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Abstract

Protein-protein interactions(PPI) are crucial for understanding behaviour of living or-
ganisms and identifying causes of diseases. In this thesis, a novel image based deep
learning method has been proposed for predicting PPI, which we call DensePPI. Nov-
elty of our approach is that we represent PPI using images. PPI images were generated
based on sequences of amino acids present in the two interacting proteins. Various
colours have been used to represent each Amino Acid. Rectangular images so gener-
ated were further divided into square sub-images using horizontal and vertical strides.
Square sub-images were then given as input to a Deep learning model (DenseNet201) for
automatic feature extraction and prediction. A consensus-based model was also intro-
duced to tackle the problem enormous data size and high model complexity. Model was
trained using the Pan et al.’s dataset and S.Cerevisiae datset. Model’s performance was
tested on independent datasets like Caenorhabditis elegans, Escherichia coli, Helicobacter
Pylori, Homo sapiens and Mus Musculus PPI after removing sequence similarities. Max-
imum accuracies on those datasets were 99.95%, 100.00%, 99.90%, 99.90% and 100.00%
respectively. The Consensus model achieved a high accuracy of 98.86% for external
test sets. Improved performance of DensePPI shows that the image based DL classifier
could be effective for PPI prediction. DensePPI can be used to predict cross-species in-
teractions, based on the enhanced prediction accuracies obtained on separate test sets.
It can also give researchers new insights into signalling pathway analysis, therapeutic

target prediction, and disease pathophysiology.



Contents

1 Introduction 1
11 Somekeyideas . ... ... ... .. ... .. o 2
1.1.1  Definition . . ... ... ... ... .. .. L oo 2

112 Background . . ... .. ... .. ... o 2

1.2 Motivation . . . ... ... L 3

1.3 Organizationofthesis . ... ... ... ... ................. 3

2 Literature Review 5
21 GeneralStrategy . . . . . ... ... L 5
211 Outline of Deep Networks . . . . . ... ... ... ... . ...... 6

2.1.2 Prediction using Paired Protein Interaction Dataset . . . .. .. .. 9

2.2 Classification of PPI Detection Methods . . . . .. ... ... ........ 11
2.3 State-of-the-art In Silico Methods for the Predictionof PPIs . . . . . . .. .. 12
231 Stacked AutoEncoder . .. ... ... ... .. ... o0 L. 12



Contents

232 CNN-FSRF . .. ... ... . 13
233 LSTM-PHV . ... ... 14
234 GraphPPIS. . .. ... ... .. ... ... 17
235 JUPPL. . .. ... 18
236 DNN-XGB . ...... ... ... ... ... 23
24 CompariSOn . . . . . . ... 24
Proposed Methodology 25
31 Dataset . . . ... ... 26
3.1.1 External human validation databases . . . . ... ... ....... 27
3.1.2 External independent validation databases . . . . ... ... .. .. 27
3.2 Image Generation from Sequences . . . .. ... ............... 28
3.3 Sub-Image Generation . . ... ............... ... .. ..... 28
3.4 Creating datasets with equal number of sub-images . . . . ... ... ... 29
3.5 Deep Neural Network Model . . . . ... ... ... .............. 30
3.6 C(ClassificationStrategy . . . . ... .. ... ... .. ... ... 33
3.6.1 Strategy A : Consensus based classification . . . .. ... ... ... 33
3.6.2 Strategy B : Whole data based clustering . . . ... ......... 34
3.7 Performance Evaluation . . ... ... ... ... ... . ... ... . ... 35
Results 36
41 Datapreparation . ... ... ... ... ... ... L L 36
42 Sub-image Generation . . .. ... . ... ... ... Lo oL 37
4.3 Results from DenseNet Architecture . . . ... ... ... .......... 38

X



Contents

4.4 Performance on external validationdatasets . . . . . . ... .. ... .... 42
5 Conclusion 44
Bibliography 46



List of Figures

1.1

21

2.2

2.3

24

2.5

3.1

3.2

3.3

34

3.5

4.1

PPIsinevolutioncontext . . . . . . ... ... ... ... ... . ... ... 3
Flow chart for CNN-FSRF . . . . ... .. ... . .. .. ... . ...... 14
Network architecture of LSTM-PHV . . . .. ... ... ........... 15
The network architecture of the proposed GraphPPISmodel . . . . . . .. 18
Basic workflow of JUPPI . . . . . . .. ... ... . ... ... ........ 21
Schematic diagram of DNN-XGB classifier . ... ... ........... 23
Assigned colours and colour maps to produce images from AAsin PPIs . 30
DenseNet Architecture . . . . ... ... ... ... ... ... .. ..., 30
A dense blockin DenseNet . . .. ... ... ... .............. 31
Flow diagram of proposed methodology 1. . . . . . ... ... ... .... 33
Flow diagram of proposed methodology 2. . . . ... .. ... ....... 34
Training loss/ Loss convergence plot of DensePPI-PF and DensePPI-PE

models for 10epochs. . . . . . ... ... . 39



List of Figures

4.2 AUROC plot of DensePPI-PF and DensePPI-PE models with score. . . .. 40

4.3 AUPRC plot of DensePPI-PF and DensePPI-PE models with score. . . .. 40

xii



List of Tables

2.1

2.2

3.1

4.1

4.2

4.3

44

4.5

4.6

4.7

The reasoning behind several well-liked hand created features used un-
der Strategy I . . . .. ... ... ... ...

Performance Evaluation table of surveyed methods . . . . ... ... ...

Description of the DenseNet201 architecture . . . ... ... ... ... ..

Data distribution in each fold in CV for DensePPI-CN model . . . . . . ..
Sub-image and original image counts of the three models . . . . . . . . ..
Image counts of all redundancy removed external datasets using CD-Hit .

Performance comparison of the models with DNN-PPI and SAE standard
models . . .. ...

Performance on training the 10 models along with the threshold giving
best results fortestdata . . .. ... ... ... .. oL 0oL

Performance of the 10 generated models along with the consensus ap-
proach results on the held out benchmarkdata . . . ... ... ... ... ..

Intraspecies performance comparision of DensePPI-CN model . . . . . . .

xiil



List of Tables

4.8

49

Interspecies performance comparison of our models with respect to the
standardmodels . . . . ... ... ..o o Lo 43

Intraspecies performance comparison of DensePPI-CN model on stan-
dard human PPl databases . . . . . ... ... ................. 43

Xiv



CHAPTER 1

Introduction

Protein is a necessary component of all living organisms and is involved in a variety
of processes including metabolism, signal transmission, hormone control, DNA tran-
scription, and replication. Proteins, in general, interact with other proteins to fulfil their
activities in complexes [1]. The systematic mapping of physical protein-protein interac-
tions (PPIs) in cells has proven immensely useful in furthering our knowledge of protein
function and biology. This PPI network information has proven useful for downstream
inference tasks in understanding functional genomics and biological pathway analy-
sis in species such as yeast and humans where a substantial network of experimen-
tally identified PPIs exists [2]. Understanding cellular biological processes in normal
and pathological states requires precise detection of PPIs and identifying the interaction

types. The findings of these investigations may aid in the discovery of medicinal targets

[3].

However, because biological experiment methods are expensive and time-consuming,
protein interactions found using experimental methods can only account for a small
portion of the total PPIs networks. Furthermore, the detection results are affected by the
experimental environment and operational processes, which might lead to false posi-
tives and negatives. As a result, establishing trustworthy computational methods for
precisely predicting protein interactions is critical.
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The recent improvements in computational power and advancement of big data has con-
tributed in transforming large quantity data into valuable knowledge. Massive amount
of data in the field of medical science and bioinformatics including image, signal and
omics data has been accumulated, with the help of engineering and data analysis meth-
ods, it shows potential for industrial application and academic discipline [4].

Many computational and statistical methods have recently been developed to overcome
this challenge. Some have attempted to mine new protein data, while others have en-
tailed the development of new machine learning algorithms [5]. This paper briefly re-
views the key terminologies and the previous machine learning based works followed
by the progress that we have made on predicting the protein protein interaction compu-
tationally.

1.1 Some key ideas

This section describes the biological background for proteins and it’s interaction.

1.1.1 Protein—protein interaction definition

Protein—protein interactions (PPIs) are highly specialised physical contacts formed be-
tween two or more protein molecules as a result of biochemical activities guided by
electrostatic forces, hydrogen bonding, and the hydrophobic effect. Many are physical
interactions between chains that take place in a cell or in a living organism in a specific

biomolecular setting.

1.1.2 Biological background

The proteome is the collection of all proteins expressed by a cell or organism. The ma-
jority of these proteins do not function alone. Instead, they rely on interactions with a

large number of other proteins to carry out their roles in the cell.

Signal transduction, cell-cell contact, transport, metabolism, cell motility, and even
antigen-antibody identification are all biological functions that rely on protein-protein
interactions. The protein interactome is a term that refers to the entire set of pro-

tein—protein interactions that exist in a biological system (PPIs).

2
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Protein A evolved Protein A

Directed Directed
~ weak I ~ l — strong
interaction I Evolution I Evolution interaction
Protein B evolved Protein B

Figure 1.1: PPIs in evolution context. Image courtesy : team Heidelberg, IGEM, 2017.

1.2 Motivation

In order to solve the problem of PPI prediction computationally, we first studied related
works with computational PPI prediction and then tried to find the research gaps. It
was found that several extracted features from PPI has been in consideration for long
time. However, none of them explicitly worked by giving equal importance to each and
every region of protein protein interaction. We studied an state-of-the-art image classifier,
so we wanted to convert a PPI to an image so that we can classify it accurately. We tried
learning the underlying interaction between by providing equal probability to protein

sequence interaction segments.

In this thesis, we propose DensePPI, a novel approach for prediction of PPIs using
an Deep Learning (DL) based predictor by translating the protein interactions into im-
ages. This method ensures equality of prediction capability for every region in the AA
residues of the proteins participating in an interaction. AA sequences of query inter-
acting protein pairs were converted into images followed by generation of sub-images
from each of them. These sub-images were used to measure performance of the overall
framework. Our DL method has acquired performance greater than that of the state-of-
the-art models on standard human dataset and other interspecies datasets.

1.3 Organization of thesis

This section describes the overall outline of the entire thesis. The remaining chapters
of the thesis are organised as follows. Chapter 2 discusses the available methodologies,

general strategies, synopsis of deep learning architectures, state-of-the-art method and

3
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their comparison for predicting PPIs. Chapter 3 is primarily concerned with our pro-
posed methodology, rigorous experimentations, PPI datasets used and the metrics to
judge our proposed methodology. The results obtained from our approach discussed in
chapter 3 are discussed in chapter 4. Performance comparison, experimental findings
are reported in chapter 4. Finally, this thesis ends with chapter 5 which concludes this
thesis by summarizing our methodology, the limitations that our approach has and it
also sheds light on future scope of our work.



CHAPTER 2

Literature Review

In the research process, the literature review plays a critical role. It’s a place where
researchers get their research ideas, which are then refined into concepts and finally
theories. It also gives the researcher a bird’s eye view of previous research in the field.
A researcher will know where his or her research stands based on the findings of the
literature review. This chapter includes the literature survey of the methodologies used

for prediction of protein protein interactions (PPIs).

2.1 General Strategy

Before beginning a new investigation, a literature review builds familiarity with and
comprehension of current research in a certain topic. We should be able to find out
what research has already been done and discover what is unknown about our topic by
conducting a literature review. Our main focus was on Deep Learning(DL) architectures
which are present for Protein Protein Interaction (PPI) prediction. Thus, the upcoming
review is on DL methods present for PPI prediction.

DL technology has recently risen to prominence as a result of various scientific stud-

ies that aid in a variety of applications such as image recognition, speech recognition,

5
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machine language translation, computer vision, and many more. Deep Neural Net-
works (DNNs), Recurrent Neural Networks (RNNs), and Convolutional Neural Net-
works (CNNs), in particular, have made significant contributions to real-world applica-
tions and have made human efforts easier. In the realm of bioinformatics, a number of
notable DL-based studies have been published.

2.1.1 Outline of Deep Networks

DL architectures are ANNs with several layers, and researchers have contributed a va-
riety of DL architectures dependent on the input and goal of the study. This review
focuses on three types of deep learning architectures: DNNs, CNNs, and RNNs. Sev-
eral researchers, on the other hand, integrated all DL architectures in DNNs [6, 7]. This
work looks at ‘DNNSs’ to talk about SAE [5], which uses AEs [8] as the basic unit of NNs
[9]. The basis for these concerns is the paper’s narrow scope, which focuses on deliver-
ing the relevance of DNs utilising sequential information from PPI’s input data for the
prediction task. In general, there are two main features in DL architectures that improve

performance: optimization and regularisation.

During training, the goal is to adjust the weight parameters in each layer so that the
key and relevant properties of the input may be learned by filtering out the irrelevant
data and transferring an abstract form or reduced number of features to the next layer..
The weight parameters are updated using an algorithm based on the SGD [10] during
the optimization operation. Regularization is a technique for avoiding the overfitting
problem that happens frequently during training. Weight decay [11], Dropout [12], and
rnnDrop [13] are some of the regularisation processes that have been developed. A
unique regularisation technique has just been presented [14], which runs in batches and

does feature normalisation.

The next section provides a brief overview of three deep learning (DL) approaches:
DNNs, RNNs, and CNN, all of which have made significant contributions to the pre-

diction task of PPIs utilising sequential information alone.

Deep Neural Networks

In simple terms, a DNN is a deep network that has several hidden layers in addition to
the input and output layers. The outputs are calculated progressively with the layers
of the network for the provided input data. The output of the preceding layers” unit is

6
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included in the input vector at each layer, which is then multiplied by the weight vector
of the considered layer to get the weighted total. The output of a layer is computed by
applying a non-linear function (ReLU, sigmoid, etc.) [15] to the weighted sum, resulting

in more abstract representations of the previous layer output as follows:

FOFD = (@1 fO 4 (0+1)) (2.1)

where 1 represents activation, w is the weight matrix, f© is the inputted data for the O

layer and z is the bias term.

DNNSs are excellent at analysing high-dimensional data. Because good bioinformatics
research cannot be performed with limited data, the data accessible in this discipline is
typically high-dimensional and complicated, and DNNSs ensure that researchers have
tavourable working conditions. By extracting highly abstract and connected informa-
tion from data, DNNs have the ability to make knowledge more easily understandable.
Manually created features have frequently been submitted as contributions, despite the
fact that raw data is the only prerequisite for DNNs to learn graded features. This
suggests that the capabilities of DNNs have not yet been fully exploited. The future
improvement of DNNs in bioinformatics is expected to come from investigations into
effective methods for encoding unrefined data and extracting reasonable features from
it.

Recurrent Neural Networks

RNNs have a recurring link in each hidden layer that is responsible for operating se-
quential information through some recurrent computation. The previous output (state
vector) is stored in the hidden units, and the output is calculated for the present state
using the previous state vector and the considered input. The evolution of RNN over
time is represented by the following two equations:

Gi = 8(f:0) (22)

Je=71(fi—1; X4 0) (2.3)

Here, 0 represents weights and biases for the network. The first equation expresses the

dependency of the output G, at time ¢ only with the hidden layer f; by using some

computation function, and the second equation shows the dependency of the hidden
7
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layer f; at time ¢t with that of f,_; at time ¢ — 1 and the input X, at time ¢ by using some
computation function. RNNSs, specifically BRNNSs, are widely utilised in applications
like speech recognition, Google translator, and others where historical information is
necessary for the current output. In terms of the number of layers, RNN structures
appear to be simpler than DNN structures, but when the structure of RNN is unrolled

over time, it becomes even more complex.

Though this causes two common problems: vanishing gradients and long-term depen-
dencies, researchers have been able to address these problems by incorporating more
complicated units and developing RNN variations such as LSTM and GRU. RNNs are
now widely used in a variety of fields, including NLP and language interpretation. The
nature of determining the PPl is nearly equivalent to the modelling activities carried out
in NLP research, as both are aimed at determining the shared impact of two arrange-
ments based on their fundamental characteristics. Proteins are given in more numerous

categories, with a broader range of lengths.

Covolutional Neural Networks

CNN is a Deep Learning method that can take an image as input, assign learnable
weights and biases to distinct elements of the image, and identify one from the other
with the least amount of pre-processing as compared to other classification algorithms.
CNN is a feed-forward neural network with neurons that may respond to nearby units
in a portion of the coverage and has excellent performance for data feature extraction.
Forward propagation is used to calculate the output value, and back propagation is used
to alter the weights and biases. The feature map M; at i layer is computed as:

M; = f(M;—1 ® w; + b;) (24)

where w; is the weight matrix of the ith layer’s convolution kernel, bi is the offset vector,
f is the activation function, and operator ® is the convolution operations operator. The
feature map is sampled according to provided criteria by the subsampling layer, which
is normally behind the convolutional layer. Several convolution and sub sampling op-
erations are used by the fully connected layer to classify the collected features. The
basic mathematical concept behind CNN is that it uses multi-layer data transformation

to translate the input matrix M, to a new feature representation R.
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R = Map(C' = ci| My (w, b)) (2.5)

where ¢; stands for the i label class, M, stands for the input matrix, and R stands for the
feature expression. The purpose of CNN training is to reduce the network loss function
R(w, b) as much as possible. At the same time, the final loss function Z(w, b) is normally
controlled by a norm, and the strength of the overfitting is controlled by the parameter
n, to alleviate the overfitting problem.

Z(w,b) = R(w,b) + ngw (2.6)
The next section shows methods for applying DL approaches to pairwise protein inter-

action databases.

2.1.2 Prediction using Paired Protein Interaction Dataset

Some studies have demonstrated that DLs are capable of capturing possible features
from input protein raw data, while others have combined DLs with hand-crafted fea-
tures to improve the performance of PPI prediction tasks. As a result, this sub-section
is divided into two categories based on whether or not manual feature engineering is
used.

Strategy-I: Inclusion of Manually curated Features

The most crucial aspect of developing a computer technique for predicting PPIs is to
mine highly preferred traits that can accurately describe proteins. Several papers pro-
vided unique approaches for numerically encoding protein information, as shown in
Table 2.1, which are widely adopted by several publishers to develop proficient meth-

ods for extracting more finely protein interaction information.

Researchers generally use the above techniques to extract features from protein

sequences and use them in DL architectures to predict the PPI accurately.
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Table 2.1: The reasoning behind several well-liked hand created features used under
Strategy I

Features Perception behind chosen features
AC Protein characteristics are examined by treating a protein se-
quence as a collection of signals that are converted into digital
form using the appropriate physicochemical properties.
CT k-mer based assembly approach that calculates the frequency of
any combination in the entire sequence by grouping together
three neighbouring amino acids that appear successively.

LD Segments of both continuous and discontinuous amino acids can
be used to simultaneously extract fine information about protein
interaction.

MCD Uses the interfaces between serially distant but spatially close

amino acid residues to effectively cover a variety of underlying
continuous and discontinuous portions present in a sequence.

Protein Signature An strategy to creating signatures that takes into account the
length of the amino acid sequence and produces a numerical rep-
resentation for each protein sequence

Strategy-II: Auto-Feature Engineering based PPI features

Li et al. presented DNN-PPI [16], the first research on sequence-based PPI prediction
using DNs that was completely based on auto-feature engineering, i.e. without the ad-
dition of manually derived features. The data must be learned by the NN architecture.
The input should be in numerical form for the NN architecture to learn the data. As a re-
sult, the author assigned each AA a natural number at random and changed the protein
sequence accordingly. The embedding layer in the proposed framework captured in-
formation about semantic association among AA, three-layered CNNs bagged position-
based features of protein sequences, the LSTM layer covered short and longterm depen-
dencies, and the concatenated features were then fed to the FC layer with dropout to
identify potential features. Aside from the positive DNN-PPI results, the author also
examined the performance by varying the number of CNN layers from 1 to 2 and found
no significant differences in accuracy, but faster convergence in loss with the increasing

number of layers.

For more accurate results, several scientists have eliminated sequence similarities be-
tween the training and testing pairs of proteins. The CD-HIT software [17] is the most
commonly used redundancy elimination tool. The CD-HIT software is a large-database
incremental clustering approach that is quick and greedy. This was done after a quick
word filtering procedure that grouped proteins that were related enough (sequence
identity).

10
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Strategy-III: Prediction using Biomedical text Dataset

Hsieh et al. [18] were the first to implement this category in 2017. The author used
a bi-directional RNN with an LSTM technique to solve the PPI identification problem.
In the scenario, there are three layers to the method: Embedding layer that accepts the
protein entities in sentence form and converts each of their words to the corresponding
embedding, resulting in a low-dimensional vector with real-values. Essentially, this
layer gathered syntactic and semantic data by combining the effects of nearby words.
The recurrent layer, namely a Bi-RNN, receives the obtained vector representation. A FC
layer takes the contextual and more refined information received by Bi-RNN and uses it
to classify PPIs. The author used the 10 fold CV and cross-corpus (CC) testing methods
to evaluate the performance using the two largest PPI corpora: a and ¢, and concluded
that DNs are more suitable for extracting rich context information from larger datasets

than manual feature engineering, with favourable results in the CV.

In the Bi-LSTM unit, [19] used a stacking method and included an attention layer. The
rest of the work and architecture are identical to [19]. Stacked LSTM refers to an LSTM
model with multiple hidden layers and many memory units. To capture a high-level
abstract demonstration of each word in the sentence, the author used a vertically stacked
LSTM. This layer’s output is the hidden state representation of its previous layer, which
is subsequently used as an input to the attention layer. The attention layer’s objective
is to provide hints that can be used as a decision factor in interaction information, or to
put it another way;, it tells how much attention should be paid to a specific word at any
given time.

2.2 C(Classification of PPI Detection Methods

Approaches for detecting protein-protein interactions are divided into three categories:
in vitro, in vivo, and in silico methods. A procedure is carried out in a controlled environ-
ment outside of a living creature using in vitro procedures. Tandem affinity purification,
affinity chromatography, coimmunoprecipitation, protein arrays, protein fragment com-
plementation, phage display, X-ray crystallography, and NMR spectroscopy are in vitro
approaches for PPlidentification. In in vivo approaches, a procedure is carried out on the
entire living organism. The in vivo PPI detection approaches include yeast two-hybrid
(Y2H, Y3H) and synthetic lethality. On a computer (or) through computer simulation,
in silico techniques are used. Sequence-based approaches, structure-based approaches,
chromosome proximity, gene fusion, in silico 2 hybrid, mirror tree, phylogenetic tree,
11
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and gene expression-based approaches are all in silico methods for PPI discovery [20].

2.3 State-of-the-art In Silico Methods for the Prediction of

Protein-Protein Interactions.

The yeast two-hybrid (Y2H) method, as well as other in vitro and in vivo approaches,
have resulted in the large-scale development of helpful tools for detecting protein-
protein interactions (PPIs) between specified proteins that can occur in various
combinations. However, due to the lack of available PPIs, the data provided by these
methods may not be reliable. It is preferable to create techniques that predict the whole
range of possible interactions between proteins in order to comprehend the total context

of prospective interactions between proteins.

To support the interactions discovered by the experimental technique, a range of in silico
methods have been developed. This survey mainly focusses on in silico methods for
identification of PPIs.

2.3.1 Sequence-based prediction of PPI using stacked autoencoder

An autoencoder is a type of artificial neural network that uses an unsupervised learning
method to infer a function from unlabeled data in order to generate hidden structures.
A stacked autoencoder (SAE) is made up of numerous layers of autoencoders that are
trained layer by layer. The output of the first layer is linked to the inputs of the next
layer. In an article Sun et al. used SAEs to study the sequence based PPIs [5].

To code the protein sequences, they employed two methods: one termed the autocovari-
ance technique (AC) and the other called the conjoint triad approach (CT). For coding
proteins, the AC technique, which describes how variables at different locations are
connected and interact, is commonly employed [21]. Shen et al. [22] proposed the CT
approach to represent a protein using only its sequencing information. First, the dipole
and side chain volumes of all 20 amino acids are grouped into seven categories. The
cluster number is then substituted for each amino acid in a protein sequence. Then,
from the N-terminus to the C-terminus, a 3-amino acid window is employed to slide
across the entire sequence one step at a time. Each protein is represented by a 343-
number vector by estimating the frequency of each three-number combination. They
used one hidden layer was for both the AC and CT models (protein sequences coded by
12
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AC or CT) for training the SAE and got best results for 400 and 700 neurons respectively
for AC and CT models.

This research was the first to apply a deep learning algorithm to sequence-based PPI
prediction and achieved good results. They also trained the datasets from other species,
such as E. coli, Drosophila, and C. elegans and received promisin results demonstrating its
potential in this field.

2.3.2 Predicting PPIs from Matrix-Based Protein Sequence Using
CNN and FSRF

Extracting effective feature descriptors is generally established as the key to predicting
PPIs. Deep learning belongs to a branch of machine learning. Its objective is to create
and simulate the human brain’s neural network for learning and data interpretation in
a method that mimics the human brain. Deep learning can uncover the laws of data
by combining low-level information to construct an abstract high-level representation.
Wang et al. proposed to employ a deep learning convolutional neural network (CNN)

approach to extract hidden valuable information in proteins [1].

By merging CNN with Feature-Selective Rotation Forest (FSRF), they offered CNN-
FSRF, a novel technique for predicting PPIs based on protein sequence. The proposed
method converts the protein sequence into a Position-Specific Scoring Matrix (PSSM)
containing biological evolution information, then uses CNN to objectively and effi-
ciently extract the protein’s deeply hidden features, and finally uses FSRF to remove

redundant noise information and provide accurate prediction results.

They used Position-Specific Scoring Matrix (PSSM) method that can contain biological
evolution information to generate matrix-based numeric descriptors. An element in the
PSSM matrix r; ; mean that the probability of the i" residue being mutated into type j of
20 amino acids during the evolutionary process in the protein from multiple sequence
alignments using the sequence comparison tool Position-Specific Iterated BLAST (PSI-
BLAST). The convolution neural network is a feed-forward neural network. Its neurons
can respond to the surrounding units in a part of the coverage and have excellent per-
formance for data feature extraction. Gradient descent method along with a learning

rate is used to back propagate the network and update the network weights.

Wang et al. proposed PPI specific Feature-Selective Rotation Forest (FSRF) algorithm

for effective reduction in the data dimension and noise removal. Weighted values of
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Position-Specific Scoring Matrix

Protein A 1
.
: g ™\
3 320 AlR|N w|y|v
a E . i-3 |0.25|-0.4 0.1 ... |0.06/0.17 [-011]
I v R
Y i i,20
%%1‘28 Matrix-based Protein : B e e
Numcrical Representation e 320 i+3 [0.0510.26/0.19] --- [0.24027[0.17
. \ / /
Protein B e /

CNN
Feature Extraction

00 .. %

9.% 0
i
(2 .‘.9. ° "

= —

000 %
KA .‘o’;o o FSRF
— .
°%,% e (lassification /
] 02 04 06 08 1 \70ﬁng RCSUlt '..:..

Sensitivity (vue positive rate)

1- specificity (false positive rate)

Recognized PPIs  Feature-Selective Rotation Forest Classifier Convolutional Neural Network

Figure 2.1: The schematic diagram for predicting PPIs by integrating CNN with feature-
selective rotation forest model. Image courtesy : Wang et al. [1]

each feature was calculated using chi-square method and ranked to discard features
having low influence on classification. A number of rotation matrices [23] along with
the random forest classifier was used to finally assign the classes. The entire work-
flowvof the CNN-FSRF model has been depicted in figure 2.1 . They used 5-fold cross-
validation and the widely used evaluation criteria to evaluate the model, including ac-
curacy, sensitivity, specificity, precision, F-Score, and Matthews Correlation Coefficient
(MCCQ). The experimental results show that CNN-FSRF performs significantly well in
predicting PPIs.

2.3.3 LSTM-PHV: prediction of human-virus PPIs by LSTM with

word2vec

A wide number of PPIs between human and virus are involved in viral infection.
Sequence-based machine learning methods are expected to overcome the problems
with expensive and time consuming experimental methods. In [24], Tsukiyama et al.
first proposed the LSTM model with word2vec to predict PPIs between human and
virus, named LSTM-PHYV, by using only the amino acid sequences. The LSTM-PHV
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effectively learnt the training data with a highly imbalanced ratio of positive to negative
samples.
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Figure 2.2: Network architecture of LSTM-PHV. Image courtesy : Tsukiyama et al. [25]
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To address the problem of no gold standard data for negative samples they employed
the dissimilarity-based negative sampling method which uses the Needleman-Wunsch
algorithm of BLOSUMBS30 to determine the sequence similarities of all pairs of virus pro-
teins in positive samples, and a similarity vector was defined for each virus protein fol-
lowed by excluding the virus proteins showing lower sequence similarities. The weights
in a neural network learn the context of words in word2vec using Continuous Bag-
of-Words Model (CBOW), resulting in a distributed representation that encodes many
linguistic regularities and patterns. Using the word2vec approach, the amino acid se-
quences of human and viral proteins registered as positive and negative samples were
encoded as matrixes. In amino acid sequences, k-mers (k consecutive amino acids) were
treated as a single word (unit), and each amino acid sequence was represented by nu-

merous k-mers.

The LSTM-PHV is composed of three sub-networks. The human and virus proteins-
embedding matrices were turned into two fixed-length vectors by two upstream net-
works with the identical structure. The PPIs were predicted using the third network’s
concatenated fixed-length vectors. Concatenated vectors are what they’re called. Each
step of the LSTM units receives the amino acid sequence column vectors from the em-
bedding matrices. The rectified linear unit (ReLU) function with a dropout rate of 0.3
was employed as an activation function in the first two layers. The third layer’s scalar

values were aligned into a vector, which was then passed to the softmax function.

The resultant human and viral proteins’” fixed-length vectors were concatenated in line
and propagated into the final network. Three layers plus an output layer make up the
final network. The output of the three layers was subjected to the ReLU function with
a dropout rate of 0.3. The sigmoid function was employed as an activation function at
the output layer to create a final output with a value between 0 and 1. They weighted
a binary cross-entropy loss function in the way reported by Cui et al. [26] to train the
model on unbalanced data using rectified adam (RAdam) optimizer [27].

Word2vec is capable of preserving information about local amino acid residue patterns.
The architecture has been shown in figure 2.2. In comparison to previous state-of-the-art
models, the LSTM-PHYV learned highly unbalanced data and was able to reliably predict

the interaction of a human protein with an unknown viral protein.
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2.3.4 Structure-aware PPI site prediction using deep graph convolu-

tional network

Graph convolutional network (GCN) [28] perform similar actions as CNN, in which the
model learns the features by analysing surrounding nodes. The main distinction be-
tween CNNs and Graph Neural Networks (GNNSs) is that CNNs are designed to work
with normal (Euclidean) organised data, whereas GNNs are a generalised variant of
CNNs in which the number of nodes connections varies and the nodes are not in any
particular order (irregular on non-Euclidean structured data). GCNs and its variants
have been successfully applied to a wide range of tasks with graph-structured data in
recent years, including genomic analysis, protein solubility prediction, and drug dis-
covery. Despite their success, most GCN-based models use shallow architectures that
do not allow them to collect information from high-order neighbours. Yuan et al. in
a recent article [29] proposed the GraphPPIS (deep Graph convolutional network for
Protein-Protein Interacting Site prediction), deep graph-based framework for PPI site
prediction, in which the PPI site prediction problem is transformed into a graph node
classification task and solved by deep learning using initial residual and identity map-
ping techniques.

Residues that have been conserved throughout evolution may contain patterns related
to crucial protein features like protein binding propensity. Therefore, to train the model,
they used two types of amino acid features: position-specific scoring matrix (PSSM)
and Hidden Markov models (HMM) as evolutionary information, as well as structural

properties (DSSP), which were combined to generate the final node feature matrix.

Given a protein, they represented the protein graph by node feature matrix and the ad-
jacency matrix. The edges in a protein graph were represented by an adjacency matrix,
which was produced in two steps: 1) obtaining the coordinates of the Ca atom of each
amino acid residue from the PDB file of a protein, and then calculating the Euclidean
distances between all residue pairings, resulting in a distance map. 2) converting any
value less than or equal to the chosen cutoff to 1 and any value larger than the cutoff to
0 to create an adjacency matrix from this protein distance map. Based on the model’s
performance on the training data, the cutoff was chosen at 14 A. The graph convolu-
tional operation is computed using ReLU activation function. Figure 2.3 represents the
overview of how the model predicts it’s final output class.

The multilayer perceptron uses the output of the last graph convolutional layer to es-
timate the protein-interacting probabilities of all amino acid residues. Finally, soft-
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Figure 2.3: The network architecture of the proposed GraphPPIS model. The node fea-
ture matrix and the adjacency matrix are used as input into an L-layer graph convolu-
tional network with initial residual and identity mapping. Here, H denotes the hidden
state of the network and L is set to 8 in this work. The output of the L™ layer (HP)
is converted to residue-level protein-interacting probabilities by the final MLP module.
Image courtesy : Yuan et al. [29]

max function transforms the network’s output into a probability distribution for the
two anticipated classes (non-interacting and interacting). This work is the first to uti-
lize deep graph convolutional network for PPI site prediction, which can be easily ex-
tended to structure-based prediction of other functional sites. In comprehensive eval-
uations, GraphPPIS performs better than existing sequence-based and structure-based
approaches. However, because the AUROC on the test set is less than 0.8, there is still

space for improvement on this task.

2.3.5 Multi-level Feature Based Method for PPI Prediction with a Re-

fined Strategy for Performance Assessment

ML-based models are frequently used in computational approaches to predict interac-
tions based on high-throughput experimentally validated positive and negative inter-
actions. Although experimentally confirmed protein-protein non-interactions (PPNI)
databases are not generally available, high quality negative data are as important for
classification and validation. Several deep learning-based techniques used in sequence-
based PPI prediction have shown excellent results as a result of recent improvements.
Regrettably, the majority of these techniques have a poor cross validation (CV) strategy
and have completely overlooked the component level overlapping issue. When they are
used on complex datasets, the performance suffers as a result of this flaw.

Generally, PPNIs are defined as a group of protein pairs that have never been reported
to interact before. In particular, when modelling PPIs, we can think of the interaction
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space as a graph G(v, e), where v denotes a set of proteins and e is the set of known
positive interactions between protein pairs. The set of edges ( ¢’ ) of the complement
graph G'(v, ¢’) whose interactions are unknown can thus be described as PPNIs. Sev-
eral deep learning-based techniques used in sequence-based PPI prediction have shown
good results as a result of recent improvements. Unfortunately, the cross validation (CV)
strategy has been inadequately handled in most of these solutions, and the overlapping
issue in residue level has been completely overlooked. When applied to complicated
datasets, the performance adversely affected as a result of this issue. Some of them
are careless with their CV layout, while others are unconcerned with how positive and

negative samples are chosen.

JUPPI [30], proposed by Halder et al. overcomes the above issue by introducing three
level filtering to ensure high quality negative data with a pair wise CV method based on
difficulty of the obtained data. The three level features include sequence, function (GO),
and domain information. From the encoded sequence representation, they employed a
trigram technique to build innovative min-max-sum based features. Amino acids has
been divided into seven separate classes for sequence-based characteristics. They gen-
erated a trigram-based feature based on the encoded sequence, taking into account the
local availability of encoded amino acids. There are 7°(343) trigrams in the encoded
sequence of seven unique symbols. In particular they calculated the measure of coor-
dination (MCR) for the sub sequence pair of trigrams which occurs together when two
proteins interact. For any protein pair P, and B, the MCR score for k' trigram a{*has
been calculated as : , ,

MOR(agt)y = TointOk ) Tinin ) 2.7)

nmaw(azb) nsum(azb)

where 7, Mimae and s, denotes the smaller, larger, and sum of local availability of k"

trigram pairs. The local availability for trigram pattern of is defined as :

. thenumber of occurrence of trigram «j in P*

n(ag) = (2.8)

the sequence length of protein P — 2

Finally, the sequence based feature f,.,(af’) for any protein pair P, and B, is calculated

as:

MCR(a), ifad xal #0
Frea(0f?) = * S (2.9)
0, otherwise

The Gene Ontology (GO) graph is organized into three discrete directed acyclic graphs
(DAG) based on three distinct protein features: cellular component (CC), molecular
function (MF), and biological process (BP) . These graph representations have nodes
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that correspond to certain GO-terms and edges that express various hierarchical re-
lationships between them. The authors were able to derive six features by looking
at more generic (ancestor) and more specific (descendant) level information of each
GO-term pair from each of three types of GO relationship sub-graphs by normalising
a ratio of immediate common ancestors/descendents to the set of immediate ances-
tors/descendents. Thus, in a representative GO sub-graph of type 7', the ancestor spe-
cific ((Z(g)) and descendent specific (Cg(g)) directions for a pair of GO terms ¢ and j is
defined as :

T (i, ) = {% .2 € CA(i,j) and y € (A@i) U A(j))} (2.10)
¢P9) (5, 5) = {%: 2 € CD(i,j)and y € (D(i) U D(j))} (2.11)

where the collection of direct ancestors and descendants of each GO-term pair from each
of three types of GO relationship sub-graphs is represented by A(i)and D(i). C'A(i, j)
and C'D(i, j) indicate GO-term i and j’s immediate common ancestors and descendants,
respectively. The GO-based characteristic is divided into two levels: the first is the GO-
pair level, and the second is the protein-pair level. If there is a valid path from i to k on
the general or particular direction of GO sub-graph T, a GO-term % will be deemed an
ancestor or descendant of GO-term :. Finally, ancestor level feature ( Z;(p )) and descen-

dant level feature (CZT)(p )) for a protein pair P, and P, has been defined as :

1
GNP B) = 7—— > (P B) (2.12)

1<a<h
1<b<v

1
h xv

P (P, By) = ST (P, By (2.13)

1<a<h
1<b<u

where h and v are the number of GO annotations of type 7" in P, and Frespectively. A
domain, also known as a motif, is a structural and functional unit of a protein. Firstly, all
possible interactions between different domains observed in the high throughput posi-
tive protein data has been taken into consideration and a subset of negative interaction
pairs has been filtered out (based on Negatome 2.0) to assign the occurrence score to the
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final set after normalization. Normalization is computed as:

ij OU - Omin

norm
Omax - Omzn

(2.14)

where O% is the occurrences of domain pair (d’, d’) and O, and O,,;,, are the maximum
and minimum occurrence score respectively. Finally, domain affinity for a pair of protein
P, and P, is defined by :

Daginity = Y, Froiom (2.15)

where d* € dom(P,) and d’ € dom(P,) and dom(P;) is the set of domain annotations for
P;. To produce the final dataset, all three feature vectors were concatenated to produce
a 350 (343 structural + 6 GO + 1 domain) dimensional feature vector for each pair of
proteins.
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Figure 2.4: Basic workflow of JUPPI, A) Sequence Encoding, B) GO features:, C) Domain
affinity. Image courtesy : Halder et al. [30]

The reliability of an interaction is depicted by HIPPIE’s [31] interaction confidence scor-
ing in the range of [0,1]. The final data is chosen based on PPIs with scores greater
than 0.75. For data generation, the individual protein sequences of these interactions
are collected as primary sequence bins. CD-Hit [17] with less than 40% identity is used
to remove homologous sequences from the original sequence bins, ensuring null occur-
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rences of redundant and homologous proteins between the train and test sets, as well as
within the protein pair (interacting or non-interacting). However 3gClust [32] may also

be used to remove redundant protein pairs.

The following three criteria have been used to curate negative data: 1) protein pairs with
no interaction evidence in the positive set, 2) protein pairs from different subcellular lo-
cations where location is confirmed by manual assertion with experimental evidence
and not implicated in any other location by any assertion method, and 3) protein pairs
with no interaction evidence up to 3-level neighbours in the positive interaction net-
work. Additionally, they developed the dataset or PPI prediction on three classes of pre-
diction difficulties C1, C2 and C3, proposed by [33] by evaluating protein pairs from two
graphs representing two non-redundant train and test sets, where edges represent inter-
actions (positive and negative) and nodes represent the collection of proteins engaged
in interactions. On three classes of prediction difficulty, C1, C2, and C3, the dataset was
created to find the best classifier for PPI prediction. Graph representation can be used to
predict the complexity of test classes. Consider Gy qin(rE, rV) and Gyeq(sE, sV'), which
represent two non-redundant train and test sets, respectively, with edges indicating pos-
itive and negative interactions and nodes representing the set of proteins participating
in interactions. Three complex test classes are defined for any two proteins P, X and F,,

which are as follows :

Cl: both < (P, e V)N (B, € rV) >and < (P, € sV) A (P, € sV) > can occur but not as
a pair (P,, b,) .

C2:if (P, € r'V)A(B, € r'V), then either < (P, € sV)A(P, ¢ sV) >or < (P, € sV)A(FP, ¢
sV') > can occur,

C3if< (P, erV)AN(B,erV)>then< (P, & sV)A (P, & sV) >.

Finally, the classification task was performed using a Random Forest classifier address-
ing the class imbalance problem and the performance was evaluated by adding negative
interactions and generating class imbalanced test datasets. The flowchart of JUPPI has
been depicted in figure 2.4 for better understanding. JUPPI beats state-of-the-art ap-
proaches in terms of multiple metrics, according to experimental results on six separate

datasets with varied complex test classes of prediction environment.
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2.3.6 Deep Neural Network and Extreme Gradient Boosting Based
Hybrid Classifier for Improved Prediction of Protein-Protein

Interaction

Mahapatra et al. in this article [34] proposed a novel hybrid approach combining deep
neural network (DNN) and extreme gradient boosting classifier (XGB) is employed
for predicting PPI. Combining three sequence-based features as inputs : amino acid
composition (AAC), conjoint triad composition (CT), and local descriptor (LD) creates
the hybrid classifier (DNN-XGB). The raw features that are fed to the XGB classifier
are abstracted layer by layer by the DNN in order to extract the hidden information.
Saccharomyces cerevisiae (core subset), Helicobacter pylori, Saccharomyces cerevisiae,
and Human have intraspecies interactions datasets, and their respective 5-fold cross-
validation accuracy rates were 98.35, 96.19, 97.37, and 99.74 percent. The accuracy of the
interspecies interaction datasets of the human-Bacillus anthracis and human-Yersinia
pestis datasets, respectively, is 98.50 and 97.25 percent. The DNN-XGB can be utilised to
forecast interspecies interactions, according to the increased prediction accuracy results

obtained on the independent test sets and network datasets.
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Figure 2.5: Schematic diagram of DNN-XGB classifier. Image Courtesy : Mahapatra et
al.[34]
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They concatenated the AAC, CT and LD features for both the proteins and used for fea-
ture extraction. In AAC, the frequency of each type of amino acid occurring in a protein
sequence is computed and normalised with the length of the protein sequence. The CT

and LD method as described as above. Thus finally creating a feature vector of shape
1 x 933 with a fusion of 20 AAC features, 343 CT features, and 630 LD features. Each
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channel for a protein consisted of four fully connected layers of 512-256-128-64 neurons.
Figure 2.5 represents a schematic diagram of their work. Finally, the output of these
fused extracted features from two proteins are fed to extreme gradient boosting (XGB)
classifier which an ensemble supervised learning algorithm based on gradient boosted
trees. The main idea behind it is to make a strong classifier by combining predictions
of weak classifiers following a serial training process. This is the current state-of-the-art
model. We are trying to make a better model/architecture than this.

24 Comparison

To measure the prediction ability, the following metrics studies were carried out on dif-
ferent datasets. A comprehensive table for evaluation of performance of the methods
discussed above have been prepared and is represented in Table : 2.2 to get an overall
idea of the articles reviewed.

Table 2.2: Performance Evaluation for all the approaches that have been mentioned here.

Performance Evaluation

Method Dataset Sens. Spec. Prec. Acc.  F-Score AUC MCC
2010 HPRD NR 0.9806 0.9634 0.9627 09719 NA NA NA
Stacked E. coli 0.9689 0.9528 0.9518 0.9605 NA NA NA
AutoEncoder[5] C. elegans 0.9935 0.9528 0.9508 0.9723 NA NA NA
Drosophila 0.9951 0.9628 0.9616 0.9784 NA NA NA
DIP NA NA NA 0.9377 NA NA NA
C. elegans 0.9641 NA NA 0.9641 09817 NA NA
E. coli 0.9547 NA NA 0.9547 09768 NA NA
CNN-FSRF[1] H. sapiens 0.9865 NA NA 09865 0.9932 NA NA
M. musculus 0.9327 NA NA 09327 09652 NA NA

TR1-TS1 0906 0.829 NA 0.867 NA 0912 0.737

TR2-TS2 0933 0.747 NA 084 NA 0.941 0.692

LSTM-PHV(25] TR3-TS1 0.892 0.822 NA 0.857 NA 0.921 0.716
TR4-TS2 0913 0.887 NA 0.9 NA 0.956 0.8

GraphPPIS[29] Test_60 NA NA 0368 0.776  0.451 0.786 0.333

Park-Marcotte : Human Balanced NA NA NA NA NA 0.85 NA
Park-Marcotte : Human Random NA NA NA NA NA 0.87 NA
Ramp-Host nr-human (CV) NA NA NA NA NA 0.968 NA

Yuetal ,Human: HCP:-RNeg NA NA NA NA NA 0.85 NA

DNN-XGBJ[34] S.Cerevisiae NA NA NA 0.9835 NA NA NA

Note: NA means Not Available

Sens. means Sensitivity

Prec. means Precision

JUPPI[30]

Acc. means Accuracy
AUC means Area under ROC Curve
MCC stands for Mathews correlation coefficient

From the performance comparision table, it is observed that DNN-XGB has outper-
formed other models in accuracy. However, other models such as CNN-FSRF has ob-
tained great results on inter-species predictions.
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Proposed Methodology

This section describes the approaches that has been incorporated in our work to achieve
the Protein Protein Interaction (PPI) prediction task efficiently. Multiple amino acids
(AAs) are joined together by peptide bonds to create a lengthy chain within a protein. A
biological process removes a water molecule as it connects the amino group of one AA
to the carboxyl group of a nearby AA to generate peptide bonds. The primary structure
of a protein is defined as the linear sequence of amino acids inside it. The raw AA se-
quence from a pair of proteins has been converted into an image and fed to DenseNet
[35] Deep Learning (DL) framework to generate two models to focus on class imbal-
ance problem. Finally, the classification result has been obtained by performing a strict
threshold on the results derived from the generated models. DenseNet framework has
been used here as it has most accurate representation of images, improved parameter
adaptability, higher memory and computational efficiency. DenseNet is a novel Con-
volutional Neural Network (CNN) architecture that has achieved state-of-the-art results
on various classification datasets with less parameters than previous image classifiers
like Convolutional Neural Network (CNN) and Residual Networks (ResNet), hence it
is highly likely to outperform them.
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3.1 Dataset

Several standard intraspecies (Human) datasets are utilised in this study. Pan’s PPI data
has been obtained from [36] as a benchmark dataset to train our models with positive
and negative PPIs. There were 36,630 positive and 36,480 negative pairs from 9476 and
2184 proteins in the sample respectively. The remaining 36,630 interacting (positive)
samples (PPIs) were generated by eliminating duplicated interactions from the human
protein references database (HPRD, 2007 edition). However, the non-interacting (neg-
ative) dataset has been constructed using pair of proteins, each of which are from dif-
ferent sub-cellular regions of the Human species. The sub-cellular region information
was curated from Swiss-Prot version 57.3 database based on the sequence having am-
biguous or uncertain subcellular location terms, two or more sites, with the annotation
“fragment” and sequence length < 50. Sequences with length more than 20,000 were
discarded for being very computationally expensive resulting in 36,608 and 36,480 pos-
itive and negative interactions respectively. We randomly selected 4500 positive and
4500 negative interactions and used it as hold-out set for further validation. The re-
maining data has been used to create three models, first of which uses all of the re-
maining PPIs with all the sub-images (discussed in section 3.3 and 3.4) generated from
the PPIs and second one uses approximately equal amount of sub-images (positive and
negative) of Pan et al.’s dataset and the third model uses dataset of whole PPI dataset
of Saccharomyces cerevisiae (S.Cerevisiae) to train the Deep Learning (DL) model, which
contains 17257 interacting pairs and 48954 non-interacting pairs, was used to train a
separate model on the same architecture in order to predict its generalisation potential
on the mentioned inter-species datasets. In the PPI datasets, the number of samples
in both the positive and negative classes is not equal, resulting in an unbalanced data
set. As a result, a balanced dataset is created by selecting a number of negative sam-
ples equal to the number of positive samples thus creating three DensePPI models with
names DensePPI-PE (DensePPI-Pan et al. “Equal”), DensePPI-PF (DensePPI-Pan et al.
- “Full”) and DensePPI-SC (DensePPI-S.Cerevisiae). For creating a low complexity con-
sensus based DL based model, we randomly selected 4500 positive and 4500 negative
interactions and held them out for further validation. The remaining data has been ran-
domly chosen and equally divided into 10 folds for performing the 10 fold CV where
each fold had 3210 and 3198 positive and negative exclusive dataset. We named this
model as DensePPI-CN (DensePPI-Consensus).
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3.1.1 External human validation databases

In order to verify the prediction and generalization capability of our model, we used
several external databases to obtain and compare our model’s performance. The first
database that we chose to use was of DIP. The Database of Interacting Proteins (DIP) is a
record of experimentally determined PPIs [37]. Specifically, 20160430 version of DIP for
Human species has been used for validating our models. The second database, Human
Integrated Protein—Protein Interaction rEference (HIPPIE) provides annotated PPIs and
their confidence scores using graph algorithms [38]. The PPIs with confidence score >
0.73 has been considered as High-Quality (HQ) data and the PPIs with score < 0.73 has
been considered as Low-Quality (LQ) datasets. And lastly, InWeb_InBioMap(IWIBM)
PPI database, which is a combination of 8 huge PPI databases to provide a scored human
protein interaction network through data integration and quality control, with greater
number of interactions and higher functional biological significance than comparable
resources [39]. This data discriminated between two forms of PPI data: HQ data, which
had a confidence value of 1, and used rest of the interactions as LQ data. The recent
release of IWIBM was utilised to compare our results. The DIP, HIPPIE and IWIBM
databases contained 6913, 287357 and 625641 amount of positive interacting PPIs in to-
tal.

3.1.2 External independent validation databases

To further study the prediction capability of our model, we tested our model on the in-
dependent databases of different species obtained from [34]. We collected Caenorhabditis
elegans (C.Elegans), Escherichia coli (E.coli), Helicobacter pylori (H.Pylori), Homo sapiens
(H.Sapi), Mus musculus (M.Musc) data contained 4013, 6954, 1420, 1412 and 313 positive

interactions respectively.

All the datasets obtained were further pruned of protein pairs that were similar to the
benchmark dataset. We used CD-Hit [17] program to identify and remove protein pairs
whose sequences were 40% similar to benchmark dataset as it can handle large datasets
and is hundreds of times faster than common database search and sequence comparison

tools.
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3.2 Image Generation from Sequences

Sequence from both the proteins in a PPI pair has been used to generate an image to
be used for training and final classification. As protein is a long chain of texts (AA
sequence), we have considered equal connection strength for interaction between two
proteins where connections are of number N xM for two proteins with N and M number
of AAs respectively. The 20 AAs ‘M’, 'D’, ‘A’, ’K’, 'R, ‘G’, ‘L’, °C’, 'V’, 'F', ’S’, 'P’, ‘Q,
‘E,T,'H, Y, ‘T, "W’, ‘N’ along with other special cases which are hard to differentiate
such as ‘O, ‘U’, ‘B’, 'Z’, ’X’, ']’ has been assigned the most distinct 26 colours in RGB
colour spectrum chosen using [40] in order to provide equal importance for each AA
interaction. We then prepared a colour map (CMAP) which is a colour matrix of dimen-
sion 26x26 where each entry CMAPj; represents a particular colour for the interaction
of residues i and j is defined as :

R Y A
CMAP; = 5 o 5 (3.1)

where 1y, gi, bj] and [rj, g;, bj] are the unique colours for residues i and j where r, g,and b

are the colour intensity values of red, green, and blue primary colours in the RGB colour
model within the range [0, 255]. These colour maps for a particular interaction between
two AAsiand jie. CMAPj was further used to create colour matrix for interactions be-
tween AA sequences of two proteins P; and P,. The final image (colour matrix) PCMAP
of the two proteins is defined as:

PCMAP; = CMAP;; Vi € AA[P;] and Vj € AA[P,] (3.2)

where AA[P;] and AA[P;] represents the entire AA sequence of two proteins P; and P,.
Thus, images were generated and saved for all possible protein pairs to be trained and
validated on our proposed deep learning architecture.

3.3 Sub-Image Generation

The images thus generated from protein pairs were further split into sub-images using
sliding window approach. We used this method to generate equal size sub-images from
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an image rather than squeezing the image as it would have lost information for images
produced from proteins with larger sequences. The sub-image generated would have
equal resolution and aspect ratio of each region as there were in the original image as-
suming equal prediction capability for all the sub-images generated from an image. A
sliding window of a fixed dimension was hovered on the entire image with fixed stride
which controls the amount of movement in horizontal and vertical direction over the im-
age. All of the sub-images that resulted from a positive protein interaction were labeled
as positive interactions and resulting sub-images from a negative protein interaction
was labeled as negative interactions. The list of all generated sub-images from a partic-
ular image has been kept in track for further experimentation. Benchmark and external
validation data has been used for generating sub-images with chosen sub-image sizes
of 256x256 and 128x128 with a stride of 128 and 64 respectively to generate images of
equal dimension without resizing it for the deep learning architecture to be discussed in
next section. Generating sub-images from an image helps us to assign equal weight-age

to each interaction regardless of size of both the proteins.

3.4 Creating datasets with equal number of sub-images

To create a dataset with approximately equal amount of sub-images from the remaining
amount of images in training dataset, we used a local search on the dictionary mapping
of image to it’'s number of sub images. In particular, we searched for the number of
allowable sub-images for an image of a PPI for which we needed a threshold #i,; which

minimizes the following function :

) s1,—> s (3.3)

where SI,,’s are the total number of positive sub-images using only those positive images
whose number of sub-images are < t;,,g and SI,,’s are the total number of negative sub-
images using the same threshold tiy,. Thus, we generated two models with Pan et al.’s
“full” and “equal” dataset representing equal number of PPl images and approximately

equal number of PPI sub-images respectively.
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AsN O

Figure 3.1: Assigned colours and colour maps to produce images from AAs in PPIs. a)
Colour assigned to each amino acid and the unrecognizable amino acids. b) The colour
map used for generating images from two proteins using amino acid pairs

3.5 Deep Neural Network Model

For visual object detection, convolutional neural networks (CNNs) have become the
dominant machine learning approach. The original LeNet5 [41] has five layers, VGG
has 19 layers [42], whereas Highway Networks [43] and Residual Networks (ResNets)
[44] just recently breached the 100-layer barrier. As CNNs get more complicated, a new
research concern arises: information about the input or gradient might “wash away"
as it passes through several layers before reaching the network’s finish (or beginning).
The vanishing-gradient problem was solved, feature propagation was improved, feature
reuse was promoted, and the number of parameters was cut in half using Huang et al.’s
Dense Convolutional Network (DenseNet).

Prediction

Input
Dense Block 1 Dense Block 2 Dense Block 3

af i S e

Figure 3.2: A deep DenseNet with three dense blocks. The layers between two adjacent
blocks (transition layers) change feature-map sizes via convolution and pooling. Image
courtesy : Huang et al.[35]
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Each layer in DenseNet is linked to every other layer in a feed-forward manner. It’s

network has L(LTH) direct connections, whereas normal L-layer convolutional networks
have L connections, i.e. one between each layer and the next layer. Each layer uses the
feature-maps of all previous levels as inputs, and its own feature-maps are utilised as in-
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puts into all subsequent layers, i.e. an i™ layer receives feature-maps from it’s preceding

layers, Lo, L1, ..., L,y as an input:

Li = fi([Lo, L1, ..., Li-1]) (3:4)

Figure 3.3: A 5-layer dense block with a growth rate of £ = 4. All preceding feature-
maps has been used as an input to each layer. Image courtesy : Huang et al.[35]

where L; is the output of layer ¢ and [Lo, L1, ..., L;_1] is a concatenation of the feature-
maps of previous layers. They defined f; as a composite function of three successive
operations: batch normalisation (BN), rectified linear unit (ReLU) and a 3x3 convolu-
tion (Conv). As a result, the feature-maps created by earlier layers may be easily ac-
cessible by the network deep levels, allowing the features to be reused. The network
may be smaller and more compact since each layer gets feature maps from all preceding
layers, resulting in fewer channels. Therefore, it is more efficient in terms of processing
and memory. Their architecture divides the network into numerous tightly linked dense
blocks to make downsampling easier. Transition layers, which perform convolution and
pooling, are referred as layers between blocks. However, as layers go deeper, the num-
ber of concatenated feature-maps of the next layer increases. If there are no limitations
set on the continued rise in the number of feature-maps, there might be a massive com-
puting expense. Therefore, by adjusting the growth rate £, the amount of newly created
feature-maps in each layer may be kept under control. When using a : number of layers,
the i layer in the dense block will contain a total of k x (i — 1) + ko feature-maps, where
ko denotes number of input channels into the dense layer. Figure 3.3 represents a 5-layer
dense block and a DenseNet architecture has been shown in figure 3.2.
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Table 3.1: Description of the DenseNet201 architecture

Layers Output Size DenseNet-201 Architecture
Convolution 112x112 7x7 conv, stride 2
Pooling 56 x56 3x3 max pool, stride 2
Dense Block (1) 5656 Lxleonvi o

3 x 3 conv
- 56 x56 1x1 conv
Transition Layer (1) 28x28 2x2 average pool, stride 2
Dense Block (2) 2828 Pxleonvi
3 x 3 conv
. 28x28 1x1 conv
Transition Layer (2) 14x14 2x2 average pool, stride 2
Dense Block (3) 14x14 Pxleonvi 4
3 x 3 conv
. 14x14 1x1 conv
Transition Layer (3) 7x7 2x2 average pool, stride 2
Dense Block (4) 7x7 Lxleonvi 5
3 x 3 conv
e 7x7 global average pool
Classification Layer b 1000D fully-connected, softmax

In particular, we used DenseNet201 implementation from using PyTorch [45] and keras
[46], the architecture of which has been described in Table 3.1. The sub-images along
with it’s labels has been used as an input here to predict the classification results after
discarding protein pairs whose at least one sequence length is < 128 so as not to squeeze
or expand any pictures for generating sub-images from it. In addition to that, we chose
average pooling between layers with a learning rate of 0.001 and an added momentum
of 0.9. To train the pre-trained DenseNet model, we used all of the sub-images from
the training dataset. Because the prediction task is stated as a binary classification prob-
lem, the categorical crossentropy measure was chosen as a loss function. The categorical
crossentropy loss function is defined as :

N
1
Jeer = =5 > Dy x log(ho(x;, 1)) (3.5)

i=1 j=1

where N and C denotes the number of training examples and classes respectively, x;
and y! represents the j** input vector along with it’s target label for class i respectively
and hy denotes the model with network weights ¢. The networks are optimised using

a stochastic gradient descent (SGD) optimizer to perforachieve generalization using Py-
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Torch and keras to get the highest accuracy.

These tests are conducted on a workstation that has two NVIDIA Quadro P5000 GPUs
with 16 GB of VRAM each, Intel(R) Xeon(R) CPU E5-2695 v4 @ 2.10GHz, and 512 GB of
RAM. A 64-bit version of Ubuntu 16.04 runs on the computer.

3.6 Classification Strategy

We adopted two classification strategies one of which uses consensus and other one uses
whole data of PPI and PPNI dataset.

3.6.1 Strategy A : Consensus based classification
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Figure 3.4: Overall work flow diagram of the methodology 1 proposed in this thesis.
The last 4 blocks represent Dense blocks and other transition layers in the DenseNet201
architecture.

The confidence values € [0, 1] for each sub-image generated from an original image of
a PPI obtained using the DenseNet201 prediction has been averaged out to get an near
approximate overall confidence value of the DL architecture on the particular PPI. As we
have chosen to perform 10-fold CV, we have obtained 10 models using equal amounts
of positive and negative protein interaction data. The models were further subjected to
an iterative method to find out the best threshold giving out the maximum score in the
performance evaluation metrics using the test data belonging to the particular fold. We
used accuracy metrics as a criteria to identify the best threshold for a particular model.
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The PPIs under that threshold are considered as a negative interaction (0) and those
which are > threshold are considered as a positive interaction (1).

After receiving the best thresholds for a model, We then fed the held out data into 10
generated models and use the obtained thresholds to get 10 final classification result on
each PPI. However, The final classification report for one PPI has been generated using

consensus which is formulated below :

1, if count;(1) > count;(0)
FC; = (3.6)

0, otherwise

In the above equation, FC; denotes the final class for the i" PPI and count;(1) and
count;(0) represents the number of times where a model has predicted 1 and 0 for the ™
PPI respectively.

3.6.2 Strategy B : Whole data based clustering

The confidence values € [0, 1] for each sub-image generated from an original image of a
PPI obtained using the DenseNet201 model prediction has been averaged out to get an
near approximate overall confidence value of the DL architecture on the particular PPIL.
We have obtained two models using equal number of positive and negative images and

another with equal amounts of positive and negative sub-images. A threshold of 0.5 has
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Figure 3.5: Overall work flow diagram of the methodology 2 proposed in this thesis.
The last 4 blocks represent Dense blocks and other transition layers in the DenseNet201
architecture.
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been chosen to give the final class label to the original PPI. Thus, the final classification
report for one PPI has been calculated as :

(3.7)
0, otherwise

1, if (P)>0.5
In the above equation, FC; denotes the final class for the i™ PPI and avg;(P) is the mean
of all predicted probabilities for the sub-images of i" PPI.

3.7 Performance Evaluation

The classification Accuracy, Area under Receiver Operating Curve (AUROC), Area un-
der Precision Recall Curve (AUPRC), and the Fl-score are used in this research article
to evaluate the prediction models using the 10-fold cross-validation test. AUROC and
AUPRC are based on Sensitivity, Specificity and Precision which are defined by :

TP+TN

Accuracy = 5 BB TNAEN (38
Precision / Positive Predictive Power = P (3.9)

ecisio ositive Predictive Power = — .
Recall / Sensitivity / True Positive Rate = 1P (3.10)

ec ensitivity ue Positive Rate = - = .
False Positive Rate = N 1-Specificity (3.11)
Precisi Recall

F1-Score = 2 x TeCISIon x eca (3.12)

Precision+Recall

The AUROC is a probability curve that plots the True Positive Rate against False Posi-
tive Rate, and is a metric for a classifier’s ability to discriminate across classes. On the
other hand AUPRC curve plots between Precision and Recall and mainly focusses on
true positives. The AUROC, AUPRC curves has been reported as a score using sklearn
Python package [47] to calculate performance metrics for each label, and find their un-

weighted mean.

The entire workflow of our proposed approach along with the DenseNet201 architecture

has been depicted in figure 3.4 and 3.5.

35



CHAPTER 4

Results

This chapter describes the key findings and observations of the classification task so
performed on the previous chapter. Detailed result obtained from all the analysis has
been discussed here.

4.1 Data preparation

The raw Amino Acid (AA) sequence of the benchmark as well as the external validation
dataset has been converted into image by using the methodologies described in section
3.2. The colour profiles for the amino acid pairs were assigned randomly from the set
of 26 colours mentioned in [40]. The colour map of interaction between two proteins
when the interact is shown in figure 3.1-(b). Colour assigned for each AA and the other
unrecognizable AAs is depicted in figure 3.1-(a).

The benchmark datasets of Pan et al. and S.Cerevisiae was split into training and a held
out portion to test the results obtained so far as discussed in section 3.1. We chose to
use 8:2 ratio between number of training and testing images for Pan et al.’s PPIs. For
the S.Cerevisiae benchmark dataset, 9:1 ratio between training and testing samples has

been used for having low amount of PPI data. Although, not all the samples had both
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dimensions > 128, therefore some samples were discarded and thus three models with
names DensePPI-PE (DensePPI-Pan et al. “Equal”), DensePPI-PF (DensePPI-Pan et
al. - “Full”) were generated and DensePPI-SC (DensePPI-S.Cerevisiae) and used these
models to predict on the inter-species as well intra-species PPIs.

The entire benchmark dataset of Pan et al. was split into 10 equal folds along with a
held out portion to test the results obtained so far as discussed in section 3.1. Thus,
each fold has got 2568, 2558 number of positive and negative training samples with
642, 640 number of positive and negative testing samples respectively. The standard
8:2 ratio between number of training and testing items was maintained. Although, not
all the samples had both dimensions > 128 in each fold, therefore some samples were
discarded. Table 4.1 shows us the percentage of images selected for training/testing for
all folds for the DensePPI-CN (DensePPI-Consensus) model.

Table 4.1: Data distribution in each fold in CV for DensePPI-CN model

Model No. No. of training No. of testing Percentage of

Sub-images Sub-images  image selected
1 421674 101051 91.533
2 417092 102600 91.475
3 416916 101305 91.650
4 407640 98435 91.280
5 422917 108092 91.455
6 445774 111389 91.046
7 416951 109079 91.592
8 425287 99249 91.377
9 425026 102260 91.280
10 415484 98754 92.041

4.2 Sub-image Generation

We tried squeezing the images in order to reduce time complexity of handling huge
number of sub-images. But the accuracy obtained were much lower. An accuracy of
75.85% was obtained on squeezing the image to size 256 x256, however when tried with
our approach mentioned in 3.3, an accuracy of 86.038% was obtained. Original PPIs
converted to image were further sub-divided using a sliding window of size 256 x256
and 128x128 with strides of 128 and 64 respectively to compare the settings for generat-
ing sub-images giving maximum performance. It was found that sub-images generated
using 128x128 window size with strides of 64 yielded better accuracy than the former
combination. Consequently, sub-images of size 128 x128 with a stride of 64 generating
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input images of dimension 128 x128x3 for the DenseNet model with 10 epochs was cho-
sen as the best setting for DensePPI-PF, PE and SC models and was used as a parameter
while running each model. Additionally, we also found the t;,,; as 154. Therefore, the
number of positive and negative images with total sub-images for the original PPI im-
ages of all the models has been reported in table 4.2. Table 4.1 reports the number of
sub-images from original training and testing images in each fold for the DensePPI-CN
model.

Table 4.2: Sub-image and original image counts of the three models

DensePPI
Counts | / Models — PE PE e
Orig Image Count POS 30266 26598 15487
(Training) NEG 32385 33588 15793
Sub Image Count POS 3320234 1348570 1133820
(Training) NEG 2207561 1346035 1026082
Orig Image Count POS 4227 4227 1725
(Hold Out) NEG 4003 4003 1725
Sub Image Count POS 460952 460952 113206
(Hold Out) NEG 280983 280983 103271

The whole dataset of interspecies and intraspecies PPIs has been used for redundancy
removal with the particular benchmark PPI dataset. For Pan et al.’s data we used
C.Elegans, E.Coli, H.Pylori interspecies and DIP, HIPPIE and IWIBM intraspecies PP1
dataset for removal of sequence similarity using CD-Hit. Additionally C.Elegans, E.Coli,
H.Pylori, H.Sapiens and M.Musculus interspecies PPIs has been used with the bench-
mark S.Cerevisiae data to reduce the redundancy upto 40%. The original image count
and their reduced count based on sequence similarity with their sub-image count has
been reported in table 4.3.

4.3 Results from DenseNet Architecture

The DenseNet DL model was implemented according to the parameters discussed in
section 3.5. The Accuracy, Sensitivity, Precision, F-score, Mathews Correlation Coeffi-
cient(MCC) score, Area under Receiver Operating Curve(AUROC) and Area under Pre-
cision Recall Curve(AUPRC) of our models on hold out data and it’s comparison with
state-of-the-art methods has been shown in table 4.4.

Our DenseNet DL architecture performed surprisingly well for the hold out data from
the benchmark dataset, the data distribution of which is described in section 3.1. We re-
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Table 4.3: Image counts of all redundancy removed external datasets using CD-Hit

Benchmark CD-Hit Orig IMG LRIMG Sub-IMG

Data used on Count Count Count
C.Elegans 4013 3403 201546
E.Coli 6954 5779 152216
DensePPI-SC  H.Pylori 1420 1349 49005
H.Sapiens 1412 1104 86172
M.Musculus 313 256 17254
C.Elegans 4013 2405 149437
E.Coli 6954 5610 147994
H.Pylori 1420 1329 48618
DIP 6913 933 47205

DensePPIPE yippreg 45316 2727 132120

HIPPIE-LQ 242041 37627 1902546
IWIBM-HQ 166033 32788 1074202
IWIBM-LQ 459608 78353 4049978

Note: LR stands for Low Redundancy

HQ stands for High Quality

LQ stands for Low Quality

ceived the best AUROC, AUPRC, Accuracy(Acc), Sensitivity(Sens), Precision(Prec.), F-
score and MCC score for the DensePPI-PF model. It has been noticed that our DensePPI-
PF model has outperformed all the other standard models viz. DNN-PPI[16], SAE[5] in
the comparative study reported in table 4.4.

0.7 1 —— Pan et al. Full

Pan et al. Equal

Training Loss
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Figure 4.1: Training loss/ Loss convergence plot of DensePPI-PF and DensePPI-PE mod-
els for 10 epochs.

We plotted the loss comparison curves of the models in figure 4.1 to ensure that they

were all convergent. In terms of the loss value, it was discovered that DensePPI-PF

model had a faster convergence speed than the other two models with DensePPI-PE

model converging at the nearest speed. Moreover, we also plotted the AUROC and
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Figure 4.2: AUROC plot of DensePPI-PF and DensePPI-PE models with score.

1.00 1
0.98 -

0.96

o

©

N
L

Precision
o
©
N

0.90 -
0.88 -
0861 _ pR AUC Full = 0.9999
0.84 1 PR AUC Equal = 0.9962
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 4.3: AUPRC plot of DensePPI-PF and DensePPI-PE models with score.

Table 4.4: Performance comparison of the models with DNN-PPI and SAE standard
models

DensePP1

Models—  DNN-PPI[16] SAE[5] —pr PE SC

Acc (%) 0.9878 09719 0.9957 0.9666 0.8958
Sens (%) 0.9891 09806 0.9946 0.9872 0.9513
Prec (%) 0.9861 0.9627 09972 0.9497 0.8548
F-Score (%) 0.9876 NA 09959 0.9681 0.9005
MCC (%) 0.9757 NA 09915 0.9338 0.7969
AUC (%) NA NA 09999 0.9960 0.9578
AUPRC (%) NA NA 09999 09962 0.9421

Note: NA means Not Available
S.Cerv stands for S.Cerevisiae model
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AUPRC plot for the DensePPI-PE and DensePPI-PF model, which are reported in figures
4.2 and 4.3 respectively.

Table 4.5: Performance on training the 10 models along with the threshold giving best
results for test data

Trainin Threshold for Testin
Model No Acc. (%age) max. performance Acc. (°/oagge)

1 99.72 0.48 95.299
2 99.83 0.34 95.013
3 99.82 0.2 94.898
4 99.73 0.16 95.339
5 99.74 0.15 95.266
6 99.84 0.16 94.416
7 99.75 0.17 95.081
8 99.85 0.47 95.819
9 99.72 0.39 94.958
10 98.95 0.14 96.371

The DensePPI-CN DL model was implemented according to the parameters discussed
in section 3.5. We obtained 10 thresholds for the 10 trained models in CV which provides
maximum performance of the model when tested using the test samples of that fold.
The training accuracy, testing accuracy and the threshold to be used for attaining best
accuracy in test data has been reported in table 4.5.

Table 4.6: Performance of the 10 generated models along with the consensus approach
results on the held out benchmark data

Model No Result on Hold Out data
Accuracy (%age) AUROC AUPRC F1-Score

1 94.605 0.972 0.968 0.93
2 95.383 0.98 0.978 0.901
3 94.994 0.975 0.972 0.872
4 95.176 0.975 0.974 0.875
5 95.310 0.972 0.972 0.866
6 94.800 0.978 0.976 0.876
7 95.237 0.974 0.97 0.888
8 95.128 0.978 0.977 0.927
9 93.742 0.969 0.968 0.931
10 94.727 0.973 0.969 0.884

Consensus 97.303 0.973 0.982 0.884

Our DensePPI-CN DL architecture performed surprisingly well for the hold out data

from the benchmark dataset, the data distribution of which is described in section 3.1.

We received the best Area under Receiver Operating Curve (AUROC) score of 0.98 for

model number 2, best Area under Precision Recall Curve (AUPRC) score of 0.982 for the
41



Chapter 4. Results

consensus model and maximum F1-score of 0.931 for the 9" DL model. The performance
metrics thus obtained on all the models as well as while using the consensus approach
is depicted in table 4.6.

4.4 Performance on external validation datasets

In the domain of machine learning, generalisation and overfitting are two significant
and closely linked concepts. Overfitting refers to a model that fits training data too
well, whereas generalisation refers to a model’s capacity to adapt to new data. Despite
of having manually curated dataset partitions and algorithm design perspectives, the
problem persists due to the unpredictability of future unknown data. The most prac-
tical technique to assess a model’s generalisation is still individual verification on each

dataset.

We checked our DensePPI-CN model’s performance on external human databases viz.
DIP [37], HIPPIE v2.0 [38] and inWeb_inbiomap [39]. It has attained great performance
on intraspecies databases also, the report of which is shown in table 4.7. We have com-
pared our model’s performance with standard models like SAE[5] and DNN-PPI[16].

Table 4.7: Intraspecies performance comparision of DensePPI-CN model

HIPPIE HIPPIE IWIBM IWIBM

Models PIF " 20HQ v201Q HOQ LQ
SAE [1] 0.9377 0.9224 0.8704 09114 0.8799
DNN-PPI [16] 09302 0.942 09414 0.9411 0.9331
Pan et al. [36] 0.9004 0.8501 NA NA NA
Zeng et al. [48] 0.9594 NA NA NA NA
Bandyopadhyay et al. [49]  0.87 NA NA NA NA
Yuan et al. 0.9762 NA NA NA NA
DensePPI-CN 09844 09858 09886 0.9694 0.9790

Subsequently, we tested our DensePPI-PF model’s performance on external standard
human databases including DIP [37], HIPPIE v2.0 [38] and inWeb_inbiomap [39] com-
pared it with standard models including DNN-PPI[16], SAE[5], GBDT[50] and Pan et
al.’s own method[36] which is reported in table 4.9.

Several interspecies datasets of C.Elegans, E.Coli, H.Sapiens, M.Musculus, H.Pylori has
been used to test our model’s performance and measure overall generalizability. The
comparison table of different standard models has been depicted in table 4.8. It has been
found that DensePPI-PF model has outperformed the other standard existing classifiers.
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Table 4.8: Interspecies performance comparison of our models with respect to the stan-

dard models

Dataset — CEleg E.Coli H.Sapi M.Musc

Method | (Acc %) (Acc %) (Acc %) (Acc %)
DNN-XGB[34] 98.23 97.58 99.15 98.72
CNN-FSRF[1] 96.41 95.47 98.65 93.27
DPPI[51] 95.51 96.66 96.24 95.84
DeepPPI[52] 93.77 91.37 94.84 92.19
EsnDNNT[53] 93.22 95.10 95.00 94.06
GcForest-PPI[54] 96.01 96.30 98.58 99.04
GTB-PPI[55] 92.42 94.06 97.38 98.08
DCT-ROF[56] 98.08 92.75 98.87 98.72
LightGBM[50] 90.16 92.16 94.83 94.57
MLD-RF[57] 87.71 89.30 94.19 91.96
MMI-NMBAC[58] 92.16 92.80 94.33 95.85
DensePPI-SC 99.85 99.73 99.90 100.00
DensePPI-PF 99.95 100.00 NA NA

Note: NA means Not Available, as we didn’t compare Human to
Human PPIs and Human to Mouse PPIs.

Additionally, DensePPI-SC and DensePPI-PF model produced an accuracy of 98.83%
and 99.90% on H.Pylori dataset respectively.

Table 4.9: Intraspecies performance comparison of DensePPI-CN model on standard

human PPI databases

Datasets—s oip  HIPPIE HIPPIE TWIBM IWIBM
Methods| HQ LQ HQ LQ
DNN-PPI[16] 94.33% 96.08% 93.40% 93.07% 92.80%
SAE][5] 87.73%  86.23% 81.05% 85.12% 81.87%
GBDTI[59] 94.65% 94.15% 91.80% 92.84% 90.28%
Panetal[36] 88.72% 83.01% NA NA NA
g;“sePPI 100.00% 99.83% 99.52% 98.81% 98.25%

Note: NA means Not Available

One of the most important features of a deep neural network is its capacity to implicitly

recognise hidden data representations. The DenseNet architecture is extremely efficient

for classification of image databases. In this present work, our encoding of a protein in-

teraction to an image and using it as an input to the proposed method produces accuracy

and other metrics better than the previous classifiers as can be inferred from tables 4.4,

4.9 and 4.8. As aresult, it can be concluded that the suggested DL architecture effectively

extracts relevant information from the raw interaction data. When this data was utilised

to classify data with DenseNet, it generated better results than existing approaches.
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Conclusion

Protein protein interaction (PPI) prediction is one of the classical problems in the domain
of bioinformatics. Biological experimentally identified interactions are accurate but on
the other hand is very much time consuming and costly. Therefore, there is a need
to compute these PPIs in sillico. Also, the amount of data for negatively interacting
protein pairs is inadequate and thus the previous computational approaches might have
suffered from this bias.

In this thesis, deep neural networks are used to provide an unique sequence-to-image-
based approach for effectively predicting protein-protein interactions (PPIs). The pro-
tein interactions and non-interactions are converted to an image and then their sub-
images are generated using horizontal and vertical strides. This is done to give equal
importance to every section of the PPI rather than resizing the image to match a partic-
ular size. Using non-linear transformation techniques, the deep neural network is used
to extract the significant information from the raw features of the protein sequence’s
sub-images objectively and thoroughly. The findings of the experiments reveal that
DensePPI-PF is able to accurately predict both intraspecies and interspecies PPIs. Fur-
thermore, the suggested technique performed well on independent test sets, indicating
that it can be applied to cross-species prediction. The results of the experiments show
that the suggested technique is an effective tool for predicting probable protein interac-

tions.
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Although, the low prediction scores in the case of DensePPI-SC and DensePPI-PE mod-
els are due to presence of less amount of training data as reported in table 4.2. However,
the cross-species prediction results of both DensePPI-PF and DensePPI-SC methods are
greater than that of the state-of-the-art approaches.

The performance metrics for DensePPI-CN model is quite upto the mark but is not as
good as the DensePPI-PF model as we have provided less data in each fold. But it is
particularly helpful in systems having low system specifications. It still provides a very

good result than other standard methods available till date.

However, we didn’t consider any residue level biological inference while producing the
colour map. Biological databases like protein data bank (PDB) may provide us with
distance based measurements at the residue level which can help us greatly to guide
the entire process at biological level. Also the performance evaluation has been done
with the dataset with lowest complexity, measuring it on datasets with higher complex-
ities followed by generalizing it for all the levels will lead us to achieve more accurate

performance measures.

We validated our approach on the independent datasets. Our method has outper-
formed all standard classifiers till date on interacting protein databases. It also has
produced great accuracy on DensePPI-PF model which includes interacting as well as
non-interacting PPIs on benchmark data. The predicted PPIs may be useful in discovery
of new drug targets, their interaction residues, therapeutic remedies and new protein

functions by creating a network of proteins.

The work in this thesis can be extended by choosing the colour space in such a way
so that we can incorporate biological or evolutional or functional data in the images
such that we can get even higher accuracies on datasets with less amount of sub-images
and we can reduce the time for training and testing the data as our approach has huge
time and space requirements. A data filter may be employed to decrease the amount of
training data and yet get better results.
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