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ABSTRACT

Proteins are very complex and important molecules that carry out a wide range of
functions essential to life. The role of any given protein within a cell is heavily determined
by its structure, which is recognized as a valuable resource of information when studying
proteins. In applications such protein docking or phylogenetics, there is the need to
compare such structures in order to obtain relevant information about the proteins that
are being considered. As such, there is also a need to specify a some kind of measure that
is able to indicate if two protein structures are similar or not. Currently, there are a few
different measures that can be used for this task, however, due to the inherent complexity
of protein structures it is very hard for a measure to take into account the numerous
possible variations and perfectly quantify the dissimilarity among them.

Considering this issue, with this work we aim to use clustering algorithms and exper-
iment with different structure similarity measures, in an attempt to find effective ways of
grouping protein structures with the goal of obtain useful information that can be used

in the previously mentioned applications.

Keywords: Proteins, Machine learning, Unsupervised learning, Clustering, Protein struc-

tures, Structural similarity measures
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REsumMmo

As proteinas sao moléculas de alta importancia e complexidade que desempenham
uma grande diversidade de fungdes essenciais a vida. O papel de uma dada proteina den-
tro de uma célula é fortemente influenciado pela sua estrutura, que é reconhecida como
um valioso recurso de informagao no estudo de proteinas. Em aplicagoes como o docking
ou a analise filogenética de proteinas, ha uma necessidade de comparar tais estruturas de
forma a obter informacgao relevante sobre as proteinas que estamos a considerar. Como
tal, também ha a necessidade de especificar uma medida que seja capaz de indicar se duas
estruturas de proteinas sao ou nao semelhantes. Atualmente, ha medidas diferentes que
podem ser usadas para esta tarefa, no entanto, devido a inerente complexidade das estru-
turas de proteinas é muito dificil para uma medida ter em conta as numerosas variagdes
possiveis e quantificar perfeitamente as diferencas entre elas.

Tendo estes problemas em consideracao, neste trabalho vamos usar algoritmos de
clustering e experimentar diferentes medidas de semelhanga, numa tentativa de encontrar
maneiras efetivas de agrupar estruturas de proteinas com o objectivo de obter informacao

atil, que possa ser usada nas aplicagoes mencionadas anteriormente.

Palavras-chave: Proteinas, Aprendizagem automatica, Aprendizagem nao-supervisionada,

Clustering, Medidas de semelhanca estrutural
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CHAPTER

INTRODUCTION

Proteins are large molecules with complex structures which carry out a wide range of
functions in organisms. They are essential to life due to their versatility since they can
act as antibodies, to help combat viruses and bacteria, they can take the enzymatic role
in order to increase the rate of chemical reactions in the body, they can aid in hormone
creation, in the transport of small molecules, etc.

There are a few factors which determine the function of a given protein, namely its
amino acid sequence and spatial conformation. Despite this, it is known that as time
passes sequences undergo mutations to its amino acids. As such, if enough time goes by,
a given sequence may become unrecognizable when comparing it to what it used to be.
Luckily, structures are not affected as heavily as sequences, which means that they tend to
be much more conserved during a protein’s evolution to the extent that they are a better
tool for understanding their functionality, interactions and relationships.

In applications such as the ones mentioned ahead [29], the value of protein structures

is recognized and used to obtain insightful information:

* Evolutionary analysis

It is possible to identify common ancestors using both sequence and structural com-
parisons. If the proteins to compare have a relatively short evolutionary distance
between each other, usually it is enough to compare the amino acid chains of both
proteins to establish an ancestry relationship. The chains should be similar due to
the short amount of time that has passed, which means the amino acid sequence
shouldn’t be significantly altered. However, this method works under the assump-
tion that the changes to the sequences are minimal, which most likely will not
happen if the evolutionary distances are greater. In this case, the most appropriate
method is comparing the proteins by their three-dimensional structure which is

better preserved than sequence. This approach may identify similarities among
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proteins because even if the amino acid sequence is changed as time passes, there
will still be some elements with a layout similar to a previous state of the protein. In
practice however, most cases are more complicated and thus, require more complex

approaches which use combinations of both types of comparisons [5] [20].

* Docking

Another application where it is necessary to group and compare structures is pro-
tein docking [17]. This is an expression that is used to describe computational
methods that output predictions on how two proteins - a receptor and a ligand -
interact in order to form a molecular complex. The details of these processes are
beyond the scope of this work, but in short, protein docking is comprised of two
stages: search and scoring. The first stage is where we search through every spatial
arrangement of both molecules so we can obtain a set of those that might resemble
the true conformation of the complex. The scoring stage is where the generated
set is analyzed and ranked according to some function. Generated predictions can
also compared to measure their quality. Since both the predicted and target com-
plexes possess the same sequences, their sequence alignments are easy to perform
and should clearly identify the matching residues between the two complexes. On
the other hand however, structure comparisons pose a more difficult problem as a
consequence of the docking process providing us with several complexes that differ

in atom position, contact regions or probe orientation for instance.

* Predicting unknown functions

There are cases in which a newly discovered protein has an unknown function.
When this situation arises, we may try to infer it from other known ones. In other
words, when we know the three-dimensional structure of a protein but not its func-
tion, we can compare that structure to other proteins whose functions are known in
order to find the most similar pairs. If there are pairs with significant structural sim-
ilarities, then we can make a well informed prediction that the unknown function

is the same as the known one.

1.1 Challenges and objectives

As we can see, the previous applications require that comparisons are made between
protein structures in order to find groups of them that contain relevant information.
Despite the advantages of comparing protein structures, doing so is not an easy task since
structures are inherently complex and the differences among them are not uniform. Due
to this complexity, it is difficult to devise a perfect method to represent similarity that
is able to account for variations in atom positions, residue orientation, local mismatches

and long sequence lengths. Currently there are several methods of measuring similarities,

2
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some of which will be discussed in this document, and these can differ in aspects such as
the choice of atoms, used distance metrics and type of result.

One of the most common measures is the Root Mean Square Deviation (RMSD), which
is essentially the averaged distance between all pairs of matched residues. As a conse-
quence of being an average, RMSD comes with some shortcomings, namely its inability
to account for local variations and greater sequence lengths, which can have a negative
impact in its calculation and in turn, overstate the dissimilarity of the structures [30].
This was just an example, but we can see that if we are relying on a specific measure to
establish similarities and find groups within a protein structure dataset, it is very likely
that the weaknesses and strengths of that measure directly impact the quality of groups
formed.

Furthermore, once again due to structure complexity, some of the resources in this
field rely on manual classification of structures while grouping them. For instance, CATH
uses automated methods to classify proteins in the different levels of its hierarchy. In
most classifications this automation is enough, however there are cases in which they are
unable to identify the correct classification for a protein and as a consequence this task
must be performed manually [26].

In short, given the challenges and usefulness of comparing and grouping protein
structures, during the course of this work, a study was made using different combinations
of clustering algorithms and protein similarity measures, in order to obtain a method
that generally works well when clustering this type of data. Furthermore, the possibility
of improving the quality of the clusters by combining different similarity measures or by

applying non linear transformations was also explored.

1.2 The protein

The following subsections serve as a brief introductions to some of the core concepts of

proteins as well as their composition.

1.2.1 Amino acids

Proteins are formed by polypeptides, which are in turn amino acid chains. These have
three main components: an amine group (-NH2), a carboxyl group (-COOH) and a side
chain connected to the alpha carbon (central carbon of an amino acid). This chain is what
differentiates and identifies the 20 existing amino acids, due to being the only element
which varies among them. Considering the described format, peptides have two terminal
zones in their chains, one with the amine group and the other with the carboxyl group,
also known as N-terminal and C-terminal respectively. Thus, all protein molecules are
polymers assembled from combinations of 20 different amino acids connected through
peptide bonds [4]. In Figure 1.1 we can see an example of a basic structure of an amino

acid and several of them connected forming a chain.

3
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Figure 1.1: The amino acid

1.2.2 Structure

Proteins are very complex molecules whose function is determined by its structure. In

order to help understand it, we generally describe protein structure in four levels:

* Primary structure: linear amino acid sequence with peptide bonds;
* Secondary structure: local folded structures, such as the a-helix and the p-sheet;
* Tertiary structure: the three-dimensional structure of the protein;

* Quaternary structure: some proteins are composed by several polypeptide chains,
known as subunits. The interaction between subunits gives the protein its quater-

nary structure.

It is worth mentioning that primary structures, i.e. sequences are more volatile during
the course of its evolution since they must adapt in order for them to continue carrying on
their roles, whereas the tertiary structure is better conserved throughout these processes.
This makes it so that structural conformation has an increased relevancy when it comes
to analyzing proteins.

Within proteins, we can also find domains which are considered to be independent
regions in the proteins, often viewed as compact and spatially distinct units with func-
tionalities that usually help the overall protein carry out its function. It is important to

mention that similar domains can be found in proteins with different functionalities [43].

1.2.3 Homology

Proteins change in order to continue carrying on their functions, which means that the
ones present in organisms nowadays are the result of a long and continuous evolutionary
process. Through this we can define the term homology, which in the protein context,
means that two proteins share a common ancestor. Finding homology is useful because
we may be able to infer unknown information of a given protein through an homologous
one.

In order to determine if two proteins are homologous or not, we can analyze both their

primary and tertiary structures in an attempt to find corresponding residues. Usually,

4
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we can start by checking the primary structures to see if there are identical amino acid
residues in a significant number of sequential positions throughout the amino acid chain.
Generally, to establish sequence homology, around 30% of sequence identity must be
found. If this percentage falls below this value we are required to further analyze the
tertiary structures which are better preserved than sequences [40].

The concept of homology is a very broad one, which refers to the different evolutionary
relationships among proteins. However, different types of homology are encapsulated

within the term:

* Orthology: proteins that evolved from a common ancestral protein through a speti-

ation event. They are essentially the same protein, only in different species.

* Paralogy: proteins that are related through a common ancestor through duplication
events. Usually, these are proteins that evolved from a common ancestor to have

different functions.

* Xenology: describes the relationship of two given proteins whose history involves

at least one occurrence of horizontal transfer of at least one of them.

These are some of the main categories of homology, however, there are a few others,

namely: ohnology, homoeology and gametology.






CHAPTER

STATE OF THE ART

In this chapter we will briefly describe some of the available methods to measure protein
structure similarity and provide the state of the art regarding clustering and protein

alignment algorithms.

2.1 Protein comparisons

As previously mentioned, there are several uses for protein comparisons and these are
made through either structural or sequential alignments. The former focuses on tertiary
structures and the latter on primary structures. Despite these differences, their goals
are very similar, which is to provide equivalences between residues so we can measure
something that can be used to assess if two proteins are similar or not.

There are various scenarios we can come across while comparing two given proteins:

* The proteins are similar in sequence and in structure: this suggests that the two pro-
teins are homologous. Since they are similar both in sequence and structure, we can
infer that they share a common ancestor and that they have the same functionalities.
This scenario usually occurs when we try to group proteins with low evolutionary

distances for instance.

* The proteins are not similar both in sequence and structure: this case is most com-
mon when grouping proteins with high evolutionary distances. However, since
there is nothing similar, it is hard to find any corresponding regions, which will
result in the comparison between these two to generate vastly different similarity

measures.

* The proteins are similar in sequence but not in structure: when studying structure

prediction algorithms (docking) we may face this situation, specifically when the

7
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predicted complex has a different structure from the target.

* The proteins are not similar in sequence but are in structure: once again, this case
may appear when grouping proteins with higher evolutionary distances. As time
passes, sequences become more prone to mutations whereas structure tends to be

preserved.

Furthermore, the use of protein comparison techniques is subject to the available
information about the proteins we want to compare. We can expect two different scenarios
for this work. In the first one, we have information regarding both sequence and structure,
which means we can start by aligning sequences in order to find correspondences between
the amino acids and only then do we proceed to the structural alignment. The second
case, is when both sequences are different to the point that an alignment between them
is not possible. In this case, the structural alignment is the main resource of information.

In the subsections ahead we will se how these alignments through sequence and

structure work, as well as provide examples of a few algorithms.

2.1.1 Sequence alignment

To reiterate, sequence alignment is the process of arranging protein chains and looking
at the present amino acids in order to identify common regions or similarities among
proteins. Usually, these processes provide us with a set of matches between the amino

acids from two given proteins, as can be seen in Figure 2.1.

1:A 20:A 42:A 68:A
A A .
WLSPADKTNVKAAWGKY GAHAGEYGAEALERMFLSFPTTKTYFPHFDL - - - -~ - SHGSAQVKGHGKKVAD
TR NN T [RTAT
HLTPEEKSAVTALMWGKY - - NVDEVGGEALGRLLVVYPWTQRFFESFGD LS T PDAVMGNPKVK AHGKKVLG
[ [ S [

2:B 20:8 40:8 60:8

80:A 108:A 120:4
0. 0. o
ALTMAVAHYDDMPNALSALSDLHAHKLRVDPYNFKLLSHCLLVTLAAHLPAEFTPAVHASLDKFLASYST
[ N ey W Ay I I ey e W o 0 R e Y P
AFSDGLAHLDNMLKGTFATLSELHCDKLHVDPENFRLLGNYLVCYLAHHFGKEF TPPVQAAYQKVVAGVAN

80:8 100:B 120:B

140:A

VLTSKYR
el
ALAHKYH
|

14@:6

Figure 2.1: Example of a sequence alignment between 4HHB.A and 4HHB.B

There are two types of sequence alignments: global and local. In the first type of
alignment, the goal is to find the best score from alignments of entire lengths of sequences.
It is most common and best used when comparing full sequences of similar lengths. The
second type, local, seeks the best score from partial sequences and works best when we
want to compare a shorter sequence to a larger one or a partial sequence to a whole

sequence.
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As an example of how sequence alignment works, let us focus on the first ones to
be introduced for local and global alignment. These have served as the base for others
and are still used to this day to align sequences. To describe them, let us consider two
protein sequences A = ay,...,a, and B = by,...,b,, and a substitution matrix s(a,, b,,) which
provides scores for comparisons between residues 4, and b,,. These matrices can be
simple ones, which attribute 1 or -1 scores in cases of matches or mismatches, or, we
can use matrices that have been constructed based on statistical studies to be applied to
particular scenarios. The most common ones being PAM (Point Accepted Mutation) [8]
and BLOSUM (Blocks Substitution Matrix) [18]. Gaps of length k and [ are given weight
Wy and W), respectively. In order to find pairwise similarities, a scoring matrix H is used.

2.1.1.1 Needleman-Wunsch

For global alignment, the Needleman-Wunsch [36] algorithm is used.

1. Initialization: set the values of the first row and column of H according to the

chosen gap penalty.

2. Matrix filling:

H;_1,j-1+s(a;, b)),
Hjj=max{H;; - W,
Hiy;-W

3. Traceback: starting at the bottom right corner of the matrix, we wish to make our

way into the top left corner while maximizing the score.

2.1.1.2 Smith-Waterman

For local alignment, the Smith-Waterman [51] algorithm is used.

1. Initialization: set the values of the first row and column of H to zero.

2. Matrix filling:

H; 1,1 +5s(a;, b)),
MaXk>1 {Hi—k,j - Wk}:
Maxy>1 {Hi,j—l - Wl}:
0

Hj ;= max

3. Traceback: starting at the highest score position of matrix H, we wish to find the

path that maximizes the score and finishes in a position with value zero.

9
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With this expression we cover the cases in which a; and b; are associated, a; or b; are
at the end of deletions of length k or I respectively, and it also prevents the calculation of

negative similarity by including a zero in such cases.

2.1.2 Structure alignment

When comparing two given protein structures, we can usually identify three main stages.
Firstly, we search both protein structures in an attempt to detect similarities among them.
The second stage, consists of aligning the structures based on the found similarities. Es-
sentially, the structure alignment process corresponds to finding the parts of one protein
that best match on the other one. Lastly, the third stage is all about evaluating the align-
ment process, usually through some metric or score that allows us to conclude if the
proteins are similar or not. The figure below (2.2) shows us an example of the result of a

structural alignment.

Figure 2.2: Example of a structure alignment between 4HHB.A and 4HHB.B

To date, there are many comparison methods that use information regarding the
3-D conformation of proteins. We can split these methods in a few categories. There
are approaches that break protein structures into smaller units and then analyze the
relationships between these units to determine the similarity of two structures. Some
examples that fit this category are: RAPIDO [33], VAST [16], MASS [10], SSM [28] and
DALI [21]. Another possible approach that FAST [63] and SABERTOOTH [53] explore, is
obtaining a structural alignment based on pairwise residue distances. Furthermore, there
are also multiple structural alignment methods such as: CBA [12], POSA [58], MultiProt
(48], MALECON [37] and MUSTANG [27].

In the following subsections, some of the algorithms that are implemented by the
available tools will be briefly described in order to provide a better idea of how they

work.

10
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2.1.2.1 Superposition based on Kabsch’s algorithm

This algorithm allows us to compare two proteins by directly superimposing the struc-
tures [25]. It uses linear and vector algebra in order to find the best rotation and transla-
tion of two structures while minimizing RMSD. It requires a previous alignment between
proteins so that we are able to measure the distance for each matched pair. An implemen-
tation of this algorithm can be found in the PyMol software [9].

The steps of the algorithm have a fairly complex mathematical component, which is

more thoroughly explained in [5], but its base steps, considering proteins P and Q, are:
1. Determine the subsequences of alpha carbons to be used in the 3-D alignment:

M(P) = (p(al)’p(al)) “.,p(aN))

M(Q) = (q(lgl), q(ﬂz); . q(ﬂN))

2. Calculate centroids p'®) and g'°). If the atoms in the alignment do not have the same

atomic weight, we can use the center of mass.

3. Translate all the atoms to the origin of the coordinate system, so that the centroids
of M(P) and M(Q) coincide. We are then working with x!) and y!) coordinate sets.

4. Calculate the covariance matrix C, given by:

then proceed to compute its singular-value decomposition (SVD). This process

allows us to express matrix C as a product of matrices, C = USVT.
5. Compute the rotation matrix R=UVT,

6. Verify if det(R) = 1. If this determinant is negative, then we must redefine the
rotation matrix to be R = Udiag(1,1,-1)V7T.

7. Apply the rotation matrix to the x{) coordinates.

After we apply the rotation matrix to the x(!) coordinates we are able to determine
the squared distance from each x(*) to its corresponding p") point. Following this, we can
now perform some calculation using metrics and scores such as the RMSD.

Through this result, we can now evaluate how good the superposition is and in turn,

if the two structures are similar or not.

11
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2.1.2.2 Sequential Structure Alignment Program

The SSAP [38] algorithm proposes a different approach that does not require explicit
superposition of the two structures. Instead, it focuses on the geometric relationships
within proteins and uses them to make the necessary alignment. The concept of this
algorithm is that it produces a structural alignment by constructing an alternative view
for each of the protein structures, which is essentially the calculated inter-residue dis-
tance vectors between each residue. Once the vectors and their respective matrices are
calculated, the algorithm calculates several new matrices that represent the differences
between vectors. Then, it uses a dynamic programming approach on them to determine
the optimal local alignments, which are then summed into yet another different matrix.
Finally, by using dynamic programming again on the resulting matrix, we are given the
overall alignment of the structures.

Currently, the CATH database [50] provides a tool for applying the SSAP algorithm
to protein data.

A more detailed version of the SSAP algorithm steps is described below:

1. For the first step of the algorithm, we need to provide the spatial coordinates of
the atoms belonging to the proteins to compare. Furthermore, we must also specify
an equivalence set, which is composed by the atoms considered for the alignment.
Usually, the alpha carbons are chosen for this. The sequence of coordinates for the

alpha carbon atoms in proteins P and Q is represented by:

S T

2. In the next step we describe the structural environment, also known as views, of
each residue. Views are the set of vectors from each alpha carbon atom to the alpha
carbon atoms of other residues in the same protein. The formal representation of

the view of atom p{?) is

P!
)

where p"") designates the vector with origin at p(!) and terminus at p(").

3. After the views are obtained, the consensus matrix follows. Using dynamic pro-
gramming, we fill the matrix with values representing the similarity of the vectorial

views.

4. Lastly, we want to determine the best path to go through the consensus matrix. The
result of this process is an alignment that provides us with an equivalence set for

the various segments of P and Q that are presumed to have structural similarity.

12
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2.1.2.3 TM-Align

One of the most standard algorithms for these types of alignments is TM-Align [62]. Most
times it is applied to alpha-Carbons but the algorithms’ steps may be extended to other
atoms of the structures. This algorithm uses an iterative heuristic process to optimize
the end result. It has a complex mathematical component that it is best explained in the
original paper, but a brief explanation of its main steps is provided below.

We start off by obtaining 3 different types of alignments:

1. Alignment of the secondary structures using dynamic programming in the score
matrix which contains 1 or 0 values depending if the paired elements are identical
or not, respectively. Furthermore, the classification of the secondary structures for
a given pair of residues is assigned at this stage, taking into consideration the 5

neighboring residues.

2. The second type of initial alignment consists of a gapless matching two structures.
In order to facilitate this, the smaller of the two structures is aligned against the
larger one and the selected alignment is the one that generate the lowest TM-score

(described in the next section).

3. The final type is obtained by also using dynamic programming, but this time it uses
a gap penalty of -1 and the score matrix is the secondary structure score matrix

combined with the distance score matrix selected in the previous type of alignment.

Having obtained these different alignments, they are now submitted to an heuristic
iterative algorithm that finds the best alignment for the two structures. This procedure
begins by rotating the structures in accordance with the rotation matrices obtained in the
initial alignments and this process is repeated until the alignment becomes stable.

2.1.2.4 MAMMOTH

Matching molecular models obtained from theory (MAMMOTH) [39] is another algo-
rithm available to compute structural alignments and is the one implemented in the
MaxCluster software which was used for this work and will be described further ahead
in this document.

Once again, the algorithm has a heavy mathematical component and its steps are
better described in the original article, but a brief description is provided below. Much
like other structure alignment algorithms, MAMMOTH uses an heuristic approach in
order to reduce its complexity, that is split into 4 steps:

1. Start by computing the unit vectors root mean square (URMS) in the direction
from C, to C,,; for each backbone chain and then shift the resulting vectors to the

origin. Following this, it is now possible to calculate the URMS distance between

13
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the two protein segments by computing the rotation matrix that minimizes the sum

of square distance between corresponding unit vectors.

2. Use the obtained matrix in the previous step to find an alignment that maximizes the
local similarity between the structures. For this task, there is the need to calculate
a similarity score, which in this case is the expected minimum URMS distance
between two random sets of unit vectors. Through several of these calculations it is
now possible to fill a similarity matrix S, to which dynamic programming is applied

in order to build a local alignment.

3. Next, we find the maximum subset of similar local structures whose distance falls

under a given cutoff.

4. Finally, calculate the probability of obtaining the given proportion of aligned residues.

2.1.2.5 Combinatorial Extension

One other method of obtaining a structural alignment is using CE of an alignment path
defined by Aligned Fragment Pairs (AFP). In this algorithm we define an AFP as two
continuous segments (one from each structure) of the same size, aligned against each
other. In short, the algorithm breaks the structures into AFP, then it builds an alignment
path by adding AFP until there are none left, or the remaining ones do not satisfy a set of
requirements.

Currently, there is an available web server called jCE, provided by the PDB [3], which
is able to provide us with structural alignments using the CE algorithm.

Below, there is a more detailed explanation of the original algorithm described in [49].

Given two proteins A and B of length #4 and n®, we define the alignment path by the
longest continuous path P of AFP of size m in a similarity matrix S, which represents all
the possible AFP that conform to the criteria for structure similarity.

The algorithm has three main steps:
1. Select an initial AFP
2. Extend the alignment path by adding AFP in accordance with a set of restrictions

3. Repeat the second step until we have gone through the length of each protein or

until there are no more good AFP.

When extending the path we must take into consideration that for every two consecu-
tive AFP i and i + 1 in the alignment path, at least one of the following conditions must
hold: there may be some gaps inserted in A or B, but not in both.

The decision of whether or not to extend the alignment path is decided according the

following criteria:
1. single AFP: D,,, < D
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2. AFP against the path: - Y"1 <D,
3. whole path: % Yio Z?:o D;; <Dy

Where Dy and D, represent specified cut-off distances.
Given this, we must also use an heuristic to measure AFP distances and the following

can be used:

1. Distance calculated using an independent set of inter-residue distances, where each

of them participates only once in the selected distance set.

2. Distance calculated using a full set of inter-residue distances, where all possible

distances except those for neighboring residues are evaluated:
3. Choose the one that generates the superposition with the lowest RMSD.

By following the steps we end up with a path built with AFP which can then be used
to evaluate the structural similarity between the structures.

2.2 Measuring similarities

In order to evaluate how good a given comparison between two structures is, we require
some metric or score that we can use to assess this. Below, we can find more detailed

descriptions of the scores that were studied during the course of this work.

2.2.1 Root Mean Square Deviation

RMSD is one of the simplest ways to evaluate the similarity of a comparison of structures.

It is calculated by:

where the average is calculated over the # pairs of matched atoms and 4; is the distance
between the atoms in the i-th pair. This calculation can be applied for any subset of atoms,
such as the most common a-Carbons of whole proteins or specific subsets.

Generally, we can interpret the result as:
o If the value is zero, or close to zero A, it means the proteins are identical;
« If it ranges from 1A  to 3A, they are very similar;

* Finally, if it is greater than 3A, we consider that the proteins have little to no simi-

larity.
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The main issues of RMSD come from its inability to account for the variation of atom
positions and sequence lengths. When these situations arise they may inflate the RMSD
value for a comparison and thus, lead us to withdraw misleading conclusions. Besides this,
RMSD significance may vary with protein length which means that the best alignment
for two given proteins may not be the one that generates the lowest RMSD.

2.2.2 Global Distance Test - Total Score

An alternative to using RMSD, is the more efficient GDT-TS [59]. With this measure, we
obtain the number of a-Carbon pairs whose distances do not exceed the given threshold.
Starting with an initial set of paired atoms between two structures, the GDT-TS pro-

cedure is as follows:
1. Calculate a superposition for the set of atoms.
2. Identify pairs whose distances exceed a given distance cutoff.
3. Calculate a new superposition without the identified pairs.

4. Repeat steps 2 and 3 until the set of atoms remains the same for two consecutive

iterations.

Usually, the GDT-TS score for two structures is calculated as an average of calculations

with different distance cutoffs [42]. For instance:

maxCy + maxC, + maxCy + maxCg
4

GDT-TS =

where the maxC, notation designates the maximum number of atom pairs under a
distance cutoff of x A. When computing a GDT score between two unrelated structures,
we can usually expect a similarity value ranging from 10A to 20A, whereas the values

for related structures are much higher. [19]

2.2.3 Global Distance Test - High Accuracy

As the name indicates, the GDT-HA is very similar to the GDT-TS, however the first one
uses lower RMSD cutoffs in order to be more restrictive on what it considers to be two

similar structures and to give a larger impact to local matches among them. It is given

by:

maxCq 5 + maxCq + maxCy + maxCy
4

GDT-HA =
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2.2.4 Template Modeling Score

Another measure of similarity between two protein structures is the TM-score [61]. It
was designed in order to handle two recurring problems of these kinds of metrics: the
high sensibility to local variations by other metrics and the difficulty of interpreting the
magnitude of the results. It solves these by taking into account the number of matching
residues in both proteins and by scaling the result in order for it to range from 0 to 1,
respectively. We calculate the TM-score by:

Lai 1

dZ

TM —score = —
O e A
i=1 dg

where L is the length of the protein we are comparing, L,; is the number of the
equivalent residues in the two proteins and finally, d; is the distance of the i-th pair of

the equivalent residues between two structures and d, is given by:
dy=VL-15-1.8

2.2.5 MaxSub

Short for Maximum Subset (MaxSub), this measure is a variation of the TM-score. The

only difference between them is in the d) variable, which is set to:

do - 35

Since these share a great deal of similarity, they both tackle the same issues, however

they produce different results.

2.3 Machine learning

Machine learning [31] [1]is a field of artificial intelligence, which can be applied to a wide
range of problems, including speech, image and pattern recognition for instance. Machine
learning aims to program our computers in a way that allows them to be able to learn
with experience, either gained previous to, or during runtime and use it to automatically
improve performance. Due to the vast application range, there isn’t a particular solution
that can be used to solve any problem we come across. There are two major categories in
machine learning, each one best suited for a particular kind of task, they are supervised
and unsupervised learning.

Supervised learning is used when we have labeled data and we want to sort or classify
each entry in our dataset. Furthermore, it can even be used to make predictions for new
entries in our dataset. It is called supervised because there is available labeled data that

can be analyzed in order to improve our results. In other words, we can say the program
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is learning from past experience and using it to achieve better results when applied to

new data.

Unsupervised learning is used in the opposite case, in which there is no labeled data
to analyze. So, instead of learning from previous experience, it focuses on analyzing the
dataset and providing a better understanding and insight into our data in an attempt to
find patterns, regularities, outliers and correlations among our input data.

For this work in particular we are trying to find similarities among proteins through
their structures, but, even though the available datasets may contain the correct labellings
for each structure, this information is not being used in the learning process, only to
access its performance. Therefore, we are essentially working with unlabeled data and

consequently, unsupervised learning.

2.3.1 Clustering algorithms

Clustering is a form of unsupervised learning which aims to group elements in different
clusters. Each cluster is defined by a set of elements which maximize a given similar-
ity measure among members of the same cluster, while minimizing that same measure
relative to members of other clusters.

Regarding cluster membership, it can be one of three types: exclusive, overlapping or
fuzzy. Exclusive clustering dictates that each data point must belong to a single cluster.
Overlapping clustering allows points to be part of more than one cluster. Lastly, in fuzzy
clustering every point is a member of every cluster and that membership has a value that
ranges from 0 to 1.

The clustering process may also be complete, which requires that every data point
must belong to a cluster, or partial, which allows data points not to be assigned to any
cluster.

Furthermore, clustering algorithms may belong to different categories, each of which
affects how the data is processed and grouped. This causes different algorithms to produce
different clusters for the same dataset. So, in order to choose an algorithm, we must
first consider the kind of data we want to be processed, what kind of clusters we can
expect from it and both the advantages and disadvantages of the algorithms. In the
subsections ahead, some insight on the clustering categories will be provided, as well as

some instances of their algorithms.

2.3.1.1 Partitional clustering

This is one of the most popular and basic techniques for data clustering. In partitional
clustering, the dataset is processed with the usual goal of maximizing a measure of sim-

ilarity for members of the same clusters. During runtime, while the dataset is being
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clustered, the algorithms often reallocate data points to different clusters until conver-
gence is reached. The result of these algorithms is a division of the data points into
different non-overlapping clusters.

This type of clustering may be useful when predicting a protein’s function, since it
groups structures into non-overlapping clusters, we can expect that the protein whose
function we want to predict is inserted in a group composed by those with similar struc-
ture and thus, function.

k-means [1] is an example of this category of algorithms. It consists of dividing the
available data in k clusters, with k being specified by the user before the algorithm’s
execution. Each of these clusters is represented by the mean vector of the members of the
cluster, which is the prototype of that cluster. In prototype based clustering, we assign

each example to the closest prototype. The algorithm goes as follows:

1. We start with an initial set of k prototypes.
2. Update the clusters by assigning the closest members to them.
3. Calculate the mean vectors for each cluster with the new members.

4. Repeat steps 2 and 3 until some stopping criteria is reached or until the updates no

longer change the clusters.

To determine the initial set of prototypes there are a few applicable methods, such as
the Random Partition and Forgy methods. In the first case, each data point is assigned to
arandom cluster and from this attribution we calculate the initial centroid of each cluster.
The second method chooses k random examples to be centroids of the clusters.

k-Means has a disadvantage when compared to other algorithms, which is the need to
specify the k number of clusters before execution. This value needs to be chosen according
to the problem at hand and the available data. If it is too high or too small, the obtained
clusters may contain irrelevant information.

k-medoids is a similar algorithm to the one mentioned before since it accomplishes
the exact same task in a similar fashion. The differences between these two algorithms is
that k-medoids chooses its centroids from the actual data points, instead of mean points
and uses distance matrices as input. For this work in particular, such differences made it

an eligible algorithm for experimentation.

Affinity propagation

In an attempt to solve the inconveniences of having to specify the number of clusters
before runtime, the Affinity Propagation [15] algorithm was introduced. It solves this
problem by introducing a message passing concept between the data points. There are
two kinds of messages: availability and responsibility.

Responsibility messages are passed between data points and based on each of their

perspectives, indicate how suitable is it for others to become prototypes.

19



CHAPTER 2. STATE OF THE ART

Availability messages on the other hand, are sent by prototype candidates to all other
data points and indicate how adequate the candidate seems to be based on the support it
has for being a prototype.

For this algorithm, we need three components:

* A similarity matrix s, x, filled with coefficients which indicate how alike two ele-
ments are. In this matrix, si ; indicates the tendency that an elements has to become

a prototype.
* A responsibility matrix 7; .
* An availability matrix a; k.

In the first step of the algorithm, we initialize the availability with zeros, a(i, k) = 0.

Next up, responsibility is calculated using:
Tik < Six—max(a; g +Si k)
k'=k

Since in the first iteration, availabilities are set to zero, this matrix simply represents

similarity between i and k. To update the availabilities, the following equations are used:

j k(izk) < min| 0,1y + Vg%k}max(o, rirk)
i’eli,

apx < 2 max(0,rp k)
i'#k

In order to identify the element which best represent the clusters, at each iteration
we calculate for each element i, the element k" which maximizes the sum between the
responsibility and availability. If k¥’ = 7, that means i is a prototype of a cluster, otherwise,
i belongs to the cluster whose prototype is k’.

The algorithm can stop after a fixed number of iterations, after local decisions remains
constant during a few iterations, or if the exchanged messages fall below some threshold.

Despite being an appropriate algorithm for the task at hand, it ended up being ex-
cluded in the early stages of the experiments as a consequence of its complex parameter-
ization, which needed to be very specific for each sample if we wanted to obtain decent

results.

2.3.1.2 Hierarchical clustering

These algorithms build clusters by either merging smaller clusters or dividing bigger ones.
Such approaches are called divisive and agglomerative, respectively. Either way, their
goal is the same: to provide us a hierarchical view of the dataset. In the agglomerative
method, each entry of the dataset forms its own cluster and at each iteration, the two
most similar clusters are linked. This process is repeated until all the dataset is linked.

If we are using the divisive method, instead we start with a cluster that contains all the
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dataset and we divide it until we have single element clusters [23]. The result of either
agglomerative or divisive clustering tends to be a dendrogram or a tree shaped view that
displays the data hierarchy.
At each iteration of an agglomerative algorithm, which is the one used for this work,
we need to select the two closest groups to be merged, using some distance measure.
This algorithm is useful for this work since it will provide us the required views and
information to make an evolutionary study of proteins. Furthermore, it also is able to

cluster distance matrices, which is the form that our data takes.

2.3.1.3 Fuzzy clustering

Usually, clustering algorithms create partitions of our data on which each data point
belong to one and only one cluster. Instead of this, fuzzy clustering [23] assigns to each
data point a degree of membership to every cluster.

Fuzzy C-Means is an example of this type of algorithms. It is based on the minimiza-

tion of a criterion function, for instance:

N C
2
Jw=) ) ullllxi=cill

i=1 j=1
where m is the fuzzyness coefficient and is strictly greater than 1 and u;; is the degree
of membership of data point x; to cluster center c;.

Membership u;; and cluster centers c; are given by:

1
Ujj = —————
& yC llx;—c;I
k=1 ||Xf—Ck||
N m
L= Mt
C] N m
i=1 %jj

Considering k to be the iteration steps, the algorithm goes as follows:
1. Initialize the membership matrix, u; i

2. Calculate the center vectors, cj;

3. Update u;; for k and k + 1 iterations, with respect to c; values;

4. Check if the difference between u;; for k and k + 1 iterations falls bellow a given

threshold. If it does the algorithm stops, otherwise it returns to the second step.

In the protein’s context, fuzzy clustering may provide insightful information and
different groupings of predicted complexes. Since generated predictions may vary in
atom position or probe orientation for example, it may advantageous that complexes
belong to more than one cluster. However, since the experiments focused on SCOP data

this algorithm was ultimately ruled out. Specifically, in order to measure the performance
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of the clusterings, we need to compare it to an existing classification hence we require

that the memberships for each structure are either 1 or 0 and not some value in between.

2.3.1.4 Density-based clustering

In these approaches, clusters are formed based on higher density zones of the dataset
while other scattered elements may be considered noise.

DBSCAN: as described previously, there are a few issues with prototype-based clus-
tering algorithms: determining the number of clusters and the inability to consider rela-
tionships among points.

The Density-based spatial clustering of applications with noise (DBSCAN) [13] al-
gorithm introduces a different approach which deals with these problems. Through a
set of definitions applied during execution, the algorithm can filter out noise, establish

relations among data points and form clusters accordingly.

Definition 1: The Eps-neighborhood of a point p, denoted by Ng,4(p) is defined by
Ngps(p) = {q € D | dist(p,q) < Eps}.

* Definition 2: (directly density-reachable) A point p is directly density-reachable
from a point q with respect to Eps, MinPts if:

1. p € Ngys(p) and

2. | NEps(p) = MinPts | (core point condition)

* Definition 3: (density-reachable) A point p is density-reachable from a point q with
respect to Eps and MinPts if there is a chain of points py,...,p,, p1 = ¢,p» = p such
that p;,; is directly density-reachable from p;.

* Definition 4: (density-connected) A point p is density-connected to a point with
respect to Eps and MinPts if there is a point o such that both, p and q are density-
reachable from o with respect to Eps and MinPts.

* Definition 5: (cluster) Let D be a set of points. A cluster C with respect to Eps and

MinPts is a non-empty subset of D satisfying the following conditions:

1. Vp,qif p € C and q is density-reachable from with respect to Eps and MinPts,
then g € C. (Maximality)

2. Vp,q € C: p is density-connected to q with respect to Eps and MinPts. (Con-

nectivity)

* Definition 6: (noise) Let Cy,..., Cy be the clusters of the databases D with respect to
parameters Eps; and MinPts;,i=1,...,k. Then we define the noise as the set of points

in the database D not belonging to any cluster C;, i.e. noise=pe D |Vi:p ¢ C;.
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The algorithm starts by receiving the entire set of points as input and then it chooses
an random point that has not been visited yet. Afterwards, it fetches the neighborhood
of this point to be compared against MinPts. If the size of its neighborhood is lower than
MinPts, this point is labeled as noise, otherwise it is a core point and it forms a cluster to
which it joins its neighborhood. If there is a neighbor of this point which is also a core
point, the two clusters are merged. This process is repeated until all points are visited. It
is worth noting that a point which was labeled as noise in a given iteration can become
part of a cluster in further iterations.

This algorithm does in fact solve the issues of prototype-based clustering, however it
has its own flaws, as it is not very effective when the clusters have varying densities and
the dataset has high dimensionality.

Density-based clustering may aid in the detection of noise in protein docking com-
plexes and as such, remove structures that do not resemble the target complexes, but
despite its usefulness for other contexts it is not the most appropriate one to use with the
SCOP data. This is mostly due to its density concept, which will consider some structures

as noise and in turn affect the cluster evaluation since not all of them will be labeled.

2.3.1.5 BIRCH

The Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH) is an algo-
rithm meant for larger datasets because it uses an approach that attempts to summarize
the data without losing much information in the process. This is accomplished by using

Clustering Features (CF), each of which represents a sub cluster through a triple:

— —
CF=(N,LS,SS)

— —
where N is the number of data points in a cluster, LS is the linear sum and SS is the
square sum of the N data points, given by:

Furthermore, we can combine multiple CFs into one, by simply computing the sum
of each member of the triple.

As the name of the algorithm suggests, it uses hierarchies, which are established
through the CF tree that is in turn composed by the CFs that represent our sub clusters.

Such tree is composed by two types of nodes:

¢ Nonleaf nodes

These nodes contain a maximum of B entries, each of which contains a triple and a

pointer to the CFs that compose it.
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e Leaf nodes

These nodes contain a maximum of L entries, each of which contains a set of CF

triples as well as pointers to both the previous and next node.

The CF tree is built iteratively at runtime and in order to accomplish that it follows

the following algorithm:

1. Identify the appropriate leaf: Recursively descend the CF-tree by choosing the clos-

est child node according to some distance metric (Euclidean distance, for instance).

2. Modifying the leaf: When a leaf node is reached, find the closest leaf entry, CF,
and then check if they can be merged without violating the threshold condition,
otherwise, create a new CF entry. If there the maximum limit of entries is exceeded,

split the parent node.

3. Modify the path to the leaf: Travel back to the root of the tree, updating the infor-
mation on the parent nodes. In case there is a need for a split, we must insert a new
nonleaf entry in the parent node that points to the new leaf entry. If the number of

entries in the parent also exceeds B, it must also be split.

Given these concepts and processes, in order to start clustering our data, BIRCH is

divided into 3 steps:

1. Load into memory by building a CF tree
At this point, the algorithm attempts to build the tree with a threshold T. If it fails
to do so, it increases this value and tries again, building a smaller tree in the process.
2. Global clustering
Apply a hierarchical clustering approach to the CF tree in order to group the data
points with respect to their CF representations.
3. Cluster refining

This last stage serves only to optimize the results obtained thus far, as it scans the
current clusters searching for any inconsistencies and also applying the necessary

corrections.

The main advantage of this algorithm lies in the way it treats the data that we want
to cluster, which allows for the clustering to be fast when the dataset is very large and

our computing resources are limited, which was the case during the experimental phase.
[60].
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2.3.1.6 Gaussian Mixture Models

GMM is an algorithm whose approach to clustering is based on Gaussian distributions,
which is one of the most present types of distributions in datasets. The core concept is that
when using it, we assume that our data fits into a specific set of independent Gaussian
distributions, i.e. a mixture, with different parameters which vary depending on the data

each of them contains.

As stated, GMM assumes that our dataset was drawn from x Gaussian distributions:

N, ) )

]

Such that the probability given in a mixture of K Gaussians is:

K
p(x)=) wisN(xlp ) )
k=1 k

where w; represents the weight of the kth Gaussian in the mixture, whose values must
obey:

K
Zwk:l 0<wr <1
k=1

The challenge here is now to estimate the parameters 6 of the distributions in the
mixture so that we can find the ones that best describe the input data. In order to ac-
complish this, the Expectation-Maximization algorithm is used and it consists of using

hidden variables Z which are related to our dataset X:

1. Guess the parameters 6 of the models;

2. Compute the best values for Z given 6. In other words, estimate the probability

that a given distribution generated a given point;
3. Adjust parameters 6 according to Z;

4. Repeat steps 2-3 until convergence.

With these methods, we are able to compute the best w, y and }_ for our distributions.
Since this algorithm allows us to specify the amount of distributions, i.e. clusters, to
use on our data, this is a useful algorithm in the context of this work. However, we can
expect some inconsistencies in the generated results due to the fact that the algorithm

assumes that the data fits into Gaussian distributions which may or may not be the case
[47].
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2.3.2 Cluster evaluation

In order to determine whether or not if the clustering algorithms performed well, we
needed some way to evaluate the final results. To this end, there are various evaluation
criteria that have been developed and they usually fit one of two categories, internal and
external. In the following sections the evaluation criteria used in the experiments are
presented. [11] [44]

2.3.2.1 Internal quality criteria

These types of metrics focus on evaluating the compactness of the clusters, which in
other words is equivalent to measuring the homogeneity of members of the same cluster.
Despite this, we must take into account that by themselves these types of criteria cannot
tell us if a given clustering is good or not, only if the grouped elements are similar to each
other or not. What actually dictates if our clusters are good, are the metrics that evaluate
our results with respect to an existing classification that makes sense to humans and for
that, we have the external quality criteria which will be described in the next section. Due
to this, when analyzing our results we must take into account both internal and external

quality criteria.

* Calinski-Harabasz score: this score represents the ratio between the within cluster
dispersion and the between cluster dispersion and it is calculated by the following

equations:

CH(k):[B(k)]X[(n—k)]

W) | " [ k=1)

Where N is the number of data points, k corresponds to the number of clusters and
Wy and By represent the within cluster and between cluster dispersions, respectively,

which in turn are obtained by:

By = an(cq —c)(cg— ot
q

Here, Cq is the set of points that belong to cluster g, Cq is its center and lastly, ng is
the number of its data points. By looking at the way this score is calculated, we can
conclude that it tends to be higher when the clusters are dense and well separated,
thus, the higher the result the better the model used to cluster the data.

Despite its usefulness overall, this is not a good metric for this particular context due

to the fact that its value does not have a theoretical upper limit and its dimensions
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also vary depending on the data used on the clustering process. This means that if
we have two similar clusterings that were obtained by clustering different structure
similarity measure matrices, the resulting CH values may be vastly different from
one another, even if they are similar according to other metrics. Given this, it
would be hard to evaluate the disparity of clusters obtained using different protein
similarity measures. [6] [4]]

Silhouette score: is the overall representation of how well each data point fits its
cluster. The silhouette score depends on:

— a(i) = average dissimilarity of i to all other objects of cluster A.

- d(i,C) = average dissimilarity of i to all objects of cluster C.

- b(i) = réligd(z,C)

It is possible for us to use different distance measures to determinate the dissimilar-
ity, such as the Manhattan or Euclidean distances. To calculate the silhouette score

for a given point, we use the following expression:

, b(i)—a(i
0= el 5
From this definition, we can infer that the score for a data point will range from -1
to 1. Given that this metric has both a lower and upper bound, it does not share
the CH drawbacks which makes this a metric that will allow us to compare the
performance of the clusters regardless of algorithm, sample or distance matrix used.
Furthermore, it favors clusterings that are compact and convex, which is what we

are aiming towards. [46] [41]

2.3.2.2 External quality criteria

These measures are more useful when the overall structure of the clusters can be com-

pared to some predefined classification of the data [44]. In this work, the datasets that

contain the data to be clustered, already have groups and hierarchies formed within them.

SCOP and CATH are databases with hierarchies aimed at better understanding evolution-

ary relationships, hence have their own classification for the structures and can be used

to compare the ones obtained with the clustering algorithms.

The external criteria mentioned ahead will aid us in performing these comparisons

and in turn assess the performance of the clustering algorithms in order to determine if

they are generating good or bad results:

* Adjusted Mutual Information (AMI): returns 1 if the two provided input cluster-

ings are in complete accordance with each other and 0 or a negative value if its the
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opposite situation. This score accounts for chance and is biased towards clusterings

with a higher amount of clusters. It is given by:

MI(U,V)-E{MI(U,V)}
avg{H(U),H(V)}—E{MI(U, V)

AMI(U,V) =

MI can be thought of as a measure reduction in uncertainty for predicting outcome
of a system after we have observed the other part, which in this case is the existing
classification of the data and H is the entropy associated with the partitions. A more
detailed description can be found in its original paper. As for its usefulness for
this work, it shows us the fraction of structures that are correctly grouped without
taking into account stochastic effects. [55] [41]

* Homogeneity:

This measure reflects the degree to which data points are similar to each other. In
other words, a clustering result satisfies the homogeneity criteria if the members of
each cluster belong to a single class [45] [41]. It is given by:

H(CIK)

=" H)

Where H(C|K) is the conditional entropy of the classes depending on the cluster as-
signments and H(C) the entropy of the classes. These coefficients can be determined

through:
H(CIK) = - iﬁ Rek o log(nc’k )
c=1 k=1 " "k
H(C) = —iﬁ x(ﬁ)
= n n

In short, this metric will evaluate if the resulting clusters tend to contain structures

from a single classification.

* Completeness:

Since homogeneity only focuses on assessing the quality of the clusters, we need
a counterpart to it, in order to evaluate how much of the data was assigned to the
correct cluster. This is essentially what completeness is: a measure that reflects the
portion of the total data points that have correctly been assigned to its cluster. It is

given by:

H(K|C)

BRI
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Both the conditional entropy and cluster entropies can be calculated in a similar
fashion to that of the homogeneity measure [45] [41]. Given this, in the protein
context, Completeness allows us to know if all members with the same SCOP clas-

sification have been assigned to the same cluster.

2.4 Hyperparameter optimization methods

Usually, when studying machine learning models there is a need to decide which parame-
ters to use before we actually apply them to our data, be it the number of clusters we want
our data to be split in, the weight of a given variable in the model, a coefficient, etc. These
parameters, named hyperparameters, which need have to be known before running the
algorithm can impact the quality of our results either negatively or positively depending

on whether or not they have the correct values for the data at hand. [32]

2.4.1 Genetic algorithm

Genetic algorithms base themselves on the concept of evolution and natural selection in
order to find the best solution for a given problem. Specifically, they generate individuals
tailored to the problem at hand, who are then selected to reproduce based on their fitness,
which means the characteristics of the better parents will be passed down to the next

generation. This process is divided in the following steps:

1. Generate an initial population

In this first step, we need to create a set of individuals, each of which containing
a set of values that correspond to the variables in our problem that we wish to

optimize (genes).

2. Calculate the fitness function

One of the most important concepts in this type of algorithm is the fitness functions,
which is the one that determines how good each individual is. In this step, we

calculate the fitness of all of the individuals in our population.

3. Selection

At this stage, we select the best individuals from our population so that they can
pass their genes to the next generation. It should be noted that this selection is
made randomly, however, individuals with a higher fitness score do have a higher

probability of being chosen.

4. Crossover

This step is were we actually combine our individuals. There are many ways to
accomplish this but the main concern here is only that we take genes from both

parents in order to produce a new individual.
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5. Mutation

The final step is to apply mutations, which are changes that are made on the genes

of each individual of the population and have a very low chance of occurring.

The second through fifth steps are to be repeated until a certain amount of iterations
or until the algorithm reaches convergence, i.e. the best individual remains the same for
a few consecutive iterations. With these steps we are then very likely to obtain the best

individual whose genes that produce the best value for our fitness function. [54] [32]

2.4.2 Bayesian optimization algorithm

An alternative method to estimate the parameters for our clusterings are Bayesian opti-
mization algorithms. This type of algorithm uses a set of initial data points to build a
probabilistic model of our fitness function using Gaussian processes in order to describe
its values with respect to the input parameters. This allows us to find the parameters that
minimize our fitness functions by using interpolation techniques that explore areas of
that model without requiring exhaustive computations of said function.

The Bayesian optimization algorithm typically use Gaussian processes in order to
model the fitness function, which are important because they give us a range of expected
values in unexplored areas between sampled data points. Furthermore, these probability
distributions also us to introduce the prior and posterior concepts in the optimization. To
put it simply, the prior probability corresponds to our prediction of what the data looks
like before we actually observe it and the posterior probability is the combination of the
prior probability combined with new data samples.

In short, the optimization algorithm is as follows:

1. Given a set of data observations, build a probabilistic model, using the previously
described Gaussian processes, for the fitness function f whose minimum we wish
to find;

2. Optimize an acquisition function, such as the Expected Improvement which evalu-

ates f where we expect the value to be the lowest;
3. Update the probabilistic model based on the results of the previous evaluation;

4. Sample the next observations while balancing exploration and exploitation, i.e. we
should calculate f where we expect its value to be minimized but also in regions

where we do not have a lot of information;
5. Repeat steps 1 through 4 for i iterations

Due to this, with Bayesian optimization we can find the best hyperparameters for
our clustering algorithms without having to perform an exceedingly high amount of

calculations, as opposed to the previously described genetic algorithms. However, i must
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be an appropriate value for the problem at hand, otherwise, at the end of the optimization
process we are not guaranteed to have found the absolute minimum of f which can lead

to misleading results. [52] [32]

2.5 Available data and tools

This section will provide a brief description of the available software that was considered
for the experiments of this work as well as the content of some of the existing protein

data platforms and the role they play in their field.

2.5.1 Tools
2.5.1.1 MaxCluster

MaxCluster is a protein alignment and clustering tool. It allows us to compute RMSD,
GDT, TM-score and MaxSub for a given alignment of two structures using the MAM-
MOTH algorithm. This program does support list processing, which was the preferred
approach, since it saves its users the trouble of creating a proper representation of the

resulting data for each single alignment by returning a single file. [19]

2.5.1.2 Python

Python a is very popular, high-level and general-purpose programming language. It can
be used to build standalone applications, automate tasks and many other things. Besides
these uses, Python has been one of the most used languages in machine learning since it
provides several powerful libraries designed for the type of tasks the field requires.

DEAP

The Distributed Evolutionary Algorithms in Python library (DEAP) is a framework
that covers a broad range of artificial intelligence algorithms. Among this collection,
there are tools that allow its users to build a genetic algorithm specifically tailored to the
task at hand [14].

Matplotlib

A data visualization library. Matplotlib is a common and flexible tool which allows
the user to create a wide range of plots, such as 2-D histograms, bar charts, scatter plots
and tables. [22]

Numpy
Another one of the most popular Python libraries. Numpy provides its user with N-
dimensional arrays, easy to use array manipulation and transformation as well as complex

algebraic computations with overall better performance than native arrays. [56]

Scikit-learn
Clustering algorithms are one of the main aspects of this work, which is why the Scikit-

learn [41] library was used. It was developed for the Python programming language and
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it provides us with implementations of supervised and unsupervised algorithms, among

which, are clustering functions and evaluation methods.

Seaborn
Much like Matplotlib, this is yet another data visualization library, however, Seaborn

provides easier to use plots for statistical analysis. [57]

SKOPT

This Python module contains the implementation of a framework which allows its
users to create instances of algorithms that can optimize other expensive and noisy black-
box functions. Among said algorithms, we have the Bayesian optimizer, which was used

in the experiments of this work.

2.5.2 Data sources

The following platforms are some of the available data sources besides SCOPe, that could
have been used to conduct these experiments. They are very well known and used in the

protein analysis context even if most of them serve different purposes.

2.5.2.1 CAPRI

The Critical Assessment of PRedicted Interactions (CAPRI) [24] is an experiment designed
in order to test protein docking algorithms. CAPRI is a blind experiment in the sense that
the participants do not know the structure that they are trying to predict. However, after

each round is finished the results are evaluated and made available to the public.

2.5.2.2 CASP

The Critical Assessment of protein Structure Prediction (CASP) [34] is the complement
of the CAPRI experiment. After the predictions are submitted in the CAPRI experi-
ments there is the need to evaluate and rank the models produced by the participants’
algorithms, which is exactly what CASP does. Having finished the evaluation of each
experiment, several resulting files are made available to the public. These files contain
very useful information, specifically, the coordinates of the prediction and target models

and summaries of the experiments.

2.5.2.3 CATH

The Class, Arquitecture, Topology and Homologue superfamily protein structure classifi-
cation database (CATH) [50] protein structure database is an online platform that holds
data regarding evolutionary relationships of protein domains. Currently, it contains 95
million protein domains which are classified into 6119 superfamilies. The acronym origi-

nates from the hierarchical classification of the domains:
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* Class (C): ranges from 1 to 4 and describes the classification of the folds, respec-

tively, mainly &, mainly , mixed a § and lastly, little secondary structure.

* Architecture (A): describes the three-dimensional conformation of the secondary

structures.

* Topology (T): holds information regarding how the secondary structure elements
are connected and arranged.

* Homologous superfamily (H): level that indicates if there is evidence of common

ancestry.

Furthermore, protein domain superfamilies were subclassified into functional fami-
lies. These are groups of protein sequences and structures that have a high probability of

sharing the same function.

2.5.2.4 PDB

The Protein Data Bank (PDB) [3] is the largest repository of information regarding 3-D
structures of biological molecules, including proteins. It is maintained by the Research
Collaboratory for Structural Bioinformatics (RCSB) and it is one of the most important
resources for studying protein structure. Currently, this platform freely supplies data for
researchers and other databases, which is available in PDB format and includes informa-

tion such as atomic coordinates, molecule names, primary and secondary structures.

2.5.2.5 SCOP

The Structural Classification of Proteins database (SCOP) [35] database contains the
description of the relationships of all its known protein structures. It is hierarchically

organized in four levels:

1. Superfamily: describes information of far evolutionary distances, meaning the pro-
teins have low sequence identity, however through structure it is possible to trace

common ancestors.

2. Family: describes information of near evolutionary distances, but in this classifica-

tion, sequence and structural similarities are more evident.

3. Fold: describes geometric relationships among the proteins. Specifically, this level

indicates that proteins have common folds if they have similar secondary structures.

4. Class: describes the classification of the folds, which are: all a-helices, all g-helices,
ap for those with both, a +  for those with both and are largely segregated and
finally, Multi-domain is the classification for the domains that have no current

known homologues.
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With the information contained in this database it is possible to perform an evolution-
ary study of proteins. By clustering their structures in order to find similar protein groups,
we can then compare the obtained results with the ones present in the database. This will
allow us to test both the effectiveness of the clustering algorithms and the measures used
to compare protein structures.

Nowadays, there are 3 different SCOP platforms that contain both structures and
classification data. The first one, SCOP, is the original one which was released in 1994
and contains the tree-like hierarchical structure through which we are able to study the
relationships between the proteins present in the database. SCOP’s last release was in
June of 2009, after which SCOP2 was introduced, with the goal of providing a better
framework for protein structure annotation and classification. Such improvements were
achieved by changing the hierarchy’s representation into a directed acyclic graph that
allows other types of relationships among the data, however at this time, SCOP2 is still a
prototype that only contains a portion of the total data. Lastly, SCOPe (extended) can be
seen as the direct continuation of the classic SCOP hierarchy and is still maintained and
updated regularly to this day, hence it was the chosen platform for this work. Though the
SCOP versions differ among themselves, both their annotation and classification processes
remain the same, meaning that the structures are evaluated according various factors,
namely, automated comparison methods that take both sequences and structures into
account, the function of a given protein and manual curation from experts. Figure 2.3

illustrates the standard process and the mentioned classification factors. [7] [2]

1vj5, chain A Manually curated domain

. boundary at residue 223 ~ Automated domain
BLAST against DB of boundary at residue 225
all SCOP domains

! 554 dlvjsal
query sequence (color)

dlvj5a2
(grey)

2 224
hit 1 (dleklal)

226 544
hit 2 (dlekla2)

Figure 2.3: Standard SCOPe classification process
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To reiterate, so far we have established the importance of protein databases and the
roles they play in the study of proteins, be it in phylogenic analysis, docking, function
prediction, etc. Furthermore, we also discussed how these platforms organize and classify
their data, which is the result of a thorough manual analysis by an expert based on several

factors combined with automated methods

Since the classifications that result from these analysis affect the conclusions that
drawn from the protein data at hand, it is best that there are as few gaps during the course
of such analysis. Given this, we want to improve the way that the protein structures are
grouped in order to also improve the way they are organized by automated methods and

to aid in extracting more meaningful and accurate information.

RMSD can be considered one of the mentioned gaps due to the drawbacks that stem
from way it is calculated, hence, with the experiments made we aimed to mitigate these
drawbacks in the clustering process by studying the other similarity measures presented
in this document, namely, GDT-HA, GDT-TS, MaxSub and TM-score.

As for the studied algorithms, many of them were originally considered for this study
but were ultimately ruled out because they required difficult parametrization (Affinity
Propagation), noise detection hindered the results of the experiment (DBSCAN) or simply
because the concept applied by the algorithm did not make sense for the problem at hand
(Fuzzy C-Means). Given this, only algorithms without these restrictions were studied,
specifically: Hierarchical, BIRCH, K-Medoids and Gaussian Mixture Models.

The following experiments are based upon protein structures from the SCOPe database,
which allows us to use its available classifications to evaluate how good each of the simi-
larity measure and clustering algorithm performs by looking at the clustering evaluation

metrics they produced, specifically, how many correct classifications we got overall (AMI).
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3.1 Alignment computation and available hardware

In order to start clustering the structures, it was essential to obtain the structural align-
ments and the resulting values. To accomplish this task, the MaxCluster program was
used. Maxcluster supports list processing that allows the computation of all against all
alignments for the given input structures, which is both faster to calculate and easier
to process than single alignments, however, during runtime this feature seems to hold
the alignment matrix in memory until it has been fully computed, which means that we
may run out of resources during this computation. Given this issue, with the available
resources, the maximum amount of structures per sample is around 2500. Furthermore,
since the time required to compute each sample can take several days and requires nearly
the entire available computational resources, the following experiments were limited to 7
different sets of protein structures. To provide a little bit more context, all the performed
computation were made using an Ubuntu 16.04 virtual machine running on a 17-7700HQ
CPU with 8 GB of RAM.

3.2 Hyperparameter tuning

In the initial stages of the experiments, a brute force approach was used, meaning that
every single combination of hyperparameters was computed for each sample and for
each algorithm that was studied. Despite requiring the computation of thousands of
clusterings this was at first feasible because the early testing samples were small, however,
as the other used samples grew in size this approach became unusable. Given that for this
work we are considering large enough samples of the whole SCOPe database we must find
another approach for this problem since if we want to apply these matrix combinations
we are facing millions of clustering computations.

Due to these performance issues, in this work two hyperparameter optimization meth-
ods were applied, namely, a genetic algorithm and bayesian optimization.

Starting with the genetic algorithm, early experiments also made it clear that it was
not the method best suited for this particular situation. It was found that during its run,
the algorithm would always find the best individual in the first or second generations,
which meant that depending on our population size and maximum stagnant iterations,
we were once again spending a lot of time computing clusters and more often than not
performing repeated computations, due to the fact that these algorithms tend to preserve
the best individuals for the following generations.

Finally, we reached Bayesian optimization, which uses a probabilistic model to predict
which combinations of weights are best for our matrices. This approach greatly reduces
the number of clusterings calculated since we control how many times each clustering
algorithm will be computed during its execution. We can argue that there will be waste-
ful computations much like there are in the genetic algorithm, however they will be

significantly reduced since the search method requires less tests with the parameters.
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3.3 Combining structure similarity measures

One of the main approaches to be experimented in this work, is the concept of using
different protein similarity measures in the clustering process in order to compensate for
each other’s shortcomings so that we are able to obtain a clustering that is in line with the
SCOPe database and also makes sense according to the experts’ analysis. In short, this
experiment attempts to find the ideal percentages that we should take from each measure

in order to increase the number of correct structure labellings.

3.3.1 Measure correlation

Since the Bayesian optimizer is attempting to optimize the coefficients of five different
similarity measures, it is expected that it will need to run for a high number of iterations.
If we assume that each weight ranges from 0 to 100 and the coefficients from 1 to 10, that
means that there are several millions of possible combinations of these hyperparameters.
Thus, in order to reduce the complexity of this problem for the optimizer, the correlations
between GDT-HA/GDT-TS and MaxSub/TM-score were calculated. An example of these
correlations can be seen in figure 3.1, and even though this is just an example from
one of the studied samples, the results shown are consistent across all others. Such
high correlations between the previously mentioned pairs were to be expected, since
the computation methods for GDT-HA/GDT-TS and MaxSub/TM-score pairs are very

similar.
1.00
GDT-HA GDT-TS MaxSub TM-Score
GDT-HA 0.98
GDT-TS 0.96
MaxSub 0.94
TM-Score SR

0.90

Figure 3.1: Example of the correlation between different similarity measures for a given
sample.

Given this, the mentioned pairs of measures were combined with each other, by aver-
aging their values before the optimizer procedure begins, which makes it so that it has

less variables to optimize.
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3.3.2 Data processing

From the all against all alignments, Maxcluster outputs a single file that contains two
types of information: the numbers that represent each structure within each Maxcluster
execution, ranging from 1 to the amount of structures in the input, and the pairwise sim-
ilarities for each structure combination according to the used protein similarity measure.

One issue that was raised in the early stages of the experiment was that the studied
structure similarity measures are on different scales. RMSD for instance, starts from 0
and does not have a limit, while GDT is presented as a percentage, from 0 to 100. Since we
want to combine different similarity measures through their respective distance matrices,
they all need to be in the same scale.

There are two main ways of achieving this, those being normalization and standard-

ization, which are obtained by:

Normalization: z; = _Ximmin(x)
max(x)—min(x)
Standardization: z = %

In order to choose the most appropriate way to scale our data, its density estimation
was determined. Usually, when the data distributions are more resemblant of a Gaussian
distribution, standardization is the preferred approach. Since it is not the case, as we can
see in the distributions for one of the samples, shown below in figure 3.2, normalization

was chosen in order to rescale the data.

RMSD GDT-HA GDT-TS

0 5 10 15 20 25 30 3 20 0 60 80 100 o 20 40 60 80 100

(a) RMSD distribution (b) GDT-HA distribution (c) GDT-TS distribution

TM-Score MaxSub

0.0 0.2 0.4 0.6 038 10 0.0 02 0.4 06 0.8 1.0

(d) TM-Score distribution (e) Maxsub distribution

Figure 3.2: Density of values present in samples for each of the different similarity mea-
sures

It is worth mentioning that even though only one sample’s kernels are shown, the

remaining studied samples also follow similar patterns.
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3.3.3 Integrating Bayesian optimization

Summing up, for each protein similarity measure combination for the current sample,

the clustering process and the respective weight estimation (also shown in 3.3) as follows:

1. Load SCOPe labels for the current sample

2. Load the similarity matrices for the current sample
3. Combine MaxSub/TM-score and GDT-TS/GDT-HA
4. Normalize the matrices

5. Run the Bayesian optimizer using AMI as fitness function in order to determine the

weights and coefficients of each similarity measure. At each iteration:

a) Obtain the combined matrix (RMSD + GDT-TS/GDT-HA + MaxSub/TM-score)
with the hyperparameters explored in the current iteration, i.e, by summing
each weighted component.

b) Apply one of the studied clustering algorithm to the resulting matrix
¢) From the output labels, calculate the evaluation metrics
d) Add the results to the optimizer sample and update the probabilistic model

e) Repeat this loop for a fixed number of iterations

Bayesian optimizer

"

j‘ Adjust model | €

RMSD — T
Generate Parameters
» Process ) hyperparameters & Matrices AMI ) .
(ERTRR A ST the (W1, W2 and »  Clustering {Max iterations?,
vy L =

matrices w3)

MaxSub & TM-Score ——» T

Figure 3.3: Process used to cluster the structures using a combination of measures

In order to analyze the results from this process, a comparison must be made by
looking at the metrics that were generated from a combination of similarity measures
with the ones generated by the each of the measures by themselves. Through this analysis,
which will be discussed ahead, we will see whether or not the combination of measures

can improve the clusters and if so, in which aspects they being improved.
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3.3.4 Clustering the structures

Having cleared the process used during this experiment, let us now discuss the observed
results. To reiterate, the goal of this experiment was to attempt to use different measures
during the clustering process hoping that they would compensate each other’s weaknesses.
However, the results obtained from the optimizer did not demonstrate this.

The first step in the experiment was to cluster the data using the individual distance
matrices from each similarity measure, so that we have reference values to compare the
results to. Right away, by applying the process described in the previous section, it is
possible to identify a clear gap between the studied algorithms and the protein similarity
measures in terms of their performances. During the experimental part, MaxSub and
TM-score convincingly outperformed RMSD and GDTs, by consistently achieving better
AMI outputs, since the corresponding distributions are generally higher, which can be
seen in figure 3.4 where the results across all samples displayed. It was already suspected
that RMSD would perform worse than other measures due to the shortcomings that were
discussed previously, however, the magnitude of this disparity in regards to MaxSub and

TM-score was not expected.
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Figure 3.4: These plots show the AMI values obtained by clustering the structures of
different samples by using the studied similarity measures by themselves and the ones
obtained through their combination (Combined column).

As far as algorithms go, it was a bit more difficult to make predictions regarding
which of them would be the best performer. Despite that, by analyzing the data it was
fairly simple to conclude that the GMM algorithm outclassed the Hierarchical, BIRCH
and K-Medoids algorithms. However, despite being able to achieve good results using
just a single structure similarity measure, that was not always the case and as such the

Bayesian optimizer was used in order to improve the metrics in such samples.
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The optimizer ran for 200 iterations, meaning that that was the number of different
combinations of weights and coefficients that the clusters were obtained with. Despite
the long run, the optimizer tended to reached convergence fairly quickly, usually around
50 iterations. Since this happened consistently, we can infer that either the optimizer was
fed data that was not very helpful to the clustering process or that it determined a set of
very good parameters in the beginning of the run. Given the disparity between the results
of MaxSub/TM-score and remaining measures, the first option is the most likely, because
the optimizer will tend not to use the worse performing measures since they will only
lower the AMI output. This is further supported by the plots shown in figure 3.5, where
it is shown that the majority of clusterings were obtained by using very low values for the
weights of the RMSD and GDT matrices, essentially nullifying or minimizing their effect

on the clustering process.

RMSD GOT-TS/GDT-HA Th-Score/MaxsSub
0 20 40 &0 B0 100 0 20 40 60 80 100 0 20 40 60 80 100

| FED - - G0 A - 60
1 F40 - 40 - - 40
) F20 - 20 A I -20
= -0 - o | -0

Figure 3.5: In this set of plots are displayed the distributions of values explored by the

optimizer during its run. More specifically, the y axis represents the amount of times that
each x value, i.e. weight, was chosen during the Bayesian optimizer run.

Mumber of samples

Furthermore, as evidenced by the optimizer plot and the AMI values generated by
individual matrices, it turns out that by combining the different similarity matrices into
one the clustering results are not improved, since figure 3.4 also shows that the distri-
bution of AMI values obtained through the combinations of measures are consistently
lower than the ones obtained through clustering with a single similarity measure. Given
that throughout this experiment with all the algorithms and samples the results that the
optimizer provided were very consistent, we can conclude that we cannot improve the

clustering process by using a combined distance matrix.

In conclusion, it was verified that the resulting AMI of a combination of measures
can only go as high as the highest AMI value for a single measure, thus, since MaxSub
and TM-score are usually the better performers it is simply best to use one of them in the

clustering process. Thus, it is not worth it to pursue this approach any further.
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3.4 Applying non-linear transformations

3.4.1 Transforming the matrices

Since the previous experiment did not yield the results that were expected, we took a
step back and tried to focus on the individual similarity matrices. The goal was once
again to attempt to improve the quality of these matrices in order to provide better data
for the clustering process. One way to achieve this might be by applying non-linear
transformations to the matrices, i.e. transformations that change the proportions of
the similarities among the structures represented in the matrices. This may be helpful
because in some cases these representations are not enough to draw the correct "border”
for each cluster, which is where these transformations come in to try and make it clearer
for the clustering algorithms to do this.

The studied polynomial functions were variations of the parabole and exponential
and they were chosen with the mindset of improving RMSD based clustering due to the
drawbacks that come with its calculation and also because it is one of the easiest methods
to use and therefore, the one that is most commonly used. As can be seen from their
plot in figure 3.6, these functions have vertical asymptotes which vary according to their
coefficients. This is mainly useful with RMSD because as previously discussed, above
certain values it loses its significance and it becomes harder to interpret, meaning that it
is also more difficult to replicate what would be the experts’ input in the clustering. Due
to this, the goal is now to use these functions and pass our matrices through them, so
that higher RMSD values are grouped closer to each other, which mitigates the negative
impact that they might have in the clustering process. The same logic can also be applied
to the remaining similarity measures although to a smaller degree, since by definition
they are already have a minimum and maximum value and thus, we can only expect that

the impacts of outliers in each sample is reduced.
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Figure 3.6: Non-linear transformations plots

In order to better illustrate the experiment, let us consider figure 3.7, where we can see
the impact that applying a non-linear transformation has on the input data. In that figure,
it is possible observe that the RMSD values are spread out through a large spectrum of

values which can be a bad thing considering that some algorithms, like Gaussian Mixture
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Models, cluster the structures by looking at the "shape” of the data. However, if a non-
linear transformation is applied to that data, the distribution becomes much less spread

out, less noisy and more dense.
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(a) Original RMSD distribution (b) Modified RMSD distribution

Figure 3.7: This figure shows the difference between the RMSD values distribution from
one of the studied samples and that same distribution after an exponential transformation
was applied to it.

To further illustrate this, let us consider figure 3.8, where three domains are displayed.
The domains, 1ofg, 1cer and 1gcu all belong to the previously mentioned sample and they
belong to two different superfamilies. Regarding them, by using RMSD’s base distance
matrix together with the Gaussian Mixture Models algorithm, that is the matrix without
any non-linear transformation, it resulted in a clustering that misslabeled domain 1gcu
into the same superfamily of the domain 1lofg, instead of the correct one, that of 1cer. By
looking at the disposition of the domains’ coordinates in 3D space it is understandable
that the algorithm got somewhat “confused” which led to its mistake, since we can clearly
see that they all share considerable similarities, particularly their center sections which
contain a set of parallel f-sheet.

This is further supported by figure 3.9 where we can see an alignment between domain
1gcu to the other two mentioned domains. In it, is shown that 1gcu does indeed match
much better with 1ofg than with 1cer, since the former alignmnent yields an RMSD value
of 3.4A and the latter 10.7A.

This is once again due to the shape of the data, which causes enough spread and
deviation in the distribution to fool the algorithm into inserting the domain in the wrong
cluster. Now, if we apply a non-linear transformation, such as the one exemplified in
figure 3.7, the spectrum and density of values that hinder the clustering process, that is
to say RMSD values above 8 for instance (this threshold varies from sample to sample
according to the RMSD values present in the distribution), is reduced and the domain
lgcu is grouped into the correct cluster. This is very helpful for the algorithm and it is
a process that makes sense in this context since we know that RMSD loses significance
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(a) lofg domain (b) 1cer domain

(c) 1gcu domain

Figure 3.8: Display of the domains’ backbone layout in 3D space

when it is high. After applying this change in the matrix, the border between each cluster
can be drawn more clearly and thus, it becomes easier to assign a cluster to each domain

of the sample.

3.4.2 Clustering with the transformed matrices

Let us now take one of the available samples as a reference and apply the mentioned
transformations. Using the Bayesian optimizer we can adapt the process described previ-
ously, however, instead of using it to estimate the weights and coefficients of the matrices
we now use it to estimate the coefficients of the mentioned functions for a single matrix.

The used process for this experiment (also represented in 3.10) looks like this:

1. Load SCOPe labels for the current structure sample
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(a) 1gcu aligned with 1ofg (b) 1gcu aligned with 1cer

Figure 3.9: This figure shows the difference between the alignments of domains from the
lgcu, lofg and 1cer structures.

2. Load one of the similarity matrices for the current sample

3. Run the Bayesian optimizer using AMI as fitness function in order to determine the
coefficients of the transforming function. At each iteration:
a) Process the similarity matrix using the non-linear transformation with the
hyper parameters provided by the optimizer
b) Apply one of the studied clustering algorithm to the resulting matrix
c) From the output labels, calculate the evaluation metrics
d) Add the results to the optimizer sample and update the probabilistic model
)

e) Repeat this loop for a fixed number of iterations

Bayesian optimizer

RMSD —|_‘r Adjust model | -
_L._;.

GDT-HA
i Tﬁgﬁirss AMI
j coefficients)
MaxSub

@

TM-Score ——

Figure 3.10: Process used to cluster the structures using a non linear transformation
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In the plots shown in figures 3.11, we can see the convergence plot from the optimizer
runs for a given structure similarity measure. Right away it is possible to verify that these
transformation have a positive effect on the clustering process given that the majority of
the AMI metrics for the different measures and algorithms were improved.

—0.5 1 Algorithm:
—0.6 1 —— Hierarchical
Gaussian
—— BIRCH
—104 & —— K-Medoids

T T T T T
0 25 50 75 100 125 150 175 200

(a) This plot shows us the highest AMI value at each iteration, generated by
clustering the data using a matrix transformed by a parabolic function

AMI
Algorithm Base Transformed
Hierarchical 0.35 0.35
BIRCH 0.75 0.84
GMM 08 0.82
K-Medoids 0.64 0.66

(b) This table shows us the comparison between the
best result obtained by the optimizer, i.e., by trans-
forming the matrix (Transformed column), and the
ones obtained by clustering the original matrix (Base
column).

Figure 3.11: Clustering results obtained from the modification of an RMSD matrix using
a parabole as a non-linear transformation

Because this approach yielded positive results, it was replicated throughout other
samples and the results were very consistent, meaning that the resulting cluster evalua-
tion metrics were improved when compared to the results obtained without non-linear

transformations, and as such the resulting clusters were also better overall.

It should be mentioned that even though this experiment contemplated the Hierar-

chical clustering algorithm, the obtained results have shown us that this approach is
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somewhat useless when applied to this particular algorithm. Since this algorithm clus-
ters the data by iteratively finding the next most similar structure to the one that it is
currently considering, based on a distance metric, we cannot expect this approach to
improve the quality of the resulting clusters. This is because even though the previously
mentioned non-linear transformations change the data in the similarity matrices, in most
cases, it will still preserve the relationships among the structures, only with different pro-
portions. Thus, for that particular algorithm the next most similar structure at each given
iteration is prone to being the same regardless of the transformation. To reiterate, this
downside does not apply to the other studied algorithms since they cluster the data by
looking at the overall structure, and not at the individual elements. Due to these reasons,
this model can be discarded from the remaining processes, since it does not show either

good baseline results or signs of improvement with the transformations.

3.4.3 Cross Validation and model selection

After optimizing the best hyper parameters for each sample it was possible to establish
that the non-linear transformations can indeed help us in obtaining better AMI values,
and as a consequence, better clusters out of each sample. However, so far, this approach
assumes that the user will determine a set of hyper parameters by using a similar approach
to the one described in the previous section.

Given that this an expensive process, both in terms of computational resources and
time, an attempt was made to provide a set of hyper parameters that can assure at least a
small but consistent improvement to the overall quality of the clusterings, regardless of
the provided sample. This type of process is usually done by combining hyper parameter
tuning with cross validation techniques.

Cross Validation (CV) is an essential step in this process, as it allows us to get an
unbiased estimate of how well a model will perform when used on unseen data, which is
the goal at this point, to provide a good general recommendation of algorithm, measure
and transformation that will work well for new sets of proteins.

If we were to estimate the parameters that maximize the AMI average using all the
available samples in the optimizer run, the final results, even though they would be
positive, would be biased towards the dataset that was used. In this scenario, since the
model’s parameters are very tuned to training dataset used in the optimizer, if we applied
that same model to a new sample, it would most likely under perform, as it is over fitted
to initial set and thus, it may not be prepared to handle irregularities or patterns that
other samples might introduce.

Given this issue, Cross Validation suggests that the available data is split into 3 sets:
training, validation and testing. The training set, as the name indicates, is the one where
the models will be trained, which means, it will be the set that the optimizer will use to
obtain the best models. The validation set is where we will verify the performance of

the models obtained from the training set. Finally, the test set is the one that will not
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be part of the training process and will only be used to get an unbiased estimate of the
generalization performance.

Since the set of samples is small, a Leave One Out Cross Validation (LOOCV) strategy
was applied. This is a particular case of CV, where the models are trained using N-1
samples, i.e. leaving one out in order to validate the performance of the trained model.
Finally, this process is replicated for the remaining combinations of samples, always
validating the trained models’ performances with the sample that is left out, as indicated
by table 3.1. A representation of the full CV process can be seen in figure 3.12. It
should be noted that the optimizer will work slightly differently at this point, since now
it will maximize the average AMI, as opposed to a single AMI, obtained by clustering all
the samples in the training set at each iteration with the set of parameters that is being
explored. [1]

Training Validation
Casel | S1 S2 S3 S4 S5 S6 S7
Case2 | S1 S2 S3 S4 S5 S7 S6
Case3 | S1 S2 S3 S4 S6 S7 S5
Case4 | S1 S2 S3 S5 S6 S7 S4
Case5|S1 S2 S4 S5 S6 S7 S3
Case6 | S1 S3 S4 S5 S6 S7 S2
Case7 | S2 S3 S4 S5 S6 S7 S1

Table 3.1: This table shows the sets of samples used to estimate the hyper parameters
that maximize the average AMI and the sample with which they are tested with, using
the Leave One Out Cross Validation method.

I Training data | | Full dataset |
I | | 1

> AMI 1

> AMI 2

—» AMI 3 Training error = average(AMI 1, AMI n)l

> AMI 4

—» AMIn

Choose the best

method according to
the Training error

Cluster the test set with A
¢ ’—P the best model Test error = AMI

Train the best model
with the full training
set

Figure 3.12: This figure illustrates the Leave One Out Cross Validation process. For each
clustering method that is being tested we will train n models on different CV folds, vali-
dating the performance of each one on the corresponding validation sample (Red square).
After determining which method has the highest AMI on average, the full training set
will be used to train another model, which will cluster the testing samples in order to
obtain the test error.
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At this stage of the CV process, we will now obtain a set of AMI values that stem from
clustering the validation samples with the best models from the training set. These AMIs
are now averaged in order to obtain the training error, which will help us in the process
of selecting the best model.

It should also be mentioned that for two of remaining algorithms, namely, BIRCH and
GMM, the optimizer must take into account some parameters. For BIRCH, they are the
Threshold and the Branching Factor. The first one controls the maximum radius that a
given sub cluster can have, meaning that if a new element is added to it and exceeds the
Threshold, a new sub cluster will be created with that element. The Branching Factor,
controls the maximum number of sub clusters per tree node. As for GMM, we have the
covariance type, which essentially controls the shape of the mixture elements, tol is the
threshold which stops the Expectation Maximization algorithm if it is exceeded, regcovar
is a value added to the diagonal of the covariance matrix and initparams defines how the
algorithm is going to be initialized. For both of these algorithms, the studied spectrum of

values is shown in tables 3.2 and 3.3.

BIRCH
Branching factor [100, 1000]
Threshold [0.1, 10]

Table 3.2: BIRCH tuning parameters

GMM
Covariance type full, diag, spherical, tied
tol [1#107°,1%107°]
regcovar [1+1077, 1% 10‘4]
initparams random, kmeans

Table 3.3: GMM tuning parameters

According to the training results, shown in 3.13, the best model is generally a combina-
tion between the MaxSub measure clustered with the Gaussian Mixture Models algorithm,
without an additional transformation. At this stage, CV indicates that we now select this
model as our winner in order to train a finalized one, with the full length of the training

set. Such model, is the one presented in table 3.4.

GMM
Covariance type diag
tol 2+107°
regcovar 7%107°
initparams kmeans

Table 3.4: Finalized GMM model

The final step of the CV process is now to determine the test error, by applying these
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sets of parameters to the test set, which corresponds to 2 new samples that have not
been used in any training process, and thus, the obtained model is not biased towards it.
The clustering of these new samples with the finalized model generated the AMI values

presented in table 3.5.

Default GMM Trained model
Test1 0.98 1
Test 2 0.72 0.72

Table 3.5: Resulting AMIs from the clustering of the test set with the trained model,
compared to the values obatined with default GMM parametrization

As this table shows, there was a small improvement on the performance of one of the
samples, which makes sense with this model. This is because as opposed to the non linear
transformations approach, we are not modifying the input data fed to the algorithm,
rather, we are just tweaking its execution parameters. These parameters, although they
may vary from context to context, do not have the power to dramatically improve the
final results since the logic behind the algorithm remains the same, they can only worsen
them if they are not well adjusted at all to the data at hand.

In short, it was expected that the application of non linear transformations would
improve the clusters, but this final turn of events was unsurprising, since both MaxSub
and TM-score have been consistently performing better than RMSD and the GDTs during
the course of the experimental phase. Nevertheless, as both RMSD and the GDTs have
demonstrated improvements when clustering with a transformation, also using the GMM
algorithm, it means that the databases that use these measures frequently could possibly
benefit from these transformations in order to improve the quality of the obtained clusters.
But, as the results show, for these measures, this generalist approach does not always
guarantee good results and not every combination between measures and algorithms can
be improved by transformations. On the other hand TM-score/MaxSub generally are the
best performers when using their original distance matrices, i.e. without transforming
them, across the studied algorithms. However, these two measures seem to be either
unaffected or hindered by the application of non-linear transformations. Given this, it
simply makes no sense to recommend other measures when MaxSub and TM-score are
consistently better, and as such anyone who uses RMSD or GDTs should do it less and

less.
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Gaussian Mixture Models
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(a) This plot shows the AMI values generated by clustering different samples using the Gaussian Mixture
Models clustering algorithm
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(b) This plot shows the AMI values generated by clustering different samples using the BIRCH clustering

algorithm
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(c) This plot shows the AMI values generated by clustering different samples using the K-Medoids clustering
algorithm

Figure 3.13: Comparison between the quality of the clusterings obtained by maximizing
the average AMI at each step of the optimizer. The Base column contains the values of
the optimization process with parametrization tuning (except for K-Medoids), the other
columns show the performance with the non linear transformations on top of that.

51






CHAPTER

CONCLUSION AND FUTURE WORK

Conclusions

In conclusion, the results obtained throughout the experiment were a mixed bag, with
respect to what was expected. It turns out that the clustering process using the com-
bination of similarity measures does not improve the quality of the generated clusters
regardless of the used algorithm. After analyzing the results, it was made clear that Max-
Sub and TM-Score were consistently better that the other measures, and as a consequence,
by combining them with others, the results just tend to be as high as the ones obtained

when using just one of these measures in the process.

On the other hand, we were able to improve RMSD and GDT based clusterings by ap-
plying non-linear transformations to those similarity matrices, even if by a small margin.
Despite this, it seems that even though the clustering process with these measures was
improved, they are still not on par with both TM-Score and MaxSub, as they tended to
outperform the others without additional data processing. At this point, these two can be
recommended to be regularly used instead of the more popular RMSD, however, should
RMSD and the GDTs be kept in use, the studied non-linear transformations could boost

their performances by a small margin.

Regarding the studied algorithms, it was also clear that the best performing algorithm
was GMM,, especially when paired with MaxSub. This is because it was the algorithm that
contained the better distributions of AMI values for each of the studied measures either
with or without applying non-linear transformations. Following GMM, both BIRCH and
K-Medoids are capable of performing decently when used to cluster protein structures
since they can also group domains fairly well. However, the Hierarchical algorithm
was the one with the poorest results and cannot really be recommended considering the

performance of the other studied algorithms.

Finally, despite not being able to improve the combination between the GMM and
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MaxSub clustering through non linear transformations or parametrization, the main ob-
jective of this thesis, which was to study a good way to cluster protein structure data, was
fulfilled, since the presented results indicate that this combination will generally yield

quality clusters of proteins.

Limitations

In terms of limitations, one that was present throughout the experiments was the
size and amount of the samples. Since the available hardware was not very powerful,
the samples were restricted to a size of around 2500 structures. A few experiments
were made with bigger samples, however, if the mentioned threshold was exceeded, the
distance matrices could not be computed because MaxCluster would run out of usable
memory and crash.

The other major limitation present in the experiments was the need to specify the
number of clusters we wished to extract from each sample. During the experiments, since
the samples were part of the SCOPe database, for every structure there was a known label
available, which was used to determine the number of clusters beforehand. The problem
with this is that in a more realistic scenario, we would perhaps want to split a set of
novel structures, without labellings, into different clusters, and in this case the number

of clusters would not be known.

Future work and final remarks

Given that throughout the experiments the previously mentioned limitations were
present, in future prospects, it would be interesting if SCOPe and other protein related
platforms would be willing to use their resources to cluster their data with GMM and
MaxSub in order to see if the resulting clusters are more resemblant of the analysis of
their experts. This of course would mean that there would be few limitations in terms
of both the quantity of samples and structures in each one of them. Finally, in order to
mitigate the drawback of having to specify the number of clusters, a new study could be
made, focusing on ways to identify some aspect of the obtained clusters, such as internal
quality cluster evaluation metrics (Silhouette score), that can indicate to the user that the
number of desired clusters is wrong and should be adjusted in order to better fit to the
data at hand. Alternatively, other algorithms that do not use the number of clusters as a
parameter could also be studied.

As for the academic purposes that this thesis was developed, the explored topic proved
to be the toughest academic challenge for the author and promoted the development of
new skills, such as learning the Python language, machine learning techniques, exploring

scientific articles and applying computer science to other areas.
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