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Metagenomes encode an enormous diversity of proteins, reflecting a multiplicity of
functions and activities*. Exploration of this vast sequence space has been limited to
acomparative analysis against reference microbial genomes and protein families
derived from those genomes. Here, to examine the scale of yet untapped functional
diversity beyond what s currently possible through the lens of reference genomes, we
develop acomputational approach to generate reference-free protein families from
the sequence space in metagenomes. We analyse 26,931 metagenomes and identify
1.17 billion protein sequences longer than 35 amino acids with no similarity to any
sequences from 102,491 reference genomes or the Pfam database®. Using massively
parallel graph-based clustering, we group these proteins into 106,198 novel sequence
clusters with more than 100 members, doubling the number of protein families
obtained from the reference genomes clustered using the same approach. We
annotate these families on the basis of their taxonomic, habitat, geographical and
gene neighbourhood distributions and, where sufficient sequence diversity is
available, predict protein three-dimensional models, revealing novel structures.
Overall, our results uncover an enormously diverse functional space, highlighting
theimportance of further exploring the microbial functional dark matter.

Metagenome shotgun sequencing has become the method of choice for
studying and classifying microorganisms from various biomes’. With
the latest advances in whole-genome sequencing technologies and
the constantimprovements in quality and cost efficiency, large-scale
sequencing hasbecome increasingly easier, faster and more affordable.
This has led to a considerable increase in metagenomic sequencing
dataover the past few years, therefore making them anindispensable
resource for investigating the microbial dark matter?.
Toelucidate the genetic composition of ametagenomic sample, two
major approaches are typically used, each with distinct advantages and
disadvantages. Inthe first, sequencing reads are accurately mappedtoa
known, annotated set of reference genome sequencesto provide aquick
overview of the presence of known organisms, genes and potential
functions. MG-RAST*is one system that excels in this type of analysis.
In the second approach, massive de novo assembly of the reads into

contigs/scaffolds can provide invaluable insights into the presence of
previously undescribed organisms and their genetic makeup. Recent
technological advancements in assembly and binning tools® have led to
asignificantincreasein the assembled fraction of the average metage-
nome, coupled with a parallel exponential increase in the number of
metagenome-assembled genomes (MAGs). Data management and
comparative analysis systems supporting this type of data include
Integrated Microbial Genomes & Microbiomes (IMG/M)® and MGnify’.

However, both approaches share the same major limitation with
respect to gene functional annotation, which relies on predicting func-
tionby homology searching against reference protein databases, such
as COG?®, Pfam®and KEGG Orthology’. As aresult, any genes predicted
inassembled metagenomic data that do not map toreference protein
families are typically ignored and dropped from subsequent compara-
tive analysis. To eliminate this reliance on reference datasets and to
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Fig.1|Sequence clustering overview. a, Clustering proteins fromthe
reference genome (blue) and ED (red) datasets. b, Rarefaction curves of protein
clusters for reference genome (blue) and ED (red) datasets. c¢,d, Bar chart

estimate the breadth of unexplored functional diversity, referred to as
the functional dark matter, an all-versus-all metagenomic comparison
isrequired. Suchatask requires considerable computational resources,
yetreaching such levels of scalability remains technically challenging.
Although some excellent efforts to address thisissue have been recently
reported'®'?, metagenomes have not yet been comprehensively sur-
veyed to uncover the functional dark matter.

Here we present ascalable computational approach foridentifying
and characterizing functional dark matter found in metagenomes. First,
we identified the novel protein space present in 26,931 metagenomic
datasets from IMG/M, after removing all genes with matches to the
IMG database of over 100,000 reference genomes or Pfam. We next
clustered the remaining sequencesinto protein families and explored
theirtaxonomic andbiomedistributions and, where possible, predicted
their tertiary (three-dimensional (3D)) structures.

The novel protein sequence space

Weinitially collected all protein sequences (longer than 35 amino acid
residues) fromall public reference genomes and assembled metagen-
omes and metatranscriptomes hosted in the IMG/M platform®. Intotal,
we extracted all protein sequences from 89,412 bacterial, 9,202 viral,
3,073 archaeal and 804 eukaryal genomes, resulting inafinal dataset of
94,672,003 sequences. The reference genomes included in this study
consisted solely of isolate genomes, not MAGs or single-amplified
genomes. Similarly, for unbinned metagenomes, we extracted all
predicted protein sequences from scaffolds of at least 500 bp and
with lengths of at least 35 amino acids from 26,931 datasets (20,759
metagenomes and 6,172 metatranscriptomes), hereafter referred to as
the environmental dataset (ED). This resulted inanon-redundant set of
8,364,611,943 predicted proteins or protein fragments. To identify the
functional dark-matter component of this dataset, we first discarded
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any protein sequence with hits to Pfam® or to any sequences from the
reference genome set. The final non-redundant catalogue representing
the unexplored metagenomic protein space consisted of1,171,974,849
protein sequences (14% of the total).

Novel protein families

We next clustered the 1.1 billion ED proteins using a graph-based
approach. For comparative purposes, we followed the same approach
for the 94 million proteins from reference genomes. First, an
all-versus-all similarity matrix was built for each of the two gene cata-
logues (that is, proteins from reference genomes and those from the
ED) by calculating all significant pairwise sequence similarities. Each of
the two graphs was then analysed to identify sequence-similarity-based
protein clusters. For this purpose, we used HipMCL", amassively paral-
lelimplementation of the original MCL algorithm™ that was previously
developed for this scale of dataand that can runon distributed-memory
computers. The whole process from data retrieval to cluster genera-
tionis showninFig.1a.

Although most clusters with atleast 50 members (and possibly even
those with at least 25 members) probably represent potentially func-
tionally important clusters, we restricted the subsequent analysis to
thelarger families with at least 100 members to focus on higher-quality
dataaswellasbetter candidates for predicting structures (Table1).In
total, weidentified 106,198 families with atleast 100 members that will
bereferred to as novel metagenome protein families (NMPFs) (Table1
(right column)). For comparison, we identified 92,909 protein clusters
inthe corresponding set of protein clusters with at least 100 members
fromreference genomes. By directly comparing the two clustered sets
(reference versus ED protein clusters), we observed anincrease in the
ED protein clusters by greater than 14-fold for clusters with at least 3
members, greater than 3-fold for clusters with at least 25 members,
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Table 1| HipMCL clustering of proteins from reference genomes and metagenomes and their corresponding clusters of

different protein family sizes (cumulative)

Environmental dataset

Proteins for clustering 570,198,677

Cluster size >3 members 225 members 250 members >75 members >100 members
Clusters (NMPFs) 64,149,288 1,501,861 428,910 200,075 106,198
Datasets 24,477 23,208 21,447 20,274 19,326
Scaffolds 349,547957 71,910,494 39,593,021 2704114 17,280,119
Proteins 400,241,252 77,892,505 42,280,078 28,621,670 19,986,348
Percentage of proteins 70.19 13.66 741 5.02 3.5

Reference genomes

Proteins for clustering 71,312,320

Cluster size >3 members >25 members >50 members >75 members 2100 members
Clusters 4,572,038 415,591 197,965 128,324 92,909
Datasets 80,896 7761 76,294 75,145 74134
Proteins 64,427,269 38,509,539 31,100,303 26,906,094 23,860,313
Percentage of proteins 90.34 54.00 43.61 37.73 33.46

around a 2-fold increase for clusters with at least 50 and 75 members
aswell as anincrease for clusters with at least 100 members (Table 1).
Although the metagenome sequence space is intrinsically more
fragmented compared with the reference genomes (Supplementary
Methods and Supplementary Fig. 1), and a higher percentage of genes
would be erroneous or incomplete (which is also one of the reasons
we decided to focus all further analysis on the larger clusters), these
results also suggest that much of protein sequence space remains to
be explored. This is also supported by rarefaction curves generated
from the >100-member clusters (Fig. 1b). These curves show that, as
more samples become available, the cluster number increases linearly
for reference genomes but exponentially, without reaching a plateau,
for metagenomes.

Biome distribution

To determine the biome distribution landscape of the NMPFs, the corre-
sponding metadatawere collected for each sample from IMG/MC using
the GOLD database® ecosystem classificationscheme' (Supplementary
Table1). The biome distribution of the NMPFsis showninFig.2a,band
Extended DataFig. 1. Here the three main GOLD ecosystems (environ-
mental, host-associated and engineered) are further divided into eight
more specific ecosystemtypes: freshwater, marine, soil, plants, human,
non-humanmammals, other host-associated and engineered. Examin-
ing the network topology, we observed minimum gene sharing within
each NMPF across the three broad ecosystems, in accordance with
recent observations of protein families from 13,174 metagenomes”,
with the exception of soil/plant associations (see below). However,
7,692 NMPFs (7%) were found to have members across all of the eight
ecosystem types. The properties of the top NMPFs distributed across
all ecosystem types are shown in Supplementary Table 2, while the
properties of the top NMPFs of each distinct ecosystem type are shown
inSupplementary Tables 3 and 4. Inaddition to the analysis presented
above, each ecosystem was further divided into subcategories for finer
analysis (Extended Data Figs. 2-5 and Supplementary Fig. 2).

The largest number of NMPFs was shared between soil and plant
environments (62% of the soil and 96% of plant-associated families), as
would be expected due to the strong overlap of the sampling in these
ecosystems (thatis, most of the plant samples are from the rhizosphere)
(Fig.2aand Extended Data Fig. 3). This was followed by NMPFs shared
between soil and freshwater, which could be primarily due to the assign-
ment of wetland and sediment samples under the freshwater ecosystem
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classification. For the same reason, we observed a notable overlap
between plants and freshwater NMPFs as well as between soil, fresh-
water and plant NMPFs. Conversely, only 37% of freshwater and 46% of
marine NMPFs were shared with each other. Even fewer protein families
were shared between ecosystem types such as human, non-human
mammals and host-associated. On the other hand, arather substantial
overlap in NMPFs between human and engineered environments was
observed (Fig. 2). This is not surprising, considering that engineered
environments largely contain samples from human-waste-related eco-
systems (such as solid waste and wastewater). Similarly, an overlap
exists between freshwater and engineered environments, as well as
between freshwater and host-associated types (human, non-human
mammals and other host-associated), as shownin Extended DataFig. 1.
These overlaps could be indicative of phenomena such as faecal con-
tamination of freshwater environments, leading to the co-occurrence of
the same NMPFs—and, therefore, the same microbial communities—in
different ecosystem types.

The percentage of ecosystem-specific NMPFs varied significantly
across each of the eight ecosystem types, with the highest percent-
age observed for host-associated (non-human mammals) (85.6%) and
host-associated (other) samples (79.2%), followed by marine (48.4%)
and thensoil (14.2%) samples (Fig. 2c). This is explained by the unique
characteristics of the environments contained in these ecosystem
categories, for example, oceanic environments of marine samples,
and even more so in the case of the host-associated category, which
contains adiverse array of microbiome hosts with significant biologi-
caldifferences (for example, arthropods and annelids) (Extended Data
Fig.4).In contrast to marine samples, freshwater samples had a very
small percentage of ecosystem-type-specific families, mostly due to
alarge number of wetland and sediment samples with strong associa-
tions with soil, as did the plant/rhizosphere-related samples with soil
samples (Fig. 2a).

Finally, to investigate the ecosystem distribution of NMPFs, the
ecosystem prevalence of the most-abundant NMPFs of each eco-
system type was evaluated. The prevalence of each NMPF in an
ecosystem (for example, freshwater) was calculated as the number
of family ecosystem-associated datasets over the total number of
ecosystem-associated datasets inthe study (Supplementary Table 3).
Despite the existence of NMPFs strongly associated with a particu-
lar ecosystem type (for example, >80% of NMPFs), their prevalence
in the overall datasets associated with said ecosystems was rather
low, with most NMPFs distributed across 5-20% of the samples
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associated with each ecosystem type. The only exception was the
non-human-mammal-associated NMPFs, for which prevalence reached
up to around 45% of the total non-human mammalian datasets.

Taxonomic distribution

Taxonomic assignment of NMPFs was performed on the basis of the
available taxonomy information of the corresponding scaffolds in IMG,
for each member of the clusters®. In cases in which no such annota-
tion was available, we used a combination of additional approaches
to computationally infer the taxonomy of the scaffolds (Methods). Of
the total 17,280,119 IMG/M scaffolds containing the NMPF members,
8,049,154 were classified as Bacteria, 382,761 as Archaea, 1,184,393 as
Eukaryotaand 1,406,588 as viruses, leaving 6,257,223 as unclassified.

The taxonomic distribution of the NMPFs, on the basis of their
corresponding scaffold taxonomic assignment, is shown in Fig. 3a
and Extended Data Fig. 6. The majority of protein families included
sequences with multiple taxonomic assignments (such as bacterial
and unclassified, or bacterial and viral). The largest category consisted
of families with bacterial/unclassified sequences, followed by viruses/
unclassified and bacteria/viruses. Amuch smaller group of families was
assigned to Eukarya and even fewer families to Archaea. Finally, 7,253
clusters had no taxonomic information at all.

Asnoreliable de novo eukaryotic gene predictor exists for unbinned
metagenomes', alot of sequences may come from eukaryotic scaffolds
that may contain translation errors (such as mistranslated introns).
However, analysing the contents of these clusters (Supplementary
Methods) showed that their majority include proteins from Bacteria
and Archaea alongside Eukarya, with very few NMPFs containing only
eukaryotic sequences (Supplementary Data 6). Moreover, more than
half of these clusters are validated by metatranscriptomic data. These
two observations supported the quality of the eukaryotic-containing
NMPFs.
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Subsequently, we evaluated whether any of the NMPF proteins
(and their corresponding families) were found in any of the recently
identified MAGs from the Genomes from Earth’s Microbiomes (GEM)
catalogue®. Specifically, we examined whether any of the scaffolds
containing genes of the NMPFs were binned in any of the 52,515 MAGs
of the GEM catalogue. This revealed that only 17,953 genes, coming
from 7,937 NMPFs (7.4% of total) (Fig. 3b,c), were found within the
GEM catalogue, of which the vast majority (93%) was from uncultured
species. For those families that were present in two or more MAGs,
we noticed a strong narrow taxonomic distribution, with more than
two-thirds being restricted to a single species or genus, and only a
very small number found across multiple families, classes or phyla
(Fig. 3d). NMPFs were found to be statistically enriched in several
phylacommoninsoil environments (for example, Gemmatimonadota,
Acidobacteriota, Crenarchaeota and Myxococcota) and statistically
depleted from several phyla found in humans and other host-
associated environments (Firmicutes, Proteobacteria and Bacteroi-
dota; Fig. 3e). Taken together, these results reveal that a significant
fraction of functional diversity remains taxonomically orphan des-
pite improvements in sequencing throughout and large-scale MAG
reconstructions.

Metadata distribution

We next examined the geographical distribution of NMPFs (Extended
DataFig. 7). A very small number of families (1,372;1.3%) was found to
have limited geographical distribution (within1km), and this number
only moderately increased (4,330; 4%) when we allowed for a maxi-
mumdistance of 1,000 km. Most of these families were found in plant,
soil and freshwater ecosystems. A very small number of these families
included members found in marine ecosystems or human samples
as expected from the higher microbial dispersal in these ecosystems
(Extended Data Fig. 7f,g).
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The majority of NMPFs (64,186 or 60.44%) comprised a mixture of
proteins from both metagenomes and metatranscriptomes, further
validating their existence, whereas 38,292 (36.06%) of NMPFs con-
tained proteins found exclusively in metagenomes and 3,720 (3.50%)
of NMPFs contained proteins found only in metatranscriptomes (Sup-
plementary Table 5). The percentage of families containing members
fromboth metagenomes and metatranscriptomes steadily decreased
along with the number of members per family. NMPFs found in both
metagenomes and metatranscriptomes also had the widest sample
distribution, that s, the clusters were found in the largest numbers of
samples (Supplementary Table 6). The majority of these clusters was
classified in environmental ecosystems (soil and, to alesser extent,
marine and freshwater samples) and primarily contained bacterial
and unclassified sequences.

To estimate the distribution of novel protein clusters among the
environmental sequencing data, we compared the number of novel
proteins, extracted from each scaffold and used in this study, against
the totalnumber of genes/proteinsin the respective scaffold. Most ana-
lysed scaffolds (13,407,728 or 77.59%) contained both novel and known
genes (top 20 scaffolds; Supplementary Tables 7-11). Acomparison of
novel versus the total number of genes in these scaffolds revealed that
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the size of the scaffold or total number of genes per scaffold was not
correlated with the number of novel genes. The largest scaffold in our
study (5,123,848 bp, 4,302 genes) contained only one novel sequence.
Generally, the largest scaffolds in the study contained only a limited
number of novel sequences and originated from bacterial or unclas-
sified metagenomic samples (Supplementary Table 9). Conversely,
the scaffolds with the most novel sequences were of variable length
(and gene count) and mostly originated from viruses (Supplemen-
tary Table 10).

As the majority of novel proteins (14,185,414 sequences) was located
next to known genes, we investigated the co-occurrence of NMPFs
with neighbouring genes assigned to the same Pfam family. Additional
annotation was obtained by mapping each NMPF’s co-occurring Pfam
domainstotheir corresponding COG functional categories; this canbe
used to provide further information on each family’s gene neighbour-
hood. The distribution of NMPFs across functional categories is given
inSupplementary Figs.3-5. Conserved gene neighbourhoods suggest
functional coupling® and can therefore be used to provide additional
lines of information for putative function prediction. Accordingly,
family FO04468 was found to co-occur with ribosomal proteins in 78%
of scaffolds (that is, in 118 scaffolds out of the 151 scaffolds in which it



106,198 HHfilter 80,585 o1.345 13,096 4,361
_— g _— _
Segs > 100 Eff. seqs > 16 AlphaFold pTM > 0.7 3D (13,096)
6,905 clustering
Contacts > 0.5
TrRosetta
No contacts ——— > Lots of contacts
N
N SCOPe domains PDB biounits SCOPe domains
target alignment query alignment query alignment
M\ 208 (298) 553 (843)
N PDB-TM <05 ~ ( ) qSCOP-TM < 0.5 ™ ( )
F044743 d4c92g_ /\ /\
; F031456 Tw8x_A g S S
162 (223) 46 (75) 345 (545) 3,808 (12,253)
tSCOP-TM < 0.5 tSCOP-TM > 0.5 PDB-TM > 0.5 gSCOP-TM > 0.5
PDB PDB PDB PDB
HHsearch HHsearch HHsearch HHsearch
162 (223) 46 (75) 305 (466) 2,718 (7,769)
HMM-TM < 0.5 HMM-TM < 0.5 HMM-TM < 0.5 HMM-TM < 0.5
Novel folds Novel assignment
F010804 diz45a1 F034396 d3cmbat F097565 dixkra_
pLDDT
51-60
61-70
71-90

91-100

Fig.4|Structural characterization of the NMPFs. a, Protein clusters with at
least 16 effective sequences (eff. seqs) or many contacts were submitted to
AlphaFold. Theresults were filtered to include structures with high predicted
confidence (pTM > 0.70), which were then clustered on the basis of pairwise
TM-score calculation. All of the subsequent steps of the workflow display

the number of unique clusters followed by the total number of NMPFs in
parentheses. Asfiltering was performed at the NMPF level, only the numbersin
parentheses will sum, asitis possible for members of the same cluster to fallon
differentsides of each TM-score filtering step. Each predicted structure was
aligned against SCOPe domains. Models with no hits to SCOPe were further

was encoded), suggesting that it has a translation-related function.
Similarly, family F021307 was found within a probable chloroplast
ribosomal protein operonin 67% of encoding scaffolds. In total, 7,625
NMPFs were found to have greater than 50% co-occurrence with specific
Pfams, while 585 families had greater than 90% co-occurrence with a
Pfam family (Supplementary Data 1). These associations can also be
used to predict a functional role for NMPFs; a few examples are given
in Extended Data Figs. 8 and 9, in which the gene neighbourhoods of
selected NMPFs are presented as association networks, combined with
functional annotation from COG.

Structural distribution

Recent breakthroughs in protein structure prediction* have enabled
fast and accurate structural characterization of protein sequences.
Metagenomic sequences have been shown to represent a particu-
larly rich source for the discovery of novel structures®>**, Here we ran
AlphaFold2* on NMPFs with at least 16 diverse sequences, or where
TrRosetta® predicted awell-structured protein (Methods). The results
aresummarized in Fig. 4a. Out of the 81,345 NMPFs that met the above
criteria, 80,585 3D models were predicted, with 13,096 NMPFs having a

aligned and filtered if there were any hits to full PDB assemblies or one of the
SCOPedomainsalignedto atleast50% of the predicted structure. The domains
(from SCOPe matches) or multi-domain (from PDB matches) were further
screened using HHsearch against the PDB. The PDB of the top hit was compared
tothe prediction. b, Models with no significant hits to either SCOPe or PDB were
considered to be potential novel folds. pLDDT, per-residue confidence score.

¢, Models with hits to either SCOPe domains or PDB biological assemblies with
nosignificant HHsearch hits (HMM-TM-score < 0.5) were considered to be
novel assignments.

high confidence (predicted TM (pTM) score > 0.700) prediction. The
pTM-scoreintegrates boththe predicted confidence per positionand
the predicted alignmenterror (pAE) for every pair of positions, indicat-
ing the confidence of domain-domain orientations.

Onthe basis of structural clustering, these high-confidence predic-
tions represented 4,361 unique structures. To examine the novelty or
functions of these structures, we compared them to experimentally
determined structures from SCOP-Extended (SCOPe)* and assemblies
from the Protein Data Bank (PDB)?. In total, 3,808 structures (12,253
NMPFs) had asignificant structural overlap with atleast 1SCOPe domain
(TM-score > 0.5). Of these, 2,718 (7,769 NMPFs) had a non-trivial hit,
indicating that 62.3% of high-quality predictions had some similarity
to at least one SCOPe domain or PDB assembly.

These novel assignments, based on structural similarity, can now
be used for functional prediction of the corresponding sequences. A
few examples are shown in Fig. 4c. For example, family F034396 had
no hitstothe PDB using HHsearch (top hit of e-value =12), yet astrong
hittothe PDB using a structural search of the SCOPe domain d3cmbal
(TM-score = 0.69), with the function of acetoacetate decarboxylase.
Other examples with no HHsearch hits (e-value > 10), yet strong struc-
tural hits included FO10804-d1z45al (TM-score = 0.73, galactose
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mutarotase) and F097565-d1xkra_(TM-score = 0.73, chemotaxis). We
stressthat these cases should be treated asinformed predictions that
require experimental validation, as the same fold does not always cor-
respond to the same function. A full listis provided in Supplementary
Data 2. However, some validation and additional functional annotation
can be performed by combining these novel assignments with other
NMPF metadata, such as gene co-occurrence. A few examples are given
in Extended Data Fig. 8.

To confirm that the remaining 553 proteins with no SCOPe hit were
novelfolds,amore thorough search was performed against all PDB bio-
logical assemblies, including all possible chain permutations. In total,
345models had ahitto atleast one PDB entry, of which 305 represented
additional novel assignments. The remaining 208 were processed for
further filtering, removing predictions of which 50% of the structure
matched a SCOPe domain. Finally, 162 folds and/or domain-domain
orientations from 223 NMPFs were identified as novel (Fig.4b). Acom-
plete list of these folds is provided in Supplementary Data 3.

Although the absence of any significant structural homology pre-
cludes the reliable functional annotation for these novel folds, some
hints towards their potential function can be gleaned from their asso-
ciated metadata. Characteristic examples are given in Extended Data
Fig. 9, showcasing the gene neighbourhood and ecosystem metadata
of three NMPFs with novel structural folds.

Discussion

Arguably, the best approach for estimating and exploring microbial
functional diversity is through systematically cataloguing and exhaus-
tively characterizing sequence-diversity space. Over the past three
decades, genome sequencing of hundreds of thousands of cultured
microbial strains has enabled unprecedented growth and characteriza-
tionof this sequence space, revealing that sequencing efforts targeted
to maximize phylogenetic diversity canlead to further discoveries and
growth of currently known protein family diversity?. Although the
exploration of the corresponding sequence-encoded functional diver-
sityis lagging substantially?’, the explosion in the number of identified
novel protein families has, to a great extent, been accompanied by an
increasein targeted functional characterization of some of those fami-
lies, particularly in areas of important biotechnological applications
such as the discovery of new CRISPR-Cas genes and systems®. The
advent of metagenomics has further fuelled the rush to discover new
enzymatic activities by unearthing ahiddentreasure trove of untapped
sequence information. Yet, aside from generating for-the-first-time
important habitat-specific environmental gene catalogues®, most
explorations of exponentially growing metagenomic sequence space
have focused on expanding the diversity and characterization of previ-
ously known protein families®.

Toalleviate this limitation and pioneer global insights into the extent
of novel sequence space and, by effect, functional diversity across
the realm of sequenced biomes, we have amassed close to 27,000
publicly available assembled metagenomic and metatranscriptomic
datasets. From these datasets, we generated the NMPF catalogue,
consisting 0of 106,198 metagenome protein families of 100 members
or more withno sequence similarity to genes fromreference microbial
genomes or Pfam entries. Although these families represented amere
duplication over the number of families generated from more than
100,000 reference genomes integrated into IMG from all domains
of life, far greater increases were observed in the families containing
more than 25, 50 or 75 members, strongly suggesting that extensive
sequence and functional diversity remains untapped. We anticipate
that this diversity in unexplored microbial protein space will continue
to increase over the next several years as more novel environmental
samples are sequenced.

Although a much smaller number of metatranscriptomes was avail-
able for this analysis (4,739; 17.6%), we observed that the majority of
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NMPFs (60%) comprised proteins encoded by genes identified inboth
metagenomes and metatranscriptomes, indicating that most of those
genes are actively expressed, further supporting the validity of those
clusters. The clustering quality was also supported by the observation
that 92% of clusters had members spanning 50 samples or more, while
50% of the clusters were from proteins distributed across 100 samples
or more (Fig. 2d).

Theidentification of 7.5% of the NMPFs on the recently reconstructed
MAGs of the GEM catalogue indicates that, as we continue to access
the genetic content of uncultured microbial diversity, an increasing
number of taxonomically orphan novel protein families will become
taxonomically assigned, an important step towards their functional
and ecological characterization.

Thereare several limitations underlying the metagenomic dataand
methodology used in this study. One limiting factor to consider is the
short size (shorter than 5 kb) of the majority of scaffolds used in this
study. However, note that, due to the required alignment coverage of
at least 80%, potentially truncated sequences have to be sufficiently
complete to cluster with full-length sequences (defined as located in
the middle of longer scaffolds). This requirement has largely precluded
the enrichment of NMPFs with fragmented proteins. However, even
inthe case of NMPFs with a high percentage of these suspect sequences,
the clusters are found to produce stable 3D models (often with high
structural quality, as evidenced by pLDDT and pTM scores), many of
which have structural homologues to SCOPe domains. As aresult,
families containing such sequences could potentially represent pro-
tein fragments or protein domains that form parts of multi-domain
sequences, or components in multimeric complexes. An additional
potential limitation is the inclusion of eukaryotic sequences in the
sequence dataset, which may introduce errors in the analysis. Yet, as
shown (taxonomic distribution; Supplementary Methods), the contri-
butions from eukaryotic scaffolds are relatively small, and the majority
of the associated NMPFs also contain data from metatranscriptomes
and/or prokaryotic taxa in sequence alignments, supporting their
validity. However, until reliable eukaryotic gene predictors for metage-
nomesbecome available, eukaryotic, as well as unclassified NMPFs and
sequences should be handled with care.

Overall, as more metagenomic databecome available, anincreasing
diversity of sequences will beincorporated into NMPFs, which will then
enable the generation of a much higher number of high-confidence
structures, and therefore further increase the numbers of assignments
to known structures as well as uncover novel folds. The identification
of NMPFs opens new paths for structural genomics and challenges for
fold recognition and the exploration of microbial dark matter.
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Methods

Data collection and filtering

All publicly available metagenomes, metatranscriptomes and refer-
ence genomes were retrieved from the IMG/M database® (database
release, July 2019). Low-complexity regions were removed with the use
ofthe tantan application®. In total, we extracted all protein sequences
from 89,412 bacterial, 9,202 viral, 3,073 archaeal and 804 eukaryal
genomes. This corresponded to 87,084,214 bacterial, 221,027 viral,
2,464,569 archaealand 4,902,193 eukaryotic non-redundant proteins,
resulting in a final dataset of 94,672,003 sequences. Pfam hits (v.31)
were detected with the use of the hmmsearch tool (HMMER v.3.1 pack-
age)** using the default trusted cut-off. Hits to proteins from reference
genomes were calculated using LAST*. We considered a hit to be any
aligned sequence at >30% identity over 70% of its length (bidirec-
tionally between the query and the subject). A detailed workflow of
the sequence selection, filtering and analysis procedure is provided
the Supplementary Methods. A full summary of the sequences con-
tained in each metagenome and metatranscriptome dataset, including
hits to Pfam and reference genomes, sequences used in clustering
(see below) and the remaining unannotated sequences, is provided
inSupplementary Data 4.

Sequence clustering and analysis

Sequence clustering was performed using the HipMCL algorithm with
inflation parameter 2.0 using identity scores as the input. HipMCL
was chosen over other clustering solutions owing toits scalability and
parallelization capabilities, as well as its ability to efficiently cluster
very large datasets (Supplementary Methods). Before clustering, the
all-versus-all pairwise alignments were calculated using LAST (70%
sequence identity, 80% alignment coverage). The reference genome
graph consisted of 71,312,220 nodes (proteins) and 5,313,956,680
edges (pairwise similarities). The graph for the ED proteins consisted
0f 570,198,677 nodes and 5,196,499,560 edges. Notably, during the simi-
larity matrix construction, 23,359,783 (-24.67%) out of the 94,672,003
reference proteinsand 601,776,172 (-51.34%) out of the 1,171,974,849 ED
proteinsremained as singletons. Using 2,500 compute nodes (170,000
compute cores) of the NERSC Corisupercomputer (Intel KNL partition),
HipMCL clustered the reference protein graph in 24 min and the ED
protein graphin3 hand 20 min.

Notably, for this task, we explored several graph- and sequence-
based methods suchas CD-HIT?¢, UCLUST®, kClust*® or Louvain® that
couldnot performat thisscale as well as MMSeq2-linclust*®and SPICi*,
which were previously proposed to scale at this data size but none
performed sufficiently well for the scope of this work. A comparison
among these different clustering strategies is provided in the Supple-
mentary Methods. With regard to sequence identity, we set the cut-off
at70%to achieve acompromise between sensitivity and specificity.
Although other resources have used more stringent parameters (such
as MGnify¢, in which sequence clustering is performed with a 90%
sequence identity cut-off), focusing on specificity, we have chosen
amore sensitivity-based approach, yet not overly sensitive, to avoid
artifacts produced by noise, multi-domain effects and false posi-
tives. Regarding alignment coverage, the choice of a high-coverage
threshold (80%) ensures generating better-quality sequence align-
ments and avoiding potential artifacts, such as partial hits involv-
ing significantly truncated/incomplete genes, pseudogenes and
chimericsequences. The overall quality of the final dataset is further
improved by considering MCL clusters with 100 members or more,
ensuring the preclusion of spurious gene products. An analysis of
how the clustering cut-off values (specifically sequence identity)
may influence the quality of the resulting clusters is also provided
in the Supplementary Methods.

For each cluster, a multiple-sequence alignment (MSA) was calcu-
lated using Clustal Omega*2. The resulting MSAs were then filtered to

produce seed (non-redundant) alignments using a script written in
Python and the ProDy/Evol and Biopython modules* (90% sequence
identity, 75% alignment coverage) (Supplementary Methods). All of
the subsequent analysis steps, including the calculation of length
distributions, HMM profile training and 3D structure predictions,
were performed using the generated seed MSAs. HMM profiles were
generated using the hmmalign utility of HMMER v.3.1 suite®. The
representative consensus sequences for each cluster were calculated
with Biopython (Supplementary Methods). Consensus sequences
were searched against the whole Pfam-A® database (v.33) HMM pro-
files with HMMER (inclusion thresholds: 7.0 total, 5.0 domain), as well
as against the reference genomes using BLAST** (30% identity, 50%
coverage bidirectionally). Initial NMPFs of 2100 members (113,752
clusters from 19,473 datasets with 20,211,137 scaffolds and 21,260,914
proteins) were processed for additional filtering with more stringent
criteria to remove sequences with even weak similarities to Pfam-A
models or genes from reference genomes, based on their calculated
consensus profile sequences. This resulted in a more-stringent set of
106,198 clusters. Clusters of which the consensus sequence was found
to have a hit to either Pfam-A or a reference genome were removed.
A complete summary of the clustering procedure for each ED dataset is
providedin Supplementary Data 3. Plot distributions were computed
using R and the R/ggplot2* package. For all calculations regarding
NMPF sequence length, the average sequence length of each cluster’s
seed MSA was calculated and used.

Verification of protein family novelty

Additional searches were performed against the reference proteomes
of RefSeq (November 2021 release) using the NMPF clusters’ consen-
sus sequences and HMM profiles with LAST (matrix: BLOSUM®62, gap
open: 11, gap extend: 2) and HMMER (inclusion thresholds: 7.0 total,
5.0 domain), respectively, and applying a 70% alignment coverage
cut-off. These searches showed that 5,111 clusters (around 5% of the
total) obtained positive hits against 134,273 RefSeq sequences. Taxo-
nomic annotation of these sequences showed that 75,215 (56.01%) of
the positive hits were eukaryotic, 46,793 (34.85%) were bacterial, 9,296
(6.92%) were archaeal and 2,905 (2.16%) were viral, with 64 sequences
having no taxonomic annotation. About half (70,554 or 52.54%) of the
hits were published from 2020 onwards, with the majority of those
matching genes from MAGs. Cross-examination of the RefSeq hits
with UniProt (release 2021_04) records showed that 31,242 (23.27%) of
the RefSeq sequences were mapped to 33,628 UniProtKB entries
(453 SwissProt and 33,175 TrEMBL); these sequences correspond to
only 32 NMPF clusters. The rest of the RefSeq sequences (103,031) were
contained in the UniParc archive of UniProt and had no annotation
evidence (either manual or automatically generated). The NMPF clus-
ters were searched against Pfam-B, anon-annotated, computationally
generated dataset of alignments for sequences not covered by Pfam-A.
This resulted in 8,313 unique clusters with positive hits against 5,310
Pfam-B. Finally, the positive hits against the searches of each dataset
were compiled and compared. Intotal, 12,846 clusters had a positive hit
toRefSeq, Pfam-B or both, while the rest of the clusters (93,352) had no
hits. Finally, all NMPF sequences were searched against AntiFam*¢v.6.0,
a collection of HMM profiles designed to detect potential spurious
protein sequences, pseudogenes and false protein translations. Only
43 sequences were identified, with low-score hits and low alignment
coverage (<50%) to two AntiFam profiles.

Ecosystem and taxonomic annotation of protein clusters

NMPF clusters were annotated with available environmental and taxon-
omy metadatathrough their associated environmental datasets. Inthe
case of environmental metadata, the GOLD" ecosystem classification
scheme was used to organize datasets into ecosystem groups (such
as freshwater, marine, soil, host-associated); each protein cluster was
then assigned to one or more ecosystems on the basis of the ecosystem
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information of the ED samplesin IMG on which the protein sequences
were found. In addition to GOLD, the Environment Ontology (ENVO)*
and Earth Microbiome Project Ontology (EMPO)*were considered as
potential alternative classification systems. Mapping of ED samples
and NMPFs to ENVO and EMPO was performed using the metadata
of the GOLD biosample project associated with each ED sample. The
ecosystem assignments for all three classification systems are pre-
sentedinSupplementary Data5. Ultimately, the GOLD classification was
used, asit was found to offer the most diverse options and classified all
ED samples and NMPFs. From the 19,326 environmental samples that
included the NMPFs, 14,540 (75.24%) were environmental (for example,
soil, freshwater), 3,867 (20.01%) were host-associated (for example,
human, plants) and 919 (4.76%) came from engineered environments
(for example, wastewater, industrial wastes).

In a similar manner, the initial taxonomic annotation for the clus-
terswas performed using the NCBI taxonomy information of the scaf-
folds contained in each IMG/M dataset, where available. Note that the
majority of the scaffolds used in this study were too short and therefore
remained unclassified taxonomically. Furthermore, thereis very little
information on the taxonomy of viral scaffolds. To alleviate these issues,
annotations for scaffolds >5 kb that had previously been identified as
viral and included in version 3.0 of IMG/VR* were used. Moreover,
scaffolds1-5 kb inlength were analysed using DeepVirFinder (v.1.0)*,
and the generated P values were subsequently converted to g values
using the R package qvalue® to obtain estimates of the false-discovery
rate. Scaffolds with g < 0.001 were retained as putative viral scaffolds.
Unclassified scaffolds were further analysed using two eukaryotic
sequence detection tools, Whokaryote® and EukRep®. Furthermore,
the NMPF clusters were searched against the Tara Oceans collection
of eukaryotic MAGs**. Finally, all remaining unclassified scaffolds were
taxonomically assigned using the MMseqs2 taxonomy tool***, per-
formingsix-frame translation searches against UniRef50° and assign-
ing each analysed scaffold to the lowest common ancestor of the best
hits for each frame. The taxonomic assignments of the NMPF clusters
were based on the source scaffolds and are given in Supplementary
Data 6. A detailed description of the taxonomic annotation and analysis
isgivenin the Supplementary Methods.

Distribution analysis of the protein clusters across ecosystems and
NCBI taxa was performed by creating and visualizing networks with
Gephi* using the Yifan Hu algorithm®® to generate the layout. As the
resulting networks, when taking into account all clusters, were very
dense, an association threshold was used to filter the data for better
clarity, keeping only the edges where at least 2% of the members of each
cluster were assigned to a certain ecosystem or phylogeny. Additional
analysis was performed by creating circos plots and distribution matri-
ces, produced using the R/chorddiag®® and Processing/P5 libraries,
respectively. Bar plots were also created inR, using the R/ggplot2* and
R/plotly® libraries. Visualizations of geographical distribution were
created using maps from the Natural Earth public domain repository
(https://www.naturalearthdata.com/).

Sequence quality control

The quality of the predicted protein sequences used in the analysis
was evaluated by taking into account the predicted gene coordinates
and gene density of the source ED scaffolds. In particular, evaluation
was performed for scaffolds identified as eukaryotic from the IMG/M
pipeline, as well as scaffolds with no taxonomic annotation and low
density, as the latter is often indicative of potential eukaryotic con-
tigs, or contigs featuring alternative genetic codes. Furthermore, the
distance of each NMPF sequence fromits respective scaffold ends was
evaluated to detect potentially shortened/truncated genes. Based on
the above, anumber of metrics have been established to assess the
quality of NMPF clusters. Details on the analysis are provided in the
Supplementary Methods. The quality assessment of NMPFs is presented
inSupplementary Data 7.

Protein cluster co-occurrence with Pfams

The co-occurrence of NMPFs with known protein domains was deter-
mined by performing searches for the existence of Pfam protein
domains in the analysed scaffolds containing both novel and known
protein-coding genes. The translated sequences of the known genes
for each scaffold were searched against the HMM profiles of Pfam
using HMMER and the HMM profiles’ default trusted cut-off. All posi-
tive hits were assigned to their respective scaffolds and, in turn, to
NMPFs containing novel sequences from these scaffolds, as poten-
tial co-occurring domains. The co-occurrence frequency percentage
of each Pfam domain for each NMPF was calculated, defined as the
number of scaffolds containing this domain over the total number
of scaffolds associated with the NMPF. The Pfam domains were sub-
sequently mapped to COG’ domains and their functional categories.
No associations to Pfam were observed for 7,885 NMPFs; for the rest of
the clusters, the top five Pfam and COG hits based on their frequency
arereportedinSupplementary Datal. Moreover, the gene neighbour-
hoods of selected NMPFs were visualized as association networks,
built with NORMA (v.2.0)%, and using COG functional categories to
provide annotations.

Protein fold prediction. Multiple-sequence alignment. The query
sequence for the MSA was determined by taking the central or pivot
sequence of the seed MSA. Query sequences were defined in each MSA
by performing pairwise distance calculations, creating an all-against-all
distance matrix, and selecting the sequence with the minimum Ham-
ming distance. The MSAs were then recalculated using the central
sequence as a guide, filtering to remove sequences poorly aligned
to the query (cut-offs set at 90% for sequence identity and 80% for
alignment coverage), as well as poorly aligned positions (low column
occupancy). The final MSAs were considered for further analysis if they
had more than 16 effective sequences. Calculations were performed
using Python and the TensorFlow2%, SciKit®* and Biopython libraries.
TrRosetta for initial screening. For theinitial pass, each of the putative
protein families was analysed using TrRosetta® to obtain a distogram.
Notably, a distogram is a tensor that contains the predicted distance
distribution for every pair of residues. By summing the distances of less
than8 A, adistogram canbe converted intoa contact map, indicating the
probability of contact. The mean of the top probabilities has been shown
tobehighly correlated withstructure accuracy® and canbe used to filter
for proteins that are probably well structured. This metric is very fast
to compute and enables us to quickly scan through 106,198 examples.
MSAs with atleast 0.5 average probability were selected for AlphaFold
prediction, alongside the MSAs with enough effective sequences.
AlphaFold for final prediction. As none of the NMPFs match known
protein families (Pfam) or structures in the PDB, AlphaFold2* was
run with no template input. Five models were generated per run and
the model with the best pLDDT average was selected for downstream
evaluation.

Searching for structural homologues. Before any structural search,
regions with low predicted confidence (pLDDT < 0.7) were removed.
To test whether there is any structural similarity to experimentally
determined structures, a TMalign®* search was performed against every
domainin SCOPe” (21 October2021,v.2.0.8), an annotated version of
the SCOP% database of protein domains. To test if hits (TM-score > 0.5)
were novel assignments (not easily inferred from distant sequence hom-
ologues), the TMalign score was also computed for the structure of the
top HHsearch hit. Finally, the TM-score could be low owing to the length
difference between the target and query. This can happen because
the query is multi-domain; to account for this, an additional search
was performed against the entire PDB? (accessed on 17 December
2021) using MMalign®. To further confirm that any hits to PDB were
non-trivial, we compared the predicted structure to the PDB structure
of the top hit froman HMM-HMM alignment search, using HHsearch®’.
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The predicted structures with non-trivial hits to SCOPe that were sup-
ported by HHsearch results are referred to as novel assignments.
Clustering. For clustering, the all-versus-all TMalign score was com-
puted for all predicted structures with pTM > 0.7 trimmed to regions
with pLDDT > 0.7. Clusters are defined as the connected components
of a network, where edges are defined by TM-score > 0.6 for both
target-to-query and query-to-target alignment.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Allof the analysed datasets along with their corresponding sequences
are available from the IMG system (http://img.jgi.doe.gov/). A list of
the datasets used in this study is provided in Supplementary Data
8. All data from the protein clusters, including sequences, multiple
alignments, HMM profiles, 3D structure models, and taxonomic and
ecosystem annotation, are available through NMPFamsDB, publicly
accessible at www.nmpfamsdb.org. The 3D models are also available
at ModelArchive under accession code ma-nmpfamsdb.

Code availability

Sequence analysis was performed using Tantan (https://gitlab.com/
mcfrith/tantan), BLAST (https://blast.ncbi.nlm.nih.gov/Blast.cgi),
LAST (https://gitlab.com/mcfrith/last), HMMER (http://hmmer.org/)
and HH-suite3 (https://github.com/soedinglab/hh-suite). Clustering
was performed using HipMCL (https://bitbucket.org/azadcse/hipmcl/
src/master/). Additional taxonomic annotation was performed using
Whokaryote (https://github.com/LottePronk/whokaryote), EukRep
(https://github.com/patrickwest/EukRep), DeepVirFinder (https://
github.com/jessieren/DeepVirFinder) and MMseqs2 (https://github.
com/soedinglab/MMseqs2). 3D modelling was performed using
AlphaFold2 (https://github.com/deepmind/alphafold) and TrRo-
setta2 (https://github.com/RosettaCommons/trRosetta2). Structural
alignments were performed using TMalign (https://zhanggroup.org/
TM-align/) and MMalign (https://zhanggroup.org/MM-align/). All cus-
tomscripts used for the generation and analysis of the data are available
at Zenodo (https://doi.org/10.5281/zen0od0.8097349).

33. Frith, M. C. A new repeat-masking method enables specific detection of homologous
sequences. Nucleic Acids Res. 39, €23 (2011).

34. Eddy, S. R. Accelerated Profile HMM Searches. PLoS Comput. Biol. 7, 1002195 (2011).

35. Kietbasa, S. M., Wan, R., Sato, K., Horton, P. & Frith, M. C. Adaptive seeds tame genomic
sequence comparison. Genome Res. 21, 487-493 (2011).

36. Li, W. & Godzik, A. Cd-hit: a fast program for clustering and comparing large sets of
protein or nucleotide sequences. Bioinformatics 22, 1658-1659 (2006).

37. Edgar, R. C. Search and clustering orders of magnitude faster than BLAST. Bioinformatics
26, 2460-2461(2010).

38. Hauser, M., Mayer, C. E. & S6ding, J. kClust: fast and sensitive clustering of large protein
sequence databases. BMC Bioinform. 14, 248 (2013).

39. Blondel, V. D., Guillaume, J.-L., Lambiotte, R. & Lefebvre, E. Fast unfolding of communities
in large networks. J. Stat. Mech. 2008, P10008 (2008).

40. Steinegger, M. & Séding, J. MMsegs2 enables sensitive protein sequence searching for
the analysis of massive data sets. Nat. Biotechnol. 35, 1026-1028 (2017).

41.  Jiang, P. & Singh, M. SPICi: a fast clustering algorithm for large biological networks.
Bioinformatics 26, 1105-1111 (2010).

42. Sievers, F. & Higgins, D. G. Clustal Omega for making accurate alignments of many
protein sequences. Protein Sci. 27, 135-145 (2018).

43. Cock, P. J. A. et al. Biopython: freely available Python tools for computational molecular
biology and bioinformatics. Bioinformatics 25, 1422-1423 (2009).

44. Altschul, S. F., Gish, W., Miller, W., Myers, E. W. & Lipman, D. J. Basic local alignment
search tool. J. Mol. Biol. 215, 403-410 (1990).

45. Wickham, H. ggplot2: Elegant Graphics for Data Analysis (Springer-Verlag, 2016).

46. Eberhardt, R. Y. et al. AntiFam: a tool to help identify spurious ORFs in protein annotation.
Database 2012, bas003 (2012).

47. Buttigieg, P. L. et al. The environment ontology in 2016: bridging domains with increased
scope, semantic density, and interoperation. J. Biomed. Semantics 7, 57 (2016).

48. Thompson, L. R. et al. Acommunal catalogue reveals Earth’s multiscale microbial
diversity. Nature 551, 457-463 (2017).

49. Roux, S.etal. IMG/VR v3: an integrated ecological and evolutionary framework for
interrogating genomes of uncultivated viruses. Nucleic Acids Res. 49, D764-D775 (2021).

50. Ren, J. etal. Identifying viruses from metagenomic data using deep learning. Quant. Biol.
8, 64-77(2020).

51. Storey, J. D., Bass, A. J., Dabney, A. & Robinson, D. qvalue: Q-value estimation for false
discovery rate control. R package version 2.32.0 http://github.com/jdstorey/qvalue
(2023).

52. Pronk, L. J. U. & Medema, M. H. Whokaryote: distinguishing eukaryotic and prokaryotic
contigs in metagenomes based on gene structure. Microb. Genomics 8, mgen000823
(2022).

53. West, P. T, Probst, A. J., Grigoriev, I. V., Thomas, B. C. & Banfield, J. F. Genome-
reconstruction for eukaryotes from complex natural microbial communities. Genome
Res. 28, 569-580 (2018).

54. Delmont, T. O. et al. Functional repertoire convergence of distantly related eukaryotic
plankton lineages abundant in the sunlit ocean. Cell Genomics 2, 100123 (2022).

55. Mirdita, M., Steinegger, M., Breitwieser, F., Soding, J. & Levy Karin, E. Fast and sensitive
taxonomic assignment to metagenomic contigs. Bioinformatics 37, 3029-3031(2021).

56. Suzek, B.E., Wang, Y., Huang, H., McGarvey, P. B. & Wu, C. H. UniRef clusters: a
comprehensive and scalable alternative for improving sequence similarity searches.
Bioinformatics 31, 926-932 (2015).

57. Bastian, M., Heymann, S. & Jacomy, M. Gephi: an open source software for exploring and
manipulating networks. In Proc. International AAAI Conference on Web and Social Media
Vol. 3, 361-362 (AAAI, 2009).

58. Hu, Y.in Combinatorial Scientific Computing (eds Naumann, U. & Schenk, O.) 525-549
(CRC Press, 2010).

59. Flajolet, P. & Noy, M. in Formal Power Series and Algebraic Combinatorics (eds Krob, D.
et al.) 191-201 (Springer, 2000); https://doi.org/10.1007/978-3-662-04166-6_17.

60. Sievert, C. Interactive Web-Based Data Visualization with R, plotly, and shiny (Chapman
and Hall/CRC, 2020).

61. Karatzas, E. et al. The network makeup artist (NORMA-2.0): distinguishing annotated
groups in a network using innovative layout strategies. Bioinform. Adv. 2, vbac036
(2022).

62. Abadi, M. et al. TensorFlow: large-scale machine learning on heterogeneous systems.
Preprint at https://doi.org/10.48550/arXiv.1603.04467 (2015).

63. Pedregosa, F. et al. Scikit-learn: machine learning in Python. J. Mach. Learn. Res. 12,
2825-2830 (2011).

64. Zhang, Y. & Skolnick, J. TM-align: a protein structure alignment algorithm based on the
TM-score. Nucleic Acids Res. 33, 2302-2309 (2005).

65. Andreeva, A., Kulesha, E., Gough, J. & Murzin, A. G. The SCOP database in 2020:
expanded classification of representative family and superfamily domains of known
protein structures. Nucleic Acids Res. 48, D376-D382 (2020).

66. Mukherjee, S. & Zhang, Y. MM-align: a quick algorithm for aligning multiple-chain protein
complex structures using iterative dynamic programming. Nucleic Acids Res. 37, €83
(2009).

67. Steinegger, M. et al. HH-suite3 for fast remote homology detection and deep protein
annotation. BMC Bioinform. 20, 473 (2019).

Acknowledgements We thank H. Maughan for reading the paper; and all of the colleagues
who contributed to the many facets of metagenomics, from sample collection to sequencing
and annotation that made this work possible. The list of the JGI Proposal Award DOls is
available in Supplementary Table 13. This work used resources of the National Energy
Research Scientific Computing Center (NERSC), supported by the Office of Science of the US
Department of Energy (DOE). Additional computations were performed with the use of the
Greek Research and Technology Network (GRNET) Aris High Processing Computing (HPC)
infrastructure (project code: PROO9008-BOLOGNA). This work was supported in part by the
US DOE Joint Genome Institute (DE-AC02-05CH11231, in part), a DOE Office of Science User
Facility; the Applied Mathematics program of the DOE Office of Advanced Scientific
Computing Research (DE-AC02-05CH11231, in part), Office of Science of the US DOE; Exascale
Computing Project (17-SC-20-SC), a collaborative effort of the US DOE Office of Science and
the National Nuclear Security Administration; DOE grant DE-SC0022098. G.A.P., F.A.B. and E.K.
were supported by Fondation Santé and the Hellenic Foundation for Research and Innovation
(H.F.R.l.) under the ‘First Call for H.F.R.l. Research Projects to support faculty members and
researchers and the procurement of high-cost research equipment grant’ (grant ID HFRI-
17-1855-BOLOGNA). G.A.P. also acknowledges the Marie Sktodowska-Curie Individual
Fellowships (MSCA-IF-EF-CAR, grant ID 838018, H2020-MSCA-IF-2018) and ‘The Greek
Research Infrastructure for Personalized Medicine (pMedGR)’ (MIS 5002802), which is
implemented under the Action ‘Reinforcement of the Research and Innovation Infrastructure’,
funded by the Operational Program ‘Competitiveness, Entrepreneurship and Innovation’
(NSRF 2014-2020) and co-financed by Greece and the European Union (European Regional
Development Fund). C.A.O. and I.I. acknowledge support by the project Elixir-GR (MIS 5002780),
implemented under the Action ‘Reinforcement of the Research and Innovation Infrastructure’,
funded by the Operational Program Competitiveness, Entrepreneurship and Innovation
(NSRF 2014-2020) and co-financed by Greece and the European Union (European Regional
Development Fund). S.0. and S.L. are supported by NIH grant DP50D026389 and the
Moore-Simons Project on the Origin of the Eukaryotic Cell, Simons Foundation 735929LPI
(https://doi.org/10.46714/735929LPI). J.P.-R. was supported by the US DOE Genomic Sciences
Program, award SCW1632; and work conducted at the LLNL was conducted under the
auspices of the US DOE under Contract DE-AC52-07NA27344. Work from the consortium

was supported by NSF grants OIA-1826734, DEB-1441717 and OCE-1232982; NSF 1921429;
CONACYT grants A1-S-9889 and CB-2010-01-151007; US DOE, Office of Science, Office of
Biological and Environmental Research (BER), Great Lakes Bioenergy Research Center (DOE
BER DE-SC0018409 and DE-FC02-07ER64494); NSF grant OCE-082546, US DOE, Office of
Science, Facilities Integrating Collaborations for User Science (FICUS) program, Office of
Workforce Development for Teachers and Scientists, Office of Science Graduate Student
Research (SCGSR) program; New Zealand Foundation for Research, Science and Technology
grant CO1X0306 and National Science Foundation grant 1745341; NSF Division of Chemical,


http://img.jgi.doe.gov/
http://www.nmpfamsdb.org
https://modelarchive.org/doi/10.5452/ma-nmpfamsdb
https://gitlab.com/mcfrith/tantan
https://gitlab.com/mcfrith/tantan
https://blast.ncbi.nlm.nih.gov/Blast.cgi
https://gitlab.com/mcfrith/last
http://hmmer.org/
https://github.com/soedinglab/hh-suite
https://bitbucket.org/azadcse/hipmcl/src/master/
https://bitbucket.org/azadcse/hipmcl/src/master/
https://github.com/LottePronk/whokaryote
https://github.com/patrickwest/EukRep
https://github.com/jessieren/DeepVirFinder
https://github.com/jessieren/DeepVirFinder
https://github.com/soedinglab/MMseqs2
https://github.com/soedinglab/MMseqs2
https://github.com/deepmind/alphafold
https://github.com/RosettaCommons/trRosetta2
https://zhanggroup.org/TM-align/
https://zhanggroup.org/TM-align/
https://zhanggroup.org/MM-align/
https://doi.org/10.5281/zenodo.8097349
http://github.com/jdstorey/qvalue
https://doi.org/10.1007/978-3-662-04166-6_17
https://doi.org/10.48550/arXiv.1603.04467
https://doi.org/10.46714/735929LPI

Article

Bioengineering, Environmental and Transport Systems grants 1438092 and 1643486; NSF
OCE-1559179, NSF OCE-1537951, NSF OCE-1459200, Gordon & Betty Moore Foundation
Investigator Award 3789; the G. Unger Vetlesen and Ambrose Monell Foundations; the Natural
Sciences and Engineering Research Council of Canada; Genome Canada and Genome British
Columbia; the PR-INBRE BiRC program (NIH/NIGMS- award number P20 GM103475); Great
Lakes Bioenergy Research Center, US DOE, Office of Science, Office of Biological and
Environmental Research under award numbers DE-SC0O018409 and DE-FC02-07ER64494;

the Agriculture and Food Research Initiative, competitive grant 2009-447 35319-05186 from
the US Department of Agriculture, National Institute of Food and Agriculture; Sol Leshin
Foundation and the Shanbrom Family Fund; Towards Sustainability Foundation, Cornell Sigma
Xi, NSERC PGS-D, NSF-BREAD (10S-0965336), Cornell Biogeochemistry Program, Cornell Crop
and Soil Science Department, USDA-NIFA Carbon Cycle (2014-6700322069) and the Cornell
Atkinson Center for a Sustainable Future; Office of Science (BER), US DOE (DE-SC0014395);
NSF grant OCE 0424602; US DOE, Office of Science, Office of Biological and Environmental
Research, Environmental System Science (ESS) Program; Australian Research Council:
DP150100244; NSF-OPP 1641019; NSF 1754756; NSF 1442231; NSF award OCE-173723; USDA
National Institute of Food and Agriculture Foundational Program (award 2017-67019-26396);
USDA NIFA award 2011-67019-30178; BER grant DE-SC0014395; National Science Foundation
grant DEB-1927155; US DOE, Office of Science, Office of Biological and Environmental
Research, Environmental System Science (ESS) Program; River Corridor Scientific Focus Area
(SFA) project at Pacific Northwest National Laboratory (PNNL); grant NNX16AJ62G from NASA
Exobiology; NASA Exobiology awards 80NSSC19K1633 and NNX17AK85G; NSF award DEB-
1146149; US NSF (DEB 1912525); US DOE Office of Biological and Environmental Research
(DE-SC0020382); NSF EAR-1820658; DE-FG02-94ER20137 from the Photosynthetic Systems
Program, Division of Chemical Sciences, Geosciences and Biosciences (CSGB), Office of Basic
Energy Sciences of the US DOE; Max Planck Society and the BioEnergy Science Center (BESC),

a US DOE Bioenergy Research Center supported by the Office of Biological and Environmental
Research in the DOE Office of Science; and US DOE, Office of Science, Biological and
Environmental Research, as part of the Plant Microbe Interfaces Scientific Focus Area at Oak
Ridge National Laboratory.

Author contributions N.C.K. conceived the project and performed part of the analysis.

G.A.P. performed data collection as well as the analysis. F.A.B. assisted in data analysis and
implemented the NMPFamsDB database. I.I., N.N.I., AV. and C.A.O. provided feedback about
the strategy and edited parts of the manuscript. E.K. helped with scripting, data analysis and
the implementation of the database. A.A., O.S. and A.B. implemented the HipMCL algorithm
and ran the clustering. S.O., D.B. and S.L. performed the protein structure predictions and
analysis. D.P.-E., A.P.C., S.N. and L.C. helped with the taxonomic classification of scaffolds.
J.MT. and the Metagenome Protein Families Consortium provided data. G.A.P., S.O. and N.C.K.
wrote the paper, with feedback from all of the authors. All of the authors read and approved
the manuscript.

Competing interests The authors declare no competing interests.

Additional information

Supplementary information The online version contains supplementary material available at
https://doi.org/10.1038/s41586-023-06583-7.

Correspondence and requests for materials should be addressed to Georgios A. Pavlopoulos
or Nikos C. Kyrpides.

Peer review information Nature thanks Ami Bhatt, Alexander Probst and the other, anonymous,
reviewer(s) for their contribution to the peer review of this work.

Reprints and permissions information is available at http://www.nature.com/reprints.


https://doi.org/10.1038/s41586-023-06583-7
http://www.nature.com/reprints

Freshwater
Marine
Soil
Human
24 4 27 Mammals
. 202 772 Plants
- Host-associated
(others)
‘ \' i ;
1942 || 1329 || 1665 || 134 27 ‘ 772 34 219 | Engineered
7 VA
Y Y A
Environmental Host-associated Engineered
Extended DataFig.1|Distribution of NMPF clusters across the eight matrix presents the common NMPFs in abinary combination of two ecosystems
ecosystemtypes. (a) Circos Plot. The distribution of the ecosystems is (e.g.17,442 NMPFs are common among Marine and Freshwater ecosystems).
presentedin achord-like circular diagram. Therim of the diagram represents The diagonal of the matrix displays the ecosystem-specific NMPFs. Each

thetotal size of the ecosystemtypes (i.e. number of NMPFsin each ecosystem), ecosystem columnis coloured using the same colour code as Fig. 2, with the
with the numbers outside the rimindicating the size scale. Theintersections of brightness of each cell being proportional to the NMPF number (brighter
categories arerepresented by arcs drawnbetween them. The size of the arcis colour=less NMPFs).

proportional to theimportance of the flow. (b) 8x8 matrix. Each cellin the
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Extended DataFig.2 | Distribution of NMPF clusters across the sub-categories of the Freshwater (top) and Marine (bottom) aquatic ecosystems. Dataare
shown as circos plots (a,d), colour-coded matrices (b,e) and UpSet plots (c,f).
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Extended DataFig. 3 | Distribution of NMPF clusters across the sub-categories of the Soil (top) and Plant (bottom) ecosystems. Data are shown as circos
plots (a,d), colour-coded matrices (b,e) and UpSet plots (c,f).
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ecosystems. Dataare shown as circos plots (a,d), colour-coded matrices (b,e) and UpSet plots (c,f).
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Extended DataFig. 5| Distribution of NMPF clusters across the sub-categories of the Human tissue (top) and Engineered (bottom) ecosystems. Dataare
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Extended DataFig. 6 | Distribution of NMPF clusters across different taxa
(bacteria, archaea, eukarya, viruses, and unclassified). (a) Venn Diagram,
displaying the intersections among the different taxonomy categories.

(b) Network representation of the protein clusters and their taxonomic
assignments. The taxa are represented by central, coloured nodes (hubs)
whereas the grey peripheral nodes represent the protein clusters.
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Extended DataFig. 8| Functional annotation of NMPFs with remote
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
n/a | Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

L1 IX

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

X

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

L XX

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XXX [ X [0 L] X[

NN

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No specialized software was used for data collection.

Data analysis Sequence analysis was performed using Tantan (https://gitlab.com/mcfrith/tantan), BLAST (https://blast.ncbi.nIm.nih.gov/Blast.cgi), LAST
(https://gitlab.com/mcfrith/last), HMMER (http://hmmer.org/), and HH-suite3 (https://github.com/soedinglab/hh-suite). Clustering was
performed using HipMCL (https://bitbucket.org/azadcse/hipmcl/src/master/). Additional taxonomic annotation was performed using
Whokaryote (https://github.com/LottePronk/whokaryote), EukRep (https://github.com/patrickwest/EukRep), DeepVirFinder (https://
github.com/jessieren/DeepVirFinder) and MMseqs2 (https://github.com/soedinglab/MMseqgs2). 3D modeling was performed using
AlphaFold2 (https://github.com/deepmind/alphafold) and TrRosetta2 (https://github.com/RosettaCommons/trRosetta2). Structural
alignments were performed using TMalign (https://zhanggroup.org/TM-align/) and MMalign (https://zhanggroup.org/MM-align/). All custom
scripts used for the generation and analysis of the data are available through the following repository:https://doi.org/10.5281/
zenodo.8097349.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

All of the analyzed datasets along with their corresponding sequences are available from the IMG system (http://img.jgi.doe.gov/). A list of the datasets used in this
study is provided as a source data file (IMG_datasets.xIsx) alongside this paper. All data from the protein clusters, including sequences, multiple alignments, HMM
profiles, 3D structure models, and taxonomic and ecosystem annotation are available through NMPFamsDB, publicly accessible through www.nmpfamsdb.org. The
3D models are also available in ModelArchive (https://modelarchive.org) with the accession code ma-nmpfamsdb through https://modelarchive.org/doi/10.5452/
ma-nmpfamsdb.

Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender No human research participants were involved in the study.

Population characteristics No human research participants were involved in the study.
Recruitment No human research participants were involved in the study.
Ethics oversight No human research participants were involved in the study.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences |:| Behavioural & social sciences |X| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Describe how sample size was determined, detailing any statistical methods used to predetermine sample size OR if no sample-size calculation
was performed, describe how sample sizes were chosen and provide a rationale for why these sample sizes are sufficient.

Data exclusions | Describe any data exclusions. If no data were excluded from the analyses, state so OR if data were excluded, describe the exclusions and the
rationale behind them, indicating whether exclusion criteria were pre-established.

Replication Describe the measures taken to verify the reproducibility of the experimental findings. If all attempts at replication were successful, confirm this
OR if there are any findings that were not replicated or cannot be reproduced, note this and describe why.

Randomization | Describe how samples/organisms/participants were allocated into experimental groups. If allocation was not random, describe how covariates
were controlled OR if this is not relevant to your study, explain why.

Blinding Describe whether the investigators were blinded to group allocation during data collection and/or analysis. If blinding was not possible,
describe why OR explain why blinding was not relevant to your study.

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description Briefly describe the study type including whether data are quantitative, qualitative, or mixed-methods (e.g. qualitative cross-sectional,
quantitative experimental, mixed-methods case study).
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Research sample

Sampling strategy

Data collection

Timing

Data exclusions

Non-participation

Randomization

State the research sample (e.g. Harvard university undergraduates, villagers in rural India) and provide relevant demographic
information (e.g. age, sex) and indicate whether the sample is representative. Provide a rationale for the study sample chosen. For
studies involving existing datasets, please describe the dataset and source.

Describe the sampling procedure (e.g. random, snowball, stratified, convenience). Describe the statistical methods that were used to
predetermine sample size OR if no sample-size calculation was performed, describe how sample sizes were chosen and provide a
rationale for why these sample sizes are sufficient. For qualitative data, please indicate whether data saturation was considered, and
what criteria were used to decide that no further sampling was needed.

Provide details about the data collection procedure, including the instruments or devices used to record the data (e.g. pen and paper,
computer, eye tracker, video or audio equipment) whether anyone was present besides the participant(s) and the researcher, and
whether the researcher was blind to experimental condition and/or the study hypothesis during data collection.

Indicate the start and stop dates of data collection. If there is a gap between collection periods, state the dates for each sample
cohort.

If no data were excluded from the analyses, state so OR if data were excluded, provide the exact number of exclusions and the
rationale behind them, indicating whether exclusion criteria were pre-established.

State how many participants dropped out/declined participation and the reason(s) given OR provide response rate OR state that no
participants dropped out/declined participation.

If participants were not allocated into experimental groups, state so OR describe how participants were allocated to groups, and if
allocation was not random, describe how covariates were controlled.

Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description

Research sample

Sampling strategy

Data collection

Timing and spatial scale

Data exclusions

Reproducibility

Randomization

Blinding

We have developed a computational approach to generate reference-free protein families from the sequence space in
metagenomes. We have analyzed 26,931 metagenomes and identified 1.17 billion protein sequences longer than 35 amino acids
with no similarity to any sequences from 102,491 reference genomes or Pfam. Using massively parallel graph-based clustering, we
grouped these proteins into 106,198 novel sequence clusters with more than 100 members, more than doubling the number of
protein families obtained from the reference genomes clustered using the same approach. We have annotated these families based
on their taxonomic, habitat, geographic and gene neighborhood distributions and, where sufficient sequence diversity was available,
predicted protein structures using AlphaFold, revealing novel structures.

The research sample consisted of a collection of 8,364,611,943 predicted protein sequences from 26,931 publicly available
metagenome and metatranscriptome datasets in IMG/M, as well as a collection of 94,672,003 from all isolate genomes in IMG/M
(reference dataset). For each metagenome or metatranscriptome dataset, the analyzed data included the sequencing scaffolds and
their predicted gene products, the associated ecosystem and phylogenetic metadata.

No statistical-based sample size caculation was performed. The datasets consisted of all publicly available data in IMG/M.

Data collection involved retrieving and analyzing sequences from IMG/M. Additional data was retrieved from reference databases to
compare, analyze and annotate our results (e.g. Pfam, NCBI RefSeq etc).

Datasets were collected from the July 2019 release of IMG/M.

The study focused on publicly available IMG/M datasets. Private datasets were not considered, as they have not yet been released to
the public.

No experimental trials were performed. All data analysis is described in detail in the Methods section of the manuscript.

Randomization was not a relevant feature, as work involved computational analysis of metagenome datasets and had no
experiments involving samples, organisms or participants.

Blinding was not a relevant feature, as the study focuses on the computational analysis of data. In addition, each analysis was
performed by multiple participants for validation.

Did the study involve field work? |:| Yes |X| No

Field work, collection and transport

Field conditions

Describe the study conditions for field work, providing relevant parameters (e.g. temperature, rainfall).
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Location State the location of the sampling or experiment, providing relevant parameters (e.g. latitude and longitude, elevation, water depth).
Access & import/export | Describe the efforts you have made to access habitats and to collect and import/export your samples in a responsible manner and in
compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing authority,

the date of issue, and any identifying information).

Disturbance Describe any disturbance caused by the study and how it was minimized.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies X[ ] chip-seq
Eukaryotic cell lines IXI |:| Flow cytometry
Palaeontology and archaeology IXI |:| MRI-based neuroimaging

Animals and other organisms

Clinical data

XXXXNXNX s
OooOood

Dual use research of concern

Antibodies

Antibodies used Describe all antibodies used in the study; as applicable, provide supplier name, catalog number, clone name, and lot number.

Validation Describe the validation of each primary antibody for the species and application, noting any validation statements on the
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) State the source of each cell line used and the sex of all primary cell lines and cells derived from human participants or
vertebrate models.

Authentication Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for
mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

Commonly misidentified lines  pgme any commonly misidentified cell lines used in the study and provide a rationale for their use.
(See ICLAC register)

Palaeontology and Archaeology

Specimen provenance Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information). Permits should encompass collection and, where applicable,

export.

Specimen deposition Indicate where the specimens have been deposited to permit free access by other researchers.

Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), where
they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new dates are
provided.

|:| Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.




Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals For laboratory animals, report species, strain and age OR state that the study did not involve laboratory animals.

Wild animals Provide details on animals observed in or captured in the field; report species and age where possible. Describe how animals were
caught and transported and what happened to captive animals after the study (if killed, explain why and describe method; if released,
say where and when) OR state that the study did not involve wild animals.

Reporting on sex Indicate if findings apply to only one sex; describe whether sex was considered in study design, methods used for assigning sex.
Provide data disaggregated for sex where this information has been collected in the source data as appropriate; provide overall
numbers in this Reporting Summary. Please state if this information has not been collected. Report sex-based analyses where
performed, justify reasons for lack of sex-based analysis.
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Field-collected samples | For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  Provide the trial registration number from ClinicalTrials.gov or an equivalent agency.

Study protocol Note where the full trial protocol can be accessed OR if not available, explain why.
Data collection Describe the settings and locales of data collection, noting the time periods of recruitment and data collection.
Qutcomes Describe how you pre-defined primary and secondary outcome measures and how you assessed these measures.

Dual use research of concern

Policy information about dual use research of concern

Hazards

Could the accidental, deliberate or reckless misuse of agents or technologies generated in the work, or the application of information presented
in the manuscript, pose a threat to:

Yes

[] Public health

|:| National security

|:| Crops and/or livestock
[ ] Ecosystems

minininink;

[ ] Any other significant area




Experiments of concern

Does the work involve any of these experiments of concern:

=<
0]
%)

Demonstrate how to render a vaccine ineffective

Confer resistance to therapeutically useful antibiotics or antiviral agents
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ChlP-seq

Data deposition
|:| Confirm that both raw and final processed data have been deposited in a public database such as GEO.

|:| Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,
May remain private before publication.  provide a link to the deposited data.

Files in database submission Provide a list of all files available in the database submission.
Genome browser session Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to
(e.g. UCSC)

enable peer review. Write "no longer applicable" for "Final submission" documents.

Methodology

Replicates Describe the experimental replicates, specifying number, type and replicate agreement.

Sequencing depth Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of reads and
whether they were paired- or single-end.

Antibodies Describe the antibodies used for the ChlP-seq experiments; as applicable, provide supplier name, catalog number, clone name, and lot
number.

Peak calling parameters | Specify the command line program and parameters used for read mapping and peak calling, including the ChiP, control and index files

used.
Data quality Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold enrichment.
Software Describe the software used to collect and analyze the ChIP-seq data. For custom code that has been deposited into a community

repository, provide accession details.

Flow Cytometry

Plots
Confirm that:
|:| The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

|:| The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
|:| All plots are contour plots with outliers or pseudocolor plots.

|:| A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.

Instrument Identify the instrument used for data collection, specifying make and model number.




Software

Cell population abundance

Gating strategy

Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a
community repository, provide accession details.

Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the
samples and how it was determined.

Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

D Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design

Design type

Design specifications

Indicate task or resting state; event-related or block design.

Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.

Behavioral performance measures  State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used

Acquisition
Imaging type(s)
Field strength

Sequence & imaging parameters

Area of acquisition

Diffusion MRI [ ]Used

Preprocessing

Preprocessing software
Normalization
Normalization template
Noise and artifact removal

Volume censoring

to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across
subjects).

Specify: functional, structural, diffusion, perfusion.
Specify in Tesla

Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

D Not used

Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types used for
transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.qg.
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).

Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference

Model type and settings

Effect(s) tested

Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first and
second levels (e.g. fixed, random or mixed effects; drift or auto-correlation).

Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

Specify type of analysis: [ | Whole brain [ | ROI-based [ ] Both

Statistic type for inference
(See Eklund et al. 2016)

Correction

Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.

Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte Carlo).
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Models & analysis

n/a | Involved in the study
D D Functional and/or effective connectivity

D D Graph analysis

D D Multivariate modeling or predictive analysis

Functional and/or effective connectivity Report the measures of dependence used and the model details (e.g. Pearson correlation, partial correlation,
mutual information).

Graph analysis Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,
subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency,
etc.).

Multivariate modeling and predictive analysis  Specify independent variables, features extraction and dimension reduction, model, training and evaluation
metrics.
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