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Abstract

Microbial metabolites can be viewed as the cytokines of the microbiome,

transmitting information about the microbial and metabolic environment of

the gut to orchestrate and modulate local and systemic immune responses.

Still, many immunology studies focus solely on the taxonomy and community

structure of the gut microbiota rather than its functions. Early

sequencing-based microbiota profiling approaches relied on PCR amplification

of small regions of bacterial and fungal genomes to facilitate identification of

the microbes present. However, recent microbiome analysis methods,

particularly shotgun metagenomic sequencing, now enable culture-independent

profiling of microbiome functions and metabolites in addition to taxonomic

characterization. In this review, we showcase recent advances in functional

metagenomics methods and applications and discuss the current limitations

and potential avenues for future development. Importantly, we highlight a few

examples of key areas of opportunity in immunology research where

integrating functional metagenomic analyses of the microbiome can

substantially enhance a mechanistic understanding of microbiome–immune

interactions and their contributions to health and disease states.

INTRODUCTION

The human gastrointestinal tract houses a vast

community of resident microbes, collectively known as

the microbiota, that supports host metabolism, immune

development and infection resistance.1 Gut microbiota

are composed of several kingdoms of microorganisms,

including bacteria, archaea, fungi and viruses, with

bacteria being the most abundant and harboring over

99% of the microbial genes in the human gut.2,3 Along

with their genes and metabolites, these microbes form the

gut microbiome, a dynamic ecosystem that changes

spatially (in different regions of the gut), temporally

(within the diurnal cycle and over the host lifetime) and

in response to environmental factors such as diet

and antibiotic treatment.4,5 The microbiome extensively

contributes to host metabolism and nutrient absorption

by converting and fermenting dietary substrates that are

not directly usable by the host and producing essential

vitamins and metabolites that the host can absorb and

utilize.6 Resident gut microbes also contribute to

colonization resistance against enteric pathogens both by

occupying similar microbial niches and by triggering

microbe–microbe and host–microbe defenses.7

The high degree of host-specificity of gut microbiomes

suggests an intricate co-evolution with the host, based on

a number of distinguishing factors affecting the gut

microenvironment and consequent microbial community

assembly.8 These factors likely include, but are not

limited to, diet, mucus production and glycosylation,

host-restricted pathogenic threats and host epithelial and

immune antimicrobial pressures. Pioneering studies in

humans and 59 other species of mammals revealed that

the interplay between diet and host phylogeny largely

dictates the bacterial diversity of the microbiota,9 and

several detailed studies have gone on to characterize such

associations.10,11 For example, Desai et al. showed that a

low-fiber diet leads to a depletion of fiber-fermenting
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bacteria and an expansion of mucus-degrading bacteria in

mice that results in increased susceptibility to pathogenic

infection with Citrobacter rodentium,12 demonstrating

how host differences in dietary fiber abundance and

mucus can select for different microbial populations. The

restoration of a “healthy” microbiome through fecal

microbiota transplant (FMT) has been trialed with

varying success to treat recurrent infection, inflammatory

bowel disease and graft-versus-host disease,13 and its

efficacy in the resolution of Clostridioides difficile

infection has been shown to depend on host adaptive

immune cells.14

The host, in turn, has likely evolved both to facilitate

occupation by beneficial microbes and to respond to cues

from the resident microbial community regarding the

metabolic and ecological status of the gut. As home to

the largest population of lymphocytes in the human

body,15 the intestinal cellular environment, including

intestinal epithelial cells, is perfectly poised to receive and

transmit information from the microbiota. The gut

therefore constitutes a major communication hub

between the microbiota and the immune system, with

nearly endless possible combinations of direct and

indirect interactions. Truly understanding the impacts of

the gut microbiome on host immunity therefore requires

functionally characterizing these interactions from both

microbe and immune cell perspectives. Early studies

relied on the isolation and culture of gut bacteria and the

phenotyping of immune cell responses, largely in

vitro,16,17 limiting analyses to targeted immune read-outs

with the few commensal bacteria species that were

culturable. With the advent of improved and

higher-throughput techniques for anaerobic bacteria

culture, more recent studies have been able to conduct

larger in vivo screens, monocolonizing germ-free mice

with commensal bacteria to assess the effects on specific

immune cell subsets such as colonic regulatory T cells.18

As multi-omic approaches such as single-cell RNA

sequencing (scRNA-seq) and proteomics continue to

improve our appreciation of immune cell plasticity and

heterogeneity, full utilization of the wealth of microbial

information encoded in metagenomes serves as an

important next step in uncovering the mechanisms of

microbiome contributions to immune function.

ADVANCES IN CULTURE-INDEPENDENT
MICROBIOME ANALYSES

The advent of high-throughput DNA sequencing has

revolutionized the ability to characterize the composition

of the human microbiome and improved our

understanding of its relationship with human health.

Historically, the first major studies analyzing the human

microbiome through DNA-based methods relied on a

technology pioneered by Carl Woese, known as 16S

(ribosomal RNA) rRNA genotyping.19 The 16S rRNA

gene encodes the RNA component of the small subunit

of a prokaryotic ribosome. As it is a highly conserved

gene present in all bacteria and archaea species, it was

originally utilized to obtain the first insights into the

stability and variability of the human microbiome in

large population cohorts such as the Human Microbiome

Project.20 Since then, it has been commonly used to link

the taxonomic composition of a microbiome sample to

health and disease states and to profile microbiomes

across various habitats and geographical locations.21–24

However, 16S rRNA genotyping can only reliably classify

samples up to a genus-level resolution,25 and does not

provide meaningful functional insights, which limits any

biological interpretation. In addition, disentangling

correlation from causation is a major challenge in the

field, as many microbiome taxonomic associations may

simply reflect a shared microbial response to a change in

the host state rather than a causative role.26

Further developments in sequencing and computational

analyses have led to an increasing adoption of

whole-genome shotgun metagenomics.27 Using this

technique, the genetic repertoire of a microbiome sample

is sequenced without targeted amplification. Therefore,

metagenomics not only provides a greater resolution to

characterize the microbiome diversity at the species and

subspecies levels, but also offers additional insights into

the functional capacity of the microbiota community.28

One major advantage of metagenomics over 16S rRNA

genotyping is the ability to reconstruct new genes and

genomes missing from reference databases, which has led

to the rise of what is known as genome-resolved

metagenomics (Figure 1). In essence, genome-resolved

metagenomics involves assembling and binning DNA

fragments into metagenome-assembled genomes (MAGs).

The process of genome binning consists of grouping

individual DNA fragments (contigs) based on features

such as sequence composition (e.g. tetranucleotide

frequencies) and sequencing depths estimated within a

single sample or across multiple metagenomic samples.

Pioneering work from Tyson et al. in 200429 was among

the first to successfully recover near-complete microbial

genomes from metagenomic data.

Within the past decade, genome-resolved

metagenomics has since been applied to generate new

catalogs of MAGs from various habitats,30 including cow

rumen,31 pig32 and mouse.33 With regards to the human

gut microbiome, three major studies34–36 used

genome-resolved metagenomics to reconstruct tens of

thousands of MAGs revealing the existence of over 3000

uncultured species.37 Although the quality of MAGs is

2

Functional metagenomics and host immunity P Sardar et al.



inherently lower than that of pure isolate genomes, they

enable characterization of the sequence diversity of

unknown bacterial species that currently lack any

cultured representatives. In addition, a wider

implementation of long-read metagenomic sequencing

(e.g. Oxford Nanopore) will help to improve the quality

of generated MAGs, with some studies even reporting the

successful assembly of complete, closed bacterial genomes

from metagenomic data.38 Although long-read sequencing

still has generally lower per-read accuracy than short-read

sequencing, combining both technologies can lead to the

highest quality reference genomes. Ultimately, the ability

to create custom, habitat-specific reference databases can

substantially improve the coverage and accuracy of

metagenomic analyses. Therefore, having access to the

genomes of these uncharacterized species opens new

opportunities to understand the biology of the human

microbiome through more focused approaches such as

functional metagenomics.

BIOINFORMATICS TOOLS AND
APPROACHES FOR FUNCTIONAL
METAGENOMICS

Functional characterization of metagenomes can be

performed through either reference-based mapping

methods or annotation of de novo assembled genes

(Figure 2), with each approach presenting its

own advantages and limitations. Mapping-based

techniques (e.g. HUMAnN3)39 are more computationally

efficient and enable the detection, as well as quantification,

of low-abundance, rare genes. However, analyses of de

novo assembled genomes (e.g. MAGs) generally provide

greater accuracy in gene annotation, as these approaches

are able to capture full-length genes and to analyze new

genes and functions missing from reference databases.

Annotation of metagenome assemblies is achieved through

a combination of gene and functional predictions. The

gene-finding algorithm created by Hyatt et al. in 2010

(known as Prodigal40) remains the most popular approach

for extracting protein-coding sequences in prokaryotic

genomes. This method utilizes a combination of Hidden

Markov Models (HMMs) and dynamic programming to

identify protein-coding genes through three main steps:

(1) training an HMM on known protein-coding

sequences, (2) scanning the input DNA sequences to

identify potential coding regions using the trained model,

and (3) refining the predictions based on features such as

start and stop codons, and coding potential scores. More

recently, new tools, such as Bakta,41 have also been

developed to improve the standardization of gene

annotations and the recovery of small (< 50 amino acids)

protein-coding sequences.

Once a set of genes is identified, a wide range of

methods and databases are available to functionally

annotate the predicted genes. Alignment-based methods

(e.g. BLAST42 or HMMER43), can be used to match

individual sequences to large databases such as eggNOG,44
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Figure 1. Overview of a typical genome-resolved metagenomics workflow. Generating metagenome-assembled genomes (MAGs) begins with

the assembly of short sequence fragments (reads) into longer contiguous sequences (contigs). Thereafter, genome binning is performed by

grouping contigs with similar tetranucleotide frequencies and sequencing depths. Protein-coding sequences can be extracted from MAGs, which

offer additional information on the genomic context and taxonomic affiliation of the predicted genes. Diverse sequence databases are available to

annotate the extracted sequences, while additional approaches such as protein structure prediction and remote homology analyses can be used

to further investigate the unknown diversity.
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InterPro,45 UniProt46 and KEGG,47 which collectively

encompass millions of protein families recovered from

organisms belonging to all domains of life. Beyond these

broad protein collections, there are dedicated approaches

and tools for profiling specific functional attributes

such as the primary metabolism of gut-associated

species (e.g. gutSMASH48), secondary metabolites (e.g.

MetaBGC49 and antiSMASH50), antimicrobial resistance

genes (AMRFinderPlus51 and CARD52) and carbohydrate

utilization enzymes (dbCAN53). Furthermore, we have

recently published a dedicated tool that analyzes the

functional aspects of mouse metagenomes and allows users

to identify the functional equivalents of mouse gut

microbes in the human microbiota.33 Altogether, these

tools provide an integrated view of the functional

metagenomic diversity within a microbiome, which can be

further linked to specific phenotypic characteristics. To

achieve this, the number of annotated genes and functions

must be subsequently pre-processed before performing

differential abundance analyses. This may involve filtering

out very rare features (< 1%) and performing additional

normalization approaches such as total sum scaling and

centered-log ratio transformation. However, careful

consideration should be made to the choice of statistical

methods when performing differential abundance analyses,

as it has been shown previously that different tools can

identify varying sets of significant features.54 Nevertheless,

differential abundance methods can still provide useful

insights into the association between gut microbiome

function with host phenotype. For instance, a

meta-analysis of ~2000 human gut metagenomes from

case–control cohorts revealed that certain microbial

pathways, such as lipopolysaccharide biosynthesis and iron

transport, robustly distinguish diseased individuals from

healthy controls.55 These pathways were found to be more

prevalent in individuals from multiple disease populations,

including colorectal cancer, liver cirrhosis, Crohn’s disease,

type 2 diabetes and obesity. However, as mentioned

previously, correlation does not equal causation. Therefore,

additional experimentation is still needed to validate new

disease-associated mechanisms and to gain insights into

key host–microbe interactions.

MAGs Contigs

Sequence
reads

AMR CAZymes Metabolites Enzymes Host-associated

proteins/molecules

Short-read-based
function and

pathway prediction
A   T   G   C  T   A    C
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33, 40, 48, 51,
114-119

Figure 2. Schematic diagram of the major steps and bioinformatics tools used for functional metagenomics. The major bioinformatics tools and/

or approaches used in different steps are referenced in italics. Workflows such as HUMAnN and MetaBGC can leverage quality-controlled short

sequencing reads directly by implementing mapping of reads to reference databases or profile hidden Markov models (pHMMs), respectively, for

functional annotation and biological pathway prediction. On the other hand, a de novo assembly-based approach employs multiple steps, starting

with contig assembly, but provides more flexibility in choosing different tools and databases. In the assembly-based approach, functional

annotation of a metagenome can be performed either using the assembled contigs or after producing MAGs. Specialized tools and biological

databases offer more comprehensive functional profiling of the metagenomic samples. Some of these databases provide annotation of

antimicrobial resistance (AMR) genes, carbohydrate-active enzymes (CAZymes), primary metabolites and metabolic pathways.111–119
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As metagenomic sequencing and functional annotation

improve and become more broadly adopted,

opportunities to identify mechanistic links between

microbiota metabolites and functions and effects on host

physiology will continue to expand. Rather than attempt

to cover the wealth of recent studies investigating the role

of the microbiome in various aspects of gut and systemic

immune phenotypes, we will highlight a few key areas of

microbiome–immune research that have been intensely

investigated and have the potential to quickly benefit from

the integration of functional metagenomics approaches.

OPPORTUNITIES FOR UNDERSTANDING
MICROBIOME MODULATION OF
IMMUNITY IN DISEASE

Perhaps the first area in which the gut microbiota was

recognized to contribute to immunity was in the context

of enteric infections. Soon after their introduction for the

treatment of bacterial infections, antibiotics were

observed to be associated with diarrhea and an increased

incidence of pseudomembranous enterocolitis.56 As early

as the 1950s, antibiotic administration was demonstrated

to increase susceptibility to intestinal pathogens such

as Vibrio cholerae57 and Salmonella.58 While

antibiotic-mediated depletion and germ-free animal

models continue to demonstrate the importance of a

replete microbiota in protection against intestinal

infections, only a few of the likely many mechanisms

have been explored in terms of specific microbiota

metabolites and the immune pathways they modulate.

Although antibiotic treatment has long been a known risk

factor for Clostridioides difficile infection (CDI), only in

the past 10 years was a specific microbial gene and

function, production of secondary bile acids via the

baiCD-encoded 7a-hydroxysteroid dehydrogenase

enzyme, identified as a key mechanism of

microbiota-mediated protection against CDI.59 Likewise,

the activity of the peptidoglycan hydrolase SagA from

commensal Enterococcus has been characterized recently

for its ability to generate unique muropeptides that

stimulate host anti-microbial activity against Salmonella

infection and CDI via the innate immune receptor

nucleotide binding oligomerization domain containing 2

(NOD2).60,61 In both cases, the identification of a

bacterial gene and enzyme, along with their

immunomodulatory products, enables broad,

taxonomy-independent analyses of metagenomic datasets.

Specifically, it allows quantitation of the abundance of

the bacterial gene of interest, and its functional

equivalents, in patient microbiomes and subsequent

association with clinical phenotypes. Measurement of

corresponding metabolites in biofluids or peripheral

tissues could then be explored for further mechanistic

insights.

Similarly, inflammatory bowel disease (IBD), an

umbrella term that encompasses the chronic inflammatory

diseases ulcerative colitis and Crohn’s disease, has been

extensively investigated for associations with patient

microbiota composition. Numerous studies have shown

differences between IBD patients and healthy controls in

overall microbiota composition and diversity or the

abundance of specific bacterial taxa.62–65 For example, an

early association was drawn between a decreased

abundance of Faecalibacterium prausnitzii and an increased

risk of recurrence in patients with Crohn’s disease, and a

secreted factor from F. prausnitzii was demonstrated to be

anti-inflammatory.66 F. prausnitzii is an abundant producer

of the short-chain fatty acid (SCFA) butyrate, and

subsequent work has gone on to show that both

F. prausnitzii and other phylogenetically-diverse,

butyrate-producing species are also reduced in patients

with ulcerative colitis.67,68 Microbiome SCFAs, including

butyrate, have been demonstrated to cue intestinal

epithelial cell production of TGF-b and differentiation of

anti-inflammatory colonic Foxp3+ regulatory CD4+ T cells

(Tregs) that are protective in mouse models of colitis.69

However, recent work revealing high levels of inter- and

intra-species variation in bacterial butyrate biosynthesis

capacity70 reinforces the need to evaluate microbiome

SCFA production beyond the abundance of individual taxa

such as F. prausnitzii. Although further multi-omic

analyses have revealed a general reduction in SCFAs,

especially butyrate, in IBD patients,64 taxonomy-

independent, systematic assessment of microbiome SCFA

biosynthesis in IBD patients has been limited, primarily

utilizing mass spectrometry-based metabolomics methods

in small cohort studies. As metagenomic predictions of

SCFA biosynthesis have recently been validated to

correspond to SCFA abundance in patient stool samples,

as measured by mass spectrometry,71 functional

metagenomics approaches may offer a more accessible

proxy for evaluating SCFA levels and matching these to

inflammatory versus anti-inflammatory immune

phenotypes in larger prospective cohort studies.

In the context of cancer, several landmark studies

revealed a negative impact of antibiotic usage on the efficacy

of immune-dependent therapies72,73 and identified specific

alterations in the gut microbiota to be associated with the

clinical response to immune checkpoint inhibitors (ICI).74

Since then, numerous different taxa have been correlated

with response or non-response to ICI therapy, but no true

consensus has surfaced regarding specific beneficial

species.75 Several of studies have gone a step further to

identify and validate microbial functions and metabolites

that may contribute to immune activation and ICI efficacy
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(Figure 3 and recently reviewed by Yang Q et al.76), opening

up possibilities to leverage functional metagenomics

approaches to globally assess these metabolites across

patient cohorts in a taxonomy-independent manner.

Functional metagenomics can also be utilized to uncover

metabolites linked to responses in patients that can be

further investigated in “reverse translation” studies using in

vitro and in vivo models to gain a more thorough

understanding of the immune mechanisms involved. For

example, using functional metagenomic analyses across

multiple patient cohorts and datasets, we recently

uncovered a correlation between a structural variant of the

bacterial cell wall component lipopolysaccharide (LPS) and

the response to anti-PD-1 ICI therapy in melanoma

patients.77 A causal relationship was then established in

vitro and in mouse tumor models, with enhanced toll-like

receptor 4 (TLR4)-dependent stimulation of the NF-kB

pathway in monocytes and macrophages and increases in

intra-tumoral cytokine-secreting T cells, respectively.77

Future functional metagenomic analyses may reveal

additional biomarkers of responsiveness and potential

therapeutic targets.

OPPORTUNITIES FOR UNDERSTANDING
MICROBIOME MODULATION OF IMMUNE
HOMEOSTASIS

Beyond their impact on the outcomes of perturbed or

diseased states, gut-resident microbes are also increasingly

appreciated to shape immune development78 and to

function under homeostatic conditions.79 Although a vast

majority of studies are correlative, utilizing broad-

spectrum antibiotic treatment or germ-free mice to

eliminate the microbiota altogether and/or to colonize

with a singular or cohort of bacterial species, a number

of microbial functions and metabolites have been

mechanistically linked to the differentiation of specialized

CD4+ T cell subsets in the gut. For example, maturation

of IL-17-secreting Th17 cells was shown to depend on

intestinal epithelial cell (IEC) production of serum

amyloid A (SAA) in response to sensing of adherent

commensal bacterial and fungal species.80,81 Subsequently,

Clostridia and Proteobacteria were demonstrated to have

opposing effects on IEC retinoic acid production,82 and

retinoic acid sensing in IECs was shown to regulate SAA

production.83 Microbiome-modulated IEC production

of SAA has recently been further linked to pathogenic

pro-inflammatory Th17 function.84 Similarly,

differentiation of colonic Tregs has also been shown to be

driven by multiple cues from the gut microbiota. In

2010, polysaccharide A from commensal Bacteroides

fragilis was shown to induce Treg differentiation in a toll-

like receptor (TLR) 2-dependent manner,85 and in 2013,

three different studies demonstrated roles for SCFA-

producing commensal bacteria in the differentiation and

anti-inflammatory function of colonic Tregs.69,86,87

Both of these examples illustrate how dynamic and

plastic immune cell phenotypes can be in the gut, with
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Figure 3. A graphic table of microbiome metabolites that have been shown to impact cancer immunotherapy. In the studies referenced in italics,

specific functions or metabolites from the gut microbiota have been demonstrated to impact anti-tumor immune responses in the context of

immune checkpoint inhibitors or immunomodulatory chemotherapies.77,120–124
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multiple region-specific microbial functions and

metabolites, combined with host cytokine cues, likely

fine-tuning immune responses in situ to suit different

contexts. Recent work has begun to explore how the

specific microbial environment of the less-studied small

intestine may also play a critical role in balancing

inflammatory and anti-inflammatory responses at steady

state and in the context of disease. While most studies

again focus on presence or absence of specific taxa or the

gut microbiome in its entirety, a few have examined

microbial metabolites of interest and their mechanisms of

interaction with host immune cells. In the case of small

intestine intraepithelial lymphocytes (IELs), stimulation

of the aryl hydrocarbon receptor (AhR) by dietary and

microbial ligands has long been shown to be required for

the maintenance of IEL numbers,88 but a recent study

highlights the need to regulate AhR activity for optimal

IEL survival and function.89 Isomerization of linoleic acid

by numerous small intestine-inhabiting bacterial species

has likewise recently been demonstrated to contribute to

IEL homeostasis.90 By leveraging functional approaches

alongside increased metagenomic sequencing and

immune phenotyping of different regions of the gut,

future studies will likely reveal additional site-specific

mechanisms of microbiome immune modulation.

In addition, the immune receptors and mechanisms for

host sensing of different microbial products, in the form

of pattern recognition receptor (PRR) sensing of

microbe-associated molecular patterns (MAMPs), have

largely been characterized in the context of microbial

pathogens, likely leaving many pathways that contribute

to immune homeostasis yet to be discovered. For

example, NOD2, a cytosolic PRR, was initially described

for its structural similarity to NOD1 and plant R gene

products,91 which play a role in cellular responses to

pathogens.92 The ligand for NOD2 was subsequently

identified to be muramyl dipeptide (MDP), a component

released from peptidoglycan in bacterial cell walls by

enzymes such as lysozyme.93,94 NOD2 has since been

demonstrated to influence the composition of the

intestinal microbiota,95,96 and recent structural and

biochemical approaches have revealed that smaller

muropeptides produced by commensal bacteria also

stimulate NOD2.61 As multi-omic and high-throughput

methods improve, some recent studies have employed

more systematic approaches to identifying the host

factors required for the detection and distinction of

different MAMPs such as LPS,97 and host responses to

different variants of LPS from the microbiome have been

shown to influence autoimmune diabetes.98 Combined

with functional metagenomics methods, these approaches

could identify novel microbial metabolite–host receptor

pairings and provide powerful mechanistic insights into

how changes in commensal microbial communities

modulate host immune development and homeostasis.

CURRENT CHALLENGES AND
LIMITATIONS TO FUNCTIONAL
METAGENOMIC ANALYSES

The main challenge in functional metagenomic analyses is

understanding how to translate functional predictions

into mechanistic hypotheses and accurately link genotype

to phenotype. For instance, issues with misannotations,

which are particularly problematic when analyzing short

sequence fragments, can severely affect any resulting

biological interpretations. In addition, the identification

of functional genes through metagenomics does not

necessarily equate to their expression or activity within

the microbial community. Genes may also be present in

the genome but remain dormant or inactive under

specific environmental conditions. Therefore, functional

annotation of metagenomic data may not always reflect

the active metabolic pathways or functions occurring

within the community and need to be complemented

with additional multi-omics approaches, such as

metaproteomics, metatranscriptomics and metabolomics.

However, the analysis of multi-omics datasets in the

context of the human gut microbiome is still an active

area of development, as there is currently a lack of tools

and standardized bioinformatics approaches to effectively

integrate different data types.

Another major limitation in the field is that functional

metagenomic data generally require predicting gene

functions based on sequence homology to known genes.

However, many microbial genes have no known

homologs or functional annotations in existing databases,

which can introduce potential biases towards well-

characterized functions. For instance, a common notion

inferred from metagenomic studies is that there is a large

degree of functional redundancy within the human

microbiome, as the functional diversity is found to be

more consistent between individuals than their respective

taxonomic compositions.99 However, this has been

argued to represent to some extent a technical artefact,100

as functional metagenomic studies generally discard all

unknown/uncharacterized genes. This is particularly

problematic for the human microbiome field, as 40% of

genes detected in gut metagenomes are estimated to lack

any meaningful annotations.37 To circumvent this issue,

new computational approaches leveraging protein-

structure predictions (e.g. AlphaFold2101), genomic

context and remote homology are being actively

developed to obtain further insights into this unknown,

hidden functional diversity. Recently, two large-scale

studies102,103 generated hundreds of thousands of newly
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discovered protein families from a variety of habitats.

However, only 15% and 7% of the unknown protein

families could be annotated using structural similarity

and genomic-context information, respectively. Therefore,

despite computational advancements, there is a pressing

need to further improve the biological insights that can

be derived from existing sequence data, which may

ultimately only be resolved using targeted, hypothesis-

driven experimental approaches.

FUTURE PERSPECTIVES

As high-throughput and computational methods begin to

more efficiently yield accurate predictions of host factors

and mechanisms in patient and experimental datasets,

functional interrogation of corresponding microbiomes

constitutes an exceptional opportunity to uncover key

links between microbial metabolites and effects on host

physiology. Compared with more challenging and costly

methods, such as scRNA-seq of patient samples,

microbiome sample collection and preservation for

shotgun metagenomic sequencing have become

progressively more streamlined and affordable. As such,

opportunities to build microbiome biobanks and to

conduct longitudinal sampling from large patient and

population cohorts are increasingly being explored.104,105

For instance, a large prospective cohort with ~18 years of

follow-up clinical records recently showed that

integrating metagenomic information about the gut

microbiome improved risk prediction for diseases such as

type 2 diabetes and prostate cancer.106 Such efforts will in

turn provide resources from which biological mechanisms

can be explored and computational applications can be

refined to improve functional microbiome profiling.

Moving forward, expanding the isolation and culture

of commensal microbes represents another important

potential avenue for future development. A substantial

percentage of both mouse and human gut microbiotas

remains uncultured,107 limiting the ability to

experimentally measure specific microbial functions and

their effects on the host. Using cultured microbial isolates

for whole-genome sequencing, comparative genomics,

metabolomics and other phenotypic assays would enable

improved functional annotation of microbial genes. In

addition, while multi-omic approaches can be exceptional

for hypothesis generation and validation, experimental

testing is required to move beyond correlative analyses to

causal relationships. More comprehensive culture

collections of commensal gut microbes will enable both

functional characterization of novel microbial species and

mechanistic experimental investigations of associated

immune phenotypes. Importantly, these culture

collections must be sampled from diverse human

populations, geographies and diets to capture a wider

degree of microbial diversity and functions.

Of note, although this review focuses primarily on the

larger-biomass, bacterial component of the microbiota,

the viral and fungal contributions to microbiome functions

are also becoming more accessible via shotgun

metagenomic sequencing tools and datasets.108–110

Likewise, while T cell-centered studies have dominated

much of the mechanistic investigation of microbiome–
immune interactions, functional metagenomics approaches

hold a great deal of promise for defining the effects of the

commensal microbiota on a multitude of immune

and non-immune cell types and functions. Integrated

multi-omic approaches and computational analyses of

both hosts and microbiomes will provide unprecedented

granularity for deciphering the mechanisms of

microbiome–immune interactions in both disease and

homeostasis and ultimately uncover potential strategies for

modulating and optimizing these interactions.
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