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Review 

Structuring complexity by mapping the possible in 
microbial ecosystems
Djordje Bajić, Marco van Oort, Minke Gabriëls and Uroš Gojković 

Microbial ecosystems consist of many interacting components 
that integrate through stochastic and highly dynamic processes 
across multiple scales. Yet, despite this complexity, microbial 
communities exhibit remarkably robust patterns and 
reproducible functions. This apparent paradox reflects the role 
of constraints, whether physical, physiological, or evolutionary, 
that channel stochasticity into structured outcomes. Due to the 
limited knowledge of the nature of these constraints, models in 
ecology have traditionally relied on stochastic exploration under 
minimal mechanistic assumptions. Now, advances in data 
availability and computational methods increasingly allow us to 
construct models that incorporate explicit mechanistic 
constraints. In this review, we synthesize emerging modeling 
approaches that explore the space of ecological possibility in 
microbial ecosystems under realistic constraints, such as those 
imposed by metabolic stoichiometry, thermodynamics, or the 
structure of ecological interaction networks. We argue that 
integrating such constraints can significantly improve the 
predictive resolution of models, helping us build a much needed 
bridge between theory and data. We further discuss how novel 
statistical approaches are revealing simple, low-dimensional 
patterns in microbial communities, offering empirical clues for 
identifying the underlying constraints. Together, these 
developments suggest a path toward a data-driven and 
mechanistically informed theory in microbial ecology.
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Introduction
Life is essentially shaped by stochastic processes. 
Evolution is, to a large extent, driven by random genetic 
drift [1], and adaptive forces are fueled by random mu
tations. As the movement of molecules inside cells is 
essentially Brownian, even the processes that biologists 
often treat as deterministic, such as enzyme catalysis or 
gene regulation, are fundamentally underpinned by 
chance. Transcription factors routinely bind nonspecific 
sites [2], and most enzymes can carry out side reactions 
in addition to the primary one, which can fuel the evo
lution of metabolic innovations [3]. At the same time, 
organisms are highly ordered, evolved systems, in which 
mechanism and structure impose strong constraints to 
randomness [4]. Constraints may be fundamental, arising 
from physical or chemical laws (e.g. stoichiometric bal
ance or thermodynamic feasibility); physiological, stem
ming from organismal traits and trade-offs (e.g. limits on 
metabolic fluxes or maximum growth rates); or struc
tural, emerging from from the topology of interactions 
between system components, or their spatial con
nectivity. Each of these constraints imposes bounds to 
the biological processes occurring at other scales, irre
spective of the specific parameters governing each of 
these processes. For example, the architecture of reg
ulatory networks ‘canalizes’ the development of multi
cellular organisms, turning a collection of purely 
stochastic processes into a beautiful sequence of events 
that appears as fully deterministic, and allowing organ
isms to reach consistent phenotypes despite variation in 
genetic or environmental parameters [5]. In other cases, 
the room left for more diverse outcomes seems much 
more ample [6]. A case in point is microbial metabolism, 
where the sampling of possible flux spaces bounded by 
stoichiometric constraints has helped understand inter
strain variability [7], or explain the diversity of metabo
lites that might be secreted across species [8,9].

How do biological systems navigate this space of possi
bility? Fueled by adaptive considerations, many biolo
gical processes are often understood within an 
optimization framework. Commonly, the emphasis is put 
on a quantity being optimized, most typically fitness, 
and comparatively less attention is given to the space 
where this optimization process happens. However, a 
growing body of work recognizes that many biological 
phenomena appear rather suboptimal. For example, one 
might think that enzymes would evolve to be as efficient 
as possible. Yet, when looking at the data, we see that 
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most of them are rather far from optimal [10]. Microbial 
metabolism at large also appears to behave often sub
optimally [11,12], and even conflicting optimization ob
jectives can allow space for stochasticity to shape the 
diversification of metabolic strategies [13]. These varied 
examples show that it is useful to consider the com
plementary (rather than opposed) perspective that ex
tends beyond optimal states to consider all possible 
ones. In order to explore these spaces of biological 
possibility, it becomes critical to chart specifically what 
constraints delimit them, and how.

A field in which this paradigm, relying on stochasticity- 
within-constraints, has been historically most successful 
is ecology. In contrast to single organisms, ecological 
communities typically do not evolve adaptively (unless 
structured by the environment in specific ways [14]). 
Freed from the yoke of adaptive explanations, and to an 
extent inspired by the dynamics of ecological commu
nities themselves, some of the most influential models in 
ecological theory have historically embraced stochastic 
exploration methods. From May’s seminal work ex
ploring stability in randomly connected communities 
[15,16] to Hubbell’s neutral theory [17], many theore
tical approaches begin by assuming that species differ 
randomly, or not at all, in their traits or interactions. The 
success of these approaches in ecology lies in their 
ability to explain many observed patterns, from species 
abundance distributions to ecosystem stability, while 
relying on minimal constraints. But even in Hubbell’s 
neutral framework, where all species are genetically and 
phenotypically equivalent, the predicted ecological pat
terns are shaped by boundary conditions, such as spatial 
structure and limited dispersal. In the neutral model, the 
restrictions in the spatial scale and connectivity over 
which species disperse effectively constrain the possible 
patterns that can be observed at larger scales, such as 
community assembly (e.g. species abundance distribu
tions) [17]. Importantly, ecosystem structure and func
tion can also emerge from internal constraints. For 
instance, in randomly assembled food webs, the mere 
requirement of a trophic hierarchy (e.g. who eats whom) 
imposes a minimal structure that channels stochastic 
dynamics, allowing us to move to more mechanistic and 
precise predictions about ecosystem stability, dynamics, 
and function [18].

In many ways, microbial communities offer a more 
complex landscape than macro-organism ecology. First, 
microbial communities are structured in typically much 
more diffuse trophic networks [19,20], with many in
teractions happening within the same trophic level, for 
example, through competition and exchange of re
sources [20,21]. Their interactions are also more dy
namic: in contrast to the fox, who will always eat the 
hare, and never the other way around, microbial inter
actions can change their strength or even their sign 

depending on the environment or on the presence of 
other community members [22,23]. Microbial interaction 
networks are also extremely large and complex [24,25], 
suggesting they might be unstable [16,19]. Yet, despite 
this complexity, evidence is accumulating that microbial 
communities, from the lab to natural habitats, exhibit 
remarkably simple and reproducible emergent patterns. 
For example, the composition of many natural and 
synthetic microbial communities seems predictable at 
the functional level, despite a much larger taxonomic 
complexity [26,27]. The composition of microbial com
munities also follows macroecological patterns of abun
dance that can be described using simple statistical laws 
[28–30]. More generally, evidence is mounting that both 
the structure and the function of microbial communities 
reveals signatures of low-dimensional structures [31–33], 
reflected in simple patterns that can be leveraged for 
prediction [34,35]. For example, the addition of a species 
to a community very often relates in linear terms to the 
function of the native community [36]. This leads to a 
number of key questions: what mechanistic constraints 
structure the complexity and the randomness intrinsic to 
microbial communities? And how do we incorporate 
these constraints into models that can meaningfully in
form theory, allowing us to potentially understand the 
origin of these patterns?

Recent years are seeing increased efforts to elucidate 
how specific mechanistic or evolutionary constraints 
drive the assembly, dynamics, and function of microbial 
communities. For example, phylogenetic [37], metabolic 
[38–40], and thermodynamic constraints [41–43] have 
been argued as essential ingredients to structure both 
the evolution of microbial traits and the resulting pat
terns and processes observed in microbial ecology. Here, 
we argue that models exploring the space of biological 
possibility within mechanistically explicit, data-driven 
constraints constitute a powerful tool for advancing to
ward a predictive theory in microbial ecology. We also 
review data-driven approaches that aim to identify which 
constraints govern the assembly of microbiomes, their 
function, and their response to environmental change.

From constraints to patterns
In the last decades, the advances in diverse ‘omic’ tech
niques (from genomics to proteomics) have produced an 
immense amount of data mapping the structure and 
function of microbial communities in the most diverse 
settings. Yet many models in ecology still lack an explicit 
connection to data. For example, we have extensive 
evidence that the intricate architecture of metabolic 
networks profoundly affects resource use strategies 
[44,45]. Yet when applied to microbes, MacArthur con
sumer-resource models only incorporate extremely 
coarse-grained mechanistic constraints in terms of me
tabolic structure [46,47]. In contrast, trait-based models 
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rely on large trait databases (often genome inferred) to 
build phenomenological models that predict ecosystem- 
level responses [48–50]. Although this approach has 
been instrumental in generating detailed insight into 
many ecosystems [48,49,51], trait-based models are by 
design system tailored, making their generalization 
challenging. Now, the accumulation of high-resolution 
microbiome data presents an opportunity to develop 
models that are mechanistically explicit yet retain the 
level of generality needed to uncover fundamental 
principles in microbial ecology and evolution.

The use of empirically calibrated models to explore the 
space of biological possibility is almost as old as our 
ability to acquire enough data to fuel it. One of the first 
precedents comes from the seminal work of Fontana and 
Schuster, who in the early 1990s systematically mapped 
the relationship between RNA sequences and their 
folded secondary structures [52]. The ability of these 
models to explicitly chart the structure of an empirical 
genotype-phenotype map revealed that, far from being 
evenly accessible, the space of possible RNA pheno
types is structured in a highly nonrandom manner. Some 
folds were vastly overrepresented, others nearly in
accessible, and genotype space was comprised of large 
‘neutral networks’ containing many sequences coding 
for the same phenotype. This seminal work offered a 
powerful demonstration of how constraints imposed by 
physics and genetics can lead to predictable evolutionary 
outcomes [52,53].

In parallel to RNA folding models, the turn of the 21st 
century also saw the development of an altogether dif
ferent class of empirically calibrated models, namely, 
genome-scale metabolic models (GEMs) [54]. These 
models connect the genome-derived network of bio
chemical reactions an organism can carry out to the 
physiological performance of the organism, for ex
ample, growth capabilities or metabolite production. 
GEMs are particularly attractive because they make re
latively few assumptions: they do not require detailed 
knowledge of kinetic parameters and instead rely on 
mass balance constraints, thermodynamic feasibility, and 
optimization principles justified from the evolutionary 
standpoint. In their most typical use, GEMs are used to 
reconstruct the metabolic networks of existing species as 
accurately as possible in order to make inferences about 
the metabolic traits of these species [55]. However, as 
GEMs inherently encode constraints both from meta
bolic architecture and environmental inputs, they can 
serve naturally as an ‘empirical template’ for studying 
how biological function is shaped by these constraints.

Inspired by work on RNA structure, pioneering ap
proaches started applying stochastic sampling methods 
on GEMs to explore the space of the metabolically 
possible [56–59]. The general approach consists of 

repeated random ‘Monte-Carlo’ sampling of a universal 
metabolic space, comprising all known reactions avail
able to microbes under a given set of environmental 
constraints. Metabolic networks are usually sampled 
under a set of constraints, for example, any sampled 
metabolic network is required to be viable. Then, the 
properties of the resulting ‘ensemble’ of sampled net
works can be systematically analyzed. This approach has 
helped characterize the architecture of epistatic inter
actions [57], uncover neutral networks in metabolism 
[56], evaluate how predictable is the evolution of 
minimal genomes [58], and learn that metabolic net
works viable on one substrate are typically and almost 
automatically also viable on multiple others [40]. The 
application of statistical approaches on GEMs has also 
shed light on the long-term patterns of phenotypic 
evolution in bacteria [60] and even allowed us to eval
uate early-life evolution scenarios [61–63], fields where 
experimentation is hardly accessible. Altogether, this 
approach showed that structural constraints imposed by 
metabolic architecture have profound effects on evolu
tion at different timescales and even in the absence of 
direct selection and can inform us about past evolu
tionary patterns.

Can a similar approach also help us understand ecology? 
Because of the fundamental role of metabolic traits shaping 
microbial communities, an increasing number of studies are 
leveraging statistical approaches in combination with GEMs 
to explore how metabolic constraints shape microbial 
ecology [64,65]. For example, recent work has discovered 
that metabolism harbors a vast potential for costless secre
tion of metabolites, even under strong optimality assump
tions [8,9,66]. Besides the substantial implications for our 
understanding of microbial interactions and community as
sembly [67], metabolic secretions can also impact eco-evo
lutionary interactions among microbes, affecting how 
microorganisms evolve in the long run [68]. Statistical ap
proaches have also been developed to quantify biosynthetic 
capabilities under environmental and genomic uncertainty, 
allowing for probabilistic estimates of cross-feeding potential 
[69], as well as algorithms to reverse-infer the metabolic 
environments of microbiomes from metagenomic data [70]. 
The application of GEMs in microbial ecology also has 
important limitations. For example, some interaction me
chanisms are by definition excluded, for example, toxin 
secretion, or extracellular enzyme production. However, 
opportunities exist to implement these mechanisms ad-hoc, 
for example, in dynamic metabolic simulations, thereby 
evaluating their potential effect on microbial community 
properties [71]. Overall, the use of GEMs in microbial 
ecology has the potential to highlight how mechanistic 
constraints at the individual level aggregate to shape com
munity- and ecosystem-level properties.

Currently, the predictions of GEMs are being increas
ingly refined by the application of machine learning 
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techniques. For example, the use of sophisticated sta
tistical approaches is enabling more accurate re
construction of metabolic networks [72] or the prediction 
of kinetic constants from an enzyme sequence. This 
could bring kinetic GEMs within reach, potentially al
lowing us to extend our models from stoichiometric to 
kinetic constraints [73,74]. But the broader lesson ex
tends well beyond metabolism: constraints, whether 
physical, ecological, or evolutionary, both delimit and 
enable biological function [75]. Models that explicitly 
incorporate these constraints will be critical to mechan
istically connect the increasing wealth of biological data 
to theory in microbial ecology [65].

From patterns to constraints
While the approaches discussed above represent op
portunities to incorporate data-driven constraints into 
theory, the question of how to identify those constraints 
in a rigorous way remains challenging. The reason is the 
complex entanglement of constraints of different me
chanistic origin. For example, stoichiometric and ther
modynamic constraints mutually influence each other 
[76]; these shape cross-feeding and thus the structure of 
the ecological interaction network [77] and are shaped 
by environmental change [22,23], genetic architecture 
[38,68], and evolution. In a complex system such as a 
microbial community, how do we identify which con
straints are important to model?

Encouragingly, an increasing number of studies are re
vealing that, despite their high dimensionality, the 
structure and behavior of complex biological systems 
often fold onto a surprisingly low number of dimensions 
[32,36,78,79]. Identifying these dimensions and linking 
them to mechanistic variables present an opportunity to 
identify the constrains governing these systems. In mi
crobial ecology, multiple independent studies have un
covered that diversity and complexity often exhibit 
simple emergent patterns [50]. For example, at a func
tional level, the outcome of microbial community as
sembly is reproducible [26,47], which can be traced to 
mechanistic constraints, for example, cellular resource 
allocation and rate-yield trade-offs [27], and even 
genomic features [80]. The outcome of microbial com
munity assembly processes seems to be statistically 
predictable, suggesting it might depend only on a small 
number of degrees of freedom [79]. Moreover, it is be
coming increasingly clear that many community func
tions are largely predictable using surprisingly simple 
statistical models [34,79,81], likely because they are 
governed by one or a few dominant constraints, for ex
ample, pH [81,82]. Recent findings also show that the 
functional effect of adding a species to a community 
often depends in a simple, linear manner on the function 
of the receiving community [36]. An analogous phe
nomenon can be found across many biological systems 

[32] and is usually attributed to the presence of an un
derlying latent constraint [83,84], but can also emerge 
from the statistical structure of underlying interactions 
[85,86]. Increasing efforts are being made to both find 
new quantitative frameworks to characterize these pat
terns [32] and map them to mechanistic constraints, such 
as metabolic budgets [87] or specific pathway archi
tectures [86].

Altogether, these simple emergent patterns delineate a 
compelling path from data to theory [65]. By character
izing the low-dimensional manifolds that capture most of 
the variation in a system, we might be able to infer the 
key mechanistic constraints that structure it. In
corporating these constraints to models provides an op
portunity to advance toward a general predictive theory 
in microbial ecology that is grounded in empirical data 
and biological function.

Conclusion
In recent years, there has been a growing call to build a 
new theoretical framework that can explain, unify, and 
make predictions in microbial ecology [4,88–91]. For 
instance, it has been argued that we need to develop a 
new ‘statistical physics of life’, established not around 
traditional symmetries and equilibrium assumptions that 
are applicable in physics, but around concepts such as 
‘typicality with constraints’ [4]. In this view, sufficiently 
complex biological systems may display statistical reg
ularities typical of random systems, provided that they 
are bounded by similar constraints. However, while 
powerful, this framework remains deliberately agnostic 
to the origin and nature of the constraints themselves 
[4]. Although mechanistic agnosticism can be a powerful 
advantage for theory, constraints in biological systems 
are generally more complex than in physics [92]. Thus, if 
our goal is to understand why we observe a pattern, how 
it will respond to a perturbation, or how we can engineer 
it toward a specific state, we must engage explicitly with 
the mechanisms and structures that hold this pattern in 
place.
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