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ABSTRACT
The bestRAD technique is a reduced genome representation approach with high-capacity sample multiplexing and physical iso-
lation of biotin-labelled target DNA fragments using streptavidin beads, which should reduce total cost and genotyping errors. 
While we here formalise the relevance of this approach within the HTS landscape, our foremost aim was to improve its replica-
bility, validity, and transparency. We first optimised the molecular laboratory protocol and shared the associated protocols (e.g., 
final detailed methodologies, quality control, best practices) under the FAIR principles. Using 84 worldwide individual samples 
of the Oriental fruit fly, Bactrocera dorsalis, a major invasive pest, we revealed a low rate of PCR duplicates, robustness to DNA 
quality and quantity, high genotype call rate, insignificant genotyping error rate, high nuclear and mitochondrial genome repre-
sentativeness, and a high level of genetic information. This in-depth data quality assessment, along with total cost and handling 
time reduced by an estimated one-third relative to the parent RAD-Seq version, demonstrates that bestRAD is an excellent 
compromise between cost and quality. While we generated high-quality genomic resources for B. dorsalis, we also share details 
and recommendations for the bestRAD technique that can be readily used in any laboratory and applied to all organisms, even 
without published genome sequence.

1   |   Introduction

Latest advances in high-throughput sequencing (HTS) have 
recently increased genotype calling and accuracy in ecologi-
cal and evolutionary studies. Despite the continued decline in 

HTS cost and increased availability in high-quality reference 
genomes, whole-genome sequencing (WGS) may still often be 
unaffordable, especially in species with large genomes or in 
studies based on a large number of individual samples. This 
is often mitigated using a Pool-Seq strategy, in which genomic 
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DNA from a large number of individuals of the same popu-
lation is pooled in equimolar proportions and sequenced to-
gether (Hivert et  al.  2018). However, many studies require 
individual knowledge (e.g., in landscape genetics, of intro-
gression and hybridization, etc.) or cannot rely on collecting 
enough individuals from each population (e.g., conserva-
tion genetics). In such contexts, a valuable alternative relies 
on reduced-representation sequencing (RRS), often based 
on the enzymatic digestion of the genome to focus the se-
quencing effort on small regions surrounding restriction sites 
rather than on all randomly sheared genomic fragments (i.e., 
restriction-site associated nuclear DNA sequencing or RAD-
Seq; Baird et  al.  2008) (Matheson and McGaughran  2022; 
North et al. 2021; Reid et al. 2021). The different RRS versions 
(Campbell et  al.  2018) still allow the genotyping of tens of 
thousands of single-nucleotide polymorphisms (SNPs) spread 
along the genome, and this strategy has been increasingly 
used over the past decade to study a wide range of questions, 
including gene flow or hybridization, demographic history, 
and local adaptation (Andrews and Luikart  2014; North 
et al. 2021).

However, beyond the reduction in information content com-
pared with WGS (e.g., fewer markers, less linkage disequilib-
rium (LD) information), RAD-Seq potential may be limited by 
specific biases that reduce genotyping calling and accuracy 
(Andrews et al. 2016; Bresadola et al. 2020; Cariou et al. 2013; 
Gautier et al. 2013). In particular, mutations at the restriction 
enzyme cut sites result in some individuals not being geno-
typed at particular loci or having a homozygous genotype 
called when the individual is actually heterozygous (Davey 
et  al.  2013), which is known as allelic dropout. These false 
homozygous calls result in biased genetic diversity estima-
tion and evolutionary inference (Arnold et  al.  2013). This 
bias becomes a problem only when effective population size 
is very large (Andrews et al. 2016; Cariou et al. 2013; Gautier 
et al. 2013) or when evolutionarily distant individuals are an-
alysed (e.g., in species-complexes). This bias is also limited 
when hard filters are applied to retain loci with high coverage 
across individuals and with allele frequencies above a cut-off 
(Andrews et al. 2016). Note that an insufficient number of tar-
get DNA fragments in libraries can also entail dramatic allelic 
dropout, or even locus dropout, i.e., when neither allele is sam-
pled (Andrews et al. 2016).

Furthermore, library preparation almost always includes a final 
enrichment of targeted sequences based on polymerase chain 
reaction (PCR) amplification. The stochasticity with which each 
original DNA molecule is amplified in the first cycles of PCR 
leads to uneven copy numbers (Kebschull and Zador 2015). Such 
imbalanced representation of the template DNA molecules may 
create genotyping errors, such as false negative allele calls in 
heterozygous genotypes (Casbon et al. 2011). To offset the dis-
tortion of the sequence representation due to PCR stochasticity, 
it is customary to remove a posteriori all multiple copies of the 
same template DNA molecule, called PCR duplicates, when 
they are traceable. This common denoising step makes it pos-
sible to quantify the number of distinct input DNA molecules 
before amplification that cover each SNP site (herein referred to 
as non-redundant depth of coverage). Rates of PCR duplicates 
vary greatly across RRS studies, with high frequencies in many 

cases (e.g., 20%–95% in RAD-Seq studies; Andrews et al. 2014; 
Euclide et al. 2020; Rochette et al. 2023; Schweyen et al. 2014). 
This is partly expected because library complexity (i.e., the 
amount of the input DNA that is amplifiable) is lower in RRS 
(Fu et al. 2018; Rochette et al. 2023), but such high rates of PCR 
duplicates can increase severalfold the cost of sequencing and 
may even result in insufficient non-redundant depth of coverage 
for reliable genotype calling (Cristofari et al. 2016).

In the version of RAD-Seq developed by Ali et  al.  (2016), re-
ferred to as bestRAD in the literature (e.g., Rochette et al. 2019), 
digested DNA samples are ligated to a biotinylated tag in order 
to be enriched in fragments carrying the restriction site by se-
lection on streptavidin beads. This fragment isolation step is 
particularly useful for increasing library complexity and is ex-
pected to considerably reduce the rate of PCR duplicates (e.g., 
23%–44%; Ali et al. 2016; Rochette et al. 2023). This strategy also 
allows for early and efficient multiplexing of samples, which 
significantly reduces the workload and cost when working on 
a large number of individual samples. Although this technique 
is increasingly used to produce RRS data in population genetics 
and phylogeographic studies, it has mainly been used on species 
from the same taxonomic group (i.e., vertebrates, mostly fish 
species, in 85% of studies) and by authors from the same coun-
try as the seminal manuscript (i.e., 95% of studies with at least 
one US affiliation; see Table S1 for further details). One possible 
explanation is the want of precise information concerning each 
step (e.g., volumes, quantities, durations, materials with supplier 
references, expectations and recommendations), hampering any 
easy transfer to other laboratories and biological models. This 
also precludes assessing reproducibility across libraries and/or 
laboratories and robustness to technical variability (e.g., quality 
and quantity of input DNA). During the first application in our 
laboratory, we obtained low quality libraries, i.e., a large number 
of non-target DNA fragments (adapter residues) and a low over-
all concentration.

In this study, we first optimised a molecular laboratory pro-
tocol of the bestRAD technique meeting the FAIR criteria 
(Findable, Accessible, Interoperable, Reusable) and easily ap-
plicable to any organism from which sufficient DNA can be pu-
rified and by any laboratory with experience in HTS. In order 
to assess the quality of HTS data produced using this proto-
col, we then applied it to 84 individual samples of the Oriental 
fruit fly, Bactrocera dorsalis (Hendel) (Diptera, Tephritidae), 
representative of the distribution range of the species. Over 
the last two decades, B. dorsalis has emerged as one of the 
most invasive and destructive insect pests of tropical and sub-
tropical fruits and vegetables, particularly in sub-Saharan 
Africa and the Indian Ocean (Drew et  al.  2005; Schutze 
et al. 2014). In this species, an individual approach is prefer-
able to take into account the possibility of misidentification 
or introgressive hybridization with closely related morpho-
logically cryptic species (reviewed in Charbonnel et al. 2023). 
We took advantage of available specific nuclear and mitochon-
drial genomes in this species and used a rigorous bioinformat-
ics methodology following Bresadola et al. (2020), Díaz- Arce 
and Rodríguez- Ezpeleta (2019), Gautier et al. (2013), Graham 
et al. (2020), Rivera-Colón et al. (2021) and Vaux et al. (2022). 
Mining RAD sequences for mitochondrial loci is an efficient 
strategy implying no additional sequencing effort (reviewed in 
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Laczkó et al. 2022), and potentially providing additional phy-
logeographic insights (e.g., hybridization) thanks to the dis-
tinctive characteristics of mitochondrial DNA (i.e., haploidy, 
absence of recombination, and maternal heredity; Hickerson 
et al. 2010; Wilson et al. 1985).

We described the quality of the B. dorsalis dataset by report-
ing the rate of PCR duplicates, assessing the impact of the 
amount and degradation of input DNA, estimating the call-
ing and genotyping error rates through the use of independent 
replicates of RAD-Seq libraries for several individuals from 
remote localities (in order to account for systematic biases that 
may affect some replicates similarly, such as polymorphisms 
in restriction cut sites or unequal PCR amplification rates of 
alleles; Bresadola et al. 2020), and evaluating the performance 
in representing the nuclear and mitochondrial genomes and in 
uncovering the geographic structure and evolutionary history 
of the species. As regards evaluating performance, we carried 
out analyses of genetic differentiation (e.g., phylogenetic tree, 
Bayesian clustering, multidimensional scaling) and diversity 
(e.g., LD, private alleles) and confronted our results with those 
obtained in studies that have addressed the genetic structur-
ing of the species across a large portion of its geographic range. 
Even though phylogeographic studies of B. dorsalis until 
recently have mainly exploited mitochondrial genetic varia-
tion (e.g., Garzón-Orduña et al. 2019; San Jose et al. 2018), a 
handful have been conducted on a few independent microsat-
ellite markers (e.g., Khamis et al. 2009; Kim et al. 2021; Qin 
et  al.  2018). Recently, two studies have focused on genome-
wide SNPs (Deschepper et al. 2023; Zhang et al. 2023) using 
WGS, thus making it possible, by comparison with our results, 
to assess the trade-off between data production cost and rel-
evance of the genetic information retrieved for population 
structure analyses at the global scale.

2   |   Materials and Methods

2.1   |   DNA Samples

A total of 84 adult Bactrocera dorsalis specimens were col-
lected from 2007 to 2021, either from orchards using ME 
traps or from infested fruits intercepted at EU border con-
trol points. All samples had been previously analysed by 
Charbonnel et  al.  (2023), who provided sampling details in 
their Table  S1 and confirmed for each specimen its species 
identification as obtained from morphological diagnosis 
(Drew and Romig 2013, 2016; White and Elson-Harris 1992) 
and molecular diagnosis based on a mitochondrial marker 
(COI) and two nuclear markers (ITS and EIF3L). By following 
Clarke et  al.  (2019) in considering the whole Indo-Malayan 
(or Oriental) biogeographic region as the native range, and 
thereby the Afrotropical, Australasian and Malagasy biogeo-
graphic regions as the invaded range, we can consider that 
samples were representative of their respective ranges (i.e., 34 
specimens distributed over 13 countries and 50 specimens dis-
tributed over 22 countries, respectively) (Figure 1A). Genomic 
DNA from the 84 samples was extracted on the full specimen 
using a non-destructive protocol, i.e., without damaging the 
external features essential for morphological identification, 
as described in Charbonnel et  al.  (2023). DNA quantity was 

measured using a Qubit dsDNA HS Assay kit with a Qubit 2.0 
fluorometer and DNA quality was evaluated using agarose gel 
electrophoresis (Table S2).

2.2   |   bestRAD Optimisation

We developed an improved and reproducible laboratory pro-
tocol of the bestRAD sequencing approach of Ali et al. (2016) 
in order to produce high-quality libraries, based not only 
on a large number of target DNA fragments but also on low 
amounts of unexpected residues and few artefact sequences. 
To achieve this, we tested and validated the following critical 
parameters: the quality and quantity of the DNA input, the 
ratio of the AMpure purifications, and the number of PCR cy-
cles of the final amplification. As required by the FAIR princi-
ples, each step of the final laboratory protocol is described on 
the protocols.io platform (Benoit et al. 2024) with special care 
to ensure precision (i.e., volumes, quantities, durations, ma-
terials with supplier references), along with quality controls, 
recommendations, and illustrations.

Each individual DNA sample was digested with the PstI restric-
tion enzyme and ligated to a unique biotinylated adapter (the 
individual barcode). All barcoded DNAs were pooled in batches 
of 20 or 24 and mechanically fragmented at 200–500 bp by son-
ication using a Bioruptor Pico (Diagenode). Fragments carry-
ing the restriction site were selected using Dynabeads M-280 
streptavidin magnetic beads (Invitrogen). Finally, the pools of 
samples were used as inputs for the NEB Next Ultra II DNA 
Library Preparation Kit (New England Biolabs) to be ligated to 
two homemade adapters (the plate barcodes) during the final 
PCR amplification. Following tests to determine optimal values, 
for this step of library construction we used: (i) 0.65× as the ratio 
of the two AMpure purifications, which determine the rate of 
free adapter residues and adapter doublets, and (ii) nine as the 
number of PCR cycles of the final amplification, which deter-
mine the quantity of target DNA fragments but also the rate of 
chimeric fragments formed by two or more biological sequences, 
along with the rate of PCR duplicates.

The final libraries were normalised to 10 μM, pooled, and se-
quenced (150 bp paired-end) on an Illumina NovaSeq 6000 
sequencing system in a single run (S1 flow-cell), except for 3 in-
dividuals (SP flow-cell) (MGX-Montpellier GenomiX platform). 
We expected to achieve around 25X in non-redundant depth of 
coverage, based on the prediction of 92,922 restriction sites (from 
the B. dorsalis genome GCA_020283865.1; Jiang et al. 2022), a 
low rate of PCR duplicates (i.e., around 30%), and Illumina spec-
ifications for the total number of reads.

2.3   |   Bioinformatics Methodology

2.3.1   |   Read Denoising

Raw sequence data were demultiplexed, first by pool of indi-
vidual samples, using cutadapt (Martin  2011) and allowing 
one substitution on the plate barcode, and secondly by indi-
vidual sample using process_radtags in Stacks2 (Rochette 
et  al.  2019). The process_radtags program was also used 
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to retain paired reads of high quality only (Phred quality 
score ≥ 30, and removal of any read with an uncalled base). 
Finally, we trimmed forward reads of the restriction site using 
Trimmomatic (Bolger et al. 2014), removing the first 5 nucleic 
bases, and used clone_filter in Stacks2 (Rochette et al. 2019) 
to identify PCR duplicates based on paired-end read sequence 
identity.

2.3.2   |   Loci Identification

We used the B. dorsalis nuclear genome (Jiang et  al.  2022) 
for aligning the passing-filtered reads with a reference using 
the Burrows-Wheeler Aligner (BWA-mem2; Vasimuddin 
et  al.  2019) with default parameters, and Samtools v1.14 (Li 
et al. 2009) was applied to retain pairwise primary alignments 

FIGURE 1    |    Country-based localities of the 68 individual samples of Bactrocera dorsalis with their ADMIXTURE individual ancestry coefficients. 
We used the method of Alexander et al. (2009) on the 7168 hard-filtered and independent SNPs. (A) Each colour corresponds to one of the four genetic 
clusters as shown in (B). Size of dot is proportional to sampling size per country. (B) Each individual is represented by a vertical line partitioned into 
K = 2, 3 or 4 coloured segments representing the estimated fractions of its genome pertaining to each of the K clusters. Individuals are placed along 
the x-axis according to their sampling locality, from East to West in continental Asia and West to East in Africa.
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only. Repeat elements in genome sequences were masked 
beforehand with the software RepeatModeler2 (Flynn 
et al. 2020; v2.0.2a), using NCBI blastn as the search engine 
and subsequently providing the generated repeat library as 
an input for RepeatMasker (Tarailo-Graovac and Chen 2009; 
v4.1.1). Loci were identified using the Marukilow model in 
the gstacks program of Stacks2, using the option –rm-pcr-
duplicates to remove remaining PCR duplicates based on 
mapping coordinates of the read pairs. The loci identification 
analysis identified 15 samples with a mean depth below 6X, all 
of which had more than 50% missing data (Figure S1). These 
15 poor-quality samples were excluded, and we reiterated the 
gstacks analysis on the 69 remaining samples.

2.3.3   |   SNP Calling and Hard-Filtering

Biallelic SNPs were called using the populations program in 
Stacks2 (Rochette et  al.  2019) and those that failed to reach a 
minimum mean depth of 6X and a minimum minor allele 
frequency (MAF) of 0.05 (equal to a count of 7 alleles) were 
removed using the vcftools program (Danecek et  al.  2011). 
From here, hard-filtering of SNPs (and consequently of loci 
that no longer contain SNPs) was carried out with R version 
4.2.1 (R Core Team 2022), using the vcfR package (Knaus and 
Grünwald  2017), the SNPfiltR package (DeRaad  2022; Knaus 
and Grünwald  2017) and the HDplot program (McKinney 
et al. 2017). First, we filtered out SNPs with evidence of puta-
tive paralogs, i.e., excessively high mean depth over all samples 
(≥ 40; Figure  S2A), excessively high observed heterozygosity 
(> 0.625; Figure S2B) and/or deviation from even read ratios in 
heterozygous genotypes (> 5; Figure S2B). The last criterion can 
also help to remove chimeric sequences with an incorrect com-
bination of barcodes created from parental sequences in sam-
ples from the same pool during library PCR enrichment (Schnell 
et al. 2015). We then removed genotypes with quality < 30 and/
or depth < 6 and subsequently, SNP sites with calling rate < 80% 
(and MAF < 0.05) and samples with calling rate < 50%.

2.4   |   Data Quality Assessment

2.4.1   |   Robustness to DNA Quality

As there were 13 DNA samples with a low molecular weight 
(Table S2), we investigated the impact of DNA quality on data 
denoising and loci identification. To this end, we created a bi-
nary explanatory variable (low vs. high DNA quality, for a mo-
lecular weight predominantly below vs. above 5 kb), and tested 
for its effect on various sample statistics using R version 4.2.1 (R 
Core Team 2022): (i) read and loci counts, using a negative bi-
nomial generalised linear model, with the function glm.nb from 
the MASS package (Venables and Ripley  2002), (ii) mapping 
rate, PCR duplicates proportions, and missing rate, using a Beta 
regression model analysis using the betareg package (Cribari-
Neto and Zeileis 2010), and (iii) mean depth, using an analysis 
of variance model, with normality verified by a Shapiro–Wilk 
test applied on residuals, with the stats package. Both former 
tests were followed by the application of an analysis of vari-
ance, using the Anova function from the car package (Fox and 
Weisberg 2018), to test for factor significance. We excluded from 

this analysis 5 samples that displayed both low mapping success 
and high prevalence of contaminant bacterial DNA, in addition 
to replicate samples and the three samples processed in a differ-
ent sequencing run.

2.4.2   |   Genotype Calling and Accuracy

In order to assess genotyping uncertainty, we replicated librar-
ies for five samples, one of which was finally excluded from 
analysis for poor quality (see results and details in Table  S2). 
To achieve this, we explored the parameter space for SNP hard-
filtering, namely the minimum genotype quality (from 10 to 40), 
the minimum genotype depth (from 0 to 15×) and the maximum 
proportion of missing genotypes per SNP (from 10% to 100%), 
the maximum proportion of missing data per sample being set at 
50%. We then used the poppr package (Kamvar et al. 2014) to esti-
mate the calling error rate, i.e., the complement of the frequency 
with which a genotype in a sample is also called in its replicate, 
and the per-allele genotyping error rate, i.e., the frequency with 
which a genotype in a sample differs from the genotype of its 
replicate, weighted by two when genotypes are homozygous for 
alternative alleles and by one when one genotype is heterozy-
gous and the other homozygous. Finally, we assessed the effects 
of the hard-filtering parameters on the proportion of SNPs and 
samples retained as well as on the calling rate in our dataset of 
69 individual samples.

2.5   |   B. dorsalis Worldwide Structuring Based on 
Nuclear SNPs

2.5.1   |   Phylogenetic Tree Based on Nuclear Loci

We produced a PHYLIP file of the sequence concatenation of all 
the hard-filtered loci, using the option—whitelist in the popula-
tions program in Stacks2 (Rochette et al. 2019). In compliance 
with the IUPAC ambiguity codes for heterozygous genotypes, 
variants were called only if they showed a calling rate > 80% 
and a MAF ≥ 0.05. The substitution model that best fitted the 
data was identified using ModelFinder as implemented in IQ-
TREE 2.2.2.6 (Minh et al. 2020) based on BIC. We then ran ML 
searches with 1000 ultrafast bootstraps (Hoang et al. 2018) using 
the selected model. In order to explore how sensitive the RAD 
topology was to model specification, we also implemented a par-
titioned data analysis, giving as predefined partitions the start-
stop positions for each sequential locus. Trees were plotted with 
iTOL (Letunic and Bork 2007).

2.5.2   |   SNP Unlinking

For population genetics analyses, we produced a reduced set of 
independent hard-filtered SNPs using two standard approaches 
to account for the effects of linkage. First, we pruned SNPs in 
high LD with each other, especially since it can concern cer-
tain regions of the genome, sometimes of considerable length. 
For this, we considered a large chromosomal window (1 Mb) at 
a time, and removed a SNP from pairs whose genotypes had a 
correlation coefficient greater than 0.3, using the function sn-
pgdsLDpruning of the SNPRelate package (Zheng et  al.  2012). 
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Secondly, we thinned SNPs within a short physical distance 
(2 kb), using the function distance_thin of the SNPfiltR pack-
age (DeRaad 2022). We verified random genotypic associations 
at different SNPs above this physical distance by investigating 
the decay LD across all SNPs. For this, we used the package 
PopLDdecay version 3.30 (Zhang et  al.  2019), the r2 measure 
(Hill and Robertson  1968) and a maximal distance of 1 Mb. 
In addition, we used the pcadapt package (Luu et  al.  2017), a 
tool for outlier detection based on principal component anal-
ysis (PCA), in order to remove the unlinked and hard-filtered 
SNPs that were outliers in the first two principal component 
dimensions. p-values were transformed into q-values using the 
qvalue package (Storey et al. 2023), with a specified FDR of 0.05 
as recommended by Luu et al. (2017). The BED-formatted files 
needed for SNPRelate, PopLDdecay, and pcadapt packages were 
produced using PLINK 2.0 (Chang et al. 2015).

2.5.3   |   Spatial Genetic Variation

Population genetics analyses were performed with R version 
4.2.1 (R Core Team  2022). The VCF file of independent and 
hard-filtered SNPs was converted beforehand into either objects 
of genind or genlight class with the vcfR package (Knaus and 
Grünwald 2017), or into a genepop file with the graph4lg pack-
age (Savary et al. 2021). We started by exploring spatial genetic 
structuring visually with a principal component analysis (PCA), 
using the glPca function in the adegenet package (Jombart and 
Ahmed  2011). We then used the maximum likelihood model-
based ADMIXTURE method v.1.3 (Alexander et al. 2009). The 
method first estimates the number of genetic clusters K, i.e., 
at Hardy–Weinberg and linkage equilibria, and then, for each 
individual, the proportions of their genome derived from each 
genetic cluster (ancestry coefficients). We explored successive 
values of K from 1 to 15 and performed a 5-fold cross-validation 
for each K value to determine which model had the best predic-
tive accuracy. Because the performance of methods to resolve 
the correct number of genetic clusters can be poor and hier-
archical population structure often leads to underestimation 
(Cullingham et  al.  2020; Janes et  al.  2017; Kalinowski  2011; 
Lawson et al. 2018), we also explored K values above the opti-
mal value.

Within each genetic cluster (but excluding individual sam-
ples from invaded islands: Madagascar, Mayotte, La Réunion, 
French Polynesia), we calculated the expected heterozy-
gosity (He) and inbreeding coefficient (Fis) using genepop 
(Rousset  2008) and the allelic richness using PopGenReport 
(Adamack and Gruber 2014). In addition to these summary sta-
tistics of genetic diversity, we constructed a Venn diagram of 
private and shared alleles and investigated the LD decay within 
genetic clusters using the same methodology as described above. 
Finally, we tested for isolation by distance within genetic clus-
ters, only when the subset of individual samples with sampling 
coordinates (i.e., orchard captures) was sufficient. To this end, 
we calculated between pairs of individuals the Euclidian geo-
graphic distance using the sf package (Pebesma 2018) and the 
genetic differentiation estimator ar (Rousset  2000) using the 
package genepop (Rousset  2008). We tested for significance of 
the correlation between matrices of genetic differentiation and 
of the natural logarithm of geographic distance using a Mantel 

test (9999 permutations) with the ade4 package (Dray and 
Dufour 2007).

2.6   |   B. dorsalis Worldwide Structuring Based on 
Mitochondrial SNPs

With the aim to identify mitochondrial variants in the passing-
filtered sequence reads of the 69 individual samples retained for 
analysing nuclear structure and diversity, we used the same pro-
cedure for read alignment as presented above except that we used 
the mitochondrial genome of B. dorsalis NC_008748.1 (15,915b; 
Yu et al. 2007) as reference. We produced a PHYLIP file of the 
sequence concatenation of the six mirrored loci located on either 
side of the three restriction sites of the PstI enzyme identified in 
the reference (Figure S3) using the option—whitelist in the pop-
ulations program in Stacks2 (Rochette et al. 2019). Variants were 
called only if they showed a calling rate ≥ 80%, a MAF > 0.01 
(i.e., a minimum of 2 counts) and no heterozygous genotype in 
order to reflect the haploid nature of mitochondrial DNA and 
to avoid nuclear mitochondrial pseudogenes (although this pro-
cedure can also remove variants that represent mitochondrial 
heteroplasmy; Laczkó et  al.  2022). Sequences were manually 
curated using Bioedit (Hall 1999) to exclude duplicated regions 
arising from an overlap between the forward read and the re-
verse read of loci originating from close restriction sites (Stobie 
et al. 2019; see also Figure S3), and exported in a FASTA format.

We reconstructed a phylogenetic tree following the same pro-
cedure as above, but without the partitioned data analysis, and 
visualised the spatial structuring by constructing a haplotype 
network using the TCS algorithm (Clement et al. 2002) imple-
mented in Popart v.1.7 (Leigh and Bryant  2015). Within the 
whole mitochondrial dataset as well as each genetic cluster 
defined by nuclear SNPs, we estimated the number of unique 
haplotypes, the haplotypic and nucleotidic diversities using the 
pegas package (Paradis  2010), and the number of segregating 
sites using the ape package (Paradis and Schliep 2019).

3   |   Results

3.1   |   Data Quality Assessment

3.1.1   |   Robustness to DNA Quality

In total, sample demultiplexing yielded 1,185,316,276 paired 
reads with a high-quality score, without a significant effect of 
the genomic DNA quality on the individual paired reads number 
(p-value = 0.366; Figure 2A). Conversely, the rates of PCR dupli-
cates detected on the basis of paired-end read sequence identity 
were significantly inflated by poor quality of the source DNA 
(p-value < 0.001; Figure 2B) and averaged 18% across samples 
(Table S2). The averaged mapping rate of 56% was explained by 
high repeat content in the B. dorsalis nuclear genome, without a 
significant effect of the quality of the genomic DNA on sample 
values (p-value = 0.253; Figure 2C). We reached an estimate of 
49% of repetitive elements (Table S3), in congruence with previ-
ous reports for B. dorsalis (46%; Jiang et al. 2022) or congeneric 
genomes (35% in B. oleae, Bayega et al. 2020; 31% in B. tryoni, 
Gilchrist et  al.  2014). The rates of remaining PCR duplicates 
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detected, based on paired-end read sequence coordinates, were 
still inflated by poor quality of the source DNA (p-value = 0.003; 
Figure 2D) and averaged 10% across samples. DNA quality did 
not affect the number of loci identified on the passing-filter reads 
(p-value = 0.303; Figure 2E) but lowered their quality with mar-
ginal significance (i.e., non-redundant depth: p-value = 0.049; 
missing data: p-value = 0.019; Figure  2F). This negative effect 
disappeared when excluding the DNA samples that did not pass 
the filters (i.e., non-redundant depth < 6× and missing data 
> 50%), which confirms the relevance of excluding them for sub-
sequent analyses.

3.1.2   |   Genotype Calling and Accuracy

The SNP hard-filtering procedure (i.e., mean SNP depth ≥ 6×, 
MAF ≥ 0.05, no evidence for putative paralogs, calling 
rate > 80% after genotypes with a quality < 30 and/or a depth < 6 
were removed) allowed us to retain 34,725 loci and excluded the 
ZAF_346 sample only, with a calling rate < 50%, for a final set 
of 68 samples. Thirty percent of SNPs were retained by the hard-
filtering procedure (i.e., 265,154), with a mean non-redundant 
depth of 23 and a missingness of 9% (Table  S4). Calling and 
genotyping error rates were estimated from our four technical 
replicates at 3.35% and 0.025% respectively. Over the parame-
ter space for SNP hard-filtering, the calling error rate exceeded 
10% only when the filter on the proportion of missing genotypes 
tolerated per SNP was loose (≥ 50%; Figure  3A). The calling 
error rate dropped to a minimal value of about 1% as soon as 

the filter on the maximum proportion of missing genotypes per 
SNP was set to 10% (Figure 3A), regardless of the values of other 
parameters, but at the cost of a smaller dataset due to SNPs being 
heavily filtered out (Figure S4). Allowing up to 20% of missing 
genotypes seems to be a good compromise for maximising gen-
otype calling (i.e., error rate < 5%) while retaining a sufficient 
number of SNPs (i.e., several thousands, the exact number 
depending on the values of other parameters, Figure  3A and 
Figure S4). Genotyping uncertainty was low over the whole pa-
rameter space, with a maximal value of 0.25% (Figure 3B). The 
allele-specific genotyping error rate quickly dropped to minimal 
values as soon as genotype quality was above 30 or depth above 
9, or for lower values when considering both genotype filters in 
combination (Figure 3B).

3.2   |   Phylogenetic Tree Based on Nuclear Loci

The sequence concatenation of all the hard-filtered loci was 
25,893,395b long and included 457,435 informative sites with a 
MAF > 0.05 and shared among at least 80% of the 68 samples, for 
a mean non-redundant depth of 15 and an overall missingness 
of 6%. All ML phylogenetic inferences yielded well-resolved 
trees, including most nodes with 100% bootstrap support, and 
recovered the same groups and relationships among individu-
als. Two major geographic clades were recognised (Figure 4A): 
(1) individuals of (pen)insular Asia, clearly separated accord-
ing to their country of origin (Malaysia, the Philippines and
Indonesia), together with the New Guinean sample grouped

FIGURE 2    |    Effects of DNA quality on read denoising and loci identification statistics. DNA quality is represented on x-axes under two categories: 
High quality (molecular weight above 5 kb), and low quality (molecular weight below 5 kb). A boxplot and dots for each DNA sample are represented 
on y-axes. Outputs came from (A) the process_radtags program in Stacks2, (B) the clone_filter program in Stacks2, (C) BWA-mem2 and (D–F) the 
gstacks program in Stacks2 using the option –rm-pcr-duplicates. We excluded from this analysis the 5 samples for which low mapping success was 
associated with high prevalence of contaminant bacterial DNA, the 5 technical replicates and the 3 samples processed in a different sequencing run 
(see Table S2 and main text for further details). Missingness is not represented since it was highly correlated to mean read depth.
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FIGURE 3    |    Error rates for genotype calling (A) and allele-specific genotyping (B) as a function of minimum genotype quality (columns), mini-
mum genotype depth (x-axis) and maximum proportion of missing genotypes per SNP (coloured lines). We show the average of error rates computed 
on the four technical replicates retained in the analysis before the hard-filtering step (the loci identification procedure identified GMB_312 and its 
replicate as low-quality samples, i.e., with a mean depth under 6× and more than 50% of missing data; see Figure S1).

FIGURE 4    |    Maximum likelihood phylogenetic tree (A) and first two principal component functions (B) inferred from the 68 individual samples 
of Bactrocera dorsalis. (A) The tree was constructed from the sequence concatenation of the 34,725 hard-filtered loci (25,893,395 bp) and rooted ac-
cording to Charbonnel (2024). Bootstrap supports > 90% are shown at the nodes with a dot. (B) The PCA was obtained on the 7168 hard-filtered and 
independent SNPs.
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with the three Indonesian specimens, and (2) all invasive sam-
ples from Africa, Mayotte and Madagascar. It is noteworthy 
that the two samples from Pakistan are the closest relatives of 
this latter African clade. Individuals of continental Asia (in-
cluding Hainan and Taiwan) were paraphyletic with regard 
to the African samples. The invasive sample from La Réunion 
clustered with two Indian samples, and the French Polynesia 
sample was connected to continental Eastern Asia. In spite 
of high bootstrap support, there was no clear geographic cor-
respondence within the African continent, suggesting a lack 
of spatial structuring in the recently colonised continent. Yet, 
samples from Mayotte and Madagascar clustered together, 
suggesting a shared history of invasion. In general, invasive 
individuals displayed distinctively longer branches, suggest-
ing high levels of drift.

3.3   |   Spatial Genetic Variation Based on 
Nuclear SNPs

From the 265,154 hard-filtered SNPs, 7290 were retained by 
the stringent procedures of pruning (correlation coefficient 
≤ 0.3 over a chromosomal window of 1 Mb) and thinning 
(above a physical distance of 2 kb). Of these, 122 were detected 
as outliers in the pcadapat analysis. The PCA applied to this 
SNP panel showed differentiation of the 68 individual samples 
in three main genetic groups along the first two principal com-
ponents (Figure 4B). The first PC axis described 6.11% of the 
total variation and distinguished Asian and African samples, 
while the second PC axis described 3.35% of the total varia-
tion and primarily differentiated continental Asian countries 
from Southeast Asian countries (including New Guinea). 
Individuals from the native Asian genetic groups displayed 
greater differences among them than individuals from the in-
vasive African genetic group: (i) along the PC2 axis, Southeast 
Asian insular samples (the Philippines and Indonesia) were 
clearly distinguished from peninsular Malaysian samples, 

and the New Guinea sample was closest to individuals from 
the Philippines and Indonesia, and (ii) the first two PC axes 
suggested a continuous geographic variation within conti-
nental Asia. The invasive samples from islands of the Pacific 
and Indian Oceans clearly clustered, to various degrees, with 
one of these main genetic groups along the first two PC axes: 
samples from La Réunion and French Polynesia with the 
continental Asian group, and samples from Madagascar and 
Mayotte with the invasive African group.

The ML method based on a model of distinct genetic clusters 
at Hardy–Weinberg equilibrium with admixture between 
them shed more light on the spatial genome-wide structure 
(Figure 1). The optimal number of genetic clusters (2; results 
not shown) distinguished all native Asian samples along with 
the invasive samples from La Réunion and French Polynesia 
on the one hand, from all the other samples from the invaded 
range (Africa, Madagascar and Mayotte) on the other hand. 
Exploring spatial structuring for a larger number of genetic 
clusters improved concordance with PCA and phylogenetic 
tree results. At K = 3, the Asian cluster separated into conti-
nental Asian countries (including the La Réunion and French 
Polynesian samples) on one hand, and the Southeastern 
Asian island countries and New Guinea on the other hand. 
At K = 4, samples from Western Africa were differentiated 
from Eastern and Southern African samples, including the 
Madagascan and Mayotte individuals. Co-ancestry esti-
mates suggested genetic similarity between Madagascar and 
Mayotte islands on one hand, and between Africa and conti-
nental Asia on the other hand. This, however, should be in-
terpreted with caution since inferences from ADMIXTURE 
were shown to overestimate admixture when sample sizes are 
small or unbalanced (Wang  2022). The two African clusters 
displayed the lowest level of genetic differentiation, though 
moderate (FST = 7%). Their respective levels of genetic differ-
entiation with respect to the continental Asian cluster were 
only slightly higher, more so for the Western cluster (FST = 8%) 

TABLE 1    |    Comparison of genetic diversity estimates among the four Bactrocera dorsalis genetic clusters assessed by the ADMIXTURE method.

Continental Asia
Southeastern Asian 

islands and New Guinea Southeastern Africa Western Africa

Nuclear RAD-loci

Sample size 17 10 11 26

Allelic richness 1.565 1.524 1.463 1.496

Expected heterozygosity 0.2508 0.2414 0.2055 0.2171

Inbreeding coefficient 0.1261 0.2081 0.0239 0.0278

Mitochondrial RAD-loci

Sample size 17 10 12 26

Nb of unique haplotypes 17 9 7 14

Haplotype diversity 1.000 1.000 0.758 0.757

Nucleotide diversity 0.0034 0.0021 0.0019 0.0017

Nb of segregating sites 165 97 60 57

Note: Samples from invaded islands (i.e., PYF, REU, MYT, MDG) were excluded from this analysis. The allelic richness was computed for six alleles, i.e., the smallest 
number of individuals sampled across all combinations of populations and loci multiplied by two.
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than the Southeastern cluster (FST = 10%). The continental 
and pen(insular) clusters of Asian individuals displayed a 
similar, moderate level of genetic differentiation (FST = 10%). 
Higher levels of genetic differentiation were found between 
other pairs of clusters (results not shown). High values of the 
inbreeding coefficient (FIS) in native Asian clusters suggested 
further genetic subdivisions (i.e., Walhund effect), unresolved 
by the ADMIXTURE genetic clustering probably due to small 
sampling size (Table 1).

Allelic richness and expected heterozygosity were higher in 
native Asian clusters than in invasive African ones while fairly 
even within each continent (Table 1). The great majority of al-
leles (74%) were shared by all four clusters, and only a limited 
number (1%) were restricted to a single cluster (Figure 5B). Out 
of the remaining quarter of alleles, 7% were exclusive to native 
Asia and 3% to invaded Africa, while 6% were shared between 
African clusters and continental Asia, and 5% were shared 
between Asian clusters and Western Africa (Figure  5B). We 
observed different signatures of LD with distance between 
SNPs in the four genetic clusters (Figure 5A). The continen-
tal Asian cluster displayed the fastest decay and the lowest 
stabilised value of LD (r2 ≃ 0.06). The Southeast Asian cluster 
displayed a slightly slower decay and a twice higher LD with 
distance (r2 ≃ 0.12) despite being in the native area, which may 
indicate smaller effective population sizes in this archipelago. 
The African clusters displayed the highest LD levels (r2 ≃ 0.15 
and 0.22 for the Western and Southeastern clusters, respec-
tively), matching expectations regarding invasive populations 
having experienced founder events. The test for isolation by 
distance among the 33 African samples (using GPS coordi-
nates) was significant (R2 = 0.205, p-value < 0.05, Regression 
slope = 0.007), indicating a low but positive correlation be-
tween genetic differentiation and geographic distance on the 
African continent (Figure S5).

3.4   |   Phylogenetic Tree and Network Based on 
Mitochondrial SNPs

The 1,295,238 passing-filtered reads we successfully mapped 
on the B. dorsalis mitochondrial genome allowed us to recon-
struct a 5418b-long sequence covering two distinct regions 
(2650-6145b and 9754–11,698b, respectively). Forty-nine 
unique haplotypes and 211 segregating sites were identified, 
with a mean non-redundant depth of 170× and 2.5% of missing 
data (see details by sample in Table S5). Calling and genotyping 
error rates, estimated from our four technical replicates, were 
slightly lower than for nuclear data, with respective values of 
2.5% and 0.0%. Overall, mitochondrial haplotype data pro-
vided a lower resolution of the spatial genetic structure than 
nuclear SNP data. The minimum spanning network distin-
guished the Asian native area from the African colonised area, 
with no shared haplotype at all and without strong structuring 
within each area (Figure S6A). Regarding the continental na-
tive range, we observed many unique or rare haplotypes, often 
distantly related. In contrast, the continental African samples 
comprised seven unique and exclusive haplotypes and three 
distant haplogroups, two of which were predominant (50% 
and 42.5%, respectively). These two major haplogroups were 
separated by 10 mutational steps and were distantly related 
to all the haplotypes from continental Asia (minimum of four 
and six mutations respectively). Moreover, they were found in 
several African countries, regardless of the SE-NW subdivi-
sion revealed by the nuclear SNP data. One of these predom-
inant haplogroups included samples from Madagascar and 
Mayotte, whereas La Réunion and French Polynesia samples 
represented unique haplotypes, and the New Guinean sample 
had the same haplotype as one of the three Indonesian sam-
ples. The ML phylogenetic tree displayed low resolution, with 
most nodes with less than 90% bootstrap support (Figure S7). 
Yet, in discordance with nuclear loci and in agreement with 

FIGURE 5    |    Linkage disequilibrium across physical distance (A) and Venn Diagram of allele sharing (B), respectively within and between the 
four Bactrocera dorsalis genetic clusters assessed by the ADMIXTURE method. Individual samples from invaded islands (i.e., PYF, REU, MYT, 
MDG) were excluded from these analyses. We used (A) 265,154 hard-filtered SNPs, or (B) 7168 hard-filtered and independent SNPs.
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the mitochondrial haplotype network, African samples form 
the same three distinct groups. The putative monophyly of 
the African group suggested by the nuclear data is not sup-
ported here. Mitochondrial haplotypic and nucleotidic diver-
sities calculated on the four genetic clusters as assessed by the 
ADMIXTURE method on the 7168 nuclear SNPs congruently 
showed much higher values in native Asia than in invaded 
Africa (Table 1).

4   |   Discussion

RRS can be affected by inherent sources of error (e.g., high rates 
of PCR duplicates, allelic dropout due to polymorphic restriction 
sites) that may critically lower rates of genotype calling and/or 
accuracy. In this work, we showed that this problem can eas-
ily be addressed by choosing a RAD-Seq version designed to in-
crease library complexity, i.e., the bestRAD technique developed 
by Ali et al. (2016), and a careful and meticulous approach. We 
first optimised the molecular laboratory protocol and reported 
two minor amendments to the initial protocol, which enabled us 
to minimise the number of unexpected residues and artefact se-
quences. We showed that this protocol was valid even for input 
DNA samples with barely detectable concentrations, i.e., at about 
5 ng/μL, below recommended concentrations for most RAD se-
quencing protocols (but see Komoroske et al. 2019). The protocol 
was also robust to moderate DNA degradation as long as sam-
ples had a molecular weight ≥ 5 kb, although half of the more de-
graded samples could also be analysed. Our estimate of the mean 
rate of PCR duplicates detected on both identity and mapping 
coordinates of the paired-end reads (29%) lies towards the lower 
end of the range of PCR duplicate values reported in the literature 
for the standard Baird et al. (2008) method (20%–95%; Andrews 
et al. 2014; Euclide et al. 2020; Rochette et al. 2023; Schweyen 
et al. 2014) but also for the bestRAD method of Ali et al. (2016) 
(23%–44%; Ali et  al.  2016; Rochette et  al.  2023). Furthermore, 
our two-step approach to remove PCR duplicates is likely to be 
sensitive, with the risk of missing PCR duplicates lower than that 
of removing sequences falsely detected as such (e.g., a single-step 
approach would have detected either 19% (identity) or 25% (coor-
dinates) of PCR duplicates). This result supports the addition of 
a restriction site-carrying fragment selection using streptavidin 
magnetic beads as an overall efficient means of limiting PCR 
duplicates. However, we showed that PCR duplicates can also 
depend on the quality of the input DNA, with a 50% increase in 
their proportion in DNA samples with a molecular weight below 
5 kb, again cautioning against the inclusion of poor-quality DNA 
samples.

Backed by a careful bioinformatics methodology, this labora-
tory protocol generated tens of thousands of polymorphic loci 
representative of the genome. The number of retained polymor-
phic loci remained substantial (34,725 loci) even after filtering 
on genotypes, SNPs, and samples. This corresponds to the ex-
pected number of fragments of a size comprised between 150 
and 1500 bp and with no bases masked for repetitive elements 
from an in silico analysis of the B. dorsalis genome, using the 
rsitesearch program from ddRADseqTools (Mora-Márquez 
et  al.  2017). Furthermore, these loci were evenly distributed 
along the genome (e.g., high correlation with the total unmasked 
base pairs of each chromosome; Table  S6) and accounted for 

about one-tenth of it (owing to a mean length of 745 bp). Thus, 
SNP number and representativeness should not limit the ability 
to yield an accurate description of population genetics structure 
and diversity and to address challenging tasks, such as tracing 
the origins of invasive events in the studied species. Using tech-
nical replicate samples whose library preparation and sequenc-
ing runs were different, we also obtained a low genotype calling 
error rate (a few percent), which would allow any user to merge 
different datasets produced with the same protocol for analyses 
(e.g., if so desired, to complete the current dataset). Finally, we 
revealed an insignificant per-allele genotyping error rate (a few 
hundredths of a percent), which was nearly one order of mag-
nitude less than the sequencing error rate estimated using 10% 
PhiX sequences (0.35%).

Additionally, 0.16% of the RRS libraries sampled mitochondrial 
DNA, which allowed us to reconstruct one-third of the B. dorsa-
lis mitochondrial genome (i.e., 5418b), in spite of a low-cut site 
frequency, with a great read depth (i.e., 10 times greater than 
for nuclear loci), few missing sites (i.e., half as that for nuclear 
loci) and a reliable representation of haplotypes (i.e., same hap-
lotypes between technical replicates). The number of informa-
tive sites was increased 6-fold compared with the highly variable 
but 10 times shorter COI barcode, which from the same sample 
set yielded half as many unique haplotypes and a coarser phy-
logeographic reconstruction (Figure S6B). For example, the two 
major African haplogroups were both only two mutational steps 
from the same native Asian haplotype, which was common and 
central to many unique haplotypes. However, despite having 
an effective population size of one-fourth of that of the nuclear 
genome, leading to rapid lineage sorting, mitochondrial data 
yielded low resolution and mainly corroborated the higher levels 
of phylogeographic structure recovered by nuclear loci (but see 
below). It should nonetheless be possible to elicit from such ad-
ditional data, at no additional sequencing effort, mitochondrial 
introgression due to past hybridization events between B. dorsa-
lis and B. carambolae, B. kandiensis and B. raiensis (reviewed in 
Charbonnel et al. 2023).

Using population genetics approaches, our RAD sequencing of 
only 68 individuals from 11 countries in native Asia, 13 invaded 
countries in Africa, and five islands in the Indian and Pacific 
Oceans depicted a well-resolved genetic structure of B. dorsa-
lis consistent with previously proposed patterns (Deschepper 
et al. 2023; Khamis et al. 2009; Kim et al. 2021; Qin et al. 2018; 
Zhang et al.  2023). We described the existence of four genetic 
clusters in B. dorsalis: two in the native area of the species, 
namely, continental Asia (from India to China) and (pen)insu-
lar Southeastern Asia (Malaysia, Indonesia and the Philippines), 
differentiated from each other, and two in the invaded range, 
namely, Southern and Eastern Africa (from the Democratic 
Republic of the Congo to South Africa) and Western Africa 
(from Senegal to Cameroon). The Western African cluster dis-
played a higher genetic diversity than the Southeastern African 
cluster. We also showed evidence that gene flow is limited by 
geographic distance at the African continental scale despite re-
cent colonisation, a fact that may partly explain the observed 
ADMIXTURE pattern. Finally, F-statistics and coordinates on 
PC axes suggested further genetic subdivision that should be re-
solved with a more thorough population sampling scheme and 
better geographic coverage.
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Our results also indicate potential sources for the five invasive 
samples from the Indian and Pacific Oceans, in agreement with 
previous NGS studies (Deschepper et al. 2023; Zhang et al. 2023) 
and sometimes with greater precision: (i) Southern continen-
tal Asia, probably India, for the La Réunion sample; (ii) Eastern 
continental Asia for the French Polynesia sample and (iii) the 
non-native Southeastern African group for the Madagascan and 
Mayotte samples. As for Africa, nuclear and mitochondrial phylo-
genetic placements were incongruent. In the mitochondrial data, 
African samples formed two main and divergent haplotypes that 
both branched off Asia, without further precision due to low sup-
port. In the nuclear ML tree, all invasive African samples seem to 
cluster as a monophyletic group that branches off from Pakistan 
samples. This preliminary result corroborates the WGS study 
of Zhang et al.  (2023), who identified Southern continental Asia 
as the source of the African invasion. In addition, Charbonnel 
et al. (2023) showed that several B. dorsalis specimens from Africa 
(Cameroon and the Congo) bore a B. kandiensis mitochondrial COI 
sequence, as did 23% of B. dorsalis originating from the B. kandien-
sis range (i.e., Southern continental Asia). However, African phylo-
genetic relationships should be interpreted with caution since the 
existence of gene flow or genetic drift would violate the method's 
assumptions and we cannot exclude the possibility that the two 
African groups originated from different introduction events. We 
expect that future RRS studies on B. dorsalis based on high-density 
population sampling and high-performance model-based methods 
implementing admixture and bottleneck events will make useful 
contributions to the unresolved aspects of its invasion history.

Overall, our study shows that bestRAD is an excellent compro-
mise between the cost of data production and the level of genetic 
information obtained for population genetic analyses. While 
WGS should, in general, provide a finer resolution, our more af-
fordable sequencing approach showed the same ability to resolve 
worldwide geographic structure despite our limited sample size. 
We estimate that, in WGS, the cost of our study would have been 
roughly three times higher, considering the size of the B. dorsa-
lis genome (468.7 Mb, Jiang et al. 2022), a very low rate of PCR 
duplicates (~5%; Ebbert et al. 2016), a tenfold increase in the cost 
of library construction (due to the lack of multiplexing capac-
ity) and the same sequencing effort and platform. The bestRAD 
method considerably reduced the cost and time of manipulation, 
even compared with the parent RAD-Seq version, by increasing 
both non-redundant depth of coverage and sample multiplexing 
of the libraries. The multiplexing capacity is a multiple of the 
number of biotinylated tags used in the ligation process (in our 
laboratory, 96) and is usually greater than in the parent RAD-
Seq technique of Baird et al. (2008) (in our laboratory, 32). In our 
laboratory, savings in total cost and handling time for producing 
libraries will reach about one-third as soon as several hundred 
individuals are analysed. We therefore expect bestRAD to long 
remain a valuable alternative to WGS for many evolutionary and 
ecological applications, as long as access to the entire genome is 
not required.
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