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Executive Summary 

A four member independent expert panel, assisted by a biometric analyst, was commissioned by the 

Arctic-Yukon-Kuskokwim Sustainable Salmon Initiative to examine the performance of the Alaska 

Department of Fish & Game (ADFG) run-reconstruction model used for estimating the abundance of 

Chinook salmon in the Kuskokwim River and to provide recommendations for model improvements and 

future analysis. The model we evaluated (referred to as ǘƘŜ Ψoriginal ƳƻŘŜƭΩ ǘƘǊƻǳƎƘƻǳǘ ǘƘƛǎ ǊŜǇƻǊǘύ ǿŀǎ 

used by ADFG to estimate Chinook salmon abundance in the Kuskokwim River until April 2018. We used 

two approaches to assess the performance of this model. First, we examined model performance using 

monitoring data collected between 1976 and 2017 to determine the influence of different input data (i.e., 

mark-recapture estimates) and various structures of abundance-estimation models on estimates of total 

run size. Second, we used simulated population data, intended to approximate the dynamics of 

Kuskokwim River Chinook salmon, to assess model performance when true values of model parameters 

and structures were known, as a way to examine model sensitivity (accuracy and bias) to violation of 

different model assumptions. 

The original run-reconstruction model was highly sensitive to starting values used for abundance-related 

parameters; the estimation method found multiple local minima, demonstrating that it was not 

converging properly on a unique solution. The differences between abundance estimates across model 

fits were often large enough to be of management concern. The model convergence problem was reduced 

when over-dispersion parameters were pooled by type of escapement index (i.e., for data from weirs as 

one group, and from aerial surveys as another), and when the harvest component of the likelihood was 

removed. The influence of the harvest component on model stability was unexpected and should be 

explored further. We recommend examining model fits and negative log-likelihoods across a wide range 

of starting parameter values to ensure that the true global minimum negative log-likelihood is found. The 

complexity of the original model is not supportable with the data used to fit it because there are too many 

parameters relative to sources of information to estimate them. Further, the model assumption that 

errors in weir counts and aerial surveys are distributed according to a negative binomial distribution 

should be revised to assume that they are log-normally distributed. 

Mark-recapture estimates of total in-river abundance are critical for interpreting abundance indices 

collected at the tributary scale across the river. Inclusion of the most recent (years 2014-2017) mark-

recapture estimates reduced estimates of the run size of Kuskokwim Chinook salmon produced by the 

original model in the most recent half of the time series. In particular, inclusion of 2014-2017 mark-

recapture studies produced lower abundance estimates for the recent time frame during which Chinook 

salmon abundance has been particularly low. Periodic mark-recapture estimates are critical for minimizing 

potential bias in run size estimates in the future, particularly when population dynamics are not 

synchronous across the river basin, and when the stock responds to changing environmental regimes, as 

appears to have occurred in the last decade. 

The frequency at which mark-recapture studies should be conducted should be evaluated quantitatively 

using a formal value-of-information (VOI) approach based on simulations similar to those used by this 

panel. Such VOI analyses will determine whether and how often the large expense of mark-recapture 

programs is justified, in light of benefits such as the value of the additional catches or reducing the 

https://www.aykssi.org/
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probability of overharvest.  This same VOI approach should also be used to determine the value of weir 

and aerial survey programs, across a range of levels of spatial coverage, because it is probable that 

individual enumeration projects will become increasingly important as sampling coverage of the 

watershed declines, particularly in situations where the stock components do not show synchronous 

dynamics across the river basin, as is apparent for Chinook salmon in the Kuskokwim River.  

Performance of the original run-reconstruction model was only modestly sensitive to its assumptions that 

there are no regime shifts in oceanographic conditions affecting Chinook salmon productivity, and that 

there are synchronous population dynamics among sub-stock components. Analyses of simulated data 

demonstrate that errors in estimates (imprecision and bias) increased when sub-stock dynamics were not 

synchronous across the river, particularly in the presence of environmental regime shifts that cause large 

changes in the productivity of the stocks. However, pooling over-dispersion parameters in the original 

model (or variances in log-normal models) greatly reduced the impacts of regime shifts in asynchronous 

sub-populations on the bias in run estimates (i.e., when the model was misspecified). Pooling had much 

less of an effect when the sub-populations were synchronous.  

Simulations showed that regime shifts producing low frequency changes in population productivity have 

the potential to make population dynamics appear as though they are determined by Ricker stock-

recruitment dynamics (i.e., there is over-compensation in recruitment at high spawner densities) even 

though the simulated data are generated from Beverton-Holt models, which do not exhibit 

overcompensation. The tendency of regime shifts to produce apparent overcompensation was strongest 

when productivities were markedly different from one regime to another (> 4-fold difference in 

productivity), and when the frequency of regime shifts was roughly aligned with the longevity of the fish 

(~4-8 years). Whether the dynamics of Kuskokwim Chinook salmon are produced by overcompensation in 

the stock-recruitment relationship and/or from changing environmental regimes is not clear at present, 

but should be investigated further. Given these uncertainties, management strategies should be adopted 

that are robust to the possibility that either scenario is the true state of nature. 

Simulations showed that assuming that population dynamics were determined by Ricker (over-

compensatory) dynamics when, in fact, they were generated with Beverton-Holt (compensatory) 

dynamics in the presence of environmental regime shifts, led to more biologically conservative 

management benchmarks than if the model incorporated a Beverton-Holt model. Management objectives 

that seek to achieve maximum sustainable yield (MSY) that are supported by analyses assuming Ricker 

dynamics would have escapement goals that were > 2 times higher than the escapement goals based on 

Beverton-Holt models. Thus, because the underlying cause of apparent overcompensation is not currently 

known, assuming Ricker dynamics leads to more biologically precautionary management than assuming 

Beverton-Holt dynamics. Such biologically precautionary management that derives from implicitly 

assuming Ricker dynamics does come with the cost of reduced harvest opportunity, but should also 

provide protection to weak substocks within the Kuskokwim stock complex, which is characterized by 

asynchronous dynamics among its component populations. Future analyses should more fully explore the 

trade-offs among a variety of performance metrics in an attempt to understand the consequences of 

regime shifts and weak mechanistic understanding of the causes and strengths of the anomalously strong 

density-dependence in Kuskokwim Chinook salmon when compared with other Alaska Chinook salmon 

stocks. 
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Estimates of abundance from a Ψrevised modelΩ adopted by ADFG in May 2018 (with log-normal errors on 

weir and aerial survey data, pooled variances within survey types, a reformulated harvest model, and 

integration of the most recent mark-recapture estimates) produced historical abundance estimates that 

tended to be lower than those produced by the original model, particularly in the recent decade. Using 

the revised model estimates as input to a stock-recruitment analysis showed that escapement abundance 

required to achieve MSY (or within 10% of it) would change little from targets based on the original model. 

However, abundance estimates from the revised run-reconstruction model suggest that the population is 

about 20% less productive at Smsy (the escapement that would produce long-term maximum sustainable 

yield) than inferred from output from the original model.   

There is also another important trend to consider. Current observations of the increasing rarity of the 

largest and oldest fish in Kuskokwim Chinook salmon ǊŀƛǎŜ ŎƻƴŎŜǊƴ ǘƘŀǘ ǘƘŜ ΨŜǎŎŀǇŜƳŜƴǘ ǉǳŀƭƛǘȅΩ ƛǎ 

declining through time, which could contribute to a decline in average per-capita productivity of the stock. 

Long-term changes in various aspects of escapement quality (e.g., size-at-age of the spawners, age 

composition, sex ratio) should be quantified given existing data. Future work should focus on quantifying 

the potential effects of these (and future) changes on the productivity of the stocks, and correspondingly, 

on relevant management reference points using simulation and analysis. Simulation should be used to 

explore the degree to which management reference points should be adjusted to account for changes in 

stock productivity in response to environmental variation and erosion of escapement quality, given the 

uncertainties in the data and the limited ability of the current monitoring program to detect future 

changes in escapement quality and run size. 

Use of the stock-recruitment relationship to establish management reference points currently assumes a 

homogeneous stock of Chinook salmon distributed across the Kuskokwim river when, in fact, there is 

considerable evidence that Kuskokwim Chinook salmon are a collection of smaller stocks with some 

degree of independence in their dynamics. Management strategies that assume a homogeneous stock 

run the risk of overexploiting smaller and less productive stocks, thereby eroding the resilience of the 

overall stock complex to future changes in the environment. Thus, it is important to examine the 

consequences of various harvest regimes for sustainable production over the long-term, as well as 

maintaining the biocomplexity within the system. Maintaining biocomplexity in the system may require 

lower harvest rates in the short-term, and this trade-off should be explicitly examined using simulation 

and analysis of the existing data. 

Any further refinements of the run-reconstruction and stock-recruitment models should be thoroughly 

tested through a simulation approach such as done here, to ensure that model behavior and robustness 

to inevitable violations of assumptions are thoroughly understood.   Such testing of the model will also 

promote a more transparent model development process. 
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Introduction 

The Kuskokwim River is the second largest river in Alaska, draining a remote and vast watershed that 

serves as spawning and nursery habitat for five species of anadromous Pacific salmon, which support 

subsistence, commercial and sport fisheries. Fisheries for salmon are focused primarily on chum and 

Chinook salmon as they return as maturing adults to spawn throughout the watershed. Both species have 

shown large swings in abundance over the last few decades, which have challenged both the stakeholders 

and the managers of these resources. Management is hampered by the difficulties in performing accurate 

stock assessments needed to establish harvest regulations, which are reliant on data that are costly to 

collect from this remote and complex river where funding for sampling and assessment is distinctly 

limited. 

The Chinook salmon stock in the Kuskokwim River is one of the largest wild populations in the world, 

averaging around 250,000 fish between 1976 and 2017. As with other populations in western Alaska 

(ADFG 2013, Schindler et al. 2013, Ohlberger et al. 2016), Kuskokwim Chinook salmon have shown 

precipitous declines in abundance and productivity over the last decade, with little scientific explanation. 

Though sparsely populated, people living throughout the watershed have had to cope with restrictions on 

subsistence fishing opportunities, and directed commercial fisheries for Chinook salmon were closed in 

1987, though incidental harvest still occurs during commercial fisheries directed at chum and sockeye 

salmon. Reduced abundance of Chinook salmon has focused attention on the management process, with 

questions about the reliability of abundance estimates, how uncertainty in these estimates is incorporated 

into management decision-making, and whether management is sufficiently precautionary to protect the 

long-term sustainability of the stock at both the drainage-wide and tributary level. 

Chinook salmon in the Kuskokwim River are managed based on an escapement goal policy (Hamazaki et 

al. 2012; Conitz et al. 2015) where harvest is restricted to achieve an abundance of adult fish on the 

spawning grounds that will sustain the population over the long term. Sustainable escapement goals are 

defined as a level of escapement, indicated by an index or an escapement estimate, that is known to 

provide for sustained yield over a 5- to 10-year period. These goals are used in situations where data 

limitation precludes the estimation of escapement that would produce maximum sustainable yield (MSY). 

The escapement level most likely to produce maximum sustainable yield (Smsy) is estimated from a stock-

recruitment model that relates the number of spawners to the number of recruits produced in the next 

generation. Escapement that produces maximum sustainable yield is typically found at intermediate to 

low spawning densities where there is little competition for high-quality spawning sites among adults, and 

for food resources among juveniles. Fisheries are prosecuted such that the number of fish in an annual 

spawning run that exceeds the escapement goal are allocated for harvest.  

Accurate annual estimates from the Kuskokwim Chinook salmon run-reconstruction model are also 

important because they help guide both in-river management and management of Chinook bycatch in 

marine fisheries in the Bering Sea.  In April 2015, the North Pacific Fishery Management Council (Council) 

took action to lower Chinook salmon bycatch caps in the Bering Sea pollock fishery when the estimated 

Chinook salmon abundance falls near or below a low abundance threshold.  By October of each year, 

ADFG must provide to the Council their Ψ3-system indexΩ consisting of the combined in-river adult Chinook 

salmon run sizes from the Unalakleet, Upper Yukon, and Kuskokwim rivers.  This total estimate is then 

compared to the /ƻǳƴŎƛƭΩǎ ƛŘŜƴǘƛŦƛŜŘ ǘƘǊŜǎƘƻƭŘ ƻŦ нрлΣллл ŦƛǎƘ ǘƻ ŘŜǘŜǊƳƛƴŜ ƛŦ ŀŘŘƛǘƛƻƴŀƭ ōȅŎŀǘŎƘ 

reduction actions by the pollock fleet are required.  While estimates of the abundance of Chinook salmon 
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on the Unalakleet and Upper Yukon rivers are derived largely from direct counts, the Kuskokwim River 

annual estimate relies on the more complex run-reconstruction model to estimate abundance at the 

basin-wide scale.  

Estimates of Chinook salmon abundance in the Kuskokwim River produced by the run-reconstruction 

model also play a key role in determining before the fishing season whether ADFG or USFWS (under 

delegation of authority from the Federal Subsistence Board) will serve as the lead in-season manager of 

the Chinook salmon run within federal waters on the Kuskokwim River.  The vast majority of the 

subsistence harvest occurs in the lower portion of the river within the Yukon Delta National Wildlife 

Refuge. The Kuskokwim River Chinook salmon preseason forecast is currently based on the run-

reconstruction model estimate of abundance in the previous year.  If this estimate indicates that there 

will be insufficient Chinook salmon to meet both escapement and subsistence needs within the watershed 

and, therefore, that harvest must be restricted, the federal subsistence program may take action to limit 

harvest to federally qualified users under section 804 of the Alaska National Interest Lands Conservation 

Act (ANILCA).  Due to depressed runs, action was taken by the Federal Subsistence Board in 2014-18 to 

federally manage the Chinook fishery within Yukon Delta NWR. 

Estimating the escapement most likely to produce maximum sustainable yield (Smsy) is a highly technical 

process that relies on reliable estimates of Chinook salmon abundance through time, the distribution of 

returning fish between harvest and escapement and, in some cases, environmental effects on the 

recruitment process. In principle, this involves the simple process of counting the number of fish caught 

in fisheries and the number that survive to reach the spawning grounds. However, in practice, this is an 

extremely difficult endeavor, particularly in systems as large and remote as the Kuskokwim River where a 

full census of the population is impossible and indicators of abundance are sampled only patchily across 

space and sporadically through time. Even estimating the number of fish captured in fisheries is highly 

uncertain because the bulk of the catch is for subsistence purposes, and there is no centralized location 

where fish are processed and easily enumerated. 

Given these difficulties of sampling Kuskokwim Chinook, statistical models are used to estimate the total 

ŀōǳƴŘŀƴŎŜ ƻŦ ŦƛǎƘ ǘƘŀǘ ǊŜǘǳǊƴ ǘƻ ǘƘŜ ǊƛǾŜǊ ŜŀŎƘ ȅŜŀǊΦ ¢ƘŜǎŜ ΨǊǳƴ-ǊŜŎƻƴǎǘǊǳŎǘƛƻƴΩ ƳƻŘŜƭǎ ŀǊŜ essentially 

mathematical ledgers intended to be a parsimonious representation of the harvest and enumeration 

process as fish return from the ocean and migrate throughout the river to spawn. Run-reconstruction 

models integrate observations that are indicators of abundance; i.e., the number of fish caught in 

fisheries, the number passing through weirs located on a subset of tributaries, and the number of 

spawners on a subset of spawning reaches observed in aerial surveys. All of these indicators are subject 

to substantial uncertainties, including both imprecision and bias, so uncertainties must be accounted for 

explicitly when estimating total run size. Mark-recapture experiments are also used to estimate total 

abundance because they provide an objective way to scale from tributary indicators of abundance to 

estimates of absolute total abundance. However, mark-recapture studies are expensive and are only 

performed periodically. Nonetheless, as we show below, they are critically important to the run-

reconstructions because they provide the only reliable information about the absolute river-wide 

abundance of fish, thereby anchoring the indicators of relative abundance obtained via other 

observations. 

The run-reconstruction model used by ADFG to estimate total abundance of Chinook salmon in the 

Kuskokwim River integrates observations from weirs, aerial surveys, fishery catches, and occasional mark-
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recapture experiments.  The primary challenge lies in relating observations among locations, methods, 

and years because the data are sparse.   As described below, information from harvest, weirs, and aerial 

surveys are weighted equally in the run-reconstruction model used by ADFG to estimate total annual 

abundance of adult Chinook. The model also requires a number of simplifying assumptions to make the 

estimation problem tractable. However, the performance of the run-reconstruction model, its robustness 

to the underlying assumptions, and sensitivity to data quality have not yet been evaluated systematically.  

An Independent Review Panel (henceforth "the Panel") was established by the Arctic-Yukon-Kuskokwim 

Sustainable Salmon Initiative (AYK SSI) in October 2016 to investigate some of the challenges described 

above. The Panel's main objective was to systematically test the ADFG run-reconstruction and spawner-

recruit models for Kuskokwim River Chinook salmon, assess their limitations in light of the types of data 

and their uncertainties available for informing the model, test the influence of the key assumptions, and 

recommend ways to improve the models in the future. Throughout this report ǿŜ ǳǎŜ ǘƘŜ ǇƘǊŀǎŜ Ψoriginal 

modelΩ ǘƻ ǊŜŦŜǊŜƴŎŜ ǘƘŜ !5CD Ǌǳƴ-reconstruction model that was used by the department until May, 

нлмуΦ ²Ŝ ǳǎŜ ǘƘŜ ǘŜǊƳ Ψrevised modelΩ ǘƻ ǊŜŦŜǊŜƴŎŜ ǘƘŜ Ǌǳƴ-reconstruction model that was revised to 

accommodate a number of suggestions from the Panel at a collaborative workshop held in March 2018 

between the Panel and the ADFG model development team. As described below, the revised model 

includes a different error structure and different harvest model from the original model, that appeared to 

remedy most of the problems identified by the Panel in its review of the original model (see Appendix 3). 

The Panel's research questions were guided by some chief concerns about the run-reconstruction model 

that were either reported by ADFG or were raised by stakeholders and previous explorations of the model. 

Those concerns were the following. 

¶ The first major concern was that the model estimates of total run abundance appeared to be 

sensitive to the starting parameter values, an indication that either there was a structural flaw in 

the model, its parameterization was inappropriate, the data were not informative concerning 

abundance, or the method used for parameter estimation was not performing as expected.  

 

¶ Second, the original model assumed that the proportional returns of Chinook salmon to the 

different tributaries throughout the Kuskokwim River are perfectly synchronous through time. 

This assumption is tenuous given the expanding literature documenting the diversity in 

population dynamics of salmon at regional and within-watershed scales. Although there is 

evidence of positive correlation in productivities among salmon populations, including Chinook 

salmon, there also is residual variation that is not shared among populations at one or both of 

those scales (e.g., Peterman et al. 2003; Pyper et al. 2005; Dorner et al. 2008, 2018; Rogers and 

Schindler 2008; Schindler et al. 2010; Sharma et al. 2013; Kilduff et al. 2014). However, the 

sensitivity of the run-reconstruction model to the assumption of perfect synchrony has not been 

assessed.  

 

¶ Third, the original model assumed that production dynamics of Chinook salmon in the Kuskokwim 

are stationary through time, i.e., that changes in abundance are driven by a relationship between 

the spawning stock and recruitment whose parameters do not vary through time. Again, the 

assumption of stationarity is tenuous given the substantial empirical evidence that salmon 

populations, including those of Chinook salmon, routinely demonstrate non-stationarity (i.e., 

change in mean and/or variance) in their dynamics (Adkison et al. 1996; Peterman et al. 1998, 
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2003; Pyper et al. 2005; Dorner et al. 2008, 2018; Ohlberger et al. 2016; Peterman and Dorner 

2012; Kilduff et al. 2014; Malick and Cox 2016). The influence of such non-stationarity on 

performance of the Kuskokwim run-reconstruction model has not been assessed systematically.  

 

¶ Fourth, the original model relied heavily on abundance metrics derived from aerial surveys of fish 

on the spawning grounds. While these data are markedly cheaper to collect than data from weirs 

and mark-recapture studies, they are well-known to be highly uncertain, are usually biased, and 

their influence on the run-reconstruction model were unexplored.  

 

¶ Fifth, the influence of mark-recapture data on the run-reconstruction model output has not been 

evaluated. Mark-recapture estimates of abundance are the only system-wide estimate of 

absolute abundance and therefore inform most other parameters in the model by providing a 

scalar to relate the relative abundance indices to absolute abundance. The value of recent mark-

recapture estimates of abundance (2014-2017) for affecting model performance has not been 

assessed, particularly in light of the concerns described above. 

 

¶ Finally, the stock-recruitment relationǎƘƛǇ ƛƳǇƭƛŜŘ ōȅ ǘƘŜ ƳƻŘŜƭΩǎ ŀōǳƴŘŀƴŎŜ ŜǎǘƛƳŀǘŜǎ 

demonstrates very strong density-dependence (strong overcompensation at high spawner 

densities, in fact) and suggests that escapement goals should be reduced if maximizing yield is the 

goal of management, an action that has poorly understood consequences if the estimated 

relationship were incorrect. 

 

In response to this list of concerns, and from some general interests of the Panel, analyses were structured 

around the questions listed below. We used two primary approaches in our model assessment. First, we 

evaluated how sensitive the original run-reconstruction model was in terms of its estimates of total 

abundance of Chinook salmon when analyzing the existing data for the Kuskokwim River. Second, we used 

a simulation approach to assess model performance where an Ψoperating modelΩ was constructed to 

simulate reasonable approximations of the population dynamics of Chinook salmon in the Kuskokwim 

River, but where we could specify the critical parameters and assumptions. The data resulting from these 

ǎƛƳǳƭŀǘƛƻƴǎ ǿŜǊŜ ǘƘŜƴ ΨǎŀƳǇƭŜŘΩ ŀƴŘ ƛƴǘŜǊǇǊŜǘŜŘ Ǿƛŀ ǘƘŜ original run-reconstruction model to assess its 

ability to accurately infer the true underlying dynamics of the simulation. This approach provides an 

objective way to assess the biases and limitations of the original run-reconstruction model across a range 

of conditions that reflect different possibilities about the true nature of the dynamics of Chinook salmon 

in the Kuskokwim River. 
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The Panel's Main Questions 

1. What modifications to the original run-reconstruction model (i.e., estimation model) could 

alleviate starting value sensitivity? Are there structural changes to the model and its associated 

estimation scheme that would make it more stable and insensitive to starting conditions? 

2. What are the effects of the following assumptions on the run-reconstruction model's 

performance?  

a. Synchrony in the productivity parameter that affects residuals in loge(R/S) from the 

underlying spawner-recruit model among stocks in different spawning tributaries 

b. Temporal autocorrelation in residuals of loge(R/S) and regime shifts in population 

ǇǊƻŘǳŎǘƛǾƛǘȅ ǇŀǊŀƳŜǘŜǊǎ όwƛŎƪŜǊ ʰ ƻǊ .ŜǾŜǊǘƻƴ-Holt h / )̡ 

c. The non-linearity of biases in aerial survey indices of escapement 

3. How does the availability of different data types affect run-reconstruction model performance? 

a. What is the influence of mark-recapture data on model performance?  

b. Does the influence of mark-recapture data interact with underlying recruitment dynamics 

(i.e. synchrony, temporal autocorrelation, and existence of regime shifts) to affect model 

performance? 

4. How does the parameterization of the run-reconstruction model affect its performance? 

a. Does estimating individual vs. pooled escapement over-dispersion parameters lead to 

better estimation performance and stability? 

b. What are the effects on model behavior and performance of the original assumption of 

a negative-binomial error distribution on weir and aerial survey abundance indices 

compared to an alternative assumption of log-normally distributed errors? 

c. Is the component of the model that estimates harvest properly formulated and integrated 

into the likelihood calculations?  

5. What are the potential management implications of errors produced by the concerns raised above 

in terms of: 

a. The model estimate of escapement that produces MSY (Smsy) from analyses of spawning 

stock size and subsequent recruitment? 

b. The lost potential harvest rate in the system from mis-specifying the true Smsy? 

6. If regime shifts in recruitment productivity produce abundance dynamics that appear to be 

driven by strong density-dependent regulation (i.e., overcompensation), 

a.  What are the implications of such dynamics for estimating escapement that produces 

MSY (Smsy)? 

b. What are the implications for estimates of the sustainable harvest rates from mis-

specifying the true Smsy? 

 

Approach 

We used two approaches to assess the performance of the ADFG run-reconstruction model for Chinook 

salmon on the Kuskokwim River: (1) fitting the run-reconstruction model to the observed data sets 

supplied by ADFG, but with various modifications to that model's structure, and (2) fitting ADFG's original 

run-reconstruction model, as well as various modifications to it, to simulated data sets where the true 

parameter values and run sizes are specified and are intended to simulate alternative plausible states of 
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nature for the Kuskokwim River. A limitation of examining model performance on observed data is that 

the true state of the system is never known and there is no way to assess whether the model is actually 

capturing the true underlying dynamics in the system. Simulations allow for testing the model under 

different scenarios while being able to compare model fits to true values (Hilborn and Walters 1992). 

 

Structure of the Estimation Model 

The original run-reconstruction model used by ADFG for stock assessment relied on estimates of total in-

river abundance from mark-recapture experiments to scale the abundance of Chinook salmon in the 

Kuskokwim River across the period of data collection, which includes many years without system-wide 

assessments of escapement. Relationships between the escapement indices at various monitoring 

projects and total escapement, as well as between harvest, effort and Chinook salmon abundance in years 

with information on total in-river abundance are used to estimate the abundance in years without direct 

estimates of total abundance. The run-reconstruction model incorporates information across all of these 

data sources in multiple sub-models that are combined into a single likelihood to determine the most 

likely parameter estimates, including annual estimates of total run size. 

 

Run timing 

Run timing was assessed using information from the Bethel test fishery, provided by the ADFG. The 

proportion of the Chinook salmon run present in week j and year y is assumed to be reflected by the catch 

rate in the fishery, as: 

 ὴ
В

, (1.1) 

 

where CPUE is the catch-per-unit-effort of the test fishery (Bue et al. 2012). 

 

Escapement Indices 

Escapement is monitored at multiple locations and by multiple methods in the Kuskokwim River basin. 

ADFG and the US Fish and Wildlife Service (USFWS) have maintained six weirs for varying lengths of time, 

with the earliest being started in 1976 (Kogrukluk River). Weir counts were sparse before 2001, but much 

more consistent across all systems and years since 2001. However, only nine years have data from all six 

weirs available. Weir escapement counts typically monitor less than 20% of the estimated total run to the 

Kuskokwim River (Bue et al. 2012). 

The original ADFG run-reconstruction model assumed that each weir enumerates a constant proportion 

of the total escapement to the Kuskokwim River each year (i.e., the relative runs to each tributary are 

perfectly synchronous through time), and thus that the expected weir count Ὅ at site w in year y is related 

to total Chinook salmon escapement E in year y by: 
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 Ὅ , (1.2) 

where Ὧ  is the escapement index scaling factor for weir w. 

ADFG has also conducted aerial escapement surveys on 14 tributary systems since 1976. As with the weir 

data, the aerial escapement data are patchily available through time. Only one year (2004) has data 

available from all 14 aerial index streams.  

The run-reconstruction model assumed that, as is the case for weirs, each aerial survey index represents 

a constant proportion of the total escapement each year, and thus that the expected aerial survey index 

Ὅ in at site a in year y is related to total Kuskokwim River Chinook salmon escapement E in year y by: 

 Ὅ , (1.3) 

where Ὧ is the escapement index scaling factor for aerial index location a. 

In the original model, the likelihood of weir and aerial survey indices were assumed to be negative-

binomially distributed around the expected indices estimated from the total escapement (E) and site 

specific scaling factors (k) according to: 

 

ὪὍ ȠὍ Ƞά
Ȧ

, 

ὪὍ ȠὍ Ƞά
Ȧ

, 

 

(1.4) 

 

(1.5) 

where Ὅ  is the expected (i.e., model-based) value of weir escapement index Ὅ , ά  is the over-

dispersion parameter for weir site w, Ὅ  is the expected value of aerial escapement index Ὅ , and ά  is 

the over-dispersion parameter for aerial survey site a (Bue et al. 2012). 

 

Harvest 

The harvest component of the estimation model relates weekly (j) harvest and effort data in the fishery 

to total estimated abundance by week (ὔ ) by estimating a catchability coefficient (q) for each of three 

different fishing regulation periods. Total estimated abundance by week was calculated as: 

 ὔ ὔὴ , (1.6) 

 

where ὔ  is the estimated total run size for year y and pyj is the proportion of the run returning the river 

in week i of year y .  
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The log-likelihood of catchability estimates were calculated as: 

 

ὒήȟὔȿὊ ȟὌ Б Б
Ѝ
Ὡὼὴ

 
, 

Ὂ ÌÏÇρ
Ὄ

ὔ
Ⱦή 

(1.7) 

where Ὂ  is the fishing effort in year y and week j, Ὄ  is the fisheries harvest in year y and week j, and n 

is the total number of observations of harvest for catchability coefficient q. Separate q parameters were 

estimated for each of the three different regulation periods. As in Liller and Hamazaki (2017), the 

concentrated likelihood function was used to eliminate the need for estimation of variance for commercial 

efforts. 

 

Total In-River Abundance 

Total in-river abundance estimates were available from two separate mark-recapture projects, and these 

were used to anchor the rest of the run-reconstruction model so that it could estimate total abundance 

in years when only harvest, aerial surveys or weir data are available. One mark-recapture project operated 

from 2008 through 2012, and another produced estimates from 2014 through 2017. The latter four years 

are what we refer to in this report as "new" mark-recapture data. Until May 2018, only the 2008-2012 

estimates were used by ADFG within the Chinook salmon run-reconstruction model due to concerns about 

comparability of the estimates from the early and later periods. The Panel's starting-parameter sensitivity 

analyses were run prior to the 2017 mark-recapture estimates becoming available and, as such, they were 

run without those estimates. 

The negative log-likelihood of total run abundance was calculated as: 

 ὔὒὒὔȿὙȟ„  , (1.8) 

where Ὑ  is the run size estimate from the mark-recapture study in year y, and „  is the standard 

deviation of the run size estimate from the mark-recapture study in year y. 

The different likelihood components are given equal weight when the combined likelihood across all 

parameters was calculated. 

 

Alternative Structures of the Estimation Model 

The Panel examined three alternative estimation-model structures in addition to the ADFG original model 

described above. One alternative model, hereafter referred to as the άǇƻƻƭŜŘέ ƳƻŘŜƭΣ ŀǎǎǳƳŜŘ ǘƘŀǘ 

escapement indices of the same type (weir / aerial) had shared over-dispersion parameters. Instead of six 

ά  parameters (one for each weir location) and 14 ά  parameters (one for each aerial survey location), 

the pooled model has only one ά  and one ά  parameter that was shared among escapement indices 

of the same type.  
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¢ƘŜ ǎŜŎƻƴŘ ŀƭǘŜǊƴŀǘƛǾŜ ŜǎǘƛƳŀǘƛƻƴ ƳƻŘŜƭΣ ƘŜǊŜŀŦǘŜǊ ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ ǘƘŜ άƴƻ-ƘŀǊǾŜǎǘέ ƳƻŘŜƭΣ ƛƎƴƻǊŜŘ ǘƘŜ 

harvest component of the likelihood (eqn. 1.7). The weekly effort data were not included in the data set; 

thus, the combined likelihood only included the total run and escapement component.  We investigated 

this alternative estimation model because during certain analyses, we noted a strong effect of omitting 

harvest data, as we discuss later. 

The third alternative estimation model combined the pooled and no-harvest models. This model will be 

ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ ǘƘŜ άǇƻƻƭŜŘκƴƻ-ƘŀǊǾŜǎǘέ ƳƻŘŜƭΦ 

 

Operating Model Structure 

Simulation experiments allow us to examine the potential biases produced by an estimation model by 

comparing its output across various parameter sets of an operating model that is parameterized to 

simulate different plausible states of nature. To run simulation experiments, we developed an operating 

model to generate (1) population dynamics that resemble the general patterns of the Kuskokwim Chinook 

salmon population, (2) commercial fishery effort and harvest, as well as (3) generate pseudo-observations 

of the system that are intended to emulate weir counts, aerial survey indices, and mark-recapture 

estimates of total in-river abundance (see Appendix 4 for computer code).  

 

Population structure and dynamics 

The number of Chinook salmon returning to the Kuskokwim system during year y , , is given by 

 ὔ  ά ȟ ȟὙȟ  (2.1) 

 
Where mp,y-a,a is the proportion of animals of age a from population p that return during year y,  Rp,y-a is 
the total recruitment from population p for brood year y :  

 

 Ὑȟ ὖ Ὁȟ Ὡ ȟ Ⱦ (2.2) 

where Pp(Ep,y) is the stock-recruitment relationship for population p, r̀p is the standard deviation of 
recruitment anomalies for population p, ʁ p,y is the recruitment residual for population p in year y: 

 ‐ȟ  ”‐ ȟ  ρ ”–ȟ –ȟ ͯ ὓὠὔπȟⱭ  (2.3) 

where r̀
2 is the variance-covariance matrix for drawing multivariate normal process errors for each 

population, and  is the magnitude of autocorrelation in recruitment anomalies. The variance-covariance 

matrix of sub-population recruitment anomalies were generated as: 
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(2.4) 

 Ɑ► ╒╞╡ʐ╥,  

where z is the minimum correlation among sub-population productivity residuals, and n is the total 

number of sub-populations, and values noted by ellipses in COR are linearly interpolated between 1 and 

z down rows and columns. Values on the diagonal of COR are all equal to 1. 

 

All sub-populations' recruitment dynamics were generated from either Beverton-Holt or Ricker stock-
recruitment relationships: 

 

ὖὉ  
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(2.5) 

To simulate the effect of regime shifts on ecosystem productivity, two levels of productivity were 

generated for each population by setting productivity at the origin (h in Ricker relationship, h κb in 

Beverton-Holt relationship) to 10 for periods of high productivity, and to 5 for periods of low productivity. 

Maximum abundance of recruits for each sub-population (ap for the Beverton-Holt, ap/(bpe) for the 

Ricker) was randomly drawn from a normal distribution N(mean=25 000, standard deviation=6 000) to 

simulate populations of different sizes. 

Throughout all simulations, we assumed a constant age-structure (19% total age 4, 38% total age 5, 39% 

total age 6, and 4% total age 7) across brood years and populations, informed by age-structure estimates 

in the Kuskokwim River Chinook populations. 

 

Harvest Dynamics 

Harvest was assumed to occur exactly as specified in the estimation model, where total harvest was 

calculated as: 

 
Ὄ ὔ Ὓ ρ Ὡ ȟ 

ὔ ὔ ὴ , 

(2.6) 

(2.7) 

 

where Ὄ  is the true harvest in year y week j of age a fish from sub-population p, ὔ  is the number 

of age a fish from sub-population p present in week j of year y, Ὓ is fishery selectivity for age a fish, q is 

the specified catchability coefficient, Ὂ  is the fishery effort in week j of year y, ὔ  is the number of 

age a fish from sub-population p returning to the Kuskokwim during year y, and ὴ  is the proportion of 

all fish in population p in year y returning in week j. The operating model assumed a single fishery. 

We varied annual fishing effort such that mean annual harvest rate was 0.49, and individual year harvest 

rates varied between ~0.05 and ~0.8, with the distribution of values being negatively skewed (median 
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harvest rate =0.53, sd = 0.21) due to the saturating relationship between effort and harvest rate (eqn. 

2.6). 

Observations 

In the simulations, 6 of the 40 sub-populations were monitored for escapement using weirs, while 14 

other sub-populations were monitored using aerial surveys. We assumed that all of the salmon entering 

the systems with weirs were counted, while aerial surveys counted only a proportion of the total number 

in the system. 

 
Ὅ ὔ Ὡ , 

Ὅ ὔ ὃὩ , 

 

(2.8) 

(2.9) 

where A is the proportion of the total run that is counted by aerial surveys, ‐  is the observation error on 

weir counts, and ‐ is the observation error on aerial surveys. This generates log-normal errors in 

escapement indices, which is different from those assumed in the estimation model (negative-binomial). 

This allows for smaller amounts of observation errors to be assessed, because the negative binomial 

distribution requires variance to be greater than the mean. As an alternative scenario, we assumed that 

aerial surveys were increasingly biased low as escapement increased: 

 
Ὅ ὩȢὔȢ Ὡ  (2.10) 

where the exponents in equation 2.10 are from Jones et al. (1998). 

Mark-recapture estimates of the total Chinook salmon in-river abundance were generated with: 

 
Ὑ ὰͯὔὔȟ„ , (2.11) 

where „  was similar to the coefficient of variation of actual mark-recapture estimates in the given year  

(0.15 for original mark-recapture series, 0.05 for recent mark-recapture series). 

Harvest and fishing effort were assumed to be observed with small observation errors (log-normal error 

0.00001). This was a conservative approach towards assessing the utility of the harvest component of the 

model; in reality, there is probably substantial uncertainty in characterizing the subsistence fishery that 

dominates catch in this system. To simulate the irregularity of data availability across years, observations 

of escapement and total run were removed in all years for which there were no data available in the actual 

data set. 

 

Simulation Scenarios 

To examine the impacts of different assumptions on the performance of the estimation model, we 

generated data sets using the operating model that were intended to simulate alternative, but plausible, 

states of nature (Table 1).  The primary assumptions that we examined were (a) the degree of synchrony 

among sub-populations, (b) the presence or absence of regime shifts in productivity, and (c) the presence 
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or absence of non-linearity in aerial survey indices. Additionally, we examined the impacts of various levels 

of data availability by running scenarios where only the old mark-recapture estimates were available, and 

scenarios where both the old and new estimates were available. Finally, we examined the accuracy and 

bias of the different estimation model structures (i.e., base model, pooled model, no-harvest model, and 

pooled/no-harvest model). 

We characterized the different assumptions used in our analyses as follows. In scenarios where the sub-

populations showed varying degrees of independence in their recruitment dynamics (i.e., were not 

perfectly synchronous with one other), the average correlation among residuals in loge(R/S) of sub-

populations was 0.29, the maximum correlation between a pair of stocks was 1, and the minimum was -1. 

Regime shifts were implemented at random, with a probability of occurring in each year of (1/regime 

frequency). A regime shift caused all populations to switch from a high-productivity phase to a low-

productivity phase, or vice versa. Scenarios without aerial survey bias used equation (2.8) to generate 

aerial survey indices of escapement, while those that assumed bias in aerial surveys used equation (2.9). 

Finally, we assessed the performance of the estimation model under scenarios that included differing 

number of years of mark-recapture estimates that are used to inform the other parameters of the run-

reconstruction model. Example sub-stock dynamics across different assumptions are shown in Fig. 1. 

 
Table 1. Parameters and data sets that were varied under alternative scenarios to test the effect of violating 

assumptions on the accuracy and bias of the original run-reconstruction model.    

 

Parameter/ 

Data Type 

Original Model 

Assumption 

Alternative 

Parameterization 

Population synchrony 

(average correlation) 

 

1 0.29 

Regime-shift frequency 0 

 

~1/20 yr 

Aerial survey bias constant Increases with N 

   

Mark-recapture estimates 2003-2007 2003-2007, 2014-2017 

 

 

Model Diagnostics 

Performance of the estimation model was quantified using several metrics. To assess the accuracy of 

annual run estimates for the entire Kuskokwim system, we calculated the normalized root mean square 

error (NRMSE): 

 

ὔὙὓὛὉ
В ╝◐ ╝◐

╝
 

(3.1) 
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of model-estimated annual run size ╝◐ relative to specified values from the operating model ╝◐. We 

normalized the root mean square error by the average run-size ╝ across all years to make model 

performance comparable across different stochastic iterations of the model. 

We calculated the absolute value of the relative error and bias in run estimates as: 

 
ὙὉ
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(3.2) 

 

 

 

(3.3) 

where x is the specified value of the parameter or variable (e.g., run size) of interest from the operating 

model output, and ὼ is the model estimate of the parameter from the estimation model. 

We ran multiple iterations (n=500) for a subset of the model scenarios to examine the coverage 

probability of model estimates. Here we examined how often the simulated run size fell within the 

ŎƻƴŦƛŘŜƴŎŜ ƛƴǘŜǊǾŀƭ ŦƻǊ ŜŀŎƘ ȅŜŀǊΩǎ Ǌǳƴ ŜǎǘƛƳŀǘŜ ǳƴŘŜǊ ǎŎŜƴŀǊƛƻǎ ǿƛǘƘ ŜƛǘƘŜǊ ǎȅƴŎƘǊƻƴƻǳǎ ƻǊ ŀǎȅƴŎƘǊƻƴƻǳǎ 

sub-population dynamics, with or without regime shifts, and with or without the recent mark-recapture 

data being available. All scenarios run in the coverage analysis had observation error incorporated, as well 

as non-linear bias in the aerial survey indices. 

In addition to examining the accuracy and bias of parameter estimates, it was important to consider the 

management implications of such errors. To examine whether the estimates derived from the run-

reconstruction produced apparent over-compensatory dynamics while being produced by Beverton-Holt 

production functions, we fit the Shepherd production function to the spawner and recruitment estimates 

derived from the run-reconstruction model: 
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(3.4) 

 

where R is the number of recruits produced by spawners S, ŀƴŘ ʰΣ ʲ ŀƴŘ Y ŀǊŜ ŜǎǘƛƳŀǘŜŘ ǇŀǊŀƳŜǘŜǊǎΣ ‫  

is the recruitment residual in time t-1 and • is a measure of temporal autocorrelation in recruitment 

residuals. The shape of the Shepherd spawner-ǊŜŎǊǳƛǘ ŎǳǊǾŜ ŘŜǇŜƴŘǎ ƻƴ ǘƘŜ ǾŀƭǳŜ ƻŦ ʲΣ ǿƘŜǊŜ ʲ Ҕ м 

produces over-ŎƻƳǇŜƴǎŀǘƻǊȅ ŘȅƴŀƳƛŎǎΣ ʲ Ґ м ǇǊƻŘǳŎŜǎ ŀ Beverton-Iƻƭǘ ŎǳǊǾŜΣ ŀƴŘ ʲ ғ м ǇǊƻŘǳŎŜǎ ƻƴƭȅ 

ǿŜŀƪ ŎƻƳǇŜƴǎŀǘƛƻƴ ƛƴ ǇǊƻŘǳŎǘƛƻƴ ŘȅƴŀƳƛŎǎΦ ²Ŝ ŜȄŀƳƛƴŜŘ ǘƘŜ ǾŀƭǳŜǎ ƻŦ ʲ ŜǎǘƛƳŀǘŜŘ ŀŎǊƻǎǎ ŀ ǊŀƴƎŜ ƻŦ 

regime-shift strengths and durations to examine the conditions under which populations produced by 

Beverton-Holt dynamics would produce apparent over-compensation. 
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To examine the management implications of finding over-compensatory dynamics when they are not the 

true underlying driver, we first calculated ό  (the harvest rate that would produce maximum 

sustainable yield MSY) and Ὓ  (the spawning escapement that would produce MSY) from a Ricker 

spawner-recruit relationship fit to brood table data generated from the estimation model output 

aggregated across the entire river basin. We used a Ricker stock-recruit function because this is the 

relationship used by ADFG to estimate the spawner-recruit relationship for Chinook salmon in the 

Kuskokwim River, and also because a Beverton-Holt relationship provided a poor fit to the aggregate (i.e., 

when sub-population structure is ignored) spawner-recruit data.  

We fit the Ricker spawner-recruit relationship with autocorrelated residuals as follows: 

 ÌÎὙ ὰὲ‌ ÌÎὛ ‍Ὓ •‫ ‐ 

‫ ÌÎὙ ‘ 

‐ͯὔπȟ„  

(3.5) 

where ‫  is the recruitment residual in time t-1 and • is a measure of temporal autocorrelation in 

recruitment residuals (this equation is used in Hamazaki et al. 2012). We then simulated the sub-

populations forward fifty years across a range of harvest rates (from 0 to 0.99, held constant across all 

fifty years) to determine the harvest rate (and escapement goal) that would produce MSY. We examined 

the error in the estimates calculated from the Ricker function to determine if assuming a Ricker spawner-

recruit relationship causes management reference points to over- or under-harvest fish, and how the 

presence and characteristics of regime shifts affect any management reference points. 

 

Starting-Parameter Sensitivity 

To examine the sensitivity of the estimation model to starting values of total adult abundance (run size), 

a concern highlighted by ADFG staff (Hamazaki and Liller 2015), we fit the model across 100 different 

starting values for run size and examined the solutions produced by the estimation model. We considered 

a range of starting values from 100 000 to 400 000 (using the same starting value for all years), which 

brackets the previously estimated run sizes estimated for Chinook salmon in the Kuskokwim River. We 

examined the sensitivity of the model estimates to starting values using all four of the Panel's alternative 

model structures (Table 1) to determine why any minimization issues may have been occurring and to 

examine potential model-structure fixes to this issue. The starting-value issue was examined in the 

estimation model implemented in two modeling platforms, the R Statistical Computing Environment (R 

Core Team 2016) and AD Model Builder (ADMB; Fournier et al. 2012), as well as using both the actual 

Kuskokwim River Chinook salmon data and simulated data sets generated by the process model. For 

simulated data sets, we considered a range of starting values from 0.8 to 1.2 times the mean mark-

recapture estimate of the simulated data set. 
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Results 

Effects of Data-Availability on Run Size Estimates 

Mark-recapture estimates from 2014-2017 were not included in official ADFG run-reconstruction analyses 

prior to May 2017 due to concerns about comparability with older mark-recapture estimates (e.g., 

estimates were made for different sections of river in different years, and used different methods to 

estimate downstream escapement). Stakeholders have raised concerns regarding the exclusion of recent 

mark-recapture estimates from the recent run-reconstruction analysis.  For the analyses described in this 

report, ADFG supplied standardized estimates of mark-recapture for both the recent projects (2014-2017) 

and older projects (2003-2007), which allowed us to explore the effects of different amounts of data and 

alternative structures of the run-reconstruction model on the estimates of run-size in recent years. Both 

sets of mark-recapture estimates were standardized to the in-river abundance of Chinook salmon 

upstream of Birch Tree Crossing (river kilometer 294), plus estimates of unmonitored escapement to 

downstream tributaries. The original downriver escapement expansions were estimated from modeled 

relationships between watershed size and productivity using monitored reference tributaries to scale 

unmonitored tributaries (Schaberg et al. 2012). These expansions were found to be biased high (ADFG, 

unpublished data), and the new lower river expansions are on average 62% of the expansions reported in 

Schaberg et al. (2012), resulting in smaller total run estimates using the new expansions. 

Regardless of whether new mark-recapture data were included or excluded, run size estimates followed 

qualitatively similar trends throughout the time series (Fig. 2). However, exclusion of the newest set of 

mark-recapture estimates resulted in slightly higher run-size estimates in recent years (2011-2017), 

regardless of whether over-dispersion parameters were pooled or unique for different escapement 

indices (Fig. 2). While there were consistent differences in point estimates of run size, estimates from all 

models fell within the confidence intervals of all other model estimates (Fig. 2), indicating no statistically 

significant difference between model runs. Run-estimate differences between the different model 

structures and data sets were greater in the early years of the data set than in later years (Fig. 3). 

 

Starting-value Sensitivity in Estimation Model Using Observed Data 

The original estimation model was sensitive to starting values of run size, arriving at multiple solutions, 

regardless of whether new mark-recapture estimates were included (Figs. 4-8). This issue was particularly 

problematic when fitting the model in ADMB (Fig. 5, 7, 8), but it was still an issue when fitting in R (Figs. 

4, 6, 8). The average difference in annual run estimates across model solutions was 18,320 when fit in R 

(Fig. 4) and 75,670 when fit in ADMB (Fig. 5) without new mark-recapture estimates, while the maximum 

difference (red lines in Figs. 4-7) was 49,550 in R and 220,300 in ADMB. When new mark-recapture 

estimates were available, the differences among solutions across starting values improved slightly, with 

mean values of 11,470 in R (Fig. 6) and 57,940 in ADMB (Fig. 7) and maximum values of 55,650 in R and 

195,500 in ADMB. However, while the range of solutions found by ADMB was much wider than in R, the 

best solutions found in ADMB had lower negative log-likelihood values than those found in R, indicating 

better fits to the data (Fig. 8). These multiple solutions in annual run-size values are a concern because 

they can have different management implications in terms of future decisions and interpretation of the 

effectiveness of past regulations. The different solutions, many of them found repeatedly by the 

estimation procedure, had different minimum negative log-likelihood values, suggesting the presence of 
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multiple local minima across the likelihood surface, potentially due to over-parameterization of the 

estimation model (Fig. 8). Further, the different repeated model solutions were arrived at across the entire 

range of starting values (Fig. 8). 

To examine whether the apparent over-parameterization resulted from the unique over-dispersion 

parameters for each escapement project, we examined the effect of starting values on model estimates 

when using the pooled model, and when including or excluding the newest mark-recapture estimates of 

total escapement. Pooling the over-dispersion parameters into a single parameter for aerial surveys and 

another for weirs reduced the variability among model fits for most implementations of the model (Figs 

9-12). The model with pooled over-dispersion parameters in R without the new mark-recapture estimates 

had a lower mean (16,290) and maximum (47,260) difference among run estimates (Fig. 9) than when 

over-dispersion parameters were not pooled (Fig. 4). The model fit in R with the new mark-recapture 

estimates was slightly more variable with pooled over-dispersion parameters (Fig. 11) than without (Fig. 

6), with a mean difference among solutions of 14,500 and maximum difference of 54,920 (Fig. 11). The 

model fit in ADMB with pooled over-dispersion parameters (Fig. 10) was on average less sensitive to 

starting values than with individual over-dispersion parameters on average when the new mark-recapture 

estimates were ignored (Fig. 5) (mean difference among solutions of 57,820 and maximum difference of 

223,900; Fig. 10). Additionally, the model in ADMB with pooled over-dispersion parameters was much 

more stable when the new mark-recapture estimates were incorporated (mean difference among 

solutions of 13,780 and maximum difference of 58,550; Fig. 12) than when each escapement index had a 

unique over-dispersion parameter (Fig. 7). Once again, while the model solutions in ADMB were more 

variable than in R, the best solutions in ADMB had lower negative log-likelihood values than in R, indicating 

better fits to the data (Fig. 8). A key finding is that sensitivity to starting values decreased the most when 

both over-dispersion parameters were pooled and the new mark-recapture data were used in the 

estimation. 

Because there still was evidence of multiple local minima when we assumed pooled over-dispersion 

parameters and used all the mark-recapture data (Fig. 8), we examined the sensitivity of the estimation 

model to inclusion of the harvest component in the calculation of the negative log-likelihood. We 

hypothesized that the catchability coefficients during the early years of the time series might be causing 

fitting problems, because there are no anchoring mark-recapture estimates and few escapement indices 

in that period to provide strong support for particular run estimates. When the harvest component of the 

model was removed from the calculation of the negative log-likelihood (i.e., "no-harvest model"), the 

model was much more stable across starting values in ADMB, though it still found two solutions (Figs. 8, 

13, 14). When the new mark-recapture estimates were not used and over-dispersion parameters were 

not pooled by type (Fig. 13), removing the harvest component of the likelihood reduced both the mean 

(23,780) and maximum (75,090) difference among model solutions over both the base and pooled 

estimation models. When new mark-recapture estimates were used (Fig. 14), the no-harvest model 

improved the stability over the base model, but not the pooled estimation model, with a mean difference 

among solutions of 20,370, and a maximum difference of 81,410. Further reducing parameterization by 

pooling over-dispersion parameters, the pooled/no-harvest model was stable whether or not the new 

mark-recapture estimates were included (though it found different solutions between those two 

scenarios; mean differences among solutions across starting values less than 0.3 and maximum 

differences less than 3 for both scenarios; Fig. 15, 16). Thus, another key finding is that the only model 
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formulation that did not produce multiple solutions was one where the harvest component was excluded 

and where over-dispersion parameters were pooled into weir and aerial survey projects. 

 

Starting-value Sensitivity in Estimation Model Using Simulated Data 

In simulated data sets, the no-harvest model was stable (i.e., gave a unique solution in terms of annual 

estimates of run sizes) across starting values, regardless of whether over-dispersion parameters were 

pooled. This stability held across scenarios with synchronous sub-population dynamics (Figs. 17, 18), 

asynchronous sub-population dynamics (Figs. 19, 20), and with (Figs. 17, 19) and without (Fig. 18, 20) 

observation error. Thus, given that asynchrony and observation errors exist in the Kuskokwim Chinook 

system, much of the instability in ADFG's original run-reconstruction model appears to derive from an 

overly complex harvest component of the model that is not well parameterized. 

The original estimation model tended to fit certain escapement indices more closely than others (Fig. 21), 

indicating that it was drawing the most information from these escapement data. The Kwethluk and 

Kogrukluk weir indices were very highly correlated (correlation > 0.95 across all estimation model 

structures) with their model estimated values, and Kogrukluk weir observations were also particularly 

correlated with the model estimated values. This pattern arose across all model structures 

(pooled/individual over-dispersion, with or without new mark-recapture estimates).  In general, the 

estimation model better fit observed weir indices than aerial survey indices. The Bear River aerial index 

[labeled as Ψa.berΩ in Fig. 21] was particularly uninformative, as model estimates had low correlations 

(correlation = ~0.2) with observed escapement values (Fig. 21). Pooling over-dispersion parameters by 

escapement index type slightly reduced the correlation between observed and estimated escapement 

indices. Additionally, the R and ADMB implementations of the model fit the aerial indices differently, with 

the ADMB implementations fitting the Kwethluk aerial survey very well (correlations > 0.7), while the R 

model fit this index with a correlation of approximately 0.6.  The R implementation also fit the Holokuk 

aerial survey (Ψa.hlkΩ) more poorly (correlation ~ 0.2), while the ADMB implementation fit these 

observations better (correlation ~ 0.6). Interestingly, within each modeling implementation, the different 

model structures and data availability scenarios had little effect on the relative fits among streams (Fig. 

21). 

The original estimation model generally estimated higher over-dispersion parameters for weir indices 

than for aerial survey indices (Fig. 22). Higher over-dispersion parameters indicate less variation of 

observed escapement indices around the model predicted mean values, another measure of the amount 

of information the model derives from each index. This result is not surprising, as weir indices are much 

closer to census counts (though still only indices) than are aerial surveys, which are subject to variable 

flight conditions, viewing conditions, and non-linear bias across ranges of escapement (Jones et al. 1998). 

As such, weir indices should provide more consistent indicators of run size than aerial survey indices, 

though the value of information derived from weirs and aerial surveys should be quantified objectively, 

as discussed later in this report (see Discussion). 
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Simulation Model Experiments 

While individual estimates within model iterations can have high errors, in a qualitative sense, the 

estimation model performed reasonably well across a range of simulated scenarios.  The average relative 

error across model iterations in annual run estimates was always less than 15%, and typically less than 

10% across the scenarios examined. The relative performance of the model declined as the operating 

model violated more assumptions of the estimation model, but even in scenarios violating several 

assumptions, the model still performed fairly well, and management targets set from these estimates 

tended to be biologically conservative and thus appear to not present basin-wide conservation problems 

(see Management Implications of Estimation Errors below). 

It is important to note that the sensitivity of the estimation model to starting parameter values, as 

described above, was also seen in our simulation experiments. As such, we may have occasionally missed 

the global likelihood minima so that the errors and biases of true best model fits may be lower than what 

we present here. However, the relative impacts of violating different assumptions about the underlying 

population dynamics, or of different estimation model structures, should hold and provide information 

about which model assumptions are most important to address as future model development efforts 

progress.  

Accuracy and Bias 

During explorations of run-reconstruction model fits to simulated data, we identified a pattern wherein 

the model consistently overestimated total escapement and thus total run size. This issue stemmed from 

the pooling of harvest and effort data across the final three weeks of the data set. As the CPUE likelihood 

does not assume a linear relationship between catch and effort, this pooling across weeks in the original 

model is statistically inappropriate. Fitting the run-reconstruction model to actual data without pooling 

catch and effort across weeks resulted in lower run estimates for all years after 1990, regardless of which 

parameterization or mark-recapture data scenario we examined (Figs. 23, 24). The largest effect of the 

pooling of catch and effort data over the final three weeks of each season occurred when over-dispersion 

parameters were pooled, and when there were no new mark-recapture estimates included in the run-

reconstruction (Fig. 25). 

Asynchronous sub-population dynamics increased the normalized RMSE of annual run estimates across 

all scenarios and all estimation model structures when compared with synchronous cases (i.e., as assumed 

by the original ADFG estimation model; Fig. 26-28). This result was expected, because the estimation 

models all assume that each sub-population accounts for a constant proportion of the total run through 

time; asynchrony violates this assumption. Additionally, asynchronous sub-population dynamics 

increased the annual relative error in run estimates (from ~2.5 - 9% to ~4 - 15%; Fig. 29-34), as well as the 

bias across the time series (Fig. 35-40). 

The presence of regime shifts generally increased the normalized RMSE in run estimates, though the effect 

was strongest when sub-population dynamics were asynchronous (Fig. 27). Annual relative error in run 

estimates also increased in the presence of regime shifts (Fig. 31, 32, 37, 38), particularly with 

asynchronous dynamics among sub-populations. Pooling over-dispersion parameters reduced the 

impacts of regime shifts in asynchronous sub-populations on the bias in run estimates (Fig. 37, 38). Pooling 

had much less of an effect when the sub-populations were synchronous. 
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Non-linearity in aerial survey escapement indices, as opposed to linearity in the original model, increased 

the normalized RMSE in run estimates, and the effect was particularly strong when sub-population 

dynamics were asynchronous (Fig. 28). Non-linear biases in aerial surveys generally increased the bias 

across the time series (compare Figs. 39, 40), as well as increased the average relative error in each 

individual year (compare Figs. 33, 34). The bias and magnitude of annual run estimate relative error 

caused by non-linear biases in aerial surveys were greatly diminished when new mark recapture estimates 

were incorporated into the model and when over-dispersion parameters were pooled by index type. 

Incorporating information from recent mark-recapture experiments reduced the normalized RMSE across 

all scenarios and model structures compared to omitting those recent mark-recapture data (Fig. 26-28). 

The benefit was smaller when sub-population dynamics were asynchronous, due to all mark-recapture 

events being towards the end of the time-series. Early years of the time-series were still subject to higher 

errors when sub-population dynamics are asynchronous. The effect of including new mark-recapture 

estimates on the average annual relative error (Fig. 29-34) and consistency of bias (Fig. 35-40) was striking. 

Including the new mark-recapture estimates greatly reduced the relative error in the last half of the time 

series (from ~12-15% to ~4-5%). The relative error in scenarios with asynchronous sub-population 

dynamics and new mark-recapture data were less than the relative error in scenarios with perfect 

synchrony in sub-population dynamic without new mark-recapture. Without these new mark-recapture 

estimates, relative error quickly increased after the initial set of mark-recapture estimates. These results 

highlight the importance of periodic mark-recapture studies for reducing relative error in run size 

estimates in the future, though they are not likely to improve the estimation accuracy in the early part of 

the time-series. 

Removing the harvest component from the estimation model reduced the normalized RMSE of annual 

run estimates compared to the original estimation model (Fig. 26). However, removal of the harvest 

component tended to the average magnitude of relative error in annual estimates in the early portion of 

the time series (Fig. 29, 30), when there were limited escapement counts. Under these situations the 

harvest component likely provided much of the information used to estimate each annual run value. This 

result is unexpected and should be explored further. 

While the model estimation errors were generally small in Figs. 29-34, the confidence intervals on those 

estimates did not always include the true run size value. The proportion of simulations in which model 

estimates included the true values was influenced by the biological and management scenario examined 

(Fig. 41). The presence of asynchronous sub-population dynamics generally reduced the coverage 

probability of model estimates relative to scenarios with synchronous sub-population dynamics. If the 

population dynamics were characterized by asynchrony among stock components, the coverage 

probability tended to be only about 60%. 

The presence of regime shifts slightly reduced the coverage of model estimates when sub-population 

dynamics were asynchronous, especially in the early years, but had either little or the reverse impact on 

coverage when sub-population dynamics were perfectly synchronous. The incorporation of recent mark-

recapture data modestly increased the coverage of model estimates for scenarios with asynchronous sub-

population dynamics, but had no effect on coverage for scenarios with synchronous sub-population 

dynamics. Coverage values were generally highest in the earliest years with few escapement indices 

available, as these estimates had greater uncertainty and wider confidence intervals. 
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Management Implications of Estimation Errors 

The consequences of inaccuracy and bias produced by the estimation model results depend on how those 

results are used for management of Kuskokwim River Chinook salmon. Because the run-reconstructions 

are used to estimate spawner-recruit relationships that inform the setting of escapement goals, we 

examined how the accuracy and bias issues identified above can affect management reference points (i.e., 

escapement goal targets). First, we examined whether the abundance estimates derived from the run-

reconstruction model produced spawner-recruit relationships that indicated over-compensatory 

dynamics in the system (as is suggested by the existing data on Chinook salmon in the Kuskokwim River). 

We then examined the effect of assuming over-compensation on management reference targets by 

estimating both escapement goals and harvest rates that would produce MSY and comparing them to 

those values that produced MSY when populations were simulated forward in time across the range of 

potential harvest rates.  

Catalano (2012) found that appearance of strong overcompensation in recruitment dynamics in 

Kuskokwim River Chinook salmon was anomalous when compared with the eleven other Alaska Chinook 

salmon stocks included in his analysis where there was no compelling support for overcompensation in 

population dynamics.  Because productivity regime shifts have been suggested as a potential reason for 

the apparent strong over-compensation detected in the Kuskokwim River Chinook salmon population, we 

examined the effect of regime shifts of different strengths and durations on the likelihood of detecting 

overcompensation and the subsequent effects on management targets. We ran these scenarios with both 

synchronous and asynchronous sub-population dynamics, though all were produced by Beverton-Holt 

production functions. We assumed that all mark-recapture data were available for all scenarios. 

The Shepherd spawner-recruitment model fit to the data from brood tables derived from the run-

reconstruction model suggest that the likelihood of detecting over-compensatory dynamics (i.e., a Ricker 

shaped spawner-recruit relationship rather than a Beverton-Holt shaped relationship, as indicated by 

{ƘŜǇƘŜǊŘΩǎ ʲ Ҕ м) was affected by the presence and characteristics of regime shifts acting upon the 

population. Stronger regime shifts produced the appearance of stronger overcompensation in 

recruitment dynamics (Fig. 42). Further, the duration of regimes played a major role in whether over-

compensatory dynamics were detected; strong overcompensation was detected more consistently when 

regime duration was roughly equal to the longevity of Chinook salmon (4 to 8 years). The effects of regime 

strength and duration were present regardless of whether sub-population dynamics were synchronous.  

Asynchronous dynamics generally produced larger estimates of over-compensation strength (i.e., 

{ƘŜǇƘŜǊŘΩǎ ̡ ) even if population dynamics were produced via Beverton-Holt recruitment. 

We found that Ricker spawner-recruit relationships fit to the output from the run-reconstruction model 

generally identify Smsy values larger than those that would produce MSY based on long-term simulations, 

regardless of whether sub-population dynamics were synchronous or asynchronous (Fig. 44). While 

estimates of Smsy are high for both synchronous and asynchronous dynamics, misspecifications are smaller 

on average when dynamics are asynchronous. Similarly, estimates of the harvest rate that would produce 

MSY (as derived from the Ricker spawner-recruit relationship fit to estimated run sizes) underestimated 

the optimal harvest rate (Fig. 43). Thus, the presence and characteristics of periodic productivity regime 

shifts affected estimates of management targets in our simulation models. Estimation errors generally 

increased with regime shift strength and were strongest when the duration of each regime state roughly 

matched the average longevity of individuals in the populations being simulated. 
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From a conservation perspective, misspecifying the production dynamics (as driven by Ricker dynamics 

rather than by Beverton-Holt dynamics) in the stock-recruitment analysis produces management 

reference points that result in biologically conservative harvest rates. That is, more Chinook salmon are 

allowed to spawn than would produce the maximum sustainable yield at equilibrium. Such an approach 

will reduce the risk of overharvesting (or causing the extinction of) sub-stocks that are less abundant or 

productive than other sub-stocks at any point in time. Such contrasts in the productivity of sub-stocks 

should be expected in the Kuskokwim, given the existing data suggesting little coherence in the dynamics 

of sub-stocks in the system, and the prevalence of such biocomplexity in other salmon ecosystems. Even 

though the Kuskokwim River aggregate population has apparently supported high harvest rates while at 

low abundance in the past before rebounding to high abundance, small populations are inherently at 

greater conservation risks than large populations. Stochastic mortality events, Allee effects, and other 

depensatory mortality processes could all result in reduced productivity at low abundances. Thus, using a 

Ricker relationship to set management targets is a less risky approach for conserving stock diversity even 

if the underlying dynamics have no over-compensation in them. 

From the perspective of harvest potential, using a Ricker model for management leads to lower harvest 

rates than those that would produce the maximum sustainable yield. These results suggest that this 

management approach could be reducing harvest opportunities, if the population is truly driven by 

Beverton-Holt dynamics subject to productivity regime shifts. For subsistence fishing, such overestimation 

of the optimal escapement goal increases the risk of unnecessary restrictions on harvest which may have 

important social consequences for communities reliant on Chinook salmon as a nutritional and cultural 

resource.  

The trade-offs between providing harvest opportunity and conserving stock diversity under different 

management strategies and different levels (and types) of uncertainty should be rigorously explored to 

inform management about the most effective way to balance multiple objectives in a system with high 

levels of uncertainty concerning the dynamics of the ecosystem. Such management strategy evaluations 

are increasingly important as resources for research and monitoring become scarcer, and as the 

ecosystem is subjected to new perturbations such as those caused by ongoing climate change and by the 

poorly understood erosion of the age-structure of the population that has been observed in recent 

decades. 

 

Comparison of Original and Revised Model on Stock-Recruit Analysis 

We examined the relationship between spawning stock and recruitment inferred from output from the 

original run-reconstruction model compared to a revised model that eliminated some of the technical 

problems we identified with its structure. In particular, the revised model included log-normally 

distributed errors on data collected from weirs and aerial surveys, the variances were pooled for each of 

these survey types, and the harvest model was also reformulated. The harvest model was changed to an 

annual passage adjusted CPUE model, and the likelihood was changed to a log-normal likelihood with 

common variance across years and gear types according to:  
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where Gj is the gear type g fished in week j, y indicates year, H indicates fisheries harvest in numbers of 

fish, F indicates fishery effort, p is the proportion of the total run available to the fishery during the weeks 

the fishery was open, q is the catchability coefficient, ὔ  is the estimated total abundance of Chinook 

salmon in year y, and cvq is the estimated coefficient of variation for the catchability coefficient. For each 

year and gear type (i.e., mesh size), catch-per-unit-effort was added across weeks and the proportion of 

the total run that was available during fishing periods was calculated. The summed CPUE was divided by 

the proportion of total run available during the open fishing periods and compared to the predicted CPUE 

given by the product of the total run and the catchability coefficient for the specific gear type.  

These changes to the original model seemed to remedy the model instability problems described earlier 

in the report such that the model converged on a single solution independent of starting values. We then 

compared the output from the original model using the old lower river expansions, and the new lower 

river expansions (ADFG, unpublished data) to this revised model (using the new lower river expansions). 

While the revised model changed the estimates of recruitment produced from individual brood years, 

much of the underlying character of this relationship remained unchanged (Figure 45). In particular, the 

revised run-ǊŜŎƻƴǎǘǊǳŎǘƛƻƴ ƳƻŘŜƭ ƻǳǘǇǳǘ ǎǘƛƭƭ ǎǳƎƎŜǎǘǎ ŀ ΨwƛŎƪŜǊΩ ǎǘƻŎƪ-recruit relationship with 

considerable overcompensation (i.e., very high escapements lead to reduced recruitment), though the 

revised model output suggests weaker overcompensation than the original model. In terms of establishing 

management reference points, output from each of these three models produced similar estimates of the 

escapement that would produce maximum sustainable yield (Smsy) of about 66,000 ς 73,000 fish (Table 2).  

The revised model estimate of 72,000 with new expansions is slightly higher than the estimate produced 

from the original model with new expansions (66,000 fish). The range of escapements that would produce 

at least 90% of MSY spans from about 42,000 to 105,000 for all three models (Table 2, Figure 45)1. Thus, 

the revised model (like the original model) leads to estimates of Smsy comparable to the lowest 

escapements observed in the system. Whether such low escapements protect stock diversity and 

maximize harvest potential from the system remains highly uncertain. The principal difference between 

the revised model and the original model (both with the old expansion factors) is that the stock is not as 

productive as suggested by the original model. In particular, MSY for the revised model is estimated to be 

                                                           
1 Note: these MSY based escapement ranges are for the purpose of model review and diagnostics and are not 
being recommended for adoption as a formal escapement goal range. 
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about 20% lower than for the original model, although these are both suggested to occur at similar 

escapements. 

 

Table 2.  Comparison of the spawner abundance (Smsy) expected to produce maximum sustainable yield 

(MSY) for three different run-reconstruction model scenarios for Kuskokwim River Chinook salmon. 

Estimates for the original model are given with old or new lower river expansions of the mark-recapture 

estimates. Estimates from the revised model are only given using the new expansion factors. The upper 

and lower bounds for the range of escapements expected to produce at least 90% of MSY are also given 

for each of the model scenarios.  

  Smsy 
Spawners Producing 

90% of MSY 

Model Scenario   Low High 

Revised Model, 
New Expansions 

71,911 46,138 102,335 

Original Model, 
New Expansions 

66,335 42,373 94,829 

Original Model, 
Old Expansions 

73,431 46,770 105,291 

 

 

 

As described in the sections above, these analyses of the stock-recruitment relationship assume that the 

relationship between the environment and the productivity of the stock is not changing in any systematic 

way through time (other than year-to-year variation in productivity). Detailed analyses of this and other 

Pacific salmon stocks (e.g., Adkison et al. 1996; Peterman et al. 1998, 2003; Pyper et al. 2005; Dorner et 

al. 2008, 2018; Ohlberger et al. 2016; Peterman and Dorner 2012; Kilduff et al. 2014; Malick and Cox 2016) 

suggest several reasons for expecting that this relationship is not stationary through time. Climate-driven 

changes in the environment through such phenomena as the Pacific Decadal Oscillation (PDO) and the 

North Pacific Gyre Oscillation (NPGO) may cause low-frequency changes in stock productivity that affect 

the relationship between stock and recruitment. Evidence of long-term changes in the age structure of 

Kuskokwim River Chinook salmon, characterized by the disappearance of the oldest and largest fish from 

the population (Lewis et al 2015, Ohlberger et al. 2018), suggests that other poorly understood shifts in 

the ecology of Chinook salmon, potentially combined with selective harvest, may be producing these 

trends. The consequences of these changes in demographic structure for the quality and egg mass of 

spawners (and therefore the stock productivity) are largely unknown and are currently being investigated 

by a separate AYK SSI Chinook Salmon Escapement Quality Expert Panel. However, the direction and 

magnitude of change is cause for concern, as demographic shifts driving declines in escapement quality 

across the time-series can introduce bias into run-reconstruction and spawner-recruit model results. 

Therefore, we encourage vigilance in watching for changes in the productivity of the Kuskokwim River 

Chinook stocks by maintaining appropriate fishery and escapement monitoring. Though it is beyond the 
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scope of this model review, we recommend re-evaluation of the stock-recruit relationship in the near 

future (and routinely thereafter) with explicit consideration for the potential effect of declining 

escapement quality over the time series (e.g., Jones et al (2018) recent analysis of the effect of changes 

in escapement quality on spawner-recruit model for Canadian-origin Chinook Salmon in the Yukon River).  

Further, given the increasing recognition of the prevalence of stock structure within the Kuskokwim River 

Chinook salmon stock complex, it is critical to assess whether the current stock-recruitment analysis 

(which assumes a single homogeneous stock) produces management reference points that provide robust 

measures for protecting sub-stocks that may experience periods of low productivity but are harvested 

simultaneously with larger or more productive stocks. Thus, we also recommend more detailed 

assessment of the stock-recruit dynamics of the overall system with an eye towards understanding (1) the 

consequences of different harvest strategies for maintaining biocomplexity within the stock complex, and 

(2) the long-term consequences for sustainability of the stocks under future unknown environmental 

shifts.  

 

Recommendations 

Based on our review and analysis of the original stock-assessment models used by ADFG for managing 

Chinook salmon in the Kuskokwim River, we offer the follow list of recommendations for improving the 

performance of these models and, thus, scientifically-based management of this invaluable resource. 

Run-Reconstruction Model Structure 

1) Pooling the over-dispersion parameters in the estimation model reduced the normalized RMSE and 

bias in run estimates. Additionally, this improved the model stability across starting parameters, 

particularly when paired with mark-recapture estimates across multiple periods. Pooling the over-

dispersion parameters is easily implemented and should improve accuracy and reduce bias. However, 

pooling over-dispersion parameters alone was not sufficient to fully correct the estimation problem 

in which there were multiple solutions. 

 

2) The original model assumes that the errors on weir and aerial survey data are distributed according 

to a negative binomial distribution. We recommend changing the model to more appropriately 

assume that these errors are log-normally distributed. While we have not included detailed analysis 

in this report, analysis of simulated data showed that changing the model to include this error 

structure improved its stability, albeit modestly. We can provide a more thorough summary of results 

upon request, but have elected to not include them in this report. 

 

3) Removing the harvest component of the likelihood from the estimation model greatly improved 

model stability across starting values, which was unexpected. The lack of estimates of total in-river 

abundance, particularly in the early portion of the time-series, coupled with asynchronous dynamics 

among sub-populations, generated multiple local minima on the likelihood surface, leading to critical 

minimization problems. However, removing the harvest component of the likelihood also increased 

the bias in estimates during the early part of the time-series (as shown in simulation experiments), 

because run-estimates in early time-series no longer derived any information from the harvest data 

and relied solely on relatively few escapement indices. Thus, there are trade-offs between model 
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stability and estimation bias when determining the value of retaining the harvest component of the 

likelihood. The harvest component of the original model appears to be either misspecified or overly 

complex, and we recommend that this part of the model be scrutinized and alternative formulations 

considered as a way to improve model performance. 

 

4) The original estimation model is highly sensitive to parameter starting values, particularly when fit in 

ADMB (though ADMB found the solutions with the best fit by negative log-likelihood). Even the 

revised model structures are sensitive to starting values, though less so than the original model. As 

such, the model should be fit across a range of starting values for parameters to explore the likelihood 

surface. Negative log-likelihoods of the different solutions should be compared across the range of 

solutions to ensure the best possible fit is being found. As described above, this poor convergence 

behavior suggests that the model is overly complex given the information content of the data it is fit 

to. 

 

5) Any new model should be thoroughly tested using simulation experiments. All models are simplified 

representations of reality and, thus, require many assumptions about the nature of real-world 

dynamics. The potential impacts of violating these assumptions to management activities should be 

thoroughly investigated using simulation where the true underlying state of the system is known and 

biases or inaccuracies arising from assumptions in the estimation model can be determined.  

 

Data Collection 

1) Mark-recapture estimates of river-wide abundance are critical for tracking long-term changes in the 

stock, especially given that asynchrony and regime shifts are involved in the production dynamics of 

Chinook salmon in the Kuskokwim system. These are the only sources of information that anchor the 

magnitude of annual runs, allowing the estimation of all other parameters in the model. At least some 

level of sub-population asynchrony should be expected among the Chinook salmon populations of the 

Kuskokwim River, and without future mark-recapture estimates, run estimation errors will become 

continually less accurate and more biased as the relative production of different populations changes. 

Periodic mark-recapture data are extremely valuable for capturing the variation in population 

productivity that can occur in the Kuskokwim River. These data need not be collected each year, but 

if data are collected periodically, the model will be able to adjust its predictions around the time-

varying productivity of individual populations. Thus, while funding for such projects may be limited at 

present, capitalizing on periodic funding opportunities that may arise is likely to be highly valuable.   

 

2) How often mark-recapture programs should be conducted should be determined using a formal, 

quantitative value-of-information (VOI) approach based on simulations similar to those used by this 

panel but with added economic variables. Such VOI analyses will determine how the large expenses 

of mark-recapture programs compare with the value of the additional catches (and/or other benefits 

not quantifiable in dollar terms) taken in future years, and how often such programs are warranted 

for reducing model uncertainties. Link and Peterman (1998) conducted this type of VOI analysis to 

determine whether a fish wheel for sockeye salmon on the Nass River in British Columbia was 

worthwhile; it was. This same VOI approach could also be used to determine the value of various weir 

and aerial survey programs, which are at risk of becoming discontinued due to budget constraints. 
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Discontinuing such assessment programs without an objective assessment of the costs and benefits 

(i.e., in being able to properly assess the stock status) would be careless.   

 

3) More explicit examination of the trade-offs between maintaining a collection of weirs and aerial 

surveys versus investing research funding in whole-system mark-recapture estimates of abundance 

should be done to optimize future research funding investments. We suspect that maintaining a 

network of weirs and aerial surveys, or investment in other ways to estimate sub-stock dynamics (e.g., 

through otolith microchemistry or genetic sampling) across the watershed will be critical for 

producing reliable abundance estimates in the future. In situations where there is considerable 

asynchrony among sub-stock dynamics, the value of any individual weir is likely to increase markedly 

as the number of sites monitored declines. However, these trade-offs have not yet been quantified 

and should be made a high priority for future research. 

 

4) Systematic and non-linear bias (underestimation of abundance at high actual abundance) is well-

documented in aerial surveys of spawning salmon. As the number of spawners in a system increases, 

the magnitude of the bias increases. This creates a problem with using aerial indices in an estimation 

model that assumes constant proportionality between indices and spawner abundance. This situation 

means that, in comparison, the escapement data provided by the weir projects are particularly 

valuable during years when no mark-recapture studies are conducted. The original estimation model 

generally fits higher over-dispersion parameters for weir projects than aerial surveys, indicating lower 

variance of observed weir escapement relative to the model's expected weir escapement. When 

decisions about funding of future monitoring programs are being made, the presumed greater value 

of information from weir projects relative to aerial surveys should be considered. Here again, formal 

value-of-information analyses would be extremely informative for those funding decisions. 

 

5) Recent analyses of patterns in productivity of various Chinook salmon stocks suggest that they have 

become more coherent (positively correlated) in recent years (Kilduff et al. 2014; Dorner et al. 2018), 

as has been observed for sockeye salmon (Peterman and Dorner 2012) and pink and chum salmon 

(Malick and Cox 2016). Such changes in the degree of synchrony among stock components is one 

expression of non-stationarity in population dynamics, which may further affect performance of the 

run-reconstruction model if Kuskokwim Chinook salmon are characterized by similar changes in 

population dynamics within the stock.  A simulation approach similar to what we have used here could 

be used to explore the consequences of such changes in the ecosystem, though we anticipate that 

problems arising from changes in synchrony will probably be minor compared to changes driven by 

system-wide regime shifts in productivity, or to situations where data are sparse for estimating model 

parameters. 

 

Stock-Recruit Analysis 

1) The relationship between spawning stock and subsequent recruitment forms the biological basis for 

estimating the escapement that will maximize sustained production from salmon-producing 

ecosystems. In simplified form, such as that currently used to assess the productivity of Chinook 

salmon in the Kuskokwim River, it is assumed that the per capita reproductive potential of the 

population has remained constant over the course of the observed time series. However, given the 
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widespread observation that the size- and age-structure of the population has shifted towards smaller 

and younger individuals through time, this assumption is clearly tenuous, as the escapement quality 

may have deteriorated through time in response to currently unknown reasons. However, given the 

uncertainties in the stock assessment process for Kuskokwim Chinook salmon, it remains unclear 

whether the productivity of the stock and the management reference points derived from the stock 

assessments are changing in response to shifting age- and size-structure. We recommend re-

evaluation of the stock-recruit relationship with a) explicit consideration for the potential effects of 

declining escapement quality (i.e., lower per capita reproductive potential) over the time series, and 

b) evaluation of potential harvest strategies focused on maintaining the largest, oldest segment of the 

population that are disproportionally female, as has been applied to the Kenai River Chinook salmon 

stocks in recent years (Fleischman and Reimer 2017).   

 

2) Current stock assessments of Kuskokwim Chinook salmon assume that it is composed of a 

homogeneous stock distributed across the watershed, with each tributary contributing a constant 

proportion of the total run at any point in time. What is more likely, given accumulating knowledge in 

this and other systems, is that it is actually a stock complex composed of many populations (sub-

stocks) that show some degree of demographic independence. What is not known is how the current 

management approach of assuming a single large stock for the purpose of setting allowable harvest 

rates risks eroding the diversity of populations that compose the stock complex. Harvest rates 

established by assuming a homogeneous stock run the risk of overexploiting unproductive sub-stocks. 

Thus, we recommend more detailed assessment of the stock-recruit dynamics of the overall system 

to assess: a) the consequences of different harvest strategies for maintaining the integrity of sub-

stocks (i.e., the biocomplexity) across the entire watershed, and 2) the long-term consequences for 

sustainability of the stocks under future known environmental conditions. Trade-offs between risk to 

biocomplexity and harvest opportunity, as a function of the escapement goal, should be quantified 

and used in establishing and adapting escapement goals as new observations about stock dynamics 

accumulate. 

 

3) The stock assessment process for Chinook salmon stocks in the Kuskokwim River remains challenging 

owing to substantial uncertainties in the data and in the ecological processes that generate variation 

in abundance. Formal incorporation of these uncertainties into the assessment process has improved 

through the development of a state-space approach for estimating the stock-recruitment 

relationship. However, whether uncertainties in the run-reconstruction analyses are properly 

integrated into the stock-recruitment analysis (that is used to inform management reference points) 

is not clear at present. The current practice of doubling the CV of the run-reconstruction estimates of 

abundance as input to the state-space analysis of stock-and-recruitment is arbitrary and may have 

unintended consequences on the interpretation of the biological status of the stocks. We recommend 

more formal exploration of the run-reconstruction model, using a simulation approach like we have 

adopted in this report, to develop a better understanding of the true uncertainties of the run-

reconstruction estimates of annual abundance.  
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Figure 1. Example sub-population dynamics generated by the operating model under conditions with 

perfect synchrony among sub-populations (top), synchrony among sub-stocks but with regime shifts in 

productivity (top middle), conditions with asynchronous sub-population dynamics (bottom middle), and 

conditions with asynchrony among sub-populations and regime shifts in productivity (bottom). Each line 

represents the run size to a single sub-population.  
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Figure 2. Run-reconstructions for Chinook salmon in the Kuskokwim River from the original model fit to 

observed data under different model structures (individual "Ind" or pooled over-dispersion parameters) 

and with different amounts of mark-recapture (MR) data available (no new mark recapture estimates, all 

new mark-recapture estimates, or new mark-recapture estimates but without the 2017 estimate). Starting 

values for these simulations are held constant, at the values currently used by ADFG, across all scenarios 

considered here. 
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Figure 3. Changes in annual run-reconstruction estimates when switching from the original model 

(individual ("Ind") over-dispersion parameters and no new mark-recapture (MR) estimates available) to 

different model structures and data scenarios. Starting values for these simulations were held constant 

across all scenarios considered here at the values currently used by ADFG. 
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Figure 4. Run estimates across a range of starting values from the original ADFG R model implemented in 

R without new mark-recapture estimates. Black lines indicate stacked grey lines, representing repeated 

model convergence on some values. The red line indicates the range in model estimates for annual run 

size. The horizontal solid black line represents the mean of the estimate range, while the dashed 

horizontal line shows the maximum range across simulations. The dots with vertical bars are the means 

and 95% confidence intervals of the mark-recapture estimates. 
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Figure 5. As in Fig. 4, but with the original run-reconstruction model implemented in ADMB.  
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Figure 6. As in Fig. 4, but with new mark-recapture estimates available (2014-2016). 


