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SUMMARY

The human gut harbors thousands of microbial species, each exhibiting significant inter-individual genetic vari-
ability. Although many studies have associated microbial relative abundances with human-health-related phe-
notypes, the substantial intraspecies genetic variability of gut microbes has not yet been comprehensively
considered, limiting the potential of linking such genetic traits with host conditions. Here, we analyzed 32,152
metagenomes from 94 microbiome studies across the globe to investigate the human microbiome intraspecies
genetic diversity. We reconstructed 583 species-specific phylogenies and linked them to geographic informa-
tion and species’ horizontal transmissibility. We identified 484 microbial-strain-level associations with 241 host
phenotypes, encompassing human anthropometric factors, biochemical measurements, diseases, and life-
style. We observed a higher prevalence of a Ruminococcus gnavus clade in nonagenarians correlated with
distinct plasma bile acid profiles and a melanoma and prostate-cancer-associated Collinsella clade. Our
large-scale intraspecies genetic analysis highlights the relevance of strain diversity as it relates to human health.

INTRODUCTION

The human gut microbiome is an intricate ecosystem of billions
of microorganisms residing within the human gastrointestinal
tract. The advent of DNA sequencing, followed by metagenom-
ics, initiated an era of in-depth exploration into the variability of
microbial taxa within and across host populations,’™ the com-
plex assembly of microbial communities,*® and the interplay be-
tween the gut microbiome and health and disease in humans.”"®
The advancement of computational tools for the analysis of
shotgun metagenomic sequencing has enabled researchers to
not only profile microbes taxonomically and quantitatively but
also to access their genetic information at subspecies and strain
resolutions.” > However, there is still much information to be
gleaned from large-scale metagenomic association studies,
which often still do not address the extensive genetic and func-
tional diversity within microbial species.

The few studies exploring intraspecies metagenomic variation
to date'® have helped us to better understand host-microbe in-
teractions. These studies have explored the person-to-person
strain transmission'* and biogeographic variability®'*'® of the
gut microbiota. Previous research has also identified subspecies
functional diversity linked to niche adaptation and microbial
metabolic capabilities,’”~"° including adaptation to human ge-
netic variants.® Strain variation has been found to be linked to
different life-stages,”’ human lifestyle,?> and phenotypic vari-
ability.?® In the context of disease, it has been observed that a
Ruminococcus gnavus clade®* and a group of E. coli strains
with an adherent invasive phenotype®® commonly appear in in-
flammatory bowel disease (IBD) and that subspecies genetic
variability has been related to the response to immune check-
point cancer therapy”®?’ and microbial immunogenicity.”®
Most recently, within-species phylogenetic relationships be-
tween per-sample dominant strains have identified substantial
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Figure 1. Global phylogenetic trees for 1,660 gut microbiome species using human gut metagenomic shotgun sequencing
(A) A global overview of the geographic origins and sample sizes of the gut metagenomes used in this study, which encompass a total of 32,152 samples from 42

countries.

(B) Prevalence of each species-level genome bin (SGB) in the metagenomic collection and the number of samples included in its phylogenetic tree. The
300-sample threshold (dashed line) is the cut-off used for inclusion in subsequent analyses.
(C) Overall phylogenetic diversity of the SGBs considered in our study, built using representative genomes for each SGB (STAR Methods). The 583 SGBs in red

were included in the downstream analyses.
See also Figure S1.

intraspecies variation associated with type 2 diabetes,” IBD,*°
and colorectal cancer (CRC).*'

Despite these efforts, gut microbial intraspecies variability in
the context of human health and disease remains relatively un-
der-examined. This is partially due to the high resolution required
for strain profiling, which can only be achieved for species with
high coverage, and the substantial variability in microbiomes
across individuals, which necessitates very large sample
sizes for well-powered association studies. To address this, we
carried out a global epidemiological investigation of specific mi-
crobiome members via strain-resolved metagenomics and phy-
logenetics. We incorporated 32,152 publicly accessible metage-
nomes, spanning samples from 94 distinct studies conducted
across 42 countries and 6 continents, encompassing individuals
from birth to 107 years of age. This integrated dataset covers
over 241 phenotypes, including sample geographic origin, an-
thropometrics (n = 5), disease status (n = 102), medications
and food supplements (n = 67), lifestyle factors and exposome
(n = 24), and blood measurements (n = 48), among others. Of
these phenotypes, 131 were only available for one cohort, pri-
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marily derived from the Lifelines cohort study, which comprises
both the Dutch Microbiome Project (GacesaR_2022; 8,047 indi-
viduals) and Lifelines DEEP (ZhernakovaA_2016; 1,135 individ-
uals) cohorts.>® Another 110 phenotypes were available for at
least two cohorts. We reconstructed phylogenetic trees for
dominant strains within each sample for 1,660 microbial species.
Using this expansive dataset, we analyzed intraspecies genetic
variability across geographical locations and human phenotypic
and environmental variation.

RESULTS

Phylogenetic reconstruction of 1,660 global microbial
phylogenies

We assessed 32,152 gut metagenomics samples from 24,829 in-
dividuals. These were mainly European samples (65%), largely
due to the contribution of datasets from individuals of Dutch
origin (35% total), with 15.8% from North America, 14.3% from
Asia, 3.83% from Africa, and 0.5% from Oceania and South
America (Figure 1A; Table S1, 1). Using StrainPhlAn 4,° we
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reconstructed the phylogeny of the 1,660 species-level
genome bins (SGBs, hereafter used as an operational definition
synonymous to species)” for which enough samples with suffi-
cient coverage were available (STAR Methods; Figure 1B;
Table S1, 3).

StrainPhlAn 4 only considers the dominant strain in each sam-
ple, i.e., it uses the haplotype from the most abundant strain per
individual sample. Although working with dominant strains might
overlook the presence of multiple coexisting strains per species
within each sample, we argue this is currently a necessary
choice.®® This is because profiling non-dominant strains is
affected by strain-specific base-calling inaccuracies, and, at the
current metagenomic sequencing depth, the log-normal abun-
dance distribution and the observed within-species strain domi-
nance cause non-dominat strains to be at very low abundance.*
As a result, non-dominant allele frequencies are often indistin-
guishable from sequencing noise or can only rarely be reliably de-
tected. In our data, we indeed identified a relatively small percent-
age of highly supported polymorphic positions per species
(median percentage of polymorphic positions ranged from
1.79% in Haemophilus parainfluenzae to 0.026% in SGB53517
Clostridia bacterium). The median tended to increase in better-
covered species, confirming that such within-sample variability
likely exists (fpearson = 0.3, p = 2.5 x 10~ but would require
greater sequencing efforts to uncover.

To ensure sufficient statistical power for analysis, we focused
on the 583 SGB phylogenies with strains reconstructed from at
least 300 samples (maximum of 20,956 samples for Bacteroides
uniformis, median value of 929 samples per SGB) (Table S1, 3).
Of these 583 SGBs, 567 belonged to 4 major human gut micro-
biota phyla: Bacillota (formerly known as Firmicutes; n = 412,
35% included), Bacteroidota (formerly known as Bacteroidetes;
n = 98, 48% included), Pseudomonadota (formerly known as
Proteobacteria; n = 29, 31.5% included), and Actinomycetota
(formerly known as Actinobacteria; n = 21, 21.6% included).
There were also 23 SGBs belonging to nine minor phyla,
including two archaeal phyla (Crenarchaeota and Euryarch-
aeota) (Figure 1C).

We took several steps to assess the impact of different sample
batches and studies in the phylogenies. We confirmed that the
use of different DNA isolation methods in the same samples
had minimal, if any, impact on SGB phylogeny. The phylogenetic
placements of strains from the same samples were close regard-
less of whether DNA was extracted using the QIAmp Fast DNA
Mini Kit (FSK) or the QIAGEN AllPrep DNA/RNA kit (APK)
(Figure S1A; Table S2, 1), and their distance was consistent
with sequencing noise (Figures S1B-1D; Table S2, 2). However,
as expected and as a comparison, FSK and APK yielded compa-
rably less similar species-level abundance profiles.* In addition,

Cell

we focused on the yogurt-derived strain Bifidobacterium ani-
malis as a positive control because all strains from this species
that are found in humans should be identical due to their origin
from food, which was determined in previous StrainPhlAn-based
work.*3% We observed that the profiled strain was indeed the
same in all samples, independent of study and country, which
is in contrast to natural B. animalis strains in mice. This supports
previous findings that technical biases in sample processing and
sequencing do not substantially affect the genetic composition
of this strain when it is found in humans (Figure 1D)."* These re-
sults support the accuracy and robustness of our method for as-
sessing the genetic diversity of microbial species.

Intraspecies genetic distance correlates with the hosts’
geographic distance

Given the wide geographic distribution of the samples, we
tested for geographical variation to determine whether greater
geographic distances between samples do indeed correlate
with higher phylogenetic distances of their respective microbial
strains. Our analysis revealed significant associations for 456 of
the 583 SGBs (Mantel test, Pearson’s correlation geographical
distance vs. phylogenetic distance, false discovery rate
[FDR] < 0.05) (Table S8, 1).

Continent-specific clades were evident in many SGBs,
although European and North American samples tended to
cluster together. Examples of SGBs with strong continent-
specificities include Eubacterium ventriosum (rhOmantelPearson =
0.57,FDR< 7.9 x 10*4, 2,582 samples), a Lachnospiraceae spe-
cies (rhOmantelpearson = 0.46, FDR < 7.9 x 1074, 6,553 samples),
and Ruminococcus torques  (thOmantelPearson =  0.38,
FDR < 7.9 x 107, 7,063 samples) (Figures 2A-2C). We fur-
ther examined the phylogenies of Collinsella aerofaciens
(rhOMmantetPearson = 0.31, FDR < 7.9 x 1074, 8,431 samples), which
was previously reported to be co-adapted to humans,’® and of
Eubacterium rectale (rhomanteipearson = 0.3, FDR < 7.9 x 1074
15,810 samples), which was previously shown to exhibit clear
geographical stratification.'® In both cases, we observed strong
geographic correlations. Conversely, continent stratification
was not obvious for phylogenies with a weak geographic
effect, such as Alistipes onderdonkii (rhOmantelpearson = 0.02,
FDR < 7.9 x 1074, 12,042 samples) (Figure 2D).

Next, we identified specific taxonomic groups that exhibited
stronger geographic effects than others. A rank-based enrich-
ment analysis (STAR Methods) revealed that SGBs from the fam-
ily Lachnospiraceae generally demonstrated a higher geographic
effect compared with other families (set enrichment analysis
[SEA], normalized enrichment score [NES] = 1.44, p =
3.56 x 107, FDR = 0.01) (Figures 2A; Table S3, 2). This enrich-
ment was also evident for the order to which Lachnospiraceae

Figure 2. Geographic stratification of phylogenetic trees

(A-D) Representative SGB phylogenies, chosen due to their geographic diversity and sample size, with annotations for the continent where the samples were
collected. For visualization purposes, we excluded samples from the Netherlands from the phylogeny due to the large amount of leaves.

(E) Geographic genetic effects and species transmissibility estimates are inversely correlated, showing that microbes that are more easily transmitted between
people are less likely to be genetically stratified by geography. Only SGBs with significant geographic associations are displayed. Species reported in the text are
highlighted in red. The linear smooth displays the fitted relationship between the features on the x and y axes. The gray shading represents the 95% confidence

interval around the fitted line.
See also Figure S2.
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belongs, Clostridiales (NES = 1.33, p = 1.8 x 10~%, FDR = 0.037).
Interestingly, Clostridiales is part of the phylum Bacillota
(formerly known as Firmicutes), which was previously observed
to be the top phylum showing co-diversification with human
populations.'®

Thus, we do find evidence to support geographical variation
linked to within-species genetic variation in the human gut mi-
crobiota, with the greatest links between microbial phylogeny
and geography to likely be found in clades suspected to have
the strongest shared evolutionary history with humans.

Geographic stratification is related to microbial
horizontal transmission rates

Subsequently, we investigated whether SGBs with geographic
associations shared common SGB-specific features, such as
transmissibility rates (indicating transmission of microbes be-
tween hosts), average genome size, metabolic capabilities, and
phenotypic traits (predicted from core genes from each SGB us-
ing Traitar*®), and presence in different ecological niches. We
identified 11 microbial phenotypes associated with geographic
stratification (Figure 2B; Table S3, 3), and 3 positive associations
with niche presence, including non-westernized microbiomes,
ancient stool samples, and non-human primates (FDR < 0.05)
(Table S3, 4).

We hypothesized that highly horizontally transmissible clades
would be less likely to be stratified by geography because they
may be more likely to overcome geographic barriers and spread
across populations, thus decoupling phylogeny from geography.
To test this hypothesis, we calculated strain-sharing events for
the 583 SGBs among individuals from the same country but
different studies. The SGB transmissibility rate (total number of
sample-to-sample comparisons with the same strain divided
by total number of sample-to-sample comparisons) ranged be-
tween 0% and 8.2%, with a median of 2.3%. As hypothesized,
the geographic effect was smaller for SGBs with higher transmis-
sibility (rpearson = —0.21, p = 3 x 1077), and this trend persisted
even when only considering the 456 SGBs significantly associ-
ated with 9309raphy (rPearson = -0.20, p = 8.85 x 1076)
(Figure 2E).

Phylogenetic association with human phenotypes

Next, we set out to test whether host phenotypic characteristics
were associated with intraspecies SGB genetic variability. For
each combination of the 583 SGB phylogenies and 256 pheno-
types, we fitted a phylogenetic generalized linear mixed model
(PGLMM) using the anpan R package,®” which assesses the dif-
ference in predictive performance between models with and
without phylogenetic information, quantified as the difference
in generic (expected) log predictive density (elpd_diff; STAR
Methods).

We performed an initial analysis including only age and conti-
nents as covariates. Then, for the associations identified, we
conducted a continent-stratified model (i.e., a separate model
per continent) while accounting for the geographic effect of
different countries. This revealed 484 global associations in six
continents, which accounted for 389 unique associations be-
tween 54 different phenotypes and 272 unique SGBs, with 80 as-
sociations reproduced in more than one continent (Table S4, 1).
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To ensure that possible population stratification of species did
not confound these results, we associated the number of asso-
ciations identified per species with their geographic stratification
coefficient from the previous section. This did not find support
for strong geographic confounding (linear model, number of sup-
ported associations vs. geographic effect, effect = 0.46, p =
0.23). In total, 272 unique species-phenotype associations
(counted once if repeated by continent) were related to anthro-
pometric factors (253 age, 12 BMI, 6 sex, and 1 waist-hip ratio),
52 to disease (13 IBD, 9 schizophrenia, 7 melanoma, and 23 as-
sociations to 14 other diseases), 28 to lifestyle and exposome
(8 NOy, 7 urbanicity, 5 current smoking, and 5 other phenotypes),
19 to biochemical associations (4 bilirubin associations, 3 high-
density lipoprotein [HDL], 3 insulin, and 9 other phenotypes),
12 to medication and supplements intake (3 proton pump inhib-
itors [PPIs], 2 malazines, 2 vitamin B12, and 5 other phenotypes),
and 6 to other uncategorized phenotypes (Figure S3A). Pheno-
types available per cohort are listed in Table S1, 2.

The number of associations correlated positively with the
number of samples included per continent (rhospearman = 0.81,
p = 0.04) (Figures S3C and S3D), with an equal sample size
yielding a similar proportion of SGB-phenotype associations
per geographic region (Figure S3D). Thus, most associations
were detected in European samples (n = 335), followed by Asian
(n = 95), African (n = 48), North American (n = 8), South American
(n=1), and Oceanian (n = 1) samples (Figure S3B). A subsequent
downsampling analysis of the European samples for a few spe-
cies-age associations revealed a linear dependence between
elpd_diff scores and sample size for associated taxa (a trend
not present in non-associated taxa). This indicates that consid-
erable power is required to identify phenotype-species associa-
tions, explaining the disparity in the number of associations
between the continents (Figure S3C).

Despite the differences in the number of SGB-phenotype asso-
ciations between continents, 80 such associations were repro-
ducible between continents, even if not necessarily driven by
the same clades (Figure S3B). The majority were reproduced be-
tween Asian and European studies (47 for age and 2 for IBD), fol-
lowed by Europe and Africa (37 age), and finally between Europe
and North America (6 age, 1 BMI, and 1 melanoma). Several asso-
ciations were repeatedly observed in more than two continents,
including ten associations with age seen in Africa, Asia, and Eu-
rope; one association with age seen in North America, Asia, and
Europe; and two age associations reproduced in North America,
Africa, Asia, and Europe (Collinsella aerofaciens and Faecalibacte-
rium prausnitzii) (Table S4, 1). We thus observed evidence of wide
associations between the genetic structure of subspecies and
relevant host conditions and phenotypes that span across conti-
nents and can be used as hypotheses for follow-up experiments.

Phylogenetic association confirms three
Bifidobacterium longum subspecies present in early life
Among anthropometric associations, age was the phenotype
most commonly associated with SGB intraspecies diversity
(253/583 SGBs), followed by BMI (12/583) and sex (6/583).
For 14 SGBs, the age associations were driven by the presence
of infant-specific clades. We identified 13 cases of species
with phylogenetic signals from infants/toddlers (defined as
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Figure 3. Bifidobacterium longum subspecies are associated with age and continent

(A) Phylogenetic tree of SGB17248 B. longum in a subset of European and African samples shows a clade dominated by individuals younger than 2 years of age
(tips in red) and a clade of individuals older than 2 years of age (tips in gray). The phylogenetic signal of the association (phylo effect median), as given by the anpan
model (see STAR Methods), the age category, and the continent are annotated in the outer rings.

(B) The infant-dominated clade is almost exclusively dominated by samples from individuals younger than 2 years, whereas the adult-dominated clade contains
samples from individuals both older and younger than 2 years.

(C) Subset of the phylogenetic tree depicted in (A). The infant-dominated clade highlights the presence of two distinct infant clades: one dominated by references
from B. longum subsp suis (blue) and one dominated by references of B. longum subsp. infantis (red). Annotation highlights the age of the infant (in days), the age
category, the continent of the sample, and the NCBI subspecies for each reference genome.
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individuals aged <2 years) in European samples, and 2 cases in
African samples. The strongest association involved Bifidobac-
terium longum, the only species to show an infant-specific clade
in both European (elpd_diff = —288) and African (elpd_diff =
—9.1) populations. Indeed, analysis of the B. longum phylogeny
revealed this was linked to a clear-cut clade separation between
infants and older individuals (Figures 3A and 3B).

Previous research has pointed to the existence of three major
B. longum subspecies in the gut of humans: B. longum subsp.
infantis, which thrives in infants during breast milk feeding; a
transitional subspecies closely related to B. longum subsp.
suis, which was highly enriched in Bangladeshi infants after solid
food introduction; and B. longum subsp. longum, which domi-
nates after the age of 1.2'“° Exploiting public B. longum ge-
nomes from isolates (STAR Methods), we observed that the
adult-dominated clade clustered with references of B. longum
subsp. longum, with infant samples falling in the adult clade be-
ing predominantly European (odds ratio [OR] European infant
samples in adult-enriched clade = 14.2, prigher = 1.37 x 1077).

We also observed two clades largely exclusive to infants
(Figure 3C). The major infant-specific clade was characterized
by the presence of multiple B. longum subsp. infantis references
and included both European and African infants (Figure 3C, in
red). The smaller infant-specific clade (Figure 3C, in blue) where
B. longum subsp. suis references clustered was significantly en-
riched in African samples (generalized linear model [GLM] Europe
log-odds on clade = —3.32, p = 8.13 x 10~%). This minor infant-
specific clade may represent the B. longum suis subspecies
and/or its close relative transitional B. longum, and it might be
more prevalent in non-westernized populations, as previously
observed in Bangladesh.?" Although we observed a reference of
B. longum subsp. longum (GCA_000092325) within this clade,
this genome was consistently closer to B. longum subsp. suis
references, both when using whole-genome average nucle-
otide identity (ANI) values (Figure 3D) and when using the pange-
nome gene presence-absence matrix, suggesting that the
GCA_000092325 genome might be mislabeled as B. longum
subsp. longum (average ANI to genomes annotated as
B. longum subsp. suis 97.7, average ANI to genomes annotated
as B. longum subsp. infantis 95.1, average ANI to genomes anno-
tated as B. longum subsp. longum 95.3).

B. longum subspecies are known to contain distinct carbohy-
drate-active enzymes (CAZymes) that allow them to adapt to the
dietary transitions in infant diet. In agreement with this, we
observed an enrichment of CAZymes with substrates for milk
(PFisher = 0.005) and mucin (Pgisher = 0.02) in genomes from the
B. longum subsp. infantis clade (Figure 3D). Taken together,
these results confirm that the statistical framework we used
can also be used to identify subspecies variability associated
with human phenotype.
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Enrichment of a Ruminococcus gnavus clade in older
Asian and European individuals

Following the discovery of specific B. longum subspecies en-
riched in infants, we investigated whether microbial clades might
also be enriched in other age groups. We identified five Asian
phylogenies with clades enriched in individuals over 90 years
of age, including Ruminococcus gnavus (elpd_diff = —65.5)
(Figure 4A), Segatella copri (elpd_diff = —14.2), a Klebsiella spe-
cies (epld_diff = —5.2), Alistipes onderdonkii (elpd_diff = —5.4),
and F. prausnitzii (elpd_diff = —4.2). These nonagenarian individ-
uals were predominantly from XuQ_2021 (47/48), a study
focused on Chinese nonagenarians and centenarians. "’

We successfully confirmed the association between the
R. gnavus phylogeny and age when only samples from
XuQ_2021 were used, a setting in which possible between-
cohort batch effects cannot play a role (elpd_diff = —20.1, nona-
genarians = 47/96 samples). Within this phylogenetic tree,
comprising 96 samples from individuals aged 56-105 years
old, we observed an enrichment of nonagenarians in a major
clade. We observed an enrichment of older individuals within
such a major clade (GLM in XuQ_2021 py.q = 3.14 x 107°,
generalized linear mixed model [GLMER] in all Asian studies [ac-
counting for study] pasian tres = 1.75 x 10~ '"), independent of
anthropometric, family, or technical confounders (GLM py,q =
6.8 x 107%). Intriguingly, although there were no nonagenarians
in the European samples (21 octogenarians out of 1,171 in the
phylogeny), we could replicate a significant phylogenetic signal
between R. gnavus and age (elpd_diff = —34.99). By including
all European samples in the phylogeny (Figure 4B) and
comparing the average age of the European samples within
the clade enriched in older individuals (defined using the Asian
samples) with those outside of it, we detected a notable increase
in the average age of the European samples within the clade
(GLMER accounting for study, log-odds age = 0.03, p =
1.88 x 1079). This age increase persisted even when restricting
the analysis to samples from individuals aged >18 years
(GLMER, log-odds age = 0.04, p = 7.5 x 10~ ') (Figure 4C). In
addition, in a small number of individuals (n = 48, mean age =
61.1 years old, 5 in the clade enriched in older individuals) from
GacesaR_2022,° we saw no confounding effect of urbanicity in
the age relationship with the presence of this clade (page =
0.08, page controlling for urbanicity = 0.02). Overall, this indicates
that strains of R. gnavus within this clade tend to be more often
seen in older individuals, independent of geographic origin.

R. gnavus has previously been related to inflammation,*” but it
was also associated with longevity in a Chinese study.*® Previous
research also highlighted the involvement of R. gnavus in bile acid
metabolism,** particularly the production of iso-bile acids, which
were elevated in Japanese centenarians.”® Although bile acid
data were not available for the nonagenarians in our merged

(D) Average nucleotide identity (ANI), between references obtained with fastANI,*® shows three distinct clades and highlights a missannotation of one genome
within the suis clade. NCBI subspecies annotation is displayed in the row annotation. The clade where the genome clusters in the phylogeny is displayed in the
row annotation (gray: adult-like subsp. longum dominated clade, blue: infant-like subsp. suis dominated clade, reddish-brown: infant-like subsp. infantis

dominated clade).

(E) Carbohydrate-active enzyme (CAZyme) subfamilies presence-absence matrix for B. longum references built with dbCAN3*° highlights differences in car-
bohydrate degradation potential between clades. Row annotation displays subspecies annotation for each genome (with re-annotation of the mislabeled
genome). Column annotation indicates the substrate origin of each CAZyme and whether it is significantly different between subspecies (Fisher’s exact test).
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Figure 4. Ruminococcus gnavus clade characterized by higher age and distinct bile acid abundances
(A) Phylogenetic tree of SGB4584 R. gnavus in Asian samples identified a clade enriched in older individuals with high phylogenetic signal (highlighted in gray). The
phylogenetic effect median (phylo_effect_median) indicating the strength of the phylogenetic signal on age prediction per sample (STAR Methods), the age

category, and the age are annotated in the outer rings.

(B) Phylogenetic tree after including European samples shows an increase in the number of leaves in the clade enriched in older individuals. The phylogenetic
effect median (phylo_effect_median), the age category, the age, and the continent are annotated in the outer rings.

(C) Comparison of age between samples in the highlighted clade in (B) (clade enriched in older individuals) and all others, using samples from adults residing in
Europe. European adults whose strain belongs to the clade enriched in older individuals show an increased average age.

(D and E) Increased relative abundances of (D) plasma colic acid (CA) and (E) chenodeoxycholic acid (CDCA) in participants from KurilshikovA_2019 and
ZhernakovaA_2016 for samples within the clade enriched in older individuals highlighted in (B) compared with those outside of the clade.

cohort, plasma measurements of 15 bile acids were available for
samples from the Dutch cohorts ZhernakovaA_2016"" and Kuril-
shikovA_2019° (note that iso-bile acids were not measured and
thus not included in our analysis). Despite a limited sample size,
with 69 samples from ZhernakovaA 2016 (13 in the clade en-
riched in older individuals) and 31 samples from Kurilshi-
kovA_2019 (10 in the clade), we identified two age- and sex-inde-
pendent associations in the R. gnavus phylogeny that were
statistically significant after FDR-correction. Specifically, we
observed associations of this clade with the abundances of two
unconjugated primary bile acids: cholic acid (CA; linear mixed
model, estimate = 0.09, FDR = 1.39 x 10~%) (Figure 4D) and che-
nodeoxycholic acid (CDCA; linear mixed model, estimate = 0.1,
FDR = 2.33 x 10~%) (Figure 4E; Table S5, 1). These findings sug-
gest that this R. gnavus clade enriched in older individuals is
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involved in bile acid metabolism, which supports previous
findings.***°

To further explore any links between bile acid metabolism and
the R. gnavus clade enriched in older individuals, we recon-
structed high-quality R. gnavus metagenome-assembled ge-
nomes (MAGs; >90% completeness, <5% contamination) and
focused on the predicted presence of 13 known bile-acid-related
genes (including bai genes, bile salt hydrolases [BSH], and hy-
droxysteroid dehydrogenases [HSDH]). Among 36 (out of 308)
MAGs from samples within the clade enriched in older individuals,
we identified a depletion of 7pHSDH (FDR = 3 x 1078,
prevalencegage = 0.28, prevalence .t = 0.8) and an overrepresen-
tation of 3aHSDH (FDR = 0.02, prevalencegage = 0.556,
prevalence,es; = 0.324), BaiA (FDR = 0.02, prevalencegjage =
0.55 prevalencest = 0.32), and BSH (FDR = 3 x 1078
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prevalencegiage = 0.44, prevalence st = 0.06). Because some of
these genes are usually found in operons, we also identified
biosynthetic gene clusters related to metabolism. Among these,
we observed a depletion of biosynthetic gene clusters for flavoen-
zyme sugar catabolism (FDR = 1.99 x 107°, prevalencegage =
0.04, prevalenceest = 0.75). Overall, this seems to indicate differ-
ential encoding of bile acid genes and a different sugar catabolism
within the R. gnavus clade enriched in older individuals when
compared with younger individuals.

A gut microbial intraspecies phylogenetic signal in
melanoma and prostate cancer patients

Based on prior knowledge of the links between certain diseases
and microbial strain variation in the gut microbiome,'®2°° we
tested for associations between SGB strain-level phylogeny
and a wide range of diseases contained in our multi-cohort data-
set. This revealed that the strain-level genetic phylogeny of 37
SGBs was associated with human diseases. Notably, some
SGBs were linked to more than one condition. For instance, in
European samples, C. aerofaciens was associated with four
different conditions (melanoma, IBD, hypertension, and asthma)
and E. rectale was associated with three conditions (celiac dis-
ease, IBD, and any self-reported serious or chronic mental health
disorder).

Overall, 17 different diseases were associated with at least
one SGB strain-level phylogeny. Among these, CRC, hyperten-
sion, IBD, and melanoma exhibited associations across multiple
continents. In samples from Asian individuals, CRC was associ-
ated with Clostridium fessum (elpd_diff = —8.87), whereas it was
associated with Lachnospira eligens in samples from European
individuals (elpd_diff = —4.2), as recently confirmed in a study
comprising several additional CRC case/control cohorts.®' It is
worth noting that CRC has often been associated with Fusobac-
terium species and clades, as have several other bacterial spe-
cies,®"*"“® but the low abundance of these CRC-associated
species did not allow for large phylogenetic reconstructions in
this study (Table S1, 3).

Several strain-level gut microbial phylogenies were associated
with other conditions. For example, 2 SGBs in Asian samples
and 13 SGBs in European samples were linked to IBD, which
might be related to the large sample sizes of IBD cohorts in Eu-
ropean studies. Both associations in samples from Asian individ-
uals were replicated in European samples and included Blautia
wexlerae (elpd_diffeyrope = —53.9, elpd_diffasia = —4.74) and
F. prausnitzii (elpd_diffg rope = —6.32, elpd_diffasia = —4.44).

Notably, two of the strongest associations were observed be-
tween samples from melanoma patients and C. aerofaciens phy-
logeny in both European (elpd_diff = —141) and North American
(elpd_diff = —49.9) gut microbiomes. Despite originating from
different continents and studies, melanoma patients were en-
riched for the same clade in both European and North American
samples. We integrated the European and North American sam-
ples into the C. aerofaciens phylogeny and delineated the mela-
noma-enriched clade (Figure 5). This clade predominantly
comprised samples with a documented melanoma diagnosis
(123 out of 181 samples in the clade had melanoma from a total
of 170 samples from melanoma patients present in the phyloge-
netic tree, ORmelanoma in the clade = 131.843, p <2 x 107 '%). These
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melanoma samples originated from three different countries
across five melanoma-exclusive studies: LeeKA_2022*° (85
samples: 33 Dutch and 52 British), McCullochJA_2022°°
(19 US samples), WindTT_2020°" (8 Dutch samples), Franke-
IAE_2017°? (10 US samples), and PetersBA_2019°° (1 US sam-
ple). We further investigated whether samples from LeeKA_2022
and McCullochJA_2022, which included information about par-
ticipants who had undergone previous treatment, exhibited any
significant association between previous treatment and clade
membership. However, with the current sample size, no signifi-
cant association was observed for either study (logistic regres-
sion log-0ddScancer clade With previous treatment = 0.3, p =
0.36). The clade was also not associated with the response eval-
uation criteria in solid tumors (RECIST) classification of the
response to cancer therapy, indicating no evidence for this spe-
cific Collinsella clade being linked to cancer therapy efficacy
(likelihood ratio test clade logistic regression, with and without
RECIST term, p = 0.46).

In addition to melanoma, we found prostate cancer to be asso-
ciated with the C. aerofaciens phylogeny at the strain level. The
vast majority (12 out of 14) of participants from Pernigo-
niN_2021°“ present in the phylogeny clustered within this same
clade (Fisher's exact test for overrepresentation, p =
4.97 x 107", including 7 samples from the UK and 5 from
Switzerland. Notably, all individuals from this study had prostate
cancer,'® either hormone-sensitive prostate cancer (four in the
phylogeny, all also found within the cancer-enriched clade) or
castration-resistant prostate cancer (ten in the phylogeny, eight
also within the cancer-enriched clade). However, there was no
association between the clade and treatment with antiandro-
gens (enzalutamide/abiraterone) or antineoplastics (docetaxel/
cabazitaxel). The original study indicated that some bacteria
could produce androgens, such as testosterone, which are
associated with adverse cancer outcomes.®® To investigate
whether bacteria in this clade might be related to higher circu-
lating testosterone levels, we leveraged plasma testosterone
measurements available for healthy participants from Schir-
merM_2016,°° for which we identified 15/298 participants within
the melanoma-enriched clade. However, we found no significant
association between this clade and plasma concentrations of
testosterone (p = 0.42).

To delve into the functionality of this clade, we reconstructed
44 high-quality MAGs from C. aerofaciens using the samples
present in the phylogenetic tree. Among these, seven belonged
to samples within the melanoma-enriched clade: four from the
LeeKA_2022 study, two from McCullochJA_2022, and one
from WindTT_2020. From these reconstructed MAGs we identi-
fied 332 UniRef90 annotations as differentially enriched between
the melanoma clade and the rest of the phylogeny, with 218
genes more frequently present in the melanoma-enriched clade
(Table S5, 4). For 56% of the tested genes, we could infer the
MetaCyc pathway(s) to which they belong. Using these anno-
tated genes, we performed an additional enrichment analysis
(SEA) to uncover over- or under-represented pathways within
the cancer-enriched clade. We identified 10 over-represented
pathways in the melanoma-enriched clade (FDR < 0.05),
including five related to the cobalamin (vitamin B12) biosynthetic
process. High vitamin B12 levels have previously been related to
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Figure 5. Phylogenetic tree of Colinsella aerofaciens shows a clade enriched in melanoma and prostate cancer

Gut metagenomic samples from individuals with melanoma (red annotation) and prostate cancer (PC, blue annotation) cluster together in a cancer-enriched clade
(gray shading) with a high phylogenetic signal. Samples in the clade come from different studies, countries, and continents (colored around the phylogeny). The
phylogenetic effect median (phylo_effect_median) indicating the strength of the phylogenetic signal on the melanoma prediction per sample (see STAR Methods),
the cancer type, the study, the country, and the continent are annotated in the outer rings.

cancer risk, although these associations are rather inconsistent
among cohorts.*%%”

In summary, these results indicate that this C. aerofaciens
clade is common in two different types of cancer, melanoma
and prostate cancer, across several different studies and coun-
tries. Based on the data investigated in this study, the presence
of this clade does not appear to be related to clinical outcomes in
melanoma or to testosterone production in prostate cancer;
however, further functional analyses are necessary to better
determine the role of this C. aerofaciens clade in disease devel-
opment and progression.

DISCUSSION

In this study, we investigated the genetic variability of the human
gut microbiome at the strain level on a global scale. Our analysis
involved reconstructing 1,660 phylogenetic trees, each repre-
senting the inter-individual diversity of the dominant microbial
strains within a species derived from a large dataset of human
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gut metagenomes sourced from 42 different countries. This
extensive dataset enabled us to explore intraspecies genetic di-
versity of microbes in relation to a wide range of human pheno-
types and diseases. Although identifying single mutations associ-
ated with phenotypes can be daunting due to the inherent linkage
of genetic variants in microbial genomes and their overall number,
we associated the phylogenetic relationships between dominant
strains in different metagenomes directly with human pheno-
types, as it has also been attempted in previous studies.”®*°
Our results support geographical variation of microbial strains,
showing that the phylogenetic distances of most conspecific
strains are correlated with host geographic distance. This trend
could be caused by isolation-by-distance and subsequent ge-
netic drift,>®**° or by environmental selection for particular
strains. Previous studies observed that, in some bacterial spe-
cies, “non-western” populations tend to have more similar
strains, which might support the lifestyle selection hypothesis.**
Interestingly, we often observed gut microbial clades from Euro-
pean and North American samples to cluster together. Although
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this might represent lifestyle-related selection, it could also
reflect past human migration events, as has been discussed pre-
viously.'® Moreover, it has also been observed that multiple bac-
terial species’ phylogenies resemble their human host popula-
tions’ phylogenies, highlighting that geographical stratification
in those species is unlikely to be driven by lifestyle alone.’® The
different degrees of phylogeny-geography correlation that we
observe across various microbial species, and their relationship
with species transmissibility, might point to the presence of both
environmental selection and isolation-by-distance but with
different relative effects depending on the microbial species.

Subspecies microbial variation was linked not only to geogra-
phy but also to a wide range of host characteristics. The associ-
ations we focused on seemed not to be confounded by major
geographic factors, such as continent and country, although
there could still be factors unaccounted for such as social net-
works.®® Overall, most phylogeny-phenotype associations
seem to be driven by small clades rather than major ones. This
agrees with observations from a previous study focused on the
phylogenetic relationship of gut microbes in IBD and healthy
controls.*® Although Kumbhari et al. describe a larger number
of associations with a similar IBD sample size (20% of their
associations), these associations are generally in small clades,
and their top StrainPhlAn association agrees with one of the
top associations described in our study, Fusicatenibacter
saccharivorans.

Although the majority of associations between subspecies’
microbial variability and host anthropometrics were related to
host age (Figures 3 and 4), BMI was also linked with subspe-
cies diversity. Interestingly, in European samples, we identified
associations between two F. prausnitzii SGBs and BMI. In a
recent association study between bacterial single-nucleotide
variants (SNVs) and human BMI, the authors observed that
most of the SNVs that could be replicated between Israeli
and Dutch populations (15/17 SNV) belonged to Faecalibacte-
rium and F. prausnitzii.”® In the same vein, the authors report
high inflation in the quantile-quantile (Q-Q) plots obtained
from F. prausnitzii associations, suggesting tight linkage of sig-
nificant genetic variations associated with BMI. These results
may suggest that such an effect is representative of a clade-ef-
fect, as captured by our associations. Another possibility is that
the identified SNVs are widespread across the phylogeny in the
different BMI-associated clades. To discriminate between
these two possibilities, microbial strain information can be
controlled for during SNV association. Overall, both studies’ re-
sults suggest a relationship between F. prausnitzii genetic
makeup and host BMI.

Several gut microbial clades linked with specific host pheno-
types could be replicated across studies and/or geography. A
noteworthy example is the association between melanoma and
the SGB14546_group, which corresponds to a set of closely
related SGBs from the Collinsella genus. This association was
detected in gut metagenomic samples from both North Amer-
ican and European individuals, including patients with stage llI
or IV melanoma (metastatic). In a further step to explore links be-
tween disease progression and gut microbial phylogeny, we uti-
lized host information on previous treatment for melanoma but
found sample clustering in such a clade to be unrelated, at least
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considering the smaller sample sizes available with this type of
information. Nonetheless, we identified that participants with
metastatic prostate cancer also cluster in the same cancer-
associated clade as those with melanoma.®* Although we did
not identify a clear difference in gene content that might explain
the clustering (with the exception of vitamin B12 biosynthesis),
we hypothesize that the strains within the clade might be adapt-
ed to some common exposure between the diseases, such as
immune dysregulation in cancer, which might drive the selection
of specific bacterial subspecies. To the best of our knowledge,
abundance levels of this species have not been previously iden-
tified as disease biomarkers for these cancers nor have they
been associated with treatment response.

Our work explores the links between human phenotypic varia-
tion and intraspecies genetic variability in gut microbes and, in do-
ing so, underscores the phylogenetic complexity of the gut micro-
biome at the strain level. We show that phylogenetic associations
are generally related to small microbial clades, rather than larger
subspecies entities being associated with a human phenotype
or disease. We encourage further studies to focus on even larger
sample sizes to increase the statistical power needed to identify
these small clades associated with phenotypes of interest. To
further boost statistical power, we recommend including publicly
available datasets that represent similar populations, which are
unlikely to contain geographical stratification and wherein similar
clades might drive the association. Exploring and understanding
the common metabolic capabilities of disease-associated clades
will be fundamental to fostering our understanding of the relation-
ship between gut microbes, health, and disease.

Limitations of the study

Because this study is associative and observational by design, it
does not try to infer causal relationships between gut microbial
subspecies and human health. At best, it points out subspe-
cies-level clades that could be the target of mechanistic,
in vitro, or in vivo experimental validations. In exploring the
trade-off between accuracy and profiling intra-sample and inter-
sample comprehensiveness, our analysis focuses on the most
abundant strain for each SGB in each sample and cannot profile
strains below a certain coverage level, which depends both on
species abundance and total per-sample sequencing depth. In
addition, most phenotypes were absent from most cohorts,
leading to an overrepresentation of associations found in Dutch
cohorts. Large sample sizes are required for identification of sig-
nificant associations, which hampers the identification of conti-
nent-stratified signals. Exploration of isolation-by-distance in
this dataset is inherently very noisy due to the presence of multiple
confounding factors, such as traveling, lifestyle, population
mixture, or practical distances that are different from map dis-
tances (e.g., islands), among others.

Some of the associations we identified, such as the clade of
R. gnavus found in older individuals, might be driven by other un-
known processes for which we do not account or which we do
not measure. Aging is a complex process that is interrelated
with metabolic and immunological changes and the appearance
of disease, and it might be confounded by behavioral and envi-
ronmental differences. In the absence of a more comprehensive
study, we cannot draw a conclusion about which process
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underlies the acquisition of these strains. Further work should
focus on more deeply phenotyped trans-ethnic cohorts to
answer questions related to the role of lifestyle and geography
in subspecies microbial variability of the gut microbiome.

RESOURCE AVAILABILITY

Lead contact
For correspondence and material requests, please contact Nicola Segata
(nicola.segata@unitn.it).

Materials availability
This study did not generate new unique reagents.

Data and code availability

Datasets included in this study are publicly available. All datasets, with the
exception of GacesaR_2022,° ZhernakovaA_2016,>°" KurilshikovA_2019,°?
and StrazarM_2021,°° have been collected previously and are curated
in CuratedMetagenomicData. Accessions collected in that study are
included in Table S1, 1. Phenotypes are available as part of Curated
MetagenomicData.

Datasets not included in CuratedMetagenomicData are as follows:

® VichVilaA_2018: raw metagenomics, host genomics, shotgun
sequencing, and phenotypic data used in this study are available from
the EGA data repository: 1,000 inflammatory bowel disease (IBD) cohort
(EGA: EGAD00001004194).

® KurilshikovA_2019: metagenomics data can be requested from EGA
(EGA: EGAS00001003508). Phenotype data can be requested via:
http://www.humanfunctionalgenomics.org.

® StrazarM_2021: metagenomics data can be accessed from the Euro-
pean Nucleotide Archive (ENA: PRJNA686265). Phenotype data are
included in the original publication.

e Lifelines datasets: metagenomics data can be requested from the Euro-
pean Genome-Phenome Archive (EGA) for GacesaR_2022 (EGA:
EGAS00001005027) and ZhernakovaA_2016 (EGA: EGAD0000100
1991). To protect participants’ privacy and respect the research agree-
ments in the informed consent, participant metadata are not publicly
available and cannot be deposited in public repositories. The Lifelines
data can be accessed by all bona fide researchers with a scientific pro-
posal by contacting the Lifelines Biobank (instructions at https://www.
lifelines.nl/researcher/now-to-apply). Researchers will need to fill in an
application form, which will be reviewed within 2 working weeks. If the
proposed research complies with Lifelines regulations (for example,
noncommercial use and guarantee of participants’ privacy), researchers
will then receive a financial offer and a data and materials transfer agree-
ment to sign. In general, data will be released within 2 weeks after signing
the offer and data and materials transfer agreement. The data will be
released in a remote system (the Lifelines workspace) running on a
high-performance computer cluster to ensure data quality and security.
As Lifelines is a non-profit organization dependent on (governmental)
subsidies, a fee is required to cover the costs of controlled data access
and supporting infrastructure. The fee for data access on the high-perfor-
mance computer is €3,500 for 1 year, and the fee for the Lifelines
workspace environment is €4,500 for 1 year—or less for shorter periods
of time. There are no restrictions on the downstream re-use of aggre-
gated, non-identifiable results (as approved by Lifelines) nor are there
authorship requirements, but Lifelines does request that it is acknowl-
edged in publications using these data. The data access policy, data ac-
cess fees, and an example data and materials transfer agreement
(which includes details on how to acknowledge the use of Lifelines
data in publications) are described in detail at https://www.lifelines.nl/
researcher/how-to-apply. Note that data access for replication can be ar-
ranged through Lifelines. Lifelines will not charge an access fee for
controlled access to the full dataset used in the manuscript (including
phenotype and sequencing data), for the specific purpose of replication
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of the results presented in this article or for further assessment by the re-
viewers, for a period of 3 months. Researchers interested in such a repli-
cation study or review assessment can contact Lifelines at research@
lifelines.nl.

Phylogenetic trees generated in this work, and analysis code, are available in
the Zenodo repository: https://doi.org/10.5281/zenodo.14651412.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Gut microbiome phylogenies This paper Zenodo: https://doi.org/10.5281/zenodo.14651412

Software and algorithms

Python (v3.9)
R (v4.3)
MetaPhlAn 4/StrainPhlAn 4

Python Software Foundation
https://www.R-project.org/
Blanco-Miguez et al.®

https://www.python.org/
https://www.R-project.org/
https://github.com/biobakery/MetaPhlAn

PhyloPhlAn 3.0 Asnicar et al.®* https://github.com/biobakery/phylophlan

GT-Pro (v1.0.1) Shi et al.'? https://github.com/zjshi/gt-pro

Anpan Ghazi et al.®’ https://github.com/biobakery/anpan

fastANI Jain. et al.*® https://github.com/ParBLiSS/FastANI

Roary Page et al.®® https://sanger-pathogens.github.io/Roary/

MEGAHIT (v1.1.1) Li et al.®® https://github.com/voutcn/megahit

MetaBAT Kang et al.%” https://linsalrob.github.io/ComputationalGenomicsManual/
CrossAssembly/Metabat.html

checkM (v1.1.2) Parks et al.®® https://github.com/Ecogenomics/CheckM

Traitar Weimann et al.*® https://github.com/hzi-bifo/traitar

Other

curatedMetagenomicData (v3) Pasolli et al.®® https://github.com/waldronlab/curatedMetagenomicData

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
We sampled 90 datasets™®4:19:21:24:82.49-54.70-130 5| |ected and curated by curatedMetagenomicData (as available in the Github
commit 11 February 2023).°° We removed studies that involved fecal microbiota transplantation and kept only gut microbiome sam-
ples. Three additional Dutch cohorts were included, KurilshikovA_2019,°° GacesaR_2022,® and ZhernakovaA_2016, as well as 338
4-year follow-up samples from the latter.®” We also included an additional publicly available Tanzanian cohort, StrazarM_2021.% In
total, this resulted in 32,232 metagenomes from 94 studies. We then removed 80 samples from ThomasAM_2019_c because they
overlapped with YachidaS_2019, resulting in 32,152 samples. Phenotypes belonging to curatedMetagenomicData were merged,
and units were standardized with the additional cohorts.

METHOD DETAILS

Microbial phylogenetic tree reconstruction

We processed sequencing reads using MetaPhlAn 4° and the database mpa_vJan21_CHOCOPhIAnNSGB_202103, with default pa-
rameters. To build phylogenetic trees, we used the StrainPhlAn 4 approach with the same database. Minimal code changes were
implemented in StrainPhlAn 4 to allow processing of the large number of samples as input. For each SGB, samples were divided
between primary, used for selection of marker genes used to build the phylogenies, and secondary, based on the SGB’s estimated
depth of coverage per sample. Estimated depth of coverage was calculated with [Equation 1].

( AvgReadLengthsampe x ReadNumbersampe x Rel Abundancesas sampie)
AvgGenomelengthsgs

Coverageses sample = (Equation 1)

Equation 1. Estimation of SGB read depth of coverage per sample. Total coverage is computed as the average read length per
sample used for mapping multiplied by the number of reads used for mapping times the estimated relative abundance for the SGB
according to MetaPhlAn 4. MetaPhlAn’s average genome length of the SGB is then used for division and computing the average
depth of coverage per genomic position.

We used a threshold of > 2X to define primary samples and a relative abundance >0 (depth of coverage <2X) to define secondary
samples. We set the StrainPhlAn parameters to ‘—sample_with_n_markers 50 —secondary_sample_with_n_markers 50 —sample_
with_n_markers_after_filt 33 -marker_in_n_samples 50’, which is more restrictive than the current defaults, aiming to yield a more
robust phylogeny reconstruction.
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In addition, we included the tag argument ‘~treeshrink’ to remove outliers from the resulting phylogenies. TreeShrink'®! was devel-

oped to identify abnormally large branches from a phylogeny, based on an identification of branches that increase the diameter of the
phylogeny. This algorithm targets samples with high levels of polymorphisms (e.g., due to sequencing errors) or where reads map to
the wrong marker genes. StrainPhlAn uses the marker genes defined in the database to identify polymorphisms per sample. Highly
heterogeneous positions within one individual (due to a mixture of microbial strains) are masked, and the rest of the nucleotides are
used to build a multiple sequence alignment between all the individuals using MAFFT."*? Alignments were subsequently used to build
maximum likelihood trees by RAXML'*® using the PhyloPhlAn default GTRCAT model, in most cases. Given the high computational
needs of large phylogenies, for eight phylogenetic trees we used another maximum likelihood software, IQTree v2.3.0 (GTR
model),134 as summarized in Table S1, 3. To check whether differences in the maximum likelihood tree software used (IQTree or
RAxML) had a major influence in the sample-to-sample distance matrix used by phylogenetic generalized linear mixed models
(PGLMM), we reconstructed phylogenies with both RAXML and IQTree for nine random species. A Mantel test (Pearson correlation)
between each showed high correspondence between distance metrics (0.72-0.99, mean of 0.93). A median of two samples were
removed per phylogeny due to TreeShrink, with a maximum of 24 samples being removed.

Subsequently, we estimated the final number of samples available per phylogeny and removed phylogenetic trees with less than
300 leaves/samples from the analysis. As an additional analysis, we reconstructed B. longum’s phylogeny, including 48 publicly
available references of B. longum, and retrieved subspecies annotation from NCBI [Table S1, 4]. For that, we used the ‘-reference’
option from StrainPhlAn.

Analysis of within-sample polymorphisms

For each SGB, we re-treated information regarding the percentage of polymorphic sites (i.e. where more than one allele was
observed) found per individual in the marker genes used for multiple sequence alignment (as generated per StrainPhlAn). For
each SGB, we extracted the median and maximum percentage of polymorphic sites per sample. We performed a Pearson correlation
between the number of samples per phylogeny (as a proxy of how well a species is covered in a particular sample) and the median
percentage of polymorphic sites per SGB. Finally, we conducted a gene set enrichment analysis (GSEA) to identify which taxonomic
levels were enriched in SGBs with a higher median of polymorphic sites, using all taxonomic levels at once.

Comparison of dominant strains of StrainPhlAn with GT-Pro

To assess the robustness of the methodology for determining within-species genetic variability, we compared the phylogenetic dis-
tances of the StrainPhlAn trees with genetic dissimilarities estimated from core genome SNVs. Core genome SNVs were metageno-
typed with GT-Pro in 10,781 samples from GacesaR_2022, ZhernakovaA 2016, SchimerM_2016, KurilshikovA_2019,
VichVilaA_2018, and StrazarM_2021, as described elsewhere.'®> Manhattan distance (scaled by the number of shared SNVs) was
used to compute sample-to-sample dissimilarities of SNV frequencies per species. We then assigned SGB categories for the refer-
ence genomes from GT-Pro using PhyloPhlAn’s ‘phylophlan_metagenomic’ (v3.0.39) (SGB.Jan21 database). Common species with
both GT-Pro distances and StrainPhlAn phylogenies were used for a Mantel test (vegan, v2.6-4) (Pearson correlation, 1000 permu-
tations). We then discarded species with fewer than 50 paired samples between distances and estimated a Benjamini-Hochberg (BH)
FDR. For all the remaining 243 common taxa (median of 1,316 samples) we identified correlations significantly different than 0 for all
taxa (FDR<0.05), with a median correlation value of 0.7, suggesting a robust estimation of dominant strains [Table S2, 3].

Food references in phylogenetic tree and B. animalis analysis

As a positive control to assess phylogenetic trees built from samples stemming from different biological and technical backgrounds,
we further focused on the B. animalis SGB17278. As this species is acquired from yogurt consumption and not a natural gut micro-
biome inhabitant, we would expect to observe a common strain in all samples. Within the MetaPhlAn 4 genomic database from
January 21, SGB17278 contained at least one genome tagged as food.'*® We then rebuilt the phylogenetic tree from this SGB
and included the reference genomes with the StrainPhlAn —references option. We further included metagenomes from three mouse
studies'®”""*? to assess species’ variability in a natural population. We selected samples with a relative abundance of SGB17278/B.
animalis >0.1% as primary samples in StrainPhlAn. Using the reconstructed phylogenetic tree, we then extracted phylogenetic dis-
tances between human metagenomes and the food MAG reference from the MetaPhlAn 4 database,” ten mouse strains, and human
geographic locations and studies. To test whether there were significant differences in the distances, we performed permutations of
the labels of interest. We first tested whether human-human distances were significantly different from the human—food distances.
We calculated the t-statistic on the non-permuted data and the t-statistics of the data after 1,000 permutations of the mouse/human
label. The P-value was estimated by computing the proportion of permutation t-statistics > the non-permuted t-statistic. We per-
formed the same approach to test whether distances between mouse strains were larger than distances between human strains.

Geographic association with microbial phylogeny

Phylogenetic distances were extracted from phylogenies using ape’s v5.7-1 cophenetic.phylo.'“° The geographic location of a coun-
try’s capital city was obtained from the dataset world.cities from the R package maps v3.4.1. We then applied distVincentySphere
from the geosphere v1.5-18 package to obtain the geographic distances between the cities. Next, we computed the correlation be-
tween phylogenetic and geographic distances using a Mantel test (vegan, v2.6-4) (Pearson and Spearman correlations, 2,000
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permutations) and estimated BH-FDRs. A comparison of the correlation estimates using the two different coefficients (Pearson’s and
Spearman’s) showed high correlation (rpearson=0.93). Since most estimates seemed robust enough, we subsequently worked with
the Pearson’s results.

To test for overrepresentation of specific taxonomies within geographically associated SGBs, we performed a Fisher’s exact test
(with an alternative hypothesis for greater) for each taxon at taxonomic levels ranging from phylum to genera. FDRs were estimated
using the BH procedure.

Species transmissibility and geographic effect

Using the phylogenetic trees, we inferred strain-sharing between all available samples using a previously validated approach.’* The
methodology involves identifying a phylogenetic distance threshold within a species-specific distribution of phylogenetic distances
(normalized by the median distance within the species) that effectively distinguishes between distances among a distribution of dis-
tances from longitudinal samples (one pair per subject) collected within 6 months and unrelated samples. Since related samples
collected during 6 months will likely exhibit a distribution with a peak around 0 due to strain retention, and unrelated samples will
exhibit a peak far from 0 due to the fact that most unrelated people contain different strains, a cut-off that splits those distributions
can act as a proxy for a strain-sharing cut-off.'*

For samples with at least 30 pairs of longitudinal distances, a distance that maximizes the Youden index (defined as sensitivity +
specificity — 1) is chosen. If this distance is larger than the 5th percentile of the distribution, the 5th percentile is used instead as an
upper bound. If not enough longitudinal samples are available (<30 pairs), the 3rd percentile of the overall distribution is used as the
distance cut-off, as previously defined.

We used previously computed percentile values.”® For the SGBs that did not have a previous threshold value, we observed that no
longitudinal samples were available in the phylogenies and used the 3™ percentile as the threshold. We then used those thresholds to
determine strain-sharing between samples. Species transmissibility was computed as the fraction of samples with the same strain
among all pairs of samples from the same country but different studies. This rate was used as a proxy for bacterial migration rates
(dispersion). To avoid possible confounders due to same-study biases (unaccounted-for social networks, contamination events,
other technical biases), we computed these rates in samples from different studies. Opposed to using sharing rates between unre-
lated individuals, within family strain-sharing rates could not distinguish between horizontal and vertical strain transmission. Vertically
transmitted taxa, followed by strain retention, might be more commonly seen in geographically stratified taxa, where they may repre-
sent evolutionary co-adaptation.

Species transmissibility was associated with geography—phylogeny correlation values using linear models.

Microbial characteristics and geographic effect

For each SGB, we retrieved the average genome length from the genomes used for the construction of the SGB in the MetaPhlAn 4
Jan 21 database. We then associated the average genome length with the rho value obtained from a Mantel test between geographic
and phylogenetic distances (geographic effect) using a linear model. We further assessed the proportion of available genomes pre-
sent in each environment and associated it to the geographic effect using linear models. The BH FDR was computed.

We used Traitar (v1.1.12)°° to predict microbial phenotypes. For each SGB, we extracted a set of core genes (genes present in 50%
of genomes available in the MetaPhlAn 4 genomic database). We kept only annotations where the prediction of phypat and the
phypat hypat + PGL classifiers (including additional evolutionary information on phenotype gains and losses) matched. Annotations
were then associated with geographic effects using a linear model, and BH FDRs were estimated. For FDR < 0.05 results, we further
added whether the family of the SGB was Lachnospiraceae as a covariate in a subsequent model, as this family was highly enriched in
geographically stratified species and might act as a confounder.

Phylogenetic association

Phylogenetic generalized mixed models in anpan

We matched metadata information available for the different cohorts with the reconstructed phylogenies. If longitudinal sampling was
available, a random sample from an individual was chosen for analysis. We focused on phenotype—phylogeny pairs of at least 20
samples. For categorical data, we required at least 15 observations per level.

We set up to run PGLMMs using anpan®’ to identify pairs of phylogenetic trees and phenotypes with a strong phylogenetic signal.
Anpan models the phenotype of interest as a function of different covariates and a phylogenetic random effect where a covariance
matrix of the phylogenetic relations between samples (assuming a Brownian motion) is multiplied by the phylogenetic effect term
(ophyio)- The fit is performed in a Bayesian framework, either in a binomial or Gaussian model, depending on the dependent pheno-
type. Evaluation of fit is done through a leave-one-out (l0o) cross-validation approximation assessed using Pareto smoothing to
obtain expected log predictive density (ELPD). Models that achieve better prediction of the dependent phenotypes would result
in a higher ELPD. The ELPD obtained in this model is then compared to the ELPD obtained in a null model that does not introduce
the phylogenetic random-effect term but does include all other covariate terms in the prediction. The ELPD difference (elp_diff) be-
tween both models (null-phylogenetic) is obtained, in addition to its standard error.

To select models with strong evidence of an existing phylogenetic effect, we focused on models where the confidence interval of
the elp_diff (elp_diff + 2SE) did not include the value 0 and where the elp_diff was below -4, considered indicative of an alternative

Cell 188, 1-18.e1-€6, July 24,2025  e3




Please cite this article in press as: Andreu-Sanchez et al., Global genetic diversity of human gut microbiome species is related to geographic
location and host health, Cell (2025), https://doi.org/10.1016/j.cell.2025.04.014

¢? CellPress Cell

OPEN ACCESS

model predicting significantly better than the null. In addition, we removed associations where the diagnostic Pareto K value was
> 0.7 in at least 1% of the samples. High Pareto K values are indicative of a few samples having a big influence on the model per-
formance, which might be related to either the presence of outliers or highly unbalanced binary dependent phenotypes. In model
comparisons with high Pareto values, the interpretation of elpd_diff should be considered carefully, because it might be a bad
approximation of the real loo estimation. In those cases, o110 Can be used instead as a metric indicating whether the phylogenetic
effect on the dependent variable is different than 0, using the estimated posterior distribution of the term.

Simulation analysis to assess model performance

In order to assess whether anpan properly controls for false discoveries with its default priors, we performed 200 simulations, in which
we generated random trees with 120 samples each (ape, rtree) and a random covariate following a normal distribution. We then
created a residual term, with a standard error of 1 and a mean of 0. Finally, we created a phylogenetic term, which was specific
as a ophylo=0 multiplying a multivariate normal distribution of 0 mean and a variance-covariance matrix given by the random phylog-
eny. The observed variable was then obtained as the sum of the random covariate, the residual term, and the phylogenetic term. This
model was fitted using anpan. We then assessed whether the model uncovered any association ( |elpd_diff| > 4, with a 95% CI not
overlapping 0), and observed that out of the 200 simulations, in none of them the phylogenetic model was chosen above the model
with no phylogenetic term, indicating that the regularization of the model (where the phylogenetic term cgny is shrunk towards 0)
makes the false positive rate asymptotically approaching 0 as the signal-to-noise ratio increases.

Phylogenetic generalized mixed models fit to data

We fitted a model in which the phenotype of interest was used as a dependent variable, with the participant’s age and continent used
as covariates. This model aims to uncover phylogenetic associations with human phenotypes that are independent of geographic
differences between samples. For the statistically supported hits, we then conducted a subsequent analysis stratifying per continent.
For each continent, we fitted a second model with the phenotype of interest as dependent variable and country, age, and a random
intercept taking phylogeny into account as independent variables.

For individual phylogeny—-phenotype pairs, we performed additional analysis controlling for specific covariates that might confound
the phylogenetic signal and/or stratifying per study. A final model fitted for disease associations included a study-specific offset pro-
portional to the prevalence of the disease per study, implemented in anpan.

From the fitted model, we extracted the leaf-wise (sample-wise) posterior distribution of the phylogenetic effect. This is estimated
from the PGLMM and represents the sample-specific offset term introduced by the random effects, i.e., the effect the phylogeny has
in the prediction of the dependent variable. We summarized the posterior distribution per sample as the distribution’s median.

To visualize the results, we extracted the median of the posterior distribution of the phylogenetic effect per leaf and plotted it
together with the other covariates used.

Downsampling analysis

To get an indication of the effect of sample size in elpd_diff estimates, we repeated the PGLMM models on several data subsamples
from European cohorts in the age associations. We selected eight different taxa and ran anpan models between age and the phy-
logeny of these species for four subsamples of the European samples (75%, 50%, 25% and 10% of samples). The taxa selected
included two species associated with North America, Asia and European analyses; three species associated in Europe and Asia;
two taxa associated only to Asia; and one species not associated in any analysis as a negative control.

Testing the influence of sequencing protocol

433 samples from SchirmerM_2016""° had been extracted with both the APK and FSK isolation protocols.® Per each available
phylogenetic tree, we kept only the SchirmerM_2016 samples that were isolated with both protocols. For phylogenetic trees with
at least 20 remaining samples, we ran an anpan model using the protocol as dependent variable, with no additional covariates.

Next, we assessed whether distances between replicates in different protocols resemble distances between pseudo-replicates
generated by splitting sequencing reads from one sample into two. For that, first we subsampled to equal sequencing depth each repli-
cate in each of the protocols (APK/FSK), so that if subject Aapk had 2 million reads, and subject Arsk had 5 million reads, subject Arsk
was subsampled to 2 million reads. Then, we randomly split each sample in half. All samples were then processed through MetaPhlAn 4
and StrainPhlAn 4 as described above. Then, we extracted the phylogenetic distances from each of the phylogenies, and subsample
only the subjects where all four replicates were available (2 pseudo-replicate per protocol). We performed a permutational multivariate
analysis of variance (PERMANOVA) (adonis2, vegan), testing whether protocol could significantly explain the distances (restricting per-
mutations within subject ID).

As an additional test we sought to identify whether differences in sequencing efforts on different species might also influence the
identification of a common strain. For this, we used SchirmerM_2016 samples that were isolated with two different protocols and
computed the depth of coverage per SGB per sample using Equation 1. Then, per subject and SGB, we determined the absolute
difference (delta) between the depth of coverage under the two isolation methods. As isolation methods can result in widely different
relative abundances,*® which also result in different depth of coverage, we correlated those absolute delta values with the phyloge-
netic distance extracted from the species phylogeny for samples from the same subject isolated with the two different protocols. For
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that, we assumed that if depth of coverage influences the strain identification, larger differences in delta would result in greater phylo-
genetic distances. We performed a Spearman correlation test (exact=False to deal with ties), using as an alternative hypothesis that
the correlation should be greater than 0.

Enrichment of taxonomic levels

To test if geographic effects were enriched in specific taxonomic levels, we ran a gene set enrichment analysis (GSEA, here referred
to as SEA) as implemented in R, fgsea v1.26.0."*" We ran SEA instead of an overrepresentation analysis because most SGBs showed
significant geographic effects. Each SGB was grouped into the taxonomic level to which it belonged (the same SGB overlapped in
several categories as taxonomic levels are nested). We ran fgsea with standard parameters, using the rho values for ranking the
associations.

For taxonomical enrichment in phenotype associations, we ran an overrepresentation analysis. For each taxonomic level, we
retrieved how many statistically supported SGB-phenotype pairs were found out of how many SGB-phenotype pairs were tested.
We then compared the proportions of pairs from SGBs from a particular taxonomy to all others. We ran a Fisher’s exact test for over-
enrichment (alternative hypothesis, greater). After running this procedure at all taxonomic levels, BH FDR was applied once on the
resulting overall P-values.

Clade-specific analyses

Infant B. longum

B. longum reference genomes were included in the B. longum phylogeny to identify the most likely subspecies representing each
clade. We used the NCBI-annotated taxonomy to identify their subspecies. To define subsp. infantis—like and subsp. suis-like clades,
we obtained the common ancestor for the references annotated as longum and suis that fell within the infant-enriched clades. We
observed a reference labeled as subsp. longum within the suis-like clade. We performed two independent analyses to confirm
that this is the case beyond just the marker-gene-based phylogeny. First, we calculated ANI between all reference genomes using
fastANI®® with default parameters, visualized the clustering of reference genomes using a hierarchical clustering approach, and
computed the average ANI between the potential mislabeled genome and the genomes annotated in each of the different clades.
In addition, we obtained a gene presence-absence matrix for the pangenome generated from the reference genomes using roary,
with default parameters.®> CAZyme annotations for each reference genome were obtained using dbCAN3.*° CAZyme presence/
absence association between subspecies was done by means of a Fisher’s exact test. Substrate origin enrichment analysis was car-
ried out using a one-sided Fisher test between the number of significant associations that had a prevalence of 1 in subsp. infantis, for
each possible substrate, as annotated in a previous work.'*?

Melanoma

Metadata from melanoma studies were extracted from curatedMetagenomicData. We then used the anpan phylogenetic effect re-
sults to define which samples belonged to the cancer-enriched clade we identified. To explore whether any further phenotypes asso-
ciated with clade membership, we ran logistic regression models. First, we assessed the enrichment of melanoma samples in
the melanoma-enriched clade by running a mixed-effect model with gimer of the form: Melanoma ~ Melanoma_clade + Age + (1|
Country). Then, we obtained information regarding previous treatment for the LeeKA_2022 and McCullochJA_2022 samples. Since
this definition might vary per study, we ran two independent logistic models of the form: Melanoma_clade ~ previous_therapy. A third
model was then fitted to test whether individuals with strains in this clade had a different response to checkpoint inhibitor treatment.
For that, we used samples from LeeKA_2022, McCullochJA_2022, and FrankelAE_2017 as they had the most samples. We used the
variable RECIST, which indicates classification for response to cancer therapy and has four levels (complete response, partial
response, stable disease, and progressive disease), in a model of the form: Melanoma_clade ~ Age + RECIST + (1|study) + (1|
study:country). The last term was included since LeeKA_2022 was a study with two nested countries.

We further analyzed samples from PernigoniN_2021. First, we performed a Fisher’s exact test to explore whether samples of this
cohort were over-enriched in the clade of interest. Then, we associated the clade with treatment while accounting for participant age.
To study the hormonal levels associated with this clade, we retrieved data from the SchimerM_2016 participants in the clade. We
obtained their previously published circulating hormonal levels®® and inverse rank transformed them, effectively converting data
ranks into normally distributed values, using [Equation 2].

Xy = o (%) (Equation 2)
Equation 2. Inverse rank normal transformation. x; is the transformed value for the i-th observation. @~ is the inverse of the cu-
mulative distribution function (CDF) of the standard normal distribution (i.e., the quantile function). r; is the rank of the i-th observation
in the data. n is the total number of non-missing observations in the dataset.
Finally, we ran a linear model of the form: Invrank(testosterone) ~ Sex + Age + Clade, where Invrank refers to the rank-based inverse
normal transformation of the data [Equation 2].
Elder individuals
We pruned the SGB4584/R. gnavus phylogenetic tree to include only European and Asian samples. We then identified the clade
associated with older individuals by identifying all the descendant leaves from the most common recent ancestor from XuQ_2021
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samples with a high phylogenetic signal using a nonagenarian-SGB4584 anpan analysis within XuQ_2021 samples. We defined this
clade as the ‘elder-enriched’ clade. Next, using only European samples, we compared the average age of the elder-enriched clade to
that of the rest of the phylogeny. For that, we fitted a logistic regression model of the form: elder_clade ~ Age + (1|Country).

We extracted all baseline samples from ZhernakovaA_2016 and KurilshikovA_2018 that were available in the phylogeny. We
retrieved previously measured concentrations of 15 bile acids,”**° including primary CA and deoxycolic acid, and their secondary
bile acid forms, lithocholic acid, and ursodeoxycholic acid and CDCA, including their taurine and glycine conjugates. Using their rela-
tive concentrations (absolute concentration/sum concentrations within a sample), we associated the relative concentration to
whether the sample belonged to the elder-enriched clade with the model: Bile_acid ~ elder_clade + Age + Sex + (1|study). BH
FDR were estimated from the resulting P-values.

Functional analysis of MAGs

MAGs were built using the following pipeline. First, assemblies were reconstructed from sequencing reads using MEGAHIT (v1.1.1),5°
using the parameters —-min-counts 2 —k-list 21,31,41,51,61,71,81,91,99. We then filtered out contigs shorter than 1,500bp. Second,
we used MetaBAT2°%" to bin contigs per sample. Third, we estimated MAG completeness and contamination per MAG using the ‘lin-
eage_wf’ workflow with default parameters in CheckM (v1.1.2).° We then selected the high-quality MAGs, i.e., MAGs with at least
90% completeness and maximum 5% contamination. Fourth, we ran PhyloPhlAn 3.0°* with the script ‘phylophlan_metagenomic’
(v 3.0.39) to assign each high-quality MAG to a putative SGB, using the January 21 MetaRefSGB database. Fifth, we used Prokka'*®
v1.14 with default parameters for open reading frame prediction, and the fasta files were annotated for UniRef90 and UniRef50
(version 2019/06) using uniref_annotator (https://github.com/biobakery/uniref_annotator).

We merged the UniRef90 annotations for all MAGs to create a pan-genomic gene content matrix of presence-absence and then
tested for enrichment of different UniRef90 annotations in specific clades. For this, we ran a Fisher’s exact test for enrichment of a
specific UniRef90 term within the genes present in a clade versus the genes present in the whole pangenome. We added a pseudo-
count of 1 to test for genes that were totally absent in a clade.

To run an enrichment analysis on the pathways from the associated UniRef90 genes, we annotated each gene to an Enzyme Com-
mission (EC) number and to the MetaCyc pathways each EC belongs to. We then performed a GSEA analysis on MetaCyc pathways.

We investigated the presence of 13 previously curated bile-acid-related genes.'** We built HMMER profiles using publicly avail-
able seeds for each of the genes. For that, we built multiple sequence alignments per gene seed using MUSCLE'“® and ran three
cycles of hmmalign and hmmbuild. Then, we ran each of the gene profiles against each of the amino acid sequences predicted
by Prokka from each of the R. gnavus MAGs (evalue=1x10"%5).

To determine the presence of specific gene clusters, we used gutSmash v1 .0.0"“® on MAGs of interest.
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Figure S1. Batch effects in phylogenetic analyses, related to Figure 1

(A) Samples from the same individuals that were isolated with different methods (QIAGEN AllPrep DNA/RNA kit [APK], originally published in SchimerM_2016, or
QIAmp Fast DNA Mini Kit [FSK], later resequenced) tend to have lower phylogenetic distance between their dominant strains than strains from different individuals
(where some samples may share the same strains), showing that sequencing protocol largely does not confound strain phylogenies. Distances include all 152
tested species and are standardized by each phylogenetic tree’s standard deviation of the phylogenetic distance.

(B) Distribution of R? estimated for isolation protocol from a permutational multivariate analysis of variance (PERMANOVA) on genetic distances for different taxa.
Samples from the same subjects isolated with different protocols were subsampled to equal sequencing depth and split in two to generate pseudo-replicates.
(C and D) Phylogenetic trees of species SGB5809_group and Faecalibacterium prausnitzii (SGB15332_group) for samples from SchimerM_2016 under two
different protocols, with pseudo-replicates. These phylogenies represent the two species where the PERMANOVA test identified significant differences between
protocols. No major differences between protocols can be observed.

(E) Phylogenetic distances between samples in the tree of SGB17278/Bifidobacterium animalis, showing distances between human samples from different
continents, countries, and/or studies; distances between human samples and a single yogurt-isolated strain; and distances between human and strains found in
mice gut microbiota.
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Figure S2. Factors related to geographic effects, related to Figure 2

(A) Gene set enrichment analysis of the Lachnospiraceae family, including 55 members. x axis indicates the rank of the geographic effect, i.e., the rho value
obtained from a Mantel test between the geographic and phylogenetic distances. Highlighted in black is the rank of Lachnospiraceae. y axis presents the
cumulative enrichment score.

(B) Volcano plot showing the associations between predicted microbial phenotypes from Traitar and geographic effects. x axis indicates the estimated effect from
the linear model, y axis its (logo transformed) corresponding p value. Dashed line indicates the nominal p value threshold of 0.05. Color indicates whether the FDR
for the association was estimated to be <0.05.

(C) Boxplot comparing the distribution of rho values in species-level genome bins (SGBs) predicted to have several features. Coloring indicates whether the SGB
belongs to the Lachnospiraceae family.

(D) Heatmap showing the correlation between SGB prevalence in different environments and geographic effect.

(E) Comparison of geographic effects of SGBs present in at least one ancient human stool sample vs. those not present.
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Figure S3. PGLMMs identify association of phylogenetic trees and human phenotypic variation, related to STAR Methods, Phylogenetic
association

(A) Bar plot displaying the number of associations per phenotypic category. Color indicates the continent where the association was found.

(B) Upset plot displaying the number of common SGB-phenotype associations between different geographies.

(C) Number of samples in each phenotype-SGB pair tested on the phylogenetic framework is different between continents.

(D) The number of associations decreases when all continents are downsampled to equal numbers of samples.

(E) ELPD relationship with sample number. The number of samples in a phylogeny is linearly related with the elpd_diff score obtained from anpan. This linear
relationship is not seen in associations with no signal. Horizontal line indicates the elpd_diff cut-off used to reject the null hypothesis.
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