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Abstract
Summary: The study of microbial communities is vital for understanding their impact on environmental, health, and technological domains. The 
Modelling and Inference of MICrobiomes Project (MIMIC) introduces a Python package designed to advance the simulation, inference, and pre
diction of microbial community interactions and dynamics. Addressing the complex nature of microbial ecosystems, MIMIC integrates a suite 
of mathematical models, including previously used approaches such as Generalized Lotka-Volterra (gLV), Gaussian Processes (GP), and Vector 
Autoregression (VAR) plus newly developed models for integrating multi-omic data, to offer a versatile framework for analyzing microbial dy
namics. By leveraging Bayesian inference and machine learning techniques, MIMIC provides the ability to infer the dynamics of microbial com
munities from empirical data, facilitating a deeper understanding of their complex biological processes, unveiling possible unknown ecological 
interactions, and enabling the design of microbial communities. Such insights could help to advance microbial ecology research, optimizing bio
technological applications, and contribute to environmental sustainability and public health strategies. MIMIC is designed for flexibility and ease 
of use, aiming to support researchers and practitioners in microbial ecology and microbiome research.
Availability and implementation: MIMIC is freely available under the MIT License at https://github.com/ucl-cssb/MIMIC. It is implemented in 
Python (version 3.7 or higher) and is compatible with Windows, macOS, and Linux operating systems. MIMIC depends on standard Python li
braries including NumPy, SciPy, and PyMC. Comprehensive examples and tutorials (including the main text demonstrations) are provided as 
Jupyter notebooks in the examples/directory and at the MIMIC Docs website, along with detailed installation instructions and real-world data 
use cases. The software will remain freely available for at least two years following publication. A code snapshot for this publication is also avail
able at Zenodo: https://doi.org/10.5281/zenodo.15149003.

1 Introduction
Microbial communities play a critical role in maintaining 
ecosystem functions, influencing human health (including di
gestion, immunity, and mental health), and impacting envi
ronmental processes such as nutrient cycling and pollution 
degradation. There is a potential to engineer microbial com
munities for specific therapeutic and environmental purposes 
and functions. The gut microbiota is a dynamic community 
composed of a variety of microbes, metabolites, and environ
mental perturbations, with complex direct and indirect inter
actions between all components. When balanced, this 
network can support healthy gut function and protect against 
infection (Reissbrodt et al. 2009, Cryan and O’Mahony 
2011, Deriu et al. 2013), but in dysbiosis it can contribute to 
a multitude of health problems, such as colorectal cancer 
(Fan et al. 2021), diabetes (Wang et al. 2012), cardiovascular 
disease (Koeth et al. 2013), and obesity (B€ackhed et al. 
2004). Within this community, each species has distinct nu
trient preferences and colonization strategies, which result in 
complex intra-species dynamics that are constantly subjected 
to a changing environment. The nature of these dynamics 
also changes over time (Caporaso et al. 2011), where some 
species can contribute to healthy microbiota until an oppor
tunity arises and they become pathogenic and harmful to 

human health (Kamada et al. 2013). In order to understand 
and control this complex and crucial community, it is impor
tant to untangle the nature of these interactions.

Mathematical models are essential tools for unraveling the 
complexities of biological systems, providing insights that 
can drive both understanding and innovation. These models 
can help us not only understand interactions but also design 
them with specific functions (robustness, permanence, etc.) 
(Gonze et al. 2018, Karkaria et al. 2021). Simpler models, 
like Generalized Lotka-Volterra (gLV), Consumer Resource 
(CR), and Vector Autoregression (VAR), can effectively pre
dict community dynamics and offer manageable frameworks 
for studying microbial interactions (Stein et al. 2013). 
However, the complexity of some biological systems can pose 
significant challenges, particularly when parameters and 
structures are poorly understood. The experimental data 
needed to infer these models are often extensive, multidimen
sional, and, in most cases, not sufficiently comprehensive or 
high-quality to support accurate model inference, necessitat
ing the use of advanced computational approaches to com
pensate for these limitations (Cao et al. 2017).

Machine learning and Bayesian inference have emerged as 
powerful tools to address these challenges. Machine learning 
can handle complex multidimensional data, extract meaningful 
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features, infer model structures and parameter values, and inte
grate diverse modelling methods with high accuracy (Reel et al. 
2021, Sequeiros et al. 2023). However, despite their effective
ness, these methods can sometimes produce models that are dif
ficult to interpret biologically, which may limit their utility in 
the engineering of biological systems (Chen et al. 2024).

Designing microbial communities for specific purposes is a 
challenging task due to the inherent complexity of biological 
systems. While mathematical models provide valuable 
insights, they often require simplifications that limit their ac
curacy. Machine learning, on the other hand, excels at han
dling complex data but can lead to over-fitting and lack of 
interpretability.

To address these challenges, we introduce the Modelling 
and Inference of MICrobiomes Project (MIMIC). MIMIC is 
an open-source Python package designed to integrate simula
tion, inference, and prediction of microbial community inter
actions and dynamics. It combines simplistic mechanistic 
models with machine learning approaches, creating interpret
able model structures and accurately inferring parameters. 
MIMIC enhances mathematical inference, enabling better 
models to simulate and design stable bacterial communities 
to facilitate the study of microbial community interactions 
and dynamics.

2 Implementation and features
MIMIC is a Python package for simulating microbial ecosys
tems, inferring interactions from data, and predicting com
munity dynamics. It is designed to complement, rather than 
replace, existing modeling and inference software such as 
MICOM (Diener et al. 2020), COBRA (Heirendt et al. 
2019), and MDSINE2 (Bucci et al. 2016, Gibson and Gerber 
2018). Unlike MICOM, which uses constraint-based meta
bolic modeling, MIMIC focuses on inferring microbial inter
actions from time-series data using Bayesian inference and 
dynamic modeling approaches. Compared to MDSINE2, 
MIMIC supports a broader range of modeling frameworks 
(gLV, VAR, and CR models) and uniquely enables species- 
metabolite interaction inference, a feature not typically 
available in MICOM or MDSINE2. Additionally, MIMIC 
integrates Bayesian and linear inference methods to provide 
uncertainty quantification in parameter estimation, enhanc
ing its versatility for microbiome research. These capabilities 
make MIMIC particularly well-suited for longitudinal micro
bial datasets, multi-omics integration, and ecological interac
tion inference. A detailed comparison of MIMIC and existing 
tools can be found in the Supplementary Table S1.

Designed as a modular and open-source framework, 
MIMIC facilitates collaborative development, allowing 
researchers to extend and integrate it with other computa
tional tools and libraries. An overview of MIMIC’s structure 
and key functionalities is shown in Fig. 1a.

2.1 Data imputation
MIMIC implements a Gaussian Process regression for time- 
series data imputation, providing probabilistic predictions 
with confidence intervals. This approach is particularly useful 
in microbial community datasets that often suffer from in
complete observations.

2.2 Model and simulation
MIMIC uses commonly used models for simulation and 
analysis in microbial community research such as the gLV, 
CR, and VAR models which have been shown to effectively 
predict community dynamics and offer manageable frame
works and valuable insights into microbial community dy
namics (Stein et al. 2013, Bucci et al. 2016, Gibbons et al. 
2017, Hannaford et al. 2023).

2.3 Inference algorithms
MIMIC implements inference methods for parameter estima
tion using both Bayesian and linear approaches. In its Bayesian 
workflow, MIMIC relies on the PyMC library (Patil et al. 
2010) for posterior sampling and uncertainty quantification. 
When users do not supply their own priors, the package auto
matically assigns sensible defaults: Normal priors for interac
tion coefficients and intercepts, Horseshoe priors to promote 
sparsity, and an LKJ prior for covariance matrices (Carvalho 
et al. 2009, Hannaford et al. 2023).

3 Results
We demonstrate MIMIC’s capabilities using both synthetic 
and real-world datasets. First, we simulated microbial abun
dances using the VAR model with specific interaction parame
ters, then used Bayesian inference to recover these parameters. 
Second, we applied MIMIC to a real-world dataset of micro
bial abundances and metabolite concentrations from a waste
water treatment facility (Herold et al. 2020). We chose the 
VAR model for this example because it conveniently handles 
multiple species and metabolite data without requiring exten
sive mechanistic assumptions, illustrating MIMIC’s Bayesian 
inference capabilities. However, MIMIC fully supports other 
methods and models (including gLV, CR, and MVAR), dem
onstrated with different datasets in our GitHub repository.

Selecting the optimal modeling framework depends on 
both the biological context and the nature of the available 
data. For instance, the gLV model is well suited for systems 
where pairwise interactions dominate and linear approxima
tions of species interactions are reasonable—often the case in 
controlled in vitro experiments with a limited number of spe
cies. In contrast, CR models explicitly incorporate resource 
dynamics, making them preferable when nutrient availability, 
resource competition, or metabolic cross-feeding are expected 
to play a central role in community dynamics. Meanwhile, 
VAR models provide a flexible statistical approach that lever
ages high-resolution time-series data to capture lagged rela
tionships among multiple species (and metabolites) without 
imposing strict mechanistic assumptions. Ultimately, your 
choice should align with your research question, the system’s 
complexity, and the data resolution; model fit comparisons 
using criteria like Bayesian Information Criterion (BIC) or 
Akaike Information Criterion (AIC) can further guide the se
lection. Importantly, MIMIC is designed to support all these 
frameworks (and more in the future), enabling users to sys
tematically compare and select the model that best captures 
the underlying ecological processes.

3.1 Simulation and inference of synthetic data
This section demonstrates how MIMIC can simulate micro
bial abundance time-series data using the VAR method and 
subsequently infer the interaction coefficient matrix from the 
simulated data.
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The MIMIC package can simulate data from a Vector 
Autoregression (VAR) process [Equation (1)], where each 
variable’s current value is influenced by the immediately pre
ceding values of all variables in the system. The general for
mula for a VAR process with n variables is given by 

Xt ¼ A�Xt − 1þ ɛt; (1) 

where Xt is the vector of variables at time t, A is the matrix 
of coefficients capturing the influence of each variable’s previ
ous value on the current value of all variables in the system, 
and ɛt is the vector of error terms. We assumed the error to 
be normally distributed with mean 0 and standard devia
tion 1.5.

Using MIMIC’s Bayesian inference for VAR processes, we 
recovered the coefficient matrix from the simulated data. The 
inferred parameters closely matched the ground truth, vali
dating the method (Fig. 1b).

3.2 Case study
We applied MIMIC’s data imputation and inference methods 
to a real-world dataset from a wastewater treatment plant 

provided by Herold et al. (2020). This dataset includes meta- 
proteomic data for metabolites and meta-genomic data for 
microbial abundances.

First, we used MIMIC’s Gaussian Process regression to im
pute missing data (Fig. 1c). After imputation, we applied a 
VAR model to infer the relationships between microbial 
abundances and metabolite concentrations: 

Xt ¼ AΔXt − 1þ ɛx; (2) 
St ¼ BΔXt − 1þ ɛy; (3) 

where ΔXt is the change in microbial abundances, A repre
sents the influence of past abundances on current abundan
ces, St is the metabolite concentrations, B represents the 
influence of microbial changes on metabolites, and ɛx, ɛy are 
error terms. In this study, we performed inference using rela
tive abundances due to the nature of the available data.

After using the VAR inference methods from MIMIC, we 
obtained the results shown in Fig. 1d. In the example pre
sented here, MIMIC sets up a Bayesian model for the interac
tion matrices (A and B) and noise terms in PyMC, then uses 
Markov Chain Monte Carlo (MCMC) to sample from the 

Figure 1. Overview of MIMIC’s capabilities and an example inference workflow. (a) A schematic summarizing MIMIC’s core components: Data 
Imputation (Gaussian Processes), Model & Simulation (gLV, VAR, CR), and Inference (Bayesian and linear approaches). (b) Comparison of the original 
(“given”) interaction coefficients used to simulate a synthetic VAR dataset versus the coefficients inferred by MIMIC’s Bayesian approach. (c) An 
example of Gaussian Process regression for imputing missing time-series data in microbial abundance measurements; the solid line is the mean 
prediction, shaded areas indicate confidence intervals, and dots are observed data points. (d) Heatmaps of the inferred bA and bB matrices from a real- 
world wastewater treatment dataset using MVAR inference, indicating how changes in microbial abundances (bA) influence current abundances and how 
changes in abundances affect metabolite concentrations (bB ). High-intensity squares suggest stronger interaction effects. Together, these panels 
illustrate how MIMIC can (i) simulate data under various models, (ii) impute missing observations, and (iii) infer interaction networks from both synthetic 
and real-world datasets.
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posterior distributions, providing both point estimates and 
credible intervals for all parameters. Since custom priors were 
not specified, we used MIMIC’s default Normal priors for in
teraction coefficients and intercepts, along with an LKJ prior 
for covariance.

The heatmaps show the results of the VAR model inference 
using MIMIC, with two matrices bA and bB:

� bA Matrix (Left Heatmap): Represents the coefficients cap
turing the influence of past microbial abundances on cur
rent microbial abundances. Strong diagonal elements 
indicate that each species’ past abundance strongly influ
ences its current abundance. Off-diagonal elements sug
gest weaker cross-species interactions, with some 
significant competitive or facilitative relationships. 

� bB Matrix (Right Heatmap): Represents the coefficients 
capturing the influence of changes in microbial abundan
ces on metabolite concentrations. The diverse range of 
interactions suggests complex influences where some mi
crobial species promote while others inhibit the produc
tion or consumption of specific metabolites. 

To further assess the reliability of the inferred interaction 
matrices, we conducted a stability analysis on the median spe
cies-species interaction matrix (Ah). Stability was evaluated 
by computing the eigenvalues of the median Ah matrix, with 
stability defined as all eigenvalues having an absolute value 
<1. Our results confirm that the median inferred Ah matrix 
is stable.

Additionally, we assessed the stability of all posterior sam
ples, computing the percentage of sampled matrices that sat
isfy the stability criterion. We found that 87.48% of the 
sampled matrices were stable. This suggests that while the 
majority of inferred interaction structures are stable, a subset 
of samples exhibit instability, potentially indicating uncer
tainty in specific inferred interactions. The full breakdown of 
this analysis is provided in Supplementary Tables S2 and S3.

While these results primarily demonstrate MIMIC’s techni
cal capabilities, inferred parameters and interaction matrices 
can highlight which microbial species or metabolites most 
strongly promote or inhibit others. Such insights help identify 
potential keystone species or metabolic drivers, guide experi
mental validation, and inform targeted interventions—such 
as dietary changes or probiotic strategies—that encourage 
beneficial communities and suppress harmful ones. For 
deeper insights and interpretations of the example shown 
here, please visit our GitHub repository.

3.3 Additional methods and examples
Due to space constraints, additional examples demonstrating 
the gLV, CR, and MVAR models (along with real-world 
datasets) can be found in the GitHub repository at https:// 
github.com/ucl-cssb/MIMIC/tree/master/examples and docu
mented in detail at our documentation site https://ucl-cssb. 
github.io/MIMIC/.

4 Discussion and future directions
MIMIC provides a robust and versatile tool for modelling mi
crobial community interactions and dynamics. By leveraging 
advanced Bayesian inference and sparse modelling techni
ques, MIMIC can identify significant interactions and predict 

community dynamics with high reliability. While dynamic 
models such as the gLV and VAR frameworks have proven 
valuable for simulating and inferring microbial interactions 
in controlled in vitro or synthetic communities—where high- 
frequency sampling and relatively simple pairwise interac
tions can be assumed—they face significant challenges in 
more complex ecosystems such as the human gut microbiome 
(Momeni et al. 2017, Carr et al. 2019, Dedrick et al. 2023). 
In these environments, the intrinsic growth rates of many 
microbes often occur on timescales that are much shorter 
than those captured by typical sampling frequencies, and 
many interactions are mediated by diffusible chemicals or in
volve higher-order, nonadditive effects that violate the core 
assumptions of pairwise models. Furthermore, if the recorded 
abundances are relative and not absolute, it is not possible to 
ensure global identifiability (Remien et al. 2021). However, 
in other contexts—such as when high-resolution time-series 
data are available or when researchers seek to elucidate po
tential metabolic drivers—MIMIC not only reveals the un
derlying interaction structure but also helps determine the 
metabolic influences that govern microbial dynamics.

Several tools exist for modeling microbial dynamics, such 
as MDSINE (Bucci et al. 2016), MICOM (Diener et al. 
2020), and MDITRE (Maringanti et al. 2022). However, 
MIMIC aims to complement rather than replace these exist
ing tools by introducing new modeling approaches and infer
ence methods not currently implemented in these packages. 
While MDSINE focuses on time-series analysis and MICOM 
on genome-scale metabolic models, MIMIC provides meth
ods to integrate longitudinal data, providing a versatile tool
set for simulating, inferring, and predicting microbial 
community interactions. It supports a broader range of model 
types, including VAR and Gaussian Processes, alongside ma
chine learning and Bayesian inference methods. Importantly, 
MIMIC serves as a foundational platform for bringing to
gether disparate modelling methods under one roof, enabling 
researchers to easily integrate and leverage techniques devel
oped by others. This ethos is in line with the vision of open 
collaborative science, as highlighted in recent discussions on 
collaborative research frameworks (Ghosh et al. 2024). By 
promoting interoperability and the integration of various 
modelling tools, MIMIC aims to contribute to a more robust 
and versatile ecosystem for microbial research, encouraging 
contributions from a diverse community of researchers. This 
approach not only enhances the analytical capabilities avail
able to scientists but also supports reproducibility and the ad
vancement of the field as a whole.

Future work will focus on implementing more machine 
learning methods coupled with mechanistic models to obtain 
inferred model structures and parameters that are biologi
cally interpretable (Yuan and Shou 2022). Specifically, we 
plan to incorporate techniques such as Gaussian processes 
and physics-informed neural networks for modelling and in
ferring nonlinear systems. These enhancements will provide 
powerful tools for both understanding and engineering mi
crobial communities for specific functions.
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