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Abstract

Many different multidimensional and multivariate data-sets are studied currently in almost
all research areas. Usually, the aim of such studies is to reveal meaningful patterns and to
gain an insights about special characteristics of the particular data-set. It is usually done
by scanning over the elements of the data-set at large and bringing up groups or clusters of
these elements that exhibit correlations across the variables or dimensions. In this thesis I
use different techniques to address two problems: protein folding and the dynamics of the
tropical atmosphere.

Biological research has generated vast quantities of protein sequences. One of the most
important characteristics of the certain protein is its function. It is crucial to understand it in
order to use protein for pharmaceutical, engineering or research purposes. Protein folding
problems, which predict the spatial structure and the corresponding function of a protein
from its amino acid sequence alone, are then critical in biological studies. In this work
I study several proteins: start with a penta-alanine molecule, which consists of an acetyl
cap group, a methylamide cap group and five residual alanine groups, I then study three
polyalanine peptides. Using pairwise correlation, clustering techniques, minimal spanning
tree and other techniques, I was able to identify the moments of folding and precursors of
the folding event for some of the mentioned molecules.

In the Tropics seasonal variations are mainly governed by precipitation, since temper-
ature and day length remain relatively constant throughout the year. The Madden-Julian
oscillation (MJO) is the major tropical intraseasonal variability with extensive meteorologi-
cal impacts, that keeps on puzzling the climate research community on both theoretical and
modeling fronts. Together with monsoons, known as dominant water distributors, MJO is
an important contributor to the rainfall cycle. In this work, I study dynamics of the Madden-
Julian oscillation and its interaction with monsoons. I use satellite data collected by the
Tropical Rainfall Measurement Mission (TRMM). Using clustering techniques I managed
to identify MJO events, measure its parameters, show relation between magnitudes of MJO

and monsoon.
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Chapter 1
Introduction

Our world is complex: it can be envisioned as a network with connections between people,
communities, countries, companies, cells, organisms. Such web would describe then the
conditions our daily life on every level. Considering this complexity, it is difficult to imag-
ine any interesting problem that could be addressed in separately, without taking into con-
sideration the adequate model of both system integral components and their relationships.
Information that is describing agents as well as context, environment of their interaction is
buried in endless data-sets. Businesses, government organizations, scientific researchers,
and individuals today are collecting them it in vast quantities: from news feeds and finan-
cial transactions to weather and traffic updates. Furthermore, things like email and instant
messaging, address books, digital photos, and personal music and video libraries add to our
growing individual data footprints. Managing all this data is becoming a real challenge.
Disciplines like biology and medicine are rapidly transitioning into information sciences.
Such techniques as, for example, large-scale DNA sequencing [1, 2, 3] or genotyping [4,
5, 6] allow researchers to easily obtain thousands of measurements of biological interest
at once. Development of these technologies, as well as growing data pool make possible
such projects as capturing human diversity in 1000 genomes [7]. However, often collected
measurements lack obvious interpretations. As a result, advances are prodding biomedical
discovery toward information management tasks. Other disciplines and fields are facing
similar problems: growth in both quantity and data types generate the need to effectively
organize, extract, retrieve, and interpret the information.

Machines, that help us collecting data, come to rescue again. People were interested
in building machines that mimic human brain for a very long time. The development of
machine learning is an attempt to recreate human’s cognitive and problem solving skills
and is an integral part of the development of artificial intelligence. One of the first impor-

tant steps was the invention of the perceptron model in 1957 [8]. A decade later Marvin
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Minsky analyzed the limitations of this model in expressing complex functions [9]. Hence
researchers stopped using this model for another decade. Interest came back in 1980s with
the introduction and development of the decision tree model [10, 11, 12, 13] and revival
of neural networks [14, 15, 16]. Decisions trees and neural networks see wide applications
from medicine [17, 18, 19] to business and finance [20, 21, 22]. With invention of the Inter-
net, fast interaction on it and rapid growth of data, collected on it, both new and old methods
and techniques have place. We truly see rise of machine learning as an important scientific
field.

Usually machine learning methods divided into two groups:

* Supervised learning. The learning system starts with labeled instances and known
desired output. During learning the algorithm gets feedback on its performance on
the data and the human expert is usually involved. The goal of the algorithm then is to
come up with general rules that map inputs to outputs. Supervised learning methods
are widely used for multiple classes of problems from spam filtering [23] to ecological

predictions [24].

* Unsupervised learning. The learning system starts with unlabeled instances and un-
known desired output. The goal is to to discover structure of the data and to organize
it in some way. Unsupervised learning could be a sole aim of the study (discovering
hidden patterns in data) or one of the steps or approaches helping reach another goal.
One of the most common unsupervised learning technique is cluster analysis. Its task
is to find hidden patterns in data by grouping similar objects together. Unsupervised
learning applications include sequence analysis [25] and clustering gene expression
patterns [26] in bio-informatics; image segmentation [27] in medicine; and object

recognition [28] in computer vision.

Apart from these two main groups there are also semi-supervised learning, reinforcement
learning, transduction and others, depending on the taxonomy used.

In this thesis I employ machine learning methods to address two Big Data problems:
protein folding and dynamics of the tropical atmosphere. These problems have been ap-
proached using many methods, including machine learning. For example, protein fold
recognition [86] and prediction of the protein’s secondary structure [85] by neural networks
or protein classification by agglomerative hierarchical clustering [94, 95]. Meteorological
applications include investigation of the dynamics of polar weather systems [87], study on
temperature trends in the US [88], identification of the spatio-temporal patterns in climate

data [89]. Machine learning techniques were also used to analysis and comparison of the
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predictions from fully coupled circulation models [90] and for the development of a long
range forecast model by the British Meteorological Service [91].

Main aims of this thesis are: 1) to establish a robust approach of the folding event identi-
fication, 2) to find out the reason(s) for the complete or incomplete folding of the particular
protein molecule, 3) solve problem of identification and tracking of the Madden Julian Os-
cillation (MST) and 4) get an insight about interaction between MJO and monsoons.

Main papers produced during the course of this thesis are the following:

Mikhail FILIPPOV. Protein folding and transformations: insights form clustering tech-
niques. International Conference on Computational Science (2011).

Mikhail FILIPPOV. Understanding Protein Folding Mechanisms: Machine Learning
Study. The Institute of Physics Singapore Meeting (2015).

Mikhail FILIPPOV, Khipin CHUA, Jeremy HADIDJOJO, Jiali SHAO, Chong Eu
LEE, Yuguang MU, Dawei ZHANG, Lock Yue CHEW, San Keong LAI, and Siew Ann
CHEONG. Universal Correlational Fingerprints and Precursors for Protein Folding Into
Alpha-Helices (in preparation).

Mikhail FILIPPOYV, Siew Ann CHEONG, Tieh-Yong KOH. Slow variables in tropi-
cal atmospheric dynamics. (in preparation).

1.1 Clustering

The idea of grouping similar objects is not new. As people shape their environments, clas-
sifying objects within these environments makes this task easier. From city planning to
organization of a personal library we are guided by groups, classes, their similarities and
dissimilarities. The practice of classification of objects is the basis in many fields of science.
Organization of data into meaningful groups and hierarchies is one of the most fundamental
ways of understanding, learning and exploring.

One of the most popular machine learning approaches to group data is clustering. Ba-
sically, clustering is a method to identify a structure in a collection of unlabeled data. It is
objectively organizing data into homogeneous groups with high similarity between the ob-
jects within one group and low similarity between the objects in different groups. The aim
of cluster analysis is to explore a convenient and rational organization of the data-set, not to
create a set of rules for separating particular data-set into categories. Clustering algorithms
are aimed for finding a structure in the data.

Clustering techniques provide several advantages over simple manual grouping process.
First, they can be used to apply a specified objective criterion consistently and automatically

to construct clusters. People are especially good in detect patterns and groups in one, two
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Figure 1.1: A sketch of the tree of life from Darwin’s Notebook B. Dating from 1837. [114]
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Figure 1.2: Google Scholar retrievals using search term “cluster analysis”, for the years
1950-1959, 1960-1960, etc., up to 2000-2009. (Data collected in September 2012.) [29]
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and three dimensions, but different people may identify different clusters within the same
data-set. The proximity measure defining similarity among objects depends on an individ-
ual’s educational and cultural background. Thus it is quite common for different human
subjects to form different groups in the same data, especially when the groups are not well
separated. Second, a program with a clustering algorithm is capable of identifying clusters
can in a fraction of time required by a manual action, especially if a list of attributes or is
provided for each object. The consistency, speed, and constancy of clustering techniques
in organizing data-sets together represent a good reason to use it. A clustering algorithm
relieves a scientist or data analyst of the treacherous job of “looking* at a pattern matrix or
a similarity matrix to detect clusters. A data analyst’s time is better spent in analyzing or
interpreting the results provided by a clustering algorithm.

Although papers on clustering techniques date as far back as 1960 [30, 31, 32], inter-
est in this approach started to grow rapidly only after 2000 [Fig. 1.2]. General references
with good overview on contemporary clustering techniques include [33-48]. Clustering ap-
proaches have been used in many disciplines: finance[238, 239, 240], medicine [49], chem-
istry [50] statistics [51], high-energy physics [52], computational biology [53, 241, 242] and
others. Clustering is often used as a pattern recognition tool. A general introduction into
this framework could be found in [54], while more statistical approaches are given in [55]
and [56].

1.2 Protein folding

Proteins are the basic ingredients of all existing life forms. In Greek Tp @t (first), means
"of prime importance" and it was first used to name proteins and describe them by Jons Jacob
Berzelius in 1838. Proteins serve not only as building blocks of cells and tissues, but are
also very important for execution and controlling of many biological processes. Antibodies,
transcription factors, enzymes, pumps and hormones are all examples from the long list of
functions constantly performed by proteins in every living organism. However, a protein is
only functional when it folds into a typical spatial structure, which is called the native state.

There are three main characteristics of a protein: structure, sequence and function. The
structure of the protein describes its three dimensional state. The sequence of the protein
represents the string of amino acids it includes. Finally, most important, but at the same
time most ambiguous, is the function of the protein. it defines what role this particular
protein will play in this particular organism. For most applications, such as genetic engi-
neering, pharmaceutics or basic biological research it is crucial to understand the function

of the protein. Protein folding problems, which predict the spatial structure and the cor-
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responding function of a protein from the string of its amino acids alone, are then critical
in biological studies. When proteins cannot fold correctly, there can be serious diseases
caused. Alzheimer’s, Parkinson’s, mad cow diseases and many cancers are believed to be
caused by the misfolding of proteins [57].

Primary or native state of the proteins is determined by the residue (sequence of amino
acids). Amino acids may fold into local secondary structures including a-helix, B-sheet
or non-regular coil [58, 59]. Regularly repeating elements of secondary structure are then
packed into form tertiary structure and stabilized by hydrogen bonds, non-local interactions
and side chain interactions between amino acids [60, 61 ,62] . The tertiary structures of
several protein molecules can form complex that is known as quaternary structure by binding
together.

Given a sequence of protein with 100 amino acids, and assuming that each residue can
adopt two possible conformations, namely o-helix or 3-sheet, the number of possible three-
dimensional conformations of such a protein will be 2!%0 ~ 103°. The shortest time need for
protein to make a change of conformation is of 1 picosecond order. Therefore the folding by
random search in the conformation space will take 10'® seconds. However, most proteins
fold in the order of milliseconds to seconds. This paradox was first described by Levinthal
[70]. Therefore, there must be a conformational information stored in the primary structure
of proteins which drives the protein toward the native state. Ever since Anifsen [71] first
showed that proteins are sometimes folding in vitro without any other help such as folders
or shapes, the self-assembly property of proteins with a small amount of atoms have been
fascinating for scientists for almost half a century. The protein folding problem - how does
a protein with certain amino acids sequence fold into the specific 3D structure? - have been

the subject of extensive theoretical and experimental studies.

Those proteins that have tertiary native structure do interact within one cell to execute
different kinds of biological functions, like storage, transport, mechanical support, coordi-
nated motion, control of growth, immune protection, enzymatic catalysis, generation and
transmission of nerve impulses [63]. Extensive biochemical experiments [60, 62, 64, 65]
have shown that structure of a protein dictates its functions. Therefore, the identification of
the structure of a protein is critical for understanding its function and for this reason it is one

of the central problems in medical and biological sciences.

In order to predict the unknown function of a certain protein, biologists usually try to
find proteins with known functions that resemble unknown protein and then deduce its func-
tion from their properties. This method, known in statistical learning theory as a “Nearest-
Neighbor” is considered as one of the simplest. However, it is at the same time one of

the most powerful and widely used prediction methods for supervised learning [92, 93]. If
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Figure 1.3: Illustration of the hierarchical composition of proteins. (a) Primary structure of
the protein is the amino acid sequence of polypeptide chain. Different segments of protein
form secondary structures: (b) a-helix and (c) -sheet. These secondary structures are sta-
bilized by hydrogen bonds between peptide backbones. The tertiary structure appears when
several secondary structure elements are packing into the compact spherical units. Here we
can see protein ubiquitin presented in the space-filled (d) and cartoon (e) representations.
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data-bases of proteins are systematized into families, clusters or groups in a way to capture
protein similarity, “Nearest-Neighbor” method can be also reinforced by protein classifica-
tion or clustering methods.

Several experimental approaches are mainly used to determine protein structure: X-ray
Crystallography [66, 67] and Nuclear Magnetic Resonance (NMR) spectroscopy [68, 69].
Although these experimental methods can provide high-resolution structural information
about some proteins, computer simulations can be used to reveal important information that
cannot be obtained experimentally.

Another way to anticipate protein’s native structure is by calculation from “first princi-
ples”. However its accuracy and reliability are inferior to comparative methods. Thermody-
namic hypothesis states, that protein’s native structure of a protein is at the global minimum
of free energy [66, 67], and can be further approximated by the global energy minimum.
Predicting the native state of a protein can then be interpreted as a global minimization
procedure. Most of the existing global optimization techniques can be used for the protein
folding problem.

The Protein Data Bank (PDB) has currently approximately 30,000 proteins (with deter-
mined structure) deposited in the library [72]. Such a rich and diverse library of protein
structures provide valuable data and helps to find out how exactly certain protein folds into
its unique three dimensional structure and how we can foresee it from protein’s sequence
[73].

During the last two decades one can observe an explosive growth in different protein
databases. It is mostly due to appearance of effective protein sequencing techniques and
as a result a large gap between sequence data and functional information has been created.
Biological function of up to one half of sequenced proteins is still unrevealed.

In this thesis we are trying to find possible precursors of the protein folding event by

studying evolution of the molecule during the simulation.

1.3 Madden Julian Oscillation

In the temperate regions, atmospheric dynamics is already well understood [74, 75, 76].
Quasi-geostrophic theory and its contemporary encapsulation in potential vorticity thinking
give good results in extra-tropical regions. The main reason why these approaches work so
well are relatively small frictional and diabatic effects on the short scale and quasi-balanced
motion over a large range of scales. Due to these reasons, the dynamics of fundamental
processes such as Rossby wave propagation and baroclinic instability are well understood.

Furthermore, the evolution of the atmosphere in middle and high latitudes can be predicted
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quite accurately by virtue of the steep energy spectrum of quasi-geostrophic turbulence. The
dynamics of the tropical atmosphere is however poorly understood. In contrast, most phe-
nomena that occur in the tropical atmosphere are neither quasi-balanced nor adiabatic. This
is the reason why the tools work well in extra-tropical meteorological studies inappropriate
for the Tropics. Finally, most of the belt between the Tropics of Cancer and Capricorn is
covered by ocean, and its atmosphere was poorly observed until the advent of earth observa-
tion satellites. During the last decades, important advances have been made in data mining
for meteorological applications [77, 78, 79, 80, 81]. However, it is still difficult to pro-
duce reliable analysis of the variables. Advanced data assimilation techniques work well in
higher latitudes, but give questionable results in tropical regions. Additionally, the influence
of convective and mesoscale phenomena complicates the analysis. In addition, data mining
methods may unintentionally display outcomes which appear cogent and meaningful but
which do not actually predict future behavior and could not be reproduced on another data
set or new sample. Unlike the extra-tropical regions with strong variations in day length,
temperature and precipitation, in the Tropics temperature and day length stay relatively con-
stant during the whole year and seasonal variations are largely governed by precipitation.
They are in turn, mainly influenced by the tropical rain belt (a portion of the Hadley cell)
and with some geographical variations by El Nino-Southern Oscillation, the Indian Ocean
Dipole, the Madden-Julian Oscillation and Monsoons. Tropical rainfall is the main spreader
of heat through the atmospheric circulation. Understanding of the precipitation variability
is crucial for our insight into tropical atmosphere dynamics. In addition to its effect on the
climate, rainfall is the major source of fresh water and is crucial for human consumption,
agriculture and industry. In this work we will investigate the dynamics of the Madden Julian
Oscillation. This weather pattern is an important contributor to the rainfall cycle [82, 83,
84]. We will also examine its interaction with monsoons, that are known as a dominant

water distributor.

The dynamics of the tropical atmosphere is regulated by many variations of different
scale. The largest element in the intra-seasonal (30-90 days) variability is Madden-Julian
Oscillation (MJO)[97, 98, 99, 100]. It is a large-scale coupling of patterns in the deep
convection and atmospheric circulation. It is characterized by variations in such essential
oceanic and atmospheric parameters as ocean surface evaporation, sea surface temperature
(SST), rainfall, cloudiness and the speed and direction of the lower and upper level winds.
The MJO first appears in the West Indian ocean as a positive convective anomaly. It prop-
agates eastwards over the warm equatorial waters towards the maritime continent (where
convection weakens) and further into the West and Central Pacific (convection strengthens

again). The tropical rainfall pattern almost fades away over the East Pacific ocean, where
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Figure 1.4: Illustration of the large-scale features of the Madden-Julian Oscillation (from
top to bottom) life cycle along the equator. The mean zonal wind distribution is forming the
circulation. The cloud symbols represent the convective center. The curves above and be-
low the circulation represent perturbations in the upper tropospheric and sea level pressure.
From Madden and Julian [97].
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Figure 1.5: Schematic diagram of the vertical three-dimensional structure of an established
MJO with anomalous convection center (shaded region) approximately passing through 90°
E (a) and 150° E (b). The arrows represent zonal winds and vertical velocity anomalies. Ar-
eas C and A represent cyclonic and anticyclonic circulation centers. Black arrows represent
wind direction and rising (sinking) motion. From Rui and Wang [96].
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water is cooler, however it usually appears again later over the tropical regions of Atlantic
ocean and Africa. Thus, the circulation travels and completes the whole circumference of
the globe [99]. Figure 1.4 depicts vertical cross section of the MJO along the equator and
its propagation eastwards around the global tropics.

The three dimensional structure of the MJO is illustrated on figure 1.5. First, there is
an active convection in the Indian Ocean and over Indonesia: it forces anomalous easterlies
(westerlies) to leave the enhanced convection area in the upper levels of the atmosphere Cy-
clonic gyres, in turn, leave the areas of suppressed convection behind in both hemispheres.
Secondly, anomalous westerlies (easterlies) at low levels are visible behind (ahead) the re-
gion of the enhanced convection. Upper levels gyres are usually stronger than the low level
gyres. Finally, with propagation of the such coupled pattern towards the central Pacific, the
upper and lower level circulation anomalies are becoming less observable and consistent,

however they still play a critical role in redistribution air and water masses over the Tropics.

In 1966, before the discovery of MJO, Matsuno [104] derived the theoretical model
of equatorial waves based on a divergent barotropic model. These waves could be sum-
marized as westward propagating Rossby waves, eastward propagating Kelvin waves, west-
ward propagating mixed Rossby and inertio-gravity waves, western and eastern propagating
inertio-gravity waves. MJO does not fit well into Matsuno’s theory, since his waves are too
small and propagate too fast. From the very beginning MJO has added complications to the
prior theories and yet is crucial for our understanding of the tropical circulation. Liebmann
et al. [109] were the first to establish this relationship for the Indian and western Pacific
basins, noting that cyclonic vorticity and divergence anomalies westward and poleward of
the MJO circulation cells seem to be the driving forces behind increased tropical cyclone
activity. Courtney [110] showed that of the 18 tropical cyclones that formed in the southeast
Indian Ocean and South Pacific between December 2002 and June 2003, 13 could be associ-
ated with convectively active phases of the MJO. Hall et al. [111] found that an active MJO,
along with a well-established monsoon, contributed to the development of several typhoons
in the Australian basin, and also noted that the relationship between the activity of tropical
cyclones and MJO was even stronger during El Nifio events. Hendon and Liebmann [107]
studied an evolution of the monsoon’s intraseasonal oscillation and its interaction with MJO
in Australia. Yasunari [106] found a dominant periodicity of about 40 days in the cloudiness
over the Asian monsoon area, indicating a relation between the break and active phases of
the monsoon and the MJO. Krishnamurti and Subrahmanyam [112] presented northward
migration of ridges and troughs at 850 hPa at periods of 30-50 days over India. However,
not all the intraseasonal variabilities in monsoon regions are associated with the MJO. For

example, Goswami [113] concluded for the Indian monsoon that although a fraction of its
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intraseasonal variability is associated with the MJO, other independent northward moving
disturbances represent a significant portion (up to 50%) of the variability.

Collectively, these studies support our belief that the Madden-Julian Oscillation is not
only a major contributor to weather variability in the global tropics, but also extensively
influencing other inter- and intra-seasonal oscillations in the region. However, there is no
theory for the MJO and other intra-seasonal oscillations so far. Although we can observe its

patterns, we do not know its origin on a fundamental level.

1.4 Structure of the thesis

The plan of this thesis is as follows:

* In chapter 2 we give an overview of data sets for both case studies and main methods,

that are used in our work.
* In chapter 3 we analyze the folding process of different sets of proteins.

* In chapter 4 we study the atmospheric dynamics of Madden Julian oscillation and its

interaction with monsoons.

* In chapter 5 we summarize key contributions of this work, discuss open problems

and future directions, and offer some concluding remarks.



Chapter 2

Data & Methods

In this chapter we give an overview of data sets for both case studies and main methods, that
are used in our work. We introduce data-sets for single protein molecule (in low and high
resolution) and three protein molecules. Overview of the Tropical Rainfall Measurement
Mission and the details of the data, provided by it is given later in the chapter. Finally,
main methods, used in this thesis are introduced: correlation, clustering analysis, minimal

spanning tree.

2.1 Data

One of the hottest question currently in the experimental area is what is the role of the
specific amino acid in the protein folding process and how the final stabilization in the native
state occurs. It was shown by site-directed mutagenesis experiments [149, 150, 151] that the
energy gap between unfolded or misfolded and folded is filled by the free energy of some
amino acids and it is possible to name them. However, the complicacy of such experiments
makes it very difficult to use them widely in different studies on the of individual amino
acid’s energetics.

Computer simulations could serve as a suitable replacement for such a sophisticated and
complex experiments. With the main goals of identification of the kinetic role of individual
amino acids in a protein and prediction of the thermodynamics of them, large number of
computer experiments [152, 153, 154, 155, 156] have been conducted. However, in such
experiments the folding time is too long to be obtainable at the atomistic level since the
conformational space of the protein is multi-dimensional and known as very complex [148,
157, 158, 159]. The fastest known proteins fold in the millisecond time scale, while the
shortest vibrational mode performs on a femtosecond time scale, since it corresponds to the

atomic covalent bonds’ perturbation.
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Figure 2.1: Penta-alanine (ALA-5) protein molecule structure at the beginning of the simu-
lation. The CH3-, a-, and B-hydrogen atoms are not shown for clarity.

2.1.1 Protein data

In the first part of our work we study the dynamics of the protein molecule in order to
identify the folding event. For this purpose we analyze data from molecular dynamics sim-

ulations.

2.1.1.1 Single protein

At first we study time-series that describe a penta-alanine molecule, which consists of
an acetyl cap group, a methylamide cap group and five residual alanine groups. In total,
there are 62 atoms. This data-set was produced by our collaborator Assistant Professor Mu
Yaguang from the School of Biological Sciences (SBS), NTU [244].

The peptide consists of five residues of alanine, with a methyl group (-CH3) cap on the
front end and a methylamide (NME) cap on the other end, shown in Figure 2.1. All these

main parts of the molecule are shown in Table 1 below.

i Group Abbreviation

1-6 Acetyl cap group Acel
7-16 Alanine residue Ala2
17-26 Alanine residue Ala3
27-36 Alanine residue Ala4
37-46 Alanine residue Alas
47-56 Alanine residue Alab
57-62 | Methylamide cap group Nme7

Table 2.1: Seven groups of penta-alanine molecule

The low resolution protein folding simulation data contains data of ALA-5 protein sim-

ulated in water for 5.0 ns duration. The names and coordinates (x;,y;,z;) of all 62 atoms are
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saved in 1.0 ps steps, resulting in a data of 5,001 data points concatenated in a single Protein
Data Banks(.pdb) file.

The high resolution time series data of the same ALA-5 protein in water for 5.0 ns
duration consists of frames, taken every 0.1 ps. Data-set contains a snapshot of the positions
and velocities of every atom at that time. There are in total 50,001 frames concatenated one

after another in a single Gromos87 .gro file format.

2.1.1.2 Three proteins

Another data-set was obtained by our collaborator Assistant Professor Zhang Dawei from
Division of Chemistry and Biological Chemistry, School of Physical and Mathematical Sci-
ences, NTU. This data-set of the peptides’ time series was originally used to study the elec-
trostatic polarization effect on the forming of a-helices from amino acid sequences (Fig.
2.2). By using AHBC in AMBERQO3 force field [147], it was shown that the a-helix folding
is simulated by the electrostatic, at the same time, formed hydrogen bonds remained stable.

This showed good agreement of theoretical and experimental results.

We use this data-set to study three polyalanine peptides. Their sole difference is in

residues three and eight . The full sequences of the protein (Fig. 2.3) are the following:

Q: Ac-(AAQAA)2-GY-NH2
K: Ac-(AAKAA)2-GY-NH2

D: Ac-(AADAA)2-GY-NH2

with A standing for Alanine, G for Glycine, Y for Tyrosine, N for Nitrogen and H for
Hydrogen; while Q, K and D being Glutamine (polar charged), Lysine (positively charged)
and Aspartic acid (negatively charged). Using AHBC, average o-helical contents were
found to be 0.783 for Q, 0.752 for K and 0.520 for D

This molecular dynamic simulation dataset contains the coordinates (x;,y;,z;) of each
atom in the peptides, spanning across 25.0 ns. The time series consists of 25000 steps,
each step being 1.0 ps in a single .pdb file. An example showing the format of a por-
tion of a PDB file is shown below in table 2.2. In order to illustrate the structure of the
peptides we use the software VMD 1.9.1(Visual Molecular Dynamics) downloaded from

"http://www.ks.uiuc.edu/Research/vmd/".
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Figure 2.2: Lower left: Compositions of the predicted structures for three polyalanine pep-
tides. The structures represent the geometry with the lowest free energy during the simu-
lation under the AHBC. Label sites are the guest amino acids. Right: «-helical fractions
for all peptides obtained from CD spectra and the predicted a-helical fractions based on the
simulations under AHBC and AMBERO3 charge. From Dawei [147].
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Figure 2.3: Illustration of the peptide chain in its initial state. The backbone of the chain
is represented as a the red ribbon. Different kinds of amino acids are coloured differently.
Plotted with VMD.

Atom | Index | Chemical Name | Amino Acid | Residue Index X y zZ
Atom | 27 N ASP X 4 15.196 | 8.029 | 3.826
Atom | 28 H ASP X 4 15.389 | 7.556 | 4.698
Atom | 29 CA ASP X 4 15.077 | 9.493 | 3.893
Atom | 30 HA ASP X 4 14.204 | 9.802 | 3.318
Atom | 31 CB ASP X 4 14.672 | 9.942 | 5.34
Atom | 32 HB2 ASP X 4 13.997 | 9.208 | 5.78
Atom | 33 HB3 ASP X 4 15.608 | 10.074 | 5.882
Atom | 34 CG ASP X 4 13.905 | 11.325 | 5.315
Atom | 35 ODl1 ASP X 4 12.966 | 11.503 | 6.118
Atom | 36 OoD2 ASP X 4 14.175 | 12.141 | 4.417
Atom | 37 C ASP X 4 16.277 | 10.21 | 3.214
Atom | 38 O ASP X 4 17.447 | 9.738 | 3.295

Table 2.2: Example showing the format of the PDB file for residue Aspartic acid in protein

We assigned an index to each peptide residue (Fig. 2.3) in our study. Indices one to
twelve being assigned to the residues AAXAA-AAXAA-GY (X being Q, K and D) respec-
tively. Indices thirteen to twenty four being assigned to the respective residue’s side chains.
Glycine’s side chain (index twenty three) has only a single hydrogen atom and hence this
particular residue was abandoned for consistency.

Figure 2.4 below shows the final states of the Q, K and D proteins in the ribbon repre-
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Figure 2.4: Illustration of the final states of Q, K and D proteins from left to right. Plotted
with VMD.

sentation, using Visual Molecular Dynamics.

2.1.2 Atmospheric data

As we discussed in previous chapter, seasonal variations in Tropics are mainly governed
by precipitation. One of the ever present challenges of meteorology is the collection of the
accurate data-sets from around the world. However, in many regions resources are very
limited and even existing network of stations is sometimes not maintained properly. In
addition, most of the tropical region is covered by oceans. Due to this fact, it is highly
problematic to have network of stations with good spatial resolution. The development of
new satellite technologies and numerical methods that allow modification of existing and

creation of new data-sets, help to fill the absence of in-situ data.

2.1.2.1 Overview of Tropical Rainfall Measurement Mission

As we stated earlier, one of the challenges for meteorology is the collection of accurate
both temporal and spatial measurements. The problem is that the satellites with a high
temporal resolution usually to have a low spatial resolution and vice versa. To collect data
on precipitation, for example, “A-Train” - the satellite of NASA was build and equipped
the a number of sensors. Yet during the 24 hours it crosses equator in certain location only
twice due to the orbit and coverage. To address this problem, the groundwork validation
initiative was brought by Xie and Arkin [131]. They started from comparing the data-sets
collected by the satellites with multi gauge networks and found out that at least five gauges
are required in order to “produce areal-averaged monthly rainfall for grids of 2.5° x 2.5°
latitude/longitude with an accuracy of 10%”. Similar validation initiatives were realized

recently with the results being of 20 required gauges [125] for accurate validations over
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specific regions in order to preserve accuracy at the same level.

As a result of the collaboration between the National Aeronautics and Space Adminis-
tration (NASA) and the Japan Aerospace Exploration Agency (JAXA) in 1997 satellite of
the Tropical Rainfall Measurement Mission (TRMM) has been launched. The main sen-
sors for precipitation detection are the TRMM Microwave Imager (TMI), the Precipitation
Radar (PR), and the Visible and Infrared Radiometer System (VIRS) (Fig.2.5) [126]. The
the Precipitation Radar is also the first space rain radar. Starting on the orbit at 350 km
in November 1997, it is at 402.5 km since August 2001 in order to extend its observations
beyond the original time frame of 2000 [127]. TRMM is on a 46 day precessing, circular,
non-sun-synchronous orbit at an inclination of 35 degrees to the equator [GES DISC 2012].
It means that during 24 hours TRMM follows 16 orbits around the Earth and passes directly
over a single point at a different local time during the 46 day precession.

To determine amount of rainfall around the world, TRMM uses both satellite precipi-
tation products use both active and passive sensors. It first observes specific bands of the
electromagnetic spectrum and afterwards converts the incoming photons into the data-set.
The problem with this method is that the electromagnetic data should be converted into
precipitation data and to come up with reliable algorithm extensive calibration is required.
Such process may create a bias with the priority given to a certain cloud types or precipita-
tion conditions.

In addition to the rain radar, TRMM is also introduced microwave radiometric data-
set that covers 35 degrees North to 35 degrees South latitudes. It describes the vertical
distribution of precipitation over the tropics and contributes greatly to our understanding
of the air - sea - land masses interaction. Data provided by TRMM also helps to improve
tropical rainfall models and hence to improve local and global rainfall prediction and its
variations over different time scales [115].

In summary, we will state again several merits of using TRMM-based rainfall data-sets.

1. PR data inclusion. Compared to many satellite-based sensors designed to sense pre-
cipitation responsive wavelengths passively, precipitation radar was designed to to

sense precipitation actively.

2. High spatial resolution of VIRS and TMI. It is possible to go to such resolution-
detailed level as 2.2 km and 5 km respectively [126].

However, there are also disadvantages in considering TRMM-based data. Narrow satellite’s
orbit is defining the spatial limits of the data-set: observations are only available between
40 degrees North and 40 degrees South. Spatial limitation for the precipitation are based

on the swath width which is only 215 km [126] and constrains the area covered during each
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every 92.5 min

Figure 2.5: Illustration of the TRMM satellite instruments: Lightning Imaging Sensor
(LIS), TRMM microwave imager (TMI), Precipitation Radar (PR), Visible and Infra Red
Scanner (VIRS). Picture of PRECIPITATION MEASUREMENT MISSIONS of NASA
(http://pmm.nasa.gov/image-gallery/diagram-trmm-instruments-measurement-path)
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pass. Finally, temporal limitations are due to the rather recent launch of the satellite in 1997:
earliest available data in for 1998.

“The *data file layout* and *data file access technique* details that were used in this
work are provided for 3B42 at http://disc.gsfc.nasa.gov/precipitation/TRMM_README/TRMM_3B42_re:
Reading of a binary TRMM HDF file of data has been done using a C toolkit from http://pps.gsfc.nasa.gov/ts
”; “The 3B42 data fields provide a variety of information. It has been used for the quality
control and data cleaning.

Index Data field Amino Acid Residue Index
1 precipitation precipitation mm/hr
2 precipitation random error* relativeError mm/hr
3 satellite observation time satObservationTime | min. from nominal
4 HQ precipitation HQprecipitation mm/hr
5 IR precipitation IRprecipitation mm/hr
6 satellite precipitation source | satPrecipitationSource n/a

Table 2.3: List of data fields, their variable names (in the data structure), and the data units
for 3B42 data files.

The coding in the source field matches that in the 3B42RT file, which is as follows: 0 =
no observation; 1 = AMSU; 2 =TMI; 3 = AMSR; 4 =SSMI; 5 =F; 17 = SSMIS; 6 = MHS;
7 =TCI; 8 = MetOp-B; 9 = spare sounder; 10 = spare sounder; 11 = F; 16 = SSMIS; 12 =
F; 18 = SSMIS; 13 = spare scanner; 30 = AMSU&MHS avg.; 31 = conical avg; 50 = IR;
1,2,...,12 + 100 = sparse-sample HQ. Because the data are provided at nominal UTC hours,
each 3B42 data set represents a nominal +/-90-minute span around the nominal hour. Thus,
the 00 UTC images include data from the very end of the previous UTC day. For historical
reasons, this coding is slightly different than that for the TMPA-RT.

In our work we use TRMM 3B42 data-set. The 3B42 algorithm was designed in order
to produce root-mean-square precipitation-error estimates and merged-infrared precipitation
from the original TRMM observations. The 3B42 retrieval algorithm used for this product
is based on the techniques developed by Huffman [128, 129, 130] and consists of two steps.

1. Firstly, the TRMM VIRS and TMI orbit data (TRMM products 1BO1 and 2A12) and
the monthly TMI/TRMM Combined Instrument (TCI) calibration parameters (from
TRMM product 3B31) are used to calculate monthly IR calibration parameters.

2. The IR parameters are now used to adjust the merged-IR precipitation data, which
consists of GOES-W, GOES-E, GMS, Meteosat-5, Meteosat-7 and NOAA-12 data.
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Figure 2.6: Example of the plot with TRMM 3B42 rainfall signal (mm)

In the end, precipitation-error estimates and adjusted and gridded merged-IR precipitation
(mm/hr) have a one day temporal resolution and a 0.25-degree by 0.25-degree spatial reso-

lution.

2.1.2.2 Details of the data-set

Main interest of our work is in studying the dynamics of the Madden Julian Oscillation
(MJO) and its interaction with monsoon. This determines the region of our study: 30 south
to 30 north in latitude and 40 east to 180 east in longitude (Fig. 2.6).

There is evidence that large-scale phenomena like El Nifio-Southern Oscillation (ENSO)
[117, 118, 119, 120] and Indian Ocean Dipole (IOD) [121, 122, 123] impact dynamics of
MJO. To avoid bias from this phenomena, our data-set contains only those years, when they
were in the neutral state. To identify these years we used work of Koh [124], where combi-
natorial probability test was applied to the probability tables of ENSO and IOD events. From
the classification table, presented in this work we identified that during operational time of
TRMM following years were neutral: 2000, 2001, 2003, 2004, 2005, 2008. Data-sets from
these years we study further in this thesis. Since MJO is also affected by monsoons, to
identify clear MJO signal we start with analysis of inter-monsoon periods: April-May and
October-November. Finally, MJO is an irregular event, it appears sporadically and at dis-
crete time [216]. Because of this we chose for our study those time intervals, when MJO

was active and present in the region on Fig 2.6
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2.2 Methods

2.2.1 Correlation

When two or more random variables (or quantities that can be considered as variables with
some degree of accuracy) have relationship between each other, such relationship is called
correlation. Such cases are usually of great interest in data science. Many scientists are
interested in how strongly certain variables in their studies are related to each other. For
example, two variables, X and Y, are considered to be related to each other if the assumed
value of the first variable affects the distribution of the second variable. In turn, variables X
and Y are considered to be independent if the changes of the value of X is not affecting the
value of Y. Usually, the correlation coefficients express a monotonic connection between
the variables. Correspondingly, if with the increase of the values of X the values of Y also
do increase it is said that the positive correlation is occurring. Similarly, if with the increase
of the values of X the values of ¥ decrease it is said that the negative correlation is taking
place.

The most popular among different types of nonparametric correlation coefficients are:
Kendall’s tau correlation, Spearman’s rank-order correlation and Pearson product moment
correlation. In the case when the examined data-set has outliers Kendall’s tau correlation and
Spearman’s rank correlation are usually chosen. When the examined data-set is extensive
and with only few outliers, more practical statistical method is considered to be Pearson’s
correlation coefficient. The Pearson correlation coefficient indicates the strength of a linear
relationship between two variables, but its value generally does not completely characterize
their relationship [245, 246]. In particular, if the conditional mean of Y given X, denoted
E(YIX), is not linear in X, the correlation coefficient will not fully determine the form of
E(YIX). For the stated reason, we employed Pearson’s correlation coefficient (PCC) to study

the dynamics of the tropical atmosphere and the proteins folding problem.

2.2.1.1 Pearson’s correlation coefficient

The Pearson’s correlation coefficient is a common measure of linear dependence between
two continuous variables X and Y. It is commonly designated by the Greek letter p and
could be expressed through the formula:

i ik S 2.1
Px.y ox O (2.1)

where Cov(X;Y) is the covariance between the variables X and Y, ox and oy are respec-

tively standard deviations. In the first part of our study, for example, the variables X and Y
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are three-dimensional atom coordinate vectors. To address this problem we need to derive
the PCC for vectors. Since,

Cov(X:¥) = ¥ (X~ X) (¥, 7). oxay:\/i<x,-—)‘c>2f<n—?>2. 2.2)

the equation (2.1) can be written as:

b (D)% F)
VI (= X2EL (% - 7)2

(2.3)

where X and Y are:

(2.4)

The Pearson’s correlation coefficient for vectors is very similar to the scalar version:

_ Cov(q,p)
OqOp

(2.5)

with q and p being not scalars, but vectors. However, the covariance and standard deviation

for vectors are defined differently:

Cov(q,p) = Y (¢i—7)(pi—P) (2.6)
(4,0)=[(9x,0y,dz),(Px,py,p2)]i=1

n

og= Y, Y(@-9° @2.7)

q:(%c-,%f-gz)i:l

n
o= Y Y-’ (2.8)
p=(px.py,p:)i=1

with x, y and z being the three components of the vectors p and q. First, for each
individual component the covariance between q and p is calculated and then the values are
summed. The standard deviation is calculated similarly. The vector Pearson’s correlation
coefficient in contrast with the scalar one sums up the variations of individual components.
The Pearson’s correlation coefficient takes a value in the range [—1,+1] (Fig. 2.7).
Values p > 0 represent positive monotonic association between two variables X and Y (X
increases (decreases) as Y increases (decreases)), values p > 0 represent negative mono-

tonic association (X increases (decreases) as Y decreases (increases)), finally value p =0
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Figure 2.7: Several sets of points, representing variables X and Y with the correlation coef-
ficient (p) for each set [160].

represents the absence of the monotonic association between the variables. In the case of bi-
variate normal data value p = 0 would imply absence of any association, however, for other
bivariate distributions (e.g. ¥ = X2, (x € (—1,1))) p can be zero for dependent variables.
As a result, the absolute value of p represents the strength of the linear correlation between

the two variables: p of 1 implies total positive correlation (linear relationship: ¥ = a + bX).

2.2.2 Vector cross correlation

In our studies we work with the time series that is produced from the molecular dynamics
simulation. Our main interest is concerning residues interaction. For this purpose we will

calculate the correlations between all possible pairs of residues.

Given two scalar time series X = (x1,x2,...,xy) and y = (y1,y2,...,yn) With means L,

and L, respectively, the zero-lag scalar cross correlation between x and y is defined as:

<(x_,UX)(y_,uy)>

C(x,y) = s
XYX

(2.9)

where ze and Gyz are the respective variances of x and y.

Generalizing into three-dimension and replacing Giz by the covariance matrix Y ;, we

immediately see that we have to calculate the inverse square-root of the covariance matrix
Y, V2 m; and U; are the eigenvalue and eigenvector matrices of ) ;, then its inverse
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square-root is defined as:

~1)2
Yy —um Ul (2.10)

i
i

—1/2(q .

Hence, this tells us that if we define a scaled vector 5,- =), V; — L), the zero-lag

vector cross correlation between vector time series v; and v; is then simply:

ci=(&&) .1

This definition of vector cross correlation is basis independent, and thus truly represents the
cross correlation between two vector quantities.

For n vector time series vy, Va,...,V,, the cross correlation matrix C is simply a sym-

metric, n X n matrix whose elements are pairwise vector cross correlation of the i-th and j-th

time series:

C.;=Cj. (2.12)

2.2.3 Data Clustering

Data Clustering, a major unsupervised machine learning technique, aims at forming the
groups (clusters) of the data points in such a way, that elements within a group (cluster) have
high similarity with each other, while being dissimilar to points in other groups (clusters)
[139]. Figure 2.8 depicts the clustering of 2D points into 3 clusters. Each cluster can be
represented by its center of mass, or average point (legend ), or an actual point referred to

as medoid or exemplar (legend o).

2.2.3.1 Clustering for Exploratory Data Analysis

While clustering also applies to supervised data-sets (when each point is labeled after its
class according to some oracle), it is more often used for exploring the structure of the data-
set in an unsupervised way — provided that some similarity or distance between points is
available [247, 248].

1. Group discovery. By grouping similar points or items into clusters, clustering pro-
vides some understanding of the data distribution, and defines a preliminary stage for a
discriminant analysis, after the “divide to conquer” strategy.

2. Structure identification. A particular type of clustering approach, hierarchical clus-

tering provides a clustering tree (as opposed to the partition in Fig 2.8). The clustering tree,
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Figure 2.8: Example of data clustering: data set contain 3 clusters and for each cluster center
of mass (x) is calculated and its exemplar (o).

also known as dendrogram, depicts the structure of the data distribution with different gran-
ularities; it is used in particular in the domain of biology to depict the structure of evolved
organisms or genes [133].

3. Data compression. One functionality of clustering is to provide a summary of the
data-set, representing each cluster from its most representative element, either an artifact
(center of mass) or an actual point (exemplar). The cluster is also qualified by its size
(number of elements), the radius (averaged distance between the elements and the center),
and possibly its variance. Clustering thus allows the compression of N samples into K
representatives, plus two or three parameters attached to each representative.

4. Dimensionality reduction or feature selection. In the case, when the amount of
items in the data set is much smaller than the amount of features, dimensionality reduction
or choice of feature is required as a preliminary step for most machine learning algorithm.
One unsupervised approach to dimensionality reduction is based on clustering the features
and retaining a single (average or exemplar) feature per cluster [134, 135].

5. Outlier detection. Many applications involve anomaly detection, e.g., intrusion
detection [136], fraud detection [137], fault detection [138]. Anomaly detection can be
achieved by means of outlier detection, where outliers are either points which are very far
from their cluster center, or form a cluster with small size and large radius.

6. Data classification. Last but not least, clustering is sometimes used for discriminant
learning, as an alternative to 1-nearest neighbor classification, by associating one point to

the majority class in its cluster.
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2.2.3.2 Formal Definition

Let X = {x1,...xy} be a set of points, and let d(x;,x;) denote the distance or dissimilarity
between items x; and x;. Let clustering on X be denoted by C = {cy,...cx}. The quality of
C 1s most often assessed from its distortion, defined as:

K
=Y Y &xc) (2.13)

i=1xeC;
where distance between x and cluster C is most often set to the distance between x and the

center of mass UW; = # Y xec, x of cluster C. nc denotes the size (number of items) in C.

The above criterion thus can be interpreted as the information loss incurred by represent-
ing X by the set of centers associated to C. It must be noted that the distortion of clusterings
with different numbers of cluster cannot be compared: the distortion naturally decreases
with the increasing number of clusters and the trivial solution associates one cluster to each

point in X.

2.2.3.3 Distance

As it was shown in the part 2.2.3.2, clustering depends on the distance defined on the do-
main space. Distance learning is currently among the hottest topics in Machine Learning
[142]. Since the elements of the data-set may be closer to each other or further from each
other, depending on the definition of the distance, clusters would be shaped according to the
choice of metric. For example, the distance between points (1,0) and (0,0) in 2D space is 1,
according to the common norms, however the distance between (1,1) and (0,0) can be \/§
if using Euclidean distance, 2 if using Manhattan distance or 1 if using maximum distance.

Among the most commonly used definitions of the distance are the following [249]:

Euclidean distance

Let x; and y; be N-dimensional vectors. Then Euclidean distance will be calculated as:

N
dEcl = Z Xik _y]k (214)
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Root mean square distance

The root mean square distance (or average geometric distance) for the same vectors will be:

dE cl

drms = (2.15)

Minkowski distance

Minkowski metric is defined in a normed vector space, and represents a generalization of
the Euclidean and Manhattan distances. Minkowski distance of order ¢ (¢ € N) for the same

pair of vectors is defined as

N

dy = Y (xik—yjk)?. (2.16)
k=1

Distance based on Pearson’s correlation

For the same pair of N-dimensional vectors x; and y; Pearson’s correlation will be defined

as

_ Z;cvzl (xik - nu“xik)(yjk - »uyjk)
\/22\721 (ik — 'u“xik) \/chvzl ()’jk - IJ“ij)

Here [y, and p; are mean values of x; and y; respectively, computed as Ly, = IL\;Z}kV:l Xik

_ 1yN
and Uy, = 5 Ye—1 Vi -
There are several versions of cross-correlation-based distances. For example, in his work

C

(2.17)

[132] Golay propose these two for the fuzzy c-means algorithm:

@dt = (¢

In Eq. (2.18a), P takes positive values and has a analogous function as m in the fuzzy

. (b)dE=2(1-0C). (2.18)

c-means algorithm (we will discuss it later). In turn, for the hierarchical clustering the

following distances are proposed:

(a)d2=1-C,  (b)di=1-C> (2.19)

Distance defined in Eq. (2.19b) is called the Pearson squared distance. It measures the

correlation between two profiles, both positive and negative (Figure 2.9).



32 Data & Methods
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Figure 2.9: Example of correlated and anti-correlated time series.

In the left part of Fig. (2.9), both profiles show very high similarity and have almost
perfect correlation despite the scale differences and shift in level. These time series would
be clustered together if the distance will be defined as in Eq (2.19a) or Eq (19b). In right part
of the Fig. (2.9), both profiles show almost perfect anti-correlation. Considering distancedg
these time series would be grouped in remote clusters and would be grouped together if
Pearson squared (a’é) is used.

In our work we use data-set, that consist of coordinates of the atoms. One of the ques-
tions we will be answering using this data-set is whether there are any consistent patterns of
motion of the atoms. Such patterns may be revealed by both correlated and anti-correlated
episodes. Hence, we will measure similarity between objects within certain data-set using
Pearson correlation-based distances defined in Eq. (2.19). To study the dynamics of the
protein molecule we will use Pearson squared distance dg (Eq. 2.19a) and to study the
dynamics of intraseasonal phenomena of the tropical atmosphere we will use use dé(Eq.
2.19b).

2.2.3.4 Clustering algorithms

The literature offers a large variety of different clustering techniques; the choice of a particu-
lar technique should reflect the nature of the data-set and incorporate all available knowledge
of it. With no pretension to exhaustivity, we will briefly introduce most common [139, 140]

categories of clustering algorithms.

Partitioning methods

A partitioning clustering method creates m partitions of the data-sets [250, 251]. It allocates

the elements of the data-set into m clusters, that satisfy the following criteria:
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Figure 2.10: Demonstration of the standard algorithm for partitioning method.

e each cluster contains at minimum one element of the data-set,
* each element of the data-set must belong to exactly one cluster.
The most commonly used partitioning methods are K-means and K-medoids. Clustering

procedure for this method consists of the following four steps (Fig. 2.10):

1. for desired number K of clusters, we randomly choose K points x1,...xg from X, and
set C; = x;;

2. iteratively, associate each x in X to cluster C; minimizing d(x,C;);
3. replace the initial collection of K points with the center of mass ; of clusters Cy,...Ck;

4. go to step 2 and repeat until the partition of X is stable.

Clearly, the above procedure minimizes the clustering distortion, however there is no as-
surance that a global minimum will be reached. A better solution (albeit still not optimal)
is obtained by executing the algorithm using different initializations and returning the best
solution. K-median, another partitioning algorithm, is used in the situation when a cen-
ter of mass cannot be calculated (e.g. when data points are structured entities, curves or
molecules).

Hierarchical Clustering

Hierarchical clustering is a method that aims to build a hierarchy of clusters, cluster tree
- dendrogram. There are two strategies of construction of the dendrogram: “bottom up”
or agglomerative hierarchical clustering and “top down” divisive hierarchical clustering.
Agglomerative hierarchical clustering procedure allocate each data point x in X to a separate
cluster. If there are N data points in the set, then there will be N clusters initially. Then,
sequentially, by connecting similar objects it results in one cluster, containing all objects.

Agglomerative hierarchical clustering procedure consists of the following steps (Fig. 2.11):



34 Data & Methods

Figure 2.11: Demonstration of the standard algorithm for hierarchical clustering method.

1. For each pair (C;,C;) (i # j) compute the inter-cluster distance d(C;,C});
2. find out the two clusters with minimal inter-cluster distance and merge them;

3. goto step 1, and repeat until the number of clusters is one, or the termination criterion
is satisfied.

As exemplified on Fig. 2.10, the 6 initial clusters ({a}, {b}, {c}, {d}, {e}, {f}) become 4
by merging {b} and {c}, and {d} and {e}; next, clusters {d e} and {f} are merged; then {b
c} and {d e f} are merged. And the last two clusters are finally merged.

In this way, agglomerative hierarchical clustering simply advance by establishing the
most similar clusters and merging them. To determine distance between sets of observations,
different linkage criterions are used [250, 252]. Some commonly used linkage criteria are

(where d(a,b) is the chosen distance from part 2.2.3):
* Single linkage clustering: minimum distance
d(C;,C;) = min{d(x;,X;) | Vx; € G;,Vx; € C}} (2.20)
* Complete linkage clustering: maximum distance
d(C;,C;) = max{d(x;,x;) | Vx; € C;,Vx; € C;} (2.21)

* Mean linkage clustering: mean distance
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d(Ci,Cj) = d(u;, 1;), (2.22)
where W = ﬁZX,ECi Xj and :u“J = |C_lj‘ ZX]ECJ‘ Xj'

* Average linkage clustering: average distance

1

d(C,Cj) =
G = TET<16,

d(X,‘,Xj) (223)

X,‘GC,‘,XJ-GCJ'
* Average group linkage: group average distance (assume that C; and C; are merged)

: X
(| Ci | + | C] |) X (| Ci | + | C] | _1) X,'EC,'UCJ',XJGCI'UCJ'

d(Cl-’Cj) = d(X,',Xj) (2.24)

* Minimum energy clustering

1

m2

n,m
Z | Xjp—Xjq l2 (2.25)

2 n,m 1 n,m
d(Clej):% ) ||Xip—qu||2—n—2 Y Ixip—xigll2 —
Pq=1

Pq=1 Pq=1

Contrasting with agglomerative hierarchical clustering, divisive hierarchical clustering
starts with a single cluster gathering the whole data set. In each iteration, one cluster splits
into two clusters until reaching the state when each and every point is in a separate cluster
(or the termination criterion is satisfied). The divisive hierarchical clustering criterion most
often is the maximal diameter or the maximal distance between two closest neighbors in
a cluster. Application-wise, agglomerative hierarchical clustering are much more popular
than divisive hierarchical clustering, seemingly because the divisive hierarchical clustering
criterion is less natural and more computationally expensive.

The dendrogram obtained by hierarchical clustering methods shows the structure of the
data distribution, illustrating the relationship between items. Every level of dendrogram
gives one possible partition of the data-set, enabling one to select the appropriate number of
clusters a posterior. This is important distinction from partitioning methods, where number

of cluster is set initially.

Density-based methods

The distance between the elements of the data-set is the main parameter of how the elements
are clustered for the most of partitioning methods. It allows to find only spherical-shaped
clusters using such methods and at the same time meet the difficulties in exploring clusters
of arbitrary shapes. To address this problem, the notion of density was introduced as a
main clustering parameter. Density-based clustering methods put the stress on exploring

arbitrarily shaped clusters. This methods are grounded on the clustering assumption [141],



36 Data & Methods

Sizex

input vector

Figure 2.12: Illustration of the Self-Organizing Map.

that states that dense regions of the data-set are clusters, and clusters are separated by regions
with low density. Such methods are used both for noise reduction and the discovery of the
arbitrarily shaped clusters.

Neural network. Self-Organizing Map

Neural network is another popular clustering approach, specifically the Self-Organizing
Map method. Kohonen, who developed self-organizing maps [143], came up with an idea
of forming a class of neural networks, where neurons are organized in a low-dimensional
(typically 2D) structure and then are iteratively trained using certain self-organizing proce-
dure. The SOM model can be used in particular to visualize the data-set and explore its
properties.

Self-organizing map is defined as a grid of interconnected nodes following a regular
(quadratic, hexagonal, ...) topology (Figure 2.12). Each node is associated to a represen-
tative ¢ usually uniformly initialized in the data space. The representatives are iteratively
updated along a competitive process: for each data point x, the representative ¢, most sim-
ilar to x is updated by relaxation from x and the neighbor representatives are updated too.
Clusters are defined by grouping the most similar representatives. When dealing with a
large size grid, similar nodes are clustered (using e.g. k-means or agglomerative hierar-
chical clustering) in order to promote the quantitative analysis of the data and of the map
[144].

2.2.3.5 Visualization of hierarchical clustering results

The results of any hierarchical clustering procedure can be represented in several ways:

graphical or as a list of symbols depicting elements of the data-set and their relationships.
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Figure 2.13: Illustration of hierarchical clustering dendrogram.

For a human being it is easier to operate with a graphical representation of hierarchical
clustering results (dendrogram) and to analyze it. For a computer, in turn, a list of symbols

is more preferable and could be used to boost the performance of the algorithm.

The dendrogram, graphical representation of the hierarchical clustering results comes
from Greek words “tree” and “graphic”: dendro and gramma. This plot where depicts every
step of the hierarchical clustering procedure as a merger of two branches of the tree into a
single one. Each cluster produced at the certain step is represented as a branch. Figure 2.13

shows a dendrogram of a data-set of the objects: {a,b,c,d,e}.

Reingold and Tilford were the first [145] who introduced the classical hierarchical view
for their algorithms. The algorithm computes independently the sub-tree’s relative posi-
tions, then connects them by putting sub-trees together. “Top down”, “left right” and grid
like layouts could be produced. The algorithm is simple, fast, and predictable. Tree-maps
were introduced by Johnson and Shneiderman [146]. In the tree-maps, the hierarchical
structure is mapped to nested rectangles. Tree-map is constructed by recursive subdivision,
i.e., a node is divided into some rectangles based on the children’s node size. The direction
of subdivision changes, a rectangle is subdivided in one direction (for instance, horizon-
tally), and for the next level this direction alternates. Tree-maps provide a compact visual

representation of complex hierarchical data.
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2.2.4 Minimal Spanning Tree (MST)

In Section 2.2, we introduced the cross correlation notion. For better understanding how
the transition occurs we will be visualizing the cross correlation matrices by drawing the
minimal spanning tree (MST) graphs [161, 162].

One of the most commonly used algorithms for complexity network visualization is
the Minimal Spanning Tree (MST). It was introduced by Kruskal in 1956 [161]. Given
a cross correlation matrix C, we can construct MST graph by first sorting the pairs (i; j)
based on their cross correlation value C;;; from the largest (most strongly-correlated pair)
to the smallest. Then, starting from the top of the list, we draw a link between i and j. We
continue linking the next most strongly-correlated pairs without allowing any loop in the
graph. If connecting a pair from the list will result in loop formation, we will not draw the
link and continue instead to the next pair. Once we have connected all the n nodes, we have
completed the MST graph and stop drawing.



Chapter 3
Protein Folding Problem

In this chapter we analyze the folding process of different sets of proteins. We start with
investigation of the single 62-atom protein molecule, its low (1.0 ps time step) and high (0.1
ps time step) resolutions. Later in the chapter we start inspecting three protein molecules in

order to find possible folding events and precursors of such event.

3.1 Single molecule

3.1.1 Low-Resolution Study

We start with the analysis of the data-set described in subsection 2.1.1.1 For each atom, the
positions (x;,y;,z;) are recorded every picosecond for totally 5 nanoseconds. There are thus
a total of 5001 time points. Taking the difference of two successive positions of the 5001
time points then gives the distance traveled for each atom in one picosecond, hence average
velocity. The time series is then partitioned into ten time windows with 500 time steps each.
Our strategy is to identify at first the period when the folding may take place by inspecting
big parts of the time series (ten time windows) and then zoom at this moment and study it in
more details. For each time window, we start with compute the Pearson vector correlation
matrix Cy, k =1,2,...10. Each Cy, is a 62-by-62 correlation matrix.

For each vector Pearson correlation matrix C; = [Ck,-j], we then calculate the distance
matrices Dy, where the distance between two objects is calculated using the formula 2.19a
from subsection 2.2.3.3: dy;; = 1 — Cy;;. The resulting distance matrices Dy, is then the
distance matrix for each time window, with the desired property of all zeros along the main
diagonal. According to the hierarchical clustering algorithm described in 2.2.3.4 we then
can calculate the clustering matrices and visualize results via dendrograms.

On the first iteration we produced ten dendrograms with non-overlapping windows of
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Figure 3.1: One of the ten dendrograms obtained from the ten vector Pearson correlation
matrices of the average velocity time series for the 62-atom penta-alanine molecule. The
correlation matrices were calculated over non-overlapping windows of 500 time steps each.
The one presented on this figure correspond to the interval #{ = 4001 ps to t, = 4500 ps.

500 time steps each (Fig. 3.1). From the ten dendrograms, we saw that the strongly cor-
related clusters of atoms, {7, ..., 16}, {17, ..., 26}, ... correspond to the five alanine
residues. Based on the relationships between these five residues, we visually classified
these ten dendrograms into three groups. In the first group Ala2 is in the same cluster as
Ala3 and Ala4. In the second groups Ala2 is in a different cluster from Ala3 and Ala4. In
the third group, Ala4 is in a different cluster from Ala2 and Ala3.

These dendrograms gave us a picture of how the protein molecule is evolving in time.
For example, on the dendrogram from Figure 3.1, we see that Ala3, Ala4, AlaS, Ala6 are
in one cluster, but Ala2 is in a different cluster with the terminal methyl and methylamide
groups. This suggests that during these time window, the dynamics of Ala2 is decoupled
from those of Ala3 and Ala4, and became more coupled to the dynamics of the termi-
nal groups. Because the grouping of dendrograms into these three clusters is physically
meaningful, this is the classification we wish to obtain automatically, using the clustering
approaches explored below.

On this very first step we analyzed general behavior of the molecules visually due to low
time resolution. For more systematic study of the underlying folding mechanism greater

number of dendrograms had been classified. To automate this dendrogram based analysis,
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Figure 3.2: Complete-link dendrogram of cross correlation between atoms, showing two
non-interacting main clusters of roughly equal in size. The red cluster contains atoms from
roughly the front half of the protein (shown on the Fig.2.1), and the blue cluster contains
atoms from the other half.

we looked at the problem of clustering the dendrograms themselves. Then both correlation-

based distances and order-based distances were studied.

3.1.2 High Resolution Study

The high resolution study uses the same time series of ALA-5 protein in water for 5.0 ns
duration consists of frames, taken every 0.1 ps. We followed the same procedure as in
the low-resolution study with only difference being that the distance was defined as dy;; =
I —Cy;j for convenience of visualization. New array of dendrograms was obtained, however
their structure was already slightly different.

From the analysis of the dendrograms we found that, at different times, the protein can
be represented by different number of effective clusters consisting of different atoms. At
certain times, the atoms clusters into two robust clusters, for example shown on Figure 3.2,

with the red cluster containing roughly the atoms from the front half of the molecule and
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Figure 3.3: Complete-link dendrogram of cross correlation between atoms, showing many,
less robust clusters of roughly equal in size. Note that the red and blue clusters shrink
while the interaction green cluster grows in size, indicating strong interaction between atoms
across the protein.



3.1 Single molecule 43

08

06

04

] 1 | | | 1 | 1 | |
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Figure 3.4: Clustering thresholds of two main clusters (red and blue) and two largest in-
teraction clusters (green and yellow). Low thresholds imply robust clusters with strongly
correlated members. Every time step on the horizontal axis represents 1 ns.

the blue cluster containing atoms from the other half. This indicates that at these times
the protein can be thought of consisting of only two rigid, weakly-interacting main clusters
roughly equal in size. In other times, we observe a sign of weak interaction between the
two clusters, as shown in Figure 3.3. By interaction between clusters we imply exchange of
atoms between them over several time-steps. Hence, weak interaction over certain period
means, that clusters consist of the same atoms and strong interaction means, that the clusters
exchange significant (> 10%) of their composing atoms. Here the red and blue clusters
are the two main clusters seen previously, interacting through the smaller green interaction
cluster which consists of atoms located in the middle of the protein between the red and
blue clusters. In an strongly-interacting state, we found the main clusters break into many

smaller, less robust clusters.

Besides these pictures, we also discovered an interesting fact from the cluster threshold
values. Such a threshold is defined for a particular cluster as the maximum distance between
elements within the cluster. Since the distances are defined from the cross correlation val-
ues, a low clustering threshold implies a robust cluster with strongly correlating members.
The time evolution plot of the thresholds for the two main clusters and two largest inter-
action clusters is shown in Figure 3.4. Among other things, we are most interested in the
significant drops of the four thresholds at around 1,250, 2,500, and 4,750 ns., indicating the
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Figure 3.5: Dendrogram showing the relation between 10 clustering matrices, each covering
1000 time steps.

formations of robust, strongly-correlated clusters. We speculate that these drops may corre-
spond to the folding of the protein. If this is true, then the brief increase of the threshold just
before the drops may actually correspond to barrier crossings before folding, and that the
significant increase afterwards are the unfolding process. Furthermore, the slight increase of
only blue threshold at around time step 3,750 ns indicates a possible failed folding attempt
where barrier crossing by the blue cluster was not followed by the red cluster. This picture,
suggesting that the protein may actually folded and unfolded three times during the sim-
ulation, is in somewhat agreement with our previous finding where we observed plausible

folding signatures at around time step 500 and 3,000.

So far, it seems to us that the general facts emerging from the two studies agree, while
the details on when the folding actually take place do not. However, we also note that the

time series clustering study alone only provide us with very crude results.

With the time series data containing only 50000 time steps and the current window
size of 250 and 500 time steps, we have 100 to 200 data points and graphs to analyze. To
approach this problem we decided to study evolution of the structure of the protein molecule
by applying clustering analysis to the clustering matrices that were initially obtained. As a
result we have new dendrograms where on the horizontal axis we have not the single time

steps, but clustering matrices describing structure over certain period.

On the figure 3.5 we can see that there are two main clusters: one consists of the matrices
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representing the structure of the molecule during the middle of the simulation plus very
beginning and very end of it and another cluster consists of the matrices that represents the
rest of the simulation. It agrees with the results we obtained from the threshold analysis,
when we saw changes in the beginning, middle and the end of the simulation.

Assuming that we know where to look to find the folding event, we are also interested in
the dynamics of the protein folding. And especially what events trigger the folding process.
For this purpose we identified possible precursor segments visually from the simulation
itself by looking for short segments that started slightly before the interesting events. The
results are presented in the Table 3.1.

i | Atom Type | Atom No | Precursor Segment | Global Event
1 CB 11 2,159 2,500
2 O 16 2,135 2,500
3 CB 31 2,354 2,500
4 CB 51 2,171 2,500
5 O 16 11,320 11,700
6 N 17 11,330 11,700
7 CB 21 11,300 11,700
8 CB 41 11,480 11,700
9 CB 21 31,310 31,470
10 O 26 31,250 31,470
11 CB 31 31,110 31,470
12 CB 21 32,220 32,450
13 O 26 32,980 32,450
14 CB 31 32,250 32,450
15 CB 51 32,340 32,450
16 0] 56 32,260 32,450
17 O 26 43,270 43,450
18 CB 31 43,260 43,450

Table 3.1: Visually detected segments that might serve as precursors before the global
events. Fourth column consists of the time steps of the start of the precursor segment.

Fifth column consists of the time steps when the global event occurred

Interestingly, the precursor atoms are predominantly 3-C and O atoms. These are lo-
cated near the middle of the protein, which is in agreement with what we have learned

from the time series clustering study. Out of the five global events in total, we observed
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Figure 3.6: Fluctuation ellipsoids of CB(11) atom before precursor segment (left, from time
step 1,650 to 2,159), within the precursor segment (middle, from time step 2,159 to 2,640),
and after global event (right, from time step 2,640 to 2,996).

Figure 3.7: Fluctuation ellipsoids of CB(31) atom before precursor segment (left, from time
step 524 to 2,354), within the precursor segment (middle, from time step 2,354 to 2,573),
and after global event (right, from time step 2,573 to 3,042).
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Figure 3.8: Fluctuation ellipsoids of O(16) atom before precursor segment (left, from time
step 1,696 to 2,135), within the precursor segment (middle, from time step 2,135 to 2,649),
and after global event (right, from time step 2,649 to 2,982).

Figure 3.9: H(62) atom around bright burst near time step 16,100, showing fluctuation
ellipsoids at: before (left, from time step 15,838 to 16,060), within (middle, from time step
16,060 to 16,090), and after the bright burst (right, from time step 16,090 to 16,351).
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Figure 3.10: O(16) atom around bright red segment at time step 10,600, showing fluctuation
ellipsoids at: before (left, from time step 10,377 to 10,590) within (middle, from time step
10,590 to 10,740), and after the red segment (right, from time step 10,740 to 11,770.)

four potential precursors involving CB(31) and three potential precursors involving O(26)
and CB(21). These suggests that the folding processes must have started in the middle of
the protein and thereafter propagates outwards. Fluctuation ellipsoids of precursor atoms
leading to global event at time step 2,500 are visualized on Figures 3.6, 3,7 & 3.8.

We also visualized other segments, identified from the dendrograms, to better under-
stand what happened during the evolution. Figure 3.9 shows the fluctuation ellipsoids of
H(62) atom around a bright burst at time step 16,100, and Figure 3.10 shows the actua-
tion ellipsoids of O(16) atoms around a bright red segment at time step 10,600. However,
since we found no global events shortly following these segments, we do not consider them
plausible precursors.

Finally, we calculated the correlation matrix C using equation (2.9) with the distance
between two objects calculated using the formula 2.19a from subsection 2.2.3.3 and draw
the Minimal Spanning Tree (MST) graph. As expected, the MST topology is identical to the
structure of the protein, indicating that the strongest-correlating pairs are simply the pairs
of atoms with structural bonds (Figures 3.11 & 3.12). These are the minimal spanning tree
(MST) graphs of cross correlation matrix calculated between time steps 2,000 and 2,300,
just before a global event at around time step 2,500. The topologies also remain the same
for all MST graphs drawn at all different times in the simulation. However, we also found
that MST graphs calculated from all other intervals before and after global events produce

exactly the same topology, and thus do not provide further information. Apparently, the
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Figure 3.11: Minimal spanning tree of non-hydrogen atoms
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Figure 3.12: Minimal spanning tree of all atoms including hydrogen
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cross correlations between the structurally-bonded atoms are always very high, such that any
changes to the cross correlations between other pairs of atoms are constantly overwhelmed

and do not show up in the MST graphs.

3.2 Three proteins

3.2.1 Hierarchical Clustering

In this part we discuss our study on another data-set, described in the subsection 2.1.1.2.
It consists of three poly-alanine peptides and in the previous part this molecular dynamic
simulation data-set contains the coordinates (x;,y;,z;) of each atom in the peptides. It spans
across 25.0 ns and consists of 25000 steps, each step being 1.0 ps.

The molecules in this study are bigger than in the previous, interactions between dif-
ferent parts of the molecule are much more complex (Fig. 3.13) and there is no such easy
classification of the molecule structures as we obtained in previous section. Hence, we de-
cided to proceed to automatic analysis of the clustering matrices and dendrograms. To do
this we are again clustering the matrices of clusters obtained from the molecular simulation
time series.

From the dendrogram on a figure 3.14 we can see that the structure of the molecule
during 1 ns is very different from the rest of the time. Similarly, on a Figure 3.15 we can see,
that the structure of the molecule during approximately first 3 ns is different from the later
time. We can conclude then, that some principal changes happen around the mentioned time
periods. Unfortunately, we cannot identify such transition in structure for the third molecule
from the presented dendrogram.

3.2.2 Pairwise correlation

During the first part of our study we noticed that the results based on the average velocities
are not giving good insights. It might have been because velocities are not independent
(they are dependent on covalent bond which determine basic structure of the protein). For
an alternative we draw eyes on the dihedral angles (Fig. 3.17) - they are not affected by the
bond length. The dihedral angles are fined as a cross product between vectors of direction
of the

* C-carbon and C-nitrogen bonding for the main chain angles and

* C-C and C-nitrogen bonding for the side chain angles.
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Figure 3.13: One of the complete-link dendrogram (representing the interval between #; =
12001 ps to 1, = 12500 ps.) of cross correlation between atoms for of the Q molecule. It
shows several clusters of approximately same size and not very robust structure. Note that
the red and blue clusters shrink while the interaction green cluster grows in size, indicating
strong interaction between atoms across the protein.
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Figure 3.14: Dendrogram showing clustering analysis of the dendrograms sequentially pro-
duced for the time intervals with 1 ns step of the Q molecule simulation. On the x-axis each
node represents a dendrogram computed for one of 25 time windows.
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Figure 3.15: Dendrogram showing clustering analysis of the dendrograms sequentially pro-
duced for the time intervals with 1 ns step of the K molecule simulation.
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Figure 3.16: Dendrogram showing clustering analysis of the dendrograms sequentially pro-
duced for the time intervals with 1 ns step of the D molecule simulation.

Side chain angle

Main chain angle

Figure 3.17: Illustration of the dihedral angles in an alanine residue. Plotted with VMD
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Figure 3.18: The pairwise correlation time-series for Q molecule

We calculated the pairwise correlation between all dihedral angles then plot the results:
Figure 3.18 for Q molecule, Figure 3.19 for K molecule and 3.20 for D molecule. Here red
colour represents positive correlation and blue colour represents negative correlation. The
saturation of colour represents the strength of the correlation.

On the colour-maps 3.18, 3.19 and 3.20 we can observe sharp transition in colour after 1
ns for Q, K and D molecules many pairs are becoming more correlated, both positively and
negatively. These correlations remained extremely stable towards the end of the time-series.
These stable pairs represent the characteristic of the folded state of the proteins because a
protein in the folded state is expected to be highly constrained both in its shapes and the
pairs’ interactions. These are the fingerprints of a-helix folding.

These colour-maps are showing a good agreement with the clustering analysis results.
On the dendrograms we could see sharp separation of two groups of sub-clusters for Q and K
molecules: those that represent dendrograms computed for the first few ns and all the rest. In
the mean time, clustering of the dendrograms for the D molecule shows lower dissimilarity
level between different sub-clusters and temporally less ordered structure. Additionally, it
tells us about the evolution of the state of the molecules.

Once reached, strong correlation state does not change again and stays rather stable until
the end of the simulation. Such stable correlation between pairs is signifying that the folded

state is reached - once protein reach the folded state it is known to be very stable in shape,
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Figure 3.19: The pairwise correlation time-series for K molecule
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Figure 3.20: The pairwise correlation time-series for D molecule



56 Protein Folding Problem

Figure 3.21: Minimal Spanning Tree diagram for protein Q.

and as a consequence, in pairs interactions.

3.2.3 Minimal Spanning Tree

To study interrelations between different pairs we visualize the discussed correlation results
using the Minimal Spanning Tree graphs: Figures 3.21 for Q, 3.22 for K and 3.23 for
D molecules. The red colour represents the fingerprints with positive correlation and the
blue colour represents the fingerprints with negative correlation, yellow represents unique
fingerprints.

From the MST graphs, we can observe that the positively correlated pair tend to be
linked together, so are the negatively correlated pairs. Q and K molecules manifest many
more pairs with positive correlation. D molecule, in contrast, have almost the same amount
of the pair with positive and negative correlation. From here we can conclude that for the

successful a-helix folding needs more positively correlated fingerprints.
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Figure 3.22: Minimal Spanning Tree diagram for protein K
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Figure 3.23: Minimal Spanning Tree diagram for protein D



Chapter 4

Dynamics of the Tropical Atmosphere.
Madden Julian Oscillation.

In this chapter we study the atmospheric dynamics of Madden Julian oscillation and its
interaction with monsoons. After introduction of this atmospheric phenomenon and its main
characteristics, we show that it is possible to capture its pattern by using clustering technique
on rainfall data. We start with inter-monsoon periods and compare our results with the
classic RMM index. Later we investigation the MJO interaction with another principal

phenomenon of the region - monsoon.

4.1 Introduction

MIJO attracts interest for many reasons: it affects the fluctuations in rainfall over the Pa-
cific Islands, over South and South East Asia [182, 183, 184], over Australia [185], along
western coast of North America [186, 187, 188] and South America [189, 190] and over
Africa [191]. Madden Julian Oscillation also affects the development of the tropical cy-
clones over the Pacific Ocean and the Caribbean [192, 193, 194, 195, 196], winds over the
Atlantic Ocean [197] and the intensity of the convergence zone of the Southern Hemisphere
[198]. Since this oscillation is a reason of periodic changes in emissions of heat into the
atmosphere, it is a component of the mechanism of signal transduction from the tropics to
temperate latitudes [199, 200, 201, 202]. It can also modulate the global angular momen-
tum [203, 204, 205], and the electric and magnetic field of the Earth [206]. MJO interacts
with other phenomena, such as monsoons and El Nifio [207, 208, 209]. Interestingly, MJO
might even left a mark in the history of mankind: strong irregular westerly surface winds,

that last up to 30 days (currently known as part of the MJO fluctuations), could be those es-
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sential weather conditions that helped brave Polynesian fishermen 4,500 years ago to travel
to the east in the equatorial Pacific (in areas, usually dominated by the trade winds) [210].
It should be noted that MJO is one of the reasons for limited predictability in atmosphere
both in nontropical and tropical latitudes [211, 212, 213, 214, 215].

Period of the MJO

Dominant period of the Madden Julian Oscillation is from 30 to 100 days, although the
period, which accounts for maximum variability varies widely within time. Although this
phenomenon is called "oscillation", in fact it is very irregular. MJO appears sporadically
and discrete time [216].

Planetary scale

The typical length of zonal phenomenon MJO, which is defined as the extent of the areas
occupied by positive or negative anomalies cloud cover ranges from 12,000 to 20,000 km
[217]. Typically, in the tropics at a particular time, there is only one full phenomenon MJO.
Infrequently there may be two weak phenomenon MJO, when one is in its infancy over the

Indian Ocean, and the second fades in the central Pacific Ocean [164].

Easterly motion

Progression from west to east (at a rate of about 5 m/s) is one of the main characteristics of
MIJO, allowing to distinguish it from other propagating phenomena in tropics. For example,
equatorial Kelvin waves, that also propagates to the east, but with a higher rate (on the order
of 15-17 m/s) [210, 217]. The speed of propagation of the MJO could slightly change from

cycle to cycle and during the various phases of the single cycle.

Seasonal variation

MJO is experiencing a pronounced seasonal changes in both intensity and latitudinal local-
ization [215, 218, 219, 220]. The main seasonal intensity maximum occurs during southern
hemisphere summer and autumn - the strongest signal is then observed to the south from the
equator. The main peak of intensity during the southern hemisphere summer is associated
with the Australian monsoon [184]. Seasonal latitudinal migration of MJO 1is expressed
over the western Pacific better than over the Indian Ocean. In a narrow latitudinal band of
5 degrees north to 5 degrees south MJO is experiencing only one maximum in the seasonal
course attributable to the southern hemisphere summer and autumn. In the eastern Pacific

Ocean single maximum also exists - during northern hemisphere summer.
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Inter-annual variability

Inter-annual variability in the zonal wind over the Pacific is better expressed in the lower
troposphere than in the upper [221]. During the warm phase of ENSO (EI Nifio), the eastern
end of the basin of warm water shifts further to the east [222], followed by the displacement
of MJO area [206, 223, 224, 225, 226, 227]. MJO in the Pacific ocean is particularly intense

in the period preceding the El Nifio and is weakening after its culmination.

Interaction with monsoon

First work on the influence of the Madden Julian Oscillation on the summer monsoon was
published by Yasunari in 1979 [178]. Since then, with the availability of new satellite data
we learned more about this interaction.

The influence of the Madden Julian Oscillation on boreal summer and boreal winter
rainfall variability is different: during the summer it manifest itself in extra-equatorial re-
gions: South China Sea, Bay of Bengal and Western North Pacific. Maximum of the mean
rainfall during the summer occurs in these regions. During this time, Asian summer mon-
soon is not only experience 30 to 60 days variations, but also 10 to 20 days quasi bi-weekly
variations [167]. While most of the state-of-the-art models of global climate fail to simulate
MIJO, others, that are implementing coupling principles, were able to resemble some aspects
of the MJO [228, 229] and even predict its behavior [230, 231].

Around one week (5 to 10 days) before a a strengthening of the precipitation over South
Asia, that is believed to be related to the MJO, the sea surface temperatures (SST) are tend
to be higher than usual [179]. Break and active phases of the Asian Monsoon are also
connected to the MJO. During the break phase of monsoon MJO is usually found to be
propagating towards the east over Indian ocean, Maritime continent and further into Pacific

region [179].

RMM index

The most commonly used MJO index known as Real-time Multivariate MJO (RMM) index.
The index was developed and introduced by Wheeler and Hendon [164]. RMM daily time
resolution with all-season and global scale coverage is widely considered in many studies
about regional weather impact of MJO , especially to rainfall [170, 171, 172, 173, 174,
175, 176, 177]. Furthermore, the approach of confirming MJO properties of RMM that
was demonstrated by Wheeler and Hendon was utilized by U.S. Climate Variability and
Predictability (CLIVAR) MJO Working Group in assessing the performances of Global Cir-
culation Model (GCM) in simulating MJO event [177]. Based on such advantages RMM is
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involved in this study as a benchmark of MJO activity.

4.2 MJO identification

The MJO does not oscillate regularly: the life cycle of a canonical MJO event is described
in previous section, however, the location of initiation and propagation characteristics of
individual MJO events vary significantly. In this section we will discuss methods that we
use to identify and analyze an MJO event.

In chapter 2, we declared that our choice of the dataset is dictated by the interest in
intraseasonal phenomena: Madden Julian Oscillation and Asian monsoon. We have chosen
neutral years for the inter-seasonal phenomena like El Nino Southern Oscillation and Indian
Ocean Dipole. Within these years we will first study Madden Julian Oscillation separately.
To do this we will examine behavior of this phenomenon during inter-monsoon seasons:
April-May and October-November. In the literature, the boundaries of the monsoon and
inter-monsoon season are defined differently for different locations [205, 206, 209] and
may change from year to year. In our work we analyze data over vast region, that includes
patterns of both Indian and Australian monsoons and due to this reason we define monsoon
season as a union of all subsets.

We start with the satellite rainfall data described in chapter 2, which is initially in a
form of matrix, grid. It covers regions from 50 degrees south to 50 degrees north and from
30 degrees east to 180 degrees east with a spatial resolution 0.25-degree by 0.25-degree.
Temporal resolution is 3-hourly. So, for every 3 hours we have a matrix with the values
of the rainfall and at the first step, we transform a matrix into a vector. Then we form
new matrices from such vectors. These new matrices cover 25 days in sequence and hence
consist of 200 vectors. In our further studies, for better tracking of the signal, we overlap
these matrices by 5 days, meaning 40 vectors. Then we shift the time window by 1 day or 8
vectors.

We begin with computing PCC for each 25-day rainfall matrix and visualizing the results
as, for example, on the Figure 4.1. Dark blue means low correlation between rainfall data
points, while red mean high correlation . We then use correlation matrix and proceed with
the hierarchical clustering analysis (described in section 2.2.3.4), plotting the dendrogram
for each time window of 25: example on the Figure 4.2. Based on the results of clustering
analysis we then reassemble the correlation matrix in such a way that data points on the axes
are lined according to their hierarchical clustering structure. As it could be seen from the
comparison of figures 4.1 and 4.3, the size of rainfall pattern is becoming more visible.

After that we construct clustering histogram, as on Figure 4.4. We first extract part of
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Figure 4.1: Unordered correlation matrix for rainfall data from 1 April to 25 April 2005
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Figure 4.2: Dendrogram based on rainfall data for 1 April to 25 April 2005



4.2 MJO identification 65

Re-ordered correlation matrix

Figure 4.3: Reordered correlation matrix for rainfall data from 1 April to 25 April 2005
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Figure 4.4: Cluster distribution, according to the number of robust sub-clusters for 1 April
to 25 April 2005
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Figure 4.5: Elements of the biggest cluster (red dots) and center of mass of this cluster
(black circle) for 1 April to 25 April 2005

the clustering matrix that describes clusters with having correlation more than 0.6. Then
we simply plot the distribution of this clusters according to the number of sub-clusters they
have. For example, from the Fig. 4.4 we can see, that there are in total 6 clusters, that have
more than 100 sub-cluster each.

Finally, we visualize geographically structure of the clusters. For example, on the Figure
4.5 you can see the elements of the biggest rainfall cluster for the time interval 1 to 25 of
April, 2005. Black circle represents the center of mass of the cluster. We calculate it for the

every iteration in order to be able to track the evolution of clusters.
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4.2.1 Inter-monsoon seasons

Our first goal was to capture the signal of the Madden Julian Oscillation. In order to do this
we analyzed the rainfall time series over the neutral years during the inter-monsoon seasons.
We followed the procedure described in the previous section, plus calculated the correlation
matrices for the whole inter-monsoon season. On the Figure 4.6 one can see re-ordered
correlation matrices for the April-May inter-monsoon seasons of 2000, 2001, 2003, 2004,
2005 and 2008.

Several patterns could be noticed here:

* for the years 2004 and 2005 big patterns are present: they are not uniformly highly

correlated, but cover most of the time window;
* for the year 2000 we can see smaller, yet more strongly correlated rainfall pattern;

* finally, years 2001, 2003 and 2008 have only small patterns over this inter-monsoon

s€ason.

Let us compare these results with the distribution of the clusters (Figure 4.7). Interestingly,
for the years 2004 and 2005 biggest clusters consist of 100 and more members, while for
the other years this number is smaller.

Let us now consider October-November inter-monsoon period. The correlation matrices
are plotted on the figure 4.8 and the clustering distributions are depicted on the figure 4.9.
We cannot see such clear patterns as in previous case, only on the plots for years 2001,
2003 and 2004 small inter-correlated patterns are present, however they do not resemble
any connection with the distributions of clusters. Let us note also that during the October-
November inter-monsoon season of year 2005 correlation matrix looks very messy with
many vectors being correlated, however these correlations are not very strong.

For better understanding of these results, let us compare them with established MJO

index that is traditionally used for tracking the oscillation.
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Figure 4.6: Re-ordered matrices for Apr-May
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Re-ordered correlation matrix. Oct-Moy 2000 Re-ordered correlation matrix, Oct-Moy 2001

Re-ordered correlation matrix. Oct-MNoy 2003
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Figure 4.8: Re-ordered matrices for Oct-Nov
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4.2.2 Comparing with RMM index

RMMs (RMMI1 and RMM2) are derived from the first two Empirical Orthogonal Functions
(EOFs) of the combined fields of: satellite-observed outgoing long-wave radiation (OLR),
200 hPa zonal wind and near-equatorially averaged 850 hPa zonal wind. The principal com-
ponents are then extracted from the projections of the daily observed data onto EOFs. The
annual cycle and the components of inter-annual variability are removed from these projec-
tions. As a result these principal components are mostly varying on the intraseasonal time
scale and could be used as an effective index for real time use, while the the projection is
used as a filter for the MJO signal. The time series of the form the index Real-time Multi-
variate MJO (RMM) and are separately called RMM1 and RMM2. To calculate RMMs we
used the NCEP/NCAR Reanalyses and the NCEP Operational analyses for the zonal winds
and the NOAA polar-orbitting satellite-based time-series for the OLR.

Figure 4.10 shows the spatial structures of the first two EOFs of the combined fields,
which together account for 25 % of the total variance. It is important to construct a phys-
ical interpretation of the EOFs. The positive or the negative phase of EOF 1 represents
enhanced and suppressed convection over the Maritime Continent respectively with low-
level westerlies behind the convective center and low-level easterlies ahead of it; winds in
the upper-troposphere are in the opposite direction to the low-level winds. The positive or
the negative phase of EOF 2 represents enhanced or suppressed convection over the West
Pacific and suppressed or enhanced convection over the Indian Ocean respectively.

Since the MJO is a propagating signal, the two eigenvectors have a quadrature relation
in their spatial structure while the projections of the MJO on the two eigenvectors (RMM1
and RMM?2) - are in temporal quadrature and possess roughly equal variance (Fig. 4.10 and
4.11).

The availability of this index in real time has facilitated the monitoring and prediction
of the MJO and its various impacts but some limitations have been noted. One limitation
stems from the use of just two EOFs to define the MJO, which necessarily just depict its
canonical large-scale structure. The tacit assumption in the approach of RMM methodology
is that the MJO has a consistent broad-scale expression in circulation and convection, which
will be efficiently detected by the RMM indices. However, not every MJO event evolves
with the same structure, even at the largest scales [234], so the use of a single pair of EOFs
cannot capture all the nuances of every MJO event, especially at smaller scales where the
MJO expresses itself on local weather. Development of the RMM indices without the use of
a band-pass filter also means that there will be some contamination from higher-frequency
“noise” [235]. The RMM indices may also not be optimal for detecting the initiation of

some MJO events when a large-scale circulation signal is absent [236]. It has also been
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Figure 4.10: Spatial structures of EOFs 1 and 2 of the combined analysis of OLR and the
zonal wind at geopotential heights 800 and 200 hectaPascals. A key for the field described
by each curve is given. As each field is normalized by its global (all longitudes) variance
before the EOF analysis, their magnitude may be plotted on the same relative axis. Multi-
plying each normalized magnitude by its global variance gives the field anomaly that occurs
for a 1 std dev perturbation of the PC, as given for the absolute maxima of each field. The
variance explained by the respective EOFs is 12.8% and 12.2%. From Wheeler and Hendon

[164]
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suggested that by using equatorially averaged OLR as input, the RMM indices may have
limited capability of detecting the MJO when its convective signal shifts into one hemi-
sphere [237]. Convective variations associated with the MJO are often asymmetric about
the equator during the solistical seasons.

The RMM indices locate the region of enhanced convection associated with the MJO,
and, plotted in RMM phase space, the propagation of individual events. Figure 4.12 shows
the evolution of the April 2009 MJO event. The amplitude increases with distance from the
origin; eastward propagation is represented as anti-clockwise rotation around the diagram.
Weak MJO activity is defined as when the RMM amplitude is inside the unit circle.

Let us now use calculate RMM index for the neutral years and compare its dynamics
with the results from the previous session. We picked one year as an example: 2005 looks
particularly interesting, because the correlation matrices and clustering distribution over
different inter-monsoon seasons are rather dissimilar.

From the data provided by NOAA, we first calculate RMM1 and RMM?2 (Fig. 4.13) and
then calculate RMM index [164] (Fig. 4.14). Finally, we plot the RMM phase portrait (figs.
4.15 and 4.16).

Let us first inspect the figure that shows the dynamics of the RMM’s absolute value,
that is resembling strength of the MJO. It is clear from the graph that during the April-May
season MJO was active and much stronger than over the October-November season of the
same year. To inspect the connection between the patterns on the correlation matrices and
the cluster distribution we decided to plot the dynamics of the RMM index next to the graph
that shows the number of the elements in the biggest cluster. For the April-May (Fig. 4.17)
we see strong correlation between two graphs, while for the October-November (Fig. 4.18)
no such connection exists. Reference line at 1 on figures 4.17 and 4.18 shows meaningful
level of signal for sum of RMMs. Reference line at 60 was chosen by us as a threshold that
is used to define main clusters.

To finish our introduction of the RMM index let us inspect the propagation of the MJO
by plotting phase diagrams. Active MJO event during April-May 2005 could be clearly seen
on figures 4.15 (for April) and 4.16 (for May). RMM signal over October-November 2005
is, in turn, saying that the MJO was weak during this period. It is shown of figures 4.19 (for
October) and 4.20 (for November).
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Figure 4.11: Power spectra of the PCs of the leading three EOFs of the combined analysis
of Fig. 1, as calculated using the whole time series. The plotting format forces the area
under the power curve in any frequency band to be equal to variance. The total area under
each curve is scaled to equal the explained variance (Exp Var) by that EOF. The fraction of
ExpVar in the 30- to 80-day band for each PC is given. The dashed curve is the red-noise
spectrum computed from the lag 1 auto-correlation. Multiple passes of a 1-2—1 filter are
applied to all spectra resulting in an effective bandwidth of 3.0 x 103 cpd (cycles per day).
From Wheeler and Hendon [164]
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Figure 4.12: RMM1 and RMM2 of satellite-derived OLR and NCEP reanalysis zonal winds
at 850 hPa and 200 hPa for a strong MJO event in April 2009, taken from Wheeler [69]. The
black (grey) line indicates the evolution of MJO activity during April (March). Coloured
triangles represent the date in April. Text labels indicate the approximate location of the

enhanced convective signal of the MJO.
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Figure 4.19: MJO phase space, based on multivariate EOF analysis, for 22.09.2005 to
01.11.2005.
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Figure 4.21: Centers of mass for the main clusters (red for first biggest, green for second
biggest and magenta for third biggest, black for center of mass of raw rainfall data) for the
inter-monsoon season April-May 2005.

4.2.3 Trajectories of the main clusters

In previous sections our main goal was to identify the MJO event. Now we will study its
geographical evolution. To investigate the trajectories of the clusters we compute the centers
of mass of the three biggest clusters for each time window. On the figure 4.21 trajectories
of three biggest clusters for the April-May 2005 are present. It should be noticed that the
trajectory of the biggest cluster, represented as red star for each time window, is in good
agreement with observations and RMM phase diagram. In the figure 4.22 we can see centers
of mass of the biggest cluster during October-November 2005 (for second and third biggest
cluster data is not plotted for clarity). The plotted points do not resemble the trajectory of
the MJO in this case, but we know already from the previous results that during this period
no active events were present. Hence we can assume that the dots represent random rain

pattern over this period of time.
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Figure 4.22: Centers of mass for the main cluster for the inter-monsoon season October-
November 2005.
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4.3 Monsoons cluster structure

Before proceeding to the study on the MJO-monsoon interaction it would be useful to un-
derstand how the clustered rainfall pattern of monsoon would look like. To answer this
question, we analyzed one summer monsoon period (2008), when MJO signal is weak al-
most all over the summer. By performing the same analysis as we did to capture MJO we
expect to find out the properties of the monsoon. On the figure 4.23 we can see both the
correlation matrix and cluster distribution for the active monsoon season of June-July 2008.

From these plots we can see, that amount of the elements in biggest monsoon clusters
and their general distribution is comparable to those of MJO.
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for June-July 2005
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Figure 4.24: Dynamics of the number of elements in the first biggest and second biggest
clusters for the summer monsoon 2005

4.4 MJO-Monsoon interaction

Let us finally investigate MJO-monsoon interaction. Knowing that MJO and monsoon have
the same magnitude of the rainfall signal, we decided to look at dynamics of the clusters
of different size. Three groups were created: clusters with 100 and more elements were
considered as big clusters and formed first group, clusters with 80 to 100 elements were
considered to be medium and formed second group, finally, clusters with less than 80 ele-
ments were considered small and formed third group. Started the study with three groups,
we later understood that only first two groups provide robust signal and can serve as a proxy.
The evolution of these groups is represented on the figure 4.24.

It is interesting to notice that the behavior of two plots is very different - while medium
sized group is losing and gaining members all the time, large sized group shows rather stable
dynamics with several peaks (we will examine their nature later). This is going in agreement
with the trajectories of the centers of mass: while second and third biggest clusters paved
winding paths, biggest trajectory of the biggest cluster followed the trajectory of the MJO.

There are two moments on the graph which did draw our attention: around 30 June
and 9 September. Amount of clusters with more than 100 elements is suddenly dropping
and naturally increasing the number of smaller clusters. One more event, when amount of
smaller clusters is raising occur around 5 August, however during this time at least one big
cluster is present. To explain this we will compare it with the RMM signal.

On the figure 4.25 sum of RMM1 and RMM?2 is plotted. According to the graph, during
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Figure 4.25: Sum of two RMMs for summer monsoon 2005

the summer monsoon season of the 2005 there were three moments when MJO was espe-
cially strong: around 30 June, 5 August and 9 September. Peaks span over several days,
however there is a strong similarity between RMM signal and rainfall clusters dynamics
described right before. For more detailed picture, we plotted phase diagram of the RMM
signal (Fig. 4.26). Now we can also see not only when, but also where MJO was particularly
active: eastern coast of Africa during the end of June, Western Pacific during August and
over Maritime continent during September.

After comparison with the RMM signals we can say that we captured several features
of the MJO dynamics during this monsoon season. Presence of the big rainfall patterns is
disturbed during active phases of the MJO, when these big clusters disintegrate into several
smaller ones and assemble back once MJO is gone. So far, we discussed the impact of MJO
to the results on the figure 4.24 by comparing them with the RMM signal, however as we
found before clustering pattern of the monsoon is very similar and to study its contribution

we will take a look at the monsoon indices.

4.4.1 Comparison with monsoon indices

As a benchmark for monsoon signal we have chosen Asian monsoon monitoring indices
based on area averaged vertical zonal wind shear (Fig. 4.27) [181] and OLR (Fig. 4.28)
[165]. These products are useful in monitoring the strength and expansion of the summer

monsoon. Equatorial zonal wind index is defined as area-averaged zonal wind anomalies
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Figure 4.26: Phase portrait for RMM signal for summer monsoon 2005. Trajectory of the
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92 Dynamics of the Tropical Atmosphere. Madden Julian Oscillation.

40°N
30'N X
20°N -
10°N

o b
10°S -
20°S

40'E  60°E  80°E  100'E 120°E  140°E

Figure 4.27: The area enclosed by the pink line indicates the area for the wind-based index

normalized by its standard deviations. OLR index is defined as area-averaged OLR anomaly
with reverse sign, normalized by its standard deviations. Positive (negative) values of the
OLR index indicate enhanced (suppressed) convective activity. The same initial data-sets
for the OLR and zonal wind are used as previously for the RMM calculation.

On the figures 4.29 and 4.30 the signals of the wind-based and OLR-based monsoon
indices are plotted for the summer monsoon and two inter-monsoon seasons of 2005. It
is interesting to notice that both monsoon indices are showing very similar variations with
the RMM. Peaks in the end of June, beginning of August and beginning of September are
present. Such a good agreement could be explained through the high similarity between the
rainfall patterns and their mutual influence. Considering all the above we believe that the re-
sults obtained from the clustering technique provide considerable insight into the dynamics

of the MJO and its interaction with the summer monsoon.
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Figure 4.30: Asian monsoon index (OLR-based) for April-October 2005. The thick and thin
green lines indicate seven-day running mean and daily mean values, respectively.






Chapter 5
Conclusion & Discussion

Learning is one of the most wonderful abilities, manifestation of intelligence. We, humans,
not only have capability to learn more than other animals but also to create algorithms
that will help us with wide range of problems. Machine learning techniques are aimed not
only mimic human-like behavior but also to extend our learning abilities using computers.
In this work we used multivariate statistical methods and machine learning techniques to
reveal hidden patterns and connection within different data-set. Although all these methods
have certain limitations, such as certain dependence on linkage criteria or problem with
hierarchical structure: nature of the analysis means that early ‘bad judgements’ cannot be
rectified, we combined and improved them in a way that allowed us to obtain valuable

results.

Protein folding problem

We started with the protein folding problem. Our goal was to understand protein folding
mechanism from the statistical point of view. We worked with two simulation data-sets:
penta-alanine protein in water with low and high resolution (produced by our collaborator
Assistant Professor Mu Yaguang) and three polyalanine peptides, Q, K and D, that eventu-
ally folded into o-helices (given by Assistant. Professor Zhang Dawei).

In the beginning we started to work with the dendrograms that we produced based on
a low resolution data. We classified the complete-linkage dendrograms constructed from
the correlation matrices visually and found from that the dendrograms they into three cat-
egories: (a) only two major clusters, (b) between three to four clusters, and (c) more than
four clusters. While this could be done when the number of dendrograms to be consid-
ered is small, a more automatic procedure was desirable for a more systematic study of

the molecule folding mechanism. Since low resolution data could not provide enough data-
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points for detailed study, we then proceed to the high-resolution study of the same molecule.
There we discovered that some interesting insights could be obtained by studying From the
time evolution plot of the thresholds identified critical events at 1,250, 2,500, and 4,750 ns.,
indicating the formations of robust, strongly-correlated clusters. This might correspond to
the folding of the protein. Later we supported this finding by clustering dendrograms ob-
tained from the molecule’s analysis. Indeed, three time the structure of the molecule was
cardinally changed. To identify precursors of the possible folding events we studied the evo-
lution of the molecule. It was then found out that the precursor atoms (3-C and O atoms) are
positioned in the middle of the molecule which supported our findings again. Finally, we
build a minimal spanning tree graphs only to see that the MST topology is identical to the
structure of the protein, indicating that the strongest-correlating pairs are simply the pairs of
atoms with structural bonds.

The study in the second part of the chapter we again started with the clustering anal-
ysis. Automatical analysis of the dendrograms helped us identify several moments with
sharp transition in structure of the molecules Q and K. Since we did not reveal enough de-
tails about the nature of the processes in that molecule we decided to work with another
attribute: dihedral angles. From the pairwise correlation of them we understood that the
transition in structure indeed takes place after approximately 1 ns for the Q molecule and
after approximately 6 ns for the K molecule. After that we used the minimal spanning tree
graphs again to learn more about connections between the pairs of the correlation time se-
ries. From the tree structure it could be seen that the pairs that are both strong positively and
negatively correlated are tend to be linked together and for proteins Q and K positively cor-
related pairs for the majority. In contrast, in D molecule negatively and positively correlated
pairs are equally distribute.

In this part we successfully identified folding events and the precursors by using different
techniques. The findings are in agreement with the results of Dawei [147], who was also
closely exploring this date-set. Additionally, I would like to express my gratitude to Jeremy

Hadidjojo and Chua Khi Pin - our discussions helped this study.

Dynamics of the tropical atmosphere

In this part we were exploring the dynamics of the tropical atmosphere through the prism
of the one of the most interesting intraseasonal phenomena: Madden Julian Oscillation. It
has coupled features of tropical deep convection and atmospheric circulation and is usually
tracked by several parameters: near-equatorially averaged 850 hPa zonal wind, 200 hPa
zonal wind, outgoing long-wave radiation (OLR) etc. However, in our study of MJO we

used rainfall as a proxy for two reasons: enhanced or suppressed tropical rainfall is one of
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the main characteristics of MJO and very consistent and reliable satellite-observed rainfall
database TRMM.

We started with the analysis of the data-sets that are spanning the time when other at-
mospheric phenomena are neutral. By using correlation and clustering analysis we were
able to identify MJO signal. We also noticed interesting distribution in rainfall cluster sizes
with and without MJO. To explore this regularity we calculated and plotted the RMM in-
dex for the MJO, which is based on wand and OLR data. This gave us the understanding
that changes in cluster distribution at least during the neutral seasons are indeed resembling
evolution of the MJO and are in a good agreement with the classic RMM index.

Our next interest was lying in interaction of Madden Julian Oscillation and Monsoons.
From cluster analysis we saw that the magnitude of the monsoon rainfall clusters is com-
parable to those of MJO. Our next step was to explore the behavior of clusters during the
monsoon seasons and by this explore the interaction of two atmospheric phenomena. We
showed that cluster structure represents MJO and monsoon indices, even though they are
based on different variables. Finally, from the clustering analysis of the cluster matrices we
obtain a picture that shows us that there are two regimes: time periods without strong MJO
when monsoon is smooth and active MJO periods when level of dissimilarity between two
circulations. These results are in agreement with other works that are stating that strong
MJO activity may influence “active” and “break” monsoon rainfall regimes [163, 178].

Many questions remain unanswered and one of the promising future direction in this
study is detailed geographical distribution of the clusters. Among others, we plan to examine
in the future interaction between clusters by tracking the list of the elements in a certain
cluster, fluctuations of the center of mass, variations in the area, associated with one cluster
- we believe that this approaches may help us to understand the dynamics of the tropical

atmosphere better.

Contribution and publications

In this thesis we have shown the benefit of multivariate statistical methods and machine
learning techniques for studies of the protein dynamics and atmospheric dynamics. We have
also provided some insights in our case studies that might have immediate applications: we
investigated several proteins and their folding precursors are now identified, which might
be used in the protein data bank. However, to get more fundamental understanding of the
folding process more molecules have to studied. Problem of the protein folding has not been
solved yet theoretically, but probably numerical solutions will change the game. Combina-
tion of the proposed multivariate statistical methods with more advanced machine learning

techniques as artificial neural network might give very good results in this direction. The
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same is foreseen for the MJO studies. This relatively new phenomena is not yet described
theoretically. Building such theory on the outcome of our empirical analyses a thorough
theoretical investigation is desirable. In the mean time, proposed rainfall identification and
tracking system may be used to construct better numerical model of the phenomenon.

Main papers produced during the course of this thesis are the following:

* Mikhail FILIPPOV. Protein folding and transformations: insights form clustering
techniques. International Conference on Computational Science (2011). In this con-
ference paper first results of the protein study were presented. Low and high resolu-

tion studies were discussed.

* Mikhail FILIPPOV. Understanding Protein Folding Mechanisms: Machine Learn-
ing Study. The Institute of Physics Singapore Meeting (2015). In this conference
paper results on three proteins study were discussed. Identification of the folding
events and the precursors was presented with evidence from clustering techniques,

MST and segmentation.

* Mikhail FILIPPOV, Khipin CHUA, Jeremy HADIDJOJO, Jiali SHAO, Chong
Eu LEE, Yuguang MU, Dawei ZHANG, Lock Yue CHEW, San Keong LAI, and
Siew Ann CHEONG. Universal Correlational Fingerprints and Precursors for Protein
Folding Into Alpha-Helices (in preparation).

» Mikhail FILIPPOV, Siew Ann CHEONG, Tieh-Yong KOH. Slow variables in trop-
ical atmospheric dynamics. (in preparation).

Apart from the mentioned papers several presentations were made on the seminars in Nanyang

Technological University and Ecole Polytechnique.
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