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Despite the enormous progress made in microbiome research, a
comprehensive and universally accepted framework for identi-
fying healthy microbiome biomarkers remains elusive. Defining
what constitutes a "healthy" gut microbiome is not an easy task
due to its complexity and dynamic nature. Historically, the quest
to define a healthy microbiome has centered on identifying bio-
markers like microbial diversity and the Firmicutes-to-
Bacteroidetes (F/B) ratio, based on the assumption that these
factors correlate with optimal health (Fig. 1A). While this notion
is intuitively appealing, it has proven more complex in practice.
These traditional approaches have been found unreliable as in-
dicators of health, as they are often more closely associated with
other traits like diet and lifestyle>. However, in the search for a
healthy core microbiome, we have come to recognize its pro-
found importance in human health, influencing everything from
digestion and metabolism to immune function and even mental
health.

Regardless of these complexities, there is compelling evi-
dence that the microbiome plays a fundamental role in regu-
lating human health. This suggests that underlying rules and
mechanisms govern its influence on our physiological pro-
cesses. Understanding these mechanisms could provide crucial
insights into how the microbiome contributes to health and
disease, reinforcing the idea that it is integral to our overall
well-being.

1. The limits of traditional approaches: abundance,
taxonomy, and cohort-specificity

The earliest attempts to define a healthy microbiome were based on
taxonomic metrics, including microbial diversity indices and the
abundance of specific taxa (Fig. 1A). A hallmark of these methods
was the assumption that higher microbial diversity or specific taxo-
nomic groups indicated a "healthy" microbiome. However, these
approaches have consistently fallen short for several reasons.

Firstly, microbial diversity is highly influenced by dietary
patterns. For example, individuals adhering to plant-based diets
often exhibit higher levels of microbial diversity compared to
those with omnivorous diets. Moreover, a high degree of microbial
diversity does not necessarily guarantee that taxa producing
harmful metabolites or contributing to systemic inflammation are
outcompeted by the microbial community. Furthermore, tradi-
tional taxonomic profiling methods, such as 16S ribosomal RNA
sequencing (16S rRNA sequencing), are often limited by their
resolution to genus or species level. It lacks the resolution needed
to distinguish microbial strains or identify SNP level variations,
which are crucial for understanding the functional diversity of
microbial communities (Fig. 1A). Large cohort studies such as the
Human Microbiome Project (HMP) subsequently determined that
there is no singular, universal microbiome composition that is
considered "normal" across all individuals in terms of taxonomy®.
As implied in this recent advance, health is likely associated with
functional outcomes driven by microbial interactions rather than
the mere presence or absence of specific species.

Furthermore, cohort-specific findings across studies have
added another layer of complexity. The variability in microbiome
composition, influenced by factors like lifestyle, genetic back-
ground, and geographic location, makes it difficult to generalize
findings from one cohort to another (Fig. 1B). For instance, a
microbiome profile associated with good health in a Western
population may not resemble the profile in a rural, non-
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Figure 1  Evolution of microbiome research. (A) Initial stage: Focusing on a single cohort, this stage employs genomic methods such as 16S
rRNA gene sequencing to pinpoint microbial markers linked to diseases (utilizing a single cohort and one technology). (B) Development stage: At
this stage, data from various omics layers—metagenomics, transcriptomics, proteomics, and metabolomics—are integrated to gain a holistic view
of microbial community structure and function. Interactions among different microbial components, including microbe-host and microbe-
environment, are analyzed. Studies track the microbiome’s dynamic changes over time to understand its health and disease implications (in-
volves a single cohort, one disease, and multiple technologies). (C) Advanced stage: Cross-cohort validation strengthens the diagnostic precision
and reliability of biomarkers. Cross-disease and population studies facilitate the identification of a universal core microbiome, encompassing
conditions affecting the heart, metabolic systems, brain, and respiratory tract. High-precision technologies like long-read sequencing and single-
cell sequencing are employed for in-depth species or strain-level research (engages multiple cohorts, various diseases, and a range of technol-
ogies). (D) Future trends: Technological advancements, including new sequencing technologies such as spatial transcriptomics and bioinformatics
tools, will enhance microbiome data analysis, potentially incorporating Al. Future work aims to establish causal links between the microbiome

and health. Personalized microbiome-host matching for clinical applications will be pursued (aims for personalized medicine).

industrialized cohort. This challenge has made it difficult to
establish universal biomarkers that are valid across different en-
vironments and populations, further complicating efforts to define
a "core" microbiome that universally signals health.

2. Technological and methodological advances: moving
beyond taxonomy

In response to these challenges, the field has begun to shift from
taxonomic classification to functional and strain-resolved analyses,
providing a more precise understanding of microbial communities.

The concept of "core microbiomes" has evolved alongside
these advancements. Rather than focusing solely on taxonomic
annotations, researchers now emphasize the functional capac-
ities of microbial communities—specifically, the core micro-
bial functions essential for host health. Recent work by Wu
et al." introduced the "Two Competing Guilds" (TCGs) model:
one responsible for beneficial functions such as fiber fermen-
tation and butyrate production, and the other enriched in
virulence factors and antibiotic resistance genes. This dualistic
framework offers a promising perspective to universally
conceptualize a healthy microbiome, where the balance

between these two guilds could serve as a functional
biomarker for health (Fig. 1C). Rather than reducing this
balance to a single coefficient or index, Wu et al." utilized
random forest models trained on multi-cohort datasets to
identify biomarkers representing a healthy "core microbiome".
The random forest model utilizes the core microbiome
signature as input features to classify subjects into case and
control groups and to foresee outcomes of therapeutic in-
terventions. Moreover, the use of high-quality metagenome-
assembled genomes (HQMAGs)*, which provide near-strain-
level resolution, allows for more accurate and reproducible
analyses, circumventing some of the limitations of earlier
sequencing technologies.

3. The path forward: A comprehensive framework for
defining a healthy microbiome

Given the complexity and variability of the microbiome, a single
biomarker or simplistic abundance measure might be insufficient
to define a healthy microbiome. Instead, a more sophisticated
approach is required—one that integrates multiple layers of data
and accounts for both microbial composition and function. Such a
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framework must also prioritize uncovering the causal relationships
between the microbiome and health, providing deeper insights
into how microbial communities contribute to, or detract from,
well-being.

3.1.  Strain-resolved analyses

We believe it is crucial to analyze the microbiome at the strain-
resolved or even higher resolution. The fecal microbiota trans-
plantation (FMT) study revealed that strain-level variability, rather
than species compositions, determined the colonization success in
the patients. Therefore, understanding the strain-level variability
within those species is critical for capturing the potential of
microbial functionality. This new study' has further demonstrated
the importance of higher resolution in understanding microbial
interactions and their health implications. Also, the influence of
human genetic variation on the gut microbiome is reported at the
strain level, underscoring the necessity for strain-resolved analysis".

3.2.  Multi-omics integration

A significant advancement in microbiome research, prominently
showcased by the second phase of the Human Microbiome Project
(HMP2), is the simultaneous profiling of both host and micro-
biome multi-omics data®. This dual-layer integration, which
combines metagenomics, transcriptomics, metabolomics, and
proteomics across both host and microbial profiles, offers
unprecedented insights into host-microbiome interactions
(Fig. 1B). By analyzing these layers together, HMP2 allows re-
searchers to connect microbial activity directly with host biolog-
ical responses, revealing how shifts in the microbiome influence
health and disease at a molecular level.

This concurrent profiling is especially valuable in uncovering
disease mechanisms, as it enables the identification of specific mi-
crobial metabolites and pathways that correspond to host
immune responses and metabolic changes. For instance, multi-omic
analyses of Streptococcus demonstrated its association with the host’s
WNT signaling and the NF-«kB pathway in colorectal cancer (CRC)
and macrophage inflammatory responses in irritable bowel syndrome
(IBS)’. This indicates that the same microbes can impact various
pathophysiological processes by associating with different host genes
in each disease. This integrated approach provides a comprehensive
framework for understanding complex host-microbiome dynamics,
moving beyond isolated microbial or host data.

3.3.  Cross-cohort validation and generalizability

Cross-cohort validation is essential for ensuring the robustness and
generalizability of microbiome biomarkers. As we mentioned
above, there are universally applied characteristics in the human
microbiome, such as enterotype and TCGs'®. The ability to
reproduce findings across diverse populations, environments, and
diseases is a critical step toward developing universally applicable
biomarkers. Cohort diversity in microbiome studies is necessary to
account for the complex interactions between host genetics, diet,
lifestyle, and environmental factors (Fig. 1C). The public avail-
ability of large datasets, such as HMP and those from disease
cohorts, will facilitate the validation, allowing for identifying
generally applicable biomarkers.

3.4. Artificial intelligence (Al)-based causal inference methods

Determining causal relationships between specific microbes and
diseases is straightforward in well-designed experiments based on
Koch’s postulates, such as Helicobacter pylori and gastric ulcers,
Human papillomavirus (HPV) and cervical cancer, Enterobacter
cloacae B29 and obesity. Multi-omics analysis techniques, combined
with animal or clinical experiments, helped to confirm specific target
microorganisms from the imbalanced microbiota and conduct causal
relationship verification adhering to similar principles. For example,
Bacteroides thetaiotaomicron and Megamonas rupellensis protected
against or resulted in obesity in mice models, respectively. Fecal
microbiota transplantation, which restores microbial imbalance, has
been widely applied for treating Clostridioides difficile—induced
diarrhea. Meanwhile, diseases, such as respiratory infections, could
also lead to disruptions in the gut microbiota. However, it remains a
great challenge to infer causal links between variations in the com-
plex microbiomes and the general healthy status of the hosts.
Traditional approaches, such as Mendelian randomization and
mediation analysis, have been applied successfully in targeted studies
but often fail when confronted with the complexity and scale of larger
microbiome datasets.

Al-based causal inference methods have the potential to
transform our understanding of the microbiome. For instance,
the approach combining machine learning with causal inference
has uncovered that alterations in gut-bacteria-associated bile
acid metabolites influence neonatal jaundice by impacting the
levels of total bilirubin®. Utilizing a high-quality, uniformly pre-
processed dataset, advanced machine learning algorithms can
elucidate complex, non-linear associations between microbial
traits and health outcomes. These tools are particularly useful for
discerning causality—something that traditional methods have
struggled to achieve. Due to its powerful ability to analyze big
data, recognize complex patterns, continuously learn and self-
optimize, integrate multimodal data, and improve medical effi-
ciency, Al can help predict disease outcomes, identify potential
therapeutic targets, and optimize precision medicine approaches
by integrating individual microbiome profiles with clinical data
(Fig. 1D).

4. Challenges and future directions

Current approaches also come with challenges. First, the micro-
biome’s dynamic nature means that even cross-sectional studies
may not fully reflect its role in health or disease. Although
intensively sampled longitudinal studies have shown the core
stability and individual dynamics of the microbiome from all body
sites'®, additional longitudinal studies are needed to generalize
such trends in the context of inter-individual variability. Addi-
tionally, environmental factors and host genetic variations
continue to create noise in identifying truly universal biomarkers.
Finally, as the field moves toward clinical applications involving
microbiome manipulation, it is essential to rigorously consider
ethical implications. For example, there have been cases where six
individuals developed infections caused by enteropathogenic
Escherichia coli (EPEC) and Shiga toxin-producing E. coli
(STEC) after receiving fecal microbiota transplantation (FMT) for
C. difficile infection that did not respond to standard therapy.
Therefore, it is imperative to implement more rigorous screening
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protocols and adhere to stringent ethical guidelines when selecting
donors and administering fecal microbiota transplantation (FMT)
to ensure the safety and well-being of recipients.

5. Conclusion: A path toward precision medicine

The concept of a healthy microbiome biomarker is no longer a
distant aspiration, it is an achievable goal. By integrating strain-
resolved analytics, multi-omics data, cross-cohort validation, and
Al-based causal inference, we can begin to define health in terms
of microbial communities rather than individual species. The
TCGs model and other similar frameworks represent a significant
step forward in this effort, but much work remains. Future
research should focus on longitudinal studies, multi-omics
integration, and cross-population validation to further refine
our understanding of the core microbiome. With continued
technological advances and interdisciplinary approaches, we are
poised to harness the power of the microbiome for personalized
health and disease management.
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