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Abstract

The study of diversity in biological communities is an intriguing field. Huge amount of data are nowadays available
(provided by the innovative DNA sequencing techniques), and management, analysis and display of results are not
trivial. Here, we propose for the first time the use of phylogenetic entropy as a measure of bacterial diversity in stud-
ies of microbial community structure. We then compared our new method (i.e. the web tool pHvLoH ) for partitioning
phylogenetic diversity with the traditional approach in diversity analyses of bacteria communities. We tested PHYLOH
to characterize microbiome in the honeybee (Apis mellifera, Insecta: Hymenoptera) and its parasitic mite varroa (Var-
roa destructor, Arachnida: Parasitiformes). The rationale is that the comparative analysis of honeybee and varroa mi-
crobiomes could open new perspectives concerning the role of the parasites on honeybee colonies health. Our
results showed a dramatic change of the honeybee microbiome when varroa occurs,  suggesting that this parasite is
able to influence host microbiome. Among the different approaches used, only the entropy method, in conjunction
with phylogenetic constraint as implemented in  pHyLOH , was able to discriminate varroa microbiome from that of par-
asitized honeybees. In conclusion, we foresee that the use of phylogenetic entropy could become a new standard in
the analyses of community structure, in particular to prove the contribution of each biological entity to the overall
diversity.
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from the gut to the skin) is considered pivotal to under-

Introduction . . S e
stand physiological changes occurring in a symbiosis

In ecology, the analysis and interpretation of community
diversity is a hot topic. In particular, with the advent of
high-throughput DNA sequencing (HTS), the attention
of the researchers on this topic dramatically increased.
Among communities, symbioses, and particularly host—
parasite interactions, are intriguing themes. In a symbi-
otic relationship, the partners reciprocally influence their
physiology and, in general, their evolution. Nowadays,
the characterization of the microbiome (intended as the
sum of microscopic living beings found in a symbiotic
relationship in different host body compounds, ranging
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(Mazmanian et al. 2005). In recent years, the scientific
researchers focused on microbiome composition and var-
iation in different hosts or physiological/environmental
conditions using HTS (Sanchez et al. 2012; Dimitriu et al.
2013; Meriweather et al. 2013). The link between microbi-
ome diversity and host health condition was discernible
since the first published manuscripts. For instance, there
is evidence that humans and mice subjected to different
kind of stresses (such as diseases, parasites or ecological
factors) show intense modifications in their own microbi-
omes in terms of initial colonization, final composition
and overall stabilization (Candela et al. 2012;Lozupone
et al. 2012).

However, the comprehension of mechanisms and
dynamics influencing microbial  diversity in hosts and



symbionts is much more complicated due to (i) the
occurrence of several interacting variables (both abiotic
and biotic) and (ii) the neglected contribution of the evo-
lutionary history of single biological entities on the over-
all diversity when conventional analytical methods are
applied (Fig. S1, Supporting information).  Currently,
researchers have just started incorporating historical con-
straints (represented as phylogenies) into their analyses.
This innovation is motivated by the aim of filling the gap
between evolutionary and ecological analyses of micro-
bial communities (Lozupone et al. 2007, 2011).

Here we tested two classes of approaches for microbial
community analysis: distance method approaches (DMAS)
and partitioning phylogenetic  diversity (PPD). DMAs

became a standard in microbiome analyses, whereas PPD,

which uses the phylogenetic entropy as a measure of mi-
crobiome diversity (Jost 2007; Chao et al. 2010),is here
applied for the first time. The phylogenetic entropy is a
generalization of Shannon entropy based on the fact that
different observed categories are not all equally different
from each others, having a similar structure that could be
modelled using a phylogenetic  tree. We implemented
PPD in the user-friendly web application,pHyLoH.

We applied DMAs and PPD to characterize microbio-
mes in the model honeybee (Apis mellifera) and its para-
sitic  mite varroa (Varroa destructor, Arachnida:
Varroidae). The rationale is that the comparative analysis
of both honeybee and the parasitic varroa microbiomes
could open new perspectives about the role of the para-
site on health of honeybee colonies. Indeed, Varroa de-
structor is considered responsible of the increasing
incidence of deformed wing virus (M 6ckel et al. 2011),
and it was reported as a vector of bacterial pathogens
causing for example the European foulbrood (e.g. Melisso-

coccus plutonius) (Forsgren 2010; Evans & Schwarz 2011).

Varroa destructor parasites honeybee larvae in their
brood cells, where female mites feed on honeybee hae-
molymph and lay eggs.  Mites have a large dispersal
capability and, in absence of reiterate chemical and/or
antibiotic treatments, infested honeybee colonies typi-
cally collapse in few years. For these reasons,the occur-
rence of varroa has serious consequences on ecological,
social and economic contexts (Rinderer etal. 2010;
Rosenkranz et al. 2010; Annoscia et al. 2012; Guzman-
Novoa et al. 2012).

In spite of the interest, the ecological dynamics of the
honeybee—varroa parasitic symbiosis are still largely
unknown. Studies conducted on adult honeybees
showed a characteristic microbiome (Jeyaprakash et al.
2003;Dillon & Dillon 2004; Mohr & Tebbe 2006; Martin-
son et al. 2011; Sabree et al. 2012). However, the microbi-
ome of the larval stages,as well as that of the parasitic
mite, remains largely unexplored, excluding few
researches on the transmission of specific pathogens

(Mouches et al. 1984; Cornman et al. 2010; Forsgren 2010;
Martinson et al. 2012). At the light of present knowledge,
alterations of honeybee microbiome due to the symbiosis
with varroa are expected, even if several aspects influ-
ence the final outcome. The honeybee microbiome
undergoes a peculiar dynamic over the life cycle of the
insect: the pupa is almost sterile, as a consequence of the
physiologic characteristics of the gut tract and the diet of
mature larvae during the 6 days before capping (i.e. the
closure of the brood cell) (Martinson et al. 2012). It is rea-
sonable to assume that the bacterial load within the
brood cells partially reflects the total  bacterial count of
the hives and that microbial communities characterizing
the hives are partially present in the cells even after cap-
ping (Martinson et al. 2012). But, what happens when
varroa alters this equilibrium? The perturbation caused
by varroa in the developmental phase of honeybee lar-
vae, and the consequent formation of the nutrition hole
caused by the parasite, could lead to the intrusion of
external bacteria (both from a potential  vector or from
the environment) into the larva, with a substantial modi-
fication of the original microbial community. The
hypothesis is that varroa mites play a fundamental role

in the alteration of bacterial composition of honeybee lar-
vae, acting not only as a vector, but also as a sort of
‘swing door’  through which exogenous  bacteria can
enter into the larva and alter the mechanisms of primary
succession of honeybee microbiome.

To validate our hypothesis, we studied varroa and
honeybee bacterial communities through DNA-barcoded
amplicon pyrosequencing, taking advantage of the HTS
methods (Blow 2008; Metzker 2009), which also allow the
detection of uncultured bacteria. We compared the results
of the phylogenetic entropy-based approach (imple-
mented in pHyLoH) with a classical method based on pair-
wise distances. We critically evaluated the strength and
weakness of both approaches and the importance of phy-
logenetic constraint. At the same time, we aimed to reach
a more complete vision of the relationships between hon-
eybee and varroa in the microbiome interchange.

Materials and methods

A schematic overview of  the experimental pipeline is
shown in Fig. 1. Our work is divided into three sections
as follows: (i) laboratory procedures including sampling;
(i) DNA extraction, amplification and pyrosequencing;
(iif) sequence analysis and microbial community differ-
ential analysis.

Laboratory procedures

Sampling—Honeybee larvae and varroa mites were
sampled directly  from capped brood cells in eight
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Fig. 1 Workflow of the procedures used
in our project.Our work is divided into
three sectionsti) laboratory procedures;
(ii) sequence analysignd (iii) microbial
community analysis. In particular, the
microbial community analysis was con-
ducted following two approachemicro-
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RESULTS: DIFFERENCE ACROSS SAMPLE GROUPS

apiaries in Northern Italy. We performed our analyses
on atotal of 21 individuals of honeybee larvae from
seven different apiaries, and 21 varroa mites found in
the same brood cells. As a negative control, a pool of
five healthy honeybee larvae from a noninfected site
was analysed.

Opercula of cells were opened with sterile instru-
ments. Honeybee larvae and varroa were immediately

removed and put in 2-mL tubes filled with absolute
ethanol. The samples were stored at 20 °C untii  DNA
extraction. In the study area, V. destructor is abundant
and widespread, and consequently, we found only one
noninfested apiary. This apiary was determined to be
healthy after a careful inspection of all the hives by
expert bee-keepers. The same experts determined that
the presence of varroa in the other seven apiaries was



high. In absence of preventive acaricide treatments, these
honeybee colonies would have certainly collapsed before
winter.

DNA extraction—All the extraction steps were performed
in a sterile laminar flow cabinet. After the removal of the
head, only the first segments of A. mellifera specimens
(after cuticular removal) were used for the DNA extrac-
tion, while for V. destructor, DNA was extracted from the
whole organism. The dissections were made in sterile
conditions with a scalpel in a Petri dish. Each sample
was then rehydrated for 4 h in sterile water at room tem-
perature, and mechanically grinded with the scalpel.
Total DNA was then extracted using a commercial kit
(DNeasy Blood and Tissue Kit; Qiagen, Milan, Italy) and
eluted in 50 IL sterile water. A pretreatment of Qiagen
columns was performed to wash away any trace of con-
taminating bacterial DNA (Evans etal. 2003; Moham-
madi et al. 2005). DNA extracts of the five larvae from
the noninfested apiary were pooled.

16S rRNA amplification and pyrosequencing—Thel6S
rDNA gene fragment corresponding to the V3 hypervari-
able region was PCR-amplified with Roche 454 FLX
(Titanium reagents) using the primer pair 341F (5 %CC
TACGGGAGGCAGCAG-39 and 518R (5 “ATTACCGC
GGCTGCTGG-3) (Watanabe et al. 2001). The reaction
was performed in a 20 IL volume with the following
reagents: 1X Tag-buffer with MgCl 5 1,5 mm, dNTPs
2 mwm, forward and reverse primers 11 ™ each, Taqg po-
limerase 0.5 U, DNA 50 ng, milliQ H ,O to the volume.
The thermal cycle was: 94 °C for 90 s, 29 cycles at 94 °C
for 20 s, 58 °C for 30 s, 72 °C for 20 s followed by a final
extension at 72 °C for 10 min and 60 °C for 5 min.

A subsequent nested PCR step using the products of
the first one as template was performed with standard
52 bp primers, comprising pyrosequencing primers A or
B, multiplex identifiers (MID) and 518R or 341F primers.
PCR mix and reaction volumes  were the same as
described above, except for the primers (10 1wm). The
thermal cycle was 94 °C for 90 s, 40 cycles at 94 °C for
20s,58 °Cfor30s, 72 °C for 20 s and a final extension
at 72 °C for 10 min and 60 °C for 5 min.

For each sample, we used a unique combination of
MIDs on the forward and reverse primers. PCR products
were quantified using Bioanalyzer 2100 (Agilent) and
normalized for quantity. Pyrosequencing was then per-
formed on Roche 454 GS-FLX titanium by BMR Genom-
ics Service at the Interdepartmental Biotechnology
Centre of the University of Padua (CRIBI).

Sequencesanalysis—Sequenceanalysis was performed
according to the following steps: (i) reads denoising;
(i) operational taxonomic units (OTUs) definition;

(iif) OTUs taxon assignment; (iv) phylogenetic analysis;
(v) OTUs splitting based on reads frequencies.

(DAIl reads were trimmed, filtered and assigned to the
corresponding sample according to their tag. Sequences
shorter than 100 bp with quality average <30 or contain-
ing unresolved nucleotides were removed from the data
set. acacia software version 1.52 (Bragg et al. 2012) was
used for pyrosequencing noise removal considering Bal-
zer error model and a maximum k-mer distance between
reads of 13 (default parameter for error correction). The
detection of chimera reads was performed using a pipe-
line based on usearcH (Edgar 2010) and ucHive (Edgar
et al. 2011) included in Quantitative Insights Into Micro-
bial Ecology (qume) software suite (version 1.7.0) (Capor-
aso et al. 2010).

(i) ucLusT wrapper was used to cluster sequences into
OTUs, based on 97% sequence similarity. For each OTU,
a cluster centroid (i.e. a representative sequence) was
chosen. To estimate diversity and reduce noise in pat-
terns of beta diversity, singleton OTUs (i.e. OTUs repre-
sented by a  single sequence) were removed before
community analysis (Zhou et al. 2011).

(ii)Using a pyTHON 2.7 script, we merged the Greengenes
16S rRNA database prefiltered at 97% identity (McDon-
ald et al. 2011) with a bacterial OTUs data set constituted
by symbionts previously described in studies conducted
on Apis mellifera (Mohr & Tebbe 2006; Martinson et al.
2011,2012; Mattila et al. 2012;Moran et al. 2012; Sabree
et al. 2012). To create a reference database for taxonomic
assignment, bacterial 16S rRNA sequences were
retrieved from GenBank and clustered using  ucLusT at
97% sequence similarity. The taxonomic attribution of
cluster centroid sequences was carried out using RDP
Bayesian classifier (Wang et al. 2007) with the new
merged data set obtained using a 0.8 confidence level.
OTUs were assigned by the RDP classifier, considering
the fifth and sixth taxonomic levels wherever possible,
which, in most cases, corresponded to family and genus
ranks. If RDP assignment was uncertain (probability
between 0.8 and 0.9), the quve-selected representative
sequence was used to query with blastn algorithm on
NCBI nucleotide database. Only in case of perfect match
(i.e. max identity 100%, query coverage 100%), the NCBI
taxonomy was used (results are shown in Table S1 in
Supporting information and/or DRYAD entry doi:10.
5061/dryad.j4d15).

(iv)A maximume-likelihood (ML)  phylogenetic tree was
built according to default parameters using FASTTREE SOft-
ware (Price et al. 2010) integrated inQumE .

(v)The community abundance profile, produced by uc-
Lust and labelled by RDP Bayesian classifier, was split
into two groups, as their global frequency was lower or
higher than 1%. This threshold is the advised value in
QIME manual; it is often used in the literature and



matches a gap in the frequency distribution of this data
set (see Supporting information and/or DRYAD entry
doi:10.5061/dryad.j4d15).

After this step, three data sets were produced: ‘All
Frequency Cluster’ (i.e. AFC, including all OTUs), ‘Low
Frequency Cluster’ (i.e. LFC, including OTUs with fre-
quency lower than 1%) and ‘High Frequency Clusters’
(i.e. HFC, including OTUs with frequency higher than
1%). This partitioning allowed us to explore the effect of
dominant andrare taxa amongthe microbiomes of
honeybee and varroa.

Microbial community analyses

Microbial communities were examined using two
approaches: the conventional distance matrices analysis
(DMA) and the partitioning phylogenetic diversity
(PPD). The last method was here applied for the very
first time to the analysis of microbiomes.

Distance matrices analysis, coupled with anova fam-
ily statistics, is a well-known statistical framework in
microbial community analysis that allows comparing the
effect of different explanatory variables. This method is
sensitive to unbalanced sampling, and it requires data
rarefaction. In a HTS framework, the term ‘unbalanced
sampling’ refers to the amount of sequences generated
for each biological sample (e.g. if youget 100 000
sequences from the organism 1 and 50 000 sequences
from the organism 2, the randomization leads to a loss of
information from the larger sample). The principal pitfall
of this approach is that it does not take into account the
influence of rare OTUs on the global diversity of a sam-
ple (see also Fig. S1, Supporting information). To over-
come this limit, we here propose the use of a PPD
approach (Chao et al. 2010).PPD is being framed within
information theory and can deal  directly with discrete
values, without producing distance matrices. It can also
incorporate information deriving from unbalanced sam-
pling, therefore avoiding a preliminary step of data rare-
faction. Finally, being based on the phylogenetic
structure of the data, PPD takes into account the influ-
ence of rare lineages on the microbial composition. In
fact, similar sequences with low counts can build up con-
sistent contribution to beta diversity on the branch lead-
ing to their most recent common ancestor.

The distribution of variability among bacterial com-
munities was described for three environmental vari-
ables: (i) ‘Cells’ to show differences between single
honeybee and the corresponding parasite found in the
same brood cell, highlighting possible relationships
between host and parasite microbiomes; (ii) ‘Localities’
to draw attention to differences existing between the
microbiome of the seven apiaries; (iii) ‘Status’ to show

microbiome differences among the pools of healthy hon-
eybees, parasitized honeybees and mites.

Distance method approach

All the analyses were performed on the rarefied OTU
tables to permit comparisons of diversity patterns within
and between communities. The number of OTUs (based
on the 97% sequences similarity) was determined for
each sample. As depicted in Fig. 1, community analyses
were performed with qualitative (jaccard and unweighted
UniFrac (Lozupone et al. 2011) and quantitative distance
metrics [squared chord (Cavalli Sforza & Edwards 1967,
Orloci 1967) and weighted UniFrac (Lozupone et al. 2011)]
using Qume and Rr for statistical computing (R Develop-
ment Core Team 2012).

Jaccard and squared chord were chosen as complemen-
tary metrics to unweighted and weighted UniFrac to test
how the community pattern changes with or without
phylogenetic information. We chose the squared-chord
distance because it was identified in previous works as a
metric fitting well at an exploratory analysis of commu-
nities where sampling was conducted blindly [see for
example (Legendre & Gallagher 2001)].

To interpret the distance matrix, we used UPGMA
hierarchical clustering method and we tested the robust-
ness of results with jackknife analysis (1000 permuta-
tions). Further, to determine whether the grouping of
samples by a given category was statistically significant,
we used adonis (Oksanen et al. 2007) a permutationabha-
nova allowing the use of distance matrix as dependent
variable. This procedure is included within the  quve
suite and was implemented in vegan R package. The
model used in adonis was the following:

Dist (i; j) ~ Status + Localities + Cells

where i and| are all possible pairs of samples without
redundancy and identity.

In this model, distances were considered as the
response variable, whereas each of the environmental
variables was considered as predictor.

We identified the microbial core community in honey-
bee and in the mite using compute_core_microbiome.py
script from quve. OTUs were grouped according to their
occurrence in a specific percentage of the total samples.
The grouping steps were defined as elevens threshold
between 0.5 and 1, corresponding to the 50% and 100%
of the samples, respectively. This allowed defining the
core community of each host species and more specifi-
cally to recognize the OTUs present in the majority of the
samples of a given host.

Figures S2 and S3 (Supporting information and/or
DRYAD entry doi:10.5061/dryad.j4d15),  showing the



taxonomic assignment and the abundance distribu-
tion, were generated with phyloseq (McMurdie &
Holmes 2013) and ggplot2 (Wickham 2009) R pack-
ages.

Partitioning phylogenetic diversity

Following the framework proposed by Jost  (2007),it is
possible to parse the total phylogenetic entropy of a data
set (c component), in intragroups entropy (a component,
and intergroups entropy (b component). Jost (2007) dis-
tinguishes between entropy measures, having bit has
unit (or nats, or bans, depending on the logarithm base),
and diversity measure having as unit the number of
equally abundant categories that would produce the
same amount of entropy.

Partitioning operations are performed using entropy
components, while the final result is transformed into
diversity by elevating to the base of the used logarithm.
Assuming that cluster label of observation is collected in
vector X and that group label is collected in vector Y, this
framework allows to define H . as entropy of X, H, as
entropy of X conditional toY, andH , entropy as
H. H , defined also as the mutual information
between X and Y (MacKay 2003).

It is important to notice that beta diversity (D ),
the exponential of Hy, has as unit the number of
equally abundant and different samples (the catego-
ries of Y), while D . and D , are measured in number
of equally abundant clusters (the categories of X).
Within microbial community analysis, the interest lays
generally in estimating Dy. To assess whether this
measure was significantly different from1 (i.e. the
diversity value under the hypothesis of no difference
among groups), we compared the realized statistics
with a null  distribution obtained by a permutation of
Xvalues onto Y ones. This procedure keeps a con-
stant number of observations per group, allowing
accounting for different sampling efforts. As described
here, this procedure does not consider the phyloge-
netic structure that links the categories of the vector
X. This limitation is critical for biological data.
Indeed, radically different findings from a biological
perspective would produce the same Shannon-based
beta diversity (see Fig. S1, Supporting information).
This becomes possible using the phylogenetic entropy.
The phylogenetic entropy is a generalization of Shan-
non entropy where the different observed categories
are not all equally different from each other, but have
a similarity structure that  could be modelled using a
phylogenetic tree. Following Chao etal. (2010), we
assume that variable X is the abundance distribution
of the clusters defined by ucLust, andits similarity
structure can be modelled with a phylogenetic tree t.

The phylogenetic entropy measure could be defined
as follows:

L.
Hy(X)= 2 —plogp,
iin Bt
where L ; is the value of the branch length for the ith
branch while T is the average distance from tip observa-
tion to root in the tree, as defined by the formula

T= X Lp

where i 2 B is the set of branches of the tree t, and p; is
the frequency of the descendant of branchi. Once this
point is set, to generalize the partitioning of diversity to
include phylogenetic information, it is sufficient to apply
the previous definition of c, a, b diversity using the phy-
logenetic entropy instead of the Shannon entropy. Phylo-
genetic entropy ¢ (Hc) is equal to H, (X), while
phylogenetic entropy a is equal to the weighted mean of
the phylogenetic entropies per group, where weights are
proportional to the number observation carried out  in
each group. More formally, this can be written as fol-
lows:

Hpa= Py & Hp(X|Y =) )

yinY xinX

where py is the relative frequency of observation in each
group while

2 Hp(X[Y=y) @)

xin X

is the phylogenetic entropy measured in the different
group y defined in vector Y. Phylogenetic entropy beta
(Hpo) remains defined asthe H ,c H . This phyloge-
netic entropy beta, or phylogenetic mutual information,
behaves in analogous way as Shannon-based mutual
information given the Kullback—Leiber divergence. This
matches the different way to estimate the classical
mutual information (Marcon et al. 2012).

Given that the H , is a difference of two summations
in which each term is relative to a branch in the tree, it is
possible to reorder the terms and obtain the contribution
of each branch in the final Hyy,

The mutual information H p, or its exponential Dy,
cannot be directly compared across different  grouping
variable Y, given that the cardinality of each variable Y
(the number of possible states) defines a different upper
boundary to the value of each b diversity. To normalize
diversity measures across different partitioning vari-
ables, it is necessary to transform diversity in overlap or
effective average proportion of  shared lineages in an



individual environment. The value ranges from 1 (all
lineages are shared) to 0 according to the following
formula:

_ (Hp - maxHsp)

Overlap = T maxH

where the maximum value of H , is the logarithm of the
number of groups or the entropy of Y depending on
whether differential sampling needs to be included in
the measure or not.

In this work, this approach was applied using the tree
obtained from rasTTREE (Price et al. 2010) and the tree
with the same topology, but internal branches with
length 0 and terminal branches with length 1. The latter
modified tree is used to perform the Shannon entropy
analysis without taking into account the phylogenetic
information, using the same software implementation. In
fact, setting all internal branch lengths to zero leaves in
the summation only the terms present in Shannon
entropy formula. These two alternative settings allow to
better evaluating the importance of  phylogeny when
interpreting the results.

Note that fractions of overlap are always higher in
the phylogenetic entropy case, giventhat there are
some phylogenetic similarites between different
OTUs, while the classic Shannon-based approach
assumes that each OTU is totally different from the
others.

The mutual information (i.e. the beta entropy) deals
with the  covariation between two  variables, so we
explored the relationship between sequences and a sin-
gle explanatory variable at the time. Within the frame-
work of information theory, it could be possible to take
into account the network of multiple interactions, but its
applicationto  phylogenetic entropy requires further
investigations.

Partitioning phylogenetic diversity approach was
implemented as a stand-alone Python script (PHYLOH
available at https://github.com/svicario/phyloH) and
includes a visualization routine based on ITOL (Letunic
& Bork 2007) that allows to visualize the distribution of
diversity and the contribution of the different OTUs to
the partition as an html file. Input format follows pPHyLO-
com input standard (Webb et al. 2008). To facilitate the
use for the microbiologist community, we wrapped in a
Web Service (https://www.biodiversitycatalogue.org/
rest_methods/143) the script coupling it within a work-
flow (http://www.myexperiment.org/workflows/3570.
html) with some parsing script enabling the use of out-
put files from qume suite as input. The workflow could
be run locally using a Taverna desktop engine (Wolsten-
croft et al. 2013) or as web application in the BioVeL por-
tal. Access to the portal could be obtained from the

BioVel website (www.biovel.eu) or contacting directly
the authors.

Results

Results are organized according to the pipeline showed
in Fig. 1.

Sequence analysis

Define OTUs—After sorting sequence reads for quality
scores, sequencing errors and chimeras, we obtained
34 816 sequences.ucLusT returned 295 OTUs (data set
AFC).

Taxonomic assignment—The complete list of OTUs,with
corresponding taxa names and acronyms, is provided as
Supporting information and/or DRYAD entry doi:10.
5061/dryad.j4d15 (Table S1, Supporting information).
Taxon assignment at family level of the three types of
organisms involved (healthy honeybee, parasitized hon-
eybee and varroa) is shown in Fig. 2.

Split OTUs by sequencefrequency—Of 295 OTUs, 21
exceeded the threshold of 1% of minimum total
observations (data set ‘HFC’, total sequences:24 005),
and 274 were defined as  arare OTUs not reaching
the 1% threshold (data set ‘LFC’, tot sequences:
10 811).

Phylogenetic analysis—The maximum-likelihood tree gen-
erated by FasTTREEIS Shown as internal tree in PHYLOH Out-
put (see Supporting information and/or DRYAD entry
doi:10.5061/dryad.j4d15).

Microbial community analysis

Distance method approach—The UPGMA analysispnsid-
ering jaccard distances for all the three sets of observa-
tions (AFC, HFC, LFC), shows a single cluster including
all samples belonging to parasitized honeybees  and
mites and a separate cluster including the pool of healthy
honeybees. On the contrary, with squared-chord metrics,
which consider abundances information of OTUs in HFC
and AFC, the analysis shows two different groups
between parasitized honeybees and mites. These results
are partially replicated with UniFrac (both weighted and
unweighted),although separation is less sharp (see Fig.
S4, Supporting information).

The adonis test was performed separately for each var-
iable (Cells, Localities and Status) and using all variables
together without interactions. Results were highly simi-
lar; for this reason only the coefficients of the model with
all predictors combined are reported (Supporting
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Fig. 2 Structure of microbiomes from
healthy and parasitized honeybees  and
varroas. The histogram shows the 15 fam-
ilies detected and relative abundances. In
two cases (Bacillales and Clostridiales),
the family rank was  not assigned, and
consequently, the order rank is shown.
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information Table S2 and/or DRYAD entry doi:10.5061/
dryad.j4d15).

The adonis test grouping the samples for brood
cells (Cells) has limited significance (P-values between
0.05 and 0.01) and small effect compared to degrees
of freedom used up (34-35% explained variance, 1.6%
the mean value for single cell). In addition, adonis test
is significant only using the jaccard distance and un-
weighted UniFrac in the LFC data set.  We found the
same variance inthe AFC data set, but only using
the unweighted UniFrac (35% variance explained and
P-value of 0.04).

A slightly stronger  signal is detected in Localities,

where jaccard, unweighted UniFrac and squared chord show

a significant grouping in the AFC data set (P-value <0.01
and effect 17-20% with per-Localities mean variance
explained between 3% and 2%). Similar signal is also vis-
ible with HFC and LFC,  but only jaccard is significant
(Supporting information Table S2 and/or DRYAD entry
doi:10.5061/dryad.j4d15).

The Status grouping shows a very different  pattern.
The mean variance explained per state of Status builds
up to 4-5% in the AFC data set and 9% for the weighted
UniFrac in HFC. Only the LFC subset is not significant

I Actinomycetales
I Flavobacteriaceae
Il Weeksellaceae
[ Streptococcaceae
I Clostridiales

I Acetobacteraceae
I Alcaligenaceae
[ Rhodocyclaceae
[ Enterobacteriaceae
[ Pseudomonadaceae

for the majority of distances used, and in any case the
mean variance explained is quite low (1%).

Microbial core communitiesin healthy honeybees, we
found only three OTUs, one of them (Proteo-7, a member
of the genus Serratia) accounting for the 99% of
sequences. The remaining 1% is  shared between two
OTUs: Proteo-2 and Firmi-7, respectively, identified as
Achromobacter sp. and Lactobacillus sp.

On the curves returned by qive script, we defined the
host and parasite core microbiomes using a 0.8 threshold
(Fig. S5, Supporting information).  The threshold was
chosen according to the steepest  point in the curve,
namely the point in which the least addition of OTU in
the core ensures the largest fraction of samples to be
compliant with the core representation. This means that
a single OTU has to be present in the 80% of samples of a
certain species to be considered ‘core’ for that species.

The OTUs considered as microbial core for honeybee
and varroa are shown in Table 1.

Partitioning phylogeneticdiversity—We used PHyLOH tO
perform partitioning tests on three environmental  vari-
ables (Cells,Localities and Status) for the three frequency
data sets (AFCor LFCor HFC) considering the



Table 1 OTUs associated with healthy and parasitized honey-
bees and varroa by compute_core_microbiome.py script

Parasitized honeybee

Varroa mite

Shared

Propionibacterium
sp. (Actino-1)
Chryseobacterium
sp. (Bacte-1)
Streptococcus
sp. (Firmi-1)
Clostridiales
(Firmi-3)
Lactobacillus sp.
(Firmi-7)
Hydrogenophilus
sp. (Proteo-1)
Achromobacter
sp. (Proteo-2)
Escherichia
sp. (Proteo-6)

Chryseobacterium
sp. (Bacte-1)
Flavobacteriaceae
(Bacte-2)
Streptococcus
sp. (Firmi-1)
Bacillus
sp. (Firmi-2)
Geobacillus
(Firmi-5)
Anoxybacillus
(Firmi-6)
Lactobacillus
sp. (Firmi-7)
Hydrogenophilus
sp. (Proteo-1)
Achromobacter
sp. (Proteo-2)
Pseudomonas
sp. (Proteo-4)
Escherichia
sp. (Proteo-6)

Chryseobacterium
sp. (Bacte-1)
Streptococcus
sp. (Firmi-1)
Lactobacillus
sp. (Firmi-7)
Hydrogenophilus
sp. (Proteo-1)
Achromobacter
sp. (Proteo-2)

phylogenetic information available or not. We can
observe several qualitative differences among the 18

analyses transforming the mutual

information into per-

centage of overlapping to allow a comparison among

variables. As shown in Fig.

3, Localities and Cells vari-

ables are not heavily influenced by phylogenetic infor-

mation. The relative position of

LFC, HFC and AFC,

measured in fraction of overlap counted in OTUs or lin-
eages, is similar. In fact, LFC has, in both cases, low over-

lap, whereas AFC and
maximum overlapping.

HFC data

sets show the

The variable Status describes a very different  pat-

tern from the previous two.
HFC differentiates
(overlap 0.87), with the other
about 0.91 overlapping. On the contrary,
is not considered, the pattern is
two variables. The biggest differ-

logeny,

netic information
similar to the other
ence is observable in LFC, while the smallest

ence is observable in HFC.
The contribution of the branches to the mutual information The analysis of complex communities (such as microbio-

between sequences and the Status variable. The experimentalmes) is today standard in different fields of biology and

design output and the numerical partitioning of phyloge-

netic diversity for Status variable considering all

Taking into account phy-
more among groups
two data sets showing

if phyloge-

differ-

OTUs

found (AFC) are shown in Table 2. A general overview
of the branches contribution to beta diversity across
groups is shown in Fig. 4. The 295 AFC OTUs are well

distributed on the phylogenetic tree,

and consequently,
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Fig. 3 Comparison of the percentage of overlap of the six data
sets with or without taking into account the phylogenetic infor-
mation. The percentage of overlap was calculated using estimate
of beta diversity and phylogenetic beta diversity for AFC, HFC,
LFC cluster frequencies and Cells, Localities,Status environmen-
tal variables.

their impact on the phylogenetic index is higher. 1t is
observable that Bacte-1, -2, -3 are more typical of the var-
roa and are all grouped in the same lineage (L208). On
the contrary, in Proteobacteria and Firmicutes, it is possi-
ble to find OTUs preferentially found in honeybee or var-
roa. Proteo-12, Proteo-14, Proteo-46, Proteo-24 and
Proteo-17 OTUs belong to lineage L268 and are preferen-
tially present in honeybee. There are three isolated OTUs
preferentially found in varroa (Proteo-3, Proteo-4 and
Proteo-5). Firmi-1, Firmi-9 and Firmi-4, typical of honey-
bee, are mixed with varroa’s OTUs Firmi-6, Firmi-14,
Firmi-2, Firmi-8 (both descending from lineage L387).

This lack of strong phylogenetic signal could be
caused by recent specialization or random community
assembly, given that Firmi-6 has a lower frequency sister
taxa Firmi-14 also present mainly in varroa we prefer the
first hypothesis.

Discussion

medicine. The number of published works is increasing
daily, but there are some concerns on the real quality of
the results showed. We are here comparing a ‘traditional’
approach to the community analysis [i.e. distance
method approach (DMA)], vs. the innovative partition-
ing phylogenetic diversity (PPD, here implemented in



Table 2 Variability in reads count for each sample.
group. Overall alpha and contribution to alpha in each group.

Variability in reads count and sample number in groups.

Overall gamma in each

Beta across samples within groups and between groups. E is always

within S, given that each sample belongs to only one environment type or sample group

Experimental design diversity: entropy and diversity of observation in the different groups

H_Environment

H(E) MaxDiversity Diversity
0.691 2 2
Experimental design diversity: entropy and diversity of observation in the sample within the groups

H_Sample

H(E) MaxDiversity Diversity
3.68 42 39.5

Gamma diversity: diversity using all data and in each group
H_gamma

H_gamma_parasitized_honeybee

H_gamma_mite

H(T) alpha_Diversity H(T|E = host_p)

gamma_Diversity

H(T|E = pars) gamma_Diversity

1.76 5.83 1.75

1.69 5.42

Alpha diversity: mean within group diversity
H_alphaByEnvironment

H(TIE) alpha_Diversity

H_alphaBySamples

H(T|S) alpha_Diversity

1.72 5.56

1.35 3.85

Beta diversity or mutual information between the phylogeny and a given grouping:

same group
MI_treeAndEnvironment

diversity across group and across sample within

MI_treeAndSampleGivenEnvironment

I(T,E) beta_Diversity Percentage_Overlap P value I(T,S|E) beta_Diversity Percentage_Overlap P value
0.0465 1.05 0.933 0 0.369 1.45 0.466 0
Difference of each group from total: phylogenetic Kullback—Leiber divergence between each group and the overall sample

KL_of_host_p KL_of_pars
Observed Observed
0.0162 0.0303

H_gamma = H_alphabyEnvironment + H_beta = H(T) = H(T|E) + I(T,E)

while taking into account  sample info: H_gamma = H_al-

phaBySample + H_betabySamplegivenEnvironment+H_beta = H(T) = H(T|S) + I(T,S|E) + I(T,E).

our newly proposed software pHyLoH). The final aim is to
propose our approach as a new standard in community
diversity analysis. We tested the performance and utility
of DMAs and PPD in the case of honeybee and varroa
microbiomes, a biological scenario intriguing and com-
plex at the same time. Our results showed that healthy
honeybees have a simplified microbiome, constituted of
few bacterial OTUs, while varroa is characterized by a
more complex microbiome, qualitatively not different
from that of parasitized honeybee. A simple conclusion
could be that varroa microbes infected honeybees. How-
ever, the most abundant OTUs of parasitized honeybee
do not derive directly from the mite, but are generalist or
environmental bacteria. This is undoubtedly a peculiar
result suggesting that these microbes could play a role of
pioneer species,with a potential pathogenic activity (i.e.

Firmi-1, -9, L387, Streptococcuszirmi-4, -14, L387, Clos-
tridiales) (Lozupone et al. 2012).

Our results show that both DMAs and PPD approach
give comparable results, but only PPD shows explicit
support and allows, within the same statistical frame-
work, to observe our data both from the general pattern
to the contribution of single or group of OTUs.

We partitioned data according to three environmen-
tal variables, which represent three different forces
shaping microbiome diversity: Localities,Cells and Sta-
tus. When Localities variable is considered, in DMAs
approach, the UPGMA method and the adonis test
analyses show a weak, but significant signal for most
of the distances and data set used. When all OTUs
(AFC) combined with unweighted UniFrac are consid-
ered, the signal is stronger.



Fig. 4 In the figure are shown the main tips and relative branches of one of the most discriminating lineages across Status groups [L387,
see tree.html (Appendix S1) in Supporting information and/or DRYAD entry doi:10.5061/dryad.j4d15 for further details] as example of
the ‘hairy pacman graphical output’ derived from a pHyLoH analysis. Three types of data are shown on the tree: (i) the cyan colour of the
branches indicates a significant contribution to I(T|E) (beta entropy or mutual information); (ii) the background of each branch is a gra-
dient (colour range) from yellow to red for increased contribution to I(T|E); (iii) bar plot on each tip indicates the number of reads count

in each group. For more details, see README file (Appendix S1) in Supporting information and/or DRYAD entry doi:10.5061/dryad.

j4d1s.

The results are similar using PPD, but with a stronger
support. In fact, the variable Localities produces a
significant effect, although this is better appreciable for
rare OTUs (LFC) rather than considering the most abun-
dant OTUs (HFC). In other words, low-frequency OTUs
(better defined using PPD) represent the fraction of bac-
teria characterizing the single apiary. This finding is in
agreement with  previous results, showing that
geographical distance is not crucial in shaping the core
microbiome of beehives (Sabree et al. 2012).

In our hypothesis, the bacteria are transmitted from
varroas to the honeybee larvae. This is corroborated by
the analysis of the variable Cells, where differences
between each larva and the corresponding mite were
estimated. This grouping has limited effects in terms of
mean explained variance when the DMA approach is
used, but it is still significant for some distances in AFC
and LFC data sets. In PPD, the overlap across categories
is obtained by Cells with the LFC data set,  showing a
strong effect. This situation is difficult  to explain: only
the more frequent bacteria are shared among cells,
whereas rare bacteria are not. However, the rare bacteria
are more interesting because they act as a clear signature
to discriminate different apiaries.

Considering the variable Status, both DMAs and PPD
approaches can discriminate the three different catego-
ries: healthy honeybees, parasitized honeybees and var-
roas. Healthy honeybees have a simply and distinctive
community with only one dominant OTU and two other

low-frequency OTUs. The most representative phylotype
(Proteo-7) belongs to the genus Serratia that was isolated
from the intestinal contents of healthy foraging worker
honeybees (Jeyaprakash et al2003),a well-known sym-
biont (generally harmless) in many insect taxa (Dillon &
Dillon 2004).

The scarcity of bacteria in the healthy larvae could be
attributed to their particular gut morphology, physiology
and nutrition (Martinson et al.  2012). Indeed, the larva
retains its faeces from the early days of  development,
due to the temporary absence of a connection between
the large mid-gut and the hindgut. The mature larva def-
aecates just before spinning a cocoon,when the capping
has already happened. As the cocooned pupa does not
eat, we can assume that there is no further colonization
by bacteria present in the brood cell.  Through these
mechanisms, the early microbiome characterizing honey-
bee larvae is maintained constant in composition and
ubiquitous in space (Jeyaprakash et al. 2003; Mohr &
Tebbe 2006).

The higher level of bacterial communities diversity
showed in varroa and parasitized larvae suggests a
transmission from parasite to the host. These two micro-
biomes are identical from a qualitative point  of view
(taking into account the HFC), but the relative abun-
dance of the different OTUs clearly differentiates the two
bacterial communities. When phylogenetic information
is included, the level of discrimination between parasit-
ized larvae and varroa is even higher. In fact, only using



PPD and weighted UniFrac in DMA (i.e. the approaches
that take into account the phylogenetic signal), the two
clusters are highly discriminated. However, only in PPD,
it is possible to show the contribution of the single OTU
and groups of OTUs to the differences observed among
samples.

The enhanced performance of PPD is exemplified in
PHYLOH oOutput tree [Supporting information tree.html
(Appendix S1) and/or DRYAD entry doi:10.5061/dryad.
j4d15 and as an example Fig.4] where the lineages L208,
L268 and L387 are those discriminating the microbiome
of varroa and infected honeybee. In particular, L208 lin-
eage encompasses OTUs presentin varroa, while L268
and L387 contain OTUs present in both varroa and hon-
eybees. The most discriminating OTUs of lineage L208
belong to the genus Chryseobacterium (Bacte-12, -3). In
contrast to the majority of bacteria belonging to Flavo-
bacteria, typically found in soil and water environments,
two (Bacte-1, -2) of these three OTUs were found as
pathogens of soft ticks (Bure sova et al. 2006). Given the
phylogenetic closeness between mites and ticks, it would
be interesting to investigate the role of this genus in
mites. The OTUs belonging to the lineage L268 were
assigned to genus Haemophilusjn which bacteria recog-
nized as pathogenic to bees but not associated with the
presence of varroa were found. Indeed, there are numer-
ous studies related to the antimicrobial  properties of

honey with references to Haemophilus (i.e. Jeffrey & Echa-

zarreta 1996; Anunez et al. 2008; Al-Waili et al. 2011).

Proteo-4 (genus Pseudomonas)s strongly present in
varroa, probably because it is common on the mite cuti-
cle (Tang et al. 2012), which had not been removed in
our study.

Lineage L387 (BacillaceaeFirmi-6, -8) includes OTUs
associated with honeybee (Mohr & Tebbe 2006; Evans &
Schwarz 2011; Moran et al. 2012), but here we found
associated mainly with varroa. It is possible that these
bacteria may be generalist present in the hive.

In conclusion, we would like to underline that the
partitioning of ~ phylogenetic diversity is a powerful
method to analyse community diversity. Using PPD, it is
possible to evaluate the different analyses using the per-
centage of overlap across groups as a comparable statis-
tic. The use of relative read frequencies as distance
among samples, instead of the summary statistics typical
of DMAs, allows to identify which lineages, or groups of
lineages, generate the significant differences. Further-
more, the permutation procedure on all sequences pre-
vents any subsampling procedure (i.e. rarefaction), a
practice that has been recently criticized because it
reduces the resolution power hiding the signal  coming
from rare OTUs (McMurdie & Holmes 2014).

Recently, Chiu et al. (2014) proposed a different for-
mulation for alpha diversity than the one proposed in

Jost (2006, 2007). Here, the alpha entropy becomes the
joint entropy of observation and environment minus the
logarithm of the number of environments. The new for-
mulation allows beta diversity to reach its theoretical
maximum (number of environments) whatever unbal-
anced design is used, but it causes the lower bound of
the beta diversity to be higher than 1 depending on sam-
pling design. Furthermore, the alpha diversity does not
match anymore the concept of mean diversity within
each environment. Consequently, we are not following
this new formulation because it is distant from the
canonical information theory and further evaluations are
needed.

A brief example could illustrate the reason of  our
preference. Let us assume two communities with the
same six equal abundant species, but one locality has
100 observations and the other 1000. According to our
definitions, alpha and beta diversities values are, respec-
tively, 6 and 1, while according to Chiu et al. (2014) defi-
nition corresponding values  are 4.07 and 1.475. We
think much more logic, and close to the original infor-
mation theory realm, the values of 6 and 1 that reflect
the fact that in each environment we expect to find six
species and that the two samples behave as 1. Chiu et al.
(2014) could oppose that using a very similar example,
but with the six species being different in the two envi-
ronments, the value of beta diversity would be 1.35 for
the formulation of this article and 2.00 for theirs.  This
apparent mismatch could be corrected by realizing that
the real maximum beta diversity is given by the expo-
nential of the entropy of the sampling vector that is
exactly 1.35.

Partitioning phylogenetic diversity method was here
implemented in our newly proposed tool pPHyLOH. We
tested our analytic software using large trees (i.e. consti-
tuted by several thousand tips) with no significant delay.
The only problem we observed is related to the number
of permutation that is proportional to the number of
observations following the rule of Nlog(N) permutation
for N observations. There are no possibilities to avoid
this, and several thousands of observations require hours
of computations. However, the service, given by the
National Institute for Nuclear Physics (INFN), allows
24 h as maximal running time, sufficient to cope with
medium—large data sets. Larger data sets could be han-
dled downloading the software and using it in local
computation facilities.

The software is not parallelizable, and replicates can-
not be distributed on several CPUs. We do not think that
parallelization is needed, but we will work on distribut-
ing permutations on several CPUs. A complete tutorial
of pHyLOH is available on Biovel web page. Input data
used in the present article are available on DRYAD entry
doi:10.5061/dryad.j4d15.



On the whole, we think that pPHYLoH will be arele-
vant innovation to study community diversity, a field
where data analysis is complex, but representation of
results is even more difficult.  Indeed, pHyLoH produces
clear vectorial graphical outputs, in html format, that

are easy to explore using functions such as text  finder
and zoom without reducing image quality. PHYLOH
shows its performances when large amounts of inter-

linked data are available. This is the case of the
researches involving high-throughput DNA sequencing,
such as our pilot study on microbiomes. Furthermore, it
can be used whenever a depth analysis of diversity dis-
tribution, from microorganisms to macroorganisms, s
required.
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version of this article:

Fig. S1 The figure depicts how Shannon entropy is totally blind
to some meaningful biological pattern.

Fig. S2 Distribution of OTUs of High Frequency Cluster (HFC)
between parasitised honey bee and varroa considering relative
abundance.

Fig. S3 Distribution of OTUs of High Frequency Cluster (HFC)
between healthy and parasitised honey bee and varroa.

Fig. S4 UPMGA trees showing the different relationships among
samples for all the distance metrics considered in DMA (jaccard,
squared-chordynweighted UniFrac and weighted UniFrac)consid-
ering Localities and Status variables.

Fig. S5 Output of the script compute_core_microbiome.py.
Table S1 Summary of all OTUs taxon assignment.

Table S2 Summary of results of adonis statistic.

Appendix S1 pHyLoH output in html format for ‘Status’ variable.

Appendix S2 Phylogenetic
Newick tree format.
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