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via random effects and links to environmental covariates 

Brian C. Stock *, Timothy J. Miller 
Northeast Fisheries Science Center, National Marine Fisheries Service, 166 Water Street, Woods Hole, MA 02543, USA   

A R T I C L E  I N F O   

Keywords: 
State-space 
Stock assessment 
Random effects 
Time-varying 
Environmental effects 
Recruitment 
Natural mortality 
Template Model Builder (TMB) 

A B S T R A C T   

The rapid changes observed in many marine ecosystems that support fisheries pose a challenge to stock 
assessment and management predicated on time-invariant productivity and considering species in isolation. In 
single-species assessments, two main approaches have been used to account for productivity changes: allowing 
biological parameters to vary stochastically over time (empirical), or explicitly linking population processes such 
as recruitment (R) or natural mortality (M) to environmental covariates (mechanistic). Here, we describe the 
Woods Hole Assessment Model (WHAM) framework and software package, which combines these two ap
proaches. WHAM can estimate time- and age-varying random effects on annual transitions in numbers at age 
(NAA), M, and selectivity, as well as fit environmental time-series with process and observation errors, missing 
data, and nonlinear links to R and M. WHAM can also be configured as a traditional statistical catch-at-age 
(SCAA) model in order to easily bridge from status quo models and test them against models with state-space 
and environmental effects, all within a single framework. 

We fit models with and without (independent or autocorrelated) random effects on NAA, M, and selectivity to 
data from five stocks with a broad range of life history, fishing pressure, number of ages, and time-series length. 
Models that included random effects performed well across stocks and processes, especially random effects 
models with a two dimensional (2D) first-order autoregressive, AR(1), covariance structure over age and year. 
We conducted simulation tests and found negligible or no bias in estimation of important assessment outputs 
(SSB, F, stock status, and catch) when the operating and estimation models matched. However, bias in SSB and F 
was often non-trivial when the estimation model was less complex than the operating model, especially when 
models without random effects were fit to data simulated from models with random effects. Bias of the variance 
and correlation parameters controlling random effects was also negligible or slightly negative as expected. Our 
results suggest that WHAM can be a useful tool for stock assessment when environmental effects on R or M, or 
stochastic variation in NAA transitions, M, or selectivity are of interest. In the U.S. Northeast, where the pro
ductivity of several groundfish stocks has declined, conducting assessments in WHAM with time-varying pro
cesses via random effects or environment-productivity links may account for these trends and potentially reduce 
retrospective bias.   

1. Introduction 

The last two decades have increasingly seen a push for more holistic, 
ecosystem-based fisheries management (Larkin, 1996; Link, 2002). In 
part, this is due to the view that considering single species in isolation 
produces riskier and less robust outcomes long-term (Patrick and Link, 
2015). In several high-profile cases, fisheries management has failed to 
prevent collapses because they did not reduce fishing pressure in 

responses to changes in natural mortality (M), recruitment, or migration 
patterns caused by dynamics external to the stock in question (Northern 
cod: Shelton et al., 2006; Rose and Rowe, 2015; Pacific sardine: Zwo
linski and Demer, 2012; Gulf of Maine cod: Pershing et al., 2015). This is 
particularly concerning in the context of climate change and the wide 
range of biological processes—often assumed to be constant—in stock 
assessments that are likely to be affected (Stock et al., 2011; Tommasi 
et al., 2017). 
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One approach to account for changing productivity is to explicitly 
link population processes to environmental covariates in single-species 
stock assessments, i.e. the mechanistic approach sensu Punt et al. 
(2014). Traditional single-species assessments assume that most popu
lation dynamics processes are constant in time, even though fisheries 
scientists have long known about important drivers of time-varying 
population processes, e.g. recruitment, mortality, growth, and move
ment (Garstang, 1900; Hjort, 1914). Effects of the environment or in
teractions with other species can be considered contextually, rather than 
explicitly as estimated parameters (although temporal variation in 
empirical weight and maturity at age can affect reference points). 
Despite how counterintuitive this may seem to ecologists and ocean
ographers who study such relationships, the evidence for direct linkages 
to specific environmental covariates is often weak and can break down 
over time (McClatchie et al., 2010; Myers, 1998). Additionally, the 
primary goal of most assessments is to provide management advice on 
near-term sustainable harvest levels—not to explain ecological re
lationships. Even if an environmental covariate directly affects fish 
productivity, including the effect in an assessment may not improve 
management advice if the effect is weak (De Oliveira and Butterworth, 
2005). Moreover, including environmental effects in an assessment or 
management system has been shown to actually provide worse man
agement in some cases (De Oliveira and Butterworth, 2005; Punt et al., 
2014; Walters and Collie, 1988). This can be true even in cases of 
relatively well-understood mechanistic links between oceanic condi
tions and fish populations, as in the case of sea surface temperature and 
Pacific sardine (Hill et al., 2018; Zwolinski and Demer, 2012). Still, 
incorporating mechanistic environment-productivity links in assess
ments does have the potential to reduce residual variance, particularly 
in periods when few demographic data exist (Miller et al., 2016; Shot
well et al., 2014). 

An alternative approach is to allow biological parameters to vary 
stochastically over time, i.e. the empirical approach sensu Punt et al. 
(2014). In this case, the variation is caused by a range of sources that are 
not explicitly modeled. Statistical catch-at-age (SCAA) models typically 
only estimate year-specific fishing mortality (Fy) and recruitment (Ry), 
often as deviations from a mean, R0, that may or may not be a function of 
spawning biomass, e.g. logRy = logR0 + ϵy. The main reason that other 
parameters are assumed constant is simply that there are not enough 
degrees of freedom to estimate many time-varying parameters. A com
mon solution is to penalize the deviations, e.g. ϵy ∼ 𝒩(0,σ2

ϵ ), although 
the penalty terms, σ2

ϵ , must be fixed or iteratively tuned and are there
fore somewhat subjective (Aeberhard et al., 2018; Methot and Taylor, 
2011; Methot and Wetzel, 2013; Xu et al., 2020). State-space models 
that treat parameters as unobserved states can, in principle, avoid such 
subjectivity by estimating the penalty terms as variance parameters 
constraining random effects and maximizing the marginal likelihood 
(Thorson, 2019). In this way, state-space models can allow processes to 
vary in time while simultaneously estimating fewer parameters. 

Although state-space stock assessments have existed for some time 
(Gudmundsson, 1994; Mendelssohn, 1988; Sullivan, 1992), the recent 
development of Template Model Builder (TMB, Kristensen et al., 2016) 
software to perform efficient Laplace approximation has greatly 
expanded their use (Cadigan, 2016; Miller et al., 2016; Nielsen and Berg, 
2014). In addition to the key advantage of objectively estimating vari
ance, or “data weighting”, parameters, state-space models naturally 
predict unobserved states, and therefore handle missing data and 
short-term projections in a straightforward way (ICES, 2020). In com
parisons with SCAA models, state-space models have been shown to 
have larger, more realistic, uncertainty and lower retrospective bias 
(Miller and Hyun, 2018; Stock et al., 2021). 

Retrospective bias can occur when changing environmental condi
tions lead to changes in productivity that are unaccounted for in stock 
assessments, and this is a concern common to several groundfish stocks 
on the Northeast U.S. Shelf (Brooks and Legault, 2016; Tableau et al., 

2018). The Northeast U.S. Shelf ecosystem is rapidly changing, and this 
has motivated managers to make the “continue[d] development of stock 
assessment models that include environmental terms” a top priority 
(Hare et al., 2016). Applications of state-space models with environ
mental effects on recruitment, growth, M, and maturity have proven 
promising (Miller and Hyun, 2018; Miller et al., 2018; O’Leary et al., 
2019; Xu et al., 2018). In addition to providing short-term (1–3 years) 
catch advice with reduced retrospective bias, it is hoped that 
environment-linked assessments will help create realistic evaluation of 
sustainable stock and harvest levels in the medium-term (3–10 years) for 
stocks that have not rebounded in response to dramatic decreases in F. 

To address the needs of fisheries management in a changing climate, 
we seek an assessment framework that combines both the empirical and 
mechanistic approaches. Namely, it should be able to (1) estimate time- 
varying parameters as random effects (i.e. a state-space model), and (2) 
include environmental effects directly on biological parameters. The 
framework should also allow for easy testing against status quo SCAA 
models to ease gradual adoption through the “research track” or 
“benchmark” assessment process (Lynch et al., 2018). The objectives of 
this manuscript are to introduce the Woods Hole Assessment Model 
(WHAM) framework and demonstrate its ability to:  

1. estimate time- and age-varying random effects on annual changes in 
abundance at age, M, and selectivity;  

2. fit environmental time-series with process and observation error, 
missing data, and a link to a population process;  

3. project processes treated as random effects in short-term population 
forecasts; and  

4. simulate new data and random effects to conduct self- and cross-tests 
(sensu Deroba et al., 2015) to estimate bias in parameters and derived 
quantities. 

Throughout, we describe how the above are implemented using the 
open-source WHAM software package (Miller and Stock, 2020). 

2. Methods 

2.1. Model description 

WHAM is a generalization and extension of Miller et al. (2016) in 
TMB. It is in many respects similar to the Age-Structured Assessment 
Program (ASAP, Legault and Restrepo, 1998; Miller and Legault, 2015) 
and can be configured to fit statistical catch-at-age models nearly 
identically. There is functionality built into WHAM to migrate ASAP 
input files to R inputs needed for WHAM, and WHAM uses many of the 
same types of data inputs, such as empirical weight-at-age, so that 
existing assessments in the U.S. Northeast can be easily replicated and 
tested against models with state-space and environmental effects in a 
single framework. 

2.1.1. Processes with random effects 
WHAM primarily diverges from ASAP through the implementation 

of random effects on three processes: inter-annual transitions in 
numbers at age (NAA), natural mortality (M), and selectivity (s), as well 
as allowing effects of environmental covariates (Ecov) on recruitment 
and natural mortality (but see ASAP4; Miller and Legault, 2015). The 
environmental covariates and their observations are part of the 
state-space framework with true, unobserved values treated as random 
effects and observation on them having error. Other than environmental 
covariates, the processes are assumed to have a two dimensional (2D) 
first-order autoregressive, AR(1), covariance structure over age and 
year, although correlation in either or both dimensions can be turned 
off. The 2D AR(1) structure has been widely used to model deviations by 
age and year in the parameters Fa,y (Kumar et al., 2020; Nielsen and 
Berg, 2014; Perreault et al., 2020), Ma,y (Cadigan, 2016; Stock et al., 
2021), sa,y (Xu et al., 2019), and Na,y (Stock et al., 2021), as well as in the 
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catch (Ca,y) and survey index (Ia,y) observations (Berg and Nielsen, 
2016). Although other covariance structures are plausible (e.g. com
pound symmetry, unconstrained, or order-k autoregressive; Nielsen and 
Berg, 2014; Berg and Nielsen, 2016), the 2D AR(1) structure is a simple 
option which requires few parameters and allows for smooth deviations 
in time and by age; values for nearby years and ages are more correlated 
than distant ones. This is often a reasonable null hypothesis for biolog
ical or fishery processes, but there are also clear examples where change 
occurs abruptly, e.g. a disease outbreak increases M or changes in gear or 
area regulations affect selectivity (ICES, 2017a). 

2.1.1.1. Numbers at age (NAA). The stock equations in WHAM that 
describe the transitions between numbers at age are identical to Nielsen 
and Berg (2014) and Miller et al. (2016): 

logNa,y =

⎧
⎨

⎩

log
(
f (SSBy− 1)

)
+ ε1,y, if a = 1

log
(
Na− 1,y− 1

)
− Za− 1,y− 1 + εa,y, if 1 < a < A

log
(
NA− 1,y− 1e− ZA− 1,y− 1 + NA,y− 1e− ZA,y− 1

)
+ εA,y, if a = A

(1)  

where Na,y are the numbers at age a in year y, Z is the total mortality rate 
(F + M), f is the stock-recruit function (for options see Appendix A), and 
A represents the plus-group. The εa,y deviations are akin to survival, 
which is clearly related to Ma,y, but they can also be caused by mis- 
specification of selectivity of the fishery or indices, movement into or 
out of the population, or misreported catch (Gudmundsson and Gunn
laugsson, 2012; Perretti et al., 2020; Schnute and Richards, 1995; Stock 
et al., 2021). In this analysis we consider the SCAA model, “Base”, and 
then examine four possible models that treat the εa,y deviations as 
random effects. 

Base is a SCAA model, which estimates recruitment deviations, ε1,y, 
in each year y > 1 as unconstrained fixed effect parameters. The NAA 
deviations for ages a > 1 are fixed at zero so that transitions are 
deterministic. 

NAA-1 is most similar to Base, where only recruitment deviations, 
ε1,y, are estimated. However, in NAA-1 the recruitment deviations are 
assumed to be independent and identically distributed (IID) random 
effects, 

ε1,y ∼ 𝒩

(

−
σ2

R

2
, σ2

R

)

,

with variance σ2
R as an estimated parameter. The − σ2

R
2 bias correction 

term is included by default so that the expected recruitment, E(N1,y =

Ry) equals the expected Ry from the stock-recruit function (Methot and 
Taylor, 2011; Thorson, 2019). This bias correction adjustment can also 
be turned off. 

NAA-2 is the same as NAA-1, except that the recruitment deviations 
are stationary AR(1) with autocorrelation parameter − 1 < ρyear < 1: 

ε1,y+1 ∼ 𝒩

(

ρyearε1,y −
σ2

R

2(1 − ρ2
year)

, σ2
R

)

NAA-3 is the “full state-space” model from Nielsen and Berg (2014) 
and Miller et al. (2016), where all numbers at age are independent 
random effects and: 

εa,y ∼

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

𝒩

(

−
σ2

R

2
, σ2

R

)

, if a = 1

𝒩

(

−
σ2

a

2
, σ2

a

)

, if a > 1

(2)  

where σ2
a for all ages a > 1 are assumed to be the same but different from 

age a = 1, i.e. recruitment. This assumption is sensible because vari
ability of deviations between expected and realized recruitment are 
typically larger than deviations from expected abundance at older ages. 

NAA-4 treats the numbers at all ages as random effects, as in NAA-3, 
but the NAA deviations, εa,y, have a 2D stationary AR(1) structure as in 
Stock et al. (2021): 

E ∼ ℳ𝒱𝒩(0,Σ)

where E = (ε1,1,…, ε1,Y− 1, ε2,1,…, ε2,Y− 1,…, εA,1,…, εA,Y− 1)
′

is a vector 
of all NAA deviations, Y is the total number of observation and predic
tion years, and Σ is the covariance matrix of E defined by: 

Cov
(
εa,y, ε̃a,̃y

)
=

σaσ̃aρ|a− ã|
age ρ|y− ỹ|

year
(

1 − ρ2
age

)(
1 − ρ2

year

)

and − 1 < ρage < 1 and − 1 < ρyear < 1 are the AR(1) coefficients in age 
and year, respectively. As in NAA-3, σ2

a for all ages a > 1 are assumed to 
be the same but different from age a = 1, σ2

R. The bias correction term 

for age a > 1 in NAA-4 is − σ2
a

2(1− ρ2
year)(1− ρ2

age)
. 

2.1.1.2. Natural mortality (M). For natural mortality, there are mean 
parameters for each age, μMa

, each of which may be estimated freely or 
fixed at the initial values. The μMa 

may also be estimated in sets of ages, 
e.g. estimate one mean M shared across ages 3–5, μM3

= μM4
= μM5

. 
There is also an option for M to be specified as a function of weight-at- 
age, Ma,y = μMWb

a,y, as in Lorenzen (1996) and Miller and Hyun (2018). 
Regardless of whether μMa 

are fixed or estimated, WHAM can also be 
configured to estimate deviations in M, δa,y, as random effects analogous 
to the NAA deviations (Cadigan, 2016; Stock et al., 2021): 

log
(
Ma,y

)
= μMa

+ δa,y

Cov
(
δa,y, δ̃a,̃y

)
=

σ2
Mφ|a− ã|

age φ|y− ỹ|
year

(
1 − φ2

age

)(
1 − φ2

year

)
(3)  

where σ2
M, φage, and φyear are the AR(1) variance and correlation co

efficients in age and year, respectively. 
In this analysis, we demonstrate three alternative M random effects 

models. For simplicity, all models treat μMa 
as known, as in most of the 

original assessments. M-1 is identical to the NAA-1 model, with no 
random effects on M (δa,y = 0 and not estimated). M-2 allows IID M 
deviations, estimating σ2

M but fixing φage = φyear = 0. M-3 estimates the 
full 2D AR(1) structure for M deviations. 

2.1.1.3. Selectivity (Sel). As in ASAP and many other SCAA assessment 
frameworks, WHAM assumes separability in the fishing mortality rate 
by age and year, e.g. Fa,y = Fysa, where Fy is the “fully selected” fishing 
mortality rate in year y and sa is the selectivity at age a. We note that this 
differs from the approach in SAM (Nielsen and Berg, 2014), where the 
Fa,y are estimated directly as multivariate random effects without the 
separability assumption. Three parametric forms are available (logistic, 
double-logistic, and decreasing-logistic), as well as a non-parametric 
option to estimate each sa individually (“age-specific”). WHAM esti
mates selectivity parameters on the logit scale to avoid boundary 
problems during estimation. To allow for abrupt temporal changes in 
selectivity as in ASAP, WHAM can estimate selectivity in user-specified 
time blocks. WHAM can also estimate smooth changes in selectivity 
using autoregressive random effects as described below. 

WHAM estimates annual full Fy and mean selectivity parameters as 
fixed effects. Deviations in selectivity parameters can be estimated as 
random effects, ζp,y, with autocorrelation by parameter (p), year (y), 
both, or neither. This is done similarly to Xu et al. (2019), except that the 
deviations are placed on the parameters instead of the mean sa,y in order 
to guarantee that 0 < sa,y < 1. For example, logistic selectivity with two 
parameters a50 and k is estimated as: 
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sa,y =
1

1 + e− (a− a50y )/ky

a50y = la50 +
ua50 − la50

1 + e− (ν1+ζ1,y)

ky = lk +
uk − lk

1 + e− (ν2+ζ2,y)

Cov
(
ζ1,y, ζ2,̃y

)
=

σ2
s ϕparϕ

|y− ỹ|
year

(
1 − ϕ2

par

)(
1 − ϕ2

year

)

(4)  

where ν1 is the logit-scale mean a50 parameter with lower and upper 
bounds la50 and ua50 , ν2 is the logit-scale mean k parameter with lower 
and upper bounds lk and uk, σ2

s is the AR(1) variance, and ϕpar, and ϕyear 

are the AR(1) correlation coefficients by parameter and year. 
Below, we demonstrate three models with random effect deviations 

on logistic selectivity, akin to those for M. Sel-1 treats all numbers at age 
as independent random effects (i.e. NAA-3) but with no random effects 
on s (ζp,y = 0 and not estimated). Sel-2 allows IID s random effects, 
estimating σ2

s but fixing ϕpar = ϕyear = 0. Sel-3 estimates the full 2D AR 
(1) structure for s random effects. 

2.1.1.4. Environmental covariates (Ecov). WHAM models environmental 
covariate data using state-space models with process and observation 
components. The true, unobserved values (or “latent states”, Xy) are 
then linked to the population dynamics equations with user-specified 
lag, ψ . For example, recruitment in year y may be influenced by X in 
the previous year, Xy− 1 (ψ = 1), while natural mortality in year y may be 
influenced by Xy (ψ = 0). Multiple environmental covariates may be 
included, but currently only as independent processes. The environ
mental and population model years do not need to match, and missing 
years are allowed. In particular, including environmental data in the 
projection period can be useful. 

2.1.1.4.1. Ecov process model. There are currently two options in 
WHAM for the Ecov process model: a normal random walk and AR(1). 
We model the random walk as in Miller et al. (2016): 

Xy+1|Xy ∼ 𝒩
(
Xy, σ2

X

)

where σ2
X is the process variance and X1 is estimated as a fixed effect 

parameter. One disadvantage of the random walk is that it is nonsta
tionary. In short-term projections, X̂y will be equal to the last estimate 
with an observation and the uncertainty of X̂y will increase over time. If 
X̂y influences the dynamices of the population and reference points, this 
leads to increasing uncertainty in projections of the stock and status over 
time as well (Miller et al., 2016). For this reason, we generally prefer to 
model Xy as a stationary AR(1) process as in Miller et al. (2018): 

X1 ∼ 𝒩

(

μX ,
σ2

X

1 − ϕ2
X

)

Xy ∼ 𝒩
(
μX(1 − ϕX) + ϕXXy− 1, σ2

X

)
(5)  

where μX, σ2
X, and |ϕX| < 1 are the marginal mean, conditional variance, 

and autocorrelation parameters. In addition to stationarity, another 
important difference between the random walk and AR(1) in short-term 
population projections is that the AR(1) will gradually revert to the 
mean over time, unless environmental covariate observations are 
included in the projection period. 

2.1.1.4.2. Ecov observation model. The environmental covariate ob
servations, xy, are assumed to be normally distributed with mean Xy and 
variance σ2

xy
: 

xy|Xy ∼ 𝒩
(

Xy, σ2
xy

)

The observation variance in each year, σ2
xy

, can be treated as known 
with year-specific values (as in Miller et al., 2016) or one overall value 
shared among years. They can also be estimated as parameters, likewise 
either as yearly values or one overall value. If yearly σ2

xy 
estimates are 

desired, WHAM estimates the hyperparameters μσx 
and σσx as fixed ef

fects and treats the σ2
xy 

as random effects: 

σ2
xy
∼ 𝒩

(
μσx

, σ2
σx

)

2.1.1.4.3. Link to population. WHAM currently provides options to 
link the modeled environmental covariate, Xy, to the population dy
namics via recruitment or natural mortality. It is also sometimes useful 
to fit the Ecov model without a link to the population dynamics so that 
models with and without environmental effects have the same data in 
the likelihood and can be compared via AIC. 

In the case of recruitment, the options follow the framework laid out 
by Fry (1971) and Iles and Beverton (1998): “controlling” (densi
ty-independent mortality), “limiting” (carrying capacity effect, e.g. Xy 
determines the amount of suitable habitat), “lethal” (threshold effect, i. 
e. Ry goes to 0 at some Xy value), “masking” (Xy decreases dR/dSSB, as 
expected if Xy affects metabolism or growth), and “directive” (e.g. 
behavioral). Of these, WHAM currently allows controlling, limiting, or 
masking effects in the Beverton-Holt stock-recruit function, and con
trolling or masking effects in the Ricker function (see Appendix A for all 
equations). 

For natural mortality, environmental effects are placed on μM, shared 
across ages by default. This is the simplest assumption; linking an 
environmental covariate to M affects M at all ages identically, i.e. Ma,y =

μMa
eβXy− ψ . This could be modified in the future to estimate different ef

fects on different ages by changing β from a scalar to a vector of βa. 
Regardless of where the environment-population link is, the effect 

can be either linear or polynomial. Nonlinear effects of environmental 
covariates are common in ecology, and quadratic effects are to be ex
pected in cases where intermediate values are optimal (Agostini et al., 
2008; Brett, 1971). WHAM includes a function to calculate orthogonal 
polynomials in TMB, akin to the poly() function in R. Orthogonal 
polynomials remove correlation between covariates, e.g. X and X2, 
which improves estimability and allows for straightforward evaluation 
of the significance of adding X2 to a model that includes X. 

In this analysis, we compare five models with limiting effects on 
Beverton-Holt recruitment: 

R̂y+1 =
αSSBy

1 + eβ0+β1Xy+β2X2
y SSBy

(6)  

where SSBy is spawning stock biomass in year y, α and β0 are the 
standard parameters of the Beverton-Holt function, and β1 and β2 are 
polynomial effect terms that modify β0 based on the value of the esti
mated environmental covariate, Xy. Eq. (6) is one of several stock-recruit 
functions with environmental links implemented in WHAM (see Ap
pendix A for complete list). 

Ecov-1 treats Xy as a random walk (ϕX = 1) but does not include an 
effect on recruitment (β1 = β2 = 0). We include Ecov-1 in order to 
compare AIC of the original model to those with environmental effects 
on recruitment. Ecov-2 and Ecov-3 also treat Xy as a random walk, but 
Ecov-2 estimates β1 and Ecov-3 estimates both β1 and β2. Ecov-4 and 
Ecov-5 estimate Xy as an AR(1) process instead of a random walk (es
timate ϕX), and Ecov-4 estimates β1 and Ecov-5 estimates both β1 and β2. 

2.1.2. Population observation model 
Like ASAP, there are likelihood components for annual aggregate 

catch and relative abundance observations for each fleet and index, and 
annual age compositions for each fleet and index. 

2.1.2.1. Aggregate catch and indices. The predicted catch at age for fleet 
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i, Ĉa,y,i, is a function of Na,y, Ma,y, Fy,i, and sa,y,i: 

Ĉa,y,i = Na,y
(
1 − e− Za,y

)Fa,y,i

Za,y
. (7) 

The log-aggregate catch Ĉy,i =
∑

a Ĉa,y,iWa,y,i observation, where Wa,y,i 

is the empirical weight at age, is assumed to have a normal distribution 

log(Cy,i) ∼ 𝒩

(

log(Ĉy,i) −
σ2

Cy,i

2
, σ2

Cy,i

)

(8)  

where the standard deviation 

σCy,i = eηi σ
C̃y,i  

is a function of an input standard deviation σ
C̃y,i 

and a fleet-specific 

parameter ηi that is fixed at 0 by default, but may be estimated. The 

bias correction term, −
σ2

Cy,i
2 , is included by default based on Aldrin et al. 

(2020) but can be turned off. 
Observations of aggregate indices of abundance are handled identi

cally to the aggregate catch as in Eq. (8) except that for index i the 
predicted index at age is 

Î a,y,i = qisa,y,iNa,yWa,y,ie− Za,y fy,i . (9)  

where qi is the catchability and fy,i is the fraction of the annual time step 
elapsed when the index is observed. There are options for indices to be in 
terms of abundance (numbers) or biomass and Wa,y,i = 1 for the former. 

2.1.2.2. Catch and index age composition. WHAM includes several op
tions for the catch and index age compositions, including the multino
mial (the default to match ASAP), Dirichlet, Dirichlet-multinomial 
(Thorson, 2019), and logistic normal (Aitchison and Shen, 1980; 
Schnute and Haigh, 2007) distributions (Appendix B). Although the 
multinomial has been commonly used in stock assessment, it is generally 
inferior to more flexible options that are self-weighting and allow for 
correlations, such as the Dirichlet and logistic normal (Francis, 2014). 
We therefore assumed a logistic normal distribution for age composition 
observations in all of the applications and simulation studies here. 

2.1.3. Projections 
The default settings for short-term projections follow common 

practice for stock assessments in the U.S. Northeast: the population is 
projected three years using the average selectivity, maturity, weight, 
and natural mortality at age from the last five model years to calculate 
reference points (NEFSC, 2020a). WHAM implements similar options as 
ASAP for specifying Fy in the projection years: terminal year Fy, average 
F over specified years, FX% (F at X% SPR, where X is specified and 40 by 
default), user-specified Fy, or F derived from user-specified catch. For all 
options except user-specified Fy, the uncertainty in projected F is prop
agated into the uncertainty of projected population attributes. For 
models with random effects on NAA, M, or Ecov, the default is to 
continue the stochastic process into the projection years. WHAM does 
not currently do this for selectivity because, like F, it is a function of 
management. Instead, selectivity is taken as the average of recent model 
years. 

The decision whether or not to continue autocorrelated processes 
into the projection years is important because it can substantially affect 
short-term SSB forecasts (Stock et al., 2021). This occurs because any 
non-zero NAA or M deviations near the end of the assessment are 
propagated into the projection period. 

If the Ecov data extend beyond the population model years, WHAM 
will fit the Ecov model to all available data and use the estimated Xy in 
projections. This may often be the case because lags can exist in both the 
physical-biological mechanism and the assessment process. As an 
example, a model with an Ecov effect on recruitment may link physical 
oceanographic conditions, e.g. surface or bottom temperature, in year t 
to recruitment in year t+ 1, and the assessment conducted in year t may 
only use population data through year t − 1. In this case, 3-year popu
lation projections only need the Ecov model to be projected one year. 
While the default handling of Ecov projections is to continue the sto
chastic process, WHAM includes options to use terminal year xy, xy 

averaged over specified years, or specified xy. The option to specify xy 

allows users to investigate how alternative climate projections may 
affect the stock. 

2.2. Fits to original datasets 

We fit the models described above to data from five stocks with a 

Table 1 
Model descriptions and estimated parameters. Parameter descriptions and equations are given in text. Note that the base model in the M module is NAA-1, and the base 
model in the Selectivity and Ecov-Recruitment modules is NAA-3. Ecov-1 fits the Cold Pool Index data and estimates σx in order to allow comparison to Ecov-2 through 
Ecov-5 using AIC (same data needed in likelihood).  

Model Description Parameters estimated No. 

Numbers-at-age (NAA) 
Base Recruitment deviations are fixed effects Ry for y > 1  nyears − 1  
NAA-1: Indep. Ry  Recruitment deviations are independent random effects σR  1 
NAA-2: AR(1) Ry  Recruitment deviations are autocorrelated, AR(1), random effects σR , ρyear  2 
NAA-3: Indep. Na,y  All NAA deviations are independent random effects σR , σa  2 
NAA-4: 2D AR(1) Na,y  All NAA deviations are random effects with correlation by year and age, 2D AR(1) σR , σa, ρyear, ρage  4 

Natural mortality (M) 
M-1: None No random effects on M  σR  1 
M-2: Indep. M deviations are independent random effects  σR , σM  2 
M-3: 2D AR(1) M deviations are random effects with correlation by year and age, 2D AR(1)  σR , σM, φyear, φage  4 

Selectivity (Sel) 
Sel-1: None No random effects on selectivity σR , σa  2 
Sel-2: Indep. Selectivity deviations are independent random effects σR , σa, σSel  3 
Sel-3: 2D AR(1) Selectivity deviations are random effects with correlation by year and parameter σR , σa, σSel, ϕyear, ϕpar  5 

Ecov-Recruitment (Ecov) 
Ecov-1: RW-none Ecov: random walk (RW), effect on β: none  σR , σa, σx  3 
Ecov-2: RW-linear Ecov: random walk (RW), effect on β: linear  σR , σa, σx, β1  4 
Ecov-3: RW-poly Ecov: random walk (RW), effect on β: 2nd order polynomial (poly)  σR , σa, σx, β1, β2  5 
Ecov-4: AR(1)-linear Ecov: autocorrelated, AR(1), effect on β: linear  σR , σa, σx, ϕx, β1  5 
Ecov-5: AR(1)-poly Ecov: autocorrelated, AR(1), effect on β: 2nd order polynomial (poly)  σR , σa, σx, ϕx, β1, β2  6  
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broad range of life history, status, and model dimension (number of ages 
and years): Southern New England-Mid Atlantic (SNEMA) yellowtail 
flounder, butterfish, North Sea cod, Icelandic herring, and Georges Bank 
(GB) haddock (Tables 1 and 2 ). We assumed the same form of logistic 
normal for SNEMA yellowtail flounder age composition observations as 
Miller et al. (2016) where unobserved ages are pooled with adjacent 
ages, but for other stocks unobserved ages are treated as missing. The 
variance parameters associated with the logistic normal distributions 
were estimated for all stocks. 

Although WHAM can treat multiple processes as random effects 
simultaneously (e.g. NAA and M; Stock et al., 2021), here we only fit 
alternate models for one process at a time for simplicity. We fit the NAA 
random effects models to all five stocks since these represent core 
WHAM functionality. We chose to highlight one stock each for the M, 
Sel, and Ecov processes because all models did not converge for all stocks 
and processes: SNEMA yellowtail flounder (M and Ecov) and GB haddock 
(Sel). We fixed μMa 

at the values used in the original assessments, except 
for butterfish where it estimated in the assessment. Aside from the GB 
haddock Sel models, we used the same selectivity parameterization and 
time blocks as in the original assessments. We used the NAA-3 model (all 
NAA deviations are random effects) in the Sel and Ecov demonstrations, 
but the NAA-1 model (only recruitment deviations are random effects) 
for the M demonstrations, because deviations in the NAA transitions can 
be caused by unmodeled deviations in M. For the SNEMA yellowtail 
flounder Ecov models, we used the Cold Pool Index (CPI) as calculated in 
Miller et al. (2016). We updated the CPI through 2018, except that the 
2017 observation was missing because the NEFSC fall bottom trawl 
survey was not completed in the SNEMA region. Within each process, we 
compared the performance of the different random effects models using 
AIC. 

We fit all models using the open-source statistical software R (R Core 
Team, 2020) and TMB (Kristensen et al., 2016), as implemented in the R 
package WHAM (Miller and Stock, 2020). Documentation and tutorials 
for how to specify additional random effect structures in WHAM are 
available at https://timjmiller.github.io/wham/. Code and data files to 
run the analysis presented here are available at https://github.com/b 
rianstock-NOAA/wham-sim. 

2.3. Simulation tests 

After fitting each model to the original datasets, we used the simu
lation feature of TMB to conduct self- and cross-tests (sensu Deroba et al., 
2015). For each model, we generated 100 sets of new data and random 
effects, keeping the fixed effect parameters constant at values estimated 
in original fits. We then re-fit all models to datasets simulated under 
each as an operating model. We calculated the relative error in param
eters constraining random effects (Table 1) and quantities of interest, 
such as spawning stock biomass (SSB), F, B

B40%
, F

F40%
, and R. We calculated 

relative error as θ̂i
θi
− 1, where θi is the true value for simulated dataset i 

and θ̂ i is the value estimated from fitting the model to the simulated 
data. To estimate bias of each estimation model for a given operating 
model, we calculated 95% confidence intervals of the median relative 
error using the binomial distribution (Thompson, 1936). To summarize 
the bias across simulations and years for each model, we calculated the 
median quantity across years and took the mean of the medians across 
simulations. Finally, for each operating model we calculated the pro
portion of simulations in which each estimation model converged and 
had the lowest AIC. 

3. Results 

3.1. Original datasets 

The 2D AR(1) covariance structure for random effects on NAA, M, 
and selectivity performed well across stocks and processes, evidenced by 
lower AIC than the IID random effects models (Fig. 1). This AIC differ
ence was larger for selectivity than NAA or M, but the differences for 
NAA and M were also non-trivial, ranging from 11.1–53.2. Incorporating 
random effects on NAA, M or selectivity did not have consistently pos
itive or negative effects on key assessment model output (SSB, F, or 
recruitment); these effects differed by stock and process (Figs. S1–S10). 
One pair of 2D AR(1) covariance parameters, σ and ρyear, was consis
tently estimated with negative correlation across all stocks and pro
cesses, − 0.43 on average. All other pairwise combinations of the 

Table 2 
Stocks used in simulation tests.  

Stock Processes tested Model dim Biol. par. Stock status Source  

NAA M Sel Ecov # Ages # Years M  σR  B
B40  

F
F40   

SNEMA yellowtail flounder x x  x 6 49 0.2–0.4 1.67 0.01 0.44 NEFSC (2020a) 
Butterfish x x   5 31 1.3 0.23 2.57 0.03 NEFSC (2020b) 
North Sea cod x x   6 54 0.2–1.2 0.87 0.14 2.00 ICES (2017a) 
Icelandic herring x    11 30 0.1 0.55 0.40 1.81 ICES (2017b) 
Georges Bank haddock x  x  9 86 0.2 1.65 5.16 0.12 NEFSC (2020a)  

Fig. 1. AIC differences by model and stock when fit to original datasets. Random effects were only used for one process at a time (numbers at age, natural mortality, 
selectivity, and recruitment linked to the Cold Pool Index, CPI). Stock abbreviations: SNEMA yellowtail flounder (SNEMAYT), North Sea cod (NScod), Icelandic 
herring (ICEherring), and Georges Bank haddock (GBhaddock). 
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estimated 2D AR(1) parameters had correlation values less than 0.2 in 
magnitude. 

3.1.1. Numbers-at-age (NAA) 
Treating numbers at all ages as random effects was strongly sup

ported by AIC, compared to treating only recruitment deviations as 
random effects (Fig. 1). Including autoregressive NAA random effects 

was also generally supported by AIC, either the AR(1) when only 
recruitment deviations were random effects or the 2D AR(1) when all 
ages were random effects. Across the five stocks, models that treated all 
NAA as random effects (i.e. full state-space models) also had reduced 
retrospective pattern and increased uncertainty in SSB, F, and recruit
ment (Figs. 2 and 3 , Table S1). Including 2D AR(1) autocorrelation on 
NAA deviations further reduced retrospective patterns and increased 
uncertainty on average. 

The estimated AR(1) and IID random effects were similar, with the 
AR(1) random effects slightly smoothed compared to the IID random 
effects when the estimated correlations were positive (e.g. ρyear = 0.73, 
95% CI: 0.58–0.87, for Georges Bank haddock in Fig. 4). 

3.1.2. Natural mortality (M) 
As for the NAA models, including random effect deviations on M was 

supported by AIC (Fig. 1). Although the 2D AR(1) M model did not 
converge for North Sea cod, it had the lowest AIC for butterfish and 
SNEMA yellowtail flounder. The M-3 model with 2D AR(1) autocorre
lation estimated similar M deviations as the M-2 model, with smoothing 
when estimated correlations were positive (e.g. φyear = 0.63, 95% CI: 
0.31–0.94, and φage = 0.40, 95% CI: 0.09–0.70, for SNEMA yellowtail 
flounder in Fig. 5). Both M-2 and M-3 estimated elevated M for fish aged 
5–6+ and lower M for ages 2–3 for several years in the middle of the 
time-series, and then higher M for ages 1–3 at the end of the time-series. 

3.1.3. Selectivity (Sel) 
For Georges Bank haddock, including 2D AR(1) random effect de

viations on selectivity was strongly supported by AIC (Fig. 1). Sel-3 
estimated similar patterns in selectivity compared to Sel-2, except 
with smoother variations by age and year (Fig. 6). Compared to the 
model with constant selectivity, Sel-2 and Sel-3 estimated lower s for age 
3 in recent years and higher s for age 3 before 1990. They also estimated 
higher s for age 2 before 1990, especially from 1973 to 1976. 

3.1.4. Environmental covariate effect on recruitment (Ecov) 
As in previous analyses (Miller et al., 2016; Xu et al., 2018), 

including an effect of the CPI on recruitment for SNEMA yellowtail 
flounder was clearly supported by AIC (ΔAIC of 20.3–33.0 between 
Ecov-1 and Ecov-2 through Ecov-5, Fig. 1). The AR(1)-linear model 
(Ecov-4) had the lowest AIC—fitting the CPI using an AR(1) model was 
preferred over the random walk (ΔAIC of 12.7 between Ecov-2 and 

Fig. 2. Change in Mohn’s ρ relative to the statistical catch at age model (Base) for full state-space models (numbers at all ages are random effects, NAA-3 and NAA-4). 
Changes in Mohn’s ρ are shown for all five stocks (whisker and box ends and median line in boxplots). Reduction in Mohn’s ρR for SNEMA yellowtail flounder NAA-4 
is off chart. Mohn’s ρ values for all stocks and models are given in Table S1. 

Fig. 3. Mean change in coefficient of variation (CV) for key quantities in model 
and projection years for full state-space models (numbers at all ages are random 
effects, NAA-3 and NAA-4) relative to NAA-1. Boxplots show mean change in 
CV across years for all five stocks (whisker and box ends, median line). F was 
fixed at 0 in projection years. 
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Fig. 4. Abundance-at-age deviations estimated for Georges 
Bank haddock using alternative models of numbers-at-age 
(NAA) random effects. Base = a traditional statistical catch- 
at-age (SCAA) model. NAA-1 = only recruitment deviations 
are independent random effects (most similar to Base). NAA- 
2 = as NAA-1, but with autocorrelated recruitment deviations, 
AR(1). NAA-3 = all NAA deviations are independent random 
effects. NAA-4 = as NAA-3, but deviations are correlated by age 
(ρage = − 0.12, 95% CI: − 0.32–0.08) and year (ρyear = 0.73, 
95% CI: 0.58–0.87). The vertical dashed line indicates the 
terminal year in the assessment.   

Fig. 5. Natural mortality, log(M), estimated for Southern New England-Mid Atlantic yellowtail flounder using three random effects models. M-1 = no random effects 
on M. M-2 = independent M deviations. M-3 =M deviations are correlated by age (φage = 0.40, 95% CI: 0.09–0.70) and year (φyear = 0.63, 95% CI: 0.31–0.94). The 
vertical dashed line indicates the terminal year in the assessment. 
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Ecov-4), and the quadratic term, β2, was deemed unnecessary (ΔAIC of 
1.3 between Ecov-5 and Ecov-4). As expected, the AR(1) process model 
estimated higher uncertainty in years with higher observation error (e.g. 
1982–1992) and missing observations (2017, Fig. 7A). The CPI nega
tively influenced recruitment, i.e. R̂ was higher following years with 

lower CPI (lower fall bottom temperature, Fig. 7C). Including the 
CPI-recruitment link changed the estimates of Ry by up to 30%, but in 
most years the relative difference in Ry was less than 10% (Figs. 7B–C 
and S3). The relative differences in SSB and F were small, less than 4% in 
most years, compared to the influence from adding random effects on all 

Fig. 6. Selectivity estimated for Georges Bank haddock using three random effects models. Sel-1 = no random effects (constant logistic selectivity). Sel-2 = inde
pendent selectivity deviations. Sel-3 = selectivity deviations are correlated by parameter (ϕpar = 0.60, 95% CI: 0.30–0.80) and year (ϕyear = 0.87, 95% 
CI: 0.74–0.94). 

Fig. 7. Beverton-Holt stock-recruit relation
ships fit for Southern New England-Mid Atlantic 
yellowtail flounder, with and without effects of 
the Cold Pool Index (CPI). A) CPI estimated 
from the model with lowest AIC (Ecov-4, AR(1)- 
linear). Points are observations with 95% CI, 
and the line with shading is the model- 
estimated CPI with 95% CI. Note the 
increased uncertainty surrounding the CPI es
timate in 2017 (no observation). B) Estimates of 
spawning stock biomass (SSB), recruitment, and 
the stock-recruit function from the model 
without a CPI effect, Ecov-1. C) Estimates of 
SSB and recruitment from Ecov-4, with an effect 
of the CPI on β. Lines depict the expected stock- 
recruit relationship in each year y, given the 
CPI in year y − 1 (color).   
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NAA or M (Figs. S1–S3). 

3.2. Simulation tests 

Several findings were consistent across processes and stocks. When 
the estimation and operating model were consistent, bias of SSB, F, B

B40%
, 

F
F40%

, and R was generally less than 2% and not significant based on 
confidence intervals (Figs. 8–10 and S11–S16). Bias was also generally 
less than 2% when more complex models were fitted to less complicated 
operating model simulations (Fig. S17). In contrast, the bias was often 
greater than 5% when the estimation model was less complex than the 
operating model, especially when models without random effects were 
fit to data simulated from models with random effects (Fig. S17). Bias in 
SSB and F were always opposite, i.e. when SSB was biased high, F was 
biased low, and vice versa. Predicted catch was never biased. Bias of the 
variance and correlation parameters controlling random effects was 
generally not significant or negative, as expected using maximum like
lihood estimation (Figs. S18–S21). Restricted maximum likelihood 
(REML) should be used if more accurate estimation of these parameters 
is a priority. 

In cross-tests, the percentage of simulations in which AIC selected the 
correct model varied between 62–99% by process, stock, and operating 
model (Fig. 11). Estimation models more complex than the operating 
model were more likely to be chosen for NAA models than for M or 
selectivity. 

3.2.1. Numbers-at-age 
Across the five stocks, all NAA models estimated SSB, F, B

B40%
, F

F40%
, and 

R with minimal bias in self-tests (<2%, Fig. S17). An exception was the 
estimation of F for Icelandic herring, particularly for NAA-1 and NAA-2 
(median relative error in F with 95% CI for NAA-1: − 0.060 ( − 0.073, −
0.047), NAA-2: − 0.060 ( − 0.073, − 0.047), NAA-3: 0.015 ( − 0.004, 
0.034), and NAA-4: 0.049 (0.017, 0.080); Figs. S14 and S22–S24). The 
convergence rate for most models and stocks was above 95%, with the 
same exception of NAA-1 and NAA-2 for Icelandic herring (Fig. S25). In 
cross-tests, NAA-1 and NAA-2 exhibited non-trivial bias when esti
mating data simulated from models that treated numbers at all ages as 
random effects. The degree of bias varied by quantity and stock between 
− 25% and 25% (Figs. 8 and S11–S14). The more complex NAA models 
estimated all quantities without bias regardless of operating model. 

For four of the five stocks, σ2
R was estimated without bias in self-tests 

(Fig. S18). The exception was butterfish, for which σ2
R was negatively 

biased in NAA-1, NAA-2, and NAA-4 (but not NAA-3). In contrast, both 
NAA-3 and NAA-4 estimated σ2

a with negative bias for all five stocks. 
There was no consistent pattern in bias for the correlation parameters 
ρage and ρyear. 

3.2.2. Natural mortality 
SSB, F, B

B40%
, F

F40%
, and R were estimated without significant bias in 

self-tests, although less complex models exhibited bias when fit to data 
simulated from more complex models (Figs. 9 and S15–S17). 

As for the NAA models, σ2
R was estimated without bias in the M model 

Fig. 8. Relative error of key quantities estimated for Georges 
Bank haddock using four models of numbers-at-age (NAA) 
random effects. NAA-1 = only recruitment deviations are 
random effects (most similar to Base, a traditional statistical 
catch-at-age model), and deviations are independent. NAA- 
2 = as NAA-1, but with autocorrelated recruitment deviations. 
NAA-3 = all NAA deviations are independent random effects. 
NAA-4 = as NAA-3, but deviations are correlated by age and 
year. Points without lines indicate that 95% CI are smaller than 
the points.   
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self-tests (Fig. S18). σ2
M was biased low, φyear had no bias, and the di

rection of bias in φage was inconsistent. 

3.2.3. Selectivity 
Models with IID or 2D AR(1) s random effects estimated SSB, F, B

B40%
, 

F
F40%

, and R with little to no bias across operating models (Fig. 10). The 
model without s random effects, Sel-1, showed substantial bias when fit 
to data simulated from Sel-2 or Sel-3. For Georges Bank haddock, the 
variance and correlation parameters σ2

a , σ2
Sel, ϕyear, and ϕpar were all 

estimated with slight negative bias in self-tests of models with s random 
effects (Fig. S20). 

3.2.4. Ecov-recruitment 
The random walk CPI models estimated σ2

X with less bias than the AR 
(1) CPI models (Fig. S21). β0 was biased high in all models, although this 
was not significant for the model with lowest AIC (Ecov-4, AR(1)-linear). 
All models estimated the parameters ϕX, α, β1, and β2 without significant 
bias. 

4. Discussion 

4.1. Overview 

Our results suggest that the WHAM package can be a useful tool for 
stock assessment when environmental effects on recruitment, or 

Fig. 9. Relative error of key quantities estimated for Southern New England-Mid Atlantic yellowtail flounder using three models of natural mortality (M) random 
effects. M-1 = no random effects on M. M-2 = independent M deviations. M-3 = M deviations are correlated by age and year. Points without lines indicate that 95% CI 
are smaller than the points. 

B.C. Stock and T.J. Miller                                                                                                                                                                                                                    



Fisheries Research 240 (2021) 105967

12

stochastic changes in the numbers at age transitions, selectivity, or 
natural mortality are of interest. The simulation tests showed negligible 
or no bias in estimation of important assessment outputs (SSB, F, stock 
and harvest status) when the operating and estimation models matched. 
The less complex models, without random effects or autoregressive 
structure, exhibited some bias in cross-tests, while the more complex 
models did not. In these cases, bias in SSB and F were opposite such that 
predicted catch was unbiased. WHAM models with independent or 2D 
AR(1) random effect deviations performed well across stocks and pro
cesses, which suggests that they warrant consideration in future stock- 
specific studies. The 2D AR(1) covariance structure performed particu
larly well, generally having the lowest AIC and retrospective patterns 
(Figs. 1 and 2, Table S1) and outperforming the model with independent 

random effects in cross-tests (Figs. 8–11 and S11–S15). 

4.2. Limitations 

For simplicity, we only demonstrated alternative models for a single 
random effect process in each of our comparisons. WHAM can, however, 
treat multiple processes as random effects simultaneously. For SNEMA 
yellowtail flounder, Stock et al. (2021) found that models with process 
errors in both M and NAA converged and performed best by AIC and 
Mohn’s ρ. Models with 2D autocorrelation in either process were iden
tifiable and estimated similar F and SSB trends. Preliminary work on 
other stocks in the region have also shown this is possible. In general, 
which combinations of process errors are expected to work jointly is 

Fig. 10. Relative error of key quantities estimated for Georges Bank haddock using three models of selectivity random effects. Sel-1 = no random effects (constant 
logistic selectivity). Sel-2 = independent selectivity deviations. Sel-3 = selectivity deviations are correlated by parameter and year. Points without lines indicate that 
95% CI are smaller than the points. 
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difficult to say without testing different combinations. The answer is 
very likely to be stock-specific as well, depending on the information 
content in the data, number of ages and years, life history, and exploi
tation history. 

Due to the number of models and stocks we tested, we did not 
thoroughly examine diagnostics, such as residual patterns, for each 

model fit that would be checked in a full assessment. It is possible that 
doing so might lead to the rejection of some model configurations for 
some stocks. 

Further improvements could be made to the handling of age com
positions in WHAM. The current Dirichlet, Dirichlet-multinomial, and 
logistic normal options are more flexible than the multinomial distri
bution used in ASAP (Francis, 2014). Yet, extensions to the logistic 
normal are possible; most notably, additional correlation structures as in 
Francis (2014) and Martell and Lima (2015). 

Finally, some of the 2D AR(1) covariance parameters were estimated 
with negative bias, particularly σa (Figs. S18–S21). This is the expected 
direction of bias using maximum likelihood, and using REML instead 
would likely reduce it (Miller et al., 2018). This is relatively easy to do in 
WHAM, or more generally in TMB, by treating all parameters except the 
2D AR(1) covariance parameters as random effects. This directs TMB to 
use the Laplace approximation to integrate over the other fixed effect 
parameters (treated as random effects) with flat priors (Harville, 1974). 
We did not do this because it requires constructing and fitting the model 
in TMB a second time for each simulation. 

4.3. Relationships to other existing assessment model frameworks 

WHAM assumes separability in Fa,y, i.e. Fa,y = Fysa, and estimates 
annual full Fy as fixed effects and sa as constant or time-varying random 
effects with various autoregressive assumptions possible. Most other 
assessment frameworks in the U.S, e.g. ASAP, Stock Synthesis (Methot 
and Wetzel, 2013), an Assessment Model for Alaska (AMAK; Anon., 
2015), and the Beaufort Assessment Model (BAM; Williams and Shert
zer, 2015), make this same separability assumption which is useful for 
specifying a fully-selected F in projections to calculate reference points 
or generating catch advice. Estimating selectivity in time blocks is 
common practice in these frameworks. In contrast, SAM estimates Fa,y 

directly as a multivariate random walk process (Nielsen and Berg, 
2014). The autoregressive models for selectivity parameters under 
certain configurations of WHAM should allow for similar F at age pat
terns as in SAM. Stock Synthesis allows 2D AR(1) random effects on sa,y 

instead of the parameters, and then the variance parameter is estimated 
by an iterative tuning algorithm (Xu et al., 2019). It is unclear whether 
estimating time-varying selectivity as random effects produces better 
results than assuming time blocks, or if there are advantages to using any 
of the three approaches for estimating time-varying selectivity used by 
WHAM, SAM, or Stock Synthesis. 

Likewise, WHAM and the other U.S.-based assessment models treat 
catch, index, and composition observations differently than SAM. The U. 
S.-based assessment models treat aggregate and composition observa
tions separately for fisheries and indices whereas SAM treats observa
tions of catch and indices at age, Ca,y and Ia,y, as multivariate log-normal. 
Separate observation models for aggregate and composition observa
tions is natural when sampling for total catch differs from that for length 
and age composition. 

Like SAM, WHAM can estimate interannual transitions in NAA as a 
random walk processes, but WHAM can also be configured to treat these 
deviations as stationary autoregressive processes. Alternatively (or 
simultaneously, Stock et al., 2021) WHAM can estimate deviations in 
natural mortality as autoregressive processes like NCAM (Cadigan, 
2016). Uniquely, WHAM can model multiple environmental covariate 
time series as state-space processes and include their effects, possibly 
nonlinearly, in various ways on recruitment or natural mortality. 
Although most applications thus far investigate effects of physical pro
cesses on demographic parameters, indices of predation might also be 
considered (Marshall et al., 2019). 

4.4. Future use of WHAM 

The productivity of several groundfish stocks in the U.S. Northeast 

Fig. 11. Proportion of simulations in which each model had the lowest AIC. (A) 
Numbers-at-age (NAA), aggregated across all five stocks. (B) Natural mortality 
(M), aggregated over two stocks (SNEMAYT and butterfish). (C) Selectivity 
(GBhaddock). Not all estimation models converged for each simulation, even 
when the operating model matched (Fig. S25). 
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has declined in recent decades, and conducting assessments in WHAM 
with time-varying processes via random effects or environment- 
productivity links could account for these trends and potentially 
reduce retrospective bias (Perretti et al., 2017; Stock et al., 2021; Tab
leau et al., 2018). WHAM can be configured to fit SCAA models very 
similar to ASAP and therefore bridge between the two frameworks. 
Adding random effects or environmental covariates to an assessment 
model is a large structural change, and simulation self- and cross-tests 
such as we have demonstrated here should be conducted through the 
research track process (Lynch et al., 2018). If comparisons against status 
quo SCAA models prove favorable, WHAM could transition to being 
used in operational assessments. However, because the details of how to 
include time-varying processes, as well as the effect on the assessment 
output, will vary by stock, this evaluation may need to be conducted on a 
stock-by-stock basis. 

Random effects allow for changing productivity and, if they are 
considered as an autoregressive process, can propagate the effect of 
these changes on assessment output in short-term projections (Stock 
et al., 2021). However, the AR(1) process demonstrated here trends to 
the mean in projections and will not predict values beyond extremes in 
observed time-series. This is an issue worth examining because many 
marine ecosystems are changing to such extent that recent conditions 
are time-series extremes, and conditions in the near future may continue 
to expand the range of observations (e.g. sea surface temperatures over 
the U.S. Northeast Shelf in the last decade; Chen et al., 2020). More 
complex nonstationary time-series models such as autoregressive inte
grated moving average (ARIMA) that can forecast beyond observed 
values could be implemented. Nonlinear (e.g. splines) or double linear 
integration (Di Lorenzo and Ohman, 2013) techniques could also be 
worth pursuing, as well as time-delay embedding methods (Munch et al., 
2018, 2017), which not only allow for nonstationary dynamics but also 
do not require a specified functional form. The best approach to making 
stochastic projections of productivity responses to environmental con
ditions that are rapidly changing and at time-series extremes merits 
further research. 

In addition to the empirical (i.e. random effects) approach, it is worth 
considering the mechanistic approach (i.e. explicitly modeled links to 
environmental covariates) for a given stock whose recruitment or M is 
suspected to have shifted due to a clear, plausible hypothesized external 
influence. Several factors may result in a higher likelihood that the 
mechanistic approach is useful in an assessment: a history of overfishing 
(Free et al., 2019; but high F can also swamp the signal of an environ
mental influence, Haltuch and Punt, 2011), more rapid environmental 
change, stocks at the edge of species’ range, opportunistic (short-lived) 
species (sensu Winemiller and Rose, 1992), lower trophic level species, 
longer time series, periodic signals in which more than once cycle has 
been recorded (e.g. Pacific Decadal Oscillation and sardine), and 
stronger signals (wider ranges of observed stock status and environ
mental conditions) (Free et al., 2019; Haltuch et al., 2019; Haltuch and 
Punt, 2011; Marshall et al., 2019). Although developing mature mech
anistic hypotheses will take significant effort and collaboration with 
ecologists and oceanographers, these rules of thumb can guide re
searchers in prioritizing which stocks to investigate 
environment-productivity relationships. Our ability to forecast and 

understand oceanographic and climate variables continues to improve 
and increasingly will present opportunities for including well-founded 
mechanistic environmental effects in stock assessments (Tommasi 
et al., 2017). 

The perception of precision in model output such as projected pop
ulation biomass or catch advice is affected by whether productivity 
components are treated as either constant or stochastic processes 
(Figs. S1–S10), much like whether certain parameters are either fixed or 
estimated in traditional assessment models. Modeling frameworks such 
as WHAM allow the performance of these alternative models to be 
compared and when allowing temporal variation in productivity com
ponents is justified, the greater uncertainty in the assessment output is 
more realistic. Moreover, model uncertainty could be included in our 
perception of output uncertainty by fitting ensembles of WHAM models 
that represent alternative states of nature (Anderson et al., 2017; 
Möllmann et al., 2014). Finally, the simulation capabilities of WHAM 
can also be useful in situations where variation in productivity is hy
pothesized, but information to estimate this variation is unavailable. 
WHAM can be configured as an operating model to simulate plausible 
environmentally-driven changes in recruitment or M or plausible sto
chastic variation in order to estimate the sensitivity of status quo 
models. 

4.5. Conclusion 

A major present-day challenge in fisheries is to assess and manage 
stocks in a changing environment. We foresee environment-linked stock 
assessments becoming more feasible and realistic as fisheries and 
oceanographic time-series lengthen and our ecological understanding 
deepens. We have developed WHAM with this in mind. Finally, we note 
that the development of TMB has been a critical advance for fisheries 
assessment modeling frameworks such as WHAM, allowing us to rapidly 
fit models that treat population and environmental processes as time- 
varying random effects in a state-space framework. 
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Appendix A 

Table A1 lists the stock-recruit functions, f , available in WHAM, along with possible effects of a modeled environmental covariate, Xy. Note that the 
user must specify the lag, i.e. number of time steps, ψ , at which Xy affects recruitment (where ψ = 1 is common and indicates that Xy affects 
recruitment the following year). Then 

logRy ∼ 𝒩

(

log
[
f (SSBy− 1,Xy− ψ)

]
−

σ2
R

2
, σ2

R

)
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where SSBy− 1 is the spawning stock biomass in year y − 1. In Table A1, we have abbreviated SSBy− 1 to S and Xy− ψ to X. Each of the environmental 
effect terms, eγX, can be extended to include polynomials as in Eq. (6), i.e. eγ1X+γ2X2+…. 

The environment-recruitment link terminology follows Fry (1971) and Iles and Beverton (1998):  

• “controlling”: density-independent mortality,  
• “limiting”: carrying capacity effect, e.g. Xy determines the amount of suitable habitat,  
• “lethal”: threshold effect, i.e. Ry goes to 0 at some Xy value,  
• “masking”: Xy decreases dR/dSSB, as expected if Xy affects metabolism or growth, and  
• “directive”: e.g. behavioral. 

Appendix B 

Below we list the available age composition likelihood equations currently implemented in WHAM. For each dataset d and year y, the predicted 
proportion at age vector is p̂d,y and the observed proportion at age vector is p∗

d,y. The effective sample sizes, Neffd,y, are treated as fixed. The number of 
non-zero age classes, nd,y, youngest non-zero age class, a∗

d,y, and oldest non-zero age class, A∗
d,y, also vary by d and y. In the equations below, all d and y 

have been dropped for simplicity, i.e. they represent the likelihood of a single observed p∗
d,y for a given dataset and year. 

The predicted proportion vector is 

p̂d,y,a =
Ĉa,y,d

∑A
a=1 Ĉa,y,d  

if the dataset is catch, and 

p̂d,y,a =
Î a,y,d

∑A
a=1 Î a,y,d  

if the dataset is a survey, where Ĉa,y,d and ̂Ia,y,d are defined in Eqs. (7) and (9). 

B.1 Multinomial 

− logℒ(p̂|p∗,Neff) = Γ(Neff + 1) −
∑

a
Γ(p∗

aNeff + 1) +
∑

a
p∗

aNeff⋅logp̂a  

with no estimated parameters (age_comp = “multinomial”). 

B.2 Dirichlet-Multinomial 

− logℒ(p̂,ϕ|p∗,Neff) = Γ(Neff + 1) + Γ(ϕ) − Γ(Neff + ϕ) −
∑

a

[
Γ(p∗

aNeff + 1) − Γ(p∗
aNeff + ϕp̂a) + Γ(ϕp̂a)

]

where ϕ > 0 is an estimated parameter (age_comp = “dir-mult”). 

B.3 Dirichlet 

− logℒ(p̂,ϕ|p∗) = Γ(ϕ) −
∑

a

[
Γ(ϕp̂a) + (ϕp̂a − 1)logp∗

a

]

where ϕ > 0 is an estimated parameter (age_comp = “dirichlet”). 

Table A1 
Stock-recruit functions available in WHAM with possible environmental effects.  

Recruit model Environmental link  

None Controlling Limiting Masking 

Random walk Ry− 1     

Random about mean R0  eγXR0    

Beverton-Holt αS
1 + βS  

αSeγX

1 + βS  
αS

1 + βSeγX  
αS

eγX + βS  
Ricker αSe− βS  αSe− βS+γX   αSe− βS(1+γX)
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B.4 Logistic normal 

WHAM implements the logistic normal as in Miller et al. (2016). In a given year y and dataset (fishery or survey) d, the negative log-likelihood of 
the predicted proportion at age vector, p̂d,y, and observation error variance, τ2

d , given the observed proportion at age vector, p∗
d,y, is 

vd,y =
τ2

d

Neffd,y

− logℒ(p̂, v|p∗) =
n − 1

2
log(2πv) +

1
2v
∑n− 1

a=a∗

(

log
p∗

a

p∗
A∗

− log
p̂a

p̂A∗

)2  

where n, a∗, and A∗ are the number of non-zero age classes, and the youngest and oldest non-zero age classes in dataset d and year y (subscripts d and y 
dropped for simplicity). Neffd,y is an effective sample size that can scale the estimated observation error variance, τ2

d , for dataset d based on changes in 
sampling effort in time. Zero observations can either be pooled with adjacent non-zero age classes (age_comp = “logistic-normal-pool0”) or 
treated as missing (age_comp = “logistic-normal-miss0”). 

Appendix C. Supplementary data 

Supplementary data associated with this article can be found, in the online version, at https://doi.org/10.1016/j.fishres.2021.105967. 
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