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본 강의 자료는 한국생명정보학회가 주관하는 BIML 2026 워크샵을 목적으로 

제작된 것으로 해당 목적 이외의 다른 용도로 사용할 수 없음을 분명하게 알립니다.

이를 다른 사람과 공유하거나 복제, 배포, 전송할 수 없으며 만약 이러한 사항을 위반할 경우 

발생하는 모든 법적 책임은 행위자 본인에게 있음을 알립니다.



KSBi-BIML 2026
Bioinformatics & Machine Learning (BIML) Workshop for Life Scientists

한국생명정보학회가 주최하는 BIML-2026 동계 Bioinformatics &Machine Learning 교육 워크숍에 

여러분을 초대합니다. 

BIML 워크숍은 생명정보학 연구자들이 최신 AI바이오 분야의 인공지능 기반 분석 기술과 바이오 

데이터 분석 기법을 이론과 실습을 통해 체계적으로 배울 수 있는 전문 교육 프로그램입니다. 

2015년에 시작된 BIML 워크숍은 올해로 12년 차를 맞이하며, 국내 생명정보학 분야의 최초이자 최고 

수준의 교육 프로그램으로 자리 잡았습니다. 이번 워크숍은 크게 인공지능바이오(AI바이오) 분야와 

디지털바이오 분야, 두 분야로 구성됩니다. 

AI바이오 분야에서는 생명정보 분석에 폭넓게 응용되고 있는 다양한 인공지능 기반 자료 모델링 

기법을 다룰 예정입니다. 특히, 인공지능 심층학습을 활용한 단백질 구조 예측, 유전체 분석, 신약 

개발에 대한 이론 및 실습 강의가 진행됩니다. 

또한 디지털바이오 분야에서는 단일세포오믹스, 공간오믹스, 멀티오믹스, 메타오믹스에 대한 강의도 

마련되어 있어, 연구자들의 분석 역량 강화에 실질적인 도움을 줄 것으로 기대됩니다. 

또한 2024년부터 추가된 의료정보 자료 분석을 다루는 강의를 올해도 지속해서 운영하고자 합니다. 

이는 최근 의료정보 자료 분석에 관한 연구 수요 증가를 반영한 것으로, 관련 연구를 수행하는 

의과학자 및 의료정보 연구자들에게 유용한 지침을 제공할 것입니다. 

또한, 올해도 생명정보학 기술의 다양화에 발맞춰 온라인 강좌를 대폭 확대했습니다. 올해는 무료 

강좌 10개를 포함한 총 40개 이상의 강좌가 개설되며, 연구 주제에 맞는 강좌 추천과 강연료 할인 

혜택도 제공합니다.

BIML-2026는 국내 주요 연구 중심 대학의 전임 교수 및 각 분야 최고 전문가들의 강의로 구성되어 

있으며, 기초 이론부터 최신 연구 동향까지 아우르는 심도 있는 교육의 장이 될 것으로 확신합니다. 

여러분의 많은 관심과 참여를 기대합니다!

2026년 2월

한국생명정보학회장 류 성 호



강의개요

Introduction to Network Science 
for Transcriptomics-guided Drug Discovery

오믹스 데이터를 어떻게 신약 개발의 단서로 바꿀 수 있을까? 암, 만성질환, 퇴행성질환과 같은 

복잡계 질환(complex disease)은 단일 유전자의 문제가 아니라, 분자 상호작용 네트워크의 재배선

(rewiring)으로 나타나는 경우가 많다. 따라서 “어떤 표적을 선택할지”, “어떤 약물이 효과를 낼지”

를 예측하려면, one-drug&one-target 중심의 환원주의적 접근을 넘어 질병과 약물을 시스템 수준

에서 해석하는 시각이 필요하다.

본 강의에서는 시스템 약리학(Systems Pharmacology)과 네트워크 과학(Network Science)을 바탕

으로, 질병과 약물의 상호작용을 네트워크 관점에서 분석하는 방법을 제시한다. 수강생들은 네트

워크를 이해하는 핵심 개념을 익히고, “약물–표적–경로–질병”으로 기전 축을 분석하는 과정을 학

습한다. 또한 약물전사체(Pharmacotranscriptomics) 데이터를 활용하여 복합적인 약물의 작용 기전

(MoA)을 추론하는 방법을 다룬다. 나아가 다양한 화합물/천연물 데이터베이스를 활용하여 네트워

크를 제어할 수 있는 최적의 후보 물질을 발굴하고, 이를 약물 재창출(Drug Repositioning) 연구에 

적용하는 실전 전략을 소개한다.

강의는 다음의 내용을 포함한다:

  ⚫ 네트워크 과학(Network Science) 기본 개념

  ⚫ 네트워크 약리학(Network pharmacology) 연구 방법

  ⚫ 약물전사체학(Pharmacotranscriptomics) 연구 방법

  ⚫ 약물재창출(Drug Repositioning) 및 효능 예측 사례

* 교육생준비물: 

  R 및 Cytoscape 사용 가능 컴퓨터

* 강의 난이도: 초급

* 강의: 박상민 교수 (충남대학교 약학대학)
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전통적인 생물학자의 접근 방식

A부품을 망가뜨려 보고 라디오가 동작하는지 살펴본다.

B부품을 망가뜨려 보고 라디오가 동작하는지 살펴본다.

C부품을 망가뜨려 보고 라디오가 동작하는지 살펴본다.

D부품을 망가뜨려 보고 라디오가 동작하는지 살펴본다.

생물학자는 라디오를 고칠 수 있을까?
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Traditional approach

From the part to the whole – via the systems perspective

1. Decomposition
2. Describe each part
3. Remove or add parts

Underlying systematic design principle

quantitative, testable, predictable

http://www.proprofs.com/quiz-school/story.php?title=blind-men--elephant

전통 생물학: “장님 코끼리 만지기”
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Hanahan and Weinberg, Cell, 100:57.
Signaling Networks in Cancer.

Phenotype is an emergent outcome of complicated interactions of molecules that are orchestrated together.

From the part to the whole – via the systems perspective

했
통
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Disease as network perturbation

• Complex diseases (cancer, Parkinson’s disease, and 
diabetes) are defined by dysregulated networks.

• We need to reconsider our strategies for drug design 
and selection of molecular targets for treatment. 

• A network approach should provide the framework for 
designing therapies.

Understand and Control the network system

Drug as network control

• Drug-induced rewiring in network feedback 
and crosstalk action can lead to unexpected 
activation of targeted or bypass pathways.
=> adapt to and counteract the drug effect.

• We need to develop novel theoretical and 
experimental framework to explore the 
dynamic complexity of cellular networks 
after multiple perturbations.
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Network of Networks

인체는 복잡한 네트워크가 계층적으로 구성되어 있다!

인체는 복잡한 네트워크가 계층적으로 구성되어 있다!
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시스템 생물학의 대두

➢ 유전자, 분자, 세포 수준의 요소를 통해 그들 간의 관계를 찾고, 관계에 관한 정보들을 시스템

차원의 관점에서 통합하여 분석하는 학문

➢ 세포, 조직 수준에서 벗어나 유기체적 접근으로 인체를 이해해야 한다는 접근

➢ 유전체-전사체-단백체-대사체 : 유기체적 접근을 필요로 하는 omics 데이터

1)유기체 내에서의 상호작용을 설명하는 방법과

2)각각 다른 계층의 데이터를 연결하여 설명하는 방법이

필요했기 때문에 네트워크 이론을 사용하게 됨
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Different Networks, 
Same Graph
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Reference

prescription-herb-compound-target
network
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점(Node)와 선(Edge)를 이용하여

네트워크를 정의하고 만들어진 네트워크의

구조(Topology)와 변화(Dynamics)를

이용하여 현상을 설명, 예측하는 방법

Zooming into the World Wide Web
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• What are network measures that characterize the topology of these networks?

• How are these measures related to macroscopic properties of the networks?

Protein interaction network : 
Related to chronic myeloid leukemia

Delta airline domestic routes network

Twitter follow network

Macroscale properties of various networks

Biological NetworksSocial Network

Transport Network

T cell survival signaling network

Analysis of network structure (topology)
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Characteristic of networks – degree distribution
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Graphical and matrix representation of networks

Graphical and matrix representation of networks
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Graphical and matrix representation of networks
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Network  
measures
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The hidden networks of 
everything

https://youtu.be/RfgjHoVCZwU

Networks can be characterized by many network properties.
Network Properties

Degree distribution Node accessibility Clustering coefficient

0

5

1 2 3 4 5 6

Number of nodes 
per link degree

Characteristic path length
ҧ𝑙𝑙 = avg 𝑙𝑙 𝑖𝑖, 𝑗𝑗
ҧ𝑙𝑙(𝑖𝑖) = avg 𝑙𝑙 𝑖𝑖, 𝑗𝑗
Graph Diameter
𝐷𝐷 = max(𝑙𝑙 𝑖𝑖, 𝑗𝑗 )

Closeness centrality

𝐶𝐶𝑐𝑐 𝑖𝑖 = 1
ҧ𝑙𝑙 𝑖𝑖

Betweenness centrality

𝐵𝐵 𝑚𝑚 =෍
𝑖𝑖≠𝑗𝑗

𝐵𝐵(𝑖𝑖,𝑚𝑚, 𝑗𝑗)
𝐵𝐵(𝑖𝑖, 𝑗𝑗)

Clustering coefficient 
of Black node

𝐶𝐶𝑥𝑥 =
4
5
2
= 0.4

Clustering coefficient 
of Whole graph
ҧ𝐶𝐶 = avg 𝐶𝐶𝑖𝑖

Small worldness
High ҧ𝐶𝐶, low ҧ𝑙𝑙

Network Types

Directionality

Poisson Power-law

Network heterogeneity

𝐻𝐻 = Var(𝑘𝑘)
mean(𝑘𝑘)

Directed graphs have 
separate ‘directed’ and 
‘undirected’ properties.

e.g. In-degree and out-
degree distribution  

Direction-considered 
characteristic path length
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It’s a Small World

Regular networks and random networks

Characteristic
path length

0
1
2
3
4
5
6

1 2 3 4
0
2
4
6
8

10

1 2 3 4

Regular networks

All nodes have same number of links Similar number of links

𝐺𝐺 𝑛𝑛, 𝑝𝑝

𝐺𝐺(𝑛𝑛,𝑀𝑀)

All node-pairs have same 
probability of connection 𝑝𝑝

A graph is chosen random-
uniformly from all possible graphs 
with 𝑀𝑀 edges 

Random networks

Random network with 
n=50, M=75

0
2
4
6
8

10
12
14

0 1 2 3 4 5 6 7 8

Poisson Distribution

Generating 
methods

Clustering
coefficient

Number of nodes

CPL

Regular networks
ҧ𝑙𝑙~𝑁𝑁

Number of nodes

CPL

Random networks
ҧ𝑙𝑙~ ln𝑁𝑁

Expectation value of clustering 
coefficient: 𝑝𝑝

Ring lattice with degree 𝑘𝑘:

𝐶𝐶 = 3(𝑘𝑘 − 2)
4(𝑘𝑘 − 1) ≫ 𝑝𝑝

(Different for general regular 
networks)

Degree
distribution

Ring lattice with degree 4
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Small-world networks

Limitations of Watts-Strogatz model
• Unrealistic degree distribution:

Real world networks follow power law, which 
cannot be explained by Watts-Strogatz model

• Degree distribution of Watts-
Strogatz model (1000 nodes and 
2000 edges, p=0.1) Homogeneous 
distribution: peak on average

Watts-Strogatz small-world model

Small-world networks

Generation: Start with ring lattice, rewire each edge randomly by probability 𝑝𝑝
Watts-Strogatz small-world model

• Generation of Watts-Strogatz small-world network. 
𝑝𝑝 = 0 and 𝑝𝑝 = 1 obtains regular lattice and random 
network respectively.

Characteristics

• General Small-worldness

- Highly clustered than random networks
- Small characteristic path length like random networks 

(at least ҧ𝒍𝒍~ 𝐥𝐥𝐥𝐥𝐥𝐥𝒏𝒏)
- High ‘small world coefficient’

- Many less-concentrated 
hubs

• Generally homogeneous 
degree distribution

• Real-world advantages: Efficient information flow, 
robust to perturbations via high clustering

https://mathinsight.org/applet/small_world_network
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Scale-free networks

• Generation: Preferential attachment

• Definition: Power-law degree distribution

𝑃𝑃(𝑘𝑘)~𝑘𝑘−𝛾𝛾

𝑃𝑃(𝑖𝑖)~ (𝑘𝑘𝑖𝑖+𝐴𝐴)
σ𝑖𝑖(𝑘𝑘𝑖𝑖+𝐴𝐴)

• Higher probability of link addition for hubs
• Larger 𝐴𝐴 → larger 𝛾𝛾

𝐴𝐴 = 0: 𝛾𝛾~3

• Graph steeper as larger 𝛾𝛾

Non-preferential attachment Preferential attachment

• Scale-free: no characteristic 
value 𝑘𝑘 on the graph 

(1) Extremely small characteristic path length:
ҧ𝑙𝑙~ log log 𝑁𝑁

(2) Relatively many super-hubs (long tail)
(3) More robust to random error. 
(4) More fragile to hub-targeted attacks.

• Characteristics

degree

• Preferential attachment can generate network with power 
law degree distribution.

Long-tail

Degree distribution

degree
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Scale-free properties of biological networks
Biological origin

• Scale-free networks are more ‘fit-to-survive’ than random networks, 

because biological errors occur mainly by random events, not 

targeted attacks. 

• Signaling, gene regulation, metabolic, protein-protein inter-action 

networks all have scale-free properties.

• In particular, metabolic and PPI networks also have high clustering 

coefficient (thus small-worldness), which provides advantages on 

information flow and local robustness.

Scale-freeness of biological networks may be 
result of preferential attach-ment by gene 
duplication.Fitted power-law distribution for the gene regulatory network (GRN), transcriptional 

regulatory network (TRN), and protein-protein interaction network (PPI) of S. 
cerevisiae and E. coli .

Duplication-Divergence model

Scale-free networks
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Structure-function relationship

• Failure : selection and 
removal of random nodes

• Attack : selection and 
removal of a few nodes that 
play a vital role in 
maintaining the network’s 
connectivity
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Meso-level property

51
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• Topological modules correspond to locally dense neighbourhoods of the interactome, 
and represent a pure network property.

• Functional modules correspond to network neighbourhoods in which there is a 
statistically significant segregation of nodes of related function. 

• A disease module represents a group of nodes whose perturbation (mutations, 
deletions, copy number variations or expression changes) can be linked to a particular 
disease phenotype.

Module identification methods for different purposes

• Abstraction of intracellular biomolecular interactions into networks is useful for data 
integration and graph analysis. 

• Network analysis tools facilitate predictions of novel functions for proteins, prediction 
of functional interactions and identification of intracellular modules.

• These efforts are linked with drug and phenotype data to accelerate drug-target and 
biomarker discovery.

Modular representation can reduce the complexity of network structure 
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Module identification using K-Core decomposition

• In the first round, all nodes with one 
or less edges are removed from the 
graph, and all their edges are deleted.

• In the second round, all nodes with 
two edges or less are removed from 
the graph and their edges deleted.

• Similarly, at the i-th iteration all 
nodes with less than i neighbors are 
removed from the graph.

Modularity in graph theory

෍
𝑠𝑠=1

𝐾𝐾 𝑙𝑙𝑠𝑠
𝐿𝐿 −

𝑑𝑑𝑠𝑠
2𝐿𝐿

2
𝑄𝑄 =

• Network modularity is the degree to which it can be separated into nearly 
independent subnetworks.

• Briefly, the Newman and Girvan algorithm finds the division of the nodes into 
modules that maximize a measure Q.

Where 𝐾𝐾 is the number of modules, 𝐿𝐿 is the number of edges in the network, 𝑙𝑙𝑠𝑠 is the 
number of edges between nodes in module 𝑠𝑠, and 𝑑𝑑𝑠𝑠 is the sum of the degrees of the 
nodes in module 𝑠𝑠.

• The rationale for this modularity measure is as follows:
A good partition of a network into modules must comprise many within-
module edges and as few as possible between-module edges.
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Meso-level property

58

Meso-level property

◼ What can be identified as a module in the signal 

transduction network?

medgadget.com
Signaling pathways can be 
candidates of modules.
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Micro-level property: Motifs

Different ways of study of biological networks

Structure-function relationship!
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Micro-level property

Network Motifs are defined as patterns of interconnections that recur in 
many different parts of a network at frequencies much higher than 
those found in randomized networks.

Why do we study network motifs?

Network motif = basic functional unit= Basic building block

Forecasting of operation and response in the network under given situations.

In order to explore the connection with various functions by dividing the 
network into the smallest unit.

1         2        3        4        5        6        7        8        9        10      11     12       13
Sub-graphs

Building block

61

n=1   Self-loops and isolated nodes
n=2   An edge, or a loop of two nodes
n=3   13 types of connected directed graphs

Best common feature in gene 
regulation networks of E.Coli

Network Motif
basic interaction patterns that recur throughout biological networks, 
much more often than in random networks.

Crp

araC

araBAD
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Micro-level property

64

Milo, Ron, et al. "Network motifs: simple building blocks of complex 
networks." Science 298.5594 (2002): 824-827.

◼ Network motifs: simple building blocks of complex networks

Micro-level property

◼ How to find?

▪ Comparison with random network 
to find statistically significant motifs.

▪ By generating several random 
networks (R) with the same number 
of nodes and links as the target 
network (N), the significance of 
network motifs is determined by 
considering the average number of 
motifs and their standard deviation.

63

• <S>N : Number of structures found in the target 
network

• <S>R : Average of the number of structures found 
in a random network

• σR : Standard deviation of the number of 
structures found in a random network
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Micro-level property

66

◼ Evolutionary design principles and functional characteristics based on 

kingdom-specific network motifs

Kim, Tae-Hwan, et al. "Evolutionary design principles and 
functional characteristics based on kingdom-specific 
network motifs." Bioinformatics 27.2 (2011): 245-251.

Micro-level property

◼ Superfamilies of evolved and designed networks

65

Milo, Ron, et al. "Superfamilies of evolved and designed 
networks." Science 303.5663 (2004): 1538-1542.
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Introduction to Network Science for 
Transcriptomics-guided Drug Discovery

PART II

충남대학교 약학대학
박상민

Introduction to Network Science for 
Transcriptomics-guided Drug Discovery
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Cytoscape를 활용해봅시다
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Cytoscape를 활용해봅시다

Cytoscape App Store
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01. 타겟 데이터베이스

0. DrugBank

✓ FDA 승인 약물을 포함하여 수천

개 이상의 의약품에 대한 화학적, 

약리학적, 제약적 데이터를 통합해

제공하는 포괄적인 온라인 데이터

베이스

✓ 분자 구조, 약물 표적, 상호작용, 

대사 등 상세한 정보를 통해 신약

개발 및 임상 연구에 활용

Data-Driven Drug Discovery in Herbal Medicine

"Systems pharmacology approaches in herbal medicine research: a brief review." BMB reports 55.9 (2022): 417.
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01. 타겟 데이터베이스

2. TCMSP 

✓ 현재 가장 잘 알려지고 유명한 플랫폼

✓ Compound 선정 시 OB, DL, Lipinski rule of five, BBB 등의 약동학적 성질 이용

✓ Drug-Target interaction 예측 시 인공지능 사용(RF, SVM)

✓ 식물성 약재가 대부분이기 때문에, 동물성 약재, 광물성 약재가 거의 없으며 많이 사용하는

한약재가 없는 것이 단점 (예 : 녹용, 원지)

✓ 미리 계산해 놓은 값을 데이터베이스 형태로 제공

01. 타겟 데이터베이스

1. Pubchem

✓ Compound database

✓ Compound 정보 검색 (약동학적 성질, 관련 질환, 관련 타겟, 관련 논문 등)
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01. 타겟 데이터베이스

4. SymMap 

SymMap integrates traditional Chinese medicine (TCM) with modern medicine (MM) 
through both internal molecular mechanism and external symptom mapping, thus 
provides massive information on herbs/ingredients, targets, as well as the clinical 
symptoms and diseases they are used to treat for drug screening efforts.

http://www.symmap.org/

01. 타겟 데이터베이스

3. ETCM 

http://www.tcmip.cn/ETCM/
http://www.tcmip.cn/ETCM2/
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01. 타겟 데이터베이스

5. BATMAN-TCM

✓ Drug-Target interaction 예측 시 이미 알려져 있는 정보를 이용하여 scoring하여 제공

✓ 본초 이름 혹은 SMILES string만 있으면 서버에서 계산하기 때문에 DB에 수록되지 않은 성분

도 예측 가능하다는 장점이 있음

✓ DTI 상호작용 예측 시 상호작용 근거를 찾기 어려움 (효과 있음/부작용을 분리할 수 없음)

http://bionet.ncpsb.org.cn/batman-tcm/#/home
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02. 타겟 예측

2. SuperPred
화합물의 화학적 구조를 기반으로 약물이 결합할 수 있는 표적 단백질을 예측하고, 약물 재창출

또는 부작용 예측을 돕는 웹 기반 도구. 화합물의 구조적 유사성을 활용해 기존 약물의 표적과 비

교하여, 새로운 약물의 표적이나 상호작용을 예측

02. 타겟 예측

1. SwissTargetPrediction
화합물의 화학적 구조를 기반으로 그 화합물이 표적할 수 있는 단백질을 예측하는 온라인 도구

기존에 알려진 약물-표적 상호작용 데이터와 유사성 검색 알고리즘을 사용하여, 사용자가 입력

한 화합물이 어느 단백질과 상호작용할 가능성이 높은지를 예측
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02. 타겟 예측

3. Similarity Ensemble Approach
화합물의 화학적 구조 유사성을 기반으로 약물 표적을 예측하는 웹 기반 도구. 기존에 알려진 약물-표적

상호작용 데이터를 바탕으로, 입력된 화합물이 기존 약물과 얼마나 유사한지 분석하여, 해당 화합물이

결합할 가능성이 높은 표적 단백질을 예측
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Life Sciences (2025): 123951.
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Group-specific
Ingredient

Group-specific
target gene

Reimand, Jüri, et al. "Pathway enrichment analysis and visualization of omics data using g: Profiler, GSEA, 
Cytoscape and EnrichmentMap." Nature protocols 14.2 (2019): 482-517.
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Case 1: BJIKT with Network Pharmacology

‘Bojungikki-tang (BJIKT)’ in South Korea
‘Buzhongyiqi-Tang’ in China 
‘Hochuekkito’ in Japan

Case 1: BJIKT with Network Pharmacology

BMC cancer 24.1 (2024): 1169.

Dr. Mi-Kyung Jeong
KM Data Division, Korea 

Institute of Oriental Medicine
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1. 연구편향(Study bias)으로인한중심성과대평가
• 잘 알려진 질환 유전자(예: 대표적 oncogene)나 유명 화합물은 문헌과 실험 데이터가

풍부해 DB에 많이 기록됨
→ 이들이 실제 생물학적 중요도보다 과도하게 중심 노드로 나타날 수 있음

• 반대로 덜 연구된 타깃은 과소평가되어새로운기전후보가사라지는위험이 있음

2. 타깃예측의간접성
• 네트워크 약리학에서 사용되는 타깃 정보는 DB 기반 예측에 의존

→ 실제결합여부나결합친화도는반영되지않음
➡도킹의역할: 예측된 타깃–리간드 쌍 중구조적으로결합가능성이있는상호작용만
선별하여 네트워크의 신뢰도를 보완

3. 기능적효과방향성부족및정적네트워크의한계
• 네트워크 약리학은 “연결됨”은 보여주지만활성화인지억제인지, 병리적 효과인지 보호

효과인지는 구분하지 못함

• 또한 “화합물–타깃–경로”를고정된연결구조로 표현하여 질환 상태, 시간, 세포 환경에
따른동적변화반영불가

➡전사체분석의역할: 실제 질환 조건에서 어떤 유전자와 경로가활성화/억제되는지를
보여줌

Limitations

Case 1: BJIKT with Network Pharmacology
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https://www.nature.com/articles/s41598-023-27593-5

Examples..

https://biodatamining.biomedcentral.com/articles/10.1186/s13
040-020-00221-y

https://www.nature.com/articles/s41598-023-27593-5

https://bmccomplementmedtherapies.biomedcentral.com/
articles/10.1186/s12906-020-2853-5

https://biodatamining.biomedcentral.com/articles/10.1186/s13040-020-00221-y
https://bmccomplementmedtherapies.biomedcentral.com/articles/10.1186/s12906-020-2853-5
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“Perturbome” data analysis – via transcriptomics

Case 2: BJIKT with Transcriptomics
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Case 2: BJIKT with Transcriptomics

Gene set enrichment analysis (GSEA) of immune cell 
responses to BJIKT treatment.

Gene expression analysis in BJIKT-treated 
immune cells.

BJIKT upregulates IFN-γ, TNF-α, and inflammatory pathways 
in B cells, Macrophages, and DCs.

Case 2: BJIKT with Transcriptomics

Systematic transcriptome analysis reveal how herbal 
medicine modulates immunity.

Large-scale RNA-seq data from five immune cell types were 
analyzed within a network.
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Case 2: BJIKT with Transcriptomics

Cytokine level changes in immune cells 
following BJIKT treatment.

Integrated network for key cytokines induced by 
BJIKT treatment and their effects on immune cells

Case 2: BJIKT with Transcriptomics

Immunoglobe immune network

Cell-to-cell interaction networks for 
BJIKT-treated immune cells.

BJIKT influences T cells via cytokines, activating and 
recruiting immune cells.
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• Ginseng Radix (GR)

• Astragali Radix (AR)

• Atractylodis Rhizome Alba (ARA) 

• Glycyrrhizae Radix et Rhizoma (GRR)

Case 2: BJIKT with Transcriptomics
Major BJIKT herbs have distinct roles and synergistically 
enhance immunomodulation.

Case 2: BJIKT with Transcriptomics
Major BJIKT herbs have distinct roles and synergistically 
enhance immunomodulation.
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Case 2: BJIKT with Transcriptomics Unpublished

Cross-sectional comparison

 BJIKT-upregulated genes 
highlighted immune-
effector programs

 TNF-α signaling via NF-κB
pathway

 IL–2/STAT5 signaling
 NK cell markers
 cytotoxic T-cell mediated 

cell death

Patients with NSCLC
receiving atezolizumab (anti–PD-L1)

Case 2: BJIKT with Transcriptomics

Biomedicine & Pharmacotherapy (2025) 188, 118129
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13,000 herbal medicine-responsive signature genes

Disease pathology
module

Cardiovascular and metabolic 
diseases, chronic diseases

Pathology-pharmacology 
network

Pathology-pharmacology 
module network

Drug combination 
prediction

Herbal-herbal medicine 
Herbal-western medicine

Verification: in vitro/in vivo experiments

Drug

• Standardized data

KORE-Map: analysis service platform development (Web & analysis tools)

• Preparations: 24 mixed, 57 herbs
• 3 treatment concentrations (based on IC20 )
• Number of repetitions: 3
• 4 human tissue-derived cell lines

HepG2  A549    HT29   SW1783

Multi-component

Multi-target

Digital transformation of herbal medicine

Dr. Seongwon Cha
KM Data Division, Korea 

Institute of Oriental Medicine
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Digital transformation of herbal medicine

Digital transformation of herbal medicine
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Identification of a novel anticancer mechanism of Paeoniae Radix extracts 
based on systematic transcriptome analysis

Case 3: Systems analysis for medicinal herbs #2
Life Sciences (2024): 123097.

Identification of a novel anticancer mechanism of Paeoniae Radix extracts 
based on systematic transcriptome analysis

Baek SJ et al., Biomedicine & Pharmacotheapy (2022)

Case 3: Systems analysis for medicinal herbs #1 
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Case 3: Systems analysis for medicinal herbs #4 (combination)

Jakyak-gamcho-tang, a decoction of Paeoniae Radix and Glycyrrhizae Radix et Rhizoma, 
ameliorates dexamethasone-induced muscle atrophy and muscle dysfunction

Phytomedicine 123 (2024): 155057.

Systematic transcriptome analysis reveals molecular 
mechanisms and indications of Bupleuri Radix

Frontiers in Pharmacology (2022)

Case 3: Systems analysis for medicinal herbs #3
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Case 3: Systems analysis for medicinal herbs #5 (phytochemical)

Paeoniae Radix Glycyrrhizae Radix et 
Rhizoma

Water 70% Ethanol

Jakyak-Gamcho-Tang (JGT)

JGT-W JGT-E

C2C12 myotube

Transcriptomic analysis

JGT-W < JGT-E

Oxidative stress
Mitochondrion
Muscle atrophy

Experimental validation

JGT-W JGT-E

C2C12 
myotube

• ROS level ↑↑
• Cell damage ↑↑
• Myotube density ↓↓
• Mitochondrial mass ↓↓

C2C12 
myoblast

H2O2

H2O2

H2O2

RNA seq

Oxidative phosphorylation ↑↑
Mitochondria ↑↑
PGC ↑↑ 
mTORC1 ↑↑
ERRa ↑↑
TGF-β ↓↓

Network Pharmacology

Isoliquiritigenin
Catechin
Glabridin

JGT-W < JGT-E

Extraction

vs.

Integration of Transcriptomic Analysis, Network Pharmacology, and Experimental Validation 
Demonstrates Enhanced Muscle-Protective Effects of Ethanol Extract of Jakyak-Gamcho-Tang

Antioxidants 14.7 (2025): 795
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Molecular targets for the muscle protective effects of gRc

gRc protects myotubes from oxidative stress-induced degradation via TGF-β inhibition.

Life sciences (2025)

Antioxidants 12.8 
(2023): 1576.

Journal of Ginseng 
Research 49.1 
(2025): 42-52.

Life Sciences (2025): 124011.

Case 4: Systems analysis for phytochemicals – example 1

Dr. Aeyung Kim
Korean Medicine (KM) Application Center,

Korea Institute of Oriental Medicine
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Molecular targets for the muscle protective effects of gRc

Effects of a TGF-β inhibitor on H₂O₂-induced ROS generation and 
cellular damage in C2C12 myotubes

Life sciences (2025)

Molecular docking suggests gRc directly binds and 
inhibits TGF-β receptor 1 (TGFBR1)

Molecular targets for the muscle protective effects of gRc

Life sciences (2025)
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gRc attenuates TGF-β-induced
• Smad activation
• Ncl upregulation
• myotube degradation Ncl silencing prevents

Molecular targets for the muscle protective effects of gRc

Molecular targets for the muscle protective effects of gRc Life sciences (2025)

gRc suppresses NCL expression, 
a key downstream target of 
TGF-β signaling in muscle
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Molecular targets for the muscle protective effects of gRc

Human transcriptome data confirm NCL elevation 
in aging, inactivity, and sarcopenia

Life sciences (2025)
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Molecular oncology (2024)

Integrative Transcriptomic Analysis Identifies Emetine 
as a Promising Candidate for Overcoming Acquired 

Resistance to ALK Inhibitors in Lung Cancer

Case 4: Drug repositioning for acquired cancer resistance

Prof. Haeseung Lee
College of Pharmacy and

Research Institute for Drug Development,
Pusan National University
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Introduction to Network Science for 
Transcriptomics-guided Drug Discovery




