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A Changes to reactions from the model :ML1515

After assembling the model as a subset of reactions from the genome-scale model iML1515, a few minor corrections
were applied to some of the reactions based on evidence gathered from the literature. Note, however, that these
changes did not result from an exhaustive process of review of the parent model. The corrections include:

e In {CH360, the membrane-bound transhydrogenase reaction (THD2pp) only translocates 1 proton across the
periplasmic membrane, as opposed to the 2 protons translocated in the i{ML1515 reaction [I]

e The gene-protein rule (GPR) of gene glzK (b0514) was reassigned to GLY CK2, which produces 2-phosphoglycerate.
Meanwhile, the reaction GLYCK from ¢iML1515 (which produces 3-phosphoglycerate) was removed [2], 3]

e The NADPH-dependent homoserine dehydrogenase reaction (HSDy) was made irreversible towards the homoser-
ine production direction [4]. To avoid having a reaction that is restricted to negative flux values, the substrates
and products of the reactions were flipped.

e The succinate transport reaction SUCCtlpp was made irreversible in the export direction, enforcing the use
of the more thermodynamically favourable SUCCt2_2pp (which translocates two protons instead of one) for
succinate import. Again, to avoid having a reaction that is restricted to negative flux values, substrate and
products of SUCCtlpp were flipped.

B Computation of an equivalent biomass reaction

In constraint-based models of metabolism, the biomass reaction summarises the production of all molecules that are
not explicitly described by the model. These are typically macromolecules such as proteins or polynucleotides. Which
metabolites are drained from the model network towards these other parts of metabolism, and in what proportions,
depends on what compounds are described by the model. Hence, starting from an existing model, taking only a subset
of the reactions but leaving the biomass reaction unchanged would lead to inconsistencies.

To construct a biomass reaction for i{CH360 that corresponds equivalently to the biomass reaction in {ML1515, the
following method was used. First, we collected all the pathways required for the production of the components present
in the iML1515 biomass reaction, but not in our model (with the exception of a small number of compounds present
with very small stoichiometry, which were excluded from this analysis for simplicity). These additional pathways
(available in the repository supporting this manuscript) were manually curated based on available literature and
database annotations to ensure they represent the most biologically relevant bioproduction route for each biomass
component. By adding these pathways to iCH360, we obtained an extended model (¢CH360cxt), which was able to
predict growth directly through the original biomass reaction.

With this extended model at hand, we can continue as follows. Let N and M denote the number of reactions and
metabolites, respectively, in i{CH360. Further, let Nyt > N denote the number of reactions in the extended model
iCH360cxt. A reference flux distribution v, € RNext is computed on the extended model through FBA. We can
express this flux vector as:

V*

V:ef = Vj_ (1)

UEM
where v* is the subset of its fluxes corresponding to reactions present in i{CH360, v is the subset of fluxes corresponding
to the reactions added to create the extended model {CH360ex¢, and vfy is the flux through the :ML1515 biomass

reaction. If the fluxes v* were to be imposed on :CH360 (which, at this stage, does not yet contain a biomass reaction),
a number of metabolites would necessarily remain unbalanced, that is:

Sv £0 2)

where S € RM*N denotes the stoichiometric matrix of iCH360. We now seek to define an “equivalent” biomass
reaction that, when added to the iCH360 network, will drain or produce metabolites so as to balance equation .
Let roq € RM denote the stoichiometry of such biomass reaction. We compute req as the additional column of S
required to balance the system while achieving the same biomass flux of the reference distribution. That is, req
satisfies:

V*
(S req> =0 (3)
Ui
which can be solved as: )
Teq = — i Sv* (4)

The stoichiometry of this equivalent biomass reaction depends on the choice of reference flux distribution v}, and
generally may differ for different growth conditions. This results from the fact that, depending on the condition,



the extended model may produce the same biomass component through different pathways, which would then be
converted by our procedure into different equivalent costs of precursors in the sub-model. Nevertheless, the additional
biosynthesis pathways we used to form the extended model do not allow for alternative routes to biomass; hence, we
found the equivalent biomass reaction to be, in this case, unique across conditions.

C Differences in acetate production between :CH360 and :ML1515

As discussed in the main text (see Results: Range of metabolic conversions described by production envelopes),
1CH360 predicts different acetate production yields than its genome-scale parent, iML1515. In order to understand
the cause of these differences, we investigated optimal acetate production routes in both models using FBA.

Under aerobic conditions, we found that the differences can be traced to different production abilities for acetyl-
CoA, a precursor of acetate. In iCH360, acetyl-CoA is produced entirely from pyruvate oxidation via either the
Pyruvate Dehydrogenase (PDH) or the Pyruvate-Formate-Lyase (PFL) reactions (Panel A in left). On the
other hand, iML1515 can produce acetyl-CoA via a number of additional pathways not included in our model (Panel
A in right). These include: the degradation of threonine either directly to acetyl-CoA (THRD, GLYAT),
or indirectly via acetaldehyde (THRA, THRD, ATHRDHr, THRA2), which is then converted to acetyl-CoA; the
degradation of 2-deoxy-D-ribose 5-phosphate into acetaldehyde (DRPA), followed by conversion into acetyl-CoA; the
degradation of Autoinducer-2 into acetyl-CoA (AI2K, PAI2I, PAI2T). Indeed, we found that, in the region of the
production envelope where the two models diverge significantly, up to 50% of acetyl-CoA production in the genome-
scale model is accounted for by these degradation pathways. This is in disagreement with the understanding of the
existing literature that, under aerobic growth on glucose, most of the acetyl-CoA is produced from the oxidation of
pyruvate [5, [6]. Confirming these findings, the simultaneous deletion of four reactions blocking these degradation
pathways (DRPA, PAI2T, THRA, THRD) in ¢iML1515 brings aerobic acetate production to levels comparable to
iCH360 (Panel B in .

In the anaerobic scenario, we found that the differences between the two models are exacerbated by the ability
of the genome-scale model to produce more pyruvate (which in turn results in higher acetyl-CoA production) than
iCH360. Investigating the cause of this difference, we found that, under anaerobic conditions, the iML1515 solution
involves the uptake of external CO2 and its use as a sink for electrons produced in glycolysis (Panel C in|Fig GJ), which
is thermodynamically unrealistic under ambient CO4 levels. Blocking COs uptake reduces the maximal anaerobic
pyruvate yield in the genome-scale model but does not fully close the gap with the production capabilities of our
model (Panel D in , implying the existence of additional routes for anaerobic production of pyruvate that are
not included in ¢CH360.

D Computation of attributes using the knowledge graph

Using the knowledge graph supporting the stoichiometric model of iCH360 (see the main text), a number of useful
properties can be computed based on simple operations. Here, we outline how such an approach was used to i) compute
the molecular mass of all enzyme complexes in the model, based on known masses for all polypeptides and ii) construct
the Boolean rules (GPRs) linking all reactions and proteins in the graph to the model genes. For a description of the
different types of nodes and edges mentioned in this section, see [Table B and [Table C|

D.1 Computation of molecular masses for all protein nodes

In order to compute the molecular masses of all protein nodes in the graph, the protein nodes corresponding to
polypeptides were first annotated with their molecular masses, which are readily available in the EcoCyc database.
Then the molecular masses of all other protein nodes are estimated recursively as follows. Let Z denote the index set
of all protein nodes and C(i) € Z the index set of protein components of node i, i.e. all nodes connected to node i by
a subunit composition relationship. The molecular mass of any protein node i, M;, is computed as:
M, — {MZ if node.i is a polypeptide 5)

Ekec(i) w;p M;, otherwise

where M; denotes the (known) molecular mass of polypeptide node ¢ and w;; denotes the weight of the edge between
i and k.

D.2 Computation of gene-protein-reaction rules

Boolean gene-protein-reaction (GPR) rules are a widely used tool defining a map between a genotype (set of active
genes) and a phenotype (set of active reactions) in a metabolic model. Conventionally, this is achieved by assigning to
each reaction a Boolean expression given in terms of genes in the model. In this section, we show how such expressions
were computed for the reactions in 1CH360 using the knowledge graph.



Starting from the leaves of the graph (genes), we construct, for each node, a Boolean expression describing its
state (active/inactive, corresponding to a Boolean True/False) in terms of its children. The exact form of this Boolean
expression depends on the type of the node (reaction, protein, or logical) and the type of edges connecting it to its
neighbours (Fig V|). Particularly:

e A polypeptide node is active if its associated gene is also active (Panel A in left).

e A multimeric protein is active if all of its subunits (the child nodes connected to it by a “subunit composition”
edge) are active (Panel A in middle).

e A modified protein is active if its unmodified form (the child node connected to it by a “protein modification”
edge) and its modification requirements (the child nodes connected to it by a “protein modification requirement”

edge) are active (Panel A in right).
o A logical AND (logical OR) node is active if all (any) of its child nodes are active (Panel B in [Fig V).

e Finally, a reaction node is active if any of its catalysing isozymes (the child nodes connected to it via a “catalysis”
edge) are active and, at the same time, all of its catalytic requirements (the child nodes connected to it via a
“non-catalytic requirement” edge) are also active (Panel C in [Fig V).

Using these definitions, the Boolean expression describing the state of a reaction can be written, ultimately, solely in
terms of genes, enabling computation of conventional GPR rules and their incorporation in the standard metabolic
model.

E Estimation of enzyme complex abundances

In order to estimate the abundances of all enzymes in the model from proteomics data, we use the model graph (see
the main text) to construct a stoichiometric map between enzymes and polypeptides. This map takes the form of a
matrix E € R"*™_ where n is the number of enzymes in the model and m > n the number of polypeptides, such that
E;; denotes the stoichiometry of polypeptide j in enzyme 7. Some polypeptides may be part of additional enzyme
complexes that are not part of the model. Using the available annotation to the EcoCyc database, we identified 7 such
polypeptides, mapping to 9 out-of-model complexes. If these out-of-model complexes were not taken into account,
the abundance of model enzymes to which these polypeptides map would be overestimated. Hence, we constructed a
matrix E by augmenting E with additional rows corresponding to the identified out-of-model complexes.

With this mapping at hand, we assume that polypeptide abundances p are related to enzyme abundances e
(including the required additional complexes not accounted for in the model) by

p=ETe (6)

Hence, given a vector of experimental measurements of polypeptide abundances p, we estimate enzyme abundances
by solving the non-negative least squares (NNLS) problem:

min [lp~B7e[3 ™)

s.t e>0

F Adjustment of turnover numbers based on proteomics measurements
across conditions

In this section, we outline the procedure used to adjust the turnover numbers in EC-iCH360 (see the main text) by
fitting proteomic measurements across conditions. Briefly, our aim is to adjust the turnover numbers that parametrise
the model so that enzyme allocation predictions obtained through the enzyme-constrained formulation of FBA (see
Methods in the main text) match more closely experimental measurements of enzyme abundances. By simultaneously
fitting experimental measurements across many growth conditions, we improve the robustness of the fitting procedure
to experimental error and generate a condition-independent set of “typical” apparent turnover numbers that predict
average trends of enzyme allocation across conditions. The output of our procedure is a set of typical enzyme
efficiencies, one for each enzyme, estimated from proteomic data across conditions, as well as a set of condition-specific
scaling factors that account for differences in total measured enzyme abundances between conditions. In section
we rigorously define these parameters and state the main assumption underlying our heuristic. In sections [F.2F.5]
we formulate a two-steps optimisation problem whose solution, upon a suitable reparameterization, yields data-fitted
estimates of the desired parameters.



F.1 Preliminaries

Consider an enzyme ¢ in a given metabolic state j. This enzyme catalyses a metabolic flux v;; (in mmol/gDW /h)
given by

Vij = Kij ¢35 (8)
where ¢ is the enzyme concentration and k;; is the enzyme efficiency (also known as “apparent turnover number”,
kapp). The efficiency &;; is a positive rate (here in 1/h, but usually reported in 1/s). Since, by definition, it must be
lower than the enzyme’s turnover number kg, i, we write it as

Rij = 045 kcat,i (9)

where 0;; € [0, 1] is a unitless “capacity usage” factor. In enzyme-constrained models, enzymes are often expressed by
their mass abundance e; = M; ¢ (in g/gDW) instead of enzyme concentrations, where M; is the enzyme molecular

mass (in g/mol), so we can write the flux as
1
Vis = —— a5 10
5= e (10)
where a;; is the enzyme cost per catalysed flux, given by the molecular mass M; divided by the enzyme efficiency «;;.
In principle, the capacity usage factors o;; (and therefore efficiencies) of enzymes may freely vary between growth
conditions. However, as a heuristic, we here assume that they can be approximated as the product of two factors: an

enzyme-specific term and a condition-specific one, that is:
045 %UZ"TJ‘ (11)

Here, the enzyme-specific factor o; denotes the “typical” capacity usage factor of our enzyme in the range of conditions
studied. The condition-specific term, 7;, is a unitless scaling factor that simultaneously increases or decreases the
efficiencies of all enzymes depending on the cell’s growth conditions. By convention, we assume that the values of 7;
are centred around 1. Substituting in @, we obtain an equivalent expression (under our assumptions) for the
apparent turnover number x;;:
Kij = 0 keati T; (12)
——
Ki

where k; is a "typical apparent turnover number” that is condition-independent. Practically, the above assumption
allows us to simplify the problem by reducing the number of parameters to be fitted from I-J to I +J, where I and J
denote the total number of enzymes and conditions considered, respectively. Our heuristic assumption corresponds to
the idea that “high-quality carbon sources” allow a cell to establish metabolic states in which enzyme efficiencies are
generally high, allowing for large fluxes per enzyme abundance in all the reactions, and therefore for high cell growth
rates. Probably, this heuristic would fail in some other cases, e.g. cases in which enzymes are specifically perturbed
by enzyme inhibitors. But in fact, it turns out that our model, assuming a single “typical apparent turnover number”
kapp,i for each enzyme, yields very good enzyme allocation predictions. This is what would be expected if our heuristic
assumption were correct, and it therefore supports our heuristic prediction.

We now describe how the estimates of (enzyme-specific) efficiencies x; and (condition specific) scaling factors 7;
for our model were obtained from model simulations and proteomics data.

F.2 Overview of the fitting procedure

Fitting the typical turnover parameters to proteomic data is, in general, not simple. Due to the linear programming
formulation underlying the enzyme-constrained FBA problem, optimal flux distributions (and, by direct consequence,
enzyme allocation predictions) are discontinuous over the turnover parameter space, making derivative-based searches
through this space problematic from a numerical perspective. Similarly, the high dimensionality of the parameter
space limits the applicability of gradient-free optimisation algorithms. Hence, we restrict ourselves to the (compara-
tively simpler) problem of adjusting turnover parameters for a fixed set of reference flux distributions across growth
conditions, constraining our search to the portion of parameter space in which these reference flux vectors remain
optimal for their respective conditions. This simplified fitting procedure thus consists of two steps. In the first part
of the procedure, we use an initial parameter set to compute a set of reference flux distributions (one per growth
condition) using enzyme-constrained FBA. In the second part, turnover parameters are fitted based on these reference
flux distributions and experimental measurements of enzyme abundances.

F.3 Obtaining a set of reference flux distributions

Following the sMOMENT formulation of enzyme-constrained FBA [7], we consider a metabolic network with N
reactions and M metabolites where all metabolic fluxes are positive (i.e. reversible reactions are split into forward and
backward components) and at most one enzyme is associated with each reaction (see Methods in the main text for
more information about how such unique mapping between reactions and catalysing enzymes was generated in our



case). Hence, we assume that the enzyme cost required to sustain flux v; for a given growth condition j is given by
ai; vi, where the cost per unit flux a;; is given by:

. (13)
0 otherwise

{Mi if reaction ¢ is enzymatic

aij =

Here, M; is the molecular mass of the enzyme associated with the reaction, x;; is the condition-dependent enzyme
efficiency, as defined in . Given an initial guess for the value of each r;;, we compute a reference flux distribution
for the jth growth condition, v} by fixing the biomass flux, vpm to the experimentally measured rate and minimising
the total enzyme cost:

*

v; arg‘fnin aij
st. Sv=0 (a)
B, v <b, (b) (14)
UBM = UBM,j (c)
v>0

Here, the objective a;rv is the total enzyme cost for the jth growth condition, Upy,; is the experimentally measured
growth rate for the condition, S € RM*N is the stoichiometric matrix of the network, and B; € RF*N and b; € RP
are a matrix and a vector, respectively, encoding any desired upper bound (or positive lower bound) on the fluxes
for the growth condition. Noting that constraint can be equivalently cast as a double inequality, we rewrite the
problem in the more general form:

*_

arg min alv

Vi v J
s.t. SA v = OA (a) (15)
Bjv<b, (b)
v>0

where the biomass flux is assumed to be the last component of the flux vector and the augmented matrices B; €
R(P+2xN and b; € RP*2, defined as

B; b;
B, = [0,---, 1] b, = UBM, k (16)
[0,---,—1] —UBM,k

were introduced.

In order to solve the linear program we shall consider an initial guess for the turnover parameters and assume
that, for each condition, all enzymes operate at the same saturation level, so that o;; = &;. Since the optimal flux
distribution obtained as a solution of problem is unchanged by the choice of ; (as this merely amounts to a
scaling of the objective function), we can simply set &; = 1 (that is, set k;; = kcas,i) for all conditions at this stage.

Solving for each of the J growth conditions available in the experimental dataset, we obtain a set of optimal
flux distributions V* = {v},--- ,v%}, which we will use as a reference in the next step.

F.4 Estimating typical enzyme efficiencies for the reference set of flux distributions

We now turn to fitting the relevant parameters against experimental measurements of enzyme abundances. For this
purpose, we shall express the efficiency of each enzyme-condition pair as:

Kuij = 9j kil (17)

where 0; is a condition-specific scaling term that simultaneously scales all efficiencies for a given condition, while k;
is an “adjusted” turnover parameter that simultaneously accounts for inaccuracies in the original turnover parameter
numbers as well as differences in typical saturation across enzymes (and, hence, it is not formally a turnover number).
While the above parametrisation differs from the one in equation — the terms have a different interpretation!
— it will greatly simplify the notation of the fitting problem, as it allows us to easily distinguish between “global”
adjustments (those affecting all enzymes in a condition), which we wish to pick freely, and “local” adjustments (affecting
the efficiency of individual enzymes), which instead we wish to regularise. While this factorisation of saturation effects
is merely a computational convenience and not necessarily biologically meaningful, we will retrieve the parameters in
Eq. from those in Eq. upon a simple reparametrisation, as we detail in Section

To formulate our fitting procedure, we will denote with p a vector of logig adjusted turnover numbers (i.e. p; =
log;( ki) and with s a vector of condition-specific logio-scaling factors (i.e. s; = log; 6;). Further, we denote with p



the vector of original log-turnover numbers (i.e. the one used to obtain the reference flux distributions). For the choice
of reference flux distribution computed in the previous step, the abundance of the ith enzyme in condition j, e;;, is
then a function of p and s:

eij(p,s Zak] Uk] (18)

where the summation index k£ runs across all reactions catalysed by enzyme i, and the flux cost of reaction k in
condition j, ay;, is computed as in . From the formulation of the linear program , there must exist a region
S; of log—turnover parameter space such that p € §; and that, for every p € §;, v} € V* is the optimal solution of
problem 15)) for its growth condition. Hence, in thls step of the adjustment procedure we aim to find a set of typical
log efﬁmenmes p* and log scaling factors, s* by minimising the discrepancy between enzyme abundance predictions

and measurements, constraining our search to this region of the parameter space S = (| S; where all reference flux
J
distributions are optimal for their respective growth condition:

* ok : 2 P
(p*,s ):ar%’nsun A Z (eij) 6z’j” +szi:(pl
(19)

s.t.  Umin S P—D < Upax

pes

where N, is the number of enzyme-condition pairs, IV}, is the number of turnover parameters, &;; is the experimental
measurement of enzyme ¢ in condition j, Upi, and uy.x are bounds on the allowable adjustment, p > 0 is a scalar
hyperparameter, and the function [(-) is defined as:

_ Jlogip(x) x>0
zm-{o ole) 2= (20)

The objective function of the nonlinear program is a combination of two terms. The first term penalises
the mean squared deviation between measurements and predictions of log-enzyme abundance. Note that the above
definition of {(-) implies that, for each condition, only enzymes with non-zero predicted abundance are included in
this term. The second term is a regularisation expression (whose strength is controlled by the hyperparameter p)
penalising the mean squared deviation between the adjusted turnover parameters and the original parameter set. The
latter term mainly serves two purposes: first, it ensures that, whenever a turnover parameter is “free” in the problem
(which can happen if its associated reaction fluxes are 0 across all conditions, or if no experimental measurements
are available for its associated enzyme), it will be kept at its original value; secondly, it provides a mean to tune the
strength of the adjustment procedure.

In order to define the region S, we shall exploit the sufficient optimality conditions of LP . Introducing, for
each growth condition, the vectors of dual variables, A; € RM and u; € RFT2 corresponding to constraints [L5a and
, respectively, we note that problem admits (for the jth growth condition) a dual problem in the form:

Al?’al}fj - B;r“j
s.t. STAJ‘ + E;ruj +a; >0 (a) (21)

pn; >0

A well-known result in linear programming duality theory [8] states that a flux distribution is the optimal solution
of the primal problem ([15)) if and only if the dual problem is feasible (dual feasibility) and its optimal objective
coincides with the prlmal optimal objective, that is ajT T = fbjT p; (strong duality). Taken together, dual feasibility
and strong duality thus define the region of optimality in the space of turnover parameters of each reference flux
distribution. Hence, we can integrate the above definition of S within problem by introducing the two vectors of
dual variables (A; and p;) for each condition as additional optimisation variables, and simultaneously enforcing the
optimality for each reference distribution. By doing this, we obtain the final formulation of the nonlinear program for
turnover number adjustment, which we solved to obtain the results shown in the main text:

(p",57) = arg min fz (eig) = ews) ]+ 5 D (pi =
L)

p, s

s.t. Umin S p— p S Umax

R 22
S™A; +B/pu;+a; >0 j=1,...,J (22)
pi >0 j=1...,J
a;rv;__f);—p’] J=1 7J



F.5 Conversion to apparent turnover numbers

The above procedure produces (after conversion back to a linear scale) a set of adjusted turnover parameters, k* and
scalings, 8*. In order to retrieve the typical enzyme efficiencies and condition-specific scaling factors introduced in [12]
we simply parametrise the solution by factorising the scaling terms 67 as

0:=0" 17 (23)
Here, 6* is the geometric mean of the scalings across conditions, which we interpret as typical enzyme saturation level
across conditions, while 77 is a residual scaling factor fluctuating around 1 which is required to account for differences
in total measured enzymes between conditions. The typical enzyme efficiencies (k;) introduced in [12| are then simply
recovered by incorporating the 6* constant into the fitted turnover parameters:

ki =0" k] (24)

7

F.6 Potential extensions

We conclude this section by noting that the procedure described above assumes that the original parameter set — the
set of keat values used as proxies for apparent ket values in section [F-3] - is sufficiently good to produce a realistic flux
distribution to use as a reference for the adjustment step. If this is not the case, then a multi-start approach can be
implemented, where multiple turnover parameter sets are first generated by perturbing the original parameter set, and
each of them is used to generate a separate set of flux distributions. Each reference set is then provided as an input to
problem , and the solution achieving the lowest objective is chosen in the end. The perturbed parameter set may
be generated either randomly (for example, by introducing log-normal noise in the original turnover parameter vector)
or systematically. The latter could be achieved, for example, by identifying reactions with zero-predicted flux but
high measured abundance of the associated enzyme. By systematically increasing the corresponding turnover number,
one can “encourage” these reactions to be included in the reference set, potentially leading to the exploration of more
relevant reference distributions than what is achieved by random perturbations.

Note that in this work, we limited ourselves to the original parameter set and thus did not explore this potential
heuristic.



Supplementary Figures

Biosynthesis of aminoacids
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Fig A: Biosynthesis of amino acids (blue labels) from core metabolism precursors (red labels) in :CH360. The Escher maps (including
to [Fig D)) are available along with the code. R5P: ribose-5-phosphate; E4P: erythrose 4-phosphate; PEP: phosphoenolpyruvate; 3PG:
3-phosphoglycerate; AKG: alpha-ketoglutarate; CBP: carbamoyl phosphate.



Pyrimidine deoxyribonucleotides
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Biosynthesis of fatty acids
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Fig E: Comparison of model sizes between ECC, ECC2, {CH360 and ¢ML1515. To allow for a fair comparison, pseudo-reactions (e.g. ex-

change reactions) were excluded from the count. Note that gene annotations were not available in the SBML model of ECC2 accompanying
its publication [10].
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Growth on various substrates (with 10 mmol/gDW/h carbon source uptake)
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Fig F: Maximal biomass fluxes achieved by {CH360 and its parent model iML1515, for aerobic and anaerobic growth across multiple
carbon sources. In all cases, the substrate uptake flux was bounded to 10 mmol/gDW /h.
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Fig G: Analysis of the differences in acetate production between ¢CH360 and its genome-scale parent, iML1515. A: available metabolic
routes for the production of acetate in both models. Left: :CH360 can only produce acetyl-CoA, precursor for acetate, via the oxidation of
pyruvate by either pyruvate dehydrogenase (PDH) or pyruvate-formate-lyase (PFL). Note that the latter reaction is known not to be active
under aerobic conditions, but we did not block it for the purpose of this analysis. :ML1515 can additionally produce acetate via additional
pathways not present in 4CH360 (in red). Note that only the main substrate and products for each reaction are shown for clarity. 2AOBUT:
L-2-Amino-3-oxobutanoate; 2DR5P: 2-Deoxy-D-ribose 5-phosphate. B: Blocking these degradation routes by simultaneous knockout of
four reactions (DRPA, PAI2T, THRA, THRD) results in the two models sharing a virtually identical production envelope under aerobic
conditions. The production envelope shown here was computed for aerobic growth using glucose as a carbon source. C: Under anaerobic
conditions, the differences between the two models are further exacerbated by the ability of the genome-scale network to achieve higher
pyruvate production yield. The genome-scale model can produce higher amounts of pyruvate by uptaking external CO2 and using it as
an electron sink using the POR5 reaction. FLX ox/red: oxidised/reduced flavodoxin. D: Blocking CO2 uptake reduces the differences in
pyruvate production between the two models, but does not remove them completely, implying the existence of additional mechanisms used
by iML1515 to achieve higher pyruvate yields. The production envelopes shown here was computed for anaerobic growth using glucose as
a carbon source.
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Fig H: Comparison of production envelopes between :CH360 and its parent model :ML1515. Top: production of ethanol, acetate and
succinate during aerobic growth on lactate. Bottom: production of ethanol, acetate, lactate and succinate during aerobic growth on glycerol.
Note that the dashed line representing the production envelope of {ML1515 is sometimes hidden behind the blue line corresponding to
1CH360.
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Fig I: Comparison of production envelopes between iCH360 and other medium-scale models, namely E. coli Core (ECC) and E. coli Core
2 (ECC2) for growth on glucose as a sole carbon source. Top: production of ethanol, acetate and succinate under aerobic conditions.
Bottom: production of ethanol, acetate, lactate and succinate under anaerobic conditions. Additional comparisons between the three
models are available in the repository supporting this manuscript.
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18



Acetate Fructose Fumarate

° %
7’
o,/
1072 4 J ® ° o
RMSE=0.62 RMSE=0.59 RMSE=0.56 9 o xé
@®
° " L]
1073 4 E| E| , ° [
L)
% ¢ ° '..' %o o
10~ ® o .-" O °
J o J 2 .
' p ®e /’ o ® ’l- 8
° P e ® o/ g @
105 4 ,/' 4 ,/' L] 4 ,/'.
e 7 7
l, l, l,
10-5 o+ 1 o+ 1 o+
/, /, /,
I/ I/ [ ] I/
% " % °
r
Glucose Glycerol Pyruvate
7] 7] 7]
[ ] /,/ ° /,/ o /,/
’ [ ] ’ ’
= RMSE=0.53 o0t 2 RMSE=0.61 e o3 RMSE=0.60 oo o ® 0%
E '.ﬁ’ ) ° ® ® o’,"
° -.g °
o L)
2 1034 p) pr ey ° J J o 4
> °
-~ ° o! oo ° .'-o
[J] ® % ® ® °® ¢ * & ® %
e o0, 60 \. °° o ey 0,
S 1044 . (X} > ] E 040 e ©
© e ° 3’. ° o &Y o°
c ° o e ° ° ®e %,
_g 2 r o o ©
© -5 | P J J e
e 1 // ¢ // °
9 et e
= e e
E 1076 4 o ] ] P
7’ 7’
a /I/ ® /,/
. , °

T T T T T T T T T T T T T T T

L ]
[ ]
[
[ %4
;
.
J s J
’ [ ]
7’
,
4
.
,
.
.
J it J
e
4
7’
,
.
,
’ [ J
107 107 1074 1073 1072 107 10-° 1074 1073 1072

Measured abundance (g/gDW)

Fig K: Predicted proteome allocation across growth conditions. To obtain these predictions, we parametrised the model using the turnover
parameter data set from Heckmann et al. (2020) [II]. The bottom-right panel shows the geometric means of measurements and predictions
across conditions.
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Adjustment of turnover numbers
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Fig L: Turnover parameters used in EC-:CH360 before and after performing the adjustment procedure (see Results and Methods in the
main text, as well as Section E for details). The original parameter data set (plotted on the x-axis) was obtained from Heckmann et al.

(2020) [11].
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Fig M: Impact of the magnitude of the ridge regularisation coefficient (p in Eq. ) on the outcome of the adjustment procedure
for turnover numbers. The blue curve represents the RMSE between measured and predicted log-enzyme abundances and decreases
monotonically as less regularisation is applied to the problem. The red curve represents the mean absolute deviation between original and
adjusted log-turnover numbers, which follows the opposite trend and converges to 0 as more regularisation is applied.
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Leave-one-out cross validation
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Fig N: Leave-one-out cross-validation for the turnover parameter adjustment procedure. For each condition in the dataset, the graph
shows the RMSE (computed for logio-transformed values) between measurements and predictions of enzyme abundances in that condition.
Blue bars show the RMSE computed using the initial, unadjusted parameter set from Heckmann et al. (2020) [1I]. Red bars show the
RMSE computed after parameter fitting, but excluding the condition for which the RMSE is evaluated from the training dataset. Finally,
yellow bars show the RMSE computed using the final adjusted parameter set, obtained including all conditions in the training dataset.
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Fig O: Comparison of production envelopes for growth on glucose between :CH360 and the reduced variant i§CH360,.q used for elementary
flux mode enumeration and analysis. For the products and growth conditions shown, the two models have virtually identical solution
spaces.
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Fig P: Metabolic flux distribution corresponding to the maximum yield elementary flux mode (see main text). The mode is purely
respiratory, with no excretion of typical fermentation by-products such as acetate, ethanol, or lactate. The graphics were produced in
Escher [9]. Note that fluxes in the mode were normalised by the glucose uptake rate, and a nonlinear colormap was used for improved
clarity.

24



flux (relative to glucose uptake)

I”“" 0 01 69 .

Purines de novo biosynthesis

PP S

Sulfate uptake and metabolism

Histidine

@ Tyrosine

.9, Phenylalanine

0 Leucine

o D g
5 Glutamine

Valine

mas  Threonine

2 Acetyl-Con

Ot o s [
= @ w @ Isoleucine

o

to

Initiation

O @ Lysine
Elongation e 4

F-FFF 2 =
(IR T S, =

Fig Q: Metabolic flux distribution corresponding to the maximum growth elementary flux mode (see main text). The mode shows a mixed
respiratory/fermentative phenotype, with significant acetate excretion. The graphic was produced in Escher [9]. Note that fluxes in the
mode were normalised by the glucose uptake rate, and a nonlinear colormap was used for improved clarity.
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Fig R: EFM growth-yield trade-off front under simulated low oxygen conditions. The figure resembles Figure 5 in the main text, but was

obtained by setting a 1000-fold higher cost for the cytochrome reactions. The higher enzyme cost is used to mimic the growth condition
in which the oxygen-consuming reaction must operate at very low enzyme saturation, thus requiring higher enzyme-mass investment per
unit flux. Black squares denote Pareto optimal EFMs. The Pareto front is much broader than the one obtained with the original enzyme
cost for the oxygen-consuming reactions.
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equal to 6.86 mmol/gDW /h (taken directly from the parent model :ML1515). In this case, the optimal solution is no longer an EFM. This
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Fig T: Empirical cumulative distribution functions (CDF) of measured enzyme abundances for reactions with predicted flux force efficacies
above or below 50% (blue and red curves, respectively). The two functions are significantly different (p < 0.001, two-sided Wilcoxon rank-
sum test). The low-efficacy group shows an approximately 3-fold higher median enzyme abundance than the high efficacy group.
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Computation of boolean rules for different node types in the knowledge graph

A. Protein nodes

polypeptide multimeric protein modified protein
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B. Logical nodes
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Fig V: Computation of Boolean gene-protein-reaction (GPR) rules with the knowledge graph. For each node in the graph (the top node
in each diagram), a Boolean expression can be constructed to describe the state of a node (active or inactive) in terms of the state of its
child nodes. The exact form of this Boolean expression depends both on the node type (e.g. protein, reaction, or logical) and on the type
of edges that connect it with its neighbours (e.g. catalysis, subunit composition, etc.). Using these rules, the state of a reaction can be
expressed, ultimately, solely in terms of genes in the model, as per convention in standard metabolic models. These GPR rules define a
map between a genotype (set of active genes) to a phenotype (set of active reactions), and can be used to simulate in silico the effect of
given gene knockouts.
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Supplementary Tables

Table A: Some anecdotal examples of unrealistic predictions obtained when running FBA analyses on large-scale models (here, we
considered the genome-scale parent of {CH360, :ML1515). We stress that these behaviors are not the result of errors in the large model.
Rather, they result from applying simple methods with few constraints, such as FBA, to a large model with many degrees of freedom.
Note that the examples shown here were not obtained through a thorough or systematic investigation of the model prediction abilities.

Example Description

In the (p)FBA solution computed on i{ML1515 using glucose as a carbon source and
growth as an objective, the canonical fatty acid production pathway in E. coli (see
[Fig C)) is completely unused. Instead, the genome-scale model runs beta-oxidation
in reverse to produce fatty acids.

Production of fatty acids

Under anaerobic conditions, iML1515 can uptake external CO5 and use it as a sink

Anaerobic pyruvate pro- for glycolytic electrons, reducing acetyl-CoA produced by PFL back into pyruvate
duction (see Section. This behavior, which allows the model to channel additional carbon

towards pyruvate, is thermodynamically unrealistic under ambient CO4 conditions.
Pyruvate auxotrophic To construct a pyruvate auxotrophic strain, only a few knock-outs in the central
strain knock-outs predic- metabolism are necessary (maeA, maeB, pck [12]). However, iML1515 uses reactions
tion in amino acid degradations bypassing these knock-outs.

Similarly, knock-out of 4 genes (aceEF, pfilB, poxB), disrupting PDH, PFL and POX
Acetyl-CoA auxotrophic reactions, respectively, results in an acetyl-CoA auxotrophic strain that is unable
strain knock-outs predic- to grow on glucose as the sole carbon source [12]. These knockouts are bypassed
tion iML1515, which can use a number of additional pathways to produce acetyl-CoA

(see Section .
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Table B: Description of node types in the knowledge graph supporting the stoichiometric model. The IDs used in the “Example” column
refer to node identifiers in the graph.

Node type Node subtype Description Example
reaction A mass balanced chemical or biochemical reaction bigg:GAPD
. polypeptide A single polypeptide coded by a gene 19/[%1;%}1{/_[%'}{
protein multimer A complex formed by stoichiometric binding of differ- GAPDH-A-CPLX
ent polypeptides and/or other complexes

mpdiﬁed pro- A polypeptide or Inul.timer which underwent post- LIPOYL-GCVH
tein translational modification

gene A gene b1779

metabolite An organic or inorganic molecule L-ASPARTATE

logical- Used as an intermediate node to encode arbitrary

Alg\;TD / logical rules in GPRs.generfated thrpugh the graph THIOREDOXINS

. (e.g. one of two proteins being required by another
logical-OR

node)
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Table C: Classification and properties of edge types (and biological meaning of their associated weights, when applicable) in the {CH360
graph data structure supporting the stoichiometric model.

Edge type

Parent
node

type(s)

Child
node

type(s)

Subtype

Description

Example

catalysis

reaction

protein

primary

The default catalytic relationship between
a reaction and an enzyme.

bigg:PFK — 6PFK-1-CPX

secondary

A catalytic relationship between a reac-
tion and an enzyme, where the enzyme
had been shown in literature (based on
in vitro or in vivo evidence) to account
for only minor catalytic activity for the
reaction when compared to another (pri-
mary) isozyme. Notes and references to
the relevant literature for the secondary
annotation are included as edge meta-
data.

bigg:PFK — 6PFK-2-CPX

inactive

Indicates that the child protein is an en-
zyme for the parent reaction, but it’s
inactive in the K-12 strain due e.g. to a
frameshift mutation. There are only two
such edges in the model, and they both
involve the same enzyme (Acetohydroxy-
acid synthase II) encoded by the :lvG and
WlvM genes

bigg: ACHBS — ACETOLACTSYNII-
CPLX

non-
catalytic
require-
ment

reaction

protein

Indicates that the child protein is required
by the parent reaction, although not as a
catalyst. Typical examples include pro-
teins used as cofactors (e.g. glutaredoxins)
in the reaction or featuring as prosthetic
groups for a metabolite involved in the
reaction (e.g. Acyl-Carrier-protein)

bigg: ACOATA — ACP-MONOMER

subunit
composition

protein

protein

requirement

Indicates that the child node is a sub-
unit of the parent node and is required
for the correct functioning of the complex.
The weight of the edge indicates the stoi-
chiometry of the subunit in the complex.

FABA-CPLX 2 FABA-MONOMER

accessory

Indicates that the child protein is an ac-
cessory subunit of the parent protein,
meaning it can be part of the complex
(potentially enhancing or modulating its
function), but it’s not strictly required for
the complex to perform its physiological
function. The weight of the edge indicates
the stoichiometry of the subunit in the
complex.

ATPSYN-CPLX - EG10106-
MONOMER

protein
modification

protein

protein

Indicates that the parent protein is a ob-
tained by post-translational modification
of the child protein.

PYRUVFORMLY-CPLX —
PYRUVFORMLY-INACTIVE-CPLX

protein
modification
require-
ment

protein
(modified-
protein)

protein

Indicates that the child protein is required
to accomplish the post-translational mod-
ification leading to the parent protein.

PYRUVFORMLY-CPLX —
PFLACTENZ-MONOMER

coding rela-
tion

protein

gene

Indicates that the child gene codes for the
parent polypeptide

RIBOKIN-MONOMER — b3752

regulation

protein

metabolite,
protein

Indicates that the child metabolite or
protein is a regulator for the enzyme.
Information about the regulation mode
(activation vs inhibition), the regulation
mechanism (competitive vs allosteric)
and the regulated reaction (if the enzyme
catalyses multiple) is provided as edge
metadata whenever available. If present,
the weight of the edge denotes the acti-
vation/inhibition constant for the inter-
action as reported in EcoCyc, with units
indicated as edge metadata.

SHIKIMATE 80:0¢M,

AROE-MONOMER

putative as-
sociation

reaction

protein

Indicates that a putative association be-
tween the reaction and the protein has
been proposed in literature.

bigg:PFL — EG11910-MONOMER

logical

logical
AND/OR

any

Connects logical operator nodes to down-
stream nodes. Used to create arbitrary
complex logic relations in the graph.

THIOREDOXINS
— RED-THIOREDOXIN-MONOMER
— RED-THIOREDOXIN2-MONOMER

(In this example, the logical edges
are used to indicate that the
THIOREDOXINS node (of type
logical-OR) is active when any of
the two child nodes (representing
two thioredoxins found in E. coli)
are active.
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Table D: Manual curation of the reaction pruning process used to construct i{CH360,.q. Each reaction set represents a set of alternative
routes for the production of the same metabolite (but using, for example, different cofactors). For each set, the most physiologically
relevant option, based on available literature whenever available, was preserved in the reduced model variant.

Reaction set Pruned in 1CH360red Notes

Enzyme Fabl can work with both NADH/NADPH, but
higher activity was found with NADH [I3]

EAR(n)x, EAR(n)y * EAR(n)y

Initiation of fatty acid biosynthesis can occur by ei-
ther direct condensation of acetyl-CoA with malonyl-
ACP (KAS15) or by transacylation of acetyl-CoA fol-
lowed by condensation with malonyl-ACP (ACOATA
+ KAS15). Because the transacylacylase activity of
FabH (ACOATA) has been to be significantly lower
than its condensation activity (KAS15) [14], only the
former pathway is maintained in ¢CH360red.

ACOATA, KAS14, KAS15 | ACOATA, KAS14

These are both routes to production of valine. We keep
VALTA, VPAMTr VPAMTr VALTA (ilvE) as it is the last step in the canonical
valine biosynthesis route.

The ribonucleoside diphosphate reductase can work
RNDR1b, RNDR2b both with the thioredoxin and glutaredoxin redox sys-
tems. {CH360 retains only the thioredoxin version.

RNDRI, RNDR2,
RNDR1b, RNDR2b

SULabcpp is an ATP-mediated active transport of sul-
fate in the cell via an ATP-binding-cassette (ABC)
SULabcpp, SO4t2pp SO4t2pp transporter [15], while SO42tpp (cysZ) is a proton sym-
porter [16]. We maintain the former as its impairment
was shown to lead to cysteine auxotrophy [15].

*n € (60,80, 100, 120, 140, 160, 180, 121, 141, 161, 181)
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Table E: Numbers of elementary flux modes enumerated for the reduced model variant :CH360red under different growth conditions.
Numbers in brackets represent the number of EFMs after filtering. Filtered modes include only those supporting biomass flux and, for
aerobic conditions, those that a) have non-zero oxygen uptake and b) do not use either of three reactions (PFL, DHORD5, FRD2), which
are known to be only physiologically active under anaerobic conditions.

number of EFMs (filtered)

Aerobic

Anaerobic

Glucose
Pyruvate
Glycerol
Acetate
Lactate

13468719 (1035696)
1763631 (135266)
922217 (82112)
38099 (7596)
1270315 (5897)

204028 (195670)
6949 (6480)

NA

NA

1497 (1424)
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