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ABSTRACT During cooperative growth, microbes often experience higher fitness by
sharing resources via metabolite exchange. How competitive species evolve to coop-
erate is, however, not known. Moreover, existing models (based on optimization of
steady-state resources or fluxes) are often unable to explain the growth advantage
for the cooperating species, even for simple reciprocally cross-feeding auxotrophic
pairs. We present here an abstract model of cell growth that considers the stochastic
burst-like gene expression of biosynthetic pathways of limiting biomass precursor
metabolites and directly connect the amount of metabolite produced to cell growth
and division, using a “metabolic sizer/adder” rule. Our model recapitulates Monod’s
law and yields the experimentally observed right-skewed long-tailed distribution of
cell doubling times. The model further predicts the growth effect of secretion and
uptake of metabolites by linking it to changes in the internal metabolite levels. The
model also explains why auxotrophs may grow faster when supplied with the
metabolite they cannot produce and why two reciprocally cross-feeding auxotrophs
can grow faster than prototrophs. Overall, our framework allows us to predict the
growth effect of metabolic interactions in independent microbes and microbial com-
munities, setting up the stage to study the evolution of these interactions.

IMPORTANCE Cooperative behaviors are highly prevalent in the wild, but their evolu-
tion is not understood. Metabolic flux models can demonstrate the viability of meta-
bolic exchange as cooperative interactions, but steady-state growth models cannot
explain why cooperators grow faster. We present a stochastic model that connects
growth to the cell’s internal metabolite levels and quantifies the growth effect of
metabolite exchange and auxotrophy. We show that a reduction in gene expression
noise can explain why cells that import metabolites or become auxotrophs can grow
faster and why reciprocal cross-feeding of metabolites between complementary
auxotrophs allows them to grow faster. Furthermore, our framework can simulate
the growth of interacting cells, which will enable us to understand the possible tra-
jectories of the evolution of cooperation in silico.

KEYWORDS cross-feeding, mutualism, cooperation, microbial communities, stochastic
growth model, metabolite exchange, Adder, Sizer, gene expression noise, division of
labor, resource allocation

n the laboratory, we study microbes in isolation; however, different species live side

by side in the environment, either competing for the limited resources or cooperat-
ing with each other. Defying general evolutionary expectations, cooperative commun-
ities pervade different ecological niches (1-5), highlighting its purported selective
advantage (6). Cooperative interactions often involve secretions, ranging from extracel-
lular enzymes, scavenging molecules (like siderophores) (7), to leaked metabolites—ei-
ther toxic by-products (8, 9) or essential metabolites like amino acids (10-12).
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Cooperation may also involve living together in a biofilm, which protects the group
from toxins, antibiotics, and predators (13).

Understanding the advantages of cooperation in ecological communities (14) and
implementing them in synthetic communities have been challenging (15-17). The
focus has been on metabolic modeling to identify the keystone “currencies” of cooper-
ation (9, 18-23). The identities of the “traded” metabolites help uncover the mecha-
nisms of cooperation in different environmental conditions. However, to perdure in an
ecological niche, cooperative consortiums must demonstrate high community produc-
tivity and growth compared to other competing (free-living or cooperating) species.
While metabolic modeling approaches can determine the metabolic viability and syn-
ergy in terms of the cooperative consortium'’s productivity of metabolic flux, they usu-
ally do not yield the growth kinetics of the consortium. Hence, studying the evolution
of cooperation using existing evolutionary frameworks like fitness landscapes has not
been possible.

Furthermore, there are several shortcomings in the existing modeling approaches.
Microbial growth is often posed as an optimal resource allocation problem and solved
assuming that the cell operates at a steady state. However, computing the steady state
itself often uses an estimate of the growth rate as the rate of dilution due to cell divi-
sion, which leads to inaccurate estimates of growth. Often such models consider only a
part of the cell and coarse grain its dynamics to maximize the energy generation while
minimizing the resource investment in catabolic enzymes and transporters (24, 25).
More sophisticated whole-cell models like bacterial growth laws account for the short-
comings by computing a proxy measure of growth rate using the steady-state ribo-
some fraction of the proteome (26-29). Metabolic flux models assume a biomass
objective function and only compute the steady-state optimal genome-wide flux con-
tributions to biomass to uncover the pathways or enzyme reactions that bottleneck
growth (30-34).

These steady-state approaches neglect the cell-to-cell differences due to stochastic
gene transcription (35-37), leading to differences in the numbers of proteins (38) and
the cell's metabolic state (39). While such variations are unimportant for predicting the
mean characteristics of the population, it is critical to model the growth of a coopera-
tive consortium with cell-to-cell interactions such as the exchange of metabolites.

In this work, we develop a model that captures the effect of stochastic variation on
the growth of bacterial cells that may or may not exchange metabolites. We imple-
ment stochastic burst-like gene transcription using Monte Carlo methods following the
framework in Golding et al. (40). To determine when a cell divides, we combined the
concept of a biomass objective function (41) with the empirical laws for bacterial cell
growth and size homeostasis: Adder and Sizer (42-45). While Adder proposes that cells
divide upon adding a fixed length to the birth size, Sizer proposes that division occurs
when the cell grows to a characteristic length. We postulate that any cell size incre-
ment corresponds to an equivalent quantity and stoichiometric composition of bio-
mass precursor metabolites. Thus, the cell divides only after producing the required
quantity of metabolites in the correct stoichiometry.

Our framework attempts to capture and study the dynamics of cooperative growth
when cells exchange metabolites. We wanted to find the factors leading to the faster
growth of the consortium to investigate their evolutionary relationships. We obtained
the distribution of cell doubling times, which mimics the experimentally observed dis-
tributions (46, 47) obtained from single-cell growth experiments run on microfluidic
devices (42, 48). Our model recapitulates Monod’s hyperbolic relationship between the
substrate and growth rate (49). Furthermore, we demonstrate that gene expression
noise manifests as noise in metabolite levels that delay cell division (i.e., the noise is
time additive). We also demonstrate that reducing the effective number of limiting
metabolites in a cell, either by auxotrophy or by the direct import of the metabolite,
can accelerate growth. Last, we demonstrate that the growth rate of reciprocal cross-
feeding auxotrophs can be greater than the prototrophs. In all, by incorporating
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stochastic gene expression noise into a cellular growth model, we capture the growth
effect of auxotrophy and metabolite exchange directly and show how it may help
understand the evolution of cooperation.

RESULTS

Model development. We develop a microbial growth model that avoids relying on
cellular steady states and incorporates the stochastic variation in growth.

As discussed, recent studies have put forth the empirical size-based laws for bacte-
rial cell division: Adder and Sizer (42-45). Combining these with the idea of biomass
objective functions (41), we argue that cell size increase requires producing an equiva-
lent quantity of constituent metabolites in proper stoichiometry. We propose the idea
as the “metabolic adder” and “metabolic sizer” and use it as the foundation of our pro-
posed cell growth model. Cell division is triggered only when the cell produces the
minimum amounts of all the necessary metabolites (Fig. 1a). Our model recapitulates
many known cellular phenomena and can even describe the kinetics of single-cell
growth while cells exchange metabolites among each other. We find the Adder and
Sizer models very similar in their outcomes and proceed with Sizer for all the rest of
the simulations in this work, primarily because it is found to be the better fit for the
outcomes in case of poor medium conditions, where growth is on minimal media with
single substrates (44) (see Supplement S4 at https://bit.ly/32ayGpb).

Now, while theoretically, a shortfall in any metabolite could prevent a cell from
dividing, only a few metabolites at a time may act as “kinetic” bottlenecks to cell divi-
sion (i.e.,, waiting for the production of which delays cell division). These may be
required in substantial amounts, or the respective enzyme’s production may be vari-
able and in low numbers (39), such that the metabolite demand cannot be met in
time. Additionally, some metabolites may be prone to leakage (may serve as public
goods) and hence may act as a bottleneck to growth (50). We assume that the cell is
comprised of p such anabolic pathways, whose products bottleneck cell division. All
metabolite biosynthesis (anabolic) pathways are fed by the substrate supplied by the
upstream catabolic pathways via different shunts from the central carbon metabolism.
We simplify the arrangement and assume that all anabolic pathways are fed a common
substrate supplied at a constant rate S;,, per second per bottleneck metabolite (in total
p x S, per second) (Fig. 1b) (see Supplement S10 at https://bit.ly/32ayGpb for unequal
bottlenecks).

The distribution of cell doubling times across different growth conditions collapse
to one distribution when scaled by their means (47), which leads us to postulate that
the noise in common downstream metabolic pathways like anabolism may be respon-
sible for the observed noise in growth, since under different growth conditions,
upstream catabolic pathways may differ. Hence, our modeling approach focuses on
quantifying the noise from anabolic pathways alone (see Supplement S11 at https://bit
ly/32ayGpb for catabolic noise). Furthermore, to circumvent the differences due to the
exact structure and kinetic properties of different anabolic pathways, we assume all p
pathways to be linear and comprised of n enzyme-catalyzed steps, all of which we
assume have identical kinetic properties and transcription parameters.

We further assume that these n enzymes in each pathway are present on the same
operon, and hence, the n enzymes share the same transcriptional burst profile (Fig. 1c).
To incorporate the effect of stochasticity in our model, we implement stochastic burst-
like gene expression, using the findings of exponentially distributed durations of tran-
scription burst (to,) and the waiting time between successive bursts (toe) (40). We
randomly sample the (t,e) and (toy) durations iteratively from two exponential distri-
butions of set means, to generate the stochastic burst profile (Fig. 1c). Next, assuming
no shortage of RNA polymerases, transcription proceeds at a constant rate until the
end of ty,, where any incomplete transcripts are terminated. Each mRNA produced is
assigned a lifetime by sampling from an exponential distribution. During the lifetime
of an mRNA, only a single ribosome attaches and translates proteins. We assume that

July/August 2021 Volume 6 Issue4 e00448-21

mSystems’

msystems.asm.org 3


https://bit.ly/32ayGpb
https://bit.ly/32ayGpb
https://bit.ly/32ayGpb
https://bit.ly/32ayGpb
https://msystems.asm.org

Dutta and Saini

a b

[4 Substrate

T —— n A
O 40 ©O+60
O 30 . O +70 R

S mim——— =9
0 40 0O +50

O 30 O +50 [
A -7

Metabolic Adder

8 Limiting Metabolites

Transcription
Burst 1 i

—_
o1
1

mRNA
0_
1000

T

Protein 500

0
251

2
Metabolite 5
i

Time

FIG 1 Model schematic and behavior of internal variables. (a) Model schematic. The bacterium takes up the substrate molecules
from the environment and processes it via metabolic pathways to produce all the necessary metabolites for survival. Some (p)
metabolites (colored squares) bottleneck cell growth, since sufficient quantities cannot be produced in time. Our model assumes
a simplified arrangement for all these limiting metabolite anabolic pathways as linear enzyme cascades with n enzyme steps, all
fed by a common substrate supplied at a constant rate. We consider all enzymes are equivalent in terms of expression and
kinetic properties and are expressed in stochastic bursts. ¢, length. (b) Our model implements a “metabolite adder/sizer” model,
wherein we reinterpret the empirical size-based Adder and Sizer laws, in terms of the metabolites necessary for cell size increase
such that cell division is triggered upon production of these metabolites in the required amounts and stoichiometry: always a
fixed amount in the case of Adder and the balance amount in the case of Sizer. (c) Considering our model for p = 2 limiting
metabolites and the metabolic Sizer law. The model implements stochastic burst-like gene expression as a random process of
transcription bursts switching on and off. During the burst, mRNA is produced, which acts as the template for protein translation.
Both mRNA and proteins decay stochastically but mRNA decays much faster. The various protein enzymes allow the production
of the required metabolites at various rates. According to Sizer, the cell divides when both the metabolites cross the threshold
(dashed line). After division, cellular contents are halved.

ribosomes are always sufficient (a ribosome limitation is expected to reduce the pro-
duction of proteins but not affect the overall dynamics). Any incomplete protein is ter-
minated once the mRNA decays. Each protein produced is assigned a lifetime by sam-
pling from an exponential distribution.

We use coupled ordinary differential equations (ODEs) based on Michaelis-Menten
kinetics for the metabolite production, with the stochastic protein profiles as time-vary-
ing parameters (see Materials and Methods). We convert all quantities to molecules
per cell assuming a cellular volume of 1 um?3.

All the biosynthetic pathways compete for the common substrate, and the flux they
can acquire depends only on the number of enzymes present at each time since kinetic
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parameters are assumed equal. When all the p metabolites cross their requirement
threshold based on the “metabolic adder or sizer” law, the cell divides. After division,
all the cellular content is divided between the two daughter cells equally (51). Thus,
the daughter cells start from the inherited values of the mRNA, proteins, and metabo-
lites but generate unique stochastic burst profiles, going forward.

Model properties and outcome. Simulating our model for a given set of parame-
ters yields the time between successive cell divisions or the cell generation time. The
histogram of the generation times for all simulated parameter sets reveals a right-
skewed distribution with a long tail, which concurs well with many experimental obser-
vations of bacterial growth at a single-cell resolution (42, 44, 45, 47, 52, 53) (see
Supplement S2 at https://bit.ly/32ayGpb for our analysis of the data set in reference
42). These studies indicated that the observed generation time distribution resembled
a Gaussian on a logarithmic scale and hence may be a gamma or log normal distribu-
tion (47). Pugatch, on the other hand, analyzed the single-cell data set extensively and
made a distinction between the quantities: cell generation time (Ty;,) (or interdivision
time) and the cell doubling time (T,,), the time for the doubling of cell size (46).

Generation time (Tg;
Doubling time (T},) = (Tawv)
log, (w)

cell size at birth

He tested the fit of different distributions to the experimentally derived doubling
time distribution and found that a log Fréchet or log generalized extreme value (GEV)
(type II) distribution provided the best fit to the data.

In our framework, cell division is triggered by exact size laws and division yields per-
fect halves (see Supplement S6 at https://bit.ly/32ayGpb for alternate modeling crite-
ria). Hence, the ratio of size at division and birth is always 2, and thus, generation time
and doubling time are the same. We tested various combinations of gene expression
and metabolite threshold parameters to obtain distributions that resemble physiology
(see Supplement S3 at https://bit.ly/32ayGpb). The simulated generation times
obtained using the selected parameters give a long-tailed right-skewed distribution
which is fit best by a log generalized extreme value (GEV) (type Ill) distribution (shape
parameter k < 0) (Fig. 2a) (see supplemental Fig. S3c for comparison of GEV distribu-
tion shapes [https://bit.ly/32ayGpb]). Moreover, since the generation time distribution
obtained is the maximum of the production times of the p metabolites, the obtained
GEV-like distributions match with intuition derived from the extreme value theory (as
the limit distribution of the maxima of a sequence of independent and identically dis-
tributed random variables) (54).

Now, if the number of bottleneck pathways (p) increases, the chance that stochastic
variations in enzymes would prevent the cell from reaching production thresholds at a
given time increases. Hence, the maximum of the first passage times from p pathways,
i.e., the generation time increases. The distribution of cell generation times shifts to
the right and reduces skewness (Fig. 2b; supplemental Fig. S1a at https://bit.ly/
32ayGpb). Moreover, upon scaling the data with the mean, we find that the distribu-
tions overlap (Fig. 2b, inset), but with increasing p, the coefficient of variation (CV) of
the distribution increases, while skewness and kurtosis decreases (supplemental Fig.
S1a at https://bit.ly/32ayGpb).

Substrate flux per pathway (S,,) represents the available concentration of the
nutrients in the environment. The downstream anabolic pathways utilize the substrate
for metabolite production. When S, is low, the rate of metabolite production is low,
and cell generation times are longer, but as S;, increases, metabolite production picks
up, and cell generation times are shorter, and we observe that the distribution of cell
generation times shifts to the left (Fig. 2c). Upon scaling the data with the mean, the
distributions overlap (Fig. 2¢, inset), but with increasing S;,, skewness and kurtosis
decrease, and distribution CV also increases and saturates (see supplemental Fig. S1b
at https://bit.ly/32ayGpb). Next, by plotting the associated population growth rates
against the corresponding S;, values, we observe a hyperbolic relationship for all
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FIG 2 Model properties. (a) Distribution of cell generation times obtained from model simulation is fitted best by log GEV distributions. The distribution for
simulation with p = 3 and §,, = 9,000/s is shown. (b) Comparison of distribution of generation times for various numbers of limiting metabolites (p) at a
high rate of substrate flux (S;, = 9,000/s). The inset shows the distributions rescaled to their means. (c) Comparison of distribution of generation times
varying the substrate flux rate (S;) in the simulations for the case of p = 3 metabolite bottlenecks. The inset shows the distributions rescaled to their
means. (d) Comparison of the mean growth rate of the simulated cells with various numbers of bottleneck metabolites (p) for different rates of substrate

flux (S,.,). The hyperbolic relationship is reminiscent of Monod'’s law.

simulated values of p, which recapitulates the hyperbolic relationship between sub-
strate concentration and the cell’s growth rate observed by Monod (49) (Fig. 2d).

Substrate flux is known to be the primary determinant of growth rate in a cell, and
hence, studies have focused on quantifying the noise in catabolic pathways as a mea-
sure of substrate flux variation to estimate growth rate variations (36). However, we
intend to study how growth is affected when the cell imports and secretes different
biomass precursor metabolites or loses a biosynthetic pathway. Therefore, we focus on
the anabolic pathways that synthesize these metabolites instead of the common cata-
bolic pathways that provide the substrate flux to all of the pathways.

Studies have shown that cell division is controlled by more than one factor and lim-
iting agent (55, 56), which in our model is represented by multiple bottleneck path-
ways (p). In a real cell, however, the number of bottlenecks may depend on the cellular
growth conditions, and in the case of poor medium conditions (low S;), it may
increase. Although our model cannot perform such internal metabolic switches, it can
still recapitulate physiological observations such as the distribution of generation times
and Monod's law (Fig. 2d).

Effect of metabolite uptake and secretion on simulated cells. Our primary goal is
to develop a framework that can quantify the effect of nutrient uptake and secretion
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on the growth of cells. Our model design captures the effect of importing external
metabolites and exporting internally produced metabolites directly in terms of the
generation time.

Till now, our simulations have considered that cells were grown on media that pro-
vides only the substrate flux (S;,). We now simulate growth when additional limiting
metabolites are present in the media (like amino acids, nucleotides). Our model cell
imports these metabolites directly at a constant rate to meet the internal metabolite
requirement. The imported metabolite effectively lowers the amount that needs to be
produced internally (i.e., the metabolite threshold), and thus, cells on average divide
faster. Since we do not explicitly model any metabolite feedback, the substrate flux
availed by the biosynthetic pathway does not reduce, and the substrate competition
remains the same. (We relax this condition in Supplement S12 at https:/bit.ly/
32ayGpb.) With increasing import rates of the limiting metabolite, the generation times
shift to the left (Fig. 3a and b), and the growth rate increases (Fig. 3¢). From our mod-
el's perspective, importing a limiting metabolite at a high rate makes it nonlimiting.
Thus, decreasing the number of bottlenecks (p — p — 1) removes its noise contribu-
tion to cell division (Fig. 4d), allowing the cell to divide faster. The growth advantage
from importing a limiting metabolite has an upper bound, and the advantage from a
higher rate of import saturates quickly (Fig. 3d).

Next, we consider the effect of exporting metabolites from the cell. Some metabo-
lites are usually produced in excess and leak out from the cell (10-12, 50) without any
adverse effect on growth. However, if these metabolites are not useless by-products
for the cell, then excess secretion could impede growth. In case one of the limiting
metabolites is secreted, it leads to an effective increase in its metabolite threshold, and
hence, the cell requires more time to divide. We quantify the growth effect of secreting
metabolites by simulating secretion as a fraction of the total metabolite produced per
unit time, rather than a constant amount secreted per unit time since it synchronizes
the secretion to the internal production. It hence captures an accurate estimate of the
amount secreted (low secretion after birth due to low enzyme and higher secretion
before division due to a higher number of enzymes and transporters). As the secretion
ratio increases, cell generation times increase, and the distribution shifts to the right
(Fig. 3e and f). The magnitude of the difference is, however, much more pronounced in
the case of nutrient-poor media (low S, [Fig. 3e]). With the distributions scaled to the
means, we further see that increased secretion leads to lowered skewness. Moreover,
skewness decreases more in nutrient-poor media (supplemental Fig. S1d at https://bit
ly/32ayGpb). Unlike the case with nutrient uptake, the effect of secretion is unbounded,
and increased secretion further lowers growth rate (Fig. 3g and h).

Growth advantage of auxotrophy. We have already demonstrated how the direct
import of a limiting metabolite can increase growth and how the advantage is capped.
We described this phenomenon as the partial alleviation of the noise contribution
from one of the bottleneck metabolites, which corresponds to (p — p — 1) in our
model. If the modeled prototrophic cell mutates to lose one of the biosynthetic path-
ways for a limiting metabolite (and becomes an auxotroph), then the same outcome
may be obtained. Interestingly, this is a common phenomenon seen in endosymbiotic
bacteria (57) and some free-living bacteria (58, 59). The Black Queen Hypothesis pro-
poses that this genome reduction is driven by a resulting selective advantage (50, 60).
However, such gene loss makes the cell’s survival contingent on a sufficient external
supply of the metabolite.

For the simulation, we consider a cell with three bottleneck pathways (p = 3) and
then delete one of them (Fig. 4a). The cell directly imports the metabolite it cannot
synthesize at a constant “feed” rate. Additionally, the available internal substrate flux
(p x S;,), originally meant for p pathways, is now redistributed among the remaining
p—1 pathways. Thus, the auxotroph originally with three bottleneck pathways now
receives 50% more substrate flux in the two remaining bottleneck pathways and hence
divides faster (Fig. 4a). At low import (feed) rates, this missing metabolite determines
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FIG 3 Effect of metabolite uptake and secretion on simulated cells. (a to d) Effect of metabolite uptake. (a and b) Comparison of generation times for
different rates of metabolite import, low substrate flux (a) and high substrate flux (b). (c) Comparison of the mean growth rate of the simulated cells with
various rates of metabolite import, for different rates of substrate flux (S,,). (d) Comparison of the relative change in growth rate compared to the case of
no uptake, due to various metabolite feed (uptake) rates, for different substrate flux (S;,). (e to h) Effect of metabolite secretion. (e and f) Comparison of
generation times for different ratios of metabolite secretion (fraction of produced metabolite secreted), low substrate flux (e) and high substrate flux (f). (g)
Comparison of the mean growth rate of the simulated cells with various metabolite secretion (Sec.) ratios for different rates of substrate flux (S,,). (h)
Comparison of the relative change in growth rate compared to the case of no secretion, due to various metabolite secretion ratios, for different substrate
flux (S;.)-

the cell generation time; however, at higher import rates, the missing metabolite is no
longer the bottleneck, and the generation time distributions overlap with the distribu-
tion for p—1 (i.e, p = 2) bottlenecks (data from Fig. 2d) (Supplement S8 at https://bit
ly/32ayGpb) as expected. It is interesting to note that when an auxotroph is grown in
poor medium conditions, represented by the low substrate flux (S;,) in our simulations,
a sufficient rate of import of the limiting metabolite allows the cells to grow much
faster (Fig. 4b and c), relative to the growth advantage observed for high substrate flux
conditions.

Our model does not incorporate the effect of saved protein costs. However, the
effect of saved substrate flux is incorporated and reflected in the growth advantage
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the missing metabolite (colored solid lines) for

different rates of substrate import flux (S;,) on the x axis. The gray and black dashed lines represent the prototrophs with p = 3 and p = 2 bottleneck

metabolites, respectively (data from Fig. 2d). (c) Comparison of the relative change in the growt
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metabolite feed and substrate import flux (S;,,) compared with the original prototroph (p = 3, grown without any additional metabolite feed). (d)
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(p), simulated at different substrate import flux rates (S,)).

with a low substrate flux (S,,). Moreover, even when the effect of substrate flux satu-
rates, the model predicts a growth difference between the ancestor prototroph and
the auxotroph. Thus, our model presents a novel explanation contributing to the
growth advantage due to gene loss, in addition to resource savings (in terms of protein
cost and substrate flux) (50, 60), leading to the spontaneous evolution of auxotrophs
61).

It is imperative to note that the magnitude of growth advantage demonstrated
here corresponds to a low number of bottlenecks (low p). If a large number of metabo-
lites are bottlenecks simultaneously (large p), then the relative growth advantage
observed due to loss of one pathway or direct import of one limiting metabolite will
be significantly lower (Fig. 4d). While it is known that different metabolites act as bot-
tlenecks for growth (62) for different nutrient media, it is not immediately clear which
biomass precursor metabolites act as a bottleneck, how their numbers vary, and their
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relative limiting effect on growth. In our model, we considered all bottlenecks of equal
strength for simplicity (see Supplement S10 at https://bit.ly/32ayGpb for unequal
bottlenecks).

Towards reciprocal metabolic cross-feeding. As discussed, the survival of auxo-
trophs is contingent on the external availability of the metabolite they cannot produce
internally. Therefore, these cells invade ecological niches where other cells secrete the
necessary metabolites, either as by-products or public goods. In a public-goods sce-
nario, the invading cells act as “cheaters” and reduce community productivity (63-65).
However, if the metabolite is a by-product and its accumulation is toxic, its clearance
from the environment could induce the producer cells to secrete more and improve
community productivity (8, 66, 67).

Analysis of available microbial genomes from various niches has revealed that most
of the microbes are auxotrophic for at least a few essential metabolites, such as amino
acids (60, 68). Although surprising, it explains why ecological examples of metabolite
cross-feeding are commonplace (1-5). During the process of cross-feeding, the metab-
olites secreted by the microbes diversify the environment’s nutrient composition, ena-
bling survival and further evolutionary diversification of the group by allowing for the
spontaneous evolution of auxotrophs (61).

However, prototrophic species could invade such cross-feeding populations by
importing the secreted metabolites and “cheat” to grow faster and outcompete the
consortium (69). To avoid such a fate, cross-feeding must also enable fast growth,
enough to surpass the competing species, in addition to enabling the survival of the
group. Nevertheless, we do not understand how the division of labor may allow coop-
erating cells to improve productivity enough to exhibit growth that is faster than
prototrophs.

We have demonstrated that importing limiting metabolites accelerates growth, but
the secretion of such limiting metabolites at high rates can also slow down growth. In
a cross-feeding interaction, cells reciprocally exchange metabolites by secreting one
metabolite and importing another simultaneously. How must cellular resources be bal-
anced between these processes to achieve a net positive outcome is not completely
understood, even for a simple symmetric exchange (although reference 70 provides
some insights into the process).

Let us consider two reciprocal auxotrophs, each overexpressing the metabolite, the
other needs for survival. These auxotrophs, devoid of one of the metabolic biosynthe-
sis pathways, grow faster because they can redirect the saved resources from the path-
way toward growth and reduce the effect of gene expression noise on growth (as we
demonstrate using our model). However, the need to supply each other metabolites
requires the cells to invest the saved resources toward metabolite overproduction, tak-
ing away the growth advantage. Assuming metabolites of similar costs are exchanged,
intuitively, we may expect that the reinvestment of saved resources may enable a dou-
bling of the metabolite production and hence allow the cells to exhibit a growth rate
as high as an equivalent prototroph if we neglect the possible losses and delays due to
transport of the metabolites or assume alternate arrangements like nanotubes (71). We
demonstrate this result by simulating a steady-state version of our model (see
Supplement S5 at https://bit.ly/32ayGpb). Thus, it is hard to imagine that cross-feeding
can enable such growth advantages.

Pande et al. used synthetic reciprocal amino acid auxotrophs that also overpro-
duced amino acids to study this phenomenon and found a large number of comple-
mentary auxotrophs, when cocultured could cross-feed stably, exhibiting growth rates
faster than the parental prototroph in monoculture (11). However, only a few pairs
could outcompete the prototroph in a competitive coculture, since the prototroph
could feed on the secreted metabolites. Here, we use our stochastic growth framework
in an attempt to explain these observations.

We start with an auxotroph (p = 2), originally a prototroph (p = 3) (Fig. 5a). Next, we
implement the overexpression of the secreted metabolite. Since pathway enzymes are
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equivalent in our model, the resources saved due to the loss of one pathway will allow
another pathway to produce double the number of enzymes (maximum). However, it
is unclear how real cells handle the overexpression of a pathway. In our stochastic
framework, overexpression involves changing the transcription burst frequency, but
since it would be hard to estimate burst parameters that precisely “double” the
enzyme, we instead double the kinetic constant of the enzyme keeping the same sto-
chastic burst profile to set up a fair comparison. Next, we considered secretion at differ-
ent ratios of the amount of metabolite produced per unit time and also vary the direct
import rate of the missing metabolite. Finally, we study the growth of this auxotroph
that produces twice the quantity of metabolites per unit time while importing the
missing metabolite as a proxy for the growth of cross-feeders (Fig. 5a).

We find that the proxy cross-feeders demonstrate growth rates higher than the pro-
totroph, even when they secrete 50% of the metabolite they overproduce (Fig. 5b). For
these overproducing and secreting auxotrophs to sustain a cross-feeding interaction,
they need to secrete metabolites at a rate higher than or equal to the rate at which
they import metabolites. We plot the mean secretion rates for each simulated metabo-
lite feed (import) rate at different values of substrate import rate (S;,) (Fig. 5¢). The
dashed lines show that the secretion rate is equal to the metabolite feed. Thus, points
above the diagonal represent secretion rates higher than the metabolite import. The
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circle's radius represents the growth rate of the simulated cells, and the circle is filled if
the growth rate is higher than the growth rate of the ancestor prototroph (without any
metabolite feed). Thus, filled circles above the diagonal represent “feasible” parameters
where cross-feeding cells can exhibit faster growth while maintaining higher overall
metabolic productivity. In Fig. 5¢, we find such feasible solutions at mid and high val-
ues of S,.. Thus, the kinetic advantage of cross-feeding consortiums may be observed
only when a sufficiently concentrated substrate is available.

Overall, we demonstrate that feasible solutions for cross-feeding can be found even
when there is minimal headroom for improvement of growth rate (i.e., in the symmet-
ric reciprocal cross-feeding, where all the competing bottleneck pathways are of an
equal threshold).

DISCUSSION

We demonstrated that accounting for stochastic burst-like gene expression (40)
captures variations in the production rates of “bottleneck” biomass precursor metabo-
lites (39) and hence the differences in cell growth and division kinetics. All precursor
metabolites considered in a genome-scale metabolic flux model’s biomass objective
function may bottleneck growth, but only at the optimal steady-state flux distribution.
In our model, however, stochastic differences lead to variations in metabolite biosyn-
thetic pathways. Metabolites with very high demand, or with many upstream flux
shunts, or produced by biosynthetic enzymes with large gene expression noise are
expected to be the “kinetic bottlenecks” as described in our model. However, due to a
lack of suitable experimental evidence, we are currently unable to substantiate the ex-
istence and identity of these bottlenecks. By obtaining the changes in the experimen-
tally observed distributions of bacterial cell generation times when they are fed differ-
ent metabolites or are auxotrophic, and combining it with genome-scale metabolic
models, we expect to identify them in the future.

Previously, Thomas et al. have developed a stochastic bacterial growth model that
quantified the relative contributions of different sources of stochastic noise, in the
growth rate (72), by building upon their previous steady-state model (26). They used
the Cooper-Helmstetter model (44, 73) with Donachie’s initiation constant (74) to
determine when cells divide. At high growth rate, the model found that variations di-
minish; however, the variation in cell generation times persist (42). The model does not
connect the stochastic production of individual biomass precursor metabolites and cel-
lular growth and hence is unable to account for changes in growth upon their import
or secretion.

Some studies have pitted genome-scale dynamic flux models of microbes with dif-
ferent auxotrophies and metabolite secretion rates against each other (75, 76). Some
have additionally used evolutionary game theory to intuit evolutionarily successful mi-
crobial combinations (77, 78). These models, while useful in understanding the benefits
of cooperation, cannot be used to simulate the population dynamics and the evolution
of cooperation. Our framework, however, makes this possible by simulating the sto-
chastic growth of individual cells in a population as they interact metabolically.
Combined with a mutational framework, we expect our model will help uncover new
insights toward the evolution of cooperation.

Our framework is however limited to predicting growth in a fixed medium condi-
tion. When the medium conditions shift drastically, the growth rates and associated
Adder and Sizer lengths also change (42), requiring that the model’s internal metabo-
lite thresholds be updated.

Last, we acknowledge the assumption of a greatly simplified metabolic network in
our model. Since all the enzymes are governed by the same kinetic and gene expres-
sion parameters, the common substrate is partitioned equally between the pathways
on average. From the perspective of classic metabolic control theory (79), all the enzy-
matic steps in the metabolic network have equal flux coefficients and elasticities, and
hence, each is a bottleneck of equal strength. Thus, growth effects observed through
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our model arise exclusively from the consideration of stochastic variations in the
enzymes.

MATERIALS AND METHODS

Model setup and calibration. Our model ascribes no specific identity to the enzymes in the cell,
and thus, we assume the simulated enzymes to have the average properties of all cellular enzymes. We
obtain the average length of bacterial proteins, the median values of enzyme catalytic constant and
enzyme half-saturation constant (see Supplement S9 at https://bit.ly/32ayGpb for a list of the parame-
ters). For stochastic gene expression, we follow the scheme described by Golding et al. (40). We estimate
parameters and the associated metabolite threshold by simulating the various combination of values
and select for the mean generation time and coefficient of variation (CV) closest to the physiological val-
ues (see Supplement S3 at https://bit.ly/32ayGpb). We finally chose a metabolite threshold 1E7 for
Adder, and 2E7 for Sizer, while to and t,.- chosen were 4 min and 2.4 min, respectively.

Metabolic Adder and Metabolic Sizer. Using the stoichiometric quantity of metabolites produced
as a proxy for the cell size, we obtain the metabolic Adder and Sizer models. For simplicity, we assume
1E7 molecules of each limiting metabolite is required to make a new cell. Thus, for metabolic Adder, 1E7
more molecules of each limiting metabolite must be produced irrespective of the inherited metabolites.
In the case of metabolic Sizer, the cell’s total production of each limiting metabolite needs to exceed
2E7 to trigger cell division. Figure 1a shows this schematically.

System of coupled differential equations used to compute metabolite production. After gener-
ating the stochastic enzyme profile, we pass it as a time-varying parameter to a system of coupled ordi-
nary differential equations (ODEs), based on Michaelis-Menten kinetics. However, instead of concentra-
tions, all the variables are converted to absolute numbers assuming a cell of volume 1 um?. See
Supplement S9 at https://bit.ly/32ayGpb for a list of parameters used.

While it is possible to also consider the noise from the stochastic metabolic reaction processes, we
disregard it in our model. The nature of this noise leads only to fluctuations in the mean catalytic con-
stant of the enzyme, which becomes important at the timescales of single-molecule experiments (80),
but averages out when we consider the metabolite production at the time scales of cell growth and
division.

The primary substrate S common to all the pathways is supplied at a constant rate S, per bottleneck
metabolite (thus p x S,, in total), and the enzymes of the p pathways feed off it. i represents the bottle-
neck pathways 1 to p.

4
ds ; S
7 =pXSn— El k’cztE,»l STK;,‘,
=

The subsequent products except the final products are modeled as:

dP,_j= i Piny W R ij
d P+ K, YR+ K,

where j represents the linear enzyme steps in each pathway.
The final step of the biosynthetic pathway is modeled as:

dpP; ; P;
n — k::l;tEln : nn
dt Piy + K

For secretion, the production term is multiplied by (1 — secretion ratio). Constant import rate term is
added for metabolite import. We considered each of the enzymes in the concurrent pathways equiva-
lent in terms of their expression and kinetic parameters for our simulations. Thus, kgat = keat for all i, j.

We evaluate the ODEs in MATLAB (81), using odel5s with an events function to trigger division
when the metabolite threshold is reached. The number of enzymes E; varies with time and is obtained
by interpolation from the stochastic protein profile generated, every time the ODE function is evaluated.

Model simulation. We start the simulation of the model with the obtained parameters; however,
we start with all zero for the initial conditions since we have no information about them. As we start the
simulation, first, stochastic mRNA and protein profiles are generated based upon the set gene expres-
sion parameters, which are then used as time-dependent parameters while solving the system of
coupled ODE numerically using ode15s in MATLAB (81). When all the p metabolites have met their pro-
duction requirements, the events function is triggered, which terminates the evaluation of the ODE, and
marks the cell division. The difference between the end and start times of the ODE solution gives us the
growth duration or generation time.

Before we start recording values from the simulation, we allow the system to stabilize and saturate
by letting the cell run through 100 divisions or generations, following only one of the daughter cells,
starting from the zero initial values. Thereafter, we simulate an exponential population growth by simu-
lating all the daughter cells for 13 generations starting from 1 cell, and hence obtaining growth data for
23 — 1 = 8,191 cells. We use the generation times to compute the growth rate of the population, as
described in the next section. We repeat the simulations with three or five unique seed values to obtain
concordant observations.

July/August 2021 Volume 6 Issue4 e00448-21 msystems.asm.org 13


https://bit.ly/32ayGpb
https://bit.ly/32ayGpb
https://bit.ly/32ayGpb
https://msystems.asm.org

Dutta and Saini

mSystems’

Computing growth rate from generation times. From our simulations, we obtain the birth and di-
vision time of each simulated cell. If we sort the cells in the ascending order of their birth and consider
each birth event as a unit increment to the population, it gives us the microbial population growth
curve. The points appear as a straight line in a semilog graph; however, the last part appears to saturate
because there are no more cell divisions. We consider only the first 40% of the sorted data set to obtain
data from only the log or exponential growth phase to estimate the growth rate. We plot the best-fit
line on the semilog plot and obtain the slope of the line as the population growth rate. To improve the
estimate and make use of the entire data set, we take 100 permutations of the order of the cells during
population growth and compute the growth rate. We take the average from the 100 estimates as the
population growth rate.
Fitting to log GEV distribution. In a log GEV distribution, log-transformed variables follow a gener-
alized extreme value (GEV) distribution. Thus, we plot the histogram of the log-transformed generation
times and then fit a GEV distribution to the log-transformed data set to obtain the fitted probability den-
sity function (PDF). We note down the histogram bins’ edges on the log scale and transform them back
to the linear scale to obtain the log GEV distribution.
Statistical tests. We have performed two-way analysis of variance (ANOVA) tests using anova2 in
MATLAB (81) on the data sets comparing the effect of multiple parameters on the growth rate in the arti-
cle to test whether the observed patterns are statistically significant. (See Supplement S7 at https://bit
ly/32ayGpb).
For all the tests, we use the raw simulated generation times. We have 2'* — 1 = 8,191 data points for
each independent run with a unique seed value (for the random number generator), and we performed
three to six independent runs of the simulations. Thus, in each data set, we have at least 8,191 x 3 =
24,573 replicate data points for each combination of the factors.
Data availability. All MATLAB simulation codes used in this study are available in the GitHub reposi-
tory (https://github.com/debudutta1/noisy-cell-growth).

ACKNOWLEDGMENTS

commercial, or not-for-profit sectors.
D.D.’s Ph.D. stipend was supported by the Department of Science & Technology,
Innovation in Science Pursuit for Inspired Research (DST-INSPIRE) Fellowship (IF160091),
Government of India.
We are grateful to Christopher Marx for valuable discussions and feedback. We also
acknowledge the ICTS-ICTP Quantitative Systems Biology Schools 2015 and 2017 and
the ICTS Bangalore School on Population Genetics and Evolution 2020 for the learning
opportunity and exposure.
D.D. and S.S. conceptualized the study. D.D. and S.S. developed the theory. D.D.
performed the simulations. D.D. wrote the manuscript with support from S.S.

We declare that we have no competing interests.

REFERENCES

1.

July/August 2021

Lipschultz F, Zafiriou OC, Wofsy SC, McElroy MB, Valois FW, Watson SW.
1981. Production of NO and N,O by soil nitrifying bacteria. Nature
294:641-643. https://doi.org/10.1038/294641a0.

. Falony G, Calmeyn T, Leroy F, De Vuyst L. 2009. Coculture fermentations

of Bifidobacterium species and Bacteroides thetaiotaomicron reveal a
mechanistic insight into the prebiotic effect of inulin-type fructans. Appl
Environ Microbiol 75:2312-2319. https://doi.org/10.1128/AEM.02649-08.

. Riviére A, Gagnon M, Weckx S, Roy D, De Vuyst L. 2015. Mutual cross-feed-

ing interactions between Bifidobacterium longum subsp. longum
NCC2705 and Eubacterium rectale ATCC 33656 explain the bifidogenic
and butyrogenic effects of arabinoxylan oligosaccharides. Appl Environ
Microbiol 81:7767-7781. https://doi.org/10.1128/AEM.02089-15.

. Moens F, Verce M, De Vuyst L. 2017. Lactate- and acetate-based cross-feeding

interactions between selected strains of lactobacilli, bifidobacteria and colon
bacteria in the presence of inulin-type fructans. Int J Food Microbiol
241:225-236. https://doi.org/10.1016/j.ijffoodmicro.2016.10.019.

. Smith NW, Shorten PR, Altermann E, Roy NC, McNabb WC. 2019. The clas-

sification and evolution of bacterial cross-feeding. Front Ecol Evol 7:153.
https://doi.org/10.3389/fevo.2019.00153.

. Hay ME, Parker JD, Burkepile DE, Caudill CC, Wilson AE, Hallinan ZP,

Chequer AD. 2004. Mutualisms and aquatic community structure: the
enemy of my enemy is my friend. Annu Rev Ecol Evol Syst 35:175-197.
https://doi.org/10.1146/annurev.ecolsys.34.011802.132357.

. Smith P, Schuster M. 2019. Public goods and cheating in microbes. Curr

Biol 29:R442-R447. https://doi.org/10.1016/j.cub.2019.03.001.

Volume 6 Issue4 e00448-21

This research received no specific grant from any funding agency in the public,

. Harcombe W. 2010. Novel cooperation experimentally evolved between spe-

cies. Evolution 64:2166-2172. https://doi.org/10.1111/j.1558-5646.2010.00959.x.

. Wintermute EH, Silver PA. 2010. Emergent cooperation in microbial me-

tabolism. Mol Syst Biol 6:407. https://doi.org/10.1038/msb.2010.66.

. Mee MT, Collins JJ, Church GM, Wang HH. 2014. Syntrophic exchange in syn-

thetic microbial communities. Proc Natl Acad Sci U S A 111:E2149-E2156.
https://doi.org/10.1073/pnas.1405641111.

. Pande S, Merker H, Bohl K, Reichelt M, Schuster S, de Figueiredo LF, Kaleta

C, Kost C. 2014. Fitness and stability of obligate cross-feeding interactions
that emerge upon gene loss in bacteria. ISME J 8:953-962. https://doi
.org/10.1038/ismej.2013.211.

. Shou W, Ram S, Vilar JMG. 2007. Synthetic cooperation in engineered

yeast populations. Proc Natl Acad Sci U S A 104:1877-1882. https://doi
.org/10.1073/pnas.0610575104.

. Kolter R, Greenberg EP. 2006. The superficial life of microbes. Nature

441:300-302. https://doi.org/10.1038/441300a.

. Widder S, Allen RJ, Pfeiffer T, Curtis TP, Wiuf C, Sloan WT, Cordero OX,

Brown SP, Momeni B, Shou W, Kettle H, Flint HJ, Haas AF, Laroche B, Kreft
J-U, Rainey PB, Freilich S, Schuster S, Milferstedt K, van der Meer JR,
GroBkopf T, Huisman J, Free A, Picioreanu C, Quince C, Klapper |,
Labarthe S, Smets BF, Wang H, Isaac Newton Institute Fellows, Soyer OS.
2016. Challenges in microbial ecology: building predictive understanding
of community function and dynamics. ISME J 10:2557-2568. https://doi
.org/10.1038/ismej.2016.45.

msystems.asm.org 14


https://bit.ly/32ayGpb
https://bit.ly/32ayGpb
https://github.com/debudutta1/noisy-cell-growth
https://doi.org/10.1038/294641a0
https://doi.org/10.1128/AEM.02649-08
https://doi.org/10.1128/AEM.02089-15
https://doi.org/10.1016/j.ijfoodmicro.2016.10.019
https://doi.org/10.3389/fevo.2019.00153
https://doi.org/10.1146/annurev.ecolsys.34.011802.132357
https://doi.org/10.1016/j.cub.2019.03.001
https://doi.org/10.1111/j.1558-5646.2010.00959.x
https://doi.org/10.1038/msb.2010.66
https://doi.org/10.1073/pnas.1405641111
https://doi.org/10.1038/ismej.2013.211
https://doi.org/10.1038/ismej.2013.211
https://doi.org/10.1073/pnas.0610575104
https://doi.org/10.1073/pnas.0610575104
https://doi.org/10.1038/441300a
https://doi.org/10.1038/ismej.2016.45
https://doi.org/10.1038/ismej.2016.45
https://msystems.asm.org

How Cooperators Grow Faster than Prototrophs

15.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

July/August 2021

Cavaliere M, Feng S, Soyer OS, Jiménez JI. 2017. Cooperation in microbial
communities and their biotechnological applications. Environ Microbiol
19:2949-2963. https://doi.org/10.1111/1462-2920.13767.

. Jagmann N, Philipp B. 2014. Design of synthetic microbial communities

for biotechnological production processes. J Biotechnol 184:209-218.
https://doi.org/10.1016/j.jbiotec.2014.05.019.

. Johns NI, Blazejewski T, Gomes ALC, Wang HH. 2016. Principles for designing

synthetic microbial communities. Curr Opin Microbiol 31:146-153. https://
doi.org/10.1016/j.mib.2016.03.010.

. Stolyar S, Van Dien S, Hillesland KL, Pinel N, Lie TJ, Leigh JA, Stahl DA.

2007. Metabolic modeling of a mutualistic microbial community. Mol Syst
Biol 3:92. https://doi.org/10.1038/msb4100131.

. Zomorrodi AR, Segrée D. 2016. Synthetic ecology of microbes: mathemati-

cal models and applications. J Mol Biol 428:837-861. https://doi.org/10
.1016/j.jmb.2015.10.019.

Khandelwal RA, Olivier BG, Roling WFM, Teusink B, Bruggeman FJ. 2013.
Community flux balance analysis for microbial consortia at balanced growth.
PLoS One 8:e64567. https://doi.org/10.1371/journal.pone.0064567.
Zomorrodi AR, Maranas CD. 2012. OptCom: a multi-level optimization
framework for the metabolic modeling and analysis of microbial com-
munities. PLoS Comput Biol 8:21002363. https://doi.org/10.1371/journal
.pcbi.1002363.

Klitgord N, Segré D. 2010. Environments that induce synthetic microbial
ecosystems. PLoS Comput Biol 6:¢1001002. https://doi.org/10.1371/
journal.pcbi.1001002.

Chan SHJ, Simons MN, Maranas CD. 2017. SteadyCom: predicting micro-
bial abundances while ensuring community stability. PLoS Comput Biol
13:1005539. https://doi.org/10.1371/journal.pcbi.1005539.

Kalisky T, Dekel E, Alon U. 2007. Cost-benefit theory and optimal design
of gene regulation functions. Phys Biol 4:229-245. https://doi.org/10
.1088/1478-3975/4/4/001.

Semsey S, Jauffred L, Csiszovszki Z, Erdossy J, Steger V, Hansen S, Krishna S.
2013. The effect of Lacl autoregulation on the performance of the lactose uti-
lization system in Escherichia coli. Nucleic Acids Res 41:6381-6390. https://
doi.org/10.1093/nar/gkt351.

Weie AY, Oyarzin DA, Danos V, Swain PS. 2015. Mechanistic links
between cellular trade-offs, gene expression, and growth. Proc Natl Acad
Sci US A 112:E1038-E1047. https://doi.org/10.1073/pnas.1416533112.
Scott M, Gunderson CW, Mateescu EM, Zhang Z, Hwa T. 2010. Interde-
pendence of cell growth and gene expression: origins and consequences.
Science 330:1099-1102. https://doi.org/10.1126/science.1192588.

Basan M, Hui S, Okano H, Zhang Z, Shen Y, Williamson JR, Hwa T. 2015.
Overflow metabolism in Escherichia coli results from efficient proteome
allocation. Nature 528:99-104. https://doi.org/10.1038/nature15765.
Scott M, Hwa T. 2011. Bacterial growth laws and their applications. Curr
Opin Biotechnol 22:559-565. https://doi.org/10.1016/j.copbio.2011.04
.014.

Edwards JS, Palsson BO. 2000. The Escherichia coli MG1655 in silico meta-
bolic genotype: its definition, characteristics, and capabilities. Proc Natl
Acad Sci U S A 97:5528-5533. https://doi.org/10.1073/pnas.97.10.5528.
Feist AM, Scholten JCM, Palsson B@, Brockman FJ, Ideker T. 2006. Model-
ing methanogenesis with a genome-scale metabolic reconstruction of
Methanosarcina barkeri. Mol Syst Biol 2:2006.0004. https://doi.org/10
.1038/msb4100046.

Durot M, Bourguignon P-Y, Schachter V. 2009. Genome-scale models of
bacterial metabolism: reconstruction and applications. FEMS Microbiol
Rev 33:164-190. https://doi.org/10.1111/j.1574-6976.2008.00146.x.
Borodina I, Krabben P, Nielsen J. 2005. Genome-scale analysis of Strepto-
myces coelicolor A3(2) metabolism. Genome Res 15:820-829. https://doi
.org/10.1101/gr.3364705.

Gu C, Kim GB, Kim WJ, Kim HU, Lee SY. 2019. Current status and applica-
tions of genome-scale metabolic models. Genome Biol 20:121. https://doi
.org/10.1186/s13059-019-1730-3.

Elowitz MB, Levine AJ, Siggia ED, Swain PS. 2002. Stochastic gene expres-
sion in a single cell. Science 297:1183-1186. https://doi.org/10.1126/
science.1070919.

Kiviet DJ, Nghe P, Walker N, Boulineau S, Sunderlikova V, Tans SJ. 2014.
Stochasticity of metabolism and growth at the single-cell level. Nature
514:376-379. https://doi.org/10.1038/nature13582.

Ferguson ML, Le Coq D, Jules M, Aymerich S, Radulescu O, Declerck N,
Royer CA. 2012. Reconciling molecular regulatory mechanisms with noise
patterns of bacterial metabolic promoters in induced and repressed
states. Proc Natl Acad Sci U S A 109:155-160. https://doi.org/10.1073/
pnas.1110541108.

Volume 6 Issue4 e00448-21

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

mSystems’

Silander OK, Nikolic N, Zaslaver A, Bren A, Kikoin |, Alon U, Ackermann M.
2012. A genome-wide analysis of promoter-mediated phenotypic noise
in Escherichia coli. PLoS Genet 8:21002443. https://doi.org/10.1371/
journal.pgen.1002443.

Tonn MK, Thomas P, Barahona M, Oyarzin DA. 2019. Stochastic model-
ling reveals mechanisms of metabolic heterogeneity. Commun Biol 2:108.
https://doi.org/10.1038/542003-019-0347-0.

Golding |, Paulsson J, Zawilski SM, Cox EC. 2005. Real-time kinetics of
gene activity in individual bacteria. Cell 123:1025-1036. https://doi.org/
10.1016/j.cell.2005.09.031.

Feist AM, Palsson BO. 2010. The biomass objective function. Curr Opin
Microbiol 13:344-349. https://doi.org/10.1016/j.mib.2010.03.003.
Taheri-Araghi S, Bradde S, Sauls JT, Hill NS, Levin PA, Paulsson J,
Vergassola M, Jun S. 2015. Cell-size control and homeostasis in bacteria.
Curr Biol 25:385-391. https://doi.org/10.1016/j.cub.2014.12.009.

Sauls JT, Li D, Jun S. 2016. Adder and a coarse-grained approach to cell
size homeostasis in bacteria. Curr Opin Cell Biol 38:38-44. https://doi.org/
10.1016/j.ceb.2016.02.004.

Wallden M, Fange D, Lundius EG, Baltekin O, EIf J. 2016. The synchroniza-
tion of replication and division cycles in individual E. coli cells. Cell
166:729-739. https://doi.org/10.1016/j.cell.2016.06.052.

Campos M, Surovtsev IV, Kato S, Paintdakhi A, Beltran B, Ebmeier SE,
Jacobs-Wagner C. 2014. A constant size extension drives bacterial cell
size homeostasis. Cell 159:1433-1446. https://doi.org/10.1016/j.cell.2014
.11.022.

Pugatch R. 2015. Greedy scheduling of cellular self-replication leads to
optimal doubling times with a log-Frechet distribution. Proc Natl Acad Sci
US A 112:2611-2616. https://doi.org/10.1073/pnas.1418738112.

Kennard AS, Osella M, Javer A, Grilli J, Nghe P, Tans SJ, Cicuta P, Cosentino
Lagomarsino M. 2016. Individuality and universality in the growth-divi-
sion laws of single E. coli cells. Phys Rev E 93:e012408.

Wang P, Robert L, Pelletier J, Dang WL, Taddei F, Wright A, Jun S. 2010.
Robust growth of Escherichia coli. Curr Biol 20:1099-1103. https://doi
.0rg/10.1016/j.cub.2010.04.045.

Monod J. 1949. The growth of bacterial cultures. Annu Rev Microbiol
3:371-394. https://doi.org/10.1146/annurev.mi.03.100149.002103.

Morris JJ, Lenski RE, Zinser ER. 2012. The Black Queen Hypothesis: evolu-
tion of dependencies through adaptive gene loss. mBio 3:e00036-12.
https://doi.org/10.1128/mBio.00036-12.

Osella M, Nugent E, Cosentino Lagomarsino M. 2014. Concerted control
of Escherichia coli cell division. Proc Natl Acad Sci U S A 111:3431-3435.
https://doi.org/10.1073/pnas.1313715111.

lyer-Biswas S, Wright CS, Henry JT, Lo K, Burov S, Lin Y, Crooks GE,
Crosson S, Dinner AR, Scherer NF. 2014. Scaling laws governing stochastic
growth and division of single bacterial cells. Proc Natl Acad Sci U S A
111:15912-15917. https://doi.org/10.1073/pnas.1403232111.

Soifer I, Robert L, Amir A. 2016. Single-cell analysis of growth in budding
yeast and bacteria reveals a common size regulation strategy. Curr Biol
26:356-361. https://doi.org/10.1016/j.cub.2015.11.067.

Coles S. 2001. An introduction to statistical modeling of extreme values.
Springer, London, United Kingdom.

Micali G, Grilli J, Osella M, Cosentino Lagomarsino M. 2018. Concurrent
processes set E. coli cell division. Sci Adv 4:eaau3324. https://doi.org/10
.1126/sciadv.aau3324.

Micali G, Grilli J, Marchi J, Osella M, Cosentino Lagomarsino M. 2018. Dis-
secting the control mechanisms for DNA replication and cell division in E.
coli. Cell Rep 25:761-771.e4. https://doi.org/10.1016/j.celrep.2018.09.061.
Nilsson Al, Koskiniemi S, Eriksson S, Kugelberg E, Hinton JCD, Andersson
DI. 2005. Bacterial genome size reduction by experimental evolution.
Proc Natl Acad Sci U S A 102:12112-12116. https://doi.org/10.1073/pnas
.0503654102.

Dufresne A, Garczarek L, Partensky F. 2005. Accelerated evolution associ-
ated with genome reduction in a free-living prokaryote. Genome Biol 6:
R14. https://doi.org/10.1186/gb-2005-6-2-r14.

Giovannoni SJ, Tripp HJ, Givan S, Podar M, Vergin KL, Baptista D, Bibbs L,
Eads J, Richardson TH, Noordewier M, Rappé MS, Short JM, Carrington JC,
Mathur EJ. 2005. Genome streamlining in a cosmopolitan oceanic bacte-
rium. Science 309:1242-1245. https://doi.org/10.1126/science.1114057.
D’'Souza G, Waschina S, Pande S, Bohl K, Kaleta C, Kost C. 2014. Less is
more: selective advantages can explain the prevalent loss of biosynthetic
genes in bacteria. Evolution 68:2559-2570. https://doi.org/10.1111/evo
.12468.

msystems.asm.org 15


https://doi.org/10.1111/1462-2920.13767
https://doi.org/10.1016/j.jbiotec.2014.05.019
https://doi.org/10.1016/j.mib.2016.03.010
https://doi.org/10.1016/j.mib.2016.03.010
https://doi.org/10.1038/msb4100131
https://doi.org/10.1016/j.jmb.2015.10.019
https://doi.org/10.1016/j.jmb.2015.10.019
https://doi.org/10.1371/journal.pone.0064567
https://doi.org/10.1371/journal.pcbi.1002363
https://doi.org/10.1371/journal.pcbi.1002363
https://doi.org/10.1371/journal.pcbi.1001002
https://doi.org/10.1371/journal.pcbi.1001002
https://doi.org/10.1371/journal.pcbi.1005539
https://doi.org/10.1088/1478-3975/4/4/001
https://doi.org/10.1088/1478-3975/4/4/001
https://doi.org/10.1093/nar/gkt351
https://doi.org/10.1093/nar/gkt351
https://doi.org/10.1073/pnas.1416533112
https://doi.org/10.1126/science.1192588
https://doi.org/10.1038/nature15765
https://doi.org/10.1016/j.copbio.2011.04.014
https://doi.org/10.1016/j.copbio.2011.04.014
https://doi.org/10.1073/pnas.97.10.5528
https://doi.org/10.1038/msb4100046
https://doi.org/10.1038/msb4100046
https://doi.org/10.1111/j.1574-6976.2008.00146.x
https://doi.org/10.1101/gr.3364705
https://doi.org/10.1101/gr.3364705
https://doi.org/10.1186/s13059-019-1730-3
https://doi.org/10.1186/s13059-019-1730-3
https://doi.org/10.1126/science.1070919
https://doi.org/10.1126/science.1070919
https://doi.org/10.1038/nature13582
https://doi.org/10.1073/pnas.1110541108
https://doi.org/10.1073/pnas.1110541108
https://doi.org/10.1371/journal.pgen.1002443
https://doi.org/10.1371/journal.pgen.1002443
https://doi.org/10.1038/s42003-019-0347-0
https://doi.org/10.1016/j.cell.2005.09.031
https://doi.org/10.1016/j.cell.2005.09.031
https://doi.org/10.1016/j.mib.2010.03.003
https://doi.org/10.1016/j.cub.2014.12.009
https://doi.org/10.1016/j.ceb.2016.02.004
https://doi.org/10.1016/j.ceb.2016.02.004
https://doi.org/10.1016/j.cell.2016.06.052
https://doi.org/10.1016/j.cell.2014.11.022
https://doi.org/10.1016/j.cell.2014.11.022
https://doi.org/10.1073/pnas.1418738112
https://doi.org/10.1016/j.cub.2010.04.045
https://doi.org/10.1016/j.cub.2010.04.045
https://doi.org/10.1146/annurev.mi.03.100149.002103
https://doi.org/10.1128/mBio.00036-12
https://doi.org/10.1073/pnas.1313715111
https://doi.org/10.1073/pnas.1403232111
https://doi.org/10.1016/j.cub.2015.11.067
https://doi.org/10.1126/sciadv.aau3324
https://doi.org/10.1126/sciadv.aau3324
https://doi.org/10.1016/j.celrep.2018.09.061
https://doi.org/10.1073/pnas.0503654102
https://doi.org/10.1073/pnas.0503654102
https://doi.org/10.1186/gb-2005-6-2-r14
https://doi.org/10.1126/science.1114057
https://doi.org/10.1111/evo.12468
https://doi.org/10.1111/evo.12468
https://msystems.asm.org

Dutta and Saini

61.

62.

63.

64.
65.

66.

67.

68.

69.

70.

July/August 2021

D'Souza G, Kost C. 2016. Experimental evolution of metabolic dependency
in bacteria. PLoS Genet 12:21006364. https://doi.org/10.1371/journal.pgen
.1006364.

Boer VM, Crutchfield CA, Bradley PH, Botstein D, Rabinowitz JD. 2010.
Growth-limiting intracellular metabolites in yeast growing under diverse
nutrient limitations. Mol Biol Cell 21:198-211. https://doi.org/10.1091/
mbc.e09-07-0597.

Katzianer DS, Wang H, Carey RM, Zhu J. 2015. “Quorum non-sensing”:
social cheating and deception in Vibrio cholerae. Appl Environ Microbiol
81:3856-3862. https://doi.org/10.1128/AEM.00586-15.

Trivers RL. 1971. The evolution of reciprocal altruism. Q Rev Biol 46:35-57.
https://doi.org/10.1086/406755.

Travisano M, Velicer GJ. 2004. Strategies of microbial cheater control.
Trends Microbiol 12:72-78. https://doi.org/10.1016/j.tim.2003.12.009.
Hillesland KL, Stahl DA. 2010. Rapid evolution of stability and productivity
at the origin of a microbial mutualism. Proc Natl Acad Sci U S A
107:2124-2129. https://doi.org/10.1073/pnas.0908456107.

Morris BEL, Henneberger R, Huber H, Moissl-Eichinger C. 2013. Microbial
syntrophy: interaction for the common good. FEMS Microbiol Rev
37:384-406. https://doi.org/10.1111/1574-6976.12019.

D'Souza G, Waschina S, Kaleta C, Kost C. 2015. Plasticity and epistasis
strongly affect bacterial fitness after losing multiple metabolic genes.
Evolution 69:1244-1254. https://doi.org/10.1111/ev0.12640.

Sandoz KM, Mitzimberg SM, Schuster M. 2007. Social cheating in Pseudomo-
nas aeruginosa quorum sensing. Proc Natl Acad Sci U S A 104:15876-15881.
https://doi.org/10.1073/pnas.0705653104.

Harcombe WR, Riehl WJ, Dukovski |, Granger BR, Betts A, Lang AH, Bonilla
G, Kar A, Leiby N, Mehta P, Marx CJ, Segré D. 2014. Metabolic resource
allocation in individual microbes determines ecosystem interactions and
spatial dynamics. Cell Rep 7:1104-1115. https://doi.org/10.1016/j.celrep
.2014.03.070.

Volume 6 Issue4 e00448-21

72.

73.

74.

75.

77.

78.

79.

80.

81.

mSystems’

. Pande S, Shitut S, Freund L, Westermann M, Bertels F, Colesie C, Bischofs IB,

Kost C. 2015. Metabolic cross-feeding via intercellular nanotubes among bac-
teria. Nat Commun 6:6238. https://doi.org/10.1038/ncomms7238.

Thomas P, Terradot G, Danos V, Weile AY. 2018. Sources, propagation
and consequences of stochasticity in cellular growth. Nat Commun
9:4528. https://doi.org/10.1038/s41467-018-06912-9.

Cooper S, Helmstetter CE. 1968. Chromosome replication and the division
cycle of Escherichia coli. J Mol Biol 31:519-540. https://doi.org/10.1016/
0022-2836(68)90425-7.

Donachie WD. 1968. Relationship between cell size and time of initiation of
DNA replication. Nature 219:1077-1079. https://doi.org/10.1038/2191077a0.
van Hoek MJA, Merks RMH. 2017. Emergence of microbial diversity due to
cross-feeding interactions in a spatial model of gut microbial metabolism.
BMC Syst Biol 11:56. https://doi.org/10.1186/512918-017-0430-4.

. Pacheco AR, Moel M, Segre D. 2019. Costless metabolic secretions as driv-

ers of interspecies interactions in microbial ecosystems. Nat Commun
10:103. https://doi.org/10.1038/541467-018-07946-9.

Zomorrodi AR, Segreé D. 2017. Genome-driven evolutionary game theory
helps understand the rise of metabolic interdependencies in microbial
communities. Nat Commun 8:1563. https://doi.org/10.1038/s41467-017
-01407-5.

Cai J, Tan T, Chan SHJ. 1 September 2019. Bridging evolutionary game
theory and metabolic models for predicting microbial metabolic interac-
tions. bioRxiv https://doi.org/10.1101/623173.

Saavedra E, Moreno-Sanchez R. 2013. Metabolic control theory, p
1239-1243. In Encyclopedia of systems biology. Springer, New York, NY.
Moffitt JR, Bustamante C. 2014. Extracting signal from noise: kinetic
mechanisms from a Michaelis-Menten-like expression for enzymatic fluc-
tuations. FEBS J 281:498-517. https://doi.org/10.1111/febs.12545.
Shampine LF, Reichelt MW. 1997. The MATLAB ODE Suite. SIAM J Sci Com-
put 18:1-22.

msystems.asm.org 16


https://doi.org/10.1371/journal.pgen.1006364
https://doi.org/10.1371/journal.pgen.1006364
https://doi.org/10.1091/mbc.e09-07-0597
https://doi.org/10.1091/mbc.e09-07-0597
https://doi.org/10.1128/AEM.00586-15
https://doi.org/10.1086/406755
https://doi.org/10.1016/j.tim.2003.12.009
https://doi.org/10.1073/pnas.0908456107
https://doi.org/10.1111/1574-6976.12019
https://doi.org/10.1111/evo.12640
https://doi.org/10.1073/pnas.0705653104
https://doi.org/10.1016/j.celrep.2014.03.070
https://doi.org/10.1016/j.celrep.2014.03.070
https://doi.org/10.1038/ncomms7238
https://doi.org/10.1038/s41467-018-06912-9
https://doi.org/10.1016/0022-2836(68)90425-7
https://doi.org/10.1016/0022-2836(68)90425-7
https://doi.org/10.1038/2191077a0
https://doi.org/10.1186/s12918-017-0430-4
https://doi.org/10.1038/s41467-018-07946-9
https://doi.org/10.1038/s41467-017-01407-5
https://doi.org/10.1038/s41467-017-01407-5
https://doi.org/10.1101/623173
https://doi.org/10.1111/febs.12545
https://msystems.asm.org

	RESULTS
	Model development.
	Model properties and outcome.
	Effect of metabolite uptake and secretion on simulated cells.
	Growth advantage of auxotrophy.
	Towards reciprocal metabolic cross-feeding.

	DISCUSSION
	MATERIALS AND METHODS
	Model setup and calibration.
	Metabolic Adder and Metabolic Sizer.
	System of coupled differential equations used to compute metabolite production.
	Model simulation.
	Computing growth rate from generation times.
	Fitting to log GEV distribution.
	Statistical tests.
	Data availability.

	ACKNOWLEDGMENTS
	REFERENCES

