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Integrative population genetics and metagenomics reveals
urbanization increases pathogen loads and decreases
connectivity in a wild bee
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As urbanization continues to increase, it is expected that two-thirds of the human
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bees. In this study, we employ whole genome sequencing to characterize the popula-
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tion genetics, metagenome and microbiome, and environmental stressors of a com-

of low genetic diversity and elevated levels of inbreeding. Through analyses of isola-
tion by distance, resistance, and environment across urban landscapes, we found that
green spaces including shrubs and scrub were the most optimal pathways for bee
dispersal, and conservation efforts should focus on preserving these land traits to
maintain high connectivity across sites for wild bees. Metagenomic analyses revealed
landscape sites exhibiting urban heat island effects, such as high temperatures and
development but low precipitation and green space, had the highest taxa alpha di-
versity across all domains even when isolating for potential pathogens. Notably, the
integration of population and metagenomic data showed that reduced connectivity
in urban areas is not only correlated with lower relatedness among individuals but is
also associated with increased pathogen diversity, exposing vulnerable urban bees to
more pathogens. Overall, our combined population and metagenomic approach found
significant environmental variation in bee microbiomes and nutritional resources even
in the absence of genetic differentiation, as well as enabled the potential early detec-

tion of stressors to bee health.
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1 | INTRODUCTION and biodiversity (EImgvist et al., 2021; Otto, 2018). To compen-

sate, it is expected that urbanization will drive over two-thirds of
Rapid expansion of human populations continues to reshape land- the human population to reside in cities by 2050 (Ritchie & Roser,
scapes and poses one of the largest threats to natural ecosystems 2018). In this study, we focus on different genetic and environmental
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aspects influencing organism health, by analysing (1) population ge-
netics, (2) metagenomics, (3) microbiome composition, and (3) the
integration of population genetics and metagenomics. We also em-
phasize the importance of urbanization as it relates to these topics in
the context of wild bee health.

Urbanization propagates climate change in various ways such
as contributing close to 70% of global carbon emissions (Elmgvist
et al., 2021), degrading and fragmenting natural habitats, and in-
troducing non-native species, all of which increase the number
of at-risk species and local extinctions (Des Roches et al., 2020;
Ouyang et al., 2018). As a result, research on the conservation and
ecology of species has recently expanded to include studies of
species diversity, adaptation, genetics, and evolution in an urban
context (Ouyang et al., 2018). Compared to rural environments,
cities have multiple features that impose different environmental
pressures relative to rural habitats. For example, the urban heat
island effect (i.e., higher temperatures in cities than in their sur-
roundings) interferes with plant phenologies, affecting flowering
times and length of growing seasons (Dhami et al., 2011; Kabano
et al., 2021). Of particular concern are the impacts cities have on
insect pollinators, one of the most important groups of organisms
that are responsible for pollinating over 87% of flowering plants
and 75% of global food crops (Aizen et al., 2009; Klein et al., 2007,
Ollerton et al., 2011). Bees are the most prominent insect pollina-
tors that has led to extensive research and management of bees
for agricultural purposes (Aizen et al., 2009; Kleijn et al., 2015).
However, only a handful of species are managed, whereas the
majority of wild bee species are unmanaged, and many of the
wild bees are declining at alarming rates (Bartomeus et al., 2013;
Danforth et al., 2019; Mathiasson & Rehan, 2019; Ollerton
et al., 2011; Potts et al., 2016). Urbanization and agricultural prac-
tises lead to pollution, floral homogenization, pesticide run-off,
habitat fragmentation and destruction that contribute to wild bee
declines (Cardoso & Goncalves, 2018; Odanaka & Rehan, 2019;
Pereira et al., 2021).

As an effort to maintain bee diversity within urban landscapes,
recent studies on urban green spaces found they may act as res-
ervoirs for bee fauna (Banaszak-Cibicka et al., 2018; Hilsmann
et al., 2015; Theodorou, Albig, et al., 2016), although this may fa-
vour exotic species (Fitch et al.,, 2019; Geslin et al., 2020; Russo
etal.,, 2021). Additionally, parasitism and pathogen infections in bees
are also a major driver in global bee population declines, a problem
enhanced by urbanization and habitat degradation. This happens
because the interchange of goods, people, and domestic animals in
cities can introduce/spread pathogens and parasites (Youngsteadt
et al., 2015). For instance, one study found that while urban areas
had greater bumble bee abundance due to greater floral diversity,
increased urbanization simultaneously heightened abundance of a
protist, Crithidia bombi, which parasitizes bumble bees (Theodorou,
Radzeviciaté, et al., 2016). Urbanization can also propagate disease
spill over, where infected individuals visit flowers that in turn be-
come contaminated with the pathogen or parasite of the infected
individual and can spread to other healthy individuals, populations,

or even cross between bee species (Proesmans et al., 2021; Tehel
et al., 2016).

Studies on bees in urban settings have documented various
shifts in their ecology, such as behavioral, morphological, and phys-
iological changes. For example, decreased thermal tolerance was
more pronounced in urban bees than rural bees due to the urban
heat island effect (Burdine & McCluney, 2019; Sanchez-Echeverria
et al., 2019). Cities support larger bees as they can forage farther
and longer in a highly fragmented environment (Austin et al., 2022;
Cardoso & Goncalves, 2018; Theodorou et al., 2021); thus, smaller-
bodied bee species, many of which are typically solitary species,
are susceptible to limited gene flow and reduced reproduction in
urban environments where foraging and nesting grounds are further
apart (Austin et al., 2022; Zurbuchen et al., 2010). Conversely, urban
warming in cities may also favour smaller bee species as they have
lower risks of overheating (Theodorou et al., 2021). Still, studies find
that overall, bee abundance declines as urban warming increases
(Hamblin et al., 2018).

With increases in urbanization, the effect of environmental deg-
radation greatly impacts wild bees, yet studies have not documented
the population genomics, microbiomes, or possible disease vectors
for most species. The lack of a basic understanding of wild, solitary
bee health poses a great risk to global food security and diverse
ecosystem health, since close to 85% of all described bee species
are solitary (Batra, 1984) and provide the majority of pollination ser-
vices (Batra, 1984; Breeze et al., 2011; Magnacca & Brown, 2012).
Urbanization also impacts the population dynamics of wild bees
such that the integration of population genomics is essential in order
to fully capture how urban environments are impacting the health
and fitness of bees and their populations For example, we can iden-
tify critical corridors for gene flow in bee populations found across
variable landscapes by integrating information from genetic struc-
ture and land use (Jha, 2015; Jha & Kremen, 2013), or detect key
genes under selection that may explain the environmental stress-
ors on a bee population (Kent et al., 2018; Theodorou et al., 2018).
Furthermore, population genetics can also reveal inbreeding evi-
dence in bees living in cities or whose habitats have urbanized over
time (Austin et al., 2022).

Advances in next-generation sequencing have prompted the
use of metagenomic data, allowing the genetic material of coex-
isting taxa to be sequenced in concert with the species of interest
(Hugenholtz & Tyson, 2008). Bees are associated with beneficial mi-
crofauna (i.e., microbiome which include bacteria, viruses, protists,
and fungi, Engel et al., 2016), some of which are essential for bee
development (i.e., core taxa) while others can be harmful or patho-
genic (Engel et al., 2016; Graystock et al., 2017). Characterization of
non-pathogenic gut microbial and fungal communities revealed their
important roles in bee nutrition and digestion (Engel et al., 2012;
Kwong et al.,, 2014), immunity (Lang et al, 2022; Raymann &
Moran, 2018), development (Dharampal et al., 2019; Kapheim
et al., 2015; Nguyen & Rehan, 2022a; Tarpy et al., 2015), and cogni-
tive ability (Li et al., 2021). Similar to microbiomes, bee metagenomes
reveal many important environmental relationships and include taxa
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not typically studied in microbiome studies (e.g., plants, arachnids,
and nematodes). For example, the detection of specific plant DNA
can highlight crucial floral associations essential for urban green
space planning and at-risk bee management (Lawson et al., 2020;
Rocha-Filho et al., 2021), identify plants as hubs for potential patho-
gens (Durrer & Schmid-Hempel, 1994; Graystock et al., 2020), and
indicate vectors for bee viruses (Guo et al., 2021; Schoonvaere
et al., 2016).

Substantial work integrating urban ecology, population genom-
ics, and metagenomics has been done on corbiculate bees (i.e., Apis
and Bombus species, Austin et al., 2022; Li et al., 2021; Raymann
et al., 2018). These studies have been foundational for identifying
core bacterial symbionts, detection of pathogens, identifying dietary
breadth, and classifying other disease vectors. Conversely, studies
on the core microbiomes and metagenomes of wild, solitary bees
remain in their infancy. While social corbiculate bee microbiomes are
reduced and derived from members in the colony, the dynamics of
wild solitary bee microbiomes are diverse as they are highly vari-
able and dependent on the environment (Cohen et al., 2020; Engel
et al., 2016; Kapheim et al., 2021).

Here, we examine solitary bee ecology in urban environments
by integrating population genomics and metagenomics for the
small carpenter bee, Ceratina calcarata. This solitary wild bee spe-
cies is a prime candidate to study the influence of environment
on its microbiome and metagenome since it is distributed widely
and across variable landscape features (Kelemen & Rehan, 2021).
Ceratina calcarata is a solitary, native bee to North America that
nests in dead, woody stems found in grassy fields, shrub lands,
meadows, and open forests (Hanula et al., 2015; Rehan & Richards,
2010), and is among the top 20 bee species with highest mean
contribution to crop pollination, making it a highly economically
important species (Kleijn et al., 2015). Recently, studies on C. cal-
carata have characterized its microbiome. For instance, Graystock
et al. (2017) identified distinct gut microbiota in C. calcarata in-
cluding prominent taxa such as Lactobacillus, Pseudomonas,
Gilliamella, and Snodgrasella. Similarly, Nguyen and Rehan (2022a)
documented changes in microbiome composition at different de-
velopmental stages.

This study uses a whole-genome sequencing approach inte-
grating population genomics and metagenomic data to assess the
influence of urban environmental features on wild bee genetics
and ecological interactions across four main objectives. First, we
estimate the genetic diversity and population structure of C. cal-
carata and assess how land use characteristics affect gene flow
within an urban setting. We hypothesize that population struc-
ture within the city is driven by landscape features and that areas
dominated by vegetation facilitate C. calcarata dispersal, while
impervious surfaces limit gene flow. Second, we determine how
differences in landscape influence the metagenomic and microbial
diversity of the bee, and we expect differences in taxa diversity
across an urbanization gradient. Third, we characterize the core
microbiome of C. calcarata, and we predict our urban bee will pos-
sess different core microbiota when compared to previous bee
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studies. Fourth, we identify taxa potentially parasitic or patho-
genic to urban bees and other wildlife for future management and
conservation practises. We predict that urban sites will harbor
more potential pathogens relative to rural sites. Our study pro-
vides the first whole genome sequencing, population genomic and
metagenomic characterization of a wild, solitary bee in an urban
context, and documents the complex relationships between bee
population structure, metagenomic interactions and landscape in

an urban environment.

2 | MATERIALS AND METHODS
2.1 | Sample species, area, and sequencing

We sampled C. calcarata from Toronto, Canada (43.6532°N,
79.3832°W; Figure S1). The sample region was mapped using
ArcGIS pro 10.7 (ERSI) and was used to overlay transects of
110x75km with 5km square grid cells. We selected 66 sites
(approximately 1-3 bee samples within each site location) that
covered a broad urbanization gradient across the sample re-
gion Environmental climate for each site was obtained from the
WorldClim dataset (https://www.worldclim.org/) with values ob-
tained for the point of collection, and green space and develop-
mental percentages per site was obtained from the Ontario Land
Cover Compilation (version 2.0) dataset (https://geohub.lio.gov.
on.ca/documents/7aa998fdf100434da27a41f1c637382c/about)
with a 500m buffer around each sample collection location. In
total, we collected 180 C. calcarata females across the 66 sam-
ple sites from August 2019 to October 2020 (Table S1; Figure S1).
Nests were collected and dissected, allowing for one adult female
from each nest to be preserved in 95% ethanol; nests were not
used further in this study.

DNA was extracted from whole bee specimens using Quick-
DNA Miniprep Plus extraction kit (Zymo Research) following a
modified protocol from Freitas et al. (2020). Qubit Fluorometer
(Thermo Fisher Scientific) assessed DNA quantity. For each bee,
DNA concentrations were normalized to 20 ng/uL. Library prepa-
ration using the NEB Ultra Il library kit, and sequencing on lllumina
NovaSeq 6000 with pair-end 150 base pair reads were conducted
at Génome Québec. Reads were submitted to NCBI short read ar-
chive under BioProject PRJNA725238. Reads were checked for
quality, trimmed, and mapped against the C. calcarata reference
genome (PRIJNA791561). Additional information on study species
and sample data processing are provided in the supplementary

methods.
2.2 | Population genomics
Two methods of variant calling, Genome Analysis Toolkit (GATK

version 4.2.2.0, McKenna et al., 2010), and bcftools (version 1.4;
Li, 2011) were implemented to assess the population structure of
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C. calcarata. After intersecting the two single nucleotide polymor-
phism (SNP) datasets, performing full filtering based on quality,
depth, minimum allele count, and missing data percentage; identify-
ing loci not in Hardy-Weinberg Equilibrium (HWE) and potentially
paralogous loci (see supplement for details), we used the resulting
SNP dataset for population genetics analysis. At various filtering
stages, samples with insufficient coverage <3x, siblings and highly
inbred individuals were removed (N=18), and 162 samples were re-
tained in the final dataset.

First, we calculated mean observed heterozygosity (H ), mean
expected heterozygosity (H,), and mean inbreeding coefficient (F )
using vcftools (version 0.1.16; Danecek et al., 2011). Additionally,
using 20,000 randomly selected SNPs, we calculated F s using 12000
permutations in Genetix version 4.05.2 (Belkhir et al., 2004) to deter-
mine levels of significance. We computed Tajima's D (Tajima, 1989)
and nucleotide diversity by n (Nei & Li, 1979) in bin intervals of 10kb
using vcftools.

To identify the likely number of genetic clusters within our data-
set, we used Bayesian analysis of genetic structure as implemented
in ADMIXTURE (version 1.3.0; Alexander et al., 2009), employing
an unsupervised model and varying the number of clusters (K) from
one to ten, with ten iterations per K value. We used the K value with
the lowest cross-validation error estimate as our optimal number of
clusters.

To understand how geographic distance, land use, and environ-
mental variables affect dispersal in C. calcarata, we calculated pair-
wise genetic, geographic, resistance, and environmental distance
matrices between all pairs of samples within our population. To cre-
ate a genetic matrix, we used Yang's pairwise relatedness (Yang et al.,
2010). This metric is commonly used in landscape genetics studies to
estimate inter-individual genetic distance that reflects recent gene
flow (Dalapicolla et al., 2021; Shirk et al., 2017).

We created a pairwise geographic matrix by computing the short-
est path between all pairs of locations as implemented in distm com-
mand from R package geosphere (Hijmans et al., 2019). For resistance

surfaces, we used the raster layer of 2020 land use and land cover
at 10m resolution (ESRI 2020; Karra et al., 2021). Following Ballare
and Jha (2021) and Jaffé et al. (2019), we assigned a resistance value
of 0.1 to land cover categories that were hypothesized to facilitate
C. calcarata movement, and resistance value of 0.9 to land cover cat-
egories that were hypothesized to limit dispersal. We generated sev-
eral hypotheses (Table 1), and created resistance surfaces for each,
assigning different resistance values for each land cover type, de-
pending on the hypothesis being tested. For the null hypothesis, we
assigned a resistance value of 0.5 across all land use categories, cre-
ating a raster where dispersal pathways were independent of land
use type. For each hypothesis, we created a resistance distance ma-
trix based on least-cost path distances (Adriaensen et al., 2003) using
the Dijkstra's algorithm as calculated by the costDistance (gdistance)
(van Etten, 2017). Additionally, we used the same resistance rasters
to calculate pairwise resistance distances between all samples in
our population using circuit theory as implemented in Circuitscape
version 5.0.0 (Hall et al., 2021; McRae, 2006). Similarly, we tested
for isolation by environment (IBE) for two standardized bioclimatic
variables (BIO1: Temperature; BIO12: Annual Precipitation) from
WorldClim (https://www.worldclim.org/data/bioclim.html).

Finally, we performed multiple regression on distance matri-
ces (MRM) using 1000 permutations between Yang's pairwise re-
latedness and land use resistance distances for each hypothesis in
Table 1, as well as between Yang's pairwise relatedness and environ-
mental distance (IBE), as implemented in R package ecodist (Goslee
& Urban, 2007). Detailed information for each method is available in

the supplement.
2.3 | Metagenomics
We assigned taxonomy to unmapped reads using metaSPAdes (ver-

sion 3.10.1; Nurk et al., 2017). Resulting contigs for 180 samples
were BLASTed using blastn (version 2.12.0; Altschul et al., 1990)

TABLE 1 Results of the isolation-by-resistance (IBR) and isolation-by-environment (IBE) hypothesis testing using least-cost path
modelling and circuit theory (Circuitscape) approaches. Circuitscape results are in parentheses.

Resistance values®

F R? (%)

Urban Grasses,
Hypothesis # Model? area Crops  shrubs Trees
0 Null 0.5 0.5 0.5 0.5
1 IBR1 0.9 0.1 0.1 0.1
2 IBR 2 0.9 0.9 0.1 0.1
3 IBR3 0.1 0.9 0.1 0.1
4 IBR 4 0.9 0.1 0.1 0.9
5 IBR 5 0.9 0.9 0.1 0.9
6 IBE NA NA NA NA

p-value
Water,
flooded, or
bare ground
0.5 121.26 (158.91) 1.83(2.38) 0.001 (0.001)
0.9 155.20(158.88)  2.33(2.38) 0.001 (0.001)
0.9 151.16 (148.33) 2.27 (2.22) 0.001 (0.001)
0.9 117.58 (117.41) 1.77 (1.77) 0.001 (0.001)
0.9 153.23(162.25)  2.30(2.43) 0.001 (0.001)
0.9 129.34 (140.69) 1.95(2.11) 0.001 (0.001)
NA 138.09 2.07 0.001

Note: Bolded hypotheses had highest R? value based on either least-cost path or circuit theory.

?IBR model test for effect of land use type. IBE tests for effect of bioclimatic variables (annual temperature and annual precipitation).

bResistance values: 0.1=low resistance, 0.5=neutral resistance, 0.9 = high resistance.
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against the non-redundant nucleotide nt database. We removed
contigs shorter than 300bp and any hits to Sodalis or Wolbachia
intercellular bacteria, as these are considered environmental con-
taminants (Graystock et al., 2017) (Table S2). For our environmental
variables, we examined: (1) annual precipitation, (2) annual tempera-
ture, (3) urban developmental percent, and (4) green space percent
(Table S3). We chose these four environmental variables as they re-
late to urbanization. Urban areas typically consist of high develop-
ment due to the transformation of open green spaces to impervious
land cover, and cities harbor distinct microclimates that alter tem-
perature and rainfall within cities rural areas (Ayers & Rehan, 2021;
Yang et al., 2021). Each environmental variable was classified into
five categories 1—very low, 2—low, 3—moderate, 4—high, and 5—
very high (Figure 2; Table S3). Next, we extracted all contigs that
matched to any of the seven domains (arachnids, bacteria, fungi,
plants, nematodes, protists, and viruses) and filtered the remain-
ing contigs using a minimum relative contig abundance threshold of
0.1% within a sample per domain (Tables S4-S8). Next, we summed
contigs from samples belonging to the same site, producing contig
data for 66 sites from 180 bee samples.

We tested for effects of spatial autocorrelation with metage-
nomic composition using family or genus level alpha diversity, com-
pared against pairwise distances between nearest neighbor sites.
We implemented non-parametric Spearman rank correlation tests
using the COR.TEST method in R with method set to “spearman’”.
Next, we ran multiple linear regression using the LM function, as
well as a robust multiple linear regression model using the RLM
function from the MASS package (Venables & Ripley, 2002) and the
F.ROBFTEST from the sfsmisc package (Maechler, 2022) to obtain
F-statistic and p values, in order to identify relationships between
metagenomic alpha diversity with each of the environmental vari-
ables using continuous values. We also implemented redundancy
analysis (RDA) to model the effects of the environmental variables
on metagenomic diversity, using the RDA function in R.

Next, we ran diversity analyses on our combined and individual
datasets (i.e., for each domain separately) to assess microbiome and
metagenome diversity across the different environmental variable
categories. We used R package vegan (Oksanen et al., 2020) to run
Bray-Curtis dissimilarity and ran PERMANOVA to assess if dissimi-
larity values had a significant effect on community composition. We
then performed multidimensional scaling (MDS) using CMDSCALE
method in R, on all environmental variables for the entire dataset
and for each domain separately to visualize clusters. All R analy-
ses were done using R Studio, R version 4.2.0 (R Core Team, 2022;
RStudio Team, 2021). Next, similarity percentage (SIMPER) in PAST
(version 4.06; Hammer et al., 2001) was implemented to identify top
10 taxa contributing most to diversity across sites for each environ-
mental variable category. Finally, we implemented random forest
regression and classification analyses using the R package random-
Forest (Liaw & Wiener, 2002) to assess how well microbial com-
munity structure can identify patterns in environmental variables.
If random forest classification produces very high out-of-bag error
rates (Mitchell, 2011) or regression produces negative R? variance
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values (Chicco et al., 2021), this indicates the random forest mod-
els were not good fits for predicting environmental feature using
metagenomic data and instead, community composition is randomly
distributed.

To identify which taxa cluster together depending on envi-
ronmental variable, we ran negative binomial distribution analysis
(NBDA) from the R package DESeq2 (Love et al., 2014) that was
conducted using family level and genus level data from all domains
combined (i.e., ‘all') and compared between each environmental
variable category, resulting in 10 comparisons per environmen-
tal variable. Normalized contigs were implemented in weighted
gene co-expression network analysis in R (WGCNA; Langfelder
& Horvath, 2008), and network analysis were conducted follow-
ing the methods outlined by Langfelder and Horvath at https://
horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpack
ages/WGCNA/Tutorials/. We then performed functional analysis
using FragGeneScan version 1.31 (Rho et al., 2010) to find frag-
mented genes in our contigs, and implemented eggNOG-mapper
(version 2.1.6; Cantalapiedra et al., 2021) and GhostKOALA
(Kanehisa et al., 2016) to identify gene function based on the Kyoto
Encyclopedia of Genes and Genomes (KEGG) identifiers and re-
constructed pathways. The number of reconstructed pathways is
interpreted as productivity. Additional methods on taxonomic classi-
fication, network analysis, functional analysis, and diversity analyses

are found in the supplement.

2.4 | Microbiome composition

To determine if Ceratina calcarata harbors important, known mi-
crobiota essential for healthy development, we scanned the mi-
crobiome for notable bacteria, viruses, or fungi based on previous
studies focused on bee microbiomes. Since bees can act as vectors
of plant disease and plants are an essential food source for bees,
we also scanned the microbiome for notable plant bacteria, viruses,
and fungi based on previous plant studies focused on plant growth
and health. Next, family or genera were characterized as core if they
were found in at least 50% of the sites (>33 sites) and present with a
relative contig abundance 21% within their domain across the entire
dataset. We then compared our core and prominent bacteria (i.e.,
not classified as core in our dataset but are known to be important
in bee health) against known core bacteria in other corbiculate and
solitary bees, to assess if Ceratina calcarata sampled across an urban

landscape harbors a shared or unique core bacterial microbiome.

2.5 | Population genomics, landscape and
metagenomic correlation analyses

To infer potential risks to wild bee health, we analysed the corre-
lation between population- and landscape-level data, and potential
bee and plant pathogen diversity. To obtain pathogen information
for each sample comparison, we converted raw pathogen contig
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abundances to Bray-Curtis dissimilarities to obtain potential patho-
gen and parasite diversity (hereafter referred to as pathogenicity).
We used CoNet (R package CoNetinR version 0.0.0.9000; Faust &
Raes, 2016) to test for correlations between pathogenicity, Yang's
relatedness, environmental distance, and resistance distance across
162 pairwise sample comparisons (N=13,041). To avoid erroneous
network edge scores produced by biases from different correla-
tion and dissimilarity methods, CoNet networks were created using
Pearson, Bray-Curtis, Spearman, and Kullback-Leibler edge scores
with 100 iterations and multiple-test corrections using Benjamini-
Hochberg. Correlations are considered significant with p<.05
for comparisons above and below the diagonal for the correlation

analysis.

3 | RESULTS

3.1 | Urbanization across the sample region

Our sample region covered a broad range in development, green
space, temperature, and precipitation (Figure 1). Within the core of
our sample area towards the city center (towards Lake Erie shore), de-
velopmental percentages fall within the 80%-100% as human popu-
lation density is highest in this area (4457 people/km?) (Figure 1a).

Likewise, green space percentages which encompass open green
spaces, parks, agricultural land, and forests are between 0%-24%
(from very low to moderate levels) (Figure 1b). Outside of the city
there are very high levels of green space and very low developmen-
tal area. Category 5 of green space percentages ranges from 49%
to 86%, thus, majority of sites fall into categories 1-4 which consist
of green space percentages falling between 0%-42%. The climatic
variables portray a longitudinal and latitudinal pattern. Annual pre-
cipitation ranges from 791 mm to 913 mm, with the highest levels
of annual precipitation (categories 3-5) occurring to the far east of
the sample area (Figure 1c). Towards areas of high development,
annual precipitation levels are lower. Finally, temperature follows a
distinct latitudinal shift, shifting from very low annual temperatures
(60-66.2°C) outside of the sample area, to very high temperatures
(81.7-85.3°C) towards highly urbanized areas (Figure 1d).

3.2 | Population genomics of C. calcarata and the
importance of green spaces for wild bee connectivity

After filtering, we obtained 942,834 polymorphic SNPs across 162
samples, with a mean coverage depth of 9.62x (range 4.4x to 14.8x)
and mean missing percentage of 4.20%. Within this dataset, 89.75%
of SNPs were located on 16 major scaffolds (an average of 52, 886.9
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FIGURE 1 Fourlandscape environmental variables across samples across the urban landscape: (a) developmental percent, (b) green space

percent, (c) annual precipitation, and (d) annual temperature.
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SNPs per scaffold). Overall, 126,596 SNPs were out of HWE and/or
identified as potential paralogs and hence were removed, resulting
in 816,238 SNPs that were used for downstream population genet-
ics analyses.

Nucleotide diversity (r) estimate was 0.00075 and the mean F g
was 0.08 and significantly different from O (p <.01), indicative of high
inbreeding (=162, H =0.19, H,=0.21). Furthermore, we found
that mean Tajima's D demonstrated a positive bias across the ge-
nome for the 16 major scaffolds (Figure S2), consistent with either a
recent population contraction or balancing selection (Tajima, 1989).
The results of the ADMIXTURE analysis revealed that all samples in

43.5 L
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our dataset most likely belong to the same genetic cluster, as K=1
had the lowest cross-validation error (Figure S3).

We found a weak but significant (R?=0.0183, p=.001, Figure 54)
decrease in pairwise relatedness with increased geographic dis-
tance, even when all land use categories were given equal resistance
values (null hypothesis, Table 1). Across all categories, pairwise re-
latedness decreased with increased resistance distance, but cor-
relation was higher in scenarios where vegetation rich areas were
predicted to facilitate dispersal and urban/impervious surfaces
were predicted to limit dispersal, based on values derived by both
modelling approaches. While least-cost path modelling found that

[ Flooded vegetation
] Crops
[] Scrub/shrub

Bl Urban/built area
[ Bare ground

[ ] Snowl/ice

Current

High 254
o

Low _0

FIGURE 2 Land use across the study area with white circles indicating collection sites (top). Data source: Esri 2020 Land Cover. Karra

et al. (2021). Global land use/land cover with Sentinel-2 and deep learning, IEEE, 2021. The following land use classes were present within
the examined area: water (32.03%), trees (14.86%), grass (3.44%), flooded vegetation (0.05%), crops (20.38%), scrub/shrub (1.84%), urban/
built area (27.11%), and bare ground/ no vegetation (0.29%). Map generated in Circuitscape using resistance values from hypothesis 4

(IBR 4) (bottom). Warmer colors in the bottom map show higher cumulative current flow and correspond to green spaces, including, grasses,
crops, and shrub/scrub land based on the top map. Maps produced using QGIS Geographic Information System, Open Source Geospatial

Foundation Project (http://qgis.org).
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pairwise relatedness is more correlated with resistance distance in
a scenario where grasses, shrub/scrub, trees, and crops were given
low resistance values (hypothesis 1; Table 1, Figure 2; Figure S5a),
Circuitscape results indicated that giving the lowest resistance
to only crops, grasses, and shrub/scrub results in the highest cor-
relation with pairwise relatedness (hypothesis 4; Table 1, Figure 2;
Figure S5b). Both modelling approaches showed that assigning low
resistance values to urban areas (Hypothesis 3) resulted in the low-
est correlation with pairwise relatedness across all examined sce-
narios, including the null hypothesis. Furthermore, Hypothesis 3 was
the only scenario where the individual contribution of resistance dis-
tance was not significant (Table S9).

3.3 | Taxa family and genus richness driven by
densely urban sites

To understand how urbanization impacts bee metagenomic diver-
sity, we analysed the metagenomic composition from all 180 wild
bee samples across environmental gradients encompassing 66 sites
and the distribution of families and genera belonging to the seven
major domains (Figure 1). We tested for effects of spatial auto-
correlation on metagenomic composition using nearest neighbor
pairwise distances and alpha diversity between the pairwise sites.
Alpha diversity for nearest neighbor pairwise distances were not
significant at the family (S=38,665, rho=0.193, p=.1207) or genus
level (§=40,418, rho=0.156, p=.2101) (Figure Sé). Multiple linear
regression models testing metagenomic alpha diversity against each
of the environmental variables were not significant (Table S10).
Furthermore, our RDA models were not significant at the family or
genus level (Table $10).

Both families and genera level alpha diversity, represented by
family/genera richness, were highest towards the lake edge, where
development and temperature levels are the highest, precipitation
is low to moderate, and where green space is the lowest (Figure 3;
Figure S6). Family and genera alpha diversity is highest overall and
forms a distinct cluster with very high temperatures and devel-
opment, very low green space, and low to moderate precipitation
(Figure 4). Although sites can overlap in environmental features, the
number of sites for each environmental feature is different, and we
observe that the urban cluster includes features such as high to very
high temperature, very low green space, moderate to low precip-
itation, and high to very high development (Figure 4). In contrast,
lowest family and genera alpha diversity clustered at sites where
precipitation and green space levels were the highest, and where
temperature and development was the lowest.

Overall metagenomic beta diversity was not predicted by any
of the four environmental variables (annual precipitation, annual
temperature, developmental percent, and green space percent)
(PERMANOVA, p>.05; Table S13) (Figures S8-S11). Since the ran-
dom forest classification error rates exceeded 75% and random
forest regression R? variance values were negative for all environ-

mental variables, this suggests that based on random forest analyses

community composition is randomly distributed with (Table S14).
However, when examining focal domains, fungal genera and nem-
atode families varied significantly by green space percent coverage
(PERMANOVA, fungi R?=0.918, p=.035, nematode R?=0.709,
p=.024). The greatest number of fungal genera and nematode fami-
lies were found in sites where temperatures and development were
high and green space was low (Figure 3).

Negative binomial distribution analyses (NBDA) found significant
overrepresentation of the bacterial family Enterobacteriaceae in
C. calcarata sampled in sites with low annual precipitation compared
to sites with high annual precipitation (Table S15). At the highest an-
nual temperatures, four plant families (mustards (Brassicaceae), as-
ters (Asteraceae), mallows (Malvaceae), and grasses (Poaceae)) and
the protist family Plasmodiidae were significantly overrepresented
(Table S16). Changes in developmental percent did not correlate with
any significant overrepresentation of any taxa (Table S17). At low
green space cover, legumes (Fabaceae) were significantly overrepre-
sented (Table $18). NBDA found no significant results at the genus
level. Weighted gene co-expression network analysis (WGCNA)
further corroborated NBDA findings, identifying several key co-
occurring plant and bacterial families depending on environmental
feature. Plant families Asteraceae, Brassicaceae, and Malvaceae
co-occurred with other plants and bacteria when temperatures
were high (Figure S12). The bacterial family Enterobacteriaceae had
several genera co-occurring with plants when annual precipitation
levels are low (Figure $12). Overall, these clusters with significantly
co-occurring hub taxa demonstrate that the majority of hub fami-
lies/genera are bacteria and plants. Based on hierarchal clustering,
sites with low annual precipitation levels had several hub bacte-
rial genera form a cluster module that belonged predominantly to
Enterobacteriaceae: these included genera such as Enterobacter,
Pluralibacter, and Klebsiella (module correlation=0.37, p=.017,
Table S19). Furthermore, Enterobacteriaceae genera co-occurred
with plants belonging mainly to Asteraceae at these sample sites.
Sites with high annual temperatures identified several hub plant
genera clustering together, with the most prominent plant fam-
ily being Asteraceae, which was identified as an overrepresented
plant family from NBDA results (module correlation=0.69, p<.01,
Table S20). Finally, sites with low green space cover identified
overrepresentation by legumes (Fabaceae) (Table S18). However,
according to WGCNA the majority of plant genera in these sites
belonged to mints (Lamiaceae)—there was one overrepresentation
of Fabaceae at the genus level (Acacia) (module correlation=0.5,
p<.01, Table S22).

When comparing across all domains, SIMPER analyses revealed
that among plant families, Asteraceae and Fabaceae had the greatest
dissimilarities in relative abundance across categories for each envi-
ronmental variable (Table $23). Similar to previous NBDA findings,
Asteraceae was overrepresented when annual temperatures were
very high, and Fabaceae was overrepresented when green space
percent was low. At the genus level, Erigeron (Asteraceae) was over-
abundant when annual temperatures were very high, followed by
Helianthus (Asteraceae), which was also slightly overrepresented in
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FIGURE 3 Distribution of families across collection sites (circles) for the whole dataset (upper left: all families) and for each distinct

group.

very high temperatures (Table S24). SIMPER analyses also revealed
several bacterial families and genera driving dissimilarities across
categories for each landscape variable. Specifically, Lactobacillaceae
drove the greatest dissimilarity between categories for all four

landscape variables, with highest representation when tempera-
tures were highest, and when green space, development, and pre-
cipitation were low (Table S23). This result was likely driven by the
genus Apilactobacillus which contributed about 7% dissimilarity
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FIGURE 4 Heatmaps of average number of families and genera per site scaled for each environmental variable category (see Table S4).
The scale shown is centered and scaled so that mean values are O and standard deviations are 1 to visualize domains with high richness
with domains with low richness on the same plot. Variables are labelled according to environmental feature: Precip =annual precipitation,
Green=green space percentage, Develop=developmental percent, and Temp=annual temperature. 1=very low, 2=Ilow, 3=moderate,
4=high, and 5=very high. The heatmap shows 3 or 4 main clusters at the family and genus level, respectively, with the highest average
richness per site values forming a distinct cluster in environmental features representative of urban areas.
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between landscape categories (Table S24). Enterobacteriaceae was
also classified as a top contributor, driving dissimilarities across all
four environmental variables with overrepresentation in low annual
precipitation (concordant with previous NBDA findings), low annual
temperature, moderate development, and moderate green space.
Both GhostKOALA and eggNOG-mapper demonstrated that
major functional processes occurring in our non-bee metagenomic
taxa are metabolic (e.g., carbon metabolism, biosynthesis of amino
acids, and fatty acid metabolism) (Tables S25 and 526, respectively).
In addition to metabolism, five other KEGG pathways were identi-
fied and include cellular processes, genetic information processing,
organismal systems, and environmental information processing.
Overall, both methods show that low green space, and high tem-
peratures and development resulted in more reconstructed func-
tional pathways (e.g., cellular processes) alluding to greater taxa
productivity in these areas (Figure S13). Contrastingly, high precipi-
tation levels and green space together with low development and a
mix of high and low temperature resulted in lower taxa productivity

via less reconstructed functional pathways.

3.4 | Ceratina calcarata microbiome consists of
diverse core taxa

At the family level, the core microbiome (i.e., taxa that occur in
>50% sites and with 21% relative contig abundance) consisted of
six bacterial families (Lactobacillaceae, Yersiniaceae, Erwiniaceae,
Pseudomonadaceae, Enterobacteriaceae, and Hafniaceae)
(Table S11). At the genus level, the microbiome consisted of only
three bacterial genera (Serratia, Pseudomonas, and Edwardsiella)
(Table S12). Our results identified these families and genera as top
contributors for observed differences among categories for precipi-
tation, temperature, development, and green space (Table 523).

Comparison of our Ceratina microbiome with other studies on
wild bee and non-wild bee microbiomes revealed that the Ceratina
microbiome is highly diverse with several known core taxa detected,
but at low relative abundances (Tables S27 and S28). Bifidobacterium,
a bacteria involved with digestion of polysaccharides and are core in
honey bee microbiomes (Ellegaard et al., 2015; Zheng et al., 2019), was
rare with only 0.02% relative contig abundance and found in one site.
Similarly, we detected several bacteria that are core in wild and corbic-
ulate bees but were rarely found at relative contig abundances greater
than 1% or in more than 50% of the sites in this study. These included
Acinetobacter, Sphingomonas, Erwinia, and Gilliamella. We detected
Lactobacillus, Apilactobacillus, and Bacillus, which are core in corbicu-
late bees but interestingly were not identified to be a core genus in
our study, except at the family level for Lactobacillaceae. Pseudomonas
is detected in solitary and corbiculate bee microbiomes and was de-
tected at high relative abundance (5.7%) across 33 sites in this study.
We also detected Burkholderia, a bacterial genus found to be core in
other Ceratina, across 16 sites with 0.38% relative abundance.

The C. calcarata metagenome detected several plant families
known to be prevalent in this species' diet. The most detected plant

S i ey

families by overall abundance across the sample region belonged to
Asteraceae (19.66% relative contig abundance), followed by Fabaceae
(4.50%), Solanaceae (1.71%), Malvaceae (1.68%), and Brassicaceae
(1.16%) (Table S11). At the genus level, there were several common
plant genera and included daisies (Erigeron; 11.87%), sunflowers
(Helianthus; 2.30%), and clover (Trifolium; 1.37%) (Table S12).

Only one viral family was detected with a relative contig abun-
dance above 1% (Myoviridae; 2.28%); but no viral genera produced
relative contig abundances above our 1% threshold.

Our metagenomic study also detected several known bee and plant
pathogens, although mostly at low abundances, clustering in densely
urban sites (Figure 5; Table S29). We detected the arachnid genus
Varroa (3 sites), and several bacterial genera known to be detrimental
to honey and bumble bees such as Lysinibacillus (lethal brood disease in
stingless bees), Paenibacillus (American foulbrood in honey bees), and
Spiroplasma (neurological disease in honey bees) (Table S29). We also
detected the trypansomatid Crithidia (parasite of honey and bumble
bees) in one densely urban site, and several prominent fungal genera
that infect honey bees, including Ascosphaera (chalkbrood disease),
Aspergillus (stonebrood disease), and Nosema (spore-forming fungi
causing nosemosis disease) all present in sites with high urban devel-
opment, high temperature and low green space coverage (Tables S8
and S29). Furthermore, we detected several pathogens and parasites
of plants, also at low abundances, such as fungal genera Fusarium (re-
lease of mycotoxins on crop plants), Alternaria (brown spot disease), and
Verticillium (wilt fungus), and the protist Albugo, which causes downy
mildew in plants (Table $29). The detection of these plant pathogens
may reduce the quality and quantity of floral resources required by wild
urban bees. We detected the cyst nematode genus Heterodera which
is known to parasitize a variety of plants. Well known plant pathogenic
bacteria such as Pantoea was detected across 30 sites with a 6.11% rel-
ative contig abundance, and Clostridium, an environmental bacterium
that can cause plant diseases, was present in 20 sites but at a low rela-
tive contig abundance (0.12%) (Table S29). The detection of pathogenic
fungi, protists, bacteria, and nematodes across various densely urban
sites may enable early detection of bee environmental stressors.

3.5 | Pathogen load and diversity increases as
resistance distance increases

We analysed the correlation between population and landscape level
parameters against potential bee and plant pathogenicity for 162
sample pairwise comparisons using CoNet. Pathogenicity was not
significantly correlated with environmental distance, but was sig-
nificantly, negatively correlated with relatedness (R=-0.02, p<.05;
Table S30). Although slight, the negative correlation between re-
latedness and pathogenicity supports that less related individuals
harbor more dissimilar pathogens. CoNet analysis also found that re-
latedness significantly, negatively correlated with resistance distance
(R=-0.14, p <.05; Table S30) and environmental distance (R=-0.068,
p <.05; Table $S30), supporting the results of the multiple regression
on distance matrices (MRM) analysis. There was one significant,
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FIGURE 5 Heatmap focused on potential bee (N=11) and plant (N=9) average number of pathogen genera per site for each
environmental variable category. Combined total includes both bee and plant pathogen genera counts. Variables are labelled according to
environmental feature: Precip=annual precipitation, Green=green space percentage, Develop =developmental percent, and Temp=annual
temperature. 1=very low, 2=Ilow, 3=moderate, 4 =high, and 5=very high. The scale shown is centered and scaled so that mean values

are 0 and standard deviations are 1 to visualize domains with high richness with domains with low richness on the same plot. The heatmap
emphasizes that high pathogen richness forms a cluster in environmental features representative of urban areas.

positive correlation between pathogenicity and resistance distance
(R=0.057, p<.05; Table S30). This positive correlation suggests that
there is greater pathogen diversity in densely urban areas.

4 | DISCUSSION

We used whole genome sequencing data of C. calcarata to conduct
population genetics analyses and analyse wild bee metagenome across
an urbanization gradient. We assessed C. calcarata population struc-
ture and connectivity and examined how changes in landscape features
affected the abundance, distribution, and presence of bacteria, arach-
nids, protists, plants, viruses, fungi, and nematodes in female C. calcar-
ata. Our findings revealed that C. calcarata population in Toronto shows
no population structure and high levels of inbreeding, as well as dem-
onstrated the potential importance of vegetation-rich corridors for wild
bee dispersal. We also identify how landscape may modify the core
microbiome of this bee and detect potential pathogens detrimental to

the health and diversity of pollinators and their plant communities.
4.1 | Population structure and connectivity of a
wild bee in an urban context

Our population genetics analyses of urban C. calcarata revealed
one panmictic population, with elevated levels of inbreeding (mean

Fs=0.083). The absence of population structure did not support our
hypothesis that urban environment contributes to population frag-
mentationin C. calcarata, which was unexpected given the small body
size of this bee. Low levels of differentiation across large geographic
distances have been previously demonstrated in bumble bees (Kent
et al., 2018) and the burrowing bee Amegilla dawsoni (Beveridge &
Simmons, 2006). The inbreeding value detected in this study aligns
with those found in bumble bees in Missouri urban landscapes, with
several Bombus species revealing F ¢ values ranging from 0.070 to
0.151 (Austin et al., 2022). However, low genetic diversity does not
appear to be unique to urban wild bees. For example, mean F ¢ was
0.19 +0.03 for a temperate bumble bee (Bombus pascuorum) and
was not significantly impacted by seminatural or agricultural habi-
tats (Herrmann et al., 2007). Another study on Neotropical orchid
bees found that mainland urban and rural populations had similar
genetic diversity whereas island populations uniquely had reduced
genetic diversity (Soro et al., 2017). Our results show that related-
ness within the examined population decreased with increased geo-
graphic distance (Figure S4). We also demonstrate that resistance
scenarios that considered vegetation-rich land use categories (i.e.,
trees, shrub/scrub, grasses, and crops) as facilitative to bee move-
ment slightly improved the correlation values (Table 1). In contrast
when urban surfaces were given low resistance values, the strength
of the correlation with relatedness decreased (Table 1). Despite the
fact that correlation values were low across all examined hypothe-
ses, changes in correlation values across different scenarios support
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our predictions regarding the effects of land use features on gene
flow in C. calcarata. These findings suggest that dispersal may be
driven by vegetation and limited by impervious surfaces, thus re-
emphasizing the importance of green spaces for wild bee sustain-
ability in urban landscapes.

4.2 | Taxadiversity is greater in densely
urban areas

Overall, taxa family and genera alpha diversity represented by family
and genera richness were found to increase in densely urban sites
(Figure 3; Figure S7). This agreed with our expectation that taxa di-
versity would change along the urban gradient. Sites representative
of urbanized areas are generally high in temperature and develop-
mental percent, but low in precipitation and green space coverages.
Furthermore, when analysing the average number of families and/or
genera per site for each environmental category, the highest average
richness values formed a cluster in environmental features repre-
sentative of urban areas (Figure 4). Increased metagenomic diversity
in urban sites suggests that wild urban bees are exposed to a greater
variety of microbiota. For instance, we found that overall bacterial
diversity was highest in urban areas which corroborates the findings
of a recent study that also found bacterial richness in C. calcarata
increased as urbanization increased (Nguyen & Rehan, 2022a). The
authors also found that certain core microbiota differed in their
abundance depending on urbanization level, such as Apilactobacillus
and Acinetobacter core bacteria overabundant in rural sites, but
the fungi Penicillium, which plays a role in bee immunity (Yoder
et al., 2013), was abundant in urban areas (Nguyen & Rehan, 2022b).
Likewise, we also found the change in metagenomic diversity re-
vealed interesting patterns of abundance for core microbiota, such
as the core family Lactobacillaceae, which was abundant in sites with
high development. These findings and previous studies indicate that
urban landscapes can act as refuges (Ayers & Rehan, 2021) for wild
bees by facilitating the interaction of diverse and beneficial bacteria

but may also increase exposure to potential pathogens and parasites.

4.3 | The core bacterial microbiome

The C. calcarata core microbiome harbors a different composi-
tion of core microbiota that disagrees with our prediction that the
core microbiome of our urban bee would differ from that of pre-
vious bee studies. Six bacterial families were identified as core in
C. calcarata. These included prominent bacterial families such as
Lactobacillaceae, which has beenrecognized to play animportantrole
in bee immunity and carbohydrate metabolism (Daisley et al., 2020;
Kwong et al., 2017; Lang et al., 2022; Voulgari-Kokota et al., 2019).
Enterobacteriaceae, which are facultative anaerobes involved in bee
metabolism by breaking down sugars and nitrogen (Anderson et al.,
2011), was the only bacterial family to be overrepresented when an-
nual precipitation was low. Furthermore, network analyses revealed

S i ey

several hub genera belonging to Enterobacteriaceae clustering with
plants, suggesting that bees foraging in drier areas may be exposed
to higher occurrences of Enterobacteriaceae that occur naturally on
the plant phyllosphere (Aydogan et al., 2018; Cernava et al., 2019).
Wealsodetected Yersiniaceae, Erwiniaceae, Pseudomonadaceae,
and Hafniaceae as core families, and at the genus level, Serratia
(Yersiniaceae), Pseudomonas (Pseudomonadaceae), and Edwardsiella
(Hafniacea). While Pseudomonas has been detected as core in solitary
and corbiculate bees (De Paula et al., 2021; Donkersley et al., 2018;
Graystock et al., 2017), Serratia and Edwardsiella have been detected
in honey bee microbiomes but are not considered core (El Khoury
et al., 2022; Nogrado et al., 2019; Raymann et al., 2018). However,
Serratia and Edwardsiella are classified as environmental bacteria
and were found to increase in abundance in honey bees exposed to
agricultural pesticides, which are more common in cities near agri-
cultural spaces (Mahé et al., 2021; Nogrado et al., 2019). While the
Ceratina microbiome shares some similarities to other bees, solitary
bee microbiomes are heavily influenced by the environment, and
urban populations may be prime locations to test for microbiome

shifts as a response to environmental change and contamination.

4.4 | Pathogens linked to urban land use

Metagenomic analysis is useful for identifying key players in bee
microbiomes and detection of potential pathogens to both the bee
and plants in their environment. Sites displaying symptoms of the
urban heat island effect (e.g., high temperatures in densely urban
areas, Oke, 1973), demonstrated highest alpha diversity across
domains (Figures 3 and 4) and across pathogens only (Figure 5).
Higher taxa diversity in urban landscapes poses the risk of greater
exposure to potential pathogens. Indeed, our results agreed with
our prediction that pathogen load and diversity would be greater
in urban landscapes. Among these potential pathogens, Aspergillus
was relatively common and found across over 30% (20 sites) of
the landscape assayed. Aspergillus is a genus with several species
pathogenic to almost all organisms from mammals to insects and
causes stonebrood disease in honey bee larvae (Foley et al., 2014;
Seyedmousavi et al., 2015). Direct effects of Aspergillus on soli-
tary bee larvae are currently unknown but is known to attack
brood cells of solitary, ground-nesting alkali bees (Nomia; Batra
& Bohart, 1969) and increased mortality in the solitary chimney
bee (Diadasia bituberculata) by causing pollen provision spoil-
age (Linsley & MacSwain, 1952). We also detected the parasitic
arachnid Varroa (3 sites), which transmits deformed wing virus and
acute bee paralysis virus in honey bees (Noél et al., 2020; Traynor
et al., 2020). Non-Apis insects visiting flowers previously visited
by an infected honey bee are susceptible to infections of de-
formed wing virus due to pathogen spill over between bee species
(Burnham et al., 2021; Santamaria et al., 2018; Tehel et al., 2016).
The well-studied honey bee bacterial pathogen Spiroplasma
was detected across 15 sites, most of which are densely urban.
Spiroplasma spp. have been detected in bumble bees and mason
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bees, but it is unclear what the effects are in non-Apis bee species
(Finfhaus et al., 2018; Macfarlane et al., 1995).

Our metagenomic data revealed C. calcarata to be associated
with plants from Asteraceae (asters), Brassicaceae (mustards),
Fabaceae (legumes), Solanaceae (nightshades), and Malvaceae (mal-
lows). These plant families have important links to wild bee diet, for
example, Fabaceae (legumes) are rich in essential proteins needed
for healthy larvae development (Cole et al., 2022), and Asteraceae
(asters) boasts the largest richness of ornamental flowers despite
being relatively protein poor (Spear et al., 2016). Furthermore, these
plant families were mainly abundant in urban sites and thus act as
important food sources for urban bees in addition to promoting di-
verse ecosystem services (Gamfeldt et al., 2013; Isbell et al., 2011;
Keesing et al., 2010). However, high plant diversity, especially with
the rise of exotic ornamental plants, might in fact pose more of a risk
to wild native bees by harboring increased diversity of pathogens
and parasites (Figure 5; Figueroa et al., 2019; Graystock et al., 2015).
For instance, while most potential pathogens and parasites were
found in a few sites in our study, Pantoea (Erwiniaceae) was abun-
dant across 30 sites, mainly in moderate to highly developed areas.
Pantoea is a highly diverse bacterial genus that can form mutualistic
relationships with insects but harbors many pathogenic species for
plants (Walterson & Stavrinides, 2015). Other taxa may act as either
beneficial or pathogenic depending on environmental conditions
or species. For example, Clostridium, an anaerobic, environmental
bacterium that can promote plant growth (Figueiredo et al., 2020;
Polyanskaya et al., 2002) but can also cause several plant diseases
when soils are flooded (Figueiredo et al., 2020; Spigaglia et al., 2020),
was prevalent across 20 sites also mainly from moderately to highly
developed sites. Additionally, the plant metagenomic data highlights
that while C. calcarata are classified as polylectic, the majority of
the foraging known for this bee genus is more broadly focused on a
few plants (Dew et al., 2020; Kobayashi-Kidokoro & Higashi, 2010;
Lawson et al., 2016, 2020; McFrederick & Rehan, 2016, 2019). This
emphasizes the need to monitor the abundance and distribution of
these plants in cities as important foraging sources, as well as poten-
tial hubs for disease spread, will be crucial for wild bees that display
flower constancy in urban environments.

Overall, we found that urban bees harbor a microbiome that ap-
pearsmore productive, asthey had agreater number of reconstructed
functional pathways than their rural conspecifics (Figure S13). We
speculate that this is potentially due to urban bees interacting with
greater taxa loads and diversity found on plants, which were more
abundant in urban sites, and a general trend of greater bacterial di-
versity in urban sites (Figure 3; Figure S7). Greater bacterial diversity
was also found in urban C. calcarata from a recent study (Nguyen
& Rehan, 2022a). Urban bees also run an increased risk of encoun-
tering more harmful taxa. Indeed, alpha diversity of bee and plant
pathogens detected in this study were highest in sites with very high
temperatures and development (Figure 5), which is consistent with
studies suggesting that urbanized landscapes increase pathogen and
parasite diversity (Youngsteadt et al., 2015). Indeed, when compar-
ing pathogenicity with population and landscape parameters across

pairwise samples, pathogenicity was significantly positively cor-
related with resistance distance (Table S28), further supporting the
expectation that as resistance between sites increases—reflective of
urban systems—pathogen diversity increases. Finally, we observed
that as relatedness between individuals decreased, pathogenicity
increased. Urban landscapes are often fragmented, and thus are
more likely to promote differentiation, exposing vulnerable wild bee
populations to diverse pathogens. The intricate interplay of plant-
pollinator systems shows that both can act as hubs and vectors of
diseases for each other. Our findings provide important insights into
the diversity of wild bee responses and adaptations to city land-
scapes. Each species is sure to have its own response thresholds to

environmental stressors, such as susceptibility to disease vectors.

4.5 | Conclusion

In summary, we characterized the metagenome of a wild bee species
across an urbanization gradient, revealing this species' consistent
core microbiome and floral associations. This study reveals a highly
diverse metagenome with taxa detected across seven domains.
Increased green spaces, notably shrubs and grasses, are required
to maintain high connectedness between nesting and foraging sites
for urban stem nesting bees. While low genetic diversity appears to
be recurrent in rural and urban bees, low genetic diversity in urban
bees may be more detrimental where gene flow is limited due to
a fragmented landscape and susceptibility to genetic bottlenecks
is more likely as urbanization increases. Future studies are needed
to explore the link between reduced heterozygosity and the fitness
of wild bees in urban landscapes. We identified several known bee
and plant pathogens that occur in densely urban sites, revealing the
potential for early detection and monitoring of threats to wildlife in
cities. Conservation efforts would benefit from the integration of
population genomics with metagenomics. This combined whole ge-
nome sequencing approach provides a comprehensive tool to assess
overall health of wild bees in urban settings but can also be applied

across a broad range of wildlife and landscapes more generally.
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