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2Galápagos Science Center, Universidad San Francisco de Quito, Isla San Cristóbal, Galápagos, Ecuador
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FIGURE S1. All 33 dive locations surveyed between 2015 and 2018.
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SNP genotyping and quality control (see TABLE S1)

Single nucleotide polymorphisms (SNPs) were genotyped with the proprietary Diversity Array Technologies Pty Ltd (DArT, Canberra, Australia) analytical pipelines [1–3]. Additionally, we randomized tissue samples from all sampling locations across sequencing plates and replicated tissue samples from two individuals within and across sequencing plates to independently assure genotyping consistency and generate baseline values to quickly assess relatedness and potential sample contamination during data filtering [4–7]. The raw data set was filtered using the R package radiator [8]. First, SNPs below 98% reproducibility and markers that were not present in all sampling locations were removed. We excluded markers with a low minor allele count (MAC<4) to reduce genotyping error while  retaining a higher probability of discovering outlier loci putatively under selection compared to applying a commonly used 5 % minor allele frequency (MAF) threshold [9]. Further, SNPs with a coverage (read depth) below 10 and above 50, and a call rate of less than 95% were removed. We reduced the likelihood of physical linkage by keeping only one SNP per sequence. Departures from Hardy-Weinberg-Equilibrium (HWE) were tested using the HardyWeinberg R package [10–12]. Markers were removed that were out of HWE in at least three sampling locations based on a mid p-value threshold of 0.05. Moreover, we identified and removed putatively sex-linked SNP markers with the sexy_markers function in the radiator R package [8]. To identify makers that are putatively under selection (outlier SNPs) we first applied the individual based method of the PCadapt R package [13]. A minor allele frequency threshold of 5% was used to derive p-values. Outliers were selected that fell below a 5% percent false discovery rate (FDR) based on q-values, which are transformed from p-values, using the R package qvalue [14]. We further used OutFLANK, which constructs a null distribution of loci that generate population structure through neutral processes and then iteratively trims loci that are putatively under selection, resulting in fewer false positives compared to FST based methods [15]. We ran OutFLANK using the gl.outflank wrapper function in the R package DartR [16]. To avoid bias we excluded samples from locations with small sample size (Cabo Douglas and Santiago) prior to the analysis. We trimmed the upper and lower 5% of loci and excluded loci with less than 10% expected heterozygosity to generate the null distribution and applied a 5% FDR threshold [15]. Loci that were identified as putative outliers with both methods were then removed to create a neutral SNP data set to assess genetic patterns generated through neutral processes. Two outlier SNP data sets were used to explore the role of selection. One set contained outlier SNPs identified by both outlier methods, which is less likely to contain false positives, but may be too conservative to retain sufficient markers to detect genetic structure caused by divergent selection. To assure results were not biased by the conservative outlier detection approach, we created another, less conservative data set, which contained outlier SNPs detected by PCadapt only.







TABLE S1. SNP filtering steps, corresponding thresholds, and resulting number of SNPs and individuals kept in the data set. Tow data sets, outlier SNPs detected by both outlier methods and neutral SNPs excluding the outliers, were retained for analyses. 

	Filter
	Values/thresholds
	SNPs (samples) retained

	Raw data
	
	33606 (188)

	DArT reproducibility
	98%
	31196 (188)

	Common markers
	
	29522 (188)

	MAC
	MAC=4
	12423 (188)

	Coverage
	Min 10 max 50
	10396 (188)

	Genotyping (call rate)
	0.05
	9742 (188)

	SNPs thinning (short linkage)
	keep one SNP with lowest MAC
	9280 (188)

	Heterozygosity
	None removed
	9280 (188)

	detect duplicate genomes
	Duplicate samples (n=6)
Recaptures (n=2) 
	9280 (180)

	Filter HWE
	In 3 populations/0.05 mid p-value
	9239 (180)

	Sex-linked markers
	5 
	9234 (180)

	Total number of SNPs and individuals retained
	
	

	Outlier data set
	
	11 (180)

	Neutral data set
	
	9223 (180)









Isolation by depth
To test for the effect of contemporary bathymetry and historical sea level fluctuations on genetic connectivity we adapted isolation by resistance (IBR) analysis [17] using depth profiles of the Galapagos to represent landscape resistance to animal dispersal. Briefly, two IBR models were built using single surface optimization in the ResistaceGA R package, one based on contemporary bathymetry and another based on paleogeographic bathymetry that accounts for historical sea level fluctuations. We compared the resistance models to a null model based on isolation by distance analyses that only uses geographic distance and does not account for potential depth barriers [18–20]. Geographic distance was measured as straightest over-water distance between sampling locations using simple least cost analysis in the R package marmap [21]. Next we used a high resolution (15 arc-seconds) digital elevation model (DEM) of the Galapagos archipelago obtained from GEBCO (General Bathymetric Chart of the Oceans) to create the contemporary and paleogeographic isolation by resistance models [22]. The DEM was reclassified using the raster R package [23]. Because of the lack of accurate representation of shallow coastal areas in the data set we assigned a shallow water depth of 1m to an area of a single pixel extent along the coastline of the islands. All remaining land surface was assigned “NA”, representing a complete barrier to dispersal. Paleogeographic models of the Galapagos archipelago spanning the last 700 thousand years estimated extreme sea level low stands were repeatedly between 145 and 210 m deeper during glacial maxima [24]. To test if low sea levels during glacial periods may have facilitated historical dispersal, the paleogeographic IBR model was built by optimizing a bathymetry layer where all areas between 0 and -210 m, corresponding to areas with shallow water depth at least one time during the last 700 thousand years, were assigned a shallow water depth of 1m. Resistance distances (Shah and McRae, 2008) were calculated for optimized contemporary and paleogeographic resistance surfaces with the ResistanceGA package (Peterman, 2018). ResistanceGA uses a genetic algorithm to optimize resistance surfaces based on pairwise genetic data and resistance distances generated through CIRCUITSCAPE software (Peterman, 2018)(Anantharaman et al., 2019). The linear relationship between linearized genetic distances (FST/(1 FST) and straightest over-water distances and between linearized genetic distances and contemporary and paleogeographic resistance distances was plotted and quantified using Pearson’s correlation coefficient (r2) and Mantel tests with 1000 permutations with the R package DartR [16]. The performance of each model was compared using a causal modeling approach [27,28].






FIGURE S2: 
a) Reverse monomolecular data transformation identified as transformation that best explained genetic differences using ResitanceGA single surface optimization of the contemporary bathymetry of the Galapagos.
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b) Diagnostic plot of model fit for genetic distance (linearized FST) versus contemporary resistance distance based on resistance surface optimized with reverse monomolecular data transformation.
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TABLE S2: Fit statistics of the contemporary IBR model based on transformed (reverse monomolecular) contemporary bathymetry surface.
	Surface
	k
	AICc
	R2m
	R2c
	LL

	Transformed contemporary bathymetry
	4
	-161.59031
	0.15987558
	0.98343329
	94.7951549


Abbreviations: Number of model parameters (k), Akaike’s information criterion adjusted for small-sample sizes (AICc), marginal R2 (R2m), conditional R2 (R2c), loglikelihood (LL).

FIGURE S3: 
a) Reverse monomolecular data transformation identified as transformation that best explained genetic differences using ResitanceGA single surface optimization of the paleogeographic bathymetry of the Galapagos.
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b) Diagnostic plot of model fit for genetic distance (linearized FST) versus paleogeographic resistance distance based on resistance surface optimized with reverse monomolecular data transformation.
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TABLE S3: Fit statistics of the paleogeographic IBR model based on transformed (reverse monomolecular) paleogeographic bathymetry surface.
	Surface
	k
	AICc
	R2m
	R2c
	LL

	Transformed paleogeographic bathymetry
	4
	-186.94732
	0.7542839
	0.99558125
	107.473662


Abbreviations: Number of model parameters (k), Akaike’s information criterion adjusted for small-sample sizes (AICc), marginal R2 (R2m), conditional R2 (R2c), loglikelihood (LL).

TABLE S4. Pairwise genetic fixation index (FST) index below, and corresponding p-values, above diagonal (top table). Pairwise genetic differentiation index (DST) below, and corresponding p-values, above diagonal (bottom table). Bold numbers indicate significant values after Benjamin-Hochberg false discovery correction.
FST
	
	ES
	FL
	PE
	PM
	PNG
	PVR
	SCY

	ES
	
	0.001
	0.001
	0.001
	0.001
	0.001
	0.001

	FL
	0.0368
	
	0.001
	0.001
	0.001
	0.001
	0.001

	PE
	0.0304
	0.0149
	
	0.27
	0.84
	0.001
	0.001

	PM
	0.0303
	0.0150
	0.0004
	
	0.29
	0.001
	0.001

	PNG
	0.0297
	0.0139
	-0.0004
	0.0003
	
	0.001
	0.001

	PVR
	0.0315
	0.0161
	0.0027
	0.0028
	0.0023
	
	0.001

	SCY
	0.0289
	0.0207
	0.0140
	0.0149
	0.0133
	0.0169
	




DST
	
	ES
	FL
	PE
	PM
	PNG
	PVR
	SCY

	ES
	
	0.001
	0.001
	0.001
	0.001
	0.001
	0.001

	FL
	0.00079
	
	0.001
	0.001
	0.001
	0.001
	0.001

	PE
	0.00061
	0.00032
	
	0.78
	0.27
	0.001
	0.001

	PM
	0.00062
	0.00032
	0.00009
	
	0.24
	0.001
	0.001

	PNG
	0.00064
	0.00030
	0.0001
	0.0001
	
	0.001
	0.001

	PVR
	0.00063
	0.00034
	0.00014
	0.00014
	0.00012
	
	0.001

	SCY
	0.00064
	0.00057
	0.00042
	0.0004
	0.00038
	0.00047
	












FIGURE S4. Top: The most likely number of K ancestral populations indicated by the lowest cross-entropy criterion generated for 180 sharks and 9223 neutral SNPs using the R package tess3R. Bottom: Admixture proportions of K 2-4 ancestral populations for 180 sharks and 9223 neutral SNPs.
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FIGURE S5. Top: The most likely number of K ancestral populations indicated by the lowest cross-entropy criterion generated for the subset of 56 sharks and 9223 neutral SNPs. Bottom: Admixture proportions of K 2-5 ancestral populations the subset of 56 sharks and 9223 neutral SNPs.
[image: Picture 14]
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TABLE S5. Genomic diversity of shark species studied using similar genotyping approaches.
	Species
	Genotyping approach
	SNPs/individuals
	Ho (Range)
	Reference

	Galeorhinus galeus
	DArTseq*
	6587/76
	0.264- 0.265
	[29]

	Glyphis glyphis
	DArTseq 
	1330/356
	0.2597-0.2623
	[30]

	Carcharhinus albimarginatus
	ddRAD [31]
	6461/ 92
	0.126 - 0.13 
	[32]

	Carcharhinus brachyurus 
	DArTseq
	3766/106
	0.208 - 0.261
	[33]

	Carcharhinus obscurus 
	DArTseq
	8886/207 
	0.159 - 0.200
	[33]

	Carcharhinus amblyrhynchos
	DArTseq
	4798/170
	0.288 - 0.312
(0.139 in Chagos Archipelago)
	[34]

	Carcharhinus galapagensis 
	DArTseq
	8103/85
	0.188 - 0.193
	[35]

	Carcharhinus galapagensis
	DArTseq
	7784/206
	0.202- 0.237
	[36]

	Scyliorhinus canicula 
	2b-RAD [37]
	2674/71
	0.53 - 0.73
	[38]

	Sphyrna lewini 
	DArTseq
	5689/310 
 
	0.116 – 0.130
	[39]

	Heterodontus quoyi
	DArTseq
	9223/180
	0.089-0.098
	This study



* DartSeq methods and references can be found in the main manuscript.
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