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Load packages

library(radiator)
library(assigner)
library(strataG)
library(adegenet)
library(stockR)
library(dartR)
library(dplyr)
library(ggplot2)
library(hierfstat)
library (OutFLANK)
library(pcadapt)
library(plyr)
library(qvalue)
library(rnaturalearth)
library(ggspatial)
library(pegas)
library (poppr)
library(diveRsity)
library(grDevices)
library (MASS)
library(wesanderson)
source ("Rdata/Filtering funtions.R")

colours8 <- c("#3B9AB2", "#78B7C5", "#046COA","#EBCC2A","#9986A5",
"#EGAOCA" , "#FD6467", "#F21A00")
names (colours8) <- c("NATL", "NEATL", "MED", "SAF", "wIO", "NIO", "EIQ", "SWPAC")

coloursl12 <- c("#81D4FA", "#26C6DA","#046COA", "#0D4A7A1", "#FFAOOO", "#FDD835","#9986A5",
"#EG6AOCA" ,"#BA68C8", "#FD6467", "#F21A00", "#B71C1C")
names (colours12) <- c("NATL", "NEATL", "MED1", "MED2", "SAF1", "SAF2", "WIOQ", "NIO",
"EIO", "SWPAC1", "SWPAC2", "SWPAC3")

colours6 <- c("#046C9A","#F21A00", "#EBCC2A","#9986A5" ,"#3BIAB2" , "#FD6467")

shortnames <- c("NATL", "NEATL", "MED1", "MED2", "SAF1", "SAF2", "wIO", "NIO", "EIO",
"SWPAC1", "SWPAC2", "SWPAC3", "NPAC")

shortnames2 <- c("NATL", "NEATL", "MED", "SAF", "WIO", "NIO", "EIO", "SWPAC")




Sample summary

376 blue shark samples were collected between 2009 and 2018; 364 samples passed library construction.

Metadata

strata <- "infiles/BLUE_SHARK_META_GENETIC_SEX 20210824 _V2.csv"

strata <- readr::read_csv(strata)

pop.levelsl <- c("NATL", "NEATL", "MED1", "MED2", "SAF1", "SAF2", "WIO", "NIO", "EIO",
"SWPAC1", "SWPAC2", "SWPAC3", "NPAC")

strata$STRATA <- factor(strata$STRATA, levels = pop.levelsl)

strata <- stratalorder(strata$STRATA, strata$GENETIC_SEX),]

Sample map
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By visual sex ID
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By genetic sex ID
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By length

The total length (TL) and interdorsal length (IDS) were converted to fork length (FL) following Cramer
et al. (1997).

TL = (IDS + 4.24 )/0.22 FL = 11.27 + 0.78 TL

The converted length is only approzimate, since growth may vary between geographical location and sex.
However, this should suffice for our purposes.
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Checking the length between capture years

This is mainly to see if the multi-year sampling in South Africa had an effect.
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Data analysis by sample site

Read and filter data

Note: Filtering was performed interactively with the radiator::filter_rad function.

Filtering thresholds

o Start: 172384 SNPs, 364 individuals

« Filter reproducibility: 0.96: 155766 SNPs, 364 inds

 Filter monomorphic markers: 155766 SNPs, 364 inds

e Filter common markers: 141869 SNPs, 364 inds

o Filter individual missingness: outliers (0.20): 141869 SNPs,332 inds

o Filter individual heterozygosity: outliers (0.060 / 0.078): 141869 SNPs, 313 inds
« Filter monomorphic markers: 136296 SNPs, 313 inds

o Filter marker minor allele count (MAC): 5: 102764 SNPs, 313 inds

 Filter marker coverage: 10-45: 76714 SNPs, 313 inds

 Filter marker missingness: 0.1: 56361 SNPs, 313 inds

e SNP position on sequence: all: 56361 SNPs, 313 inds

e SNPs per read: 2: 44360 SNPs, 313 inds

« short 1d: based on MAC: 35064 SNPs, 313 inds

o Filter individual heterozygosity (mixed genomes): 0.117 - 0.165: 35064 SNPs, 313 inds
e Duplicate genomes: No

e Filter HWE: minimum 3 populations, pvalue < 0.01: 34033 SNPs, 313 inds

data <- "infiles/blue_shark_SNP_genotyped.csv"
blue_shark.all <- radiator::filter_rad(
data, strata,
"tidy", TRUE, 22)

tidy <- blue_shark.all$output$tidy.data
save(tidy, "Rdata/blue_shark_filtered_new_strata3.Rdata")

Remove sex-linked markers

data <- "infiles/blue_shark_ SNP_genotyped.csv"
BS.sex <- radiator::sexy_markers( data, NULL,
strata, 28)

BS.sex.markers <- BS.sex$sexy.summary$CLONE_ID

BS.y <- BS.sex$sexy.summary$CLONE_ID[BS.sex$sexy.summary$MARKER_TYPE
"Heterogametic_sex-marker"]

BS.x <- BS.sex$sexy.summary$CLONE_ID [BS.sex$sexy.summary$MARKER_TYPE ==
"Homogametic_sex-marker"]

BS.x.overlap.markers <- BS.x[duplicated(BS.x)] # markers found by 2 methods = reliable
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load("Rdata/blue_shark_filtered new_strata3.Rdata")
load("Rdata/blue_shark sex markers.Rdata")

length(unique (tidy$LOCUS [tidy$LOCUS %in’, BS.sex.markers])) #9/
length(unique (tidy$LOCUS [tidy$LOCUS %in), BS.x.overlap.markers])) #23
tidy <- tidy[!tidy$LOCUS %inJ, BS.sex.markers,]

Convert to other data formats

tidy$GT <- tidy$GT_BIN
BS_all_convert <- radiator::genomic_converter (
tidy,
c( "genlight","gtypes", "stockr", "structure"))

tidy.all <- BS_all_convert$tidy.data

gl.all <- BS_all_convert$genlight

gt.all <- BS_all_convert$gtypes

stockr.all <- BS_all_convert$stockr

# save(tidy.all, gl.all, gt.all, stockr.all,

# file = "Rdata/blue_shark_filtered_new_strata_converted3.Rdata")

load("Rdata/blue_shark_filtered_new_strata_converted3.Rdata")

pop.levels <- c("NATL", "NEATL", "MED1", "MED2", "SAF1", "SAF2", "WIO", "NIO", "EIO",
"SWPAC1", "SWPAC2", "SWPAC3")

tidy.all$STRATA <- factor(tidy.all$STRATA, pop.levels)
gl.all$pop <- factor(gl.all$pop, pop.levels)
attr(stockr.all, "grps") <- factor(attr(stockr.all, "grps"), pop.levels)

meta <- read.csv("infiles/BLUE_SHARK_META_GENETIC_SEX_20210824 V2.csv")
meta$INDIVIDUALS <- stringr::str_replace_all (meta$INDIVIDUALS, "_ ", "-")
meta$INDIVIDUALS <- stringr::str_replace_all(meta$INDIVIDUALS, " ", "")
meta <- meta[meta$INDIVIDUALS %in}% gl.all$ind.names, ]

meta <- metalorder (match(meta$INDIVIDUALS, gl.all$ind.names)), ]

latlong <- data.frame( meta$lat, meta$lon)

rownames (latlong) <- meta$INDIVIDUALS

gl.all$other$ind.metrics <- meta

gl.all$other$loc.metrics <- data.frame( unique(gt.all@data$locus),

gl.all$loc.names,

gl.all$loc.names)

gl.all$loc.names <- unique(gt.all@data$locus)

gl.all$other$latlong <- latlong

gt.all@schemes <- meta

radiator: :write_vcf(
tidy.all,
FALSE,
"BlueShark_ 313ind_33939SNPs",
NULL,
FALSE

11



)
radiator: :write_rad(
tidy.all,
ll./ll,
"BlueShark_313ind_33939SNPs.rad",
TRUE,
FALSE,
FALSE,
TRUE,
"standard",
FALSE

save(tidy.all,
gl.all,
gt.all,
stockr.all,
"Rdata/Blue_shark_AllData new_strata4.Rdata")

Add correct levels and metadata

Load filtered data without sex-linked markers

load("Rdata/Blue_shark_AllData_new_strata4.Rdata")

adegenet: :nLoc(gl.all)

## [1] 33939

adegenet::nInd(gl.all)

## [1] 313

pop.levels2 <- c("NATL", "NEATL", "MED1", "MED2", "SAF1", "SAF2", "WIOQ", "NIO", "EIO",
"SWPAC1", "SWPAC2", "SWPAC3")
gl.all$other$ind.metrics$STRATA <- factor(gl.all$other$ind.metrics$STRATA,
pop.levels2)

knitr::kable(table(gl.all$other$ind.metrics$GENETIC_SEX,
gl.all$other$ind.metrics$STRATA),
c(shortnames[1:12]),
"Summary: Number of sharks by location and sex")

Table 1: Summary: Number of sharks by location and sex

NATL NEATL MED1 MED2 SAF1 SAF2 WIO NIO EIO SWPAC1 SWPAC2 SWPAC3

F 41 12 21 8 14 8 13 1 3 20 1 8
M 2 9 9 7 5 78 9 15 ) 10 13 1
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Table 2: Genetic diversity

NATL | NEATL MED1 MED2 SAF1 SAF2 WIO NIO EIO SWPAC1 SWPAC2 SWPAC3
ar 1.575 1.554 1.553 1.516 1.520 1.560 1.540 1.527 1.492 1.552 1.509 1.505
size 42.535 20.712 29.665 14.802 18.738 | 85.066 | 21.757 15.854 7.925 29.698 13.793 8.877
obs_het 0.149 0.147 0.145 0.142 0.139 0.143 0.144 0.146 0.148 0.146 0.138 0.144
exp__het 0.169 0.167 0.166 0.161 0.161 0.166 0.164 0.162 0.158 0.166 0.159 0.159
uexp__het 0.171 0.171 0.169 0.167 0.165 0.167 0.167 0.167 0.168 0.169 0.165 0.169
fis 0.072 0.076 0.076 0.074 0.087 0.088 0.075 0.058 0.027 0.073 0.087 0.055
hwe__glb 1.000 1.000 1.000 1.000 1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000
hwe__hom 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
hwe__het 1.000 1.000 1.000 1.000 1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000
fis_lo 0.060 0.049 0.057 0.020 0.054 0.080 0.050 0.020 | -0.089 0.053 0.037 -0.033
fis_hi 0.069 0.067 0.072 0.065 0.079 0.087 0.068 0.050 0.017 0.068 0.078 0.041
ar_lo 1.528 1.523 1.481 1.471 1.461 1.521 1.471 1.477 1.432 1.511 1.458 1.433
ar__hi 1.605 1.591 1.585 1.562 1.561 1.578 1.577 1.574 1.552 1.588 1.561 1.555

Basic data analysis by sample site

1_ Diversity Table

gl2gpop(gl.all, "Rdata/Genepop_file_new_strata_33939SNP_313ind.txt")

result <- diveRsity::basicStats(
"Rdata/Genepop_file_new_strata_33939SNP_313ind.txt",

"outfile/Result_Diversity_new_strata.txt", TRUE, TRUE,
100, 100, 100, FALSE,
0.05, 0.05)

gendiv <- data.frame(

"NATL" = result$main_tab$" “$overall,

"NEATL" = result$main_tab$" “$overall,

"MED1" = result$main_tab$" “$overall,

"MED2" = result$main_tab$" “$overall,

"SAF1" = result$main_tab$" “$overall,

"SAF2" = result$main_tab$" “$overall,

"WIOD" = result$main_tab$" “$overall,

"NIO" = result$main_tab$B383$overall,

"EIO" = result$main_tab$" “$overall,

"SWPAC1" = result$main_tab$" “$overall,

"SWPAC2" = result$main_tab$" “$overall,

"SWPAC3" = result$main_tab$" “$overall
)
rownames (gendiv) <- rownames(result$main_tab$" )
save(gendiv, "Rdata/ALL_Genetic_diversity_new_strata3.Rdata")

readr: :write_tsv(gendiv, "outfile/Table_Diversity_perSite_new_strata3.txt")

load("Rdata/ALL_Genetic_diversity_new_strata3.Rdata")

knitr: :kable(gendiv, shortnames[1:12], 3,
"Genetic diversity") %>%
kableExtra: :kable_styling( FALSE, 7
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2 Fst

gl.all <- gl.all[order(gl.all$pop, gl.all@other$ind.metrics$GENETIC_SEX),]
Fst.site.stampp <- StAMPP::stamppFst(gl.all, 10000, 95,
parallel::detectCores() - 2)

pop.levels2 <- c("NATL", "NEATL", "MED1", "MED2", "SAF1", "SAF2", "WIO", "NIO", "EIO",
"SWPAC1", "SWPAC2", "SWPAC3")

Fst.site.stratag <- strataG::pairwiseTest(

gt.all,
10000,
FALSE,
1,
FALSE,
parallel: :detectCores() - 2,
)
sumres.Fst.neutral <- strataG::pairwiseSummary(Fst.site.stratag, "A11")
sumres.Fst.neutral$strata.l <- factor(sumres.Fst.neutral$strata.l, pop.levels2)
sumres.Fst.neutral$§strata.2 <- factor(sumres.Fst.neutral$strata.2, pop.levels2)

sumres.Fst.neutral <- sumres.Fst.neutral[order(sumres.Fst.neutral$strata.1l,
sumres.Fst.neutral$strata.2),]
readr: :write_csv(sumres.Fst.neutral,
"outfile/Blue_shark_FST_summary_neutral_by_site3.csv")
m2 <- sumres.Fst.neutral [order (match(sumres.Fst.neutral$strata.1l,pop.levels2)),c(2,3,20)]

Gdf <- igraph::graph.data.frame(m2, FALSE)

m2.1 <- igraph::as_adjacency_matrix(Gdf, TRUE, FALSE,
"Fst", 'lower"')

m2 <- sumres.Fst.neutral [order(match(sumres.Fst.neutral$strata.l,pop.levels2)),c(2,3,21)]

Gdf <- igraph::graph.data.frame(m2, FALSE)

m2.2 <- igraph::as_adjacency_matrix(Gdf, TRUE, FALSE,
"Fst_p.val", 'lower')

m2$Fst.p.adj.fdr <- p.adjust(m2$Fst_p.val, "fdr")

Gdf <- igraph::graph.data.frame(m2, FALSE)

m2.3 <- igraph::as_adjacency_matrix(Gdf, TRUE, FALSE,
"Fst.p.adj.fdr", 'lower"')

m2$Fst.p.adj.bonf <- p.adjust(m2$Fst_p.val, "bonferroni')

Gdf <- igraph::graph.data.frame(m2, FALSE)

m2.4 <- igraph::as_adjacency_matrix(Gdf, TRUE, FALSE,
"Fst.p.adj.bonf", 'lower')

sumres.Fst.neutral$Fst.p.adj.fdr <- m2$Fst.p.adj.fdr
sumres.Fst.neutral$Fst.p.adj.bonf <- m2$Fst.p.adj.bonf

write.csv(m2.1, "outfile/Blue_shark_ FST_neutral_ Pairwise_bySites3.csv")
write.csv(m2.2, "outfile/Blue_shark_FST_neutral Pval_Pairwise_bySites3.csv")
write.csv(m2.3,

"outfile/Blue_shark_FST_neutral_ Pval_Pairwise_FDR_bySites3.csv")
write.csv(m2.4,

"outfile/Blue_shark_FST_neutral Pval Pairwise_bonferroni_bySites3.csv")
write.csv(sumres.Fst.neutral,

"outfile/Blue_shark FST_bySites3.csv")

save(Fst.site.stampp,

14



Table 3: staMMP

: Pairwise Fst with all sampling sites

NATL | NEATL | MEDI | MED2 | SAF1 SAF2 [ WIO NIO EIO | SWPACI | SWPAC2 | SWPAC3
NATL NA NA NA NA NA NA NA NA NA NA NA NA
NEATL 0.0005 NA NA NA NA NA NA NA NA NA NA NA
MED1 0.0004 | 0.0008 NA NA NA NA NA NA NA NA NA NA
MED2 0.0013 | 0.0012 | 0.0005 NA NA NA NA NA NA NA NA NA
SAF1 0.0014 | 0.0015 | 0.0015 | 0.0028 NA NA NA NA NA NA NA NA
SAF2 0.0021 | 0.0025 | 0.0019 | 0.0036 | le-04 NA NA NA NA NA NA NA
WIO 0.0022 | 0.0024 | 0.0021 | 0.0036 | 2e-04 | -0.0001 NA NA NA NA NA NA
NIO 0.0024 | 0.0028 | 0.0025 | 0.0039 | 4e-04 | 0.0003 | -le-04 NA NA NA NA NA
EIO 0.0025 | 0.0031 | 0.0031 | 0.0049 | 8e-04 | 0.0008 | -4e-04 | 0.0007 NA NA NA NA
SWPACI | 0.0028 | 0.0030 | 0.0029 | 0.0044 | 3e-04 | 0.0002 | 0e+00 | 0.0002 | 2e-04 NA NA NA
SWPAC2 | 0.0030 | 0.0032 | 0.0032 | 0.0046 | -6e-04 | 0.0007 | 1e-04 | 0.0000 | -4e-04 0e+00 NA NA
SWPAC3 | 0.0034 | 0.0029 | 0.0033 | 0.0051 | 6e-04 | 0.0012 | -1e-04 | 0.0012 | 6e-04 7e-04 -3e-04 NA
Table 4: staMMP: Pairwise Fst P-values with all sampling sites
NATL | NEATL | MED1 | MED2 | SAF1 | SAF2 | WIO NIO EIO | SWPACL | SWPAC2 | SWPAC3
NATL NA NA NA NA NA NA NA NA NA NA NA NA
NEATL 0.0228 NA NA NA NA NA NA NA NA NA NA NA
MED1 0.0129 | 0.0013 NA NA NA NA NA NA NA NA NA NA
MED?2 0.0000 | 0.0008 | 0.0568 NA NA NA NA NA NA NA NA NA
SAF1 0.0000 | 0.0000 | 0.0000 0 NA NA NA NA NA NA NA NA
SAF2 0.0000 | 0.0000 | 0.0000 0 | 0.3721 NA NA NA NA NA NA NA
WIO 0.0000 | 0.0000 | 0.0000 0 | 0.3023 | 0.6304 NA NA NA NA NA NA
NIO 0.0000 | 0.0000 | 0.0000 0 | 0.1222 | 0.1136 | 0.5811 NA NA NA NA NA
EIO 0.0000 | 0.0000 | 0.0000 0 | 0.0850 | 0.0410 | 0.7753 | 0.1445 NA NA NA NA
SWPAC1 | 0.0000 | 0.0000 | 0.0000 0 | 0.1389 | 0.0953 | 0.4704 | 0.2930 | 0.3255 NA NA NA
SWPAC2 | 0.0000 | 0.0000 | 0.0000 0 | 0.9382 | 0.0078 | 0.3776 | 0.5497 | 0.7288 0.4667 NA NA
SWPAC3 | 0.0000 | 0.0000 | 0.0000 0 | 0.1643 | 0.0016 | 0.5435 | 0.0172 | 0.2121 0.0620 0.6856 NA
Fst.site.stratag,
sumres.Fst.neutral,
m2,
"Rdata/fst.grouping.ALL_bySite_NEW3.Rdata")
load("Rdata/fst.grouping.ALL_bySite_NEW3.Rdata")
knitr: :kable(
Fst.site.stampp$Fsts, 4,
"staMMP: Pairwise Fst with all sampling sites") %>%
kableExtra: :kable_styling( FALSE, 7
knitr: :kable(
Fst.site.stampp$Pvalues, 4,
"staMMP: Pairwise Fst P-values with all sampling sites") ¥%>%

kableExtra: :kable_styling(

knitr: :kable(

sumres.Fst.neutral [order (sumres.Fst.neutral$Fst,

4,

FALSE,

7

TRUE),c(1,20,21,40,41)],

"StrataG: Pairwise Fst with all sampling sites") %>%

kableExtra: :kable_styling(

FALSE,

7)
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Table 5: StrataG: Pairwise Fst with all sampling sites

label Fst Fst_ p.val Fst.p.adj.fdr Fst.p.adj.bonf
29 | MED2 (15) v. SWPAC3 (9) 0.0025 0.0001 0.0002 0.0066
2 EIO (8) v. MED2 (15) 0.0025 0.0001 0.0002 0.0066
28 | MED2 (15) v. SWPAC2 (14) 0.0023 0.0001 0.0002 0.0066
27 | MED2 (15) v. SWPAC1 (30) 0.0022 0.0001 0.0002 0.0066
24 | MED2 (15) v. NIO (16) 0.0019 0.0001 0.0002 0.0066
30 | MED2 (15) v. WIO (22) 0.0018 0.0001 0.0002 0.0066
26 | MED2 (15) v. SAF2 (86) 0.0018 0.0001 0.0002 0.0066
4 EIO (8) v. NEATL (21) 0.0017 0.0001 0.0002 0.0066
37 | NATL (43) v. SWPAC3 (9) 0.0017 0.0001 0.0002 0.0066
43 NEATL (21) v. SWPAC2 (14) 0.0016 0.0001 0.0002 0.0066
19 MED1 (30) v. SWPAC2 (14) 0.0016 0.0001 0.0002 0.0066
20 MED1 (30) v. SWPAC3 (9) 0.0015 0.0001 0.0002 0.0066
1 EIO (8) v. MED1 (30) 0.0015 0.0001 0.0002 0.0066
36 | NATL (43) v. SWPAC2 (14) 0.0015 0.0001 0.0002 0.0066
44 | NEATL (21) v. SWPAC3 (9) 0.0015 0.0001 0.0002 0.0066
18 | MED1 (30) v. SWPAC1 (30) 0.0015 0.0001 0.0002 0.0066
42 | NEATL (21) v. SWPAC1 (30) 0.0015 0.0001 0.0002 0.0066
39 | NEATL (21) v. NIO (16) 0.0014 0.0001 0.0002 0.0066
35 | NATL (43) v. SWPAC1 (30) 0.0014 0.0001 0.0002 0.0066
25 | MED2 (15) v. SAF1 (19) 0.0014 0.0001 0.0002 0.0066
3 EIO (8) v. NATL (43) 0.0013 0.0001 0.0002 0.0066
15 | MED1 (30) v. NIO (16) 0.0013 0.0001 0.0002 0.0066
32 | NATL (43) v. NIO (16) 0.0013 0.0001 0.0002 0.0066
45 | NEATL (21) v. WIO (22) 0.0012 0.0001 0.0002 0.0066
41 NEATL (21) v. SAF2 (86) 0.0011 0.0001 0.0002 0.0066
38 | NATL (43) v. WIO (22) 0.0011 0.0001 0.0002 0.0066
21 MED1 (30) v. WIO (22) 0.0011 0.0001 0.0002 0.0066
34 | NATL (43) v. SAF2 (86) 0.0010 0.0001 0.0002 0.0066
17 | MED1 (30) v. SAF2 (86) 0.0010 0.0001 0.0002 0.0066
40 | NEATL (21) v. SAF1 (19) 0.0008 0.0001 0.0002 0.0066
16 | MED1 (30) v. SAF1 (19) 0.0008 0.0001 0.0002 0.0066
33 | NATL (43) v. SAF1 (19) 0.0007 0.0001 0.0002 0.0066
22 | MED2 (15) v. NATL (43) 0.0007 0.0002 0.0004 0.0132
23 | MED2 (15) v. NEATL (21) 0.0006 0.0034 0.0066 0.2244
50 | NIO (16) v. SWPACS3 (9) 0.0005 0.0532 0.0878 1.0000
6 EIO (8) v. SAF1 (19) 0.0004 0.0963 0.1486 1.0000
59 | SAF2 (86) v. SWPAC3 (9) 0.0004 0.0305 0.0544 1.0000
14 | MEDI1 (30) v. NEATL (21) 0.0004 0.0035 0.0066 0.2310
7 EIO (8) v. SAF2 (86) 0.0003 0.0747 0.1202 1.0000
10 | EIO (8) v. SWPAC3 (9) 0.0003 0.2247 0.2966 1.0000
5 EIO (8) v. NIO (16) 0.0003 0.1903 0.2563 1.0000
12 | MED1 (30) v. MED2 (15) 0.0003 0.1081 0.1622 1.0000
58 | SAF2 (86) v. SWPAC2 (14) 0.0002 0.0376 0.0636 1.0000
62 | SWPAC1 (30) v. SWPAC3 (9) 0.0002 0.1757 0.2416 1.0000
46 | NIO (16) v. SAF1 (19) 0.0002 0.1290 0.1851 1.0000
13 | MED1 (30) v. NATL (43) 0.0002 0.0125 0.0229 0.8250
31 NATL (43) v. NEATL (21) 0.0002 0.0374 0.0636 1.0000
55 | SAF1 (19) v. SWPACS3 (9) 0.0002 0.2550 0.3242 1.0000
47 | NIO (16) v. SAF2 (86) 0.0002 0.0968 0.1486 1.0000
53 | SAF1 (19) v. SWPAC1 (30) 0.0002 0.1427 0.2004 1.0000
8 EIO (8) v. SWPAC1 (30) 0.0001 0.3438 0.4202 1.0000
48 | NIO (16) v. SWPAC1 (30) 0.0001 0.2554 0.3242 1.0000
56 | SAF1 (19) v. WIO (22) 0.0001 0.3076 0.3830 1.0000
57 | SAF2 (86) v. SWPAC1 (30) 0.0001 0.1282 0.1851 1.0000
65 | SWPAC2 (14) v. WIO (22) 0.0000 0.4304 0.5165 1.0000
52 | SAF1 (19) v. SAF2 (86) 0.0000 0.4394 0.5179 1.0000
63 | SWPAC1 (30) v. WIO (22) 0.0000 0.4769 0.5522 1.0000
51 NIO (16) v. WIO (22) 0.0000 0.5460 0.6211 1.0000
61 SWPAC1 (30) v. SWPAC2 (14) 0.0000 0.5552 0.6211 1.0000
60 SAF2 (86) v. WIO (22) 0.0000 0.6688 0.7119 1.0000
49 | NIO (16) v. SWPAC2 (14) 0.0000 0.5948 0.6543 1.0000
66 | SWPAC3 (9) v. WIO (22) -0.0001 0.6935 0.7265 1.0000
9 EIO (8) v. SWPAC2 (14) -0.0002 0.6656 0.7119 1.0000
64 | SWPAC2 (14) v. SWPAC3 (9) -0.0002 0.7337 0.7566 1.0000
11 EIO (8) v. WIO (22) -0.0002 0.7620 0.7737 1.0000
54 | SAF1 (19) v. SWPAC2 (14) -0.0003 0.9416 0.9416 1.0000
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3_AMOVA

dist <- dist(tab(gl.all)) #euclidean distance

pop <- adegenet: :pop(gl.all)

amova.result <- pegas::amova(dist ~ pop,
1000)

print (amova.result)

##

## Analysis of Molecular Variance

##

## Call: pegas::amova(formula = dist ~ pop, nperm = 1000)
##

## SSD MSD df

## pop 75405.88 6855.080 11

## Error 1691619.54 6506.229 260

## Total 1767025.42 6520.389 271

#i#

## Variance components:
## sigma2 P.value
## pop 16.365 0
## Error 6506.229

#i#

## Phi-statistics:

## pop.in.GLOBAL

## 0.002508974

##

## Variance coefficients:
## a

## 21.31684
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5_PCA

pca.all <- adegenet::glPca(gl.all, nf = 4,
parallel = TRUE,
n.cores = parallel::detectCores())

save(pca.all,
file = "Rdata/PCA_ALL_objects_New_strata3.Rdata")

load("Rdata/PCA_ALL_objects_New_strata3.Rdata")
var_frac <- pca.all$eig/sum(pca.all$eig)
print(paste0("Total variance explained: ",signif(sum(var_frac[1:4]) * 100, 3), "%"))

## [1] "Total variance explained: 1.82%"

barplot(var_frac[1:20], main = "variance explained",
col = heat.colors(length(var_frac[1:20])))

variance explained

pop <- gl.all$pop

0.002 0.004
I I

0.000

data <- data.frame(pca.all$scores, pop = pop)
data <- merge(data, aggregate(cbind(mean.x = PCl, mean.y = PC2) ~
pop, data, mean), by = "pop")

pca.plot <- ggplot2::ggplot(data, ggplot2::aes(PCl, PC2, color = pop)) +
ggplot2: :geom_point(size = 4) +
ggplot2: :geom_point (ggplot2::aes(x = mean.x,
y = mean.y, color = pop),

18



size =7,
shape = 17) +
ggplot2::scale_colour_manual(values = coloursl2) +
ggplot2::scale_fill_manual(values = coloursl2) +
ggplot2: :geom_hline(yintercept = 0) +
ggplot2: :geom_vline(xintercept = 0) +
ggplot2: :labs(
subtitle = pasteO("Total variance explained: ",
signif (sum(var_frac[1:4]) * 100, 3), "%"),

y = paste0("PC2; ", signif(var_frac[2] * 100, digits = 2), " %"),
x = pasteO("PC1; ", signif(var_frac[1] * 100, digits = 2), " %"),
title = "Blue shark data coloured according to sampling location",
caption = "") +

ggplot2::theme_minimal() +

ggplot2: :theme(
axis.text = ggplot2::element_text(size = 15),
axis.title.x = ggplot2::element_text(size = 20),
axis.title.y = ggplot2::element_text(size = 20),
legend.text = ggplot2::element_text(size = 15)

)

print(pca.plot)

Blue shark data coloured according to sampling location
Total variance explained: 1.82% pop
8 NATL
®% o o A\ NEATL
*® A vEeD1
% A VvED?
. SAF1
SAF2
A wio
NIO
4 oo, o A E0
®* % ° o0 A sweaci
- A swpac?
6 3 0 3 A swpacs

PC1; 0.58 %

0.41 %

o
o
(O

PC2

ggplot2: :ggsave(pca.plot,
filename = "figures/2.ALL_PCA_New_strata_33939SNPs2.png",
width = 30, height = 15, units = "cm"
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6__ DAPC

set.seed(124)
grpl <-
adegenet::find.clusters(
gl.all,
max.n.clust = 6,
n.pca = adegenet::nInd(gl.all) / 3,
stat = "BIC",
parallel = TRUE,
n.cores = parallel::detectCores() - 2

save(grpl, file = "Rdata/BSH_kgrp_New_strata3.rdata")

load("Rdata/BSH_kgrp_New_strata3.rdata")

y <- as.numeric(grpil$Kstat)
x <- 1:6
data <- data.frame(x,y,stringsAsFactors = F)
plot <- ggplot2::ggplot(data, ggplot2::aes(x,y)) +
ggplot2: :geom_point(size = 5, shape = 1, color = "blue") +
ggplot2::geom_line(size = 1,color = "blue") +
ggplot2::scale_x_continuous(name = waiver(),
breaks = seq(from = O,
to = nrow(gl.all) - 1, by = 1)) +
ggplot2::labs(subtitle = "",
y = "Bayesian Information Criterion",
x = "Number of clusters",
title = "All sites",
caption = "") +
ggplot2: :theme_classic() +
ggplot2: :theme (
axis.text = ggplot2::element_text(size = 15),
axis.title.x = ggplot2::element_text(size = 20,vjust = 0, hjust = 0.5),
axis.title.y = ggplot2::element_text(size = 20,vjust = 2, hjust = 0.5))
print(plot)

Optimal number of clusters with neutral markers
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Number of clusters

Cross-validation to identify the optimal number of clusters: number of PC axis to account
for Uses a training - holdout set of individuals to check how reliable individuals can be assigned.

set.seed(124)

x <- gl.all
png( "figures/3.BSH_neutral_refined_n_pca_new_strata3.png")
xval <-
adegenet: :xvalDapc(
tab(x, "mean"),
adegenet: :pop(x),
3,
seq(1,101, 5),
100,
"snow",
parallel: :detectCores() - 2,
TRUE
)
dev.off ()
save(xval, "Rdata/xval ALL refined new_strata3.rdata")

load("Rdata/xval_ALL_refined_new_strata3.rdata")
print(xval[2:6])

## $‘Median and Confidence Interval for Random Chance°

#it 2.5% 50% 97.5Y%
## 0.05603751 0.08246071 0.11709560
#it

## $‘Mean Successful Assignment by Number of PCs of PCA‘
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## 1 6 11 16 21 26
## 0.1459962 0.1929823 0.1826540 0.1944924 0.1855467 0.1846338
## 31 36 41 46 51 56
## 0.1637134 0.1723523 0.1642487 0.1616907 0.1848169 0.1795492
## 61 66 71 76 81 86
## 0.1755543 0.1630871 0.1636263 0.1662386 0.1724066 0.1665530
## 91 96 101

## 0.1671086 0.1710783 0.1699293

##

## $‘Number of PCs Achieving Highest Mean Successf

## [1] "16"

##

## $‘Root Mean Squared Error by Number of PCs of PCAS

## 1 6 11 16 21 26
## 0.8541363 0.8079890 0.8182548 0.8069857 0.8158237 0.8165255
## 31 36 41 46 51 56
## 0.8373070 0.8286457 0.8369540 0.8393598 0.8165885 0.8215388
#it 61 66 71 76 81 86
## 0.8258765 0.8381415 0.8380738 0.8349780 0.8287768 0.8345831
## 91 96 101

## 0.8339885 0.8305782 0.8317423

##

## $‘Number of PCs Achieving Lowest MSE‘

## [1] "16"

PC1 <- as.numeric(xval$" )

dapc.all.object.names <- c()
for (K in 2:6) {

}

sa

set.seed(124)

grp <- adegenet::find.clusters(gl.all, K, PC1)

set.seed(124)

dapc.all <- adegenet::dapc(gl.all, grp$grp, K -1,

PC1)

assign(paste0("dapc.all", K), dapc.all)
dapc.all.object.names <- c(dapc.all.object.names,

paste0("dapc.all", K))

ve ( dapc.all.object.names, dapc.all.object.names,
"Rdata/DAPC.ALL _new_strata3.Rdata")

DAPC barplot Group individuals according to DAPC posterior membership.

load("Rdata/DAPC.ALL new_strata3.Rdata")

fo

r (K in 2:6) {

colour <- colours6[1:K]
dapc <- get(dapc.all.object.names[K - 1])

post <- as.matrix(dapc$posterior)

colnames(post) <- pasteO("Group", 1:nlevels(dapc$grp))

locations <- gl.all$pop

plot.dapc.FDD(

post,

locations,

colour,

1,
pasteO("DAPC: all blue sharks - data\n for K=",
K, " PC:”, PCl, ||||))
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dev.print(
device = png,
file = pasteO("figures/3.DAPC_barplot_new_strata_33939SNPs_K", K, ".png"),
res = 300,
width = 30,
height = 15,
units = "cm")

DAPC: all blue sharks — data
for K=2 & PC=16
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(n=43) (n=

DAPC: all blue sharks — data
for K=3 & PC=16
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DAPC: all blue sharks — data
for K=4 & PC=16
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DAPC: all blue sharks — data
for K=5 & PC=16

DAPC: all blue sharks — data
for K=6 & PC=16

load("Rdata/DAPC.ALL _new_strata3.Rdata")
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for

(K in 2:6) {

dapc.neutral <- get(dapc.all.object.names[K - 1])
if K ==2) {

3

posi.leg <- "bottomright"
else {posi.leg <- "bottomleft"}

dapc.neutral.plot <- ade4::scatter(dapc.neutral, grp = pop(gl.all), cex = 2,

legend = TRUE, col = coloursil2,

clabel = FALSE, posi.leg = posi.leg,
scree.pca = TRUE, posi.pca = "topleft",
cleg = 0.75, xax = 1, yax = 2,
inset.solid = 0.70)

dev.print(

device = png,
file = pasteO("figures/3.DAPC_Scatter_new_strata_33939SNPs_K", K, ".png"),
width = 30,

height = 15,
units = "cm",
res = 300

DAPC scatterplot

Density

PCA eigenvalues
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PCA eigenvalues
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PCA eigenvalues
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for (K in 2:6) {

colour <- colours6[1:K]
dapc.neutral <- get(dapc.all.object.names[K - 1])
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dapc.neutral.plot <- ade4::scatter(dapc.neutral, cex = 2, legend = TRUE,

dev.print(

Density

device = png,
file = pasteO("figures/3.DAPC_Scatter_new_strata_33939SNPs_pergroups_K",

K,".png"),
width = 30,
height = 15,
units "cm",

res = 300

0.4

0.1 0.2 0.3

0.0

col = colour, clabel = FALSE,

posi.leg = "bottomleft", scree.pca = TRUE,
posi.pca = "topleft", cleg = 0.75,

xax = 1, yax = 2, inset.solid = 0.75)

PCA eigenvalues

Discriminant function 1
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PCA eigenvalues
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PCA eigenvalues
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dapc <- get(dapc.all.object.names[1])
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df <- data.frame(gl.all$other$ind.metrics, DAPC_CROUP = dapc$assign)
write.csv(df, file = "new_metadata_with_DAPC_grouping_new_strata3.csv",
row.names = FALSE)

Identify South African groups for K=2
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7 _stockR

sample.grps <- attr(stockr.all, "sample.grps")
stock.all.object.names <- c()
for (K in 2:6) {
stock.all <- stockR::stockSTRUCTURE(
SNPdata = stockr.all,
K =K,
)

stockBOOT.all <- stockR::stockBOOT(stock.all, B = 100,
mc.cores = parallel::detectCores() - 2)
assign(paste0("stockBOOT.all", K),value = stockBOOT.all)
stock.all.object.names <- c(stock.all.object.names,
paste0("stockBOOT.all", K))
}
save(list=stock.all.object.names , stock.all.object.names,
file = "Rdata/stockR.ALL_new_strata3.Rdata")

load("Rdata/stockR.ALL_new_strata3.Rdata")
grps <- attr(stockr.all, "grps")

for (K in 2:6) {

colour <- colours6[1:K]

plot.stockBOOT.object(
get(stock.all.object.names[K - 1]),
locations = data.frame(grps,
order = as.integer(grps), las = 2),
region.lwd = 1,
CI.width = 0.70,
colour = colour,
plotTitle = pasteO("stockR: Blue shark data for K=", K)

)

dev.print(
device = png,
file = pasteO("figures/4.StockR_barplot_new_strata_33939SNPs_K",K,".png"),
width = 30,
height = 15,
units = "cm",
res = 300

)

}

stockR barplot
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stockR: Blue shark data for K=2

8) (n=30) (n=140=9

34



stockR: Blue shark data for K=4

stockR: Blue shark data for K=5
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stockR: Blue shark data for K=6
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8_ADMIXTURE

gl2Adm(gl.all, filename = "outfile/BS_all_ADMIXTURE_NEW3")
# gl2Adm(gl.all[gl.all$pop Jinj c("SAF1", "SAF2"),],

# filename = "outfile/BS_SAF_ADMIXTURE_NEW3")

# gl2Adm(gl.alllgl.all$pop %iny c("NATL","NEATL", "MED1", "MED2", "SAF1", "SAF2"),],

# filename = "outfile/BS_ATL_ADMIXTURE_NEW3")

# gl2Adm(gl.all[!gl.all$pop Ziny

# c("SAF1", "SAF2", "WIO", "NIO", "EIO", "SWPAC1", "SWPAC2", "SWPAC3"),],
# filename = "outfile/BS_IO_ADMIXTURE_NEW3")

ADMIXTURE with all markers per site The ADMIXTURE software was run in a Linux envi-
ronment with the following command line:

for Kin1 23 45 6; \
do ./admixture -B10000 --cv=100 BS_all_ADMIXTURE.ped $K | tee log${K}.out; done

CV <= cO
for (K in 1:6) {
log <- data.table::fread(input = pasteO("./Rdata/ADMIXTURE_new_strata3/log",K,".out",
sep = ""), sep = "", header = FALSE,
blank.lines.skip = TRUE)
log <- log$vi
CVl <- subset(log, grepl(pattern = "CV error", x = log, perl = TRUE))

CV2 <- unlist(strsplit(CVi, " "))
CV[K] <- as.numeric(CV2[4])

}

y <= CV

x <= 1:6

cvdata <- data.frame(x,y,stringsAsFactors = F)
plot <- ggplot2::ggplot(cvdata, ggplot2::aes(x,y)) +
ggplot2: :geom_point(size = 5, shape = 1, color = "blue") +
ggplot2::geom_line(size = 1,color = "blue") +
ggplot2::scale_x_continuous(name = waiver(),
breaks = seq(from = 0, to = 8, by = 1)) +
ggplot2: :labs(subtitle = "",
y = "CV error",
x = "Number of clusters",
title = "",
caption = "") +
ggplot2: :theme_classic() +
ggplot2: :theme(
axis.text = ggplot2::element_text(size = 15),

axis.title.x = ggplot2::element_text(size = 20,vjust = 0, hjust = 0.5),
axis.title.y = ggplot2::element_text(size = 20,vjust = 2, hjust = 0.5))
print(plot)
CVplot
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ggsave(filename = "./figures/9.ADMIXTURE_CVlot_new_strata_33939SNPs.png",

plot = plot, width = 15, height = 15, units = "cm")

Ind.Names <- read.table("./Rdata/ADMIXTURE_new_strata3/BS_all_ADMIXTURE_NEW3.ped")

for (K in 2:6) {
colour <- colours6[1:K]
tbl <- read.table(pasteO("./Rdata/ADMIXTURE_new_strata3/BS_all_ADMIXTURE_NEW3.",K,".Q",
sep = ""))
row.names (tbl) <- Ind.Names$V2
colnames(tbl) <- pasteO("Group", 1:ncol(tbl))
tbl <- as.matrix(tbl)
locations <- gl.all$poplorder(match(gl.all$ind.names,Ind.Names$V2))]
plot.admixture.FDD(x = tbl, locations = locations,
colour = colour, region.lwd =1,
plotTitle = pasteO("ADMIXTURE: K=",K))
dev.print(
device = png,
file = pasteO("./figures/9.ADMIXTURE_barplot_new_strata_33939SNPs_K",

K,".png"),
width = 30,
height = 15,
units = "cm",
res = 300
)
¥
Barplot
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Data analysis by geographic region

Result: samples from MED1/MED2, SAF1/SAF2 and SWPAC1/SWPAC2/SWPACS3 could be grouped,
after correcting for multiple pairwise tests.

Read and filter data

Note: Filtering was performed interactively with the radiator::filter_rad function.

Filtering thresholds

e Start: 172384 SNPs, 364 individuals

« Filter reproducibility: 0.959: 156195 SNPs, 364 inds

e Filter monomorphic markers: 156195 SNPs, 364 inds

e Filter common markers: 142272 SNPs, 364 inds

o Filter individual missingness: outliers: 142272 SNPs,332 inds

o Filter individual heterozygosity: outliers (0.060 / 0.078): 142272 SNPs, 312 inds

¢ Filter monomorphic markers: 142272-5624 SNPs, 312 inds

o Filter marker minor allele count (MAC): 4: 110261 SNPs, 312 inds

 Filter marker coverage: 7-200: 95216 SNPs, 312 inds

o Filter marker missingness: 0.1: 68083 SNPs, 312 inds

e SNP position on sequence: outliers: 1ISNP per 8bp: all: 68083 SNPs, 312 inds

e SNPs per read: 4: 66837 SNPs, 312 inds

e short Id: based on MAC: 45889 SNPs, 312 inds

o Filter individual heterozygosity (mixed genomes): 0.117 - 0.15: 45889 SNPs, 312 inds

e Duplicate genomes: No

e Filter HWE: minimum 3 populations, pvalue < 0.0001: 45810 SNPs, 312 inds
data <- "infiles/blue_shark_SNP_genotyped.csv"

blue_shark.all <- radiator::filter_rad(
data, strata,

"tidy", TRUE, 22)
tidy <- blue_shark.all$tidy
save (tidy, "Rdata/blue_shark_filtered.Rdata")

Remove sex-linked markers

data <- "infiles/blue_shark_SNP_genotyped.csv"
BS.sex <- radiator::sexy_markers( data, NULL,
strata, 28)

BS.sex.markers <- BS.sex$sexy.summary$CLONE_ID
BS.y <- BS.sex$sexy.summary$CLONE_ID[BS.sex$sexy.summary$MARKER_TYPE ==
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"Heterogametic_sex-marker"]

BS.x <- BS.sex$sexy.summary$CLONE_ID [BS.sex$sexy.summary$MARKER_TYPE ==
"Homogametic_sex-marker"]

BS.x.overlap.markers <- BS.x[duplicated(BS.x)] # markers found by 2 methods = reliable

load("Rdata/blue_shark_filtered.Rdata")
load("Rdata/blue_shark_sex_markers.Rdata")

length(unique (tidy$LOCUS [tidy$LOCUS %in% BS.sex.markers])) #143
length(unique (tidy$LOCUS [tidy$LOCUS %in’, BS.x.overlap.markers])) #36
tidy <- tidy[!tidy$LOCUS %inj, BS.sex.markers,]

Convert to other data formats

BS_all_convert <- radiator::genomic_converter (
tidy,
c("genlight", "gtypes", "pcadapt", "stockr", "structure",
"faststructure"))

tidy.all <- BS_all_convert$tidy.all.data
gl.all <- BS_all_convert$genlight

gt.all <- BS_all_convert$gtypes
stockr.all <- BS_all_convert$stockr
pcadapt.all <- BS_all_convert$pcadapt

pop.levels <- c("Atlantic-N","Atlantic-NE", "Mediterranean","Atlantic-SE",
"Indian_Ocean-SW", "Indian Ocean-N","Indian_ Ocean-EC",
"Pacific-SW")

tidy.all$POP_ID <- factor(tidy.all$POP_ID, pop.levels)

gl.all$pop <- factor(gl.all$pop, pop.levels)

attr(stockr.all, "grps") <- factor(attr(stockr.all, "grps"), pop.levels)
pcadapt.all$pop.string <- factor(pcadapt.all$pop.string, pop.levels)

meta <- read.csv("infiles/BLUE_SHARK META GENETIC_ SEX.csv")
meta$INDIVIDUALS <- stringr::str_replace_all(meta$INDIVIDUALS, "_ ", "-")
meta$INDIVIDUALS <- stringr::str_replace_all(meta$INDIVIDUALS, " ", "")
meta <- meta[meta$INDIVIDUALS %in% gl.all$ind.names, ]

meta <- metal[order (match(meta$INDIVIDUALS, gl.all$ind.names)), ]

latlong <- data.frame( meta$lat, meta$lon)

rownames (latlong) <- meta$INDIVIDUALS

gl.all$other$ind.metrics <- meta

gl.all$other$loc.metrics <- data.frame( unique(gt.all@data$locus),

gl.all$loc.names,

gl.all$loc.names)

gl.all$loc.names <- unique(gt.all@data$locus)

gl.all$other$latlong <- latlong

gt.all@schemes <- meta
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save(tidy.all,
gl.all,
gt.all,
stockr.all,
pcadapt.all,
structure.all,
faststructure.all,
"Rdata/Blue_shark_AllData.Rdata")

Add correct levels and metadata

Identify outliers loci

OutFLANK

OutFLANKk identifies 67 outliers
load("Rdata/Blue_shark_AllData.Rdata")

gl <- gl.all

SNPmat <- as.matrix(gl)

colnames (SNPmat) <- NULL

row.names (SNPmat) <- NULL

SNPmat [is.na(SNPmat)] <- 9

FstDataFrame <- OutFLANK::MakeDiploidFSTMat (SNPmat, gl@loc.names,
as.character (gl@pop))

plot (FstDataFrame$FST, FstDataFrame$FSTNoCorr, c(-0.01,0.3),
c(-0.01, 0.3, 20) + abline(0, 1)
Outliers <- OutFLANK::0utFLANK(FstDataFrame, length(levels(gl@pop)),
0.01, 0.01,
0.1,
0.0001)
OutFLANK: : OutFLANKResultsPlotter (Outliers, TRUE, TRUE,
0.01, 0.005, FALSE,
0.05,
NULL)

Outliers$numberLowFstOutliers
Outliers$numberHighFstOutliers
OutflankNames <- Outliers$results$LocusName[Outliers$results$OutlierFlag ==
TRUE &
lis.na(Outliers$results$OutlierFlag)]
print (OutflankNames)

PCadapt
PCadapt identifies 8196 outliers

poplist <- pcadapt.all$pop.string

data <- pcadapt.all$genotype.matrix

data <- pcadapt::read.pcadapt(data)

K <- 25

x <- pcadapt::pcadapt(data, K, 0.005)
x$singular.values
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plot(x, "screeplot") #K = 2-3

plot(x, "scores", 1, 2, poplist)
plot(x, "scores", 1, 3, poplist)
plot(x, "scores", 2, 3, poplist)
plot(x, "scores", 3, 4, poplist)
K <- 2

x <- pcadapt::pcadapt(data, K, 0.005)
x$singular.values

plot(x, "manhattan")

plot(x, "qgplot", 0.05)
hist(x$pvalues, "p-values", NULL, 50)
plot(x, "stat.distribution")

gval <- qvalue::qvalue(x$pvalues)$qvalues

alpha <- 0.01

pcadapt.outliers <- which(qval < alpha)
length(pcadapt.outliers)

PCadaptkNames <- gl.all$loc.names[pcadapt.outliers]
print (PCadaptkNames)

Subset outliers commmon between PCAdapt and OUTFlank

We found 9 common outliers

sum(PCadaptkNames %in) OutflankNames)
sum(OutflankNames %inj, PCadaptkNames)

outliers_both <-intersect(OutflankNames, PCadaptkNames)

outliers_both

dim(tidy.all) #14248104 16

tidy.all.neutral <- tidy.all[!tidy.all$MARKERS %inj, outliers_both,]
dim(tidy.all.neutral) #1/2/5296 16

tidy.all.outlier <- tidy.all[tidy.all$MARKERS %inJ} outliers_both,]
dim(tidy.all.outlier) #2808 16

removed <- gl.all$loc.names %inj, outliers_both

gl.all.neutral <- gl.all[, !removed]
gl.all.neutral$other$loc.metrics <- gl.all.neutral$other$loc.metrics[!removed, ]

gl.all.outlier <- gl.all[, removed]
gl.all.outlier$other$loc.metrics <- gl.all.outlier$other$loc.metrics[removed, ]

gt.all.neutral <- gt.all[, !'removed]
gt.all.outlier <- gt.all[, removed]
Supplemental monomorphic and MAF filtering

After careful filtering many markers remained and several were monomorphic. Consequently, we opted
to suplement out filtering with additional monomorphic and minor allele frequency filtering steps.

e We found 2,832 markers that were monomorphic
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e We found 5,171 markers with a frequency below 0.01

gl.all.neutral <- dartR::gl.filter.monomorphs(gl.all.neutral, 0)
gl.all.neutral <- dartR::gl.filter.maf(gl.all.neutral, 0.01, 0)
gl.all.neutral <- dartR::gl.recalc.metrics(gl.all.neutral, 0)

tidy.all.neutral <- tidy.all.neutral[tidy.all.neutral$MARKERS %inJ
gl.all.neutral$loc.names,]
gt.all.neutral <- gt.all.neutral[,gl.all.neutral$loc.names]

save(tidy.all.neutral,
tidy.all.outlier,
gl.all.neutral,
gl.all.outlier,
gt.all.neutral,
gt.all.outlier,
"Rdata/ALL_neutral _outlier_data.Rdata")

Convert to other data formats without outliers and sex markers

load("Rdata/ALL_neutral outlier_data.Rdata")
BS_all_convert_neutral <- radiator::genomic_converter (
tidy.all.neutral,
c("stockr", "structure", "faststructure", "snprelate","vcf"))

stockr.all.neutral <- BS_all_convert_neutral$stockr
snprelate.all.neutral <- BS_all_convert_neutral$snprelate

BS_all_convert_outlier <- radiator::genomic_converter(
tidy.all.outlier,
c("stockr", "structure", "faststructure", "snprelate","vcf"))

stockr.all.outlier <- BS_all_convert_outlier$stockr
snprelate.all.outlier <- BS_all_convert_outlier$snprelate

strata2 <- dplyr::filter(strata, TARGET_ID %in%
gl.all.neutral$other$ind.metrics$TARGET_ID)
strata2 <- strata2[order(match(strata2$TARGET_ID,
gl.all.neutral$other$ind.metrics$TARGET_ID)),]
strata2$INDIINDIVIDUALS <- stringr::str_replace_all( INDIVIDUALS2,

D
pop-levels2 <- c("NATL", "NEATL", "MED1", "MED2", "SAF1", "SAF2", "WIQO",
"NIO", "EIO", "SWPAC1", "SWPAC2", "SWPAC3")
strata2$STRATA <- factor(strata2$STRATA, pop.levels2)
gl.all.neutral$other$ind.metrics <- strata?2
gi.all.neutral$other$ind.metrics <- strata?2
gt.all.neutral@schemes <- strata2

gl.all.outlier$other$ind.metrics <- strata2

gi.all.outlier$other$ind.metrics <- strata?2
gt.all.outlier@schemes <- strata2
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strata2 %<>% dplyr::rename ( INDIVIDUALS) %>%

dplyr: :mutate( stringr::str_replace_all( INDIVIDUALS2,
|l_ I_H’
||_||) )
tidy.all.neutral2 <- dplyr::left_join(tidy.all.neutral, strata2, "INDIVIDUALS")
tidy.all.outlier2 <- dplyr::left_join(tidy.all.outlier, strata2, "INDIVIDUALS")

tidy.all.neutral2$POP_ID <- NULL

convert <- radiator::genomic_converter(tidy.all.neutral2, strata2,
"gtypes")

gt.all.neutral <- convert$gtypes

tidy.all.outlier2$POP_ID <- NULL

convert <- radiator::genomic_converter(tidy.all.outlier2, strata2,
"gtypes")

gt.all.outlier <- convert$gtypes

gl.all.neutral$pop <- gl.all.neutral$other$ind.metrics$STRATA
gi.all.neutral@pop <- gi.all.neutral$other$ind.metrics$STRATA
gl.all.outlier$pop <- gl.all.neutral$other$ind.metrics$STRATA
gi.all.outlier@pop <- gi.all.neutral$other$ind.metrics$STRATA

strat <- as.character(gt.all.neutral@schemes$STRATA)
names (strat) <- stringr::str_replace_all( gt.all.neutral@schemes$INDIVIDUALS,
n I u’ ll_ll)

setStrata(gt.all.neutral) <- strat

unique(gt.all.neutral@data$id) %in’
stringr::str_replace_all( gt.all.neutral@schemes$INDIVIDUALS,
||_ |_I|, ||_||)

radiator: :write_vcf(
tidy.all.neutral,
FALSE,
"BlueShark_312ind_37655_neutral_ SNPs",
NULL,
FALSE
)
radiator: :write_rad(
tidy.all.neutral,
Do
"BlueShark_312ind_37655_neutral_SNPs",
TRUE,
FALSE,
FALSE,
TRUE,
"standard",
FALSE

radiator: :write_vcf(
tidy.all.outlier,
FALSE,
"BlueShark 312ind_9 outlier_ SNPs",
NULL,
FALSE
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radiator: :write_rad(
tidy.all.outlier,
VAN
"BlueShark_312ind_9_outlier_SNPs.rad",
TRUE,
FALSE,
FALSE,
TRUE,
"standard",
FALSE

save(tidy.all.neutral,
gl.all.neutral,
gi.all.neutral,
gt.all.neutral,
stockr.all.neutral,
snprelate.all.neutral,
tidy.all.outlier,
gl.all.outlier,
gi.all.outlier,
gt.all.outlier,
stockr.all.outlier,
snprelate.all.outlier,

"Rdata/Blue_shark_Neutral_and_OutlierData_Corrected2.Rdata")

Add correct levels and metadata

Load filtered data without sex-linked markers

load("Rdata/Blue_shark_Neutral_and_QOutlierData_Corrected2.Rdata")

adegenet: :nLoc(gl.all.neutral)

## [1] 37655

adegenet: :nLoc(gl.all.outlier)

## [1] 9

adegenet: :nInd(gl.all.neutral)

## [1] 312

pop.levels <- c("NATL", "NEATL", "MED", "SAF", "WIOQ", "NIQ", "EIO", "SWPAC")
gl.all.neutral$other$ind.metrics$STRATA2 <- factor(gl.all.neutral$other$ind.metrics$STRATA2,
gl.all.neutral$pop <- gl.all.neutral$other$ind.metrics$STRATA2

gl.all.outlier$other$ind.metrics$STRATA2 <- factor(gl.all.outlier$other$ind.metrics$STRATA2,
gl.all.outlier$pop <- gl.all.outlier$other$ind.metrics$STRATA2

knitr::kable(table(gl.all.neutral$other$ind.metrics$GENETIC_SEX,
gl.all.neutral$other$ind.metrics$STRATA2),
c(shortnames2) ,
"Summary: Number of sharks by location and sex")
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Table 6: Summary: Number of sharks by location and sex

NATL NEATL MED SAF WIO NIO EIO SWPAC

40 12 29 22 13 1 3 29
2 9 16 83 9 15 5 24
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Table 7: Genetic diversity for neutral loci

NATL | NEATL | MED SAF WIO NIO EIO | SWPAC
ar 1.594 1.568 | 1.583 1.583 1.562 1.547 | 1.506 1.581
size 41.400 20.519 | 44.369 | 103.498 | 21.687 | 15.837 | 7.917 52.123
obs_ het 0.145 0.142 | 0.142 0.140 | 0.141 | 0.143 | 0.145 0.139
exp_ het 0.168 0.166 | 0.166 0.166 | 0.163 | 0.161 | 0.157 0.166
uexp_ het 0.170 0.170 | 0.168 0.166 | 0.167 | 0.166 | 0.167 0.167
fis 0.091 0.102 | 0.099 0.115 | 0.088 | 0.067 | 0.031 0.113
hwe glb 1.000 1.000 | 1.000 0.000 1.000 | 1.000 | 1.000 0.000
hwe hom | 1.000 1.000 | 1.000 1.000 1.000 | 1.000 | 1.000 1.000
hwe het 1.000 1.000 | 0.000 0.000 | 1.000 | 1.000 | 1.000 0.000

fis_lo 0.074 0.069 | 0.083 0.103 | 0.059 | 0.028 | -0.067 0.096
fis hi 0.088 0.094 | 0.096 0.113 | 0.081 0.057 | 0.021 0.110
ar_lo 1.539 1.496 1.532 1.531 1.488 1.485 | 1.440 1.530
ar__hi 1.622 1.612 1.608 1.602 1.605 1.601 | 1.577 1.606

Basic data analysis by geographic region

1_ Diversity Table

gl2gpop(gl.all.neutral, "Rdata/Genepop_file_37655SNP_Neutral_312ind.txt")

result <- diveRsity::basicStats(
"Rdata/Genepop_file_37655SNP_Neutral 312ind.txt",

"outfile/Result_Diversity.txt", TRUE, TRUE,
1000, 1000, 1000, FALSE,
0.05, 0.05)

gendiv.neutral <- data.frame(

"Atlantic-N" = result$main_tab$" “$overall,
"Atlantic-NE" = result$main_tab$" “$overall,
"Mediterranean" = result$main_tab$" “$overall,
"Atlantic-SE" = result$main_tab$" “$overall,
"IndianOcean-SW" = result$main_tab$" “$overall,
"IndianOcean-N" = result$main_tab$B383$overall,
"IndianOcean-E" = result$main_tab$" “$overall,
"Pacific-SW" = result$main_tab$" “$overall
)
rownames (gendiv.neutral) <- rownames(result$main_tab$" D)
save(gendiv.neutral, "Rdata/ALL_Genetic_diversity.Rdata")
readr: :write_tsv(gendiv.neutral, "outfile/Table_Diversity_neutral_perPop.txt")

load("Rdata/ALL_Genetic_diversity.Rdata")
knitr: :kable(gendiv.neutral, shortnames?2, S
"Genetic diversity for neutral loci")

Neutral data
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Table 8: Genetic diversity for outlier loci

NATL | NEATL | MED SAF WIO NIO | EIO | SWPAC
ar 1.512 1.379 1.463 1.665 1.551 1.757 | 1.701 1.566
size 40.778 19.556 | 42.889 | 101.889 | 21.333 | 15.556 | 7.556 50.222
obs_ het 0.140 0.108 | 0.106 0.192 | 0.177 | 0.207 | 0.157 0.164
exp_ het 0.151 0.127 | 0.141 0.233 | 0.212 | 0.269 | 0.277 0.231
uexp_ het 0.152 0.131 | 0.143 0.234 | 0.217 | 0.278 | 0.296 0.233
fis 0.040 0.177 | 0.217 0.113 | 0.102 | 0.271 | 0.381 0.214
hwe_glb 0.513 0.736 | 0.043 0.033 | 0973 | 0.639 | 0.828 0.026
hwe hom | 1.000 1.000 | 1.000 1.000 | 1.000 | 1.000 | 1.000 1.000
hwe het 0.725 0.843 | 0.049 0.004 | 0.882 | 0.327 | 0.417 0.007

fis_lo -0.053 -0.143 | 0.013 0.051 | -0.024 | -0.057 | 0.058 0.118
fis_ hi 0.123 0.390 | 0.404 0.202 | 0.235 | 0.419 | 0.519 0.370
ar_lo 1.222 1.111 | 1.111 1.553 | 1.444 | 1.556 | 1.556 1.444
ar__hi 1.778 1.556 | 1.667 1.778 | 1.667 | 1.889 | 1.778 1.667
gl2gpop(gl.all.outlier, "Rdata/Genepop_file_9SNP_Outlier_312ind.txt")

result <- diveRsity::basicStats(
"Rdata/Genepop_file_9SNP_QOutlier_312ind.txt",

"outfile/Result_Diversity.txt", TRUE, TRUE,
1000, 1000, 1000, FALSE,
0.05, 0.05)

gendiv.outlier <- data.frame(

"Atlantic-N" = result$main_tab$" “$overall,

"Atlantic-NE" = result$main_tab$" “$overall,

"Mediterranean" = result$main_tab$" “$overall,

"Atlantic-SE" = result$main_tab$" “$overall,

"IndianOcean-SW" = result$main_tab$" “$overall,

"IndianOcean-N" = result$main_tab$B383$overall,

"IndianOcean-E" = result$main_tab$" “$overall,

"Pacific-SW" = result$main_tab$" “$overall
)
rownames (gendiv.outlier) <- rownames(result$main_tab$" )
save(gendiv.neutral,gendiv.outlier, "Rdata/ALL_Genetic_diversity.Rdata")
readr: :write_tsv(gendiv.outlier, "outfile/Table_Diversity_Outlier_perPop.txt")

load("Rdata/ALL_Genetic_diversity.Rdata")
knitr::kable(gendiv.outlier, shortnames2, 3
"Genetic diversity for outlier loci")

Outlier data

52



2 Fst

pop.levels <- c("NATL", "NEATL", "MED", "SAF", "WIO", "NIO", "EIO", "SWPAC")
gl.all.neutral <- gl.all.neutral[order(gl.all.neutral$pop,
gl.all.neutral@other$ind.metrics$GENETIC_SEX) ,]
Fst.region.stampp.neutral <- StAMPP::stamppFst(gl.all.neutral, 10000, 95,
parallel::detectCores() - 2)

strat <- as.character(gl.all.neutral$pop)
names (strat) <- gl.all.neutral$ind.names
strataG::setStrata(gt.all.neutral) <- strat

Fst.region.stratag.neutral <- strataG::pairwiseTest(
gt.all.neutral,
10000,
FALSE,
1,
FALSE,
parallel: :detectCores() - 2,

gl.all.outlier <- gl.all.outlier[order(gl.all.outlier$pop,
gl.all.outlier@other$ind.metrics$GENETIC_SEX),]
gt.all.outlier@data$stratum
Fst.region.stampp.outlier <- StAMPP::stamppFst(gl.all.outlier, 10000, 95,
parallel: :detectCores() - 2)

strat <- as.character(gl.all.outlier$pop)
names (strat) <- gl.all.outlier$ind.names
strataG::setStrata(gt.all.outlier) <- strat

Fst.region.stratag.outlier <- strataG::pairwiseTest(
gt.all.outlier,

10000,
FALSE,
1,
FALSE,
parallel: :detectCores() - 2,
)
sumres.Fst.neutral <- strataG::pairwiseSummary(Fst.region.stratag.neutral, "AI11")
sumres.Fst.neutral$strata.l <- factor(sumres.Fst.neutral$strata.l, pop.levels)
sumres.Fst.neutral$strata.2 <- factor(sumres.Fst.neutral$strata.2, pop.levels)

sumres.Fst.neutral <- sumres.Fst.neutral[order(sumres.Fst.neutral$strata.1l,
sumres.Fst.neutral$strata.2),]
readr::write_csv(sumres.Fst.neutral,
"outfile/Blue_shark_ FST_summary_neutral_by_region2.csv")
m2 <- sumres.Fst.neutral[order (match(sumres.Fst.neutral$strata.l,pop.levels)),c(2,3,20)]

Gdf <- igraph::graph.data.frame(m2, FALSE)
m2.1 <- igraph::as_adjacency_matrix(Gdf, TRUE, FALSE,
"Fst", 'lower')
m2 <- sumres.Fst.neutral [order (match(sumres.Fst.neutral$strata.l,pop.levels)),c(2,3,21)]
Gdf <- igraph::graph.data.frame(m2, FALSE)
m2.2 <- igraph::as_adjacency_matrix(Gdf, TRUE, FALSE,
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attr = "Fst_p.val", type = 'lower')
m2$Fst.p.adj.fdr <- p.adjust(m2$Fst_p.val, "fdr")
Gdf <- igraph::graph.data.frame(m2, directed = FALSE)
m2.3 <- igraph::as_adjacency_matrix(Gdf, names = TRUE, sparse = FALSE,

attr = "Fst.p.adj.fdr", type = 'lower')
m2$Fst.p.adj.bonf <- p.adjust(m2$Fst_p.val, "bonferroni')
Gdf <- igraph::graph.data.frame(m2, directed = FALSE)
m2.4 <- igraph::as_adjacency_matrix(Gdf, names = TRUE, sparse = FALSE,

attr = "Fst.p.adj.bonf", type = 'lower')

sumres.Fst.neutral$Fst.p.adj.fdr <- m2$Fst.p.adj.fdr
sumres.Fst.neutral$Fst.p.adj.bonf <- m2$Fst.p.adj.bonf

write.csv(m2.1, file = "outfile/Blue_shark_FST_neutral Pairwise_byRegion2.csv")
write.csv(m2.2, file "outfile/Blue_shark_FST_neutral Pval_Pairwise_byRegion2.csv")
write.csv(m2.3,

file = "outfile/Blue_shark_FST_neutral_Pval_Pairwise_FDR_byRegion2.csv")
write.csv(m2.4,

file = "outfile/Blue_shark_FST_neutral_Pval_Pairwise_bonferroni_byRegion2.csv")
write.csv(sumres.Fst.neutral,

file = "outfile/Blue_shark_FST_neutral_byRegion2.csv")

sumres.Fst.outlier <- strataG::pairwiseSummary(Fst.region.stratag.outlier, locus = "Al1l")
sumres.Fst.outlier$strata.l <- factor(sumres.Fst.outlier$strata.l, levels = pop.levels)
sumres.Fst.outlier$strata.2 <- factor(sumres.Fst.outlier$strata.2, levels = pop.levels)
sumres.Fst.outlier <- sumres.Fst.outlier[order(sumres.Fst.outlier$strata.l,
sumres.Fst.outlier$strata.2),]
readr::write_csv(sumres.Fst.outlier,
file = "outfile/Blue_shark_FST_summary_outlier_by_Region2.csv")

m2 <- sumres.Fst.outlier[order (match(sumres.Fst.outlier$strata.l,pop.levels)),c(2,3,20)]
Gdf <- igraph::graph.data.frame(m2, directed = FALSE)
m2.1 <- igraph::as_adjacency_matrix(Gdf, names = TRUE, sparse = FALSE,

attr = "Fst", type = 'lower')
m2 <- sumres.Fst.outlier[order(match(sumres.Fst.outlier$strata.l,pop.levels)),c(2,3,21)]
Gdf <- igraph::graph.data.frame(m2, directed = FALSE)
m2.2 <- igraph::as_adjacency_matrix(Gdf, names = TRUE, sparse = FALSE,

attr = "Fst_p.val", type = 'lower')
m2$Fst.p.adj.fdr <- p.adjust(m2$Fst_p.val, "fdr")
Gdf <- igraph::graph.data.frame(m2, directed = FALSE)
m2.3 <- igraph::as_adjacency_matrix(Gdf, names = TRUE, sparse = FALSE,

attr = "Fst.p.adj.fdr", type = 'lower')
m2$Fst.p.adj.bonf <- p.adjust(m2$Fst_p.val, "bonferroni')
Gdf <- igraph::graph.data.frame(m2, directed = FALSE)
m2.4 <- igraph::as_adjacency_matrix(Gdf, names = TRUE, sparse = FALSE,

attr = "Fst.p.adj.bonf", type = 'lower')

sumres.Fst.outlier$Fst.p.adj.fdr <- m2$Fst.p.adj.fdr
sumres.Fst.outlier$Fst.p.adj.bonf <- m2$Fst.p.adj.bonf

write.csv(m2.1, file = "outfile/Blue_shark_FST_outlier_Pairwise_byRegion2.csv")
write.csv(m2.2, file "outfile/Blue_shark_FST_outlier_Pval_Pairwise_byRegion2.csv")
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Table 9: staMMP: Pairwise Fst for neutral loci by regions

NATL | NEATL MED SAF WIO NIO EIO SWPAC
NATL NA NA NA NA NA NA NA NA
NEATL 0.0005 NA NA NA NA NA NA NA
MED 0.0007 0.0010 NA NA NA NA NA NA
SAF 0.0012 0.0017 | 0.0015 NA NA NA NA NA
WIO 0.0016 0.0015 | 0.0017 | Oe+00 NA NA NA NA
NIO 0.0011 0.0015 | 0.0017 -le-04 | -4e-04 NA NA NA
EIO 0.0011 0.0015 | 0.0023 | 0e+00 | -3e-04 4e-04 NA NA
SWPAC 0.0017 0.0020 | 0.0022 le-04 | -1e-04 | -3e-04 | -3e-04 NA

Table 10: staMMP: Pairwise Fst P-values Fst for neutral loci by regions

NATL NEATL MED SAF WIO NIO EIO SWPAC
NATL NA NA NA NA NA NA NA NA
NEATL 0.0062 NA NA NA NA NA NA NA
MED 0.0000 0.0000 NA NA NA NA NA NA
SAF 0.0000 0.0000 0 NA NA NA NA NA
WIO 0.0000 0.0000 0 | 0.4447 NA NA NA NA
NIO 0.0011 0.0003 0 | 0.7368 | 0.8879 NA NA NA
EIO 0.0178 0.0069 0 | 0.4819 | 0.7177 | 0.2221 NA NA
SWPAC 0.0000 0.0000 0 | 0.2427 | 0.7522 0.9026 | 0.7337 NA

write.csv(m2.3,

"outfile/Blue_shark FST_outlier_Pval_Pairwise_FDR_byRegion2.csv")
write.csv(m2.4,

"outfile/Blue_shark_FST_outlier_Pval_Pairwise_bonferroni_byRegion2.csv")
write.csv(sumres.Fst.outlier,

"outfile/Blue_shark_FST_outlier_byRegion2.csv")

save(Fst.region.stampp.neutral,
Fst.region.stratag.neutral,
Fst.region.stampp.outlier, Fst.region.stratag.outlier,
sumres.Fst.neutral, sumres.Fst.outlier,
"Rdata/fst.ALL.neutral.outlier2.Rdata")

load("Rdata/fst.ALL.neutral.outlier2.Rdata")

knitr: :kable(

Fst.region.stampp.neutral$Fsts, 4,
"staMMP: Pairwise Fst for neutral loci by regions") %>%
kableExtra: :kable_styling( FALSE, 7

knitr: :kable(

Fst.region.stampp.neutral$Pvalues, 4,
"staMMP: Pairwise Fst P-values Fst for neutral loci by regions") %>%
kableExtra: :kable_styling( FALSE, 7)

knitr: :kable(
sumres.Fst.neutral [order (sumres.Fst.neutral$Fst,
TRUE) ,
c(1,20,21,40,41)1, 4,
"StrataG: Pairwise Fst for neutral loci by regions")

knitr: :kable(
Fst.region.stampp.outlier$Fsts, 4,
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Table 11: StrataG: Pairwise Fst for neutral loci by regions

label Fst | Fst_p.val | Fst.p.adj.fdr | Fst.p.adj.bonf
1 | EIO (8) v. MED (45) 0.0012 0.0015 0.0025 0.0420
12 | MED (45) v. SWPAC (53) 0.0011 0.0001 0.0002 0.0028
3 | EIO (8) v. NEATL (21) 0.0010 0.0005 0.0009 0.0140
21 | NEATL (21) v. SWPAC (53) | 0.0009 0.0001 0.0002 0.0028
10 | MED (45) v. NIO (16) 0.0009 0.0001 0.0002 0.0028
17 | NATL (42) v. SWPAC (53) 0.0009 0.0001 0.0002 0.0028
13 | MED (45) v. WIO (22) 0.0008 0.0001 0.0002 0.0028
18 | NATL (42) v. WIO (22) 0.0008 0.0001 0.0002 0.0028
19 | NEATL (21) v. NIO (16) 0.0008 0.0001 0.0002 0.0028
20 | NEATL (21) v. SAF (105) 0.0008 0.0001 0.0002 0.0028
11 | MED (45) v. SAF (105) 0.0008 0.0001 0.0002 0.0028
22 | NEATL (21) v. WIO (22) 0.0007 0.0001 0.0002 0.0028
2 | EIO (8) v. NATL (42) 0.0007 0.0013 0.0023 0.0364
15 | NATL (42) v. NIO (16) 0.0006 0.0001 0.0002 0.0028
16 | NATL (42) v. SAF (105) 0.0006 0.0001 0.0002 0.0028
9 | MED (45) v. NEATL (21) 0.0004 0.0001 0.0002 0.0028
8 | MED (45) v. NATL (42) 0.0004 0.0001 0.0002 0.0028
14 | NATL (42) v. NEATL (21) 0.0002 0.0189 0.0294 0.5292
4 | EIO (8) v. NIO (16) 0.0002 0.2461 0.3627 1.0000
5 | EIO (8) v. SAF (105) 0.0001 0.3771 0.5028 1.0000
26 | SAF (105) v. SWPAC (53) 0.0000 0.3120 0.4368 1.0000
6 | EIO (8) v. SWPAC (53) 0.0000 0.4836 0.5887 1.0000
27 | SAF (105) v. WIO (22) 0.0000 0.4741 0.5887 1.0000
23 | NIO (16) v. SAF (105) 0.0000 0.5639 0.6579 1.0000
28 | SWPAC (53) v. WIO (22) 0.0000 0.6694 0.7209 1.0000
24 | NIO (16) v. SWPAC (53) -0.0001 0.7228 0.7496 1.0000
7 | EIO (8) v. WIO (22) -0.0001 0.6364 0.7128 1.0000
25 | NIO (16) v. WIO (22) -0.0002 0.8549 0.8549 1.0000
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Table 12:

staMMP: Pairwise Fst for outlier loci by regions

NATL NEATL MED SAF WIO NIO EIO SWPAC
NATL NA NA NA NA NA NA NA NA
NEATL -0.0061 NA NA NA NA NA NA NA
MED -0.0119 -0.0003 NA NA NA NA NA NA
SAF 0.2671 0.2933 0.2664 NA NA NA NA NA
WIO 0.4617 0.4919 0.4707 | 0.0460 NA NA NA NA
NIO 0.3691 0.3922 0.3745 | 0.0070 | -0.0099 NA NA NA
EIO 0.5148 0.5405 0.5287 | 0.1246 0.0264 0.0361 NA NA
SWPAC 0.3923 0.4132 0.3988 | 0.0266 | -0.0079 | -0.0040 | 0.0368 NA

Table 13: staMMP: Pairwise Fst P-values Fst for outlier loci by regions

NATL NEATL MED SAF WIO NIO EIO SWPAC
NATL NA NA NA NA NA NA NA NA
NEATL 0.7021 NA NA NA NA NA NA NA
MED 0.9997 0.5046 NA NA NA NA NA NA
SAF 0.0000 0.0000 0 NA NA NA NA NA
WIO 0.0000 0.0000 0 | 0.0039 NA NA NA NA
NIO 0.0000 0.0000 0 | 0.3190 | 0.8006 NA NA NA
EIO 0.0000 0.0000 0 | 0.0015 0.1679 0.1470 NA NA
SWPAC 0.0000 0.0000 0 | 0.0088 | 0.8443 0.6449 | 0.0561 NA

"staMMP: Pairwise

kableExtra: :kable_styling(

knitr: :kable(

Fst.region.stampp.outlier$Pvalues,

"staMMP: Pairwise Fst P-values Fst for outlier loci by regions")

kableExtra: :kable_styling(

knitr: :kable(

FALSE,

4,

FALSE,

sumres.Fst.outlier[order(sumres.Fst.outlier$Fst,

c(1,20,21,40,41)1],
"StrataG: Pairwise Fst for outlier loci by regions")

TRUE) ,

7

7

4,
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Table 14: StrataG: Pairwise Fst for outlier loci by regions

label Fst | Fst_p.val | Fst.p.adj.fdr | Fst.p.adj.bonf
22 | NEATL (21) v. WIO (22) 0.3243 0.0001 0.0002 0.0028
3 | EIO (8) v. NEATL (21) 0.3237 0.0001 0.0002 0.0028
1 | EIO (8) v. MED (45) 0.2902 0.0001 0.0002 0.0028
13 | MED (45) v. WIO (22) 0.2883 0.0001 0.0002 0.0028
2 | EIO (8) v. NATL (42) 0.2865 0.0001 0.0002 0.0028
18 | NATL (42) v. WIO (22) 0.2858 0.0001 0.0002 0.0028
21 | NEATL (21) v. SWPAC (53) | 0.2813 0.0001 0.0002 0.0028
12 | MED (45) v. SWPAC (53) 0.2493 0.0001 0.0002 0.0028
17 | NATL (42) v. SWPAC (53) 0.2465 0.0001 0.0002 0.0028
19 | NEATL (21) v. NIO (16) 0.2324 0.0001 0.0002 0.0028
10 | MED (45) v. NIO (16) 0.2000 0.0001 0.0002 0.0028
15 | NATL (42) v. NIO (16) 0.1999 0.0001 0.0002 0.0028
20 | NEATL (21) v. SAF (105) 0.1985 0.0001 0.0002 0.0028
16 | NATL (42) v. SAF (105) 0.1659 0.0001 0.0002 0.0028
11 | MED (45) v. SAF (105) 0.1658 0.0001 0.0002 0.0028
5 | EIO (8) v. SAF (105) 0.0553 0.0049 0.0076 0.1372
27 | SAF (105) v. WIO (22) 0.0242 0.0028 0.0046 0.0784
4 | EIO (8) v. NIO (16) 0.0171 0.1668 0.2458 1.0000
26 | SAF (105) v. SWPAC (53) 0.0134 0.0021 0.0037 0.0588
6 | EIO (8) v. SWPAC (53) 0.0133 0.1781 0.2493 1.0000
7 | EIO (8) v. WIO (22) 0.0085 0.2635 0.3513 1.0000
23 | NIO (16) v. SAF (105) 0.0022 0.2885 0.3672 1.0000
9 | MED (45) v. NEATL (21) 0.0002 0.3653 0.4447 1.0000
24 | NIO (16) v. SWPAC (53) -0.0024 0.5445 0.6307 1.0000
14 | NATL (42) v. NEATL (21) -0.0030 0.5631 0.6307 1.0000
28 | SWPAC (53) v. WIO (22) -0.0037 0.6490 0.6730 1.0000
25 | NIO (16) v. WIO (22) -0.0052 0.6417 0.6730 1.0000
8 | MED (45) v. NATL (42) -0.0059 0.9629 0.9629 1.0000

58



3_AMOVA

pop.levels <- c("NATL", "NEATL", "MED", "SAF", "WIO", "NIO", "EIO", "SWPAC")
gl.all.neutral$pop <- factor(gl.all.neutral$other$ind.metrics$STRATA2,
pop.levels)

dist <- dist(tab(gl.all.neutral)) #euclidean distance

amova.result <- pegas::amova(dist ~ pop, adegenet: :strata(gl.all.neutral),
1000)

print (amova.result)

##

## Analysis of Molecular Variance

##

## Call: pegas::amova(formula = dist ~ pop, data = adegenet::strata(gl.all.neutral),
#it nperm = 1000)

##

## SSD MSD df

## pop 53110.54 7587.219 7

## Error 2179066.70 7167.983 304
## Total 2232177.24 7177.419 311

##

## Variance components:
## sigma2 P.value
## pop 11.667 0
## Error 7167.983

##

## Phi-statistics:

## pop.in.GLOBAL

## 0.00162507

##

## Variance coefficients:
## a

## 35.93223

dist <- dist(tab(gl.all.outlier)) #euclidean distance

amova.result <- pegas::amova(dist ~ pop, adegenet: :strata(gl.all.outlier),
1000)

print(amova.result)

##

## Analysis of Molecular Variance

##

## Call: pegas::amova(formula = dist ~ pop, data = adegenet::strata(gl.all.outlier),
#it nperm = 1000)

##

## SSD MSD df

## pop 273.7149 39.102133 7
## Error 673.9552 2.216958 304
## Total 947.6702 3.047171 311

##

## Variance components:
## sigma2 P.value
## pop  1.0265 0
## Error 2.2170

##
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##
##
##
##
##
##
##

Phi-statistics:
pop.in.GLOBAL
0.3164875

Variance coefficients:

a
35.93223
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4_ Isolation-by-distance

Test the correlation between the genetic and geographic distance between the sampling sites. The genetic
distance is calculated based on Fst and Euclidean distance.

pop-levels <- c("NATL", "NEATL", "MED", "SAF", "wWIO", "NIO", "EIO", "SWPAC")

gl.all.neutral$pop <- factor(gl.all.neutral$other$ind.metrics$STRATA2,
pop.levels)

gi.all.neutral <- gl2gi_mvb(gl.all.neutral)

# geographic file that contain coordinates of the 8 sampling locations

popm <- read.csv("infiles/Geo8pop.csv", TRUE, Do @

D <- hierfstat::pairwise.fst(gi.all.neutral)
save (D, "./Rdata/ibd_all_neutral.Rdata")

load("./Rdata/ibd_all_neutral.Rdata")

Dgeo <- dist(popm[,3:4])

geo.dist <- geodist::geodist(popm[,3:4], "geodesic") /1000
Dgeo <- as.dist(geo.dist)

fst.test <- ade4::mantel.randtest(D, Dgeo, 10000)
plot(fst.test)

Based on Fst distance

Histogram of sim
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fst.test

## Monte-Carlo test

## Call: ade4::mantel.randtest(ml = D, m2 = Dgeo, nrepet = 10000)
##

## Observation: -0.08648858

##

## Based on 10000 replicates

## Simulated p-value: 0.6506349

## Alternative hypothesis: greater

##

#i# Std.0Obs  Expectation Variance
## -0.4455972554 -0.0006587453 0.0371015081

#FST with Kernel
#n=Number of grid points in each direction. Can be scalar or a length-2 integer vector.
dens <- MASS::kde2d(Dgeo,D, n = 312)
myPal <- colorRampPalette(c("white","blue","gold", "orange", "red"))
plot(Dgeo, D, pch = 20,cex = 0.5,
xlab = "Geographic distance",
ylab = "Genetic distance",
main = paste0("Isolation by distance plot\n p-value = ",
round (fst.test$pvalue,3)))
image(dens, col = transp(myPal(300),.7), add = TRUE)

Isolation by distance plot
p—value = 0.651

Genetic distance
0.005 0.010 0.015 0.020 0.025
|

I I I
5000 10000 15000

Geographic distance

# abline(lm(D~Dgeo),col = "red",lty = 2)

corr.test <- vegan::mantel.correlog(
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D, Dgeo, NULL, 0, NULL,
FALSE, "pearson", 999, "holm", TRUE)
plot(corr.test)
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gpop <- adegenet::genind2genpop(gi.all.neutral)

Based on Euclidean distance

##

## Converting data from a genind to a genpop object...

#i#

## ...done.

Dgen <- adegenet::dist.genpop(gpop, 2) #method 2 Euclidean = Angular distance

names (Dgen) <- NULL

Dgeo <- dist(popm[,3:4], "euclidean")
eucl.test <- ade4::mantel.randtest(Dgen, Dgeo, 10000)
eucl.test

## Monte-Carlo test

## Call: ade4::mantel.randtest(ml = Dgen, m2 = Dgeo, nrepet = 10000)
#i#

## Observation: -0.1098316

##

## Based on 10000 replicates

63



## Simulated p-value: 0.6659334

## Alternative hypothesis: greater

##

## Std.0Obs  Expectation Variance
## -5.208625e-01 -5.298856e-05 4.442113e-02

plot(eucl.test)

Histogram of sim
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#IBD with KERNEL
dens <- MASS::kde2d(Dgeo,Dgen, 312)
myPal <- colorRampPalette(c("white","blue","gold", "orange", "red"))
plot(Dgeo, Dgen, 20, 0.5,

"Geographic distance",
"Genetic distance",
paste0("Isolation by distance plot\n p-value = ",
round (eucl.test$pvalue,3)))
image (dens, transp (myPal(300),.7), TRUE)
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Isolation by distance plot

p—value = 0.666
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Geographic distance

# abline(lm(D~Dgeo),col = "red",lty = 2)

corr.test <- vegan::mantel.correlog(Dgen, D.geo = Dgeo, XY = NULL, n.class = 0,
break.pts = NULL,
cutoff = FALSE, r.type = "pearson", nperm = 999,
mult = "holm", progressive = TRUE)

plot(corr.test)
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Distance class index
popmInd <- read.csv("infiles/Geo.csv", TRUE, )
head (popmInd)

##  popid popname long lat

## 1 60104 Pacific-SW 165.8 -43.6

## 2 60105 Pacific-SW 165.8 -43.6

## 3 60117 Pacific-SW 165.8 -43.6

## 4 60118 Pacific-SW 165.8 -43.6

## 5 60119 Pacific-SW 165.8 -43.6

## 6 60120 Pacific-SW 165.8 -43.6

#Boundaries

gab <- adegenet: :chooseCN(unique(popmInd[,3:4]), FALSE, 2)

## Registered S3 method overwritten by ’spdep’:
##  method from
##  plot.mst ape
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5_PCA

pca.all.neutral <- adegenet::glPca(gl.all.neutral, 4,
TRUE,
parallel: :detectCores())

pca.all.outlier <- adegenet::glPca(gl.all.outlier, 4,
TRUE,
parallel: :detectCores())

save(pca.all.neutral, pca.all.outlier,
"Rdata/PCA_ALL_objects.Rdata")

load("Rdata/PCA_ALL_objects.Rdata")
var_frac <- pca.all.neutral$eig/sum(pca.all.neutral$eig)
print(paste0("Total variance explained: ",signif(sum(var_frac[1:4]) * 100, 3), "%"))

PCA with neutral markers

## [1] "Total variance explained: 1.7%"

pop <- gl.all.neutral$pop

data <- data.frame(pca.all.neutral$scores, pop)
data <- merge(data, aggregate(cbind( PC1, PC2) ~
pop, data, mean), "pop")
pca.neutral.plot <- ggplot2::ggplot(data, ggplot2::aes(PCl, PC2, pop)) +
ggplot2: :geom_point( 4) +
ggplot2: :geom_point (ggplot2: :aes( mean.x,
mean.y, pop) ,
7,
17) +
ggplot2: :scale_colour_manual( colours8) +
ggplot2::scale_fill_manual( colours8) +
ggplot2: :geom_hline( 0) +
ggplot2: :geom_vline( 0) +

ggplot2: :labs(
paste0("Total variance explained: ",
signif (sum(var_frac[1:4]) * 100, 3), "%"),
paste0("PC2; ", signif(var_frac[2] * 100, 2), "M,
pasteO("PC1l; ", signif(var_frac[1] * 100, 2), " A",
"Blue shark data coloured according to sampling location,
loci without outliers",
) + ggplot2::theme_minimal() +
ggplot2: :theme (

ggplot2: :element_text( 15),
ggplot2::element_text( 20),
ggplot2::element_text( 20),

ggplot2: :element_text( 15)

print(pca.neutral.plot)
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Blue shark data coloured according to sampling location,
loci without outliers

Total variance explained: 1.7%
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ggplot2: :ggsave(pca.neutral.plot,
filename = "figures/2.ALL_PCA_no_outliers_37655SNPs.png",
width = 30, height = 15, units = "cm"

var_frac <- pca.all.outlier$eig/sum(pca.all.outlier$eig)
print(paste0("Total variance explained: ",signif (sum(var_frac[1:4]) * 100, 3), "%"))

PCA with outlier markers

## [1] "Total variance explained: 80.2}%"

pop.levels <- c("NATL", "NEATL", "MED", "SAF", "WIO", "NIQ", "EIO", "SWPAC")

gl.all.outlier$pop <- factor(gl.all.neutral$other$ind.metrics$STRATA2,
levels = pop.levels)

pop <- gl.all.outlier$pop

data <- data.frame(pca.all.outlier$scores, pop = pop)
data <- merge(data, aggregate(cbind(mean.x = PC1l, mean.y = PC2) ~
pop, data, mean), by = "pop")

pca.outlier.plot <- ggplot2::ggplot(data, ggplot2::aes(PCl, PC2, color = pop)) +
ggplot2: :geom_point(size = 4) +
ggplot2: :geom_point(ggplot2::aes(x = mean.x,
y = mean.y, color = pop),
size = 7,
shape = 17
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ggplot2::scale_colour_manual (values = colours8) +
ggplot2::scale_fill_manual(values = colours8) +
ggplot2::geom_hline(yintercept = 0) +
ggplot2: :geom_vline(xintercept = 0) +
ggplot2: :labs(
subtitle = pasteO("Total variance explained: ",
signif (sum(var_frac[1:4]) * 100, 3), "%"),

vy = paste0("PC2; ", signif(var_frac[2] * 100, digits = 2), " "),

% = paste0("PC1; ", signif(var_frac[1] * 100, digits = 2), " %"),

title = "Blue shark data coloured according to prior location, outlier loci",
caption = ""

) + ggplot2::theme_minimal() +

ggplot2: :theme (
axis.text = ggplot2::element_text(size = 15),
axis.title.x = ggplot2::element_text(size = 20),
axis.title.y = ggplot2::element_text(size = 20),
legend.text = ggplot2::element_text(size = 15)

)

print(pca.outlier.plot)

Blue shark data coloured according to prior location, outlier loci
Total variance explained: 80.2%
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ggplot2: :ggsave(pca.outlier.plot, filename = "figures/2.PCA_only_outliers_SNPs.png",
width = 30, height = 15, units = "cm"
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6__ DAPC

set.seed(124)
grpneut <-
adegenet::find.clusters(

gl.all.neutral,
max.n.clust = 6,
n.pca = adegenet::nInd(gl.all.neutral) / 3,
stat = "BIC",
parallel = TRUE,
n.cores = parallel::detectCores() - 2

save(grpneut, file = "Rdata/BSH_kgrp_no_outlier.rdata")

load("Rdata/BSH_kgrp_no_outlier.rdata")

y <- as.numeric(grpneut$Kstat)
x <- 1:6
data <- data.frame(x,y,stringsAsFactors = F)
plot <- ggplot2::ggplot(data, ggplot2::aes(x,y)) +
ggplot2: :geom_point(size = 5, shape = 1, color = "blue") +
ggplot2::geom_line(size = 1,color = "blue") +
ggplot2::scale_x_continuous(name = waiver(),
breaks = seq(from = O,
to = nrow(gl.all.neutral) - 1,
by = 1)) +

ggplot2::labs(subtitle = "",
y = "Bayesian Information Criteriomn",
x = "Number of clusters",
title = "All sites, neutral markers",
caption = "") +
ggplot2: :theme_classic() +
ggplot2: :theme (
axis.text = ggplot2::element_text(size = 1B5),
axis.title.x = ggplot2::element_text(size = 20,vjust = 0, hjust = 0.5),
axis.title.y = ggplot2::element_text(size = 20,vjust = 2, hjust = 0.5))
print(plot)

Optimal number of clusters with neutral markers
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All sites, neutral markers
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Number of clusters

Cross-validation to identify the optimal number of clusters: number of PC axis to account
for Uses a training - holdout set of individuals to check how reliable individuals can be assigned.

set.seed(124)
x <- gl.all.neutral

png( "figures/3.BSH_neutral_refined_n_pca.png")
xval <-
adegenet: :xvalDapc(
tab(x, "mean"),
adegenet: :pop(x),
3,
15:40,
NULL,
1000,
"multicore",
parallel: :detectCores() - 2,
TRUE
)
dev.off ()
save (xval, "Rdata/xval_ALL_neutral refined.rdata")

load("Rdata/xval_ALL_neutral_refined.rdata")
print(xval[2:6])

## $‘Median and Confidence Interval for Random Chance°

#i#t 2.5% 50% 97.5Y%
## 0.08816016 0.12135381 0.15891224
#it
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## $‘Mean Successful Assignment by Number of PCs of PCA‘

## 15 16 17 18 19 20
## 0.2667440 0.2693393 0.2738494 0.2742578 0.2848539 0.2820980
## 21 22 23 24 25 26
## 0.2891410 0.2826085 0.2858906 0.2844277 0.2862953 0.3057143
## 27 28 29 30 31 32
## 0.2895559 0.2896827 0.2995394 0.3038764 0.3003777 0.2939277
#t 33 34 35 36 37 38
## 0.3024423 0.3034057 0.2936328 0.2807839 0.2927189 0.2898741
## 39 40

## 0.2855994 0.2856081

##

## $‘Number of PCs Achieving Highest Mean Success®

## [1] "26"

##

## $‘Root Mean Squared Error by Number of PCs of PCA¢

## 15 16 17 18 19 20
## 0.7349155 0.7322835 0.7278107 0.7276381 0.7170129 0.7202626
## 21 22 23 24 25 26
## 0.7125025 0.7193452 0.7161227 0.7179875 0.7153159 0.6967440
## 27 28 29 30 31 32
## 0.7127842 0.7123653 0.7032346 0.6986533 0.7028884 0.7082008
## 33 34 35 36 37 38
## 0.7004829 0.6994426 0.7094142 0.7217085 0.7094749 0.7123026
#it 39 40

## 0.7170472 0.7169054

##

## $‘Number of PCs Achieving Lowest MSE‘

## [1] "26"

PCneut <- as.numeric(xval$” )

dapc.all.neutral.object.names <- c()
for (X in 2:6) {
set.seed(124)

grp <- adegenet::find.clusters(gl.all.neutral, K, PCneut)

set.seed(124)

dapc.all.neutral <- adegenet::dapc(gl.all.neutral, grp$grp, K-1,
PCneut)

assign(paste0("dapc.all.neutral", K), dapc.all.neutral)

dapc.all.neutral.object.names <- c(dapc.all.neutral.object.names,
paste0("dapc.all.neutral", K))
}
save ( dapc.all.neutral.object.names, dapc.all.neutral.object.names,
"Rdata/DAPC.ALL_neutral.Rdata")

DAPC barplot with neutral markers Group individuals according to DAPC posterior membership.

load("Rdata/DAPC.ALL neutral.Rdata")
for (K in 2:6) {
colour <- colours6[1:K]
dapc <- get(dapc.all.neutral.object.names[K - 1])
post <- as.matrix(dapc$posterior)
colnames(post) <- pasteO("Group", 1:nlevels(dapc$grp))
locations <- gl.all.neutral$pop

plot.dapc.FDD( post,

73



locations = locations,
colour = colour,
region.lwd = 1,
plotTitle = pasteO("DAPC: all blue sharks - neutral data\n for K=",
K, " & PC=", PCneut, sep = ""))
dev.print(
device = png,
file = pasteO("figures/3.DAPC_barplot_neutral_37655SNPs_K", K, ".png"),
res = 300,
width = 30,
height = 15,
units = "cm")

DAPC: all blue sharks — neutral data

for K=2 & PC=26
@@O

n=42 n=21
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for (X in 2:6) {
dapc.neutral <- get(dapc.all.neutral.object.names[K - 1])
if K ==2) {
posi.leg <- "bottomright"
} else {posi.leg <- "bottomleft"}
dapc.neutral.plot <- ade4::scatter(dapc.neutral, grp = pop(gl.all.neutral), cex = 2,
legend = TRUE, col = colours8, clabel = FALSE,
posi.leg = posi.leg, scree.pca = TRUE,
posi.pca = "topleft", cleg = 0.75, xax = 1,
yax = 2, inset.solid = 0.70)
dev.print(
device = png,
file = pasteO("figures/3.DAPC_Scatter_neutral_37655SNPs_K", K, ".png"),

width = 30,
height = 15,
units = "cm",
res = 300

)

DAPC scatterplot with neutral markers
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PCA eigenvalues
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DA eigenvalues

for (K in 2:6){

colour <- colours6[1:K]

dapc.neutral <- get(dapc.all.neutral.object.names[K - 1])
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dapc.neutral.plot <- ade4::scatter(dapc.neutral, cex = 2, legend = TRUE,

dev.print(

Density

device = png,
file = pasteO("figures/3.DAPC_Scatter_neutral_37655SNPs_pergroups_K",

col = colour, clabel = FALSE,
posi.leg = "bottomleft", scree.pca = TRUE,
posi.pca "topleft", cleg = 0.75, xax = 1,
yax = 2, inset.solid = 0.75)

K,".png"),
width = 30,
height = 15,
units "cm",
res = 300
<
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PCA eigenvalues
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dapc <- get(dapc.all.neutral.object.names[1])
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df <- data.frame(gl.all.neutral$other$ind.metrics, DAPC_GROUP = dapc$assign)
write.csv(df, file = "outfile/new_metadata_with_DAPC_grouping.csv",
row.names = FALSE)

Identify South African groups for K=2
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7 _stockR

HER#H##HAHAAAA###On]y non outlier
sample.grps <- attr(stockr.all.neutral, "sample.grps")
stock.all.neutral.object.names <- c()
for (K in 2:6) {
stock.all.neutral <- stockR::stockSTRUCTURE(
SNPdata = stockr.all.neutral,
K =K,
)

stockBOOT.all.neutral <- stockR::stockBOOT(stock.all.neutral, B = 100,
mc.cores = parallel::detectCores() - 2)
assign(paste0("stockBOOT.all.neutral", K),value = stockBOOT.all.neutral)
stock.all.neutral.object.names <- c(stock.all.neutral.object.names,
paste0("stockBOOT.all.neutral", K))
}
save(list=stock.all.neutral.object.names , stock.all.neutral.object.names,
file = "Rdata/stockR.ALL.neutral.Rdata")

####R AR AR ###only outlier
sample.grps <- attr(stockr.all.outlier, "sample.grps")
stock.all.outlier.object.names <- c()
for (X in 2:6) {
stock.all.outlier <- stockR::stockSTRUCTURE(
SNPdata = stockr.all.outlier,
K = K,
)

stockBOOT.all.outlier <- stockR::stockBOOT(stock.all.outlier, B = 100,
mc.cores = parallel::detectCores() - 2)
assign(paste0("stockBOOT.all.outlier", K),value = stockBOOT.all.outlier)
stock.all.outlier.object.names <- c(stock.all.outlier.object.names,
pasteO("stockBOOT.all.outlier", K))
¥
save(list=stock.all.outlier.object.names , stock.all.outlier.object.names,
file = "Rdata/stockR.ALL.outlier.Rdata")

load("Rdata/stockR.ALL.neutral.Rdata")
grps <- attr(stockr.all.neutral, "grps")
levels(grps) <- c("NATL", "NEATL", "MED", "SAF", "WIO", "NIO", "EIO", "SWPAC")
for (K in 2:6) {
colour <- colours6[1:K]
plot.stockBOOT.object (
get(stock.all.neutral.object.names[K - 1]),
locations = data.frame(grps,
order = as.integer(grps), las = 2),
region.lwd = 1,
CI.width = 0.70,
colour = colour,
plotTitle = pasteO("stockR: Blue shark data without outliers for K=", K)
)
dev.print(

84



device = png,
file = pasteO("figures/4.StockR_barplot_neutral_ 37655SNPs_K",K,".png"),

width = 30,
height = 15,
units = "cm",
res = 300

stockR barplot with neutral markers

stockR: Blue shark data without outliers for K=2
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stockR: Blue shark data without outliers for K=3
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stockR: Blue shark data without outliers for K=4
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stockR: Blue shark data without outliers for K=5
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stockR: Blue shark data without outliers for K=6
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load("Rdata/stockR.ALL.outlier.Rdata")
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grps <- attr(stockr.all.outlier, "grps")
levels(grps) <- c("NATL", "NEATL", "MED", "SAF", "WIO", "NIO", "EIO", "SWPAC")
for (K in 2:6) {
colour <- colours6[1:K]
plot.stockBOOT.object (
get(stock.all.outlier.object.names[K - 1]),
locations = data.frame(grps,
order = as.integer(grps, las = 2)),
region.lwd = 1,
CI.width = 0.70,
colour = colour,
plotTitle = pasteO("stockR: Blue shark data only outliers for K=", K)
)
dev.print(
device = png,
file = pasteO("figures/4.StockR_barplot_outliers_9SNPs_K", K, ".png"),

width = 30,
height = 15,
units = "cm",
res = 300

stockR barplot with outlier markers

stockR: Blue shark data only outliers for K=2

n=42 n=21 n=45 n=105 n=22 nl‘h‘t n=53
v R Q < ©) o 0 ©
s N4 2 RN &

88



stockR: Blue shark data only outliers for K=3
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stockR: Blue shark data only outliers for K=5
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8_ADMIXTURE

gl2Adm(gl.all.neutral, filename = "BS_all_ADMIXTURE")

gl2Adm(gl.all.neutral[gl.all.neutral$pop == "Atlantic-SE"],
filename = "BS_SAF_ADMIXTURE")
gl2Adm(gl.all.neutral[gl.all.neutral$pop %in¥% c("Atlantic-SE","Atlantic-N",
"Atlantic-NE", "Mediterranean")],
filename = "BS_ATL_ADMIXTURE")
gl2Adm(gl.all.neutral[!gl.all.neutral$pop %inj c("Atlantic-N",
"Atlantic-NE", "Mediterranean")],
filename = "BS_IO_ADMIXTURE")

ADMIXTURE with neutral markers The ADMIXTURE software was run in a Linux environment
with the following command line:

for Kin 1 2 345 6; \
do ./admixture -B10000 --cv=100 BS_all_ADMIXTURE.ped $K | tee log${K}.out; done

CV <- cQ)
for (X in 1:6) {
log <- data.table::fread(input = pasteO("./Rdata/ADMIXTURE/BSlog",K,".out",
sep = ""), sep = "", header = FALSE,
blank.lines.skip = TRUE)
log <- log$Vi
CV1l <- subset(log, grepl(pattern = "CV error", x = log, perl = TRUE))

CV2 <- unlist(strsplit(Cvi, " "))
CV[K] <- as.numeric(CV2[4])

}

y <= CV

x <- 1:6

cvdata <- data.frame(x,y,stringsAsFactors = F)
plot <- ggplot2::ggplot(cvdata, ggplot2::aes(x,y)) +
ggplot2: :geom_point(size = 5, shape = 1, color = "blue") +
ggplot2::geom_line(size = 1,color = "blue") +
ggplot2::scale_x_continuous(name = waiver(),
breaks = seq(from = 0, to = 8, by = 1)) +
ggplot2::labs(subtitle = "",
y = "CV error",
x = "Number of clusters",
title = "™,
caption = "") +
ggplot2: :theme_classic() +
ggplot2: :theme (
axis.text = ggplot2::element_text(size = 15),
axis.title.x = ggplot2::element_text(size = 20,vjust = 0, hjust = 0.5),
axis.title.y = ggplot2::element_text(size = 20,vjust = 2, hjust = 0.5))
print(plot)

CVplot
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ggsave(filename = "./figures/9.ADMIXTURE_CVlot_neutral_37655SNPs.png",

plot = plot, width = 15, height = 15, units = "cm"

Ind.Names <- read.table("./Rdata/ADMIXTURE/BS_all_ADMIXTURE.ped")

for (X in 2:6) {
colour <- colours6[1:K]
tbl <- read.table(paste0("./Rdata/ADMIXTURE/BS_all_ ADMIXTURE.",K,".Q",
sep = ""))
row.names (tbl) <- Ind.Names$V2
colnames(tbl) <- pasteO("Group", 1:ncol(tbl))
tbl <- as.matrix(tbl)
locations <- gl.all.neutral$poplorder(match(gl.all.neutral$ind.names,Ind.Names$V2))]
plot.admixture.FDD(x = tbl, locations = locations,
colour = colour, region.lwd =1,
plotTitle = pasteO("ADMIXTURE: K=",K))
dev.print(
device = png,
file = pasteO("./figures/9.ADMIXTURE barplot_neutral_ 37655SNPs_K",

K,".png"),
width = 30,
height = 15,
units = "cm",
res = 300
)
¥
Barplot
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ADMIXTURE: K=6

n=105

gl2Adm(gl.all.outlier, filename = "BS_all_outlier_ ADMIXTURE")

ADMIXTURE with outlier markers The ADMIXTURE software was run in a Linux environment
with the following command line:

for Kin 123 456; \
do ./admixture -B10000 --cv=100 BS_all_outlier_ ADMIXTURE.ped $K | tee log${K}.out;
done

cv <- ¢()
for (K in 1:6) {
log <- data.table::fread(input = pasteO("./Rdata/ADMIXTURE_outliers/log",K,".out",
sep = ""),
sep = "", header = FALSE, blank.lines.skip = TRUE)
log <- log$vi
CVl <- subset(log, grepl(pattern = "CV error", x = log, perl = TRUE))

CV2 <- unlist(strsplit(CVi, " "))
CV[K] <- as.numeric(CV2[4])

}

y <- CV

x <- 1:6

cvdata <- data.frame(x,y,stringsAsFactors = F)
plot <- ggplot2::ggplot(cvdata, ggplot2::aes(x,y)) +
ggplot2: :geom_point(size = 5, shape = 1, color = "blue") +
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ggplot2::geom_line(size = 1,color = "blue") +
ggplot2::scale_x_continuous(name = ggplot2::waiver(),
breaks = seq(from = 0, to = 8, by = 1)) +
ggplot2: :labs(subtitle = "",
y = "CV error",
x = "Number of clusters",
title = ",
caption = "") +
ggplot2: :theme_classic() +
ggplot2: :theme(
axis.text = ggplot2::element_text(size = 15),
axis.title.x = ggplot2::element_text(size = 20,vjust = 0, hjust = 0.5),
axis.title.y = ggplot2::element_text(size = 20,vjust = 2, hjust = 0.5))
print(plot)

CVplot
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b
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1 2 3 4 5 6
Number of clusters
ggsave(filename = "./figures/9.ADMIXTURE_CVlot_outliers_9SNPs.png", plot = plot,
width = 15, height = 15, units = "cm"

Ind.Names <- read.table("./Rdata/ADMIXTURE_outliers/BS_all_outlier_ ADMIXTURE.ped")
for (K in 2:6) {
colour <- colours6[1:K]
tbl <- read.table(pasteO("./Rdata/ADMIXTURE_outliers/BS_all_outlier_ ADMIXTURE.",
K,".Q", sep = ""))
row.names (tbl) <- Ind.Names$V2
colnames(tbl) <- pasteO("Group", 1:ncol(tbl))

96



tbl <- as.matrix(tbl)
locations <- gl.all.neutral$poplorder(match(gl.all.neutral$ind.names,Ind.Names$V2))]
plot.admixture.FDD(x = tbl, locations = locations,
colour = colour, region.lwd = 1,
plotTitle = pasteO("ADMIXTURE: K=",K))
dev.print(
device = png,
file = pasteO("./figures/9.ADMIXTURE_barplot_outliers_9SNPs_K",

K,".png"),
width = 30,
height = 15,
units = "cm",
res = 300
)
}
Barplot
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ADMIXTURE: K=3
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Extra analyses

For these extra analyses I assume the population structure is known, based on the above analyses. This
will increase the sample size and power for demograhic analyses.

# load("Rdata/Blue_shark_Neutral_and_OutlierData_Corrected2.Rdata")
gl.all.neutral <- gl.all.neutral[order(gl.all.neutral$pop,gl.all.neutral$ind.names),]

strat <- as.character(gl.all.neutral$pop)

names(strat) <- gl.all.neutral$ind.names

# gt.all.neutral@schemes$id <- gt.all.neutral@schemes$INDIVIDUALS
strataG::setStrata(gt.all.neutral) <- strat

1_ Sex-specific connectivity

load("Rdata/Blue_shark_sex_data.Rdata")
## Using all X-linked marker
adegenet::nInd(gl.x.F.filtered)

Sex-linked markers
## [1] 143

adegenet: :nLoc(gl.x.F.filtered)

## [1] 298

levels(gl.x.F.filtered$pop) <- c("NATL", "NATL", "MED", "IO_PAC", "IO_PAC",
"I0_PAC", "IO_PAC", "IO_PAC")

gl.x.F.filtered <- gl.x.F.filtered[order(gl.x.F.filtered$pop),]
strat <- as.character(gl.x.F.filtered$pop)

names (strat) <- gl.x.F.filtered$ind.names
strataG::setStrata(gt.x.F.filtered) <- strat

## Using X-linked marker that were found by both heterozygosity and coverage method
adegenet::nInd(gl.x.F.strict.filtered)

## [1] 143

adegenet: :nLoc(gl.x.F.strict.filtered)

## [1] 69

levels(gl.x.F.strict.filtered$pop) <- c("NATL", "NATL", "MED", "IO_PAC", "IO_PAC",
"IQ_PAC", "IO_PAC", "IO_PAC")

gl.x.F.strict.filtered <- gl.x.F.strict.filtered[order(gl.x.F.strict.filtered$pop),]

strat <- as.character(gl.x.F.strict.filtered$pop)

names (strat) <- gl.x.F.strict.filtered$ind.names

strataG::setStrata(gt.x.F.strict.filtered) <- strat
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gl2gpop(gl.all.neutral,
filename = "Rdata/Genepop_file_45667SNP_Neutral_312ind_perPOP.txt")
result <- diveRsity::basicStats(
infile = "Rdata/Genepop_file_45667SNP_Neutral_312ind_perPOP.txt",
outfile = "outfile/Result_Diversity.txt", fis_ci = TRUE, ar_ci = TRUE,
fis_boots = 1000, ar_boots = 1000, mc_reps = 1000, rarefaction = FALSE,
ar_alpha = 0.05, fis_alpha = 0.05)

gendiv.neutral.pop <- data.frame(
"Atlantic_N" = result$main_tab$ Pg-AZ0-105 $overall,
"Mediterranean" = result$main_tab$ Pg-CDL-06 $overall,
"Indian_Pacific" = result$main_tab$ NZ-1.2 $overall
)
rownames (gendiv.neutral.pop) <- rownames(result$main_tab$ Pg-AZ0-1057)
readr: :write_tsv(gendiv.neutral.pop,
path = "outfile/Table_Diversity_neutral_perPop.txt")

gl2gpop(gl.x.F.filtered,
filename = "Rdata/Genepop_file_298SNP_X-linked_143ind.txt")
result <- diveRsity::basicStats(
infile = "Rdata/Genepop_file_298SNP_X-linked_143ind.txt",
outfile = "outfile/Result_Diversity.txt", fis_ci = TRUE, ar_ci TRUE,
fis_boots = 1000, ar_boots = 1000, mc_reps = 1000, rarefaction = FALSE,
ar_alpha = 0.05, fis_alpha = 0.05)

gendiv.x.F.filtered <- data.frame(

"Atlantic_N" = result$main_tab$ 67616 $overall,

"Mediterranean" = result$main_tab$ 68274  $overall,

"Indian_Pacific" = result$main_tab$ 60112 $overall
)
rownames (gendiv.x.F.filtered) <- rownames(result$main_tab$ 676167 )
readr: :write_tsv(gendiv.x.F.filtered,

path = "outfile/Table_Diversity_X-linkedl_perPop.txt")

gl2gpop(gl.x.F.strict.filtered,
filename = ”Rdata/Genepop_file_6QSNP_X—1inked_1431nd.txt”)
result <- diveRsity::basicStats(
infile = "Rdata/Genepop_file_69SNP_X-linked_143ind.txt",
outfile = "outfile/Result_Diversity.txt", fis_ci = TRUE, ar_ci TRUE,
fis_boots = 1000, ar_boots = 1000, mc_reps = 1000, rarefaction = FALSE,
0.05)

ar_alpha = 0.05, fis_alpha

gendiv.x.F.strict.filtered <- data.frame(

"Atlantic_N" = result$main_tab$ 67616 $overall,

"Mediterranean" = result$main_tab$ 63274 $overall,

"Indian_Pacific" = result$main_tab$ 60112 $overall
)
rownames (gendiv.x.F.strict.filtered) <- rownames(result$main_tab$ 676167)
readr: :write_tsv(gendiv.x.F.strict.filtered,

path = "outfile/Table_Diversity_X-linked2_perPop.txt")
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save(gendiv.neutral.pop,gendiv.x.F.filtered,gendiv.x.F.strict.filtered,
file = "Rdata/ALL_Genetic_diversity_perPOP.Rdata")

load("Rdata/ALL_Genetic_diversity_perPOP.Rdata")
knitr::kable(gendiv.neutral.pop, col.names = c("NATL", "MED", "IO_PAC"),
caption = "Genetic diversity for all neutral loci")

Genetic diversity

Table 15: Genetic diversity for all neutral loci

NATL MED 10_PAC

ar 1.794 1.751 1.803
size 61.887 44.354 201.001
obs_het 0.121 0.119 0.117
exp_ het 0.142 0.138 0.139
uexp__het 0.143 0.140 0.139
fis 0.098 0.093 0.111
hwe_ glb 0.000 1.000 0.000
hwe_hom 1.000 1.000 1.000
hwe het 0.000 1.000 0.000
fis_lo 0.085 0.079 0.102
fis hi 0.096 0.091 0.108
ar_lo 1.770 1.724 1.787
ar_ hi 1.815 1.776 1.817

knitr::kable(gendiv.x.F.filtered, col.names = c("NATL", "MED", "IO_PAC"),
caption = "Genetic diversity for all X-linked loci: Only females")

Table 16: Genetic diversity for all X-linked loci: Only females

NATL MED IO_PAC

ar 1.555 1.479 1.563
size 53.997 25.232 59.376
obs_het 0.089 0.091 0.094
exp_ het 0.111 0.107 0.109
uexp__het 0.112 0.109 0.110
fis 0.119 0.120 0.114
hwe_ glb 0.934 1.000 0.888
hwe hom 1.000 1.000 1.000
hwe het 0.608 1.000 0.672
fis lo 0.090 0.063 0.087
fis hi 0.136 0.137 0.126
ar_lo 1.507 1.440 1.517
ar_ hi 1.597 1.513 1.607

knitr::kable(gendiv.x.F.strict.filtered, col.names = c("NATL", "MED", "IO_PAC"),
caption = "Genetic diversity for X-linked loci (detected by 2 methods):
Only females")
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Table 17: Genetic diversity for X-linked loci (detected by 2 meth-
ods): Only females

NATL MED 10_PAC

ar 1.744  1.732 1.785
size 52.551  24.609 57.362
obs_ het 0.197 0.214 0.215
exp_ het 0.233  0.226 0.246
uexp_ het 0.235 0.231 0.249
fis 0.182  0.087 0.225
hwe__glb 0.001  0.991 0.000
hwe _hom  1.000 1.000 1.000
hwe_ het 0.000  0.996 0.000
fis_lo 0.109 -0.027 0.143
fis hi 0.207 0.114 0.239
ar lo 1.696 1.681 1.725
ar_hi 1.797  1.768 1.841

Fst.all.pop <-
strataG: :popStructTest(
gt.all.neutral,
100,
c("fst", "fis"),
"pairwise",
FALSE,
TRUE,
parallel::detectCores() - 2,
FALSE

Fst.x.F.filtered <-
strataG: :popStructTest(
gt.x.F.filtered,
100,
c("fst", "fis"),
"pairwise",
FALSE,
TRUE,
parallel::detectCores() - 2,
FALSE

Fst.x.F.strict.filtered <-
strataG: :popStructTest(
gt.x.F.strict.filtered,
100,
c("fst", "fis"),
"pairwise",
FALSE,
TRUE,
parallel: :detectCores() - 2,
FALSE
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Table 18: Pairwise Fst for autosomal, X-linked markers, and X-linked markers under strict filtering

Fst | Fst.p.val Fst.1 | Fst.p.val.l Fst.2 | Fst.p.val.2
NATL(56) v. IO_PAC (61) | 0.0014225 | 0.009901 | -0.0001363 | 0.5742574 | -0.0023956 | 0.8613861
NATL(56) v. MED (26) 0.0005994 | 0.009901 | -0.0034242 | 0.9207921 | -0.0019781 0.6237624
I0_PAC (61) v. MED (26) | 0.0017585 | 0.009901 0.0009555 | 0.3168317 0.0017521 0.2871287
Table 19: Pairwise Fis for autosomal and X-linked markers
Fis Fis.p.val Fis.1 | Fis.p.val.l Fis.2 | Fis.p.val.2
NATL(56) v. IO_PAC (61) | -0.2859330 | 0.0693069 | -0.0965236 0.0396040 0.0258977 | 0.0891089
NATL(56) v. MED (26) -0.4081348 | 1.0000000 | -1.0323827 | 0.8514851 | -0.3258592 | 0.9405941
10_PAC (61) v. MED (26) | -0.2945052 | 0.8613861 | -0.4039360 | 0.4356436 | -0.0192009 | 0.9504950
save(Fst.all.pop, Fst.x.F.filtered, Fst.x.F.strict.filtered,
"Rdata/Fst_sex-markers.Rdata")
load("Rdata/Fst_sex-markers.Rdata")
pwFst <- data.frame(Fst.all.pop$pairwise$result[,-c(1:4, 7:8)],
Fst.x.F.filtered$pairwise$result[,c(5:6)],
Fst.x.F.strict.filtered$pairwise$result[,c(5:6)])
knitr::kable(pwFst,
"Pairwise Fst for autosomal, X-linked markers, and

X-linked markers under strict filtering") %>%
kableExtra: :kable_styling(

nuFst - xFst

FALSE,

9

pwFis <- data.frame(Fst.all.pop$pairwise$result[,-c(1:6)],
Fst.x.F.filtered$pairwise$result[,c(7:8)],
Fst.x.F.strict.filtered$pairwise$result[,c(7:8)])

"Pairwise Fis for autosomal and X-linked markers") ¥%>%

knitr::kable(pwFis,

kableExtra: :kable_styling(

nuFis - xFis

Individual-based tests

FALSE,

9)

Assignment test 1 first need the correct length data to keep only adults.

gl <- gl.all.neutral

gl <- gllgl$other$ind.metrics$LENGTH_CM2 > 140 &
lis.na(gl$other$ind.metrics$LENGTH_CM2),]

dat <- as.data.frame(gl)
dat <- data.frame(

sex <- gl$other$ind.metrics$GENETIC_SEX
mAIc <- hierfstat::sexbias.test(dat,sex,
vAIc <- hierfstat::sexbias.test(dat,sex,
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100,
100,

"mAIc",
"yAIc",

gl$pop[gl$other$ind.metrics$LENGTH_CM2 > 140], dat)

"two.sided")
"two.sided")



aic <- hierfstat::AIc(dat)
plot.data <- data.frame(sex, aic)

save(mAIc, vAIc, aic, plot.data, "Rdata/Aic_by_sex2.rdata")

load("Rdata/Aic_by_sex2.rdata")

sex <- gl.all.neutral$other$ind.metrics$GENETIC_SEX[
gl.all.neutral$other$ind.metrics$LENGTH_CM2 > 140 &
lis.na(gl.all.neutral$other$ind.metrics$LENGTH_CM2)]

aic.F <- aic[sex=="F"]

aic.M <- aic[sex=="M"]

.F <- mean(aic.F)
maic.M <- mean(aic.M)
vaic.F <- var(aic.F)

.M <- var(aic.M)

maic

vaic

aic.plot <- ggplot2::ggplot() +

ggplot2: :geom_histogram( subset (plot.data, sex=="F"),

ggplot2::aes(aic, "F", ..count..))+
ggplot2: :geom_histogram( subset (plot.data, sex=="M"),

ggplot2::aes(aic, "M", —-..count..))+
ggplot2: :geom_vline (ggplot2: :aes( maic.F), "#EG9F00") +
ggplot2: :geom_vline (ggplot2: :aes( maic.M), "#56B4E9") +
ggplot2::scale_fill_manual( c("#E69F00", "#56B4E9")) +
ggplot2: :labs( "Assignment index",

"Number of individuals",
"Sex") +

ggplot2: :theme_minimal ()
print(aic.plot)

## Warning: Removed 1 rows containing missing values
## (geom_vline).
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Number of individuals

-1000 -500 0 500
Assignment index

ggsave(plot = aic.plot, filename = "figures/10.Assignment_index_by_sex2.png",
width = 45, height = 15, units = "cm")

## Warning: Removed 1 rows containing missing values
## (geom_vline).

gt.all.neutral.F <- gt.all.neutral[gt.all.neutral@schemes$GENETIC_SEX == "F" &
gt.all.neutral@schemes$LENGTH_CM2 > 140 &
lis.na(gt.all.neutral@schemes$LENGTH_CM),]
gt.all.neutral.M <- gt.all.neutral[gt.all.neutral@schemes$GENETIC_SEX == "M" &
gt.all.neutral@schemes$ LENGTH_CM2 > 140 &
lis.na(gt.all.neutral@schemes$LENGTH_CM),]

Fst.all.pop.F <-
strataG: :popStructTest(
gt.all.neutral.F,

nrep = 100,
stats = c("fst", "fis"),
type = "pairwise",

keep.null = FALSE,

quietly = TRUE,

max.cores = parallel::detectCores() - 2,
write.output = FALSE

Fst.all.pop.M <-
strataG: :popStructTest(
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Table 20: Pairwise Fst between females amd males for autosomal markers

Fst | Fst.p.val Fst.1 | Fst.p.val.l
NATL (32) v. IO_PAC (91) | 0.0015 0.0099 | 0.0016 0.0099
NATL (32) v. MED (26) 0.0008 0.0099 | 0.0004 0.1287
I0_PAC (91) v. MED (26) | 0.0018 0.0099 | 0.0020 0.0099

Table 21: Pairwise Fis between females amd males for autosomal markers

Fis | Fis.p.val Fis.1 | Fis.p.val.l
NATL (32) v. I0O_PAC (91) | -0.3966 0.0099 | -0.3457 0.5446
NATL (32) v. MED (26) -0.8266 1.0000 | -0.8976 0.9802
I0_PAC (91) v. MED (26) | -0.4580 0.7723 | -0.3870 0.8911

gt.all.neutral.M,
100,
C(”fst” s |lfisll) s
"pairwise",

FALSE,
TRUE,
parallel::detectCores() - 2,
FALSE
)
save(Fst.all.pop.F, Fst.all.pop.M, "Rdata/Fst_by_sex.Rdata")

load("Rdata/Fst_by_sex.Rdata")

pwFst.FM <- data.frame(Fst.all.pop.F$pairwise$result[,-c(1:4, 7:8)],
Fst.all.pop.M$pairwise$result[,-c(1:4, 7:8)]1)

knitr: :kable(pwFst.FM, 4,
"Pairwise Fst between females amd males for autosomal markers")

Fst test

pwFis.FM <- data.frame(Fst.all.pop.F$pairwise$result[,-c(1:6)],
Fst.all.pop.M$pairwise$result[,c(7:8)])

knitr::kable(pwFis.FM, 4,
"Pairwise Fis between females amd males for autosomal markers")

Fis test
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## R version 4.1.0 (2021-05-18)
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