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PART 1
repul R

Why Learning Drug Representation is Difficult?

* (Issue 1) Compound graph size vary significantly, which is
quite difficult to deal with using GNN.

* (Issue 2) Drug has quite a number of properties and learning
drug representation is intrinsically multi-task learning.

* Considering two issues together, it is really an open problem
to learn drug representation. These challenges are
recurring in this lecture.
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Learning Drug-Target Interaction

* Given that learning drug representation is difficult, it
becomes even more difficult to learn drug-target interaction
(DTI) because

* Drug representation needed to be learned.
* Representation of target proteins needs to be learned.

* Well, another very complicating factor.

* DTl should consider what happens after a drug targets a
protein (gene) because genes function as a group in a
very complex interaction.

Summary: Drug-Target Interaction




True DTI: Compound-Protein-Cell

turbec
@ Multi-omics mediator i
© Gene

Drug Re-positioning is Learning
Representation of Heterogenous Networks.

* Drug repositionign is to discover unknown association between
drug and disease.

* Association between drug and disease is to discover distant
relationship.

* Thus, we need help!

* Forutnately, we can use gene networks for this.

* Weel, this becomes to learn representation of three heterogenous
networks: drug — gene — disease.




PART 2

Preliminary of Graph Learning

Contents

* What is Graphs?

* Example of Graphs in Bioinformatics

* Preliminary
Random Walk-Based Node Embedding

Network Propagation

Network Centralities / Clustering

VAE / Collective VAE
Matrix Factorization

Graph Neural Network




What is Graph?

* General concept of graph

* Example of graphs in Bioinformatics

Graph

* [Mathematics] A structure made of vertices and edges, G=(V, E)

* [Abstract Data Type] An abstract data type representing relations or connections

A lot of real-world data does not “live” on grids \L'L]

Social networks

Citation networks
Communication networks
Multi-agent systems

Protein interaction
networks

*slide from Thomas Kipf, University of Amsterdam




Example of Graphs in Bioinformatics
- related to DTl & DR

* Relationships between genes, drugs, or diseases
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Molecular Graph

Protein-Protein Interaction (PPI)
Network
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Drug-Drug Network

Biological Pathway
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Protein-Disease Network

Drug-Disease Network

Example of Graphs in Bioinformatics
- related to DTl & DR

¢ PPl network & Biological pathway

Represents biological mechanisms via gene interactions

¢ Roles in the DTI & DR tasks

* Bridge between drugs and disease

Gene involved_in Disease

Association score (0-1)

has_indication

n
encoded_by .
:

binds_to 1

Activity value (1nM — 1x10"9nM)
—t

Protein Small Molecule

(Mullen, Joseph, et al., PloS One, 2016)

Can be utilized for learning states of data (ex. patient, cell-line, ...)

Identification of patients or cell-lines through multi-omics data

Protein-Protein Interaction
(PPI1) Network

Biological Pathway

-8-




Example of Graphs in Bioinformatics
- related to DTI & DR -
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* Molecular Graph
* Represents information of drug or small molecule itself
* Atom types, Bond types, Atom-Atom distance, Bond-Bond angles, ...

* Roles in the DTI & DR tasks
e Used as inputs for learning drug’s structure, function, properties, ..

e Used as ingredients for calculating drug-drug similarities
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Molecular Graph

Example of Graphs in Bioinformatics
- related to DTl & DR

* Drug, Gene, Disease Network
e Association between drugs, genes, and diseases

* Roles in the DTI & DR tasks
* Main inputs for learning drug targets and repurposing diseases

e DTI: which drugs and genes interact?
* DR: which drugs are used for other diseases?

* Drug-disease association
* Discover novel or new targets of approved drugs

I
./

. \‘(

b B 4
Drug-Drug Network

VT"

Protein-Disease Network

Drug-Disease Network




Preliminary for Graph Learning

Random Walk-based Node Embedding
Network Propagation
Network Centralities / Clustering
. VAE / Collective VAE
Matrix Factorization

. Graph Neural Network

Random Walk-based Node Embedding

-10 -




Random walk

* An agent in the graph moves “randomly” along the graph topology to explore
different nodes.

#

Random walk

* An agent in the graph moves “randomly” along the graph topology to explore
different nodes.

Is it really random?

¥ o

-11 -




Random walk

* An agent in the graph moves “randomly” along the graph topology to explore
different nodes.

Is it really ra g@Qm?

According to probabilities!

R

Random walk

* An agent in the graph moves “randomly” along the graph topology to explore
different nodes.

Is it really ra 3g@m?

According to probabilities!

R

“drug-drug similarity”
“co-expression”
“drug-disease association”

12 -




Random walk-based Node Embedding

* Inspired by word embedding in natural language processing
* word2vec: learn word representations by co-occurrence in the sentences
* Predict context words using a center word

Example of word2vec input Example of word embedding (by

Training similarity)

Samples juice
fox jumps over the lazy dog. == (the, quick) a]JP]e

(the, brown) [_] -
o [ ]
The fox jumps over the lazy dog. == (quick, the) banana

(quick, brown)

Source Text

(quick, fox)
|The|quick-fox‘jumps|over the lazy dog. == (brown, the) bus
(brown, quick) car
(brown, fox)
(brown, jumps)

The|quick| brown .jumps| overlthe lazy dog. == (fox, quick)
(fox, brown)
(fox, jumps) (Li, Bofang, et al., Data Science and Engineering, 2019)

(fox, over)

(http://mccormickml.com/2016/04/19/word2vec-tutorial-
the-skip-gram-model/)

Random walk-based Node Embedding

* How to get the sentences from a graph?
* Random walk!

o ASBSDSESG
— AIDIEIFIDIESG
A>B>COHDG
A>D2>E—>G

-13 -




Random walk-based Node Embedding

* How to get the sentences from a graph?
* Random walk!

X A>B>DDESG
E$|A9D9E9F9D9EQG
A>B>C>H>G

A>DDE>G
: Ny
B>D>E>F>D>E>G
YN Y
A>B>E>F>D2E>G
SN N

A>D>E>F>D>E>G

Make sentences by considering
node co-occurrences

Random walk-based Node Embedding

* DeepWalk
* Generate node embeddings using random walks

® 0.6 » .‘
-08; @gg L LL T N
1.0 ¢ ® n_ * ®
1.2 :. L
(a) Input: Karate Graph (b) Output: Representation

(Perozzi, Bryan, Rami Al-Rfou, and Steven Skiena., ACM SIGKDD, 2014.)

-14 -




Random walk-based Node Embedding

* Exploration of graph
* DFS: Depth-First Search
* BFS: Breadth-First Search

Figure 1: BFS and DFS search strategies from node u (k = 3).

(Grover, Aditya, and Jure Leskovec., ACM SIGKDD, 2016.)

Random walk-based Node Embedding

» Exploration of graph with different probabilities

* The walk just transitioned from t to v and is now evaluating its next step out
of node v.

» Edge labels indicate search biases «a.

(Grover, Aditya, and Jure Leskovec., ACM SIGKDD, 2016.)

-15 -




Random walk-based Node Embedding

» Exploration of graph with different probabilities

* The walk just transitioned from t to v and is now evaluating its next step out
of node v.

* Edge labels indicate search biases «a.

p=q=1
(special case; DeepWalk)

(Grover, Aditya, and Jure Leskovec., ACM SIGKDD, 2016.)

Random walk-based Node Embedding

» Exploration of graph with different probabilities

* The walk just transitioned from t to v and is now evaluating its next step out
of node v.

» Edge labels indicate search biases «a.

p=q=1
(special case; DeepWalk)

p>q
(More explore)

(Grover, Aditya, and Jure Leskovec., ACM SIGKDD, 2016.)
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Random walk-based Node Embedding

» Exploration of graph with different probabilities

* The walk just transitioned from t to v and is now evaluating its next step out
of node v.

* Edge labels indicate search biases «a.

p=q=1
(special case; DeepWalk)

p<q
(walk local)

p>q
(More explore)

(Grover, Aditya, and Jure Leskovec., ACM SIGKDD, 2016.)

Random walk-based Node Embedding

» Exploration of graph with different probabilities

* The walk just transitioned from t to v and is now evaluating its next step out
of node v.

» Edge labels indicate search biases «a.
“‘node2vec”

p=q=1
(special case; DeepWalk)

1
— p<q
(walk local)

p>q
(More explore)

(Grover, Aditya, and Jure Leskovec., ACM SIGKDD, 2016.)
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Random walk-based Node Embedding

» Exploration of graph with different probabilities

* The walk just transitioned from t to v and is now evaluating its next step out
of node v.

« Edge labels indicate search biases a.
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(Grover, Aditya, and Jure Leskovec., ACM SIGKDD, 2016.)

Network Propagation

-18 -




Network Propagation

* Random walks are generated by transition probabilities.

*  The number of random walks is the number of samples used by the model
(DeepWalk, node2vec).

« So what if we create an infinite number of random walks of a certain
length from one starting point and then measure the frequency of nodes
observed in the walks?

Network Propagation

* Propagate information of known nodes (= seeds) via network topology
» Until certain steps, the amount of information (or flow) will be converged

(Cowen, Lenore, et al., Nature Reviews Genetics, 2017)

-19 -




Network Propagation

* Propagate information of known nodes (= seeds) via network topology
» Until certain steps, the amount of information (or flow) will be converged

* Random walk with re-start (RWR)
p(t+ 1) =axp0)+ (1 —a)xXW xp(t)

(Cowen, Lenore, et al., Nature Reviews Genetics, 2017)

Advantages of Network Propagation

» Looking at more distant neighbours that are up to two steps away (yellow;
middle panel) again introduces many false positives.

* Network propagation overcomes these problems by simultaneously
considering all paths between genes (yellow; right panel).

Direct neighbour Shortest path Network propagation

(Cowen, Lenore, et al., Nature Reviews Genetics, 2017)

- 20 -




Advantages of Network Propagation

* Network propagation considers and aggregates influence of all seeds via
network topology

» It can capture informative clusters of interest

@ Profile 1
O Profile 2
© Both

Before propagation After propagation

(Cowen, Lenore, et al., Nature Reviews Genetics, 2017)

Advantages of Network Propagation

» Propagation of the signal from any of the three known disease genes
(red) ranks the other known disease genes very highly, owing to the
many paths between them.

* Genes in yellow are ranked highly by alternative network analysis
methods (which consider direct neighbours or shortest paths); however,
these are false positives.

. h = //; -

' — =
- ' s (
ﬁ T rar
P‘li

(Cowen, Lenore, et al., Nature Reviews Genetics, 2017)
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Network Centralities / Clustering

Network Centralities

* Centrality assign numbers or rankings to nodes within a graph corresponding to
their network position.

* "What characterizes an important vertex?” = How to define “important”?

A Centrality and hubs g Degree centrality Betweenness centrality Closeness centrality
° ‘ ° o
Hijghest DC thx Highest CC g (@]
20
Connegtor hub % o
Provinal hubs Eigenvector centrality Participation coefficient PageRank ‘E
O

Farahani, Farzad V., Waldemar Karwowski, and Nichole R. Lighthall. "Application of graph theory for identifying connectivity patterns in human brain networks: a systematic review." frontiers in
Neuroscience (2019)

- 22 -




Network Centralities

1. Degree Centrality
- defined as the number of links incident upon a node

2. Closeness Centrality
- is the average length of the shortest path between the node and all other nodes in the graph.

3. Betweenness Centrality
- the number of times a node acts as a bridge along the shortest path between two other nodes.

4. Eigenvector Centrality
- Measure of the influence of a node in a network.
- Measured by calculating the eigenvector of adjacency matrix
- Google's PageRank is based on the normalized eigenvector centrality

Farahani, Farzad V., Waldemar Karwowski, and Nichole R. Lighthall. "Application of graph theory for identifying connectivity patterns in human brain networks: a systematic review." frontiers in
Neuroscience (2019)

Network Centralities

Different scores are assigned for different centralities

- Acentrality which is optimal for one application is often
sub-optimal for a different application.

- The optimal measure depends on the network structure of
the most important vertices

- Complex networks (e.g. disease networks) have
heterogeneous topology; ranking its nodes with centrality
possesses limitations [2].

c invtor -

Least central Most central

[1] Wikipedia: Network Centrality (https://en.wikipedia.org/wikil Centrality#/ medial File:Wp-01.png, retrieved 2022-11-15)
[2] Lawyer, Glenn. "Understanding the influence of all nodes in a network." Scientific reports 5.1 (2015): 1-9.

-23-




Network Clustering

Disease are interplay of multiple molecular processes
- Disease-associated proteins interact with each other and cluster to form disease modules
- Network clustering methods are utilized for detecting communities and modules

N el bl Gy
B 90 oon R0 ¢ ¥
'vw‘(l) [ gm @]
HHEX
3?-“ 2 SJS 0% (NS "0 o @
)O ®
B B ® O o
@] O
D oSN © cglwm
Tyxaz (@)
©

L@ -
i ‘@ O

@ naou

WL @ @ Multiple sclerosis (MS)
FLMXG)‘ . P I I I | (PD)
C'Bez“' © Rheumatoid arthritis (RA)

O
OMAL ~ 0 0 "%

Menche, Jérg, et al. "Uncovering disease-disease relationships through the incomplete interactome."” Science 347.6224 (2015): 1257601.

Network Clustering

Widely-used Network clustering algorithms

1. k-means clustering
- partitions the graph into k clusters based on the location of the nodes such that their distance from the

cluster’s mean (centroid) is minimum
- The distance is defined using various metrics as Euclidean distance, Euclidean-squared distance,

Manhattan distance, or Chebyshev distance.

k-means clustering Hierarchical clustering

yworks: Clustering Graphs and Networks, https://lwww.yworks.com/pages/clustering-graphs-and-networks)
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Network Clustering

Widely-used Network clustering algorithms
2. Hierarchical clustering
- Partitions the graph into a hierarchy of clusters.
- The result is a dendrogram which can be cut based on a given cut-off value.

k-means clustering Hierarchical clustering

TEEREEE

yworks: Clustering Graphs and Networks, https://lwww.yworks.comlpages/clustering-graphs-and-networks)

7
il

Network Clustering

* Limitations of disease module-based approaches
- available interactome and disease-related gene information are incomplete, and do have sufficient coverage to
map out disease modules

OHAL

Menche, Jérg, et al. "Uncovering disease-disease relationships through the incomplete interactome." Science 347.6224 (2015): 1257601.
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VAE / Collective VAE

Variational Auto-Encoder (VAE)

* A generative model that reconstructs input data from latent variables

.'/7 (i) (i) 1 /7
X D A V4
Input C]¢ (ZI ) Pg( | L Output

Learn variational distribution

p o) (Z ) Sampling from the latent variables

Prior distribution of the latent variables Z

Kingma, Diederik P., and Max Welling. "Auto-encoding variational bayes."
arXiv preprint arXiv:1312.6114 (2013).
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Variational Auto-Encoder (VAE)

* A generative model that reconstructs input data from latent variables

< Inference Model > < Generative Model >

Latent
variables

Input Encoder Decoder Output

Kingma, Diederik P., and Max Welling. "Auto-encoding variational bayes."
arXiv preprint arXiv:1312.6114 (2013).

Collective VAE

* Proposed model for item recommendation
* Simultaneously recover user ratings (main task) and side information

* Can be utilized for DTI & DR
* Main task: drug-disease association
* Side Information: drug information

Figure 1: Collective Variational Autoencoder

(Chen, Yifan, and Maarten de Rijke, Proceedings of the 3rd workshop on deep
learning for recommender systems, 2018.)
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Matrix Factorization

Matrix Factorization

» Aclass of collaborative filtering algorithms used in recommender systems.

* Decompose a matrix into tow lower dimensional matrices
* Learn low dimensional latent embeddings of row/column

A=UVT

AeR™n  pygeRm™d pyeR™ mn>d

o, 28 B T

Harry Potter The Triplets of Shrek The Dark Memento

A Belleville Knight Rises

e 4 <

4

' s s

Al v v v

[

v v
]

https://developers.google.com/machine-learning/recommendation/collaborative/matrix
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Matrix Factorization

» Minimize difference of A and UVT

min > (A — (UL V))?

mxd nxd
UeR™, VeR™? £t

v, 223 Bl T

Harry Potter The Triplets of Shrek The Dark Memento
Belleville Knight Rises

s v s

el (<2
A
A

“
A

https://developers.google.com/machine-learning/recommendation/collaborative/matrix

Matrix Factorization

» Minimize difference of A and UVT

* How to handle unobserved cases?
¢ Assume the value as 0.
* Minimize the loss function with different weights

min > (A — (UL V) +we D (UL V)
UeR™ 4 VeR™4 (3,5)Cobs (i,j) Zobs

Observed Only MF Weighted MF

z

A-U, V)2 +
0-U,. V)

(i,j) = obs ( ij

WO Z(i,J)"Z obs (

https://developers.google.com/machine-learning/recommendation/collaborative/matrix
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Matrix Factorization (= Matrix Completion)

¢ Standard matrix factorization is transductive.

pip > (7= (i), )+ 5 (1wl +1m1,2)

To prevent overfitting

wth s . Target Gene/

L .
Ly Disease

item graph L} n

-l" i.
Drug .'L:
usrgré;ph.. . o m : item variables
| W A | 4 . | -
® s ¢ @ po s
m o m

Example of item recommendation

Beyond Low Rank Matrix Factorization | Center for Big Data Analytics (utexas.edu)

Matrix Factorization (= Matrix Completion)

» Standard matrix factorization is transductive.

pip > (7= (Wi, )+ 5 (1w + 1)

To prevent overfitting

» All matrix completion approaches suffer from extreme sparsity of the
observed matrix and the cold-start problem.

Easy to learn & predict ™" "

Hard to learn & predict cold-stasting

(Ocepek, Uros, Joze Rugelj, and Zoran Bosni¢., Expert Systems with Applications, 2015.)
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Matrix Factorization (=~ Matrix Completion)

¢ Standard matrix factorization is transductive.

, 2 4 2 2
min (P,-J-—(WHT)”) +5(|IW||F +||H|IF)
(ifee

To prevent overfitting

* Inductive Matrix Factorization (or Completion)

» Can be interpreted as a generalization of the transductive multi-label
formulation

. A 2 2
min > 4(Py, xWH ) + 5 (Wl + I1H])

Matrix Factorization (=~ Matrix Completion)

* Inductive Matrix Factorization (or Completion)

» Can be interpreted as a generalization of the transductive multi-label
formulation

. A P 2
min > (P, x"WHy) +5 (IW],” + 1 Hl,)
ijee

» Positive-Unlabeled (PU) Matrix Completion
* In case of DTI task, we collect positive pairs of drug and target protein.
+ ltis difficult to “well-defined negative” data.

i P WHTyT ’ P WHTy, )
rglg i — Xi Vi + Z i — Xi Vi
(ij)eQ* (ij)e Q™
+ A1 + | H]l" |
F F a: the penalty of the unobserved entries

toward zero

(Zeng, Xiangxiang, et al., Chemical Science, 2020)
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Graph Neural Network

Graph Neural Network

The bigger picture: Notation: G = (A, X)
Hidden layer Hidden layer + Adjacency matrix A € RN >N
[ {"'- ) [ {)‘. ) . Feature matrix X € RV*F
¢ ‘. Output
. .. s\é ReLU s\_é ReLU
R 9 -'-.

Main idea: Pass messages between pairs of nodes & agglomerate

*slide from Thomas Kipf, University of Amsterdam
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Recap: Convolutional Neural Networks (on grids)

Single CNN layer
with 3x3 filter:
Update for a single pixel:

+ Transform messages individually W h;

+ Add everything up Z;‘ W h;

h; € RY are (hidden layer) activations of a pixel/node

hn)
Full update:

W) = o (WPRE + WO + -+ WD)

*slide from Thomas Kipf, University of Amsterdam

Graph Convolutional Networks (GCNs)

Kipf & Welling (ICLR 2017), related previous works by Duvenaud et al. (NIPS 2015) and Li et al. (ICLR 2016)

Consider this Calculate update
undirected graph: for node in red:

@) @)
Q O @)
O O

Update 1 .
ie: bV =0 (hf”wf,‘) > Thﬂ”wﬁ“)
JEN: M

Scalability: subsample messages [Hamilton et al., NIPS 2017] M : neighbor indices ;5 : norm. constant
(fixed/trainable)

*slide from Thomas Kipf, University of Amsterdam
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Graph Convolutional Networks (GCNs)

Kipf & Welling (ICLR 2017), related previous works by Duvenaud et al. (NIPS 2015) and Li et al. (ICLR 2016)

Vectorized form

Consider this Calculate update
undirected graph: for node in red: HOH) _ 5 (H(”W((,” N AH(”WEU)
O )
O with A =D *AD *
Q O @)

O O ‘\O Or treat self-connection in the same way:

z AHOWO
H(HD =0(AH{”W1 )

Update 1 ' . ~ 1 -
ute: BV = [BOW + ¥ —nPwl with A =D #(A +1y)D*
o~ Cid
JEN;
Scalability: subsample messages [Hamilton et al., NIPS 2017] M : neighbor indices ;5 : norm. constant

(fixed/trainable)

*slide from Thomas Kipf, University of Amsterdam

Graph Convolutional Networks (GCNs)

Kipf & Welling (ICLR 2017), related previous works by Duvenaud et al. (NIPS 2015) and Li et al. (ICLR 2016)

Consider this Calculate update Desirable properties:
undirected graph: for node in red: + Weight sharing over all locations
* Invariance to permutations
O O * Linear complexity O(E)
O O O . Appl.icable.both in. transductive
and inductive settings
O O ‘\O Limitations:

* Requires gating mechanism /

Update (141) (Dxr(D) L (Dxr(D) residual connections for depth

rule: h; =0 | h; "Wy~ + I"'-iil h; "W, + Only indirect support for edge features
JEN;

Scalability: subsample messages [Hamilton et al., NIPS 2017] M : neighbor indices ;5 : norm. constant

(fixed/trainable)

*slide from Thomas Kipf, University of Amsterdam
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Classification and link prediction with GNNs/GCNs

Input: Feature matrix X € RNXE, preprocessed adjacency matrix A

Hidden layer Hidden layer Node classification:

( P A softmax(z,, )
Y‘. .« ® f‘ . ® e.g. Kipf & Welling (ICLR 2017)
Input ¢ . ¢ . Output
. Graph classification:
o LT RelU | o /-° RelU
T .. . . e e * softmax (> zn)
c e ’ o0) i : ot) e.g. Duvenaud et al. (NIPS 2015)
X =HWY . . Z=HW
ot <L Link prediction:
. ‘ . ° - T
A A p(Aij) = o (2 73)

A . iy
Kipf & Welling (NIPS BDL 2016)
HU+HD — 4 (AH(”WU)) “Graph Auto-Encoders”

*slide from Thomas Kipf, University of Amsterdam

Various GNNs - Isotropic

» Different Aggregation and Update functions are utilized for GNNs

e
i

e

ReLU

Figure 8. GIN Layer

Figure 6. GCN Layer Figure 7. GraphSage Layer

Dwivedi, Vijay Prakash, et al. "Benchmarking graph neural networks." arXiv preprint arXiv:2003.00982 (2020).
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Various GNNs - Anisotropic

» Different Aggregation and Update functions are utilized for GNNs

* Learn weights of neighborhoods

e

=k TS

Kemels.

i 147} e

Figure 9. GAT Layer Figure 10. MoNet Layer Figure 11. GatedGCN Layer

Dwivedi, Vijay Prakash, et al. "Benchmarking graph neural networks." arXiv preprint arXiv:2003.00982 (2020).

Summary of Part2
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Summary

* Graph
* A collection of interactions

* Contains relationships between drugs, genes, and diseases

* Heterogenous data types provide rich information but also cause
technical challenges

* Technologies
* Random Walk-Based Node Embedding

* Network Propagation

* Network Centralities / Clustering
* VAE / Collective VAE

* Matrix Factorization

* Graph Neural Network

PART 3
Graph Learning for Drug Target Identification
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Contents

® Current researches in DTI prediction

* Future directions in DTI prediction

* Heterogenous drug, gene, disease information

* Downstream effect of drugs

* Technologies for DTI

* deepDTnet (Chemical Science, 2020)

* Drug embedding with target information
(Briefings in Bioinformatics, accepted)

Current researches in
DTI prediction
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Computational and Structural Biotechnology Journal 19 (2021) 1541-1556

o COMPUTATIONAL
oo oo e ANDSTRUCTURAL
oo fonfli BIOTECHNOLOGY 2

1010108811 s s i s e

oo J OURNAL

e -8
ELSEVIER journal homepage: www.elsevier.com/locate/csbj

A review on compound-protein interaction prediction methods: Data,
format, representation and model Sy

Sangsoo Lim*', Yijingxiu Lu”, Chang Yun Cho*, Inyoung Sung“, Jungwoo Kim ", Youngkuk Kim",
Sungjoon Park”, Sun Kim "%+

2 Bioinformatics Institute, Seoul National University, Seoul, Republic of Korea

® Department of Computer Science and Engineering, College of Engineering, Seoul National University, Seoul, Republic of Korea
© Institute of Engineering Research, Seoul National University, Seoul, Republic of Korea

4 Interdisciplinary Program in Bioinformatics, College of Natural Sciences, Seoul National University, Seoul, Republic of Korea

Computational and Structural Biotechnology Journal, 2021 (cited 25 times)

Review on DTl research

+ Background:

» Al approaches such as kernel-based, tree-based classifications, and neural
network variations are recently applied to predicting affinity or interactions
between small molecular drugs and protein targets.

* DTl researches could be separated into three major parts: data preparation,
model training, and prediction.

Overview of DTI prediction processes

Data preparation Model training Prediction

Chemical DB | Protein DB Machin learning

1 2y 3 Binding affinity
i (’é: 2 AN Tree Feature manipulation
| H N N (e.g. LASSO, network)
PURPNS ! P>

CCC(=C(C1=CC=CC=C | = "

SR Rean Deep learning Metri

N(C)C)C3=CC-CC=C3 | . - <
Graph RNN and CNN

1C50, EC50, Ki, Kd, -

Fingerprint ‘ I""'(ﬁ A\
E)g@é) 3 '..zlﬂ E@E’J /Prcdictinn\

i Evolutionary Graph Other deep learning Regression  Classification

Graph i information (e.g. GAN, AutoEncoder)

i g Dy
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Review on DTl research

» Data preparation:
» Compounds:

» Chemical compounds can be described naturally in a human-readable format

such as strings, graphs, or images.

» Chemical fingerprints that represents the existence of constitutive
substructures/scaffolds or common functional groups are also widely used.

¢ Proteins:

» Protein are represented as sequence of amino acids in most recent Al-based

DTI researches.

» To utilize protein 3D structures, it is common to convert it as chemically

attributed spatial graphs.

» Compared to the number of known amino acid sequences, number of known

protein structures are much smaller.

Review on DTl research

» Data preparation:

Formats and encoding schemes of compounds

— a) String =~

svies (1)) SELFIES ~
N2/

1
.
N\/\O j
ot e Cheecae-caoeaNGe
> f> © A
Tamoxifen Subgraphs
[1foJofo]1Jo o -To o s o] || & |
Binary bit vector (chemical fingerprint vector)

b) Fingerprint

Formats and encoding schemes of proteins

- a) String 2 ( b) Evolutionary information J‘
ADT I PR
B [5] ofofofo]1]0
R B ofofola]o]n
B [1] 1lofofofo]e
n ~ n ‘ ojojr1|ojo|fo
| 1] [ 4] olofofa]o]e
B (2] of1[ofafo]o
B B ofof1]o]o]e
n 1(jojofojofo
e "ol

Protem structure

Sequentially connected graph
Lel: Protem Structure

Middle: (Spatial iah) Grapt jon of prote structe = Seuental graph
Right: Spatial graph with atomic attributes <o spatial gray

Spatially interacting graph

! ¢) Graph }
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Review on DTl research

* Model training:

» _Machine learning-based methods:
* Decision tree, random forest
» Support vector machine
» Heterogeneous network

* Deep learning-based methods:
* Recurrent neural network (RNN), Natural language processing (NLP)
» Convolutional neural network (CNN)
* Graph neural network (GNN)
» Variational autoencoder (VAE) or generative adversarial network (GAN)

Typical model architectures for DTI

* Train compounds and proteins separately with two independent deep learning
modules.

* Combine latent vectors of compounds and proteins for interaction prediction.

DeepDTA, Oztiirk H et al. CPI-Prediction, Tsubaki M et al. DeepPurpose, Huang K et al.
fx) === —

Predict the Interaction

iR
it
Jiif EMH i} |

IR THLCL | LAVASKAVGLNT

Socance.

v

Compound training module Protein training module

..zturk H, ..zgyr A, Ozkirimli E. Bioinformatics, 2018
Tsubaki M, Tomii K, Sese J. Bioinformatics, 2019,.
Huang K, Fu T, Glass L M, et al. Bioinformatics, 2020,.
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Drug — Target interaction
needs to consider
downstream effects, gene expressions!

Drug-target interactions and gene expression

* Drug molecules intervene in the regulatory process by binding with
specific target ligands.

» Traditional treatment design based on physical parameters and external
modalities or simple drug-target interactions are not sufficient for meeting
clinical drug safety criteria or specifying variability among individuals.

* Modeling of the integrated clinical data and multi-layer molecular
interactions makes the drug responses predictable.

(WWhat s the relation bebreen the | « Start from single molecular leve-

Discase B connt® Vanaton i (5roup of) prosens ang
Mutation e | e specrtc funchom azeases> < F;P'm Ry O —
Gene regulation N 3 ~N P "

Dysfunction

Retrovirut S [ it = M ‘bol —_— ©peessicn & n form of
ignal ransduction ==\
Gene xS\ RNA Protein /j ;(a e mcton vosesse 1+—{(_| = s
Traascription Trarslatiog +° ¢ o Normal function ) .
m—gw—‘f P e OI00  pnen dsesse 2
- - v Metoboiites >
1 Gene- o L o | —ry
. Protoin protein bl St
Interaction i Funcaon Vosease
7 |
¥
o

Proten

ONA
« Start from drugs | + Start from Il“l' disease '

(What peocesses aoes the vy rtervene. | ((wmat are e rotes of the stnormaty expressed |
©F WhKCh regulaters 05e8 e rug eflect | “otnes n metazotam mvousn aterent emcs
L Prough target peoten? J L e !

A systemic view of disease

Analysis of disease and drug effect

Yue R, Dutta A. Computational systems biology in disease modeling and control, review and perspectives[J]. npj Systems Biology and Applications, 2022, 8(1): 1-16.
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Technologies for DTI

* deepDTnet (Chemical Science, 2020)
* Drug embedding with target information (Briefings in Bioinformatics, accepted)

Chemical Science, 2020

Target identification among known drugs by deep
learning from heterogenous networks

Xiangxiang Zeng,}® Siyi Zhu,$® Weigiang Lu,i¢ Zehui Liu,1® Jin Huang, ¢ @ Yadi Zhou,®
Jiansong Fang,® Yin Huang,®" Huimin Guo,” Lang Li,? Bruce D. Trapp,"
Ruth Nussinov, @2V Charis Eng,**™ Joseph Loscalzo® and Feixiong Cheng

*ekl
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Motivation

« Drug target identification is a crucial process for drug discovery and effective treatment
of human diseases

+ Unintended therapeutic effects or multiple drug-target interactions leading to off-target
toxicities and suboptimal effectiveness

* Experimental determination of drug-target interactions is costly and time-consuming

+ Challenge
. It_he fe_ai\tures learned from the unsupervised learning procedure did not capture non-
inearity

« randomly selected drug—target pairs as negative samples often cause potential false
positive rate

. Ap;l)(roach: a network-based deep learning for in silico identification of molecular targets
for known drugs

 Embeds 15 types of chemical, genomic, phenotypic, and cellular networks

» Generate biologically and pharmacologically relevant features through learning low-
dimensional but informative vectors for both drugs and targets

« To address the lack of negative samples, they utilized Positive-Unlabeled (PU) setting

DeepDTnet

* DeepDTnet is a deep learning methodology for new target identification
and drug repurposing in a heterogeneous drug—gene—disease network
embedding 15 types of chemical, genomic, phenotypic, and cellular
network profiles.

Overview of deepDTnet

i t_ Tepatecan (TPT)  TPT & ROR-v1

Heterogeneous Deep learning Target identification &
netwark integration {deepDTnet) Drug repurposing
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Model overview

* Input:

* 15 types of chemical, genomic, phenotypic, and cellular networks for 732
drugs and 1,178 targets.

* Output:
* The likelihood of the pairwise interaction score between drugs and targets.

* Methodology:

» DeepDTnet learns low-dimensional vector representation of the features for
each node in the heterogeneous network.

» After learning the feature matrix for drugs and targets, deepDTnet applies
PU-matrix completion to find the best projection from the drug space onto
target (protein) space.

* Finally, deepDTnet infers new targets for a drug ranked by geometric
proximity to the projected feature vector of the drug in the projected space.

Model overview

Drug-drug Drug-disease  Drug side-effect y I et e e e S e
.

P T e s d Protein-protein Pmteln—di?ease
° ; P o ‘_ , s F J?: £ W e
. e i T ﬂ -~ = P -
Learn the low-dimensional vectors for * S I P 41

Drug similarities Target (protein) similarities

drugs, diseases

Chemical similarity

|

i

|

' Therapeutic similarity ® W Protein sequence similarity

| 2 " @ 7\ P . il

\ Protein sequence similarity /. i Biological process similarity
Biological process similarity o / \ Cellular component similarity

s « L W | Molecular fu larit

1 Cellular component similarity ular function similarity

| Molecular function similarity

' t Genomic and Cellular networks

\ Chemical and Phenotypic networks J D O e O U e U o P

1 1 Na Number of drugs L
| Nt Number of proteins
1 fa D ion of drug features
3 ft  Dimension of protein features !

‘ Embedding Embedding ‘

Matrix representation

Matrix representation Prioritized score of

of drug features Z=WH" of target (protein) features  new drug-target interactiont
fs = Ne
= K. = 8- - 'y
) ) ) ¢ HT fi |y‘r £~ "
PU-matrix completion algorithm for the lack % e ‘,i‘ ' ;
of publicly available negative samples Xi ! Bikikic Y
matrix completion
[ s ,
X I " p .l Y, Sy =X.ZY;
o .u.
Low dimensional vector Known drug-target network Low dimensional vector
representation for each drug vertex representation for each target (protein) vertex
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Heterogenous networks

« Various databases are collected and utilized

» EXx) drug-target network: DrugBank, Therapeutic Target Database,
PharmGKB

+ Ex) disease-gene network: OMIM, CTD, HuGE navigator

Drug-drug Drug-disease  Drug side-effect U
2 o i (’ - Protj:;protein Pmtein-diseaée
LT - W
e e SR P

e B L W
Target (protein) similarities

ﬁ Protein sequence similarity
LN

Biological process similarity
W

Chemical similarity
Therapeutic similarity c®
Protein sequence similarity

Biological process similarity

Cellular component similarity
Molecular function similarity

Cellular component similarity
Molecular function similarity

Genomic and Cellular networks

|
I
I
|
|
|
|
I
1
Drug similarities !
I
|
I
|
|
|
I
|
/

Chemical and Phenotypic networks

T P S p—-

T s T i e W iy " T e s e

Stepl: low-dimensional representaions

A Network 1 ‘ ‘ EﬂOOdel' 77777 ]

(Drug-drug network) =
—/ PCO Matrix PPMI Matrix ‘: @
52 5 Y g B 8 ...':o; o :7 \.1 z
_.:c..:.:“ a— e :3: -\.5_.‘ :
b T TR B R TE
.:.:.:, > I T L .‘ :
St R RO
2 e B
(Protein-disease network) v,,,,,E,"P,oq‘?r, ,,,,,,
7~
Llnee e PCO Matrix PPMI Marix (@) (@
e ‘.'."" L Y S ;: g
9 ®e. % i =004 008 0 - N
o oo /™D |1 0000 aner| WP |0 025 0 - (W] Lo
S8 Ve 001 005 0 - ! @
® o T I ¥y s :
L < HIE A ! "
.= @) U
‘. NS
S
,,,,, Encoder
7
PCO Matix PPMI Matrix ‘13\ g
ot RS camemere | @] @
ol 4 [ 003 003 m---]‘ [g * ::;}‘ .‘—- '
T R
{UR)
xRy Ty
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Probabilistic Co-Occurrence matrix &
Positive Pointwise Mutual Information

» Network propagation learns both local and global topological information

» After k step, a probabilistic co-occurrence matrix is obtained for each
network

Pe = pr 1A+ (1 —w)po

* A positive pointwise mutual information (PPMI) matrix is calculated to
obtain drug representaions

. » Nr Nc . »
M(i, j)= 32 > M(i,7)

PPMI = max | log N ! ;f ,
> M, j)x > M(, )

j

0

M : the original co-occurrence matrix,
N,. : the number of rows
N, : the number of columns.

Stepl: low-dimensional representaions

Network 1 Decoder
(Drug-drug network) DIy em= -
SRS PCO Matrix PPMI Matrix : 0 ® ' @ ®
@ W F e w: oo 3§ @) —~ ! | .
Sk Aea copliigfe o 0 o7 - © g ® @ @ ‘.
-":..‘:°: »[---oz 008 01 }- [::‘s goi ?“}‘ ._.._.. “_.‘ ARE
00 P e L S T | T . . ‘ ~ 1 . ‘g
- Iy e G L
(Protein-disease network) ___Encoder Decoder
L PCO Maliix — ® 9 (e _Stac_k_ed denmsmg' autoencoder
e eete, *IRY vaaid I IS (@l e ‘: § s utilized for learning low-
= © : . i
o® L [...wm ,,,,...] = :?‘:Eg E ~|mel VYL Lt L dimensional vectors
LS o B ” = U 0! =8 : o @ \@ “ ®
° e R ) ot | \_J
Soeds’, - ® z % @ @ .‘
X A Tl A
,,,,, Enmer — ... Decoder
/ PCO Matrix PPMI Matrix @ @) . )
3 e [::m 00 om:::} = [:::EE Eg Es;:]‘ 0 !—’ 2 bl % ‘ : ..‘ 14
7| L) ETYVA e e @ o @
H : H ~ B : H ‘ ‘ ./ : . .
@ @ - @
X X ym y™ y‘l %
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Step2: PU-based matrix completion

Na Number of drugs

Nt Number of proteins

fa Dimension of drug features

ft  Dimension of protein features
‘ Embedding Embedding ‘
Mat;i: reprf:sen!aﬁon Matrix representation Prioritized score of
of drug features Z=WHT of target (protein) features ~ new drug-target interactions
N
ko P
' ' T f ~
Ng fa Lo : @
Y,'

PU-learning
matrix completion

e
o "

Known drug-target network

= T
X I $y=X.2ZY]
Low dimensional vector
representation for each drug vertex

ik
Low dimensional vector
representation for each target (protein) vertex

Inductive matrix completion

A
n > o(Py xTWHTY) + 5 (IWI + 1],

min
W,
(=g

PU-matrix completion

2 2
E (P,‘-r- - x,;WHTy;-T) +a z_ (P,}- - x‘-WHT}}-T)
(if)el™

+2 (Wl + 11l

a: the penalty of the unobserved entries
toward zero

Results: Perfomance of DTI prediction

—— deepDTnet (AUROC = 0.963)
0.2 e KBMF2K (AUROC = 0.937)
~ DTINet (AUROC = 0.932)
01 —— LapRLS (AUROC = 0.923)
0

0 01 02 03 04 05 06 07 08 09 1
False positive rate

deepDTnet (AUPR = 0.969)
KBMF2K (AUPR = 0.946)
DTINet (AUPR = 0.943)
LapRLS (AUPR = 0.941)

0 01 02 03 04 05 06 07 08 09 1

Recall
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Results: The uncovered drug-target network

i

3
i

i

Summary

* Deep learning model for learning heterogeneous drug-gene-disease
newtork

¢ Key points
¢ Learn multiple chemical & genomic information as low-dimensional
embeddings

¢ Apply PU-matrix completion to address sparsity of postivie samples and lack
of negative samples in DTI
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Briefings in Bioinformatics, 2023, accepted

Improved Drug Response Prediction by Drug Target
Data Integration via Network-based Profiling

Minwoo Pak® bt Sangseon Lee® T Inyoung Sung®? and Sun Kim®!34*

Motivation

» Drug response prediction is important for precision medicine in that it can
hglp_pretdlcit how a patient would react to a drug before the actual
administration

+ Intuitively, use of drug target interaction (DTI) information can be useful for
drug response prediction

* Challenge: use of DTl is difficult because existing drug response database
such as CCLE and GDSC do not have information about transcriptome after
drug treatment

* Approach: framework, NetGP that can improve _existintg deep learning-
based drug response prediction models by effectively utilizing drug target
information.

* amodule to compute gene perturbation scores by the network propagation
technique on a Protein-Protein Interaction (PPI) network

*  NetGP with the network propagation technique produces perturbation effects by
the pharmacologic modulation of target gene

* a model-agnostic way so that any existing DTl tool can be incorporated.
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Motivation

« Drug response prediction is highly significant in precision medicine in
that it can help predict how a patient would react to a drug before the
actual administration.

» Drug target information represents the mechanism of the drug affecting
a cell thereby bridging the relationship between the two.

4

e —————— -
-~ - -
— - -~
= ~ - -

-~ -~
Drug Target ,#“ ~o ﬁ"h\
Data ,I ~ -~ \\
‘ S AY
-~ ~ \
~< \
~a ;-'/é"
‘ff s \
- - - - o
OmO0;
Drug Response Drug Data

Cell line Data

*GDSC: Genomics of Drug Sensitivity in Cancer
*CADD: Chemoinformatics Tools and User Services

Model overview

* Input
* Drug response information from GDSC
* Drug SMILES data from CADD
* Protein-protein interaction network from STRING
* Drug target information from GDSC and DrugBank

* Model
* TargetNet: drug target profile extraction algorithm
* Placeholder drug response prediction method

* Output

* Drug response: IC50 or area under dose-response curve value
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Overview of NetGP

* Integration with existing tools in terms of
embedding vector (in model-agnostic way)

NetGP: Drug Target Profile Extraction Algorithm Drug Target integration for Drug Response Prediction
r 1= ]
I 1
1 1 _E-ﬁ — —» | Embed
1 = -
1 : Cell line | ]
1 I - :
1 Py 1
Network Propagation Protein in NP — -
: (nP) Top rank : @ —| \ .
—1 Y — Arq
1 Drug-specific T * 1 | | o/ || Prediction Drug
1 Network > G || Embed (—F \“/ [ ] Model response
1 i 1| Drug |
. TargetNet Protein 1 —
: :m:etn : Input Protein 2 : — / —
WL < Protein 3 -
1 Protein 3 Protein 4 1 — -
1 Frol.ein 4 o 1| wetee |— \ | |
1 . - 1| output |—
: - Pathway y : ; AN G
i if converged
1 FtE Genes Enrichment i u /
g U ML L M S AR a4 -

» Simulate a perturbation effect of a given drug using drug target information
and PPI network - network propagation

NetGP: Model detail

* Phase 1: network-based drug target profile extraction phase

NetGP: Drug Target Profile Extraction Algorithm

* Network propagation identifies affected
candidate genes from drug target
genes

Network Propagation Protein in NP
{nP) Top rank

[

[

[

1

1

1

[

1

: R T i * lteratively perform network propagation
1 Network — with enriched biological mechanisms
: * Network propagation prunes to
I biased seeds and network

1 topology

: » Iteration will remove noises

1

1

1

. TargetNet Protein 1
:rnteln ; Input Protein 2

rotein ¢ Protein 3
Protein 3
Protein 4

Protein 4
-

Pathway Pathway

Genes Enrichment
Drug targets
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NetGP: Model detail

* Phase 2: drug target profile integration

* Embed cell line, drug and drug target profile from NetGP

* Any deep learning model can be replaced with Placeholder

Data Embedding

aDa
LN A

1
1

— I
g 1

1

!

|, Placeholder method !
> MLP :
» DEERS |
» AGW 1
» DeepTTA |

1

» FEte.

Module

Drug
Response

Module
—>
Drug Network NetGP N
Protein 1
Protein 2
Pm;ein 3 I
Drug targets NetGP
Qutput

output

AN EEEE NN

Prediction

Results: Performance of Drug Response Prediction

* Drug response prediction performance gain by integrating TargetNet

¢ 1strow: Placeholder method

e 2nd row: Placeholder method + NetGP

¢ Traditional evaluation scheme

Mix Split

RMSE |

roc 1

sCC 1

* Unseen drugs during training

Dirug Split RMSE | PO T SO0 T

L ey 0w GUEION oo JSSSON sonn | MO IGSEON e JUSELS aren JEREILE avors
R I omn ge i womn paeioow somw | DR SESCM e JESLLE o SEEEUR
DT oI own SIS pmmionn Do miom e DRI e oumesn s
e Loaen e GURIIRT cown bwEete om0 TSI Lo GUmElI Lo guncoln sisess
T B Oy DO i DETIO Ly T JEon i Qe v (SUSOEL e
TR L0y CSAO i DEOLONE e ewsiemm T sisieie T prmiem

(b) Mix Split

(a) Drug Split
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Results: Gene importance analysis

Drug example: Doxorubicin
a Drug Target Profile Applied c Drug Target Profile Not Applied
Doxorubicin Doxorubicin
- I oirecttanzet
v I indirect targst s
g g
R - I
- -
= g
2 &
. ]
B = 2 g OH a a8 F F zF 2 e s g @ w = = &
FERSERBEIEEERENIEEEC S gggggassgags;ggggﬁggg
. Top NP Score Genes Top NP Score Genes
B KEGG pathways d KEGG pathways
Amyotrophic lateral sclerosis (ALS) T cell receptor sig nmn
ic lateral scen;selz it nﬂmqppl
Epstein-Barr virus infection H'I'J..VI %;
AGE-RAGE signaling pathway in diabetic complications Epstein-Barr virus infe
CD'“"“;‘:;;;?; €zl adhesion npﬁcmzjaignmé
P53 signaling pathway ""“""n‘.‘é’u’,’“‘:’e‘%a ﬁ.g‘ "‘EE
Protein processing in endoplasmic reticulum i
Prostate cancer Neuretrophin sign alnqea m\ul;
small cell lung cancer Primary immune lce‘ﬁ:tg
Proteaglycans in cancer MI% Ecmrtw'am
Neurctrophin s gmp ﬂma; |nleﬂ|ulnmmunew?;‘} g' “g,i
e Target-related Spningetpd ;.gnm.ng»:::::g Pathogenic “E.Ec%nmy% &Egmﬂ' = Target-related
0.0 os Lo L5 2.0 0.0 05 L0 15 20 25 30

Hoglo(Pvalue}

Jog10iP-value)

Results: Effect of Drug Target Information

Use of drug target profile boosts prediction performance, especially for
drugs with explicit target proteins known

Table 3. Explicit Target Drugs vs. Non-explicit Target Drugs. *

indicates explicit target pathway.

Category Default Framework Applied Difference
T Default 0.3154 0.4532 +43.69%
t DNA Replication 0.3794 0.3835 +1.08%
t Mitosis 0.7467 0.7542 +1.00%
f *Other, Kinase 0.3930 0.6959 +77.07T%
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Summary

* Proposed a framework for improved drug response prediction by
effectively exploiting drug target information

* Key points
® Presents a drug target profile extraction algorithm NetGP

® Drug target profile from NetGP can be integrated to any exiting drug response
prediction deep learning model

Summary of Part3
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Summary

* Graph Learning for DTI

* Current DTl studies focus only drugs and targets of interest.

* Learning heterogenous relationships between drugs, genes, and
diseases is important.

* Downstream effects of drugs will improve drug-target idenfication

and drug response prediction.

PART 4
Drug Repurposing
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Introduction °
Examples
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Deep learning approach to Antibiotic discovery
Literature-based approaches

Networks and Databases

® Networks

® ppI-
L[]

STRING, BioGRID

Biological pathways — KEGG, Reactome

® Disease networks — Diseasome, HDN, DGN

Technologies

® Network analysis

®  Network centralities

® Network clustering — K-means, Hierarchical

® Network propagation — PropaNet, MLDEG
® Network representation learning
® word2vec — DeepWalk, node2vec, DREAMwalk

®  Graph Neural Network

® Network-based drug repurposing: cases

® Comprehensive heterogeneous networks — Hetio, MSI

® Databases
®  Drug Repurposing Hub

®  RepoDB

® cm

PharmacoDB

® SNF-cVAE (Knowledge-Based Systems, 2021)
® CBPred (Cells, 2019)

® DeepDR (Bioinformatics, 2019)

® BiFusion (ISMB 2020)

® DreamWalk (in review)

Drug repositioning (or repurposing)

* Repurposing of old drugs to treat diseases is
increasingly becoming an attractive proposition.
» Advantages of repurposing drugs
* Risk of failure is lower
* Time frame can be reduced
* Less investment is needed
— Less risky and more rapid return in investment!
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Pushpakom, S., lorio, F., Eyers, P. et al. Drug repurposing: progress, challenges and recommendations. Nat Rev Drug Discov 18, 41-58 (2019)
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Biomedical
network

Input Graph
twork transformations

representation Gra

d \ﬂ\‘\
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learning ph
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Representation learning for networks in biology and medicine.

Li, Michelle M., Kexin Huang, and Marinka Zitnik. "Graph Representation Learning in Biomedicine." arXiv preprint arXiv:2104.04883 (2021) |

Artificial

Intelligence
Network
Embedding
FIGURE 5 A diagram ill g deep g-based drug rep fr: for P of host-targeting
lhenplesmﬁ;h(COVlD-mmdmnmpandemlc.\vepodwdlhauppmveddmgslhllspedﬂchum ins/targets may offer p

host-targeting therapies for COVID-19 as COVID-19 may share biology with human cells and tissues from the SARS-CoV-2 virus-host
protein-protein interactome perspective**

Pan, Xiaoqin, et al. "Deep learning for drug repurposing: Methods, databases, and applications." Wiley Interdisciplinary Reviews: Computational Molecular
Science (2022)
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Disease and Biological Networks

* Networks is a method of representing systemic biological interactions between various biological

objects.

* These networks or graphs are used to capture relationships between biological entities.

& Human Dissase Netwgrk 1.2 o802
e

Protein-Protein Interaction
Network of Heroin Use Disorder

Chen, SJ., Liao, DL., Chen, CH. et al. Construction and
Analysis of Protein-Protein Interaction Network of Heroin
Use Disorder. Sci Rep 9, 4980 (2019)

Human Disease Network

Goh, Kwang-Il, et al. "The human disease
network." Proceedings of the National Academy
of Sciences 104.21 (2007): 8685-8690.

Multi-scale Interactome Network

Ruiz, C., Zitnik, M. & Leskovec, J. Identification of disease
tment L through the multiscale
interactome. Nat Commun 12, 1796 (2021)

Baricitinib

THE LANCET

Efficacy and safety of baricitinib for the treatment of
hospitalised adults with COVID-19 (COV-BARRIER):
arandomised, double-blind, parallel-group, placebo-
controlled phase 3 trial

Vincent C Mavconi, Athimaloipet V Romanan, Stephanie de Bona, Cynthia E Kartman, Venkatesh Krishnan, Ran Liso, Maria Luce 8 Plzel,
Alexonder Mousumi

mmmmmmm«‘nmsm{uquw(wmmm-

Respiratory Medicine -

Interpretation
0=8=0
N Although there was no significant reduction in the
’><\ q y of disease progression overall,
N= N-N with baricitinib in addition to standard of care
Xy ) (including dexamethasone) had a similar safety profile
NSy to that of standard of care alone, and was associated
ILN/ N with reduced lity in h ised adults with
H COVID-19.
Baricitinib

- Originally used for
rheumatoid arthritis
(RA).

- Inhibitor of Janus
Kinase (JAK).

frontiers
in Pharmacoclogy

Expert-Augmented Computational
Drug Repurposing Identified Baricitinib
as a Treatment for COVID-19

Dariel P. Smith', Ofty Oechsle', Michael J. Rawling ', Ed Savory', Alix M.B. Lacoste™ and
Pater John Richardson ™

"Benevolertil, Longion, Liniad Kingoom, “Benovolentil, Brookhn, WY, Lintod States

The workflow comprised rapid augmentation
of knowledge graph information from recent literature using
machine learning (ML) based extraction, with human-guided
iterative queries of the graph. Using this workflow, we identified
the rheumatoid arthritis drug baricitinib as both an antiviral and
anti-inflammatory therapy. The effectiveness of baricitinib was
substantiated by the recent publication of the data from the
ACTT-2 randomised Phase 3 trial, followed by emergency
approval for use by the FDA, and a report from the CoV-
BARRIER trial confirming significant reductions in mortality
with baricitinib compared to standard of care

) MAPK sgraing
g @) cut wepemon
—’ /
L
nyme knowledge discovery e~
4 5 & data mining oo /
(1) Iy S——— ‘omecsess ) W —
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DrugCell

» DrugCell is an interpretable deep learning model that simulates the response of human cancer

cells to therapy.

« DrugCell predictions might generalize to patient tumors and can be used to design synergistic

drug combinations that significantly improve treatment outcomes.

Article

Cancer Cell
Predicting Drug Response and Synergy Using a Deep

interpretable

Learning Model of Human Cancer Cells hierarchical
Graphical Abstract Authors system
Brent M. Kuenzi, Jisoo Park,
@ r Samson . Fang. ..,

+
Response of cell to drug

000000

v

Kuenzi, Brent M., et al. "Predicting drug response and synergy using a deep learning model of human cancer cells." Cancer cell 38.5 (2020): 672-684.

Antibiotic discovery

Article

Cell

A Deep Learning Approach to Antibiotic Discovery

Stokes, Jonathan M., et al. "A deep learning approach to antibiotic discovery." Cell 180.4 (2020): 688-702.

A ma
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Figure 5. Halicin Displays Eficacy in Murine Models of Infection
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Dsicovery of structurally divergent antibiotics

 Here, we demonstrate how the combination of /n s//ico predictions
and empirical investigations can lead to the discovery of new
antibiotics.

* First, we trained a deep neural network model to predict growth
inhibition of Escherichia coli using a collection of 2,335
molecules.

» Second, we applied the resulting model to several discrete
chemical libraries, comprising >107 million molecules, to identify
potential lead compounds with activity against &. col.

« After ranking the compounds according to the model’s predicted
score, we lastly selected a list of candidates based on a pre—
specified prediction score threshold, chemical structure, and
availability.

 Through this approach, from the Drug Repurposing Hub, we
identified the c—Jun N—terminal kinase inhibitor SU3327 (De et al.,

Literature-based approaches

Biomedical text mining is b ing increasingly imp as the
number of blomedical documents rapidly grows. With the progress in
natural language processing (NLP), extracting valuable information
from biomedical literature has gained popularity among researchers,
and deep learning has boosted the development of effective
biomedical text mining models. However, directly applying the
advancements in NLP to biomedical text mining often yields

g w"‘f'm'“‘m*n"“"m Rt unsatisfactory results due to a word distribution shift from general
Advance Accss Peblication Dute: 10 Saptesber 2019 d in corpora to bi dical corpora. In this article, we investigate
Original Paper how the recently i juced pre-trained | model BERT can

be adapted for biomedical corpora. We introduce BioBERT
(Bidirectional Encoder Representations from Transformers for
Biomedical Text Mining), which is a domain-specific language
representation model pre-trained on large-scale biomedical corpora.

Data and text mining
BioBERT: a pre-trained biomedical language

reprosantation modal for biomedical text mining With almost the same architecture across tasks, BioBERT largely
Jinhyuk Lee © u_ Wonjin Yoon © u_ Sungdong Kim @ 2' Donghy Kimo', outperforms BERT and previous state-of-the-art models in a variety
Sllnkyu Kim & ‘, Chan Ho So & 3 and Jaewoo K.n,' (-] 13 of biomedical text mining tasks when pre-trained on biomedical
"Department of Computer Science and Engineering, Korea University, Seaul 02841, Kores, *Clova Al Research, Naver Corp, Seong- corpora. While BERT obtains performance comparable to that of
Mam 13561, Korea and Ynterdisciplinary Graduate Program in Bicinformatics, Korea Unéversity, Seoul 02841, Korea previous state-of-the-art models, BioBERT significantly outperforms

them on the following three i dical text mining
tasks: biomedical named entity recognition (0.62% F1 score
p ) dical relation extraction (2.80% F1 score

imp ) and bi ical ion answering (12.24% MRR
improvement). Qur analysis results show that pre-training BERT on
biemedical corpora helps it to understand complex biomedical texts.
We make the pre-trained weights of BioBERT freely available at this
https URL, and the source code for fine-tuning BioBERT available at
this https URL.

Lee, Jinhyuk, et al. "BioBERT: a pre-trained biomedical language representation model for biomedical text mining." Bioinformatics 36.4 (2020): 1234-1240.
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Literature-based approaches

Bt 40 T, 8- . Table 1. List of text corpora used for BioBERT
et M1 IVt borrnat « b
bvares Azcen Fubicates Date 10 Septerter 2T
gral s Corpus Number of words Domain
Osta and text mining English Wikipedia 2.5B General
BioBERT: a pre-trained biomedical language BooksCorpus 0.8B General
representation for biomedical text mining PubMed Abstracts 4.5B Biomedical
1 T R onadong K B\ oratryean Kim & PMC Full-text articles 13.5B Biomedical

Sunkyu Kim @ ", Chan Ho So & ? and Jaewoo Kang & "**
"Departmnt ol Computer Science and Ergnevsing, Kores Univecsty, Seoul 0341, Kerea, "Clove Al Fessarch, Maver Corp, Seceg-
Narm 12861, Korea and Seow [N, Kores

Pre-training of BioBERT Fine-tuning of BioBERT

Pre-training Corpora BioBERT Pre-training Task-Specific Datasets BioBERT Fine-tuning
o N\
Pub‘ﬂed 4.5B words (RN Tl | Named Entity Recognition the adult renal failure cause ..
L NCBI disease, BC2GM, ... poo1E 1 Sof.

Weight Initialization

™ ) -

===

EU-ADR, ChemPrat, ... » True

G )
PMC 1358 words 'Q”“ /\‘""g o) T T
e e . . . Variantsin the @GENES region
i Wi & /\ [Relatlon Extraction ] Emhimem@omﬂ&mﬁbimvj

What does mTOR stands for?

» mammalian target of rapamycin

Pre-trained BioBERT with
biomedical domain corporaj

p

BioASQ 5b, BioASQ 6b, ...

Question Answering ]

Lee, Jinhyuk, et al. "BioBERT: a pre-trained biomedical language representation model for biomedical text mining." Bioinformatics 36.4 (2020): 1234-1240.

Literature-based approaches

PubMedBERT

Domain-Specific Language Model Pretraining for Biomedical
Natural Language Processing

YU GU', ROBERT TINN', HAO CHENG", MICHAEL LUCAS, NAOTO USUYAMA, XIAODONG

LIU, TRISTAN NAUMANMN, JIANFENG GAO, and HOIFUNG POON, Microsoft Research Model PubMed Cnrpus #Words
BioBERT abstracts 4.5 billion

H PubMedBERT  abstracts + full-text 16.8 billion
B 10 M eg at ron BioMegatron  abstracts + full-text-CC 6.1 billion

BioMegatron: Larger Biomedical Domain Langunage Model

Hoo-Chang Shin, Yang Zhang, Evelina Bakhturina,
Raul Puri, Mostofa Patwary, Mohammad Shoeybi, Raghav Mani
NVIDIA / Santa Clara, California, USA
hshin@nvidia.com

Lee, Jinhyuk, et al. "BioBERT: a pre-trained biomedical language representation model for biomedical text mining." Bioinformatics 36.4 (2020): 1234-1240.

Gu, Yu, et al. "Domain-specific language model pretraining for biomedical natural language processing."ACM Transactions on Computing for Healthcare (HEALTH) 3.1 (2021): 1-

23.
Shin, Hoo-Chang, et al. "BioMe on: Larger bic lical domain language model." arXiv preprint arXiv:2010.06060 (2020).
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Networks

Commonly used biological networks and disease networks

Protein-protein interaction network (PPI) — STRING, BioGRID
Biological pathways network — KEGG, Reactome

Disease networks — Diseasome, HDN, DGN

Comprehensive heterogeneous network — HetioNet, MSI

Browse COLS5A1 protein in STRING

PPI Network - STRING %¢STRING

STRING
» Search Tool for the Retrieval of Interacting Genes/Proteins
» Integrates all publicly available sources of protein-protein
interaction information.

* Automated text mining

* Interaction experiments

*  Computational interaction predictions from co-expression i i P
» Statistics of latest version of STRING =

Category

Organisms 14,094
Proteins 67,592,464
Interactions 20,052,394,041

Szklarczyk, Damian et al. “The STRING database in 2021: customizable protein-protein networks, and functional
characterization of user-uploaded gene/measurement sets.” Nucleic acids research vol. 49,D1 (2021)
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P PI N etwo rk - B i oG RI D B IOG RID 4.4 Browse HMGCR protein in BioGRID

HMGCR
noes
trydrony-3-metiighstanyt-CoA reductase
BioGRID
+ Biological General Repository for Interaction s T S T T O bt
Data.sets ) ) i . & Download Curated Data for this Proteln 9—:":"’1‘“—‘
. Archlve§ genetic ar_1d protein interaction data B
from various organisms. e me
© Chomical Interactes

Protein/Genetic inter 2,551,504

aCtlonS CHRNAY e saphens NAG D, HEAREIM2 rcirerpc wcacror ot 80he B rercral ‘l
. . . cLUAPY " AP, CAPZ2 chvmtorn amosiated prten 1 1
Chemical interactions 29,417 S -
CANX e saphens. P30, CNK P30 po—" ‘:_

Post translational mo 1,128,339 "
oo oen EEED | orwsom cor s i e ]
difications 1
SYWNT . saplens RO, DERS ByTOval BOOpATan FNDAE T SyovioRn -

STARD12 [Py :(‘2 GTE50, ARHGAPIT, UNCOOM. RP11-819F ::::)wr-«smw ~|.

FAM109A2 W saphens X123, Coore1, AP11-54803.1 farmdy W sacuuance siarty 199, member A ‘:.

LRRTMI W sapions UnoeraINO1 0 toucine rch rpest sl 1 1

Oughtred, Rose et al. “The BioGRID database: A comprehensive biomedical resource of curated protein, genetic,
and chemical interactions.” Protein science : a publication of the Protein Society vol. 30,1 (2021)

Biological Pathways Network - KEGG @

KEGG

» Kyoto Encyclopedia of Genes and Genomes

» A curated collection of biological information compiled
from published material.

Statistics of KEGG

KEGG Database as of 2022/11/15

! .
. . . . KEGG PATHWAY  Pathway maps, reference (total) 560 (981,813)
* Includes information on genes, proteins, metabolic KEGGBRITE  Functional hierarchies, reference (total) 189 (331,224)
pathways, molecular interactions, and biochemical KEGGHODULE  earion madues 2
reactions associated with specific organisms. YEGG GRTHOLOGY KEGG Orthology (KO} groups: 25,499
* Provides a relationship for how these components are G S e ranes © rosniams p-+r i+
. . . Viral mature peptides 312
organized in a cellular structure or reaction pathway. Addendum protein 4125
. . KEGG GENOME KEGG organisms 8,528
p53 signaling pathway from KEGG (817 eukaryotes, 7310 bacteria, 401 archaea)
KEGG selected viruses (T4 category) 359
KEGG viruses (Vtax category) 11,485
Chemical information
KEGG COMPOUND Metabolites and other chemical substances 19,017
KEGG GLYCAN Glycans 11,114
KEGG REACTION Biochemical reactions 11,858
Reaction class 3,192
KEGG ENZYME Enzyme nomenclature 8,012
e
KEGG NETWORK  Disease-related network elements 1,310
Network variation maps 146
KEGG VARIANT Human gene variants 802
KEGG DISEASE Human diseases 2,603
KEGG DRUG Drugs 12,004
Drug groups 2,410
Drug labels
KEGG MEDICUS  Japanese prescription drug labels from JAPIC 14,138
Japanese OTC drug labels from JARIC 10,638
KEGG MEDICUS FDA prescription drug labels linked to DailyMed 34,227

\
o) (e ) s o) v i
Kanehisa, Minoru et al. “/KEGG for taxonomy-based analysis of pathways and genomes.” Nucleic acids research, gkac963. 27 Oct. 2022
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Biological Pathways Network - Reactome fffreactome

Browse Signal Transduction pathway in Reactome

Reactome r—

* Open source pathway database

» Curated human pathways encompassing
metabolism, signaling, and other biological
processes.

» Every pathway is traceable to primary literature. ‘—-—-

» Cross-reference to many other bioinformatics
databases.

* Provides data analysis and visualization tools.

Statistics of Reactome

SPECIES PROTEINS  COMPLEXES REACTIONS  PATHWAYS

5. pombe 1690 1805 1486 819

5. cerevisiae 1913 1827 1566 812

D. rerio 8633 B452 7383 1676

X. tropicalis 7046 7321 6159 1580

G. gallus 7296 7931 6859 1706

s. serofa 8407 8825 7548 1660 4 o
B. taurus 841 9182 8048 1696 o -_-

€ familiaris 8162 8725 7455 1657 [ —_——

R norvegicus 8508 9505 356 1702 ol I —

M, musculus 9537 10620 9456 1715 sl ———

*H. sapiens 11097 14084 14398 2601 " -_._

D. melanogaster 4755 5402 4596 1477 —— [
€ elegans 4468 403 1700 1304 | n =' —_—
D. discoideum 2681 2502 213 382 - ===
P, falciparum 1051 1007 861 599 ,' oo wm Wm0 0w

Gillespie, Marc et al. “The reactome pathway knowledgebase 2022.” Nucleic acids research vol. 50,D1
(2022)

Disease Networks — Diseasome, HDN and DGN

- ©6N :

,= ?

E

- oo B
Diseasome g’:
+ Asmall subset of OMIM-based disease gene et

association. =

HDN: Human Disease Network o
» Projection of the diseasome bipartite graph. i

» Two diseases are connected if there is a gene that is
implicated in both.

DGN: Disease Gene Network

« Two genes are connected if they are involved in the

. Goh, Kwang-Il, et al. "The human disease network." Proceedings of the National Academy of Sciences 104.21 (2007): 8685-
same disease. 8690.
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Comprehensive Heterogeneous Networks - HetioNet &

HetionNet Web Interface

HetioNet W:Q-ITI-FF

* An integrative network encoding knowledge from
millions of biomedical studies.

» Data were integrated from 29 public resources to

connect meta-nodes. EXPLORE Q,
* Meta nodes (11 types): anatomy, biological
process, cellular component, compound, disease, Connectivity Search
gene, molecular function, pathway, B L e s
pharmacologic class, side effect, symptom B e .
* Meta edges (24 types) Polycystic B T u e e @.
Ovary syndrome visualizations with highlighted paths. and more.
Go to the connectivity searc Q
Meod] Browser

Moo is a third-party graph database that supports the Cypher
language for querying and visualizing hetnets. Users can make
advanced queries on Hetionet Fight away — without
devwnloading arything — by using the public Neodj browser app
hosted here. The connectivity search abowe uses Neod] for
soure of its real-time comput ations and queries. Neodj also
provides an APL which makes it possible for developers to
create thelr own services/apps that query Hetlonet.

o) the Neod] browser

Himmelstein, Daniel Scott et al. “Systematic integration of biomedical knowledge prioritizes drugs for repurposing.” eLife vol. 6 e26726. 22 Sep. 2017

Comprehensive Heterogeneous Networks - MSI

s mm\ () rysicet Trestment Functonsl Treatment © Type 1

* Multiscale Interactome network

+ An integrative network of disease, proteins,
biological functions and drugs.

» Data were retrieved from 19 public databases.

» Random walk-based method can be applied to
capture the effects of drugs through a hierarchy
of biological functions and protein-protein

interactions.

Ruiz, C., Zitnik, M. & Leskovec, J. Identification of disease treatment mechanisms through the multiscale interactome. Nat Commun 12, 1796 (2021
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Databases

Commonly used databases for Drug repositioning

Drug Repurposing Hub
repoDB

CTD

PharmacoDB

Database Overview (graph view)

Discase | OpenTargets m PharmacoDB | |8 Chemical
G 2
e [ S ’—./ ; Wiide
B Drug-target interactions
vy P =1 .
e -
Discase

]
\ =
| Drugbank |

‘ £
e ‘\Wﬁ
DrugBank - </
- -

Figure 1. Drug repositioning databases categorized into more than one subcategory. Some subcategories are shown more than once in order to facilitate the
interpretation of database relationships.

= oy
SuperTarget

e .

! GtopDB
DTP

Tanoli, Ziaurrehman, et al. "Exploration of databases and methods supporting drug repurposing: a comprehensive survey." Briefings in bioinformatics 22.2 (2021): 1656-
1678.
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Database Overview (table view)

TABLE ] The witely mued datsbuses in dieg repusposing TABLE 1 (Contissed)
L e o Iret AT Datahase Describe. UL Beforences AP
ittt » .

i) KEGG ena n
oo n NA mezicos,
lina collaction this broudly capesres the peacic drersey  angiccle functional information.
P e e LINCS It contains details about the dnag sy, cell types, and Mg linesprojectong) 46
cancet drug reponnes. ol oo LI oo
= MA P
s expiorasion of cances cof b pharsscogemormic dues  cllmiseroh!
setoms i epen wmaties. oMIM v 4
ML " .
g ke propertien. 1 g ogriher cherscal. e “The full-tex,
sty arel rinsms data s i the ramdathes of o o bdormah oy ™
pwn dnformtion 118 £ttt s
Chemit " MA
ChemD sl prodicts 10 weecterss of sckvcudes. S By p— Y AT P
PashBank aa NA
ChemicaiChacker It provies procecsed, harmonined, nd insegrased g fshemialchecker ongl 8 .
bty dats protecemcs,
et Catr Geomms atespretes (COF) mepperts the it - NA metabolomica, and systems biology.
sompher it e, -
i tag ihose hat muay be erapeuricaly acionable oy 5
fad A DA, RMA, small molecules, and compleses.
= [n s g ———————— FOSP K I ofk, 0
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Pan, Xiaoqin, et al. "Deep learning for drug repurposing: Methods, databases, and applications." Wiley Interdisciplinary Reviews: Computational Molecular
Science (2022)

Databases: Drug Repurposing Hub

04t KCRURERERN = BROAD
1 __FUub |
Drug Repurposing Hub

« A curated and annotated collection of FDA- Browse Sildenafil in Drug Repurposing Hub Web app

approved drugs, clinical trial drugs, and pre- sildenafi B
clinical tool compounds with a companion
information resource. | A iy | chemD
» Hand-curated collection of compounds were ) Cllical phase Expected mass: —
experimentally confirmed and annotated with 5 e P SRR e
literature-reported targets. S o“;:‘“‘:‘; PR
« Each drug information includes compound ' T oaasenas
name, clinical phase, mechanism of action, and| ., ... e (G000
protein target. for compound Orange Book

Targets (5)
POESA® & sieose |} Ingredients: SILDENAFIL CITRATE
Statistics of Drug Repurposing Hub = e

Source: DrugBank ®, IUPHAR

. D0
Category Count pra—— o —
Mar 27,1958 020895 PFIZER INC
Total samples 16,826 endibingd
Protein targets 2,183 otae Ewon e —_— pesce
Apr 22,2020 6469012°PED
Unique compounds 7,934 N T J

Drug indications 670

Corsello, Steven M et al. “The Drug Repurposing Hub: a next-generation drug library and information resource.” Nature medicine vol. 23,4 (2017)
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Databases: repoDB T€PODB % &8

Drug Repositioning Database

repoDB a
» Astandard set of drug repositioning successes mac&anﬁaﬂ DrugCentral
and failures that can be used to fairly and (o Coscasmiol. o0 SRR
reproducibly benchmark computational TS dioeion WS ndeion
repositioning methods. MeSH Infervention ID""B’*W"’
» Data were extracted from DrugCentral and !
. . Drug and Disease Approved Indications for
ClinicalTrials.gov. Annotated Trials FDA-approved drugs
+ Each drug information includes compound L T T
name, clinical phase and disease name. Rm;";':‘;.lv":':%z !
Statistics of repoDB e e
8000 : e Apnormaty repoDB
B Disease o¢ Synceome
e B ey
- e e Category (status)
- 2 rwomn Approved 2,162
20 Suspended 78
. Terminated 518
Withdrawn 336

Trial Stabss.

Brown, A., Patel, C. A standard database for drug repositioning. Sci Data 4, 170029 (2017)

Curated Exposure Statements 204,467

Databases: CTD CaCtd

¥

Unique Chemicals 1,500
Unique Genes 1,084
CcTD Unique Diseases 488
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* Provides manually curated information about peielExponplisiemmneas M 00
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mechanistic pathways_ 10 | UK 92480 10 | ukszm wl UK-92,480-10 | Viagra
Definition * 4 + VASODILATOR AGENT and UROLOGICAL AGENT that is used in the
Wwﬂ!ﬂt of ERECTILE D'I’SF\.INC"DH and er PULMONARY HYPERTENSION.
Genes © P:: (————
CTD Tetramer tool e [ ———
BAX
A, chamical-gens Interaction H I —
PREGE |
chamical- i n \::: | —

El
i
H

MaSH®ID *| DOODOGSET7
Extemnal LInks puthem +

DOCO06EETT
gono-disaase association H
Ancestors * Top 1
gene-phenolype/GO annotation B_n 1. Chemicals +— Organic Chericals H ¥ € © — Amides H T € & - Sulfonamides i T € & «— Sildenafil Citrate H T €

2 Chemicals + Organic Chemicals H T € ® - Sulfur Compounds H T € & « Sulfones H T € & « Sulfonamides # T € % -
Siidenafil Citrate HT €

........................................... 3 Chamicals — = HTC® [ 1-Ring H T € % «— Piperagines H T € — Sidenari
i i Citrate H ¥ €

: CTD Tetramer n-m H 4. Chemicals - Fused-Ring H T € & - Heterocyclic Compounds, 2-
------------------------------------------- ! Ring H ¥ € & — Purines 1 ¥ € & - Eienaft et 53 &

Davis, Allan Peter et al. “Comparative Toxicogenomics Database (CTD): update 2023.” Nucleic acids research, gkac833. 28 Sep. 2022
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Databases: PharmacoDB

PharmacoDB

* A web-application database that integrates
multiple cancer pharmacogenomics datasets
profiling approved and investigational drugs
across cell lines from diverse tissue types.

» Offers a standardized cell line, drug identifiers
and data format for drug sensitivity
measurements.

* Included cell line data from..

* CCLE, CTRPv2, FIMM, GDSC1, GDSC2,
GRAY, NCI60, PRISM, UHNBreast, gCSI

Statistics of PharmacoDB

e £

10
datasets tissues

&

1758
cell lines

6,314,313 &1.21

experiments

Feizi, Nikta et al. “PharmacoDB 2.0: improving scalability and transparency of in vitro pharmacogenomics analysis.” Nucleic acids research vol. 50,D1 (2022)
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Technology

Network analysis technologies
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Network analysis technologies

Analytical algorithms describing human gene networks have
been developed for three major tasks in disease research:

1. Disease gene prioritization,
2. Disease module discovery, and
3. Stratification of complex diseases.

Network-based Drug Repurposing Technologies

SNF-cVAE (Knowledge-Based Systems, 2021)
CBPred (Cells, 2019)

DeepDR (Bioinformatics, 2019)

BiFusion (ISMB 2020)

Semantic Teleport (in revision)
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The Main Issue for

Network-based Drug Repurposing

Discover drug-disease relationship using

- Drug network
- Gene network
- Disease network

Hetionet database:

* drug-drug network: 1552 nodes, 6,486 edges
» disease-disease network: 137 nodes, 543 edges

* gene-gene network: 20,945 nodes, ~200,000 edges

» drug-gene edges: ~50,000
» diseass-gene edges: ~30,000

Major Issues for Drug Repurposing

* There are multiple ways to learn embedding vectors for drug
* Drug-centered embeddings from Drug-drug, Drug-target, Drug-

disease.

* Then, how to combine different views on drugs?

* Three-way relationship among drug-gene-disease cannot be learned at

once.

* In the end, we need to deduce drug-disease binary relationship.
* Basically, binary relationships are somehow combined on different

layers, hierarchically.
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Network-based Drug Repurposing Technologies

SNF-cVAE (Knowledge-Based Systems, 2021)
CBPred (Cells, 2019)

DeepDR (Bioinformatics, 2019)

BiFusion (ISMB 2020)

Semantic Teleport (BioRxiv. In review)

Network-based Drug Repurposing: Cases

Knowledge-Based Systems 212 (2021) 106585

Contents lists available at ScienceDirect Kngwierge-Baser.
SVSTEM:

Knowledge-Based Systems

ELSEVIER journal homepage: www.elsevier.com/locate/knosys

SNF-CVAE: Computational method to predict drug-disease M |
interactions using similarity network fusion and collective variational @&
autoencoder

Tamer N. Jarada?, Jon G. Rokne ?, Reda Alhajj <"

2 Department of Computer Science, University of Calgary, Calgary, Alberta, Canada
" Department of Computer Engineering. Istanbul Medipol University. Istanbul, Turkey
© Department of Health [nformatics, University of Southern Denmark, Odense, Denmark

Jarada, Tamer N., Jon G. Rokne, and Reda Alhajj. "SNF-CVAE: computational method to predict drug—disease interactions using
similarity network fusion and collective variational autoencoder." Knowledge-Based Systems 212 (2021): 106585.
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Network-based Drug Repurposing: Cases

SNF-CVAE
* Input:
e Drug-related similarity information
* Drug-disease interactions
* Method:
» Similarity network fusion (SNF)
* Drug similarity network using drug-related data sets and drug-disease interaction dataset.
» Collective variational autoencoder (CVAE)
» Training cVAE with drug similarity (from above) and drug-disease interaction.
» Predicted drug candidates for potentially treating Alzheimer’s disease and Juvenile rheumatoid arthritis.

Jarada, Tamer N., Jon G. Rokne, and Reda Alhajj. "SNF-CVAE: computational method to predict drug—disease interactions using
similarity network fusion and collective variational autoencoder.” Knowledge-Based Systems 212 (2021): 106585.

Network-based Drug Repurposing: Cases

SNF-CVAE

Jarada, Tamer N., Jon G. Rokne, and Reda Alhajj. "SNF-CVAE: computational method to predict drug—disease interactions using
similarity network fusion and collective variational autoencoder." Knowledge-Based Systems 212 (2021): 106585.
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Network-based Drug Repurposing: Cases

. cells mbPI)

Article

Convolutional Neural Network and Bidirectional
Long Short-Term Memory-Based Method for
Predicting Drug-Disease Associations

Ping Xuan !, Yilin Ye »*, Tiangang Zhang **, Lianfeng Zhao ! and Chang Sun !

1 School of Computer Science and Technology, Heilongjiang University, Harbin 150080, China
2 School of Mathematical Science, Heilongjiang University, Harbin 150080, China
*  Correspondence: YeYilinCN@outlook.com (Y.Y.); tiangang_zhang01@126.com (T.2.);

Tel.: +86-132-4840-5705 (Y.Y.); +86-188-4503-0636 (T.Z.)

Xuan, Ping, et al. "Convolutional neural network and bidirectional long short-term memory-based method for predicting drug—disease associations." Cells 8.7 (2019): 705.

Network-based Drug Repurposing: Cases

CBPred
* Input:
* Drug similarity matrix (fingerprint-based)
» Disease similarity matrix (MeSH-based)
+ Goal:
» Enrich paths between drugs and diseases

* Method:
* Convolutional Neural Network (CNN)
» Learn the association representation of drug-disease pairs from their similarities and
associations.
» Bidirectional LSTM (BiLSTM)
* Learns path representation of drug-disease pair.
* Provided a list of novel drug-disease associations for drug repositioning

Xuan, Ping, et al. "Convolutional neural network and bidirectional long short-term memory-based method for predicting drug—disease associations." Cells 8.7 (2019): 705.
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Network-based Drug Repurposing: Cases

CBPred

Fpory ry w5 dy dy dy d;

R and D are easily constructed

R A by comparing rows and colums as vectors.
A'is from prior knowledge.
; Transposeof A |
4 I
|
A ‘ D
dy
dy

Figure 1. Construction of drug-disease heterogeneous network DrDisNet. R and D are the similarity
matrix of drugs and diseases, respectively. A is the association matrix between drugs and diseases,
while AT is the transpose of A.

Xuan, Ping, et al. "Convolutional neural network and bidirectional long short-term memory-based method for predicting drug—disease associations." Cells 8.7 (2019): 705.

Network-based Drug Repurposing: Cases

CBPred

Concatenating AandR 4 4 4 4 4

e embedding

BiLSTM

8-

e

Figure 2. C ion of the based on the ional newral network and bidi
long short-term memory for learning the original and path representations.

Xuan, Ping, et al. "Convolutional neural network and bidirectional long short-term memory-based method for predicting drug—disease associations." Cells 8.7 (2019): 705.
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Network-based Drug Repurposing: DeepDR

Bioinformatics

JOURNAL ARTICLE
deepDR: a network-based deep learning approach
to in silico drug repositioning @
Xiangxiang Zeng, Siyi Zhu, Xiangrong Liu, Yadi Zhou, Ruth Nussinov, Feixiong Cheng &
Author Notes
Bioinformatics, Volume 35, Issue 24, 15 December 2019, Pages 5191-5198,

https://doi.org/10.1093/bioinformatics/btz418
Published: 22 May 2019 Article history v

Zeng, Xiangxiang, et al. "deepDR: a network-based deep learning approach to in silico drug repositioning." Bioinformatics 35.24 (2019): 5191-5198.

Network-based Drug Repurposing: DeepDR

* Input: Integrated network of 10 different networks:
* one drug-disease,
* one drug-side-effect,
* one drug-target and
* seven drug-drug networks

* Method: A three-step approach for drug repurposing
1. Random walk-based representation of 10 networks
1. Probabilistic co-occurrence matrix construction by random walks
2. Shifted pointwise mutual information (PPMI) - factorization of co-occurrence matrix for
network representation.
2. Multi-modal deep autoencoder (MDA) based network fusion of 10 network representations
3. Collective VAE for new drug-disease association prediction: uses
1. Extracted features from MDA (side (auxiliary?) information)
2. Known drug-disease associations

» The predicted drug-disease associations were validated by the ClinicalTrials.gov database

Zeng, Xiangxiang, et al. "deepDR: a network-based deep learning approach to in silico drug repositioning." Bioinformatics 35.24 (2019): 5191-5198.
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Network-based Drug Repurposing: DeepDR

(@) Random walk based network representation

8_Q g oo PCO Matrix PPMI Matrtx
Q; ® W L P
® ® .',.. ® Seema
Lo — p—
[ B ]
and seven types of drug-drug similarites

(b) Muiti-modal deep autoencoder based network fusion

Zeng, Xiangxiang, et al. "deepDR: a network-based deep learning approach to in silico drug repositioning." Bioinformatics 35.24 (2019): 5191-5198.

Network-based Drug Repurposing: BiFusion

Bioinformatics

JOURNAL ARTICLE

Toward heterogeneous information fusion:
bipartite graph convolutional networks for in silico
drug repurposing 3

Zichen Wang, Mu Zhou &, Corey Arnold ™ Author Notes

Bioinformatics, Volume 36, Issue Supplement_1, July 2020, Pages i525-i533,

https://doi.org/10.1093/bioinformatics/btaa437
Published: 13 July 2020

Wang, Zichen, Mu Zhou, and Corey Arnold. "Toward heterogeneous information fusion: bipartite graph convolutional networks for in silico drug repurposing.” Bioinformatics 36.Supplement_1 (2020): i525-i533.
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Network-based Drug Repurposing: BiFusion

BiFusion (Wang et al., ISMB 2020)
* Input:

* Drug-protein-disease heterogeneous network
* Method: 3-step deep learning framework
* Abipartite GCN encoder for drug-disease pair embedding

Bipartite graph attention to protein (gene or protein centric)
» disease—>protein

e drug > protein

Bipartite graph attention from protein (gene or protein centric)
e protein > disease
* protein - drug

Wang, Zichen, Mu Zhou, and Corey Arnold. "Toward heterogeneous information fusion: bipartite graph convolutional networks for in silico drug repurposing.” Bioinformatics 36.Supplement_1 (2020): i525-i533.

Network-based Drug Repurposing: BiFusion
BiFusion (Wang et al., ISMB 2020)

Heterogeneous network of BiFusion

Wang, Zichen, Mu Zhou, and Corey Arnold. "Toward heterogeneous information fusion: bipartite graph convolutional networks for in silico drug repurposing." Bioinformatics 36.Supplement_1 (2020): i525-i533.
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Network-based Drug Repurposing: DREAMwalk

DREAMwalk (Bang et al., in revision)
bioRyiv

THE PREPRINT SERVER FOR BIOLOGY

Multi-layer guilt-by-association-based drug
repurposing by integrating clinical knowledge on
biological heterogeneous networks

Dongmin Bang'?, Sangsoo Lim*, Sangseon Lee’, and Sun Kim'*%"

'Interdiciplinary Program in Bioinformatics, Seoul National University, Seoul, Republic of Korea
*AIGENDRUG Co., Ltd., Seoul, Republic of Korea

*Bioinformatics Institute, Seoul Mational University, Seoul, Republic of Korea

*Institute of Computer Technology, Seoul National University, Seoul, Republic of Korea

‘Department of Computer Science and Engineering, Seoul National University, Seoul, Republic of Korea
®Interdiciplinary Program in Artificial Intelligence, Seoul National University, Seoul, Republic of Korea
“For whom the correspondence should be: sunkim.bivinfo@snu.ac.kr

Network-based Drug Repurposing: DREAMwalk

DREAMwalk (Bang et al., in preparation)

e Input:
» Drug-gene-disease heterogeneous network
* Method:

» Semantic multi-layer Guilt-by-association
* Implemented by random walk with clinical knowledge-guided teleport
» Teleport is performed to semantically similar neighbor drug/diseases

Guilt-by-Association for Multi-layer Guilt-by-Association for
Protein function inference Drug-Disease association inference

o i W
p st
A
Drug space Disease space

Gene space
(Large & dense)
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Network-based Drug Repurposing: DREAMwalk

DREAMwalk (Bang et al., in preparation)
* Method overview

a MNode sequence generation through teleport-guided random walk

Biological Network Action 1. Network traversing Generated node sequences

Node sequence, .*.'—‘.".“‘"’""
Node sequerce. @@~ @~ @@~ @-@

PPl network

au Target proteins
—) P
Action 2. Teleport operation Node sequence... (@+@D+0D-@ @ ‘.-».
tau) o, 8 a4 Y
- Noceseaene, @) @-~@~@~0~0+@
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Generated node sequences Embedding vector space Subtracted vector of Multi-layer perceptron

Drug and disease embeddings for prediction

Network-based Drug Repurposing: DREAMwalk

DREAMwalk (Bang et al., in preparation)
* Results:
» State-of-the-art drug-disease association prediction
» Harmonious embedding space of both clinical and biological contexts
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Network-based Drug Repurposing: DREAMwalk

DREAMwalk (Bang et al., in preparation)
* Results:
» Drug repurposing for breast carcinoma and Alzheimer’s disease: well supported by literatures

Breast Carcinoma

Rank  Drug Original Indication Avg. prob. 5D Evidences
1 Hydroxyurea  CML, cancer of head and neck, sickle cell anemia 0.9868 0028 59
2 Irinotecan Colorectal cancer, SCLC, NSCLC 0.9854 0021 62
3 Carmustine Brain tumors, multiple mycloma, Hodgkin discase, NHL  (L.9851 0.026 0.6
4 Clofarabine  ALL 0.9817 0022 0560
7 Etoposide Germ cell tumors, Kaposi sarcoma, SCLC 0.9777 0038 oL
9 Vinblastine Hodgkin discase, Lymphoma, NHL 0.9722 0037 oL
10 Erlotinib NSCLC, Pancreatic cancer 0.9711 0.069 66
Alzheimer’s di
Rank  Drug Original Indication Avg. prob. 8D Evidences
1 Melatonin Blind vision, sleep disorders 0.9953 0006
3 Amantadine  Extrapyramidal disorders, Parkinson’s discase 0.9926 0016 T
4 Piribedil Dizziness, Parkinson’s disease 0.9887 0018 M6
7 Pramipexole  Parkinson’s discase, restless legs syndrome 0.9822 0027 T
9 Phenibut Anxiety 0.9809 0042 B0
10 Fluoxetine Bipolar disorder, Depressive disorder 0.9799 0036 28

Summary of Drug Repurposing

* There are multiple ways to learn embedding vectors for drug
e Drug-centered embeddings from Drug-drug, Drug-target, Drug-disease.
e Then, how to combine different views on drugs?
¢ deepDR: Multi-modal deep autoencoder
e SNF-cVAE: similarity network fusion
* DreamWalk: semantic random walks

* Three-way relationship among drug-gene-disease cannot be learned at once.

* Inthe end, we need to deduce drug-disease binary relationship.
* Basically, binary relationships are somehow combined on different layers, hierarchically.
e deepDR: Multi-modal deep autoencoder; then cVAE for drug-disease
* SNF-cVAE: similarity network fusion; then cVAE for drug-disease
e BiFusion: protein-centric bipartite graph attention twice; then MLP for drug-disease

e Zhang, Zhao et. al: row pairing from drug-drug, drug-disease, disease-drug matrices; path
generation by aligning paired vectors; then CNN + LSTM for drug-disease

¢ DreamWalk: semantic random walks; then drug-disease embedding in the same space;
then similarity between drug vector and disease vector for drug-disease
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