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Abstract
The human gut microbiome, the trillions of microorganisms residing in the gastrointestinal
tract, has emerged as a powerful, non invasive biomarker of population health and individual
disease risk. This comprehensive review synthesizes evidence from 150 studies (2010- 2025)
examining the gut microbiome's potential as a predictive, diagnostic, and prognostic
biomarker across major disease categories. We analyze the taxonomic and functional
signatures associated with cardiometabolic disease (obesity, type 2 diabetes, cardiovascular
disease), inflammatory bowel disease, colorectal cancer, liver disease, neuropsychiatric
conditions (depression, anxiety, autism, Parkinson's disease), and immune mediated disorders.
Evidence demonstrates that specific microbial compositions (dysbiosis) and functional
pathways (e.g., short chain fatty acid production, bile acid metabolism, trimethylamine N
oxide synthesis) correlate with disease presence, severity, and progression. Microbiome based
risk scores outperform traditional risk factors for some conditions. The gut microbiome
integrates dietary, environmental, lifestyle, and genetic exposures, offering a holistic snapshot
of physiological state. Challenges include high inter individual variability, lack of causal
inference, and methodological standardization. We recommend large scale population cohorts
with longitudinal sampling, machine learning integration, causal validation using animal
models and human intervention studies, and development of clinical microbiome diagnostics.
The gut microbiome is not yet ready for routine clinical use but is the most promising novel
biomarker class in a generation.
Keywords: Gut microbiome; biomarker; population health; disease risk; dysbiosis; microbial
ecology; precision medicine
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1. Introduction

The human gut microbiome, the

collective genome of trillions of bacteria,

archaea, fungi, viruses, and their

metabolites, has transformed our

understanding of health and disease.

Over the past 15 years, advances in high

throughput sequencing (16S rRNA gene

amplicon, shotgun metagenomics,

metatranscriptomics) and bioinformatics

have enabled large scale characterization

of gut microbial communities across

populations, revealing that each

individual harbors a unique microbial

fingerprint shaped by genetics, diet,

medications, environment, and

stochastic colonization events (Gilbert et

al., 2018; Knight et al., 2025). The gut

microbiome is not a passive commensal

but an active metabolic organ that

influences nutrient absorption, immune

maturation, pathogen resistance, and

even neurobehavioral development

(Lynch and Pedersen, 2016). Disruption

of this ecosystem, termed dysbiosis, has

been associated with a widening array of

diseases, including obesity, type 2

diabetes, inflammatory bowel disease

(IBD), colorectal cancer (CRC),

cardiovascular disease, liver cirrhosis,

depression, autism spectrum disorder,

and Parkinson's disease (Fan and

Pedersen, 2021; Valles Colomer et al.,

2023). This has led to the hypothesis

that the gut microbiome could serve as a

non invasive, integrative, and dynamic

biomarker for population health and

individual disease risk (Sharon et al.,

2023).

Biomarkers are defined as measurable

indicators of normal biological

processes, pathogenic processes, or

responses to therapeutic interventions

(FDA-NIH Biomarker Working Group,

2024). Ideal biomarkers are sensitive,

specific, reproducible, minimally

invasive, and affordable. The gut

microbiome meets several of these

criteria: fecal samples are easily

obtained, sequencing costs have

declined dramatically

(< 50���16�, < 200 for shallow

metagenomics), and microbial

signatures can be quantified with high

throughput (Knight et al., 2025).

However, the microbiome also presents

unique challenges: high inter individual

variability (only 10- 30% of microbial

species are shared across individuals),

temporal instability (microbiome

changes with diet, illness, medications),

lack of causal inference (most studies

are cross sectional and correlational),

and methodological heterogeneity

(sequencing platforms, primers,

bioinformatics pipelines) (Costea et al.,

2024). Despite these challenges, the gut

microbiome has demonstrated
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remarkable potential as a biomarker for

colorectal cancer screening (replacing or

complementing fecal immunochemical

testing), for predicting response to

cancer immunotherapy (PD- 1 blockade),

for stratifying diabetes risk, and for

distinguishing IBS from IBD (Sharon et

al., 2023; Wirbel et al., 2019; Routy et

al., 2018).

This comprehensive review aims to

synthesize the evidence on the human

gut microbiome as a biomarker for

population health and disease risk. We

address eight key questions: (1) What

constitutes a healthy gut microbiome,

and how is dysbiosis defined? (2) What

microbial signatures are associated with

cardiometabolic disease, and can they

predict risk? (3) What is the evidence for

the gut microbiome as a biomarker for

gastrointestinal diseases (IBD, CRC,

IBS)? (4) What is the role of the gut

brain axis in neuropsychiatric conditions?

(5) Can the microbiome predict

immunotherapy response? (6) What are

the methodological challenges and

standardization needs? (7) What is the

evidence from large scale population

cohorts (e.g., Human Microbiome

Project, MetaHIT, Flemish Gut Flora

Project, American Gut, UK Biobank)?

(8) What are the clinical translation

pathways and regulatory considerations?

We argue that the gut microbiome is not

yet ready for routine clinical use as a

standalone biomarker but is the most

promising novel biomarker class to

emerge in the past two decades, with

transformative potential for precision

medicine and population health

surveillance.

2. General Review

2.1 Defining a Healthy Gut

Microbiome and Dysbiosis

A fundamental challenge in using the

microbiome as a biomarker is defining

"normal" or "healthy." There is no single

healthy microbiome; instead, health is

characterized by high diversity,

functional redundancy, resilience, and

the presence of specific keystone species

(Lloyd Price et al., 2022). Across

populations, the healthy gut microbiome

is dominated by the phyla Bacteroidota

(formerly Bacteroidetes) and Bacillota

(formerly Firmicutes), with lower

abundances of Actinomycetota

(e.g., Bifidobacterium),

Pseudomonadota (Proteobacteria), and

Verrucomicrobiota (e.g., Akkermansia

muciniphila) (Sharon et al., 2023).

However, the "core microbiome"

(species present in all healthy

individuals) is extremely small: only

about 30- 50 species are universally

present, primarily in the

genera Bacteroides, Faecalibacterium, R
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oseburia, Eubacterium,

and Ruminococcus (Costea et al., 2024).

Alpha diversity (within sample diversity,

typically measured by Shannon index or

observed species) is consistently lower

in disease states (obesity, IBD, CRC,

cirrhosis) and lower in industrialized

populations compared to hunter

gatherers and traditional agriculturalists

(Falony et al., 2016). Beta diversity

(between sample differences) shows that

diseased individuals cluster separately

from healthy controls, though with

substantial overlap. Functional potential

(metagenomic pathways) may be more

informative than taxonomy; health is

associated with short chain fatty acid

(SCFA) production pathways (butyrate,

propionate, acetate), bile acid

deconjugation, and vitamin synthesis

(Koh et al., 2024).

Dysbiosis is defined as any deviation

from a healthy reference composition

that is associated with disease. It is not a

single state but a spectrum: loss of

beneficial taxa (e.g., Faecalibacterium

prausnitzii, Roseburia

intestinalis, Akkermansia muciniphila),

overgrowth of pathobionts

(e.g., Escherichia coli, Clostridium

difficile, Fusobacterium nucleatum),

reduced diversity, and altered metabolic

output (Levy et al., 2023). Dysbiosis can

be a cause, consequence, or both of

disease. Establishing causation requires

longitudinal sampling (dysbiosis

precedes disease) and mechanistic

validation (gnotobiotic animal models,

human intervention studies) (Zhao et al.,

2024). For biomarker use, correlation

(association) is sufficient for risk

prediction, but causal understanding

improves confidence and therapeutic

targeting.

2.2 The Gut Microbiome as a

Biomarker for Cardiometabolic

Disease

Cardiometabolic disease, including

obesity, type 2 diabetes (T2D), and

cardiovascular disease (CVD), is the

leading cause of mortality globally, and

the gut microbiome has emerged as a

promising biomarker for risk

stratification.

2.2.1 Obesity

Multiple cross sectional and longitudinal

studies have shown that obesity is

associated with reduced alpha diversity,

increased Firmicutes/Bacteroidetes ratio

(not consistently replicated), and

specific taxonomic shifts:

lower Akkermansia muciniphila, lower

Christensenellaceae,

higher Lactobacillus (certain species),

and

higher Escherichia/Shigella (Turnbaugh

et al., 2006; Le Chatelier et al., 2013). A

machine learning model based on 50

38



microbial species predicted obesity

status with AUC 0.75- 0.85 across

validation cohorts (Valles Colomer et al.,

2023). Longitudinal studies show that

lower A. muciniphila and lower diversity

predict future weight gain (Dao et al.,

2016).

2.2.2 Type 2 Diabetes

Multiple large cohorts (MetaHIT,

PREDICT, Finnish D2D) have identified

consistent T2D signatures: lower

butyrate producing bacteria (F.

prausnitzii, Roseburia

intestinalis, Eubacterium rectale),

higher opportunistic pathogens (E.

coli, Desulfovibrio), and altered

functional pathways (branched chain

amino acid synthesis, lipopolysaccharide

biosynthesis) (Qin et al., 2012; Zhao et

al., 2018; Pedersen et al., 2024). A

microbiome based risk score (MRS) for

T2D, combining 30 microbial species

and functional pathways, predicted

incident T2D over 10 years with AUC

0.78, outperforming traditional risk

factors (BMI, fasting glucose, family

history) in some cohorts (Sharon et al.,

2023). Dietary intervention studies:

transferring fecal microbiota from lean

donors to obese individuals with

metabolic syndrome improved insulin

sensitivity, demonstrating causality

(Vrieze et al., 2012; Ridaura et al.,

2013).

2.2.3 Cardiovascular Disease

The gut microbiome metabolizes dietary

phosphatidylcholine and L- carnitine

(red meat, eggs) to trimethylamine

(TMA), which is oxidized in the liver to

trimethylamine N- oxide (TMAO).

Elevated TMAO is a strong predictor of

major adverse cardiovascular events

(myocardial infarction, stroke, death),

independent of traditional risk factors

(Tang et al., 2013; Wang et al., 2024).

Specific taxa (e.g., Emergencia

timonensis, Ihubacter massiliensis) are

associated with high TMAO production

(Koeth et al., 2025). Short chain fatty

acids (butyrate, propionate, acetate) are

cardioprotective; lower fecal SCFAs

predict hypertension and atherosclerosis

(Koh et al., 2024). Microbiome CVD

risk scores combining TMAO, SCFAs,

and taxonomy predict CVD events with

AUC 0.70- 0.80 (Zhao et al., 2024). The

evidence strongly supports the gut

microbiome as a cardiometabolic risk

biomarker, though clinical adoption

awaits prospective validation and

standardization.

2.3 Gastrointestinal Diseases: IBD,

CRC, and IBS

The gut microbiome is most advanced as

a biomarker for gastrointestinal diseases,

where proximity to the disease site

offers higher signal to noise.
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2.3.1 Inflammatory Bowel Disease

(Crohn's Disease, Ulcerative Colitis)

The dysbiosis in IBD is characterized by

reduced diversity, depletion of F.

prausnitzii and Roseburia hominis,

expansion of E. coli (adherent invasive

AIEC pathotype), and altered

metabolomics (decreased SCFAs,

increased bile acids, increased sulfur

metabolizing bacteria) (Franzosa et al.,

2019; Lloyd Price et al., 2019).

Microbiome based diagnostic models

distinguish IBD from non- IBD with

AUC 0.85- 0.95; distinguish CD from

UC with AUC 0.80- 0.90; and predict

disease flares (increased Ruminococcus

gnavus, decreased F. prausnitzii) with

moderate accuracy (Pascal et al., 2017;

Vestergaard et al., 2024). Prognostic

biomarkers: baseline microbiome

composition predicts response to

anti- TNF therapy (vedolizumab,

ustekinumab) and risk of post- operative

recurrence (Ananthakrishnan et al.,

2025).

2.3.2 Colorectal Cancer

The gut microbiome has been

extensively studied as a non- invasive

screening biomarker. CRC is associated

with specific

pathobionts: Fusobacterium

nucleatum, Peptostreptococcus

anaerobius, Parvimonas

micra, Clostridium hathewayi, and

certain Bacteroides fragilis strains

(enterotoxigenic ETBF) (Wirbel et al.,

2019; Thomas et al., 2019).

Metagenomic panels (typically 10- 30

species) detect CRC with AUC

0.75- 0.85, comparable to fecal

immunochemical testing (FIT) for

sensitivity (85- 90% for CRC, lower for

advanced adenomas). Combining

microbiome with FIT improves

sensitivity (92%) and specificity (85%)

(Yachida et al., 2019; Zeller et al., 2024).

Early adenoma detection is more

challenging (AUC 0.60- 0.70), but

functional pathways (peptidase,

metabolism) may outperform taxonomy

(Wirbel et al., 2024). Prognosis: F.

nucleatum abundance predicts worse

survival and resistance to adjuvant

chemotherapy (Yu et al., 2017).

Microbiome based CRC screening is not

yet FDA approved but is commercially

available as a laboratory developed test

(e.g., Viome, Thryve). Large scale

prospective validation is ongoing

(Sharon et al., 2023).

2.3.3 Irritable Bowel Syndrome

Distinguishing IBS from IBD and other

organic diseases is a clinical challenge.

Multiple studies have identified IBS

associated dysbiosis (reduced diversity,

lower F. prausnitzii,

higher Ruminococcus torques, altered

bile acid metabolism), but heterogeneity
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is high (Pozuelo et al., 2015; Su et al.,

2024). Microbiome based IBS

diagnostic models achieve AUC

0.70- 0.85 in case- control studies but

drop to 0.60- 0.70 in cross- validation.

The microbiome is not yet sufficiently

accurate for clinical diagnosis of IBS but

may serve as an adjunct (Valles

Colomer et al., 2023). Subtyping:

diarrhea predominant (IBS-D) vs.

constipation predominant (IBS-C) show

distinct microbial signatures, though

overlap exists (Tap et al., 2017).

2.4 The Gut Brain Axis:

Neuropsychiatric and

Neurodegenerative Biomarkers

The gut brain axis, bidirectional

communication between the enteric

nervous system and the central nervous

system via neural, endocrine, immune,

and metabolic pathways, has implicated

the gut microbiome in a range of

neuropsychiatric and neurodegenerative

conditions (Cryan et al., 2019).

2.4.1 Depression and Anxiety

Meta- analyses of 50+ case- control

studies have identified consistent

differences: reduced alpha diversity,

depletion

of Faecalibacterium, Roseburia,

and Coprococcus, and enrichment

of Eggerthella, Hungatella,

and Flavonifractor (Valles Colomer et

al., 2019; Nikolova et al., 2024).

Functional differences include reduced

SCFA production and altered tryptophan

metabolism (the gut produces 90% of

peripheral serotonin, 5-HT).

Microbiome based depression models

achieve AUC 0.70- 0.80 in case- control

studies; prospective studies show that

baseline microbiome predicts future

depressive symptoms (Kelly et al., 2016;

Mason et al., 2025). Antidepressant

response: baseline microbiome

composition (higher Eggerthella,

lower Faecalibacterium) predicts poor

response to SSRIs (Ceylani et al., 2024).

Fecal microbiota transplantation (FMT)

from healthy donors to depressed

patients is being tested in clinical trials;

early results are promising (Chinna

Meyyappan et al., 2023).

2.4.2 Autism Spectrum Disorder

Multiple studies report ASD associated

dysbiosis, though heterogeneity is high.

A recent meta- analysis identified

consistent differences:

lower Bifidobacterium, lower Prevotella,

higher Lactobacillus (certain species),

higher Clostridium, and altered

metabolite profiles (decreased SCFAs,

increased p- cresol) (Ho et al., 2020;

Morton et al., 2023). Microbiome based

ASD classification achieves AUC

0.70- 0.85. However, causality is

debated: dysbiosis may result from

restricted diets (food selectivity common
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in ASD) and gastrointestinal dysmotility

(Sharon et al., 2019).

2.4.3 Parkinson's Disease

Gastrointestinal symptoms (constipation)

precede motor symptoms by years, and

gut microbiome alterations are

detectable in prodromal PD. Consistent

PD signatures: reduced Lachnospiraceae,

reduced Roseburia,

increased Akkermansia

muciniphila (paradoxical,

as Akkermansia is usually beneficial),

increased Lactobacillus (Kalinderi et al.,

2025; Scheperjans et al., 2015).

Microbiome based PD risk models

predict conversion from prodromal

(REM sleep behavior disorder,

constipation) to PD with AUC 0.75- 0.85

(Heinzel et al., 2024). The gut

microbiome may become a screening

tool for PD risk, enabling early

neuroprotective interventions.

2.5 The Gut Microbiome as a

Predictor of Immunotherapy

Response

One of the most clinically actionable

microbiome biomarkers is prediction of

response to immune checkpoint

inhibitors (ICIs), including anti- PD- 1,

anti- PD-L1, and anti-CTLA- 4, in

cancer. Multiple independent cohorts

(melanoma, lung cancer, renal cell

carcinoma, GI cancers) have identified

that ICI responders have higher alpha

diversity, enrichment of

Ruminococcaceae (e.g., Ruminococcus

bromii), Faecalibacterium,

and Bifidobacterium, and depletion of

pathobionts (Routy et al., 2018;

Gopalakrishnan et al., 2018; Matson et

al., 2018). The effect is reproducible

across cohorts, though the specific

species differ, suggesting that functional

pathways (e.g., cross- presentation of

antigens, activation of dendritic cells,

production of inosine) rather than

taxonomy per se mediate the effect

(Zitvogel et al., 2024).

Clinical utility: microbiome based

prediction models for ICI response

achieve AUC 0.70- 0.85. Patients with

"favorable" microbiomes are more likely

to respond; those with "unfavorable"

microbiomes have poor outcomes.

Interventions: FMT from responders to

non- responders has induced clinical

responses in refractory melanoma

patients (complete and partial responses,

stable disease) (Baruch et al., 2021;

Davar et al., 2024). Live biotherapeutic

products

(e.g., Bifidobacterium consortia, Akkerm

ansia muciniphila) are in clinical trials

to improve ICI outcomes (Zitvogel et al.,

2024). Regulatory status: microbiome

biomarkers for ICI response are the

closest to clinical adoption; commercial

tests (microbiome profiling for
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immunotherapy response prediction) are

offered as laboratory developed tests,

but FDA approval awaits large scale

prospective trials.

Antibiotic disruption: antibiotic use

within 60 days of ICI initiation is

associated with worse outcomes,

mediated by depletion of favorable gut

bacteria (Pinato et al., 2019). This

finding has clinical implications: avoid

unnecessary antibiotics before and

during ICI therapy. The microbiome- ICI

response relationship is one of the

strongest and most clinically actionable

examples of the gut microbiome as a

predictive biomarker.

2.6 Methodological Challenges and

Standardization

Despite promise, significant

methodological challenges delay clinical

translation. High inter individual

variability: only 10- 30% of species are

shared across individuals; this

necessitates large sample sizes (n > 500

per group) to detect disease associated

signals (Costea et al., 2024). Technical

variability: sequencing platform

(Illumina vs. Nanopore vs. PacBio), 16S

region (V1-V3 vs. V3-V4 vs. V4-V5),

primer bias, DNA extraction kit, and

bioinformatics pipeline (QIIME2 vs.

DADA2 vs. Mothur vs.

Kraken2/Bracken) all affect results.

Standardization efforts (e.g.,

International Human Microbiome

Standards, Microbiome Quality Control

(MBQC) project) have established best

practices (Costea et al., 2017; Sinha et

al., 2025).

Confounding: the microbiome is

influenced by diet (fiber, fat, protein),

medications (proton pump inhibitors

(PPIs), metformin, statins, antibiotics,

laxatives), smoking, alcohol, exercise,

and comorbidities. Large cohorts must

capture these confounders for

multivariable adjustment (Falony et al.,

2016; Valles Colomer et al., 2023).

Batch effects are severe in microbiome

studies; randomized sample processing

and inclusion of technical replicates and

negative controls are essential (Gilbert et

al., 2018). Causality vs. correlation:

most studies are cross sectional; disease

can cause dysbiosis (altered gut

environment, immune activation,

medications) rather than dysbiosis

causing disease. Causality requires

longitudinal sampling (dysbiosis

precedes disease), animal models

(gnotobiotic colonization reproduces

phenotype), and human intervention

studies (FMT, prebiotics, probiotics)

(Zhao et al., 2024).

Temporal instability: the gut

microbiome changes over weeks to

months with diet, illness, and

medications. A single time point may
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not capture stable risk status; repeated

sampling improves reliability. The

coefficient of variation is high for some

species (Bifidobacterium, Lactobacillus)

but lower for others

(Bacteroides, Faecalibacterium)

(Faith et al., 2013; Flores et al., 2024).

Absolute vs. relative abundance: 16S

sequencing gives relative abundances

(compositional data), which can produce

spurious correlations. Metagenomics can

estimate absolute abundance via

spike- in controls (e.g., E. coli DNA

spike) (Props et al., 2017). Functional vs.

taxonomic biomarkers: functional

pathways (enzyme abundance,

metabolic potential) are more conserved

across individuals and may be more

robust biomarkers than taxonomy

(Visconti et al., 2019; Lloyd Price et al.,

2022).

2.7 Large Scale Population Cohorts

and Reference Data

Several large scale population cohorts

have generated reference microbiome

data, enabling biomarker discovery and

validation. The Human Microbiome

Project (HMP, HMP2): 300 healthy US

adults, 16S and metagenomics;

established baseline healthy microbiome

variation (Human Microbiome Project

Consortium, 2012). MetaHIT

(Metagenomics of the Human Intestinal

Tract): 1,000 European adults (healthy,

obese, IBD) (Qin et al., 2010). Flemish

Gut Flora Project (FGFP): 3,000+

Belgian adults (Falony et al., 2016).

American Gut Project (AGP): 10,000+

US adults (crowdsourced) (McDonald et

al., 2018). UK Biobank: 5,000 stool

metagenomes (released 2022), with

additional samples being processed

(Kurilshikov et al., 2021). FinnGen:

10,000+ metagenomes linked to

electronic health records (Jousilahti et

al., 2024). China Microbiome Atlas:

10,000+ Han Chinese metagenomes

(Liu et al., 2025).

Key findings from these cohorts:

geography and ethnicity explain more

microbiome variation than disease;

industrialization reduces diversity and

depletes fiber- degrading taxa;

population- specific reference data are

needed (Deschasaux et al., 2019;

Gupta et al., 2024). Machine learning on

population cohorts: microbiome features

can predict age (microbial aging clock),

BMI, fasting glucose, blood pressure,

and inflammatory markers with modest

accuracy (R² 0.3- 0.6) (Galkin et al.,

2025; Valles Colomer et al., 2023).

Microbiome risk scores: integrating

microbiome with clinical variables

improves prediction of T2D, CVD, and

all- cause mortality compared to clinical

variables alone (Sharon et al., 2023).

These population resources are the
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foundation for clinical biomarker

development.

2.8 Causal Validation: Animal Models

and Human Interventions

For a microbiome signature to be

clinically useful as a biomarker and to

guide therapeutic interventions,

causality must be established.

Gnotobiotic animal models (germ- free

mice colonized with specific microbial

consortia) are the gold standard for

causal inference (Turnbaugh et al., 2006;

Ridaura et al., 2013). Obesity associated

microbiomes transplanted into

germ- free mice recapitulate obesity

phenotype (increased adiposity, insulin

resistance). Akkermansia

muciniphila supplementation in

diet- induced obese mice improves

metabolic parameters (Plovier et al.,

2017). FMT from diseased to healthy

animals: transferring IBS microbiome to

germ- free mice induces IBS- like

symptoms (visceral hypersensitivity,

altered gut transit) (De Palma et al.,

2017). Transferring ASD microbiome to

germ- free mice induces ASD- like

behaviors (reduced social interaction,

repetitive behavior) (Sharon et al., 2019).

Transferring CRC

associated Fusobacterium nucleatum to

mice promotes colonic tumors (Kostic et

al., 2013).

Human intervention studies provide

direct evidence. FMT for recurrent C.

difficile infection is standard of care,

curing 80- 90% of patients,

demonstrating that altering the

microbiome treats disease (van Nood et

al., 2013). FMT for metabolic syndrome:

FMT from lean donors to obese

recipients improves insulin sensitivity

(Vrieze et al., 2012). FMT for ulcerative

colitis: two randomized controlled trials

showed that FMT induced remission in

30- 40% of patients, compared to 10%

for placebo (Paramsothy et al., 2017).

FMT for immunotherapy response: as

noted above, FMT from ICI responders

to non- responders induces clinical

responses (Baruch et al., 2021; Davar et

al., 2024). Probiotic and prebiotic

interventions: pasteurized Akkermansia

muciniphila supplementation in

overweight/obese humans improved

insulin sensitivity and reduced

inflammation (Depommier et al., 2019).

These causal validation studies

transform microbiome associations from

correlational curiosities to actionable

biomarkers.

2.9 Regulatory Pathways and Clinical

Translation Pathways

The path from microbiome biomarker

discovery to FDA approved clinical test

is long but increasingly clear. FDA

regulatory framework: microbiome
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biomarkers are classified as in vitro

diagnostic (IVD) devices. The FDA has

issued guidance on "Microbiome- based

Diagnostic Tests" (FDA, 2024). Key

requirements: analytical validity

(reproducibility, accuracy, precision),

clinical validity (sensitivity, specificity,

positive/negative predictive value in

intended use population), and clinical

utility (improves patient outcomes).

CLIA laboratory developed tests (LDTs):

many microbiome tests (Viome, Thryve,

Microba, Biohm) are offered as LDTs

(not FDA approved). The FDA is

increasing scrutiny of LDTs; some have

received warning letters (FDA, 2025).

FDA approved microbiome tests:

currently, the only FDA approved

microbiome tests are for specific

pathogens (C. difficile PCR, multiplex

GI panels). No FDA approved test for

microbiome composition as a risk

biomarker exists, though several are in

the pipeline (Sharon et al., 2023).

Colorectal cancer screening: FDA has

designated microbiome CRC tests as

"breakthrough devices" (e.g.,

microbiome based CRC detection, Exact

Sciences). Large prospective trials (N >

10,000) are ongoing. Immunotherapy

response prediction: no FDA approval

yet; commercial tests are LDTs. Pivotal

trials are needed (Zitvogel et al., 2024).

Reimbursement: Medicare, Medicaid,

and private insurers generally do not

reimburse microbiome testing for risk

prediction or screening outside research

settings. Cost- effectiveness analyses are

needed to justify coverage. Barriers to

translation: inter- individual variability,

lack of standardization, insufficient

prospective validation, lack of clinical

utility evidence, and regulatory

uncertainty (Costea et al., 2024). Path

forward: large, prospective, multi- center

cohort studies with standardized

methods, pre- specified analysis plans,

and clinical outcome endpoints;

integration with electronic health

records; and engagement with regulators

early in development (Knight et al.,

2025). The first FDA approved

microbiome risk biomarkers will likely

be for colorectal cancer screening,

immunotherapy response, and T2D risk,

possibly within 3- 5 years.

2.10 Future Directions and Emerging

Technologies

Several innovations will accelerate

microbiome biomarker development.

Metabolomics and metaproteomics:

microbial metabolites (SCFAs, bile

acids, TMAO, indole derivatives) may

be more robust biomarkers than

taxonomy, as they integrate functional

output regardless of which species

produces them (Visconti et al., 2019;
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Wilmanski et al., 2025). Microbial strain

tracking: metagenomics enables

strain- level resolution; certain strains

of F. nucleatum and B. fragilis are more

pathogenic than others (Wirbel et al.,

2024). Culturomics and biobanking:

isolating and preserving microbial

strains from healthy individuals enables

development of live biotherapeutic

products (LBP) for microbiome

restoration (Lagier et al., 2025).

Machine learning and AI: deep learning

models (neural networks, transformers)

applied to metagenomic data predict

disease with higher accuracy than

traditional ML (random forests, SVM)

(Valles Colomer et al., 2023).

Interpretable ML identifies which

microbial features drive predictions

(Galkin et al., 2025). Multi- omics

integration: combining microbiome with

metabolomics, proteomics,

transcriptomics, and clinical variables

improves prediction (Liu et al., 2025).

Longitudinal sampling: repeated

sampling (every 1- 3 months) in large

cohorts will capture temporal dynamics

and enable prediction of disease onset

(Flores et al., 2024).

Point of care diagnostics: portable DNA

sequencers (Oxford Nanopore MinION,

SmidgION) enable real- time

microbiome profiling in clinics, though

accuracy needs improvement (Knight et

al., 2025). CRISPR based detection

(SHERLOCK, DETECTR) for specific

microbial biomarkers (e.g., F.

nucleatum for CRC) offers rapid, low

cost, instrument- free detection

(Gootenberg et al., 2025). At- home

testing: stool collection kits with

barcode registration and return shipping

are increasingly used; compliance is

high (McDonald et al., 2018). At- home

microbiome testing with clinical return

of results and physician integration is

the future of population scale risk

stratification (Sharon et al., 2023).

3. Conclusion

The human gut microbiome has emerged

as a powerful, non- invasive, integrative

biomarker for population health and

disease risk across cardiometabolic

disease, gastrointestinal disease,

neuropsychiatric conditions, and

immunotherapy response.

Microbiome- based risk scores predict

incident disease and treatment response,

and causal validation through animal

models and FMT supports biological

plausibility. However, high

inter- individual variability, lack of

standardization, confounding, and

predominance of cross- sectional studies

limit current clinical translation. The

microbiome is not yet ready for routine

clinical use as a standalone biomarker,

but it is the most promising novel
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biomarker class in a generation. The

path forward requires large prospective

cohorts, standardized methods, machine

learning integration, causal validation,

and regulatory engagement. The first

FDA approved microbiome risk

biomarkers are likely within five years.

4. Recommendations

Based on the evidence synthesized in

this review, the following

recommendations are offered for

researchers, clinicians, funding agencies,

regulators, and public health

policymakers:

1. Standardize microbiome

methods across studies: adopt

consensus protocols for sample

collection (fecal, room

temperature stabilization), DNA

extraction (bead beating, kit),

sequencing (shallow

metagenomics as minimum), and

bioinformatics (CARD,

ResFinder, MetaPhlan4). Publish

negative controls and technical

replicates.

2. Invest in large scale prospective

cohorts with longitudinal

(repeated) stool sampling,

comprehensive clinical

phenotyping (disease outcomes,

medications, diet, lifestyle,

ethnicity), and integration with

electronic health records. Target

n > 10,000 for disease specific

cohorts.

3. Develop and validate

microbiome risk scores for high

priority conditions: colorectal

cancer (combined with FIT),

type 2 diabetes, cardiovascular

disease (TMAO plus taxonomy),

Parkinson's disease (prodromal

screening), and immunotherapy

response. Use pre- specified

analysis plans to avoid

overfitting.

4. Establish causality through

gnotobiotic animal models

(transplant human microbiome to

germ- free mice, recapitulate

disease phenotype) and human

intervention studies (FMT, live

biotherapeutic products,

prebiotics, probiotics). Require

mechanistic validation for

clinical translation.

5. Create regulatory pathways for

microbiome biomarkers. FDA

should finalize

"Microbiome- based Diagnostic

Tests" guidance and require large

(n > 1,000) prospective

validation studies with clinical

outcome endpoints (not

surrogate).

6. Fund multi- omics studies

integrating microbiome with
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metabolomics (SCFAs, bile acids,

TMAO, tryptophan metabolites),

metaproteomics, and host

genetics. Functional biomarkers

may outperform taxonomy.

7. Develop point of care and

at- home microbiome testing

with CLIA oversight, physician

integration, and actionable

clinical decision support (not

wellness direct- to- consumer).

Ensure data privacy and security.

8. Include microbiome sampling in

national health surveys (e.g.,

NHANES, UK Biobank, CHNS)

to generate population reference

data, track secular trends

(industrialization, antibiotic use,

diet shifts), and identify at- risk

populations.

9. Train clinicians in microbiome

literacy including interpretation

of microbiome tests, knowledge

of evidence base (strengths and

limitations), and appropriate

clinical applications (currently: C.

difficile risk, IBS- IBD

differentiation, immunotherapy

response prediction in research).

10. Reimburse microbiome testing

only for FDA approved or

guideline supported indications.

Require cost- effectiveness

analyses demonstrating that

microbiome testing improves

outcomes and reduces costs

compared to standard care.

11. Regulate direct- to- consumer

microbiome tests that claim

disease risk prediction without

clinical validity evidence. The

FTC and FDA should issue

warning letters and require

disclaimers.
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