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a b s t r a c t
Management strategy evaluation (MSE) is often used in ﬁsheries science to evaluate the effects of different management options. MSE models typically include a stock assessment component to estimate
population size and management reference points based on data generated using the model, but including a full assessment within an MSE can be computationally intensive. A commonly used alternative to
the full assessment approach is to simulate the error about the stock assessment outcomes as a stochastic
process with an assumed level of autocorrelated estimation error. There is little guidance on what might
be a reasonable assumed amount of autocorrelation, and what factors might inﬂuence this amount. We
estimate the amount of temporal autocorrelation in errors of estimated biomass and recruitment from
statistical catch at age stock assessment models over a series of scenarios spanning life histories, exploitation levels, recruitment variability, and data quality. Autocorrelation in the error in biomass estimates
(S ) was positive and relatively high, with median estimates ranging between 0.7 and 0.9. Estimates were
highest for the long-lived life history and lowest for the short-lived life history. Exploitation level also
affected the amount of autocorrelation, with higher values for lightly exploited populations. On average, however, estimates of S did not change over time as more data were included in the assessment,
and were independent of whether or not a harvest policy was applied. Recruitment variability and data
quality had relatively minor effects on autocorrelation of errors.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
Simulation modeling is often used in ﬁsheries science to evaluate the effects that management decisions have on a resource
(e.g. a population, assemblage, or community) and on stakeholders (Milner-Gulland et al., 2010). This class of simulation models is
referred to as management strategy evaluation (MSE) or the management procedure (MP) approach (Butterworth and Punt, 1999).
MSE has become a widely used tool to aid ﬁsheries managers in
variety of areas. For example, MSE has been used to identify robust
harvest control rules in both data-rich (Punt et al., 2008; A’Mar
et al., 2009) and data-poor (Wiedenmann et al., 2013; Carruthers
et al., 2014) situations, as well as for selecting effective regulations
for controlling recreational harvests (Miller et al., 2010).
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An MSE typically has three components, an operating model, an
assessment model, and a management model, and these components are designed to mimic the resource dynamics and scientiﬁc
assessment process, and how these interact with the management
options being tested (Punt et al., 2015). In the operating model, the
population of interest is projected through time, and the true status
is known. Data are generated using the operating model based on
the true state and an observation process, usually with some level
of observation error. These data are then used in the assessment
model to estimate population status. The estimated status derived
from the assessment model informs the management model and is
used in conjunction with a harvest strategy to determine the total
allowable catch and possibly the regulations to achieve that catch.
The catch is then removed from the population in the following
time step, and this loop is repeated for several years and model
iterations to account for uncertainty in the population, assessment
and management dynamics.
For the stock assessment portion of the MSE, two approaches are
typically used, termed the “full” or “stochastic process” approaches
(ICES, 2013). The full approach implements a complete stock
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assessment model, such as a statistical catch at age model (SCAA)
that estimates a suite of parameters and produces estimates over
the entire time series of data availability (e.g., A’Mar et al., 2009;
Punt, 2003). Depending upon the assessment model being used
and the data being generated, many parameters may be estimated (100+), which can lead to lengthy run times. For example,
most SCAA models require numerical solutions and search over
the parameter space to ﬁnd the best parameter estimates, often
requiring hundreds or thousands of iterations. This can lead to
run times to be 100–1000 times longer than an MSE without
an integrated assessment model. Additionally, it is not always
possible to determine whether an assessment has reached the
best solution (i.e., reached the true minimum of the objective
function).
A commonly used alternative to the full approach is to simulate the error from the stock assessment as a stochastic process.
The stochastic process approach greatly reduces the computation
time of the MSE, which allows for a greater exploration of management options and uncertainty scenarios. As one common example
of the stochastic process approach, the time series of estimated
biomass (Sest ) is modeled around the true biomass (S) with lag-1
autocorrelated error:
Sest (t) = Se

S (t)−0.5S2

S (t) = S S (t − 1) +



s (t) ∼N 0, 2s


1 − S2 ϕS (t)

(1)



where S determines the degree of autocorrelation in the estimates (Punt et al., 2008; Irwin et al., 2008; Wilberg et al., 2008).
All the error dynamics are controlled by specifying S2 and S in the
stochastic process approach. Drawbacks of the stochastic process
approach are that it does not produce the full range of output of an
assessment and may not capture complex feedbacks between the
state of the system and the variance, bias, and correlation of errors.
Additional assumptions are required if additional assessment output is needed in the MSE loop (e.g. ﬁshery selectivity, recruitment
time series). For example, Irwin et al. (2008) generated estimates
of abundance at age using the same error structure used to estimate biomass, such that an overestimate of biomass of 10% was
the result of an overestimate of abundance of 10% in all age classes.
The stochastic process approach also requires specifying values for
S2 and S . Simulation studies will often explore a range of values for
S2 , and either a single value for S (e.g. Irwin et al., 2008) or a range
of values (e.g. Punt et al., 2008). In general, the assumed values for
S are positive and high (>0.7). While the assumption of high positive autocorrelation of assessment errors seems reasonable based
on the multi-year effects that are produced in age-structured models (e.g., Mohn, 1999), guidance to assist researchers in choosing
the appropriate values is lacking.
It would be valuable to have a more formal basis for implementing the stochastic approach in MSEs given the increasing
importance of MSE in ﬁsheries management (Milner-Gulland et al.,
2010; Punt et al., 2015), and the potential impact the assumed
values of S and  S can have on the results when using the stochastic process approach. We use a simulation model to estimate the
degree of temporal autocorrelation and uncertainty in ﬁnal year
(terminal) biomass estimates from a full SCAA assessment model.
We also estimate the autocorrelation in terminal recruitment estimates for comparison with biomass estimates. The simulation
model was run over a range of species life histories and exploitation
intensities to identify potential factors controlling the amount of
autocorrelation.

2. Methods
To understand the temporal autocorrelation of errors in stock
assessment estimates, the estimated values from a stock assessment model must be compared to the true values. Because the
true dynamics (e.g. biomass, recruitment) are unknown for real
world systems, we conducted a simulation study in which we
simulated the true population dynamics and applied a stock assessment model over a range of scenarios encompassing different life
histories, exploitation histories, and levels of data quality. The simulation model was developed in AD Model Builder (Fournier, 2011,
and contains three main components deﬁned in detail below and
summarized here. The foundation of the simulation is the operating model, which determines the true population dynamics of the
stock and how data are generated. Data generated in the operating
model are based on the true dynamics within the model with some
speciﬁed amount of observation error. The operating model generates data on ﬁshery harvests, as well as a ﬁshery-independent
index of abundance. These data are then used in the assessment
model to estimate stock status and biological reference points. The
assessment model is an SCAA model, and output from the assessment is used in the management model to determine a catch limit
using a harvest policy (we also explored the effects of not using
a harvest policy; see Section 2.2). The catch limit estimated in
the management model is removed from the population, without implementation error, and the simulation loop continued for
a set number of years. This process is repeated many times for each
model speciﬁcation (e.g. life history) to account for the variability
in the population dynamics, data generation, and assessment estimation. At the end of each run, the true and estimated values of
biomass and recruitment are used to calculate the amount of autocorrelation in the error in these estimates. Our simulation model
evaluated the effects of two management models to determine how
management may affect the quality of assessment estimates.
2.1. Operating, assessment, and management models
The population dynamics followed an age-structured model
(Quinn and Deriso, 1999) with the equations governing the dynamics in Table 1. Equations used in the model are referenced by their
number in Table 1, such that the numerical abundance-at-age is
referred to as Eq. (T1.1). The population began at unﬁshed equilibrium abundance at age in year 1 of the simulation. Recruitment
was determined from the abundance of that cohort the previous
year, decreased by continuous time-varying natural and ﬁshing
mortality (Eq. (T1.1)). Recruitment to the population followed the
Beverton–Holt stock-recruit relationship, with bias-corrected lognormal stochasticity and autocorrelated deviations (Eq. (T1.2)).
Parameters controlling the degree of autocorrelation and variability
in recruitment (Table 2) were based on the recruitment metaanalysis of Thorson et al. (2014). Parameters for the Beverton–Holt
model were derived from the unﬁshed spawning biomass, unﬁshed
recruitment, and the steepness parameter (Eq. (T1.2)), where steepness represents the fraction of unﬁshed recruitment that results
when the spawning biomass is reduced to 20% of the unﬁshed
level. Total spawning biomass in a given year was calculated by
summing the product of the maturity at age, weight at age and
abundance at age over all recruited age classes (Eq. (T1.3)). Weight
at age was an allometric function of length at age, which followed
a von Bertalanffy growth function (Eqs. (T1.5) and (T1.6)). The proportion mature at age was calculated using a logistic function (Eq.
(T1.7)).
The model contained a single ﬁshery, with a logistic selectivity
function (Eq. (T1.8)). The selectivity ogive varied over time as the
parameter that determines the age at 50% selectivity varies annually in an autocorrelated manner (Eq. (T1.8)), although the source
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Table 1
Equations governing the dynamics in the operating model.
Equation

1

2

Description

Population
⎧dynamics
⎨ R (t) a = aR
N (a − 1, t − 1) e−z(a−1,t−1) aR < a < amax
N (a, t) =
1) e−z(a−1,t−1) +a = amax
⎩ N (a − 1, t − −z(a,t−1)
N (a, t − 1) e
S (t − aR )
 −0.5 2
R
R (t) =
e R
a + ˇS (t − aR )
S0 (1 − h)
5h − 1
˛=
ˇ=
4hR0
4hR
0

R (t) = R R (t − 1) +
1 − R2 ϕR (t)



Numerical abundance at age

Stock-recruit relationship


2

ϕR (t) ∼N 0, R
3

S (t) = m (t) w (a) N (a, t)

Spawning biomass

a

Z (a, t) = M (t) +  (a, t) F (t)
4

M (t) = M̄e

M (t)−0.52

M

M (t) = M M (t − 1) +




2



2
1 − M
ϕM (t)

Total mortality with time-varying natural mortality

ϕM (t) ∼N 0, M
5
6
7

Life history
L (a) = L∞ (1 − e−k(a−a0 ) )
w (a) = bL(a)c
1
m (a) =
a−m50
1+e

−m
slope

Length at age
Weight at length
Maturity at age

Fishing dynamics
1

 (a, t) =

8

1 + e−a−50 (t)/slope
(t)−0.52
␥
50% (t) = ␥
¯ 50% e ␥

 =   (t − 1) +



9


2



Time-varying selectivity at age in the ﬁshery

1 − 2 ϕ (t)

ϕ (t) ∼N 0, 


␥ (a, t) F (t)
w (a) N (a, t) 1 − e−z(a,t)
Z (a, t)
C (t) = C (a, t)

C (a, t) =

Total catch

a

Data-generating dynamics
C (t)−0.5 2

10
11

Cobs (t) = 
C(t)

C (t) ∼N 0, C2

g (a) =



C

1

Observed catch
Selectivity at age in the survey

1+e−a−g50 /g

I (a, t) = q (t) g (a) N (a, t)
I (t) = I (a, t)
12

a

True index of abundance

 (t)−0.5q2

q (t) = qeq


2

q (t) ∼N 0, q

I (t)−0.5 2

13

Iobs (t) = I(t)


14

1
pobs (t) =  (t)
n
 (t) ∼Multinomial (n, p (t))
1
p (t) =
((IaR , t)) , ..., I (amax , t)
I (t)

I (t) ∼N 0, I2



I

for the changes was not modeled explicitly. Because both natural
(M) and ﬁshing mortality (F) occurred continuously throughout the
year, catch was calculated using the Baranov catch equation (Quinn
and Deriso, 1999; Eq. (T1.9)).
Each model run was divided into two periods. The initial period
covers 80 years, followed by a subsequent management period
covering the next 45 years. For the ﬁrst 50 years, the population
remains unﬁshed but with stochastic recruitment. A single ﬁshery
developed in year 50 of the initial period, which was described by
a linear increase in ﬁshing mortality (F) until year 65, followed by
a constant at the peak ﬁshing mortality for the remainder of the
initial period. The intensity of ﬁshing (F = 0.5, 1.0, 2.5 × FMSY for the
light, moderate, or heavy exploitation scenarios) at the plateau during this period, along with the pattern of recruitment determined
the population abundance at the start of the management period.
At the start of management period (year 81), the population was
ﬁrst assessed using data generated during the initial period, starting in year 60, and with a 1-year lag between the last year of the

Observed index of abundance

Observed vector of proportion-at-age in ﬁshery f

data collected and when the assessment is conducted. Thus, the
estimation model did not include the full ﬁshing history for the
stock. Fishery catch data (both total and proportions-at-age) and
a ﬁshery-independent survey-derived index of abundance (both
total and proportions-at-age) were generated annually. These data
were generated by applying observation error to the true values
(Eqs. (T1.10)–(T1.14)) using lognormal distributions for the total
catch and the index of abundance (with time-varying catchability) and multinomial distributions for the proportions at age. We
included two scenarios of coefﬁcient of variation for the total catch
and index data, time-varying catchability, and input sample sizes
for the proportions at age to explore the interactions between data
quality and the autocorrelation in assessment estimates (Table 2).
The time series of catch and survey data were input into the
SCAA to estimate abundance at age and ﬁshing mortality rates in
each year. The parameters estimated in the SCAA were the initial
abundance (associated with the ﬁrst year of data), recruitments and
ﬁshing mortality rates (across years), ﬁshery selectivity parame-
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Table 2
Parameters values used in the model. Parameters not associated with life history are presented at the top, with multiple values explored for the “good” and “poor” assessment
cases. Life history parameters are presented below. In case where the same value was used across life histories, only a single value is presented. Two values for steepness
were explored, but were not tied to the assessment uncertainty runs.
Parameter

Description

Value

R
R
M
M

␥
C
q
I
EC
EI

Standard deviation of stock-recruit relationship
Autocorrelation in recruitment
Standard deviation of time-varying M
Autocorrelation in M
Standard deviation of age at 50% selectivity
Autocorrelation in selectivity
Standard deviation of catch estimates
Standard deviation of catchability
Standard deviation of survey estimates
Input sample size of the catch
Input sample size of the survey

0.77, 1.25
0.44
0.15
0.3, 0.9
0.1
0.3, 0.9
0.15
0.01, 0.05
0.29, 0.63
200, 50
200,50

Parameter

Description

Long-lived

Medium-lived

Short-lived

aR
amax
M
R0
h
a0
L∞
k
b1
b2
m50
 50
g50
m,,and gslope

Age at recruitment (to population; in years)
Maximum age (years)
Mean natural mortality rate (year−1 )
Virgin recruitment (number or ﬁsh)
Steepness
Age at length = 0
Maximum length (cm)
Growth rate (year−1 )
L − W scalar (kg cm−1 )
L − W exponent
Age at 50% maturity (years)
Mean age at 50% selectivity in ﬁshery (years)
Mean age at 50% selectivity in survey (years)
Slope of maturity, and selectivity (ﬁshery and survey) functions

5
20
0.1

2
12
0.2
1 × 106
0.45,0.9
0
90
0.13
3.0 × 10−6
3
3.5
3.5
2.6
1

1
7
0.4

0.07

7
7
5.3

0.27

1.75
1.75
1.3

Table 3
Likelihood functions used in the statistical catch at age analysis (SCAA).
Equation

Description

LSCAA =  (t)
i

 

Full likelihood for SCAA model

(1) = 0.5nlog c2

+

1
2c2

(log (Cobs (t)) − log (Cest (t)))

(2) = 0.5nlog I2

+

1
2 2

(log (Iobs (t)) − log (Iest (t)))

 

I

2

Likelihood component for annual catches

t
2

Likelihood component for the annual index of abundance

t

(3) = −EC pobs,C (a, t) log (pest,C (a, t))

Likelihood component for the annual proportion-at-age in the catch

t a

(4) = −EI pobs,I (a, t) log (pest,I (a, t))

Likelihood component for the annual proportion-at-age in the index

t a

ters, and the survey catchability. Parameters were estimated using a
maximum likelihood approach with lognormal likelihood functions
for the total catch and total index of abundance and multinomial
likelihood functions for the proportions at age in the catch and
index of abundance (Table 3). The selectivity and survey catchability parameters that varied over time in the operating model were
assumed to be constant over time in the SCAA, and natural mortality was assumed to be constant at the true mean value. All other
required SCAA inputs (i.e., maturity- and weight-at-age) were set to
the true values speciﬁed in the operating model. The SCAA also estimated the spawning potential ratio (SPR) based reference points to
calculate a target catch (Clark, 1991; NEFSC, 2002; Haltuch et al.,
2008). The target ﬁshing mortality rate was speciﬁed at F35% for all
life histories. Assessments were conducted annually during years
31–55.
We explored a constant ﬁshing mortality rate scenario and one
in which the target ﬁshing mortality rate was F35% . In the ﬁrst
management scenario, no harvest policy is used and the true F
throughout the management period is ﬁxed at the plateau value
from the initial period (0.5, 1.0 or 2.0 × FMSY ). A harvest policy was
applied in the second management scenario, whereby the annual
catch was estimated using the abundance in the terminal year
and the F35% from the assessment model; this level of catch was
removed from the population the following year by calculating the

resulting F using the Baranov catch equation (Quinn and Deriso,
1999).
2.2. Parameterization and model runs
We explored several scenarios to identify factors affecting the
level of autocorrelation in the estimation error from the assessment model. We explored three life histories, three exploitation
histories (0.5, 1.0 or 2.0 × FMSY ), two management scenarios, two
levels of data quality ( I ), two levels of productivity at low stock
sizes (h), and two levels of recruitment variability ( R ; Table 4).
The life histories explored were ‘short-lived’, ‘medium-lived’ and
‘long-lived’. The short-lived life history had a low maximum age,
high natural mortality rate, rapid growth, and early age at maturation. In contrast, the long-lived life history had a high maximum
age, low natural mortality, slow growth, and late age at maturation. The medium-lived life history was between the short- and
long-lived life histories. For each life history, we set the maximum
age (7, 12, and 20 years for the short-, medium- and long-lived
life histories, respectively), and mean natural mortality rate (0.4,
0.2, and 0.1 year−1 ). The maximum age was an aggregate age class.
For each life history we explored two values for steepness of the
stock-recruitment function (0.45 and 0.9), representing low and
high productivity at low stock sizes. All other life history parame-
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Table 4
List of model runs explored for each life history and exploitation level. Harvest policy refers to whether a target ﬁshing mortality rate (F35% ) was used in the management
period.
Model run
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Sample size (E)
200
50
200
50
200
50
200
50
200
50
200
50
200
50
200
50

Survey error ( I )

M

Y

Recruitment variability ( R )

Harvest policy?

Stock-recruit steepness (h)

0.29
0.63
0.29
0.63
0.29
0.63
0.29
0.63
0.29
0.63
0.29
0.63
0.29
0.63
0.29
0.63

0.3
0.9
0.3
0.9
0.3
0.9
0.3
0.9
0.3
0.9
0.3
0.9
0.3
0.9
0.3
0.9

0.3
0.9
0.3
0.9
0.3
0.9
0.3
0.9
0.3
0.9
0.3
0.9
0.3
0.9
0.3
0.9

0.77
0.77
1.25
1.25
0.77
0.77
1.25
1.25
0.77
0.77
1.25
1.25
0.77
0.77
1.25
1.25

No
No
No
No
Yes
Yes
Yes
Yes
No
No
No
No
Yes
Yes
Yes
Yes

0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.9
0.9
0.9
0.9
0.9
0.9
0.9
0.9

ters were either ﬁxed across life histories (L∞ and the length-weight
parameters b and c) or determined from the other parameters.
The mean natural mortality, M, was used to determine growth
rate, k = M/1.5, and age at 50% maturity, m50% = M/1.4 (Charnov and
Berrigan, 1991; Charnov et al., 1993; Frisk et al., 2001), which
then determined the initial age at 50% selectivity in the ﬁshery
( 50% (t = 1) = m50% ). Both M and s50% varied through time in an autocorrelated manner; Eqs. (T1.4) and (T1.8). For the survey, age at 50%
selectivity was lower than that of the ﬁshery, g50% = 0.75  50% (t = 1),
and was rounded down to the nearest integer to determine the age
at recruitment to the population, aR = g50% .
We explored “good” and “poor” cases for data quality, whereby
several factors were adjusted to affect assessment performance
(Table 4). For each case we varied the CV of the observation error
in the survey (lower for the good scenario), the number of samples
collected to generate age structured data (higher for the good case),
and the amount of autocorrelation in the time-varying parameters (lower in the good scenario). The degree of autocorrelation
in M and s50% , and the standard deviation for M, s50% , q, and the
survey index varied based on the assessment quality scenarios
(Table 4). Values for these parameters were based on preliminary
model runs to conﬁrm that the values chosen inﬂuenced uncertainty in assessment estimates, without resulting in a large number
of failed assessment estimations (determined by the maximum gradient component of the objective function in AD Model Builder).
Uncertainty in total catch estimates was ﬁxed for the good and poor
assessment scenarios (Table 2), and was based on estimates for a
range of groundﬁsh stocks (NEFSC, 2008). In addition, we explored
two levels of recruitment variability, with the levels of variability
based on the meta-analysis of Thorson et al. (2014).
For each scenario, 1000 iterations were run. At the end of each
run, the terminal estimate of biomass and recruitment from each
assessment was stored along with the true values, and we calculated the amount of lag-1 autocorrelation in the error of biomass
and recruitment estimates using a maximum likelihood approach.
If V(t) and V* (t) represent the true and estimated values (for biomass
or recruitment) in year t, respectively, then the log-likelihood is:
n
L = − log(2 ) − nlog() −
2

V (t) + 0.5log(1 − 2 ) −
t
2

log(V (t − 1)) − log(V ∗ (t)) + log(V ∗ (t)) ] −

1
2 2

[log(V (t))−
t1

1 − 2
2
[ log(V (1)) − log(V ∗ (1)) ]
2 2

(2)

and  and  were estimated by minimizing −L .

3. Results
Estimates of the lag-1 autocorrelation (S ) in biomass errors
were almost always positive, with the majority of values between
0.5 and 1.0. Life history and exploitation history had clear effects
on S (Fig. 1), with life history having the largest effect overall
across all model scenarios considered (Table 5). Across life histories, S was highest for the long-lived life history and lowest for the
short-lived life history, with the medium one in between. Median
estimates of S ranged between 0.7 and 0.82 for the short-lived life
history, between 0.8 and 0.9 for the medium-lived life history, and
between 0.88 and 0.94 for the long-lived life history (Fig. 1). For a
particular life history, estimates of S increased as the ﬁshing mortality rate decreased. However, the magnitude of the differences
across exploitation scenarios varied with the species life history.
The largest differences in S across ﬁshing mortality rates occurred
for the short-lived life history, and the smallest were for the longlived life history (Fig. 1).While life history and exploitation history
had the largest effects on S , steepness of the stock-recruit relationship, and whether or not a harvest policy was applied in the
management period also affected estimates of S . Slightly higher
estimates of S , on average, occurred for the model runs with a
lower steepness and when no harvest policy was applied (Table 5).
Recruitment variability and assessment uncertainty had the smallest effects on estimates of S .
To determine if S changed over time as more data were
included in the assessment, we split the time series in half and calculated S for each half, then determined the difference between
the estimates (late S − early S ). The median difference was centered around 0 for all model runs, but the variability depended
upon exploitation history and whether or not a harvest policy was
applied. Using a harvest policy increased the range of S for the
light exploitation scenario and decreased the range for the heavy
exploitation scenario (Fig. 2).
The impact of exploitation history on estimates of S was
explored by relating the estimates of S with the mean ﬁshing
mortality rate (relative to the true F35% ) over the entire estimation period. There was a negative relationship between the mean
F/F35% and the estimated S , such that increasing ﬁshing pressure
resulted in lower estimates of S (Fig 3), although this relationship
only explained 22% of the variability in S .
We also calculated the autocorrelation in the recruitment error,
R , across model runs for each time series of stock assessment estimates (Fig. 1 and Table 5). Life history had the largest effect on
estimates of R , followed by recruitment variability (Table 5). The
pattern of R across life histories followed the opposite trend com-
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Fig. 1. Estimated lag-1 autocorrelation in biomass (S ; top panel) and recruitment (R ; bottom panel). Results are aggregated across model runs listed in Table 4 for the
different life histories and exploitation histories explored.

pared to S , with generally higher estimates of R for the short-lived
life history and the lowest estimates for the long-lived life history. For the recruitment variability scenarios, estimates of R were
slightly higher, on average for runs with lower variability (Table 5).
Estimated R was positively correlated with S , but R was usually less than S (Fig. 4). For the short-lived life history, estimates
of R and S were scattered around the 1:1 line, although the slope
of a linear regression through the estimates was below 1. For both
the medium- and long-lived life histories, the majority of estimates
are well below the 1:1 line, with slopes well below 1 (Fig. 4).
Across model scenarios, the effect on estimates of  S was generally small, with median estimates ranging between 0.3 and 0.38.
The exception to this pattern was for the model runs with low and

high assessment uncertainty, which resulted in median estimates
of  S 0.2 and 0.5, respectively (Table 5). Although the effect was
not as large compared to the assessment uncertainty runs, median
estimates of  S were slightly higher for the low steepness runs, and
for the light exploitation history runs (Table 5).
4. Discussion
We estimated the amount of temporal autocorrelation in errors
of estimated biomass and recruitment from SCAA stock assessment models over a series of scenarios spanning life histories,
exploitation levels, stock productivity, recruitment variability, and
data quality. Autocorrelation in the error in biomass estimates (S )
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Table 5
Comparison of the median estimates of the autocorrelation and standard deviation in biomass assessment error (S and  S , respectively) and the autocorrelation in recruitment
assessment error (R ), across model run categories. The median for each category (e.g., longevity) is an aggregate across all other categories (e.g., exploitation, steepness,
etc.). The range in estimates for a given category was calculated, and the largest ranges are shown in bold.
S

S

R

Life history

Short-lived
Medium-lived
Long-lived
Range

0.74
0.84
0.89
0.15

0.37
0.31
0.34
0.06

0.65
0.48
0.24
0.41

Exploitation

Light
Moderate
Heavy
Range

0.88
0.85
0.80
0.08

0.38
0.33
0.31
0.07

0.49
0.49
0.49
0.01

Stock-recruit steepness

Low
High
Range

0.87
0.82
0.05

0.38
0.30
0.08

0.48
0.49
0.01

Assessment
uncertainty

Low
High
Range

0.83
0.86
0.02

0.21
0.50
0.29

0.50
0.47
0.03

Recruitment variability

Low
High
Range

0.84
0.85
0.01

0.33
0.35
0.02

0.52
0.45
0.07

Harvest policy applied?

Yes
No
Range

0.81
0.87
0.06

0.35
0.33
0.02

0.49
0.49
0.00

Model Run

Fig. 2. Change in the estimated autocorrelation in biomass error (S ) over time. Estimates of S were calculated for the ﬁrst and second halves of the time period, and
change was calculated as the difference between these estimates. Results are shown across life histories, exploitation histories, and whether or not a harvest policy was used
(denoted H.P. and No H.P).

was positive and relatively high, with median estimates ranging
between 0.7 and 0.9. Estimates were highest for the long-lived life
history and lowest for the short-lived life history. Exploitation level
also affected the amount of autocorrelation, with higher values for
lightly exploited populations. On average, however, estimates of
S did not change over time as more data were included in the
assessment, and were not affected substantially by the assumed
level of steepness in the stock-recruit relationship, or whether or
not a harvest policy was applied. In contrast, recruitment variability and data quality had relatively minor effects on autocorrelation
of biomass errors.

In general, higher autocorrelation in the error in biomass estimates indicates poorer estimation by the stock assessment model,
as estimates are more consistently above or below the true value.
Therefore it is not surprising that estimation was poorer for the scenarios with light exploitation, as there was reduced contrast in the
data to help with the estimation. It is well known that increased
contrast in data such as the time series of relative abundance is
more informative and improves parameter estimation in a range of
assessment models (e.g., Hilborn and Mangel, 1997; Magnusson
and Hilborn, 2007). For SCAA models, Magnusson and Hilborn
(2007) showed that data with the additional contrast of a return
trip provide no additional information to the model, and do not
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Fig. 3. Estimated lag-1 autocorrelation (S ) in biomass estimates across all model runs as a function of the mean ﬁshing mortality ratio (Fratio = F/Ftarget ) over the entire time
period.

Fig. 4. Estimated lag-1 autocorrelation in recruitment estimates across model scenarios compared to the estimated autocorrelation in biomass estimates across life histories.
The solid gray line it the 1:1 line, while the dotted gray line represents the best ﬁtting line to the estimates.

result in an increased ability to estimate parameters. Additionally,
our results agree with other simulation studies that found SCAA
models have substantially lower accuracy in low ﬁshing mortality
rate scenarios than in high ﬁshing mortality rate scenarios (Bence
et al., 1993; Wilberg and Bence, 2006). Although higher levels of
ﬁshing mortality improved estimation (Fig. 4), a reduction in ﬁshing mortality, which occurred for the heavy exploitation scenarios
with a harvest policy applied, resulted in comparable or slightly
higher estimates of S .
Life history also had an important effect on S . Estimates of
S increased with increasing longevity. A key difference across
life history scenarios is the relative contribution of recruits to the
total population biomass. Recruits comprise a greater proportion
of the population biomass for the short-lived life history given
it has fewer age classes, higher growth rates and earlier age of
entry into the ﬁshery (and survey), compared to the medium- and
long-lived life histories. Recruitment estimates generally had lower
autocorrelation than biomass estimates (Fig. 4), so it follows that for
cases where recruits comprise a sizeable proportion of the biomass
(the short-lived life history and the heavy exploitation scenario)

that S would be lower. Additionally, the ﬁshing mortality rates
were lower, on average, for the long-lived life history than for the
medium- or short-lived life histories.
Our results have a number of implications for ﬁsheries management simulations and development of MSE models. First, for
MSE studies relying on the stochastic process method of simulating assessments, including autocorrelation of assessment errors is
necessary to replicate the outcomes of actual assessment model.
Our results provide a range of estimates that can inform choices
of the S parameter. Higher values of S than estimated here have
typically been assumed in previous studies. For example, Irwin et al.
(2008) and Wilberg et al. (2008) ﬁxed S = 0.7 in their study of harvest policies for yellow perch (Perca ﬂavescens) in Lake Michigan.
Punt et al. (2008) explored a range of values S = 0, 0.71, and 0.87
in their study of threshold control rules for groundﬁsh along the
western U.S., and they found that the level of S had an effect on
the interannual variability in catches resulting from a particular
management policy, an important factor for consideration when
selecting a harvest option. While the estimates of autocorrelation
used in these studies are within the range of values identiﬁed in our
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simulations, a broader range of values, both below 0.7 and above 0.9
may be warranted under some conditions. The selection of a particular value should be tied to the life history and exploitation level
of the species being modeled, with lower values of S in scenarios
with high exploitation rates and short-lived life histories.
Another important implication for MSE studies is that the
error in biomass and recruitment estimates does not show the
same level of autocorrelation. Our study found that recruitment
error autocorrelation, R , was generally lower than biomass error
autocorrelation S , particularly for the medium- and long-lived
life histories. When using the stochastic process MSE assessment
approach, one way to estimate recruitments is to use the true age
structure and the biomass estimated using Eq. (1) (e.g. Irwin et al.,
2008), but this method assumes the same level of autocorrelation in biomass and recruitment estimates. Our analyses show that
an alternative approach to estimating recruitment may be more
appropriate when using the stochastic process assessment method.
One possibility is to draw recruitment and biomass errors from a
multivariate distribution with a positive correlation between the
errors depending upon the life history of the species being modeled.
In addition to estimates of S , investigators wishing to use the
stochastic approach must also specify  S in Eq. (1). Estimates of  S
from our simulation were largely controlled by the speciﬁed uncertainty in the annual survey estimates, the number of samples taken
to determine the age composition of both the survey and the ﬁshery, and the error and autocorrelation in M and  50% . Because the
accuracy of the assessment models was largely controlled by values we set for the low and high assessment uncertainty runs, the
values presented here (between 0.2 and 0.5) should only be used a
guide when using the stochastic process MSE approach. Whenever
possible a wide range of values for  S should be explored to determine their effect on MSE results, and values below and above our
range of estimates are warranted.
Ideally, parameters of a stochastic process could be chosen such
that the full stock assessment and stochastic process approaches
would result in the same general predictions for a given case study.
The results of studies that have compared full and shortcut assessment approaches in MSE models indicate that the approaches can
lead to differing predictions for what the optimal harvest policy
may be under certain conditions (ICES, 2013). This result does not
necessarily invalidate the use of the stochastic process approach in
MSE. Rather, it emphasizes the importance of carefully choosing the
parameters for the stochastic process approach. For example, a full
age-structured assessment will provide estimates (with error) of
recruitments, selectivities, and possibly biological reference points.
If the management system being modeled requires short term projections, then these estimates can be used in the projections, and
error will propagate through time, potentially inﬂuencing the performance of a particular harvest policy. In contrast, the stochastic
process approach does not produce these estimates; some assumptions must be made if projections are to be conducted as part of the
management model. For example, selectivity at age may be ﬁxed at
the true values, and recruitments may be generated using the estimated biomass and the true proportions at age (Irwin et al., 2008). If
a stochastic process approach is going to be used in an MSE, investigators should conduct some simulation studies to identify levels of
autocorrelation in errors that allow the stochastic process to closely
match the pattern of errors from full assessments.
Although we explored a number of model scenarios in this study
(Table 4), many other scenarios involving changes in population
dynamics (e.g. regime shifts), data uncertainty or bias (e.g., ageing
error), or model misspeciﬁcation (e.g., incorrectly assumed form
of stock-recruit relationship) may impact estimates of  S, S , and
R . Simulation studies involving full assessment models are common (e.g., Magnusson and Hilborn, 2007; Deroba and Schueller,
2013; Hurtado-Ferro et al., 2015), and the information needed to

333

calculate the autocorrelated error in assessment estimates is often
readily available. Having estimates of  S, S , and R (and for other
assessment-estimated quantities; Punt et al., 2015) from a range
of studies exploring different population and assessment dynamics would increase our understanding of the factors inﬂuencing
estimates from stock assessment models.
Managing ﬁsh stocks in the face of uncertainty is a key challenge for ﬁsheries managers, and MSE is an essential tool to help
identify robust management practices across a range of uncertain
outcomes. Punt et al. (2015) recommended using a full stock assessment model if possible in MSEs. However, MSEs that include a
full stock assessment are limited in the number of scenarios that
can be explored due to the sometimes lengthy computation time.
Using the stochastic process approach within an MSE is a useful
alternative, particularly when a large number of scenarios must be
explored, and the results of this paper can be used as a guide in the
selection of appropriate levels of autocorrelation in error in biomass
and recruitment estimates. Future work, however, is needed to
identify if either the full stock assessment or stochastic process
approach is more robust in identifying optimal management policies because both approaches rely on substantial simpliﬁcations of
complex processes.
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