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Implementing a generic method for bias correction in statistical models using
random effects, with spatial and population dynamics examples
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Abstract

Statistical models play an important role in fisheries science when reconciling ecological theory
with available data for wild populations or experimental studies. Ecological models increasingly
include both fixed and random effects, and are often estimated using maximum likelihood
techniques. Quantities of biological or management interest (“derived quantities™) are then often
calculated as nonlinear functions of fixed and random effect estimates. However, the
conventional “plug-in” estimator for a derived quantity in a maximum likelihood mixed-effects
model will be biased whenever the estimator is calculated as a nonlinear function of random
effects. We therefore describe and evaluate a new “epsilon” estimator as a generic bias-
correction estimator for derived quantities. We use simulated data to compare the epsilon-
method with an existing bias-correction algorithm for estimating recruitment in four
configurations of an age-structured population dynamics model. This simulation experiment
shows that the epsilon-method and the existing bias-correction method perform equally well in
data-rich contexts, but the epsilon-method is slightly less biased in data-poor contexts. We then
apply the epsilon-method to a spatial regression model when estimating an index of population
abundance, and compare results with an alternative bias-correction algorithm that involves
Markov-chain Monte Carlo sampling. This example shows that the epsilon-method leads to a
biologically significant difference in estimates of average abundance relative to the conventional
plug-in estimator, and also gives essentially identical estimates to a sample-based bias-correction
estimator. The epsilon-method has been implemented by us as a generic option in the open-
source Template Model Builder software, and could be adapted within other mixed-effects
modeling tools such as Automatic Differentiation Model Builder for random effects. It therefore
has potential to improve estimation performance for mixed-effects models throughout fisheries
science.

Keywords: random effects; mixed-effects model; Template Model Builder (TMB); stock
assessment; epsilon estimator; bias correction
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1. Introduction

Statistical models for the dynamics of wild populations are designed to reconcile available data
with ecological theory, and are often used to make predictions about future, historical, or
otherwise unobserved process or events (Hilborn and Mangel, 1997). For example, population
models are commonly used when evaluating trade-offs arising from management decisions, e.g.,
determining what level of fishery catch is consistent with long-term management objectives of
fishery stakeholders (Walters and Martell, 2004). Population models are also used to improve
insight regarding environmental trends at large spatial scales, e.g., detecting long-term trends in
abundance for populations of birds (Schaub et al., 2007).

Parameters in population dynamics models are often estimated by identifying the values of
parameters that maximize the “likelihood function”. The likelihood function is defined as the
probability that the observed data would arise given a hypothesized model and proposed set of
parameter values. Modern population models increasingly include a mix of random and fixed
effects, where random effects are assumed to arise from a random process and generally account
for non-independence in available data (Thorson and Minto, 2015). In particular, random effects
may be used to approximate spatial variation in population density and productivity (Kristensen
et al., 2014; Thorson et al., 2015b), variation in growth rates among individuals (Shelton et al.,
2013), and variation over time in survival rates (Minto et al., 2014). Random effects can also be
used to approximate more complicated stochastic processes, e.g., the unknown function
representing the relationship between population abundance and population growth or
recruitment (Munch et al., 2005; Thorson et al., 2014b).

Ecologists are often interested in predictions arising from population models, and these
predicted quantities may be a function of random effects. As one example, population
abundance could be calculated as the sum of density at multiple sites, where the logarithm of
density log(d;) at each site i is modeled as a normally-distributed random effect, i.e., log (d;) =
Yi, Where y;~N(u, 02) and p and o2 are the mean and variation of log-density among sites. In
this example, the random effect y; represents log-density at each site, and y; is transformed via a
nonlinear function (exponentiated) when calculating the derived variable of interest (site-specific
density). An ecologist might be interested in different “levels” of this hierarchical model, e.g.,
either the average density among sites u or the predicted density at any individual site d.

Whenever a random variable is transformed by a nonlinear function, the mean and variance
of the variable are also transformed. This is handled smoothly when estimating parameters using
Bayesian methods (i.e., given samples from the posterior probability of parameters) because the
value of the derived quantity can be calculated for each realization of the posterior distribution.
However, in maximum likelihood estimation, the derived quantity is frequently calculated using
a “plug-in” estimator, i.e., d; = exp(y;) where 7; is the estimate of log-density at site i, and d; is
the plug-in estimator for density. Given an unbiased estimate of log-density 7; in this example,
the plug-in estimator of density d; = exp(;) will be biased because the function exp(¥;) is
nonlinear. Previous research has developed methods to calculate the expected value of a derived
quantity for specific fisheries models. For example, Methot and Taylor (2011) developed an
algorithm to approximate the expected value of recruitment for marine populations, because
recruitment is often calculated as a nonlinear function of a random effect representing temporal
variation in survival of juvenile fish. Methot and Taylor (2011) note that their algorithm is not
necessary for a Bayesian model of recruitment, because the expected value can be calculated for
any nonlinear function given a set of samples from the posterior distribution of parameters.
However, most stock assessment models used for tactical management in the United States and

2
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elsewhere continue to use maximum likelihood estimation methods, so the Methot and Taylor
(2011) algorithm remains important for many stock assessment models.

Here we demonstrate a novel approach for approximating the expected value of a quantity
derived from random effects in a mixed-effects model. We first explain the theory of derived
quantities in more detail, and explain the proposed “epsilon” method. We then provide a
simulation experiment comparing the epsilon method with the previous Methot and Taylor
(2011) algorithm for the case of recruitment in population models for marine populations, using
four levels of data availability. We conclude by applying the epsilon method when estimating
expected population abundance using a spatial regression model and a real-world application.
This case study shows that the bias-corrected estimate from the epsilon method (and its estimated
variance) are similar to estimates from an alternative, sample-based bias-correction estimator.
We have implemented the epsilon method in the new Template Model Builder software (publicly
available at https://github.com/kaskr/adcomp), and it can be applied off-the-shelf to other mixed-
effects models.

2. Methods

2.1 Defining bias in maximum likelihood estimates of mixed-effects models

Fixed effects are parameters that are estimated by identifying which values maximize the
likelihood function, defined as the probability (likelihood) of obtaining the observed data given a
hypothesized value and proposed values for the fixed effects. By contrast, random effects are
treated as random variables, and therefore are represented by a distribution of possible values
where that distribution generally has a finite mean and variance. For mixed-effects models, the
marginal likelihood function is calculated by integrating across all possible values of the random
effects. Random effects are included in statistical models to account for situations in which
available data are not statistically independent (e.g., variation over time, space, or among
individuals), and mixed-effects models represent a generic approach for calculating the
covariation among data that arises from a hypothesized model (Thorson and Minto, 2015).
Values for random effects in maximum likelihood models can be predicted after fixed effects
have been estimated (we note that other authors sometimes refer to the task of predicting random
effects based on estimated fixed effects as “estimating” the random effects). Values for random
effects are generally predicted via “empirical Bayes” (de Valpine, 2009), i.e., by plugging in the
maximum likelihood estimate of fixed effects and then setting random effects to the mode or
mean of their conditional distribution. However, it is possible to estimate fixed effects by
maximizing the likelihood function without ever predicting the value of random effects. In the
following, we are concerned with providing unbiased predictions of quantities that are calculated
as a nonlinear function of random effects, and this in no way affects the estimates of fixed effects
that arise from maximum likelihood estimation.

Maximum likelihood estimates of fixed effects are generally “consistent”, i.e., will converge
to their true value given that samples sizes increase indefinitely (given reasonable conditions and
that the model is correct; see Gelman et al. (2003, pg. 107-111)). By contrast, Empirical Bayes
predictions of random effects are not generally consistent. Instead, additional data will often
result in an increase in the number of random effects that must be predicted, thus maintaining a
constant ratio of data per random effect.

Despite providing a consistent estimate of fixed effects, maximum likelihood estimates may

be biased. An estimator 8 of parameter 6 is said to be biased if E[é] — 6 # 0 for a given sample
size, and maximum likelihood estimates are often biased given small sample size. Bias-
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correction methods generally exist, and can be used to calculate a “bias-corrected” estimator O,
that is unbiased for all sample sizes (i.e., where E[fpc| — @ = 0 regardless of sample size).
However, bias-corrected estimators generally increase the total estimation variance, i.e.,
Var|0gc — 6] > Var|8p, — 6] (where the left-hand side is the variance of the bias-corrected
estimator, and the right-hand side is the variance of the plug-in estimator 8p; without bias
correction). There is therefore a tradeoff between bias and variance when deciding whether to
use bias-correction methods when estimating parameters via maximum likelihood.  This
definition of bias and bias-correction applies to both estimates of fixed-effects (via the likelihood
function), and predictions of random effects (conditional on estimated fixed effects). In the
following, we are specifically concerned with bias-correction for predictions of random effects,
and a general treatment of bias-correction for fixed-effects in nonlinear mixed-effects models is
not addressed here.

2.2 A generic approach to bias correction for nonlinear functions of random effects

In the following, we seek to obtain unbiased predictions of random effects, or quantities derived
from predictions of random effects. Bias-correction for random effects may increase estimation
variance, but we believe that some modelling contexts will favor prediction with minimized bias
over predictions that are more biased and more precise (for example, when US federal law is
interpreted to require unbiased estimates of a derived quantity like stock status). We therefore
discuss and demonstrate a generic bias-correction algorithm for predicting random effects or
quantities derived from them when fitting mixed-effects models via maximum likelihood.

We start by noting that mixed-effects models treat random effects as a random variable, and
integrate across their unknown value when calculating the likelihood function (sometimes
termed the marginal likelihood, see Thorson and Minto, (2015)). When calculating a derived
variable B as a nonlinear transformation of a random variable A, B = f(A), the expected value of
the derived variable is not simple to compute in general. However, the expected value of the
derived variable, E[B], can be approximated via second-order Taylor series expansion:

E[B] = fE[AD + T EW yar(a] (1a)

where E[A] is the expected value of the original variable A, Var[A] is the variance of the original
variable, f() is the nonlinear function for some derived quantity (e.g., exponentiated), and /() is
the second derivative of this function. By Jensen’s inequality, E[B] = f(E[A]) whenever f() is
convex (e.g., when f=exp), and this property is reflected in the Taylor series expansion (i.e., if f
IS convex, then f7">0).

Now envision a situation where the random variable A is a random effect predicted
conditional on data x, where the empirical Bayes estimator A for random effect A is its prediction
conditional on data and the maximum likelihood estimate of fixed effects 8, e.g., A = E[4; x, 8].

We seek an unbiased estimator B = E[f(A; X, é)] of the derived quantity B = f(4; x,8). Many
common models and software packages use the plug-in estimator:

B =f(4) = f(E[4;x,0]) (1b)
However, this plug-in estimator does not include the second- or higher-order Taylor series
correction (where second-order correction is included in the right-hand side of Eqg. 1a). For

example, the random effects module of the automatic differentiation model builder software
(ADMB-RE) uses the plug-in estimator for quantities calculated via a nonlinear transformation

4
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of random effects (Skaug and Fournier, 2006), and therefore B will be a biased estimator for
derived quantity B whenever B is a nonlinear function of random effects.

A generic approach to bias correction in population models involving random effects can be
used when calculating the expected value of derived quantities, and we have implemented this
approach in Template Model Builder (TMB; Kristensen et al., 2014). This method (based on
Tierney et al., (1989), which we call the “epsilon” method) specifically introduces an auxiliary
variable ¢ for each derived quantity, and uses the gradient of the likelihood function with respect
to this variable to directly compute the expected value of a derived quantity. We do not know of
any previous application of this method in fisheries science or ecology, and have implemented
this method in TMB in response to concerns regarding bias correction in fisheries models.

Specifically, we define £(6,u; x) as the natural logarithm of the joint likelihood of fixed
effects € and random effects u given data x. Fixed effects are then estimated by maximizing the
likelihood function when integrating across random effects:

6 = argmaxy(log (f exp (£(0,u; x))dw)) (2a)

We seek to calculate the expected value of quantity ¢, where ¢ = (0, u|x) is calculated from

random effects u and estimated fixed effects 8 conditional on available data. The expected value
of ¢ given available data is:

exp (£(6,u;x)) f(6,u)du
Elglx] = ! [ exp (£(@wx))du (2b)
which is the minimum variance unbiased estimator of ¢ that we seek (it also corresponds to the
mean of the predictive distribution given estimated fixed effects and data).
The expected value of ¢ given available data can be calculated by including a nuisance
parameter &, and calculating the gradient of the marginal likelihood with respect to this nuisance
parameter. We proceed by defining a new function, g:

g(0,u,&x) =log (f exp (4(0,u; x) — ef (6,u))du) (2¢)
In this case, the derivative of the new function g (8, u, €; x) with respect to ¢ is:

9 L\ Jexp (00 wx)—ef (0,w) F(6,w)du
68 (g (9; u; 8; x)) - feXp (f(e,u,x)—gf(e’u))du (Zd)

If this derivative of g(6,u, &; x) is evaluated at € = 0 given estimated fixed effects 8, it yields:

O (a(h v = _ Jexp @) f@wdu _
5 (90w, &0)) = SEF U = Elglx] 26)

which is our minimum variance unbiased estimator for ¢ = £(8,u|x). A similar calculation
shows that the second-order derivative of g, evaluated at € = 0, yields the conditional variance
Var[¢|x]. This suggests the following variance estimator:

92 ~ a9 ~ T ~ .90 ~
Var[¢|x] = ﬁ(g(&u, £x)) + £a(g(9,u, &; x)) Var(9|x)£a(g(9,u, E; x)) (2f)
where the first summand on the right-hand side is the typical variance estimator for quantity ¢

arising from estimating random-effects u conditional upon data x and estimated fixed effects 8,
while the second summand is the variance arising from conditioning on estimates of fixed effects

(where Var(@|x) is the variance for estimated fixed effects ). Calculating E[¢|x] and
Var[¢|x] both require identifying the maximum likelihood estimate of fixed effects 8, as well as
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evaluating derivatives of g(8,u, €; x) with respect to &, but do not require any optimization
beyond that required to estimate 8. We therefore hypothesize that computing the bias-corrected
estimator will be relatively fast relative to estimating fixed effects for most fisheries models.

We note that, in the following, we approximate all integrals using the Laplace approximation,
as is done by default in ADMB-RE (Skaug and Fournier, 2006), Template Model Builder
(Kristensen, 2014; Kristensen et al., In press), and the “glmer” function of the Ime4 package
(Bates and Maechler, 2009) in the R statistical environment (R Core Development Team, 2013).
Therefore, g(6,u, &; x) in (2c¢) is approximated as following a multivariate normal distribution,
and the appropriateness of this assumption will vary among applications. The estimator in Eq.
2c-2e is implemented in TMB as a generic approach for estimating the expected value of any
quantity ¢ that is derived from random effects u and fixed effects 4. Importantly, the epsilon
estimator accounts for the variation in random effects, and has no effect when calculating a
quantity using only fixed effects (which are treated as fixed quantities), i.e., E[f(é)] = (0).
This epsilon estimator is also derived without any reference to Taylor series expansion (Eqg. 1a).
However, the epsilon estimator relies on the Laplace approximation when approximating the
integral in the numerator and denominator of Eq. 2e, and this approximation is inexact whenever
the likelihood function (conditional on fixed values for fixed effects) is not multivariate normal.
Using the Laplace approximation in this manner may introduce an additional source of bias, and
the performance of the Laplace approximation can be evaluated using numerical integration
methods, e.g., comparison with Markov-chain Monte Carlo sampling (see example #2 below).
Bias may also be introduced by other potential characteristics of the model including model
misspecification (e.g., Thorson et al., 2015b), measurement errors in predictor variables (e.g.,
Draper and Smith, 1998), and endogeneity of predictor and response variables (e.g., Walters,
1985). We therefore interpret the epsilon estimator as a bias-correction algorithm (rather than
providing unbiased estimates per se), and note that it will only be unbiased when other sources
of bias are also absent.

2.3 Example 1: Bias correction when estimating recruitment in population models
Populations of marine fishes typically exhibit considerable variation in larval and juvenile
survival rates, which leads to variation about the relationship between spawning biomass and
resulting recruitment (Minto et al., 2008; Thorson et al., 2014a). Population models for marine
fishes therefore typically estimate recruitment variability:

R = f(SB) - exp (r. — %) (3)

where f(SBy) is the recruitment expected on average to arise from spawning biomass SB; and we

2
refer to exp (rt —Uz—r) as the “recruitment multiplier”, which represents lognormal variation
around the stock-recruitment function f(SB;). r; is generally called the “recruitment deviation”
for year t:

re~Normal(0, 62) (3b)

2
where ¢ is the variance in recruitment deviations over time, and the term exp [— GZ—T] in the

recruitment multiplier (Eq. 3a) is included to ensure that f(SBy) represents the mean of expected
recruitment:
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E[R] = E[f(SB.) - exp (1. — Z)| = £ (sBy) (30)

where the equality in (3c) follows from the definition of a lognormal distribution. We define
f(SB¢) as the mean of expected recruitment (rather than the median) to aid interpretation of
parameters governing f(SBy) (e.g., the parameter representing average unfished recruitment).

However, recruitment deviations r; are treated as a random effect, and recruitment R; is a
“derived quantity” calculated via a nonlinear function of random effects r.. Some years have
more or less information to inform estimates of recruitment deviations 7, causing the variance of
estimated recruitment deviations SE[;]? to change among years. Therefore, the appropriate
formula for calculating the expected value of recruitment arising from estimated recruitment
deviations will change among years. Responding to this concern, Methot and Taylor (2011)
proposed a bias-correction algorithm, i.e., where the population model is estimated initially to
obtain standard error estimates for each recruitment deviation 7., SE[#,], and then the population
model is fitted a second time with the following formula for recruitment:

Re=f(5B.) - exp (7 — b Z) (4a)

where the bias correction fraction by is calculated from the estimated standard error in the initial
model fit:

SH[+.12
b =1-=1 (4b)

where (4a-4b) then reduce to:

R = £(580)- exp i = (5 =55 ()

This formula has two intuitive properties:

1. When there is no information regarding recruitment deviation 7; in year t, the recruitment
deviation is shrunk towards zero, and also has a standard error that approaches the standard
deviation of recruitment, SE[#,]> — ¢?2. In this case, b, — 0 and recruitment receives no bias
correction, such that R, = f(SB;).

2. When there is abundant information regarding recruitment deviation 7 in year t, this
parameter estimate will generally approach its true value #, ~Normal(0, ¢;?) and its standard
error will approach zero, SE[#,]?> - 0. In this case, b, — 1 and recruitment receives full bias
correction, such that E(R,) = f(SBy).

Further details can be found in Methot and Taylor (2011).

This bias-correction algorithm can be derived independently of the rationale provided by
Methot and Taylor (2011), given that we seek to calculate the expected value for recruitment R,
given variation in the random variable 7. In this case, recruitment is derived from a stochastic
process for recruitment variation:

R = F(SB) - explf, — %] (5)

but where the expected value of estimated recruitment is calculated given that estimation error
follows a lognormal distribution:

SE[#]?

E[R.] = f(SB,) - exp [f‘t - %rz] - exp [T] (5b)
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where (4c) and (5b) are identical. Therefore, the bias correction developed by Methot and

Taylor (2011) can be interpreted as a method for calculating the expected value of recruitment

given the treatment of recruitment deviation 7, as a random variable with variance SE[#;]?.

In this first example, we conduct a simulation experiment testing the performance of the
epsilon estimator implemented in TMB when calculating recruitment (a derived quantity) given
estimated recruitment deviations (a random effect) in an age-structured population model. In
each simulation replicate, we generate data from an age-structured simulation model for a fish
population that has natural mortality rate M=0.18 yr* and von Bertalanffy growth rate k=0.1 yr™.
We simulate fishing for a single fleet with logistic, age-based selectivity, and fishing effort is
simulated to increase and subsequently decrease as a function of fish population abundance
(Thorson et al., 2013). We then simulate the collection of data including total catch, an index of
fishery catch rates, and age-composition samples from fishery catch (see Appendix A for
details). In each replicate, we fit an estimation model that uses the same equations for age-
structured dynamics. The estimation model is implemented in Template Model Builder (code is
publicly available at https://github.com/James-Thorson/CCSRA). To evaluate performance of
the epsilon estimator, we compare bias-corrected estimates of recruitment arising from the
epsilon estimator, E[exp (7, — ¢?/2)], with results from the Methot-Taylor bias correction
method, exp (7, — b,52/2), which has been tested previously. We also include recruitment
estimates without bias-correction, exp (7;), as a reference case to illustrate the magnitude of bias
arising from ignoring bias-correction entirely.

We explore four configurations of this age-structured estimation model, which include
different amounts of information regarding annual variations in recruitment:

1. Catch curve: When the estimation model is fitted to only a single year of age-composition
samples and fishing mortality rates are assumed to be constant over time, the model is similar
to a conventional catch curve that estimates fishery selectivity (Thorson and Prager, 2011),
although it also estimates recruitment deviations (Millar, 2014).

2. Stock reduction analysis (SRA): When the estimation model is provided with only a prior on
final spawning biomass relative to average unfished spawning biomass as well as a time
series of catch data, the model functions as a stock reduction analysis (Kimura et al., 1984).

3. Catch-curve stock reduction analysis (CCSRA): When the estimation model is provided with
a single year of age-composition samples and a time series of catch data, it functions as the
recently proposed “catch-curve stock reduction analysis” (Thorson and Cope, 2015).

4. Full data: When the estimation model is provided with age-composition samples from the
fishery for all years, a time series of catch information, and also an index of relative
abundance, the model resembles a typical data-rich assessment model (Maunder and Punt,
2013).

All four configurations estimate a recruitment deviation for each of 20 simulated years, as well

as for ages 1 through 20 in the first simulated year (i.e., a total of 40 recruitment deviations). All

estimation models also fix the variance of recruitment deviations at its true value 6, = 0.6 to

simplify interpretation of results (i.e., to avoid any potential impact of bias in estimating a,.).

This level of recruitment variation is consistent with the annual, statistically-independent

variation estimated recently via meta-analysis (Thorson et al., 2014a). We evaluate estimation

performance in each of the four configurations by comparing the estimated recruitment

2
multiplier E[exp (#; — az—r)] with its true value:

Errory = E [exp (fy — %rz)] — exp (rt — 0;) (6)
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for each of the 40 estimated recruitment deviations in each simulation replicate, where the first
term on the right-hand side is the estimator for the bias-corrected recruitment multiplier, and the
second term is the true recruitment multiplier. An unbiased model will have an average

2
recruitment multiplier E[exp (ft—%)] = 1.0 when averaged across all years in a given

simulation replicate, and an average error Error, = 0.0 when averaging across all years and
simulation replicates. The Methot-Taylor bias correction approach was initially developed and
tested for a data-rich context, so we hypothesize that both the Methot-Taylor and epsilon
estimators will perform well in this instance. By contrast, the stock reduction analysis setting
has very little information regarding individual deviations in recruitment, so the Methot-Taylor
method is not expected to perform well in this instance. The catch curve and catch-curve stock
reduction analysis models represent an intermediate level of information, and are likely to have
performance between that in the full data and stock-reduction analysis models.

2.4 Example 2: Estimation of population abundance in geostatistical models

We also demonstrate the use of the epsilon method with a model for which there is no previously
proposed bias-correction algorithm. We therefore apply the method to a recently developed
geostatistical model for index standardization (Thorson et al., 2015a). This geostatistical model
estimates total population abundance B in year t as:

— v =1 () ® ® D &) @y
B, = Z}.;l a; logit (dt Tt e, )exp (dt T+ g ) (7)

where logit™(x) is the logistic transformation of value x, a;j is the area associated with polygon j,

d§p> and dg) are fixed effects representing variation in encounter probabilities (p) and positive

catch rates (1) among years, wj(p) and a)](?l)) are random effects representing spatial variation, and
®)

&t and sj(? are random effects representing spatiotemporal variation. We apply this model to

data from the West Coast groundfish bottom trawl survey (Bradburn et al., 2011) applied to data
for arrowtooth flounder, and use a relatively coarse spatial resolution to approximate spatial
variation in population density (n=100, i.e., using 100 knots). We seek to calculate the expected
value of total abundance E[B;] and must account for the nonlinear transformation of random
effects (the code is publicly available at https://github.com/nwfsc-assess/geostatistical delta-
GLMM).

We seek to demonstrate that the epsilon bias-correction estimator propagates uncertainty in
random effects when calculating a bias-corrected estimator for derived quantities. We also seek
to demonstrate the estimate of variance for the bias-corrected estimator (Eq. 2f). We therefore
compare the epsilon estimator with an alternative, sample-based bias correction estimator.
Specifically, Markov-chain Monte Carlo (MCMC) sampling can be run when sampling across all
possible values of random effects while holding fixed effects at their maximum likelihood
estimates. In this manner, MCMC samples directly from the expectation of a derived variable
B = f(A) calculated as a function of random effects A (Eq. 1b). We specifically run
Hamiltonian (a.k.a. hybrid) MCMC using a leapfrog solution to the differential equation for
trajectories within each Hamiltonian sample (see Neal (2011) for details). We generate samples
using a single Markov chain after 2,000 leapfrog updates per sample, where each leapfrog update
has a total distance of 0.02, and using 200 samples for burn-in followed by 1,000 monitored
samples. We check for evidence of non-convergence using traceplots, autocorrelation, and
Geweke diagnostics for each sampled parameter (Plummer et al., 2006), and found no such
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evidence. For each sample, we calculate total population abundance By, and the bias-corrected
value E[B¢] and variance Var[By] as its average and variance for all 1,000 retained samples. This
MCMC-based bias-correction estimator represents an alternative, generic approach to bias
correction in population models. However, we introduce the epsilon estimator in this study
because MCMC-based estimators require checking for evidence of non-convergence for each
individual application (and convergence may not be feasible to achieve for some large models),
whereas the epsilon estimator provides an off-the-shelf approach to bias correction for nonlinear
mixed-effect models estimated using maximum likelihood techniques.

3. Results
We illustrate results in the first replicate of our simulation experiment involving the age-
structured model, showing estimates of the recruitment multiplier either without bias correction
exp (%), using the Methot-Taylor bias correction method exp (7, — b,62/2), or using the
epsilon bias-correction estimator E[exp (7, — 6/2)] compared with the true recruitment
multiplier exp (r, — 62/2), (Fig. 1). The “Full data” scenario in particular illustrates the
importance of bias correction, where the recruitment multiplier without bias correction is nearly
17% higher than the true value. In this simulation replicate, the Methot-Taylor estimator is
somewhat less biased (7% higher than the true value) while the epsilon estimator is least biased
(within 2% of the true value). The Methot-Taylor also splits the difference between the epsilon
estimator and the estimates without bias correction for the catch-curve scenario. For the SRA
scenario, however, the Methot-Taylor estimator is more biased than the estimates without bias-
correction, while the epsilon-estimator has relatively little bias (<4% higher) in each case, and
the Methot-Taylor and estimates without bias correction have similar bias for the CCSRA
scenario.

We next summarize the error in estimates of recruitment multipliers without bias correction

2
exp(#y) — exp(r; — 62/2), using the Methot-Taylor estimator exp (?t — bfr) —exp(ry — 62/2)

2
or the epsilon estimator E [exp (ﬁ - %)] — exp(r; — 62/2) (Fig. 2). This summary illustrates

many of the same patterns shown previously for the first replicate of the experiment (i.e., Fig. 1),
where the Methot-Taylor estimator splits the difference between the epsilon estimator and the
estimate without bias correction for the catch curve and full data scenarios. The Methot-Taylor
estimator on average eliminates more than half of the bias in the full data scenario, while the
epsilon estimator has a residual positive bias of less than 1%. For the CCSRA and SRA
scenarios, by contrast, the Methot-Taylor method has a positive bias of 10-15%, and this bias
peaks in year 5. This bias is largely eliminated by the epsilon estimator, which has an average
error within 0 + 2% for all scenarios. We also illustrate error in estimates of spawning output
relative to average unfished levels, which is another quantity that is derived from recruitment
deviations in each model (Fig. 3). In the full-data and CCSRA scenarios, the Methot-Taylor
estimator has a positive bias of nearly 3%, while the epsilon estimator again has little bias. All
estimators are biased for the catch curve scenario (because fishing mortality changes over time in
violation of model assumptions) and the stock-reduction analysis scenario (because the prior on
relative spawning biomass is misspecified relative to the true relative spawning biomass).
Finally, we demonstrate the epsilon method when applied to a model for which a bias-
correction estimator has not previously been developed. Using the geostatistical model to
estimate an index of abundance of arrowtooth flounder (Fig. 4), the epsilon method resulted in an
index that has almost identical trend to the plug-in estimator. However, the bias-correction
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method estimates average abundance nearly 10% greater than the plug-in estimator, and this
increase is also reflected in the sample-based estimator. The difference in scale between plug-in
and bias-corrected estimators would be important if the abundance estimate were used as an
“absolute” index of abundance, i.e., having a catchability coefficient of one. Finally, the epsilon
bias-correction estimator has wider confidence intervals than the sample-based bias-correction
estimator, but this difference in width is small for all years.

4. Discussion

Mixed-effects are increasingly used in population models to account for variation in
demographic processes over time, space, and among individuals (Thorson and Minto, 2015). For
example, variation over time in fishery selection or catchability can be included by treating
selectivity parameters as random effects that follow a random walk (Nielsen and Berg, 2014;
Wilberg et al., 2010). Similarly, natural mortality and individual growth rates may change over
time due to changes in environmental or community interactions (Méntyniemi et al., 2013;
Thorson and Minte-Vera, In press). Furthermore, there is increasing interest in spatially-explicit
analysis and monitoring of species distribution models and fishery impacts, and spatial models
can generally be estimated via mixed-effects methods (Cressie and Wikle, 2011). In particular,
computational advances in Bayesian estimation of mixed-effects models has led to an explosion
of research regarding mixed-effects models (Kéry and Schaub, 2012; Royle and Dorazio, 2008).

In this paper, we have demonstrated that a new epsilon estimator improves upon the bias-
correction algorithm previously introduced by Methot and Taylor (2011) for models that treat
recruitment deviations as random effects. Specifically, we have shown that the new epsilon
estimator decreases bias relative to the Methot-Taylor estimator in both data-rich and data-poor
scenarios, but that the two estimators are more similar in the data-rich context. In the case of the
stock reduction analysis, the Methot-Taylor method has substantial (>10%) positive bias for
years -10 through 10, and the magnitude of this bias is greater than for the model without bias
correction. This increase in bias relative to the scenario without bias correction arises because
the standard errors during this period are greater than the standard deviation of recruitment (and
therefore b; < 0 in Eq. 4a). This occurs in turn because the stock-reduction analysis model has
highly negative covariance between recruitment in adjacent years, and therefore the covariation
among estimates of recruitment deviations is not well summarized by the standard error in each
year. A similar positive bias is seen for the Methot-Taylor estimator in the CCSRA scenario, and
is not present for the epsilon estimator. We therefore hypothesize that the Methot-Taylor
estimator is not well suited for bias correction in instances with high covariation among random
effects (i.e., when data are only informative about abundance changes over a multiyear period),
and that the epsilon estimator is appropriate for these instances. Importantly, improvements in
estimates of recruitment using the epsilon estimator translate to improved estimates of spawning
biomass relative to average unfished levels in the CCSRA and full-data scenarios. Estimates of
spawning biomass are important when determining stock status and implementing harvest
control rules during fisheries management, and biased estimation therefore signals the potential
importance of improvements in bias-correction methods.

We have also shown that the epsilon method results in an important difference in the absolute
scale of population biomass when estimating an index of abundance using a spatial index
standardization model, relative to a simple plug-in estimator for population biomass. Thorson et
al. (2015a) acknowledged the importance of developing bias-correction algorithms for
geostatistical models, but found that neglecting bias-correction did not greatly affect relative
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trends in abundance (i.e., instances where the catchability coefficient, which scales the estimated
index to estimated abundance in a population dynamics model, is freely estimated). However,
bias-correction will be more important when a spatial model is used to estimate an absolute
index of abundance (i.e., in instances where the catchability coefficient is fixed at 1.0), and bias-
correction may account for observed differences in scale between estimates of population
biomass arising from geostatistical and stratified index standardization models for West Coast
groundfishes (see Fig. 3 of Thorson et al. (2015a)).

Mixed-effects models can be estimated using both Bayesian and maximum likelihood
methods (Cressie and Wikle, 2011). Despite advances in Bayesian implementation of mixed-
effects models, we believe that there are many modelling tasks where maximum likelihood
estimation is more appropriate. In particular, “non-informative” priors may not be available for
some parameters in population models and existing theory may not be sufficient to generate
informative priors, which makes Bayesian estimation problematic in these cases (Schweder,
1998). In such cases, maximum likelihood mixed-effect estimation is more appropriate than
Bayesian estimation methods. However, maximum likelihood mixed-effect methods have
previously been hindered, due to a lack of easy-to-use tools for generating unbiased predictions
of derived variables.

Bias arising from nonlinear transformation of random effects will generally have larger
magnitude when the random effect variance is large or when the transformation is highly
nonlinear (see Eq. 1a). Therefore bias-correction will be particularly important in these cases
and will have no effect when the transformation is exactly linear. Bias-correction can in some
cases increase estimation variance (i.e., the root-mean-squared error of empirical Bayes estimates
relative to their true value) and decision theory will be necessary to distinguish cases where this
additional variance is worse than bias. In particular, the relative importance of bias and
estimation variance (e.g., when estimating a relative index of abundance) on management
outcomes will depend upon the structure of population models used to provide management
advice, delays between science advice and management actions, and the management actions
that are used to regulate the fishery (Haltuch and Punt, 2011; Shertzer and Prager, 2007).
Increased availability of bias-correction estimators in statistical software will hopefully facilitate
simulation studies comparing management performance when using models with and without
bias correction estimators, and we therefore recommend implementation of the epsilon estimator
in other software involving the Laplace approximation (e.g., the Ime4 package in R, and ADBM-
RE). However, we have designed the epsilon estimator to account only for bias arising from
nonlinear transformation of the variance of random effects, and it will not account for other
potential sources of bias. In particular, generic approaches to account for bias arising from
nonindependence of process errors and predictors (known as “time series bias”, Walters (1985)),
correlations between process errors and sampling intensity (known as “preferential sampling”,
Diggle et al. (2010)), and model misspecification (“model error”, Thorson et al. (2014b)) remain
important topic of generic research in mixed-effects models.

We conclude by appealing for continued research regarding improvements in estimation
methods for mixed-effects models, whether implemented using Bayesian or maximum likelihood
techniques. Mixed-effects models represent an intuitive procedure for eliciting the covariation
among data arising from a model involving unobserved variables, and thus provide a unifying
framework for many types of models in fisheries. Mixed-effects estimation is already
revolutionizing quantitative methods throughout ecology (Clark and Gelfand, 2006; Cressie et
al., 2009; Royle and Dorazio, 2008). We hope that computational and statistical improvements
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such as the epsilon estimator facilitate continued learning about ecological processes at large
spatial and temporal scales, where experimental evidence is often difficult to accumulate.

5. Conclusions

In this paper, we have introduced a new, generic bias-correction estimator for derived quantities
in fisheries models that include mixed effects. This epsilon estimator is now implemented and
distributed in the TMB software, and can be used generically in mixed-effect models to reduce
bias resulting from nonlinear transformation of random effects. We have shown that the epsilon
method improves upon a previous method for correcting bias when estimating recruitment
deviations in age-structured stock assessment models. We have also shown that the epsilon
method results in important differences in the estimated scale of population abundance relative to
the plug-in estimator when estimating abundance indices, while providing similar results to an
alternative sample-based bias-correction method. We therefore recommend that studies
involving the use of maximum likelihood estimation for mixed-effects models explore using the
epsilon-estimator when reporting derived quantities calculated as a nonlinear function of random
effects.
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Fig. 1 — Results for a single replicate of the simulation experiment, showing the recruitment
multipler with no bias correction exp (#;) (thick dotted red line), using the Methot-Taylor bias
correction method exp (. — b,c?/2) (thick dashed black line) or the epsilon method
Elexp (y — 62/2)] (thick solid blue line) compared with the true recruitment multiplier
exp (1 — 62 /2) (thin dotted black line and circles), where the x-axis shows the simulation year
(year O is age-0 recruits in the first year, and year —x is age X in the first year). For each scenario,
the average recruitment multiplier is shown in the upper-left corner for each method (M-T
signifies the Methot-Taylor method), and a well-behaved estimator will have a value near 1.000,
see online for color-coded version)
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Fig. 2 — Median (solid line) and 80% simulation interval (shaded area) for the error in estimating
recruitment multipliers (defined in Eq. 6, where the dashed line shows Error;=0.0) with no bias
correction (grey line and shading), using the Methot and Taylor (2011) bias-correction approach
(red line and shading), or using the epsilon-method correction (black line and shading) for the
four candidate models (clockwise from top-left: catch curve, catch-curve stock reduction
analysis, a fully age-structured model with index and age compositional sampling data, and stock
reduction analysis), where the x-axis shows the simulation year (year O is age-0 recruits in the
first year, and year —x is age x in the first year). The text in each panel gives the average error
Error; when aggregating across all years and replicates, while the solid line can be used to
identify individual years that have on average a positive or negative bias given the data
generating process used in the design of the simulation experiment.
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666  Fig. 3 — Median (solid line) and 80% simulation interval (shaded area) for the error in estimating
667  spawning biomass relative to average unfished levels (see caption for Fig. 2 for details regarding
668  figure layout)
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Fig. 4 — Plug-in estimator for total abundance of arrowtooth flounder 2003-2012 off the U.S.
West Coast (solid red lines), compared with bias-corrected estimates using the epsilon (dashed
blue lines) or Markov-Chain Monte Carlo (dotted black lines) estimators when fitting a
geostatistical index standardization model (the thick is the maximum likelihood estimate and the
area encompassed by the thin lines is the 95% confidence interval for each model, where the text
indicates the average biomass across all years 2003-2012 to assess changes in absolute scale
among models, see online for color-coded version).
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