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Microbial ecosystems are commonly modeled by fixed interactions between species in
steady exponential growth states. However, microbes in exponential growth often
modify their environments so strongly that they are forced out of the growth
state into stressed, nongrowing states. Such dynamics are typical of ecological
succession in nature and serial-dilution cycles in the laboratory. Here, we introduce
a phenomenological model, the Community State Model, to gain insight into the
dynamic coexistence of microbes due to changes in their physiological states during
cyclic succession. Our model specifies the growth preference of each species along
a global ecological coordinate, taken to be the biomass density of the community,
but is otherwise agnostic to specific interactions (e.g., nutrient starvation, stress,
aggregation), in order to focus on self-consistency conditions on combinations of
physiological states, “community states,” in a stable ecosystem. We identify three
key features of such dynamical communities that contrast starkly with steady-state
communities: enhanced community stability through staggered dominance of different
species in different community states, increased tolerance of community diversity to
fast growing species dominating distinct community states, and increased requirement
of growth dominance by late-growing species. These features, derived explicitly
for simplified models, are proposed here as principles aiding the understanding of
complex dynamical communities. Our model shifts the focus of ecosystem dynamics
from bottom–up studies based on fixed, idealized interspecies interaction to top–
down studies based on accessible macroscopic observables such as growth rates
and total biomass density, enabling quantitative examination of community-wide
characteristics.

microbial ecology | bacterial physiology | community assembly | ecological succession

Microbial communities in natural environments are often highly dynamic, with
both endogenous and exogenous changes (1–7). Exogenous changes include periodic
replenishment of resources [e.g., the mammalian gut (8) and the ocean (9)], or resetting of
other environmental factors with periods of growth between these perturbations (10, 11).
Even laboratory experiments (12–14) on microbial ecosystems frequently adopt serial
dilution cycles with dynamic environments. In the case of endogenous changes, recent
studies have found that stable microbial communities do not settle simply into a fixed
state, but are instead driven through dynamic phases involving complex changes in the
environment such as depletion of oxygen and build-up of toxic waste (15–17). These
changes, in turn, alter the physiological states of the microbes in the community, slowing
down or even halting their growth. Changes in physiological states are often reflected in
changes in an organism’s metabolic uptake and secretion profiles and can induce more
complex behaviors such as aggregation, motility, toxin secretion, and contact-dependent
inhibition (18–21).

These observations have been interpreted using bottom–up models from theoretical
ecology (22, 23), which attempt to account for ecosystem assembly and stability in terms
of mechanistic effects such as resource competition arising from hardwired nutrient
preferences and gene expression responses (12, 13, 24). However, the mechanistic
effects invoked are mostly taken to be driven by changes in the environment, e.g., nutrient
concentrations, but not the state of the cell (22, 25–28). This assumption is practical, as
most mechanistic effects, to the extent they have been characterized quantitatively, have
been done for cells in exponential growth (11, 29–31).

This gulf between empirical observations and theoretical models raises questions
about the consequences of dynamic physiological state changes in shaping complex
communities (32). One possibility is that physiological state changes are merely details,
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not essential for understanding factors that enable community
assembly. From this perspective, nothing is lost by coarse-
graining over dynamics and modeling communities as if they
are in steady state. We would expect the community’s diversity
and structure to remain similar, regardless of whether microbes
are in a stable growth phase (e.g., exponential growth) or whether
interactions like metabolite secretion and uptake occur in a
temporally staged manner.

Another possibility is that physiological state changes create
dynamic niches that support complex communities. Since
microbes have a plethora of nongrowing states, this scenario
could significantly expand the ways of generating niches beyond
well-studied cases such as growth on distinct metabolites (27),
partitioning of real space (33), and division of externally dictated
temporal epochs (e.g., periods in diel or annual cycles) (34). Such
self-generated dynamic niches, if they exist, might have signatures
that are observable in microbial communities.

It is experimentally and theoretically challenging to understand
the effect of physiological state changes using the canonical
bottom–up theoretical frameworks, such as the generalized
Lotka–Volterra (gLV) or Consumer–Resource (CR) models,
since these models typically characterize organisms and their
interactions with fixed parameters. In these models, community
dynamics only involves changes in species abundances and
nutrient concentrations, with all interaction parameters taken
to be fixed in time, reflecting the underlying assumption that
each organism is in a fixed physiological state (e.g., exponential
growth). Hence, in bottom–up models, each physiological state
would minimally involve a different set of uptake and excretion
parameters; a given species would effectively be modeled as multi-
ple species over time. Thus, bottom–up models of dynamic com-
munities require extensive characterization and unconstrained
assumptions on specific details about what different cells do in
different conditions.

As a step toward quantitatively modeling communities of
species that undergo changes in physiological states, we intro-
duce a minimal top–down phenomenological framework, the
Community State (CS) Model. Our model is phenomenological
at the level of species density: the physiological state and thus the
growth rate of each species in a community is assumed to depend
on a single dynamical coordinate. This coordinate is taken here
to be the community biomass, and as a result, community states
are defined by biomass density intervals. Such a model can be
solved explicitly (numerically and in simple cases analytically)
to yield the temporal organization of community dynamics at a
quantitative level.

Analysis of the CS Model points to sequential dynamics
as a strategy to form a stable community involving multiple
species (35), a scenario that is underexplored in the current
literature. In this simple model, each species grows rapidly in
one (or a few) community states, defined over specific intervals
of biomass density, with little growth in other intervals. This
strategy is a distinct alternative to the cogrowth strategy based on
steady-state models with fixed physiological states, where many
species grow on resource niches simultaneously.

For this sequential growth strategy, our model reveals a
number of interesting features of community dynamics. We
find a) enhanced community stability by coordinating staggered
dominance of different species in different community states,
b) tolerance of community diversity to fast-growing species
if such growth is limited to specific community states, and
c) a requirement of increased growth dominance for late-
growing species. These features counteract the dominant notions

regarding species competition derived from steady-state systems,
and serve as principles to guide the understanding of complex
dynamical ecosystems.

Results

Case Study of Community Dynamics During Serial-Dilution
Cycles. The model of microbial community dynamics developed
here is inspired by a recent study of a seemingly simple cross-
feeding system subjected to repeated serial-dilution cycles (16):
two species of marine bacteria, Vibrio sp. 1A01 and Nep-
tunomonas sp. 3B05, isolated from a chitin-degrading coastal
community (36), were grown on N-acetyl glucosamine (GlcNAc)
as the sole carbon and nitrogen sources in batch culture. 1A01
consumes GlcNAc and excretes acetate and ammonium, while
3B05, which does not consume GlcNAc, can grow on the acetate
and ammonium excreted by 1A01 (Fig. 1A). Because 1A01 grows
on GlcNAc faster than 3B05 grows on acetate, acetate inevitably
accumulates in the medium, becoming toxic when reaching the
buffer capacity of the medium [which is low for seawater (37)].
In canonical syntrophy, toxicity would slow down the toxin-
excreting species more than the toxin-clearing species, resulting in
a stable state where both species grow exponentially (38). This is
not the case for the 1A01–3B05 coculture: acetate accumulation
in the environment slows down the growth of 3B05, the acetate-
consumer, more than that of 1A01, the acetate excretor. Thus
acetate is expected to accumulate, eventually arresting the growth
of the coculture. Since 1A01 grows faster and is inhibited later,
its gain should exceed that of 3B05 after a cycle of growth,
so that after a number of growth–dilution cycles, 1A01 should
dominate and 3B05 be purged. This indeed happens for the 6-h
growth–dilution cycles (Left panel, Fig. 1B). Yet when this system
was subjected to 24-h cycles, the two species managed to settle
down to a “stable cycle” after just a few transient cycles, with
comparable abundances and no acetate in the medium, based on
measurements at the end of each 24-h cycle.

Detailed analysis of the two-species dynamics revealed that
stability was achieved through a series of physiological transitions
during the 24-h growth period (Right panel, Fig. 1B). The
community went through a sequence of six states, 0 to 5 ,
each corresponding to a distinct combination of the physiological
states of the individual species as listed in Fig. 1C. The dynamics
of system is illustrated as a trajectory in the space of the
concentrations of the three metabolites (Fig. 1D) or as plots of the
growth rates of the two species over time (Fig. 1E): the first state
0 after dilution and nutrient replenishment is one where 1A01

adapts from the previous cycle without growth, but nevertheless
converts small amounts of GlcNAc into acetate, enabling some
slow growth of 3B05. This state occupies ∼1/3 of the duration
of the growth–dilution cycle (Fig. 1E) but results little biomass
changes (Right panel, Fig. 1B). The next state 1 is dominated
by the rapid growth of 1A01, which consumes large amounts of
GlcNAc and excretes nearly equal molar of acetate, fueling the
(slower) growth of 3B05 while reducing the pH of the medium.
State 2 commences when the pH hits a critical threshold (set
by the pKa of acetic acid), which briefly stops the growth of
1A01 and 3B05. The low pH and high acetate concentration
forces 1A01 into a state of acetate stress and the community into
state 3 . In this state, 1A01 excretes large amounts of glycolytic
intermediates (e.g., pyruvate). This stress-induced excretion plays
a key role in alleviating acetate stress, as it first allows 3B05 to
grow slowly despite the low pH, and then rapidly as acetate is
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Community assembly requires progression through multiple community states
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Fig. 1. Sequential transitions in a community’s state revealed in a simple coculture of a sugar consumer and an organic acid consumer. (A) Schematics
describing the dynamics of a coculture of marine bacteria Vibrio sp. 1A01, a sugar consumer, and Neptunomonas sp. 3B05, an organic acid consumer, growing
on N-acetyl glucosamine (GlcNAc) under repeated serial-dilution cycles: the coculture passes from an initial unstressed state in which 1A01 grows faster than
3B05 (pink box), to an acid-stressed state in which 3B05 grows but 1A01 does not (blue box). Pointed gray arrows indicate metabolic flow (thickness indicates flow
magnitude) and blunt-end arrows indicate growth inhibition. (B) Experimental investigation by Amarnath et al. (16) revealed coexistence only if serial-dilution
cycles were sufficiently long to allow for an intricate sequence of community states, i.e., different combinations of the physiological states of each species and
media conditions, labeled by the numbers in (C and D). Numerical data from a microscopic model simulating this experimental system is shown in (B) and
(C) shows changes in three major metabolites in the numerical simulation while table (D) describes the community states along the green path in (C). (E) The
growth rate of each species along the path in (C), i.e., between two serial dilutions (stable cycle shown). (F ) Perturbed trajectories (light green in the space of
metabolites in response to random perturbations of metabolites (±1% every 10 min). Unperturbed trajectory is in dark green. (G) Growth rate (light blue,red)
along perturbed trajectories in (F ) as a function of total carbon in the medium in that trajectory; for other potential eco-coordinates, see SI Appendix, Fig. S1.

consumed and pH creeps up (state 4 ). Although state 4 is very
brief in time (<10% of the cycle, Fig. 1E), it accounts for about
half of the increase of the biomass of 3B05 (Right panel, Fig. 1B)
and is thus a key state in allowing the maintenance of 3B05 in the
community. The high density of acetate-consuming 3B05 in turn
leads to the near complete removal of acetate from the medium
and the restoration of pH (state 5 ). The removal of acetate is
crucial to save 1A01 from death, making it available for another
round of growth when fresh nutrient arrives in the next cycle.

The above description of the dynamics makes it clear that the
stability achieved through a cycle is not due to a “balancing” of
different effects of the environment, as is presumed in canonical
syntrophy. Rather, it results from a sequence of physiological
states which conspire to arrange the growth of the two species in
a staggered manner, with 1A01 growing first, and 3B05 growing
later (after acetate stress prematurely stopped the growth of
1A01 while GlcNAc is still available). Thus, for this system the
sequence of physiological states is an essential feature giving rise
to the coexistence of the two species, and a coarse-grained steady-

state description would necessarily miss the metabolic basis of
coexistence.

Amarnath et al. (16) showed that this highly dynamical mode
of coexistence is not specific to the marine species studied:
dynamic coexistence through a similar physiological transition
of acid shock and recovery was shown also for cocultures of
species taken from a soil community or even between enteric
and soil bacterium. Metabolic analysis in refs. 16 and 39
suggests that such interactions are generic between species with
complementary sugar-preferring vs. acid-preferring bacteria, or
between glycolytically oriented vs. gluconeogenically oriented
modes of metabolism. Thus, dynamic coexistence with each
species passing through multiple physiological states in a cycle
may be the norm rather than the exception (12, 40–42).
Importantly, such dynamic coexistence must be contrasted with
coexistence due to specialized growth on different nutrients,
where each species is relatively indifferent to presence or absence
of the other species (43). In contrast, while 1A01 and 3B05 do
grow on different nutrients, each species is strongly dependent
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on the growth and nongrowth phases of the other, even if there
are no common nutrients.

The lack of reports of such dynamical features of microbial
communities may reflect the lack of time-resolved measurements.
For the system studied in ref. 16, many important activities
occurred within a 1 to 2 h window of the 24-h growth–dilution
cycles (such states 4 and 5 ) and are difficult to catch. It
may also be the case that the lack of dynamical measurements
is itself a reflection of the bias on steady-state characteristics and
stable coexistence of species, possibly biased by the large number
of theoretic studies on steady-state properties starting with the
pioneering work of MacArthur and May (23, 44).

A Top–Down Model for Complex Communities. To investigate
cyclic community dynamics efficiently, we propose a general
phenomenological model—the CS Model. In this model, we
take the growth rate, r�(ES(t)), of each species � to depend on the
community state ES(t). The high-dimensional state ES(t) includes
all aspects described earlier, from the internal physiological states
of microbes such as growth and nongrowth states to external
spatial structure, and progresses through multiple states due to
various environmental changes driven by the microbes themselves
as illustrated in Fig. 2. The growth of a species � during the jth
cycle is described by

d
dt
�(j)
� = r�

(
ES(t)

)
· �(j)

� (t) for 0 ≤ t ≤ T . [1]

When t reaches the growth period T , all densities are reduced by
a common factor � < 1, i.e.,

�(j+1)
� (t = 0) = � · �(j)

� (t = T ). [2]

Eqs. 1 and 2 define an effective “map” for the density of each
species at the beginning of each cycle, �(j)

� (0) starting from
the initial composition �(1)

� (0). For convenience, we choose the
growth period T to be sufficiently long such that the total cell
density, �tot(T ) ≡

∑
� ��(T ), has time to reach the maximum

�maxtot , where r� = 0 for all species.
Eventually, the community might settle into a stable cyclic

dynamics (referred to here as the “stable cycle”) such that �(j)
� (t =

0) = �(j+1)
� (t = 0) for all species �. We do not consider

here alternative possibilities such as oscillations and chaotic states
which are explored in refs. 45–48 but are uncommon in natural
communities as well as theoretical models (49).
Goal of the top–down CS Model. Bottom–up models can attempt
to compute the trajectory of the community state vector in the
stable cycle, hereby denoted as ESsc(t), by modifying steady-state
models such as the Lotka–Volterra model by including time-
dependent interactions Aij(t) (50, 51) or the CR model with
dynamic resource consumption or secretion rates (45, 52–55),
etc. However, deriving ESsc(t) through such models requires a
large number of parameters that is experimentally intractable to
determine. The CS Model, a top–down model, does not seek to
compute ESsc(t) but, instead, to derive self-consistency equations
on ESsc(t), and exploit these consistency conditions to predict
properties of communities that might be directly observed in
experiments.
The low-dimensionality assumption. To counter the explosion of
parameters experienced by bottom–up models that incorporate
time dependency, we will assume that ESsc(t) admits a low

dimensional description, i.e., community dynamics can be
captured by a small number of variables. In particular, we assume
that the system dynamics include a low-dimensional attractor to
which trajectories rapidly converge under perturbations, and that
these dynamics can be approximately described by coordinates
on the attractor (48, 56, 57). In the extreme, if a single variable
�(t) (an “eco-coordinate”) is sufficient, growth rate of species �,
r� (�(t)), would depend on all other species and the environment
only through the current value of �(t). Below, we explore this
extreme case and the resulting predictions.

Mechanistically, candidates for �(t) include the amount of
nutrients in the medium, the oxygen level (a major driver of
metabolic activity), the pH of the medium (a measure of fer-
mentation waste built up), the accumulation of quorum sensing
signal, or other global characteristics that changes monotonically
during community growth in a cycle. Note that the relation
between the growth rates r�(t) and �(t) does not need to be
mechanistically causal for our mathematical framework below, as
long as environmental variables are sufficiently correlated over the
stable cycle. A tight correlation between environmental variables
might actually arise due to the stability of the stable cycle itself, or
it might arise for mechanistic reasons such as mass conservation.
Also, as we will discuss later, if individual species in a complex
ecosystem each use simple regulatory strategies for their growth
rate, the resulting community dynamics will necessarily be low
dimensional with a good eco-coordinate, despite lacking a central
(community-wide) coordinator.

As an example of the low-dimensionality of the trajectories
that communities traverse, we perturbed the stable cycle in the
simulation of the case study of 1A01 and 3B05 discussed above by
shifting the metabolite levels randomly (± ∼1% every 10 min);
the resulting trajectories are shown in Fig. 1F. We plotted the
growth rate of the two species along these perturbed trajectories
as a function of several putative eco-coordinates �(t) such as
concentrations of GlcNac, Pyruvate, GlcNac + Acetate; see
SI Appendix, Fig. S1. While some of these choices show large
variation in growth rate for the same value of � (e.g., � = pyruvate
concentration), some choices result in highly reproducible curves
despite fluctuations (e.g., � = total amount of carbon atoms
consumed, as shown in Fig. 1G). These latter choices would
make better eco-coordinates as they reflect monotonic and stable
parameterizations of the trajectory. In particular, the plot in
Fig. 1G shows visually almost two equal regimes, one dominated
by the growth of 1A01 (early phase, with 20 to 40 mM C
remaining) and another dominated by the growth of 3B05 (late
phase, with 0 to 20 m C remaining).

Additionally, if all growth rates are nonnegative and
∂ �̇(t)/∂�� > 0 holds for all species, then we have the
nontrivial prediction (see SI Appendix, section S2E for details)
that the system features a unique stable cycle which is attained
asymptotically over repeated cycles (as long as all species are
present initially). While this prediction precludes multistability
(suggesting that no such one-dimensional eco-coordinate exists
if alternative stable states, oscillations, or chaos are observed), it
suggests that a feasible strategy for all species to guarantee their
survival despite large demographic fluctuations is to coordinate
their physiological response to environmental changes through a
low-dimensional representation of the environment.
Self-consistency and stability. We now derive a self-consistency
equation for the sequence of community states of the stable cycle,
ESsc(t), in the form of a stability condition. In a stable community,
after one cycle, the gain in cell density due to growth over a cycle
balances the dilution at the end of the cycle for each surviving
species �. This provides the following condition for stability:
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 Parameters of the top-down Community State model

Dilution 
factor, δ

Growth

Time T

Growth

Time TTime T
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Aggregation

Cross-feeding 

Quorum 
Sensing

Contact-dependent
Killing Chemotaxis

High Nutrient
Availability

Eco-coordinate η(t)
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Fig. 2. Top–down description of ecosystems with time-dependent interactions in the CS Model. Metabolic and other activity in microbial ecosystems can lead
to accumulating toxins, creation of spatial structure and creation or depletion of nutrients over time. These internally driven changed environments lead to
physiological changes in the microbes which can change how they interact with each other or with nutrients. As a consequence, species go through periods
of growth and no growth at different times. We model ecosystems that grow, gaining biomass for a period T , before being diluted into a fresh environment.
During the growth period, the community changes its environment through many complex processes shown, leading to a sequence of community states. The
CS Model assumes these processes to be turned on and off at different points along a one-dimensional phenomenological coordinate �(t) that parameterizes
the sequence of community states. In specific systems, �(t) might parameterize nutrient depletion, buildup of toxins, and spatial structure, etc. As suggested
by the cartoon, different species might dominate at different �(t).

∫ T

0
r�(ESsc(t))dt = − log(�), for all �. [3]

Under the low dimensionality assumption, through a simple
change of variables from t to �sc , this stability condition can be
written as (see SI Appendix, section S2E for details),

I� ≡
∫ �sc(T )

�sc(0)

r�(�sc(t))
d�sc/dt

d�sc = − log(�). [4]

Biomass as an eco-coordinate. Eq. 4 is not immediately useful
as it is not a closed equation—d�sc(t)/dt appears explicitly but
�sc(t) is not known without a bottom–up mechanistic model and
many specific assumptions on time/state-dependent interactions.
In our top–down approach, we make an alternative assumption
that allows for a closed, self-consistent description: we take the
eco-coordinate to be the community biomass during the cycle,
i.e.,

�sc(t) = �tot(t), [5]

where �tot(t) is determined from r� via

�tot(0) =
∑
�

��(0) and
d�tot(t)
dt

=
∑
�

r�(�tot)��. [6]

Thus, unlike other choices of the eco-coordinate �(t), which
require knowing the sequence ESsc(t), the assumption (Eq. 5),

which makes the growth rates r� depend on the biomass, can be
viewed as the minimal closure of the ecosystem dynamics.

The assumption (Eq. 5) converts the local stability criterion
of Eq. 4 to a global criterion (SI Appendix, section S2E) for
any nonnegative r�(�tot). For the specific case of a two-species
community, A and B, the criteria for coexistence is given by

IA,B ≡
∫ �max

tot

�·�max
tot

rA(�tot)
rB(�tot)

·
d�tot

�tot

> log (1/�) . [7]

and similarly IB,A > log (1/�). This two-species criteria were
previously studied by refs. 52 and 58 in the context of resource
competition with Michaelis–Menten saturation kinetics. We
discuss generalizations to multispecies ecosystems later.

Before exploring the consequences of the stability criterion
Eq. 7, we address some features and limitations of our assumption
of biomass being the eco-coordinate. First of all, we note that
assumption can be justified mechanistically in a number of cases,
e.g., diauxic shift, quorum sensing, acid shock (SI Appendix,
section S2B and Figs. S2 and S3). For more complex systems such
as the example of 1A01–3B05 interaction discussed above, we see
that total carbon remaining, which is essentially the negative of
the total mass of 1A01 and 3B05, i.e., �tot of this system, serves
empirically as a good eco-coordinate (Fig. 1G). We expect this
to be broadly true as the growth yields in bacteria are not that
different for different carbon sources (59).

Other advantages of using biomass as an eco-coordinate are
illustrated in Fig. 3: for example, biomass naturally emphasizes
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Biomass coordinate emphasizes phases relevant for community assembly

Predicting Impact of State-specific Physiological Traits on Community Assembly
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Fig. 3. Benefits of indexing community states by the accumulated community biomass. (A and B) Experimental data from ref. 16 on cell densities and acetate
concentration during a growth dilution cycle. (A) Key physiological shifts driving coexistence in ref. 16 occur in a brief (gray) time window marked by acid
stress-induced changes in acetate (black curve). Uniform real-time sampling may miss this window and overrepresents other phases. (B) In contrast, sampling
by community biomass emphasizes the gray region, highlighting dramatic metabolite changes that help reveal the mechanisms of community assembly. (C)
The ecological impact of a mutation that changes physiological traits in specific environments (here, reducing log phase crossfeeding) can be hard to predict
in bottom–up models. In the CS Model, that trait’s impact is seen as a shift in growth rate in a specific community state (here, 3B05’s light blue growth curve
becomes dark blue in the pink community state). The model’s key equations (Eq. 7) link these growth rate shifts to coexistence, and predict the mutation’s
effect on community assembly (here, reduced log phase crossfeeding results are predicted to increase stability due to more staggered growth).

growth phases most relevant for community assembly. As
shown in Fig. 3A, when plotted in real time, the most critical
physiological changes occur in a brief period indicated by the
gray band (where acetate build-up hits a threshold, leading to
subsequent stress-induced crossfeeding of pyruvates and other
metabolites). Based on the growth curves alone (red and blue
symbols) and without acetate data (black symbols), there would
not have been any reason to sample the short time period within
the gray band in Fig. 3A where multiple layers of cross-feeding
took place (16). In comparison, the time domain emphasizes
state 0 and the state after 5 in Fig. 3 where little biological
activities took place, while the all-important state 4 is largely
neglected. In contrast, when plotted against the total biomass
(Fig. 3B), we see a clear regime where 3B05 grows, catching up
to and exceeding 1A01.

Biomass-based results like Eq. 7 also offer an intuitive
framework to predict the effects of physiology-altering mutations
that would be difficult to predict from a microscopic bottom–
up model. For example, consider a physiological change in
3B05 that reduces its early-phase growth rate as shown by
the downward arrow in Fig. 3C. Although a naive expectation
might be that reduced growth on the cross-fed metabolite acetate

would destabilize coexistence—since cross-feeding is thought to
promote coexistence (12)—the biomass-based result in Eq. 7
predicts the opposite. Specifically, as analyzed further below,
reducing cogrowth in biomass intervals favors coexistence by
ensuring each species achieves sustained (but capped) growth in
the community state it dominates.

We note that the precise sequence of community state ESsc(t)
can depend on external parameters like initial supply of nutrients,
dilution factor �. This dependence is not a limitation of our
framework since we do not seek to predict the sequence of state
ESsc(t) (as sought by bottom–up models); instead, we merely seek
self-consistency equations (Eq. 7) that this stable cycle of states
must satisfy. On the other hand, indexing by biomass does have
limitations in its inability to capture biological effects such as cell
death or lag phases after saturation, or environmental changes
not associated with or driven by growth (45, 46, 60).

CS Model with Staggered Growth Dominance. Let us consider
a toy model of a two-species community with staggered growth
dominance. In this model, the growth functions rA(�tot), rB(�tot)
are step-like as shown in Fig. 4A: species A grows faster than B for
biomass �tot below a threshold value �ctot, with growth dominance
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rA,1

rB,1

rB,2

rA,2

rA,1

rB,1

rB,2

rA,2

B

C D

A

Fig. 4. Toy Model with staggered growth dominance predicts coexistence
of species. (A) Growth curves rX (�tot) for two species; species A grows rapidly
in the early community state that lasts for community biomass �tot < �c ;
species B grows faster when �tot > �c . (B) Species densities at the end
of consecutive serial dilutions from different initial conditions (black open
circles) for growth curves in (A) converge to a stable coexistence point (black
solid circle). (C and D) Same as (A and B) but the modified growth curves in
(C) lead to extinction of species A shown in (D). While growth curves in (A), (C)
are visually similar, Eqs. 8 and 9 predict that the two community states can
support two species in (A) but not in (C).

in this region quantified by p1 ≡ rA,1/rB,1. Conversely, species
B grows faster for �tot > �ctot, with growth dominance p2 ≡
rB,2/rA,2. This model can be viewed as a simplified version of
the 1A01–3B05 system discussed above (compare Fig. 4A with
Fig. 3E, with total carbon being the opposite of �tot).

It is tempting to interpret the two biomass intervals defined in
this model, �tot < �ctot and �tot > �ctot as two dynamic “niches.” As
each such niche is dominated by one distinct species, one might
expect the two species to coexist over many serial dilutions. This
is of course the case if the growth dominance of each species
in its niche is infinite, i.e., for rB,1 = 0 and rA,2 = 0, but not
necessarily if the growth dominances are weak, e.g,. p1 ≈ 1 and
p2 ≈ 1. Applying the mutual invasibility condition Eq. 7 to
the model of Fig. 4A gives us the precise conditions for stable
coexistence:

p1 · log(�ctot/(� · �
max
tot )) > log 1/� − p−1

2 · log(�max
tot /�ctot), [8]

p2 · log(�max
tot /�ctot) > log 1/� − p−1

1 · log(�ctot/(� · �
max
tot )). [9]

When the growth dominances p1, p2 and the width of biomass
interval �ctot satisfy these conditions (Eqs. 8 and 9), serial dilution
cycles starting from any initial condition converge to a unique
fixed point where both species are present; see e.g., Fig. 4B.
Generally, the state of the community in the stable cycle is
characterized by a coexistence ratio, defined as � ≡ 4�A·�B

(�A+�B)2 ,
which is 1 in the example shown. Outside of this regime, e.g.,
with visually similar growth functions shown in Fig. 4C, one of
the two species goes extinct over multiple cycles (i.e., �=0) as
shown in Fig. 4D. See SI Appendix, section S2D and Fig. S4 for
more analyses.

Thus the nature of niches that arise from community states
with staggered dominance is not immediately transparent—what
is the impact of the width of biomass intervals over which
a community state persists, what effect does their temporal

ordering have, and can such staggered dominance support
complex communities with many species? The phenomeno-
logical CS Model can be used to address these questions and
makes nontrivial predictions on how growth and nongrowth
states should be structured across a community for the stable
coexistence of its members. Below, we highlight three insights
derived from Eqs. 8 and 9 into the nature of these dynamical
niches for communities of two and more species with staggered
dominance.
Tolerance to growth dominance. In steady-state models, domi-
nant growth of a species on a nutrient precludes other species
growing on that same nutrient (44, 61). However, this is not so
in the CS Model with staggered growth dominance. Consider
the two-species, two-interval toy model again. As shown in Fig. 5
A and F, as the growth dominance p1 of species A in the first
biomass interval increases from 1, the coexistence ratio � does
increase but saturates at � < 1, indicating that the other species
is not extinguished even as p1 →∞. The saturation value of �
is dependent on p2, the value of growth dominance in the other
regime (Fig. 5, see exact analytical results in SI Appendix, section
S2D). This reveals the origin of the tolerance of coexistence
to growth dominance in the CS Model: dominance in one
community state does not necessarily extinguish others because
they can thrive in other community states.

The tolerance to growth dominance seen in this model
contrasts with a basic tenet of ecology, that species utilizing
resources efficiently will drive other species to extinction. This
notion, which is at the root of the “paradox of the plankton” (62),
arises largely from analysis of steady-state models for which all
species grow at a single rate in the steady state. It is such a steady-
state perspective that raises questions about the coexistence of

rA,1

rB,1

rB,2

rA,2

rA,1

rB,1

rB,2

rA,2

p2 rB,2/rA,2

p 2 
r A

,1
/r

B,
1

p1 rA,1/rB,1

p2 rB,2/rA,2=5

p2 rB,2/rA,2=1
p2 rB,2/rA,2=3

A

C D

B

Fig. 5. Key features of community states as niches. Starting from the
parameters in the toy model presented in Fig. 4, (A) we increase growth
dominance p1 = rA,1/rB,1 of species A in the first community state. (B) Stable-
cycle abundance of species A as a function of growth dominance p1 shows
a quickly saturating effect. The black (solid, dotted, dashed) lines are values
(computed numerically and analytically) for p2 = 1,3,5 respectively, and
the gray lines are the asymptotic values as p1 → ∞. (C) We consider a
coordinated change of growth dominance p1 , p2 across multiple community
states. (D) Rate of convergence back to stable coexistence point (i.e., Lyapunov
exponent of stability) as a function of growth dominances p1 , p2; ecosystem
stability increases without saturation for coordinated changes in dominance.
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slow-growing species in a community, e.g., 3B05 in the example
of Fig. 1. In contrast, staggered growth allows individual species
with significant growth advantages in one community state to
coexist with other slower species (thus retaining “services” by the
latter in other more challenging community states). This effect
will play a pivotal role in the coexistence of larger communities
to be described below.
Stability through coordinated dominance. While coexistence tol-
erates strong individual growth dominances as described above,
the coexistence regime is broadened if both p1 and p2 are large,
see SI Appendix, Fig. S5. This effect is seen also in the robustness
of coexistence, measured by the convergence rate to the stable
cycle following small perturbations (the Lyapunov exponent); see
Fig. 5C andD. This metric is also a measure of the stability of the
ecosystem against environmental or physiological fluctuations.

Since enhancement in the size and stability of the coexistence
region requires increases in growth dominance in distinct
community states (i.e., p1 and p2), such a communal effect is
aided by different species coordinating their growth dominance
across multiple community state. However, individual species can
also contribute to this coordination, as a species can increase the
growth dominance of another species in its dominant growth
interval by reducing its own growth in that interval; e.g.,
species A can increase p2, the dominance of species B in state
2, by decreasing rA,2. Thus, this global coordination can be
facilitated by individual species specialized to dominate in distinct
community states.
Increased dominance requirement for late-growing species. The
coexistence criteria IA,B, IB,A are not symmetric between species
A andB. This asymmetry can be traced to a “priority effect” where
speciesA capitalizes on early growth, accumulating large numbers
while species B’s growth occurs in a later biomass interval (55,

Increased growth dominance for late species

A

B

C
D

Normalized Community Biomass

Normalized Community Biomass

A B

C D

Fig. 6. Staggered CS Model reveals late species must feature increased
growth dominance to survive. (A) A 10-species ecosystem with each species
“dominant” with high growth rate r+ in a unique community state and r−
elsewhere; all community states last equal intervals of normalized community
biomass � ≡ (�tot/�max

tot − �)/(1 − �). (Here � is the dilution factor between
growth cycles. Growth dominance p = r+/r− = 5.) (B) Stacked chart shows
species abundance at the end of each cycle (in fraction of total biomass) over
multiple serial-dilution cycles. (C and D) Same as (A and B) but with wider
biomass intervals for later community states (Eq. 10). The wider intervals for
later species compensate for the priority effect enjoyed by early species.

63, 64). The consequences of this priority effect are shown for an
N -species community in Fig. 6 A and B: if each species is
dominant in a unique biomass interval of equal width (with
equal value of growth dominance p in each community state),
late-growing species are driven extinct after several cycles.

We find that members of such a community can all coexist de-
spite the priority effect if early-growing species occupy narrower
biomass intervals. Based on Eqs. 8 and 9, we were able to derive
a special distribution of biomass interval (SI Appendix, section
S2H) for coexistence. Expressed in the normalized biomass
coordinate � = �tot/�max

tot , we find that for each species in
the community to exist at equal frequency, then the width
interval Δ�n for the species growing in the nth-interval must
be exponentially large, with

Δ�n ∼ (1/�)n/(N+p−1), [10]

provided that growth dominance p does not greatly exceed N ;
see Fig. 6 C and D. Thus, appropriate choices of growth intervals
can counteract the priority effect. Alternatively, the priority effect
can be counteracted by stronger growth dominance of the late-
growing species even if the biomass intervals of the different states
are equal; see SI Appendix, Fig. S8 and ref. 55. These results
underscore and quantify the large (exponentially increasing)
burden faced by late-growing species to be included stably in
large communities.

CS Model with Overlapping Growth Dominance. In a many-
species community, it is unlikely that the intervals for dominant
growth for different species would be perfectly staggered as
depicted in Fig. 6C. In this section, we relax the staggering
constraint, allowing the growth preference of different species to
overlap in multiple community states (i.e., in multiple biomass
intervals). This allows different species to compete in the same
community state. We model this effect by a “preference matrix”
where each element of the matrix denotes the community state
in which each species can grow fast or slow (the “growth
preference”), with the boundaries of the community states taken
to be the same for all species (given by defined biomass values
(�i−1 and �i for the ith community state). We allow for each
species to grow preferentially in any community state, so that
we can assess the effect of competition between species growing
preferentially in the same community states.

We first explored the case where each community state can
support the rapid growth of a fixed number Ks of species.
An example of a preference matrix is shown in Fig. 7A; each
community state was assumed to take the same average interval
Δ� of biomass. In each community state (i.e., column of matrix
shown), we assigned a high growth rate r+ for Ks randomly
chosen species and a low growth rate r− that is a p = 100 times
lower than r+ for all other species. 30% random variation added
to each parameter; see SI Appendix, section S2I. The results,
shown in Fig. 7B), display an expected decrease in stable-cycle
diversity with an increasing number of species Ks competing in
each community state. However, the decrease in surviving species
is slower than a naive expectation of N/Ks.

To gain insight into which species survive, contrast rows of
the matrix corresponding to surviving (blue) and extinct species
(red) in Fig. 7A. Survivors (blue) tend to grow fast in five or more
community states while extinct species (red) have mostly three
preferred states. To test this hypothesis, we plotted the average
number of preferred states (states in which a species grows at r+)
for the surviving and extinct species for the N = 100 system

8 of 12 https://doi.org/10.1073/pnas.2405527122 pnas.org
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Fig. 7. Competition and coexistence in complex communities. (A) Ks model of random preferences: Ks randomly chosen species are given high growth rate r+
in each community state that lasts for a fixed interval of community biomass �; all other species are set to slow growth r− in that interval. Illustrative example
shown in (A) with Ks = 4, N = 10 total species and growth dominance p = r+/r− = 100. After many serial-dilution cycles, some species persist (blue) while
others go extinct (red). (B) Average number of surviving species with N = 100 exceeds naive expectation N/Ks (black line). (C) The average number of “state
shares” for surviving species and extinct species as a function of Ks ; here, state share is the share of community states that each species grows quickly in. For
example, Species A in Fig. 5A receives 1/4 of each state in grows quickly as it shares the fast growth with three other species, and thus has a total of 1.25 state
shares. (D) Kn model of random preferences: each species is assigned a high growth rate r+ in Kn randomly chosen community states and slow growth r− in
other states. Illustrative example shown with Kn = 4, N = 10. (E and F ) Same as (B and C) but for the Kn model. (F ) Average number of state shares for surviving
species and extinct species as a function of Ks ; state share is defined as in (C), but here each species may share each state with a different number of species.
(G) Time course of normalized biomass for the surviving species over a stable cycle in an illustrative example of 10 species with Ks = 4 preferred niches and
Kn = 4 competitors in each niche (imposing constraints of both Ks and Kn models). Species show a complex disordered pattern of growth and no-growth states
with subtle correlations that enable coexistence. (Error bars in all panels indicate SD from 10 simulations of different growth matrices with 30% variation in r+,
r−, and Δ�) .

(Fig. 7C ); we see that the surviving species are generalists who
can grow rapidly in multiple community states.

We next explore the situation where each species has a fixed
number Kn of preferred states, i.e., now, all species are generalists
to an equal extent. However, the identity of the preferred
community states for each species is randomly chosen; see Fig. 7D
for an example matrix. The number of surviving species is now
clearly increased compared to the Ks model; compare Fig. 7E
to Fig. 7B. What factors distinguish the surviving and extinct
species? The specific example in Fig. 7D suggests that extinct
species had more competitors in their preferred community
states. To confirm this, we calculated the average number of
preferred states for each species, weighted by the number of
competitors that also grow fast in that state. Plotting this
competition-weighted average state share for the N = 100
system, we find the surviving species (blue) indeed have a
higher share of their preferred community states compared to
extinct species (red) (Fig. 7F ). Trajectories of species abundances
(Fig. 7G) show that the dynamics in such systems no longer
follow orderly succession dynamics but instead, show a seemingly
disordered array of growth curves that are nevertheless cyclic and
hence maintain coexistence.

In SI Appendix, Figs. S9 and S10 and section S2J, we consider
a Consumer Resource model in a chemostat with each species
growing on multiple resources. We explored similar constraints
as above, with the total number of species growing on each

resource (Ks) fixed or the number of resources each species grew
on (Kn) fixed. We find that the fraction of surviving species for
fixed Kn (43% for Kn = 10) is lower than in the CS Model (52%
for Kn = 10) and higher for fixed Ks (34% for Ks = 10) than in
the CS Model (28% for Ks = 10).

Discussion

In this work, we investigated models of microbial growth
and survival in communities undergoing repeated cycles of
environmental fluctuations with prolonged periods between
nutrient replenishments, as seen in the wild (36, 65) and in serial-
dilution lab experiments (12, 39, 66). Under these conditions,
exponential steady-state growth is unsustainable due to resource
consumption, waste accumulation, and other processes that speed
up exponentially in time.

Predicting dynamics in such cyclic systems from bottom–
up models is challenging, given our limited understanding
of microbial behaviors beyond exponential growth (65, 67).
Here, we developed a top–down CS Model, by assuming that
the cyclic dynamics are low dimensional; we exploited the
simplest closure of equations, namely that total biomass is the
low dimensional eco-coordinate. We discussed the justifications
for these assumptions, using a recent experimental investiga-
tion (16) as a case study. We derived quantitative self-consistency
conditions on dynamical behaviors of community members
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after repeated serial-dilution cycles, requiring the input of only
several experimentally measurable quantities: the instantaneous
growth rates of community members {r�(t)} and the total
biomass �tot(t).

In theoretical ecology, it is common to “coarse-grain” or
ignore dynamics seen in real systems for the sake of “sim-
plicity” (68, 69). However, the work here shows such coarse-
graining a) destroys the link between physiology and ecology
and b) overlooks an important source of niches. For (a), we
note that the classic work on seasonal resources by Stewart
and Levin (58) was dismissed as a mathematical observation
without broad physiological relevance, but our work argues that
their mechanism of dynamic coexistence is the essential link
between physiology and ecology. We find that dynamic niches
are more relevant given the complex physiology and nonlinear
growth dependencies in real microbial ecosystems (12, 16, 17).
For (b), we have quantified how physiological states can serve
as dynamic niches. One major finding here is that community
states differ from resource niches where many species can coexist
by specializing on different resources, almost indifferent to the
presence of other species: the dynamic nature of community
states implies that the growth of one species strongly affects
the growth of another. Our self-consistency criteria (Eq. 7)
quantify dynamic niche overlap, with their explicit dependence
on growth rate ratios serving as a fitness-like measure in dynamic
contexts.

Our main results on physiological states as niches are as follows:
1) Community stability through coordinated staggering of growth
dominance: Coordinating to stagger the fast growth phases of
different species across distinct community states—rather than
growing simultaneously—ensures stable coexistence. 2)Tolerance
to growth dominance: increasing the growth rate of an individual
species in its favored state does not necessarily eliminate other
species and does not impact community diversity. 3) Increased
requirement on growth dominance for late-growers: species growing
in late community states must grow (exponentially) faster or grow
for (exponentially) larger biomass intervals than species in early
states.

A key strength of our model is its anchoring on experimen-
tally accessible quantities rather than inaccessible interaction
parameters. Instantaneous growth rates of individual species can
be obtained from transient changes in species abundances (via
e.g., 16S sequence as proxy), and the total community biomass
can be obtained by measuring total protein or total RNA as
proxies, or simply by the optical density if the culture does not
aggregate. This allows the investigation of community dynamics
to go beyond taxonomic characterization, and without invoking
numerous fitted “interaction” parameters such as those employed
in Lotka–Volterra or CR models, but based directly on the
quantitative analysis of the dynamic data. For example, suppose
a community is observed to exhibit a certain dynamical sequence
{r�(t)} for one cycle, can this sequence persist after repeated
serial dilution cycles? For a community that settles down to
a stable cycle with {rsc� (t)}, do the data capture all the major
species? And, might data from some important time intervals
be missing? Concrete predictions of the CS Model, e.g. late
species require increased dominance to survive, can be tested
experimentally by acquiring dynamic growth data. In this sense,
the CS Model is a phenomenological model that can be updated
directly from data.

Our approach shares common elements with other top–down
approaches like the Stochastic Logistic Model (70, 71) and
recent data-driven models (72, 73) without explicit interspecies
interactions. However, unlike these other models which attribute

growth rate fluctuations to external factors, our model focuses
on endogenously driven changes. Our model can be extended to
incorporate external fluctuations perturbing growth niches across
hosts or cycles, predicting abundance distributions as in ref. 70. A
key distinction is that our approach imposes closure conditions on
cycle-to-cycle growth rate variations to ensure stable but dynamic
coexistence.

We also distinguish our findings from the well-known Storage
Effect (43). While both the CS Model and the Storage Effect
provide mechanisms for stable coexistence through negative
frequency-dependent selection arising due to differential re-
sponses to the environment, the Storage Effect concerns ex-
ogenous temporal fluctuations near an equilibrium community
while the CS Model concerns deterministic and endogenous
temporal variations. The CS Model is in fact more similar to
“classical coexistence mechanisms” such as resource partitioning
or differential predator pressures (74), as it implicitly admits
different environmental limiting factors such as nutrient supply,
pH change, signaling molecules, etc. in the form of different
community states. As such, the Storage Effect and the CS Model
are not mutually exclusive either.

A key notion in our work is the existence of global com-
munity states with a low dimensional parameterization, the
eco-coordinate �(t), that can be sensed by microbes in that
community. Our results suggest that it would be advantageous
for organisms to use this information to adjust their behavior and
grow in specific community states since such regulation would
increase their chance of survival in the community. For example,
organisms occupying early phases of the cycle may benefit from
limiting their own growth there, so as not to eliminate other
species active later in the cycle, those which could help the
survival of all species in later phases of the cycle—as is the
case for acid-induced stress relief (16), the early blooming acid-
producing sugar eater is rescued from death by the late-blooming
acid consumer which removes the excreted acid and detoxifies
the environment. In this light, the acid consumer can be viewed
as “public good” for the community, and the puzzle of species
coexistence can be viewed as a problem of coordination around
a public good. A possible future direction employing the CS
Model would be to explore how diverse communities are robust
to cheater strains that seek to maximize growth while impacting
community diversity. Our findings already present possible
explanations such as the tolerance of community diversity to
growth dominance and greater stability through coordinated
dominance, which suggest that species seeking optimal growth
within their dynamic niche do not affect community diversity,
and species seeking long-term survival instead benefit from
specializing in their niche. However, these explanations currently
lack physiological justifications constraining the ability of species
to grow quickly in multiple dynamic niches.

We believe this eco-coordinate-based regulation hypothesis is
biologically plausible: first, a number of key physiological param-
eters, e.g., pH, oxygen content, waste products, and iron availabil-
ity, change with the accumulation of community biomass (75),
and the values of these parameters to cause transitions in the
physiological states of individual organisms are known. Second,
it is known that several autoinducers are produced and sensed by a
wide range of both gram-positive and gram-negative bacteria (76–
78). In fact, AI-2 has been proposed to serve as a “universal signal”
for interspecies communication (79–81). Third, it is common
for microbes to develop sensors to detect important features
of their environment (82–85); as total community biomass is
clearly an important dynamical variable that can be used to
forecast the fate of the community (e.g., how close to the
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carrying capacity), it would not be surprising if organisms have
evolved schemes to sense the total biomass. Various bacterial
species may detect additional features of the community state,
possibly in species-specific manner, and integrate the available
information through regulatory mechanisms. In fact, in the case
of bacterial toxicity, it has been shown that regulation of toxin
production is associated with local biomass using experimental
data (86), an optimal strategy according to evolutionary simu-
lations (87–90), and a strategy found to afford fitness benefits
experimentally (91).

Thus we can speculate, inspired by the CS Model, that
organisms might actively regulate their own physiology by sensing
low-dimensional, community-wide signals and thus organize
stable ecosystems despite lacking an obvious central organizer for
the community. Indeed, the existence of a group of organisms
that can sense and respond to common low-dimensional features
in the environment may be taken as a key characteristic that
defines a “community.”

Materials and Methods

All numerical results in Figs. 1 and 3 were obtained by simulations per-
formed in Matlab (code available at https://github.com/avaneeshnarla/dynamic-
metabolic). All other results were obtained using simulations performed in
Python 3 using forward Euler integration. For the results in Figs. 4 and 5, the
integration was performed in time with a growth period of 20 units and a time
resolution of 0.001 units. For Figs. 6 and 7, the integration was performed in

the normalized biomass coordinate (�) ranging from 0 to 1, with a resolution
of 0.001 units distributed evenly between the niches (such that each niche
required the same number of forward integration steps). The initial population
abundances in all cases were random fractions of � · �max

tot , a dilution of the
maximum biomass attainable by the population as per our model. Random
numbers were drawn from a uniform distribution using Python 3’s Random
package.

Data, Materials, and Software Availability. There are no data underlying
this work.
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