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|ICONTEXT| Motivations : accounting for spatial heterogeneity

A Addressing spatial heterogeneity in population dynamicsj, critical to better manage natural resources

A Accounting for spatial processes in population dynamic is complex

A Management of natural resourcedd simplify assumptions about population spatial structure

Contents lists available at ScienceDirect Contents lists available at ScienceDirect

Fisheries Research Fisheries Research

journal homepage: www.elsevier.com/locate/fishres journal homepage: www.elsevier.com/locate/fishres

Essential features of the next-generation integrated fisheries stock

: Spatial stock assessment methods: A viewpoint on current issues and
assessment package: A perspective

assumptions

André E. Punt™”*, Alistair Dunn®, Bjarki bér Elvarsson“, John Hampton®, Simon D. Hoyle',

: . 4 a,b,
Mark N. Maunder®", Richard D. Methot', Anders Nielsen' André E. Punt




|ICONTEXT]| Solution : Stagpace spatiotemporal IPM

A Spatiotemporal IPMs can be implemented at a finer spatial scale

o Allow population processes to vary continuously across space by utilizing spatial correlation to account for a
continuous approximation of spatial dynamics

Can directly fit to fishery and survey data at the scale they are collected
Attribute variation in survey data among sampling location to both sampling error and spatial process heteroge

326

S Saanlels Explicit incorporation of spatial variability in a

Estimating spatio-temporal dynamics of size-structured biomass dynamics assessment model

pOPUIatlonS Raphaél R McDonald 2, David M Keith, Jessica A Sameoto, Jeffrey A Hutchings,
Kasper Kristensen, Uffe Hogsbro Thygesen, Ken Haste Andersen, and Jan E. Beyer

Joanna M Flemming
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A spatiotemporal model for snow crab (Chionoecetes opilio) stock Spatial delay-difference models for estimating spatiotemporal

size in the southern Gulf of St. Lawrence! variation in juvenile production and population abundance

Noel G. Cadigan, Elmer Wade, and Anders Nielsen James T. Thorson,|

e PR = o\l of Appled Ecology |
© 2017 by the Ecological Society of America Jowrnal of Applied Ecology 2017, 54, 577587 doi: 10.1111/1365-2664.12664

Using spatio-temporal models of population growth
and movement to monitor overlap between human

Estimating partial regulation in spatiotemporal models of € ) h
= impacts and fish populations

community dynamics
James T. Thorson®*, Jason Jannot and Kayleigh Somers
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|ICONTEXT]| Solution : Stagpace spatiotemporal IPM

A Spatiotemporal IPMs can be implemented at a finer spatial scale

o Allow population processes to vary continuously across space by utilizing spatial correlation to account for a
continuous approximation of spatial dynamics

Can directly fit to fishery and survey data at the scale they are collected
Attribute variation in survey data among sampling location to both sampling error and spatial process heteroge

A But still some key demographic processes to refine
o Movement

Explicitly

A How to account for movement whemé¢ spatial distribution of the stock may change between the survey and the fishery

A Implicitly



|ICONTEXT| Case study : Snow Crab EBS

A Spatial considerations are important for snow crabs in the EBS

0 Biomass strongly declined recentBacheret al., 2021)
A A need to better understand the spatiotemporal dynamic

o Spatially concentrated fishery
o0 Ontogenetic migration
o Stockds association with the cold pool

o The potential for marine heat waves to influence dynamics
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|ICONTEXT| Purpose of the study

A Refine the representation of spatial processes in IPMs (migration)

A Use this spatially explicit framework to explore important questions

o To facilitate understanding of the drivers of the spatiotemporal population dynamics
Q1 : The effect of the cold pool @patiotemporal variation in juvenile distribution ?

o To Improve management advice
Q2 : Distribution of fishing mortality in space ?
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|ICONTEXT| Purpose of the study

A The basic framework of our model is conceptually similar to Cao et al. (202

FISH and FISHERIES __—" "

o ——

ORIGINAL ARTICLE

A novel spatiotemporal stock assessment framework to better
address fine-scale species distributions: Development and
simulation testing

Jie Cao, James T. Thorson, André E. Punt, Cody Szuwalski
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|ICONTEXT| Purpose of the study

The basic framework of our model is conceptually similar to Cao et al. (2025 == :..  »

A With several improvements <.
Fit to real data

The representation of several biological and sampling processes is improved (e.g. selectivity and maturity) and we acc
implicitly for seasonal movement.
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IMETHODS| A Spatiotemporal sta&uctured population model

A Size structure spatiotemporal population model
o Combines theory and methods from population dynamicgeastatistics
0 Assumes population density varies continuously across space

o Tracks variation in population density for multiple life stages and their expected dynamics across space and til



IMETHODS| A Spatiotemporal sta&uctured population model

1. POPULATION DYNAMIC

2. DATA AND LIKELIHOOD
o Movement : accounts implicitly for seasonality

3. PARAMETERS
o Prespecified

o Estimated
Fixed effects
Random effects



IMETHODS| 1. Population Dynamic

A Densities(Q) at size for a given size cladslocationsand timet+1 is expressed as

A mr GAgpr) A AR



IMETHODS| 1. Population Dynaniic
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normal distribution
LQE* DOl éi oo am )

Spatial covariance matrix : between 2 locations

. Covariance among size classes |
follows a Matern function
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IMETHODS| 2. Datg Survey Data : Densities (Ab/knm@2]1989-2018
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IMETHODS| 2. Datg Survey Data : Densities (Ab/knm@2]1989-2018

A Likelihood function
o Poisson link delta model to fit A 5, to samples of observed abundance density

o Probability density function
Encounter probability
Positive catch rates



IMETHODS| 2. Datq Fisheries data



IMETHODS| 2. Datq Fisheries data

A Temporal mismatch between Survey (summer) and Fisheries (winter)
0 Because of ontogenetic migratioysSpatial mismatch

A Accounting implicitly for seasonality in the model

A Strategy : Account for movement between survey and fisheries
o Determine the spatial distribution of Fisheries in Summer



IMETHODS| 2. Datq Fisheries data

A Accounting implicitly for movement : Difference of COG between Fisheries and Survey
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IMETHODS| 2. Datq Fisheries datg Example Year = 2017




IMETHODS| 2. Datq Fisheries datg Example Year = 2017

COG
® Survey_SizeClassd

COG

@ Survey SizeClassd
& Fisheries{no.mov)
A  Figheries({no.mov)

log(Catches_M)
Movement

5
NO @ 1w
log{Catches_N) Mavement
MO
YES

1755W 170w 163w



IMETHODS| 2. Datq Fisheries datg Example Year = 2017
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IMETHODS| 2. Datq Fisheries datg Example Year = 2017
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IMETHODS]| 3. Parameters
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IMETHODS| 3. ParametesFixed Effects




IMETHODS| 3. Parameters
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IMETHODS| 3. Parameters Fishing Mortality
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IMETHOD| Derived quantities : Some explorations using this framework

A Q1 : The effect of the cold pool ospatio-temporal variation in juvenile distribution ?

O Potential underlying mechanisms : cold pool acts as a thermal barrier to Pacific cod and imposes a spatial mi:
between Pacific cod and juvenile crab distributions.

O Expectation
N During cold yearsthedistributionof juvenilecrabis spreadacrosshe EasterrBering seashelf

N Whereasduring warmyearswe expectthat the distribution of juvenile crabto contractasa resultof a smaller

cold pool providinga smallerthermalrefugefrom codpredation

A Q2 : Distributed of fishing mortality in space

O By calculating exploitation rate
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IRESULTShpatiotemporal changes in abundances (log scale)
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IRESULTShpatiotemporal changes in abundances (log scale)

Lat

Year: 1989
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IRESULT Shpatiotemporal changes in exploitable abundance
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IRESULT Shpatiotemporal changes in exploitable abundance
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IRESULT Shpatiotemporal changes in exploitable abundance

59.50 1

59.25 1 {

§ 50.00-
~ sas0] J U Decline in exploitable
, abundance

c) U Years with marked declines,
log(Exploitable Abundance) r\ COG in high IatitUde
175 g 1714 . .
5 g U Peak of abundances, COG |
- © an2 y low latitude

UO.Q R
U7§,

175°W70°WB5°WB0-W55"W 175°W70°WB5-\WB0-W55°W 175°W70°WB5°\WE0°W55°W 175°W70°WB5°WB0“W55°W 175°W70°WB5°WE0-W55°W 175°W70°WE5-WB0-\W55°W
Lon

Exploitable Abundance




IRESULT Sppatiotemporal changes in recruitment
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IRESULT Spatiotemporal changes in fishing mortality
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IRESULT Shpatiotemporal changes in exploitation rates
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1989 to 1998, the western par
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exploited
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represent 80% of the
abundance

After 1999, when the stock
was declared overfished,
exploitation was strongly
reduced

Some areas have high
abundance but very low harve
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IRESULTS3]ink between spatiotemporal dynamic and cold pool extend ?

U correlation between the tinseries
of abundance for sizelass 1 and the
cold pool extend is positive




IRESULTS3]ink between spatiotemporal dynamic and cold pool extend ?

U correlation between the tinseries
of abundance for sizelass 1 and the
cold pool extend is positive

U spatiotemporal dynamics of the
abundance of juveniles seems to be
driven by the cold pool

A cold years : the spatial
distribution of the CP and
abundance match and could
extend over the entire EBS

A warm years : the spatial
distribution of abundance was
more restricted, as was that of
the cold pool



