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= Abstract™

The study is aimed at understanding the structure, function and evolution of the complex
financial, and biological systems, We have developed tools from the physics, mathematics and information
theory that can be used to acquire profound and new insights into topology, structure, function and evolution
of these systems. This study forms a substantial ties between the field of physics, mathematics, economics,
sociology, information theory and network theory,

For the financial system we study the global financial indices, foreign exchange (world
currencies) and the Thai stock market SET index. In this work, we develop statistical, spectral, and network
methods for the financial time series analysis. The focus is mainly on the correlation structure, its statistical
and spectral properties. We find the cross correlation matrix between different financial commodities such
as currencies, stock and indices. New information theoretic measures such as “eigenvector entropy” is
developed which quantify the eigenvector localization as well as the information content of the eigenvector.
A detailed statistical and spectral analysis is performed on the correlation mairix, cn?ated from a moving
window method to study the dynamics and evolution of the system. We use different method to create
network from the correlation imatrix. The main network studied during the project are the minitmum spanning
tree (MST) and the correlation threshold network (CTN). We calculate and compare the results of two
different system (1} global financial indices of 31 countries and (2) foreign exchange rates of 21 different
currencies, By comparing their properties, dynamics, structure and evolution using a rolling window method.

Lastly, we study the structure, dynamics and evolution of the Thai stock market SET index.
In this problem, we study more than 100 stocks from the Thai stock market to understand how the Thai stock
market evolves from 2000 to 2018. The analysis is mainly based on, spectral analysis and network theory.
From our analysis, we can cluster stock into sectors such as agricultural, healthcare, banking etc. The detailed

analysis reveals how the properties changes when the market is undergoing crash or in the growth phase.
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The next system under consideration is the protein family. A physio-chemical property
based approach is proposed for the analysis of protein sequences. In this new approach, we represent a protein
sequence as a multidimensional time-series and we estimate the positions in the protein that can control or
affect its function. With the use of entropy measures such as property based Shannon entropy and Kullback-
Leibler divergence, we find that certain substitutions preserve some physio-chemical properties. Doing
a detailed analysis, we find that these are crucial for working of the protein family. The entropic measures
shows that the physio-chemical properties values are more conserved than the type of amino acids during

the evolutionary history of the protein family. The protein family under study is beta-lactamase which are

on the working of the family. Finally we perform a network analysis to create the network of positions for

different physio-chemical properties, which shows how different positions are interacting with each other.

theenzymesseereted by-bacteriaagainsttheantibiotics suctras penicithin- The sudy of the famity shedlights
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Chapter 1 Intreduction

1.1 Background and Research Problem

Background

Statistical mechanics have provided a theoretical framework for studying systems from
diverse fields which not only includes physical, or chemical systems, but also been extended to the
interdisciplinary fields of complex systems such as economical, biological and social systems. The

application of the tools and models of statistical mechanics to the complex financial and biological systems

had led to the development of the interdisciplinary fields known as “Econophysics” [1], “Biophysics” and

“Sociophysics”(2]. The recent years have witnessed the growth of these branches to develop new and

innovative approaches for understanding the behavior of comblex economic, biological and social systems
which are characterized by large number of interacting degrees of freedom giving rise to a non-trivial
collective and emergent behavior. This have attracted many physicists to investigate and study these systems
not only for the immediate practical application such as efficient allocation of the resources, determining the
risk in financial investment, estimating the bubble and crashes in the economy or understanding the formation
of consensus. or biéses in society but also fdr the pure scienfiﬁc interest fér having a deeb u”nderstandi.ng. of
the structure and dynamics of these complex systems. The growth of the ficld is further facilitated by the two
main factors: (1) availability of large electronically accessible data sets, and (2) advancement in
computational capabilities and high-throughput technologies for simulation and processing of data. These
two factors have enabled researchers to analyze and process large data sets for the patterns and features that
characterizes the underlying principles and laws manifesting the dynamics and evolution of these systems.
The financial/stock markets and social system comes under the category of the evolving complex systems
where the evolution results in the change in the market structure and components by introducing new
products, strategies, alliances, parinerships, technologies along with many other factors, Stock market are
very good in recording and maintaining. The availability of rich and wide range of data sets make them best
suited for modeling and then validating the developed tools, methods and theories through the empirical data.
There are many open question that are under active investigation such as statistical characterization of the
stochastic process of price changes of a financial commodity, identify the reasons and factors for the tipping
of the financial systems, search for the universal laws in these systems, develop new techniques to evaluate
market risk etc. The stock and financial markets are of prime interest for an individual as well as for the
society or country as a whole. Their interests in the market may be due to a variety of different reasons
including the individual financial gain due to the investment in the market or above all, studying the

disastrous impact on the country's economy due to global crash which may lead to situation of the confusion
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in society or social tension. Human social system is also an example of complex adaptive system, where the
individuals have interactions with each other like friendship, economic ties, political relation etc. These
interactions leads to the formation of a collective property of the society as a whole like the development of
common culture and language, the emergence of consensus, or biases towards a specific group or

organization.

Research Prohlem

we propose to study the statistical and nonlinear properties of the complex systems

“inichiding biological systeiis, tindncial markets lifking With thie social biases. THe fust dint i§"t6 devélopand "

formulate sitaple and understandable theory and measures to characterize the biological system and its state,
The second aim of the proposed research is to understand the structure and dynamics of the biological and
financial markets, understanding the reasons for the changes and evolution in the systems and how the
reasons {such as market sentiments, social biases, political changes, sociceconomic factors) effects the
market dynamics.

During the course of this project, we are working towards the understanding of structure,
function, and evolution of the complex systems including biological financial and social systems. In the
project, we devise computational tools to understand these systems based on the data analysis. In this project
we mainly address the following on research problems:

1) Understand the dynamics and interaction of foreign exchange (FX) rates. As FX market directly or
indirectly affects all other financial exchanges or markets therefore peeks the interest of academic
commuunity o study the structure, statistical properties and topology of the FX network.

2) Wewill try to investigate the local as well as global financial indices before, during and after a crisis,
trying to find oul the reasons behind the crisis, by the comparing the siructure and properties of the
market at the different stages of crisis (before, during and after).

3) Understanding the structure and the connection of system involving the global financial indices for
31 different countries and foreign exchange rates of 21 different currencies across the globe.

4) Since the community structure and correlations among the financial commodities are of crucial
importance for the study of financial dynamics and portfolio risk estimation, therefore the clustering
and the community structure of the financial commodities will be studied and new tools will be
developed to efficiently address this problem using the information theory, random matrix theory and
graph theory.

5} Investigating the structure, evolution, and dynamics of the Thai stock market (SET index). We will

study how to cluster stocks into sectors such as agriculturat, banking, consumer preducis ete.
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6) Studying the working mechanism of enzyme family beta-lactamase responsible for the drug

resistance in the bacteria against antibiotics. In this work, other enzymes and protein families are also
considered. We study the evolution of the protein sequence how the physio-chemical properties affect
the structure, function and dynamics of the families. The work also explores the possibility to find
the crucial interaction and positions within the family that decides and control the function of the

family.

1.2 Research Objective

1)

2}

3)

4)

5)

6)

-1 e oBjeCives ol the research are histed below, s

Find ways to manage, extract and use the information encoded in large datasets generated from
various complex systems,

To explore the properties and behavior of the complex system and the relation with randomness,
long-range interaction among agents, tolerance to noise, evolution and adaptability of system along
with the systems topalogical and hierarchical structure.

Use the electronically available large data sets, to make data based computational models to make

-predictions and find the universal principles that govern the structure and evolution of all financial

market.

Investigate the statistical characterization of the stochastic process of price changes of a financial
commodity, identification of the reasons and factors for the tipping of the financial systems and to
search for universal laws in financial and social systems.

To understand the evolution and adaptation of financial system. As these systems are prone to fatal
crashes or abrupt changes which are the outcome of simple changes in the system.

Working and mechanisin of action of the biological molecules such as protein and enzymes from

the sequence data .
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1.3 Theoretical / Assumptions (if any) and Concept Framework

Econo-physicists rely primarily on the empirical data to construct models of the financial
system and validate it, thus majorly dealing with the analysis of the empirical data in the form a of financial
time series, This empirical analysis have led the researchers to make the realistic models of the financial
systems which are capable of addressing and explaining features in the observed data and system. To address
the question quantitatively, we intended to integrate the advanced computational methods with the predictive

modeling techniques like random matrix theory, graph theory, information theory and then rigorously

verifying with comparing with the experimental results or real data sets. The research methodology will

include a broad range of both the computational and the analytical techniques. The analytical work consists
of developing the appropriate theoretical models based on statistical mechanics, random matrix and graph
theory. Since the financial and social systems are the systems that have well organized and large
electronically available data sets, which make it possible to make data based computational models and
prediction about the working of the each system. The lost lasting goal will be to find the universal principle
that govern the structure and evolution of all these systems.

Since it is believed that the price of a financial commodity includes all the fundamental
f'acfors that affec.ts it, therefore we intended to use Ithe advance information theoretic m.ethods to ex.tract the
useful information contained in it. We will random matrix theory which have served as an effective and
useful tool in the itmportant and diverse ficlds of physics (disordered condensed matter systems and quantum
chromodynamics), information theory, and more recently in interdisciplinary studies with applications to
bio-physics and econo-physics [3-5] for the noise dressing of the financial time series. Our plan is to then
exploit the information contained in the multiple time series to study the interaction and effect of the price
change of various financial assets by studying the correlations then linking these factors with the structural
and functional constraints to determine the important group position and sectors. Correlation matrices have
been extensively studied in physics and forms is the major component of the Markowitz’s theory of optimal
portfolios [6]. The spectral analyses of the correlation matrices will be done for the identification of the
important ties, motifs and clusters of the interacting assets.

The number of protein sequences are growing at an exponential rate. Therefore, it is very
important to develop efficient tools and techniques to determine the structure and function encoded in the
protein sequence data. The existing theoretical models and computational methods are unable to correctly
determine the function and structure of protein sequence. The ability of proteins to perform important
biochemical function is the result of interactions and dynamics of the constituent amino acids. Determining
the residues and interactions responsible for a structure and function of a protein requires challenging theory

and experiments. The existing methods treats protein sequences as a sequence of letters and the analysis
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is based on the occurrence of amino acids and their frequencies, estimating mutual information (M1), without
taking the physio-chemical properties of amino acid into account. Literature studies have shown physio-
chemical properties play a crucial role in determining the native state of a protein as well as the evolution
and functional properties, by influencing the mutation rate. To address the problem of linking the sequence
to structure and function, we propose a physio-chemical property based approach in which we represent
a protein sequence using different physio-chemical properties as a multidimensional time series, where each
dimension represents a property value. Secondly, most existing methods are focused on the prediction of

functional sites but do not address the problem of the functional motifs and interactions responsible for

the-protein-function. ThisTesearclr aims (o achieve this by using the spectral and network-approach:

1.4 (Information) Literature / Information related

Internationélly, there is a great deal of interest in the problems from econophysics and
sociophysics, both computationally and theoretically. Several groups around the globe are studying
the financial markets, their properties, dynamics, structure, topology by various tools than spans
mathematics, physics, information theory, statistics and computer science. Large number of monographs [1 1~
14}, journal research articles and reviews [15-17], books {1, 2, 6, 18] and edited voiumes [19-27] have been
published in the field.

From a pure statistical point of view a lot work have been done which explains the price
change of a financial commodity by simple decision making process by investors [28) or using a pure
statistical based model such as Ising model to identify the correlation among the financial assets {29], One
of the major milestone in the economics was done by Bachelier [30] where the financial time series was
modeled using the random walk concept and was before the seminal work of Einstein on Brownian motion.
One of the crucial faciors in the financial market is the identification of the non random and strong correlation
among different assets, industries or commodities. These interactions can then be used for clustering of
assents into sectors and identification of community structure which is very vital for the portfolio risk
estimation and financial dynamics. Thercfore, many studies is being dedicated to the estimation of
the interaction and correlations among the stocks and assets [5, 7, 31-40]. Many tools have been used to
identify filter the non random correlation, where random matrix theory [5] is of prime importance to filter
non random effects. The spectral analysis of the correlation matrices together with the random matrix theory
estimates the highly interacting assets and classify them as a single community or sector (41-42]. This
information is proved very useful in the systematic risk estimation and portfolio optimization[18, 43). Many
studies have shows that the financial market has underlying network structure. The first attempt [7] to create

a network of the stock prices were done by Mantagna and the idea was then extended to a vast degree
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of rescarch papers [44-50] which proved very useful in understanding the structure and topology of financial
market and explaining many of its properties.

In the subject of socio-economic inequality among citizen of a county, from the long time
have grown as a subject of prime importance. Not only economist or sociclogist but rescarcher from other
disciplines as well as philosophers have keenly devoted their time to understand the issue of
the socioeconomic inequality [51-54]. The issue is further explored by understanding how socio-economic
inequality effect over all economic growth of the country [55-58] and it has been established that

socioeconomic inequality have a very deep impact on the political scenario of the country [59-62]. The

i

~~question ratsed n-the tietd such-as the structure o wealth-distribution of-the soctety have ted researchersto——~

do extensive studies and a century ago in the seminal work of Fredo Pareto [63], it was found that the wealth

distribution follow a power law fail now known as Pareto law. The research is going at a very fast rate with -

huge amount of literature and research activities in this field, and the references are too many to be possibly

included here but few key and important references are included it the proposal.
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Chapter 2 Methodology

The first step will be to extract the available data from the various sources which is
electronically stored in the form of Administrative data (from public bodies) or social media data such as
Facebook or twitter or Private sector data such as company financial records, customer databases, service
delivery records, Internet search activity etc. The work will involve the random matrix theory which laid its
foundation nearly 50 years back [Wigner 1967], since then it has been successfully applied to various fields

including disordered systems, finance, biological systems, communication etc. which will be used here to

the finite size of the data or over sampling. The processed data will be used to create a network of the financial

commodities or social interactions where we will use the concepts of network theory which will provide

a framework for analyzing these systems from the perspective of complex systems. In the network or graph
representation of the financial system, the nodes will represent the financial assets whereas the links (edges)
represents the interaction between the assets. The different graph theoretic techniques will be used to extract

information about crucial points, conserved patterns, sectors, motifs present in the system and will be further

used to construct the structural and functional properties of the system. We are planning to explore

the properties dealing with the collective behavior of the system and relation with randomness, long-range
interaction among agents, tolerance to noise, evolution and adaptability of system along with the system
topological and hicrarchical structure. The topological and hierarchical structurc will be studied using
the minimum spanning tree approach. This hierarchical tree provides information useful to investigate
the number and nature of factors associated with the system taxonomy. We will also try to look for changes
in the hierarchical structure of the system over time,

For the financial analysis, the data set comprises of

1) the daily foreign exchange rates for 21 different currencies from 2000 to 2018 for a period of 18
years expressed in tern of a base currency which in the current case is United States Dollar (USD).
The currency is denoted according to the ISO 4217 standards using three letter code. The list of the
countries and their currencies used for the analysis is shown in Table,

2) the daily adjusted closing stock price of the 31 financial market across the world comprising
the European market, Asian market and American market ete. The filtering is done by removing
the date for which more than 50% of the market are closed on that day.

3) the daily adjusted closing stock price of more than 100 stocks from the Thai stock market that

comprises the SET index.



Table 1 List of 31 financial indices symbol (SYM) used for the analysis
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SYM Country SYM Country SYM Country
“MERV Argentina "BVSP Brazil "BSESN India
"KLSE Mualaysia "MXX Mexico "KSl11 South Korea
"AORD Austratia "ATX Austria "FCHI France
“HSI Hongkong “TA100 Israel “N223 japan
“SSMI Switzerland  |"FISE UK "GSPC USA
"BUX Hungary “NZ50 New Zealand |"KSE Pakistan
"IBEX Spain "CSE Sri Lanka "AEX Netherland
"GSPTSE Canada "STOXX3S0E | Euro Zone GD.AT Greece
“TWI Taiwan "JKSE Indonesia “GDAXI Germany
“STI Singapore "SSEC China RTS.RS Russia
“BEX Belgium .
~Table2 List of 21 currencies with the respective countries used for the analysis
Country Currency Country Currency Country Currency
UK GBP Brazil BRL Switzerland | CHF
Mexico MXN China CNY Taiwan TWD
Norway NOK Thailand THB Canada CAD -
Sweden SEK Hong Kong HKD Australia AUD
Denmark DKK South Africa |ZAR Euro EUR
Japan Py Singapore S5GB New Zeatand | NZD
India INR Sri Lanka LKR South Korea | KRW

The Pearson correlation coefficients are used to estimate the correlation between different
exchange rates, global indices or stocks. The study of the correlation between different agents in a system is
very crucial for risk management, stability analysis, portfolic management, etc, The correlations are often
plagued with the randomness and noise due to multiple factors such as finite size effects, historical noise,
statistical noise. We use random matrix theory to filter the randomness from the system. The dynamics of
the correlation with time is studied by rolling window method. We first investigate the statistics of the
correlation matrix for each year along with the probability density function (PDF)} of the independent

elements of the correlation matrix. We performed a detailed spectral analysis on the correlation matrix. The

' eigeii#alue distribution is compéred and studied with the random matrix results. To evaluate the information

content of each eigenvector we use the eigenvector entropy. The Shannon entropy is also a measure of the
eigenvector localization, low entropy eigenvectors are highly localized, where only a few components have
significant contribution other components have a negligible contribution. At last a detailed network analysis
is performed by creating a threshold network and then a minimum spanning tree. Different network
properties such as degree, degree distribution, clustering coeffictent, centrality measures etc are calculated

and analyzed,
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In the context of the protein sequences, we propose an approach to detect functional sites
and motifs which consists of the spectral and network analysis of the correlation generated by the
physiochemical properties of amino acids, integrated with the conservaiion measurc based on the
physiochemical properties. Each sequence is represented by a vector based on a physiochemical property,
Comparing the sequence vectors gives the similaritics and dissimilarities between the protein sequences
which depends on the physiochemical property under consideration i.e. two sequences may be very similar
for a phystochemical property but diverge significantly for other properties. We use information theoretic

measures followed by the techniques from the randem matrix theory (RMT) as a nubl hypothesis to to isolate

~ROR-tandom- intormation - 1rom- statistical -and-phylogenetic noise. Spectral propertes -are- cateulated-and ———

studied in detail, A network is created for each property and its properties are studied which gives the details

of how positions are interacting with each other.
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Chapter 3 Research Result

During the course of this project, we have worked towards the understanding of structure,
function, and evolution of the complex systems including biological financial and social systems. In the

project, we devise computational tools to understand these systems based on the data that they generate.

The first system comprises of the daily adjusted close price of the 31 global financial indices
from the European, Asian and American markets downloaded from yahoo finance and the second system

consists of the daily foreign exchange (FX) rates for 21 different currencies from the Federal Reserve Bank

of St. Louis. In this work, we use the statistical, spectral and network methods for the financial time series

analysis to study the interaction and the strength of the important commodities in the network. The main

focus of the work is on spectral analysis of the eigenvalues and eigenvector ol the cross-correlations between
the different financial commodities to identity the most influential commodity and interaction within the
systemn. The dynamics of the system is studied on a yearly basis from 2006 to 2015, The correlation and the
spectral properties is estimated for each window we find that the probability density function (PDF) is
estimated which shows that for global indices the mass of PDF is concentrated on the positive side whereas
for the FX rates the weight is evenly divided among the complete range. For each window, the eigenvalues
and eigenvectors are estimated, which differed from the random system. The distribution of eigenvalues can
be classified into two categories namely the calm period and the period of the financial crisis. An information
theoretic measure on the eigenvector is used to detect the sector or highly interacting pairs of financial
commodities in a systern that have a functional role. We find that the eigenvectors have important physical
meaning, for example, the second largest eigenvector clusters the commodities based on their geographical
location. A threshold method is used to analyze the structure and evolution of the interaction between the
constituents element of the system which gives a clear picture of the interaction within the system. The
evolution of the network properties is studied for each window, we find that the network is denser at the time

of crisis hence there is an increase in the correlation between the commodities during the crisis.

In the second part, we are trying to detect functional sites and motifs which consists of the
spectral and network analysis of the correlation generated by the physiochemical properties of amino acids,
integrated with the conservation measure based on the physiochemical properties. In this context, we propose
an approach to detect functional sites and motifs which consists of the spectral and network anatysis of the
correlation generated by the physiochemical properties of amino acids, integrated with the conservation

measure based on the physiochemical properties. he proposed method converts the protein sequences into
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a vector in three-dimensional physiochemical property space, from which residue positions controlling
protein function can be extracted. A new graphical method to represent protein sequences using
physiochemical properties is devised which gives a fast, easy and informative way of comparing the
evolutionary distances between protein sequences. In this space, the evolutionary conservation of a position
is specified by the conservation in the physiochemical property values. We observe that the favorable
substitutions at a position are the ones which preserve the property crucial for the functioning of that site
which is quantified by the entropy and Kullback-Leibler divergence. In this work gives an indication that

certain physiochemical properties play a crucial role in determining the function and structure and our

methad can also predict the interaction between residues and cluster them based on the eigenvectors into

analysis can not onty-1ind-1he imporiant property but can-test the 1mpoTtance of property on each site;- the——————

sectors which have a well defined structural or functional importance. The functional- and-evolutionary—-

interactions between residue positions within the protein family are visualized using the graph theoretical
technigues. The functional sites found for the beta-lactamase family using the proposed analysis have
experimental verification which can be used as targets to change the functional properties such as catalytic
or binding affinities to control, deactivate or activate the enzymatic action. The analysis also identifies certain
positions which have remarkable interactions with other crucial pesitions but have not been studied
experimentally. We suggest that during the course of evolution these sites may have become significant for
the enzyme family and are therefore important for future experimental investigations, We are also in the
process of understanding the working of other enzymes. The same procedure is applied to different protein
families including serine protease, HSP70, G protein, and HTH\ 1 families. The crucial positions are

extracted and identified.

We are also involved in the study of the structure, evolution, and dynamics of the That
stock market (SET index). In this problem, we study more than 100 stocks from the Thai stock market to
understand how the Thai stock market evolves from 2000 to 2018. The analysis is mainly based on, spectral
analysis and network theory. A detailed network analysis is performed by creating a threshold network and
then a minimum spanning tree. Different network propertics such as degree, degree distribution, clustering
coefficient, centrality measures ete are caleulated and analyzed, From our analysis, we can cluster stock into
sectors such as agricultural, healthcare, banking etc. The detailed analysis reveals how the properties changes

when the market is undergoing crash or in the growth phase
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Chapter 4 Conclusion

We have made a significant progress in the project titled “Physics of complex systems:
Economic, Finance and social systems™, We have analyzed many complex systems from various fields such
as Proteins sequences, financial systems, stock markets, world trade network etc. The data for all the systems
are collected from various sources. A automated python scripts are made to mine the massive datasets.
Globat Stock indices data, Thai stock market data, and globat currency data are collected from yahoo finance,

world bank, world trade organization ete. Data is formatted and filtered _to remove the noise and randomness.

We have made use of the information theory and random mairix theory for the filtering, To get the

information encoded by the data sets we devise and formulate the methods based on the information theory,

statistical analysis, cross-correlational analysis, spectral analysis of the correlation matrix and the network

theory. The methods are successfully applied to the data.

In this work, we try to develop the method based on correlation matrix to analyze the
financial time series. We use different independent systems namely global financial indices, foreign
exchange rates, Thai SET index for a span of 10 years from 2006 to 2015 to study using the spectral and
network methods, We create the correlation matrix for yeah year from the time series data and compared its
dynamics and evolution, The properties of yearwise correlation matrix are also compared with the random
shuffled matrix to formulate a null model, From the statistics on the correlation matrix, we find that the
financial markets have mainly positive correlation with a very less negative correlation whereas the currency
market shows both high positive correlation as well as negative correlations (anti correlations). The
eigenvalues and eigenvectors of the yearwise correlation matrix are studied and compared with the random
matrix results. The probability density function (PDF) of correlation matrix are different for the crisis and
the calm period, The eigenvalue and eigenvector analysis gives insight about the patterns in the data, Such
as the second largest eigenvalues of the global financial indices is linked to the geographical location of
7 ccr':ruﬁfrie;z'xrnd the st:ﬁéture of the éég:ondr iétrgést éigénvéct& corrrﬁ;rbnenié' remaﬂiﬂhs tilewsar'rrle fOi éll ﬁin&ows
only with a change in sign. The RMT analysis with the eigenvector entropy shows that most of the
information is located in the lower side of the eigen value spectra. These eigen modes are highly localized
and gives the financial ties that changes during the 2008 crash. The study of the variation of the number of
eigenvalues outside the RMT bounds with time shows a significant increase in the number of eigenvalues on
the lower side of the spectra during the crisis period. At last, we created the threshold based network form

the correlation matrix. The evolution of some of the network properties with time is studied which shows
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that the network is more connected at the time of crisis hence indicating an increase in the interaction between
the commodities during the crisis. We also observe that for the world currency network the components of
second smallest eigenvector, changes significantly during the crisis and the calm period. The dominating
currencies in the calm period suddenly lose their contribution at the start and during the crisis period and

a new group of interaction between currencies emerges at the start and during the crisis.

Also we devise a method to represent the protein sequence as multidimensional time series
based on the physiochemical properties is devised. The method we devised is fast and reliable to align

sequences and find the evolutionary divergence between sequences taking into account for the

physiochemical properties of amino acids. The entropic measure such as Shannon entropy or Kullback-

Leibler divergence shows that at the functional positions certain physiochemical properties are more
conserved Vthan the Vtype of amino écid. The positionsrr;ﬁth low physio-chemical based entropy and the KL
divergence are the sites thal have important structural, evelutionary and functional role. Correlation matrix
and its spectral properties are used to cluster positions into important groups termed as “sectors”, that have
functional and structural significance as active site, catalytic site or ligand binding site. Finally the network
analysis reveals how different positions are inferacting with cach other forming a network of interacting

positions and how these interaction give rise to the structural and functional properties.

We analyze different protein familes but the main work is for the beta-lactamase enzyme
family which are the enzymes responsible for the drug resistance in the bacteria against antibiotics. In this
work, we devised tools and methods to understand the working mechanism of enzyme family beta-lactamase
responsible for the drug resistance in the bacteria against antibiotics, The work involves the use of various
physiochemical properties to study the evolution, interactions, and correlations between the amino acids in a
protein family. The network aualysis is used to identify the highly interacting positions and important
interactions which are crucial for the working of the protein family. The research can identify the important

interactions and positions within the protein that can be used to activate or deactivate its enzymatic action.
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The project also leads to important academic collaborations one of which is with Prof.
Nivedita Deo, Professor, Department of Physics and Astroplysics, University of Delhi, India on the
ficld of complex systems (financial and biological). I have been on a research visit to Department of Physics
and Astrophysics, University of Delhi, India during the April - May 2019. The visit was fruitful and results

in the work on two different fields firstly on econophysics and biophysics.
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Spectral and Network Method in
Financial Time Series Analysis: A Study
on Stock and Currency Market

Pradeep Bhadola and Nivedita Deo

Abstract In this work, we summarize some of the recent statistical, spectral, and
network methods for the financial time series analysis. The main focus is first on spec-
tral analysis of the eigenvalues and sigenvector of the cross-correlations between the
different financial commodities, and second, the threshold networks derived from the
cross-correlation matrix. We used an information theoretic measures called eigen-
vector localization defined as the “eigenvector entropy” to derive the community
structure and interactions between the financial commodities in a system. Lastly,
network analysis is performed on the system which shows how the interaction within
the systein changes with time. In this article, we present and compare the results of
two different systems: (1) global financial indices of 31 countries and (2) foreign
exchange rates of 21 different currencies using a rolling window method.

1 Introduction

Financial systems have been considered as highly complex evolving systems having
many unknown agents and interactions that govern its dynamics, Understanding
this complex nature of financial markets is emerged as a challenging task and in
recent decades has been attracting considerable interest around the globe (Zhu et al,
2017; Kenett et al. 2015; Junior and Franca 2012; Wang ct al. 2018; Ren and Zhou
2014). The complex interaction among the constituents of the system is sometimes
highly. stochastic -in-nature which is usually quantified by-calculating- the-cross-——
correlations among the agents in the systems. In the current digital age, the financial
data is growing at an enormous rate which is electronically accessible, thus making
it possible to use the enormous financial data to predict the behavior of the financial
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system. Most of the research in understanding the behavior of the financial time series
over the last two decades is based mainly on the calculation of the cross-correlation
between the price change of the financial commodities (stock, currency, goods, etc.)
(Mantegna and Stanley 1999; Junior and Franca 2012; Wang et al. 2018; Ren and
Zhou 2014). The is a large quantity of work on cross-correlation that includes random
matrix theory (RMT) (Kumar and Deo 2012; Ren and Zhou 2014; Junior and Franca

2012), principal component analysis (PCA) (Billio et al. 2012), or the construction of
the network (Nobi et al. 2014; Birch et al. 2016) not only in the field of econophysics
but aiso in the field of biology (Bhadola and Deo 2016; Cocco et al, 2013), wireless

communication (Tulino et al. 2004), medical science (Batushansky et al. 2016),

In the current article, to extract the information from the cross-correlation matrix,
we first present a detailed spectral analysis of the eigenvalues and eigenvectors of the
cross-correlation matrix; we introduce an entropic measure on the eigenvectors to
guantify the information content and localization of the eigenvectors. This measure
is used to identify the clusters of highly interacting agents within the system. A
threshold method is used to analyze the structure and evolution of the interaction
between the constituents clement of the system,

2 System and Data

The current analysis is performed on the two diverse systems which are given below:

1. 'Fhe first system comprises the daily adjusted close price of the 31 global financial
indices from the European, Asian, and American markets downloaded from yahoo
finance {2019) given in Table 1.

2. The second system consists of the daily FX rates for 21 different currencies from
the Federal Reserve Bank of St. Louis (2019) and is shown in Table2 denoted
according to the ISO 4217 standards three-letter code. All the rates are expressed
int terms of USD which is the base currency.

These two systems, namely, global financial indices (Bhadola and Deo 2017; Kumar
and Deo 2012; Nobi et al. 2014) and foreign exchange rates (Bhadola and Deo 2019),
are well studied in the literature. The common factor between the two systems is. -
that in both the systems, the constituent elements (global indices and currencies)
are represented as a time series. The data for both the systems are taken from the
beginning of 2006 to the end of 2015 which spans a period of 10 years.

After a series of preprocessing steps on the data, the filtering is carried out to
eliminate any numerical artifacts. The analysis is done on the daily logarithmic
returns R; (13, which for a commodity i is calculated as

Ri(0) = In(S;(r + A1) — In(S; (1) (1)
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Table 1 List of 31 financial indices symbol (SYM) used for the analysis

SYM Country SYM Country SYM Country
"MERV Argentina "BVSP Brazil "BSESN India
"KLSE Malaysia "MXX Mexico "KS11 South Korea
"AORD Australia “ATX Austria “FCHI France
“HSI ——+-Hongkong——FFAL00———{Israel— TN22S Japan-
“SSMI Switzerland ['FTSE UK *GSPC USA
"BUX Hungary "NZ50 New Zealand {"KSE Pakistan
“IBEX Spain "CSE St Lanka “AEX Netherland
“GSPTSE Canada "STOXX50E | Euro Zone GD.AT Greece
“TWi Taiwan "JKSE Indonesia “GDAXI Germany
"STI Singapore “SSEC China RTS.R§ Russia
"BFX Belgium

Table 2 List of 21 currencies with the respective countries used for the analysis

Country Currency Country Currency Country | Currency
UK GBP Brazil BRL Switzerland | CHF
Mexico MXN China CNY Taiwan TWD
Norway NOK Thailand THR Canada CAD
Sweden SEK Hong Kong |HKD Australia AUD
Denmark DKK South Africa | ZAR Eure EUR
Japan JPY Singapore SGD New Zealand | NZD
India INR Sri Lanka LKR South Korea | KRW

where S;(#) is the price of commodity i (country index or currency) at time ¢ and
At = 1 day is the time lag. The normalized logarithmic returns are then given by

ri(t) = M 2)

g

standard deviation of R;(#) givenby 0; =< R} > — < R; >2,

3 Correlation Matrix

The study of the correlation between different commodities in a system is very
crucial for risk management, stability analysis, portfolio management, etc. But the
correlations are often plagued with the noise, and the quality of information depends
on the ratio of the length of time series L and N number of commodities. This ratio
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should be greater than 1; otherwise, the resulting correlation matrix will be very
noisy and is not good for analysis.

We use the Pearson cross-correlation coefficient which is calcutated from the
normalized log returns for any commeodity pair i and j and defined as C; ; =<
ri()rj(t) >. The elements of the cross-correlation lie in the range —1 < Cij <
1, where C; ; = 0 corresponds to no correlation between the commaodity i and j,

C;.; = listhe perfect correfation, and C; ; = —1 represents perfect anticorrelation.
The correlation matrix for the period complete period 2006-2015 is calcutated and
shown in Fig, 1 for the 31 global financial indices and Fig. 2 for the foreign exchange
rates which shows that the financial indices are positively correlated as compared
to the foreign exchange rates. Foreign exchange rates show both high positive and
negative correlation spanning the complete range of the possible correlations from
[—1, 1] whereas for the global financial indices, this range is [—0.25, 1] whereas
most of the weight (more than 90%) is concentrated on the positive side.

Next, we study the dynamics of both the systems on the yearly basis from 2006 to
2015 a total of 10 years. The correlation matrix is calculated for each year (window)
and the properties are studied. First, we study the statistical properties of the cross-
correlation for each window. First, we investigate the probability density function
for each system (global indices and currencies) for the complete system and each
window which is shown in Fig. 3. The PDF for both the systems global indices and
foreign exchange rates is a nonsymmetrical distribution with a positive mean. The
global financial indices for all window shows that the mass is concentrated on the
positive side whereas for the foreign exchange rates the weight is evenly divided

Fig.1 Heatmap of C;; for the 31 global financial indices from 2006 to 2015
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Fig. 2 Heatmap of C;; for
the foreign exchange rates
from 2006 to 2015

among the complete range. The global indices show only high positive correlation
with a very little anticorrelation whereas for the foreign exchange rates both high
correlation and anticorrelation are possible.

Figure4 shows the average of the off-diagonal elements of the cross-correlation
matrix for global financial indices and foreign exchange rates. The average correlation
between the global financial indices increases in the years 2007, 2008, and 2011.
These three years have the highest average correlations and correspond to subprime
mortgage crisis (2007), global financial crisis (2008), and European sovereign debt
crisis (2011). For foreign exchange rate, < C > shows a decrease average correlation
in 2007 and 2008 but the highest average correlation among all the years considered.
We also look into the average anticorrelation, i.e., negative off-diagonal elements of
the correlation matrix which is shown in Fig. 5 for global financial indices (left) and
foreign exchange rates (tight). The Fig.5 shows that anticorrelation are negligible
for global financial markets and all the markets positively correlated. Whereas for
the foreign exchange rates, there are significant anticorrelations which are lowest in
2011. For the complete period from 2006 to 20135, global financial markets are more
correlated than the foreign exchange rates, whereas the foreign exchange rate how

high degree of anticorrelation (10 times higher) than global financial markets.

4 Spectral Properties

The correlation structure can be studied by the eigenspectra of the correlation matrix

C. For each year, the eigenvalues A; and eigenvectors v; are determined from the

corresponding correlation matrix. The eigenvalues are then arranged in ascending
order such that A} < XA; -+ < An.
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Fig. 3 First figure shows the PDF of Cy; for the global financial indices and second figure shows
PDF of C;; between the FX rates of different currencies for the complete interval from 2006 to

2015 and for the each window
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indices (feft) and foreign exchange rates (right)



Spectral and Network Method in Financial Time Series Analysis ...

-8 GuaH baces 8- Eccrargromes LY
—ans S RENS 'y - N
AN . * “ 5
I L i 18 N | J
N ! " | N ! .
8431 I kY 3 ~235 !
4 A ;i SN H L | £
% N F N A oo \ !
~2935] go-u-¥ v 1 /
4 $ ! Y hum /
v A v ) !
A ALY
® I
s Y -a473 L -
T W L
b h 4
R pa, S VDS T et TS et Sy S . S—— Sy, o
= = TP P g g EEE R R R
yeas year

Fig. 5 Average negative off-disgonal elements of cross-correlation coefficients Cjj of the global
financial indices (Left) and foreign exchange rates (right)

The cross-correlation matrix often contains random noise (Pandey et al. 2010) in
addition to the actual information. We construct a null model by random shuffling
of the data set for each system. Numerically, resultant correlation matrices from the
shuffled data set are equivalent to the Wishart matrices, We use the analytical results

of the Wishart matrices, which have well-defined speciral properties (Bowick and
Brézin 1991) where the eigenvalue density is given by

Ap = — Ao
bl L 524 AP BOT R

wo? A
with @ == ¥ > 1 and o = [ the standard deviation.

The abovementioned distribution is known as Marcenko—-Pastur distribution
which gives the theoretical bounds for the eigenvalues as

1 1
Ai=02(1+§:i:2 —)

4

0
Forthe current analysis, W = 250 is the size of the window and N = 31 for giobal
financial indices and N == 21 for foreign exchange rates. The details of the bounds
for both the system are given in Table 3.

(3)

Table 3 Details of the RMT bound and é'iﬂgrenvé!'trl'e statistics for the two Syé&:ms {global financial
indices and foreign exchange rates)

System W N Q Ay A A<Al Ay <A
Global indices | 250 il 8.0645 |1.8282 [0.4197 |15 2
FX rates 250 21 119047 [1.6636 (05043 |11 2
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4.1 Eigenvalue Distribution

In this work, we first compare the eigenvalue distribution of the correlation matrix
corresponding to each year with the correlation matrix for the complete data set and
then with the randomly shuffied data, As the financial markets are dynamical and

change continuously-with-time-comparing-the-yearly-distribution-with-the-distribu

tion of the complete period can give insights how the system at a small time scale
differs from the overall behavior.
Figure 6 shows the complete eigenvalue distribution of the global financial indices

matrices for each vear from 2006 to 2015, the complete data set of 10 years and
random shuffled distribution. We also anatyze the behavior of the lower side of the
eigenvalue spectrum for the global financial indices shown in Fig. 7. The distribution
on both sides of the spectra differs significantly from random distribution as wel as
from the complete period. The differcnces between the complete data are higher for
the crisis period (2007, 2008, 201 1) where there is an increase in the magnitude of
the largest eigenvalue as shown in Table4. However, there is not mueh change in
the number of eigenvalues outside the RMT bounds for cach year which is nearly
2 or 3, but there is a significant increase in the number of eigenvalues outside the
RMT bound on the lower side of eigenvalue spectra during the crisis period. For
2007, there are 19; 2008, we have 18; 2010, there are 18; and for 2011, a total of 19
cigenvalues are outside the lower RMT bound A < lambda_. There the number of
eigenvalues of the lower side of the spectra is an indication of the crisis period.
Figure 8 shows the complete eigenvalue distribution and the lower part of eigen-
value distribution of the foreign exchange rates on a yearly basis from 2006 to 2015,
with the complete analysis period of 10 years with random shuffied data. The FX
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Fig, 6 Comparison of eigenvalue distribution of 31 global financial indices for each year from
2006 to 2015, for the complete period of 10 years and random shuffled system
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Table 4 Comparison of the eigenvalue statistics of the global financial markets and foreign
exchange rates

Year 2006 2007 |2008 |2009 |2010 |2011 [2012 J2013 [2014 {2015
Global] A< A 117 {19 {18  f17 18 {19 [ {f12  fit |14

Ar <X |3 3 2 2 2 2 2 2 2 3
Amax {1231 [ 1423 [15.10 11352 [14.53 ] 14.81 1275 [10.11 | 10.09 |12.39

Amin  }0.007 [0.038 [0.008 |0.005 {0.005 [0.005 |0.005 [0.007 |0.011 |0.007
FX |A<a_ [10 (9 R\ TR JAR A 10
A <A |3 2 2 2 2 1 1 2 2 2

Amax 177|748 891 |9.82 |[10.06 {1055 (1044 [8.03 (7.09 |8.08
Amin 0.0013}0.0019{0,0013| 0.0007| 0.0006] 0.0004 | 0.0005] 0.0015} 0.0011] 0.0009

rates also show a sudden increase in the largest eigenvalue during the crisis period
20072012, there is also an increase in the number of eigenvalues-outside the lower-
bound. However, on the higher side of the spectra, there is not much change in the
number of eigenvalues outside RMT bounds which is on average is nearly 2.

Analyzing both the systems indicates that most of the number of eigenvalues
which are outside the RMT bound are located on the lower side of the spectrum. Thus,
the essence of the interaction among agents is indicated mostly by the eigenvalues
which are outside the lower RMT bound, most of the information is concentrated
there (Figs.7 and 9).
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Fig, 9 Comparison of cigenvalue distribution on the lower side of the spectra of foreign exchange
rates each year from 2006 to 2015, for the complete period of 10 years and random shuffled system

4.2 Localization of Eigenvector: Eigenvector Entropy

Localization of an eigenvector is estimated by the information content of the eigen-
vector, Higher the information content, more localized the eigenvector is. We use
Shannon’s entropy to assess the information contained in an cigenvector. Shannon’s
entropy of an eigenvector v; is defined as
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where N is the number of eigenvector components and u; (j) = (¥ (7))? is the square
of the jth component of the ith normalized vector v;.

Eigenvector which has low entropy is highly localized with significant contribu-
tion from only some components. We find that in both the systetns Figs. 10 and 11,
we find that the eigenvector corresponding to the lower side of the spectrum has low
entropy thus high localization as compared to the eigenvector on the higher side of
spectra. The components of these eigenvectors have significant information about
the different aspects of the system. The highly localized eigenvector gives the highly
interacting group of commodities. It is established in many systems, for example, in
protein families, the small eigenvectors of the correlation matrix have high informa-
tion content can predict the functionally and structurally important groups of amino
acids. The components of these eigenvector form highly interacting pairs that can be
grouped into sectors or motif having an important functional role (Bhadola and Deo
2016). Also in finance, in Markowitz’s theory of portfolio optimization (Markowitz
1971), low eigenvectors correspond to the least risky portfolios.

4.3 Eigenvector

As eigenvalues that diverge significantly from RMT predictions, the corresponding
eigenvectors contains significant information. We perform a detailed analysis on the
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eigenvector components of the eigenvalues that are significantly far from the RMT
bounds. The largest eigenvector shows the state of the system; in our analysis, it
represents the global financial conditions.

Figures 12 and 13 show the components of the largest and the second largest
eigenvector for each year from 2006 to 2015, As the largest eigenvector, gives the
overall state of the system, it can be seen that the most of the Asia-Pacific coun-
tries contribute very little towards the state of the world financial condition. The
global economic conditions are mainly decided by the performance of the European
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markets. The second largest eigenvector divides the system into two categories: first
those markets for which the components are positive, and second, the markets for
which the components are negative, The components change signs in the groups
with the change in time; the overall groups remain the same, Upon closer look,

‘these two categories are based on the geographical location of the financial market.

The two categories are first is the Furopean and American market and the other
group with opposite sign are the countries from Asia-Pacific region. The groups
remain intact with time; all the countries change sign simultaneousty. The groups
are given by group 1 (European and American) that consists of 16 countries including
Argentina, Austria, Belgium, Brazil, Canada, Euro Zone, France, Germany, Greece,
Switzerland, Hungary, Spain, Netherland, Mexico, UK, and US). Group 2 consists
of Australia, China, India, Indonesia, Isracl, Japan, Malaysia, South Korea, Hong
Kong, Singapore, New Zealand, Pakistan, Russia, Sri Lanka, and Taiwan from the
Asia-Pacific region, Next, we investigate the eigenvector component corresponding
to the smallest eigenvalues and the second smallest eigenvalues which are shown



344 P. Bhadola and N. Deo

== 2006 = 2008 £ 20100 2012 o 2014
034 = 2007 - 2009 Lo 201k -8 2013 == 2015
;: =
IR PO ¢
L 1
€ . 'y
0.2 f1 "ﬁ' =y 40 [:‘ 11
N 1
2 [
3 i ]
0.1 ¢ Y1
s : i
¥
0.0
-0.14
-0.2
-0.3

T T

2 2 3

Fig. 15 Eigenvector components for the largest eigenvectors for the foreign exchange rates each
year from 2006 to 2015

—
£ X

MXN 4
NOK
NZD
SEK
SGD o

P
X

AUD
BAL
CAD
DKK
EUR
GBP
HKD
KRW

w x
I =
o [¥]

imke 2006 — 2007 —= 2003 <® 209~ 2018 % 2011 . 2012 -3 2013 b 2014 == 2015

0.4

0.0
-0.24

-0.44

-0.64

T T
x® o x a L] o g
QO w x

z B & 8§ F 2

MXN

g

¥ = & g ¥
o

F4 A

5 a 6 F 2 %

KRW

M
i

CHF 4

a
3

AUD
BRL

--Fig. 16 Eigenvector components for the second largest eigenvectors for the foreign exchange rates—
each year from 2006 to 20135

in Fig. 14. These cigenvectors are highly localized with contribution from only a
few components. These components form a highly interacting pair of markets that
can be clustered together into sectors. For the smallest eigenvector Fig. 14, the main
contribution is from France, Germany, Spain, and European Union; this forms a very
highly interacting pair of markets, with high interdependence, Europecan Union is
most influential in the cluster. The second smallest eigenvector gives a cluster com-
prising Netherland, Belgium, France, Germany, Spain, and the Huropean Union. In
this cluster France is the most influential market.
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Figures 15 and 16 show the variation of the largest and second largest eigenvectors
for each currency with time, Figure 17 shows that the lowest eigenvectors are highly
localized, and there are only a few contributing components. The largest eigenvector
is not in one direction has both positive and negative component which is different
from the largest eigenvector for the global financial markets where the components
are completely positive or completely negative. The smallest eigenvector components
show a very high interaction between the Denmark and Euro. The second smallest
eigenvector however includes a large group of currencies including UK, South Korea,
Mexico, New Zealand, Singapore, Taiwan, and South Africa.

S Network Analysis

In this section, we use the threshold method to create a network from the correlation
matrix. The correlation matrix can be converted into a graph based on the threshold 8.
The resulting network G*(N, E) with nodes (N) and edges Ef‘l between two nodes
i and j given by

o |1 if i#jCl 28
Eij= 0 otherwise ! ©)
where 8 is the threshold value. The network is constructed for different threshold
values ranging from [0, 1] and.is shown in Fig. 18 for global financial indices and .
Fig. 19 for foreign exchange rates at different threshold values (0.1, 0.3, 0.5, 0.7).

Different threshold values generate different networks with the same set of nodes
and different sets of edges. Using different properties results in a network with the
same nodes but different links.

5.1 Network Properties

In this scction, we discuss some of the basic properties of the correlation threshold
network.
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Threshald = 0.1 Threshald = 0.3

Fig. I8 Global financial network at different threshold values

5.1.1 Adjacency Matrix

Adjacency matrix or sometimes called as connection matrix is another representation
of the connections in a network, The element of the adjacency matrix A;; is Lif there
is a direct connection between node i and node j and A;; is zero otherwise. In the
case of correlation threshold network which is undirected network, the adjacency
matrix i symmetric matrix which says that if there is a link from i to j, then there
exists a reverse link j to i,

5.1.2 Network Density

Network density is defined as the ratio of the actual number of links in the networks
to the maximum possible link in the network defined as p = M /(N (N — 1)), where
N is the number of nodes in the network and M is the connection in the network, We
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study change in network density at different threshold values with each year and i
shown in Fig, 20 for global financial markets (left) and .foreign exchange rates (right).
For the global financial markets, we observe an increase in the network density for
the crisis period (subprime mortgage crisis (2007), global financial crisis (2008) and
European sovereign debt crisis (2011)).

The foreign exchange network does not show any increase in network density for _

2007 and 2008 and only shows a sudden increase in the density during the European
sovereign debt crisis (2011).
5.2 Average Degree

Degree of a node gives the total number of interactions of that node with all other
nodes. Mathematically the degree X; of a node i is defined as

K=Y Ay A28

where N is the number of nodes in the network and A is the adjacency matrix of the
network,

First, for each threshold, the degree of every node in the network is calculated for
all windows. Then estimate the average degree of the network as Kod= # Zf‘;l K;,
which gives the on an average what is the connectivity of each node. The variation
of average degree with the threshold for both network is shown in Fig. 21, Figure 21
shows that there is an increase in the average degree in the network during the crisis
period. This implies the increase in the number of connection within the network
hence higher interaction.

Avatage Degraa

A0S 41 1L a7 03§ 03 AY5 0% 043 45 035 44 268 07 Q75 38 RS 48 288 €% Als 42 oib 4T 03 04 Q45 08 053 08 461 07 A% o% 44 fa
Triesha’d Treresholt

Fig, 21 Average degree with threshold for different windows for global financial markets {left)
and foreign exchange rates (right)
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6 Average Clusfering Coefficient

Clustering coefficient is the measure of local connectivity in the network. It guantifies
the interconnectivity between the neighbors of a node. The clustering coefficient of
anode i is given as

2m i

Gl L
ni(n — 1)

&

where m; are the actual connection among the neighbors of #, and »; is the number
of neighbors of i. Clustering coefficient C; is zero if n; < 2. The average clustering
coefficient isthe average of clustering cocfficient over all nodes in the network Cy =
# Z}V:, C;. We study the variation of the clustering coefficient with threshold and is
shown in Fig. 22, which shows that there are significant changes in network with time.
The clustering is high during the erisis for both the networks, The global financial
indices 2007, 2008, and 2009 show high clustering. During the 2007 crisis, the foreign
exchange network shows a higher vatue for the average clustering coefficient at large
thresholds (0.5-0.8). Whereas at an intermediate threshold only sovereign debt crisis
2011 shows maximum clustering.

7 Conclusion

In this work, we discuss the spectral and network method based on correlation matrix
to analyze the financial time series. Two independent systems, namely, global finan-
cial indices and foreign exchange rates, are studied in detail for a span of 10 years
from 2006 to 2015. A correlation matrix is created from the time series data for
each year from 2006 to 2015 and compared with the complete correlation matrix
and the random shuffled matrix. Simple statistics on the correlation matrix shows
that the financial markets are only positively corrclated whereas the currency market
shows both high positive correlation and negative anticorrelation. The eigenvalues
and eigenvectors of the correlation matrices for each year and eigenvalue distribution
are created. The eigenvalue distribution is compared with the random matrix results.
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The distribution of eigenvalues reveals the distribution is different for the calin and
the crisis period. An information theoretic measure on the eigenvector defined as
eigenvector is calculated which quantifies the information content as well as the
localization of the eigenvector. Eigenvector entropy shows that for both the systems,
global financial indices and foreign exchange rates, the smallest eigenvectors are
highly localized as compared to the eigenvalues on the upper side of the spectra,

The eigenvector outside the random matrix bounds contains significant information
for instance, for the global financial indices second largest eigenvector conmponents
can cluster the markets based on their geographical location. We study the variation

of a number of eigenvalues out the RMT bounds with time indicate that during the -

crisis, there is a significant increase in the number of eigenvaltues on the lower side of
the spectra. The increase in the number of eigenvalues may be used as a measure to
identify the crisis period. Analysis of these eigenvector gives the clusters of highty
interacting pairs of commodities. At last, we created the threshold-based network
form the correlation matrix. The evolution of some of the network properties with
time is studied which shows that the network is more connected at the time of crisis
hence indicating an increase in the interaction between the commodities during the
Crisis,
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Abstract. We propose a physiochemical property based analysis, that represent a protein sequence as a
multidimensional time-series from which residue positions controlling protein function can be extracted.
We observe (hat the favorable substitutions at a position are the oines which peeserve the property crucial for
functioning of that site which is quantified by the entropy and Kullback-Leibler divergence. The entropic
measures shows that during the evolutionary history of the protein family, it is the certain physiochemical
properties that are conserved rather than the type of amino acids. For each physiochemical property,
the correlation matrix between positions is caleulaied, and using an ensemble of Wishart matrices from
the random muairix theory for the noise estimation and information filtering. The spectral properties of
corrclation matrices are calculated and compared with the analytical results for the Wishart matrices.

1, Introduction

The protein sequence space is growing at an exponential rale, it is extremely important to develop
efficient and accurate techniques and tools to draw inferences from the sequence data, Even with
existing theoretical models and computational techniques the function and structure encoded by a
protein sequence is not completely established [ 1—4]. Most of the existing methods mainly treat protein
sequences as strings of characters and anazlyze the sequence based on the frequencies of amino acids
(will be referred as string method) by estimating eatropy or mutual information (MI) [1, 2, 4], without
looking at the chemical, physical or biological properties of amino acid. There are studies that show that
the evolution and functional properties greatly depends on the physiochemical properties, by influencing
the mutation rate or determining the native state [S). To address the above problem we propose a
physiochemical property based analysis that represent a protein sequence as a multidimensional time
series, where each dimension represents a property value. The approach is mainly based on two
conjectures: (1) structurally and functionally important sites show a high degree of conservation, if not in
amino acid type, it will be reflected in the amino acid physiochemical properties, which is the outconie
of the evolutionary constraint. (2) Functionality is a manifestation of structural interactions (direct or
indirect mediated by series of intermediate amino acids) between positions, which is a result of the
physical, chemical and biological coupling. The work involves information theoretic measure followed
by the tools from the random matrix theory (RMT) which has been very successful in application to
diverse areas of research including nuclear physics, disordered systems, information theory, string theory,
statistical physics, biological sciences, finance, social systems [3,6]. RMT is used as a null hypothesis
to to isolate non-random information from statistical and phylogenetic noise.

Content from this work may be used under the terms of the Creative Commions Attribution 3.0 licence, Any further distribution
of this work must maintain attribution to the author(s) and the litle of the work, journal citation and DQI.
Published under licence by IOP Publishing Ltd 1
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Figure 1. (a) Protein sequence vector based on physiochemical properties. (b)The difference in values
of hydrophobicity and string based entropy for each positions in MSA. (c) Entropy of each position
based on hydrophobicity. (d) The KL divergences based on hydrophobicity (blue) and polarity (red) for
betalactamse family.

2. Data and Method

The system under study is class A fi-lactamase enzyme family (Interpro entry TPRO00S71 consisting
of 5447 proteins) which are the enzymes secreted by bacteria in response to f-lactam antibiotics like
penicillin [7,8]. These sequence are first filtered and then aligned in a multiple sequence alignment.
Different physiochemical properties of amino acid are extracted from various sources and then rescaled
between —1 to 1. Each amino acid in MSA is replaced by the physiochemical properties to get a 3
dimensional matrix D¢, where s represents the sequence in MSA, i represents the amino acid position,
and o represents the property (see [3] for details). We define a sequence vector as Ui = ):LID& to
see the trend in the change of values of a property across a sequence. The plot of sequence vector for 4
different protein sequence is using hydrophobicity and polarity is show in figure {a). The evolutionary
divergence between two protein sequence can be estimated by comparing the two sequence vector using
any metric distance measure. This evolutionary divergence score not only depends on the type of amino
acid but also takes the physical, chemical and biological properties into-account unlike the string based -
method which relies solely on the amino acid type,

3. Entropy
The diversity of amino acid at a position for a given family is measured by the Boltzman-Shannon entropy
defined as

n
E(i) =~ E Pj(i)[’?gn(Pj(i)) (1
j=1
The Boltzman-Shannon entropy quantifies the expected value of the information contained at position

i with the probability distribution P;{i) as the frequency of occurrence (j = L -+-n with j labeling the type
of amino acids and # = 20 the total number of distinct residues). For a fixed property &, the frequency
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distribution of physiochemical values is constructed using m equal sized bins in the interval [-1,1] and
binning the physiochemical property value (column of data matrix D) into them (m = 21 for current
analysis). The normalized probablhty distribution (PJ“) at each column j is estimated from this frequency
distribution (normalized). P“ gives the probability that a amino acid at a given position j has a value in
the specified bin for a given propeity o.. The entropy at position { considering property ¢ with normalized
frequency distribution P(i} is given by

[

Ea(i) = "Bz‘, Plf‘(i)log,,,(Pf(i)) (2)
=1

The string based entropy [E(i}] results in larger values for less conserved positions (large variations)

“as changes do not take into account the similarity of some of the amino acids imposing a severe limitation
to the method. The amino acids with identical values for a given property will be placed in the same bin
for property based entropy [£%(i)] even the type of amino acid is different. This scts a range for which
such substitutions can be treated as identical by taking the similarity between amino-acid with respect
to the property into account. The estimated entropy is lower, with increased accuracy for the property
based approach as compared (o string based approach as shown in figure [(b) which gives the difference
between the valves of hydrophobicity and string based entropy (£%({) — E(i)) where & is hydrophobicity.
For all position the hydrophobicity based entropy is lower implying property conservation is more than
the amino acid type conservation. For the given enzyme family the analysis is robust if the number of
sequence exceeds 200. The entropy estimate s better if the number of bins are close to 20, increasing the
number of bins (= 50) makes the property based entropy similar to the string based entropy. Th positions
with the lowest entropy for hydrophobicity figure 1(c) estimated as (38,41,97,98,99, 199,200, 202), are
the conserved motifs for the family. These are most functional positions in the protein family which are
the part of the active and catalytic sites as specified by the experimental studies [9, 10] .

4, Kullback-Leibler (KL) Divergence

The information content of a position is quantified by the Kullback-Leibler (K1) divergence or relative
entropy defined as the divergence of a probabitity distribution at a position from the background
distribution. The normalized probability distribution (P“) for the property is used and compared with the
background probability to calculate the divergence in the properties values, The background probability
estimated in [4] (that is the mean frequency of amino acids constructed from all proteins) is used
to construct a background column of amino acids having frequencies equivalent to the background
frequencies of occurrence. Then substituting each amino acid by the rescaled physiochemical property
value and using the same binning procedure as discussed above (in the Entropy section) for the
background column, the background property based distribution Q is estimated. The Kullback-Leibler
(KL) divergence or relative entropy between two probability distribution Pj“ and Q% is defined as

K{PI{lQ") EP“(I logn (ga%) T ey

The figure 1(d) shows the KL divergence score for the hydrophobicity and polarity for the betalactamse
family where some positions show high divergence for hydrophobicity while other positions for polarity.
We propose that each position is characterized by one or more physiochemical property, i.e. the property
which has a high divergence score at a given position is responsible for the function of that position.
Larger the KL divergence value for a property the more important is the property at that position
for functioning., The divergence score can be used to theoretically and numerically assign properties
responsible for the normal working of the positions.
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properties of amino acids. The entropic measure shows that at functional position within the protein
sequence some of the physiochemical properties are more conserved than the type of amino acid. The
entropic and the KL divergence based on the physiochemical properties identifies positions that have
important structural and functional role. The correlation based on the physiochemical propertics, are
calculated and compared with the random system. The eigenvalue distribution of the system is compared
with null model and analytic results of the RMT. The Comparison reveals that the cigenvalues on
both sides of the spectrum deviates significantly from the RMT results, The eigenvalues outside the
RMT bound contains useful information. When the cigenvector corresponding to these eigenvalues are
analyzed it was found that eigenvector on lower side are more localized and informative, which can
group positions into a collective functional role. The eigenvalue spectra of different properties uncovers
different set of infor mation,
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The largest cigenvector of the correlation matrix can separate currencies based on
their geographical location.

P. Bhadola
The Institate for Fundamental Study, Naresuan University, Phitsanulok, Thailand
e-mail: bhadola.pradeep @gmail.com

N. Deo (B2)
Department of Physics and Astrophysics, University of Delhi, Delhi 110007, India
e-mail: ndeo@physies.du.ac.in

© Springer Nature Switzerland AG 2019 1
F, Abergel et al. (eds.), New Perspectives and Challenges in Econophysics

and Sociophysics, New Economic Windows,

https://doi.org/10.1007/978-3-030-11364-3_10

EE' 463809_1_En_£0 Chapter [ZJ TYPESET [_JDISK [CTLE [7] CP Disp.:19/L/2019 Pages: I3 Layout: T1-Standard




26

27

28

29

31

32

&

2 P, Bhadola and N. Deo

Introduction

The foreign exchange (FX) are the market which are global, decentralized, over-
the-counter which includes all aspects of exchanging, buying or selling currencies
determining the foreign exchange rates. The financial markets are deemed as one of
the most complex systems that captures human financial activity on a global scale
with a very high trading volume leading to high liquidity. The FX market directly or
indirectly affects all other financial exchanges or markets therefore peeks the interest
of academic community to study the structure, statistical properties and topology of
the FX network. The main reasons to study the structure and nature of the world
foreign network is first, the world foreign exchange (currency) market is considered
to be the largest financial market, which according to the Triennial Central Bank
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Survey show a daily average trading for over $5.09 trillion per day in Aprit 2016 [1-]
extending over all countries. Second, the inability to express the absolute price of a
given currency i.e. the absence of a reference frame, makes it more complex than

any other financial system. In FX, one has to represents a currency in terms of the
other base currency. Since internal dynamics of the base currency greatly depends
on multiple factors such as political or social changes, economy, inflation as well as
and sensitive to events in any part of the world, the local events can have a global
effects in the FX network, With the digital age, there is an enormous growth of
the electronically recorded financial data. Even with these huge data sets together
with the modern day high-throughput computational methods, the understanding
of the complex nature, structure, interaction, dynamics and behavior of the foreign
exchange rate remains a challenge, One of the important features of the financial
systems is the existence of the correlations between different financial commodities
or agents. The study of the cross correlations at different time scales between the
financial data is been widely study [2-4] and are used for portfolio optimization or
asset risk management [5, 6].

System, Data and N Omé_ﬁclature

Forthe analysis, the data sét comprises of the daily FX rates for 2 [ different currencies
from January 4, 1999 to March 30, 2018 which spans a period of over 18 years. The

currency is denoted according to the ISO 4217 standards using three letter code. The

list of the countries and their currencies used for the analysis is shown in Table 10,1
The FX rates are expressed in term of a base currency, which in the current case is
United States Dollar (USD). The base currency serves as a frame of reference for all
other currencies. The dynamics of other currencies by using the same base currency
is equivalent to study the dynamics from the perspective of the base currency (USD).
In other words, the evolution of the all other currencies are studied in the frame in
which the base currency is at rest.
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Table 10.1 Countries and their respective currencies used for the analysis

Country Currency Country Currency Country Currency
Brazit BRL South Korea | KRW Switzertand | CHF
Canada CAD Mexico MXN Taiwan TWD
China CNY Norway NOK Thailand THB
Denmark DKK Sweden SEK Australia AUD
Hong Kong HKD South Africa |ZAR Euro EUR
India INR Singapore SGD New Zeatand |NZD
Japan IPY Sri Lanka LKR United =~ |GBP
Kingdom'

&9

70

7

72

73

74

75

76

7

78

79

&1

a2

The daily FX exchange rates data was first pmprocessed for filtering to remove
any numerical artifacts. Let 5;(z) is daily FX rate of a currency i on day ¢ expressed
in terms of USD. The logarithmic returns R;(¢) of the cunencyz on day ¢ is defined
as

Ri(t) =In(S; (1)) — In(S;{t — A)) (10.1)

where Af = 1 day. The normalized logarithmic returns is then given by

L G ERs > (10.2)

O

where < R; > is the time average of the returns over the time period and oy is the
standard deviation of R;(r) defined as o; =< R? > — < R; >2.

Correlation Coefficients

The Pearson correlation-coefﬁcients are used to estimate the correlation between
different FX raies. The correlation coefficient between currency i and j is given by

C,"j =< J"j(f))‘j(l) >, (10.3)

The correlation coefﬁcnents are obtained, suchthat =1 €°C; j =<lwhereC;; =1

represents perfect correlation and C; .j = — L represents perfect anti-correlation. The
correlation matrix is a N x N symmetric matrix where N = 21 in this case. These
correlation are correlation as viewed in the frame of base currency USD.

To check the evolution of the FX exchange rates the correlation matrix is calculated
with a rolling window of size 250 days with a shift of 50 days. Our data spans the
period from January 4, 1999 to March 30, 2018, which results in a 97 windows.
Various statistical and spectral properties of correlation matrices for each window is
studied and compared.
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Statistics Correlation Matrix

Before analyzing the spectral propertics of the correlation matrices, we investigate
the statistical properties of the correlation matrix of each window along with the prob-
ability density function (PDF) of the independent elements of the correlation matrix
ie. for Cj; for i < j. This results in the N(N — 1)/2 = 210 elements. Figure 10.1
shows the PDFs of the correlation coefficients C; ;» calculated for the complete intet-
val from 1999-2018 and the correlation coefficients C;j, calculated for the each
window. Where the window is represented by the starting date of the window.
From Fig. 10.1, it is evident that the PDFs of the correlation coefficients for the
complete dataset (1999-2018) is a non symmetrical distribution with a positive mean

e (0.289). This distribution (differs from the Gaussian distribution) having a a right-
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98
160
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109
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113

skewed distribution with skewness 0.65. The distribution is right tailed and with a
kurtosis of 3.10 (for Gaussian the kurtosis is 3.0). From Fig, 10.1 we can conclude

that for the FX exchange rates the positive cross-correlations are more common
than negative cross-correlations. With window (time) the PDFs for of the correlation
coefficients shifts towards right (the larger positive correlations) and amount of the
negative correlations decreases significantly with window (time).

For each window, we calculated and study the descriptive statistics (i.e., the
mean, standard deviation, skewness, and kurtosis) of the cross-correlation coeffi-
cients Cy;;i > j, which is shown in Fig. 10.2. For first window (which starts at
04-01-1999), the mean of the correlation coefficient is low (0.10), which start to
increase with rolling windows (time). This implies that with time, the FX currency
exchange network becomes more and more correlated. An interesting observation
in plot of skewness with window Fig. 10.2, is that during the crisis period there is
a decrease in the magnitude of skewness. The skewness which was positive for the
period far from the crisis (2008), changes sign and becomes negative just before
and during the crisis. The absolute value of skewness decreases with window form
1.96 in 1999 to 0.40 in 2017, the same trend is seen in kurtosis which also shows a
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Fig, 10.1 First figure shows the color map of the correlation coefficients between the FX rates of
different currencies for the complete interval from 1999-2018. The second figure shows PDFs of
Cj; for the each window, where the date indicates the start of the window
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Fig. 10.2 First figure descriptive statistics (mean, standard deviation, skewness and kurtosis) of
the cross correlation coefficients C; 31 > j for each window

decrease in value with time (window), in 1999 the kurtosis was 7.8 which decreases
to 3.18 in 2017. A

For the PDFs and the basic statistics we can conclude that the FX currency net-
work becomes more and more positively correlated with time. Also, as seen with
the skewness, the distribution of the cross correlation is becoming more and more
symmetric and Gaussian like with the passage of time as the skewness approaching
close to zero and the kurtosis approachmg close to 3 which are the standard for the
Gaussian distribution,

Spectral Properties

The FX exchange correlanon structure, in the reference of the base currency USD, can
be described by the eigen spectra of the correlation matrix C. For every correlation
matrix C, (correlation matrix corresponding to each window), the complete set of
the eigenvalues A; and eigenvectors v;, are determined from the eigenvalue equation
Cv; = Ajviwherei = 1... N. These eigenvalues are arranged in an ascending order
such that Ay < A3 < A3+ < Ay. The spectral properties of the correlation matrix
for each window is studied.

In the current work, we first compare the eigenvalue distribution of correlation
matrix corresponding to each window with the correlation matrix for the complete
data set. This may result in the useful insights on how the dynamics for a small scale
(window) differs from the over all system dynamics (full data set).
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To distinguish noise from the information contained in the system, we constructed
a null model by randomly shuffling the FX exchange rates data for each currency.
We find that the results from the random shuffling are numerically equivalent to the
analytical results for the Wishart matrices. The eigen-spectra of Wishart matrices is
well studied [7], where the density function for the eigenvalues P (L) is defined as

0 VO —2A—2)

2ol A

P = (10.4)

with @ = % > 1. Where N the number of currencies and L is the number of days
for which the exchange rates are observed (used) and ¢ = 1 the standard deviation.
Equation (10.4) is known as Marcenko—Pastur distribution where the the upper and
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-lower bounds-tor theeigenvalue Xare defined as

1 1

We use the above analytical results, to established the bounds for noise in the
eigen-spectrum of the system. For the full data set N = 21, number of currencies
and the exchange rate data is taken for L = 4835 days. This gives A5 = 1.14 and
A¢ = 0.87 where ¢ in the superscript implies that this is for the complete data set.
For each window, the number of days are fixed to 250, therefore L = 250, the size
of the window and & = 21 is the number of currencies used for the analysis giving
Ay = 1.66and A_ = 0.50, g

For each window, we estimate the number of eigenvalues outside the RMT
bounds on each side of the eigenvalue spectra (A < L) and (A > 1) and is plotted.
Figure 10.3 shows that the number of eigenvalues outside the RMT upper bound is
very less, (two in most cases buf the second largest eigenvalue is very close to Ay).
On the other hand, the number of eigenvalues on the lower side of the spectra for
which A < A_ are higher in number, On an average 10 out of 21, eigenvalues are
outside the lower RMT bounds, which are nearly 50% of the total eigenvalues. This
indicates that most of the information about the correlation and interactions between
different currencies is located on the lower side of the spectrum.

On of the interesting observation is the number of eigenvalues smaller than the
tower RMT bounds, increases at the time of the stress in the global economy. Just

before the 2008 crisis, the number of eigenvalues outside the lower bound increases

from9to 11, which further increase to {3 during the 2008-2009 crisis. After the crisis,
the number of eigenvalues outside the lower RMT bounds drops. But further increase
inthe number (13 eigenvalues < A_) is observed for the window corresponding to the
period 2011-09-20 to 2012-09-17, this period corresponds to European sovereign
debt crisis and the United States debt ceiling crisis [8, 9]. In Fig. 10.3, this was
followed a decrease in the number of eigenvalues < A_, and again during the 2015
16 Chinese stock market turbulence following slowdown in China and its currency
devaluation [9], we observe a increase in number of eigenvalues < A_ (again the

I ‘_-EI 463809_1_En_10_Chapter ] TYPESET [[ ] DISK [ ]LE [Z] CP Disp.:19/1/2019 Pages: 13 Layout: T1-Standard I




10 Evolution and Dynamics of the Cumrency Network 7

4 No of elgenvalues > 3+
-9 No of elgenvalues <3~

Author Proof

No of Eigenvalues

R P N > > ERraEs
> - A ;\. \;; ._."‘ By
\‘f"‘ri 3 \'l
gt gt ot o )\D‘\\ .’,.-‘q -\-".a’-r‘v

» \"‘
R N S I sw"es., . g

Fig. 10.3 Number of eigenvalues outside the RMT bound on each side of the spectra for cvery
window, where the date indicates the start of the window

2.0 2 4.0 u
e il } :;
1.5 3.0 g
2.5 as
8 1.0 Bt L g 2.0 B : Tk
& s h
0.5 1.0 §
0.5
0.0 0.0 B J
0 2 4 6 8 10 [2 4 6 8 10 12
Eigenvalue A Eigenvalue 4
(a) Window 6. (b) Window 50.

Fig. 104 Eigenvalue distributions for different windows, Insets show eigenvalues owtside the lower
bound

w2 number is 13), The increase in number of eigenvalues on the lower side of spectra
w3 that are less than the lower RMT bounds correlates very well with the time of the
74 financial crisis.

175 Figures 10.4 and 10.5 shows the eigenvaiue distribution for different windows and
176 for the complete period (1999-2018). For Fig. 10.4a which is the calm period (1999—
77 12-30 to 2000-12-22), the magnitude of the largest eigenvalue is 5.4 which is very
17s  less compared to the pei‘iod of high financial stress (crisis) window 50 (2008-09-24
s to 2009-09-21, with largest A equal to 9.6) as shown in Fig. 10.4b. We observe that
1o for the less financial stress the largest eigenvalue of correlation matrix for the FX
e1 exchange is lower as compared to the period of high financial stress. The largest
1.2 eigenvalue of the correlation matrix of FX exchange rates for the complete period
s 18 7.8. We study the time evolution of each eigenvalue which is outside the RMT
e+ bound. We observe the the sum of the eigenvalues on the lower side of spectra outside
s the lower RMT bound is opposite to the dynamics of largest eigenvalue as shown in
ws  Fig. 10.6.
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Information Content of Eigenvectors

The information content of each eigenvector is estimated by estimating the Shannon’s
entropy. The entropy of an eigenvector v; is defined as

N
Hy == uwi(jlogri(j)), (10.6)
L

where N is the total number of currencies used for the analysis (number of eigenvec-
tor components) and u; (j) = (v;(j))? is the square of the jth component of the ith
normalized vector v;. The entropy estimates also helps to calculate the localization
of the eigenvector. Eigenvector with low entropy should be highly localized, In the
current analysis, we find that the eigenvector corresponding to the small eigenvalues
are very informative as well as highly localized as compared to the eigenvector cor-
responding to the large eigenvalues. These eigenvectors are further used to estimate
the strong interacting pair of currencies. For many systems especially for correlation
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matrices between position in a protein family, it is established that the eigenvector
corresponding to the small eigenvalues can identify important positions and inter-

action responsible for the formation of motifs and sectors [10]. In the Markowitzs
theory of optimal portfolios {111, the least risky portfolios corresponds to the lowest
eigenvalues and the corresponding eigenvectors. Tn recent work [12], which involves
the analysis of the correlation structure of global financial indices, it was established
that the lower side of the eigenvalue spectrum is more informative and localized
which is able to capture most of the system dynamics.

Figure 10.7 compares the eigenvector entropy with for different windows with
the random shuffled system and eigenvector entropy for the complete period, The
eigenvectors corresponding to the large eigenvalues have entropy values very close to
the random system (black dashed line). But there is a clear distinction of the entropy
of the small eigenvectors with the random system. The fist few eigenvectors have
very small entropy (== 0.25) for all windows, These eigenvectors are highly local-
ized and gives the set of highly interacting currencies. Analyzing cach eigenvector
independently reveals clusters of currencies with very close ties.

Eigenvector Componenis

The analysis of the eigenvector corresponding to the eigenvalues outside the RMT

‘bounds should contain the information preseat within the system, We use the square
of the eigenvector components, to determine their contribution towards that a given

eigenvalue. As it is already been discussed in the previous section, that the low
eigenvector are highly localized as compared to the high eigenvector components
(EVC). Figure 10.8 shows the variation of the square of the component for each
currency with window, for the two lowest and two largest eigenvectors. From the
Fig. 10.8a it is clear that the lowest eigenvector is highly localized over all windows
and there are only a few currencies that are contributing to it. Most of the time
(window), there are only two contributing currencies (Euro (EUR) and Danish Krone
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Fig. 10.8 The square of the eigenvector compqr_?cnts (EVC) for different windows

(DKK)) but only for a short period from window number 6—10 (period from 1999~
12--30 to 2001-10-11) Swiss Franc (CHF) have high interactions with Euro. This
implies that there exist strong interaction between the Euro (EUR) and Danish Krone
(DKK). e

For the second smallest EVC Fig. 10.8b, we find the contribution depends on
the time period of observation (window). The second smallest eigenvector shows a
drastic change in the contributing currencies for the period of financial stress. The
early 2000s recession represented by window number 6-10 (period from 1999-12—
30 to 2001-10-11), contributing components changes from Euro (EUR), Danish
Krone (DKK) and Siviss Franc (CHF) to Norwegian Krone (NOK), Swedish Krona
(SEK), Australian Dollar (AUD) and New Zealand Dollar (NZD). A similar change

is observed for during the global 2008 financial crisis (window 46~50, period from

2007-12-10 to 2009-07-10), European sovereign debt crisis and the United States
debt ceiling crisis a period from 2010-02—-18 to 2012-09-17 (window 57-65). The
three currencies (EUR, DKK and CHF) dominates the second smallest eigenvector
forming very close ties during the calm period but at the onset and during crisis,
their interaction cease to exist and a new interaction between NOK, SEK, AUD and
NZD is formed. These four currencies dominates forming very strong interactions
during the crisis. During the Chinese stock market turbulence captured by window
79-85, there are other currencies such as SGD, ZOR, MXN, JPY, KRW that have
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10 Evolution and Dynamics of the Currency Networ

1.0

EVI EV2 EVY EVIS EV EV2l

(a) Square of EVC

Fig. 10.9 Eigenvector components (EVC) for the complete time period 19992017
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contribution. The largest and the second largest eigenvector for the windows are not

localized and have contribution from all the currencies and the contribution changes
with time (window) Fig, 10.8¢, d. :

We compare the eigenvector components obtained for each window with the
eigenvector components for the complete time period (1999-2018). Figure 10.9a
shows the distribution of the square of the smallest and largest three eigenvector. The
small eigenvectors are localized and more informative where as the larger eigen-
vectors are non localized and plagued with noise. The smallest eigenvector overall
shows the same behavior as the shown by the smallest eigenvector for each win-
dow where the only contribution are from Euro (EUR) and Danish Krone (DKK).
For the second smallest eigenvector, there are a total of 7 contributing currencies
Euro (EUR), Danish Krone (DKK), Swiss Franc (CHF), Norwegian Krone (NOK),
Swedish Krona (SEK), Australian Dollar (AUD) and New Zealand Dollar (NZD).
These currencies are same as obtained analyzing the second smallest eigenvector for
all windows Fig. 10.8b, but there are divided into two set one set (EUR), DKK and
CHF) dominates during the calm period where the other set (NOK, SEK, AUD and
NZD) which is more active during the crisis period,

Analyzing the components of the largest eigenvector Fig, 10.9b, we found that
the currencies can be separated by their geographical location based on the range
of the value of their contribution. If we choose components by the magnitude, and
we define two groups, first group which has magnitude of component greater than
0.2 and the other group with magnitude less than or equal to 0.2. The details of the

currencies and their geographical location are given in Table 10.2. The Asian and the

Latin American countries form a one group which corresponds to the components
less than 0.2 Fig, 10.9b, where as the other group is formed by the countries whose
component greater than 0.2, These are the countries belonging to Europe, Australia,
one each from North America, Africa and Asia.
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G
- § Table 10.2 Currencies with respective countries separated based on the magnitude of the largest
fa ¥ cigenvector of correlation matrix for the complete dataset
3 EVC <= 0.2 EVC > 0.2
'lgt Currency County Continent Currency County Continent
= BRL Brazil Latin America | CAD Canada North
America

CNY China Asia DKK Denmark Europe

HKD Hong Kong Asia NOK Norway Europe

INR India Asia SEK Sweden Europe

IPY Japan Asia ZAR South Africa | Africa

KRW South Korea | Asia SGD Singapore Asia

MXN Mexico Latin America | CHF Switzerland___{ Europe

LKR Sri Lanka Asia AUD Australia Australia

TWD Taiwan Asia EUR Euro Europe

THB Thailand Asia NZD New Zealand . | Australia..

s Conclusions

In this work, we try to study and understand the relation and interaction between the
foreign exchanges rates for a period from January 1999 to March 201 8. All the foreign
exchange rates are expressed in terms of a base currency which for the current case
is USD. All the dynamics and properties studied in this paper will be in the reference
frame where the USD is at rest. The evolution of FX rates is studied using a rolling
window of size 250 days with a shifl of 50 days. The statistics and the correlation
between different currencies is calculated and studied. The statistics on the correlation
matrix reveals that with time the currencies are getting more and more correlated. At
the start of the period (1999) the mean of the correlation matrix was very less as well
was very highly non symmetric (non zero skewness) and high Kurtosis but with time
the distribution of correlation coefficients try to approach Gaussian distribution by
approaching zero skewness 0 and Kurtosis (thiee) standard for Gaussian distribution.
The spectral properties of the correlation matrices are studied for each window and
then compared with the correlation matrix formed from the complete data set and with
the analytical results for Wishart matrices. The distribution of eigenvalues reveals the
distribution is different for the calm and the crisis period. The number of eigenvalies
for each window which are outside the random matrix bounds are higher on the lower
sides. For the period of the crisis the number of eigenvalues outside the lower bound
increases as compared to the calm period. This may be to incorporate the addition
information generated during the crisis. We propose that the if there is increase in the
number of eigenvalues outside the rmt bound then that may indicate a crisis in the
near future. The information content and localization of each eigenvector is estimated
by the using an entropic measure. This measures shows that the eigenvalues on the
lower side of the spectra are more localized as well as informative as compared
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10 Evolution and Dynamics of the Currency Network i3

to the eigenvalue on the higher side of the spectra. The analysis of the individual
cigenvectors gives information about the interaction between different currencies. We
observe in the second smallest eigenvector, at each crisis period, the contribution and
interaction among the currencies changes. The currencies which was dominating in
the calm period suddenly lose all their contribution during the crisis and a new group
of interaction between currencies become active at the onset and during the crisis.
The components of largest eigenvector of the correlation matrix for the complete
period can separate the currencies based on their geographical location based on the
magnitude of the components.
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