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Scheme for a modelling workflow

SML

Annotated SBML model
without kinetics

Collection of enzyme
kinetic data

Feasible, non-redundant
parameter set

SBML

Dynamic SBML model
with kinetics
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How to combine enzyme kinetic data?

B < [k C
K, Turnover rate \
K K, value K Ky /‘
M M G(O) G(o)
G  Gibbs free energy of formation é Ky Ky,
Kea Equilibrium constant K < /
+

Kinetic parameters are dependent!

What is determined by the available data?
How can we account for the error widths?

Can we use prior knowledge to compensate for missing values?



A €« —» B Reversible Michaelis-Menten kinetics:

v=F

Equilibrium constant Ked

pea _ (B _EE K
@) oq keat K

(1) Ink® =k —Ink® +In K, — In K,

Gibbs free energy of formation G

Led — e—AG'(O) /RT

1
2) Ink®9=—-—NTGO
. RT

kta/ K, — k) K,

1—|—CL/KG—|—b/Kb

that means:
the parameters are dependent
given the equilibrium constant

that means:
e the G(© determine the K¢
e the K®? are dependent



Kinetic parameters are dependent

(0)
(1) Ink? =Inks — Ink®' + Z Ny In KM G K, K,

reactants ¢
1 .
eq _ T ~(0) (2) betwe‘en\‘ (1) within
(2) In kl — RT £ Nil Gz’ reactions reactions
(2
(Ijjq

Problem: complicated relationships between all parameters

Solution: define a set of INDEPENDENT parameters



Independent system parameters

Velocity constant kY = \/ kS ket

lnkeq———ZNgG(O L
In k‘ft — InkVY + %ln k9 - \\\:



Independent system parameters

Velocity constant k¥ = |/kSatkcat

e 0
In ko4 = ——§ NI G

cat V 1 e
Ink<® =1Ink iilnkq

Independent

(0)

e K,
;

e
Network -

for kinetic law



Independent

Velocity constant kY = \/ kS ket

G KY K,
In k‘eq = —— Z TG(O |
v
In k" = In kY + % In k€9 K= \\i*
Network ket

Linear dependencies for logarithms: for kinetic law

X=RPp

(0)
4 4 GO\ I 0 0
A ( InkY G0) ( 0 I 0 \
In KM % 0 0 I
log. observable log independent < In k4 P In KM —R%II,NT 0 0
parameters parameters In k,cat I —%WNT I 0
Sy | 7o)

Dependence matrix



An alternative:
independent equilibrium constants

Independent

/ \‘ ke indep - K,

G0 B - Kea C G© |

\
o K - /A > e Keo \\\

-
Network [Kcat

for kinetic law

Define independent equilibrium constants:
SetN=N,L (N, has independent columns)

1

eq _ _ _— AT (0)
Ink RTN G
_ _%LTN(')TG(O) _ LT(_%NEG(O)) _ LTkeq,indep



Are the parameter data feasible?
given data x*, check whether

dp: x*=Rp

Balance contradicting data
from redundant, contradictory x*
obtain complete feasible x:

*solve X = R" p by least squares,
*set X=RDp

But if there are too few data?
-> Values remain undetermined

Use plausible parameter ranges
as priors in Bayesian estimation

log data x*

B< &  C
® -
A =D

E -

GO

log. independent parameters p

K
GO B < v I K, C G



Uncertain parameters: distributions

Linear relationships between log parameters
-> Gaussian distributions of log parameters

A
P Propagation of uncertainties

linear
approximation

skbpe =R

>
=

>

(log. par) P,

Linear functions a = R b

a multivariate Gaussian -> b multivariate Gaussian

a = Rb
cov(a) = Rcov(b) R"



What was maximum likelihood again?

A A A
<o> <o > ot > °
<o > < & < 0 »
o - o P> .
l 2 ot > ® < >
> > >
Observed values X’ Value x Likelihood: Prob(x"|x)
Another value x
Sum of square errors
Maximum likelihood estimator: Test = argmax, Prob(data x™|value z)
. . . . (z] — x)°
Observations with Gaussian errors: Test = Argmin,, E =
i i
Estimate vector p from observations of x =R p: z* =N(@x=Rp,Cy)

Pest = argmax,, Prob(data z™|value p)
Pest = argmin,(z” — Rp)'C ' (x* — Rp)
= (R"C,R)"'R"C;'a"



Bayesian parameter estimation

Likelihood

Posterior

Likelihood Prior
-

Additional prior knowledge in form
of a distribution Prob(p):

Prob(p| x*) ~ Prob(x*|p) Prob(p)

-

measured
parameter X

Given data x*=R p: bse::‘,
mean and covariance matrix ARSI

oy = (Ciop + (R)TCX_lR)_l ((R) ¢ + C) o))

—1
Cay = (Cay + (R)"C7'R)




Improving the parameter estimates:
integration of metabolic data

B C
Structural model Enzyme data % Metabolic data y*

Gibbs energies of formation

Stoichiometric matrix Reaction Gibbs energies Metabolite concentrations

Reversible reactions Equilibrium constants Reaction fluxes
Turnover rates

Regulatory interactions Michaelis—Menten constants Protein concentrations/

(activation/inhibition) Activation and inhibition Gena express|on date
constants

' | \

Kinetic model l i

D Consistent parameter sets based " E Refined parameter sets based on
on enzyme kKinetic data enzyme kinetic and metabolic data




7.

. Define model structure
. Use generalised Michaelis-Menten kinetics
("convenience kinetics")
. Retrieve and map kinetic data relevant for the model
. Determine priors
. Balance parameters by Bayes estimation
. Insert kinetics into SBML
Predict probabilistic model behaviour
1 linear

| approximation
| skhpe =R
o widthRa

- In y{ln p) A E, ‘X
!- / \ ot
T width @ /

SSML

Annotated SBML model
without kinetics

v

Collected enzyme
kinetic data

v

Feasible, non-redundant
parameter set

v
&ML

Dynamic SBML model
with kinetics

H"EY‘\ Y

\\/a




Each data point needs an error range

e Must be realistic

e How to compare error ranges for different kinds of data?

e Different error sources

Data must stem from independent sources

 never use the same database entry twice

* never reuse data that were already used in the computations

It is important to keep track of correlations

* “posterior is the new prior”

SSML

Annotated SBML model
without kinetics

v

Collected enzyme
kinetic data

v

Feasible, non-redundant
parameter set

v
&ML

Dynamic SBML model
with kinetics

 some knowledge about equilibrium constants is stored in G correlations




How can | use it? SSML

Annotated SBML model
without kinetics

e model-driven data collection and mapping of relevant data #

e assess the possible ranges and correlations of parameters;

» provide parameter priors for model fitting Collected enzyme
kinetic data

What's the use of low-fi models?? ‘

Feasible, non-redundant
parameter set

 initial model as starting point for detailed models
 complete high quality models, fill gaps (better than nothing) #

e determine which additional data are most needed &SML

Dynamic SBML model
with kinetics

What are their weaknesses?

» convenience kinetics differs from true laws

 definition of parameters may differ

e computed, in-vitro, or inferred values differ from the ones needed in the model
e automatic data mapping requires detailed and reliable annotations

» general weaknesses of bottom-up-approaches



Data collection and mapping SML
Annotated SBML model
« easy access to databases without kinetics

* precise annotations in models and kinetic data %

e standard exchange formats for enzymatic data
Collected enzyme

kinetic data
Additional data sources ‘
Feasible, non-redundant
e databases parameter set
e statistical learning methods #
e ab-initio calculations BML
Dynamic SBML model
. . . with kinetics
Treatment of uncertainties & error propagation

* all data should come with error bars

e standards to describe uncertainties in SBML and enzyme data
e standards to describe relationships between parameters

e standards to quantify parameter correlations

e users: model fitting tools that use parameter priors
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Bottom-up and top-down model building

Scylla (“bottom-up”)

in-vitro data may be wrong ...
data may not be transferable ...
models SHOULD not fit all data ...

Charybdis (“top-down”)
the fitted model may work,
but the parameters have an
unclear interpretation ...



