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Abstract 

Metagenomic studies ha v e re v ealed the critical roles of comple x microbial interactions, including horiz ontal gene transfer (HGT) and functional 
redundancy (FR), in shaping the gut microbiome’s functional capacity and resilience. Ho w e v er, the lack of comprehensive data integration and 
sy stematic analy sis approaches has limited the in-depth exploration of HGT and FR dynamics across large-scale gut microbiome datasets. 
To address this gap, we present GutMetaNet ( https:// gutmetanet.deepomics.org/ ), a first-of-its-kind database integrating e xtensiv e human gut 
microbiome data with comprehensive HGT and FR analyses. GutMet aNet cont ains 21 567 human gut metagenome samples with whole-genome 
shotgun sequencing data related to various health conditions. Through systematic analysis, we have characterized the taxonomic profiles and FR 

profiles, and identified 14 636 HGT e v ents using a shared reference genome database across the collected samples. These HGT e v ents ha v e 
been curated into 8049 clusters, which are annotated with categorized mobile genetic elements, including transposons, prophages, integrative 
mobilizable elements, genomic islands, integrativ e conjugativ e elements and group II introns. Additionally, GutMetaNet incorporates automated 
analyses and visualizations for the HGT events and FR, serving as an efficient platf orm f or in-depth e xploration of the interactions among gut 
microbiome taxa and their implications for human health. 
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ntroduction 

he human gut microbiome has been extensively studied for
ts critical role in human health and disease. Recent stud-
es have highlighted the critical importance of diverse mi-
robiome interactions ( 1–4 ), beyond just taxonomic abun-
ances, in understanding these complex relationships. Emerg-
ng evidence suggests that factors such as horizontal gene
ransfer (HGT) networks ( 1 , 5 , 6 ) and genetic content net-
orks [reveal functional redundancy (FR)] ( 7 ) can have sig-
ificant implications for an individual’s overall health and
esilience. 

Numerous studies have highlighted the critical role of
GT in shaping microbial metabolic networks within the hu-
an gut microbiome, enabling rapid adaptation through ge-
etic innovation ( 1 ,8 ). These HGTs are essential for under-
tanding the transmission of antibiotic resistance and disease-
ssociated genetic elements, directly impacting human health
 9 ,10 ). Analyzing HGT networks reveals distinct community
tructures linked to various health conditions, such as early
ife stages and inflammatory bowel disease, offering insights
nto disease mechanisms ( 11 ). By capturing the dynamic na-
ure of gene flow, HGT networks serve as crucial biomark-
rs for diagnosing and understanding the microbiome’s role
n disease progression ( 6 ). Exploring HGT networks is vital
n gut metagenomic research, providing a unique perspective
n the adaptive capabilities and functional potential of the
uman gut microbiome in disease contexts ( 12 ,13 ). 
To facilitate large-scale analysis of HGT events in

he human gut microbiome, we employed the LocalHGT
ethod ( 14 ). Traditional HGT detection approaches, such as
arametric methods and phylogenetic methods, face notable

imitations when applied to metagenomic whole-genome shot-
un (mWGS) data. Parametric methods ( 15 ,16 ) rely on uni-
orm genomic signatures, while phylogenetic methods ( 17–
1 ) need precise evolutionary trees of taxa and genes, which
an be challenging to discern in mixed microbial communi-
ies present in mWGS samples ( 22 ). Moreover, all-against-
ll BLASTN, a commonly used phylogenetic approach, can
nly detect recent HGT events ( 23 ). More recently, specialized
GT detection tools have been developed for mWGS data,

ncluding MetaCHIP ( 24 ), DaisySuite ( 25 ), LEMON ( 26 )
nd LocalHGT ( 14 ). These approaches aim to overcome
he limitations of traditional methods by directly analyzing
WGS data and can detect both recent and ancient HGT

vents. However, these specialized tools still face challenges.
etaCHIP, like traditional assembly-based approaches, re-

uires intensive computing resources for genome assembly,
nd it can be difficult to integrate comparable results across
amples. Junction reads-based methods such as DaisySuite
nd LEMON, on the other hand, require significant compu-
ational resources for aligning large reference databases. In
ontrast, LocalHGT, also a junction reads-based approach,
mploys a fast, fuzzy k -mer matching strategy to expedite
he HGT detection process and reduce resource requirements,
nabling large-scale analysis. Compared to other junction
eads-based methods, LocalHGT has been shown to have
ower computational resource demands and faster process-
ng times ( 14 ). Additionally, LocalHGT can identify complete

GT events, including the transferred sequence as well as the
orresponding deletion and insertion sites in the donor and
ecipient genomes. Overall, LocalHGT provides a more effi-
ient means of detecting both recent and ancient HGT events
ithin large-scale mWGS datasets ( Supplementary Table S1 ).
FR networks offer a lens to understand the stability, re-
silience and assembly principles of the human gut microbiome
and their implications for health. Although the taxonomic
composition of the gut microbiome varies greatly across in-
dividuals, its functional capacity is highly conserved, suggest-
ing FR ( 27 ,28 ). Studies have demonstrated its importance in
understanding microbiome dynamics. High FR in the recipi-
ent’s pretreatment microbiome can pose a barrier to success-
ful engraftment of donor microbiota during fecal transplanta-
tion, highlighting the role of FR in microbiome resilience ( 7 ).
Genomic content networks (GCNs) have been used to reveal
the topological features favoring FR. Specifically, the study by
Tian et al. demonstrated that a high rate of HGT is neces-
sary to generate a GCN with a highly nested structure and a
very heterogeneous gene degree distribution, which are cru-
cial features to maintain high FR in the human microbiome
( 7 ). This suggests the importance of combining the analysis of
HGT and FR to gain a better understanding of the adaptive
capabilities and functional potential of the gut microbiome. 

The existing gut metagenomic databases lack specialized fo-
cus on HGT networks and FR within the human gut micro-
biome. HumanMetagenomeDB ( 29 ) combines metadata from
multiple studies and metagenomes of body parts with collated
standardized database but lacks the taxonomic abundance
data. While databases such as curatedMetagenomicData ( 30 )
and GMrepo ( 31 ,32 ) aim to improve data accessibility, they
primarily contain sample metadata and taxonomic profiles,
without comprehensive information related to HGT and FR.
This represents a significant gap in the current gut metage-
nomic data resources. 

To fill this gap, we developed GutMetaNet ( https://
gutmetanet.deepomics.org ), a comprehensive resource con-
taining 21 567 human gut microbiome samples with WGS
sequencing data, associated with various health conditions.
The primary objective of GutMetaNet is to provide a com-
prehensive resource that enables researchers to investigate the
relationships between HGT patterns and various host phe-
notypes, including healthy and disease states. Through sys-
tematic analysis, GutMetaNet has characterized the taxo-
nomic profiles and FR profiles, and identified 14 636 HGT
events across the dataset with LocalHGT. These HGT events
have been curated into 8049 clusters and annotated with
categorized mobile genetic elements (MGEs), including 1374
transposons, 336 integrative mobilizable elements, 134 ge-
nomic islands and others. GutMetaNet also incorporates au-
tomated analysis and specialized visualization capabilities to
explore HGT networks and FR. One notable feature is a
novel visualization approach that clearly depicts the com-
position of HGT events and the surrounding gene con-
tent, facilitating rapid interpretation of these key microbial
interactions. 

Materials and methods 

Human gut mWGS sequencing data collection 

We first conducted a comprehensive survey of published liter-
ature on the human gut microbiome. We focused on studies
that had deposited WGS sequencing data of human gut mi-
crobiome samples in public repositories, such as the National
Center for Biotechnology Information (NCBI) Sequence Read
Archive (SRA) ( 33 ) or the European Bioinformatics Institute
(EBI) European Nucleotide Archive (ENA) ( 34 ). As a result
of this curation process, we collected a dataset comprising

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1007#supplementary-data
https://gutmetanet.deepomics.org
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21 567 samples from 96 projects ( 35–126 ) ( Supplementary 
Table S2 ). 

Metadata curation and integration 

We collected metadata of the 21 567 gut microbiome sam-
ples from various sources, including NCBI BioProject and ex-
isting databases ( 29 , 30 , 32 ). To establish a consistent meta-
data repository, we curated and integrated the records, cross-
checking and correcting any discrepancies by referring to the
original literature. As part of the curation, we standardized
the phenotype annotations using MeSH ID ( 127 ), converted
country names to ALPHA-3 codes and categorized samples
into age groups. Samples with missing metadata were marked
as ‘NA’ for further investigation. 

Raw sequencing data processing 

We retrieved the raw sequencing data for the 21 567 gut mi-
crobiome samples from the NCBI SRA and the EBI ENA. For
the data downloaded from NCBI SRA in SRA format, we con-
verted them to FASTQ format using the SRA Toolkit’s fasterq-
dump (version 3.1.1) ( 128 ). Similarly, the data downloaded
from ENA in BAM format were transformed into FASTQ us-
ing samtools (version 1.20) ( 129 ). For samples with multiple
sequencing runs, we merged the reads into single paired-end
FASTQ files. Finally, we performed quality control on the raw
sequencing data using fastp (version 0.23.4) ( 130 ) with the
default parameters. 

Taxonomic profiles 

We applied Kraken2 (version 2.0.7-beta) ( 131 ) to the high-
quality paired-end sequencing data to assess the taxonomic
profiles. We used the pre-built UHGG v2.0.2 ( 132 ) Kraken
database in EBI FTP ( http:// ftp.ebi.ac.uk/ pub/ databases/
metagenomics/) as the reference. The Kraken2 taxonomic as-
signments were further refined using Bracken (version 2.9).
We then transformed the results into the MPA format, which
is commonly used by the MetaPhlAn series of tools, using the
KrakenTools ( 133 ). Finally, we scaled the taxonomic profiles
to relative abundances using an in-house script. 

FR profiles 

We followed the method from the original study ( 7 ) to de-
termine the FR profiles of the gut microbiome samples in the
GutMetaNet database. We deployed an in-house script to ap-
ply the same method on the UHGG v2.0.2 reference genomes.
First, we constructed a GCN based on the UHGG database.
We extracted the representative genomes for each species ac-
cording to the UHGG annotations and used Prokka (version
1.14.6) ( 134 ) to determine their functional genomic content
in the form of KEGG Orthology (KO) identifiers ( 135 ). This
allowed us to construct a GCN in the form as its definition ( 7 ),
a weighted bipartite graph connecting the taxa to their associ-
ated KOs. The edge weights represent the copy number of KOs
in the corresponding genomes. Next, we calculated the nor-
malized FR (nFR) for each sample as nFR α = FR α/ TD α, where
TD α = 

∑ N 

i =1 

∑ N 

j � = i p i p j and FR α = 

∑ N 

i =1 

∑ N 

j � = i (1 − d i j ) p i p j . p
represents the taxonomic profile of the sample, and d ij is the
functional distance between taxa i and j , calculated from the
GCN using the Jaccard distance metric. 

We computed HGT adjusted FR (aFR) with HGT events
detected in the corresponding sample. We first constructed a
sample-specific GCN. For each HGT event, the KOs contained 

in the transferred sequences will transfer to the recipient taxa,
so we update the edge weight of those KOs and recipient taxa 
in GCN by adding the existing number of KOs in the trans- 
fer sequences, resulting in the sample-specific GCN 

′ . Next, we 
calculate the aFR using the same formula of nFR but replac- 
ing GCN with GCN 

′ : aFR α = FR 

′ 
α/ TD α, where TD α is the 

same, FR 

′ 
α = 

∑ N 

i =1 

∑ N 

j � = i (1 − d 

′ 
i j ) p i p j and d 

′ 
i j is the functional 

distance calculated from the GCN 

′ . 

HGT event detection and database construction 

We identified HGT events for each sample based on the Lo- 
calHGT protocol ( 136 ): ‘localhgt bkp’ and ‘localhgt event’ us- 
ing the UHGG v2.0.2 representative genomes. For each HGT 

event, we identified three breakpoints: two representing the 
start and end of the donor sequence, and one representing the 
insertion site on the recipient genome. 

To account for potential variations in the breakpoint loca- 
tions, we merged breakpoints within 500-bp flanking regions 
into a single representative breakpoint, calculated as the av- 
erage position of all related breakpoints. We then redefined 

the HGT events using these new representative breakpoints 
and merged HGT events with identical breakpoints into HGT 

clusters (HGTCs). 
To annotate the HGT events, we first aligned the 4744 

UHGG representative genomes to the ImmeDB (intestinal mi- 
crobiome mobile element database) ( 137 ) and virulence factor 
database (VFDB) ( 138 ) using BLASTN (version 2.3.0) ( 139 ).
We discarded BLAST hits with a mapping length < 50% of 
the MGE sequence or virulence factor gene length. We then 

classified the matched regions in the UHGG representative 
genomes as partial (50–80%), substantial (80–95%) or full 
( > 95%) based on the length of the match relative to the full 
sequence. 

For each HGT event, we screened the donor sequence (the 
transferred sequence plus 5-kb flanking regions) and the re- 
cipient sequence (5 kb flanking the insertion site) to identify 
all overlapping MGEs in the corresponding UHGG genomes.
Additionally, we annotated the genes within the transferred 

sequences using the GFF files provided by UHGG. 

Platform development 

GutMetaNet is hosted on an Ubuntu 20.04.6 LTS server,
which is outfitted with 1 TB of memory and 90 TB of stor- 
age. The platform’s backend functionality is supported by an 

in-house framework ( 140–142 ) consisting of Apache, Django,
PostgreSQL, Typescript + Vue3 and Slurm. All online data vi- 
sualizations are implemented with Oviz ( 143 ). We provide 
detailed tutorials on the platform to facilitate usage. 

Results 

GutMetaNet database 

The GutMetaNet database hosts a comprehensive collection 

of 21576 whole-metagenome shotgun human gut microbiome 
samples, sourced from diverse public repositories ( 144 ,145 ) 
and published databases ( 29–31 ), corresponding to 96 stud- 
ies ( Supplementary Table S2 ) with 66 healthy conditions 
(Figure 1 ). GutMetaNet provides extensive metadata for the 
samples, including information on country, health pheno- 
type, gender, age, age category, BMI, diet and antibiotic us- 
age, where available. The samples originate from 46 re- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1007#supplementary-data
http://ftp.ebi.ac.uk/pub/databases/metagenomics/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1007#supplementary-data
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3 Prophagesdde
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Figure 1. Ov ervie w of GutMet aNet dat abase. The GutMet aNet dat abase stores 21576 human microbiome samples with corresponding met adat a, 
taxonomic profile, FR profile and 14636 identified HGT events. 
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ions, with the majority coming from the USA (4793 sam-
les) and China (3800 samples) ( Supplementary Figure S1 ).
he sample distribution across age categories shows that

he old-aged (45–60) category has the most samples (3703)
 Supplementary Figure S2 A). For health conditions, the ma-
ority of samples (14 246) are from healthy individuals, while
he largest patient groups include those with irritable bowel
yndrome (2090), colorectal neoplasms (759), obesity (708)
nd premature birth (440) ( Supplementary Figure S2 B and
upplementary Table S3 ). 

GutMetaNet provides the taxonomic profiles and FR pro-
les for each sample. The taxonomic profiles are based on the
HGG v2.0.2 Kraken2 database ( 132 ), transformed into the
PA (MetaPhlAn) format with relative abundances at all tax-

nomic levels, from species to kingdom. GutMetaNet allows
sers to directly download the metadata, taxonomic profiles
nd FR profiles for the gut microbiome samples. 

GutMetaNet provides the FR profiles of samples via nFR
nd aFR (see the ‘Materials and methods’ section for details).
he distribution of nFR shows different patterns across differ-
nt phenotypic sample groups. We examined MeSH curated
henotypes with > 400 samples: health, irritable bowel syn-
drome, obesity, colorectal neoplasms, infant and diabetes mel-
litus type 2. First, there were no significant differences in nFR
between the phenotypes (overall Kruskal–Wallis test P -value:
0.6936). Next, the healthy samples had the smallest normal-
ity P -value (1.62 × 10 

−31 ) and a kurtosis > 3, suggesting that
FR distribution of healthy samples was the closest to a nor-
mal distribution among the phenotypes examined. The infant
samples had the highest mean nFR but also the highest vari-
ance. Among the remaining phenotypes, all the disease states
had lower mean nFR and lower variance compared to the
health group (detailed statistics in Supplementary Table S5
and Supplementary Figure S6 A). 

The comparison of aFR and nFR revealed that the impact
of HGT on nFR was relatively small overall, as the number
of HGT events in the samples was generally low. However,
there were cases where HGT had a greater impact on FR,
particularly in infant samples with simpler microbial com-
positions, suggesting that HGT can significantly impact FR
when it occurs in high-abundance species and involves long
transfer sequences. Conversely, some healthy samples from
the Mongolian population exhibited a decrease in aFR com-
pared to nFR, highlighting the distinct features of their gut mi-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1007#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1007#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1007#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1007#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1007#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1007#supplementary-data
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crobiome that warrant further investigation (detailed results
in Supplementary Notes S2.1 and Supplementary Figure S6 B).

GutMetaNet collected a total of 14 636 identified HGT
events for the samples using the LocalHGT protocol ( 136 ).
For each HGT event, GutMetaNet includes the correspond-
ing sample, recipient genome, recipient scaffold, insertion site
in the recipient, the donor genome, donor scaffold, and the
start and end positions of the transferred sequence in the
donor, as well as a flag indicating whether the transferred se-
quence is reversed or not. On average, the samples with de-
tectable HGT events contain 4.35 HGT events. The distri-
bution of the number of HGT events per sample is shown
in Supplementary Figure S3 A. The length distribution of the
transfer sequences is shown in Supplementary Figure S3 B,
with the 1400–1600 bp range having the highest frequency. 

GutMetaNet also provides the clustering of HGT events, re-
sulting in 8049 HGTCs (see the ‘Materials and methods’ sec-
tion for details). In addition to the basic information provided
for HGT events, the HGTC metadata includes the frequency,
phylum and MGE annotations. Based on the frequency, Gut-
MetaNet categorizes the HGTC into 6261 unique clusters
and 1788 recurrent clusters. Furthermore, GutMetaNet classi-
fies the HGTC into 7144 intra-phylum and 905 inter-phylum
events based on the phylum of the recipient and donor. The
intra-phylum HGTCs are dominated by six phyla, with over
100 HGTC each: 3170 in Bacteroidota, 2789 in Firmicutes_A,
412 in Firmicutes, 335 in Proteobacteria, 197 in Actinobacte-
riota and 169 in Firmicutes_C. The inter-phylum HGTCs con-
sist of eight phylum pairs with over 50 HGTCs each, includ-
ing 468 from Bacteroidota to Firmicutes_A, 87 from Firmi-
cutes_A to Bacteroidota, 77 from Bacteroidota to Firmicutes,
55 from Firmicutes to Firmicutes_A, 54 from Firmicutes_A
to Firmicutes and 31 from Firmicutes to Bacteroidota. The
top 10 most frequent donor and recipient phyla are shown in
Supplementary Figure S4 . 

GutMetaNet has comprehensively annotated the identified
HGTCs by cataloging the MGEs located in both the recip-
ient flanking sequence (5 kb flanking the insertion site) and
the donor flanking sequence (the transferred sequence and 5-
kb flanking regions) (see the ‘Materials and methods’ section
for details). In total, the 8049 HGTCs were found to involve
1374 transposons, 336 integrative mobilizable elements, 134
genomic islands, 117 islets, 104 integrative conjugative ele-
ments, 100 group II introns and 14 prophages. Notably, the
MGEs involved in the donor flanking sequences showed a
higher proportion of genomic islands, suggesting their promi-
nent role in facilitating HGT events within the gut microbiome
( Supplementary Figure S5 and Supplementary Table S4 ). 

GutMetaNet also annotated the genes located within the
transferred sequences and recorded the gene count for each
HGTC. Six thousand three hundred forty-four HGTCs did
not contain any known genes, while 6391 known genes
were involved in the remaining 1705 HGTCs. The most
frequently observed genes in the transfer sequences were
xerC_19, xerD_2, clpP_1, noc_2 and xerC_1, present in 139,
112, 102, 102 and 100 HGTCs, respectively. 

To facilitate the exploration of HGT events, GutMetaNet
provides an interactive visualization tool ( Supplementary 
Figure S8 ). This visualization displays the genomic context
of the HGT events, including the donor and recipient scaf-
folds, highlighting the breakpoint pairs and the transferred se-
quence, as well as the flanking regions around the HGT site.
Users can interactively adjust the view to examine the detailed
genomic features in these flanking regions. The visualization 

also reconstructs the HGT haplotype, annotating genes and 

MGEs present within the transferred sequence. The visualiza- 
tion includes interactive features, such as tooltips that pro- 
vide detailed information about the genomic elements. This 
visualization allows researchers to directly inspect the HGT 

events and identify potential gene fusions or rearrangements 
of MGEs. 

Additionally, GutMetaNet provides three interactive visual- 
izations for each sample. First, an HGT network visualization 

illustrates the connections between the detected HGT events 
and the associated microbial taxa, allowing users to explore 
the relationships between HGT and the taxonomic structure 
of the gut microbiome ( Supplementary Figure S9 ). Second,
a visualization displays the sample’s FR position within the 
background distribution of FR values observed in healthy 
samples. This enables users to quickly assess the relative FR 

status of the samples in comparison to the healthy baseline 
( Supplementary Figure S10 ). Third, an interactive taxonomy 
tree visualization presents the abundance profile of the mi- 
crobial community in the sample, providing context for in- 
terpreting the HGT patterns and FR status ( Supplementary 
Figure S11 ). 

GutMetaNet provides users with access to a comprehen- 
sive range of data related to the identified HGTCs, including 
the metadata, flanking sequences and transferred sequences.
Additionally, GutMetaNet offers categorized data on the 
HGTCs, such as unique HGTCs, recurrent HGTCs, intra- 
phylum HGTCs per phylum, top frequency inter-phylum 

HGTCs, and HGTCs involved with specific MGEs. The MGE- 
involved HGTC data are provided in three forms: (i) MGEs 
involved in the donor flanking sequences; (ii) MGEs involved 

in the recipient flanking sequences; and (iii) MGEs involved 

in either the donor or the recipient. The MGE categories in- 
cluded in the database are genomic islands, group II introns,
integrative conjugative elements, integrative mobilizable ele- 
ments, islets, prophages and transposons. 

Automatic analyses and visualizations 

GutMetaNet supplies automatic analysis workflows for users 
to study their own human gut microbiome samples efficiently 
( Supplementary Figure S7 ). The HGT annotation pipeline en- 
ables the users to annotate their HGT event results with Gut- 
MetaNet HGTCs, MGE ( 137 ), VFDB ( 138 ), KEGG ( 135 ) 
and COG ( 146 ). Additionally, it provides functional enrich- 
ment analysis and microhomology detection analysis ( 136 ) 
( Supplementary Methods S1.1 –S1.3 ). The HGT aFR calcula- 
tion module enables users to upload their own taxonomic pro- 
file and detected HGT events, and then obtain the correspond- 
ing nFR and aFR metrics for their samples ( Supplementary 
Methods S1.4 ). The HGT functional comparison module al- 
lows users to perform functional enrichment analysis be- 
tween user-defined sample groups or conditions on the HGT- 
related sequences, leveraging databases such as KEGG, COG,
VFDB and MGE ( Supplementary Methods S1.5 ). The HGT–
FR co-analysis pipeline provides an analysis module to in- 
vestigate the correlation between the networks of HGT and 

FR in between user-defined sample groups, uncovering po- 
tential direct associations with HGT, FR and sample pheno- 
types ( Supplementary Methods S1.6 ). This pipeline also pro- 
vides interactive visualization of the average FR networks 
for the cohorts ( Supplementary Figure S12 ). The abundance 
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iomarker pipeline enables users to upload taxonomic pro-
le of their own cohort with phenotype, to process FR com-
arison, alpha diversity, beta diversity, dimension reduction,
nterotype identification, differential testing and classifier de-
ection ( Supplementary Methods S1.7 –S1.13 ). Once the sub-
itted tasks are completed, users can easily download the re-

ultant documents and visualizations. 

omparison to the existing databases and web 

ervers 

e compared GutMetaNet with other prominent human
ut microbiome databases, including curatedMetagenomic-
ata ( 30 ), HumanMetagenomeDB ( 29 ) and the online plat-

orm GMrepo ( 32 ). GutMetaNet is the only database that in-
egrates both HGT event data and FR profiles for each indi-
idual sample (comparisons in Supplementary Table S6 ). Ad-
itionally, GutMetaNet provides automated analyses and in-
eractive visualization tools, further enhancing its capabilities
ompared to the existing resources. 

iscussion 

he GutMetaNet database is the first of its kind to provide
 comprehensive resource for the study of HGT within the
uman gut microbiome. Additionally, GutMetaNet integrates
oth HGT event data and FR profiles for individual samples,
nabling researchers to investigate the intricate connections
etween host phenotype and gut microbial interaction. 
Through the comprehensive classification of HGTCs into

nique, recurrent, intra-phylum and inter-phylum categories,
s well as their association with diverse MGEs, GutMetaNet
rovides resources for exploring the mechanisms underlying
GT in the gut microbiome. For example, previous stud-

es have shown that intra-phylum HGT events occur much
ore frequently than inter-phylum transfers ( 136 ), while the
echanism difference is not clear. The identification of 7144

ntra-phylum HGTCs and 905 inter-phylum HGTCs in Gut-
etaNet offers researchers the opportunity to delve into the

istinct mechanisms driving cross-taxonomic gene exchange,
n contrast to the more commonly observed intra-phylum
ransfers. 

Additionally, GutMetaNet’s provision of flanking se-
uences and transferred gene information further empowers
nvestigations into the functional implications of these HGT
vents, such as the dissemination of antibiotic resistance or
he introduction of novel metabolic capabilities within the gut
cosystem. 

The integration of FR profiles in GutMetaNet empowers
esearchers to investigate the relationship between human gut
icrobiome resilience, as indicated by FR, and various dis-

ase states. By linking FR, HGT and taxonomic profiles, Gut-
etaNet provides a valuable platform to unravel the complex

nterplay between microbial genomic plasticity and the overall
unctional stability of the gut ecosystem, informing our un-
erstanding of microbiome responses to perturbations, such
s dietary changes or disease states. 

The FR distribution among samples with different pheno-
ypes indicates that the FR distributions across the different
henotypes deviate significantly, with varying degrees of skew-
ess and kurtosis that reflect the unique functional character-
stics of the gut microbiomes in these populations. The lower
ean nFR and variance observed in the disease states suggest
that disease processes may contribute to a decrease in FR, po-
tentially due to the gut microbiome being under stress and
shifting toward a more uniform state ( 147 ,148 ). Consistent
with the known characteristics of the infant gut microbiome,
the infant samples had the highest mean nFR but also the high-
est variance. This finding is consistent with the known char-
acteristics of the infant gut microbiome, which is less mature
and has greater FR and higher variance compared to adults,
due to its relatively simple composition and structure ( 149 ). 

The other HGT-focused databases such as HGT-DB ( 150 ),
HGTree ( 151 ) and HGTree v2.0 ( 152 ) provide collections
of putative horizontally transferred genes across prokaryotic
genomes. GutMetaNet offers several distinct advantages for
studying HGT within the human gut microbiome. First, the
data underlying GutMetaNet are derived from human gut
metagenome samples, in contrast to those databases that are
based on a collection of prokaryotic genomes. While the num-
ber of prokaryotic species represented in GutMetaNet may be
more limited compared to the broader cross-domain scope of
HGTree v2.0, the key advantage is that all the HGT events
captured in GutMetaNet are specific to the human gut micro-
biome and the samples are associated with various host phe-
notypes, enabling the integration of HGT events with relevant
clinical data—a capability that sets GutMetaNet apart from
the more generalized HGT databases. Second, GutMetaNet
leverages LocalHGT, which can reliably identify not only re-
cent but also ancient HGT events. The phylogenetic approach
used in HGTree and HGT-DB can only detect recent HGTs
and is not suitable for metagenomic data as we mentioned
in the ‘Introduction’ section. Furthermore, in addition to the
transferred genes, GutMetaNet also provides detailed annota-
tions on the corresponding donor sequences, recipient genome
insertion sites and surrounding MGEs. This contextual infor-
mation is crucial for elucidating the mechanisms and potential
functional implications of HGT events in shaping the adaptive
potential and resilience of the gut microbiome. 

While the GutMetaNet database provides a comprehensive
resource for studying HGT patterns in the human gut mi-
crobiome, it is important to acknowledge the limitations of
the underlying methods and data. The LocalHGT approach
employed to identify HGT events in GutMetaNet has several
key limitations. The primary limitation of the LocalHGT ap-
proach is its inability to reliably detect HGT events between
different strains of the same microbial species. This is due to
the high sequence similarity between closely related strains,
which makes it challenging for LocalHGT to confidently iden-
tify the distinctive genomic breakpoint signatures. Addition-
ally, while LocalHGT can capture both recent and ancient
HGT events, it does not inherently differentiate between the
two, requiring additional downstream analysis to discern the
evolutionary timescales of the detected HGT. These limita-
tions of the LocalHGT method have implications for the inter-
pretation and representation of HGT patterns within the Gut-
MetaNet platform. Specifically, the inability to reliably detect
intra-species HGT events may result in an underestimation of
the extent of HGT occurring in the gut microbiome. Further-
more, the inability to directly distinguish between recent and
ancient HGT events complicates the analysis of the potential
impact of HGT on the functional potential of the microbial
community and host phenotype. 

Looking ahead, we are actively exploring strategies to fur-
ther enhance the GutMetaNet HGT dataset by integrating
complementary methods and resources. This includes using
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additional reference genome databases, such as SGB (Strain-
level Genome Bins) ( 153 ), which could provide a more com-
prehensive and comparable HGT detection framework across
the GutMetaNet samples, potentially addressing the limi-
tations in strain-level HGT identification. Additionally, we
plan to incorporate data from existing phylogenetic HGT
databases, such as HGTree v2.0 ( 152 ), which catalogs tens
of thousands of horizontally transferred genes. This addi-
tional annotation could help us better differentiate recent
HGT events from ancient ones within the LocalHGT results,
providing deeper insights into the evolutionary dynamics of
HGT in the human gut microbiome. We intend to gradually
roll out these enhancements in future versions of the Gut-
MetaNet resource, as we continue to expand and refine the
database to better serve the needs of the research community.

The incorporation of automated analyses and interactive
visualizations within GutMetaNet reinforces its purpose of
serving the scientific community as a user-friendly and effec-
tive tool. GutMetaNet empowers researchers to conveniently
explore the details of their custom gut microbiome samples,
investigating the underlying HGT and FR patterns. This en-
ables researchers to gain deeper insights and understanding
of the intricate microbial interaction characteristics within the
human gut microbiome. 
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