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Computational Modeling

Modeling formalisms
Ordinary Differential Equations
Petri Nets
Hybrid Automata
Markov chains

Rule-based models: BioNetGen, Kappa, Pathway Logic, PEPA, PRISM, ...

ODE Example (protein association):

V1
T e =
4
V2
A B A
v=k[A][B]
v,=k,[C] Mass action law

d[B]/dt=-v, + v, =k [A][B] - k,[C]



Rule-based Modeling

Reactions are rules
A compact representation of ODE and CTMC models

Avoid the explicit enumeration of all possible molecular
species or all the states of a system

BioNetGen language

begin molecule types

S (x~u~p, y~u~p)

E ()

end molecule types

begin reaction rules

E(z) + S(y~u) <=>E(z'l).S(y~u!l) kl, k2
E(z'!'l) .S(y~u!l) -> E(z) + S(y~p) k3

end reaction rules

......



BioNetGen Software Suite
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How to answer queries?

e (arry out analysis tasks

Perturbation
Sensitivity analysis
Bifurcation analysis
Model checking

begin molecule type
L RO
end molecule type
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Model Parameters

Two types of model parameters

Initial conditions
Rate constants

Experimental measurements
Expensive
Not possible to measure all parameters

In vitro measurements may not reflect the actual physiological
conditions in the cell (Minton, | Biol Chem, 2001)

Cell population-based measurements are not very accurate (Kim
& Price, Phys Rev Lett, 2010)



Parameter Estimation
Goal:

Find values of parameter so that model prediction
generated by simulations using these values can match
experimental data (e.g. time serials, steady state)
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krbNGF = 0.33, KmAkt = 0.16, kpRafi=0.42 ... ... target

Q krbNGF = 0.49, KmAkt = 0.08, kpRafi= 0.97 ... ...

krbNGF = 0.88, KmAkt = 0.21, kpRafi= 0.05 ... ...

Time




Optimization Approach

Minimize the difference between model prediction
and experimental data

Given data x(¢;), find k to

minimize J(k) =) |[jx(t;;k) — x(t;)|I’

J: objective function



Example: Steepest Decent

* Update following the direction of steepest descent on the
hyper-surface of the objective function

& J(ka, k=)
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Many Challenges

concentration

The curse of dimensionality

Over-fitting

Non-identifiable models

Inherent uncertainty of data

oGO

underlying dynamics

concentration

time

Over-fitting curve

time

Kim et al. 2007
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Parameter Estimation for BioNetGen

* Current solutions: ptempest, BioNetFit, SBML tools
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Our Solution
A statistical model checking (SMC) based approach

Encode training data as a bounded linear temporal logic formula
Evaluate candidate parameters using SMC
Perform global optimization (stochastic ranking evolutionary
strategy (SRES))
Advantages
Utilize both quantitative and qualitative knowledge
Deal with uncertainty of the biological system/data
Good scalability due to the power of statistical testing

Extending our previous method for ODE models with prior
distribution of initial states (Palaniappan et al, CMSB, 2013)
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Model Checking

* Anautomated method to formally verify a system's behavior
with respect to a set of properties

Edmund M. Cldrke (Turing Award 2007)
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BLTL

Atomic proposition: (i,/,u),L, <[ <u <U,
the current concentration level of x; falls in the interval [[u]

The formulas of BLTL are:

Y = AP | truel falsely, vy, |-y ly, Uy, 1y Uy,
Derived operators:  , 5 = G G',F* F'
A finite set of time points T 0,1,.,T}
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BLTL

e Semantics

The semantics of the logic is defined in terms of the relation o, |= ¢ where o is a
trajectory in BEH andt € T.

- ot = (i,0,u) iff ¢ < o(t)(i) < u where o(t)(i) is the i'" component of the
n-dimensional vector o(t) € V.

— —and V are interpreted in the usual way.

- o,t = U=k iff there exists " such that &’ < k, t+k < Tando.t+k" =/ .
Further, o, ¢ + k" |= 1) forevery 0 < k"' < k.

- ot EUMNY ifft + k < T and 0,t + k |= 1'. Further, o,t + k' |= 4 for every
0<k <k

We can now define models(v)) = {o | 0,0 =1, 0 € BEH}.
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Probabilistic BLTL

P (y),P..(v),wherere[0,),7'e (0,]]and  1s a BLTL formula

The probability that a trajectory in BEH belong to
models(\) exceeds or equal to r

Based on measure theory and our assumptions, we can

define P(Models(y))
Given ODE system S,
S = P>, ifft P(Models(1))
S = P<, iff P(Models(v)))
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SMC of PBLTL formulas

Sequential hypothesis test between
HO: p>r+0andHl: p <r—0, where p = P(Models(y))

Generatinga sequence of sample trajectories by randomly sampling

INIT
Verify each trajectory and determine whether accept Ho or H1 based
on Type I and Type II error bounds

Can be an on-line method
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Encoding Knowledge

Quantitative experimental data
v, =F' (0,0 ,u;)
Wep = /\ieO(/\teTi 7
Qualitative properties of the dynamics

E.g. transient/sustained activation, oscillatory behavior, bistable, ...
trend’ formulas: V.

PBLTL formula: P, (¥, AY,,)

20



1. GueSS 61 am e Parameters ©: k71, k2,...

2. Verifyy, Ay, withthe chosen
strength

3. Compute F(6;)

Terminate or make a new guess
(based on search strategye.g.
SRES) and repeat step 1

model checking

Qualitative property:
Y: DNA damage
induces p53 pulses
Qualitative data:

IL13 - 10 30 60 120 180 Min

pERK‘..'.‘

or calculate sensitivities

Jéﬁi
F(0) =7, (0 +Z x

[E() Cl])

estimate O using global search algorithm

tERK

evaluate ©

Let.J': " (#) be the number of formulas of the form ¢

exrp
(a conjunctin ¢ ‘ ,,,) such that the statistical test for 1’;:,.(1 ') accepts the null F(0) = T3, (0) + Z
(that is, P,.(¢’]) holds) with the strength (5. 3). where J = 3" ., J!,,. Similarly,

1
Illl

JhE

1"']

q“u((I] be the number of conjuncts in ¢ alty of the form v .4, that pass the statistical
test P (¥ q1r,) with the strength (5. 3).

TRUE or FALSE

Temporal Logic Formulae
Prs0.05(p53™) < 5nMUS300h
F2 (530 > 60 A (FS2 (530 < 5nMA
(FS2h(p530N) > 6u0 A (FS12% (5530 < 50MA
(FSHG= (53 ™) < 5u)))))
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SMC based Parameter Estimation

krbNGF = 0.33, KmAkt = 0.16, kpRaf1 = 0.42

krbNGF = 0.49, KmAkt = 0.08, kpRaf1= 0.97

krbNGF = 0.88, KmAkt = 0.21, kpRafi = 0.05

|I Time

target
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Case Studies

Pathway models taken from BioModels database
Nominal parameters

Synthetic experimental data

Qualitative trend



EGF-NGF Pathway

* ODE model (Brown et al. 2004)

32 species

(freeNGFR)
48 parameters (20 unknown) r Y i)
Membrane
boundEGFR)---71  rr-=----- “120

* Training data ,

7 species, g time points d

o Test data 6

2 species, 9 time points -+
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EGF-NGF Pathway

* Running time: 2.23 hours

boundNGFReceptor « 10° SosActive «10° AktActive «10° ErkActive «10° PI3KActive
6 15
10000 6
10 4 4 10
5000
5 2 2 5
0 0 0 0 0
0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60

Training data Test data
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Segmentation Clock Network
ODE model (Goldbeter et al. 2008)

22 species, 75 parameters (40 unknown)

Training data
Time serials: Axin2 mRNA, 14 time points

Qualitative trend: 5 species, oscillatory behavior
e E.g.(([LmRNA<0.4] A (F(LLmRNA > 2.2] A F([LmRNA < 0.4] A (F([LmRNA > 2.2] A F([LLmRNA < 0.41))))))

Test data: Dusp6 protein, qualitative trend

Fglf — Notch —
: DISh* Gsk3 - Membrane
- i : }--- Lunatic Fringe —
Ras Ras* i '
— R Axin2:Gsk3 ; I.___,
i bt LN !
i o/ ' Axin2 ! NicD.cyto — !
/—\ — b-catenin b-catenin.p ! i
Erk Erk* ~
-~ : l Tt -
4
T Dusp6 — i
M b-catenin.nuclear — | -
TFX 1 G A : E : NicD.nuclear —»
-~ [ I R A, !
T . T ! Nuclear

i . !

H ! I . 1

' ' by Ly ' 6
--- Dusp6 mMRNA «—— ><>OOO< —— Axin2 mRNA >OOOO( —— Lunatic fringe MRNA — 2



Segmentation Clock Network

* Running time: 2.2 hours

Notch protein

1
0.5&
0

0 100 200

3
2
1
0

Lunatic fringe mMRNA

0

100

active ERK

Training data

Axin2 mRNA
20
10
00 100 200

Dusp6 protein
10

5

0

0 100 200

Test data
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MLC Phosphorylation Pathway

Regulates the contraction of endothelia cells
ODE model (Maeda et al 2006)

105 species, 197 parameters (100 unknown parameters)

Training data

Time serials: 8 species, 12 time points
Qualitative trend: 2 species

thrombin
d

thrombin receptor ~ Plasma membrane

TeSt data G,z/ RGS:)CEq d\e’gradation
l
: - - PLCB
2 species, 12 time points p115RhoGEF v <
1) IP;  DAG
RhoGAP —[Rho)
l 3 \ <+
CaM PKC
Rho-kinase i
_— MLCK
MLC == (MLC-®)
._T—_»MYPn F—— CPI17
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MLC Phosphorylation Pathway

* Running time: 50.67 hours

MYPT1.Rho-
Rho.GTP PKC.DAG MYPT1_PPase, -33IP3.IP3R 1.Rho-kinase,
1 X10 0.015
0.2 1
0.04 0.01
05
05
0.02 011 N, 0.005
C g,
0 0 0 0 0
0 500 1000 0 500 1000 0 500 1000 0 500 1000 0 500 1000
Test data

Training data
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Conclusion

A SMC based approach for the parameter estimation of
bio-pathway models

Utilize both quantitative experimental data and
qualitative knowledge

Deal with uncertainty of the initial states and the noisy
cell-population data

Employ standard search strategies

Can be used to perform global sensitivity anlaysis



Future work

Stochastic differential equation (SDE) based models
Hybrid systems
GPU acceleration
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