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From microbiomes to predictive ecosystems: challenges and
opportunities in artificial intelligence-based approaches

Wangian Yu*, Hua Qu*, Shaopu Wang*, Mang Shi*, Yingzhou Lu*, Shuting Xia, Catherine Stanton, Chenhong Zhang, Yuhao Wang, Tongyu Zhu,

Dong Zhu, Xin Zhout, R Paul Rosst, Zhemin Zhout, Yuan Huang

Microbiome systems encompass diverse ecological niches and host associations, with their scale and complexity
challenging traditional analytical frameworks. Advances in artificial intelligence are transforming microbiome
research by enabling improved integrative analyses of microbial genomes, community structure, and functional
potential. In this Review, we outline how these developments create opportunities for microbiome research to move
beyond descriptive analyses towards predictive modelling and hypothesis generation, including emerging insights
into microbial function, host-microbe interactions, and ecosystem-level organisation. As the field grapples with
challenges in model interpretability, generalisability, and causal inference, emerging strategies, such as multiomics
and multicohort integration, provide promising avenues to deepen biological understanding. Addressing ethical
considerations, including data privacy, algorithmic bias, and equitable access, will be crucial for translating artificial
intelligence-driven microbiome discoveries into robust and inclusive clinical applications.

Introduction: artificial intelligence and the
microbiome revolution

Advances in sequencing and molecular biology technolo-
gies have substantially expanded the scope of microbio-
logical research. Early culture-dependent approaches
captured less than 1% of environmental microbes, whereas
high-throughput sequencing enabled systematic charac-
terisation of largely unculturable microbial communities.'
Since the introduction of 16S rRNA sequencing in the mid-
1990s and shotgun metagenomics subsequently,>* micro-
biomes have been recognised as dynamic, multikingdom
ecosystems governed by ecological principles such as com-
petition, metabolic interdependence, and spatial organisation,
similar in complexity to macroecological systems.*

In this context, the human microbiome became a central
focus of research, leading to the launch of the human
microbiome project in 2007.° Host-associated micro-
biomes, for instance, are profoundly influenced by diet,
ageing, and environmental exposures, resulting in highly
individualised microbial profiles.® This inherent variabil-
ity, combined with the scale and heterogeneity of micro-
biome datasets, introduces substantial analytical challenges
that exceed the capacity of conventional methods.’

However, traditional microbiome research has long been
constrained by high dimensionality, insufficient data util-
isation, and interpretive bottlenecks. The increasing com-
plexity of microbiome data has driven the integration of
artificial intelligence (AI) into microbiome research. Al has
developed powerful approaches for extracting structure
from complex, noisy biological data; the convergence of Al
methods and microbiological research marks a funda-
mental shift in how microbial systems are studied, reaching
a critical threshold at which integrated Al-microbiome
frameworks enable deep insights into ecosystem func-
tioning and therapeutic potential. Figure 1 summarises this
convergence, tracing the parallel evolution of Al and
microbiome research towards this point of integration.
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Advances in Al have transformed biological data analysis.
Traditional machine learning methods, such as support
vector machines® and random forests,"* enabled early pat-
tern recognition and biomarker discovery in high-dimen-
sional data,'? whereas deep learning architectures enabled
the modelling of more complex and structured biological
systems. Recent breakthroughs, exemplified by deep neural
networks," graph-based models,"* and transformer archi-
tectures (based on the evidence from a preprint),”* have
further accelerated the emergence of Al for science, a
phrase that refers to the use of Al to accelerate scientific
discovery through data-driven modelling, prediction,
and hypothesis generation, thus reshaping discovery
frameworks across genomics and biomedicine.

In Al, data-driven models are trained on large datasets
to generate predictive insights. Building on traditional
machine learning approaches, deep learning architectures—
including convolutional and graph neural networks—
capture spatial, relational, and hierarchical features of
microbiome data,'®” whereas transformer-based and gen-
erative models enable flexible representation of ecosystem-
scale complexity by modelling long context and functional
relationships (figure 2).**

Together, the advances in Al and microbiome research
support a shift from descriptive microbiome analyses to
predictive modelling of community behaviour. We refer to
this emerging capability as a predictive ecosystem, which is
defined as a framework in which data-driven and mech-
anistic models are integrated to forecast ecosystem
dynamics under perturbation. Such forecasting enables
hypothesis testing, rational intervention design, and pro-
spective evaluation of therapeutic strategies. This develop-
ment, which extends beyond the introduction of new tools,
shapes how microbial communities are analysed across
scales, from molecular interactions to ecosystem-level
dynamics, in coupled host-associated, environmental, or
clinical systems.
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Figure 1: The developmental timeline of artificial intelligence and landmark papers in microbiome research

Figure presents a timeline illustrating the parallel development of artificial intelligence, marked by advances in algorithms, models, and microbiome research. The
landmark studies that shaped the field are highlighted.™® The circles denote the time points along the timeline; the stars indicate landmark studies. ANN=artificial neural
network. BERT=bidirectional encoder representations from transformers. CART=classification and regression tree. CNN=convolutional neural network. GNN=graph
neural network. NLP=natural language processing. SVM=support vector machine. VAE=variational autoencoder.

Al-based technologies in microbiome analysis
Current Al applications span multiple stages of the
microbiome research pipeline, from data processing to
system-level modelling. Together, these advances form an
emerging infrastructure for predictive microbiome sci-
ence, which has the potential to transform basic research
and clinical applications. This predictive ecosystem can be
viewed as a central integrative framework (figure 3), sup-
ported by modular analytical components that enable
system-level inference and translational insights. The
technologies surveyed in this Review (table 1) reflect
increasing technical sophistication and a broader shift
towards comprehensive ecosystem modelling and repre-
sent a subset of widely adopted and practically relevant
tools.

Genome assembly and binning

High-quality genome reconstruction from metagenomic
data represents the foundational layer of the predictive
ecosystem, as it determines the resolution at which
microbial structure and dynamics can be inferred. How-
ever, the process of genome reconstruction remains con-
strained by both technical limitations, such as repetitive
genomic regions and short read length, and biological fac-
tors, such as the intrinsic spatial organisation of microbial
chromosomes.***” Thus, these issues are exacerbated in

microorganisms with intricate chromosomal architectures, in
which accurate genome reconstruction becomes particularly
challenging.

Al-based approaches address these limitations by inte-
grating diverse biological datasets and learning complex
patterns that elude rule-based methods. By jointly model-
ling heterogeneous signals, AI approaches incorporate
structural and spatial constraints, which are otherwise dif-
ficult to encode explicitly. For example, AutoHiC combines
transformer-based models with high-throughput chromo-
some conformation capture proximity information to per-
form chromosome-level assemblies, illustrating a shift
towards Dbiologically informed reconstruction.® With
improved assembly quality, emphasis has moved from
algorithm development to evaluation and refinement
under uncertainty. Tools such as CheckM2 apply machine
learning to genome quality estimation, thus extending
reliable assessment to novel microbial lineages.” Comple-
mentary approaches, such as misassembly detection
tools (eg, metaMIC) further identify misassemblies and
reduce contamination without relying on reference
genomes or predefined markers, which is essential for
studying previously unexplored host-associated or natural
environments.****4

Genome binning addresses the challenge of disentan-
gling genome-level units from highly mixed and
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Figure 2: Overview of representative artificial intelligence-based model classes and their commonly associated tasks in microbiome research
(A) Traditional machine learning methods, such as decision trees and random forests, are commonly used for pattern recognition in microbiome data and for identifying potential microbial biomarkers.
(B) Deep learning approaches, such as convolutional neural networks and graph-based neural networks, are well suited for modelling complex, structured, and interaction-rich nature of microbial

communities. (C) Generative models, particularly large language models based on transformer architectures, enable flexible learning of microbiome representations and can be applied to diverse tasks, such
as predicting microbe-disease associations, discovering novel genes, and predicting protein structure or function. Norm refers to layer normalisation in transformer blocks. Although transformer models
belong to deep learning architectures, they are commonly employed as the backbone of generative language models. ReLU=rectified linear unit.

fragmented metagenomic assemblies. Al has the potential
to improve this step further by learning intrinsic compos-
itional patterns and reducing dependence on curated ref-
erence databases. For example, self-supervised and
autoencoder models perform robustly in complex com-
munities with uneven species abundances.?"*' Collectively,
Al-based advances refine genome-level representations and
provide a robust foundation for the predictive modelling of
microbial ecosystems.

Identification of mobile genetic elements and
modifications

Predictive ecosystem modelling also requires the
understanding of dynamic genomic features that mediate
microbial adaptation to host-associated or environmental
pressures, horizontal gene transfer, and regulatory plasti-
city. Mobile genetic element (MGE) and DNA methylation
play central roles in the reorganisation of microbial
genomes in response to environmental pressures, thereby
shaping microbial adaptation and community dynamics.
Al models in this domain show sophisticated pattern rec-
ognition capabilities and can decode complex biological
signals embedded in genomic sequences.*

For MGE identification, Al-based methods have evolved
from single-class identification tools to multiclass classifi-
cation systems. Several tools now apply machine learning
to identify MGEs within mixed assemblies; representative
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examples are discussed here, and additional commonly
used tools are summarised in table 1. geNomad, which
achieves robust multiclass classification of plasmids and
viruses across diverse environments, is an example of the
evolution of such classification systems.”® Recent develop-
ments extend the applications of Al-based tools from clas-
sification to synthetic design. Notably, Evo, a large language
framework, represents a promising tool that deciphers
coevolutionary patterns in coding and non-coding regions,
enabling the identification of functional elements such as
novel CRISPR and transposon systems, with potential
applications in the development of genome engineering
tools.”? Together, these advances signal a shift from
descriptive identification to active biological engineering.
Similar to MGE identification, epigenetic modification
detection has also progressed from basic identification to
comprehensive profiling. Deep learning models operating
directly on long-read sequencing data enable accurate
detection of common modifications such as 6-methyl-
adenine and 5-methylcytosine even under low-coverage
conditions.® This real-time capability enables the investi-
gation of epigenetic responses to environmental perturba-
tions. Furthermore, organism-specific models show that
tailored methods can improve the predictive precision in
particular microbial contexts or for rare modifications, such
as the identification of 4-methylcytosine sites in Escherichia
coli or Geobacter pickeringii.** Emerging multiscale
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Figure 3: Artificial intelligence in microbiome science for predictive ecosystem modelling

The figure depicts five aspects representing a progressive workflow to form the predictive ecosystem. The workflow starts from the assembly and binning of raw
sequence data, followed by the identification of mobile genetic elements and sequence modifications. The workflow then moves to species identification and
source prediction, followed by characterisation of the dynamics and metabolism of microbial communities. The workflow culminates with the mapping of
protein-protein interactions and discovery of antimicrobial peptides. Together, these steps provide a comprehensive understanding of the microbial system as a

whole. E coli=Escherichia coli.

language models further integrate multiple modification
types within a unified framework, thus supporting
comprehensive profiling of microbial communities.*

Species identification and source prediction

Accurate taxonomic assignment and source prediction
form crucial components of the predictive ecosystem
framework that enable researchers to map ecosystem
composition and trace origins across spatial and temporal
scales. Traditional culture-based methods and marker gene
sequencing often do not possess the speed and resolution
required for high-throughput analysis of novel taxa. Al
bridges this gap by enhancing both experimental and
computational approaches.

Machine learning methods applied to spectroscopic
techniques enable rapid, cultivation-free identification of
microbial taxa.#* In parallel, sequence-based identification
methods extract discriminative features directly from raw
reads and assembled contigs of uncultured or poorly charac-
terised lineages, thus reducing overclassification and
supporting real-time analysis of long-read sequencing data.?¥

Virus classification and discovery present unique chal-
lenges because of extreme diversity and incomplete

representation in current databases.”® Al-based methods
have progressively expanded the scope of viral detection
from metagenomic and metatranscriptomic data at mul-
tiple levels, including raw reads® and contigs,* thereby
reducing dependence on predefined viral signatures.
Advanced viral discovery tools enable the recovery of
diverse types of viruses, spanning DNA and RNA viruses
and highly divergent or previously uncharacterised line-
ages,”? to ensure comprehensive characterisation. This
advancement is exemplified by LucaProt, which uses deep
learning frameworks to uncover tens of thousands of novel
viruses, thus substantially enlarging the known virosphere
and illuminating viral dark matter across ecosystems.?”
Source tracking further extends taxonomic inference
towards ecological interpretation with direct practical rele-
vance. Environmental tracing tools can now be used to infer
environmental origins, ecological niches, and host associ-
ations from genomic features, supporting applications
such as contamination tracing, outbreak investigation, and
microbial risk assessment.* These approaches have been
applied to genome-based tracing of foodborne pathogens,
such as Listeria® and Salmonella,”* during epidemiological
outbreaks. Similar methodologies have been extended to viral

www.thelancet.com/microbe Vol 7 October 2026
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Algorithm(s)

Author, year

A machine learning-based method for predicting MAG quality, offering improved
accuracy, speed, and quick updates to the reference genome database

A machine learning-based tool that identifies and corrects misassemblies in metagenomic
data, improving scaffolding and binning by localising and splitting misassembly

A self-supervised contrastive learning tool for binning metagenomic contigs from short-
read and long-read data into high-quality MAGs; it processes a large number of genomes

A machine learning-based taxonomic classifier that reduces overclassification,
outperforms other classifiers (such as QIIME and RDP Classifier), and maintains low error

An ontology-aware deep learning tool for large-scale microbial source tracking across
114 niches; it achieves near-optimal accuracy with high speed and interpretability and is

A deep learning tool for predicting phage hosts from genome sequences, achieving high
genus-level accuracy and outperforming existing methods by 10-30%; it is available as

A DNA and RNA virus identification tool with high accuracy across diverse viral genomes,
thus minimising errors; it is adaptable to new virus types through modular classifier design
A hybrid machine learning-based protein similarity method for automated recovery,
annotation, and characterisation of viral genomes from metagenomic assemblies; it

A deep learning tool for detecting divergent RNA viruses by identifying RNA-dependent

A classification and annotation framework to identify plasmids and viruses, achieving
high precision and speed, and outperforming other tools (such as PlasFlow and

A genomic model with seven billion parameters for prediction and generation tasks across

Gradient-boosted decision tree,

neural network

Random forest

Siamese neural network

LearnTaxa, IdTaxa (similar to decision

tree)

Ontology-aware neural network

Spaced k-mer pair encoding,
convolutional neural network

Random forest

Neural network

Transformer architecture

Deep neural network

StripedHyena

A tool to detect DNA methylation states from Nanopore sequencing reads
A deep learning model for interpretable DNA methylation prediction; it outperforms

A machine learning algorithm for accurate enzyme function annotation, improving
enzyme commission number assignment, especially for understudied or promiscuous

A machine learning-based tool for predicting fungal effectors from secretome data; it
achieves high sensitivity and specificity using sequence-derived features

A model for predicting the structure of protein complexes with improved accuracy across
protein-ligand, protein-nucleic acid, and antibody-antigen modalities

A sequence-based machine learning model for predicting protein-protein interactions
between humans and viruses; it achieves high accuracy and outperforms existing

Neural network
Transformer architecture

Neural network

Naive Bayes, logistic regression,

random forest

Pairformer, generative adversarial
network

Applied area Description
CheckM2 Genome assembly
MetaMIC Genome assembly
breakpoints
SemiBin2 Genome binning
with low runtime and memory usage and is available as open source
IDTAXA Species
identification
rates across varying sequence lengths
ONN4MST Source prediction
available as open source
DeepHost Source prediction
open source
VirSorter2 Virome
identification
VIBRANT (Virus Virome
Identification By iteRative  identification
ANnoTation) highlights viral functions and pathways
LucaProt Virome
identification RNA polymerase sequences in metatranscriptomes
geNomad MGE detection
PlasmidFinder) in detecting diverse MGEs
Evo MGE detection
DNA, RNA, and protein modalities
DeepSignal Epigenetic
profiling
iDNA-ABF Epigenetic
profiling existing methods and reveals functional insights
CLEAN (Contrastive Metabolic
Learning enabled Enzyme  modelling
ANnotation) enzymes
EffectorP Protein
annotation
AlphaFold3 Protein structural
prediction
LSTM-PHV Host-microbiome
interaction
methods

multilayer perceptron, decision tree,

Long short-term memory, word2vec

Chklovski et al
(2023)*

Lai et al
(2022)*°

Pan et al
(2023)*

Murali et al
(2018)*

Zha et al
(2022)

Ruohan et al
(2022)**

Guo et al
(2021)*®
Kieft et al
(2020)%

Hou et al
(2024)”
Camargo et al
(2024

Brixi et al
(2026)*°
Ni et al
(2019)*°
Jinetal
(2022)*
Yu et al
(2023)*

Sperschneider
et al (2016)*

Abramson et al
(2024)**
Tsukiyama
etal (2021)*

Tools were selected based on their methodological maturity, reported performance, and broad adoption or representativeness within each task category. MAG=metagenome-assembled genome. MGE=mobile genetic element.

Table 1: Summary of representative artificial intelligence-powered tools used in microbiome research, categorised by analytical task and modelling approach

host prediction, linking viral sequences to microbial or animal
hosts and providing insights into host-virus interactions and
zoonotic spillover potential 2>

Metabolic modelling and community dynamics
Metabolic modelling represents the functional core of the
predictive ecosystem framework, translating genomic
potential into quantitative predictions of growth, interaction,
and environmental response.®® Al integration has improved
metabolic inference by enabling high-resolution pathway
reconstruction,® precise metabolite prediction,” and identi-
fication of keystone species that disproportionately influence
community function.®®

www.thelancet.com/microbe Vol 7 October 2026

Al approaches address metabolic complexity across
multiple biological scales rather than treating pathways as
static annotations. At the genetic level, machine learning
frameworks identify essential metabolic genes® and predict
gene acquisition and loss patterns underlying microbial
adaptation to environmental pressures.* Beyond essential
gene identification, machine learning models can directly
predict previously unannotated functional genes from
sequence context.” For incomplete genomes, particularly
relevant for understudied species, deep learning-based
integration of Kyoto Encyclopedia of Genes and Genomes
(KEGG) database annotations enhances metabolic infer-
ence reliability.? At the molecular level, learning-based
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enzyme models move beyond homology-based annotation
towards capturing underlying biochemical constraints,
thus expanding the accessible reaction space and predicting
previously uncharacterised functions.*><*

Metabolic flux analysis moves beyond static reconstruc-
tion and provides quantitative descriptions of reaction rates
in metabolic networks. Metabolic flux analysis has been
revolutionised by platforms that integrate AI with con-
straint-based modelling (ie, modelling metabolic behaviour
under physicochemical and stoichiometric constraints).
Modern frameworks can be used to infer metabolic fluxes
by integrating data-driven learning with constraint-based
metabolic network.® These frameworks can also be used to
estimate kinetic parameters under uncertainty (eg, owing
to insufficient or noisy experimental measurements) and
reconstruct metabolic states from sparse or heterogeneous
data.*% These capabilities enable the predictive modelling
of cellular behaviour instead of performing post-hoc inter-
pretation and facilitate the identification of candidate meta-
Dbolic targets that might be leveraged for rational microbiome
modulation or therapeutic intervention.

Mechanistic insights have been translated into biotech-
nological applications using the practical applications of AL
These principles were first established at the level of single
organisms. Data-driven metabolic models were used to
streamline strain design and metabolic engineering by
linking genotype—phenotype relationships to quantitative
metabolic predictions; optimising metabolic pathways to
enhance the production of target compounds such as fine
chemicals or pharmaceuticals is an example.””® The same
framework was then extended to engineered and natural
communities. Metabolism provides a shared mechanistic
layer through which AI models infer resource-mediated
interactions among species; this framework enables the
prediction of cooperative and competitive behaviours and
supports the rational design and modulation of functional
microbial consortia, including the optimisation of com-
munity composition, metabolic outputs, and interspecies
interaction mechanisms such as quorum sensing.®”!
Together, this progression supports actionable prediction
and design of microbial communities for real-world appli-
cations, including metabolic engineering, bioproduction,
and ecosystem management.

Protein interaction mapping and antimicrobial discovery
Protein-level analysis represents the molecular foundation
underlying cellular machinery and community interactions
by linking genomic information to executable biological
functions. Recent Al advances enable scalable functional
annotation, accurate structure prediction, and compre-
hensive interaction mapping. Al technologies can thus
accelerate protein research while opening new possibilities
for decoding microbial behaviour and guiding therapeutic
applications.

Machine learning methods address persistent challenges
in protein function prediction, particularly in microbial and

viral systems, in which remote homology and sparse
annotation hinder the application of classic methods.” By
exploiting discriminative sequence features, machine
learning models have enabled reliable identification of
effector proteins in poorly characterised fungal
pathogens.*

Structural prediction has further shifted protein analysis
from annotation to mechanistic understanding. Together,
advances in structure prediction exploit large-scale
sequence data to resolve structures of both poorly charac-
terised proteins and higher-order assemblies, enabling
mechanistic insights into macromolecular organisation
and function, such as predicting protein complexes and
biomolecular (eg, protein—protein or protein—nucleic acid)
interactions.**”

Besides predicting the structure or function of individual
proteins, Al is also reshaping how we predict and interpret
functional interactions between proteins, thus extending
protein analysis from isolated interaction inference to net-
work-level reconstruction. This shift from pairwise to net-
work-based modelling enables inference of molecular
coordination, regulation, and information flow across
biological systems.”

These capabilities of Al tools enable the translation of
molecular insight to practical discovery. This application is
exemplified by the Al-driven identification of antimicrobial
peptides from microbial community data, host-associated
microbiome data, and cryptic genomic region data. Thus,
protein-centric modelling is a key bridge linking molecular
biology and translational applications such as antibiotic
development.”””” Notably, several antimicrobial peptides
discovered using Al tools have been validated in vitro,
although clinical translation remains scarce.

Al-based technologies in host-microbe
interactions: from mechanisms to clinical
applications

In host-associated microbiomes, ecosystem-level predic-
tion is intrinsically linked to microbial interactions with the
host. These host-microbe relationships form highly com-
plex interaction networks in which molecular exchanges
shape both ecosystem stability and host physiology.
Advances in Al now enable the predictive study of these
dynamics instead of descriptive analysis and reveal mech-
anistic links between microbial ecology and clinical
outcomes.”

Translating the information on microbial community
structure into clinically relevant outcomes requires analyt-
ical frameworks capable of modelling high-dimensional,
compositionally constrained data. Al-driven approaches
capture the organisation of host-microbe interactions,
spanning ecological networks of microbial coexistence and
molecular interfaces of immune regulation. Using Al,
insights from microbial interaction networks are translated
into metabolite-level signals, mechanistic understanding,
or actionable applications (figure 4).
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Microbial ecological networks

Microbial communities exist as sophisticated ecological
networks where species interactions influence functional
output and ecosystem resilience. Early network inference
approaches, largely based on correlation analyses, provided
foundational insights into microbial association but struggled
to capture the sparse, high-dimensional, and compositional
nature of microbiome data.”

Subsequent methodological developments reframed
microbial coexistence as a structured network inference
problem rather than a simple association. Based on evi-
dence from a preprint paper, such methodological
approaches might improve the reliable reconstruction of
microbial coexistence network architecture at large sample
sizes, by learning dependency patterns directly from sparse
and compositional community data.® These advances have
supported scalable inference across large cohorts and have
started to capture host-specific variability in microbial net-
work organisation, for example, across different host
populations.®

Recent advances have also broadened microbial coexist-
ence networks beyond bacteria—bacteria associations to
encompass bacteriophage—bacterial host relationships.®? In
parallel, metabolic dependencies are increasingly embed-
ded into microbial community-level representations.®
These advances support structured reconstructions of
microbial communities that integrate ecological scope with
functional constraint and provide a mechanistic bridge
linking microbial organisation with host health.

Microbe-host immune system interaction

The molecular interface between microbes and host sys-
tems represents a domain of extraordinary complexity, in
which transcriptional regulation, protein—protein inter-
actions, metabolic exchanges, and immune signalling
converge to influence health and disease outcomes. Recent
breakthroughs have transformed researchers’ ability to
systematically explore these interactions, transcending the
limitations of traditional experimental approaches that
depend on controlled conditions and high-quality samples.
Although high-throughput experimental platforms such as
BASEHIT have unveiled extensive host-microbe protein
interaction repertoires, the scope of such platforms remains
constrained by experimental cost, sample availability, and
controlled conditions.*

Al-driven computational approaches have expanded
host-microbe interface analysis from individual molecular
interactions to coordinated molecular systems. At the
genomic and transcriptomic levels, learning-based models
have the potential to uncover patterns of pathogen—host
crosstalk that link microbial variation to host regulatory
responses and subsequent metabolic coupling.®* Studies
on microbial bile acid metabolism that were published
between 2020 and 2025 enabled the identification of pre-
viously unrecognised enzyme families and metabolite
structures. These discoveries show broad population-level
prevalence and clear relevance to host physiology,
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Figure 4: Al-driven dissection of microbial ecology and host interactions

Al contributes important insights across multiple layers of biology, from inferred microbial cooccurrence networks

that capture community interactions to complex host-immune crosstalk, thereby facilitating biomarker

identification and improving diagnostic applications. Al=artificial intelligence.

illustrating how computational approaches can support
mechanistic inference with translational potential.®” Such
Al-enabled decoding of pathways provides a concrete route
towards biomarker discovery and therapeutic target iden-
tification based on microbiome-derived metabolites. At the
protein level, sequence-informed inference is increasingly
being used to resolve direct interaction interfaces for viral
and bacterial pathogens.®** Protein-level interaction mod-
elling enables host-microbe interactions to be interpreted
as organised molecular programmes underlying immune
modulation and pathogenesis.**

Predicting microbial biomarkers for disease assessment
Microbial ecosystems act as a tractable source of non-
invasive signals linking community organisation to disease
phenotypes. Typical workflows involve microbial profiling
from samples such as stool or saliva, followed by Al-driven
feature selection to identify taxa associated with disease
presence or progression. Model performance is commonly
reported using quantitative metrics (eg, area under the
curve, accuracy, and precision-recall), reflecting the
increasing clinical framing of microbiome-based
biomarkers.”

Machine learning models have shown the utility of
microbial signatures as diagnostic and prognostic bio-
markers across diverse diseases. Microbiome-based clas-
sifiers often show high accuracy in distinguishing
gastrointestinal disease states and subtypes, reflecting the
close anatomical and functional coupling between gut
microbial communities and host gastrointestinal tract.
These findings, together with the observed disease-
associated microbial compositional shifts, suggest a
potential role of the microbiome in shaping inflammation,
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metabolic imbalance, and disease progression in inflam-
matory bowel disease, metabolic disorders, and gastro-
intestinal cancers.” Similar modelling strategies have
been extended to immune-mediated, metabolic, and
neurological diseases. In these settings, disease-specific
microbial signatures are increasingly used to generate
biologically informed hypotheses, which link altered com-
munity structure to host pathophysiology, rather than
serving solely as diagnostic markers.”~ Oncological
applications further highlight the transformative potential
of microbial biomarkers in early cancer detection. Associ-
ations between microbial dysbiosis and multiple cancer
types support their use in early detection,®*” whereas
integration of microbiome profiles with clinical variables
can enhance the performance of models predicting disease
risk and clinical outcomes, compared with the performance
of models based on microbiome features alone.*

Besides supporting diagnosis, microbial biomarkers can
capture dynamic aspects of diseases, including disease
activity, progression, infection risk, and treatment
response.”°! This expanded scope extends the application
of the biomarkers from static classification to treatment
stratification and outcome prediction. In this context,
microbiome-informed models have shown particular value
in forecasting therapeutic responses in cancer immuno-
therapy.'” Microbial communities thus emerge as dynamic
indicators of host physiological state and treatment
sensitivity.

Multiomics and multicohort data integration
An increasingly important direction in host-microbe
interaction research lies in integrating diverse data types to
capture the full spectrum of biological complexity. Multio-
mics approaches transcend the limitations of single-omics
studies by integrating genomic, transcriptomic, proteomic,
and metabolomic data with host clinical features. Although
these methods capture complementary biological processes,
from microbial gene expression to host immune responses,
integrating datasets remains challenging because of technical
noise, batch effects, and dimensionality disparities.'®
Al-driven integration provides a principled solution to
these constraints by learning structured dependencies
across heterogeneous omics layers. By jointly modelling
microbial and host-derived features, these approaches
transition biomarker discovery based on single-omics
associations to that based on cross-omics patterns that
reflect disease progression and recovery dynamics.!®1%
Such evidence supports the interpretation of the micro-
biome as a dynamic biomarker, whose relevance emerges
from its functional coupling with host molecular states.
Multicohort  analyses  complement  multiomics
approaches by leveraging learning-based models to distin-
guish disease-associated signals that recur across pop-
ulations, while accounting for other sources of variation. In
gastrointestinal and oncological studies, such integration
has revealed microbial patterns linked to clinical outcome,
supporting biomarkers that generalise beyond single-

cohort observations.'”'” At the therapeutic level, Al-
enabled cross-cohort analyses have linked recurrent
microbiome configurations to treatment responses.'® At a
broader ecological scale, similar analyses have revealed
stable microbiome states that recur across diseases and
populations, thus bridging health and disease. This possi-
bility has been illustrated by the data-driven identification of
reproducible community structures and disease-associated
microbial signatures across independent cohorts.!*'1

The emergence of a predictive ecosystem

The convergence of Al technologies with multiscale data
integration is shifting microbiome research towards a
predictive ecosystem framework, in which biological sys-
tems are modelled as interconnected networks across
molecular, metabolic, and ecological levels. By integrating
multicohort and multiomics data, these approaches enable
the identification of patterns that are not accessible to
single-cohort or single-omics analyses.

Crucially, this framework extends beyond incremental
gains in predictive performance to enable the integration of
mechanistic understanding across scales, supporting both
forward prediction and system-level interpretation. As
these frameworks mature, they are expected to enable
predictive ecosystem modelling capable of anticipating
responses to perturbations and guiding microbiome-based
therapeutic and biotechnological interventions.

Together, these advances mark a transition from descrip-
tive characterisation to predictive and engineering-oriented
microbiome science.

The unfinished shift: structural limitations to a
predictive microbiome ecosystem

Despite the substantial breadth of AI methods and con-
ceptual advances surveyed in this Review, current efforts
remain far from effectively realising the predictive ecosys-
tem framework proposed here. The gap between current Al
applications and a true predictive ecosystem reflects struc-
tural limitations at multiple levels. These include how
biological systems are represented in models, how data
enable mechanistic inference, how analytical frameworks
couple prediction with interpretation, and how predictive
claims are rigorously validated across multiple levels and
translated into real-world clinical contexts.

The most crucial barrier lies in the inherent fragility and
heterogeneity of microbiome data. Unlike the relatively
standardised datasets that enable AI success in other
domains, such as computer vision or natural language
processing,''*'12 microbiome profiles display extreme vari-
ability across individuals, temporal states, and environ-
ments. This heterogeneity arises from multiple sources
including uneven sequencing depth, technical variability
across experimental workflow, the reliance on relative-
abundance data in the absence of absolute quantification,
incomplete reference databases, and a persistent gap in
taxonomic and functional annotation. Consequently, even
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Key considerations

Examples or frameworks

Relevance to microbiome Al

Data processing and  Noise, batch effects, and

quality composition
preprocessing

Clinical translation

Equity and access Population representation and

data equity

Data standards and ~ Data standardisation, storage, and ~ NCBI or ENA submission standards; FAIR

sharing interoperability principles

Data privacy and Personal data protection and GDPR; HIPAA

governance reidentification risk

Algorithmic Bias, robustness, and Model validation guidelines
considerations interpretability

Quality control and contamination handling;
normalisation and compositionality-aware

Validation and regulatory approval Al or ML guidance by the US Food and Drug
Administration; clinical trial frameworks

Global health data initiatives

Representative examples include data governance and privacy regulations (eg, GDPR and HIPAA), data stewardship principles (eg, FAIR), and regulatory guidance for Al-based or
ML-based medical technologies.ul_us Al=artificial intelligence. ENA=European Nucleotide Archive. FAIR=Findable, Accessible, Interoperable, Reusable. GDPR=General Data
Protection Regulation. HIPAA=Health insurance of Portability and Accountability Act. ML=machine learning. NCBI=National Center for Biotechnology Information.

Enables reproducibility and cross-cohort
integration

Microbiome profiles can act as quasi-identifiers

Prevents cohort bias and improves
generalisability

Crucial for reliable subsequent modelling

Ensures safe deployment in clinical settings

Avoids under-representation of population
groups from low-income and middle-income
countries

Table 2: Different levels of regulatory and technical considerations in microbiome Al research

for a single disease, identified biomarkers can differ across
cohorts or studies.

These data constraints fundamentally hinder the inter-
pretability and predictive robustness of Al-derived results.
For instance, Akkermansia muciniphila,'*® which has been
frequently identified by machine learning models in
human gut microbiome studies and has been found to be
clinically relevant (eg, metabolic health and immune
modulation),'>* displays context-dependent and some-
times contradictory effects across host conditions."® Simi-
larly, Ruminococcaceae UCG-014, highlighted by machine
learning algorithms as health-relevant, remains experi-
mentally intractable under standard laboratory con-
ditions."® These examples illustrate a fundamental
disconnect: although AI methods excel at identifying stat-
istical patterns, translating those patterns into biological
insights requires not only domain knowledge but also the
experimental tractability necessary for mechanistic valid-
ation, both of which remain incomplete in microbiome
science.

A persistent focus on correlation rather than causation
remains a fundamental barrier to the realisation of a pre-
dictive ecosystem. Despite advances integrating multio-
mics approaches, many studies remain descriptive and
identify statistical associations without resolving under-
lying mechanisms. This limitation is particularly evident in
clinical applications such as faecal microbiota transplant-
ation, in which observed shifts in microbiome composition
are frequently interpreted as therapeutic indicators.
Although faecal microbiota transplantation has shown
clinical efficacy in some contexts (eg, recurrent Clos-
tridioides difficile infection and in some cases, ulcerative
colitis),"”""® the interpretation of these compositional
changes as mechanistic drivers rather than mere correlates
remains a major challenge. Such interpretations often
overlook the complex network of host-microbiome inter-
actions and intramicrobial ecological dynamics that
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ultimately shape ecosystem behaviour and therapeutic
outcomes.

The widespread adoption of black box AI models exac-
erbates this interpretability crisis. Although deep learning
architectures and ensemble methods often show impres-
sive predictive performance, they provide only minimal
insights into how predictions are generated or which bio-
logical features influenced the model decisions. Conse-
quently, these models provide little support for mechanistic
interpretation or hypothesis generation; they instead
obscure the ecosystem structure and widen the gap
between prediction and biological understanding.

Clinical translation faces additional concerns regarding
data governance, model bias, and equitable access to
emerging Al-driven microbiome technologies. A most
pressing challenge is data privacy. Although microbiome
data are derived from microbial rather than human
genomes, their high individual specificity renders them as
quasi-identifiers, raising concerns regarding consent,
anonymisation, and crossinstitutional data sharing.'

The absence of robust frameworks for de-identifying
microbiome data without eroding biological signal hinders
crossinstitutional data integration, and in turn, restricts the
scale and diversity required for reliable predictive model-
ling. These constraints are closely intertwined with the
issues of algorithmic bias and generalisability. Many
Al models are trained on datasets derived from a few
high-income countries, leading to systematic under-
representation of diverse geographical, ethnic, or socio-
economic backgrounds.'? Therefore, models that perform
well in one population might generalise poorly to others,
undermining both clinical validity and equity. These chal-
lenges persist despite the existence of multiple regulatory
and technical frameworks (table 2).

Equitable access further influences the real-world effects
of predictive microbiome technologies. Most models are
computationally intensive and reliant on high-resolution
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omics data, which are rarely available in low-resource set-
tings. Without deliberate efforts to develop resource-effi-
cient algorithms and adaptable deployment strategies,
microbiome Al risks reinforcing existing global health
disparities. Ethical and infrastructural constraints are
intrinsic to the development of predictive microbiome Al,
shaping the validity, generalisability, and clinical credibility
of predictive claims.

Rethinking the foundation: towards a
translational predictive ecosystem

The limitations outlined previously indicate that further
progress in microbiome Al cannot be achieved only by
incremental improvements in task-specific prediction.
A unifying perspective that links predictive modelling with
biological interpretation and intervention logic at the eco-
system level should be established. Within such a per-
spective, the predictive ecosystem framework would
reframe predictions as structured inferences over microbial
and host processes rather than as the extrapolation of
statistical associations.

Current limitations in microbiome Al arise less from the
shortage of analytical tools than from the structural noise
and heterogeneity inherent to microbiome data. Many
existing methods focus on data assessment or filtering but
leave the underlying biological and technical variability
unresolved, tightly constraining predictive performance.
Standardisation of sample collection, processing, and
sequencing can reduce technical noise and improve cross-
study comparability.’® However, biological variability
across hosts, environments, and temporal states persists
beyond protocol harmonisation, motivating the use of Al to
model latent ecological structure and dynamics, which
otherwise remain inaccessible to conventional analytical
approaches.

In this context, multicohort and multicondition study
designs offer a practical path towards separating technical
artifacts from biologically meaningful variation."” By
accounting explicitly for population-level heterogeneity,
these designs support more reliable inferences than con-
ventional approaches, across diverse host backgrounds and
ecological contexts, thus strengthening the empirical basis
for predictive modelling.

Building on this empirical foundation, a predictive eco-
system calls for alignment between model structure,
inferential logic, biological mechanism, and experimental
validation.

From a modelling perspective, architectures aligned with
ecological organisation offer a natural starting point. Gen-
erative models further offer a conceptual framework for
exploring community dynamics under perturbation,
enabling the simulation of alternative evolutionary and
intervention scenarios. By contrast, graph-based models
encode interspecies dependencies and ecological con-
straints, anchoring prediction in explicit community
structure rather than isolated features, as exemplified by

graph-based representations of microbial interaction and
host-microbe association networks.'?*'2

However, structurally informed models alone are insuf-
ficient when inference remains correlation-driven. Trans-
lating predictive signals into biological insights requires
inference frameworks that combine causal reasoning
with interpretability, including causal machine learning
approaches and model-level attribution methods
(eg, Shapley Additive exPlanation [SHAP]-like analyses and
attention-based or gradient-based attribution), to distin-
guish genuine effects from spurious associations and relate
microbial changes to host outcomes.'*

To establish causal claims, inferences need to be anch-
ored to biological mechanisms. Integration of multiomics
approaches acts as an essential bridge that links microbial
composition to functional states and host responses.
Establishing such links widens the interpretations to move
beyond taxonomic association.” Coupling these data with
mechanistic or constraint-based models—such as meta-
bolic network or biophysical frameworks—offers a prin-
cipled way to embed biological plausibility into inference
and strengthen interpretability at the ecosystem level."

Ultimately, predictive ecosystem intelligence requires
experimental validation embedded in an iterative model-
ling cycle. Coupling Al-driven prediction with empirical
feedback supports continuous refinement rather than static
inference.

Clinical translation of the predictive ecosystem is con-
strained not only by technical performance but also by
challenges related to data privacy, trust, and equitable
deployment. Privacy-preserving distributed learning and
trusted computing environments enable crossinstitutional
modelling without direct data sharing; however, they do not
obviate the need for robust governance and transparency.
Moreover, the computational demands of large-scale eco-
system models risk exacerbating existing inequities in
research capacity across institutions and regions, thus
hindering the adoption of such models in resource-con-
strained settings and concentrating validation within well-
funded institutions. Addressing these barriers will require
not only algorithmic innovation but also deliberate design
choices that prioritise efficiency, transparency, and broad
accessibility.

Conclusions

The convergence of Al and microbiome research, from
early computational approaches to current sophisticated
platforms, represents more than technological advancement.
Such a convergence marks the emergence of a predictive
ecosystem as a unifying framework for understanding, mod-
elling, and steering microbial communities as dynamic
biological systems.

Despite the rapid expansion of Al-driven tools reviewed
here, their transformative effects remain constrained by
persistent challenges in data integration, interpretability,
and clinical translation. These limitations are not

www.thelancet.com/microbe Vol 7 October 2026


www.thelancet.com/microbe

Review

Search strategy and selection criteria

We adopted a scoping-informed, narrative approach and identified representative and influential studies at the intersection of artificial
intelligence (Al) and microbiome research to inform this Review. We initially performed targeted searches of PubMed and Web of

Science for studies (including original research articles, with a small number of review papers where relevant) published from the date of
inception of the database to Dec 31, 2025. Only articles in English were included. The primary search strategy combined microbiome-

" ou "o

related terms, including “microbiome”, “microbiota”, “gut microbiome”, and “gut microbiota”, with Al-related terms such as “machine
learning”, “deep learning”, “artificial intelligence” and “neural networks”. For specific sections, additional keywords were incorporated
to refine the search according to the topic of interest. For example, terms such as “genome assembly” and “binning” were included
when focusing on genome reconstruction, and other section-specific keywords were applied as appropriate. This initial search was
complemented by iterative expansion, including screening of reference lists and identification of relevant studies not captured by
predefined keywords. We prioritised studies published between 2020 and 2025, along with earlier landmark studies with clear relevance

to microbiome data analysis and predictive or translational applications. Titles and abstracts were first reviewed to remove records that

were clearly outside the scope of this Review, followed by full-text examination of potentially relevant articles.

During full-text screening, priority was given to studies in which Al-based methods were applied to microbiome data analysis or
demonstrated clear relevance to predictive or translational applications. These included studies addressing microbiome-related
questions across different biological and analytical levels, including microbial community composition, strain-level variation, functional
potential, host-microbiome interactions, and clinical prediction. Studies were selected based on their relevance to the proposed
conceptual framework and how well the studies exemplify important research methods, data integration strategies, and emerging
translational directions rather than on formal methodological quality assessment.

peripheral technical issues but core requirements for
responsible and generalisable microbiome intelligence;
thus, a shift from fragmented, task-specific solutions to
integrated, mechanistically grounded frameworks is
required to address these limitations.

Achieving this transition will require deliberate integra-
tion of ecological theory, principled inference, and iterative
experimental validation into cohesive systems capable of
forward prediction, causal reasoning, and rational inter-
vention. Microbiome research is entering a new phase, in
which advances in genome reconstruction, taxonomic
profiling, and metabolic modelling are increasingly inte-
grated to support ecosystem-level intelligence. This shift
from correlation to causation, from description to predic-
tion, and from isolated tools to integrated systems opens
new opportunities for studying and applying microbiome
knowledge, with the predictive ecosystem serving as a
unifying conceptual framework for both basic and trans-
lational research. In practice, realising this vision will
require coordinated efforts to develop benchmarked,
interoperable datasets; mechanistically interpretable mod-
els; and prospective validation pipelines (all of which
can link predictions to experimental and clinical decision
making), alongside robust governance frameworks that
address data privacy, ethical oversight, and equitable access.
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