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Abstract

Digital twins (DTs) are increasingly recognized across diverse sectors for their capacity to enhance
the control, efficiency, and comprehension of the physical or biological systems they represent.
For microbial systems, DTs could allow model-guided improvements of the services provided by
the microbial communities in the agrifood chain. While DTs definitions are generally built on the
same core idea of bi-directional exchanges between digital and physical counterparts, where real-
time data feeds digital models and model-driven insights guide the real system, a wide variety of
definitions of what is a DT still co-exist across domains. This variability underscores the need for
a clear, system-specific definition of DTs for microbial ecosystems.

In this perspective paper, we propose a conceptual framework for microbial system digital twins
(MSDTs), defined as a collection of models dynamically linked to the microbiological system
through in-line, at-line or off-line data and control flows. We illustrate this framework with ex-
amples spanning environmental, bioprocess, plant, animal, food, and human microbial systems, in
a One Health perspective. For each ecosystem, we explore the potential applications of MSDTs.
We also identify the scientific challenges that remain in experiments, bioinformatics, data science,
modeling, control and microbial ecosystem engineering to build accurate MSDTs.

We advocate for the development of MSDT in laboratory settings, as a catalyst for interdisciplinary
sciences, and we stress practical and ethical issues preventing the generalization of MSDT for
large-scale applications. However, high-tech MSDTs in laboratory environments may pave the
way for low-tech, generalizable microbial solutions for improved ecosystemic microbial services.

Keywords: Digital twins, Microbial ecology, microbial community models
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1. Introduction

Digital twins (DT), formally introduced in the early 2000s in an industrial context (Grieves,
2023), are attracting growing interest across a wide range of sectors such as mechanics (Ritto
and Rochinha, 2021), urbanism (Lehner and Dorffner, 2020), healthcare systems (Vallée, 2023),
agrifood systems (Tzachor et al., 2022a), agriculture (Metcalfe et al., 2023; Purcell and Neubauer,
2023; Pylianidis et al., 2021), environmental technologies (Torfs et al., 2024), and medicine
(Bjoérnsson et al., 2020; Laubenbacher et al., 2024). Progress in data acquisition (Marjani et al.,
2017) and integration of artificial intelligence (Al) brings perspectives for the development and
adoption of DTs, by improving simulation times, predictive maintenance, autonomous decision-
making and hypothesis-based scenarii (De Domenico et al., 2025). For example, advances in
omics, i.e. high-throughput measurements of biological molecule sets for comprehensive system-
wide analysis, combined with Al progresses, offer opportunities to create an Al virtual cell that
could be personalized using specific patients data to create a DT and suggest suitable interven-
tions (Bunne et al., 2024). This scientific focus is accompanied by massive public investments
on DTs, such as the EU initiatives Destination Earth for a DT of the planet Earth (Bauer et al.,
2021) and EDITH for a European Virtual Human Twin (Viceconti et al., 2024), together with the
Society for In silico Medicine VPH .

All of these DTs are built on the same core idea: a digital object made of code and models,
the DT, is created to mirror a real world (biological) system, the biological twin, functioning as
its virtual counterpart. Unlike digital shadows, which involve one-way data flow from the real
system to its virtual entity but lack feedback, a digital twin adds feedback through bidirectional
flows with its biological (or physical) counterpart: data flows in, while control commands flow
back to influence the real-world system (Fuller et al., 2020). Despite this general consensus,
definitions of DT vary widely in the literature, with significant application-dependent differences
in terms of model specifications or data flows between digital and biological twins (Wright and
Davidson, 2020). These discrepancies in DT definitions result in two main issues: (i) they can
obscure the differences between DT and classical mathematical models, thus making it difficult
to determine whether DT is a genuine breakthrough for model implementation or just a scientific
hype; (ii) they make it more difficult to identify a clear and uniform definition of DT, forcing
each research field involved in their development or application to adapt the concept to its own
context (Wright and Davidson, 2020). The goal of this opinion paper is to clearly define and
investigate the potential of DTs within the context of microbial systems.

Microbial systems underpin key processes in health (e.g., barrier effect against pathogens,
microbiota-based products and probiotics), food production (e.g., fermented food, food preser-
vation), agriculture (e.g. for plant protection or animal health), industry (e.g., biological wastewa-
ter treatment and anaerobic digestion) and the environment (e.g., biogeochemical cycles, primary
production), placing them as key players for sustainable development within the One-Health con-
cept (Affagard et al., 2026; Banerjee and van der Heijden, 2023; Winkler et al., 2025). Microbial
communities are particularly well suited for DT approaches because they combine fast and mea-
surable process dynamics with a high degree of experimental control and numerous observation
options, enabling flexible experimental designs and data availability. In controlled environmen-
tal settings, many multi-modal data streams can now be routinely acquired with readily available
equipments. This combination of observability, controllability, replicability and societal relevance

WPH website: https:/vph-society.org/who-we-are/
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makes microbial systems an especially attractive domain for developing DTs. Conversely, DTs of
microbial systems could bring breakthrough insights in the functions and interactions driving
the microbial communities, while providing a practical tool to pilot the outcome of the microbial
processes. After a brief overview of digital models of microbial systems in various areas of micro-
biology (sec. 2 and boxes 1 to 6), the paper will focus on clearly defining what a Microbial System
DT (MSDT) is (sec. 3). Next, the article explores the promises MSDTs hold for fundamental and
applied research on microbial systems management (sec. 4) and the key scientific topics to be
addressed for the development of efficient MSDT (sec. 5). Finally, the technical, theoretical, and
ethical issues associated to MSDTs are discussed (sec. 6).

2. Current models of microbial systems

2.1. Modeling microbial communities across ecosystems

In microbiology, mathematical modeling of microbial systems has been a major focus as early
as the 1940s, with the introduction of the Monod equation (Monod, 1949) standing as a foun-
dational example for modeling the growth of micro-organisms. Since then, a substantial body of
literature on microbial systems (MS) modeling has emerged, including process-based kinetic mod-
eling, partial-differential equation (PDE) modeling, genome-scale metabolic modeling (GSMM),
machine-learning (ML) or ecological modeling (Cerk et al., 2024; Wade et al., 2016; Widder et al.,
2016). In this paper, MS refer to both complex natural communities and synthetic communities
(SynComs) that are isolated, designed and assembled for a specific application, associated with
a specific host or free-living in their environment. MS exploration thus encompasses various
topics in microbial ecology, such as biodiversity and interactions within natural ecosystems (as
holobiont or free-living), as well as microbiota engineering issues, here understood as ecological
management strategies such as screening, controlling and optimizing microbial interactions and
functions in designed or selected synthetic consortia. To outline the current landscape of key
topics in both microbial ecology and modeling, a selection of emblematic MS across a diverse
range of applied fields within a One Health perspective is addressed, including environmental,
biotechnological, plant, animal, food, and human MS (see Fig. 1 for an overview and boxes 1 to 6
for a brief review of microbial ecology and modeling issues in each ecosystem). Reviewing these
MS reveals that the objectives of MS models are ecosystem-specific, as they are directly tied
to the primary ecosystem services delivered by the microbial community. In contrast, modeling
methodologies are often transferable across ecosystems and are more closely associated with
the complexity of the microbial community itself. For SynCom models, genome-scale approaches
can be employed, leveraging microbial genomes, metabolic modeling, inference of microbial in-
teractions, and dynamical models calibrated with omics data. For more complex communities,
functional and/or taxonomic simplifications are conducted using knowledge-based, ML-based
or deep-learning approaches, leading to the development of process-based models at the com-
munity level (Widder et al., 2016).

2.2. Microbial systems have intrinsic advantages for system biology and ecology

The large diversity of microbial community models illustrated in the Box 1 to 6 reflects key in-
trinsic advantages of MS over macroscopic ecosystems (i.e. those involving macroscopic individ-
uals such as animals or plants) for system biology approaches and articulation with mathematical
models.
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Figure 1 - Microbial systems and applications. MS are found within various environ-
ments, whether macroscopic hosts (e.g. plants, animals or humans), manufactured sys-
tems (e.g. bioreactors or food) or open environments (e.g. seawater or soil). MS perform
complex metabolic functions, that extend the metabolic landscape of their environment,
thus providing a number of valuable services such as ecosystem function regulation and
environmental remediation, biomass valorisation and bioproduction of high value-added
compounds, crop protection and plant health promotion, livestock production efficiency
and environmental impact, food preservation and human health enhancement. To better
understand microbial dynamics, meta-omics (like metabarcoding, metagenomics, meta-
transcriptomics or metametabolomics) or abiotic data (like temperature, pH, light, etc)
give insight into the ecology (functioning and taxonomic assembly) of the MS. Mathe-
matical models help decipher the omics data, and give a framework for efficiently build
microbiota engineering strategies, such as SynComs design, in order to steer the micro-
bial communities and improve the microbial services. For these ecosystems, MSDTs could
effectively close this bi-directional interaction loop by automatizing data production and
analysis, dynamical modeling and model-guided microbial system steering.

Controlled and reproducible experiments of reduced ecosystems. In microbiology, assem-
bling and cultivating defined consortia of few microbial species is technically feasible. These
SynComs can be cultivated on chemically defined media, allowing precise control over the nutri-
tional environment, or in interaction with host models (e.g. foliar discs as proxies for the phyllo-
sphere, or organoids and gut-on-a-chip devices to simulate colonic environment) for simplified
host-microbiota interactions. These reductionist approaches significantly improve experimental
control and reproducibility.

Towards molecular ecology. Since microbial genomes are compact, efficient methods now
exist to assemble (meta-) genome-scale metabolic models that capture both individual species
metabolic activity and interspecies trophic chains at the community level (Belcour et al., 2020;

4
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Box 1: Modeling MS to explore microbial regulations in environmental microbiology. Environ-
9% v mental microbiology explores both free-living and host-associated microbial communities in natu-
{ ﬁ( ral environments, such as rivers, lakes, wetlands, grasslands, or forests, and their role in essential
ecosystem services, such as carbon fixation, detoxification, biogeochemical cycling, organic matter
decomposition, and primary production (Falkowski et al., 2008; Morin and Artigas, 2023). These complex multi-
kingdom communities form dynamic, interconnected networks that underpin the resilience and functionality of
the ecosystem (Pascual-Garcia et al., 2020; Van Bruggen et al., 2019): understanding their adaptive mechanisms
is vital for predicting how ecosystems will cope wil multi-stress scenarios, including climate change, chemical
and biological pollution, or land anthropization (Hellal et al., 2023; Philippot et al., 2021).
Modeling environmental scales. A key challenge for accurate MS models in natural environments is bridging
scales: while macro-scale cycles are central in ecosystem services, key microbial functions often depend on a
small number of keystone species involved in complex ecological interactions, such as cross-feeding and antibio-
sis (Mataigne et al., 2021). Reconciling these scales requires the development of advanced modeling methods
that articulate functional omics data integration, metabolic modeling (Creusot et al., 2025; Muller et al., 2018)
and spatial models accounting for spatially-structuring features such as quorum sensing or multi-species biofilms
(Lami et al., 2023). By integrating metabolic, physiological, and environmental data at the community level, these
models can predict ecosystem responses to stressors and identify critical tipping points (Barbosa et al., 2025;
Igbal et al., 2025).

Box 2: Modeling industrial bioprocesses: the example of anaerobic digesters. Anaerobic digesters
: are bioreactors that convert organic feedstocks such as agricultural waste and energy crops into
7 f;( valuable outputs like biogas (a renewable energy source) and digestate (a soil fertilizer). These sys-
tems host diverse microbial communities, primarily bacteria and archaea, continuously shaped by
non-sterile inputs and fluctuating operational conditions. At first order approximation, the process involves four
interconnected biochemical stages: hydrolysis, acidogenesis, acetogenesis, and methanogenesis (Batstone et al.,
2002). These steps are governed by intricate mechanisms, including syntrophic relationships (Pan et al., 2021),
which are particularly prone to instability due to narrow thermodynamic windows. Additionally, stable digester
operation requires microbial adaptation to rapid shifts in operating conditions, a challenge for slow-growing
microbes like syntrophs and certain archaea.
Bioprocess-based models for anaerobic digestion Efforts to model anaerobic digestion led to the development
of the Anaerobic Digestion Model 1 (ADM1) (Batstone et al., 2002), a foundational bioprocess-based com-
partment dynamic model that has inspired numerous adaptations (Batstone et al., 2006; Capson-Tojo et al.,
2021; Hassam et al., 2015; Ramirez et al., 2009). Robust models incorporate dozens of state variables to cap-
ture the complexity of microbial ecosystems, multiphasic interactions (gas, liquid, solid), chemical equilibria, and
ion-pairing reactions (Flores-Alsina et al., 2016). However, variability in poorly characterized inputs and spatial
heterogeneity pose challenges. Data scarcity, particularly for microbial populations and feedstock composition,
further complicates model calibration. Mathematical modeling optimizes anaerobic digestion by ensuring contin-
uous, robust treatment of all inputs while balancing stability and performance. ML can integrate large industrial
datasets, and when combined with mechanistic models in hybrid approaches, it enhances interpretability (Van-
rolleghem et al., 2025). In wastewater treatment, facility-wide DTs are emerging, though microbial modeling
remains simplified to limit computational complexity (Wang et al., 2024).

Cerk et al., 2024). These models also serve as powerful tools for integrating and deciphering
omics data. By contrast, macroscopic ecosystems lack comparable ecosystem-wide models ca-
pable of resolving molecular-scale interactions and metabolic dynamics between macroscopic
individuals (plants, animals) with the same accuracy and reproducibility.

Large microbiome databases. Large databases of annotated microbial genomes, pathways
and proteins acquired on microbiome samples are now available (Richardson et al., 2023). These

5
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Box 3: Model-guided enhancement of food fermentation. Fermenting food with microorganisms
A offers a "3-in-1" benefit: improving safety and conservation, enhancing flavor and texture, and pro-
{ f;( moting health through probiotics and prebiotics. This process also supports low-carbon footprint
diets by using plant-based ingredients and reducing energy-intensive steps like cooling in alcoholic
fermentation (Harlé et al., 2025; Rul et al., 2022; Teng et al., 2021). Fermentation typically occurs in closed
systems with varying pH (3-9), anaerobic conditions, and minimal external interactions. The microorganisms
involved—bacteria, fungi, or both—depend on the food type (vegetables, dairy, meat), its structure (raw, liquid,
sliced), and processing factors (temperature, salt, hydration). Starter cultures ensure safety and consistency,
while microbial activity—through alcoholic (e.g., yeast in beer), lactic (e.g., bacteria in yogurt), or propionic fer-
mentation—produces preservatives (alcohol, organic acids) and beneficial compounds (aroma, vitamins, health-
promoting metabolites).
Optimizing Fermentation with Models. Predictive models simulate microbial dynamics and key parameters like
metabolite levels, pH, and flavor compounds (Li et al., 2025b). These models use metabolic or process-based
frameworks (Karimi et al., 2026), enriched with multi-omic data (metabolomics, transcriptomics) and environ-
mental factors (temperature, pH) (Lecomte et al., 2024; Somerville et al., 2022). They can also be combined with
machine learning in hybrid models. Predictive fermentation models help informed decision and optimization of
production stability, sensory quality, and resource efficiency while maintening safety (Yabo and Casenave, 2023).
In precision fermentation—where engineered microbes produce specific compounds (proteins, enzymes)—DTs
could address biosynthesis bottlenecks (Helmy et al., 2024; Melkonian et al., 2023), with potential applications
to modernize and streamline processes.

Box 4: Crop Microbiome Models for Disease Biocontrol. Plants host complex microbial commu-
9h nities that enhance nutrient uptake, growth, stress tolerance, immune priming, and pathogen re-
7 f;( sistance (Chialva et al., 2022). These microbial services are increasingly harnessed for sustainable
agriculture through microbe-based biocontrol products, biofertilizers, and biostimulants (Compant
et al., 2025). While a first generation of single-strain biocontrol solutions showed variable field efficacy against
diseases, research now focuses on multi-strain SynComs for greater resilience to environmental changes (Com-
pant et al., 2025). Other research avenues include breeding plants with an enhanced capacity to associate with
beneficial microorganisms (French et al., 2021), rewilding the microbiome with ancestral microbes from wild en-
vironments (Raaijmakers and Kiers, 2022) and managing plant diversity to steer the microbiome toward a more
protective state (Meyer et al., 2022b; Moreau et al., 2025; Wyckhuys et al., 2025).
Modeling simplified communities for plant disease biocontrol. To develop microbiome-based strategies for dis-
ease biocontrol, integrative frameworks combine metagenomics to identify key micro-organisms and functions
(Choi et al., 2026; Pacheco and Vorholt, 2023), culturomics to isolate them (Sarhan et al., 2019), and SynComs
assembly based on top-down and/or bottom-up approaches (Mehlferber et al., 2024) for lab, greenhouse and
field testing against pathogens (Choi et al., 2026; Pacheco and Vorholt, 2023). SynComs represent a necessary
step for elucidating the molecular mechanisms underlying biocontrol effects. GSMM and multi-omics data can
help elucidate microbial interactions and dynamics (Feierabend and Topfer, 2025; Schéfer et al., 2023). Microor-
ganisms exhibiting similar dynamics can be identified and grouped with dedicated ML models, revealing shared
functions, and high-throughput numerical exploration of possible interactions can be conducted to select effi-
cient SynComs for targeted function. Iterating this process could lead to the development of a digital twin for
model-guided design of biocontrol consortia.

data can be mined and arranged to build and explore metagenome-assembled genomes and
genome-scale metabolic network reconstructions (Cerk et al., 2024) or to build foundation Al
models able to explore and predict sequences and functions (Brixi et al., 2025; Wiatrak et al.,
2025). Large datasets of microbiome samples (Carlino et al., 2024; Kuhn et al., 2026; Pasolli et
al., 2017; Rodrigues et al., 2025) and their associated metadata can enable data-driven studies

6
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Box 5: Modeling the rumen microbiome to mitigate livestock methane emissions. The rumen
9616 " microbiome comprises bacteria, archaea, protozoa, fungi, and viruses, and is vital for the nutrition
{ f;( and health of ruminants. It influences key outcomes such as feed efficiency and ruminal acidity
through microbial fermentation. It is also involved in ruminant methane emissions, which is a major
contributor to the environmental footprint of livestock. Despite age-related changes, the mature rumen is a
resilient ecosystem. Rumen microbes degrade plant fibers, producing essential compounds such as volatile fatty
acids (VFAs) and hydrogen, which methanogens convert into methane. (Huws et al., 2018)
Dynamical models of rumen fermentation use ordinary differential equations (ODEs) to represent microbial
metabolism and transport phenomena. Some rumen models (Mufioz-Tamayo et al., 2021, 2016) share struc-
tural similarities with anaerobic reactor models (e.g., ADM1 - Box 2). Rumen specific features include differen-
tial degradation rates of feed particles (Pressman and Kebreab, 2024), and host factors such as VFA absorption,
saliva secretion and eating behavior patterns (Vivares et al., 2025). Incorporating microbial genomic information
into rumen models should improve their predictive power and enhance model capabilities for investigating mi-
crobial levers to manage animal health and ruminal livestock methane production (Mufioz-Tamayo et al., 2023).
Recent advances include the use of state observers to link microbial data to VFA dynamics (Davoudkhani et al.,
2024), and the use of metabolic network reconstruction to model the metabolism of a cellulolytic bacterium
(Fakih et al., 2023).

Box 6: Modeling the human gut microbiota. Humans maintain a continuous symbiotic relation-
sgjzj{ ship with diverse microbial communities, particularly within the colon, where hundreds to thou-
{ f;( Zl1 sands of species contribute to host physiology. The gut microbiota ferments indigestible dietary
residues, such as fibers, supplying a portion of the host’s energy requirements (Arnoldini et al.,
2025). It also plays a critical role in immune system maturation, epithelial cell turnover, and barrier effect
against pathogens (Fan and Pedersen, 2021). Host-microbiota selection is driven by factors like colonic hypoxia,
immunity-mediated beneficial species sorting (Bandyopadhyay et al., 2025; Crouch et al., 2024), with diet sig-
nificantly shaping microbial diversity (Schmidt et al., 2018). This symbiosis is being challenged by environmental
changes (unhealthy diets, processed foods, antibiotics, and modern sanitary practices) leading to a loss of micro-
bial diversity and dysbiosis (Carding et al., 2015). Microbiota dysbiosis is linked to chronic diseases (e.g., obesity,
diabetes, inflammation, cancer, neurodegenerative disorders or ocular conditions (Rocks et al., 2025)) and infec-
tious diseases (Fan and Pedersen, 2021). The gut microbiota exhibits spatial structures, varying longitudinally
(proximal vs. distal colon) and radially (mucus-associated vs. lumen communities), with strong interactions at the
epithelial interface (McCallum and Tropini, 2024).
Spatial models of the gut microbiota and intestinal physiology. Spatial models must capture these features,
either by using compartmental dynamical systems (Kettle et al., 2018; Mufioz-Tamayo et al., 2010) or partial
differential equations to represent intestinal regions (Cremer et al., 2017; Labarthe et al., 2019; Moorthy et
al., 2015). Multi-scale integration, from microscopic interactions (e.g., microbial-metabolic exchanges, stem cell
regulation (Darrigade et al., 2022; Haghebaert et al., 2024)) to organ-level processes (e.g., peristalsis, nutrient
absorption, mucus turnover (Labarthe et al., 2019)), remains a key challenge. For biomedical applications, model
personalization is essential, incorporating diet, host physiology, and patient-dependent microbial profiles, lever-
aging machine learning analyses of metagenomic datasets to define microbial structures and functions (Frioux
et al., 2023a; Labarthe et al., 2023; MetaHIT Consortium et al., 2011).

through ML or Al approaches (Frioux et al., 2023a; MetaHIT Consortium et al., 2011; Tap et al.,
2023).

Leveraging known bioprocesses. Complex microbial communities often exhibit activities that
can be distilled into fundamental metabolic processes such as hydrolysis, proteolysis, fermenta-
tion, respiration or catabolism, centered around biomass formation and metabolism of key com-
pounds like fibers, sugars, proteins or short chain fatty acids. These community-scale functions

7
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114 can be supplemented by specialized metabolism when it is key for the community dynamics,
115 like biocide production in pathosystems. This metabolic simplification lends itself to implemen-
116 tation of process-based kinetic models, enabling macroscopic-scale predictions of community
117 dynamics. Beyond modeling, it also provides a structured approach to formulate testable scien-
1s tific hypotheses in microbiology.

119 Scaling up experiments and models. The small size of microorganisms and their rapid replica-
120 tion rates simplify experimental scale-up, which can be further amplified by robotics and minia-
121 turization, such as microfluidic devices. This enables high-throughput parallel cultivation of di-
122 verse microcosms at minimal operational cost and time. On the computational side, paralleliza-
123 tion, high-performance computing (HPC), and model simplification techniques (e.g., surrogate
122 modeling) facilitate comparable scaling up of community-level models. In addition, MS experi-
125 ments impose fewer ethical and regulatory constraints than animal or plant subjects for labora-
126 tory experiments.

127 Steering MS and microbial ecosystem engineering. Experimentalists have at hand several
128 levers to finely manage the dynamics of MS. This control can be exerted through environmental
120 tuning (changing culture media, modulating feeding rates in bioreactors, or applying stressors
130 such as pH, temperature or light), as well as consortium engineering by adding or removing tar-
131 geted species, e.g. using phages. These experimental options can be efficiently integrated with
132 control engineering and mathematical framework for model-guided steering of MS.

133 These inherent advantages position MS as a unique platform for advancing the synergy be-
134 tween models and experimental systems, paving the way for MSDTs.

135 3. Digital twin of microbial systems

136 Classical definitions of DTs emphasize bidirectional interconnection between the biological
137 system and its digital twin, enabling continuous data flow and model-guided feedbacks (Fuller
138 et al., 2020). While model-guided control of microbial systems has a long history, in particular
130 in bioprocesses and food fermentation (see boxes 2 and 3), DTs introduce additional layers of
140 complexity beyond traditional control. Some definitions highlight DT personalization to a specific
141 individual (Viceconti et al., 2024), but this concept does not easily translate to complex microbial
142 ecosystems. Others stress real-time observation and control of the system (Fuller et al., 2020),
143 which is rarely feasible in microbiology. To adapt DT definition to MS, we propose a precise defi-
144 nition of a MSDT, structured around three core components: 1) a rigorous characterization of the
145 biological twin, hence clarifying how the concept of personalization adapts to microbial ecosys-
146 tems, 2) the conceptualization of the MSDT as an ensemble of computational models rather
147 than a unique model, in order to extend classical modeling and control approaches, and, 3) the
148 distinction of three types of interactions (in-line, at-line and off-line interactions) between the
149 biological and digital twins, aligning MSDT with existing data production and control methods.

150 3.1. Characterizing the biological twin

151 Specifying a MS. The first step in constructing a MSDT is the explicit delineation of its real-
152 world biological counterpart. While this may appear somewhat obvious, it actually deserves clar-
153 ification, particularly for systems as versatile, diverse and heterogeneous as microbial communi-
154 ties. Traditionally, a digital twin represents a given individual: for example in an industrial context,
155 a DT of an aircraft represents a specific plane within a production series, resulting in as many DTs
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as aircrafts. However, the concept of an “individual” becomes ambiguous when applied to micro-
bial ecosystems or communities, depending on how MS are defined. MS can be specified in two
contrasting ways. They can follow a constructive explicit definition: the system is precisely spec-
ified by providing the precise composition of the microbial community in term of proportions of
defined isolates from determined microbial collections within a biochemically controlled environ-
ment. This definition is related to defined consortia in microbial ecology. MS can also be defined
with a non-constructive implicit definition: the system is described using generic terms such
as "gut microbiome" or "phyllosphere microbiome" which, in practice, refer to samples obtained
through standardized protocols without controlling the community composition nor the environ-
ment. In such a case, the “individual” may correspond either to a given sampling realization (i.e.,
a specific instance of the system) or to an averaged proxy derived from multiple samples. This
definition is related to undefined microbiota in microbial ecology.

MSDT for personalization or system simplification. These definitions lead to distinct MSDT
paradigms. For constructive definition or single sampling realizations, building a MSDT is a per-
sonalization task: the MSDT must adapt to the unique characteristics of the biological twin. For
averaged proxies of different samples, building a MSDT is a simplification task: the goal is to
identify a parsimonious set of features representative of the different samples of the biologi-
cal twin. We note that this definition broadens the usual scope of digital twins, usually tightly
linked to a proper individual. Such an extension is necessary given the inherent complexity and
dynamics of microbial ecosystems interacting with a complex environment and sometimes with
a host.

lllustrative examples. To illustrate this expanded framework, we present diverse examples of
MS biological twins, each exemplifying distinct definitions of MS and applying to the microbial
systems described above.

(1) In environmental microbiology, a biological twin can be a given lake together with its
microbiota defined as the pooling of different spatially distributed samples. The MS is
then an averaged proxy of spatialized populations of a specific lake.

(2) In a context of bioprocesses, a MS can be specified with different samples of the same
sludge inoculated in different chemostats fed with controlled medium. The MS is then
this collection of chemostat devices hosting different samples of the implicitly defined
microbial population. The MSDT will be built upon a simplified common description of
the sludge microbial population.

(3) In a context of food fermentation, a MS can be a given bioreactor with a defined starter
and plant-based liquid substrate. In this fully explicit example, different MSDTs should
be built for every bioreactor.

(4) In a context of plant microbiology, a MS can be defined as a given biobank of hundreds
of microbial isolates and a given high-throughput cultivation platform able to assemble
and grow a large number of simplified communities. The MS is then fully explicit and
constructive.

(5) In the context of the ruminant holobiont, a given animal is modeled with its complex
rumen microbiota characterized with time-resolved rumen samples. The MS is a proxy
of the unique microbial community of this specified animal, in interaction with its host.
In this case, the MS is implicitly characterized.
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(6) In human microbiology, a MS can be set by choosing a human individual, while speci-
fying their diet habits and microbiota with dedicated surveys and proxies that usually
determine the taxonomic or genetic composition of the community. The microbial com-
partment is defined implicitly but the MSDT can be personalized to the given individual.

3.2. Conceptualization of the MSDT with modular architecture

State-dependant model structure. Rather than a monolithic model, we define a MSDT in
a modular design paradigm as a collection of inter-connectable models. This architecture en-
ables context-dependent instantiation, where specific modules are selectively activated or de-
activated based on the current state of the biological twin. When a first version of the MSDT is
instantiated, the current model configuration is fitted using incoming data streams. However, if
the system behavior deviates beyond the validity domain of the current model, due to perturba-
tions or external stressors, the MSDT dynamically reconfigures by assembling a new combina-
tion of modules from its repository. These new modules are not only a recalibration of the same
models: they can have different model structures, with e.g. the addition of a new term in the
equations, or even a new modeling paradigm, with e.g. a switch between process-based model
and GSMM. This adaptive framework ensures that the MSDT remains both accurate and com-
putationally efficient across varying conditions. A classical modeling approach using only one
model can qualify as a MSDT, but extending its range of validity in future versions of the MSDT
may necessitate a modular architecture to accommodate increased complexity and adaptability.

Example of a modular MSDT of the gut microbiota. A gut microbiota MSDT can exemplify
this modularity. Here, distinct modeling bricks may include an accurate model of intestinal crypt
dynamics, a detailed representation of the mucus layers, different versions of microbiota mod-
els with various proportions of pathogens or short-chain fatty acid producers, and an immune
response module. During inflammatory episodes, the immune and crypt turnover modules are
activated to simulate pro-inflammatory signaling and epithelial remodeling, providing mechanis-
tic insights into disease progression. Conversely, when homeostatic conditions are recovered,
these modules can be deactivated as their contributions become negligible, in order to avoid
unnecessary computational load and to speed up computation. This selective activation ensures
that the MSDT adapts its complexity and its biological relevance to the current state of the bio-
logical twin.

Example of a modular MSDT for anaerobic digestion models. Similarly, in a wastewater treat-
ment plant MSDT, modularity enables robust responses to microbial unbalance. For instance, if
an abrupt microbial input disrupts the microbial consortium and inhibits the sludge digestion,
the microbial model can be reconfigured by redefining the structure of the population dynamics
model to take into account the new microbial populations and metabolic shifts (Tartakovsky et
al., 2002). This model can also describe new corrective monitoring (e.g., substrate adjustments
or bioaugmentation) to steer the community until reactivation of the sludge.

3.3. Three types of interactions between biological and digital twins.
The data flow and interactions between the biological or ecological system and the MSDT

can be decomposed into four basic actions, all forming a cyclical framework (Fig. 2).

(1) Observe: the first step, MS observation, encompasses systematic generation, preprocess-
ing and analysis of experimental data, thus involving experiments, bioinformatics and
data science.
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Figure 2 - In-line, at-line and off-line loops. Three types of interactions between MS
and MSDT can be identified: in-line, at-line and off-line loops. In each loop type, from
a precise delineation of the system, a collection of models (different model types) can
be built, the specific instantiation and fitting (parameter 6 inference) of which depend
on current observations of the MS. Then, four actions (observe (red), fit (blue), predict
(purple) and steer (green)) are articulated in an automated pipeline (upper pannel). The
dynamic articulation of these actions is detailed for each loop (middle panel: dynamics
of data (red), fitted model (blue), forecast (purple) and command (green), together with
activation of data production, fitting, prediction and steering steps (colored bars)). Fi-
nally, emblematic examples are provided (bottom panels). In-line (left). In in-line loops,
data production, model fit and prediction and MS steering are automatic, real-time and
simultaneous, keeping humans out of the loop, as an external observer (upper figure). An
archetypal example is a MSDT designed as a controller of the MS for real-time control of
precision fermentation (bottom-left figure). At-line (center). The at-line loop integrates
rapid data collection or command with slower semi-automatic procedures involving hu-
man operators (upper figure). In at-line loops, time-demanding bottlenecks with human
interventions (central figure, yellow star) pause the process, either for data production
or model computation. A canonical situation could be a MSDT designed for data assimi-
lation of semi-automatic data for water treatment plant management, where the human
operator is kept inside the loop for model reconfiguration in case of extreme events (bot-
tom figure). Off-line (right). The off-line loop is performed on a larger time-scale, with
required human interventions (upper figure). In off-line loops, experiments, model fitting,
model exploration and steering are made sequentially, with systematic human interven-
tions (central figure). A typical example could be a MSDT used for digital exploration and
model-guided decision and experimental design in animal experiments.

242 (2) Fit: next, MSDT fitting involves the instantiation of a context-appropriate model archi-
243 tecture followed by parameter calibration using the observed data. It is therefore at the
244 crossroads of data science and modeling.
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(3) Predict: the fitted model then enables MSDT prediction, for forecasting future system
states and computing optimal interventions, thus bridging analytical insights with action-
able strategies. It involves modeling and control engineering.

(4) Steer: finally, MS steering implements these model-informed interventions in the real-
world biological system, using control theory and microbiota engineering strategies, com-
pleting the feedback loop.

This integrated workflow transforms raw biological data into actionable knowledge while
maintaining continuous synchronization between the biological twin and the MSDT. Depending
on the time scale and degree of automation of these actions, three distinct interaction paradigms
can be defined for the coupling between microbial systems and their MSDT: in-line, at-line and
off-line loops, illustrated in Fig. 2.

Level 1: In-line loops. In-line loops feature fully automated, real-time execution of the four
actions: observe, fit, predict and steer. No direct human intervention is required, appart external
observations, enabling autonomous operation. A canonical example is a model-guided control of
fermentation, where the digital twin continuously optimizes process parameters (e.g., substrate
feeding, pH, temperature) to maintain optimal (or viable) performance under dynamic conditions
(Zhao et al., 2025).

Level 2: At-line loops. In at-line loops, the four actions are operated under semi-automated
execution, with intermittent human intervention required to address persistent bottlenecks, e.g.
time-demanding production of additional data when in-line sensors are insufficient, manual model
reconfiguration, computationally intensive optimization tasks, or implementation delays for con-
trol actions (e.g., substrate preparation). In this mode, the operator is temporarily integrated into
the loop to resolve situations that exceed the autonomous system capabilities. A telling exam-
ple is a MSDT of a wastewater treatment plant: while the MSDT operates fully automatically in
nominal functioning, an interface allows the testing of what-if scenario by human operators to
search for more efficient operating conditions. Based on these additional insights, efficient oper-
ations are defined and implemented on the real system, allowing automatic steering to resume
with improved accuracy (Daneshgar et al., 2024).

Level 3: Off-line loops. In off-line loops, the four actions are executed sequentially and asyn-
chronously on distinct timescales with continuous human oversight. The operator remains fully
integrated into the loop, coordinating manual interventions at every stage. An emblematic exam-
ple of off-line loops could be a MSDT of the rumen or gut microbiome. In such system, real-time
data acquisition and processing are infeasible, and microbiome modulation via pre- or probi-
otics operates on large timescales constrained by digestive physiology. Off-line loops have re-
cently been used in the design-built-test-learn paradigm as introduced for a food microbiology
MSDT, where iterative refinement relies on discrete, human-guided experimentation and analy-
sis (Helmy et al., 2024).

These feedback loops, whether in-line, at-line, off-line or a mix of it, are fundamental to the
definition of digital twins. Consequently, certain models previously classified as MSDT (Sizemore
et al., 2024) would not fall under this proposed definition, by lacking a feedback loop from the
MSDT towards the biological twin. We review in Figure 3 and Tables 1, 2 and 4 different data
acquisition and command methodologies for microbial populations and microbial functions avail-
able for the different loop types.
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Figure 3 - Data, commands and feedback loops. Different biodiversity (left panel) and
functional data (central panel) are reviewed, together with ecological levers that can be
activated to steer microbial communities (right panel). Data types and commands are
placed along two gradients: production time scales and depth, understood as the func-
tional or taxonomic resolution of the data and the command, providing at a glance avail-
able inputs and outputs for in-line, at-line and off-line loops, together with expected
precision of the action. For functional data, we indicate in blue metagenomics and meta-
transcriptomics data, in green metaproteomic data and in red metabolomics data. This
representation supplements the information provided in tables 1, 2 and 4, that also con-
tain abbreviation definitions.
288 4. Promises of digital twins for microbial ecology

280 4.1. MSDT: a research object

290 Accelerating research and reducing costs. By putting the emphasis in accelerating data pro-
201 duction and analysis, as well as model computation and microbial steering, MSDT can signifi-
202 cantly speed up the iterative interactions between experiments and models. Furthermore, the
203 development of MSDTs may facilitate critical transformations in research workflows, transition-
204 ing from off-line interactions toward at-line and in-line processes, with real-time integration as
205 the ultimate goal. With model-guided experimental design and experimental steering, MSDTs
206  Will reduce experimental times, costs and environmental footprints. In the animal science domain,
207 MSDT can contribute to the implementation of the 3Rs (Replace, Reduce, Refine) principles for
208 the use of animals in scientific research.

299 Helping to address and investigate scientific questions. When defining a MSDT to answer
300 a scientific question, experimentalists, bioinformaticians, modellers and control engineers have
301 to set up together the experimental design at the same time as formalizing the analysis pipeline,
302 the model characteristics and the microbial control strategy. This dialogue makes it possible to
303 identify new scientific questions at the conjunction of their respective disciplines, extending the
304 original question in an interdisciplinary dialogue. An example of this can be determining micro-
305 bial interactions in a community. A dedicated experimental design, such as a microfluidic set
306 Up interconnecting isolated wells with individual microbial populations, can be enhanced with
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an adapted microbial community model focused on interactions: the model can identify metabo-
lites mediating metabolic interactions, hence giving specifications for the measurements and the
control strategy. This multidisciplinary crosstalk facilitates the anticipation of extreme situations:
when the biological twin shows an unexpected behaviour, an off-line loop of the MSDT can re-
configure the model to detect dysfunctions, understand their underlying reasons, and bring back
the system towards normal functioning. Furthermore, the system biology or ecology approach
underlying MSDT development allows extending the MSDT in a modular way to integrate the
community into a wider environment, like host-microbiota interactions. Finally, as the MSDT
is clearly directed towards functional management of the community, the link between micro-
bial taxonomic diversity and community-wide functions is central in the MSDT outcome, hence
bringing insights into the system’s microbial ecology. In particular, it can help deciphering the
role of low abundant populations or under represented keystone species.

4.2. A large panel of potential applications

MSDT can be envisioned in all microbiology fields.

Model-guided management of environmental water quality. In environmental microbiology,
a MSDT could be designed to mirror the microbial taxonomic composition and/or metabolites
(e.g. toxins) production dynamics in a lake, with the final goal of anticipating and mitigating the
effect of the bloom of pathogenic or toxic micro-organisms. A MSDT could take into account
large scale levers like effluent follow-up or water management of the rivers, considering various
physico-chemical parameters and ecological processes.

Waste and wastewater treatment plants. A MSDT of a water treatment plant could involve a
microbial compartment providing integrated information to the human operator, including model
predictions, links towards databases and memory of the process operations. MSDT outputs must
handle discrete data such as human observations or previous decisions, and should be able to
propose appropriate actions to avoid failure or recover when the process is stopped. The ultimate
goal of the MSDT is robustness, by maintaining the treatment of the whole influx without failure,
rather than optimality.

Controlled fermented food. DTs offer a solution for improving the functioning of fermen-
tation systems. By providing real-time feedback and control, in-line digital twins can predict
anomalies in the fermentation process and help restore equilibrium before product quality is
compromised by abiotic (e.g. salt) or biotic (e.g. inoculation of a new strain) perturbations. This
predictive capability could radically change the way fermentation processes are managed, lead-
ing to more consistent and reliable outcomes in food production. DT could also offer a solution
for the optimal selection of microbial consortia adapted to the fermentation of a given raw ma-
terial (e.g. novel plant-based fermented product) (Karimi et al., 2026).

SynCom selection in plant microbiome. The functional augmentation of plant microbiomes
using SynComs is emerging as a promising alternative to synthetic pesticides for enhancing cul-
tivated plant health. However, the effective selection of SynComs—those possessing both tar-
geted functions and robust engraftment capabilities—remains a significant challenge. Traditional
approaches relying on knowledge-based selection of strains from microbial collections are lim-
ited by the existing knowledge and the combinatorial explosion when combining them into Syn-
Coms, which far exceeds experimental feasibility. A MSDT of a SynCom-testing platform offers a
transformative solution. By enabling model-guided SynCom selection, a massively parallel MSDT
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can perform in silico screening of potential SynComs, identifying putative consortia for subse-
qguent in vitro high-throughput testing in microfluidic experiments. Initially, this MSDT could be
off-line, while progresses in robotization could enable at-line or in-line SynCom-testing platform
MSDT in the future. The experimental data generated can then refine the digital exploration
conducted by the MSDT, creating an iterative, funnel-like process that progressively converges
towards SynComs of interest.

Fostering animal health. Modeling microbial proxies of key physiological variables within a
MSDT of ruminants (and other livestock species) enables individualized management in a pre-
cision livestock farming context. Given the pivotal role of the rumen microbiome in digestion,
animal health, and greenhouse gas emissions, the MSDT can be engineered to optimize preci-
sion feeding strategies that improve rumen function while mitigating methane emissions. How-
ever, microbial phenotypes often involve trade-offs such as those between feed efficiency and
methane reduction, or between immune resilience and productivity. By accounting for these
functional trade-offs, the MSDT can support balanced decision-making tailored to specific man-
agement goals. Furthermore, by integrating microbial biomarkers associated with health disor-
ders, the MSDT can trigger an off-line diagnostic loop for early detection and individualized pre-
ventive or curative interventions, ultimately enhancing both animal well-being and operational
efficiency.

Personalized gut microbiota management. In humans, a MSDT of the gut microbiota holds
significant potential for personalized microbiome management, thereby enhancing health and
well-being. The MSDT could integrate modular components, including an accurate description
of human diet in terms of microbial substrates, intestinal epithelium turnover, inflammatory re-
sponses, pathogenic infection and metabolic capabilities of microbial populations at different
functional granularity. Tailored for specific contexts such as dysbiosis, inflammation or pathogenic
colonization, the MSDT could enable personalized modulation of the gut microbiota. This could
be achieved through targeted interventions, including precision nutrition, prebiotics, probiotics
or antibiotic therapy.

5. Digital twins as a catalyst of interdisciplinarity

By design, digital twins reside at the crossroads of multiple scientific fields: experimental
science, bioinformatics, data science, modeling, control engineering and microbiota engineering.
Therefore, developing a MSDT requires advancements in methods and techniques at the inter-
face of these fields, with two main objectives: speed and depth (see Fig. 4). Increasing speed
entails accelerating each step of the interaction loops between both twins, with the ultimate
goal of achieving real-time in-line loops between the MSDT and its biological twin. Increasing
depth involves developing experimental, sampling and analytical tools that yield deeper insights
into the functioning of the microbial system. This aims to transition from phenomenological to
mechanistic understanding, from community-level descriptions to molecular-scale characteriza-
tion, from macroscale to microscale resolution in both time and space. Reaching speed and depth
are often at odds: the priority between these objectives depends on the applicative context. The
key scientific fronts that MSDTs can advance to reconcile speed and depth are discussed below.
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Figure 4 - MSDTs foster interdisciplinarity. By design, MSDTs sit at the intersection of
wetlab experimentation, bioinformatics, data science, modeling, control, and microbiota
engineering. Constructing a MSDT involves integrating a continuum of methods across
these six disciplines, each presenting methodological challenges, directed towards en-
hancing speed or depth of data, analysis, models or commands. This interdisciplinary ar-
ticulation not only advances technical capabilities but also spurs new biological questions,
particularly in microbial ecology. Abbreviations: PINN (Physic-Informed Neural Network),
HPC (high-performance computing), loT (internet of things)

390 5.1. Forefront of scientific research in experimental and data acquisition sciences

391 Observing poorly accessible systems. Some microbial systems, such as the human gut or the
392 rumen ecosystem, are inherently inaccessible for data acquisition through direct sampling. While
393 stools might serve as practical proxies for the gut microbiota, they offer limited spatio-temporal
394 resolution. Even if the recent development of ingestible intelligent capsules paves the way of
395 in vivo intestinal microbome direct sampling (Ding et al., 2021), capturing high-throughput data,
396 especially during transient microbial dynamic phases, remains a major challenge, particularly for
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targeted metabolomics or exo-metabolome analysis. Advances in automation could allow for
higher frequency measurements, which are crucial for monitoring and maintaining optimal fer-
mentation conditions. Both in human and ruminants, microsensor technologies offer a promising
practical solution to monitor in situ key variables such as pH, temperature and volatile fatty acids
(Han et al., 2022; So et al., 2023). Technologies for the analysis of exhaled breath (coupled to
systems such as the GreenFeed (Hammond et al., 2016) for monitoring methane produced by
ruminants) offer noninvasive approaches for assessing rumen function (Islam et al., 2024; Jorge-
Smeding et al., 2025). These devices allow for 3-4 measurements per day. Increasing both the
time rate and the range of detectable metabolites would provide richer input for a MSDT.

Miniaturization for improved measurements. The microscopic nature of microorganisms poses
technical challenges for sensor design in microbial systems. Miniaturization addresses these chal-
lenges by improving spatial and temporal resolution. For instance, mass spectrometry imaging
and ambiant MS (e.g., DESI, MALDI, or SIMS; see Table 2) enables microscale metabolomics,
while millifluidic devices allow high-throughput sampling of microbial communities grown in
droplets and monitored via optical systems (Boitard et al., 2015). When coupled with robot-
ics, milli or microfluidic systems can scale up experiments by running numerous experimental
conditions in parallel. Finally, microfluidics can decipher microbial interactions: isolated microor-
ganisms can be cultivated in interconnected microwells with controllable metabolite exchange
via micropipes mimicking metabolic interactions between populations (Ugolini et al., 2024). The
field of culturomics focuses on advancing these techniques.

Faster and deeper omics data generation. Over the past decade, sequencing technologies
have seen dramatic improvements in sequencing depth, read length, throughput, error rates
and correction, and cost reduction. However, sample conditioning, DNA extraction, and post-
processing, including metagenomic assembly, remain bottlenecks, limiting DNA sequencing to
off-line loops. A similar trend applies to chromatography-based technologies for metametabolo-
mics and metaproteomics: while sample preparation, chromatographic rates, processing times,
and costs continue to improve using robotics, real-time, in-line measurements have just started
to be explored in both MS (Cortada-Garcia et al., 2024) and NMR-based analysis (Bouillaud et
al., 2019). Robotization and real-time sequencing devices could accelerate these steps, gradu-
ally enabling the integration of sequencing into at-line and in-line MSDT. Real-time sequencing
of microbial communities could provide invaluable insights into ongoing fermentation process,
facilitating timely adjustments. However, expectations regarding the outcome of such data gen-
eration must account for the computational cost and the potential for automation of the down-
stream data processing: fast analyses such as reference-based mapping of sequenced reads may
for instance be preferred over de novo assembly (Meyer et al., 2022a). We reviewed available
omics facilities to capture microbial biodiversity and functions, focusing on processing times
and depth (see Tables 1, 2, 3 and 4 and Fig. 3).

5.2. Challenges in bioinformatics

Managing omics data avalanche. The accumulation of omics data is only valuable when
paired with efficient analytical tools. Bioinformatic pipelines for sequence binning, genome as-
sembly, and pangenomic graph construction are essential for effectively exploiting DNA and
RNA-seq data (Meyer et al., 2022a). A core challenge lies in accelerating data processing to
scale analyses in line with increasing sequencing depth and read length, while preserving ac-
curacy. High-performance computing and parallelization can partially address scalability, but Al
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techniques offer further potential. By learning the underlying structure of genomic information
and by providing universal representations of sequences using the embedding induced by foun-
dational models, Al could streamline data analysis by projecting exponentially growing volume of
datainto dense latent spaces with a large but fixed dimension and a simpler geometry (Vaswani et
al., 2017a). In the way, the emergence of microbiome large cohort studies in (meta)metabolomics
requires to speed up data processing and annotation as well as improving data fusion and nor-
malization to streamline the huge amount of complex data (Hajjar et al., 2023). Foundational
models pre-trained or fine-tuned on microbiome datasets are beginning to emerge (Medearis et
al., 2026; Pope et al., 2025b; Zhang et al., 2026). While their current applications primarily rely
on transfer learning for classification tasks, these models are also expected to enable generative
Al capabilities for MSDT steering in the near future.

Improving omics data contextualization. Beyond technological breakthroughs for deeper
and faster measurements, bioinformatic advances are needed to improve the contextualization
of raw omics data. Building open databases and efficient querying methods enables the inte-
gration of biological knowledge into observations. Marker genes, genomes or metagenomic-
assembled genomes databases enrich sequencing data with taxonomic or functional insights,
while gene, metabolite, and pathway annotation databases further enhance data interpretation.
Ontologies help organize this information for improved knowledge extraction. A continuous ef-
fort must be maintained to improve databases size and accuracy, as well as querying speed, in
order to improve automatic reconstruction pipelines and overall data signals in MSDT (Ma et al.,
2023; Pop et al., 2024).

Metabolic models for deciphering microbial community functions. Metabolic network recon-
structions organize genomic data into the metabolic pathways that microorganisms are geneti-
cally equipped with and can potentially activate in favourable contexts. Scalable computational
pipelines can be implemented to automatically generate draft network reconstruction for well-
characterized microbiomes, such as the human gut microbiota (Heinken et al., 2023). However,
achieving high-accuracy network reconstruction remains a significant challenge, particularly for
microbial ecosystems with limited or sparse database resources. By linking putative metabolites
to actionable functions, these networks enable the integration of genomic, metatranscriptomic,
metaproteomic and metametabolomic data. Al models can be used to enhance network recon-
struction (Boer et al., 2024). GSMM considering those networks and environmental conditions
can be leveraged to simulate cellular responses to their environment and predict the involved
cellular biochemical mechanisms (Dillard et al., 2021), even for complex metabolism such as pro-
teolysis (Paulay et al., 2024). At the community level, articulating multiple metabolic networks
reveals metabolic exchanges that underpin trophic interactions among microbial populations
(Cerk et al., 2024). The ability to mine large datasets of metabolic networks and scale this pro-
cess to match observed microbial diversity is critical for deciphering community-wide metabolic
functioning. Improving the accuracy and scalability of metabolic predictions therefore remains a
central challenge for developing effective MSDTs of complex communities (Li et al., 2025a).

5.3. Advancements for data analysis

Omic data management. After bioinformatic processing, omic data acquired from microbial
communities (metagenomics, metabarcoding, metranscriptomics or metametabolomics) result in
data tables that pose significant challenges for statistical analyses. The tables are compositional
(i.e. involving frequencies rather than absolute counts), high dimensional, zero-inflated (i.e. most
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omic features are unobserved in a significant proportion of the samples) and span several orders
of magnitude. They require special handling and developments for classical tasks such as differ-
ential analysis, variable selection in predictive framework or variance decomposition (Hernandez
Medina et al., 2022). Moreover, the joint analyses of multi-omics data requires the use of data
integration techniques, whether early (table concatenation, latent space and factor analysis, etc)
or late (kernel based integration) (Rohart et al., 2017). In time-varying MSDTs, managing time-
series is critical, requiring dedicated methods such as time smoothing, parametric curve fitting,
vector autoregression models or curve clustering to extract meaningful temporal relationships
between features and outcomes of interest (growth rate, acetate production, etc) (Sherwani et
al., 2025).

Microbiota simplification and pattern recognition. Identifying universal patterns or delineat-
ing discrete microbial types is a major research axis in microbial ecology. It aims to decipher the
variability of omics features and simplify microbiome data into distinct groups characterized by
simple community-scale biomarkers. Classical machine learning such as soft and hard clustering
or dimensionality reduction (PCA, t-SNE, UMAP, NMF 2, etc) have long been used to reveal these
patterns. These analysis can be conducted on taxonomic or functional data (Frioux et al., 20233;
Labarthe et al., 2023; MetaHIT Consortium et al., 2011; Tap et al., 2023).

Deep learning for microbiome omics data. Deep learning, particularly through the use of pre-
trained models, presents a promising avenue for advancing pattern recognition in microbial sys-
tems data (Herndndez Medina et al., 2022). Convolutional neural networks (CNNs), which have
demonstrated exceptional efficiency in image-based pattern recognition, or transformers, the
architecture grounding natural language models (Vaswani et al., 2017b), can be adapted to iden-
tify characteristic structures within omics data matrices (Pope et al., 2025a; Sharma et al., 2020).
Autoencoder-based deep learning models enable the extraction of robust, low-dimensional rep-
resentations from high-dimensional biological datasets (Oh and Zhang, 2020). Recurrent neural
networks (RNNs) further facilitate the analysis of time-series data, allowing for the identification
of microbial interactions and trophic networks (Baranwal et al., 2022).

However, these methods still need further development to handle multi-omics integration,
better incorporation of metadata to correct for unbalanced representation of conditions, and
scalability in the face of dimensionality increase, computational cost and interpretability issues,
to come up with robust and simple biomarkers that are highly predictive of the microbial state.
In MSDT, projection on reduced lattent spaces are essential for simplified screening of the mi-
crobial system and effective trade-offs between speed, computational burden and accuracy for
microbiota representations.

5.4. Advancements for mechanistic modeling

Navigating across scales. Mathematical modeling of microbial systems requires integration
across multiple scales: spatial, temporal, structural (taxonomic composition and biodiversity) and
functional. Spatial scales range from cellular-level phenomena (e.g., active swimming, cell-cell in-
teractions) to millimeter-scale processes (e.g. biofilm formation, flocculation or quorum sensing),
or even larger structures (e.g., microbial populations in soil, organs, or environments). Temporal
scales span millisecond metabolic reactions, hourly growth dynamics, and seasonal variations like
in plant microbiota. Structural scales cover several species in SynComs to thousands of taxa in

2PCA: principal component analysis, t-SNE: t-Distributed Stochastic Neighbor Embedding, UMAP: Uniform Manifold
Approximation and Projection, NMF: non-negative factorization
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complex communities. Functional scales include genome-scale metabolic descriptions of micro-
bial physiology describing each enzyme function, supplemented by molecular insights provided
by metatranscriptomes, metaproteomes and metametabolomes, and community-level functions
with coarse-grained description of large processes. Effectively navigating across these scales is
essential for modeling open microbial systems such as those in plants, lakes, or long-term en-
gineered environments like wastewater treatment plants. A diverse array of mathematical for-
malisms, including individual-based models, constraint-based metabolic modeling, partial differ-
ential equations, ordinary differential equations, stochastic models, and kinetic models, can be
employed to address this multiscale complexity (Widder et al., 2016). The process of model fit-
ting (parameter estimation) can be challenging, with key issues to address including structure
selection, parameter identifiability and uncertainty quantification in a context of multiple time
scales. A variety of methods are available (Banga and Villaverde, 2025; Heinrich et al., 2025) and
could be used for model building in the MSDT context.

Managing model modularity. Building a MSDT necessitates efficient procedures to adapt
or refresh the model on the fly depending on the system state. First, it should be feasible to
easily change the structure of the microbial community model depending on the community
composition, by either selecting corresponding GSMM in a bank of pre-built metabolic models
or by adapting the ODE state space (biomass and metabolites) in a process-based model. Sec-
ond, this microbial community model should be easily coupled with various modeling blocks
each representing other compartments of the microbial system, such as host tissues and organs
(epithelium, mucus, rumen, rhizome, phyllosphere...) or direct environment (river, lake, cheese,
wine tank, substrate, waste, stressors...). A hybrid hierarchical multi-model approach could be
a practical way to implement such a feature: different models of the same system can be imple-
mented with increasing complexity and accuracy (but decreasing computational efficiency) and
an upper modeling layer could dynamically activate the suitable model according to the current
needs, seeking for parcimony.

Speeding up computations. For a given model structure, reaching real-time and MSDT in-
line feedback loops necessitates constant efforts in speeding up computations, since mechanis-
tic models are often computationally intensive and incompatible with real-time constraints in
their original form. Computation speed-up can first be analytic. Using theoretical analysis meth-
ods such as asymptotic analysis, singular perturbation, scale decomposition or homogeneization,
model approximations can be analytically derived providing fast-to-compute proxis of the initial
model (Labarthe et al., 2019). Surrogate modeling is a data-driven approach presenting acceler-
ation potential (Frioux et al., 2023b). Based on a learning database constructed with the original
model or real data, the relationship between model input and output is learned using dedicated
statistical tools (reproducing kernel Hilbert space, polynomial chaos, spline smoothing, proper
orthogonal decomposition...) or deep learning. Physic-informed neural networks (PINN) incor-
porates to the learning database additional conservation laws derived from physics to strengthen
approximation accuracy (Hossie et al., 2025). Finally, high performance computing (HPC), which
includes both dedicated algorithmic for scientific computing and parallelization methods to scale
up computations on large clusters or GPUs, can be used to further speed up computations.
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5.5. Key challenges in control engineering

Adapting automatic control theories to modular MSDT. Automatic control is part of the
broader field of “Control Science”, a discipline developed since the 1960s across several indus-
tries including aeronautics, automobile, chemical processes or bioprocesses (Bastin and Dochain,
2013; d’Andréa-Novel and De Lara, 2013). It introduces a rigorous framework for describing
“input-output” systems and the role of feedback mechanisms, including notions such as “real-
time control", “output feedback" or “adaptive regulation” (Ariyur and Krsti¢, 2004). These con-
cepts find a direct transposition in the definition of DTs. However, since they have been defined
for a fixed structure of the model under study, further developments are required to extend them
for modular MSDT, when there is a heterogeneity of the mathematical representations of the
various entities involved in the digital twin and on-the-fly modifications of the model structure.
As such, in a hybrid framework an automaton may supervise the activation of modules depend-
ing on the system state. An applied example could be a gut microbiota MSDT, with modules
describing inflammatory response, epithelial turn-over or the mucus layer that could be enabled
or disabled by a supervisor automaton depending on the pathogenic status of the microbiota.
Distinct definitions and methods would apply to controllers and feedback on the upper pilot
automaton and on the sub-modules, in a context where the model structure is dynamic. Given
the complexity of the models underlying DT (hybrid systems, large number of variables, non-
linearity), piecewise linear representations (or approximations) of the dynamics, combined with
simple controllers in each region, could be used by Al techniques to obtain hybrid controllers
(however, the challenge in controlling hybrid systems lies in the fact that switching between two
stable models can lead to instability...)

Defining effective observers for microbial system control. To effectively control a microbial
system from the available information provided by the sensors, it is often necessary to recon-
struct internal state variables of the model required to control the system, and thus to identify
an appropriate set of key observables from which this is possible. Indeed, a practical trade-off
exists between observation dimensionality (the number of measured variables) and system con-
trollability (the theoretical capacity to guide the system toward a desired state). As the number
of variables required to fully characterize the system increases, the challenge of designing an
effective control strategy grows. Thus, a crucial objective is to identify a limited number of sen-
sors or state observers that sufficiently capture system dynamics with the precision needed to
define and implement efficient control feedbacks.

Multi-objective control under complex constraints. MSDTs are characterized by numerous
state variables of diverse nature, making it theoretically and practically challenging to control all
of them simultaneously. Meanwhile, experimentalists have limited actuators, i.e. practical con-
trol inputs that can be activated to steer the microbial system, such as abiotic parameters (e.g. pH
modulation to inhibit specific microbial populations or inflow rate), or biotic levers (e.g. microbial
populations or metabolic compounds). Therefore, a key challenge is to identify achievable objec-
tives with the available actuators and designing multi-objective control strategies that navigate
trade-offs while coping with the system constraints. For example, consider a MSDT for wine
processing. The organoleptic properties of wine are defined by a vast array of compounds, mak-
ing fine-tuned control of all variables impractical. However, focusing on a subset of key volatile
compounds together with the microbial levers managing them could enable targeted trade-offs,
ensuring the wine maintains a desired organoleptic profile. In order to adapt to the small numbers
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of inputs and outputs, model reduction may be relevant to obtain minimal representations (i.e.
controllable and observable models). To this end, variables aggregation could be explored using
Al-type techniques. An additional layer of complexity arises from the diverse nature of variables
and objectives. Following up with the example of wine processing, one might aim to minimize
the energetic cost of cooling wine-making tanks while optimizing fermentation outcomes, or to
accelerate fermentation. Controlling simultaneously energetic costs, microbial processes and fer-
mentation duration represents a significant methodological challenge, due to the different—and
potentially contradictory—nature of these objectives. Multi-criteria optimization, when criteria
are prioritized, could benefit from being tackled through optimization under constraints satis-
faction levels. The viability sets associated with these levels could be explored by combining
geometric conditions and Al tools (Aubin et al., 2011).

5.6. Key challenges in microbiota engineering

Defining new levers for microbial management. Various levers can be activated for micro-
bial control, including prebiotics (nutrients designed for targeted promotion of micro-organisms),
probiotics (micro-organisms selected for their ability of shaping the community), postbiotics (nu-
tritional environment obtained after inoculation of targeted micro-organism), antibiotics (com-
pound targeting microbial populations), phages (bacterial viruses), abiotic factors (acidity, light,
heat, salinity, oxygen...) or nutritional control (designed substrate to mitigate or enhance pop-
ulations). More systemic actions can be defined such as ecological levers (use of promoting or
competing micro-organisms, management of microbial diversity) or spatial control (shaping of the
3D environment, biofilm promotion or repression) (Delgado-Baquerizo et al., 2025) (see Table 4
for an extended review). Expending the catalog of actionable levers for microbiota engineering is
key for developing new MSDT. These levers can be selected in the MSDT control strategy. Their
impact on the system must be modeled to determine their optimal use: timing, intensity, dura-
tion, and modulation. While multiple levers can enhance control precision, they also increase
computational demands for defining an effective command strategy.

Automatization, sensor development and remote control. Automatization of control pro-
cesses both increase speed and accuracy of microbial manipulation. In microfluidic setups, au-
tomatic inoculation or flow modulation is a way to finely manage the microbial system (Boitard
et al., 2015). Pipetting robots and miniaturization can also scale up substrate preparation, micro-
bial inoculation and culturing. Developing new sensors (such as in line sequencing or HPLC, MS
or optic devices) or improvement of existing ones by miniaturization (e.g. microfluidics-based
sample preparation and LC), increasing measurement rates and precision or data collection, will
enhance observations. Furthermore, remote screening and control of the MSDT with remote
applications (Internet of Objects, loT) will facilitate human actions on the system (Zhao et al.,
2025).

Simplified communities for targeted microbiota engineering. The selection of SynComs is
key for targeted ecological engineering. A bottom-up approach involves assembling defined con-
sortia from isolates available in culture collections, focusing on micro-organisms that carry a tar-
geted function and their symbionts, which enhance SynCom stability and resilience (Mehlferber
et al., 2024). This ensures the SynCom can express the desired function across diverse contexts.
A top-down approach begins with a natural complex community exhibiting the target phenotype.
The community is simplified, e.g. through serial dilutions or selective stress, while preserving the
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phenotype, followed by sequencing to define the SynCom (Jacquiod et al., 2022). In both strate-
gies, deep characterization of SynCom members is critical for understanding community dynam-
ics and adapting management to specific contexts. Additionally, studying the engraftment of the
SynCom into natural communities is crucial to assess its ability to enhance the target function
within complex ecosystems. These ecological studies can be complemented by high-throughput
phenotyping—such as parallel cultivation in diverse media or random gene knockouts—to further
elucidate key organism functions and interactions.

6. Conclusive discussion

6.1. MSDT as a new modeling paradigm

MSDTs represent a novel paradigm moving beyond traditional modeling and control engineer-
ing frameworks. It begins with a clear delimitation of the microbiological system, identifying the
relevant level of complexity to capture the critical phenomena driving system dynamics. This
systemic conceptualization of the biological twin enables the rigorous definition of its digital
counterpart. Unlike conventional modeling approaches, the MSDT is not built on a single model
but rather on a collection of modular models that can be coupled on the fly as needed. The
MSDT is tightly linked to its biological twin through one or more interaction loops, facilitating
a bidirectional data and command flow: experimental data feeds the MSDT, while model-based
insights guide the steering of the microbial system. These loops can operate in-line (real-time
data and command flows), at-line (real-time with occasional human-dependent delays), or off-
line (all steps involve time-consuming human-operated processes). These interaction loops are
essential for adapting the MSDT to the system specificities, enabling model personalization or
microbial ecosystem simplification. We advocate for an application-oriented definition of MSDTs:
whenever iterative cycles of data-driven model refinement and model-guided system updates
enhance microbial system outcomes, the model qualifies as an MSDT. Such iterations have al-
ready been implemented in food microbiology (Helmy et al., 2024; Zhao et al., 2025). However,
MSDT research should prioritize accelerating these iterations, with the goal of transitioning off-
line loops to at-line, and ultimately to in-line loops in future digital twin versions, together with
improving data depth and model accuracy for enhanced MSDT outcome. This evolution, that
follows DT maturation schemes (Metcalfe et al., 2023), is key to unlocking the full potential of
MSDTs.

6.2. MSDT: a fruitful research object

Originally introduced in product lifecycle management (Grieves, 2023), digital twins have be-
come integral to the manufacturing sector, where they have been widely adopted to enhance
the design, production, and maintenance of complex systems (Liu et al., 2021). Their main ob-
jective was fostering innovation to achieve operating real-time control of a process. In this pa-
per, we argue for importing MSDT into the microbiology laboratory for fundamental research. A
research-oriented MSDT can integrate multiple disciplines, enhancing data flow, modeling, and
control to yield deeper insights into microbial systems. The first key objective is leveraging omics
and models to better personalize the MSDT by adapting it to system specificities. Second, the
MSDT can help identifying patterns to simplify microbial ecosystem description, enabling ef-
ficient modeling and control. Finally, accelerating interaction loops is central in MSDT research
since faster data, model and control treatment enhances MSDT throughput. While deeper omics
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typically conflict with faster pipelines, MSDT research must strike a balance between these com-
peting priorities to achieve both depth and operating efficiency. Microbial systems provide an
ideal context for demonstrating the value of digital twins in research: microbiology offers highly
controllable, miniaturizable and replicable systems, with rapid and cost-effective experiments
compared to other biology fields.

6.3. Boosting interdisciplinary science

MSDTs are intrinsically at the interface of diverse disciplines, spanning experimental micro-
biology, bioinformatics, data science, mathematical modeling, control and microbiota engineer-
ing. Building a MSDT requires establishing a common system biology and ecology framework
that federate experimentalists and modelers. This involves defining collections of observables
of interest, specifying the model features and designing control strategies to steer the system.
This formal definition demands contributions from every discipline along the MSDT pipeline, dis-
mantling traditional silos and fostering interdisciplinary collaborations. It can be the basis of new
scientific questions, both driving methodological developments, like deeper and faster analytical
methods, and advancing microbial ecology by unravelling the ecological dynamics of the micro-
bial system. From these fundamental scientific advancements, real-world applications emerge,
enabling innovative management of microbial systems in practical settings. The acceleration and
consolidation of MSDTs will be boosted by the adoption of Open Science practices such as data
and code sharing. Interdisciplinary approaches should also include human sciences like econom-
ics or sociology to facilitate MSDT transfer out of the laboratory or investigate societal implica-
tions of MSDT use.

6.4. Epistemological risks

Beyond their scientific relevance, MSDTs also bring forward epistemological questions about
how we define microbial reality. A model explicitly assumes it simplifies reality, whereas the ter-
minology of “twin” suggests the digital construct is a faithful, or even augmented, copy of the
microbial system, obscuring the modelling assumptions that a term like “model” already signals.
This framing can lead to the erroneous idea that the real system could be replaced by its digi-
tal twin, substituting experiments with digital exploration without consequence for knowledge
construction. It shifts the phenomenological focus from the “Microbes-in-themselves” to the
model as the primary object of microbiological inquiry. Such confusion arises more easily than
one might think, particularly when researchers are immersed in data rather than in hands-on
experimentation, a tendency consistent with the documented overconfidence of modellers in
their own constructs (Puy et al., 2025; Saltelli et al., 2020).

A further risk lies in the way MSDTs implicitly frame microbial ecosystems as systems whose
dynamics could be steered and controlled, a mindset inherited from engineering disciplines whose
direct transfer to living systems remains questionable. By concentrating on what can be encoded
in models, we risk overlooking the inherent complexity of life, and in particular the “messiness”
of microbial life that characterise living systems. For these reasons, the simplifications involved
in the development of MSDTs, which depend on the questions asked and the objectives pursued,
must be made explicit.
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6.5. Ethics of digital twins: high tech science for low tech solutions

Digital twins are often presented as high-impact research investments, promising productiv-
ity gains and progress towards sustainable development goals (Tzachor et al., 2022b). While they
may vyield high returns on investment in industrial settings, their large-scale deployment in the
agrifood sector beyond controlled environment like greenhouses (Ariesen-Verschuur et al., 2022)
raises questions, and profitable use cases in agriculture could stay limited. However, MSDTs hold
potential in areas such as fermentation optimization, biomass valorization, water and soil reme-
diation, or pest management. Yet, as modeling increasingly influences policy, there is a risk of
overestimating digital twins’ potential to accelerate breakthroughs (Saltelli et al., 2025). This
places a responsibility on modelers to actively and explicitly guide stakeholders to distinguish
between realistic visions and speculative fictions about digital twins (Saltelli et al., 2025). With-
out careful stewardship, digital twins could fuel unrealistic expectations, echoing past critiques
of technosolutionism, a concern already noted in the context of Earth digital twins (Saltelli et al.,
2024). This risk is specifically pronouced for complex microbial ecosystems. Since MSDT are ex-
plicitely goal-oriented towards anthropocentric ends, they may induce problem framing in which
ecological disturbances appear as microbial malfunctions that require optimisation, overlooking
underlying ecological drivers: MSDT could thereby perpetuate scenarios where technology is
deployed to treat symptoms rather than address root causes.

Nonetheless, laboratory-oriented MSDT research remains valuable for boosting fundamental
research and deepening our understanding of microbial communities. MSDTs could be directed
towards the identification of simple, scalable management strategies for field applications: by
introducing operational constraints to the MSDT development framework, researchers could in-
tentionally prioritize microbial solutions that require minimal technological intervention, bridging
the gap between lab innovation and field practicality. In this way, high-tech science in the lab
may lead to low-tech, widely accessible solutions in the field. High-tech science for low-tech
solutions: this could be a more credible path forward for MSDTs.
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tivation

Maldi-TOF), isolated micro-
organisms give an insight on
biodiversity

must be coupled with other tech-
nique.

Data type Description Used for Limitations Quantif. Depth Time scale Citation
optical density estimation of microbial density Non selective total population total population counts only yes Community- seconds (Myt|||2n5\i%s) etal,
based on turbidity measurements  counts wide
with a spectophotometer
flow cytometry microfluidic cell numbering cell numbering Cells must be tagged or differ- vyes Population- minutes (Props et al., 2016)
enciable for population counts in specific
community
flow cytometry + microfluidic and fluorescent dis- cell numbering and discrimination  higher price, few populations yes Population- minutes (Wang et al., 2010)
FISH crimination specific
(Miiller and
c FACS  (fluores- Flow cytometry based sorting of  cell sorting for accurate popula- Cells must be tagged. High price. yes Population- minutes Nebe-von-Caron,
.g cence activated cells tion numbering or characteriza- specific 2010)
i cell sorting) tion.
‘é MALDI-TOF micro-organism-specific mass ldentification of micro-organisms  Strains must be isolated no Species composi- minutes (Topic PZoOp2o?;/)|c etal,
2 spectrum tion
<& metaproteomics  Micro-organism-specific peptide Identification of micro-organisms  Strains must be isolated no Species composi- minutes (Kleiner, 2019)
S profiles tion
5 Fluorescence mi- Imaging cell fluorescence by mi- Specific population densities GMO needed, few populations yes Population- hours (Gitai, 2009)
£ croscopy croscopy specific
S Optical  coher- Biofilm imaging technique Microbial density and structures  No species differentiation yes Community- hours (Hou et al., 2019)
E ence tomogra- in biofilms wide
©
% i ith and Osb
S q-PCR g-PCR amplification of marker targeted absolute count of spe- Specific marker gene mustbeiden- yes Population- hours (Smit 23809())5 orn,
= gene cific populations tified for each target specific
direct counts Microscopy-based direct number-  Total population counts Time consuming, high operative yes Community- hours (Dalms;(;\g;;Vagner,
ing cost wide
WGS whole genome sequencing untargeted relative counts + Price, Evolved bioinformatics relative MAGs composi- days (Quince et al., 2017)
MAGs tion
. . . . . . . S . (Olsen and Bakken,
Plate-counting growth on selective media numbering of targeted species existance of selective media, high  yes Population- days 1987)
errors specific
metabarcoding Sequencing of amplicons untargeted relative counts Relative counts. Lot of wet lab. relative OTU/ASV com- days (Pauvert et al., 2019)
position
culturomics High-throughput isolation and cul-  After characterization (e.g. by Only cultivable micro-organisms, no Strain level weeks (Huang et al., 2023)

Table 1 - Microbial diversity data. The data available to decipher community composition and structure are reviewed. Their use and limitations
are discussed, together with their quantification type (abosolute or compositional), their depth (here understood as their resolution, from strain
to whole-community data) and their production time-scale.
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Data type Description Used For Limitations Quantif. Depth Time Scale Citation
g-PCR g-PCR amplification of targeted targeted absolute count of specific ~ Specific probes must be designed absolute Gene-specific hours (Gao et al., 2011)
genes genes or transcripts for each gene
fé‘_ shotgun metage- untergeted sequencing of all (micro- Taxonomic and functional charac- Requires assembly of the se- Relative counts Whole-genome days (Quince et al., 2017)
S nomics bial) DNA in a sample terisation of samples, reconstruc- quences.
é tion of genomes
*'g ATAC-seq Identification of accessible DNA in  Study the regulatory landscape of a  Cost, interpretation Relative counts Whole-genome days (Grandi et al., 2022)
k] the genome genome
2 . - . R . - . . . (Yaffe and Relman,
<& Hi-C Fixation-based sequencing tech- Estimation of spatial proximity be- Cost, interpretation Relative counts Whole-genome days
0 . 2019)
S nique tween DNA fragments. Can be
g used to facilitate assembly
S . ) . . - . . . . (Lloréns-Rico et al.,
&  Single-cell DNA sequencing of a single DNA  Functions characterization through  Cost, interpretation, operational Relative counts Whole-genome days 2022)
g molecule from an isolated cell single-amplified genomes difficulties
= Note:  Sequencing technologies are now strongly improving the length of sequenced fragments (from short to long reads) hence facilitating binning. Cell sorting by FACS, or microfluidic techniques can help to pre-process
the samples in order to facilitate post processing tasks such as assembly. Same technologies can be used for metagenomics of metatranscriptomics.
. L . . . s . (Souza and Patti,
LC-(HR)MS Separates peptides by liquid Broad metabolite profiling Complex sample preparation; ma- Yes (with internal  Whole-proteome  minutes
. ; A - - 2021)
chromatography (LC) before high- trix effects; may miss non-ionizable  standards).
resolution (HR) mass spectrometry or extreme-polar compounds
(MS).
tagged LC-MS LC-MS samples are multiplexed by  quantitative comparison between  Same limitations as LC-MS ; limited  Yes Whole-proteome  hours (Vaztl?;lenz%ozs;)che
* reagents (ICAT, iTRAQ, SILAC) samples multiplexing possibilities -
O
g SRM/MRM Selective or Multiple Reaction mon-  Targeted proteomics : SRM or Limited number of targeted pep- Yes (with internal  Protein-specific hours (Colag%ellg)et al,
% itoring (SRM/MRM) coupled to LC- MRM allow for peptide selection tides standards)
2 MS
(=%
g 2D LC-MS Multidimensional LC-MS coupled Discovery proteomics ; protein  Not quantitative ; Complex sample  No Whole-proteome  hours (Webb et al., 2013)
s with  data-based identification identification preparation; matrix effects
(MudPIT)
Gel-based Gel electrophoresis (GE), possibly ~ Seperate proteins, compare protein  Very sensitive to experimental con- No (but compari- Protein-specific days (Unlt et al., 1997)
multiplexed (DIGE), coupled to LC- levels in two samples (DIGE) ditions : lack of reproducibility. son)
MS
Note:  MS = mass spectrometry. After enrichment of phosphorylated proteins, LC-MS can be applied (giving metaphosphoproteomics). Data-independant (DIA) fractionation can be applied (giving DIA-MS). Spectra

can be compared to data-bases or computed de novo.

Table 2 - Microbial functions data. 1/2: Metagenomics, metatranscriptomics and metaproteomics. The data available to decipher microbial
functions are reviewed. Their use and limitations are discussed, together with their quantification type (abosolute or compositional), their depth
(here understood as their resolution, from molecular to community-scale bioprocesses data) and their production time-scale.
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Data type Description Used For Limitations Quantif. Depth Time Scale Citation
dosage Quantitative dosage of targeted Rapid quantification of targeted Low-throughput Yes Metabolite- minutes (Van Gulik, 2010)
metabolites metabolites specific
SRM/MRM SRM/MRM in GC-MS and LC-MS Targeted metabolomics Limited number of targeted VYes (with internal Metabolite- minutes (Zhang et al., 2023)
metabolites standards) specific
GC-(HR)MS Separates volatile small metabo- Profiling and quantification of small  Requires chemical derivatization; Yes (with internal ~ Whole- minutes (Fiehn, 2016)
lites by gaz chromatography (GC) organic metabolites poor for non-volatile or larger com-  standards) metabolome
before MS pounds; moderate throughput
LC-(HR)MS Separates compounds by LC before  Broad metabolite profiling Complex sample preparation; ma- Yes (with internal  Whole- minutes (SOUZ;(?;% Patti,
(HR)MS. trix effects; may miss non-ionizable  standards). metabolome
9 or extreme-polar compounds
g CE-(HR)MS Capillary  Electrophoresis  (CE)  Profiling ionic metabolites in low- Low sensitivity due to low vol- Yes (semi-  Whole- minutes (Cai a?ggl-Si;amon,
E for high-resolution separation of volume samples umes; specialized instrumentation  quantitative) metabolome
s metabolites needed.
(7]
= NMR Nuclear Magnetic  Resonance  Untargeted profiling and absolute  Low sensitivity; overlapping peaks Yes Whole- minutes (Nas:fr;erog\édzalind
(NMR) non-destructive analysis of  quantitation of abundant metabo- in complex mixtures; high instru- metabolome 14
metabolites lites ment cost.
Ambient MS Ambient analysis from surfaces or  Rapid in situ metabolite profiling Generally qualitative; matrix effect.  Limited Whole- minutes (Cooks et al., 2006)
gases (e.g. DESI, DART...) (e.g. microbial samples) metabolome
MS Imaging Spatial distribution of metabolites  Spatialized metabolomics within  Complex sample preparation; lim- Yes (semi-  Whole- hours (Ams:lglenz\(/)alré)l-love
on surfaces (e.g. MALDI, DESI, microbial colonies or tissues. ited identification capabilities; slow  quantitative) metabolome ”
SIMS) image acquisition
Note:  Different metabolomic technics can be applied on extracellular media (exometabolomics), on volatile organic compounds (volatilomics) or to follow-up labeled metabolites to decipher fluxes (fluxomics).

Table 3 - Microbial functions data. 2/2: metabolomics. The data available to decipher microbial functions are reviewed. Their use and limitations
are discussed, together with their quantification type (abosolute or compositional), their depth (here understood as their resolution, from molecular
to community-scale bioprocesses data) and their production time-scale.
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Ecological lever Description Used for Limitation Depth -ST:I:
Dilution rate Management of bioreactor inflow and outflow Modulation of nutritional environment and Same modulation for the whole community Community-wide seconds
rates harshness through dilution
Temperature Controlled temperature of the culture. Influence growth rate, enzyme activity, meta- Same modulation for the whole community. Not ~ Community-wide seconds
bolic pathways. targeted
pH Acidic/basic conditions of the culture. Influence enzyme activity, nutrient availability, or ~ Buffering requirements, pH drift, not targeted. Community-wide seconds
stress response.
Light Light exposure (intensity, wavelength, photope- Drive phototrophic growth, optogenetic control,  Turbidity may disturb light access, complexity of ~ Targeted functions or  seconds
riod). or circadian rhythms. optogenetic systems populations
Oxymetry Oxygen availability (aero- Control respiration, fermentation, or redox- Equipment cost, operational complexity Targeted pathways minutes
bic/anaerobic/microaerophilic). sensitive pathways.
Magnetism Exposure to magnetic fields. Magnetic fields can modulate microbial metabo- It is unclear by which mechanism reactions or ~ Community-wide minutes
lism and select receptive communities populations are enhanced. Not targeted.
Electrodes Application of electrical potential or current. Drive electrogenic/electrotrophic activity, redox  Limited to systems where redoxBalance is the targeted pathways minutes
control, or bioelectrochemical systems. main constraint
2 Agitation Mechanical mixing (stirring, shaking, sparging). Improve mass transfer, homogeneity, or shear Limited to systems where mechanical environ- Community-wide minutes
;g stress. ment or spatialStructures are key
< Spatial structure Physical compartmentalization (e.g., beads, mem-  Mimic natural niches, control interactions, or spa-  Limited to system where spatial structures are  Community-wide hours
branes, microfluidics, 3D-printed structures...). tial gradients. key, no temporal modulation ("batch experi-
ment")
Hygrometry Humidity or water activity control. Optimize water availability, osmotic stress, or  Untargeted, modulate a global Stress Community-wide hours
desiccation tolerance.
Culture media Composition of growth medium Designed media for targeted community outputs ~ Complexity to select the media (reverse ecology).  Roughly targeted func- hours
(growth, metabolite production, trophic interac- tion
tion...)
Prebiotic (in host) Non-digestible compounds promoting beneficial  Enhance growth of specific taxa, modulate com-  Specificity, potential off-target effects. Roughly targeted func- hours
microbes in a host. munity composition. tion
Support (biofilm induc- Different textures for substrate and support can  Enhance biomass retention, spatial organization, No temporal modulation ("batch experiment") Biofilm-forming hours
tion) be used or stress resistance by biofilm formation. population-wide
Antibiotics, biocides Chemical agents targeting specific microbes. Selective inhibition of targeted populations Resistance development, non-specific toxicity Targeted populations hours
Probiotic, bioaugmenta- Introduction of beneficial microbes. Enhance function, stability, or resilience of the Engraftment challenges due to competition. Roughly targeted func- hours
tion community. tion or populations
Phages Viruses targeting specific bacteria. Population control or horizontal gene transfer. Host range limitations, resistance. Targeted populations or hours
functions
© Interactions  (microflu-  Controlled micro-scale fluidic environments. Study small-population dynamics, gradients, or  Technical complexity, scalability issues. Targeted functions hours
8 idics) spatial and metabolic interactions.
o Inocculum selection Choice of initial microbial community. Steer succession, community structure and func-  Difficulty for community selection. No temporal  Targeted populations or hours
tions. modulation. functions
Gene editing Genetic editing of community members Add or knock-out functions to modulate commu-  Biosafety hazard, no temporal modulation Targeted function days

nity dynamics

("batch experiment")

Table 4 - Microbial ecology engineering levers. The available levers to engineer microbial ecosystems are reviewed. Their use and limitations
are discussed, together with their depth (here understood as their resolution, from strain to whole-community, or from molecular mechanisms to

community-wide functions) and their activation time-scale.
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