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ABSTRACT

Invasive species are among the most important, growing threats to food security and agricultural systems.
The Mediterranean fruit fly Ceratitis capitata is one of the most damaging representatives of a group of
rapidly expanding species in the family Tephritidae due to their wide host range and high invasiveness. Here,
we used restriction site-associated DNA sequencing (RADseq) to investigate population genomic structure
and phylogeographic history of medflies collected from six sampling sites, including Africa (South Africa), the
Mediterranean (Spain, Greece), Latin America (Guatemala, Brazil) and Australia. A total of 1,907 single
nucleotide polymorphisms (SNPs) showed two genetic clusters separating native and introduced ranges,
consistent with previous findings. In the introduced range, all individuals were assigned to one genetic cluster
except for those in Brazil, which showed introgression of a genetic cluster that also appeared exclusively in
South Africa and could not be previously identified using microsatellite markers. Moreover, the microbiome
variations in medfly populations from selected sampling sites was assessed by amplicon sequencing of the 16S
ribosomal RNA (V4 region). No strong patterns of microbiome variation were detected across geographic
regions or host plants, except for the differentiation of the Brazilian specimens which showed increased
diversity and unique composition of its microbiome compared to other sampling sites. The unique SNP
patterns in the Brazilian specimens could point to a direct migration route from Africa with subsequent
adaptation of the microbiota to the specific conditions present in Brazil. These findings significantly improve
our understanding of the evolutionary history of global medfly invasions and adaptation to newly colonised
environments.

INTRODUCTION

Drastic environmental changes affecting natural and anthropogenic ecosystems involve massive shifts in spe-
cies’ geographical distributions and cause worldwide invasions facilitated by the ability of certain species
to adapt to newly colonised environments (Heino, Virkkala, & Toivonen, 2009). Invasive species have been
associated with an estimated 1.3 trillion USD in economic losses and are responsible for diminishing local
species richness (Diagne et al., 2021). Therefore, frequent interventions are required to control the damaging
effects of invasive species from new colonisation events. Large-scale range expansions and intervention mea-
sures for pest control (e.g., pesticides, Sterile Insect Technique (SIT)) have profound but poorly characterised
effects on population structure, invasion pathways, and adaptation to local environments. Among agricul-
tural insect pests, the family Tephritidae (fruit flies) harbours several rapidly expanding species of great
concern, including the Mediterranean fruit fly Ceratitis capitata (Wiedemann, 1824) (commonly known as
medfly), a cosmopolitan, polyphagous species with over 250 different hosts of fruit and vegetables (White &
Elson-Harris, 1992). In the past two centuries, C. capitata has expanded from a presumed origin in Sub-
Saharan Africa to the Mediterranean basin and later spread to tropical regions in all continents (Gasperi,
Guglielmino, & Milani, 1991; Malacrida et al., 2007; Malacrida et al., 1992). Its range can shift with climate
change and commercial trade (Gutierrez & Ponti, 2011; Hill et al., 2016). It is considered one of the most
successful invaders worldwide and a significant economic pest to the fruit market, estimated to cost more
than 2 billion USD annually in losses (Sciarretta et al., 2018).

Differences in local climate and exposure to various host plants and natural enemies, reinforced by large
geographic distances, may have constrained gene flow, and resulted in differentiation of medfly populati-
ons. Current knowledge of medfly population genetics supports low levels of intercontinental connectivity
between the native and colonised ranges (Elfékih, Makni, & Haymer, 2010; Gasperi et al., 2002; Karsten,
Jansen van Vuuren, Addison, Terblanche, & Leung, 2015) but the rate of dispersal among introduced popu-



lations remains unclear, especially in Central and South America (Arias, Elfekih, & Vogler, 2018; Deschepper
et al., 2021; Ruiz-Arce et al., 2020), despite its importance for implementing pest control strategies. One of
the potential factors influencing the medfly’s propensity for dispersal and adaptation to new environments is
the interaction between the microbiome and its host. It has been previously reported that specific microbiome
variants exist synergistically with insect hosts and might rapidly spread across populations (Aharon et al.,
2013). Evidence from Drosophila melanogaster Meigen, 1830 suggests that shifts in microbiome composition
can alter population dynamics and, consequently, might be considered a relevant driver of ecological and
evolutionary processes at the population level (Rudman et al., 2019). The medfly receives its microbiota du-
ring oviposition via maternal inheritance (Behar, Jurkevitch, & Yuval, 2008). The composition during larval
development is restructured, with microbial community shifts occurring at different stages (Aharon et al.,
2013; Malacrino, Campolo, Medina, & Palmeri, 2018). Such knowledge dramatically enhances our understan-
ding of the influence of the microbial profile on insect development. Exploring potential shifts of microbiota
in introduced ranges could reveal further information regarding the medfly’s colonisation patterns.

The emergence of next-generation sequencing, including reduced representation genome sequencing tech-
niques such as Restriction Associated DNA-tags sequencing (RADseq), has made it possible to study the
population diversity of non-model organisms at the genomic level (Andrews et al., 2016, Davey & Blaxter,
2010). For example, RADseq has been used to address biological questions on demography and dispersal of
invasive insect pests (Elfékih et al. 2018; McCormack, Hird, Zellmer, Carstens, & Brumfield, 2013; Schmidt
et al. 2020), patterns of gene flow, phylogeography, and species delimitation (Eaton et al., 2013; Elfékih et
al. 2021; Emerson et al., 2010; Dong et al. 2021), microbial association and local adaptation (Orantes et al.
2018; van Oppen et al. 2018).

Using RADseq data, we present the genetic relationships, gene flow patterns, possible pathways of inva-
sions, and cross-continent colonisation routes of medfly populations collected from six regions distributed
worldwide. In addition, we examine genome-wide SNP variation and explore the bacterial microbiome profile
associated with each sampling site and its possible correlation with the medfly presumed dispersal routes.

2. MATERIALS AND METHODS
2.1 Sample collection

A total of 92 adults of C. capitata were collected in infected orchards from six sites across all biogeographic
regions where the species occurs (Afrotropical, Palaearctic, Neotropical, and Australasian) between 2005
and 2012 (Figure 1; Table 1). All flies were preserved in 80% ethanol and kept at -20°C until used for DNA
extraction.

2.2 DNA extraction, RADseq library preparation and sequencing

Genomic DNA was extracted from each whole specimen using a DNeasy Blood & Tissue Spin Column Kit
(Qiagen, Venlo, Netherlands), including the RNase treatment suggested by the manufacturer. The extraction
was performed in whole specimens previously washed with sterilised water three times to remove any external
contaminant in a room never exposed before to medflies. The DNA was quantified using Qubit 2.0 dsDNA HS
Kit (Thermo Fisher Scientific, Waltham, US-MA) and sent to GenePool laboratories (Edinburgh, Scotland)
for RAD-tag library preparation and sequencing. Brieflyy, DNA samples were digested using Sbfl high-
fidelity restriction enzyme (NEB Inc., Ipswich, US-MA). P1 adapters, each with a unique eight bp molecular
identifying sequence, were ligated using T4 DNA Ligase (NEB) to allow 16 individuals per lane multiplexing.
Fragments were pooled and size selected (300-700 bp) prior to purification with Qiagen columns. Fragment
ends were repaired using the Quick Blunting Kit (NEB), and P2 adapters were ligated using T4 DNA
Ligase. Minelute columns (Qiagen) were used to purify DNA. PCR enrichment of the libraries was performed
using Phusion Flash High-Fidelity PCR Master Mix (NEB) and size selected using gel electrophoresis. The
sequencing of RAD tags was done on Illumina GAIIx (Illumina Inc., San Diego, US-CA) following standard
protocols, and data is available via CSIRO Data Collection (Elfékih, Arias, & Vogler, 2020)

2.3 RAD data processing, SNP calling and filtering



Reads from the six libraries were demultiplexed using process-radtags (Stacks v1.13) (Catchen, Amores,
Hohenlohe, Cresko, & Postlethwait, 2011). Quality assessment and filtering were performed using FASTQC
(Andrews, 2012) and low-quality terminal sites were removed using Fastz_trimmer to produce reads of
exactly 87 bp. A total number of 55,043,269 reads were aligned using the bwa mem algorithms (Li &
Durbin, 2009) to the updated reference genome of C. capitata (NW_019376232.1) (Papanicolaou et al.,
2016). Finally, the bam files were sorted and indexed using Samtools (Li et al., 2009).

The STACKS program v2.2 (Rochette, Rivera-Colon, & Catchen, 2019) was used for SNP detection and
genotype calling under the Marukilow model using default parameters, except for the minimum mapping
quality (-min-mapq 20), which resulted in 35,345 loci from 42,8333,799 remaining reads for a mean coverage
of 78.2x. The populations program of the STACKS v2.2 package was applied to retain only loci with SNPs
present in at least 80% of the individuals in a specific population (r = 0.8) and the option order_export was
activated because the reads were mapped to a reference genome. The dataset was filtered by selecting the
most informative SNP per locus based on the options write-single-snps , to reduce the probability of linkage
disequilibrium among loci in the further analyses.

Deviation from Hardy-Weinberg Equilibrium (HWE) for each locus was examined using populations, and
those loci that deviated from HWE at a significance level of 0.005 were removed. Furthermore, we identified
outlier SNPs using ARLEQUIN v.3.5.2.1 (Excoffier & Lischer, 2010) and BAYESCAN v2.1 (Foll & Gaggiotti,
2008). For ARLEQUIN, we used the “no hierarchical island model”, 100,000 simulations and 1,000 demes.
The p- values from this analysis were adjusted for each locus using the FDR method to calculate the g¢-
values in R (Team, 2020). As for BAYESCAN we ran the analysis with 10,000 output iterations and 100
prior odds. The final putative neutral SNPs dataset consisted of 1,907 SNPs in 92 individuals (Table 1).

2.4 Demographic events and population assignment

Genetic diversity indices for each population, including observed and expected heterozygosity, private alleles,
nucleotide diversity and inbreeding coefficient, were calculated using populations in STACKS v2.2 (Rochette
et al., 2019). In addition, Tajima’s D was calculated using VCFtools (Danecek et al., 2011) to assess recent
historical demographic events. Finally, population differentiation was analysed using pairwise Fy;, and the
statistical significance was calculated under 20,000 permutations in ARLEQUIN v.3.5.2.1.

We assessed the population structure and differentiation using three clustering approaches. Firstly, we used
the discriminant analysis of principal components (DAPC) (Jombart, Devillard, & Balloux, 2010) as imple-
mented in the adegenet package (Jombart, 2008) in R (Team, 2020). The cross-validation zvaldapc functi-
on was used to determine the optimal number of principal components (PCs) using a training set of 0.6 with
1000 replicates (n.rep = 1000 ). The find.cluster function was used to infer the most likely number of clusters
with the Akaike Information Criterion (AIC) and K-means of 100 (Jombart et al., 2010). The optimal number
of genetic clusters was identified as the lowest AIC value. Secondly, we ran STRUCTURE v2.3.4. (Pritchard,
Stephens, & Donnelly, 2000) with 200,000 MCMC iterations following a burn-in of 100,000 iterations, using
the admixture ancestry model and no sampling location as a prior, setting a putative K from 1 to 6 in a total
of 15 independent iterations in each run (Falush, Stephens, & Pritchard, 2003). The web version of STRUC-
TURE HARVESTER (Earl & vonHoldt, 2011) (http://taylor0.biology.ucla.edu/structureHarvester/) was
used to infer the most likely K value based on the Evanno method (Evanno, Regnaut, & Goudet, 2005) and
the highest posterior mean log-likelihood (mean LnP(K)). CLUMPP (Jakobsson & Rosenberg, 2007) and
DISTRUCT v1.1 (Rosenberg, 2003) were used to summarise the similarity between replicates and visualise
the STRUCTURE plots, respectively. Finally, the fineRA Dstructure package (Malinsky, Trucchi, Lawson,
& Falush, 2018) was run to understand the recent shared ancestry at high resolution derived from haplotype
linkage information among all the samples. The database used contained 13,149 SNPs obtained after run-
ning populations on the set of 1,907 neutral SNPs deselecting the -write-single-snps option; this allowed
for the inclusion of linked SNPs in the different RAD-tags. This dataset was reordered first according to
linkage disequilibrium using the script sampleLD.R, fineRADstructure was run using the default settings.
The results were graphically interpreted using the Finestructure package (Lawson, Hellenthal, Myers, &
Falush, 2012) and the fineRADstructurePlot.R script (Malinsky et al., 2018).



2.5 Demographic history scenarios testing and species tree

To investigate which specific demographic history hypotheses were observed to be most compatible with ge-
netic structure, we applied a Bayesian approximate computation approach with supervised machine learning
as implemented in DIYABC Random Forest (DIYABC-RF) v 1.0 (Collin et al., 2021). Since the method is
computational demanding, the scenarios were kept simple and easily distinguishable from each other (Cab-
rera & Palsboll, 2017). To save calculation time, we grouped individuals into four groups (1) South Africa,
(2) Brazil, (3) Spain and Guatemala (Spain-Guatemala), and (4) Greece and Australia (Greece-Australia)
according to genetic groups defined by DAPC and STRUCTURE analyses (see Results, Fig. 3). The model-
ling strategy was focused on testing different phylogeographic scenarios reflecting hypotheses of colonisation
routes from South Africa to Brazil or to the cluster Spain-Guatemala based on the results in Fig. 6 and
the historical records (Fig. 1). Main phylogeographic hypotheses are explained graphically in Fig. S1A-B,
Supporting information. These scenarios were analysed individually, after selecting the best hypothetical evo-
lutionary scenario, we performed a second analysis only for the three scenarios with the highest classification
votes (Fig. S1B, Supporting information).

In accordance with DIYABC’s requirements, those SNPs missing in all individuals in one population need
to be excluded, which reduced the dataset to 312 SNPs across the 92 individuals. Uniform priors were used
as described in Karsten et al. (2015). Effective population sizes (N, ) were allowed to range between 10 to
100,000; the priors for generation times between divergence events were set from 10 to 10,000 and admixture
rate ranged from 0.001 to 0.999. A total of 20,000 data sets were simulated for each scenario and all simulated
data sets were used in each Random Forest training set. We used five noise variables and ran 2,000 random
trees to select the most likely phylogeographic scenario.

The species tree was inferred using SNAPP (Bryant, Bouckaert, Felsenstein, Rosenberg, & RoyChoudhury,
2012), a coalescent-based method analysis that uses SNP markers directly to compute the likelihood of
the species tree under a finite-sites mutation model over all possible gene trees. SNAPP is implemented
in BEAST v2.6.2 (Bouckaert et al., 2014) and estimates the probability of allele frequency change across
ancestor and descendent nodes, giving as results a posterior distribution for the species tree (Bryant et al.,
2012).

The putative neutral dataset was additionally filtered for non-polymorphic loci following the model assump-
tions. Running SNAPP comes at a high computational cost; therefore, we pruned our dataset to include five
randomly selected individuals from each population (N=30). The mutation rates (v and v ) were calcu-
lated and ran for at least one million generations per replicate with sampling every 1,000 generations. We
conducted three independent runs and evaluated convergence in Tracer v1.7 (Rambaut, Drummond, Xie,
Baele, & Suchard, 2018). The following analyses were carried out with the runs whose parameters presented
ESS > 200. We removed 10% of trees as burn-in and merged tree and log files from the different runs using
LOGCOMBINER v 2.4.1. Then, TREEANNOTATOR v2.6.2 was used to obtain maximum credibility trees
and the trees that were contained in the 95% highest posterior density (HDP). To visualise the posterior
distribution of trees we used DENSITREE v2.2.7 (Bouckaert, 2010). This process was repeated further by
randomly resampling different individuals than those used for the first run (with the exception of samp-
ling sites from Australia and Guatemala with < 10 individuals) to determine the subsampling effect on the
analysis.

2.6 Microbiome analysis

Sixty-three different individuals collected from the populations used in the RADseq analyses were used to
study their microbial structure and community composition. Individuals from all populations were used,
except for Greece and Guatemala. In addition, we included new samples from Colombia (CO) and Israel (IS)
in this analysis, resulting in a total of six sampling sites collected in nine different host plants (Figure 1 and
details in Supplementary Table 1). DNA was extracted following the protocol mentioned above, and the V4
region of the 16S rRNA gene was amplified in duplicates using the primers 515F-806R (Caporaso et al., 2011)
in one step PCR (95°C 5min, 25 cycles x [95°C 20s, 55°C 20s, 72°C 30s], 72°C 5min). The resulting amplicons



were pooled per sample and cleaned (AMPure XP magnetic beads, Beckman Coulter, Indianapolis, USA)
and PCR indexing was carried out using a Nextera XT DNA Library Preparation Kit (Illumina Inc., San
Diego, US-CA). The paired-end sequencing was performed at the Molecular Core Labs (Sequencing Facility)
of The Natural History Museum on a complete flow cell of the Illumina MiSeq platform using v3 chemistry
(2 x 300 bp).

Sequence data were processed in Mothur v1.41.3 by adapting the MiSeq SOP protocol (Kozich, Westcott,
Baxter, Highlander, & Schloss, 2013; Schloss et al., 2009). Following quality filtering, we merged forward
and reverse reads. Primers were removed, ambiguous bases were discarded, and sequences with over 15
homopolymers were excluded from further analysis. Unique sequences were aligned against the Silva Seed
v132 reference database (Quast et al., 2013), which was reduced and customized to the V4 region to avoid
errors and improve alignment quality. The maximum length of the sequences was set to 275 bp, and those
that did not align well were removed. Duplicate sequences were merged, and denoising of unique sequences
was performed with the commandpre.cluster with an allowance of 1 difference per 100 bp (Callahan et al.,
2016) to infer Amplicon Sequence Variants (ASVs). Singletons that did not cluster were removed at this
stage with the command split.abund. Chimaeras were removed using UCHIME and the Silva Gold database
(Edgar, Haas, Clemente, Quince, & Knight, 2011). ASVs were taxonomically classified using the Silva NR
v132 reference database with the command classify.seqs , and unwanted lineages, such as Archaea and
Eukaryota, were removed with the commandremove.lineage .

ASVs were summarised at the phylum, family, and genus taxonomic levels for further analysis. All statistical
analyses were computed in R (Team, 2020) using the packages phyloseq, microbiome, ape and vegan . The
number of ASVs shared in groups between different countries were visualized with Venn diagrams produced
through the Van de Peer lab website (http://bioinformatics.psb.ugent.be/webtools/Venn/). Alpha diversity
(within samples and communities) was calculated with the species richness (total number of ASVs) estimator,
and the Shannon (Shannon, 1948) and Inverse Simpson’s (Simpson, 1949) indexes. In addition, the Bray-
Curtis distance metric was used to quantify the dissimilarity of community composition between samples in
the different sampling localities, and permutational multivariate analysis of variance (PERMANOVA) was
used on the distance matrix to test for statistical differences between groups with the function adonis() from
the vegan package. Group homogeneity of dispersion was evaluated with the function betadisper() from the
vegan package (Anderson et al., 2006). Pairwise comparisons were tested with the pairwise.adoniswrapper
function by Martinez Arbizu (2020), and p-values were adjusted using Bonferroni corrections. We also perfor-
med analysis of similarities (ANOSIM) tests, with the Bray-Curtis distance metric, to evaluate whether any
differences in microbiome composition between groups were attributed to geographical distance or medfly
diet. ANOSIM results in a ratio of between to within groups variation, with an R value closer to 1 suggesting
dissimilarity between groups and values closer to 0 suggesting even distribution between and within groups
(Clarke, 1993). For these tests we used the anosim() function from the vegan package.

Differential abundance analyses were performed on the most abundant ASVs to assess differences in the
microbiome composition across sample sites with the package edgeR (Robinson, McCarthy, & Smyth, 2010)
implemented in R (Team, 2020). First, ASVs with relative abundance [?] 0.01% were chosen, and data nor-
malisation was implemented with function calcNormFactors() . Then, an exact binomial test was performed
to generalise over dispersed counts with the function ezactTest() (Xia, Sun, & Chen, 2018). Next, the top
differentially abundant ASVs were tabulated with function topTags() and the false discovery rate (FDR)
was estimated by adjusting the p-values with the Benjamini-Hochberg correction method (Benjamini &
Hochberg, 1995); ASVs with an FDR < 0.01 were considered significant and were chosen to visualize dif-
ferential abundance in the microbiome composition with the package ggplot2 (Wickham, 2016; Xia et al.,
2018).

3. RESULTS
3.1 Genetic diversity indices

Overall, genetic diversity as estimated based on the number of private alleles, nucleotide diversity (r ), and



expected heterozygosity (H, ) was higher for South Africa (native range) than for the other five populations
from the introduced range (i.e., SP, GR, GU, BR, AU) (Table 1). The smallest number of private alleles and
lowest genetic diversity were identified in Guatemala and Australia. Inbreeding coefficients (F;s ) were very
similar and around zero across all sampling sites indicating random mating for the different sites (Table 1).
Regarding Tajima’s D , the South African population had a negative value, showing a possible selective
sweep or recent population expansion. The remaining populations presented positive Tajima’s D values,
indicating balancing selection or sudden population contractions (Table 1).

3.2 Population assignment and structure

Pairwise F,; comparisons between regional samples showed low to moderate values ranging from 0.05
to 0.21; all comparisons were significant (Fig. S2, Supporting information). The highest Fy; value was
recovered between Guatemala and Australia, and lowest Fy; values were obtained comparing Spain and
Greece (0.05) and their respective comparisons with Australia (0.08 and 0.09). South African specimens
showed moderate Fs; values in pairwise comparisons with all sites, although slightly higher with the Spanish
and Greek (0.18 in both cases) than with Neotropical and Australasian sampling sites.

DAPC detected an optimal genetic cluster of two (K = 2) followed by three (K = 3) based on the AIC
value (Fig. S3A, Supporting information). DAPC results for K= 2 identified two clusters (South Africa and
Brazil) versus the rest, i.e. Spain, Greece, Guatemala and Australia (Fig. S4A, Supporting information).
The DAPC results for K = 3, with 16 principal components explaining 46.7% of the variance, showed two
separated clusters (South Africa and Brazil) and the rest (Fig. 2A). Group assignment analysis (compoplot
function) supported these clusters with a high probability of assignation (Fig. S4B, Supporting information).
Unexpectedly, the assignment plot placed one individual from SA (SA_8) (Fig. S4B-C, supporting informa-
tion) into the cluster composed of all other populations, indicating the ancestral presence of the colonising
alleles in low frequency or potential back colonisation from the colonised areas. Moreover, STRUCTURE
analyses identified K =2 as the most probable number of genetic clusters followed by K =3, with some
differences in the groupings as compared to the DAPC analyses (Fig. S3C, Supporting information). For K
=2, one cluster grouped all sampling sites except South Africa, which showed some degree of introgression
(<20%) from another genetic cluster (dark blue in Fig. 2 top). When considering K =3, Brazilian individu-
als showed a small proportion of cluster assignation to a cluster also present in the South African population
(light blue in Fig. 2B bottom). Further DAPC and STRUCTURE analyses were conducted, excluding
samples from South Africa (Fig. 3A-B) to explore the introduced range in more detail. DAPC detected
an optimal genetic cluster of three (K = 3) (Fig. S3B, Supporting information) with Brazilian samples as
the most divergent population and some differentiation between Spain-Guatemala versus Greece-Australia
(Fig. 3A). STRUCTURE analyses for K =2 detected a genetic break between Brazil and the rest of popula-
tions; forK =3, apart from identifying Brazil as belonging to a different genetic cluster, all individuals from
Guatemala were assigned to a distinct genetic cluster, and individuals from Greece and Australia were mostly
assigned to a separate cluster (with the exception of two individuals from Greece), while most individuals
from Spain had mixed association with the former two clusters in roughly similar proportions (Fig. 3B).

The co-ancestry matrix generated by fineRA Dstructure (Fig. 4) showed that all individuals of the respective
locations clustered together, with the exception of European samples from Spain and Greece, which appeared
mixed in two different groups. The most distinct group of samples was South Africa, showing the highest
values of co-ancestry, followed by Brazil. Both also showed higher ancestry relationships compared to the
remaining sampling locations, i.e. they presented fewer allele differences among them compared to the
remaining sampling sites. All other samples formed a cluster that could be subdivided into two subclusters:
subcluster A, including Australia and a mix of samples from Spain and Greece; and subcluster B, including
all samples from Guatemala and the remaining Spanish and Greek samples. The samples from Europe (Spain
and Greece) showed strong evidence of heterogeneous gene flow (indistinguishable genetic ancestry).

3.3 Origin of medfly infestation based on demographic history and phylogenetic analysis
In the DIYABC-RF analysis that tested six hypothetical evolutionary scenarios (Fig. 5), the classification



votes from Scenario 1 to Scenario 6 were: 599, 411, 123, 467, 267 and 133, respectively (i.e. the number of
times a scenario is selected in a random forest). Based on the classification votes and posterior probabilities,
the best fit was Scenario 1, with a posterior probability of 0.596 and global and local error rates of 0.499
and 0.404, respectively (Fig. 5). The projections of data set from the training set on the linear discriminate
analyses (LDA) indicated low power to discriminate the tested Scenarios 1, 2 and 4 because the observed
data set was located within the cloud of their simulated data (Fig. S5-C. Supplementary information). To
improve prediction quality and power of differentiation, we ran a new analysis only for Scenarios 2, 4 and 5
(selected based on the previous test results). The classification votes were 778, 1025 and 197 respectively.
The best fit scenario was Scenario 4, with a posterior probability of 0.697 and global and local errors of
0.246 and 0.303, respectively (Fig. 5). The projection of data sets from the training set in this second
test was located within the cloud of Scenario 2, indicating substantial power to discriminate among the
tested scenarios (Fig. S5-C. Supplementary information). Overall, the demographic colonisation scenarios
suggested a long and interconnected history of invasions of C. capitata in the studied sites. Both best fit
scenarios predicted Brazil divergence from the ancestral South African population. However, Scenario 1
predicted direct colonisation from Brazil to the other sampling sites, while Scenario 4 predicted that the
Spain-Guatemala group originated from the admixture between lineages from South Africa and Brazil.
According to these results, Brazil specimens were established by direct colonisation from South Africa and
likely admixture events leading to the establishment of the remaining lineages (i.e. Spain-Guatemala and
Greece-Australia).

SNAPP recovered a total of 15 consensus trees topologies. The consensus tree 1 covered 37.18% of the
total cumulative trees (Fig. 6) increasing to 67.04% when the consensus trees 2 and 3 were included. The
consensus tree topologies were consistent across the independent runs in which different individuals were
sampled from each location (Fig. 6; Fig. S6, supporting information), indicating that subsampling did not
significantly impact the topology of the SNAPP trees. The species tree revealed three highly supported
lineages (PP=1) corresponding to South Africa, Brazil and a third lineage comprised of all other regions,
whereas two nodes consistently showed moderate support corresponding to the divergence between Greece
(PP=0.81) and Guatemala and Australia (PP=0.84) lineages. These results are consistent with the genetic
clusters found in the DAPC and Structure analyses (Fig. 2 and Fig. 3). Effective population size represented
in the branch thickness of the consensus tree inferred by theta-estimates showed the highest value in South
Africa, followed by Spain, Brazil, and Greece with intermediate values (Fig. 6).

3.4 Microbial taxonomic composition and diversity measures

Amplicon sequencing of associated microbial communities on the Illumina MiSeq produced a total of
2,653,026 raw reads, and after quality filtering, dereplication and removal of non-bacterial sequences (Fig. S7,
supporting information), a total of 6,249 different ASVs were identified. The dominant phyla detected across
all samples were Proteobacteria (60.4%) (Fig. 7). In all samples from Brazil and some specimens from South
Africa, Spain, and Australia, the phylum Firmicutes was also abundant (18.7%). In contrast, Bacteroidetes
(7.8%) and Actinobacteria (5.5%) were observed only in some individuals across the localities. Noteworthy,
specimens from Bragzil exhibited a higher relative abundance of Firmicutes and Bacteroidetes than all other
locations (Fig. 7). At the family level, Enterobacteriaceae (27.4%), Anaplasmataceae (4.4%), unclassified
Clostridiales (3.1%) and Acetobacteraceae (1.8%) were predominant across all populations.

The individuals collected in South Africa and Brazil presented the lowest and highest number, respectively,
of unique bacterial ASVs (581 vs. 2,526) (Fig. S8A-C, Supporting information). South African individuals
shared a higher number of ASVs with the Palearctic and Australasian locations (73 and 98 ASVs, respec-
tively) than the Neotropics (42 ASVs) (Fig. S8A-C, Supporting information). Individuals from South Africa
and Brazil were collected from the same host plant, guava, but surprisingly the specimens collected from
Brazil shared more ASVs with its neighbouring country Colombia (89 ASVs), despite being collected from
different host plants, than with their putative native region in South Africa (52 ASVs) (Fig. S8B, Supporting
information). This suggests that the bacterial composition remained similar to the native source in some
localities, despite the medflies being collected from different host plants and geographically distant areas (see



Fig. 1 and Supplementary Table 1).

Based on Shannon and Inverse Simpson diversity indexes, samples collected in South Africa appeared to have
the lowest microbial diversity. At the same time, flies collected from different host plants and geographically
distant sampling sites such as Israel, Spain and Australia showed the lowest disparity in diversity indexes,
suggesting a similarity in microbial diversity. Conversely, the Neotropical region tended to have a more
diverse microbiome, and samples from Brazil presented the highest diversity indexes (Fig. S9, Supporting
information).

3.5 Microbial composition turnover among regions and host plants

Microbiome composition comparisons between the putative native South Africa and introduced range of
medfly were only statistically significant for the pairwise comparisons with Spain (F = 6.4, R2 = 0.30, p
= 0.015), Colombia (F = 7.4, R2 = 0.26, p = 0.015) and Brazil (F = 7.8, R2 = 0.41, p = 0.015).
In the introduced range, the microbiome structure of Spain was significantly different to that of Israel (F'
= 3.6, R2 = 0.15, p = 0.015) despite being collected partly on the same host plant (Fig. 1) and to
Brazil (F = 6.3, R2 = 0.28, p = 0.015). Conversely, the microbial communities from Spain, Australia
and Colombia showed no significant differences despite their geographic distances and being collected from
different host plants. In the neotropical region, the microbiome of medflies from Brazil and Colombia showed
significant differences (F = 7.0, R2 = 0.24, p = 0.015), although collected from different host plants (Fig.
1). ANOSIM analysis at the global scale showed significant differences in samples collected from different
locations (R = 0.429, p = 0.001) and different host plants (R = 0.196, p = 0.001), demonstrating the greater
importance of geographical distance for microbiome composition compared to diet.

Exclusively for the sampling sites whose microbiome composition was significantly different to South Africa
in the pairwise comparisons, we performed differential abundance analyses on the most abundant ASVs to
identify the differences at the genus taxonomic level. The comparisons between South Africa and Spain did
not detect any significant changes with the threshold implemented (FDR < 0.01). Indeed, the genus Kleb-
siella  was the only altered in high abundance between South African and Colombian samples, while 48
bacterial ASVs were evidently different in the analysis between Brazil and South Africa sampling sites (Fig.
8). Worth mentioning is that samples from both localities were collected in guava and presented a similar
relative abundance in the genus Flavobacterium. The genus Gluconobacter and unclassified Halomon-
adaceae were detected only at the low relative abundance in all medfly samples collected in South Africa.
In contrast, a high abundance of genus Acinetobacter , unclassified Burkholderiaceae, unclassified Clostridi-
ales, Dysgonomonas and Fscherichia-Shigella, was harboured exclusively across all the medfly samples
collected in Brazil (Fig. 8).

4. DISCUSSION
4.1 Population genomics of Ceratitis capitata

The present study is the first using reduced-representation sequencing genome in combination with a micro-
bial characterisation in the medflyC. capitata , using samples from key geographic locations to investigate
the species’ population history and microbiome on a global scale. We find strong evidence for two genetic
clusters corresponding to the South African individuals and the other localities in the introduced range, in
agreement with virtually all previous studies using allozymes (Gasperi et al., 2002; Gasperi et al., 1991;
Kourti, 2004; Malacrida et al., 1992), mitochondrial DNA markers (Arias et al., 2018; Elfékih et al., 2010;
Elfékih, Makni, & Haymer, 2013; Karsten, van Vuuren, Barnaud, & Terblanche, 2013; Ruiz-Arce et al., 2020),
and microsatellites (Bonizzoni et al., 2004; M. Bonizzoni et al., 2001; Deschepper et al., 2021; Karsten et
al., 2015; Nikolouli et al., 2020). In addition, when we analysed the five sampling sites from the introduced
range separately (i.e., removing the South African samples), populations from Brazil represented a unique
genetic cluster that had not been recognised in previous studies. The Brazil cluster was also characterised
by a distinct microbiome and the highest overall bacterial diversity.

Karsten et al. (2013, 2015) observed high genetic diversity in South African medflies due to a large number



of alleles present at low frequency, including many private alleles, which led them to suggest that this
population was ancestral and has maintained a large population size over time. Other studies have shown
that populations derived from the African lineage exhibited a gradual decrease in genetic variation (Malacrida
et al., 2007; Deschepper et al., 2021 and references therein), first to the Mediterranean basin populations and
a second towards American populations, thus dividing the colonisation process of the medfly in three main
categories: Ancestral populations (Sub-Sahara and Africa), ancient populations (Mediterranean basin) and
recent populations (America) (Gasperi et al., 2002; Malacrida et al., 1998). Our results showed a different
pattern of genetic variation: across the introduced range, most of the sampled locations belong to the same
big genetic cluster, indicating gene flow among these locations, except for Brazil.

Gasperi et al. (2002), using allozymes, found similar levels of genetic variability in South American po-
pulations (i.e., Argentina, Brazil and Peru) to African ancestral populations, and they stated that these
populations did not have enough time to reach equilibrium and further differentiation. Furthermore, Niko-
louli et al. (2020) described a discrete genetic cluster in some South American populations (Argentina, Brazil
and Bolivia) using microsatellites; however, they stressed that this genetic cluster was not clearly distinct
from other medfly populations worldwide. Our study identified high genetic diversity and a genetically dis-
tinct cluster of medflies collected in Brazil. These findings suggest that some South American populations
might be derived from different genetic sources.

The combination of population structure and ABC analyses with supervised machine learning allowed us to
reconstruct the most probable evolutionary scenario of C. capitata. It is important to note that only a portion
of the total geographical distribution of medfly is covered in this study. Nevertheless, our limited data set was
able to support the initial divergence from South African ancient populations that gave rise to populations
in Brazil at a different time than those in the rest of the world. These findings are partially congruent with
historical records of medfly distributions (Malacrida et al., 1998), which medfly colonisation route may have
occurred through the transatlantic trade of enslaved people, as has been described in D. melanogaster |
which is also a descendant from the Afrotropical region (David & Capy, 1988). Furthermore, the medfly
museum collections at the Natural History Museum of London provided historical records to support this
suggested new colonisation route. We found that in the collection, the oldest record was dated in 1904, with
specimens collected in the tropical Saint Helena Island (Fig. 1). This island, a UK overseas territory located
in the South Atlantic Ocean, midway between Africa and South America, was an important port during the
crown colony and an obligate stop for the Trans-Atlantic trade in the colonial period. The human population
in Saint Helena has genomic traces linking them with Central-West African populations, moved during the
slavery years (Sandoval-Velasco et al., 2019). This colonisation route for the medfly, different from the one
connecting the Mediterranean area and South America, had been mentioned by Gasperi et al. (2002) and
Ruiz-Arce et al. (2020) but has never been probed at the genetic level. Our results modify the previous belief
that only Mediterranean basin medfly populations had contributed to the colonisation of South America, as
described in previous publications (Deschepper et al., 2021; Malacrida et al., 1998; Malacrida et al., 2007),
and points out new potential ancestry sources for the genetic units in the South American populations that
need further investigation.

4.2 Microbiome of Ceratitis capitata

Despite a wide range of host plants and large distances among collection sites, many microbial taxa were
identified in both the native and introduced ranges of the medfly. The microbiome composition was highly
similar across the biological replicates and the sampling sites, except for the specimens collected in Brazil. The
microbiome of all samples was dominated by the phylum Proteobacteria followed by a few other predominant
phyla: Firmicutes, Bacteroidetes, and Actinobacteria, which is consistent with the significant phyla previously
observed in association with tephritids (Deutscher, Chapman, Shuttleworth, Riegler, & Reynolds, 2019;
Morrow, Frommer, Royer, Shearman, & Riegler, 2015; Nikolouli et al., 2020). It is important to note
that in this study, we used individual mature adults collected in wild conditions, while previous studies
were performed on pooled dissected guts of larvae (De Cock et al., 2019; De Cock et al., 2020), adult
guts (Nikolouli et al., 2020) or adults collected from infected fruits that emerged in laboratory conditions
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(Malacrino et al., 2018). Despite the technical differences, these studies have defined Proteobacteria as the
predominant phylum, albeit at a higher abundance ([?] 80%) compared to our study (60.4%). Besides this,
the abundance of the phylum Firmicutes in those studies was lower ([?] 10%) compared to our results (18.7%).
Differences observed in abundances for these phyla might be explained by differences in the sample source
and/or life stage of the medflies analysed. At different taxonomic levels, the prevalence of an unclassified
Enterobacteriaceae genus (Gammaproteobacteria) was expected because it is known to dominate the first set
of maternally inherited microbiota, which is vertically transmitted during oviposition in tephritids (Aharon
et al., 2013; Behar, Yuval, & Jurkevitch, 2005; Deutscher et al., 2019).

The microbiome abundance and composition remained similar to the native range across different host
plants and some distant localities despite the low number of ASVs detected in South Africa. Furthermore,
the microbiome structure in the introduced range presented similar numbers of ASVs among Spain, Israel,
Australia and Colombia, with significant differences in their microbiome composition only found for Spain
and Israel. These results of the microbiome structure mirror our population genetic analysis, where we
found genetic similarities among all the populations in the introduced range, except Brazil. Therefore, we
suggest that these microbial communities are stable regardless of the distances, host plants and differences
in environmental conditions, also reflecting the interconnectivity between these localities. In this context,
similarities in microbiome composition were found between Spain and Australia, which were also highly
connected populations in our DAPC (both populations appeared in the same genetic cluster) and population
structure analysis. On this basis, the connectivity of the medfly populations might facilitate a bacterial
exchange/transmission across them, suggesting the attainment of an essential microbiome set over time that
successfully serves the medfly’s polyphagous nature (Gruber et al., 2019). This could represent a solid
contributing factor to the species’ invasive success by ensuring a universal way of feeding on various plants
in introduced ranges.

A particular case is the unique microbiome composition in the Brazilian population. A recognised factor that
influences microbiome composition is feeding on different plant species (Malacrino et al., 2018). However, in
this study, Brazil and the native South Africa were collected from the same host plant, Guava. Consequently,
we suggest that the somewhat isolated flies of Brazilian populations acquired new bacteria from the new
environment. Also, exclusively in Brazil, we found in high relative abundance Acinetobacter (phylum Pro-
teobacteria) that was previously described in larvae of medfly (De Cock et al., 2019; Malacrino et al., 2018).
The genus Acinetobacter is associated with plant defence suppression mechanisms in polyphagous insects,
which is known to help insects to detoxify phenolic glycosides in vitro(Mason, Couture, & Raffa, 2014),
although some other bacteria, which are difficult to isolate in culture, may contribute to the metabolism of
this metabolite.

Unclassified Burkholderiaceae in Brazil were previously described only in medfly adults collected in Italy
(Malacrino et al., 2018). The presence of these bacteria has been associated with nitrogen fixation (i.e.
diazotroph microbes), which is an essential mechanism for the fly’s nutrition, development, and reproduc-
tion (Behar et al., 2005; Raza, Yao, Bai, Cai, & Zhang, 2020). Most insect microbiomes are maintained
by strict vertical transmission, however, noteworthy is the case of the bean bug Riptortus pedestris (Het-
eroptera: Alydidae), where it is known that some strains of Burkholderia are taken at early stages every
generation from the environment (Kikuchi, Hosokawa, & Fukatsu, 2007). Members of the genus Burkholde-
ria are known as significant soil bacteria, although the details of the acquisition mechanisms of the bacteria
in R. pedestris remain unknown (Kikuchi et al., 2007; Kikuchi, Meng, & Fukatsu, 2005). However, in
agricultural lands with intensive insecticide applications, an acceleration in the microbial degradation of
the insecticide has been observed (Arbeli & Fuentes, 2007; Singh, Walker, & Wright, 2005). Subsequently,
when R. pedestris occurs in fields heavily treated with the insecticide fenitrothion (one of the most popular
organophosphates), some Burkholderia strains show the ability to degrade the insecticide and demonstrate
that Burkholderia confers resistance to the insect against the organophosphate, establishing a beneficial
symbiont relationship (Kikuchi et al., 2012; Kikuchi & Yumoto, 2013). This finding raises the possibility
that the Burkholderia observed only in Brazilian medflies may be associated with the novel acquisition of
capabilities to hydrolyse and metabolise insecticides, thus enhancing the fitness of the host insect. Although
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this hypothesis should be further tested, it might be an example of horizontal transmission of microbiomes
from the soil associated with a demographic response to insecticides and calls for specific experiments to
understand the emergence of resistance and the bacterial strains involved. Another example to consider as
horizontal transmission observed exclusively in Brazil is Dysgonomonas. This member of phylum Bac-
teroidetes is found on the surface of plant roots in the soil (Liu et al., 2018) and has been described in the
guts of wild specimens of Bactrocera dorsalis, a species closely related to the medfly, suggesting that they
might have been recruited from the surrounding environment (Wang, Jin, & Zhang, 2011).

Overall, most of the prevalent genera identified exclusively in Brazil are associated with the soil microbiome,
which raises questions about the possible functions of the microbiome in this specific locality. A recent
publication found differences in chromosomes and changes in the allele frequency between experimental and
natural populations of D. melanogaster that were exposed to different microbiome treatments, suggesting
that a shift in microbiome composition may be an agent of selection that drives adaptation at population
levels (Rudman et al., 2019). Here, we reveal the correlation between the microbiome composition and the
genomic structure of the populations and highlight the importance of the host-microbiome interaction for
the adaptation of the medfly to different environments. Therefore, further research at a population level will
be required to unveil the role of the microbial communities in the medfly.

5. CONCLUSIONS

To our knowledge, this is the first genome-wide study investigating both population genomics and bacterial
communities associated with Ceratitis capitata. Our data offer an in-depth view of medfly population
structure and yields insights into the influence of invasion pathways on the microbial diversity. It revealed
genetic structure, with one genetic cluster in South Africa (the native range of medfly), and then two distinct
genetic clusters in the introduced range: one associated to the Brazilian individuals and the other, clustering
specimens further distance such as Spain, Greece, Guatemala, and Australia. Furthermore, the microbiome
surveys highlighted Brazil as the most diverse set of microbiota compared with all other sampling sites.

Both approaches (genomic and microbiome) emphasize the uniqueness of Brazil’s population, which opens
the possibility for a completely independent colonisation route from Africa to America during the colonial
period, using the transatlantic trade routes that passed through St. Helena Island. Museum records and
ABC modelling with supervised machine learning supported this alternative colonisation route. In any
case, further research is needed to elucidate the possible effect of microbiota in the genomic divergence at a
population level and to identify the possible role and transmission pattern of the microbiome in the host fly.

Worldwide medfly management requires huge financial resources. The use of genomic tools provides an
opportunity to develop a framework for a survey of medfly invasion pathways and to identify alleles that
might be crucial for population differentiation. We suggest that future studies should use SNPs information to
create quick identification methods (e.g., genomic tagging) that will help to inform potential novel outbreaks
to the quarantine services and allow for better development and implementation of suitable pest management
strategies.
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FIGURE LEGENDS

Figure 1. Worldwide map showing in colours the sampling locations for the specimens used in RADseq
analyses. Dates in parenthesis represent the earliest record based on literature and the Natural History
Museum of London collection (e.g. St Helena Island). Dark grey countries: Colombia (CO), Israel (IS) and
the asterisk (*) indicated medflies collected for microbiome analyses; the numbers indicate the host plant
(note that some flies from the same sampling site were collected in different host plants).

Figure 2. Individual genotype assignment for the six populations of medfly distributed worldwide. A)
DAPC plot for the clustering obtained in AIC analysis (K = 3). B) Individual genotype assignment inferred
by STRUCTURE with K =2 and K=3 top and bottom, respectively.

Figure 3. Individual genotype assignment for the locations in the introduced range of medfly. A) DAPC
analysis for the clustering obtained in AIC analysis (K = 3) of 82 individuals. B) STRUCTURE results
based on K =2 and K =3 top and bottom, respectively.

Figure 4. Simple co-ancestry heatmap for medfly populations. Top: the raw data matrix tree (simple hier-
archical “tree-like” with posterior population assignment probabilities), each tip corresponds to a sampling
site. Left: the location abbreviations. Bottom: the clusters identified in the co-ancestry matrix.

Figure 5. Best fit hypothetical evolutionary scenarios of the invasion routes of C. capitata. Left: topology
of the best fit scenario selected from six different invasion routes (Scenario 1); South Africa was predicted
as the ancestral population followed by colonisation of Brazil, and from there was predicted a divergence
to the cluster Spain-Guatemala and Greece-Australia. Right: topology of the best-predicted scenario from
three different invasion routes tested (Scenario 4). South Africa was the predicted ancestral population for
medfly followed by divergence to Brazil. The clusters Spain-Guatemala and Greece-Australia appeared to
be the result of admixture between South Africa and Brazil populations (see Methods and Supplementary
Fig.S1 for details). Colours correspond to sampling sites codes in fig 2A (except sampling sites grouped).

Figure 6. Species tree of 30 individuals collected across six medfly sampling sites (SA: South Africa, BR:
Brazil, SP: Spain, GU: Guatemala, AU: Australia). A total of 15 consensus tress topologies were obtained,
here is represented the consensus tree 1 which covers 37.18% of the total cumulative trees. Branch width is
proportional to theta represented in black.

Figure 7. Relative abundance of the different microorganisms by phyla detected across six sampling local-
ities of medfly. Phyla with abundance lower than lare the abbreviations to each population studied, each
bar represented one specimen per sampling site, for more information refer to Table 1 and Supplementary
Table 1.

Figure 8. Differential abundance of medfly microbiome at genus taxonomic level in Brazil (BR) and South
Africa (SA). On the left, levels represent 48 ASVs with relative abundance above 0.01% and FDR under
0.01. Circles are colour coded according to bacterial phylum and RA stands for relative abundance. The
ASV taxonomically assigned to Burkholderiaceae_unclassified is highlighted in blue to indicate its unique
presence in all samples from Brazil.

SUPPLEMENTARY FIGURE LEGENDS
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Figure S1. Graphical representation of hypothetical evolutionary scenarios of medfly using DIYABC-RF.
The strategy focused on testing hypotheses of colonisation routes from South Africa to Brazil or South Africa
to the rest of the sampling sites. A) Analysis 1, in light grey, highlights the best fit Scenario. B) Analysis 2,
using only Scenarios 2, 4 and 5 (the highest CV values in Analysis 1). The best fit scenario is highlighted in
light blue. CV: corresponded to the classification vote for each scenario obtained in the different analyses.

Figure S2. Pairwise Fst values for the six populations of medfly. All calculations were significant, ab-
breviations are based on where populations are collected. SA, South Africa; SP, Spain; GR, Greece; GU,
Guatemala; BR, Brazil; AU, Australia.

Figure S3. AIC statistic plots where lower value indicates optimal clustering. A) Optimal AIC estimation
using the dataset with the six populations. B) Optimal AIC estimation using only populations collected
in introduced range (i.e. SP, GR, GU, BR, AU). Delta K estimation by Evanno method. C) Best delta K
estimation using the dataset with the six populations. D) Best delta K estimation using only populations
collected in introduced range (i.e. SP, GR, GU, BR, AU).

Figure S4. Clustering analysis using the 1907 SNPs. A) Group assignment probability plot using K=3
based on DAPC analysis. The colour of cells points out the probability of assigning a given sample (red:
high probability) and the blue crosses indicate the true group assignment. The row labels are specimens ID
and columns (clusters) correspond to the population groups. B) Hierarchical clustering (Ward clustering),
SA: South Africa, BR: Brazil, OP: Other populations. Dark red arrow is highlighting the specimen SA_8
assigned to the major cluster formed by populations collected in the introduced region.

Figure S5. Projection of dataset (observed data) from the training set on Linear Discriminant Analysis
plots. C) Analysis 1, six scenarios analysed individually. D) Analysis 2, three scenarios analysed individually.

Figure S6. Tree cloud produced by DENSITREE from SNAPP analysis. Left: tree cloud of the 15
consensus trees of Fig. 6.Right : tree cloud obtained by independent subsample set from the six populations
studied. Maximum-clade-credibility tree estimation is shown in dark blue (most highly supported), red is
the next most supported, and green is the least supported. Maximum-clade-credibility tree shown in the
black right-angled tree with posterior probabilities at nodes. Branch width is proportional to theta.

Figure S7. Plot of sequencing read depth for microbiota database and the rarefaction curve.

Figure S8. Number of unique and shared ASVs across different biogeographical regions. A) South Africa
compared to Palearctic sampling locations. B) South Africa compared to Neotropical sampling locations.
C) South Africa compared to Australia (Australasian).

Figure S9. Alpha diversity of medfly microbiome across six sampling locations. Observed (number of ASVs
present -species richness), Shannon, Inverse Simpson and Pielou’s evenness diversity indexes.

TABLE LEGENDS

Table 1. The collection sites of C. capitata used in the population genomic analyses. Sample size (N) and
summary of genetic diversity indices, H, : observed heterozygosity, H, : expected heterozygosity, n refers to
nucleotide diversity and Fjs to inbreeding coefficient.

Supplementary Table 1. Samples of C. capitata collected from six countries in nine different host plants
used in the microbiome composition analyses. N corresponds to the number of biological replicates.
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CV: 599; post prob: 0.596
GE: 0.499; LE: 0.404

Scenario 4
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CV: 1025; post prob: 0.697
GE: 0.246; LE: 0.303
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