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Curriculum Vitae

Speaker Name: Giltae Song, Ph.D.

» Personal Info

Name Giltae Song
Title Associate Professor
Affiliation Pusan National University

» Contact Information
Address 2 Busandaehak-ro 63 beon-gil, Geumjeong-gu

Email gsong@pusan.ac.kr

Research Interest

Machine Learning, Computational Genomics, Al in Drug Discovery and Precision Medicine

Educational Experience

1999
2001
2011

B.S. in Computer Science, Seoul National University, South Korea
M.S. in Computer Science and Engineering, Seoul National University, South Korea
Ph.D. in Computer Science and Engineering, Pennsylvania State University, USA

Professional Experience

2001-2004
2012-2016
2016-2020

2020-

2020-

Instructor in Computer Science, Korea Naval Academy, South Korea
Post-doctoral scholar in Genetics, Stanford University, USA

Assistant Professor in Computer Science and Engineering, Pusan National University,
South Korea

Associate Professor in Computer Science and Engineering, Pusan National University,
South Korea

Director, the Center for Artificial Intelligence Research, Pusan National University,

South Korea
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Recommendation Systems

+ Designed to recommend items to the user based on many different
factors

E@ Google News

© YouTube

amazon @ Pinterest




What Long-Tail tells?

Only in Online

Products

g ~

~__)

)

The “head” The Long Tail - niche products

¢ A physical world will display only the
items that are most popular

% A on-line world is possible to tailor
the store to each individual
customer

Formal Model

s X = set of Users

s S =set of Items

% Utility functionu: X x S—>R
* R = set of ratings
* Ris a totally ordered set

* e.g., 0-5 stars, real numberin [0, 1]




Utility Matrix

«* The utility matrix represent a value that represents what is known about the
degree of preference of that user for that item

+* In most case, the utility matrix is sparse, meaning that most entries are
“unknown”

Iron Shang- Minion Toy
Man Chi s Story
Jisoo 5 4 4
Jennie 1
Rosé 2 4
Lisa 3 5

Key Problems

+* Gathering “known” ratings for matrix
— Explicit or Implicit

++ Extrapolate unknown ratings from the known ones
— Content-based, Collaborative, Latent factor based

+» Evaluating extrapolation methods
— How to measure success/performance of recommendation methods




Collaborative Filtering

¢+ Focus on the similarity of the user rating for two Ve
items
+¢ Identify similar users and recommend what similar s
. . imiar
users like is
- - - . - - . II.I\'\
< Let s; similarity of items i and j, and r,; rating of N
user x on item j
¢+ Select k-nearest neighbors, N(i; x): items most Recommend
similar to i that were rated by x
Local & global Z s.-(r.=b.)
S..r. jeN(i;x) Y X/ X/
- zjeN(i;x) y oy effects r,=b,+=— ()
o E S.. » ZjeN(i;x)Sif
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Matrix factorization

++ Singular Value Decomposition (SVD) E :
A=R Q=U P =XV > VT

«» SVD is not defined when entries are missing

«+» Use specialized methods to find P, Q

c

rpiQnZ(i,x)ER(rxi —q; P

(e.g. using stochastic gradient descent)

Recommendation systems for
biomarker discovery




Integrative single cell analysis

«+ Identify and characterize cell types and their organization in space and over time

DNA RNA Protain
Sil“lg|6 cell methylation expression expression
multi-omics data Q8GO o ——— | " |
] ] -
'Gm s Gotula . . ‘
Signal T R o o0
amplification el : -1 I :
p EC::E . %Ei * == stem cells intestinal cells blood cells
- -
Computational
ar?alysis Integration of single-cell multi-omics data {
muscle cells liver cells nerve cells

' : Cell type examples

11

|dentification and characterization of
cells using non-negative matrix
factorization (NMF)

NMF initialization

gt fowne 100 H (ropi x co V (g col)
a [ls 1[o]efo]o 111
Single cell RNA- " e Sijsioe] | _ 11—
squ ) “lettets !{ounoo“’ ----- V~W=xH Using NMF
[o o () | ojojejololl IFrrr—11
lFaclorizalion
Y Po— ~ Womerww V' H g rcen
um } V'~ W xH' Using NN Least

Spatial transcriptomics . Squares
l NNLS
Cell type topic profiles

Spouop-colofhs
- () :
Spot 2 "—‘& @
Spot3 Z—-ﬂ « &3
Spot '7\_.* 2
NNLS
Spot
Deconvolution

Elosua-Bayes et al., Nucleic Acids Res., 2021
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Disease-gene association

Known disease-gene association

A7)

© Disease
@® Gene
Different from Netflix problem
Microarray
e Orthologouf '
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Gene-disease association prediction
using matrix factorization

i A o T, . A 2 2
end B g 3 ¢ P EWETY,) + 3 (W15 + | A1)

fq Ek! de

[l

y: feature vector for disease

&

x: feature vector for

i
d

gene—disease associations matrix P € R

Natarajan et al., Bioinformatics (2014)

Graph representation learning
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What is Graph data

* Graph (G) data represents entities as nodes (V) and the relationships between them as edges (E)
- G=(V,E),
e ueV,veV,and (u,v) €EE

» Graphs are a general language for describing entities with relations/interactions

node

: avs

edge

Nodes (V)

* Nodes (also called vertices) represent entities or objects
* In a social network, each person would be a node
» Node can have attributes or properties
» Node representing a person could have attributes like name, age, location, etc.

=X https://medium.com/analytics-vidhya/social-network-analytics-f082f4e21b16




Edges (E)

» Edges (or links) are the connections between nodes.
» They represent the relationships or interactions between these entities

» Edges can be undirected or directed
* Undirected edge implies a two-way relationship (like a mutual friendship on Facebook)
» Directed edge shows a one-way relationship (like a follower on Instagram)

Undirected edge (Mutual friendship) n Directed edge (Following) l@l

0—0 0—0

SR a

Graph data vs. other data types

* Networks are complex
» Graphs are irregular and intricately connected, lacking a uniform structure unlike the regularity
of images or the sequence of text
* No fixed node ordering or reference point
» Graphs do not have a natural order or fixed starting point for processing, as opposed to the
structured layout of text and images

o,

Networks Images

-10 -




Representation Learning

« In machine learning, feature learning or representation learning is a set of techniques that allows a system
to automatically discover the representations needed for feature detection or classification from raw data

* Representation

« It refers to the abstracted form of raw data, transformed into a format (like feature vectors or
embeddings) that a deep learning model can efficiently process and learn from.

Artificial Intelligence (Al)

e.g. Knowledge Bases

) ) Feature Learning Task Transfer
Machine Learning

e.g. Logistic Regression

Data

Features

sSupervised-.,
Feature Prediction } Label |

RBepresentation learning

Learning

—1

l |

l e.g. MLPs

=X https://en.wikipedia.org/wiki/Feature_learning#cite_note-1

Representation Learning

Original Feature (Semantic)

» Representation Learning Representation Representation

Speech

nﬂ\‘ltlk\
Downstream Task

e.g. classification

* Image -
[ Language model (e.g. BERT, GPT) ] S
entimen! nalysis
" mensie (computer)
° Language mullw“"_-_ | v . s s e, Translation
N - . Summarization
Reding
L Comprdhension

-11 -




Graph Representation Learning (GRL)

* Graph representation learning (GRL) aims to effectively encode high-dimensional sparse graph-
structured data into low-dimensional dense vectors (embeddings).

* Embeddings: Map nodes into an embedding space
* Similarity of embeddings between nodes indicates their similarity in the network.

le

Original Graph Encoding nodes Embedding space
. ;
. . .s .
o . e L -.=
: ) - i
- % o o * - . ®
- "

Graph Representation Learning (GRL)

* Graph representation learning (GRL) aims to effectively encode high-dimensional sparse graph-
structured data into low-dimensional dense vectors (embeddings).
* unsupervised GRL : Matrix factorization, Random walk, Neural network
self-supervised GRL :GNN (GNN, Graph Convolutional Networks, Graph ATtention networks)

Graph Representation Learning

o (2L
u
Fiu— R '\“/'\
() 1 (' Zy : I
v l/
U \ ) fiv->RYE l

R¢

k> =\ 11
080% V) \ ‘
v,

Subgraph-level Node-level

Edge-level

m—pGraph-level

-12 -



Unsupervised GRL

* Network Embedding
* Learning node embeddings without labels

r
1 (b) Random walk
1

lo»0—>0—-0
: O—=0—=>0—>0O =
{0>0—+>0—0

node2vec

Graph

Graph embedding methods

Low-dimensional
representation

Multi-label
Classifier

-)

(b) Link prediction

— A Yes
Binary

. = Classifier = :\ig

Downstream tasks

Semi-Supervised GRL

» End-to-end learning (with Graph Neural Network)
» Learning node embeddings with partial labels

initial embeddings

S

BB

Graph

&
&

Output
(Semantic representations)

r(a) Node classification

Multi-label
Classifier

1
1
1
1
1 -
1
1
1

=

: (b) Link prediction

1

: -

: :~ Binary Vs
| = Classifier = or
1 No
1

1 ’

1

L

Downstream tasks

-13 -




Graph Neural Network (GNN)

» Two-step process
* Message: Each node will create a message, which will be sent to other nodes later

m{ = MsG® (h{ ™)

* Aggregation: Node v will aggregate the messages from its neighbors u
he = AGGO ({md,u e N)})

-y,

\
hf,l) [0} 1 a— 1
I 1
= 1
1
I [-th GNN Layer 1 :
t i |
! I
l e e o : I
- -1 1
h,(,' » huentwy 1 1
\— -—— .- "

GNN: Graph Convolutional Network (G
CN)

* Two-step process
* Message: Node features are updated using a weight matrix w®
@ _ _whng™

M = TN
* Aggregation: Messages from neighbors are summed and an activation function is applied.

o _ O]
hu) - U(ZHEN(V)UU my )

-——— ey,

\
o
@ I |
! 1
! 1
I [-th GNN Layer 1 I
= t ] I
! 1
lo () l : I
_ (-1 1
h,(,l D huEN(v) 1 '

© v

-——

-14 -




GNN: Graph Attention Network (GAT)

» Two-step process
* Message: Each node’s features are transformed and an attention score is computed between pairs of u and v
@y = LeakyReLU(a” [Wh, ||Wh,])
where || is concatenation and a is a weight vector

* Aggregation: Normalize attention scores, then aggregate neighbors’ features weighted by the attention scores.

l —_
h‘l(l) =0 (ZueN(v) SOﬁmaXu(avu)W(l)hl(/.l 1))

-——— ey,

h,(,l). 1 a— \l

i :

I [-th GNN Layer : :

t ] !

loc ° : [

K, ] I

N2

Node Classification

Disease Test Public Opinion Online Advertising N

@ : Unknown @ : Unknown E @ : Unknown
/

@ : Positive - ® :VYes @® : Gaming
® : Negative iwi- $ ® :No E] @ : Cosmetics

Classification

-15 -




Link Prediction

[ Social Network \

Sophia

1
\
1
1
1
\

\

\
1
1

suggest

David

\ Friendship suggestion /

/ User-ltem Graph \

‘:' 1—.—-..
‘c‘\ /,“:
-0,

%s@“’/

I\

recommend 5‘

\ Item Recommendationj

[ Drug-Drug Graph \

\ Side Effect Prediction /

Heterogeneous network
representation learning

32

-16 -




Heterogeneous network representation
learning
» Researchers suggested heterogeneous graph represetation learning methods to utilize

abundant heterogeneous biological information when predicting whether a gene is
asso-ciated with a disease.

+ Diease Gene association Prediction — DGP-PGTN (Yang Li et al, 2023)

l

(A) Heterogoscous metwork comstnxction

(18) Discase and gene represcatation leaming (€) Discase-gene association peediction

Hypergraph

» A network structure for capturing high-order relationships among multiple nodes
(Yifan Feng et al., 2019), which implies that the network can indeed replace
metapaths (multi-hop heterogeneous node sequences).

g ®%ceccee.

o ®

* The above hyperedge represents * The hyperedge represents the relationship
common relationship among three among above three nodes (endlessly
nodes. overlapped 2-hop node sequences).

* The connection implies a multi-
hop node sequences.

-17 -




Hypergraph

+ Suitable network structure for processing multi-modal information.

Tweets/Microblogs *®

Visual Nl
connections [®

[ X
Text o— X o
connections ;

. N
Social /V{//
connections |* 1\ *
/N

[ ] o =] © L] L
T E i
I pe )
I.\ o L J * L J .I
2IE__2e°__2e2)
Fele ofe o,
:o \‘,c ° \o 0—7(0:
& __“e 1 _“se°,
:--?,:__o—.‘_,'__—:s.__:
el o o Xo oV o
SN ) /'
1oe>_ _2e>_ _%ic,

=

Overlap
hypergraphs
of three modalities

Above pictures are from the paper ‘Hypergraph Neural Networks (Yifan Feng et al., 2019, AAAI)’'

Hypergraph Interaction Transformer (HIT)

» ‘“heterogeneous” methods are limited to only predicting for binary classification only
» To apply a multiclass classifications, HIT is proposed

T layered
MUP classifier
Gens diseass
smbedding concatenstion
Semantic Attention
+ 1
[ Lingar Layer ] [ Linear Layer ]
3 3
Inter Mutual Inter Mutual
Attention Attention
s s
Layer Narm [ Layer Norm
t t
[ ureariayer | [ uneariaver |
L3 ¥
Intra Mutual Intra Mutual
Attention Attention
ry ry
[ Layer Norm [ Layer Norm
rs s
Encoder Encoder

" Divware related
hypergraph S
[ErrrT——
T * Py —
[ Hypergraph Construction ] O HrO - prporedge
* O B0 = rpperodge
- - o QA o W Gene - tode
‘e - - A O -0 & GO-Node
. o o = ) Dinssnr Nsce
GeneGO Gone-Gene Divease-Geme Disease PO Disease-D0 A HD- Mok
& 0O- Mot

=

Gene A
hyperedge

-
°

The association type between
and a disease

Kibeom Kim et al., Briefings in Bioinformatics 2025
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How HIT operates?

Intra Mutual Attention Inter Mutual Attention

Qo o ®

Lo ¢

* The Attention mechanism updates * The Attention mechanism updates
hyper-edge (common relationship)’s node’s information using hyper-edge
information using node information. information.

How HIT operates?

©

¢

\
/ /@
N

@ What is the type of the association between G and D?

v' Based on the network structure
/@ What is the type of the association between G and D?

-19 -




HIT Performance

» HIT achieved the best performance against other baseline models

Table 5 The performance comparison between IIIT and the baselines. The top results are
highlighted in bold.

Method Macro F1 Precision Recall F1(therapentic) F1(biomarker) F1(NA) Accuracy Micro F1

GCN-8 0.747010ms  0.7482+0ms  0.748240.015 0.6808 +0.018 0.6915+0.020 0.8687 40006 0.7982+0ms  0.7982:0.01
HOGCN-8 0.5497<0157  0.60472016s  0.5569x0.17s 0.4798x0.224 0.3768£0.503 0.7926£0.006  0.6873x0100  0.687320:10
GCN 0.7613x00m  0.7651x0m2  0.7589+002 0.6862+0.012 0.7194£0.00 0.8783+000s  0.8125+0m0s  0.812520.00s
HOGCN 0.337700rr 0450820070 0.3846x0.047 0.2079£0.155 0.0487 +0.0m 0.756540.00r  0.615120ms  0.615120.006
DGP-PGTN _ 0.77240007  0.775740012  0.77064 0012 0.7021 4o.024 0.738430.011 0.875440008  0.8165,0.008 81654000

| HIT 0.84312000  0.837320014  0.85000s 0.7385x0.018 0.8418:005  0.9491:0002  0.892610007  0.892620.007 Proposed model

» The performance gap between HIT and other baselines is statistically meaningful

Critical Difference diagram of average ranks : Macro F1

The proposed
meth-od (hit) m z 3 N > h
ranked first with no
ties —
hit (1 {5.7) hogcn

—_—4.8) shogcn

gen (2.9) {3.9) sgcn

» Black-horizontal tie means no statistical difference between model performances

Kibeom Kim et al., Briefings in Bioinformatics 2025

T-SNE visualization

* How HIT distinguishes each data instances into three groups
» Gene-Disease pair (relationship) instances
HIT t-SNE Disease-Gene pair embedding visualization DGP-PGTN t-SNE Disease-Gene pair embedding visualization
100 : ® Therapeutic . - 100 | ® Therapeutic
Biomarker % > ' Biomarker
® NA ® NA

50 | ~ 50
o > &
g 0 - ..." > .;_E 0
v - -“ ¢
Z 9
< P e < 50 |

-50 | L

_100 {
-100 50 0 50 100 -100 -50 0 50 100
t-SNE feature 1 t-SNE feature 1

* The suggested model (left) classifies data instances into clear three categories.

Kibeom Kim et al., Briefings in Bioinformatics 2025
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Ablation study

* In ablation experiment, the proposed model always shows better performance than
other baselines, even with less association information.

Table T Results of ablation experiments. Each value is the average Macro F1 score on fve randomn
seeds, Top results are highlighted in bold.

HIT DGP-PGTN GCN
w/o GO 0.8435:0.m 0.7737 20000 0.752540.012
w/o DO 0.846 20,01 0.7641 s000r  0.751540.007
w/io HPO 0.844T+0mz | 0.7586+000s  0.73840.02
w/o HPO & GO 0.8482+0.007 0.75T6+0.m 0.7397 £0.05
W,’ﬁ GO & DO 0.8436.0.0 miu 012 0.7558 20,01

w/o DO & HPO
w/o GO & DO & HPO

0.849T 40012 ). 7626 40.007
0.8477 10018

0.741240.007
0.7403 +0.011

Original

0.8431 000 0.772 40,007

0.7613 0011

* In all ablation settings, HIT always
achieved the best performance
against other baselines.

HIT Partormand s 6 Nirkass Ablities Settiags Rapreseatations! EMchncy of HIT

[ pyre— e o F i
P e .
son\ - . g

w3 — x

1 el | | o

FOF PP F e P S
x‘u*v ST P &G & r"\p &£
: Ablatiem sstings & \-"’D

-

Fig. 13 HIT performance on different ablation settings (Left) and representational efficiency of HIT
(Right).

Above Fig. 13 derives from the Table 7.

* The left figure above describes the proposed
model’s performance change tendency with
various dataset s-ettings.

In the right figure, HIT always achieved the
best performance against other baselines.

Kibeom Kim et al., Briefings in Bioinformatics 2025

Explainability of HIT

6 example therapeulic Genes

g v,. —/"“ )N"‘m . )ﬂ.‘! LA
- o e v
. ’:"- P “.:__ SA HaLst
- o -
- FGF21 - IFNA2 w | e THEMIS2 @
- .y 'é e
T o i e 2 woersr ansoass
Bt Qe e
———— — T - - gkl o
it e nat . o e
st -4 - - E =
— comaen - 8 4 - s
o NQO1 - "2 CSF3 (i -8 NECTIN2 =
-t - o o — < -
anr oz o s - | np
- - - L 4 = B
——— cimen = i P e

Fig. 14 Complete graph-based atter

ition score visnalization. The gene names and GO ids are used

to annotate the corresponding biological entities. Referring to the DisGeNET dataset, FGF21 is
identified as a therapeutic gene target for Steatohepatitis, IFNAZ2 for Thyroid carcinoma, THEMIS2
for Malignant neoplasm of the breast, NQO1 for Diabetic Nephropathy, CSF3 for Familial Non-
Hodgkin Lymphoma, and NECTINZ for Ovarian neoplasm.

» HIT provides explanations on its decision making based on complete graph analogy of

hypergraphs.
* Fig. 14 shows which information does

HIT consider as important when classifying six

genes (FGF21, IFNA2, THEMIS2, NQO1, CSF3, and NECTIN2) as therapeutic targets of

diseases.

Kibeom Kim et al., Briefings in Bioinformatics 2025
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Recommendation systems for drug
candidate discovery

43
(d{% d\z dy dy d3~--'d,,‘, . dy d; dy-r dyp d, d;
o N O] . | | || O @
— Ll /N T
(Z JX represe dz.j.-\ij decompose | Ji] O] _ <l W] e /5325 \
a5 )= «EE B — B xpmlim - Em O = O O
, N ‘EED N N
o *EE | W L. < C
— n::\\ork Tnferactionmatrix Latent feature matrices Prediction matrix dm
Predicted DDI
network
Drug
DI D2 D3 D4 D5 D1 D2 D,:;g Dd D5
bpirro 0 0 1 1 0 -09 pr 0 0 0 1.1 093
o2, 0 0 0 1 1 0 -09 o 02 0 0 0 1.1 093
o
o2 0 0 0 1 0 0 054/, 090909 0 0 2 ', o 4 081074
od| 1 1 1 0 o0 11 0 0 0 O -012-09 pe 1 1081 0 0
ps 1 1 0 0 O 11 0 Columns matrix ps 093093074 0 O
Adjacency matrix Rows matrix

Prediction

Zhang et al., J. Biomedical informatics (2018)
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Drug-Target interaction using Graph
Convolutional Network (GCN)

™

Drug:

1

Target:

Drug-Target interaction:
Drug similarity: -

Target similarity: e

Step (11 Construstion of the DPF netweek

& Iteqtms of Sz
Tomcrmthons of protcias
o Kirm i mtins betcon drws and protcns.
b interacthons betnecn drugs and pevtcim.

— S At b cn DS A '
 Wesk msciatiras bewern DPPs fress Pracias DY

Stcp (25 Eaceding by the GON ayer

DPFy feature
Step U Classiication by the DNN
.5, 1. - DPPy, feature
DFP features 5 \ A.'.'""" :
b= A, .

Pl Activation DIP,, feann

m;n - Adjscency iy "% ASKTReon =¥ T i

Probability of ) ATAWSE i g p Ry DPP,; feamire
being False DT1

|v‘.r,‘|' Wetght matris DfFn fastre

Wi
Layerd  Layer2  Layerd DPPoc featare

Eonten = sl of DPPs

Zhao et al. Briefings in Bioinformatics (2020)

Modeling polypharmacy side effects using
Graph Convolutional Network (GCN)

E Polypharmacy E
{__Doxycycline A side effects Simvastatin

A N=DPL = 7
Ciprofloxacin

r1——A Mupirocin

E \

A Drug @ Protein E Node feature vector
ry Gastrointestinal bleed side effect A—@ Drug-protein interaction
' Bradycardia side effect ©—O@ Protein-protein interaction

GCN per-layer update for a single drug node (in blue) ' Polypharmacy side effect prediction
w® Ahyi Predictions
A'-.—(‘)’I- P(A- ’1-A)

1 Gastrointestinal blood offect

P(Av ’z:A)

pA, "J-A)
PA, 1 A)

w® An®
k pl+D)
h(")

r Bradycardia eﬂod

w(“)

50 4

r4. 73, M3, ... T, Polypharmacy
Drug target relation 17200 e PA, r.A)

effacts

Zitnik et al. Bioinformatics (2018)

-23-




Drug-Target interaction

v v

in silico selection of RNA aptamers about target protein

based on discriminative classifier and Monte-Carlo tree search (MCTS)

In Medicine, Aof e E2F HFO|2D0HA
In Molecular Biology, B RNA Q40| Hel 1= ofo| 4t Fel &
. N
In Computer Science, < > < M >
A-C-C-G-G- ... -G-U-U-A-C-G R-H-K-D-E- ... -S-T-Q-C-M-A

Aptamer-Protein Complex
QUERDH-THE! St

RNA aptamer RSy € \#‘ 7 _S

b N

A

Target protein

M

A-C-C-G-G- ... -G-U-U-A-C-G R-H-K-D-E- ..

@ ZYSt= & MS(sequence) AHO|Q| THE2 21QIT}?
@ OftH LEIH MYE0| B CHzlof 23S & steot?

. -5-T-Q-C-M-A
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Discriminative Modeling

(sequence) AtO[2| THEHE RS101T}?

RNA aptamer concat Target protein

Input X A-C-C-G-G-A-U-R-S-T-Q-C-M-Q-A
\%
Analysis Binary Classification Model P(Y|X)
(black-box) e.g. Random Forest, SVM, Deep Learning
\% \%
. True False
Prediction ¥ (interaction) {non-interaction)

Generative Modeling

@ Of™H UEIH X 20| X THHZo| & Zefot=o1?

Target protein

Input Y R-S-T-Q-C-M-Q-A-C-Q-R-5-5-A-Q
—
Analysis Generative Model P(X|Y)
(black—box) e.g. RNN, VAE, GAN, Transformer
12
Prediction X A-C-C-G-G-A-U-A-U-U-U-C-C-A-G

RNA aptamer

- 25 -




Limitation — Small Dataset

@ Ot QIEHH A0 X CHHEIof|
- ‘488 22 (Generative Model)

2 2Yo=0R

Korean Parallel Data

KORLAN ENGUISH
PARALLEL CORPUS.

Korean-English parallel corpus

~

https://sites.google.com/site/koreanparalleldata/

Table 1. The two benchmark API datasets that are used fol
Source  Number of positive pairs  Number of negative pairs
i 580 1740
18 - -
L 145 135
157 193
20
= 56 56
Note that we obtained two pre-trained API classifiers for the aptame

MO = EX(sentence) S
o3}
T =

HIOE| ~ 2f 97,0007

-
!

2EIH (aptamer) 48 S ¢l
ClOJE ~ 2f 1,0007H

*Benchmark dataset for discriminative models

Apta-MCTS

Candidate Aptamer Sequence Generator

e @ RNA aptamer Xj
Apta-MCTS
Target protein  summr g @) P(Xg,Y) A-C-C-G-G-A-U-U
R-5-T-Q-C-M-Q-A g Class (bind or not) Y
| {prob.) 0 ~1
Benchmark Dataset for Discriminative Modeling

# of Positive # of Negative # of Proteins # of Aptamers Length of Protein Length of Aptamer
Aptamer-Protein Aptamer-Protein Sequences (avg/std)  Sequences (avg/std)
sequence pair sequence pair
QF 1,000 4 QF 2,800 4 166 74 709 74 393.2/325 51.2/25.5

Lee et al. PLOS ONE (2021)
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Apta-MCTS

P(Xg,Y) = P(Xp)P(Y|Xg)

4 ™

RNA aptamer X RNA aptamer Xy

A—C—C—G—G—A—U—U R-S-T-Q-C-M-Q-A
RNA Aptamer Generator aximize Binding Score Function
P (XR) CBmdmg Score P (Y |XR)
N
Binding Score

\_ update D

Lee et al. PLOS ONE (2021)

Binding (Interaction) Score Function

* RNA aptamer sequence
XR = (xl,xZ,Xg, ...,XN)
X; € {11,72,73, 74}

Length of aptamer N

» Target protein sequence

Xp = (xl,xZ,X3, ...,XM)

Xi € {P1,D2, D3 -+, P19, P20}

Length of protein M

Binding Score Function P(Y|XR)

RNA aptamer Xp Target protein p

A-C-C-G-G-A-U-U R-5-T-Q-C-M-Q-A

v v
[ Encoder (1,2,3,4-mer) —}concatét Encoder (1,2,3-mer) J
\Z

Random
Forest

Prediction Y

[ Binary Classifier
1\ \Z

True
o~1nm

\
- /

Lee et al. PLOS ONE (2021)
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RNA Sequence Generator — Iterative forward
sequencing using MCTS

Ex. Length of aptamer N = 3 Xg = (x1,x5,%x3) Xx; € {ri, 15,713,714}

Step 1 Step2 Step3
4 N 4 2\ 4 N
X1 Xz X3 X1 Xz X3 X1 Xy X3
1 1 1 | | | I | I

Xg [1L-L] | —>] Xr A-L]] —> | Xgp A-U-L]
—— _

Monte-Carlo
Tree Search

Monte-Carlo
Tree Search

Iterpte 11000 ~ 5,00btimes

Binding Score
Function

OQutput

o
©
vl

>>>>?>>CO
cccocrxonNnn
ONXTCNOO>>

0.05

o

< =i =
w | w
3 I

o
(0l
i

0.57

e
o
N

Lee et al. PLOS ONE (2021)

Monte-Carlo Tree Search with Bidirectional
Nucleotides

Ex. Length of aptamer N = 3 Xgp = (xq,x2,x3) Xx; € {r1, 15,13, 14}

Bidirectional RNAs: ( A, _C, G, _U A _,C,G_,U)
Converted
Sequence
) (W .
\ 1 2
LW e .

OO

Lee et al. PLOS ONE (2021)
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Post-processing

-
A-C-C-..-A-U-U 094
J A-C-C-..-A-GU 0.93 e —
A-G-C-...-A-U-C 0.93
C-C-U-...-A-C-U 091
G-C-C-...-A-U-U 0.90
G-C-C-...-A-U-U 0.89
A-G-C-...-A-G-U 0.88
A-C-G-...-A-U-U 0.88
G-C-C-...-A-U-U 0.84
A-C-C-...-G-U-U 0.84
b A-C-C-...-G-U-U 0.83 )
U-C-C-...-A-U-U 0.81 H=YEIHE 5
A-U-C-...-A-U-U 0.80 A S AT UE
L ACC-...-U-U-U 0.74

Validation Procedure

<—m—> Structure Prediction > < Molecular Docking Simulation

sy ¢

A-C-C-...-A-U-U AR

3
g
N XY
9 ( PDB1;, RNAComposerr J % ( Tertiary Structure J \ F N i?é‘x
( ZDOCK-simulationi4 J 9 Docking Score

% ( PDB, SWISS-MODELg) Je ( Tertiary Structure J
~ it

R-S-T-Q-C-M-Q-A ‘gja %

e G

e
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Validation — PDB structures

2400
mmm Lee and Han (2019)
2200 _—Sptalacrs

' Known aptamers
2000 - : :
R : ©)
1800 1 20 7 -
40
)~ T %
' | l i % | ; ..
~<¥ ¥ SN 2

6GOF  3V79.1 | SVOEH | 35N6.4  2RM1  1ERK(C3) 1ERK(C3.59)
farget protein

ZDOCK score
s kB = B
8§ 8 8 8

o
o
=]

e
i
4
fo
H

A TR S0f Chtod AlZ2f|o|d Zut
= UEIH 48 S =Y AlE2]0]d + TEHO 2 RARSH (X0 ZEotE ZE =Rl Ot

Lee et al. PLOS ONE (2021)

Apta-Trans : Aptamer-Protein interaction
prediction using Transformer

Transformer-based Encoder
GGC s O — Convolutional Block Fully-connected layer
;A‘& = _ _ Interaction Map &l '6'
wv — : GG €66 -+ CCG CGU GUC
o % —_— = o o (@)
oo e e — — 1 «O§p00000g Q
«0@000000 O
- nimkE:
; o — — = nding
8 Y —|8\8| === ~tooooooo S| s
' i O o O0000000 'e)
L ™ — —0% Fl;en I

* Transfer learning-based Aptamer-Protein Interaction prediction Model

* A model that predicts the interaction between aptamers and proteins

* Sequence embedding using a Transformer-based encoder, interaction map, and convolutional

neural network (CNN)

* Enhanced data representation through transfer learning with a Transformer-based encoder

Shin et al. BMC Bioinformatics (2023)
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Apta-Trans: Aptamer-Protein interaction prediction using

Transformer

llllll

===

W —'[:|—"_':
— ==

Fredicting the Masked Tokens

MSR
LD
SK
LL
o
Predicting the Secondary Structure
588

HH
T
588

—

Evaluation Process

ZDOCK Fimal recommen dation
mn meu J
of candidate aplamers

PDB EI ’

Shin et al. BMC Bioinformatics (2023)

Performance evaluation of Apta-Trans

Performance Comparison for A

ZDDCK Score

Iy *

PR

B ke &% ¢ 4 ¢

Shin et al. BMC Bioinformatics (2023)
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Recommendation systems for drug
candidate discovery

Protein-ligand binding residue prediction

» Process of identifying specific amino acid residues
within a protein that interact with a ligand molecule

v'Residue : a single amino acid within a protein sequence

v'Ligand : a ligand is a substance that forms a complex with a biomolecule to serve a
biological purpose such as a durg

* An example of a residue
Q00O
(-e/'-l One residue

-32 -




Importance of binding residue prediction

+ Biological Significance

v'ldentifying binding residues determines how proteins function and how they interact
with ligands

» Drug Discovery Relevance

v'Key residues narrow down the search space for potential drug candidates during
virtual screening

= Virtual screening : a computational technique used to identify potential drug
candidates by evaluating their interaction with target proteins

Protein Structure

ligand

Zhao, Jingtian, Yang Cao, and Le Zhang. "Exploring the computational methods for
protein-ligand binding site prediction." Computational and structural biotechnology
Journal 18 (2020): 417-426.

Protein-ligand binding residue dataset

* sc-PDB
v' An Annotated Database of Druggable Binding Sites from the Protein DataBank

« PDBbind

v’ to provide a comprehensive collection of experimentally measured binding affinity data for all
biomolecular complexes deposited in the Protein Data Bank (PDB)

SMILES

Svsl KSVVKS ... VQLLII (=O)OP([O])([O])=0) .. 5, , 35, 36, 37, 38
1u9l AHAIFT ... KYDED CC(OC(NC(=0) ... C1CCC 177,179, ..., 212,213, 214
3mg0 TTIVGVKF ... AASTY CC(C) C=0) ... C1=C=B(0)O 52, 53,54, .., 74,75, 89
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Proposal Method

* Predicts the binding score between each residue in the protein and the ligand

+ Consists of the following stages
v the residue embedding stage, the ligand embedding stage, and the binding prediction stage

Protein Initial Residue Residue
Sequence Embedding Embedding
. (using ProtTrans)

B

ald B =
g
Bt = B M

Compound Network H

SMILES
(converted to a graph using RDKit)

’

-

=
H
i:
_ﬂ
-

H

Compound
Embedding Kang et al., (In preparation) 2025

Residue embedding

* We use protein language model to learn residue embeddings, capturing each residue’s representation

* Apply 1D-CNN and BiLSTM to infuse each residue embedding with information about nearby and
distant residues, enhancing the embeddings further

Residue
Embedding

L[ ‘E:;:ﬁ
o e

Protein Initial Residue
Sequencc Embedding
(using ProtTrans)

-

$

FH
=i
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Ligand embedding

« We first use RDKit to convert the SMILES format of Ligand to a graph representation
« Then, we apply the GAT model from the BACPI'I model to make Ligand embeddings

Compound \mork g

SMILES
(converted to a graph using RDKit)

Compound
Embedding

[1] Li, Min, et al. Bioinformatics 38.7 (2022)

Binding Prediction

* The residue embeddings and ligand embeddings are combined to construct interaction
embeddings through element-wise multiplication

* The interaction embeddings are processed through a dense layer to obtain the binding score,
which is used to predict whether binding or not

Residue

Embedding
E E Interaction
Embeddmg

- &-

Compound
Embedding

-]
H
i:
_ﬂ
<)

H
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Datasets and Preprocessing

¢ Datasets

v'We use two databased, sc-PDB (v.2017) and PDBbind (v.2020), to collect protein-ligand binding
residue data for model training

v For model perfomance evaluation, we use the COACH420 and HOLO4K datasets

» Data preprocessing
v’ Protein sequences exceeding 1000 residues were excluded from the dataset
v’ Data with fewer than 10 binding residues were removed.
v Highly similar sequences between the training and test sets were filtered out using the CD-HIT tool

 Statistics training and test dataset

N oeptex : number of protein-ligand complex
Dataset Ncample.\' Ngr Nygr Pyr(%) Npgg : number of binding residues
Nyar : number of non-binding residues
Training 27.486 1,123,317 8.632.471 13.01 Pyg: proportion of binding residues
COACH420 189 3,061 49,861 6.13
HOLO4K 1,238 31,053 387,435 8.01

Performance comparison

» Compare the proposed model with the sequence-based model DeepCseqSite and Birds, as
well as the structure-based model Fpocket

v'The commonly used metric is MCC (Matthews correlation coefficient), Precision, Recall

Performance on HOLO4K dataset Performance on COACH420 dataset
®Our model ®DeepCseqSite ™ Birds ™ Fpocket ®Ourmodel ®DeepCseqSite ™ Birds  ® Fpocket
0.900 0.856 0.900
0819
0.800 0.800
0.700 0.700
0625 0.636 0636
0.600 0573 0.600 9586
0.525 0524
0.500 0.500 0466 0487
0.423
0.402
0.400 379 0.400 374 3852
0.300 0.300
0200 0.15 0200 0.154
012 b3 15, 132 0.114
- I I I I I - I I n
0.000 0.000 .
Precision Recall MCC Precision Recall MCC
Metrics Metrics
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Visualization Using PyMOL

» Comparison between ground truth and predicted results
v with PDB IDs 2ed4 and 1b6t
v the yellow structure represents the ligand
v the red regions indicate the binding residues interacting with the ligand

Ground Truth Predicted Result Ground Truth Predicted Result

@ FY

PDB id : 2ed4 A PDBid: 1b6t B

Kang et al., (In preparation) 2025
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