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Multi-omic studies in human microbiome research hold great potential
for advancing our understanding of host-microbiome interactions.
However, despite the growing availability of multi-omic datasets, analysing

such dataremains a major conceptual, analytical and computational
challenge. Introduction of new multi-omic integration methods to address
these challenges further complicates researchers’ efforts to navigate this
expanding field. In this Review, we outline the landscape of multi-omic
integration methods in the context of human microbiome research.

In contrast to previous reviews, we specifically emphasize the different
biological questions addressed by various integration approaches,
including questions related to interactions between different molecular
layers, molecular shifts that occur in disease, subgrouping of patients based
onmolecular profiles, and identification of biological mechanisms that
underlie such associations. Our aimis to provide a timely, convenient and
comprehensive resource for the microbiome research community, allowing
researchers to identify the multi-omic integration approach that is best
suited to their data and objectives.

The human microbiome has become a major focus of biomedical
research, with numerous studies uncovering and highlightingits asso-
ciations with various host health conditions'. However, important
gaps remain in our understanding of the molecular mechanisms and
pathways underlying these associations, hindering our ability to trans-
late findings into effective clinical practices. Multi-omic microbiome
studies aim tointegrate multiple biological ‘omics’ to provide acompre-
hensive, system-level and multilayer perspective on host-microbiome
interactions, typically combining metagenomics with additional layers
such as metabolomics, transcriptomics, proteomics or host genomics
(Box1).Studies integrating metagenomics with additional omiclayers
have increased steadily over time, as illustrated by a PubMed-based
survey of the literature (Fig. 1and Supplementary Table 1). Such stud-
ies have led to substantial advances in human microbiome research,
markedly improving our understanding of microbiome ecology,
activity and impact on the host. Combining different omics has been
shown, for example, to enhance disease predictionmodels*”, improve
analyte identification and normalization®2, and reveal cross-omic

correlations that offer new mechanistic hypotheses ™. These
multi-omic approaches have also enabled researchers to pinpoint
functionally active community members within microbiome samples®,
assess variability in microbiome activity between individuals that is
independent of microbial composition***, or identify metabolites
whose concentrations are governed by bacterial metabolism?.
Improved technologies and reduced costs have further acceler-
ated the generation of large-scale multi-omic datasets with studies
such as the Integrative Human Microbiome Project (iIHMP)", Life-
lines Deep*, PREDICT cohorts”, Swedish CArdioPulmonary biolmage
Study?®, 500 Human Functional Genomics (S00FG)*’, TwinsUK** and
MetaCardis”, offering exciting opportunities for biological discovery
that may not have been feasible with smaller-scale cohorts. While these
initiatives highlight the expanding potential for multi-omic research,
the analysis of such multimodal datasets remains a major challenge
conceptually, analytically and computationally®>**, Data from dif-
ferent omic platforms are highly heterogeneous, varying in format,
dimensionality, sparsity (that is, the prevalence of zeros in the data),
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BOX1

Common omics in microbiome research and key data

characteristics and challenges

16S rRNA sequencing targets the conserved 16S ribosomal RNA
(rRNA) gene in prokaryotes, enabling taxonomic identification of
bacterial and archaeal taxa within a sample. 16S data typically have
limited taxonomic resolution (often genus level) and may include
biases related to primer design and the 16S variable region targeted.

Shotgun metagenomics sequencing involves sequencing of all
genetic material in a sample, enabling taxonomic and functional
profiling as well as de novo assembly of previously uncharacterized
genomes. These datasets are typically very large, leading to
substantial computational demands.

Metatranscriptomics profiles microbial gene expression and
provides insight into active functions. Interpretation is complicated
by variation in taxon abundances and gene copy numbers. Datasets
are often dominated by rRNA, requiring depletion steps that may
introduce bias, and RNA instability can distort expression

profiles.

Host transcriptomics measures gene expression in host tissue or
cells. Challenges include strong tissue- and cell-type specificity and
pleiotropy (where a single gene influences multiple traits).

Metabolomics profiles small molecules that serve as intermediates
or end products of metabolic processes. Data can be affected by
instrumental drift and variability across instruments and analytical
platforms. Measurements are often semi-quantitative, dominated
by uncharacterized metabolites and exhibit heteroscedasticity
(measurement errors that vary with abundance).

Lipidomics is a subfield of metabolomics and focuses on lipid
molecules. It shares many of the same challenges.

Metaproteomics profiles proteins in a sample. Challenges include
instrumental drift, heteroscedasticity, limited sensitivity and
quantification biases related to ionization, digestion efficiency or
peptide detectability. As proteins are inferred from peptides that may

scale and distribution® . Each omic profile generally requires unique
processingsteps, involving, for example, specific transformations, nor-
malizations or imputation protocols®*”*. Inaddition, omic datasets
areinherently high dimensional, with considerably more variables than
samples, increasing the risk of bias and overfitting***°. Differencesin
the number of features in each omic profile may also introduce bias,
wherein certain omics may mistakenly appear to be more informa-
tive than others*'. Handling these large datasets efficiently requires
substantial computational resources®**°, which may not be readily
available to all researchers. Finally, while commonly used multi-omic
analysis approaches may be effective in identifying general trends,
regularities or disease signaturesin the data, the interpretation of such
findings is often extremely challenging, failing to provide clear mecha-
nisticinsights into interactions that occur across different molecular
layers and into complex molecular processes™.

Avariety of methods have beenintroduced for multi-omicintegra-
tionand analysis, aiming to address these challenges. These range from
simple statistical tests to machine learning and deep learning models,

map to multiple proteins, resulting profiles may be incomplete or
ambiguous.

Host-genomics analyses host DNA, typically using whole-genome
sequencing, whole-exome sequencing, single nucleotide
polymorphism (SNP) arrays or other targeted sequencing
approaches. Key challenges include linkage disequilibrium
(non-random association of genetic variants), pleiotropy and
confounding related to population ancestry.

Many omic data types share additional complexities, including
high dimensionality (thousands to tens of thousands of features),
compositionality (relative rather than absolute abundances), sparsity
(most feature measurements are zero) and non-normal distributions
requiring tailored transformations or models. Contamination,
especially in low-biomass samples, is another concern and may
require analysis of negative controls. Sequencing-based omics
are also sensitive to sequencing depth, affecting detection limits.
Further challenges stem from study design and data processing,
including batch effects, dependence on bioinformatic pipelines and
reference databases (which may be incomplete or biased), and the
computational demands of large datasets.

Other important data types that are often collected in human
microbiome studies:

Dietary information estimates the composition and quantity of food
intake, typically using self-reported food-frequency questionnaires
or food logs. These data are often limited in accuracy and resolution,
non-standardized and include mixed data types (categorical,
discrete, continuous), complicating analysis and integration with
other data modalities.

Electronic health record data include clinical diagnoses, laboratory
measurements, medications and other patient information. These
datasets are heterogeneous, contain structured and unstructured
data (for example, physician notes), are often incomplete and
irregularly sampled, and may reflect sampling biases such as
‘care-seeking selection bias’.

network analysis approaches, matrix factorization techniques (which
decompose data matrices into lower-dimensional representations)
and other methods designed to handle specific omic properties or
combinations. Importantly, however, as the landscape of multi-omic
integration methods continues to expand, so does the daunting and
time-consuming task of navigating it to identify the mostappropriate
method for a given study objective.

Moreover, in mapping this landscape, it should be noted that
methods to integrate multi-omic data can be classified using a few
different ‘classification axes’, including: (1) theresearch question each
method targets; (2) the resolution at which omics are integrated (for
example, global omic associations versus associations between spe-
cificfeatures); (3) the phase at whichintegration occurs (for example,
early integration where omics are combined before modelling versus
late integration where each omic is first modelled and then models’
outcomes are combined)*, (4) the characteristics of the omic data
that can be integrated (for example, supported number of omics,
data types, distributions and so on) and finally, (5) the algorithmic
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Fig.1| Trends in multi-omic human microbiome studies. Number of human
microbiome studies per year that combined metagenomics with another specific
omic or data type. Numbers are based on PubMed search results, given by the
queries detailed in Supplementary Table 1.

approach used for integration (for example, network-based, matrix
factorization, probabilistic models, machine learning and so on).
Figure 2 (top) illustrates these axes, along with key methodological
choices pertaining to each axis. These axes are also largely orthogonal,
allowing for nearly any combination of categories across the different
axes and further complicating the selection of the best suited method
for addressing a specific task.

Comprehensive reviews have already focused on specific omic
combinations®™*, particular diseases or environments**~°, or on
statistical and algorithmic aspects of data integration®, providing
some clarity but generally giving less attention to the types of bio-
logical insight that different methods can provide. In this Review, we
therefore categorized methods primarily on the basis of the research
question being targeted by each method (axis 1in the list above), as
this axis provides a useful starting point for selecting approaches that
appropriately address the question of interest. We highlight four key
research questions central to multi-omic microbiome studies (Fig. 2,
bottom): (1) How do different molecular layersinteract? (2) How do dif-
ferent molecular layers shift in disease? (3) How are patients stratified
onthebasis of variation across different molecular layers? and finally,
(4) What mechanisms underlie observed statistical associations? Our
aimisto provide microbiome researchers, especially those embarking
onmulti-omicanalysis efforts, a clear and comprehensive overview of
the current landscape of multi-omic integration methods and to help
pinpoint approaches that best align with specific research questions.
Supplementary Table 2 further provides a summary of integration
methods and their key attributes.

Methods for investigating inter-omic
associations

Understanding how different molecular layers, such as the microbi-
ome’s genetic composition, metabolome and proteome, interact with
oneanother (for example, exploring how shifts in community compo-
sition correlate with changes in the gut metabolome; Fig. 3) requires
computational methods to identify statistical associations between
different omiclayers, either at aglobal scale or atamore granularlevel,
detecting specific feature-to-feature relationships across omics. A use-
ful application of inter-omic associations is predicting features from
one omic based on another, for example, using metagenomic data to

infer metabolite abundances. Methods described in this category help
to map the associations between the different omics at various scales
and may offer biological hypotheses regarding molecular interactions
and processes.

Finding global associations between omics

Finding overall associations between different omics can be challenging
as they may have variable scale, dimensionality, distributions and so
on.One common approachto assess such ‘global’ associationsrelies on
sample-to-sample distance matrices derived fromeach omic, effectively
determining whether samples that are proximate according to one omic
are also proximate accordingto the other. These methods allow usersto
choose specific distance metrics that are the most appropriate for each
omicandbestaccount forits unique characteristics. For example, Bray—
Curtis or UniFrac*® distances could be used for metagenomics-based
taxonomic profiles, whereas Euclidean or Mahalanobis distance
metrics are commonly used for metabolomics®®. Conversely, when
using non-continuous data, such as count, categorical or binary data,
chi-squared or Jaccard metrics can be used.

The omic-specific distance matrices can then be fed into one of
several methods to assess global associations between omics (Fig. 3,
bottom left). The Mantel test is one such method*’, evaluating the
correlation between distance values from two independent distance
matrices using a permutation test to assess the correlation’s signifi-
cance. Mantel tests were used, for example, to confirm a significant
association between ancestry and genetic similarity inanIsraeli cohort
of over 1,000 participants from diverse ancestry backgrounds, and
the absence of an association between genetic kinship or ancestry
and overall microbiome composition®. It was also used to show that
functional profiles obtained from metagenomics, metatranscriptom-
ics and metaproteomics were highly correlated with each other in
the iHMP study". For studies with more than two omics, the partial
Mantel test (for comparing two distance matrices while controlling
for a third)®' and multiple regression on distance matrices (MRM)®
canbe used.

While the Mantel test detects linear relationships (or monotonic
relationships, when using Spearman correlation), other methods,
such as the distance correlation ¢-test, may be used to detect a more
general dependency between two datasets, including nonlinear or
non-monotonic relationships®. Distance correlation t-tests were used,
for example, to map global associations between faecal and plasma
metabolomics, faecal and saliva 16S-based taxonomic profiles, and
short- and long-term dietary profiles in acohort of 150 healthy adults".
This revealed that while the gut and plasma metabolome are signifi-
cantly associated withboth short- and long-term diet profiles, the gut
microbiome is associated only with the ‘long-term’ diet profile.

Procrustes analysis can also be used to assess global associations
based on distance matrices®. It uses a pair of ordinations as input,
typically calculated using custom distance matrices, and a dimen-
sionality reduction technique such as principal coordinates analysis.
Each ordinationis then viewed as a ‘spatial configuration’ of the sam-
ples and the method searches for the optimal translating, scaling and
rotation scalars so that one configuration best matches the other. A
useful advantage of Procrustes analysis is the ability to visually assess
the identified superimposition and to identify specific samples with
unusual mappings. Procrustes analysis has previously been used to
demonstrate a significant overall association between gene expres-
sion data from the host colon (using Aitchison’s distances) and gut
microbiome composition (using Bray-Curtis distances) in patients with
colorectal cancer, but not in patients with inflammatory bowel disease
(IBD) or irritable bowel syndrome®. Although Procrustes analysis is
specifically sensitive to outliers and differences in the scales of various
features®*®, its performance, similar to that of other distance-based
approaches, depends on data transformations, normalizations and
distance metrics used®®.
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omicstudies: how different molecular layers interact, how different molecular
layers shift in disease or other host phenotypes, how patients can be grouped on
the basis of variation across multiple molecular layers and what mechanisms may
underlie observed statistical associations between omic layers. Each research
question is discussed in the corresponding section of the Review and illustrated
inFigs.3-6.
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Fig. 3| Multi-omicintegration approaches to determine how different
molecular layersinteract. Researchers could explore whether different omic
profiles are globally associated (bottom left), identify specific features from the
various omics that are significantly associated with one another (bottom middle)

or use one omic to predict profiles of another omic (bottom right). Each box lists
key methods that can be used to address the specific question, with the method
illustrated in that box marked as ‘depicted".

The aforementioned methods simplify the analysis by focusing
on pairwise distances between samples, which also helps in avoiding
biases towards larger omics datasets. However, they ignore information
about the original features, limiting the interpretability of obtained

results. An alternative approach assumes that high-dimensional data
arise from a lower-dimensional space of latent variables. Latent vari-
ables may thus represent certain underlying biological processes that
cannot be measured directly but that simultaneously affect multiple
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measured features across several omic layers. By inferring such latent
variables and their relationship across omics, one can identify global
associations between omicsin the lower-dimensional space or use this
simpler space for dimensionality reduction. Methods implementing
thisapproach are collectively referred to as latent variable models, with
matrix factorization (MF; the idea of approximating anumeric matrix
intoaproduct of lower-dimension matrices) being the most commonly
used. Popular MF methods include partial least squares (PLS)*’, canoni-
cal correlation analysis (CCA)®, co-inertia analysis (CIA)®, joint and
individual variation explained (JIVE)"°, and multi-omics factor analysis+
(MOFA+)", each assuming a slightly different underlying model or a
different objective function

PLS takes two feature tables as input, one considered to contain
‘predictor variables” and the other to contain ‘response variables’,
and seeks to identify latent variables (that is, linear transformations
of each feature table separately) that capture the maximal shared
covariance®. The sparse version of PLS, sPLS, is especially suited for
high-dimensional data. It was applied, for example, to data from a
study of paediatric allogeneic haematopoietic stem cell transplanta-
tion, where operational taxonomic unitabundances were modelled as
predictors and clinical variables such asimmune markers and immune
cell counts as responses’>. Hierarchical clustering of the sPLS results
revealed three clusters, including one defined by rapid natural killer
andB cell recovery, high Ruminococcaceae abundance, and an associa-
tionwithmild or no graft-versus-host disease and low mortality. CCAis
asimilar method butidentifies linear combinations of variables in each
dataset that maximize their correlation, treating them symmetrically
and therefore notassuming a directional relationship®®. It was used to
explore interactions between the gut microbiome and the host tran-
scriptomeininfants, uncovering asignificant multivariate relationship
involving 11 immunity- and defence-related host genes and specific
microbiome virulence characteristics’. CIA is another method that
generalizes CCA and PLS by maximizing amore general measure known
as‘co-inertia’ thataims to quantify the degree of co-variability between
the latent variables of the two (or more in the generalized version)
omics®. CIA was used to show remarkable similarity between family
members over six different omic profiles, demonstrating conserva-
tion of family-specific traits across various omics’. Sparse versions of
these methods can provide not only a measure of global associations
between omics but alsoinformation about the most important features
contributing to this association. Sparse CCA, for example, uncovered
an association between increased Ruminococcus and decreased Veil-
lonellato higher sphingomyelin and lower lithocholic acid within gut
microbiome-metabolome associations of infants predisposed to type
1diabetes (T1D)”. PLS, CCA or CIAmodels are prone to overfitting and
biases when applied to small sample sizes’®”’, therefore, validating
these models on a set of test data to ensure stability, reliability and
generalizability is highly recommended. More recent methods, such
asJIVE and MOFA+ have further relaxed assumptions of linearity and
donotrely on predefined directional relationships™. JIVE decomposes
variance in each omic into common (‘joint’) and omic-specific (‘indi-
vidual’) variation, providing an estimation of variation thatis explained
by these joint components, individual components and residuals’.
MOFA+similarly extracts low-dimensional representations from mul-
tiple omic profiles to capture both shared and unique omic variation”..
It was used to explore opportunities for personalized healthcare based
on continuous digital health data, genomics, proteomics, autoantibod-
ies, metabolomics and gut microbiome profiles”. We refer readers to
a detailed review on multitable microbiome integration with a focus
on matrix factorization®.

Global associations between omics can also be assessed on the
basis of omic-specific aggregate variables allowing researchers to use
markedly simpler statistical methods such as regression models. For
example, researchers often use a-diversity measures to summarize the
overall diversity of the microbiome within each sample with a single

variable. A study that analysed the blood metabolome and gut micro-
biome profiles of 399 individuals from a wellness programme cohort
has demonstrated that 40 plasma metabolites, including metabolites
of microbial origin, explain approximately 45% of the variance in the
gut microbiome’s a-diversity*°.

Identifying associations between specific omic features
Characterizing global relationships between omic layers may indicate
overall coordinationbetween processes, but cannot generally pinpoint
specific mechanisms or components involved in such coordination.
Researchers thus often opt toidentify associations between ‘specific’
features across omics, thereby generating new hypotheses about poten-
tial biological interactions or mechanisms (Fig. 3, bottom middle).

A common first step is a simple pairwise correlation analysis
(sometimes referred to as ‘marginal correlation analysis’), wherelinear,
monotonic or ordinal relationships between features are calculated
using simple statistical tests, such as Pearson, Spearman or Kendall rank
correlation, respectively. The correlations can be visualized using heat
maps or networks that can be clustered to highlight patterns or groups
of related features across the dataset. For example, a recent study on
site-specific differences between right-sided (RCC) and left-sided
(LCC) colon cancer used Spearman correlation to integrate genetic
regulation, microbiome profiles and faecal metabolites, highlighting
distinct profiles (each linked to different taxa and metabolites) for
RCC and LCC*. Another recent study used this approach to explore
diet patterns (omnivore, vegetarian, vegan) and gut microbiome
composition associations in 21,561 individuals. Multiple significant
correlations emerged, including an association between red meat
consumption in omnivores and an enrichment of microbes such as
Ruminococcus torques, Bilophila wadsworthia and Alistipes putredinis,
known to be negatively associated with cardio-metabolic health®.
Conversely, microbes enriched in vegans, which were also observed
in omnivores with higher plant-based food intake, correlated posi-
tively with improved cardio-metabolic markers. Cross-omic pairwise
correlations can also be represented as correlation networks, where
nodes correspond to features and edges correspond to significant
correlations above some user-defined threshold™. As an example,
correlation networks thatintegrated host genetic traits, clinical tests,
metabolomes, proteomes, microbiomes and indicators of physical
activity’revealed clusters of analytes associated with host physiology
and healthindicators, enabling the identification of known and novel
health biomarkers.

While these approaches employ ‘hard thresholding’, that s, bina-
rizing pairwise associations as either existing (significant) or not,
‘soft thresholding’ can also be considered, where associations are
weighted by their strength and represented as an edge-weighted net-
work. Methods such as the weighted gene co-expression network
analysis (WGCNA) apply this approach to identify modules (clusters) of
highly connected nodes within the correlationgraph®. It was employed
to explore how the gut microbiome affects COVID-19 outcomes by
identifying modules associated with disease severity within a net-
work constructed from cytokines, metabolites and microbiome fea-
tures®, WGCNA can also be employed to identify modules within each
omicbefore omic integration, followed by an analysis of associations
between the modules across omics. A recent study used WGCNA to
analyse the Cancer Genome Atlas (TCGA) tumour microbialand mRNA
data, identifying 182 microbiome and 570 mRNA modules®. Corre-
lation analysis between the microbial and mRNA modules revealed
key microbiome members linked to tumour immune modulation
and prognosis.

The extreme high dimensionality and collinearity of multi-omic
datasets often make it challenging to interpret correlation networks.
Hierarchical all-against-all association testing (HAIIA) offers an alter-
native to traditional correlation network analyses by using a hierar-
chical hypothesis-testing framework and false discovery rate (FDR)
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correction®. HAIIA clusters datasets hierarchically (thus handling
collinearity) and then tests associations between clusters to identify
bothlinear and nonlinear relationships across continuous and categori-
caldata.Inastudy of the gut microbiome and metabolome ininfants,
HAIIA validated previous findings regarding microbiome-metabolite
associations and uncovered associations between Prevotella and ino-
sine (a purine-derived metabolite), as well as between several bile acids
and specific microbial genera®.

Prediction of features in one omic based on another omic
Determining whether features in one omic dataset can successfully
predict featuresinanother could allow researchers toimpute missing
omicdata. This objective is often addressed by various machine learn-
ing (ML) methods (Fig. 3, bottom right). As an example, MelonnPan,
employs elastic net models to predict metabolite levels from taxonomic
or functional microbial profiles®. Applying MelonnPan to two datasets
including over 200 individuals with Crohn’s disease, ulcerative colitis
(UC) and healthy controls, the authors demonstrated that their models
resulted in significant correlations between predicted and observed
faecal metabolic levels for over 50% of the identified metabolites®. In
another study, ameta-analysis of 10 human gut microbiome-metabo-
lome datasets with a total of 1,733 samples from healthy participants,
ML random forest modelsidentified 97 metabolites that were ‘robustly
well predicted’, thatis, consistently well predicted across multiple data-
sets, spanning both well-characterized and novel microbial pathways®’.
As an alternative to evaluating how well features from one omic
can be predicted by another omic, researchers can also estimate how
much of the variance in these features can be explained by other
omics. Forexample, astudy investigating the efficacy of the IBD drug
5-aminosalicylicacid (5-ASA) used linear models with variance decom-
positiontoshow that the variance in 5-ASA-modulated metabolites was
primarily explained by drug levels (-29%), followed by microbiome
features (-19%), and other host factors such as diet and disease type®®.

Methods for linking omics to phenotypes

Methods for quantifying the relationships between various omic pro-
files and clinical phenotypes (for example, disease state or severity)
aimto determine which profiles are most informative and how they can
beintegrated toimprove disease prediction and biomarker discovery.
They range from methods mapping broad associations and understand-
ing overall predictive power (and ultimately diagnostic potential) to
more refined analyses aimed at identifying specific multi-omic bio-
markers and potential mechanistic interactions (Fig. 4).

Comparing different omics’ associations with disease
Associations between each omic and a phenotype of interest can be
assessed using methods previously described for measuring global
associations between omics (Fig. 4, bottom left). For example, Mantel
tests demonstrated a significant association between gut microbiome
profiles and 11 clinical indices in a cohort of patients with Graves’ dis-
ease®. Other studies have used other statistical tests, such as permu-
tational multivariate analysis of variance (PERMANOVA), to estimate
which omic profile associates most strongly with a phenotype. The
iHMP study used PERMANOVA to demonstrate that IBD status was
significantly associated with faecal metabolomic profiles and colon
biopsy RNA-seq profiles, but not with faecal microbiome profiles, prob-
ably duetothelarge variation between patientsin disease severity and
microbiome stability".

Another approach for comparing global microbiome-phenotype
associationsis to trainmachine learning models to predict the pheno-
type usingeach omic separately and then compare model performance.
Inastudy of non-alcoholic fatty liver disease (NAFLD), random forest
models were trained to predictcirrhosisin a case-control cohort, using
either gut microbiome species abundances or faecal metabolite levels
asfeatures”. Interestingly, bothmodels achieved a similar area under

the receiver operating characteristic curve (AUC), indicating that the
disease signature of both omic profiles is similarly significant and
that both omics could potentially be used for non-invasive diagnosis.

Improving disease prediction using multiple omics

Clearly, in some cases, a combination of omics can predict the phe-
notype of interest better than a single one. This can be assessed using
integrative multi-omic ML models trained using several different inte-
grationapproaches, oftenreferred to as ‘early’, ‘late’ and ‘intermediate’
integration*”. In early integration, the most commonly used approach,
different omics are first concatenated, forming a single (‘wide’) table
of features per sample, and then ML pipelines are applied (hence this
approachis also referred to as ‘concatenation based’; Fig. 4, bottom
middle). A model based on integrated microbiome (16S) and host
(RNA-seq) omics, for example, significantly outperformed single-omic
modelsin predicting future relapse in patients with IBD’. Another inte-
grated microbiome-metabolome ML classifier (gradient boosting
decisiontrees) of myalgic encephalomyelitis/chronic fatigue syndrome
was shown tosignificantly outperform classificationmodelsbased ona
single profile across multiple ML algorithms*. Notably, in several other
studies, multi-omic early integration models did not result in signifi-
cantly improved disease prediction when compared to single omics,
either due to high degrees of information shared between different
omics, or due to one omic being particularly predictive of disease and
masking the predictive ability of all others® %, Moreover, while early
integration models are straightforward toimplement, the extreme high
dimensionality and heterogeneity of the concatenated table require
careful feature selection and modelling choices. ML models trained on
the concatenated omics are often biased towards omics with higher
numbers of features, often necessitating balancing feature numbers
via omic-specific feature selection.

Late integration, also known as ‘stacked generalization’, involves
training ML models for each omic datasetindependently, and then gen-
eratingan ensemble model designed to provide final predictions”. One
study, for example, recommended combining microbiome risk scores
with other omic-based risk scores by training a final logistic regression
model on the different omic-specific risk predictions®. This combined
risk-score approach led tosignificantly improved mortality prediction
inacohort of hospitalized patients with COVID-19. In another study, a
stacked generalization model outperformed any single-omic model
in predicting gestational age in a longitudinal cohort of 17 pregnant
women®. Notably, recent methods such as cooperative learning attempt
tobridge early and late integration by encouraging agreement between
predictions derived from different omics within a single model®.

Intermediate integration refers to various methods that first
transform omics into a latent space, highlighting shared and distinct
variation axes across omics (possibly incorporating disease labels
in the process), and then use the latent variables to predict disease
state. While intermediate integration methods can potentially be
used for their classification ability, they are more often used for the
identification of disease-related latent variables and are therefore
discussed below.

Identifying multi-omic disease biomarkers

Moving from global to more specific associations, researchers may
aim to identify specific subsets of features from all omics that shift
or constitute asignature of disease. A straightforward step isto apply
univariate statistical tests to each feature in each omic, identifying all
features significantly associated with the phenotype (after correct-
ing for multiple hypothesis testing). Univariate tests are commonly
used, including tests that are specifically tailored to the characteristics
of each omic; for example, DESeq2°’, MAST'*° or ALDEx2'"* for tran-
scriptomic data, or MaAsLin2'%?, metagenomeSeq'”* or ANCOM'* for
metagenomic data. Many of these tests allow to control for confounding
variables, a crucial consideration in microbiome studies'*'%, While
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Fig. 4 | Multi-omicintegration approaches to determine how different
molecular layers shift in disease. Researchers could explore which omic profile
presents the strongest association with a certain host disease state or phenotype
(bottom left), assess whether combining omic profiles can resultinimproved
predictive modelling of disease (bottom middle) or identify sets of features from

different omics that can collectively serve as a biomarker for disease (bottom
right). Each box lists key methods that can be used to address the specific
question, with the method illustrated in that box marked as ‘depicted”.

sCCA, sparse canonical correlation analysis.

this approach can provide acomprehensive list of potential markers,
it does not consider the relationships between the different features
and the different omics.

Apossibleapproachtoaddress this caveatis to combine the result-
inglist of disease-associated features, asidentified above, with the pre-
viously described concept of correlation networks, asimplemented in
transkingdom network analysis (TKNA)'?”. TKNA involves identifying
disease-associated multi-omic features, calculating pairwise correlations
between these features (within each study group), filtering out correla-
tions that are not likely to reflect causal relationships (using ‘correla-
tioninequalities’), and then analysing the topology of the constructed
networks to identify clusters or key regulatory nodes with a potential
causal role in disease. Conveniently, TKNA supports a variety of study
designsincludingameta-analysis setup and has been previously applied
to several studies of host-microbiome interactions in disease'** .

An alternative approach is to train multi-omic ML models using
all omics concatenated together, but to further compute feature
importance scores and identify the top contributing features serving
as potential biomarkers. For example, a feature importance analy-
sis identified a combination of different SNPs, including one in the
pro-inflammatory gene IL23R, together with several Bacteroides spe-
cies, as the most informative predictors of future relapse in patients
with UC’. This interpretation, however, requires caution as (1) feature
importance estimations are only meaningful for well-performing
models; (2) feature selection methods, when employed, may remove

features that are redundant to the model, yet biologically important;
and (3) different ML models and different feature importance metrics
may behave differently in the presence of correlated (that is, redun-
dant) features, either randomly assigning one feature asimportant and
the other as non-important (introducing instability to feature scores),
orreducingtheimportancescores of all correlated features. See recent
publications™"for more detail.

Theintermediate integration approach described above is another
approach for finding multi-omic disease signatures**">"*, Such meth-
odstypically search for alatent representation of the samples, based on
all omics, that best explains the variation in the data, and specifically,
the variation associated with a phenotype of interest (Fig. 4, bottom
right). The previously described MOFA+ could be used to identify
molecular variation that differentiates between study groups and was
applied to lower airway microbiome and host transcriptome profiles
from a cohort of preschool children™. It identified alatent factor, map-
ping atrajectory from health through recurrent wheeze to established
asthma, driven primarily by anincrease in Haemophilus and Neisseria
gene abundances alongside a transcriptomic signature of increased
IL13 and eosinophilia.

Data integration analysis for biomarker discovery using latent
components (DIABLO)"¢ is another multi-omic intermediate integra-
tion method. It expands sparse generalized canonical correlation
analysis (sgCCA) toaclassification framework by searching for corre-
lated information among multiple omics that also correlates with the
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Fig. 5| Multi-omicintegration approaches for determining how patients are
stratified on the basis of their different molecular profiles. When addressing
this research question, researchers could specifically explore whether the data
canbe used to cluster patients into groups with similar molecular profiles.

The bottom box lists key methods that can be used to address this question, with
the method illustrated marked as ‘depicted’. MOGONET, Multi-Omics Graph
Convolutional Networks.

phenotype of interest. DIABLO was used to find multi-omic signatures
of braindamage in preterminfants using gut metagenomics, metabo-
lomics, clinical, immunological and neurophysiological data'’. Ana-
lysing the main DIABLO component, involving Klebsiella (increased),
short-chain fatty acids (decreased) and levels of certain T cells, the
authors hypothesized that Klebsiella species overgrowth may exacer-
batebraininjury by triggering changes inimmunological development.
Inspired by DIABLO, we recently developed multi-omicintegration
tool for microbiome analysis (MintTea), which uses a repeated data
subsampling approach toidentify small multi-omic disease-associated
modules thatarealsorobust to data perturbations, noise and outliers"®,
These modules represent sets of features from different omics that
are both significantly correlated with one another and collectively
associated with the disease. Applied to gut microbiome and metabo-
lome data from a cohort of patients with late-stage colorectal cancer,
MintTeaidentified amodule consisting of three bacterial species and
four faecal metabolites that could classify diseased state.
Whenresearchers hypothesize that the association between omic
features and a phenotype is mediated by features of another omic™,
mediation analysis can help decompose total effects (for example, asso-
ciations) into directand indirect (mediated) components. In microbi-
ome studies, mediation analysis was used to estimate the indirect effect
of diet on host health through modulation of certain gut bacteria**'%,
the effect of diet on stool or serum metabolites mediated by the gut
microbiome'®” or the indirect effect of compositional changes of the
gut microbiome on host health via gut metabolites'>'?*'?*, A notable
exampleis that of Yan et al."*, which used stepwise mediation analysis
toimplicate the airway microbiomein chronic obstructive pulmonary
disease through effects on the airway metabolome and host gene
expression, with key findings subsequently validated inamouse model.

Methods for clustering multi-omic samples
Identification of subgroups (or ‘clusters’) of patients that share
similar multi-omic profiles (Fig. 5) could provide insights into
distinct disease manifestations with potentially different underly-
ing mechanisms. In microbiome research, samples are occasion-
ally grouped on the basis of their taxonomic profiles, leveraging
established clustering techniques such as hierarchical clustering or
K-means'>>'*, or alternatively more innovative approaches tailored
to the specific characteristics of microbiome data'*’, Clustering
multi-omic data, however, is more challenging as the different data
characteristics of each omic must be accounted for. Researchers can
use either adaptations of traditional clustering methods, or newer
methods specifically designed for multi-omic datasets. Such algo-
rithms can be classified into several primary strategies including
similarity network fusion™’, latent variable models™' and spectral
clustering®?, with some additional methods specifically tailored for
microbiome-related data®> ™,

Similarity network fusion (SNF) is a technique that creates a
sample-similarity network based on each omic profileindependently,
and uses an iterative process to combine the different networks into
one final ‘consensus’ network that can then be partitioned into clus-
ters™°, As one example, Raita et al."”” applied SNF to multi-omic data
frominfants withrespiratory syncytial virus bronchiolitis, integrating
clinical data as well as nasopharyngeal microbiome, transcriptome and
metabolome data. Four distinct subgroups of infants with respiratory
syncytial virus bronchiolitis were identified on the basis of clinical
presentation, major bacterial species and immune response.

Spectral clustering transforms similarity graphs into simpler
formsbased on the eigenvalues and eigenvectors of the graph™®, facili-
tating the detection of natural clusters in complex and irregular data
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to RNAto protein sequences, when interpreting links between metagenomes,
metatranscriptomes and metaproteomes (bottom right). Each box lists key
methods that canbe used to address the specific question, with the method
illustrated in that box marked as ‘depicted’. EC, Enzyme Commission (enzyme
identifier); ORA, over-representation analysis; GSEA, gene-set enrichment
analysis; MIntO, microbiome integrated meta-omics.

and forming the basis for many multiview clustering algorithms' 4.,

One such method is Spectrum', which integrates multiple omics by
emphasizing local sample similarities and reducing theimpact of noisy
or uneven data. It was used to analyse methylation, transcriptomic
and microbiome data from head and neck squamous cell carcinoma
tumours, identifying biologically relevant clusters that improved
understanding of tumour heterogeneity'*.

iClusterisanother popular method based onajointlatent variable
model that captures both shared and unique omic variation, followed
by K-means for identifying clusters™'. Unlike spectral clustering, which
focuses onanalysing similarity between samples (based onasingle or
multiple omics), iCluster, as well as its notable extensions iCluster+'*
and iClusterBayes'*, explicitly integrate the different omics into a
shared space before clustering. iCluster+ was applied to The Cancer
Genome Atlas Breast Invasive Carcinoma and clustered patients into
groups with different survival conditions based on intratumour micro-
bial abundance and metabolic pathway activity'*.

Recently, several methods have been developed specifically for
microbiome data, including integrative stochastic variational variable
selection (I-SVVS)™*, merged affinity network association clustering
(MANACclust)"*, methods based on symmetric non-negative matrix
factorization (SNMF)"*"** and non-negative matrix factorization with
graph regularized optimal transport (NMFGOT)"¢. A comprehen-
sive review focusing on clustering methods for multi-omic data more

broadly is available'.

Methods that utilize prior biological knowledge
for multi-omicintegration

Methods describedso fararelargely ‘data-driven’and completelyignore
large resources of existing biological knowledge such as KEGG**'*?,
BioCyc"*"', UniProt"?, HMDB"’, eggNOG"* and others"™> ™, in which
massive amounts of biological data have been carefully catalogued and
curated by experts into relational databases. Each database typically
includes millions of biological entities, many of which are annotated
and mechanistically linked to other entities. This continuously growing
treasure trove of biological knowledge™® warrants the development of
methods that canincorporate such knowledge into multi-omic analy-
sis to generate easily interpretable and more biologically grounded
hypotheses (Fig. 6).

Integrating omics using metabolic networks

Several knowledge-based multi-omic integration methods rely on
well-characterized biochemical links between genes, enzymes, meta-
bolicreactions and metabolites, which can be combined to construct
large-scale networks of microbial metabolism™ 5516159 (Fig_ 6, bot-
tom left). Methodsintegrating microbiome and metabolome data using
these networks can be used to determine which metabolites are con-
trolled by, or originate from, the microbial community. Model-based
integration of metabolite observations and species abundances
(MIMOSA), for example, computes the potential of a given micro-
bial community to produce or consume each observed metabolite,
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based on metagenomic data and metabolic modelling, and examines
whether this inferred potential correlates with the observed levels of
each metabolite*'*°, Annotation of metabolite origins via networks
(AMON) receives alist of observed metabolites and uses genomicand
metabolic reference information to predict whether the likely origin
of each metabolite is the host or microbial enzymes'®. An R package
named ‘Anansi’ offers a convenient method for capturing correlations
between features from different omics, while constraining the analysis
only to pairs of features that are known to be mechanistically linked
(based on biological databases)'*’.

Integrating omics using biologically meaningful groupings
Biologically meaningful groupings of molecular features, such as
metabolic pathways defined in KEGG Pathways'®*, MetaCyc'** or
WikiPathways'®, can be used to identify pathways perturbed in a
certain disease across multiple omic layers (Fig. 6, bottom middle).
For example, pathway-based integration of gene expression and
metabolite data has been applied to study host-microbiome inter-
actionsin healthy and prediabetic participants'®®. By integrating host
transcripts, proteins, metabolites and cytokines, the authors first
identified pathways altered during respiratory viral infection, and
thenthe gut and nasal bacterial genera associated with each pathway.
Importantly, in pathway-level analyses, different decisions about the
reference database, the background feature set (thatis, the ‘universe’
of features considered in the analysis), the P-value cut-offs and the
weight given to features of different omics may all have a substantial
effect onthe pathways identified asimportant, necessitating careful
sensitivity analysis'® ",

Evenwithineachindividual omicprofile, previous knowledge can
be used to group features into biologically meaningful categories,
helping to reduce data dimensionality and enhance both multi-omic
integrationand interpretability of results. Metabolites can be grouped
into chemical classes, such as those listed in the Human Metabolome
Database®™’; genes and proteins can be grouped by Gene Ontology
terms'° or protein families as listed in UniProtKB"?; and microbial
species abundances can be aggregated into higher taxonomiclevels. In
one proposed protocol for integrating metagenomic and metabolomic
data, genes are grouped into KEGG functional modules as a previ-
ous step before testing module-metabolite associations'". Similarly,
microbes and metabolites to host analysis engine (MMETHANE)"? uses
afeedforward neural network tolearnsimple, easily interpretable rules
for predicting disease state from paired microbiome-metabolome
profiles, incorporating phylogenetic distances between microbial
features and structure-based chemical similarities between metabolite
featuresto ensure that the modellearns only from biologically mean-
ingful feature groupings.

Integrating omics based on sequence similarity
Sequence-centric integration methods represent another class of
knowledge-based techniques' that are specifically relevant for the
integration of metagenomics, metatranscriptomics and metaproteom-
ics. Oneapproachaligns metagenomic and metatranscriptomic reads
to the same microbial gene catalogue, generating genomic and tran-
scriptional profiles spanning the same set of genes (and taxa)®'°. These
paired profiles enable improved normalization of metatranscriptomic
abundances by accounting for source species abundance or gene copy
number (Fig. 6, bottom right). This helps distinguish transcripts that
arerareduetolowgeneabundance from those that are genuinely lowly
expressed’’. Suchanalyses have revealed that several oral species that
survive transit to the gut show limited transcriptional activity there”,
or were used to define a ‘core’ versus ‘variable’ metatranscriptome in
healthy adults®.

Integrating metagenomics and metaproteomics, often referred to
as ‘metaproteogenomics’, can contribute to more comprehensive and
reliable characterization of microbiome-associated proteomes'™>71%,

In this approach, metagenomic data from the same samples are used
to construct sample- or cohort-specific reference protein databases
against which peptide spectraare matched. Such strategies have been
implemented in several human microbiome studies'"*"”°, For exam-
ple, this approachrevealed that Bacteroides vulgatus produced exces-
sive proteases in the gut of patients with UC, and that these microbial

proteins were highly predictive of disease severity'®.

Conclusion

The rapid expansion of multi-omic integration methods can be over-
whelming for microbiome researchers, making it challenging to
determine whichmethod isbest suited for addressing agivenresearch
objective. This Review aims to address this challenge, guide microbi-
omeresearchersinselecting the most appropriate method for their spe-
cific scientific question and empower them to harness state-of-the-art
integration tools more confidently.

Despite the promise of multi-omic integration methods, sev-
eral challenges still hinder widespread application in microbiome
research. First, the field lacks standardized benchmarking protocols
for systematic method comparisons. Multi-omic benchmarking is
complicated by data heterogeneity, the absence of ground-truth
datasets and the difficulties in defining evaluation criteria. Second,
the generalizability of multi-omic findings across datasets is often
difficult to assess due to differences in sample processing, profil-
ing technologies, population characteristics and study design, ulti-
mately limiting reproducibility. These factors are known to impact
single-omic analyses but are further amplified in multi-omic settings.
Third, many integration methods produce complex outputs thatare
difficult tointerpret. Incorporating prior knowledge, as discussed in
this Review, can help contextualize findings and improve interpret-
ability. Finally, many integration methods cannot easily be expanded
to support more complex study designs, including specifically lon-
gitudinal datasets or studies with multiple confounding factors that
need to be accounted for.

New methodological directions continue to emerge, aiming
to address some of the above challenges. For example, frameworks
such as timeOmics'™, pipeline for the analysis of longitudinal
multi-omics (PALM)'®? and a method for the functional integration
of spatial and temporal omics data (MEFISTO)'** have been intro-
duced to specifically integrate longitudinal multi-omic data and
capture system-level temporal dynamics (see ref. 184). Artificial
intelligence and deep learning approaches are also starting to play
animportant role in multi-omic integration owing to their ability to
model high-dimensional and nonlinear relationships, and possibly
extract meaningful patterns from raw and unstructured omic data
(Supplementary Note 1).

As the field advances, increased attention should be given to the
validation of integration results, their robustness to small perturba-
tions, noise or parameter choices, and their reproducibility across
different datasets, cohorts and study designs.
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