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Abstract

The stock market is an uncertain world where crises occur randomly. The stock mar-

kets are considered to be complex systems as a consequence of the interdependencies

of financial instruments as well as their outputs. In addition, the stock markets are

evolving systems which develop continuously by adding new companies over time.

However, the stock markets have been a↵ected by successive and severe crises since

the middle of the last century. Indeed, the repercussions of financial crises are deep

and prolonged in the stock markets and on aspects of life. Therefore, it is important

to model and analyse the stock markets to predict and prevent the financial crises or

to reduce the aftermath of financial crises.

The modelling of a financial market into a complex network has been introduced

at the end of the last century. The idea of modelling the whole stock market by

using networks appears attractive because this idea leads to a discipline area that

combines the science of nonlinear time series analysis and complex networks theory.

The main aim of this thesis is to contribute and introduce new models to study the

stock markets using complex networks.

We construct a correlation network model to study stock markets. In this model,

we introduce a new quantitative measure to compute the similarity between stocks.

The structure and properties of networks is studied to uncover the interaction be-

tween the stocks during the financial crises.

In addition, we introduce a scale-free network to model the stock market. The

standard preferential attachment method, the conditional sectoral preferential at-

tachment method and a selection probability are combined into an algorithm to

construct a generative stock market model with scale-free properties. The community

structure of financial scale-free network is detected utilizing three di↵erent methods

to demonstrate the capacity of financial scale-free network to detect the sectors of

the stock market.
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Furthermore, we construct a weighted network model to study the stock markets

utilising three di↵erent techniques. Two of them are based on Pearson’s correlation

coe�cient and the third quantifies the similar volatility of stock prices. The network

topology and resilience are examine to evaluate the stock markets during the financial

crises.

Finally, we implement complex networks to investigate the political influences on

the stock markets, such as Brexit and the 2016 US Election events. We construct

a correlation network model to study eight di↵erent stock markets. The variation

of network measures is analysed to demonstrate how the stock markets respond to

these political events. A random process is used to test the existing networks against

the null hypothesis of no significant structure on the existing networks to validate

the results of study. The results of random networks confirm the results of study by

exhibiting similar responses to these political events.

In conclusion, the significant fluctuations in the measures of the correlation

network reflect responses of the NASDAQ market to financial crises. The observation

of the correlation network through successive windows verifies the growth model.

In addition, the algorithm constructed a generative financial market model with

scale-free properties. The community structure of financial scale-free network showed

the capacity to detect the sectors of a stock market. Furthermore, a weighted

network model was constructed using three di↵erent techniques. During financial

crises, the topology of weighted networks su↵ered significant variations, leading to

an increase in the average clustering and average shortest path. The robustness of

weighted network decreased during the same periods as market crashed. Finally, the

correlation network showed a capacity to discover and determine the influence of

political events on stock markets. The variation of network measures clearly reflected

how the stock markets responded to these political events.
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Chapter 1

Introduction

The stock market is an uncertain world where crises occur randomly [152]. The stock

markets have been a↵ected by successive and severe crises since the middle of the

last century, such as the first and second oil shocks (1973 - 1974, 1978 - 1979), Black

Monday, Gulf War (1990 - 1991), the 1997 Asian financial crisis, the 1998 Russian

financial crisis, Dot-com bubble, 9/11 attacks, Iraq War (2002 - 2003) and the 2008

financial crisis [37, 167]. Indeed, the repercussions of financial crises are deep and

prolonged in the stock markets and on aspects of life [130]. The financial crises lead

to a significant decrease in a stock price over a downturn of few years. This causes a

recession in the stock markets [43, 130].

In addition, the financial crises increase the unemployment rate as a consequence

of the bankruptcy of companies or lower costs during the crises period. An inflation-

ary period occurs often during the financial crises due to local currencies depreciation.

These crises lead to an increase poverty in society and shortage of health facilities

and nutrition between people, especially young generations because of the change in

public expenditures. These problems accompany with a decline in the gross domestic

product (GDP) [52, 130].

Furthermore, the financial crises cause an increase in the real value of government

debt as a consequence of collapse in governmental revenues, such as tax revenues.

This results in a large budget deficits following the financial crises. As a result,

governments decide to re-plan consumptions and postpone expenditures [52, 130].

Therefore, it is important to model and analyse stock markets to predict and

prevent financial crises or to reduce the aftermath of financial crises. Many studies

were conducted using economic theories and statistical methods to model the stock

markets [105, 123]. In addition, fractal geometry and scaling principles were em-
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CHAPTER 1. INTRODUCTION

ployed to study price change time series [97, 98]. Many models, such as Black-Scholes

equation, were introduced to estimate the value of financial instruments [20, 147, 160].

The stock markets, however, are considered to be complex systems as a conse-

quence of the interdependencies of financial instruments as well as their outputs

[54, 100]. In addition, the complexity of stock markets increases remarkably during

financial crises leading to di�culty in predicting the behaviour of stock markets.

Consequently, we should model the stock markets using a new way, such as complex

networks to deal with their complexity and address their crises.

The idea of modelling the whole stock markets by using networks appears attrac-

tive because this idea leads to a discipline area that combines the science of nonlinear

time series analysis and complex network theory. In addition, the complex network

simplifies the complexity of a financial market into a network which represents the

important components and relationship between them in the stock market. This fact

has motivated several researchers to contribute to the topic with di↵erent ideas of

modelling, even though this idea has started for two last decades.

A network G = (V,E) is a collection of nodes V connected together in pairs

by edges E which describe the relationship between them [113]. The independent

detection of complex network theory has been in di↵erent disciplines, but the complex

network theory may precisely be considered a discipline of applied mathematics.

The earliest detection was in 1736 by Leonard Euler during solving the Königsberg

Bridge Problem [110]. He introduced the concept of the traversable network to

prove that the problem was unsolvable [61]. Subsequently, the complex networks

(trees) were developed by Kirchho↵ in 1847 to solve the system of simultaneous

linear equations which describe the current in an electric network. This development

produced the basic concepts and theorems of trees in the complex network theory [61].

In 1857, a class of trees was discovered by Cayley to enumerate the isomers of

the saturated hydrocarbons in organic chemistry. The distinguishing feature of such

trees is that the degree of a node is 1 or 4, where the degree is the number of edges

connected to a node [61]. Sir William Hamilton utilised a regular solid dodecahedron

with 20 nodes to invent a game in 1859 called “around the world”. These nodes

labeled by the names of famous cities. The main aim was to prove the existence of a

spanning cycle in the network of a dodecahedron [61].

2



The 20th Century has witnessed the significant development of many disciplines,

such as statistical physics, social science and linear programming, to study some

challenges, for instance molecules, social life and flows. The accelerating evolution

of these fields has entailed an increase in the complexity of systems. Furthermore,

the increase in the complexity is a consequence of the cooperation and competition

between the components of a system and from the interaction between the system and

external forces [61, 113, 151]. These studies had used complex theory to illustrate

systems. Hence, this led to the introduction several network models to study a

complex system. In 1959, a random network model was introduced by Erdős and

Rényi [49, 50]. The random network is a set of nodes connected together in pairs

by edges based on random probabilities. Applying the random network model on a

real-world system results in the system’s properties being inadequately described, as

the construction of edges is based on a probability [110].

The small-world network model was later introduced by Watts and Strogatz to

construct a network which has high clustering and a small shortest path. The name

of the model was quoted analogously from the small-world phenomenon, which is

a well known social experiment called “six degree of separation” [157, 158, 159].

Indeed, the shortcomings of the random and small-world network models are that

the number of nodes is limited and the probability of producing new edges is uniform

[110, 113, 156]. This particularly leads to problems in dealing with evolving complex

systems that develop continuously by growing, that is new nodes or subgraph are

added over time.

The scale-free network model was proposed by Barabási and Albert in 1999 to

deal with the evolving complex systems of real-world application [12, 13, 156]. The

scale-free network model is a network model whose degree distribution follows a

power law with exponent ↵ typically in the range 2 to 3 [11, 12, 13]. Barabási and

Albert introduced two main algorithms to construct scale-free networks which are

the growth and preferential attachment [110, 156]. In order to construct the model

using the preferential attachment, it begins with m0 isolated nodes. The probability
Q

i that a new node will be connected to an existing node-i depending on the degree

ki of node-i is as follows
Q

i = ki/
P

j kj.

After t time steps, the preferential attachment algorithm generates a network

with N = t +m0 nodes and mt edges [13, 156]. Indeed, the emergent property of

the preferential attachment algorithm is that the connection of a new node is based

on the popularity. In other words, a popular node that already has many connec-

3



CHAPTER 1. INTRODUCTION

tions is more likely to acquire more connections. In graphical terms, a new node

is preferentially connected to an existing node with large degree. This leads to the

representation of the “rich get richer” phenomenon in the scale-free network model,

whereas this phenomenon is not considered by the other network models [11, 13, 156].

Most real-world systems nowadays can be understood as evolving complex systems

which develop continuously by adding a new component over time, for instance stock

markets. As aforementioned, the stock markets are considered to be complex systems

as a consequence of the interdependencies of financial instruments as well as their

outputs [54, 100]. The financial output is a sequence of observations or measurements

of a financial instrument over time, called a financial time series [41, 73]. The study

of stock markets is based on financial time series to understand the features and

structure of stock markets. Indeed, each financial time series seems to have its own

idiosyncrasies [123]. This leads to challenges when studying the financial time series

using sophisticated techniques.

1.1 Literature Review

The analysis of financial time series has been investigated using several disciplines,

which have applied di↵erent developed and sophisticated techniques to deal with the

di↵erent phenomena of financial time series. One of these disciplines is econometrics,

which combines statistical methods and economic theories to address the events in

financial markets [105, 123]. The objective of econometrics is to predict the future

value of a financial time series. The random walk model is the oldest model to predict

the price changes which are restricted by the assumption of this model [105]. Subse-

quently, many models have been proposed to deal with the analysis of financial time

series, such as the autoregressive moving average (ARMA), autoregressive conditional

heteroskedastic (ARCH) and generalized autoregressive conditional heteroskedastic

(GARCH) models [23, 24, 105, 123].

Fractal geometry and the scale principle of nonlinear time series analysis were

used by Mandelbrot in 1963 to study the changes of commodity prices [97, 98]. In

addition, he discovered the volatility clustering phenomenon in the commodity prices

[59]. Subsequently, this approach has been developed to deal with the underlying

non-linearity [98].

Black-Scholes di↵erential equation model was introduced in 1973 to evaluate an

option price in the stock markets [20, 147, 160]. An option is a financial agreement
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which grants to its holder the right to buy (call option) or to sell (put option) an

amount of a stock at a specific time (expiration date). There are two main types of

options: European options can be exercised only on the expiration date and American

options can be exercised at any time up to the expiration time [70]. Black and

Scholes considered assumptions to derive their model. These assumptions are that

the stock price follows the random walk. In addition, there are no transaction costs,

dividends and arbitrage possibilities. The interest rate and volatility are known and

constant over time. The exercise time is only on the expiration date, and short selling

is allowed. The modifications have been done in these assumptions to adjust the

equation with the market requirements leading to a nonlinearity in the Black-Scholes

equation. Hence, many numerical algorithms have been published to deal with the

obstacles of nonlinear model and find the numerical solution [48, 86, 129, 153].

Complex networks have a variety of models to deal with a single financial time

series or the whole stock markets. Visibility graphs have been used to map a financial

time series into a network, see figure (1.1). A correlation network model is a frequent

model which has been utilised to model the stock market, see figure (1.2). In addition,

a weighted network model has been employed infrequently to study stock markets.

In the following, as the idea of modelling the stock markets using complex network

started to receive interest at the end of last century, we will give an overview of the

important publications in these models.

Visibility graphs were introduced by Lacasa et al. in 2008 to map a time series

into a complex network [47, 81]. The algorithm maps a point of time series to a

node in the complex network, and the connection of nodes is based on a visibility

condition of local sequential observations, see figure (1.1). Many studies have used

visibility graphs to investigate the financial time series of a market index. Qian et al.

[128] adopted the visibility graph approach to construct 30 complex networks for

30 world stock market indices. These networks were used to generate the maximal,

minimal and random spanning trees to detect the allometric scaling behaviours of

markets’ indices. They showed that the scaling exponent for minimal spanning trees

is not influenced by the length of the index. The segmentation of developed financial

markets was mapped into networks using the visibility graph by Zhuang et al. [174].

The significant financial crisis that influenced the market integration was discovered

by the degree of visibility graphs. The community structure allowed the detection of

the large cycles and noise in the time series.

The correlation network is a common model which has been used to study stock
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Figure 1.1: Example illustrates the construction of visibility graph for a time series
(10 data values). The algorithm maps a point of time series to a node (in the same
order) in the complex network, and the connection of nodes is based on a visibility
condition of local sequential observations.

markets, see figure (1.2). The construction of correlation network depends on a

distance matrix that represents the similarity between stocks. The similarity is

computed using correlation coe�cients. Indeed, several methods have been employed

to connect the nodes of the correlation network. The first study of the stock market

using the context of network was in 1999 by Mantegna [100]. Mantegna determined

the minimum spanning tree (MST) method to connect the most relevant nodes

(stocks) in the New York Stock Exchange (NYSE) aiming to find a taxonomy of a

stock portfolio. This methodology is called an asset tree and has been subsequently

followed in a series of studies [74, 116, 118, 146, 150].

A planar maximally filtered graph (PMFG) was introduced by Tumminello et al. to

prevent loss of information during estimation of the hierarchical organization of MST

by increasing the number of edges [145]. An asset graph approach was introduced

by Onnela et al. [117, 120] to replace the methodology of Mantegna. They stated

that the robustness and stability of the asset graph are more than the asset tree [120].

A threshold method has been utilized to connect the nodes of the correlation

network. The idea of threshold method is that when the correlation coe�cient is

greater than a selected threshold, the corresponding nodes are connected. Huang

et al. [68] employed di↵erent thresholds to study the Chinese stock market using

6



1.1. LITERATURE REVIEW

T. S.1 T. S. 2

T. S. 3

T. S. 4

T. S. 5

CC12 = 0.65

CC23 = 0.1

CC34 = 0.46CC45 = 0.73

CC15 = 0.03

CC13 = 0.33

CC14 = 0.37

CC24 = 0.48

CC25 = 0.23

CC35 = 0.57

Figure 1.2: Example illustrates the construction of a correlation network model
for a set of time series (five time series (T.S. 1-5)). In top panel, the correlation
coe�cient of time series is computed. A threshold ✓ = 0.40 is determined to connect
the nodes in the bottom panel. When the correlation coe�cient value is greater than
threshold, the corresponding nodes are connected.

the correlation network. They confirmed a topological robustness in the results of

correlation network. Subsequently, a winner-take-all approach, which is based on

the threshold method, was used by Tse et al. [143] to construct the correlation

network for the United States of America (USA) stocks. They stated that the degree
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distribution followed the power law.

A weighted network model determines a weight for the edge of network to repre-

sent a relative strength of interaction between the corresponding nodes. In addition,

this edge weight preserves the information of properties of system and provides a

deeper insight into a dynamical behaviour of system [111, 141, 168]. Indeed, few

studies have examined stock markets using a weighted network model. Onnela

et al. constructed a dynamic asset tree using MST based on correlation matrices

to study NYSE in order to investigate the robustness [118]. They confirmed that

the asset tree topology is robust. Subsequently, NYSE was examined using a fully

connected weighted network instead of dynamic asset tree, aiming to reduce the

loss of the information of the network topology [125]. They verified that a higher

average shortest path length occurs with a smaller network resilience in this model.

The modular structure of financial markets and their hierarchical relationship were

studied by Yook et al. using a weighted network [168]. They employed two di↵erent

measures to construct the network. They verified that the information transfer

network is better than correlation network to detect the industrial classification of

financial markets when the time scale is large.

1.2 Thesis objectives

We are motivated by the capacity of complex networks to analyse financial time

series and model the stock markets in previous publications. In addition, we explore

how complex networks are employed to detect financial crises in the stock markets.

However, the behaviour of the degree distribution of correlation networks has been

studied to determine whether or not it follows a power law, even though the modelling

of stock markets using scale-free networks is missing. Additionally, the complex

networks are implemented to study essentially the financial crises, notwithstanding

the influences of political events are not less than the influences of financial crises.

Our main aim in this thesis is to investigate the extent to which a complex

network can provide a new model to deal with these issues in the stock markets.

More specifically, we aim to construct di↵erent network models for modelling the

stock markets to answer interesting questions regarding the modelling:

• Can we use a di↵erent financial instrument to measure the similarity between

stocks?

8
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• Can we model the stock market using a scale-free network model?

• Can we study the interaction of the companies of a sector in the market using

a scale-free network model?

• Can we model the stock market using a weighted network model?

• Can we use the volatility of stock price as a similarity measure in the weighted

network model?

• How to implement the complex network model to study the influence of political

events on the stock markets?

1.3 Thesis outline

This thesis is orgnized into six chapters. Apart from the introductory and concluding

chapters, the main core of our own research is arranged into four chapters of this

thesis and each chapter represents a single paper. These papers are under revision

(Chapter 3) and in preparation (Chapters 2, 4 and5).

In Chapter 2 we construct a correlation network model, which is undirected

and unweighted, using a new quantitive measure for similarity property. This new

measure combines the stock price, the volatility of the stock price and the correlation

coe�cient of the stock price. The structure and properties of the complex network

are studied to show the interaction of the companies in the stock market during the

financial crises and to demonstrate the impact of financial crises on the stock market.

In addition, we employ the long period of data set to simulate the development of

the stock market.

In Chapter 3 we introduce a scale-free complex network model of stock markets.

We construct the model using an algorithm which combines the standard preferential

attachment method, the conditional sectoral preferential attachment method and

a selection probability. We study the structure and properties of model when the

probability moves from zero to one. In addition, we study the interaction of compa-

nies of a sector in the stock market using the community structure.

In Chapter 4 we establish a weighted complex network using three di↵erent

techniques to study the stock market. Two of them are based on Pearson’s correla-

tion coe�cient and the third quantifies the similar volatility of stock prices. The

structure and properties of these techniques are compared to show the evaluation

9
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and robustness of the stock market during financial crises.

In Chapter 5 we implement the complex network model to study the influence

of political events on the stock markets. We employ the correlation network model

to study eight datasets from eight di↵erent stock markets. We study the influence

of the Brexit and the 2016 USA elections events on these stock markets using the

network structure and properties during the period of these events.

The conclusion of the thesis is given in Chapter 6 where we summarise the main

results of the previous chapters. We conclude that a complex network can provide a

new model, such as scale-free network and weighted network to study stock markets.

In addition, a correlation network shows a capacity to investigate the influence of

political events on stock markets.
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Chapter 2

Using A Developed Correlation

Complex Network Model to Study

NASDAQ Market Equities

ABSTRACT

The science of complex networks has been applied to the study of many complex

systems, including financial markets. In this study, data representing the daily

closing stock price of companies traded in the NASDAQ market from 1973 to 2014

is investigated. We divide this data period into 121 windows. A new quantitative

measure is introduced to compute the similarity between a pair of stock prices, and

the adaptive nearest neighbour network is employed to connect the nodes of a network

for each window. Centrality measures, average clustering, density, diameter, shortest

path, entropy and maximum eigenvalue are then studied in each window, and changes

in network structure is examined to show how well they reflect the response of the

NASDAQ market to financial crises. We find that fluctuations in network measures

are consistent with actual NASDAQ market responses and, as expected, the network

measures are indicative of the fluctuations in stock price.

2.1 Introduction

The stock price is one of the numbers which describes the performance of a company

in a financial market [120]. The fluctuation of stock price is caused by many direct

and indirect issues which influence the company or business sector to which the

stock belongs. In recent times, financial markets have been a↵ected by a series of

crises including the first (1973) and second (1978) oil crises, Black Monday, the
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1997 East Asian crisis, the 1998 Russian collapse, the 1999 Brazilian devaluation,

the 2000 technological crisis, the 2007 United States of America (USA) sub-prime

mortgage crisis and the 2009 European debt crisis. As financial market instruments

are also immediately a↵ected by these complex and interdependent crises they can

be considered as a complex system and examined by complex network analysis.

Over the last decade or so, complex networks have been used to examine di↵erent

complex systems, such as the internet [22, 92], electrical power grids [110, 124]

and financial markets [100, 117]. Complex network analysis explores the structure

and property of networks, which are constructed utilizing di↵erent arithmetical

methods, by using several statistical approaches. From a di↵erent view point, the

network is examined by these approaches to present the segments of a complex system.

To date, a number of complex network studies have been conducted to examine

financial markets. Mantegna [100] introduced the first study to examine the possi-

bility of existence of a taxonomy of a portfolio of stocks using a complex network.

He used the correlation coe�cient to compute the similarity between a pair of stock

prices, forming a distance matrix of a network. He then employed the minimum

spanning tree (MST) method to select the most relevant nodes (stocks) based on

the distance matrix, and resulting in a network (tree) with (N � 1) edges. This tree

leads to the detection of a taxonomy of financial markets. Mantegna’s approach was

utilized in a series of papers [74, 116, 118, 146, 150]. Subsequently, Onnela et al.

[117, 120] modified Mantegna’s approach by introducing an asset graph approach.

The construction of an asset graph chooses only the shortest edges in the correlation

matrix. More precisely, the edges were inserted one by one between the nodes

according to the rank of their correlation strength to construct the asset graph, or

possibly even several asset graphs which are not required to be interconnected. The

interesting advantage of the asset graph approach is that the number of edges is

similar to the number of edges of the asset tree approach (Mantegna’s approach) to

allow for a comparison process. Onnela et al. highlighted the capacity of the asset

graph approach to detect the strong clustering in the financial markets more than

the asset tree approach [120]. Tse et al. [143] later used a winner-take-all approach

instead of the asset graph approach to construct edges of the correlation network

for USA stocks. They stated that the full network of stock prices, price returns

and volumes form a scale-free network model. A correlation network constructed

by Huang et al. [68] was then used to study the Chinese stock market, employing

di↵erent threshold values. They claimed that the size of the correlation network

decreased when the threshold value increased, and also the network topology became
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fragile during intentional attacks.

In this chapter, we describe the study of the NASDAQ market using a complex

network technique. Specifically, we investigate the similarity between the financial

time series of a pair of stock prices in the data. The data used included 589 companies’

stock price traded in the NASDAQ market. As the similarity between a pair of stock

prices is most commonly quantified using a correlation coe�cient, we introduce a

new quantitative measure, which combines the stock price, volatility of the stock

price and the correlation coe�cient, to compute the distance matrix and this is

the first contribution of this chapter. To construct the network, we employ the

adaptive nearest neighbour method to connect the stocks in the network. The second

contribution of this chapter is an examination of the network through each window us-

ing complex network measures to explore the impact of financial crises on the network.

The structure of this chapter is as follows. We provide the description of data in

Section 2.2. In Section 2.3 we describe the network construction. The application

of the complex network and the results are presented in Section 2.4. Finally, we

conclude our research in Section 2.5.

2.2 The Data

The data studied in this chapter represent the daily closing stock price traded in the

NASDAQ stock market in the United States of America (USA). More specifically, the

data contains 589 stocks and was collected through Thomson Reuters Datastream

Professional on September 30th, 2014. This datastream is managed by the Business

School at The University of Western Australia. The companies history covers 41

years from January 2th, 1973 to September 29th, 2014, see figure (2.1). The data

includes 36 industrial sectors as shown in the table (2.1). Moreover, the daily data of

the NASDAQ index was collected to compute the percentage of cumulative change

over 41 years, see figure (2.10).

Sector # of companies

1 Technology Hardware & Equipment 71

2 Software & Computer Services 69

3 Pharmaceuticals & Biotechnology 64

4 Banks 50

5 General Retailers 39
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Sector # of companies

6 Travel & Leisure 37

7 Health Care Equipment & Services 31

8 Media 25

9 Financial Services 24

10 Support Services 22

11 Electronic & Electrical Equipment 16

12 Oil & Gas Producers 15

13 Food Producers 11

14 Industrial Transportation 11

15 Nonlife Insurance 9

16 Equity Investment Instruments 8

17 Personal Goods 8

18 Real Estate Investment Trusts 8

19 Automobiles & Parts 7

20 Industrial Engineering 7

21 Leisure Goods 7

22 Alternative Energy 6

23 Food & Drug Retailers 6

24 Chemicals 5

25 Household Goods & Home Construction 5

26 Oil Equipment & Services 5

27 Fixed Line Telecommunications 4

28 Industrial Metals & Mining 4

29 Mining 3

30 Aerospace & Defense 2

31 Construction & Materials 2

32 Electricity 2

33 Mobile Telecommunications 2

34 Real Estate Investment & Services 2

35 Beverages 1

36 General Industrials 1

Table 2.1: The sectors of data and the number of companies in each of them. There
are 36 di↵erent sectors which represent around 87% of the NASDAQ market’s sectors.
The largest sector is Technology Hardware & Equipment and the smallest sector are
Beverages and the General Industrials.
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Figure 2.1: The length of time for companies to be in the NASDAQ Stock Market
for trading. This shows the number of companies in financial data at each length of
time. The length 41 represents 1973 which is the beginning date of the data period.
In addition, the length < 1 represents 2014 which the end date of the data period.
The highest number of companies is at the length 41. The following ten years, which
is represented by the length 40 to 31, have lower numbers of companies, especially
the length 40, 35 and 34 due to the foundation of NASDAQ index. After that, the
number of companies increases gradually as a consequence of the increase of the trust
of market between the investors. This data set does not have companies which are
added in 36 and 37 years.

2.3 Network Construction

In this study, the data time period was divided uniformly to create 121 windows

with each window containing 90 traded days, see table (2.2). We considered the

stocks as nodes in this construction.

Correlation coe�cients have been commonly used to construct networks of finan-

cial time series, for example [79, 100]. To the best of our knowledge, no previous

research has attempted to use financial instruments founding networks of financial

markets. We therefore combined stock prices, volatility of stock prices and the corre-

lation coe�cient together to compute the distance matrix of data in each window

according to the following formula:

di,j =
ksi � sjk2 + � | �i � �j |

Ci,j
, (2.1)
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where 0 < � ⌧ 1, �i and �j are the volatility of stock price si and sj , respectively,

and Ci,j is the correlation coe�cient for each pair of stocks. We chose � = 1 to allow

the stock price and volatility to contribute equally to the formula. The developed

formula (2.1) fulfilled the following distance axioms:

di,j = 0 if i = j,

di,j = dj,i.

The distance matrix, therefore, was a symmetric matrix with zero on the main

diagonal.

Window Start End Window Start End

1 2/1/1973 7/5/1973 2 8/5/1973 10/9/1973

3 11/9/1973 14/1/1974 4 15/1/1974 20/5/1974

5 21/5/1974 23/9/1974 6 24/9/1974 27/1/1975

7 28/1/1975 2/6/1975 8 3/6/1975 6/10/1975

9 7/10/1975 9/2/1976 10 10/2/1976 14/6/1976

11 15/6/1976 18/10/1976 12 19/10/1976 21/2/1977

13 22/2/1977 27/6/1977 14 28/6/1977 31/10/1977

15 1/11/1977 6/3/1978 16 7/3/1978 10/7/1978

17 11/7/1978 13/11/1978 18 14/11/1978 19/3/1979

19 20/3/1979 23/7/1979 20 24/7/1979 26/11/1979

21 27/11/1979 31/3/1980 22 1/4/1980 4/8/1980

23 5/8/1980 8/12/1980 24 9/12/1980 13/4/1981

25 14/4/1981 17/8/1981 26 18/8/1981 21/12/1981

27 22/12/1981 26/4/1982 28 27/4/1982 30/8/1982

29 1/9/1982 3/1/1983 30 4/1/1983 9/5/1983

31 10/5/1983 12/9/1983 32 13/9/1983 16/1/1984

33 17/1/1984 21/5/1984 34 22/5/1984 24/9/1984

35 25/9/1984 28/1/1985 36 29/1/1985 3/6/1985

37 4/6/1985 7/10/1985 38 8/10/1985 10/2/1986

39 11/2/1986 16/6/1986 40 17/6/1986 20/10/1986

41 21/10/1986 23/2/1987 42 24/2/1987 29/6/1987

43 30/6/1987 2/11/1987 44 3/11/1987 7/3/1988

45 8/3/1988 11/7/1988 46 12/7/1988 14/11/1988

47 15/11/1988 20/3/1989 48 21/3/1989 24/7/1989
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Window Start End Window Start End

49 25/7/1989 27/11/1989 50 28/11/1989 2/4/1990

51 3/4/1990 6/8/1990 52 7/8/1990 10/12/1990

53 11/12/1990 15/4/1991 54 16/4/1991 19/8/1991

55 20/8/1991 23/12/1991 56 24/12/1991 27/4/1992

57 28/4/1992 31/8/1992 58 1/9/1992 4/1/1993

59 5/1/1993 10/5/1993 60 11/5/1993 13/9/1993

61 14/9/1993 17/1/1994 62 18/1/1994 23/5/1994

63 24/5/1994 26/9/1994 64 27/9/1994 30/1/1995

65 31/1/1995 5/6/1995 66 6/6/1995 9/10/1995

67 10/10/1995 12/2/1996 68 13/2/1996 17/6/1996

69 18/6/1996 21/10/1996 70 22/10/1996 24/2/1997

71 25/2/1997 30/6/1997 72 1/7/1997 3/11/1997

73 4/11/1997 9/3/1998 74 10/3/1998 13/7/1998

75 14/7/1998 16/11/1998 76 17/11/1998 22/3/1999

77 23/3/1999 26/7/1999 78 27/7/1999 29/11/1999

79 30/11/1999 3/4/2000 80 4/4/2000 7/8/2000

81 8/8/2000 11/12/2000 82 12/12/2000 16/4/2001

83 17/4/2001 20/8/2001 84 21/8/2001 24/12/2001

85 25/12/2001 29/4/2002 86 30/4/2002 2/9/2002

87 3/9/2002 6/1/2003 88 7/1/2003 12/5/2003

89 13/5/2003 15/9/2003 90 16/9/2003 19/1/2004

91 20/1/2004 24/5/2004 92 25/5/2004 27/9/2004

93 28/9/2004 31/1/2005 94 1/2/2005 6/6/2005

95 7/6/2005 10/10/2005 96 11/10/2005 13/2/2006

97 14/2/2006 19/6/2006 98 20/6/2006 23/10/2006

99 24/10/2006 26/2/2007 100 27/2/2007 2/7/2007

101 3/7/2007 5/11/2007 102 6/11/2007 10/3/2008

103 11/3/2008 14/7/2008 104 15/7/2008 17/11/2008

105 18/11/2008 23/3/2009 106 24/3/2009 27/7/2009

107 28/7/2009 30/11/2009 108 1/12/2009 5/4/2010

109 6/4/2010 9/8/2010 110 10/8/2010 13/12/2010

111 14/12/2010 18/4/2011 112 19/4/2011 22/8/2011

113 23/8/2011 26/12/2011 114 27/12/2011 30/4/2012

115 1/5/2012 3/9/2012 116 4/9/2012 7/1/2013

117 8/1/2013 13/5/2013 118 14/5/2013 16/9/2013

119 17/9/2013 20/1/2014 120 21/1/2014 26/5/2014
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Window Start End Window Start End

121 27/5/2014 29/9/2014 — — —

Table 2.2: Beginning and end of each window which contains 90 traded days. In
total, 121 windows cover the whole data period.

We then used a statistical method to estimate the volatility of the stock price for

each window. We assumed that the stock price followed the stochastic di↵erential

equation:
ds

s
= µdt+ �dW, (2.3)

where µ and � are the drift and volatility of the stock price, respectively, and dW

is known as a Wiener process and is normally distributed. This model (2.3) is

considered to be a good economic model for a real time series data of stock price in

the financial markets, and provides a strong foundation for the development of more

advanced models. It can, moreover, provide useful information with regard to the

behaviour of stock price in a probabilistic manner [70, 160]. The variance estimate

�̄2 can consequently be used for �2. We computed firstly the mean m̄ utilising the

following formula:

m̄ =
1

ndt

n�1X

i=0

si+1 � si
si

, (2.4)

and then

�̄2 =
1

(n� 1)dt

n�1X

i=0

✓
si+1 � si

si
� m̄

◆
. (2.5)

The time-step dt has to be constant. For more details see [161].

The adaptive nearest neighbour method [47] was then employed to construct an

adjacency matrix of the network for each window at k = 5. This method avoids the

double counting of neighbouring nodes leading to an increase in the edge densities in

the network [47].

2.4 Results

We have examined the adjacency matrix of each network using centrality, which

quantifies the number of connections associated with the nodes in the network, and

provides a measure of the importance of nodes in the networks [113]. As di↵erent

centrality measures are used for di↵erent purposes; the centrality measures we used

were betweenness, closeness, degree and maximum eigenvalue. Moreover, we explored
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Figure 2.2: Number of realised nodes in each window, from 33 nodes in the first
window to 581 nodes in the last window. This increase is a consequence of the
variation in the companies’ history in the NASDAQ market.

the change in the network structure using the average clustering, shortest path,

diameter and edges density measures through the windows [113]. The proportion of

reciprocal information between the nodes was measured using the network entropy

in each window [2, 135].

As aforementioned, the data period covers 41 years and the traded history of

companies is diverse in this data. Figure (2.1) shows the history of 589 companies

traded in the NASDAQ market, ranging from less than one year to more than 41

years. The number of companies in each history is also shown. Our network model

is a growth model, which is beneficial to illustrate the development of NASDAQ

market over the data period through designated windows. There are 33 nodes in the

first window and this increases sharply to 581 nodes in the last window, see figure

(2.2). The resulting networks, consequently, are sparse in the early windows and

become increasingly dense over the following windows, see figure (2.5).

Generally, the properties of the network have changed through windows as a

result of the development of the network. The growth of the network size led to a

steady increase in the network diameter, from two in the first window to five in the

last window, notwithstanding the diameter fluctuated during the periods of crisis,

see figure (2.4). The diameter had the highest value after the financial crisis of

2008 (windows 108 and 109). Moreover, the shortest path developed increasingly

throughout the windows, even though there were some fluctuations to reach a peak

or valley during this development as a consequence of crises, see figure (2.13). The
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Figure 2.3: Average clustering of the network through successive windows. The
average clustering fluctuates through windows, reflecting the fluctuation of stock prices
in the NASDAQ market. In the first 21 windows, the average clustering fluctuates to
reach a valley or peak as a result of the first (1973) (windows 1-6) and second (1978)
(windows 16-21) oil shocks. Black Monday a↵ected the NASDAQ market, leading to
an increase in the average clustering to reach a peak in window 43. In window 53,
the average clustering reaches a peak as a consequence of the Gulf War in 1990-1991.
The average clustering decreases gradually in windows 78-80 because of the collapse
of the dot-com bubble in 2000. In window 87, the average clustering increases to
reach a peak as a result of the Iraq War. The average clustering fluctuates slightly in
windows 101-106 as a consequence of the 2008 financial crisis.

higher local peak of shortest path was during the Gulf War crisis (window 52)

and the lower local valley was after the financial crisis of 2008 (window 110). The

maximum eigenvalue of the network reached the highest peak during the Gulf War

crisis (window 53), the financial crisis of 2008 (window 104) and also after the crisis

in window 110, see figure (2.15). On the other hand, the adaptive nearest neighbour

method restricted the number of edges for a node during the network construction.

Moreover, the number of nodes increased sharply throughout successive windows.

This led to a progressive decrease in the network edges density through windows,

nonetheless there were slight fluctuations during the period of each crises, see figure

(2.11). The highest value of density was in the first window. In addition, the average

clustering fluctuated clearly to reach a peak in the early windows as a response to

numerous crises. Then, the average clustering decreased slightly in the following

windows, nevertheless there were distinctive increases during the periods of crisis in

these windows, see figure (2.3). The highest peak of average clustering was during

the first oil crisis (window 5). The network entropy responded clearly to the financial

crises by showing a decline of value illustrated by a valley during the period of a

crisis. The lowest valley in the network entropy value was during the Gulf War
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Figure 2.4: Diameter of the network over successive windows. The diameter
increases progressively as a consequence of the development of the network throughout
successive windows. The diameter is two in the first window and increases slightly
to five in the last window. The highest diameter value is 6, in window 109 and 110
after the 2008 financial crisis. The diameter increases during the period of Black
Monday in window 43. Moreover, the diameter increases in window 52, and then
decreases sharply in window 53 because of the Gulf War.

period (window 53), see figure (2.14).

In the following, we will explore and summarize the response of the NASDAQ

Stock Market to numerous significant crises using the change in the network structure

and network properties throughout successive windows.

There is an inverse semipermanent relationship between oil price and stock mar-

kets. This means that when oil price fluctuates up or down, stock price moves in

the opposite direction [104]. This occurred in the two oil crises at the beginning and

end of the 1970s when the stock prices fell, a↵ecting the NASDAQ market. The

influence of these two oil crises is evident in the first 21 windows. Even though the

number of vertices is small in the first six windows and the NASDAQ market is

in the early stages of establishment, the impact of the 1973 - 1974 oil crisis is still

apparent. The fluctuation of centrality measures clearly reflects the change in the

market. The changes in the value of betweenness centrality are accompanied by

changes in the value of closeness centrality in the same direction. Both also behave

in a similar manner to the NASDAQ index’s behaviour across these windows, see

figure (2.10). Betweenness and closeness increase in the second, fourth and sixth

windows and decreases by 20 per cent in the third and fifth windows, see figures

(2.6) and (2.7). On the other hand, the change in the network topology occurred
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(a) Window 1

(b) Window 10

(c) Window 30 (d) Window 60

(e) Window 90 (f) Window 121

Figure 2.5: Network produced through selected successive windows. The network
is sparse in the early windows and becomes increasingly dense through the following
windows, reflecting the development of the NASDAQ market over the data period.
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Figure 2.6: The histogram of logarithmic betweenness centrality over the consecutive
windows. The betweenness centrality responds clearly to the financial crises. This
response comes in fluctuations during the periods of crisis. The change in betweenness
reflects clearly the change in the network structure, especially during the periods of
financial crisis. The betweenness increases in windows 2, 4 and 6, and decreases in
windows 3 and 5 as a consequence of the first oil shock. Moreover, the betweenness
decreases clearly in windows 16, 19 and 21 as a result of the second oil shock. In
windows 43-44, the betweenness declines because of the Black Monday crisis. The
Gulf War leads to a decrease in the betweenness in window 51, a slight increase in
window 52 and then a sharp decrease in window 53. The betweenness increases in
window 78 and decreases gradually in windows 79 and 80 as the market attempts to
recover from the dot-com bubble collapse. The Iraq War leads to a decrease in the
betweenness in window 86 and then an increase in windows 87-88. The betweenness
decreases sharply in window 102, increases dramatically in window 103 as the market
attempts to recover, and then decreases again in window 104 as a result of the 2008
financial crisis.

across these windows as a response to this crisis. The average clustering oscillated to

reach a clear valley and peak in a frequent sequence in these windows. The highest

peak was in window 5 and the lowest valley was in window 2, see figure (2.3). The

distance increased between the network nodes represented by the diameter increased

from 2 to 4, and the shortest path reached a peak in window 2, see figures (2.4) and

(2.13). However, the network entropy decreased clearly to produce a valley in window

3, indicating the reduction of information rate between the nodes, see figure (2.14).

The combination of the 1973-1974 oil crisis, recession and financial instability

created a bear market in the NASDAQ in the mid-1970s [43]. The fluctuation of

centrality measures and the change in the network structure in the first nine windows

clearly reflect this bear market. The betweenness and closeness centrality measures
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Figure 2.7: The histogram of logarithmic closeness centrality over the consecutive
windows. The closeness centrality responds clearly to financial crises. This response
comes in fluctuations during the periods of crisis. The change in closeness reflects
clearly the change in the network structure, especially during the periods of financial
crisis. The closeness increases in windows 2, 4 and 6, and decreases in windows 3
and 5 as a consequence of the first oil shock. Moreover, the closeness decreases clearly
in windows 16, 19 and 21 as a result of the second oil shock. In windows 43-44, the
closeness declines because of the Black Monday crisis. The closeness decreases in
window 51, slightly increases in window 52 and then sharply decreases in window 53
during the Gulf War period. The closeness increases in window 78 and decreases
gradually in windows 79 and 80 as the market attempts to recover from the dot-com
bubble collapse. The Iraq War leads to a decrease in the closeness in window 86
and an increase in windows 87-88. The closeness decreases sharply in window 102,
increases dramatically in window 103 as the market attempts to recover and then
decreases again in window 104 as a result of the 2008 financial crisis.

decreased sharply by 20 per cent or more in the third, fifth and ninth windows, see

figures (2.6) and (2.7). The average clustering increased to reach a peak in window

9, see figure (2.3). The fluctuation of network measures in the remaining windows

reflects the NASDAQ market’s attempts to recover from these crises. Unfortunately,

this recovery did not continue for long because the NASDAQ market was a↵ected by

the second oil crisis at the end of the 1970s. The influence of the second oil crisis is

apparent in the windows 16-21 with significant fluctuation of centrality measures in

these windows. The betweenness and closeness centrality measures decreased by 20

per cent or more in windows 16, 19 and 21, and fluctuated irregularly in windows 17,

18 and 20; see figures (2.6) and (2.7). Moreover, the average clustering increased

sharply to reach a peak in window 16 and then fluctuated in the remaining period of

crisis, see figure (2.3). This led to an increase in the network density and a decrease

in the shortest path in window 16, see figures (2.11) and (2.13). In addition, the
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Figure 2.8: The histogram of logarithmic degree centrality over the consecutive
windows. The degree centrality responds clearly to financial crises. This response
comes in fluctuations during the periods of crisis. The change in degree reflects
clearly the change in the network structure, especially during the periods of financial
crisis. The degree increases in windows 2, 4 and 6, and decreases in windows 3 and
5 as a consequence of the first oil shock. Moreover, the degree decreases clearly in
windows 16, 19 and 21 as a result of the second oil shock. In windows 43-44, the
degree declines because of the Black Monday crisis. The degree decreases in window
51, slightly increases in window 52 and then sharply decreases in window 53 during
the Gulf War period. The degree increases significantly in window 78 and decreases
gradually in windows 79 and 80 as the market attempts to recover from the dot-com
bubble collapse. The Iraq War leads to a decrease in the degree in window 86 and an
increase in windows 87-88. The degree decreases sharply in window 102, increases
dramatically in window 103 as the market attempts to recover, and then decreases
again in window 104 as a result of the 2008 financial crisis.

network entropy decreased to create a valley in window 21, see figure (2.14).

The propagation of crisis between the financial markets, whether international or

domestic, is particularly notable during financial crises such as Black Monday. Black

Monday happened after the Dow Jones Industrial Average (DJIA) declined sharply

by 22.6% in October 19th, 1987 trading session. This crisis then propagated over

the international financial markets causing a significant decrease in these markets,

including a 11.35% decrease in the NASDAQ [36]. In the complex network, this is

evident in the centrality measures, which decreased in window 43 and into window

44 because Black Monday happened in the last ten days of window 43, see figures

(2.6), (2.7) and (2.8). As a result, the network of window 43 was more clustered than

adjacent windows, see figure (2.9). The average clustering of window 43, moreover,
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window 42 window 43 window 44

Figure 2.9: The network produced for windows 42, 43 and 44, respectively. The
network of window 43 is more clustered than adjacent windows. The change in the
network structure occurs as a result of the Black Monday crisis. This clustering
structure leads to an increase in the average clustering and the shortest path values,
reaching a peak in window 43. Also, the density and the maximum eigenvalue increase
slightly in the same window. In contrast, the entropy decreases clearly in window 43.

was greater than the windows either side and also reached a significant peak, see

figure (2.3). As a result of clustering network, the diameter of window 43 reached

five and the shortest path increased clearly to reach a peak, see figures (2.4) and

(2.13). In addition, the network entropy decreased in this window, see figure (2.14).

The financial markets have been significantly influenced by the impact of war,

such as the Gulf War in 1990-1991. The sharp increase in the oil price during the

Gulf War caused fluctuations in the stock market [72, 167]. The impact of the Gulf

War on the NASDAQ market can be seen in windows 51-53. The centrality measures

decreased in window 51, increased slightly in window 52 as the market attempted

to recover, and decreased sharply again in window 53, see figures (2.6), (2.7) and

(2.8). The network appeared concentrated as a star in window 53 and this led to

an increase in the average clustering, to reach a clear peak in the same window, see

figures (2.12) and (2.3). Moreover, the diameter decreased to 3 and the shortest

path also decreased to produce a clear valley in window 53, see figures (2.4) and

(2.13). In addition, the network entropy decreased sharply to reach the lowest valley

in window 53, see figure (2.14). In contrast, the maximum eigenvalue of the network

increased significantly to reach the highest peak in the same window, see figure (2.15).

The financial markets have been historically influenced by speculative bubbles [7].

The stock price of the internet sector increased dramatically causing a speculative

bubble in the NASDAQ market at the end of the 1990s. The dot-com bubble crash
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Figure 2.10: The percentage of cumulative change of the NASDAQ index over the
specified period with the same size windows. The cumulative change shows clearly the
response of the NASDAQ market to financial crises. Moreover, the cumulative change
behaves in a similar manner to the network measures, especially during periods of
financial crisis.
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Figure 2.11: The network edges density over successive windows. The edges density
declines slowly throughout the successive windows, even though there are fluctuations
during the periods of crisis. In the first 21 windows, the edges density fluctuates and
increases to reach a peak in windows 6, 16 and 19, respectively, as a result of the first
and second oil shocks. In window 43, the edges density increases slightly because of
the Black Monday crisis. The edges density increases during the Gulf War in window
53. In window 104, the edges density increases slightly because of the 2008 financial
crisis.

decreased the index of NASDAQ market by 84 points in March 10th, 2000 trading

session. The impact of the dot-com bubble crash on the NASDAQ market is shown

in windows 78-80. The centrality measures increased dramatically in window 78

and then decreased gradually in windows 79-80 as the market attempted to recover
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window 51 window 52

window 53 window 54

Figure 2.12: The network produced for windows 51, 52 and 53, respectively. The
change in the network structure occurs as a consequence of the Gulf War. The
network appears concentrated as a star in window 53. The network of adjacent
windows is less concentrated, there are even a few hubs in windows 51 and 54. As
a result, the average clustering decreases in window 52 and then increases clearly
in window 53. In contrast, the diameter and shortest path increase in window 52
and then decrease in window 53. The network entropy decreases sharply to reach the
lowest valley in window 53. The maximum eigenvalue increases to reach the highest
peak in the same window.

after the dot-com bubble collapsed. Moreover, the centrality measures behaved in a

similar style to the NASDAQ market index’s behaviour in the same windows, see

figures (2.6), (2.7), (2.8) and (2.10). The average clustering decreased clearly in

window 80 as a response to the dot-com bubble collapse, see figure (2.3).

Significant geopolitical events have historically had a negative impact on the
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Figure 2.13: The shortest path of the network through successive windows. As a
result of the growth network model, the shortest path increases gradually over the
successive windows coupled with fluctuations, especially during the crises periods.
The shortest path reacts to the first and second oil shocks by increasing in windows
2 and 20 and decreasing in window 16. In window 43, the shortest path increases
because of the Black Monday crisis. The shortest path increases during the Gulf War
to reach a peak in window 52 and then decreases sharply to attain a valley in window
53 as a consequence of the concentrated network. The dot-com bubble and the Iraq
War increase the shortest path in windows 80 and 88, respectively. In window 103,
the shortest path decreases to reach a valley as a result of the 2008 financial crisis.

financial markets, such as the Iraq War in 2003. The Iraq War led to an increase

in the oil price, which caused fluctuations in the financial markets [72, 167]. The

influence of the Iraq War on the NASDAQ market is evident in windows 86-88.

The centrality measures decreased in window 86 and then increased progressively

in windows 87 and 88 as the market attempted to recover, see figures (2.6), (2.7)

and (2.8). On the other hand, the average clustering increased clearly to reach a

peak in window 87 and decreased sharply in window 88, see figure (2.3). This led

to an increase in the shortest path to reach a peak in window 88, see figure (2.13).

Moreover, the maximum eigenvalue decreased clearly in window 88, see figure (2.15).

The financial markets were significantly influenced by the financial crisis of 2008,

which occurred as a result of the USA subprime crisis in 2007 [37, 172]. The response

of the NASDAQ market to the financial crisis of 2008 can be seen in windows 101-104.

The centrality measures decreased sharply in window 102 and recovered dramatically

in window 103. However, this recovery did not continue for a long time because

the NASDAQ market was still influenced by the crisis and the centrality measures

declined significantly again in window 104. Then the centrality measures increased

steadily across the subsequent windows as the market gradually attempted to recover,
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Figure 2.14: The network entropy through successive windows. The network entropy
shows a clear response to the financial crises. This response comes in a valley form
during the period of a crisis. The network entropy responds to the first and second oil
shocks by producing a valley in windows 3 and 21. The network entropy decreases in
window 43 as a result of the Black Monday crisis. In window 53, the network entropy
decreases sharply to reach the lowest valley because of the Gulf War. The dot-com
bubble and the Iraq War cause fluctuations in the network entropy in windows (78-80)
and (86-88), respectively. The network entropy reaches the second lowest valley during
the 2008 financial crisis period in window 104.

see figures (2.6), (2.7) and (2.8). The centrality measures conducted in a similar

manner to the index of NASDAQ market across these windows, see figure (2.10).

The average clustering fluctuated slightly in windows 101-106. The network structure

was dense in window 104, as a result of a decrease in the shortest path, to reach a

valley, see figure (2.13). The edges density, furthermore, is greater in window 104

than adjacent windows, see figure (2.11). The network entropy clearly decreased in

window 104 to create a valley, see figure (2.14). In contrast, the maximum eigenvalue

increased sharply to reach a peak in the same window, see figure (2.15).

2.5 Conclusion

In this chapter, we studied the NASDAQ market using a complex network. The data

used for the network was the daily closing stock price of 589 companies which traded

in the NASDAQ market in the USA. These companies have di↵erent histories in

this market and include 36 industrial sectors. Using this data, we introduced a new

quantitative measure to combine stock price, volatility and correlation coe�cients to

compute the distance between a pair of financial time series in each window. Fur-

thermore, we used the adaptive nearest neighbour method to construct an adjacency

matrix in each window. We then examined each network by exploring the change in
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Figure 2.15: The maximum eigenvalue of the network through successive windows.
The maximum eigenvalue reacts to many financial crises. The maximum eigenvalue
reacts to the first and second oil shocks by reaching a peak in windows 5 and 16. In
window 43, the maximum eigenvalue increases slightly because of the Black Monday
crisis. The maximum eigenvalue reaches its highest peak during the Gulf War in
window 53. The dot-com bubble causes fluctuations in the maximum eigenvalue value
in windows 78-80. The maximum eigenvalue increases clearly in window 86, decreases
slightly in the following window and then decreases sharply agin in window 88 because
of the Iraq War (2003). The maximum eigenvalue reaches the second highest peak
during the 2008 financial crisis in window 104.

network properties and structure to observe the response of the NASDAQ market to

financial crises.

In this study, the analysis of the network structure has led to the reality of a

growth network model. By employing the long data period, this network model

e↵ectively simulates the development of the NASDAQ market throughout successive

windows. Critical fluctuations in stock prices during the financial crises result in

significant changes to the network structure. The Black Monday crisis caused the

clustered network and the Gulf War caused the concentrated (star) network. The ob-

servation of fluctuations in the network measures allow us to discover those financial

crises that have more influence on the NASDAQ market than others. The occurrence

of the extreme peak or valley in the network measures is associated with the first

and second oil shocks, the Black Monday crisis, the Gulf War and the 2008 financial

crisis, notwithstanding the responses of network measures are clear to other financial

crises. The result indicates that changes in the network structure and fluctuations in

the network measures are consistent with actual NASDAQ market responses and

also reflect the behaviour of the NASDAQ index.
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Finally, this chapter provides a new quantitive measure which can be easily ap-

plied to the study time series from other financial markets or adapted quantitatively

to use in the other di↵erent complex systems.
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Summary

The main contribution of the study presented in this chapter is an examination of

the financial data set using a correlation network. We introduced a new quantitative

measure of similarity. Our findings show that the NASDAQ market clearly responded

to financial crises through a significant fluctuation in the network measures during

financial crises period. However, an observation of the network structure through

successive windows led to the inference of the growth network model in this study. It

is therefore necessary to simulate this process using a di↵erent network model. In the

following chapter we introduce a scale-free network model to study the stock market.
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Chapter 3

Network Communities Identify

Sectors within Financial Markets

— A Scale-Free Network Model

ABSTRACT

Financial interaction data is transformed into a financial network using a scale-free

network model. The standard preferential attachment method, the conditional sectoral

preferential attachment method and a selection probability were combined into an

algorithm to construct a generative financial market model with scale-free properties.

The conditional sectoral preferential attachment algorithm dictates that a new node

will be connected to node-i depending on the degree ki of node-i multiplied by the

sector of node-i. The properties and features of the financial scale-free network

were investigated. The community structure of the financial scale-free network was

detected utilizing three di↵erent methods. This analysis shows the capacity of our

model to detect sectors of the financial market. We infer that the nodes of sectors

connected together in one community, especially the largest one, and the number

of communities, which were dominated by a sector, was high when the probability

biased towards the conditional sectoral preferential attachment. This demonstrates

the potential for complex network methodologies to meaningfully detect the sectors of

a financial market through their network community structure.

3.1 Introduction

The scale-free network model was introduced by Barabási and Albert (BA) to ad-

dress the shortcomings of the random network and small world network models in
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dealing with real networks. These shortcomings are summarized in the limited node

degrees of networks and the uniform probability when adding new edges [12, 13, 156].

The emergence of the scale-free network model therefore provides a sophisticated

and novel direction to deal with real networks. These networks can be developed

by continuous addition of new nodes to the existing network and have a degree

distribution following a power law [136].

Over the past decade or so, many authors have intensively studied the financial

markets using a complex network approach. They have generally employed the

correlation network model to study two main approaches of the financial markets.

First, they have aimed to construct a complex network for the financial markets by

investigating the similarities between stocks [31, 68, 79, 100, 143]. Mantegna [100]

introduced the first model using the minimal spanning tree based on a correlation

matrix, and verified that it is possible to discover a hierarchical structure of the

portfolio of stocks. A winner-take-all approach was used by Tse et al. [143] to

study the United States of America (USA) stocks. They confirmed that the degree

distributions follows a power-law distribution, and interpreting this as an indicator

that a small proportion of stocks, which have high degree, influence on the perfor-

mance of the entire stock market. Most studies of financial market connectivity

have attempted to link the degree distribution of a correlation network with the

scale-free network [68]. The complex network has been utilised to study the influence

of financial crises on the financial markets [79]. The second approach is the study

of risk contagion among the sectors of the financial market or di↵erent financial

markets from the perspective of the complex network [134, 165, 173]. Sensoy et

al. [134] constructed a correlation-based network to study the correlation between

the financial markets during financial crises. They stated that many factors play a

significant role in co-movements of stock markets. However, the financial market

appears to be an evolving complex system which develops constantly by continuous

adding new companies to the existing company network. Therefore, the financial

market should be examined using another complex network model, one which has

the capacity to handle such a real, complex system.

We seek to construct a generative scale-free model for the interaction of stocks in

the financial markets. To do that, the standard preferential attachment method, the

conditional sectoral preferential attachment method and a selection probability were

combined into an algorithm to construct a financial market model with scale-free

properties. This model is the main contribution of this chapter. The properties

and features of this network will be investigated to present a global picture of the
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financial scale-free network. On the other hand, a sector of the financial market is a

group of companies which have the same classification within the financial market.

A second contribution of this chapter is a study of the capacity of the financial

scale-free network model to detect sectors of the financial markets through their

community structure.

The remainder of this chapter is organised as follows. We provide the description

of data in the next section. The third section contains the algorithm and network

construction. In the fourth section, we present and evaluate our empirical results.

Finally, we conclude our research in the final section.

3.2 Data

In this chapter, we studied NASDAQ stock market data in the United States of

America (USA) by constructing an undirected, unweighted financial network. The

data represents the daily closing stock price and was collected through Thomson

Reuters Datastream Professional on September 30th, 2014. More specifically, the data

contains 589 stocks which were traded between January 2nd, 1973 and September

29th, 2014, see figure (3.1). The data includes 36 sectors as shown in the table (3.1).

Sector # of companies

1 Technology Hardware & Equipment 71

2 Software & Computer Services 69

3 Pharmaceuticals & Biotechnology 64

4 Banks 50

5 General Retailers 39

6 Travel & Leisure 37

7 Health Care Equipment & Services 31

8 Media 25

9 Financial Services 24

10 Support Services 22

11 Electronic & Electrical Equipment 16

12 Oil & Gas Producers 15

13 Industrial Transportation 11

14 Food Producers 11

15 Nonlife Insurance 9

16 Equity Investment Instruments 8

17 Personal Goods 8
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Sector # of companies

18 Real Estate Investment Trusts 8

19 Industrial Engineering 7

20 Leisure Goods 7

21 Automobiles & Parts 7

22 Alternative Energy 6

23 Food & Drug Retailers 6

24 Oil Equipment & Services 5

25 Household Goods & Home Construction 5

26 Chemicals 5

27 Industrial Metals & Mining 4

28 Fixed Line Telecommunications 4

29 Mining 3

30 Aerospace & Defence 2

31 Mobile Telecommunications 2

32 Electricity 2

33 Construction & Materials 2

34 Real Estate Investment & Services 2

35 General Industrials 1

36 Beverages 1

Table 3.1: The sectors of data and the number of companies in each of them. There
are 36 di↵erent sectors which represent around 87% of the NASDAQ market’s sectors.
The largest sector is the Technology Hardware & Equipment and the smallest sector
is the General Industrials and Beverages.

3.3 Network construction

The standard preferential attachment method (hereafter StPAM) [4, 12, 13] was

combined with our newly proposed conditional sectoral preferential attachment

method and a selection probability p in the algorithm to construct a financial market

model with scale-free properties for the NASDAQ stock market data.

Definition 3.3.1. The conditional sectoral preferential attachment method (here-

after CSPAM) dictates that a new node will be connected to node-i depending on

the degree ki of node-i multiplied by the sector of node-i.

In this construction, each node in the network corresponds to one stock. The

algorithm is implemented as follows,
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Figure 3.1: The length of time for companies to be in the NASDAQ Stock Market
for trading. This shows the number of companies in financial data at each length of
time. The length 41 represents 1973 which is the beginning date of the data period.
In addition, the length < 1 represents 2014 which the end date of the data period.
The highest number of companies is at the length 41. The following ten years, which
is represented by the length 40 to 31, have lower numbers of companies, especially
the length 40, 35 and 34 due to the foundation of NASDAQ index. After that, the
number of companies increases gradually as a consequence of the increase of the trust
of market between the investors. This data set does not have companies which are
added in 36 and 37 years.

Algorithm:

1. Sort the nodes based on the age of the corresponding stocks in the NASDAQ

market.

2. Distinguish the sector of the nodes in the financial market.

3. Take the oldest nodes from the data.

4. Connect the oldest nodes based on their sector to be the initial network.

5. Take the remaining nodes and connect them based on:

i. If the sector of the new node is new for the existing network then use

StPAM to connect the new node to the existing network.

ii. If the sector of the new node is not new for the existing network then:

a. If there is not a free edge in the sector of the new node in the existing

network then use StPAM to connect the new node.
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b. If there is a free edge in the sector of the new node in the existing

network then:

I. The probability p to use StPAM to connect the new node.

II. The probability (1� p) to use CSPAM to connect the new node.

Figure 3.2: The initial network before applying the modification to succeed the
model financial network. There are nine nodes that do not have any edges. This will
be problematic for our model in the final network because our aim is the minimum of
node degree will be two.

The sorting procedure is based on the age which is computed using the length

of financial time series. The nodes of initial network are connected fully within the

same sector but not connected between sectors, see the figure (3.3). A free edge is

an existing node from the same sector of a new node in the existing network and the

existing node does not connect to the new node.

We applied the algorithm to the NASDAQ data to construct the scale-free

network. The oldest nodes are 34 nodes which belong to 17 sectors and these nodes

represent the companies in 41 years of trading, see figure (3.1). Moreover, some

sectors have just one node in the initial network stage and grow gradually during the

construction of the network. This will be problematic for our model because our aim
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is that the minimum degree is two, see table (3.2) and figure (3.2). If we start our

model with this condition, we will not successfully reach our goal in this model. To

address this condition, we attempted to go up from sectoral classification to industrial

classification for only the initial network. According to [1], we connected the Financial

Services sector to the Banks sector because both of them belong to the Financial

industry. Similar, we connected the Media sector to the Travel & Leisure sector

because both of them are from the Consumer Services industry. In addition, the

Construction & Materials sector was connected to the Industrial Engineering sector

because they are both from Industrials. Moreover, the Food Producers, Automobiles

& Parts and Household Goods & Home Construction sectors were connected together

because the Consumer Goods industry covers them all. Finally, the Oil & Gas

Producers, the Fixed Line Telecommunication and the Electricity sectors are from

di↵erent industries, however, we connected them together, since they all provide

infrastructure. In figure (3.3), we therefore obtained an acceptable initial network

after applying these modifications to connect the remaining nodes. After t time

steps, the algorithm generates a network with N = t+m0 nodes and L = mt+ l0

edges, where m0 and l0 are the number of nodes and edges in the initial network

respectively. The value of m, m0 and l0 in this data are 2, 34 and 54 respectively.

Sector # of companies
Technology Hardware & Equipment 7

Banks 5
Support Services 3

Electronic & Electrical Equipment 2
Industrial Engineering 2

Travel & Leisure 2
Leisure Goods 2

Nonlife Insurance 2
Household Goods & Home Construction 1

Food Producers 1
Financial Services 1

Construction & Materials 1
Fixed Line Telecommunications 1

Automobiles & Parts 1
Oil & Gas Producers 1

Electricity 1
Media 1

Table 3.2: The sectors of the oldest nodes in the initial network. There are 17
sectors and the biggest sectors are Technology Hardware & Equipment and Banks.
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Figure 3.3: The initial network after applying the modification of grouping according
to industry. The network shows clearly the minimum node degree is one. Therefore,
this will facilitate a successful financial scale-free network model. In this figure, we
used Gephi [17] to show the community structure in the initial network.

3.4 Results

To demonstrate the overall behaviour of the financial scale-free network model, the

value of probability p was changed from zero to one in steps of �p = 0.05. For

each probability value, a scale-free network was constructed with 589 nodes using

the algorithm. Hence, we obtained 21 networks. The selection of the di↵erence of

probability �p gave us a chance to explore the e↵ectiveness of the probability p on

the network construction and properties. Moreover, we generated 20 realisations for

each p value. For each realisation, we computed the properties of these networks and

determined the average as well as the variance of the 20 realisations.

In the following, we present some key measures of the complex networks and

their dependence on the probability p.
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Figure 3.4: The number of hubs in the constructed network. The black dot represents
the average of the number of hubs at each probability. Moreover, the bar represents
the variance of the number of hubs. The number of hubs fluctuates with probability
to attain the high number when the probability reaches one. The number of hubs is
low at small value of probability, due to using CSPAM to connect a new node to the
existing network. This means that the number of hubs likely depends on the sector
size to reach the condition of being a hub. When the probability moves to one, the
number of hubs starts to increase as a consequence of using StPAM. StPAM gives a
new node a higher potential to connect to the existing nodes with high degree, even if
the existing nodes are not from the same sector.

3.4.1 Network structure

The network structure varies as the probability p changes from zero to one. As

expected, the value of probability p played a significant role in constructing the

network. The network was highly clustered at p = 0, due to CSPAM being used more

than StPAM in connecting the network. In contrast, the visible clustering network

started to steadily disappear when the probability p reached one as a consequence

of using the StPAM more than CSPAM in connecting the network, see figure (3.5).

However, the probability p = 0.60 seemed to be a turning point in the network

structure in the financial network model. As a result, the connectivity of the network

will be changed, due to the preference of applying CSPAM or StPAM. However,

the network structure generally demonstrates visible clustering at a small value of

probability p and no obvious clustering for larger values of p.

3.4.2 Hubs

The financial network model contains hubs which are defined by having more than 25

edges. The number of hubs fluctuated between one and eight, when the probability p
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(a) p = 0 (b) p = 0.10

(c) p = 0.30 (d) p = 0.50

(e) p = 0.70 (f) p = 1

Figure 3.5: Network produced for di↵erent values of probability p. The network
structure is visible clustering at probability p = 0 and this is due to the CSPAM being
used more than StPAM when connecting a new vertex to the existing network. The
network structure then started to lose the clusters when the probability moved to one.
Hence, the network structure becomes non-obvious clustering at larger values of p.
In this figure, we utilised Mathematica to present the whole network structure when p
moved from zero to one.
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changed from zero to one, see figure (3.4). Furthermore, the number of hubs increases

steadily when the probability approaches one, due to the StPAM becoming the more

dominant method for connecting a new node to the existing network. In other words,

the number of hubs was low at p = 0, due to using CSPAM predominant. For p

small, the number of hubs depended on the sector size to reach the condition of hubs,

see table (3.1). However, the number of hubs started to increase, when StPAM was

utilised. Hence, StPAM gave a new node a higher potential to connect to the existing

nodes with high degree, even if the existing nodes are not from the same sector.

Therefore StPAM increases the number of hubs in the network, when the probability

approaches one. Moreover, the oldest nodes are the dominant hubs in 78 percent

of our realisations, and 66 percent of hubs belong to the Technology Hardware &

Equipment and Banks sectors, which are the biggest sectors in the initial network.

More specifically, the new node was preferentially connected to existing nodes with

large numbers of connections at the large value of probability. That is representative

of the “rich get richer” phenomenon which exists in this financial scale-free network

model [163].

3.4.3 The degree distribution

The degree distribution is a fundamental feature which could be used to characterize

the complex network model. The financial markets are one typical example of real

networks which develop by continuous addition of new nodes to the existing network,

hence the degree distribution of a financial scale-free network follows a power law. In

figure (3.6), the degree distribution of several financial scale-free networks for varying

probability p is shown. The degree distributions of financial scale-free networks

showed the same behaviour except the di↵erence in the length of tail. The di↵erence

of the length of tail occurred due to the increase in the number of hubs of the financial

scale-free networks. Moreover, the tail was longer when p approaches one. Again the

reason for this is the algorithm that favours StPAM over CSPAM in the connection

step.

3.4.4 The average clustering

The density of triangles in a complex network can be measured using the clustering

[22, 110]. While the nodes of the network connected together in visible clusters at

probability p = 0, the average clustering had highest value, see figure (3.7). In figure

(3.5), it can be observed clearly that the density of triangles in the network is high

at p = 0 as a consequence of using CSPAM to connect a new node to the existing

network. In other words, when using CSPAM it is more likely that a new node is
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Figure 3.6: The degree distribution. The degree distribution of financial scale-free
networks follows a power law and shows the same patterns except the di↵erence in
the length of tail. The di↵erence of the length of tail occurred due to the increase in
the number of hubs of the financial scale-free networks.

connected to existing nodes within the same sector. This produced a high number

of triangles in the network. However, this property is no longer continuing in the

network, when the probability approaches one. Again we see the impact of employing

StPAM more than CSPAM in the connection step of our algorithm. StPAM connects

a new node to the existing nodes which have high connections, even if the existing

nodes are not from the same sector. Therefore the density of triangles is reduced

in the network and the average clustering decreases progressively and reaches a

minimum for p = 1. Moreover, the change of network structure significantly a↵ected

the average clustering, even if the network size is constant.

3.4.5 The shortest path of a network

The shortest path of a network has been applied in many disciplines [38]. It has been

used to measure the distance between the stocks of financial markets [125]. In our

investigation the shortest path of the financial scale-free network reflects changes

in the network structure. The shortest path of network had the highest value at

probability p = 0, where the network structure had greater clustering. Again, the

nodes were connected using CSPAM leading to an increase in the distance between

the nodes, especially for nodes from di↵erent sectors. When the algorithm, however,

started to employ StPAM more than CSPAM in the connection step, the distance

between nodes decreased. The shortest path of network then decreased steadily as

long as the network structure was losing its clusters. The lowest value of the shortest
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Figure 3.7: The average clustering. The black dot represents the average of the
average clustering at each probability. In addition, the bar represents the variance of
average clustering. The average clustering has highest value at probability p = 0 as a
consequence of using CSPAM in the construction process. CSPAM connects a new
node to the existing nodes which are from the same sector. This leads to increase the
density of triangles in the network. When the algorithm starts to employ StPAM more
than CSPAM in the construction procedure, the density of triangles reduces in the
network. StPAM connects a new node to the existing nodes which have higher degree,
even if the existing nodes are not from the same sector. The average clustering then
decreases progressively to reach the lowest value when the probability p = 1. That
shows obviously the e↵ect of network structure on the average clustering’s value.

path measure consequently was observed for probability p = 1, where we do not

observe clusters, see figure (3.8).

3.4.6 Community structure

A community structure occurs when nodes of a network can be sorted into several

subsets (communities) which have dense connections within the subsets (commu-

nities) and sparse connections between the di↵erent subsets (communities) [113].

The detection and characterization of a community structure has been extensively

investigated in di↵erent disciplines during the last two decades. The two main

principles to deal with in the community structure are network partitioning and

hierarchical clustering and several algorithms exist [112].

The modularity-based clustering method, spectral-based clustering method [113,

114] and subspace-based community detection algorithm [96] were used to detect

the community structure of the financial scale-free network for each network. The

number of communities ranges between 12 and 20 for these 21 scale-free networks, see
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Figure 3.8: The average shortest path of network. The blue square and bar represent
the average and variance of average shortest path, respectively, at each probability.
The average shortest path of network has the highest value at probability p = 0,
where the network structure is visible clustering. More practically, the nodes are
connected using CSPAM leading to increase the distance between the nodes. When
the algorithm starts to utilise StPAM more than CSPAM in connecting the nodes, the
distance between the nodes starts to decrease. The average shortest path of network
then decreases steadily as long as the network structure started to lose the clusters.
The lowest value of the average shortest path of network is at the probability p = 1,
where the network structure seems to completely lose the clusters and becomes one
component.

figure (3.9). The result of community detection using the modularity-based clustering

method is shown in figure (3.11), where we marked the communities in di↵erent

colours. We presented the probability value and the number of communities in

brackets under the plot of network. In figure (3.10), the modularity had highest value

at probability p = 0 due to the network structure showing high visible clustering.

The modularity, moreover, decreased steadily as the network structure began to

collapse the clusters, when the probability moved toward one. At probability p = 1,

the modularity had the lowest value which is less than the modularity at p = 0.

This shows obviously the e↵ectiveness of probability p on the modularity and the

community structure. On the other hand, we determined the number of communities

in the spectral-based clustering and subspace-based community detection algorithms

as obtained in the modularity-based clustering method due to these algorithms using

the K-means method. Moreover, we need the number of communities to be equal in

the results of three methods to explore a purpose in the financial market through

the community structure.
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Figure 3.9: The number of communities. The black square represents the average of
the number of communities with each probability, while the bars represent the variance.
The number of communities fluctuates between 12 and 20 when the probability moves
from zero to one. The lowest value is at probability p = 0.35 and the highest value is
at the probability p = 0.

The underlying objective of the detection of communities in the financial scale-free

network is to discover the sectors of the stock market. The community structure

was explored to exhibit how a stock connects in the financial markets through the

financial scale-free network model. We examined whether the connection of a stock

within each community occurs in the same sector or not. More specifically, we

explored how much the sector dominates the communities of a financial scale-free

network or how the nodes of sectors connect through this model. To do that, we

tested the communities which were obtained by the three algorithms described in

the previous paragraph. We arbitrarily chose 66 percent as the minimum dominant

percentage of sector in a community. Figure (3.12) shows the number of dominated

communities which were detected using the three di↵erent methods. The results

clearly show that the number of dominated communities has the same pattern with

only minor di↵erences at some probabilities. The number of dominated communities

had the highest value at probability p = 0 due to the network structure was visible

clustering. Subsequently, the number started to steadily decrease to lower value at

probability p = 0.60. The probability p = 0.60 is the turning point in this financial

scale-free network model. The number of dominated communities is almost zero after

this turning point as a consequence the network structure has no obvious clustering,

and the StPAM becoming the more dominant method in connecting the new node

to the existing network. The domination of StPAM gives higher probability to

connect the new node to the existing nodes with large numbers of edges, even if the
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Figure 3.10: The modularity value. The black dot represents the average of
modularity and the bar represents the variance of modularity at each probability value.
The modularity has the highest value at probability p = 0 due to the network structure
exhibits high clustering. The modularity decreases steadily when the network structure
started to lose the clusters. At the probability p = 1, the modularity has the lowest
value.

existing nodes are not from the same sector. This leads to the disappearance of the

dominated communities when the probability is beyond this turning point. Moreover,

we observed that the dominant community occurred in the large communities more

than in the small communities in all three algorithms, especially when the probability

p was close to zero. Therefore, we inferred that a new node would connect to the

same sector when the probability p was close to zero, if the sector already exists in

the network. Furthermore, the new node connected preferentially to existing nodes

with large numbers of connections as p reached large values due to the algorithm used

predominately StPAM. In other words, the sectors of the financial market probably

connect together in one community with a small value of probability and subsequently

lose the domination of the community on the financial scale-free network when the

probability moves to a larger value. This shows clearly the e�ciency of financial

scale-free network model to detect the sector of the financial market through their

community structure.

3.5 Conclusion

The primary contribution of this chapter is to introduce the modelling of financial

markets using a scale-free network model. The combination of standard preferen-

tial attachment method (StPAM) and conditional sectoral preferential attachment
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(a) p = 0(15)

Mod.: 0.8876
(b) p = 0.10(15)
Mod.: 0.8457

(c) p = 0.30(15)
Mod.: 0.7236

(d) p = 0.50(14)
Mod.: 0.6612

(e) p = 0.70(15)
Mod.: 0.6046

(f) p = 1(18)

Mod.: 0.5725

Figure 3.11: The community structure for di↵erent probability p. These communi-
ties were obtained using the modularity-based method and plotted using Mathematica.
The number of communities was presented in brackets and the modularity value was
provided. Moreover, we marked the communities in di↵erent colours. The figure
shows clearly that the connections between the communities is the lowest at p = 0 and
then increases to reach the highest value when the probability p = 1. This indicates
the significant change in the network structure during network construction.
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(a) Modularity-based method (b) Spectral-based method
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(c) Subspace-based algorithm

Figure 3.12: The number of dominated communities which were detected using (a)
Modularity-based method, (b) Spectral-based method and (c) Subspace-based algorithm.
The black dot and blue square represent the average number of dominated communities
at each probability. Moreover, the bar represents the variance number of dominated
communities. These figures show clearly that the highest number of dominated
communities is at probability p = 0 as a consequence CSPAM becoming the main
method to connect a new node to the existing network and the network structure
is in visible clustering. In other words, the nodes of a sector are clustered in one
community using CSPAM. Hence, this leads to the number of dominated communities
is high at the small value of probability. However, this property starts to lose when
the probability moves to one as a consequence StPAM becoming gradually the main
method to connect a new node to the existing network. More precisely, StPAM
connects the new node to the existing node which has the highest degree, even if
the existing node is not from the same sector. This leads to the nodes of a sector
do not cluster in one community. Then, the number of dominated communities
decreases steadily to lower value at probability p = 0.60 which is the turning point in
the financial scale-free network model.

method (CSPAM) was used to construct a financial market model with scale-free

properties. To methodically explore the overall behaviour of model, we partitioned

the probability p and compared the resulting financial scale-free network models for

varying values of p.

The variation of probability from zero to one produced a clear change in the

network structure and properties. At small values of probability, the algorithm

constructed the network in visible clusters, leading to an increase in the average
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clustering and average shortest path. In addition, the number of hubs was low be-

cause the occurrence of hubs was based on sector size. However, the number of hubs

increased gradually, due to the algorithm connected a new node to existing nodes

using predominantly StPAM, when the probability moved towards one. Furthermore,

the di↵erence in the length of the tail of degree distribution occurred as a consequence

an increase in the number of hubs. The network structure appeared as one component.

The community structure was detected to discover sectors of the financial market.

The results demonstrated that the number of dominant communities, which were

dominated by a sector, had high value at the small value of probability and then

decreased progressively to reach zero at about the middle of the probability range. In

other words, the nodes of a sector connected together in a community, especially the

largest one, using CSPAM when the probability had a small value. This led to the

number of dominated communities being high. However, this sectoral clusters started

to disappear completely when the probability reached the mid-range. That was due

to StPAM becoming the dominant method in the algorithm. More particularly, the

StPAM gives higher probability to connect the new node to existing nodes with

large numbers of edges, even if the existing nodes are not from the same sector.

Therefore, the financial scale-free network model could detect the sectors of the

financial market through the community structure when the probability value is less

than the mid-range. This approach could lose this ability to detect the sectors of the

financial market as the probability is more than the mid-range.
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Summary

The main purpose of this chapter is to introduce a scale-free network model for the

stock market. The standard preferential attachment method, the conditional sectoral

preferential attachment method and a selection probability were combined into an

algorithm to construct a generative stock market model with scale-free properties. The

results of financial scale-free networks were compared to explore the overall behaviour

of model when the probability varies. The community structure was employed to

detect sectors of the stock market.

However, the study of this chapter and previous chapter are based on unweighted

networks. In other words, the relationship between stocks is represented using a binary

form. It is more informative to use an edge weight to represent the relationship

between stocks. In the next chapter we introduce a weighted network model to study

the stock market.
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Chapter 4

A Weighted Network Model

Approach to Study Financial

Markets

ABSTRACT

A time series representing the NASDAQ Stock Market from 1973 to 2014 was

investigated. To discover the features of this time series, we arranged a moving window

along it and constructed a weighted network utilising three di↵erent techniques. Two

of them are based on Pearson’s correlation coe�cient and the third quantifies similar

volatility of stock prices. The evolution of the financial market was analyzed using

the network topology. In this study, we focus on the change of the average clustering

and the average shortest path length. To examine the robustness of financial markets,

we determined the dynamical entropy. During financial crises, the weighted network

su↵ers topologically significant variation, and this is shown by a high value of average

clustering and average shortest path. Practically, the nodes of the network assemble

in some clusters, leading to an increase in the distance between them. Consequently,

the robustness of the network decreases suddenly during the same period as market

crashes.

4.1 Introduction

A financial market is a complex evolving system which can be modelled by a complex

network, where the nodes denote the stocks, and the edges represent the relationship

or interaction between them [44, 100]. To date, numerous studies have constructed an

unweighted network for the financial markets. The first model of the financial market
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was announced by Mantegna [100]. A minimum spanning tree was determined by

Mantegna based on the distance matrix to connect the stocks of a portfolio. He

obtained a hierarchical structure of stocks using the information contained in the

stock market time series. Subsequently, this approach was utilised intensively in

many studies [74, 116, 118, 146, 150]. Moreover, a winner-take-all approach was

employed by Tse et al. based on the correlation matrix to study United States (US)

stocks [143]. They report that the full networks are scale-free.

In the construction of unweighted networks, some valuable information about the

complex systems is disregarded. Converting the rich dynamics of a complex system

into a binary sequence prevents deeper insight into the dynamical characteristics and

topological features [111, 141, 168]. Nevertheless, few studies have examined stock

markets using weighted network models. A dynamic asset tree approach was applied

by Onnela et al. [118] based on correlation matrices to characterize the evolution of

the financial market. They confirm that the asset tree topology is robust. Subse-

quently, this approach was replaced by a fully connected weighted network to reduce

the loss of information of the network topology [125]. They focused on examining

the resilience of the financial market during economic instabilities, verifying that the

higher average shortest path length occurs with the smaller network resilience in this

model. A weighted network was constructed by Yook et al. [168] using two di↵erent

measures to study the modular structure of the financial market. They verify that

the correlation network failed to detect the industrial classification of the financial

market when the time scale is larger.

In this chapter, to show how a convenient weighted network can be constructed

for stock markets, we introduce three di↵erent techniques to construct a weighted

network for the NASDAQ Stock Market. The first two techniques are based on

Pearson correlation. The third technique works closely with a time series using the

volatility of stock price. Practically, this technique observes the dynamic change in

the financial time series, and counts similar change. We analyzed the evolution of

the financial market by setting a moving window and examining the involvement of

network topology. In this study, we focus on observing the change of the average

clustering and average shortest path length. Moreover, we studied the resilience of

the financial market using dynamic entropy.

The remainder of this chapter is organized as follows: In Section 4.2, we provide

information about the stock market dataset. The network construction is explained

in Section 4.3. In Section 4.4, we explore the networks and their characterizations.
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4.2. DATA

The result of our investigation is presented in Section 4.5, before we provide some

concluding discussion in Section 4.6.

4.2 Data

A financial time series representing the daily closing stock price was collected from

the NASDAQ Stock Market through Thomson Reuters Datastream on September

30th, 2014. The data contains 589 stocks which are classified into 36 sectors in the

NASDAQ Stock Market. The data period is from January 2nd, 1973 to September

29th, 2014.
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Figure 4.1: The length of time for companies to be in the NASDAQ Stock Market
for trading. This shows the number of companies in financial data at each length of
time. The length 41 represents 1973 which is the beginning date of the data period.
In addition, the length < 1 represents 2014 which the end date of the data period.
The highest number of companies is at the length 41. The following ten years, which
is represented by the length 40 to 31, have lower numbers of companies, especially
the length 40, 35 and 34 due to the foundation of NASDAQ index. After that, the
number of companies increases gradually as a consequence of the increase of the trust
of market between the investors. This data set does not have companies which are
added in 36 and 37 years.

4.3 Network Construction

A window of length �t = 22 days was slid along the financial time series to generate

the time series segments. Moreover, we tested both overlapping and non-overlapping
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sliding windows. The overlapping property displaces the window by an amount of

�t = 1 day and repeats the displacement for the whole time series. In other words,

the first window starts at day t11 = 1 and ends at day t12 = 22, the second window

starts at day t21 = 2 and ends at day t22 = 23, and so on. On another hand, the

non-overlapping property displaces the window by an amount of �t = 22 days and

this is again repeated for the whole time series. More precisely, the first window

starts at day t11 = 1 and ends at day t12 = 22, the second window starts at day

t21 = 23 and ends at day t22 = 44, and so on. In all these constructions, each node of

the complex network corresponds to one stock in the financial market, see figure (4.2).

Three di↵erent techniques were applied in the network construction. The first

two techniques are based on Pearson’s correlation coe�cient, which is utilized to

compute the similarity between a pair of stock prices (si, sj) in each window applying

the following standard formula:

⇢ij =

P
t [(si(t)� s̄i) (sj(t)� s̄j)]qP

t (si(t)� s̄i)
2
qP

t (sj(t)� s̄j)
2
, (4.1)

where s̄i and s̄j are the means of the time series si and sj, respectively. In the

first technique, the distance between a pair of stocks i and j was measured by the

following transformation:

dij =
q

2(1� ⇢ij). (4.2)

While Pearson’s correlation coe�cient measures the similarity, the distance transfor-

mation measures the dissimilarity between a pair of stocks. The first technique is

dissimilarity (hereafter DisSim). To construct the weighted network for each window,

we connected the nodes of the network by applying the following formula to the

distance matrix:

w
(1)
ij = exp(�dij), (4.3)

The weighted network utilizing the first technique appears to be a completed weighted

graph [125]. On the other hand, we constructed the weighted network using the

second technique, which is threshold-correlation (hereafter CorThGa), utilizing the

following formula:

w
(2)
ij =

8
><

>:

1 if ⇢ij = 0,

(1� ⇢ij)�� if 0 < ⇢ij < ✓,

0 if ⇢ij � ✓,

(4.4)

where the parameter ✓ controls the size of the weighted network and was chosen to be

58



4.3. NETWORK CONSTRUCTION

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80

n

-1.5

-1

-0.5

0

0.5

1

1.5

t n

Non-overlapping windows

W1 W2 W3

0 1 3 5 7 9 11 13 15 17 19 21 23 25 27 30

n

-2

-1

0

1

2

t n

Overlapping windows

W1
W2

W3

Figure 4.2: The non-overlapping and overlapping properties were used for sliding
windows in the network construction. These figures illustrate the sliding of windows.
In the non-overlapping property (top panel), we slide the window by an amount
�n = 22. In other words, the first window takes the values from x1 to x22, the second
window takes the values from x23 to x44 and so on. In the overlapping property
(bottom panel), we slide the window by an amount �n = 1. The first window takes
the values from x1 to x22, the second window takes the values from x2 to x23, and so
on.

0.30, 0.50, 0.70 and 0.90. The parameter � determines the distance between the nodes

of the weighted network, and we used 0.50, 1, 1.50, 2, 2.50 and 3 [107]. Since the data

represents the closing daily price of the stock, the correlation coe�cient occasionally

fails to detect the similarity between a pair of stocks. Especially when a stock price

is constant in the whole segment of a time series, the correlation coe�cient method

fails. This leads to the loss of a number of nodes during the construction of the
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weighted network. To still connect all nodes of the weighted network, we propose a

count of the same sign of the volatility (hereafter SSVol) using the following method:

w
(3)
ij = # same(sign(v(si)), sign(v(sj))), i 6= j, (4.5)

where v = si � si�1. In addition, w(3)
ij represents the number of times that the same

sign of the volatility of the stocks (si, sj) occurs in a given window. As we will

see below, our method works well in detecting similarities in stock pairs’ behaviour

during any given period.

4.4 Network Characterization

The construction process of weighted networks based on the sliding segments of time

series produced a group of complex networks. To characterize these complex networks,

we applied several topological measures to evaluate the weighted networks. Indeed,

we focused mainly on the involvement of network topology through the windows. To

observe this involvement, we examined firstly the occurrence of subgraphs, especially

triangles, using the average clustering measure. We initially computed the clustering

coe�cient for weighted networks using the following formula [121, 125]:

cci =
1

ki(ki � 1)

X

j,k

(ŵijŵikŵjk)
1/3, (4.6)

where ki is the degree of node i. We scaled the weights by using the maximum weight

in the adjacency matrix,

ŵij =
wij

max(wpq)
, p, q = 1, 2, 3, ..., N.

Consequently, the average clustering can be measured as:

AC =
1

N

NX

i

cci. (4.7)

Secondly, we focused on the distance between the nodes (stocks) during the

involvement to demonstrate the change in the graph structure. We employed the

average shortest path to measure the distance using:

ShP =
1

N(N � 1)

X

i 6=j

⌧ij, (4.8)

where ⌧ij is the shortest path (geodesic) between the nodes i and j in the weighted
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Figure 4.3: The number of nodes of the weighted network. The weighted network
was constructed using the DisSim technique. The number of nodes is 33 in the first
window and then increases sharply to 589 in the last window.

graph.

In addition, we characterize the network topology based on the rate of information

passing between the nodes. We indicate this rate by determining the dynamical

entropy [44, 125]. From the transition probability matrix P = (pij) of a stochastic

process:

pij =
wij vj
� vi

, (4.9)

where � is the dominant eigenvalue of the weighted network W , and vi and vj are the

elements of the corresponding leading eigenvector v. Hence, the dynamical entropy

of node-i can be measured by:

Hd(i) = �
X

j

⇡i pij log(pij), (4.10)

where ⇡i denotes the ith element of the stationary distribution. This element is

computed using the eigenvector which is related with eigenvalue � = 1 of the

stochastic matrix P , i.e., ⇡P = ⇡. The dynamical entropy of the weighted network

is given as:

Hd =
NX

i

Hd(i). (4.11)
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Figure 4.4: The number of nodes of the weighted network. The weighted network
was constructed using the CorThGa technique. The parameter ✓ controls the network
size. At the value of ✓ = 0.30 and ✓ = 0.50, the number of nodes is 21 and 30
respectively in the first window, and increases to 520 and 583 in the last window. At
✓ = 0.70 and 0.90, the number of nodes was 33 in the first window, increasing to
589 in the last window. This indicates the significant role of ✓ in constructing the
weighted network.

4.5 Results

Figure 4.1 shows the length of time for companies to be in the NASDAQ Stock Market

for trading. According to this classification, the largest number of companies is at the

longest length 41. These companies were listed in 1973, which is the beginning of the

data period for trading in the market. The following ten years have a lower number

of companies, especially at the length 34, 35 and 40, which is a consequence of the

foundation of the NASDAQ Index, in 1971. Subsequently, the market gained the

trust of companies’ owners and also investors. The number of companies increased

gradually, with more companies listed in the market. Indeed, some companies in this

data have a short trading period in the market. Due to the variety in the trading

period of companies and the long period of data, we chose a window size �t = 22

days to obtain a successful weighted model by these techniques. As a result, this

choice allowed us to obtain a weighted network with the whole stocks of data at

the end of the network construction. We constructed the weighted networks based

on the moving windows using the three di↵erent techniques mentioned previously.

Using non-overlapping and overlapping windows, each technique generated either

495 or 10869 weighted networks. We will focus on the results of the non-overlapping
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Figure 4.5: The missing nodes of weighted networks which are produced using the
DisSim and CorThGa techniques. This figure illustrates the number of missing nodes
and their frequency. The missing nodes of the DisSim technique is similar to the
missing nodes of the CorThGa technique with ✓ = 0.70 and 0.90, even though there
are slight di↵erences between them in the frequency of 4 and 5. These missing nodes
occur because of the failure of the correlation coe�cient method. In the right top and
left bottom panels are the missing nodes of the CorThGa technique with ✓ = 0.30 and
0.50, respectively. These missing nodes happen as a consequence of the failure of the
correlation coe�cient method and the parameter ✓.

property only in this section, nonetheless the results of the overlapping property are

similar.

In the construction stage, the three techniques show di↵erent capacities to detect

edges between nodes through the windows. This leads to a slight di↵erence in the

network size. In addition, some nodes (stocks) disappear from the network in some

windows. As aforementioned, the DisSim and CorThGa techniques are based on the

value of the correlation coe�cient. The correlation coe�cient method fails when a

stock price is constant in the whole segment of a time series. Hence, the network size

utilizing the DisSim technique was 33 nodes in the first window and then it increased

to 589 nodes in the last window, see figure 4.3. However, there were missing nodes

through windows between one and eight, even though the DisSim technique was

successful in identifying the edges between the existing nodes in many windows. On

the other hand, the parameter ✓ in the CorThGa technique played a significant role

in controlling the network size. This parameter and the problem of the correlation

coe�cient produce a di↵erent case in the network size using the CorThGa technique.
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In the case ✓ = 0.30 and 0.50, the number of nodes was 21 and 30 respectively in the

first window, and increased to reach 520 and 583 in the last window. However, for

the other value of ✓ the number of nodes was the same as the number for the DisSim

technique, see figure 4.4. The condition is di↵erent in the network size utilizing

the SSVol technique. As aforementioned, the SSVol technique works closely with

the financial time series to detect similarities in stock pairs. Hence, the number of

nodes was 34 in the first window, increasing to reach 589 in the last window. In

fact, the number of nodes of the SSVol technique resembles the number of realised

nodes through the windows. As a result, this feature gave an advantage to the SSVol

technique in comparing to the other techniques in constructing the weighted network.

This advantage is the capacity of the SSVol technique to sign edges between the

nodes in each window. Figure 4.5 shows the number of missing nodes of the DisSim

and CorThGa techniques during the network construction.

In general, the network structure developed significantly during the construction

of weighted networks using these three selected techniques, as a consequence of the

increase in the number of nodes through the windows. Practically, the network ap-

peared sparse in the first window and subsequently started to become dense through

the following windows. The network is dense in the last window containing the

whole stocks of data in all construction techniques except the CorThGa technique

with ✓ = 0.30 and 0.50. The network development clearly reflects the growth of the

NASDAQ Stock Market during the data period, even though the size of the data is

relatively small (17%) compared with the current size of the market.

The weighted network, constructed using these three techniques, exhibited a clear

response to many financial crises. This response can be demonstrated by evaluating

the changes of network measures during the period of financial crises. Generally, the

network measures of these three techniques perform su�ciently to detect the impact

of financial crises on the network by showing spikes or valleys in their valuations

during the crises period, notwithstanding there are di↵erent styles in the response of

these measures to financial crises. Indeed, we examined the influence of the first and

second oil shocks (1973-1974, 1978-1979), Black Monday, the Gulf War (1990-1991),

the Asian financial crisis, the Russian financial crisis, the Dot-com bubble, the 9/11

attacks, the Iraq War (2002-2003) and the 2008 financial crisis on the networks, see

table (4.1) for more details.

In order to observe the influence of financial crises, we calculated the average

clustering, average shortest path and dynamical entropy measures for each weighted
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Figure 4.6: The average clustering of weighted networks. The weighted networks
(top panel) are generated using the DisSim technique and the weighted networks
(bottom panel) are generated using the SSVol technique. Both figures illustrate the
response of networks to financial crises, by showing some spikes in the average
clustering during the crisis period. The behaviour of both figures are similar in
responding to these crises, even though the average clustering of the SSVol technique
develops gradually through the windows, simulated the development of the network
size. The periods of financial crises are highlighted in both figures. The financial
crises are listed in table (4.1). In the top figure, the highest peak happens during the
Black Monday event, in window 176.
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Figure 4.7: The average shortest path of weighted networks. The weighted networks
(top panel) are generated using the DisSim technique and the weighted networks
(bottom panel) are generated using the SSVol technique. Both figures clearly illustrate
an increase in the average shortest path of networks to reach a peak as a consequence
of financial crises. The behaviour pattern of both figures is similar in their reactions
to financial instabilities by showing a peak during the crisis period. The periods
of financial crises are highlighted in both figures. The financial crises are listed in
table (4.1). In the top panel, the highest average shortest path occurs during the
second oil shock period, in window 80. In the bottom panel, the average shortest
path fluctuates significantly from window 300 onward. The SSVol constructs these
networks by counting the similar daily volatility of a pair of financial time series. In
these windows, the five crises occur sequentially and three of them are internal for
the US financial markets, leading to an extreme dissimilarity between the financial
time series in our data. As a result, the edge weight fluctuates significantly in these
windows, leading to fluctuations in the value of the average shortest path in the same
windows.
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Financial crises Date Windows
C1 First oil shock 1973 - 1974 1 - 12
C2 Second oil shock 1978 - 1979 60 - 82
C3 Black Monday 1987 176
C4 Gulf War 1990 - 1991 208 - 217
C5 Asian financial crisis 1997 291 - 296
C6 Russian financial crisis 1998 303 - 305
C7 Dot-com bubble 2000 323 - 324
C8 9/11 Attacks 2001 341
C9 Iraq War 2002 - 2003 350 - 360
C10 The 2008 financial crisis 2007 - 2008 411 - 425

Table 4.1: Financial crises. The table illustrates the financial crises, their dates
and the windows where they occur. The windows are demonstrated here using the
non-overlapping property.

network. Figures (4.6), (4.7) and (4.8) show the valuation of average clustering,

average shortest path and dynamical entropy, respectively, in the weighted networks.

We found that the average clustering and average shortest path measures display

significant fluctuations in their value during periods of financial crisis, indicating the

impact of crises on the weighted networks. However, even though the dynamical

entropy performs adequately in the weighted networks using the three techniques, the

magnitude of fluctuations is quantitatively di↵erent. In other words, the dynamical

entropy developed over windows, su�ciently simulated the growth of networks. In

addition, the dynamical entropy decreases to reach a valley during the period of

financial crisis. In fact, the dynamical entropy of the network utilizing DisSim and

SSVol techniques decreased marginally during the crisis period, while the dynamical

entropy of networks utilizing the CorThGa technique decreased clearly during the

crisis period.

In the following, we will summarise the responses of the NASDAQ Stock Market

to the financial crises based on fluctuations in the properties of weighted networks

using the three techniques. At the beginning, the weighted graph reacted to the first

and second oil shocks, showing peaks through windows 1 - 12 and 60 - 82 in the

evaluation of average clustering and average shortest path, even though the number

of nodes is small in these windows. On the other hand, convex valleys occurred in the

valuation of dynamical entropy in the same windows as a consequence of the oil shocks.

The significant change in the network topology can be detected in window 176,

which contains one of the worst financial crises in the past century, known as Black
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Figure 4.8: The dynamical entropy of weighted networks. The weighted networks
(top panel) are constructed by using the CorThGa technique with parameters ✓ = 0.50
and � = 2 and the weighted networks (bottom panel) are constructed using the SSVol
technique. The dynamical entropy of both figures develops gradually through the
windows, simulating the development of the network size and shows a clear reduction
in the value to reach a valley during financial crises, even though the reduction of the
SSVol technique is almost marginal. The dynamical entropy of the DisSim technique
behaves similarly to the dynamical entropy of the SSVol technique. The periods of
financial crises are highlighted in top figure. The financial crises are listed in table
(4.1). In the top panel. the highest decrease occurs in window 176, which contains
the Black Monday event. The reduction of dynamical entropy can be interpreted as a
reduction in the robustness of financial market during financial instabilities.
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Figure 4.9: The strength of weighted complex networks which were constructed using
(a) the DisSim technique, (b) the CorThGa technique and (c) the SSVol technique.
The non-overlapping property was used in these constructions. The figure shows a
clear response of weighted networks to the Black Monday event, which occurs in the
window 176. The colour bar refers to the arrangement of strength into 10 segments
from the smallest to largest using histogram. In panel (a) and (c), the bar population
increases remarkably in segments 9 and 10 in window 176. This means the strength of
DisSim and SSVol techniques increases significantly during the Black Monday crisis.
In panel (b), the population increases significantly in the first segment of window 176.
This shows that the strength of the CorrThGa technique decreases sharply during this
crisis.

Monday. Black Monday occurred on October 19th, 1987 after the Dow Jones Indus-

trial Average (DJIA) declined by 22.6 % in a single trading session. As a result, the

average clustering reached the highest peak, see figure (4.6). In addition, the average

shortest path demonstrated a peak in the same period, see figure (4.7). On the

other hand, a convex valley in the valuation of dynamical entropy can be observed in

figure (4.8), whose large decrease corresponds to the same period. In figure (4.9), the

strength of the weighted network fluctuated dramatically during the period of Black

Monday. The fluctuations in the network properties clearly reflected the significant

change in the network structure, which was sparse and less resilient during the Black

Monday event.

Subsequently, the weighted network responded to financial crises, demonstrating

peaks in the value of average clustering and average shortest path, and also valleys

in the value of dynamical entropy. The responses were to the following crises sorted
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Figure 4.10: The average clustering of weighted networks which are constructed
using the CorThGa technique with the value of � = 2. This figure shows the
behaviour of the average clustering during the financial crises when the value of ✓
increases. The average clustering decreases to reach a valley when ✓ = 0.30, except,
the average clustering increases during the Black Monday event in window 176. This
response style changes gradually to be similar to the average clustering of the DisSim
technique, when ✓ increases toward the highest value. As a result, this clearly shows
the similarity of behaviour of average clustering in all these techniques.

chronologically. The Gulf War happened in 1990. The Asian and Russian financial

crises occurred in 1997 and 1998, respectively. In 2000, the Dot-com bubble crisis

begun to collapse the Internet companies and followed by the 9/11 attacks and the

Iraq War occurred in 2001 and 2002, respectively. Finally, the major financial crisis

started in 2008, causing global financial instability for a long period.

In the following, we will compare these three techniques with regard to the

behaviour of network measures. In addition, we will characterize them individually

and will identify the di↵erences between them. The average clustering of the DisSim

and SSVol techniques have similar characteristics, even though the average clustering

of SSVol technique developed gradually through the windows, simulated the develop-

ment of the network size. The average clustering of both techniques increased to

reach a peak during the financial crises period, see figure (4.6). On the other hand,

the average clustering of the CorThGa technique has a di↵erent paradigm because of

the network size. As aforementioned, the edge weight is mainly based on the fraction

value and the parameter ✓. This leads to the creation of a di↵erent style in the

valuation of average clustering. The average clustering responded to financial crises,

by showing a decrease in its value to reach a valley during the crises periods, with
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the exception of the Black Monday event, which caused an increase in the average

clustering to reach a peak. However, this response style changed dramatically to

be similar to the average clustering of the DisSim technique, when the network size

increased, see figure (4.10).

The average shortest path exhibits similar behaviour using all three techniques in

its response to financial crises. This clearly reflects how the network topology changed

during the financial crises periods. However, the average shortest path of SSVol

method has considerable fluctuations from window 300 onward. As aforementioned,

the SSVol technique counts the similar daily volatility of a pair of financial time

series. Apparently, the five financial crises occurred sequentially in these windows

and three crises of those were internal crises for the US financial markets, see table

(4.1). Hence, these crises caused a critical dissimilarity of volatility between the

financial time series of our data. This results in a fluctuation in the value of the edge

weight through these windows. Therefore, the average shortest path was influenced

by this situation, see figure (4.7).

We observed the relationship between the measures of weighted networks which

are produced using the three techniques. We found that the relationship between the

average shortest path measure and the dynamical entropy is predominantly inverse.

More precisely, an increase in the average shortest path measure results in a decrease

in the dynamical entropy. In addition, this behaviour was verified by previous studies

[44, 125]. However, the average clustering of DisSim and SSVol techniques have

similar behaviour to the average shortest path. Furthermore, the edge weight of the

CorThGa technique is mainly based on the value of the fraction. Therefore, the

average clustering of the CorThGa technique with ✓ = 0.30 and 0.50 exhibit similar

behaviour to dynamical entropy, except they are inverse during the Black Monday

event. In addition, the average clustering of the CorThGa technique with ✓ = 0.70

and 0.90 have similar behaviour to the average shortest path, see figure (4.10).

The parameters ✓ and � play a significant role in constructing the weighted

networks using the CorThGa technique. As aforementioned, the network size is

controlled by ✓ and the edge weight is dominated by �. This leads to the conclusion

that the value of the network measures is influenced by these parameters. The

results show that the consistency of ✓ and the increase in � caused a decrease in

the network measures as a consequence of the decrease in the edge weight. In

contrast, the consistency of � and the increase in ✓ result in a di↵erent case. The

average clustering measure decreased mostly, even though there are some changes
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especially when � = 0.5, 1 as a consequence of the change in the network size and

the normalization process for the value of the clustering coe�cient. These changes

led to the average clustering of ✓ = 0.50 increased more than the average clustering

of ✓ = 0.30 with both value of �. The average shortest path decreased when the

network size increased. In addition, the dynamical entropy increased predominantly

for the smallest value of � when the network size increased. However, the dynamical

entropy decreased for the large value of � when ✓ = 0.70 and 0.90.

4.6 Conclusion

In summary, the structure of real-world complex systems such as the financial markets

can be e↵ectively modelled by a complex network. In this chapter, we have con-

structed a weighted network for financial data that was collected from the NASDAQ

Stock Market, using three di↵erent techniques to investigate the interaction between

the stocks in the market. The weighted networks were constructed by setting a

moving window and employing the overlapping and non-overlapping properties in

this movement. The evolution of the network topology was observed by collecting

the average clustering and the average shortest path of the weighted networks. To

measure the network resilience, we computed the dynamical entropy.

Indeed, the SSVol method has a structural ability to identify the connection

between the nodes of a network more than the other methods. Although the DisSim

and CorThGa methods generated a su�cient network, there were missing nodes in

the network construction as a consequence of the failure of the correlation coe�cient

method. Notwithstanding the di↵erences in the network construction, the results

showed the capacity of weighted networks constructed using the three di↵erent meth-

ods to clearly detect financial crises. A significant change occurred in the network

structure; it became sparse, and this was represented by a clear increase in the

average clustering and average shortest path measures during financial crises. In

addition, the dynamical entropy measure decreased during this change, causing a

reduction in the resilience of the weighted network to a minimal level.

Finally, we provided in this study three di↵erent methods which can be easily used

to detect future and hidden financial crises and understand the network structure of

financial markets. Therefore, these methods are beneficial to measure uncertainty in

the financial markets.
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Summary

In this chapter, we constructed a weighted network to study the NASDAQ market

using three di↵erent techniques. Two of them are based on Pearson’s correlation

coe�cient and the third quantifies similar volatility of stock prices. The network

topology and resilience were examined to determine how well the NASDAQ market

responds to economic instabilities.

One essential purpose of this study and the study in Chapter 2 is to detect the

capacity of the presented network models to determine the influence of economic

instabilities and show how the stock market reacts to them. However, the influence

of political events is not less than the influence of economic crises. It is important

to use a complex network model to study the influence of political events on stock

markets. In the following chapter, we implement a complex network model to study

and determine the interaction of stock markets to recent political events.
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Chapter 5

Political Phenomena and Financial

Markets: A Complex Network

Perspective

ABSTRACT

The investigation of political influences on the financial markets is the main focus

of this chapter. The world witnessed two important political events in 2016: Brexit

and the US Elections, which caused numerous economic issues in the domestic

and international financial markets. To demonstrate this influence, time series

representing London, NASDAQ, New York, Mexico, Argentina, Singapore, Tokyo

and Frankfurt Stock Markets from January 4th, 2016 to March 24th, 2017 were

examined by constructing a correlation network model for each market. By analysing

the variation of network measures we found how the financial markets responded

markedly to these political events. Moreover, the pattern of responses clearly shows

significant change in the network structure. A random process was used to test

the existing networks against the null hypothesis of no significant structure on the

existing networks in order to validate the results of the study. The results from these

random networks confirmed the obvious response of the financial markets to these

political events. Therefore, political events directly influence the financial markets

in an observable and quantifiable manner that we can examine, and are involved in

causing uncertainty in the financial markets.
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5.1 Introduction

Political events and decisions can have a significant role in influencing aspects of

the economy, especially stock markets [75, 91, 162]. The world witnessed two im-

portant political events in 2016 that have caused numerous economic issues in the

financial markets around the world. In the beginning of 2016, the British Govern-

ment decided to conduct a referendum on leaving the European Union (EU). This

referendum was later referred to as Brexit, which comes from the portmanteau of

“British” and “exit”. The Brexit poll was conducted on June 23rd, 2016. On June

24th, 2016, the results of the referendum were announced. By a small margin, the

United Kingdom (UK) voted to leave the EU. The shock results of the Brexit vote

have had unanticipated consequences for the domestic and international economies.

On the other side of the Atlantic, the United States of America (US) prepared

to conduct the 2016 presidential elections. The US main parties nominated their

candidates in July 2016, and the candidates began their campaign. The Ameri-

can voters went to the polls on November 8, 2016. The results were announced on

November 9, 2016 and Donald Trump was elected 45th President of the United States.

Previous investigations utilised statistical methods to demonstrate the influence

of political events on stock markets. Lobo [91] investigated the stock market to show

the influence of US elections and partisan politics, focusing on stock return and

volatility. He found that US elections and partisan politics causes uncertainty in

the stock market during the time of the event. His estimation reported that stock

returns are lower and volatility is higher in election years. Kim et al. [75] claimed

that unexpected jumps of stock return and volatility movements in the Hong Kong

Market were connected to major political news. Stock prices in the US stock market

were influenced significantly by presidential election cycles [162]. In this chapter, we

apply a di↵erent technique, based on complex networks, to demonstrate the influence

of political events on stock markets.

Complex networks have been successfully utilized to model many complex systems

throughout di↵erent disciplines of sciences; for example, circuits, protein structures,

the Web and stock markets [37, 87, 143, 174]. Stock markets have drawn the attention

of numerous studies over the past decade or so, due to the fact they are evolving

complex systems and also sensitive to financial instabilities [42, 100, 144]. Complex

networks have been applied to study stock markets mainly focusing on the influence

of economic issues such as Black Monday, and the financial crisis of 2007 - 2008

[144]. Moreover, they were utilised to examine the crisis propagation of economic
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issues in the stock markets around the world [37]. To the best of our knowledge, no

previous works have attempted to study the influence of political events on stock

markets using complex networks. Therefore, the main contribution of this chapter is

to evaluate the influence of political events on stock markets.

In this chapter, we aim to study the influence of Brexit and the US elections of

2016 on the domestic and international financial markets. To do so, the time series

of financial markets were collected. Then a correlation network model was applied

to construct a graph for the financial markets. Examining the variation of network

measures, we discovered how the financial markets responded to these political

events. To validate the outputs, a random process was used to test the existing

networks against the null hypothesis of no significant structure on the existing graphs.

Our results enhance our understanding of the responses of the financial markets to

political events, and their patterns, and may open further questions in the future.

The remainder of this chapter is organized as follows: In Section 5.2, we provide

information about the stock market datasets. The network construction is given in

Section 5.3. In Section 5.4, we describe network characterization. The results of the

study are presented in Section 5.5. We provide a random process and its results in

Section 5.6. In Section 5.7, we discuss “taking cover”. Our conclusion is given in

Section 5.8.

5.2 Stock Market Datasets

Stock market data represents the daily closed prices of stocks traded at the London,

NASDAQ, New York, Mexico, Argentina, Singapore, Tokyo and Frankfurt Stock

Exchanges. The data was collected from Thomson Reuters Datastream. We selected

N = 1286, 2207, 1650, 148, 75, 514, 2746 and 633 stocks from the London, NASDAQ,

New York, Mexico, Argentina, Singapore, Tokyo and Frankfurt Stock Exchanges

respectively. In the selection procedure, we selected the stocks that have the equal

historical data from January 4th, 2016 to March 24th, 2017. The price of each stock

is in the selected financial market’s currency. Following the selection criterion, we

obtained 320 closed prices per stock, see the table (5.1) for more details.

5.3 Network Construction

A complex network for each financial dataset was constructed by taking a time

window of length �n = 5 days and shifting this window along the financial time

series. Moreover, we utilized both overlapping, and non-overlapping windows. The
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Financial Market The number of Stocks
London 1286
NASDAQ 2207
New York 1650
Mexico 148

Argentina 75
Singapore 514
Tokyo 2746

Frankfurt 633

Period 04/01/2016 24/03/2017

Time Series Length 320

Table 5.1: Datasets. This table shows the stock markets and their number of stocks.
Moreover, the period of data and the length of time series are given.

overlapping property displaces the window by an amount of �n = 1 day and repeats

the displacement until the end of the time series. In other words, the first window will

start at day n = 1 and end at day n = 5, the second window will start at day n = 2

and end at day n = 6, and so on. On the other hand, the non-overlapping property

displaces the window by an amount of �n = 5 days and repeats the displacement

until the end of the time series. More precisely, the first window will start at day

n = 1 and end at day n = 5, the second window will start at day n = 6 and end

at day n = 10, and so on, see figure (5.1) for more details. We considered in this

construction that each node of a complex network corresponds to one stock in a

financial market.

The approach of correlation matrices was employed as a basis to construct

the complex network for each time window. This approach utilizes the Pearson’s

correlation coe�cient to measure the similarity between a pair of stock prices (si, sj)

in each window to evaluate a similarity matrix D, whose elements are given by using

the following standard formula:

dij =

P
t [(si(t)� s̄i) (sj(t)� s̄j)]qP

t (si(t)� s̄i)
2
qP

t (sj(t)� s̄j)
2
, (5.1)

where s̄i and s̄j are the means of the time series si and sj , respectively. We used two

methods for the connection criterion. Firstly, a pair of nodes was connected using a
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Figure 5.1: The non-overlapping and overlapping properties were used for sliding
windows in the network construction. These figures illustrate the sliding of windows.
In the non-overlapping property (top panel), we slide the window by an amount
�n = 5. In other words, the first window takes the values from x1 to x5, the second
window takes the values from x6 to x10 and so on. In the overlapping property (bottom
panel), we slide the window by an amount �n = 1. The first window takes the values
from x1 to x5, the second window takes the values from x2 to x6, and so on.

threshold value for the similarity matrix and was simply written as

aij =

(
1 if |dij| > ✓ and i 6= j,

0 if |dij|  ✓,
(5.2)

where ✓ is a threshold value and was imposed to be 0.30, 0.50, 0.70 and 0.90 to control

the complex network size. While this approach is simple and obvious, the advantage

of being used is transparent and well understood. More complex similarity methods

exist but were not considered here. However, the slightly more complex adaptive
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Date The event Window

22/02/2016 The date of Brexit’s voting was announced 8

23�24/06/2016 The voting day of Brexit and results 25

20�22/07/2016 The US main parties chose candidates 29

8� 9/11/2016 US elections day and the results 45

Table 5.2: The important dates of the Brexit and the 2016 US elections events.
This table shows the date, event and also the window which includes the event.

nearest neighbour method [47] was applied to connect a pair of nodes in each window

at k = 5 to monitor the change in the network structure. This method prevents the

double counting of the neighbour of nodes, and consequently increases the density of

edges in the network. Following the construction criterion, including the properties

of non-overlapping and overlapping, we achieved 64 and 316 networks, respectively,

for evaluating each financial dataset.

5.4 Network Characterization

We used four network measures in this study to demonstrate the change in the

complex networks focusing on the network topology and the structural information

available through successive windows. The first measure is the average clustering,

which is used as an indicator of fluctuations in stock prices [68]. The clustering

coe�cient of a node i can be defined as:

cci =
ni

ki(ki � 1)/2
, (5.3)

where ni is the total number of connections between the nearest neighbours of node i,

and ki is the degree of node i. The average clustering is the average of the clustering

coe�cient over all nodes as follows:

AC =
1

N

X

i

cci, (5.4)

where N is the number of nodes [110]. The second measure is the network edges

density, which is the ratio of existing edges to the possible edges in the network, and

can be written as the following form:

D =
m

N(N � 1)/2
, (5.5)
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where m is the number of existing edges in the network [113]. The third measure is

the average shortest path of the network, which is obtained by:

ShP =
1

N(N � 1)

X

i 6=j

gij, (5.6)

where gij is a geodesic distance between the nodes i and j in the network. The final

measure is the network entropy, which can be defined for node i as:

E(i) = �
X

j,aij 6=0

p(i, j) log p(i, j), (5.7)

where

p(i, j) =
aijP
k aik

, (5.8)

is the element of the transition probability matrix. aij is the element of the adjacency

matrix. The average of network entropy can be computed from the following form:

AE =
1

N

X

i

E(i), (5.9)

for more details about entropy see [2, 135].

To detect a peak in the time series of network measures, we used a moving average

and a moving standard deviation. The lag is l = 5, and the distance between the

average and standard deviation is � = 2. When the value of the network measure

exceeds the moving standard deviation, the colour changes to red as an indicator of

a peak or valley in this value. Moreover, the moving average is presented by a red

line and the standard moving deviation is presented by a green line in the figures of

this study.

5.5 Results

The financial networks were generated following the construction method, which

was mentioned previously. The networks were characterized to demonstrate the

e↵ect of political events on the financial markets belonging to the countries of those

political events. Moreover, we show the propagation of political events among other

financial markets in the world. As mentioned previously, we used di↵erent values

for threshold ✓ and included the properties of overlapping and non-overlapping in

time slides through the construction procedure. We shall focus mainly on the results

of threshold ✓ = 0.30 and the property of non-overlapping in time windows in this
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Figure 5.2: The average clustering of the (a) London, (b) NASDAQ, (c) New York
and (d) Tokyo Stock Markets. The networks were connected using the threshold
method with value ✓ = 0.30. In panel (a): the London Stock Market responded
clearly to Brexit in the voting week (window 25) and continued in the following week
reaching a peak in the value of average clustering. The market started to recover from
the shock in window 27 and continued showing some fluctuations in the following
windows, and that led to an unclear response of the average clustering to the 2016
US elections in window 45. In panels (b) and (c): the NASDAQ and New York Stock
Markets reacted to Brexit with one week delay (window 26) showing a peak in the
value of average clustering, since the results were announced at the end of the voting
week. They recovered from the shock in window 27. They responded clearly to the
US elections of 2016 in window 45 reaching a peak in the value of average clustering,
followed by a decrease in the window 46 to recover from shock. In panel (d): the
Tokyo Stock Market reacted early to Brexit in window 24 and continued in the voting
week (window 25), reaching a peak in the value of average clustering in both of them,
and followed by a sharp decrease because of the late announcement of results. On
the other hand, Tokyo market began an early response to the 2016 US elections in
window 44, showing a peak in the value of average clustering, followed by a slight
decrease in the voting week (window 45).

section. In fact, we chose the threshold ✓ = 0.30 because we need the network size

to be big to cover the majority of stocks in the financial market. The results of

the remaining thresholds are similar in all the financial markets during the political

events period.
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Figure 5.3: The average clustering of the (a) Mexico, (b) Argentina, (c) Singapore
and (d) Frankfurt Stock Markets. The networks were connected using the threshold
method with value ✓ = 0.30. In panels (a) and (b): the Mexico and Argentina Stock
Markets have almost a similar response to both Brexit and the 2016 US elections
events. The average clustering of Mexico and Argentina reach a peak in window 26
as a results of the late announcement of Brexit’s result. Moreover, they recover from
crisis in window 27, showing a sharp decrease. On the other hand, they responded
early to the 2016 US elections in the week prior to voting week (window 44), and
continued in voting week (window 45). This response comes as a peak in the value
of average clustering in these windows. In panel (c): the Singapore Stock Market
shows resilience against external influences during Brexit. That means the average
clustering does not change dramatically during the event. On the other hand, the
Singapore Stock Market responded dramatically to the US elections. The average
clustering decreases to reach a valley during the voting week (window 45). In panel
(d): the Frankfurt Stock Market responds clearly to these political events. During
Brexit, the average clustering increases during the voting week (window 25) and
continues in the following week but it does not reach a peak in both those weeks, even
though there is a huge change in the value. The market reacts early to the 2016 US
elections in the week prior to voting week (window 44), showing a peak in the value
of average clustering. Moreover, the average clustering decreases sharply in voting
week as a response to the results.

5.5.1 Local event

The first stage of our study concentrated on the United Kingdom (UK) and United

States of America (US), where the political events happened, to show the e↵ect of

these events on the financial markets. Brexit was an unanticipated political event

which had an incredible influence on the London Stock Market during the voting

week, even though the voting and the announcement of the results were on the last
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Figure 5.4: The network edges density of the (a) London, (b) NASDAQ, (c) New
York and (d) Tokyo Stock Markets. The networks were connected using the threshold
method with value ✓ = 0.30. The edges density increases during the period of Brexit
and the 2016 US elections events. In the Brexit event, the edges density of London and
Tokyo reaches a spike in the voting week (window 25), even though the edges density
of Tokyo reaches a peak in the previous window. The edges density of NASDAQ and
New York reaches a peak in the following week of voting week (window 26) because
of the late announcement of voting results. In the US elections event, the edges
density of London, NASDAQ and New York increases to reach a peak in the elections
week (window 45) as a response to the results. However, the edges density of Tokyo
increases in the week prior to election week to reach a peak, followed by a slight
decrease during the elections week.

two trading days of voting week, Thursday and Friday June 23rd and 24th, 2016. The

influence of Brexit therefore continued into the following week. The e↵ect is apparent

through the change in the network properties in windows 25 and 26, which represent

the event week and the following week. In these windows, the majority of network

measures reached a spike as a consequence of the change in the network structure

during this event, see figures (5.2(a)), (5.4(a)) and (5.6(a)). This reflected a shrinking

in the London market and also displayed the careful behaviour of investors who had

observed the impact of Brexit and estimated the consequences before investment

in the market. Subsequently, the London Stock Market attempted to recover in

the second week after Brexit, shown by a sharp decrease in the network measures

in window 27. In the following windows, the market had su↵ered during recovery,

illustrated by the fluctuations in the network measures. Hence, the market did not

react evidently to the 2016 US election, as a result of having to deal with the impact

of Brexit. We could not observe a significant change in the network measures in
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Figure 5.5: The network edges density of the (a) Mexico, (b) Argentina, (c) Sin-
gapore and (d) Frankfurt Stock Markets. The networks were connected using the
threshold method with value ✓ = 0.30. The edges density increases clearly during the
events of Brexit and the 2016 US elections. More precisely, the edges density of the
Mexico and Singapore Stock Markets does not reach a peak, even though it increases
during the period of Brexit. On the other hand, the edges density of Argentina and
Frankfurt Stock Markets produces a peak in the week following voting week as a
consequence of the late announcement of the Brexit results. Moreover, the edges
density of the Argentina Stock Market reaches a spike in the voting week. In the
US elections event, the edges density of the Mexico and Argentina Stock Markets
increases to reach a peak in the elections week. The edges density of the Singapore
Stock market decreases to produce a valley in window 45 as a consequence of the
asymmetry circumstance of companies during this event. As the Frankfurt Stock
Market reacts early to this event, the edges density reaches a peak in the week prior
to the event week and then it decreases slightly during elections week.

window 45, which represents the week of the 2016 US elections.

The NASDAQ Stock Market and New York Stock Exchange (NYSE) reacted to

Brexit with one week delay since the results were announced at the end of the week.

The network measures of both markets reached a peak in window 26, which represents

the week following voting week, see figures (5.2(b,c)), (5.4(b,c)) and (5.6(b,c)). The

network measures of the markets decreased in window 27 and that reflected the rapid

recovery of both markets from the shock of the Brexit results. Unfortunately, the

recovery did not continue for long because the two main parties announced their

candidates for the 2016 US election in window 29. This caused the fluctuations in

both markets, as shown in the following windows. These fluctuations were presented
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Figure 5.6: The network entropy of the (a) London, (b) NASDAQ, (c) New York
and (d) Tokyo Stock Markets. These networks were connected using the threshold
method with value ✓ = 0.30. The response of these stock markets to the Brexit and
the 2016 US elections events leads to the change in the network entropy of a network.
More precisely, the network entropy of the London and Tokyo Stock Markets increases
during the Brexit voting week (window 25) to reach a peak. Moreover, the network
entropy of Tokyo produces another peak in the previous week. The network entropy
of the NASDAQ and New York Stock Markets increases to reach a peak in window 26
as a consequence of the late announcement of the Brexit results. On the other hand,
the network entropy of the London, NASDAQ and New York Stock Markets increases
to reach a spike during the elections week as a response to this event. The Tokyo
Stock Market reacts early to the elections, leading to increase the network entropy
in the week prior to elections week to reach a peak, and then the network entropy
decreases slightly in elections week (window 45).

by changes in the network measures, reaching some spikes through windows 33 - 44,

see figures (5.2(b,c)), (5.4(b,c)) and (5.6(b,c)). This provides clear evidence that the

election activities play a significant role in preparing the financial markets for the

shock of the results. In window 45, the NASDAQ and NYSE reacted to the election

results by showing a peak in their network measures as a result of the fluctuations of

both markets in the elections week.

5.5.2 Crises propagation

The second stage of our analysis is an examination of crises propagation, which

has attracted attention in many studies over the past decade. As mentioned in the

datasets section, we chose five di↵erent financial markets to study the political events
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Figure 5.7: The network entropy of the (a) Mexico, (b) Argentina, (c) Singapore
and (d) Frankfurt Stock Markets. These networks were connected using the threshold
method with value ✓ = 0.30. The di↵erent response of these markets to Brexit
and the 2016 US elections events leads to the di↵erent behaviour of the network
entropy measure. More precisely, the network entropy of the Mexico and Singapore
Stock Markets does not reach a peak during Brexit, even though the network entropy
increases in the voting week and the following week. The network entropy of the
Argentina and Frankfurt Stock Markets reaches a peak in window 26 as a consequence
of the time zone di↵erence and the late announcement of Brexit results. On the other
hand, the network entropy of the Mexico and Argentina Stock Markets increases to
create a peak in the elections week. The Singapore Stock Market does not show a
clear response to the 2016 US elections through the network entropy measure, even
though the network entropy decreases during the elections week. The network entropy
of the Frankfurt Stock Market increases to reach a peak in the week prior to elections
week (as the early response) and then decreases slightly in elections week.

propagation outside the countries of these events. These stock markets are Mexico,

Argentina, Singapore, Tokyo and Frankfurt, and these markets are of di↵erent sizes

in terms of the number of stocks. They can be classified into three types with regard

to small, medium and large stock markets.

Mexico and Argentina Stock Markets interacted with the Brexit and the 2016

US elections events, even though they are small markets compared to the selected

markets in the datasets. The network structure of the Mexico and Argentina Stock

Markets were relatively changed to be almost one component network. During

the Brexit event, the change of the network structure started in window 24 and

continued in the following windows, reaching the extreme change in window 26,
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Window: 24 Window: 25 Window: 26

Window: 44 Window: 45 Window: 46

Figure 5.8: The networks of the Mexico Stock Market before, during and after
Brexit (first row) and the 2016 US elections (second row). These networks were
connected using the adaptive nearest neighbour method. This figure shows clearly the
significant change in the network structure of the Mexico Stock Market during the
periods of these political events.

which represents the week following Brexit’s result announcement. In the 2016 US

elections, the change of the network structure commenced in window 44 reaching an

extreme change in window 45, which represents the elections week. Consequently,

the change of the network structure caused the obvious increase in the network

measures of the Mexico and Argentina Stock Markets, to reach a spike during

the periods of these political events. Figures (5.3(a,b)), (5.5(a,b)) and (5.7(a,b))

show the variations in the network measures of the Mexico and Argentina Stock

Markets, respectively. The network measures reached a peak in window 26 as a

consequence of the late announcement of Brexit’s result. For the 2016 US elections,

the network measures reached a peak in window 45 for both of the markets. In

these mentioned figures, we can observe that the peak of the 2016 US elections

is greater than the peak of Brexit for both the Mexico and Argentina Stock Mar-

kets. Thus, one may conclude from these results that the 2016 US elections had

greater impact on these markets than Brexit. This can be possibly explained by the

geographical markets’ location, which plays a significant role in the crisis propagation.
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Figure 5.9: The network entropy of the (a) London, (b) NASDAQ, (c) New York
and (d) Tokyo Stock Markets. These networks were connected using the adaptive
nearest neighbour method. This network entropy behaves di↵erently to the entropy of
network, which was connected by the threshold method. More precisely, the network
entropy of the London and Tokyo Stock markets decreases in the Brexit voting week
to reach a valley. The NASDAQ and New York Stock Markets reacted to Brexit
with one week delay since the results were announced at the end of the voting week.
This leads to a decrease in their network entropy in the week following voting week
to produce a valley. On the other hand, the network entropy of London, NASDAQ
and New York Stock Markets does not reach a valley during the elections week, even
though it decreases almost in the elections week. However, the network entropy of
the Tokyo Stock Markets reaches a valley in the elections week.

The behaviour of the Singapore Stock Market is completely di↵erent. The value

of the network measures for the Singapore Stock Market are shown in figures (5.3(c)),

(5.5(c)) and (5.7(c)). We find that the Singapore Stock Market did not react dramat-

ically to the Brexit event. Thus, one can conclude that the Singapore Market shows

resilience against external influences from Europe. However, during the US elections

of 2016, the Singapore Market did show dramatic change. The average clustering of

the network decreased to reach a valley in window 45, which represents the voting

week of elections. Moreover, the shortest path of the graph increased to a spike in

the same window. We discovered from these measures that the well constructed

network at window 45 changes to a very sparse structure diversity after the results

of the 2016 US elections. This shock can be interpreted by the asymmetry situation

of the companies, which behaved di↵erently from each other in the Singapore Stock

Market during the political event period. As a result, the market shows various

responses to this event.
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Figure 5.10: The network entropy of the (a) Mexico, (b) Argentina, (c) Singapore
and (d) Frankfurt Stock Markets. These networks were connected using the adaptive
nearest neighbour method. This network entropy behaves di↵erently to the entropy
of network, which was connected by the threshold method. In the Brexit event, the
network entropy of Mexico, Singapore and Frankfurt Stock Markets does not react
obviously to reach a valley or peak, even though there is a change in the network
entropy value during the event period. However, the network entropy of the Argentina
Stock Market increases in the voting week to reach a peak and follows by decreasing
to produce a valley in the following week. In the week of the 2016 US elections,
the network entropy of the Mexico and Argentina Stock Markets decreases to create
a valley. The network entropy of the Singapore Stock Market reacts di↵erently by
increasing to reach a peak in the elections week. The network entropy of the Frankfurt
Stock Market does not show an obvious peak / valley during the elections event, even
though there is a change in its value.

The Frankfurt Stock Market is the major stock market in the European Union

(EU) region and is the 5th largest by trade volume in the western world. Therefore,

this market is an important market to observe the impact of Brexit as well as the

2016 US elections events. From figures (5.3(d)), (5.5(d)) and (5.7(d)), we can observe

the clear response of the Frankfurt Stock Market to these political events through the

network measures. The network measures increased in window 26 to reach a peak

as a consequence of the change in the network structure during this political event.

This peak occurred after a significant fluctuation in the previous windows, 24 and

25. In other words, the response of the Frankfurt Stock Market began in the week

prior to voting week (window 24) with a decline in the network measures, followed

by a notable increase in the network measures during the voting week (window
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25). As a result of the di↵erences in time zone and the late announcement of the

voting result, the response of the market to Brexit continued in window 26 to reach

a peak. This fact clearly shows the severe change in the Frankfurt Stock Market

during Brexit. However, the Frankfurt Stock Market responded slightly di↵erently

to the 2016 US elections. The response increased the network measures to reach

a peak in the week prior to the event (window 44), followed by a decrease during

the elections week (window 45). The above reflects the considerable change in the

network structure throughout the political event. Again we see the change from a

dense network in window 44 to a sparse network in window 45 causing the change

in network measures, see figures (5.3(d)), (5.5(d)). One possible explanation of this

reaction is that there was an anticipation of the US event. The anticipation created

a symmetric situation among companies in the market and caused the increase in

the network measures in the week prior to the event. However, the voting results

were not those that were anticipated, and caused an asymmetric situation amongst

companies in the market in the elections week. Subsequently, the asymmetric circum-

stance caused the decrease in the network measures in the elections week (window 45).
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The Tokyo Stock Market is the biggest market in the selected datasets and has

an enormous diversity of companies. Japan has a stable relationship with both the

UK and the US. Therefore, as expected, the Tokyo Stock Market reacted similarly to

Brexit and the US elections of 2016. The response to Brexit is that the graph mea-

sures began to increase in the week prior to voting week (window 24) and continued

in the voting week (window 25). However, the real response to the Brexit result was

in the following week (window 26), with sharp decreases in the network measures due

to the late announcement of the voting result and the time zone di↵erence between

London and Tokyo. On the other hand, the Tokyo Stock Market reacted to the

2016 US elections with increases in the network measures during the week prior

to elections week (window 44), and slight decreases in the elections week (window

45), see figures (5.2(d)), (5.4(d)) and (5.6(d)). Comparing both responses, we can

observe that the response to Brexit is more dramatic than the response to the 2016

US elections, this is because the Brexit results were unanticipated and had worldwide

implications.

5.5.3 Network Entropy Comparison

From figures (5.6), (5.7), (5.9) and (5.10), we can observe di↵erent behaviour in the

entropy value of the network during Brexit and the 2016 US elections. As mentioned

previously, we employed the threshold method and adaptive nearest neighbour (ANN)

method to connect the nodes of the network during construction. Moreover, we

computed the entropy measure of the network for each of them. Figures (5.6) and

(5.7) show the entropy of the networks which were constructed using the threshold

method. Figures (5.9) and (5.10) show the entropy of the networks that were

constructed utilising the adaptive nearest neighbour method. Thus, one can say that

the entropy measure increased with threshold-networks and decreased with ANN-

networks during these events. One possible explanation for this is that the increase

in the correlation coe�cient value leads to the change in the overall connectivity

of the threshold-network. This change caused the increase in the entropy value of

the threshold-network. On the other hand, the increase in the correlation coe�cient

value leads to the change in the structure of the ANN-network among components.

This change did not cause the increase in the entropy value of the ANN-network,

due to the limitation of the number of edges in ANN criteria.
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Figure 5.12: The average clustering of the random network of the (a) London,
(b) NASDAQ, (c) New York and (d) Tokyo Stock Markets. The random networks
were reconstructed using the random shu✏e method for the networks which were
connected using the threshold method with ✓ = 0.30. In general, the average clustering
of the random network seems similar to the average clustering of the main (existing)
network (figure 5.2) especially during the periods of Brexit and the US elections, even
though there is slight di↵erence in the value between them. Moreover, the average
clustering of the random London network has two small di↵erences during the periods
of political events. The first di↵erence is that the average clustering decreases in
window 26, which is the following week of voting week. The second di↵erence is that
it increases in the elections week to reach a peak, even though the average clustering
of the main network does not react obviously to reach a peak because the market is
still dealing with the shock of the Brexit results at the time of elections.

5.6 Random Process

As a further validation of this result, we conducted a random reconstruction process

on the existing networks of selected financial markets. We employed a random shu✏e

method and Monte Carlo method to obtain random networks. The main feature of

the shu✏e method is preserving the number of edges of the network. On the other

hand, the Monte Carlo method preserves the probability density function of network

degree. Subsequently, we compute the network measures of random networks to

demonstrate the potential existence of political influences on the selected financial

markets. Thus, we discovered that the measures of random networks behaved gener-

ally similar to the measures of the existing networks, especially during the periods of

Brexit and the 2016 US elections, even though there is a slight di↵erence in value

between them. In other words, the random networks of selected financial markets

show clear responses to Brexit and the 2016 US elections through windows 24 - 26
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Figure 5.13: The average clustering of the random network of the (a) Mexico, (b)
Argentina, (c) Singapore and (d) Frankfurt Stock Markets. The random networks were
reconstructed using the random shu✏e method for the networks which were connected
using the threshold method with ✓ = 0.30. Generally speaking, the average clustering
of random network behaves analogously to the average clustering of the main (existing)
network (figure 5.3), especially during political events. In this comparison, there is
slight di↵erence in the value between them. The average clustering of the random
Mexico network does not reach a peak in window 26, even though there is an increase
in the value. Furthermore, the average clustering of the random Singapore network
does not attain a valley in the elections week, even though the value decreases.

and 44 - 45, respectively, see figures (5.12), (5.13), (5.14) and (5.15). More precisely,

the responses of the random networks exhibit a similar pattern to the responses

of the existing networks. The response has been either an increase or decrease of

the random network measures during the period of political events, indicating the

underlying change of the network structure. Moreover, the pattern encapsulates the

main features of the responses of the existing networks, such as the shape of response,

the di↵erence between the responses to both events and the magnitude of response.

Integrating the results of random networks with the results of existing networks,

we infer that the impact of political events on the selected financial markets was

significant. This leads to the fact that the network structure of the financial mar-

kets completely changed during the periods of Brexit and the 2016 US elections.

Consequently, the network measures fluctuated significantly during the same periods.
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Figure 5.14: The entropy of the random network of the (a) London, (b) NASDAQ,
(c) New York and (d) Tokyo Stock Markets. The random networks were reconstructed
using the random shu✏e method for the networks which were connected using the
threshold method with ✓ = 0.30. We compare the entropy of the random network
of these markets with the entropy of the existing network (figure 5.6). We find that
they are analogous in the pattern, with a slight di↵erence in the value between them,
especially in the periods of political events. This leads us to conclude the success of
the complex network model which is used to study this phenomena.

5.7 Taking Cover

Financial instabilities influence the decision of investors to invest in financial markets.

Therefore, many investors hedge their investments in the financial markets against

such crises. Investors decide that “taking cover” is the best way to protect their

portfolio from the anticipated crisis. Therefore, they withdraw their investments

from the financial market by selling the stocks to reduce their losses. In fact, the

massive sales motion causes a reduction in the trend of the financial markets before

such an anticipated crisis. We examined the incidence of such cases before the Brexit

and the US elections of 2016 events in this study. To do that, we observed the change

in the time series of each financial market in the selected datasets. In each window,

the observation computed how many times all time series are increase, decrease and

steady. Then, we subtracted decreasing times from increasing times and divided the

results by the total observing times as follows:

Ob.T.S.

�����
w

=
# increasing times�# decreasing times

# total observing times

�����
w

. (5.10)

These observations were conducted over all the time series of the financial market.
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Figure 5.15: The entropy of the random network of the (a) Mexico, (b) Argentina,
(c) Singapore and (d) Frankfurt Stock Markets. The random networks reconstructed
using the random shu✏e method for the networks which were connected using the
threshold method with ✓ = 0.30. The entropy of the random network of these markets
seems similarly to the entropy of the existing network (figure 5.7), with a slight
di↵erence in the value, especially in the periods of political events.

Figures (5.16) and (5.17) show the observations of changes in the financial markets.

The results show that there are significant changes in the financial markets in the

week (window 24 and 44) prior to the week of both political events (window 25

and 45), except the Mexico Stock Market does not show obvious changes before the

Brexit event week. In other words, the time series of financial markets decreased

dramatically in windows 24 and 44, even though the time series started to decrease

early before these windows in some financial markets. However, the time series of

the Mexico Stock Market started to act early by increasing in window 24, followed

by a slight decrease in window 25, even though there was a decrease in the previous

windows 22 and 23. Moreover, the properties of Mexico’s network show a clear

response to the Brexit event through windows 24, 25 and 26, see figures (5.3(a)),

(5.5(a)) and (5.7(a)). This reflects the kind of trust among investors to continue

trading in the market during the Brexit event, even though the Mexico Stock Market

is a small, developing financial market. Generally speaking, the results show a

massive decrease taking place in the financial markets before Brexit and the US

elections of 2016, and that confirms the happening of taking cover in the financial

markets before these political events.

We conducted a random test using two di↵erent methods to validate these results.
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Figure 5.16: The observed di↵erences of the London, NASDAQ, New York and
Tokyo Stock Markets over the period of data. The period of the Brexit and the 2016
US elections events is highlighted in yellow. The di↵erences of stock markets decrease
in the week prior to both political events week. Then, the di↵erences increase during
both events week (window 25 and 45) and the following week as sign of recovery from
the shock of political events and their results. The massive decrease in the financial
markets manifests the occurrence of taking cover before the political events.

Firstly, we detected a peak in the observation of di↵erences using a moving average

and moving standard deviation. We randomly shu✏ed the time series of observation

20 times. In each shu✏e, we detected the peak again to test the resistance of time

series. We found that most of the time series are resistant in regard to a change in

the number of peaks. Moreover, the period of political events contains predominantly

a peak in the real or shu✏ed time series. Then, we computed the probability of a

peak using the following formula:

Ppeak =
# peaks

# samples
, (5.11)

where the number of peaks of the real time series. The number of samples is 64.

Brexit and the US elections are independent political events. Therefore, the occur-

rence of peaks is not random because the probability of a peak for the two disruptions

(political events) is very small (P 2
peak). This leads to the occurrence of the peak is

associated with the political events.

Secondly, we used the probability distribution to validate these results. We

assumed an indicator which represents the change in the time series of observation
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Figure 5.17: The observed di↵erences of the Mexico, Argentina, Singapore and
Frankfurt Stock Markets over the period of data. The period of the Brexit and the 2016
US elections events is highlighted in yellow. The di↵erences decrease in the previous
week of both political events in all the financial markets, except the Mexico Stock
Market. Mexico’s di↵erences increase in window 24, followed by a slight decrease in
the Brexit voting week, even though they decrease in the week prior to the elections
week. However, the di↵erences increase in the weeks of both events (window 25 and
45), and also in the following weeks (window 26 and 46) as evidence of recovery from
the crises in all the financial markets. This confirms that taking cover has occured in
these markets during these political events.

from negative to positive. Then, the probability is the number of the occurrence of

indicator in the samples using the following formula:

Pdist =
# indicator0s occurrence

# samples
. (5.12)

Moreover, we focused on the two political events in this distribution and assumed

K = 2. In addition, we assume N ✓ K which represents the number of events that

is detected by the nominated indicator. The hypothesis is that the indicator occurs

at random. Therefore, the probability of occurrence N at K events is

Prob(N out of K) =
KX

i=N

Bin(i,K, Pdist). (5.13)

The occurrence of the indicator is associated with the political events in all the

financial markets, except the Mexico Stock Market. The indicator detected the US

elections of 2016 only in the Mexico Stock Market. Therefore, the value of N is
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equal to K in all of the financial markets, except the Mexico Stock Market, where

the value of N is one. Consequently, the probability is P 2
dist for all of the financial

markets, except the Mexico Stock Market. This probability is very small and leads

to a rejection of the hypothesis. In other words, the indicator does not happen at

random and the occurrence of the indicator is associated with the political events in

these financial markets. In the Mexico Stock Market, the probability is

Prob(1 out of 2) =
2X

i=1

Bin(i, 2, Pdist), (5.14)

where the result is 0.569. However, the Mexico Stock Market is a small, developing

market. Therefore, the late announcement of the Brexit results causes the delayed

response of the Mexico Stock Market. This leads us to conclude that the indicator

does not happen during Brexit.

The international financial markets of the world are connected as a consequence

of globalization. Therefore, we examined the global markets’ synchronization using

the observation of change in the financial markets. We apply the following formula:

si(t) =
X

i

(xi(t)� xi(t� 1)) , i = 1, 2, ..., 8, t = 2, 3, ..., 64, (5.15)

where x(t) is the observation of changes shown in figures (5.16) and (5.17). The

result of the global markets synchronization is shown in figure (5.18). The financial

markets reacted synchronouzly to Brexit and the 2016 US elections. More precisely,

the financial markets began to respond early to Brexit in the three weeks prior to

the voting week (window 25), showing significant fluctuations in the global markets’

di↵erences through these weeks. In voting week, the global markets’ di↵erences

increased sharply by 200% to reach a peak and continued to increase, reaching

another peak in the following week as a consequence of the late announcement of

the Brexit results. In window 27, the financial markets recovered from the shock of

the Brexit results. This recovery led to an aggressive decrease in the global markets’

di↵erences in window 27 to reach an extreme valley, followed by an increase in the

following window to reach a peak, which is lower than the peak of window 26, see

figure (5.18).

The response of the financial markets to the 2016 US elections is similar to the

response to Brexit, with slight di↵erences in the recovery. More precisely, the global

markets’ di↵erences had significant fluctuations in the two weeks prior to the elections

week (window 45). The global markets’ di↵erences increased sharply in the elections
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Figure 5.18: The global markets’ di↵erences. The financial markets respond
synchronously to Brexit and the 2016 US elections events. In the Brexit event, this
response leads to significant fluctuations in the global markets di↵erences in the
three weeks prior to voting week. Then, the global markets’ di↵erences increase in
the voting week (window 25) to reach a peak, and continue to increase to reach
another peak in the following week as a consequence of the late announcement of the
Brexit results. Subsequently, the global markets’ di↵erences decrease in window 27 to
produce the lowest valley, followed by an increase to reach a peak in window 28 as
an indicator of recovery from the shock of results. During the elections event, the
global markets’ di↵erences fluctuate remarkably in the two weeks prior to elections
week and then increase sharply to reach a peak in elections week. The financial
markets began to recover from the impact of elections results. Therefore, this recovery
leads to a decrease in the global markets’ di↵erences in the three following windows
and ends up in an extreme valley in window 48. Subsequently, the global markets’
di↵erences increase significantly in window 49 to reach a peak, and then decrease
again to produce a lowest valley in the following window. The period of the Brexit
and the 2016 US elections events is highlighted in yellow. In addition, the financial
markets react synchronously to the announcement of the Brexit referendum date
by British Government. This reaction increases the global markets’ di↵erences to
reach a highest peak in window 7, followed by a decrease in the following window.
The period of reaction is highlighted in red. The response of the financial markets
to the beginning of the elections activities is clear in window 38. Hence, the global
markets’ di↵erences increase to reach a peak in window 38, followed by a decrease in
the following window. The period of response is highlighted in green.

week by around 300% to reach a peak. Thereafter, the financial markets began to

recover from the shock of the election results by showing a decrease in the global

markets’ di↵erences in the following three windows. The decrease ended up in an

extreme valley in window 48. Subsequently, the global markets’ di↵erences increased

sharply in window 49 to reach a peak, which is greater than the peak of elections
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week. In the following window, the global markets’ di↵erences decreased again to

reach a valley, which is lower than the valley of window 48, see figure (5.18).

The British Government announced the date of the Brexit referendum on February

22nd, 2016 after obtaining a deal on Britain’s membership of the EU. The referendum

date was declared after the European Council (EC) meeting on February 18th � 19th,

2016. Moreover, the announcement was at the beginning of week 8 in the selected

datasets. The financial markets responded clearly to this event. The global markets’

di↵erences produced the lowest valley in window 5, followed by an increase in the

following two windows to reach a peak in window 7, which contained the meeting of

EC. In window 8, the global markets’ di↵erences decreased as a consequence of the

announcement of the referendum date. On the other hand, the election activities

started with the first presidential election debate, held on September 26th, 2016.

As aforementioned, the election activities played a significant role in preparing the

financial markets for the main shock of the election results. The financial markets

reacted clearly to these activities; moreover, the reaction time was seven weeks before

the elections week. The global markets’ di↵erences increased to reach a peak in

window 38, followed by a decrease to produce a valley in the next window. To sum

up this section, the results clearly show the deep e↵ects of political events on the

financial markets, leading to a change in the trend of financial markets. Moreover,

political events influence the investment motion in the financial markets by regressing

the volume of new investments or withdrawing the current investments from the

financial markets.

5.8 Conclusion

The investigation of political influences on the financial markets is the main focus of

this chapter. We discovered the e↵ects of the main political events in 2016, namely

Brexit and the US elections. To do so, time series data was collected from January

4th, 2016 to March 24th, 2017 for eight di↵erent stock markets: London, NASDAQ,

New York, Mexico, Argentina, Singapore, Tokyo and Frankfurt. To quantitatively

demonstrate these influences, this time series was divided into weekly windows utilis-

ing the overlapping and non-overlapping properties, and the technique of correlation

networks was then constructed for each window.

In this technique, the correlation network was connected by employing the

threshold method and the adaptive nearest neighbour method. Subsequently, we

accomplished comprehensive observations of the variation of network measures over
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the windows. The main investigative focus was on the response of the financial

markets of the countries in which the political events happened. From a comprehensive

perspective, the London, NASDAQ and New York Stock Markets show dramatic

responses to these political events through the variation of network measures during

the period of events. The variation occurs as a consequence of a significant change in

the network structure. This reflects a significant impact of these political events on

the stock markets. We observe that the responses of the London, NASDAQ and New

York Stock Markets to Brexit are greater than their responses to the 2016 US elections

due to the fact Brexit proved to be an unanticipated world political event. On the

other hand, the crisis propagation is no less important than the main investigation.

The Mexico, Argentina, Singapore, Tokyo and Frankfurt Stock Markets show clear

responses to both political events, with notable di↵erences in the pattern of responses

between these markets. To validate these results, the random process was conducted

on the existing networks of selected financial markets to obtain random networks,

utilising the random shu✏e method and Monte Carlo method. The results of random

networks are similar to the responses of existing networks, with slight di↵erences in

value between them. Moreover, the pattern of the responses of random networks

is similar to the pattern of the responses of existing networks. Furthermore, the

global markets di↵erences show clearly the deep influences of political events on the

financial markets. Therefore, political events have a direct influence on financial

markets and are involved in the creation of uncertainty in financial markets.
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Chapter 6

Conclusion

In this thesis we introduced a variety of complex network models to study stock

markets. In addition, we employed complex networks to investigate the influences of

political events on the stock markets.

In Chapter 2 we constructed a correlation network model to study the stock

market using a new quantitive measure of similarity. This new measure combine

the stock price, the volatility of the stock price and the correlation coe�cient of the

stock price. The structure and properties of the correlation networks were examined

to show the impact of financial crises on the stock market.

In Chapter 3 we introduced a scale-free network to model the stock market. We

constructed the model using an algorithm which combines the standard preferential

attachment method, the conditional sectoral preferential attachment method and a

selection probability. To demonstrate the overall behaviour of the model, we moved

the probability value from zero to one and studied the structure and properties of the

scale-free network. In addition, we detected the community structure using three dif-

ferent methods to discover the interaction of companies of a sector in the stock market.

In Chapter 4 we constructed a weighted network to study the stock market using

three di↵erent techniques. Two of them are based on Pearson’s correlation coe�cient

and the third quantifies the similar volatility of stock prices. We examined the

network topology and resilience to evaluate the stock market during the financial

crises.

In Chapter 5 we implemented the complex network to investigate the influences

of political events on stock markets. We modelled eight di↵erent stock markets

using a correlation network. We examined the response of stock markets to Brexit
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and the 2016 US elections events by analysing the variation of network measures.

A random process was used to test the existing networks against the null hypoth-

esis of no significant structure on the existing networks to validate the results of study.

Overall, the new quantitive measure, which was introduced in Chapter 2, per-

formed well to evaluate the similarity, even though the shortcoming of correlation

coe�cient. The analysis of the complex network structure has led to the inference of

a growth network model as a consequence of the di↵erent history of companies in the

data set. Critical fluctuations in stock price during financial crises led to significant

changes in the network structure and properties. These changes allowed us to detect

and observe how the stock market responded to these financial crises.

In addition, we constructed the first scale-free complex network model for a

stock market using the algorithm which was introduced in Chapter 3. The degree

distribution clearly follows the power law. The number of hubs increased obviously,

when the probability moved to one as an indicator for the occurrence of the “rich

get richer” phenomenon in this model. The financial scale-free network model could

detect the sectors of the financial market through community structure when the

probability value is less than the mid-range. This approach could lose this ability to

detect the sectors of the financial market as the probability is more than the mid-

range. This allowed us to infer how companies of a sector interact in the stock market.

Furthermore, the same sign of the volatility method (SSVol), which was intro-

duced in Chapter 4, has a structural capacity to identify the connection between

the nodes of a weighted network more than the remaining methods, even though

the remaining methods generated a su�cient weighted network. The increase in the

average clustering and average shortest path accompanied with the decrease in the

dynamical entropy. In other words, financial crises caused a change in the network

topology and a reduction in the network resilience.

The complex network (Chapter 5) showed a capacity to detect clearly the re-

sponse of stock markets to the political events (Brexit and the 2016 US elections) by

demonstrating the dramatic variation of network measure and the sharp change in

the network structure during the period of events. The crises propagation of political

events was discovered by complex networks, though there were notable di↵erences

in the pattern of responses between international markets. Furthermore, the global

markets di↵erences showed clearly the deep influences of political events on the

financial markets.
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The main remark in this research is the shortcoming of correlation coe�cient

method to detect the similarity between a pair of stocks. Especially, when a stock

price is constant in the whole segment of a time series (window), the correlation

coe�cient method fails. This has led to loss of a number of nodes during the

construction of a complex network in Chapter 2, 4 and 5. It is necessary to develop

a new measure for the similarity. In addition, this is the first time to develop a

scale-free network model to study the stock market, and the model was applied on a

small data set in this study. It is important to apply the scale-free network model on

the large data set to improve the capacity of the model to choose the initial network,

and also to detect the sector of stock markets. Furthermore, it is the first time to use

the volatility of stock price as a measure for similarity in weighted networks. The

network structure constructed using this measure needs more deep investigations to

present all aspect of this measure.
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