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ABSTRACT

HotRegion v2.0: A new method to predict hot regions in protein-protein
interfaces
Damla Ovek
Master of Science in Computational Sciences and Engineering

August 10, 2020

Proteins interact with each other through their interface to fulfil essential functions
in the cell. The study of protein interactions will have a profound effect on understanding
various biological pathways. Binding free energies are not uniformly distributed among
the residues found in protein-protein interfaces (PPI). Hot regions are tightly packed
residue clusters in PPIs that account for the majority of the binding free energy of
proteins, and hence, are crucial for the stability of complexes. Providing specificity to
binding sites, these regions are of great importance for drug discovery in pharmaceutical
research. Experimental discovery of hot regions is time-consuming and requires high
effort. Hence, there is a need for computational methods. The existing hot region
prediction algorithms perform clustering on computationally predicted hot spots and
ignore the potential existence of non-hot spot residues in hot regions. However,
experimental studies have demonstrated that non-hot spot residues can also be found in
hot regions. In this thesis, using unsupervised learning approaches, we propose a novel
method to predict hot regions which may contain both hot spot and non-hot spot residues.
We combine affinity propagation (AP) and density-based spatial clustering of
applications with noise (DBSCAN) to cluster interface residues and develop a web-based
tool to predict and visualize hot regions. Furthermore, we have developed a database that
contains hot region information for more than 600.000 protein complexes. In our web
server, users can query data from our database or submit a new run to obtain hot regions
of a complex that is not found in the database. Our tool demonstrates a 3D structural
visualization of the complex with colored hot regions and highlighted hot spot residues.
Structural features of interface residues, i.e., accessible surface area values and
knowledge-based pair potentials, are also indicated. In order to evaluate our method, we
have compared our results with the experimental studies. The precision of our algorithm
is 0.68 and the accuracy is 0.62. Additionally, we have conducted a case study to test the
significance of our predicted regions for clinical studies. We have investigated the
complex of human programmed death-1 (PD-1) and its ligand PD-L1. Our algorithm
correctly identified the residues which are known to be significant for PD-L1-antibodies
and small-inhibitors. Lastly, we have compared our algorithm with our previous hot
region prediction method. The results have shown that our tool outperforms the previous
version of HotRegion and may be a leveraging step to novel pharmaceutical studies.
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OZETCE

HotRegion v2.0: Protein-protein etkilesim arayiizlerindeki sicak bolgeleri
tahmin etmek icin yeni bir yontem
Damla Ovek
Hesaplamah Bilimler ve Miihendislik, Yiiksek Lisans
10 Agustos 2020

Proteinler hiicre igerisindeki fonksiyonlarini yerine getirebilmek i¢in birbirleriyle
etkilesim halindedirler. Bu etkilesimleri ara yiizleri araciligiyla gerceklestirirler.
Proteinlerin etkilesimlerini incelemek biyolojik yollar1 anlamak i¢in olduk¢a dnemlidir.
Serbest baglanma enerjileri protein-protein etkilesim ara yiizlerinde bulunan amino asitler
arasinda esit olarak dagilmamustir. Serbest baglanma enerjisinin biiyiik ¢ogunluguna
sahip olan sikica paketlenmis amino asit kiimeleri sicak bolgeler olarak adlandirilir. Bu
bolgeler, serbest baglanma enerjisinin biiyiik bir kismima sahip olduklarindan protein
komplekslerinin sabitlik derecesi agisindan ¢ok biiyilk dnem arz ederler. Baglanma
bolgelerine 6zgiilliikk saglayan bu bolgeler, farmasoétik arastirmalarda ilag kesfi i¢in biiytik
Oonem tasimaktadir. Sicak bolgelerin deneysel kesfi zaman alicidir ve yiiksek c¢aba
gerektirir. Dolayisiyla, hesaplamali tahmine dayali yontemlere ihtiya¢ vardir. Mevcut
sicak bolge tahmin algoritmalari, hesaplamali olarak tahmin edilen sicak noktalar
iizerinde kiimeleme gerceklestirir ve sicak bolgelerde sicak olmayan noktalarin
potansiyel varligini géz ardi eder. Ote yandan, deneysel ¢alismalar sicak bolgelerde sicak
olmayan noktalarin da var oldugunu gostermektedir. Bu tezde, gozetimsiz 6grenme
yaklagimlarini kullanarak hem sicak nokta olan hem de sicak nokta olmayan amino
asitleri igerebilecek sicak bolgeleri tahmin etmek icin yeni bir yontem Oneriyoruz.
Onerdigimiz yontemde, amino asitleri kiimelemek igin afinite yayilimi (AP) ve giiriiltiilii
uygulamalarin yogunluk tabanli mekansal kiimelenmesi (DBSCAN) yontemlerini
birlestirdik ve sicak bdlgeleri tahmin eden ve goriintiileyen web tabanli bir arag
gelistirdik. Ayrica, 600.000’den fazla protein kompleksi i¢in sicak bolge bilgilerini igeren
bir veri tabani gelistirdik. Web sunucumuzda, kullanicilar veri tabanimizdan veri
sorgulayabilir veya veri tabaninda bulunmayan bir kompleksin sicak bolgelerinin tahmin
edilmesi i¢in algoritmayi ¢alistirabilir. Gelistirdigimiz web tabanli arag, proteinlerin {i¢
boyutlu yapisini gorsellestirir, sicak bdlgeleri renklendirir ve sicak noktalar1 vurgular.
Ayrica, ara yiliz amino asitlerinin yapisal 6zelliklerini -goreceli erisilebilir yiizey alani ve
bilgiye dayali es potansiyel- de gosterir. Yontemimizi degerlendirmek icin, sonuglarimizi
deneysel caligmalarla karsilagtirdik. Algoritmamizin dogruluk derecesi 0.62 ve
hassasiyeti 0.62. Ayrica, tahmin edilen sicak bolgelerin klinik ¢alismalar acisindan
onemini test etmek igin bir vaka galismasi yaptik. Insan programlanmus 6liim 1 ve ligand
kompleksini inceledik. Metodumuz PD-L1 antikorlar1 ve kiigiik inhibitdrler i¢cin 6nemli
oldugu bilinen amino asitleri dogru bir sekilde saptadi. Son olarak, algoritmamizi 6nceki
sicak bolge tahmin algoritmamizla karsilagtirdik. Sonuglara gore, aracimiz Onceki
yontemimizden daha iyi performans gosterdi ve yeni farmasotik ¢aligmalar igin manivela
giicl saglayabilir.
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Chapter 1:
INTRODUCTION

Proteins have crucial roles in various molecular and cellular processes. They
interact with each other through their interaction sites, called the protein-protein
interface, to fulfill their function in the cell. The study of the interactions of proteins
involved in essential biological pathways will have a profound effect on understanding
these biological pathways.

The strength of the binding interaction between a protein and its binding partner,
i.e., binding affinity is defined in terms of the binding free energies of individual
residues. Binding free energies are not uniformly distributed among the residues found
in protein-protein interfaces. Hot regions are tightly packed residue clusters in PPIs that
account for the majority of the binding free energy of proteins, and hence, are crucial
for the stability of complexes [1]. Providing specificity to binding sites, these regions
are of great importance for drug discovery in pharmaceutical research. Investigation of
hot spot residues is significant to understand the principles of the interaction of two
proteins [2].

Experimentally, hot regions are investigated by alanine scanning mutagenesis
combined with X-ray crystallography [3-5]. However, this experimental procedure is
time-consuming and requires high effort. Therefore, computational methods are
required. In the literature, various algorithms can be found for hot region prediction [1,
6-8]. The existing hot region prediction algorithms perform clustering on
computationally predicted hot spots and ignore the potential existence of non-hot spot
residues in hot regions. However, experimental studies have demonstrated that non-hot
spot residues can also be found in hot regions. Here, we propose a novel approach to fill
this gap. The main objective of this study is to develop an algorithm to computationally
predict hot regions using unsupervised machine learning approaches. We combine two
well-known clustering algorithms: affinity propagation (AP)[9] and density-based
spatial clustering of applications with noise (DBSCAN)[10].

Our algorithm, first, extracts interface residues of a protein complex. A protein
interface is defined as a region that is composed of a set of residues that binds two

protein molecules by non-covalent interactions. For interface interaction, our algorithm
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uses the interface definition of Tuncbag et al. According to this definition, two residues,
belonging to different binding partners of the complex, are interacting if the distance
between any of their atoms is less than the sum of their van der Waals radii plus a 0.5 A
tolerance [11].

The second step of the algorithm is the feature calculation. There are plenty of
researches on computational hot spot prediction. According to these studies, knowledge-
based pair potentials and relative accessible surface area of residues have the strongest
effects on hot spot prediction. Hence, we use these features in our algorithm. We obtain
the knowledge-based pair potentials from Keskin et al. [12] and calculate relative
accessible surface area using Naccess [13].

Finally, the algorithm clusters residues based on calculated features plus their 3D
coordinates. First, clustering is performed by using affinity propagation. Then, from the
resulting clusters, the algorithm calculates average values for density parameters
required by DBSCAN. After the parameters are calculated, DBSCAN is run and final
clusters are obtained.

We prefer to combine two different clustering algorithms for clustering in order to
achieve best results. Affinity Propagation is parameter free, and effective to find
exemplars in a dataset but not suitable with arbitrary shaped clusters. On the other hand,
DBSCAN is suitable for clustering datasets with arbitrary structures. However, it needs
density parameters and is not suitable for datasets with varying density clusters.
Combining these two algorithms achieve better results than using one of them alone
[14].

We compared our predictions with experimentally found hot regions [3-5]. Results
have demonstrated that our predictions are highly correlated with experimental findings.
The precision of our algorithm is 0.68 and the accuracy is 0.62.

Additionally, we introduce a web-based tool which demonstrates predicted hot
regions and provides detailed structural information about the protein interface in
question with a friendly user interface. Furthermore, we have developed a database
which contains hot region information for 641.061 protein complexes. In our web
server, users can query data from our database or submit a new run to obtain hot regions
of'a complex not found in the database. Our tool demonstrates a 3D structural

visualization of the complex with colored hot regions and highlighted hot spot residues.
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Furthermore, we have conducted a case study to test the significance of our
predicted regions for clinical researches. We have shown that the hot regions predicted
by our algorithm contains residues which are important for designing small inhibitor
molecules to interfere PD-1/PD-L1 complex [15].

Lastly, we have compared our algorithm with our previous hot region prediction
method [1]. The results have shown that our tool outperforms the previous algorithm
and may be a leveraging step to novel pharmaceutical studies.

The remaining part of the thesis is formed from the following chapters: Chapter 2
presents a comprehensive review of studies focusing on experimental and computational
investigation of hot regions, machine learning based hot spot prediction, as well as
unsupervised learning-based clustering methods. This chapter provides background
information on unsupervised learning, clustering algorithms, AP, DBSCAN, and protein
interfaces.

In chapter 3, methodology of our computational hot region prediction algorithm is
explained in detail. In a given protein complex, first, interface residues are extracted.
Then, features are calculated. After feature calculation, a distance matrix is formed. We
use 3D coordinates, knowledge-based pair potentials and accessible surface area values
of residues as our features. Once the features are calculated, affinity propagation
algorithm is applied for finding clusters’ exemplars. Then, we form a density list and
use these densities to calculate optimal parameters for DBSCAN. Finally, we predict hot
regions.

Chapter 4 explains the details of an experiment conducted on nine protein
complexes (PDB IDs: 1JTG, 1A00, 1A22, 1BRS, 1EMV, 1IBR, 2C5L, 2WPT, 4GON).
For these complexes, we have ground truths from previous experimental studies [3-5].
Thus, we evaluate our clusters using ground truths. In this chapter, we show our
evaluation metrices. In addition, we perform a case study to demonstrate the
significance of hot regions in medical studies [15]. Lastly, we carry out a comparison
study of our tool with our existing hot region prediction method. Results are followed
by a short discussion.

Finally, the thesis is concluded with the major conclusions and the future directions

of the study.
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Chapter 2:
LITERATURE REVIEW

This chapter presents an extensive literature review of related work in the field.
First, we give general information about protein interfaces. Then, we explain the most
current computational hot spots and hot region prediction methods. We continue by
presenting clustering algorithms and exploring unsupervised learning. This chapter
concludes with a comprehensive summary about previous studies related to affinity
propagation (AP) and density based spatial clustering of applications with noise

(DBSCAN).

2.1  Protein-Protein Interaction

Protein-protein interactions (PPI) are crucial for biological processes in all living
cells. Identifying protein interfaces provides a better insight of infection mechanisms
and, hence, is potentially significant for pharmaceutical uses and drug development.
Here, we explain state of the art PPI prediction techniques, and we discuss related
challenges and current issues on this topic.

Experimental techniques identify the physiochemical interactions of proteins in
order to predict the functional relationships between them. These techniques are yeast
two-hybrid based methods [16], mass spectrometry [17], Tandem Affinity Purification
[18], protein chips [19], and hybrid approaches [20]. However, they are expensive, time
consuming, labor intensive, and unable to cover the whole PPI network. Therefore,
there is a need for computational techniques. Computational prediction of PPIs is an
extensively studied topic, and many approaches have been proposed. We can categorize
these approaches, based on the protein features which they use, into: Sequence-based
techniques and structure-based techniques.

In sequence-based techniques, the features of amino acids (aa) are utilized.
These techniques can be further classified as statistical methods and machine learning
(ML)-based methods. Table 1 and Table 2 display summaries of statistical and ML-

based methods respectively.
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Table 1:Statistical Sequence-based PPI prediction approaches [21].

Approach Extracted Features Technique/Tool Datasets

Mirror Tree Similarity of phylogenetic ~ Evolutionary distance, Escherichia coli protein
(Pazos and Valencia trees McLachlan AA homology (Dandekar et al. 1998)
2001) [22] matrix [23]

PIPE (Pitre et al. Short AA polypeptides Similarity measure Yeast protein

2006) [24], PIPE2

(Pitre et al. 2008) [25]

(DIP and MIPS)

Co-evolutionary

Divergence

(Liu et al. 2013) [26]

Co-evolutionary

information,

Pairwise alignment, Clustal W2

Table 2: Machine Learning Sequence-based PPI prediction approaches [21].

Human protein
(Matsuya et al. 2008
[27],

Prasad et al. 2009 [28])

Approach Extracted Features Technique/Tool Datasets

Auto Covariance AA physicochemical Auto covariance, Yeast protein
(Guo et al. 2008) properties SVM (DIP and MIPS)
[29]

Pairwise Pairwise similarity SVM Yeast protein
Similarity (Zaki

et al 2009) [30]

AA Composition AAC Logistic regression, Yeast protein (GRID),

(Roy et al. 2009) SVM, Naive Bayes worm protein

[31] (Li et al. 2004) [32], fly
protein (Biogrid)

AA Triad AA triad information RVKDE Human protein (HPRD)

(Yuet al 2010)

[33]

UNISPPI Frequency and composition Decision tree Twenty different

(Valente et al. of AA physiochemical eukaryotic species

2013) [34] properties

ETB-Viterbi AA residues Hidden Markov 3DID database

(Kern et al. models, Early

2013) [35] Traceback Viterbi

Alternatively, in structure-based methods, three-dimensional structural features

are used [36]. Structure-based methods include template-based, statistical, and ML-

based methods. The structure-based methods are summarized in Table 3.
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Table 3: Structure-based PPI prediction approaches [21].

Approach Extracted Features Technique/Tool Datasets

PRISM Interaction surface of Naccess, Human Protein

(Tuncbag et al. crystalline complex structures MultiProt, (Ozbabacan et

2011 [37]) Fiber-Dock al. 2012 [38],
Tuncbag et
al. 2009 [39])

PrePPI Secondary structure Bayesian Yeast protein,

(Zhang et al. 2012) networks, Human protein

[40] Naive Bayes

PID Matrix Score Potentially interacting domain PID matrix DIP, InterPro,

(Kim et al. 2002) pairs TrEMBL/SwissProt

[41]

PreSPI Domain combination interaction Interacting Yeast protein (DIP),

(Han et al. 2003 probability probability PDB

[42], 2004 [43]) equation

DCC Intra-protein and inter-protein Interaction S. cerevisiae protein,

(Jang et al. 2012) domain interactions significance Pfam

[44] matrix

MEGADOCK Shape complementarities, rPSC, Bacterial protein

(Ohue et al. electrostatics, ZRANK (Ohue et al.

2013a) and hydrophobic interactions 2012, Matsuzaki et
al. 2013)

Meta Approach Interaction surface of crystalline PRISM, Human protein

(Ohue et al. complex MEGADOCK

2013b) structures, shape

Random Forest

Existence of similar domains

Random Forest

DIP, Deng et al.,

(Chen and Liu Schwikowski et al.,
2005) Pfam

Struct2Net Homology with known Logistic Yeast, Fly, and
(Singh et al. 2006, protein complexes in PDB regression Human protein

2010)

2.2 Hot Spot Residues

Some residues in protein interfaces account for the majority of the binding

energy even though they comprise only a small fraction of the interface. These residues
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are called “hot spots”. Hot spot residues are essential for understanding protein
interaction principles. [2]

Previous studies have demonstrated that the amino acid composition of hot spots
is not random. The amino acids which have the highest probabilities of occurrence are
tryptophan (21%), arginine (13.3%), and tyrosine (12.3%). [45]

Experimentally, hot spot residues are found by alanine scanning mutagenesis.
First, residues are mutated to alanine which is the most basic amino acid. Then, the
change in binding free energy (AAG) is calculated. If the residue in question is a hot
spot, then > 2.0 kcal energy change occurs. However, alanine scanning mutagenesis
requires intensive time and effort. Therefore, various computational methods have been
developed for hot spot prediction. For the computational prediction of hot spots,
researchers exploit the physicochemical properties of amino acids (hydrophobicity,
hydrophilicity, polarity, and average accessible surface area), evolutionary information
in terms of evolutionary conservation score, the position-specific scoring matrix
(PSSM), and other sequence descriptors.

In 2007, Kortemme et al. introduced a server, Robetta, for the prediction and
analysis of protein structures. Robetta is able to provide AAG value for the mutation of
each residue to alanine in a given protein structure. [46] Darnell ef al. proposed a
method (KFC) to predict hot spots by a machine learning approach in 2008. The KFC
server characterizes the local structural environment for each residue in the interface
and compares the environments with the experimentally found hot spots’ environments
to make the prediction. [47] In 2009, Tuncbag et al. proposed an empirical formula
using the relative accessible surface area of residues in the complex state and
knowledge-based pair potentials [2] and developed a web server, called HotPoint [11].

Over the last ten years, numerous ML-based methods have been proposed.
These methods have been using structure-based, sequence-based, and/or energy-based
features. In order to find the strongest features to achieve best accuracy, feature
selection algorithms, such as F-score, random forest, support vector machines—recursive
feature elimination (SVM-RFE), minimum redundancy maximum relevance (mRMR),
and maximum relevance maximum distance (MRMD) have been used. For future
extraction, linear discriminant analysis (LDA) and principal component analysis (PDA)
are the most commonly used methods. In the prediction model, frequently used machine
learning approaches are nearest neighbor, support vector machines (SVM), decision

7
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trees, Bayesian networks, neural networks, and ensemble learning. Studies have shown
that best predictive results are achieved by using one of the ensemble learning
algorithms, gradient tree boosting (GTB), and by combining ASA related features and
PSSM (ASA+PSSM) [438].

2.3 Hot Regions

Research on protein interfaces and hot spots has reported that hot spots are not
randomly located on the interfaces; instead, they are found as clusters. These
energetically important clusters are known as hot regions or hot segments. Taking this
knowledge into consideration, for understanding protein interactions, hot regions
provide better information than hot spots solely. Therefore, hot regions have potential
significance for discovering treatments for diseases. As in the case of hot spots,
experimental discovery of hot regions is time as well as labor intensive. Thus,
computational techniques are required.

In 2011, Cukuroglu et al. proposed a technique for hot region prediction.
HotRegion is a web-based server and database which predicts and shows hot spots and
hot regions. For hot spot prediction, it uses the same formula as the HotPoint server
does [1]. HotRegion predicts hot regions by a simple graph algorithm. It constructs a
graph where hot spots are nodes, and there is an edge between two nodes if two hot
spots are close enough to interact. After graph formation, the algorithm finds subgraphs
containing at least three nodes and labels these subgraphs as hot regions. A weakness of
this algorithm is that it merely considers hot spots, but it does not note the other residues
which may highly contribute to the binding free energy.

In 2016, a machine learning-based hot region prediction method was developed
by Lin et al. [7] Their algorithm uses support vector machines (SVM) based on an
ensemble learning system to predict hot spots. Precisely, they combined SVM and
AdaBoost. They utilized minimum-redundancy-maximum-relevance (mRMR)
algorithm so as to select features for their classification. They stated that evolutionary
conservation score is one of the most important features of residues for hot spot
prediction. After classifying hot spot and non-spot residues, they found hot regions by
using the local community structure detecting algorithm based on the identification of

boundary nodes (LCSDA).
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Jing Hu and Xiaolong Zhang proposed density-based clustering for hot region
prediction [49]. First of all, they tried clustering residues and then removing non
hotspots from clusters. However, they faced the struggle of finding optimal density
parameters. Therefore, they could not achieve good accuracy. They tried to address this
issue with various approaches. In 2015, they combined neighbor residues with interface
residues to achieve improve accuracy [49]. However, their results were still not
satisfactory. Later that year, they proposed using incremental clustering with parameter
selection. In this approach, they, first, fixed density and enumerate radius of clusters.
Then, they reversed their technique and enumerated density by fixing radius. By using
parameter tuning, they could achieve slight improvement in accuracy [6].

In 2018, they have analyzed hot region predictions with different amino acid
mutations [7]. They suggested that distinct mutations would result in various energy
changes and hence, different feature selections would be required for predictive models
in the presence of mutations. Results have demonstrated that RctASA, hydrophobicity,
BpASA and BminCX are the most significant features for distinguishing hot spots and
non-hot spots. Additionally, they concluded that their model performs better in the

presence of Leu, Gly and Pro mutations.

2.4 Clustering Algorithms

Clustering is defined as the process of grouping similar objects together. The
objective of clustering algorithms in unsupervised learning is to find data points with
similar features and group them. There are a wide variety of algorithms developed to

cluster unlabeled data points.

2.4.1 K-means Clustering

K-means clustering is one of the oldest but most frequently used clustering
algorithms. Once developed, it was a computationally expensive procedure. However, it
has been improved throughout the years. Input for k-means clustering algorithm is “k”
whose definition is the number of clusters desired to be found. This algorithm first
places k centroids in random locations on a given data set. Secondly, it assigns data

points to the closest clusters using Euclidean distance between data points and
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centroids. Then, it redefines each cluster’s center as a mean of data points belonging to
that cluster. This procedure is repeated until no change occurs.

Mean of each cluster is called the centroid of that cluster. The centroids, usually,
do not correspond to any point in the given dataset but live in the same space. The
algorithm aims to select centroids so that it minimizes a criterion called inertia or
within-cluster sum-of-squares. Inertia is a measure of how internally coherent the
clusters are. However, there are two major disadvantages of this approach:

1. Inertia assumes that clusters are isotropic and convex which not always the case.
Thus, it could not perform good when the clusters are elongated or have
irregular shapes.

2. Inertia is not a normalized metric. The smaller it is, the better the results are. If it
is zero, then the results are optimal. However, in high dimensional spaces,
Euclidean distances are inflated. In this case, a dimensionality reduction
algorithm such as Principal Component Analysis (PCA) can be required for
better performance.

Besides these disadvantages, K-means Clustering is not useful for the data sets with

unknown number of clusters [50].

2.4.2 Affinity Propagation

Affinity propagation (AP) is another clustering algorithm which was first
introduced by Frey et al. In this algorithm, there is no need to know how many clusters
there are in a data set. The algorithm is based on messaging among data points. [19]

AP’s input is the similarities between the data points. Based on certain criteria, this
algorithm finds representatives for each cluster, named “exemplars”. Then, until a
consensus is obtained, the data points exchange messages among themselves.

AP is useful since it does not require number of clusters in a given dataset.
However, it is a computationally expensive algorithm. Time complexity is O(NT) where
N is the number of data points and T is number of iterations until convergence is
achieved. The memory complexity of the algorithm is also high, which is O(N?).
Therefore, AP is useful for small and medium size data sets whereas it is not useful for

large data sets [9].

10
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2.4.3 Mean Shift

The objective of Mean Shift clustering is to identify blobs in a smooth density of
samples. Similar to previously explained clustering algorithms, mean shift clustering is
based on centroids. It updates centroids until it converges to the mean of the points
within a given region. The algorithm has a post-processing step to filter near-duplicates
and form the final set of centroids.

Unlike k-means clustering but like affinity propagation, mean shift automatically
finds the number of clusters. On the other hand, it suffers from the drawback of not
being highly scalable. During the execution of the algorithm, nearest neighbor search is

performed multiple times [51].

2.4.4 Spectral Clustering

In Spectral Clustering, the first step is dimensionality reduction using the
eigenvalues of the given dataset’s similarity matrix. The second step is clustering the
data in lower dimensional space by means of K-means clustering approach.

Spectral clustering is a popular approach in graph theory which enables
identification of communities of nodes in a graph according to the edges connecting
them. It is a flexible algorithm and can be used for clustering non graph data as well.

The recent version of the algorithm needs the number of clusters as input since it
uses k-means for clustering. Its performance is satisfactory for a data set having small
number of clusters. However, it is not advised for dataset with large number of clusters

[52].

2.4.5 Hierarchical Clustering

Hierarchical clustering is the name of a clustering algorithms family which forms
nested clusters by merging or splitting them successively. In hierarchical clustering, a
dendrogram represents the hierarchy of clusters. The leaves of the dendrogram
corresponds to clusters with one data point whereas the root corresponds to the cluster
with all data points. Clustering can be performed by a top-down or bottom-up approach.

Agglomerative Clustering is an example of hierarchical clustering using a bottom

up approach. The final clusters are formed by successive merges. There are multiple

11
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criteria which can be used as merging strategy: ward, maximum (complete) linkage,
average linkage, and single linkage.

Ward aims to minimize variance similar to k-means. It minimizes the sum of
squared distances within all clusters. Maximum or complete linkage works to minimize
the maximum difference between clusters. As the name suggests, the average distance
among clusters are minimized in average linkage approach. Finally, in single linkage,
the closest pair of data points between clusters are minimized.

Agglomerative Clustering is scalable and thus, can be used for large number of
samples. However, it becomes computationally expensive when no connectivity
constraints exist between samples and hence, the algorithm requires to consider all

possible merges in each iteration [53].

24.6 Density-based Spatial Clustering of Applications with Noise

Recently, various unsupervised clustering methods have emerged from the
framework of k-means clustering including density-based spatial clustering of
applications with noise (DBSCAN) [10]. Density-based Spatial Clustering of
Applications with Noise is an efficient clustering algorithm for spatial data sets. This
algorithm has two inputs: epsilon (eps) and a minimum number of points (minPoints).
Epsilon is a radius which is used to draw an imaginary circle around a data point and
find nearby points. Using epsilon value, there has to be at least minPoints data points
close to each other in order to define a cluster. By default, DBSCAN algorithm uses
Euclidean distance. However, it also works for data sets with predefined distance
matrices.

MinPoints parameter highly depends on the data set. A general approach to finding
minPoints is that it should be at least equal to n+1 where n is the number of dimensions
of data points. However, optimally, different minPoints parameters should be utilized
for varying density clusters. Otherwise, algorithm may misidentify some small clusters
as noise. In order to prevent misidentification, either the algorithm must be modified or
the most representative minPoints parameter must be used.

Finding optimal epsilon is crucial for forming adequate clusters. DM/DBSCAN is
an algorithm which finds an optimal epsilon for a dataset and clusters points by

DBSCAN with found eps [54]. In order to find epsilon, the algorithm first finds kth

12
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nearest neighbor of each data point. Then, it sorts distances in ascending order. In the
graph of kth nearest neighbor vs. data point, critical point gives the optimal value.

One of the advantages of DBSCAN is the ability to differentiate noise points which
do not belong to any of the clusters. On the other hand, one epsilon and one minPoints
may not be representative enough for clusters with varying densities. Therefore,
DBSCAN does not work efficiently on datasets with various densities. Furthermore,

DBSCAN algorithm struggles to separate clusters which are close to each other [14].

24.7 Hierarchical Density-based Spatial Clustering of Applications with Noise
(HDBSCAN)

Hierarchical DBSCAN is an extended version of DBSCAN to hierarchical
clustering. It is developed by Campello et al. [5S] HDBSCAN runs DBSCAN with
varying epsilon. Then, the results are integrated to find a clustering that is the most
stable one over the epsilon. HDSCAN is developed to address the issue of DBSCAN on

datasets with varying density clusters and it is more robust to parameter selection.

248 OPTICS

The OPTICS algorithm is very similar to DBSCAN algorithm. The main difference
is that the OPTICS takes the epsilon parameter as a range instead of a single value. It
builds a reachability graph. It assigns two attributes to each sample which are
reachability distance and the cluster ordering. These attributes are used for determining
cluster membership.

The reachability distance allows OPTICS to cluster data sets with varying density
clusters. However, DBSCAN has a shorter execution time as OPTICS runs repetitively
for varying eps values. On the other hand, a single OPTICS run is shorter than the
cumulative run time of DBSCAN multiple times.

In OPTICS, spatial indexing trees are used, which eliminates the need for
calculating the full matrix distance. Therefore, OPTICS is more efficient on large data
sets in terms of memory usage when compared to DBSCAN.

OPTICS and HDBSCAN produce similar results on large datasets. Although
OPTICS is more efficient in terms of memory complexity, HDBSCAN is better in terms

of time complexity since it is multithreaded [56].
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24.9 Birch

Birch clusters datasets using a graph-based approach. It forms a tree called
Clustering Feature Tree (CFT). The nodes of the tree (CF Nodes) carry lossy
compressed information of data points. The CF Nodes contain sub clusters called
Clustering Feature sub clusters (CF Sub clusters).

CF sub clusters contain the following information and allow elimination of
unnecessary data:

e Number of samples in a subcluster.

e Linear Sum - A n-dimensional vector holding the sum of all samples
e Squared Sum - Sum of the squared L2 norm of all samples.

e (Centroids - To avoid recalculation linear sum / n_samples.

e Squared norm of the centroids.

Birch can be considered as a data reduction algorithm. If the number of clusters is
given as an input parameter, the compressed data is fed into a global clusterer. If the
number of clusters is not specified, the sub clusters from the leaves are directly obtained

as cluster labels and data points are assigned to nearest clusters [57].

2.4.10 APSCAN

Chen et al. developed a new clustering algorithm combining AP and DBSCAN
in 2011[14]. As stated above, DBSCAN is insufficient for datasets having varied
density clusters. APSCAN algorithm aims to solve this issue.

The APSCAN algorithm introduces a modified version of DBSCAN called
double-density-based SCAN (DDBSCAN). The DDBSCAN algorithm takes two set of
density parameters as input; in other words, it takes two sets of epsilon-minPoints pair.
The purpose of the DDBSCAN is to find clusters with each set of parameters
independently and come to a better conclusion of the correct clusters.

In the APSCAN algorithm, local densities are detected first, and a normalized
density list is created by affinity propagation (AP). Then, each density parameter pair is
combined with another from the normalized density list and given to DDBSCAN to
produce clusters. In the end, various clusters with varying parameters are obtained.

Lastly, these clusters are synthesized into a final result.
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In summary, the two major advantages of the APSCAN algorithm are (i)
working without predefined input parameters and (ii) having the ability to cluster data
with varying densities while preserving the nonlinear data structure for such sets.
Therefore, APSCAN algorithm works better for the data sets with varying density
clusters which are very common in computational biology and other real-world
applications.

In this thesis, we have used a simpler version of APSCAN. First, we form
clusters using AP. Then, we generate a density list. Instead of running DBSCAN
multiple times, we run it only once with the average of epsilon values and minimum of
minPoint values in the density list. We use affinity propagation to determine DBSCAN
parameters. We prefer to use DBSCAN over OPTICS or HDBCAN as they are
optimized for large data sets. The nature of our problem involves small datasets, i.e.,
protein interfaces. Therefore, with a wise selection of parameters, DBSCAN produces
satisfactory results in shorter execution time. Details of the algorithm is explained in the

following section.
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Chapter 3:
METHODOLOGY

In this chapter, the materials and methods for design and implementation of our
new hot region prediction web server are explained. The section starts with the preview
and a brief commentary on main functionalities that user can find at our web server, and
this is followed by step-by-step explanation of the inputs, processing steps and output
features in the methodology workflow. This is followed by software architecture of the
system, database management, and web-based properties related to interface

visualization.

3.1  HotRegion v2.0 Web Server

HotRegion v2.0 is an automated pipeline tool to predict hotspots and hot regions on
a protein-protein interface and visualize the 3D structure of the complex. The web page
is connected to a database which contains hot region information of 641.061 protein

complexes and is continuously growing as users submit new jobs to the server.

HotRegion HOME  TUTORIAL  REFERENCE

HotRegion v2.0:

151N protein-protein inte

Figure 1: HotRegion v2.0 home page

The main functions that users can take advantage of by using our web-based tool can

be listed and summarized as follows:
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Users can retrieve hot region information from the database. For each
protein complex, the database contains PDB ID, keywords, gene ontology
and molecular function data. Using PDB ID or with a keyword-based
search, users can obtain hot region information of the protein complex in
question. The database stores hot region information as a json object for
each protein complex. The json object contain interface residues, their
structural properties, hot spot information and the hot region cluster
identifier if a residue resides in a hot region or -1 otherwise.

Users can obtain hot region information for the complexes that are not
found in the database. When the protein complex of interest does not exist
in the database, users can run the hot region prediction algorithm on the
complex. The algorithm requires structural information of the complex in
PDB format. In this case, either the user provides the structure file in PDB
format or specifies a PDB ID and two chain identifiers to obtain the
structure file from Protein Data Bank. The algorithm, first, extracts interface
residues. Secondly, it calculates structural properties of residues such as
accessible surface area and knowledge-based pair energies and then,
clusters residues. Once hot regions are obtained, the database updates itself.
Users can retrieve structural properties of interface residues. The algorithm
calculates accessible surface area of residues in the monomer state and in
the complex state. Relative accessible surface area values are also calculated
for both states. In order to calculate accessible surface area, the algorithm
uses an external algorithm called Naccess [61]. Knowledge-based pairwise
energies [12] for the residues are also calculated by the algorithm. These
structural properties are stored in the database with the hot region
information. Therefore, in addition to the hot region information, users can
access structural properties of residues by using our tool.

Users can see a list of hot spot residues. Hot spots have great importance
for understanding interface stability. They are found in clusters at protein-
protein interfaces. Therefore, hot regions are rich in hot spots. Researchers
who study protein interactions tend to investigate hot spots in hot regions.

For this reason, we predict hot spots using HotSpot algorithm [11], store hot
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spot information in our database and highlight hot spots in our hot regions
during 3D visualization.

o Users can retrieve gene ontology annotations for each protein. In the
previous version of HotRegion database, users can query hot region
information based on PDB ID. However, this approach is not sufficient for
every case. For example, a researcher may be studying a pathway which
includes various proteins. To obtain hot region information for all
complexes which involve in the pathway, the user has to find PDB IDs of
all complexes and enter them to the system one by one. This is time
consuming. In order to improve the capability, we come up with a more
user-friendly approach for the HotRegion v2.0. In addition to PDB ID, we
store GO annotations obtained from UniProt. Thus, users can query
complexes with a keyword-based search. For the given example, when the
user enters the name of the biological pathway, all proteins involving in the
pathway are shown as a list and the user can obtain hot region information
for all proteins by only clicking the corresponding entry from that list.

o Users can view 3D structural models of protein complexes. For selected
PDB-PDB interaction, users can visualize the complex structure, can
identify the interface and non-interface residues, view hot regions and hot
spot residues.

o  Users can download the results. The tool generates a file which shows all
calculated features, hot spot and hot region information. Users can
download this file and use it with other tools afterwards.

e Users can retrieve jobs. When a user submits a job to predict hot regions,
the results are stored in the database with a unique job identifier. The
returning users can query the results of their previously submitted jobs by

entering their email addresses and job ids.

3.2 Workflow of Methodology

Our methodology stages have been tailored to the needs of researchers working on
protein-protein interactions. As the experimental findings are available for a very

limited number of complexes and experimental procedures are time consuming as well
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as labor intensive, many researchers are going towards computational methods and tools
to analyze protein complexes. Proteins tend to interact with other proteins to fulfill their
functions. These interactions occur throughout interfaces. The binding specificity and
affinity of protein interfaces are determined by the properties of residues which form the
interface. For protein complex formation, correct orientations of residues are required.

Analyzing the distribution of the residues across the interface and the interactions
among them help us understand how proteins recognize their binding partners. The
interface residues have tendency to cooperate during the interactions and they form
modules in the interface. These modules provide specificity and binding affinity to the
proteins and their combinations yield a powerful mechanism for a protein to bind its
multiple partners through unique interfaces.

Hot regions are the clusters of interface residues. As shown in previous studies,
they are useful for interpretation of interface features. In this thesis, we present a web-
based tool to illustrate the residue cooperativity information at protein-protein
interfaces. We have a database which stores protein—protein interfaces which are
extracted from Protein Data Bank (PDB). This database dynamically updates itself
according to the search queries submitted by users. When a user searches for a protein
complex which does not exist in the database, the structure file is downloaded from
PDB, hot regions are found by the algorithm and the results are saved to database. With
our tool, we aim to help researchers detect the functionally important interface residues
and cooperativity between them, investigate the stability of the complexes, and
understand the specificity of the interfaces.

In a protein complex, the interface is defined as a region where the residues of two
proteins are in contact. Two residues from each protein are contacting if the distance
between any two atoms, belonging to these residues is less than the sum of their van der
Waals radii plus 0.5 A. Protein-protein interfaces are composed of hot spot and non-hot
spot residues. Hot spot residues are the residues whose relative accessible surface area
(ASA) are less than or equal to 20 and knowledge-based pair potentials in absolute
value is higher than 18. In order to define hot regions, interface residues are clustered
using density-based clustering of applications with noise (DBSCAN) algorithm. This
algorithm requires two parameters to define the densities of clusters. Optimal
parameters for DBSCAN are found with the help of another clustering algorithm, called

affinity propagation (AP). Affinity propagation, without extra parameters, forms
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clusters and finds exemplars of these clusters. The optimal density parameters for
DBSCAN are calculated from the clusters found by AP. Although affinity propagation
can form clusters without parameters, it cannot produce satisfactory results for clusters
with arbitrary shapes. Therefore, DBSCAN is required to find hot regions correctly.

The subsequent sections follow the workflow of the methodology in Figure 2 and
explains the input data which comes from the user, the processing steps of HotRegion

v2.0, and the output features in detail.

R Protein Structure
in PDB format
Interface
Extraction
ASA Calculation of
Calculations Knowledge-based
Pair Potentials
Processing
Steps

Calculation using Affinity

Density Parameters
Propagation (AP)

Hot Region Prediction
using DBSCAN

Output 3D view of Hot spot residues St Tonlone
P complex structure on the interface 9

Figure 2: HotRegion v2.0 Framework

3.2.1 Inputs

The algorithm takes two inputs: Interface identifier and PDB file. Interface ID is a
6-letter identifier which is obtained by merging 4 letter PDB ID and two chain

identifiers. The interface identifier of the barnase-barstar complex is, for instance,
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IBRSAD where 1BRS is the PDB ID of the complex and it contains two chains; chain

A and chain D.

In order to calculate features of residues and cluster them, the algorithm requires

structural information of the complex. The Protein Data Bank stores structural data of

macromolecules which are obtained from X-ray diffraction and NMR studies. The data

is available in PDB format which is a standard representation for macromolecule

structures. Since its creation in 1970, PDB format has been widely used by a vast

amount of software [58].

ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM
ATOM

1 2 4 5 6
12345678901234567890123456789012345678901234567890123456789012345678901234567890
32 N AARG A -3 11.281 86.699 94.383 0.50
33 N BARG A -3 11.296 86.721 94.521 0.50
34 CA AARG A -3 12.353 85.696 94.456 0.50
35 CA BARG A -3 12.333 85.862 95.041 0.50
36 C AARG A -3 13.559 86.257 95.222 0.50
37 C BARG A -3 12.759 86.530 96.365 0.50
38 O AARG A -3 13.753 87.471 95.270 0.50
39 O BARG A -3 12.924 87.757 96.420 0.50
40 CB AARG A -3 12.774 85.306 93.039 0.50
41 CB BARG A -3 13.428 85.746 93.980 0.50
42 CG RARG A -3 11.754 84.432 92.321 0.50
43 CG BARG A -3 12.866 85.172 92.651 0.50
44 CD AARG A -3 11.698 84.678 90.815 0.50
45 CD BARG A -3 13.374 85.886 91.406 0.50
46 NE AARG A -3 12.984 84.447 90.163 0.50
47 NE BARG A -3 12.644 85.487 90.195 0.50
48 CZ AARG A -3 13.202 84.534 88.850 0.50
49 CZ BARG A -3 13.114 85.582 88.947 0.50
50 NHIAARG A -3 12.218 84.840 88.007 0.50
51 NH1IBARG A -3 14.338 86.056 88.706 0.50
52 NH2AARG A -3 14.421 84.308 88.373 0.50

Figure 3: An example snapshot from a PDB file

.88
.60
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The PDB file of a protein contains various information including the source study,

primary and secondary structures of the protein, and atom coordinates. Figure 3: An

example snapshot from a PDB file demonstrates atom coordinates section of a PDB

file, which our hot region prediction algorithm particularly uses. The meanings of each

column are explained in Table 4.
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Table 4: PDB file atom coordinates section format explanation

COLUMNS DEFINITION

7-11 Atom serial number

13-16 Atom name

17 Alternate location indicator
18-20 Residue name

22 Chain identifier

23-16 Residue sequence number
27 Insertion code

77-78 Element symbol

79-80 Charge on the atom

In case the alternative locations are exist for atoms in the PDB file, the algorithm
considers only the first location. The first model is utilized for NMR structures. The
algorithm only works for protein complexes. Therefore, it returns no information for

DNA and RNA structures.

3.2.2 Interface Extraction

A protein interface is defined as a region which is composed of a set of residues
that binds two protein molecules by non-covalent interactions. For interface interaction,
our algorithm uses the interface definition of Tuncbag et al. According to this
definition, two residues, belonging to different binding partners of the complex, are
interacting if the distance between any of their atoms is less than the sum of their van
der Waals radii plus a 0.5 A tolerance [11]. The tolerance value can be manipulated by
users through our web-based tool.

As shown in Figure 3, the coordinates of atoms are given in the PDB file. The
algorithm parses PDB file using PBD Parser module of Biopython library [59]. Using
this module, the residues of a chain (a partner in the complex) can be extracted easily.
The code spinet below (Error! Reference source not found.) demonstrates this

procedure.
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Algorithm 1: Extracting residues by chain id using Biopython

import Bio.PDB

parser = PDBParser ()

structure = parser.get structure (‘PDBStructure', "PDBFile.pdb")
model = structure(0]

chain 1 = model[chain id 1]

chain 2 = model[chain id 2]

After the extraction of residues by chain id, the algorithm loops through the

residues of first chain and checks if one of the atoms of this residue is interacting with

an atom of another residue from the second chain. When an interacting pair is found,

both residues are added to a list and loop continues with the next residue.

Algorithm 2: Algorithm to check whether two atoms are interacting

def is atoms interacting(self, atom 1, atom 2):

rl = dictionaries.VDW RADII[atom 1l.get parent().get resname ()] [atom 1l.get id()]
r2 = dictionaries.VDW RADII[atom 2.get parent().get resname ()] [atom 2.get id()]
distance = abs(atom 1 - atom_2)

return True if distance < (rl+r2+0.5) else False

Algorithm 2 indicates how the algorithm finds interacting atoms coming from
two different residues belonging to different chains. VDW_RADII is a dictionary which
contains radius of all atoms which may be found in residues. Full code of interface

extraction module can be found in the Appendix section.Inputs

3.2.3 Feature Calculation

The interface extracted by interface extraction module is sent to feature calculation
module. Feature calculation module has two sub modules which are ASA calculator and
knowledge-based pair potential calculator.

One of the core concepts in machine learning is feature selection. Feature selection
has great impact on the performance of learning model. It aims to eliminate redundant
and/or irrelevant features to decrease complexity and increase model performance. In
recent decades, protein-protein interaction and hot spot prediction studies depend highly
on machine learning approaches. Therefore, feature selection is essential for these

studies to achieve good results. Feature selection studies on protein interfaces have
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demonstrated that using the combination of ASA related features and pairwise energy
scores reveals best predictive results in hot spot prediction. Thus, these features are
significant for predicting the stability of interactions between residue pairs.

Solvent accessible surface area (SASA) or accessible surface area (ASA) is the area
on the surface of a biomolecule which is accessible to a solvent. The term, ASA, was
defined by Lee and Richards in 1971 and it is also known as Lee-Richard molecular
surface [60]. In our algorithm, ASA related features are calculated using Naccess [61].
Naccess finds the atomic accessible surface by using ‘rolling a ball’ approach. In this
approach, a probe with a known radius is rolled around the surface of the
macromolecule and the accessible surface is defined as the path traced out by its center.
Water molecule, that has 1.4 A radius, is used as probe. Hence, the surface is called the
solvent accessible surface. Naccess approximates the accessible surface of each atom by
making successive thin slices through the 3D molecular volume. In our pipeline, we
calculate four ASA related features using Naccess. These features are ASA in monomer
state, relative ASA in monomer state, ASA in complex state, and relative ASA in
complex state. For a given complex, if a residue has lower ASA related features, then
this residue is not on the surface and hence, they may contact other residues to
contribute to the interaction of two partners in the complex.

Knowledge-based potential is defined as an energy function that is derived from the
analysis of known protein structures. There are various methods to determine potentials.
In the scope of this thesis, we use knowledge-based solvent mediated inter-residue
potentials calculated by Keskin et al. [12] They followed a statistical approach to
calculate potentials and form a 20x20 matrix which shows 210 distinct contact
potentials between all possible pairs of 20 amino acids. The contact potentials are in RT
unit where R is the universal gas constant, and T is the absolute temperature.

Pair potential calculator submodule calculates a potential value for each interface
residue. For each residue, submodule extracts the neighbors of that residue. A residue is
defined as a neighbor of another residue if the distance between their side chain center
of mass is less than 7.0 A, and there are at least four other residues in between, in other
words, they should not be close neighbors in the sequence. The threshold value (7.0 A)
for neighbor detection can be changed by users through our web-based software. We

adopt the total contact potential definition from Tuncbag ef al. [11] According to this
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definition, the absolute value of the sum of the contact potentials between a residue and
its neighbors is equal to the total contact potential of that residue.

Appendix section includes full code of feature calculation module.Inputs

3.2.4 Density Calculation using Affinity Propagation

In our pipeline, feature extraction module is followed by the clustering module.
Clustering module has two submodules. First submodule finds exemplars of the clusters
and calculates density parameters using affinity propagation method. The density
parameters are fed into the second submodule which runs density-based clustering of
applications with noise algorithm to obtain final results.

Affinity propagation [9] is a clustering algorithm which clusters data points based
on a message passing approach. It differs from k-means and k-medoids clustering
algorithms since it does not require the number of clusters to be determined or estimated
before running the algorithm. On the other hand, it is similar to k-medoids as it founds a
subset of data points which is composed of the representatives of the clusters.

Figure 4 is an illustration of how affinity propagation works on two-dimensional
data points. AP constructs a network on which each node represents a data point. It
simultaneously considers all nodes as potential representatives of clusters. Then, it
recursively sends messages along the edges of the network until good clusters are
formed. Similar to k-medoids, it measures similarity between data points using negative
Euclidean distance or squared error. In (A), colored points represent cluster exemplars
according to the current evidence. A directed arrow from a node to an exemplar
demonstrates the message that the point belongs to the cluster of that exemplar and the
darkness of the arrow represents the strength of the message. The strength of the
message from a data point to an exemplar is defined as responsibility. Responsibility is

calculated from (1)

r(i,k) < s(i, k) — max {a(i, k") +s(i,k')} (1)

k! such that k' £k

where i is the data point, k is the exemplar, s(i, k) is similarity, and a(i, k) is

availability. Availability is the message sent from exemplar to a data point to indicate
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the degree of the availability of that candidate exemplar for the data point. Availability

is calculated from (2)

a(i, k) < min {0, 7(k, k) + z max (0, 7', k))}
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Figure 4: Working principle of affinity propagation [9]

Cluster module of scikit-learn library has an implementation of affinity
propagation. In our clustering module, we call affinity propagation algorithm from
scikit-learn. It has various configuration parameters including ‘affinity’ to use
precomputed similarities instead of negative squared Euclidean distance, and
‘random_state’ to obtain reproducible results. Here, AP is called with default
parameters.

AP returns cluster centers and cluster labels for each data point. Using cluster
representatives and labels, our algorithm finds a pair of optimal density parameters. In

order to find optimal parameters, the algorithm forms a density list using the same
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approach with APSCAN [14]. The density of a cluster is represented with two
parameters which are the number of points in the cluster and the radius of it. Given a
dataset of N points, AP divides the dataset into K fragments. The density of each
fragment is defined below:

_numberi B =123 K 3
pi = radius, where i = 1,2,3, ..., 3)

First of all, our algorithm calculates density for each fragment. Secondly, it finds
the average value of all densities. Then, it constructs a list of fragments whose densities
are higher than the average density while eliminating the ones whose density is less than
or equal to the average. The constructed list contains (number, radius) pairs. From that
list, minimum of the numbers and average of the radii are selected as clustering
parameters for the next submodule. Source code of the submodule can be found in

Appendix section.

3.2.5 Hot Region Prediction using Density-based Clustering of Applications with

Noise

Our algorithm takes advantage of density-based clustering of applications with
noise (DBSCAN) approach to predict hot regions on protein-protein interfaces (PPIs).
DBSCAN is a non-parametric clustering algorithm [10]. It clusters closely packed
points, which has many nearby-neighbors, and marks outliers, which lie on low-density
regions, as noise. In summary, the main concept of the DBSCAN algorithm is to locate
high density regions which are separated by low density regions. Density is defined as
follows:

¢ Density at a point P: The number of points within a circle of radius () from
point P.

e Dense region: For each point in the cluster, the circle with radius € contains
at least minimum number of points.

The DBSCAN algorithm has two mandatory inputs which are ‘minPoints’ and
‘eps’. The closeness of points to each other to be considered a part of a cluster is
determined by epsilon (eps). If the distance between two points is less than or equal to
eps, then these points are considered as neighbors. MinPoints is defined as the minimum

number of points required to mark a region as a cluster. For instance, each cluster
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should contain at least 5 data points if minPoints parameter is set to 5. In DBSCAN,

there are three types of data points: core point, border point, and noise point.

Border Point
o

Core Point ' :.‘

Figure 5: Data points types and epsilon neighborhood in DBSCAN [62]

e Core point is a point which has at least minPoints points within its epsilon
neighborhood.
e Border point is a point which has less than minPoints points within its epsilon
neighborhood but is a neighbor of a core point.
e Noise point (outlier) is a point which is neither a border point nor a core point.
Between any two different points, there can be one of the three different
relationships. These relationships are density reachable, directly density reachable, and

density connected.
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Border Point

a, b are Density Reachable from a core point c.

Core’,sc','i'ht a, b are called Density Connected points.

Border Point &\ o "

Figure 6: Relationships between data points in DBSCAN. [62]

Figure 6 is an illustration of three kinds of relationships between data points. As
can be seen in the figures, border points have significantly fewer neighbor points than
that of core points. Setting minPoints parameter to a low value to include border points
in clusters can cause the algorithm to fail detecting and excluding outliers from the
clusters. At this point, the concepts of density reachable and density connected points
appear. A data point, a is directly density reachable from another point b if b is a core
point and a is in b’s epsilon neighborhood. The points a is density reachable from
another point b if there is a chain of points bi,bz,bs,...by, where by=a such that b+ is
directly density reachable from b;for 31 € [1, n-1]. In some cases, two points a and b
are both border points and they belong to the same cluster. However, they do not share a
common specific core point. If there exists a core point from which points a and b are
both density reachable, then these points are called density connected.

The DBSCAN algorithm starts running from a random point. The epsilon
neighborhood of the point is determined based on the parameter eps. If there exists at
least minPoints neighbors in epsilon neighborhood, then the point is marked as core
point and the algorithm starts constructing a cluster. Otherwise, the point is marked as
noise. When a cluster construction starts, the algorithm adds the points which reside in
the epsilon neighborhood of the core points to the cluster. If these points are also core
points, their neighbors are also added to the cluster. Then, the algorithm picks another
point at random and repeats the procedure until no data points remain unvisited. During

execution, a point which is marked as noise may become a part of a cluster later.
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Algorithm 3: Pseudo-code of DBSCAN
DBSCAN (D, eps, minPoints):
cC =20
for each unvisited point P in dataset D:
mark P as visited
NeighborPoints = regionQuery (P, eps)
if sizeof (NeighborPoints) < minPoints:

mark P as noise

else:
C = next cluster
expandCluster (P, NeighborPoints, C, eps,
minPoints)
expandCluster (P, NeighborPoints, C, eps, minPoints) :
add P to cluster C
for each point P’ in NeighborPoints:
if P’ is unvisited:

mark P’ as visited
NeighborPoints’ = regionQuery(P’, eps)

if sizeof (NeighborPoints’) > minPoints:
NeighborPoints += NeighborPoints’
if P’ is not yet a member of any cluster:

add P’ to the cluster C

regionQuery (P, eps):

return all points that are in P’s eps neighborhood including P
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Scikit-learn library has an implementation of DBSCAN algorithm in its cluster
module, from which our algorithm calls. The source code of our clustering with

DBSCAN submodule is attached to Appendix section.

3.2.6 Retrieval of Hot Region Information using HotRegion v2.0 Webserver

We have developed a web-based software in addition to the hot region prediction
algorithm based on machine learning approaches. The web-based software provides a
user-friendly interface to users and allow them to obtain hot region information easily.

To eliminate running the hot region prediction algorithm for the same complex
multiple times, we store the results in a database. Therefore, users can query hot region
information from the database very fast. The database contains all the complexes found
in Protein Data Bank as of April 2020. The database has two tables and the data can be
queried via simple or advanced search. First table stores protein-protein interface
information. The data stored in this table offers researchers to investigate hot regions of
protein complexes and obtain structural properties of interface residues including pair
potentials, ASA and relative ASA values of monomer and complex forms. PDB title,
Gene Ontology (GO) annotation molecular function, and biological process information
is also stored in the table. Second table deposits the results of jobs submitted by users
with customized parameters and/or user uploaded PDB files. Using their email
addresses and job identifiers, users can retrieve the results any time. The database is

publicly available for free without any authentication requirements.
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HOTREGION

A new method to predict hot regions in protein-protein interfaces.

Keyword-based Search

Search via Interface ID or Su |

PDB Code:

Chain 1: Chain 2:

Figure 7: Keyword-based search
Figure 7 is an illustration of keyword-based search from the HotRegion v2.0 web
page. Users retrieve a list of complexes by entering keywords. From that list, they
obtain hot region information by clicking the corresponding entry in the complex list.
The results can be filtered by PDB title and GO annotation. If search keyword is not

found in the database, the system notifies user with an alert box.

Search via Interface ID or Submit a New Job

PDB Code:

Chain 1: Chain 2:

PDB File:

Choose File | No file

VDW Criteria for Interface Extraction: Neighbor Criteria (carbon alpha distance):

Complex Relative ASA
Monomer Relative ASA
% Complex ASA
Monomer ASA

Pair Potential

Hotspot Information

Email:

Figure 8: Search via interface ID or submit a new job with advanced options

In addition to the keyword-based search, users can get hot region information by
typing PDB ID and two chain identifiers. If the results for the complex exists in the

database, the tool directly shows the results. Otherwise, our automated pipeline
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downloads the file from PDB, predicts hot regions, and shows the results. In this case,
the database updates itself and the results are saved to the database. The system allows
users to upload their complex structures in PDB format. Users can change threshold
values used in the algorithm such as VDW criteria for interface extraction or carbon
alpha distance for neighbor extraction. When the users upload their custom structure
and/or change parameters, the system predicts hot regions based on the inputs, shows
the results, and store these results in the database. The system displays a unique job
identifier to the user. The user can query and download the results later using the job id

(Figure 8).
3.2.7 Outputs

The HotRegion v2.0 software shows outputs as a table. In this table, interface
residues are indicated with their names, sequence numbers, and chain identifiers.
Additionally, total pair potentials, ASA and relative ASA in monomer and complex
states are demonstrated in the table. Last two columns of the table contain hot spot and
hot region information. Hot spot residues are marked as ‘HS’ while others are marked
as ‘NS’. Hot region information is shown as cluster identifiers. The residues which do
not belong to any cluster are marked as -1, others are marked as the ids of the clusters
which they belong to. For instance, a reside is marked as 1 if this residue belongs to the
cluster #1. The prediction results are stored in a text file. This result file is
downloadable in addition to the PDB file which includes interface residue coordinates.

Users can download these files to visualize results later using any visualization tool.

RESULTS

Interface Residue Residue Chain Complex Relative Complex Monomer Relative Monomer Pair Hot Spot Hot Region
1D D Name D ASA ASA ASA ASA Potential Status D

1A00AB 211 424 2.92 40.18 26.53 18.40 HS
1A00AB 214 21.03 10.54 170.71 85.58 26.81 HS
1A00AB 182 5.83 3.01 52.16 29.20 40.79 HS
1A00AB 217
1A00AB 122 40.47 20.15 100.95 50.27 7.06 NH
1A00AB 213 36.16 26.93 54.57 40.64 17.74 NH

1A00AB 207

0
0
[}
80.94 46.99 107.32 62.30 5.58 NH 1
1
1
33.54 23.89 77.27 55.04 6.61 NH 2

2
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1A00AB 100 97.07 54.38 148.39 83.13 9.95 NH

Figure 9: HotRegion v2.0 results for IA00AB

Figure 9 is an example result table for IAOOAB. As seen in the figure, first column

corresponds to interface ID, following two columns show the residue number in the
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protein sequence and the one letter residue name. It is followed by the chain identifier
which the residue is located. Next four columns indicate ASA and relative ASA values
for complex and the monomer form. Pair potential follows the ASA columns, and the
last two columns indicate if the residue is a hot spot and if it resides in a hot region. Hot
spot residues are marked as HS whereas non-hot spots are shown as NH. Hot regions
are represented with a region id. The residues which belong to the same cluster are
marked with the same cluster id and colored accordingly. Hot region ID for the residues
that do not belong to any of the clusters is -1 and the rows corresponding to these

residues are colored white.

3.2.8 Visualization

HotRegion v2.0 web tool provides three-dimensional visualization of protein-
protein interfaces using LiteMol [63].

LiteMol is used to interactively visualize 3D structural molecular data in web-based
platforms. By itself, LiteMol is a web-based tool used for visualization. LiteMol.js, on
the other hand, is a library written in TypeScript and compiled to JavaScript. It has
various advantages. It is interactive and user-friendly. Furthermore, it works very fast

even for huge protein structures.

Algorithm 4: Loading a PDB structure to visualize with LiteMol

var plugin = LiteMol.Plugin.create({ target: ‘#litemol’ });
plugin.loadMolecule({
id: ‘la0o’,
url: ‘https://www.ebi.ac.uk/pdbe/entry-files/download/pdblalo.ent’,
format: ‘pdb’

)i

In the visualization, each partner of the complex is represented in cartoon form with
a different color by default. The residues in hot regions are shown in ball representation.
Each cluster is colored differently but none of the clusters is colored red. Hot spot
residues are also represented as balls and colored red.

LiteMol allows users to rotate the structure, zoom in or out, highlight residues,

open visualization full screen, and take a snapshot. Additionally, users are able to
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change representation of the complex. Available representations are cartoon, C-a trace,

balls and sticks, VDW balls, and surface representation. Coloring can also be changed.

J}E é(*-))

Figure 10: 3D visualization of CheA-CheY complex using LiteMol

3.3 Software Architecture

In this study, overall system has two major parts that are a standalone hot region
prediction program and a web application. Standalone program is developed in Python3.
As shown in Figure 11, various Python libraries are used for development. Python is an
easy to code, human readable programming language. Having a lot of modules and
libraries, it is very powerful to perform each task in a machine learning project.
Moreover, it is open source and supported by huge number of resources and high-
quality documentation.

Biopython package has a PDB parser module to safely parse protein structure files.
NumPy is very efficient for scientific computing and scikit-learn encapsulates almost
every functionality required for data mining and data analysis. In this study, we use
clustering module of the scikit-learn library. In sci-kit-learn, both of the clustering
algorithms (AP & DBSCAN) which we use are already implemented and easily usable.

As explained in Section 3.2.1, input to our algorithm is a PDB file. However, the

program is also capable of automatically downloading a PDB file from Protein Data
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Bank through a Rest API when a PDB ID is specified. REST stands for
Representational State Transfer. It is a software architectural style which is used to
gather data from a server without any knowledge of what is happening on the server-
side. With a simple HTTP request, our program downloads the PDB file and perform
processing tasks on it.

Using the same approach, we collect data from UniProt as well. Specifically, we
collect keywords associated with the protein, GO annotation, and molecular function
data. With the information coming from UniProt, users can search for proteins in our

web interface and query data from our database.

WEB

LANGUAGES

- HTML - JavaScript
- CSS - Python

FRAMEWORKS

- Django — Bootstrap

APIs & PLUGINS
EXTERNAL

- LiteMol — RestAPI

DATABASES DATABASE
- Protein Data Bank (PDB)
- UniProt

PROGRAMS

- MySQL Relational
Database

- Naccess

STANDALONE
LANGUAGES

LIBRARIES

- Pandas - Biopython
- NumPy - Scikit-learn

Figure 11:Software architecture

As explained in Section 3.2.3, we calculate the accessible surface area for interface
residues using Naccess. Naccess is a standalone program which calculates the accessible
area of a molecule from a file in PDB format. It is implemented in Fortran and free for
academic and non-profit uses. It runs on most Linux/Unix systems including Cygwin
under Windows.

The second major part of our software is the web interface. We have developed the
interface using the Django framework. Django is a high-level Python framework used

for web development. It is free and open source. It has the advantages of fast and clean
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development, scalability, and security assurance. It is able to easily connect to MySQL
databases and execute select, insert, and update queries.

Front-end of the webserver is implemented in HTML, CSS, and JavaScript.
Bootstrap framework is also used. It is a front-end framework for faster and easier web
development. It is composed of HTML and CSS based design templates. It supports the
latest stable versions of all browsers and platforms.

In our web server, results are visualized using the LiteMol plugin. LiteMol is
utilized to visualize 3D structural molecular data. It is implemented in TypeScript and
uses WebGL for 3D visualization.

We use a relational database, MySQL to connect our standalone program to our
web server. MySQL is one of the most popular database management systems and it
provides concurrent multiuser access to its databases. Detailed information about our

database can be found in Section 3.4.

3.4  Database Management

A relational database is one of the major components of HotRegion v2.0. The
objectives of having a database are to quickly retrieve hot region information for known
complexes and to eliminate unnecessary re-runs of prediction algorithm on the same
complexes. As explained before, HotRegion v2.0 uses a MySQL database to deposit
data. The database has two tables: one for storing results obtained by using default
parameters, and the other one for saving results of user uploaded structures and/or the
results obtained by using custom parameters. The first table has seven columns and as
of now, it contains 641.061 interfaces. Each entry has a unique id. Second column stores
PDB ID of the complex. The third and the fourth columns contain chain ids of two
partners in the complex respectively. Fifth column contains PDB title of the complex
and the sixth one contains a string of comma-separated GO annotation keywords. The
final column stores the results of the algorithm as a json string. Instead of preserving an
entry for each residue of a complex in the table, we compress the results in a json string
and store it as an attribute of the complex. By this way, we aim to decrease memory
usage and fasten the query execution time for a complex. The description of the table

can be found in Table 5.
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Table 5: Description of the main table

Field Type Null Key Default
ID varchar(10) NO PK NULL
PDB _ID char(4) NO NULL
chain_1 char(1) NO NULL
chain 2 char(1) NO NULL
PDB title varchar(200) NO NULL
go keywords longtext NO NULL
results json NO NULL

The second table has three columns which are a unique job identifier, email of

the user and the results. The overview of the table is shown in Table 6

Table 6. Description of the custom jobs table

Field Type Null Key Default
job id varchar(10) NO PK NULL
email varchar(50) NO NULL
results json NO NULL
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Chapter 4:
RESULTS AND DISCUSSION

This chapter includes the results of performance analysis of our hot region
prediction algorithm, and the tutorial of our web-based tool. The section starts with the
evaluation of predicted clusters, continues with a case study demonstrating the
significance of hot regions for drug binding, and this is followed by a comparative
analysis of our method with the previous version of HotRegion. Finally, the chapter is

concluded with the discussion of the results and future works of the study.

4.1  Evaluation of the Algorithm

To evaluate our method, we first validate the consistency within the predicted hot
region clusters. For this purpose, we calculate the silhouette constant. Silhouette
constant measures the similarity of a data point to the other points in the same cluster
compared to the data points in other clusters. Silhouette constant has value in range [-1,
1]. If it is equal to 1, that means the data points are clustered correctly and the clusters
are well-separated from each other. However, if the value is negative, then some points
are put into wrong clusters. When there are overlapping clusters, the silhouette score
becomes close to 0. Here, we calculate silhouette constants for the hot region results of

nine different complexes. The results are shown in Table 7.

Table 7: Silhouette Constants

Complex PDB ID Silhouette Score
TEM-1 B-Lactamase / B-Lactamase inhibitor protein complex UTG 0.142
CheY binding domain of CheA in complex with CheY 1A00 0.158
Human growth hormone bound to single receptor 1A22 0.186
Barnase-Barstar complex 1BRS 0.123
Complex of Ran with Importin-§ 1IBR 0.238
Colicin E9 DNase domain with its cognate immunity protein Im9 1EMV 0.080
PLC epsilon Ras association domain with hRas 2CS5L -0.032
Im2 in complex with colicin E9 DNase 2WPT 0.034
H-Ras-GppNHp bound to the RBD of Raf Kinase 4GON 0.194

We assess the prediction performance of our method by using the results of
experimental findings as ground truths. We calculate evaluation metrices such as

accuracy, precision, F-measure, and recall. For the performance assessment, we have
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used nine complexes mentioned above (PDB IDs: 1JTG, 1A00, 1A22, 1BRS, IEMV,
1IBR, 2C5L, 2WPT, 4GON). The experimental results for 1JTG, 1BRS, 1A00, 1A22,
and 11BR are taken from Reichmann et al. [4], experimental hot regions of IEMV and
2WPT are got from [64], and the hot regions of 4GON and 2C5L are collected from [3].
Table 8 shows the results of TEM-1 B-Lactamase / 3-Lactamase inhibitor
protein complex. The residues which do not belong to any cluster are marked as -1.
Experimental results are indicated in Figure 12. As seen in the figure, five residue
clusters are identified on the interface by X-ray crystallography. Black lines in the

figure represents interactions between residues.
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Figure 12: Experimental clusters of TEM-1 f-Lactamase / f-Lactamase inhibitor protein complex [4]
Table 8 demonstrates that our algorithm succeeds to identify clusters 1, 4 and 5.
However, it fails to separate clusters 3 and 4 from the cluster 4. On the other hand,
Figure 12 shows that Tyr-53 in the cluster 4 is interacting with Glu-73 which also
interacts with Trp-112 from the cluster 3 and Tyr-105 from the cluster 2. Therefore, we

could say that it is actually logical to merge clusters 2, 3, and 4 into one single cluster.
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Table 8: HotRegion v2.0 results for TEM-1 [-Lactamase / -Lactamase inhibitor protein complex
Residue Residue Chain Complex Relative  Monomer Relative  Total Hot Observed Predicted
1D Name 1D ASA Complex ASA Monomer Contact  Spot  Cluster Cluster
ASA ASA Potential ~ Status
53 Y B 0.70 0.33 39.44 18.54 10.32 NH 4 4
107 P A 0.53 0.39 71.16 52.27 18.39 HS 4 4
50 Y B 10.08 4.74 96.09 45.16 20.57 HS 4 4
216 \% A 13.74 9.07 66.33 43.80 25.61 HS 4 1
129 M A 1.91 0.98 59.43 30.61 42.36 HS 4 4
36 F B 0.16 0.08 64.05 32.11 28.84 HS 4 4
41 H B 0.00 0.00 2.74 1.50 23.53 HS 4 4
243 R A 7.96 3.33 21.36 8.95 37.17 HS 1 1
49 D B 11.55 8.23 149.63 106.58 26.48 HS 1 1
235 S A 1.12 0.96 5.33 4.58 20.29 HS 1 1
234 K A 3.50 1.74 3.50 1.74 11.41 NH 1 1
130 S A 4.63 3.97 25.97 22.29 15.07 NH 1 1
71 S B 3.39 291 23.39 20.08 6.93 NH 5 5
110 E A 15.59 9.05 101.89 59.15 18.24 HS 5 5
113 S B 17.81 15.29 32.95 28.28 11.21 NH 5 5
102 L A 3.61 2.02 53.55 29.98 45.23 HS 3 4
168 E A 56.30 32.69 98.23 57.03 10.24 NH 3 4
100 N A 76.43 53.10 141.41 98.24 5.98 NH 3 -1
103 \% A 0.02 0.01 39.78 26.27 19.22 HS 3 4
162 W B 21.00 8.42 96.41 38.66 15.36 NH 3 4
160 R B 71.75 30.05 143.79 60.22 13.09 NH 3 4
150 W B 28.63 11.48 89.95 36.97 17.67 NH 3 4
112 W B 13.35 5.35 78.11 31.32 27.16 HS 3 4
167 P A 16.67 12.25 45.89 33.71 11.35 NH 3 4
148 H B 1.01 0.55 36.40 19.90 12.47 NH 3 4
99 Q A 39.72 22.25 127.73 71.56 20.17 NH 3 -1
47 A B 2.29 2.12 9.20 8.52 16.49 NH 2 4
141 G B 18.48 23.07 23.98 29.94 11.83 NH 2 4
105 Y A 7.34 3.45 161.97 76.13 25.37 HS 2 4
170 N A 3.09 2.15 23.96 16.65 16.75 NH 2 4
104 E A 11.82 6.86 110.41 64.10 16.40 NH 2 4
143 Y B 32.13 15.10 61.01 28.68 23.22 HS 2 4
237 A A 1.47 1.36 41.82 38.74 27.26 HS 2 4
35 S B 35.46 30.44 115.85 99.44 15.04 NH -1 4
111 K A 51.25 25.52 136.10 67.78 9.49 NH -1 6
39 S B 2.98 2.56 22.84 19.61 12.04 NH -1 6
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112 H A 36.14 19.76 54.86 30.00 14.23 NH -1 6
144 R B 129.86 54.39 175.66 73.57 11.95 NH -1 -1
239 E A 30.16 17.51 103.63 60.16 12.30 NH -1 -1
106 S A 0.00 0.00 13.47 11.56 16.24 NH -1 4
73 E B 5.74 333 45.17 26.22 18.97 HS -1 4

Furthermore, as seen in the figure, there are connections among all clusters
although they are represented as dashed lines, implying the interactions are weak. This
means that all hot regions are somehow close to each other which explains why the

silhouette constant has a value close to 0.

Table 9: HotRegion v2.0 results for CheY binding domain of CheA in complex with CheY

Residue Residue Chain Complex Regis Monomer Relatlie gy Tot! ot Observed  Predicted
1D Name ID ASA Complex ASA N ‘& o Cluster Cluster
ASA ASA Potential ~ Status

211 v B 4.42 2.92 40.18 26.53 18.40 HS 0 0
214 F B 21.03 10.54 170.71 85.58 26.81 HS 0 0
217 E B 80.94 46.99 107.32 62.30 5.85 NH 1 1
122 K A 40.47 20.15 100.95 50.27 7.06 NH 1 1
207 D B 33.54 23.89 77.27 55.04 6.61 NH 2 2
100 Q A 97.07 54.38 148.39 83.13 9.95 NH 2 2
213 C B 36.16 26.93 54.57 40.64 17.74 NH 1 -1
182 L B 5.38 3.01 52.16 29.20 40.79 HS 0 0
210 A B 25.17 23.32 63.39 58.72 11.59 NH 0 0
103 A A 10.41 9.64 22.22 20.58 28.01 HS 0 0
216 I B 1.67 0.95 2.46 1.40 37.30 HS 1 -1
106 Y A 13.99 6.58 69.11 32.48 24.72 HS 0 0
96 I A 22.38 12.78 86.53 49.41 24.29 HS 2 2
178 E B 19.56 11.36 51.87 30.11 22.34 HS 0 0
99 A A 12.87 11.92 66.90 61.97 15.31 NH 0 0
181 H B 60.71 33.20 129.66 70.90 14.77 NH 0 0
92 K A 58.11 28.94 131.18 65.33 13.11 NH 0 0
105 G A 5.21 6.50 24.04 30.01 14.61 NH 0 0
215 \% B 19.82 13.09 59.20 39.09 19.64 HS 1 1
95 I A 1.95 1.11 49.53 28.28 25.05 HS 0 0
126 K A 65.06 32.40 151.61 75.50 8.32 NH 1 1
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Table 10: HotRegion v2.0 results for Human growth hormone bound to single receptor

Residue Residue Chain Complex Relative  Monomer Relative  Total Hot Observed  Predicted
1D Name 1D ASA Complex ASA Monomer Contact  Spot  Cluster Cluster
ASA ASA Potential ~ Status
304 W B 6.73 270 161.60 64.81 3144 HS 0 0
276 W B 34.77 13.94 91.65 36.75 39.47 HS 2 2
45 L A 1.71 0.96 70.38 39.40 4391 HS 2 2
418 N B 2222 1544 151.87 105.51 17.92 NH 1 0
371 \% B 35.51 2345 72.35 47.77 20.20 NH 1 0
175 T A 6.32 454 54.57 39.18 15.41 NH 0 0
42 Y A 3549 16.68 114.00 53.58 13.04 NH 2 2
48 P A 6.59 4.84 64.10 47.09 11.84 NH 2 -1
275 E B 86.89 50.44 108.87 63.20 5.15 NH 2 -1
322 C B 270 2.01 73.30 54.59 27.14 HS 2 2
41 K A 9.96 496 36.62 18.24 20.84 HS 1 1
168 K A 6.79 3.38 57.03 28.40 15.76 NH 0 1
306 P B 0.33 0.24 36.59 26.88 16.68 NH 2 2
25 F A 32.38 16.23 80.27 40.24 24.88 HS 1 -1
417 R B 59.75 25.03 107.19 4489 20.05 NH 1 0
56 E A 44 35 25.75 65.33 37.93 17.08 NH 2 2
167 R A 26.44 11.07 61.18 25.62 25.74 HS 1 1
171 D A 9.49 6.76 67.53 48.10 17.88 NH 0 0
327 E B 39.04 22.66 102.44 59.47 21.32 NH 1 1
271 R B 11.46 4.80 87.05 36.46 23.35 HS 2 2
367 K B 90.51 45.07 156.80 78.08 4.67 NH 0 0
320 E B 53.90 31.29 93.63 54.36 12.92 NH 2 2
364 D B 5.14 3.66 24.16 17.21 11.26 NH 0 0
179 I A 022 0.13 22.52 12.86 32.12 HS 0 0
68 Q A 4323 2422 81.06 4541 2238 NH 0 0
243 R B 3.87 1.62 34.73 14.55 30.33 HS 0 0
419 S B 9.54 8.19 3491 29.97 17.54 NH 1 0
46 Q A 7291 40.85 149.68 83.85 19.62 NH 2 2
369 W B 0.74 0.30 93.67 37.56 31.79 HS 0 0
64 R A 58.58 24.54 180.59 75.64 14.21 NH 0 0
21 H A 273 1.49 33.84 18.50 16.07 NH 1 0
172 K A 11.62 5.79 41.85 20.84 13.76 NH 0 -1
67 T A 0.00 0.00 7.82 5.61 21.99 HS 0 0
18 H A 28.00 15.31 99.67 54.50 13.64 NH 1 0
178 R A 37.17 15.57 98.46 41.24 22.14 HS 1 0
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Table 11: HotRegion v2.0 results for Barnase-Barstar complex
Residue Residue Chain Complex Relative  Monomer Relative  Total Hot Observed Predicted
1D Name 1D ASA Complex ASA Monomer Contact  Spot  Cluster Cluster
ASA ASA Potential ~ Status
29 Y D 65.79 30.92 162.57 76.41 16.65 NH 0 0
76 E D 58.28 33.83 82.37 47.82 1391 NH 1 1
82 F A 111.40 55.85 140.05 70.21 9.48 NH 0 -1
42 T D 30.90 22.19 70.81 50.84 9.93 NH 1 1
60 E A 67.01 38.90 136.40 79.19 9.13 NH 0 0
38 W D 22.54 9.04 77.92 31.25 31.04 HS 1 1
35 D D 4.16 2.96 119.91 85.41 23.75 HS 0 0
85 S A 17.93 15.39 41.51 35.63 8.77 NH 0 -1
35 W A 15.06 6.04 26.00 10.43 33.34 HS 1 1
44 W D 50.98 20.44 131.13 52.59 19.46 NH 0 -1
103 Y A 0.37 0.17 52.43 24.64 36.63 HS 0 -1
87 R A 0.07 0.03 3.91 1.64 27.75 HS 0 0
56 F A 9.35 4.69 27.79 13.93 32.70 HS 0 0
34 L D 29.59 16.56 77.71 43.50 20.53 HS 1 1
43 G D 1.79 2.23 58.02 72.43 11.88 NH 0 0
31 G D 1.07 1.34 38.34 47.87 7.73 NH 0 0
33 N D 10.42 7.24 70.08 48.69 13.25 NH 0 0
59 R A 51.12 21.41 210.25 88.06 16.21 NH 1 1
84 N A 38.48 26.73 50.50 35.08 4.49 NH 0 -1
102 H A 1.10 0.60 108.84 59.51 30.75 HS 0 0
58 N A 28.23 19.61 30.08 20.90 12.39 NH 0 -1
30 Y D 8.51 4.00 12.72 5.98 32.49 HS 0 0
27 K A 19.32 9.62 76.01 37.85 15.96 NH 1 1
36 A D 0.00 0.00 19.23 17.81 16.96 NH 0 0
83 R A 1.01 0.55 36.40 19.90 12.47 NH 0 0
39 D D 39.72 22.25 127.73 71.56 20.17 NH 0 0
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Table 12: HotRegion v2.0 results for Complex of Ran with Importin-f

Residu Residu Chai Comple Relative Monome Relative Total Hot Observed  Predicte
elD e n X Comple r Monomer Contact Spot Cluster d Cluster
Name ID ASA xASA  ASA ASA Potential ~ Status
144 L A 13.74 7.69 26.77 14.99 32.00 HS 4 -1
113 E A 88.02 51.10 171.64 99.65 9.80 NH 0 0
288 D B 42.57 30.32 64.18 45.72 18.52 NH 4 5
10 T B 3.65 2.62 56.34 40.45 25.22 HS 2 1
56 A B 3.20 2.96 14.36 13.30 17.95 NH 2 1
107 D A 18.42 13.12 33.95 24.18 13.54 NH 3 1
166 R A 32.58 13.65 72.93 30.55 16.90 NH 3 3
45 \% A 15.99 10.56 36.62 24.18 18.14 HS 2 2
62 K B 25.44 12.67 41.27 20.55 9.14 NH 1 1
13 P B 89.03 65.40 134.72 98.96 11.15 NH 2 2
107 D A 18.42 13.12 33.95 24.18 13.42 NH 3 1
106 P B 21.22 15.59 99.94 73.42 5.83 NH 0 -1
110 R A 17.36 7.27 192.91 80.80 26.41 HS 1 1
285 N B 4.66 3.24 14.98 10.41 14.43 NH 4 5
22 Q B 37.73 21.14 102.23 57.27 19.60 NH 2 1
147 Y A 10.52 494 33.33 15.67 26.70 HS 4 3
68 K B 97.89 48.75 210.99 105.07 10.96 NH 3 1
12 S B 23.00 19.74 25.25 21.67 6.69 NH 2 2
59 L B 3.24 1.81 65.64 36.75 40.10 HS 1 1
239 Q B 23.38 13.10 66.32 37.15 2292 HS 4 6
340 D B 41.12 29.29 108.23 77.09 11.75 NH 4 3
105 R B 57.29 23.99 92.17 38.60 18.06 NH 0 0
47 \% A 27.74 18.32 69.46 4587 13.16 NH 2 2
278 Q B 0.73 041 27.83 15.59 16.29 NH 4 6
75 L A 8.89 498 125.86 70.46 40.01 HS 2 1
111 Q B 10.95 6.13 65.37 36.62 2424 HS | 1
140 R A 15.90 6.66 155.54 65.14 19.46 HS 4 5
342 W B 34.16 13.70 151.07 60.58 20.26 HS 4 6
52 \% B 13.65 9.01 52.48 34.65 24.39 HS 2 1
139 H A 15.49 8.47 42.37 23.17 13.13 NH 4 6
281 E B 4.80 279 60.75 35.27 18.06 HS 4 5
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18 B 4.50 252 67.59 37.84 39.16 HS 2 2
143 N A 3797 26.38 141.98 98.64 12.70 NH 4 6
81 I A 2.30 1.31 106.88 61.03 3597 HS 2 1
145 Q A 3.12 1.75 49.73 27.86 15.46 NH 4 3
55 A% B 10.10 6.67 40.97 27.05 2798 HS 2 1
274 E B 71.57 4503 88.14 51.17 5.54 NH 4 -1
11 A% B 42.86 28.30 107.88 71.24 21.35 NH 2 1
338 D B 4642 33.07 86.14 61.36 10.43 NH 3
156 Y B 13.55 6.37 54.57 25.65 26.85 HS 1
111 A% A 19.72 13.02 64.73 42.74 3351 HS 1
64 w A 6.78 272 66.37 26.62 32.70 HS 2 2
77 D A 6.10 435 64.20 45.73 18.03 HS 1
159 Q B 69.11 38.72 108.70 60.90 11.26 NH 1
141 K A 46.65 2323 128.14 63.81 13.22 NH 5
63 N B 38.94 27.05 81.05 56.31 10.74 NH 1
Table 13: HotRegion v2.0 results for PLC epsilon Ras association domain with HRas
Residue Residue Chain Complex g e Monomer Rt ' Observed Predicted
ID Name ID ASA Complex ASA Monomer - Confact — Spot Cluster Cluster
ASA ASA Potential ~ Status
38 D A 397 283 62.34 44 40 12.84 NH 0 0
41 R A 63.02 26.39 126.18 52.85 21.50 NH 0 0
37 E A 29.63 17.20 67.23 39.03 18.38 HS 0 0
64 Y A 24.63 11.58 56.71 26.65 17.32 NH 1 1
36 I A 19.43 11.10 96.24 54.96 16.81 NH 1 1
Table 14: HotRegion v2.0 results for H-Ras-GppNHp bound to the RBD of Raf Kinase
Residue Residue Chain Complex Relative Monomer Relative Total Hot Observed Predicted
ID Name ID ASA Complex ASA Monomer - Contact - Spot Cluster Cluster
ASA ASA Potential ~ Status
38 D A 19.81 14.11 57.19 40.74 13.88 NH 0 0
41 R A 4842 20.28 143.06 59.92 15.09 NH 0 0
84 K B 7447 37.08 159.00 79.18 12.56 HS 0 0
59 R B 93.08 38.98 105.21 4407 11.80 NH 1 1
37 E A 33.06 19.19 136.93 7949 15.65 NH 1 1
36 I A 85.69 48.93 149.78 8553 16.79 NH 1 -1
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Table 15: HotRegion v2.0 results for Im2 in complex with colicin E9 DNase
Residue Residue Chain Complex Relative Monomer Relative - Total ot Observed Predicted
ID Name ID ASA Complex ASA Monomer - Contact — Spot Cluster Cluster
ASA ASA Potential ~ Status
37 A% A 0.00 0.00 22.16 14.63 33.12 HS 0 0
50 S A 0.37 0.32 3341 28.68 22.06 HS 0 0
53 I A 0.02 0.01 12.15 6.94 32.14 HS 0 0
54 Y A 531 2.50 110.71 52.04 2644 HS 0 0
Table 16: HotRegion v2.0 results for Colicin E9 DNase domain with its cognate immunity protein Im9
Residue Residue Chain Complex Relative Monomer RelativeTotal ot Observed Predicted
ID Name ID ASA Complex ASA Monomer - Contact  Spot Cluster Cluster
ASA ASA Potential ~ Status
33 L A 1.21 0.68 3541 19.82 4411 HS 0 0
34 v A 27.68 18.28 86.41 57.06 2122 HS 0 0
37 A% A 0.00 0.00 17.98 11.87 34.86 HS 0 0
50 S A 0.59 051 33.89 29.09 20.15 HS 1 1
53 I A 0.00 0.00 13.84 7.90 37.67 HS 1 1
54 Y A 252 1.18 101.48 47.70 32.11 HS 1 1
Table 17: Number of TP, TN, FP, and FN for each complex and in total.
TP N FP FN
TG 14 2 23 2
1A00 18 0 0 2
1A22 23 0 8 4
1BRS 20 0 0 6
1IBR 19 0 24 3
2C5L 5 0 0 0
4GON 5 0 0 1
2WPT 4 0 0 0
1EMV 6 0 0 0
Total 114 2 55 18

In total, we have investigated 189 interface residues from 9 protein-protein

complexes. 81 of these residues are predicted as hot spots. 114 of them are put into

correct hot regions, 2 of them are correctly omitted from hot regions, 55 of them are

located into wrong hot regions, and 18 of them are incorrectly excluded from the

clusters which they belong to. Therefore, the accuracy of our hot region prediction

algorithm is:
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Accuracy = TP+ 1N = 116 = 0.62 4)
TP+TN+FP+FN 189
The recall is:
Recall = e = 114 = 0.86 &)
TP+ FN 132

The precision of the method is:

Precision = e = 114 = 0.68 (6)
TP+ FP 169

Finally, we have checked the balance between precision and recall by calculating F-
measure as follows:

2 X Recall X Precision B 1.17

= = 0. 7
Recall + Precision 1.54 0.78 )

F — measure =

We have discussed our results in Section 4.5

4.2  Case Study

Programmed cell death protein 1 (PD-1) is a type 1 transmembrane receptor. It is a
member of CD28 family [65] which is expressed in B cells, activated T cells and
myeloid cells [66]. Expression of PD-1 on the surface of activated T cells induces
various tissues to express programmed death ligand-1 (PD-L1). Binding of PD-1 to its
ligand causes the activation of inhibitory kinases which have role on proliferation and
adhesion of T cells. Studies have shown that PD-1 ligands are upregulated in many
tumor types and they evade immune responses. Therefore, blocking the PD-1/PD-L1
interactions may normalize the antitumor response. Although several inhibitors have
been reported to target PD-1/PD-L1, developing small molecular inhibitors remains
unsolved. Understanding the PPI of PD-1/PD-L1 may help developing such small
inhibitors [15].
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Figure 13: Hot regions of the complex of human programmed death-1 (PD-1) and its ligand PD-L1

A recent study which investigates the complex of human programmed death-1
(PD-1) and its ligand PD-L1 in quantum mechanical level and was conducted by Lim et
al. has shown that residues Tyr-56, Glu-58, (from chain A) and Asn-66 (from chain B)
are significant for PD-L1-antibodies and small-inhibitors [15]. As shown in the Figure
13, these residues are found on hot regions, predicted by our HotRegion v2.0 algorithm,

which is also overlapping with the findings of a X-ray structure based study [15].

4.3  Comparison with Existing HotRegion Method

Our previous method predicts hot regions with a graph-based approach. This
method generates a network of hot spot residues and finds the hot spots that are close to
each other and locate them in the same cluster. Therefore, the hot regions only contain
hot spot residues. On the other hand, experimental studies have proven that hot regions
are not only composed of hot spot residues but also non-hot spot residues. To observe
the improvements in predictions, we compare results of approximately 25.000 PDB
complexes obtained by using two methods separately. The results, shown in Table 18,
have proven that our new algorithm is better than our previous algorithm in two ways:

e Our new method finds non hotspot residues on the hot regions whereas the
previous one cannot.
e Our new algorithm is able to expand clusters and place residues, that are

not directly in contact but share a contact residue, on the same hot region.
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Table 18: Comparison of HotRegion v1.0 and v2.0

HotRegion v1.0 HotRegion v2.0

Average number of residues in a region 5 9

Average number of hot spots in a cluster 5 5

Average number of non-hot spots in a cluster 0 4

Average monomer ASA 64.21 57.56
Average relative monomer ASA 37.07 44.87
Average complex ASA 7.43 26.61
Average relative complex ASA 4.07 9.37
Average pair potential 26.10 19.75
Average distance between residues in the 7.89 7.37

same region

Furthermore, we have evaluated our previous method on the same experimental
dataset explained in Section 4.1. The results are demonstrated in the Table 19:

Evaluation of previous HotRegion method

Table 19: Evaluation of previous HotRegion method

TP TN FP FN
TG 6 7 11 17
1A00 4 0 5 11
1A22 5 0 8 22
1BRS 5 0 4 17
11BR 9 0 11 26
2C5L 1 0 0 4
4GON 0 0 0 6
2WPT 4 0 0 0
1EMV 6 0 0 0
Total 40 7 39 103

As a result, the accuracy of the previous HotRegion method is 0.25, recall is
0.28, precision is 0.51, and F-measure is 0.36. Therefore, we conclude that our new

approach outperforms our previous approach.

4.4  HotRegion v2.0 Web-based Tool

We associate our standalone hot region prediction software with a web interface
to provide researchers a user-friendly interface to easily investigate and visualize hot

regions of protein-protein complexes. Researchers can use our web page to analyze

50



Results and Discussion 51

structural properties of protein interfaces, predict interface hot spots and hot regions,
and visualize the 3D structure of the complexes. Following figures demonstrates the

main functionalities of our web-based tool and overview of the web pages.

HotF\‘egion HOME TUTORIAL REFERENCE

HOTREGION

A new method to predict hot regions in protein-protein interfaces.

Keyword-based Search

Type a keyword to I
search for in { activty | -
the database.
- All Snippets. Search results can

1ZDM: Crystal Structure of Activated CheY Bound to Xe PDB Title ‘ fitersd by PDB
Complexes found in the v GO Annotation title or GO annotation.
database related with 1A00: CHEY-BINDING DOMAIN OF CHEA IN COMPLEX WITH CHEY
the search keyword.

Search via Interface ID or Submit a New Job
PDB Code:

Enter 4 letter PDB code

Chain 1: Chain 2:

Enter first cha

PDB File:

Choose File | No file chosen

VDW Criteria for Interface Extraction: Neighbor Criteria (carbon alpha

P distance):

Figure 14: HotRegion v2.0 keyword-based search
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HotRegion HOME  TUTORIAL  REFERENCE

Search via Interface ID or Submit a New Job

PDB Code:

Enter 4 letter PDB code

Chain 1: Chain 2:
Enter PDB code of the
complex or upload PDB file. Enter first chain Enter second chain
In both cases, the user should
specify two chain identifiers.

PDB File:

Choose File | No file chosen

VDW Criteria for Interface Extraction: Neighbor Criteria (carbon alpha
distance):
Default: 0.
Default: 7.0
Complex Relative ASA
: Monomer Relative ASA

User can select the options

which she/he wants to see in the Complex ASA

results table.
Monomer ASA
Pair Potential
Hotspot Information

Email:

Enter your email (Optional

Figure 15: HotRegion v2.0 search and run jobs with advanced options

4.5  Discussion & Future Work

In this study, we have developed a novel method to predict hot regions on protein-
protein interfaces using two clustering algorithms in combination. We have prepared a
data set of 9 complexes with 189 residues to assess our method. We have measured the
inter- and intra-distances of our clusters by silhouette constant. Results have
demonstrated that silhouette constant values for 8 out of 9 complexes are positive but
close to 0. This means that our algorithm successfully packs residues into clusters,
however, can be improved to separate overlapping clusters better. Then, we have
investigated each complex individually. The results of the complexes 1JTGAB, and
1A22AB have shown that the algorithm fails to separate two clusters from each other
since there are residues which interact with residues from both clusters. This can be
expected since the silhouette constant is close to 0. As a future work, the algorithm can

be improved to separate neighboring hot regions from each other.
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On the other hand, the results have proven that the algorithm successfully places
the majority of the residues into correct hot regions with 0.68 precision, 0.62 accuracy,
0.86 recall, and 0.76 F-measure. Even though these metrices can be improved in the
future, we claim that our algorithm has succeeded to produce satisfactory results.

Additionally, we have designed and implemented a web interface, and constructed
a relational database to store hot region results of more than 600.000 protein-protein
complexes. We have developed a friendly user interface using Bootstrap. We have
implemented the web interface in Python 3 to achieve best performance in terms of time
efficiency. For memory efficiency, we have chosen to store results as a json in the
database.

Finally, we have conducted a case study on PD-1/PD-L1 complex. Our results have
demonstrated that the investigation of protein-protein interactions is essential for
medical studies and hot regions are of great importance in protein-protein interactions.
For PD-1/PD-L1 complex, the residues found in the hot regions are crucial for small
inhibitor molecule designs. Therefore, researchers can use our prediction tool for such

studies.
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Chapter 5:
CONCLUSION

In this thesis, we develop a hot region prediction tool which has three major
components. These components are a standalone prediction software, a web interface
and a relational database.

The prediction software analyzes interfaces and predicts hot regions on PPIs. The
algorithm, first, extracts interface residues from structure file in PDB format. Then, it
calculates structural features of interface residues which are ASA and relative ASA
values in monomer and complex state, and total contact potentials. ASA related features
are calculated using an external software Naccess, and the knowledge-based pair
potentials from Keskin et al [4]. The algorithm combines two well-known unsupervised
learning algorithms AP and DBSCAN. AP is run with the 3D coordinates of the
residues and calculated features. From the results of AP, density parameters are
calculated and fed to DBSCAN. Finally, hot regions are found using DBSCAN.

Researchers can easily obtain hot region information and visualize 3D structure
of the complexes using the web interface. The database stores more than 600.000
complexes as of now and it updates itself automatically. The web interface provides
advanced search capabilities and filtering options and allows users to customize
algorithm parameters.

We have evaluated HotRegion v2.0 algorithm in light of experimental findings.
The evaluation metrices have demonstrated that our results are highly correlated with
the results of experimental studies. Furthermore, we have conducted a case study and
proven that our tool is very beneficial for researchers to investigate protein-protein
interactions for drug and inhibitor molecule design studies.

HotRegion v2.0 is a novel approach as it forms hot regions from both hot spot
and non-hot spot residues whereas the existing approaches cluster only hot spot
residues. Furthermore, comparing with the experimental results, we have proven that
our approach is correct which means hot regions contains non-hot spot residues as well.
Additionally, the web interface of HotRegion v2.0 provides users a keyword-based
search opportunity which existing software tools do not offer. In this way, users do not

necessarily have to know PDB ID of the complexes to obtain hot region information.
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In conclusion, we have developed a novel, successful prediction software to predict
hot regions on PPIs and offered a user friendly, easy to use web interface for the
investigation and the visualization of hot regions. We have carefully chosen and used
external tools, libraries, plugins, databases, and frameworks. As a result, we have
generated a software product which is novel, computationally efficient, and satisfactory

in terms of prediction performance.
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Appendix A: Hot Region Prediction Algorithm using AP & DBSCAN

Main.py
from Bio import BiopythonWarning
from Bio.PDB import *
import warnings
import sys, 0s
from interface extraction.extract import InterfaceExtroctor
from clustering.dbscan import DoubleDBSCAN
import pandas as pd
from clustering.apscan import run_apscan
import urllib.request
from helpers import write2file, get com
from feature calculation.asa import ASACalculator
from feature calculation.pp import PPCalculator

from sklearn import metrics

def parse pdb(structure, pdb id, chain id 1, chain id 2):
os.system(""chmod -R 777 PDBs")

class ChainlSelect(Select):
def accept chain(self, chain):
if chain.id==chain_id 1:
return 1
else:

return 0

class Chain2Select(Select):
def accept chain(self, chain):
if chain.id==chain_id 2:
return 1
else:

return 0
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class Chain12Select(Select):
def accept chain(self, chain):
if (chain.id==chain_id 1) or (chain.id==chain_id 2):
return 1
else:
return 0
io = PDBIO()
io.set_structure(structure)
i0.save("PDBs/%s%s.pdb" %(pdb_id.lower(), chain_id_1.lower()),
ChainlSelect())
i0.save("PDBs/%s%s.pdb" %(pdb_id.lower(), chain_id_2.lower()),
Chain2Select())
io.save("PDBs/%s%s.pdb" %(pdb_id.lower(),
chain_id 1.lower()+chain id 2.lower()), Chainl2Select())

return

def hotregion(interface id):
m
HotRegion v.2: A new method to predict hot regions in protein-protein
interfaces

Usage: python main.py <interface id>

Parameters:

interfacelD: String

4 letter pdb code + chain 1 identifier + chain 2 identifier.

Returns:

hotRegions: CSV file
Output file showing which residues belong to which regions and which

residues are identified as noise.

m
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pdb_id = interface id[0:4].upper()
chain_id 1 = interface id[4].upper()
chain_id 2 = interface id[5].upper()

path = "PDBs/%s.pdb" %(pdb_id)
url = "http://files.rcsb.org/download/%s.pdb" %(pdb_id)

if os.path.exists(path) == False:

urllib.request.urlretrieve(url, path)

# Set and parse protein structure

parser = PDBParser()

structure = parser.get_structure('myPDBStructure', "PDBs/%s.pdb" %(pdb_id))

parse_pdb(structure, pdb_id, chain id 1, chain id 2)

structure = parser.get _structure('myPDBStructure’, "PDBs/%s%s.pdb"
%(pdb_id.lower(), chain_id 1.lower()+chain_id 2.lower()))

model = structure[0]

chain 1 =model[chain_id 1]

chain 2 = model[chain_id 2]

residue_list = Selection.unfold_entities(structure, 'R")

# Interface Extraction
interface extractor = InterfaceExtroctor(structure, chain_1, chain_2)
interface extractor.extract interface()
interface extractor.non_interface = set(residue _list) -
interface extractor.interface list
#interface extractor.extract neighbors()

#interface extractor.interface list.update(interface extractor.neighbor list)
# Feature Calculation

asa_calculator = ASACalculator("PDBs", interface id, chain_1, chain_2)

asa_calculator.run_naccess()
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pp_calculator = PPCalculator(residue_list)

pp_calculator.calculate pp()

# DataFrame Generation
data dict = {"X"[],"Y"[], 'Z":[], relCompASA"[], 'relMonASA":[], 'compASA"[],
'monASA"[], 'PP"[]}
for residue in list(interface extractor.interface list):
try:
com = get _com(residue)
data_dict['X'].append(com[0])
data_dict['Y'].append(com([1])
data_dict['Z'].append(com[2])
data_dict['relCompASA'].append(asa_calculator.relative_complex asa[resid

uel)

data_dict['relMonASA'].append(asa_calculator.relative monomer asa[resid
ue])
data_dict['compASA'].append(asa_calculator.complex asa[residue])
data_dict['monASA'].append(asa_calculator.monomer asa[residue])
data_dict['PP'].append(pp_calculator.pair_potentials[residue])

except:

interface extractor.interface list.remove(residue)

df = pd.DataFrame(data_dict)
labels = run_apscan(df)
silhouette = metrics.silhouette _score(df, labels, metric="euclidean')
write2file(interface id,
interface extractor.interface list,
labels,
asa_calculator.complex_asa,
asa_calculator.relative_complex asa,
asa_calculator.monomer asa,
asa_calculator.relative_monomer_asa,

pp_calculator.pair_potentials
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)

print(f"Silhouette score of {interface id}: {silhouette}")
if name ==' main_ "
warnings.simplefilter(‘ignore', BiopythonWarning)
if len(sys.argv) == 2:
interface id = sys.argv[1].upper()
hotregion(interface id)
else:

print("Usage: python main.py <interface id>")

Helpers.py

import pandas as pd
from dictionaries import DICT ATOM

import math

def three2one(residue):
if residue == "ALA": return "A"
elif residue == "CYS": return "C"
elif residue =="ASP": return "D"
elif residue == "GLU": return "E"
elif residue == "PHE": return "F"
elif residue == "GLY": return "G"
elif residue == "HIS": return "H"
elif residue == "ILE": return "I"
elif residue =="LYS": return "K"
elif residue == "LEU": return "L"
elif residue == "MET": return "M"
elif residue == "ASN": return "N"
elif residue == "PRO": return "P"
elif residue == "GLN": return "Q"
elif residue == "ARG": return "R"
elif residue == "SER": return "S"
elif residue == "THR": return "T"
elif residue == "VAL": return "V"
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elif residue == "TRP": return "W"
elif residue =="TYR": return "Y"

else: return "X"

def write2file(interfacelD, residue list, labels, compASAs, relCompASAs,
monASAs, relMonASAs, PPs):

res_ids =[]

res_names = []

chain_ids=[]

comp ASAs =[]

rel comp ASAs =[]

mon_ASAs =[]

rel mon ASAs =[]

pair_potentials = []

info =[]

for residue in residue list:
res_ids.append( str(residue.id[1]) )
res_names.append( three2one(residue.get resname()) )
chain_ids.append( residue.get parent().id )
comp_asa = "%6.2"%(compASAs[residue])
comp ASAs.append(comp_asa)
rel_comp_asa = "%6.21"%(relCompASAs[residue])
rel comp ASAs.append(rel comp asa)
mon_asa = "%6.2f"%(monASAs[residue])
mon_ASAs.append(mon_asa)
rel_mon_asa = "%6.21"%(relMonASAs[residue])
rel mon_ ASAs.append(rel_mon_asa)
pp = "%6.2f"%(PPs[residue])
pair_potentials.append(pp)
if (float(relCompASAs|[residue]) <=20 and float(PPs[residue])>=18.0):

info.append('HS")

else:

info.append('NS")
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d= {'RES ID" res_ids,'RES NAME" res names, 'CHAIN": chain_ids,
'CLUSTER': labels, 'Complex ASA'":comp ASAs, Relative Complex ASA':
rel_comp_ ASAs, 'Monomer ASA":mon_ASAs, 'Relative Monomer ASA":
rel mon_ ASAs, 'PP': pair_potentials, 'Status': info}

df = pd.DataFrame(data=d)

df.to_csv(interfaceID+' data.csv', sep=",', encoding="utf-8")

def distance calculation(vector 1, vector 2):
x1 = vector_1[0]
yl = vector 1[1]

z1 =vector 1[2]
x2 = vector_2[0]
y2 = vector_2[1]

z2 = vector 2[2]

distance = math.sqrt(((x2-x1)**2)+((y2-y1)**2)+((z2-z1)**2))

return distance

def get _com(residue):

X _total =0
y_total =0
z total =0

if(len(residue.get resname()) >3):

resname = residue.get_resname()[1:4]
else:

resname = residue.get resname()
num_atoms = len(DICT ATOM[resname])
for atom_id in DICT _ATOM][resname]:

atom = residue[atom_id]

x_total += atom.get coord()[0]

y_total += atom.get coord()[1]

z_total += atom.get coord()[2]
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return [X_total/num_atoms,y total/num_atoms,z total/num_atoms]

Interface_extraction.extract.py
import pandas as pd

import dictionaries

class InterfaceExtroctor:
def init (self, structure, chain 1, chain_2):
self.structure = structure
self.chain_1 = chain_1
self.chain_2 = chain 2
self.interface list = set()
self.non_interface = set()

self.neighbor list = set()

defis _atoms_interacting(self, atom 1, atom 2):

rl =
dictionaries. VDW_RADII EXTENDEDJ[atom_1.get parent().get resname()][atom 1.g
et_id()]

2=
dictionaries. VDW_RADII EXTENDEDJ[atom_2.get parent().get resname()][atom 2.g
et id()]

distance = abs(atom_1 - atom_2)

return True if distance < (r1+r2+0.5) else False

defis residues interacting(self, residue 1, residue 2):
for atom 1 in residue 1:
for atom_ 2 in residue 2:
try:
if self.is_atoms_interacting(atom 1, atom_2):
return True
except:

pass
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return False

defis_interface residue(self, residue 1):
for residue 2 in self.chain_2:
if self.is_residues_interacting(residue 1, residue 2):
self.interface list.add(residue 1)
self.interface list.add(residue 2)

return

def extract interface(self):
for residue 1 in self.chain_1:

self.is_interface residue(residue 1)

def find neighbors(self, residue):
for neighbor in self.non_interface:
if neighbor.get resname() !="HOH":
if neighbor.get parent() == residue.get parent():
try:
if (abs(residue['CA'] - neighbor['CA']) <= 6) and
(abs(residue.get _id()[1]-neighbor.get id()[1]) >= 4):
self.neighbor list.add(neighbor)
except:
pass
else:
try:
if abs(residue['CA'] - neighbor['CA']) <= 6:
self.neighbor list.add(neighbor)
except:

pass

def extract neighbors(self):
for residue in self.interface list:

self.find_neighbors(residue)
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Feature_calculation.asa.py

import os
import re

from dictionaries import MAX ASA

class ASACalculator:

def init (self, pdb_path, interfacelD, chain_1, chain_ 2):
self.pdb_path = pdb_path
self.interfacelD = interfacelD
self.chain_1 = chain_1
self.chain_2 = chain 2
self.complex asa = dict()
self. monomer asa = dict()
self.relative_complex asa = dict()

self.relative_ monomer asa = dict()

HiHHHHHH R Calculate RelASA #HHHHHHBHIHIHHIHIHIHHT
def parse naccess_file(self):
pdb_id = self.interfacelD[0:4]
file = self.interfacelD
nfile = open(self.pdb_path+ "/" +file.lower()+".naccess","r")
line = nfile.readline()
while line:
if line.startswith("RES"):
resPosition = line[9:14].replace(" ","")
chain = line[8]
if (chain == self.chain_1.id) :
residue = self.chain_1[int(re.sub("\D", "",
resPosition))]
else:
residue = self.chain_2[int(re.sub("\D", "",

resPosition))]
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temp = line[14:].strip().split()
ASA = float(temp[0])
self.complex asa[residue] = ASA
self.relative _complex asa[residue] = ASA /
MAX ASA([residue.get resname()] * 100
line = nfile.readline()
nfile.close()
file = pdb_id+self.interfacelD[4]
nfile = open(self.pdb_path+ "/" +file.lower()+".naccess","r")
line = nfile.readline()
while line:
if line.startswith("RES"):
resPosition = line[9:14].replace(" ","")
chain = line[8]
residue = self.chain_1[int(re.sub("\D", "", resPosition))]
temp = line[14:].strip().split()
ASA = float(temp[0])
self. monomer asa[residue] = ASA
self.relative_monomer asa[residue] = ASA /
MAX ASA[residue.get resname()] * 100
line = nfile.readline()
nfile.close()
file = pdb_id+self.interfacelD[5]
nfile = open(self.pdb_path+ "/" +file.lower()+".naccess","r")
line = nfile.readline()
while line:
if line.startswith("RES"):
resPosition = line[9:14].replace(" ","")
chain = line[8§]
residue = self.chain_2[int(re.sub("\D", "", resPosition))]
temp = line[14:].strip().split()
ASA = float(temp[0])

self. monomer asa[residue] = ASA
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self.relative_monomer asa[residue] = ASA /
MAX ASA([residue.get resname()] * 100
line = nfile.readline()
nfile.close()

return

def calc_sasa(self, structure):
pdb_file = structure.lower()
pdb _ID =pdb _file
pdb_file = "%s.pdb" %(pdb_file)
cmd = "%s/naccess %s > out.txt 2>error.txt" %("naccess",pdb_file)

os.system("cp %s/%s.pdb naccess/%s.pdb " %(self.pdb_path, pdb_ID,

pdb_ID))

os.chmod("naccess/%s.pdb" %(pdb_ID), 777)

os.chdir("naccess")

os.system(cmd)

os.chdir("..")

os.system("cp naccess/%s.rsa %s/%s.naccess" %(pdb_ID, self.pdb_path,
pdb_ID))

os.system("chmod -R 777 %s" %(self.pdb_path))
os.system("chmod -R 777 naccess")
os.system("rm naccess/*.log naccess/*.asa naccess/*.pdb naccess/*.rsa")

return

def run_naccess(self):
pdb_id = self.interfacelD[0:4]
for structure in [pdb_id+self.interfacelD[4], pdb_id+self.interfacelD[5],
self.interfacelD]:
self.calc_sasa(structure)

self.parse naccess_file()

Feature_calculation.pp.py

from dictionaries import CONTACT POTENTIALS, PP_indices
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from helpers import get com, distance calculation

class PPCalculator:

def init (self, residue list):
self.residue_list = residue_list

self.pair_potentials = dict()

def extract neighbors(self, residue):
com_residue = get com(residue)
neighbors =[]
for neighbor in self.residue_list:
try:
com_neighbor = get com(neighbor)
if (residue != neighbor):
distance =
distance calculation(com_residue,com_neighbor)
if (residue.get parent().id ==
neighbor.get parent().id): #they are in the same chain
if(abs(residue.get id()[1]-
neighbor.get id()[1]) >=4):
if (distance <= 7.0):

neighbors.append(neighbor)

else:

if (distance <= 7.0):

neighbors.append(neighbor)

except:
pass

return neighbors

def contact potentials(self, residue):

neighbors = self.extract neighbors(residue)
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sum_pp =0.0
for neighbor in neighbors:
indexI = PP_indices[residue.get resname()]
indexJ = PP _indices[neighbor.get resname()]
if(CONTACT_POTENTIALS[indexI][indexJ] != 0):
sum_ppt=CONTACT POTENTIALS[indexI][indexJ]
else:
sum_pp+=CONTACT POTENTIALSJindexJ][indexI]

return sum_pp

def calculate pp(self):
for residue in self.residue list:
try:
pp = self.contact potentials(residue)
self.pair_potentials[residue] = abs(pp)
except:

pass

Clustering.apscan.py.

from sklearn.preprocessing import normalize
from sklearn.cluster import AffinityPropagation
import pandas as pd

import math

import numpy as np

from clustering.dbscan import DoubleDBSCAN

# Step 3: DBSCAN

def run_dbscan(data, density list):
min_points new = min(density list, key = lambda t: t[0])[0]
eps2 =sum(n for , n, indensity list) / len(density list)
db = DoubleDBSCAN(eps2, min_points new)
results = db.cluster(data)

return results
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# Step 2: Density List Generation

def calc_distance(vecl, vec2):

x1 =vecl[0]
yl =vecl[1]
z1 =vecl[2]
x2 =vec2[0]
y2 = vec2[1]
72 =vec2[2]

return math.sqrt(((x2-x1)**2)+((y2-y1)**2)+((z2-z1)**2))

def generate density list(data, cluster centers_indices, labels):
n_clusters = len(cluster centers_indices)
density list =]
for k in range(n_clusters_):
class_members = labels ==
cluster center = cluster centers_indices[k]
radius = 0
x_center = data.loc[cluster center]['X"]
y_center = data.loc[cluster center]['Y"]
z_center = data.loc[cluster center]['Z']
distances = []
num_members = 0
for member in range(len(class_members)):
if(class_members[member]):
num_members += 1
x_member = data.loc[member]['X']
y_member = data.loc[member]["Y"]
z_member = data.loc[member]['Z']
distance = calc_distance([x_center, y_center, z center], [x_member,

y_member, z member])
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distances.append(distance)
radius += distance
radius = radius / num_members
df = pd.DataFrame(distances, columns=['d'])
df = df[df.d <= radius]
if df.shape[0] > 1:
number = df.shape[0]
try:
density = number/math.pow(radius, 2)
density list.append((number, radius, density))
except OverflowError:
pass
density list.sort(reverse=True, key=lambda tup: tup[2])

return density_list

# Step 1: Run Affinity Propagation

def affinity propagation(data):
clusterer = AffinityPropagation()
af = clusterer.fit(data)

return af

def run_apscan(data):
af = affinity propagation(data)
cluster centers_indices = af.cluster centers_indices_
labels = af.labels
density list = generate density list(data, cluster centers_indices, labels)
final result = run_dbscan(data, density _list)

return final result

Clustering.dbscan.py

from sklearn.cluster import DBSCAN
class DoubleDBSCAN:
def init (self, epsilon, min_points):

self.epsilon = epsilon
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self.min_points = min_points

def cluster(self, data):
db = DBSCAN(eps=self.epsilon, min_samples=self.min_points).fit(data)
labels = db.labels_

return labels
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