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ABSTRACT ARTICLE HISTORY

In the past decades, COLOSS members have joined forces multiple times to develop and Received 4 July 2023
condense standard methods related to research on honey bees, their pests, pathogens, and Accepted 2 September 2024
colony products. This led to the publication of four open-access BEEBOOK volumes that have
been utilized by researchers worldwide. Among the chapters, “Standard methods for
molecular research in Apis mellifera,” written by Evans and collaborators in 2013, has been a
cornerstone for the standardization of honey bee molecular studies. However, since sequenc-
ing technologies and analyzing algorithms have made tremendous progress, many described
methods require updating. In parallel, other Apis species’ genomes have now been
sequenced, thus opening new research avenues in a comparative framework. In this chapter,
we add to the methods previously covered by Evans et al. in 2013 and provide updated
methodology where necessary, including worked examples and bioinformatic analysis pipe-
lines. We also cover topics which were not previously covered in depth, such as sequencing
ancient samples, population genomics, proteomics, and sampling honey bee colony prod-
ucts for microbiome studies, among others. Our hope is for this to become a lasting
resource for honey bee scientists as the field continues to advance.
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METODOS ESTANDAR Y BUENAS PRACTICAS EN LA INVESTIGACION OMICA DE LAS ABEJAS DEL
GENERO APIS

En las ultimas décadas, los miembros de COLOSS han unido sus fuerzas en mudiltiples oca-
siones para desarrollar y condensar métodos estandar relacionados con la investigacion de
las abejas meliferas, sus plagas, patégenos y productos apicolas. Esto ha dado lugar a la
publicacion de cuatro volimenes BEEBOOK de acceso libre que han sido utilizados por inves-
tigadores de todo el mundo. Entre los capitulos, «Métodos estandar para la investigacion
molecular en Apis mellifera», escrito por Evans y colaboradores en 2013, ha sido una piedra
angular para la estandarizacion de los estudios moleculares de las abejas meliferas. Sin
embargo, dado que las tecnologias de secuenciacién y los algoritmos de andlisis han avan-
zado enormemente, muchos de los métodos descritos requieren una actualizacion.
Paralelamente, se han secuenciado los genomas de otras especies de Apis, lo que abre nue-
vas vias de investigacion en un marco comparativo. En este capitulo, revisamos los métodos
previamente cubiertos por Evans et al. en 2013y proporcionamos metodologia actualizada
cuando es necesario, incluyendo ejemplos trabajados y pipelines de analisis bioinformatico.
También cubrimos temas que antes no se trataban en profundidad, como la secuenciacion
de muestras antiguas, la genémica de poblaciones, la proteémica y el muestreo de produc-
tos de colonias de abejas meliferas para estudios del microbioma, entre otros. El marco de
este trabajo también estd disponible en forma de wiki que puede actualizarse en tiempo
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real a medida que se produzcan futuros avances tecnoldgicos. Esperamos que se convierta
en un recurso duradero para los cientificos de las abejas meliferas, a medida que el campo
siga evolucionando.
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1. The ‘omics revolution in Apis: more data
than meets the eye

While digging into our evolutionary history through
archeology, we have found that humans have inter-
acted with bees for at least 40,000 years, revealing a
profound and intricate connection (d’Errico et al.,
2012). In the native range of the honey bee Apis mel-
lifera, beeswax was utilized in pottery during the
Neolithic agricultural revolution (Roffet-Salque et al.,
2015). Given this ancient relationship and associated
benefits, it came as no surprise that the western
honey bee genome was among the first insects to
be sequenced in 2006 (Honey bee Genome
Sequencing Consortium, 2006; Toth & Zayed, 2021).
This breakthrough paved the way for multiple
research avenues and applications for studying A.
mellifera evolution, biology, behavior, genetics, con-
servation, and health, which have been extensively
reviewed by Toth and Zayed (2021) and Grozinger
and Zayed (2020). The Apis genus (Apidae,
Hymenoptera), however, encompasses at least ten
other species showing an incredible diversity of
adaptations in Asia and Oceania (Panziera et al.,

2022; Radloff et al., 2010; Randall Hepburn & Radloff,
2011).

Toth and Zayed (2021) have thoroughly summar-
ized the explosive growth of honey bee genetics and
genomics studies since 2006. Early on, short DNA and
RNA sequences obtained via Sanger sequencing
(~100-1500bp) regularly enriched the A. mellifera
GenBank database. Now, progressively high-through-
put and next-generation sequencing (NGS) technolo-
gies produce millions of sequences per individual
and must be compiled into “digestible” Sequence
Read Archive (SRA) format. This massive volume of
genetic data can be overwhelming and is likely
underutilized. For example, our search in the SRA
Run Selector of NCBI (accessed on 23 January 2023),
yielded 15,458 hits strictly associated with
“(Apis[Organism]) AND ‘Apis mellifera’ [orgn:_
txid7460]” (Figure 1(A)). This creates opportunities for
processing and comparing large data sets of
A. mellifera but requires a standardized baseline for
future comparative questions and analyses.

The actual SRA size generated from A. mellifera
genomes and metagenomes is surely underesti-
mated here, due to inconsistencies in the metadata



reports. Evans et al. (2013) anticipated the compari-
son hardships and discordances that could arise
from such a global burst of data and responded
with the first set of standard methods and molecular
toolkits for A. mellifera. The timely publication of the
resulting BEEBOOK chapter (Evans et al., 2013) pre-
ceded the release of 99.2% (n=38,185) and 94.1%
(n=4,715) of the total genomic and transcriptomic
SRA available at the time of our survey, respectively.
This emphasizes the need of standardizing not only
the upstream data generation processes (e.g., sam-
pling, wet lab processing and sequencing) but also
downstream processes (such as sharing and facilitat-
ing open access distribution online).
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If A. mellifera remains the winning and most
curated species within the Apis genus, its sister spe-
cies A. cerana displays an early similar growth tra-
jectory (Figure 1(B)). Since 2011, multiple and
improved versions of five Apis species genomes
have been sequenced (Figure 2), offering new
opportunities for the comparison of their biology
and genomes. The development of new BEEBOOK
chapters dedicated to A. cerana and the further rec-
ognition of its unique evolutive history and bio-
logical traits are likely to drive a burst in data
generation, analysis, and sharing. Fortunately, many
of the molecular standard methods are applicable
beyond A. mellifera and, in some cases, transferrable
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Figure 1. The cumulated short read archive on NCBI for (A) “Apis mellifera” or (B) “Apis” stricto sensu reflects the burst in gen-
etic and genomic resources since the release of the western honey bee genome in 2006.
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Figure 2. Five reference genomes of Apis honey bee species have been assembled and improved since the first genome
release. The current timeline of the assemblies publicly released (e.g., ACSNU-2.0 [GFC_001442555.1]), as well as the represen-
tative genome (RefSeq) for each species and subspecies, was built using the latest NCBI update.

to other arthropods (Childers et al., 2021; Lawniczak
et al, 2022).

In parallel, the emergence of new omics techni-
gues and steady progress in wet lab and bioinformat-
ics techniques urged a revisit and expansion of the
Evans et al. (2013) chapter. The data generated by
epigenomics, proteomics, and metabolomics are also
expanding resources, and it becomes crucial to
understand how to analyze, use and share them effi-
ciently. Ultimately, Apis research will move toward
multi-omics integration, and it will become crucial to
efficiently utilize unique or rare samples for multiple
layers of data generation and analysis. We encourage
niche-specialized Apis researchers to familiarize them-
selves with the outputs and capabilities of each omic
method to fully leverage the wealth of accessible
data. Leveraging our experience with the transient
nature of omics technologies and bioinformatics
pipelines, we have enhanced this BEEBOOK chapter
by also making it available as an interactive wiki
(available at https://maevatecher.github.io/standard-
methods-apis-omics/; doi.org/10.5281/zenodo.14697
986) (Deligkaris, 2022). We compiled the most up-to-
date methods while also describing the applications
and limitations. Finally, we offer recommendations
for the standardization of data sharing in view of the
omics future in Apis. Our hope is that this chapter will

become a lasting resource as the technologies con-
tinue to advance.

2. Sample management

Sample management for honey bee samples is
essentially the same as described for A. mellifera in
BEEBOOK volume 1l (Evans et al, 2013). In cases
where samples may need to be collected and
handled differently before processing (e.g., museum
samples), we indicate deviations at the beginning of
each protocol.

3. Genome sequencing
3.1. Introduction

As for other species, the sequencing of Apis DNA has
many applications that can be divided into three cat-
egories: de novo sequencing, resequencing, and
transcript sequencing. While the last category tech-
nically relies on sequencing cDNA reads, its use is
intended to inform the structure and expression of
genes in honey bee genome, a topic that is covered
in Section 6.

De novo sequencing of Apis species started in
2006 but is punctually used to generate improved
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reference genomes and to represent new subspe-
cies (Figure 2) (Toth & Zayed, 2021). To achieve suc-
cessful de novo sequencing, the utilization of the
most advanced technology available is necessary.
The longest possible reads should be produced,
possibly from one single sample, and these will be
assembled into contigs based on partial sequence
overlap (Figure 3(A)). In turn, these contigs will be
assembled using other mapping methods such as
optical maps or Hi-C, to reconstruct larger frag-
ments (scaffolds), aiming at a chromosome-level
assembly.

Further analyses, such as population genomics or
RNA-seq, may then use the reference genome pro-
duced by de novo sequencing. This is done by align-
ing reads produced with a high-throughput method,
such as Illumina short-read parallel sequencing, to
the reference. Using a single reference genome for a
community of users allows the comparison of results
by having an unique coordinate system. For
instance, population genomics studies on whole
genomes are conducted by a re-sequencing
approach in which the reads from one sample are
compared to a reference by alignment (Figure 3(B)).
Re-sequencing with short reads will detect small dif-
ferences such as single nucleotide polymorphisms
(SNPs) or insertion-deletion mutations (indels),
whereas a long-read approach will highlight larger
structural variants. Alignment of sequence reads to a
reference is also used for a variety of other analyses,
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such as the detection of DNA methylation (bisulfite
sequencing) (Lyko et al., 2010), identifying regulatory
regions linked to histone modifications (ChIP-seq)
(Nakato & Sakata, 2021) the analysis of the 3D con-
formation of chromosomes in the interphase nucleus
(Hi-C) (Hoencamp et al., 2021; van Berkum et al.,
2010), and many other applications.

Different sequencing techniques exist, and the
choice amongst the three main categories (Sanger
sequencing, short read parallel sequencing, and
long-read sequencing) will depend on the desired
goal. Due to the broad applications of sequencing
and the constant progress made by technology, we
will only cover the most common ones as quick
guides toward informed choices here. For reviews on
the three main sequencing technologies, see
(Heather & Chain, 2016; Shendure et al., 2017).

3.2. Genome sequencing technologies

3.2.1. Sanger sequencing

Until the mid-2000s, DNA sequencing primarily relied
on the Sanger technique, which was invented in the
1970s and partially automated in the late 1980s with
the introduction of sequencing machines. These first-
generation sequencers represented great progress at
the time and were based on the size fractionation of
DNA fragments by electrophoresis and laser detec-
tion of the four possible bases by using four fluoro-
chromes. However, for each 500-1000bp read
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Figure 3. Genome sequencing. (A) Sequence reads are assembled into contigs by partial sequence overlap. (B) Alignment of
reads to a reference genome. These can be whole-genome sequencing, RNA-seq or other. Ideally, for a given Apis species,
only one reference genome should be used by the community, allowing for a unique and common coordinate system for
comparing results. Sequencing genomes usually refers to this method of looking for differences between the samples under
study and the reference. The consequence is that all results are reference-biased. For instance, a gene absent in the reference
genome cannot be analyzed in the samples, even when reads align to it.
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produced, separate sequencing reactions, based on
the copy of a template DNA, had to be performed.
This technique has become obsolete in favor of
next-generation genome sequencing, but is still used
for sequencing polymerase chain reaction (PCR)
amplicons when targeting specific regions of one
honey bee genome.

3.2.2. Next generation sequencing

The next major genome sequencing breakthrough
was the advent of next-generation sequencing (NGS)
techniques in the mid-2000s. Although these were
proposed at first by three companies (Roche,
Applied Biosystems, and Solexa/lllumina), today, the
dominant platform is Illumina. The breakthrough
came from the fact that the sequencing reactions
were no longer performed individually, but simultan-
eously on a surface, or flow cell. This allows millions
of DNA fragments to be amplified in parallel, with
fluorescently labeled nucleotides added and
detected sequentially. Parallel sequencing has a very
high throughput and can currently produce up to
billions of reads per run. However, these reads are
short (150-250bp, depending on the technology
used), which can be a major limitation, especially for
de novo sequencing. This inconvenience is partially
overcome by the fact that two 150bp reads (read
pairs) can be produced from both ends of each DNA
fragment. Before the advent of long-read sequenc-
ing, read pairs distant up to 10kb could be pro-
duced (mate-pairs) to help in sequence assembly
and scaffolding. Parallel sequencing is used, for
instance, in population genomics or for generating a
very high density of unbiased markers in a genome-
wide association study.

3.2.3. Long-read sequencing

Long-read sequencing, pioneered by Pacific
Biosciences (PacBio) and Oxford Nanopore, is the
newest sequencing approach. These innovative tech-
nologies can produce reads longer than 10kb, but
until recently, at the cost of a high sequence error
rate. As of the time of writing, both parallel and
long-read sequencing are the technologies of choice
and are used either independently or in combin-
ation. Long-read sequencing is often used for pro-
ducing new genome assemblies and for the
detection of structural variants (SVs). For a detailed
discussion on using long-read sequencing for tran-
scriptomics, please refer to Section 6.2.2.

Today, sequencing is done via dedicated core
facilities or private companies. Users submit their
samples or DNA, and in return, are supplied with the
sequencing files along with quality assessment of
the sequenced data. Most of the work, then, consists
of analyzing the data to extract biological meaning.

However, depending on the biological question and
perhaps also on budget considerations, the sequenc-
ing strategy (e.g., read depth, platform) will have to
be defined in advance, and at least some basic
knowledge of the advantages and limits of the cur-
rent technologies are required. Sequencing platforms
often provide tools to guide the new user (e.g.,
coverage calculator, sample pooling normalization
calculator) but we do recommend consulting
sequencing specialists as a very first step.

3.3. The reference genome

Genomic analyses, such as genome-wide association
studies (GWAS), population genomics, and transcrip-
tomics are virtually impossible to perform in the
absence of a reference genome for the species
studied. For instance, SNPs are detected by aligning
sequence reads from samples to the reference and
looking for the differences, transcriptome analyses
align sequence reads from RNA samples to the refer-
ence genome, and transcript levels are determined
by counting reads mapped onto the different anno-
tated genes. Moreover, the accuracy of such analyses
depends highly on the quality of the reference gen-
ome. A typical example in honey bees is the gene
number estimation that went from a first Official
Gene Set (OGSv1.0) of 10,157 protein-coding genes
in version 2 of the assembly (The Honeybee Genome
Sequencing Consortium, 2006) to a much larger
15,314 protein-coding OGSv3.2 gene set detected in
Amel_4.5 (Elsik et al., 2014). Among many reasons
for this difference are the progress in DNA sequenc-
ing techniques and assembly algorithms. However,
Amel_4.5 remained a very fragmented assembly.
More recently, the utilization of long-read sequenc-
ing technologies has led to the development of an
updated and highly contiguous genome assembly
(HAv3.1) which has corrected many errors in
chromosome segment ordering (Wallberg et al,
2019). Such a gapless assembly is also essential for
accurate gene annotation (Denton et al, 2014).
Using a single reference genome for all subsequent
analyses will allow having a consistent coordinate
system, which is indispensable for comparing results.

3.3.1. Assembling the reference genome

The reference genome should be as perfect as pos-
sible, and maximum effort must be made to use
state-of-the-art technologies and bioinformatics strat-
egies. As of the time of writing, the current honey
bee genome build, HAv3.1, was produced using
PacBio long-read sequencing, and the reads were
assembled into contigs with FALCON (version 0.5.0).
The contigs were then merged using additional
information, mainly genetic maps, BioNano optical
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Figure 4. Genome assembly. (A) Contigs are first built by sequence overlap and connected together into scaffolds with linked
reads, usually using HiC and/or optical maps. (B) De novo assembly decisions can be influenced by polymorphism present in
the sample used as reference. When reconstructing a haploid consensus sequence from a diploid individual, a certain propor-
tion of mismatches must be allowed, to take polymorphisms into account. However, the presence of paralogous sequences in
the genome will complicate the decision process. Sequencing a haploid drone solves this problem.

maps, and Hi-C chromatin interaction data (Figure
4(A)) (Wallberg et al.,, 2019).

3.3.1.1. Hi-C chromosome conformation capture.
The Hi-C chromosome conformation capture method
was developed for analyzing the 3D organization of
the genome, including possible interactions between
distant loci, either on the same chromosome or dif-
ferent chromosomes (van Berkum et al, 2010).
However, most interactions involve relatively close
loci, following the compaction of the DNA in the
chromatin and topologically associated domains
(TADs). Therefore, Hi-C is also used to detect read
pairs that will map at distances in the order of 10-
100kb to help assemble contigs together in whole
genome de novo sequencing. Hi-C method is par-
ticularly valuable in assembling regions of the gen-
ome that are challenging using conventional
sequencing methods alone (e.g., due to inversions,
large chromosomes, gaps and repetitive elements).
To reveal the chromatin looping, Hi-C was utilized to
compare the 3D genome structures of queen and
worker larvae (Zhang, He, et al, 2023). Hi-C and
PacBio technologies are also used to generate the
chromosome-scale assembly of the Apis cerana and
A. mellifera genomes (Cao et al, 2021; Wallberg
et al,, 2019; Wang et al., 2020).

3.3.1.2. DNA source selection. For technical reasons
at first, and now for continuity reasons, all reference
genome assemblies for the honey bee were done
using inbred queens or drones from the DH4 strain;
Bee Weaver Apiaries, Inc. (Elsik et al, 2014; The
Honeybee Genome Sequencing Consortium, 2006;
Wallberg et al., 2019). Indeed, to mitigate assembly
problems related to repeated DNA and gene fami-
lies, polymorphisms in the individual selected for
sequencing must be as low as possible. In diploid
species, this is addressed by selecting a highly

inbred sample. Honey bees, however, have a haplo-
diploid sex-determination system, so the problem
with intra-individual polymorphism is eliminated by
sequencing a single haploid male (drone)
(Figure 4(B)).

3.3.2. Annotating the reference genome

Much of the information used to annotate genes
within reference genomes is derived from RNA-Seq
gene expression studies, most of which are con-
ducted using short-read sequencing. The annotation
for new RefSeq genomes can be requested out at no
cost for the user through the NCBI team, using the
Eukaryotic annotation pipeline Gnomon (Thibaud-
Nissen et al., 2013). However, short reads do not
capture all the information, especially in large, com-
plex genomes which may have highly repetitive
sequences. Some genes may be falsely merged or
split, exons can be missing, and overall, the informa-
tion on alternative splicing is missing. Ideally, anno-
tation-driven work should now be revised and
performed with long reads such as Iso-seq (PacBio).
Many tools computational tools exist for user to per-
form or curate their own annotation (Ejigu & Jung,
2020). New annotation pipelines user-friendly like
BRAKER3 (Gabriel et al., 2024) are now using long
read RNA-Seq and protein data to improve gene
prediction.

3.3.3. High molecular weight DNA extraction

HAv3.1, being based on the DH4 honey bee strain,
cannot represent the full diversity existing in all
honey bee subspecies. Therefore, de novo assemblies
for other representative individuals may need to be
produced. Regardless of the DNA sequencing and
mapping techniques used, a critical step is to ensure
the genomic DNA extracted is of high molecular
weight (HMW), typically 10kb or higher. This is par-
ticularly important for long-read sequencing since
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reads will be long only if the DNA molecular weight
is sufficiently high. Achieving this requires careful
sample handling and DNA extraction, which can be
challenging at first. Most problems reside at the sam-
pling stage and first stages of DNA extraction.

To prevent quality issues related to contaminants
such as cuticle and optical pigments, samples should
be collected from larvae or white-eyed pupal stage.
Co-purification of pigments with HMW DNA can lead
to errors in spectrophotometric measurements and
interfere with downstream DNA binding, as observed
in other organisms (Adema, 2021; Fauchery et al.,
2023). To preserve tissue integrity, these should
either be fresh or flash-frozen in liquid nitrogen. To
preserve high molecular weight DNA, the frozen
sample can either be pulverized and the powder
used for standard DNA extraction. Alternatively, a
freshly sampled or thawed tissue can be gently
ground in DNA extraction buffer. While there are
many options for mechanical disruption, using a pes-
tle is ideal to avoid fragmenting the DNA. DNA
extraction can then be performed using standard
procedures, for instance, the QIAGEN Genomic-tips
100/G (Cat No/ID: 10243). The actual sequencing and
genome assembly is a very specialized work, using
ever-changing sequencing technology and bioinfor-
matics pipelines (Childers et al., 2021; LaFlamme,
2021; Lawniczak et al., 2022; Rice & Green, 2019).

3.4. Small and large variant detection

The technology most often used for small and large
variant detection (SNPs and indels, respectively) is
lllumina, due to its high throughput, cost-effectiveness,
and low error rate. When short reads are produced
for each individual and aligned on the reference
sequence, sequence differences between the reads
and the reference can be observed, indicating the
presence of variants. The bioinformatics analyses
concerning SNP detection are described further in
Section 4.3. Small variant detection can also be per-
formed by pool sequencing, in which DNA from
multiple samples are mixed prior to indexing and
sequencing. Pool sequencing helps in reducing
library preparation time and sequencing cost for
estimating allele frequencies in populations.

To detect large variants, such as insertions or dele-
tions of several hundred or thousands of base pairs
(indels), either two de novo assembled genomes will
have to be compared, as described further in Section
44 using the software LAST (Frith & Kawaguchi,
2015), or long reads produced by PacBio or Nanopore
sequencing are aligned onto the reference for break-
point detection. A common alternative to using LAST
is minimap (Heng Li, 2018) or LASTZ (Harris, 2007).

3.4.1. RAD-seq

Restriction site-associated DNA sequencing (RAD-seq)
is a technology by which a reduced representation
of the genome is selected using restriction enzymes
and PCR. Typically, 10% of the genome is selected
for analyses to reduce the volume of sequencing
reads required for SNP detection. However, given
the small size of the honey bee genome, the num-
ber of reads obtained in an Illlumina sequencing run
is not the limiting factor. From our experience, using
RAD-seq in honey bees now will increase the cost of
library preparation and, by extension, the overall
cost of sequencing while producing data for only a
fraction of the genome. Moreover, bioinformatics
analyses are slightly more complex than whole gen-
ome sequencing, and polymorphisms within the
restriction sites used can cause allelic drop-out.

3.5. Sequencing museum specimens

Ancient and historic specimens offer an excellent and
powerful opportunity to study macro- or micro-evolu-
tionary changes (Short et al,, 2018). Museum collec-
tions, in particular, are ideal, as they can provide a
temporal series of honey bee samples from different
areas of their natural range. Analyzing old specimens
enables us to gain insight into past genetic diversity,
selection, domestication, speciation, migration, and
phylogenomics (Card et al.,, 2021; Raxworthy & Smith,
2021). In fact, to study these processes directly, com-
paring historic and contemporary allele frequencies is
the most direct and powerful method, in contrast to
model-based approaches.

The main caveat of old samples is the challenge
in obtaining high-quality DNA for molecular analy-
ses, but improvements in DNA extraction protocols
and sequencing technology are overcoming these
difficulties (Orlando et al., 2021). Until recently, most
of the studies using museum collections were based
on PCR-amplification of target genes or mitochon-
drial DNA. However, due to DNA degradation, frag-
ments may be shorter than the target region and
cannot be amplified. In contrast, high-throughput
sequencing enables us to sequence even very short
DNA fragments. In the field of human genetics, pro-
tocols for high-throughput sequencing applied to
historic and ancient DNA from archeological sites
are relatively well established, but fewer efforts have
been made in the application to historical museum
collections from animals (Card et al, 2021; Grewe
et al, 2021; Mikheyev et al, 2015, 2017) and plants
(Kistler et al., 2020). For honey bees, sequencing of
historic collections has already been successfully per-
formed to study signatures of selection, changes in
ancestry composition, and genetic diversity pre- and
post-parasite arrival (Cridland et al., 2018; Mikheyev
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Figure 5. Examples of museum specimens. To avoid cross-contamination with other samples, especially with present-day
specimens, dedicated rooms, special personal protective equipment, and a cleaning workflow must be adopted. (A) Single
dried, pinned honey bee worker museum specimens. (B) Collection box with multiple museum specimens. (Credit: M. Parejo).

et al, 2015; Parejo et al, 2020) (Figure 5). The
approaches employed are also applicable to other
Apis species.

3.5.1. Considerations
The following recommendations are not limited to
ancient or museum-grade specimens. We suggest
adhering to similar guidelines for handling Apis sam-
ples targeted for genomic material extraction to
reduce contamination.

e Reducing contamination: It is imperative to take
the highest precautions and implement stringent
measures to avoid any cross-contamination
between samples, especially between contempor-
ary and historical samples. We recommend strict
separate handling of old and new samples, work-
ing under a hood or PCR workstation-type
cleaned with UV light. The usage of filter tips for
all steps should be seen as mandatory. Reliable
DNA extraction from museum samples requires a
clean and separated space where no previous
bee material have been introduced. It is almost
certain that such details will be demanded, and
quality checked by reviewers of Apis museum
genomics studies.

e Method choice: The DNA extraction protocol
described below is based on phenol-chloroform
separation, as it typically yields the highest
amount of DNA. This is crucial because only lim-
ited tissues may be available, such as legs.
Whenever enough tissue is available and samples
are less degraded, commercial DNA extraction
kits (e.g., DNeasy Blood and Tissue kit from
QIAGEN on honey bees from 1910 to 1999) also
produce adequate DNA quantity and quality
(Cridland et al., 2018).

e Hazardous agent: Please note that phenol and
chloroform are hazardous agents. It is of utmost
importance that you work cleanly and safely. In

addition to following basic laboratory safety pre-
cautions, perform all procedures in a chemical
fume hood, wash hands thoroughly immediately
after working with these chemicals, and use
sealed safety tubes (e.g., Eppendorf Safe-Lock
tube) when centrifuging.

Material choice: The bulk tissue material used
influences the success of DNA extraction and
sequencing in chitinous organisms such as Apis
honey bees. In some cases, there is no choice, as
only non-destructive sampling is allowed by the
curator for valuable museum specimens. While
thorax sampling is typical for modern samples,
thoraxes may contain a larger fraction of non-
target DNA, such as contaminating fungi or bac-
teria (albeit far less than found in bee abdomens),
and thus not represent the most suitable sample
type. In contrast, hind legs have been shown to
contain sufficient honey bee DNA with limited
contamination (Parejo et al., 2020).

Protocol optimization: We recommend conduct-
ing initial protocol testing on less valuable sam-
ples, if available, and changing or adapting the
protocols accordingly. Apis honey bee species
vary in body size while the anatomical structure
remains similar. Thus, it is easy to understand the
yield difference of ancient DNA obtained from a
leg of the giant honey bee A. dorsata compared
to a leg of the small A. florea honey bee. Not
only species, but also the conditions of collection
and preservation will affect the quantity and
quality of the DNA fragments. Remember that a
large proportion of your samples will not yield
enough DNA of sufficient quality for subsequent
sequencing.

DNA degradation: It is not recommended to use
a vortex to mix samples, as it can mechanically
degrade DNA. Instead, a gentle and careful man-
ual inversion of the tube several times to mix its
content is advised.
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3.5.2. Materials

>

Large equipment:

benchtop centrifuge

Dissection tools (cleaned with bleach and rinsed

with ethanol)

Pipettes

Microtubes (1.5 and 2 ml, Eppendorf)

Saline solution for initial cleaning

e Ringer solution (0.125M sodium chloride,
1.5mM calcium chloride dihydrate, 5mM
potassium chloride, 0.8mM sodium phos-
phate dibasic, pH 7.4)

e Alternatively, PBS (137 mM NaCl, 2.7 mM Kdl,
10mM Na2HPO4, and 1.8mM KH2PO4, pH
7.4) or Tris solution (150mM NaCl, 50 mM
Tris-HCl, pH 7.6) can be used
o Lysis buffer: ATL (QIAGEN or alternatively

other commercial lysis buffers can be used)
o Proteinase K (20 mg/ml)
o Phenol-chloroform-isoamyl alcohol (25:24:1)
o Chloroform
o Molecular grade glycogen (10 mg/ml)
o Ethanol (72 and 100% solutions)
o Sodium acetate (0.3 M final concentration,
pH 5.2)
o Ultra pure water (Milli-Q)

thermoblock and cooling

3.5.3. Procedure
3.5.3.1. Preparation and lysis

N

Clean 3-10% bench surface with bleach and
rinse with 72% ethanol.

Take the museum specimen, carefully cut the
hind leg(s) and place them into a 1.5-2ml
Eppendorf tube filled with 1,000l Ringer
solution.

Gently invert for 20 min to clean and rehydrate.
Take out the leg(s) and place on a new paper
tissue to dry.

Add 180ul lysis buffer to a new 1.5ml
Eppendorf tube.
Add leg(s).

Add 20 pl of proteinase K, invert and quick spin.
Incubate overnight at 56 °C.

3.5.3.2. DNA extraction

11.

12.
13.

After incubation, centrifuge and quick spin.

. Transfer supernatant (~190pl) to a new tube

(leaving the solid part of the tissue at the
bottom).

Add 190 ul (equal amount) of phenol.chlorofor-
m:isoamyl alcohol to the supernatant.

Invert carefully for 5min.

Centrifuge at 12,000 g for 5 min.

Phase separation

Ethanol precipitation

Aqueous phase

Interphase

Organic phase DNA pellet

Figure 6. Sample appearance during phase separation and
precipitation steps during the extraction. Created with
Biorender.com.

14.

15.

16.
17.
18.

19.

20.
21.
22.

Pipette upper aqueous phase (~100ul) into a
new tube, making sure not to touch the inter-
phase (Figure 6).

Add 190 pl H,O (Milli-Q) to the remaining inter-
phase and organic phase (back extraction).
Invert carefully for 5 min.

Centrifuge at 12,000 g for 5 min.

Pipette upper aqueous phase (~200pl) into the
same tube containing previously pipetted aque-
ous phase, making sure not to touch the
interphase.

Add 300 pl of chloroform to the tube with aque-
ous phase (equal volume) to remove remaining
phenol.

Invert carefully for 5min.

Centrifuge at 12,000 g for 5 min.

Pipette supernatant into a new tube, making
sure not to touch the interphase.

3.5.3.3. Precipitation

23.
24,
25.
26.

27.

Add 1 pl of 10 mg/ml glycogen solution to help
make the pellet visible upon precipitation.

Invert for 2 min.

Add 20 pul sodium acetate (10% of the volume).
Add 2.5-3 volumes of ice-cold 100% ethanol
(~600 pl).

Place the tube at —80°C for 1.5-2h.

3.5.3.4. Washing

28.
29.
30.
31.

32.
33.
34,
35.
36.

Centrifuge at 13,000 g at 4°C for 30 min.

Identify the pellet, and pipette away liquid.

Add 850 pl 72% ice-cold ethanol.

Invert carefully 1-3 times making sure not to
detach the pellet.

Centrifuge at 13,000g at 4°C for 10 min.

Identify the pellet, and pipette away liquid.
Repeat the wash steps 30-33.

Quick spin.

Pipette away the last drops of ethanol and let it
dry for 30 min at 37°C to let it dry.



3.5.3.5. Final solubilization

37. Add 40 ul of H,0 (Milli-Q).

38. Carefully mix by pipetting up and down several
times (do not vortex).

39. Incubate at 4 °C overnight for full solubilization.

TIP: A final, optional DNA purification step can be

performed using magnetic beads (e.g., QIAGEN’s

EZ1® DNA Tissue Kit). This step will remove co-

extracted small molecules that could act as inhibitors

in downstream enzymatic reactions. However, it will

also yield less total extracted DNA.

3.5.4. Sequencing of museum and ancient
genomes

Depending on the age and storage conditions of
your samples, the DNA will be more or less
degraded and different subsequent sequencing strat-
egies might be used. If sufficiently high-quality DNA
is extracted, standard whole-genome sequencing
libraries can be prepared (Section 4). In fact, most of
the historic and ancient DNA sequence data have
been produced using Illumina technology due to the
high data output, cost-effectiveness, and relatively
low error rates. It works well on short sequences and
is thus particularly well suited to sequence DNA in
the range of 50-150bp, which characterizes most
degraded old DNA. Specific protocols for library
preparation of ultra-low quantity DNA exist from a
variety of companies (e.g., Nextera DNA Library
Preparation Kit (lllumina); NEBNext Ultra Il kit (New
England Biolabs, Inc). For degraded DNA it is not rec-
ommended to perform any size selection during the
library preparation. We recommend to check with
your local sequencing facility for recommendations.
Before sequencing, we suggest to evaluate degrad-
ation levels and identify possible pollutants, such as
formaldehyde, in the prepared libraries with a frag-
ment analyzer (e.g. Bioanalyzer or 4200 TapeStation
System (Agilent Technologies Inc.)).

As an alternative to whole-genome shot-gun
sequencing, it is also possible to utilize hybridization
capture methods. In particular, for samples with low
endogenous DNA content, shot-gun sequencing is
inefficient and expensive. For such samples, hybrid-
ization enrichment provides an approach to enrich a
DNA sample for specific (and larger) genomic
regions (for example, targeted genes, the exome or
mitogenome). These approaches not only reduce
analytical costs but also maximize the chances of
identifying DNA present even in limited abundance.
A typical limitation of hybridization-based genome
reduction techniques is that custom probe design
and synthesis are rather laborious and costly.
Recently, a new and cost-effective method, hybrid-
ization restriction-associated-DNA (HyRAD) has been
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developed that uses double enzymatic restriction of
fresh DNA extracts to build RNA probes that cover
only a fraction of the genome and can serve as baits
for capturing homologous fragments from old DNA
libraries (Suchan et al., 2021). This can be a suitable,
cost-effective approach for non-model organisms,
such as Apis species.

For A. mellifera, which has well-established gen-
omic resources, an alternative approach is to use
SNP panels. These panels target specific SNPs that
can provide information on population structure,
diversity and ancestry, or can be used to investigate
functional genes or alleles that may be associated
with particular phenotypes. Custom genotyping pan-
els can be created, but a number of pre-designed
SNP arrays are available as ready-to-use assays for
the western honey bee (Chapman et al.,, 2017, 2015;
Henriques et al., 2021; Momeni et al., 2021; Munoz
et al, 2015). A caveat to keep in mind for both tar-
geted enrichment and SNP panel approaches are the
ascertainment bias that can be introduced by the
selection of particular probe sets, which can affect
downstream estimates of population genetic
statistics.

Finally, novel sequencing techniques are con-
stantly being developed. We recommend following
the latest research of human ancient genomics for
an overview on the latest developments (Orlando
et al., 2021).

3.5.5. Guidance on the data analysis methods
Sequence data clean-up and strict filtering is crucial
for reliable variant calling and subsequent analyses
and interpretation of the data. Ancient DNA has
“mistakes” at the ends caused by deamination of
cytosine, which are converted into uracil and there-
after sequenced as thymine analogues. This process
is responsible for the sequencing artifacts observed
as misincorporations of G—A at the 5 and C—T at
the 3’ ends. The frequency of this DNA damage
increases with the age of a sample and can be statis-
tically evaluated and taken into account during bio-
informatic analysis. To evaluate DNA damage, it is
recommended to perform a quality check of raw
sequence reads using (e.g, DamageProfiler or
mapDamage2. The latter program also enables users
to rescale quality scores of likely damaged positions
in the reads. In this way, “damaged” positions will
have less weight for mapping and subsequent vari-
ant calling. A critical step is to use strict read trim-
ming to remove adapters and low-quality terminal
sequences (as identified for instance by
DamageProfiler). Also overlapping read pairs, result-
ing from shorter DNA fragments than sequencing
read length, may be collapsed into consensus
sequences (e.g., by using BBmerge).



322 M. A. TECHER ET AL.

Once the raw sequence data has been sufficiently
cleaned, standard variant calling pipelines and analy-
ses can be followed (see Sections 3.4 and 4.3). Some
tips include adjusting parameters for mapping speci-
ficity and sensitivity. Moreover, rather than actual
variant calling, it is possible to use genotype likeli-
hoods instead, and in this way account for the
uncertainties and lower base qualities of ancient
DNA bases. This can be done within the framework
of The Genome Analysis Toolkit (GATK) or Analysis of
Next Generation Sequencing Data (ANGSD) that cov-
ers a wide range of analytical population genetics
statistics.

3.5.6. Applications and limitations

Any ancient historic DNA study is only as good as
the sampling and careful interpretation of results.
For instance, low genetic diversity in historic samples
could result from the fact that all honey bees were
from the same colony. Often in ancient and museum
specimens, limited knowledge of sampling condi-
tions is available, and it may not be known whether
the samples were collected from managed hives or
in the wild. Cautious interpretation is thus crucial.
Nevertheless, ancient honey bee genomics of
museum samples has a great potential to illuminate
the evolutionary history of species and different sub-
species, to identify the timing of population splits,
and investigate signatures of natural selection
(Cridland et al, 2018; Mikheyev et al., 2015; Parejo
et al., 2020). Moreover, the approaches can not only
be applied to study the past diversity of bees but
also their historically associated pathogens and
microbiomes. Thus, new lines of investigation could
be the study of the evolution and spread of patho-
gens and the genetic responses of hosts, as well as
past bee health related to its microbiome.

4, Whole-genome population and association
studies

4.1. Introduction

When considering whole-genome analyses, one
major advantage of working with A. mellifera, A.
cerana or even A. dorsata is that their genomes are
very compact, only ~223-228 Mb long (Oppenheim
et al, 2020; Wallberg et al,, 2019; Wang et al., 2020).
In comparison, the honey bee parasite Varroa har-
vest a larger genome size of 368 Mb (Cornman et al,,
2010; Techer et al., 2019) while the human genome,
for instance, is even larger with 3055 Mb (Nurk et al.,
2022). As a result, it quickly became evident that the
cost-to-benefit ratio of wusing whole genome
sequencing for honey bee applications was excellent,
as compared to other approaches. For instance, SNP
chips only allow the study of between 10,000 and

100,000 markers for a price that will not be much
lower than whole genome sequencing (between one
third and half the price at the time of writing),
whereas the latter approach enables the detection of
several million markers. Other disadvantages of using
SNP chips are that the choice of markers is biased,
and that the high density of SNPs and indels in the
A. mellifera genome complicates the chip design
(allele drop-out can often happen due to neighbor-
ing polymorphism).

Nevertheless, the whole-genome sequencing
approach has its drawbacks, with complex and intri-
cate analysis pipelines and longer computational
times. While bioinformatics is included in most
molecular biology and ecology related curriculum,
the steep learning curve can be discouraging for
new users without proper guidance (Carvalho &
Rustici, 2013). Additionally, whole genome computa-
tions should really be carried on remote access high
performance clusters (HPC) or local workstations. It
may thus not be ideal if rapid answers to questions
such as parentage testing or subspecies assignment
are needed. Moreover, data storage can be a critical
issue, with an average of 2-3 Gb needed per sample
for the raw sequencing files (FASTQ: text-based file
that contains the nucleotide sequence and associ-
ated quality score), 3-4Gb for the corresponding
alignment files (BAM: binary alignment map files)
and files up to one terabyte for reporting genomic
sequence variation (VCF: variant calling files)
depending on the dataset size.

Until now, most sequencing results were obtained
with paired-end Illumina sequencing. With the recent
progress made in long-read sequencing, having ref-
erence-quality assemblies for several individuals,
ideally from different subspecies within a targeted
Apis species can become a future standard. This will
allow the construction of pan-genome graphs, taking
inter-individual variation into account at the refer-
ence genome level. Long-read sequencing of individ-
ual samples will also allow the detection of large
structural rearrangements and repeat landscapes
that cannot be analysed accurately with short reads.

In this chapter, we provide recommendations for
multiple types of software to analyze genome-wide
sequencing data. While we propose a bioinformatics
workflow, it is important to note that this field is
rapidly evolving, and new and improved tools may
emerge over time. Before using one software, users
should verify its maintenance status (e.g., version,
last update, accessibility to a forum, or troubleshoot-
ing documentation) to avoid using obsolete or
buggy versions (Section 11). To carry out most bio-
informatics tasks, a basic understanding of UNIX
shell language (bash) is necessary on terminal and
non-graphical friendly interfaces (cheat sheet



recommended for new users). Languages such as R,
Python, awk, and Perl are worth mastering for bio-
informatics-oriented researchers (although Python is
now generally preferred over Perl, current bioinfor-
matic pipelines still utilize scripts in both languages).

4.2. Ploidy and sampling considerations

Since male bees are haploid and female bees are
diploid, the genetic information derived from these
samples will be different, and the best sample type
will vary depending on the study’s goals.
Additionally, sampling individuals versus groups of
individuals will change the types of questions that
can be answered with the resulting genomic data.
Below, we outline some information to help deter-
mine what type of sample to work with.

4.2.1. Individual sampling

Genotypic information for workers and queens
match standard polymorphism data showing three
genotypes: homozygous for the reference allele, het-
erozygous, and homozygous for the alternative
allele. Drones, being haploid, only two genotypes:
the reference or the alternative allele. Workers pro-
vide twice as much data as drones due to their dip-
loid nature, offering better insights into population
structure and admixture. However, drone analysis
requires less sequencing coverage and is more cost-
effective.

4.2.2. Pooled sampling

In addition to individual samples, depending on the
goal of the experiment, pooled sampling may be
necessary. Since workers carry both queen’s and
inseminating males’ genetics, a pooled worker sam-
ple may capture the entire allelic diversity within a
colony at a more affordable cost than individual ana-
lysis. In this case, 50% of the pooled workers’ genet-
ics are derived from the queen, whereas the
remaining 50% is representative of the patrilines (the
cohort of drones that inseminated the queen) of the
colony (see Section 4.3.7 for a brief discussion on
handling pooled data). Pools can be made from
honey bee tissue (e.g. thoraces, flight muscles,
heads with compound eyes removed, legs, anten-
nae) or from multiple specimen DNA.

4.2.2.1. Groups of workers. To represent the com-
plete genetic makeup of the meta organism that is a
honey bee colony, a large number of individuals
should be sampled. This requirement is a conse-
quence of the polyandrous mating system in Apis
bees with variable degrees across species (Kraus
et al., 2005; Palmer & Oldroyd, 2000). While extreme
polyandry levels were reported in the giant honey
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bee A. dorsata (up to 102 detected patrilines
(Wattanachaiyingcharoen et al., 2003)) the following
advices relates A. mellifera mating frequency (averag-
ing around 13.8+2.5 males (Palmer & Oldroyd,
2000)). The number of pooled individuals has ranged
from n=12 to 500 (Guichard et al., 2021; Momeni
et al, 2021; Rizwan et al,, 2020; Saelao et al., 2020),
and we recommend sampling and sequencing in the
order of hundreds of individuals. For example, if 15
males inseminated the queen and a targeted
sequencing depth is 30-fold per patriline is desired,
pooling approximately 500 related workers would be
necessary. Each worker in the pool would then rep-
resent 1/15th of the male genetic contribution of
the colony, assuming equal representation of all
patrilines.

4.2.2.2. Groups of drones. Alternatively, a group of
drones can also be sampled. Pooling drones into the
same genotyping experiment will allow indirect
inference of the queen’s genetic information, as
drones carry the queen’s genetics exclusively.
However, to obtain a complete representation of the
queen’s genetics, it is still necessary to pool a signifi-
cant number of drone offspring together (Jones, Du,
et al., 2020).

4.3. SNP and indel detection

Here, we provide a primer on the bioinformatics
involved in detecting sequence variants from
lllumina data, as it is often very difficult to know
how to start. The software tools chosen here result
from the authors’ positive experience in their appli-
cation of A. mellifera genomics workflow but do not
reject the validity and rapidity of alternative algo-
rithms and pipelines. We recommend the review by
Bourgeois and Warren (2021) listing the most com-
mon software and methods applicable to compara-
tive and population genomics in eukaryotes. For
further details on each parameter, future users will
have to go to the dedicated websites for BWA-MEM,
SAMtools, GATK, Picard, VCFtools, and BCFtools
(Danecek et al,, 2011, 2021; McKenna et al.,, 2010).

4.3.1. Mapping reads with BWA-MEM: from FASTQ
files to BAM files

The first step is to map the short reads to the refer-
ence genome to produce a BAM file. Typically, for
SNP detection, sequencing is performed paired-end
with an Illumina instrument, giving millions of
~150 bp reads in which 300-500 bp will separate the
beginning of Read 1 (first mate or forward read) and
the end of Read 2 (second mate or reverse read),
according to the size specification of the sequencing
library. For each sample, the sequencing instrument
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will produce two files in compressed FASTQ format
containing the reads. These will have names in the
form “AOC5_TAGCTT_L002_R1.fastq.gz” and “AOC5_
TAGCTT_L002_R2.fastq.gz,” which includes the sam-
ple name (AOC5), the sample identification in the
sample sheet (TAGCTT), the lane number on the
sequencing machine (L002) and the Read (R1 or R2).
One file will contain all Read 1 sequences and
another will contain all Read 2 sequences.

In honey bee genomics, there is currently no con-
sensus on a single best mapping software. However,
based on our literature survey, we found that BWA-
MEM (Burrows-Wheeler Aligner), Bowtie2 and
Stampy have been used for A. mellifera and A. cerana
short DNA read mapping. However, we noted that
BWA-MEM was the most commonly used, and it
was also reported as one of the top performing
short reads aligners (Musich et al.,, 2021). Therefore,
we have chosen BWA-MEM as our current standard
software for mapping honey bee genomes.

Step 1. Mapping the reads to the reference genome
is done here with BWA-MEM (Li, 2013) and parsing
with SAMtools using the following commands:

bwa mem -M GCF_003254395.2_Amel_HAv3.1_genomic.fna \
[AOC5_TAGCTT_L002_R1.fastq.gz \

[AOC5_TAGCTT_L002_R2fastq.gz | \
samtools view -bh -0 AOC5_TAGCTT_L002_aligned.bam -

The =M command marks shorter split reads as sec-
ondary. As BWA-MEM will output a very large file in
SAM format, its output is piped (|) directly into the
—samtools view -bh command, that will com-
press directly in the compact BAM format (=b), while
including the header (=h).

The full description of the SAM format can be
found online, and is updated on a regular basis.
Briefly, a SAM/BAM file will contain a header with
diverse information, such as if the file was sorted,
the name of the reference sequence used, and the
programs that were used to process the data (align-
ment and other subsequent analyses).

Special considerations: If a sample was
sequenced in two separate runs, lanes or from two
different libraries, the best practice is to require the
mapping to be done separately and the BAM files
produced to be subsequently merged. This is impor-
tant for backwards traceability and for downstream
analyses, as reads from different runs may have spe-
cific biases affecting base or mapping quality estima-
tions. In this scenario, sample “BER15" was
sequenced in two separate lanes of an lllumina
instrument. Alignment was done separately, giving
two BAM files, to be merged with samtools
merge.

Step 2. Merge BAM files with mapped reads using
SAMtools:

samtools merge -0 BER15_ATCACG_merged_aligned.bam \
BER15_ATCACG_L002_aligned.bam \

BER15_ATCACG_L005_aligned.bam

This information is passed on to the BAM file in the
mandatory ID tag of the read group (QRG) lines in
the header, and each mate-pair read in the BAM file
will be assigned to one or the other ID tag:

samtools view -H BER15_ATCACG_merged_aligned.bam | grep @RG
QRG ID:BER15_ATCACG_L002

QRG ID:BER15_ATCACG_L005

Step 3. Sort the BAM file using the following com-

mands with Picard:
java -jar picard.jar SortSam \
| = AOC5_TAGCTT_L002_aligned.bam \

0 =AO0C5_TAGCTT_L002_sorted.bam \
SORT_ORDER = coordinate

4.3.2. Marking duplicate reads with Picard

During sample preparation and sequencing, DNA
amplification steps will be performed, in which case
a single DNA fragment can produce duplicate reads.
It is important to tag such reads in the BAM file, so
that they will be ignored when calling variants with
GATK -HaplotypeCaller.

Step 4. Tag the duplicate reads using Picard option
-MarkDuplicates:

java -jar picard.jar MarkDuplicates \
| =AOC5_TAGCTT_L002_sorted.bam \

0 =AO0C5_TAGCTT_L002_dedup.bam \
M = marked_dup_metrics.txt

Step 5. The reads can then be sorted and indexed
with SAMtools:

samtools sort -T AOC5_TAGCTT_L002_dedup.bam \
-0 AOC5_TAGCTT_L002_sort.bam

samtools index AOC5_TAGCTT_L002_sort.bam

4.3.3. Base quality score recalibration (BQSR) with
GATK
Sequence reads in the FASTQ format have a quality
score associated to each base called by the sequenc-
ing machine, which are based on the manufacturer’s
algorithms. These express the confidence of the base
calling and will greatly influence the algorithms used
for variant calling as well as deciding between
sequencing errors and real biological differences.
BQSR models non-random technical errors in the
data using a machine learning approach and adjusts
the scores accordingly. A set of known variants in
the VCF file format is provided to mask bases at sites
of expected variation. Mismatches outside these sites
are counted as errors.
Step 6. Use the following GATK commands to gen-
erate the recalibration table:



gatk BaseRecalibrator \
-1 AOC5_TAGCTT_L002_sort.bam \
-R GCF_003254395.2_Amel_Hav3.1_genomic.fna \
--known-sites sites_of_variation.vcf \
--known-sites another/optional/setOfSitesToMask.vcf \

-R GCF_003254395.2_Amel_Hav3.1_genomic.fna \
-1 AOC5_TAGCTT_L002_sort.bam \
- -bgsr-recal-file recal_data.table \
-0 AOC5_TAGCTT_L002_BQSR.bam

4.3.4. Calling variants with GATK
Step 8. Variants can be called for each sample indi-
vidually using the following GATK commands:

gatk HaplotypeCaller \
-R GCF_003254395.2_Amel_Hav3.1_genomic.fna \
-1 AOC5_TAGCTT_L002_BQSR.bam \

-0 AOC5.g.vcf.gz
-ERC GVCF \

"

Special considerations: The option “—=ploidy” is
set to 2 (diploid) in the example, which fits for a
honey bee worker or queen sample. The option
“—ploidy 1" can be used for haploid drones, but in
our experience, this leads to false positive SNP
detection. A better option is to analyze haploid sam-
ples using the diploid model and to filter out SNPs
with heterozygote calls in the drones after the geno-

typing step.

4.3.5. Combining all samples and genotypes with
GATK

At this stage, all individual genotype files will be
combined into a single file. If more than hundred
samples are processed, this may require a large
amount of memory, which can be specified
(-—java-options “-Xmx10g"”).

Step 9. Combine genotype files:

gatk - -java-options “-Xmx10g” CombineGVCFs \
-R GCF_003254395.2_Amel_Hav3.1_genomic.fna \
--variant AOC1.g.vcf.gz \
--variant AOC2.g.vcf.gz \

--variant AOC3.g.vcf.gz \
--variant AOC4.g.vcf.gz \
--variant AOC5.g.vcf.gz \

Step 10. Once combined in a large file, joint geno-
typing can be performed:

gatk - -java-options “-Xmx10g” GenotypeGVCFs \
-R GCF_003254395.2_Amel_Hav3.1_genomic.fna \

-V all_samples.g.vcf.gz \
--use-new-qual-calculator \
-0 all_samples_genotyped.vcf.gz
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4.3.6. Filtering variants with GATK: technical filters
Step 11. The following commands will retain only
site variants coded as SNPs:

gatk SelectVariants \
-R GCF_003254395.2_Amel_Hav3.1_genomic.fna \

-V all_samples_genotyped.vcf.gz \
--select-type-to-include SNP \
-0 all_samples_genotyped_SNPs.vcf.gz

Step 12. Variants can then be filtered based on
quality scores. First, mark the SNPs in the VCF file
that do not pass quality score thresholds:

gatk VariantFiltration \

-R GCF_003254395.2_Amel_Hav3.1_genomic.fna \
- -filter-expression « QD < 2.0 || FS > 60.0 || MQ < 40.0 »

- -filterName “quality_filters”
-V all_samples_genotyped_SNPs.vcf.gz \
J ed SNPs filter ta

Here, we adopted the recommended and generic
hard-filtering parameters of all SNP with a variant
confidence (QD) below 2, a strand bias (FS) over 60
and a mapping quality (MQ) below 40. However, we
recommend readers to always plot these statistics
distribution using R and ggplot2 and verify that the
thresholds are adapted to their dataset.

Step 13. Then, the SNPs that passed the filters can
be extracted:

gatk SelectVariants \
-R GCF_003254395.2_Amel_Hav3.1_genomic.fna \

- -exclude-filtered
-V all_samples_genotyped_SNPs_filter_tagged.vcf.gz
-0 all_samples_genotyped_SNPs_filter_passed.vcf.gz

Special considerations: If variants were detected in
haploid drones using the diploid model, markers
having heterozygote calls can now be removed.

4.3.7. Filtering variants with VCFtools: data quality
To ensure a high-quality dataset, SNPs should be fil-
tered using not only quality scores, but also, for
instance, the mean depth and missing data. Here, the
software VCFtools (Danecek et al, 2011) is used to
include biallelic SNPs (-—max-alleles) with at least
5 read depth (-=—min-meanDP). Further information
about SNP filtering, such as the correlation between
markers or linkage disequilibrium (LD), can be found in
Section 4.7.

vcftools \
- -gzvcf all_samples_genotyped_SNPs_filter_passed.vcf.gz \

- -max-alleles 2 \
- -min-meanDP 5 \
- -out all_samples_filter_2.vcf.gz

4.3.8. Genotype phasing
Phasing refers to the process of statistical estimation
of haplotypes from genotype data. While drone
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sequencing generates directly phased data, worker
or queen sequencing requires an extra step in the
analysis for phasing the diploid data. There are sev-
eral freely available programs for this purpose, such
as Beagle 5.4 (Browning et al., 2021), fastPHASE
(Scheet & Stephens, 2006), IMPUTE2 (Howie et al.,
2009), and SHAPEIT4 (Delaneau et al., 2019).
SHAPEIT4 is highly accurate, simple, and computa-
tionally fast in large datasets (De Marino et al., 2022).
The program can be implemented using the follow-
ing command line:

shapeit4.2 - -input all_samples_filter_2.vcf.gz \

--map genomic_map.gmap.gz \
- -output phased.vcf.gz

4.3.9. SNP annotation with SnpEff

SnpEff is a toolbox to annotate the variants and to
calculate their effects (Cingolani et al., 2012). SnpEff
can be implemented on the Galaxy analysis platform
or by using the following command line:

java -Xmx8g -jar snpEff.jar Apis_mellifera all_samples_filter_

2.vcf.gz > all_samples_filter_2_annotated.vcf.gz

4.3.10. SNP analysis by sequencing pooled samples
Pooling offers an alternative for screening popula-
tions or subspecies using genome-wide markers and
high-throughput technologies. Group-level data
obtained from genotyping experiments will deviate
from individual-level data in the sense that frequen-
cies of the different alleles observed in the pool,
rather than genotype polymorphisms, will be
obtained (see Section 4.2.2). Allele frequencies can
be used directly or transformed into mean genotype
using PLINK (see Section 4.5.4.3), or dedicated geno-
type reconstruction methods. Such methods are cur-
rently available to use such allele frequencies, from
drone offspring or from a worker pool (Eynard et al.,
2022) to obtain queen genotypes. The procedure
described here allows the estimation of allele fre-
quencies in pooled samples by using the
PoPoolation software (Kofler et al., 2011).

4.3.10.1. From FASTQ files to BAM files. Mapping
reads and duplicate reads detection are performed
as described above (Section 4.3.1 and Section 4.3.2).

4.3.10.2. SNP selection and pileup files. Each line
in a PILEUP file describes a single position in the
genome. It contains information on the number of
reads “piled up” at the position, together with the
base called for each read, if the reads mapped to
the forward or the reverse strand and quality scores
for the base called for each read. PILEUP files are
very large and the detection of SNPs in pooled

sequencing is not very effective, so it is best to work
on a list of high-quality SNPs that were detected in
a previous experiment.

samtools mpileup -I -l snp.list \
-f reference_genome.fa \

-C 50 -q 20 -Q 20 sample.bam \
-0 sample.pileup

The option =I is for skipping indels. The list
snp.list is in the form of chromosome position
(tab separated). This will generate one PILEUP file
per sample. A list of BAM files can be provided
(option =1), to make a mpileup file containing mul-
tiple samples.

samtools mpileup -I -l snp.list \
-f reference_genome.fa \

-C 50 -q 20 -Q 20 -b bams.list \
-0 multiple_samples.mpileup

4.3.10.3. Counting reads per allele with
PoPoolation. PoPoolation (Kofler et al., 2011) takes
PILEUP files as entries and generates read counts for
each possible nucleotide base (A, C, G, or T) at each
SNP position reported in the PILEUP file.

java -ea -Xmx10g -jar mpileup2sync.jar \
--input sample.pileup \

--output sample.sync \
- -fastg-type sanger

The —sample.sync files present the results in
the form of one line per SNP position, with a count
of reads for each of AT:C:G:N:del. The PoPoolation
suite provides some perl scripts to calculate allele
frequency differences or Fst (fixation index) values
between pairs of pooled DNA sequences.

4.4. Comparing whole genomes

Comparing different versions of whole-genome
assemblies can help assess their quality and identify
major structural rearrangements occurring between
individuals of the same species, from different sub-
species, or different species. The rearrangements
thus detected will be large deletions, insertions,
inversions, or translocations. There are many soft-
ware options for pairwise alignments, including
LAST (Frith & Kawaguchi, 2015), MUMmer (Marcais
et al, 2018) or, minimap (Heng Li, 2018), among
others. These tools can also be used to align long-
reads from PacBio SMRT (single-molecule real-time)
sequencing technology or Oxford Nanopore
Technologies (ONT) on reference genomes, thus ena-
bling rearrangements to be detected directly after
the assembly process. The case of simultaneous and
multiple alignments is more complex and will not be
described here (see currently developed methods



(Armstrong et al.,, 2020; Kille et al., 2022) and large
eukaryote dataset applications (Feng et al, 2020;
Zoonomia Consortium, 2020)).

4.4.1. Conducting a pairwise genome comparison
with LAST

The example of pairwise whole-genome comparison
given here, using LAST, describes the main steps
with default values for the options proposed being
used as much as possible. Detailed information on
the numerous options proposed by the software
that can affect sensitivity, speed and other aspects
are described in the software documentation. In the
following example, we will compare the AMelMel
genome assembly of the black bee A. mellifera melli-
fera (query sequence), to the reference genome
HAv3.1 (target sequence).

Step 1. Both the target (HAV3_1.fa) and query
(AMelMel_1.fa) sequences must be in FASTA format,
in the form:
cat AMelMel_1.fa

Chromosome1
ACTACAGGATATCCATAGACAT ...

Chromosome2
GTCAGGATAGACAGGTAGACAT ...

Use basic Unix commands such as cat or less to
print the content of your target.fa and
query. fa.

Step 2. Prepare index files for the target sequence
with the command lastdb:

lastdb -uNEAR HAV3_1Db HAV3_1.fa

Note: The option —uNEAR specifies a seeding
scheme that is good for finding strong similarities.

NC_037644.1
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It is used here instead of the default YASS seeding
scheme, as we are comparing two subspecies and
therefore very similar sequences.

Step 3. Define an optimal scoring matrix. This is
optional, as LAST can work with a default matrix or
with one of the matrices provided. The command
last-train will find suitable substitution and gap
scores for aligning the two sequences provided by
using an iterative procedure:

last-train HAV3_1Db AMelMel_1.fa > score_matrix.mat

Step 4. Align the query to the target:
lastal -p score_matrix.mat HAV3_1Db AMelMel_1.fa > HAv_Amel.maf

Note: The option =p score_matrix.mat specifies
the score matrix prepared with last-train. Any
built-in score matrix proposed by LAST can be used.

Step 5. Plot the original alignment results. We will
only plot the alignment of chromosomes 7 (NC_
037644.1 in the HAv3.1 genome and CM010325.2 in
the AMelMel genome) (Figure 7(A)). The next steps
will aim at finding an unique best alignment.

last-dotplot -1 NC_037644.1 -2 CM010325.2 HAV3_1_AMelMel1_1.maf

plot_chr7.png

Step 6. Finding unique best hits for the query. At
this point, any sequence segment in the query can
have several alignments in the target. The command
last-split will read the candidate alignments of
the query sequences, and looks for a unique best
alignment for each part of each query.

last-split HAV3_1_AMelMel1_1.maf > HAV3_1_AMelMel1_1_split1.maf

NC_037644.1

A.

CM010325.2

CM010325.2

Figure 7. Example plots. (A) One major inversion is detected between the two assemblies. The many dots off the diagonal
are due to sequences that are repeated and having therefore several reciprocal hits. (B) Each region of one genome is now

aligned to at most one region of the other.
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Step 7. Finding unique best hits for the target. As
the sequence segments in the target HAv3.1 gen-
ome can also have several alignments in the query,
query and target are inverted in the file, and last-
split is run again:

maf-swap HAV3_1_AMelMel1_1_split1.maf | last-split > HAV3_1_

AMelMel1_1_split2.maf

Step 8. Plot results

(Figure 7(B)).

the polished alignment

last-dotplot -2 CM010325.2 -1 NC_037644.1 HAV3_1_AMelMel1_1_

split2.maf plot_chr7.png

4.5. Genome-wide association studies

Genome-wide association studies (GWAS) are con-
ducted to detect genetic markers that contribute to
phenotypic variation between individuals by analyz-
ing phenotypic and genomic information in an uni-
fied statistical model (Figure 8). This type of analysis
is commonly conducted in livestock species and
plants, and an extensive literature and collection of
tools, software, and methodologies are available for
this purpose (for a review in animal genetics, see
Hayes and Goddard (2010)). In this section, we will
discuss GWAS in the context of honey bee studies,
considering the unique attributes of this species.

4.5.1. Considerations for phenotypic data

Many different phenotypes or observations are com-
patible with GWAS. Examples for Apis honey bees
include, but are not limited to:

e Traits of agronomic interest, such as honey pro-
duction, gentleness, or low propensity to swarm

e Traits linked to phenotypic plasticity and social
behavior, such as precocious forager age

e Traits linked to morphology, such as pigmenta-
tion or wing venation

e Traits linked to survival, such as resistance to par-
asites (Varroa spp., Tropilaelaps spp., small hive
beetle), to viruses, or to specific environmental
conditions

Mixed effects model

e Traits linked to the colony or individual health,
such as viral or bacterial load

e Traits focusing on genome structure, such as vari-
able recombination rate

Ideally, these characteristics should be measured in a
standard way across all the “individuals” or “units”
(e.g., colony, caste, or single bee specimen).
Measuring traits at the superorganism unit (colony)
or at individual levels can be more or less relevant
depending on the trait of interest. Traits can be bin-
ary, as in a case/control association study (e.g., sur-
vival, presence or absence of a virus, performance or
not of behavior, etc), categorical (e.g., gentleness
scored in classes), or continuous (e.g., honey produc-
tion measured in kilograms). If focusing on a con-
tinuous phenotype, it is necessary to analyze
individuals representing the whole expected spec-
trum to distinguish markers impacting the
phenotype.

4.5.2. Considerations for sample selection

GWAS can be performed on individual samples or
composite samples of individuals from the same col-
ony (see Section 4.2 for details on ploidy considera-
tions). Individual samples can represent different
colonies or, when more than one individual per col-
ony is sampled, individuals within a colony. These
samples may be workers, queens, or drones. For any
sample type, an appropriate sample size should be
estimated to ensure the analysis has sufficient power
to detect associations.

4.5.2.1. Power analysis. Prior to performing a case/
control association study, it is useful to estimate the
power needed to detect significant markers given a
specific experimental design. Such power of detec-
tion is linked to the number of individuals in the
case versus control group, the number of markers
tested and the difference in allele frequency
between the two groups. The R package pwr is
strictly dedicated for power analysis functions
(Champely et al., 2017, 2018).

Generalized linear model

Y = u+ SNP + Population structure + Kinship + Error

‘ I— Fixed effects Q |

Population mean
Observation

Random effect

Figure 8. Generic structure of a GWAS model (adapted from Yu et al., 2006).



4.5.3. Materials

4.5.3.1. Computational resources. GWAS requires at
least a computer (for small studies), up to a high-
performance cluster (for large studies). Specific infor-
matic tools such as R or other dedicated software
programs (discussed below) for data manipulation,
statistical analysis, and visualization are also needed.

4.5.3.2. Genotypic and phenotypic data. Genomic
information can be found traditionally in the form of
a genotype matrix extracted from VCF files, where
different genotypes are specified as 0, 1 and 2.
Alternative formats, such as allele frequencies, are
also becoming more and more common and highly
useful for honey bee genomic studies. A matrix link-
ing phenotypic observations to sample identifiers
will also be needed.

4.5.4. Methods

4.5.4.1. Preparation of phenotypic data. Classical
GWAS methods rely on the assumption that the
phenotype of interest follows a normal distribution.
Therefore, depending on the trait, corrections such
as log, logit, square-root, cube root or, empirical
Bayes might be needed to adjust the phenotype dis-
tribution to the assumed normality. Unfortunately, as
corrections need to be tested independently, no
standard protocol can be described here.

We present below an example of an R script to
perform empirical Bayes correction with beta distri-
bution (Figure 9(A)). The beta distribution is often
used for empirical Bayes correction as the variety of
alpha and beta parameters defining the distribution
allow for a large range of probability density func-
tions representing most of the observed distribution
for ratios and proportions (Figure 9(B)).

A.

Density

P
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library(MASS) #Load library

df$pheno = df$num / df$den #estimation of the phenotype as a ratio
of num (numerator) on den (denominator)

eb_fit =fitdistr (x = df$phenol !is.na(df$pheno) & df$pheno > 0 &
df$Spheno < 1], densfun = “beta,” start = list(shapel =1,
shape2 = 1), method = “L-BFGS-B") #fit of beta distributions to the
estimated phenotype

aprior = eb_fitSestimate #alpha parameter for the beta distribution
estimate for our phenotype

bprior = eb_fitSestimate #beta parameter for the beta distribution
estimate for our phenotype

df$Spheno_eb = (aprior + df$num) / (aprior + bprior + df$den)
#corrected phenotype

4.5.4.2. Preparation of genotypic data. Prior to
running a GWAS analysis, we recommend perform-
ing a quality control analysis on the genotypes
(Wragg et al., 2021). Depending on your data, these
quality controls can be based on:

e Technical and sequencing characteristics such as
genotyping quality (QUAL >200 and QD >20),
depth (20x), or even calling rate (>95%).

e Minor allele frequencies (MAF >0.05), or rare var-
iants, are much harder to test accurately than
common ones. Depending on the read coverage,
rare variants are likely associated with genotyping
errors and are often removed without further
considerations.

e Linkage disequilibrium (LD), as assumed for the
GWAS models, relies on the independence of the
tested markers; therefore, one might want to filter
on a LD threshold. Doing so will remove redun-
dancy in the genomic information and might
strengthen the signal for some markers of interest.

4.5.4.3. Performing GWAS: methods and software.
Multiple software and packages are available to

I I I T ] [ T T ]
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Figure 9. Correcting phenotypic parameters. (A) Example distribution of phenotypic values before and after correction using
the empirical Bayes method. (B) Example of the histogram for a phenotype before and after empirical Bayes transformation.

Note the improved distribution after transformation.
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perform GWAS easily from genomic data (for a par-
tial listing, see in GWAS tools platform). One stand-
ard and popular software is PLINK (Purcell et al.,
2007). It contains a large panel of functions from
data manipulation and filtering to GWAS analysis,
making it a preferred tool for analyzing individual
diploid data. PLINK is compatible with binary pheno-
type variables (case/control) as could be expected
for, e.g., survival. In such a case, standard chi-square
analysis on each marker individually can be used.
This test gives test statistics and p-values for the dif-
ference in allele frequency between the case and
control group. See Section 4.7 for more information
on using PLINK.

However, in Apis honey bee colonies, traits are
often measured at the group level, making pooled-
sample genotype information (e.g., allele frequencies
or mean genotypes) more relevant. To deal with
such data types, we list some tools that have been
adapted to be able to analyze pooled data. We rec-
ommend using GEMMA for analyzing pooled-sample
data (Zhou & Stephens, 2012), which allows for
mixed linear models as well as Bayesian inference.
For small datasets (hundreds of samples), the LDAK
(Speed et al.,, 2012) software might be more suitable
for performing GWAS. Additionally, LDAK also offers
potential GWAS computation based on gene annota-
tion rather than genotypes. This allows a straightfor-
ward interpretation of the functional effect, since
only differences within annotated genes are
detected, and reduces the number of statistical tests
performed. While new tools are continuously devel-
oped to perform GWAS with different settings and
data types, the field still lacks dedicated methods
that can deal specifically with honey bees and
haplodiploidy.

4.5.4.4. Detecting signatures of selection. Although
it is not solely restricted to association studies,
detecting selection signals (i.e., stabilizing selection,
directional selection, and diversifying selection) is of
significant interest in honey bee genetic analysis to
assign selection signals along the genome for spe-
cific traits (also known as phenomics). Several soft-
ware options are available for this purpose, such as
FLK and hapFLK (Bonhomme et al., 2010; Fariello
et al, 2013). The use of such methods has helped
characterize soft selective sweep in Africanized
honey bees in invasive areas (Avalos et al., 2017),
through a temporal sampling in native Swiss popula-
tions (Parejo et al, 2020) and in association with
beekeeping practices (Wragg et al, 2016). Avalos
et al. (2017) have curated customs bash and R scripts
available as supplemental notes, which we recom-
mend as a reproducible workflow using RsB for any

users who want to start such analysis with honey
bee samples (Tang et al.,, 2007).

4.5.5. Sources of variation

Population structure might need to be accounted for
by adding covariates in the GWAS model. Such cova-
riates can come from genetic background informa-
tion (vectors of genetic admixture, commonly called
Q vectors), principal component analysis eigenvalues
for population structure, environmental effects such
as the apiary, effects linked to the beekeeping prac-
tice (see Section 4.6 on population genomics). In
addition, a kinship matrix (the relationship between
individuals) can be included in the model. This
matrix can be estimated based on pedigree records
(Brascamp & Bijma, 2014), though it is often chal-
lenging for honey bees to have complete genetic
records. In Apis honey bees, it is especially interest-
ing to consider such a matrix, as relationships across
individuals within a colony deviate from standard
estimates in diploid livestock species. The software
LDAK offers additional features. One such feature is
the possibility of computing genetic relationship
matrices (GRMs) from weighted polymorphisms,
which is equivalent to trimming our genomic infor-
mation based on linkage disequilibrium, as sug-
gested in Section 4.5.4.2.

In case/control association studies, rigorous
experimental design is advantageous, in the sense
that matching case and control individuals according
to environmental conditions, genetic background,
etc., will authorize the researcher to ignore these
variables in the analysis.

4.5.6. Quality control and data interpretation

To validate that the GWAS performed matches the
model hypotheses, we recommend running multiple
diagnostic analyses. The most common diagnostic is
to draw the Q-Q plot for p-values of the GWAS using
R. This method allows us to check for an agreement
between expected and observed p-values. If a devi-
ation from the expectation is observed, this is a sign
of improper fit of the model to the data. This gener-
ally indicates that either the phenotype is not prop-
erly modeled or that population stratification or
structure is not accounted for in the GWAS model. A
strong deviation from the diagonal in Q-Q plot
(Figure 10(A)) should lead to further investigation
and repetition of the GWAS. Another diagnostic
approach can be performed on p-values, as they are
expected to follow an uniform distribution.
Therefore, checking the histogram of p-values is a
relevant diagnostic plot for a good fit of the model
(Figure 10(B)). Finally, checking for unexpected corre-
lations between SNP effects and allele frequencies
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Figure 10. Example diagnostic plots for GWAS study. (A) Q-Qplot and associated inflation factor 4, (B) histogram of the p-val-

ues and (C) plot of SNP effects as a function of allele frequencies.

can inform on misfit of the model or of errors in our
data set (Figure 10(C)).

After validation of the study based on the diag-
nostic plots presented above, we recommend look-
ing into the markers’ p-values and effects. The
decision on the significant threshold cut-off for the
markers associated with a trait of interest is crucial
(often between 1 and 5%). Traditional corrections for
multiple testing, such as Bonferroni, can be used but
are often too stringent and might cause one to
ignore relevant markers. For GWAS, controlling the
false discovery rate (FDR) is a standard approach.
Recently more methods, like ash (Stephens, 2016),
are less conservative and better adapted to complex
phenotypes. This method expects phenotypes to be
highly polygenic with most markers having a negli-
gible effect on the phenotype itself, as can be antici-
pated for complex honey bee traits. Recent
developments have also made it possible to com-
bine multiple analyses on different populations or
even phenotypes using the software Mantra and Mr
Mega (Morris, 2011) or Mash (Urbut et al., 2019).

Once diagnostic tests are completed, it is time to
interpret the effects of the markers, if identified, to
describe the genotype/phenotype association. In
some studies, few markers may be detected with
large and highly significant effects. In this case, the
markers are strong candidates to explain the causal
mutation underlying the trait. More often, many
markers are detected, having small but significant
effects. This is often the case in complex traits that
tend to be highly polygenic. If markers are identified,
the final step is to inspect the genomic regions of
interest and identify candidate causal genes to try to
interpret the biological pathways involved.

4.5.7. Applications and limitations

The pinnacle goal of GWAS is to identify genetic
underpinnings of specific characteristics. The possi-
bilities of traits to focus on are endless, but to date,
association studies in honey bees have focused
mostly on traits linked to beekeeping practices
(Guichard et al., 2021), disease or parasite resistance

(Spotter et al., 2016), and health (Wu et al,, 2021). In
other studies, genome-wide scans have been used
to identify selection signals for population-specific
features such as royal jelly production (Wragg et al.,
2016). Although genetic markers for specific traits
were first identified through quantitative trait loci
(QTL) mapping (Evans et al. (2013) for a description
of this technique), the technique has fallen out of
favor as high-throughput sequencing has become
more accessible.

Performing GWAS on honey bees can be challeng-
ing because the breeding system often makes the
colony, which has a diverse genetic makeup, the unit
of interest. Moreover, limitations arise whenever
divergent and structured populations in honey bees
are analyzed together without being properly
accounted for in the GWAS model. For example, if
bees belonging to different subspecies are analyzed
together for a phenotype, the markers identified
might be representatives of the different genetic
types rather than linked to the phenotype of interest.
This can also impact comparative genomics studies
(see Section 4.4) and can lead to misguided interpre-
tations of mechanisms underlying traits of interest.

On top of estimating the effects and significance
of targeted markers associated with a trait, it is also
possible to evaluate trait heritability with GWAS
(Brascamp & Bijma, 2019; Guichard et al, 2021;
Jourdan-Pineau et al,, 2021). Such heritability meas-
ures are population-specific and might vary across
studies focusing on different individuals and environ-
ments. Furthermore, genomic heritability estimates
in honey bees might differ from pedigree heritability
estimates, as they are not straightforward to approxi-
mate due to haplodiploidy and multiple mating
(Jourdan-Pineau et al., 2021). Such heritability infor-
mation is particularly useful for guiding selective
breeding programs.

So far, few research projects report genome wide
association study results in honey bees but have
already informed on genomic regions associated
with aggressive behavior (Avalos et al, 2020;
Guichard et al., 2021; Sokolowski, 2020), adaptation
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to mountainous environments (Everitt et al., 2023),
and disease tolerance (Hassanyar et al., 2023). With
the increasing availability of genomic data, due to
reduction in sequencing costs and improved avail-
ability of genotyping chips, we can expect a growth
in this field.

However, genome wide association studies in
honey bee genomics may still face major challenges.
Honey bee genomic data can have high complexity,
as it may be derived from workers, drones, or pools
of individuals, and there is a lack of dedicated meth-
ods to perform GWAS in haplo-diploid organisms.
Furthermore, many desirable phenotypes are scored
at the colony level, necessitating pooled sampling.
Many of these traits (e.g., behaviors) are also com-
plex themselves, and can be highly polymorphic,
conditional, and polygenic.

Consequently, although efforts are underway
(Grozinger & Zayed, 2020), it has been exceedingly
challenging for GWAS results to contribute to selec-
tion decisions in the form of genomic markers with
strong prediction potential for traits of interest.
GWAS may be better suited to understanding the
biological mechanisms underlying traits of interest
for honey bee research.

4.6. Population genomics: experimental design

Whereas genome-wide association studies (GWAS)
link SNPs to specific traits, population genomics
identifies changes in the genetic composition of
populations. To do this, population genomics ana-
lyzes hundreds to thousands, even millions, of
markers (usually SNPs) across multiple individuals
and populations to unravel microevolutionary pat-
terns and processes. Due to the massive amounts of
data that are typically generated by high-throughput
sequencing or genotyping technologies, population
genomics has evolved from classic population genet-
ics (in which the number of markers was in the order
of tens) to become a data-driven and computational
science. It requires computational resources, mem-
ory, and expertise in bioinformatics due to the large-
scale data generated in these studies.

In honey bees, as in many other organisms, popu-
lation genomics provides important insights into the
bees’ demographic and adaptive history (Chen et al.,
2016; Cridland et al., 2017; Fuller et al., 2015; Harpur
et al., 2014; Henriques, Wallberg, et al., 2018; Nelson
et al,, 2017; Wallberg et al., 2014) as well as into the
genomic basis of important traits, such as tolerance
to diseases and parasites (Saelao et al.,, 2020), royal
jelly production (Rizwan et al., 2020; Wragg et al.,
2016), as well as defensive, scouting and recruiting
behaviors (Avalos et al., 2020; Harpur et al, 2020;
Southey et al., 2016).

4.6.1. Sampling strategy

When starting out a population genomics study, the
first step is to design the sampling strategy. Before
collecting the samples, several sampling-related
aspects must be considered, including (i) sample
sizes of individuals and markers, (ii) sample breadth,
(iii) sampling design, (iv) sampling workers versus
drones, and (v) sampling a single individual versus
multiple individuals per colony. Final decisions are
greatly constrained by the study’s goals (e.g., esti-
mating diversity within colonies or at the population
level, inferring population structure, finding signa-
tures of local adaptation, or landscape genomics),
the complexity of the genetic patterns of the focal
subspecies, and the budget available.

4.6.1.1. Sample sizes of individuals and markers.
Simulation studies have shown that population gen-
etics inference (e.g. diversity, demographics, differ-
entiation, or gene flow) is influenced by the sample
sizes of markers and individuals (Aguirre-Liguori
et al.,, 2020; Flesch et al., 2018; Foster et al., 2021;
Landguth et al., 2012). While increasing both simul-
taneously produces more robust estimates, empirical
and simulation studies have consistently shown that
the accuracy benefits far more from increasing the
number of markers than the number of individuals
(Landguth et al., 2012; Nazareno et al., 2017; Willing
et al,, 2012).

To the best of our knowledge, there are no simu-
lation studies on the optimal sample sizes for popu-
lation genetics or genomics inquiries in honey bees.
However, inferring from studies on other organisms,
when the number of markers is in the order of hun-
dreds to thousands (which is becoming common-
place in the post-genomics era) around eight
individuals per population suffice for accurate esti-
mates of diversity and differentiation (Aguirre-Liguori
et al, 2020; Flesch et al., 2018; Li et al, 2020;
Nazareno et al., 2017).

However, in honey bee studies, sample sizes have
typically been larger. These have ranged from n=9
to 87 individuals per group in population genomics
studies (Avalos et al., 2020; Chen et al., 2016; Harpur
et al, 2014; Henriques, Parejo, et al., 2018; Nelson
et al, 2017; Wallberg et al., 2014; Wragg et al., 2016)
and from n=12-117 when developing SNP assays
(Chapman et al., 2015; Henriques, Parejo, et al.,, 2018;
Jones, Du, et al., 2020).

While empirical evidence from honey bee studies
is lacking, the optimal number of sampled individuals
will certainly vary among subspecies, depending on
their distributional range or evolutionary complexity
(Henriques, Browne, et al, 2018). For example, the
optimal sample size for A. m. ruttneri, a subspecies
confined to the small island nation of Malta, is



expected to be much smaller than that of A. m. melli-
fera, a subspecies with one of the greatest geograph-
ical distributions, or of A. m. iberiensis, a subspecies
with a complex history involving natural hybridization.
Finally, it is also important to keep in mind that
unequal population samples can impact the out-
comes of some analytical approaches, such as infer-
ences on population structure (Puechmaille, 2016).

4.6.1.2. Sample breadth. In addition to the sample
size, when sampling honey bees for population gen-
omics studies, it is also important to consider the
number of sampled populations, or breadth (cover-
age of distributional range), which can influence
inferences for classic population genetics as well as
landscape genetics or outlier tests (Aguirre-Liguori
et al.,, 2020; Albert et al., 2010; Nazareno et al., 2017;
Schwartz & McKelvey, 2009). In honey bees,
Henriques, Parejo, et al. (2018) showed that sampling
a geographically restricted area within the A. m. iber-
iensis distributional range would erroneously identify
a set of SNPs with the fixation index between this
and C-lineage subspecies equal to one (Fst = 1),
with an impact on the design of reduced panels of
highly informative SNPs. This is because the true Fst
values are <1, meaning that the SNPs are not diag-
nostic anymore and therefore have a lower informa-
tion content. When the goal of the study is to find
genomic evidence of local adaptation, it is critical to
ensure that populations (or individuals) are sampled
across environmental gradients (e.g., latitudinal or
altitudinal) and environments (e.g., arid and humid),
for increased power in detecting outlier SNPs and
therefore candidate genes (Manel et al., 2012).

4.6.1.3. Sampling design. The sampling design will
depend on the individuals’ spatial distribution and
the study’s goal, among other factors (Paradis, 2020).
For example, if the goal is to find signatures of selec-
tion in honey bee populations, sampling should
cover environmental gradients. When sampling
encompasses pairs of populations that maximize the
environmental differences while minimizing the evo-
lutionary differences, there is great potential for
detecting selection footprints (Delaneau & Zagury,
2012; Lotterhos & Whitlock, 2015). This approach
was followed in a study of honey bee adaptation to
altitude in East Africa (Wallberg et al., 2017). By sam-
pling two pairs of populations representing moun-
tain forests and lowland savannahs, the authors
could detect strong candidates for adaptation to
highland habitats in whole-genome scans.

Several sampling designs can be used by honey
bee researchers. For continuously distributed popula-
tions, random and systematic sampling designs (e.g.,
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transects or grids) have proven to be effective in
simulation studies (Oyler-McCance et al., 2013). The
systematic design was implemented in Iberia to
unravel the genetic diversity patterns and underlying
processes of A. m. iberiensis, via the establishment of
three north-south transects. With this design, the
authors uncovered a secondary contact zone in
Iberia and found evidence for selection as another
evolutionary force shaping complex genetic patterns
in A. m. iberiensis (Chavez-Galarza et al., 2013, 2015;
Henriques, Parejo, et al., 2018). If, on the other hand,
the distribution is patchy, cluster sampling (sampling
several groups of individuals) is more appropriate
(Oyler-McCance et al., 2013).

4.6.1.4. Sampling workers versus drones. The
choice of sampling workers (diploid) over drones
(haploid) will depend on the questions being
addressed and, thereby, on the type of analyses that
will be performed (see Section 4.2 for more on gen-
eral ploidy and pooling considerations). For example,
Hardy-Weinberg Equilibrium (HWE) testing can only
be done with individual diploid workers. However,
there are analyses that do not require testing for
HWE, and in this case, using haploid data can be
advantageous. In addition to reducing sequencing
costs, drones generate phased data, thereby circum-
venting the hurdles of statistical phasing. Phased
genomic data offers increased power for detecting
selection signatures by facilitating the employment
of haplotype-based methods.

4.6.1.5. Sampling a single individual versus mul-
tiple individuals per colony. Classic population gen-
etics analysis (e.g., HWE, diversity, differentiation,
structure) requires sampling one single diploid
worker per colony. This approach circumvents the
problem of over-representing the queen’s genotype
and violating the assumption of sample independ-
ence by sampling multiple individuals. However,
when the study addresses questions at the intra-col-
ony level (e.g., patriline analysis, colony structure),
sampling multiple individuals is an unavoidable
requirement. The number of sampled individuals per
colony can vary, depending on the questions being
addressed and on budget limitations. For example,
the numerous studies published in the pre-genomics
era, which required patriline analysis, typically
sampled tens of workers per colony (61+72.6; see
the review of Tarpy et al. (2004)). When multiple
individuals are sampled from within a colony, they
have historically been genotyped separately, but
pooling is becoming increasingly popular in the
post-genomics era (see Section 4.2.2).
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4.7. Population genomics: filtering and summary
statistics using PLINK

In this section, we will describe some tools available
for analyzing SNPs (the most common type of gen-
etic variation used in genomic studies) using a popu-
lation genomics framework. We will employ a VCF
tutorial file containing 3,669,288 SNPs obtained after
the variant calling of 33 individuals, 26 of which are
of M-lineage ancestry (18 A. m. iberiensis and eight A.
m. mellifera) and seven are of C-lineage ancestry
(three A. m. carnica and four A. m. ligustica).

The first step in any population genomics study is
understanding and filtering the dataset by calculating
summary statistics to evaluate missing data, allele fre-
quencies, or linkage disequilibrium. To that end, sev-
eral tools tailored for handling whole-genome data
are publicly available, including VCFtools (Danecek
et al,, 2011), PLINK (Purcell et al,, 2007), and several R
packages such as pegas (Paradis, 2010) and
PopGenome (Pfeifer et al., 2014). Here, we chose the
highly versatile and efficient PLINK tool to illustrate
the steps involved in filtering and in producing sum-
mary statistics for whole-genome datasets.

PLINK is a command-line software that runs on
different operating systems such as Linux, Microsoft
DOS, and macOS. Additionally, instead of using com-
mand lines, one can also use an interface through
the program gPLINK, although this is only available
for the most commonly-used commands. In this sec-
tion, we will go over some of the basic commands
that can be carried out with PLINK (version 1.9).

4.7.1. Download and installation

First, download PLINK 1.9 (www.cog-genomics.org/
plink2/) and the tutorial dataset called pop_gen,
which can be found on github.com/MaevaTecher/
standard-apis-omics. All the commands will be typed
at the command prompt. To check that PLINK is
installed, type “=./plink” on the command
prompt, and some information about the PLINK, like
its version and examples of flags, will be printed.

4.7.2. Input format and conversion

PLINK can operate with various input formats, the
most common are regular PLINK TXT files, PLINK 1
binary BIM file, and variant call format (either VCF or
BCF). PLINK 1 binary is the preferred input format
because PLINK automatically converts the other for-
mats to this one to save time and space. There are
commands for converting the formats to each other.
We will explain the most common files and provide
the command line to convert them to others.

4.7.2.1. Variant call format (VCF). Genome
sequence data are very often represented in the vari-
ant call format (VCF) or its binary counterpart (bcf).

The following command can be used to convert vcf
into the PLINK 1 binary format:

plink —vcf pop_gen.vcf\
- -keep-allele-order\

- -allow-extra-chr\
- -make-bed\
--out pop_gen

The meanings of the flags are the following:

— —vcf specifies that we are using a .vcf.gz file.

—-keep-allele-order specifies that the ref-
erence allele will be in the 6th column (A2) and the
alternate allele in the 5th column (A1). If we do not
use this flag PLINK will reorder the alleles, and in A1
and A2 columns will be the minor and major alleles,
respectively.

—-allow-extra-chr indicates that chromo-
some code does not start with a digit.

— -make-bed specifies that PLINK1 binary files
should be generated.

——out specifies the output name. If one does
not use =—out, PLINK will call the file “plink,” for
instance “~plink.bed.”

If there are no errors, four files will be created:
pop gen.bed, pop gen.bim, pop gen.fam
and pop gen.log. The pop gen.log file con-
tains the command and other information that was
printed to the console. The other files are explained
below.

4.7.2.2. PLINK 1 binary format (.bim). To work with
PLINK 1 binary format, the three following files
(pop gen.fam, pop gen.bim, and pop
gen.bed) will be needed:

1. pop_gen.fam: Contains the sample information

and has the following fields:

e Family ID (If unknown, use the individual ID)

e Individual ID (Alphanumeric ID to uniquely
identify an individual and cannot be “0")

e Paternal ID (If unknown, use “0")

e Maternal ID (If unknown, use “0”)

e Sex code (Use “1” if male, “2" if female, “0" if
unknown)

e Phenotype value (Use “1” if control, “2" if
case, if not used set to “0")

2. pop_gen.bim: Contains the variant information

and has the following columns:

e Chromosome (It should be a digit, otherwise
one needs to use the flag - -keep-allele-order)

e Variant identifier (Can contain any character,
except spaces, tabs or “*”)

e Genetic distance in morgans or centimorgans
(Can be set at “0")

e Base-pair coordinate (Positive integers in bp)

e Allele 1-A1 (Contains the less common allele
or the alternate allele)
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e Allele 2-A2 (Contains the most common allele
or the reference allele)
3. pop_gen.bed: Binary biallelic genotype data.

To convert PLINK 1 binary format to VCF, one can
use the following command:
plink —bfile pop_gene\

-recode vcf\
-out pop_gene

-—bfile specifies that we are using PLINK 1 bin-
ary format.

——recode vct specifies to create a VCF file as
an output.

——out specifies the output name.

Note: To do this conversion, one needs to be sure
that in PLINK 1 binary format, the reference alleles
are located in the 6™ column (A2).

4.7.2.3. Regular PLINK text files. The regular PLINK
text files are formed by the PED and MAP files. The
PED file is a white-space delimited file that stores
the genotype calls. It contains six mandatory fields/
columns which correspond to the file. fam fields.
After these columns, the PED file is followed by
2*(number of variants) columns with the genotype
of each locus in the same order as in the MAP file.
The MAP file contains the variant information corre-
sponding to the first four columns
gene.bim.

The MAP file should have the same root name as
the PED file and contain the same number of loci.
For instance, if there are genotypes for 10 loci and
12 individuals, the MAP file will contain 10 lines and
four columns, and the PED file will contain 12 lines
and 26 columns (10 loci *2 + 6 mandatory columns).
The loci in the PED file do not have to comply with
the genomic order, but they must be in the same
order as in the MAP file.

To convert PLINK 1 binary format to regular PLINK
text file, one can use the following command:

of pop_

plink - -bfile pop_gene

- -recode\
- -out pop_gene

To convert a regular PLINK text file to 1 binary
PLINK file, the following command can be run:
plink ==file pop_gen\

- -make-bed\
- -out pop_gene

—-—file pop_gen specifies that regular PLINK
text files are being used.

--make-bed allows
PLINK1 binary format

the conversion to the
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If there are no errors, four files will be created:
pop_gene.bed, pop_gene.bim, pop_gene.-
fam, and pop_gene.log.

4.7.2.4. Filtering and handling missing data. It is
common for genome-wide datasets to have individ-
uals or variants with missing data. This is particu-
larly frequent and expected in low-coverage
sequencing data. PLINK allows us to estimate the
missing data per individual and loci using the flag
--missing. A report containing the missing data
per Individual ID (pop_gen.imiss) and variant
(pop_gen.lmiss) can be created using the fol-
lowing command:

plink —bfile pop_gen —missing —out pop_gen

It is highly recommended to discard individuals or
variants with high levels of missing data. The missing
data thresholds are arbitrary, but values of 10% to
30% are commonly used in the literature (Henriques,
Wallberg, et al., 2018; Parejo et al., 2016; Wallberg
et al, 2014; Wragg et al., 2016). To remove the var-
iants with >20% missing data (-=geno 0.2) and
individuals with >10% missing data
0.10), for example, the following command can
be run:

(-—mind

plink —bfile pop_gen\
——geno 0.2\
——mind 0.1\

——make-bed\
-—out pop_gen_MD

After implementing this command, a PLINK 1 bin-
ary fileset, with the root name of “pop_gen MD,”
without the problematic individuals and loci, will be
created. Note that PLINK first removes individuals
with too much missing data, and secondly the
variants.

4.7.2.5. Computing and filtering based on allele
frequency. PLINK calculates allele frequencies and fil-
ters variants with a minor allele frequency (MAF)
lower than an arbitrary threshold, which is com-
monly set at 1 or 5%. To generate a report (pop__
gene MD. frqg) containing allele frequencies for
each variant, the following command can be run:

plink —bfile pop_gen_MD\

- -freq\
- -out pop_gen_MD

-=—freq specifies calculating the allele frequency for
each variant from this dataset.

In the report generated using this command, the
first and second columns contain the chromosome
and the variant ID followed by the code of the
minor (3rd column) and major (4th column) variants
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and the frequency of the minor allele (5th column).
The last column (6th) contains the number of allele
observations.

To remove the variants with MAF < 5%, for
instance, and create a new file set (here called pop_
gen_MD_maf005), the following command can
be run:

plink —bfile pop_gen_MD\
- -maf 0.05\

- -make-bed\
- -out pop_gen_MD_maf005

——maf specifies that only alleles with a minimum
minor allele frequency of 5% will be kept in the
dataset.

4.7.2.6. Computing differentiation indices: wright’s
Fs. PLINK also allows calculating the fixation index
Fst values for each variant using the Weir and
Cockerham method (Weir & Cockerham, 1984). To do
so, the flag ==fst must be combined with the flag
-—within followed by the name of the file that
specifies the sets of subpopulations to be used. In
the tutorial example, the within the file, called
within M C_ind, contains the Family ID in the
first column, the Individual ID in the second column,
and in the third column the digit 1 to identify one
subpopulation (here the C-lineages subspecies) and
2 to identify the second subpopulation (here the M-
lineage subspecies).

To calculate the variants’ Fst values between M
and C-lineage, the following command can be run:

plink - -bfile pop_gen_MD_maf005\
- -fst ——within within_M_C_ind\

- -out pop_gen_MD_maf005

A report called pop_gen_MD_maf005.fst will be
generated. This report contains six columns. The first
three columns contain the chromosome number, the
variant ID, and the base-pair coordinates, followed
by the number of called variants or non-missing
genotypes (NMISS), and the 5™ column contains the
Fst values.

4.7.2.7. Estimating linkage disequilibrium. Linkage
disequilibrium (LD) is the non-random association of
alleles at different loci. When working with whole-
genome data there will be thousands of loci that are
in linkage disequilibrium due to different evolution-
ary forces, but also, because they are physically
linked. Some analyses require the use of loci that are
in linkage equilibrium (not associated), and PLINK
provides an easy way to do so, for example, by using
the following command:

plink - -bfile pop_gen_MD_maf005\

- -indep-pairwise 50 5 0.5

The flag =-indep-pairwise requires three
parameters: the window size, the number of SNPs to

shift each step and r*. The values of r* range between
0 and 1. When r* = 1, the loci provide exactly the
same information. When r* = 0, the loci are in perfect
equilibrium. Here, LD is calculated between each pair
of SNPs using a window of 50 SNPs. If one pair of
SNPs has r* >0.5 one of them will be removed. After
that, the window will be shifted to five SNPs, and the
procedure is repeated until all SNP pairs are exam-
ined. Note that lower values of r* and bigger window
sizes will remove more loci.

After running this command, two files will be cre-
ated, one is named plink.prune.in, which con-
tains the loci that will be retained (©* <0.5), and the
other one is named plink.prune.out, which con-
tains the loci that will be discarded. These files can be
used as arguments of the flags =——extract (plink.pru-
ne.in) or =—exclude (-plink.prune.out).

To extract to a new datafile the loci that are in
the file plink.prune.in, the following command
can be run:

plink ——bfile pop_gen_MD_maf005\
- -extract plink.prune.in\

- -make-bed\
- -out pop_gen_MD_maf005_pruneddata

Sometimes we do not want to discard SNPs, but
we want to calculate the LD in our data. LD can be
computed using the flag = =x7%. However, to reduce
the output size, only the pairs with r* >0.2 and
within a distance <1 Mb will be printed in the out-
put by default. To modify these thresholds, the flag
--1d-window or --1d-window-kb is used to
specify the maximum distance between loci and the
flag ==ld-window-=r"> is used to specify the
minimum r%. Using the following command, the r?
values will be obtained for all pairs of loci with r
>0.5 in a window of 50Kb. The output called pop_
gen_MD_maf005_pruneddata.ld will be cre-
ated, and the r* values will be placed in the 7th
column.

plink —bfile pop_gen_MD_maf005_pruneddata\

- -Id-window-kb 50\

- -Id-window-r* 0.5\
- -out pop_gen_MD_maf005_pruneddata

—=r7® specifies to

disequilibrium.

-—1d-window-kb specifies the maximum dis-
tance between two loci in kilobases.

~=1d-window--r"? specifies the minimum r* to
be printed out.

PLINK also allows haplotype blocks to be
detected in the genome using the flag ==blocks.
If arguments are not provided to this flag, the
default options will be implemented. One of them is
related to the maximum block size, which is by
default 20kb. To cancel this default flag, the

compute the linkage



argument no-small-max-span can be used. The
flag ==blocks without arguments assumes that in
the dataset, there are phenotypes in the 6th column
of the PED or FAM files. If there is no phenotype
data, the argument no-pheno-req is required. By
default, the pairwise LD is only calculated for var-
iants within 200 kb. If needed, this parameter can be
changed using the flag ==blocks-max-kb. An
example of a command to calculate blocks along the
honey bee genome can be:

plink —bfile pop_gen_MD_maf005\
~blocks no-pheno-req no-small-max-span

-blocks-max-kb 5000\
-out pop_gen_MD_maf005

Two files called pop_gen MD_maf005.block
and plink.blocks.det will be created. Each line
of these files represents a block. The file pop_gen_
MD_maf005.block contains the variant IDs found
in each block whereas plink.blocks.det con-
tains their positions. If there are 10 variant IDs or
positions in one ling, it means that the block con-
tains 10 SNPs.

4.8. Population genomics: inferring population
structure using ADMIXTURE

To study the genetic differences among individuals,
a population structure analysis can be performed.
Many analytical tools have different assumptions.
The principal component analysis (PCA) makes the
least number of assumptions and is suited for a pre-
liminary data view. There are also clustering methods
that estimate the proportion of ancestral populations
in each individual. The software STRUCTURE
(Pritchard et al., 2000) is the classical tool for struc-
ture analysis, however, it is not suited to large data-
sets. Examples of clustering methods that can
handle large datasets are fastStructure (Raj et al.,
2014), FRAPPE (Tang et al., 2005), and the widely
used ADMIXTURE (Alexander et al., 2009). The
results obtained with population structure analysis
are necessary before performing more sophisticated
analyses. However, the results should not be over-
interpreted because different demographic scenarios
may produce similar results. Here, we will show a
protocol for running ADMIXTURE.

ADMIXTURE (version 1.3) uses a maximum likeli-
hood approach to estimate individuals’ ancestry
from multilocus SNP data. It requires unrelated indi-
viduals and does not explicitly consider LD, so we
advise avoiding strong LD in the dataset.

4.8.1. Download and installation
Download and install PLINK (see Section 4.7), the
online tool CLUMPAK (Clustering Markov Packager
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Across K (Kopelman et al., 2015), and ADMIXTURE
(version 1.3).

4.8.2. Input files

ADMIXTURE accepts PLINK and EIGENSTRAT files
as inputs. Here, the binary 1 PLINK format will be
used. Because of the ADMIXTURE assumptions, the
file named pop gen_MD maf005_pruneddata
generated in Section 4.7.2.7 will be used. Note: In
case the relatedness of the individuals under study is
unknown, plink2 and the following command line
can be run:

plink2 - -bfile out_dataset\
- -king-cutoff 0.177\

- -make-bed\
- -out relpruned_data

4.8.3. Methods

ADMIXTURE estimates individuals’ ancestry consider-
ing a specific number of source populations com-
monly denoted by K. ADMIXTURE can be run for a
predefined K when the number of source popula-
tions is known. Here, K can be set at two because
the individuals used in the tutorial are of M- and C-
lineage ancestry). To run ADMIXTURE for K=2, the
following command can be run:

./admixture pop_gen_MD_maf005_pruneddata.bed 2

Two files will be produced: the pop_gen MD_
maf005_pruneddata.2.Q, which contains the
proportions of each cluster for each individual, and
the pop_gen_MD maf005_pruneddata.2.P,
which contains the allele frequency of the source
population for each SNP. However, commonly, the
best K is unknown and should therefore be calcu-
lated. To do that, we should run ADMIXTURE for dif-
ferent Ks and use the flag ==cv to enable the
calculation of cross-validation errors. A way of doing
that is through a bash command-line code, which
we can call, for instance, CV. sh.

Step 1. Create and open the file cV. sh:
nano CV.sh
Vi CV.sh

Step 2. Write a script to run ADMIXTURE for differ-
ent Ks (here from 1 to 8) and with the flag ==cw:

#!/bin/bash -
for K in {1.8}; do

./admixture --cv pop_gen_MD_maf005_pruneddata.bed ${K}
done

Step 3. Run the script created in step 2.

chmod + x CV.sh
./CV.sh > admixture.out



338 M. A. TECHER ET AL.

Step 4. In the file admixture.out we have every-
thing that was printed on the console, but we want
to have just the CV values. For that, we can use the
following command:

grep “CV” admixture.out | awk “{print $3,94}" | cut -c 4,7-

20 > admixture.cv.error

We can now use the cross-validation error values in
the file admixture.cv.error to construct a plot
(Figure 11(A)). The smaller the cross-validation error
value, the better the prediction. In the tutorial
example, K=2 is the best, suggesting the existence
of two source populations. However, choosing the
best K can be a difficult endeavor, and another
approach is to run different Ks and use the one that
makes the most biological sense.

In addition, to run different Ks we should also
keep in mind that ADMIXTURE can produce different
outcomes for replicate runs. A good practice is to
perform several runs for each K with different ran-
dom seeds (or starting points), which can be done
using the flag =s time.

In the tutorial example, ADMIXTURE will be exe-
cuted 20 times for each K. To save all the runs, we
must change the name of the outputs, a task that is
performed by the command mv. This command will
change the names by appending the K and the run
number. For example, consider pop_gen_MD_
maf005_pruneddata.4.10.0Q is the 10th result
for K=4.

The script below should be written in a file called,
for instance, running admixture.sh. To run
this, the same steps described for =cv.sh should
be performed.

#!/bin/bash -I

for RUN in {1.20}; do

for K in {1.8}; do

./admixture -s time pop_gen_MD_maf005_pruneddata.bed ${K}
mv pop_gen_MD_maf005_pruneddata.${K}.P

pop_gen_MD_maf005_pruneddata.${K}.${RUN}.P
mv pop_gen_MD_maf005_pruneddata.${K}.Q
pop_gen_MD_maf005_pruneddata.${K}.5{RUN}.Q

The last step is generating a plot showing the
ancestry of each individual. An easy way of doing
that is by using the online tool called CLUMPAK
(Kopelman et al, 2015). CLUMPAK uses Distruct
(Rosenberg, 2004) to generate the plot and CLUMPP
(Jakobsson & Rosenberg, 2007) to align the multiple
ADMIXTURE runs. When different solutions are found
for the same K, CLUMPP will group the most similar
solutions into “modes.” To run CLUMPAK, one just
needs to use the Q-matrices of the runs. A folder con-
taining all the Q files produced by ADMIXTURE can
be created. In this example, such a folder can be
called Q_values and then zipped. Next, on the “Main
Pipeline” page, one just needs to choose the option
ADMIXTURE and upload the zip folder.

The graphic output is shown on the main page
for each K's major modes (Figure 11(B)). Each individ-
ual is represented by a thin vertical line, and each
color represents an inferred ancestral population.
The ancestry proportion corresponds to the length
of the color in the vertical bar. Only one mode was
found for K=1, 2 and 3. However, for K=4, the
major mode is represented by 18 out of 20 runs,
meaning that these 18 have similar solutions. Cross-
validation testing determined that K=2 was the
most likely outcome.
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Figure 11. Example of population structure graphical output using ADMIXTURE in four European honey bee subspecies. (A)
Plot of cross-validation error obtained by ADMIXTURE from K=1 to K= 6. The lowest error was found for K=2 and is marked
in red. (B) Graphical representation of ADMIXTURE results obtained by CLUMPAK. Here, the populations of A. m. carnica and A.
m. ligustica are represented in orange, and A. m. iberiensis and A. m. mellifera are in blue. Of note is that some A. m. mellifera
individuals have a small percentage of orange color, suggesting a history of introgression.



4.9. Landscape genomics: an example using
LFMM

Landscape genomics, which addresses how local
environmental conditions influence the distribution
of genetic variation (Manel et al., 2003), is an increas-
ingly important field. To identify associations
between environmental variables and genomic vari-
ation, various approaches known as genotype-envi-
ronment association (GEA) or environmental
association analysis (EAA) have been developed.
Examples of GEA-based software are Bayenv2
(Glnther & Coop, 2013), LFMM (Frichot et al., 2013),
and Sampada (Stucki et al,, 2017).

When compared to Fsr-based methods, GEA
methods can potentially identify selective pressures
driving local adaptation. Besides, the combined ana-
lysis of genetic data and environmental data
increases the power to detect loci that may be
under selection (De Mita et al., 2013; de Villemereuil
et al., 2014; Rellstab et al., 2015). However, each GEA
method has advantages and disadvantages (see
Rellstab et al., 2015 for further details), and combin-
ing different approaches helps reduce uncertainty of
the results. Here, we will describe how to use the
latent factor mixed model approach (LFMM).

LFMM is available in a command line version
(1.5), and it can be downloaded from https://bcm-
uga.github.io/Ifmm/index.html. The latest version
(2.0) is also available in an R package called Ifmm.
This tool models the effect of population structure
using latent factors; therefore, population structure
should be previously investigated. Here, the results
obtained in the Section 4.8 will be integrated in this
example.

4.9.1. Materials
To run LFMM, two datasets will be required:

e Genomic dataset: The PLINK 1 binary file obtained
in Section 4.7.2.5, called pop_gen_MD_maf005.

e Environmental variables dataset: A file called ex_
env.csv, containing 36 variables for each

individual.

To have the environmental variable dataset the
geographical coordinates of each apiary are needed.
These coordinates are then used to obtain environ-
mental variables from publicly available databases
such as WorldClim, Climatic Research Unit, and
OPENEI. A function within the R.SamBada package,
(Duruz et al.,, 2019) called createEnv, can help in
this process (R.SamBada documentation can be
found at https://cran.r-project.org/web/packages/R.
SamBada/R.SamBada.pdf).
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4.9.2. Methods

To prevent problems caused by non-independency
of environmental variables, first, it is important to
determine if they are correlated with each other. To
do that, the R packages ade4 (Thioulouse et al,
2018) for PCA computation, and factoextra
(Kassambara & Mundt, 2017) for PCA visualization,
will be needed. The following steps are pursued in R
code:

Step 1. Install and open the R libraries:

install.packages("ade4") #PCA computation
install.packages("factoextra") #PCA visualization
library(ade4)

library(factoextra)

Step 2. Read the file with environmental variables:

ex_env <- read.table("ex_env.csv",

header = TRUE, #The file contains a header
row.names = 1, #Row names are in the first column
sep — ")

Step 3. Perform a PCA with the environmental
variables:
ex_env.pca<- dudi.pca(ex_env,

scannf = FALSE, #Hide screen plot
nf = 5) #Number of components kept in the results

Step 4. Make a correlation circle

s.corcircle(ex_env.pca$co)

A correlation circle similar to that of Figure 12(A) will
be obtained. Here, the direction and the length of
arrows indicate the correlation between the variables
as well as between variables and principal compo-
nents. For instance, in Figure 12(A), the variables
AUTU_TMP and TMN_ANNUAL have the same direc-
tion, the same length and are very close to each
other, which indicates that they are highly corre-
lated. Indeed, the correlation value (r, calculated in
the next step) is 0.99. On the other hand, the varia-
bles pointing to opposite sides of the graphs, for
instance SUM_TMX and AUTO_CLD, are negatively
correlated (r? = —0.80).

Step 5. Calculate a correlation matrix using the fol-

lowing commands:

cor_matrix = cor(ex_env, method="pearson”) #To calculate the
correlation values

write.csv(cor_matrix, file = "cor_matrix.csv") #To save the matrix in a
file

Following that, a file called cor_matrix.csv will be
created. The values with |r| >0.80 should be deleted
from the environmental dataset. After this, the same
procedure described above (Steps 1-4) should be
performed again to obtain a diagram similar to


https://bcm-uga.github.io/lfmm/index.html
https://bcm-uga.github.io/lfmm/index.html
https://cran.r-project.org/web/packages/R.SamBada/R.SamBada.pdf
https://cran.r-project.org/web/packages/R.SamBada/R.SamBada.pdf
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Figure 12. Correlation circles with (A) 36 variables and (B) 8 variables, after removing the highly correlated variables (|r|

> 0.80).

Figure 12(B) to check that the represented variables
(eight in total) are independent.

Now that the bioclimatic dataset is prepared, the
genetic dataset needs to be handled. LFMM accepts
its own format (Ifmm), and the software has a func-
tion to convert PED format to .Ifmm.

Step 6. Convert the pop_gen MD_maf005 binary
PLINK 1 binary file obtained in Section 4.7.2.5 to a
regular PLINK text file.

plink —bfile pop_gen_MD_maf005 —keep-allele-order —recode —out

Step 7. Convert the PED file to .Ifmm using the R
function of LEA, ped2l1fmm. The tutorial dataset
contains 33 individuals and 2,365,431 SNPs. In order
to efficiently upload this data into R, the data.table
R package will be used.

# To install LEA

if (IrequireNamespace("BiocManager," quietly = TRUE))

install.packages("BiocManager")
BiocManager:install("LEA")

#To download the package data.table
install.packages("data.table")

#Loading the package lea
library(LEA)

#Loading the package data.table
library("data.table")

#Convert ped format to Ifmm
output <- ped2lfmm("pop_gen_MD_maf005.lfmm")

#Loading the ped file to R
geno <- fread("pop_gen_MD_maf005.ped," showProgress = FALSE)

Note that, when the format PED is converted to
the Ifmm format, the names of the SNPs that were
in the MAP file will be lost.

Step 8. Upload the eight independent environmen-
tal variables, but without the individuals’ names that
are in the first column.

#Load the reduced environmental file
env <- fread("ex_env_red.csv")

#Select from column 2 to 9
env =envl[,2:9]

Step 9. Perform the association analysis between
the environmental variables and the genotypes. To
that end, we need to run a function (lasso_1 fmm)
to estimate the latent factor mixed model parame-
ters. The results of this function will be used by the
function 1fmm_test to calculate the significance of
the associations.

#To download the package Ifmm
install.packages("lfmm")

#To load the package Ifmm
library("Ifmm")

Ifmmlasso <- Ifmm_lasso(Y = geno,#The genotypes matrix
X =-env, #The environmental matrix

K=2, #The best K calculated previously

nozero.prop = 0.01)

pv <- Ifmm_test(Y =geno, X=env,
Ifmm = Ifmmlasso, #The results obtained previously
calibrate = "gif")

Step 10. The variable pv is a list and contains differ-
ent types of information, such as the p values and
the calibrated p values for all eight environmental
variables. If one wants to see the calibrated p values
of the first loci the following command should be
typed:

head(pv$calibrated.pvalue)

Step 11. This command will retrieve the first six cali-
brated p values for each one of the eight environ-
mental variables. Each environmental variable is in a
specific column. For instance, altitude is in the first
column and SUM_PRE in the third column. If we



want to see only the p-values of SUM_PRE, we just
need to specify that this variable is in the third col-
umn, using the following command:

head(pvScalibrated.pvalue[,3])

Step 12. Select one environmental variable to con-
tinue with the procedure. The data obtained for
SUM_PRE (third column) will be used. Here, the cali-
brated p values will be saved in the variable pval-
ues_pre_ver.

pvalues_pre_ver <- pv$calibrated.pvalue[,3] #SUM_PRE is the third
column

Step 13. Make a Manhattan plot coloring the SNPs
with p value <0.0001, which corresponds to -log10(p
value) >4, in red and the others in grey.

#The name of the image to be created
jpeg(filename="Manhattan.jpeg")

#Plot the — log10 of the calibrated p-values

plot(—log10(pvalues_pre_ver), pch = 19, #Each p-value is represented
by a circle

cex = 0.2, #To specify the size of the circle

xlab = "SNP," ylab = "—Log P,"#To label X and Y axis

col =ifelse((—log10(pvalues_pre_ver)) > 4,"red,"“grey”)) #Values >4 in
red and the others in grey

#To save the image in the working directory
dev.off()

Step 14. Count the SNPs significantly associated
with SUM_PRE (p value <0.0001) and save the posi-
tions of the SNPs significantly associated with SUM_
PRE in a variable called p =value_00001_pos. In
the tutorial example, there are a total of 1,215 SNPs
with p value <0.0001.

length(pvalues_pre_ver[pvalues_pre_ver < 0.0001])
pvalue_00001_pos = which(pvalues_pre_ver < 0.0001)

Step 15. Create a file in the directory with the infor-
mation contained in =p-value_00001_pos.

write.table(pvalue_00001_pos, "pvalues_
00001.csv, "row.names =FALSE, col.names =FALSE)

Step 16. Get the genomic coordinates from the file
positions of the outlier SNPs. Use the pop gen
MD maf005.map coordinates and retrieve only the
positions indicated in pvalues 00001.csv.

To that end, the following steps can be
performed:

1. Create a file called index2snp. sh.

nano index2snp.sh

2. Type the following code in the file and close it.
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#!/bin/sh
cat pvalues_00001.csv | while read line; do

sed -n ${line}p pop_gen_MD_maf005.map > pvalues_00001_snp_
name
done

3. Allow executing of the file.

chmod + x index2snp.sh

4, Run the file.

Step 17. Annotate the outlier SNPs. To that end, the
tool SnpEff (Cingolani et al., 2012) can be used in
the Galaxy server. SnpEff accepts as input a VCF file.
Thus, the first step is to build a VCF only with the
outlier SNPs, which can be done in PLINK. To reduce
the size of the VCF file, only one individual will be
included in the tutorial example. The following steps
are required to annotate the outlier SNP:

1. Create a file with the Family and Individual ID
that will be retained. In the example by writing “car
ID1” in the file one ind.

nano one_ind
car ID1

2. Create a file with the SNPs list to be retained.
awk “{print $2}” pvalues_00001_snp_name > outlier_snp

3. Create a VCF file.

plink - -bfile pop_gen_MD_maf005\
- -keep one_ind

- -extract outlier_snp
- -recode vcf —out outlier_snps

4. Go to Galaxy and select the tool “SnpEff down-
load” and write “Apis_mellifera” in the box “Select
the annotation database you want to download.”

5. While on the Galaxy platform, go to the “SnpEff
eff” tool and upload the outlier snps.vcft file.
In “Genome source,” select “Downloaded snpEff
database in your history” and in “Genome data,”
select the database downloaded in the previous
step.

After this step, Galaxy will provide a report with sta-
tistics (in input HTML stats file) such as the number
of missense variants and the number of SNPs per
chromosome. A second file shows all the genes and
regions in which SNPs are located. Similar to many
other selection studies, most selective SNPs detected
in the dataset tested herein fall outside of exons
(609 intergenic and 573 intronic). There were only 25
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exonic SNPs, two of which appear to be missense or
non-synonymous, and these were located in candi-
date genes GB42150 and GB46140.

While genome-wide scans provide a powerful way
of highlighting candidate genes for selection, causal
inferences about the molecular basis of adaptation
can be obtained from functional and expression
studies and also from in silico protein modeling
(Henriques, Wallberg, et al, 2018). Nonetheless,
before employing such approaches, cross-validation
of detected outlier SNPs should be always sought by
other conceptually different methods.

4.10. Applying population genomics to
conservation: reduced SNP analysis

Whole genomes provide important insights into the
processes that shape diversity patterns (Chen et al,
2016; Cridland et al.,, 2017; Fuller et al, 2015; Harpur
et al, 2014; Henriques, Wallberg, et al, 2018; Nelson
et al, 2017; Parejo et al, 2017; 2020; Wallberg et al,
2014) and are offering unprecedented power for delv-
ing into fundamental apicultural questions (e.g., toler-
ance and resistance to the ectoparasite Varroa
destructor, introgression, etc.) (Harpur et al.,, 2019, 2020;
Parejo et al,, 2016; Saelao et al., 2020)), with potential
implications for sustainable honey bee management.
However, the adoption of whole genome approaches
is hindered by the requirement for sophisticated
laboratory and computational resources, as well as
advanced bioinformatics expertise. Many molecular
biology laboratories, conservation centers, and breed-
ing facilities lack access to these resources, limiting the
value of genomic data in these contexts. To address
this challenge, experts can leverage whole genome
data to develop reduced SNP-based tools, and these
can be more easily employed by the broader honey
bee community.

Panels containing a reduced number (<160) of
highly informative markers have been designed from
genome-wide SNPs (Munoz et al, 2017) or from
whole-genome data (Chapman et al, 2015;
Henriques, Parejo, et al, 2018) to address different
goals such as (i) identifying Africanized honey bees
(Chapman et al., 2015), (ii) estimating C-lineage intro-
gression into the M-lineage A. m. mellifera and A. m.
iberiensis subspecies (Henriques, Parejo, et al., 2018;
Henriques, Wallberg, et al., 2018; Munoz et al., 2017)
or (iii) monitoring diversity in immune genes
(Henriques et al., 2021). All these reduced SNP pan-
els have been tailored for genotyping in the
MassARRAY MALDI-TOF platform, a cost-effective
technology for a relatively small number of markers
and a large number of samples. For example, in a
single 384 SpectroCHIP array, it is possible to geno-
type 384 samples with one SNP-plex (containing a

maximum of 40 SNPs), 192 samples with two SNP-
plexes, 128 samples with three SNP-plexes, 96 sam-
ples with four SNP-plexes, or other possible combi-
nations of markers and samples to a maximum of
384, all for the same price. Additional technologies,
such as Fluidigm microfluidic array, SNaPshot, and
capture-based target enrichment methods, are also
appealing for the development of genotyping tools
because they also allow screening dozens to hun-
dreds of SNPs in a cost-effective manner (Daca-
Roszak et al, 2016; Emerman et al., 2017; von
Thaden et al., 2020).

When the number of selected SNPs is in the order
of thousands to tens of thousands, other technolo-
gies such as Affymetrix or lllumina Infinium are bet-
ter suited for genotyping. These technologies have
been used for genotyping highly dense SNP panels
with varying purposes, including genome-wide asso-
ciation screening for hygienic behavior (~44,000
SNPs) (Spotter et al., 2016), identification of honey
bee subspecies (~4,000 SNPs) (Momeni et al., 2021),
or genomic selection (~100,000 SNPs) (Jones, Du,
et al., 2020).

When developing a panel, the first step is to
establish a clear goal that will guide the choice of
SNPs to be included. For instance, if one wants to
create a panel for screening populations for local
adaptation, a selection analysis such as LFMM should
be performed. However, if the goal is to identify
introgressed populations, an admixture analysis with
the focal subspecies should be performed. To
develop a reliable molecular tool, it is important to
start out with a powerful discovery panel, which
should include a reasonable number of individuals
that capture, as much as possible, the entire popula-
tion diversity. Using A. m. iberiensis as the model
organism (Henriques, Parejo, et al., 2018) demon-
strated that, when employing a sample size <10 in
the panel design and a sample breadth representing
only a fraction of a population’s genetic diversity, a
bias is introduced in the informativeness of the
markers. This finding implies that to develop a reli-
able reduced SNP panel, one must first understand
the diversity patterns of the target population.

This section shows all the steps involved in devel-
oping a reduced panel tailored to distinguish M-
from C-lineage subspecies. In this tutorial, the panel
contains only 40 highly informative SNPs, the max-
imum plex size of the MassARRAY MALDI-TOF
technology.

4.10.1. Materials

This section requires PLINK (see Section 4.7),
CLUMPAK, ADMIXTURE (version 1.3; see Section 4.8),
snpEff from Galaxy (see Section 4.9), and the R pack-
age chromoMap. The dataset used herein will be



pop gen MD maf005, which was created in

Section 4.7.2.5.

4.10.2. Methods

Step 1. Divide the dataset into training and holdout
subsets, following Anderson’s method (Anderson,
2010). This is a critical step because if the inform-
ative SNPs are chosen and validated on the same
individuals, an upward bias will be introduced. The
training subset should contain 75% of randomly
chosen individuals, which will be used to select the
most informative SNPs. The remaining 25% of the
individuals will make the holdout subset, which will
be used to validate the SNP panel.

1. Create a file with the holdout subset. The individ-
uals should be chosen at random, but to follow the
tutorial we provide the file called holdout.

2. Create the holdout subset containing only the
individuals listed in the holdout file:

plink —bfile pop_gen_MD_maf005\
- -keep holdout

- -make-bed\
- -out pop_gen_MD_maf005_holdout

3. Create the training subset excluding the individu-
als listed in the holdout file:

plink --bfile pop_gen_MD_maf005\
- -remove holdout

- -make-bed\
- -out pop_gen_MD_maf005_training

Step 2. Select the most informative SNPs from the
training dataset. The main goal of the panel
designed herein is to distinguish M- from C-lineage
subspecies. Given that these two lineages are very
divergent, it is expected to find many fixed SNPs
(Fst= 1), which are the most informative ones.

1. Calculate the Fst values between C- and M- lin-
eage for each SNP in the training subset (see
Section 4.7.2.6. for further details).

plink --bfile pop_gen_MD_maf005_training\,

- -fst - -within within_M_C_ind_training\
- -out pop_gen_MD_maf005_training

2. Select the SNPs with Fs = 1. First, the —awk com-
mand will select the lines that have a value equal
to one in the fifth column and, from these values,
only the second column will be printed in the file
pop gen MD maf005 training.fst 1.

awk “{if(55 == 1){print}}"
pop_gen_MD_maf005_training.fst |\

awk “ {print $2} " >
pop_gen_MD_maf005_training.fst_1
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Step 3. Apply filters to narrow down the number of
discovered SNPs. In this tutorial example, a total of
416,123 SNPs exhibit an Fs; = 1. To narrow down
this massive number, filters related to the panel goal
must be applied. Here, only SNPs classified as having
a high impact by snpEff will be retained. Other fil-
tering criteria include linkage (SNPs that are physic-
ally linked may contain redundant information and
can therefore be eliminated) and coverage of the 16
honey bee chromosomes. To investigate how the
SNPs are distributed across the chromosomes, the R
package chromoMap will be used. This package
requires two files: the chromosome file.txt,
containing the chromosome coordinates, and the
~high impact.txt, containing the genomic
coordinates of the SNPs.

1. Convert the pop gen MD maf005 training
PLINK 1 binary file to VCF format:

plink --bfile pop_gen_MD_maf005\

- -extract pop_gen_MD_maf005_training.fst_1\
- -recode vcf —out FST1snps

2. Using the methodology described in Step 17 of
the LFMM section (Section 4.9), annotate the file
FST1snps.vcf with snpEff.

3. Download the annotated VCF file from Galaxy,
here named Galaxy21.vcft.

4. Create the annotation file to be used by
chromoMap. The command grep will search and
retrieve the lines that contain the string “HIGH.”
From these lines, the command awk will print
the third column (SNP name) followed by the first
column (chromosome name) and the second one
(genomic position) two times.

grep “HIGH" Galaxy21.vcf |\
awk “ {print $3"\t" $1"\t" $2"\t"$2} " > high_impact.txt

5. Visualize the SNPs distribution using chromoMap
in R.
install.packages("chromoMap")

library(chromoMap)
chromoMap("chromosome_file.txt," "high_impact.txt," ploidy = 1)

6. As depicted in Figure 13, some SNPs are located
in close proximity to each other. Use PLINK to
remove one of these linked SNPs by running the
following commands:

a. Create a SNP list with the SNPs annotated with
a high impact

grep “HIGH” Galaxy21.vcf |\
awk “ {print $3}” > high_impact_list
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Figure 13. Chromosome map showing the positions (green line) of the highly informative SNPs (A) before and (B) after link-

age disequilibrium pruning.

b. Create a PLINK 1 binary file containing only the
high impact SNPs.

plink —bfile pop_gen_MD_maf005\
[~extract high_impact_list\

- -make-bed\
- -out pop_gen_MD_maf005_high_impact_list

c. Create a file excluding SNPs that are in the
same genomic region. To have a final list of 40
SNPs, only loci that are at least 1,500 Kb apart
will be selected (using the flag ==bp-space).

plink - -bfile pop_gen_MD_maf005_high_impact_list\
- -bp-space 1500000\

- -make-bed\
- -write-snplist - -out pop_gen_MD_maf005_high_impact_list_prunned

Step 4. Assay validation. Using the holdout subset, it
is possible to assess whether the admixture propor-
tions inferred from whole-genome data are similar to
those obtained with the reduced SNP panel.

1. Run ADMIXTURE following the steps detailed in
Section 4.8 using all the SNPs in the holdout
subset (file pop gen MD maf005 holdout)

2. Run ADMIXTURE for the holdout subset using
only the highly informative SNPs (file pop
gen MD maf005 high impact 1ist
pruneddata)

3. Compare the results obtained in (1) and (2) by
calculating, for instance, Pearson’s correlation (r).

In the tutorial example, all tested individuals were
revealed to be pure (with no signs of introgression)
and r=1. If one wants to develop a reduced SNP

panel for estimating introgression proportions, the
panel should also be validated in admixed
individuals.

5. Epigenomics
5.1. Introduction

Genetic components of genes are the fundamental
basis of molecular mechanisms for social evolution
(Rehan & Toth, 2015). Gene expression and regula-
tion are precisely programmed not only by the
sequence of the DNA, but also by epigenetic modifi-
cations occurring on the genomic DNA (Tirado-
Magallanes et al., 2017; Yong et al., 2016), on mes-
senger RNA (mRNA) (Peer et al., 2017; Wang, Xiao,
et al, 2021), proteins that interact with DNA
(Shirvaliloo, 2022), chromatin accessibility (Liu et al.,
2019) transcription factor binding motifs (Hu et al.,
2010), and other non-coding RNA (Benayoun et al.,
2015; Ruffo et al., 2023). These factors collectively
contribute to the intricate programming of gene
expression and control.

Honey bees are known to be among the arthro-
pods embodying remarkably the phenomenon of
phenotypic plasticity, particularly regarding develop-
ment, reproductive abilities, and behavior (Corona
et al, 2016; Pfennig et al, 2010). In a colony, there
are not only different castes (such as queens and
workers) but also different divisions within workers
(such as nurses and foragers), all of which can arise
from the same genome. Many of the differences
between these phenotypes responding to change in
environmental cues (e.g., nutrition, pheromones,



colony size and stress) are driven by epigenetic
changes (Figure 14(A,B)) which are molecular modifi-
cations that regulate genes without changing the
actual DNA sequence (Feinberg, 2007; Haig, 2004;
Jirtle & Skinner, 2007). DNA methylation (Glastad
et al., 2014; Herb et al, 2012; Kucharski et al., 2008;
Oldroyd & Yagound, 2021; Shi et al, 2011), RNA
methylation (Wang, Xiao, et al., 2021), histone modifi-
cations (Glastad et al., 2019), microRNAs (Ashby et al.,
2016; Behura & Whitfield, 2010; Shi et al., 2012), other
non-coding RNAs (Glastad et al., 2019; Tadano et al.,
2009), or organization and material state of chromatin
(Wojciechowski et al., 2018) are all examples of epi-
genetic mechanisms. However, DNA methylation and
histone modifications are among the most commonly
studied, and new attention is being given to RNA
methylation. Therefore, this chapter focuses on these
three types of epigenetic modifications.

Honey bees have a DNA methylation system with
two key enzymes: DNA-methyltransferase 1 and 3
(DNMT1 and DNMT3) (Wang et al., 2006). The most
common covalent modification of DNA is the methy-
lation on the position 5 of the cytosine base (5-meth-
ylcytosine, or 5mC), which often appears with
guanine (CpG) (Li-Byarlay, 2016; Maleszka, 2008;
Ruden et al,, 2015; Wang & Li-Byarlay, 2015; Yan et al.,
2014). Compared to vertebrate species, the honey
bee genome has lower coverage of CpG DNA methy-
lation (Bewick et al., 2017; Schmitz et al., 2019).
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Environmental factors, such as changes in nutri-
tion, biotic stress and other external stimuli (e.g.,
resource availability), can affect honey bee caste
determination, development, and behavior (Drewell
et al, 2014; Foret et al., 2012; Galbraith et al., 2015;
Herb et al, 2012; Kucharski et al., 2008; Li-Byarlay
et al, 2020; Lyko et al, 2010; Remnant et al., 2016).
These changes are often mediated by epigenetics.
Epigenetics is, therefore, a bridge linking genetics
and the environment, contributing to the complex
biology of honey bees (Wang & Li-Byarlay, 2015).
However, the parent-specific gene expression, as
associated with the kinship theory of intragenomic
conflict, did not involve DNA methylation (Wu,
Galbraith, et al., 2020).

5.2. DNA methylation

5.2.1. Bisulfite-seq

Bisulfite sequencing (BS-seq) is a method used to
study DNA methylation at the single-nucleotide reso-
lution. The method involves treating DNA with
sodium bisulfite, which converts unmethylated cyto-
sine residues to uracil, while leaving methylated
cytosine (5mC) residues unchanged. Consequently,
after bisulfite treatment, only the methylated cyto-
sines are retained. The treated DNA is then
sequenced, and the resulting data can be analyzed
to determine the methylation status of each cytosine
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Figure 14. Major epigenetic modifications. (A) DNA methylation marks (methylated cytosine, or 5mC) and RNA methylation
marks (N6-methyladenosine, or m6A). (B) Histone methylation and acetylation.
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in the genome. Bisulfite sequencing is widely
employed in epigenetics research to elucidate the
role of DNA methylation in gene regulation and vari-
ous diseases.

There are several strategies to study DNA methy-
lation marks, including (1) whole genome bisulfite
sequencing (WGBS), (2) reduced representation bisul-
fite sequencing (RRBS) using restriction digestion of
the genomic sequences, or (3) targeted DNA methy-
lation analysis using PCR. In honey bee research,
WGBS is most often used, and is covered below.

5.2.1.1. Considerations

e Input: WGBS requires high-quality and high-quan-
tity DNA samples. It is important to have enough
DNA to generate sufficient sequencing depth to
detect methylation at low-frequency sites.
Caution must be taken because the sample proc-
essing can degrade DNA to some degree.
Sufficient depth can be achieved by using large
numbers of sequencing reads, or by using high-
throughput sequencing platforms.

e Sequencing: Bisulfite-treated DNA needs to be
converted into a sequencing library before it can
be sequenced. This typically involves fragmenting
the DNA, end-repairing the fragments, and then
ligating adapters for sequencing.

e Integration: WGBS data is often compared with
other epigenetic data such as ChIP-seq and RNA-
seq to understand the functional relevance of
DNA methylation.

e Validation: It is important to validate the WGBS
data using other techniques such as pyrose-
quencing, bisulfite pyrosequencing, or methyla-
tion-specific PCR (MSP).

5.2.1.2. Materials

e Large equipment: Thermal cycler for PCRs, down-
stream sequencing platform such as lllumina
MethylationEPIC Array, Single Cell Methyl-Seq,
Agilent SureSelect MethylSeq (Agilent
Technologies Inc), or IDT xGen'" Methylation-
Sequencing technologies

e Kits for bisulfite conversion and genomic library
prep such as the EZ DNA Methylation Kits, gener-
ally including the M-Binding Buffer, M-Wash
Buffer, L-Desulphonation Buffer, M-Elution Buffer,
and Bisulfite conversion reagent, spin columns,
and collection tubes.

5.2.1.3. Methods
5.2.1.3.1. Wet lab processing
1. Extract total genomic DNA (1ug per group)
from bulk tissue of interest using a total DNA
extraction kit (for example, DNeasy Blood &
Tissue Kit (QIAGEN), Maxwell® RSC Tissue DNA

Kit (Promega), Quick-DNA Tissue/Insect Kit
(Zymo Research)).

2. Use the EZ DNA methylation kit (Zymo
Research), or equivalent, to perform the bisul-
fite treatment on all the genomic DNA samples
following the manufacturer’s instructions.

3. Bisulfite conversion reagent (130 pl) is added
to a DNA sample (20 ul, DNA quantity range is
between 100 and 2 pg) in a PCR tube.

4. Place the mix on the thermal cycler and run
the following protocol: 98°C (8 min), 54°C
(60 min), then 4°C for overnight (no more
than 20 h).

5. Add the converted DNA to a spin column
which has M-Binding Buffer pre-added (600 pl).

6. Mix the sample and the buffer well, centrifuge
for 30s at >10,000g.

7. Add M-Wash Buffer
centrifugation

8. Add L-Desulphonation Buffer (200 pl) to the
column and incubate 15-20min (room tem-
perature) and repeat centrifugation.

9. Add M-Wash Buffer (200 pl) to the column and
repeat centrifugation. Repeat the wash again.

10. Transfer the column to a microcentrifuge tube
(1.5ml) and add 10 pl M-Elution Buffer, water,
or TE buffer (pH value is more than or equal to
6.0) to the column center. Centrifuge 30s at
full speed to collect the DNA.

(100 pul) and repeat

5.2.1.3.2. Sequencing and quality check.

1. Sequence the DNA on your preferred sequenc-
ing platform following the manufacturer’s
guidelines.

2. Check the sequencing data for quality control
(QC), processed to align read to the most
updated Apis mellifera genome (see Section
5.2.4). Several key QC measures to consider
include the sequence quality, mapping efficiency
as general sequencing process, coverage, and
the bisulfite conversion efficiency. The coverage
of each base should be at least 20%, and ideally
higher.

TIP: If there is a high duplicate rate, it can indicate
issues with library preparation or sequencing. It is
generally recommended to have a duplication rate
of less than 10%. It is also important to check the
efficiency of bisulfite conversion, which can be done
by comparing the proportion of C to T transitions in
the WGBS data with the proportion of C to T transi-
tions in the input DNA.

5.2.2. Methylated DNA
sequencing (MeDIP-seq)

Methylated DNA immunoprecipitation sequencing
(MeDIP-seq) is a tool to identify regions of the

immunoprecipitation-



genome that are methylated. It is based on the prin-
ciple that methylated DNA can be selectively pulled
down from a sample using an antibody that recog-
nizes 5-methylcytosine 5mC. Basically, the DNA is
fragmented and denatured, then incubated with an
antibody that specifically binds to 5mC. The methy-
lated DNA is then immunoprecipitated using mag-
netic beads or protein A/G. The immunoprecipitated
DNA is then sequenced, and the resulting data are
analyzed to identify regions of the genome that are
methylated.

5.2.2.1. Considerations. MeDIP-seq is a powerful
technique that can be used to identify methylated
regions in a genome-wide manner, and it also allows
the detection of low levels of methylation. However,
it has some limitations, such as the need for a high-
quality antibody that recognizes 5mC and the poten-
tial for cross-reactivity with other modified forms of
cytosine.

MeDIP-seq data can also be compared with other
epigenetic data such as ChIP-seq and RNA-seq to
understand the functional relevance of DNA methy-
lation. The MeDIP-seq procedure described here is
referenced from (Li et al., 2011) and (Shi et al., 2013).

5.2.2.2. Materials

e DNA template

Genomic DNA extraction kit

A Quick Ligation kit (QIAGEN)

MinEluteH PCR Purification kit (QIAGEN)

IP buffer (Tris-HCI 10mM with pH 7.5, NadCl

280mM, EDTA 1 mM)

T4 polynucleotide kinase

e T4 DNA polymerase

e Anti5-methylcytosine mouse monoclonal antibody
(Calbiochem)

e Dynabeads Protein G and Protein A

5.2.2.3. Methods

1. DNA is isolated by phenol-chloroform extraction,
and fragmented (around 200-350bp), and
extracted by a gel extraction kit. The recovered
DNA is first 5" and 3’ end blunting, phosphory-
lating and repairing by T4 Polynucleotide Kinase
and T4 DNA Polymerase.

2. After adding the ATP in the 3’ end, an lllumina
sequencing primer adapter is ligated to the DNA
using the Quick Ligation Kkit.

3. DNA is recovered by MinEluteH PCR Purification
Kit (QIAGEN) and used for immunoprecipita-
tion (IP).

4. IP DNA (4mgq) is then heat denatured (5min),
then is incubated with 32mg anti5-methylcyto-
sine mouse monoclonal antibody in a 400 ml of
IP buffer for 30 min at 4°C.
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5. The Dynabeads Protein G (100 ml) and Protein A
(Dynal) are added to the mix for incubation of
5.5hours at 4°C.

6. After immunoprecipitation, the DNA is amplified
by PCR with specific lllumina sequencing pri-
mers. lllumina platforms such as HiSeq (discon-
tinued), NextSeq, or NovaSeq can be used for
sequencing, depending on the cost and cover-
age needs.

5.2.3. Data processing and analysis

The analysis of BS-seq data involves several steps,
including data preprocessing, alignment, methylation
calling, and downstream analysis. These steps can
vary depending on the specific research question
and the software tools used.

5.2.3.1. Software recommendations. The first step
is to align the preprocessed reads to the reference
genome. The most commonly used aligner for BS-
seq data is Bismark, which is able to align bisulfite-
converted reads to the reference genome (Krueger &
Andrews, 2011).

After alignment, the next step is to call methyla-
tion levels at each cytosine position in the genome.
There are several different methylation calling tools
available, such as MethPipe (Song et al., 2013), DSS
(Feng & Wu, 2019), and MethylSight (Biggar et al,,
2020). The model-based analysis of chlPseq (MACS)
approach can also be used to measure the methyla-
tion levels in the A. mellifera genome (Neary &
Carless, 2020; Shi et al., 2013).

Once the methylation levels have been called, the
next step is to perform downstream analysis to iden-
tify differentially methylated regions (DMRs), anno-
tate them with functional elements and explore
relationships with other data types such as transcrip-
tomics. There are various tools available for this pur-
pose, such as MethylKit (Akalin et al., 2012), DMRcate
(Peters et al,, 2021), and MethylSeekR (Burger et al.,
2013). These tools use different algorithms to call
methylation levels and correct for sequencing errors.
The results can be visualized using various tools
such as IGV, methylKit and Bioconductor packages
such as BSgenome and BSseq.

5.2.3.2. Data repository. Like all sequencing data,
DNA methylation or RNA methylation data should
be deposited in a public database. For example,
NCBI Sequence Read Archive (SRA) data portal is a
public database for scientists to deposit their raw
sequencing data (Section 11).

5.2.3.3. Statistical analysis. Statistical analysis of BS-
seq data typically involves the estimation of methyla-
tion levels at individual cytosine positions or at
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predefined regions of interest, such as gene bodies
in the case of honey bee genome. The estimation of
methylation levels is usually based on the proportion
of methylated reads, which are reads that have a
cytosine-to-thymine (C-to-T) change due to bisulfite
conversion (Foret et al., 2012).

Once methylation levels have been estimated,
several statistical methods can be used to identify
differentially methylated regions (DMRs) between dif-
ferent samples or groups. Commonly used statistical
thresholds for differential methylation are a percent
methylation difference larger than 10% and g < 0.01
(Akalin et al, 2012). A Bayesian framework can also
be used to estimate the probability of different
methylation states at each cytosine position and to
identify DMRs.

After DMRs have been identified, several down-
stream analyses such as functional annotation of
DMRs, correlation of DMRs with other epigenetic or
transcriptomic data, pathway analysis, or clustering
of DMRs to identify patterns of co-regulation can be
performed.

5.3. Epitranscriptomics: RNA methylation of m6A

Besides the chemical modifications on the DNA, RNA
molecules can also undergo more than 100 different
dynamic chemical modifications that impact gene
expression (Roundtree et al., 2017; Sanchez-Vasquez
et al, 2018). The study of RNA methylation so far
has mainly focused on the N6-methyladenosine
(m6A) modification, which occurs in mRNAs of eukar-
yotes and represents about 80% of all RNA methyla-
tion in the honey bees (Wang, Xiao, et al, 2021). In
honey bees, recent discoveries have linked m6A
methylation to larval development and caste differ-
entiation, highlighting its significance in Apis biology
(Bataglia et al, 2021; Wang, Xiao, et al, 2021).
Epitranscriptomics is the field that focuses on study-
ing all types of mRNA mRNA maodifications, including
m6A. The protocol below describes how to quantify
total m6A methylation across all transcripts, but
more advanced methods must be used to actually
identify the sites of methylation.

5.3.1. Considerations for testing global RNA

methylation of m6A

e This test requires a precise quantity of RNA input;
therefore, it is crucial to have the equipment to
quantify the RNA concentration in your RNA
extraction sample. Nanodrop spectrophotometers
or Qubit fluorometers can both provide accurate
concentration information about your sample, but
the latter is recommended for accuracy.

e The EpiQuik m6A RNA Methylation Quantification
Kit (EpiGentek) can be used to quantify total m6A

methylation globally across a complete RNA sam-
ple. The range of the RNA quantity is 100-300 ng.
See Evans et al. (2013) for sample handling and
RNA extraction protocols.

5.3.2. Materials

e large equipment: Microplate reader capable of
reading absorbance at 450 nm, 37 °C incubator

e Kits: EpiQuik m6A RNA Methylation Quantification

Kit (EpiGentek) including negative and positive

RNA controls, capture antibody, detection anti-

body, wash buffer, binding solution, enhancer

solution, developer solution, stop solution, stand-

ard control

8-Well assay strips

Distilled water

1x TE buffer with pH 7.5-8.0

Adjustable pipette

Aerosol-resistant filtered pipette tips

96 Well plates

1.5 ml Microcentrifuge tubes

Plate sealing film or parafiim M

5.3.3. Procedure

1. Follow the kit manufacturer's instructions for
RNA binding, antibody binding, and RNA
quantification.

2. After color development, measure absorbance at
450 nm.

a. For relative quantification, the percentage
of m6A in total RNA can be calculated
based on the average OD450 of negative
control, average OD450 of positive control,
average OD450 of sample, the amount of
input sample RNA in ng, and the amount of
input positive control in ng.

b. For absolute quantification, a standard
curve can be generated based on the m6A
standard controls (0.01, 0.02, 0.05, 0.1, 0.2,
and 0.5 ng/ul). With the standard curve, the
amount of m6A in the total RNA sample
can be calculated using sample OD minus
negative control OD, then divided by the
slope. The proportion of m6A in the sam-
ples can be calculated using m6A amount
in ng divided by input quantity (for
example 200 ng).

5.3.4. Identifying methylation sites

Although global m6A methylation is valuable for
assessing large-scale methylation states, it is benefi-
cial to understand which specific residues are modi-
fied on a transcript. Most RNA extraction techniques
retain the methylation state on the mRNA tran-
scripts, and there are several ways that the m6A sites



may be identified. m6A-seq uses ribose-sensitive
nuclease digestion and high-throughput sequencing
(Dominissini et al, 2013). MeRIP-seq (Meng et al.,
2014) is another approach which uses m6A-specific
antibodies to pull down m6A-containing RNAs and
then sequences them.

A final option is Nanopore MinlON sequencing.
Using this technique, you can glean which specific
RNA transcripts have m6A methylation as well as
which residues are modified. Nanopore MinlON dir-
ect RNA sequencing (dRNA-seq) provides long reads
(10,000-30,000 base fragments being common) and,
in some cases, can provide reads of entire tran-
scripts. The advantage of dRNA-seq is that one
sequencing procedure can include information of
both transcriptome and m6A methylome modifica-
tions of RNA. See Section 6.2 for more information
on direct RNA sequencing.

5.3.5. Software recommendations

For m6A RNA methylation from the Nanopore dRNA-
seq data, one new tool for identifying differential RNA
modifications is called xPore (Pratanwanich et al.,
2021). xPore uses a machine learning-based approach
to predict the presence and location of RNA modifica-
tions, including m6A, within the dRNA-seq reads. It
also allows for the quantification of modification lev-
els, and it can also be used to identify differentially
modified sites between different samples or condi-
tions. xPore’s ability to handle long read lengths of
direct-RNA sequencing data allows for accurate detec-
tion of m6A modifications in introns and exons, as
well as in regions spanning multiple exons, resulting
in higher resolution and more comprehensive cover-
age of m6A sites. It allows for high-resolution and
comprehensive detection of m6A modifications,
which can help to improve our understanding of the
role of m6A in regulating gene expression.

One of the main challenges in the analysis of m6A
site data is distinguishing true m6A modifications from
sequencing noise. To address this, many tools use a
threshold-based approach to call m6A sites, which
involves setting a threshold for the minimum number
of reads or the minimum proportion of methylated
reads required to call a site as methylated. The choice
of threshold will depend on the sequencing depth and
the desired level of specificity and sensitivity. Similar to
other transcriptomic analyses, multiple hypothesis test-
ing must be accounted for (by using a Benjamini-
Hochberg correction, for example).

5.4. Chromatin organization and histone
modifications

Among a variety topics of epigenomics, transcrip-
tional activities occurring at tissue and cellular levels
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are regulated by transcription factors (TFs) (Li-Byarlay
et al, 2013; Qiu et al, 2013; Spitz & Furlong, 2012).
TFs work with cis-acting regulatory elements (CRE)
for cell regulation OD promoters, epigenetic pat-
terns, and genome structure (Stadhouders et al,
2019).

A histone is an octomeric (8-subunit) protein com-
plex which is a crucial component of chromatin.
These complexes serve as a spool that genomic DNA
is wrapped around. Post-translational modifications
determine how tightly the DNA is associated with
histones. Methylation of lysine 9 on the third subunit
of the histone proteins (denoted H3K9me3) results in
tighter association of the DNA to the histones, and
limits the ability of transcription factors to access the
DNA for transcription. Acetylation of several amino
acids causes the DNA and histones to be associated
more loosely, making the DNA more accessible to
transcription factors and therefore more likely to be
transcribed. Modification of the histone proteins pro-
vides an additional mechanism of gene regulation,
beyond the binding of transcription factors to the
promoter region of a gene.

5.4.1. Chromatin immunoprecipitation sequencing
and transcription factor binding motifs

Chromatin immunoprecipitation sequencing (ChlIP-
seq) is one way that sites of histone modifications
can be mapped to the genome. Like many modern
molecular techniques, existing protocols and guide-
lines can be, more or less, directly adapted for use in
honey bees with little modification (e.g., see Nakato
and Sakata (2021)).

5.4.2. Hi-C & chromatin conformation

The Hi-C technology that captures genome-wide
chromatin interactions and structure method has
been already discussed in Section 3.3.1.1. Beyond
genome assembly improvement, HI-C has identified
that the variation of the genomic structure of A. mel-
lifera is associated with the variation of phenotype
(Jin et al, 2023), and is highly regulated with gene
activities or adaptations in different environment
(Kirkpatrick & Barton, 2006; Wallberg et al., 2017).
In Drosophila fruit flies, or Heliconius butterflies,
chromosomal inversions is related to adaptation to
environmental adaptation (Joron et al, 20171;
Krimbas & Powell, 1992). Future research using Hi-C
technology is needed to obtain more information on
the chromatin structure and how they interact with
gene regulations.

5.4.3. Chromatin accessibility and transcriptional
factor motifs

The chromatin accessibility is the percentage of time
any given fragment of the genome is occupied by a
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nucleosome. Although not necessarily heritable, it
plays an important role in gene regulation and can
change in response to environmental cues (Turner,
2008). Three assays used to study chromatin accessi-
bility are: (1) assay for transposase accessible chro-
matin by sequencing (ATAC-seq), (2) DNase |
hypersensitive site -seq (DNase-seq), and (3) micro-
coccal nuclear sequencing (MNase-seq). High read
depth in these assays can reveal regions that where
TFs bind (Tsompana & Buck, 2014).

Recent research using ATAC-seq, RNA-seq and
ChlP-seq has identified many regulatory regions,
including accessible chromatin regions, nucleosome
occupancy, and specific patterns of TF gene net-
works in the genome of queen, worker, and drone
adult bees (Lowe et al., 2022; Zhang, Li, et al., 2023).
Another ATAC-seq and RNA-seq study comparing
the TFs among the brains of foragers, newborn
workers, and nurses revealed different regulatory
landscape and new interactions within the transcrip-
tional regulatory network underlying the division of
labor (Fang et al., 2022). Previous meta-analyses and
cis-metanalysis tools also revealed that transcrip-
tional regulatory mechanisms that are underlying
the behavioral maturation of honey bee workers
(Ament, Blatti, et al., 2012). The genome-wide scan-
ning and gene regulatory network activity also iden-
tified TF motifs in the honey bee brains at the
colony and individual levels, and how they are asso-
ciated with the regulation of social behavior and its
evolution (Jones, Rao, et al., 2020; Rittschof et al.,
2014; Shpigler et al., 2019).

Additional ChIP-seq experiments have informed
on transcriptional factor binding sites of Vitellogenin
gene, which affect the immunity and behavior of
honey bees (Salmela et al.,, 2022). Other transcription
factors such as usp, ubx, Mblk-1/E93 are also critical
for phenotypic plasticity and development of honey
bees and other insects (Ament, Wang, et al, 2012;
Matsumura et al,, 2022; Prasad et al.,, 2016; Yan et al.,
2014). While these cutting-edge methods are still
rare in Apis, the few studies that exist provide very
detailed protocols for performing ChIP-seq experi-
ments of histone methylation in honey bee larvae,
including the extensive optimization such as cross-
linking time and buffer compositions (Wojciechowski
et al., 2018).

5.4.4. Detecting histone modifications by mass
spectrometry

Histone modifications, a key epigenetic mechanism,
significantly contribute significantly to phenotypic
dimorphism and caste difference in A. mellifera
honey bees (Dickman et al, 2013; Jin et al, 2023;
Zhang, Li, et al., 2023). Several studies have reported
that histone modifications are associated with social

behavior, evolution, development, and ecology of A.
mellifera (Alghamdi & Alattal, 2024; Dickman et al.,
2013; Wojciechowski et al., 2018; Zhang, Li, et al,
2023). Histone deacetylase inhibitors also play a role
in caste determination in honey bees (Spannhoff
et al, 2011).

Mass spectrometry-based proteomics can be used
to detect and quantify modified histones. Since typ-
ical proteomics workflow will dissociate histones
from the DNA with which they interact, this
approach is not suitable for identifying DNA binding
sites. However, the power of mass spectrometry is its
ability to detect numerous types of covalent modifi-
cations, with dozens of potential post-translational
modifications of histones (Huang et al., 2015). While
a generic shotgun proteomics dataset will contain
ions corresponding to modified peptides, signal
intensity and data quality are improved if immuno-
precipitation is conducted to enrich the peptide or
protein sample for sequences carrying the desired
modification. The resulting mass spectrometry data
processing will differ as well, as the mass shift and
affected amino acid residue associated with the
modification will need to be specified. Sample prep-
aration procedures are essentially as described in
Section 8, but further details can be found in see
Huang et al. (2015).

5.5. Applications and limitations

Honey bees have long been studied as a model sys-
tem for epigenetics in insects. Tools for epigenetic
analyses have enabled research of epigenetic mecha-
nisms underlying the complex behaviors, develop-
ment, gene regulation, diseases, ecology, and health
of honey bees (Galbraith et al, 2015; Grozinger &
Robinson, 2015; Grozinger & Zayed, 2020; Kucharski
et al,, 2008; Li-Byarlay et al., 2020, 2013). Specifially,
5mC DNA methylation is involved in caste determin-
ation and behavioral maturation, which are essential
for regular colony functioning (Herb et al., 2012).
Furthermore, m6A modifications have been linked to
behavior, learning, and memory (Bataglia et al., 2021;
Wang & Li-Byarlay, 2015). However, research on m6A
modifications in honey bees is still in its early stages,
and further studies are needed to elucidate the spe-
cific role of m6A in regulating gene expression and
splicing in this model organism.

Many studies also show that these epigenetic
changes are tissue-specific or change over time (Li-
Byarlay et al., 2020); therefore, genes with differential
methylation patterns could be used in the future as
biomarkers for environmental stress. In human can-
cer studies, for example, DNA methylation can be
used to assist with diagnosis (Shames et al., 2007).



However, the study of epigenetics and epigenom-
ics can be complicated by tissue-specific effects and
temporal dynamics during different developmental
stages of organisms (Li-Byarlay et al., 2020). Future
research using multi-omic approaches that combine
epigenomics with transcriptomics, genomics, and
other ‘omic tools may provide more comparative
data. Until then, great care should be taken to con-
trol the age or developmental stage of samples used
in these studies.

6. Transcriptomics
6.1. Introduction

Transcriptomics is the study of expressed transcripts,
differential splicing patterns of messenger RNA, or
chemical modifications on RNAs. What mechanisms
program or influence genes expression, regulation,
interaction? These questions can be answered holis-
tically by sequencing the transcriptome and aligning
it against an annotated reference genome.

Before NGS became accessible and affordable,
northern blot techniques were most often used to
detect and quantify mRNA transcripts. Quantitative
reverse transcription-polymerase chain reaction (qRT-
PCR) has also been used to answer similar questions.
However, each of these techniques is practically lim-
ited to a small number of targeted genes.
Transcriptomic techniques can identify nearly every
transcript in an organism or tissue, and the relative
guantities of these transcripts can be compared, pro-
viding valuable insights into the gene regulatory net-
works involved in a phenotype.

As honey bees were among the first insect
genomes sequenced, the study of gene expression
and regulations in Apis had the tremendous advan-
tage of having an annotated reference genome as
an anchor to map transcripts. At the time of publica-
tion of Evans et al. (2013), microarrays were the
most commonly used high-throughput method of
evaluating transcript abundances. Since then, RNA-
seq has become a mainstay, with multiple sequenc-
ing platforms available, and even single-cell tran-
scriptomics is possible. Here, we address these new
techniques and how they can be applied to honey
bee samples.

6.2. Sequencing technologies

Many of the same sequencing platforms used to
sequence genomes can be used for transcriptomes
as well (see Section 3: Genomic DNA sequencing,
and (Evans et al, 2013)). The major differences
between RNA-seq and DNA sequencing are (1)
laboratory pre-processing conditions that require
ultra-clean and low-temperature handling to limit
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RNA degradation and (2) the need to convert
extracted sensitive RNA into double-stranded cDNA.
Once transformed into cDNA, the material is stable
and can be processed similarly to gDNA. Here, we
describe specific considerations when applying this
technology to transcriptome sequencing.

6.2.1. Considerations

e Always use proper microbiological aseptic techni-
ques when working with the RNA and RNA-seq
library to avoid degradation and cross-contamin-
ation. Transcript sequencing output will depend
on the initial quality (RIN) and RNA degradation
levels (Gallego Romero et al., 2014).

e Wear and change frequently disposable gloves to
prevent RNase contamination and work as quickly
as possible until cDNA is prepared.

e Keep tubes closed and on ice or cold block
whenever possible.

e Be aware that as sequencing technology pro-
gresses, the platform chemistry can shift quickly.
This can cause discordance in the data output
and yield of the same RNA library sequenced (De-
Kayne et al,, 2021).

e Downstream analysis such as differential gene
expression analysis are sensitive to the number of
replicates chosen per condition. A too low sample
size may ignore natural variation and can be
prone to false discoveries (Li, Janssens, et al.,
2022; Squair et al., 2021).

6.2.2. lllumina sequencing (short reads)

Similar to genome sequencing, lllumina is the tech-
nology most often used for transcriptomic studies.
Short reads are ideal for samples with low RNA vyield,
and it is relatively quick and inexpensive compared
to other sequencing technologies. However, because
this technology sequences many short strands with
a fragment size ranging from 150 to 250 bp (Quail
et al, 2009), reads from genes with multiple splice
variants cannot always be mapped to a specific spli-
ceoform. There are numerous resources describing
short-read RNA sequencing and data analysis best
practices (Conesa et al., 2016), which, combined with
sample handling and RNA extraction protocols previ-
ously described specifically for honey bees (Evans
et al., 2013), are directly applicable to honey bees.
Here, we will focus on long-read sequencing and sin-
gle-cell transcriptomics, but include updates to
short-read sequencing covered in the previous
BEEBOOK (Evans et al., 2013).

6.2.3. Third generation sequencing (long reads)

Third-generation sequencing enables the user to
sequence contiguous and long reads from molecules
of >10kb on average, which minimizes some of the
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computational workload needed to analyze full
length transcripts, improves the accuracy of the
alignments against the reference genome, and helps
resolve ambiguous splice variants.

The main platforms for generating long reads
include Oxford Nanopore Technology (ONT) and
Isoform sequencing (ISO-seq) using Single-molecule,
Real-time (SMRT) sequencing by PacBio. RNA extrac-
tion and sample handling for analysis by these plat-
forms are essentially as previously described in Evans
et al. (2013), with scrupulous attention to maintain-
ing RNA integrity. Once RNA is extracted, the kit
each sequencing platform manufactures, which are
appropriate for their devices, should be used (for
example, the Direct RNA or cDNA Sequencing Kit
from ONT, or SMRTBell™ kit from PacBio).

6.2.3.1. Considerations for choosing a long-read

platform.

e ONT has developed sequencing platforms to
sequence RNA directly, without conversion to a
cDNA intermediate. This minimizes the possibility
of errors that could arise during a reverse tran-
scription reaction, but the samples themselves
are less stable leading up to sequencing.

e SMRT PacBio sequencing technology is an espe-
cially powerful platform because of its ability to
generate long reads by reading a single molecule
multiple times, which improves sensitivity.

6.3. Single-cell transcriptomics

RNA-seq has traditionally been done with whole tis-
sue samples also called “bulk sequencing.” However,
recent advances in sequencing technology to target
smaller input material have made it possible to
sequence the transcriptomes of individual cells
within a tissue sample while preserving the identity
of their cell of origin to create a cell atlas. Single-cell
transcriptomics is a relatively new technique devel-
oped in 2013 for biomedical purposes and only
started to be applied to non-model organisms
(Chen, Sun, et al,, 2021). This field is uniquely suited
to studying gene expression in known heteroge-
neous tissues and even identifying the spatial struc-
ture of cells in tissue downstream.

The approach takes a cell suspension of the tissue
of interest, separates cells individually, and assigns
an unique barcode to each mRNA transcript in the
cell. This allows researchers to achieve incredible
resolution within organs even creating cell atlas in
mammals, fly and ants (Chen, Sun, et al, 2021; Li,
Wang, et al, 2022; Li, Li, et al, 2022). Recently,
Zhang, Wang, et al. (2022) used the technique to
compare the transcriptomes of different types of
neurons within the honey bee brain (e.g., Kenyon

cells, optic lobe cells, olfactory projection neurons,
etc.), initiating the first cell atlas in bees. Below is a
general protocol for single-cell transcriptomics sam-
ple preparation adapted from Traniello et al. (2020).

6.3.1. Considerations

e Single-cell sequencing requires fresh samples that
can readily be dissociated into a cell suspension.

e If it is not possible to use a fresh sample, the cell
suspension (protocol described below) can be
made fresh, then frozen and used later for
sequencing.

e Cells embedded in excessive extracellular matrix
run the risk of being damaged through dissoci-
ation and rendered unusable for sequencing.

o Different cell types from different tissues (for
example brain versus fat body) will need more
time to optimize the procedure for cell dissoci-
ation by testing different buffers or reagents.

6.3.2. Materials

e Large equipment: 10x chromium controller

e Pipette and tips

e Kits: Chromium Chip G Single Cell Kit (10x
Genomics), Chromium Next GEM Single Cell 3’ Kit
(10x Genomics)

RNAse-free 1X PBS

1.5 ml microfuge tubes (nuclease-free)

Trypsin

Ethylene-diamine-tetracetic acid (EDTA)
Phosphate-buffered saline (PBS)

Dissection plate

Dissection forceps and scissors

Dissociation media

Table centrifuge

0.4% trypan blue

C-Chip disposable hemocytometer and a
Compound microscope or a cellometer

6.3.3. Sample preparation procedure for single-cell

sequencing

1. Rapidly dissect desired tissue in cold RNase-free
1X PBS and place in a 1.5 ml microfuge tube.

2. Add PBS with 0.25% trypsin to sample.

Incubate on ice for 30 minutes.

4. Gently dissociate cells by pipetting with 200 pl
pipette tips.

5. Separate individual brain cells using a 10x
Genomics microfluidics chip following the manu-
facturer’s instructions.

6. Prepare single cell transcriptomics library utiliz-
ing the Chromium NextGen Single Cell 3’ tech-
nology according to manufacturer instructions.

7. Sequence single-cell libraries utilizing either
Illumina or Nanopore sequencing.

w



6.4. Data handling and analysis

6.4.1. RNA-seq and differentially expressed genes
(DEGs)
To identify differentially expressed genes in RNA-seq
data obtained from a minimum of two conditions/
treatments, here we provide an example analysis
pipeline (Figure 15) using the aligner software STAR
(spliced transcripts alignment to a reference) (Dobin
et al., 2015), the software package Subreads (Liao
et al, 2013) and a reference genome. Many bioinfor-
matic pipelines exist for such analysis, some of which
use open-source workflows and containers such as
Nextflow to create community curated frameworks
that facilitate and standardize DEGs detection (Ewels
et al, 2020; Wratten et al., 2021). For example, nf-
core/rnaseq pipeline offers an alternative to our pro-
posed method, allowing for alignment to the gen-
ome with STAR or pseudo-alignment to the
transcriptome with Salmon (Patro et al., 2017) or
Kallisto (Bray et al, 2016) and adaptable for both
bulk-tissue and single-cell transcriptomes.
Additionally, it is important to mention that pseudo-
alignment workflow might be better suited to users
with a limited computational power and time as it
achieves similar accuracy in terms of transcripts
quantification than reference-anchor mapping and
reads counts (Bray et al,, 2016).

The resulting processed data can then be ana-
lyzed for differential expression using the R package,
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DESeg2 (Love et al, 2014). We optionally recom-
mend that users compare and cross-validate the dif-
ferential expression results with those of other
packages, such as edgeR package (Liu et al., 2021),
to verify the overlap of genes found up- and down-
requlated. If the overlap is significant, this increase
our confidence in identifying true differentially
expressed genes, as both DESeqg2 and edgeR varies
in their statistical models to estimate differential
expression. These software benefits from frequent
updates and comprehensive tutorials are made avail-
able by the developer (e.g., DESeq2, and edgeR
manual).

Step 1. After data pre-processing and quality con-
trol, map reads to annotated Apis mellifera genome.

e STAR can be run in the command line to map
RNA-seq reads to a supplied reference genome.
The most current version of the honey bee gen-
ome is Amel_HAv3.1 and can be downloaded on
NCBI RefSeq.

e For running STAR in command line, generate a
directory for the genome by using the following
command:

mkdir starAligned

Step 2. Create the genome index with the following
command:

Step 1: fasta & gtf Step 2:
Pre-processing Read alignment &
— Genome quantification
Trim 1 alignment
_ reads ! (STAR) N
fastq.gz - - f (T
Check read Check Index
) quallty trimmed read ® a|ignment
% — gy oualy (samtools)
o el [ ] Quantification §
: A. cerana (featureCounts) —
-
RNA-seq data
Step 3: processing
Analysis and
interpretation Alternative splicing
(CuffDiff, SpliceR, etc) \. Differential
0 v < expression
Co-expression network K (DESeq2)
analysis (WGCN4), @
\ GO term —
enrichment ~* '
Created with : - ° J
Biorender.com (ErmineJ)

1oy

Figure 15. Example RNA-seq data analysis pipeline using a genome as anchor. Many software options are available for each
step; only selected standard softwares are shown. Note key paces where data export may be desirable. Created with

Biorender.
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STAR —runThreadN 4
-runMode genomeGenerate

-genomeDir starAligned
-genomeFastaFiles/path/to/FASTAfiles
-sjdbGTFfile/path/to/GTF

The parameters were chosen for the following
reasons:

—runMode genomeGenerate indicates we are
in the mode to build genome index in the directory
—genomeDir starAligned.

—sjdbGTFfile/path/to/GTE indicates that
we want the annotation file in GTF format.

Step 3. Map the reads from the RNA-seq data onto
the indexed genome, and place the counts into a
table to be used later for the identification of differ-
entially expressed genes. For paired reads, both the
forward and reverse read will need to be provided
as input. Because the FASTQ files are zipped,
readFilesCommand gunzip —¢ must be used to
unzip the files to be accessed by the mapping pro-
gram. This script generates the aligned reads in a
BAM file to be used by featureCounts.

TIP: Further questions related to the application
of STAR can be found in the STAR manual.
STAR --runThreadN 4
- -readFilesIn/path/to/genomeDir

- -readFilesIn/path/to/fastq1r1.gz,/path/to/fastq2r1.gz,\
path/to/fastq1r2.gz,/path/to/fastq2r2.gz

- -genomeDir starAligned

#- -quantMode TranscriptomeSAM GeneCounts
- -outFileNamePrefix sampleName

- -outSAMtype BAM SortedByCoordinate

| _readFile

—runThreadN 4 indicates that we run the map-
ping process using 4 threads.

—genomeDir indicates where the genome index
is located.

—outSAMtype BAM SortedByCoordinate
indicates that the output should be in BAM format
and sorted by coordines.

Alternatively to featureCounts, we can also use
directly the =—quantMode TranscriptomeSAM
GeneCounts to produce two outputs, one with the
Read Count for each gene and one with the gene
aligned to the transcriptome only.

Step 4. Counting reads can be accomplished
using the featureCounts program, part of the
Subreads package, in the command line. Once you
have loaded Subreads, running the following com-
mand quantifies the reads associated with each
gene. When the program is supplied with multiple
BAM files, it will combine those reads into a single
output which can be easily used in the DESeg2 R
package for differential expression analysis.

featureCounts -a/path/to/annotationFile
-o sampleNameCounts.txt
-9 gene_id

sampleName1Counts.BAM
BAM

Step 5. lIdentify differentially expressed genes
using DESeqg2 in R. This program takes the BAM files
generated by featureCounts, and metadata about
the individual samples, and calculates significant
changes in gene expression based on

6.4.2. Gene network analysis

Gene ontology analysis can reveal groups of ele-
vated or repressed genes classified by functional
similarity. However, gene ontology does not repre-
sent groups of genes which have common patterns
of regulation within groups. To uncover analysis
pathways related to common regulatory mechanisms
(genes regulated by a common transcription factor,
for example), whole genome co-expression network
analysis (WGCNA) can identify mechanisms of regula-
tion (Langfelder & Horvath, 2008). This program, run
in R, calculates modules of genes with correlated
expression. Then, considering metadata, identifies
modules whose expression correlates with those
modules. Genes within individual modules can then
be exported from the program, and can be used for
further analysis (such as gene ontology).

An alternative to WGCNA is the ASTRIX (Analyzing
Subsets of Transcriptional Regulators Influencing
eXpression) method developed on honey bee brain
TRN model (Chandrasekaran et al.,, 2011) which has
been specifically designed for transcriptional regula-
tory network inference and has been widely applied
in honey bee research. Recent studies have used the
ASTRIX method in various tissues to identify the key
regulatory genes and pathways that contribute to
phenotypic plasticity and adaptation in A. mellifera
(Chandrasekaran et al., 2011; Jones, Rao, et al., 2020;
Shpigler et al., 2017, 2019; Traniello et al, 2023,
2020).

6.4.3. Single-cell transcriptomics

Single-cell sequencing data are unique in that each
transcript has an unique RNA sequence tag added
during the sequencing step. This modifier allows
each read to be mapped to the cell in which it was
transcribed. With this information, a complete tran-
scriptome can be assembled for each individual cell
in a sample. This creates an additional step in ana-
lysis, because each transcript must be assigned a cel-
lular identity, in addition to being mapped to the



genome. Software packages that can be used to ana-
lyze these datasets are described below.

6.4.3.1. 10x Genomics specific software. 10x
Genomics has a platform available specifically for the
analysis of 10x Genomics datasets, using the pro-
grams Cell Ranger and Loupe Browser. The types of
analyses, access to the platform, and a description of
the coding involved are found on the 10x support
webpage:  https://support.10xgenomics.com/single-
cell-gene-expression/software/pipelines/latest/tutori-
als/gex-analysis-nature-publication.

Cell Ranger contains analysis pipelines for analyz-
ing single-cell transcriptomic data, including convert-
ing raw base call (BCL) files to FASTQ files, aligning
reads to a reference, and performing differential
expression analysis. It can either be run in the 10x
Cloud, or Cell Ranger can be downloaded and run
from a desktop.

After expression profiles are generated for individ-
ual cells in cell ranger, they are grouped into clusters
based on the co-expression of genes. Loupe Browser
takes files created in Cell Ranger’s aggr pipeline and
converts them to a spatial representation of individ-
ual cells based on their expression profiles. Loupe
Browser is available for download and can be run on
a desktop.

6.4.3.2. Third party software. Seurat is an R pack-
age specifically designed to align, map, count, and
analyze single-cell transcriptomic data (https://cran.r-
project.org/web/packages/Seurat/index.html).  Using
weighted nearest-neighbor analysis, Seurat takes
transcriptomic data and creates clusters of cells
based on their gene expression profiles (Hao et al.,
2021).

6.5. Applications and limitations

RNA-seq, particularly with short reads, is an incred-
ibly versatile tool for gaining high quality transcrip-
tomic data. However, long-read RNA sequencing
data align more accurately to the genome and can
help to identify the complete length of isoforms that
are differentially expressed or differentially spliced.
Long-read sequencing is thus filling an important
gap in our knowledge of isoform expression patterns
in honey bees.

Single-cell transcriptomics is a relatively new field,
and while the potential resolution of this type of
sequencing data are unparalleled, current practices
do not yet reach the full potential. For example, to
obtain a diverse representation of different cell types
from targeted tissue, pooled samples are often still
used. To harvest enough cells (50,000-100,000) for a
good coverage of honey bee brain samples, brains
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from several honey bees are pooled together
(Traniello et al, 2023, 2020). In the future, a key
objective should be to decrease the quantity of the
input cell numbers. Ideally, the ultimate goal would
be to obtain deep sequencing data from individual
bees instead of relying on pooled bee samples. This
approach would significantly enhance statistical
power and unlock the full potential of single-cell
sequencing, providing exceptional resolution. A fur-
ther limitation is that few cell types can currently be
recognized based on the gene markers available. To
overcome this limitation, it is crucial to conduct
more extensive studies on individual gene markers
that can accurately represent a broader range of
honey bee cell types beyond neurons and glia.

Transcriptomics and RNA-seq analyses can provide
information on the expression, isoforms abundance,
alternative splicing, and chemical modifications of
genes. Additional information about the activity of
proteins or other cellular processes is essential for
understanding gene function, and can be added by
designing additional experiments using functional
genomics (Section 7) proteomics (Section 8) and
metabolomics (Section 9).

7. Functional genomics and xenobiotic
treatment

7.1. Introduction

By analyzing the entire genome, researchers can
explore intergenic relationships that extend beyond
monogenic, individual polymorphisms. Recent devel-
opments in sequencing technology, combined with
publicly available computational tools, have made it
possible to glean a huge amount of information
from these datasets. However, the challenge lies in
our ability to fully interpret the data, particularly in
cases where gene functions are either unknown or
poorly characterized. In fact, approximately one third
of A. mellifera genes fall into this category, posing
limitations on our understanding of their roles and
contributions.

This gap in functional knowledge can be filled by
experimentally manipulating genes of interest to dir-
ectly examine their contribution to a specific pheno-
type. Gene expression can be manipulated through
changes to DNA (e.g., using CRISPR/Cas9 technology)
or knockdowns of RNA (RNAi). These techniques can
provide researchers with causal information about
their phenotype of interest to go along with correla-
tive data from genomic analysis. This is a necessary
step for validating gene functions and gene
interactions.


https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/tutorials/gex-analysis-nature-publication
https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/tutorials/gex-analysis-nature-publication
https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/tutorials/gex-analysis-nature-publication
https://cran.r-project.org/web/packages/Seurat/index.html
https://cran.r-project.org/web/packages/Seurat/index.html

356 M. A. TECHER ET AL.

7.2. CRISPR

Clustered regularly interspaced palindromic repeats
and Cas9 (CRISPR/Cas9) gene editing is a relatively
recent molecular tool for modifying the genome at
very precise locations (Jinek et al., 2012). Knock-outs
(removal of a large portion of a gene from the gen-
ome), knock-ins (insertion of an endogenous gene, a
modified gene with altered expression, or a
reporter), and targeted gene editing are all possible
with the use of CRISPR. CRISPR has already been
used to study the role of major royal jelly proteins
(Hu et al, 2019; Kohno et al, 2016), taste
(Degirmenci et al., 2020), development (Kohno &
Kubo, 2018), neurodevelopment (Chen, Traniello,
et al, 2021), and mechanisms of sex-determination
(Roth et al,, 2019; Wang, Lin, et al,, 2021) in honey
bees. It is not, however, the only method of manipu-
lating gene expression; other approaches are dis-
cussed in McAfee et al. (2022).

CRISPR technology relies on a well-designed short
guide RNA (sgRNA) sequence to target a specific
region of the genome. This sgRNA must include the
following components:

e A tracr RNA sequence, which creates a hairpin to
act as a scaffold for Cas9 binding

e A crRNA (CRISPR RNA) sequence (17-20 bp) which
is specific to the target DNA

Constructs can be designed manually or utilizing
a web-based tool. Several such tools exist, but many
do not currently query against the A. mellifera gen-
ome. However, the tool Cas-OFFinder has this
option. In addition, the region of interest within the
genome must have a PAM (protospacer adjacent
motif) sequence. This serves as a guide for the actual
site of cleavage, which is 3-4bp upstream of the
PAM sequence. The following protocol for germline
gene editing was inspired by Chen, Traniello, et al.
(2021) and Hu et al. (2019). Methods for egg collec-
tion and microinjection were originally developed by
Beye et al. (2002).

7.2.1. Considerations

e Both Cas9 protein and sgRNA can either be pur-
chased from vendors or expressed and purified
in-house. The following protocol is for in-house
expression. If purchasing components from ven-
dors, skip to Section 7.2.1.3.

e This protocol describes injecting the gene editing
components into honey bee eggs, but injecting
into non-embryonic tissues (e.g., adult brains) is
also possible.

e Egg injections typically have a high failure rate
and injecting thousands of eggs will likely be
necessary to obtain an adequate number of

mutants. To collect large numbers of fresh eggs,
we recommend using the Jenter egg collection
kit, which allows eggs to be conveniently col-
lected on removable plastic plugs, although other
methods are possible (e.g., (Lee & Lee, 2019)).
Condition queens by introducing them to the
cages several days before injection day. You may
need 3-5 laying queens to collect a sufficient
number of fresh eggs.

e Check with your institution’s Biosafety depart-
ment for regulations around handling, maintain-
ing, and disposing of genetically modified insects.

7.2.2. Materials

e Large equipment: Incubators for bacterial culture
and injected eggs, microinjector (e.g., PLIT100 Pico
injector (Warner Instruments) or Femtojet 4i
(Eppendorf)), dissection scope, micromanipulator,
basic laboratory equipment (microfuge, vortex,
water bath, etc.), and a Nanodrop (Thermo Fisher)
or Qubit (Thermo Fisher)

e Kits: QlAprep plasmid purification kit (QIAGEN, or
equivalent), T7 RiboMAX Express Large Scale RNA
Production System (Promega), Monarch RNA
Cleanup Kit (New England Biolabs, Inc)

e Basic E. coli transformation and culturing reagents

and materials

IPTG (IPTG (isopropyl B-d-1-thiogalactopyranoside)

Ni-NTA Superflow resin column (QIAGEN)

PD-10 column (GE Life Sciences)

Bsal restriction enzyme and digestion buffer

Cas9 storage buffer (20mM Tris, pH 8, 200 mM

KCl, 10 mM MgCl,, 10% glycerol)

e Injection buffer (20mM HEPES, pH 7.5, 300 mM
KCl, 1 mM MgCly)

7.2.3. Methods for CRISPR/Cas9 gene editing of

embryos

7.2.3.1. Generating Cas9 protein.

1. Obtain the plasmid pET-28b-Cas9-His (Addgene,
Watertown, MA, USA) for Cas9 expression under
the control of the lac operator. Follow standard
protocols for transformation, culturing, and IPTG
induction in E. coli cells.

2. Purify the His-tagged Cas9 from protein lysate
with a Ni-NTA Superflow resin column.

3. Desalt the Cas9 using a PD-10 column.

4. Once eluted, Cas9 protein can be stored as a
50 uM solution in storage buffer at -80 °C.

5. For new batches, check Cas9 purity by gel
electrophoresis.

7.2.3.2. Generating sgRNA.
1. Ensure that equipment, surfaces, and reagents
are nuclease-free.



2. sgRNA cDNA can be inserted into a MiniGene
plasmid (or equivalent plasmid for T7 in vitro
transcription). Follow basic E. coli transformation
and culturing protocols to increase plasmid copy
numbers.

3. Extract plasmid and purify using a plasmid
QlAprep kit (QIAGEN) or equivalent.

4. Linearize plasmid by digesting with Bsal (if using
a MiniGene plasmid), or equivalent.

5. Conduct in vitro transcription on linearized plas-
mid using the T7 RiboMAX Express Large Scale
RNA Production System.

6. Purify RNA with the Monarch RNA Cleanup Kit
according to the manufacturer’s instructions for
purification and storage.

7. For new batches, check RNA integrity by gel
electrophoresis and quantify using a Nanodrop
or Qubit

7.2.3.3. Ribonucleoprotein assembly.

1. Combine a 1:2 molar ratio of Cas9 to sgRNA, at a
final concentration of 5 M RNP, in injection buffer.

2. This working solution can be split into 6 pl ali-
quots and frozen at -80°C.

3. After thawing, dilute solution to 2.5puM with
injection buffer.

7.2.3.4. Egg collection and microinjection.

1. Train queen in queen cages (JenterTM) (Figure
16(A)) by intermittently caging her for one day
at a time. This will also give the workers a
chance to build out the comb.

2. On injection day, replace old egg plugs with
fresh plugs. 2-4h later, collect the freshly laid
eggs by removing the plugs and fastening them
to plasticine disks (Figure 16(B)).

3. Keep eggs warm (30-33°C) at all times or devel-
opment will be delayed. Store in an incubator
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unless actively injecting. Perform injections in a
walk-in incubator if possible.

4. Load ~1 pl of RNP working solution into the
injection pipet.

5. Inject approximately 300-400 pL into the egg.
Research has shown that injecting into the
anterior third of the egg is most effective (Otte
et al., 2018).

6. Eggs should hatch about 72 h after injection. A
few hours before hatching, prime the egg cups
with a small amount of warmed royal jelly
(Figure 16(C)). Remove cups with shriveled or
deformed eggs.

7. Once hatched, follow methods described in
“Standard Methods for Artificial Rearing of Apis
mellifera Larvae” (Crailsheim et al., 2013).

7.3. RNA interference

RNA interference (RNAI) is a molecular tool used for
transient knock-down (reduction) of gene expression
(Brutscher & Flenniken, 2015; Wilson & Doudna,
2013). This technique takes advantage of endogen-
ous molecular machinery that normally helps protect
the host against RNA viruses, which replicate their
genome via a double-stranded (ds)RNA intermediate.
The presence of dsRNA within host cells thus signals
viral infection and triggers a cascade of events lead-
ing to viral inactivation by the RNA-induced silencing
complex (RISC).

Although RNAi evolved as an immune defense
against viruses, the dsRNA that leads to the antiviral
response does not necessarily need to be a viral
sequence. RNAi against nearly any gene is theoretic-
ally possible and can be achieved simply through
the introduction of short interfering RNA (siRNA; 20-
25bp) or long dsRNA (several hundred bp) to the
organism - a technique that has proven to be

Figure 16. Examples of the Jenter egg collection system. (A) Cartoon diagram of an egg collection cassette (not to scale, real
cassette has 110 plugs). Image adapted from McAfee et al. (2018) (CC BY 4.0). (B) Plugs with eggs fastened on modeling clay.

(C) Newly hatched larva primed with royal jelly.
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especially feasible in insects (Huvenne & Smagghe,
2010). Here we present current methods for con-
ducting RNAi experiments in honey bees.

7.3.1. RNAI considerations

e A common method of introducing RNAi con-
structs into bees is via injection; however, this is
highly invasive and creates a wound on the bee.
This might be useful if modeling parasitization by
mites, but in most cases, the wound creates
undesirable trauma. The methods described here
are less invasive.

e Feeding dsRNA to larvae or adults is also a non-
invasive method. It has been covered already in
Evans et al. (2013).

e Non-specific effects associated with RNAi are
well-documented (Flenniken & Andino, 2013;
Jarosch & Moritz, 2012; Nunes et al, 2013) and
probably unavoidable, but the likelihood of
observing severe off-target phenotypes can be
reduced by cross-referencing the siRNA/dsRNA
sequence to the honey bee genome. Only
sequences unique to the target should be pur-
sued. Moreover, negative control groups utilizing
GFP dsRNA or scrambled dsRNA sequences are
essential to distinguish gene-specific phenotypes
from non-specific effects.

e Consider labeling the siRNA construct, either with
a fluorescent tag (GFP or RFP) or digoxigenin
(DIG) to visualize localization in tissue after treat-
ment and check that the siRNA is correctly intro-
duced to the target tissue.

e An alternative strategy for RNAi using symbiont-
mediation is also documented (Lariviere et al.,,
2023)

7.3.2. Methods for nanopatrticle-mediated RNAi

Honey bees breathe through spiracles, which are
small holes in the abdomen connected to a tracheal
network. In addition to feeding and injection, one
way to introduce a foreign substance into a bee is
through inhalation. Spiracles are approximately
200 um wide; therefore, nebulized nanoparticles car-
rying RNAIi constructs can enter the bee, assuming
the nanoparticle-containing droplets or aerosolized
particles are sufficiently small. Here we describe the
general procedure for using perfluorocarbon (PFC)
nanoparticles for delivering siRNA to bees, adapted
from methods described in Li-Byarlay et al. (2013).

7.3.2.1. Materials

e Large equipment: humidity-controlled incubator

e Medical nebulizer (purchased from a medical
health supply store)

e Collecting chamber with end cap (Bioquip™,
Catalog #2820GA: 2820D) attached to the

nebulizer *Bioquip is now closed permanently.
Equivalent needs to be searched

e Nanoparticles that can carry small interfere RNAs
(PFCs purchased from Thermo Fisher, for
example)

e SiRNA (follow methods outlined in Evans et al.
(2013) for siRNA design, production, and purifica-
tion, or purchase from a vendor)

e Acrylic or plexiglass cages for maintaining live
bees in the laboratory and which are suitable for
exposure to nebulized nanoparticles

7.3.2.2. Procedure.

1. To coat nanoparticles with siRNA, mix siRNA and
add nanoparticles to create a solution with a
ratio of 1 uM siRNA to 200 pM nanoparticles.

TIP: Higher ratios may be used, but will not
necessarily be more efficacious.

2. Select bees and maintain them in laboratory
cages according to methods outlined in Williams
et al. (2013).

3. Add the siRNA and nanoparticle solution to a
nebulizer compressor machine. Live bees to be
treated are housed in the collecting chamber.
The solution is then sprayed on bees for ~5 min.

4. Allow bees to recover in a dark incubator held
at 32°C and at least 40% humidity for 96 h.
Provide pollen paste (50% w/v honey, 50% w/v
pollen) and sugar water (50% w/v sucrose in
water) ad libitum.

7.4. Xenobiotic treatment

Treating bees with xenobiotic compounds is a quick
and non-invasive means for modifying neurotrans-
mitters and the activity of signaling pathways. In
addition, it provides a convenient means for study-
ing the impact of environmental chemicals (e.g., pes-
ticides) on bee health. Most of the protocols below
are described in Barron et al. (2007). Furthermore,
additional types of compounds such as hormones
and neurotransmitters can be used to treat bees and
study their functions in behavior (Blenau &
Baumann, 2016).

7.4.1. Xenobiotic treatment considerations

e For any application, it is important to consider
the realistic and relevant dosage. One way to
determine this is to conduct assays with different
xenobiotic concentrations and observe any
changes in health or behavior which indicate that
the chemical is active in the bee.

e Depending on the goals of the experiment, the
distribution of the chemical throughout the bee’s
body may need to be monitored to confirm that
it enters the tissue of interest. This has been



done previously using radiolabeled chemicals
(Barron et al., 2007) so that the radioactivity could
be traced after administration.

e Always follow chemical safety guidelines when
working with pesticides and other chemicals that
could be hazardous to human health

e Many different drugs of interest can be taken up
using this method, and requires very little reagent
to see an effect. Serial dilutions will likely be
necessary to generate solutions for application
with precise concentrations.

e The appropriate controls such as injection with
saline should also be considered.

7.4.2. Materials

e large equipment: Dissection microscope,
Hamilton syringe, flight cage, in-hive feeders or
feeding stations

e Insect Ringer solution (0.125 M sodium chloride,
1.5mM calcium chloride dihydrate, 5mM potas-
sium chloride, 0.8 MM sodium phosphate dibasic,
pH 7.4, filter sterilized)

e High-purity xenobiotic compound

e Organic solvent or water for to produce xeno-
biotic stock solution, depending on solubility

7.4.3. Procedure

7.4.3.1. Thorax application. Different compounds
may be soluble in different solvents. Acetone (Li-
Byarlay et al, 2014) and dimethylformamaide (DMF)
(Barron et al.,, 2007) have been previously described
for topical applications. This is the simplest applica-
tion method; however, actual absorption efficiency
of most drugs through the cuticle is unknown.

1. Anesthetize bees on ice or otherwise immobilize
them for treatment.

2. Apply 1l of solution containing the xenobiotic
dissolved in organic solvent directly to the
thorax of bees.

3. Continue to immobilize bees for at least
30seconds after application to allow for absorp-
tion and solvent evaporation.

4. Analysis of phenotype (behavioral assay, dissec-
tion, genetic analysis) can be conducted 24h
after treatment.

5. The amount of time suggested here may be dif-
ferent depending on the treatment and
phenotypes.

7.4.3.2. Injection. Injections allow very precise quan-
tities of the drug to be directly administered to tis-
sues or body sections of interest. This is especially
useful for determining the action of a particular
gene or signaling cascade in a specific location.
However, this method requires specialized
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equipment, which the feeding methods do not. In
addition, the person administering the drug must be
incredibly careful when controlling the drug delivery
to ensure that there is no damage to the bee in the
course of the experiment.

1. Dilute the xenobiotic stock solution in insect
ringer solution to the desired concentration.
2. Administer 1l of solution to each bee using a

Hamilton syringe.

3. Inject the bee.

a. For injections in the thorax, insert the nee-
dle at the base of the mesonotum to the
right of the midline.

b. For injections into the head, the solution
should be applied to the median ocellus. To
do so, anesthetize the bees and place them
on a strip of duct tape, such that the head
is immobilized. Remove the lens of the
median ocellus with a micro scalpel and
apply 1Tul of the solution to this area.
Confirm that absorption occurs over several
minutes.

7.4.3.3. Feeding individual bees. This method
allows for control over the quantity of drug adminis-
tered and allows for the researcher to control the
time elapsed between the administration and any
behavioral or genetic assay. However, administering
drugs in this way can be very tedious and time con-
suming. It is also easier to damage bees in the
course of collection, harnessing, and feeding.

1. Prior to feeding, starve bees for 1-4 hours.

2. Dissolve your drug of interest in a sucrose solu-
tion (50% w/v). TIP: Depending on the solubility
of the chemical, a carrier solvent may be
needed, such as lecithin or ethanol. If a carrier is
used, it is crucial to take this into account when
conducting vehicle controls.

3. Immobilize bees in a 1.5ml microfuge tube that
has a hole made in the conical end.

4. With a single bee in the tube with their heads
towards the conical end opening, administer the
drug in the sugar solution via pipette. Visually
confirm that the bees are eating the solution.
Bees can be fed up to 10l of solution in
this way.

7.4.3.4. Flight cage feeding. Although feedings are
typically done in the laboratory, it is possible to con-
duct pharmaceutical feedings on a larger scale.
However, a major concern when feeding colonies in
the field is the potential for contaminating the envi-
ronment with the drug being administered. One way
around this is to utilize a closed system, such as a
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A.

Figure 17. Setup for flight cage feeding. (A) Bees are provided with a sugar water solution with the compound of interest.
(B) Flight cage enclosure is covered to protect from direct sunlight and rain.

flight cage, where no other pollinators will be
exposed. In a flight cage system (Figure 17), the
drug of interest can be administered in a sucrose
solution (1:1 weight/volume) using in-hive feeders or
feeding stations (Momowoa). Food coloring can also
be mixed with the sucrose solution, so that its inges-
tion can be observed in the bees.

This method enables researchers to feed com-
pounds to an entire honey bee colony, without
exposing the drug to other animals or plants. This
method requires the installation of a specialized
facility (the flight house), which can be expensive
and time consuming. Because the bees can only eat
food that is provided to them, fresh sugar solution
and pollen must be provided daily. Food that isn't
replaced regularly might become moldy and toxic to
the bees.

7.5. Applications and limitations

In honey bees, the genome is complex and many
genes are not fully understood; indeed, over one
third still are not functionally annotated (Walsh
et al., 2022). Therefore, it can be difficult to know
what particular genes control a trait or function, and
RNAi is most commonly applied as a discovery tool
in order to elucidate the roles genes play. There is
also variability in responses of the knockdown
effects. Factors such as genetic variation, environ-
mental factors, and widespread off-target effects
(Schulte et al., 2014), which are difficult to predict or
control, sometimes making it challenging to replicate
results.

Because of the haplodiploid system of sex-deter-
mination and complex mating strategy of honey
bees, there is limited applicability to manipulate
gene expression long-term (that is, to develop
mutated lineages using CRISPR or transgenic

techniques). Though there has been some success
rearing transgenic queens (Schulte et al., 2014),
those queens would need to mate with transgenic
drones in order to establish a fully modified colony.
Such an endeavor is exceedingly difficult and has
not yet been achieved, but unmated queens can be
stimulated to lay haploid eggs in microcolonies to
yield genetically modified drones (Schulte et al,
2014). Moreover, ethical considerations of bee con-
tainment and risk of escape further inhibit wide-
spread use of this technique.

The high efficiency of genetic modification by
CRISPR, however, is making it increasingly feasible to
avoid the need of creating a genetic lineage to pro-
duce large numbers of modified bees for experi-
ments. Instead, embryos can be injected and reared
in vitro in sufficient numbers to facilitate develop-
mental studies (Roth et al.,, 2019). This method also
poses virtually no risk of viable bees escaping into
the environment. For these reasons, this seems to be
the direction in which the field is headed, but stud-
ies on social phenotypes, such as the dance lan-
guage or hygienic behavior, are not possible.

8. Proteomics
8.1. Introduction

While massively parallel sequencing enables high-
throughput analyses of gene expression, transcripts
are still one step away from the proteins that actu-
ally execute most biological functions. Gene and pro-
tein expression patterns are often not well correlated
(Payne, 2015); therefore, transcriptomics and proteo-
mics techniques are complementary. Diverse tech-
nologies have been used for proteomics over the
years, including two-dimensional gel electrophoresis,
mass fingerprinting, top-down proteomics, antibody
microarrays, and shot-gun proteomics. Shot-gun



proteomics has become the dominant technique,
representing the vast majority of proteomics work
done currently, and will be the focus of the methods
described here.

In this approach, proteins are first digested to
peptides using proteases, then the peptides are ion-
ized (acidified) and measured in a liquid chromatog-
raphy-coupled tandem mass spectrometer (LC-
MSMS) instrument. This type of instrument first
measures the mass-to-charge ratio of a peptide ion,
then fragments the ion and measures the mass-to-
charge ratios of the fragments. These data can be
used to identify the original peptide sequence, and
bioinformatics tools are used to infer which proteins
were present in the sample and in what quantities.
Proteomics has historically lagged behind transcrip-
tomics in terms of coverage and sensitivity (tran-
scriptomics datasets typically quantify tens of
thousands of genes, whereas proteomics datasets
typically quantify several thousand proteins) (Timp &
Timp, 2020), but improved liquid chromatography
systems, instrumentation, and software have made
proteomics competitively powerful (Aebersold &
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Despite these exciting advances, it is still chal-
lenging to achieve rich proteomics datasets for
honey bees relative to model species (McAfee et al.,
2016). As with many non-model organisms, honey
bees have undergone fewer iterations of genome
annotation refinement than humans and model spe-
cies, which hinders the ability of mass spectrometry
data processing algorithms to assign spectra to pep-
tide sequences. In a typical workflow (Figure 18),
spectra can only be matched to known peptide
sequences; therefore, proteome coverage is inher-
ently sensitive to how precise and complete the gen-
ome annotation is. At the time of writing, the
highest honey bee proteome coverage yet published
in a single study is 4,604 unique protein groups
(McAfee et al., 2021), obtained from unfractionated
shot-gun analysis of n=28 samples of eggs, but
identifications more typically range from 1,000 to
3,000 protein groups (McAfee et al., 2016). Here, we
outline the experimental procedure and data proc-
essing steps used to obtain this high-coverage data-
set, although there are many potential variations on
the protocol to fit different needs (e.g., alternate lysis

Mann, 2016). buffers, digestion buffers, precipitation methods,
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Figure 18. Schematic of a typical shot-gun proteomics workflow.
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peptide desalting approaches, chromatography sys-
tems, etc.). The following methods work well for
most honey bee proteomics samples.

8.2. Standard methods for shot-gun proteomics
sample preparation

8.2.1. Considerations
8.2.1.1. General.

Depending on the type of tissue, expect between
1 and 10% of the total wet mass to be made up
of protein.

Aim to digest 10-30 pg of protein per sample -
more if performing additional sample enrichment
or fractionation steps (e.g., high-pH reverse phase
fractionation, phosphopeptide enrichment, size
exclusion chromatography, etc) ahead of LC-MS/
MS (reviewed elsewhere (Hedrick et al., 2015)).
Mass spectrometer and liquid chromatography
parameters are reviewed elsewhere (Savaryn
et al., 2016).

8.2.1.2. Sample handling.

Always use gloves and keep the workspace free
from dust to prevent keratin contamination. Do
not wear wool clothing.

Adult honey bees and larvae can be coated with
unwanted substances (e.g., honey, pollen, or royal
jelly). Wash the samples by gently vortexing one
or more times in phosphate-buffered saline (1x
PBS) prior to lysis to help remove contaminants.
If preparing fatty tissue samples, such as fat
bodies, avoid retaining the top layer of fat after
clarifying the lysate.

If preparing gut samples, consider that there
could be many plant, fungal, and bacterial pro-
teins present inside. These could be washed out
or included in the analysis, depending on the
purpose of the experiment. But, if included, their
protein sequences must be added to the search
database in order to identify them.

Guanidinium chloride will denature enzymes and
must be removed from the sample or diluted
prior to digestion. Protease inhibitors are not
necessary during sample lysis if using a guanidi-
nium chloride extraction buffer, but may be con-
sidered if a non-denaturing buffer is used.

Mass spectrometry is not compatible with poly-
mers (e.g., polyethylene glycol, PEG) and deter-
gents (e.g., sodium dodecyl sulfate, SDS). If such
reagents come in contact with the sample, they
must be removed prior to mass spectrometry
analysis. Consult Keller et al. (2008) for a list of
common contaminants.

Mass spectrometry data analysis is not compatible
with disulfide bonds between peptides. Disulfide

bonds must therefore be reduced and alkylated
to block the reactive sulfur.

8.2.1.3. Reagent handling.

All reagents should be mass spectrometry grade.
When preparing reagents with undiluted strong
acids, use glass pipettes for dispensing, as poly-
mers and plasticizers can leach from plastics in
contact with strong acids.

8.2.2. Materials

Large equipment: sample homogenizer (e.g.,
Precellys 24), speed-vac, centrifuge, bath sonica-
tor (optional), liquid chromatography system
coupled to a mass spectrometer (see Section 8.3
for more details)

Homogenization tubes (e.g., 2 mL DuraTubes) and
ceramic homogenization beads

C18 membrane or inert material for a column frit
Bulk C18 powder (e.g., ReproSil-Pur 120 C18-AQ,
24 pum)

Lysis buffer (6 M guanidinium chloride, 100 mM
Tris, pH 8.0) - store at room temperature (RT) for
several days, or 4°C for weeks or months

100% Acetone (pre-chilled to —20°C)

80% Acetone in water (pre-chilled to —20°C)
Bradford assay reagents (store at 4°C)

Step 1 digestion buffer (6 M urea, 2 M thiourea,
100 mM Tris, pH 8.0) — make fresh

Step 2 digestion buffer (50 MM ammonium bicar-
bonate, pH 8.0) - make fresh

Endoproteinase lys-C, mass spectrometry grade
(see manufacturer’s protocol for storage)
Porcine-modified trypsin, mass spectrometry
grade (see manufacturer’s protocol for storage)
Dithiothreitol (DTT; 0.5 pg/pl in water) — store
at —20°C

lodoacetamide (IAA; 1 pg/ul in water) — store at
—20°C, sensitive to light

Buffer A (0.2% trifluoroacetic acid in water) -
store at RT

Buffer B (0.1% formic acid, 80% acetonitrile in
water) — store at RT

Elution buffer (0.1% formic acid, 40% acetonitrile
in water) — store at RT

Resuspension buffer (0.1% formic acid, 2% aceto-
nitrile in water - store at RT

8.2.3. Proteomics methods
8.2.3.1. Lysis and precipitation.

Place the tissue sample (1 — 100mg) in a hom-
ogenization tube with four ceramic beads and
cold lysis buffer (maximum ratio: 100 mg tissue
per mL). Work on ice.



Homogenize the sample (3 x30s, Tmin on ice
in between, maximum frequency 6,000 rpm). TIP:
The sample should be pulverized with no large
pieces left in the solution. If you do not have a
bead mill homogenizer and have a large sample
quantity, the sample can be ground in liquid
nitrogen with a mortar and pestle, then trans-
ferred to a tube containing lysis buffer.

Quick spin, then transfer lysate to a new tube.
Spin sample at 16,000g for 10min (4°C) to
remove debris. Transfer supernatant to a new
tube. Repeat if necessary.

Precipitate protein from the clarified lysate by
adding 4x the sample volume of ice-cold 100%
acetone (—20°C, overnight - final solution
should be 80% acetone).

Spin sample at 5,000g (15min, 4°C) to pellet
precipitated protein. Discard the supernatant
and wash the pellet with 500 pl ice-cold 80%
acetone. For large pellets, disrupt with the pipet
tip or sonicator for complete washing. Repeat,
spin again, and discard the final supernatant.
Allow residual acetone to air dry until the tube
is odorless (~5 min, RT). TIP: Careful not to over-
dry or the pellet will be difficult to resuspend.

8.2.3.2. Solubilization and digestion.

10.

11.

12.

13.

Solubilize the pellet in step 1 digestion buffer.
TIP: Do not heat samples in urea. If the pellet is
difficult to solubilize, sonicate in an ice water
bath instead.
Estimate protein concentration using a Bradford
assay.
Reduce disulfide bonds by adding 1 pg DTT per
50 pg protein, incubate at RT, 30 min.
Alkylate cysteine residues by adding 5 pg IAA
per 50 ug protein, incubate at RT, 20 min. TIP:
IAA is light-sensitive — keep the reaction and
reagents in the dark.
Digest protein by adding 1 pg lys-C per 50 pg
protein, incubate at RT, 3 h, dark.
Dilute the mixture with six volumes of step 2
digestion buffer and add 1 pg trypsin per 50 pg
protein, incubate at RT at least 4h (up to over-
night), dark.
When complete, acidify the peptide digest to
pH <2.0 using 20% formic acid diluted in
water. Check pH by dispensing a small amount
(~0.2 ul) onto a pH test strip.

8.2.3.3. Peptide desalting and resuspension.

14.

Prepare desalting “columns” (Rappsilber et al.,
2003) by punching out small disks of C18
Empore filter using a 17G flat-tipped syringe

15.

19.

20.

21.

22.
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and ejecting the disks into P200 pipette tips.
Ensure that the disk is securely wedged in the
bottom of the tip. Stack bulk C18 powder above
the disk by suspending the powder in methanol
and pipetting it into the tip. Elute the methanol
either by centrifugation or by pressurizing the
tip with a syringe barrel. The C18 stack should
be ~1cm tall and can desalt a sample contain-
ing ~50 ug of peptides, although capacity may
vary depending on the type of bulk C18 mater-
ial used.

Wash the column with 200 ul Buffer B. Discard
eluate. If any C18 columns have visible channels
or dead volume after this stage, do not use the
column.

Condition the column with 200pul Buffer A.
Discard eluate.

Load the column with the peptide digest sam-
ple. Discard eluate.

. Wash the column at least twice with 200l

Buffer A. Discard eluate.

Elute peptides into a clean tube with 200 pl elu-
tion buffer. Repeat for complete elution (expect
one elution to yield ~90% of peptides).
Evaporate the sample in a vacuum centrifuge
(RT) until dry.

Dissolve peptides in resuspension buffer and
quantify by nanodrop. Equalize the sample con-
centrations. TIP: If an absorbance peak is
observed at 240 nm, this likely indicates residual
urea/thiourea contamination. The sample may
need to be desalted again

Centrifuge diluted samples at 16,000g (10 min)
to remove potential particulates from solution.
Transfer the supernatants in randomized order
to a 96-well autosampler plate for LC-MS/MS.

8.3. Liquid chromatography and mass
spectrometry

There are many types of columns, chromatography
systems, and mass spectrometers that can be used
for proteomics, precluding an universal standard
method. Here we offer four main points to consider
when deciding on a specific approach.

The amount of sample to inject depends on the
sample complexity, chromatography resolution,
and instrument sensitivity, but it is normally in
the range of 0.1 - 1 pg (lower complexity sam-
ples will require less material to inject).

If a sample has high complexity but is domi-
nated by a relatively small number of highly
abundant peptides, such as what is routinely
observed in mammalian plasma (Hortin &
Sviridov, 2010) or honey bee ejaculates (McAfee
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et al, 2020), the sample may benefit from
orthogonal fractionation upstream of LC-MS/MS.
That is, the peptides should be fractionated
based on different chemical or physical proper-
ties than utilized in the downstream LC (which
normally separates peptides based on hydropho-
bicity) in order to reduce ion suppression by the
highly abundant species. Examples of orthog-
onal or semi-orthogonal fractionation techniques
are high-pH reverse-phase fractionation (Batth
et al,, 2014), strong cation exchange (Edelmann,
2011), size exclusion chromatography
(Kristensen et al., 2012), and isoelectric trapping
(Cologna et al.,, 2010).

3. The final stage of chromatography, which is
online-coupled to the mass spectrometer, is
nearly always C18 reverse phase run under
acidic conditions. Different chromatography sys-
tems have different constraints, but in general,
the length of the chromatography gradient
trades off peak intensity with peak separation:
longer gradients offer better separation, but elu-
ent peaks are broader with lower intensity,
which may affect spectrum quality. Gradients
typically ramp from 2 to 80% acetonitrile over
the course of 45-180 minutes. Refer to vendor
recommendations for information on column
selection and instrument settings.

4. There are two main data acquisition approaches
for shot-gun proteomics: data-dependent acqui-
sition (DDA) and data-independent acquisition
(DIA) (Doerr, 2014). DIA is growing in popularity,
as it is thought to yield more accurate, more
reproducible, and higher coverage proteomic
data (Barkovits et al., 2020), though this point is
debated (Ferndndez-Costa et al., 2020). DIA has,
at the time of writing, not yet been applied to
honey bees, and the approach has unique data-
base considerations if a spectral library is used
(Pino et al., 2020). The sample preparation meth-
ods covered here can be used for both DDA
and DIA, but downstream data processing may
differ. This is a technique to watch as it
becomes more popular and widespread.

8.4. Proteomics data processing

8.4.1. Software recommendations

Raw mass spectrometry data must be “searched” in
order to derive biological meaning from it. That is, a
computer algorithm matches mass spectra to pep-
tide sequences, deconvolutes the pool of identified
peptides into the most parsimonious set of proteins
that must be present to explain all those peptides,
translates peptide intensity data into quantitative
protein data, and controls false discovery rates.

While there are many software options available to
perform these tasks (reviewed elsewhere (Verheggen
et al, 2020)), we recommend MaxQuant (Cox &
Mann, 2008) owing to its (i) high regard in the field,
(i) robust label-free quantification (LFQ) algorithm,
(iii) delayed normalization feature to accommodate
fractionated samples, (iv) continual feature upgrades,
(v) capability of handling DIA and DDA data, and (vi)
lack of associated cost (please see the latest informa-
tion from the annual MaxQuant Summer School for
upcoming tutorials: https://maxquant.org/summer_
school/). DIA-NN is also an excellent search tool
which is especially well-suited for processing DIA
data (Demichev et al,, 2020). MaxQuant and DIA-NN
are only compatible with Windows and Linux
machines. Theoretically, spectra can also be
sequenced de novo (without an existing protein
database) using other software, such as PEAKS (Ma
et al., 2003); however, this is only viable for very
high-quality spectra and the resulting proteome
coverage is therefore exceedingly low.

8.4.1.1. MaxQuant and DIA-NN search parameters.
The default search parameters within MaxQuant and
DIA-NN are generally appropriate for most shot-gun
proteomics analyses, but some options should be
considered (and see Sinitcyn et al. (2021) for hand-
ling DIA data in MaxQuant). In particular, “match
between runs” or “MBR” is an option that increases
sensitivity by borrowing peptide identification infor-
mation across samples. For example, if a spectrum is
confidently matched to a peptide in sample 1 but
not sample 2, sample 2 is re-inspected for likely fea-
tures of that spectrum, and, if found, it can receive
the same peptide assignment. This approach
assumes that if a peptide is confidently identified in
one sample, it has a high likelihood of being present
in other, similar samples, and the spectrum quality
threshold for that peptide matching can be reason-
ably lowered. We recommend enabling this option
in both MaxQuant and DIA-NN to reduce the fre-
quency of missing data. In DIA-NN, “unrelated runs”
should also be checked if samples represent inde-
pendent replicates, and the “Protein inference”
option should be set to “Protein names (from
FASTA).”

8.4.1.2. Choosing an appropriate protein data-
base. For typical shot-gun proteomics experiments,
the data processing software requires at least two
inputs: the raw data files and a database of proteins
to which it can compare spectra. It is very important
to choose an appropriate protein database; failure to
do so can result in flawed data with an unacceptable
level of false positive or false negative errors. One
example of this happening in the literature includes
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a published paper claiming to discover a link
between invertebrate iridescent virus-6, detected in
honey bee proteomics samples, and colony collapse
disorder (CCD) (Bromenshenk et al., 2010). The data-
base used to search the mass spectrometry data
included only viral protein sequences and no host
(honey bee) proteins, despite host proteins compos-
ing the majority of the sample.

This means that, since spectrum matching is a
probabilistic task, it is possible for spectra from host
peptides to match to viral peptides if those are the
most likely assignments within the constraints of the
protein database supplied. Indeed, that is exactly
what happened, leading to incorrect peptide assign-
ments, dramatically skewed false discoveries, and
ultimately flawed conclusions. When the host pro-
teins were included in the search database, spectra
that previously matched to iridescent virus-6 actually
had far higher scoring matches to host peptides,
indicating that the virus was unlikely to have actually
existed in the sample (Foster, 2011; Tokarz et al,
2011), let alone cause CCD.

Since genome builds, as well as gene and protein
annotation databases, are continually upgraded, the
most up-to-date reference proteome should be used.
Furthermore, and following the above discussion,
the database should contain all sequences with a
reasonable probability of being found in the sample.
For honey bees, this means that, in addition to
honey bee protein sequences, honey bee virus
sequences should be included in the protein data-
base (FASTA file) for virtually all sample types, given

the high incidence of asymptomatic infections
(Grozinger & Flenniken, 2019). Nosema spp., chalk-
brood (Ascosphaera apis), European foulbrood
(Melissococcus  plutonius), ~ American  foulbrood

(Paenibacillus larvae), or any other likely pathogen or
colonizing microbe may be added as well, if appli-
cable. We recommend obtaining FASTA files from
Uniprot due to the ease of subsequently incorporat-
ing gene ontology (GO) information during data ana-
lysis. We also recommend including protein sets for
the core gut bacteria (Motta & Moran, 2024) when
bee abdomens form part of the sample (see
Section 10).

8.4.1.3 Statistical analysis. When finished searching,
MaxQuant will output a series of tables, including
one named ProteinGroups.txt, which contains the
protein quantitation information with the dominant
members of the protein groups and LFQ intensities.
The equivalent output from DIA-NN is report.pg_
matrix.tsv file. The matrix of protein names (rows)
and LFQ intensities (columns) is used for subsequent
differential expression analyses. Any proteins indi-
cated as reverse hits, potential contaminants, or
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those only identified by site are undesirable and typ-
ically excluded. MaxQuant’'s companion program,
Perseus (Tyanova et al.,, 2016), can be used for basic
statistical tests and figure generation; however, most
R packages originally intended for microarray or
RNA-seq data analysis (e.g., limma (Ritchie et al,
2015)) are also appropriate for proteomics data and
offer more flexibility. For users who are new to pro-
teomics analysis, we recommend using Perseus,
since it is an user-friendly platform developed specif-
ically for proteomics, and is accompanied by detailed
step-by-step tutorials (http://www.coxdocs.org/doku.
php?id=perseus:user:use_cases:interactions) and lec-
tures  (http://www.coxdocs.org/doku.php?id=perseu-
s:user:tutorials). The tutorial “label-free interaction
data” provides a detailed guide to data preparation
(loading, filtering, transforming, etc.), quality control,
statistical analyses, and visualization. Currently,
Perseus is only compatible with Windows.

Once differential expression analysis is complete,
the results may be used for gene ontology (GO)
term enrichment tests similar to what might be con-
ducted for microarray or RNA-seq data. While a
multitude of suitable tools exist for such analyses,
reviewed in Laukens et al. (2015), we recommend
Ermine) (Gillis et al., 2010; Lee et al., 2005) for its
flexibility, simplicity, and capability for accounting
for both multiple hypothesis testing and protein
multifunctionality when determining enrichment
significance.

8.5. Applications and limitations

Shot-gun proteomics can be used to investigate any-
thing from responses to pesticides, pathogens, nutri-
tional stress, aging, and an endless array of other
conditions (Arad et al., 2024). Proteomics has even
been used to discover specific protein markers suit-
able for guiding selective breeding for Varroa resist-
ance mechanisms (Guarna et al., 2017). While LFQ
proteomics is best suited to compare conditions
across which the majority of proteins can be
assumed to be expressed at the same abundance,
with a smaller fraction of the proteome changing in
response to a stimulus, meaningful results can be
obtained from experiments with more dramatic
proteomic shifts, such as between castes and across
developmental stages. LFQ has been demonstrated
to achieve accurate relative quantification even
when approximately one-third of the proteome is
changing in abundance (Cox et al., 2014).

Although proteomics is an increasingly powerful
technique, interpretation of the results can be chal-
lenging owing to limited functional annotation of
the honey bee proteome (Elsik et al, 2018). Each
protein can have one or more biological functions,
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which are associated with unique GO terms
(Ashburner et al.,, 2000), to help derive biological
meaning from the hundreds or thousands of pro-
teins that are often differentially expressed in pro-
teomics experiments. According to
Hymenopteramine, a database of genomic resources
for hymenopterans, only 7,929 out of 15,314 sequen-
ces (52%) in the honey bee official gene set (v3.2)
were linked to GO terms as of 2018 (Elsik et al.,
2018), meaning that the remaining sequences have
poorly characterized functions. This figure has since
increased (Walsh et al.,, 2022), but many uncharacter-
ized genes remain. Our limited understanding of
honey bee gene and protein functions means that
high-throughput datasets can be difficult to inter-
pret, as we are blind to the roles of a large fraction
of the very targets we are analyzing.

Because shot-gun proteomics requires protein
digestion into peptides, and peptide sequences can
be shared between different proteins, it is often diffi-
cult to say definitively to which protein the peptides
belong. MaxQuant deals with this problem by report-
ing “protein groups,” which offer the most parsimo-
nious explanatory proteins likely to be present in the
sample, rather than individual proteins. However,
this also complicates GO term assignment: Since
multiple different proteins can be listed in a single
protein group, which GO terms should the protein
group be given? A simple heuristic, though imper-
fect, is to assign a protein group with the GO terms
associated with its leading protein. Since both GO
terms and protein groups are defined based on
sequence similarities, it is a reasonable assumption
that proteins within a group will share GO terms.
Alternatively, though more laboriously, GO terms
associated with all proteins in the group can be
linked.

Unfortunately, for those proteins which are poorly
characterized, it is difficult to generate functional
information without a high-throughput way to gen-
erate gene knock-out (a gene is deleted or rendered
nonfunctional) or knock-in (a gene is inserted)
mutant organisms. Organisms such as Drosophila
melanogaster and Mus musculus have benefitted
from decades of detailed genetic and biochemical
research into specific genes and proteins, but this is
only recently possible for honey bees and is still far
from routine (Kohno & Kubo, 2019). While much
information can be borrowed from what is known
about homologous proteins in other species, honey
bees diverged from flies about 300 million years ago
(Honeybee Genome Sequencing Consortium, 2006)
and therefore have experienced considerable
sequence divergence. Until we know more about the
functions of all honey bee proteins, we will not be

able to interpret high-throughput differential expres-
sion data to its full potential.

9. Metabolomics
9.1. Introduction

Metabolomics is the study of small molecules,
metabolites, and biological intermediate substrates.
This omics tool has become very popular within the
last decade, including among entomologists (Snart
et al., 2015), and applications to understand the biol-
ogy of honey bees (Ardalani et al, 2021; Broadrup
et al, 2019; Chandrasekaran et al., 2015; Chang
et al,, 2022; Chen, Wang et al., 2021; Du Rand et al,,
2017; Jousse et al., 2020; Klupczynska et al., 2020; Li
et al., 2020; Ma et al, 2024; Paten et al., 2022;
Pratavieira et al., 2020; Rand et al., 2015; Ricigliano
et al., 2022; Rothman et al., 2019; Shi et al., 2018;
Wang, Habermehl, et al., 2022; Wu et al., 2017; 2024;
Xu et al,, 2024; Zhao et al., 2020; Zhong et al., 2024),
the relationship with their symbionts (Kesnerova
et al, 2017; Quinn et al, 2024; Zhang, Mu, Cao,
et al.,, 2022; Zhang, Mu, Shi, et al., 2022; Zheng et al,,
2017), and characteristics of colony products (Arathi
et al,, 2018; Baky et al., 2023; Chakrabarti et al., 2019;
Guo et al, 2020; Koulis et al., 2021; Li et al., 2019;
Milone et al.,, 2021; Qi et al., 2023; Sun et al., 2021;
Virgiliou et al., 2020; Wang, Li, et al, 2022; Wilson
et al,, 2013; Yan et al.,, 2024; Yusoff et al., 2022) are
expanding (see Jung (2023) for a brief review). The
method allows small molecules to be characterized
in a biological system, and is an important comple-
ment to more established omics methods, such as
genomics, transcriptomics and proteomics. In fact,
metabolomics is often considered as the final piece
of the omics puzzle (Veenstra, 2012). Metabolomic
investigations can be conducted using nuclear mag-
netic resonance (NMR), capillary electrophoresis mass
spectrometry (CE-MS), gas chromatography mass
spectrometry (GC-MS) or liquid chromatography tan-
dem mass spectrometry (LC-MSMS) (reviewed in
Munjal et al. (2022)). LC-MSMS is the most commonly
used technique and is the one we focus on here.
Unlike the other omics tools, where species-spe-
cific sequence libraries are required, one advantage
of metabolomics is that a general library of small
molecule fragmentation patterns has been estab-
lished. Fragmentation patterns and other characteris-
tics (mass, isotope ratio, and retention time)
determine the metabolite being identified, rather
than a specific sequence of the organism.
Metabolomics is thus a widely applicable tool, espe-
cially for honey bees, where researchers are trying to
assess the biological processes of development or
the physiological impacts of various stressors (pesti-
cides, malnutrition, mites, etc.) or other stimuli.



The following general method has been success-
fully applied to analyze honey bee pollen
(Chakrabarti et al., 2019) and royal jelly (Milone
et al, 2021), but also works well for conducting
metabolite detection in honey bee tissues, where
the method has enabled identification of 251 high-
confidence metabolites from whole honey bees
(Chakrabarti et al, manuscript in preparation).
However, as there are many sample types and
desired compound classes of potential interest, varia-
tions of this protocol may work better for certain
applications. For example, while methanol/water
extractions are commonly conducted (e.g. Paten
et al, 2022; Chang et al., 2022; Xu et al, 2024),
extraction solvents composed of a mix of aceto-
nitrile, methanol, and water (e.g.,, Chen, Wang, et al.,
2021; Ma et al, 2024), acetonitrile and methanol
(e.g., Liu et al, 2023; Wu et al.,, 2024), or methanol
and chloroform (e.g., Ricigliano et al. (2022)) have
also been used for honey bee tissues. The choice of
extraction solvent depends on the polarity of the
desired metabolites, and additional extraction techni-
ques developed for mammalian tissues (Sitnikov
et al,, 2016) are likely also applicable to honey bees.
For example, in a preprint report, (McAfee et al.,
2024) recently applied a two-phase extraction tech-
nigue (using an initial methanol/water extraction fol-
lowed by addition of methylated tert butyl ether)
developed by Chen et al. (2013) for mouse liver sam-
ples for parallel analysis of the metabolome, lipi-
dome, and pheromone profiles from queen honey
bee heads. The following protocol serves as a start-
ing point for researchers interested in conducting
metabolomics, with the knowledge that there are
many possible variations of the general technique,
particularly with respect to the extraction solvent
and liquid chromatography solvents.

The method described here is intended for a
semi-quantitative (i.e., relative quantitation, which is
suitable for differential abundance testing but does
not provide information on absolute quantities),
untargeted metabolomics approach. These sample
preparation guidelines are also applicable to abso-
lute quantitation, provided that the user includes the
additional step of creating standard curves for each
analyte. However, as untargeted semi-quantitative
analysis is the most widely used method, that is the
application we focus on for both sample preparation
and data analysis methods. Interested readers should
familiarize themselves with existing overviews of
sample preparation and data acquisition (Broadhurst
et al, 2018; David & Rostkowski, 2020; Defossez
et al,, 2023; Munjal et al.,, 2022; Rampler et al., 2021),
statistical analysis (Bartel et al., 2013; Chen et al,
2022; Xi et al., 2014), and reporting (Alseekh et al.,
2021; Sumner et al., 2007) described elsewhere.

JOURNAL OF APICULTURAL RESEARCH 367

9.2. Sample preparation for metabolomics

9.2.1. Considerations

9.2.1.1 General

e Metabolomics experiments may be either focused
on discovery (untargeted analysis; e.g., discovery
of metabolome changes in response to stimuli) or
monitoring changes in or presence of an a priori
defined set of compounds (targeted analysis).
This protocol may need to be adjusted if the ana-
lytes of interest are better extracted in another
solvent or better separated with another LC
gradient.

e Untargeted metabolomics analysis is normally
conducted using high-resolution instruments
such as Q-TOF or Orbitrap mass spectrometers
while targeted metabolomics may be performed
with low resolution, highly selective mass spec-
trometers such as triple quadrupoles (QQQs).
Ensure the instrumentation available meets the
needs of your experiment and sample complexity

e Mass spectrometer sensitivity may drift between
runs. Running QCs every few samples is thus use-
ful for data normalization. Constitute quality con-
trol (QC) samples by mixing equal volumes from
all samples.

e Data acquisition can be performed in both posi-
tive and negative ion mode, and small molecules
may be more amenable to one or the other
depending on their structure and functional
groups. Though time consuming, analyzing sam-
ples in both negative and positive ionization
modes captures a wider spectrum of metabolites.

e Aim to inject 1-10 pl of sample into the column.
Before running a batch of new samples, check
the concentrations by running a diluted test sam-
ple. This will help gauge the amount to inject to
avoid overloading or underloading the
instrument.

e Adding a generic internal standard during sample
preparation can help the user compare data
between sample runs and facilitate relative quan-
titation. However, for absolute quantitation, either
isotopically-labeled internal standards matching
the compound of interest or external standard
curves of the unlabelled compound are required.

9.2.1.2. Sample handling

e Store samples at —80°C

e Sample processing is somewhat dependent on
the type of metabolite to be extracted and identi-
fied. Generally, methanol:water extractions work
well, but the extraction solvent may need to be
adjusted to best capture specific classes of com-
pounds (see Section 9.1).

e The step at which an internal standard is added
may vary. Adding the standard before
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homogenization accounts for variation in extrac-
tion efficiency, while adding the standard imme-
diately ahead of injection will ensure the same
amount is present in each sample. If desired, two
sets of internal standards may be added at differ-
ent points in the sample processing protocol.

e Blank samples should be prepared in parallel with
real samples in order to determine what com-
pounds are contaminants introduced from sol-
vents, plastics, and the environment. These blank
samples should be analyzed at regular intervals
during data acquisition and it is good practice to
either subtract the average intensities of com-
pounds in the blank samples from those in real
samples, or to only retain sample compounds
present at an abundance above a threshold factor
over the blanks (e.g., 5-fold higher in real samples
than blanks)

e Solvent-only injections may also be performed at
regular intervals in order to assess sample carry-
over between injections as well as potential sys-
tem contamination. These injections are distinct
from blank samples in that they are not derived
from parallel processing of real samples; instead,
they are comprised of pure reconstitution buffer

e LC-MS/MS instruments with auto-samplers require
HPLC vials (~2mL). For small volume samples, a
300 pl vial insert may be required.

9.2.1.3. Reagent handling

e All reagents and solvents should be mass spec-
trometry grade. Care must be taken to avoid any
impurities in the reagents and chemicals used.

e Prepare fresh buffers and solutions.

9.2.2. Materials

e Large equipment: homogenizer or bead beater,
centrifuge, speed vacuum concentrator, -80°C
and —20°C freezers, a vortex, and liquid chroma-
tography system coupled to a mass spectrometer
(for example, a high-resolution system such as a
Nexera LC30 UPLC (Shimadzu) coupled to a quad-
rupole-time-of-flight mass spectrometer
(TripleTOF 5600, AB SCIEX), but see Section 9.3)

e In-house library of metabolites (such as the IROA
Mass  Spectrometry  Metabolite Library of
Standards)

e Mass spectrometry grade methanol, water, formic
acid, and acetonitrile

e Homogenization tubes and beads

9.2.3. Metabolomics methods
9.2.3.1 Sample homogenization

1. Homogenize 50 mg of sample in 0.5 ml of metha-
nol and water solution (80:20 v/v) in a homogenizer

(for example, a QIAGEN TissueLyser or Precellys 24
tissue homogenizer). Use tubes and tips without
color. TIP: Including BHT (butylated hydroxytoluene)
at 0.01% in the extraction solvent protects com-
pounds from oxidation

2. Homogenize until the tissues are broken down
into minute particles to maximize extraction.

9.2.3.2. Extraction

3. Incubate samples for at least 1hour at —20°C to
allow metabolites to be extracted and proteins to
precipitate.

4. Centrifuge at 10,000g for 10min (4°C) to pellet
the precipitate containing proteins and other cellu-
lar debris.

5. Transfer 400 pl of the supernatant to a clean 2 ml
tube and evaporate to dryness in a speed vacuum
concentrator.

6. Reconstitute dry extracts in 200 pl of acetonitrile:-
water solution (1:1 v/v).

7. Vortex the tube for 30s and centrifuge for 10 min
at 10,0009 (4°C).

8. Collect the supernatants and transfer them to
HPLC vials.

9. If not immediately conducting mass spectrometry,
store the samples at —80 °C until analysis. Re-centri-
fuge the samples before LC-MS/MS to remove any
precipitates.

9.3. Chromatography and mass spectrometry

Similar to proteomics (see Section 8), there are
numerous options for chromatography and mass
spectrometer instruments and acquisition methods.
Additional considerations for chromatography and
mass spectrometry are as follows:

1. The methods described here have been used
successfully with a Nexera LC30 UPLC
(Shimadzu), coupled to a quadrupole-time-of-
flight mass spectrometer (ABSCIEX TripleTOF
5600); however, other combinations are possible.
High-resolution mass spectrometers require
occasional calibration. Time of flight mass spec-
trometers (TOFs), for example, require calibration
every 2 to 3hours to retain <3 ppm mass
accuracy.

2. The HPLC column is used to separate metabo-
lites and other small molecules based on polar-
ity (Figure 19). The LC-MS/MS approach
described here has been used with an Inertsil
Phenyl-3 stationary phase column (such as
150 x 4.6 mm, 5 pm by GL Sciences), but other
columns may be better suited for analyzing dif-
ferent kinds of metabolites. Common columns
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Figure 19. Example of the chromatographic profiles TIC (total ion chromatogram). Typical compound classes; amino acids, lip-
ids and organic acids are identified in the different regions during the HPLC gradient.

include BEH C18 and ACQUITY HSS T3 (both
manufactured by Waters) because they are suit-
able for analytes with a broad range of molecu-
lar weights and polarity.

A guard column can be used to avoid unre-
coverable column contamination. In case of con-
tamination or sample impurities, the guard
column can be discarded and replaced, thereby
retaining the functionality of the HPLC column
and extending its lifespan.

For specialized small molecule analyses, an
entirely different extraction and analysis method
may be needed. Queen mandibular pheromone,
for example, is typically extracted in ether, deriv-
atized, and analyzed by GC-MS), rather than LC-
MSMS, although a recent report does describe
successful utilization of LC-MSMS for this pur-
pose (McAfee et al., 2024). Some testing may be
required to see which method works best for
your target analytes. In addition, small and/or
highly polar metabolites may not be compatible
with reverse-phase chromatography; such com-
pounds may require specialized chromatography
techniques (e.g., hydrophilic interaction liquid
chromatography, or HILIC; (Buszewski & Noga,
2012) or derivatization and analysis by GC-MS
(De Souza, 2013).

Data is normally acquired in data-dependent
acquisition mode (DDA; also known as informa-
tion dependent acquisition, or IDA). Survey scans
are acquired followed by a specified number of
MS/MS spectra in a given scan. This results in a
“feature,” i.e., a mass, retention time, isotope
ratioo and an MS/MS fragmentation pattern
(Figure 20). In DDA mode, parent ion peaks are
selected for fragmentation based on their

intensities (ions producing the most intense
peaks are selected). The number of ions that can
be fragmented is finite and depends on the
speed of the instrumentation. Data-independent
acquisition (DIA) is also available for metabolo-
mics analysis, and although it results in lower
spectrum quality than DDA, DIA appears to be
more precise and has better fragmentation spec-
trum coverage (Guo & Huan, 2020).

Sample injections should always be randomized.
In addition, blanks and QCs should be run at
the beginning, during, and at the end of injec-
tion sequences to help correct for drifting signal
intensities. This is especially important for large
batch metabolomics.

Gradients for metabolite elution may vary. This
is experimentally derived to separate and opti-
mize metabolite identification. For honey bee
metabolomics, the following gradient has been
successfully used (solvent A: 100% water con-
taining 0.1% formic acid; solvent B: 100% metha-
nol containing 0.1% formic acid): 0.0 min @ 5%
Solvent B; 1Tmin @ 5% solvent B; 11 min @ 30%
solvent B; 23 min @ 100% solvent B: 35Min @
100% solvent B; 37min @ 5% solvent B;
50 minutes stop chromatography. While gra-
dients using methanol are common (e.g.,, Liu
et al,, 2023, McAfee et al., 2024), it may also be
appropriate to use acetonitrile (e.g., Shi et al,
2018; Paten et al,, 2022; Wu et al., 2024; Zhong
et al, 2024) and additives such as ammonium
formate (e.g., Xu et al, 2024), or ammonium
acetate and ammonium hydroxide (e.g., Ma
et al,, 2024), depending on the chemical proper-
ties of the analytes to be separated. Refer to the
vendor instructions when choosing the column
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and guard column, flow rate, solvent compos-
ition, and column cleaning tips. A GL Sciences
Phenyl 3 column (4.6 x 150mm, 5 uM particle
size) was used for this metabolomics profile.

9.4. Metabolomics data processing

The essential steps of metabolomics data processing
that are required ahead of statistical analysis are
peak picking (selecting chromatographic peaks),
alignment (correcting for shifts in retention times),
deconvolution (separating composite spectra from
co-eluting analytes), integration (calculating peak
areas), normalization (correcting for variation in sam-
ple injection amounts), and database querying/
searching (annotating peaks with compound identi-
ties). The final result of these processing steps is a
data matrix of samples and high-confidence com-
pounds with their intensities that can be used for
statistical analysis (differential abundance testing,
pathway enrichments, etc.).

These informatic tasks can only be achieved with
the help of specialized software (see Chen et al.
(2022) for an outline of workflows and software
options), which may include either commercial
vendor software, free software available online, or a

A.Total ion chromatogram

combination of both. In some cases, all essential
data processing steps can be achieved within one
software platform, whereas others may require a
combination of tools (see below for examples).
Regardless of the workflow employed, users should
be familiar with the minimum reporting criteria out-
lined by the Metabolomics Standards Initiative
before commencing (Spicer et al, 2017; Sumner
et al,, 2007).

Examples of paid software include Peakview (AB
SCIEX) for peak visualization and compound identifi-
cation, and MultiQuant (AB SCIEX) for feature inte-
gration, among other instrument-specific options.
Progenesis QI (Waters, Nonlinear dynamics) is
another popular paid software that can achieve all
aspects of raw data processing when accompanied
by the METLIN (discussed further below) plugin for
database querying. Reifycs is another cross-instru-
ment paid software option which supports various
data formats and negates the need to purchase
dedicated software for each mass spectrometry
instrument.

Freely available software is also highly regarded
in the field and can be used to process data from
many types of instruments, provided the raw spec-
trum data files can be converted to the required
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Figure 20. Description of an IDA (information dependent acquisition) feature. (A) A total ion chromatogram of all ions
detected in the sample. Each ion (feature) has a corresponding (B) Extracted ion chromatogram (in this case, for the 205.10
parent ion), (C) Survey spectrum scan containing the ion at a given retention time, and (D) Fragmentation spectrum for the
given parent ion and retention time.



input format. For example, MetaboAnalyst is one of
the most widely used metabolomics data processing
tools and can be used for several raw data types,
once converted from the vendor data format to
NetCDF, mzXML, or mzDATA format. The newest
release of MetaboAnalyst (v. 6.0) includes updated
processing and peak annotation modules for frag-
mentation (MS/MS) spectra and more sophisticated
downstream statistical analysis modules (Pang et al.,
2024). MSDial is another popular tool for raw data
processing, which requires data in analysis base file
(ABF) format (Tsugawa et al., 2015). The task of con-
verting data files to the formats required by different
software can be achieved using open-source tools
available through ProteoWizard or tools such as
Reifycs Abf (for conversion to ABF format; available
at https://www.reifycs.com/AbfConverter/index.html).

The ultimate goal of metabolomics is to identify
and quantify small molecule metabolites in a bio-
logical system, so, clearly, the task of assigning
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spectra to correct compound identities is critical.
After peak picking, alignment, deconvolution, inte-
gration, and normalization, metabolites are tenta-
tively identified by matching their masses,
fragmentation patterns, isotope distributions, and
retention times (Figure 21), to corresponding data
from an in-house chemical library, in silico library, or
both. An in-house chemical library is a purchased set
of metabolite standards (e.g., the IROA library) that
are used to acquire reference data using the same
conditions as the metabolomics HPLC gradient,
whereas an in silico library is a database of spectra
and compound identities (which should be derived
from the same instrumentation used to acquire the
experimental data). Examples of online in silico
resources include METLIN, NIST17, MassBank Europe
(mass spectral database of Europe) and MoNA MS/
MS libraries (MassBank of North America) (Ardalani
et al, 2021). The METLIN database used to be pub-
licly available (Guijas et al., 2018), but the updated
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Figure 21. Example of methodology for tentative metabolite identification. Tryptophan is used in this example. (A) The
extracted ion chromatogram is compared with an established HPLC method library with known retention times for the metab-
olite of interest. (B) The survey spectrum to compare mass measurements. Mass error should be less than 5ppm. In this
example the mass error is 0.6 ppm. (C) Isotope pattern. The theoretical isotope distribution for tryptophan is compared to the
observed isotope ratio. (D) Library MS/MS spectrum matching. Observed MS/MS is compared to the IROA library MS/MS spec-
trum for tryptophan.
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version (XCMS-METLIN) is now behind a paywall.
NIST17 is also a paid resource, with mass spectral
libraries as well as various software tools that are
needed to analyze the datasets. MoNA is a free data-
base currently housing over two million mass spec-
tral records from multiple data sources, such as
experimental libraries with established datasets, in
silico libraries, as well as information sourced from
general user contributions. Regardless of the soft-
ware or libraries used, it is essential to manually
check each feature’s integration and qualifying
attributes before including them in the list of tenta-
tively identified metabolites, otherwise the risk of
misassignment is high.

Once the data are extracted and in “xIs” or “.csv”
format, a wide range of statistics and visualization
methods can be used, such as producing heat maps,
hierarchical clustering, principal component analysis,
and correlation matrices, or performing comparisons
using t-tests or ANOVAs (with multiple hypothesis
testing corrections), etc. These statistical approaches
are essentially the same as for other high-through-
put biological data, such as proteomics or RNA-seq.
To visualize data (as, e.g., PCA plots, heat maps, den-
drograms, etc), analytical software such as
MarkerView (AB SCIEX) or Progenesis QI can be used.
As mentioned earlier, the freely available software
MetaboAnalyst, which enables a user to directly
upload mass spectrometry files to the online plat-
form, is especially appealing with its updated statis-
tical analysis module (it can now handle more
complex experimental designs) and new module for
estimating causal relationships between metabolites
and phenotypes (Pang et al, 2024). This software
can also compute pathway analysis, enrichment ana-
lysis, biomarker analysis, network analysis, joint path-
way analysis, and has an associated package for use
in R (MetaboAnalystR; (Chong & Xia, 2018)). Please
see Chen et al. (2022) for additional statistical ana-
lysis workflows and methods.

9.5. Metabolomics applications and limitations

Metabolomics is gaining popularity due to the vast
spectrum of metabolites that can be identified and
compared between samples. Using mass spectrom-
etry for metabolomics has many advantages over
traditional biochemical assays, such as high sensitiv-
ity and the ability to detect a large number of
metabolites and small molecules from very small
sample sizes (Veenstra, 2012). In addition, with the
availability of better databases, identification of small
molecules has become easier. But despite the effort
that goes into sample preparation and analysis,
metabolomic identifications are only tentative

detections until retention times and fragmentation
patterns are confirmed with high-purity analytical
standards, whether part of an in-house library or
purchased separately. When this confirmation is
achieved, such compounds may rise to the level of
being “identified” (i.e, level 1 annotation, as
opposed to levels 2, 3, and 4, corresponding to
“putatively annotated compounds,” “putatively anno-
tated compound classes,” and “unknown com-
pounds,” respectively (Sumner et al., 2007).

Features must always be compared with a MS/MS
spectral library (e.g., METLIN) when compounds are
not an exact match with those within the in-house
library. In this case, a high-purity standard must be
purchased to confirm a tentative assignment.
Furthermore, for absolute quantitation of targeted
metabolomics, isotopically labeled and unlabeled
standards are required for exact quantifications of
the targeted small molecules. While labeled stand-
ards are used as internal standards, unlabeled stand-
ards are used for creating standard curves for
absolute quantification. All these analytical standards
can add a substantial cost to an already costly
method, and labeled standards are not available for
every compound, but these steps are essential to
confidently identify and quantify small molecules.

If metabolomics is conducted in the absence of
an in-house chemical library, the user must rely on
generic spectral matching using digital libraries for
putative compound assignments, and reliability of
such matches is limited without time consuming
manual assessments of annotations and subsequent
verification using analytical standards. However, reli-
able results can still be produced using open source
software tools not made by a specific instrument
vendor, particularly by integrating complementary
digital reference libraries, and confirming identifica-
tions with pure analytical standards.

Metabolomics is a powerful tool and gives us a
snapshot into a wide spectrum of biological mole-
cules in honey bees. It is helpful for understanding
honey bee developmental physiology or adaptive
molecular responses to various stressors. With
ongoing small molecule discoveries and inclusion of
these species in spectral libraries, metabolomics is
emerging as the new power tool in modern omics
analyses. Excitingly, the closely related field of lipido-
mics is also emerging in honey bees (Morfin et al.,
2022), and co-extraction of metabolites, lipids, and
pheromones has been performed on queens
(McAfee et al., 2024). The diversity of small mole-
cules that can be analyzed by LC-MSMS and integra-
tion with pheromone analysis will likely enable many
new insights into honey bee physiology in the
future.



10. Microbiome analysis
10.1. Introduction

The increased concern for honey bee health has led
to a collective effort by researchers to unravel the
major contributors to honey bee fitness. Increasingly,
the microbiome - the suite of microorganisms, from
their genes to metabolites - is thought to play a
major role in honey bee health. Nine main bacterial
taxa compose the gut microbiome of honey bee
workers, and among them, Snodgrassella, Gilliamella,
Bombilactobacillus, Lactobacillus nr. melliventris, and
Bifidobacterium form what is known as the core gut
microbiome (Zheng et al., 2018). Thus far, we know
these gut-associated bacteria contribute to the
honey bee’s nutrition (Engel & Moran, 2013;
Kesnerova et al., 2017), immune system (Kwong,
Mancenido, et al., 2017), detoxification of xenobiotics
(Wu, Zheng, et al, 2020), response against patho-
gens (Raymann et al, 2018), colony structure
through nestmate recognition (Vernier et al., 2020),
and several other roles that ultimately impact colony
fitness (Figure 22(A)).

Though the interconnectedness between honey
bee gut microbiota and honey bee health is undeni-
able, the interconnectedness between honey bee
health and the microbiome of hive interiors should
also be taken into account. Honey bees are highly
eusocial insects, meaning the entire colony - individ-
uals, environments, and associated microbes - will
impact the colony’s success. Also, honey bees will
spend most of their lives within the hive, where hori-
zontal transmission of microbes between beehive
environments and the individuals occurs (Anderson
et al., 2013). Pesticides, for example, not only cause
microbiota dysbiosis on honey bee guts (Kowallik &
Mikheyev, 2021; Motta & Moran, 2020), but also

A. Microbiome functions

B. Sample types e
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accumulate to dangerous levels within hives
(Calatayud-Vernich et al., 2018), and may thus affect
the different microbial communities present within
managed colonies. In addition, food reserves (bee
bread, nectar, etc.) can also act as pathogen reser-
voirs within honey bee colonies and may contribute
to pathogen transmission.

Until recently, the majority of bee microbiome
investigations focused on the worker bee gut com-
position and used culture-dependent genome
sequencing or 16S rRNA gene amplicon sequencing
to characterize the entire bacterial community
(Kwong, Medina, et al., 2017). However, shot-gun
metagenomic approaches have been proving that
the microbiome of honey bees may be much more
diverse than previously thought. In a single colony,
the microbiome can greatly differ among individuals
at the strain-level, and this translates to differences
in functional capabilities (Ellegaard & Engel, 2019),
which may be also related to the diversity of phages
infecting these strains (Bonilla-Rosso et al.,, 2020;
Deboutte et al., 2020). In addition, fungi are also
starting to gain more notoriety in microbiome stud-
ies, since they are prevalent in bee colonies and may
have important interactions with the whole microbial
community and the bees (Anderson et al, 2011).
Therefore, both amplicon sequencing (16S rRNA for
bacteria, ITS for fungi) and shot-gun metagenomics
are useful approaches in a microbiome study.

With modified sampling protocols, microbiome
studies can be conducted on both tissue samples
and hive samples, such as propolis, wax, and honey
(Figure 22(B)). Here we present protocols for con-
ducting basic tissue and non-tissue microbiome
studies focused on culture-independent approaches
that are appropriate for the first screen of bacterial
and fungal communities. While some of the methods
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Figure 22. Microbiome overview. (A) Ways the gut microbiome can influence honey bees and colony fitness. (B) Types of
samples and sequencing approaches. Results of culture-dependent genome sequencing are limited to taxa amenable to
laboratory cultures, while shot-gun metagenomics offers the widest taxa breadth. Note the difference between mature bee
bread (shiny surface) and fresh pollen (chalky surface). Photos by Leslie Kennah. Created with Biorender.
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described here are equivalent to those described in
Engel et al. (2016) and derived from general recom-
mendation for microbiome studies (Hammer et al.,
2015), we have included additional sample prepar-
ation measures to reduce noise in the data, proce-
dures for sampling hive materials, a worked example
of data analysis procedures (including amplicon
sequence variant (ASV)-based analysis), links to exter-
nal resources, and updated commentary on where
the field is headed.

10.2. Sampling and DNA extraction

10.2.1. Considerations

10.2.1.1. General

e If you won't be able to use the fresh samples for
the DNA extraction or would like to culture
microbes from them later, you may follow the
procedures for sampling or dissection, then
macerate each sample in individual tubes with 1X
PBS, add glycerol to a final concentration of 25%
and store them at —80 °C until use.

e Change dissection and sample collection instru-
ments (tweezers, scissors, scalpels, spoons, etc.)
between samples. If you don’t have the option of
using individual tools per sample, you can clean
instruments between dissections by dipping them
in 70% ethanol and flame sterilizing them, or use
disposable individual scalpel sterile blades.

e |tis a good practice to check for DNA quality and
quantity in a 1% agarose gel and Qubit
Fluorometer, or directly in an 4200 TapeStation
(Agilent Technologies Inc.), following quality
parameters stated by the manufacturer.

e Controlling cross-contamination is essential. Spin
tubes before opening them, especially after incu-
bation steps, to avoid contamination due to any
drops inside the caps.

e You must include negative controls along with the
whole experiment: DNA extraction, PCR (in the
case of amplicon sequencing), library preparation,
and sequencing. These negative controls should
be obtained following the exact same protocol as
the regular samples, but substituting sample by
the buffer. This will allow you to identify contami-
nants in your sample post-sequencing.

e In addition to relative quantities, you can also
recover absolute quantities of microbiome mem-
bers by using a spike-in standard control contain-
ing accurately quantified cell numbers of specific
microbe combinations.

10.2.1.2. Tissue sample handling

e If your investigation will focus on the microbes
associated with internal organs, you may consider
surface-sterilizing the larvae or adult bee to

ensure you do not contaminate your sample.
However, this is a time-consuming step that may
not have a significant impact on results (Hammer
et al,, 2015).

e The same protocol makes use of commercial kits
and suggests specific sequencing platforms for
the purpose of presenting a complete procedure.
However, while certain steps are essential for reli-
able microbiome characterization — as indicated
in the protocol - the materials used can be
replaced according to availability.

10.2.1.3. Hive material sample handling

e Considering the multiple sources of pollen and sal-
iva in bee bread, the pooling of multiple cells (>10
cells) is recommended to obtain a representative
sample. If possible, the targeted cells to be used
for DNA extraction should be located on both
sides of the comb and on different comb edges.

e Bee bread physicochemical characteristics change
over time and affect the bee bread microbiome.
Thus, sampling bee bread cells of similar ages is
also recommended. Recently packed pollen cells
will have separated layers and a porous, chalky
texture, crumbling easily. Older bee bread will still
have various layers, but with a more waxy and
shiny texture.

e For sampling hard surfaces, e.g, the hive
entrance, we recommend using cotton-headed
swabs, which facilitate in-field sampling, sample
transportation, and storage. The drawback of this
sampling method is the low DNA load, often
paired with low absorbance scores (<10 ng/pl).

10.2.2. Protocol for tissue samples

10.2.2.1. Materials

e Kits: DNeasy Blood & Tissue Kit (QIAGEN) and
complementary reagents.

e Equipment: Dissection microscope, bead-beating
tissue homogenizer (e.g., FastPrep-24TM 5G, (MP
Biomedicals); or Precellys-24, (Bertin Technologies)),
microtubes, pipettes, and tips (10-1000 ul).

e Reagents: 70% ethanol, 1X PBS, 0.1% sodium
hypochlorite solution and 0.22pum filtered or
autoclaved water (optional).

e Disposable dissection tools or materials for quick
sterilization of tools between samples (70% etha-
nol and a flame).

e Sample tubes suitable for a bead-beating hom-
ogenizer (e.g., Lysing Matrix E tubes, (MP
Biomedicals)).

10.2.2.2. Dissection methods

1. Clean and sterilise bench and tools with 70%
ethanol.



2. Rinse the bee’s body for 3min in 0.1% sodium
hypochlorite and then 3 times in filtered, auto-
claved water (optional; see Considerations).

3. Dissect each tissue sample with a new, sterile
microdissection tool to avoid cross-contamination.
See Carreck et al. (2013) for guidance on dissect-
ing specific tissues.

4. Place the tissue sample in a homogenization tube
and proceed to lysis (Section 10.2.2.3.). TIP: If you
are only interested in the bacterial fraction, a lyso-
zyme treatment for bacterial cell wall lysis before
DNA extraction may also be a good lysis option.

10.2.2.3. DNA extraction methods

5. Add your sample to a Lysing Matrix E tube with
400 pL of 1X PBS. Homogenize in FastPrep-24TM
5G for 45s at speed 6 m/s.

6. Transfer 180 pl of the sample to a new tube, add
20 uL of proteinase K from DNeasy Blood & Tissue
Kit (QIAGEN) and incubate the samples for 2h at
56 °C. Vortex occasionally during incubation.

7. Add 4 pl RNase A (100 mg/ml), mix by vortexing,
and incubate for 2min at room tempera-
ture (~22°Q).

8. Continue by following the recommended steps of
the DNeasy Blood & Tissue Kit (QIAGEN) manufac-
turer’s protocol for “Purification of Total DNA from
Animal Tissues (Spin-Column Protocol).” For a
small amount of initial tissue (e.g., 1 bee gut)
elute the DNA in the final step with 2 x30uL of
AE buffer to improve yields.

9. Store the DNA samples at < x20°C until ready for
sequencing.

10.2.3. Protocol for sampling hive materials

Bee bread is a sugar-rich mixture of packed pollen,
nectar, honey, and enzymes derived from the saliva
of honey bees (Anderson et al, 2011). Bee activity
and lactic acid bacteria acidify this mixture over
time, resulting in decreased bacterial yet increased
fungal populations (Disayathanoowat et al., 2020).
The bee bread bacteriome is dominated by
Proteobacteria and Actinobacteria (Anderson et al.,
2011; Disayathanoowat et al, 2020; Munoz-
Colmenero et al., 2020).

The hive entrance, on the other hand, acts as a
barrier, separating the hive interior and exterior. Thus,
this hive niche can be used to detect and measure
organisms entering or leaving beehives. However,
there is scarce knowledge regarding the microbial
diversity and composition of this beehive niche.

10.2.3.1. Materials
e Kits: QlAamp DNA Mini Kit (QIAGEN)
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e Equipment: thermal mixer, vortex, and centrifuge,
pipettes, pipette tips, microtubes, chemical hood
(bee bread samples only), sterile cotton swabs
(hive entrance samples only)

e Reagents: 1x PBS, 96-100% ethanol (to prepare
kit solutions)

e For bee bread samples only: phenol:chloroform:i-
soamyl alcohol (25:24:1, v/v), chloroform (>99%)

10.2.3.2. Methods for bee bread sampling and

DNA extraction

1. In a comb piece containing bee bread, locate a
non-broken and preferably full cell.

2. Depending on sample consistency, introduce
either tweezers depth inside the cell (at each
side of the bee bread) or a large pipette tip
(i.e., cut 1000 pl tips) through the center.

3. Pull out the bee bread carefully, shaking gently,
and introduce it into a clean tube large enough
to hold pooled samples (2-15mL). Break the
bee bread inside the tube to facilitate subse-
qguent steps

4. Repeat steps 1-4 until an appropriate number
of cells are obtained.

5. Add 1mL of 1x PBS per cell (ie, 4mL to a
tube containing samples from 4 cells) and
homogenize (pipetting) until the sample is uni-
formly suspended.

6. Transfer 200 pl of sample to a new tube. The
remaining sample can be stored at —20°C
(—80°C, ideally) in case the extraction must be
repeated.

7. Add 40pl of proteinase K and 400 ul of Buffer
AL, vortex (~15seconds) and incubate at 56 °C
(mixing at 600 rpm) for 1 hour.

8. Now, work in a fume hood. Transfer the super-
natant to a new tube, add 600l of phenol:-
chloroform:isoamyl alcohol, vortex intensely,
and centrifuge for 15 min at 14,000 rpm. NOTE:
For lab space in which hazardous agents phe-
nol:chloroform can not be used, we recom-
mend the usage of commercial kits dedicated
to microbiome DNA extraction as an
alternative

9. Transfer the supernatant to a new tube, add
600 pl of chloroform, vortex intensely, and cen-
trifuge for 5min at 14,000 rpm.

10. Transfer the supernatant to a new tube, add
400 ul of 96-100% ethanol, vortex briefly
(~15 seconds), and spin.

11.  Working in the fume hood is no longer neces-
sary. Transfer the sample (supernatant from
step 10) to the column (no more than 700 pl)
and follow the established DNA extraction
protocol for the kit, until eluting the DNA in
60 pl of buffer AE.
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12. Store the DNA samples at <—-20°C until ready
for sequencing.

10.2.3.3. Methods for hive entrance sampling and

DNA extraction

1. In order to collect microorganisms stuck to the
hive entrance or door, use sterile cotton swabs
to scrub the surface. To maximize surface cover-
ing, the entrance should be swabbed by scrub-
bing left and right several times (~6) per swab
tip (using 3-4 swabs per hive).

2. Cut the heads of two cotton swab samples,
deposit in a 2 mL tube, and add 800ul of PBS.

3. Add 20ul of protease and 400l of AL Buffer
and vortex.

4. Incubate at 56°C and 900 rpm for 1.5 hours.

5. Transfer the liquid to a new tube (tube A) and
add 20 ul of protease plus 400 ul of AL Buffer to
the original tube (tube B).

6. Incubate both tubes A and B at 56°C and
900 rpm for 1.5 hours.

7. Add 400pl of 96-100% ethanol and vortex
briefly (~15 seconds).

8. Transfer the sample to the column (no more
than 700pl) and follow the established DNA
extraction protocol, until eluting the DNA in
100 ul of buffer AE. TIP: Using a larger elution
volume increases sample recovery.

9. Store the DNA samples at <—-20°C until ready
for sequencing.

10.3. Amplicon sequencing

Gene-based markers for bacterial and fungal identifi-
cation, also known as amplicon sequencing or meta-
barcoding, is often performed through bacterial- or
fungal-specific marker gene sequencing. 16S rRNA
gene amplification is the most common for bacteria,
while the 18S rRNA gene or the internal transcribed
spacer (ITS) are used for fungal analysis (Romero
et al,, 2019). The 16S rRNA gene is constituted by 9
hypervariable regions (V1-V9) surrounded by con-
served sequences (Chakravorty et al., 2007), which
are conserved yet variable enough to be differenti-
ated in most bacterial species. The eukaryotic 18S
rRNA gene is not as conserved as its prokaryotic
equivalent and often results in unidentified taxa
(Frau et al., 2019). Longer ITSs (ITS1, ITS2, and the
5.85 rRNA gene), however, have been successfully
used to identify fungal gut species in honey bees
(Decker et al, 2023; Nguyen & Rehan, 2022; Wen
et al, 2017; Yun et al, 2018). The approach
described below provides a generic guide for how to
conduct amplicon sequencing for microbiome ana-
lysis, for which any of the above-mentioned targets
could be used. Important differences would be the

design of the primer (specific to the target) and the
amplification conditions.

10.3.1. Considerations

e The choice of primer can alter diversity estimates
and may alter the annealing efficiency for certain
templates. Due to the sequence-length variation
of ITS (Frau et al, 2019), it is important to care-
fully choose the pair of primers and sequencing
platforms to use. We suggest following the Earth
Microbiome protocols to choose primers for the
amplification of 165 rRNA, 18S rRNA, and ITS bar-
code genes. Primers can be ordered directly from
Integrated DNA Technologies (IDT) or Eurofins.

e We recommend buying the primers with adapters
and barcodes included to reduce the handling
and library synthesis cost downstream. For
paired-end read sequencing in lllumina platforms,
we also recommend targeting regions that will
ensure a sequence overlap of at least ~50 bp.

e Conduct PCR for each primer pair in triplicate for
each sample. These triplicate samples will be
pooled at the end of amplification and serve to
reduce random PCR artifacts across your reac-
tions. Use a consistent quantity of DNA input
(e.g., 200 nQ).

e Use a proofreading high-fidelity polymerase (e.g.,
Phusion® High-Fidelity PCR Master Mix with HF
Buffer, New England Biolabs, Inc.) to limit spuri-
ous artifactual diversity introduced in your ampli-
fication of the genes.

e Negative control samples should always be
sequenced. Some bacterial taxa are known con-
taminants derived from sample processing (e.g.,
DNA extraction kits) (Salter et al., 2014), while dif-
ferent sequencing platforms might favor amplifi-
cation of specific microorganisms.

e Batch effects cause significant differences across
experiments, unrelated to biotic factors. These
effects are major issues in microbiome data, and
common when processing samples using multiple
sequencing runs. Thus, it is a good idea to always
select a set of samples to use as a reference,
which will be added to all sequencing runs of an
experiment.

e Amplicon sequencing depth will strongly depend
on the expected diversity of the gut microbiome
(more diversity requires a higher depth to sample
the community). Considering the published work
on the bee microbiome, for example, we would
recommend a first sequencing depth of 5,000
reads/sample.

e Demonstrated examples for bacterial and fungal
amplicon sequencing can be found on the
lllumina website.



10.3.2. Materials for amplicon sequencing

e Kits: PureLink PCR Purification Kit (Invitrogen),
Quant-iT (Invitrogen), Nextera XT DNA Library
Preparation Kit (lllumina), MiSeq Reagent Kit v2
(IMlumina)

e Equipment: PCR thermocycler, fluorescent spec-
trophotometer (compatible with 96-well plates),
MiSeq instrument (lllumina) agarose gel electro-
phoresis apparatus and associated reagents

e Reagents: Phusion® High-Fidelity PCR Master Mix
with HF Buffer (New England Biolabs, Inc).
Forward and Reverse primers to target the par-
ticular gene of interest (e.g., 16S rRNA, 18S
rRNA, ITS)

e PCR plates

10.3.3. Methods for amplicon sequencing

1. Mix a defined quantity of DNA with 1x of
Phusion® High-Fidelity PCR Master Mix with HF
Buffer (New England Biolabs, Inc), forward and
reverse primers to a final concentration of 0.5
LM, in a final reaction volume of 50 pL.

2. In the thermocycler run an initial denaturation
at 98°C for 2 min, followed by 30 cycles of 98°C
denaturation for 10s, 55°C annealing for 30s
and 72°C extension for 30s, with a final exten-
sion step at 72°C for 10 min. TIP: Be attentive to
primer melting point requirements and change
the annealing temperature if needed.

3. Check for the amplicon size in a 1% agarose gel
and then purify the PCR product with PureLink
PCR Purification Kit following the manufacturer’s
recommendations. If you did not include barco-
des in your primer synthesis, you must prepare
libraries with the Nextera XT DNA Library
Preparation Kit, following the manufacturer’s
instructions, using one barcode per sample.

4. The amplicons produced as part of this protocol
must be normalized by concentration and
pooled for sequencing. If you will be pooling
your samples yourself, we recommend using the
Quant-iT kit, as per manufacturer instructions.

5. After pooling your sample such that the same
amount of DNA from each amplicon is added to
your sequencing run, you will clean up your PCR
amplicons using the PureLink PCR Purification
Kit again.

6. These amplicons should be sequenced using
2 x 250 paired-end reads on a Miseq platform
using the MiSeq Reagent Kit v2.

10.4. Microbiome data analysis

Regardless of whether 16S, 18S, or IST amplicons are
used, the general principle is that microbial tax-
onomy can be inferred by comparing the gene
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fragment sequence to a specific database.
Concurrently, relative abundances can be calculated
based on the number of amplicon copies. Below we
provide guidance on strategies and softwares that
can be used to complete this type of analysis.

10.4.1. Recommended software

There are currently several pieces of software used
to process amplicon data, either by inferring oper-
ational taxonomic units (OTUs) or amplicon
sequence variants (ASVs). While OTUs represent a
cluster of multiple and similar sequences, for ASVs
the differences in nucleotides will result in an unique
variant and a more detailed picture of the diversity.
We recommend here the Mothur pipeline (Schloss,
2020) for quality control of your reads, contig forma-
tion, chimera removal, alignment to the 16S rRNA
gene, and generation of OTUs and ASVs. For tax-
onomy, Mothur uses Bayesian analysis of kmer pro-
files, returning the most likely match with the
database. All these steps are detailed in the standard
operating procedure (SOP) (Schloss, 2020).

Commonly used databases are SILVA and UNITE,
for bacteria and fungi respectively. Several other
more curated databases are also available for the
study of bee species, such as RDP for annotated bac-
terial and archaeal 16S rRNA sequences and fungal
28S rRNA sequences (Cole et al., 2014), and BEExact
for bacterial 16S rRNA sequences often found in bee
species (Daisley & Reid, 2021). The choice of data-
base is important, as it can lead to errors in taxo-
nomic placement if sequence representatives from
your environment are misidentified or absent
(Newton & Roeselers, 2012).

The next steps may include statistical analyses
and plotting results, for which you can continue to
follow the Mothur SOP or the QIIME 2 pipeline (see
Section 10.4.2). In general, we recommend measur-
ing alpha diversity to generate rarefaction curves
describing the number of OTUs or ASVs as a func-
tion of sampling effort, and beta diversity to com-
pare samples’ community structure. Distance
matrices can be visualized using the Principal
Coordinates Analysis (PCoA) or the Non-metric multi-
dimensional scaling (NMDS) plots. You can also test
for the microbiota dynamics with a Permutational
Multivariate Analysis of Variance (PERMANOVA) using
factors of your choice (e.g. caste, apiary, season,
treatments). (Engel et al., 2013) has more information
on these exploratory techniques. The Mothur wiki
(https://mothur.org/wiki/) has extensive information
about data processing in their manual. Here, we pro-
vide an alternative worked example using QIIME 2.
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10.4.2. Guidance on the data analysis methods:
an example with QIIME 2

QIIME 2 (Bolyen et al, 2019) and its community
(QIIME 2 forum; https://forum.qiime2.org/) offer
standardized pipelines for the analysis of microbial
communities. QIIME 2 core concepts, hardware/soft-
ware/metadata requirements, installation, (re)activa-
tion, and core applications are easily accessible in
Qiime2 documentation (QIIME 2 docs), and not
explained in this protocol. Keeping track of the offi-
cial QIIME 2 docs is recommended since it will
reflect the latest QIIME 2 release. Herein, we will
only present the ITS-specific steps as an example.
We will follow the Casava 1.8 protocol for paired-
end demultiplexed sequences.

10.4.2.1. Importing data. Data importation in QIIME
2 is dependent on the data format. FASTQ docu-
ments containing single-end or paired-end sequen-
ces are the most common raw data. Forward and
reverse sequences are usually referred to as R1 and
R2, respectively, while barcode sequences are named
11 (index). FASTQ documents can be either multi-
plexed (one file per sequence “type,” 11, R1, and/or
R2) or demultiplexed (one file per sample, with its
corresponding R1 and/or R2 sequences). The most
common demultiplexed format is Casava, obtained
through lllumina’s Casava software. Although QIIME
2 has implemented commands for the easy import-
ation of the most common data formats, any other
type of data format (supported by QIIME 2) will
have to be imported through “Fastq manifest”
(https://docs.qiime2.org/2021.8/tutorials/importing/
?highlight=casava) or similar pipelines.

Step 1. To import the data, enter the following com-
mands into the terminal:

qgiime tools import\
-type “SampleData[PairedEndSequencesWithQuality]”\

-input-path casava-18-paired-end-demultiplexed\
-input-format CasavaOneEightSingleLanePerSampleDirFmt\
-output-path demux-paired-end.qza

10.4.2.2. Non-biological sequence removal.
Imported demultiplexed sequences contain “non-bio-
logical” sequences (i.e, primers), which have to be
removed. Hypervariable-length amplicons such as ITS
can contain 4 non-biological sequences: F primer at
the beginning of F sequences, reverse complemen-
tary sequence of the R primer at the end of F
sequences, R primer at the beginning of R sequen-
ces, and reverse complementary sequence of the F
primer at the end of R sequences.

Step 2. To remove these non-biological sequences,
execute the following commands:

giime cutadapt trim-paired\

- -i-demultiplexed-sequences demux-paired-end.qza\
- -p-adapter-f GCATATCAATAAGCGGAGGA\

- -p-front-f GTGARTCATCGAATCTTTG\

- -p-adapter-r CAAAGATTCGATGAYTCAC\

- -p-front-r TCCTCCGCTTATTGATATGC\

- -p-error-rate 0.1\
- -o-trimmed-sequences trimmed.qza\

10.4.2.3. Sequence quality control (denoising)
Denoising in QIIME 2 can be performed through
DADA2 (Callahan et al., 2016) or Deblur (Amir et al.,
2017). DADA2 produces amplicon sequence variants
(ASVs) while Deblur gives sub-operational-taxo-
nomic-units (sub-OTUs or sOTUs). Herein, we will fol-
low the DADA2 protocol, wherein paired-end reads
are joined and denoised simultaneously. Two param-
eters are needed: trimming positions (starts of F and
R reads) and truncating positions (ends of F and R
reads). Both parameters can be determined by visu-
alizing the demultiplexed data and checking the
interactive quality plots, which contain quality score
values per sequence base.

Step 3. Determine

positions:

trimming and truncating

giime demux summarize\

- -i-data trimmed.qza\
- -o-visualization trimmed.qzv

Optimal parameters result in merged reads of good
quality. F and R have to be long enough to merge,
and merged sequences have to be good enough to
pass the filtering threshold of DADA2.

Step 4. Trim primer sequences:

giime dada2 denoise-paired\

- -i-demultiplexed-seqs demux-paired-end_trimmed_def.qza\
- -p-trim-left-f 13\

- -p-trim-left-r 0\

- -p-trunc-len-f 0\

- -p-trunc-len-r 220\

--o-table dada2/table.qza\

Step 5. Visualize denoising results:

giime metadata tabulate\

- -m-input-file denoising-stats.qza\
|-o-visualization denoising-stats.qzv

From this point on, paired-end and single-end
data are analyzed following the same steps, for all
microbial communities. In order to assign taxonomy
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ID to fungal sequences, the UNITE database is used,
which requires to be first trained. It is recommended
to train the UNITE classifier as follows:

e Use non-extracted full ITS sequences from the
developer UNITE database (QIIME-compatible
release).

e Use the g2-itsxpress plugin, which permits extrac-
tion of ITS domains from input data (sequences).
Then, extracted sequences can be compared to
the standard UNITE database.

Available tutorials for diversity and compositional
analysis can be followed at the QIIME docs website
(https://docs.qiime2.0rg/2022.11/) and a detailed
pipeline can be found at (Estaki et al., 2020).

10.4.2.4. Removing biological contamination.
Despite best efforts, biological contamination of
samples with microbes not belonging to the sample
is still possible. Excluding suspected contaminants
from downstream analyses is encouraged. For
example, excluding suspected contaminants from
downstream analyses is appropriate if, according to
the sequencing of blank controls, contamination by
laboratory reagents or the laboratory environment is
suspected. If necessary, there are multiple softwares
for removal of contaminant sequences, such as the R
package decontam (Davis et al., 2018; Salter et al.,
2014).

10.5. Applications and limitations

In a honey bee colony, each individual plays a spe-
cific yet adaptive role, and changes in the micro-
biome composition (dysbiosis) of even just some
individuals may influence the colony’s success or fail-
ure. Thus, the microbiome should be evaluated more
often in bee health studies, as it is known to be
affected by pesticides (Kakumanu et al, 2016),
pathogens (Paris et al., 2020), food restrictions
(Castelli et al., 2020), and even change in environ-
mental cues (Hammer et al, 2021). The majority of
the studies have focused efforts on characterizing
worker bee gut microbiota, but it is important to
incorporate investigations of other castes, tissues,
developmental stages, and colony environments.
The honey bee colony is ultimately a superorgan-
ism (Moritz & Southwick, 2012), and the microbes
harbored in different parts of the colony can also
play a direct role in colony fitness or may serve as
microbe reservoirs. The microbial community does
not exist in isolation, and we encourage readers to
consider not only the simple characterization of
the communities, but their interactions with social
evolution (Liberti et al, 2022; Vernier et al., 2020),
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development (Hammer & Moran, 2019), diapause
(Mushegian & Tougeron, 2019; Santos et al., 2019),
and the brain-microbiome axis (Zhang, Mu, Cao,
et al., 2022; Zhang, Mu, Shi, et al., 2022).

Amplicon sequencing approaches do, of course,
have limitations, one of which is that analyzing
hyper-variable regions is not equal sensitive for all
bacteria (one hypervariable region is insufficient to
differentiate all bacterial species). Most OTUs or ASVs
will thus not have the sequence resolution to taxo-
nomically identify the microbes to genus or species,
much less strain (Callahan et al., 2017). Even so, this
approach is still useful for microbial community char-
acterization and for observing major changes in it.

Different strains of microbes may fill different
functional niches, and investigating patterns of strain
variation is a growing area of interest. Primers for
non-marker genes have already been developed to
detect diversity at the bacterial strain level, including
the genes minD (Powell et al., 2016), guaA, and gluS
(Bobay et al., 2020) for Snodgrassella alvi strain com-
position, and pflA and rimM for Gilliamella spp.
strain composition. This method was termed meta-
genomic amplicon strain typing (MAST). Although an
interesting approach focused on specific members of
the microbiome, there are no similar published stud-
ies for fungi. Otherwise, to describe the strain-level
diversity of the entire microbial community, a shot-
gun metagenomics approach would be more appro-
priate (Ellegaard & Engel, 2019), but it is more
expensive and time-consuming for analysis.
However, those who utilize this method are
rewarded with not only strain-level diversity, but also
host genotypes and gene sequences of the
microbes, potentially allowing for functional insights.

Conversely, using the amplicon sequencing
approach, there is limited knowledge to gain regard-
ing the roles of microbiome members, since there is
no information regarding their gene repertoire and
metabolic activity. Of course, functions can be pre-
dicted based on general knowledge of the described
species or sequenced genome using software as
PICRUSt (Langille et al., 2013), Tax4Fun2 (Wemheuer
et al,, 2020), and FUNGuild (Nguyen et al.,, 2016), but
strains may differ with regards to their functional
abilities; therefore, these predictions are tenuous at
best. One way to alleviate this concern would be to
combine culture-dependent approaches to conduct
in vitro and in vivo experiments - confirming a
microbes’ role and interactions. This kind of func-
tional validation of predictions remains one of the
field’s biggest challenges.

The field of honey bee microbiome analyses is still
underway. In particular, the non-bacterial commun-
ities within honey bee guts are not well character-
ized, with a lack of consensus regarding fungal
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communities (Hroncova et al, 2015; Khan et al,
2020) and ubiquitous viral communities (Bonilla-
Rosso et al., 2020; Kadle¢kova et al., 2022). And, des-
pite the characterization of the bacterial profiles of
honey bee guts, much is still unknown regarding its
impact in honey bee colony fitness, such as how
microbial communities influence host physiology or
how spatial specialization of microbes within colo-
nies occurs (Copeland et al, 2022; Powell et al.,
2021; Zheng et al., 2017).

11. Data management and open access
sharing

Past the excitement from the access to large
amounts of sequencing data for numerous honey
bee species, populations, individuals, and tissues,
researchers may encounter challenges in determin-
ing how datasets were obtained. This problem is not
inherent to the honey bee community and inconsis-
tencies appear often in many organisms (Gongalves
& Musen, 2019). In the context of honey bee omics
research, we have identified two main challenges
that hinder comparative studies: (1) the lack of
details and access to bioinformatics scripts used and
(2) the heterogeneity of metadata associated with
open access data. These problems are avoidable
with improved practices and standards. Addressing
these challenges through standardization and trans-
parency will promote reproducibility and facilitate
data comparability and integration.

There are several global and honey bee-specific
databases that exist and provide platforms for data
submission and search. These databases serve as
valuable resources for researchers to access and con-
tribute to the wealth of information available on
honey bees. Across the tree of life, the core data-
bases NCBI (National Center for Biotechnology
Information), DDBJ (DNA Data Bank of Japan), and
ENA (European Nucleotide Archive) are widely recog-
nized as major repositories for biological data. Such
databases are now fed by ambitious initiatives that
aim to sequence and analyze the genomes of a vast
number of species, including those beyond model
organisms such as the Earth Biogenome Project,
Darwin Tree of life, and i5K. These initiatives contrib-
ute to the growth of genetic data resources and can
indirectly benefit honey bee research.

In addition to the global databases mentioned
earlier, several functional genetic databases play
important roles in specific model organisms and
functional genomics research. While they may not
directly contain honey bee datasets, they can still be

utilized as proxies for comparative analysis. Some
relevant databases include: Flybase, Beetlebase,
BUSCO/OrthoDB (Benchmarking Universal Single-
Copy Orthologs) and Gene Ontology (GO).

Apis-specific databases also exist and have been
developed to specifically focus on honey bee micro-
biome research and provide curated sets of honey
bee microbes and associated tools with Bee-exact
and Holobee. Another example is the beenome100
project database which serves as a valuable genomic
resource and establishes a comprehensive phyloge-
nomic framework for Apis genus by aiming at gener-
ating reference genomes for 100 U.S. bee pollinators
species.

11.1. Metadata standardization

While peer-reviewed journals require that any gen-
etic data are shared in open-access, no rigorous
quality control of the metadata submitted is
ensured. Regardless of the reader’s expertise level in
submitting genomic data, we recommend following
the best practices listed by the journal Scientific
Data (“Promoting best practice in nucleotide
sequence data sharing,” 2020) in submitting meta-
data to NCBI, DDBJ, ENA, and other databases. This
section does not intend to replace the multiple and
comprehensive resources available guiding data and
metadata submission, and we urge to carefully
adhering to these standards (i.e, for NCBI
BioProject).

11.1.1. Common problems
BioProjects

Often, a single study can be associated with a
BioProject (i.e, BioProject 1=X individuals SNPs
data, BioProject 2=Y Transcriptomes) or eventually
an umbrella project gathering several related proj-
ects (i.e., BioProject UMBRELLA [BioProject
3=Proteomics data for 100 individuals+and
BioProject 2 =Gene expression data for 50 individu-
als]). One common mistake is the absence of a clear,
unique title and description.

Among the 517 BioProjects strictly related to Apis
honey bee available on NCBI, we found that most
did not have associated publications or proper
descriptions (Search: "Apis mellifera"[Organism] and
manual sorting). This can make it difficult for the
reader to know (1) how the data were generated
and (2) which institute or team could be contacted
to reach out on the origin of the data. Thus, we sug-
gest that researchers follow the subsequent best
practices for BioProject submission:

with Apis-related



Best practices for BioProjects:

® Title should be as explicit and descriptive as intended for
publication.

® Description should include details regarding (1) the project
aim, (2) a general overview of the Apis species, subspecies,
populations, individuals, and sex targeted, (3) the material ori-
gin (e.g., tissue specific vs. whole body, single individual vs.
pool), and (4) which sequencing platform and library approach
were used.

® In case the data were released prior to publication, we recom-
mend associating a link to the lab in charge with the institute/
unit/team indicated as submitter.

® |Indicate a data usage statement in case of early release to
inform users about possible embargo.

o (ontact database curator to give the DOI of the associated
published report or paper.

11.1.2. Common problems
BioSamples

From our survey, most of the inconsistency and vari-
ability observed in metadata submitted for Apis
honey bee projects was observed in BioSample
(which contains important metadata regarding the
source of the sample). A BioSample is essential for
cross-scale comparative studies and data mining.
Several studies in A. mellifera population genetics
(see Section 4.6) have generated new genome-wide
data but also compared with former studies from a
different source in their analysis (Cridland et al.,
2017; Dogantzis et al., 2021; Shi et al., 2020; Tihelka
et al., 2020). Such integrative studies are predicted
to increase in the future as they give a broader and
global perspective on honey bee evolution and
biology.

We found that 16,855 BioSamples related to
honey bees and Apis-associated environmental
organisms (except Acari mites and hive insect pests)
were registered in public databases. Among them
only 60% had attribute fields about the specimen’s
sex, and 53% had geographic location details. Aside
from incomplete data, in our survey we encountered
problems related to variable orthograph even with
fields as straight-forward as “sex” attribute (Table 1).
While the absence of such data can be understand-
able and common with historical or third-party sam-
pling, we urge future submissions to include at least
the following details for Apis standard research.

with Apis-related

Best practices for BioSamples:

For Apis specimen data, use the invertebrate submission package
(https://www.ncbi.nlm.nih.gov/biosample/docs/packages/
Invertebrate.1.0/) which requires the collection date, the geograph-
ical origin, and the tissue used for sequencing

as mandatory attributes.

For Apis environmental and metagenomic-transcriptomic data, use
the MIMS: metagenome/environmental, host-associated; version 5.0
package  (https://www.ncbi.nlm.nih.gov/biosample/docs/packages/
MIMS.me.host-associated.5.0/).
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In the specific attributes field, we recommend
researchers to include the following additional infor-
mation, although it is not mandatory according to
the NCBI submission system.
Attribute

“Breed” or create an additional When known, include the subspecies
column “Subspecies.” or strain level of the honey bee
Avoid using “isolate” for this studied (e.g., Apis mellifera unicolor,
purpose and instead use Apis cerana japonica, Apis mellifera

Recommendations

this attribute for the sample ~ “Buckfast”)
name.
“biomaterial_provider” and Acknowledge the person in charge of
“collected_by” the sampling with
Name + Affiliation
“dev_stage” Indicate if the sample was related to

an egg, larvae, pupae or adult bee
Give as many details on the sampling
location using geo-coordinates in
decimal format, which could be use
for spatial studies or to guide
future sampling. In some case, the
exact geocoordinates can be lost
but we recommend to use at least
approximate ones (e.g., centroid of

a city or locality). ) )
For transcriptomics and epigenomics

studies, the various treatment
conditions should be included in
the metadata.

For metagenomics,
metatranscriptomics and
microbiomic, include the host
species and the origin of the tissue
sampled

“lat_lon” and “geo_loc_name”

“treatment”

“host” and “tissue”

Ideally, supplemental data table should be provided
with the sample name, library ID, and all the afore-
mentioned attributes. This would allow future users
to cross-check the information with the analysis
results, which may not be explicitly stated in the raw
data deposited to the database. Examples of such
information include population structure assignment,
patriline, omic profile, and other relevant details.

The retroactive correction and update of both
BioProject and BioSamples content is often easy and
requires the original submitter to contact a curator
from the database of initial submission For instance,
if you submit your Sequence Read Archive (SRA)
data and metadata to DDBJ, you can provide a list
of all corrections for each accession to a DDBJ cur-
ator. These changes will then be automatically trans-
ferred to other databases, such as NCBI, within a

Table 1. Survey results of BioSample attributes.
Number of SRA

Orthographs for “sex” attribute

Female 3629
femle [sic] 1
Male 1966
MISSING 79
None 6
Not applicable 6
Not collected 16
Not determined 6
Pooled male and female 418
Sterile female 12
Worker 22

(No entry) 7629
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short period of time. Since these databases commu-
nicate on a daily basis, the changes can be imple-
mented swiftly.

11.2. Sharing pipelines and scripts

The burst and diversification in the development of
software, R packages, pipeline and servers to analyze
omics data can quickly lead users to go down a bio-
informatic rabbit hole to make the “best” choice.
Additionally, the frequent emergence of comparative
studies promoting new tools adds to the difficulty of
decision-making. In this chapter, we have proposed
up-to-date and efficient standard pipelines to guide
users in their methodological workflows. However,
we acknowledge that these pipelines may require
future revisions, similar to how the present chapter
updates information from Evans et al. (2013). We
aim to provide a valuable resource that evolves
alongside advancements in the field.

As progress is made and new analytical workflows
are adopted, we invite the honey bee research com-
munity to contribute to the data processing stand-
ardization by sharing their bioinformatics methods
and custom scripts. While sharing sequencing data is
mandatory in peer-reviewed journals, the same level
of detail is often not required for downstream ana-
lysis. Minimal descriptions are often given in the
“Material and Methods” sections regarding parame-
ters for each software or script function. Depending
on the journal’s requirements, it may be necessary
to share analysis output data (e.g., VCF files, LFMM,
FASTA) and scripts through external repositories
associated with a DOI.

Noteworthy initiatives, such as the SeqApiPop
population genomics study, have inspired changes
by publishing detailed codes on collaborative plat-
forms like GitHub (github.com/avignal5/SeqApiPop)
alongside their results (Wragg et al, 2021). Similar
initiatives using interactive R and shell markdowns
have been carried out for honey bee microbiome
(Kowallik & Mikheyev, 2021; Liberti et al., 2022) and
transcriptomics studies (Holman et al., 2019; Warner
et al, 2019). In addition to enabling reproducibility
and standardization, we advocate that open access
to the code scripts (default and personalized) serves
as a valuable teaching tool, particularly tailored to
honey bees. To facilitate the growth of such resour-
ces, we recommend the following best practices:

Best practices for sharing pipelines and scripts:

® Whole genome sequencing and population genomics studies
should strive to make their data freely available through inter-
national open-access repository such as Dryad or Zenodo.
Content: VCF file, Demographic analysis, FASTA alignments

® Custom scripts (bash, Python, awk) and pipelines created with
Workflow Management Systems (such as Snakemake, Nextflow,

Galaxy) should be made freely accessible to a cloud-based
platform with version control, such as GitHub (or alternatives:
GitLab, Bitbucket, SourceForge, etc.) or Wiki.

Content: Markdown, codes, notes, input files (small sizes)

® State clearly in publication the source and link to data and
code availabilities

While it is challenging to predict which platforms
will remain relevant over the next decade, it should
be noted that free access to well-curated scripts can
lead to rapid dissemination across various formats
and applications if we promote a “culture of
reproducibility” (Peng, 2011). Despite natural skepti-
cism about the longevity of experimental software
and pipelines, the trend of open-source and commu-
nity-driven of these tools suggests that many will
remain valuable resources (Ewels et al., 2020).

When selecting a community-curated pipeline,
users should consider the following: (1) How often
has this pipeline been cited and used? (2) Does the
closed/open issues ratio or forum activity indicate
strong developer technical support? (3) How fre-
quently is the pipeline updated (consider the dates
and number of releases)? (4) Is there an active user
community providing support? Additionally, with the
rise of package manager such as Conda or container-
ization technologies like Docker and Singularity, it's
important to consider if the pipeline is available in a
containerized format, as this can significantly
improve the reproducibility and ease of its usage
across different computing environments.

12. The future of Apis omics: biological
integration

In the coming decades, we anticipate the emergence
of new methods driven by technological advances
that will further reduce costs and expand omics
applications beyond model species. At the moment,
cutting-edge  approaches, such as single-cell
sequencing and atlas generation (Luecken & Theis,
2019; Misra et al.,, 2022), spatialomics (Moffitt et al.,
2022), and the use of machine learning for various
omics analyses (Arjmand et al, 2022; Li, Li, et al,
2022) have been developed and applied for clinical
and forensic purposes. These advancements hold
great promise for honey bee research, offering
unprecedented insights into the evolution of pheno-
typic plasticity, behavioral profiling within a superor-
ganism, and the origins of eusociality.

However, immediate progress in our understand-
ing of Apis honey bee biology, diversity, and evolu-
tion can be achieved by the layering of multi-omics
data and interpretation (Toth & Zayed, 2021).
Genomics, epigenomics, and transcriptomics have
seen remarkable growth in honey bee research and
provided valuable insights. By integrating multi-



omics data from the same honey bee sample (single
cell, tissue, individual or colony), we can uncover the
mechanistic and immediate causes behind behav-
ioral changes, such as labor division, as well as
responses to various stress factors like pathogen
infections or chemical exposure. The combination of
multiple omics approaches has been proposed as a
toolkit to better characterize and improve honey bee
health (Grozinger & Zayed, 2020). Initiatives like the
Canadian BeeCS| project are actively working on
integrating multiple omics approaches to better
understand and promote honey bee health.

The integration of behavioral assays, chemical
profiling and metagenomics has shed light on the
significance of honey bee host-microbiome interac-
tions in nestmate recognition (Vernier et al., 2020).
Leveraging functional genomics and transcriptomics,
based on knowledge gained from studying the
honey bee microbiome could help engineer innova-
tive pathogen control methods (Leonard et al,
2020). As a last example, new insights in A. mellifera
social immunity via the discovery of transmissible
RNA in shared royal jelly resource, was made pos-
sible by the combination of proteomics, transcrip-
tomics and functional genomics (Maori, Garbian,
et al., 2019; Maori, Navarro, et al., 2019). Encouraged
by these achievements, further multi-omics surveys
are anticipated to expand our knowledge to other
Apis species.
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