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Abstract: Fitting length data in age-structured stock assessment is a common method for evaluating
hard-to-age animals, such as crustaceans. Growth specification and the uncertainty in the stock
recruitment relationship are key issues in length-based assessment models. We conducted sensitivity
analyses to evaluate the impact of growth and recruitment parameters on the stock assessment
and management variables of the yellow squat lobster (Cervimunida johni) caught off the Chilean
coast. Nine different scenarios of the length at first capture (L,—;) and the coefficient of variation
at age (cv,) were tested for six combinations of values for the steepness parameter (i) and the
recruitment variance (03). We also investigated the reliability of these estimates using an operating
model. Our findings indicate that the parameter related to growth, L,—;, has the greatest impact
on the assessment and management variables of this fishery resource, with cv, having a lesser
effect. Recruitment and fishing mortality estimates were the main variables affected. Parameters & and
(71% did not profoundly impact the variables assessed. In addition, L,—; was the most biased estimated
parameter. We discuss that the high influence of growth parameters is related to model structure, and
thus implications for determination of the status of yellow squat lobster should be addressed in the
future. We recommended developing simulation protocols for the selection of growth parameters when
using an age-structured model with length observations, and we believe that our findings are relevant
for all Chilean fisheries with a similar stock assessment framework.

Keywords: crustacean; growth; recruitment; sensitivity; reliability; assessment; management

1. Introduction

Yellow squat lobster (Cervimunida johni) is one of the most important crustaceans harvested in
Chile in terms of landings and economical relevance. This species is a demersal crustacean inhabiting
the Southeast Pacific coast between Taltal (29°19’ S) and Mocha Island (38°20’ S). Distribution is
characterised by a narrow band on the continental shelf and upper part of the continental slope in
depths of 100 to 500 m. The crustacean fishery in Chile started in the 1950s and features industrial
and small-scale bottom trawlers, with a maximum landing of around 62,000 tons reached in 1976.
Nowadays, landings of yellow squat lobster in Chile are around 5000 tons. Since 1996 this population
has been separated into Northern Stock (26°03’ S-30°30’ S) and Southern Stock (30°30" S-38°48' S)
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(Figure 1) for management purposes. Management of yellow squat lobster in Chile is based on total
allowed catch (TAC) and reproductive closures.
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Figure 1. Distribution of the yellow squat lobster off the Chilean coast in shaded area. Dashed line
indicates the division of stocks: Northern stock distributed between 26°03’ S-30°30’ S and the Southern
stock between 30°30’ S -38°48' S.

Since 1991, fisheries management in Chile has been regulated by the “general law of fishing
and aquaculture” including a system for quota allocation based on individual transferable quotas
(ITQs) from 2001 to 2012. The Chilean fishing law was amended in 2013 to incorporate, among
other changes, the maximum sustainable yield (MSY) as target reference point for managing fishery
resources. This mandate triggered the estimation of MSY-based reference points (MSY-RPs) in each
fishery subject to catch limits in Chile [1].

In the case of the yellow squat lobster, MSY and depletion of spawning biomass are derived from
an integrated age-structured stock assessment model, which combines data from different sources
to estimate relevant population parameters. Direct assignation of age is difficult for crustaceans
and debates still continue regarding the utility of age- or length-based stock assessment models [2].
However, even when age cannot be assigned directly, age-structured models are useful for estimating
recruitment cohorts, making population dynamics more tractable [2].

For yellow squat lobster, the stock assessment is based on ages but fits observations of length
structures; therefore, the conditional probability of the length-at-age (age-at-length key) is needed
to convert observed lengths into ages. Age-at-length comes from individual growth parameters that
are usually fixed within the stock assessment model. The assumption that growth parameters are
known (for instance, updating) may add more uncertainty and complexity to the stock assessment
of crustaceans, because small variations in growth parameters can have profound effects on the
stock assessment and management variables and exploitation status [3]. Steepness (/) is a common
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measurement of stock resilience and is defined as the recruitment produced by a spawning biomass
at 20% of unfished spawning biomass, relative to the recruitment produced by unfished spawning
biomass [4]. Incorrect assumptions on the steepness parameter will directly affect the assessment
variables and the specific level at which each stock can be harvested.

Despite the importance of both growth and recruitment processes for the assessment and
management variables of yellow squat lobster in Chile, the impact of the assumed parameters has
not yet been studied. Thus, the aim of this paper is to explore how different assumptions about the
parameters used in the growth and the stock recruitment relationship (SRR) affect the assessment
and management variables (e.g., spawning biomass) of the yellow squat lobster fishery off Chile. We
develop a sensitivity analysis to investigate the impact of the variation of growth and recruitment
parameters on the different assessment and management variables. Using the yellow squat lobster stock
assessment model as an operating model, we implement an extensive simulation analysis to assess
the reliability in the estimation of those parameters that caused the higher variation in management
quantities (e.g., ratio between the spawning biomass in the last year and the unfished spawning
biomass, SB/SBy). We conclude that the parameters that describe individual growth have the largest
impact in the assessment and management variables of the yellow squat lobster stock and we believe
that our findings are extensive to all Chilean fisheries using the same assessment framework.

2. Materials and Methods

To address the sensitivity and simulation analyses of the growth and recruitment parameters we
used the most recent stock assessment model for yellow squat lobster [5]. Sensitivity analysis involved
only realizations of the stock assessment model, but simulation analysis used an operating model with
a simulation and estimation sections. A complete description of the operating model can be found in
Section 2.2 and Tables 1-3.

2.1. Testing the Growth and Recruitment Parameters

A base case scenario is required as a benchmark to study the impact on the status and management
variables of the changes of the length at first capture L,_1, variation of the length at a given age cv,,
recruitment variance (01%) and steepness (h) of the stock recruitment relationship (SRR). The first two
parameters are involved in the growth process, while 02 and & controls the variability of the SRR and
the dependence of the recruitment on spawning biomass, respectively.

The base case scenario assumes fixed parameters for recruitment variance, (71% = 0.6 and steepness,
h = 1. Values of these parameters were chosen based on results obtained in previous stock assessment
reports [5] for yellow squat lobster in which recruitment variability is moderate (not exceed cv = 0.6)
and recruitments show low dependency of the spawning biomass size. Note that # = 1 means that
reductions in spawning biomass will not affect recruitments. Likewise, growth parameters (L,—1, cv,)
in the base case scenario were taken from reports [5] and they were fixed to the following values:
Ls—1 = 13.7 (cm) and cv, = 0.037 for females, and L,—1 = 20.4 (cm) and cv, = 0.083 for males.

Like many crustacean species, yellow squat lobster shows an important sexual dimorphism,
which leads to differences in the growth traits [6], reflecting gender differences on the length at first
capture. In the case of length variability at age, empirical studies of growth for yellow squat lobster
based on age do not exist, therefore model-based studies are simplified by using a constant cv, which
involve a positive causal relationship between the average length at age and its variance [5,7]

Nine scenarios were evaluated containing a pair combination of different values of L,—; and cv,
(Table 4). Previous analyses on the stock assessment model [5] showed that changes in the selectivity
function produces variability on L,—; no greater than ~2 cm. Therefore, to match this variation we
consider scenarios for L,—; of around +10% (Table 4). Similarly, variability on cv, was also set to
£10% across scenarios. Parameter cv, controls the variability of the length-at-age and it needs to be
constrains to a narrow range on the simulation in order to control the degree of overlapping among
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cohorts to biological meaning scenarios. Once values of L,—1 and cv, were chosen for each simulation
scenario, they were fixed at each realization of the stock assessment model.

Table 1. Parameter notation and description of the operating and estimation models. x indicate

estimated parameter.

Symbol Value Description
Indices
5 2 Number of sex (m : male; f : female)
t 1985, ..., t=2015 Time (yrs)
a 1,2,...,a=11 Number of age classes
I 10,11,...,1=52 Number of length bins
Observed data
Ppys Proportion of catch-at-length
Pl?, < Proportion of abundance-at-length from survey
cpuey Annual catch per unit of effort
Y; Annual landing
I Annual index from research survey
pi Annual proportion of males in the total landing
Parameters
Leogs m=>528; f =45.6  Asymptotic length (mm)
ks m = 0.151; f = 0.174 von Bertalanffy growth coefficient
Ro * Unfished recruitment
(71% 0.6 Standard error of log-recruitment deviations
U’%S 0.6 Standard error of initial log-abundance
Lo=1s m =204; f =137  Mean length of the first age class (mm)

COe  m=0.083; f = 0.037

Coefficient of variation of the length-at-age

q * Catchability coefficient for commercial fishing
o * Catchability coefficient for research survey
a0, ad® * Selectivity function parameters for commercial fishing
00, 0P * Selectivity function parameters for survey
Fig * Annual fishing mortality rate
M 0.12 Instantaneous natural mortality rate
h 1 Steepness stock-recruitment relationships
Ha,s *
oy *
Derived variables
sby Unfished equilibrium spawning biomass per recruit
SBy Unfished spawning biomass
los Length-at-age
Mg, Proportion maturity-at-age
Was Body mass-at-age
Nuts Abundance of fish
SB; Spawning biomass
MNy 15 Mid-year abundance
Ris Annual Recruitment by sex
i Sex ration of total recruitment R;
VB Vulnerable biomass to commercial fishing
VB{? Vulnerable biomass to research survey
o, Beverton Holt stock recruitment parameters
p(l|a) Sex-based age—length key
Ous Standard deviation of length-at-age
Cats Catch-at-age
Y; Annual landing

Selectivity -at, -age and -sex
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Table 2. Definition of equations for operating and estimation models.

Process / Equation Description

Form

Growth
Equation (1) Length-at-age

Equation (2) Variation of length-at-age

Equation (3) Probability of length-at-age

Stock recruitment relationship

Equation (4) Beverton and Holt (BH) function
Equation (5) Parameter of BH function
Equation (6) Parameter of BH function
Equation (7) Average recruitment

2
_ R
aSB;_q eler—F ), £ ~ N(O,(TIZ{)

Ry = B+SBi1
® = it
L
Et,s = ﬁ?ﬁt

Initial Condition, Fished equilibrium at t =1

Equation (8) Unfished spawning biomass
Equation (9) Initial abundance-at-age
Equation (10) Initial abundance-at-age with process error

A-1 ~M(a— P )
sbo = Y7 Maswa,se G = , s=f

ﬁ;Ro, a=1
Nas = Na—l,seiM/ 1<a<A
Na_q1se™
e, a=4,

Nas = Nysells=7), .0 ~N(O, ‘7%5)

State Dynamics att > 1

Equation (11) Abundance-at-age

Equation (12) Spawning biomass
Equation (13) Catches

Equation (14) Yield

Ffs, a=1
Nots = Na—l,t—l,seiMis["’“F[’;/ 1<a<A
Nafl,tfl,se_M_Sﬂ’SFl’s + Nu,tfl,se_M_Sﬂ’SFl’s

A
SBt,s = Za:l Natsaswas, S= f

_ e M—saskys )

Sas s 1
Cats = M_;,_snihs Nﬂ,t,se<

Y = 25:1 Z,f:] Ca,t,swa

Fishery and Survey
Equation (15) Fishery selectivity-at-age
Equation (16) Survey selectivity-at-age
Equation (17) Vulnerable mean abundance
Equation (18) Fishery Vulnerable Biomass
Equation (19) Survey Vulnerable Biomass
Equation (20) Catch per unit effort

Equation (21) Survey Biomass Index

Equation (22) Catchability

—q20
s

—In(19) 2% __
ses=1/(1+¢ ")

00

~In(19) a0 )

s,g?s =1/(1+e
L
VB = Y21 X1y 50sMNapsp (s | @)y
VB = T2 Kily stsMNasp(ls | a)ewy,
cpue, = qVB;
I; = gOVBD

g= e(ﬁ ,{1 In(cpue,)—In(VBy))
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Table 3. Estimation model. Likelihood, penalties and the set of estimated parameters ©.

Process / Equation Description Form
Fishery
Equation (23) Proportion catch-at-length Py = %
Equation (24) CPUE index Ly = neln(oe) + 217 Yreq In( ESEZ:’ )2
Equation (25) Fishery age-data L, =— Z;”: 1 2321 Z?:l Py, In(Pp )
Equation (26) Total landing Lz = nyln(oy) + # Ztnil ln(Y%{,)2
Y
Survey
o)
Equation (27) Proportion survey-at-age Pf}/s = 2&;&”—%
Equation (28) Survey index Ly = nn(o,) + # Y ln(%é)z
L t
1 - — _ Vs 2 A 0() Q)
Equation (29) Survey age-data Ls = — Y Yeq Yoy nPpIn(Py; )
Sex ratio
3 1 omo__ Z;‘;l Sa,s:mMNa/t,S:m
Equation (30) Male proportion Py = T N
E i 31 S i L 221(1’7?’7!7?)2
quation (31) ex ratio 6 = - /n
Penalties
Equation (32) Annual recruitment P = Uiz 2;:1 s%
R
Equation (33) Initial abundance-at-age P, = % Zle 173
Total Likelihood
Equation (34) Total Likelihood Lr =Y Lo+ Yo By

Estimated parameters
Equation (35) O = {Ro, &, Nas, 1,5, CVas, Frs, 320, a8, Q0,05 g}

Table 4. Scenarios of the mean length at first capture (L,—1) and the variation of the length-at-age (cv,).
(Base = base case scenario).

Scenarios L,—q U,
1 —-10% —10%
2 Base —10%
3 +10%  —10%
4 —10%  Base
5 Base Base
6 +10% Base
7 —-10%  +10%
8 Base +10%
9 +10%  +10%

In order to analyse the impact of the SRR parameters, we implemented different combinations of
(71% and h. Values for h were chosen as the values used on the stock assessment, lower bound & = 0.75
and higher bound / = 1 [5]. In addition the value of i = 0.75 defines the most common shape of the
SRR [8]. Six combinations of steepness values of 0.75 and 1, and 01% of 1, 0.6 and 0.2 were assessed.
Each scenario of L,—1 and cv, in Table 4, was a realization for each combination of 0’1% and & (Table 5).
A total of 54 realizations were computed to explore the effect on the stock assessment and management
variables of the parameters assumed in both the growth and recruitment processes. Because the stock
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assessment accounts for differences in growth between males and females the variation of L,—1 and
cv, (Table 4) were applied to males and females.

Table 5. Combinations of the steepness (1) values and recruitment variance (01%) for each of nine
scenarios of L,—1 and cv,.

h 0123 N? scenarios of L,—1 and cv,

Combination 1 1.0 02 9
Combination2 1.0 0.6
Combination3 1.0 1.0
Combination4 0.75 0.2
Combination5 0.75 0.6
Combination6 0.75 1.0

O O O O O

To study the impact of the changes of these parameters on the assessment and the resulting
management estimates we used the following variables—Total biomass in the last year (T B); spawning
biomass in the last year (SB); average recruitment (R); yield at MSY (Yassy); unfished spawning
biomass (SBy); ratio between last year yield (Y) and yield at MSY (Y /Ysy); ratio between the fishing
mortality in the last year (F) and fishing mortality at MSY (F/ Fasgy); ratio between the SB in the last
year and the unfished spawning biomass (SB/ S By); fishing mortality of the last year (F), and the target
fishing mortality (Fpssy). All these measures were standardized to the base case scenario, which means
each assessment and management variable generated in each scenario of Tables 4 and 5 was divided
by the value of the same variable in the base case scenario.

2.2. Reliability of the Parameters Estimation

A simulation analysis was developed for L,_1, cv, and h. The operating model assumes a
sex-based age-structured population dynamics, with an annual recruitment pulse modelled using the
Beverton-Holt SRR. Since there are not reported catches before 1985, the initial age-structure abundance
vector is assumed under a fished equilibrium state. The growth process uses an age-at-length key that
assumes known growth parameters (k and L.). Parameters L,_1, cv, and h are estimated simultaneously
with others relevant parameters such as unfished recruitment, initial abundance deviations, annual
recruitment errors and fishing mortality. A detailed description of the operating model appears in
Tables 1-3. See Table 1 for notation of parameters and derived variables.

Parameters of the stock assessment model were estimated using maximum likelihood estimation
(MLE). Seven sources of data are used to maximise the total log-likelihood function defined in Table 3:
(i) official landings, (ii) standardised catch per unit effort (CPUE), (iii) fisheries-independent biomass
index (annual swept area surveys), (iv) length compositions from the commercial fleets and surveys,
(v) annual female proportion in the landings, (vi) medium weight at length for each sex and (vii)
female maturity ogive. Selectivity is assumed constant over time for the fishery and survey. The MSY
is independent of the SRR and obtained from proxy values [9]. The model was implemented using the
software AD Model Builder for non-linear statistical modelling [10].

The simulation model was conditioned to the data and errors of the base case scenario [5].
Process error of the annual recruitment was simulated assuming a value ¢3 = 0.6 in all simulations.
Thus, two simulations were developed by varying the value of L,—; and h (Table 6), and a total of
100 dataset were generated using Markov Chain Monte Carlo (MCMC). Each simulated dataset was
used to obtain a trials of L,_1, cv, or h and therefore to explore the predictability of the L,_1, cv, and
h. In each realisation, the convergence of the model was checked by evaluating the singularity of
the Hessian matrix. Precision of the parameters was measured by comparing the values from the
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simulations with those from the estimation process. The median value out of 100 parameters estimated
was used as a measure of the bias of the estimation process as follows:

MV = median (999> , 1)

where 6 represents the value of the parameter estimated, and 0 is the true simulated value. Furthermore,
the coefficient of variation (CV) was computed for each parameter. MV and CV values were computed
for females and males together.

Table 6. Simulation trials to explore the predictability of the growth parameters L,—; and cv, and
productivity (k) with the assumption of a 171% = 0.6. (Base = base case scenario).

Simulator Estimator

L,—1 v, h Lo—1 U, h

Simulation1 —10% Base 1.0 Triall Estimated Estimated Estimated
Trial 2 Estimated Estimated Fixed

Simulation2 +10% Base 0.75 Trial3 Estimated Fixed Fixed
Trial 4 Fixed Estimated Fixed

3. Results

3.1. Impacts of the Growth and Recruitment Parameters

The effect of the changes in L,_1, cv, and 0’1% on the stock assessment and management variables
for h = 1 are summarised in Figure 2 (left panel). The highest impact stems from changes in the
parameter L,_; in comparison to changes in cv, or 3. Recruitment was the most affected variable
in the stock assessment. In all scenarios, variations of L,—; lead to increases and reductions of R.
Deviation of R compared to the base case scenario were close to a 24% maximum when L,—; was high
and 11% when L,—; was low. The assessment variables SB, SBy were less impacted compared to R
with a variation of 16.5% maximum and near 13% respectively when L,_; was low. A maximum of
10% (SB) and 6.5% (SBy) were registered when L,—; was high. The assessment variables TB and Yjgy
were less affected across different scenarios of L,_1, cv, and 01% (Figure 2).

Regarding the management variables for i = 1, Figure 2 (right panel) the highest impact arisen
from changes in L, and to a lesser extent from cv, or UI%. Variations in L,—1 between —10% (low) and
+10% (high) (Figure 2) affected mainly the F and the ratio of F/Fysy. The maximum variation in F was
near to 9%, and 9.5% in F/ Fy;sy when L,_; was high, and a maximum of 9.3% in F and Fj;sy when
L,—1 was low. Management variables, Fy1sy and Y /Yy showed less variations in most scenarios of
Ly=1 and cv,; with a maximum of a 5% and 3.5% respectively. Figure 2 shows little variation of SB/SBy
with maximum near 4.5% across all scenarios.

Figure 3 summarised the results of the combination of nine scenarios of variation in L,_1, cv, and
0% for h = 0.75. The impact of the changes on h, 03 and cv, on the stock assessment and management
variables are negligible compared to the effect of the change in L,—; (Figure 3, left panel). As the same
as the case of i = 1 the most impacted stock assessment variable in & = 0.75 were R followed by SB.
Variation in R variable when L,_; was low reached a maximum of 13%, instead when L,_1 was high
the maximum variation was near to 14% (Figure 3). In the case of SB the maximum variation was near
to a 10% when L,—; was high (Figure 3).
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h=1.0
R SB SBo TB Ymsy | Fmsy Y/Ymsy SB/SBo F/Fmsy F
|
La: low - CVa: low - R sigma: 0.2 0.959 0.835 0.87 0.959 0.996 i 1.035 1.004 0.956 1.038 1.075
La: low - CVa: low - R sigma: 0.6 0.882 0.932 0.96 0.95 0.98 : 0.992 1.021 0.981 1.102 1.094
La: low - CVa: low - R sigma: 1.0 0.885 0.947 0.965 0.955 0.975 : 0.99 1.025 0.984 1.093 1.082
La: low - CVa: base - R sigma: 0.2 0.972 ' 0.849 0.878 0.975 1.003 i 1.031 0.996 0.96 1.022 1.054
La: low - CVa: base - R sigma: 0.6 0.9 0.95 0.975 0.968 0.994 : 0.989 1.006 0.985 1.083 1.071
La: low - CVa: base - R sigma: 1.0 0.91 0.966 0.988 0.974 0.998 i 0.988 1.002 0.989 1.073 1.06
La: low - CVa: high - R sigma: 0.2 0.985 0.863 0.885 0.989 1.011 : 1.028 0.989 0.964 1.006 1.035
La: low - CVa: high - R sigma: 0.6 0.92 0.97 0.992 0.987 1.009 : 0.986 0.991 0.991 1.063 1.048
La: low - CVa: high - R sigma: 1.0 0.937 0.985 1.012 0.994 1.021 : 0.985 0.98 0.995 1.052 1.037
Labase - CVa: low - Rsigma: 02 1071 | 0873 | 089 Oss2 | 1008 | 105 o0sea  oses  oses | 1014
La: base - CVa: low - R sigma: 0.6 0.98 0.98 0.984 0.98 0.986 i 1.003 1.014 0.994 1.019 1.022 fsﬁ::
La: base - CVa: low - R sigma: 1.0 | Q9}78 N 0.99.3 ) 0 954 0.985 0.977 : 1 1.024 0.998 1.012 1.012 . .
La: base - CVa: base - R sigma: 0.2 1.084 0.886 0.903 0.996 1.014 : 1.047 0.986 0.972 0.953 0.997 L
La: base - CVa: base - R sigma: 0.6 1 0.999 1 1 1 i 1 1 1 1 1 110
La: base - CVa: base - R sigma: 1.0 1.006 1.015 1.008 1.008 0.998 : 0.998 1.002 1.004 0.991 0.989 0o
La: base - CVa: high - R sigma: 0.2 1.097 0.899 0.91 1.01 1.021 : 1.045 0.979 0.976 0.937 0.98 -
La: base - CVa: high - R sigma: 0.6 1.02 1.019 1.015 1.02 1.014 : 0.999 0.986 1.005 0.98 0.978
La: base - CVa: high - R sigma: 1.0 ___E(E!i____to_Sz____1_.0_33____1;031_____1;0_22__j__0_9_96_____0_9_79_____10_1 _____ 0_9_7 _____ 0. _957___
La: high - CVa: low - R sigma: 0.2 1.205 0.917 0.928 1.013 1.019 : 1.051 0.982 0.983 0.908 0.954
La: high - CVa: low - R sigma: 0.6 1.096 1.037 1.013 1.019 0.989 : 1 1.011 1.011 0.95 0.95
La: high - CVa: low - R sigma: 1.0 e 1 079 » 1.052 1 1.023 0.967 i 0.996 1.035 1.015 0.942 0.938
La: high - CVa: base - R sigma: 0.2 1.22 0.931 0.935 1.028 1.024 : 1.047 0.976 0.988 0.896 0.938
La: high - CVa: base - R sigma: 0.6 1.116 1.056 1.027 1.038 1.001 : 0.997 0.999 1.016 0.935 0.932
La: high - CVa: base - R sigma: 1.0 b 1104 N 1.076 1.019 1.049 0.983 i 0.993 1.017 1.021 0.922 0.916
La: high - CVa: high - R sigma: 0.2 1.235 0.946 0.943 1.043 1.03 : 1.043 0.97 0.992 0.883 0.921
La: high - CVa: high - R sigma: 0.6 1.138 1.075 1.042 1.058 1.014 : 0.995 0.986 1.021 0.919 0.914
La: high - CVa: high - R sigma: 1.0 1.133 1.097 1.04 1.073 1.002 i 0.991 0.998 1.027 0.906 0.898
|
|
|

Figure 2. Assessment and management variables results for each scenario that combine Tables 4
and 5 for an steepness value of 1 = 1. Left white column show each scenario of mean length at first
capture L,—; (low (—10%), base (base case scenario), high (+10%)), coefficient of variation at age cv,
(low (—10%), base, high (+10%)) and recruitment variability UZ% (0.2, 0.6 and 1). Assessment variables
correspond to R (average recruitment), SB (spawning biomass in the last year), SBy (unfished spawning
biomass), TB (Total biomass), Y5y (catch at the maximum sustainable yield, MSY). Management
variables were Fysy (target fishing mortality), Y /Y)sy (ratio between last year yield (Y) and yield at
MSY), SB/SBy (ratio between the SB in the last year and the unfished spawning biomass), F/Fy;sy
(ratio between the fishing mortality in the last year (F) and fishing mortality at MSY) and F. Value
equals 1 indicates no change regarding the base case scenario.

As well as in h = 1, management variables most affected were F and the ratio of F/Fy;sy with
variations of a maximum of 9% and 10% respectively, whether L,_ was high or low. Fyssy, SB/SBy and
Y /Ypsy were much less affected (bellow to a 5%) by the different scenarios compared to F and F/ Fyssy-.

Comparing across values of /1 (Figures 2 and 3), small changes were observed in the scenarios
where the recruitment variance arise from a distribution with a 012{ = 0.6 and & move from a value 0.75
(Figure 3) to 1 (Figure 2). A similar result was obtained when (7122 = 1.0 and & changed from 1 (Figure 2)
to 0.75 (Figure 3). The only exception to the previous results was found when the recruitment variation
assumed a value of 03 = 0.2 and the steepness value changed from h = 1 to h = 0.75. In this last
case, the stock assessment and management variables were more sensitive to the changes in steepness
(Figures 2 and 3).
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h=0.75
R SB SBo TB Ymsy | Fmsy Y/Ymsy SB/SBo F/Fmsy F
|
La: low - CVa: low - R sigma: 0.2 0.871 0.919 0.951 0.961 0.99 i 0.993 1.01 0.978 1.095 1.088
La: low - CVa: low - R sigma: 0.6 0.885 0.937 0.97 0.953 0.988 : 0.991 1.013 0.982 1.098 1.089
La: low - CVa: low - R sigma: 1.0 0.886 0.949 0.97 0.956 0.979 : 0.99 1.021 0.985 1.091 1.08
La: low - CVa: base - R sigma: 0.2 ' 0.883 0.934 0.958 0.975 0.996 i 0.989 1.004 0.982 1.08 1.068
La: low - CVa: base - R sigma: 0.6 0.904 0.957 0.986 0.973 1.003 : 0.988 0.997 0.987 1.078 1.065
La: low - CVa: base - R sigma: 1.0 0.913 0.969 0.996 0.976 1.004 : 0.987 0.996 0.99 1.071 1.057
La: low - CVa: high - R sigma: 0.2 0.894 0.948 0.965 0.989 1.002 i 0.986 0.998 0.985 1.065 1.05
La: low - CVa: high - R sigma: 0.6 0.924 0.977 1.003 0.992 1.019 : 0.985 0.982 0.993 1.057 1.041
La: low - CVa: high - R sigma: 1.0 0.94 0.988 1.023 0.996 1.03 : 0.985 0.971 0.995 1.051 1.035
Labase - CVa: low - Rsigma: 02 0971 0957 0973 098 9% | 1007 | 1004  oss 1o 1031
La: base - CVa: low - R sigma: 0.6 0.98 0.98 0.986 0.979 0.986 i 1.003 1.015 0.994 1.02 1.023 Vsacf‘:g
La: base - CVa: low - R sigma: 1.0 | 0. 978 ; 0,992 0.981 0.983 0.973 : 1 1.028 0.998 1.013 1.014 !
La: base - CVa: base - R sigma: 0.2 0.983 0.971 0.979 0.993 1001 ! 1.004 0.999 0.993 1.011 1.015 ::]Z
La: base - CVa: base - R sigma: 0.6 1.001 1.004 1.002 1.002 1 : 0.999 1 1.001 0.998 0.998 l:UU
La: base - CVa: base - R sigma: 1.0 1.007 1.018 1.007 1.009 0.996 i 0.997 1.004 1.005 0.99 0.987 0.95
La: base - CVa: high - R sigma: 0.2 0.995 0.984 0.986 1.006 1006 | 1003 0.993 0.996 0.996 0.999 . 00
La: base - CVa: high - R sigma: 0.6 1.023 1.026 1.019 1.024 1.015 : 0.997 0.985 1.007 0.976 0.973
Lacbase-CVashigh-Roigna: 10 1097 1038 1038 10% 1023 | osse _ os7s o1 o969 oses
La: high - CVa: low - R sigma: 0.2 1.092 1 1.002 1.005 1.001 : 1.009 0.999 1.002 0.968 0.977
La: high - CVa: low - R sigma: 0.6 1.095 1.037 1.006 1.016 0.98 : 0.999 1.021 1.011 0.953 0.952
La: high - CVa: low - R sigma: 1.0 | 1.075 1.053 0.983 1.023 0.949 i 0.996 1.054 1.015 0.942 0.938
La: high - CVa: base - R sigma: 0.2 1.105 1.015 1.008 1.019 1.005 : 1.005 0.995 1.006 0.956 0.961
La: high - CVa: base - R sigma: 0.6 1.115 1.057 1.02 1.037 0.992 : 0.996 1.008 1.016 0.936 0.933
La: high - CVa: base - R sigma: 1.0 1.1 1.077 1.003 1.049 0.966 i 0.993 1.035 1.022 0.923 0.916
La: high - CVa: high - R sigma: 0.2 1.118 1.03 1.015 1.033 1.009 : 1.002 0.991 1.01 0.943 0.945
La: high - CVa: high - R sigma: 0.6 1.137 1.079 1.036 1.06 1.006 : 0.994 0.995 1.022 0.918 0.912
La: high - CVa: high - R sigma: 1.0 1.13 1.102 1.027 1.076 0.988 i 0.991 1.013 1.028 0.902 0.894
|
|
|

Figure 3. Assessment and management variables results for each scenario that combine Tables 4 and 5
for an steepness value of 1 = 0.75. Left white column show each scenario of mean length at first capture
L,—1 (low (—10%), base (base case scenario), high (+10%)), coefficient of variation at age cv,; (low (—10%),
base, high (+10%)) and recruitment variability LTI% (0.2,0.6 and 1). Assessment variables correspond to R
(average recruitment), SB (spawning biomass in the last year), SBy (unfished spawning biomass), TB
(Total biomass), Yjsy (catch at the maximum sustainable yield, MSY). Management variables were
Fpisy (target fishing mortality), Y/ Yysy (ratio between last year yield (Y) and yield at MSY), SB/SBy
(ratio between the SB in the last year and the unfished spawning biomass), F/ Fjsy (ratio between the
fishing mortality in the last year (F) and fishing mortality at MSY) and F. Value equals 1 indicates no
change regarding the base case scenario.

3.2. Reliability of the Parameters Estimation

Table 7 summarised the median relative bias (MV) between the estimated parameters and those
used in the simulation. It also shows the coefficient of variation (CV) of the parameters that comes from
the models with a reliable solution in the optimisation process. In Trial 1 (Table 7), where L,—1, cv,; and
h parameters were estimated simultaneously, L,—1 and & show a biased estimation, because differences
between simulated and estimated parameters were the largest. In addition, parameter h shows the
highest variability with a CV equal to 0.11. When the simulation was focused on the growth parameters
(Table 7, Trial 2), the reliability of the estimation increased, because the MV of L,_; and cv, are reduced,
as well as the CV.

The higher reliability of the parameters estimated in the Trial 2 was also supported by the percentage
of convergence equivalent to 100%. Indeed, when all parameters were estimated simultaneously (Table 7,
Trial 1) the percentage of convergence was lower (46%) compared to the trial in which only growth
parameters were estimated with a convergence level of 100% (Table 7, Trial 2). When L,—; was estimated
alone (Table 7, Trial 3), also reveals less confidence in the estimation, the differences between the estimated
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and simulated parameters was MV = —0.12. The negative value arise from a 10% reduction in the
parameter L,—, in this case the model estimated larger values for L,—;. Thus, the cv, was the most
reliable and precise parameter estimated in at least 94% of the runs, with the lower bias level (MV) and
variability (CV) (Table 7, Trial 4). As expected, the estimation L,—1 showed the highest bias and variability
(Table 7, Trial 3) due to the largest impact on the stock assessment and management variables as shown in
Section 3.1.

Table 7. Median values (MV) and coefficient of variation (CV) for all trials. All simulations were run with
a recruitment variance of (71% = 0.6. Convergence of each trial estimation is registered as percentage (%).

L,—1 v, h Convergence
MV Ccv MV CV MV CV %
Trial 1 0.11 0.04 0.07 0.02 014 0.11 46
Trial2 0.09 0.04 003 002 — — 100
Trial3 —-0.12 009 — — — — 100
Trial 4 — — 005 003 — — 94

4. Discussion

We have shown that the length at first capture, L,—1, has the highest impact on yellow squat lobster
assessment and management variables. The variation of this parameter mainly affects recruitment
(R) and secondarily, spawning biomass. Although, the other status variables were also affected, their
variation was negligible. Contrary to our expectations, changes in the & assumption of the SRR and the
variability of the recruitments (c3) had a negligible impact on the studied variables. Changes in L,_ led
to changes in individual mean weight, thus affecting directly the estimation of biomass and therefore
the recruitments. Because the effects of the changes in & and ¢ were negligible, we concluded that
the shape and variability of the SRR do not have a major impact on the assessment and management
variables. Therefore, observed variations in the amount of recruitment were mainly caused by changing
in the spawning biomass triggered by different values of L,_.

Fishing mortality (F) and the ratio F/Fyssy were the most affected management variables in all
scenarios. However, when we analysed the effect of Fj;sy isolated; negligible variation arose across
different scenarios for L,—_1, cv,, h and 01%. Thus, variations in F/Fysy are down to changes in F
across scenarios. Variability in F was a consequence of changes in L,_1 across scenarios that triggered
changes in vulnerable biomass. This imply that L,—; could significantly affect the exploitation status
perceived in yellow squat lobster. Variation in steepness (h) became relevant only when 03 = 0.2.
Under such condition, low variation of recruitment estimates around the theoretical curve is allowed,
and thus steepness becomes more relevant in determining the population renewal therefore triggering
variations in population abundance.

L,—1 was the most biased parameter estimated in the simulation analysis. The bias on L,_1 increased
when cv, remain fixed on the simulations in the estimation model, suggesting that the high correlation
between these two parameters is important to maintain at least consistency on the estimation. L,—; is
assumed constant across time, but observed length structures show high variations. Therefore, processes
such as selectivity, growth parameters and recruitment need to vary across time to cope with observed
variations on length structures. Indeed, when trying to estimate growth and recruitment parameters
simultaneously, a poor optimisation process was reported (e.g., non-invertible Hessian matrix). This agrees
with previous investigations suggesting that a confounding effect is found when estimating at the same
time life history and recruitment parameters on integrated stock assessment models [11].

We propose that variations in L,—; have a major impact on the assessment and management
variables of Chilean yellow squat lobster. This agrees with other works stating that misspecification of
growth can result in deep uncertainties in parameter and management quantity estimates when the stock
assessment models are fit to length structure [3]. The assessment framework of the yellow squat lobster
depends on known growth parameter k and L, leading to fixed values of L,—; and cv,. This issue calls
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for caution because it may give a false sense of certainty about the exploitation status of this species.
As with many other crustacean species, direct observation of ages in yellow squat lobster is difficult.
In Chile, age estimations used in stock assessments come exclusively from age distribution mixtures
using length structures [12]. This method involves high levels of uncertainty because the numbers of
age groups are essentially a subjective decision [7]. Yellow squat lobster showed wide variability on
reported growth parameters across different studies [6,13-16]. Number of age groups assigned on the
observed length structures varies from 5 [13,15] to 11 [6]. These variations in age groups assigned are
then propagated into the estimated growth parameters. Values of k varied from 0.154 to 0.196 [year ']
in females, and 0.118 to 0.221 [year '] in males. Additionally, Lo takes values in the range of 45.6 to
54.6 [cm] in females and 52.8 to 62.1 [cm] in males. For current stock assessment in Chilean yellow squat
lobster, selected beforehand, a set of fixed growth parameters and no further or formal sensitivity analysis
is performed. Given the importance of the growth parameters on L,_; and cv, and therefore for the
assessment and management variables of yellow squat lobster, we recommend to developing workable
protocols that deal with these shortcomings. Alternatively, growth parameters could be estimate within
the stock assessment model, thus including growth parameters and associate uncertainty as additional
information to the integrated model [3]. Further work should includes extensive sensitivity analysis on
how growth parameters are affected by selectivity, and how intermediate and old ages are affected by
changes L,_1. This also should be extended to the perception of status, since F was the variable most
impacted by changes in L,—;. In addition, others simulation scenarios could include a wider interval of
values & since the value used here and in the stock assessment (i = 1) is at the boundary of the parameters
space for h and this sometime could influencing the Hessian estimation.

During 2014, the Instituto de Fomento Pesquero (IFOP) conducted a project on biological reference
points in Chilean fisheries subjected to annual quotas [9]. The project included extensive work, to classify
stocks in tiers (groups) according to quantity and quality of the data available (poor, moderate, and rich
data) and the reliability of the assessment estimates. Later, specific methods were proposed to estimate
MSY-based RPs in each tier. Demersal crustacean fisheries, including yellow squat lobster, were classified
in such tier in which proxy variables are used to estimate MSY- based RPs. This means that yellow
squat lobster contains enough information to conduct an age-structured stock assessment, but /1 cannot
reliably be estimated within the stock assessment model. Thus, simulation results presented here should
be seen as complementary to the simulations analysis developed for MSY-based RPs [9]. Additionally,
the simulation findings here suggest that in the process of parameterising the Chilean yellow squat lobster,
the stock assessment model serves best to avoid the combined estimation of the parameters that describe
the growth process and the stock-recruitment relationship. If the combined estimation is avoided, the bias
in the estimation of the stock assessment and management variables will decrease.

We conclude that the parameters related to individual growth are the most important in
determining the exploitation status of this stock. In an age-structured model where the fitted observed
length structures show high inter-annual variability, an unbiased estimation of L, is very important.
Thus, we recommend the use of workable simulation protocols for growth when using an age-structured
model fitting length observations such as yellow squat lobster in Chile. The analysis was focused on
the Northern stock of the Chilean yellow squat lobster, however our findings extend to all Chilean
fisheries using age-structured models fitting length observations, because they shared the same
assessment framework.
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