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Abstract 

The known universe of protein families represents only a small fraction of nature’s molecular diversity. From 40.3 billion predicted open read- 
ing frames across 40 446 metagenomes, 9540 metatranscriptomes, and 539 million proteins from 167 415 reference genomes, we identified 
608 258 previously uncharacterized putative protein families with ≥100 members and 6.5 million families with ≥25 members, none matching 
known Pfam domains or reference proteins. This effort doubles the known repertoire of large families and quadruples that of smaller families. 
Integration of AlphaFold2-based structural predictions with gene-neighborhood and taxonomic analyses enables the characterization of these 
previously unannotated proteins, revealing candidates for both novel and known biological functions in understudied microbial lineages and 
biomes. This expanded repertoire provides insights into microbial adaptation and broadens the molecular toolkit available for biotechnology, 
highlighting the power of global metagenomics to uncover hidden protein diversity. 
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leverages a large collection of assembled prokaryotic genomes 
(MAGs and SAGs) to identify novel gene families with 

strong evolutionary and functional signals, thereby focus- 
ing on genome-resolved uncultivated taxa while not address- 
ing unassembled metagenomic sequences or non-prokaryotic 
components. AGNOSTOS is a computational workflow and 

conceptual framework developed to unify the known and un- 
known microbial coding sequence space by integrating large- 
scale genomic and metagenomic data from human-associated 

and marine ecosystems. The framework operates by inferring, 
validating, and refining homologous gene clusters and higher- 
order gene cluster communities. NMPFams v1 is a large-scale 
catalog of 106 198 novel metagenomic protein families, each 

comprising at least 100 related sequences and showing no de- 
tectable similarity to reference microbial genes or Pfam entries 
while also providing taxonomic, environmental, and predicted 

structural annotations. 
In this study, we present a curated expansion of microbial 

protein families that builds upon and extends previous large- 
scale efforts in the field. Compared to these prior studies, our 
approach differs substantially in methodology, dataset com- 
position, and scale. Specifically, we analyze raw metagenomic 
data across all domains of life, including viruses, and incor- 
porate a significantly larger and more diverse protein dataset 
spanning multiple habitat types, together with metatranscrip- 
tomic data to enhance functional interpretation. Notably, the 
present study builds upon NMPFams v1 by substantially ex- 
panding the resource through the integration of a much larger 
and more diverse collection of metagenomic sequences. In 

addition to increasing its scale, this new version moves be- 
yond sequence cataloging by incorporating biological context 
and putative functional annotations, thereby enhancing both 

the comprehensiveness and biological interpretability of the 
database. 

Here, using a scalable, biologically validated computa- 
tional pipeline applied to one of the most extensive microbial 
datasets assembled to date [ 5 ] (Fig. 1 ), we generate a large- 
scale catalog of novel protein families and predicted folds with 

potential functions. This framework enables systematic ex- 
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Introduction 

Proteins serve as the fundamental molecular machines of life,
playing essential roles in metabolism, gene expression, cellu-
lar defense, and structural integrity. Gaining a comprehensive
understanding of proteins is crucial for advancing knowledge
in biology, evolution, and disease mechanisms. Although their
central role in life, the immense diversity of microbial proteins
remains largely uncharacterized, representing a vast reservoir
of functional and ecological information yet to be explored.
With the explosion of sequencing technologies, we now have
access to vast amounts of metagenomic protein sequence data,
housed in databases that are growing at an unprecedented
rate [ 1–3 ]. Existing databases containing protein information,
such as sequences, structures, and functional annotations, are
confined to well-characterized protein families; others serve
mainly as collections of unstructured datasets, and many fo-
cus on specific environments, resulting in large portions of
protein diversity being overlooked ( Supplementary Table S1 ).
Consequently, despite this rapid expansion of data, a vast
and largely uncharted metagenomic “protein dark matter” re-
mains underexplored and underrepresented in current reposi-
tories. These novel proteins, often hidden within metagenomic
datasets, are not merely rare variants; recent studies have
shown that they include abundant families that are globally
distributed and ecologically significant [ 4 ]. 

By clustering billions of metagenomic sequences and inte-
grating structural prediction, gene-neighborhood context, and
ecological metadata, it becomes possible to define both abun-
dant and rare protein families, identify novel folds, and assign
putative functions to previously uncharacterized sequences.
This approach not only increases the coverage of microbial
protein space but also bridges the gap between sequence dis-
covery and potential functional insight, enabling targeted ex-
ploration of enzymes, metabolic pathways, and molecular
scaffolds for biotechnology [ 5 , 6 ]. 

Previously published studies, including FESNov [ 3 ], AG-
NOSTOS [ 7 ], and NMPFams v1 [ 8 , 9 ], have specifically aimed
to explore this uncharted protein space and systematically

characterize novel proteins from metagenomic data. FESNov 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
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Figure 1. Pipeline illustrating the sequence filtering and clustering methodology for generating protein families from both reference genomes and 
met agenomes/met atranscriptomes. 
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loration of the functional “dark matter” of metagenomes,
ncovering new structural and biological diversity. It further
upports applications ranging from enzyme discovery to syn-
hetic biology, helping to transform metagenomic sequence
pace into biological insight. 

aterials and methods 

ata collection and filtering 

ll publicly accessible metagenomes, metatranscriptomes, and
eference genomes were obtained from the Integrated Mi-
robial Genomes & Microbiomes (IMG/M) database pro-
ided by the Joint Genome Institute (Fig. 1 ). Metagenomes
nd metatranscriptomes were retrieved in October 2023 [ 5 ],
hile reference genomes were collected in December 2024.
 total of 522 135 784 protein sequences were extracted

rom 143 797 bacterial genomes, 761 975 sequences from
9 747 viral genomes, 6 651 575 sequences from 3128 ar-
haeal genomes, and 9 491 122 sequences from 803 eukary-
tic genomes, culminating in 539 040 456 sequences. All se-
uences were solely derived from isolated reference genomes,
xcluding metagenome-assembled genomes (MAGs), single-
mplicon genomes (SAGs), cell enrichment samples, and
ingle particle sorts. All data used in this analysis are
ublicly available and all domains of life have been in-
luded in the analysis. The study analyzed 49 986 micro-
iome datasets (40 446 metagenomes and 9540 metatran-
criptomes, totaling 10 851 187 196 scaffolds) that initially
ontained 40 315 976 846 open reading frames (ORFs) of
arying lengths from assembled metagenomes. Protein predic-
ions in IMG/M [ 5 ] are generated using Prodigal v2.6.3 [ 6 ]
nd GeneMarkS-2 [ 10 ]. To maintain a dataset composed pri-
arily of reliable protein predictions, specific filtering criteria
ere employed. Given that genes situated toward the center of
a contig are more likely to be complete. At the same time, those
closer to the ends may be truncated; sequences located within
10 nucleotide residues of scaffold ends were also removed to
mitigate the inclusion of potentially truncated genes. Further-
more, only sequences with 35 or more residues from scaffolds
exceeding 500 nucleotides in length were retained to ensure
that mainly complete genes were represented. This is because
shorter scaffolds increase the risk that genes are located near
the ends, which could lead to truncation. Low-complexity
regions were masked using the tantan application (version
26) [ 11 ]. After these filtering steps, any remaining sequences
shorter than 35 amino acids were also discarded. The result-
ing final catalog comprised 6 231 725 853 sequences derived
from 44 856 microbiome datasets and 2 893 181 669 scaf-
folds. We consider this to be the high-quality non-redundant
microbiome protein sequence set (high quality/non redun-
dant), which accounted for 15.46% of the starting dataset. 

Identification of novel proteins: hits to Pfam and 

Antifam 

To determine which of the filtered proteins possess known do-
mains, the filtered metagenome dataset was compared against
the Pfam-A (version 37) database of profile Hidden Markov
Models (HMMs) (Fig. 1 ), which contains 21 979 families and
709 clans. Pfam hits were identified using the hmmsearch
tool from the HMMER 3.3.2 package [ 12 ], applying the de-
fault trusted cutoff (–cut_tc). Using the trusted cutoff (TC)
threshold provides the most stringent filtering available, en-
suring that sequences excluded from our novelty search match
Pfam families with the same high confidence as their founding
members. While this conservative approach prioritizes high-
confidence novelty, it naturally enriches for smaller, single-
domain proteins and intentionally excludes multidomain pro-
teins that might otherwise contain novel domains. Follow-
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ing the removal of Pfam hits, the final dataset comprised
2 664 804 251 proteins, extracted from 44 796 datasets and
1 579 469 832 scaffolds. 

The same methodology was applied to Antifam [ 7 ], a
database specifically designed to identify and eliminate spu-
rious or erroneous protein sequences arising from low-
complexity regions or other repetitive patterns, improperly
extended ORFs, or incorrectly translated non-protein-coding
RNA genes (Fig. 1 ). While Pfam catalogs functional protein
domains and families, Antifam focuses on detecting sequences
or families that are likely artifacts (such as those arising from
low-complexity regions, coiled-coil structures, or other repet-
itive patterns) that may falsely resemble functional domains.
The Antifam filtering process yielded 398 073 hits, resulting
in a final dataset of 2 664 406 178 proteins (43% of the HQ-
NR-MB set). 

Identification of novel proteins: hits to reference 

genomes 

To identify novel proteins in the filtered microbiome protein
dataset, additional comparisons were made against the most
recent reference genomes collected in late 2024, which encom-
pass 539 040 456 protein sequences. Two sequential methods
were employed for the comparison (Fig. 1 ). Initially, the LAST
algorithm [ 13 ] was utilized with parameters set at 30% simi-
larity and 70% coverage bidirectional [ 14 ]. LAST is designed
explicitly for large-scale genomic or protein sequence compar-
isons, utilizing a variation of spaced seeds to enhance sensitiv-
ity while minimizing memory usage. Due to its speed and abil-
ity to handle large datasets, LAST is well-suited for metage-
nomic data analysis but can miss hits with lower sequence
identity. For this reason, the dataset that yielded no hits in the
LAST comparison (1 957 621 091 proteins) was subsequently
analyzed against the reference genomes using DIAMOND
[ 15 ], which is more sensitive, albeit slower. The DIAMOND
search was performed using the same search parameters. Re-
quiring bidirectional coverage ensures that both the query and
target are substantially aligned, maximizing biological rele-
vance and eliminating false positives when matching metage-
nomic sequences against reference databases. This stringent
requirement is critical given that metagenomic proteins are
often truncated relative to full-length references; however, be-
cause meeting high coverage against larger reference proteins
is difficult for longer candidates, this step naturally enriched
our dataset for smaller proteins. Following these steps, the fi-
nal dataset comprised 1 736 930 453 proteins, sourced from
44 721 microbiome datasets and 1 115 001 758 scaffolds. 

Clustering and generation of protein families 

In this analysis, MMseqs2 Linclust [ 16 ] was run in bidirec-
tional mode with 30% sequence identity and 80% coverage,
balancing sensitivity and computational load (Fig. 1 ). Clus-
tering was performed on all sequences irrespective of taxon-
omy. A direct comparison of the previous clustering method-
ology (NMPFam v.1) is presented in Supplementary File S1 .
Using these parameters, 370 185 087 proteins were clustered
into 6 588 876 families, each containing at least 25 mem-
bers. These families were derived from 44 198 datasets and
spanned 253 359 325 scaffolds, representing 21.31% of the
total 1 736 930 453 proteins analyzed. Proteins that did not
meet the minimum clustering threshold were excluded from
further analysis. 
Mapping to metagenome-assembled genomes 

In this study, all prokaryotic MAGs were sourced from the 
IMG/M database, while eukaryotic MAGs were excluded. Ac- 
cording to the MIMAG standards [ 17 ], the bins were classi- 
fied as high, medium, or low quality, with high-quality MAGs 
characterized by > 90% completeness and < 5% contamina- 
tion, as determined with CheckM [ 18 ]. As of June 2024, the 
dataset encompassed 21 817 high-quality prokaryotic MAGs,
providing a robust foundation for the analysis of microbial 
diversity [ 19 ]. For this comparison, DIAMOND was utilized 

with parameters set at 30% similarity and 70% coverage bidi- 
rectional. Rather than serving as a filter for novelty identifica- 
tion, given that many MAGs contain functionally unknown 

proteins, the comparison with MAGs was conducted primar- 
ily as a contextual analysis to evaluate sequence overlap and 

distribution across reconstructed genomes. 

Profile generation 

Novel protein families containing 100 or more members were 
gathered and subjected to multiple sequence alignment (MSA) 
generation using MAFFT [ 20 ]. After the initial alignment,
trimming was applied to minimize gaps as follows: The “cen- 
tral” or “pivot” sequence of each MSA was identified by con- 
verting aligned sequences to numerical values, constructing an 

all-versus-all matrix, and computing the Hamming distance.
Subsequently, the central sequence was used as a guide to iden- 
tify gaps, isolate conserved regions, and ensure that poorly 
aligned or gapped areas were excluded from subsequent anal- 
ysis. Finally, hhfilter [ 21 ] was employed to reduce sequence 
redundancy within each family MSA, with parameters set to 

an identity threshold of 95% and a coverage of 70%, thereby 
reducing bias by eliminating highly similar sequences. Only 
families with at least 16 effective sequences after filtering were 
retained for structural prediction, following the protocol es- 
tablished in the original version of NMPFamsDB. This cutoff 
was chosen as it was previously found to be the minimum 

number of sequences per MSA capable of producing the high- 
est percentage of high-quality results [ 8 ]. 

Candidate families for structural model prediction 

Structure prediction was performed using the ColabFold [ 22 ] 
implementation of AlphaFold2 [ 23 ] in de novo mode (no tem- 
plate input), following the protocol established in the original 
version of NMPFamsDB [ 8 ]. Five models were generated per 
run, with three recycle rounds computed per model. For each 

cluster, the model with the highest average predicted template- 
modeling (pTM) score and best average predicted local dis- 
tance difference test (pLDDT) score was selected for down- 
stream evaluation. 

Structural homology search 

Only high-quality (pTM ≥ 0.7) and medium-quality 
(0.5 ≤ pTM < 0.7) structures were retained for further 
analysis. To assess structural similarity with experimentally 
determined structures, these models were searched using 
Foldseek [ 24 ] against 5653 CATH [ 25 ] (v4.4, released Oc- 
tober 2024) to detect matches to structural domains, and 

PDB assemblies [ 26 ] (March 2024 release), to account for 
multi-domain models with matches to multimeric complexes,
as well as any PDB structures not already incorporated in 

CATH. Hits were collected for all family structural models 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
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ith an alignment TM-score > 0.5. For the remaining family
odels, query and target lengths were considered. If the query

ength was shorter than the target, the query alignment score
as assessed with a 0.5 threshold. Conversely, for cases where

he target length was shorter, a family was considered a hit if
he target alignment length was at least 0.5. For the remaining
amilies, an additional search against AlphaFoldDB [ 23 , 27 ]
as performed to identify models that lacked experimental

tructure but had been previously predicted by AlphaFold.
or each hit identified in AlphaFoldDB, further annotation
as carried out using metadata retrieved from the corre-

ponding UniProt entries to determine whether the hits were
unctionally annotated or merely predicted. 

uperfamily generation 

o assess how many families can be grouped into superfami-
ies based on structural information, Foldseek clustering was
erformed in bidirectional mode with a coverage threshold of
0% and a TM-score threshold of 0.5. 

axonomic annotation 

he taxonomic analysis in this study focused on families con-
aining over 100 members, adhering to criteria established in
revious studies [ 8 , 9 ] to ensure statistical robustness. Pro-
ein families were defined as clusters meeting this threshold,
nd their associated scaffolded sequences were retrieved from
he IMG/M database. Taxonomic classification of these se-
uences began with Kraken2 [ 28 ] (version 2.1.3), a highly ac-
urate tool for taxonomic identification. To ensure compre-
ensive coverage across all domains of life, we utilized the full
efSeq database ( ∼1 TB) rather than the standard Kraken2
atabase. To enhance the annotation of proteins and mini-
ize false positives (given the limitations of taxonomic algo-

ithms like Kraken2 in handling eukaryotic sequences [ 29 ]),
 supplementary analysis using MMseqs2 taxonomy against
niRef100 [ 30 ] (version 13) for eukaryotic and unclassified

caffolds was performed. For scaffolds that remained unclas-
ified after this step, the Whokaryote tool [ 31 ] (version 1.1.2)
as used to differentiate eukaryotic from prokaryotic contigs
ased on domain-specific gene structural features. Scaffolds
till unclassified following Whokaryote analysis were further
nalyzed with EukRep [ 32 ] (version 0.6.7), a tool for detect-
ng eukaryotic sequences in metagenomic and metatranscrip-
omic datasets. Lastly, geNomad [ 33 ] (version 1.8.1) was used
o detect additional plasmid and viral sequences among the re-
aining unclassified scaffolds. 

iome distribution 

 protein family distribution across various ecosystems was
erformed to enhance our understanding of habitat-specific
iversity within these protein families. To explore this distri-
ution across different biomes, metadata from each environ-
ental sample was extracted from the IMG/M database and
rganized using the GOLD classification system [ 34 ]. 
In this study, the three primary GOLD ecosystems (envi-

onmental, host-associated, and engineered) were further di-
ided into 10 specific ecosystem types for direct comparison
nd enhanced detail, consistent with the NMPFamsDB study.
hese 10 ecosystem types include air, freshwater, marine, other
quatic environments, engineered, human, mammal host-
ssociated, other host-associated environments, plants, and
errestrial. Network visualizations were created using Gephi
[ 35 ], with the layout generated by the Yifan-Hu algorithm
[ 36 ], and the geographic distribution was computed from each
dataset’s geolocation metadata in IMG. 

Gene neighborhood 

The analysis focuses on gene families with > 100 members.
The majority of novel proteins are located close to known
genes, suggesting that Pfam annotations of the known genes
can provide valuable insights into the functions of the novel
proteins. Specifically, 81 908 529 out of 87 393 063 scaffolds
contain both novel and known genes, highlighting potential
interactions or shared functions. To conduct the gene neigh-
borhood analysis, scaffolds associated with families compris-
ing > 100 members were collected. To maximize data recov-
ery, gene neighborhood analysis was performed across entire
scaffolds. This approach aligns with previous studies [ 8 ] and
is justified by the relatively short length of the majority of
scaffolds in our dataset. However, to prevent the inclusion of
distant, functionally unrelated genes, a supplementary anal-
ysis has been performed by limiting the search window to
10 ORFs flanking each side of the protein of interest. These
scaffolds were then examined against Pfam annotations. For
each scaffold, the top five most frequent Pfam domains were
identified. The Pfam domains were associated with their re-
spective Pfam descriptions. In addition, these domains were
subsequently matched to Gene Ontology (GO) terms using
the InterPro2GO mapping from InterPro. To simplify and in-
terpret the results, GO subsets (commonly referred to as GO
slims), condensed versions of GO that contain curated subsets
of terms, were used. The GO terms were further grouped into
the three primary GO categories: molecular function, cellular
component, and biological process, enabling distinct, targeted
analysis within each category. 

Results 

Novel families from metagenomes versus families 

from reference genomes 

We identified novel protein sequences, the ones with no hits
to Pfam [ 37 ], Antifam [ 38 ], or reference genomes. These se-
quences were subsequently clustered into families using MM-
seqs2 [ 39 ]. For direct comparison with known protein fami-
lies, the same methodology was applied to sequences derived
from reference genomes, analyzing them across various cluster
sizes ( ≥25, ≥50, ≥75, and ≥100 members) (Table 1 ). 

Clustering analysis of reference genomes grouped
393 429 871 of 539 040 456 proteins (72%) into 2 229 233
clusters of ≥25 members across 155 857 genomes. In
contrast, metagenomic and metatranscriptomic data clus-
tered 370 185 087 of 1 736 930 453 proteins (21.3%) into
6 588 876 clusters from 44 198 datasets and 253 359 325
scaffolds, representing a 296% increase in protein families
and quadrupling the total for this size threshold. At ≥50
members, 358 091 618 proteins (66.4%) from reference
genomes formed 1 200 486 clusters, while 221 646 880 pro-
teins (12.8%) from metagenomes grouped into 2 160 632
clusters, reflecting a 62% increase in clustered proteins and a
180% rise in protein families. For ≥75 members, 335 371 741
reference proteins (62.2%) formed 824 621 clusters, versus
155 259 616 metagenomic proteins (8.9%) in 1 052 590
clusters, showing a 46% increase in clustered proteins and
128% more families. At ≥100 members, reference genomes
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Table 1. Direct comparison of protein clusters produced from reference genomes versus novel protein clusters generated from metagenomic and meta- 
transcriptomic data at varying cluster sizes ( ≥25, ≥50, ≥75, and ≥100 members) 

Reference genomes 

Proteins for clustering 539 040 456 
Family size ≥25 members ≥50 members ≥75 members ≥100 members 
Families 2 229 233 1 200 486 824 621 630 433 
Number of genomes 155 857 154 072 153 253 152 506 
Proteins 393 429 871 358 091 618 335 371 741 318 713 491 
% Of proteins 72.99% 66.43% 62.22% 59.13% 

Environmental samples 
Proteins for clustering 1 736 930 453 
Family size ≥25 members ≥50 members ≥75 members ≥100 members 
Families 6 588 876 2 160 632 1 052 590 608 258 
Number of metagenomes 44 198 43 701 43 315 42 975 
Scaffolds 253 359 325 157 845 393 113 497 493 87 393 064 
Proteins 370 185 087 221 646 880 155 259 616 117 330 466 
% Of proteins 21.31% 12.76% 8.94% 6.76% 

Comparison with reference genomes 
% Of family increase 296% 180% 128% 96% 

% Of protein increase 94% 62% 46% 37% 
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contained 318 713 491 proteins (59.1%) in 630 433 clusters,
while metagenomes grouped 117 330 466 proteins (6.8%)
into 608 258 clusters, doubling the protein family space. 

As clustering thresholds increased, reference genomes
showed a minimal reduction in the number of clustered pro-
teins but a notable decrease in the number of clusters, indicat-
ing more consolidated protein families. In contrast, metage-
nomic data exhibited a 30% reduction in proteins within
larger clusters and a 50% drop in cluster count, suggesting
that metagenomic data tend to form smaller, more fragmented
clusters due to greater sequencing fragmentation. Further
family properties of protein clusters from reference genomes
and metagenomes are shown in Supplementary File S2 and
Supplementary Fig. S1 . 

Biome distribution 

Metagenomic and metatranscriptomic datasets from IMG/M
[ 5 ] included 49 986 samples with geographic coordinates (lat-
itude and longitude) and GOLD [ 34 ] ecosystem classifications
(environmental, engineered, host-associated). Most samples
were environmental (67.7%), followed by host-associated
(23%) and engineered (9.2%). Focusing on microbial fam-
ilies with at least 100 members and at least 5% of sam-
ples originating from a single ecosystem type, we identified
608 258 families across 42 975 datasets: 67.5% environmen-
tal, 22.6% host-associated, and 9.7% engineered. Geographic
coordinates for environmental samples were used to plot their
origin locations on a world map (Fig. 2 A), underscoring the
global reach and diversity of sampled environments. 

Of these families, 385 791 (63.4%) are restricted to a
single ecosystem: primarily environmental (57.5%), with
smaller contributions from host-associated (4.9%) and engi-
neered (0.7%). Among these ecosystems, families exclusive
to a single ecosystem include 89 380 (14.6%) in terrestrial,
122 073 (20%) in freshwater, 109 286 (17.9%) in marine,
5701 (0.93%) in other aquatic environments, 4383 (0.7%) in
engineered, 14 614 (2.4%) in plants, 3801 (0.62%) in mam-
mals, 9538 (1.56%) in humans, and 2271 (0.37%) in other
host subtypes (Fig. 2 B). Biome-specific novel protein fami-
lies highlight previously unrecognized functions and sequence
traits that may be adapted to their particular ecological niches
(see the “Gene neighborhood” section). 
Among families spanning more than one ecosystem,
185 994 (30.5%) exist in two ecosystems. Notable overlaps 
include 96 049 families (16%) shared between terrestrial and 

plants, and 50 232 families (8.2%) shared between fresh- 
water and marine environments. Additionally, 9539 families 
(1,5%) are found in terrestrial and freshwater ecosystems, and 

9200 families (1.5%) span engineered and freshwater envi- 
ronments. Functional overlap between environments can un- 
cover common biological roles among diverse microbial com- 
munities. An UpSet plot visualizing all possible overlaps in 

detail is shown in Supplementary Fig. S2 . 
Figure 2 C presents a network representation illustrating 

habitat-specific families and families shared across multiple 
environments. In this network, gray nodes represent novel 
protein families with 100 or more members, while colored 

nodes denote the different habitats. 

Gene neighborhood 

The analysis of gene neighborhoods within novel protein 

families, particularly those specific to different environments,
provides valuable functional insights into microbial activities 
across various ecosystems. To gain a more accurate under- 
standing of functions, this study focuses on biome-specific 
families, aiming to identify the most frequent functions and 

those that are relatively unique compared to the 50 most com- 
mon functions in each environment. Gene neighborhood anal- 
ysis was performed using two complementary approaches: 
considering the entire scaffold and analyzing a window of 
10 ORFs from each side. The key findings presented below 

were consistently observed and are supported by both ap- 
proaches. (See Supplementary Figs S3 –S 8 and Supplementary 
Tables S2 –S 7 ). 

Focusing on human-associated specific protein families, the 
majority of the analyzed samples originate from the digestive 
system. Gene neighborhood analysis reveals that the MatE 

[ 40 ] (multi antimicrobial extrusion) family, a member of the 
multidrug/oligosaccharidyl-lipid/polysaccharide (MOP) flip- 
pase superfamily, is significantly more prevalent in this en- 
vironment. Metagenomic studies indicate that genes related 

to MatE contribute to antimicrobial resistance in gut micro- 
biota. In addition, the unique enrichment of AraC-family tran- 
scriptional regulators as gene neighbors in human-associated 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
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Figure 2. Ecosystem analysis of novel protein families with ≥100 members. ( A ) Visualization of sample geographical distribution. ( B ) Network 
representation of the protein clusters and their ecosystems. Ten ecosystem types were applied according to the GOLD ecosystem classification, 
represented by central, colored nodes (hubs), whereas the gray peripheral nodes represent the protein clusters. The edges represent the protein 
cluster–ecosystem associations. ( C ) The distribution of total versus ecosystem-type-specific novel protein families across the eight different ecosystem 

types. ( D ) Family taxonomy distribution across the three domains of life, viruses, plasmids, and organelles. ( E ) Distribution of protein hits against 
High-Qualit y Met agenome Assembled Genomes (HQ MAGs) within families. ( F ) The top 20 MAGs phyla that are represented across the families. 
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metagenomes implies that these novel protein families are
functionally integrated into host-adaptive regulatory net-
works, potentially representing uncharacterized effectors of
gut colonization and host–microbe interaction [ 41 ]. 

In plant-specific environments, microbes must adapt to
unique ecological and physiological conditions, including in-
teractions with plant hosts. The Plant mobile domain and PPR
repeat are particularly relevant, as they play essential roles in
RNA processing and gene regulation, often found in plant-
associated microbes and organelles [ 42 ]. Additionally, the
NB-ARC domain [ 43 , 44 ], commonly associated with resis-
tance genes, contributes to microbial adaptation and defense
mechanisms in plant environments, highlighting the intricate
microbial–plant interactions. Plant-associated novel protein
families are also uniquely neighbored by retrotransposon-
derived genes [ 45 ] (reverse transcriptase, RNase H, and gag-
like structural proteins) reflecting the extraordinary prolifera-
tion of Ty1/Copia and Ty3/Gypsy LTR retrotransposons that
can constitute up to 85% of plant genomes. These functions
were identified as exclusively enriched in gene-neighbor pro-
tein families specific to biome-restricted plant families, pro-
viding interesting, valuable functional insights into previously
uncharacterized protein families. 

In freshwater ecosystems, hotspots for viral and phage ac-
tivity, gene neighborhood analysis highlights the exclusive
presence of viral-related proteins such as Caudovirus prohead
serine proteases [ 46 ], phage portal protein [ 47 ], and YqaJ-like
viral recombinases [ 48 ]. These proteins are crucial for viral
replication, assembly, and horizontal gene transfer, emphasiz-
ing the central role of viruses in shaping microbial commu-
nities. Additionally, the microbial reliance on carbohydrate
metabolism in freshwater environments is evident in the ex-
clusive presence of proteins such as chitinases, glycosyltrans-
ferases, and transglycosylases [ 49 ]. These enzymes facilitate
the degradation of plant matter, detritus, and chitinous mate-
rial, supporting nutrient cycling and microbial adaptation in
these nutrient-rich but variable habitats. 

In terrestrial environments, gene neighborhood analysis
identifies proteins with transaminase activity and carboxypep-
tidase regulatory-like domains as highly prevalent in soil
ecosystems. These proteins are essential for amino acid
metabolism, contributing to nitrogen cycling [ 50 ] by facilitat-
ing the synthesis, degradation, and transformation of amino
acids and organic nitrogen compounds. Additionally, the sig-
nificant presence of the tripartite tricarboxylate transporter
(TTT) family receptor in these environments highlights its role
in the uptake of organic acids from plant root exudates, de-
caying organic matter, and microbial metabolites. These or-
ganic acids serve as crucial energy sources and biosynthetic
precursors, supporting microbial survival and activity in soil
ecosystems. 

Gene neighborhood analysis of novel protein families re-
vealed a dual-layered functional architecture across biomes.
While each biome harbored a distinct repertoire of unique
protein families reflecting environment-specific adaptations
and ecological pressures, a core set of functional categories,
including membrane transport, DNA replication and repair,
and transcriptional regulation, emerged consistently across all
nine biomes examined. Crucially, however, these shared func-
tions were not carried by the same protein families; instead,
they were fulfilled by biome-specific gene families of indepen-
dent evolutionary origin, as evidenced by the divergence in
family composition despite functional convergence at the do-
main level. This pattern suggests that while the selective pres- 
sures governing fundamental biological processes are univer- 
sal, the molecular solutions have arisen repeatedly and inde- 
pendently across distinct ecological contexts, a hallmark of 
convergent functional evolution. 

These findings underscore that the functional landscape of 
the biosphere is far more conserved than its sequence land- 
scape: biomes that are radically different in taxonomic com- 
position and environmental conditions nonetheless converge 
on the same core functional repertoire, implying that ecolog- 
ical constraints shape function far more stringently than they 
shape sequence. Together, the combination of biome-unique 
families and convergently evolved shared functions positions 
gene neighborhood analysis as a powerful lens not only for 
characterizing environment-specific genomic innovations, but 
also for illuminating the universal functional grammar that 
underlies microbial life across the Earth’s diverse ecosystems. 

Taxonomy 

Of the 87 393 064 scaffolds analyzed, 65 471 449 (74.92%) 
were successfully classified taxonomically, while 21 921 615 

(25.08%) remained unclassified. Integrating multiple taxo- 
nomic algorithms in the analysis pipeline improved classifi- 
cation rates, reducing the proportion of unclassified scaffolds 
compared to the previous study [ 51 ]. Among the classified 

scaffolds, the majority were categorized as Bacteria (76.01%),
followed by Viruses (14%), Eukaryota (7%), and Archaea 
(3%), with a small fraction classified as organelles and plas- 
mids. The high classification rate achieved through multi-stage 
classification, utilizing a succession of taxonomic tools to re- 
solve unassigned sequences, facilitates a deep exploration of 
diversity and the mapping of functions to specific taxonomic 
groups. 

Using a threshold of at least 95% of samples derived from 

a single taxonomic domain, 115 377 families (18.9%) were 
taxonomically assigned to unique domains, while the major- 
ity encompassed scaffolds from multiple taxonomic groups.
Specifically, 72 590 families (12%) were exclusively bacterial,
23 782 (4%) were solely eukaryotic, 10 547 (2%) were viral,
and 3124 (1%) were archaeal. Most families displayed mixed 

taxonomic compositions, including combinations such as Bac- 
teria and Unclassified (360 610 families, 59.2%), Bacteria and 

Viruses (105 338 families, 17.3%), and Viruses and Unclassi- 
fied (30 355 families, 4.99%) (Fig. 2 D). 

Proteins from families that matched the 21 817 high-quality 
MAGs were used for taxonomic analysis. Since most MAGs 
are taxonomically classified, their taxonomy provides valu- 
able insights into family taxonomy. Most families (74%) show 

no hits against MAGs, while the remaining families exhibit 
hits in descending order relative to the number of MAGs, in- 
dicating that more families have hits in fewer MAGs, while 
the number of families decreases as the number of MAGs with 

hits increases (Fig. 2 E). Of the MAGs, 90% are bacterial, 6% 

remain unclassified, and 3% are archaeal. A taxonomic anal- 
ysis of families based on MAGs identifies the top 20 bacte- 
rial phyla most commonly represented across these families 
(Fig. 2 F). 

Structural distribution 

Focusing on protein families with > 100 members, 3D struc- 
tures were predicted using AlphaFold2/ColabFold [ 22 , 27 ],
following the workflow presented in Fig. 3 A. Of the 608 258 
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Figure 3. ( A ) Pipeline illustrating the preparation, structural prediction, and structural search using Foldseek against CATH, PDB, and AlphaFoldDB, 
highlighting the number of potential novel folds and unannotated structural hits. ( B ) Venn diagrams for high (pTM ≥ 0.7), medium (0.5 ≤ pTM > 0.7), and 
combined quality model structural hits against CATH, PDB, and AlphaFoldDB, highlighting the overlapping and unique hits for each database. ( C ) 
Example models with no significant hits to CATH, PDB, or AlphaFoldDB, considered as potential novel folds. pLDDT, per-residue confidence score. ( D ) 
Example models with hits to PDB and AlphaFoldDB domains. 
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families, representative structural models were successfully
generated for 156 609. For each family, the model with the
highest average pLDDT score was retained. Among these,
26 767 (17.09%) models had a pTM score > 0.7, indicating
high-quality models, while 47 823 (30.54%) had a pTM score
between 0.5 and 0.7, indicating medium-quality models. This
part of the analysis focuses on the 74 590 family models that
fall into these two quality categories. 

To provide insights into functional annotation and ex-
plore the novel structural space, these models were searched
against well-known structural databases containing both ex-
perimentally validated and computationally predicted 3D
models. Searches were conducted against CATH [ 25 ], PDB
[ 26 ], and AlphaFoldDB [ 35 ] (Fig. 3 B). The total number of
hits for the 74 590 family models included 68 649 hits from
CATH, 70 843 from PDB, and 69 190 from AlphaFoldDB.
Specifically, searching against CATH yielded 68 649 family
model hits, with 25 766 originating from high-quality mod-
els and 42 883 from medium-quality models. The remaining
unmatched structures were then searched against the PDB,
yielding 2812 additional hits (978 high-quality models and
1834 medium-quality models). Finally, a search against Al-
phaFoldDB identified 180 more hits (15 high-quality and
165 medium quality). An example of structural annotated
folds is presented in Fig. 3 D. Clustering with Foldseek pro-
duced 2781 singletons and 69 multi-member clusters, indicat-
ing most folds are unique. Further structural clustering of the
whole dataset suggests these models represent genuinely novel
partial or complete folds, rather than variations of known ar-
chitectures. 

These findings enhance functional annotation by leveraging
structurally characterized proteins and uncover 2948 poten-
tial novel folds (Fig. 3 C). Notably, 947 family models exhibit
structural similarities to entries in AlphaFoldDB, yet their cor-
responding structures remain uncharacterized. This not only
expands the pool of potential novel folds, as many remain
unidentified, but also presents an opportunity to infer func-
tional annotations for these previously uncharacterized struc-
tures. 

Functional annotation through structural modeling 

Structural annotations were performed based on structural
homolog hits in CATH, PDB, and AlphaFoldDB. Out of the
26 767 high-quality structural models, 10 493 were derived
from habitat-specific families, including 2668 from aquatic
marine environments, 5290 from aquatic freshwater environ-
ments, 217 from other aquatic habitats, 22 from engineered
environments, 8 from host-plants, 323 from mammals, 15
from humans, 4 from other host-associated environments, and
1946 from terrestrial environments. Out of 47 823 medium-
quality structural models, 21 460 were derived from habitat-
specific families. This includes 6088 from marine environ-
ments, 10 029 from freshwater environments, 369 from other
aquatic environments, 82 from engineered environments, 131
from host plants, 318 from mammals, 48 from humans, 23
from other host-associated environments, and 4372 specifics
to terrestrial habitats. 

For each family, the predicted fold was compared with
the structural hits from these databases and combined with
the gene neighborhood analysis. The F139409 family for
example, which is specific to the human habitat, exhibits
structural similarity to the winged helix DNA-binding do-
main (CATH: 1.10.10.10). Gene neighborhood analysis in- 
dicates that its neighboring genes predominantly encode 
helix–turn–helix motifs (PF01381), ERF superfamily domains 
(PF04404), and single-nucleotide strand DNA binding pro- 
tein domains (PF00436), all of which are known for their 
roles in DNA binding. The helix–turn–helix domain is a well- 
characterized structural motif involved in DNA recognition,
while the ERF superfamily includes single-strand annealing 
proteins. The presence of exclusively DNA-binding proteins in 

this gene neighborhood suggests a strong functional connec- 
tion to DNA interactions ( Supplementary Fig. S9 A). Similarly,
the F004558 family, which consists of proteins found exclu- 
sively in terrestrial environments, exhibits high structural sim- 
ilarity (as indicated by TM scores) to the CRAL-TRIO lipid- 
binding domain (CATH: 3.40.525.10). The CRAL-TRIO do- 
main is primarily associated with lipid transport and the 
binding of small lipophilic molecules. Gene neighborhood 

analysis of the F004558 family reveals a strong correla- 
tion with membrane transport functions, with neighboring 
genes encoding ion channels (PF07885), sodium/calcium ex- 
changers (PF01699), and transmembrane transport proteins 
(GO:0 055 085). Furthermore, this family is closely related to 

the SLOG superfamily (PF18306), which includes proteins 
that bind low-molecular-weight biomolecules. Notably, SLOG 

proteins and CRAL-TRIO domains share functional similari- 
ties as small-molecule-binding domains. This relationship ex- 
tends to lipid transfer and membrane interactions, particu- 
larly in the context of membrane trafficking [ 36 ], further rein- 
forcing their functional link in cellular transport mechanisms 
( Supplementary Fig. S9 B). 

Additionally, to focus on high-quality models, the 50 most 
frequent structural hits in each environment were selected, and 

the unique domains identified in each environment were re- 
ported ( Supplementary Table S8 ). This analysis, along with the 
gene neighborhood analysis, does not pinpoint the uniquely 
structured domains for each habitat, but rather highlights the 
unique domains among the most frequently encountered ones.
Interestingly, the most frequent and characteristic gene neigh- 
borhood functions presented in Supplementary Tables S2–S 4 

are closely related to the habitat-specific unique structural do- 
mains. For instance, the carboxypeptidase-like regulatory do- 
main (CATH: 2.60.40.1120) is found in families specific to the 
terrestrial habitat, and this is further supported by neighbor- 
hood analysis, which identifies it as one of the most frequently 
associated functions (Pfam domain: PF13620). Another ex- 
ample is the STAS domain, which is strongly associated with 

regulation and signal transduction in bacterial systems [ 52 ].
This domain appears at the top of the list in terrestrial-specific 
families (CATH: 3.30.750.24). At the same time, the gene 
neighborhood analysis reveals that the top Pfam domains are 
related to bacterial regulatory proteins (Pfam: PF00196). Con- 
sidering all of the above, structural homology not only gives 
insights into annotating novel protein families but also under- 
scores the significance of gene neighborhood analysis, which 

plays a crucial role in characterizing novel or unannotated 

folds. 

Discussion 

The microbial world contains vast, largely unexplored protein 

diversity that underpins microbiome function and ecological 
interactions. By analyzing tens of billions of sequences from 

metagenomes, metatranscriptomes, and reference genomes,

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
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Figure 4. ( A ) Structural model of the novel protein family F431767 and its foldseek hit, penicillin V acylase (PDB code: 3PVA), including their structural 
superimposition. ( B ) Molecular docking by manual fitting of penicillin V in the F431767 structural model. Key residues conserved between penicillin V 
acylase and F431767 are highlighted. ( C ) KRONA visualization showing the taxonomic distribution of proteins belonging to the F431767 family. Members 
are predominantly found in Bacteria, including Pseudomonadota, Actinomycetota, and Chloroflexota. Chloroflexota includes aerobic thermophiles that 
utilize oxygen and thrive at high temperatures. ( D ) Pie chart illustrating the biome distribution of F431767 family members, with most sequences 
originating from aquatic marine and terrestrial environments, followed by aquatic freshwater, other aquatic environments, and plants. ( E ) Sequence 
alignment comparing penicillin V acylase PDB structures (2IWM, 2OQC, 2PVA, 2QUY, 2Z71, 3MJI, 3PVA, 4WL2) with members of the F431767 family to 
identify conserved and divergent residues. Key residues such as Cys12, the catalytic N-terminal nucleophile, are highly conserved, while Asp30 is also 
conserved and contributes to the penicillin V binding site. 
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e substantially expand protein family space, identifying over
00 000 families with ≥100 members and 6.5 million fami-
ies with ≥25 members, effectively quadrupling current cover-
ge. Importantly, smaller and niche families capture rare pro-
eins with potential functional and evolutionary significance.
ur scalable framework integrates structural prediction with

axonomic, ecological, and genomic context, revealing biome-
pecific patterns of adaptation and uncovering both novel
olds and known folds within previously uncharacterized se-
uence space. Beyond novel folds, we identify protein fam-
lies that adopt established structural architectures but lack
etectable sequence similarity to known domains. 
An insightful example (protein family F431767) exempli-

es this structure-guided functional inference (Fig. 4 ). Al-
hough no similarity to Pfam domains or isolated genomes
s detected, members of this family exhibit clear structural
imilarity to penicillin V acylase (PVA) chain A (CATH:
.60.60.10; PDB: 3PVA) (Fig. 4 A). PVA catalyzes the hydrol-
sis of penicillin V to 6-aminopenicillanic acid (6-APA), a key
ntermediate in the semi-synthesis of penicillin products in in-
ustry [ 53 , 54 ]. F431767 proteins are distributed primarily
cross marine and terrestrial environments and occur mainly
ithin Pseudomonadota, Actinomycetota, and Chloroflexota

Fig. 4 C and D). The presence of this family in Chloroflex-
ta [ 55 ], an ecologically and metabolically versatile phylum,
ighlights its potential functional breadth and biotechnolog-
cal relevance. Sequence comparisons with structurally char-
cterized PVAs, guided by the penicillin V-bound structure of
2Z71, reveal conservation of catalytic features (Fig. 4 E), in-
cluding the N-terminal nucleophile Cys12 generated by au-
tocatalytic self-cleavage, consistent with the N-terminal nu-
cleophile (Ntn) hydrolase superfamily [ 56 ]. Additional con-
served residues (Asp30 and Asn155) contribute to substrate
binding, while substitution of Tyr80 with His80 in F431767
members suggests adaptive tuning, potentially enhancing elec-
trostatic flexibility and stability in environmentally diverse or
extreme habitats. Molecular docking confirms the penicillin V
model potential binding (Fig. 4 B). 

Recent studies have leveraged metagenomic datasets to
expand and characterize the global landscape of microbial
protein diversity, focusing on taxonomic distribution, func-
tional potential, and the discovery of novel sequence space
( Supplementary Tables S9 –S 13 ). Comparisons of our dataset
with MAGs from IMG/M and gcMeta [ 57 ] revealed only lim-
ited overlap ( Supplementary Tables S14 and S 15 ). Although
SPIRE [ 58 ] substantially expanded the known protein space
by organizing metagenomic proteins across taxa and biomes,
it showed no overlap with the proteins identified in our study.
These findings demonstrate that our identified proteins rep-
resent novel sequence space not only relative to reference
genomes but also relative to previous metagenomic efforts
aimed at characterizing uncultivated microbial communities. 

The Global Microbial Gene Catalogue (GMGC) [ 59 ] or-
ganized metagenomic datasets into protein families to investi-
gate the distribution of genes across diverse habitats. Compar-
ison with GMGC revealed limited overlap with our dataset,

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag938#supplementary-data
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and none of the overlapping proteins received functional an-
notations. These findings highlight the significance of our
study, which extends beyond the identification of novel pro-
tein families by providing a multilayered annotation frame-
work to characterize their potential functions, taxonomic as-
sociations, and biological relevance. 

Previous studies investigating novel protein family space,
including FesNOV, NMPFam v1, and AGNOSTOS, em-
ployed distinct methodological approaches ( Supplementary
Table S16 ) and showed limited overlap with our dataset
( Supplementary File S3 and Supplementary Table S17 ), high-
lighting the complementary nature of these efforts and the ex-
pansion of unexplored protein diversity. 

Overall, this study shows that integrating global metage-
nomic clustering with structural and contextual annotation
converts billions of uncharacterized sequences into a biome-
resolved protein family landscape, providing new insights into
microbial adaptation and revealing a broad reservoir of func-
tional and biotechnological potential. 

Limitations 

All data used in this analysis were retrieved from IMG/M,
where gene prediction is performed using established tools, in-
cluding Prodigal v2.6.3 and GeneMarkS-2. Most eukaryotic
gene prediction methods either rely on similarity to known
proteins (e.g. MetaEuk) or require prior taxonomic classifi-
cation to optimize ab initio models (e.g. AUGUSTUS). Con-
sequently, prokaryotic gene callers are often the only prac-
tical option. However, this introduces a potential bias, as
genes of eukaryotic origin may be missed or inaccurately pre-
dicted. Therefore, the quality and completeness of the pre-
dicted protein set are inherently dependent on the underlying
gene-calling strategy. Protein sequence fragmentation is a ma-
jor challenge in metagenomic studies. Despite the implementa-
tion of filtering strategies to reduce its impact, workflows for
novel protein identification can still be biased toward short
protein families. While the present computational framework
provides a valuable resource for the discovery, annotation, and
characterization of novel proteins, all functional and biolog-
ical inferences remain computational predictions and should
be considered hypotheses requiring experimental validation.
While our 35-amino-acid threshold aligns with Pfam stan-
dards for functional domains, our strict novelty criteria natu-
rally enriched the dataset for smaller sequences. Omitting cov-
erage parameters during Pfam filtering intentionally excluded
multidomain proteins to eliminate false positives, while high
bidirectional coverage thresholds against larger reference pro-
teins further constrained sequence length. Although these con-
servative filters may omit longer sequences containing isolated
novel domains, they ensure that the retained candidates rep-
resent genuinely novel proteins, leaving multidomain protein
discovery as a promising direction for future research. 
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