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a Snake!

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

From the part to the whole - via the systems perspective

¢ Cancer Cell

CORRESPONDENCE

Can a biologist fix a radio?—Or, what | learned while

studying apoptosis

Yuri Lazebnik

Traditional approach

1. Decomposition
2. Describe each part
3. Remove or add parts
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quantitative, testable, predictable
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Human Genome (Static) VS > Functional Networks (Dynamic)
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From the part to the whole - via the systems perspective

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

E-Cadherin p-Catenin




o Humans have only about three times as many genes as the
: Y,
so human complexity seems unlikely to come from a sheer quantity of genes.
Rather, some scientists each has a k with different parts
like genes, proteins and groups

DROSOPHILA MELANOGASTER HOMO SAPIENS
(Fruit fiy)

N L S In this example the fly has T AP AP APT T A
il 'lv!ﬁ il '1-?5 Tl s 40 genes, and the human Pl 'Iv!ﬂ il 'lafs Ml s

. 'Y

o o In the generic networks shown, the points
represent the elements of each organism's
genetic network, and the dotted lines show the inter-
actions between them. Humans have many more ele-

Complex systems

Made of
many non-identical elements
connected by diverse interactions.

1L

COMPLEX NETWORK

Understand and Control the network system

Disease as network perturbation

Genome QOO T I~ 11 + Complex diseases (cancer, Parkinson’s disease, and
~ Epigenome >’ 2 A 2 S & diabetes) are defined by dysregulated networks.
gl €
8| | Trenscriptome T2 % * We need to reconsider our strategies for drug design
@ c
8 E Srcktsoma & and selection of molecular targets for treatment.
z F=_1
| Metabolome k * A network approach should provide the framework for
l / \ designing therapies.
Phenome M Phenotype B «eese M
Drug as network control ono “’J“g T“
High
BRAFYSE jnhibitor § .\I/. T/. ’/.
* Drug-induced rewiring in network feedback |<
= Phase | Phase Il Phase Il . 2 \
3 and crosstalk action can lead to unexpected | £ /' .
¥ activation of targeted or bypass pathways. 2 &
Time i => adapt to and counteract the drug effect. “’; ~
Hi - -
2 £
3 @ q Q * We need to develop novel theoretical and 3 \. \.
@D | experimental framework to explore the H % %
g v Y B / dynamic complexity of cellular networks % ./\. ./l.
:| & & D) after multiple perturbations. . _ ,
Currem Opirion in Strucwral Biakogy Current Opinian in Structural Bikogy
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nutrients,
minerals

HEY:
- transeription factors ’ hormanes
hinases . carbotydrates
I receptors ' enzymes
. other signaling proteins —  BCtivation
====d  emicnmental interactions — suppression
Figura 1.7 Stress resp are by

at different levels of organization (cf. Figure 1.2). At the physiclogical level, the stress
res|

onse system in plants includes changes at the cellular, organ, and whole-plant levels and also affects interactions of the plant with other species.
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What is complex networks?
e Network node (vertex)
= Graph in math
= (Points + Lines)
= (Nodes + Links)

= (Vertices + Edges) T -

a. L“ Ej
Different Networks, B — == e l;
Same Graph \ / Q




RESEARCH ARTICLE | APPLIED PHYSICAL SCIENCES | @ p N AS

The human disease network

Kwang:il Goh. Michael . Cusick. David Valle, | «2 | and Albert-Las2i6 Barabdsi & authors info & Affiliations

Edited by H. Eugene Stanley, Baston University. Bostan, MA, and appeaved April 3, 2007

May 22. 2007 104 (21) BGBS-BE90 | | Org/10.1073/pnas.07 01361104

DISEASOME

disease phenome disease genome

Disease Gene Network
(DGN)

Human Disease Network
(HDN) Perineal hypo

dias
Androgen insensitivity

Ataxia-telangiectasia

Kl .

',‘g.cygvgml’/ ‘

WK
"N

|/

74 \®
] ’m\\\\

[“gell lymphoblastic leukemia

Ataxia-telangiectasia

Amyotrophi
Silver spastic p:

Spastic at

Fancd

Analysis | Published: 05 October 2007

Drug—target network nature biotechnology

Muhammed A Yildinm, Kwang-Il Goh, Michael E Cusick, Albert-Laszlé Barabasi &9 & Marc Vidal &2

Nature Biotechnology 25, 1119-1126 (2007) | Cite this article

® Meatabolism

@ Blood

@ Cardiovascular
@ Dermatological
® Genito-urinary
® Hormones

@ Anti-infectives
@ Antineoplastics
® Musculoskeletal
® Nervous system
@ Antiparasitic

® Respiratory

® Sensory organs
@ Various

" Membrane
' Cytoplasm
Exterior
© Organelles
Nucleus
I Unknown

2\ 3 3L ’ o
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prescription-herb-compound-target
network

Reference

Copprigited Mterint

Filippo Menczer, Santo Fortunato
and Clayton A. Davis

A First Course in

NETWORK
SCIENCE

2N RERE T2AX WNEN I-l]

Albert-Laszlé Barabési

NETWORK
SCIENCE
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Zooming into the World Wide Web
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Collective dynamics of 'small-world'networks

DJ Watts, SH Strogatz - nature, 1998 - nature.com

... The neural network of the worm Caenorhabditis elegans, the power grid of the western ...

to be small-world networks. Models of dynamical systems with small-world coupling display ...
ve M 99 218 565433 218 WY SEXR  TAH 136702 HT  Web of Science: 29365

Emergence of scaling in random networks

AL Barabasi, R Albert - science, 1999 - science.org

Systems as diverse as genetic networks or the World Wide Web are best described as

networks with complex topology. A common property of many large networks is that the

vertex connectivities follow a scale-free power-law distribution. This feature was found to be

a consequence of two generic mechanisms:(i) networks expand continuously by the addition

of new vertices, and (ii) new vertices attach preferentially to sites that are already well

connected. A model based on these two ingredients reproduces the observed stationary ...

S MZE 99 218 479503 Q12 A sh=XE  FA 62702 HE  Web of Science: 24977 99
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Analysis of network structure (topology)

Micro-level (local structure Meso-level (structure at the Macro-level (structure of
of individual nodes) intermediate level of network) entire network)

Macroscale properties of various networks

s Ao B " S aTE _ _
Social Network ¥ 2~ o @ Biological Networks
- - ™ “r— l_.’ B

-9 RN
-‘__ "‘-". N ol a ’/ |Farm %m
B = 2 . Kim. /

= s

[ & | s B s B v BN

' nw L .
Twitter follow network v B P ..,_ Protein interaction network :
. y ..?_ Related to chronic myeloid leukemia
L/ -
o ol e ]

Transport Network

Y - ™= =
AR e -

T cell survival signaling network

Delta airline domestic routes network

*  What are network measures that characterize the topology of these networks?

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

-12 -




Three biological networks. Left: Protein interaction network of yeast. Node size is proportional to the number of
interacting proteins. Center: Neural network of the roundworm Caenorhabditis elegans. Large and red nodes represent
neurons with more outgoing and incoming synapses, respectively. Right: Food web of species in the Florida
Everglades. A directed link goes from a prey to a predator species. The weight (width) of a link represents the energy
flux between the two species. Node size and color represent incoming and outgoing links, respectively, so that large
blue nodes are the species at the top of the food chain, while small red nodes are the species at the bottom.

nature
REVIEWS

nature

T IRTORATIONR WLLELY JOSRNRL 86 EANCE

GENETICS

A 3D wiring
diagram for
the mouse
brain

nature
REVIEWS

GENETICS

Figure 1.4
Mapping the Brain

An exploding application area for network sci-
enceis brain research. The wiring diagram of a
complete nervous system has long been avail-
able for C. elegans, a small roundworm, but
neuronal connectivity data for larger animals
has been missing until recently. That is chang-

ing thanks to major efforts by the scientific Figure 1.5

community to develop technologies that can Network Biology and Medicine

map out the brain’s wiring @agram. The lmage The cover of two issues of Nature Reviews Ge-
shows the cover of the Apl‘ll 10, 2014 issue of netics, the leading review journal in genetics.

Nature, reporting an extensive map of the lab- The journal has devoted exceptional attention

3 to the impact of networks: the 2004 cover fo-
oratory mouse [4] generated by researchers at cuses on network biology [8] (top), the 2011 cov-

the Allen Institute in Seattle. er discusses network medicine [9] (bottom)

-13 -
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Degree

Degree: The degree k; of node i
is equal to the number of edges
attached to node i.

The red node has degree k = 4.
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NETWORK

Internet

Www

Power Grid

Mobile Phone Calls
Email

Science Collaboration
Actor Network
Citation Network

E. Coli Metabolism

Protein Interactions

NODES

Routers

Webpages

Subscribers

Email addresses

Scientists

Actors

Paper

LINKS

Internet connections
Links

Cables

Calls

Emails
Co-authorship
Co-acting

Citations

Chemical reactions

Binding interactions

DIRECTED N L (k)
UNDIRECTED
Undirected 192,244 609,066 6.34
Directed 325,729 1,497.134 4.60
Undirected 4,941
Directed 36,595 91,826 2.51
Directed 57,194 103,731 1.81
Undirected 23133 93.439 8.08
Undirected 702,388 | 29,397.908 | 83.71
Directed 449,673 4,689,479 10.43
rected 5,802 5.50
Undirected 2,018 2,930 2.90
Table 2.1
Canonical Network Maps

The basic characteristics of ten networks used
throughout this book to illustrate the tools of
network science. The table lists the nature of
their nodes and links, indicating if links are
directed or undirected, the number of nodes
(N) and links (L), and the average degree for
each network. For directed networks the aver-
age degree shown is the average in- or out-de-
grees <k> = <k >=<k_ > (see Equation (2.5)).

Characteristic of networks — degree distribution

(a)

(c)

(b) 075

(d)

Py
0.5

0.25

]

0.75
Py
05

al

3

o

1 2 4
k

L I 1 1

1 2 3 4

k

Figure 2.3
Degree Distribution

The degree distribution of a network is pro-
vided by the ratio (2.7).

(a) For the network in (a) with N = 4 the degree
distribution is shown in (b).

(b) We have p, = 1/4 (one of the four nodes has
degree k, = 1), p, = 1/2 (two nodes have k,
=k,=2),and p, =1/4 (as k, = 3). As we lack
nodes with degree k> 3, p, = 0 forany k> 3.

(c) A one dimensional lattice for which each
node has the same degree k = 2.

(d) The degree distribution of (c) is a Kroneck-
er's delta function, p, = &(k - 2).

-15 -




Graphical and matrix representation of networks

Undirected Directed

Unweighted

Weighted

: Graphical representations of undirected, directed, and weighted networks. The circles represent the nodes. Pairs of
adjacent nodes are connected by a line (link) or arrow (directed link). Arrows indicate the direction of the links. The
thickness of a link represents its weight in weighted networks.

Graphical and matrix representation of networks

Undirected Directed

Original

Subnetwork

Network and subnetwork examples. We also show the adjacency matrix representation of each network (see
Section 1.9).

-16 -




(a)

(b)

()

(d)

(e)

Undirected
Self-loops
Multigraph r
(undirected) 2
Directed
Weighted f
(undirected)

Complete Graph
(undirected)

RN -0 B - - -

-

It [-N-E=K-]

> oon~
ES
=l

A
-
v
[]

-0 =0

== R

A
-
¥
2[R

Undirected Network

A network whose links do not have a defined direc-
tion.

Examples: Internet, power grid, science collabora-
tion networks.

Self-loops

In many networks nodes do not interact with them-
selves, so the diagonal elements of the adjacency
matrix are zero, A, = 0, i = 1,.., N. In some systems
self-interactions are allowed; in such networks,
self-loops represent the fact that node i interacts
with itself.

Examples: WWW, protein interactions.

Multigraph/Simple Graphs

In a multigraph nodes are permitted to have multi-
ple links (or parallel links) between them. Hence A4
can be any positive integer. Networks that do not
allow multiple links are called simple.

Multigraph Examples: Social networks, where we
distinguish friendship, family and professional
ties.

Directed Network

A network whose links have selected directions.
Examples: WWW, mobile phone calls, citation net-
work.

Weighted Network

A network wheose links have a defined weight,
strength or flow parameter. The elements of the
adjacency matrix are Ag=w, if there is a link with
weight W, between them. For unweighted (binary)
networks, the adjacency matrix only indicates the
presence (A, = 1) or the absence [Au =0)of alink.
Examples: Mobile phone calls, email network.

Complete Graph (Clique)

In a complete graph, or a clique, all nodes are con-
nected to each other.

Examples: Actors in the cast of the same movie, as
they are all linked to each other in the actor net-
work.

Graphical and matrix representation of networks

Undirected Directed

Unweighted

T L |

Weighted

m lllustrations of degree and strength in directed, undirected, weighted, and unweighted networks. The links of nodes
a, b, and c along with their weights are highlighted in red, and their degrees or strengths are shown.

-17 -




Important measures...
(How to find important node?)

« Degree centrality (Hub:Ot& & *

— Node with lots of connections

- Betweeness centrality (Linker: 01 JH XI) /O/
— Node with lots of traffic %

 Closeness centrality (Center: S &1 At) g ;\
— Node in the middle of the network

EZEX| x| ®2} ofF BN MFE

HE 344
(Degree Centrality)

07 SHE

(Betweenness Centrality)
o—
Bridge

H = (Bottlenecks) - & S & H|0f,
O|&%el o8 B

oY 344
(Closeness Centrality)

512 (Hubs) - M| Z 40| X

X|E (Metric) Ho| (Definition) M 23t o|n| (Biological Implication)
Degree Centrality HEE AX|Q| & T4 CHEE(Hub). 4 212 XY 32H0| o212 4 US.
Betweenness Centrality £|¢H 220 flX[oh= R 71X 28 7to| HZ 12| FatXQl oS HX(VIP).
Closeness Centrality BE LK Aol H4 HES|3 MM Z AT E wh2H| Hsts 53,

-18 -




Local clustering coefficient

m for a node i, the local clustering
coefficient captures the fraction of its
neighbours that are directly connected

m undirected networks

2-k(i) k(i)

%)

“ T a@-n

m directed networks

o k(i)
G = o N oue () = 1)

for k(i) := |{(, k) € E : (i,j) € E A (i, k) € E}|

Clinical Pharmacology
& Therapeutics

State of the Art

Network Connecting the Dots: Applications of Network Medicine in
Pharmacology and Disease
measures &

A Jacunski, N P Tatonetti 24

First published: 29 August 2013 | https://doi.org/10.1038/clpt.2013.168 | Citations: 11

a Degree d Closeness centrality
High-degree node Low-degree node High closeness centrality Low closeness centrality
b Bridging centrality e Clustering coefficient
High bridging centrality Low bridging centrality High clustering coefficient Low clustering coefficient
c , f ,
Betweenness centrality Modularity
High betweenness centrality Low betweenness centrality Highly modular network Nonmodular network

-19 -




Networks can be characterized by many network properties.
Network Properties

Degree distribution Node accessibility Clustering coefficient
Number of nodes
per link degree
5
o llllu

123 456

Clustering coefficient
of Black node
4
Cy = ﬁ =04
2
Clustering coefficient
of Whole graph

Characteristic path length
= avg(l(i,j))
() = avg(1(i, ))
Graph Diameter
D = max(l(i,))
Closeness centrality

Poisson Power-law

\ 2
\ N
.

S

[

Directionality

O
@) O

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

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

Hidden
Networks

The hidden networks of
everything

https://youtu.be/RfgjHoVCZwU

T Tr
) 1
Network he‘t/ero(ie)neity - Cc(i) = Tl)t N ¢ = avg(Cy)
weenn ntrali
— yvartk) ctwee essgz r:j)y Small worldness characteristic path length
mean (k) B(m) = d High C, low [
£ B(@i.))
J
Network Types
Regular Small-world Random
(a) Random network (b) Scale-free network
p=0 » p=1
Increasing randomness
»
>
T )
!
.
:
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Regular networks and random networks

Regular networks

Generating
methods

All nodes have same number of links Similar number of links

Random networks

All node-pairs have same

G(n, p) probability of connection p
A graph is chosen random-
G(n,M)  uniformly from all possible graphs

with M edges

6 : —
Degree 5 8 A & 5
N . 4 i Gl =T
distribution : ] ;
i 2 L] :
0 o ° 0 1 2 3 4 5 6 7 8
1 2 3 4 1 2 3 4 Random network with
n=50, M=75 Poisson Distribution
Regular networks ) Random networks
... I~N _
Characteristic cPL 350 o e I~InN
path length = B 3
100 * * = 2 ¥=0.7105n(x) + 0.1868
o 1 -
o =00 1090 2500, 0 200 400 600 800 1000 1200
Number of nodes Number of nodes
Ring lattice with degree k:
Clustering _3k=2) > \ Expectation value of clustering
coefficient 4(k — 1) P 3 coefficient: p
(Different for general regular G o
netWOrkS) Ring lattice with degree 4
It’s a Small World
Degrees of separation
You Bill Gates

2
3 4

)
S
5 6
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Sma||-W0r|C| networks https://mathinsight.org/applet/small_world_network

Watts-Strogatz small-world model

Generation: Start with ring lattice, rewire each edge randomly by probability p

Characteristics )
Regular smallworld * Generation of Watts-Strogatz small-world network.
p = 0and p = 1 obtains regular lattice and random
network respectively.
* General Small-worldness
- Highly clustered than random networks
p=0 > p=1 - Small characteristic path length like random networks
Increasing randomness (at least i"' lOg Tl)
T I maat . . - High ‘small world coefficient” = M
* “ o 1 L}Lr{md
sfL * C(p)/ Cl0 o ]
08 . P/ C0) 1 *  Generally homogeneous -
b o 1 . . . q I.lllnl
ool ] degree distribution \
r . - ] [
- Many less-concentrated °
04| = 4 [
C . ] hubs F 2 [\
L LpLe) e ] £ [
0.2 . = g 4 ; \
b L o / e
L I T ~ / \
] P | PR | s eanal PEENEEETEY | = / \.\.
0.0001 0.001 0.01 0.1 1 e
P o et : —
Network Lattice, Small Random, ’ ‘ _:,,, ' '
Ordered World Disordered . . .
Clustering Coefficient High High Low e Real-world advantages: Efficient information flow,
Mean Path Length Long Short Short robust to perturbations via high clustering
Small-world networks ® . ?

Watts-Strogatz small-world model

Limitations of Watts-Strogatz model

e Unrealistic degree distribution:
Real world networks follow power law, which
cannot be explained by Watts-Strogatz model

frequency

degree

* Degree distribution of Watts-
Strogatz model (1000 nodes and
2000 edges, p=0.1) Homogeneous
distribution: peak on average
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a.  POISSON b.

e
'  —
u - ——
E Most nodes have . { z \ / 3 (
~ the same number / | o - _%,,, o ; } -
3 of links [ \ \ \ [\
: | | \. \ JN L - /] o
v No highly PP . N b ' ' \ 7 —e / P
B connected nodes L4 £ @ J . ' ..
c | 4 |
- i Al |
i ® I R ‘
2 . —¥
E T | W o s
. \ L, \ 3
= o Ny Pt Loart®
Number of links (k] . ; ‘ — A [
) & ) “
~ i N .
J e
]
C.  POWERLAW d. e
| o e T~ —
_g ' Many nodes \
= ) with only a few links |
= N | B
£ i i s
= N A few hubs with | » i o
_3; _-“ \ large number of links e | - »_.‘;;"/"7 E— :’17- =X
E 2 -
o e —
o
2
E
5 - -
=z

Number of links [k

Scale-free networks
¢ Characteristics

* Definition: Power-law degree distribution (1) Extremely small characteristic path length:

P(l)~k™Y [~ log(log(N))

(2) Relatively many super-hubs (long tail)
(3) More robust to random error.

(4) More fragile to hub-targeted attacks.

e Graph steeper as larger y

In (p(k))

e Scale-free: no characteristic

value k on the graph
In (k)

* Generation: Preferential attachment

(ki+A)
PO~S kv ay
Yi(ki+A)
e Higher probability of link addition for hubs
e Larger A - largery
A=0:y~3
Degree distribution
1 Non-preferential attachment 10 Preferential attachment
R 1
0.1
01 -
0.01 - y=1.217300749% 0.01 - Long-tail
0.001 1 0001 |  y=10158c2% \”\f‘
0.0001 - 0.0001 + 11—
1 degree 10 1 10 degree 100

* Preferential attachment can generate network with power
law degree distribution.
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Scale-free networks

| martace | s | code
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Command Cafiler

Scale-free properties of biological networks

* 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 PPl networks also have high clustering
coefficient (thus small-worldness), which provides advantages on

information flow and local robustness.

S. cerevisiae E. coli

50-01
5e-01
i

g 1 g A
x 9 x 84
a g e &
3 3
3 T
& &
-1 Z
& 21
1 2 5 10 20 s 100 200 1 2 5 0w o = wo 200
Degree index (log) Degree index (log)

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 .

Biological origin

Duplication-Divergence model

a
1
?%

b
Proteins
Before duplication
m A @ © & &

Genes

&

Al

Nature Reviews | Genetics

&

After duplication
Proteins

Scale-freeness of biological networks may be
result of preferential attach-ment by gene
duplication.
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Structure-function relationship

od %'Q -
()\})/éa ‘ﬁ(}?ﬁ) o\O

Exponential
(a) Random network

Scale-free
(b) Scale-free network

o o]
- Attack © O o o o
Exponential o OO o o © "o
network o 0~ o0 ©
Oe° 00 0g
o] q [o S
A
fe
Scale-free e o
o
network o /\ /\O {“o %5
ailure v
VAWV, , o © o
Interne vo OUG
o s ooo

Number of nodes with k links

Power Law Distribution

.
vl
:,\ Very many nodes
# | 72 . withonly afew links
LA
iy
A
¢ % | -
AN A few hubs with
P large number of links
4 \ NN
1 AN Ly
i Ko 9 AN
oA Fife T |
RN ok S e 8
Viry Ay X
Number of links (k)
Error and attack tolerance

of complex networks
Reka Mbert, Rawsong Jesng & Albart-Lasrlo Barabasi

Drepartment of Physics, 223 Niawnland Science Hall, University of Notre Diiwae,
Netre Dasne, Indiena 46336, USA

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

BUT THERE IS Modularity!!!

» High C — real networks are fragmented into group or modules

¢+ Internet: Vasquez, Pastor-Satorras, Vespignani (2001).

% Sociely: Granovetter, M. S. (1973) ; Girvan, M., & Newman, M.E.J. (2001);
Watts, D.J.. Dodds, P. S_, & Newman, M. E. J. (2002).

o WWW:

Flake. G. W., Lawrence, S., & Giles. C. L. (2000).

+ Biology: Hartwell, L-H., Hopfield, T. .. Leibler, S., & Murray, A. W. (1999).

» Traditional view of modularity:

Module 1

L

X
Y

Module 3

Module 4

Module 2

QO Internal Node @ Hub —— Cross Edge
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Meso-level property

# Modules in biology

body

gnsy gk cipdliey

-of

kidney ureter bladder

wetra  (Organ)

part-of

cortex medulla nephron collecting-duct

part-of
glomerulus tubule

part-of

proximal tubule loop of Henle distal tubule
Patil, Ramesh S. Gausal Representation of Patient Lliness for
Electrolyte and Acid-Base Diagnosis. MIT Lab for Comp. Sci.

TR-267 (1981).

www.fags.org

51

istic

Heterogeneity

mesh tree

FIG. 3 A zoo of complex networks. In this qualitative space, three relevant characteristics are included:
randomness, heterogeneity and modularity. The first introduces the amount of randomness involved in the
process of network’s building. The second measures how diverse is the link distribution and the third would
measure how modular is the architecture. The position of different examples are only a visual guide. The
domain of highly heterogeneous, random hierarchical networks appears much more occupied than others.

Scale-free like networks belong to this domain.

actronic circuits
(0

hierarchical modular
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Modular representation can reduce the complexity of network structure

h o of cellular o

1ation of callular transeription, DNA-dependent
T of cellular

tio
ﬁﬂl’/. cellular transcription
ular physiological process

celiular physiological process

ceffutar 2 L 0l process
/ . ATP syrthesis coupled proton transport

AN B cellular metabolic process
lar metabolic process

e 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.

Module identification methods for different purposes

Topological module Functional module Disease module

Py

* 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.

* Adisease module represents a group of nodes whose perturbation (mutations,
deletions, copy number variations or expression changes) can be linked to a particular
disease phenotype.
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Modularity in graph theory

*  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.

ST /d

— S_ =5

Q= E[L 2L
s=1

2

Where K is the number of modules, L is the number of edges in the network, L is the
number of edges between nodes in module s, and d; is the sum of the degrees of the

nodes in module S.

* 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.

Module identification using K-Core decomposition

’ 2
-~ A}
£ P A}
I-core ! = L.--a \  corenmness1 @
Al
y [ N
2 ¥y | corenness 2
-core . ’
. '
YRk i SR / corenness3 @
3-core "
~ ’/

Stage |: Vertex Weighting
procedure MCODEVERTEX-WEIGHTING

inpur: graph: G = [V.E)
Tor all » in G do
M = find neighbors of v 1o depth 1

K = Cet highest k-core graph from N

k= Gt highest k-cone number from M

i = Gt densiry of K
Setweightof v =k « d
end for

end

* |n the first round, all nodes with one
or less edges are removed from the

graph, and all their edges are deleted.

* |nthe second round, all nodes with
two edges or less are removed from
the graph and their edges deleted.

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

Stage 2 Makocular Complex Prediction
procedure MCODE-FIND-COMPLEX,

input: graph: G = (V,E); vertex weights W)
vertex weight percentage: &: seed vertex: §
il s already seen then return

for all ¢ nelghbors of s do

ifwelght of v = (weight of 5)(1 - ) then add v 1o com.

call: MCODE-FIND-COMPLEX (G, W, d. v)
end for
end procedure
procedure MCODE-FIND-COMPLEXES
input: graph: G = [V,E): veruex weighs: W
veriex weight percentage: d

for all @ in G do

if not already seen v then call: MCODE-FIND-COM-
v

PLEX(C, W, d, v}

end for

Stage 3; Post-Processing (aptianal)
procedure MCODE-FLUFFR-COMPLEX

input graph: G = (V.E); vertex weights: W;
fluil density threshold: d; complex graph: C = [LLF)
for all u in C do
if welght of u s then add 10 complex C
end for
end procedure
procedure MCODE-POST-PROCESS

input: graph: G = (V,E); vertex weights: W, haircut flag:
i Muff flag: f;

Muil density threshold: 1 set of predicied complex
graphs: C

for all < in Cdo
il ¢ nat 2core then filter
if Iy bs TRUIE then 2-core complex

if f is TRUE then call: MCODE-FLUFF-COMPLEX| G,
/1)

end for
end procedure

Overall Process
procedure MCODE

input: graph: G = {V.E); vertex weight percentage: o,
haircut Mag: b; Ml Nag: f; Ml density threshold: &
set of predicied complex graphs: C

call: W = MCODE-VERTEX-WEIGHTING (G)

call: C = MCODE-FIND-COMPLEXES (C, W, d)
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Meso-level property

B What can be identified as a module in the signal

transduction network?

e e “;"mnc; w
> G, %’frﬁ?

Signgling athwaycan be
candidates of modules.

medgadget.com

Meso-level property

@ Each color represents the functional role of metabolic
network.

Blue: Glycan biosynthesis and metabolism

= ety

........

http://www.genome.jp/kegg/pathway/map/map01100.html
58

-29-




Different ways of study of biological networks

(a) Basic unit (b) Motifs (c) Modules (d) Transcriptional regulatory network
9
Transcription factor /f ¥\ N 2
22 0 ¢ a\f‘\\J 2
J ;IM "“Jf“‘—-’\l Y/
At A
@ o 2 J\ fil
| | l
| XA o
") 9 2 \.)
MIM . *\ y. J\
—] \ )
J_ =) .//J/JLJ\J ”"/J//J
Target gene and l\ ¢ /./! T |
binding site el
D— ;
FFL Structure and evolution of transcriptional regulatory networks
M Madan Babu'?*, Nicholas M Luscombe®", L Aravind®, Mark Gerstein®

and Sarah A Teichmann'*®

Structure-function relationship!

Micro-level property: Motifs

Autoregulation Linear Cascade

© (9

®
!

®
!
®

Negative Feedback Feed-forward

Positive Feedback
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Building block

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

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

e N ) P
>EREEER e

araC

}

Best common feature in gene + araBAD
regulation networks of £Coli  \

V'V

61

Micro-level property

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

# Network motif = basic functional unit= Basic building block

Why do we study network motifs?

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

# Forecasting of operation and response in the network under given situations.
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Micro-level property

B 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.

OR

3-node motifs

DN

4-node motifs

BERMINA

5-node motifs

AT PPN

<§>, : Number of structures found in the target
network

<§>; : Average of the number of structures found
in a random network

0 : Standard deviation of the number of

structures found in a random network
63

Micro-level property

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

B Network motifs: simple building blocks of complex networks

real network

randomized networks

64
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Milo, Ron, et al. "Superfamilies of evolved and designed
networks." Science 303.5663 (2004): 1538-1542.

Micro-level property

®  Superfamilies of evolved and designed networks

Triad Significance Profile

Normalized Z score
S

o

UL

= —=- TRANSC-E.COLI
@ ~o— TRANSC-YEAST
2250 —+— TRANSC-YEAST-2
—~— TRANSC-B.SUBTILIS

SIGNAL-TRANSDUCTION
TRANSC-DROSOPHILA

TRANSC-SEA-URCHIN
NEURONS

T

WWW-1 N=325,729
WWW-2 N=277,114
WWW-3 N=47,870

to —>be

S
é% :4’3:40 x@(\{/&’ W
éé www: b

SOCIAL-1 N=67
SOCIAL-2 N=28
SOCIAL-3 N=32

4 i

0.5

LANGUAGES: ENGLISH
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not<—or
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v7v
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BIPARTITE MODEL

fhted

10 11 12 13

subgraphs

65

Micro-level property

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.

B Evolutionary design principles and functional characteristics based on

A A thahana

..,..._

110,09

104.28

u A.thaliana

S cerevrsrae
H J -_ .

® S.cerevisiae

H.sapiens
3,

" H.sapiens

385936.19 383

66
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Introduction to Network Science for
Transcriptomics-guided Drug Discovery

SMPARKLAB

) KSBI |sauazeg

KSBi-BIML 2026

Introduction to Network Science for
Transcriptomics-guided Drug Discovery

PART I
Surfsta ofstryet
HEA}O
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Network Analysis & Visualization

Choosing the Right Tool for Your Data Journey
BE E77} BE M0 TEHst A2 obeLic $1X) Hlo|Ele] ST A SXo| uf2t 2Ho| EE MUSHIAL.

G e it m——

p= o
S o=

* Best For: 4E3}/5%7| HIES32|  Best For: S48 24 % 18 « Best For: L2 Gi|0|E| mto|Za}ol
XX et DEX ™Y A23t TE U HAZL HE

« Key Strength: GUI 7|¢t, 2+2ist * Key Strength: Z2{¢t S7| 17| x|  Key Strength: &34, ¥102|5
E2{0Q! AefA| ¢lE, ofSCi2 J2iy 28 T8 8014

 User Profile: 22/EC} OIRA  User Profile: S5 dstat A|Zt « User Profile: 2IX|L|0{2! B{ZHO|
g Mots ARt X HAEOO|EE FAlots 247t UALE XtS3H7t ©Rdh olo|g 2pskxt
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Cytoscape: Interactive Exploration Without Code

WORKFLOW GUIDE

O 01.Data|mp°rt a;xoc:‘j”nuaazz':na DéewWwo
Control Panel ¥ X Cyroscape € P ResulsPanel » x|
Menu: File = Import = Network from File... —— - W
Detail: 2044(xlsx) £ CSV IY§ 2EBLICE i — |
Source Node9} Target Node Z& XI35t0{ 278 DYl | 4
Feolsta, £4(Attribute) G|O|E{ & DHZRILICE .
0 02.Analysis o
Menu: Tools - Network Analyzer - Network =
Analysis = Analyze Network e S
Detail: 22| ¢! $1O2 Degree, Betweenness Con e ——
Centrality, Clustering Coefficient §2| 8 X|EE o
XS AlArgiL|ch awo [
7N
03. Visualization a e sesaslee
Menu: Style Tab & Layout Menu 5 e
Detail: Layout2 'Prefuse Force Directed'E M€, e T sl emsing R °

Mapping2 Node Size& Degreelll, Node ColorE
Betweenness0l| 21 Z510{ A|Zf2EHLICt

R: Statistical Rigor Meets Publication-Quality Graphics

# 01. Setup & Load

library(tidyverse); library(tidygraph); library(ggraph)

nodes <- read_csv("nodes.csv")

edges <- read_csv("edges.csv")

# Clojg] Z2YE Tl A2 M

graph_obj <- tbl_graph(nodes = nodes, edges = edges, directed = TRUE)

# 02. Analysis (Centrality Calculation)
graph_obj <- graph_obj %>%
activate(nodes) %>%
mutate(degree = centrality_degree(),
betweenness = centrality_betweenness())

# 03. Visualization (Grammar of Graphics)

ggraph(graph_obj, layout = 'fr') +
geom_edge_link(aes(width = weight), alpha = 0.8) +
geom_node_point(aes(size = degree, color = betweenness)) +
theme_graph()
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Python: Scalable Pipelines & Algorithmic Power

@ N
# 01. Data Preparation

import networkx as nx

import pandas as pd

import matplotlib.pyplot as plt

df = pd.read_csv('network_data.csv')
# Pandas DataFrameOfiA] J2HZE 244 M4
G = nx.from_pandas_edgelist(df, source='source', target='target')

OO, E WN =

10 # 02. Algorithmic Analysis

11 # Z48AN AM (Dictionary HEf HEH

12 degree_dict = nx.degree_centrality(G)

13 nx.set_node_attributes(G, degree_dict, 'degree')

15 # @3. Visualization

16 pos = nx.spring_layout(G)
17 nx.draw_networkx_nodes(G, pos, node_size=[v * 1000 for v in degree_dict.values()]
18 nx.draw_networkx_edges(G, pos, alpha=0.5)
19 plt.show()

source target weight )
D 1 5 A% 4
2| A 2 3 %p &
8l 1 3 3 —_ © —/6-0®
@ 2 4 5 > ) - 4
8l s | 8 ¢ & <
6 4 6 1 )
DataFrame (Pandas) Network Graph (NetworkX)

°© L Figure V
REI Q=B
100 . .
”» o
o O

50 o .\

2 @ o . — '. .. fe)

° N

-%{ @ . 1 SN\E ‘ ...

2 | B

. o 2@
~100 ® ¢ o .

#€> +Q=n

The Analyst's Cheat Sheet: Feature Comparison

T

Feature Cytoscape i R

Hlo|E| 2= Excel/CSV Import

(Data Load) (GUI Menu) read_csv() + tbl_graph()
=4 2y Click-based ‘ tidygraph
(Analysis) “Network Analyzer” (Pipe Operator %>%)
AlZtst Hst WYSIWYG Style Layered Grammar

(Visualization) Mapping Panel

(ggraph + ggplot2)

ey Plugin Dependent / In-memory

(Scalability) Memory Intensive

(Medium scale)

Python

Integration

& sc

(matplotlib)

High (Integration
with Big Data tools)

. Key Takeaway: Ci|0|E{ EfA1} 7Hd M CHA|O| A= Cytoscape, =28 1EE XIE HE2R,
CHt 2 AIAS] 9! mo| 2ol 32012 PythonO| 7P 28X JL|C}.

Pandas DataFrame

networkx methods
ipy

Object-oriented Plotting

-37-




itro - sytoscape Web Download Apps Documentation = Community - Report a Bug Help NHANCED BY Goog

é{' 'Cy.tosca pe.

Network Data Integration, Analyms ‘and Visualization in a Box

Analyze Your Genes With NDEXx
iQuery

Cytoscape is an open source software platform for visualizing

complex networks and integrating these with any type of attribute

data. A lot of Apps are available for various kinds of problem domains, Sample Visualizations
including bioinformatics, social network analysis, and semantic web.

Learn more...

Cytoscape

) @CytoscapeTV - 75X} 3,048 - SA 4 237}

s
—
p\—i Cytoscape is a free, open source platform for network analysis and visulizatior ..O&87|

cytoscape.org 2| @3 574

9@

= sga musE Q
F=H
P 3 >
o) Be — -
Network Import into Cytoscape P Text Equations in Cytoscape : RCy3 Identifier Mapping in Cytoscape :

.« 6U1 X =814 3.7M3%] . 64 1 T2 1483 7AH
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CytoscapeE E&0l&AlCH

%, Session: New Session

File Edit View Select Layout Apps Tools Help

> R L QAQQ o

= App Store v 0 2 -
H 3
s [ - —

12' Search the App Store... Q =

@ Installed apps

=

;‘; ¥ AutoAnnotate (v1.5.1)

BINGO (v3.0.5)
ClueGO (v2.5.10)

T Filter

clusteriMaker2 (v2.3.4) @)’ :
CyKEGGParser (v1.2.9)
cyPlot (v1.0.3)

[T] Annotation

EnrichmentMap (v3.4.0)
KEGGScape (v0.9.1)
stringApp (v2.1.1)
WikiPathways (v3.3.11)

S N N N N B R C R CA R Y
-

‘WordCloud (v3.1.4)
v yFiles Layout Algorithms (v1.1.4)

fault core apps -

8 App Stors
) B Ef B} EPEE Bt E) B B) B B B B B B} B B

Cytoscape App Store

i~ @@= EnrichmentMap Pipeline @
]

v aMatReader (v1.2.0)
v Biomart Web Service Client (v3.4.0)
v BioPAX Reader (v34.0)
g v copycatLayout (v1.3.1) QQ |
g v Core Apps (v38.0) ; 4“- y
5
ud mw v CX Support (v2.8.4)
B3 Command Line
- = ) Task (org.cytoscape command.internal CommandSringsExe

autoHGPEC @

An upgrading version of HGPEC
with added automation features to

Collection

Collection of Apps that are part of
the EnrichmentMap pipeline

An App to Link Networks with
Excel Files

RINspector

Combines centrality analyses of
Residue Interaction Networks.

Mclique

Maximal Cliques in a given
Cytoscape network, sorted by size

— o SC
® P
Sl ©)

AutoAnnotate @

Finds clusters and visually
annotates them with labels and

cyREST @

Core App: Language-agnostic
RESTful API

KDDN @

Knowledge-fused Differential
Dependency Network

MCODE @

Clusters a given network based on
topology to find densely connected

GeneMANIA @

Imports interaction networks from
public databases from a list of

The Reductionist View

1 Drug = 1 Target (Lock & Key)
Zge Yo7|= th QIR HAH5k= Ol 4XQl B X|=A|.

7|E 22 Aol 3Hl: ‘Magic Bullet’'2| 3%

The Reality: Multifactorial Disorders

Metabolic —J—f}T -

Iy /
Y/

(i

Complex Diseases (Diabetes, Cancer, Alzheimer's)
el g2 = ST CIRIRHY ZE Mo 27ts.
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—— WE3 %23t SY XIZE Ho| ol HHLISS KR

Multi-Target
(Polypharmacology)

Old Paradigm Network Medicine

S UM s M =2 Drug-Multi-Target-Disease 2t4| £
=g Fz H2 as A HEQA XIHIE ZHsIo| 228 K=

(Curing Causal Mechanisms)

Review Article = Published: 17 December 2010
Network medicine: a network-based approach to a
humandisease

Albert-Laszlé Barabasi B Natali Gulbahce & Joseph Loscalzo

Nature Reviews Genetics 12, 56-68 (2011) | Cite this article

Article | Open access = Published: 13 March 2019

Network-based prediction of drug combinations

Feixiong Cheng, Istvan A. Kovécs & Albert-Liszlé Barabasi &

Nature C ations 10, Article ber: 1197 (2019) | Cite this article

79k Accesses | 757 Citations | 66 Altmetric | Metrics

RESLARCH ARTICLE | SYSTEMS BIOLOGY | § fXWinE B

Network medicine framework for identifying
drug-repurposing opportunities for COVID-19 @ imatini> (chronic myelogenous leukemia) ) Tandutini (acute myeloid leukemia)

Doeisy b ®, jralo do Valls

ik, | +7 |, and Albert-Liszlé Barabisl @ O Authors info & Affiliations . Natalizumab (multiple sclerosis) Shared targets beteeen imatinib and tandutinib

Kisonin, NIH, Bt

April 27,2021  118(15) #2025581118  hig

b Overlapping drugs c Separated drugs
REVIEW - Volume 43, Issue 2, P136-150, February 2022 - Open '_’"a“."b

FrTral 4, Download Full Issue

Network pharmacology: curing causal
mechanisms instead of treating symptoms

Cristian Nogales & ' & - Zeinab M. Mamdouh "5 - Markus List? - Christina Kiel -
Ana |. Casas ® - Harald H.H.W. Schmidt &' &

S =-0.35 = = Sy =0.59 Natalizumab
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HE olgte| Msh4: Chd 2, CHEX| (Multi-component, Multi-target) 212}

o‘.‘“‘ X X .’ f : ot ° .L"(
®-. @ —2 AN o R RO e b
B %8 QOO s e /A
iy ‘\_ > 25 ’A&CJC" RO O ls # g’
. ”} 3 ToA P e o R T RIS onr o iy A
~2) Ginseng o= SN T
: : 2N G o
® . o 0 RO e<-g
',.* % oAl SRS 2
; o ~
. Licorice . B ORI ;
o’
Herbs Chemical Components Protein Targets Disease Network

HIE9|3 2|EH(Network Pharmacology):

¢ref(Herbal Medicine)0| T 20| OFL|2} £=4] 7HX| H 22| 4SE8 8 S3ll 21E tiCh= AS FFELICL

AlLx| 23}

Otz 40| A HIER 32 021 5{E(Hub)E SAl0ll EtH5t0d, THY BN oFE0| 3HAIE 38511 B X188 Z|AstetL|Ct
BEM T2 gA:

1. 848 % 35 A (TCMSP, UniProt)

2. PPI (Protein-Protein Interaction) HIE®|3 7%

3. £Xt £Z(Molecular Docking) ¥ St A|g2{0|4 AZ

HES)3 o2t D 9|32

ci|ol&{ otol'd cl|olg| HE{E HESY3 7=
(Data Mining) » (Curation) » (Construction)

%\ STRING Raw Data
(PPI)
DrugBank o« 72 dixjo|228
(Compounds) (OB) =30%
A4S FAHY
(DL) 20.18
TCMSP
(Herbal)
—J] KEGG

fs- (Pathways)

=M U AT
(Analysis & Validation)

D)

) (&0 G

L LS B 5|2/ & €M (MCODE)
(Confidence Score) > 0.7 -> A8H HS
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Data-Driven Drug Discovery in Herbal Medicine

Herb

e

2o Compound

ST

%Transcriptome

Database

TCMID '

e
osmzo
ATNNY "‘“’"*“‘1 oo

SwissADME

Pub@hem Sussinstiute of  SwissTargetPrediction
STITCH

Uanrot @ ‘ GENEONTOLOGY
_ 7 STRING

'_:} ConNECTIVITY MAP

ConnectivityMap

HERB * ¥ %

TCM102

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

01. EfZU Cf|O| E{H{|O] &

‘/ FDA %ol_l %%% E_ég_é_l-oq _J'\_Ix_‘l @ORUGBANK Explore ~  For Drug Discovery ~  For Clinkeal Software =  For Acadermic Ressarch  Rwsources - m
_ R Search our knowledgebase's 500,000+ drugs and drug products:
7H olAto| ofokE ol T3t BtetE, prini .
of2|BtE, HoH Hl0IES S8
X-" _8_'6|.E E.T-él‘&! OI_| % EI-OI_| E-” Ol E-I Drug Discovery Clinical Software Academic Research

Biopharma intelligence powered by Al

COMPLETE DATABASE STRUCTURES EXTERNAL

RELEASED ON

B The operating system built to drive intelligence workflows across
biopharma to accelerate decision confidence and uncaver high-value
. = . fe) opportunities
CiAF & Mot BEE S o<
=13 o =
e A A Ao =2E

LINKS PROTEIN IDENTIFIERS TARGE

VERSION SIZE COMMAND

T SEQUENCES

W A
‘What trisls are recruiting for Type 2 Diabates?

DRUG SEQUE

These DrugBank datasets are released under a Creative Common's Attribution-NenCommercial 4.0 International License

DOWNLOAD (XML)

(@ OPEN DATA

SCHEMA DEFINITION

All drugs

2026-01-04

51.14 174 MB

Example I & Create Account to Apply
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01. EfZU Cf|O| E{H{|O] &

1. Pubchem

v" Compound database

v Compound d& ZAM (fsstA LA, 2tE e #E B2l 23E =8 §)
Pub@hem dbout  Riog  Submt  Contact COMPOUND SUMMARY
Berberine
PubChem CID 2353
Explore Chemistry 2y s
Quickly find chemical infiox JICES Structure b
Find Similar Structures
Molscular Formula CagHigNO*
De rberine
Synenyms

01. EI‘Z'IJ E" OI E‘I H'" OI A Home > Journal of Cheminformatics > Article

TCMSP: a database of systems
pharmacology for drug discovery from
herbal medicines

2. TCMSP

oINf 7hE & YEX|n fHT EUE

Compound M7 A| OB, DL, Lipinski rule of five, BBB 52| 253 47 0|8
Drug-Target interaction 0| & Al 215 XS AHE(RF, SVM)

AMEd A7 HEE0[7] W20, =9 M, =4 A7t A2l flem Bo| AHEdt=
oI 7F @l= 0| B (O - =8, ’A])

v 02| AL 52 442 HIOIEH0|A HE 2 XS

S =

SERNERNERN

OI'

Herb Information: Coptidis Rhizoma (Click the filter icon T o customize the results)

4 T Degres L T
< & R
ol
o 3 16
""‘ clos 2 13
. ) = | s MRz 13
E = | 58 EGFR 1
@ @ 3-‘.& s ESRY 2
60 HSF20AAT 2

L3 NF
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http://www.tcmip.cn/ETCM/
01. El-al\l EIIOI E-I H'IIOlﬁ http://www.tcmip.cn/ETCM2/

3. ETCM

JOURNAL ARTICLE @

ETCM: an encyclopaedia of traditional Chinese = Acta Pharmaceutica Sinica B E
e () Velume 13, Issue 6, June 2023, Pages 2559-2571
medicine 3 A4
Hai-Yu Xu &%, Yan-Qiong Zhang, Zhen-Ming Liu, Tong Chen, Chuan-Yu Lv, Shi-Huan Tang,
Xiao-Bo Zhang, Wei Zhang, Zhi-Yong Li, Rong-Rong Zhou ... Show more TOOLS
Author Notes ETCM v2.0: An update with comprehensive

Nucleic Acids Research, Volume 47, Issue D1, 08 January 2019, Pages D976-D982, resource and riCh annotations for tradition a]
https://doi.org/10.1093/nar/gky987 . -
Published: 26 October 2018 _ Article history v Chinese medicine

@) ETcm 2.0

The Encyclopedia of Traditional Chinese Medicine 2.0

ETCM 1.0 originally launched in 2019 has been highly recognized among pharmacologists and scholars in TCM researches. ETCM 2.0 update aims to improve ETCM to be more sufficient in data
standardization, integrity and precision.

Highlights in ETCM 2.0 Update (EEEEIED CEEESNED

g Syndromes: BB EME eg. Chinese Patent Drugs: E Jiso e.g. Targets: 14-3-3 protein gamma e.g. Diseases: 3mc Sy, 9. Herb: g0il g €.g. Formula: LiuWeiDi g

48,442 9,872

TCM Formulas Chinese Patent Drugs

1,040

Targets

01. EI-Z.I\I I:'-" 0 I E-I H'" 0 I ﬁ ém': Ean integrative database of traditional

Chinese medicine enhanced by symptom mapping
—— g

Yang Wu, Feilong Zhang, Kuo Yang, Shuangsang Fang, Dechao Bu, Hui Li, Liang Sun,
Hairuo Hu, Kuo Gao, Wei Wang ... Show more
Author Notes

4. SymMap

Nucleic Acids Research, Volume 47, Issue D1, 08 January 2019, Pages D1110-D1117,
https://doi.org/10.1093/nar/gky1021

http://www.symmap.org/ Published: 31 October2018  Article history v

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.

2,518 TCM symptoms/syndromes 1,148 MM symptoms

Symptom/syndrome terms used in @ﬁ Symptom terms used in

traditional Chinese medicine modern medicine

o / \ O
698 herbs 14,086 diseases

Herbs used in traditional 0 SymMap V2 Disease terms used in

Chinese medicine modern medicine

°\ /
25,975 ingredients 20,965 targets
Molecules purified from N 2 Genes or proteins targeted by

the herbs the ingredients of herbs
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01. EfZU Cf|O| E{H{|O] &

similarity

Article | Open access | Published: 16 February 2016

BATMAN-TCM: a Bioinformatics Analysis Tool for
Molecular mechANism of Traditional Chinese Medicine

Zhongyang Liu, Feifei Guo, Yong Wang, Chun Li, Xinlei Zhang, Honglei L, Lihong Diso, J
Wang, Dang Li & Euchuy He

G, Wi

Scientific Reports 6, Article number: 21146 (2016) | Cite this article

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

5. BATMAN-TCM

v" Drug-Target interaction 05 A| O|0] 23X U= HEE 0[&50] scoringdto] XS

v &2X 0|F B2 SMILES stringTh A2 MHO|AM A 4t5H7| I|Z0] DBO| =S |X| %S H&
L 0% 7}sdtths EEO| US

v DTI &2 0|5 Al &2%E8 2HE #7| o2l (Rl AS/FHES 222 += 28)

JOURNAL ARTICLE
BATMAN-TCM 2.0: an enhanced integrative database
for known and predicted interactions between
traditional Chinese medicine ingredients and target

proteins 3
Xiangren Kong, Chao Liu, Zuzhen Zhang, Meigi Cheng, Zhijun Mei, Xiangdong Li, Peng Liu,
Lihong Diao, Yajie Ma, Peng Jiang ... Show more

Author Notes

Nucleic Acids Research, Volume 52, Issue D1, 5 January 2024, Pages D1110-D1120,
https://doi.org/10.1093/nar/gkad926
Published: 30 October 2023 Article history v

EP O 5: Q1BAIS 0| 28

Sajsio] 28 53 chumg

ol %.

" Predicted Protein Targets
OO 2O o A t9P EGFR

S J | o TNF—] 90%
Ho” PN N O s I | 55%

Y Geg

Unknown Herbal Compound Black Box  Known Drugs

(Pretendard)
SwissTargetPrediction (Al)
A8 Go|E7t 8= &2 EUE oEH #3237

SwissTargetPrediction: 3I2f29| 318HA & QA (Structural Similarity)2
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02. U ol F

1. SwissTargetPrediction

For infermation: Ve have changed the lcok and feel of our tool. However, we have NOT changed the underlying technologies.
and paraméters, Consequently, this updated Web 1001 prowides exactly the $ame resulis s he previcus version

stetE2l steby Fx8 7|Ue R 1 stetE0| #NE + e THES oS5 22t
7100 2T gE2-BY 42X E O|o|Eet FAME AM LEFSE AESI0, AHEX7}
8 3}3120| O THEI ¥SXE JH50| E2XIE oS
“ SwissTargetPrediction * oy
._ SwiseDrugDesign [ B "
L Aligut fag Halp Ciing Downioad Comlact ‘ c

e 8] B B (B8

Pubchem-MName

SMRLES :

AO01ADOS

BO1AC06

NO2BAO1

YR sBATH e rfB&ern
oW /S8 0BO0 S
[ ]

Start Calculation

et a spe DEE Y CX008EF00 ot o e L e
|, el : — :
& Homo sapiens 0 - .
:::I:’u’:l:::r:g;r.us v A [ - : =
" B
Paste a SMILES in this box, or draw a molecule @ u
@ a [ —
e : I
Examples. ~ | Cloar - 3 [ -
u .
. v .
{ [ — .
K
{FProvde 8 SUILES bwlore submiling) [é ? k, 1.' ..I e [ -
— a
>
02. EtAl 0=
2. SuperPred
siegol siety 1A E J|wez %go0| AU 4 Yt B CHINS X8, %4 NS
EE RAS 0SS BE W V| £7 S¥E FIA SANS B8 7= %80 EXI} b
wsto, 22 2= EXO|LI 4SEHES oF
A P e e o ook ke
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02. E}ZN o|=

. Similarity Ensemble Approach

w

stetEol StetE & QAME J|HOE o8 BHE oSes VU £ 7|T0| LT 4E-EH
453 HOIES RO R, YT BFE0| 7T FBT Lot SABX| EA3t0L, 1T BHErE0|
e 7ts 40| E2 BN TUE oS

Results of Job: search_d9046399-6c9e-4a23-956e-b1031623d80a

The Similarity ensemblo approach relates proteins

basod on the set-wise chemical simiarity among

their ligonds. It can be used fo rapidly search large
and to build target

similarity maps

Paste SMILES or Iry the example beiow

Browse Library Search Library

EOMS SODKAICI WSS TOM CASVEL  SUDME 3 56N O CREMEL o7 Cusion
e

How to use SEA

Example Quenes

Similarity ensemble approach (SEA)

Tarpet

ey Target Hy Hame

EGFE_HUMAN 0T

ERSEZ HUMAN  ERBEZ

e -
- .
/
prves s g
VOrRE A RDR
compound_1 enseapar  Em

PGIRI_MAMAN  POGIRD
IS HUMAN  EME

ECFR MOUSE  EgF
nETSwAMN  RET
VOFRT_HLMAN  FLTY
DU _JAIMAN O
AURHA_VMAN  AURNA
EREE HUMAN  ERBES
TRATARAT Tkt
AT AT
AL AN A

Dwscxipmon

EpOeanal grow i SO0 oepon

Recentol fyrsine oroicin kinase il

i e recmplon 3

Y 1 recagtn 4

i encomictal oiwh K FeCesier

Foecephol DR or o Mndse eR6-2
Pt dethoed grumth cicn secpton Sees
HBGROUM TYTOEIG SrUANN Wnase BBH 4
Fructon. 1 - Duprcepnetass 1
Eoomal growh Bl ieceptor

PO hreane-pacten TN ooepts et
Vancuier endoneRal grows tactor secesicr 1
NSy ) syrmase [NADP i Hae
Auroes nase A

R s oo Miase b3
Tatasmn g A e

St o ATV

Aurses nase B

L

100
05

315
i
5 404
am

1ar3e
1

2 ddite-
07

1rtest o

BEmedl 0

armess o

CRE

1000 084

ERLE T

1000047 0

EL- T

288030

saThess o
TR D

LR

e o

1. Disease
Association

L

QKT AT EY
(DisGeNET, OMIM)

MESNI|IH =F
(KEGG, Reactome)

Analysis

ChIT MBS

81 SERE M
(STRING)

3. PPl Network

S

4. Docking
Simulation

HE2-EIA A
XIstE of|=
(AutoDock)
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Disease Association Analysis: XX} ZHo| HA 1z

Widely used databases for gene-disease association

DisGeNET

Integrates data from
UniProt, CTD, and
literature.

Best for broad
association mining.

% @@
CTD

Comparative
Toxicogenomics
Database. Focuses
on chemical-gene-
disease
relationships.

(B
R

OMIM

Online Mendelian
Inheritance in Man.
Specializes in
genetic disorders
and phenotypes.

GeneCards

Integrates functional
information and
disease links from
multiple sources.

L

MalaCards

A comprehensive
disease-centric
database.

Pathway Enrichment Analysis2| &l2]
Over-Representation Analysis (ORA) Methodology

LIST OF DEGs PATHWAY DATABASE
HAO1 Pathway Name Gene Set
STATS
NFKB ;
AKR21C4 Insulin pathway INS, INSR, IRS1, IRS2, ...
IL2R Fatty acid
sfégz blosyrifiesis FASN, FASB, MECR, ...
. . NOTCH3, NFKB, IL2R,
FggﬁG —|— Th1 differentiation STATS, IL4....
Agcp\lgz Breast cancer ER, RAF, RAS, HER2...
EE2F RB, ARF, MDM2, P21,
CTF1 Cell cycle CDC24...

ENRICHED PATHWAYS

Fibrosis P-value

Phagocytosis

STAT3 signaling pathway

Th1 differentiation

Glycolysis

Protein degradation

Apoptosis

Hypergeometric Test / Fisher’s Exact TestE S0l

SAHLCHH X}

> S¥ot= A28 SAHRE L=,

T oo
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Z=2 Z=2 |o|E{H|0| A 70| = (Pathway Databases)

Metabolism & Signaling Function & Signatures

g—’I z KEGG
o The standard for metabolic
el

and signaling pathways.

Gene Ontology (GO)

Classifies genes into BP
(Process), MF (Function), and

Curated maps. CC (Component).
Reactome
Detailed molecular events and g_:%_ MSigDB
reactions. High-resolution Ez'l-lrlllu Molecular Signatures Database.
biological processes. == Used for GSEA (Hallmarks,
g l|“|“ Oncogenic signatures).

WikiPathways

Community-curated, open
source, and frequently updated.

Life Sciences (2025): 123951.

HRAS PTPN1 MCLA

PIK3CG CDKA1
Prolacti ivati f MAPK
rolactin activation o PRTN3
signaling
Cytokine Signaling in Immune
VEGF signaling pathway | coq0an1 System
FGF2
VEGF hypoxia and MAPK14 Signaling by Interleukins
angiogenesis SRC
MAPK1 Extracellular Structure
PRKCA APP Organization
KDR
CASP3
MMP2 MMP1
MAPK cascade role in
angiogenesis Activa_tlon of matrix Collagen Catabolic Process
metalloproteinases
Extracellular Matrix MMP9
Organization MMP14- MMP13 _ Collagen Degradation
MMP12

F2
Extracellular Matrix Extracellular Matrix

Degradation of the i Disassembly
Organ io
Extracellular Matrix FOSEIEREIN
:} Reactome
Activation of Matrix [:] -
CMA1 ELANE Metalloproteinases
- BioPlanet
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Tool Spotlight: Enrichr

. web-Based AnalYSis B ! Z EnriChr Analyze What'snew? Libraries Genesearch Termsearch About Help
No installation required. o | e

Input data
Comprehensive Libraries '
Drop a file or paste a set of valid Entrez gene symbols (e.g. STAT3) on

Access to KEGG, GO, Reactome, each row in the text-box
and 180+ others.

Submit

>

Multi-Dimensional

Analyzes Pathways, Diseases,
é? Transcription Factors, and

Interactive interface for instant gene list enrichment.
Drug Targets.

Enrichr A2 7}0|E (User Guide)

Step 1: Input Data Step 2: Select Library Step 3: Result & Export

€ agens, gene set Wt‘u.ﬂl-dr ymbels on cach

an Iy peme set examole. Reactome 2022 ° WidPahways 2024 © BioPlanet 2019 ° Reactome 2022 ewGaph [ Oustergam  Appyter o
Aise, you can now by adiing a backgreond. Muman
-
R - Ltmseeitamanatalasenl Nover each tow 10 see the overlapping genes.
e e ¢ S0 - emanen 0~ entries per page Search:
Try an example SIATS bveact cor| W2R897756 ACTUA ————— I ey
ALDHTAIPI — — - Toder  Name e~
Inchude the t0p 100 mrelevant genes ARLISA = [ e Pean e o
i m—
s - T it N DS S Oty I TSN N NG
Bagme
ccoc WikiPathways 2024 ° KEGG 2021 Moman ° ARCHSA Kinases Cocp © 2 Offactery Signaling Pethmay R HEA 381753 TMed TSN N 12N
e e e s | 50 Nowse 3 Sensory Psesphion S454 5703857 STRR 6200 W N
‘zm L %, W v— 4 Beta Defensing R4SA 1461957 14107 GONOOMNS A% -7
o —_ . L — A S Defonsios BHSALITY QoM CoN0BE TS 36
s ool 100 geneds) entered —‘-___ — I 6 Aenieiypophl Peprites R HES 4300157 0000010 0006 122 1S
- = = meemare 7 Rt e——"y coesi oSS A Qn
the Geoe Search o Term Seaech — L — Cyictine Prodoction R HES- 9850821
features o fetch smsctated Eov gene sets. §  GAlpha 5) Dpralng Events RIGALIEISS oM 00 @ an
Avey infammatony. o
Top 100ge ~ Scrder Patay ©  MSEOSMalmak2020 ©  SieCarta2016 ° 9 o b i 000M41 00061 649 s
P R S BT 3 == - — [e—— 10 Lothmania ifecton BAGASESETYS oo omest s nm
=~ - = Showing 11010 of 213 entries | Export s o uble Previeus Not
[ e —— —
[ —— e [ E————

Paste Gene List / Choose database Check P-value, visualize,
Upload File. (e.g., Reactome, KEGG). and export (.txt).
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Reimand, Juri, et al. "Pathway enrichment analysis and visualization of omics data using g: Profiler, GSEA,
Cytoscape and EnrichmentMap." Nature protocols 14.2 (2019): 482-517.

Systematic Analysis of the Molecular Mechanisms of Cold and Hot
Properties of Herbal Medicines

by Sang-Min Park 1.2 2@, Su.Jin Baek ! &, Hyo-Jeong Ban ! &, Hee-Jeong Jin 1 2and
Seongwon Cha 1" 20

SymMap  ETCM Property Count| Group annotations ¢ Hot group Cold group
GreatExtremeHot | 1 :| ) '| o o
Hot 9 HG |HGE |NCG
rvo— o L ingredient = -~ L Ingredient
Mildly/Minor Warm | 17 _ Ii"’ﬂvetm Ii‘fametsene
Even, Mild 48 | Jec Transcriptomic .. L_Transcriptomic
Mildly/Minor Cold | 42 7 ateration alteration
Exact | Similar | Discord Cool 9

Count | 214 | 29 15 Cold 55 OGJNHG CGE

Great/Extreme Cold | 1 |

Normalized
Ratio ratio
s 58 lﬁ& :
(-)-Alpha-Pinene 04 Bl cc 0
Peruviol 03 i OGE 05
Cymol o ----ﬂ-- oe R
CG CGE EG HGE HG (ripnetemnes o ff) Nw&yff%&fﬁffff #ff
Group-specific Group-specific
Ingredient target gene
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Case 1: BJIKT with Network Pharmacology

‘Bojungikki-tang (BJIKT)" in South Korea
‘Buzhongyiqi-Tang’ in China
‘Hochuekkito’ in Japan ( Lymphocyte modulation‘and enh t )

e LS Raa)

" 4 NK cell activity
—p ~»Prevention of surgical
stress-induced
immune response

% cD8(+) Tcells
—> &0 Enhanced immune

4 CD19(+) B cells ¢—

4 CD3(+) Tcells +—

@ 4 CD4(+) T cells +—— fesponse
¥ Treg cells
( N = ~»Reduced immune
NK cells ¢— suppression

® @f CD4(+)/CD8(+) 4—

L @@ 4 IL-6, IL-17A, IFN-y,
ratio Y

. TNF-a

~ ~»Modulated
inflammatory
response

4 Anti-cancer immune
responses

(Tumor micr

T

PO
f:% 4 Cancer cell apoptosis and autophagy -+ 4 Tumor cell death

@
'_ ,)\ 4 Immune checkpoint inhibitors (PD-1/PD-L1) response -
" 4 Anti-cancer immunotherapeutic effects

Dr. Mi-Kyung Jeong
KM Data Division, Korea

Institute of Oriental Medicine
BMC cancer24.1 (2024): 1169.

Case 1: BJIKT with Network Pharmacology

E processes by A B
BJIKT o T e e 222
Bojungikki-Tang Enhances the Effect of PD-1 Blockade in a | | T - s T e e
Syngeneic Murine Model of Lung Carcinoma — - — - — Lot g e Mo npg
Jaemon Chan 1270, Han Na Kang ', Bin-Miu Y17, S Hyang Hong !, Sang-Min Fark 53 2ad Ms-Kyung Joong 10 o % o - A S R . e
142 o ™ o - N Vet s— :_'-—-.:.—nnw-
A — - e -~
- g | — ST e oo s e e pyoen
o gt ST - e
m"“- G N ke g A pose. . - = o O sy S
Pl N g s S - .
G « L e . —
"':" ] — T
L4 @ TargetGene | S P
T Component L\ i Sl
ERSTTIIIE IEERE LTI GO BP Hallmark gene set
1| Cellular Response to Cytokine Stimulus !| Apoptosis
1| Cytokine-Mediated Signaling Pathway '| Allograft Rejection
1| Regulation of Apoptotic Process !| TNF-alpha Signaling via NF-kB
i ion of Cell i iferati /| Inflammatory Response
1| Regulation of Gene Expression I| PI3K/AKT/mTOR Signaling
/| Cellular to Oxygen-C C | G2-M Checkpoint
1| Response to Reactive Oxygen Species i| Epithelial Mesenchymal Transition
¥ of DNA-T iption, Initiation :| UV Response DN
/| Cellular Response to Reactive Oxygen Species ‘| Hypoxia
1| Protein Phosphorylation !| Interferon Gamma Response
—_—
40 20 0 40 20 0
Significance level Significance level
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Case 1: BJIKT with Network Pharmacology

ORIGINAL RESEARCH article

Frome. Prarmacct. 06 vty 2022 "opa A c
S (Prophermecsogy s NFKB! FASN KEAPY —
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5 ISE 246 Target genes CASP3 2F\ CXCLS
Bojungikki-Tang Improves Response to PD-L1 iBoL9 o BCL2LY  MYC MPO “:"""‘“‘"“’ 74
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2 1 L L2 2
in MC38 Tumor-Bearing Mice 28 Compounds . PN et i e  MurEGENn
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CRC BJIKT e ESR2 E coKa . 2
N
2 - AXTY PGR atactydinciide || Bz =
S e 2| & T - SERPINE1 o =g
e~ L atractytnobse | pnedivmne fomogionetin i cimiagin
- 1] ¢ magnéiorine i CYP1AY
TS e e coNBt ginsenaiide R
I — 2 CoK1 |18 VEGFA g ks NFKBIA PLAD e
: asrogiloside | astragaldeide IV
e @ BuKT Compound Target gene in common with CRC gene
wam—- - i
A — - | I . B gt
s -~ 1 LS :‘ P e
oy -~ 1 e =hns
e A F . D KEGG E GO BP
S T cell rocoptor signaling pathway Regulation of leukocyte achesion 10 vascular endothelial cell (GO:1904994)
Th17 cell cifferentiation T-helper coll geferentiation (GO-0042093)
B coll receplor signaling pathway Regulation of T cel mediated immunity (GO:0002709)
Thi and Th2 cell differentiation Regulation of regulatory T cell differentiation (GO-0045580)
Natural killer cell mediated cytotoxicity Natural killer cell activation (GO:0030101)
TGF-beta signaling pathway Regulation of T coll mediated immune response to tumor cell (GO:0002840)
Leukocyte transendothelial migration Regulation of myeloid leukocyte differentiation (GO:0002761)
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Examples..

scientific reports

Explore content ¥  About the journal ~  Publish with us ~

nature > scientific reports > articles > article

Article | Open access | Published: 07 January 2023

Molecular docking, network pharmacology and
experimental verification to explore the mechanism of
Wulongzhiyangwan in the treatment of pruritus

Lyu Angi & Shan Shijun =

Scientific Reports 13, Article number: 361 (2023) | Cite this aticle

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

Research | Qpen access | Published: 28 August 2020
Application of network pharmacology and molecular
docking to elucidate the potential mechanism of
Eucommia ulmoides-Radix Achyranthis Bidentatae
against osteoarthritis

EoEE T o 1

BioData Mining 13, Article number: 12 (2020) | Cite this article

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

scientific reports

Explore content ~  About the journal ~  Publish with us ~

nature > scientific reports > articles > article

Article | Open access | Published: 07 January 2023

Molecular docking, network pharmacology and
experimental verification to explore the mechanism of
Wulongzhiyangwan in the treatment of pruritus

Lyu Angi & Shan Shijun =

Scientific Reports 13, Article number: 361 (2023) | Cite this aticle

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

Research article | Open access | Published: 02 March 2020

Investigating the multi-target pharmacological

mechanism of danhong injection acting on unstable

angina by combined network pharmacology and

molecular docking

Siyu Gue, Jiarui wu ™, Wei Zhou, Kinkui Liv, Jingyuan Zhang, Shanshan Jia. Zigi Meng. Shuyu Liv
e

BMC Complementary Medicine and Therapies 20, Article number: 66 (2020) | Cite this article

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

- 55 -


https://biodatamining.biomedcentral.com/articles/10.1186/s13040-020-00221-y
https://bmccomplementmedtherapies.biomedcentral.com/articles/10.1186/s12906-020-2853-5

Case 2: BJIKT with Transcriptomics

A
ory
Article
Bojungikki-Tang Augments Pembrolizumab Efficacy in Human
PBMC-Injected H460 Tumor-Bearing Mice s
Se Won Na ', Jin-Mu ¥ !, Heerim Yeo ?, Sang-Min Park ¥, Mibae Jeong ', Jaemoo Chun **( and
MiKvune leane 150
H
3 50
L
259
009
E
B A
L= e BT
Iq - - o =® Saeei®
T Yo\ e
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Q_—_’ ¢ ~— = .
Y CaSee™ v
® vee -

“Perturbome” data analysis - via transcriptomics

PERTURBOME TRANSCRIPTOME DATA

AN S

perturbations = g

3

919293 - 9m - 9n TranscriptomeT

[dGene Oprotein A Transcription Factor
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Case 2: BJIKT with Transcriptomics

W‘ 1 ) For each cell type DEG GSEA
:,m Biomedicine & Pharmacotherapy g kMo hotps S () i T
ELSEVIER Volume 188, July 2025, 118129 — & ﬁ E @ @ g, 7 4 iL’ I-

RNA. ssqunese( i —"
Deciphering the immunomodulatory L BJIKT treatment J | __Cell-by-cell Pﬂihww analysis
mechanisms of Bojungikki-tang via T T 1 ey Ty P
systematic transcriptomic and immune cell T e ; o) = 0.0
interaction network analysis @ @ 5 M || [ ommos T giso I
Sang-Yun Kim %, Jin-Mu ¥i *1, Jaemoo Chun ®, Musun Park , Heerim Yeo °, 3% L Cell-to-cell network analysis
Sang-Min Park® & B, Mi-kyung Jeong ® & B _ Fiveimmune cell types | +

‘ ‘ ‘ ‘ ‘ For each cell type
wi¥e
- 3’(‘ Expenmon!al ‘

assay

Systematic transcriptome analysis reveal how herbal Transcriptome data acquisition

. R X Immunomodulation analysis
medicine modulates immunity.

J

Large-scale RNA-seq data from five immune cell types were
analyzed within a network.

Case 2: BJIKT with Transcriptomics

Gene expression analysis in BJIKT-treated Gene set enrichment analysis (GSEA) of immune cell
immune cells. responses to BJIKT treatment.

100 100 100 100
. &3 % e Cell T NK B M DC Term NES
ﬁ Interfaron Gamma Response 2
§ o % L a‘ TNFa Signaling via NFk8 s
Inflammatory Response o
~ Activation of Immune Response ;

el Activati in Immune P
Immune Response Regulating Signaling Pathway
Immune Eﬂa:w?mau
Cytoking P lved in Immune Resp

- | -- I | m TCR Signaling

= Upregulated in Induction to NIK
| B Mediated Immunity
| ! M Activation
[ -] DC Maturation

D | | TA.cllva? .
Reactome 2022 MSigDB Hallmark 2020 GO Molecular Function 2023 ! ﬁ E ; g:;f':r’:";":“
Cytokine Signaling In Immune System  TNF-alpha Signaling via NF-kB Chemokine Activity [ [« - | T Mediated Immunity
Signaling By Chemokine Receptor Binding Dose L H
Nuclear Events Mediated By NFE2L2  Interferon Gamma Response CXCR Chemokine Receptor Binding
KEAP1-NFE2L2 Pathway Epithelial Mesenchymal Transition NF-kappaB Binding

BJIKT upregulates IFN-y, TNF-a, and inflammatory pathways

Immune System Hypoxia Coll Adhesion Mediator Activity )
in B cells, Macrophages, and DCs.
0 2 4 6 0 10 20 0 1 2
Significance Significance Significance
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Case 2: BJIKT with Transcriptomics

Cell-to-cell interaction networks for

BJIKT-treated immune cells.

Immunoglobe immune network

- J

BJIKT influences T cells via cytokines, activating and
recruiting immune cells.

Case 2: BJIKT with Transcriptomics

Cytokine level changes in immune cells
following BJIKT treatment.

Assay B o Assay N ® _eAssay
B e ot 15 L8
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b2 17 - O caeMP-1B - © S
TNF-a - GM-CSF s NS e w1p OMCSF 'L; SL P19
G-CSE OlL4 meP-1 CXCLQ"‘" my 13 IL": ° |L"“2 \ ol A7 L8
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w2+ - e 05 IL-10 cx 05110 g.ceeRNASeq
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*
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P
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BJIKT(H)
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BUKT(L)
BJIKT(H)
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BUKT(L)
BUIKT(H)

Vehicle {{f
BUKT(L)
BJIKT(H)
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BUKT(L)
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: 2Wa2ed
Yal &WJF;;;;;|'p
-25588
=

Vehicle

Vehicle
BJKT

.
I

BJKT(L)
BUIKT(H)

For each cell type

Bl @

Cytokine assay  validation

® 0 @

[ L1 ] [I’NF«] ‘['.-ILG ] ['ALG ] [HP!B] [CXCL!D] [CXCU]

b
6

T cell population

Node (:) Source Cell O Target Cell | Cytokine

Link Recruitment —* Activation

—| Inhibiton  —4> Polarization

Integrated network for key cytokines induced by
BJIKT treatment and their effects on immune cells
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Case 2: BJIKT with Transcriptomics

L o
Major BJIKT herbs have distinct roles and synergistically (LUK iy JBXCE
enhance immunomodulation. 2N 27, 2
GRR . 4 \\\ GR  GRR 4 “5.GR | GRR /; S 6r
[]

o 7 (2

: /
<4 g‘ \, — !/ | | -
£, ARA AR ARA AR e AR
Bojungikki-tang
(BJIKT)
=== irterteran Camma Responae = Tnka Sqgraling Via Nekb === Inflommatory Response
o
5 Iy
/"\ f;/:\
CE 0N
GAR. GR GRR GRR /if\\\ GR
da 3
¥ o \ \ {'23‘./
\' L o ; 3 £
Glycyrrhizae Radix et ° ° ® / Ginseng Radix (GR)
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° 4
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Atractylodis Rhizome Alba Astragali Radix (AR)
(ARA)
s TCR Signafing *=-Upin Induction to NK e B Mediated iImmunicy #w M Activation +==DC Maturation
= i By oM ACTNation s DC Maturation
o . o .
Case 2: BJIKT with Transcriptomics
Major BJIKT herbs have distinct roles and synergistically
enhance immunomodaulation.
Trestment SJKT GR AR ARA GRR LogFC * Ginseng Radix (GR)
CHELE 3
m ﬂ‘ ‘ CXELE 2 * Astragali Radix (AR)
= cHEL10 |
- 1 . :::;B [ « Atractylodis Rhizome Alba (ARA)
(= -
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color <3 0 3 wcth 0 3
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Treatment to im

Case 2: BJIKT with Transcriptomics

une cells

Comprehensive mechanism analysis

Immunomodulatory effects

> “é‘. Bo;ung|kk| tang
& o B8
s? ikKi-tan St gl : ' X
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—" EEpoNT | o Yem |
i & ) :
==~ 176 RNA 5'. 1 F""" | -"‘ -i N
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> Transcriptome data Cell-by-cell
gﬁ acquisition pathway analysis T-CD8 * .
Thi . >
Astragali Radix Thi7 “
G Tereg ¢
K Ki Pathway effects
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’ ° =) .« L84 : '.:' h
3 s +  Interferon-y
Cytokine assay Cell-to-cell MEIR Response
Glym';:m?d i Dendie analysis network analysis * TNFaj i
Biomedicine & Pharmacotherapy (2025) 188, 118129
Case 2: BJIKT with Transcriptomics Unpublished
r Patients with NSCLC
receiving atezolizumab (anti—PD-L1)
auwr st ru Elsevier Pathway Collection
(n=12) * RNA-seq €08+ T-Cell Action Impairment in HIV Type 1 Infection
mvk‘ ;cbon Signaling in
H-cell: Neurclensin Production
|¢|s J I _\\I
Placebo %\ c//, T-Gel Gyiatoxic Mediated Gl Death
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Cross-sectional comparison
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Narve COE8* T Col Bile Duct Human
= BJIKT-upregulated genes .
Cylotoxic T Cell Peripheral Blood Human

highlighted immune- 5 ! 1 3 3
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= TNF-a signaling via NF-kB
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= IL-2/STAT5 signaling

= NK cell markers
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THF-sipha Signaling via NF-KB
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TGF-beta Signaling
PIBK/AKTIMTOR Signaiing
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Case 2: BJIKT with Transcriptomics
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Case 2: BJIKT with Transcriptomics Unpubished

,-—- iCis * ° . Tcel-mediated cytotoxicity!
+ Natural Killer (NK) cell activationt
! + Overall immune activity
g . + Cytokine production

'KTT ENEENNNRNNNE RNA seq T cell + NKcell

[n-'lZl

* Immune

Responseto |
Tumor Cell \

casts BJIKT 4-gene
_ K immune signature
/ TUSC2! ILIR2 |
. S1PR27 ETS2 |

Machine learning BIIKT

" : PCR

* Bojungikki-tang (BJIKT)
+ Immune checkpoint
inhibitors (ICls)

= e " S = =

Integrative transcriptome profiling and machine learning analysis reveal systemic immune signature
I~ of Bojungikki-tang with PD-L1 blockade in non—small cell lung cancer

Digital transformation of herbal medicine

« Preparations: 24 mixed, 57 herbs
- 3 treatment concentrations (based on 1C20 )
» Number of repetitions: 3

o 4 human tissue-derived cell lines

" LR

HepG2 A549 HT29 SWw1783

Multi-component . Standardized data
o

.._{,z»'z)'_ ;_-h_ o
\\‘ "\"iff'.'.;('-:%,

Multi-target

13,000 herbal medicine-responsive signature genes

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

Disease pathology  Pathology-pharmacology Drug combination
module network prediction

Cardiovascular and metabolic ~ Pathology-pharmacology Herbal-herbal medicine
diseases, chronic diseases module network Herbal-western medicine

@ L 3 T )
\h/
% _)

Verification: in vitro/in vivo experiments

Dr. Seongwon Cha
KM Data Division, Korea
Institute of Oriental Medicine
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Digital transformation of herbal medicine

scientific data

OPEN' KORE-Map 1.0: Korean medicine
patapescripror . Omics Resource Extension Map on
transcriptome data of tonifying
herbal medicine

Musun Park %%, Sang-Min Park (%%, Haeseung Lee’¥, Aeyung Kim*, No Soo Kim®,
YuRiKim, Jin-MuYi** & Seongwon Cha' =

[)_Crech tor upomen

Ten Tonifying Herbs
Four Tonifying Formula

HepG2 SW1783
270 Samples 273 Samples 279 Samples
5 Batches 5 Batches 6 Batches

l | |

(based on 1C20)

A Standard Operating Procedures (SOP) B
for standardized data production e ~
(Mnarl-l soP R ( N\
* Securing herbal extracts that comply with Korean -
Pharmacopoeia
0 g to Korea FDA Poria Sclerotium Angelica Root
regulations (PS) (AR)
« Preparation of hot water and 70% ethanol extract using 270 Samples
the same extraction method Atractylodis Paeoniae Radix
> < Rhizoma Alba (PR) 5 Batches
(ARA
Experimentatisol ) : : | Cnidii Rhizoma ] I
m ﬁ @ @ Glycyrrhizae (CR)
Radix et Rhizoma RE0)
AS49 HepG2 HT29 SW1783 (GRR)
(g
= Cell lines: 4 Radix Preparata -
(human-derived cell lines) G'"s‘;g‘a:‘“"“ (RRP)
* Extraction methods: 2
(water and 70% ethanol)
Concentration: 3 SGﬂrsﬂgT-;ﬂ"n |‘ ~I Sn;v;;:]l;ng |'

°
‘4.

o

Number of repetitions: 3

g, oy

&

\C

fTrnn:erlplem- analysis SOP

Palmul-tang
(PMT)

g@

Quality check: FASTQC (v0.11.9)

Astragali Radix
* Adapter trimming: TrimGalore (v0.6.5) (AR)

Cinnamomi Cortex
(€C)

efe

* Alignment to reference genome: STAR (v2.7 3a)
- Reference genome: GRCh38 (hg38)

- Gene annotation. GRCh38.84
Quantification: RSEM (v1.3.3)

o

e [omemrasssoy |

1 (o) |

[ RNA Sequencing ]
1,092 Samples / 21 Batches / MGISEQ Platform

’ RNA Expression Profiling ]

[ RNA Data in GEO Repository }

* HepG2 :GSE244707
* SW1783 : GSE245912

* A549 : GSE244687
* HT29 : GSE244694

Digital transformation of herbal medicine

KORE-Map 1.1: Korean Medicine Omics
Resource Extension Map on Transcriptome Data
of Dyspepsia Herbal Medicine

Standard Operating Procedures (SOP)

«Map 1.1: Transcriptome of Herbal
for standardized data production and D« I i

™
(aterarsor [ _viro oo
Herb Extract
Information Zingiberis Rhizoma (ZR)
Organoleptic
examination Banhasasim-tang
Pinelliae Tuber (PT)
4 Scutellariae Radix (SR)
Experimental SOP x
Zingideris Rhizoma (ZR)
Coptidis Rhizoma (CoR)

Multidimensional transcriptome dataset for
systematic evaluation of
Jakyakgamcho-tang-induced cell signatures

rﬂ.l’b selection

~

~
) Material SOP

Herb Extract

Information

Paeoniae Radix
(PR)
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N

Organoleptic Korea FDA
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AN J

-
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' N
Transcriptome analysis SOP
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: J
\ S
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/‘l_unuriplum analysis SOP Cmiciogee s
I FASToc (0.1191 ) ||\ ) J

LCETIERUILE TrimGalore (v0.6.6
STAR (v2.7.3a) Zingiberis Rhizoma (ZR)
CLLALEE AN GRCh38.84 (hg38! Aconit Lateralis Radx Preparata (ALR) )

\ ST s ) )

\lexk text: generated transcripts in KORE-Map H)

Extraction

FAsTac (o11s)
TamGalos (1066

STAR (v2.7.3a)

Methods RSEM (v1.3.3)
. >y
~
Generative Condition
Single her 124 raio /1 rati ! 12 el ]

c Method (CEM; Mix - » Extraction)
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Case 3: Systems analysis for medicinal herbs #1

Validation of anti-cancer effects
and mechanism of PR (/n vitro)

Identification of novel mechanism

Drug treatment and RNA-se
9 9 RofPR
. WPR/EPR PR ingredients WPR/EPR A549
P i Sty ] H1299
; 2z 5
Ho m
R “oa
P Gene Set Enrichment analysis ;
: “Ee?eisginri:hmenlhnalysis mg!laurs.ig!ammsomme : Aurora B pathway B
Vehicle High-dose Medium-dose Low-dose ) E
- 3 .
‘ - Cell proliferation 4
High throughput sequencing . Colony formation
’ e }
Identification of novel target of PR i
+ H Anti-cancer activity
Aurora B pathway P
Baek SJ et al., Biomedicine & Pharmacotheapy (2022)

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

Life Sciences (2024): 123097.

Case 3: Systems analysis for medicinal herbs #2

Combination mechanism

Experimental validation

Data-driven prediction
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(EGFR TKis + PR treatment)
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Resistant Sensitive
¥ ¥ f - (
& R Pathway analysis
: 3 Aurora A/B o p-Aurora kinases o . > |
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= b
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Identification of a novel anticancer mechanism of Paeoniae Radix extracts
based on systematic transcriptome analysis
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Case 3: Systems analysis for medicinal herbs #3

A Transcriptomic landscape of BR Frontiers in Pharmacology (2022)

Bupleuri .. Extraction Transcriptomic gene signature o — . ..
Rad (BR) Water (W-BR)

’ ) @ RNA-seq
A A549
_ Ethanol (E-BR)
(oY)

B In silico prediction (03 In vitro validation

Network analysis

Cell adhesion W-BR " E-BR
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¥

Drug Repositioning
Drug-Disease comparisons
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S =22 = =°

E.E By B y /WER

=i S . . ) )

=. = = . Systematic transcriptome analysis reveals molecular
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mechanisms and indications of Bupleuri Radix
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Case 3: Systems analysis for medicinal herbs #4 (combination)

Preparation of JGT

ctive effect of JGT in muscle atrophic mice

Paeoniae radix Healthy muscie Muscle loss/weakness
O Jakyak-gamcho-tang
™
J -
J A & 49 C) —b = -).}
+ >
=)
Glycyrrhizae radix

Molecular mechanism

Transcriptome analysis of In vivo mouse model experiment @' —'@' —i{ 6 ‘\
JGT- ted C2C12 b
treate: myotube NG e \L"’""“ }

9 ¢ @ Rt
s B O~ *—@D e
o: ST Protein synthesis t Protein degradation |
@ o0 ° RIS Behavioral /Physiological effect Transcriptomic effect
— Grip strength
« Muscle loss § + mTOR signaling ¢
- Muscle weight * - Oxidative phosphorylation *
RNA-seq Eatiway analysis - Muscle diameter 1 - Apoptosis |
) - Grip strength ¢ « Mitochondria
- ) o ' - Exercise t « TNF signaling |

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

Jakyak

Paeoniae Radix

Gamcho-Tang (JGT)

Glycyrrhizae Radix et
Rhizoma

‘ Extraction '

Water

70% Ethanol

JGT-E

C2C12 myotube

Transcriptomic analysis

Oxidative phosphorylation 11
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mTORC1 11
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Network Pharmacology

Oxidative stress
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Experimental validation

C2C12
myotube

C2C12
myoblast

+ ROSlevel 7T
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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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Case 4: Systems analysis for phytochemicals — example 1

Hydrogen peroxide

=" Ginsenoside Rc (gRc)

Antioxidants 12.8
(2023): 1576.
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Journal of Ginseng
Research 49.1
(2025): 42-52.
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Life Sciences (2025): 124011.

Dr. Aeyung Kim

Korean Medicine (KM) Application Center,
Korea Institute of Oriental Medicine

Molecular targets for the muscle protective effects of gRc

gRc pretreatment effect vs. H,O, effect
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Life sciences (2025)
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gRc protects myotubes from oxidative stress-induced degradation via TGF-B inhibition.
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Molecular targets for the muscle protective effects of gRc

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

Molecule 3D secondary structure
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Life sciences (2025)
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Molecular targets for the muscle protective effects of gRc
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Life sciences (2025)
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Effects of a TGF-B inhibitor on H,0,-induced ROS generation and
cellular damage in C2C12 myotubes
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Molecular targets for the muscle protective effects of gRc

Life sciences (2025)

(H,0, vs. Vehicle)
(@ (b) (b) gRc pretreatment effect
(gRc + H,0, vs. H,0,)

gRc suppresses NCL expression,

a key downstream target of
TGF-B signaling in muscle

Molecular targets for the muscle protective

ffects of gRc
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Molecular targets for the muscle protective effects of gRc

Life sciences (2025)

Systems-based Approach
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HHHE: MARM| 714t oF= B (Transcriptome-Guided Drug Discovery)

[« — ]
Connectivity Map (CMap) &8
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Thousands of Profiles

Briefings in Bioinformatics, 2025, 26(4), bbaf387
https://doi.org/10.1093/bib/bbaf387
OXFORD Review

Reconciling multiple connectivity-based systems biology
methods for drug repurposing
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HER3 =2 7|8t FXt 2 & (Network-Inferred Gene Modules)
FMCM, MRCMap, MNBDR, KNeMAP

Network-based module inference
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Home > Archives of Pharmacal Research > Article

Harnessing transcriptomics for discovery of
natural products to overcome acquired
cancer resistance

Review | Published: 08 December 2025

Counteracting Acquired Resistance in Cancer

Leveraging Transcriptomics
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Case 4: Drug repositioning for acquired cancer resistance

Acquired resistance models - in silico Drug Screening - Overcoming resistance

Meta-analysis of
transcriptome data

"

in vitro validation
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Prof. Haeseung Lee
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1troduction to Network Science for
Transcriptomics-guided Drug Discovery

SMPARKLAB
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