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Climate impacts on NE Pacific



How to advance ecosystem-based fisheries 
management under a changing climate?

• Develop/monitor ecosystem reference points

• Identify nonlinear and nonstationary 

pressures and ecological surprises

• Provide early warning

• Minimize risk to resources, communities

deReynier, Harvey, Link, Morrison et al. 2024

Link, Griffis, Busch et al. 2015
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Ecosystem thresholds



Nonstationary change
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Management pathways for ecosystem and climate information

Ecosystem and 
Socioeconomic Profile

Risk Tables



Outline

Ecosystem thresholds 

➢ Simulation-based evaluation of a threshold 

detection tool 

Nonstationary change

➢ Tracking ecosystem-level trends and shifts
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Evidence of ecological thresholds 

E.g. Samhouri et al. 2015, Tam et al. 2017, Boldt et al. 

2021, Hunsicker et al. 2022 PICES WG36 Report

Large et al. 2013 ICES JMS

Perng et al. 2023



Sensitivity analyses of threshold models to time series length, missing 

environmental info, observation error, etc. -> improve confidence

Simulation studies to demonstrate how incorporating thresholds in management 

applications could improve knowledge of risk and uncertainty

Identifying underlying mechanisms through which thresholds may or may not 

arise can help inform management policies

How to increase uptake of thresholds in management?



Are threshold detection tools robust or not? 

Detmer et al. Ecosphere In revision

• Simulations to explore how method 

performs under various scenarios

• Several functional forms that differ in the 

definition of threshold locations

• Definition of ‘threshold’ that managers want 

to avoid may depend on the shape of 
relationship 

Generalized Additive Models (GAM)

Where slope of 

s(x) is decreasing 

most rapidly

Where slope of 

s(x) is changing 

most rapidly

Local optimum of s(x)

Raine Detmer, UCSB

NSF INTERN program



Are threshold detection tools robust or not? 

Scenarios

(1)  Number of data points (time series length)

(2) Observation error of response

(3) Effect of a missing covariate

Detmer et al. Ecosphere In revision

Where slope of 

s(x) is decreasing 

most rapidly

Where slope of 

s(x) is changing 

most rapidly

Local optimum of s(x)

Raine Detmer, UCSB

NSF INTERN program



Detmer et al. Ecosphere In revision

Jackknife resampling to evaluate robustness of each detected threshold existence and location

True and false positive rates were also calculated

For each simulation scenario:



Estimated threshold preceded abrupt 

change to undesired levels of the response

Estimated threshold was on the “risk-prone” 

side with undesired response values

Sample sizes represent the number of simulations that 

detected a threshold, out of a total of 100 replicates

Detmer et al. Ecosphere In revision

GAMs generally performed best when time series were long

Sigmoidal



GAMs generally performed best when observation error was low

Detmer et al. Ecosphere In revision



• Effects of factors held up across the functional forms

• Bias toward risk adverse side indicates low risk of mistakenly concluding 

a threshold lies far on the undesirable side of its true value 

No cov No cov

covcov

Detmer et al. Ecosphere In revision

GAMs generally performed best when covariates were accounted for



True positive rates were highest for long time series and low observation error

TPRs = fraction of simulation replicates that detected a threshold when one existed



False positive rates were generally low across parameter combinations

FPRs = fraction of simulation replicates that detected a threshold 

when true relationship was linear



• GAMs generally performed best with long time series, low observation error, 

and covariates accounted for

• Direction of bias was generally towards risk-averse side of threshold -> low 
risk of mistakenly concluding a threshold lies far on the undesirable side of its 

true value

• Detectability depended on shape of relationship and definition of the threshold 

location

• Other factors to consider: temporal and/or spatial autocorrelation, 

nonstationarity, more complex driver-response-covariate relationships

Are threshold detection tools robust or not?
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Ecosystem thresholds 

➢ Simulation-based evaluation of a threshold 

detection tool (GAM)

Nonstationary change

➢ Tracking ecosystem-level trends and shifts
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Developing ecosystem state indicators: Gulf of Alaska

Bridget Ferriss

NOAA AFSC

Annual synthesis of marine ecosystem conditions to inform fisheries management
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Developing ecosystem state indicators: Gulf of Alaska

May provide early detection of ecosystem-level changes

Bridget Ferriss

NOAA AFSC



• Identify shared trends among time series that are useful as indices

• Detect changes in mean ecosystem state

• Distinguish normal variability from changes signaling a major shift

Ecosystem state indicators for NE Pacific ecosystems

Litzow et al. 2020
Hunsicker et al. 2022



➢ Dynamic Factor Analysis (MARSS R package, 

Holmes et al. 2012)

o Identify latent ’trends’ that may be useful as 

environmental indices

➢ Hidden Markov Models (hmmTMB R package, 

Michelot and Glennie 2023)

o Estimate underlying state at any point in time

o Estimate means and variances in the response 

in each state

o Estimate probability of state transitions

Methods
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Seabird (13,10)

Reproductive success
Hatch date

Mid-trophic (8,8)
Forage fish abundance

Shrimp abundance
Jellyfish abundance
Juvenile salmon

Lower trophic (10,9) 

Chl-a
Zooplankton
Ichthyoplankton

Climate (12,10)

SST (seasonal)
Temperature at depth
Salinity

Wind direction
Upwelling

Gulf of Alaska time series

Time series ranged from 25 to 52 year in length, all ending in 2022



One common trend identified in EGOA climate variables

Spring SST (sat)

Winter SST (sat)

Summer SST (sat)
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Spring SST (sat)

Winter SST (sat)

Summer SST (sat)

Summer SST (sat)

Spring SST (sat)

Summer SST (sur)

Winter SST (sat)

Spring SST (sew)

Summer temp (200m)

Spring Shelikof wind dir.

Upwelling

Spring salinity

Year

1970 20201980 201020001990
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n
d

0 1.00.5-0.5

One common trend identified in WGOA climate variables



Spring SST (sat)

Winter SST (sat)

Summer SST (sat)

Summer SST (sat)

Spring SST (sat)

Summer SST (sur)

Winter SST (sat)

Spring SST (sew)

Summer temp (200m)

Spring Shelikof wind dir.

Upwelling

Spring salinity

Ecosystem state

Year

1970 20201980 201020001990
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re

n
d

Loading

Summer SST (sat)

Spring SST (sat)

Summer SST (sur)

Winter SST (sat)

Spring SST (sew)

Summer temp (200m)

Spring Shelikof wind dir.

Upwelling

Spring salinity

State transitions largely aligned with previous observations (1977,1988,2014)



Year

1990 202020102000
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Chla biomass

Juv coho salmon cpue

Herring biomass (Craig)

Herring biomass (Sitka)

Eastern GOA T2

-

Humpback whale birth rate

Herring biomass (Craig)

Herring biomass (Sitka)

Juv chum salmon cpue

Chla biomass

Glaucous wing gull hatch

Thick billed murre hatch

Common murre hatch

Eastern GOA T1

+

-

Two common trends identified in EGOA biology variables
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One common trend identified in WGOA biology variables

+
Chla biomass

Juv coho salmon cpue

Herring biomass (Craig)

Herring biomass (Sitka)

Eastern GOA T2

-

Humpback whale birth rate

Herring biomass (Craig)

Herring biomass (Sitka)

Juv chum salmon cpue

Chla biomass

Glaucous wing gull hatch

Thick billed murre hatch

Common murre hatch

Eastern GOA T1

+

-



T
re

n
d

Year

1990 202020102000

Tufted puffin prod

Chiniak pink shrimp

Pavlof shrimp

Pavlof capelin

Chiniak jellyfish

Chla biomass

Prop. capelin in diet

Tufted puffin hatch

Western GOA

+

-

+
Chla biomass

Juv coho salmon cpue

Herring biomass (Craig)

Herring biomass (Sitka)

Eastern GOA T2

-

Humpback whale birth rate

Herring biomass (Craig)

Herring biomass (Sitka)

Juv chum salmon cpue

Chla biomass

Glaucous wing gull hatch

Thick billed murre hatch

Common murre hatch

Eastern GOA T1

+

-



Common trends within trophic levels 

Useful for communication and identifying redundant indicators
Year

1990 202020102000

1990 202020102000

Juvenile coho salmon cpue
Juvenile pink salmon cpue

Juvenile chinook salmon cpue
Herring biomass (Craig)
Herring biomass (Sitka)

Mid-trophic 

+

-

Thick-billed murre hatch
Common murre hatch

Glaucous-winged gull hatch
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Common Murre

Cassin’s auklet

• Joint HMMs – multiple time series vs trend

• Estimate mean and variances in the response

• Identify timing of underlying shift

• Identify redundant indicators



Survey 
data

Indicators
Ocean 

forecasts

Forecast 
ecosystem 

state

Inform 
recruitment, 
survival, etc. 

Assessment,
monitoring, 

risk

Forecast ecosystem state to help inform management decisions



How can we implement this information into management?

• Annual production of common trends and ecosystem 

state can streamline communication

• Operationalizing these tools in the management of GOA 

is achievable by building on existing frameworks

• These tools can provide ecosystem support to 

management decisions relative to groundfish productivity 

and resulting harvest specifications
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Ecosystem thresholds Non-stationary change



Thank you!

adetmer@ucsb.edu
bridget.ferriss@noaa.gov
mary.hunsicker@noaa.gov
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