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Abstract

The honeybee (Apis mellifera) is a key pollinator critical to global agriculture, facing threats from various stressors, includ-
ing the ectoparasitic Varroa mite (Varroa destructor). Previous studies have identified shared bacteria between Varroa mites
and honeybees, yet it remains unclear if these bacteria assemble similarly in both species. This study builds on existing
knowledge by investigating co-occurrence patterns in the microbiomes of both Varroa mites and honeybees, shedding light
on potential interactions. Leveraging 16S rRNA datasets, we conducted co-occurrence network analyses, explored Core
Association Networks (CAN) and assess network robustness. Comparative network analyses revealed structural differences
between honeybee and mite microbiomes, along with shared core features and microbial motifs. The mite network exhibited
lower robustness, suggesting less resistance to taxa extension compared to honeybees. Furthermore, analyses of predicted
functional profiling and taxa contribution revealed that common central pathways in the metabolic networks have different
taxa contributing to Varroa mites and honeybee microbiomes. The results show that while both microbial systems exhibit
functional redundancy, in which different taxa contribute to the functional stability and resilience of the ecosystem, there
is evidence for niche specialization resulting in unique contributions to specific pathways in each part of this host-parasite
system. The specificity of taxa contribution to key pathways offers targeted approaches to Varroa microbiome management
and preserving honeybee microbiome. Our findings provide valuable insights into microbial interactions, aiding farmers and
beekeepers in maintaining healthy and resilient bee colonies amid increasing Varroa mite infestations.
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Introduction

Varroa destructor (Parasitifiormes: Varroidae) is an ectopar-
asitic mite that infests western honeybees of Apis mellifera
(Hymenoptera: Apidae) (Rosenkranz et al. 2010). Varroa
is spread in all regions inhabited by A. mellifera colonies,
except some locations such as remote islands (e.g., Sey-
chelles, Comoros archipelagoes) as well as the extreme
northern regions (Traynor et al. 2020). Historically, Varroa
mite was believed to feed only on honeybee hemolymph.
However, recent evidences indicate that while hemolymph
is a major dietary component for Varroa mites during
the reproductive phase when feeding on honeybee larvae
(Han et al. 2024), phoretic mites feeding on adult honey-
bees acquire predominantly fat bodies (Ramsey et al. 2019;
Han et al. 2024). The Varroa mite infestation on honeybee
colonies weakens the host, attenuates the immune response
(Kuster et al. 2014), reduces the ability to navigate (Ruano
et al. 1991), prolongs the absence from the colony, and low-
ers the return rate to the hive (Krajl & Fuchs, 2006). Moreo-
ver, Varroa mites also act as vectors of several pathogenic
viruses (Chen et al. 2004; Di Prisco et al. 2011; Piou et al.
2022; Tantillo et al. 2015) and bacteria (Kanbar and Engels
2003). For instance, Varroa mites facilitate the transmis-
sion of pathogenic bacteria such as Serratia marcescens
(Gliniski & Jarosz 1992) causing mortality of honeybees if
applied to hemocoel (Raymann et al. 2018). The small punc-
tures of Varroa mites to the pupal integument of honeybees
induce wound formation where the microbial infection tends
to spread (Kanbar and Engels 2003). Pathogens as well as
other bacteria carry an ecological importance (Fischhoff
et al. 2020) and pose a growing concern causing economic
losses to beekeepers worldwide (Hristov et al. 2020).
Despite the increasing number of Varroa mite infesta-
tions, to the best of our knowledge, only four studies deal-
ing with Varroa mite microbiome have been conducted to
date—from Czechia (Hubert et al. 2016), Italy (Sandionigi
et al. 2015), Thailand (Pakwan et al. 2018), and USA (Huang
& Evans 2024). While these studies primarily focus on alpha
and beta diversity description, only Huang and Evans (2024)
analyzed the functional profile of Varroa mite’s microbi-
ome and none of them have delved into the bacterial co-
occurrence networks. Among them, only two experiments
conducted in Czechia (Hubert et al. 2016) and Italy (Sandi-
onigi et al. 2015), have compared the honeybee and Varroa
mite microbiomes. Particularly, Hubert et al. (2016) exam-
ined the microbiota of honeybee A. mellifera and Varroa
mites. Analyzing specimens from 26 colonies in Czechia,
they found significant differences in microbiota diversity,
with Varroa mites having a lower diversity. Diplorickettsia,
a specific symbiont, was identified in Varroa mites, while
certain bacterial taxa were more abundant in Varroa than
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in honeybees. The study supported the concept of bacterial
transfer between the two populations, emphasizing distinct
proportional representations in their microbiomes. The find-
ings contribute to understanding the intricate dynamics of
microbial interactions within the honeybee-Varroa system
and highlight potential implications for honeybee health.

Analyzing microbial co-occurrence networks proves to be
a valuable tool for investigating the structure and dynamics
of microbial communities (Faust and Raes 2012; Layeghi-
fard et al. 2017). By utilizing abundance data derived from
high-throughput sequencing technologies, meaningful co-
occurrence patterns between microbial taxa can be identified
and visually represented as networks (Faust and Raes 2012).
In these microbial networks, nodes and links symbolize bac-
terial taxa and their respective co-occurrences (Rottjers and
Faust 2018). In addition, the study of emergent properties,
such as robustness and connectivity, helps elucidate the
behavior of complex systems like the bacterial microbiota.
These properties would remain unnoticed if only isolated
portions of the network were examined (Aderem 2005;
Rottjers and Faust 2018). Networks have proven insight-
ful in analyzing the honeybee microbiome and exploring
Varroa-honeybees-virus interactions. Particularly, Svobo-
dova et al. (2023) investigated the impact of V. destructor
and associated viruses on honeybee gut microbiota, focus-
ing on Varroa-susceptible and Varroa-surviving honeybees
from Gotland. Employing a network approach with viral and
bacterial nodes, they found distinct microbiota differences
between the two honeybee populations. Four viruses were
tightly linked to bacterial nodes in Varroa-susceptible hon-
eybees, while Varroa-surviving honeybees exhibited less
complex networks with fewer viral associations. In silico
removal of viral nodes disrupted microbial networks and
reduced robustness in Varroa-susceptible honeybees. The
study highlights the importance of a network approach in
understanding virus-bacterium interactions and their role in
honeybee resistance, providing insights for controlling viral
infections. Beyond unraveling microbial community assem-
bly patterns and robustness, 16S rRNA data can be leveraged
to predict metabolic function by aligning taxonomic infor-
mation with metabolic reference databases (Douglas et al.
2020; Hou et al. 2021).

Moreover, Hubert et al. (2017) found significant changes
in honeybee bacteriome after Varroa mite infestation while
it was considered a more important factor than Nosema fun-
gal pathogens (Nosema ceranae and Nosema apis) as well as
trypanosome Lotmaria passim. The high level of varroosis
has an impact on the bacterial composition as the immune
system of honeybees is not fully capable of resisting the
Varroa mite infestation.

Here, we used a network inference approach to analyze
16S rRNA metabarcoding data obtained from Hubert et al.
(2016) and further characterized the microbial community
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assembly and predicted functional profiles of A. mellifera
and V. destructor microbiomes. While Hubert et al. (2016)
identified shared bacteria, our inquiry delved into whether
the co-occurrence of these bacteria persisted within the
microbial communities of both Varroa mites and honeybees.
Our hypothesis posited that host specificity might influence
interactions between microbes or between microbes and
hosts, thereby resulting in variations in overall community
assembly and function that extend beyond taxonomic dis-
tinctions alone. Our investigation revealed divergent con-
tributions from different taxa in core metabolic pathways of
the metabolic networks within Varroa mites and honeybee
microbiomes. The findings imply that niche specialization
among bacterial taxa leads to distinct contributions to spe-
cific pathways, ultimately causing the observed differences
in representation between Varroa mites and honeybee micro-
biomes. Targeting Varroa-specific bacterial taxa that con-
tribute to central and core metabolic pathways provides a
promising approach for developing interventions to control
this pest.

Methods
Original 16S rRNA dataset

In the present study, we used available 16S rRNA amplicon
sequence datasets. In the original study, Hubert et al. (2016)
compared the microbial diversity of A. mellifera honeybees
and V. destructor mites within the hives. The samples were
collected from seven apiaries from the Czech Republic and
all of them were linked into 26 pairs of honeybees and mites.
Both samples were pooled—honeybee samples consisted
of 10 worker honeybees while the number of mite samples
ranged from 10 to 50 female individuals. A 16S rRNA gene
fragment was PCR amplified by barcoded primers 27Fmod/
ill519Rmod and sequenced in Illumina TruSeq. Generated
data were deposited in the National Center for Biotechnol-
ogy Information (NCBI) GenBank under the SRA number
SRP067076.

Analysis of 16S rRNA amplicon sequences

For the recent study, the amplicon sequence variants (ASV)
were downloaded in Quantitative Insights Into Microbial
Ecology (QIIME2) 2023.7 environment (Bolyen et al. 2019)
using the g-fondue script (Ziemski et al. 2022). Two sam-
ples (one of Apis honeybee and one of Varroa mite) were
discarded from this analysis due to the inaccuracies in the
accession number. Except that there were also two other
samples with misleading information provided meaning that
the samples A. mellifera female and V. destructor worker
were analyzed; however, these data were the most probably

exchanged. Afterward, these data were demultiplexed,
denoised, quality trimmed, merged, chimera removed, and
filtered in the DADA?2 software (Callahan et al. 2016) and
implemented in the QIIME2 environment (Bolyen et al.
2019). The representative sequences were annotated using
the Bayes taxonomic classifier (Bokulich et al. 2018) based
on the 16S rRNA SILVA database (Yarza et al. 2014). The
resulting taxonomic table was subsequently used in the fur-
ther network analysis and pathway prediction.

Bacterial co-occurrence networks

Co-occurrence network analysis was performed using the
sparse correlations for computational data (SparCC) method
(Friedman and Alm 2012), in RStudio (RStudio Team 2020).
Taxonomic data tables were used to calculate the correlation
matrix. Correlation coefficients with SparCC>0.3 or< —0.3
(weak) and SparCC > 0.5 or < —0.5 (strong) were selected.
Network visualization and calculation of topological features
and taxa connectedness (i.e., number of nodes and edges,
modularity, network diameter, average degree, weighted
degree, clustering coefficient, and centrality metrics) were
performed using the software Gephi 0.9.2 (Bastian et al.
2009).

Network robustness analysis

We assessed the robustness of microbial co-occurrence net-
works by examining the effects of node removal or addition
on network connectivity. To assess this, we simulated the
loss in connectivity resulting from removing a fraction of
nodes in the network with more connections (SparCC > 0.3
or < —0.3), employing both random and directed attacks.
For the directed attack, we utilized three strategies: between-
ness centrality, degree centrality, and cascading. In the
betweenness centrality approach, nodes with the highest
betweenness centrality values were sequentially removed.
In the degree centrality approach, nodes with the highest
degree centrality values were prioritized for removal. In
the cascading approach, nodes with the highest between-
ness centrality values were initially removed, and between-
ness centrality was recalculated after each node removal.
To conduct the network robustness analysis, we employed
the network strengths and weaknesses analysis (NetSwan)
package (Lhomme 2015) in RStudio (RStudio Team 2020).

Additionally, node addition analysis was conducted also
using RStudio (RStudio Team 2020) based on the method
outlined by Freitas et al. (2021). In this analysis, new nodes
were randomly connected to the existing network and
assessed by the largest connected component (LCC) and the
average path length (APL). To enhance the precision of the
network’s robustness assessment, we repeated the simula-
tion with different sets of nodes, introducing 100, 300, 500,
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700, and 1000 nodes. The resulting values were visualized
using GraphPad Prism 9.0.2 (GraphPad Software Inc., San
Diego, CA, USA).

Comparative network analysis

The network similarity was compared with the Network
Construction and Comparison for Microbiome data (Net-
CoMi) package (Peschel et al. 2021), in RStudio (RStudio
Team 2020). The analysis was performed for the network
with more connections with SparCC >0.3 or < —3. The
Jaccard index measuring various network properties (e.g.,
degree, betweenness, closeness, eigenvector, and hub taxa)
expresses the similarity of several of the most central nodes.
The Jaccard index measures the level of node similarity and
ranges from O (totally different) to 1 (unique). The p-values,
either P (J<j) or P (J>J), correspond to “less than or equal”
and “higher than or equal,” and represent the likelihood of
the Jaccard index to the expected Jaccard value.

The CAN analysis function was used to evaluate com-
mon nodes and edges between two different networks. The
core of the Varroa and honeybee networks was determined
at two different co-occurrence correlations (SparCC > 0.3
or< —0.3 and SparCC > 0.5 or < —0.5) using the Anuran
toolbox (Rottjers et al. 2021) with default parameters. This
analysis was conducted in the Anaconda Python environ-
ment (Anaconda Software Distribution 2023).

Functional profile prediction

To predict the microbial functional traits, specifically the
enzymatic pathways, the PICRUSt2 (Phylogenetic Investi-
gation of Communities by Reconstruction of Unobserved
States) (Douglas et al. 2020) in QIIME?2 environment (Bol-
yen et al. 2019) was applied. Several gene catalogs (e.g.,
Kyoto Encyclopedia of Genes and Genomes (KEGGQG),
Orthologs (KO), Enzyme Classification numbers (EC), and
Cluster of Orthologous Genes (COGs)) (Kanehisa 2000)
and MetaCyc database (Caspi et al. 2018) were employed
to interfere with major pathway categories and mapping.
Following the output table, various analyses were performed
(e.g., alpha and beta diversity, DESeq2, co-occurrence net-
work, CAN, Venn diagram, and Sankey) to provide proper
and considerable statistical analysis. Alpha diversity was
explored by observed features (DeSantis et al. 2006) and
Pielou’s evenness (Pielou 1966) using a Kruskal-Wallis
statistical test (p <0.05) estimated in the QIIME2 plugin.
Beta diversity (Su 2021) was carried out by PCoA (Princi-
pal Coordinates Analysis) plot using the Bray—Curtis dis-
tance matrix (Hammer et al. 2001) and PERMANOVA test
(p<0.05) also in QIIME2 (Bolyen et al. 2019) and ANOVA
test (p <0.05) with Betadisper script (Oksanen et al. 2022) in
RStudio (RStudio Team 2020). The differences in pathway
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frequency were measured by the Wald test with Benja-
mini—Hochberg correction (p <0.05) in order to calculate
the false discovery rate. The analysis was performed by the
DESeq2 package (Love et al. 2014) in RStudio (RStudio
Team 2020) resulting in a volcano plot. The co-occurrence
networks of functional profiles were performed the same way
as for bacterial networks using the SparCC package (Fried-
man and Alm 2012) and Gephi software 0.9.2. The thresh-
old value applied for these networks was SparCC >0.75
or< —0.75. Also, CAN analysis was conducted following
the same methodology as for taxonomic data. The quantifi-
cation of unique and shared metabolic pathways was meas-
ured by a Venn diagram using the online tool available on
the webpage https://bioinformatics.psb.ugent.be/webtools/
Venn/.

Correlation analysis

The topological features (i.e., degree, eigenvector, and
betweenness centrality) of taxa and pathways present in the
networks of both, A. mellifera and V. destructor, were put
into the correlation using GraphPad Prism 9.0.2 (GraphPad
Software Inc., San Diego, CA, USA). For taxa correlation
analysis, the data from the network with the threshold value
of SparCC>0.3 or< —0.3 were selected. The statistical
significance was calculated by Spearman statistical analysis
chosen according to Shapiro—Wilk and Anderson—Darling
tests for normality and lognormality.

Connections between functional and taxonomic
profiles

To investigate the links between functionality, five of the
most central pathways were chosen from CAN analysis
according to their degree, supported by eigenvector central-
ity. This analysis was performed using the scripts of network
D3 (Allaire et al. 2017) and htmlwidgets (Vaidyanathan et al.
2023) in RStudio (RStudio Team 2020). The values of taxon
relative function abundance higher than 100 were counted
into consideration, included in the analysis, and displayed
on the Sankey graph.

Clustering analysis of metagenome

The clustering analysis of metagenome (CLAM) (Chazdon
et al. 2011) was performed using RStudio (RStudio Team
2020). This analysis categorized the taxa within honeybees
and Varroa microbiomes into different groups based on their
interactions with these specific hosts. These groups include
specialists (organisms that have a narrow range of hosts or
environmental conditions), generalists (organisms that can
thrive in a wide range of conditions or with multiple hosts),
or taxa that are too rare to be classified into these categories.

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



International Microbiology

E Enterobacteriaceae F 4 A
Orbaceae M
Enterobacterales - e
Frischella [ \
Corynebacterium ‘,\"”*/,
Serratia -
Orbaceae
Clowmrla Gilliamella
Yersiniaceae
Snodgrassella \
Bifidobacterium m\
Lactobacillus y N
Pantoea ) Orbaceae
Erwiniaceae @ 7
I Random J Degree
1.0 1.0
a 3
& 08 g 09 .. 88
z 4 >
2 06 dTTTH d > 08+
° o
g g o,
5 04 s
e S
0.6 -
= AM AM
0.2 o am
T T T T 05 T T T T T
0.2 04 0.6 08 0.2 0.4 06 08 1.0

Fraction of nodes removed Fraction of nodes removed

Fig.1 Microbial network analysis. Microbial co-occurrence net-
works with different thresholds, namely A. mellifera SparCC>0.3
or< —0.3 (A), V. destructor SparCC>0.3 or< —0.3 (B), A. mellifera
SparCC>0.5 or< —0.5 (C), V. destructor SparCC>0.5 or< —0.5
(D), CAN SparCC>0.3 or<—-0.3 (E), and CAN SparCC>0.5
or< —0.5 (F). The Orbaceae family and genus are distinguished by
normal and italics font, respectively. Nodes stand for bacterial taxa,
and their size is proportional to eigenvector centrality. The node color

Graph edition

All graphs were edited by Inkscape 1.3.2 (Boston, MA,
USA) software.

Results

Community assembly and network robustness
in the Varroa and honeybee microbiomes

In examining the microbial interactions within the microbi-
omes of Varroa mites and honeybees, co-occurrence network
analyses were conducted using two thresholds, SparCC >0.3
or< —0.3, SparCC > 0.5 or < —0.5). At the lower threshold,
the honeybee network (Fig. 1A) displayed a higher average
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is based on the modularity class; therefore, the nodes with the same
color are part of the same cluster. Red and green edges represent
negative and positive interactions, respectively. Only the nodes with
at least one link are shown. Robustness comparison of sp A. mellif-
era and V. destructor networks. Node addition was measured by LCC
(G) and APL (H). Node removal was evaluated by random (I), degree
(J), cascading (K), and betweenness (L) methods. Orange and green
colors represent A. mellifera and V. destructor, respectively

degree, modularity, and number of edges compared to the
Varroa network (Fig. 1B, Table 1) . . Conversely, for other
metrics (Table 1), the mite’s microbiome presented higher
values. Upon applying the higher threshold for interactions,
it was found that the network associated with the honeybee
microbiome (Fig. 1C) exhibited higher values in various top-
ological features, including connectivity and network com-
plexity, indicating a wider range of interactions (Table 1).
In contrast, the Varroa mite’s network (Fig. 1D) showed a
lower degree of these characteristics, with the exception of
the average strength of connections (Table 1).

The Core Association Network (CAN) analysis high-
lighted shared core interactions between the two species’
microbiomes. At the lower threshold (Fig. 1E), the network
was more intricate, with 15 nodes and 14 edges, whereas the
network at the higher threshold (Fig. 1F) was simpler with

@ Springer
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Table 1 Topological features Topological features AM30? VD30° AMS50? VD50°

of taxonomic co-occurrence

networks Average degree 6.68 4.586 2.19 1.5
Average weighted degree 0.331 0.945 0.685 0.707
Network diameter 5 7 6 4
Modularity 3.712 0.948 1.025 0.798
Average clustering coefficient 0.608 0.315 0.44 0.214
Nodes 50 58 21 20
Edges 167 133 23 15
Positives 91 (54.49%) 99 (74.44%) 17 (73.91%) 14 (93.33%)
Negatives 76 (45.51%) 34 (25.56%) 6 (26.09%) 1 (6.67%)

*A. mellifera (AM, networks at threshold of SparCC >0.3 or< —0.3 (AM30) and SparCC>0.5 or< —0.5

(AMS50))

V. destructor (VD, networks at threshold of SparCC >0.3 or< —0.3 (VD30) and SparCC>0.5 or< —0.5

(VD50))

Table 2 Topological features of Core Association Networks

Topological parameters CAN30* CANS50*?
Average degree 1.867 1
Average weighted degree 0.785 0.654
Network diameter 4 1
Modularity 0.488 0.497
Average clustering coefficient 0.417 NaN
Nodes 15 4

Edges 14 2
Positives 13 (92.86%) 2 (100%)
Negatives 1(7.14%) 0(0%)

%Core association network (CAN). Networks at SparCC>0.3
or< —0.3 (CAN30) and SparCC>0.5 or< —0.5 and 0.5 (CAN 50)

four nodes and two edges (Table 2). This difference under-
scores the variability in microbial interaction complexity and
connectivity across different analysis thresholds within the
microbiomes of these species.

An important feature of networks is their ability to with-
stand perturbation by addition and/or removal of nodes.
In our study, by modeling the addition of 1000 nodes to
each network (SparCC >0.3 or < —0.3) and observing
the changes in two graph properties, the largest connected
component (LCC) (Fig. 1G) and average path length (APL)
(Fig. 1H), it was found that both properties increased with
the addition of nodes. High LCC suggests that the microbi-
omes of both species are robust, with a high level of eco-
logical interactions (e.g., nutrient cycling), while the high
APL indicates a modular structure, where certain groups of
species interact more closely within themselves than with
the broader community.

When 30% of the nodes were randomly removed, both the
honeybee and Varroa mite networks experienced a similar
reduction in connectivity (Fig. 1I). However, when a targeted
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attack based on node degree was conducted, the honeybee
network proved to be more resilient than the Varroa network
(Fig. 1J). Conversely, during a cascading attack, where the
removal of one node affects others, the Varroa network dis-
played greater robustness compared to the honeybee network
(Fig. 1K). The most significant difference in resilience was
seen during a targeted attack based on node betweenness.
After removing 30% of the nodes in this manner, the Varroa
network was found to be nearly 20% less resilient than the
honeybee network (Fig. 1L).

Hierarchical structure of the Varroa and honeybee
microbiomes

A comparative network analysis was conducted to identify
differences in the microbiome connectivity of honeybees and
Varroa mites. Visual inspections of the network for hon-
eybees (Fig. 2A) and for Varroa mites (Fig. 2B) showed
significant variations in connectivity patterns. The analysis
of changes in connectivity revealed a predominant shift from
positive to negative interactions and vice versa between the
two networks (Fig. 2C).

Correlation analyses focusing on centrality measures
of nodes present in both microbiomes were performed. It
was found that the values of degree (Spearman r=0.41,
p=0.02) (Fig. 3A) and eigenvector (Spearman r=0.50,
p=0.004) (Fig. 3B) centrality were significantly correlated,
suggesting that key species that are highly connected
(degree) and influential (eigenvector) in one microbiome
tend to maintain similar levels of connectivity in the other
microbiome. Conversely, the correlation for betweenness
centrality was not significant (Spearman »=0.30, p =0.09)
(Fig. 3C), suggesting that the roles of species as connectors
or bridges vary more between the two microbiomes
compared to their roles as directly connected or influential
nodes .
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Fig.2 Comparative network analysis. NetCoMi was applied to
study the differences in the centrality of bacterial taxa and con-
nectivity between them in the networks with the threshold value of
SparCC >0.3 or< —0.3, namely, A. mellifera (A), V. destructor (B),
and differential network (C). Each node represents a single bacterial
taxon, its size is proportional to eigenvector centrality, and its color
is based on modularity class. Links determine relations between the
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Fig.3 Correlation across node centrality measures. Graphs repre-
sent the linear regression of taxa from the networks with a thresh-
old value of SparCC>0.3 or< —0.3. The topological features of
degree (Spearman r=0.41, p=0.02) (A) and eigenvector (Spearman

The Jaccard index was used to assess the similarity in
centrality distribution between the two networks under study.
The findings indicated that the distribution for betweenness
and closeness centrality metrics within networks at the
lower threshold (SparCC >0.3 or < —0.3) was higher than
expected by random (Table 3), highlighting specific areas
of alignment between the microbiome structures of honey-
bees and Varroa mites. At the higher interaction strength
threshold (SparCC > 0.5 or < —0.5), all considered centrality
measures were randomly distributed (Table 4).

When examining the top ten taxa with the highest cen-
trality in terms of degree, eigenvector, and betweenness
(SparCC >0.3 or< —0.3) (Supplementary Table S1), six
taxa were identified as common to both microbiomes (Sup-
plementary Table S2). Upon applying the higher threshold
for interactions (SparCC > 0.5 or < —0.5), among the top

r=0.50, p=0.004) (B) centrality presented statistically significant
results, while betweenness (C) did not (Spearman r=0.30, p=0.09)
according to Spearman test. X- and y-axis correspond to A. mellifera
and V. destructor species, respectively

Table 3 Jaccard index for honeybees and Varroa networks at a low
threshold

Centrality measures Jacc P (<Jacc) P (=Jacc)
Degree 0.422 0.92 0.13
Betweenness centrality 0.463 0.97 0.05*
Closeness centrality 0.489 0.99 0.01*
Eigenvector centrality 0.429 0.93 0.10

Hub taxa 0411 0.93 0.10

Jaccard index for co-occurrence networks with the threshold of
SparCC>0.3 or< —0.3, * p<0.05

ten taxa (Supplementary Table S3), it was found the same
number of shared taxa (Supplementary Table S4), but they
were different from those found in the lower threshold.

@ Springer
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Table 4 Jaccard index for honeybees and Varroa networks at a high
threshold

Centrality measures Jacc P (<Jacc) P (>Jacc)
Degree 0.429 0.89 0.19
Betweenness centrality 0.200 0.20 0.92
Closeness centrality 0.429 0.89 0.19
Eigenvector centrality 0.429 0.89 0.19
Hub taxa 0.429 0.89 0.19

Jaccard index for co-occurrence networks with the threshold of
SparCC>0.50r< -0.5

Functional diversity and composition in Varroa mite
and honeybee microbiomes

The predicted functional profiles of the microbiomes asso-
ciated with honeybees and Varroa mites were analyzed to
assess their potential metabolic capabilities. This analy-
sis indicated a higher functional richness in the Varroa
mite microbiome compared to the honeybee microbiome
(Kruskal-Wallis test, p <0.01, Fig. 4A). However, the
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Fig.4 Predicted functional profiles. Comparison of predicted func-
tional profiles of A. mellifera and V. destructor. Observed features
(p=0.004) (A), Pielou’s evenness (p=0.55 (B), and Bray—Curtis
distance (p=0.0001, F=12.02, stress 0.07488) (C) were applied to
measure pathway diversity. Volcano plot (D) shows differential path-
way abundance of A. mellifera and V. destructor microbiome. Pink
color stands for significant differences among the groups. Venn dia-
gram (E) displays shared and unique predicted bacterial pathways
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PCoA 2

analysis of mean Pielou’s evenness, showed no statistical
difference between the two microbiomes despite a numeri-
cal increase in the Varroa mite microbiome (Kruskal-Wallis
test, p>0.05, Fig. 4B). The Bray—Curtis dissimilarity index
further revealed a significant difference in the functional
profiles within the Varroa mite and honeybee microbiomes
(PERMANOVA, p=0.000), indicating a greater varia-
tion (ANOVA, p=0.000) in the functional profiles among
individual Varroa mites than among individual honeybees
(Fig. 4C).

An examination of specific metabolic pathways identified
differences in their relative abundance between the two
microbiomes (Fig. 4D, Supplementary Table S5). A
composition analysis further revealed both unique and shared
metabolic pathways within the microbiomes of honeybees
and Varroa mites (Fig. 4E). The honeybee microbiome was
found to contain five unique enzymatic pathways, including
glycolysis and uronate degradation, among others (Table 5).
In contrast, the Varroa mite microbiome was characterized
by ten unique pathways, such as vitamin E biosynthesis
and sucrose degradation (Table 5). Despite these unique
pathways, there was a substantial overlap, with 389 pathways

D
0.6
0.4+ 57 ° {
o,
4 = '
0.2 @
) g ‘%
)
0.0
() 2 4
-0.2 0 . .
[ §
~0.4 0 4
J ! T T T T |
-0.5 0.0 0.5
-10 -5 0 S 10
PCoA 1
G H

for both, A. mellifera and V. destructor microbiome. Co-occurrence
networks of predicted pathways belonging to A. mellifera (F) and V.
destructor (G) (SparCC >0.75 or< —0.75). CAN analysis of honey-
bee and Varroa microbiomes (H). Nodes represent predicted enzy-
matic traits while their size and color are based on eigenvector cen-
trality and modularity class, respectively. Red and green links stand
for negative and positive interactions, respectively. Only the nodes
with a minimum of one link are displayed
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Table 5 Unique pathways in

. Species
Varroa mites and honeybee

Pathways

microbiomes Code

Name

AM? P341-PWY
PWY-6486
PWY-7031
PWY-7198
PWY-7210
PWY-1422
PWY-3801
PWY-3941
PWY-5266
PWY-5273
PWY-5675
PWY-6957
PWY-7046
PWY-7084

vDP

PWYS5F9-12

Glycolysis V (Pyrococcus)/archaeal EMP pathway
Uronic acid degradation/uronate degradation

Protein N-glycosylation (bacterial)

Pyrimidine deoxyribonucleotides de novo biosynthesis IV
Pyrimidine deoxyribonucleotides biosynthesis from CTP
Vitamin E biosynthesis (tocopherols)

Sucrose degradation II (sucrose synthase)

Beta-alanine biosynthesis II

p-cymene degradation

p-cumate degradation

Nitrate assimilation

Mandelate degradation to acetyl-CoA

4-coumarate degradation (anaerobic)

Nitrous oxide biosynthesis/aerobic denitrification

Biphenyl degradation

1AM, A. mellifera
VD, V. destructor

Table' 6 Topological features of Topology AMT5? VD75° CAN®

functional profile co-occurrence

networks Average degree 39.261 25.745 12.222
Average weighted degree 33.093 21.849 11.062
Network diameter 10 14 9
Modularity 0.429 0.634 0.677
Average clustering coefficient 0.788 0.769 0.781
Nodes 284 314 261
Edges 5575 4042 1595
Positives 5490 (98.48%) 3960 (97.97%) 1595 (100%)
Negatives 85 (1.52%) 82 (2.03%) 0 (0%)

2A. mellifera (AM, network at threshold of SparCC >0.75 or< —0.75 (AM75))
V. destructor (VD, network at threshold of SparCC >0.75 or< —0.75 (VD75))
“Core Association Network (CAN at threshold of SparCC >0.75 or < —0.75 (CAN75))

shared between the two microbiomes (Supplementary
Table S6).

Central pathways in functional networks of Varroa
mite and honeybee microbiomes

The analysis of functional networks revealed distinct topo-
logical properties (Table 6) in the microbiomes of honey-
bees (Fig. 4F) and Varroa mites (Fig. 4G). Specifically, the
honeybee microbiome’s functional network demonstrated a
higher average degree and weighted degree compared to that
of the Varroa mite. Despite these differences, both networks
shared a similar average clustering coefficient. Notably, the
network associated with honeybees contained a greater

number of edges, whereas the V. destructor network had a
higher count of nodes (Table 6).

To identify the core pathway interaction between the two
species, CAN analysis was conducted (Fig. 4H). This analy-
sis showed that the functional profiles of the honeybee and
Varroa mite had 261 nodes and 1595 edges in common,
all characterized by positive interactions (Table 6). Central
pathways within these functional networks were evaluated
based on their centrality measures, including degree, eigen-
vector, and betweenness centrality. The analysis of the top
third of pathways with the highest centrality revealed an
overlapping rate of 63.22% for pathways ranking high in
both degree and betweenness centrality and a notably higher
overlap of 96.55% for pathways ranking high in both degree
and eigenvector centrality.
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0.25

Fig.5 Pathway correlation. Graphs show the linear regression of
pathways from the networks with a threshold value of SparCC >0.75
or< —0.75. Statistically significant results according to the Spear-
man test were presented in all topological features: degree (Spear-
man r=0.5679, p<0.0001) (A), eigenvector (Spearman r=0.5643,
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B Eigenvector Cc Betweenness
1.00 . '."4;.,. ..‘:_ ‘. 16000
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p<0.0001) (B), and betweenness (Spearman r=0.2325, p=0.001)
(C). X- and y-axis correspond to A. mellifera and V. destructor spe-
cies, respectively. The blue nodes represent five pathways that were
selected for taxonomic contribution analysis and displayed in Sankey
graphs

Table 7 Top pathways used for
taxa contribution analysis

Code

Name

PWY-6125
PWY-6612
PWY-7184
PWY-7539
FOLSYN-PWY

Superpathway of guanosine nucleotides de novo biosynthesis II
Superpathway of tetrahydrofolate biosynthesis/folic acid biosynthesis
Pyrimidine deoxyribonucleotides de novo synthesis I
6-hydroxymethyl-dihydropterin diphosphate biosynthesis II1
Superpathway of tetrahydrofolate biosynthesis and salvage

Correlation analysis of the pathways selected from the
functional profile networks showed statistically signifi-
cant associations across all measured topological features:
degree (Spearman r=0.56, p=0.0001, Fig. 5A), eigenvec-
tor (Spearman r=0.56, p=0.0001, Fig. 5B), and between-
ness (Spearman r=0.23, p=0.0001, Fig. 5C), highlighting
the interconnectedness and functional significance of these
pathways within the microbiomes.

Functional redundancy and niche differentiation
in Varroa mite and honeybee microbiomes

Given the observed overlap in central pathways between
the honeybee and Varroa mite microbiomes (Fig. 5), we
hypothesized that these pathways represent core micro-
bial processes essential for the survival and health of both
organisms. The presence of these pathways in multiple taxa
within each microbiome would indicate a broad functional
redundancy, contributing to the microbiome’s resilience and
stability against environmental perturbations. Additionally,
variations in the taxonomic contributions to these pathways
could demonstrate how each microbiome is uniquely adapted
to its respective host, indicating niche specialization.

To test this hypothesis, an analysis was conducted on
the top five pathways (Fig. 6A) that exhibited the highest
degree of centrality and were further supported by eigenvec-
tor centrality (Table 7). These pathways, primarily related to

@ Springer

biosynthesis processes, were investigated for taxa contribu-
tions. Remarkably, a similar proportion of bacterial taxa, 22
out of 29 (75.86%) in honeybees and 21 out of 28 (75%) in
Varroa mites, were found to be involved in these pathways .

Analysis of taxa contributions highlighted that both
shared and unique bacterial taxa across the honeybee and
Varroa mite microbiomes contributed to these pathways.
Specifically, the analysis revealed 14 taxa unique to honey-
bees, 13 unique to Varroa mites, and 15 taxa shared between
them, indicating a mixture of functional redundancy and
taxonomic uniqueness (Fig. 6B, Supplementary Table S7).
Notably, taxa such as Morganella, Lactobacillus, and oth-
ers were identified as significant contributors to the path-
ways in both microbiomes, albeit with varying percentages
(Fig. 6C).

Furthermore, the investigation into the most abundant
bacterial taxa, as represented in a Sankey graph (Fig. 6A),
confirmed their presence in both microbiomes under a
SparCC threshold of >0.3 or < — 0.3 (Fig. 1AB). However,
Pseudomonas was absent in Varroa. Only a select few taxa
like Lactobacillus and Snodgrassella were present in the
core taxonomic networks of both species (Fig. 1E). Differ-
ences in the topological measures of the nodes represent-
ing taxa driving the primary pathways were also observed
(Table 8).

These results underline the existence of both functional
redundancy and niche specialization within the microbiomes
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Fig.6 Taxonomic contributions to metabolic pathways. In the Sankey
graph (A), the columns on the left side represent selected pathways,
the middle stands for species, and the last column on the right side
corresponds to the names of bacterial taxa. The width of the lines is
proportional to the value of taxon relative function abundance. Venn
diagram (B) shows unique and shared bacterial taxa of the pathways

that were selected for the Sankey graph. Eight graphs (C) represent
the most abundant bacterial taxa (denoted by asterisks (*)) in the
Sankey graph. The CLAM graph (D) represents taxa categorized as
honeybee specialists (orange), Varroa specialists (green), general-
ists (black), and rare taxa (grey). In all, A. mellifera and V. destructor
were abbreviated as AM and VD

Table 8 Contribution of

. . Degree Eigenvector Betweenness

bacterial taxa to the community

assembly AM® VD’  CAN® AM® VD" CAN® AM? vDP CAN®
Morganella 8,00 9,00 - 0,51 073 - 47,09 174,39 -
Lactobacillus 11,00 6,00 091 0,76 0,17 - 130,03 114,38 4,00
Arsenophonus 13,00 5,00 - 0,77 0,49 - 96,03 4,39 -
Pseudomonas 13,00 - - 0,77 - - 116,01 - -
Snodgrassella 13,00 11,00 1,59 082 043 - 66,16 396,04 0,00
Bartonella 7,00 8,00 - 054 052 - 11,21 132,95 -
Spiroplasma 14,00 2,00 - 0,85 0,09 - 88,02 56,00 -
Enterobacterales 9,00 5,00 0,51 048 0,19 - 80,09 88,25 5,00

4 A. mellifera (AM, network at threshold of 0.3)
b V. destructor (VD, network at threshold of 0.3)
¢ Core Association Network (CAN at threshold of 0.3)

of honeybees and Varroa mites. A CLAM analysis further
delineated the taxa according to their relative abundance
into specialists for either honeybee or Varroa, generalists,
and taxa considered too rare (Fig. 6D). This analysis found

that specialists for honeybee comprised the smallest group,
whereas Varroa mites had a larger group of specialists,
alongside groups of generalists and a considerable number
of taxa categorized as too rare (Supplementary Table S8).
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Discussion

This study builds upon the work of Hubert et al. (2016),
adding insights into the assembly of microbial communities
of Varroa and honeybees. The significance of our paper lies
in the comparison of the microbiomes of A. mellifera hon-
eybees and V. destructor mites, in regard to their networks
and potential functional profiles. It is noteworthy that only
two studies exist delving into the comparison of the microbi-
omes of honeybees and Varroa mites, with contributions of
Hubert et al. (2016) and Sandionigi et al. (2015). Belonging
to the same taxonomic rank within the Arthropoda phylum,
these two species share numerous common characteristics,
suggesting a potentially shared microbial spectrum (Dono-
van and Paul 2005; Rosenkranz et al. 2010).

Our results indicate that the microbiome networks of A.
mellifera are characterized by a higher number of bacterial
nodes compared to those of V. destructor. Building on
Hubert et al.’s (2016) explanation of lower bacterial
diversity in Varroa mites resulting from the transfer of
bacteria from honeybees to the mite body (rather than
vice versa), we draw on the findings of Liu et al. (2023).
Their research demonstrated a positive correlation between
gut bacterial richness and the size of the stingless bee
Tetragonula carbonaria, suggesting a proportional link
between the body size of a model animal and its microbial
richness. Applying this concept to our study, the bacterial
diversity of A. mellifera is posited to be richer than that of
V. destructor mites due to the larger body size of honeybees.
However, the difference between the number of bacterial
nodes is not significantly apparent; therefore, we suppose
the similarity of both species may be induced by sharing
the same environment of the beehive as the Varroa mites are
associated with honeybees from the early stage of their life
cycle. In contrast, our analysis of functional profiles reveals
that the V. destructor microbiome encompasses a higher
number of metabolic pathways compared to A. mellifera.
This discrepancy could be attributed to the application of
acaricidal treatments (formic acid or tau-fluvalinate) for
7 days, as noted by Hubert et al. (2016). Aligning with the
findings of Kakumanu et al. (2016), who reported significant
changes in the structure and functional profile of A.
mellifera gut bacterial communities induced by pesticides,
our findings highlight the potential impact of acaricidal
treatment on microbiome characteristics. Moreover, the
mites analyzed by Hubert et al. (2016) were collected from
the bottom board of the hives after 7-day treatment, and as
a consequence, the microbial community of the dead mites
could differ from the microbial community of mites that
were alive and present in the hive.

The robustness analysis of honeybee and Varroa mite
microbiomes, focusing on their response to the addition
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and removal of nodes or taxa, sheds light on the intricate
dynamics underpinning the resilience and functionality of
these microbial communities. Higher LCC values suggest
that both microbiomes are characterized by a high degree
of interconnectedness, facilitating efficient resource and
information flow and enhancing the ecosystem’s resilience
to environmental stressors through functional stability and
redundancy. Conversely, higher APL values indicate a more
compartmentalized or modular community structure, poten-
tially offering resilience against localized disturbances by
limiting their spread across the network. However, the dif-
ferential impact observed during node removal, particularly
the more significant effect on the Varroa microbiome and
the distinct resilience patterns during targeted and cascad-
ing attacks, highlights nuanced differences in network struc-
ture and resilience strategies between the two microbiomes.
Specifically, the honeybee microbiome exhibits greater
resilience to targeted removals, suggesting a network better
adapted to withstand losses of key species, whereas the Var-
roa microbiome demonstrates greater robustness to cascad-
ing failures, possibly indicating a different arrangement of
essential functions. These insights emphasize the ecological
significance of network structure in microbial communities,
with implications for understanding ecosystem stability,
managing microbial health, and conserving biodiversity.

Our analysis of predicted functional pathways suggests
the existence of unique pathways in Varroa and honeybee
microbiomes. For instance, pathways PWY-7198 and PWY-
7210, found exclusively in Apis honeybees, are involved in
the biosynthesis of pyrimidine, a crucial component of DNA
and RNA (Sharma et al. 2014). Pyrimidines and their deriva-
tives exhibit a wide range of biological activities, including
antibacterial (Sharma et al. 2004), antifungal (Agarwal et al.
2000), antiviral (Balzarini 2002), and antiparasitic effects
(Poletto et al. 2021). This suggests that honeybee bacteria
might produce pyrimidine synthesis pathways to defend
themselves against Varroa mites and/or the pathogens they
transmit.

Additionally, other unique pathways in the honeybee,
such as P341-PWY, PWY-6486, and PWY-7031, are related
to energy production. This energy may be used to bolster the
honeybee’s immune system and protect the host organism.
Conversely, V. destructor mites have unique pathways asso-
ciated with the breakdown of various molecules, like sucrose
and biphenyl, which help in energy release or metabolism,
providing various benefits. For example, the degradation
of sucrose produces glucose and fructose, crucial energy
sources (Ruan 2014), while biphenyl breakdown leads to
benzoate, a compound with toxic effects (Larson et al. 2021)
such as acaricidal activity (Mostafiz et al. 2020). These pro-
cesses could serve as defense mechanisms for mites against
treatments or as part of the honeybee’s immune response.
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Furthermore, pathways in mites related to cumate degra-
dation could influence gene expression and cell control (Seo
and Schmidt-Dannert 2019; Klotz et al. 2023), while the
synthesis of vitamin E and beta-alanine indicates potential
anti-oxidant defensive strategies (Zingg 2019; Wang et al.
2021) against the oxidative machinery of the honeybee’s
immune system. Beta-alanine, a precursor for vitamin B5
and coenzyme A, is vital for cell formation and metabolism.
It is interesting to note that plants produce beta-alanine in
response to stress (Wang et al. 2021), suggesting mites might
similarly use it to counteract acaricidal treatments or the
effects of the honeybee immune system. This analysis under-
scores the complex interplay of biochemical pathways in
host-parasite interactions and their potential roles in defense
and survival.

We observed several instances of niche specialization in
both Varroa and honeybee microbiomes. Numerous ecologi-
cal and evolutionary theories highlight the diversity within
ecological niches, pointing out the critical importance of
niche diversification. This diversification process plays a
pivotal role in shaping various ecological aspects (Baji¢
et al. 2021). Notably, it can result in niche specialization
and differentiation, which enhances community stability
by allowing multiple bacterial taxa to coexist (Kang et al.
2020). Each of these taxa contributes unique metabolic
traits, supporting the community’s overall function. When
bacterial species show varied responses to environmental
changes, this diversity can enhance community stability
(Yachi and Loreau 1999). This adaptability is partly due to
metabolic plasticity, allowing bacteria to adjust their meta-
bolic processes in response to environmental shifts. Such
adaptability is crucial for surviving global environmental
changes (Malard and Guisan 2023), demonstrating how
niche differentiation allows microbial communities to adapt
and thrive under varying conditions. For example, high func-
tional redundancy has been described in the gut microbiome
of Apis mellifera and Apis cerana, even though both hon-
eybee species harbor different bacterial strains and occupy
different ecological niches (Wu et al. 2022). Our results
can also be interpreted in light of the insurance hypothesis
(Yachi and Loreau 1999), which posits that higher diversity
can enhance ecosystem resilience to perturbations.

Several factors could influence the analysis of honeybee
and Varroa microbiomes. Manipulation of both species may
induce various changes, such as alterations in morphology or
stress responses. Additionally, the choice of laboratory tech-
niques (e.g., type of primers), their application (e.g., DNA
isolation method), and the excision of organ tissues (e.g.,
whole body or gut) are critical considerations in the experi-
mental design. The use of predicted metabolic pathways is
also a limitation of this study. This kind of prediction could
underestimate the actual pathway diversity as some genomes
may not be available or are not incorporated in reference

datasets with which this method works (Douglas et al. 2020).
Importantly, the absence of a control sample raises concerns
about potential sample contamination from surfaces, air, or
isolation errors. Furthermore, the interactions between the
honeybees themselves as well as with the environment are
other agents impacting their microbiome composition. It is
challenging to avoid these points as the honeybees are social
animals, however, in future analyses, we recommend elud-
ing acaricidal treatments before experiments and including
control samples to account for potential contamination and
minimize side effects in the analyses.

Conclusions

Our study on community assembly and network robustness
in the Varroa and honeybee microbiomes provides valuable
insights into the interplay between these two species and
their associated bacterial communities. The co-occurrence
network analyses, conducted at different thresholds, reveal
topological features in Varroa and honeybee microbiomes,
with honeybee networks generally exhibiting slightly higher
values. However, the identification of shared core interac-
tions suggests commonalities in microbial relationships
between these two species. Furthermore, the differential
networks and unique pathways observed in honeybee and
Varroa microbiomes may reflect adaptations to their respec-
tive ecological niches, supporting the notion of niche spe-
cialization. The presence of shared pathways and bacterial
taxa highlights potential functional redundancy in the meta-
bolic capabilities of these microbial communities. Despite
the slightly lower abundance of bacterial nodes in the mite
microbiome, its greater richness in the functional profile
implies that they may serve as an “insurance” reservoir of
metabolic pathways, contributing to their resilience against
environmental changes or stressors.
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