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Abstract 

GMrepo (Gut Microbiome Data Repository) is a curated and consistently annot ated dat abase of human gut metagenomes, designed to impro v e 
dat a reusabilit y and enable cross-project and cross-disease comparisons. In this latest release, GMrepo v3 has been expanded to 890 projects 
and 118 965 runs/samples, including 87 048 16S rRNA and 31 917 metagenomic datasets. The number of annotated diseases has increased 
from 133 to 302, allowing more comprehensive disease-related microbiome analyses. We systematically identified microbial markers between 
phenot ype pairs (e.g . health y v ersus diseased) at the project le v el and compared them across datasets to detect reproducible signatures. As 
of this release, GMrepo v3 includes 1299 marker taxa (726 species and 573 genera) associated with 167 phenotype pairs, derived from 275 
carefully curated projects. To assess marker st abilit y, we developed the Marker Consistency Index (MCI), which summarizes the prevalence 
and directional consistency of markers across studies. Among 400 markers showing altered abundances in ≥10 projects, 143 were consistently 
enriched in healthy controls (MCI > 75%), while 85 were enriched in diseases (MCI < 25%). A marker-centric interface enables users to explore 
mark er beha vior across diseases. T he GMrepo v3 database is freely accessible at https://gmrepo.humangut.inf o . 
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ntroduction 

he human gut microbiota plays a fundamental role in
ost physiology [ 1 –8 ], influencing immune function [ 9 , 10 ],
etabolism [ 11 , 12 ], energy balance [ 13 , 14 ], and disease sus-

eptibility [ 15 –17 ] across the lifespan. Its composition and
unction are shaped by a range of host and environmental fac-
ors, including age [ 18 ], sex [ 19 ], body mass index (BMI) [ 20 ],
eography [ 21 ], diet [ 4 ], antibiotic use [ 22 ], and host genetics
 23 ]. As a result, understanding the human gut microbiome
as become a central focus in biomedical research [ 24 , 25 ],
riving numerous large-scale metagenomic studies based on
6S rRNA gene amplicon and whole-genome shotgun (WGS)
equencing. 

Although raw sequencing data are commonly deposited in
ublic repositories such as the European Nucleotide Archive
ENA) [ 26 ] and the NCBI Sequence Read Archive (SRA) [ 27 ],
nd curated platforms such as MGnify [ 28 ], gcMeta [ 29 ],
nd Qiita [ 30 ] provide processed outputs, key limitations re-
ain. In particular, inconsistent or incomplete phenotype and
etadata annotations hinder data reusability and large-scale

omparative analyses. Our previous study [ 31 , 32 ] revealed
hat nearly 30% of publicly available gut microbiome sam-
les lack essential metadata such as age, sex, or BMI, even
fter extensive manual curation. While curatedMetagenomic-
ata [ 33 ] has addressed part of this issue by offering taxo-
omic and functional profiles in an R package, its utility is
imited for users lacking programming expertise, and it does
ot support large-scale cross-project comparisons of disease-
ssociated microbiota. 

To address these limitations, we developed GMrepo (Gut
icrobiome Data Repository), a curated, phenotype-centered

atabase of human gut microbiome datasets. GMrepo v1
 31 ] introduced a unified pipeline for metadata curation and
axonomic annotation, with samples organized by pheno-
ype to facilitate targeted search and comparison. GMrepo
2 [ 32 ] expanded the database to 71 642 samples, intro-
uced project-level disease marker identification, and enabled
ross-project marker comparisons, including a marker-centric
iew to assess specificity and reproducibility of microbial
ignatures. 

Here, we present GMrepo v3, a major update that sub-
tantially expands the scope of the resource. This version in-
ludes 890 newly curated human gut microbiome projects,
omprising 118 965 samples (both 16S and WGS), and cov-
ring 301 diseases. Compared to GMrepo v2 (353 projects,
1 642 samples), v3 represents a significant enhancement in
ata volume and phenotypic diversity. In GMrepo v3, the
unctionality for microbial marker discovery has also been
trengthened. In GMrepo v3, we developed the Marker Con-
istency Index (MCI) to quantify the prevalence and direc-
ional stability of microbial markers across phenotype com-
arisons. Specifically, MCI measures the proportion of com-
arisons in which a species is enriched in health, provid-
ng a straightforward metric to identify markers consistently
ssociated with health or disease. This is particularly use-
ul for interpreting markers in the context of multimorbid-
ty, where a species may appear in multiple disease com-
arisons with varying patterns. A total of 1299 disease-
ssociated taxa (573 genera and 726 species) were identi-
ed across 167 phenotype pairs from 275 rigorously selected
rojects. 
Materials and methods 

Data collection and metadata curation 

To assemble a comprehensive resource for human gut mi-
crobiome studies, we first queried the NCBI BioProject
[ 34 ] ( https:// www.ncbi.nlm.nih.gov/ bioproject ) and PubMed
( https:// pubmed.ncbi.nlm.nih.gov/ ) databases using multi-
ple keyword combinations, including “human gut micro-
biota, ” “human metagenome, ” “feces metagenome, ” “gut
metagenome,” and the taxonomic identifier txid408170 for
Homo sapiens. The systematic search and screening were con-
ducted between September 2024 and December 2024, captur-
ing all publicly available human gut microbiome projects up
to the end of 2024. This resulted in the retrieval of ∼20 000
candidate projects. For each project, textual metadata, includ-
ing project name, title, and description, were extracted and
evaluated to determine whether the study included human gut
(especially fecal) microbiome samples. 

To improve the efficiency and scalability of this screen-
ing process, we applied a large language model (ERNIE-3.5-
128K) via the Baidu Qianfan platform (Fig. 1 ). The model
was prompted to determine whether each project was likely
to contain human gut-related samples based on the textual
metadata. The prompt was formulated to enforce binary
(yes/no) decisions in natural language, helping reduce ambi-
guity. Projects predicted as “relevant” by the model were then
manually reviewed by curators to confirm eligibility, correct
potential misclassifications, and extract phenotype and meta-
data information. ERNIE-3.5-128k was used solely as an ini-
tial triage tool to highlight potentially relevant projects. The
outputs were not retained; all final inclusion decisions were
made through manual review by curators. Among roughly
20 000 candidate projects, ERNIE-3.5-128k classified ∼30%
as “yes” (potentially human gut–related) and 70% as “no.”
Manual curation of the “yes” subset showed that ∼10%
of those indeed met the inclusion criteria for GMrepo v3.
Projects predicted as “no” were rarely relevant, confirming
that the model’s negative-class precision was very high. To en-
sure unambiguous binary outputs, we used a concise instruc-
tion equivalent to: “Based on the project title and abstract,
decide whether this study contains human gut (including fe-
cal) samples. Answer only “yes” or “no,” without explana-
tion”. The actual prompt was implemented in Chinese to min-
imize ambiguity and enforce strictly one-character responses.
All projects flagged “yes” underwent full manual verification,
and only curator-confirmed studies were retained. 

For all included projects, we retrieved the associated raw
sequencing data from the NCBI SRA ( https://www.ncbi.nlm.
nih.gov/sra ) and the ENA ( https://www.ebi.ac.uk/ena ), using
in-house Python (v3.10.0) and R (v4.3.0) scripts. Two rounds
of manual metadata curation were then performed to ensure
data quality. In the first round, metadata related to sequenc-
ing technology (e.g. platform, data type—16S rRNA ampli-
con or WGS sequencing, and read counts) and host infor-
mation (e.g. phenotype, age, sex, BMI, country, diet, and an-
tibiotic usage) were extracted and manually annotated. Dis-
ease terms were standardized using the controlled vocabulary
from the Medical Subject Headings (MeSH) database ( https:
// meshb.nlm.nih.gov/ ) to ensure consistency across projects.
In the second round, independent curators reviewed and veri-
fied the annotations to ensure accuracy and consistency across
projects. 

https://www.ncbi.nlm.nih.gov/bioproject
https://pubmed.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/sra
https://www.ebi.ac.uk/ena
https://meshb.nlm.nih.gov/
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Figure 1. Ov ervie w of the GMrepo v3 database w orkflo w. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Taxonomic assignment and relative abundance 

calculation 

The newly collected raw sequencing data were processed fol-
lowing the same general workflow as in the previous version
of GMrepo [ 31 ], with updated software versions and config-
urations to ensure consistency and compatibility . Briefly , we
first evaluated the overall quality of the raw sequencing data
using FastQC (version 0.11.8, http://www.bioinformatics.
babraham.ac.uk/ projects/ fastqc/ ). Low-quality bases and se-
quencing adapters were trimmed using Trimmomatic [ 35 ]
with default parameters. For 16S rRNA sequencing data,
we used QIIME2 [ 36 ] (version 2024.10.1) for read pro-
cessing and taxonomic assignment. Amplicon sequence vari-
ants (ASVs) were inferred with the D AD A2 plugin using
dataset-specific parameters ( –p-trim-left , –p-trunc-
len ). Taxonomic classification was performed with the pre-
trained SILVA 138 (99% sequence identity) Naïve Bayes clas-
sifier [ 37 ] ( silva-138–99-nb-classifier.qza ). Relative
abundances were calculated at both genus and species lev-
els, normalized to 100% within each level. For whole-genome
metagenomic shotgun sequencing data, we used MetaPhlAn4
[ 38 ] (version 4.1.0) with default settings to assign taxonomy
to microbial reads. Relative abundances at both genus and
species levels were computed and normalized to sum to 100%
within each level. 

To ensure data quality and consistency across datasets,
a two-step quality control procedure was applied
( Supplementary Fig. 1 ). In the first step, raw sequences
were trimmed using Trimmomatic to remove adapter se-
quences and low-quality regions (average quality < 20).
Samples with fewer than 20 000 reads after trimming, or
with post-trimming read counts < 50% of the original, were
flagged as “QC failed” (QC status = 0) in GMrepo. The
second step involved evaluating the taxonomic composition
after classification. Samples with only a single microbial
species identified were also marked as “QC failed.” This
criterion reflects the well-established high diversity of the hu-
man gut microbiota: genuine stool samples invariably contain
complex communities, and a profile dominated by a single
species is overwhelmingly likely to result from contamination,
sequencing artifacts, or sample mislabeling rather than true
biology. Following this process, 68 723 runs passed quality
control, while 39 453 did not. 
Marker identification and cross-dataset comparison 

Projects were eligible for marker analysis if they contained 

at least two phenotype groups with ≥10 quality-controlled 

runs per group. For each eligible project, LEfSe (Linear dis- 
criminant analysis Effect Size) [ 39 ] analysis was performed 

at both species and genus levels using the R package micro- 
biomeMar k er (v1.13.2). The analysis was conducted within 

each project separately, comparing two phenotype groups 
at a time, using default parameters. Significant taxa were 
recorded as project-specific microbial markers. To evaluate 
cross-dataset reproducibility, we calculated the MCI, defined 

as the proportion of comparisons in which a taxon was en- 
riched in healthy samples relative to its total occurrences 
across all eligible comparisons; a low MCI indicates consistent 
disease enrichment. High-MCI taxa identified across multiple 
diseases may represent core microbiome components involved 

in shared pathophysiology, whereas low- or intermediate-MCI 
taxa may reflect context-dependent dysbiosis or environmen- 
tal influences. 

Web interface and data access 

To support the expanded dataset and ensure long-term sus- 
tainability, the GMrepo v3 web interface was fully reimple- 
mented using a modern front-end/back-end architecture. The 
new system is built with Vue 3 for the front-end and Django 

for the back-end, improving modularity, performance, and 

maintainability. While the underlying infrastructure has been 

updated, the overall layout and user experience remain con- 
sistent with GMrepo v2 to minimize disruption. New GM- 
repo v3 data are accessible through the new platform at 
https://gmrepo.humangut.info . For compatibility and refer- 
ence, the GMrepo v2 interface remains available at https: 
//gmrepo2022.humangut.info . 

Results 

In total, GMrepo v3 includes 118 965 curated samples from 

890 projects, comprising 87 048 16S rRNA amplicon and 

31 917 WGS metagenomic sequencing samples. These sam- 
ples span 302 distinct human phenotypes (301 diseases and 

healthy controls), representing a substantial increase from the 
133 phenotypes covered in the previous version and providing 

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1190#supplementary-data
https://gmrepo.humangut.info
https://gmrepo2022.humangut.info
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Figure 2. Geographic distribution and sequencing type composition in GMrepo v3. The central world map is colored by the number of gut microbiome 
samples per country. Surrounding pie charts show the proportion of 16S rRNA and WGS sequencing across six continents, samples with unreported 
origin, and the entire dataset. Most samples originate from Asia, Europe, and North America. While 16S data dominate o v erall, WGS samples are 
relatively more prevalent in North America, Europe, Asia, and Oceania than in South America and Africa. 
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 broad foundation for cross-regional and cross-technology
omparative analyses. 

As shown in Fig. 2 , samples are globally distributed, with
he largest contributions from China and the United States.

hile 16S rRNA sequencing remains predominant across all
ontinents, the proportion of WGS samples is comparatively
igher in North America, Europe, Oceania, and Asia than in
outh America and Africa, reflecting regional differences in
equencing strategies. 

Adopting the disease vocabulary used in the Medical Sub-
ect Headings (MeSH) database for our projects, we found
hat digestive system diseases and neoplasms are the most
requently represented categories, each associated with over
00 projects (Fig. 3 a). At the disease level, colorectal neo-
lasms, Crohn’s disease, COVID-19, and Parkinson’s disease
re among the most commonly studied (Fig. 3 b). In terms
f demographic metadata, middle-aged adults comprise the
argest proportion of samples across age groups, and ∼30%
f samples are annotated with gender information (Fig. 3 c; see
upplementary Fig. 2 for age distribution including all sam-
les). The broad phenotypic coverage, together with available
emographic annotations, provides a valuable foundation for
nvestigating microbiome–disease associations across diverse
onditions and population subgroups. 

isease marker identification and cross-dataset 
omparison 

Mrepo v3 continues to support disease marker identification
nd cross-dataset comparison as core functionalities. Building
n the Linear discriminant analysis Effect Size (LEfSe)-based
nalytical framework established in GMrepo v2 [ 31 ], the cur-
ent release significantly expands both the scale and pheno-
ype coverage of marker analysis. 

Of the 890 projects in GMrepo v3, 664 contain at least
ne sequencing run passing quality control. Among these, 275
projects met stringent inclusion criteria for marker identifica-
tion, each comprising at least two phenotype groups with ≥10
quality-controlled samples (Fig. 4 a). This represents a more
than three-fold increase over GMrepo v2 (83 projects), en-
abling more comprehensive and statistically robust phenotype
comparisons. 

Within each qualifying project, LEfSe was applied indepen-
dently to identify phenotype-associated microbial taxa. In to-
tal, GMrepo v3 reports 1299 marker taxa (726 species and
573 genera) across 167 phenotype pairs, providing a broad
and systematically annotated resource for microbiome-based
disease research. 

To assess the consistency of microbial markers across
studies, GMrepo offers cross-project comparison views. For
instance, CRC markers identified from ten metagenomic
projects consistently show enrichment of Fusobacterium nu-
cleatum and Gemella morbillorum in CRC samples (Fig. 4 b),
which is in agreement with previous studies [ 40 –42 ]. In-
teractive visualizations for each phenotype pair are avail-
able on the website, providing an intuitive interface for fur-
ther exploration. Additionally, a marker-centric view enables
users to evaluate whether a specific taxon is disease-specific
or shared across conditions. For example, Enterocloster
bolteae has been identified as enriched in multiple phenotype
comparisons, including CR C, Crohn’ s disease, and CO VID-
19, corroborating findings from prior research [ 43 –45 ]
(Fig. 4 c). These tools allow for in-depth examination of mi-
crobial signatures, which may have diagnostic or mechanistic
implications. 

To provide a global view of consistently reported micro-
bial signatures, GMrepo v3 summarizes the top 50 most fre-
quently identified species-level markers across 167 phenotype
comparisons (Fig. 5 ). For each species, both the frequency of
occurrence and the direction of enrichment—toward health
or disease—are recorded. We introduce an MCI, defined as
the proportion of comparisons in which the enrichment direc-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1190#supplementary-data
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Figure 3. Phenotypic and demographic composition of GMrepo v3. ( a ) Number of projects by disease category, with digestive system diseases and 
neoplasms being the most represented (each with o v er 100 projects). ( b ) Top 20 specific diseases ranked by project count, including colorectal 
neoplasms, Crohn’s disease, COVID-19, and Parkinson’s disease. Some disease labels correspond to MeSH subtypes of inflammatory bo w el diseases 
(IBD). For clarity, Crohn’s disease and “Colitis, Ulcerative” (commonly referred to as ulcerative colitis) are the two primary IBD subtypes. We retained 
the original project annotations so that users may analyze these subtypes separately or merge them into IBD for downstream analyses. ( c ) Age and 
gender distribution of samples: the line chart shows the number of male and female samples across age groups, with the highest counts in middle-aged 
adults; the pie chart indicates that ∼30% of samples ha v e gender information. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

tion is associated with health (range: 0%–100%). Species with
MCI > 75% are considered consistently enriched in health,
and those with MCI < 25% consistently enriched in disease.
Such species may represent ideal candidates for intervention,
whereas those with intermediate MCI values should be inter-
preted with caution due to possible context- or disease-specific
effects. The MCI is available on the GMrepo website for each
species identified as a marker in ≥10 projects, enabling rapid
assessment of both prevalence and stability of associations
across conditions. 

For example, Faecalibacterium prausnitzii was frequently
identified as a health-enriched species across multiple com-
parisons, aligning with its established role in maintaining gut
homeostasis and exerting anti-inflammatory [ 46 , 47 ] and anti-
tumor [ 7 ] effects. In contrast, Hungatella hathewayi was pre-
dominantly disease-enriched across multiple comparisons. It
has been implicated in CRC [ 48 –50 ] and multiple sclerosis
[ 51 , 52 ]. 

Overall, this aggregate analysis highlights microbial taxa
with stable health- or disease-related patterns across diverse
conditions and provides a data-driven foundation for priori-
tizing candidate species in microbiome-based diagnostics and
therapeutics. 

Discussion 

GMrepo v3 enhances the utility of the database with 118 965
samples from 890 projects covering 302 phenotypes. It intro-
duces 1299 microbial markers across 167 phenotype pairs,
enabling deeper insights into disease-specific microbial signa-
tures. The MCI provides a quantitative measure of marker
stability and directionality across comparisons. Species with
high or low MCI values represent consistently health- or 
disease-associated markers, while intermediate values indicate 
context-dependent effects. This framework is particularly rel- 
evant for studying multimorbidity, as it highlights markers 
that reliably appear across multiple diseases. The redesigned 

web platform, built on Vue 3 and Django, offers improved 

usability and scalability, broadening the database’s research 

applications. 
Compared to GMrepo v2, v3 substantially increases sample 

size, phenotypic diversity, and the robustness of cross-dataset 
marker analyses. These improvements allow researchers to 

prioritize microbial taxa with stable patterns across dis- 
eases, facilitating more reliable microbiome-based biomarker 
discovery and translational applications. Beyond increasing 
scale, the database enables systematic cross-project compar- 
isons, allowing identification of core microbial taxa that ex- 
hibit consistent associations with specific phenotypes. The in- 
tegration of MCI allows users to distinguish reproducible sig- 
nals from context-dependent or cohort-specific effects, which 

is critical for robust biomarker discovery and mechanistic hy- 
pothesis generation. 

High-MCI taxa identified across multiple diseases may 
represent core microbiome components involved in shared 

pathophysiology, whereas low-MCI taxa indicate consistent 
enrichment in disease, and intermediate MCI values reflect 
context- or disease-specific effects. For example, Faecalibac- 
terium prausnitzii consistently appears as a health-associated 

marker across multiple conditions, supporting its known anti- 
inflammatory and gut homeostasis functions, whereas Hun- 
gatella hathewayi is enriched in disease phenotypes such as 
CRC and multiple sclerosis, illustrating phenotype-specific 
pathogenic associations. Such patterns provide insight into 



GMrepo v3: human gut microbiome database D 739 

Figure 4. Disease marker identification and cross-dataset comparisons in GMrepo v3. ( a ) Overview of project selection for marker analysis. The 
innermost ring represents all projects ( n = 890); the middle ring shows the subset with at least one sequencing run that passed quality control 
( n = 664); the outermost ring denotes the 275 projects selected for marker identification, each containing at least two phenotype groups with ≥10 
QC-passed runs. ( b ) Cross-dataset comparison of microbial markers associated with colorectal cancer (CRC) across ten metagenomic datasets. Taxa 
with LDA scores < −2 are enriched in healthy samples, while those with LDA scores > 2 are enriched in disease samples. Green and red indicate health- 
and disease-enriched taxa, respectively; color intensity reflects the magnitude of enrichment. An interactive version is available 
at https:// gmrepo.humangut.info/ phenotypes/ comparisons/ D006262/ D015179 . ( c ) Cross-disease comparison of Enterocloster bolteae enrichment 
patterns across multiple projects. Interactive version is available at https:// gmrepo.humangut.info/ taxon/ 208479 . 

Figure 5. Top 50 species-le v el microbial markers across 167 phenotype comparisons in GMrepo v3. Bottom panel: total occurrences of each species as 
health- or disease-enriched markers. Top panel: Marker Consistency Index (MCI; 0%–100%), the proportion of health-associated occurrences; MCI > 

75% indicates consistent health enrichment, and MCI < 25% indicates consistent disease enrichment. MCI is provided on the GMrepo website for 
species identified in ≥10 projects. 

https://gmrepo.humangut.info/phenotypes/comparisons/D006262/D015179
https://gmrepo.humangut.info/taxon/208479
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microbial roles in disease mechanisms and potential interven-
tion targets. 

The global and multi-technology coverage of GMrepo v3,
including 16S rRNA and WGS samples from diverse ge-
ographic regions, further enables analyses of regional and
methodological variation in microbial signatures. However,
integrating 890 projects inevitably introduces heterogeneity
arising from upstream experimental differences, such as DNA
extraction kits and sequencing platforms. These batch effects
may influence both marker identification and MCI scores,
potentially confounding cross-study comparisons. We there-
fore recommend that users carefully consider these factors
when interpreting MCI values and cross-dataset markers, and
we provide metadata fields to facilitate stratified or sensi-
tivity analyses. These capabilities allow researchers to assess
reproducibility, identify shared and context-specific markers,
and explore interactions between microbial composition, host
phenotype, and environmental factors. In addition, GMrepo
v3 continues to employ LEfSe as the primary approach for
phenotype-associated marker identification. We chose LEfSe
to ensure methodological continuity with GMrepo v2, facil-
itating comparability across database versions. LEfSe inte-
grates nonparametric testing with effect size estimation, pro-
viding interpretable results and widely used visualization for-
mats. Nevertheless, we acknowledge that relying on a sin-
gle method has limitations, as different algorithms may yield
method-specific marker sets. In future updates, we plan to in-
corporate additional compositionality-aware approaches (e.g.
ANCOM-BC, ALDEx2) and provide consensus marker lists
to further strengthen robustness and reproducibility. 

Despite the expanded global coverage, the current dataset
remains dominated by samples from China and the United
States, reflecting the uneven availability of publicly released
gut microbiome projects worldwide. This regional imbal-
ance may limit the generalizability of certain marker associ-
ations or MCI values to underrepresented populations. We
therefore caution users when extrapolating findings to global
populations and will prioritize the integration of newly re-
leased datasets from Africa, South America, and other under-
sampled regions in future GMrepo updates. 

Interactive visualization tools, including project- and
marker-centric views, facilitate exploration of cross-disease
and cross-cohort patterns. For instance, CRC markers con-
sistently enriched for Fusobacterium nucleatum and Gemella
morbillorum across multiple metagenomic datasets exem-
plify reproducible disease associations. Enterocloster bolteae
shows enrichment across CR C, Crohn’ s disease, and COVID-
19, highlighting taxa with pleiotropic disease associations. By
linking taxa prevalence, enrichment direction, and MCI val-
ues, GMrepo v3 provides an intuitive and quantitative plat-
form for prioritizing species for experimental validation or
therapeutic targeting. 

Future updates of GMrepo will expand microbial profil-
ing, incorporating viral abundance data and metabolic path-
way annotations to provide a more comprehensive view of
the gut microbiome, and will also include an online tool en-
abling users to compare their own data with public datasets
through interactive visualization, as well as the integration of
additional repositories such as the Genome Sequence Archive
(GSA) to broaden data coverage and population diversity.
Transformer-based models will be developed to predict phe-
notypes and gene functions, enhancing the potential for per-
sonalized medicine. Parallel efforts will focus on develop-
ing and refining disease-specific predictive models using ma- 
chine learning approaches, building on our previous work on 

microbiome-based disease classification and optimal model 
construction [ 53 , 54 ]. 

In summary, GMrepo v3 offers a powerful, scalable re- 
source for microbiome research, with plans for further expan- 
sions to enhance its diagnostic and therapeutic applications. 
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