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A B S T R AC T
Objective:  Managing data-​limited populations is a challenge to the sustainability of fisheries globally. Meta-​analytic approaches, where 
insights from data-​rich populations are drawn on to inform data-​limited ones, along with the use of habitat-​based information, have each 
been proposed as ways to overcome data-​limited assessment challenges, but the two approaches have rarely been combined. Sockeye Salmon 
Oncorhynchus nerka spawn and rear in many remote coastal watersheds of British Columbia, Canada, challenging comprehensive population 
assessments. Estimating conservation and management reference points for such populations is particularly relevant given their importance 
to Indigenous and commercial fisheries. Most Sockeye Salmon have obligate lake-​rearing as juveniles, and total abundance is typically limited 
by production in nursery lakes. Although methods have been developed to estimate population capacity based on the photosynthetic rate of 
nursery lakes and lake area or volume, they have not yet been widely incorporated into spawner–recruitment analyses.
Methods:  We tested the value of combining these lake-​based capacity estimates with various hierarchical structures in spawner–recruitment 
analyses to assess population status using a set of Bayesian spawner–recruitment models for 69 populations across coastal British Columbia, 
many of which were data limited.
Results:  Our analysis revealed regional variation in the population productivity of Sockeye Salmon, with coastal populations exhibiting 
slightly lower mean productivity than those in interior watersheds. Hierarchical spawner–recruitment models with and without informative 
lake habitat-​based priors greatly improved predictive ability across all populations.
Conclusions:  These findings reveal opportunities to integrate spatial analyses of habitat characteristics with population models to inform 
the conservation and management of exploited species and their natal habitats, particularly where populations are data limited.
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L A Y  S U M M A R Y
Evaluating the status of data limited fish populations to inform fisheries management is a core challenge for the sustainability of fisheries 
around the world. In Canada’s remote North and Central Coast region, hundreds of salmon populations are lacking in formal assessment 
to define management benchmarks. One opportunity to improve the available information about population status and inform sustainable 
fisheries management is to integrate habitat-​based insights with traditional spawner–recruit modeling to estimate stock status and manage-
ment benchmarks for data-​limited populations. Most Sockeye Salmon rear in freshwater lakes for 1–2 years prior to their seaward migra-
tion, and maximum population sizes are limited by the size and productivity of their rearing lake. Using a Bayesian-​hierarchical modeling 
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approach, we integrated information on lake size and productivity into a Ricker spawner–recruit model as prior information for 69 Sockeye 
Salmon populations on the remote North and Central Coast of British Columbia. We further evaluated the benefits incorporating regional 
biogeographic differences in productivity—​the number of offspring produced at low spawner abundance—​into models that we used to 
estimate the status of Sockeye Salmon populations. Overall, we found that this Bayesian-​hierarchical approach greatly reduced uncertainty 
in the estimated population parameters that are used to inform assessments of stock status, particularly for the most data-​limited popula-
tions that we evaluated.

I N T RO DU C T IO N
Assessing population status and estimating conservation or 
management targets for data-​limited fish populations is a major 
challenge to the sustainability of fisheries. In the absence of 
information to support management, many small, unassessed 
fisheries around the world are depressed due to overfishing 
(Costello et  al., 2012). Overfishing has resulted in the loss 
of billions of metric tons in potential fisheries yields per year 
(Ding et  al., 2017), creating economic hardship and under-
mining food security in coastal communities (Golden et al., 
2016). Given this challenge, a variety of approaches have been 
proposed for setting management targets without lengthy time 
series of population abundance and thus limited data. These 
range from management that relies on local knowledge rather 
than stock-​assessment data (Johannes, 1998) to quantitative 
approaches such as meta-​analyses that combine information 
from multiple sources to reduce the uncertainty that is associ-
ated with sparse time series of abundance within populations 
(Myers & Mertz, 1998; Punt et al., 2011).

Meta-​analytic approaches allow researchers to combine 
insights from multiple populations and are a valuable tool for 
understanding and managing populations with limited data 
(Myers & Mertz, 1998). These analyses rely on the assumption 
that population parameters are drawn from a shared underlying 
distribution. Under this assumption, population parameters 
can be readily estimated for data-​limited populations by bor-
rowing information from populations with more robust time 
series (Gelman, 2006; Thorson & Minto, 2015). Similarly, 
researchers now routinely share information across popula-
tions using hierarchical-​Bayesian methods, which assume that 
some population parameters are drawn from common hyper-
distributions (Punt & Hilborn, 1997). These approaches have 
been used to examine spawner–recruitment relationships (e.g., 
Liermann & Hilborn, 1997; Michielsens & McAllister, 2004) 
and understand the effects of climate on recruitment across 
multiple populations (e.g., Mueter et al., 2002).

Another potential approach to inform management in data-​
limited fisheries involves predicting management-​relevant 
parameters based on habitat information when habitat limits 
production (e.g., Sundblad et al., 2014). For fish populations 
where density-​dependent dynamics occur in well-​delineated 
habitats, such as the use of freshwater habitat by juvenile 
salmon, habitat quantity and the productivity and structure 
of food webs can impose constraints on the carrying capacity 
of fish populations (Shortreed et al., 2001). For example, the 
amount and gradient of available stream-​rearing habitat has 
been used to predict Coho Salmon Oncorhynchus kisutch pro-
duction (Bocking & Peacock, 2004; Bradford et al., 1997) and 
accessible watershed area has been used to inform estimation 
of population parameters in data-​limited Chinook Salmon O. 
tshawytscha populations (Liermann et al., 2010; Parken et al., 

2006). Hume et al. (1996) used data from several populations 
with juvenile enumeration (i.e., fall fry or smolt) and limnologi-
cal monitoring (including photosynthetic rate [PR]) to model 
the empirical relationship between optimal smolt biomass 
outputs and total autotrophic production. This relationship 
has subsequently been used to predict the carrying capacity 
for approximately 60 lakes in coastal British Columbia and 
most interior nursery lake systems (e.g., Shortreed et al., 1998, 
2001, 2007). Although spawner–recruitment modeling is data 
intensive, often requiring decades-​long time series, these habi-
tat-​based models may improve the fit of shorter spawner recruit-
ment time series (e.g., Korman & English, 2013; Liermann et al., 
2010) and only require information on available habitat that 
could be estimated remotely using geospatial analysis or with 
as little as a single year of field sampling. By coupling data from 
populations with intensive population monitoring and known 
habitat constraints for the species of interest, researchers can 
model the underlying relationship between habitat conditions 
and population parameters that are estimated from spawner–
recruitment time series (e.g., Hume et al., 1996; Parken et al., 
2006). This relationship is then extended to estimate biologi-
cal reference points such as carrying capacity or maximum sus-
tainable yield (MSY) for fish populations. These habitat-​based 
estimates of capacity can be merged with spawner–recruit-
ment analyses in a Bayesian framework, either through their 
inclusion in the model as a covariate modifying the unfished 
equilibrium population size (e.g., Liermann et al., 2010) or as a 
population-​specific prior on the spawner abundance that pro-
duces maximum recruitment, SMax (Korman & English, 2013).

Sockeye Salmon O. nerka are a primary target of commercial, 
Indigenous subsistence, and recreational fisheries in coastal 
British Columbia and Alaska. Understanding the status and 
capacity of remote Sockeye Salmon populations is particularly 
important to coastal First Nations in British Columbia. The 
food security, culture, and livelihoods of these communities are 
intimately linked to Pacific salmon, and Indigenous Nations are 
increasingly assuming leadership of resource monitoring and 
management within their traditional territories. Managing 
Sockeye Salmon fisheries for sustainable economic and cul-
tural benefits is a primary goal (e.g., Atlas et al., 2017). Thus, 
methods that integrate multiple sources of information on 
populations and their habitats are needed to inform the man-
agement of data-​limited Sockeye Salmon populations for sus-
tainable social–​ecological benefits. Most Sockeye Salmon have 
an obligate juvenile lake-​rearing phase of 1 or 2 years prior to 
their seaward migration, during which time they feed on zoo-
plankton and invertebrates (Groot & Margolis, 1991). Given 
this dependence on rearing habitat in lakes, lake size and the 
transfer of energy through food webs can control the carrying 
capacity of Sockeye Salmon populations (Hyatt & Stockner, 
1985; Juday et al., 1932; Shortreed et al., 2001). Smolt-​to-​adult 
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survival during the marine phase of the Sockeye Salmon life 
cycle is also a main driver of population productivity, with 
major regime shifts in ocean climate implicated in interannual 
and decadal changes in the productivity of wild salmon popu-
lations (Mantua et al., 1997; Mueter et al., 2002; Peterman & 
Dorner, 2012).

Canada’s Wild Salmon Policy calls for the establishment of 
biological benchmarks for evaluating population status and 
implementing management and recovery efforts. Although 
Sockeye Salmon are relatively well ​studied in many parts of 
their range, time series of spawner abundance and recruitment 
are often sparse in more remote regions and for smaller popu-
lations, creating challenges for setting management goals and 
conservation benchmarks. Conservation benchmarks, which 
rely solely on biological information, differ from manage-
ment targets, which consider socioeconomic factors (Holt & 
Irvine, 2013). The North and Central Coast (NCC) of British 
Columbia is a region where the development of such bench-
marks has proven a challenge but is of timely importance. The 
NCC is remote and vast, covering more than 175,000 km2, and 
there are more than 120 genetically and demographically dis-
tinct populations of lake-​type Sockeye Salmon, designated as 
Conservation Units under the Wild Salmon Policy. A few well-​
studied populations, which historically supported large com-
mercial fisheries, have been assessed as currently depressed 
(Connors et  al., 2019; McKinnell et  al., 2001; Price et al., 
2019), but most watersheds in the NCC region are remote and 
only accessible by boat or air, making consistent population 
monitoring logistically challenging and costly. Furthermore, 
many of these populations are small, with average run sizes of 
fewer than 10,000 fish, and monitoring efforts have historically 
been focused on the largest and most commercially important 
populations.

Here we integrate habitat-​based and hierarchical population-​
dynamic based approaches to characterize the dynamics of 69 
populations of Sockeye Salmon in coastal British Columbia. 
Specifically, we developed hierarchical-​Bayesian models of 
spawner–recruit dynamics for Sockeye Salmon, integrat-
ing information on lake water clarity (clear, stained, glacial), 
biogeography (interior, fjord, coastal), productivity (PR), and 
surface area through the inclusion of habitat-​based estimates 
of carrying capacity as prior information to ask how informa-
tive habitat priors and hierarchical modeling approaches can 
support improved precision and accuracy of biological bench-
marks for data-​limited freshwater-​rearing salmonids.

M E T HO D S
Overview

For each of 69 Sockeye Salmon populations, we fit spawner–
recruitment models to time series of spawner abundance and 
catch to estimate productivity, carrying capacity, and SMSY. We 
then compared four model structures to evaluate the poten-
tial advantages of incorporating hierarchical grouping struc-
tures across populations and applying informed priors that 
we derived from PR models. For most populations with age 
data, average brood​year age composition was used to estimate 
recruitment per spawner across these time series, except in 
the Babine, Meziadin, Owikeno, and Long Lake populations, 

where annual age data were available for some or all years, 
allowing more precise estimates of brood​year recruitment 
(English et al., 2018; Supplement 1 [see online Supplementary 
Material]). These spawner–recruit models incorporated habi-
tat-​based priors that were drawn from 66 limnological assess-
ments across 28 years that were conducted by the Fisheries and 
Oceans Canada (DFO) Lakes Research Program in Sockeye 
Salmon-​bearing lakes of the NCC (e.g., Shortreed et al., 1998, 
2001, 2007). These data were then combined in a series of mod-
els to evaluate the degree to which information on the location 
and productivity of rearing habitats could inform hierarchical 
model structure and provide prior information on the spawner 
abundance to maximize recruitment (i.e., SMax, the inverse of 
the Ricker β parameter, Equation 1, which is the spawner abun-
dance that produces maximum recruitment, SMax). We assessed 
the advantages of hierarchical groupings and habitat-​based pri-
ors by comparing the predictive accuracy of each model form 
for recruits per spawner.

Escapement and catch data
We used spawner abundance and harvest data from 69 popula-
tions on the NCC that have been collected since the 1950s by 
DFO. Following English et al. (2018), we assumed that neigh-
boring populations within management areas have similar run 
timing and distribution and are therefore similarly vulnerable 
to coastal fisheries. As a result, in cases where harvest data were 
not available for a specific population, we used the average har-
vest rate for other populations in the same DFO statistical area 
to reconstruct catch (e.g., Pacific Salmon Foundation, 2022; 
n = 49). These data represent the best available information on 
harvest rates over time but should be interpreted with caution 
when neighboring populations diverge in their respective vul-
nerability to fisheries. Harvest rates ranged from more than 70% 
in the early part of the time series for some populations to less 
than 10% in more recent years. The quality and availability of age 
data were highly variable across populations. We used annual or 
average population-​specific empirical estimates of age composi-
tion where they existed (n = 5 high quality, n = 19 lower quality). 
For populations lacking age composition data (n = 45), we pre-
dicted average brood-​year age composition using a multinomial 
Dirichlet regression technique, as described in Supplement 1.

We then used the available age data and the model estimates 
of age composition to construct brood tables that were used to 
assign recruits to previous parent cohorts to estimate the rela-
tionship between spawner abundance and recruitment. We 
examined each population time series individually, identifying 
and removing years that produced unreasonably high estimates 
of per capita recruitment that exceeded the observed maximum 
productivity for Sockeye Salmon populations around their 
northeast Pacific range (more than 20 adult recruits per spawner; 
Cunningham et al., 2015; Dorner et al., 2008; McPherson & 
Woodey, 2009). These outliers were likely attributable to poor 
data quality or extrapolated estimates of harvest that inflated 
per capita recruitment. We also dropped data points of fewer 
than 100 spawners, as population sizes that small are rare and 
are likely a reflection of poor data quality (English et al., 2018). 
This process resulted in the elimination of 73 data points out 
of a possible 1,850 spawner–recruit pairs. Data richness varied 
widely across the 69 populations of interest, with the number 
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of spawner–recruit pairs ranging from 4 to 57 (Supplement 1). 
For the purposes of our analysis, populations with fewer than 
20 spawner–recruit pairs were classified as data poor, those with 
20–39 spawner–recruit pairs were classified as moderate in data 
richness, and populations with more than 40 spawner–recruit 
pairs were classified as data rich.

Ricker model of spawner–recruit dynamics
We modeled density-​dependent population dynamics for each 
time series of spawner abundance (S) and recruitment (R) 
for populations (i) using a Ricker model (Ricker, 1954) with 
lognormally distributed error, ε , where α is per capita produc-
tivity (slope) at the origin and β dictates the strength of density-​
dependence (Equation 1).

	 , , , ,ln( / ) ln( ) .i t i t i i i t i tR S S= α −β + ε 	 (1)

	 1 ./iMax iS = β 	

	 ε ∼ σ2
, normal(0, ).i t i 	

This equation has been widely used for stock assessment of 
Sockeye Salmon, in part because it can be transformed into a 
linear relationship by taking the natural log of the number of 
recruits per spawner at a given population size (e.g., Connors 
et  al., 2019; Cunningham et  al., 2015; Korman & English, 
2013). The spawner abundance that maximizes recruitment 
(SMax) is estimated as the reciprocal of β.

The common biological reference point, SMSY, was calculated 
using the exact solution proposed by Scheuerell (2016):

	

1

MSY
1 ( )
 ,

i

i
i

W e
S

−α−
=

β 	
(2)

where W  is the Lambert function (Equation 2). More details of 
the Lambert function are provided in Scheuerell (2016).

Photosynthetic rate model
To provide prior information on the spawner abundance that 
maximizes recruitment ( MaxS ), we used empirical and pre-
dicted model estimates derived from the PR model developed 
by Hume et al. (1996) and refined by Shortreed et al. (2000; 

PRMaxS ). Hourly and daily PRs were estimated in situ to measure 
autotrophic uptake of inoculated 14C isotopes (see Shortreed 
et al., 1998 for detailed methods). These hourly estimates of PR 
were typically made multiple times over a growing season and 
temporally expanded to daily rates and seasonal mean PRs by 
previous limnological researchers using an assumed growing 
season length (May 1–October 31) and lake surface area to esti-
mate total carbon attenuation by primary producers per annual 
growing season (Shortreed et al., 2000).

The PR model assumes that Sockeye Salmon populations are 
limited by lake productivity and area, and previous research 
found that in most cases, this assumption is valid (Shortreed 
et al., 2001). Hume et al. (1996) used the correlation between 
empirically derived estimates of SMax and total annual primary 
production (PRTotal) to estimate SMax for lakes using only PR 
data ( PRMaxS ). This effort yielded a relationship between annual 
lake productivity and Sockeye Salmon population capacity that 

has subsequently been used to estimate carrying capacity in 
lakes across the NCC (Shortreed et al., 1998, 2001, 2007). The 
model assumes a fixed relationship between lake productivity 
and maximum smolt output, thus PRTotal (metric tons of carbon 
per year) can be multiplied by the constant 187 (spawners per 
metric ton of carbon) to yield an estimate of the number of adult 
spawners required to maximize smolt production (Equation 3; 
Shortreed et al., 2000):

	 PR 187 PR .Max TotalS = × 	 (3)

In most applications, PR measurements are made throughout 
the growing season, accounting for seasonality in primary pro-
duction (see Shortreed et al., 2001 for a summary). However, 
across the numerous remote NCC lakes, access is difficult and 
assessment costs can be high. Thus, as a preliminary approach, 
single estimates of PR made in late August or early September 
have been related to seasonal mean PR values via linear regres-
sion, demonstrating correlations between single late-​season PR 
values and with seasonal mean values (R2 = 0.604), with single 
late-​season PR values typically producing estimates within 
8% (1 SD) of the seasonal mean (Cox-​Rogers et al., 2004). We 
compiled estimated annual PR values and associated PRMaxS  
values for 55 Sockeye Salmon rearing lakes across the NCC 
from DFO reports (Supplement 1). The PR data that were used 
in our analysis therefore include estimates that were derived 
from repeated sampling during the growing season (n = 18) 
and from late-​season PR measurements that were converted by 
the DFO lakes assessment program to an estimate of growing 
season PR using the regression-​based approach (n = 37). When 
estimates of annual primary production (PRTotal) were available 
for multiple years (n lakes = 8, see Table S1 and Figure S2 in 
Atlas et al., 2020), we used the average of these estimates as 
our prior. In other cases, multiple lakes support rearing Sockeye 
Salmon within a single population (e.g., Elbow, Lonesome, and 
Rainbow lakes for Atnarko Sockeye Salmon), and the priors 
reflected the sum of productivity of all lakes that are known to 
support Sockeye Salmon rearing.

Although empirical field measurements of PR were only 
available for 41 of 69 populations in our study, recent model-
ing efforts have led to the creation of a landscape-​scale pre-
dictive model for lake PR across the NCC (Atlas et al., 2020). 
These efforts found that the lake productivity (PR) of Sockeye 
Salmon was reasonably well predicted by whether the lake is 
clear, humic stained, or glacially turbid and by a suite of other 
landscape-​scale factors. Therefore, we used predicted PRMaxS  
values from this landscape model as mean priors for SMax 
in populations where the rearing lakes were unsampled for 
PR. For all lakes, we inferred uncertainty in PRMaxS  from the 
empirical estimates of the standard deviation of lake variation 
in PRMaxS , by water clarity group, which we assumed coarsely 
approximated the true uncertainty arising from measurement 
error and year-​to-​year variation in lake productivity, expressed 
as PRMaxSσ . For more information on data sources and methods, 
see Supplement 1.

Spawner–recruit statistical models
To evaluate the effects of estimating productivity (α) hierar-
chically and using PRMaxS  as an informative prior, we estimated 

D
ow

nloaded from
 https://academ

ic.oup.com
/m

cf/article/17/2/vtaf008/8124872 by guest on 16 June 2026

http://academic.oup.com/mcf/article-lookup/doi/10.1093/mcfafs/vtaf008#supplementary-data
http://academic.oup.com/mcf/article-lookup/doi/10.1093/mcfafs/vtaf008#supplementary-data
http://academic.oup.com/mcf/article-lookup/doi/10.1093/mcfafs/vtaf008#supplementary-data


Marine and Coastal Fisheries, 2025, Vol. 17, No. 2  •  5

Ricker spawner–recruitment parameters for each population 
(i) using six models with increasing complexity. First, a simple 
status quo model was fit to each population; then, two hierar-
chical models were fit that structure productivity: one from a 
single shared distribution among all populations and another 
by three regional groupings. Another model was fit where each 
population had independent productivity estimates, with an 
informative capacity prior based on PRMaxS , and a final set of 
two models included both forms of hierarchical productiv-
ity and informative capacity priors. Full model specifications 
and associated code are available in Supplement 2 (see online 
Supplemental Material).

General descriptions of the models are as follows:
Model 1. All parameters were estimated independently for 

each of the 69 populations following Equation (1). This was the 
simplest or status-​quo model. Priors were weakly informative to 
constrain parameter estimates to be biologically plausible with

	 α ∼ln( ) normal(1.5, 2),i 	 (4)

	 β ∼ −lognormal( 12, 5),i 	

and

	 ε ∼ normal(1, 1),i 	

where iε  and variance parameters henceforth had a lower 
bound of 0.

Model 2a. Productivity (α i) and error (σi) were esti-
mated hierarchically, where population-​specific deviations 
were drawn from a shared or global distribution (α0, σ0), to 
evaluate the benefits of the hierarchical model structure for 
improved precision and reduced uncertainty in the estimates 
of SMSY. As in model 1, an uninformative prior was used for β i 
(Equation 5).

	 αα α σ2
0ln( ) ~ normal [ln( ), ].ii 	 (5)

	 α0ln( ) ~ normal(1.5,  2).	

	 ασ ∼2 gamma(2, 3).i 	

	 ε σ2
, ~ normal(0, ).i t i 	

	 σσ σ σ2 2 2
0~ normal( , ).ii 	

	 σ2
0 ~ normal(1, 1). 	

	 σσ2 ~ normal(0, 1).i 	

Model 2b. The Sockeye salmon bearing watersheds of the 
NCC span broad hydrological and climatological gradients, 
from low elevation coastal bog forest through deep moun-
tainous fjords and into the interior plateau. Given the poten-
tial differences in environmental conditions inf luencing 
Sockeye Salmon productivity across these three regions, we 
also evaluated whether there was support for including three 
regional groupings of productivity, by fitting the model with 

region-​specific deviations from the global 0α  (Zr) that cor-
respond to the biogeoclimatic regions defined by Holtby and 
Ciruna (2007) for Pacific salmon (i.e., coastal, fjord, interior). 
Model  2b (Equation 6) followed the structure and weakly 
informative priors in model 2a, with the exception of the struc-
ture and new priors of productivity (α i):

	 αα α σ2ln( ) ~ normal(ln( ), ),ii r 	 (6)

	 αα α σ2
0ln( ) ~ normal(ln( ), ),rr 	

and

	 ασ ~ gamma(2, 3),r 	

where ln( )rα  is a regional estimate of productivity and rασ  is 
the variance in productivity among regions, with other priors 
for 0ln( )α  and 0ln( )α  following Equation 5.

Model 3. We used informative priors for β i based on PRMaxS  
to evaluate the potential for the inclusion of habitat-​based 
priors to improve the accuracy and reduce uncertainty in the 
spawner–recruitment fits. Productivity (αi) and error (σi) were 
estimated independently for each population as in Equation 1, 
but the model (Equation 7) used an informative prior on β i:

	 β ∼ σPR PR,lognormal(1/ 1 / ).Maxi ii Max SS 	 (7)

A lognormal bias correction (Quan & Zhang, 2003) was 
applied when converting beta priors into log space.

Models 4a and 4b. Productivity (α i) and error (σi) were esti-
mated hierarchically as in models 2a and 2b, paired with an 
informative prior for β i as in model 3. These models leveraged 
both hierarchical structure and informative priors to evaluate 
the benefits of merging these approaches. We tried both hier-
archical structures laid out in models 2a and 2b to see which 
performed better and whether any problems arose from having 
a habitat-​based metric inform both the hierarchical structure 
and act as a prior.

Model fitting and diagnostics
All the models were fit to the data in a Bayesian estimation 
framework with Stan (Carpenter et al., 2017; Stan Development 
Team, 2020) using the rstan R package (Stan Development 
Team, 2020), which implements the no-​U-​turn Hamiltonian 
Markov chain–Monte Carlo algorithm (Hoffman & Gelman, 
2014). We generated a joint posterior probability distribution 
of all unknown parameters in each model. The models sampled 
16,000 iterations over four chains and discarded the first half 
as warm-up (8,000 iterations total). We assessed chain conver-
gence visually via trace plots and by ensuring that R̂  (potential 
scale reduction factor; Vehtari et al., 2021) was less than 1.05 
and that the effective sample sizes of all parameters were greater 
than 800, or 10% or the iterations. Posterior predictive checks 
were used to make sure that the model returned predictions 
similar to the observations.

Predictive performance
We assessed model performance using cross ​validation, 
whereby we randomly sampled half of each population’s 
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spawner–recruit observations, which were removed for model 
fitting and reserved to score predictive accuracy. Each model 
was refit to the remaining observations, and the likelihood was 
computed for each out-​of-​sample observation based on the 
model predictions. Observations within a time ​series were ran-
domly thinned because the models are static, assuming no tem-
poral trends in productivity or capacity. This (computationally 
intensive) cross-​validation procedure was repeated five times 
to account for variability in the inferences when randomly sam-
pling observations. Both the population-​specific and aggregate 
(including all populations) out-​of-​sample likelihoods among 
the five randomization sets were converted into model weights 
to compare general model predictive performance. We used 
Bayesian stacking weights to evaluate relative model support 
(Yao et al., 2018), implemented in the R package loo (Vehtari 
et al., 2017), as this method is ideal for comparing predictions 
from nested model forms.

Stock status
Although the focus of this article is primarily methodological, 
we used our estimates of SMSY from the aggregated top model 
to illustrate how stock status can be estimated among Sockeye 
Salmon populations in the NCC region. We evaluated stock 
status by dividing the mean of the past 10 years of spawner 
estimates, when available, to our estimate of SMSY to calculate a 
common metric of status: S/SMSY.

R E S U LT S
The model diagnostics and convergence varied by model type, 
and there appeared to be difficulties with estimating the β 
parameters in models 1, 2a, and 2b with uninformative pri-
ors. The posterior predictive checks showed that the model 
returned data that fit the model reasonably well; rather than 
omitting data poor populations or removing models, we kept 
these issues in mind and continued with our analysis for assess-
ing predictive performance. Diagnostic statistics are available 
in Supplement 2.

Across populations, model 4b, which included regional-​
hierarchical productivity and an informative PRMaxS  prior, had 
the best predictive performance, carrying 61% of the model 

weight (Table 1). Next was model 2b, with regional-​hierarchical 
productivity and uninformative capacity priors, carrying 32% 
of the weight, and then model 1, or the status quo model, car-
rying 0.07% of the model weight. This demonstrates the utility 
of combining hierarchical structure informed by biogeographic 
differences in habitat productivity, and informative habitat-​
based priors on SMax, as these models greatly outperformed 
nonhierarchical models even when they contained informa-
tive priors, as in model 3, or in hierarchical models that did 
not consider regional differences in habitat (for example, as in 
the ungrouped structure in model 2a). In data-​limited popula-
tions, productivity posteriors generally shrunk toward the mean 
among all populations as the models gained complexity (Figure 
1, left column,), although this was not as pronounced in popu-
lations with more data (Figure 1, middle and right columns). 
Including an informative prior only (model 3) sometimes had 
the effect of pulling the posterior away from other models, but 
this was mediated when including a hierarchical component in 
models 4a and 4b (e.g., Johnston et al.; Figure 1). The popula-
tions in Figure 1 are a random, illustrative subset of populations 
across data amounts and regions; full posterior distributions of 
productivity, capacity, and SMSY are available for all models and 
populations in Supplement 2.

The data-​limited populations generally had reduced uncer-
tainty in the parameter estimates when including regional-​hier-
archical productivity, particularly for the more data-​limited 
populations (Figure 2; Supplement 2). On average, the preci-
sion of estimates of SMSY from model 4b were much lower (by 
an average of 11 CV units) than they were for the next most 
parsimonious model (2b) model. The regional-​hierarchical 
model tended to reduce the magnitude of expected recruitment 
at high spawner abundances relative to the shape of the status 
quo relationship in some populations (e.g., Owikeno, Atnarko; 
Figure 2), potentially due to the uninformative prior allowing 
for much higher estimates of SMax to be explored in the status 
quo model (See beta posteriors in Supplement 2 for these popu-
lations). When looking at the fits from the top model (4b), the 
interior populations had slightly higher productivity than both 
the coastal fjord and low coastal populations (Figure 3).

We compared population-​specific stacked out-​of-​sam-
ple likelihood weights between models 4b and 1 to explore 

Table 1.  Model predictive performance as ranked by stacked model weights from out-​of-​sample cross ​validation, including change in 
exact log-​posterior density from the top model (Δelpd) and change in standard error from the top model (ΔSE). The Note column 
contains any model warnings (i.e., divergent transitions) or issues that were flagged during model diagnostics, which are available in 
Supplement 2.

Model Description Stacked weight Δelpd ΔSE Note

m4b Regional-​hierarchical productivity and informative 
capacity

0.6099 0 0 35 divergent transitions

m2b Regional-​hierarchical productivity 0.3246 −39.64 18.99 4 divergent transitions, 
maximum R-​hat = 1.14, low 
minimum effective sample 
size

m1 Status quo 0.0654 −173.38 22.91 Maximum R-​hat = 1.09, low 
minimum effective sample size 

m4a Hierarchical productivity and informative capacity 0.0001 −11.09 2.72
m2a Hierarchical productivity 0 −34.86 17.02 Low minimum effective sample 

size
m3 Informative capacity only 0 −159.41 16.51 Low minimum effective sample 

size
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Figure 1.  Estimated values for the natural log of α (population productivity) by model type. A subset of populations (inset labels) is 
shown and organized by amount of data (columns) and region (rows). Populations were randomly selected and are illustrative; the 
distributions from all populations, models, β, and SMSY parameters are available in Supplement 2.

Figure 2.  Estimated Ricker spawner–recruit fits and uncertainty for spawner–recruit dynamics in nine populations, where the columns 
represent data richness (low, medium, high; left to right) and the rows are regions (coastal fjord, interior, and low coastal; top to bottom). 
The purple line depicts the median Ricker model fit for each population independently (model 1) and the shaded area is the 80th 
percentile of this model fit. The yellow line and shaded area depict the median Ricker model fit for each population when we included 
regional hierarchical estimation of productivity (α) and photosynthetic-rate-​based priors on SMax (model 4b).

D
ow

nloaded from
 https://academ

ic.oup.com
/m

cf/article/17/2/vtaf008/8124872 by guest on 16 June 2026

http://academic.oup.com/mcf/article-lookup/doi/10.1093/mcfafs/vtaf008#supplementary-data


8  •  Atlas et al.

Figure 3.  Estimates of productivity from all populations in the top model, model 4b, grouped by region.

Figure 4.  Relative stacked out-​of-​sample likelihood weight of the top model relative to the status quo (i.e., models 4b and 1) by population, 
where LOOIC (leave one out information criterion) stacking weights are calculated on five runs of randomly selected out-​of-​sample data: 
Panel (A) shows the weight for the top model relative to the number of stock–recruitment pairs and region with a simple LOESS (locally 
estimated scatterplot smoothing) smoother to aid visualization, panel (B) compares support by the PRMaxS  estimation method, panel (C) 
compares support by region, and panel (D) compares support by lake water clarity group. OOS-CV = out of sample coefficient of variation; 
SR = spawner-recruit.
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the performance of the top model relative to the status quo 
approach (model 1) by amount of data, PR estimate method, 
region, or lake water clarity group. Strong trends did not emerge 
when making these comparisons, but there was some weak sup-
port for including the added complexity when data were limited 
(Figure 4A); most populations favored model 4b over model 1 
when compared directly. We repeated this exercise by compar-
ing models 4b and 2b to look more closely at where including 
the informative prior helped (Figure 5). Inference was similar 
to the comparisons between models 4b and 1, with some evi-
dence for the more complex model (model 4b) being particu-
larly helpful for data-​limited populations.

Assessment of population status
Recent estimates of spawner abundance (since 2014) were only 
available for 48 of the 69 populations. We assessed population 
status using the median estimate of SMSY from the model with 
the highest predictive performance (4b). Of these populations 
with recent data, one-third had mean spawner escapements 
above SMSY and the remaining two-thirds were below SMSY 
(Figure 6). Population status relative to SMSY exhibited sub-
stantial variability across NCC Sockeye Salmon populations 
(max = 4.01 in Mathers Lake; min = 0.11 in Swan Lake). No 
clear regional pattern in status was apparent for the Sockeye 
Salmon populations across the NCC; however, the level of 
population monitoring and our ability to evaluate population 
status did differ across biogeographic regions. The interior 

populations were most likely to be assessed, with 15 of 19 popu-
lations having sufficient monitoring data to evaluate status, and 
coastal fjord populations were reasonably well assessed, with 8 
of 12 populations having recent escapement data with which to 
evaluate status. The low coastal populations were far less likely 
to be monitored in the past decade, with only 20 of 38 popula-
tions having recent data with which to assess status.

DI S C U S S IO N
We developed and applied spawner–recruitment models that 
incorporate habitat information to assess the conservation sta-
tus of Sockeye Salmon populations across the NCC of British 
Columbia. The results for model selection revealed support for 
the use of a hierarchical Bayesian spawner–recruitment model 
that combines a regional-​hierarchical grouping of stock produc-
tivity with lake habitat information to estimate population pro-
ductivity (α) and spawner abundance at carrying capacity (SMax) 
for 69 populations. Model weights that were derived from out-​of-​
sample likelihoods first supported using a regional-​hierarchical 
grouping of stock productivity and lake-​based PR estimates as a 
prior for SMax in the spawner–recruitment models. This regional-​
hierarchical model revealed new management-​relevant insight 
into regional differences in productivity (α), with populations 
spawning in interior watersheds exhibiting the highest average 
productivities and populations spawning in low elevation coastal 
watersheds exhibiting the lowest average productivities.

Figure 5.  Relative stacked out-​of-​sample likelihood weight of top models with (4b) and without (2b) informative priors: (A) shows the 
weight for the top model relative to the number of stock–recruitment pairs and region with a simple LOESS (locally estimated scatterplot 
smoothing) smoother to aid visualization, (B) compares support by the PRMaxS  estimation method, (C) compares support by region, and 
(D) compares support by lake water clarity group. PR = photosynthetic rate.
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The added complexity of the top model seemed to benefit the 
data-​limited populations the most. The top model (model 4b) 
produced estimates of biological benchmarks that were more 
robust to data limitations and provided stronger predictive per-
formance than alternatives. When data were available (i.e., 48 
of 69 populations), we found that 66% of NCC Sockeye Salmon 

populations had average annual spawner escapements that 
were below their estimated SMSY in the past two generations 
(i.e., since 2014). Our analysis extends recent work to synthe-
size existing data and assess the status of NCC salmon by incor-
porating habitat-​based priors for carrying capacity (Connors 
et al., 2018). These results demonstrate the utility of combining 

Figure 6.  Mean estimates of spawning escapement since 2014 (S) divided by the median estimate of SMSY from model 4b.
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spawner–recruitment-​based population assessments with hab-
itat information to bolster that spawner–recruitment model 
estimates of population parameters that underlie management 
and recovery planning for Sockeye Salmon and other freshwa-
ter-​rearing salmon. Given the dearth of stock assessment data 
for many NCC Sockeye Salmon populations, there is an oppor-
tunity to link existing data on spawner and recruit abundance 
with habitat-​derived estimates of lake capacity to generate con-
servation benchmarks and management targets for data-​lim-
ited populations across the region.

In recent decades, hierarchical models assuming a common 
distribution for productivity (α) have become commonplace 
in fisheries stock assessment (Thorson & Minto, 2015), as 
populations of the same species often face the same biophysi-
cal constraints on their productivity (Myers & Mertz, 1998). 
Reduced uncertainty and shrinkage toward the population 
mean are relevant from a conservation and management stand-
point because productivity has a direct influence on estimates 
of sustainable harvest rates and the expected rate of population 
recovery from low population sizes—​as is presently the case for 
Sockeye Salmon in the NCC regions. In general, this shrinkage 
toward population mean productivity (α) will result in more 
biologically conservative estimates of sustainable harvest rates 
in populations with high productivity but less biologically con-
servative harvest management in populations with low produc-
tivity. For example, the estimated productivity (α) of Kainet 
Sockeye Salmon is higher when it is estimated independently 
(model 1), with shrinkage toward the regional average produc-
tivity in the regional-​hierarchical model (model 2b). In con-
trast, for Atnarko and Owikeno, two collapsed but culturally 
and economically important Sockeye Salmon populations, the 
regional-​hierarchical productivity estimates are higher than 
those that were estimated independently for each population.

Our work demonstrates the potential utility of consistent 
limnological assessments of Sockeye Salmon nursery lakes 
to inform conservation and management targets. Estimates 
of capacity based on PR can typically be made with data 
from one or a few years (Hume et al., 1996; Shortreed et al., 
2000), whereas producing reliable estimates of capacity with 
spawner–recruitment modeling requires decades of continu-
ous monitoring of abundance. Given the fundamental con-
straints that are imposed by lake productivity and size for most 
lake-​rearing Sockeye Salmon populations (Groot & Margolis, 
1991; Shortreed et  al., 2001), inclusion of this information 
through the specification of priors is a logical way to nar-
row the range of possible values for SMax in a population. Our 
estimates of SMSY from our hierarchical habitat-​based model 
(model 4b) were consistent with previous escapement targets 
that were derived from a variety of spawner–recruitment-​ and 
habitat-​based approaches in well-​studied populations like the 
one in Meziadin Lake (Bocking et al., 2002), suggesting that 
these approaches can add to and strengthen the scientific basis 
of management, reducing uncertainty in data-​limited salmon 
fisheries.

The management targets that were estimated with lake-​PR 
priors should be implemented with sufficient precaution and 
understood through each nursery lake’s specific ecological and 
data context. In some populations where the posterior esti-
mates of SMax far exceeded their habitat-​based priors, reliance 

on strongly informative PRMaxS  priors may lead fishery managers 
to forego sustainable harvest opportunities by overestimating 
the biological benchmarks that are necessary for conservation. 
Lake productivity can also change over time, owing to a variety 
of natural and anthropogenic processes (e.g., climate warming, 
land use changes, reduced glacial inputs), making the recency of 
both PR and stock–recruitment data important for interpretat-
ing model results. Notably, all PR data included in our analysis 
was >10 years old, highlighting the need for increased invest-
ment in lake assessments within the NCC region of British 
Columbia. Insights into changing limnological conditions 
from updated field surveys could improve the applicability of 

PRMaxS  as a source of prior information, elevating the long-​term 
management value of standardized and extensive limnological 
monitoring of Canada’s Sockeye Salmon nursery lakes.

Cases where PRMaxS  diverges substantially from the spawner–
recruitment-​based estimates of capacity may also provide 
important clues about the factors limiting population size and 
productivity. As the PR model primarily characterizes autotro-
phic energy pathways, it does not capture the energy flows that 
support Sockeye Salmon in lakes, where microbial processing 
or allochthonous sources contribute a high proportion of total 
production (Atlas et  al., 2020; Stocker & Shortreed, 1989). 
Thus, PR model estimates will most accurately reflect lake car-
rying capacity in watersheds, where most primary production 
flows through pelagic autotrophic pathways. In other cases, 
zooplanktivorous competitors such as Three​spine Stickleback 
Gasterosteus aculeatus may limit food availability for juvenile 
Sockeye Salmon and reduce carrying capacity relative to the 
overall primary productivity of a given lake (O’Neill & Hyatt, 
1987; Shortreed et al., 2001)—for example, in Alastair Lake 
and many other coastal lake systems. Efforts have been made 
by some investigators to account for competitor biomass in PR-​
based capacity estimates (Cox-​Rogers et al., 2004); however, 
given the broad geographic scope of our study and the lack 
of data on the composition of the fish community for most of 
the lakes, we did not incorporate competitor biomass. Finally, 
population growth may be limited by the amount of available 
spawning habitat rather than the size and productivity of the 
rearing lake (Shortreed et al., 1998). In these instances, the PR 
model will fail to capture the habitat processes that limit popu-
lation growth, potentially leading to higher estimates of SMax 
when PR-​based capacity values are integrated with spawner–
recruitment models as prior information.

The survival and productivity of Sockeye Salmon popu-
lations in coastal BC has fluctuated over time, and in recent 
decades, smolt-​to-​adult survival is believed to have declined 
for many populations (Peterman & Dorner, 2012). Population 
capacity (SMax) can vary in relation to survival, and recent 
declines in smolt-​to-​adult survival are likely reflected in con-
temporary SMax values that may be lower than they were his-
torically when survival was higher. This temporal variability in 
spawner–recruitment dynamics also creates the possibility of 
autocorrelation among the recruitment residuals and popula-
tion size that can introduce negative bias in the estimates of 
SMax and positive bias in estimates for productivity (α; Walters, 
1987). This bias will be greatest for unproductive populations 
with temporal autocorrelation in stochastic natural mortality 
(Korman et al., 1995; Myers & Barrowman, 1995). Ideally, 
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spawner–recruitment models would be fit with temporal auto-
correlation in the residuals or with time-​varying productivity to 
account for the temporal trends in recruitment variation (e.g., 
Liermann et al., 2010). However, given the frequency of miss-
ing data for many populations in our study and already highly 
parameterized models, we opted to treat productivity as time 
invariant, modeling spawner–recruitment dynamics across the 
entire six decades of population-​monitoring data, reflecting 
both current and historic recruitment dynamics. Although the 
approach we have taken is valuable for evaluating population 
status relative to historic conditions and quantifying the ben-
efits of using habitat-​based priors in model specification, mod-
els that incorporate temporal variability in productivity should 
be considered for harvest planning, a critical next step for data 
limited Sockeye Salmon populations in the NCC region.

The integration of hierarchical-​Bayesian spawner–recruit-
ment models with prior information on lake rearing capacity 
or regional hierarchically grouped productivity is a promising 
avenue toward more informed management of Sockeye Salmon 
in the NCC and elsewhere across their range. However, under-
standing the limitations and potential biases that are associ-
ated with the data set and modeling approaches are important 
if model outputs are to be used to guide management. For most 
populations—​except for Babine, Atnarko, Owikeno, Long, 
and Meziadin—​only average age structure was available, and 
we assumed that age structure was fixed across brood years. 
Zabel and Levin (2002) have cautioned against the use of fixed 
age structure in spawner–recruitment models, as it will tend to 
smooth recruitment variability, resulting in underestimates of 
SMax and overestimates of productivity. The PRMaxS  estimates had 
their own limitations, as we had to infer some of them based on 
models and empirical estimates that were dated, deterministic, 
and based on an assumed constant (i.e., 187 spawners·ton·C−1). 
When empirical PRMaxS  estimates were available, they did not 
have estimates of sampling uncertainty and we had to assume 
error based on water clarity groupings. This level of complexity 
can be best addressed while conducting assessments at the popu-
lation or stock management unit level, where a more thorough 
examination of data inputs and system biology can be considered, 
ideally with the guidance of local First Nations and biologists.

The models we developed can serve as a guide for future efforts 
to estimate conservation and management goals for data-​limited 
salmon populations and provide insights into where habitat-​based 
priors or habitat-​informed hierarchical structures are appropri-
ate. This modeling approach provides a foundation for conser-
vation and fisheries management under the Wild Salmon Policy 
(DFO, 2005) and the Fisheries Act. Our analysis demonstrates 
the utility of merging hierarchical spawner–recruitment analy-
sis with information that is derived from habitat-​based models. 
Hierarchical models are a powerful tool for estimating spawner–
recruitment parameters in populations with variable data quality 
or quantity, and the inclusion of habitat-​based priors for carrying 
capacity provides a logical and biologically grounded means of 
defining the priors for SMax. Combining insights from habitat-​
based models of population capacity with spawner–recruitment 
analyses in a Bayesian framework can reduce the uncertainty 
that is associated with estimates of population parameters and 
management targets resulting from highly stochastic adult-​to-​
adult recruitment data. Although we advise caution in setting 

management targets for fisheries with limited data, habitat-​based 
models are a useful starting point for evaluating population sta-
tus and setting precautionary harvest goals, even with limited 
spawner–recruitment data. Together these approaches provide 
useful tools for managers of fisheries in developing economies or 
remote regions where a lack of population data currently hinders 
scientific decision making.
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