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S1

Mathematical Symbols

Network

Stoichiometric matrix (all metabolites) Nt
Stoichiometric matrix (external metabolites) Next
Stoichiometric matrix (internal metabolites) N = L Nind
Link matrix L
Stoichiometric matrix (independent internal metabolites) INind
Cooperativity coefficient h;
Stoichiometric coefficient o

Reactant molecularity

mi = hl \nzl\

Activation coefficient mf}

Inhibition coefficient mf,

Metabolic Variables

Flux v

Internal metabolite concentration ¢

External metabolite concentration x;

Enzyme level e
Thermodynamic Variables

Mass-action ratio g™ =11,
Equilibrium constant k4 = Hl (5™
Standard chemical potential 1%

Chemical potential wi = ps + RT Ing;
Thermodynamic force 0, = —A,u/RT
One-way flux ratio (; G =uvg /vy = et

Rate Laws

Rate law vi(c,e,x) = e ki(c,x)
Michaelis—Menten constant kM

Activation constant kli

Inhibition constant kI-

Catalytic constant kS,

Maximal velocity

Velocity constant

Uil,ax =g ki"tl = maxc x v(c, €, X)

Y = i b

Elasticity Sampling

Saturation value

M pgA gI
Bii» Bii» Pui

.. o
Unscaled elasticity EY =34

- > al
Scaled elasticity By = B?Thc’f\

Metabolic Control Theory

Steady-state flux
Steady-state concentration

v = v5*(e,x)
G = cit(e, x)

Jacobian matrix (independent metabolites) A =NME, L

Unscaled response coefficient Rg = g; Ry} = %

Unscaled control coefficients Cii =R/ EPL, Cyl = Re] |EY!

Scaled response/control coefficient Ré = (g = 9l o, ReI = Cyl = 881111[1‘2‘

Table S1: Symbols used in STM. Network elements are denoted by ¢ (metabolites) and [ (reactions). Second-
order elasticities, response coefficients (called synergy coefficients), and control coefficients are defined simi-
larly to first-order coefficients.



S2 Kinetic Models and Reaction Elasticities
S2.1 Kinetic Models

Metabolic networks and kinetic models A metabolic network is defined by a set of chemical reactions
and regulatory arrows pointing from metabolites to reactions (Figure S2.1 (a)). The molecularities! m},
(for substrates) and m?, (for products) are given by the stoichiometric coefficients n;; between metabolite
i and enzyme [, multiplied by the reaction’s cooperativity coefficient h; (i.e., hyni; = my — mb) [1]. The
stoichiometric coefficients and regulation coefficients m{} and m}i (activation: mﬁ = 1; inhibition: m}i =1;
zero values otherwise) are collected in matrices that define the network. Kinetic models [2] describe reaction
rates by rate laws vi(c,e,x) = e; ki(c,x) (Figure S2.1 (b)). Modular rate laws [1] (see below) contain
two types of kinetic constants: catalytic constants k$** (in s™!) describe the speed of the forward and
backward rates, while metabolite-enzyme binding is described by dissociation constants kM for reactants,
activation constants k* for activators, and inhibition constants k! for inhibitors (in mM). For each reaction,
a certain ratio of all these constants must be equal to the equilibrium constant (Haldane relationship). Given
stoichiometric matrix and rate laws, we obtain the dynamic rate equations de;/dt = % Yo navi(c, e, x) for
internal metabolite concentrations c;, with external metabolite concentrations x; and enzyme levels e; as
parameters. We assume that all metabolites ¢ are homogeneously distributed within cell compartments of
constant size V;. Metabolite concentrations are given in mM = mol/m?, reaction rates as amounts per time
(mol/s), enzyme levels as amounts (mol), and volumes in m?. In single-compartment models, we may choose
a compartment size of 1 (dimensionless) and measure reaction rates in mM/s and enzyme levels in mM. If

we analyse steady states, the choice of flux units does not play a role.

Modular rate laws Modular rate laws [1] are generic reversible rate laws that capture various reaction
stoichiometries, enzyme mechanisms, and types of regulation by effector molecules. Formulae for different
rate laws and their elasticities can be found in the Supplementary Materials of [1]. As an example, let us
consider a reaction A + B = 2C without effectors. The common modular (CM) rate law is a reversible
Michaelis—Menten kinetics, generalised for arbitrary stoichiometries. With two substrates A and B and one

product C, it reads

B (a/RY), (b/RY) — K (/)
(14 a/kXY (1 +b/kN) + (1 + ¢/kN)2 —1

(S1)

v(a,b,c,e) =e

with reactant constants kY, kY, and k% (in mM) and catalytic constants k$** and k°** (in s™!) for forward

and backward direction. Modular rate laws can be adapted to different types of reactions and enzymes: if an
z/ky

1+a:/)li§

for inhibitors Y. Moreover, with a Hill-like exponent h the rate laws can

enzyme is regulated by an effector molecule, this can be described, for example, by prefactors ﬁ;‘% =

: I _ 1
for activators X or ay, = THy R
capture sigmoidal kinetics. Other types of rate laws use the same parameters, but another denominator, for

example, the saturable modular (SM) rate law

B (a/ k3D (/) — 2 e/ RY)?
(1+a/kN)(1+b/EN) (1 + c/EM)?

(52)

v(a,b,c,e) =e

In the denominator, the substrate and product terms are simply multiplied. Modular rate laws assume an

enzyme mechanism in which substrates and products bind rapidly, independently, and in random order. The

IThe molecularities resemble stoichiometric coefficients, but with a slight difference: while stoichiometric cofficients (in a
reaction sum formula) can be rescaled, the molecularities are actual molecule numbers in the enzyme mechanism, and therefore
uniquely determined. They can be written as the (absolute) stoichiometric cofficients multiplied by a cooperativity exponent
h; for each reaction (typically h; = 1).) [1]. In the formula for thermodynamic forces, @ = NtOtTy./RT, we tacitly assume that
stoichiometric coefficients are given by molecularities. Otherwise, this formula must contain h; as a prefactor.
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reactant constants kll\f are dissociation constants of the elementary binding steps. Like the &M values in
Michaelis—Menten kinetics, they denote reactant concentrations that would yield a half-maximal saturation
(or 1/|n;|-maximal saturation if [n;| > 1). The catalytic constants k§** stem from the slow conversion step
between substrate and product molecules. In all modular rate laws, the kinetic constants are required to
satisfy Haldane relationships. One way to ensure this is to predefine the equilibrium constants, to treat the

velocity constants kV as free parameters, and to compute the catalytic constants by using Equation (S9).

Thermodynamic laws The kinetics and steady states of metabolic systems are constrained by thermody-
namic, which defines relationships between metabolite concentrations c;, reaction rates v;, equilibrium con-
stants qu, and chemical potentials p;. The chemical potentials p; are defined as the derivatives u; = 0G/9n;
of the system’s total Gibbs free energy by the metabolite mole numbers n;. For ideal mixtures (metabolites
at low concentrations in an aqueous solution, no mixture effects, activity coefficients of 1), the chemical

potential of metabolite ¢ is given by the formula

i = p;+ RT Inc;/csea (S3)



with Boltzmann gas constant R, absolute temperature 7', and chemical potential u? of metabolite ¢ at
standard concentration? cgq. Here I omit the division by cyq, assuming that all concentrations are given in
units of the standard concentration. The ratio ¢/** = [];(¢;)™* of product and substrate concentrations for
a reaction is called mass—action ratio. In chemical equilibrium states, this ratio always has the same value,
called equilibrium constant k', which can be written as k°? = e~ 81°/RT The thermodynamic force 6,., in

a (possibly non-steady) metabolic state is defined as

1 1
0 = _ﬁAer:_ﬁzi:Minil- (S4)

Note that, in this definition, the prefactors in the difference A refer to actual molecularities, not to arbitrarily
scaled stoichiometric coefficients. A driving force 6 describes the Gibbs free energy dissipation (in kJ/mol)
associated with a reaction event and can be computed from the equilibrium constant k;® and the mass-action

ratio ¢/** (for reaction I):
0= ——— 3 s = I K™ S
l__RT ‘nilﬂi—nl/(ﬂ . (S5)

In generalised Michaelis—Menten rate laws, the ratio of forward and backward rates vli of reaction [ is given
by

G=wvp v =ehbl = keq/Hc;”. (S6)

The thermodynamic-kinetic formalism [3] defines the thermokinetic potential & = e#+/%T and splits it into
& = Cic;, where C; is called capacity. For ideal mixtures (satisfying Equation (S3)), the thermokinetic

/RT

potential is given by & = et ¢; with a capacity C; = e#i/BT and related to ¢ via

G = ehn i — o=hn A _ H(e,ui/RT)*hz ni Hgi_hl it (S7)

i

In kinetic models, thermodynamic laws impose three sorts of constraints: a relation between flux directions
and thermodynamic forces; Wegscheider conditions for equilibrium constants; and Haldane relationships
between equilibrium constants and kinetic parameters. These constraints arise as follows: (i) To carry a non-
zero flux, chemical reactions must show a positive production of entropy per volume and time, oy = v; 4;/T =
Ru; 0, (with the reaction affinity A = —A;G). As a consequence, a (non-zero) reaction rate v; and the
corresponding thermodynamic force 6; must point in the same direction. (ii) The vector Ink®® of logarithmic

T . . .
Ntot " In ¢, with a vector ¢®® of metabolite concentrations

equilibrium constants can be written as Ink® =
in an equilibrium state. For any such vector Ink®?, the Wegscheider conditions KT Ink® = 0 have to be
satisfied [4, 5], where K is a null space matrix satisfying N K = 0. Similar Wegscheider conditions hold for
all vectors of the form x = N*'y including logarithmic mass-action ratios In ¢** and thermodynamic forces
6;. (iii) The fact that reaction rates v;(c®, e) vanish at chemical equilibrium implies a Haldane relationship
between equilibrium constant and kinetic constants [6, 3]. For all modular rate laws, the Haldane relationship

reads

K= kg TT (59)

2For kinetic models, it is convenient to use a standard concentration of 1 mM, equal to the measurement unit for concentra-
tions. In thermodynamic flux analysis, the common standard concentration is 1M. The conversion between the two conventions
requires an adjustment of reaction Gibbs free energies, standard Gibbs free energies of formation, and equilibrium constants.



To construct parameter sets that satisfy this relation, we define the turnover constants k,’ = ,/kflt ket as
the geometric means of forward and backward catalytic constants. By rewriting Equation (S8), we can now

express the forward and backward catalytic constants as

SR § (ORI (59)
These values satisfy the Haldane relationship by construction.

S2.2 Reaction Elasticities and Thermodynamics

Scaled and unscaled reaction elasticities The derivatives between kinetic laws v;(-) and enzyme con-
centrations e,, metabolite concentrations c;, or other function arguments are called reaction elasticities

(see Figure 1 (a) in main text). Given a rate law (e, ¢), the unscaled reaction elasticities are defined by

derivatives
(914 aQVl
U? — , 'U‘L = , SlO
i 8Ci ¢icj 6Ci 8Cj ( )
while the corresponding scaled elasticities are defined by logarithmic derivatives
- Oln |y - 92 1n |v|
v U1 — —_— Sll
i Olnc; ’ “%  9Jlne¢;0lne; (S11)

Elasticities for other arguments of the rate law function (e.g., the enzyme level e; instead of ¢;) are defined
accordingly. Scaled elasticities are dimensionless and can be seen as effective reaction orders: for mass—
action kinetics, they are given by the substrate molecularities; for an enzyme that is fully saturated with the

metabolite in question, they vanish. Scaled and unscaled elasticities can be interconverted by

~ C; ~ Ci Cj C; Cj C;
EY = —EY% EV" = —YF% — —ZE"'EY" 4§, —E" S12
Ci vy ci) CiCj vy CiCj ,UIQ C; cj 1] v C; ( )
and
gr="Lgn  gu = "L [En 4 R s B (S13)
[ ci? cic; T cicj cq cj 1] e |
Ci CiCj

Analogous conversion formulae hold for all types of sensitivities, including elasticities with respect to other

parameters, control coefficients, and response coefficients [7, 8].

Elasticities and thermodynamic force Elasticities depend on the rate laws, but also on thermodynam-
ics. In reversible rate laws, the net reaction rate v; = vy, — v_; is the difference of forward and backward
rates, whose ratio v,;/v_; = €% is determined by the thermodynamic force 6;. The thermodynamic force,

in turn, depends on reactant concentrations and equilibrium constant as ; = —A,G;/RT = In % (see

[Lie

Figure 1 (b) in main text). If the thermodynamic force is large, the forward flux dominates and the net rate
becomes sensitive to substrate fluctuations, but less sensitive to product fluctuations; therefore, the substrate
elasticity increases and the product elasticity decreases. Near chemical equilibrium, where thermodynamic

forces come close to zero, the scaled elasticities go to infinity.



Elasticities of modular rate laws The scaled elasticities of the SM rate law Equation (S2) contain the

thermodynamic term as well as four terms that correspond to substrates, products, activators, and inhibitors:

3 Clmls'_m})' S M P oM A A I Al
B = Cll_ 1 L —mgog; — my B+ my; agp — my; By (S14)

For near-equilibrium reactions (small ;) and for strongly driven reactions (|6;| — o), the first three terms

can be approximated by

0] =0 g(mi mp;) + mpagy — mp By
0[ — 0 : ( i mlz) o + mlzalz mlzﬁlz
) — —o0 (mi; —mp)e” 1% —m3 BM + mp o)l (S15)

The last two terms in these formulae represent exactly the formula used in SKM [9], while the first term

employs a thermodynamic correction. The scaled elasticities of the common modular rate law are a bit more

complicated:
~ Gumi; — mi U+ mi
EY = G ! ] J mis afy —mi; L S16
Cj Blﬂ C -1 Blj wl _’_wl 1 my; o, li ﬂlz ( )
where o = [,(1+¢i/ kM)mliL (see [1]). Formulae for second-order elasticities, unscaled elasticities, parameter

elasticities, and other types of modular rate laws can be found in [1].

Elasticities of factorised rate laws (derivation of Equation (8)) For the factorized rate laws, and

assuming a positive flux v > 0 for simplicity, we obtain

oy Oy Oln(l—e %) Olnpt®
<%  9lne Olnc; Olnc; ’

(S17)

where

Oln(1 — e %) 1 e 0 -1

e, 1oew(© OOmE =g () = oy

(S18)

Any set of saturation values yields a consistent model STM relies on two facts about model pa-
rameterisation: first, given consistent fluxes and thermodynamic forces, any choice of the saturation values
yields a consistent kinetic model; and second, any consistent model can be constructed like this. This can
be proven as follows: consider a kinetic model with modular rate laws and a thermodynamically consistent
flux distribution v. For simplicity, enzyme levels are subsumed in the catalytic constants kcat As shown in

[1], a consistent set of parameters, realising v, can be obtained by the following procedure:

1. Freely choose standard chemical potentials p; and determine the equilibrium constants.

2. Determine concentrations ¢; such that the signs of the thermodynamic forces agree with the flux
directions. If the metabolite concentrations are bounded, this may not always be possible, even if the

flux distribution is loopless.

3. Freely choose Michaelis constants kll\f and activation and inhibition constants kﬁ and k:llz Given the
previously chosen metabolite concentrations, this is equivalent to choosing the saturation constants in

the range between 0 and 1 and computing the k:ff values from them.

4. Choose preliminary values for the velocity constants kv Compute the catalytic constants kcat from



the Haldane relationships (S8). Use the rate laws to compute the reaction rates v;. By construction
(due to the thermodynamically feasible metabolite concentrations and thermodynamically consistent
rate laws), these rates have the same signs as the predefined fluxes. To match reaction rates and fluxes

exactly, we just need to adjust the velocity constants, setting klv = (vi/v]) kV;.

5. If our flux distribution contains inactive reactions, we can decide, for each of them, whether we assume
a vanishing thermodynamic force, a vanishing velocity constant, or a vanishing enzyme level. In the
first case, we need to apply the strict energetic feasibility criterion for this reaction (i.e., require that
the thermodynamic force vanish); in the other cases, there is no feasibility criterion for the reaction,

and the kY value or enzyme level is set to zero.

If this procedure yields correct models, then also all models constructed by STM are correct. In STM, we
first determine consistent fluxes v; and thermodynamic forces 6; that can be realised by a choice of standard
chemical potentials ;7 and concentrations ¢;. Thus, when choosing the saturation constants, any choice is
M kA
i Mg

correspond exactly to the results of step 3; steps 4 and 5 will yield a unique, consistent set of parameters.

equivalent to a choice of k and kIj; in the algorithm above; the quantities chosen until this point

Therefore, models obtained by STM satisfy all relevant constraints.

Independently sampled elasticities would yield inconsistent models A main problem with SKM
is that elasticities are replaced by independent random numbers, which means that the resulting kinetic
models may violate constraints. If the forward and backward one-way rates of reactions were independent,
and not constrained by thermodynamics, independent sampling would be justified: the elasticities could be
directly translated into kinetic constants, and each sampled elasticity matrix would define a specific kinetic
model. However, in models with reversible rate laws, independently sampled elasticities lead to inconsistent
results. For example, consider a reaction A = B with reversible mass—action kinetics v = k¥ a — k™ b: the
scaled reaction elasticities read E5 = kT a/v (for substrate A) and Eg = kT b/v (for product B), so their
difference Fp — Fp = 1 is fixed. If we sample these elasticities independently, this relationship is violated
and our sampled values cannot be realised by reversible mass—action rate laws. Similar constraints hold for

all thermodynamically consistent reversible rate laws.
There can also be inconsistencies between the elasticities of different reactions. Here is a simple example:
the reaction A — B is catalysed by two isoenzymes with reversible mass—action kinetics:

v = vi(a,b)=ka—kib

vg = wala,b) =k a—k; b (S19)
The symbols a and b denote the concentrations of A and B, and kf and k3 denote the rate constants. In

each reaction, forward and backward kinetic constants must have the same ratio given by the equilibrium

constant:

+ +
o = 50
kl k2

Therefore, the scaled elasticity matrix can be written as

R dlnvy dlnvy k/’+ a L b k°%a —b ¢ -1

E = Olna Olnb — 1 v Lowg | — [ k*9a—b k*9a—b | _— [ (=1 (-1 (821)
Oln vy dln vy k+i _kfl k9aq —b ¢ =1
Olna dlnbd 2 g 2 wvg keda—b  keda—b (-1 (-1

with ¢ = k°1/(b/a). All four elasticities are determined by the same parameter ¢, so sampling them inde-

pendently leads to a contradiction.



Dependencies between first- and second-order elasticities For a given modular rate law, the scaled
elasticities can be computed from stoichiometric coefficients, thermodynamic forces, and saturation values.
The fact that one model detail (e.g., the thermodynamic force of a reaction) can influence different reaction
elasticities leads to dependencies between these elasticities: if this model detail is varied, the resulting
elasticities will be statistically dependent. Here is an example. When a thermodynamic force becomes larger,
the substrate elasticities tend to increase and the product elasticities tend to decrease. When comparing
all elasticities in a network, or when comparing different instances of an ensemble model, the relationship
between thermodynamic force and elasticities leads to positive correlations among substrate elasticities,
positive correlations among product elasticities, and negative correlations between substrate and product
elasticities within reactions. Just like first-order elasticities, the second-order elasticities are also dependent.
Second-order elasticities Egch tend to be negatively correlated with the product Eé” E‘;’Jl To see this,
consider a simple mass—action or power-law rate law without regulation: the elasticities are directly given

by the thermodynamic terms

o, my G —mp, | iisasubstrate : Clcil ms,
By o= Sl o PR (522)
' G-1 i is a product o1 M
.. . ams; mlsj 1 fw; P
) i, j are substrates : G-z ~* % EZLES
~ lh T Mgl 7S, . ~ ~
ngcj = _C(Qlftl); = 4 one substrate, one product : C'(le_if;” ~ - EEY (S23)
P P A~ A~
i, j are products : —% ~ —CEIEY

In this formula, the distinction between substrates and product is not made based on the actual flux direction,
but on their roles in the reaction formula; the flux direction enters the formulae via (;, which may be larger
or smaller than 1, depending on the sign of the thermodynamic force and thus on the flux direction. The

second-order elasticities read
By, =05 BYEY, (S24)

where, in the present case (non-regulated mass—action rate law), the prefactor ﬂéj reads

i, j are substrates : —1/(
ﬁi»j = ¢ one substrate, one product : -1 . (S25)
i, j are products : —(

Due to this negative prefactor, we can expect a negative statistical correlation between the second-order
elasticity E?CJ and the product Egl EASJL of first-order elasticities. In particular, close to equilibrium (where
0; ~ 0 and therefore (; ~ 1), we obtain 19% ~ —1 and thus the general formula EA’}:’;C], ~ —E‘;’l E;’]l, which
is symmetric between substrates and products. For completely forward-driven reactions (with 6, — co and
¢ — ), in contrast, we obtain Eg;cj ~ 0 because the factor (;/((; — 1)? is close to 0. Can we expect the
same relationship also for other rate laws? For generic saturable rate laws, a splitting as in Equation (S24)
is formally possible, but there is no simple formula for ﬁéj. Therefore, a tendency for negative correlations

between ngc, and E‘fl’ Ef; may remain, but the negative correlation will be weaker.

S2.3 Metabolic Control Theory

Steady states and metabolic control A steady state is a metabolic state in which metabolite concen-
trations and fluxes are constant in time. Steady-state fluxes v;(e,x) and concentrations ¢;(e, x) depend on

enzyme levels e¢; and external metabolite concentrations x;. These dependencies may be complicated and



not explicitly known (see Figure S2.1 (¢)). However, if steady-state concentrations and fluxes are given, their
sensitivities to parameter changes can be computed from the elasticities. The sensitivity Ry = Jy/0pm
between a target variable y—e.g., a stationary concentration c¢; or a flux v;—and model parameters p,, is
called a response coefficient. If each reaction has one reaction-specific parameter p;, for example the enzyme
level e;, then we can divide the response coefficients R?, by the elasticities Ep and obtain the control coeffi-
cients Oy = Ry /E;! (Figure 1 (c) in main text). Control coefficients describe how local perturbations of a
reaction rate affect the network-wide steady state. By definition, they depend on the perturbed reaction, but
not on the perturbation parameter. Thus, response coefficients refer to perturbed parameters and control
coefficients to perturbed reactions. The effects of global parameters such as temperature, which affect many
reactions, are described by response coefficients Ry = >, C¥ E}' (for more details, see Section $5.2 and
[7, 10, 8]). Elasticities, response coefficients, and control coefficients can be defined in their unscaled form
dy/dz (denoted by a bar X) or in their scaled form @1ny/dInz (denoted by a hat X) (see Section $2.2). If
an enzyme catalyses a single reaction, the enzyme level appears as a prefactor in the rate law and its scaled
response and control coefficients are identical. The summation and connectivity theorems [2], a central find-
ing of Metabolic Control Theory (MCT), entail linear dependencies among the control coefficients along a
stationary flux distribution or in the reactions surrounding a common metabolite. Quantities and formulae
related to fluctuations in time (such as spectral response coefficients, spectral power density, and variability

on different time scales) are described in the Section S4.

Enzyme synergies The synergy effects of enzyme pairs on a flux v (or on some other steady-state variable)
can be approximated by second-order response coefficients, called synergy coefficients. Assume that two
enzymes are inhibited, thus decreasing their levels e, and e; to small values u; and uj, and that this leads
to relative flux changes w, = v*/v, wy, = v°/v for the single inhibitions and w,;, = v*® /v for the double

inhibition. Based on these numbers, we define the synergy effect

Wab
Wawp

mpy = In (526)
A positive value of 7Y, indicates a buffering synergy (wa, > w,wy), while a negative value indicates an
aggravating synergy (wap < wawy). If wap = w,wy, there is no synergy. In a second-order expansion
around the unperturbed state, the synergistic effect can be written as (see Section S5.4)

n, ~ R, Alne,-Aclne, (S27)

€a€p

so the scaled synergy coefficients Ré’a ¢, quantify synergisms between two enzymes. If perturbations and
target variables are measured on non-logarithmic scale, the synergistic effects 1Y, = wa, — wa — wp can be

Ae, Aey, with the unscaled response coefficient RY ., .

approximated by n¥ ~ RY

€a€p

S2.4 Model Construction by STM

Constraints between parameters and variables in kinetic steady-state models A kinetic steady-
state model is determined by its network structure, rate laws, state variables, and saturation values: these
values define the elasticities and kinetic constants. For a consistent model, these variables have to satisfy a

number of constraints, explained by the dependence schema.

e Wegscheider conditions Some biochemical quantities, for example the Gibbs free energies of reac-
tions, can be written as differences A,x; along reactions, or in vector form A,x = NtOth, where Ntot
is the stoichiometric matrix including both internal and external metabolites. Such quantities must

obey the Wegscheider condition K" A,x = 0, where K is a null-space matrix satisfying N** K = 0.

10



Wegscheider conditions must hold, for example, for equilibrium constants (Ink®? = Ntot T I c®d),

_NtotT“).

mass—action ratios (Inq™® = Ntot T ¢), and thermodynamic forces (A = —A,p =

e Haldane relationships In a chemical equilibrium state, all metabolic fluxes v; must vanish. If
we consider a single reaction in equilibrium, set its rate to zero (v;(cd,...) = 0), and solve for the
equilibrium constant, we obtain an equation between equilibrium constant and kinetic constants, the
so-called Haldane relationship [11]. For example, for a reversible mass—action law v; = kfltaf kb, the

. . . kcat
Haldane relationship reads k;® = k%' /kf. For the modular rate laws, it reads k% = 55 TT, (k)" ™
)

(see [1]).

e Equilibrium constant and chemical standard potentials In chemical equilibrium, the Gibbs

free energies of reaction A,G; = A, must vanish. With the formula for chemical potentials p; =

i + RT In¢; (i.e., assuming an activity coefficient and a standard concentration equal to 1), this leads

eq

to the formulae In k) = fﬁ > pweng and 6; = f%Arm =In ;,La.

e Signs of fluxes and thermodynamic forces According to the second law of thermodynamics, all
chemical reactions must dissipate Gibbs free energy. This implies that rates and thermodynamic forces
have the same signs (v > 0= 6 >0 and v < 0 = 6 < 0), in agreement with the relationship = In Z*.
A stricter version of this constraint, excluding near-equilibrium reactions, imposes a minimum force
6] > omin,

e Steady-state fluxes For applying MCT, the metabolic reference state must be a steady state, i.e., a
state in which the metabolic fluxes satisfy the stationarity condition Nv = 0. In addition, we may
impose bounds v™* < v < v™¥ op the reaction rates and bounds vt < Nty < vIax on the

production or consumption of external metabolites. Such bounds can be used to predefine reaction

directions or to keep fluxes close to measured values.

e Stability of the steady state For applying MCT to a metabolic reference state, this state must
be asymptotically stable, i.e., its Jacobian matrix must not have eigenvalues with positive real parts.
This constraint depends on all model details, and we cannot guarantee it by the dependence schema.
Following [9], stable states can be obtained by generating a model ensemble and omitting all model

instances with unstable states.

e Amounts or concentrations In compartmentalised models, we need to distinguish between metabo-
lite amounts and metabolite concentrations, which are related by compartment volumes. Generally,
mass balances concern amounts while rate laws depend on concentrations. In STM, fortunately,
amounts as such do not play a role. While concentrations appear as model variables, amounts are

modelled only implicitly (e.g., if stationarity is imposed on fluxes).

A model construction algorithm that violates these constraints would lead to inconsistent models or metabolic

states.

Model construction algorithm In a model with predefined kinetic constants, enzyme levels, and exter-
nal metabolite concentrations, steady-state fluxes and concentrations can be determined numerically (Figure
S2 (a)). However, to construct models with physiologically plausible states, it may be safer to start from
reasonable metabolic fluxes and to construct metabolite concentrations and kinetic rate laws around them
in such a way that they yield the predefined fluxes (Figure S2 (b)). Model construction based on STM
combines ideas from thermodynamic flux analysis [12, 13, 14] (in the metabolic state phase), SKM [9] and
thermodynamically consistent model parametrisation [15, 3] (in the kinetics phase). Like in SKM, steady-
state concentrations and fluxes can be predefined. To satisfy Wegscheider conditions, Haldane relationships,

and the sign constraint between reaction rates and thermodynamic forces, steady state and kinetic constants
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(a) Modelling from kinetic model to steady state (b) Retromodelling from steady state to kinetic model

Network structure  Define stoichiometries and regulation arrows Network structure Define stoichiometries and regulation arrows

Choose standard chemical potentials Choose stationary fluxes
Compute equilibrium constants Steady state Choose concentrations and equilib. constants

Choose kinetic constants Compute the thermodynamic forces
Compute turnover rates

Kinetic constants

Elasticities Choose kinetic constants or saturation values
Choose enzyme levels and external concentrations R

Steady state Solve for stationary concentrations and fluxes

A Compute turnover rates (from Haldane
Kinetic rate laws 4 ¢

Elasticities Compute the elasticities from the rate laws relationships) and enzyme levels
Compute Jacobian matrix, response and Compute Jacobian matrix, response and
MCA SRR ? MCA pute - aco P
control coefficients control coefficients

Figure S2: Constructing kinetic metabolic models in steady state. (a) In “causal” kinetic modelling, we
start with rate equations and determine a steady state. A kinetic model is defined by network structure
and rate laws. Given the kinetic constants, we solve for a steady state and compute the elasticities in this
state by taking the derivatives of the rate laws. The elasticities determine the linearised dynamics around
our steady state and are central to Metabolic Control Theory. (b) Retromodelling, starting from metabolic
fluxes. First, the steady-state variables (metabolite concentrations, fluxes, and equilibrium constants) are
chosen under thermodynamic constraints. Then, saturation values or dissociation constants are chosen, and
kinetic constants and elasticities are computed. The basic model variables (state variables and saturation
values or dissociation constants) can be independently chosen, sampled, or optimised based on predefined
values, bounds, or probability distributions. Prior knowledge about kinetic constants can be employed when
choosing the saturation values.

are chosen sequentially. The network structure, our starting point, is defined by stoichiometric matrix, reg-
ulation matrix, and the list of external metabolites. In the algorithm, basic variables (steady-state variables
and saturation values) are determined step by step based on known values, constraints, or probability dis-
tributions: they can be chosen manually, by optimisation, by fitting them to data, or by random sampling.
Derived variables (e.g., kinetic constants) are computed from variables chosen previously, as described by
the dependence schema in Figure 2 (main text). Finally, models can be checked for a stable steady state (if
such a state is required for the further analysis, e.g., Metabolic Control Analysis). All models shown in the

article passed this test.

Reconstruction of kinetic rate laws In STM, the scaled elasticities are not directly given by satura-
tion values, but depend on saturation values and thermodynamic forces. Each sampled elasticity matrix
corresponds to one instance of the model ensemble, that is, zo a particular kinetic model with consistent
kinetic constants. In a variant of the STM algorithm, we do not sample the saturation values directly (83,
ﬁﬁ, Blli), but compute them from sampled dissociation constants (kll\z/[, k{?, and kllz) In both cases, the cat-
alytic constants k$** are computed from two constraints: the ratio kff /ke3 is determined by the Haldane
relationships while their geometric mean  /kS3 - k%, treated as a model parameter kY, depends on their
absolute scaling. To choose this scaling, we may either predefine the enzyme levels e; and scale the catalytic
cat

constants k5" such that the reaction rate matches the predefined flux; or we predefine the k$** values and

solve for the enzyme levels.

Combining modular and hand-curated rate laws Once generic rate laws have been assigned, some
of them may be replaced by more detailed rate laws (obtained from enzyme assays) to make the model more

realistic [16]. To ensure a consistent model, the fluxes, concentrations, and equilibrium constants in these
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reactions must be equal between the reconstructed model and the new rate laws to be inserted. There are
different ways to guarantee this: either reaction rates and equilibrium constant, taken from the rate law, are
imposed as constraints when sampling the elasticities; or kinetic constants and enzyme level in the rate law

are adjusted to the network model?.

S3 Model Ensembles
S3.1 Sampling the Model Variables

Model ensembles Our models represent samples from an ideal, infinitely large model ensemble defined
by three types of information: (i) restrictions on model structure and steady state, set by the modeller
(e.g., the choice of a fixed flux distribution); (ii) the independence between basic variables, and dependencies
of other variables on them, as encoded in the dependence schema (Figure 2 in main text); (iii) the random
distributions from which the basic variables are sampled. Together, these choices define the distributions
and statistical dependencies of all model variables. Any kinetic model that satisfies the constraints can be

obtained by the algorithm.

Standard saturation values of % Why are saturation values of % a meaningful choice (assuming substrate
concentrations ¢ = kM)? In an irreversible Michaelis-Menten rate law, an enzyme with a scaled substrate
d

elasticity of % would work at its half-maximal rate. To see this, we note that Ep%z = ﬁ: in the
point x = 1, the function value is % and the value of the derivative is 1/4, so the scaled elasticity in this
point is given by % = % In our reversible modular rate laws, k™ denotes the dissociation constant (the
concentration leading to half-saturation). A concentration equal to the k™ value need not lead to a half-
maximal rate, but it still represents a good compromise between a very sensitive but inefficient enzyme (in

the linear range) and a very efficient but insensitive enzyme (at full saturation).

Beta distributions In the sampling of saturation values, what are the reasons for using beta distributions?
The beta distribution is a probability distribution on the interval [0, 1], with two parameters determining the
mean and width. It generalises the uniform distribution and provides a convenient description for saturation
values for several reasons. A saturation value represents a concentration and corresponding dissociation
constant, combined in the form X/(X +Y). If two independent random variables X and Y follow gamma
distributions with the same scale parameter, the random variable X /(X +Y") will follow a beta distribution.
Gamma distributions with suitable shape parameters resemble log-normal distributions, which have been
previously used for choosing concentrations and dissociation constants, for example in parameter balancing
[17]. The log-normal distributions of biological variables represent the assumption that the variables are
positive and determined by many independent, multiplicative random effects. A second reason for using
beta distributions is that saturation values represent the occupancy of enzyme binding sites. At given
enzyme molecule number and occupation probabilities, the count numbers of occupied binding sites are
binomially distributed. The beta distribution is the conjugate prior of this distribution. Therefore, in a
Bayesian model for binding site occupancies, it is a natural choice for describing priors and likelihood terms

for occupation probabilities.

Sampling basic variables randomly or based on data In the metabolic state phase, a flux distribu-
tion may be chosen by flux minimisation. Metabolite concentrations, Gibbs free energies of formation, and
thermodynamic forces may be determined by parameter balancing [17], using upper and lower bounds for

concentrations and thermodynamic forces, known values (for concentrations) and predicted values (for Gibbs

3If an irreversible rate law is given, the equilibrium constant can be ignored in the network model

13



free energies of formation) as data, and flux directions as inequality constraints. Upper and lower bounds,
signs, predefined values, and distributions used for sampling reflect model assumptions and available data;
by choosing them, we can adjust the model to specific metabolic states and to kinetic or metabolic data.
Fluxes and thermodynamic forces may be sampled uniformly, under linear constraints and with predefined
sign patterns. metabolite concentrations, enzyme levels, and dissociation constants can be sampled from
log-normal or gamma distributions, and saturation values can be sampled, e.g., from uniform or beta dis-
tributions. In all phases of model construction, instead of sampling the variables freely, experimental data
can be inserted, or distributions centred around data values can be used. To use experimental data in a
more solid way, the entire model construction procedure can also be integrated into a Bayesian framework,

in which a posterior for the model parameters is determined from data and priors.

Varying the thermodynamic forces at given fluxes To systematically study the impact of ther-
modynamic forces on model dynamics, one may vary the thermodynamic forces at a fixed metabolic flux
distribution. Varying the thermodynamic forces (e.g., doubling all their values) requires a variation of
metabolite concentrations, but these metabolite variations are not uniquely defined. For a simple procedure,
we start from a metabolic state with concentration vector c®'¢ and force vector §°'8 (which must agree with
the flux directions). To realise a different force vector @ (with the same signs as 8°"'8), we choose the new
concentration vector

c = argmin, ||Inc — Inc8|?

st. -0 = _NT[lnc— Inc°. (S28)

The idea is to apply a minimal change in the metabolite profile (Euclidean distance on logarithmic scale).
In this procedure, we may impose upper and lower bounds on c. However, depending on the bounds there

may be no solution.

S3.2 Do Model Variants Differ in Their Behaviour? Some Useful Statistical
Tests

Among the dynamic features of a metabolic model, which of them result from network structure and which
depend mostly on quantitative factors like kinetic constants? To pose this question more generally, we
may consider two model variants that differ in some aspect (e.g., network structure or flux distribution),
while other aspects (e.g., rate constants) can be varied for each of the variants. Then, we ask whether a
(qualitative or quantitative) model output differs significantly between the variants. To prove or disprove
such differences, we describe each model variant by a model ensemble, sample instances from both ensembles,
compute their target variables, and compare them for significant differences. This allows us, for example, to
compare two variants of a kinetic model and to check whether these differences between the variants lead to
typical differences in synergy patterns, irrespective of variable kinetic parameters. The test described below

has been implemented in Matlab (see github.com/liebermeister/stm).

Significant differences in binary target variables If we consider a qualitative model property (e.g., is
the steady state stable or unstable?), each model ensemble can be characterised by the fraction p of “positive”
model instances. Given a set of sampled model instances (with count numbers ny and n_ for “positive” and
“negative” model instances), the true fraction p can be estimated by Bayesian estimation. If p were the true
fraction, the number ny of positive model instances (out of N = n, + n_ model instances sampled) would
be binomially distributed with mean p N and maximal value N. Knowing this, we can estimate the value
of p from the given number n by using Bayesian estimation. Assuming a flat prior, the posterior of p is a
beta distribution Prob(p) ~ p*~1(1 —p)?~!, where « =n; +1 and 3 = N —n, + 1. The mean value of this
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distribution, (p) = a/(a+ ) = (ny+ +1)/(N + 2), can be used as an estimator for p. The corresponding
af _ (ne+H(N—ny+1)
(a+B+1) = (nperm+2)2 (N+3) "~

variance reads o, = R

Significant differences in the occurrence of positive and negative synergies Given a matrix of
enzyme synergies (where small-magnitude values have been removed by thresholding), we count the positive
and negative synergies (numbers ny and n_) between two groups of enzymes, e.g., between enzymes involved
in two metabolic pathways. As a null hypothesis, we assume that synergies can be positive or negative with
equal probabilities. Under this null hypothesis, and assuming that only very few synergies remain after
thresholding, n4 and n_ would be independently binomially distributed with the same unknown mean value
n. Given n, the difference n, — n_ would have a mean value of 0 and a standard deviation of v/2n. Thus,

the ratio between an observed difference ny —n_ and this standard deviation can be used as a score for sign

ny—+n_

5— and obtain the empirical sign bias score

bias. Since the value of n is unknown, we approximate it by
Zsign = %

Quantitative target variables Finally, we consider quantitative target variables and their differences
between model variants as seen in model ensembles. As an example, we consider predicted enzyme synergies.
The general idea is as follows. To see whether a synergy (between two enzymes i and j) differs significantly
between two model variants, we compute the synergies for many instances of the two model variants, take
the mean value for each variant, and compare the two values using a p-value (obtained from a permutation
test) as a criterion for significant differences. Since we run many such significance tests in parallel (namely,
for many different enzyme pairs), we expect a certain amount of false positives. To account for multiple
testing, we choose a false discovery rate and select significant enzyme pairs based on their p-values [18]. This

is how the procedure works in detail:

1. Sample synergy values We sample np,oqe1 model instances for each of the two model variants. For
each model instance, we compute the synergies of all enzyme pairs. Altogether, we obtain a collection
of synergy values 7;x, indexed by i € 1, .., npairs for enzyme pairs, j € {1,2} for the two model variants,
and k € 1, .., njust for the sampled model instances of each variant. If the network contains n, enzymes,
there are npairs = 1y (ny —1)/2 enzyme pairs, i.e. possible synergies, to be computed. The synergy data

Mi;% are now tested for significant differences.

2. Quantify large (positive or negative) synergies by p-values For each enzyme pair i, we first test
whether this pair shows a significantly large (or small) synergy value caused by the model structure.
If it does, the synergy values will stand out from the general distribution of synergy values, even if we
average over many random choices of the kinetic parameters. We apply the following statistical test:
for each enzyme pair i, we test whether the mean value 7;.. (averaged over all model variants and all
Mounte Carlo samples) is significantly larger (or smaller) than other mean synergy values. We use a
permutation test: the actual mean value 7;.. for our enzyme pair is compared to mean values obtained
from batches of resampled 7;;; values. In each permutation run ! € 1,.., N, we resample 2 - nj g of
the 7,5 values with replacement and compute their mean value (n;;). Let n; denote the number of
resampled mean values (7;;) larger than n;... Whether 7;.. is significantly large is indicated by a p-value
p;, estimated by

n;+1

_ 2
Pi= Ny (529)

(for a justification, see the above treatment of binary variables). Small values p; ~ 0 indicate that
7;.. is larger than expected by chance (i.e., significantly large), large values p; = 1 indicate that 7;.. is

smaller than expected by chance (i.e., significantly small).
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3. Quantify differences in synergies (between model variants) by p-values Next, for each enzyme
pair ¢, we ask whether the synergy values differ significantly between the two model variants. In the
test, we consider the mean values 7;1. and 7;2. of the two model variants, averaged over all kinetic
parameter samples, and check whether they differ significantly. Again, we use a permutation test.
This time, we compute the mean difference An;; = n;1. — ni2.. In each run d of the permutation test,
we randomly permute the values 7;; for the pair a under study, divide them into two batches of size
Ninst, and compute the mean difference A(n;;) between the two batches. A p-value, stating whether
An;; is large, is computed as above by counting how many of the permutation samples lead to larger

values.

4. Select significant synergies or differences based on p-values Given the previously computed p-
values, we determine which of their mean values 7.;. and of their mean differences An.;. are significantly
high (or low). Since we test this for many npairs gene pairs, we need to account for multiple testing:
we fix a false discovery rate of 5% and choose the confidence level v = 0.05 for the individual tests.
With this choice, & - npairs 0f the apparently significant values (for each of the four tests, high or low

mean synergy and difference in synergy) are expected to be false positives.

S3.3 Extensions of STM

The algorithm for model construction can be extended in many ways:

e Cell compartments In kinetic models with compartments, the compartment sizes appear in the
balance equations and may follow differential equations themselves. In our model construction, com-
partments are not modelled explicitly, but a compartment structure can be added to the reconstructed
kinetic model. This, however, changes control properties such as Jacobian, response, and control

matrices.

e Dilution by cell growth In models with dilution (due to growth rate A), intracellular metabolites will
be effectively “consumed” by a dilution flux A¢;. This changes the stationarity condition and directly
couples fluxes to metabolite concentrations. Given a steady state, the elasticities can be computed as
normally, but the Jacobian, response, and control coefficients will be affected. The elasticities for the

dilution reactions are directly given by dilution rate and metabolite concentrations.

e Thermodynamically infeasible fluxes Equation (2), a main formula in elasticity sampling, requires
that flux directions follow the thermodynamic forces, that is, fluxes must lead from higher to lower
chemical potentials. In practice, even valid flux distributions may violate this assumption, for example,
if cofactors or protons are omitted in the model. To apply STM regardless, we may choose to ignore
thermodynamics and treat some reactions as irreversible—that is, we ignore the thermodynamic term
in the substrate elasticity and set the product elasticity to zero. Alternatively, we may adjust the
thermodynamic forces to the given flux directions: whenever sign(—A, ;) differs from the flux direction,
we add a virtual substrate and choose its chemical potential p, such that the thermodynamic force
—A,p* = — (A + pe) has the correct sign. The virtual substrate changes the equilibrium constants

and thermodynamic forces, but can otherwise be ignored in the kinetic rate law.

¢ Avoiding divergencies close to chemical equilibrium In reactions close to chemical equilibrium,
with a thermodynamic force 6; ~ 0, the one-way rates vli and scaled elasticities become very large.
In modelling, this may cause numerical problems. Moreover, also implies that the enzyme is very fast
or abundant, and thus able to sustain a finite flux at an enzyme efficiency close to 0. To avoid such

unrealistic assumptions our models, we set a constraint vli < p|vi| on the forward and backward rates
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in each reaction. With a threshold p = 100, for example, forward fluxes can be at most 100 times
as large as the net flux. This translates into a constraint for thermodynamic forces in the metabolic
state phase: the flux sign constraint (v; # 0 = sign(v;) 6; > 0) is replaced by the stricter constraint?
vy # 0 = sign(v;) 0; > 1/p. Tt will prevent extreme values in the thermodynamic elasticity term E’ff"
The unscaled elasticities, in contrast, do not diverge in chemical equilibrium and can be computed

from non-divergent formulae [1].

e Enzyme reactions composed of elementary steps If we think of enzyme mechanisms as composed
of elementary mass—action steps, we can also represent them in this way in a model, replacing each
reaction by a more fine-grained description. In the resulting model, there is a much larger number of
(elementary) reactions. Since all rate laws are mass—action kinetics, the elasticities are directly given
by reversibility terms and completely determined by thermodynamic forces. It sounds surprising: by
knowing the fluxes and thermodynamic forces, we completely know the enzyme kinetics! But we should
not forget that we are now talking about the thermodynamic forces of elementary steps and that the
equilibrium constants of these steps corresponds to &M values (of saturable modular rate laws) in the

more coarse-grained model.

e Prior distributions for saturation values Saturation values 8 = k/(k + x) can be set to fixed
values (e.g., § = 0 for enzymes believed to be in the linear range, 8 = % for enzymes in half-saturation,
or =1 for enzymes in full saturation), or they can be sampled independently from the range |0, 1[. If
B is drawn from a uniform distribution (as suggested by the principle of minimal information [19]) and
if the metabolite concentrations are fixed, the resulting dissociation constant k is randomly distributed
with probability density p(k) = ﬁ (see Section S5.1). If a saturation value is approximately known,
we can use a beta distribution instead, with density p(3) ~ 34~1(1—3)°~! with a mean value a/(a+b)

b—1 a—1
k¢ for

_c )afl( k )bfl —
k+c k+c (k+c)at?
the dissociation constant. Saturation values can also be sampled from dependent distributions: this

given by the known value. This yields a distribution p(k) = ﬁ(

may be necessary if enzymes bind to different reactants, for example NAD' and NADH, with unknown
but similar binding affinities, leading to correlations between their saturation values in physiological

states.

e Multiple steady states Under different choices of external metabolite concentrations and enzyme
levels, a kinetic model will show different steady states. Each of these states is characterised by
different metabolite concentrations, fluxes, saturation values, and elasticities. For constructing a model
with multiple states directly, the STM algorithm needs to be modified: we need to ensure that the
saturation values and elasticities in different states correspond to the same set of kinetic constants.
This is simple. In the metabolic state phase, we sample a set of equilibrium constants and different
sets of state variables for the multiple steady states; in the kinetics phase, we sample a single set
of kinetic constants, which determine the saturation values, elasticities, and enzyme levels for each
steady state. Again, enzyme levels are determined last; to adjust them to measured enzyme levels
from proteomics, some previously chosen model variables can be adjusted (e.g. the velocity constants).
Another possibility to account for enzyme data is to embed the entire algorithm into another layer of

parameter fitting or posterior sampling.

¢ Adaptation of enzyme levels In our metabolic models, enzyme levels appear as parameters. In re-
ality, they are controlled by transcriptional regulation, an important mechanism for shaping metabolic
behaviour. To include transcriptional regulation into our metabolic models, the model must be ex-

tended to describe the production of enzymes. Alternatively, we may treat enzyme levels as choice

4The constraint can be derived as follows (assuming v; > 0 without loss of generality): the ratio between forward and

net reaction rate is given by vy;/v; = /(¢ — 1). Close to equilibrium, we can approximate 1/{; =~ 1 — 6; and obtain
Y+ 1 ~
p> il eyl 1/6;.
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variables and attempt to derive plausible enzyme adaptation profiles from optimality considerations
[20]. To improve metabolic efficiency, enzymes should be expressed in the right proportions to adapt
continuously to the current metabolic tasks. For instance, a rising demand for a certain metabolite
may lead to the induction of a biosynthesis pathway for this metabolite. If such feedback systems are
in place, changes in enzyme levels will affect the metabolic state, and induce secondary adaptations
of other enzymes, and so on. In order to predict the effects of, e.g., gene knock-downs, we need to
consider the global interplay of such adaptations. Given a kinetic model with a metabolic objective
function and an enzyme cost function, optimal enzyme adaptations to external changes or single-
enzyme knock-downs can be predicted with the help of synergy coefficients [20]. Again, the predicted

enzyme adaptations reflect network structure and elasticities.

e Analysis of sampled target variables A model ensemble can be seen as a statistical model with
independent (“basic”) and dependent (“derived”) variables. The dependencies are described by a
schema like the one from Figure 2 (main text). Each binary property (e.g., the sign of a control
coefficient) has a certain probability in the ensemble. In practice, we can only estimate this probability
from a limited number of model instances. If n out of N sampled models show the property P, the
probability of P, called ¢, can be estimated as follows: assuming that g has a uniform prior, its posterior

n+l _ (n4+1)(N—n+1)

mean and variance read p, = 35 and O'g = (NT2R(Ni3) - For each target variable (e.g., a control

N+2
coefficient), we obtain a number of sampled values. Their distribution can be characterised by mean

value, variance, probabilities of signs, and correlations with other model variables.

e Significant differences between model variants By choosing network structure, fluxes, thermo-
dynamic forces, and enzyme saturation step by step, we can implement a nested sampling procedure
that produces a hierarchy of model variants. In this hierarchy, each model variant is represented by a
model ensemble with a specific distribution of target variables. To make model variants comparable,
the variants should at least have the same metabolite and reaction lists, but they can differ in their
network structures and in the values assigned to any of the basic variables. Using statistical tests,
we can determine significant differences between the distributions of model targets, if necessary with
corrections for multiple testing (see Section S3.2 for details). By comparing the distributions of model
variables between subensembles, we can study how structural model features affect the target variables:
for example, whether certain regulation arrows can enhance the stability of steady states. More gen-
erally, we can systematically study the effects of network structure, regulation, thermodynamic forces,

enzyme saturation, and different rate laws on our model outputs.

e Choosing the distributions of target variables To see how specific values or ranges of target
variables can be obtained, we can build a model ensemble and then filter it for models that show
these values or ranges. Again, we obtain a subensemble of models with different distributions and
correlations of the model variables. Even basic variables that were chosen independently can become
dependent by the subselection. Alternatively, we can set the distribution of our target variables during
model construction by applying a Bayesian posterior sampling. In this approach, the basic variables are
not sampled freely but by a Metropolis Monte Carlo procedure: as prior distributions, we can use the
same probability distributions as employed normally in STM; for the likelihood function, we compare
the resulting target variables to the prescribed distribution, for example, a distribution defined by

experimental data.

S3.4 Example Model: Glycolysis in Human Hepatocytes

In the original publication [21], thermodynamically feasible fluxes were determined by flux minimisation with

various different flux objectives. I first focused on aerobic rephosphorylation of ATP on glucose. Optimising
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Figure S3: A kinetic model reconstructed by STM. The threonine synthesis pathway in E. coli converts as-
partate into threonine. A kinetic model from [22] was used to simulate the metabolic dynamics after a sudden
increase of the external aspartate level (dashed blue lines): the internal metabolite concentrations increase
with different time delays. Aspartate and threonine are treated as external metabolites with predefined
concentrations. Based on the network structure, steady state fluxes, and concentrations as in the original
model, a model was reconstructed by STM. The reconstructed model shows the qualitative behaviour (solid
red lines). Abbreviations: asp (aspartate); aspp (aspartyl phosphate); asa (aspartate beta-semialdehyde));
hs (homoserine); hsp (O-phospho-homoserine); and thr (threonine).

this objective leads to a sparse flux distribution that uses only a small part of the network, containing
glycolysis and TCA cycle. With this flux distribution, I first determined a standard model in which all
saturation values were set to values of %, assuming half-saturated enzymes. In the resulting state, the steady
ATP rate (our model output) is strongly controlled by glucose import; all control coefficients are positive,
i.e., a small increase of any enzyme will always increase the metabolic target (ATP level). Although the flux
distribution was chosen to support ATP rephosphorylation, this is not a trivial finding: first, flux analysis
can capture the ATP rephosphorylation rate, but not the ATP level as a target function; second, flux analysis
describes which fluxes—and in which proportions—are optimal to realise a certain metabolic objective, but
it does not capture the marginal effects of enzyme levels, i.e., how the objective would change following
small enzyme changes. By sampling the saturation values, we obtain a model ensemble, and the statistical

distribution and correlations of these control coefficients can be studied.

S4 Metabolic Synergies and Fluctuations

S4.1 Synergies Between Static Perturbations

Synergy effects between enzymes can be important in medical applications, e.g., to model drug interactions

or patient-specific side effects, to plan combination therapies, and to prevent bacterial resistance [23]. Epis-
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(a) Flux analysis (b) Metabolic control theory

FBA 0.1 MoMA 0.1 CM Half-saturation SM Half-saturation
X ) ~\ ’/ —
1 s 1 8 0.15
E1 ; E1 ; . 0.15 -
0.1
E2 ., E2 PR 04 e
2 2 0.05 0.05
E3 : E3 - £
0 0
E4 L, E4 2w E4
0.05 0.05
ES5 + B 4 s E5
- -6 01 0.1
"N s N s E6 il has 8 VIl 5
FBA 0.9 MoMA 0.9 CM Ensemble mean SM Ensemble mean
0.2
E1 N & E1 N X - 02 el s
0.15 :
E2 005 E2 005 E2 0.1 E2 o1
E3 E3 E3 005 E3 008
0 0 0 0
E4 E4 E4 0.05 E4 -0.05
5 0.05 5 0.05 es 0.1 E5 04
0.15 0.15
oI g 01 Eo g 01 E6 ] EH & _l

Figure S4: Enzyme synergies in a schematic metabolic pathway. This figure is an extended version of Figure
5 (main text). Enzyme synergies in a linear pathway with alternative routes between the intermediates S1
and S3. (a) Synergies for double inhibitions, predicted by constraint-based methods. Synergies are shown
by arc colours (red: aggravating, blue: buffering). Different panels show synergies computed by different
methods (FBA and MoMA) and inhibition strengths (flux decrease by applying scaling factors of 0.1 or 0.9).
In the calculation, the “double inhibition” of a single enzyme is realised by applying the relative inhibition
twice, i.e., leading to inhibition strengths of 0.01 and 0.81, respectively. Colour scales differ between panels,
spanning the range of synergy values in each case. Small values (below one percent of the maximal absolute
value) are not shown. (b) Synergies computed by Metabolic Control Theory. The panels show results for
different rate laws (CM: common saturable rate law; SM: simultaneous-binding modular rate law). Results
based on half-saturated enzymes (top) are compared to mean results from a model ensemble with random
saturation values (bottom). The two results are almost identical.

tasis, an important concept in genetics, denotes the synergistic effects of gene knock-outs on cell viability.
Epistasis can shape genetic variability in populations and the evolvability of genetic features. Moreover,
as shown by FBA simulations and experimentally, epistatic interactions can indicate functional associa-
tions between proteins, for example the cooperation or alternative usage of enzymes in metabolic pathways
[24]. Importantly, while synergies are described here for enzyme perturbations, they can also be computed
and used for any other parameter perturbations, including synergistic effects between concentrations in the

growth medium.

Epistasis Epistasis describes synergy effects of gene deletions on Darwinian fitness. In buffering epistasis
(that is, the effect of a double deletion is less severe than expected), the loss of a first gene decreases the
selection pressure on the second one: in evolution, such genes will tend to co-occur in genomes, a phenomenon
called phylogenetic correlation [25]. In the opposite case, called aggravating epistasis, the double-deletion
phenotype is more severe than expected: here the loss of one gene increases the selection pressure on the
other one, leading to phylogenetic anti-correlation. In [24], epistatic synergies in the yeast S. cerevisiae were
computed by FBA. The maximal biomass production rate was used as a quantitative output function and
enzyme deletions were simulated by setting the corresponding reaction rates to zero. The predicted epistasis

pattern showed a modular structure [24].
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Epistasis measure by Segre et al. Segre et al. introduced a synergy score for double enzyme deletions
[24], in which a special weighting makes buffering synergies better detectable. Let vy denote a target
variable observed in the wildtype network (e.g., maximal biomass production rate computed by FBA), and
let va, vp, and v,}, denote the values in mutant networks in which enzyme a, enzyme b, or both, have been
deleted. After a scaling by the wild-type value, the target values read wyi = 1, Wa = Va/Vywt, Wb = Ub/Vwt,
and w,p = Vap/Uwt. Since deletions can decrease, but cannot increase the target in FBA, the values must
satisfy w, < 1, wp, < 1, and w,p < min(w,, wy). The effect way, of a double deletion is compared to the
effects w, and wy, of single deletions, yielding an epistasis score. To obtain a clear distinction between neutral
(Wap = W, wp), aggravating (w,p < w, wy,), and buffering (wa, > w, wp) gene pairs, Segre et al. introduced

a heuristic epistasis measure with the following definition:

neutral 0
S 4 . Wab  __
gSeere _ | aggravating Ty 1 (S30)
buffering e |

wi,

In the formula for buffering epistasis, we assume w, < wy, without loss of generality. In summary, neutral
and aggravating synergies are defined “normally”, but buffering synergies are given special weights: if one
of the single-deletion effects is mild, then wy, is close to 1 and the buffering synergy is increased by this

definition. If both single deletions are already severe, then the buffering synergy obtains a lower weight.

Synergies predicted by FBA and MCT FBA, MoMA, and MCT all predict enzyme synergies, but
based on different assumptions and input data. For double inhibitions, all three methods predict, not
surprisingly, that cooperating enzymes (i.e., enzymes in one linear pathway) tend to show buffering synergies,
while alternative enzymes (e.g., enzymes in alternative pathways) show aggravating synergies. However, these
methods explain synergies in different ways. An example is shown in Figure 5 (main text). As expected,
a double inhibition that blocks both alternative routes has an aggravating effect, while enzymes within the
same linear pathway show buffering synergies. MCT explains this by reference to the control coefficients: in
the first case (across alternative pathways), inhibition of one branch increases the flux control of the other
branch, while in the second case (within one linear pathway), the first enzyme inhibition decreases the flux

control of all other enzymes (see Figure (S4)).

S4.2 Metabolic Fluctuations

Computing the fluctuations caused by chemical noise To model a metabolic pathway under dy-
namic external perturbations, we may model these perturbations as a random process. The perturbations
themselves, and the resulting metabolite fluctuations are described by spectral power density matrices. These
matrices resemble the static covariance matrices but are frequency-dependent. If the noise amplitudes are
small, we can use a linearised model and compute the spectral densities of concentration fluctuations from

the spectral response coefficients [26]
Se(w) = R(w) Sp(w) R (w). (S31)

Sc(w) and Sp(w) denote the spectral power densities of metabolites and of perturbation parameters at circular
frequency w, the symbol T indicates the adjoint matrix, and the unscaled first-order spectral response matrices
R°(w) and RY(w) can be computed from the elasticities [27, 26]. There is a similar formula for fluctuations

of the reaction rates.
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Chemical noise An important example of random fluctuations is chemical noise. On a microscopic scale,
chemical reactions do not run continuously, as assumed in kinetic models, but as discrete random events,
converting individual molecules. The resulting random dynamics can be described by a Langevin equation,
i.e., a kinetic model with additive noise and separate forward and backward rates [28]. The fluctuations
spread in the network, leading to fluctuations of molecule numbers in the macroscopic steady state. In the
Langevin equation, the noise term scales with the square root of the mean reaction rate (in units of reaction
events per second). Therefore, the smaller the particle numbers, the bigger the relative noise. If the average
rates become very small, the approximation breaks down and a more detailed model with discrete reaction

events must be used. The fluctuations can be described by Equation (S31), setting E,,. = ,/ z\qffsz (where

* marks once-way fluxes) and S,(w) = I, because the chemical fluctuations originate from white noise (see

[26]). In practice, the spectral power density of the original noise in reaction [ is given by

S ( ) . V41 +v_g _ COth(hl 9[)1)[ - 1 U1
PITTNAQ T T NaQ  NaQ 6,

(S32)

where the approximation holds close to equilibrium (small thermodynamic force 6;). Mediated by the
metabolic dynamics, these input fluctuations lead to fluctuations of metabolite concentrations and fluxes
(for an example, see Figure S6). Fast fluctuations are strongly damped: the noise spectrum of the metabolite
concentrations decreases at high frequencies, and the system acts as a low-pass filter. Since each reaction
rate is also directly affected by its own noise, fluxes also fluctuate at high frequencies. If a stable metabolic
state is close to a Hopf bifurcation, it will show a tendency towards oscillations. This becomes apparent
in the way the metabolic system transmits random fluctuations, and in its noise spectrum: noise will be
amplified around a resonance frequency close to the oscillation frequency after the Hopf bifurcation. All this

can be seen from the eigenvalue spectrum of the Jacobian matrix [26].

Limiting behaviour of spectral power densities at high or low frequencies For low or high frequen-
cies, the noise amplitudes can be understood through simple approximations. The spectral power density
matrix for metabolite fluctuations has the form R¢(w) MR¢(w)" with a diagonal matrix M. The noise

variances for individual metabolites, at specific frequencies, are given by diagonal values
2
D IR @) my. (S33)
P

The spectral response matrix itself is given by R (w) = C (A — iwI)~! B, with matrices C and B and the
Jacobian matrix A. For large frequencies (w much larger than any eigenvalue of the Jacobian), the term iw I
dominates and the entire expression (S33) becomes proportional to ﬁ High-frequency noise is dominated by
direct effects of chemical noise on the adjacent reactant levels, i.e., by fast, non-stationary fluctuations around
the stationary fluxes. For low frequencies, in contrast, the spectral power density approaches the variability

expected for static variability, and the correlations reflect slow, stationary variations of the stationary fluxes.

Fluctuations on different timescales The amplitude of random fluctuations at specific frequencies are
described by the spectral power density. However, in reality, we are usually not interested in the noise level
at a precise frequency, but in noise affecting processes on a certain time scale, where much faster noise
averages out and much slower noise can be seen as quasi-static. To measure the relevant noise on a time
scale of interest, we consider a noisy curve from our model, e.g., the curve of a metabolite concentration,
compute a sliding average with a Gaussian kernel (of width 7, e.g., one second), and study how much this
average varies across the statistical ensemble at one point in time, or along time in one realisation of the
process. Alternatively, we can also consider a sliding average. By changing the width of the kernel, we obtain
the variance of our metabolite curve on different time scales. This measure of concentration fluctuations at

different time scales can be computed from the spectral power densities using a Fourier transformation (see
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Figure S5: Fluctuations caused by chemical noise. (a) Smoothing of stochastic time courses (e.g., of metabo-
lite concentrations or fluxes) with a Gaussian kernel function leads to “observed” stochastic time courses at
a given time resolution 7 (reflecting the time resolution of measurements). The variability (red arrows on
the right) depends on the time resolution chosen. (b) Flux fluctuations (compare Figure 7 (main text).

Section S5.3).

S4.3 Role of Thermodynamics and Enzyme Saturation in Metabolic Control

and Fluctuations

Effect of varying thermodynamic forces Thermodynamic forces and saturation values have effects
on metabolic control and fluctuations. Figure S6 shows these effects for a simple model, a pathway of five
unimolecular reactions without regulation. In the standard model version, all thermodynamic forces are set
to RT and all saturation values are set to % To assess the effects of parameter changes, the parameters
in the third reaction were systematically varied, setting the force to values of 0.1 RT, 1 RT, and 10 RT,
while keeping the metabolite concentrations close to their original values (see Section S3.1). Similarly, the
substrate and product saturation values were set to values of 0.1, 0.5, and 0.9. The figure shows static
control coefficients and spectral power densities of chemical noise (for metabolite concentrations and fluxes).
There are some clear patterns: if the third reaction is close to equilibrium (0.1 RT), it has little control over

concentrations and fluxes, and also little influence on the control exerted by other reactions. In contrast, if
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Figure S6: Thermodynamic forces in a linear chain and their effects on metabolic control. Variants of a
pathway model with different thermodynamic forces (0.1 RT, RT, 10 RT) and saturation values (0.1, 0.5,
0.9) in the central reaction. (a) The thermodynamic force of the central reaction was made smaller, equal to
or larger than in the other reactions by varying the chemical potentials (white: high; red: low). (b) Static
control coefficients (for concentrations and fluxes) obtained from different model variants.

the reaction is strongly driven, it exerts a larger control, while the control exerted by downstream enzymes
decreases. If the reaction is close to equilibrium, the substrate saturation does not play a role; as the reaction
is driven strongly, the substrate saturation increases the control exerted by the reaction. Thus, for a high

flux control, reactions must be strongly driven and enzymes must be saturated with substrate.

S5 Mathematical Derivations

S5.1 Probability Densities for Saturation Values and Dissociation Constants

The fraction of enzyme molecules (of one sort of enzyme) bound by a certain metabolite depends on the

metabolite concentration ¢ and on the dissociation constant k (indices omitted for simplicity). It can be

1

. . _ _ k _ c
described by saturation values o = 7 7E = T OF 8=

k-+c
related to ¢ and k. If « is uniformly distributed in the interval )0, 1], the conditional probability densities

= 1 — a. The saturation values are directly

read

ple) = (ka)Q for fixed k (S34)
p(k) = ﬁ for fixed c. (S35)
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Similar formulae hold for the sampling of 3. According to this formula, In(c/kM) follows a logistic distribution
with location parameter 0 and scale parameter 1. Mean, median, and mode of In(c/k™) are given by 0, and

the variance is given by 7%/3

Proof: The probability density of a is p(a) = 1. For fixed parameter k, we obtain da/dc = —k/(c + k)?
and thus

Oa k
plc) = Cp(a) ’8c = Cm' (S36)
The normalisation constant C' has a value of 1 because
o0 k —k |~
/¢ /0 (c+ k)zdc k+c|, (S37)

For fixed concentration ¢, we compute da/0k = k/(c + k)? and obtain

oo c
i) = ol |52 = o (589
again with normalisation constant C' = 1 because
< ¢ k|~
1/C = dk = =1 539
/ /0 (k+¢)? c+kj, (S39)

S5.2 Metabolic Control and Response Coefficients

Metabolic control and response coefficients (first order) Control and response coefficients describe
the effects of small parameter changes on state variables (metabolite concentrations ¢; and reaction rates
vy) in a first- or second-order approximation [2, 8]. The unscaled response and control coefficients can be
computed from the unscaled elasticities and the stoichiometric matrix [26]. In systems without conservation

relations, the first-order unscaled control matrices read

CC
CV

—(NE.)" !N (S40)
I+E.C°. (S41)

In models with linear conservation relations, the Jacobian NE. is rank-deficient and not invertible, but we
can still compute the control coefficients [7]: we select a set of independent internal metabolites (such that
the reduced matrix Ny has full row rank, and the same rank as N). Then, the stoichiometric matrix can

be split into a matrix product N = L Ny, and Equation (S40) is replaced by

C° = ~L(NRE.L) 'Ng. (S42)

The response matrices with respect to system parameters p,, read

Os j
R, = o = CE,, R’ == =C"E,. (S43)
Scaled control and response matrices, e.g., RIC; = 0ln¢;/01np, are defined similar to the scaled elasticities.
Since the enzyme concentrations appear as prefactors in the rate laws, it turns out that scaled response
coefficients and scaled control coefficients are identical. With other perturbation parameters (e.g., external

metabolite concentrations), this will not be the case.
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Metabolic synergy coefficients (second-order response coefficients) For general perturbation pa-
rameters u, and u, (i.e., enzyme levels or other parameters), we can write the unscaled synergy tensors [10]

as
R, Z cory, . RE, =3 Curu, . (S44)
k
with a tensor I'" defined as

T, = > EY RS RY + ZECJ B+ ZE%RC» B, . (S45)
ij
Enzyme levels are parameters with specific properties: there is only one enzyme per reaction, and enzyme
levels appear as prefactors in the rate law. Thus, for two enzyme levels e, and e,, we obtain the unscaled
response coefficients (see Equation (S66))
1
Rl = O Btk Ot OF vrvy + by B Ot vt b B O] (S46)
J

The scaled synergy coefficients between a steady-state variable y and enzyme levels e¢; and e; read (see
Equation (S67))

Ry, = Y (CLEX, CoCoy+> (CYEYC)
kqr q
Z (CY B Cer) — (CLCY) + (6, CY)). (S47)

The synergy coefficients describe second-order effects of an enzyme (indices [ = j) or synergies of enzyme
pairs (indices [ # j). For enzyme pairs, the Kronecker d;; vanishes and we can set Eff C‘gj = C’ij (see
Equation (S40)). By rewriting the second-order elasticities Eg;c as in Equation (524) and rearranging
Equation (S47), we obtain

Ry, = CUCU4CYCu—Cyey +> CYok CuoCon. (S48)

€lej Vg~ qr
kqr

For mass—action rate laws close to equilibrium and without regulation, the term ﬁgr is approximately —1.

S5.3 Spectral Power Density and Temporal Variability Due to Chemical Noise

To describe metabolic fluctuations caused by chemical noise, we use the chemical Langevin equation
d
X Nt —a]+N [Dg <\/a+) ¢t —Dg (\/5\*) 5—} (S49)

for particle numbers z;. The reaction propensities ali denote the probabilities per time (in s~!) for events of
reaction [ in forward (4) or backward (-) direction, and £ and £~ are vectors of standard Gaussian white
noise® (in units of s~/2). In a cell volume €2, molecule numbers and propensities are related to concentrations

and reaction rates as

x; = Na Qc;, alizNAvli, (S50)

5White noise appears in the formula as the derivative of a Wiener process. It has the covariance function cove(T) =
(€@)E(t + 7))¢ = 6(7) (in s71) and a spectral power density S¢(w) = i (unitless). Note the prefactor convention used for

Fourier transforms: z(t) = ffooo Z(w) e ¥tdw and z(w) = i fooo z(t) e~ twtdt.
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with Avogadro’s constant Ny ~ 6-1023 mol~!. Using these variables, we can rewrite the chemical Langevin

d v v_
d(tijéerNé[Dg( NZ) £+—Dg(\/NA) &) (S51)

equation as

For deviations Ac; from a stationary state, and setting & = (?_r), we can approximate it by
dA
dt" — NE!Ac+NE{€, (S52)

with the unscaled elasticity matrices

Bl= g B =g (De(/m). —Ds (VA7) (553)

2 respectively. Equation (S52) has the form of a standard linear model with

in units of s~' and mM s~/
perturbation parameters in a vector €. For this model, we can compute the frequency-response matrices (see

[26])

R{(w) = -L(NrE!L—iwl)"'NgE}
R{(w) = Q[E{+E!R{(w)] (S54)
in units of mMs'/2 and mol s~/2, respectively. The concentration fluctuations have the spectral power

density matrices

1

Se(w) = R¢(w) Se(w) RZ(w)T 5

R¢(w) Rg (w)! (S55)

(in mM? s). An analogous formula holds for flux fluctuations (in mol? s=1). To study fluctuations on a
specific time scale o (in units of seconds), we consider the fluctuating concentration curve and smoothen it
by convolving it with a (normalised) Gaussian function of width o. The resulting function has the spectral

power density

2 2

S (w) = (675 7 )2 S, (w). (S56)

The function in parenthesis is the Fourier transform of our Gaussian function. The covariance function of

the smoothed curve is given by the reverse Fourier transform of the spectral power density
covl?) (1) = / S(w) e dw. (S57)

The variance (the covariance function for time shift 7 = 0) is therefore given by
1 (o]

covl?) = / S (w) dw = 5P e R¢(w) R (w)T dw (S58)
oo 7T '

— 00

An analogous formula holds for the covariance of flux fluctuations.
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S5.4 Synergy Effects

Here we derive Equation (S27) for synergy effects. The effect of a double enzyme perturbation on a target

variable y can be seen as the sum of three terms: the single-inhibition effects plus a synergy effect 1,p:
Ayab = Aya + Ayb + Nab- (859)

The synergy effect 7,5, defined as the difference 7., = Ay*® — Ay, — Ay, can be approximately determined
from the metabolic response coefficients. Given a vector Ae of enzyme changes, a second-order Taylor

expansion yields
, 1
yle+Ae) ~ yle)+RIAe+ §AeTRzuAe. (S60)
Therefore, if two enzyme concentrations e, and e, are decreased by Ae, and Aey, the target changes by

Ay*™ ~ —RY Ae, — RY Aey + %RgaeaAei + RY . Ae,Aey + %Ry Aél. (S61)

€q€b €pEYp

The single perturbations yield

1
Ay, = —RgaAea—&—iRy Ae?

€a€qa

1
Ayy ~ —RYAey+ SR Ael. (S62)

€p€h

With the second-order approximation Equations (S60) and (S61), the synergy effect is given by the unscaled
synergy coefficient RY . multiplied by the perturbations:

€q€h
Nab ~ Ay — Ay, — Ay, ~ RY . Ae,Aey,. (S63)

€a€h

If all quantities (enzyme levels and target variable) are measured on the logarithmic scale, it is natural to

consider the splitting
Alogy® = Alogya + Alog yp + Nan- (S64)

This splitting corresponds to a “null hypothesis” of multiplicative effects and contains the scaled synergy

7ab- In the corresponding formulae, the scaled response coefficients are used.

S5.5 Response and Synergy Coefficients

Synergy cofficients for stationary concentrations and fluxes Here, we derive Equation (S47) for
scaled synergy coefficients. The unscaled synergy cofficients between general parameters u; and u; and state

variables y read (as in Equation (S44) and using Einstein’s sum convention):

RY, =CYT% =CY [EZ:CT RS Rg + B, R+ EU, RS + B ] . (S65)

UIU V™ UlUj Uy Cyp uULU;
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If the perturbation parameters are enzyme levels ¢; and e;, we can write the elasticities as Eé’q’cei = O iEé’q’“,

€
EZx,, = Ok e%ng, Egr. =0, and set R¢ = Cji 2. By inserting this into Equation (S65), we obtain
Y Yy Vi Cq PCr 5 1 Vi ICq 5 1 Vi RCr
Relej = Cvk Ecq'cr Rel Rej + Ok eijEcq' Rel + Okt eilECr' Rej
1
- [Eg;w o CE vy vy + Sy BY* CSa vy + 60 B2 C&r vj] - (S66)
J

which is equivalent to the formula given in [10]. The scaled synergy coefficients read, analogous to Equa-
tion (S12),

A _oee e e; ; €]
glej y Rgle]‘ - y2 Rgl RZJ + 61] gRgl
1
= o [E;J;CT Clo C vyvy + Sy BY: CLa oy + 5B Cr uj]
1 1
—?Cgl ng@l Uy + %—;Cﬂlvl (867)

They can be written—again with sum symbols—as

R, = Y (ChEZ, Couli)+) (CY ELCo)+ Y (ChELCy) = (C4CY) + (0 CY)- (S68)
krq q r

Response coefficients for general state variables The previous formulae hold for targets y that are
stationary concentrations ¢; or fluxes v;. How can we generalise them to other target variables z(c, v), which
are functions of these state variables y,,? Let the unscaled derivatives be called z,, and z,,,,. We shall first
compute the unscaled, and then the scaled response coefficients of z. The unscaled response coefficients read

(with sum convention)

0z 0z Oy
z P
= = — — = Z Ryp. 869
Qe Oyp Oe Yp e (869)
2
We next introduce the scaled derivatives 2, = aafrllyyl and 2, = %. With their help, we write
© p © Jp q
the unscaled derivatives as
2N
Zyp = E Zyp
z A PO A
“ypyq Yp Yg [Zypyq + Zyp Zyq 517‘12917} : (870)

The unscaled synergy coefficients for our target z read

2
R o= 92 0 010z b\ 10 02 by pu
€ere; aelaej aej ey 8€j ayp ey aej ayp el Yp ere;
0%z Oy ,
= [8ypyq 0@3] R + 2y, RYr, = [zypyq RZ;?} RY + 2y, RY,
Zypyq Rgzp RZEJ;I + Zyp Rglpej . (871)

Let us now consider the scaled response coefficients. The first-order scaled response coefficients read

Ri =R, ="z, Rl =5, RY. (572)
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The scaled synergy coefficients read (compare Equation (569))

~ € €e; (AN el
¥4 _ J z J z z z
R = SR, - RORL 0y R

ere; z €rej Z2
€1 €j
— Y Y Y — R?* R*? . R*
= = {zyy RY RYs + 2, Re;ej} R: RZ + 0, R,

— [z 5 5 _§ 5 Yp RY4 4 5 RYr _ 3 Yp 5 RY 5 Y
= [zypyq + 2y, 2y, 5pqzyp] RZP Rej + 2y, Refej 2y, REP 2y, Re; + 0152y, RYP

= Zyy, RYP Ré’_g + 2y, Rgfej — Opg2y, RYP Rg; + 8152y, RYP. (S73)

For functions z(c, v) that are multiplicative in fluxes and concentrations (i.e., that are linear if all quantities

are given at the logarithmic scale), the first term vanishes.
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