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Abstract

The human microbiome has been increasingly recognized to have potential use for disease
prediction. Predicting the risk, progression and severity of diseases holds promise to transform
clinical practice, empower patient decisions, and reduce the burden of various common
diseases, as has been demonstrated for cardiovascular disease or breast cancer. Combining
multiple modifiable and non-modifiable risk factors, including high-dimensional genomic data,
have been traditionally favoured but few studies have incorporated human microbiome into
models for prospective disease risk prediction. Here, we review the research into the use of
human microbiome for disease prediction with a particular focus on prospective studies as well
as the modulation and engineering of the microbiome as a therapeutic strategy.
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Introduction

Understanding the interaction of the human microbiome with disease risk and progression is a
critical challenge of modern medicine. This information, in the form of individual microbial
signatures, may have clinical utility through improved disease prediction models, which may
result in better deployment of preventative therapies, better management of disease progression
and better patient outcomes.

Despite an increasing number of studies in this field cataloguing the microbial diversity that
we harbour (Box 1), there are continued challenges for microbiome-augmented disease
prediction. The scarcity of large and prospective microbial metagenomic datasets, the technical
variability in sequencing technologies and pipeline standardisations are important obstacles. In
parallel, complementary machine-learning (ML) and statistical approaches have been
developed to take advantage of various high-dimensional datasets, including metagenomic
(Box 2; Box 3). Identifying the microbial signatures associated with disease depends on myriad
experimental, technical, and analytical factors which all require careful consideration (Table
I; Box 4).

In this review, we present an overview of key recent advances in the use of the human
microbiome for the prediction of future disease events and outcomes. We focus on studies
which assess microbiome dynamics, sources of variation, normalisation, analysis methods,
disease specific applications and the potential manipulation of the microbiome as a therapeutic
strategy to attenuate disease risk.

The dynamics of human microbiomes in health and disease

The integration of human microbiome into a disease prediction framework relies on a robust
characterization of microbes and the dynamics of their perturbations. Understanding how
various commensal microbial communities are structured and vary across individuals is a task
that can still be affected by many experimental and biological biases. Although a “healthy”
microbiome state is complicated to define for multiple body sites and organs, it is generally
characterized by stable and diverse microbial functional communities considered essential for
the overall well-being of the host (Box 1) [1].

Both environmental and host-associated factors influence microbial communities. While the
gut microbiome is characterized by stability and resilience, it is also shaped by host genetic
variation in interaction with diet, medication, lifestyle, and other systemic factors such as
stress, immune and metabolic regulation [2—5]. The external environment itself also has a
primary role in shaping the gut microbiome, particularly during early-life and under various
exposomes [4]. Long-term dietary habits (including intake of protein, fats, carbohydrate,
probiotics, dietary polyphenols and selected diets) have a significant compositional impact on
the gut microbiota, with direct secondary effects on host metabolism and immunity [6]. A
recent study of airway microbiome using sputum samples from adults demonstrated that the
variation of bacterial (particularly through the enrichment of Neisseria) and fungal taxa not
only associated with hazardous exposure, but also mediated the effects of smoking and PM2.5
concentration on the risk of impaired lung function [7]. Person-to-person transmission and
“cohabitation” are also associated with considerable strain sharing of the gut and oral
microbiomes [8].
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Observed perturbations in the microbiota of case-control groups of individuals, sometimes
termed “dysbiosis” in the literature (see debate on its definition in references [9—11]), can be
associated with particular symptomatic phenotypes, as indicated by several cross-sectional
studies. An integrative study of 21,000 faecal microbiomes from worldwide participants of all
ages demonstrated that the depletion of dominant taxa in the microbiome and the increase in
abundance of a specific set of species were largely responsible for unhealthy aging [12].
Variations in the gut microbial composition and function were associated with a wide spectrum
of diseases and clinical outcomes, including cardiometabolic disorders [13—15], hypertension
[16], renal function [17], neuropsychiatric disorders [18-20], cancer [21,22], autoimmune
diseases [23], lung diseases [24,25] and response to treatment [26—28]. Alterations of airway
microbiota, particularly characterized by significantly reduced diversity and colonization by
pathogens, have been associated with almost all respiratory diseases including chronic
obstructive pulmonary disease [29], asthma [30], bronchiectasis [31], cystic fibrosis [32,33],
complications of lung disease such as pulmonary hypertension [34], as well as acute respiratory
illness [35,36], suggesting possible commonalities how the microbiota interacts with the host
in the case of respiratory diseases in general. It should be stressed that while many statistically
robust links are found between microbes and diseases or conditions, microbiota interactions
with their human hosts are very complex. High fidelity studies in the field take extreme care in
accounting and adjusting for possible confounders, but it is not possible to control all sources
of unwanted variation and undetected or uncontrolled confounding can still be present.

Prospective studies and longitudinal sampling are critical for understanding the long-term
impact of microbial variation on health and disease. The overall gut microbiome variation
measured by beta-diversity was shown to be robustly associated with higher all-cause mortality
risk over a 15-year follow-up period in a general population, while alpha diversity was not
associated with incident mortality [37]. Specifically, enriched Enterobacteriaceae in the gut
microbiome at baseline was associated with mortality related to incident gastrointestinal and
respiratory diseases [37]. Using longitudinal samples of skin, oral and gut microbiomes
collected from elderly individuals in nursing facilities, a population more susceptible to frailty,
along with elderly in the community and heathy younger adults, a recent study demonstrated
that the microbiomes in nursing home patients were less stable than those of community
dwellers and healthy younger adults [38]. Increased microbial diversity of oily skin sites and
the gut was also observed along with a reduced oral diversity of the older adults, as compared
to younger adults [38]. While chronological age was not consistently associated with
taxonomic compositions, striking compositional differences were observed in the skin
microbiome between the older and younger adults, and less extensive differentiating features
between groups were also found in the oral and gut microbiomes [38].

Microbiome for prediction of human diseases

While many case-control studies have identified features of the microbiome which differ
between the two groups, it is widely acknowledged in epidemiology that case-control studies
are particularly susceptible to selection biases, confounding and technical artefacts [39]. Large-
scale prospective studies are critical for the construction and validation of risk prediction
models for human disease. Due to the scarcity of such datasets, very few published studies have
focused on the prospective association of microbiome with long-term follow-up of clinical
outcomes. This section summaries recent work in disease prediction using microbiome data
(Box 2), with a focus on studies of future onset of diseases over a follow-up period, studies of
pre-disease characteristics in asymptomatic individuals, and studies based on longitudinal
sampling of microbiota.
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Liver disease

Liver disease imposes substantial health burdens and accounts for millions of deaths per year
worldwide. Increasing body of evidence has demonstrated the discriminatory ability of the gut
microbiome to predict liver diseases and the contribution of the gut microbiome to
decompensation of cirrhosis. The alpha diversity of the gut microbiome was inversely related
to the increase in liver damage severity, while beta diversity showed an initial decrease in
moderate severity and a higher phylogenetic dispersion in severe liver damage, suggesting the
less-diverse and less-stable characteristics of the gut microbiota in non-alcoholic fatty liver
disease (NAFLD) progression [40]. In a study of the association between the gut microbiome
and fatty liver in the general population [41], machine learning models trained on gut
metagenomics features and conventional risk factors of fatty liver can distinguish between
people with high and low risk of fatty liver defined by Fatty Liver Index, with microbial
features mainly belonging to Lachnospirales and Oscillospirales. Machine learning models
based on 16S rRNA sequencing of the gut microbiome features and clinical variables were able
to distinguish between non-NAFLD controls, NAFLD without advanced fibrosis and NAFLD-
cirrhosis [40]. The gut metagenomic and metabolomic features were shown to have comparable
performance in detecting NAFLD-cirrhosis, and combining gut microbiota, metabolites and
clinical features further improved diagnostic accuracy for detecting NAFLD-cirrhosis across
genetically and geographically distinct cohorts, as well as differentiating cirrhosis from fibrosis
[42].

Prospective studies with long-term follow-up have provided new evidence on the predictive
ability of gut microbiota for future onset of liver diseases. The gut microbiome has been shown
to predict the prospective risk of incident liver disease in up to 15 years in a study based on
shallow shotgun metagenomics and electronic health records in a large population-based cohort
[43]. Machine learning models based on baseline gut microbial features demonstrated
prediction ability for both incident alcoholic liver disease and a broader range of general liver
disease, with comparable performance to conventional prediction models and clinical non-
invasive tests for liver disease. Furthermore, the gut microbiome showed additive predictive
power to clinical risk factors of liver disease, and improved risk stratification for disease-free
survival. The predictive microbiome features for incident liver disease included previously
reported bacterial taxa associated with liver damage, alcoholism, intestinal permeability,
lipopolysaccharide (LPS) and endotoxin production, bile acids, and bile salt hydrolase activity.
In a community-based cohort study [44], machine learning models combining baseline gut
metagenomic and serum metabolomic features were predictive of new-onset NAFLD during
follow-up of 4.6 years, with higher performance than clinical prediction models. The
discriminant ability of microbial features was externally validated in case-control cohorts of
various ethnicities. Models based on functional pathways of gut microbiota can distinguish
fibrosis deterioration from non-NAFLD, while models combining gut microbial compositions
and pathways, serum metabolites and clinical features are further used to classify different
degrees of steatosis.

Respiratory disease

Although the gut-lung axis has been increasingly described, the predictive role of the gut
microbiota in respiratory diseases is only beginning to be understood [45]. Chronic obstructive
pulmonary disease (COPD) is a leading cause of death globally and, together with asthma,
represent the most common chronic respiratory diseases. In 2020, the association between the
gut microbial changes and COPD was reported for the first time [25]. Using 16S rRNA gene
sequencing, researchers found distinct gut microbiome and metabolome between well-defined
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COPD patients and healthy controls according to clinical standards, with a highlight on
enriched Streptococcus spp. in COPD patients. Later, it was shown that the gut microbiome
was predictive of future onset of COPD and adulthood asthma over a 15-year follow-up in a
general population [43]. Baseline gut microbiota characterized by shallow shotgun
metagenomic sequencing were found to be associated with future risk of developing asthma
and COPD, including enriched Streptococcus sp000187445 in individuals who later developed
COPD and lower baseline alpha diversity in individuals who later developed asthma in
accordance with previous findings [24,25]. Machine learning models demonstrated that
baseline gut microbiome is predictive of future COPD and asthma, with higher predictive
performance than individual conventional risk factors and added value to complement
conventional factors.

Early-life microbiota in both respiratory tract and the gut have been associated with later onset
of respiratory diseases [46]. The gut microbiota in pre-school children aged 2-4 years who
wheeze regularly are associated with childhood asthma developed over follow-up until age 6,
with increased abundance of genera Gemmiger and Escherichia being associated with higher
risk of incident childhood asthma [47]. Longitudinal sampling of the gut microbiome in infants
at months 2 and 12 using 16S rRNA sequencing demonstrated the protective effect of early-
life gut microbial maturation on childhood asthma [24]. The microbial maturation, measured
by an “estimated microbiome age” (EMA) in healthy individuals, was associated with reduced
risk of asthma and lung function impairment at month 12, and was positively affected by farm
exposure. The asthma-protective effect was contributed by butyrate-producing bacteria,
particularly Roseburia and Coprococcus, and the gene encoding a major enzyme for butyrate
production [24]. The impact of microbial maturation on incident asthma was also confirmed in
another prospective longitudinal study, which showed that the impaired maturation of
microbiota in infants was associated with increased risk of developing asthma at school age
[48].

Diabetes mellitus

Alterations in the gut microbiota, especially decreased butyrate-producing bacteria, have been
associated with pre-diabetes, insulin resistance, and type 2 diabetes independent of antidiabetic
drugs [28,49]. The shifts in gut microbial composition in parallel with changes in functional
pathways are related to altered glycemic status in prediabetes and diabetes-treatment-naive
T2D [49]. Furthermore, people with prediabetes exhibit distinct changes in gut microbiota in
response to exercise intervention in terms of glucose homeostasis and insulin sensitivity,
indicating the potential role of gut microbiota in mediating the effects of exercise on diabetes
prevention [50]. Disturbed functional profile and metabolic pathways of the gut microbiome
have been found in children with new-onset type 1 diabetes (T1D) [51]. Machine learning
models based on gut microbiome features, particularly butyrate-producing bacteria and
opportunistic pathogens, showed discriminatory power for T1D, with further improved
discriminatory performance by adding fecal metabolites features. In longstanding T1D,
deviations in gut microbial composition and metabolic pathways have been observed and
associated with host glycemic control [52,53], where the compositional variations are largely
explained by age, HbAlc levels and duration of diabetes [53].

The evidence of the predictive ability of the gut microbiome for future onset of diabetes is
emerging. A study with longitudinal follow-up in a general population demonstrates that the
gut microbiome genera of infants at 1 year of age can distinguish individuals who develop
future T1D up to 20 years later from those who do not [54]. Seventeen core distinct genera
including Ruminococcus, Alistipes and Fusicatenibacter and ten core ASVs including



236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285

Agathobacter-434, Lachnospira-5640 and Anaerostipes-747 are identified as the strongest
microbial signatures differentiating future T1D cases from controls. Gut microbiota have been
shown to be prospectively associated with incident glycaemic traits and T2D over 3-year
follow-up in a geographically diverse population, and taxa associated with incident risk of T2D
have cross-sectional associations with dietary and lifestyle factors [55]. In another study of
new-onset T2D during a median follow-up of 60 months, gut microbial features showed higher
prediction performance than clinical variables comprised of the FINDRISC and ADA scores,
and adding clinical variables to the gut microbiome further improved the performance within
internal validation [56]. A T2D risk score developed from the most predictive taxa in the models
were related to different groups based on oral glucose tolerance test-derived indices for insulin
resistance, such as HOMA-IR and HIRI [56]. In a large population-based cohort with gut
microbiome and long-term follow-up of health outcomes, baseline gut microbiome has been
associated with new-onset T2D in up to 18 years [57,58]. Four species of the baseline gut
microbiota, including Clostridium citroniae, C. bolteae, Tyzzerella nexilis and Ruminococcus
gnavus, have shown consistent positive association with incident T2D across two
geographically and genetically separate regions over 15.8 years of follow-up [57]. Gut
microbiome species clustered by proportional abundance have also displayed similar patterns
and mostly consistent taxon membership between the two regions [57]. In the same cohort,
machine learning models trained on baseline gut microbiome showed moderate predictive
capacity for new-onset T2D over a median follow-up of 17.8 years, and the gut microbiome
risk score was significantly associated with incident T2D, independent of polygenic risk score
(PRS) and strong conventional predictors including BMI, glucose level, and family history
[58]. In pregnant women without history of diabetes, the gut microbiome profiles during the
first trimester of pregnancy can differentiate between women who would and would not
develop GDM according to diagnosis during the second trimester [59]. The gut microbiome in
women would later develop GDM is characterized by the depletion of several taxa of the gut
microbiota, particularly decreased abundance of Prevotella replicated in mouse models, lower
levels of short peptides in stool metabolome, and differentially abundant metabolic pathways
associated with insulin resistance and inflammation. Furthermore, externally validated
machine learning models based on gut microbiome composition and clinical variables collected
during the first trimester of pregnancy can predict GDM onset a few weeks later.

Inflammatory bowel disease (IBD)

Although the link between gastrointestinal diseases, particularly inflammatory bowel diseases,
and the deviation of gut microbiota has been evident in case-control studies and in vivo
validation [60,61], the predictive role of the gut microbiome preceding disease onset is rarely
explored. In a large prospective cohort of Crohn’s disease in subjects of multiple nationalities,
the impaired gut barrier function in healthy first-degree relative of patients with Crohn’s disease
has been associated with changes in gut microbial composition including increased
Colidextribacter and decreased Adlercreutzia, Clostridia UCG 014 and Clostridium sensu
stricto, as well as changes in functional pathways [62]. The microbiome risk score developed
using machine learning models of baseline gut microbial genera and covariate variables are
predictive of new-onset Crohn’s disease in up to 5 years later within internal validation, with
top contributing taxa being genera from families Oscillospiraceae and Lachnospiraceae [63].
Furthermore, the microbiome risk score is associated with prospective risk of Crohn’s disease
independent of subclinical gut inflammation, while most of the healthy first-degree relatives
with presence of gut inflammation at baseline remained asymptomatic over a mean follow-up
of 6 years [63].

Neurologic and psychiatric disorders
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Increasing evidence has suggested that the role of the gut microbiome in the pathogenesis of
brain disorders such as autism spectrum disorder (ASD), Parkinson disease, and Alzheimer’s
disease via the gut-brain axis [64]. The gut microbiota has different abundances according to
ASD diagnostic status in children, and the ASD-associated microbiome was mediated by
dietary diversity [65]. Children with ASD displayed different microbial communities from
those of age-matched and sex-matched neurotypical control, with metabolic capacity similar
to diet association patterns [19]. In the prodromal period of Parkinson disease, the alteration of
gut microbiome compositions such as depletion of butyrate-producing bacteria and
overabundance of pro-inflammatory bacteria shows shifts in parallel with the progression from
REM sleep behavior disorder (RBD) to early Parkinson disease, while the functional pathways
show an increasing trend from healthy control, first-degree relatives of RBD, RBD to early
Parkinson disease [66]. Cognitively normal people aged 60-94 years with preclinical
Alzheimer’s disease (beta-amyloid positive) exhibit different gut microbiome compositions or
pathways as compared with healthy control [18], indicating the potential role of the gut
microbiome early in the development of Alzheimer’s disease. It was also demonstrated that
adding gut microbiome features slightly but significantly improved the discriminatory
performance of machine learning models over clinical and genetic biomarkers in distinguishing
preclinical stage of Alzheimer’s from healthy control.

Other diseases

Gut microbiome perturbations have been linked to many other conditions and diseases,
including cardiovascular disease and cancers. Both gut microbiome and metabolome were
shown to distinguish individuals with ischemic heart disease (IHD) from healthy controls [15],
and microbiome composition has been associated with new-onset of incident atrial fibrillation
over a median follow-up of 15 years [67]. In a prospective population-based cohort, the gut
microbiome showed improved prediction over conventional risk factors for new-onset prostate
cancer during ~18 years of follow-up [58] and was associated with prostate cancer risk
independent of age, polygenic risk score, cancer family history, BMI and lifestyle factors. A
longitudinal study of 60 multiple sclerosis patients demonstrated that the baseline gut
microbiome had moderate predictive performance for disease progression and a larger
predictive contribution than clinical variables when combining both factors, although external
validation of the models was warranted [68]. The alterations in gut microbiota and microbial
metabolites have been also associated with colorectal cancer [22]. Interestingly, the oral
microbiome has showed moderate discriminatory capacity for colon cancer in both
retrospective and prospective analyses [69]. In a prospective longitudinal study of paediatric
allergic diseases including atopic dermatitis, asthma, food allergy and allergic rhinitis, delayed
gut microbiome maturation measured by microbiota-predicted age in infants was present across
all children who later developed allergic diseases at age 5 and uniformly associated with higher
risk of allergic diagnoses as well as dysregulated functional pathways [48]. Tumour
microbiomes have shown to be predictive of cancer prognosis and response to chemotherapy
in multiple cancers, and potentially have added discriminatory power over clinical covariates
[70]. Microbial signatures uniquely present in different breast cancer subtypes suggest their
diagnostic and prognostic potential as biomarkers [26].

Novel therapeutic strategies

A growing body of evidence indicates that the gut microbiome modulates both therapeutic and
adverse effects of current treatment of diseases through bidirectional interactions [71]. In a
study of the gut microbiome in cancer patients treated with neoadjuvant immunotherapy in a
homogenous trial population cohort across two continents, compositional and functional
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changes in the gut microbiome were found to be associated with pathological response and
toxicity. Specifically, enrichment in Faecalibacterium prausnitzii, Butyricicoccus
pullicaecorum and Akkermansia muciniphilia were associated with pathological response, and
reduction of beneficial metabolic pathways, including butyrate production, purine degradation,
vitamin B and amino acid synthesis, were associated with adverse outcome group. Importantly,
they identified that enrichment in taxa associated with higher fiber consumption were
associated with higher rates of therapy response, indicating potential utility of the gut
microbiome in improving treatment outcome [26]. Common medication such as proton pump
inhibitors (PPIs), metformin and laxatives were found to be associated with alterations in gut
microbial taxonomies and pathways, where association between metformin and functional
changes of the gut microbiome was mainly attributed to Escherichia coli [2,4].

The modifiable nature of the microbiome and environmental exposure presents opportunities
for discovering novel preventative, diagnostic and therapeutic approaches [4]. In a double-
blind, randomized, placebo-controlled clinical trial, oral administration of SER-109, an
investigational oral live microbiome therapeutic composed of purified Firmicutes spores, is an
efficient treatment for reducing the risk of recurrent Clostridioides difficile infection with no
serious adverse events [72]. Patients with recently diagnosed T1D who have received
consecutive treatments of faecal transplantation have shown gut microbiota-driven effects on
residual beta cell function accompanied by alterations in gut microbial composition and plasma
metabolites [73].

Multi-omics profiling can provide new evidence on the underlying heterogeneity of complex
diseases. The integration of faecal- and serum-based omics has demonstrated potential
pathways for interactions between functional aberration of microbiota and common diseases,
opening a new avenue for the development of novel treatment strategies. In a study integrating
proteomics, metabolomics and metagenomics, overproduction of Bacteroides proteases was
found to be associated with higher clinical severity and disease activity in ulcerative colitis
patients, while administration of protease inhibitor in mouse models showed protective effects
on colonic epithelia. Furthermore, overt colitis was induced in germfree mice that received a
transplant of protease-abundant faeces from UC patients, which was not present in mice
receiving faeces without an abundance of Bacteroides proteases [61]. Prediction models
combining gut microbiome and metabolite profiles were shown to have higher diagnostic
power for NAFLD in non-obese people than the widely used non-invasive test FIB-4 for liver
fibrosis according to current guidelines [14], strong discriminatory performance for
distinguishing Crohn’s disease activity [23], predictive ability of new-onset T1D [51]. Despite
these promising studies, the use of in vivo and animal models to move beyond association and
towards causal relationships, e.g. to build an evidence base for the causal effect of specific
microbes or set of microbes on disease outcomes, is still very rare and the available literature
limited. In the meantime, functional genomics and metagenomics approaches can flag
interesting candidates to prioritise while moving to functional validation, whether in animal
models or clinical trials. While functional profiling of microbiomes provides valuable insight
into biomolecular mechanisms of disease-related microbial perturbations, taxonomic profiles
have generally showed better performance of disease prediction. In a recent study, multi-view
machine learning models trained on taxonomic, gene-family, metabolic pathway and
metabolite profiles using an integration approach were assessed for prediction of multiple
diseases [74]. Single-view models based on one source of profiles showed different
performance across diseases, and overall taxonomic abundances tend to outperform other
profiles. Although the multi-view models showed similar performance to the best single-view
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models, the intermediate multi-view integration approach further provided a mixed set of
features contributing to disease prediction.

Concluding Remarks and Future Perspectives

Prediction models built from population-wide electronic health records and multi-omics data
could be employed to leverage and uncover unknown links between asymptomatic microbial
signatures before diagnoses are made and complex diseases are developing. As such, the human
microbiota is starting to be considered as an integral part of a broader biological framework
that includes genomic and environmental disease risk predictors (often grouped under the term
of “conventional risk factors”), with the notable exception that the microbiota can theoretically
be modifiable using probiotics, dietary changes, or active engineering through faecal
microbiota transplantation (FMT), with an emphasis currently being made in the field of
‘culturomics’ and the suggestion that personalized biobanks of cultured microbial organisms
could be used to potentially alleviate disease in different people [75,76]. Finally, microbiome
precision medicine will never be complete until the challenge of global representativity of host-
microbiome knowledge is addressed, as current microbiome datasets, as well as the knowledge
on disease progression itself, are still biased towards high-income European or North American
populations [77]. Overall, substantive progress has been made in advancing microbiome
research that enriches our understanding of disease risk and progression and, if ultimately
successful, offers a new predictive and aetiological dimension to precision medicine.
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Glossary (304/450 words)

Microbiome: A recent clarification in 2020 by Berg et al. [78] proposes that a “microbiome”
can be defined as a characteristic microbial community “in a reasonably well-defined habitat
which has distinct physio-chemical properties” as their “theatre of activity”. More precisely, a
microbiome can be defined as encompassing both a “microbiota”a (or a community of
microorganisms such as bacteria, archaea, fungi, protists, algae), their associated “activity”
which includes microbial structural elements (proteins, lipids, polysaccharides, nucleic acids)
and internal/external structural elements (environmental conditions, microbial metabolites,
signalling molecules, toxins, mobile genetic elements, etc.)

Disease prediction: the use of statistical or machine learning models to estimate the likelihood
of an individual developing a specific medical condition or disease in the future. This is often
based on a variety of factors, including genetic markers (often polygenic), lifestyle choices,
environmental exposures, and as shown here, microbiome function and compositions. One goal
can be to identify high-risk individuals for preventive interventions or more intensive
monitoring, thereby facilitating early diagnosis and effective treatment.

Metagenomic classification: the process of bioinformatically identifying and categorizing
microbial taxa or functional genes within a complex metagenomic sample, based on their
genetic sequences. It is typically achieved through computational methods (e.g. Kraken2,
KrakenUniq, Metaphlan, CCMetagen, etc.) which compare the sequenced genetic material
against known databases of taxonomically referenced taxa.

Microbiome engineering: it refers to the deliberate manipulation of microbial communities to
achieve specific functional outcomes. Except a few notable examples, this field is still largely
theoretical or confined to in vitro studies, but aims to employ a range of techniques including
but not limited to probiotics, dietary interventions, and faecal microbiota transplantation (FMT)
to modulate the microbiota. Advanced methods may also involve gene editing and synthetic
biology. The objective is to optimize the microbiome for various applications, such as health
improvement, but also environmental remediation, or industrial processes.
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Boxes 1-4

Box 1. Diversity of the “healthy” human microbiomes

Of all microbial niches in humans, our gastrointestinal tract is particularly rich in microbial
diversity due to its nutrient availability [79]. The gut microbiome supports metabolism and
immunity [3,80,81] by producing essential vitamins that we do not produce [82], generating
carbohydrate-active enzymes [83], and regulating both the immune system [3], afferent sensory
pathways [84], and endocrine functions [85]. The gut microbiota changes drastically during the
first year of life and turns into a stable state around the age of three, when the composition and
diversity resemble those of adults [79]. It is primarily dominated by two phyla, Firmicutes and
Bacteroidetes, which together make up more than 90% of the microbial community; with the
remainder largely represented by the Proteobacteria, Fusobacteria and Verrucomicrobia phyla
[86]. The oral microbiome is second in terms of microbial abundance and diversity [87] and
encompasses the first microbial communities to interact with ingested substances, maintains
local health and plays a role in systemic diseases [87,88]. Unlike the gut's stable environment,
the oral microbiome experiences fluctuations throughout life, influenced by factors such as
diet, hygiene practices, medication, and lifestyle habits like drinking and smoking [88]. The
oral microbial community is mainly composed of six phyla, including Actinobacteria,
Bacteroidetes, Fusobacteria, Proteobacteria, Spirochaetes and Firmicutes, with site-specific
representative taxa [87]. The airway microbiome interacts with environmental pollutants to
influence respiratory health and serves as a gatekeeper against potential pathogens in the upper
respiratory tract [7,89]. The upper airway microbiome is diverse, primarily due to its frequent
exposure to environmental and external microbes. It is mainly composed of Firmicutes,
Actinobacteria, Proteobacteria, and Bacteroidetes [90]. The lower airway microbiota is less
studied, partly because of the invasive procedures required for sampling and the risk of
contamination [91]. It is generally thought to maintain a low biomass to ensure effective gas
exchange [91]. The skin microbiome strengthens the epithelial barrier function and helps the
immune system tolerate commensals [38,92]. It starts colonizing immediately after birth and
undergoes a significant shift during puberty, influenced by hormonal changes. In adulthood, it
is predominantly made up of Actinobacteria, Firmicutes, and Proteobacteria and remains
relatively stable, even with environmental changes [92,93].

Box 2. Analysis methods for disease risk prediction using metagenomics data.

Machine learning
Advanced analytical approaches, particularly machine learning, have been empowered by the
rapidly growing volume of the biomedical data. Broadly speaking, the two main machine
learning paradigms implemented in microbiome studies of human diseases are supervised
learning and unsupervised learning [94,95]. Supervised learning has been most used for disease
prediction tasks. For example, supervised learning models can be used to learn the relationship
between microbial features and disease phenotypes in a cohort where individuals’ disease
statuses of are known (or data are “labelled”) and predict unknown disease statuses of
individuals from another cohort using their microbiome data. Unsupervised machine learning
uses unlabelled metagenomics data to discover underlying patterns of the data (e.g., clustering
of microbiota or samples, network analysis and dimension reduction).

Microbiome risk score
A predicted risk score of diseases based on the microbiome data, which is often referred to as
a microbiome risk score, can be derived from machine learning models. Random forests and
penalized logistic regression are among the most widely used supervised learning approaches
to microbiome-based disease prediction [48,63]. When developing the microbiome risk scores,
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it is crucial to ensure that the data used to train the model is separate from the data used to
evaluate the performance of the scores (Box 3). The predictive capacity of the microbiome risk
score is often assessed using Cox’s proportional hazards regression models adjusting for
covariate variables.
Mendelian randomization

As observational study designs and disease prediction tasks cannot adequately address
questions of causality, Mendelian randomization (MR) has been increasingly applied to make
causal inferences in microbiome studies [5,96,97]. MR uses genetic variations to assess causal
relationships between exposure variables (e.g., microbial traits) and the outcome of interest
(e.g., diseases) based on instrumental variable (IV) analyses. Usually, IVs of microbial traits
are implemented as single-nucleotide polymorphisms (SNPs) associated with microbiota,
which are often selected based on summary statistics of large-scale microbiome genome-wide
association studies (mGWAS) with specific filtering criteria.

Box 3. Development of disease prediction models

Ideally, the implementation of machine learning in disease prediction problems involves three
phases: training, testing, and external validation. The main cohort for studying the disease are
used to train the model, which is often done with cross validation or analogous procedures for
model selection and optimization. Feature engineering can be applied to the training data to
improve the performance and efficiency of the model. The performance of the model, or how
well the model predicts disease traits in unseen data, is then evaluated in testing data, which
can be an independent dataset or a subset of the main cohort exclusive of the training process.
In some designs, the testing process is part of the cross-validation procedures. Whenever
feasible, the model should also be tested on new suitable data from external studies for
validation. Since the external studies are often based on samples that are geographically,
culturally and/or genetically distinct from those used for main study, the external validation
thus assesses the model’s performance in a specific setting and the model’s performance might
vary. There are various metrics for assessing the performance of machine learning models, with
the most popular metrics for disease prediction problems being area under the receiver
operating characteristic curve (AUROC, or more often AUC), the area under precision-recall
curve (AUPRC) and R-squared.

Box 4. Technical bias and controls in microbiome studies

Technical variations in microbiome studies can arise at multiple stages, from sampling to data
generation and bioinformatics. Inadequate initial collection can yield unrepresentative samples
[98], while storage conditions can introduce further variability [99,100]. DNA extraction
processes may favour certain taxa due to bacterial cell structure differences, affecting lysis
efficiency[101]. Experimental reagents may also carry their own contaminants, or “kitome”
[102]. Although central to 16S rRNA studies, PCR amplification with 'universal' primers can
be misleading, as these primers aren't truly universal and taxa may have varying gene copies
[103]. Different sequencing platforms also minimally contribute their own biases, affecting
data quality [101,104]. These issues are particularly pronounced in low-biomass microbiomes
like blood or placenta, fueling debates about their stable existence [102].-Finally, downstream
analysis tools and inappropriate statistical methods can introduce additional biases [105].
While bioinformatics tools have been developed to correct batch effects in microbiome data
(Table I), it is worth noting that many tools were initially developed for transcriptomics and
work best when biases are not highly correlated with true biological signals [106,107].
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Despite their importance in data normalization, controls are inconsistently used in microbiome
research. In a 2018 study, only 30% of 265 selected microbiome studies used negative controls,
and a mere 10% used positive controls [108]. This lack of standardization could be due to
various factors such as cost, unavailability of controls, or simple unawareness of their
importance. Several studies have conducted experimental assessments of technical biases using
mock communities [109], revealing how different experimental steps can influence the results
[110-112]. While mock communities have been suggested for normalization, their application
has remained limited by technical constraints and additional analyses [113]. Blank samples,
which contain no genetic material, have been used as negative controls to identify various
possible contaminations, especially in low-biomass samples. However, there is a lack of
standards and effective methodology to incorporate these blank samples as standard controls,
and their incorporation in various studies varies. Spike-ins of known microbial DNA have been
investigated as a possible positive control approach, and suggested for normalization [114,115].
Originally developed for single-cell RNA sequencing (scRNAseq) studies, spike-ins have
proven useful in separating technical artifacts from true biological differences [116,117].
Translated into microbiome research, studies using spike-ins have included bacterial species
unlikely to be found in the gut, such as extremophiles Salinibacter ruber and Alicyclobacillus
acidiphilus [118]. Additionally, synthetic spike-ins with minimal identity to existing bacteria
have been developed to increase sensitivity in detecting cross-contaminations [103,119,120].



578  Table I, Box 1. Computational reduction of technical biases in microbiome data.
Utility Package Feature References
To estimate surrogate variables | sva . Particularly useful when the variables causing batch effects are [107]
and remove unwanted variations unknown.
during differential expression (or Offers a direct batch-correction function, ComBat, based on the Empirical
relative abundance) analysis Bayes method, but it requires pre-specified variables
limma Function removeBatchEffect is similar to ComBat for linear batch- | [121]

correction
To correct batch effects by RUVSeq . Functions RUVg and RUVs for estimation based on negative [122]
estimating unwanted variations control genes and samples, respectively, and RUVr for estimation utilizing
on the basis of existing negative residuals from first-pass generalized linear model (glm) regression
control measures using Remove This approach is particularly effective when stable negative controls, like
Unwanted Variation (RUV) housekeeping genes in transcriptomics, are available. However, such
methods stable controls are generally lacking in microbiome data due to the

complexity of taxonomic variation across different conditions. In such

cases, spike-ins can serve as 'control taxa.' Variants of this approach,

including RUV2, RUVIII, and RUV4, offer additional flexibility. RUV?2

and RUV4 use known negative controls, while RUVIII also incorporates

replicate information and returns an adjusted data matrix. An enhanced

version, RUV-III-NB, designed for compositional single-cell RNA

sequencing data, has been validated for metagenomics.
To examine differential relative | metamicrobiomeR |e Handles the highly sparse data using Generalized Additive Models | [123]
abundances and evaluate the for Location, Scale and Shape (GAMLSS) along with a zero-inflated beta
overall effects and heterogeneity (BEZI) family.
across microbiome studies Designed with 16S rRNA amplicon data in mind.
To assess differentially abundant | BDMMA Utilizes Bayesian Dirichlet-multinomial regression to model associations | [124]
taxa adjusting for batch effects between microbial taxa with phenotypes of interest, batch effects and
in shotgun metagenomics data dependence among microbial taxa simultaneously.
To remove batch effects in zero- | ConQur Use two-part quantile regression non-parametrically models the underlying | [125]

inflated and
microbiome data

over-dispersed

distribution of the observed value from each taxon and sample, from which
adjustments for key variables and covariates were done and batch effects
were removed based on a relative reference batch
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