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Abstract: Microbial community-scale metabolic model (MCMM) is a community-level metabolic modelling
framework developed on the basis of single-species genome-scale metabolic model (GSMM). By integrating the
metabolic networks of multiple community members within a shared environmental context, MCMM provides a
mechanistic approach for analysing resource competition, metabolite exchange, cross-feeding, community-level
functional outputs, and their potential influences on microbial community assembly and evolution. This review
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future development of MCMM. The general workflow for constructing single-species GSMM includes initial model
reconstruction, model refinement, structural quality assessment, functional validation, and further optimization. The
reliability of GSMM is affected by genome annotation, reaction completeness, network connectivity, exchange
reactions, environmental conditions, and model validation. Because MCMM is generally assembled from multiple
individual GSMM, errors or uncertainties in single-species GSMM may accumulate and propagate during community-
scale simulation, thereby influencing the prediction of resource allocation, metabolic exchange, and community
function. The basic principles of steady-state MCMM are then reviewed. Different steady-state modelling methods are
compared in terms of their assumptions, optimization objectives, input requirements, major outputs, and suitable
application scenarios. Their characteristics in community-level optimization, stable coexistence prediction, sample-
specific metabolic analysis, and identification of metabolic dependency are discussed. Although steady-state MCMM is
widely used because of its relatively clear mathematical formulation and manageable computational cost, the steady-
state assumption limits its ability to represent temporal variation, population fluctuation, environmental disturbance,
and spatial heterogeneity in microbial communities. Dynamic MCMM further extends the modelling framework by
incorporating time-dependent substrate consumption, metabolite accumulation, changes in population abundance,
environmental feedback, spatial diffusion, and local resource gradients. These processes enable the description of
microbial community succession, disturbance response, transient metabolic interaction, and spatially heterogeneous
processes. Compared with steady-state MCMM, dynamic MCMM expands community metabolic modelling from the
prediction of possible metabolic states to the simulation of ecological and metabolic processes over time and space. The
future development of MCMM depends on improvements in model quality, realistic definition of environmental
constraints, rational parameter setting, integration of multi-omics data, and machine learning-assisted model
reconstruction and prediction. Closer integration between computational modelling and experimental validation is also
required to improve the biological reliability, interpretability, and predictive capacity of MCMM. This review provides
a reference for mechanistic studies of microbial metabolic interaction and for the prediction of microbial community

function.
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Table 1 Common tools for steady-state MCMM reconstruction
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