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Abstract
Animal microbiomes often show phylosymbiosis, a pattern in which closely related hosts harbour more
similar microbial communities than distant hosts. Yet, the processes generating this pattern remain
unresolved, particularly whether phylosymbiosis requires sociality and vertical microbial transmission or
can emerge through host filtering from environmental microbial pools. Bees (Anthophila) provide a
powerful model to test this question because their major evolutionary radiation spans diverse life
histories and contrasting microbiome transmission modes. Here, we analysed gut bacterial communities
from 60 bee genera worldwide (1,989 samples), spanning all major bee families, and combined
comparative phylogenetic models with host traits, bacterial phylogenies and predicted functional profiles
to disentangle ecological and evolutionary drivers of phylosymbiosis. We found strong phylosymbiosis
across and within bee families, with host phylogeny explaining substantial variation in gut microbiome
composition despite weak effects of measured host traits. Geo-environmental context also explained
considerable variation, indicating interactions between evolutionary and environmental filters. Despite
extensive taxonomic and phylogenetic turnover, microbial functional divergence was weaker, suggesting
convergence despite compositional differentiation. Together, these results show that microbiome
composition can follow host phylogeny even under predominantly environmental acquisition and that
phylosymbiosis can emerge through repeated assembly of functionally conserved communities rather
than strict microbial inheritance.

Introduction
Animals host complex microbial communities (Ley et al. 2008; McFall-Ngai et al. 2013) that influence
nutrition, immunity and behaviour (Zilber-Rosenberg and Rosenberg 2008; Lee and Hase 2014; Leitão-
Gonçalves et al. 2017; Morais et al. 2021), yet the processes governing their assembly across
evolutionary timescales remain unresolved (Groussin et al. 2020; Week et al. 2025). In many animal
groups, closely related species harbour more similar gut microbiota than distant relatives, a pattern
known as phylosymbiosis (Kohl 2020; Lim and Bordenstein 2020). However, the processes generating
this pattern are still debated. Phylosymbiosis may arise in vertical transmission mode from adults to
offspring or horizontal between nestmates in social bees and co-diversification of host-microbe
lineages. Alternatively, it may also emerge from host filtering by phylogenetically conserved traits (e.g.,
diet or gut pH), stochastic assembly, or dispersal limitation (Mazel et al. 2018; Mallott and Amato 2021).
It remains unclear whether host phylogeny structures microbiome composition independently of
transmission mode, or whether observed patterns primarily reflect inheritance and social transmission.
Disentangling the relative roles of host filtering, environmental acquisition and evolutionary history
therefore remains a central challenge in understanding host-microbiome associations.

Bees (Anthophila) provide a powerful system to address these questions. They comprise more than
20,000 species worldwide and span a wide range of morphological, behavioural and physiological traits
(Michener 2007; Roubik 2020). Their associated microbial communities play key roles in host nutrition
and immunity by providing essential nutrients for larval development, detoxifying harmful compounds,
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and protecting against pathogens (Engel et al. 2012; F. J. Lee et al. 2015; Kwong et al. 2017; Leonhardt et
al. 2022; Motta and Moran 2024). Microbial communities also mediate plant–pollinator interactions,
influencing bee foraging patterns and pollination dynamics (Keller et al. 2021; Steffan et al. 2024).
Across bee lineages, modes of microbiome transmission vary along a continuum, from tightly socially
mediated communities, often but not exclusively found in highly eusocial species such as Apis mellifera
(Lombardo 2008; Zheng et al. 2018; Mazel et al. 2025), to predominantly horizontally acquired
microbiota from the environment in solitary taxa (Keller et al. 2018; Kapheim et al. 2021; Peters et al.
2025; Hettiarachchi et al. 2025). Horizontal transmission of bacteria from the environment (hereafter
environmental acquisition) includes transfer from flowers, plant materials, and soil (Voulgari-Kokota et
al. 2019). Variation in the microbial pools in the environment due to abiotic filters (pH, temperature) or
biotic filters (plant community composition, microbial competition) further defines the geo-
environmental context for microbial acquisition, and can exhibit strong spatial turnover even across
short geographic distances (Gaube et al. 2021; Du et al. 2023). Microbiome assembly may also be
shaped by host-associated ecological factors, including body size, gut size and the corresponding
volume of bacterial habitat, as well as foraging preferences, nesting habits and the use of antimicrobial
materials such as resins (McFrederick et al. 2017; Keller et al. 2021; Chui et al. 2022; Vannette et al.
2025). This variation allows testing whether phylogenetic structure in microbiomes can emerge under
differing degrees of host control and environmental filters over microbial transmission. At the same time,
bees have gone through a major evolutionary radiation resulting in diverse ecologies, which provides an
opportunity to evaluate how host traits (here, sociality, body size and resin use) and evolutionary history
jointly structure microbial communities.

Although microbial communities have been characterised in both social and solitary bees, they have yet
to be analysed within a unified framework spanning the full diversity of bee lineages. Here, we analyzed
bee samples from all major (i.e. most speciose) bee families in ten countries, applying consistently the
same methodological workflow within a comparative phylogenetic approach to test three predictions.
First, if host evolution structures microbiome composition independently of transmission mode, gut
communities should exhibit phylosymbiosis across bee phylogeny, including solitary taxa. Second, if
phylosymbiosis results from host filtering, host-related factors should structure microbiome
composition, such that host phylogeny and life history traits better explain microbiome variation relative
to sampling location (i.e., geo-environmental context). Third, if microbiomes are constrained by host
functional requirements, taxonomic and phylogenetic divergence across host lineages should be
decoupled from functional divergence. This would reflect convergence in microbial functional capacity
despite turnover in community composition: although phylosymbiosis predicts distinct communities in
distantly related bees, conserved host needs may preserve similar microbial functions across hosts.
Together, these predictions provide a framework to determine whether general principles of microbiome
assembly emerge across a major evolutionary radiation despite variation in transmission mode and life
history traits.

Results
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Phylosymbiosis in bacterial community composition (�-
diversity)
We first asked whether bee gut microbiomes show phylogenetic structure across the broad evolutionary
radiation despite strong variation in sociality, life history and likely routes of microbial acquisition. To
address this, we analysed 16S rRNA gene amplicon data from 1,989 bee gut samples representing 60
bee genera across all major bee families and ten countries (Fig. 1). This sampling design allowed us to
test whether closely related hosts harbour more similar bacterial communities even when lineages differ
in transmission mode and are embedded in different geo-environmental contexts.

We combined these microbiome data with a published bee phylogeny (Henríquez-Piskulich et al. 2024),
public trait datasets (Michener 2007; Poulsen and Rasmussen 2020; Ferrari and Polidori 2022) and plot-
level sampling location as a proxy for local geo-environmental context for microbial acquisition. To
compare compositional, phylogenetic and functional dimensions of microbiome variation, we
reconstructed bacterial phylogenetic relationships and inferred functional profiles (Keller et al. 2014;
Douglas et al. 2020). We then quantified community dissimilarity (�-diversity) and analysed its major
axes using phylogenetic mixed models.

We found a significant phylogenetic signal in gut bacterial communities, with host evolutionary history
accounting for over a quarter (26%) of the variation in species composition. Closely related genera
harboured more similar microbiota than more distantly related lineages (Figs. 1 & 2). This phylogenetic
signal was consistent across the major axes of variation and remained evident within individual bee
families (Supplementary Tables 3 & 4) and across multiple bacterial taxonomic levels (family, genus, and
ASV; Supplementary Fig. 1), indicating that phylosymbiosis is pervasive across the bee phylogeny. These
phylogenetically structured communities included lineage-specific associations with dominant bacterial
groups, consistent with host-linked assembly processes (Fig. 2).

This signal holds true when measuring the specific identities of the bacteria (taxonomic diversity),
phylogeny-based metric accounting for their evolutionary relationships (weighted UniFrac; 19.9%), or
their predicted molecular functions (KEGG ortholog, 19.3%).

In contrast to host phylogeny, measured host traits including sociality, body size and resin use, did not
significantly explain variation in microbiome taxonomic, phylogenetic or functional composition
(Table 1). Instead, geo-environmental context, captured by plot-level location, accounted for a
comparable or greater proportion of variance than host phylogeny (Fig. 1), highlighting a strong
contribution of ecological filtering alongside evolutionary history. Together, these results support the first
prediction that microbiome composition tracks host phylogeny, while indicating that phylosymbiosis
emerges from the combined effects of host evolution and geo-environmental context rather than
measured host traits.

Host phylogenetic signal across bacterial diversity dimensions
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To assess how host phylogeny structures different dimensions of microbial diversity, we analysed
taxonomic, phylogenetic and functional �-diversity using phylogenetic mixed models. Taxonomic
diversity was quantified using the Shannon diversity index (Hill number, q = 1; eH), phylogenetic diversity
using Faith’s index, and functional diversity using the Shannon diversity of predicted KEGG ortholog (KO)
profiles. Patterns differed markedly among these dimensions (Fig. 3).

Phylogenetic diversity (Faith’s index) exhibited a clear signal of host evolutionary history, with host
phylogeny explaining a significant proportion of variance (approximately 8%), indicating that closely
related hosts harbour more phylogenetically similar bacterial communities. Taxonomic diversity (eH), in
contrast, was influenced by both host phylogeny and geo-environmental context, suggesting that
ecological variation contributes to community assembly. Strikingly, functional diversity (Shannon
diversity of KO profiles) showed minimal variation across bee lineages, with no significant effects of host
phylogeny, location or traits. This indicates that microbial communities show similar functional diversity
across hosts despite pronounced taxonomic and phylogenetic divergence.

Phylogenetic structure within bacterial communities
Many bee genera harboured phylogenetically clustered microbiota. Nearly half of the genera (n = 34)
showed significant clustering (NRI/NTI), indicating that co-occurring taxa are more closely related than
expected by chance (Fig. 4). In contrast, phylogenetic overdispersion was rare and largely restricted to
specific lineages, such as stingless bees.

Phylogenetically clustered communities were established by positive interactions within major bacterial
phyla. Interactions among Proteobacteria accounted for approximately 25% of all inferred associations,
while Firmicutes-Firmicutes interactions contributed about 19%. Cross-phyla interactions were less
frequent, indicating that co-occurrence patterns are structured predominantly within major taxonomic
groups. This suggests that co-occurring taxa may share similar ecological niches or engage in
complementary metabolic interactions. The prevalence of within-phyla associations indicates that
community assembly may favour functionally compatible or mutually facilitating taxa, contributing to the
observed phylogenetic clustering of microbiota within hosts.

Co-phylogenetic structure of host-microbe associations
Co-phylogenetic analyses revealed significant congruence between bee and bacterial phylogenies
(PACO, p = 0.001 & DTL, p = 0.045). Together, these complementary analyses demonstrate significant
congruence between host and microbial phylogenies, indicating a consistent evolutionary association
between bee lineages and their gut microbiota.
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Table 1
Wald test results for fixed effects in phylogenetic generalised linear mixed
models assessing gut microbial community structure and diversity in bees.

We tested the effects of sociality (df = 3), body size (df = 5), and resin use (df = 
1) on multivariate community composition (taxonomic, phylogenetic and

functional dissimilarity) and univariate diversity metrics (taxonomic,
phylogenetic, and functional diversity), while controlling for bee phylogeny,

location and sample ID. Reported values are χ² statistics. Statistical
significance is indicated by asterisks (*P < 0.05, **P < 0.01, ***P < 0.001).

Type of model Type of Response Sociality Body Size Resin use

Multivariate Taxonomic

𝛃-diversity

2.372 1.583 0.010

Phylogenetic

𝛃-diversity

0.179 0.497 0.0005

Functional

𝛃-diversity

0.058 0.207 0.0001

Univariate Taxonomic

𝛼-diversity

8.067* 3.010*** 6.527**

Phylogenetic

𝛼-diversity

3.504 2.445*** 0.752

Functional

𝛼-diversity

1.268 1.994 0.226

Discussion
Our results show that gut microbiota of bees are structured by host phylogeny across a global scale,
revealing pervasive phylosymbiosis across a major and predominantly non-social insect radiation
(Sanders et al. 2014; Dietrich et al. 2014; Novakova et al. 2017; Leigh et al. 2018; Qin et al. 2023). At the
same time, microbiome composition is jointly shaped by geo-environmental context, with location
contributing as strongly as host phylogeny, while measured host traits (like sociality, body size or resin
use) explain little variation. Strikingly, this pronounced taxonomic and phylogenetic structuring is not
mirrored at the functional level, with functionally stable assemblages across host lineages (Engel et al.
2012; Bonilla-Rosso and Engel 2018; Wu et al. 2021). Together, these findings indicate that microbiome
assembly is overarchingly governed by functionally mediated filtering, whereby host evolution and geo-
environmental context shape community composition, while functional boundaries constrain the range
of viable microbial assemblages.

Phylosymbiosis is often interpreted as a consequence of co-evolution due to social or vertical
transmission mode of endosymbionts allowing for long-term co-diversification between hosts and their
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symbionts (Moran et al. 2008; Kaltenpoth et al. 2014). Here this mainly applies to social bees with
generational overlap and nursing behaviour (Su et al. 2022; Kowallik and Mikheyev 2021; Prasad et al.
2025). However, our results show that this pattern persists across bee lineages that are largely solitary
and rely predominantly on environmental acquisition of microbes. Holometabolous development
involves gut remodelling that can disrupt microbial continuity (Powell et al. 2014; Hammer and Moran
2019; Danforth et al. 2019), making the persistence of phylogenetic structure particularly striking. This
indicates that strict vertical transmission is not necessarily required for microbiome composition to
track host phylogeny over evolutionary timescales. Instead, repeated acquisition from environmental
pools may still generate phylogenetically structured communities if hosts consistently select from
available microbes. In bees, microbial transmission via pollen provisions or nest environments contribute
to this process (McFrederick and Rehan 2019; Voulgari-Kokota et al. 2019; Keller et al. 2021; Christensen
et al. 2024), but such pathways are likely supplemented by strong host-associated filtering that stabilizes
microbiome composition despite recurrent environmental exposure. Bees span a wide continuum of life
histories, from solitary ground-nesting species to highly eusocial colonies, with corresponding
differences in life history traits and microbial exposure, providing diverse ecological contexts for
microbiome assembly. The joint effects of host phylogeny and geo-environmental context indicate that
microbiome assembly in bees is shaped by multiple, interacting filters operating across scales. Host
phylogeny explained a substantial proportion of variation in community composition, consistent with
filtering mediated by phylogenetically conserved traits such as physiology, immune function or gut
environment. At the same time, geo-environmental context, captured by location, contributed equally or
more strongly, indicating that the pool of available microbes varies across geographic and ecological
settings (Gaube et al. 2021; Quevedo-Caraballo et al. 2025). This includes variation in floral resources
and nesting substrates that structure microbial exposure across bee lineages. Together, these results
suggest that microbiome assembly reflects a two-step process in which environmental filtering
determines the set of potential colonists, while host-associated filtering selects among these taxa. This
process is further reinforced by bidirectional microbial exchanges, whereby bees both acquire and
deposit microbes on flowers, feeding back into the pool of available colonists (Keller et al. 2021). In
addition to these deterministic filters, ecological drift may further reinforce divergence among
communities through the stochastic loss of low-abundance taxa (Zeng et al. 2017; Kohl 2020). The weak
explanatory power of measured host traits further implies that key dimensions of host filtering were
either unavailable (e.g. gut pH) in our study or operate through complex, phylogenetically structured
mechanisms that are difficult to measure (e.g. food choice or flight behavior) and cannot be captured by
coarse trait categories (Ostwald et al. 2024).

Despite strong taxonomic and phylogenetic structuring of microbiomes across bee lineages, functional
diversity remained remarkably stable, indicating that community composition and functional capacity
are decoupled. This pattern suggests that bee-associated microbiomes are constrained by functional
requirements (Engel et al. 2012; Bonilla-Rosso and Engel 2018; Wu et al. 2021), such that multiple,
phylogenetically distinct microbial taxa can fulfil similar ecological roles. As a result, host filtering may
act primarily on functional traits rather than on specific microbial lineages, allowing taxonomic turnover
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while maintaining consistent functional diversity. This functional convergence provides a mechanism by
which phylosymbiosis can emerge even under predominantly environmental acquisition, as hosts
repeatedly select for taxonomically divergent but functionally redundant taxa from variable microbial
pools (Brooks et al. 2016; Haag et al. 2026). More broadly, these findings highlight the importance of
functional redundancy in stabilizing host-microbiome interactions across evolutionary timescales, and
underscore that understanding these assembly processes is essential for predicting how environmental
stressors affect bee health and fitness and for developing more effective conservation strategies
(Fernandez De Landa et al. 2023; Crowley and Schaeffer 2024; Peters et al. 2025). Protecting host-
associated symbionts through reduced pesticide and antibiotic exposure (Hotchkiss et al. 2022; Allen et
al. 2025), along with habitat preservation (Peters et al. 2025), can maintain their community-driven
adaptive capacity to environmental stressors, a response that occurs far more rapidly than genetic
adaptation in the host itself.

Patterns of phylogenetic clustering and co-abundance further support the role of ecological filtering in
structuring microbial communities within hosts. In bees, such structuring may reflect the consistent
association of microbes with pollen, nectar and nest materials, which act as recurring ecological
reservoirs (Keller et al. 2021). Many bee genera harboured microbiota composed of more closely related
taxa than expected by chance, indicating that co-occurring bacteria are not randomly assembled but
constrained by shared ecological or physiological requirements. Consistent with this, co-abundance
networks were dominated by positive associations within major bacterial phyla, particularly among
Proteobacteria and Firmicutes, suggesting that taxa with similar evolutionary histories or metabolic
capabilities tend to co-occur (Kwong et al. 2017; Bonilla-Rosso and Engel 2018). At the same time,
competitive exclusion mediated by host immunity or inhibitory compounds may limit the persistence of
other lineages (Emery et al. 2017; Guo et al. 2023; Corral López et al. 2026). Such patterns are consistent
with niche-based assembly processes, which may promote the persistence of functionally coherent
microbial consortia. Together, these findings indicate that interactions among microbes, alongside host
and environmental filters, contribute to the assembly of structured and stable microbiomes. Behaviours
such as resin collection or social interactions may further modulate these communities by altering
microbial exposure and persistence (Saelao et al. 2020; Dalenberg et al. 2020; Shanahan and Spivak
2021; Chui et al. 2022).

Overall, we provide here a broader perspective on how host-associated microbiomes assemble across
evolutionary timescales. The combination of phylogenetic structure in community composition, strong
environmental effects, and functional convergence suggests that similar principles may govern
microbiome assembly across diverse insect systems. Rather than requiring strict inheritance, host-
associated microbiomes may emerge from re-assembly processes within every adult generation in
which hosts select for functionally suitable microbes from environmentally available pools. This
framework reconciles the widespread occurrence of phylosymbiosis with variable transmission modes
and highlights how evolutionary history, ecological context and functional constraints jointly shape
microbial communities. Extending this perspective beyond bees may help explain why phylogenetic
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patterns in microbiomes are observed across taxa with very different life histories and transmission
strategies (Lim and Bordenstein 2020; Bordenstein and The Holobiont Biology Network 2024).

Several limitations should be considered when interpreting these results. Functional profiles were
inferred from 16S rRNA data, which may underestimate variation due to incomplete reference genomes
and limited resolution for specialised taxa (Matchado et al. 2024). However, the consistency of
functional patterns across analyses suggests that the observed convergence reflects robust large-scale
constraints rather than artefacts of inference. More comprehensive genomic resources will nevertheless
be essential to resolve finer-scale functional pathways and to identify the metabolic interactions
underlying community assembly (Giannari et al. 2021). In addition, the host traits included here represent
only a subset of potentially relevant ecological and physiological factors, and finer-scale trait data may
help disentangle the mechanisms linking host biology to microbiome composition. Future studies
integrating genomic, ecological and experimental approaches will be critical to test these mechanisms
and to determine how host-microbiome interactions respond to environmental change.

Concluding, microbiome composition can track host phylogeny even under predominantly environmental
transmission, indicating that phylosymbiosis emerges from repeated, functionally constrained assembly
rather than strict inheritance. By decoupling taxonomic turnover from functional stability, host-
associated microbiomes behave as dynamic yet constrained systems shaped by both evolutionary
history and ecological context. This framework provides a general explanation for how phylogenetic
structure in microbiomes can emerge across hosts with contrasting transmission modes and ecological
contexts.

Methods

Sample collection
This study integrates datasets generated across research projects conducted in 10 countries using
consistently the same methodological workflow (Fig. 1). Overall 1,929 adult bees from 60 genera were
collected in the field either by hand using sterile containers or by using entomological nets. Specimens
were preserved immediately after collection using cold-chain approaches, including storage on dry ice or
below 0°C followed by transfer to − 20°C freezers. In the laboratory, whole guts or abdominal tissues
were dissected under sterile conditions. Dissected tissues were preserved in Zymo DNA/RNA shield
lysis solution (Zymo Research, Irvine, CA, USA) to preserve nucleic acid or processed directly for
downstream analyses. Sample collection was performed with permissions granted through respective
local authorities, namely Germany (ROB–55.1–8646.NAT_02-8-81-5; Weinhold et al. 2024; ROB-55.1-
8646.NAT_02-8-121-20; Maihoff et al. 2025), Italy (9/06/2020 from Parco Regionale della Maremma and
Terre Regionali Toscane; Ronchetti et al. 2022), Ecuador (MAE-DNB-CM-2015-0068 & 144-2019-EXP-CM-
FAU-DNB/MA; Villagómez et al. 2024), Peru (AUT-IFS2022-102; Pinos et al. 2025), Tanzania (COSTECH
2015-177-NA-96-44; Mayr et al. 2021).
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Bee taxonomy, traits and phylogeny
Taxonomic identification was primarily based on morphological characteristics and, when necessary,
confirmed using cytochrome oxidase I (COI) DNA barcoding from leg tissue. All nomenclature was
standardized by aligning identifications with accepted names and known synonyms listed in the
Catalogue of Life (Bánki et al. 2026). Given the inherent challenges of species-level identification in
diverse bee assemblages, species-level identification was not possible for all samples and
characterization of phylogenetic relationships and life-history traits was conducted at the genus or
subgenus level.

We characterized each subgenus based on three functional traits (Supplementary Table 1) previously
hypothesized to influence gut microbiota composition: body size (Minute < 5 mm; Small = 5–10 mm;
Moderate = 10–17 mm; Large > 17 mm), sociality (kleptoparasitic, solitary & eusocial), and resin use
(Resin as a nest material or not). We initially considered a broader set of ecological traits, including
nesting and foraging type. However, trait assignment had to remain relatively coarse because analyses
were conducted at the genus/subgenus level rather than the species level. Preliminary exploration
revealed substantial collinearity between nesting and foraging behaviour and other ecological predictors,
resulting in several unique trait combinations represented by only a small number of taxa. This prevented
robust statistical comparison among factor levels and reduced model interpretability. We therefore
excluded nesting and foraging type from the final analyses. Using the recently published review on bee
trait ecology (Ostwald et al. 2024), we identified two large-scale studies covering most of the taxa
investigated in this study (Poulsen and Rasmussen 2020; Ferrari and Polidori 2022) to ensure
consistency in the definition of trait categories. When traits varied within one genus and species
identification were not available, we assigned a “mixed” category. Missing information for a few bee
subgenera were extracted from Michener (2007).

We used the most recently published and time-calibrated bee ‘tree-of-life’ supermatrix phylogeny at the
genus level (Henríquez-Piskulich et al. 2024). We pruned this phylogenetic tree, which includes 427 bee
and five wasp genera, to remove unsampled genera and associated internal branches using the ape
package (version 5.8-1) (Paradis and Schliep 2019).

Microbiome profiling by DNA metabarcoding
The genomic DNA from the guts was isolated using the ZymoBIOMICS 96 DNA kit for microbiome,
according to manufacturer instructions (Zymo Research). Each plate contained 88 samples and was
accompanied by at least two negative extraction controls (water) and four positive extraction controls
(ZymoBiomics Mock community). We constructed 16S rRNA gene libraries using a dual-indexing
approach as described in Kozich et al. (2013) to amplify the V4 variable region of the 16S rRNA gene. We
used 16 forward primers with index sequences SA501–SB508 and 24 reverse primers with indices
SA701–SB712, allowing a total of 384 unique combinations for sample indexing. PCR was performed in
triplicates following the 96-well PCR sample design two as described in Sickel et al. (2015). To avoid
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bias, triplicate reactions of each sample were combined after PCR and further processed as described in
Kozich et al. (2013). To pool each 96-well plate sample, the normalization was performed using the
SequalPrep Normalization Plate Kit (Invitrogen) and concentrated using AMPure XP beads. Pools were
quality controlled using a Bioanalyzer High Sensitivity DNA Chip (Agilent Technologies, SantaClara, CA,
USA), quantified with the dsDNA High Sensitivity Assay using a Qubit 4.0 Fluorometer (Invitrogen). Then,
pools were combined into a single pool and afterward diluted to have an equimolar concentration of 1.8
nM. Eight pM of the libraries combined with 5% Phix Control (Illumina Inc., SanDiego, CA, USA) was
sequenced with the Illumina MiSeq platform either at The Genomics Service Unit (LMU Munich) or at the
Department of Animal Ecology and Tropical Biology (University of Würzburg), using 2×250 cycles reagent
kit v2 according to the manufacturer’s instructions (Illumina Inc.).

BeeBiome data
To improve the taxonomic coverage of this study, we further integrated selectively 16S rRNA V4
sequencing data from bee guts deposited in the NCBI BioProject database (Supplementary Table 2)
using the BeeBiome portal while ensuring data compatibility (Laval et al. 2025). In total, we collected 60
samples from 8 genera, including Anthophora abrupta and Centris atripes (Kwong et al. 2017), Habropoda
laboriosa, Svastra petulca and Svastra obliqua (Holley et al. 2022), Nomia melanderi (Kapheim et al. 2021),
Osmia cornuta and Osmia bicornis (Manthey et al. 2023), Sphecodes spp. (Rubin et al. 2018) and
Tetragonisca angustula (Cerqueira et al. 2021).

Bioinformatic analysis and data availability
Raw sequence reads were obtained directly from the Illumina MiSeq output, which includes sample
reads already demultiplexed by MID barcode with the Illumina device's software. Bioinformatic analysis
followed the pipeline established by Leonhardt et al. (2022), available at
https://github.com/chiras/metabarcoding_pipeline. Low-quality (Emax = 1, no ambiguous base pairs)
and short (< 170 bp) reads were removed. Cleaning of reads, i.e., removal of bad quality reads and
filtering of chimeric artifacts, denoising, and dereplication to amplicon sequence variants (ASVs) was
performed with VSEARCH global alignments and MetAnoDe (Rognes et al. 2016, Keller 2025). The
taxonomy assignment was made using direct global alignment classifications against the databases
RDP_16s (v18; Edgar 2016), GreenGenes 16s (v13.5; DeSantis et al. 2006), and SILVA 16S (v123; Quast et
al. 2013) using VSEARCH and a threshold of 97% identity. Remaining unclassified reads were
hierarchically classified using the SINTAX implementation of VSEARCH against SILVA 16S (v123) using a
threshold cutoff of 0.8 (Edgar 2016).

We predicted abundances of KEGG ortholog (KO) abundances based on clean and classified reads using
Picrust2 (version 2.6.2) (Douglas et al. 2020). Additionally, we used IQ-TREE (version 3.0.1) to
reconstruct a bacterial phylogenetic tree (Wong et al. 2025) based on 16S rRNA sequences aligned with
muscle5 (version 5.3) (Edgar 2022). The best substitution model was defined with the ModelFinder
feature, which identified the General Time Reversible framework with empirical base frequencies and
rate heterogeneity across sites using the FreeRate approach with ten rate categories (GTR + F+R10) as
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the optimal solution (Kalyaanamoorthy et al. 2017). Pre-analysed data is publicly deposited at Zenodo
10.5281/zenodo.21289939.

Data analyses
Microbiome data was imported into R (version 4.5.1) (R Core Team, 2021) and managed with the
phyloseq package (version 1.54.0) (McMurdie and Holmes 2013). Any chloroplast or mitochondrial ASVs
were excluded. Additionally, all bacterial genera with a relative abundance below 1% within a given
sample were excluded from downstream analysis. The threshold was estimated based on estimation of
cross-contamination levels in the positive control samples.

Sampling effort was uneven across bee genera (Supplementary Table 1). Roughly two-thirds were
represented by fewer than ten samples, whereas others had hundreds (e.g., Bombus spp., n = 355). To
balance the number of samples per genera, we first detected and removed multivariate outliers based on
robust Mahalanobis distances using the package mvoutlier (version 2.1.1) (Filzmoser et al. 2005). We
then performed a leave-one-out (jackknife) analysis to compare the original and reduced ordination by
procrustes analysis using the vegan package (version 2.7-2) (Oksanen et al. 2022). We retained ten
samples whose removal most impacted the ordination (i.e., produced the lowest Procrustes
correlations) for each genus, as these samples contributed most strongly to the overall multivariate
structure of the dataset. A Procrustes analysis comparing the original and subsampled datasets after
this procedure confirmed that the two datasets remained highly similar (Procrustes correlation = 0..9996,
p = 0.001).

Phylosymbiosis in community composition (�-diversity)
We fitted Multivariate Generalised Mixed Models (GLMMs) using Monte Carlo Sampler accounting for
correlated random effects derived from phylogenies using the MCMCglmm package (version 2.36)
(Hadfield 2010). We transformed the ASV table of the subsampled dataset into a Bray-Curtis
dissimilarity matrix using phyloseq. We then performed a Principal Coordinate Analysis (PCoA) and
selected the two first axes as a joint response following a Gaussian distribution in the model. We
specified inverse-Wishart priors for the variance–covariance matrices with expected covariance matrix
V=diag(k) and degrees of belief parameter ν = k + 1, where k is the number of response variables
(Halliwell et al. 2025). Bee traits were included as fixed effects, while phylogeny, location, and sample ID
were modeled as random effects. Sample ID was included as a random factor to prevent different
species or populations within the same genus from being treated as evolutionary identical. Convergence
diagnostics were conducted by calculating potential scale reduction factors (R̂) across multiple MCMC
chains using the Rhat function from the rstan package (version 2.32.7), and all models presented here
showed adequate convergence with R̂ values consistently below 1.01 (Vehtari et al. 2021).

We illustrated evolutionary patterns in the gut bacterial communities by a Principal Coordinates of
Phylogenetic Structure (PCPS) using the PCPS package (version 1.0.8) (Debastiani 2025). Bray-curtis
dissimilarity in gut bacterial communities among samples were weighted by phylogenetic distance
between bee genera.
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Phylogenetic signal across diversity dimensions
We estimated bacterial species diversity by computing Shannon diversity index (q = 1) using the iNEXT
package (version 3.0.2) (Chao et al. 2014). This approach applies interpolation and extrapolation to
standardize sampling effort and coverage We further computed Faith’s phylogenetic diversity by
integrating bacterial phylogeny using picante (version 1.8.2) (Kembel et al. 2010). Functional diversity
was assessed using the same approach as for bacterial diversity applied to KO abundances predicted
with Picrust2.

To test the effects of bee phylogeny on the species, phylogenetic and functional diversity, we fitted
Multivariate Generalised Mixed Models using the same approach as described in the �-diversity section.
Log-transformed diversity values were used as response variables following a Gaussian distribution.
Priors were specified as V = 1 and ν = 0.002 (Halliwell et al. 2025).

Phylogenetic structure within bacterial communities
To further investigate patterns of phylogenetic diversity, we used net relatedness index (NRI) and
Nearest Taxon Index (NTI) to measure the degree of phylogenetic clustering or overdispersion within
each bee sample using picante. We first calculated the standardized effect size of mean pairwise
distances and mean nearest taxon distances in bacterial communities, which are equal to -1*NRI and − 
1*NTI respectively. We additionally predicted ecological interactions between bacteria based on co-
abundance using FlashWeave (version 0.19.2) (Tackmann et al. 2019). It allows statistical detection of
direct associations, while controlling for compositionality and bystander effects, and biases in shared-
niche and sequencing.

Co-phylogenetic structure of host-microbe associations
We conducted co-phylogenetic analyses with bee and bacterial phylogeny described above using two
different types of methods. We first used a distance-based method, the Procrustean Approach to
Cophylogeny (PACo), using the paco package (version 0.4.2) (Hutchinson et al. 2017). This approach
superimposes two phylogenies to test their congruence based on their interactions. Secondly, we
reconciled the two phylogenies under the Duplication-Transfer-Loss (DTL) model using the default
settings in eMPRESS (version 1.2.1) (Santichaivekin et al. 2021) .
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Figures

Figure 1

Global distribution of sampling effort. Countries are coloured according to the number of samples
available, with colour intensity representing log10-transformed sample counts. Grey areas indicate
countries for which no samples were available. The map highlights spatial variation in sampling
coverage across the globe.
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Figure 2

Results from a multi-response phylogenetic generalised mixed models (pGLMMs) quantifying drivers of
taxonomic (Bray-Curtis), phylogenetic (weighted UniFrac) and functional (dissimilarity among predicted
KEGG ortholog profiles) �-diversity across 60 genera of bees. (A)Estimated posterior distributions of
random effects. Points represent the posterior mean for each estimate, with 50% and 95% confidence
intervals (CIs) represented by heavy and light wicks respectively. (B) Variance decomposition of random
effects, showing the proportional contribution of host phylogeny, geo-environmental context (plot
location) and sample identity to variation in �-diversity. Models were fitted using Markov chain Monte
Carlo techniques, with correlated random effects based on the bee genus-level phylogeny. Community
dissimilarity was ordinated via principal coordinates analysis (PCoA), and the first two axes were used
jointly as Gaussian response variables. Bee traits were included as fixed effects, while phylogeny,
location, and sample ID were modeled as random effects, with sample ID accounting for evolutionary
divergence among samples within the same genus.
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Figure 3

Principal Coordinates of Phylogenetic Structure (PCPS) illustrating dissimilarities among bacterial
community profiles, weighted by the phylogenetic distances among bee genera. Only bacterial taxa with
a mean relative abundance >0.01% and present in at least 10% of samples are shown. Bray–Curtis
dissimilarities among samples were weighted by the phylogenetic relationships among bee genera to
account for host evolutionary structure.
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Figure 4

Results from single response phylogenetic generalised mixed models (pGLMMs) of bacterial taxonomic
(eH), phylogenetic (PD) and functional (FD) �-diversity across 60 genera of bees. (A) Estimated posterior
distribution of random effects. Points represent the posterior mean for each estimate, with 50% and 95%
confidence intervals (CIs) represented by heavy and light wicks respectively. (B) Variance decomposition
of random effects, showing the proportional contribution of host phylogeny, geo-environmental context
(plot location) and sample identity to variation in �-diversity. Species diversity was estimated using the
Shannon index, with sampling effort standardized through interpolation and extrapolation. Phylogenetic
diversity was calculated using Faith’s index, and functional diversity was derived from predicted
functional profiles. Log-transformed diversity metrics were modeled as Gaussian response variables in
pGLMMs to assess the influence of bee phylogeny. Bee traits were included as fixed effects, while
phylogeny, location, and sample ID were modeled as random effects, with sample ID accounting for
evolutionary divergence among samples within the same genus.
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Figure 5

Bee phylogenetic tree at the genus level illustrating the phylogenetic structure of their associated gut
microbiota. Tip point colors are based on the Net Relatedness Index (NRI, inner point) and the Nearest
Taxon Index (NTI, outer point): blue points represent genera with more samples with phylogenetic
clustering (closely related taxa co-occur more than expected), grey points indicate no detectable
phylogenetic pattern, and red points show phylogenetic overdispersion (distantly related taxa co-occur
more than expected). NRI and NTI values are respectively derived from the standardized effect size of
mean pairwise distances and mean nearest taxon distances in bacterial communities. Overall, a large
proportion of bee genera hosted phylogenetically clustered gut microbiota, with nearly half (n=34)
exhibiting significant clustering (based on NRI and/or NTI), indicating that co-occurring bacterial taxa are
more closely related than expected by chance. Bee pictures shown from top to bottom: Trigona cilipes,
Melipona eburnea(photos by Clauss Rasmussen), Bombus hypnorum, Eulaema peruvia, Anthophora
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plumipes, Osmia aurulenta, Lasioglossum pauxillum, Dasypoda suripes, and Andrena chrysos (photos by
Pedro Alonso-Alonso). All specimens are from Peru.
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