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Abstract

Different strains of a microorganism growing in the same environment display a wide variety
of growth rates and growth yields. We developed a coarse-grained model to test the hy-
pothesis that different resource allocation strategies, corresponding to different compositions
of the proteome, can account for the observed rate-yield variability. The model predictions
were verified by means of a database of hundreds of published rate-yield and flux phenotypes
of Escherichia coli strains grown in standard laboratory conditions. We found a very good
quantitative agreement between the predicted and observed variability in rates and yields.
Moreover, over the entire range of wild-type and mutant strains considered, acetate overflow
was predicted not to correlate with the growth rate, in agreement with the experimental data.
These results support the hypothesis that resource allocation is a major explanatory factor
of the observed variety of growth rates and growth yields across different bacterial strains.
We also show, however, that differences in enzyme activity need to be taken into account to
explain variations in protein abundance. Our model allows a fundamental understanding of
quantitative bounds on rate and yield in E. coli and other microorganisms. It may also be
useful for the rapid screening of strains in metabolic engineering and synthetic biology.

Introduction
Microbial growth consists of the conversion of nutrients from the environment into biomass. This
flux of material is coupled with a flux of energy from the substrate to small energy cofactors
(ATP, NADH, NADPH, ...) driving biomass synthesis forward and releasing energy in the
process [1]. The growth of microorganisms has been profitably analyzed from the perspective
of resource allocation, that is, the assignment of limiting cellular resources to the different
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biochemical processes underlying growth [2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12]. It is often considered
that proteins, the main component of biomass, are also the bottleneck resource for growth.
Proteins function as enzymes in carbon and energy metabolism and they constitute the molecular
machines responsible for the synthesis of macromolecules, in particular proteins themselves. The
composition of the proteome in a given growth condition can therefore be interpreted as the
resource allocation strategy adopted by the cells to exploit available nutrients.

Two macroscopic criteria for characterizing microbial growth are growth rate and growth
yield. The former refers to the rate of conversion of substrate into biomass, and the latter to
the efficiency of the process, that is, the fraction of substrate converted into biomass. Several
empirical relations between proteome composition vs growth rate and growth yield have been
established. A linear relation between growth rate and the ribosomal protein fraction of the
proteome holds over a large range of growth rates and for a variety of microbial species [2, 13, 14].
Variants of this so-called growth law have been found for cases of reduced translation capacities
[2] or different temperatures [15, 16]. While the ribosomal protein fraction increases with the
growth rate, the proteome fraction allocated to energy metabolism decreases [17, 18]. Moreover,
within this decreasing fraction, Escherichia coli and other microorganisms move resources from
respiration to fermentation pathways [17]. Simple mathematical models have been proposed to
account for the above relations in terms of the requirements of self-replication of the proteome
and the relative protein costs and ATP yields of respiration and fermentation [2, 4, 5, 6, 8, 11,
16, 17, 19].

Most of these relations have been studied in experiments in which the same strain exhibits
a range of growth rates in different environments, with different carbon sources. Even for a
fixed environment, however, different strains of the same species may grow at very different
rates and yields. For example, in a comparative study of seven E. coli strains, growth rates
ranging from 0.61 to 0.97 h−1, and (carbon) growth yields between 0.52 and 0.66, were observed
during aerobic growth on glucose [20]. Since the genes encoding enzymes in central carbon and
energy metabolism are largely shared across the strains [20], the yield differences are not due
to different metabolic capacities but rather to different regulatory strategies, that is, different
usages of the metabolic pathways of the cell. As another example, evolution experiments with
E. coli have given rise to evolved strains that grow more than 40% faster, sometimes with higher
growth yields, than the ancestor strain in the same environment [21]. Analysis of the underlying
mutations reveals that the higher rates and yields of the evolved strains are not due to new
metabolic capacities, but rather to modified regulatory strategies [21, 22].

Can the large variability of rate-yield phenotypes observed across different strains of the same
species be explained by different resource allocation strategies, that is, different compositions
of the proteome? In order to answer this question, we developed a coarse-grained resource
allocation model that couples the fluxes of carbon and energy underlying microbial growth. The
model was calibrated by means of existing data in the literature, without any parameter fitting,
and its predictions were compared with a database of several hundreds of pairs of rates and
yields of E. coli strains reported in the literature. The database includes wild-type strains as
well as mutant strains obtained through directed mutagenesis or adaptive laboratory evolution
(ALE).

We found that the predicted rates and yields in different growth conditions correspond
very well with the observed variability of rate-yield phenotypes. The model also accounts for
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the associated substrate uptake and acetate secretion rates. Contrary to what was expected
from studies with a single strain in different conditions [17, 23, 24, 25], the model predicted
no correlation between growth rate and acetate secretion rate in the case of different strains
growing in the same environment, a result confirmed by the experimental data. A mapping
from resource allocation to rate-yield phenotypes consistent with available proteomics data,
however, could only be found when taking into account enzyme activities in addition to enzyme
concentrations.

These results are interesting for both fundamental reseach and biotechnological applications.
They show that the application of coarse-grained models can be used to predict multivariate
phenotypes, without making any assumptions on optimality criteria, and reveal unexpected
relations confirmed by the experimental data. The model is capable of predicting quantitative
bounds on growth rates and yields within a specific environment, which can be exploited for
rapidly screening performance limits of strains developed in synthetic biology and metabolic
engineering.

Results

Coarse-grained model with coupled carbon and energy fluxes

Coarse-grained resource allocation models describe microbial growth by means of a limited
number of macroreactions converting nutrients from the environment into proteins and other
macromolecules. Several such models have been proposed, usually focusing on carbon fluxes
[2, 4, 5, 6, 8, 9, 16]. The coupling of carbon and energy fluxes is essential for understanding the
relation between growth rate and growth yield. Few models, however, have taken into account
the energy balance of microbial growth, that is, the use of substrate for the production of ATP
and other energy cofactors fueling macromolecular synthesis and cellular maintenance. Among
the notable exceptions, we cite the model of Basan et al. [17, 19], which couples carbon and
energy fluxes while abstracting from the reaction kinetics, and the model of Zavřel et al. [23],
which does provide such a kinetic view while restricting biomass to proteins.

Figure 1 presents a coarse-grained kinetic model that takes inspiration from and general-
izes upon this previous work. While the model is generic, it has been instantiated for aerobic
growth of E. coli in minimal medium with glucose or glycerol as the limiting carbon source.
The model variables comprise cellular concentrations of proteins (p) and other macromolecules
(DNA, RNA, lipids, and polysaccharides) (u) as well as central carbon metabolites (c) and
ATP (a∗). All concentrations have units Cmmol gDW−1, except for ATP [mmol gDW−1]. Five
macroreactions are responsible for carbohydrate uptake and metabolism, ATP production by
aerobic respiration and fermentation, and the synthesis of proteins and other macromolecules.
The rates of the reactions, denoted by vmc, vmer, vmef , vr, and vq [Cmmol gDW−1 h−1], re-
spectively, are defined by kinetic expressions involving protein, precursor metabolite, and energy
cofactor concentrations. Details of the rate equations and the derivation of the model from basic
assumptions on microbial growth can be found in Text S1.

The carbon entering the cell is included in the different biomass components or released in
the form of CO2 and acetate. CO2 is produced by respiration and macromolecular synthesis,
while acetate overflow is due to aerobic fermentation [17, 26]. The carbon balance also includes
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Figure 1: Coarse-grained model of microbial growth with coupled carbon and energy fluxes.
Upper left figure: schematic outline of the model, showing the biomass constituents and the macroreac-
tions, as wel as the growth and degradation of biomass. Green boxes: system of differential equations
describing the carbon and energy balances, growth rate and growth yield, and resource allocation. The
kinetic expressions for the reaction rates can be found in Text S1. The growth rate and growth yield
are defined in terms of the fluxes of the macroreactions. Lower right figure: different protein categories
considered in resource allocation. The fluxes vr, vq, vmc, vmer, vmef , vd [Cmmol or mmol gDW−1 h−1],
the variables p, r, q, mc, mer, mef , c, u, a∗ [Cmmol or mmol gDW−1], the resource allocation parameters
φq, φr, φc, φer, φef [dimensionless], the degradation rate constant γ [h−1], the biomass density β [Cmmol
gDW−1], the ATP yield and cost factors nmer, nmef , nr, nq [mmol Cmmol−1], and the CO2 loss factors
ρmef , ρrq [dimensionless] are formally defined in Text S1. The values of the parameters are derived in
Text S2.
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the turnover of macromolecules, which is responsible for a large part of cellular maintenance
costs ([27] and Text S2).

The energy balance is expressed in terms of the production and consumption of ATP. While
energy metabolism also involves other energy cofactors (NADP, NADPH, . . .), the latter can be
converted into ATP during aerobic growth [17, 26]. The ATP yields of respiration and fermen-
tation (nmer and nmef ) as well as the ATP costs of the synthesis of proteins and other macro-
molecules (nr and nq) are determined by the stoichiometry of the underlying metabolic pathways
and the biomass composition ([17, 28] and Text S2). When total ATP production and consump-
tion in growing microbial cells are computed from nmer vmer + nmef vmef and nr vr + nq vq,
respectively, the former usually largely exceeds the latter [29, 30]. This so-called uncoupling
phenomenon is explicitly accounted for by an energy dissipation term vd in the energy balance
(Text S1).

Like in other resource allocation models, the proteome is subdivided into categories [2, 17].
We distinguish ribosomes and other translation-affiliated proteins, enzymes in central carbon
metabolism, enzymes in respiration and fermentation metabolism, and other (housekeeping)
proteins, with concentrations r, mc, mer, mef , and q, respectively. Each category of protein
catalyzes a different macroreaction in Figure 1: ribosomes are responsible for protein synthesis,
enzymes for carbon and energy metabolism, and housekeeping proteins for the synthesis of
macromolecules other than proteins. The protein synthesis capacity of the cell, given by the total
protein synthesis rate vr, is distributed over the protein categories using five fractional resource
allocation parameters that sum to 1: φq, φr, φc, φer, and φef . Fixing the resource allocation
parameters determines the model dynamics and therefore the growth phenotype [11, 23, 31].

Contrary to most models of microbial growth, the biomass includes other cellular components
(DNA, RNA, metabolites, . . .) in addition to proteins. The growth rate µ [h−1] directly follows
from the biomass definition, under the assumption that the total biomass concentration 1/β is
constant ([32] and Text S1). The growth rate captures the specific accumulation of biomass
corrected for maintenance:

µ = β (vmc − vmer − ρmef vmef − (ρrq − 1) (vr + vq))− γ, (1)

where ρmef and ρrq − 1 denote the fractional loss of CO2 by fermentation and macromolecular
synthesis, respectively. The growth yield is defined as the fraction of carbon taken up by the
cells and included in the biomass:

Y = 1
β

µ

vmc
. (2)

Yields are dimensionless and vary between 0 and 1.
The model in Figure 1 was calibrated using data from the literature for batch or continuous

growth of E. coli in minimal medium with glucose or glycerol. In brief, for the E. coli reference
strain BW25113, we collected for each growth medium the growth rate and metabolite uptake
and secretion rates [25, 33, 34], as well as protein and metabolite concentrations [18, 34, 35].
Using additional assumptions based on literature data, we fixed a unique set of parameters
for each condition (batch vs. continuous growth, glucose vs. glycerol), without parameter
fitting (Text S2). The resulting set of quantitative models provides a concise but comprehensive
representation of microbial growth in different environments.

5

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 27, 2022. ; https://doi.org/10.1101/2022.04.27.489666doi: bioRxiv preprint 

https://doi.org/10.1101/2022.04.27.489666
http://creativecommons.org/licenses/by-nc-nd/4.0/


Predicted and observed rate-yield phenotypes for Escherichia coli
Using the model in Figure 1, we explored the effect of alternative resource allocation strategies
on growth rate and growth yield. A resource allocation strategy is defined by the values for
the resource allocation parameters: (φq, φr, φc, φer, φef ) (Figure 2A). The medium-specific in-
stantiations of the model were used to determine how the rate and yield change, within a given
condition, when resource allocation is allowed to vary over the entire range of possible strate-
gies. We therefore uniformly sampled the space of possible combinations of resource allocation
parameters, while keeping the fraction attributed to housekeeping proteins φq constant [2]. The
model was considered at steady state, corresponding to balanced growth of the culture. The
steady state for each resource allocation strategy was determined numerically (Methods).

Figure 2B-C shows the space of possible rate-yield phenotypes for batch growth on glucose
or glycerol. A first observation is that the predicted combinations of rate and yield are bounded.
The growth rate does not exceed 1.1 h−1, and for all but the lowest growth rates, the growth yield
is larger than 0.3. A second observation is that, for low growth rates, the maximum growth yield
increases with the rate, whereas it decreases for high growth rates. The initial yield increase is
due to the proportionally lower burden of the maintenance costs at higher growth rates [36]. The
subsequent decrease of the maximum yield reflects a trade-off that has been much investigated
in microbial physiology and ecology [37, 38].

The model predictions can be directly compared with experimental data. We compiled
a database of measured rates and yields reported in the literature for growth of E. coli in
minimal medium with glucose or glycerol (Files S1 and S2), and plotted the measurements
in the predicted phenotype spaces (Figure 2B-C). The database includes the reference wild-
type strain used for model calibration (BW25113), other E. coli wild-type strains, strains with
mutants in regulatory genes, and strains obtained from ALE experiments. Apart from the rate
and yield of the reference strain [33], none of the data points plotted in Figure 2B-C were used
for calibration.

The measured rates and yields correspond very well with the model predictions: almost all
data points fall inside the predicted phenotype space and much of the space is covered by the
data points. The range of high growth rates is enriched in data points, which reflects the bias
that E. coli wild-type and mutant strains grow relatively fast on glucose and glycerol, and that
in most ALE experiments the selection pressure is tilted towards growth rate. Interestingly, the
highest growth rates on glucose attained in ALE experiments, just above 1 h−1 [21, 39], agree
quite well with the highest predicted growth rates.

The BW25113 strain used for calibration has a low growth yield on glucose (equal to 0.50,
[33]). Many deletion mutants of regulatory genes somewhat increase that yield [33], but still fall
well below the maximally predicted yield. The growth yield of some other wild-type strains is
significantly higher, for example the W strain achieves a yield of 0.66 at a growth rate of 0.97
h−1 [20]. The highest growth yield is achieved by an evolved strain (0.81, [40]), agreeing quite
well with the maximum predicted growth yield for that growth rate. The latter strain does not
secrete any acetate while growing on glucose [40], which contributes to the higher yield.

Similar observations can be made for growth of E. coli on glycerol, although in this case
less experimental data points are available. The model predicts that the highest growth rate
on glycerol is close to the highest growth rate on glucose, which is confirmed by experimental
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Figure 2: Predicted rate-yield phenotype space and comparison with experimental data.
A. Measured proteome fractions of the protein categories in the model (resource allocation strategies)
for the BW25113 reference strain used for calibration ([18], see Text S2). B. Predicted and observed
combinations of growth rate and growth yield for steady-state batch growth of E. coli in minimal medium
with glucose. The rate-yield phenotypes concern the reference strain, other wild-type strains, mutant
strains obtained by directed mutagenesis, and mutant strains from ALE experiments. C. Idem for batch
growth of E. coli in minimal medium with glycerol. D. Idem for continuous growth in a chemostat of E.
coli in minimal medium with glucose at different dilution rates (0.2, 0.35, and 0.5 h−1). The predicted
yields are shown for the dilution rates ±10%. All predictions were made using the model in Figure 1,
calibrated for the different growth conditions, and varying the resource allocation parameters between 0
and 1, except φq (40,000-90,000 samples). The measurements of rate and yield reported in the source
literature have been converted to units h−1 (growth rate) and a dimensionless unit corresponding to
Cmmolbiomass Cmmol−1

substrate (growth yield) (see Text S1 and Files S1 and S2 for details).
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data [41]. In addition to batch growth, we also considered continuous growth in a chemostat.
This required a recalibration of the model, since the environment is not the same as for batch
growth (Text S2). Figure 2D shows the predicted rate-yield phenotype space for dilution rates
around 0.2, 0.35, and 0.5 h−1, as well as the observed rates and yields. Again, there is good
correspondence between model and data. Most chemostat experiments reported in the literature
have been carried out with the BW25113 and MG1655 wild-type strains. This absence of mutants
and evolved strains may lead to an underestimation of the range of observed growth yields.

In the above comparisons of the model with the data, we made the assumption that the
strains considered have the same metabolic capacities as the reference strain. That is, they
utilize the same pathways in central carbon and energy metabolism to convert substrate into
precursor metabolites and ATP. This assumption was satisfied by restricting the database to
wild-type strains with essentially the same central carbon and energy metabolism [20], mutant
strains with deletions of genes encoding regulators instead of enzymes [33], and short-term ALE
mutants which have not had the time to develop new metabolic capacities [39]. We also made
the assumption that the parameter values are the same for all strains, so that differences in
resource allocation strategies are the only explanatory variable. It is remarkably that, despite
this strong assumption, the model of Figure 1 accounts very well for the observed variability of
rate-yield phenotypes in E. coli.

Predicted and observed flux phenotypes for Escherichia coli
Growth rate and growth yield are defined in terms of carbon and energy fluxes through the
population (Eqs. 1 and 2). Like rate and yield, some of these fluxes, in particular uptake and
secretion rates, have been found to largely vary across E. coli strains growing in minimal medium
with glucose [20, 21]. Can our model also reproduce the observed flux variability? We compared
the model predictions of the uptake and secretion rates with their measurements, when available
(File S1).

Figure 3A-B shows the projection of the predicted and measured glucose uptake rates on
the rate-yield phenotype space. The correspondence of the model and the data is very high:
more than 90% of the variance is captured by the model (Figure S1). This high correlation is
not surprising. For a given growth rate µ and growth yield Y , the glucose uptake rate vmc is
determined by the relation in Eq. 2. What the correspondence shows is that the total biomass
concentration 1/β does not vary much across the different strains, agreeing with what was
observed for steady-state growth of a given E. coli strain in different media [42, 43].

Another observable flux phenotype is the acetate secretion rate, which is an indicator of
the functioning of energy metabolism. In aerobic conditions, E. coli has two different modes of
ATP production: respiration and fermentation. Glucose and glycerol are taken up by the cells
and degraded in the glycolysis pathway, eventually producing acetyl-CoA. Whereas acetyl-CoA
enters the tricarboxylic acid (TCA) cycle in the case of respiration, it is secreted in the form of
acetate during fermentation. In both cases, NADP and other reduced compounds are produced
along the way and their recycling is coupled with the generation of a proton gradient across the
membrane, enabling the production of ATP. Respiration is the more efficient of the two ATP
production modes: in E. coli, respiration yields 26 ATP molecules per molecule of glucose and
fermentation only 12 [17].
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Figure 3: Predicted flux phenotypes and comparison with experimental data. A. Glucose
uptake rate (vmc) for every predicted rate-yield combination in the case of batch growth of E. coli on
minimal medium with glucose (Figure 2B). B. Idem for measured combinations of glucose uptake rate,
growth rate, and growth yield (File S1). The predicted and observed secretion rates are strongly correlated
(R2 = 0.93, Figure S1), in agreement with Eq. 2. C. Relative acetate secretion rate (vmef/vmc) for every
predicted rate-yield combination. D. Idem for measured combinations of glucose uptake rate, acetate
secretion rate, growth rate, and growth yield (File S1). The predicted and observed relative acetate
secretion rates are correlated (R2 = 0.66, Figure S1). There is no evidence in the data of a correlation
between growth rate and relative acetate secretion rate (R2 = 0.08, Figure S1). In addition to the relative
acetate overflow, the model also captures the absolute acetate overflow very well (Figure S2).
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How does the contribution of fermentation to ATP production change over the rate-yield
phenotypes? Contrary to the glucose uptake rate, the growth rate and growth yield do not
uniquely determine the acetate overflow rate vmef (Eqs. 1 and 2). Instead, the acetate overflow
rate is the consequence of the resource allocation strategy adopted by the cell. We examined
the predicted and observed contributions of fermentation to ATP production in the case of
batch growth on glucose. In particular, we quantified the extent of fermentation by the relative
rate of acetate overflow, that is, the fraction of carbon taken up that is secreted as acetate
(vmef/vmc). As shown in Figure 3C, over almost the entire range of growth rates, a continuum
of ATP production, from pure respiration to combinations of respiration and fermentation, is
possible according to the model. However, the ATP production mode is directly correlated with
the growth yield. Maximum yield requires respiration without fermentation, whereas minimum
yield is attained for maximum fermentation, where more than 30% of the carbon entering the
cell is lost due to acetate overflow.

The predicted pattern of the variation of acetate overflow over the rate-yield phenotype
space is largely confirmed by the experimental data (Figure 3D). Some of the fastest growing
E. coli wild-type strains have no acetate overflow, like the W strain [20], while some of the
evolved strains grow very fast but with little acetate overflow as compared to their ancestors
[40]. Respiration phenotypes are over-represented at high growth yields, over the whole range
of growth rates, whereas fermentation phenotypes are associated with low growth yields. The
model accounts for maximally 66% of the variance of the observed relative acetate overflow
(Figure S1). This correspondence may be underestimated due to a bias in our definition of
fermentation phenotypes, which is based on acetate overflow only and does not take into account
the possible secretion of other by-products (formate, succinate, lactate, ...). Overflow of other
fermentation products is known to occur during batch growth on glucose, especially for mutants
[44, 45, 46].

Given the higher ATP yield of respiration, it is not surprising that the highest growth yields
are obtained when respiration is preferred to fermentation. What might not have been expected,
however, is that resource allocation strategies enabling cells to bypass fermentation at high
growth rates are possible at all. It is well-known that, when growing an E. coli strain in different
environments supporting increasingly higher growth rates, the contribution of fermentation to
ATP production increases at the expense of respiration, as witnessed by the relative increase of
acetate secretion ([17] and Figure S3). In the scenario considered here, however, both the model
and the data suggest that there exist strategies enabling strains to attain growth rates close to
the maximum without shifting resources from respiration to fermentation.

Differences in enzyme activity are necessary to explain variations in protein
abundance

The simple model of Figure 1 accounts remarkably well for the variability of observed rate-
yield and flux phenotypes in E. coli. It raises the question how the phenotypes are related to
the underlying resource allocation strategies. This relation is not straightforward due to the
multiple feedback loops in the model, which entail strong mutual dependencies between carbon
and energy metabolism, protein synthesis, and growth. Figure S4 shows the mapping from
resource allocation strategies to rate-yield phenotypes in the case of batch growth on glucose.
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Whereas every strategy gives rise to a unique rate-yield phenotype (Methods), the inverse is not
true: infinitely many strategies can account for a given growth rate and growth yield. Intuitively,
by Eqs. 1 and 2, a given rate-yield phenotype fixes the substrate uptake rate vmc and the sum
vmer + ρmef vmef + (ρrq − 1) (vr + vq)), representing the loss of carbon due to CO2 outflow and
acetate secretion. Different protein concentrations can lead to fluxes that add up to the latter
sum, and thus enable the cells to grow at the specified rate and yield (Figure S4).

How do the resource allocation strategies underlying a given rate-yield phenotype compare
with those actually observed? Unfortunately, for most of the strains in the database, other
than the BW25113 strain used for calibration, no proteomics data are available. Exceptions
are the other commonly-used wild-type strains MG1655 and NCM3722 [18]. Schmidt et al.
found growth rates equal to 0.67 h−1 and 1.03 h−1 for MG1655 and NCM3722, respectively
[18]. Growth yields reported by other groups for these strains, in the same conditions with
approximately the same growth rates, are 0.54 for MG1655 and 0.6 for NCM3722 [47, 48]. We
compared resource allocation strategies predicting the above rates and yields with those actually
observed for MG1655 and NCM3722 (Methods).

As seen in Figure 4A, there exist strategies predicting growth at approximately the same rate
and yield as MG1655 that fall within a 10% margin of the experimental values. This indicates
that the model accounts for the observed strategy of a strain with a similar growth phenotype
as the BW25113 strain. NCM3722 grows much faster and at a higher yield than BW25113.
Whereas there exist strategies with a good correspondence for the ribosomal protein fraction φr,
the predicted φc values for a strain with the same rate and yield as NCM3722 are much higher
than those observed (Figure 4B). In other words, the model predicts a higher protein fraction
for enzymes in central carbon metabolism (mc/p) than observed in the proteomics data. The
underlying problem is that in our model the carbon uptake and metabolization rate is directly
proportional to the enzyme concentration (vmc = kmcmc S/(S + Kmc), where kmc [h−1] is an
environment-dependent apparent catalytic constant and S the constant substrate concentration,
Text S1). Therefore, an increase in vmc necessary for the higher growth rate of the NCM3722
strain, requires a proportional increase in enzyme concentration, and causes the protein fraction
mc/p to increase. The measured protein fraction, however, remains approximately stable (0.09
for BW25113 and 0.07 for NCM3722). A similar but opposite divergence of model and data is
seen in the case of the protein fraction of enzymes in energy metabolism (Figure 4B).

Resource allocation explains the protein fraction of ribosomes necessary to attain the ob-
served rate and yield. The discrepancies between predicted and observed enzyme fractions,
however, show that additional regulatory factors need to be considered in the latter case. This
conclusion agrees with the widespread view that the regulation of fluxes in central metabolism
is largely due to the regulation of enzyme activity rather than enzyme concentrations [49, 50].
While little is known about the mechanisms allowing NCM3722 to grow much faster than
BW25113, genomic changes and their physiological impact have been identified for ALE strains
[21, 22, 51]. In an ALE mutant evolved in glycerol, the change in growth rate was attributed
to a change in activity of the GlpK enzyme [51], leading to higher glycerol uptake rates. In
the model, the latter mutation would translate to an increase in the catalytic constant kmc

(Text S1).
In order to verify the hypothesis that changes in kinetic parameters can restore the con-

sistency between predicted and observed enzyme concentrations, we modified the analysis of
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the model. Instead of varying only resource allocation parameters (φq, φr, φc, φer, φef ), we also
allowed the catalytic constants (kmc, kmer, kmef ), representing the (apparent) enzyme turnover
rates in central carbon and energy metabolism (Text S1), to increase or decrease by at most
a factor of 2. The results of the simulations are shown in Figure 4C-D. For both the MG1655
and NCM3722 strains, there now exist resource allocation strategies and corresponding protein
fractions consistent with the experimental data within a 5% margin. The NCM3722 strategies
display an increased value of kmc (Figure S5). That is, the model predicts that glycolytic en-
zymes are more active in NCM3722 as compared to BW25113 during growth on glucose. As a
consequence, resources can be shifted from glycolytic enzymes to other proteins and metabolites,
which allows the growth rate and yield to increase. While resource allocation provides quanti-
tative bounds on growth rate, growth yield, and uptake and secretion rates agreeing with the
experimental data, quantitatively correct predictions of protein concentrations therefore require
metabolic regulation to be taken into account as well.

Discussion
Analysis of the resource allocation strategies adopted by microbial cells can explain a number of
phenomenological relations between growth rate, growth yield, and macromolecular composition
[2, 3, 4, 5, 6, 7, 8, 9, 10, 11]. We have generalized this perspective to account for a striking
observation: the large variability of rate-yield phenotypes across different strains of a bacterial
species grown in the same environment. We constructed a coarse-grained resource allocation
model (Figure 1), which was calibrated using literature data on batch and continuous growth
of E. coli in minimal medium with glucose or glycerol. In each of the conditions, we considered
the space of rate-yield phenotypes predicted by the model when allowing resource allocation to
vary over the entire range of possible strategies, while keeping the kinetic parameters constant.

This approach is based on a number of strong assumptions. The coarse-grained nature of
the model reduces microbial metabolism and protein synthesis to a few macroreactions, instead
of accounting for the thousands of enzyme-catalyzed reactions involved in these processes [48,
52, 53]. Resource allocation is reduced to constraints on protein synthesis capacity, whereas
other constraints such as limited solvent capacity and membrane space may also play a role
[52, 54, 55, 56]. All possible combinations of resource allocation parameters were considered,
limited only by the constraint that they must sum to 1. Observed variations in protein abundance
are less drastic [18, 57], and coupled through shared regulatory mechanisms [3, 58]. The kinetic
parameters in the model have apparent values absorbing unknown regulatory effects, specific
to each growth condition. This contrasts with strain-specific kinetic models with an explicit
representation of the underlying regulatory mechanisms [6, 59, 60], and does not allow our
model to be used for transitions between growth conditions.

Despite these limitations, we observed a very good quantitative correspondence between the
predicted and the measured rate-yield phenotypes across different E. coli strains grown in the
same environment (Figure 2). This suggests that differences in resource allocation are a major
explanatory factor for the observed rate-yield variability. We also found a surprising absence of
correlation between growth rate and relative acetate overflow (Figure 3 and Figure S1), contrary
to what has been observed for a single strain in different conditions (Figure S3). This observation,
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Figure 4: Validation of predicted resource allocation strategies by means of proteomics data.
A. Observed research allocation strategy for batch growth of the MG6155 strain in minimal medium with
glucose [18] (red dots) as well as examples of resource allocation strategies giving a similar growth rate
and growth yield in the simulations of Figure 2B (grey dots). The predicted growth yield Y , growth rate
µ, and resource allocation parameters φq, φr, φc, φer +φef are each allowed to vary by less than 10% from
the observed values. B. Idem for the NCM3722 strain, without imposing φc and φer + φef to agree with
the experimental data. The actually observed strategies do not match the predicted strategies in the case
of NCM3722. C. As in panel A, but allowing the apparent catalytic constants (kmc, kmer, kmef ) to vary
by a factor of 2 in comparison with the reference values determined for the BW25113 strain (Text S2).
The discrepancy between the predicted and observed strategies is set to a 5% limit. D. Idem for the
NCM3722 strain. When relaxing the constraint of constant kinetic parameters, the model agrees with
the observed resource allocation strategies of both MG6155 and NCM3722. This requires an increase of
kmc and a decrease of kmef (Figure S5).
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which was made before for a selection of ALE mutant strains [48], raises several questions. First,
why is a shift of resources from respiration to fermentation, reflecting a trade-off between energy
efficiency and protein cost [4, 17, 61], not required for obtaining a higher growth rate? We
inspected the strategies producing a high growth rate and little acetate overflow, and compared
these with resource allocation in the reference strain used for calibration. For example, high rate-
high yield strains limit their investment in ribosomes, but increase concentrations of metabolic
precursors and/or energy cofactors to maintain high protein synthesis fluxes (Figure S6). This
suggests a trade-off reminiscent of the hypothesized trade-off between enzyme and metabolite
concentrations in central carbon metabolism [62, 63]. Second, why do most E. coli strains in
Figure 3 nevertheless display acetate overflow and grow at a suboptimal yield? The answer
is not known, but probably relates to the natural environment in which E. coli has evolved,
characterized by periodic anoxic conditions and synthrophic interactions with other species [64].

When comparing the predicted resource allocation strategies with those observed for a given
rate and yield (Figure 5A-B), we found some discrepancies that cannot be solely attributed to
the uncertainty in the proteomics data. In particular, the concentrations of enzymes in central
carbon metabolism are consistently overestimated by the model for rates and yields exceeding
those observed for the BW25113 reference strain, due to the assumption that the kinetic parame-
ters are constant. When allowing the catalytic constants of the metabolic macroreaction to vary
as well, we could restore consistency between the model and the data (Figure 5). Further inves-
tigation indicated that in strains attaining a higher growth rate and yield than the BW25113
strain, glycolytic enzymes must be more active. To our knowledge, no experimental data exist
to specifically test this prediction. It is known, however, that the activity of pyruvate kinase,
regulated by fructose-1,6-bisphosphate [65], increases with a higher glycolytic flux [66, 67]. In
other words, a higher growth rate is accomplished at a higher activity of this glycolytic enzyme.

We conclude that the assumption that resource allocation alone can explain the observed
rate-yield variability is a good first approximation that can be refined by taking into account
differences in enzyme activity, either due to genetic differences between strains or to regulatory
mechanisms responding to physiological changes. Predictions of the range of rates and yields
achievable by a microbial species, and relating these to underlying resource allocation strategies,
are of great interest for a fundamental understanding of microbial growth. In addition, by
extending the model with a macroreaction for the production of a protein or a metabolite of
interest [68], this provides rapidly exploitable guidelines for metabolic engineering and synthetic
biology, by pointing at performance limits of specific strains and suggesting improvements. While
instantiated for growth of E. coli, the model equations are sufficiently generic to apply to other
microorganisms. The calibration of such model variants can benefit from the same hierarchical
procedure as developed here, exploiting largely available proteomics and metabolomics datasets.

Methods
The resource allocation models were derived from a limited number of assumptions on the
processes underlying microbial growth, as explained in Text S1. The parameters in the models
were determined from literature data, as described in Text S2. In order to produce the rate-yield
phenotype plots, we uniformly sampled combinations of resource allocation parameters φr, φc,
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φer, and φef such that their sum equals 1-φq, where φq was set to a constant value determined
from the data (Text S2). Starting from initial conditions, the system was simulated for each
combination of resource allocation parameters until a steady state was reached. When sampling
the space of initial conditions for several resource allocation strategies, the system was found
to always reach the same steady state. All simulations were carried out by means of Matlab
R2020b. The models and the simulation code used for generating all figures in the paper are
available as File S4.

The rate-yield database was compiled from the experimental literature (Files S1 and S2).
When yields were explicily reported, they were converted to the dimensionless quantity Cmmolsubstrate
Cmmol−1

biomass used in this paper, using appropriate conversion constants (Text S1). The relative
acetate secretion flux was computed for those studies in the database in which both the glucose
uptake rate and the acetate secretion rate were measured. Both rates were converted into the
appropriate unit (Cmmol gDW−1 h−1).

The comparison of predicted and observed resource allocation strategies for the BW25113,
MG1655 and NCM3722 strains was carried out by means of the proteomics data of Schmidt
et al. ([18], Table S11). We computed the mass fraction for each protein category distin-
guished in the model by associating the latter with specific COG groups (r/p → Amino acid
transport and metabolism and Translation; mc/p → Carbohydrate transport and metabolism;
(mer +mef )/p → Energy production and conversion; q/p → All other COG groups). The mass
fraction of enzymes in energy metabolism was further subdivided into fractions attributed to
respiration and fermentation, mer/p and mef/p, in the same way as for model calibration, by
distinguishing enzymes specific to fermentation, enzymes specific to respiration, and enzymes
shared between respiration and fermentation ([17] and File S3). The resource allocation strategy
(φq, φr, φc, φer, φef ) was equated with the corresponding mass fractions.

Supporting information
Text S1. Model equations (pdf file).

Text S2. Model calibration (pdf file).

Figure S1-S6. Supplementary figures (pdf file).

File S1. Database with reported rate-yield pairs for E. coli grown on glucose min-
imal medium (excel file).

File S2. Database with reported rate-yield pairs for E. coli grown on glycerol
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File S4. Matlab code (zip file).
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