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ARTICLE INFO ABSTRACT
Editor: Ewa Korzeniewska Honey bees are exposed to a diverse variety of microbes in the environment. Many studies have been carried out
on the microbiome of bee gut, beebread, and flower pollen. However, little is known regarding the microbiome of
Keywords: fresh corbicular pollen, which can directly reflect microbes acquired from the environment. Moreover, although
Micr‘?biome evidences have suggested that floral resources in general can affect the bee-acquired microbes, whether specific
EZ‘:Z;“;Z; pollen forage plants affect the composition of these microbes is still unclear. Here, we characterized both the micro-
Plant-microbe interaction biome and plant composition of corbicular pollen in collection seasons over two years from six hives using 16S
Rubus rRNA gene and ITS2 metabarcoding. The results reveal temporal changes in the microbiome and plant compo-

sition in corbicular pollen, which was influenced by environmental factors and the choice of forage plants. We
identified several co-occurrences between plant and bacterial genera, indicating specific plant-microbe in-
teractions. Many Spiroplasma species with various insect hosts, including a honey bee pathogen Spiroplasma
melliferum, were shown to positively correlate with Rubus, suggesting this plant genus as an important node for
microbial transmission. Overall, we demonstrated the potential of corbicular pollen for studying the transmission
of microbes, especially pathogens. This framework can be applied in future research to explore the complicated
pollinator-microbe-plant network in different ecosystems.
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1. Introduction

Honey bees (Apis mellifera) are agriculturally important insects that
provide pollination services to increase crop yields and quality and
contribute to significant economic values (Calderone, 2012; Geslin et al.,
2017; Saez et al., 2020). As industrialized agriculture magnifies, the
negative impact has been continuously posed on the diversity and
abundance of wild pollinators, and modern agriculture becomes more
dependent on domesticated bee colonies (Aizen and Harder, 2009).
However, honey bees are also vulnerable insects. Their health is affected
by multiple interacting stressors, both biotic and abiotic, including
pathogens (Evans and Schwarz, 2011), pesticides (Xiao et al., 2022),
intensive agricultural practice (Kremen et al., 2002), land use (Durant
and Otto, 2019), and other environmental factors (Le Conte and Nav-
ajas, 2008; Fisher et al., 2022; Simone-Finstrom et al., 2022). These
external stressors are associated with widespread loss of bee colonies
(Insolia et al., 2022), and consequently draw increasing concerns about
honey bee health.

Among the factors that influence honey bee health, the bee-microbe
interaction is a significant aspect. Honey bees exchange microbes
extensively within the hive. Newly emerged honey bee adults are germ-
free and gradually acquire gut microbiome through interaction with
nestmates and hive components (Powell et al., 2014). The core gut
microbiome of honey bees involves Snodgrassella, Gilliamella, Bifido-
bacterium, Lactobacillus and Bombilactobacillus, which have coevolved
with the host since the emergence of eusocial bees (Kwong et al., 2017;
Motta and Moran, 2024; Steffan et al., 2024). These microbes perform
vital functions to facilitate digestion, detoxify hazardous chemicals, and
protect against pathogens. For example, Gilliamella strains isolated from
the honey bee gut showed a wide spectrum of carbohydrate utilization
and degradation activity for pectin, a major component of the pollen cell
wall (Engel et al., 2012; Zheng et al., 2016). Lactobacillus and Bifido-
bacterium isolates showed an antagonistic effect against Paenibacillus
larvae, a devastating bee pathogen, both in vitro and in vivo (Forsgren
etal., 2010). Honey bee hives also harbor hive-specific microbes that are
involved in food preservation and fermentation (Anderson et al., 2013).
Compared to the relatively stable and consistent gut microbiome
composition, the microbiome in the hive environment can be quite
distinctive, most likely affected by land use around apiaries and different
choices of forage plants (Donkersley et al., 2018; Santorelli et al., 2023).

As the plant-pollinator interactions are ubiquitous in natural eco-
systems, it is not surprising that honey bees are also exposed to a wide
variety of microbes in the extra-hive environment during their foraging
activity. One honey bee is estimated to visit hundreds of flowers per day,
while flower pollen is inhabited by various microbes depending on
pollination types (Corby-Harris et al., 2014; Ambika Manirajan et al.,
2016). Plant metabarcoding results of corbicular pollen have revealed
that honey bees forage diverse flora, and the foraging pattern also de-
pends on the surrounding flora landscape (Milla et al., 2021; Richardson
et al., 2021). Like other insect pollinators, honey bee visitation transfers
the microbes from the insect to the flower, and thus the flower micro-
biome gets altered (Ushio et al., 2015; Hietaranta et al., 2023). As the
interaction is bilateral, flower microbiome is also transferred to honey
bees via pollen.

While many studies focus on bee bread and flower pollen, research
on freshly collected corbicular pollen seems to be quite limited. Fresh
corbicular pollen, as an intermediate state between flower pollen and
bee bread, can be important from the following aspects. First, the plants
are not equally visited by honey bees. It has been shown that the protein
content of pollen is an important driver of foraging preference, for
example, protein-rich pollen from Trifolium repens was collected more
compared to pollen from Oenothera biennis with a lower protein content
(Ghosh et al., 2020). Even different honey bee species (A. mellifera and
A. cerana) at the same location exhibited distinctive foraging patterns
with >70 % of the plant taxa in honey uniquely foraged by one of them
(Namin et al., 2022). Therefore, corbicular pollen can indicate what

Science of the Total Environment 958 (2025) 178107

plant honey bees are exactly foraging. Second, the microbiome of bee
bread is a result of in-hive fermentation, which selectively enriches
certain microbes, leading to a relatively stable microbiome structure
(Wang et al., 2023). Thus, the bee bread microbiome cannot reflect the
complete microbial profile to which honey bees are exposed in the extra-
hive environment. Although the microbiome of freshly collected cor-
bicular pollen has been briefly mentioned (Ghosh et al., 2022), a tem-
poral description of the microbiome structure is lacking. Most
importantly, many studies pointed out that the microbial composition of
honey bee gut and hive is affected by season and landscape (Donkersley
et al., 2018; Jones et al., 2018; Kesnerova et al., 2020), which strongly
indicated an effect of floral resources. However, it is still unknown how
forage plants affect the microbes that honey bees are acquiring from the
environment. In this case, corbicular pollen is an optimal object to study
both extra-hive microbes and plants related to honey bees and any po-
tential interactions in between.

In this study, we collected fresh corbicular pollen from six honey bee
hives over two years and profiled the bacterial microbiome and plant
composition using 16S rRNA gene and ITS2 metabarcoding, respec-
tively. The questions we want to answer include: (i) Does the micro-
biome structure of corbicular pollen change over time? (ii) Do
environmental factors affect the microbiome structure? (iii) Is there any
correlation between forage plants and microbiome composition? We
hypothesized that the microbiome composition and structure of cor-
bicular pollen may vary in different collection periods. This could be due
to different flowering time of forage plants and environmental factors
collectively. Moreover, forage plants may affect the corbicular pollen
microbiome in two different approaches. First, an increase in forage
plant diversity leads to an increase in microbiome diversity. Second,
certain microbes in corbicular pollen are derived from specific forage
plants.

2. Material and methods
2.1. Study sites and sample collection

Corbicular pollen samples were collected in the apiary of Justus-
Liebig-University Giessen, Germany in 2022 and 2023. In 2022, sam-
ples were collected from two hives from June to September. For each
hive, the collection was carried out three days per month and from
sunrise to sunset per day. In 2023, samples were collected from four
hives from April to September. In total, 230 samples were collected over
two years. The detailed sampling procedure is as follow: a pollen trap
was installed at the entrance of the bee hive before sunrise on each
sampling day. The pollen trap contains a pollen screen that mechanically
removes pollen from the corbicula of returning foragers, which then fall
through a mesh screen into a removable tray underneath. Corbicular
pollen in the tray was collected into a 15 ml centrifugation tube (Starlab
International GmbH, Germany) at one-hour intervals, and stored
immediately at —20 °C. The tray was surface disinfected with 70 %
ethanol before and after each collection to remove potential residue
microbes.

2.2. DNA extraction from corbicular pollen

Metagenomic DNA extraction from corbicular pollen was performed
as described in Ambika Manirajan (Ambika Manirajan et al., 2016) with
minor modifications. In brief, approximately 300 mg of each corbicular
pollen sample was mixed with 1 ml extraction buffer (0.1 M NaCl (pH 8),
50 mM EDTA, 0.2 M sodium phosphate buffer (pH 8), 2.5 % w/v SDS)
and 200 pl sterile zirconia beads in a 2 ml screw-cap tube. Cell disruption
was performed using FastPrep-24 tissue and cell homogenizer (MP
Biomedicals, USA) at 5.5 m s™! for 45 s. Homogenized samples were
centrifuged at 16,200 g, 4 °C for 5 min, and the supernatant was
transferred into a new microcentrifuge tube, followed by 10 pl RNase A
treatment (10 mg ml’l) at 37 °C for 30 min. Samples were then
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extracted twice with firstly 800 pl phenol/chloroform/isoamyl alcohol
(25:24:1) and secondly 800 pl chloroform/isoamyl alcohol (24:1), and
centrifuged after each extraction at 16,200 g, 4 °C for 5 min. The final
aqueous phase was incubated with 1 ml precipitation buffer (20 % w/v
PEG 6000 and 2.5 M NaCl) on ice for 30 min, and centrifuged at 16,200g,
4 °C for 30 min. The DNA pellet was washed with 800 pl ice-cold 75 %
ethanol, dried out, and dissolved in nuclease-free water.

2.3. 16S rRNA and ITS2 ion torrent sequencing

The hypervariable regions (V4 & V5) of the bacterial 16S rRNA gene
were amplified by PCR with primers 520F (5-AYTGGGYDTAAAGNG-3")
(Claesson et al., 2009) and 907R (5-CCGTCAATTCMTTTRAGTTT-3)
(Engelbrektson et al., 2010). A 50-pl touchdown PCR (Korbie and Mat-
tick, 2008) with peptide nucleic acid (PNA) blocking plastid (5~
GGCTCAACCCTGGACAG-3") (Lundberg et al., 2013) and mitochondrial
sequences (5-AAACCAATTCACTTGAGT-3) (Abdullaeva et al., 2021)
was carried out to enhance the reaction specificity and yield of the target
gene. The reaction contained 2 pl extracted DNA, 60 pM KAPA dNTP
mix, 0.4 pM of each primer, 1 uM of each PNA, and 1 unit KAPAHiFi
polymerase in 1x KAPAHiFi buffer (KAPABiosystems, Woburn, MA,
United States). The PCR was run as follows: 95 °C for 3 min, 35 cycles of
(98 °C, 20 s; 65 °C, 30 s for PNA annealing; 65 °C, 30 s for primer
annealing with a decrement of 1 °C after each cycle until 55 °C; 70 °C,
30 s) and 70 °C for 5 min.

The plant ITS2 region was amplified with primers S2F (5-ATGC-
GATACTTGGTGTGAAT-3) (Chen et al, 2010) and ITS4 (5-
TCCTCCGCTTATTGATATGC-3') (White et al., 1990). A 15-pl PCR re-
action contained 1 pl extracted DNA, 60 pM KAPA dNTP mix, 0.4 pM of
each primer, and 0.3 unit KAPAHiFi polymerase in 1 x KAPAHiFi buffer.
The PCR program was set as follows: 95 °C for 3 min, 35 cycles of (98 °C,
20 s; 58 °C, 30 s; 72 °C, 30 s) and 72 °C for 5 min.

Barcodes and adapter were added to 16S rRNA gene and ITS2
amplicons using a second PCR (50 pl) that contained 1 pl template, 60
pM KAPA dNTP mix, 0.1 pM of barcodes- and adapter-linked primers,
and 0.5 unit KAPAHiFi polymerase in 1 x KAPAHiFi buffer. The PCR was
performed as follows: 95 °C for 3 min, 8 cycles of (98 °C, 20 s; 58 °C, 30
s; 72 °C, 30 s) and 72 °C for 5 min. PCR products were firstly purified
from agarose gel to exclude primer dimers with NucleoSpin Gel and PCR
Clean-up kit (MACHEREY-NAGEL GmbH & Co. KG, Diiren, Germany),
then cleaned with NucleoMag NGS clean-up kit (MACHEREY-NAGEL
GmbH & Co. KG, Diiren, Germany) and quantified using Qubit dsDNA
HS assay kit by QubitVR 3.0 fluorometer (Life Technologies, Carlsbad,
USA). PCR products of equal molar (300 pM) were pooled and the final
concentration was adjusted to 100 pM. Ion Torrent sequencing of the
pooled libraries was performed according to the protocol described by
Ambika Manirajan et al. (2016). The sequencing data are available at the
NCBI GenBank database under the BioProject PRJNA1080550 and
PRJNA1080497.

Three negative controls consisting of empty tubes were included
from the beginning of the DNA extraction step and followed the same
procedure as real samples.

2.4. Sequence data analysis

Sequence data were processed in QIIME 2 2022.11 (Bolyen et al.,
2019). Raw sequences were demultiplexed using cutadapt plugin with
zero error rate for barcodes (Martin, 2011) followed by quality control,
denoising, dereplication and chimera identification with dada2 plugin
(Callahan et al., 2016). Specifically, reads with number of expected er-
rors >2 were discarded, and trimmed at the 15th position. Bacterial 16S
rRNA gene sequences were truncated at the 320th position and plant
ITS2 sequences were truncated at the 350th position. Taxonomy affili-
ation of bacterial and plant amplicon sequence variants (ASV) was
achieved by pre-fitted sklearn-based classifiers (Pedregosa et al., 2011;
Bokulich et al., 2018) trained with SILVA 138.1 database (Quast et al.,
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2013) and UNITE 9.0 eukaryotes database (Koljalg et al., 2020),
respectively. Eukaryotic, chloroplast, mitochondria and unassigned
ASVs were additionally removed from the bacterial dataset. Fungal,
metazoan and unassigned ASVs were removed from the plant dataset.
Contaminant taxa in negative controls were checked by the R package
microDecon (version 1.0.2) (McKnight et al., 2019).

The core bacterial and plant genera were calculated using the R
package microbiome (version 1.20.0) (Lahti and Shetty, 2017) with
detection threshold of 1 % and prevalence threshold of 50 %. Alpha
diversity was examined with Hill-Shannon and Hill-Simpson indices
using the R package MeanRarity (version 0.0.1.4) (Roswell and Dushoff,
2022). Rarefication of datasets were performed using the R package
phyloseq (version 1.44.0) (McMurdie and Holmes, 2013) before the
calculation of alpha diversity. Comparisons among collection years,
months and hives were performed using Wilcoxon test with Benjamini-
Hochberg correction (Wilcoxon, 1946). For beta diversity analysis,
centered log-ratio (clr) transformation of datasets was first performed to
address the compositional nature of sequencing data (Aitchison, 1982)
using the R package ALDEx2 (version 1.30.0) (Fernandes et al., 2013).
Aitchison distance-based dissimilarity matrix was calculated and ordi-
nated with principal component analysis (PCA) for visualization. The
differences among months and hives in each year were assessed using
PERMANOVA analysis (Anderson, 2001) with 999 permutations using
the R package vegan (version 2.6-4) (Oksanen et al., 2022).

Differential abundance analysis of bacterial genera was performed
using the R package ANCOMBC (version 2.0.3) (Lin and Peddada, 2024).
ANCOMBC applied a correction for bias introduced by the differential
sampling fraction of each sample, and a pseudo-count of 0.5 was used to
replace zeros. Two-sided Z-test using the test statistic (log fold change/
standard error) was performed to calculate p-values with Benjamini-
Hochberg correction. A p-value threshold of 0.05 was used to filter
differentially abundant genera. As the choice of pseudo-count may lead
to false positive result, we also included pseudo-count sensitivity anal-
ysis implemented in ANCOMBC to address this issue. Taxa with sensi-
tivity score of 0 were not affected by pseudo-count choices, indicating
consistent results.

2.5. Correlation and network analysis

The effect of environmental factors on bacterial community structure
was evaluated using redundancy analysis (RDA) (Legendre et al., 2011).
The bacterial dataset was clr-transformed, and the environmental fac-
tors were standardized using “decostand” function in vegan (version
2.6-4). The significance of RDA was evaluated for both global model and
single variable using permutation test with 999 permutations. For the
correlation analysis between bacterial genera and environmental fac-
tors, low abundance genera with total counts below 100 were firstly
removed. Spearman's rank correlation coefficient was calculated using
“aldex.corr” function in ALDEx2 (version 1.30.0) based on clr-
transformed data, and p-values were corrected with Benjamini-
Hochberg approach. Correlation matrix was visualized with the R
package corrplot (version 0.92). Environmental factors with 1-hour step
including temperature, dew point, pressure, humidity, wind speed, wind
direction and cloudiness were downloaded from OpenWeather (https://
openweathermap.org).

The correlation between bacterial and plant diversity was examined
using linear mixed effects model implemented in the R package Ime4
(version 1.1-35.1) (Bates et al., 2015). Hive and month were set as
random effects, and likelihood ratio test was performed to assess the
significance of the model by comparing the full model: bacterial diversity
~ plant diversity + (plant diversity|hive) + (plant diversity|month) with the
null model: bacterial diversity ~ (plant diversity|hive) + (plant diversity|
month). The analysis of the single and cross-domain co-occurrence
network at genus level was performed using the R package SpiecEasi
(version 1.1.2) (Kurtz et al., 2015). Low abundance genera with total
counts below 100 were removed. The function “spiec.easi” was run
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using the neighborhood selection method, a lambda value of 100,
lambda minimum ratio of 1072, the Stability Approach to Regularization
Selection (StARS) for model selection, StARs subsamples of 99 and
threshold of 0.05. The networks were further analyzed and visualized in
Cytoscape 3.9.1 (Shannon et al., 2003). The significant difference in the
average number of co-occurrences and shortest path length between the
cross-domain and single domain networks was evaluated using Welch's
t-test with unequal variances. Attack robustness analysis of the networks
was performed as described in Tipton et al. (2018). Potential hub taxa
were identified based on the node degree and betweenness centrality
(Agler et al., 2016).

3. Results
3.1. Ion torrent sequencing analysis

For 16S rRNA gene, 233 samples were sequenced in three runs,
yielding 14,717,665 raw reads. After quality control, denoising, and
chimera filtering with dada2 plugin, 9,218,343 high-quality sequences
remained, resulting in 8851 exact ASVs. After removal of eukaryotic,
chloroplast, mitochondria and unassigned sequences, the bacterial
dataset eventually contained 4,457,671 sequences (964 to 44,381 reads
per sample) and 7434 ASVs. The same 233 samples were sequenced for
ITS2 and 17,121,069 raw reads were produced, from which 1,630,126
high-quality reads remained after dada2 processing and 2073 ASVs were
generated. After removal of fungal, metazoan and unassigned se-
quences, the plant dataset eventually contained 1,592,631 sequences
(189 to 39,145 reads per sample) and 1720 ASVs. Three negative con-
trols revealed 7 ASVs in bacterial dataset and 16 ASVs in plant dataset as
potential contaminants. These ASVs were validated with microDecon R
package, and the most likely contaminants were removed accordingly.

3.2. Corbicular pollen harbors diverse bacterial and plant composition

In this study, 45.5 % and 88.4 % of bacterial ASVs were classified to
species and genus level, and 63.8 % and 95.3 % of plant ASVs were
classified to species and genus level, respectively. In total, we identified
656 and 754 unique bacterial species and genera, 323 and 234 unique
plant species and genera, respectively. Due to the limited length of
phylogenetic markers used in IonTorrent sequencing, the resolution of
phylogenetic assignment was not always clear at the species level. Thus,
our description and discussion will mainly focus on the genus level,
while species information will be mentioned when appropriate. Pseu-
domonadota and Bacillota were the dominant bacterial phyla identified
in all samples with at least 0.8 % relative abundance. These two phyla
comprised a large proportion in each sample (min: 62.2 %; max: 100 %,
mean: 97 %). Acetobacteraceae and Lactobacillaceae were the most
prevalent bacterial family present in all samples, followed by Orbaceae,
Oxalobacteraceae and Xanthomonadaceae present in 99.1 %, 98.7 % and
97.4 % of the samples, respectively. We identified a core set of bacterial
genera in each month using 1 % detection threshold and 50 % preva-
lence threshold (Fig. 1A). Apilactobacillus was the only core genus found
in every month, while some core genera occurred more exclusively in
certain months such as Luteibacter, Spiroplasma and an uncultured
Rickettsiales. The five most prevalent genera included Apilactobacillus,
Gilliamella, Massilia, Bombella and Snodgrassella which were identified in
at least 93.9 % of the samples. Using the same detection and prevalence
threshold, the core plant genera were also identified. As expected, plant
genera were only core exclusively in certain time period due to their
relatively fixed flowering phase (Fig. 1B). The five most prevalent
genera were Plantago, Hypochaeris, Rubus, Crepis and Cichorium which
were identified in at least 46.5 % of the samples. Overall, the limited
number of core genera compared to the total number of identified
genera indicated that the bacterial and plant composition in corbicular
pollen were diverse and changed rapidly. The phylogenetic assignment
to the species level of these core plant/bacterial genera can be found in
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Fig. 1. Core genus analysis in each collection month. (A) Core bacterial genera
in corbicular pollen. (B) Core plant genera in corbicular pollen. The detection
threshold of core genera is 1 % of sequence number in each sample. The
prevalence threshold of core genera is 50 % of sample number in each month.

Table S1.

3.3. The diversity of bacteria and plants in corbicular pollen changes over
time

The alpha diversity of the samples were examined to see whether the
richness and evenness of bacteria and plants in corbicular pollen were
affected by collection period and hive. A significant difference was
observed regarding plant alpha diversity between 2022 and 2023 (Hill-
Shannon: p = 9.7 x 1073, Hill-Simpson: p = 2.1 x 10~>). Despite the
different plant alpha diversity, the bacterial alpha diversity remained
stable with no significant difference between the two years (Hill-Shan-
non: p = 0.82; Hill-Simpson: p = 0.78). When comparing between hives
in each year, we found that the alpha diversity of both bacteria and plant
was independent of hive (Table S2). For month comparison of bacterial
and plant alpha diversity, significant differences were observed between
certain months, however, the differences and underlying trend were not
consistent in the two years (Fig. 2A, Table S3). Bacterial alpha diversity
in September was higher than the other months in 2022, while
comparing the same months, they appeared to be similar in 2023. Plant
alpha diversity in August was the highest in 2022, but tended to be the
lowest in 2023. Thus, we concluded that although the alpha diversity of
bacteria and plant in corbicular pollen exhibited some changes in each
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Fig. 2. Alpha diversity and beta diversity. (A) Hill-Shannon and Hill-Simpson indices of bacteria and plant in corbicular pollen in different collection months in 2022
and 2023. * p < 0.05, ** p < 0.01, *** p < 0.001. (B) Principal component analysis based on Aitchison dissimilarity distance matrix for bacterial and plant

composition in corbicular pollen samples in 2022 and 2023.

year, these changes were more sporadic and difficult to predict.

The beta diversity based on Aitchison dissimilarity matrix was
further evaluated and a visualization using PCA ordination was per-
formed (Fig. 2B). The results in 2022 revealed a clear clustering of
bacterial communities according to collection month (R? = 0.026, F-
statistic = 1.537, p = 0.003), while the separation of communities
clustered by hive was suspicious due to a borderline p-value (R? = 0.006,
F-statistic = 1.104, p = 0.055). This month-related but not hive-related
microbiome structure was consistently revealed in 2023 with a signifi-
cant p-value for month clustering (R? = 0.129, F-statistic = 1.421, p =
0.001) but not hive clustering (R2 = 0.055, F-statistic = 0.972, p =
0.268). For plant composition in corbicular pollen, the clustering was
significantly influenced by both collection month (R?> = 0.031, F-

statistic = 1.845, p = 0.001) and hive R%= 0.007, F-statistic = 1.256, p
= 0.001) in 2022. The plant composition was consistently driven by
collection month in 2023 (R? = 0.155, F-statistic = 1.761, p = 0.001),
but not influenced by hive ®R? = 0.054, F-statistic = 0.956, p = 0.701).
In general, collection month was the major driver of both bacterial and
plant composition in corbicular pollen, while the influence of hive was
minimal, if any.

We performed multi-group pairwise comparisons using ANCOMBC
analysis to identify differentially abundant bacterial and plant genera in
each month. The results revealed 34 bacterial and 9 plant genera
differentially abundant in at least one of the comparisons in 2022
(Fig. 3A, Table S4), and 17 bacterial and 17 plant genera in 2023
(Fig. 3B, Table S5). In 2022, the bacterial genera that were uniquely and
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August and September. The relative abundance of these differentially
abundant genera in each month is provided in Fig. S1 as a reference.
Comparing the two years, although the differential abundance patterns
were mostly different, some results were still quite consistent. The most
prominent consistency was that Spiroplasma and Rubus were differen-
tially abundant in June of both years, implying a potential relation be-
tween them.

differentially abundant during specific months included Acinetobacter,
Apilactobacillus, Fructobacillus, and Spiroplasma in June; uncultured
Rickettsiales in August; and Commensalibacter, Duganella, Leuconostoc,
and Massilia in September. The uniquely and differentially abundant
plant genera were Rubus and Potentilla in June, and Plantago appeared to
be differentially abundant during July and August. In 2023, the bacterial
genera uniquely and differentially abundant during specific months
included Sphingorhabdus in April; and Spiroplasma in June. Holzapfeliella
was differentially abundant from July to September. The uniquely and
differentially abundant plant genera were Taraxacum and Prunus in
April; Acer in April and May; Rubus in June and July; and Impatiens in
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Fig. 4. Correlation of bacterial community of corbicular pollen samples with environmental factors. (A) Redundancy analysis of environmental factors on bacterial
community structure based on clr-transformed bacterial dataset. Yellow dots indicate bacterial genera and blue dots indicate corbicular pollen samples. (B) Spearman
correlation analysis of bacterial ASVs generated with ALDEx2 collapsed to genus level with environmental factors. * p < 0.01, ** p < 0.001, *** p < 0.0001.
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3.4. Bacterial community in corbicular pollen is influenced by
environmental factors

To explore the factors that drove the month-related microbiome
differences, we modeled the effect of environmental factors on the
bacterial community structure of corbicular pollen using RDA analysis.
The global model revealed that the bacterial community structure was
significantly influenced by these environmental factors (R? = 0.051, F-
statistic 1.675, p-value 0.001) (Fig. 4A, Table S6). When considering the
variables separately, five out of seven environmental factors (tempera-
ture, dew point, pressure, humidity, cloudiness) significantly influenced
the bacterial community structure, while the effects of wind speed and
wind direction were not significant (Fig. 4A, Table S6). Similarly, when
we correlated bacterial genera with these environmental factors, the
results revealed 33 genera that were significantly influenced by at least
one of the environmental factors (Fig. 4B, Table S7). Among the seven
environmental factors, dew point and temperature were the major
influencing factors significantly correlating 16 and 14 bacterial genera,
respectively. Cloudiness, pressure, and humidity significantly correlated
with 8, 7, and 5 genera, respectively. Wind speed was the least influ-
encing factor that significantly correlated with only two genera. No
significant correlation was found for wind direction.

3.5. Co-occurrence analysis reveals specific microbe-plant correlation

In addition to environmental factors, another influencing factor of
microbiome in corbicular pollen could be forage plants. We initially
hypothesized that the forage plants might affect bacterial composition in
corbicular pollen samples in two different manners, i.e., the forage plant
diversity positively correlate with bacterial diversity, and the forage
plants specifically co-occur with certain bacterial taxa. To test the hy-
pothesis, we first fitted a linear mixed model using plant diversity as the
fixed effect and hive and month as the random effects. In both years,
small correlation coefficient values were observed for Hill-Shannon and
Hill-Simpson alpha diversity indices, and the p-values were also non-
significant (Table S8), indicating the bacterial diversity of corbicular
pollen samples did not increase as the bees foraged a larger variety of
plants.

The specific plant-bacteria correlation was then examined with co-
occurrence analysis in each year. The cross-domain co-occurrence
network of bacteria and plant genera had roughly the same number of
nodes (188 nodes in 2022; 255 nodes in 2023) compared to the sum of
nodes in single domain networks (171 nodes In 2022; 236 nodes in
2023), while the number of co-occurrences (599 co-occurrences in 2022;
911 co-occurrences in 2023) in cross-domain network was much greater
than the sum of co-occurrences in single-domain networks (353 co-
occurrences in 2022; 537 co-occurrences in 2023) (Fig. 5A, Table 1).
This showed that with the presence of plant, the overall organization of
the networks was reshaped. In both years, the cross-domain network
showed a significantly higher average number of co-occurrences (p-
value < 0.0001), and the average path lengths between any two bac-
terial nodes or plant nodes in cross-domain network were significantly
shorter than their counterparts in single-domain networks (p-value <
0.0001) (Table 1). We also examined the attack robustness of the net-
works in response to degree-based, betweenness-based, or random node
removal, and the cross-domain network showed the largest area under
the attack robustness curve under every condition (Fig. 5B, Table 1).
These indicated that the cross-domain network is more connected and
stable than single-domain networks, implying close relation between
plant and bacterial composition in corbicular pollen. In the cross-
domain network, there were 118 plant-bacteria co-occurrences repre-
senting 19.7 % of the total co-occurrences in 2022, and 174 plant-
bacteria co-occurrences representing 19.1 % of the total co-
occurrences in 2023. Despite the presence of unique plants in each
year, 82 plant-bacteria co-occurrences were consistently revealed, and
most of them (78 %) had a positive edge weight (Table S9). Many of
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these positive co-occurrences showed month-related patterns. For
example, Rubus was predominantly abundant in June and July, and its
positively co-occurring bacterial genera also displayed major abun-
dances during the same period. Altogether, we concluded that bacterial
composition in corbicular pollen is affected by specific forage plants,
which could further explain the temporal change of microbiome in
corbicular pollen in addition to environmental factors.

3.6. Corbicular pollen shows potential for studying pathogen transmission
in natural ecosystems

We selected a subnetwork from the cross-domain network consisting
of three plant genera with the highest node degree in each year (Rubus,
Hedera, and Cichorium in 2022; Rubus, Chenopodium, and Hedera in
2023) along with their nearest bacterial neighbors (Fig. 6). Based on
node degree and betweenness centrality, Hedera and Chenopodium were
also identified as plant hub genera in 2023, while Rubus was a hub in
both years (Fig. S2). These plants exhibited high connectivity with
numerous bacterial genera and were potentially important nodes for the
transmission of microbes, particularly pathogens, in natural ecosystems.
In the current study, this was supported by the co-identification of plant
hub genus Rubus with potential bee pathogen Spiroplasma in the core
genus analysis, differential abundance analysis and co-occurrence
analysis. As few ASVs of Spiroplasma were assigned to the species
level, we identified the next relative species of these ASVs using
EzBioCloud to improve the taxonomy resolution. Many ASVs were
identified as the honey bee pathogen Spiroplasma melliferum with high
similarity, and they accounted for a large proportion (91.6 %) of all
Spiroplasma ASVs (Tables S1, S10). The other Spiroplasma species were
identified as commensals of tick and various insects, and one Spi-
roplasma species was identified as a plant pathogen (Table S11). The
diverse origins of these Spiroplasma species highlighted Rubus as an
important plant genus for the plant-pollinator interactions and the
transmission of microbes and pathogens.

4. Discussion

Pollen is the major protein source for honey bees, and a normal-sized
bee hive is estimated to collect >10 kg of pollen per year (Crailsheim
et al., 1992; Keller et al., 2005). As pollen harbors a wide variety of
microbes (Ambika Manirajan et al., 2016), it is an important vector for
the exchange of microbes between honey bees and the environment.
Studies have been carried out to characterize either the microbiome or
the plant composition of corbicular pollen (Corby-Harris et al., 2014;
Richardson et al., 2019, 2021; Ghosh et al., 2022), while the plant-
microbe correlation in corbicular pollen remains a gap area in this
research field. Here, we characterized both the bacterial microbiome
and plant composition of fresh corbicular pollen, and for the first time,
illustrated how environmental factors and forage plants could affect the
microbiome that honey bees are acquiring from the environment. We
also proposed that our working scheme could be used to study the
horizontal transmission of pathogens of insect pollinators in the
environment.

Our results showed that the microbiome and plant composition of
fresh corbicular pollen were quite diverse and changed over time, sup-
ported by significant month-related differences in beta diversity and
differential abundance analysis, and a limited number of core bacteria or
plant genera in each month. The diverse and temporally changing plant
composition could reflect the foraging preference of honey bees or the
different flowering times of local plants. Many core plant genera in
corbicular pollen including Taraxacum, Rubus, Hypochaeris, Plantago,
Cichorium and Hedera are known as important food sources for honey
bees (Percival, 1950; Mayer and Lunden, 1991; Adamchuk et al., 2017;
Wignall et al., 2020; Richardson et al., 2021), and the identification
period of these core plant genera also matches the documented flow-
ering time in a German floral database BiolFlor (www.biolflor.de). The
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Table 1
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Attributes of single-domain and cross-domain co-occurrence analysis from ASVs collapsed to genus level. The standard deviations were shown in brackets.

Co-occurrence network attributes Bacterial network

Plant network Cross-domain network

2022 2023 2022 2023 2022 2023
Number of nodes 124 180 47 56 188 255
Number of co-occurrences 263 467 60 70 599 911
Average number of co-occurrences 4.242 5.189 2.683 2.5 (1.640) 6.372 (4.001) 7.145 (4.045)
(3.194) (3.254) (1.396)
Average path length 3.858 3.551 4.496 4.291 Bacteria: 3.146 Bacteria: 3.137
(0.615) (0.452) (1.311) (1.174) (0.367) (0.320)
Plant: 3.566 (0.521) Plant: 3.556 (0.528)
Area under attack robustness Degree-based 0.254 0.267 0.204 0.186 0.370 0.362
curve Betweenness- 0.262 0.252 0.263 0.216 0.373 0.353
based
Random 0.402 0.451 0.415 0.312 0.459 0.464
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Fig. 6. Co-occurrence subnetwork of plant-bacteria cross-domain network in
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on the node degree of connectivity in the full cross-domain network.

microbiome of corbicular pollen samples consisted of diverse microbes
derived from bees, other insects, plants, and other environmental
sources. Bacterial genera with high prevalence were mostly originated
from honey bees. For example, Apilactobacillus as a genus normally
associated with flowers and insects (Zheng et al., 2020) was found in
every corbicular pollen sample. Most ASVs under this genus were
identified as Apilactobacillus kunkeei which are honey bee-related mi-
crobes typically isolated from the bee crop (also called honey stomach)
(Corby-Harris et al., 2014; Olofsson et al., 2014), indicating they were
introduced by honey bees during the foraging activity. A recent study
exploring the effect of honey bees on the floral microbiome in a rural
boreal ecosystem also showed that honey bees altered the floral
microbiome and increased the relative abundance of bacterial order
Lactobacillales in open flowers (Hietaranta et al., 2023). In addition to

Gilliamella and Snodgrassella are dominant in the honey bee hindgut
region (Martinson et al., 2012; Anderson et al., 2013), while their
presence in the bee crop varies among worker bee types, i.e., they were
identified in the forager crop with great abundance but absent from the
crop of nurse bees and newly emerged bees (Anderson et al., 2013;
Corby-Harris et al., 2014). As bee-related microbes in corbicular pollen
are most likely derived from the bee crop due to pollen packing activity
using crop liquid, our identification of these two genera with high
prevalence in the corbicular pollen samples indirectly supports their
presence in the forager crop. Interestingly, Bifidobacterium was the only
core gut microbe completely absent from all samples. Like Gilliamella
and Snodgrassella, Bifidobacterium mainly colonizes the hindgut region
(Bottacini et al., 2012; Powell et al., 2014) and our finding suggest that
its habitat in honey bee might be more fixed compared to other core gut
microbes. Another highly prevalent genus was Massilia. Species under
this genus are widely distributed in the environment with soil as the
main habitat (Xu et al., 2023), thus its prevalence in corbicular pollen
might reflect a more general interaction between honey bees and
various environment sources.

The temporal change of corbicular pollen microbiome could be a
result of environmental factors and choice of forage plants collectively.
Most environmental factors used in this study affected the general
microbiome structure and correlated with several bacterial genera. We
speculated that flower pollen internally contained nutrition that sup-
ported bacterial growth and, together with external environmental
conditions, acted as a mini-incubator favoring the growth of specific
bacteria. The bacterial genera correlated with environmental factors did
not show considerable overlap with core or differentially abundant
genera, indicating the influencing factors of microbiome composition in
corbicular pollen were multilayered and the influence of environmental
factors alone was limited. The cross-domain network has been used as an
efficient tool to study potential interactions between bacteria and fungi
(Tipton et al., 2018), and here we expanded this method to study plant-
microbe interaction. We found that plant composition reorganized the
structure of the co-occurrence network, making it more connected and
stable. Many positive plant-bacteria co-occurrences also aligned with
the differential abundance results, suggesting the type of forage plants as
a more dominant influencing factor of corbicular pollen microbiome.
Previous studies have found that Lactobacillus spp. in honey bee gut
showed seasonal changes in abundance and proposed that flowers could
be a potential route of acquisition (Corby-Harris et al., 2014; Kesnerova
et al., 2020; Castelli et al., 2022). The genus Lactobacillus was reclassi-
fied into Lactobacillus, Paralactobacillus and 23 novel genera in 2020,
which include Apilactobacillus and Holzapfelia (Zheng et al., 2020). In
our study, we found that Apilactobacillus consistently co-occurred with
Rubus and Ligustrum, and Holzapfelia co-occurred with Tilia. All three
plant genera exhibited a flowering phase around June in Germany.
Although specific plant-microbe correlations were revealed, the
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originality of these corbicular pollen microbes should be carefully
interpreted. The plant-associated microbes could be harbored internally
in the plant, for example, vertically transmitted from plant seed (Cope-
Selby et al., 2017; Malinich and Bauer, 2018), or horizontally trans-
mitted from plant-specific insect pollinators (Ushio et al., 2015).

Rubus was the most prominent plant hub taxon revealed by the high
node degree and betweenness centrality in the cross-domain network. Its
positive co-occurrence with the bee pathogen Spiroplasma melliferum
further makes it an interesting object for discussion. Spiroplasma disease,
also known as “May disease”, occurs mainly between May and July
(Mouches et al., 1982; Zheng and Chen, 2014), and this is in line with
the flowering phase of Rubus and the period in which it was primarily
identified in corbicular pollen. Thus, the occurrence of this honey bee
disease could be due to intensive foraging from Rubus. The identified
Spiroplasma species also exhibit a wide insect host range including honey
bee, tick, horsefly, dragonfly, and beetle. This is consistent with a recent
study showing diverse flower-visiting insects of bramble (Rubus fruti-
cosus L. agg.) (Wignall et al., 2020). It has been reported that Rubus
pollen is highly nutritious with considerable content of proteins, sugars
and antioxidants, and bees fed with Rubus pollen are more tolerant
against Nosema infection compared to bees fed with less nutritious
pollen (Di Pasquale et al., 2013). We thus speculated that the high
nutritional value makes Rubus a foraging hotspot for various insects in
addition to honey bees, which further renders it a repository of diverse
microbes and a potentially important node for pathogen transmission.

The positive co-occurrence of Rubus with Spiroplasma bee pathogen
inspired us that analysis of corbicular pollen microbiome and plant
composition could have great potential to reveal the horizontal trans-
mission route of other bee pathogens. For example, P. larvae can be
transmitted both vertically from mother to daughter colonies via
swarming (Fries et al., 2006), and horizontally between colonies
through robbing (Lindstrom et al., 2008). Little is known whether forage
plants are also involved in the horizontal transmission of P. larvae and
how they are involved. It has also been shown that interspecific trans-
mission of fungal and viral bee pathogens is influenced by ecological and
social factors, however, the influence of floral resources was not inves-
tigated in the same study (Tiritelli et al., 2024). Although a study by
Graystock et al. (2015) highlighted flowers in general as key hotspots for
the transmission of pollinator pathogens, a comprehensive framework to
fully elucidate the complexities of this interaction network is still lack-
ing. We propose that by analyzing corbicular pollen samples before and
after infection by specific pathogen under natural conditions, and con-
structing cross-domain co-occurrence networks accordingly, the path-
ogen transmission route is likely to be uncovered. Moreover, pathogen
transmission of other pollinator insects can also be studies, provided that
a comparable sample to corbicular pollen is available, i.e., one that can
reveal the complete set of forage plants and whose microbial composi-
tion has not been significantly altered, for example, by in-hive
fermentation.

Compositionality of high throughput sequencing data has drawn
increasing awareness in related research fields and emphasized the
importance to use correct analytical approaches (Gloor et al., 2017). In
this study, most analyses were based on clr-transformed sequencing
data, which is a commonly used method to address compositional issue.
However, we also presented data based on relative abundance without
compositional adjustment such as core genus analysis. These data are
incapable to reveal changes in absolute abundance. For example, we had
no idea on the bacterial loads of honey bee-related microbes or plant-
derived pathogens in corbicular pollen. This information could be un-
covered in future studies using non-compositional methods such as
qPCR.

In summary, our study revealed the temporal change of corbicular
pollen microbiome and its influencing factors including environmental
factors and type of forage plants. We demonstrated the potential of
corbicular pollen to study the transmission of microbes between bees
and forage plants. This framework could be applied in other regions with
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differential landscapes, climate or floral resources to further study the
complicated pollinator-microbe-plant network or clarify the pathogen
transmission route in different ecosystems.

CRediT authorship contribution statement

Haoran Shi: Writing - original draft, Visualization, Methodology,
Investigation, Formal analysis. Stefan Ratering: Writing — review &
editing, Validation, Supervision, Software, Methodology, Investigation.
Bellinda Schneider: Investigation. Sylvia Schnell: Writing — review &
editing, Validation, Supervision, Resources, Project administration,
Funding acquisition, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

We thank Prof. Dr. Benjamin Lamp for providing the access to the
honey bee hives. We would like to thank our project partners from
SYKAM, AFIN, C.I.T., and Jorg Stockhaus for their contribution to the
bee2diversity project. This work was funded by a BMWi project
(KK5035801SA) of the German government.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2024.178107.

Data availability

The sequencing data are available at the NCBI GenBank database
under the BioProject PRINA1080550 and PRJNA1080497. Other data
will be made available on request.

References

Abdullaeva, Y., Ambika Manirajan, B., Honermeier, B., Schnell, S., Cardinale, M., 2021.
Domestication affects the composition, diversity, and co-occurrence of the cereal
seed microbiota. J. Adv. Res. 31, 75-86. https://doi.org/10.1016/j.
jare.2020.12.008.

Adamchuk, L., Bilotserkivets, T., Simkov, J., 2017. Nectar and pollen productivity of
common chicory. Agrobiodivers. Improv. Nutr. Health Life Qual. 1, 1-7. https://doi.
org/10.15414/agrobiodiversity.2017.2585-8246.1-7.

Agler, M.T., Ruhe, J., Kroll, S., Morhenn, C., Kim, S.T., Weigel, D., Kemen, E.M., 2016.
Microbial hub taxa link host and abiotic factors to plant microbiome variation. PLoS
Biol. 14 (1), e1002352. https://doi.org/10.1371/journal.pbio.1002352.

Aitchison, J., 1982. The statistical analysis of compositional data. J. R. Stat. Soc. 44,
139-160. https://doi.org/10.1111/j.2517-6161.1982.tb01195.x.

Aizen, M.A., Harder, L.D., 2009. The global stock of domesticated honey bees is growing
slower than agricultural demand for pollination. Curr. Biol. 19 (11), 915-918.
https://doi.org/10.1016/j.cub.2009.03.071.

Ambika Manirajan, B., Ratering, S., Rusch, V., Schwiertz, A., Geissler-Plaum, R.,
Cardinale, M., Schnell, S., 2016. Bacterial microbiota associated with flower pollen is
influenced by pollination type, and shows a high degree of diversity and species-
specificity. Environ. Microbiol. 18 (12), 5161-5174. https://doi.org/10.1111/1462-
2920.13524.

Anderson, M.J., 2001. A new method for non-parametric multivariate analysis of
variance. Austral Ecol. 26, 32-46. https://doi.org/10.1111/j.1442-
9993.2001.01070.pp.x.

Anderson, K.E., Sheehan, T.H., Mott, B.M., Maes, P., Snyder, L., Schwan, M.R.,
Walton, A., Jones, B.M., Corby-Harris, V., 2013. Microbial ecology of the hive and
pollination landscape: bacterial associates from floral nectar, the alimentary tract
and stored food of honey bees (Apis mellifera). PLoS One 8 (12), e83125. https://doi.
org/10.1371/journal.pone.0083125.

Bates, D., Machler, M., Bolker, B., Walker, S., 2015. Fitting linear mixed-effects models
using Ime4. J. Stat. Softw. 67 (1), 1-48. https://doi.org/10.18637/jss.v067.i01.
Bokulich, N.A., Kaehler, B.D., Rideout, J.R., Dillon, M., Bolyen, E., Knight, R., Huttley, G.

A., Caporaso, J.G., 2018. Optimizing taxonomic classification of marker-gene
amplicon sequences with QIIME 2's q2-feature-classifier plugin. Microbiome 6, 90.
https://doi.org/10.1186/540168-018-0470-z.


https://doi.org/10.1016/j.scitotenv.2024.178107
https://doi.org/10.1016/j.scitotenv.2024.178107
https://doi.org/10.1016/j.jare.2020.12.008
https://doi.org/10.1016/j.jare.2020.12.008
https://doi.org/10.15414/agrobiodiversity.2017.2585-8246.1-7
https://doi.org/10.15414/agrobiodiversity.2017.2585-8246.1-7
https://doi.org/10.1371/journal.pbio.1002352
https://doi.org/10.1111/j.2517-6161.1982.tb01195.x
https://doi.org/10.1016/j.cub.2009.03.071
https://doi.org/10.1111/1462-2920.13524
https://doi.org/10.1111/1462-2920.13524
https://doi.org/10.1111/j.1442-9993.2001.01070.pp.x
https://doi.org/10.1111/j.1442-9993.2001.01070.pp.x
https://doi.org/10.1371/journal.pone.0083125
https://doi.org/10.1371/journal.pone.0083125
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1186/s40168-018-0470-z

H. Shi et al.

Bolyen, E., Rideout, J.R., Dillon, M.R., Bokulich, N.A., Abnet, C.C., Al-Ghalith, G.A.,
Alexander, H., Alm, E.J., Arumugam, M., Asnicar, F., Bai, Y., Bisanz, J.E.,
Bittinger, K., Brejnrod, A., Brislawn, C.J., Brown, C.T., Callahan, B.J., Caraballo-
Rodriguez, A.M., Chase, J., Cope, E.K., Da Silva, R., Diener, C., Dorrestein, P.C.,
Douglas, G.M., Durall, D.M., Duvallet, C., Edwardson, C.F., Ernst, M., Estaki, M.,
Fouquier, J., Gauglitz, J.M., Gibbons, S.M., Gibson, D.L., Gonzalez, A., Gorlick, K.,
Guo, J., Hillmann, B., Holmes, S., Holste, H., Huttenhower, C., Huttley, G.A.,
Janssen, S., Jarmusch, A.K., Jiang, L., Kaehler, B.D., Kang, K.B., Keefe, C.R., Keim, P.,
Kelley, S.T., Knights, D., Koester, I., Kosciolek, T., Kreps, J., Langille, M.G.1., Lee, J.,
Ley, R., Liu, Y.X., Loftfield, E., Lozupone, C., Maher, M., Marotz, C., Martin, B.D.,
McDonald, D., Mclver, L.J., Melnik, A.V., Metcalf, J.L., Morgan, S.C., Morton, J.T.,
Naimey, A.T., Navas-Molina, J.A., Nothias, L.F., Orchanian, S.B., Pearson, T.,
Peoples, S.L., Petras, D., Preuss, M.L., Pruesse, E., Rasmussen, L.B., Rivers, A.,
Robeson, M.S., Rosenthal, P., Segata, N., Shaffer, M., Shiffer, A., Sinha, R., Song, S.J.,
Spear, J.R., Swafford, A.D., Thompson, L.R., Torres, P.J., Trinh, P., Tripathi, A.,
Turnbaugh, P.J., Ul-Hasan, S., van der Hooft, J.J.J., Vargas, F., Vazquez-Baeza, Y.,
Vogtmann, E., von Hippel, M., Walters, W., Wan, Y., Wang, M., Warren, J., Weber, K.
C., Williamson, C.H.D., Willis, A.D., Xu, Z.Z., Zaneveld, J.R., Zhang, Y., Zhu, Q.,
Knight, R., Caporaso, J.G., 2019. Reproducible, interactive, scalable and extensible
microbiome data science using QIIME 2. Nat. Biotechnol. 37 (8), 852-857. https://
doi.org/10.1038/s41587-019-0209-9.

Bottacini, F., Milani, C., Turroni, F., Sdnchez, B., Foroni, E., Duranti, S., Serafini, F.,
Viappiani, A., Strati, F., Ferrarini, A., Delledonne, M., Henrissat, B., Coutinho, P.,
Fitzgerald, G.F., Margolles, A., van Sinderen, D., Ventura, M., 2012. Bifidobacterium
asteroides PRL2011 genome analysis reveals clues for colonization of the insect gut.
PLoS One 7 (9), e44229. https://doi.org/10.1371/journal.pone.0044229.

Calderone, N.W., 2012. Insect pollinated crops, insect pollinators and US agriculture:
trend analysis of aggregate data for the period 1992-2009. PLoS One 7 (5), e37235.
https://doi.org/10.1371/journal.pone.0037235.

Callahan, B.J., McMurdie, P.J., Rosen, M.J., Han, A.W., Johnson, A.J.A., Holmes, S.P.,
2016. DADA2: high-resolution sample inference from Illumina amplicon data. Nat.
Methods 13 (7), 581-583. https://doi.org/10.1038/nmeth.3869.

Castelli, L., Branchiccela, B., Romero, H., Zunino, P., Antiinez, K., 2022. Seasonal
dynamics of the honey bee gut microbiota in colonies under subtropical climate.
Microb. Ecol. 83 (2), 492-500. https://doi.org/10.1007/500248-021-01756-1.

Chen, S., Yao, H., Han, J., Liu, C., Song, J., Shi, L., Zhu, Y., Ma, X., Gao, T., Pang, X.,
Luo, K., Li, Y., Li, X., Jia, X., Lin, Y., Leon, C., 2010. Validation of the ITS2 region as a
novel DNA barcode for identifying medicinal plant species. PLoS One 5 (1), e8613.
https://doi.org/10.1371/journal.pone.0008613.

Claesson, M.J., O'Sullivan, O., Wang, Q., Nikkila, J., Marchesi, J.R., Smidt, H., de Vos, W.
M., Ross, R.P., O'Toole, P.W., 2009. Comparative analysis of pyrosequencing and a
phylogenetic microarray for exploring microbial community structures in the human
distal intestine. PLoS One 4 (8), e6669. https://doi.org/10.1371/journal.
pone.0006669.

Cope-Selby, N., Cookson, A., Squance, M., Donnison, I., Flavell, R., Farrar, K., 2017.
Endophytic bacteria in Miscanthus seed: implications for germination, vertical
inheritance of endophytes, plant evolution and breeding. GCB Bioenergy 9 (1),
57-77. https://doi.org/10.1111/gcbb.12364.

Corby-Harris, V., Maes, P., Anderson, K.E., 2014. The bacterial communities associated
with honey bee (Apis mellifera) foragers. PLoS One 9 (4), €95056. https://doi.org/
10.1371/journal.pone.0095056.

Crailsheim, K., Schneider, L.H.W., Hrassnigg, N., Buhlmann, G., Brosch, U.,
Gmeinbauer, R., Schoffmann, B., 1992. Pollen consumption and utilization in worker
honeybees (Apis mellifera carnica): dependence on individual age and function.

J. Insect Physiol. 38 (6), 409-419. https://doi.org/10.1016/0022-1910(92)90117-V.

Di Pasquale, G., Salignon, M., Le Conte, Y., Belzunces, L.P., Decourtye, A.,
Kretzschmar, A., Suchail, S., Brunet, J.L., Alaux, C., 2013. Influence of pollen
nutrition on honey bee health: do pollen quality and diversity matter? PLoS One 8
(8), €72016. https://doi.org/10.1371/journal.pone.0072016.

Donkersley, P., Rhodes, G., Pickup, R.W., Jones, K.C., Wilson, K., 2018. Bacterial
communities associated with honeybee food stores are correlated with land use.
Ecol. Evol. 8 (10), 4743-4756. https://doi.org/10.1002/ece3.3999.

Durant, J.L., Otto, C.R.V., 2019. Feeling the sting? Addressing land-use changes can
mitigate bee declines. Land Use Policy 87, 104005. https://doi.org/10.1016/j.
landusepol.2019.05.024.

Engel, P., Martinson, V.G., Moran, N.A., 2012. Functional diversity within the simple gut
microbiota of the honey bee. Proc. Natl. Acad. Sci. 109 (27), 11002-11007. https://
doi.org/10.1073/pnas.1202970109.

Engelbrektson, A., Kunin, V., Wrighton, K.C., Zvenigorodsky, N., Chen, F., Ochman, H.,
Hugenholtz, P., 2010. Experimental factors affecting PCR-based estimates of
microbial species richness and evenness. ISME J. 4 (5), 642-647. https://doi.org/
10.1038/ismej.2009.153.

Evans, J.D., Schwarz, R.S., 2011. Bees brought to their knees: microbes affecting honey
bee health. Trends Microbiol. 19 (12), 614-620. https://doi.org/10.1016/j.
tim.2011.09.003.

Fernandes, A.D., Macklaim, J.M., Linn, T.G., Reid, G., Gloor, G.B., 2013. ANOVA-like
differential expression (ALDEx) analysis for mixed population RNA-Seq. PLoS One 8
(7), €67019. https://doi.org/10.1371/journal.pone.0067019.

Fisher, H.A., Glass, J.R., Ozturk, C., DesJardins, N., Raka, Y., DeGrandi-Hoffman, G.,
Smith, B.H., Fewell, J.H., Harrison, J.F., 2022. Seasonal variability in physiology and
behavior affect the impact of fungicide exposure on honey bee (Apis mellifera) health.
Environ. Pollut. 311, 120010. https://doi.org/10.1016/j.envpol.2022.120010.

Forsgren, E., Olofsson, T.C., Vasquez, A., Fries, 1., 2010. Novel lactic acid bacteria
inhibiting Paenibacillus larvae in honey bee larvae. Apidologie 41 (1), 99-108.
https://doi.org/10.1051/apido/2009065.

11

Science of the Total Environment 958 (2025) 178107

Fries, 1., Lindstrom, A., Korpela, S., 2006. Vertical transmission of American foulbrood
(Paenibacillus larvae) in honey bees (Apis mellifera). Vet. Microbiol. 114 (3-4),
269-274. https://doi.org/10.1016/j.vetmic.2005.11.068.

Geslin, B., Aizen, M.A., Garcia, N., Pereira, A.J., Vaissiere, B.E., Garibaldi, L.A., 2017.
The impact of honey bee colony quality on crop yield and farmers’ profit in apples
and pears. Agric. Ecosyst. Environ. 248, 153-161. https://doi.org/10.1016/j.
agee.2017.07.035.

Ghosh, S., Jeon, H., Jung, C., 2020. Foraging behaviour and preference of pollen sources
by honey bee (Apis mellifera) relative to protein contents. J. Ecol. Environ. 44, 4.
https://doi.org/10.1186/541610-020-0149-9.

Ghosh, S., Namin, S.M., Jung, C., 2022. Differential bacterial community of bee bread
and bee pollen revealed by 16S rRNA high-throughput sequencing. Insects 13 (10),
863. https://doi.org/10.3390/insects13100863.

Gloor, G.B., Macklaim, J.M., Pawlowsky-Glahn, V., Egozcue, J.J., 2017. Microbiome
datasets are compositional: and this is not optional. Front. Microbiol. 8, 2224.
https://doi.org/10.3389/fmicb.2017.02224.

Graystock, P., Goulson, D., Hughes, W.0.H., 2015. Parasites in bloom: flowers aid
dispersal and transmission of pollinator parasites within and between bee species.
Proc. R. Soc. B 282, 20151371. https://doi.org/10.1098/rspb.2015.1371.

Hietaranta, E., Juottonen, H., Kyt6viita, M.M., 2023. Honeybees affect floral microbiome
composition in a central food source for wild pollinators in boreal ecosystems.
Oecologia 201 (1), 59-72. https://doi.org/10.1007/500442-022-05285-7.

Insolia, L., Molinari, R., Rogers, S.R., Williams, G.R., Chiaromonte, F., Calovi, M., 2022.
Honey bee colony loss linked to parasites, pesticides and extreme weather across the
United States. Sci. Rep. 12 (1), 20787. https://doi.org/10.1038/s41598-022-24946-
4.

Jones, J.C., Fruciano, C., Hildebrand, F., Al Toufalilia, H., Balfour, N.J., Bork, P.,
Engel, P., Ratnieks, F.L., Hughes, W.O., 2018. Gut microbiota composition is
associated with environmental landscape in honey bees. Ecol. Evol. 8 (1), 441-451.
https://doi.org/10.1002/ece3.3597.

Keller, L., Fluri, P., Imdorf, A., 2005. Pollen nutrition and colony development in honey
bees: part 1. Bee World 86 (1), 3-10. https://doi.org/10.1080/
0005772X.2005.11099641.

Kesnerovd, L., Emery, O., Troilo, M., Liberti, J., Erkosar, B., Engel, P., 2020. Gut
microbiota structure differs between honeybees in winter and summer. ISME J. 14
(3), 801-814. https://doi.org/10.1038/s41396-019-0568-8.

Koljalg, U., Nilsson, H.R., Schigel, D., Tedersoo, L., Larsson, K.H., May, T.W., Taylor, A.F.
S., Jeppesen, T.S., Froslev, T.G., Lindahl, B.D., Poldmaa, K., Saar, I., Suija, A.,
Savchenko, A., Yatsiuk, I., Adojaan, K., Ivanov, F., Piirmann, T., Pohonen, R.,

Zirk, A., Abarenkov, K., 2020. The taxon hypothesis paradigm - on the unambiguous
detection and communication of taxa. Microorganisms 8 (12), 1910. https://doi.org/
10.3390/microorganisms8121910.

Korbie, D.J., Mattick, J.S., 2008. Touchdown PCR for increased specificity and sensitivity
in PCR amplification. Nat. Protoc. 3 (9), 1452-1456. https://doi.org/10.1038/
nprot.2008.133.

Kremen, C., Williams, N.M., Thorp, R.W., 2002. Crop pollination from native bees at risk
from agricultural intensification. Proc. Natl. Acad. Sci. 99 (26), 16812-16816.
https://doi.org/10.1073/pnas.262413599.

Kurtz, Z.D., Miiller, C.L., Miraldi, E.R., Littman, D.R., Blaser, M.J., Bonneau, R.A., 2015.
Sparse and compositionally robust inference of microbial ecological networks. PLoS
Comput. Biol. 11 (5), e1004226. https://doi.org/10.1371/journal.pcbi.1004226.

Kwong, W.K., Medina, L.A., Koch, H., Sing, K.W., Soh, E.J.Y., Ascher, J.S., Jaffé, R.,
Moran, N.A., 2017. Dynamic microbiome evolution in social bees. Sci. Adv. 3 (3),
e1600513. https://doi.org/10.1126/sciadv.1600513.

Lahti, L., Shetty, S., 2017. Tools for microbiome analysis in R. Microbiome package
v01.20.0. (Version 1.20.0). https://github.com/microbiome/microbiome.

Le Conte, Y., Navajas, M., 2008. Climate change: impact on honey bee populations and
diseases. Rev. Sci. Tech. 27 (2), 499-510. https://doi.org/10.20506/rst.27.2.1819.

Legendre, P., Oksanen, J., ter Braak, C.J.F., 2011. Testing the significance of canonical
axes in redundancy analysis. Methods Ecol. Evol. 2 (3), 269-277. https://doi.org/
10.1111/j.2041-210X.2010.00078.x.

Lin, H., Peddada, S.D., 2024. Multigroup analysis of compositions of microbiomes with
covariate adjustments and repeated measures. Nat. Methods 21 (1), 83-91. https://
doi.org/10.1038/541592-023-02092-7.

Lindstrom, A., Korpela, S., Fries, 1., 2008. Horizontal transmission of Paenibacillus larvae
spores between honey bee (Apis mellifera) colonies through robbing. Apidologie 39
(5), 515-522. https://doi.org/10.1051/apido:2008032.

Lundberg, D.S., Yourstone, S., Mieczkowski, P., Jones, C.D., Dangl, J.L., 2013. Practical
innovations for high-throughput amplicon sequencing. Nat. Methods 10 (10),
999-1002. https://doi.org/10.1038/nmeth.2634.

Malinich, E.A., Bauer, C.E., 2018. The plant growth promoting bacterium Azospirillum
brasilense is vertically transmitted in Phaseolus vulgaris (common bean). Symbiosis 76
(2), 97-108. https://doi.org/10.1007/s13199-018-0539-2.

Martin, M., 2011. Cutadapt removes adapter sequences from high-throughput
sequencing reads. EMBnet J. 17 (1), 3. https://doi.org/10.14806/¢j.17.1.200.

Martinson, V.G., Moy, J., Moran, N.A., 2012. Establishment of characteristic gut bacteria
during development of the honeybee worker. Appl. Environ. Microbiol. 78 (8),
2830-2840. https://doi.org/10.1128/AEM.07810-11.

Mayer, D.F., Lunden, J.D., 1991. Honey bee foraging on dandelion and apple in apple
orchards. J. Entomol. Soc. B. C. 88, 15-17.

McKnight, D.T., Huerlimann, R., Bower, D.S., Schwarzkopf, L., Alford, R.A., Zenger, K.R.,
2019. microDecon: a highly accurate read-subtraction tool for the post-sequencing
removal of contamination in metabarcoding studies. Environ. DNA 1, 14-25.
https://doi.org/10.1002/edn3.11.


https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1371/journal.pone.0044229
https://doi.org/10.1371/journal.pone.0037235
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1007/s00248-021-01756-1
https://doi.org/10.1371/journal.pone.0008613
https://doi.org/10.1371/journal.pone.0006669
https://doi.org/10.1371/journal.pone.0006669
https://doi.org/10.1111/gcbb.12364
https://doi.org/10.1371/journal.pone.0095056
https://doi.org/10.1371/journal.pone.0095056
https://doi.org/10.1016/0022-1910(92)90117-V
https://doi.org/10.1371/journal.pone.0072016
https://doi.org/10.1002/ece3.3999
https://doi.org/10.1016/j.landusepol.2019.05.024
https://doi.org/10.1016/j.landusepol.2019.05.024
https://doi.org/10.1073/pnas.1202970109
https://doi.org/10.1073/pnas.1202970109
https://doi.org/10.1038/ismej.2009.153
https://doi.org/10.1038/ismej.2009.153
https://doi.org/10.1016/j.tim.2011.09.003
https://doi.org/10.1016/j.tim.2011.09.003
https://doi.org/10.1371/journal.pone.0067019
https://doi.org/10.1016/j.envpol.2022.120010
https://doi.org/10.1051/apido/2009065
https://doi.org/10.1016/j.vetmic.2005.11.068
https://doi.org/10.1016/j.agee.2017.07.035
https://doi.org/10.1016/j.agee.2017.07.035
https://doi.org/10.1186/s41610-020-0149-9
https://doi.org/10.3390/insects13100863
https://doi.org/10.3389/fmicb.2017.02224
https://doi.org/10.1098/rspb.2015.1371
https://doi.org/10.1007/s00442-022-05285-7
https://doi.org/10.1038/s41598-022-24946-4
https://doi.org/10.1038/s41598-022-24946-4
https://doi.org/10.1002/ece3.3597
https://doi.org/10.1080/0005772X.2005.11099641
https://doi.org/10.1080/0005772X.2005.11099641
https://doi.org/10.1038/s41396-019-0568-8
https://doi.org/10.3390/microorganisms8121910
https://doi.org/10.3390/microorganisms8121910
https://doi.org/10.1038/nprot.2008.133
https://doi.org/10.1038/nprot.2008.133
https://doi.org/10.1073/pnas.262413599
https://doi.org/10.1371/journal.pcbi.1004226
https://doi.org/10.1126/sciadv.1600513
https://github.com/microbiome/microbiome
https://doi.org/10.20506/rst.27.2.1819
https://doi.org/10.1111/j.2041-210X.2010.00078.x
https://doi.org/10.1111/j.2041-210X.2010.00078.x
https://doi.org/10.1038/s41592-023-02092-7
https://doi.org/10.1038/s41592-023-02092-7
https://doi.org/10.1051/apido:2008032
https://doi.org/10.1038/nmeth.2634
https://doi.org/10.1007/s13199-018-0539-2
https://doi.org/10.14806/ej.17.1.200
https://doi.org/10.1128/AEM.07810-11
http://refhub.elsevier.com/S0048-9697(24)08265-2/rf0275
http://refhub.elsevier.com/S0048-9697(24)08265-2/rf0275
https://doi.org/10.1002/edn3.11

H. Shi et al.

McMurdie, P.J., Holmes, S., 2013. phyloseq: an R package for reproducible interactive
analysis and graphics of microbiome census data. PLoS One 8 (4), e61217. https://
doi.org/10.1371/journal.pone.0061217.

Milla, L., Sniderman, K., Lines, R., Mousavi-Derazmahalleh, M., Encinas-Viso, F., 2021.
Pollen DNA metabarcoding identifies regional provenance and high plant diversity
in Australian honey. Ecol. Evol. 11 (13), 8683-8698. https://doi.org/10.1002/
ece3.7679.

Motta, E.V.S., Moran, N.A., 2024. The honeybee microbiota and its impact on health and
disease. Nat. Rev. Microbiol. 22, 122-137. https://doi.org/10.1038/541579-023-
00990-3.

Mouches, C., Bové, J.M., Albisetti, J., Clark, T.B., Tully, J.G., 1982. A spiroplasma of
serogroup IV causes a May-disease-like disorder of honeybees in southwestern
France. Microb. Ecol. 8 (4), 387-399. https://doi.org/10.1007/BF02010677.

Namin, S.M., Kim, M.J., Son, M., Jung, C., 2022. Honey DNA metabarcoding revealed
foraging resource partitioning between Korean native and introduced honey bees
(Hymenoptera: Apidae). Sci. Rep. 12 (1), 14394. https://doi.org/10.1038/541598-
022-18465-5.

Oksanen, J., Simpson, G.L., Blanchet, F.G., Kindt, R., Legendre, P., Minchin, P.R.,
O'Hara, R.B., Solymos, P., Stevens, M.H.H., Szoecs, E., Wagner, H., 2022. vegan:
community ecology package. R package version 2.6-4. https://cran.r-project.org
/web/packages/vegan.

Olofsson, T.C., Alsterfjord, M., Nilson, B., Butler, E., Vasquez, A., 2014. Lactobacillus
apinorum sp. nov., Lactobacillus mellifer sp. nov., Lactobacillus mellis sp. nov.,
Lactobacillus melliventris sp. nov., Lactobacillus kimbladii sp. nov., Lactobacillus
helsingborgensis sp. nov. and Lactobacillus kullabergensis sp. nov., isolated from the
honey stomach of the honeybee Apis mellifera. Int. J. Syst. Evol. Microbiol. 64,
3109-3119. https://doi.org/10.1099/ijs.0.059600-0.

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O.,

Blondel, M., Prettenhofer, P., Weiss, R., Dubourg, V., Vanderplas, J., Passos, A.,
Cournapeau, D., Brucher, M., Perrot, M., Duchesnay, E., 2011. Scikit-learn: machine
learning in python. J. Mach. Learn. Res. 12 (85), 2825-2830.

Percival, M., 1950. Pollen presentation and pollen collection. New Phytol. 49 (1), 40-63.
https://doi.org/10.1111/j.1469-8137.1950.tb05143.x.

Powell, J.E., Martinson, V.G., Urban-Mead, K., Moran, N.A., 2014. Routes of acquisition
of the gut microbiota of the honey bee Apis mellifera. Appl. Environ. Microbiol. 80
(23), 7378-7387. https://doi.org/10.1128/AEM.01861-14.

Quast, C., Pruesse, E., Yilmaz, P., Gerken, J., Schweer, T., Yarza, P., Peplies, J.,
Glockner, F.O., 2013. The SILVA ribosomal RNA gene database project: improved
data processing and web-based tools. Nucleic Acids Res. 41 (D1), D590-D596.
https://doi.org/10.1093/nar/gks1219.

Richardson, R.T., Curtis, H.R., Matcham, E.G., Lin, C.H., Suresh, S., Sponsler, D.B.,
Hearon, L.E., Johnson, R.M., 2019. Quantitative multi-locus metabarcoding and
waggle dance interpretation reveal honey bee spring foraging patterns in Midwest
agroecosystems. Mol. Ecol. 28 (3), 686-697. https://doi.org/10.1111/mec.14975.

Richardson, R.T., Eaton, T.D., Lin, C.H., Cherry, G., Johnson, R.M., Sponsler, D.B., 2021.
Application of plant metabarcoding to identify diverse honeybee pollen forage along
an urban-agricultural gradient. Mol. Ecol. 30 (1), 310-323. https://doi.org/
10.1111/mec.15704.

Roswell, M., Dushoff, J., 2022. MeanRarity: hill diversity estimation and visualization. R
package version 0.0.1.0005. https://mikeroswell.github.io/MeanRarity.

Séez, A., Aizen, M.A., Medici, S., Viel, M., Villalobos, E., Negri, P., 2020. Bees increase
crop yield in an alleged pollinator-independent almond variety. Sci. Rep. 10 (1),
3177. https://doi.org/10.1038/s41598-020-59995-0.

Santorelli, L.A., Wilkinson, T., Abdulmalik, R., Rai, Y., Creevey, C.J., Huws, S., Gutierrez-
Merino, J., 2023. Beehives possess their own distinct microbiomes. Environ.
Microbiome 18, 1. https://doi.org/10.1186/540793-023-00460-6.

Shannon, P., Markiel, A., Ozier, O., Baliga, N.S., Wang, J.T., Ramage, D., Amin, N.,
Schwikowski, B., Ideker, T., 2003. Cytoscape: a software environment for integrated

12

Science of the Total Environment 958 (2025) 178107

models of biomolecular interaction networks. Genome Res. 13 (11), 2498-2504.
https://doi.org/10.1101/gr.1239303.

Simone-Finstrom, M., Strand, M.K., Tarpy, D.R., Rueppell, O., 2022. Impact of honey bee
migratory management on pathogen loads and immune gene expression is affected
by complex interactions with environment, worker life history, and season. J. Insect
Sci. 22 (1), 1-10. https://doi.org/10.1093/jisesa/ieab096.

Steffan, S.A., Dharampal, P.S., Kueneman, J.G., Keller, A., Argueta-Guzman, M.P.,
McFrederick, Q.S., Buchmann, S.L., Vannette, R.L., Edlund, A.F., Mezera, C.C.,
Amon, N., Danforth, B.N., 2024. Microbes, the 'silent third partners' of bee-
angiosperm mutualisms. Trends Ecol. Evol. 39 (1), 65-77. https://doi.org/10.1016/
j.tree.2023.09.001.

Tipton, L., Miiller, C.L., Kurtz, Z.D., Huang, L., Kleerup, E., Morris, A., Bonneau, R.,
Ghedin, E., 2018. Fungi stabilize connectivity in the lung and skin microbial
ecosystems. Microbiome 6 (1). https://doi.org/10.1186/540168-017-0393-0.

Tiritelli, R., Flaminio, S., Zavatta, L., Ranalli, R., Giovanetti, M., Grasso, D.A.,
Leonardi, S., Bonforte, M., Boni, C.B., Cargnus, E., Catania, R., Coppola, F., Santo, M.
D., Pusceddu, M., Quaranta, M., Bortolotti, L., Nanetti, A., Cilia, G., 2024. Ecological
and social factors influence interspecific pathogens occurrence among bees. Sci. Rep.
14, 5136. https://doi.org/10.1038/5s41598-024-55718-x.

Ushio, M., Yamasaki, E., Takasu, H., Nagano, A.J., Fujinaga, S., Honjo, M.N.,

Ikemoto, M., Sakai, S., Kudoh, H., 2015. Microbial communities on flower surfaces
act as signatures of pollinator visitation. Sci. Rep. 5, 8695. https://doi.org/10.1038/
srep08695.

Wang, Y., Ma, L., Xu, B., 2023. Bee wisdom: exploring bee control strategies for food
microflora by comparing the physicochemical characteristics and microbial
composition of beebread. Microbiol. Spectr. 11 (6), €0181823. https://doi.org/
10.1128/spectrum.01818-23.

White, T.J., Bruns, T., Lee, S., Taylor, J., 1990. Amplification and direct sequencing of
fungal ribosomal RNA genes for phylogenetics. In: Innis, M.A., Gelfand, D.H.,
Sninsky, J.J., et al. (Eds.), PCR Protocols: A Guide to Methods and Applications.
Academic Press, New York, USA, pp. 315-322. https://doi.org/10.1016/B978-0-12-
372180-8.50042-1.

Wignall, V.R., Arscott, N.A., Nudds, H.E., Squire, A., Green, T.O., Ratnieks, F.L.W., 2020.
Thug life: bramble (Rubus fruticosus L. agg.) is a valuable foraging resource for
honeybees and diverse flower-visiting insects. Insect Conserv. Divers. 13, 543-557.
https://doi.org/10.1111/icad.12436.

Wilcoxon, F., 1946. Individual comparisons of grouped data by ranking methods.

J. Econ. Entomol. 39 (2), 269-270. https://doi.org/10.1093/jee/39.2.269.

Xiao, J., He, Q., Liu, Q., Wang, Z., Yin, F., Chai, Y., Yang, Q., Jiang, X., Liao, M., Yu, L.,
Jiang, W., Cao, H., 2022. Analysis of honey bee exposure to multiple pesticide
residues in the hive environment. Sci. Total Environ. 805, 150292. https://doi.org/
10.1016/j.scitotenv.2021.150292.

Xu, A., Liu, C., Zhao, S., Song, Z., Sun, H., 2023. Dynamic distribution of Massilia spp. in
sewage, substrate, plant rhizosphere/phyllosphere and air of constructed wetland
ecosystem. Front. Microbiol. 14, 1211649. https://doi.org/10.3389/
fmicb.2023.1211649.

Zheng, H.Q., Chen, Y.P., 2014. Detection of Spiroplasma melliferum in honey bee colonies
in the US. J. Invertebr. Pathol. 119, 47-49. https://doi.org/10.1016/j.
jip.2014.03.006.

Zheng, H., Nishida, A., Kwong, W.K., Koch, H., Engel, P., Steele, M.I., Moran, N.A., 2016.
Metabolism of toxic sugars by strains of the bee gut symbiont Gilliamella apicola.
mBio 7 (6). https://doi.org/10.1128/mbio.01326-16.

Zheng, J.S., Wittouck, S., Salvetti, E., Franz, C., Harris, H.M.B., Mattarelli, P., O'Toole, P.
W., Pot, B., Vandamme, P., Walter, J., Watanabe, K., Wuyts, S., Felis, G.E.,

Ganzle, M.G., Lebeer, S., 2020. A taxonomic note on the genus Lactobacillus:
description of 23 novel genera, emended description of the genus Lactobacillus
Beijerinck 1901, and union of Lactobacillaceae and Leuconostocaceae. Int. J. Syst.
Evol. Microbiol. 70 (4), 2782-2858. https://doi.org/10.1099/ijsem.0.004107.


https://doi.org/10.1371/journal.pone.0061217
https://doi.org/10.1371/journal.pone.0061217
https://doi.org/10.1002/ece3.7679
https://doi.org/10.1002/ece3.7679
https://doi.org/10.1038/s41579-023-00990-3
https://doi.org/10.1038/s41579-023-00990-3
https://doi.org/10.1007/BF02010677
https://doi.org/10.1038/s41598-022-18465-5
https://doi.org/10.1038/s41598-022-18465-5
https://cran.r-project.org/web/packages/vegan
https://cran.r-project.org/web/packages/vegan
https://doi.org/10.1099/ijs.0.059600-0
http://refhub.elsevier.com/S0048-9697(24)08265-2/rf0320
http://refhub.elsevier.com/S0048-9697(24)08265-2/rf0320
http://refhub.elsevier.com/S0048-9697(24)08265-2/rf0320
http://refhub.elsevier.com/S0048-9697(24)08265-2/rf0320
https://doi.org/10.1111/j.1469-8137.1950.tb05143.x
https://doi.org/10.1128/AEM.01861-14
https://doi.org/10.1093/nar/gks1219
https://doi.org/10.1111/mec.14975
https://doi.org/10.1111/mec.15704
https://doi.org/10.1111/mec.15704
https://mikeroswell.github.io/MeanRarity
https://doi.org/10.1038/s41598-020-59995-0
https://doi.org/10.1186/s40793-023-00460-6
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1093/jisesa/ieab096
https://doi.org/10.1016/j.tree.2023.09.001
https://doi.org/10.1016/j.tree.2023.09.001
https://doi.org/10.1186/s40168-017-0393-0
https://doi.org/10.1038/s41598-024-55718-x
https://doi.org/10.1038/srep08695
https://doi.org/10.1038/srep08695
https://doi.org/10.1128/spectrum.01818-23
https://doi.org/10.1128/spectrum.01818-23
https://doi.org/10.1016/B978-0-12-372180-8.50042-1
https://doi.org/10.1016/B978-0-12-372180-8.50042-1
https://doi.org/10.1111/icad.12436
https://doi.org/10.1093/jee/39.2.269
https://doi.org/10.1016/j.scitotenv.2021.150292
https://doi.org/10.1016/j.scitotenv.2021.150292
https://doi.org/10.3389/fmicb.2023.1211649
https://doi.org/10.3389/fmicb.2023.1211649
https://doi.org/10.1016/j.jip.2014.03.006
https://doi.org/10.1016/j.jip.2014.03.006
https://doi.org/10.1128/mbio.01326-16
https://doi.org/10.1099/ijsem.0.004107

	Microbiome of honey bee corbicular pollen: Factors influencing its structure and potential for studying pathogen transmission
	1 Introduction
	2 Material and methods
	2.1 Study sites and sample collection
	2.2 DNA extraction from corbicular pollen
	2.3 16S rRNA and ITS2 ion torrent sequencing
	2.4 Sequence data analysis
	2.5 Correlation and network analysis

	3 Results
	3.1 Ion torrent sequencing analysis
	3.2 Corbicular pollen harbors diverse bacterial and plant composition
	3.3 The diversity of bacteria and plants in corbicular pollen changes over time
	3.4 Bacterial community in corbicular pollen is influenced by environmental factors
	3.5 Co-occurrence analysis reveals specific microbe-plant correlation
	3.6 Corbicular pollen shows potential for studying pathogen transmission in natural ecosystems

	4 Discussion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Appendix A Supplementary data
	Data availability
	References


