleotide polymorphism or SNP (pronounced snip) is a variety of
nucleotides in a DNA sequence which occurs from a single nucleotide — A, T, C or G
in a position, or a locus, being different between individuals in the same species or
subpopulations. For example, suppose we have two DNA sequences AACTAGC and
AATTAGC, we said there are two alleles of the SNP in this locus. Usually, most SNPs
have only two alleles. The variation which occurs more in nature is called the major
allele, and the variation with less occurrence is the minor allele. Figure 2.1 depicts a

DNA fragment. The SNPs can be seen in Fig. 2.2.



Whole-genome genetic vanation

Ml jmuﬂ
D]

Uity
w@@[ﬁm

l;U

POP1

inv1

inv2

L

invn

Figure 2.1 Fragment of DNA sequence in subpopulations. Red color represents the

SNPs; green color represents other components of the DNA.

Gene

LdNS -

)] (€))] ) (9} 9]
T 2 53
:g w BN (&) Eg =3 @
/I \
’ \
/I \
¢ \
SNP1 SNP2 SNP3 SNP4 SNP5 SNP6 SNP7 SNP8 SNPn

TR N ff_it

AGAGCAGTCGACAGGTATAGCCTACATGAGATCGACATGAGATCGGTAGAGCCGTGAGATCGACATGATAGCC ...

AGAGCCGTCGACATGTATAGTCTACATGAGATCGACATGAGATCGGTAGAGCAGTGAGATCGACATGATAGTC ..
AGAGCAGTCGACAGGTATAGTCTACATGAGATCGACATGAGATCGGTAGAGCCGTGAGATCGACATGATAGCC

AGAGCAGTCGACAGGTATAGCCTACATGAGATCAACATGAGATCGGTAGAGCAGTGAGATCGACATGATAGCC ...
AGAGCCGTCGACATGTATAGCCTACATGAGATCGACATGAGATCGGTAGAGCCGTGAGATCAACATGATAGCC ...
AGAGCCGTCGACATGTATAGCCTACATGAGATCGACATGAGATCGGTAGAGCAGTGAGATCAACATGATAGCC ...

AGAGCCGTCGACAGGTATAGCCTACATGAGATCGACATGAGATCGGTAGAGCAGTGAGATCAACATGATAGTC ...
AGAGCAGTCGACAGGTATAGCCTACATGAGATCGACATGAGATCTGTAGAGCCGTGAGATCGACATGATAGCC ...

L |

Recombination Recombination

Figure 2.2 SNPs on many positions of DNA sequences, shown in red.



According to natural selection theory, SNPs is an adaptation of genetic [11].
Recombination rate and mutation rate can be used to determine a density of SNPs in
a population. This variation of DNA sequence in human genetic corresponds to
disease, chemical reaction, vaccine reaction, and so on, on a human body. Hence,
SNPS contain vital information for human treatment [12].

The SNPs can be categorized into three types: The method for determining
types of SNPs can be defined by counting frequencies of nucleotides that occur in
each column independently. For example, there are 'A' and 'T' nucleotides in column
i. If we found that 'A" more occur frequently than 'T', then we designate 'A' as a
dominant type and 'T" as a recessive type. Therefore, we can assign 'AA' in column i
as a Wild SNP, which is denoted numerically as a zero. 'AT' or 'TA' are called Normal
Type and are denoted by one. And TT' is a mutant type denoted by two. Similarly,
in the other column of SNPs, if 'G' occurs more frequently than ‘C’, 'G' can be
determined as a dominant type and ‘C’ as a recessive type. We define a SNPs matrix
as X, , which consists of M individuals and L SNPs. It is accepted that for
different populations the SNP sequences are different. For the same population, the
allele frequency is supposed to be the same. In this research we cluster data using
the SNPs of populations in dataset. Before clustering, we convert the SNPs sequence
into a numerical vector (Fig. 2.3). The missing data portion will be assigned as minus
one.

2.1.2 Classes of clustering algorithm

We can categorize clustering algorithms into two classes as follows:

1. Supervised clustering, sometimes called parametric method, is a
class of clustering algorithms in which the number of cluster, n, must be known.
Examples of algorithms in this class are K-means algorithm [13], Fuzzy c-means

algorithm [14], EM clustering [15], self-organized mapping [16].
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Figure 2.3 Numerical encoding of SNPs sequences.
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2. Unsupervised clustering or non-parametric method is a clustering

approach that is able to estimate a cluster number using some criteria. It is more

useful than the supervised clustering algorithms because in real circumstances we

do not know the cluster number in a dataset. The algorithms in this type are for

example AWclust [17] and ipPCA [5].

Alternatively, we can classify clustering algorithms using a manner of

algorithm results, as shown on Fig. 2.4 [4].

clustering
1
1 1
Hierarchical Partitional
1
1 1 L 1
: €2 Graph Mixture
Agglomerative Divisive Square Error Theoretlc Resolving

Figure 2.4 Types of clustering approaches (modified from [4]).
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(i) Hierarchical clustering is a clustering method which produces a series of
clusters. Individual assignment results are reported in the form of the final
hierarchical structure. The benefit of this approach is that a user can choose a
number of clusters by cutting a hierarchical tree at the desired level of clusters.
Hierarchical clustering is a graph clustering method. It inherits an advantage of graph
clustering, so it is capable of clustering on arbitrary shape effectively. Since the
method is able to determine multilevel of clusters, we can exploit more information
for clustering than other graph-theoretic [18] approaches. However, this method
consumes a lot of computational cost to process since it is an NP-Hard problem [18].
The algorithms in this class are single link, complete link, and so on.

(ii) Partitional clustering is a clustering approach which produces only one
result. Any results of individual assignment are reported on a set of clusters. The
advantage of this approach is low computational cost (lower than hierarchical
clustering) in a large dataset. The method attempts to divide a dataset into partitions
by optimizing some criterion, e.g. square error, likelihood function, and so on. The
algorithms in the category are K-means, Fuzzy c-means, expectation-maximization,
and so on.

2.1.3 Data clustering process

Process for genotypic data clustering can be summarized in Fig. 2.5. Each
individual is input to the system as a numerical sequence. The first step of data
clustering is data pre-processing. It attempts to prepare raw data into appropriate
form before data clustering process, e.g. data normalization, feature selection, noise
filtering, etc. After data pre-processing have been done, the data clustering module
will be activated. In traditional clustering, only the number of clusters and individuals

assignment will be reported.

‘ Number of clusters
Data sequences Data pre processing =3 Data clustering and
individuals assignement

Figure 2.5 Data clustering process
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2.2 Principal component analysis (PCA)

After we encoded SNP sequences to numerical vectors, the next step is to
convert the vectors to a new domain to increases the clustering performance. The
most widely used method is principal component analysis (PCA), which is proposed
by Karl Pearson in 1901 [19]. PCA projects the data points into a subspace according
to their similarities. The numerical vectors projected onto a principal component
vectors that are more tend to be close. Figure 2.6 demonstrates this technique,
where only the first two principal components are shown. PCA is found to be

efficient for increasing the clustering performance.
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Figure 2.6 Projection of data points onto the first two principal components.

Suppose data matrix X has M individuals by L SNP dimensions. Singular
value decomposition (SVD) of X is employed for calculating the principal
components,

X, =USV® (2.1).
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Where U is a covariance matrix of the rows of X, S is a diagonal matrix
containing the eigenvalues of X', and ¥ is a covariance matrix of X ’s columns.
Sometime, L can be tremendously larger than M, preventing us to compute (2.1)

directly. In this case we compute the principal components using

(XX’)  =UsU” ( 2.2).

Mx

Suppose r =rank(XX") we can delete the zero elements to reduce the
dimensions of § to S’ which is rxr. We can reduce U’ ’s dimension from M xM
to rxM . Then the result is U"".

v =85"UTXx (2.3)

rxL

YMxr = XV’ (24)

Finally, we use Y for data clustering in the next step. In fact, ¥ contains M
individuals with » features that clustering method can group data by determining

distances among individuals from their features.

2.3 Similarity measurements on genotypic data

2.3.1 Euclidean distance

This method is widely used for measuring distance between a pair of vectors [4].
L

d(@,v)y=,[> u,—-v,y (2.5)
i=l

Where# and v are L-dimensional vectors.

:2.3.2 Allele-sharing distance

The method is an effort to use the Manhattan distance for measuring
distance between SNP sequences by counting the number of allele dissimilarity

between the two SNP sequences.
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L
4@, =7 S| (26)
i=1

In bioinformatics, a dissimilarity matrix calculated from the allele sharing

distances is called an “Allele sharing distance matrix” or an ASD matrix [20].

2.3.3 F-statistic

Hardy-Weinberg equilibrium of two allele
~=~{(p)=p(1-p) [Aal —f(p)=p® [AA] ~(p)=(1-p)” [aal]

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure 2.7 Hardy-Weinberg equilibrium of two allele which relates allele frequency

(horizontal axis) to genotype frequency (vertical axis).

According to population genetics, F-statistic [21] is adopted for statistic
computation regarding heterozygosity of clusters. This approach relies on the Hardy-
Weinberg principle [22]. The Hardy-Weinberg principle on Fig. 2.7 illustrates the

relationship between allele frequency and genotype frequency. The solid line
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represents homogeneous wild type allele, the dashed line is normal type, and the
dotted line is mutant type. According to Fig. 2.7, if we found a lot of wild types, then
we found fewer mutant type, and vice versa. The factor used to measure a genetic
distance related to the ratio of subpopulations and total individuals is called a
“Fixation index” or Fg;, [23]. To calculate the value of Fy;, we have to determine
the related factors as follows. Let p be an allele frequency of dominant gene or the
probability of finding the dominant gene; g is an allele frequency of the recessive
gene or the probability of finding the recessive gene, and mis a number of
individuals in a population. The p and ¢ can be calculated using the following

equations:

_ 2xCount(WildTypeSNPs) + Count(NormalTypeSNPs) 2.7)
p - 1),

The next step is to calculate local observed heterozygosity (probability of normal

type SNPs from observation).

H - Count(NormalTypeSNPs)

obs

(2.9)

m

Then, we calculate the local expected heterozygosity, or gene diversity, of each
subpopulation.

2
H,, =1-(p"+4%) (2.10)

Let p be an average dominant gene allele frequency of the entire subpopulations
(slobal probability of finding dominant gene on the whole dataset) and 7 is an
average recessive gene allele frequency of the entire subpopulations (global

probability of finding recessive gene on the whole dataset).
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> (pm)
p=-— (2.11)

Z m;

i=]

|
3

(2.12)
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il
|

|

where n is a number of clusters, m; is a number of members in the i cluster, and

p; is a dominant allele frequency of the i cluster. Actually, for a SNPs matrix X MxL

consists of M individuals and L SNPs, we have Zm,. =M. The next step is to

i=l

calculate the global heterozygosities indices (over Individuals, Subpopulations and

Total population).

n

Z(Hab:)i xmi
Hy=i (2.13)

n

Hy=2 (2.19)

H,=2xpq (2.15)
H, is based on observed heterozygosities in M individuals in n subpopulations,
Hy is based on expected heterozygosities in subpopulations, and H, is based on

expected heterozygosities for the total population.

Finally,

(2.16)
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Fy = HTI;HS (2.17)
T

-t 219
T

Fy is a correlation between each individual and subpopulations, Fy; is a
correlation between subpopulations and all individuals, and F}, relates each
individual to all other individuals. For X, ; SNPs matrix which consists of M
individuals and L columns of SNPs, we will have Fg, for each SNPs column. It
means that we have L Fg values for X,,,, . In this thesis, we use an average value

of Fg. for determining homogeneity of cluster in chapter 4.

2.4 Graph theory for data clustering

2.4.1 Basic concept of graph and tree

Undirected graph

G=(V,E) e Vi={vi, v 3, Vy, Vs}
> EIm{e"!: 921: 631, e.;l, 351, 861}

Directed graph

V2:{u1’ Uy, Us, Uy, 115}
e 2 2 2 2 2
Elm{el 782 » 6321 e, e5 » 86 }

Figure 2.8 Example of undirected graph and directed graph.
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® A Graph Gis a pair of sets G(V,E) where V ={y,,...,v,} is a set of vertices
or nodes and E={e,...,e,}is a set of edges, representing relationships,
distances or paths between pairs of nodes. Two nodes that are connected to
the same edge are called endpoints of that edge. In graph theory, there are
two kinds of graph classified by direction on edges: directed and undirected
graph. In directed graph, each edge of graph has a single direction and can
traverse only one way. On the other hand, there is no direction in undirected
graph. Hence, we can traverse between two nodes that are connected
together in all directions. There are some graphs that have weights on their
edges and others with no weight. The weight of a graph can be real number
R.
For example, in Fig. 2.8, G, is an undirected graph, so all of its nodes,
such asv, and v,can traverse two directions on only one edge: e, while G,
is a directed graph, so nodes, such asv, and v,can traverse only one
direction from v, to v, using edge e/. A loop of graph is an edge which is
connected at the same node, such ase} on graph G,. When two nodes are
linked together by the same edge, it is called an adjacent node. Sometimes,
there are many edges that have the same endpoints, called multiple edges.
A simple graph is a graph which has no loop and no multiple edges;
otherwise it is called a complex graph. A path is a simple graph which uses
a set of nodes to traverse from a begin node to an end node. If we can
traverse from v, to v, then we have a path v;,v;-path. A cycle is a path
which begins and ends on the same node, such as thev, cycle in Fig 2.8. We
can traverse from v,to v;and then from v;to v, and come back to v,. A
subgraph G;(V;,E,) is a subset of graph G, if and only if a set of nodes
V; <V and aset of edgesE; C E,. A walk is a list of nodes and edges used
to traverse from a begin node to an end node. For example, the walk from
u, to u; on a directed graph G,in Fig. 2.8 is u,,e7,u,,€.,u,,e.,u;. A trial is a
walk without repeated edge on the list. If a trial or a walk has the same first
and last nodes on the list, then it is called a circuit. A degree of node is a

number of edges that are connected to the node. A graph is connected if

76509
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every nodes on G has at least one edge connected to it. Otherwise it is

disconnected.

Adjacent matrix of graph G,

=

Directed graph

={u,, m, ", 114, u,—}

J
ﬁ
Ej~lefer e e 2 e o)

Figure 2.9 Adjacency matrix of graph Gz.

In addition to graph diagram representation, we can represent a graph
using a matrix called an adjacency matrix (Fig. 2.9). An element in row i and
column j of the matrix is a status of connection between node i and node j;
it will be one if these nodes are connected together. Otherwise it will be
zero. The adjacency matrix is always a square matrix. In a weighted graph, an
adjacency matrix element can be a weight of edge that connects the pair of

nodes on the graph.

® A tree is an undirected simple graph without any cycle in it. In Fig. 2.10, 7, is
not a tree because it has one cycle, while T, and T, are trees. In a tree, there
are many kinds of nodes that can be defined as follows. A root is a node
which is designated as a begin node of traverse. A leave node is a terminal
node, which has only one degree. If a node is neither a root nor a leave

node, then it is called an internal node. Classes of tree can be determined
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as a rooted tree if there is a root node assigned on it, otherwise it is an

unrooted tree

Figure 2.10 Trees and a non-tree graph.

A high level on a tree is defined by how far the node is from its root.
The root itself has a high level zero. The nodes that connect to the root
directly have high level one. Naturally, the nodes that connect to high level
one have high level two. Hence, we can infer that any nodes connected to a
node with high level N has high level N+1. If there are two nodes connected
together, the node that has higher level is called a child node and the node
with lower level is called parent node. A root is a node with no parent and a
leave is a node with no child. An example of a tree with these definitions is

depicted in Fig. 2.11. All nodes have only one parent except a root.

Aroot node
High level 0

High level 1 Q

High level 2

T
Leave nodes

Figure 2.11 Anatomy of a rooted tree.
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Furthermore, we can rooted trees from the number of its child nodes. If all
parent nodes have less than two child nodes, the tree is called a binary tree.

2.4.2 Graph-based data clustering on genotypic data

Fuzzy cmeans

Minimum spanning tree

...3 ., AL A A‘k“f:‘: Aa
LY\ ﬂ: ﬂ LX) ﬂ:

®

®

O RRA L (4, Q0%
oo A A ® .AA

% r LY
St [Alaa a2
'..A AA‘

(b)

A Cluster 1 . Cluster 2

Figure 2.12 Results of data clustering using fuzzy c-means (left)

and minimum spanning tree (right).

According to genotypic data clustering problem, we encounter arbitrary
shape, complex structure, and various patterns of clusters. These problems cause a
model-based method which assumes particular cluster shape to suffer from model
mismatch. For example, a fuzzy c-mean algorithm which assumes circular cluster
shape cannot separate data points from two clusters that form inner and outer rings
(see Fig. 2.12). From this situation, the graph theory, which is able to tackle arbitrary
shape of clusters efficiently, is adopted for clustering genetic data. The graph theory
converts clustering problem to graph partitioning problem, which does not depend
on a shape of clusters. It concentrates only on graph topology [1-2]. Because of this,
graph is more fixable than traditional model-based method in data clustering.
Results of model-based vs. graph-based clustering methods are shown in Fig. 2.12.
In this section, we introduce some graph-based methods used in genotypic data

clustering.
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2.4.3 Minimum spanning tree

This method is introduced in [2] for a clustering of gene expression. All
individuals are converted to nodes on a tree and their distances are constructed
using minimum spanning tree (MST) algorithm. The minimum spanning tree is
introduced by Otakar Bortivka in 1926. It is a tree which has a minimum weight from
all possible spanning trees. At present, commonly used methods utilizing MST are

Prim's algorithm [24] and Kruskal's algorithm [25] which are greedy algorithms.

*—o .O o—e ‘,.

Step1 Step 2

o’

Step3 Step 4

Figure 2.13 Steps of Kruskal's tree construction.

The first step of Kruskal's tree construction begins by finding a closest pair of
nodes and combining them together. In the second step, other paths among merged
nodes are eliminated and the most minimum path is kept. The process continues
until all nodes are merged into the tree. The steps of Kruskal's algorithm are
depicted on Fig. 2.13. An example of an MST is illustrated in Fig. 2.14.

After the minimum spanning tree is constructed, the next step of data
clustering is to find the cutting point. Traditional method uses an edge with the

longest weight as the cutting point. This method also has a higher precision of
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clustering than other non-graph methods [1]. Although it works well in genetic

clustering [2], computation cost of this method is so high that we should be aware.

i o N

{a) {®)

Figure 2.14 Example of an MST. (a) Node of all individuals in the initial state. (b)

The MST After construction (modified from [1]).

2.4.4 Hierarchical clustering

A widely used method of genotypic data clustering is hierarchical clustering [3].
It contains a series of clusters in a hierarchical tree structure (see Fig. 2.15 for
example). Actually, a hierarchical tree can be determined as a likely MST which has
multi-level of clusters. In fact, a hierarchical tree is not a real MST because it always
create a new node to represent merged nodes, while MST does not. A well-known
tool for visualizing a hierarchical tree is the Dendrogram [18]. A group of leave nodes
in the sub-tree represents a sub-cluster. The method of tree construction can be
categorized into two types: bottom-up method and top-down method [18].

in bottom-up method, the initial state starts with all of the nodes as clusters.
The second step, the nearest nodes will be merged together to form a new node by
determining the cost value (distance), which is viewed as a parent node of the two
merged nodes. The distance of the new parent node to all other nodes will be
calculated. The process continues by repeating the second step until all of nodes

are merged into the tree. The steps of tree construction is depicted in Fig. 2.16.
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Figure 2.15 Example of a hierarchical tree from a bovine dataset.

Costvalue Costvalue
Step1 Step 2

Costvalue Costvalue
Step 3 Step4d

Figure 2.16 Steps of hierarchical tree construction using bottom-up method.
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Common bottom-up method are single-link method [4], which chooses a
distance between clusters by the minimum distance between each member of
clusters, and complete-link method, which chooses a distance between clusters by
the maximum distance between each member of clusters. Sometimes the distance
among clusters can be calculated using the mean, mode, or other statistical
distances. In contrast, the top-down method begins with one node and the next
step is to divide the nodes into two sub-nodes. The process continues dividing until
a stopping criterion is satisfied or only single individuals are left within a node.

In hierarchical clustering we also attempt to find the cutting point. The
traditional method of finding the cutting point is to cut from the level of hierarchy of
the tree or to use the longest edge for cutting. We used hierarchical tree for

improving the clustering algorithm in Chapter 3.

2.4.5 Neighbor joining tree

Phylogenetic tree is used in almost every biological fields for representing
relationships among individuals, species, genes, histories of populations, evolutionary
links, and so on {26]. The most widely used phylogenetic tree is the Neighbor joining
tree [7] or NJ tree, which approximates relationship among genetic data from its
distance matrix [26]. It requires only a dissimilarity matrix for construction, so it has a
fast computational speed [26]. In fact, the NJ tree is simply a subset of hierarchical
tree constructed with a bottom-up method. Instead of choosing the closest nodes
for merging first, NJ tree uses a minimum evolution criterion or the Q-criterion [8] as a
cost function to choose the pair of nodes which has the minimum Q(, j) value

according to the equation

0G, j)=(r -2 ¥, )~ 3 d(i, k) —2 dj, k) (2.19)
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where d(e,®) is a dissimilarity value between node i and node j. In this research, we
use the ASD matrix as our dissimilarity matrix. The variable r is a number of
individuals which have yet been merged onto the tree. The process chooses the pair
of nodes which produces the minimum value of Q(, j)for merging. After choosing
the pair of nodes, the next step is to calculate a distance between the selected

nodes and their new parent node using

l l r r
d(f) =5 d(f8)+ 5 [Z d(f.k) —gld(g,k)] (220)

Here f and g are selected nodes and u is a new parent node of fand g. d(, )
is the Fitch-Margoliash distance between node i and j. Figure 2.17 illustrates this
process. Then, distance from node u to all other non-selected nodes % is calculated

by the equation

(k) =~[d(f, )~ d(f )]+ ~[d(g,k)~d(g,u)] (2.21)
2 2

0%~
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Step 1: initial tree Step 2: the tree after 1%t iteration of
neighbor joining

Figure 2.17 The NJ tree construction process.
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The process repeats to choose a new pair of nodes until no non-selected
nodes is left. The minimum evolution criterion hypothesis is to construct the
minimum weight tree, which believes to be an approximation of a true tree.
Furthermore, the NJ tree is a phylogenetic tree with hierarchical characteristic, making
it easier to visualize and represent a highly complex spatial structure than traditional
clustering-based methods [27]. This inspires us to use the NJ tree to develop the

iNJclust algorithm in Chapter 4.

2.5 Clustering accuracy measurement using F-measure

One way to investigate the cluster accuracy of a clustering algorithm is to
compare the clustering results to known-genetic labels of each individual within the
dataset. If the clustering results are more similar to known-genetic labels, it means
the clustering method has more accuracy. We adopt an F-measure [28] for comparing
the results of clustering algorithm to known-genetic labels.

Given dataset @, we denote ¢, ={¢;,¢;,¢;,...,¢L} as a set of known labels
with @ clusters and ¢, ={¢,2,¢22,¢32,...,¢/2,} as the clustering results of an algorithm
of interest with £ clusters. Depending on the algorithm, B may not equal a. The

similarity between a set of clusters ¢, and @, can be calculated by

letogf
« | =
K(¢p¢2)=;l%llmaxj ¢:m¢;”'+ (:;,-'ﬁwf (2.22)
e e

Where |o| represents number of members in a set and |g| is a total number of
individuals within the dataset. The F-measure value ranges from zero to one. The

larger value of F-measure means more similarity between ¢, and ¢, . If an F-measure
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value of one clustering algorithm is larger than others, then that algorithm has more

clustering accuracy.
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Chapter 3

Improved iterative pruning

principal component analysis

3.1 Introduction
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Figure 3.1 Iterations of PCA on subsets of data samples.

Various unsupervised clustering methods have been applied to genetic data
to infer hidden characteristics such as population structures, ancestry information, or
number of relationships between clusters of individuals. One unsupervised clustering
framework, which has originally been proposed for detecting population structure in
large, complex genotypic datasets, is the iterative pruning principal component
analysis or ipPCA [5]. It performs PCA iteratively on subsets of data samples and
clusters them using the fuzzy c-mean algorithm (Fig. 3.1). In contrast to other
classical techniques where the number of clusters is needed a priori, the framework

gives an estimated number of clusters and individual assignments as outputs.
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Although ipPCA is robust when dealing with closely-related clusters that may
appear conglomerate and gives reasonable individual assignments, the estimated
number of clusters is not accurate. This is due to the use of the Tracy-Widom
statistic [29] to identify the stopping point in the iterative process. Subsequently, the
second algorithm in the ipPCA framework called EigenDev-ipPCA has been proposed
[6], which uses a new stopping criterion called EigenDev. It has been shown to
produce better estimates of the number of clusters. Nevertheless, the errors in
individual assighments remain. We suspect that these errors originate mainly from
the choice of the clustering algorithm. This motivates us to improve the quality of
individual assignments in the ipPCA framework by modifying its clustering technique.

In this chapter we introduce the hierarchical clustering concept from graph
theory into the ipPCA framework. In addition, we have adopted an unsupervised
feature selection method from [10] for reducing the data dimension in order to
improve the computational efficiency of our algorithm. To assess the performance of
the proposed algorithm, we apply it to bovine and sheep genotype datasets. The
evaluation of results in terms of individual assignment errors and cluster quality is

presented in Chapter 5.

3.2 Method

Figure 3.2 depicts the improved ipPCA framework, where the proposed
modifications are highlighted in gray boxes. In the original ipPCA [5], [6], the data
sequences are projected onto the PCA subspace, then clustered using fuzzy c-mean.
The process iterates until the stopping criterion is reached. For our improvements,
the data vectors first enter the feature selection step, where the data dimension is
reduced. Then the data is projected onto the principal component axes before
clustering. The proposed clustering method is the hierarchical clustering [3], hence
we termed the modified algorithm HiClust-ipPCA to emphasize the new
incorporated technique. The details of the modified framework including our

proposed changes are given below.
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Figure 3.2 Diagram of the proposed HiClust-ipPCA algorithm.

3.2.1 PCA-based feature selection

Given an N-dimensional data vector from M individuals genotyped at L SNPs,
we concatenate all data vectors to form an M xL data matrix X as the input.
Typically, M <<L . We adopt [10] as a method for reducing data dimension,
keeping only dimensions with the most amount of information. Our hypothesis is

that by keeping the SNPs that contains essential information, the clustering results

should remain the same (Fig. 3.3).
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Figure 3.3 Hypothesis for reducing SNPs using feature selection.

This feature selection technique is based on the principal component
analysis, thus it is readily compatible with the ipPCA framework. The informative rank

of the data matrix X can be computed from the singular value decomposition,

X =USV". (3.1)

The importance score P(j),j = 1,...,N of the j* data dimension is
obtained by summing the j” component of the right singular vectors from all

individuals,

P()=3 V(i) ( 3.2)

i=0

The larger the value of P(j), the more significant that dimension is. We rank P(j)
and choose only the first ¢ informative dimensions. Therefore, the data matrix X is
reduced to X x> Where g< L. In the next step, X is projected onto its principal
components. The homogeneity of these projected data points are determined using

an EigenDev measure from [6],

M
EigenDev = \/ﬁ > (log(67)~log(c?)) (3.3)
i=]

log(6?) = log(0?) + (i -1)( log(0 ”)1 :11°g("‘ )J (3.4)
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and o’ i=1,..,M are the M eigenvalues of XX” ranked in descending order. If
the EigenDev value exceeds a user defined threshold, the data points are considered
coming from more than one cluster and we proceed to the hierarchical clustering
step. Otherwise, the cluster is considered homogeneous and the algorithm

terminates.

3.2.2 Graph-theoretic hierarchical clustering

e
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Figure 3.4 Conversion of data from principal component space to hierarchical tree.

We choose to use hierarchical tree [3] (Figure 3.4) for clustering genetic data.
The typical method in hierarchical clustering is cutting the tree edges from top down
to separate the nodes into a desired number of clusters. Example of tree cutting is
shown in Fig. 3.5. Five nodes A, B, C, D, and E are used to form a hierarchical tree.
The branch labeled W, is cut, splitting the tree into two clusters C, ={4,B,C} and
C,={D,E}.
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W((ab)C)(de)

Wi
o C,={AB,C}
wWX  ClDB

Figure 3.5 An example of clustering by cutting on hierarchical tree.

The top-down tree cutting does not make biological sense because the order
in which the nodes are combined does not always translate to the actual genetic
distance between clusters. The number of clusters n also needs to be known. We
eliminate the need for n by folding the hierarchical tree into the iterative process,
using Ward’s Minimum-variance [9] as a measure for genetic distance between
clusters. The distance of Ward’s minimum variance method is the ANOVA sum of

squares between pair of clusters from Y,, in Eq. 2.4,

-wl

Y

where ¥, and y, represent means of cluster @ and band m,and m, represent the

(3.5)

numbers of individuals within the clusters, respectively. After we construct the
hierarchical tree, we cluster by cutting the edge between two nodes with largest
distance W,,, splitting the tree into 2 sub trees. To avoid the effect from outliers, the
nodes which have less than 10% of the total number of individuals are excluded

from consideration.

3.3 The HiClust-ipPCA Algorithm implementation
The HiClust-ipPCA algorithm is implemented in C++ language using Numerical
Recipes [30] and Lapack++ [31] libraries on a Intel(R) Core(TM) i5-2500K CPU 3.30 GHz

PC with 16 GB RAM. There are versions of the algorithm for both Windows and UNIX
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operating systems. The system architecture design of the HiClust-ipPCA algorithm in

Figure 3.6 can be divided into the following parts.

Main is a center connection to gain user inputs from command line or graphic
user interface. It uses CIOManagement object so that the system can manage
inputs, outputs, and other processes together.

ClOManagement is a class for system management. It connects to every parts
of the system: input part, output part, and process parts, while the system is
processing. A configuration file is parsed in order to obtain parameters of

framework by this class. Afterwards, the other parts of the system will receive

‘the parameters.

CMatrixIO is a class which fetches input file for converting it to matrix variable,
and vice versa.

CipPCA is a central class of the ipPCA framework. Its purposes are to run
iteration of process and to call related functions that are essential for
processing the tasks.

CClustering is a class which runs PCA transformation parts, analyzes
homogeneity of clusters using EigenDev, splits data into new clusters, and pares
ordered tree into Newick format to be displayed by other software, such as
Dendroscope.

CMSTClust is a class which constructs the hierarchical tree. It calls functions
regarding tree building and discriminates subclusters within the tree.
CPCACorrelated is a class which is used for feature selection using PCA
information from an input.

CComputinglLIB is a class library used for all calculation within the framework,
such as matrix operation, similarity measurement, and so on. It communicates
with C++ standard library so that framework can use necessary classes, such as
string, vector, and basic mathematic operations. Moreover, this library also

connects to LAPACK++, which calculates matrix operations.
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Figure 3.6 System architecture design of The HiClust-ipPCA algorithm.

Portions of the work in Chapter 3 and 5 is ©2012 IEEE. Reprinted with permission from Amornbunchornvej C.,
Limpiti T., Assawamakin A., Intarapanich A., and Tongsima S., "Improved iterative pruning principal component
analysis with Graph-theoretic hierarchical clustering"”, Proceeding of the 9th International Conference on Electrical
Engineering/Electronics, Computer, Telecommunications and Information Technology (ECTI-CON), pp.1-4,
Phetchaburi, Thailand.
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Chapter 4

Iterative neighbor-joining tree clustering

4.1 Introduction
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Figure 4.1 A phylogenetic tree of human.

In genetic data clustering problems, we often encounter clusters that cannot
be differentiated correctly and efficiently using model-based methods due to their
arbitrary shapes and minimal characteristic variations. An alternative approach is to
convert the clustering problem into a graph partitioning problem. Data points are
viewed as leaf nodes on a graph, the pattern of clusters as graph topology. Graph
partitioning is performed by selectively cutting the graph edges until a desired
number of clusters is achieved. Thus, it is independent of any assumptions on cluster
shapes and is found to work reasonably well as a clustering method [1, 2].

A key problem with many graph clustering methods in genetics, e.g,

hierarchical tree clustering [3] is that the edge lengths on the graph do not translate
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to actual genetic relationships among individuals. These relationships can be inferred
in phylogenetic trees (see Fig. 4.1). One well-known tree is Neighbor-joining (NJ) tree
[8], which is constructed from a distance matrix of a data. The edge lengths on an NJ
tree are proportional to genetic distances between the tree nodes. Surprisingly, the
NJ tree has been utilized only in interpreting genetic relationships, but not for the
clustering problems.

The distinct advantages of graph partitioning and NJ tree inspire us to develop
a new framework for genotypic data clustering by combining the power of the two-
using graph partitioning on an NJ tree. This enables us to cluster complex patterns
according to the similarities of their genetic codes. We design an iterative scheme
similar to [5, 6] and HiClust-ipPCA in Chapter 3. Besides increasing the algorithm’s
ability to differentiate closely related clusters, the iterative process allows automatic
correction of the NJ tree topologies. The resulting clustering algorithm is termed
iterative Neighbor-Joining tree clustering or iNJclust. The investigation of the
performance of the iNJclust algorithm using two simulated datasets and three large,
highly complex genotypic datasets from human, sheep, and bovine are reported in

Chapter 5.

4.2 Method

The system flowchart of the proposed algorithm is depicted in Fig. 4.2. Similar
to the set up in Chapter 3, the SNP sequences of M individuals forms the input
matrix X of the iNJclust algorithm. Each row vector x,,i=1,...,Mis genotyped from
L loci of individual i, at which there are two alleles of either 4 (major allele) or a
(minor allele) for three possible genotypes (A4, Aa,aa). As mentioned in the
previous chapter, the SNP sequence is encoded by counting the number of minor

allele a. Therefore, x, is an L-dimensional vector of numerical values 0,1, or 2,
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Figure 4.2 The flowchart of the iNJclust algorithm.

After receiving the input X', the iNJclust algorithm computes the ASD matrix

D, WhOSé e[e nents are
,J L i j l ’] geney .

Therefore, d(i, j) is proportional to the Li-norm of the pairwise difference between
the SNP sequences of individual i and those of individual j. The smaller the value of
d(i, j), the closer they are genetically.

The ASD matrix D is subsequently used to construct the NJ tree. Treating
each individual as a leaf node, a pair of nodes who are nearest to each other as
measured by the minimum evolution criteria are merged into a parent node. The
tree construction process continues until all nodes are merged onto the NJ tree. The
algorithm then determines if the cluster is homogeneous, i.e., all individuals on the
tree come from the same subpopulation. If the cluster is said to be heterogeneous,
the algorithm performs clustering on the NJ tree by bisecting the tree into two

subtrees. The NJ tree is splitted at the longest branch (edge) between two nodes
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within the tree. Similar to the condition in the HiClust-ipPCA algorithm, we only
consider the branches that have more than 10% of individuals left on the branches
to avoid a mis-cluster due to noise or outliers. In the next stage, both subtrees cycle
back to the ASD update step where they are processed independently.

Note that the ASD matrix is only calculated once for the original input X .
The ASD matrix of individual within each subtree is readily available by selecting
elements of the original ASD matrix D corresponding to the appropriate subset of
individuals. After the new ASD matrix is obtained, the NJ tree of each subset of
individual is constructed. We discover that the new NJ tree reconstructed at each
iteration may have different topology from the old subtree, since the genetic
relationships illustrated in the new tree only account for those individual within the
subcluster, thus enhancing the resolution of the algorithm to differentiate closely-
related subpopulations. The cluster homogeneity criterion is than checked against
the new tree. Two criteria are proposed for checking cluster homogeneity, i.e., the
cluster contains only a single population. We will explain both criteria in details in
the following subsection. Once the subtree is deemed homogenous, it is output from
the process as one of the resulting subpopulation C,. Because the NJ tree clustering
only bisects the tree in each iteration, the number of final iterations k provides an
estimated number of subpopulations. We choose to present the clustering result of
the iNJclust algorithm in the form of a binary tree, whose terminal nodes represent
the final subpopulations and the edge lengths preserve the genetic relationship

among inferred subpopulations.

4.3 Homogeneity measurements

4.3.1 Topology method

To decide whether the algorithm should perform the NJ-tree clustering in
each iteration, we propose to analyze the homogeneity of the sub-tree from its
topological pattern. If the homogeneity criterion is met, the iNJclust algorithm
terminates. This criterion stems from the NJ tree construction mechanism. During the
early stage of tree building, nodes from the same subpopulation would be merged
first before nodes from different subpopulations are combined. Consequently, it is

observed that the bifurcating sub-tree of a homogeneous cluster always contain one
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descendant with the so-called UT1 topology pattern. The UT1 pattern is an
unbalanced bifurcating tree with a leaf node as one descendant, as depicted in the

dashed-line box of Figure 4.3

Figure 4.3 The homogeneous topology.

Let UTI; be a tree topology at the k” iNJclust iteration before NJ tree

clustering. The iNJclust algorithm is to terminate when the homogeneous topotogy,

UT1;=UTl,,, U UTL,,, (8.2)

is detected. UT1,,, can be of type UT1 or else. Intuitively, this stopping criterion
indicates that a heterogeneous cluster (containing more than two subpopulations)

should not be too close to the leaf nodes.

4.3.2 Fixation index difference method

Although the topological stopping criterion in section 4.3.1 works well in
practice, it is an ad-hoc method based purely on data observations with no concrete
mathematical background. Therefore, we propose a second homogeneity
determination criterion called AF, which follows directly from the behavior of the
fixation index value (Fg) after data clustering. We prove that the fixation index
monotonically increases at each iNJclust iteration until a homogeneous cluster is

formed.



a1

Proposition 1 ( Fg behavior after data clustering):

The new Fg, value F,,; at the next iteration is AT LEAST F,.

Suppose the k" iteration of the iNJclust algorithm has its Fy value F,.

Proof:

At the k" iteration, the original cluster of M individuals is divided into
k22 subclusters C,,C,,..,C, containing m,m,,...,m, individuals,
respectively. Let the corresponding major allele frequencies within each

subcluster be p,, p,,..., 0, (Eq. (2.7)). Hence, the average major allele
frequencies of the entire dataset is 1‘7=%Z; pm, (Eq. (2.11)), and the

quantity H, =2p(1-p) (Eqg. (2.15)) represents the expected normal-type

allele frequency of the data.

Using Eq. (2.17),
= Hr_Hg — H;c

F, =1-—=<, (4.3)
' Hy H,;

Hence, to proof that F,,, > F; it is equivalent to showing that H§* < HE . In
the thesis, we adopt Jensen’s inequality (Appendix A) in order to prove
H¢" < Hj. The next step is to rearrange equations of H* and H!" to fit
the form of Eq. (A2).

According to Eq. (2.14), we write,

k
1
H; = ZHexp(pj)mj =C+Hchp(pk)mk (4.4)

=

1
M
where

1 k-1
C EHZHexp(pj)mj (4.5)

=

and in accordance with Eq. (2.10),

H, (p)=2p,(1-p,) (4.6)
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If the cluster considered at iteration k with the value Hf , is still
heterogeneous, the NJ tree clustering bisects the cluster which has m,
individuals and major allele frequencies p, into two subclusters, which
have m,,, and m, individuals and have major allele frequencies p},, and

P, respectively for determining H*'. Consequently,.

th =C+ _[ exp (pllnl )mllc+1 + exP (pk+l )mk+l :] @7
where
m = mll:+l + ml?+l (48)
Trivially,
1 2 2
+
P = Py + Pt . (4.9)
m,

For ease of reading, we drop the subscript denoting the iteration number
and shorthand p,,, as p,, pi, @ p,, m,, and m’, as m' and m®,

respectively. Thus,

H;H =C+"‘2A2|:P1(1—Pl)mx +p2(1_p2)m2:] (410)
Hk+1_c_2(ml+m2) —p'- ) m -p*1-pY) m
s = % PP i PP i
1 2
HH = C__—2(me 2164+ 7()4] (412)
m m*
using f(x)=-x(1-x), 4= PR and 4, Tt

Since 4,4,>0, 4 +4,=1,and f(y)is a continuous concave up
function, it follows from Jensen’s inequality (Eq. (A2) in Appendix A) that

2(m +m )[

C‘Ar%m_)[f(Pl)/11+f(P2)’12]SC S pi)] @13
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. 2(m' + m?
Hg" < C—(LM—"L)[f(p'A +p°4) ] (4.14)
1 2
Hg'< C-M[f(p,,)] (4.15)
M
. 1
H; 1 SC+—AZ'Hexp(pk)mk (4.16)
H"' <H{. @.17)

When the cluster before splitting is already homogenous, the average major

allele frequencies p' ~ p* ~ p, . Thus,

HE = HY 0

Furthermore, in more general case, the proposition holds when a cluster is
divided into L >2 subclusters, since we can write a more general form of

Eq. (4.9).

L

m
py =T (8.17)
Zl:l m,
by =—Dt (4.18)
ZI=I m

and Jensen’s inequality still applies.

From this proposition, the Fg, value of the data after each iNJclust iteration
increases monotonically and converges after all homogenous subpopulations have

been clustered. We propose using the difference of the F, value,

AF=F,, —F, (4.19)

to detect homogeneous clusters. We announce that the cluster is homogeneous and
terminate the iNJclust iteration for that subcluster if AF is sufficiently small. The
smaller the AF threshold, the higher the resolution of the iNJclust algorithm to

differentiate between clusters.
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4.4 The iNJclust Algorithm implementation
The iNJclust algorithm is also implemented in C++ language using Numerical
Recipes [30] and Lapack++ [31] libraries on a Intel(R) Core(TM) i5-2500K CPU 3.30 GHz
PC with 16 GB RAM. There are versions of the algorithm for both Windows and UNIX
operating systems. The system architecture design of the iNJclust algorithm is
depicted in Figure 4.4.
® Main is a center connection to receive user inputs from command line or
graphic user interface. It uses CManagement object so that the system can
manage inputs, outputs, and other processes together.
® (Management is a class for system management. It connects to every parts of
system: input part, output part, and process parts, while the system is
processing. A configuration file is parsed in order to obtain parameters of
framework by this class. Then, the other parts of the system will receive the
parameters afterwards.
® NJclust is a central class of iNJclust framework. Its purposes are to run iteration
of process and call related functions that are essential for processing the tasks.
® jNjtree is a class which constructs NJ tree, traverses the tree for finding the

cutting point, and splits the tree afterwards.
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Figure 4.4 The system architecture design of the iNJclust algorithm.

Portions of the work in Chapter 4 and 5 is ©2012 IEEE. Reprinted with permission from Amornbunchornvej C.,
Limpiti T., Assawamakin A., Intarapanich A, and Tongsima S., "iterative Neighbor-Joining Tree Clustering Algorithm
for Genotypic Data", Proceeding of the 21st International Conference on Pattern Recognition (ICPR2012), pp.1827-
1830, Tsukuba Science City, Japan.
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Chapter 5

Results

5.1 Introduction

We test the performance of both the HiClust-ipPCA algorithm and the iNJclust
algorithm. The HiClust-ipPCA algorithm is compared against the second version of the
ipPCA framework, the EigenDev-ipPCA algorithm. We compare the iNJclust algorithm
to an algorithm called AWclust [17], which is conceptually close to our proposed
method. AWclust is the only existing method which uses the ASD matrix as input and
performs clustering on a tree [32]. However, it uses a hierarchical tree [3] instead of
an NJ tree, and does not include any iterative process. The main limitation of the
AWclust algorithm is that it can automatically detect subpopulations only up to 16
clusters. More than that, the number of clusters is required a priori. Furthermore, to
illustrate the importance of tree rebuilding on the clustering performance we also
investigate a simplified version of our algorithm (termed NJclust) where we iterate on
the same stopping criterion. However, the Niclust algorithm builds the NJ tree only
in the first iteration and uses the same tree on all subsequent iterations.

The similarities and differences of all methods used in the clustering
performance testing in this chapter are presented in Table 5.1. The results of all
algorithms are in Newick format. In order to visualize the tree we adopt software

Dendroscope [33] for displaying the results.



Table 5.1 Comparison of methods used for testing clustering performances
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relatiohships

EigenDev- HiClyst-ipPCA AWclust iNJclust Niclust
ipPCA
Input Genetic Genetic ASD matrix ASD matrix ASD matrix
sequences sequences
Stopping EigenDev EigenDev Gap statistic UT1, AF UTl, AF
criteria
Clustering Fuzzy c-mean Hierarchical Hierarchical NJ tree NJ tree
algorithm clustering clustering with clustering clustering with clustering
feature tree rebuilding (without
selection tree
rebuilding)
Output Individual Individual Individual Individuat Individual
assignment, assignment, assignment, assignment, assignment,
Number of Number of Number of Number of Number of
clusters clusters clusters clusters, clusters
Cluster

5.2 The HiClust-ipPCA algorithm performances

5.2.1 Effect of hierarchical clustering

We first evaluate the effect of the hierarchical clustering method on the

performance of the algorithm by comparing clustering results from the HiClust-ipPCA

algorithm with that of the EigenDev-ipPCA algorithm using two genotype datasets

from bovine and sheep. The first dataset comes from 47 breeds of bovine, having
1089 individuals and 44,706 SNPs [34]. The second dataset is a collection of 28 sheep
breeds with 392 individuals and 1,406 SNPs [35].
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Figure 5.1 Clustering results of the 47-breed bovine dataset. Top-left panel:

mGNS[21] ‘ :ngf[[gg] ‘ =OBB[4] ‘ uND2[17]

EigenDev-ipPCA; Top-right panel: HiClust-ipPCA. Bottom panel: Similar results
between the two algorithms.

The clustering results for the bovine dataset are shown in Fig. 5.1. The
EigenDev threshold of 0.37 is used in both algorithms. Each circle in the figure
represents a cluster assigned by the algorithms. The colors on the circle represent
subpopulations within the cluster. The numbers of individuals are denoted in the
square brackets after cluster labels. The estimated cluster numbers are 34 for the
EigenDev-ipPCA algorithm and 35 for the HiClust-ipPCA algorithm. Although the
estimated numbers of cluster are lower than 47, it is hardly unexpected since some
breeds are extremely close genetically. The results are also comparable to the
original results reported in [34]. The cluster assignments in the bottom panel are
similar between the HiClust-ipPCA and the EigenDev-ipPCA algorithms. Different
cluster assignments are depicted in the top panel of Fig. 5.1. It is observed that the
clusters from the EigenDev-ipPCA algorithm have more outliers. The HiClust-ipPCA
algorithm produces no outlier, but there are clusters with mixed labels from breeds
that are genetically similar. For example, the outliers from breeds BOR, BRU, and

ZMA (highlighted in red) are eliminated when we use the HiClust-ipPCA algorithm.

mBAO[29]

uSGT[24]
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The LMS breed which is initially separated into two clusters by the EigenDev-ipPCA
algorithm is correctly combined into one cluster by the HiClust-ipPCA algorithm.

Figure 5.2 depicts the clustering results for the 28-breed sheep dataset with
the EigenDev threshold of 0.30. The estimated cluster number from the EigenDev-
ipPCA algorithm is 21; The HiClust-ipPCA algorithm detects 27 clusters out of 28
clusters. It is evident that clusters from the EigenDev-ipPCA algorithm (left panel of
Fig.5.2) contains many more outliers (highlighted in red). Half of the clusters are also
mixtures of at least three breeds. In contrast, the HiClust-ipPCA clusters are mostly
pure with exception of only three mixed clusters. This improvement is also evident
visually from the pie charts, where outliers presented in the EigenDev-ipPCA clusters
such as COM, USDA DOS, SOA, and TIB breeds are assigned to the appropriate
clusters by the HiClust-ipPCA algorithm.
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Figure 5.2 Clustering results of the 28-breed sheep dataset. Left: EigenDev-ipPCA.
Right: HiClust-ipPCA. The EigenDev threshold is 0.30.

To quantify the clustering performance of the HiClust-ipPCA algorithm, we also

compared the similarity of individual assignments with known genetic labels using F-
measure [28] in Eq. (2.22). The known labels that come with the data are provided

by the experts genotyping the animals. Hence, it is assumed that the labels represent
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the true subpopulations. The F-measure values of the EigenDev-ipPCA algorithm and
the HiClust-ipPCA algorithm are shown in Table 5.2. The F-measure values of the
HiClust-ipPCA algorithm are greater than the values from the EigenDev-ipPCA
algorithm on both datasets, which confirming the better clustering performance

observed in Fig. 5.1 and 5.2.

Table 5.2 F-measure values of the EigenDev-ipPCA and the HiClust-ipPCA algorithms

on bovine 47 breeds and sheep 28 breeds datasets.

EigenDev-ipPCA HiClust-ipPCA
Bovine 47 breeds 0.889291 0.914081
Sheep 28 breeds 0.716138 0.778155

5.2.2 Effect of feature selection
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Figure 5.3 F-measures of the HiClust-ipPCA clustering results vs. percentages of data

dimensions.

We also investigate the effect of performing the PCA-correlated feature
selection procedure from Section 3.2.1 on clustering quality. The HiClust-ipPCA
algorithm is applied to both bovine and sheep datasets with varying numbers of data
dimensions (number of SNPs). The F-measures of the clustering results in comparison

with the given genetic labels are shown in Figure 5.3. As expected, the F-measure
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value increases when the data dimension increases, because there is more
information in the data matrix. For bovine dataset, the clustering quality stabilizes
when the number of SNPs reaches approximately 35% (15,000 SNPs). In sheep
dataset, the clustering quality keeps increasing with data dimensions. This result
corresponds to the original data dimensions. The bovine dataset has 44,706 SNPs, so
it is likely that some SNPs are either correlated or noise. On the other hand, the

sheep dataset only has 1,406 SNPs, so all SNPs are informative.

5.3 The iNJclust algorithm performances
5.3.1 The iNJclust algorithm with topological stopping criterion

Three large, complex real SNPs datasets are used to evaluate the
performance of the iNJclust algorithm with UT1 stopping criterin. The first dataset
contains 243,855 SNPs from 27 human populations, having 554 individuals [36]. The
second comes from 47 breeds of bovine, having 1089 individuals and 44,706 SNPs in
all [34]. The last dataset has 392 individuals and 1,406 SNPs from 28 breeds of sheep
[35].
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Figure 5.4 F-measure values of the AWclust, iNJclust, and NJclust algorithms on

bovine 47 breeds, sheep 28 breeds, and human 27 population datasets.

The F-measures from the AWclust, NJclust, and iNJclust algorithms are shown
in Fig. 5.4 along with the estimated numbers of clusters at the top of the bars. The
superiority of the iNJclust algorithm over the NJclust and AWclust algorithms can be
seen in the F- measure values. For comparison purpose, the number of clusters for

the AWclust algorithm is set to equal the estimated cluster numbers from the
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iNJclust algorithm in all datasets. Recall that if we do not set the cluster numbers for
the AWclust algorithm, it will cluster the data to at most 16 clusters, which are much
less than the actual cluster numbers.

For human dataset, the labels are self-reported, so it is questionable if the
label corresponds to the real population that person belongs. For example, a family
may relocate to a different region of the country. Hence, the F-measure value for the
human dataset in Fig. 5.4 appears to be lower than the bovine and sheep dataset. To
better analyze the clustering results, we examine the cluster pie charts, as depicted

in Fig. 5.5.
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Figure 5.5 Clustering results of the human dataset. Bottom panel: Similar clusters

among the three algorithms.

It is observed that the iNJclust algorithm assigns more pure clusters, although
all three algorithms provide some clusters with mixed populations. This is
unavoidable because some population groups, e.g., Indians (Mala, Madiga, Tamil,
Brahmin), east Asians (Chinese, Vietnamese, Khmer), are very similar genetically.
However, the AWclust clustering result contains many more outliers (highlighted in
red), which are corrected in the iNJclust clusters. The cluster assignment from the
NJclust algorithm is the worst. This is because the NJ tree of the original dataset may

have an incorrect topology, as illustrated in Fig. 5.6. Without the tree reconstruction
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step, the use of an incorrect NJ tree by the Nlclust results in a bad clustering
performance. We illustrate two genetic labels which have initially been separated in
the topology of the NJ tree at the first iteration (main Fig. 5.6). The iNJclust algorithm
is able to correct the tree topologies of these labels at the subsequent iterations (Fig.
5.6 insets) and eventually assign them to the right clusters.

Another advantage of the iNJclust algorithm is its ability to infer genetic
similarities between clusters from the order at which each cluster is bifurcated in the
iterative clustering process. This can be seen in Fig. 5.7 where the cluster numberings
correspond to the assigned clusters in Fig. 5.5. African individuals are first separated
from the rest because they are the most distinct subpopulation. Then East Asians are
separated out from Europeans and Indians. At terminal nodes, genetically

similar subpopulations are finally differentiated.

14_CEU.57
14 CEU.S3

Figure 5.6 NJ trees with cluster labels of the Human 27 populations dataset.
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Figure 5.7 Population tree of the Human 27 populations dataset.

5.3.2 The iNJclust algorithm with fixation index difference stopping
criterion

In this section we explore the performance of the iNJclust algorithm with the

AF stopping criterion. Simulated data is useful in investigating the efficacy of the

algorithm since the inherent number of subpopulations in a real genotype dataset is

usually unknown or self-reported.

5.3.2.1 Simulation datasets
We use two simulated datasets to explore the effects of evolution time and
number of subpopulations on the optimal value of AF and the robustness of the
clustering results. The datasets are generated from the GENOME tool [37] using the
following parameters and tree files:

Dataset 1:

-pop 20 60 60 60 60 60 60 60 60 60 60 60 60 60 60 60 60
60 60 60 60 -c 20 -s 500 -N UDlmodel.txt

Dataset 2:

-pop 10 330 150 60 60 60 300 60 60 60 60 -c 20 -s 500 -N
UD2model . txt

The first dataset contains 20 clusters S = {S,,...Szo} of 60 individuals each (for
a total of 1,200 individuals), and 10,000 SNPs per individual. The second dataset

contains 1,200 individuals separated into 10 clusters S,,...S,, of varying sizes ranging
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from 60 to 330 individuals per cluster, also genotyped at 10,000 SNPs. Their
population history trees are shown in Fig. 5.8 where the branch lengths represent the

evolution time of subpopulations in terms of the number of generations they evolve.
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Figure 5.8 Simulated population history trees. The edge weights represent the

generations of subpopulations. (a) Dataset 1. (b) Dataset 2.
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An optimal values of the AF stopping criterion for clustering of Dataset 1 and
2 are determined by scanning the iNJclust algorithm over a range of possible AF
values ranging from 10° to 10'1, i.e., the differences of 10% to 0.001% in the fixation
indices. We compare the iNJclust clustering results C={C,,...C,,} at each value of
AF to the ground truth S and compute the F-measure [28]. The higher the F-
measure values, the closer they are to the simulated clusters. An F-measure value of
1 occurs when the iNJclust clustering result is exactly the same as the true simulated
clusters. Figure 5.9 depicts the F-measure value as a function of AF threshold value
for both simulated datasets. It is observed that if the AF threshold is too high, the
iNJclust process undersplits the clusters, where as a too-low value of the threshold
oversplits the cluster. The step-like behavior of the F-measure value also implies that
the optimal value for AF is not a single point but rather a range, making selecting an
appropriate value for the threshold slightly flexible. From the graph, we selected the
threshold of 0.001 for Dataset 1 and 0.003 for Dataset 2.

— Dataset 1
0.9t |- - -Dataset 2 '

F-Measure Value

1072 10!
AF Threshoid Value

Figure 5.9 F-Measure as a function of AF threshold value.

We investigate how two other factors—the relationship between evolution
time, which manifests in the number of generations in the simulation, and the
number of subpopulations—may affect the optimal value of the AF threshold. We
vary the genetic distance between subpopulations by simulating data ranges

between 40 to 500 generations (corresponding to approximately 80 to 10,000 years
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of genetic evolution). We also vary the number of subpopulations from 2 to 64
subpopulations in the data. The result is depicted in Fig. 5.10. Data with larger
number of generations are further apart genetically, so the threshold increases with
generations as expected. On the other hand, when the number of subpopulations
increases the threshold value decreases, since more resolution is needed to
differentiate between subpopulations. For large, complex dataset, the default
threshold value for the iNJclust algorithm is set at 0.003. The threshold should be

adjusted if some prior information about the data is available.
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Figure 5.10 Optimal AF threshold values as a function of the number of generations,

for varying number of subpopulations.

We infer the relationships among populations from the hierarchical
population trees generated by the iNJclust algorithm for the two simulated datasets,
as depicted in Fig. 5.11 and 5.12. The branch lengths on the trees correspond to the
calculated AF values at each iteration. Observe that the AF value decreases at later
iterations. The terminal nodes of the tree within the figures also show the iNJclust
individual assighments, where the individual are labeled by their true cluster number.
The numbers in the square brackets represent the number of individuals within each

cluster.
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Figure 5.11 Hierarchical populations tree of dataset 1 generated by the iNJclust

algorithm. The threshold is set at 0.001.
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A careful examination of the individual assignment results in Fig. 5.11 confirms
that the iNJclust algorithm is able to assign most individuals to their respective
cluster correctly. For Dataset 1, one individual from population POP16 is grouped
with POP17. This is possible since the pair of subpopulations POP16 and POP17 only
differs by 20 generations; they are closely related subpopulations in the dataset. The
total individual assignment is 99.92% correct. The POP19 branching is in a different
order from the simulated tree, which may be the consequence of the bisecting
method we employ in the algorithm. Nonetheless, it does not affect the overall tree
topology. Although the branch lengths on the top-half and bottom-half of the tree
are not exactly identical, they follow a similar trend.

In Dataset 2, we vary the number of individuals in each subpopulation to
illustrate the ability of our algorithm to handle varying cluster sizes. Clustering results
in Fig. 5.12 show that the algorithm remains effective in this situation. The
relationships among subpopulations are correctly translated to the iNJclust tree final
results with slight variation in the tree topology. The individual assignment error is 3
individuals out of 1200 (0.25%).

Additionally, we employ the bootstrapping method in order to validate the
consistency of the iNJclust results. Each simulated dataset is resampled 100 times
with replacement to obtain bootstrap datasets with 400 individuals. We count how
many times the same subtree topology, i.e., that subtree contains all of the same
clusters, is generated at each hierarchy of the tree. The bootstrapping results are
depicted in Fig. 5.11 and 5.12 as the slider bars on top of each tree branch. It is
discovered that most of the branches have high bootstrap percentages; hence the
iNJclust algorithm is fairly robust. Some branches near the root of the NJ tree may
receive low bootstrap values, meaning that some terminal nodes may be on
different branches early on, but eventually the individuals are split into their
appropriate final clusters. To explain this phenomenon we adopt the Admixture
method [38] to observe the ancestry distributions of different populations. The
admixtures of Dataset 1 and Dataset 2 are depicted in Fig. 5.13. Different colors mean
that the individuals are not related, i.e., they do not come from the same ancestry.
Similar colors mean that the populations related genetically. If a subtree contains
two groups of populations with totally distinct ancestries, for example {POP1, POP2,
POP3, POP4} (red color of Dataset 1 on Fig. 5.13) and {POP5, POP6, POP7, POPS,
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POP9, POP10} (green color of Dataset 1 on Fig. 5.13), either group can be swapped to
a top branch of the NJ tree. If this happens, the bootstrap method views the tree
topology as being different and the bootstrap score for that bootstrap dataset is 0.

In contrast, {POP11, POP12, POP13, POP14, POP15} (purple) and {POP16,
POP17, POP18} (blue) also have two distinct ancestries. However there is {POP19,
POP20} which has both purple and blue ancestries patterns. Hence, these two
populations connect {POP11, POP12, POP13, POP14, POP15} and {POP16, POP17,
POP18}, so they always appear on the same tree branch. Therefore, the top half of
the tree for Dataset 1 has very high bootstrap values.

More evidence is depicted in the admixtures of Dataset 2 which has many
low values of bootstrap. The ancestry patterns of POP6 and POP7 are similar. So they
always have the same parent node, resulting in their root branch having a high
bootstrap value. In contrast, {POP5} has two ancestries (blue and purple), so this
population is related to the top half of the tree and often gets placed there. POP5
may also influence {POP1, POP2} to swap to the top branch as well since they have
similar (purple) ancestry. This also causes the low bootstrap value for the root
branch. In summary, a bootstrap value of our method relies on the different
ancestry patterns within subtrees. Furthermore, when resampling, individuals from
certain subpopulations may not be presented enough. Consequently, the branch

representing that subpopulation is not generated, making the topology different.
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5.3.2.2 Real datasets

We test the iNJclust algorithm on four large datasets with different
complexities. The first three datasets are similar to the previous subsections. The first
dataset is from 47 breeds of 1,089 bovines [34], genotyped at 44,706 SNPs. The
second dataset is a 28-breed sheep dataset [35], which contains 392 individuals and
1,046 SNPs. The third dataset comprises of 27 human populations [36] for a total of
554 individuals and 243,855 SNPs. We add one additional human dataset containing
245 individuals and 54,794 SNPs from 13 tribes in Thailand [39]. Guided by the
optimal thresholds from simulated Dataset 1 and 2, we choose the AF thresholds of
0.001 for the bovine 47 breeds, sheep 28 breeds, and human 27 populations since
they seem similar in their complexities, and use the threshold of 0.003 from Dataset
2 for Thai 13 tribes datasets.

Again, we compare the clustering performance of the iNJclust algorithm with
the AWclust and NJclust algorithms in terms of the F-measure values only for the
datasets in which we have confidence in the labels, namely the two simulated

datasets and the animal datasets.

10

= AWclust
miNJclust
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Simulation Simulation  Sheep 28 breeds Bovine 47 breeds
Dataset1 Dataset2

Figure 5.14 F-measures of the AWclust, iNJclust, and NJclust algorithms on simulated
and animal datasets. The estimated numbers of clusters are displayed on top of the

bar graphs.

The F-measures depicted in Fig. 5.14 imply that the iNJclust algorithm
produce the best clustering results. The individual assignments of AWclust is worse

than the assignments of iNJclust. We believe that NJ tree clustering is more
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appropriate in distinguishing between subpopulations than hierarchical clustering for
genetic data. The NJclust clustering result is much more erroneous than iNJclust and
AWclust. This illustrates the benefit of reconstructing the NJ tree at each iteration. In
addition, the computational time of the iNJclust algorithm is superior to the
computational time for the AWclust algorithm. It would take longer times for the
AWclust algorithm, which has complexity O(n®)due to use of Gap statistic [40], while
iNJclust has complexity of only O(#’) to detect the number of clusters.

To alternatively verify the clustering results of the iNJclust algorithm on the
human datasets, we again compare the clustering results with the admixture
patterns. It is customary to plot the admixture patterns for different number of
ancestries K and select the smallest possible value of K with the most distinctive
patterns. The plots of admixtures for the human 27 populations dataset for K=2 to
K=10 are depicted in Fig. 5.15. Figure 5.16 depicts the admixture ratios with K=2 to
K=8 for the Thai 13 tribes dataset. We choose the best admixture parameters K=8
for the human 27 populations dataset and K=6 for the Thai 13 tribes dataset for our

comparison purpose.

Figure 5.15 Admixtures of the human 27 populations dataset, with the ancestry
parameter K=2 to K=10.



Figure 5.16 Admixtures of the Thai 13 tribes dataset, with the ancestry parameter

K=2 to K=8.

In Fig. 5.17 and 5.18, we compare the iNJclust clustering results to the

admixture patterns for the two human datasets. Each panel of admixture patterns

separated by the black line is one cluster assigned by the iNJclust algorithm. The

corresponding self-reported labels of individuals in each cluster are displayed below

the panels, with the number of individuals from that label shown in the bracket. The

admixture results are in very good agreement with the iNJclust individual

assignments. That is, each assigned iNJclust cluster has distinct admixture patterns.
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Figure 5.17 Comparison between admixture ratios (K=8) and the iNJclust clusters of

the human 27 populations dataset.
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Figure 5.18 Comparison between admixture ratios (K=6) and the iNJclust clusters of

the Thai 13 tribes dataset.

For both datasets, it is observed that there are many given labels that do not
correspond to the genetic patterns. For example, in Fig. 5.17 subpopulation {UEP,
CEU}, {STK,URK}, and {KHM,CHN,CHB,JPT,VNM} clusters contain individuals with
various subpopulation labels, but they have similar admixture patterns. The iNJclust
algorithm is able to cluster them into the same cluster. In contrast, individuals from
KNG and HMA subpopulations, though carrying the same labels, are assigned to
different clusters by the iNJclust algorithm. Their admixture patterns confirm their
genetic differences. Similar results are observed in Fig. 5.18. For instance, members of
the TH-PL, TH-HM, and TH-KA tribes (denoted in red) are assigned by the iNJclust
algorithm according to their genetic differences into different groups of similar
admixture patterns. Using these labels to calculate the F-measure would give the
low F-measure values, which does not necessarily reflect the actual efficient

clustering performance of the iNJclust algorithm in human datasets.



65

Chapter 6

Conclusion

6.1 Summary

This thesis applies graph-theoretic clustering, which converts a traditional
clustering problem to a graph partitioning problem, to develop two iterative
algorithms for clustering genotypic data. The graph-based algorithms can efficiently
handle complex cluster shapes and provides excellent clustering results in terms of
the estimated number of clusters (or subpopulations), individual assignments, and
population tree representing genetic relationship between subpopulations.

For the first part of this thesis, we have proposed a modification to the
clustering module of the EigenDev-ipPCA algorithm, which suffers with individual
assignment errors from fuzzy c-mean clustering. We employ Ward’s minimum
variance hierarchical tree clustering and illustrates that the hierarchical clustering
method provides better clustering results than fuzzy c-mean for complex genotype
datasets. The improved algorithm is called the HiClust-ipPCA algorithm. It is
particularly good at reducing outliers in each cluster. The accuracy of individual
assignments and estimated number of clusters also increase significantly.
Furthermore, we study the effect of using feature selection for dimensional reduction
of the data. We find that the use of the feature selection technique is effective for
reducing data dimension and increasing computational efficiency. It is observed that
for high-dimensional datasets, we do not need to use all dimensions to achieve the
best clustering results. From our example, only 33% of the available dimensions is
enough to reach the same clustering quality. Nevertheless, for smaller datasets we
have to use all of dimensions for clustering in order to reach the best clustering
quality because all dimensions are informative.

In the second part of the thesis, we propose an unsupervised graph-based
clustering algorithm called iNJclust which is capable of inferring three main quantities

of interest in genetic data: estimated number of clusters, individual assignments, and
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genetic relationships between subpopulations in the form of a population tree. We
utilize the most widely used phylogenetic tree called a neighbor-joining tree to
differentiate between subpopulations by their real genetic relationships. Similar to
the HiClust-ipPCA algorithm, we adopt an iterative method to achieve high clustering
resolution. Our iNJclust algorithm can differentiate arbitrary complex-shape clusters.
The iterative tree reconstruction process of the algorithm is also essential in
identifying the correct tree topologies and produce accurate clustering result.
Moreover, we have proposed two measures for determining cluster homogeneity.
One measure is ad hog; it is based on the UTI topology pattern of the tree. The
second measure AF based on the difference of the fixation indices at successive
iterations has a solid mathematical proof.

The performance of the HiClust-ipPCA algorithm and the iNJclust algorithm
have been tested extensively against existing clustering algorithms, namely the
EigenDev-ipPCA algorithm and the AWclust algorithm, using both simulated and real
datasets. Our algorithms are able to discriminate arbitrary complex-shape clusters
more efficiently even though there are varying in size and numbers of populations.
We investigate more evidence regarding the iNJclust performance by looking at the
population structure inferred by the ancestry patterns. The iNJclust clustering result

closely follows intrinsic ancestry patterns within the data.

6.2 Contribution

The research contribution in this thesis to the fields of bioinformatics, pattern
recognition, and population studies is the utilization of graph-theoretic approaches to
improve a genotypic clustering framework, such that it can cope with arbitrary cluster
shape and increase its clustering accuracy. We substitute fuzzy c-means for a Ward’s
minimum variance hierarchical tree in the ipPCA framework. The accuracy of the
algorithm increases, meaning that a hierarchical clustering approach can handle
arbitrary-shape populations better than the model-based algorithms. Our
investigation on the dimensional reduction of the data by feature selection suggests

a way to increase the computational efficiently of an algorithm, since we find that
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we do not need to use all dimensions in high-dimensional dataset. In the iNJclust
algorithm, we believe to be the first to realize the usefulness of the NJ tree as a
clustering technique. We discover that the tree rebuilding step is crucial for an
iterative method. Moreover, we succeed in producing a hierarchical tree that
represents the genetic relationship between subpopulations. We also introduced two
novel methods to determine homogeneity of clusters and stop the iterative process
of our algorithms. The first one depends on a particular tree topology called the UT1?
pattern. It contains no unknown parameter. The second one uses the behavior of the
fixation index, which a real genetic distance among subpopulations. A threshold is
needed, although selecting appropriate value a threshold is fairly flexible. Finally, our
proposed algorithms is extendable for clustering other type of high dimensional
signals such as corpus text datasets, images, or other biosignals simply by

constructing an appropriate type of graph before clustering.

6.3 Future Works

Beside the clustering accuracy and relationships among clusters, another
interesting topic is the dominant characteristics of each subpopulation. This
investigation is key for disease association studies. We can use this information to
distinguish between disease populations and normal populations, which may lead to
the discovery of particular genes causing the disease, laying the foundation for
disease protection and treatment. Therefore, finding the informative features is an
open research topic worthy of future exploration. In addition to the hierarchical
approach, there is another graph-theoretic method called spectral clustering [41]. It
uses the eigenvalues of Laplacian matrix to split vertex groups and is able to perform
dimensional reduction before clustering. This method may help generalize our

framework to any type of multidimensional data.
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Appendix A.

Jensen's inequality

Let f(x)be a concave up function which has value on a real interval[a, b].
The second derivative of a concave up function is always a positive real number or
f"(x)>0. In this thesis, we are interested in f(x)=-x(1-x) function. Since its

second derivative is f"(x) =2. Therefore, f(x)=-x(1-x)is a concave up function.

The Jensen's inequality [42] states that, if A,,...,4, are positive number,

Zl,. =1 and f(x)is a concave up function, then

2/1,. f(x)2 f(il,.x,.j (AL).

=1

In the specific case of n=2, we have

AS(x)+ 2,0 () 2 [(Ax + 4x,) (A2).

Where 4,4, >0, and 4 +4, =1,



Appendix B.

Publications

1. Amornbunchornvej C., Limpiti T., Assawamakin A., Intarapanich A., and
Tongsima S., "Improved iterative pruning principal component analysis with
Graph-theoretic hierarchical clustering”, Proceeding of the 9th International
Conference on Electrical Engineering/Electronics, Computer,
Telecommunications and Information Technology (ECTI-CON), pp.1-4,
Phetchaburi, Thailand, 2012, ECTI association.

74



75

16-18 MAY 2012
PHETCHABURILTHAILAND

Content

.

1398 Profit Moximization Model for Cloud Provider Based on Windows Azure Platform

1409 On load Balondng of Hybrid OpenCl/ Globol Arrays Application: on

i

Haterogeneous Plotforms

1445 The Design of o Foult Manogement Framework for Cloud

1024 Improved Weralive pruning principal component analysis with graph-theorelic

hierarchico! dustering

Hioh ¥olioee ond Power suserms




76

Improved iterative pruning principal component
analysis with graph-theoretic hierarchical clustering

C. Amombunchomve;*, T. Limpiti*, A. Assawamakin!, A. Intarapanich! and S. Tongsimal
“Faculty of Engineering, King Mongkut's Institute of Technology Ladkrabang, Bangkok 10520 Thailand
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INational Electronics and Computer Technology Center (NECTEC), Path

Abstract—Various unsupervised clustering algorithms have
been wsed to infer population structure in genetic data. The
goals are to separate individuals of similar genetic char acteristics
into clusters and to estimate the number of clusters within
each dataset. Among them, a framewor k called iterative pruning
principal component analysis (ipPCA} have been developed. It
performs PCA iter atively on subsets of data samples and clusters
them using fuzzy c-mean. We believe that the choice of model-
based clustering method affects the individual sssignments and
cluster quality, as well us the estimated number of clusters
Thus, in this paper we introduce a hierarchical tree clustering
concept from graph theory, whose per formance is independent of
cluster shapes, into the ipPCA framework. We also add a PCA-
based feature selection technique as @ data pre-processing step
to reduce data dimension and increase computational efficiency.
The resulting aigorithm is called HiClust-ipPCA. We illustrate
the improved cluster ing results of the HiClust-ipPCA algorithm
using 47-breed bovine and 28-hiced sheep datasets.

1. INTRODUCTION

Various unsupervised clustering methods have been applied
to genetic dat to infer mdden characteristics such as popu-
lauon structures, ancestry mformation, or number of and re-
lationships between clusters of individuals. One unsupervised
clustening framework, which has onginally been proposed for
detecting population structure in large, complex genotypic
datasets, 18 the iterative pruning principal component analysis
or ipPCA [1]. It performs PCA 1terauvely on subsets of data
samples and clusters them using the fuzzy c-mean algorithm
In contrast to other classical techniques where the number of
clusters is needed @ prion. the framework gives an estimated
number of clusters and individual assignments as outputs.
Although ipPCA is robust when dealing with closely-related
clusters that may appear conglomerate and gives reasonable
individual assgi the esty 1 number of clusters is
not accurate. This is due to the use of the Tracy Widom
statistic [2] w identify the stopping point in the ilemative
process. Subsequently, the second algonthm wm the ipPCA
framework called EigenDev-ipPCA has been proposed [3],
which uses a new stopping critenon called EigenDev. It has
been shown to produce better estimates of the number of
clusters. Nevertheless, the ewors in individual assignments
remain. We suspect that these errors originate mainly from
the choice of the clustering algonthm. This motvates us to
improve the quality of individual assignments in the ipPCA
framework by modifying its clustering technique.

978-1-4673-2025-2/12/$31.00 €2012 IEEE

hani 12120 Thailand

Existing clustering methods are usually model-based. i.e..
the cluster shape is assumed known. For example, in fuzzy
c-mean the data clusters are assumed to be curenlar n shape.
Errors of individual assignments often come from the wrong
assumption of the cluster shape. Ome class of clustering
methods which 1s robust to cluster shape is graph clustering
method. By converting a data clustering problem to a graph
partitioning problem, it does not depend on cluster shape.
Giraph clustering has been shown to outperform model-based
clustering techniques for complex cluster shapes [4], [5].

In this paper. we introduce the hierarchical clustering con
cept from graph theory into the ipPCA framework. In addition,
we have adopted an pervised feature selecti thod
from [6] for reducing the data dimension in order to improve
the computational efficiency of our algorithm. To assess the
perfonmance of the proposed algonthin, we apply it 1o bovine
and sheep genotype datasers, We evaluate the results in terms
of individual assignment errors and cluster quality.

11, METHODS

Figure | depicts the improved ipPCA framework, where the
proposed modifications are highlighted in gray boxes. In the
original ipPCA [1]. [3]. the data sequences are projected onto
the PCA subspace, then clustered using fuzzy comean The
process iterates until the stopping critenion is hed. For our
improvements, the data vectors first enter the feature selection
step, where the data dimension is reduced. Then the data is
projected outo the principal component axes before clustering.
The proposed clustering method is the hierarchical clustering
{7]. hence we termed the modified algonthm HiClust-ipPCA
to emphasize the new technique. The details of the modified
framework including our proposed changes are given below.

A. PCA-bused feature selecnion

Given an N-dimensional data vector from A individuals,
we concatenate all data vectors to form an M x N data matrix
X as the input. Typically, M << N. For feature selection we
adopt [6] as a method for reducing data di ion, keeping
only dimensions with the most amount of information. This
technique is based on the pnncipal components, thus it is read-
ily compatible with the ipPCA framework The informative
rank of the data matrix X can be d from the singul
value decomposition,

X = USVT,

)



Fig 1. Diagram of the proposed HiClest-ipPCA algorithm.

The importance score P{3%,j = 1,..., N of the j** data
dimension is obwined by summing the j** component of the
right singular vectors from all individuals,

X
PGy =3 V(i) )

The larger the value of P(3}, the more significant that dimen
sion is. We rank P{j} and choose only the first R informa-
tive dimensions. Therefore, the data matnx X is reduced to
Xz 2, where K < N. In the next step, X is projected onto
its principal components. The homogeneily of these projected
data points are determined using an FigenDev measure [3].

i

M
FigenDev = , | -;7}; (log (52) - log (a?))  ©3)
| Rt
{lo

log (67) = log {0f) + (i = 1)~ )

and 0f,i = 1,..., M, are the M eigenvalues of XX ranked
in descending order. If the EigenDev value exceeds a user-
defined threshold, the data points are considered coming from
more than one cluster and we proceed to the hierarchical clus.
tering step. Otherwise, the cluster 1s considered homogeneous
and the algorithm terminates.

B. Graph-theoresic hierarchical clustering

Hierarchical tree [7] 1s a well-known graph that is used
for clustering genetic data. It is constructed by choosing the
nearest pair of individuals and merging them to form a new
node. The merging continues by joining the next nearest pair of
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nodes until all individuals are added omo the wee. The typical
method in hierarchical clustering is cutting the tree edges from
top down to separate the nodes imto a desired number of
clusters. This does not make biological sense because the order
in which the nodes are combined does not always translate to
the actual genetic distance between clusters. The number of
clusters, K, also needs to be known. We eliminate the need for
K by adopting the luerarchical tree uno the iterative process.
and use Ward's Minimum- varianee [8] as a measure for genetic
distance between clusters. The distance of Ward's minimum-
varrance method is the ANOVA sum of squares between pair
of clusters,

- 5
o ling + 1/m &)

where ys and {; represent means of cluster & and { and
wj, and ny represent the numbers of individuals within the
clusters. respectively. After we canstruct the hierarchical tree.
we cluster by cutting the edge between two nodes with largest
distance Wiy, splinting the tree into 2 sub trees. To avoid the
effect from outliers. the nodes which has less than 10% of the
total number of individuals are excluded from consideration.

I RESULTS
A. Effect of the hicrarchical clustering method

We first evaluate the effect of the new clustering method
on the performance of the algorithm by comparing HiClust-
ipPCA results with that of the EigenDev-ipPCA algonthm
using two genotype datasets. Each data dimension is an integer
value of either 0. 1, or 2, which represents the number of
minor allele of the single nucleotide polymorphism (SNP).
The first dataset comes from 47 breeds of bovine. having
1089 individuals and 44,706 SNPs [9]. The second dataset
is & collection of 28 sheep bieeds with 392 individuals and
1,406 SNPs [10].

The clustering results for the bovine dataset are shown in
Fig. 2 The EigenDev threshold of 037 is used in both algo-
rithms. The estimated cluster numbers are 34 for EigenDev-
ipPCA and 35 for HiClustipPCA. Although the estimated
numbers of cluster are lower than 47, it is hardly unexpected
since some breeds are extremely close genetically. The results
are also comparable to the original results reported in {9]. The
cluster assi in the t panel are similar between
HiClust-ipPCA and EigenDev ipPCA. Different cluster assign-
ments are depicted in the top panel of Fig. 2. It is observed
that the EigenDev-1pPCA clusters have more outliers. HiClust-
ipPCA produces no outlier but there are clusters with mixed
labels from breeds that are genetically similar For example,
the outhiers from breeds BOR, BRU, and ZMA (highlighted in
red) are eliminated by HiClust-ipPCA. The LMS breed which
is initally separated into two clusters by EigenDev ipPCA is
combined into one cluster by HiClustapPCA.

Figure 3 depicts the clustering results [or the 28-breed sheep
dataset with the EigenDev threshold of 0.30. The estimated
cluster number from EigenDevapPCA is 21 HiClustipPCA
detects 27 clusters out of 28 clusters. It is evident that clusters
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B, Moaxwrement of chistering accuracy

We mwasine the performanee of MiClust plPCA by com
paring its clustoring result 1o the given genetic labels using
e Foaeaswe fiom {11] Let Dy o {D DL DL D)
and D o LDF, D3, DY, DE | be two elustering resulia of
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TABLA Y
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are ligher than the measiges for PigenDev ipPCA presiifte,
confirming the improvement i clustering results avlieved
after applying owr hisrarchical clusteving technique

O Effect of the featsve selection techigue
We also wvestigate the effect of the feahure solection priv
ceture on clustermg quality. The HiClstighCA algontm
woapphied 1w both bovite and shoep datasets with vatying
numbers of data dunensions {number of SN The F
of the ¢ g results in conmy with the given
genetic labels are shown 1o Fig. 4. As expected, the Faneasure
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IV, CoNCLUSION

We have proposed s modifieation to the ol fule of
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Abstract

Issues ro explore in genolypic datasets inchade the
nnber and characteristic patterns of subpopulations
and, possibly, relationships among them. Model based
clustering methods have been adopied to find a number
of clusters and the individual assignments. However,
they cannot infer genetic relationships among subpopu.
larions the way phylogenetic trees, ¢.9., the widely-used
Neaghbor-Joining (NJ) iree, can. In this paper we pro-
pose an wnsupervised, deralive clustering framework
called iNJclust. It performs clustering on an NJ tree
with a graph-based partitioning techmque. The iera.
tive process enhances the zooming abildy and corrects
the topology of the final NJ trees. Inference on ge
netic simitarities between subpopuiations is aiso possi-
ble. As final outpus, the iNJclust algorithm provides an
estimate of the menber of clusters, individual assign-
ments, a population tree, as well as sub-trees of ithe
terminal nodes. We illustrate the superior clustering
performance of the proposed algorithm wsing Hunan
27 populations, bovine 47 breeds, and sheep 28 breeds
dataseis.

1. Introduction

In genetic data clustering problems, we often en-
counter clusters that cannot be differentiated correetly
and efficiently using model-based methods due 1o thewr
arbitrary shapes and minimal characteristic variations.
An alternative approach is to convert the clustering
problem into a graph partitioning problem. Data points
are viewed as leaf nodes on a graph, the pattern of clus-
ters as graph topology. Graph pastitomng is performed
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