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Compendium of specialized metabolite biosynthetic
diversity encoded in bacterial genomes

Athina Gavriilidou
Marnix H. Medema

17, Satria A. Kautsar??, Nestor Zaburannyi*4, Daniel Krug ©34, Rolf Miiller ®34,
28 and Nadine Ziemert® 568X

Bacterial specialized metabolites are a proven source of antibiotics and cancer therapies, but whether we have sampled all the
secondary metabolite chemical diversity of cultivated bacteria is not known. We analysed ~170,000 bacterial genomes and
~47,000 metagenome assembled genomes (MAGs) using a modified BiG-SLiCE and the new clust-o-matic algorithm. We esti-
mate that only 3% of the natural products potentially encoded in bacterial genomes have been experimentally characterized.
We show that the variation in secondary metabolite biosynthetic diversity drops significantly at the genus level, identifying it
as an appropriate taxonomic rank for comparison. Equal comparison of genera based on relative evolutionary distance revealed
that Streptomyces bacteria encode the largest biosynthetic diversity by far, with Amycolatopsis, Kutzneria and Micromonospora
also encoding substantial diversity. Finally, we find that several less-well-studied taxa, such as Weeksellaceae (Bacteroidota),
Myxococcaceae (Myxococcota), Pleurocapsa and Nostocaceae (Cyanobacteria), have potential to produce highly diverse sets

of secondary metabolites that warrant further investigation.

are biomolecules that are not essential for life but rather offer

specific ecological or physiological advantages to their pro-
ducers, allowing them to thrive in particular niches. These natural
products (NPs) are more chemically diverse than the molecules of
primary metabolism, varying in both structure and mode of action
among different organisms'. Historically, microbial NPs and their
derivatives have contributed and continue to contribute a substan-
tial part of chemical entities brought to the clinic, especially as anti-
cancer compounds and antibiotics**. Regrettably, the emergence
of antibiotic-resistant pathogens® concomitant with a stagnation
in antimicrobial discovery pipelines™ is leading to a global public
health crisis’.

Nonetheless, genomics-based approaches to NP discovery™® have
revealed a largely untapped and much more diverse source of bio-
synthetic potential within genomes®’. These findings were possible
following the discovery that bacterial genes encoding the biosynthe-
sis of secondary metabolites are usually located in close proximity to
each other, forming recognizable biosynthetic gene clusters (BGCs).
However, while the numbers and kinds of BGCs clearly differ across
microbial genomes”* and metabolomic data indicate that some bio-
synthetic pathways are unique to specific taxa’, a systematic analysis
of the taxonomic distribution of BGCs has not yet been performed.
Similarly, while useful estimates of the chemical diversity of specific
taxa have been provided®, methodical comparisons across taxa are
lacking. Because of this, the scientific community appears unde-
cided on the best strategy for natural products discovery: should
the established known NP producers be studied further or should
the community be investigating underexplored taxa”'’? A rela-
tively recent question is how much chemical diversity is hidden in

Specialized metabolites (also called secondary metabolites)

uncultured bacteria. Metagenomic assembled genomes from uncul-
tured bacteria have demonstrated a big potential of unknown
BGCs'. It is unclear to what extent unexplored associated ecologi-
cal niches and (micro)environments are also associated with unique
and unexplored chemistry.

Here we harnessed recent advances in computational genomic
analysis of BGCs to survey the enormous amount of genomic data
accumulated by the scientific community so far. Using a global
approach based on more than 170,000 publicly available genomes,
we created a comprehensive overview of the biosynthetic diversity
found across the entire bacterial kingdom. We clustered 1,185,995
BGCs into 62,449 gene cluster families (GCFs), and calibrated the
granularity of the clustering to make it directly comparable to chem-
ical classes as defined in the NPAtlas". This facilitated an analysis
of the variance of diversity across major taxonomic ranks, which
showed the genus rank to be the most appropriate level for compar-
ing biosynthetic diversity across homogeneous groups. This finding
allowed us to conduct comparisons within the bacterial kingdom.
Evident patterns emerged from our analysis, revealing popular
taxa as prominent sources of both actual and potential biosynthetic
diversity, and multiple yet uncommon taxa as promising producers.

Biosynthetic diversity of the bacterial kingdom

To assess the global number of GCFs found in sequenced bacterial
strains, we ran AntiSMASH'? on ~170,000 genomes from the NCBI
RefSeq database’® (Supplementary Table 1), spanning 48 bacterial
phyla containing 464 families (according to the Genome Taxonomy
DataBase classification, GTDB'). We also included almost 50,000
bacterial metagenome assembled genomes (MAGs) from 6 metage-
nomic projects of various origins’>~*° (Table 1 and Supplementary
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Table 1| Input datasets and biosynthetic diversity with different BiG-SLiCE cut-offs

Dataset Genomes BGCs Gene cluster families
T=04 T=0.5 T=0.6 T=0.7
Complete dataset All RefSeq bacteria 170,549 1,060,592 51,052 37,785 28,057 19,152
Bacterial MAGs? 47,098 125,403 21,354 - - -
Total 217,647 1,185,995 62,449 - - -
RefSeq bacteria with known  Complete genomes 16,004 94,904 16,984 13,546 10,399 7,151
species taxonomy Draft genomes 147,265 913,642 37123 27,748 20,638 14,016
Total 163,269 1,008,546 41,870 31,237 23,227 15,766

The ‘complete dataset’ was used for the computation of the actual and potential biosynthetic diversity found in all cultured (and some uncultured) bacteria. The dataset ‘RefSeq bacteria with known species
taxonomy’ was used for pinpointing the emergence of biosynthetic diversity, for which accurate taxonomic information was needed, and for identifying groups of promising producers. The ‘T's under gene
cluster families represent different BiG-SLiCE 12-normalized euclidean thresholds; the values under T=0.4 stand out due to it being considered the most suitable cut-off. BGC to GCF assignment for each
threshold can be found in Supplementary Tables 2-5. 2®MAG sources: bovine rumen’®, chicken caecum’®, human gut”, ocean®, uncultivated bacteria', various sources®.

Table 1). To accurately group similar BGCs - which probably
encode pathways towards the production of similar compounds -
into GCFs across such a large dataset, we used a slightly modified
version of the BiG-SLiCE tool”', which has been calibrated to output
GCFs that match the grouping of known compounds in the NPAtlas
database'' (see Methods, Quantification of biosynthetic diversity
with BiG-SLiCE). The resulting GCFs were then used to measure
biosynthetic diversity across taxa.

The number of GCFs in RefSeq ranged from 19,152 to 51,052
depending on the cut-off used by BiG-SLiCE (Table 1). While, as
expected, the pure numbers of the analysis changed on the basis
of the 12-normalized euclidean threshold, the overall tendencies
observed remained the same (Fig. 1a and Supplementary Fig. 1).
The effect that the chosen threshold has on these results presented
a challenge to our investigation, as previous estimations have also
shown great heterogeneity when different thresholds were used”*,
precluding direct comparisons of their predictions. As each BGC
can be considered a proxy for its encoded pathways and their prod-
ucts, differing thresholds will result in different degrees of granu-
larity in the grouping of compound structures (Extended Data
Fig. 1). Nevertheless, linear relationships are not always applicable,
as shown previously”, and a specific threshold will need to be set
anyway to make comparisons possible. For this, we sought to directly
relate the choice of our BGC clustering threshold to the clustering of
their compound structures. NPAtlas, a database of known microbial
small molecules, provides hierarchical clustering of the compound
structures via Morgan fingerprinting and Dice similarity scoring'’.
As many as 947 compounds in the NPAtlas are mapped to a known
BGC in the MIBiG repository”, giving us the opportunity to use
them as an anchor for choosing our clustering threshold. After map-
ping the BiG-SLiCE groupings of known BGCs from the MIBiG to
the compound clusters in the NPAtlas (Supplementary Fig. 2), we
chose a threshold of 0.4, as it provided the most congruent agree-
ments between the two groupings, with a v-score =0.94 (out of 1.00)
and AGCF=-17.

This calibration of thresholds of GCFs to families of chemical
structures allowed us to perform a rarefaction analysis to assess how
genomically encoded biochemical diversity (expressed as the num-
ber of distinct GCFs) increases with the number of sequenced and
screened genomes (Fig. 1b). The curve appears far from saturated,
while the slope is even steeper if the bacterial MAGs are included
in the analysis. When compared to the number of chemical classes
documented in the NPAtlas'' database (Fig. 1b), it appears that, to
date, only ~3% of the kingdom’s biosynthetic diversity has been
experimentally assessed.

In an attempt to evaluate the potential contribution of metage-
nomic data to NP discovery, we studied how many of the GCFs
found in the MAGs datasets were unique to this dataset (Fig. 1c).

Around 53.4% of GCFs in the MAGs were not found in the RefSeq
strains or in the Minimum Information about a Biosynthetic Gene
cluster database (MIBiG*). Paradoxically, in Fig. 1b, the contribu-
tion of MAGs does not reflect this finding, but this is most prob-
ably because the metagenomic dataset is of limited size and does not
cover the full microbial diversity of the biosphere. An analysis of the
uniqueness of GCFs found in different environments, although lim-
ited to only one” of the MAGs datasets, suggests that a connection
exists between the biogeography of microbiomes and the unique-
ness of their biosynthetic diversity, as the majority of GCFs (74.43 %)
are biome-specific (Extended Data Fig. 2 and Supplementary
Table 7). The latter finding is concordant with recent proof that
most genes have a strong biogeography signal*.

Variation in biosynthetic diversity drops at the genus level
To identify the most promising bacterial producers, it is important to
compare them at a specific taxonomic level. Several studies indicate
that there is substantial discontinuity in how BGCs are distributed
across taxa: lower’ taxonomic ranks such as species within a genus
carry more similar biosynthetic diversity, than ‘higher’ taxonomic
ranks such as phyla within a kingdom. To assess which taxonomic
rank is the most appropriate to evaluate biosynthetic potential, we
aimed to determine up to which taxonomic level the biosynthetic
diversity remains homogeneous within that taxon. For this analysis,
from our initial dataset, we left out the MAGs and only used the
RefSeq bacterial strains as taxonomic assignment up to species rank
(based on GTDB') was available only for the latter dataset(Table 1).

We first decorated the GTDB'" bacterial tree with GCF values
from the BiG-SLiCE analysis (Fig. 2a), revealing the biosynthetic
diversity found within currently sequenced genomes at the phylum
rank. It immediately stood out that biosynthetic diversity was dif-
ferently dispersed among the bacterial phyla, in accordance with
published data””. As expected for known NP producers, the phyla
Proteobacteria and Actinobacteria appeared particularly diverse®***’.
However, these phyla are among the most studied and therefore the
most sequenced®”*”’—a bias that is addressed later in the study.

Next, we examined whether the diversity of each phylum con-
tributed to the domain’s total diversity, or if there was overlap
among them. For this reason, we depicted the number of unique
GCFs within each phylum, as well as the pairwise overlaps (Fig. 2b).
In most phyla, the vast majority (on average 73.81 +20.35%) of their
GCFs appeared to be unique to them and not found anywhere else.
This is coherent with the fact that horizontal gene transfer events,
although relatively frequent for BGCs*, are much more common
among closely related taxa®.

Once we obtained information on the diversity of different phyla,
as well as the rest of the major taxonomic ranks (classes, orders,
families, genera, species), we proceeded to determine at which
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taxonomic rank biosynthetic diversity levels no longer show
high variability. Therefore, we conducted a variance analysis that
included each taxonomic rank, from phylum to species. For each
rank, the variance value was computed on the basis of the num-
ber of GCF values of immediately lower-ranked taxa (see Methods,
Variance analysis). The distribution of these variance values for
each rank is visualized in Fig. 3a.

There is a noticeable drop in the range of variance values for each
rank, while diversity becomes highly homogeneous at the species
level (Fig. 3a,b). The plunge is most striking from the family to the
genus level (Fig. 3a), with even the outliers all falling under the 10°
line in the genus rank. Different species within a genus are likely
to display uniform biosynthetic diversity, while much dissimilarity
is observed between different genera belonging to the same family
(Fig. 3b). Additional statistical analysis confirmed the significance
of this observation (Supplementary Fig. 3), thus pinpointing, prob-
ably for the first time, the genus rank as the most appropriate for
comparative analyses.

Taxa that are sources of substantial biosynthetic diversity
The identification of the genus level as the most informative rank to
measure biosynthetic diversity across taxonomy paved the way for a
comprehensive comparative analysis of biosynthetic potential across
the bacterial tree of life. However, to be able to systematically com-
pare diversity values among groups, said groups need to be uniform.
In this case, a common phylogenetic metric was necessary. We chose
relative evolutionary divergence (RED) and a specific threshold that
was based on the GTDB’s range of RED values for the genus rank' to
define REDgroups: groups of bacteria analogous to genera but char-
acterized by equal evolutionary distance (see Methods, Definition
of REDgroups). Our classification revealed the inequalities in
within-taxon phylogenetic similarities among the genera, with some
being divided into multiple REDgroups (for example the Streptomyces
genus wassplitinto21 REDgroups: Streptomyces_RG1, Streptomyces_
RG2 etc.) and some being joined together with other genera to
form mixed REDgroups (for example Burkholderiaceae mixed_
RG1 includes the genera Paraburkholderia, Paraburkholderia_A,
Paraburkholderia_B, ~ Burkholderia,  Paraburkholderia_E  and
Caballeronia). This disparity among the genera reaffirmed the impor-
tance of defining the REDgroups as a technique that allowed for fair
comparisons among bacterial NP producers.

The resulting 3,779 REDgroups showed huge differences in bio-
synthetic diversity as measured by the numbers of GCFs found in
genomes sequenced from these groups so far, with the maximum

Fig. 1| Biosynthetic diversity of the sequenced bacterial kingdom.

a, Barplots of GCFs (as defined by BiG-SLiCE) of the nine most
biosynthetically diverse genera using different thresholds (T). The
absolute number of GCFs changes from threshold to threshold, but the
general tendencies (highest to lowest GCF count) are consistent between
them. b, Rarefaction curves of all RefSeq bacteria based on BiG-SLiCE
(red) and clust-o-matic (orange), and rarefaction curve of the complete
dataset, which includes bacterial MAGs (blue), based on BiG-SLiCE.
BiG-SLiCE GCFs were calculated with T=0.4. Clust-o-matic GCFs were
calculated with T=0.5. The solid lines represent interpolated and actual
data, while the dashed lines represent extrapolated data. The number of
chemical classes documented in the NPAtlas', which come from bacterial
producers (grey dashed line; 2,487), corresponds to 2.5-3.3% of the
predicted potential of the bacterial kingdom (number of GCFs at 1.6 million
genomes). The Y values (number of extrapolated GCFs) at the right end of
the graph are 97,760.12 (blue), 81,748.32 (red) and 72,411.11 (orange).

¢, Venn diagram of GCFs (as defined by BiG-SLiCE, T=0.4) of the bacterial
RefSeq, MIBiG** and bacterial MAGs datasets. More information on the
MIBIG dataset can be found in Supplementary Table 6. About 53.4% of the
GCFs of MAGs are unique (blue shape) to this dataset.

diversity at 3,339 GCFs, average at 17 GCFs and minimum at 1
GCE Nevertheless, the variance of diversity within the REDgroups
was even more uniform than in the genera (Supplementary
Fig. 4). Some of the top groups (Supplementary Table 8) included
known rich NP producers, such as Streptomyces, Pseudomonas_E
and Nocardia>>**>°,

Although very informative, this analysis is biased because of
large differences in the number of sequenced strains among the
groups, with economically or medically important strains hav-
ing been sequenced more systematically than others. To overcome
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Fig. 2 | Comparison of biosynthetic diversity among phyla. a, The GTDB' bacterial tree was visualized with iTOL® v6.5.2, decorated with GCF values

(as defined by BiG-SLIiCE at T=0.4), collapsed at the phylum rank and accompanied by barplot of GCFs in logarithmic scale (10° to 10%). The number of
genomes belonging to each phylum is displayed next to the tree's leaf nodes. b, GCFs (as defined by BiG-SLiCE, T=0.4) unique to phyla (solid shapes) and
with pairwise overlaps between phyla (ribbons), visualized with circlize®. Each phylum has a distinct colour. Actinobacteriota (2) and Proteobacteria (42)

seem particularly rich in unique GCFs.

this bias, rarefaction analyses were conducted for each REDgroup
(Fig. 4b and Supplementary Table 8), as performed in previous
studies’>*?. Additionally, to examine how effectively this method
overcomes the sequencing bias, a random sampling approach was
taken (see Methods, Random sampling), which showed comparable
results to the original analysis (Supplementary Table 9). With all the
information on REDgroups, and to provide a global overview of the
actual biosynthetic diversity and the potential number of GCFs, we
modified and complemented the bacterial tree from Parks et al.'*, as
shown in Fig. 4a (Extended Data Fig. 3). The dispersion of these val-
ues across the various phyla can also be seen, with the exceptional
outliers standing out: Streptomyces_RGI, Streptomyces_RG2,
Amycolatopsis_RG1, Kutzneria and Micromonospora. All these are
groups known for their NP producers****** and they remain at the
top (Supplementary Table 8), seemingly having much unexplored
biosynthetic potential.

To ensure that our conclusions are not the product of algorith-
mic artefacts, we re-ran the analysis using an alternative method of
quantifying biosynthetic diversity, which was developed indepen-
dently, yet for the same purpose. This alternative approach, called

clust-o-matic, is based on a sequence similarity all-versus-all dis-
tance matrix of BGCs and subsequent agglomerative hierarchical
clustering to form GCFs (see Methods, Quantification of biosyn-
thetic diversity with clust-o-matic). Similar to BiG-SLiCE, we cali-
brated the threshold for clust-o-matic on the basis of the NPAtlas
clusters. When comparing the results (Fig. 4c,d and Supplementary
Table 8), the two algorithms appeared to identify very similar trends
despite slight differences in absolute numbers.

Streptomyces, even when split into multiple REDgroups, is in the
top groups both based on the known biosynthetic diversity and on the
estimated potential values. A total of 5,908 (+103 Streptomyces_B,
+39 Streptomyces_C, +16 Streptomyces_D) GCFs appear to be
unique to the group, even among other phyla (Fig. 5a). This is in
agreement with previous studies investigating how much overlap
there is among the main groups of producers*. Of note, streptomy-
cetes appear to be the source of a good percentage of the biosynthetic
diversity attributed to the Actinobacteria phylum, as seen in Fig. 5b.

However, taxa less popular for NP discovery also show prom-
ise, as was evidenced by a comparison of our results with data from
the NPASS database of Natural Products™ (Fig. 5¢). Among the

NATURE MICROBIOLOGY | VOL 7 | MAY 2022 | 726-735 | www.nature.com/naturemicrobiology 729


http://www.nature.com/naturemicrobiology

ANALYSIS NATURE MICROBIOLOGY

Streptomycetales families
Top 50 orders

Streptomycetales
Mycobacteriales
Burkholderiales
Rhizobiales
Pseudomonadales
Streptosporangiales
Bacillales
Cyanobacteriales
Actinomycetales

Streptomycetaceae

Catenulisporaceae

GCFs (x10) 0 25 5 75

Rhodobacterales
Enterobacterales

iii Streptomycetaceae genera Top 50 Streptomyces species

Streptomyces_filamentosus

Streptomyces Streptomyces_albidoflavus
Kitasatospora Streptomyces_anulatus_B
Streptomyces_bacillaris

Streptomyces_B Streptomyces_rimosus
Streptacidiphilus Streptomyces_rhizosphaericus
Streptomyces_murinus

Embleya Streptomyces_acidiscabies

Streptomyces_globisporus_C
Streptomyces_autolyticus
Streptomyces_niveiscabiei
Streptomyces_castelarensis
Streptomyces_griseus

Streptomyces_C
Streptomyces_D
GCFs(x10® 0 2 4 6

Paenibacillales
Flavobacteriales
Lactobacillales
Sphingomonadales

Streptomyces_griseofuscus
Streptomyces_virginiae
Streptomyces_fimicarius
Streptomyces_hygroscopicus

Cytophagales
Chitinophagales
Lachnospirales
Xanthomonadales
Polyangiales
Propionibacteriales
Sphingobacteriales
Acidobacteriales
Methylococcales
Caulobacterales
Frankiales
Thiotrichales
Bacteroidales
Bacillales_A
Clostridiales
Azospirillales
Chromatiales
Staphylococcales
Peptostreptococcales
Solirubrobacterales
Synechococcales
Acetobacterales
Legionellales
Thermoactinomycetales
Nevskiales
Oscillospirales
Elainellales
Desulfotomaculales
Nitrosococcales
Tissierellales
Phormidesmiales
Desulfobacterales

Phyla

Classes

Orders

Families

Genera

Species

Streptomyces_rochei
Streptomyces_milbemycinicus
Streptomyces_fulvissimus
Streptomyces_halstedii
Streptomyces_californicus
Streptomyces_cyaneofuscatus
Streptomyces_ipomoeae
Streptomyces_mirabilis_B
Streptomyces_himastatinicus
Streptomyces_sp002188365
Streptomyces_sp003173275
Streptomyces_scabiei
Streptomyces_europaeiscabiei
Streptomyces_albus
Streptomyces_vinaceus
Streptomyces_sp003259585
Streptomyces_sparsogenes
Streptomyces_cacaoi

f Streptomyces_sp001866675
Streptomyces_violaceusniger
Streptomyces_sp002797655
Streptomyces_olivochromogenes
Streptomyces_chartreusis_B
Streptomyces_sp001905735
Streptomyces_mobaraensis
Streptomyces_coelicoflavus
Streptomyces_sp002080455
Streptomyces_000158895
Streptomyces_albulus_B
Streptomyces_auratus
Streptomyces_sp900290235

Dasulfitobacteriales
Acetivibrionales
Verrucomicrobiales

GCFs(x10®) 0 25 5 75

0 10° 10’ 10° 10°

Variance of biosynthetic diversity

Streptomyces_albovinaceus
Streptomyces_sp000717915

GCFs 0 50 100 150

10 10° 10° 107 10°

Fig. 3 | Relations of taxonomic levels to variability in biosynthetic diversity. a, Modified ‘raincloud plots'®® of major taxonomic ranks (X axis in logarithmic
scale). Each boxplot represents the dispersion of variance values of a certain taxonomic rank, computed from the number of GCFs (defined by BiG-SLiCE

at T=0.4) of the immediately lower rank. The boxplots' center line represents the median value; the box limits represent the upper and lower quartiles.
Whiskers represent 1.5x interquartile range. Points outside of the whiskers are outliers. Sample sizes: Phyla n=21, Classes n=33, Orders n=_89, Families
n=224, Genera n=1,607, Species n=13,065. Jittered raw data points are plotted under the boxplots for better visualization of the values’ distribution.

The red line connects the mean variance values of each rank. There is a noticeable drop in dispersion of variance values from the family rank to the genus
rank (see also Supplementary Fig. 3), indicating that genera are suitable taxonomic groups to be characterized as diverse and be compared to each other.

b, Biosynthetic diversity of various taxa, measured in absolute numbers of distinct GCFs (as defined by BiG-SLiCE, T=0.4) from currently sequenced
genomes. Top 50 most diverse orders (i), Streptomycetales families (ii), Streptomycetaceae genera (iii), top 50 most diverse Streptomyces species (iv). The
difference in variance is visible in i-iii, but becomes homogeneous at the species level as shown in iv.

20 overall most promising REDgroups, we found at least 6 groups
that show promise but whose members are either not catalogued in
the database as NP sources or are connected to few (<15) known
compounds: Amycolatopsis_RG1, Kutzneria, Xanthobacteriaceae_
mixed_RG1,  Mycolicibacterium_RG1, = Nonomuraea  and
Kitasatospora_RG1. The Amycolatopsis_RG1 group only includes
three rare species: Amycolatopsis antarctica, marina and nigres-
cens. Other promising REDgroups with very few known producers
include Cupriavidus (from Proteobacteria phylum), Weeksellaceae_
mixed_RG1 (from Bacteroidota phylum) and Pleurocapsa (from
Cyanobacteria phylum). More information about the promising
underexplored taxa can be found in Supplementary Table 8.

Discussion

Using two different algorithms, we mined deposited bacterial
sequencing data to identify BGCs and grouped them into GCFs
according to chemical families of encoded compounds. We identi-
fied maximal emergence of the highest biosynthetic diversity close to
the genus rank and chose to further investigate analogous taxonomic
groups (REDgroups). Rarefaction analysis identified the highest
biosynthetic potential and the most promising bacterial taxa among
many known diverse groups, as well as multiple promising under-
studied producers. To the best of our knowledge, this is the largest
survey of secondary metabolite production to date, and our study
provides a reproducible pipeline to underpin drug discovery efforts.
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The biosynthetic capacity of the bacterial kingdom was previ-
ously assessed by Cimermancic et al.’, but the dataset analysed was
only 33,000 BGCs compared with the 1,185,995 BGCs we analysed.
Additionally, they used ClusterFinder, which is known as a more
exploratory identification tool*. Projects that exploit publicly avail-
able genomic data are reliant on the quality of genomes sequenced
as well as the efficiency of available genome mining methods, which
have some limitations”. For instance, the study of GCF uniqueness
among taxa may be affected by antiSMASH’s imperfect BGC bound-
ary prediction'”. Although BiG-SLiCE converts BGCs into features
only on the basis of domains related to biosynthesis*, genomic con-
text unrelated to the biosynthetic pathway of a BGC could still have
a role in the GCF assignment; this issue cannot be fully addressed
with currently available tools. However, antiSMASH’s ability to dis-
cern cluster limits and detect BGCs from cultured strains and MAGs
is comparable to alternative tools, while its ability to predict differ-
ent BGC types is unparalleled®, as is apparent from its common
use in NP research”******»* Of note, the fact that it is rule-based'”
implies the possibility of undetected types of clusters and increases
the likelihood that our calculations have underestimated the true
biosynthetic potential of bacterial organisms.

Furthermore, our pipeline appears to be the first to use the
GTDB" taxonomy for studying global bacterial biosynthetic diver-
sity. This enabled us to avoid misclassifications of NCBI taxonomic
placement’**. The use of rarefaction curves allowed us to infer
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Fig. 4 | Overview of actual and potential biosynthetic diversity of the bacterial kingdom, compared at the REDgroup level. a, GTDB' bacterial tree up

to the REDgroup level, visualized with iTOL® v6.5.2, colour coded by phylum, decorated with barplots of actual (orange) and potential (purple) GCFs

as defined by BiG-SLiCE (T =0.4). Top REDgroups with the most potential GCFs include the following: A, Streptomyces_RG1; B, Streptomyces_RG2;

C, Amycolatopsis_RG1; D, Kutzneria; E, Micromonospora. Phyla known to be enriched in NP producers are immediately visible (Actinobacteriota,
Protobacteriota), with the most promising groups coming from the Actinobacteriota phylum (the highest peak belongs to a REDgroup containing
Streptomyces strains). Simultaneously, within the underexplored phyla, there seems to be notable biosynthetic diversity and potential. An interactive version
of Fig. 4a can be accessed online (Extended Data Fig. 3). b-d, Rarefaction curves of REDgroups (BiG-SLiCE T=0.4) (b), of the most promising REDgroups
(BiG-SLiCE T=0.4) (c) and of the most promising REDgroups (clust-o-matic T=0.5) (d). In b-d, the solid lines represent interpolated and actual data,
while the dashed lines represent extrapolated data. In b, the letters ‘L', ‘M’ and ‘H’ correspond to low- (0-389 pGCFs), medium- (390-649 pGCFs) and
high-diversity (>650 pGCFs) producers. The ‘L' range includes 3,737 REDgroups (shades of green), the ‘M’ range includes 22 (shades of yellow/orange),
while the ‘H’ range includes 20 REDgroups (shades of red). The vast majority of REDgroups belong to the low-diversity producers (the mean of all
REDgroups' pGCFs is 29). The labels of the most promising REDgroups are indicated (the letters A-E correspond to the peaks in a). Streptomyces strains are
included in several of them. Although the exact numbers differ, the similarities between the two methods are apparent.

NATURE MICROBIOLOGY | VOL 7 | MAY 2022 | 726-735 | www.nature.com/naturemicrobiology 731


http://www.nature.com/naturemicrobiology

a c
mm pGCFs | | NPs
GCFs
/ Kitasatospora_RG1 *
K 4@%% Nonomuraea *
N *
/ R Mycolicibacterium_RG1
Firgy .
Mg,
Jo Bacillus_A_RGT
' \
( = Streptomyces_RG5 7
Actinoplanes
Nocardia_RG2
Streptomyces_RG4
Rhizobiaceae_mixed_RG1
Xanthobacteraceae_mixed_RG1 ) *
Amycolatopsis_RG2
b ——
e —ll Streptomyces_RG3
e . B
/,r g Nocardia_RG1
/ \\&
//’ i\ Pseudomonas_E_RG1
/ Non-streptomycete H‘\ ) . 4
/ Actinobacteria Burkholderiaceae_mixed_RG1
| \
;“ \" Micromonospora
| Kutzneria *
tﬁ Amycolatopsis_RG1 *
\ Streptomyces
\
\. Streptomyces. 0 el Streptomyces_RG2
\ y N\
A\ \ / \ Streptomyces_RG1 )
/ NS f T T T
Streptomyces_C \ 0 2,000 4,000 500 0
Streptomyces_B Number of GCFs ~ Number of NPs in

NPASS database

Fig. 5 | Unique diversity in the known producer Streptomyces and promising potential of less popular taxa. a, Unique GCFs (as defined by BiG-SLiCE,
T=0.4) of phyla and Streptomyces (solid shapes) and pairwise overlaps of phyla-phyla and phyla-Streptomyces (ribbons), visualized with circlize®*. Each
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large percentage of the phylum'’s unique diversity (see big pink ribbon). ¢, Left: potential (pGCFs) and actual number of GCFs (as defined by BiG-SLiCE,
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the biosynthetic potential of bacterial groups, as done in some
smaller-scale projects”®*"*2. This method aims to enable fair com-
parisons among incomplete samples*'. However, while overestima-
tion is not expected to happen, for those groups that contain very
few genomes, there is a tendency to underestimate their potential
capacity*. Hence, sequencing bias of popular taxa still affects our
results. We tried to minimize the bias within the pipeline as much
as possible while retaining high diversity of bacterial taxa; therefore,
we decided not to exclude REDgroups with very few members from
the dataset. We also ran an additional random sampling analysis

using the most populated REDgroups and confirmed the reproduc-
ibility of our results. Nonetheless, the remaining bias will only be
eliminated with the inclusion of increased biodiversity in sequenc-
ing projects'”*".

Our analysis identified a plethora of unexplored taxonomic
groups with substantial biosynthetic potential”'®**=*. At the
same time, it revealed undiscovered biosynthetic diversity pres-
ent in well-characterized NP producers. For example, multiple
Proteobacteria taxa were identified among the top producers:
Pseudomonas, Pseudoalteromonas, Paracoccus and Serratia among
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others. This is in accordance with the known biosynthetic poten-
tial of the Proteobacteria phylum®. Furthermore, we identified taxa
that are less well represented in sequence databases as being poten-
tially useful sources of secondary metabolites, including myxobac-
terial genera Cystobacter, Melittangium, Archangium, Vitiosangium,
Sorangium and Myxococcus™**, and Chryseobacterium and
Chryseobacterium_A"* from the Bacteroidota phylum. However,
the most diverse groups of metabolites are predicted to be pro-
duced by actinobacterial strains of well-known and well-studied NP
producers such as Actinoplanes, Amycolatopsis, Micromonospora,
Mpycobacterium, Nocardia and Streptomyces****”*'. These bacteria
produce most of known natural product antibiotics* and our analy-
sis confirms recent analyses of biosynthetic novelty in the genomes
of rare Actinobacteria, suggesting that there is still much more natu-
ral product diversity to be discovered in this group as more diversi-
fied strains get sequenced®**>*"°.

Streptomyces is a genus of the Actinobacteria phylum that con-
tains some of the most complex bacteria that we know of, albeit by
far not the most sequenced in our dataset (Supplementary Fig. 5).
These bacteria have been known as NP producers for a long time*,
as single strains containing a high number of BGCs have been dis-
covered, taking up to 10% of their genome®'. However, members
of other genera contain comparable absolute numbers of BGCs.
This appears to be the first time that a systematic comparison of
the diversity of the encoded compounds within bacterial genera
has been conducted, revealing how diverse Streptomyces are com-
pared with all others®. The factors that cause this taxonomic group
to stand out are not completely clear but are probably related to
their sophisticated lifestyle. Many observations suggest that NP
biosynthesis drives speciation within the Streptomyces genus®. The
exploration of factors that led to the rise of biosynthetic diversity
in Streptomyces to such an impressive degree will be the subject of
further investigations in the future.

Having the genomic capacity for the biosynthesis of second-
ary metabolites does not always herald the discovery of a novel
chemistry’>”. Sometimes, the bacterium in question cannot be
grown or BGCs are not expressed in laboratory conditions?®*#>2>3,
This issue is related to the complexity of BGCs; we have only just
scratched the surface of their intricate regulation and connection
to primary metabolism>*>*>**, However, efforts to decode biosyn-
thetic mechanisms for the activation of silent clusters need to be
tailored to specific producer groups®>*>**, such as groups phyloge-
netically related to promising producers, for example members of
the Pseudonocardiaceae family (REDgroups Amycolatopsis_RG1
& Kutzneria in Fig. 4; these and more REDgroups are shown in
Supplementary Table 8), partly because each phylum has unique
diversity (Fig. 2b).

Original approaches to the prioritization issue of NP research
continue to emerge, fuelled by the advances in metagenomics
and computational tools that enable the use of the biosynthetic
potential of unculturable bacteria from environmental samples™.
Furthermore, apart from the few metagenomic projects whose
MAGs we incorporated in the first part of our analysis, there are
multiple such projects publicly available, some of which have been
the focus of NP studies™. Although the reconstruction of genomes
from metagenomes remains a challenge” and the assembly will
often miss BGCs™, which has indirectly prevented their compari-
son to the cultured bacteria in the current project, metagenomics is
proving to be a promising source of information on NPs and their
producers”**>*%, as made apparent in the present investigation.
We expect the effect of this field on NP research to become more
evident in subsequent years.

The collection of microbial data from a large variety of habitats
points to another interesting aspect, namely the relation between
the biome of origin of the producers and the uniqueness of their bio-
synthetic diversity. Although this connection has been investigated
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to some extent?**>*>***, drawing more definitive conclusions will
require the use of a wider-scale dataset and the availability of more
detailed and standardized metadata of producers’ genomes.

Our analysis provides a global overview of diverse known and
promising understudied NP-producing taxa. We expect this to
greatly help overcome one of the main bottlenecks of natural prod-
ucts discovery: the prioritization of producers for research®.

Methods

BGC dataset. We obtained 170,585 complete and draft bacterial genomes (Table 1)
from RefSeq"* on 27 March 2020. Furthermore, a dataset of 47,098 MAGs was
included in the first part of the analysis (see Results, Biosynthetic diversity of the
bacterial kingdom). For the rest of the study, we used only 161,290 RefSeq bacterial
genomes whose taxonomic classification up to the species level was known

(Table 1). All genomes were analysed with antiSMASH (version 5)'?, which
identified their BGCs (Supplementary Table 1). The entirety of the MIBiG*
database (accessed on 27 March 2020) was included in parts of our analysis

(their IDs can be found in Supplementary Table 6).

Taxonomic classification. Due to multiple indications regarding a lack of accuracy
of NCBI’s taxonomic classification of bacterial genomes*-*, we chose to use the
GTDB" instead. The bacterial tree of 120 concatenated proteins (GTDB release 89),
as well as the classifications of organisms up to the species level, were included in
the analysis.

Quantification of biosynthetic diversity with BiG-SLiCE. For a bacterium to
be regarded as biosynthetically diverse, we considered not the number of BGCs
as important, but rather how different these BGCs are to each other. To quantify
this diversity, we analysed all BGCs with the new BiG-SLiCE tool*, which groups
similar clusters into GCFs. However, the first version of this tool has an inherent
bias towards multi-protein family BGCs, producing uneven coverage between
BGCs of different classes (that is, due to their lack of biosynthetic domain diversity,
all lanthipeptide BGCs may be grouped together using the Euclidean threshold
of T=900, which in contrast is ideal for clustering Type-I Polyketide BGCs).
To alleviate this issue and provide a fair measurement of biosynthetic diversity
between the taxa, we modified the original distance measurement by normalizing
the BGC features under LA2-norm, which produces a cosine-like distance when
processed by the Euclidean-based BIRCH algorithm. This use of cosine-like
distance virtually balances the measured distance between BGCs with ‘high’ and
‘low’ feature counts (Supplementary Fig. 6a), in the end providing an improved
clustering performance when measured using the reference data of manually
curated MIBiG GCFs (Supplementary Fig. 6b).

The GTDB" (release 89) bacterial tree was pruned so that it included only
the organisms that are part of our dataset. Then, having both the taxonomic
classification of all bacteria, as well as how many GCFs their BGCs group into, the
pruned GTDB tree was decorated with the number of GCF values at each node.
This allowed for the evaluation of the biosynthetic diversity of any clade, including
the main taxonomic ranks. To pick a single threshold for subsequent taxonomic
richness analysis, we compared BiG-SLiCE results on 947 MIBiG BGCs versus the
compound-based clustering provided by the NPAtlas database'' (Supplementary
Fig. 2). A final threshold of T=0.4 was chosen on the basis of its similarity to the
NPAtlas’s compound clusters (v-score =0.9X, GCF counts difference = +XX).

Quantification of biosynthetic diversity with clust-o-matic. We aimed to

repeat and evaluate the reproducibility of the BGC-to-GCF quantification

step of BiG-SLiCE with an alternative, independently derived algorithm. For

this, instead of grouping BGCs into GCFs on the basis of biosynthetic domain
diversity, we developed an algorithm that considers full core biosynthetic genes.
Biosynthetic gene clusters that were detected in the input data by antiSMASH

5.1 were parsed to deliver core biosynthetic protein sequences. Those protein
sequences were subjected to all-against-all multi-gene sequence similarity search
with DIAMOND? 2.0 using default settings. Only one best hit per query core

gene per BGC was allowed, divided by a total core protein length, resulting in the
final pairwise BGC score always being within the range of 0 to 1. Pairwise BGC
similarity scores were used to build a distance matrix that was later subjected to
agglomerative hierarchical clustering in Python programming language (package
scipy.cluster.hierarchy). The same process as described in the paragraph above

(for BiG-SLiCE in that case) was performed for identification of the most suitable
threshold for the clust-o-matic algorithm. The determined optimal threshold of 0.5
was then used to generate GCFs, which were then fed into the next steps in parallel
to the original set of GCFs obtained from BiG-SLiCE.

Biogeographic analysis. One” of the MAGs datasets was accompanied by
sufficient metadata that allowed for a study of a potential connection between
biosynthetic diversity patterns and the biomes of origin of the corresponding
MAGs. The GCFs for each ecosystem type were collected by combining
information from Supplementary Tables 1 and 2 of this project and from

the Nayfach paper” Supplementary Information. This led to the creation of
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Supplementary Table 7. Then, the largest occurring intersections were computed
and visualized in Extended Data Fig. 2 using the UpSet® visualization technique.

Variance analysis. To pinpoint the emergence of biosynthetic diversity, the
within-taxon homogeneity was compared among the main taxonomic ranks. For
each rank, the variance value was computed (with NumPy*') on the basis of the
number of GCF values of immediately lower-ranked taxa, provided that there were
at least two such taxa. For example, a phylum that includes only one class in our
dataset was omitted from this computation. However, a phylum with two or more
classes would be assigned a variance value computed from its classes’ number of
GCF values. The distribution of these variance values was plotted for each rank

in Fig. 3a. We noticed a significant reduction in variance from the family to the
genus rank, which was confirmed with an additional statistical test (Supplementary
Fig. 3 and Supplementary Methods). A similar variance analysis was performed to
compare genera and REDgroups (Supplementary Fig. 4), but in this case variance
was calculated on the basis of the strains’ biosynthetic diversity.

Definition of REDgroups. To study the biosynthetic diversity of genera, we
attempted to achieve uniform taxa. For taxonomic rank normalization, the creators
of GTDB used RED", which is a metric that relies heavily on the branch length

of a phylogenetic tree and is consequently dependent on the rooting. The GTDB
developers provided us with a bacterial tree decorated with the average RED values
of all plausible rootings at each node. Since GTDB accepts a range of RED values
for each taxonomic rank placement', we chose the median of GTDB genus RED
values, namely 0.934, as a cut-off threshold. Any clade in the GTDB bacterial

tree with an assigned RED value higher than the threshold was considered one
group (Supplementary Fig. 7) that we named ‘REDgroup. For REDgroup naming
conventions, see Supplementary Fig. 7.

Rarefaction analysis. The extrapolation of potential number of GCF values was
achieved by conducting rarefaction analyses using the iNEXT R package®. A GCF
presence/absence table (GCF-by-strain matrix) was constructed for each group
considered and was then used as ‘incidence-raw’ data in the iNEXT main function,
where 500 points were inter- or extrapolated with an endpoint of 5,000 for the
REDgroups, and an endpoint of 1.6 million (about 8 times the number of strains in
the ‘complete dataset’) in each group for the RefSeq analyses (where 2,000 points
were inter- or extrapolated). By default, the number of bootstrap replications is 50.

Random sampling. To test whether the above methods (creation of REDgroups
and the subsequent rarefaction analyses) surmounted the inherent sequencing
bias in our dataset, a random sampling technique was used. A reduced dataset that
included only those REDgroups containing at least 20 members was tested. For
each REDgroup, a sample of 20 genomes was randomly chosen (using the Python
‘random’ module), while preserving the species diversity of the group. The latter
was achieved by ensuring that genomes belonging to as many species as possible
are included in each sample; if all species of a REDgroup were included but the
genomes were fewer than 20, the remaining ‘spots’ were distributed evenly among
a random sample of the REDgroup’s species. One hundred iterations of this process
were calculated for all REDgroups in this reduced dataset and rarefaction analyses
were conducted for the random samples in each iteration. Finally, the average
pGCEF value for each REDgroup from all iterations was calculated and values are
reported in Supplementary Table 9.

Identification of unknown producers. We investigated the genera included in
the most promising REDgroups to find out whether they include species that are
producers of known compounds. Hence, the species names were cross-referenced
with the species named as producers in the NPASS depository™ (accessed on 15
October 2020), taking care to match the GTDB-given names to the NCBI-given
names that the database uses.

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

Data availability

The datasets generated and analysed during the study are available in the Zenodo
repository: https://doi.org/10.5281/zenodo.6365726. Source data are provided with
this paper.

Code availability

The clust-o-matic code is available at https://github.com/Helmholtz-HIPS.

The modified BiG-SLiCE script (that accepts as input a regular BiG-SLiCE output
folder, then outputs the GCF membership in a tsv file) is available both in our
Zenodo repository (file name: perform_l2norm_clustering.py) and at the following
link: https://github.com/medema-group/bigslice/blob/master/misc/useful_scripts/
perform_I2norm_clustering.py.
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Extended Data Fig. 1| lllustrating the correlation between BGC clustering thresholds and the grouping of their pathway products. a) a snippet of a
complete-linkage hierarchical dendrogram constructed by doing a pairwise distance comparison of L2-normalized BGC features within the MIBiG dataset,
highlighting the grouping of BGCs for the enediynes Uncialamycin (UCM) and Tiancimycin (TNM) under the threshold T=0.5, and further grouping with
another related enediyne BGC, Dynemicin (DNM) under the looser threshold of T=0.7. b) Comparative genes analysis generated using the clinker tool92
v0.0.23 shows how UCM and TNM BGCs are much more similar to each other than to DNM (same-colored genes indicate <70% amino acid similarity,
while colored edges indicate <50% amino acid similarity), which is consistent with the structural diversity of their compounds (pictured).
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Extended Data Fig. 2 | Intersections and distribution of biosynthetic diversity values among different ecosystem types. The bar plot on the left depicts
the number of Gene Cluster Families (GCFs as defined by BiG-SLiCE with T=0.4) found in each biome type. The bar plot on top shows the size (number of
GCFs) of each intersection. Which sets (biome types) are included in each intersection can be seen in the matrix below the bar plot, where the dark dots
pinpoint included sets. If more than one set is part of an intersection, connecting lines are drawn for better visibility. The data presented in this graph come
only from the MAGs in the GEMS dataset (see Supplementary Table 1), which was the only one with sufficient metadata. Only the top 63 most sizable
intersections are depicted here, and only the 35 ecosystem types (with the most GCFs out of the 63) that were part of them are shown on the left. The
data indicate that there is barely any overlap between the ecosystem types; most GCFs (74.43 %) are specific to a single biome (a complete overview of

unique GCFs per ecosystem type can be found in Supplementary Table 7), while the largest intersection (the one including most habitats - not visible in
this Figure) includes 50 of the 63 ecosystem types.
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Data analysis Our analysis was conducted using the following software: modified BiG-SLiCE algorithm (https://github.com/medema-group/bigslice/blob/
master/misc/useful_scripts/perform_I2norm_clustering.py), clust-o-matic (https://github.com/Helmholtz-HIPS), R package iNEXT (v2.0.20),
python library NumPy (v1.19.1), webserveriTOL (v6.5.2), R package circlize (v0.4.13), UpSet visualisation (local version downloaded on
17.11.2021), clinker (v0.0.23).

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.

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

The datasets generated and analyzed during the current study are available in the following zenodo repository: https://doi.org/10.5281/zenodo.5159210.




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.

|X| Life sciences D Behavioural & social sciences |:| 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 Our dataset included all publicly available bacterial genomes from RefSeq, and several thousand published bacterial Metagenome Assembled
Genomes.

>
QD
5
(e
()
©
O
=
S
S
3
©
e}
=
>
(@]
wm
(e
3
3
Q
=

Data exclusions  No data was exlcuded from the analysis under Results section "Biosynthetic diversity of the bacterial kingdom". All genomes with missing
species taxonomic information were excluded from the rest of the analyses, as it was important to associate them with a specific species in
order to compare taxa.

Replication The analysis was completed with two independently developed algorithms and our results were confirmed with both. The rarefaction
analyses of the REDgroups were replicated 100 times using random sampling, which confirmed our initial results.

Randomization  Thisis not relevant to our analysis because we did not conduct experiments in the lab. The genomes we used were separated into taxonomic
groups for a part of the analysis as described in the Methods section.

Blinding This is not relevant to our analysis because everything was done in silico.
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Data collection Provide details about the data collection procedure, including the instruments or devices used to record the data (e.g. pen and paper,
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cohort.
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Non-participation 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.

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

Blinding Describe the extent of blinding used during data acquisition and analysis. If blinding was not possible, describe why OR explain why
blinding was not relevant to your study.
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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.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies IZI |:| ChlIP-seq
Eukaryotic cell lines IZI |:| Flow cytometry
Palaeontology and archaeology IZI |:| MRI-based neuroimaging

Animals and other organisms
Human research participants
Clinical data

Dual use research of concern
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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

Cell line source(s) State the source of each cell line used.




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 | Name 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 organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research

Laboratory animals For laboratory animals, report species, strain, sex 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, sex 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.

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.

Human research participants

Policy information about studies involving human research participants

Population characteristics Describe the covariate-relevant population characteristics of the human research participants (e.g. age, gender, genotypic
information, past and current diagnosis and treatment categories). If you filled out the behavioural & social sciences study
design questions and have nothing to add here, write "See above."

Recruitment Describe how participants were recruited. Outline any potential self-selection bias or other biases that may be present and
how these are likely to impact results.

Ethics oversight Identify the organization(s) that approved the study protocol.

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.
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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

D Crops and/or livestock
D Ecosystems

O0oofds

D Any other significant area

Experiments of concern
Does the work involve any of these experiments of concern:

Yes

Demonstrate how to render a vaccine ineffective

Confer resistance to therapeutically useful antibiotics or antiviral agents
Enhance the virulence of a pathogen or render a nonpathogen virulent
Increase transmissibility of a pathogen

Alter the host range of a pathogen

Enable evasion of diagnostic/detection modalities

Enable the weaponization of a biological agent or toxin

Oooddoods
Ooooooogo

Any other potentially harmful combination of experiments and agents

ChlIP-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 ChIP-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 ChlP-seq data. For custom code that has been deposited into a community

repository, provide accession details.
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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.
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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 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.

Cell population abundance 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.

Gating strategy 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.

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

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

subjects).
Acquisition

Imaging type(s) Specify: functional, structural, diffusion, perfusion.

Field strength Specify in Tesla

Sequence & imaging parameters 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.

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

Diffusion MRI [ ]Used [ ] Not used

Preprocessing

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

Normalization 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.

Normalization template 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.

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




Volume censoring 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 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).

Effect(s) tested 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: D Whole brain |:| ROI-based |:| Both

Statistic type for inference Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.
(See Eklund et al. 2016)

Correction 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 Functional and/or effective connectivity

|:| D Graph analysis

|:| 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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