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Dynamical description of
complex biological systems
using data, math, and
deep learning
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Curriculum Vitae

Speaker Name: Kyemyung Park, M.D., Ph.D.

» Personal Info

Name Kyemyung Park
Title Assistant Professor
Affiliation Ulsan National Institute of Science and Technology (UNIST)

» Contact Information
B Ly Address 50, UNIST-gil, Ulju-gun, Ulsan, 44919

| “ ) Email kyemyung.park@unist.ac.kr

Research Interest
Systems biology/immunology/medicine, Bioinformatics, Mathematical biology, Biophysics

Educational Experience

2008 B.S. in Physics, Seoul National University
2014 M.D., Yonsei University College of Medicine
2020 Ph.D. in Biophysics, University of Maryland, College Park, USA

Professional Experience

2015-2020 Predoctoral Visiting Fellow, Laboratory of Immune System Biology, NIAID/NIA, USA
2020-2022 Fellow, Department of Pharmacology, Yonsei University College of Medicine
2022-2022 Senior Researcher, Korea Virus Research Institute, IBS

Selected Publications (3 maximum)

1. Tripathi, S., Tsang, J.S., and Park, K. (2023). Systems immunology of regulatory T cells: can one
circuit explain it all? Trends Immunol. 44, 766-781. 10.1016/].it.2023.08.007.

2. Wong, H. S, Park, K, Gola, A, Baptista, A. P, Miller, C. H, Deep, D, Lou, M., Boyd, L F,
Rudensky, A. Y., Savage, P. A, Altan-Bonnet, G, Tsang, J. S, Germain, R. N. (2021). A local
regulatory T cell feedback circuit maintains immunological homeostasis by pruning self-activated
T cells. Cell 184, 3981-3997.e22.
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Systems ImmunoDynamics Lab

Ask and tackle
immunological questions for
predictive immunotherapy

Develop computational frameworks
of scalable modeling

Lab website
https://sites.google.com/view/sysimm
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Elements consisting of computational biology

* Quantitative Data
* Omics,

* Clinical data from medical records, medical imaging, vital sign
als(e.g., ECG)

* Quantitative modeling
* Mechanistic, rule-based, or dynamical modeling
* Differential equations (ODE, PDE, SDE, CME)
* Stochastic simulation (e.g., Gillespie’s algorithm)
* Boolean network
* Agent-based modeling

* Statistical or Data-driven modeling
 Statistical models
* Al/Deep learning models




What is a model in biology?

Nature Chemical Biology 7, 9—-17 (2011)
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Computational models

Parameters,
time
dM i
E & km i dm M )

—> Phenotypes

Simulation For different My, Ky, dim

(Numerical solution) q (,
/—

il

Mathematical solution

60 80 100

20 40

o 4

0 20 40 60 80 100

Computational models

Parameters,
time

dM !
dt

—> Phenotypes

* Predictive understanding of biological systems
e Time evolution

* Responses upon perturbations of parameters -
identification of personalized intervention modalities

* Emergence phenomena




Mathematical modeling in biology

Table 1 Computational approaches and toals for systems biology

M
Individual particle-

dax 2 -
E=f"(X, k, t)

Limitations

Tools

Small subcellular signaling

Applies only w small systems (in terms

MCell (32), Smoldyn (314),

based stochastic processes, aspects of of space and chemical complexity) ChemCell (315), GetBonNie
bacterial biochemistry patial) (49)
Particle number Sigmaling processes with Applies only to small systems Gin MesaRID (35), SmartCell (33),
stochastic important stochastic aspects. terms of space and chemical GetBonNic (nonspatial)

complexity), has less derail than
individual particle simulation
Provitles cither high spatial reslution
or biochemical complesity, has no
stochasticii
Assumes global biochemical
homogeneity in the simulared system

(due to small system size or
high sensitivity)

Cellular signaling processes
with important spatial
aspects

Cellular signaling processes
without spatial aspects

Conecentration-hased
spatial, nonstochastic

Virtual Cell (37), Simmune (36}

Concentration-based,
nonspatial,

Copasi (46), E-cell (44),
Cellware (45), Systems

nonstochastic Biology Workbench (47),
GetBonNie
Germain et al. 2011 Annu. Rev. Immunol.
. . Yy S ——————
9...-4....7 N om——
A o \
[ GGG s =
g ) a8
F‘- h"] . ]
e . = £
e b e e
t

Perelson et al., 2021 CPT PSP Hong et al., 2021 Communications Biology

Luecke et al. 2021
Immunity

Van Eyndhoven et al., 2021 Trends in Immun. Hollingsworth et al., 2018 Neuron

Mechanistic, rule-based, or dynamical modeling
+ Differential equations (ODE, PDE, SDE, CME)

* Stochastic simulation (e.g., Gillespie’s algorithm)

* Boolean network

* Agent-based modeling

Complex and multiscale organization of the mammalian biological/immunol

em
w_—»
. Y% /
C/Mﬂ A

N

Organ networks

Tissue organizations

W)
Cellular networks e ®
~9,_ 0/
Intercellular interactions / : \
(e.g., cytokines- ¥
receptors)

Signaling networks

Gene/epigenetic
regulatory networks ty




Data <-> Network <-> Dynamics

Data Network

_.-—-” %
Organ networks C’?‘“j\(‘

s Prediction

< (\. \.\ .thrtl:»u-gh

Cellular networks simulations
- ~o_® =)

Intercellular interactions / 0% B = \

(e.g. cytokines- B

receptors) 3

Signaling networks _e__,‘,, b e

Data = Network




Various tools are available for inferring networks across various layers using
RNA sequencing data and established databases

@  *
\O '—\O,/

o
&=
Cell-Cell ellIChat
Communication

(Ligand - Receptor)

(Receptor ~ Transcription
Factor)

Gene Regulatory Network b 'E; SCENIC+
/—m \ (Transcription Factor - Target PR

gene)
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Network = Dynamics




Network => Reaction network = Differential equations

From the previous example
Reaction species:

ey * G (gene)
\QM * M (mRNA)
‘ﬁ,n w Reactions:
k
7PV d \ e G _)m Gene + M with a propensity, kyy,
Gene (3 m @ dpm-M

e M— @ with a propensity,d,, - M

Equation(s)

aM
° Ezkm_dm'M




Network => Reaction network = Differential equations

A unit block in a multiscale network

gene
QVTVTVIVIVNTDNON “

\
i/
\/

:

Network - Reaction network = Differential equations

A schematic view




Network => Reaction network = Differential equations

A schematic view Reaction species
c /oL (fdamd) L: ligands
(l‘-kﬂﬂba\"’f aw.

(receptar ) R: receptors
C: ligand-receptor complexes

.gtgw f""""“"‘) G: gene

P: gene products

Reactions

L tR 2 C vpmfms«‘rrbs
= e LR
S— g C

Ot —— GF e+ P
v propensy hen
4y —C

Koo+ O™

Fill Rncgin
P — P

Network - Reaction network = Differential equations

A schematic view Reaction species
L: ligands

R: receptors

C: ligand-receptor complexes
G: gene

P: gene products

-10 -



Network => Reaction network = Differential equations

A schematic view Reaction species
L: ligands

R: receptors

C: ligand-receptor complexes
G: gene

P: gene products

Typical time scales

“'élq/\ LR - ”é\p# C/ -> in seconds

- in hours

Network - Reaction network = Differential equations

Quasi-steady-state approximation for ligand-receptor binding

AR LR+ dp CrO

By ) 51 = Ly + C
Rar = R@.J 7

aed  urcher as’vlmiog;_ (//P‘f%-
Lzt 57 Riy  dentr lea % Life) iL

fhen  We have %_ 7=
~don LRea=C) + 4epC =0 ;

LR —C ) % ;=0 K:di i Wkimwilmmwwﬁm
—— Meenration
= K : disgocirtion

celficient .
[
C =R
1B S

in Mol rateation ()

-11 -



Network = Reaction network => Differential equations
A related topic: Michaelis-Menten equation
Enzymes are kinds of catalysts that

speed up biochemical reactions of
substrates by lowering activation

energy.

The enzyme reaction can be decomposed as

k k,
E+S 2C—->E+P
k4

where E: enzyme, S: substrate, C: ES complex, P: product

Network = Reaction network => Differential equations

A related topic: Michaelis-Menten equation

From k, K,
E+S <—_’kC—>E+P

-1

we can write down the kinetics of each species as (dropping [ ] for notational simplicity)

as
E=k_1c —klES

dE
E=k_1c _klE'S+k2C

ac
E = _kZC - k_lc + klE - S

dP

E—kzc

-12 -



Network = Reaction network = Differential equations

A related topic: Michaelis-Menten equation
If the total amount of the enzyme E is limited as E, and S >> E,,

E; = E + C = constant

If binding and unbinding of E and S are much faster than the rate of produ
ct synthesis (k,), we can apply the equilibrium approximation as

ds
— =k2C —kE-S=0

C = klE S
=

Network = Reaction network = Differential equations

A related topic: Michaelis-Menten equation
uang Fr=Et C
_ 4 _
= (= =z (Ee- C ) S
folu&/l(qr this for C

)

ﬁ—;%s)-c = =

- »J«em Kf%

26

-13 -




Network = Reaction network = Differential equations

A related topic: Michaelis-Menten equation

/:/,VM” , f‘e w/{ody' 97D 'dfe reaction Ke/te ratz a‘ta -
of- procuct ) 74

1/ _ LP N Vél C _ (/él@§
£ KutS
VU S

= —— 2 whew Vi = VN
et > Micheallis — Meytan et

/

08!
> |
go.e;r
gmi

02|

Network = Reaction network = Differential equations

A related topic: Michaelis-Menten equation

%A.d!}// 'ﬁ/le W/IOLFDW 97D ’dte reaction Ze/{e rate a‘lg “Fration
of- PV‘O&Z)MLL ) 4

_ L}D: Vél C _ 0&15*,5
At KutS
- \/MNS

= —— Y hew \fw« = é; Es
uts Micheallis — Mevtan eqoiely

08!
> |
go.e;r
gmi

02|
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Network = Reaction network = Differential equations

Hill equation

* Cooperativity:
* |If the enzyme can bind more than one substrate molecule, and the binding
of one substrate molecule affects the binding of subsequent molecules
* Michaelis-Menten equation generalizes to Hill equation

1

el //////”’4
08}

Hill equation

e
~

=
2 L
V . Sn g 0.6
__ Ymax 2 osl
— = B
n n 2 0al
KM + S CEE.‘} 04
03 —n=1
—rY]
0.2r [——1
01 | n=4
H
0 H . '
o 05 1 15 2 2.5 3

Substrate concentration, s

O Fig. 1.8  Hill equation reaction behaviour, for different values of n

29

Network = Reaction network = Differential equations

Hill equation

Binding of hemoglobin and O, is a very good example.

(759
Qm_’ Tetramer: each Hb + 4‘02 2 HbOz + 302 2
subunit can bind to Hb(OZ)Z + 202 2 Hb(02)3 + 02 2

a O, molecule.

/DHSD{\wL Hb(03),

> 2 __hemoglobin n =~ 3
“i.os|l =
g i
Fractional filling of available hemoglobin sites é 06 | SR n= T
[0,]" Soa
§ = G 2
+ [02]" -a el tissue lungs
Her T ]

110°.  1510° - 210° 251070
concentration of Oy, M

0 510

30
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Network = Reaction network = Differential equations

Hill equation

n
Vmax S A good empirical way to quantitatively describe dose-

_ Kn + sn response relationship in many cellular or subcellular
M behavior

100} Paclitaxel
Mitoxanbtrone 6
| Doxorubicin
80 Cisplatin
5-FU

(o))
(=]

Cytolysis (%)

N D
o O O
o

il

= -y

: ] - o
10:19 108 10°
Concentration (M)

104

https://www.axionbiosystems.com/resources/application-note/dose-
response-analysis-impedance-based-potency-assays

31

Network - Reaction network = Differential equations

Hill equation

We assume that detailed biochemica
reactions that comprise the signaling
pathway collectively form a typical
dose-response curve, which can be
modeled by Hill functions (or Hill
function of Hill function of .... as if
activation functions do in deep neural
network

“4&f

-16 -



How to solve differential equations using computers?

Parameters,
time

dM_ |

—> Phenotypes '

Simulation For different My, Ky, dpn
(Numerical solution) e

ER

3

2 4
=

=3

- SO

Mathematical solution

k_m) . e_dm't ° 4 T T T T T

stems ImmunoDynamics Lab

-17 -



How to solve differential equations using computers?

Parameters,
time

dM i
dt

—> Phenotypes

Simulation For different My, kp, dp,
(Numerical solution) e

-~
F— O

Mathematical solution

53

o
&

—d 't < T T T T T T
) e m 0 20 40 60 80 100

BUNIST Systems ImmunoDynamics Lab

How to solve differential equations using computers?

Baged on Toyler expansion
Fth): Foo) +hfe) +3*‘,;¥”6an £ &
How do Computets AT I [ '

Discretization 7
Loisixilasans foeh) = fa) 4 b fem + OG2)

> _F‘/cy};-_ ‘FU-*;;]-"FCMJ + Olk)

D I order oppro<i mation

)

A s s amper gt Fz)? S rEh "Fcf-t]-&x- Iy
Ao
of oe oder £ |
A
x" ‘&-'L i
36
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How to solve differential equations using computers?

i el ot approsivazion
Foud) = fei) « b frew ""‘;‘;;f”cx.) F ?&iﬁ”’(zﬁm’)

- TES ) R W E 3"{;"&) = ;Fﬁ"(x.kow)

D fash) ~Fo-k) = 2hfee) + O
1y - Foeth) = fa,-k) :
fo = + O

FA) = Foat)l | o e
& @ Lo T Mm‘?
SR ARERN s

37

How to solve differential equations using computers?

°_;t1zarxcim —2 Suwation

h A ke
f"FC’-) A’L 2 f 'F{a -tx.)Jx. = fg(q) + xfne )a('x-

I b wel T ‘(ﬁLw- ﬂw&l’ fia er
jFﬁ’-jJI-"" I-.-'Ffﬁ-“""l_}'h-[-m;} .%’ kaf% L Tems 'ﬂ‘-ﬂ— ‘fa)f/
> n=0 ecrmfr'm , More acurate -ﬁrﬁl«fa con le
1 T Wrokin dhe- Lalila d corived. sudh s zr-Pzaa:aLf mb  or Siupson re

e R

38
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How to solve differential equations using computers?

Salur% Aozl gz

QT;U\_, Mﬁ@mﬂm —  SummaTion
4

~ gm"au

—
=An LL

P = gt hflx g
= Euor medhods = bue por used widely
dAue o /a!ag, enrs.

More  aAcrane. a:n}o-;mu‘m reguives  more terms
Jor  each /ncrement

= Jltzu,q.)

39

How to solve differential equations using computers?

&) Runae — Kum Method [ 4 eveles)

=g e LR B

wlam. r
ES

C:PC’L“/ %“)
F(2eezh, duxthf )

|

1

https://en.wikipedia.org/wiki/Runge%E2%80%93Kutta_methods

40
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How to solve differential equations using computers?

* There are many good numerical solvers available in
Fortran, C/C++, Matlab, R, Python, Julia ....

 All solvers in these languages share similar usages.

* Therefore, once you learn how to use solvers in one
language, then you can easily adapt to other langua
ges.

* We will practice using R.

Scaling up [Data<->Netw
ork<->Dynamics] using d
eep learning

MNIST Systems ImmunoDynamics Lab

-21 -



Challenges in scalable modeling

1. Explosion of the number of parameters

2. Integration of distinct behaviors and/or modeling
modalities across multiple organizational levels

Challenges in Scalable modeling

Typical features in the immune system, which ha
been addressed yet:

?;"/_(:}\(/ + Cells interact with each other via signaling molecule

@ that change intracellular states that, in turn, affect

/ Lol intercellular interactions.

' * Cells move in space and/or form spatial structures
that, in turn, again affect intercellular interactions

™~ and/or intracellular states.

® * There are many attributes (internal degrees of
o freedom) at the intracellular level.
e \ =>» How can we describe such complex, multiscale,
T > nonlinear dynamical systems realistically (as
Mo opposed to a traditional way of modeling toward
simplifying the system)?
b 2l @\%@ =>» Too many cons.tituent players with too many
' @ @ % parameters, with 'too many degrees of'freed(')m .
we 0 @ (independent variables) 2 a curse of dimensionality!

=>» Can neural networks resolve this? (one of our
research topics in our lab to enable scalable
modeling using deep learning)

- 22 -



Physics-informed neural network

Neural networks

Deep Neural Network

input layer hidden layer 1 hidden layer 2 hidden layer 3

T ZE X : https://repository.kisti.re.kr/bitstream/10580/19182/1/KISTI%200| #5 Z 2| Z%20 M| 74 S .pdf

Universal approximation theorem:
Briefly, deep feedforward neural networks with proper activation functions can
approximate any continuous functions within any arbitrary degree of accuracy

given a sufficient number of neurons in the hidden layer.
https://en.wikipedia.org/wiki/Universal_approximation_theorem

let neural networks learn the solutions of differential equations that
ved analytically and numerically?

Physics-informed neural network

Journal of Computational Physics
wolusme 378, 1 Febrsary 2019, Poges 586707

ELSEVIER

First appeared as “Physics-informed
Physics-informed neural networks: A deep Neural networks” by the Karniadakis
learning framework for solving forward and roup in 2019

inverse problems involving nonlinear partial g P
differential equations

M. Raissi ®, P Perdikoris * 2 B, G.E. Karniodakss ©

A given physics law by viscous  du du  0u
. — tu— =v—
Burger’s equation ot Oz dz?

PDE(v)

-, 2u A surrogate neural netwok that
learn the PDE solution u(x, t)

NN(x,t, )

Construct a loss function L = Waata Ldata + WpDELPDE,

where

S (u(zi, ;) —u;)”  and

2
L1 §Neoe (B you o
Lepe = Nppg £=j=1 (35 TUsG VY ’) l(*ﬁ""v‘)'

1
Laata = Naww

e Review Physics, 2019

-23-



Solving ODEs using R

IL2-IL2R-signaling pathway

Reaction species
L: ligands

R: receptors

C: ligand-receptor complexe
G: gene

P: gene products

w*‘/" L(z:.x) i
N e C(.U.).—IL).R amplec)

Kinetic parameters
ksyn=2000 (molecules/h)
kdec= 005 /h

- 24 -



R coding

Please refer to a code file “ODE_lab.R”

parameters <- c(k_syn = 100*400*0.05 mod_IL2_IL2R_signal <- function(t, te, parameters){
K_syn = : with(as.list tate, paramete i
n_syn C <- R_tot off/k_on+L)

k_deg =
k_on =
k_off = @

An_syn/(K_syntn_syn+CAn_syn) - k_deg*P

ggplot(as.data.frame(traj_P), aes(x = time, y = P)) +
geom_line() +theme_classic() +
xlab("Time Chours)") + ylab("P (# of molec.)")

traj_P <- ode(y = state, 10000
times= times,
func = mod_IL2_ILZ2R_s ~~ 7500
parms = parameters) %
E 5000
[=]
®
o 2500
0

0 25 50 75 100
Time (hours)

IL2-IL2R-signaling pathway with positive feedback

MC’ L (23)
C (13- HaR - avplas) Reaction species
L: ligands
R: receptors
C: ligand-receptor complexes

Prepensies G: gene
P: gene products

GtC —— GtC+ R “&y'}'%
R — /@’ sn C

«é%&,k ‘R

diC . | -
7{# "é—enLR @C

- 25 -



IL2-IL2R-signaling pathway with positive feedback

o0 L () ‘
2 C (12~ 22 R~ cwplac) %{= don LR~ 4p C

P
4t obe oottt ~ bR

_ELEZ = 44l — Lo LR £lowe
dt
CE'IQL
R+ L = \U
G;’f(; — GTC+ R @2uaﬁ-5¢a@%9 — Sl egired Mo,
R - R L
E /d C Ka+ [
e 4
AL T ”ngh s AR
aﬁ@dwrp:g de ﬂllamn‘g)'[ ff,,-,ﬁ’ i R
R coding

Please refer to a code file “ODE_lab.R”

parameters <- c(k_syn = I 7 mod_IL2_IL2R_signal_R <- function(t, state, parameters}ﬂ
K_syn 00, with(as.list(c(state, parameters)),{
n_syn = < * k_off/k_on+L)
k_deg_ @ k_syn*CAn_syn/(K_syn*n_syn+CAn_syn) - k_deg_R*R
konf=11 1= list(c(dR_dt))
k_off i)
2 }

traj_R <- ode(y = state,
state <- ¢c(R = @)

times= times,
func = mod_IL2_IL2R_signal_R,
parms = parameters)

t"LmES o SECI(@,]_@@, by :@-@1) ggplot(as.data. frame(traj_R), aes(x = time, y = R)) +

geom_line() + theme_classic()
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Initial condition R=0

Initial condition R = 5000

0.050 1 10.0 1
"‘:’:‘ 0.025 "‘:’3‘ 7.5
@ @
g g
0.000 5.0
5 5
® ®
@ -0.025 @ 25
-0.050 L+ . . . . 001, . . . .
0 25 50 75 100 0 25 50 75 100
Time (hours) Time (hours)

Initial condition R = 7500

With different initial conditions, the model behaves very differently

Initial condition R = 10 Initial condition R =

1000 1

-~

w

o
1

R (# of molec.)
M [4:]
3 8

Initial condition R = 10000

25 50 75
Time (hours)

100

=200

40000

:

5000
14000 1
—~ 40001 ~ 6000 1 —
% s %3 % 13000+
5 "g 40009 5 12000
E"' 2000 % E"'
& 00 & 2000 & 11000 4
0- i i . i - 10000 1
0 25 5 75 100 0 25 50 75 100 0 25 5 75 100
Time (hours) [ Time (hours) Time (hours) .
- 7 R D NN Nonlinear!
Phase portrait to analyze nonlinear systems (code available in ODE_|a
dR
Plot i f (R, t,parameters)
40000
100
30000 4
01 -
5 Stability ko
:I e Stable € 20000
o -100 ® Unstable g
4

[=T |

100

200 300
Time (hours)
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Bifurcation (code available in ODE_lab.R)

If parameters vary, the number and/or the types of fixed points can change
-> Bifurcation: one of the origin of many abrupt or nonlinear behaviors in the
immune system shaped by nonlinear feedback loops

Conc. of IL2 (pM) 40000
1000 -— 01
: 30000
= Stability
:n S o 20000 . . Slable
° = : = Unstable
o0 = om0 L
— /]
o 5 10 15
L
Conc. of IL2 (pM) 0000 P —
: 30000 r
o Stability
= o 20000 - Stable
: *  Unstable
e 10000 F
L
hysteresis

Solving differential equation ®
s using neural networks (phy
sics-informed neural networ
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Example from IL2-IL2R signaling (code avaialbe in PINN_lab.ipynb)

W’ﬂf. L ()
P C (1 TR - cples)
A surrogate neural netwok that

L learn the PDE solution u(x, t) NN(x,t,0)

_/gﬁ' C= Ree Krt

n;,,, Construct a loss function L = Waata Ldata + wppE LPDE

‘—-é"ﬁk-c where
B&yh’"*’c P h

Laata = ﬁZ?r_""’ {u(xi i) — )2 and

Rt = O o 4o0OD copies por alf ,
Ki= /0 pm (0o ) Lppe = NPDFEJ"‘LPDE( +u%—u%)

(12-70R)
uFf

Collocation

Random sampling from the domain of
independent variables (time, space)
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