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A comparison of gamma and lognormal maximum
likelihood estimators in a sequential population
analysis

Noel G. Cadigan and Ransom A. Myers

Abstract: We analyze the model used to assess most major commercial marine fish populations, namely, sequential
population analysis (SPA). This model estimates population abundance by combining catch-at-age data with research
surveys or commercial catch per unit effort indices of abundance. We examine two maximum likelihood estimators of
SPA parameters. These estimators are based on assuming that the stock-size indices are from lognormal or gamma
distributions. Using simulations, we find that both types of estimators can have significant biases; however, our results
indicate that it is preferable to use the gamma model, because it tends to have lower bias and variability, even when
the true distribution of the stock-size indices is lognormal.

Résumé: On trouvera ici un examen de I'analyse séquentielle de population (SPA), le modeéle qui est utilisé pour éva
luer la plupart des populations de poissons marins d’intérét commercial. Ce type de modéle estime I'abondance de la
population en combinant des données sur la capture a chacun des ages a des indices d’abondance basés sur des inven
taires scientifiques ou sur le succes de la péche commerciale par unité d'effort. Deux estimateurs de vraisemblance
maximale des parameétres de la SPA ont été comparés; les deux estimateurs supposent que les indices de densité des
stocks sont tirés de distributions lognormales ou gamma. Des simulations montrent que les deux types d’estimateurs
peuvent introduire des erreurs systématiques importantes; cependant, d’apres ces résultats, il est préférable d'utiliser le
modele gamma car il introduit moins de biais et de variation, méme lorsque la véritable distribution des indices de
densité des stocks est lognormale.

[Traduit par la Rédaction]

Introduction overexploitation of some populations (ICES 1991; Cook et
. . . . . [. 1991). Even so, SPA has received relatively little statisti-
Sequential population analysis (SPA) is an important mode al investigation.

used to provide abundance information for many major com- L : .
P X . : . The standard method of estimating SPAs is to use nonlinear
mercial fisheries worldwide (Shepherd 1988). This model i ?ast squares with transformed survey indices. Transforma

so named becagse It gequenﬂally combines COMMETCIg,ns are used so that model errors appear homogeneously
catches from all fish born in a given year, and uses researcfa—

survey estimates of relative abundance (indices) or commet istributed; however, another reason is that nonlinear least
y sguares is relatively easy to use. A log transformation in con

cial catch rates to estimate the present and past absolute fiadnction with a normal-error assumption is commonly used
stock abundance (numbers at age). SPA is the standafg; i, s oquivalent to assuming that the untransformed sur
method used in the management of fish populations by bOtOe

international organizations, e.g., ICES (International Council y |ntql|ces fhgvtet a Iogn(igggl dtﬁtrlbutlon. H('[)wg\_/etr{bwltt_h tk]le
for the Exploration of the Sea) and NAFO (Northwest Atlan exception of Patterson ( ) the appropriate distribution for

tic Fisheries Organization), and national governments, e modeling the survey indices has received little attention. Part
9 ' 9 + €.94f the reason for the lack of statistical attention is that many

gar:?g? igd tgeulféﬁbﬁ‘svcenfs'soegslsm(g] cl)?f n;itgogoicgnalsl%gg)er searchers examine model residuals; they feel that, if serious
yze pop roblems exist with the stochastic assumptions, then these

Yg?g;s 'ﬁﬁgroek(;rlegzghoinsdI}r?grviﬁtg?;smeg?nmtﬂz (r:\]ﬂéﬁggourge roblems should be apparent in the residuals. A second con
’ P'€%acture is that less obvious violations in distributional

ently used that have led to overestimation of abundance a sumptions have negligible effects on estimates and- infer

ences, although Patterson (1999) demonstrates otherwise in an

Received June 28, 2000. Accepted December 21, 2000. example. Both of these assumptions require verification. We
Published on the NRC Research Press Web site on March 7'focus on the second assumption in this paper.

ﬁ)géill The purpose of this paper is to explore the potential sensi

tivity of SPAs to the assumed distribution of survey indices.
N.G. Cadigan? Fisheries and Oceans, Northwest Atlantic A log transformation is commonly used, and is appropriate
Fisheries Centre, P.O. Box 5667, St. John's, NF A1C 5X1, \when the model variability of the survey indices is pro
Canada. . . _ portional to the square of their mean (constant coefficient of
Eiﬁagﬂyyeéi'm'gﬂi?; Smrﬁ&)cﬁz{# ;’(t“ﬂl'gségf"%r;mecrgng’iga variation (CV)), although other variance models may be more
' ‘ ' ' " appropriate for some data sets. We explore SPA estimation for
ICorresponding author (e-mail: cadiganN@dfo-mpo.gc.ca).  two constant CV stochastic models: the lognormal and the
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gamma. In practice, it is usually difficult to diagnose which is because, among other reasons, the trawl is size-selective. An
of these distributions is the more appropriate one to use (seher common assumption for survey indices is that their SPA
Atkinson 1982; McCullagh and Nelder 1989). It is ofter as model variance is proportional to th(_e square o_f their mean, that is,
sumed that estimates and inferences are similar for eith&onstant CV. Using these assumptions, the first two moments of
distribution and that, in practice, it does not matter whetheP!" Stochastic SPA model for the random survey indidgsafe

the lognormal or gamma distribution is used. We investigatg?2) E(Ray) = May = GaNay

the bias and precision of maximum likelihood estimates

(MLESs) of some SPA parameters for these two distributiongtnd

using simulation studies. As well, we investigate the bias(3) Var(Ry) = ki2

and precision when the distribution is mis-specified, that is, Y ay

the change in bias and precision resulting from using logwhereq, is an age-specific survey-catchability coefficient. kebe
normal MLEs with gamma-distributed survey indices, anda vector with elementsy,...d.. The CV isy/k. We explore maxi
vice versa. We also investigate the accuracy of a method fopum likelihood estimation of the andq based on two distribu
constructing confidence intervals. Our simulations are base#ions that are commonly used for constant CV stochastic models,
on six real fish populations: Labrador cod, Southern Grand@mely, the gamma and lognormal distributions (see McCullagh
Bank cod, Eastern Scotian shelf cod, Browns Bank cod2"d Nelder 1989).

i helf pollock h If of St. L
Scotian Shelf pollock, and Southern Gulf of St awrenceGamma SPA MLEs

herring. X - . .
ermng Consider a gamma-distributed random variaBle 0 with u =
E(R), and letr be a realization oR. The probability density func
Materials and methods tion (PDF) forR is

SPA can be thought of as “a family of methods for converting or 0
catch-at-age data into [population] numbers at age” (Mohn and p(r;u,0) = r (@)Y = | expfkor/u]
Cook 1993). Megrey (1989) gives a description of many methods [
and models used in stock assessments, including SPA. We examine
a formulation of SPA that is commonly used for North Atlantic fish Where¢ > 0. For this distribution Vai) = u2/¢, so thatk = 1/¢ in
stocks (Gavaris 1988; Hilborn and Walters 1992; Mohn and Cooked- 3. The gamma log-likelihood far, g, and¢ is
1993).

We consider a simple cohort model for a population withge- Le =Lg(na, ¢|{Ray = as})
classesd = 1,...,A) observed ove¥ years ¢ = 1,....Y). Let n,, be
the unknown number of fish in the population at the beginning of = AY{¢log(¢) —log ()}
the year. The primary purpose of a SPA is to estimate the survivors
in yearY; that is, then,y,...,nay. The underlying population dynam- _ _
ics model for the SPA formulation we consider is + ¢§y‘{|09(ray/ua)) ray/ll a}’ %IOQ Fay

1) N, =N exp(m) + c,, exp(m/2) o
( ay = Tarly+l ay wheret,, = [1,y(n,q). MLES for n andq are those that maximizes.

wherec,, is the number of aga fish caught by the fishery in year It is easy to show that the MLE fog, whenn is known is
y andm is the annual natural mortality rate. This equation can be

used to compute all population numbers (there/Aare Y of these) G, = Ga(n) = Yazﬂ

from the population numbers in the last age and year (ther@ are a a > Nay

Y — 1 of these). We assume that theandm are known without error.
These are standard assumptions and have been used in the ass
ments of the six stocks we consider in our simulations. Equation
is based on the assumption that the commercial catches are tak
halfway through the year. This approximation is from Pope (1972)esti
and gives good results; Mertz and Myers (1996) show how eq. 1

e thatd, is unbiased for,. The MLE for ¢ has to be obtained
umerically. McCullagh and Nelder (1989) do not recommend us
the d MLE for several reasons. They favor using the moment
mator

can be easily modified to include a seasonal pattern of catches. We R {ry—1 Q/H a},2
denote the survivors up to agein yearY as the vectony. All nyy, o= z y "a
y=1,...,Y — 1, are usually expressed in terms of survivors, using ay n-p

nonlinear constraints (see Gavaris 1988; Myers and Cadigan 1995); _

however, we simply estimate them. Lej be a vector with ele  The estimator ofy we use (denoted as) is different from¢ only
mentsnay,...,Nay. Although not constraining, adds considerably in that then — p term is replaced by to be consistent with the
more parameters to be estimated, the estimation is relatively easipgnormal_variance parameter MLE (see next section). We use
because the population-dynamics model is linear in the parametef,(n) and ¢ (n), to reduce the number of parameters that must be

vectorn = [na,ny]. numerically estimated to just. We find the MLE forn using the
Newton—Raphson method. The first order derivatives Le{n,
Statistical model and estimation g, 0 {Ray = ray}) are not difficult to calculate. We calculaté(n) =

Gamma and lognormal MLEs for the unknown SPA parametersaz_LG(') on Jn’ by finite differences. Elstlmates of (@) were ob
n, are presented in this section. Survey indices and catches afained as the diagonal elements of=" (f).
used to estimata. We stochastically model the survey indices. In
most of the examples we consider, the surveys involve stratified.ognormal SPA MLEs
random sampling using a trawl, and the indices are the mean num The PDF for the lognormal distribution is
ber of fish per tow. It is common to assume that the survey indices ) L _os )
reflect only an age-dependent proportion of stock abundance. This p(r;u,02) = r-o~2n) % Sexpf-(logr —p*) %/ 25 3
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Table 1. Fish populations analyzed.

Can. J. Fish. Aquat. Sci. Vol. 58, 2001

Population Unit area  Source Ages Years
Labrador cod 2J3KL Bishop et al. 1993 3-12 1978-1992
Southern Grand Bank cod 3Ps Bishop et al. 1994 3-12 1978-1993
Eastern Scotian Shelf cod 4VsW Mohn and MacEachern 1993 3-15 1971-1992
Browns Bank cod 4X Gavaris et al. 1994 3-10 1970-1992
Scotian Shelf pollock AVWX Trippel and Brown 1993 2-12 1974-1992
Southern Gulf of St. Lawrence herring 4T Claytor et al. 1992 3-10 1978-1991

Note: Ages and years refer to minimum-maximum ages and first-last years used in the sequential population analysis.

Table 2. Number of simulations with large estimates of survivors.

Survey distribution

Cv=05 Cv=1

Lognormal Gamma Lognormal Gamma
Stock LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE
3Ps cod — — — — — 2 23 2
2J3KL cod — — — — — — — —
4VsW cod — — — — — — — —
4X cod 1 1 1 1 24 42 61 14
4T herring — — — — — — 27 16
4VWX pollock — — — — 17 34 42 12
Total 1 1 1 1 41 78 153 44

Note: GMLE and LMLE denote gamma and lognormal maximum likelihood estimators respectively.

wherec > 0 andu* = log() — 62/2. Log[R) is normally distributed
with meanu* and variances?. For this distribution,

Var(R) = exp*)2expe?){exp(c?) — 1} = ku?
wherek = exp©2) — 1 in eq. 3. The logdikelihood forn, g, andc is
Ly = LN(n!qlczl{Ray = Ta})
= —-AYlog(2nc?)/ 2
— Y (logry —u%)? / 262 =Y logry,
ay ay

It is easy to show that the MLE fog® = q, exp(-6?/2) whenn is
known is given by

log(@y) = log{Gz(n} = Y'Y {log( r) —og( n)}
y
This is an unbiased estimator of 16g¢). Also, the MLE forc? is

given by

2"ay{IC)g( ra)) B IOg(II a;)}z
AY

For knownn, G2 is a biased estimator af?,

52 = 52(n) =

wherei,, = q; Nay
and the bias is &

}Y This bias is of a similar order to the bias in

consider six fish stocks on which to base our simulations. We use
published time series of catch at age and published estimates of
Ny (@=1,...,A), nay (y = 1,....,Y = 1), andq,, to generate random
survey indices at age, using egs. 1, 2, and 3. We generate 1000 sets
of surveys assuming gamma or lognormal errors (2000 in total),
and estimaten twice for each set using gamma and lognormal
MLEs. The only difference between gamma and lognormal simula-
tions is the distribution used to generate the random survey data.
We generate three sets of simulated indices, with CVs of 0.25, 0.5,
and 1. These values cover the range of SPA CVs that are common
in stock assessments. We use the simulations to estimate the bias
and other distributional characteristics of the gamma and log
normal MLEs ofn.

The six fish stocks we consider are all from the Northwest
Atlantic (see Table 1). The population parameters are taken from
the referenced assessment documents for each stock. We only con
sider SPAs up to the early 1990s, because commercial fishing mor
atoria and environmental anomalies after this period complicate the
analysis of several of these stocks. We use an annual mortality rate,
m, of 0.2, to randomly generate survey data in all our simulation
analyses. The same value foris used in estimation. Documents
containing the data used in our analysis can be obtained from the
Canadian Stock Assessment Secretariat, Fisheries and Oceans (Sta
tion 1256), 200 Kent Street, Ottawa, ON K1A 0E6, Canada, or the
Northwest Atlantic Fisheries Organization, P.O. Box 638,
Dartmouth, NS B2Y 3Y9, Canada.

6. It may be more appropriate to use the bias corrected estimator JRésults

o2; however, this does not affect the estimationnofwhich is the

main focus of this paper. The MLE @f, can easily be obtained us
ing g andc?. We usedy andc? to reduce the number of param
eters to estimate, just as for the gamma case. We also use the sa

method to estimate V).

Simulations

In some simulations, particularly when the CV = 1, the
parameter estimates were implausibly large. For example,
With one of the pollock simulated data sets, the gamma MLE
of total survivors converged after 29 iterations and was 3.09 x
10" however, after eight iterations, the log-likelihood was
within 3.4 units of the maximum but the survivors totalled

In this section, we describe the simulation procedures we use tonly 1.6 x 10, which is relatively close to the population
compare gamma and lognormal MLEs of SPA parameters. Wéotal of 9.2 x 10. This is a case where the simulated data
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Fig. 1. Standardized biases for lognormal (solid lines) and gammaFig. 2. Standardized biases for lognormal (solid lines) and

(dotted lines) maximum likelihood estimators of the sequential gamma (dotted lines) maximum likelihood estimators of the se
population analysis survivorsify, a = 1,...,A). Panels on théeft quential population analysis population nhumbers at the oldest age
show biases for lognormal-simulated surveys (coefficient of variation(ns, y = 1,...,Y). (8) Lognormal-simulated surveys (coefficient of
(CV) = 0.5) and panels on the right show biases for gamma-  variation (CV) = 0.5). §) Gamma-simulated surveys (CV = 0.5).
simulated surveys (CV = 0.5). Each row of panels represents a

particular fish stock: &) 3Ps cod, If) 2J3KL cod, €) 4VsW cod, | a)
(d) 4X cod, @ 4T herring, and fj 4VWX pollock. 0-30 o e
Lognormal data Gamma data ’ N
0.25
0.20
3 5 7 9 1" 3 5 7 9 1
0.3 0.3 \///\ » 1978 1980 1982 1984 1986 1988 1990 1992
0.2 021 >~ ©
0.1 01 ... [SRSURURTTEC o
0.0 0.0 b)
3 5 7 9 1 0.30 7
0.3 0.3 \/\/\/\
0.2 0.2 .
0.1 0| covervrme e 0-25
0.0 0.0
8 3 5 7 9 1 13 15 020 1 o e e
M 04 0.4 ~__—— | e
0.3 0.3
g? g? [NUPTIREEP 1978 1980 1982 1984 1986 1988 1990 1992
3 5 7 9 Year
025 025 —~_— simulations represent data sets that are not informative about
0.15 _ 0151 how low stock size might be. These cases produced almost
0.05 ' 0.05 Loerr e singular Hessian matrices that, when inverted, led to incor-
3 5 7 9 3 5 7 9 rect negative variance estimates. These simulations were
0.4 f) ] o4 also removed from further analysis. Note that negative vari-
03 \/\—/_/\, 03~ ance estimates were also common in the simulations that
02 T 02 ~ produced unreasonably large estimates of stock size.
Ll I . R We focus on the relative performance of gamma and log

2 4 6 8 10 12 2 4 6 8 10 12 pormal MLEs of the unknown SPA survivoms,. Let h$ de
Age (years) note the gamma MLEs and Iat denote the lognormal MLEs.
Standardized biases (see eg. 4 below) obtained from the CV =

) , ) 0.5 simulations fomY and n§ are presented in Fig. 1. The
are non-informative about how large the stock might be. Westandardization is the same for baifi andnb; it is

decided to remove these cases, to simulate the process that

actually occurs during a stock assessment, that is, such Wg) B(N) = ave(fly) —ny

would not usually be considered in a stock assessment. We SDyve

removed cases if the estimated total abundance of survivors

exceeded 10x the population total abundance of survivor#here avefy) is the average of the simulateys,

(i.,e., 10 xX_n,). Both the gamma and lognormal MLEs _ L G 12

were removed If either one produced a large estimate -of to SDye = [{Val iv) + Var(hy)}/ 377,

tal survivors. The frequency of these large estimates is preand Var() is the variance of calculated over the simulated

sented in Table 2. No large estimates were found when thestimates. If the only difference in the simulated distribu

CV = 0.25. When the CV = 1, the trend over all stocks wastions ofn$ andny is a location shift, then Sp, is simply a

to obtain more large estimates when the error distributiorcombined estimate of the standard deviation. The same

was wrong, and this occurred more for lognormal MLEsSD, . is used for botm$ andny, so that differences in stan

than for gamma MLEs. We examine the consequences afardized bias are not the consequence of differences in pre

not eliminating the large estimates at the end of this section.cision; however, a different standardization is used in each
Another problem for the remaining pollock simulations panel in Fig. 1 and for each age. We examine the precision

with CV = 1 wasthat negative variance estimates occurredof estimators later. Note that the biases in Fig. 1 tend to be

three times. This happened twice for gamma MLEs and oncenidway between the biases we found in the CV = 0.25 and

for lognormal MLEs. Negative variances were always assoCV = 1 simulations. These results demonstrate Byt?) is

ciated with very low estimates of stock size. The cerre often less tharBy(nY), even when the survey distribution is

sponding likelihood surfaces were very flat, and thesdognormal. This was always the case when the CV = 0.25.

© 2001 NRC Canada



564 Can. J. Fish. Aquat. Sci. Vol. 58, 2001

Table 3. Relative bias (%), relative median bias (%), and relative standard deviations (%) for maximum likelihood estimators (MLES)

Survey distribution
Relative bias (%)

Relative median bias (%)

Cv =0.25 Cv=1 CVv =0.25

Lognormal Gamma Lognormal Gamma Lognormal Gamma
Stock LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE
3Ps cod (108.6) 2 0 2 1 35 17 98 21 2 -0 2 0
2J3KL cod (335.8) 2 0 3 1 27 6 67 19 1 -1 2 0
4VsW cod (50.6) 1 -0 2 0 21 -1 52 12 1 -1 1 -1
4X cod (21.8) 3 1 3 0 63 88 175 41 1 -1 2 -1
4T herring (1940.6) 3 1 2 0 36 28 136 42 1 0 1 -1

Note: GMLE and LMLE denote gamma and lognormal MLEs. Values in parentheses are population total survivors (millions).

Table 4. Relative bias (%), relative median bias (%), and relative standard deviations (%) for maximum likelihood estimators (MLES)

Survey distribution
Relative bias (%)

Relative median bias (%)

CV =0.25 Ccv=1 CV =0.25

Lognormal Gamma Lognormal Gamma Lognormal Gamma
Stock LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE
3Ps cod (0.10) -1 1 -1 1 -10 10 -26 4 -2 0 -2 -0
2J3KL cod (0.11) -1 1 -1 0 -9 13 -23 3 -1 1 -2 -0
4VsW cod (0.46) -0 1 -1 1 -8 17 -20 5 -1 1 -1 1
4X cod (0.47) -1 1 -1 2 -15 -1 =30 9 -1 1 -2 1
4T herring (0.07) -1 0 -0 1 -7 3 -14 7 -1 -0 -1 1

Note: GMLE and LMLE denote gamma and lognormal MLEs. Values in parentheses are the population total exploitation rate.

The biases fom,, (i.e., N,) wheny < Y are similar in  be negative quite frequently, whereas the bias\gf is al-
magnitude to the bias dfi ,y, which is shown at the right ways positive. Hence, we conclude that, more often than
end-point in each of the panels in Fig. 1. We present comnot, gamma MLEs will underestimate survivors and log-
plete bias results for 3Ps cod in Fig. 2. The results demonrormal MLEs will overestimate survivors. The relative stan-
strate thatB(n%)| — [B{(n's)| when the survey distribution is dard deviation results in Table 3 demonstrate that, when the
lognormal is less tharB|(h%)| — B{N%)| when the survey CV = 0.25, bothnk, andnS appear to be equally precise,
distribution is gamma. and there is little loss in precision if the nominal MLE distri

The estimated total abundance of survivors (2gh,y = bution is mis-specified. This is not the case when the CV =
n,y) is a useful quantity to examine in more detail. In-Ta 1; however, our results show that a greater loss in precision
ble 3, we present the bias, median bias, and simulation stais incurred by usingh} with gamma surveys than by using
dard deviations for this quantity. The biases and standard$ with lognormal surveys.
deviations in Table 3 are expressed as percentages of total Another useful quantity to examine in detail is the total
population (true) abundances.{), which are also shown in exploitation rate in the last year, that 1,C,y/ =, N,y = Fy.
this table; for example, the average relative percentage biaphis is the fraction of the initial stock in yeaf removed by

is given by the fishery. Exploitation rates are commonly used to assess
the sustainability of a fishery. Average and median biases for

B,(f,y) =100x (ave(ﬁw)—rmj the total exploitation rate are presented in Table 4. The re

N,y sults when the ¥ = 1 suggest that, at least 50% of the time,

lognormal MLEs underestimate exploitation rates by a-con

The median (med) bias is computed by replacing uweith  siderably greater amount than gamma MLEs do. A disadvan
med(). The results for CV = 0.5 are intermediate betweentage of gamma MLEs is that the standard deviations-§f
those presented in Table 3. (see Table 4) tend to be 40% greater than the standard-devia
The relative bias results in Table 3 demonstrate thations of F} for lognormal surveys with CV = 1, and 20%
IB,(hS)| is usually less tharB}(AL,)|. Also in Table 3, we greater than the standard deviationsF§f for gamma surveys.
show that the median biases for batk, andnS, tend to be  The effect of this is that for CV = 1, MSE$) > MSE(FY)
less than the average biases, which is to be expected, beven when the surveys are gamma distributed. This is largely
cause the distributions af, andnS, are right-skewed. The because gamma MLEs overestimate exploitation rates more
median biases demonstrate that, at least 50% of the time, tiitkan lognormal MLEs. For all six stocks and for lognormal
SPA estimates ofi,y are closer to the population value than data with CV = 1, the average 10th percentilesFf— R,
the average biases suggest. The median biaofends to and F$ — R, are -52 and —49% oF,, respectively. For
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of total survivors.

Relative standard deviations (%)

Cv=1 CV =0.25 Cv=1

Lognormal Gamma Lognormal Gamma Lognormal Gamma
LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE
21 -1 55 9 12 12 12 12 84 120 216 59
18 -3 48 11 11 11 11 11 52 47 88 54
14 -9 40 5 10 10 10 9 43 40 69 44
26 11 68 9 15 14 15 14 143 356 540 240
15 6 37 6 13 13 13 13 8l 83 478 166

of the total exploitation rate in the last sequential population analysis year.

Relative standard deviations (%)

Cv=1 CVv =0.25 Cv=1

Lognormal Gamma Lognormal Gamma Lognormal Gamma
LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE LMLE GMLE
-17 1 -35 -9 12 12 11 12 38 54 46 57
-15 4 -32 -10 11 11 11 11 35 51 42 53
-12 9 —-28 -4 9 10 9 9 31 45 40 46
-21 -10 —41 -8 14 14 14 14 42 57 49 70
-13 -6 =27 -6 13 13 13 13 43 51 59 64

pared with the lognormal limit when the surveys are log-
normal is less than the inaccuracy of the lognormal-based
lower limit compared with the gamma limit when the sur-
o . veys are gamma. Similar results were obtained when the
and 70% ofF,, respectively, for lognormal surveys and 33 CV = 1. When the CV = 0.25 (results not shown), the limit

and 73% off, respectively, for gamma surveys. U
An important aspect of SPA is the “correctness” of infer g)ased on the gamma assumption is more accurate than the

gamma surveys, the average 10th percentilesFpi- R,
and F¢ - R, are —68 and —-50% of, respectively. How-
ever, the 90th percentiles d¥y — R, and F$ — R, are 36

ences, that is, how well do confidence intervals (CIs) cove imit based on the lognormal assumption, even when the dis

; e . ribution is mis-specified.
population values. Of specific interest to us is how Cls base - .
on the lognormal- or gamma-distribution assumptions -com. In the above analyses, we eliminated estimates that were

pare, especially when the distribution is mis-specified. Welmplau5|bly high, that is, 10 times the truth. Our general re

Ivesigte this using Cis based on a nomal approxmatoflyis U51° [900% 0 Shenges o W poceciue. & owe ver
for the distribution of MLEs. LeV~! be the observed infer 9 ’ 9

. . : mator increased greatly, while if estimates five times the
Qﬁ'gthgﬁmx based on Inj parameters. We nominally as truth were eliminated, the bias was reduced. In both cases,

the gamma MLEs seemed preferable.
(5) In(A) — In(n)

vz Discussion

has a standard normal distribution, and use this statistic to We have found that assumptions about the distribution of
construct Cls. These intervals are commonly used for SPAesearch-survey indices in the method most commonly used
inference, and give a simple way to compare the potentiaio estimate the abundance of marine fish populations in the
accuracy of inferences for gamma and lognormal MLEs. InNorth Atlantic have a large effect on the bias of important

our simulations, we count the number of times populationparameters for fisheries managers. The lognormal distribution
values exceed Cls. Lower Cls are of particular importances commonly used for SPA estimation and inference; however,
for fisheries management. In Fig. 3, we plot the observedhe gamma distribution appears preferable. This is because
proportion of times in the CV = 0.5 simulations that popula gamma MLEs have less bias even when the true distribution
tion values for survivors were less than the 95% lower confi of survey indices is lognormal or, at least, the increase in bias
dence limit. The limit based on eq. 5 appears too largewhen using gamma MLEs with lognormal-distributed surveys

because population values are smaller than this limit with as less than the increase in bias when using lognormal MLEs
frequency greater than the nominal 5% value. Nonethelessyith gamma-distributed surveys. Our results also suggest that,
the relative inaccuracy of the gamma-based lower limit comfor estimating population size, the loss in precision using
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Fig. 3. Simulation probabilities that sequential population analy setting commercial-fishery catch quotas; that is, often quotas
sis survivors f,y, @ = 1,...,A) are less than lower confidence are selected that give a low predicted exploitation rate. Our
limits based on lognormal (solid lines) and gamma (dotted lines)results show that the difference in precision is because
maximum likelihood estimators. Panels on the left show biases gamma MLEs tend to overestimate exploitation rates more
for lognormal-simulated surveys (coefficient of variation (CV) = than lognormal MLEs, that is, the probability of getting a

0.5). Panels on the right show biases for gamma-simulated sur |arge estimate of the exploitation rate in the last SPA year is
veys (CV = 0.5). Each row of panels represents a particular fish considerably greater for gamma MLEs than for lognormal

stock: @) 3Ps cod, If) 2J3KL cod, €) 4VsW cod, ¢) 4X cod, MLEs. This is a less serious conservation error than under
(e) 4T herring, and f) 4VWX pollock. The nominal probability  estimating exploitation rates and overestimating stock size,
of exceeding the confidence limit is shown as a broken line. which is more of a problem for lognormal than gamma
MLEs. Consequently, the decreased precision of gamma
Lognormal data Gamma data

MLEs for estimating exploitation rates compared with-log
normal MLEs is not a good reason to favor the use of
lognormal MLEs.

< 10.10
0.08
0.06

0041 " Some of our assumptions may be violated for some data

3 5 7 9 1M sets. In particular, there may be errors in the observed com

0.09 mercial catches, and natural mortality may vary over time

[ 0.07 /\/\/ and age. Violation of either of these assumptions may create
0.05 {5im = mm e e biases and increase estimation error variance (Lapointe et al.
0.03 : . - p— 1989; Clark 1999). Trends in unreported catch or discarding

can have disastrous consequences in a collapsing fishery

0.09

S (Myers et al. 1997). Another problem is that survey indices
0.07

may not be independent within years (Myers and Cadigan

PV R AN

3
§ 1995) for some stocks. We have limited our analyses to the
o O . 5w 1 15 Model defined by egs. 2 and 3, because it accounts for a ma-
g jor source of variability (surveys, see Rivard 1989), and it is
c 0.12 desirable for our analyses to be applicable to fish stock as-
§ 0.08 sessment methods that are commonly used, at least for North
2 0.04 Atlantic stocks. It also seems unlikely that lognormal MLEs
L“ may be preferable to gamma MLES, because some other part
012 of the SPA model is mis-specified. Nonetheless, the estima-
0.10

010 tion biases we report may be small for some stocks com-
0.06 , pared with the biases that can result from using incorrect
0.04 catches and wrong values for natural mortality.

Our approach to SPA estimation is somewhat nonstandard
in North Atlantic assessments, in that we treat as unknown
010 both the survivorsr{y) and the numbers in the oldest age-
0.05{=" T mimmimmmimmmmmmem f g 05 |7 class of the cohort modehf). Typically, the latter numbers

2 4 6 8 10 12 2> 4 6 8 10 12 are approximated using constraints on their fishing mortali
Age (years) ties. This reduces the number of parameters to estimate, but
also complicates estimation. We feel that our results will

lognormal MLEs with gamma-distributed surveys tends to be2PPly when constraints on fishing mortalities are used; pro
greater than the loss in precision using gamma MLEs witrviding the constraints are good approximations of reality.
lognormal-distributed surveys. Our results also suggest th&ptherwise the choice of error distribution may be a minor
more accurate and robust lower Cls for population size maproblem in terms of the biases caused by incorrectly model
be obtained using the gamma-distribution assumption rathdPd then,. In this respect, our results also suggest that, when
than the lognormal-distribution assumption. the survey SPA errors are not too large (€\0.5), then it is

Our conclusions agree with those presented by Firth (1988possible to estimate the, andny with reasonable accuracy,
who showed that the loss in asymptotic efficiency of gammaand we recommend doing this at least as a diagnostic check
MLEs when errors are lognormally distributed is less thanfor the suitability of fishing-mortality constraints.
the loss associated with lognormal MLEs when the errors More complicated and possibly more realistic stochastic
are gamma distributed. Our results are also consistent withssumptions are also used for modeling catch-at-age data.
Myers and Pepin (1990), who found that methods that relyExamples are found in Deriso et al. (1985) and Gudmundsson
on the lognormal assumption may produce large biases and994). These methods all involve stochastic models for-com
loss of efficiency, if there are even small deviations from themercial catches. The catch models usually expegss terms
assumptions. of population numbers, using a commercial fishery selectivity

One deficiency of gamma MLEs of SPA exploitation ratesmodel. These methods may also allow for errors in assump
compared with lognormal MLEs is that gamma MLEs weretions about the annual natural mortality rate, Quite often
found to be less precise than lognormal MLEs, even wherthese methods incorporate additional information, like the ef
the surveys were gamma distributed. This could be serioudprt expended by the commercial fleet to obtain catches. The
because exploitation rates often play an important role irapplicability of our results to these other methods is difficult

1 0.20
0.15
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to predict, however our comments in the previous two paraGudmundsson, G. 1994. Time series analysis of catch-at-age ob

graphs also apply to these more complicated approaches; for servations. Appl. Statis#3: 117-126.

example, if the fishery-selectivity model is mis-specified, thenHilborn, R., and Walters, C.J. 1992. Quantitative fisheries stoek as

the choice of survey SPA error distribution may be a minor sessment: choice, dynamics and uncertainty. Chapman and Hall,

problem compared with the effect of incorrectly modeling New York.

commercial-catch information. ICES (International Council for the Exploration of the Sea). 1991.
Gamma and lognormal MLEs produce different estimates, Report of the working group on methods of fish stock assess

essentially because both distributions give different weights ments. ICES (Int. Counc. Explor. Sea) CM 1991/Assess: 25.

to the deviations between observations and predictions. An 'CES. Palaegade 2-4, DK-1261, Copenhagen K, Denmark.

alternative approach is to use quasi-likelihood methods (sek?Pointe, M.F., Peterman, R.M., and MacCall, A.D. 1989. Trends in

McCullagh and Nelder 1989), as they only use information (51 el T80e =0t9 Wit Bets o B mets stimated
on the first two moments. p

by virtual population analysis (VPA). Can. J. Fish. Aquat. 86i.
2129-2139.
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