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Abstract

Graph Neural Network is the class of Deep Learning algorithms that can work directly on
Graphs and take advantage of their structural information. In real life, we all know that there
are many such datasets that can be easily and efficiently represented in a network so we can
take advantage of them using GCN here we are mainly focusing on using Graph Convolution

Network (GCN) and Jumping Knowledge Network (JK-Net).

Here we see that the dataset of ours contains genes & drugs is a network of how genes are
affected by drugs, how the drugs interact among them, and how genes interact among
themselves can be very easily represented by using Hetero-graph and DGL Graph Library so
that any new relations can be easily learned from them using an algorithm that takes
advantage of that structural information in those Graphs. Moreover what is the basis of this
work is to merge those different Graphs into a single Heterogeneous-Graph and use the

GCN algorithm to predict new relations between them.

The goal of this work is to take advantage of the Graph Learning algorithm to predict links
that will eventually lead to the Re-purposing of the Drugs which is comparatively an easier
process than developing a new drug for a new variant of the disease which is a long process
and will take not less than 10-15 years and a lot of resources and wealth but if the existing

drugs can be repurposed successfully, will not only save time and effort but also lives.



Introduction

Background

The last few years saw a surge in the deep learning research domain and extended CNN over
irregularly structured data. While performing such research it has been found that the CNN
may sometime fail to correctly produce the desired results over irregular data. Further
studies show that in comprehending the irregularly structured data the Graph structure can
be easily and efficiently used in representing the complex domain of irregular data like
molecular structure, to computer and social and traffic networks. The extension of CNNs
using the graph leads to a new domain of research the GCNNs which improve the inferential
powers and the efficiency of the graph-based convolution neural networks. The majority of
GCNNs are based on operations and certain properties. There are many challenges in Graph-
deep learning among them lies the problem of learning with the edge signals and

information.

The CNN's basic limitation is that it works well with regular structures and data. In general,
there are many such scenarios where the data is irregular and thus CNN will not work well
in such cases. Moreover, if we forcefully try to convert irregular data to a regular structure
we may lose some insight and features of the data which may completely destroy the data
and our whole model may fail so in such a case we have to use irregular structures and

models that support those structures like GCNNs.

Over many irregular geometric shapes, Graphs have significant roles to play in the machine
learning domain. It has been found that we can represent many complex structures by using
graphs like the irregular relations between different entities. For example data from the
network of computers or users, the molecular bonds in a chemical compound, etc. Thus in

the last half-decade, there has been a lot of research on extending the CNN to a graph.

Previous methods that were used for drug repurposing can be classified as signature-based
and network-based. In the case of those network-based approaches, the networks were
constructed on drug-drug links information from the interactions and similarities taken from
drug, disease, and targets. Some studies use descriptors for each drug-disease feature and
their similarities to finally construct a new logistic regression model or some statistical

models to predict new links as was [1,2]. Other models as [3] (GPSnet) Genome-wide



Positioning System Network where he used networks to predict drug responses in cancer
cell lines accurately by integrating them with transcriptome profiles, and whole-exome
sequencing, the drug-target network and drug-induced microarray data into human protein-
protein interactome [4]. Several studies were made that further inferred new drug
indications by information flow or random walks on the networks which were built on those
relationships [5, 6]. Integrated diverse prior knowledge of drugs and diseases through non-
negative matrix factorization and then made the predictions according to their projections
in low-dimensional feature space [5]. Individualized Network-based Co-Mutation is another
approach for quantifying the acknowledged genetic interactions in cancers. It can promote
the significant identification of candidate therapeutic pathways. Cheng et al. [5] developed
a network-based infrastructure to identify targets or new interactions for existing drugs by
directly targeting the important mutated genes or their neighbors in the protein interaction
network [6]. Further using the adjacency matrix of the disease-drug relationships. Several
methods have been proposed by constructing the negative graph i,e to build drug-disease
networks based on known drug-disease relationships and then complement the adjacency

matrix of the network with some different algorithms given by [7].

In the case of signature-based methods which had been successfully applied in the field of
drug discovery, [8]. With advancements in microarray and the next-generation sequencing
techniques, massive amounts of genomics data are accumulated using big-data techniques.
The Connectivity Map (CMap) contains many gene expression signatures, which can be used
to explore functional connections between diseases, genes, and therapeutics [8]. In paper [9]
Donertas identified repurposing for the long-term purpose of drugs by comparing changes
in gene expression with drug-affecting expression profiles in the Connectivity Map [8]. As
the successor of CMap, the Library of Integrated Network-Based Cellular Signatures
(LINCS) where the project consists of assay results from primary human cells treated with
bioactive small molecules, ligands, or genetic perturbations [10]. As we know drugs and their
indications often share commonly related genes on which drugs execute their functions. the
idea was simple more common genes, the drugs and diseases share among them, the more
likely the drug is to be associated with the disease. Some studies have also been proposed
that finds the associations of drugs and diseases based on their related genes or gene
expressions [11]. Comparatively, some methods have also been proposed using the protein

complexes shared by the drugs and the diseases [12] and they're common concerning genes

[13].



The signature-based methods cannot be applied to drugs and diseases without finding
something common between the related genes or proteins. In general, both these two kinds
of methods have their advantages and disadvantages. As in the case of Network-based
methods integrates the relationships between the drugs but ignores the prior knowledge
gained in that process. In the case of signature-based methods grasps the characteristics of
drugs or diseases themselves but cannot utilize the potential knowledge from the drug-drug

links information.

Another approach is using both of this network-based as well as the signature-based
methods for the prediction of the drug repurposing in case of breast cancer where they tried
to predict the results using Graph Neural Network algorithm GraphSAGE model and the
used the drug-exposure gene expression from the LINCS project of signature-based method
and the drug-drug links from STITCH database. Then they constructed the network of those
drug-drug links and ran their algorithm on that network using the network-based method.
Furthermore, they benchmarked their GraphRepur algorithm comparing it with the other
deep learning models like deepDR [14] and LLE-DML (signature-based) [15], BiFusion

(network-based) this work can be found in [16].

In this paper, | would like to discuss an approach mainly using GCN and compare the model
with another algorithm of Graph the JK-Net on Heterogeneous Graph basically our model
would be a more like the combination of both the network and signature-based approach
where we have taken data from sites like DrugBank, DisGeNet and then used our model
using the DGL library of python to run the algorithm on our Heterogeneous graph data to
obtain the task of link prediction to eventually obtain a bigger goal of Drug-Repurposing.

Motivation

As said earlier GCN is an algorithm that can learn very well from the irregular structural
information of a network or a Graph. Previously there it has been used to learn and predict
the molecular structures of drugs so we thought why not use the same technique for a
network of diseases-genes-drugs if we can predict the links between nodes of genes and
drugs then we can use the drug for some gene set and thus it's, in short, the drug-repurposing
technique. As we all know that the invention of a new drug may take a span of even up to
10 years so it's a long process overall. So if we can use a developed drug for a different
purpose it will be very helpful as we have just seen a few months it was what happened in

case of the Covid-19. What scientists did was just repurposed the drugs for Pneumonia to
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treat Covid-19. While a new drug for Covid-19 is still in progress will take a long time to be

developed. So it was the basic motivation of my paper.

Implementation Framework

In this thesis work two different algorithms are used to do the final task of link prediction
the task is simple if we can produce the links that can be biologically validated and if it can
be produced as a new link that was never there between some genes and some drugs and
then if we can link those genes with a disease then a drug is basically repurposed which was
predicted by our model. To achieve this task of drug being repurposed one algorithm that is
the simple Graph Convolution Network is used and then another method is used to do a
comparative study another algorithm known as the Jumping Knowledge Network is used for

comparing the results predicted by two different models of the Graph Neural Network.

Those models were fed with the Heterogeneous Graph of drug-drug interactions, drug-gene
interactions, and the gene-gene interactions as well during the training procedure. Finally,
the link between the two unknown pairs of gene and drug was given as input and their link's

probability is produced as the result of the trained model.

Since Python is a language that is having a lot of in-built libraries and frameworks to
efficiently work on data science here | have used Python as the programming language. The
Deep Graph Library in Python is the library that provides us immense power to make Graphs
both Homogeneous as well as Heterogeneous from basic NetworkX Graph which is another
network building library in Python. So firstly, the Hetero-Graph was made and it was passed
to the GCN model for the training. The Graph is having almost 12,000 nodes and over
6,00,000 edges that were used for the training purpose. Finally, the model was tested by
giving the nodes as input and obtaining the probability of them being a valid connection is
predicted by the model which was then biologically validated using again a network of

disease and genes taken from the DisGeNet database.
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Organization of Thesis Work

CHAPTER-I: Introduces the thesis. This section tells about the Graph Neural Network
Models used and a very little about the line of approach of others and mine towards the goal

of evidence-based Drug-Repurposing using Graph Neural Network.

CHAPTER-II: This section will discuss the Models used and the previous works in this field
and how they approached the problem. This chapter is the Literature Survey of this thesis

work.

CHAPTERC-III: This part consists of the Description of the dataset that has been used in this
dissertation, which has been prepared from more than one well-known website their
complete description and references are well stated in this part with a line-by-line

description.

CHAPTER-IV: This section mainly contains the Implementation of the RGCN and the JK-
Net usage and how all these concepts were used in making the whole model for the link

prediction task in detail.

CHAPTER V: This section contains a detailed description of the results and the biological
proof of the results that are being produced by the model. It is mainly developed keeping in
focus the two psychological diseases but could have been done on any disease present in our

database.

CHAPTER VI: This section contains the future developments and proceedings that could be
done and the model results could be even better (dynamic or changing graph in terms of

edges and nodes). The Future Scope and the Conclusion could be found in this chapter.
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Literature survey

Graph Neural Network

Graph Neural Network is a semi-supervised algorithm that takes advantage of the irregular
structure of a network to achieve the tasks of either node classification, link prediction, or
graph classification as a whole. Here basically focusing on the task of link prediction
between a drug and a gene pair and providing the probability of them being connected by
constructing a negative and a positive graph and using the Graph Convolution Network

(GCN), and the Jumping Knowledge Network (JK-Net).

Let's first discuss the GCN which is very much similar to the classical Convolution Neural
Network (CNN) the basic difference lies in the fact that GCN is a more generalized version
of CNN with the same process of moving around a kernel filter to obtain the features
followed in GCN known as weight sharing. GCN is a very powerful tool that can expand

CNN on irregular data networks like Graphs. Here we will use the same equation of CNN
gli+1l = G(w[i]. HlI + b[i])

The above equation of CNN just takes the form of GCN as given below and stated by
Thomas Kipf and Welling [1] in their paper on GCN. Where the function takes the modified
Adjacency matrix of the Graph on which GCN is trained.

f(HD,A) = o(HO. Wb, A%)

_ 1 1 :
f(HD,A) =0 (D‘i. A*.D"2.HO, w<l>)

The above equations are pretty basic equations that are being used from the start of using
GCN. The whole concept of message passing is based on the above-mentioned equations

stated [17].
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Previous Works on Drug Repurposing

The previous works were mainly dependent on the sole criteria of finding the new and
more evident interactions between the drugs. So the previous works mainly can be

classified into two broad groups, the similarity-based and the network-based approaches.

Start with the similarity-based approach is an integrative method using heterogeneous
information [18, 19]. The method is quite simple it naturally depends on the notion that the
similarly structured drug affects similar diseases. They take into consideration the shared
characteristics between drugs, as in drug-targets, chemical structures, and their adverse
effects. Then constructs similarity features to build the final prediction models. For
example, PREDICT [20] which is a similarity-based framework that sums up drug-drug
similarities (based on drug-protein interactions, sequence, and gene-ontology) and then the
disease—disease similarities (disease—phenotype and human phenotype ontology), then the
authors took them as the key feature set to apply logistic regression and predict similar

drugs for similar diseases and achieves the final goal.

Whereas in the case of network-based approaches [21, 22, 23] it models graph-structured
information between different biological networks to enhance the performance of Drug
Repurposing. Mainly, in these models, the nodes in the networks represent either drugs,
diseases, or genes and the edges denote the interactions or relationships among them. For
example Cheng identified hundreds of new drug-disease associations by quantifying the
network propinquity of disease genes and drug targets in the human protein-protein
interactome. The deepDR Zeng learned high-level features of drugs from the heterogeneous
networks by a multimodal deep autoencoder and applied a variational autoencoder to infer
candidates for approved drugs. However, deepDR only considers information sources in the

drug domain only without considering their interactions in the disease domain.

Bipartite graphs are such graphs in which the nodes can be divided easily into two disjoint
sets in [21, 22], this feature of a bipartite graph can be very well used in representing the
interaction between two biological node types like disease-symptoms, or drug-targets or
even protein-protein. For example, in [23] built a bipartite graph to analyze relationships
between drug targets and disease—gene products by constructing a network in [24]

constructed a bipartite graph to analyze the relationships between human genetic diseases.
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In the field of Drug-repurposing, in [25] developed a bipartite drug-target network graph
using drug pair similarity and integrating the drug chemical structure similarities, common
drug targets, and interactions between them. Zheng also constructed a bipartite graph with
a known relationship between drugs and their target proteins. However, most of these
methods mainly rely on predefined drug similarity features and ignore the important
information sources that can be found in the disease domain. Although the utilization of the
PPI information, the relationship between drug-target and disease—gene in the context of
biological interaction network has been very recently investigated by another prior work

the BiFusion in [15].
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Year Model Key Features
* The most recent work on Drug-Drug Interaction
KGNN: Knowledge Graph Neural prediction using thg GNN model.
» The Drug interactions are drawn from the

2020 | Network . .| Knowledge Graph using and the score is predicted
for Drug-Drug Interaction Prediction in owledge Brapn using a € SCOTe 15 predicted.
[55] *The Loss func_tlon used is the Binary Loss

Entropy Function.

*Local subgraph for identifying useful information.

*Subgraph summarization scheme for generating
SumGNN: multi-typed drug interaction | reasoning path.

2021 prediction via efficient knowledge «Multi-channel data and knowledge integration for
graph improved multi-typed DDI predictions.
summarization *It almost increases the F1 score percetnage by

5.54% and it excels at a very low resource setting
it is a multi type relation network.

*Lower Level Representation Graph

Embedding.

2020 Bi-Level Graph Neural Networks for *Follows a multi-scale readout taken from the

Drug-Drug Interaction Prediction concept of GIN and GAT
*Higher Level Interaction Node
Embedding.
*Novel Deep Learning Method is used.
Distance aware Graph Attention Network to
" : differentiate various intermolecular interactions.
Predicting Drug-Target Interaction .
. *Graph Features extracted from intermolecular
Using a structure using embedded 3D structure of protein
2019 | Novel Graph Neural Network with 3D

Structure-Embedded Graph
Representation

ligand binding pose.

*Better performance than Docking and other
models achieved AUROC of 0.968 for the DUD-E
test set and AUROC of 0.935 for the PDBbind test
set.
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Year

Model

Key Features

2020

SkipGNN: predicting molecular

interactions with skip-graph networks

*Here the molecular interactions are predicted
using GNN but with a twist of not only considering
the neighbours the authors considered even the two
hop neighbours as well.

*Here instead of one GNN model two GNN is used
on the skip graph to obtain the results desired and
then they are merged with each other to get the
skip graph model.

*Perfoms well incase of small dataset and
incomplete ones since the hidden interctions are
found to some extent.

2019

Drug-drug Interaction Prediction with

Graph Representation Learning

*Model finds the most important local atoms using
attention mechanism.

*Can be used for large as well as smaller datasets.
*Can overcome the two problems of previous
models i.e., the scalability and the robustness.

2018

Enhancing Drug-Drug Interaction

Extraction from Texts by Molecular

Structure Information

*It is a novel neural network approach for
extracting drug-drug interaction features using
external molecular structures of the drugs.

*Using two models one is textual drug pairs with
convolutional neural networks and then their
molecular pairs with graph convolutional networks
(GCNs), then finally concatenating the outputs of
the two networks.

2019

Drug-Drug Interaction Predicting
Neural Network Using Integrated
Similarity in [56]

by

*NDD calculates many different informations
about the drugs then.

*Heuristic selection function at first with a non-
linear similarity fusion method to achieve high-
level features

*Then it uses the neural network to predict the
interactions.

2019

Evaluation of knowledge graph
embedding approaches for drug-d
interaction prediction in realistic
settings in [57]

rug

*First step the RDF knowledge graph is made.
*Then the drug feature vector is extracted by using
many different graph embedding thechniques like
RDF2Vec, TRANSD, TRANSE.

*Then the DDI are predicted using 3 different
classifiers those are Logistic Regression, Naive
Bayes and Random Forest.
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Year

Model

Key Features

2019

Drug-Drug Interaction Prediction
Based on Knowledge Graph
Embeddings and Convolutional-LSTM
Network in [58]

*Over 12,000 drug features taken into
consideration from the three sources and
RDFization is done they are DrugBank, KEGG,
PharmGKB and Knowledge graph was formed.
*ComplEx embedding method was used and
PyTorch-BigGraph (PBG) with a Convolutional-
LSTM network and classic machine learning-based
prediction models.

*Finally the ensemble of 3 best classifier model is
used to predict the results.

2020

Drug—drug interaction prediction with
Wasserstein Adversarial Autoencoder-
based knowledge graph embeddings

*The concept of Adverserial Auto Encoders(AAE)
is used for the embedding of KG is proposed.
*Wasserstein distances and Gumbel-Softmax
relaxation for DDI tasks were used.

Toward heterogeneous information fusion:
bipartite graph convolutional networks for in silico
drug repurposingThen the used or Wasserstein
distance in removing vanishing gradient problem
were also used to achieve significant
improvements.

2020

Toward heterogeneous information
fusion: bipartite graph convolutional
networks for in silico drug repurposing
in [59]

*The most relevant work to ours is this work where
first the approach of getting more DDI was being
done on Heterogeneous Graph structures using
graph neural network.

*The datasets taken from the DrugCentral,
DisGeNet, DGI db are the Heterogeneous Bipartite
graph is formed.

*Finally the Knowledge Graph is passed through a
Graph Neural network model for specially
designed for the Bipartite graph to get the desired
new relations between drugs and thus achieving
the broad picture of drug repurposing.

2021

Bi-Level Graph Neural Networks for
Drug-Drug Interaction Prediction

«Lower-Level Representation Graph Embedding.
«Follows a multi-scale readout taken from the concept
of GIN and GAT

«Higher Level Interaction Node Embedding.

Table 1: A chronological list of related works.
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Notvery effectivein
Single Data Source to deducingthe drug-
Identify Drug Interactions drug interactions

Integrative
Methods.

Uses
Heterogeneous

) Information.
Drug Repurposing Similarity Based

Similar drugs are
indicated for

similar diseases.

Model graph-structured

Utilizes shared

information.
characteristics todevelop

similarity features finally the

computational model
Between different

biological- models.

Learn high-level features

of drugs

Network Based ___)

Heterogeneous networks by
a multimodal deep auto
encoder

Fig 1: Overview of Drug-Repurposing prior works
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Dataset

Disease-Gene Interaction:

The dataset in this dissertation has been prepared from various sources firstly the disease
and the genes relations have been taken from the DisGeNET website where there is a
database SQLite relational database file which consists of many tables the structure of these

database files is given below:

=¥ diseaseAttributes ®¥ variantDiseaseMetwork ®® variantAttributes

127 diseaseNID | diseaseNID 123 NID 123 variantNID
1%} diseaseClassNID aec diseaseld 123 diseaseNID Aec variantid
¥ ' ABt diseaseName C- . |123variantNID fBe g
ABC bype ®| e source AEC chromosome
; 123 3ssociation [ AEC coord
AEC associationType AEt mosk_severe consequence
125 diseaseClassNID e sentence 125 Dsl
RBC Vocabula[y 123 NID 122 E;zlri 123 DPI I
“e¢ diseaseClass 123 diseaseNID 123 |
Aec diseaseClassName 123 geneNID 123 year |
REC SoUrCe
¥ geneAttributes 123 association variantGene
FeEC gssociationType eneNID
!%fgeneNID o ®tsentence o 123 EariantNID
123 geneld sl EEE pmid
RBC geneMame 123gcore
Aec geneDescription fBC FL
123pLl 123 F|
123 ps| 123 year
123 DP|

Fig 2: The Database structure of DisGeNet

Thus from this .db File, the table considered were diseaseAttributes, geneAttributes,
geneDiseaseNetwork, and disease class, and the links between the diseases and the genes
are taken out to build the main graph. These Disease-Gene interactions are later used to
verify the efficiency of the model. Actually, we will be using these relations as the ground
truths between the interactions between the diseases and the genes so after our model
predicts the new links between the drugs and the genes we can cross verify them and this is

what the term evidence in our title of this thesis is based on.

Moreover, a tool using the flask and python is provided from this dataset taking the diseases

common and their symptoms also and the database tool is also provided with this thesis
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where the graphs can be visualized and can be seen for a better understanding of the tool
will show the disease and the genes linked with it as well as its symptoms and their links
with the common genes in short a linkage between the disease —genes-symptoms-genes

graph network.

Gene-Gene Interaction:

These gene-gene interactions were taken from the https://string-db.org/ website where there
are links between 67.6 million Proteins in 14094 organisms. From this huge pool of data, only
the common human genes that were in intersection with those genes of the disease-gene set
were taken into consideration only and their links were taken out and saved as a sub-graph
of gene-gene interactions having 9 attributes in simpler terms the 9 edge features i.e., various

scores. They are namely:

—_—

neighborhood_on_chromosome
gene_fusion

homology

phylogenetic_cooccurrence
coexpression

combined_score
experimentally_determined_interaction

database_annotated

© o N o A WD

automated_textmining
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\,"L'\
Network Stats W
Y
number of nodes: 37 expected number of odges: 24
number of edges: 103 PP ervichment pvalue:. < 10016
average node degree: 557 /“;-.‘ YRS LA
avg. local clustering coefficient. 0614 '

N
Fig 3: A small subset representation of Gene-Gene Interactions

From this huge set here only a common subset of 1473 genes and the gene-gene interaction
file contains a set of 39307 gene-gene interaction edges from Stringdb and intersecting it

with the DrugBank and DisGeNET.

Drug-Drug Interaction:

The best way to get information about drugs is to search from the well-known site the
DrugBank. From where the drug-drug interactions were taken out using the text-mining and
are basically done by web-scraping. These drugs are taken by their Id and the attributes that
are considered are basically the MACCS which is considering the chemical molecular smiles
that is if a certain structure is present the keys positions are switched on (putting 1)
otherwise putting 0 at that position that keys are of length 167 chemical compound is
considered. From there the drugs are taken out which are 11160 with the SMILES list the
details about MACC's keys are here at this link (Paper on MACCS keys:
https://www.biorxiv.org/content/10.1101/853762v 1.full.pdf).
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This is a small example of the drug-drug interaction graph which is considered from the
DrugBank site consisting of 583548 edges and that graph is changed to a bi-directional graph
so the number of edges is doubled consisting of 1167096 edges in the drug-drug graph which

5]

Fig 4: Subset of Drug Id-Drug _Id Interaction Graph.

was further converted into the heterogeneous graph structure.

Drug-Gene Interaction:

The drug-gene interaction links are also taken into consideration which is also from the
DrugBank i.e., mentioned by the prior works as the drug-protein links which is also the same
intersection set of those 1473 genes or proteins. This is the graph which is having 599570
edges but no edge attributes as such were considered which can be considered but, in this
case, no such suitable attributes were seen in any of those online sites. This can be considered

in the future scope of this thesis and will be discussed in detail as this thesis proceeds.

Finally, the hetero graph is made having the meta-graphs as

1.
2.
3.

The drug-drug interactions.
The gene-gene interactions.

The drug-gene interactions.
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Using the DGL python library which is an exceptionally powerful library in forming
heterogeneous graphs and implementing the GCN algorithms on the hetero-graphs to
finally predict the new drug-gene links which are nothing but the drugs used for new genes
thus achieving the final task of drug-repurposing and validated using the graph of disease-

genes.
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Implementation

The basic Graph Convolution Network devised in [6] was originally for the homogeneous
graphs which are extremely efficient in calculating and understanding the irregular structure
of a graph and the tasks of Link classification, Node classification, and graph classification
were efficiently powerful. A paper was written on semi-supervised learning of node
prediction on the Karate Club graph structure there it was seen that GCN was able to learn
the trends by one pass only and the reason was given that it follows the concept of Weisfeiler
Lehman Algorithm which just makes the GCN a very powerful method all-over. A recent
paper by Perozzi on DeepWalk says that the same results can be carried forward in the case

of unsupervised learning embeddings too.
For all nodes v; € G: Weisfeiler Lehman Algorithm
*  Get features {h;}of neighboring nodes {v;}

* Update node feature hyj«—hash(}}jhy;), where hash() is (ideally) an injective hash

function

* Repeat for k steps or until convergence.

1 1.1
+ h{™v = o(Z;—h{ W)

Cij

Relational Graph Convolution Networks (RGCN)

Going further a step ahead GCN can be stretched to concentrate on a local neighborhood
which was introduced in [6] on large-scale relational datasets. This can be also defined as a

differentiable framework of Graph neural networks.

h{* = 6> gmh®,n)

meu;

l
Where hgl)e Rd() is the representation of the I-th layer node v; with dimensionality d(.

The incoming messages coming through the g,,(*,*) function are passed through another

pointwise function like ReLU(*) or Tanh(*). y; is the messages which typically equal the

number of incoming edges to node v;. gm(hq),hjgl))= W( h}l)) which is basically kept

L
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simple and message specific as in [35]. This type of transformation was found to be very
effective in finding and accumulating local neighborhood features which led to significant

improvements in the fields of graph classification and semi-supervised learning.

Taking motivation from the above concept another equation was devised for a multi-graph

structure with more than one relation type:

1+1 1
R+ - O'(Z ZC— w® h +wy’ n)
ir

reER jEN]

Here N/ is the set of a neighbor index of node 'i' in relation tor € R . Whereas the ¢;, isa
problem-specific normalization constant that can be learned or can be predefined as the
cardinality of the N/ . The concept is pretty intuitive which is nothing but accumulating the
transformed normalized sum of the i nodes in feature vector forms. Contradicting the
concept of the regular GCNs the authors have used a relation-specific transformation that
is depending on the type of relation the edge is having since the graph is a heterogeneous
entity where there are edges of more than one type of relation. To preserve the
representations of the self-node layer by layer that is of node 'i' they have further
introduced a self-loop concept with a special kind of relationship at the start of the
algorithm only. All the nodes at a layer can be modified in parallel here using the sparse
matrix multiplication to avoid various computational losses. This model is the whole

concept behind the R-GCN (the relational graph convolution network).

Now the most obvious question that comes to mind is the huge increase in the parameters

of the whole network. So, what’s done generally the weights Wr(l) of the R-GCN are

regularized into 2 parts the (basis and the block diagonal decomposition).

Where the Basis Decomposition for each layer Wr(l) takes the shape:

B
(O (ORI
Wr - Z arb Vb
b=1

Where VISD € R4+ \yith coefficient aglg with one dependency that is r. Then the

block-diagonal decomposition of each Wr(l) is defined as the summation of the lower

dimensional matrices i.e.,
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L l
Wr() =p-1D QE,Q

Thus the Wr(l) becomes the block-diagonal matrices: diagonal ( gl; ye Qgg) with

g+ 1

leg €R 5 * dB

What is Link Prediction and how is it used in this dissertation?

The answer to this question is what my project is completely based on in short, the link or
the edge set of the whole graph is what is given to the R-GCN network to learn and to
work upon but in my case, it is considered to be an incomplete set of that edge set of that
particular type of relation which needs to the requirement of finding the score of a valid
edge that belongs to that incomplete set of edges that must be calculated to complete the
edge set of that relation or type. G = (V, €, R) where € is the mentioned incomplete set for
which a valid edge’s score needs to be found f(s, r, 0) to possible edges (s, r, 0) that it may
belong to €. The positive and the negative scores are both given for a given pair that is
what this dissertation paper is based upon the link between the drug and a gene and the

score of it so that it can be used on disease caused by that gene or not.

In R-GCN there is also a use of an auto-encoder for solving the score-related problems. The
two parts are the entity encoder and the scoring part(decoder). The edges are
reconstructed by the decoder which in turn relies on vertex representations, scores are
given on triples of (subject, relation, object) over the function of R* X R X R* - R. In the
case of the existing models, the scores are calculated using the (tensor and neural
factorization methods as stated in [34],[36],[37]. But in the case of R-GCN, the

dependency is solely on the encoder not on a single, real-valued vector e; for every v; €

V only optimized during training. The encoder is using the formula e; = hl@ just like the
concept of auto-encoder that was coined in the paper [35] for unlabelled and undirected

Graphs. The picture of the R-GCN is given below:
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Fig 6: Parallel Graph Convolution Neural Network
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The DisMult factorization by [38] is the decoder (scoring function) known to perform well
on standard link prediction models on its own. Basically, the driving formula in DisMult is
the diagonal matrix of every relation r (i.e., R, € R**% and the triple score which is
described above (s,r,0)

f(S,T', 0) = e.;‘TRTeO

Further following the research papers of [36] another training was done on the negative
graph of the original graph which is nothing but some random corruption either corrupting
the subject or the object keeping the relation same sampling w negative ones for each

positive examples. Then the cross-entropy was optimized using the formula

1
T ol ylogl(f(s,7,0)) + (1 — ylog(1 — I(f(s,7,0))

(s,r,0y)ET

L =

T= Total set of triples both corrupted and valid ones and | is the logistic sigmoid function.

Use of Jumping-Knowledge Neural Networks

But another very important point that crossed our minds during the project was the
neighborhood of a particular node can change with the positional as well as the molecular
representation of that particular node in the case of biomedical projects this problem, again
and again, cropped up in the past too. The solution that we came up with was that the radius
of the neighborhood of each node can be dynamically learned on the go in an adaptive way
depending on the specific task. This above-mentioned problem is quite persistent in the case
of GCN, especially in the social media networks, biomedical, financial networks, molecular
networks, etc. Respective pictures will be shown where the same random walk steps will be
seen producing different results for the same subset of the graph. The over-crowding of
neighbors during the walk will lead to an over-smoothing effect that may sometimes lose
the actual flavor of a feature or may average the whole structure too broadly may make us
lose the actual feature. This is happening because most of the recent models of deep-learning
are considering the message passing neighborhood aggregation scheme that was said in
their paper [6] in this paper the model learns the features by iteratively aggregating the
hidden features of every node in the graph with each of their neighboring nodes to find the

new hidden features and so on. This iterative aggregation and message passing are directly
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proportional to the number of layers it was found that for a lesser number of layers for
example 2 the algorithm works perfectly following the Weisfeiler-Lehman graph
isomorphism learning the hidden features well. The same problem in computer vision was
solved by the techniques of residual connections but here that trick is not applicable also. It
was seen that the smaller layered networks perform well but the deeper networks with
access to more information don't perform well. The state-of-the-art algorithm of GCN was
found only by using 2- layers only. After using residual techniques also the result was not at

all good in-case of the networks like the citation network.

So the above problem was discussed well in the paper in [50], [51] about Jumping Knowledge

Networks. Where they have addressed mainly the above-stated problem in two parts:

1. Studying and finding the results and the limitations of the neighborhood
aggregation scheme

2. Based on the analysis stated in point number 1, they have devised an adaptive
structure-aware representation learning algorithm that works exceptionally well

in the case of larger and complex graphs with diverse sub-graph structures.

Furthermore, they have stated that "one size fits all" cannot be true in this case also so the
whole process of representation learning may vary as in [54] a lot in case there is a change
in the sub-graph structure of a graph and also dependant on the specific task to be
performed. In short, the flaw in the concept of the nearest neighborhood of a node was

found.

More formally if it can be said would be that random walks performed on a graph from a
node may sometimes learn more information in only 2 steps that focus on local
neighborhoods only than some higher-order version of it where the feature information may
be washed out or shows a fading symptom due to averaging. Another factor also seems to
be very important was the changing of locality that can be linked directly with this
dissertation topic where in a biological network most of the nodes are having very less
connections whereas some nodes have a ton of connections suddenly with other nodes (core
node). Such phenomenon can also be seen in the case of the social network structures too

where an expander or core part is present in most of the cases.

The subgraph with a variety of structures can also be an important factor besides the node

features the change in structure with the time spent expanding as it proceeds will also affect
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the whole static process of iterative aggregation and finding of features only based on the
local neighborhood only mixing of times may cause the sub-graph to change drastically. The
same no of iterations can lead to the production of different random walks thus different

features for the different localities.

Next let’s come to the solution of the problem as suggested in the above-mentioned paper,
as it was told previously that the residual connection method failed to some extent like when
the aggregation of the neighborhood features was skipped and combined later breaking the

formula of aggregation mentioned as eqn.1:
h® =6 (wl . AGGREGATE ({ h Y vy e N(v)})) 1

To the two small formulas

Eqn 2 and 3:

h =0 (Wl : AGGREGATEN({h =D vy € N(v)})) 2

h’ = COMBINE (h{™,h () .3

Where the COMBINE function is the main catch to the concept of “skip connection” between

different layers. But this strategy also fails since it creates another problem that if we skip a

layer h 1(,1) and not aggregate it in the short skip it then all subsequent units will also have to

skip this in other words we cannot say that if a higher-up representation h E}*")

uses the skip
operation and another one doesn’t. So, this skip-connection also cannot adaptively adjust

the neighborhood sizes.

These above observations lead to the fact whether a fixed but structure-dependant radius
can be taken but the answer remains no in the case of large radii as well as small radii. So,
the authors proposed two powerful architectural changes in the jump connection and the

subsequent adaptive aggregation mechanism.

The main idea of this model is that the common neighborhood aggregation techniques in
the previously described networks say that each layer will aggregate the influence of its

previous layers and the whole thing will generally lead to a fading of the actual feature
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vector. But in the JK-Net what happens is that each node is taken care of as each
intermediate representation of its results is taken into consideration at the last layer as
shown in the figure (this “jump” to the last layer) is done independently. Thus, if this is done

explicitly for each node then the whole problem of adaptive learning of the radius for each

node is solved. Let h,(,l),..., hl(,k) be the jumping representations of node v (from k layers)

that are to be aggregated into one. Then again 3 possibilities were tried out

1. Concatenation: Most simplistic way of combining the hl(,l),..., hl(,k) layers and then
performing a linear transformation. This approach is not node adaptive instead it
combines such that it works well for the whole dataset overall. This approach works

well with smaller and less complex structures.

2. Max-pooling: This approach selects element-wise max(hﬁl),...,hl(,k)) from the set

which is the most informative layer of feature coordinates. This max-pooling has the
advantage that it is simple and uses no extra parameters to learn. Globally selects
and prefers the higher-order layers mostly in general.

3. LSTM-attention: This uses an attention mechanism to get the most useful
neighborhood ranges for each node by computing an attention score at each layer
which represents the importance of a feature learned on that layer for that particular

node.

A simple block diagram of the JK-Net is given below in this dissertation for better

understanding;:
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Fig 7: Jumping-Knowledge Graph Convolution Neural Network

The JK-Net in general tries to find the importance of a node’s sub-graph features at different
ranges after looking at the learned features at all the layers, than just blindly trying to

optimize and fix the same predefined weights for all nodes.

Thus, in our case also this can be easily understood that we cannot predict before whether
a drug will be linked to a gene-set of the same radii maybe it will differ with the structure of
the sub-graph or the number of nodes that particular drug is linked with. Thus, using the
JK-Net here will according to us increase the probability that the net features learned using
the hidden layers will be more enriched and will produce better end results achieving the

final task of link prediction further the main goal of drug repurposing.
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Validation and Test Results

Though this can be tried and tested on any of the diseases present in the database and the
drugs and genes linked with it is present. But to provide an example and make the
explanation simple here 2 diseases are selected and the whole process of validation is done
here in this dissertation. The diseases that were chosen are Bipolar Disorder and Dementia
but to remind us again it is just done for simplicities sake that these 2 diseases were chosen

otherwise any other diseases can be chosen.

To proceed with the validation and implementation and result from calculation let's know

in brief about the diseases and how the whole process is structured here.

Though the exact cause of Bipolar Disorder is not known it is found that genetics,
environment, and altered brain structure and chemistry play a role in its causing. It is broadly
known to have 3 symptoms: Manic episode includes high energy, insomnia, and losing the
touch with reality, whereas the Depressive episode may result in lack of energy, lack of
interest in daily activities, low motivation, and the Mood episodes may last for a longer time
period which may cause suicidal tendencies. The long treatment process comprises both

medicinal and psychotherapy.

Dementia: It is a group of symptoms that may affect the social and thinking abilities of a
person and may cause trouble in the daily life of a person. The group of symptoms includes
forgetfulness and lessening the thinking and social abilities of a person. Medication and

therapies may help to manage those symptoms but are irreversible most of the time.

Model Training Results

The Results when only residual GCN above mentioned is used without much tweaking the

concept just stacking one layer on another the observation was found and recorded below:

MODEL LAYERS TEST AUC TEST HITS@10 TEST HITS@100
GCN 2 0.991 0.799 0.889
GCN 3 0.990 0.864 0.935
GCN 4 0.991 0.836 0.957

Table 2: Residual Graph Convolution Neural Network Results.
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Here the Concept of Parallel RGCN is used and the observed results were recorded various
combinations were tried out in this process the observed results were found in the HITS@K

where 'K' is any choice of number. It is nothing but a random subset of given size 'K' will be

taken out and only the positive results will be considered among them and the ratio of the

Hits will be calculated.

MODEL LAYERS | TEST AUC | TEST HITS @10 | TEST HITS@100
GCN with Residual | 4 0.989 0.818 0.926
Connections

GCN with Residual | 8 0.992 0.827 0.945
Connections

GCN with Residual | 12 0.992 0.859 0.919
Connections

GCN with Parallel 34and5 | 0.993 0.817 0.967
Connections

GCN with Parallel | 4,4and 4 | 0.994 0.833 0.947
Connections

GCN with Parallel 24and 6 | 0.993 0.875 0.907
Connections

Table 3: Parallel Graph Convolution Neural Network Results.
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Finally, the modified JK-Net that was described in detail above was applied to the given

dataset and the results were obtained and recorded as follows:

MODEL LAYERS | TEST AUC | TEST TEST
HITS@10 HITS @100

Jumping Knowledge 5 0.993 0.855 0.914

Network (Concatenation)

Jumping Knowledge 7 0.993 0.882 0.939

Network (Concatenation)

Jumping Knowledge 9 0.991 0.863 0.897

Network (Concatenation)

Jumping Knowledge 5 0.994 0.858 0.952

Network (Max -pooling)

Jumping Knowledge 7 0.993 0.872 0.927

Network (Max -Pooling)

Jumping Knowledge 9 0.991 0.830 0.934

Network (Max -Pooling)

Jumping Knowledge 5 0.993 0.904 0.912

Network ( LSTM -attention)

Jumping Knowledge 7 0.994 0.890 0.942

Network (LSTM -attention)

Jumping Knowledge 9 0.994 0.888 0.939

Network (LSTM -attention)

Table 4: JK-Net Results.
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Validation Data Description

The validation data is mainly comprised of the selected drug-gene pairs which are not in our
main dataset and the resulting score that is the presence of a valid link between those two
is predicted. The above-mentioned model will predict 2 scores as output those are positive
and negative edge scores respectively and their summation will be '1'. Here the table that
will follow after this as validation test results will have only the positive edge value column
in it which tells us the possibility of an edge being present in between those two nodes. Here
in our case, the two nodes were programmatically found out using the Node2Vec algorithm
then considering 2-4 hops of the gene-gene interaction graph to find out the gene nodes
which did not have any link in the drug-gene interaction graph i.e., in the test set on which
the model was trained. A set of drug-gene pair lists was given to the model related to the 2
diseases above mentioned were sent as input and we got the output list containing the
positive and negative scores then we sorted out the links according to the highest positive
scores and we got the results and only put here those for which viable proof was found there

were such results too which were still trial drugs so no validation for such pair was found.

Now in the next part, the result of the model prediction is attached to the table and the
validation of those links will be provided as the link maybe some of them are proven some
of them are still under trial but the links will be sufficient for the proof in this case of our
model this results will provide us, the knowledge about the validity and the power of the

above model described in this dissertation.
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Validation of Results

DrugBank Drug Predicted off- Prediction Known Validation
ID Name site target score Target reference
DB00382  Tacrine APOE 0.816 ACHE [30],[31]
DB00472 Fluoxetine

ALK 0.741 ALB [32]
DB00382 Tacrine MAOA 0.856 BCHE [33]
DB00472 Fluoxetine 0.684 ALB [38]
DB00674 Galantamine =~ SNAP25 0.695 CHRNA4 [34]

Imipramine

DB00458 SNCA 0.807 SLC6A3 [35]
DB00334 Olanzapine GABBR2 0.675 CHRM3 [36]
DB00334 Olanzapine MAOA 0.625 HTR1A [37]
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Validation of the predicted drug-gene associations

Tacrine is a well-known drug which is known more commonly as EC 3.1. 1.7
(acetylcholinesterase) inhibitor. There was a lot of research on this drug and the references
above mentioned in the table the drug has a clear relation with "ACHE" but is returned to
have a hidden connection with the apolipoprotein E (ApoE) phenotype for the treatment of
Alzheimer's disease. Tacrine has also been seen to occur in position 3 in the above table for
the gene Monoamine Oxidase A which is also a valid proof that it can work well in treating
people suffering from acute AD to inhibit the production of acetylcholine but there was also
a problem of Tacrine caused toxicity for which many Tacrine analogous compounds were

developed.

Fluoxetine which is a drug that can be used to treat vascular dementia has a direct
connection with the ‘ALB’ gene found to be also having a link with Alkaloids (ALK) from
Trichilia monadelpha possess antidepressant which can be used as a treatment for the rapid
antidepressant and by direct search in Google we can even find that this drug is also can be

used in treating over compulsive disorder (OCD).

Galantamine is known to work well with dementia symptoms of the Alzheimer's disease and
is known to have a connection with ABCA, ApoE3, CYP2D, CHAT, CHRNA, and ESR but has
no direct link with SNAP25-like genes but it has been predicted it out and it was found that
SNAP-25 is a promising cerebrospinal fluid for synapse degeneration in Alzheimer' and the
valid reference would be this paper mentioned below published in 2014.
“SNAP25_is_a_promising_novel_cerebrospinal_fluid_biomarker_for_synapse_degeneration

_in_Alzheimer's_disease.”

Next on the list comes Imipramine which is a known drug used for the treatment of Bipolar-
Disorder is an antidepressant by nature is providing a positive result in the case of "SNCA"
gene which can be seen as having a direct relation with the treatment of Parkinson's Disease
a detailed study was performed except that which was mentioned as the proof which was
an exclusive drug-disease paper known as "Double-blind Placebo" Study which proves the

significance of Imipramine in treating Parkinson's disease.

Olanzapine which is known to work very well with diseases Bipolar disorder and
Schizophrenia shows linkage through the positive score in the case of GABBR2 and MAOA

which in turn is linked with the GABAergic system genes in neuroblastoma IMR-32 cells
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which are known to be linked with the Alzheimer's disease again but a study shows it must
be used as in a combination of "Selank" which exhibits the effects of the Olanzapine. In
similar results, it is shown to have a positive linkage with MAOA gene mentioned above to
have links with AD patients. Though it needs to be mentioned this drug is not clinically
approved for AD treatments in the case of an adult over 60 ages. But it is also seen to be
used directly in action with AD patients hospitalized with excessive agitation-related

symptoms.

Fluoxetine can also be used as an anti-inflammatory property which is caused by continuous
treatment when the patient becomes resistant to a specific treatment this can be used in
place of some anti-depressant to work for a while which has been found in research [38]

mentioned in the references.
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Conclusion

As has been seen in the above results table and the elaborated description of it the positive
scores have a real-time significance in the world of biomedicine. The results in most of the
cases were having valid proof is given here. Apart from these, there are such results too
which are under trial. This will be an evolutionary experiment and this model will be having
real-time significance if we can find a subset of the similar diseases and the new disease as
it was in the case of Covid-19 all pneumonia medicines were tried out in this case also from
the similar subset of the diseases we can get the medicines and we can try out and test
various new pair and links linked with the new disease and then get some help in sorting
which medicines to be used and valid repurposing can happen. Furthermore in conclusion |
would say that there are still many shortcomings of this developed model it can be fine-
tuned and the changes will lead to more precise and accurate results it is our belief. The rest
future scope and the further developments that could be thought of as of now are listed

below in the Future Scope part which will follow the Conclusion.

41



Future Scope

This dissertation just initiates this research work field since no other paper or research has
been published in this field till now except that of the BiFusion paper mentioned above many
a time. The scope of proceeding in this field is maximum. So this is almost the end of this
dissertation here | will discuss mainly our ideas and hypothesis about the future of this
dissertation which cannot be implemented because of the lack of time that was provided
and due to the lack of manpower coding ability altogether. First and the foremost thing that
| would like to mention is the implementation of the concept of a temporal graph neural
network in the backbone in place of the R-GCN model. As it is named temporal GCN works
on graphs that change over time and new links can be generated over time-period. As we
know the paper on temporal GCN by Yi Liu and others is described and tested on a traffic
signaling graph but just like a traffic signaling graph this drug-gene-disease graph can also
change over time since new diseases as well as existing drugs under trial can produce active
links for some genes. Then the whole model would be again trained this is where the

temporal GCN may come in handy.

The second point would be that there is a lack of data, not every drug or gene, or disease can
be listed it is a hectic task only some popular drugs and diseases are listed. The data in some
cases found to be not up to the mark since it was listed but not by any person who are having
specific domain knowledge may lead to false data, even data which are not absolutely

correct.

Thirdly there are many different connections a disease further depends upon not only genes
those factors can be also linked with this graph to form an overall heterogeneous graph to
train a more sophisticated model to achieve better results, we have all seen the use of an

existing drug repurposing in recent times during the covid-19 period.

The fourth point would be that there are different factors like a drug can react with another
drug, or maybe a drug will react with a gene that suppresses it which is not at all good or
may react to form some complications these factors will also play a vital role in making the

model more sophisticated.

Very few number of layers are given in our model the increase in layer numbers will make

the model predictions less efficient that problem may be solved in some other way using
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some other model than that of the Jumping Knowledge model it can also be explored further

which we couldn’t pursue because time was limited.

Then lastly the features used by us were very less may be somehow the features of drugs-
genes-diseases can be increased or accumulated to perform better model predictions use of
more efficient evaluation metrics for the heterogeneous graphs overall could also help in the
process of model training in our case it was only the Hits@K and accuracy we had to validate
later using extensive browsing this can be made simpler and more efficient using some other

intuitive evaluation metrics.
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