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1. Model construction
2. Parameter Estimation

3. Sensitivity Analysis
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Text2model: Modeling from biochemical text
B ZADUIGWTHIEET L ZHEE

ERK _ _
>>> from biomass import Text2Model
c-myc mRNA 9\ >>> d =Text2l\(/|c))del( nyc_network.txt")
>>> d.
— ( cMyc _’( cMyc

12 0 EEAREAKET T 0 EBER
o\ o

) cyclinD1 mMRNA [RST e O T o
- phosphorylation ~J
/‘\~/’ def init__(self) -> None:

cmyc_network.text file |,

super(ReactionNetwork, self).__init__()

@staticmethod
def flux(t, y, x) -> dict:

@ cmycRNA is degraded

@) cmycRNA is translated into cMyc V=D
v[1] = x[C.kf1] * y[V.cmycmRNA]
€© PpPERK phosphorylates cMyc --> pcMyc v[2] = x[C.kf2] % y[V.cmycnRNA]
v[3] = x[C.V3] * y[V.ppERK] * y[V.cMyc] \
@ pcMyc is dephosphorylated --> cMyc / (XIC.K3] + yIV.chyc])
v[4] = x[C.V4] * y[V.pcMyc] \
© pcMyc transcribes cyclinDimrna / (xIC.K&] + yIV.pcMyc])

v[5] = x[C.V5] * y[V.pcMyc] % x[C.n5] \

/ (x[C.K5] *x x[C.n5] + y[V.pcMyc] *x x[C.n5])

return v




Text2model: Modeling from biochemical text
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Pattern matching between text and equations

Mathematical
modeling platform

o—010
1
o—0 -0

O\/—[ (%)
BioMASS

A Python framework for
Modeling and Analysis of
Signaling Systems

>

https://github.com/okadalabipr/biomass

Imoto et al., Cancers 2020

Event & Word

Rate equation

Mass balance

A+ B2 AB

A binds B --> AB
B

0

A)—D(AQ

B phosphorylates A --> Ap

A — AD

Ap is dephosphorylated --> A

B a
W
B transcribes a
a
Qf/ —> A

ais translated into A

¢—>A

A is synthesized

Mass action

v = kf[A][B] - kr[AB]

Michaelis-Menten equation

v= VI[BI[A]/ (K+ [B])

Michaelis-Menten equation

v= VI[Apl/ (K + [Ap])

Hill equation

v= VI[B]"/ (K" + [B]")

First-order kinetics

v = kfla]

Zero-order kinetics

v = kf

d[Al/dt = - v
d[Bl/dt = - v
d[ABl/dt = + v

dlAl/dt = - v
dlApl/dt = + v

d[Al/dt = + v

Biological event

vy v,

PIP,+ PTEN 2 PIP,PTEN —> PIP,+ PTEN

Description <«

PIP3 binds PTEN --> PIP3-PTEN
PIP3-PTEN releases PIP2 and PTEN | kr=@

Model construction
d[Apl/dt = - lﬂ
EGF HRG

dlal/dt = + v
d[A]l/dt = + v
d[Al/dt =+ v

RIRMEZODEET ILDBEICH N ZFKT S

v v\

D D COIR
oo erre) e |1 GraD)

¥ PI3K/Akt pathway —
«— MAPK pathway

Y
(raD)——— @D
D

@)\ERK\‘ l C) : Measured

_
319 rate equatlons

228 species
648 parameters

Control coefficients on
integrated response (pc-Fos)

Hiroaki Imoto

Implementation

vy = kfy - [PIP;] - [PTEN] — kr, - [PIP;: PTEN]
v, = kf, - [PIP;: PTEN]

d[PIPs]/dt = —
d[PTEN]/dt = —v1 + vz
d[PIPs: PTEN]/dt = v, — v,
d[PIP;)/dt = v,

Parameter estimation

Objective function value
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Data Source / Text2ModeI\ Executable model

Intermediate language

EGF binds EGFR <-—> Ra | kf=0.003, kr=0.06 | EGFR=10
Ra dimerizes <-—> R2 | kf=0.01, kr=0.1

R2 is phosphorylated <-——> RP | kf=1, kr=0.01

RP is dephosphorylated -—> R2 | V=450, K=50

RP binds PLCg <-—> RPL | kf=0.06, kr=0.2 | PLCg=105
RPL is phosphorylated <-—> RPLP | kf=1, kr=0.05

RPLP is dissociated into RP and PLCgP | kf=0.3, kr=0
PLCgP is dephosphorylated -—> PLCg | V=1, K=100

1 Data bases O_.. . 9  RP binds Grb2 <——> RG | kf=0.003, kr=0.05 | Grb2=85
10 RG binds SOS <——> RGS | kf=0.01, kr=0.06 | S0S=34

oONOOU S WN PP

| alal RGS is dissociated into RP and GS | kf=0.03, kr=4.5e
O_,. . 12 GS is dissociated into Grb2 and SOS | kf=1.5e-3, kr=
3 RP binds Shc <-—> RSh | kf=0.09, kr=0.6 | Shc=150
\{// 14 RSh is phosphorylated <-—> RShP | kf=6, kr=0.06
arc NOCLN 2 dlcccanladad duda CLN awd NN | LE . n N [ PR, PN
oo

o
i
(ra)
ﬁ&
/N
o) ()
7 IT
i
)

RIoMASS
(2) Literatures A Python framework for

Modeling and Analysis of
Signaling Systems

Pu blmed Imoto et al., Cancers (2020)

- Detailed balance Simulation (validation)
- Parameter optimization § 01257

KSensitivity analysis / 0100
> 0.075 1
%0.050'

2.1. Large Language Model (LLM)  eg: GPT3 | 5o S
22 DiStant SuperViSion (EEE%&%&E@H@D?%) r—0.000-6 25 50 75 100 125

Time
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(1) KEGG2Model

PubTator

PublfQed PMC

Text-Mined
Knowledge

Kyoto Encyclopedia of
Genes and Genomes

Highlight & Extract
Context-Dependent

Pathway Structure p pvieqes Subpathways

77X K
Transfer to Python format
(General pathway)

KEGG ErbB pathway
in KGML format

Calun sgnlirg
iy

[GRREE}-— > Colhins rgets
1.%,$ Celluar gets

ElElE

s
55

NRGLIZ N\ e/ f S/ lemd S e e e w8 N rs e oske fbois o

——— Protein synthesis
L
——p Cell swvival Py

——» Meabolism

NEGZ

Convert to Text2Model fc?rmatb’

TGFA activates EGFR_EGFR ——> a_EGFR_EGFR
a_EGFR_EGFR is deactivated ——> EGFR_EGFR
NRG3 activates ERBB4_ERBB4 —--> a_ERBB4_ERBB4
a_ERBB4_ERBB4 is deactivated -—> ERBB4_ERBB4
NRG3 activates ERBB4_ERBB2 -—> a_ERBB4_ERBB2

e
S
a

MCF-7

Phosphorylated ERK

o 2T SO

o—-ole Kiwamu Arakane

‘<j (@)
BioMASS

Context-dependent pathway
MDA-MB-231_

’MCF7

MEK
Parameter fitting
—EGF -HRG
P-ERK P-AKT .. P-MYC
%1.00 %0_8 7 v
osn . I o
s oo ® 00 [0}

a_ERBB4_ERBB2 is deactivated —-—-> ERBB4_ERBB2 °
NRG2 activates ERBB3_ERBB3 —-> a_ERBB3_ERBB3
a_ERBB3_ERBB3 is deactivated --> ERBB3_ERBB3
NRG2 activates ERBB4_ERBB4 —--> a_ERBB4_ERBB4
NRG2 activates ERBB3_ERBB2 -—> a_ERBB3_ERBB2
a_ERBB3_ERBB2 is deactivated —-—> ERBB3_ERBB2
NRG2 activates ERBB4_ERBB2 ——> ~ F"7°

Arakane et al.
Submitted
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Follow the Pyramid Step-by-Step
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binds and phosphorylates [Gene Bl == 4

Adapted from: Li, C., et al. Briefings in Bioinformatics, 2013.
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Follow the Pyramid Step-by-Step

©

Y
O—0
0+0 — G-
0O =0

Gene A Gene B

@ _ 0

(Gene Al binds and phosphorylates [Gene Bl

Adapted from: Li, C., et al. Briefings in Bioinformatics, 2013.
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2.1) LLM using GPT3 (text-davinci-003

Task

Given the current state of a list and a prompt, extrapolate as many reactions of
molecules as possible from the prompt and update the list. Every line in the list
contains gene names which act as the reactants and type of reaction of the left and
products on the right, connected with different types of arrows depending on the

reversibility of the reaction.

Task of example

current state:

[

A binds B <--> AB

AB phosphorylates C --> pC
pC is dephosphorylated --> C

]

THE JOURNAL OF BIOLOGICAL CHEMISTRY
© 1999 by The American Society for Biochemistry and Molecular Biology, Inc.

Vol. 274, No. 42, Issue of October 15, pp. 30169-30181, 1999
Printed in U.S.A.

Quantification of Short Term Signaling by the Epidermal Growth
Factor R tor* . —
AEIOR Secepor EGFR-Ras 1 AT — RDET/LzwX

(Received for publication, July 29, 1998, and in revised form, August 4, 1999)

Boris N. Kholodenkoi§, Oleg V. Deminif, Gisela Moehrent, and Jan B. Hoekf

From the tDepartment of Pathology, Anatomy and Cell Biology, Thomas Jefferson University, Philadelphia, Pennsylvania
19107 and the 1A. N. Belozersky Institute of Physico-Chemical Biology, Moscow State University, Moscow 119899, Russia

«—Input-Output format of
Text2Model

prompt: The phosphorylated protein C exhibits kinase activity and phosphorylates its

substrate D...

new state:

[

A binds B <--> AB ...
|

Problem

current state:

[

EGF binds EGFR <--> Ra

Ra dimerizes <--> R2

R2 is phosphorylated --> RP
RP is dephosphorylated --> R2

]

«—prompt

—Text2Model-format output

<—Input a text

prompt: In step 1, EGF binds to the extracellular domain of the monomeric EGFR
(designated as R in the kinetic scheme) and forms the EGF-EGFR complex
(designated as Ra). EGF binding drives...

TasLe 1
Kinetic equations comprising the computational model

Kinetic Analysis

Schematic Representation of Protein-Protein Interactions Induced
by EGF Binding

For a quantitative analysis of the EGFR signaling network, an ade-
quate description is required of the reactions that contribute to the
experimentally detected protein-protein interactions and tyrosine phos-
phorylation events. The kinetic scheme presented in Fig. 1 forms the
basis for the integration of the experimental study and the computa-

r nalysi

dIEGFV/dt = —v,
dIRVd: = —v,

EGFR s R k. sch,
EGF-EGFR olex ated as R.). EG nd

[PLCyPVdt =
d[PLCyP-I)/dt
d[Grbl/dt = v,
dIShc]!d! =

Derivation of a Kinetic Model

Kinetic Equations—In order to integrate the experimental observa-
tions in a description of the dynamic behavior of the EGFR signaling
network, we con\u‘led the reaction scheme of Fig. 1 into a set of
known as ch 1 kinetics s (34). For
changes with time of the concentration of any component, e.g. the
receptor form RP, one can write the following.

math

Rate of change of RP concentration = total rate of RP production
total rate of RP consumption (Eq. 1)

Here the total rate is the sum of the rates that produce or consume RP

according to the kinetic diagram. For instance, the total rate of RP

rm > production equals the sum of the (net) rates of six steps (steps 3, 7, 11,
irb2 I ex 15, 18, and 20; see Fig. 1). A set of ch ical kinetic

cll  describing the reactions of Fig. 1 is provided in Table L.

Kinetic equations are usually written in terms of concentrations
(not of mole numbers), since the reaction rates are functions of
concentrations. If the same d part in tak-
ing place in different compartments with different volumes, the ef-
fective con of that d will be
the volume of the corresponding compartment, Step 1 (EGF binding
to EGFR) could be considered as taking place in the extracellular
compartment with a given initial concentration of EGF. The concen-
tration of EGFR in the extracellular compartment would then be
calculated as the number of the receptors on the cell surface divided

Kholodenko et al., 1999




.1) Result: LLM-based model

1 EGF binds EGFR <--> Ra

2 Ra dimerizes <--> R2 .

3 R2 is phosphorylated <--> RP Network given from the text
g RP is dephosphorylated --> R2

6

7

8

RP binds PLCg <--> RPL
# RPL 1s phosphorylated <--> RPLP

RPLP is dissociated into RP and PLCgP EGF—\\QiT
PLCgP is dephosphorylated --> PL(Cg N A\ 6 RPLP
9 RP binds Grb2 <--> RG TN X s
10 RG binds SOS <--> RGS . L PLCYP > PLevP L
11 RGS is dissociated into RP and GS 4(23///)\\ 8
12 # missing v PLCY
13 RP binds Shc <--> # RSh SRR
14 # RSh is phosphorylated <--> RShP ! - 9
15 RShP is dissociated into ShP and RP W ,
16 ShP is dephosphorylated --> Shc Vs A6
17 # miSSing RSIP;P ShP GrAbZ RG
18 # missing Gs l,-sz 21 |
19 # missing 24| RshG S she ' _»s0s
20 RShGS is dissociated into ShGS and RP 119 ¥ |sos 112 10
g% ShP binds Grb2 <--> ShG ~Sos e [ | RP
ShG binds SOS <--> ShGS T e 20 23, \11
23 ShGS is dissociated into ShP and GS s 2 anes 42 "o
24 RShP binds GS <--> RShGS Kholodenko et al., 1999

25 PLCgP 1is translocated to cytoskeletal or membrane structures <--> PLCgP_I

Simulation result
- P-EGFR P-Shc g P-PLCg conf FOT G2 OGfE’Z'ShC blue: 20nM

«
g 8 0125 & 025
i o 503 o & 03
B 5 1 S 0.100 o 020 2
. . B4 202 > 0.075 so S o2
Original  ; : : 2020 :
202 5 S § 0050 a0 = 3 0"
F S 0. = [G) LB
= 0 = 0L S 0.025 ¥ = 005 @ 5 =
£ = s £ =
20010 € 00 © 0.000 © 0.00 ® 0o
0 25 50 75 100 125 " 0o 25 50 75 100 125
R 0 25 50 75 100 125 50 75 100 125 e 0 25 50 75 100 125
Time Time
o 8
& & 025
2 06 g & 02 [ .
2 o T 's 020 & 04
3 ° - 3 g0 5 =
= 2 ] o 2 o
> 04 ~ b 0.3 > 01 o 2 015 z 03 > X
LLM £ o g £ - z i
0.2 e, — 5 0.2 2 LN ELE - — w 010 202
£ o 8 £ 00 S .05 5
3 2o 5 5 % o
£ 00{® = i g 5
© 8 e —01 = 0.00 € 0l

0.0
0 25 50 75 100 125 0 25 50 75 100 125 o B s B 0 25 s0 75 100 135 7
. 0 ] 50 b 100 125

Time Z: : Time me Time 1

Arakane et al. Submitted.

Time



(2) XD 5Dy NT—TE: T2 DDF;

4 )

Follow the Pyramid Step-by-Step

©
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0+0 — G-
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Gene A Gene B

@ _ 0

(Gene Al binds and phosphorylates [Gene Bl

KAdapted from: Li, C., et al. Briefings in Bioinformatics, 2013.)

Harness the Power of LLMs
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(2.2) =EEEEZ AN S D FF (Distant Supervision)
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... A is known to phosphorylate B... BI-F4. EBEZ

... A, B, and C are the main targets of... REDEBERERED

... examining the expression of A and B in... aﬁy J5r—3
~

~
AN AEBZETX |

PMID11156524 2000

Overexpression of ErbB2 in cancer and ErbB2-targeting

strategies.
YuD, Hung MC ¢ Oncogene

X BiocXML

This past decade has witnessed the remarkable advances in the understanding of the
role of the erbB2 gene in cancers and the stunning progress in developing targeted
therapies for erbB2-overexpressing cancers. Activation of the ErbB2 receptor signaling
pathways can enhance various metastasis-associated properties that lead to an

increase of cancer metastasis. Additionally, ErbB2 overexpression confers therapeutic
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Gene A Gene B

@ _ 0

(Gene Al binds and phosphorylates [Gene B

\Adapted from: Li, C., et al. Briefings in Bioinformatics, 2013.
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King (£)
Mikolov et al. Proc. of NAACL-HLT 2013
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