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The gut microbiome is involved in human health and dis-
ease, and its comprehensive understanding is necessary to
exploit it as a diagnostic or therapeutic tool. Multi-omics
approaches, including metagenomics, metatran-
scriptomics, metabolomics, and metaproteomics, enable
depiction of the gut microbial ecosystem’s complexity.
However, these tools generate a large data stream in which
integration is needed to produce clinically useful readouts,
but, in turn, might be difficult to carry out with conven-
tional statistical methods. Artificial intelligence and ma-
chine learning have been increasingly applied to multi-
omics datasets in several conditions associated with
microbiome disruption, from chronic disorders to cancer.
Such tools have potential for clinical implementation,
including discovery of microbial biomarkers for disease
classification or prediction, prediction of response to spe-
cific treatments, and fine-tuning of microbiome-
modulating therapies. The state of the art, potential, and
limits, of artificial intelligence and machine learning in the
multi-omics approach to gut microbiome are discussed.

Keywords: Machine Learning; Artificial Intelligence; Gut Micro-
biome; Precision Medicine.

he human gut microbiome refers to the ecosystem

formed by trillions of micro-organisms, spanning
bacteria, viruses, fungi, and archaea, that inhabit the
gastrointestinal tract. These microbes are critical to human
health because they influence immune maturation, regula-
tion of metabolic pathways, processing of nutrients, drug
metabolism, and several other functions.”* The microbiome
is a dynamic entity and it changes depending on several
factors, such as the type of delivery, diet, drugs, and other

environmental factors.” Moreover, the gut itself consists of
several distinct local ecosystems that make microbial com-
munities change significantly across different regions of the
gastrointestinal tract.** The imbalance of the microbiome
homeostasis has been linked to a number of chronic dis-
eases, including metabolic disorders,s systemic autoimmune
conditions,® and cancer.” Increasing evidence highlights that
the gut microbiome plays a pivotal role in modulating im-
mune responses, influencing carcinogenesis, and shaping
therapeutic responses.”’” A comprehensive understanding of
gut microbiome composition and functions and disease-
related shifts is necessary to exploit the microbiome as a
diagnostic and/or a therapeutic tool in clinical medicine. To
unravel the dynamics that regulate the gut microbiome in
health and disease, integrative approaches able to retrieve
not only data on microbial composition and taxonomy but
also on their functions are required.

In recent years, a comprehensive set of cutting-edge
biotechnologies, collectively referred to as “multi-omics,”
have appeared in the landscape of biomedical research.
Multi-omics integrate multiple layers of biological informa-
tion to comprehensively and transversally analyze complex
ecosystems, such as gut microbiome. When applied to the
microbiome  field, they mainly differentiate in

Abbreviations used in this paper: Al, artificial intelligence; AUC, area under
the curve; CRC, colorectal cancer; EHR, electronic health record; IBD,
inflammatory bowel disease; ML, machine learning; RF, random forest; SL,
supervised learning.
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metagenomics, metatranscriptomics, metabolomics, and
metaproteomics.® Metagenomics explores the DNA pool of
microbial communities, offering insights into taxonomic and
functional potential structure of the microbiome.”'° Meta-
transcriptomics focuses on the analysis of RNA sequences,
highlighting active gene expression, RNA-based regulations,
and microbial interactions.'’ Metabolomics is the analysis of
small, biologically active molecules, products of metabolism
and interactions between the microbes and their host."’
Finally, metaproteomics investigates the protein content,
identifying functional mediators and microbial contribu-
tions to host biochemistry and physiology.'' Taken together,
these methods provide a powerful framework to dissect the
complex interplay between microbial communities and host
biology.” For example, metagenomic and proteomic analyses
offer detailed maps of microbial composition and functional
properties,” and transcriptomic and metabolomic ap-
proaches add dynamic layers by revealing microbial activity
and the biochemical interplay within the host
environment."”

These technologies generate large amounts of data that
may be used to identify microbial disease-related bio-
markers, as well as infer putative mechanistic pathways
underlying dysbiosis-related conditions, including meta-
bolic; inflammatory; or neoplastic disorders.'® These data-
driven inferences are only achieved by means of integra-
tion of the partially independent data streams, which are
proving to be difficult to carry out with conventional sta-
tistical methods. Therefore, the development and applica-
tion of advanced analysis tools to multi-omics data are the
current critical challenges needed to advance our knowl-
edge on the gut microbiome and its application in medicine.

In recent years, artificial intelligence (AI) and machine
learning (ML) have revolutionized the biomedical research
field with the development, implementation, validation, and
application of a wide range of tools to analyze and interpret
complex biological data.'*® Al involves a variety of ap-
proaches that are designed to simulate human cognitive
functions. ML, a subfield of Al, concerns algorithms that
learn patterns directly from data and tend to improve with
the amount of available training data.'® These technologies
are particularly useful for those data-intensive fields in
which factors such as volume, variety, and velocity, chal-
lenge conventional approaches of analysis.

Al and ML have shown very promising capabilities in life
sciences, including applications such as drug discovery,"’
improvement of diagnostic accuracy,’® and personalized
medicine."’

Due to its intrinsically complex nature, microbiome-
applied multi-omics is a key area that can benefit tremen-
dously from advancements in the Al/ML fields.?’ Due to the
capacity of integrating datasets from multiple sources, these
methods can detect relationships between large-scale het-
erogeneous multi-omics datasets*’*?; predict biological
functions of gut microbiome; and identify microbial bio-
markers,”" improving the understanding of host-microbiota
interactions and inferring mechanisms that rule these re-
lationships.?* These technologies have been used mainly for
strain-level resolved analysis and prediction of functional
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pathways and, being able to identify disease biomarkers and
personalize therapeutic interventions has potential for
exploitation of the microbiome in clinical medicine.*?
Considering the continuously growing complexity of
microbiome data, Al and ML represent indispensable ap-
proaches that can enable discoveries that could not be
achieved using more conventional methods.”* In this review
article, we provide an updated landscape of Al and ML in the
multi-omics approach to gut microbiome.

Overview of Machine Learning and
Artificial Intelligence Models in Multi-

Omics Analysis

Despite the promising capabilities exhibited by Al and
ML approaches for the integration and analysis of multi-
omics data, their characteristics in terms of heterogeneity,
high dimensionality, and sparsity of such types of data
introduce important challenges for their understanding.””
We provide an overview of the most common Al/ML
methodologies in the multi-omics field and discuss their
strengths and limitations (Table 1).

Supervised learning (SL) aims to establish a relationship
between the input features (eg, omics data) and a pre-
defined output label (eg, disease status or other phenotypic
characteristics).”° They need labeled datasets to build the
models and are used for several predictive applications in
multi-omics research. Random forests (RFs)*’ and gradient
boosting machines*®*° are among the most popular
ensemble approaches for both classification (ie, for pre-
dicting categorical values) and regression (ie, for predicting
continuous values) tasks. Such approaches gained popu-
larity for their consistent accuracy performances due to
their capabilities in preventing overfitting issues and man-
aging high-dimensional feature spaces. Another important
tree-based ensemble methodology is represented by
XGBoost,*® which usually exhibits high accuracy when
integrating different data types and provides insights about
feature importance and interpretability of the model.
Further approaches include support vector machines,** an
algorithm able to deal with nonlinear relationships thanks
to kernel functions and that can be applied in both binary
(ie, for discriminating between 2 categories/classes) and
multicategory (ie, for discriminating among more than 2
categories) classification problems. More recently, deep
learning models have become very popular’”’ and have
revolutionized the Al field, including applications in the
multi-omics domain.*® Because of their ability to learn
complex nonlinear relationships, especially when dealing
with large sample sizes, they represent a fundamental
technique, given the continued increase in complexity and
size of current and future datasets. Popular deep learning
models rely on artificial neural networks®* and convolu-
tional neural networks.”> Recurrent neural networks®® and
transformer architectures can be also be applied on time-
series data, enabling the understanding of temporal pat-
terns in longitudinal and time-series multi-omics data.
Autoencoders,®” a form of unsupervised deep learning, are
often combined with supervised approaches to reduce
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Table 1.Key Concepts of Some Artificial Intelligence and Machine Learning Methodologies in the Context of Multi-Omics
Microbiome Research

3

Method

Key concept

Strengths

Disadvantages

Supervised learning

Random forests

Gradient boosting
machines

Neural networks

Unsupervised learning

K-means clustering

Hierarchical clustering

DBSCAN

Consensus clustering

Principal component
analysis

t-distributed stochastic

neighbor embedding

Uniform manifold
approximation and
projection

Feature selection

Semi-supervised learning

Explainable Al

Multi-omics integration

Federated learning

Causal inference

Longitudinal analysis

Make predictions from labeled
data

Ensemble-based supervised
learning

Sequential ensemble-based
learning for improved
accuracy

Deep networks for complex data

Identified patterns without labeled
data

Groups data into clusters based
on similarity

Builds a tree-like structure to
capture data similarity

Density-based clustering

Merge results from multiple
clustering runs

Linear dimensionality reduction;
identifies variance sources

Nonlinear dimensionality
reduction

Nonlinear dimensionality
reduction

Identifies relevant variables

Combines unlabeled and labeled
data

Improve model interpretability

Combines datasets from various
omics

Integrates datasets from different
institutions without data
sharing

Distinguishes causative from
correlation relationships

Handles time-series data

Accurate predictions for
classification and regression
tasks

Prevents overfitting; robust to
noise

Accurate predictions

Capture highly nonlinear patterns;
good scalability

Useful for exploratory analysis
(eg, clustering and
dimensionality reduction)

Simple, fast

No need to specifying the cluster
number

Robust to noise

Increase reliability of clusters

Simple interpretation; useful for
dimension and noise reduction

Useful for visualization; preservers
local structure

More scalable than t-distributed
stochastic neighbor
embedding; preserves both
local and global structure

Reduce noise; improves
interpretability

Useful in situations with scarce
labeled information

Increases usability in clinical
contexts

Handles source heterogeneity;
enables more comprehensive
analyses

Promotes collaboration; maintains
data privacy

Provides more mechanistic
insights

Detect dynamic relationships

Can requires large labeled
datasets; risk of overfitting

Limited interpretability compared
with other models

Computationally intensive;
sensitive to hyperparameters

“Black box” nature and limited
interpretability;
computationally intensive

Results can be subjective;
sensitive to parameters

Requires specifying the cluster
number; suboptimal for
nonspherical clusters

Computationally intensive for
large datasets

Requires fine-tuning of density
parameters

Sensitive to algorithm choice;
computationally intensive

Limited to linear relationships

Sensitive to hyperparameter
choice; computationally
intensive

Sensitive to hyperparameter
choice; limited interpretability

Risks removing important
variables
Complex implementation

Possibly reducing accuracy

Methodological challenging

Difficult implementation; requires
dedicated infrastructure

Challenging implementation

Requires advanced modeling;
prone to overfitting
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Table 1.Continued
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Method Key concept

Strengths Disadvantages

Bayesian methods Incorporates prior knowledge into

modeling

Batch effect correction Aligns different datasets

Scalability Enhances computational

efficiency for large datasets

Useful for small datasets

Reduces variability across

Supports big data analysis

Requires good prior knowledge;
can be computationally
expensive

Risk of introducing biases due to
datasets; enable meta- bad parameter selection

analyses

Requires dedicated infrastructure

dimensionality and extract latent features, enhancing pre-
diction accuracy for tasks like disease classification or
phenotype prediction.

Unsupervised learning38 aims, instead, at finding hidden
patterns and structure from data without the requirement
to define labels a priori. Such models are very useful and
important for different tasks, such as clustering, dimen-
sionality reduction, and network analyses. The most popular
method for clustering is K-means,*? a partitioning technique
that separates data into a certain number of clusters defined
a priori. Its iterative process is very efficient computation-
ally, but it assumes multidimensional spherical and similarly
sized clusters, therefore, it can give poor results when
dealing with noisy data or when cluster shapes are irreg-
ular. Another widely used strategy is represented by hier-
archical clustering,40 which provides a tree-like structure
called dendrogram, exploitable at various levels of granu-
larity. It relies on agglomerative (ie, it starts with each data
point as its own cluster and merges clusters based on a
linkage criterion in an iterative way) or divisive (ie, it starts
with everything in a single cluster, then repeatedly splits it)
approaches, which do not require to specific the number of
clusters a priori, however, they are computationally costly
for large datasets. Arbitrarily shaped clusters can be char-
acterized through the density-based spatial clustering of
applications with noise algorithm,”" which identifies clus-
ters as the high-density regions of the data points. It can
filter out outliers effectively and is, therefore, quite robust in
noisy datasets. More advanced clustering techniques include
spectral clustering,* which performs clustering after
reducing the dimensionality of the original feature set and
can be effective when dealing with nonconvex clusters.
There is also the opportunity to perform consensus clus-
tering.** It relies on the summarization of several clustering
runs, usually performed with different algorithms or
different initializations, which can lead to higher robustness
and reliability of the result. Another important task that
usually relies on unsupervised learning is represented by
dimensionality reduction, which is widely used to simplify
high-dimensional multi-omics datasets into lower di-
mensions that can be explored for finding patterns, reducing
noise, and identifying key biomarkers. Methodologies
include both linear and nonlinear approaches, and some of
them leverage deep learning for advanced feature

extraction. The most popular linear dimensionality reduc-
tion method is principal component analysis,** which
transforms the original dataset into a set of orthogonal
components known as principal components. This tech-
nique is particularly useful for sample relationships,
detecting batch effects, and identifying main sources of
variation in data. Another linear methodology is singular
value decomposition,”® which decomposes the dataset into
singular vectors and values through a matrix factorization
technique, being quite efficient for denoising and dimen-
sionality reduction in large datasets. Limitations of linear
methodologies can be overcome by nonlinear ones, such as
the case of multidimensional scaling.*® Another nonlinear
method is t-distributed stochastic neighbor embedding,*’
which aims at projecting the data in a low-dimensional
feature space by means of preserving the local structure.
This makes this approach useful for cluster visualization;
however, it is computationally expensive and sensitive to
hyperparameters (eg, perplexity). Compared with t-distrib-
uted stochastic neighbor embedding, the uniform manifold
approximation and projection®® algorithm is faster and tries
to preserve both local and global structures of the data.
Reduction of the dimensionality of the data can also be used
through deep learning approaches, such as the case of
autoencoders.?” They represent a family of neural networks
that comprise an encoder (which condenses original data
into a latent representation) and a decoder (which instead
reconstructs the original data from the latent representa-
tion). An extension of autoencoders is given by variational
autoencoders,”” which provides better generalization and
interpretability by considering a probabilistic structure on
the latent space. More advanced deep learning approaches,
such as convolutional neural network and recurrent neural
network, can be also exploited to extract features in a hi-
erarchical way from multi-omics data, along with pretrained
deep neural networks that can be transferred from natural
language processing and image analysis to the multi-omics
domain.”® Unsupervised approaches can be also investi-
gated for network-based modeling devoted to the identifi-
cation of interaction networks from multi-omics data.”">*
Examples are represented by weighted correlation
network analysis®® and Gaussian graphical models.”
Beyond SL and UL, semi-supervised learning®>”® can be
also adopted to incorporate both labeled and unlabeled data
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to mitigate the problem in obtaining enough samples for
building predictive models. Common techniques include
self-training®’ (in which the model is trained on the small
labeled dataset, labels for the unlabeled data are predicted,
the confident predictions are added to the labeled set, and
the process is iterated) and co-training>® (in which multiple
models are built on different sets of features, unlabeled data
are labeled by each model, and predictions are used to train
the other models) along with more advanced methodolo-
gies, such as those based on generative adversarial net-
works®? and semi-supervised variational autoencoders."**®’
The integration of different multi-omics sources can be used
through quite sophisticated models, with the aim of dealing
with issues related to heterogeneity, noise, and missing data.
Although early integration relies on concatenating the
different omics into 1 data structure, followed by single
modeling, late integration instead processes the different
layers separately and then integrates them at a later state.”’

In addition to the relatively traditional approaches
introduced above, other emerging lines of development are
contributing to multi-omics data analysis through Al/ML
solutions. Of great interest is the investigation of explainable
AL°*% which aims at proposing models that are not only
accurate but also explainable and transparent in their
output. This is very relevant to try to close the gap between
the "black box" nature of many AI/ML algorithms, especially
deep learning models,®* and the interpretability of results to
reinforce trustability in decision-making processes and
extract meaningful biological connections for experimental
validation. Advancements can be also achieved by inte-
grating causal inference with AI/ML models to better infer
mechanistic relationships in multi-omics data.®>® Hybrid
models that connect statistical frameworks to deep learning
approaches are also important to provide a probabilistic

¢
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and artificial intelligence-
driven analysis of

microbiome-derived multi-
omics data: potential clin-
ical applications.
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interpretation of complex relationships.®” It is also relevant
to consider scalability issues because multi-omics analysis is
usually computationally intensive and the development of
efficient workflows and distributed computing platforms is
necessary.®® Another relevant aspect is federated learning,
which allows integration of data from multiple sources and
institutions without necessarily sharing sensitive data
directly.®””°

Artificial Intelligence and Machine
Learning for Microbiome-Based
Precision Medicine: State of the Art

The Potential of Machine Learning and Artificial
Intelligence for Microbiome-Based Precision
Medicine

Due to its inter-individual variability and plasticity, the
gut microbiome represents a modulable target for precision
medicine. However, the complexity of the communities
characterizing the human microbiota, along with their
intricate interactions with the host, have represented
important limitations for their deep understanding using
traditional analytical methods. Given the continuous in-
crease in the number of samples and variety of acquired
datasets, the integration of more advanced AI/ML tech-
niques into microbiota and multi-omics research enables the
identification of patterns not previously detectable.

In this scenario, integrative multi-omic technologies
represent a promising approach that can be exploited to
implement several aspects of precision medicine, including
the discovery of disease biomarkers for the early diagnosis
or prediction of disorders, and the personalization of
treatments (Figure 1). Beyond human health, such advances

Gut microbiome

Precision medicine

B
N
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can also contribute to other important and related areas,
such as food safety’™’# and environmental health,”* raising
the impact of microbiome science. As these AI/ML tech-
nologies continue to improve, health care management is
gradually moving from a “one-size-fits-all” approach to a
personalized one’*’® with the microbiome playing a key
role in many aspects.7(’

Biomarker Discovery for Disease Classification
and Prediction

The proper integration of Al/ML approaches with multi-
omics data can offer a better understanding of microbiome-
associated diseases and corresponding dysbiosis and evolu-
tionary trajectories.””’” These may also potentially
contribute to the development of new diagnostic approaches
that can help in early host-phenotype identification.

Advanced pipelines like DADA2 combined with Recur-
sive Ensemble Feature Selection, for instance, integrate
amplicon datasets with ML to enhance reproducibility and
robustness in identifying biomarkers.”® These tools have
been investigated in several digestive and extra-digestive
disorders associated with microbiome disruption,
including cancer; chronic gastrointestinal disorders, such as
inflammatory bowel diseases (IBDs); neuropsychiatric and
neurologic disorders; metabolic disorders; and others.

Cancer. Colorectal cancer (CRC) probably represents
the field in which the application of Al and ML to micro-
biome omics analysis has generated the most reliable re-
sults, with high potential of exploitation in clinical practice
in the near future. CRC is a leading cause of cancer-related
morbidity and mortality worldwide,”” and its pathogenesis
is strongly influenced by genetic and environmental factors,
of which gut microbiome appears to be fundamental.?’ The
development of multiclass ML classifiers (ie, models
designed to classify data into multiple categories or classes)
has improved diagnostic accuracy, addressing limitations of
binary models. For instance, an RF-based multiclass model
was able to distinguish CRC from other diseases with high
accuracy (area under the receiver operating characteristic =
0.90-0.99) using species-level gut microbiome metagenomic
data.®’ In another study, based on 3 different datasets col-
lecting stool samples analyzed by 16S amplicon sequencing,
a comparison of ML algorithms revealed RFs as the optimal
classifier for CRC detection, with a precision of 0.729 and an
area under the precision-recall curve of 0.668, further
corroborating its utility in microbiome-based diagnostics.®”
Similarly, an explainable Al framework using Shapley
Additive  Explanations reproducibly uncovered key
microbial markers of CRC, including Fusobacterium, Pep-
tostreptococcus, and Parvimonas, while enhancing model
interpretability by quantifying individual feature contribu-
tions.®>®® Furthermore, integrating Shapley Additive Ex-
planations values into principal component analysis enabled
clearer separation of CRC subgroups.”” Recently, 2 large
metagenomic meta-analyses of 5 cohorts, in which the
leave-one-dataset-out model and cross-cohort validation
were applied, were able to identify taxonomic and func-
tional microbial CRC signatures (relying specifically on oral
bacteria as well as gluconeogenesis, putrefaction, and

Gastroenterology Vol. m, Iss. m

fermentation pathways). These microbial features were
geographically reproducible and showed consistently high
accuracy (mean area under the curve [AUC] = 0.84) in
detecting CRC.°*> Another RF classifier effectively pre-
dicted KRAS mutation status in patients with CRC using
amplicon-based microbiome profiles, identifying microbial
markers, such as Bifidobacterium spp, which are associated
with tumor-immune interactions and gene expression
pathways.®¢

After proving effective in diagnosing CRC, microbiome-
applied ML has started to be investigated in the detection
of precancerous and early colorectal lesions. In a large (n =

971) cohort of patients undergoing colonoscopy, a cross- Q13

validated elastic-net regularized regression model was
applied to the analysis of fecal metagenomes and was able
to identify specific strains negatively (Flavonifractor plautir)
or positively (Bacteroides stercoris) associated with colo-
rectal adenomas and early carcinogenesis, and to infer
functional pathways associated with tubular adenomas
(depletion of microbial methanogenesis and mevalonate
metabolism) or serrated adenomas (microbial antioxidant
defense pathways®’). Moreover, several ongoing initiatives
(eg, ClinicalTrials.gov, number NCT06588166 and other
projects®®) are aimed to address, by means of exploiting ML,
the reliability of gut microbiome for the institutional
screening of CRC in subjects undergoing colonoscopy
because of fecal immunochemical test positivity, with a
potentially critical impact on CRC prevention.

Interestingly, ML was also used to identify gut micro-
biome biomarkers for early-stage lung cancer, using data
derived from amplicon sequencing of stool samples
collected from 76 patients with lung cancer. Using the
minimal redundancy maximal relevance algorithm and
backward selection with cross-validation, researchers

refined 13 OTUs for optimal predictive accuracy. A support 014

vector machine model achieved an AUC of 97.6% in the
discovery cohort and 76.4% in the validation cohort, and the
simplified Patient Discrimination Index maintained high
accuracy for clinical application.®’

Chronic gastrointestinal and extraintestinal
disorders. Chronic gastrointestinal disorders are another
subfield of ML application in microbiome research due to
the large amount of evidence for a microbial contribution to
their pathogenesis.

IBDs, which include Crohn’s disease and ulcerative co-
litis, are characterized by dysregulated immune responses
and microbial disruption within the gastrointestinal tract.”’
In IBDs, Al and ML algorithms have been found to be
potentially useful in identifying microbial signatures and
dysbiosis patterns associated with disease onset, progres-
sion, and treatment response.’’ Specifically, in a large
multicohort dataset of nearly 6000 metagenomes, RF
models identified specific bacterial clusters able to
discriminate between IBDs and healthy controls, as well as
Crohn’s disease and ulcerative colitis, with high accuracy
(AUC > 0.90).°? Comparable findings were achieved using
Al-driven tools to analyze microbial data across meta-
genomics, metatranscriptomics, metabolomics, proteomics,
and host fecal calprotectin levels.”*

FLA 5.7.0 DTD m YGAST66736_proof m 9 April 2025 ® 11:15 am M ce

661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720


http://ClinicalTrials.gov

721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780

m 2025

Al and ML have also been applied to microbiome
research involving metabolic disorders, providing a robust
framework to uncover microbial features linked to condi-
tions such as obesity, type 1 diabetes, type 2 diabetes, and
metabolic dysfunction-associated steatotic liver disease. For
instance, in 777 patients with or without insulin resistance,
supervised ML algorithms, specifically RFs, analyzing 16S
ribosomal RNA gene sequencing data, identified 10 micro-
bial genera that reliably identified the presence of metabolic
dysfunction-associated steatotic liver disease in insulin-
resistant individuals, achieving superior predictive accu-
racy compared with traditional methods, but failing to get
the same results in insulin-sensitive subjects.”* ML frame-
works have also depicted integrated microbial, lipidomic,
and metabolomic signatures associated with type 1 dia-
betes, highlighting pathways, such as short-chain fatty acid
biosynthesis and glycerolipid metabolism, that may mediate
host-microbiota interactions.””’® Large-scale studies inte-
grating microbial multi-omics data from obese patients have
identified 42 species as consistent biomarkers across pop-
ulations, with good performance in distinguishing obese
people from healthy people (AUC = 0.85).°” In type 2 dia-
betes, interpretable ML models like Light Gradient Boosting
Machine’® or based on an RF algorithm,gg have demon-
strated strong associations between microbial features
(several species and functional pathways) and blood me-
tabolites and glycemic control—assessed at different time
points during follow-up visits’>—suggesting their role in
disease modulation and clinical translation.”®°? In addition,
population-based studies have linked shifts in the gut
microbiota, particularly the decrease of butyrate-producing
bacteria, with prediabetes and type 2 diabetes, paving the
way for microbiome-targeted interventions.””

Recently, ML and Al have been investigated in neurologic
and neuropsychiatric disorders. ML also identified a multi-
kingdom gut microbiome panel as biomarkers for autism
spectrum disorder using stool metagenomic sequencing and
phenotype data from more than 1600 children, revealing 14
archaea, 51 bacteria, 7 fungi, 18 viruses, 27 microbial genes,
and 12 metabolic pathways significantly altered in autism
spectrum disorder.'”” An RF model achieved an AUC of 0.91,
demonstrating high diagnostic accuracy, while pathways
like ubiquinol-7 and thiamine diphosphate biosynthesis,
identified through R package MaAsLin2, emerged as key
contributors to classification, making this multikingdom
approach a significant step forward in biomarker discovery
for autism spectrum disorder.'°® Moreover, RF classifiers
and the Boruta algorithm were able to identify key microbial
taxa, such as Dorea formicigenerans, Oscillibacter sp 57_20,
and Faecalibacterium prausnitzii, as potential biomarkers
for distinguishing preclinical Alzheimer’s disease from
cognitively normal individuals, even in the absence of ca-
nonical Alzheimer’s disease biomarkers, like amyloid-6 and
T protein.101

Multidrug-resistant bacteria. Al and ML have also
been applied to fight the growing burden of antibiotic
resistance, which claims more than 1 million lives annu-
ally.'°% By integrating genomic, metagenomic, and proteo-
mic data, these tools have identified key resistance genes,
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such as f-lactamases and efflux pumps, and clarified how
gut bacteria adapt under antibiotic pressure, particularly in
vulnerable populations like formula-fed infants.'?**%*

ML models have also been used to map how antibiotic
treatments reshape microbial communities, uncovering
patterns of resistance gene enrichment and persistence.'**
Moreover, Al has enabled the discovery of new antimicro-
bial peptides from vast microbiome datasets, as exemplified
by the AMPSphere catalog, which predicted nearly 1 million
antimicrobial peptides with potential to combat drug-
resistant pathogens.'’” These discoveries support global
efforts against this increasingly critical issue.

Prediction of Treatment Response and Fine-
Tuning of Microbiome Therapeutics

One of the most promising applications is represented
by the stratification of patients according to their microbial
signatures and multi-omics profiles.'"°® This can enable the
identification of subgroups of patients that can respond, or
fail to respond, to specific interventions. Advanced Al/ML
methodologies may further provide predictions on the in-
dividual responses to therapies, reducing trial-and-error
prescription and improving clinical outcomes. The use of
predictive models may also have a significant role in eval-
uating the response to therapy in a longitudinal way, with
the possibility to change the therapeutic strategies.'’”
Moreover, Al modeling may contribute to the identifica-
tion of novel targets and microbiome-targeting therapeutics
that could consider metabolites of microbial origin and
host-microbe interactions. These approaches have gener-
ated evidence in different fields of medicine.

Prediction of response to treatments. Al and ML
have been applied to gut microbiome data with the aim of
predicting response to specific treatments. This approach
has been increasingly investigated in cancer immuno-
therapy. ML models have linked baseline gut microbiota
composition to response to immune checkpoint inhibitors,
with specific taxa like Akkermansia muciniphila and F
prausnitzii emerging as biomarkers predictive of efficacy
across diverse cancer types.'’®'°? Strain-resolved meta-
genomics has further refined predictive accuracy, revealing
functional variation within microbial species associated
with therapeutic outcomes.’’® In a cohort of 245 patients
with non-small cell lung cancer, a metagenome-based,
species-level co-abundance network was capable of identi-
fying 2 main microbial clusters, negatively and positively
associated, respectively, with response to immune check-
point inhibitors, and was also successfully validated in other
cancer types.' "’

In addition, in a cross-cohort analysis of 172 patients un-
dergoing CD19 CAR-T cell therapy for lymphoma, ML models
based on shotgun metagenomic sequencing data, identified
key microbial taxa, such as Akkermansia, Bacteroides, and
Eubacterium, that were strongly associated with immune
activation and long-term responses. The study also found
microbiome functional pathways, such as peptidoglycan
biosynthesis, that predicted CAR-T therapy success and may
potentially guide patient selection and management.'**
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In addition, Al tools using RF classifiers have identified,
using metagenomic and transcriptomic data, microbial sig-
natures that distinguish immune-related adverse events
with high accuracy (AUC = 0.88), implicating microbial
metabolites, like menaquinone, as mediators of toxicity.112

Artificial modeling approaches have also been prelimi-
narily investigated in nonpharmacologic treatments. A 2-
year longitudinal study of a nonsurgical weight-reduction
program identified bacterial genera, including Akkerman-
sia, as key predictors of sustained weight loss. Based on
metagenomic analysis of gut microbiome, ML-driven statis-
tical modeling accurately classified 14 of 15 participants
into responder or nonresponder categories.''* Further evi-
dence of the microbiome predictive potential comes from
studies on diabetes prevention. A randomized controlled
trial involving prediabetic individuals used ML algorithms to
assess baseline microbiome features and predict response
to exercise. Responders exhibited microbiota-driven meta-
bolic benefits, such as increased short-chain fatty acid pro-
duction and improved insulin sensitivity."'* These findings
suggest that microbiome-targeted interventions could
maximize the metabolic benefits of lifestyle modifications.

Fine-tuning of microbiome therapeutics. Al and
ML may be potentially exploited in a pioneering field that is
the metagenome-informed targeting of microbiome-
modulating therapies. For example, in a study investi-
gating prebiotics for calcium absorption in adolescents,
support vector machine based on amplicon sequencing
identified 19 microbial features able to predict responders
to soluble corn fiber administration with 96% accuracy,
paving the way for a targeted microbiome-driven improve-
ment of bone health during critical growth phases.'’® In a
multicenter randomized controlled trial of patients with
irritable bowel syndrome, Al-assisted diets based on the
individual patient microbiome profile were compared with
standard low FODMAP (fermentable oligosaccharides, di-
saccharides, monosaccharides, and polyols) regimens.
Although both treatments improved symptoms and the Ir-
ritable Bowel Syndrome Symptom Severity Scale, the
personalized diet demonstrated superior efficacy over low-
FODMAP diet in improving quality of life and microbiome «-
diversity.'*®

Finally, in a metagenomic meta-analysis of 24 cohorts, a
leave-one-dataset-out model was able to predict the most
effective donor to provide a successful microbiome
engraftment in patients undergoing fecal microbiota trans-
plantation for different disorders, paving the way for a more
refined and efficacious selection of stool donors.""”

Roadmap to Clinical Implementation
These applications exemplify how Al bridges the gap
between microbiome complexity and actionable insights,
potentially enabling clinicians to tailor interventions with
unprecedented precision. This integration of computational
and biological sciences is happening now more than ever,
driving research advancements and making a tangible
impact on clinical practice, marking the dawn of a new era
of precision medicine shaped by the gut microbiome’s
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intricate contributions to health and disease. However, this
advancement is encumbered by a number of pitfalls and
challenges in microbiota research and in AI/ML approaches.

Gaps and Challenges in Microbiota Research

Several factors related to the methodology of micro-
biome studies might influence the correct application of Al/
ML tools to microbiome data, and then their further clinical
implementation.

A first set of issues concerns the design of microbiome
trials. Generally, several microbiome studies have been
criticized, as they often fail in determining causality of as-
sociation between microbial signatures and clinical out-
comes,"'® which is crucial for the clinical application of their
findings. Moreover, the correct selection of the study pop-
ulation is critical to answer specific questions. For example,
current associative data of microbiome signatures and CRC
are mostly based on patients with a diagnosis of advanced
cancer,”* and although highly interesting, are not applicable
to screening populations, who deserve specific in-
vestigations.”® Also the discrepancy in patient eligibility
criteria and disease definition might bias study outcomes
and, consequently, the data to be elaborated by Al/ML tools.
Finally, a comprehensive evaluation of host variables and
assessment of their potential confounding effect on final
results is another aspect to be included in the design of
microbiome studies.""”

Another block of gaps relates to the technicalities of
microbiome research, including sample collection and
storage, DNA extraction and sequencing, processing, and
profiling. Differences in these technical steps of the analysis
workflow may confound results as well.'?~*%?

In recent years, a number of efforts have been directed
toward standardizing different aspects of the microbiome
field. For example, the STORMS (Strengthening The Orga-
nization and Reporting of Microbiome Studies) checklist has
been built to provide guidance for reliable and compre-
hensive reporting of microbiome studies, with the aim of
facilitating their understanding and the comparative anal-
ysis of their findings.'*® Other standardization approaches
include the definition of criteria to release microbiome
testing124; role of microbiome biomarkers'?; guidelines on
different methodological steps of microbiome analysis, from
sample collection, to genome extraction; library prepara-
tion; and others.'?%1%7

Altogether, these initiatives are expected to fill the cur-
rent gaps of microbiome research, facilitating the correct
application of AI/ML to this field.

Pitfalls and Potential Concerns About Artificial
Intelligence and Machine Learning Approaches
Despite the very promising opportunities exhibited by
AL/MI approaches in the microbiota field, some bottlenecks
still need to be overcome before they can be successfully
translated into clinical practice.'?® Table 2 summarizes
challenges and limitations that arise when Al and ML are
applied to multi-omics approaches to gut microbiota. To
overcome these challenges, complex, multidimensional, and
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Table 2.Challenges and Limitations of Artificial Intelligence and Machine Learning in Multi-Omics Research

Challenge/limitation

Explanation

Data heterogeneity and complexity

Multi-omics datasets often comprise different data formats and noise levels, which complicates

their integration and analysis.

Data incompleteness

Multi-omics data are often incomplete, which requires the use of imputation methods that may

introduce biases in the analysis.

Data scarcity

High-quality datasets are often limited, especially when dealing with labeled information, which

makes the development of robust and generalizable models challenging.

Lack of standardization

Acquisition of data along with their processing are usually performed using different

experimental platforms and protocols in different studies, which introduce batch effects that
are challenging to correct and can bring inconsistent results.

Computational complexity

The collection, processing, and integration of multiple data sources require substantial

computational resources and time, aspects that are further highlighted when dealing with

deep learning.

High dimensionality

The large number of features, especially when dealing with several sources, compared with the

relatively small sample size reduces model performance due to possible overfitting issues.

Scalability issues
real-time analysis.

Accessibility of tools

Large-scale studies generate large datasets, which poses challenges for model scalability and

Many researchers lack the required expertise to design and interpret Al/ML methodologies,

which can come with the lack of access to user-friendly tools and interfaces.

Limited biological context
and relevance.

Biological and clinical interpretability

Many Al/ML models do not incorporate prior biological knowledge, which limits interpretability

Many AlI/ML models, especially based on deep learning technologies, are still considered “black

boxes,” which makes it difficult to derive biologically meaningful insights.

Identification of causative relationships

Although Al/ML models tend to identify correlations, it is still challenging to distinguish causative

relationships from associations.

Model validation
and benchmarks.

Cross-study generalization
populations.

Dynamics of the gut microbiome

Proper validation of predictive models is challenging due to the scarcity of independent datasets

Many Al/ML models trained on specific studies fail to generalize across cohorts and

The gut microbiota is highly dynamic and influenced by multiple factors, while most available

datasets usually provide single snapshots of the microbial community that do not capture

temporal changes.

Ethical and privacy issues

Using sensitive data raises concerns about patient privacy, data sharing, and compliance with

data protection regulations.

multidisciplinary work that involves validation of the
models, standardization of regulatory aspects, and integra-
tion into electronic health records (EHRs) is needed.

To accomplish clinical applicability,"*° the deployed
models need to be rigorously validated. The models should
be robust, reproducible, and generalizable across diverse
datasets.”*° This includes multisite validation using inde-
pendent cohorts.®® Variations in microbiome composition
due to geographical,"*" dietary,"*? and host genetic'*® fac-
tors should also be considered in such a validation study.
Such studies should also consider data incompleteness, as
multi-omics datasets often have missing values that require
proper imputation techniques,'** which, however, may
introduce biases. High dimensionality, coming from the
large number of features relative to sample size, poses
overfitting risks, which further emphasize the need for

robust validation.'*> Prospective studies are also very
important to ensure good reliability of the models over time,
given the dynamic nature of the gut microbiota. These
temporal variations, in addition to detecting causative re-
lationships rather than just correlations, demand proper
modeling techniques able to capture the dynamics of mi-
crobial communities and causal inference."*®

This should also come with understandable and explain-
able models that can bring trust from clinicians and succes-
sive adoption in the practice.’®’ Many AI/ML models are
often perceived as “black boxes.”**® Utility in a clinical setting
is limited by this lack of interpretability, and clinicians
require clear and transparent decision-making processes to
ensure the safety of the patients. Interpretability can also be
enhanced by considering models that incorporate prior bio-
logical knowledge. This should be also complemented by
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open-access databases and standardized pipelines to ensure
reproducibility in analyzing multi-omics data."*? The lack of
standardization in data acquisition and processing methods
often introduces batch effects that must be properly
addressed to have cross-study generalization."*°

Moreover, assuming that the application of AI/ML to gut
microbiome may be useful in clinical practice, these tools
should then be provided with a timely and high-throughput
fashion and on a per-patient basis, as other diagnostic tools,
to allow a prompt optimization of the patient management.
This may represent a challenge, as proper frameworks for
microbiome analysis are not yet widespread. However, the
diffusion of sequencing machines, and of Al/ML approaches,
is increasing progressively, along with a decrease in related
costs.'*! In addition, recent efforts to standardize the field
of microbiome testing for clinical practice are paving the
way to overcome this barrier.'**

Another important translational clinical challenge is
represented by regulatory approval.'*#!*3 Strong evidence
needs to be provided in terms of safety, along with clinical
utility, including improvement in diagnosis, decisions on
treatments, or patient outcomes over current care stan-
dards."**'** It is also important to provide high standards
regarding data protection and privacy issues.'*®'*” These
issues are further impacted by the lack of proper guidelines
for evaluating performance and safety of AI/ML models in
health care.'*® Processes for regulatory approvals should
comprise collaboration among multiple parties, such as cli-
nicians, developers, and experts in regulations including
those involving Al aspects.

Successful implementation of AI/ML models should
involve their proper integration in EHR systems'*’ for
effective real-time clinical decisions."”® Such integration
should also involve interoperability between current EHR
devices and future Al/ML systems using standardized pro-
tocols to ensure that data are ported easily. Multi-omics data
coming from microbiome sequencing platforms and other
laboratory equipment should be automatically imported
into EHRs. At the same time, output of the Al models, such
as predicted risk scores or recommended interventions,
should be presented in a proper intuitive format to the
clinician.”®" Such outputs should be provided with addi-
tional information, such as patient history, laboratory re-
sults, and other relevant data, to provide personalized
treatment strategies. Proper training and education on Al
systems should also be performed to give clinicians the
skills required for the use of such tools.'>*'>*

In this scenario, user-friendly platforms integrating Al/
ML for biomarker discovery and disease prediction have
also been developed. Among others, IntelliGenes'®* in-
tegrates statistical and ML methods, providing a custom-
izable interface that is easy to understand, even for
nontechnical users. This platform supports comprehensive
analysis workflows, from data preparation to model visu-
alization, and emphasizes interpretability and reproduc-
ibility, making Al a potentially useful item for every research
team. However, the scalability of such platforms remains
challenging, especially for large-scale studies that can
generate  big  datasets  requiring  non-negligible
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computational resources for processing, integration, and
real-time analysis."*®

Finally, despite the promising results achieved so far,
further evidence is still needed to understand the real value
of AI/ML in the microbiome field. AI/ML is currently a
catchy and attractive field, therefore, it is tempting to
consider it superior to current standard predictors. How-
ever, the mere availability of such tools is not sufficient for
their established implementation in clinical practice, which
should be supported by reliable proof of superiority over
standard approaches in pertinent comparative studies.

Practical Insights for the Application of Artificial
Intelligence and Machine Learning
Methodologies

The adoption of Al and ML methodologies in gastroen-
terology requires a multidisciplinary approach involving
clinical, technical, and organizational expertise.156 We pro-
vided some insights that could lead to their rapid and suc-
cessful implementation. First, the training of clinicians is
important for acquisition of basic methodological concepts
and prospects on their applications (eg, through interdisci-
plinary seminars and practical workshops that show how to
interpret AI/ML results). The phase of model development
should also be conducted in a multidisciplinary environ-
ment in which gastroenterologists should collaborate with
data scientists and engineers'®’ to develop techniques in
agreement with gastroenterology workflows (the output
must be clinically meaningful and actionable). This should
also encompass the proper integration of models within
EHRs and existing infrastructures. Although meta-omics
analyses are often conducted in single cohorts, validation
across different cohorts and populations is important to
obtain models that are robust to geographic and de-
mographic patterns. This should also be performed by
limiting batch effects through standardization of data
collection and processing protocols,"*” in addition to guar-
anteeing reproducibility of the results.'*® Methodological
advancements should also be prioritized toward explainable
Al solutions,”® so outputs from these models would be
trusted by clinicians. Al implementation must be fully
compliant with data privacy regulations, sensitive data
should be processed on secured platforms, and interaction
with regulatory agencies is important to determine the best
procedures for implementation and evaluation of Al
tools.””” Federated learning approaches can be useful to
enforce collaboration among different institutions without
actual sharing of data. Clinicians should also report feedback
about model performance and usability to provide active
mechanisms of improvement of the framework. Patients
should also be educated to improve their trust in Al tools
and limit their concerns about data security and trans-
parency of decisions.'® It is also important to invest in the
necessary computational infrastructures (including graphics
processing unit-based'®" and cloud-based'®* platforms) to
have real-time processing and integration of large data
volumes. By following these recommendations, gastroen-
terology teams can advance the field to establish the

FLA 5.7.0 DTD m YGAST66736_proof m 9 April 2025 ® 11:15 am M ce

1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199
1200



1201
1202
1203
1204
12054,
1206
1207
1208
1209
1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241
1242
1243
1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254
1255
1256
1257
1258
1259
1260

m 2025

frameworks necessary to integrate AI/ML solutions into
standard practice with the final aim of enhancing patient
care and clinical outcomes.
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