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Abstract. Microbial communities, comprising phototrophic
and heterotrophic microorganisms, play a crucial role in
global biogeochemical cycles. However, existing biogeo-
chemical models rarely take into account the complex in-
teractions between these groups, usually focusing on com-
petition for resources instead. In this work, we introduce
the Microbial Community Model (MCoM), a framework for
simulating the dynamics of diverse microbial communities.
MCoM incorporates a wide range of interactions, such as
cross-feeding, metabolite effects, and competition for nutri-
ents. The model differentiates between dissolved organic nu-
trients (DON) and carbon (DOC), accounts for phytoplank-
ton and heterotrophic bacterial species-specific organic mat-
ter release and uptake profiles, and simulates the impacts
of bacterial metabolites on phytoplankton growth. Imple-
mented as a box model, MCoM tracks phototrophic and het-
erotrophic biomass, active metabolites, DOC, DON, and in-
organic nutrients through non-linear differential equations,
enabling the exploration of emergent properties and feed-
backs. We demonstrate the model’s capabilities through sim-
ulations of experimental data of pairwise co-cultures of het-
erotrophic and phototrophic microorganisms, and find over-
all good agreement. Due to the scalable implementation,
interaction matrices for larger, i.e. hundreds, of microbial
groups can easily be realised. We show examples for such ap-
plications of MCoM in assessing emergent dynamics, includ-
ing periodic succession patterns and multi-stability. MCoM
provides a versatile, scalable, and customizable platform for

assessing the range from pairwise interactions to complex
microbial communities and their impact on biogeochemical
fluxes.

1 Introduction

Microorganisms are the main driver of global biogeochem-
ical cycles of major elements such as carbon, nitrogen and
phosphorus. The microbially mediated turnover of these el-
ements does not happen in isolation, because microorgan-
isms live in diverse, interacting communities. The study of
such communities in oceanic ecosystems and their adequate
representation in biogeochemical models is key to under-
standing global elemental cycles, which in turn are crucial
for the Earth’s ecosystems and the habitability of the planet
(Tagliabue, 2023). Arguably the two most fundamental pro-
cesses in these ecosystems are photosynthetic primary pro-
duction that fixes inorganic carbon and nutrients into organic
biomass, and heterotrophic decomposition of organic matter
back to CO; and inorganic nutrients. Biogeochemical mod-
els are powerful tools to quantify elemental fluxes mediated
by phototrophic and heterotrophic microorganisms at vari-
ous scales. They can generally achieve good agreement with
observations in terms of common macronutrients and carbon
reservoirs (e.g., Friedrichs et al., 2007; Séférian et al., 2020),
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and a biogeochemical component is a central part of state-of-
the-art global Earth System Models.

When modeling the interactions between phototrophic
phytoplankton and heterotrophic bacteria and archae, it is im-
portant to capture their mutual trophic dependency. On one
hand, the growth rates of heterotrophic consumers are pri-
marily driven by the availability of organic matter, which
is synthesized from inorganic nutrients and carbon by phy-
toplankton populations. A key factor influencing the com-
position of the heterotroph community is the specific com-
position of this organic material produced by phytoplank-
ton, which varies between species (Sarmento et al., 2013;
Becker et al., 2014; Miihlenbruch et al., 2018) and favors
different consumers that are adapted to specific compounds
(Teeling et al., 2012; Sarmento et al., 2013; Elovaara et al.,
2021). Phytoplankton not only release DOM through the
breakdown of previously assimilated biomass but also exude
excess of newly fixed carbon (Myklestad, 2000; Thornton,
2014). The composition of these exudates can vary signifi-
cantly depending on environmental conditions, phytoplank-
ton species, and growth phase (Buchan et al., 2014). In par-
ticular, the elemental ratios of the exudates are influenced
by the growth-limiting factor, resulting in varying carbon-to-
nutrient ratios, potentially imposing subsequent limitation on
heterotrophic bacterial communities (Saad et al., 2016). In
turn, phototrophic phytoplankton is dependent on the recy-
cling of organic matter that provides new inorganic nutrients,
a process mediated by heterotrophic organisms.

A main limitation of traditional biogeochemical modelling
approaches is their focus on competition for resources among
microbes, mainly phytoplankton, neglecting widespread ex-
perimental evidence that interactions between phototrophs
and heterotrophs comprise positive, neutral and negative
interactions resulting from cross-feeding or metabolite ex-
change (Sher et al., 2011; Seymour et al., 2017; Cirri and
Pohnert, 2019; Kost et al., 2023). For example, certain bac-
teria release siderophores, which can either sequester iron,
limiting its availability to phytoplankton or make it more ac-
cessible (Maldonado and Price, 1999; Kazamia et al., 2018).
Other bacteria produce algicides (Coyne et al., 2022), while
some synthesize beneficial metabolites such as vitamin B12
(Sultana et al., 2023), or hormones like auxins (Amin et al.,
2015). Further, heterotrophic bacteria may relieve oxida-
tive stress on phytoplankton by degrading reactive oxygen
species, e.g., hydrogen peroxide (Morris et al., 2022).

These microbial interactions are ubiquitous (Kost et al.,
2023), and systematically affect the rates of growth and
elemental turnover of microorganisms and, hence, biogeo-
chemical fluxes (Seymour et al., 2017). Even though these
interactions occur on cellular scales, they may have cas-
cading effects on the entire ecosystem with consequences
for carbon cycling and, ultimately, climate regulation. How-
ever, a mathematical framework on how to incorporate these
widespread microbial interactions and link it to elemental
turnover is missing, hampering our ability to systematically
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assess their community-level effects. Existing theoretical ap-
proaches have started including cooperation (De Mazancourt
and Schwartz, 2010) or facilitation (Koffel et al., 2021) into
consumer-resource theory, but have not yet been applied in
biogeochemical modelling. To address the middle ground
between purely theoretical and species specific models, we
present the Microbial Community Model (MCoM), which
is designed to simulate the dynamics of microbial commu-
nities, encompassing both phototrophic and heterotrophic
populations and account for various types of interactions.
MCoM incorporates features such as the differentiation of
dissolved organic nutrients (DON) and carbon (DOC), DOM
release profiles of phytoplankton and heterotrophic bacte-
rial species, DOM preference profiles of heterotrophs, as
well as the positive or negative impacts of bacterial products
on phytoplankton growth. Microbial interactions are repre-
sented through matrices that can be constructed based on
general network properties, enabling the analysis of collec-
tive behaviour such as microbial succession and resource
turnover without requiring explicit knowledge of all individ-
ual interactions. Additionally, the model accounts for com-
petition for inorganic nutrients, excess production of DON
and DOC by phytoplankton, and excess remineralization of
DON by heterotrophic bacteria. Currently implemented as a
box model, MCoM tracks state variables such as biomass,
DOC, DON, and inorganic nutrients in a homogeneous vol-
ume of water through non-linear differential equations. This
approach allows exploration of emergent properties and feed-
backs within microbial communities, which may be essential
for advancing predictive oceanic and climate modelling.

We describe the mathematical formulation of the model in
Sect. 2. In Sect. 3, we present several examples to evaluate its
capabilities to fit experimental data and to describe emergent
dynamics, and we discuss these examples and the model’s
assumptions and possible future developments in Sect. 4.

2 Model description

Figure la gives a schematic overview of the processes im-
plemented in MCoM. Most importantly, the model includes
two types of microbial populations: phototrophs and het-
erotrophs. Phototrophs fix CO; (which is assumed to be
abundant and is therefore not explicitly modelled) and an in-
organic nutrient. Photosynthesis and nutrient uptake can be
decoupled in the model, with the excess material (e.g. DOC
in the nutrient limited case) is released by the cell into the
surrounding water. DOC and DON are also released when
cells disintegrate, where each species can be assigned an as-
sociated composition of DOC and DON compounds. Het-
erotroph populations feed on dissolved organic material and,
optionally, on the inorganic nutrient. If DON is abundant, ex-
cess remineralization may occur if configured. Upon mor-
tality, heterotrophic biomass is transformed to the DOC and
DON pools, in an analogous way as for phototrophs. Addi-
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Figure 1. (a) Model structure as flux diagram between different elemental pools. DOC: dissolved organic carbon; DON: dissolved organic
nutrient; DIN: dissolved inorganic nutrient. (b) Schematic representation of network connectivity between different multi-dimensional com-

ponents: adjacency matrices connect state vectors.

tionally, heterotroph populations can be modelled to produce
specific metabolites. These can be configured to impact the
mortality rate of defined phototrophs, such that symbiotic or
inhibitory interactions can be implemented. Hence, complex
community interactions can be reproduced, which may shift
with environmental conditions. For instance, with a shift to
higher nutrient availability, nutrient competition between a
phototroph and a heterotroph could switch to mutualistic pro-
vision with DOM and remineralized nutrient, respectively.

2.1 State variables

In MCoM, any momentary state of the microbial model sys-
tem is represented by variables describing chemical concen-
trations and population densities of the model’s components.
These state variables are time-dependent, where the time ¢ is
measured in days. MCoM'’s state space is comprised of the
following variables:

— Phytoplankton population densities P;(t), i€P
(cells L~1)
— Heterotroph population densities H;(t), ie€H

(cells L™1)

Concentrations of dissolved organic nutrient (DON)
compounds D; (¢), i € N (mM(N))

Concentrations of dissolved organic carbon (DOC)
compounds D;(t),i € C (mM(C))

Concentrations of bacterial metabolites acting on phy-
toplankton growth M;(t),i € M (L™1)

The nutrient concentration N (¢) (mM(N))
2.2 Notation

We are using index sets P (phototrophs), H (heterotrophs),
N (DON compounds), C (DOC compounds), and M
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(metabolites) throughout the text to enumerate the differ-
ent components of a specific type. These indices are used
extensively to refer to parameters, which occur in different
contexts. For instance, V;_,; with i € H and j € C denotes
the maximal uptake rate of the DOC compound D; asso-
ciated with the heterotroph population H;. For an overview
of parameters and associated physical units, we refer to Ta-
ble S1 in the Supplement. In MCoM, all parameters, as
well as the community size and interaction network are fully
customizable by configuration files following a scheme de-
scribed in the README provided with the model’s source
code (Liicken et al., 2026). The configuration format allows
for an explicit definition of all parameters, in particular the
interaction matrices shown in Fig. 1b. Additionally, it pro-
vides means for randomized community generation.

In the following subsections, we define the different pro-
cesses that determine the dynamics in detail. For the formal
presentation, we use the notation fx_,y to denote elemental
fluxes, where X is the source and Y the sink of the corre-
sponding flow. The unit of a flow is the unit of its source
and sink per day. We list all flows in Table S2 of the Sup-
plement. Parameters are indexed by the state variable(s) they
adhere to. For instance, §; with i € P denotes the loss rate
for the phytoplankton population P;, and Vy_,; denotes the
maximal DIN uptake rate for the population P;. A full list
of parameters is given in Table S1. For some parameter, ad-
ditional information is included in a superscript. E.g., xl.Chl
and XiN denote the cellular chlorophyll and nutrient content,
respectively.

Further, please note that we assume fixed stoichiometric
molar ratios rl.C:N (for i € P and i € H) and an average cell
carbon content Xl_c. Hence, although the populations are mea-
sured in cells density, elemental C- and N-content can be as-
sociated unambiguously given rl.C‘N and Xic~
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2.3 Phytoplankton population dynamics

The growth of a phytoplankton population P; is governed by
d

C
—P= (feoi — fipoc) /X
dr ———— —_——
biomass assimilation  biomass decay
- AP, (1)
—

physical transport

where xl.C is the cellular carbon content, fc_,; is the pho-
tosynthetic carbon assimilation flux, f;_.poc summarizes
losses of biomass to DOC, and A is a physical transport
rate, which can, e.g., be used to model dilution or washout
in chemostat setups. Assuming a fixed stoichiometric com-
position of the biomass of population P;, the elemental in-
and outfluxes of carbon and nutrient must adhere to the cor-
responding C : N-ratio rl.C:N . Algebraically, this is expressed
as

- fispoN.  (2)

fosi —r N. fn—i, and fz—>DOC—V

influx outflux

We apply Liebig’s minimum principle to distinguish two
different growth regimes, depending on the limiting factor.
Specifically, light intensity determines the maximal carbon
assimilation rate f5Y;, while nutrient availability governs
the maximal nutrient assimilation rate f3°Y.. As the realized
fluxes must adhere to the stoichiometric constraints (2), nu-
trient limitation occurs when

C:N max max (3)

r oINS < Jo=io

and light limitation when rCN . fmax, > fmax,

2.3.1 Maximal and realized assimilation rates

Under conditions where nutrient availability is the primary
limiting factor, nutrient uptake is defined by the nutrient
concentration (fy—; = fy5,;) and determines phytoplank-
ton growth. This maximal uptake is assumed to be character-
ized by a type-II response function:
fm, = = “
N—i — KNai‘i‘N tr
where Vy_,; is the (theoretical) maximum nutrient uptake
rate (different to fy';, which is the maximal rate un-
der current conditions) and Kpy_,; is the corresponding
half-saturation constant. The corresponding carbon assimi-
lation fc_,; is calculated according to Eq. (2).
In light-limited regimes the growth is governed by the
maximal photosynthetic carbon assimilation

foa = g ()M P,

where Xl.Chl is the average chlorophyll content per cell
and ¢;(I) is the P-I curve associated to phytoplankton
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species P;, which describes the dependence of the photosyn-
thesis rate on the irradiance /. For the P-I curve we assume

the form
—o; - 1 Bi - I)
— 5
i) (57)

with initial sensitivity «;, photoinhibition coefficient ; and
upper bound ¢; for the photosynthesis rate (Platt et al., 1980).

¢i(I) = (1 —exp<

2.3.2 Assimilation and exudation of DOM

Phytoplankton species exude excessively fixed organic mat-
ter directly into the environment (Myklestad, 2000; Thorn-
ton, 2014). In the nutrient limited regime the surplus pho-
tosynthetic capacity is assumed to be used for exudation of
DOC, which is calculated as the difference between the pho-
tosynthesis rate under the respective light conditions and the
actual growth rate as constrained by nutrient concentrations:

fe%

In the light limited regime, exudates are assumed to be
nutrient-saturated' and we employ an extended scheme to
determine the exudation rates, because organic exudates con-

tain a minimal amount of carbon. We assume that nutrient-

C:N C:N
rlccl;I DOM has a uniform C:N ratio r;7, (with r;=, <
re) ie.,

— fecsi. (6)

i —
fC—>DOC -

i _ .C:N i
feopoc =7iZvex " fN—DON- (N

Notably, this assumption implies that not all carbon is uti-
lized for biomass assimilation, even though its fixation rate
limits the population’s growth. To maintain a balance be-
tween growth and exudation in nutrient-rich environments,
we introduce a maximal fraction ¢;* of fi'%,, up to which
carbon can be allocated for exudation. A maximization of
DON exudation under this constraint (see Sect. S2 in the

Supplement) gives

rC:N
i o i—ex C:N ymax max
fe—poc = mm<—c;N CN ( INSi— c-»') )
T i—ex
) ®

Figure 2 shows the resulting dependence of assimilation
and exudation on nutrient availability with fixed photosyn-
thesis rate f'%,. For low nutrient concentrations, the growth
rate follows the maximal nutrient uptake rate, i.e., fc_; =

r&N fmax (overlapping black and blue curves), cf. Eq. (4)
and only DOC is excreted at a rate fc_)DOC (dashed gray
curve). The growth rate reaches its maximum around a con-

centration N =0.4mM, where rCN NS = fe and no

1Light-limited exudation can also be switched off by setting
variant.use_exudation=false.
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Figure 2. Excess DOM exudation by phytoplankton. Exudation
rates fc_.poc (gray dashed) and fy_.pon (light blue dashed)
are plotted against nutrient availability N for a fixed photosyn-
thesis rate fi'%; =3.0fmol(C) cell™! d~! (dark gray) and a single
cell, i.e., P; = 1. Additional curves: (rescaled) maximal nutrient as-
similation rate %7 (N) - rl.C:N (blue), realized assimilation rates
fc—i (black) and fx_; (purple). Other parameters for this exam-
ple: rEN=52mol(C)mol(N) !, +&N=3.0mol(C)mol(N)~1,

g™ =0.15, Vy; =2.0d~!, Ky_y; = LOMM(N).

DOM is excreted. For larger concentrations, the growth be-
comes light-limited and excreted DOM has C : N ratio rlc_ix
Within the interval 0.4 < N < 0.47 (shaded background), the
first argument of the minimum function in Eq. (8) takes ef-
fect, and the fraction of photosynthesised organic carbon al-
located to exudation is smaller than ¢;"**. For increasing
nutrient an increasing share of fixed organic carbon is ex-
uded until the share reaches the maximal value of ¢/"** at
N = 0.47 and the exudation profile becomes independent of
further increases in nutrient concentrations.

2.3.3 Population losses

The phytoplankton mortality is governed by the sum of three
terms:

C
Ji-poc =x; 'maX<0, [ 3 + b
linear mortality  quadratic mortality

+ 3 SR, ©)
jg/l hji+M; !
—_—
metabolite production

where §; is the base rate of linear mortality, dq,; is the coef-
aj—iM;

ficient of quadratic mortality, and the sum jeM i
J=t J
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describes the total impact of present metabolites on P;. Note
that the second term in the maximum function may theoreti-
cally become negative, because the coefficients a;_,; are al-
lowed to be negative in order to model beneficial metabolite
effects. The maximum in Eq. (9) ensures that such a reduc-
tion of mortality results in biologically meaningful (i.e., non-
negative) values.

2.4 Heterotroph population dynamics

The bacterial population densities H; change according to:

d
C
—H;= (foocsi — fi=poc) /X
dr —_— —_—
biomass assimilation  biomass decay
- AH, (10)
N———

physical transport

where fpoc—.; describes the carbon assimilation into
biomass from DOC compounds and f;_.poc the loss of
biomass to organic compounds. As for phytoplankton, het-
erotrophs are modelled with a fixed stoichiometric composi-
tion &N, which is preserved by imposing

i

fooc—i = rEN(foonN—i + fn—i), and

influx

fimpoc =N~ fiupon. (11)

outflux

Since heterotrophic populations are assumed to obtain nu-
trients from inorganic and organic sources, the constraint
for the influx involves both sources. Importantly, the DOM
assimilation fluxes are aggregates of fluxes from individual
compounds, i.e.,

foocsi =Y fimir and fooNoi= Y fj-i. 12)
jeC jeN

Growth may be limited either by DOC or by total (organic
and inorganic) nutrient availability, and the realized assimi-
lation flux is determined by a minimum principle comparing
maximal total assimilation rates of carbon ( fJ3¢_, ;) and nu-
trient (f\'™; + fHON_;)- A population H; is nutrient limited
if

riC:N( Iilni):i—i_ ]Snéll):lﬁt) < ]I)n(e)lé%i’ (13)
and energy limited if the opposite holds.
2.4.1 Maximal assimilation rates

The maximal uptake rate of an individual organic com-
pound D; by population H; is modelled as

V'_yD'
I H;, for jeNorjeC. (14)

fup,max _
I Kji+D;

Geosci. Model Dev., 19, 2461-2477, 2026
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Here, V;_,; is the (theoretical) maximal uptake rate (cf.
Eq 4) and K;_,; is the corresponding half-saturation con-
stant. Similarly, the maximal uptake of inorganic nutrient is

max __VN—iN

=——""H;. 15
N—i KN—)i +N l ( )

When consuming DOM compounds, a part of the com-
pounds is assumed to be catabolized, i.e., metabolically de-
graded for energy extraction. Hence, only a part of the up-
take is available for integration into biomass and the remain-
der is remineralized and released into the inorganic nutrient
and carbon pools. Correspondingly, the maximal assimilation
rate for the compound D; is calculated as

jI'Tla)); = Y/_” ]l‘lilinax’ (16)
where the yield coefficient Y;_,; determines the assimilated
fraction. The resulting maximal organic assimilation fluxes
are

max up, max
OC—)z § :YJ—” joio and,
jeC

max up, max
JBOoN~i = ZYW i (17

2.4.2 DOM assimilation and remineralization

If the population H; grows under nutrient limited conditions,

it takes up and assimilates DON compounds at the maximum

possible rates, i.e.,

fjﬁi =Y jl.lir’-nax, forj € N (18)
The fraction of DON uptake, which is not assimilated, is

remineralized and induces a flow from the organic pool D;
to the inorganic nutrient pool N:

u de
fion ==Y 50 (19)
Further, the inorganic nutrient is assimilated at maximum
rate fy; = fyo; as well. Adhering to the stoichiometric

constraints (11), the uptake of DOC is regulated down. We
assume that this regulation decreases the uptake of all avail—
able DOC compounds proportionally, i.e., for j € C, ;" i =

c- fquaX with a factor ¢ = reN (% 4 fmax )/ fmax,

yleldmg corresponding assimilation and remineralization
fluxes of

Yiofit (0

f]”l - Y]%l ]%z’ and fj—)C =-

In carbon limited situations (Eq. 3 is not fulfilled), DOC is
used at maximum rates, i.e., for all j € C:

up up, max up max
f]*)l =f]4>z ,and f]—)l = ]—)lf . 21
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Figure 3. Bacterial remineralization of DON by one cell of
a population H;. Remineralization rate f]SON _,n (light blue)
plotted against DON availability at constant nutrient and DOC
concentrations. Variants with (solid) and without (dashed) dif-
fer for DON levels (> 0.47mM). Additional curves: assimila-
tion of DOC (rescaled), DON and DIN fpoc—i/rE™N, fpoN—i:
and fy_.;, maximal nutrient and DON asmmllatlon Sy and

max
JDON—j» and remineralization fDON _, - Parameters for this ex-

ample: r&N =04, Vpon_; =2.0, KpoN-i = 1.0, Ypon—»i =

0.7. Maxunal nutrient and carbon assimilation rates: fa¥. =0.1

N—i
and fR5E_,; =1.8.

While the total assimilation rate of nutrient is tied
to fboc—i by stoichiometry, MCoM implements two vari-
ants of how heterotrophs behave with regard to excess DON
uptake capacities.” Either, (i) heterotrophs still take up max-
imal amounts of DON and eventually remineralize any ex-
cess, or (ii) they homogeneously decrease the uptake rates
for the different DON compounds such that nutrient assim-
ilation matches carbon assimilation. The latter regulation is
implemented analogously as above for DOC compounds in
the nutrient limited case. In any case, we assume that DON
is used preferentially and inorganic nutrient is only taken up
to a degree necessary to serve the nutrient demands. More

explicitly, for variant (i) we assume that f = Juillnax for
Jj € N If the DON uptake exceeds DOC uptake ie.,

N BN > FBOE i (22)
additional remineralization occurs:
FooN-y = FBON—i = FBoco i/ (23)

2This behaviour is controlled by the parameter
variant.surplus_remineralization.

https://doi.org/10.5194/gmd-19-2461-2026
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If Eq. (22) holds for variant (ii), the realized uptake rates
up up, max with

for DON compounds are modified as f;”,; = c- f;7;
afactorc = fE58 /0N SN ) and fon_y = 0.
Figure 3 shows the uptake, remineralization, as well as
assimilation for varying DON at fixed DOC and inorganic
nutrient concentrations. For growth limiting concentrations
of DON, DON availability controls the population growth
rate and is remineralized at a minimal fraction. For interme-
diate concentrations, the fraction of remineralized DON re-
mains the same but less and less inorganic nutrient is used
(shaded interval 0.33 < DON < 0.47) . For DON concentra-
tions above 0.47 mM, all nutrient requirements are served by
DON and for increasing concentrations, the surplus DON is
completely remineralized (variant (i), solid light blue curve)
or DON remineralization rates remain constant for higher
DON concentrations (variant (ii), dashed light blue curve).

2.4.3 Population loss and metabolite investment

Heterotroph biomass loss is assumed to consist of three com-
ponents:

fimpoc = xF - (3,'Hi + 5q,iHi2>

—— —_—
linear mortality ~ quadratic mortality
+ I1;. 24)
——

metabolite production

Here, §; is the base rate of linear mortality, g, is the
quadratic mortality coefficient, and

M= Y i) fDOCsi (25)
JjeEM

is the metabolite production investment with fractions m;_ ;
of newly assimilated biomass expended for the production of
metabolite M ;.

2.5 DOM dynamics

The dynamics of individual DOM compounds are considered
to follow the form

d
aDj =fu>j+fp-j+ fc»j — fioH
—fj_>c—ADj, forj GC, (263.)
d
o Pi= it frsjt o
t — ———— ——
population decay exudation
—fi-n— fi-=n—  ADj,
——_—— ——
uptake physical transport
for j € N. (26b)

Here, influxes originate from phytoplankton and het-
erotroph population decay and from DOM exudation by phy-
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toplankton, and outfluxes correspond to consumption by het-
erotrophs.

In Sects. 2.3 and 2.4, we introduced the aggregate fluxes
fimpoc and f;_.pon, i € P ori € H. To determine their im-
pact on the concentrations on individual DOM compounds
Dj, we assume specific partitioning coefficients

D Risj=) Rinj=1 @7)

jeC jeN
That is, the individual fluxes are calculated as

(28a)
(28b)

fi%j = Ri*)j.fl‘*)DOC’ for J€ C,

fl—)] :Ri_)jfl'_>DON,f0rj GN.
For simplicity, the excess DOC- or DON-exudation

fé_poc and fi_ pon by phytoplankton is assumed to fol-

low the same partitioning to individual compounds:

(29a)

(29b)

i _R. . fi :
fewj=Risjfeopoc: forj €C,

Iy~ j=Rimjfy_pon- forjeN.

Further, we denote the total uptake and remineralization
fluxes per compound by

fion=Y_fion fimc=) fi-cs
ieH ieH
fisn=Y_ fisi (30)

ieH
2.6 Metabolite dynamics

Metabolite pools M; are modelled without any specific sto-
ichiometry, since their contribution to the total DOM is as-
sumed to be negligible. The energy expenditure for their syn-
thesis is modelled by the corresponding loss term in Eq. (24).
The concentrations M represent a basis to calculate the im-
pact of metabolite M; on susceptible phytoplankton species
as described in Sect. 2.3. They are governed by production
and decay:

d
EMj Zejzni—ﬁfDOC—n' —8;M; — AM; . (3D
ieH N—— ——
decay physical transport
production

Here, the coefficient §; determines the amount of biomass
required to synthesize a unit of M; and §; determines the
decay rate of M;.

2.7 Nutrient dynamics

The change of nutrient concentration is driven by uptake
from phytoplankton and heterotrophs and remineralization
of DON by heterotrophs. Further, MCoM permits to define
an external nutrient concentration Nex; to model exchange of
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medium with an external domain:

—N= foonon —(fN>pP+ N>H)
dt ———— —_—

remineralization

— A (N — Neg) . (32)
———

consumption

physical transport

Here, the aggregate flows are defined as

SoONSN =D fin, [nop

ieHjeN
=Y fyvoi-and fxou =Y fnoi. (33)
ieP ieH

2.8 Scaling up to diverse microbial communities

A key feature of MCoM is the straightforward scalability
to larger interaction networks. The size and connectivity of
the interaction network, i.e., the number of phototroph pop-
ulations, heterotroph populations, metabolites, and organic
compounds can be specified in the configuration file, to-
gether with respective parameter values and interaction ma-
trices. MCoM offers different built-in ways to define micro-
bial communities and their interaction networks: For con-
trolled set-ups, it is possible to define all rate constants and
interactions explicitly. This explicit definition allows the user
to write their own algorithms for the generation of the com-
munity’s interaction network. To generate randomized net-
works, the entire community or a subset of parameters can be
determined stochastically. When employing stochastic net-
work generation, reproducibility can be ensured by setting a
seed for the random generation.3 For instance, the user can
quickly set up a community by providing the number of pho-
totrophs, heterotrophs, resources and metabolites, specifying
the in- and output of populations (the number of produced
resources and metabolites, as well as the number of con-
sumed resources in case of heterotrophs and the number of
metabolites affecting the population in case of phototrophs)
and value ranges for the other system parameters. A spe-
cific option* allows to define a community of phototroph—
heterotroph pairs, which only interact by exchange of DOM
and metabolites within the pairs, i.e., all adjacency matri-
ces are diagonal. Additional functions to generate interaction
matrices according to customized requirements can easily be
implemented.

3Parameter run.system_seed
4Parameter variant.competing_pairs
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3 Evaluation and application

3.1 Evaluation of network motifs without
metabolite-induced feedbacks: Nutrient
Remineralization in Synechococcus co-cultures

In the following sections, we evaluate model performance
for individual motifs of the interaction network as the small-
est unit in diverse microbial communities. In a first exam-
ple, we apply the simplest version of the model, i.e., a co-
culture of one phototrophic and one heterotrophic strain,
without any metabolite-induced feedbacks, to an incubation
experiment to assess its capability to reproduce the observed
temporal variation in cell abundances. Christie-Oleza et al.
(2017) cultured Synechococcus populations over a 200d pe-
riod in co-cultures with two different heterotrophic bacte-
ria (R. Pomeroyi and Tropicibacter sp.) in nutrient enriched
ASW medium. When grown axenically, the phototroph pop-
ulation went extinct around day 75-100. If it was co-cultured
with a heterotroph, it remained active until the end of the ex-
periment at day 200. The key interaction was hypothesized
to be a mutual exchange of essential resources (Christie-
Oleza et al., 2017). Synechococcus provided organic mate-
rial to the heterotrophs, from which these extracted energy
and nutrients. In return, the heterotrophs remineralized nu-
trients, making them available to Synechococcus again. Al-
though the phototroph population densities reached a peak
around days 30—40 for each setup, they showed significantly
distinct growth trajectories for the different types of het-
erotrophs. When grown together with R. Pomeroyi, the sub-
sequent population decay proceeded steadily at a relatively
slow rate until reaching 2.7-4.4 x 107 cells mL~" at day 200.
For Tropicibacter sp., the temporal development after the
initial peak is less stable (cf. Fig. 4c). Within the subse-
quent 60-70d, Synechococcus collapsed to minima of 1.0-
13.0 x 10° cells mL~! attained around days 96-117 for this
case. These minima were then followed by a gradual recov-
ery of the population density until reaching another peak at
3.6-14.7 x 107 cellsmL~! at the penultimate measurement
time around day 190, declining again at the last measurement
on day 200 to densities 1.1-2.1 x 107 cellsmL ™.

We modelled both co-cultures and the axenic growth using
MCoM with fixed growth parameters for the phototroph and
specific characteristics for the heterotrophs. We first selected
all parameters manually within plausible ranges (cf. Sect. S7
in the Supplement), aiming at a qualitative reproduction of
the timing and amplitude of the observed changes in cell den-
sities. Using this parametrization as a starting point, a subset
of parameters was used for an automatic maximization of the
sum of the R2-values for the different experiments (using the
Nelder—Mead routine of the scipy.optimization package, Vir-
tanen et al., 2020). Optimized parameters are: Vy_;, firo,,
and §; for Synechococcus, and Vpon—i, VDoc—i> VDON—i>
VboN—i, and §; for the heterotrophic bacteria. The exact val-
ues are listed in Table S3 in the Supplement. Importantly, we
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Figure 4. Experimentally observed and modelled growth dynamics of Synechococcus in co-culture with different heterotrophic bacteria:
(a) axenic culture; (b) co-culture with R. Pomeroyi; (¢) co-culture with Tropicibacter sp. For each experimental setup, three replicates were
prepared, which are shown in the upper plot of each panel, see (Christie-Oleza et al., 2017) for details. For the simulations, we report
Synechococcus (dark green) and heterotroph densities (brown), and concentrations of inorganic nutrient (blue), of labile DOC (black), labile

DON (solid gray) and refractory DON (dashed gray).

did not assume metabolite interactions, but the observations
could be reproduced qualitatively by the exchange of nutri-
ents in inorganic and organic form.

As an important characteristic of R. Pomeroyi, we incor-
porated the observation that it did not take up ammonium (as
demonstrated in another experiment of Christie-Oleza et al.
(2017)). Further the optimized value for Ypon (~0.25) im-
plies that R. Pomeroyi immediately remineralizes ~ 75 % of
DON during uptake, thus providing a steady nutrient source
for Synechococcus. This recycling of nutrients slowed down
the Synechococcus population decline significantly. How-
ever, to reproduce the steady decline observed in the experi-
ment, a certain fraction of nutrients must continuously escape
the recycling. Otherwise, the total nutrient in both popula-
tions and thus their densities would asymptote towards posi-
tive constants. We incorporated this by assuming that a frac-
tion (e.g., 10 % for R. Pomeroyi) of the DON release is chan-
nelled into a “refractory” pool, which accumulates during the
experiment. This pool represents a sink for non-recyclable
matter, encompassing not only refractory DON, but all other
inaccessible nutrient sinks, e.g., particulate forms.

For the other co-culture, the more severe collapse of the
Synechococcus population could be explained by an on-
going competition for inorganic nutrient with Tropicibac-
ter sp., which is assumed to have a higher nutrient affinity
(Vn/KN) than Synechococcus, i.e., a competitive advantage
under low-nutrient conditions. For Tropicibacter sp., the op-
timized value Ypon = 0.75 for the assimilated fraction of or-
ganic nutrient is significantly higher than for R. pomeroyi,
suggesting a more parsimonious remineralization of DON.

https://doi.org/10.5194/gmd-19-2461-2026

This leads to a domination of the heterotroph until DOC is
depleted and it becomes energy-limited around day 90. Dur-
ing the energy-limited regime, inorganic nutrient is avail-
able for Synechococcus once again, which induces a second
growth phase.

To explore the impact of DOC exudation and DON rem-
ineralization, we included comparative simulations with re-
duced impact of either process in the Sect. S3 in the Supple-
ment.

3.2 Evaluation of network motifs with
metabolite-induced feedbacks: Interactions in
Prochlorococcus co-cultures

In a next step, we evaluate MCoM’s ability to model
metabolite-induced feedbacks between heterotrophs and
phototrophs. For this, we consider Prochlorococcus co-
culture experiments conducted by Sher et al. (2011). Cultures
were grown on Pro99 medium containing an initial stock
of 0.8 mMNHy and 0.01 % w/v organic carbon sources.
Based on the cultures’ observed bulk chlorophyll fluores-
cence over time, Sher et al. clustered the heterotrophs into
clearly separated groups exhibiting either inhibitory, neutral
or growth-promoting effects on Prochlorococcus. Growth-
promoting bacteria induced an earlier (—4d on average,
Fig. 5b) and more pronounced peak of the phototroph popu-
lation than observed for the axenic (Fig. 5a) (or neutrally af-
fected) cases, while inhibitory bacteria significantly delayed
the peak (413 d on average, Fig. 5¢).

Geosci. Model Dev., 19, 2461-2477, 2026
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Figure 5. Experimentally observed and modelled growth dynamics of Prochlorococcus (MIT9313) in co-culture with different heterotrophic
bacteria (Sher et al., 2011): (a) axenic culture; (b) co-culture with Rhodobacterales strain (HOT5BS); (¢) co-culture with Marinobacter
strain (HOT4B5). For each experimental setup, two replicates were prepared, which are shown in the upper plot of each panel. The simulated
Prochlorococcus density (dark green curve) is plotted on top of the bulk chlorophyll fluorescence observed in the experiments. For the
simulations, we report Prochlorococcus and heterotroph densities, P and H, and concentrations of inorganic nutrient (N, blue), of labile
DOC (black), and labile DON (solid gray). Further, we show the impact strength |ha+—MM| of metabolites M on the mortality rate of P (solid
purple). The model parameters used in this section are listed in Table S4 in the Supplement.

We chose two representative examples from the ex-
perimental arrays for illustration. In co-culture with a
Rhodobacterales strain (HOTSBS), Prochlorococcus growth
was clearly promoted (Fig. 5b), whereas in co-culture with
a Marinobacter strain (HOT4B5), growth was inhibited
(Fig. 5c). For the simulations, we used identical parame-
ters for both heterotrophs and only varied the metabolite
impact coefficient ay (cf. Eq. 9, simplified subscript) using
ayv = —0.137 for the growth promoting case and ay = 0.114
for the inhibitory case. All parameters were initially selected
manually within plausible ranges. Subsequently, key parame-
ters (Vy—u, VNP, 8P, Vboc— H, YDoC—> H, am) were sub-
jected to an automatic minimization (using the Nelder—-Mead
routine of the scipy.optimization package, Virtanen et al.,
2020) of the root mean square error of simulated and ob-
served growth curves.

For both modelled co-cultures the simulated metabolite
concentrations initially accumulate leading to a saturation
at full effect strength around days 8—10 (purple curves in
Fig. 5). For the growth-promoting case, metabolite effects
decrease the loss rate of the Prochlorococcus population.
Thereby the net growth rate of phototrophs is increased, lead-
ing to larger populations and accelerated depletion of the in-
organic nutrient when compared to the axenic. For the in-
hibitory case, metabolite effects increase the phytoplankton
loss rate, resulting in a reduced net growth rate. This im-
plies a slower depletion of the inorganic nutrient stock, in
particular after day 15 when DOC (black curve) is depleted
and heterotrophic nutrient uptake is reduced during the sub-
sequent DOC-limited growth. For the axenic and promot-
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ing co-culture, simulated DOC concentrations increase in
the first days due to phototrophic release of organic com-
pounds. In the growth-promoting co-culture, the rate of ac-
cumulation slows down with growing heterotrophic densities
until nutrient stocks (organic, as well as inorganic) are ex-
hausted around day 15 (day 21 for the axenic culture). When
this nutrient limitation sets in Prochlorococcus densities col-
lapse, and DOC release from exudation and mortality accel-
erates DOC accumulation. However, in the following phase
the DOC accumulation rate slows again due to the dimin-
ishing release from the shrinking phototroph population. In
the co-culture the DOC concentration traverses its maximum
around day 28, when release and heterotrophic consumption
balance. In the inhibitory co-culture, the slow phototroph
growth continuous until the inorganic nutrient stock is de-
pleted around day 30, which triggers a rapid decline. The dif-
ferences in population peak timing and amplitude are caused
by the differing phytoplankton net growth rates in the differ-
ent scenarios, which largely determine the consumption rate
of the inorganic nutrient. In conclusion, with a variation of
single parameter (ap) MCoM can capture both, the temporal
shifts of the population peaks and the changes of the max-
imal observed Prochlorococcus density. As far as we have
tested it, this cannot be achieved by any other variation of a
single heterotroph trait — see the complementary parameter
sensitivity analysis in Sect. S4 in the Supplement.
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Figure 6. (a) Cyclic interaction scheme of three consortia; (b) Simulated population densities and metabolite impacts. The data of a single
simulation is distributed over three panels to avoid cluttering of curves. See Table S6 in the Supplement for parameters.

3.3 Application for studying phytoplankton succession:
Metabolite interactions lead to fluctuating
dynamics

Having evaluated MCoMs ability to reproduce dynamics
of individual motifs, which may represent components in a
larger microbial interaction network, we now show two ex-
amples of MCoM'’s application when scaled up to more di-
verse microbial communities. First, we consider a cyclic in-
teraction network to illustrate how feedbacks mediated by
metabolite interactions can lead to self-sustained fluctuations
in a community of three phytoplankton and three heterotroph
populations (Fig 6a). We model associations of specific het-
erotroph and phytoplankton species, H; and P;, by stipulat-
ing that the heterotroph H; specializes on the consumption
of organic matter produced by the phototroph P;, forming a
“consortium”. Due to this syntrophic relationship population
peaks of P; tend to be succeeded by peaks of H;. Further, dif-
ferent consortia are assumed to be coupled via metabolites,
such that metabolites produced by H; positively affect P; 1.
Effectively, this causes population peaks of H; to be suc-
ceeded by peaks of P;1, and so on, leading to a “merry-go-
round” succession of consortia. Figure 6b shows the trajec-
tories of the population densities and metabolite effects in a
chemostat with continuous supply of nutrients (A =0.1d~!
and Nexi =5.0uM). The figure shows a time interval from
simulation day 9000 to 10 000 after it has settled on a peri-
odic orbit. The full set of parameters for this system is given
in Table S5 in the Supplement. While such a setup may ap-
pear highly artificial, it is robust to parameter variations (see
Sect. S5 in the Supplement) and illustrates the potential of
metabolite feedbacks to incite non-stationarity of population
densities even if no environmental forcing is present.’

5In natural situations, successions are regularly reported as a re-
sponse to an initial environmental impulse, such as seasonal up-
welling of nutrients. These scenarios can also be modelled with
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3.4 Application for studying community stability:
Metabolite interactions facilitate priority effects in
microbial consortia

Generalizing the notion of a “consortium” as a coherent sub-
community, we proceed to communities consisting of sep-
arate highly connected groups of species. A consortium in
this sense can loosely be defined as a set of phototrophs,
DOM compounds, heterotrophs and metabolites, which in-
teract mostly within themselves. That is, within a consor-
tium, heterotrophs feed on DOM released by members of
the consortium, and phototroph growth is positively affected
by metabolites produced by these heterotrophs. Although
competition between consortium members (for nutrients and
DOM) is possible, positive feedback loops within a consor-
tium can be expected to facilitate the growth of its members
on average.

For each simulated community, two consortia, A and B,
were generated, each consisting of ten phototrophs (dis-
tinct in their specific photosynthesis characteristics), ten
heterotrophs, ten DOC and ten DON compounds, and ten
metabolite types. For the generation, we used MCoM’s ran-
dom community generation facilities to generate two con-
sortia (see the README in the source code repository for
details). As input for the generation, we prescribed the in-
and out-degrees of the microbial nodes, i.e., the number
of released and consumed compounds, the number of pro-
duced and effective metabolites, and the ranges, from which
photosynthesis parameters for the single phototrophs were
drawn (cf. Table S6 in the Supplement). MCoM’s algorithm
then randomly connects the different components adhering
to these degrees. Subsequently, we coupled the two consor-
tia by defining a number of shared metabolites, which effect
both consortia. This number is called “overlap” in the follow-
ing. Figure 7a shows the community structure schematically.

MCoM specifying a fluctuation for the parameter
environment.nutrient.

Geosci. Model Dev., 19, 2461-2477, 2026
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Figure 7. Competition between two consortia for different inter-consortial coupling strength and initial states. (a) Schematic representation
of the microbial community consisting of two consortia with inter-consortial coupling by shared metabolites. (b—d) Phytoplankton density
trajectories; (b) and (c) Priority effects (bi-stability) in case of high connectivity and no coupling: The same interaction network may lead
to a competitive exclusion of consortium B by consortium A (b) or vice versa (c), depending on which consortium is initially dominant;
(d) Dynamics for higher inter-consortial metabolite interactions (overlap 5), leading to coexistence despite initial dominance of consortium A.
(e) Periodic variation of the average environmental irradiance; (f) Asymptotic relative abundances by consortium (green: A, red: B) for
different overlap values and initial states. For each overlap, top bar group: initial A dominance; bottom group: initial B dominance. Each
horizontal bar represents one community’s species distribution (n = 20 communities per group). (g) Overlap vs. number of runs displaying

coexistence.

In the following, we assumed an annual cycle of vary-
ing average light intensity as shown in Fig. 7e and contin-
uous nutrient supply (A =0.1d~" and Ney = 5.0 uM). Fig-
ure 7b—d show the time series of simulated phytoplankton
population densities for different degrees of inter-consortial
coupling and different initial conditions. In Fig. 7b and c,
we show two simulations for the same community consisting
of two consortia with a single overlapping metabolite. This
configuration often leads to priority effects, as exemplified
by the depicted dynamics: When the phototrophs of consor-
tium A (green curves) are initialized with higher density than
the phototrophs of consortium B (see Fig. 7b), consortium A
remains dominant over the whole time span of the simulation
(approx. 45 years). Vice versa, consortium B remains domi-
nant if its phototrophs have higher initial density (Fig. 7c).

Geosci. Model Dev., 19, 2461-2477, 2026

Figure 7d shows a trajectory in a modified network with
higher inter-consortial coupling (overlap 5), where prior-
ity effects are not observed, i.e., despite differing initial
phototroph densities the trajectories converge to identical
periodic orbits after a transient time. In such cases, the
“crosstalk” between consortia prevents their dynamical sepa-
ration and an equilibrium, where members of both consortia
coexist, is attained independently of the initial state.

We explored this effect systematically. For each of six val-
ues of the overlap, we generated 20 communities, each con-
taining two consortia, A and B (20 phototrophs and 20 het-
erotrophs in total). Each community was initialized twice,
with either consortium A or consortium B being dominant,
and integrated for 60 years (see Table S6 in the Supplement
for a detailed description of parameters). The relative aver-
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aged abundance over the last ten years of the simulation is
reported for each simulation run in Fig. 7f. In this panel,
for each overlap value, two horizontal bar groups are dis-
played: the top group corresponds to initializations with con-
sortium A dominant, and the bottom group to consortium B
dominant. Each group contains 20 stacked bars (one per
community), where each bar represents 100 % relative abun-
dance. The bars are divided into colored segments: shades of
green for species from consortium A and shades of red for
consortium B, with segment lengths proportional to species’
average abundances. Starting from different initial states, pri-
ority effects appear as systematic differences in the dominant
consortium (i.e., predominantly green vs. red segments) be-
tween the top and bottom groups for the same overlap. Con-
vergence is indicated when both groups exhibit similar color
distributions.

We categorized all observed regimes either as coexistence,
where both consortia contribute more than 10 % to the total
abundance, or as dominance of either consortium A or B. For
low overlap, communities show pronounced priority effects
in most cases, where in general the initially dominant consor-
tium remains dominant. For instance, for zero overlap, none
of the simulations ended in coexistence (Fig. 7g). However,
in 1/8 of the simulations the finally dominating consortium
was the initially rare one. For one overlapping metabolite,
two of 40 runs led to a coexistence of both consortia. Already
for an overlap of three metabolites about 50 % of the simu-
lations end in coexistence, and for overlap higher than five
(where > 30 % of metabolites are shared between consortia),
species coexistence is the most frequent (> 75 %) simulation
outcome.

4 Discussion
4.1 Interpretation of evaluation studies

The Synechococcus simulation (Fig. 4) illustrates MCoM’s
capacity to qualitatively reproduce mutualistic and compet-
itive dynamics in batch systems. Our simulations captured
the experimental divergence in phototroph trajectories be-
tween axenic growth (peak followed by steep decline), and
co-cultures with R. pomeroyi (persistently elevated densi-
ties) and Tropicibacter (collapse-recovery). The optimized
parameters suggest that the observations emerge through
differential nutrient utilization patterns by the heterotrophs:
75 % DON remineralization rate and no DIN uptake for
R. pomeroyi in contrast to 25 % DON remineralization rate
paired with strong competition for DIN in case of Tropicibac-
ter. Additional control simulations (Sect. S3 in the Supple-
ment) confirmed these processes as essential for qualitative
reproduction of experimental observations. Reduced DOC
exudation altered Synechococcus persistence for the Tropi-
cibacter co-culture by weakening heterotroph competition,
that is, elevated sustained Synechococcus densities in Trop-
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icibacter co-cultures, contrasting experimental patterns. On
the other hand, suppressed DON remineralization caused the
Synechococcus population to collapse in the co-culture with
R. pomeroyi.

While qualitative agreement could be achieved, the quan-
titative reproduction of the extended high-density phase of
Synechococcus (approx. days 5-50; Fig. 4, upper panels) fol-
lowed by the steep decline in axenic and Tropicibacter co-
cultures proved challenging. Capturing the decline requires
high loss rates (6), while rapid initial growth demands a
high maximal growth rate. Further, sustained high density
implies balanced phototrophic growth and loss. Yet the sub-
sequent collapse requires loss to abruptly dominate growth.
This transition is difficult to achieve with constant loss rates,
especially in axenic cultures lacking heterotrophic competi-
tion. Potential model extensions to improve quantitative fit
include: (i) Phototrophic metabolite production (to account
for toxic compound accumulation as suggested by Christie-
Oleza et al., 2017), or (ii) Variable C: N quotas with re-
serve dynamics, where collapse represents starvation from
depleted internal reserves below a critical threshold.

For Prochlorococcus co-cultures (Fig. 5), MCoM repro-
duced divergent phototroph dynamics through metabolite-
mediated growth effects. Parameter sensitivity analysis
(Sect. S4 in the Supplement) demonstrated that while het-
erotroph traits (e.g., loss rate § or nutrient uptake VN) mod-
ulate quantitative outcomes (e.g., peak height), a variation
of interaction rates ap; alone explains the qualitative tran-
sition between growth-promoting and inhibitory scenarios.
This supports the hypothesis that metabolite exchange is the
primary driver of experimental growth trajectory differences
(Sher et al., 2011). However, we emphasize that both exper-
iment modeling cases serve as mechanistic illustrations of
MCoM’s capabilities, not as validation of specific biological
mechanisms underlying the experimental dynamics.

Microbial ecosystems bear the potential to exhibit com-
plex, non-equilibrium dynamics. It is possible to model such
cases using MCoM as illustrated by the implementation of
a cyclic dominance motif (Fig. 6). While intentionally con-
structed, this consortium-based, self-sustained “merry-go-
round” succession highlights how cross-consortia metabo-
lite signalling (H; — P;4+1) can drive persistent fluctuations
without external forcing. Parameter scans (Sect. S5 in the
Supplement) reveal two critical constraints for maintaining
cyclic stability: (1) Balanced nutrient uptake rates across
consortia (Fig. S3 in the Supplement), because significant
deviations in uptake rates induce competitive exclusion (el-
evated uptake promotes dominance; diminished uptake en-
ables rival takeover); and (2) Sufficient metabolite interaction
strength (Fig. S4 in the Supplement), is essential to main-
tain oscillatory regimes. Weakened interaction rates imply
a collapse into hierarchical competition. These breakdown
conditions align with ecological theory, emphasizing that
non-hierarchical relationships are essential for such dynam-
ics (May and Leonard, 1975; Huisman and Weissing, 1999).
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Though stylized, this example illustrates MCoM’s utility in
probing how interaction networks may structure complex
community successions.

4.2 Assumptions, limitations and possible extensions

An important assumption in MCoM concerns the param-
eterization of DOM exudation mechanics. The fundamen-
tal nutrient-dependent stoichiometric pattern, where pho-
totrophs exude carbon-rich compounds under nutrient limita-
tion and nitrogen-rich compounds under nutrient sufficiency,
is empirically well-established (Myklestad, 2000; Thornton,
2014). However, the precise functional form governing the
extent and composition of exudates in MCoM represents a
tractable implementation rather than a formulation derived
from species-specific empirical data. Our approach provides
flexibility through user-defined parameters (r—N_and g™*>)
to accommodate some variability, while explicitly enforcing
biochemical constraints (e.g., nitrogen-rich exudates require
carbon backbones). Since the mechanistic links between nu-
trient availability, photosynthetic rate, and exudation dynam-
ics remain an active research area (Saad et al., 2016; Wu
et al., 2021), caution is warranted when making quantitative
interpretations.

MCoM employs fixed elemental stoichiometry for phyto-
plankton and heterotrophs, neglecting documented plastic-
ity in elemental ratios under varying environmental condi-
tions (Godwin and Cotner, 2015; Trautwein et al., 2017; Tan-
ioka and Matsumoto, 2020). Future implementations could
incorporate adaptive elemental ratios to refine physiologi-
cal representations. Similarly, interaction strategies are as-
sumed static; extensions might introduce adaptive behav-
iors like context-dependent algicidal interactions (Seyed-
sayamdost et al., 2011; Meyer et al., 2017) or expand exo-
metabolite roles beyond mortality modulation to influence
assimilation kinetics or other physiological parameters.

Further, MCoM assumes independent saturation kinetics
for organic compound uptake (Eq. 14), implying distinct
transporter systems and metabolic pathways process each
compound without interference. While this simplification
aligns with established microbial substrate utilization mod-
els (e.g., Mentges et al., 2019; Marsland et al., 2020; Za-
kem et al., 2021), biological systems exhibit interdependen-
cies through mechanisms of metabolic regulation or resource
allocation. More complex modeling approaches incorporate
such mechanisms allowing them to reproduce phenomena
like sequential utilization or adaptation to substrate availabil-
ity (Brandt et al., 2004; Kremling et al., 2018; Liicken and
Blasius, 2026).

As a zero-dimensional box model, MCoM lacks explicit
spatial resolution. A positive transport term (coefficient A >
0) in the governing equations represents a bulk exchange
with an external reservoir, approximating chemostat condi-
tions and allowing continuos supply of nutrient (see case
studies in Sects. 3.3 and 3.4). If A =0 (Sects. 3.1 and 3.2),
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the equations describe a batch reactor, i.e., a closed system.
We note that A could serve for future spatially explicit im-
plementations, potentially representing diffusive connectiv-
ity in extended frameworks. Such developments would en-
able modeling of advective-diffusive transport and gradient-
driven dynamics.

Environmental variability has an important impact on
growth kinetics. In the current version, its configuration is
limited to nutrient supply and light intensity, allowing a ba-
sic configuration of temporal modes of variation (pulsatile
and sinusoidal, plus a rudimentary functionality for noise).
We plan to extend these modes and further add temperature-
dependent rate modulation (Coles and Jones, 2000; Bouman
et al., 2005) in the future.

4.3 Performance

MCoM is suited to simulate large communities comprising
diverse species, DOM compounds, and metabolites. How-
ever, the numerical complexity and memory requirements of
the simulation rise with system size. We assessed the per-
formance of MCoM in a simple test recording run times for
different system sizes. The results are shown in Fig. 8. For
each number n € {5, 10, ..., 150}, we initialized 16 random
networks with n components of each type (heterotrophs, pho-
totrophs, DOC, DON, and metabolites) and 30 % connec-
tivity. That is, for n = 30, each phototroph population pro-
duces 10 different DOC and 10 different DON compounds
and is affected by 10 metabolites. Each heterotroph pop-
ulation produces the same variety of DOM compounds, is
able to consume 10 DOC and 10 DON types, and produces
10 different metabolites. We simulated each community for
100 years with an integration step width of dt=0.025d, sav-
ing the last 10 years of the simulation to disc saving the sys-
tem’s state every dto,; = 0.5 d. Asymptotically, the computa-
tion time scales as n¥ with exponent y = 2.4, as determined
by the asymptotic slope of the graph of log n versus logarith-
mic computation time (dashed red line in the inset of Fig. 8).

5 Conclusions

MCoM v1.0 is a scalable framework for simulating the dy-
namics of microbial communities consisting of phototrophic
and heterotrophic species that includes a wide range of mi-
crobial interactions. The processes implemented into MCoM
capture essential mechanisms of these interactions, such as
nutrient competition, exo-metabolite and DOM production,
as well as remineralization. Due to its flexible structure,
MCoM allows to explore a range of ecological scenarios,
from single-species experiments (Sher et al., 2011; Christie-
Oleza et al., 2017) to complex community interactions (Gar-
cia et al., 2018; Kost et al., 2023). We demonstrated this by
simulating simple co-culture experiments, as well as non-
linear phenomena such as emergent periodic succession pat-
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Figure 8. Computation time (wall time) for varying total network
size. The total number of components is the sum of the numbers
of different P;, H;, D;, and M;. For each size 16 different random
communities were simulated for 100 years. Inset shows the same
data in a log-log plot and a red dashed line with slope y = 2.4. The
black dashed curve shows a polynomial fit to the computation time.

terns and multi-stability, which are prerequisites for mod-
elling, e.g., ecological tipping points. Aside from aiding
mechanistic insights to ecological observations, MCoM may
prove useful for the simulation of biotechnological setups as
the relevance and the potential of microbial interactions for
industrial exploitation becomes increasingly recognized (Ra-
manan et al., 2016).

Although MCoM can be used to model complex commu-
nities, which exhibit rich dynamics, the individual interac-
tions and growth dynamics are intentionally kept relatively
simple in order to assess fundamental controls of microbial
communities and their impact on biogeochemical fluxes. In
summary, MCoM provides a versatile platform that is cus-
tomizable to specific requirements from assessing pairwise
interactions to diverse microbial communities. By taking into
account the full range of positive and negative interactions,
it expands the currently prevailing competition-centred view
in biogeochemical modelling.

Code availability. The source code for MCoM v1.0 is pub-
lished under MIT license and can be downloaded from Zenodo
(https://doi.org/10.5281/zenodo.19108362, Liicken et al., 2026).
The repository contains the software documentation, instructions
on configuration and installation, as well as a test suite. To run
MCoM, Julia and Python must be installed (see README.md and
requirements.txt for more specific dependencies). For the latest ver-
sion, please visit https://github.com/bgc-mod/MCoM (last access:
19 March 2026).

Data availability. Scripts  reproducing the data  under-
lying the figures in the publication are included in
https://doi.org/10.5281/zenodo.19108362 (Liicken et al., 2026).
Experimental data used in Sect. 3.1 and 3.2 is published in
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