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Stock structure underpins key decisions

• Defines management units

• Determines how catch is allocated

• Shapes responses to environmental 
change



Especially in small pelagics

• Highly mobile species

• Variable recruitment

• Shifting distributions

Photo by Lakshmi Sawitri

Key processes are hard to observe directly



What we need to assess

Who interbreeds 

with whom

(stock structure)

How environmental 

responses vary

(adaptation)

Where different stocks occur 

through time and space

(mixing dynamics)
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What we need to assess

How environmental 

responses vary

(adaptation)

Where different stocks occur 

through time and space

(mixing dynamics)

These underlying processes are essential for effective fisheries management

Who interbreeds 

with whom

(stock structure)



Multiple complementary tools

Tagging Otolith analysis Genetics

Provide complementary views of connectivity and life history
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• Small population sizes

• Low dispersal/gene flow

• Strong differentiation





• Large population sizes

• High dispersal/gene flow

• Weak differentiation



Small populations - low gene flow

Structure easy to detect

Genomics adds the most value where signal is weakest
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Small populations - low gene flow Large populations - high gene flow

Structure easy to detect

Genomics adds the most value where signal is weakest

Absence of signal 

≠ 

absence of structure

Traditional markers often show “no structure”
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GATGCTGCCCTCATTGTGGCGTGAGATTTTGCCAGCACAAACCTGAGGAAAGCGAGAATGAAGTTCAAGCAACACATCACCTGCCCCACTTTATGAAAGAGGACCCTAGAACACT

GCTCCTCTCTTCTCAATGGCAGCTACAAAGCCACACCTAAGCCCCCATTTGGCTGATCCGGACATACCACCATCCATCCATTATCAATACCGCTTATTCCCTGATGGGGTCGCGGGGG

GAACTGAAGCCTATCCCAGTGGTCAACGGGCAAGAGGCAAGGTAAACCCTGGACAGTATCCGTCCATACCACCATGCTTCTTATTCCAAAACATAAAAAACAGCTCAGGCAGGCA

GCGCCAGCTGTCAAAGAATGACACAGTGGTCCAGACCATCAGAGGATGCTCTGGTTCAAGGGCTGCGTTGCAAATTAGCCGACTTGACAAGCTCTGGACAGCCCCTAGATCCTG

CACTACTGCTTACGACACAGGGCTTTTGACCAGGGATGTGAAGGCATACAAGGCTGCCCTCTGATTGGAGGGTCAGTGGTTCAATTTCATGTTCCAGGCCACATGCGGAAGAGTC

TTTTGGCAAGGCTCTGAACCCCAAGTTGCCTACGGGTTCTATCTGTTGCGCCTACTGGTGCATGACCTGTAGTAGAAAGCGCTTTGAGTGGTCAGTTTGACTGGAAAAGCACTATGT

AAGTGAACGTAGATTCACATTTTACATCTCCTAGGCTGCTTCCTAGAGCCTCTGCAGAGTAGTAAAGGAGGCTAAACAGTGCTATGGCATGAATACTGGAGTCACAGTTACAGATCTG

TGAGTCCGAGGGACTGTGGCAGGAACTTTGTACCACTACGGTCTATGAAACGAAAAGTGTGTGTGCCATTTTATAGTCCTTAATGGTGCATGCTGTTGATTCTCCGGCTGACAGTTTT

AGATACTTTTTTGCGTGCTTCGAGTCTGACAACAATCAAGCTGCTGTATTTCCAGTTAGAGAGGATAAAGTTGTGACTTGTAGACACACTACGGTATCAAAGCAGGTCATGTTTGGTCTT

GGTGGATAAAAAAACTCCAGGATTGCCACAAAATGATATAGGTTTTCTTTTATCTTTGATATATTTTGAACAATAACAAAGAAAAAAACATATATTCCAACATTGCACCCAGCTATTACAAGT
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CTTGAAGTGAACAAACTGGTAGGTGCCAGAAGAATATGTCCTGCTGAATGTCAATAAGCAGAGCATCTTTCATACACTATCAGTGGGTCATAAGCACAGTTTTAAATATCTTCGTGTGA

CAATCACGACCCATCTTGGTCACTTCACATTAAATCCACTGTGAGGAAAGCAGTTTTAAACCTGCACCACTGACAGCATCCTGTGTGGGAGAATCACCACCTGGATGGGCACCTGTAC

CGAGCAGGACTTCTCGGCCTTCAAAGGGGTGGTCTGTTCAGCT
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TTTTGGCAAGGCTCTGAACCCCAAGTTGCCTACGGGTTCTATCTGTTGCGCCTACTGGTGCATGACCTGTAGTAGAAAGCGCTTTGAGTGGTCAGTTTGACTGGAAAAGCACTATGT

AAGTGAACGTAGATTCACATTTTACATCTCCTAGGCTGCTTCCTAGAGCCTCTGCAGAGTAGTAAAGGAGGCTAAACAGTGCTATGGCATGAATACTGGAGTCACAGTTACAGATCTG

TGAGTCCGAGGGACTGTGGCAGGAACTTTGTACCACTACGGTCTATGAAACGAAAAGTGTGTGTGCCATTTTATAGTCCTTAATGGTGCATGCTGTTGATTCTCCGGCTGACAGTTTT

AGATACTTTTTTGCGTGCTTCGAGTCTGACAACAATCAAGCTGCTGTATTTCCAGTTAGAGAGGATAAAGTTGTGACTTGTAGACACACTACGGTATCAAAGCAGGTCATGTTTGGTCTT

GGTGGATAAAAAAACTCCAGGATTGCCACAAAATGATATAGGTTTTCTTTTATCTTTGATATATTTTGAACAATAACAAAGAAAAAAACATATATTCCAACATTGCACCCAGCTATTACAAGT

CATATCTTACTGTTTATCGGCAAAAAATAAATAAAATTACATCACACAACCTTATGAACGGCTAACGTTGAGTCTGCTGTTTTATAAAAGGTGAGTCTCAGTCCTATGACTTTTTGTTGCTCA

GATAAGGTGGGATCAAAACTGGCACGATATGTGTCTTGATTCTTTATTGTATTTTTGTATTAAAAAAACACAACAACATGGGTTATAACTGTTACAGTGTCAGAAGCTGACCGAGAGTCG

TTTCATCACTATTGTTTCATGTAGTCAGAGTCATTTTAGGCCTATGAGCTGCGAAATGTGGGAGGAGTGGAAGGAGTTAAAGCCTGCCCTGAGCAACTGGCATCTGTGCTTACCTCAA

TATTAAACTCTCCCTCGCTCGATGTGTAATTTGCAACTGTTTTAAAAAGGCTGTGAAGAAAAACCCAGCCCAGCTGTCCAATGACAACCGCCCCATAGCCCTCAGTTTCATGGTGATTA

AATGTTTTGAGAGACAATTTATAACCTTCATCACCTCCTCCCTGCCTGCTACCCTGCACCGGCTACACTTTTCGTACCACCCAGGAAGATAAACAGATGACACCACAGCCCTCACGCTCC

ACAAAACTCTTTTCTACGTGAACAGTAGAAGGATGTACAATGAATGACTGCTCTTCATGGATTACAGCTAAGCATTCAACGCTAAAGTGCCCTCAAGGCTGGTCACCATTGTGTGGTAC

CTTGAAGTGAACAAACTGGTAGGTGCCAGAAGAATATGTCCTGCTGAATGTCAATAAGCAGAGCATCTTTCATACACTATCAGTGGGTCATAAGCACAGTTTTAAATATCTTCGTGTGA

CAATCACGACCCATCTTGGTCACTTCACATTAAATCCACTGTGAGGAAAGCAGTTTTAAACCTGCACCACTGACAGCATCCTGTGTGGGAGAATCACCACCTGGATGGGCACCTGTAC

CGAGCAGGACTTCTCGGCCTTCAAAGGGGTGGTCTGTTCAGCT

Genomes are big!



RAD-seq approach or SNP chips
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ATGGCTAGCTGGACGTTGCATA

Reference genome

Adapted from https://sites.google.com/site/wiki4metagenomics/pdf/definition/coverage-read-depth

? ??

RAD-seq approach or SNP chip

What are we missing?
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High-depth (20-30x)

$100s / sample

Low-depth (0.5-5x)

$10-30 / sample

Shift from depth → scale
Power comes from 

sampling more 

individuals 

- not sequencing 

each one more 

deeply



Atlantic silversides

Strong adaptation despite homogeneous genomes

Structure can be hidden in different ways
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Atlantic silversides Atlantic cod

American shad

Strong adaptation despite homogeneous genomes Differences confined to small genomic regions

Tracking who mixes with whom—and when

Structure can be hidden in different ways

Cryptic mixing of distinct lineages

Brown sea cucumber



Atlantic silverside Menidia menidia

Photo: Jacob Snyder





NOAA/NESDIS

One of the world’s steepest 

thermal gradients
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thermal gradients

NOAA/NESDIS

Wild fish all roughly the 

same size
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CnGV is illustrated in silversides with regard to growth rate. Despite the fact that the

length of the growing season declines dramatically with increasing latitude, the body size

that Atlantic silversides attain at age 1 yr is roughly similar across populations (Conover

and Present, 1990), because genetic variation for growth varies inversely with length of

the growing season across latitudes (Fig. 2). The selective agent is size-dependent winter

mortality, because large size is increasingly important to winter survival at higher lati-

tudes (Conover and Present, 1990; Schultz and Conover, 1997), yet the length of the

growing season simultaneously declines. Hence, the body sizes favored by natural selec-

tion in the north are the opposite of those induced by environmental influences on growth.

CoGV in silversides occurs with regard to vertebral number (Fig. 3). A nearly universal

pattern in fishes is for number of vertebrae to increase with latitude, referred to as Jordan’s

Figure 2. Correlations between trait variation and length of the growing season among Atlantic
silverside populations from different latitudes, based on common-garden experiments. (A) Maximum
growth rate (i.e., on unlimited energy), averaged across five temperatures spanning the range (15–
28°C) that permits growth in Atlantic silversides, based on experiments reported by Conover and
Present (1990). (B) The level of environmental sex determination (ESD), which is defined as the
proportion of fish within a population that have temperature-dependent gender expression and is
calculated from the maximum change in sex ratio that is induced by incubation of offspring at low
or high thermal extremes. For more details see Conover and Heins (1987).
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Growth capacity is tightly correlated with latitude

Reproduced from Conover. 1998. Bull. Mar. Sci.

David Conover et al.
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Common lab environment
Counter-gradient variation: 
Genetic influences on a trait oppose 

environmental influences 



Same age, 

Common lab environment

Reduced phenotypic variation 

→ Cryptic adaptive divergence

Counter-gradient variation: 
Genetic influences on a trait oppose 

environmental influences 



Local adaptation demonstrated in multiple correlated traits

• Rates of energy consumption

• Metabolism

• Growth efficiency

• Lipid energy reserves

• Egg production rate

• Egg size and size of offspring at hatch

• Willingness to forage under threat of predation

• Number of vertebrae

• Levels of temperature-dep. sex determination

Other traits that vary with latitude:



Local adaptation demonstrated in multiple correlated traits

• Rates of energy consumption

• Metabolism

• Growth efficiency

• Lipid energy reserves

• Egg production rate

• Egg size and size of offspring at hatch

• Willingness to forage under threat of predation

• Number of vertebrae

• Levels of temperature-dep. sex determination

Other traits that vary with latitude:

Lou et al. 2018. Mar Bio



Capacity for rapid evolution



• What is the genomic basis for the adaptive cline?

Questions



• What is the genomic basis for the adaptive cline?

• Does the underlying genomic architecture help maintain local 

adaptation in spite of gene flow?

Questions



Anna Tigano
DFO Canada

Aryn Wilder
San Diego Zoo

Arne Jacobs
U. Glasgow

Hannes Baumann
U. Conn

Maria Akopyan
UC Riverside

Team silverside
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Akopyan et al. 2026. Science
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F
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LcWGS data

~1.3x for 50 individuals per population Akopyan et al. 2025. MBE

Median FST=0.01

GA

NY Extreme ‘islands of divergence’

• Degree of differentiation 

(1000s of fixed SNPs)

• Genomic breath 

(>2/3 the length of multiple chromosomes)

Chromosomal inversions



Growth rate

Vertebral number
Body shape

Resting metabolism

Swimming speed

Genotyping

• ddRAD, n=568, 5 families

• ~50K SNPs @ 15X coverage

mapped to GA genome

Phenotyping

QTL mapping to link genotype to phenotype

GA

NY



Multiple traits map to the same genomic locations 

Eight significant QTL on five chromosomes for four traits

Akopyan et al. 2026. Science



11 18 24 Major inversion

QTL signal

Strongest QTL signals coincide with inversions

Akopyan et al. 2026. Science



Geographic FST

11 18 24 Major inversion

QTL signal

Strongest QTL signals coincide with inversions

- and the blocks of strongest differentiation

Akopyan et al. 2026. Science



Geographic FST

11 18 248 Major inversion

QTL signal

Inversions play a crucial role in local adaptation - 

under high gene flow



One of the world’s steepest 

thermal gradients

NOAA/NESDIS

Wild fish all roughly the 

same size
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Common garden experiments

F
S
T

Whole genome sequencing

Striking cryptic 

diversity 

uncovered



Adaptive divergence in Atlantic cod in the Gulf of Maine

1. Use genomic analyses to characterize structure of active 

cod spawning populations in US waters  

2. Identify adaptive genetic differences among 

populations



Sampling – actively spawning fish

306 cod from 20 locations

11-24 individuals per location

Sequenced to 0.88x coverage
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Pairwise comparisons to St. Pierre Bank, Canada (15 kb windows)

Chromosomal inversions

Hundreds of genes 

linked together

Recombination 

suppressed to get 

inherited as a block

Clucas et al. 2019. Evol. Appl.
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Chromosomal inversions everywhere!

Atlantic silversides

Atlantic codClucas et al. 2019. Evol. Appl.

Talks this afternoon:
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Position along genome (Mb)

Pairwise comparisons to St. Pierre Bank, Canada (15 kb windows)

Very narrow peak

Highly localized divergence

Clucas et al. 2019. Evol. Appl.
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Position along genome (Mb)

Pairwise comparisons to the wGoM spring spawners (5 kb windows)

Peak overlays genes known to be involved in gamete 

maturation, incl. follicle-stimulating hormone receptor 

& estrogen receptor 
Winter spawners

Winter spawners

Spring spawners

Spring spawners

Clucas et al. 2019. Evol. Appl.
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Sampling with 20 random markers could miss differentiated regions

Position along genome (Mb)
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Position along genome (Mb)

Pairwise comparisons to the wGoM spring spawners (5 kb windows)

Winter spawners

Winter spawners

Spring spawners

Spring spawners

Clucas et al. 2019. Evol. Appl.

Compare to RAD-seq study (3,128 SNPs)

Glucas et al. 2019. PLOS ONE 





Differentiation often limited to parts of the genome

Atlantic silversides Atlantic cod

Strong adaptation despite homogeneous genomes Differences confined to small genomic regions



Differentiation often limited to parts of the genome

Surprising mixture of lineages can also occur

Atlantic silversides Atlantic cod

Strong adaptation despite homogeneous genomes Differences confined to small genomic regions



Sea cucumbers in the Galapagos islands
Mixture of local and mainland-connected lineage

Jaime Ortiz-Pachar
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Sea cucumbers in the Galapagos islands
Mixture of local and mainland-connected lineage



From hidden structure to measurable mixing

• Subtle and cryptic structure is common

• Management decisions depend on who mixes with whom 
– and when

• We need to assign 
individuals to their origin



American shad

• Called “the founding” fish 
because of historical abundance

• Now decimated in many places, 
but some remaining fisheries

• Interest in assigning marine 
bycatch to population



American shad

• Called “the founding” fish 
because of historical abundance

• Now decimated in many places, 
but some remaining fisheries

• Interest in assigning marine 
bycatch to population



Hasselmann et al. 2013, Waldman et al. 2014

Limited population differentiation in US waters with microsatellites
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Microsatellite assignment
Resolving Contribution of American Shad Mixed 

Stock Fishery in Lower Delaware River and Bay: 

2017-2020 collection evaluation 

Meredith L. Bartron and Lauren M. Prasko 

USFWS Northeast Fishery Center, Lamar, PA 

Collection

location

Sample

size

Narraguagus

Penobscot

Androscoggin

Kennebec

Sheepscot

Saco

Merrimack

Connecticut

Hudson

Delaware

Susquehanna

Potomac

Tar

Cooper

50

93

48

24

23

50

49

54

200

198

48

49

38

48

0.88

0.37

0.19

0.04

0.04

0.10

0.10

0.15

0.47

0.43

0.19

0.22

0.16

0.92

Correct

assignmentAtlantic Ocean

USA

Canada

Delaware Bay



Microsatellite assignment
Resolving Contribution of American Shad Mixed 

Stock Fishery in Lower Delaware River and Bay: 

2017-2020 collection evaluation 

Meredith L. Bartron and Lauren M. Prasko 

USFWS Northeast Fishery Center, Lamar, PA 

Collection

location

Sample

size

Narraguagus

Penobscot

Androscoggin

Kennebec

Sheepscot

Saco

Merrimack

Connecticut

Hudson

Delaware

Susquehanna

Potomac

Tar

Cooper

50

93

48

24

23

50

49

54

200

198

48

49

38

48

0.88

0.37

0.19

0.04

0.04

0.10

0.10

0.15

0.47

0.43

0.19

0.22

0.16

0.92

Correct

assignmentAtlantic Ocean

USA

Canada

Delaware Bay

Mean: 30.2%

Range: 4 - 92% 



Low-coverage whole genome sequencing
~0.8x coverage for 30 individuals per location

Ryan Franckowiak



Increased population resolution 

in US waters

Microsatellite results



Pairwise comparisons of differentiation 

among neighboring populations



Selecting markers from the biggest peaks should 

improve power for assignment
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Marker panel

107 microhaplotypes (100bp) genotyped

(average 4.2 SNPs per microhaplotype, 2-9 alleles)

248 retained for genotyping

578 top-ranked SNPs screened

GT-seq (highly multiplexed amplicon sequencing)



Performance of GT-seq panel
SNP selection based on 30 training individuals from each population

Assignment success assessed for 20 separate in-year test individuals

Leave-one-out assignment with different simulated mixture proportions 

Microsat mean =30.2% (Bartron & Prasko 2020)



Performance of GT-seq panel
SNP selection based on 30 training individuals from each population

Assignment success assessed for 20 separate in-year test individuals

Leave-one-out assignment with different simulated mixture proportions 

Microsat mean =30.2% (Bartron & Prasko 2020)



Downsides of genotyping panel

• Costly to develop

• Ascertainment bias based on which populations are included

• Large investment in targeted primers

• Does not capture the full variation



Principal Components Analysis

107 genotyped microhaplotypes



Principal Components Analysis

107 genotyped microhaplotypes lcWGS (~0.8x), 12 million SNPs



Assignment based directly on 
low-coverage whole genome data



Assignment from low-coverage data

All individuals (~3.5x lcWGS)

assigned based on genotype 

likelihoods at ~7million SNPs with 

leave-one-out

Standardized effective sample size
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down-sampling to 0.01x sequencing depth 
(DeSaix et al. 2023. Molecular Ecology , DeSaix et al. 2024. Methods in Ecology and Evolution)
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How low can we go? 

• Analysis on prior data has retained near-perfect assignment when 
down-sampling to 0.01x sequencing depth 
(DeSaix et al. 2023. Molecular Ecology , DeSaix et al. 2024. Methods in Ecology and Evolution)

• With a 1Gb genome, we then only need ~10Mb sequencing data to 
get 0.01x genome coverage (cost < $0.1)



Cost comparison

GT-seq (200-400 markers)

• Cost for library prep and 
sequencing ~$6

LcWGS (millions of markers)

• Library prep: ~$7

• Sequencing test sample: $0.1



Cost comparison

GT-seq (200-400 markers)

• Cost for library prep and 
sequencing ~$6

LcWGS (millions of markers)

• Library prep: ~$7

• Sequencing test sample: $0.1

Routine running costs very similar

Assignment from whole genome data often more powerful





Genomics as a forensic tool

• Trace biological material through supply chains

Average number of fish species 

detected per aquafeed sample 

Baetscher et al. in prep
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Atlantic silversides Atlantic cod

American shad

Strong adaptation despite homogeneous genomes Differences confined to small genomic regions

Tracking who mixes with whom—and when

Structure can be hidden in different ways

Cryptic mixing of distinct lineages

Brown sea cucumber









• Absence of signal ≠ absence 
of structure

• Structure can be subtle, 
localized, or cryptic

• Genomics lets us detect it and 
use it to inform management

Key take-aways
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