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Abstract

The current standard method for modelling catch and effort data for Patagonian toothfish
(Dissostichus eleginoides) for CCAMLR areas is to model the haul-by-haul ratios of catch to
effort as the response variable in a generalised linear model (GLM) with a square-root link
function and a unit variance function. A time series of standardised CPUE estimates and
their precision can be obtained from the ‘fishing year” parameter estimates together with
‘baseline” parameter estimates, their variance-covariance matrix, and the inverse-link
function. An alternative GLM with a more rigorous theoretical basis is introduced here.
Catch is modelled as the response variable using a GLM with a power variance function,
with the power parameter (1) estimated using a profile extended quasi-likelihood, and a
log link function with log of effort as an offset. For 1 < A < 2 this model is equivalent to
assuming a compound Poisson-gamma distribution (i.e. Tweedie distribution) for catch
that, unlike lognormal or gamma distributions, admits zero values.

In addition, random vessel effects are introduced into the GLM, as specified by a
generalised linear mixed model (GLMM), in order to provide more efficient estimates of
the standardised CPUE time series and more realistic estimates of their precision. Extra
efficiency is gained by recovery of inter-vessel information as a result of the imbalance in
the number of hauls in the year-by-vessel cross-classification. Further, the inclusion of an
area stratum by fishing year interaction as an additional random effect in the GLMM is
investigated. Fitting the stratum-by-year interaction as a fixed effect is problematic since
it requires weighting of the individual stratum estimates by the areal extent of the stratum
in order to obtain overall yearly standardised catch-per-unit-effort (CPUE) estimates.
Without stratified random sampling, the determination of stratum areas that will give
unbiased standardised CPUE estimates may be difficult. Fitting the stratum-by-year
interaction as a random effect avoids this difficulty, and diagnostic methods to evaluate
the validity of considering this interaction as random are described.

The methods are demonstrated using catch and effort data from two commercial
D. eleginoides fisheries: the longline fishery around South Georgia (Subarea 48.3) and the
trawl fishery around Heard Island and MacDonald Islands (Division 58.5.2).

Résumé

La méthode standard actuelle servant a modéliser les données de capture et d’effort de
péche de la légine australe (Dissostichus eleginoides) des secteurs de la CCAMLR consiste
a modéliser les rapports trait par trait entre la capture et I'effort de péche en tant que
variable réponse dans un modele linéaire généralisé (GLM) avec une fonction lien racine
carrée et une fonction variance unité. Une série chronologique d’estimations normalisées
de la CPUE et leur degré de précision peuvent étre obtenus a partir des estimations
paramétriques de «l’année de péche» combinées a celles «de base», leur matrice de
variance—covariance et la fonction de lien inverse. Un autre GLM est présenté ici, fondé
sur une base théorique plus rigoureuse. La capture est modélisée en variable réponse par
un GLM avec une fonction de variance de la puissance, dont le parametre puissance (1)
est estimé par une quasi-probabilité au profil étendu et une fonction de lien log avec le
log compensateur de 1’effort de péche. Pour 1 < & < 2, ce modele équivaut a présumer une
distribution composite Poisson-gamma (c-a-d. une distribution de Tweedie) de la capture
qui, contrairement aux distributions lognormales ou gamma, admet les valeurs nulles.

De plus, les effets aléatoires des navires sont introduits dans le GLM, tells qu’ils sont
spécifiés par le modele linéaire généralisé mixte (GLMM), pour arriver a des estimations
plus efficaces de la série chronologique de la CPUE normalisée et des estimations plus
réalistes de leur précision. On gagne en efficacité par le recouvrement d’informations
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entre les navires en raison du déséquilibre du nombre de poses dans la classification
croisée année par navire. De plus, un effet aléatoire supplémentaire dans le GLMM est
étudié : l'inclusion d’une interaction de la strate et de 'année de péche. L'ajustement
de cette interaction en effet fixe est problématique car cela requiert la pondération
de l’estimation particuliére de la strate par sa superficie pour obtenir des estimations
générales annuelles normalisées de la capture par unité d’effort de péche (CPUE). Sans
I’échantillonnage aléatoire stratifié, il pourrait étre difficile de déterminer quelles zones de
strate donneraient des estimations normalisées non biaisées de la CPUE. Cette difficulté
est levée par l'ajustement de l'interaction strate-année en tant qu’effet aléatoire; les
méthodes diagnostiques permettant d’évaluer la validité de considérer comme aléatoire
cette interaction sont décrites.

Les méthodes sont démontrées grace aux données de capture et d’effort de péche de deux
pécheries commerciales de D. eleginoides : la pécherie a la palangre autour de la Géorgie
du Sud (sous-zone 48.3) et la pécherie au chalut autour des iles Heard et MacDonald
(division 58.5.2).

Pesrome

IIpuHATEIA CTaHAAPTHBIM METOA MOAEIMPOBAHUS JAHHBIX IO YJIOBAM M YCWIHIO JUIA
MaTaroHCKOTO KibIkada (Dissostichus eleginoides) B paiiorax AHTKOMa 3akimodaercs
B MOJICJIMPOBAHMH COOTHOIIEHHSI YJIOBOB M YCHJIMS NO KaKAOH OTHEIbHOW BBIOOPKE
KakK 3aBHCHUMOIl NepeMeHHO# B 0000mieHHo# nuHeiiHoi monenn (GLM) ¢ dyHkumeit
CBSI3M B BHJC KBaZpaTHOTO KOpHA M (YHKIMEH eIMHUYHOHN nucriepcuu. Bpemennoit
psa crannaptusoBaHHbIX olleHOK CPUE 1 MX TOYHOCTH MOXHO NMOJIYYUTh MO OLIEHKaM
napaMeTpa «IpPOMBICIIOBBI TO/», a TaKkkKe OIEeHKaM «0a30BbIX» IapaMeTpoOB, HX
KOBapHannoHHOI Marpuiie u GpyHKIuKM oOparHO# cBsi3u. [IpencTaBiena ansTepHaTnBHAS
GLM c 6osee cTpOrHM TEOPETUIECKAM OCHOBAaHUEM. YJIOB MOJIEITHPYETCS KaK 3aBHCUMAas
nepemeHHas Ha ocHoBe GLM co creneHHO#N (yHKIMeH AUCTIEPCHU, MOPSIOK CTEHCHU
KOoTOpor (A) paccCUMTHIBACTCS HAa OCHOBE KBA3W-TIPABIOMONOOMS C PACHIMPEHHBIM
npoduieM, u JorapupmMudeckoid GyHKIUH CBSI3M C KOPPEKIMEH Ha Jorapu(M YCHITHSL.
Jis 1 < A <2 ngaHHas MOjEb SKBHBAJCHTHA MPEAIOIOKEHUIO O ciokHOM [lyaccoH-
raMma pacnpeneneHun (T.e. paclupeneleHud TBUIM) yloBa, KOTOPOE, B OTIMYHE OT
JIOTHOPMAJIEHOTO WJIM FaMMa-pacipe/ieNIeHNs], TOMYCKaeT HyJIeBbIe BEITHMYHHBI.

Kpome toro, 8 GLM BBenensl ciy4aiiHbie 3()(GEKThl s CyI0B, OIpEIe/ICHHbIE M0
o0o0menHol nuHEWHOW cmemanHoi moxemn (GLMM), ¢ menpro momydeHus Ooiee
3¢ QEKTUBHBIX OIECHOK CTaHAapTU30BaHHBIX BpeMeHHBIX psnoB CPUE wu 0Oomee
PCATUCTUYHBIX OHEHOK HMX TOYHOCTH. I[OHOJ'[HI/ITGHI)H&S[ 3(1)(1)€KTI/IBHOCTI) JOCTUTACTCA
ITyTeM BOCCTAHOBJICHHUS WH(POPMAIIMH TI0 Cy[laM B pe3yibTare HecOaJaHCHPOBAaHHOCTH
KOJIMYECTBA BHIOOPOK B TEPEKPECTHOW KIacCH(UKAIMKH TOMOB IO OTACIHHBIM
cynam. Kpome toro, uccienyercs BriaroueHue B GLMM B3zauMomeHcTBUST MeEXay
paifoHaMH ¥ TOAaMHU TIPOMBICTA B KaueCTBE IOIMOJHHUTEIBHOTO CIydaitHOTO 3(¢eKTa.
[MomGop B3ammozmeWcTBUS 30H 1O ToAaM Kak (ukcupoBaHHOTO 3(ddekra sBIsCTCS
npoOJIeMaTHYHBIM, T.K. JIJIs [TOJY4EHHs] CyMMapHOHU T'OZ0BOM CTaHIapTH30BaHHOM OIICHKH
ynosa Ha exuHuNy ycmmsa (CPUE) HeoOXoanMo B3BEUIIMBAHKE OIEHOK MO OTACITHHBIM
30HaM Ha IUTOMIANb 3TUX 30H. be3 crparuduuupoBaHHOl ciIy4aifHOW BEIOOPKH TPYIHO
OMPEICIIUTh TUIOMIAAb 30H JJIs MOJIYYCHUST HECMEIIICHHBIX OLCHOK CTaHIapTH30BaHHBIX
CPUE. BxitoueHne B3aMMOJACHCTBHS 30HA-TOABI Kak ciydaifHOTo 3¢pdekra mo3Bomiser
n30e)KaTh ATOH TPYIHOCTH; OIMCBHIBAIOTCS JUATHOCTHYCCKUEC METOHBI JIJIS OICHKH
000CHOBaHHOCTH PACCMOTPEHUS 3TOI0 B3aUMOJICHCTBHS KaK CIIy4aiHOro.

Jis WUTIoCTpalMy 3THUX METOOB HCIOJB3YIOTCS JAHHBIE IO YJIOBaM M YCHIIMIO,
MOJTyYCHHBIE B XOZAE JIBYX KOMMEpUECKHX IpPOMBICIOB D. eleginoides: sipycHOTO
npombicia B paiione HOsxnoi I'eoprum (Ilompaiion 48.3) m TpanoBOro mpomsicia B
paifore 0-BoB Xepn n MakaoHanbs (YdacTok 58.5.2).

Resumen

El método estandar utilizado actualmente para modelar los datos de captura y esfuerzo de
la pesca de austromerluza negra (Dissostichus eleginoides) en areas de la CCRVMA consiste
en representar el cociente entre la captura de un lance y el esfuerzo correspondiente, como
la variable de respuesta en un modelo lineal generalizado (GLM), con una funcién de
enlace de raiz cuadrada y una funcién de varianza unitaria. Se puede obtener una serie
cronoldgica de valores del CPUE normalizado y de su precision a partir de un conjunto
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de estimaciones del pardmetro “afo de pesca” y de pardmetros “basicos”, su matriz
varianza-covarianza y el inverso de la funcion de enlace. Aqui se presenta otro modelo
GLM apoyado en una teoria mas rigurosa. Se utiliza la captura como variable de respuesta
en un modelo GLM con una funcién de potencia para la varianza, estimando la potencia
(X) con un estimador de cuasi-verosimilitud para ampliar el perfil, y una funcién de enlace
logaritmica compensada por el logaritmo del esfuerzo. Para 1 <A <2, el modelo equivale a
suponer que la captura tiene una distribucién Poisson-gamma (i.e. distribucién Tweedie)
que, a diferencia de las distribuciones lognormal o gamma, admite valores cero.

También se introducen al GLM los efectos aleatorios del factor barco, de acuerdo con
un modelo lineal mixto generalizado (GLMM), para obtener mejores estimaciones de la
serie cronoldgica del CPUE normalizado y estimaciones mas realistas de su exactitud.
Se aumenta la eficacia del modelo al recuperar informacién de distintos barcos, como
resultado de la variabilidad en el nimero de lances al clasificar éstos por afio y barco.
Se estudia ademas la inclusién de una interaccién entre estratos y afio de pesca, como
variable aleatoria adicional en el GLMM. Es dificil ajustar la interaccién estrato-afio
como efecto fijo, ya que esto requiere una ponderacién de las estimaciones de los estratos
individuales por la extensién geogréfica del estrato para calcular los totales anuales
de captura por unidad de esfuerzo (CPUE) normalizados. Sin un muestreo aleatorio
estratificado, es dificil determinar las dreas de estrato que darian estimaciones sin sesgos
del CPUE. Al incorporar la interaccién estrato-afio como variable aleatoria se elimina esta
dificultad. Se describen los métodos de diagnéstico para evaluar si es vélido considerar
que esta interaccion ocurre al azar.

Se utilizan los datos de captura y esfuerzo de dos pesquerias comerciales dirigidas a
D. eleginoides: 1a pesqueria de palangre alrededor de Georgia del Sur (Subarea 48.3) y la de
arrastre alrededor de las islas Heard y MacDonald (Division 58.5.2), para demostrar estos
métodos.

Keywords: Dissostichus eleginoides, catch-per-unit-effort, generalised linear mixed models,
Tweedie distribution, South Georgia, Subarea 48.3, Heard and MacDonald Islands,
Division 58.5.2, CCAMLR

Introduction

Since 1995, standardisation of commercial catch-
per-unit-effort (CPUE) data for the Patagonian
toothfish  (Dissostichus eleginoides) fishery in
CCAMLR Subarea 48.3 has followed a standard
methodology (SC-CAMLR, 2002). This method
aims to provide, as an index of abundance, a time
series of standardised CPUE estimates, where
standardisation is carried out using predictions
from a fitted generalised linear model (GLM)
(McCullagh and Nelder, 1989) with haul-level
CPUE values as the response variable. CPUE is
calculated as the ratio of the catch (kg) and the
number of hooks deployed for a haul. The linear
predictor of the GLM incorporates, in addition to
YEAR (a categorical factor representing the years
of fishing), categorical and continuous predictors
which influence CPUE and may include their in-
teractions. The partial regression coefficients for
YEAR, when added to ‘baseline” values defined
using parameter estimates for reference levels of
other predictors, after being suitably transformed
by the inverse-link function, provide the standard-
ised CPUE series.

This paper discusses the current and alterna-
tive approaches to modelling catch and effort data
in order to provide a series of standardised CPUE
estimates along with their confidence intervals.
This includes the choice of response variable (i.e.
either CPUE or catch), the link function and vari-
ance function for GLMs, and the incorporation of
random effects for vessels and YEAR interactions
in the linear predictor of the GLM to give a gener-
alised linear mixed model (GLMM) (Schall, 1991;
Breslow and Clayton, 1993; Diggle et al., 1994).
Interactions between YEAR and other factors must
be averaged out of the linear predictor in order for
the YEAR regression coefficients to be interpretable
as overall indices of relative abundance for the fish-
ery. This averaging operation is straightforward if
these interactions are fitted as random effects.

The statistical methods are demonstrated using
longline catch and effort data for CCAMLR Sub-
area 48.3 and trawl catch and effort data for
CCAMLR Division 58.2.2 up to and including 2002
and 2003 fishing years respectively.
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Methods
GLMs and GLMMs for CPUE and catch

The CCAMLR standard method fits the follow-
ing GLM

C.
2 .
yij =E_Z»]» =T]i]' +8i]',l = 1,...,q;
gl
j=1..,n; model (1)

where y;; is the observed value of the response
variable (Y) calculated as the ratio of the catch (C)
to effort E for the jth haul from the ith vessel, n is
the linear predictor, and ¢; is an independently
and identically distributed random error with
dispersion parameter (¢) corresponding to o? in
the usual linear model (LM) notation. The catch
(C) is the total haul weight of fish (kg) and E; is
defined as either the number of hooks on the jth
deployment of a longline or the area trawled in the
jth haul from the ith vessel. The linear predictor is
the sum

Nij = Bo +B1x1j +Poxo + .+ Byx

or in matrix terms is
n=Xp

where the x’s are predictor variables and the p’s
are the corresponding regression coefficients or
parameters.

For a GLM the expected value of the response is
related to the linear predictor via the link function,
g(.) so that

gw)=n

where E(YIn) = p is the expected value of the
response and the variance is given by

Var(Yin) = ¢V(u)

where V() is a variance function involving known
parameters and ¢ is a dispersion parameter.

In model (1) the response variable is catch rate
or CPUE and the link function is the square-root
function. The distribution of catch rate can be
difficult to model since it is the ratio of two random
variables. Another approach is to condition on the
observed values of effort and model haul-by-haul
catch as the response variable. Using a log-link
function (i.e. g(.) = log,(.)) an alternative GLM for
catch rate can therefore be expressed as
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+8;'7',l.:1,...,q,']'=1,...,1’li model (2)

where log,(E;) is called an ‘offset” and where the
linear predictor is then the sum of two compo-
nents, n; :logE(Eij)+n;j . A convenient class of
variance functions for modelling catch data is the
power variance function V(n) = p* with power
parameter A in the range 1 > A > 2. The power para-
meter must be assumed to be fixed and known
for the purposes of the standard GLM formula-
tion, but a method of estimating A using a profile
extended quasi-deviance (PEQD) (McCullagh and
Nelder, 1989) will be given. The lower and upper
extremes of the above range for A correspond in
terms of quasi-likelihood to Poisson and gamma
distributions respectively, while values of A within
the range correspond to a compound Poisson dis-
tribution (i.e. Tweedie distribution) for catch.

In model (1) the link function is the square-root
function and this model can be expressed with
catch as the response variable so that

2
0.5, 1 P
Yij :Cij :(Eij T]ij) +8,']‘,l=1,...,q;

j= 1,...,1’11'

model (3)

where &} = Eze;; and Var(ej) = ¢;; with correspond-
ing dispersion model ¢;; = ¢E§.

For model (3) the link function is still the square
root but all terms in the linear predictor are mul-
tiplied by Eg's; however, the variance function
cannot be expressed in the usual GLM form which
must be a function only of p (i.e. including the
simplest case of V(u) = u® = 1 corresponding to a
Gaussian error distribution) and known constants
(i.e. variance parameters). Model (3) can be fitted as
a double generalised linear model (DGLM) (Smyth
and Verbyla, 1999) as described in Candy (2003a).
However, in order to allow direct comparison of
model (2) with model (3), which both use catch
as the response variable, it is necessary to specify
the same variance function for both. Therefore, the
variance of catch in model (3) was also assumed to
be Var(Yn) = ¢u*.

Further, by noting that the log-link function can
be imbedded in the power family of link functions
where the power parameter is 6, both models (2)
and (3) can be generalised to give



1
yij = Cl] = (Egn;])e + 8;],1 = 1,...,q,’
j=1..m; model (4)
The log-link function falls within this family of
power-link functions when 6 = 0 while the square-
root link function corresponds to 6 = 0.5.

Fitting a GLM with Tweedie distributed
errors using quasi-likelihood

The Tweedie distribution (Jergensen, 1997) is
the exponential family dispersion model with vari-
ance function given by the power function with
1 < A < 2. From quasi-likelihood theory the quasi-
deviance, D(y,p), where

= w (y—t)
D(]//H)_ 221’,/,’.%_/_ V(t) dt
corresponding to the power variance function
with A =0, 1, 2 gives the deviance for normal (i.e.
Gaussian), Poisson, and gamma distributions re-
spectively. The maximum quasi-likelihood estimate
of B is that which minimises D(y,1.) and is obtained
using the iteratively weighted least-squares GLM
fitting algorithm (McCullagh and Nelder, 1989).

When 1 < A <2 the distribution of Y =y is inter-
mediate between a Poisson and gamma distribu-
tion whereby Z = Y and Z is defined as

Z=W; +W, + . W, +..+ Wy

where the W (k=1,...,N) are independently and
identically distributed gamma-random variables
with mean p,, and variance ¢,u2 (e.g. the weight
of the kth fish in the haul) and N is distributed as
a Poisson random-count variable with mean 7 (e.g.
the number of fish in the haul). Since N can be zero
at a frequency determined by the Poisson distribu-
tion with mean r, the distribution of Z has non-zero
mass at Z = 0. The distribution of Z is called a com-
pound Poisson or Poisson-gamma (CPG) distribu-
tion and has also been called a Tweedie distribution
(Jorgensen, 1997) (Appendix 1 gives its probability
density function). From quasi-likelihood theory
(Appendix 1), fitting the Tweedie distribution to
catch, conditional on effort and predictor vari-
ables specified in nj;, can be carried out by fitting a
GLM (e.g. with systematic component specified by
model (2) or (4)) with the power variance function.
This requires estimation of ¢ and A in addition to f3,
where L is estimated by profiling an extended defi-
nition of quasi-likelihood as described below. First,
using a similar profile estimation method, estima-
tion of the link power parameter () is described.

Modelling catch and effort data

Estimation of power parameters
and the dispersion parameter

Given a starting value of A that models the
conditional variance Var(Y|n) reasonably well, an
optimal value for 6 in terms of fit to the catch data
can be obtained using a profile (quasi-) deviance
(PQD), D, given for model (4) by

D(e|yierijrﬁ;‘jr7” = ko) =
D(9|yij,ﬁ,7»:7v0): i, % )

where the formula for the deviance contribution,
djj, for the power variance function for 1 <1 <2 is
given in Appendix 2. Since the value of A is fixed
for all values of 0 in equation (5), the PQD can be
obtained for a grid of values for 0. The optimal value
of 0 is that for which the PQD is a minimum.

Given an estimate of 6, an empirical estimate
of A can be obtained using a profile extended
(quasi-) deviance (PEQD), D*, for a given grid of
values for A where D* is given by equation (10.3) of
McCullagh and Nelder (1989) as

D (7“|3/ierij/ﬁ;'jfe = 90) =

s

i Y + zi/jloge <2n¢,-]»V(yi]-)} ;Y >0 ©)
where for the specific case of model (4) ¢; = ¢ and
Viy;) = yfj‘ It should be noted that although fitted
values of y;; given by i are always greater than
zero, the zero values of y; must be excluded from
the second term in equation (6) since V(y;) = 0 for
these zero values (however, see below for the con-
tribution of these zero values through ¢). In order to
calculate equation (6), an estimate of ¢ is required.
The estimate can either be the Pearson chi-square
statistic divided by the residual degrees of freedom
or the residual mean deviance (McCullagh and
Nelder, 1989). If the latter is used then

&):L dl]
N-—-p<i

where N = Y1, the total number of observations,
and p is the dimension of B. Therefore equation (6)
simplifies to

D*(X|yl]/E1]rﬁ;]re = 90) =

(N‘P)+zi,j10ge{2n$ V(]/ij)} i >0. (7)

Note that zero values of y;; contribute to equation (7)
through ¢ via their deviance contributions.
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Random effects

Random vessel effects model the variation in
catch, conditional on effort and the other fixed
terms in the linear predictor, due to variation
between vessels in their ability to catch fish which
will depend on the attributes of the vessel, its crew,
and the total extent of fishing grounds that they
target. For the remainder it will be assumed that
catch weight is Tweedie-distributed conditional on
any random effects in the linear predictor.

In mixed-model terminology the x’s in the
linear predictor introduced earlier are called fixed
effects to distinguish them from random effects.
The GLMM formulation that incorporates random
effects in the linear predictor gives a conditional
linear predictor

=XB + Zu

where u is a vector of random effects distributed
as multivariate normal with expected value zero
and variance—covariance matrix X, and Z is the
random-effect design matrix. The specification of
the random effects term Zu is general enough to
allow for more than one sampling level (multi-
level models) and more than one set of correlated
random effects per sampling level (Candy, 2000).

The particular GLMM employed here (i.e. only
the log link was considered) with a single random
effect term which generalises model (2) is given by

yij=Cjj=exp [loge (Ei/') +mjj+ ”i]

, o .
+e&i,i=1..,q7=1,..,1

®)

where u; is a Gaussian random effect (e.g.
vessel effect) where E(u;)=0,Var(;)=c> and
Cov(uu,,;) = 0. The conditional error, £”, has vari-

ance given by
Var (&) = ouf

where g,y = g7 (ng) and ng; =log. ;) +nj; + u;.

This is the simplest GLMM possible as it incor-
porates only a random intercept. Equation (8) can
be fitted using penalised quasi-likelihood (PQL)
(Schall, 1991; Breslow and Clayton, 1993). Once
equation (8) has been fitted, ‘population-average’
(PA) estimates (Zeger et al., 1988) of the p can be
obtained by integrating u out of the conditional
predictions of catch (i.e. ‘averaging out” u). Using
analytical integration this gives

E(Y | 1,E) = expl log.(E) + ' + 302
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Since the model is log-linear any chosen ref-
erence level for an additive factor included in
N’ other than YEAR simply scales the estimated
standardised CPUE series by a constant fraction.

The same is true for the scaling factor exp(% ol )
Averaging out other random effects such as cruise-
within-vessel or stratum-by-year interaction, where
stratum may be a subdivision of the ocean area of
the fishery (Brandao et al., 2002) or a depth stratum
or a combination of both (Punt et al., 2000), can be
handled in the same way. A uniform scaling of the
standardised CPUE series does not affect its inter-
pretation as a relative measure of abundance. Note

that the estimates that are unscaled by exp(%cﬁ)
correspond to those obtained by setting u to its
expected value, rather than integrating it out of
the conditional expectation function, to give the so-
called ‘subject-specific’ (SS) parameter estimates
(Zeger et al., 1988). This simple scale difference
between SS and PA estimates for log-link GLMMs
only holds for the simple random intercept model
(Gromping, 1996). Approximate best linear unbi-
ased predictions (BLUPs) (Robinson, 1991) of the
random effects, given by 1, can be obtained from
the fit of the GLMM.

The extended quasi-deviance (see equation
(3.1) of Lee and Nelder, 2001) for equation (8) that
extends the PEQD (7) to GLMMs is given by

dij(ﬁ(u))

D;(k|yierij/ﬁ;‘j/e=90)=Zi/j b

+ Zi,jlog@ {2ﬁ¢V(yij)} +qlog, {chﬁ} +7r

where d;; ( “)) is the conditional dev1ance gy =

eXP[IOge( l])ﬂlzj +u1], and "T17 2 52 z is the
‘effective degrees of freedom’. It can be seen from
r that, unlike fixed-effect parameters, the estimation
of & in the GLMM results in the loss of less than g
degrees of freedom. In addition, u is estimated in
a separate step of the GLMM fitting algorithm to
the generalised least-squares estimation step used
to obtain § making the simultaneous estimation of
@t and P feasible and stable even when g is large.
This is often not the case when the u’s are fitted as
fixed effects.

Estimation of the dispersion parameter ¢ as the
residual mean deviance




D;(}‘|yij/Eijfﬁ;j19 = 90) =N-p
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The estimate of o2 is obtained using resid-
ual maximum likelihood (REML) (Schall, 1991;
Breslow and Clayton, 1993).

Finally, approximate confidence intervals for
the standardised CPUE series are obtained using
an estimate of the variance of the sum of linear
predictor terms used to form the CPUE estimates
calculated using the variance—covariance matrix
of the GLM or GLMM (fixed effect) parameter
estimates, calculating f-statistics using the CPUE
estimates on the linear predictor scale, and back-
transforming the confidence interval end-points
using the inverse link function.

Catch and effort data

Longline fishery for D. eleginoides
in Subarea 48.3

The longline catch and effort data used for
model fitting and testing came from 15 712 hauls
from 54 vessels (SHIP), and 15 fishing years (1987
to 2002 excluding 1990) and included 294 zero
values of catch (Candy, 2003a).

The standard CCAMLR method for model-
ling catch and effort for the longline fishery in
Subarea 48.3 employs two predictive categorical
factors besides YEAR: the nationality of the fish-
ing vessel and the depth of set of the longline
classified into one of the four categories: 0-500 m,
500-1 000 m, 1 000-1 500 m and 1 500 m and above.
Other predictor variables, such as bait type, month
etc., have been explored but found to not signifi-
cantly improve the fit. The random effect term
included in the GLMM was SHIP.

Trawl fishery for D. eleginoides
in Division 58.5.2

The data used for model fitting and testing came
from 3 354 hauls from 3 vessels over 37 cruises, dis-
tributed across 15 area strata and 7 fishing years
(1997 to 2003) (Candy, 2003b). The data were as
usual highly unbalanced and included 74 zero
values of catch. Effort was measured as swept area
(ha) (i.e. ‘NetWingWidth” x “TowDistance’/10 000)
and only hauls which had a reliability score for
TowDistance of 1 or 2 were used in the analyses.
The random effects included in the GLMM were
cruise and stratum-by-year interaction. These
two random-effect terms were assumed to be
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independent. A cruise can only occur in a single
year but may fish a number of strata, making it dif-
ficult to verify the independence assumption.

Note that all of the following models of haul-
by-haul catch or CPUE have been fitted to the
combined data of zero and non-zero catches.

Results

Longline fishery for D. eleginoides
in Subarea 48.3

The fit of the standard model (1) in terms of
ordinary residuals (i.e. observed minus fitted
values) versus fitted values and sorted residuals
versus normal quantiles is shown in Figure 1.

Fitting the log-link GLMM (8) with the profile
extended quasi-deviance (PEQD) given by equa-
tion (9) is shown in Figure 2 for a grid of A values.
The corresponding graph (not shown) obtained
using equation (6) for the GLM (2) was very simi-
lar (Candy, 2003a). The minimum extended quasi-
deviance (EQD) occurs at approximately A = 1.3 for
both the GLM and GLMM.

Figure 3 shows the profile quasi-deviance
(PQD) (5) for Ay = 1.3 for a grid of values of 6. The
minimum quasi-deviance (QD) estimate of 6 from
Figure 3 is —0.4. The scaled PQD given by D/ is
approximated by a %; allowing a 95% support
interval about § to be constructed. This interval
is shown in Figure 3 as (-0.55, -0.2). It is clear
from Figure 3 that the square-root link function
(i.e. 8 = 0.5) gives a much poorer fit to the catch
data than either the log or optimum power link
functions (i.e. 6 = 0, -0.4 respectively). However, it
was found that the optimum power-link function,
0 = 0.4, gave unreasonably large standardised
CPUE estimates for 1988 and 1993 (Candy, 2003a).
Therefore, only the log-link function was pursued
as an alternative to the square root.

Initially the GLMM (8) was fitted to the data
from 57 vessels, but the random-effects estimates
for two vessels were judged to be outliers and all
hauls for these two vessels and the single haul for
a third vessel were removed from the dataset to
give 15 712 hauls from 54 vessels (Candy, 2003a).
Figure 4 shows the estimated random SHIP effects
(i1;) for the reduced dataset as sorted values ver-
sus normal quantiles and as indexed values with
approximate standard error bars. The estimate of
the random-effect variance (62) was 0.06368 with
a standard error of 0.01477. The estimate of i) was
68.423 (s.e. 0.774).
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Figure 5 shows a plot of conditional Pearson
residuals (i.e. (y—ﬁl(u))/Vo'S(ﬁ(u))) and conditional
deviance residuals (ie. sign(y- ﬂ(u))dS'S(ﬁ(u)))
(McCullagh and Nelder, 1989) from the fit of
GLMM (8) (A = 1.3) versus conditional fitted
values (fi(,)) and sorted residuals versus normal
quantiles.

Figure 6 displays the ordinary (conditional)
residuals compared to a set of simulated Tweedie
residuals. The set of simulated Tweedie (ordinary)
residuals was obtained by generating a single
simulated catch for each fitted value from equa-
tion (8) and then subtracting the fitted values from
the simulated set of catches. Figure 7 shows the
results of an extension to the method used to con-
struct Figure 6. Instead of a single simulation set
of Tweedie residuals, 100 random sets were gener-
ated and after sorting each set in the order of the
corresponding observed residuals and then sorting
across the 100 sets for each fitted value, the top and
bottom two values of the 100 simulations were
used to define a 96% confidence interval about the
mean of the 100 simulations. Joining these confi-
dence interval endpoints across the corresponding
15 712 observed residuals gives a 96% confidence
region. This procedure was carried out for GLM (2)
and GLMM (8) with Tweedie residuals and also for
the square-root link model (1) and simulated nor-
mal residuals with variance given by ¢ = 0.04857.

The marginal predictions from GLMM (8) (i.e.
setting U,y = 0) were used to obtain a stand-
ardised CPUE series with reference levels of
nationality = ‘CHL’, and depth.class = “1000_1500".
Figure 8 compares the standardised CPUE series
estimates and their 95% confidence intervals that
were obtained from each of the three models,
the glm(link = sqrt) (model(1)), glm(link = log)
(model (2), (A=1.3)) and glmm(link =log) (model (8),
(A =1.3)).

Trawl fishery for D. eleginoides
in Division 58.5.2

The marginal predictions from the GLMM (i.e.
setting u.,,;s = 0 and us,y = 0) were used to obtain
a standardised CPUE series with reference levels
obtained for fixed effects of Net. Type = ‘Albatross’
and Month = “Apr’. The series for each of three
strata is given in Figure 9 (Candy, 2003b). To see the
effect of the random stratum-by-year (SxY) inter-
action on the series, the estimated random effects
for this term were added to the linear predictor to
give conditional CPUE estimates. These are shown
with corresponding approximate 95% confidence
bars in Figure 9. Where the particular stratum-by-
year combination did not occur in the data these
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confidence bars are missing in Figure 9 with the
corresponding random effects set to zero for the
purposes of this figure. For other results relating
to the estimated random effects, the estimates for
missing combinations of stratum and year were
not set to zero but were instead excluded from
calculations to avoid ‘polluting’” results by replac-
ing unestimable values with zeros. Stratum was
included as a fixed effect in the GLMM which
explains why the standardised marginal CPUE esti-
mates vary by stratum in Figure 9.

The estimates of the random-effect variances
were 0.1119 and 0.2599 for stratum-by-year and
cruise respectively. The estimate of the dispersion
parameter ($) was 30.32 for A=1.6. For com-
parison with the results for the longline data from
Subarea 48.3, setting A = 1.3 gave a correspond-
ing estimate of ¢ = 357.07 compared to the much
smaller estimate of 68.42 for the Subarea 48.3 data.
Clearly either the trawl catch data is far more vari-
able than the longline data, the effort as measured
by swept area is a much poorer determinant of
catch than hooks deployed, or both sources of vari-
ability are greater for the trawl data.

Figure 10 shows normal quantile-quantile plots
for estimated random effects from the fit of the
GLMM for: (a) random cruise effect estimates, and
(b) random stratum-by-year (SxY) effect estimates.
Figure 11 shows a histogram of the SxY random-
effect estimates. Figure 12 shows random stratum-
by-year random-effect estimates (SxY_re) where
estimates for the same stratum are connected by
lines across the years in which the stratum was
fished. The bar represents twice the average of
standard errors of the estimates.

All the models described were fitted using
S-plus and further details are given in Candy
(2003a).

Discussion

The results shown in Figures 8 and 9 are the
most important from a fisheries management
perspective since they represent the goal of model
fitting and regression diagnostic analyses used to
support the particular models employed. The key
point to be noted from Figure 8 is that for the early
years of the fishery the estimated CPUE is much
less precise and is, in general, considerably greater
for the glmm(link = log) fit compared to that for
the glm(link = sqrt) fit. The glm(link = log) fit gives
quite similar estimates to the glmm(link = log) but
with much more ‘apparent’ precision. However,
given the significant between-vessel variation in
catch rates as demonstrated by Figure 4, it is clear



that single-error models are inadequate to model
the structure in the true variability in the catch data
conditional on effort and the predictive factors of
year, nationality and depth class.

Figures 6 and 7 demonstrate empirically that a
Tweedie distribution for catch weight adequately
describes the distribution of estimated residuals
for the model of catch weight, whereas the tradi-
tionally used model fails quite dramatically to
adequately model the distribution of residuals for
the model of haul-by-haul CPUE. However, there
are limitations to the Tweedie or CPG distribution
as a model of haul-by-haul (i.e. aggregated) catch
weight. For example, a single gamma distribution
for individual fish weight is only an approximation
when the population is a mixture of a number of
year classes, each with a different weight distribu-
tion. Also, number of fish caught may be more dis-
persed than a Poisson distribution. Improvements
in the ability of the CPG distribution to model catch
weight may be possible using additional random
effects, such as spatial random effects, to account
for over-dispersion in the Poisson counts. This
could be tested directly if counts of fish were avail-
able for each haul. Unfortunately, comprehensive
catch counts are rarely available for commercial
catch-and-effort data and without the benefit of
such data the Tweedie or CPG distribution appears
to be the best theoretical and empirical distribution
for catch weight.

Punt et al. (2000) and Brandao et al. (2002)
incorporated vessels as fixed effects and then
standardised the CPUE series by either using
the median of the estimated vessel coefficients
(Brandao et al., 2002) or the vessel with the most
records (i.e. hauls) (Punt et al., 2000). There are a
number of drawbacks to this approach relative to
the mixed-model approach adopted here. First and
most serious is the problem of imbalance in the
data which is greatly increased by including vessels
as fixed effects. When this approach was tried for
the longline data using model (2), with a ‘sum-to-
zero’ parameterisation in S-plus for the fixed SHIP
effect and dropping the nationality factor (since
a fixed-effect vessel term renders the national-
ity fixed-effect term redundant), two vessels were
completely confounded with YEAR, with S-plus
giving missing values for their coefficients. After
setting the coefficients for these two vessels to zero,
the median of the vessel coefficient estimates was
—0.08911. When the standardised CPUE series was
calculated without scaling by exp(-0.08911) = 0.915,
the estimates for seasons after 1991 were similar to
those in Figure 8. However, for seasons prior to
1992 this approach gave estimates, with or without
scaling, that were far too small (i.e. unscaled values
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of 0.2764, 0.0048, 0.0024 and 0.0033 for seasons
1987, 1988, 1989 and 1991 respectively). This poor
estimation of standardised CPUE for these years
can be attributed to the high degree of imbalance
of vessels across the early years of the fishery and
the effect this can have on ‘treatment’ (i.e. YEAR)
fixed-effect parameter estimates obtained from the
‘intra-block” analysis (i.e. vessels = ‘blocks’ fitted
as fixed effects) (Robinson, 1991). For example,
the 1987 season was fished by a single vessel. The
mixed-model approach with vessels as random
effects does not suffer from this problem since fixed
effects are estimated by generalised least squares
(GLS) (Patterson and Thompson, 1971) while,
separately, BLUP estimation of random effects and
REML estimation of the random-effect variance are
interleaved in the iterative fitting algorithm (Laird
and Ware, 1982). Fitting the GLMM provides more
efficient estimates of the standardised CPUE time
series. Extra efficiency is gained by recovery of
inter-vessel information as a result of the imbal-
ance in the number of hauls in the year by vessel
cross-classification. In addition, fitting vessels that
are by nature random (i.e. they ‘come and go’
within the fishing fleet) as fixed effects, will give
biased estimates of the variance of the marginal
estimates of standardised CPUEs, possibly seri-
ously underestimating these variances if the vessel
random-effect variance is large, as was the case for
the longline data.

The key point to be noted from Figure 9 is that
there was an increase in CPUE in the second year
of the trawl fishery, with a sharp decline in the fol-
lowing year followed by a relatively stable series of
CPUEs. It can also be seen that the influence on the
series of the random-effects estimates for stratum-
by-year is small (i.e. the most extreme SxY_re esti-
mate in Figure 10(b) and 12 of —0.844 corresponds
in Figure 9 to year 2001 in Stratum 2).

Figures 10 and 11 show that for both sets of
estimated random effects their distributions are
reasonably well approximated by a Gaussian dis-
tribution, though the stratum-by-year effects tend
to have a greater kurtosis (2.3, s.e. = 0.5) than
expected for a Gaussian distribution.

Fitting the stratum-by-year interaction as a
fixed effect in an LM or GLM (e.g. Punt et al., 2000;
Brandao et al., 2002) requires the areal extent of
each stratum to be known in order to ‘average
out’ stratum to obtain standardised yearly CPUE
estimates for the overall fishery. Using the formula
based on stratified random sampling to do this is
problematic, given that hauls from commercial
fishing are not a spatially random sample within
each stratum. Also, ‘messy’ methods of handling
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missing combinations of stratum and year in the
data are required. In contrast, ‘averaging out’
a random stratum-by-year interaction simply
involves ignoring this term when forming stand-
ardised CPUE estimates. In addition, including
the stratum term as a fixed effect simply results
in uniform scaling of the CPUE series as is the
case with other additive fixed effect terms in the
GLMM. Figures 10 to 12 demonstrate that for the
trawl data, stratum-by-year effects can reason-
ably be considered as random (i.e. the probabil-
ity-like distribution seen in Figures 10(b) and 11
and the general lack of obvious trends over years
within strata or groupings of strata in Figure 12).
Therefore separate standardised CPUE series for
each stratum do not need to be calculated and then
combined using an area weighting system, with all
its uncertainties.

Brandao et al. (2002) also included interactions
of year with other fixed effect terms in addition
to stratum (=‘area’) in a linear model, specifically
month-by-year and vessel-by-year. The method of
dealing with a year interaction described above for
stratum-by-year can also be applied to other ‘fixed
term’-by-year interactions, thus simplifying the
calculation of the standardised CPUE series.

Conclusions

From the model diagnostics presented for
Subarea 48.3 it is clear that the GLMM with catch
as the response variable, a log link, log of effort as
an offset, random vessel effects in the intercept,
and a (conditional) variance power function of 1.3
is much superior, particularly in terms of the good-
ness-of-fit of the link function (Figure 4), to the
standard model fitted with haul-level C/E values
as the response variable combined with a square-
root link function and unit variance function.

Fitting a variance power function with power
parameter estimated by the extended quasi-
deviance criterion has allowed an intuitively sen-
sible model of catch distribution, conditional on
fixed and random effects, to be used in the form of
a Tweedie distribution. The Tweedie distribution
allows zero catches to be sensibly incorporated
with non-zero catches in a single modelling pro-
cedure, and is well suited to modelling catch data
(Figures 5 to 7) while clearly the assumption of
a normal distribution for the standard model (1)
residuals is not supported by the diagnostic plots
presented (Figures 1 and 7).
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When a stratum-by-year interaction behaves
like a random variable it is a much simpler and
more robust approach to include it as a random
effect in a GLMM.
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Ordinary residuals from the fit of the glm(link = sqrt) with

C/E as the response variable: (a) residuals versus fitted
values, (b) normal QQ plot.
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Figure 2:

Figure 3:

70

Extended quasi-deviance

Deviance

260000 262000 264000 266000
|

258000

T T T T T T T T T T T T T T T T
05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20

Lambda

Profile extended quasi-deviance for lambda parameter in the Tweedie GLMM with log link.

1.265*10"6 1.267*10"6
| |

1.263*10"6
|

T T T T T T T T T \
-0.8 -0.6 -0.4 -0.2 00 01 02 03 04 05

Theta

Profile deviance (Lambda = 1.3) versus link power parameter, Theta. Log and sqrt link
functions correspond to Theta = 0, 0.5 respectively. The interval with endpoints given by
the intersection of the dotted line with the profile represents an approximate 95% support
interval for Theta.



@

0.4 —

0.2 -

0.0 -

Randon effect estimate

-0.2 4

-0.4

Modelling catch and effort data

(b)

0.6 —

0.4 —

Randon effect estimate

-0.4 —

—0.6 —

Figure 4:

0.2

0.0

|
©
N}
|

Normal quantiles

i
% L% Hw‘ % % %%H} %
i T %
hy

Random SHIP effect estimates from the fit of the GLMM with log link, and lambda = 1.3 to
catch values after removing outliers: (a) normal QQ plot, (b) random-effect estimates versus
SHIP index (1 to 54) with standard error bars shown.

71



Candy

@ 100{ ° (b) °
© 80 k%)
S ]
S 60 A b}
3 3
c 40+ ®
3 2
5 204 ]
§ °g g
014 a
\ g8
—20 A
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Fitted values Fitted values
100 - ° °
9 80 1 @ 40 o
E g
D 60 . 2 20/
o o
= 40 1 Q
5 20 g
[} [
. 0-20
201 o o
—4 -2 0 2 4 -4 -2 0 2 4
Normal quantiles Normal quantiles
Figure 5: Conditional residuals from the fit of the GLMM (log link) with lambda = 1.3. (a) Pearson
residuals versus fitted values and the corresponding normal QQ plot, (b) deviance
residuals versus fitted values and the corresponding normal QQ plot.
@ S S (b) 3 o
o S
57 2]
g3 S o
23] =
= 0
= 3
9 o £
Q o o A
x %)
=3 o
8 1 S |
oy T}
T T T T T T I T T T T
0 2000 4000 6000 8000 10000 -5 000 0 5000 10 000
Fitted values (kg) Sorted simulated Tweedie residuals
(© g
221 7,
= ° o oco 0° °c @ o
S 8 ol @ 8 (o]
291 o8 o
q);) o
é%ﬁ e
o © 1 Q 0@ ©
E %@ e o
3 @% 8°8
£ 8| 68
=} © e} o oo
EY 00 ©
= : : : : : :
0 2000 4000 6000 8000 10000
Fitted values (kg)
Figure 6:  Conditional ordinary residuals from the fit of the GLMM (log link) with lambda = 1.3.

72

(a) Observed residuals versus fitted values, (b) simulated Tweedie distribution residuals,
(c) quantiles of observed and simulated catches using fitted values and lambda = 1.3
and phi = 68.4.
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Figure 12:  Stratum-by-year random-effect estimates (SxY_re) from the fit of the GLMM with log link
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and lambda = 1.6. Estimates for the same stratum are connected by lines across the years in
which the stratum was fished. The bar represents twice the average of standard errors of the
estimates.

Liste des figures

Résidus ordinaires de 1’ajustement du glm(lien = racine carrée) avec C/E comme variable réponse :
(a) résidus contre valeurs ajustées, (b) QQ plot normal.

Quasi-déviance du profil étendue du parameétre de lambda dans le GLMM de Tweedie avec lien log.

Déviance du profil (Lambda = 1,3) contre le parameétre de puissance du lien, Theta. Les fonctions liens
Log et racine carrée correspondent respectivement a Theta = 0, 0,5. L'intervalle dont les points d’extrémité
sont donnés par 'intersection de la ligne en pointillés et du profil représente un intervalle de confiance a
environ 95% pour Theta.

Estimations de 1’effet aléatoire SHIP de I'ajustement du GLMM avec le lien log, et lambda = 1,3 aux
valeurs des captures apres la suppression des aberrations : (a) QQ plot normal, (b) estimations des effets
aléatoires contre indice SHIP (1 a 54) avec indication des barres d’erreur standard.

Résidus conditionnels de 1’ajustement du GLMM (lien log) avec lambda = 1,3. (a) résidus de Pearson
contre les valeurs ajustées et le QQ plot normal correspondant, (b) résidus de la déviance contre les
valeurs ajustées et le QQ plot normal correspondant.

Résidus conditionnels ordinaires de l'ajustement du GLMM (lien log) avec lambda = 1,3. (a) résidus
observés contre valeurs ajustées, (b) résidus simulés de la distribution de Tweedie, (c) quantiles des
captures observées et simulées au moyen de valeurs ajustées et de lambda = 1,3 et phi = 68 4.

Résidus ordinaires observés et triés de ’ajustement de : (a) glm(racine carrée) aux valeurs de la CPUE par
pose, (b) glm(log), (c) glmm(log) aux valeurs de capture contre la moyenne des résidus ordinaires simulés
des distributions normales ou de Tweedie de la CPUE moyenne ou capture donnée par les valeurs ajustées
dumodele. Les résidus de (c) dépendent des effets aléatoires estimés des navires; I'enveloppe représente
un intervalle de confiance a 96% pour 100 simulations de chacune des 15 712 valeurs ajustées.
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Modelling catch and effort data

CPUE normalisée par année de péche estimée par chacun des trois modeles. Le parametre de puissance
de la variance était de 1,3 pour le glm(lien = log) et le glmm. Le modele lien racine carrée a été ajusté aux
données de pose C/E en tant que réponse, alors que le modele lien log a utilisé C comme réponse avec
log(E) pour compenser. Des barres de confiance a environ 95% sont indiquées; les estimations de chaque
modeéle sont pour la méme année mais sont compensées sur I’axe des YEAR pour plus de clarté.

CPUE normalisée par saison de péche pour trois strates; les estimations proviennent du GLMM avec
effets aléatoires des campagnes et des strates selon 1'année (SxY). Les séries paralleles avec les effets
aléatoires SxY compris dans les estimations sont également indiquées avec des barres de confiance a
environ 95% calculées comme suit, Estimate*exp{SxY_re+/-1,96*SE(SxY_re)}.

Tracés quantile-quantile pour estimer les effets aléatoires de I’ajustement du GLMM: (a) estimations des
effets aléatoires des campagnes, (b) estimations des effets aléatoires de la strate selon I’année.

Histogramme de fréquence des estimations des effets aléatoires des strates selon I’année (SxY_re).

Estimations des effets aléatoires des strates selon I’année (SxY_re) de I'ajustement du GLMM avec le lien
log et lambda = 1,6. Les estimations d"'une méme strate sont connectées par des lignes les années ot elle a
fait 'objet de péche. La barre représente le double de la moyenne des erreurs standard des estimations.

CITHCOK PHCYHKOB

Hopmanbenble ocrarkn mpu nogbope glm(cBsi3p = KopeHb KBajapaTHbIH), rae — C/E 3aBucumas
nepeMeHHas: (a) OCTaTKH IO CPAaBHEHUIO ¢ MOmoOpaHHbIMU 3HaueHUsiMH, (b) HOpManbHBIA QQ

rpaduk.

KpasununeliHOe OTKIOHEHHE ¢ pacIIMpeHHBIM MpoduieM i mapamerpa siMoaa B GLMM Teuau ¢
Jorapu(pUIECcKON CBS3bIO.

Otxionenne npodmist (siMoaa = 1.3) Mo OTHOIICHHMIO K TIOKA3aTeI0 CTEIICHH CBsI3U — T3Ta. OyHKIMN
CBsI3U Jiorapu(MUYecKas U B BHJIC KOPHS KBaJ[PaTHOTO COOTBETCTBEHHO OTHOCsTCS K T3Ta = 0, 0.5.
WHTepBa ¢ KOHEYHBIMH TOYKAMH, TTOJTYUYCHHBIMHE MTPH MIEPECCUCHUH MyHKTUPHOM JTUHUU C TPOdUiIeM,
ABTISICTCSA MPUOTH3UTEIBHBIM 95%-HBIM OOPHBIM HHTEPBAJIOM IS TATA.

Omnenkn ciydaitHoro >pdexra SHIP 3 GLMM c norapudmugeckoii cBs3bio, mpu gamoaa = 1.3 s
TTONTYYCHHUS 3HAYCHUH ITOCIIe yAaJIeHHS BEIOPOCOB: (a) HopManbHEIH QQ rpaduk, (b) oreHKH ciryJaifHbIX
a¢dekroB 1o oTHOUIeHUIO K nHjekcy SHIP (1-54), noka3zaHbl BelIMYMHBI CTAaHJAPTHBIX OIIHOOK.

VYenoBuble ocrarku npu noxdopke GLMM (norapudmuueckas cBsi3b CBsi3b) NpH J1simMOaa = 1.3.
(a) ocrarku IlupcoHa 1O OTHOIICHHIO K TOMOOPAaHHBIM 3HAYECHUSIM U COOTBETCTBYIOLIHH ITOMY
HopMmanbHBIH QQ rpaduk, (b) ocTaTku OTKIOHEHHH MO OTHONICHHWIO K TIOAOOPAaHHBIM 3HAYCHUSIM H
COOTBETCTBYIOIINK HOpMaTbHEIH QQ rpaduk.

YcnoBHBIE HOpMaJIbHBIE OCTaTKH 1pu nogdope GLMM (itorapudmudeckas cBsi3b) npu aamoaa = 1.3.
(a) HabnrOMAaEMble OCTATKH 110 OTHOIICHHIO K I10100paHHbBIM 3HaYeHUSM, (b) cMOziennpoBaHHbIE OCTATKH
pactipenenenus TBuau, (c) KBAaHTHIIM HAOIIOAAEMBIX U CMOJICITMPOBAHHBIX YIIOBOB C HCIIOJIB30BAHHEM
no00paHHbIX 3HaUeHU 1 1pH J1siMOa = 1.3 u ¢u = 68.4.

Pacnipenenennbie HOpMaTbHBIE HAOMIOMaEMbIe OCTATKU MpH mondope: (a) glm(c KopHEM KBaIpaTHBIM)
k 3HaueHmsiM CPUE Breibopku, (b) glm(log), (c) glmm(log) x 3HaueHWsIM yIOBa MO OTHOIICHHUIO
K CpeIHEMY CMOJCITUPOBAHHBIX HOPMAJBHBIX OCTaTKOB ITIPH HOPMAJbHOM PACIPEICICHUN WIN
pactipenenennn Teuau st cpequero CPUE wnm ynoBa, OJMy4eHHOTO 1O MOA0OpaHHBIM 3HAYEHHSIM.
OcTarku B (¢) 3aBUCAT OT OIICHKH CITy4aifHbIX 3()(EKTOB 10 CyJaM, a OribaroIas Kpusasi IpeACTaBiIsIeT
c000i1 96%-Hy0 JOBEPUTEIBHYIO TPAHUILY, TIOJIYICHHYIO B pe3ynbTare 100 pacueToB aiisi KaKI0TO U3
15 712 momoOpaHHBIX 3HAYCHUH.

CranpaptuzoBannsle CPUE no rogam mnpomeiciia, OLIEHEHHBIE IO KaKAOW M3 TpeX MoeleH.
IToxkazarens crenenu mucrepcun coctaBmi 1.3 mst glm(cBssp = log) u glmm. B Momenu co cBs3pio B
BUJIC KBaJPAaTHOTO KOPHs B KAUCCTBE 3aBHCHUMOMW MEPEMCHHOW HCIOJIB30BAIMCH JTAHHBIC 11O BEIOOpPKE
C/E, Torna xak B MOJIENU C Jorapu()MHUYECKOW CBsI3bIO 3aBHCUMOI nepemenHoit Obiio C, a jor (E)
— cMmenienne. [lokazanbl mpuOmmwKeHHBIE 95%-HBIE JAOBEPUTEIbHBIC TPEACIbl; OLEHKH 10 KaXKIOW
MOJIEIIN TAIOTCS 3a OJUH M TOT K€ TOJI, HO JUIsi OOJBIIEH YETKOCTH ITOKAa3aHbl CO CMEIIEHUSIMU 110 OCH
T'O4 (YEAR).
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CrannapruzoBanasle CPUE 3a mpoMBICTOBBII C€30H IO TPeM 30HAM C OIICHKAaMH, MOTYYCHHBIMU 110
GLMM co ciryuaitaeivu 3¢ dexramu Ut peiicoB 1 30H 1o rogam (SxY). Taxke 1oKa3aHbI apajieib-
HBIE Psi/Ibl C BKIIOUEHHBIMU B OLIEHKH CiTydaiHbIMH 3(dekramn SxY ¢ npubnmkeHHbBIMU 95%-HbIMI
JIOBEPHUTEIIBHBIMHU TIPE/ICTIaMU, PACCYMTAHHBIMU Kak Estimate*exp {SxY re+/-1.96*SE(SxY re)}.

HopmansHble KBaHTHIIB-KBAHTIIIb TPAQUKH JUISI PACCUMTAHHBIX CIy9alHBIX 3¢ dexkroB mo GLMM:
(a) oueHku ciny4aitHbIX 3 dexToB 1is peiicos, (b) oleHKH ciiydaitHbIX 3P (EKTOB I 30H IO rojIaM.

YacToTHast THCTOrpaMMa OLICHOK CIy4aiHbIX 3(QEKTOB CIlydalHBIX 30H 110 rojaMm (SxY re).

Ouenku pdekToB ciaydaiiHpix 30H 1o rogam (SxY re) no GLMM c norapupmuyeckoil CBs3bI0 U
MO0t = 1.6. OLeHKH A1 OJTHOM U TOH 7K€ 30HBI COCIMHEHBI IMHUSAMU YepPe3 TE TOJIbI, KOTIa B JaHHON
30HE BeJICS MpoMBIceN. [IpsAMOYyTONBHIK MpencTaBiIseT co0oi yIBOCHHOE CpeaHee I CTaHAAPTHBIX
OIIMOOK OLIEHOK.

Lista de las figuras

Residuales ordinarios del ajuste del glm(enlace = sqrt) con C/E como la variable de respuesta:
(a) residuales vs valores ajustados, (b) grafico g-q normal.

Cuasi-desvianza de perfil extendido del parametro lambda en el GLMM de Tweedie con enlace
logaritmico.

Desvianza del perfil (Lambda = 1.3) vs el parametro de potencia de enlace, Theta. Las funciones
logaritmicas y de raiz cuadrada corresponden a Theta = 0, 0.5 respectivamente. El intervalo cuyos puntos
extremos estan dados por la interseccion de la linea punteada con el perfil representa un intervalo de
apoyo de un 95% aproximadamente para Theta.

Las estimaciones del efecto aleatorio SHIP derivadas del ajuste del modelo GLMM con enlace logaritmico,
y lambda = 1.3 para los valores de captura después de eliminar los valores atipicos: (a) gréafico g-q
normal, (b) se muestran las estimaciones del efecto aleatorio vs el indice SHIP (1 a 54) con las barras del
error estandar.

Residuales condicionales del ajuste del GLMM (enlace logaritmico) con lambda = 1.3. (a) residuales de
Pearson vs valores ajustados y el grafico q-q normal correspondiente, (b) residuales de la desvianza vs
los valores ajustados y el grafico g-q normal correspondiente.

Residuales ordinarios condicionales del ajuste del GLMM (enlace logaritmico) con lambda = 1.3.
(a) residuales observados vs valores ajustados, (b) residuales simulados de la distribucién Tweedie,
(c) cuantilos de las capturas observadas y simuladas mediante los valores ajustados y lambda = 1.3 y
phi = 68.4.

Clasificacién de los residuales ordinarios observados del ajuste de: (a) glm(raiz cuadrada) a los valores
CPUE del lance, (b) glm(log), (c) glmm(log) a los valores de captura vs el promedio de los residuales
ordinarios simulados para las distribuciones normal o de Tweedie del CPUE promedio o la captura
obtenida de los valores ajustados al modelo. Los residuales para (c) dependen de la estimacién de
los efectos aleatorios del factor barco y la envoltura representa un intervalo de confianza del 96% de
100 simulaciones para cada uno de los 15 712 valores ajustados.

CPUE normalizado por afio de pesca estimado de cada uno de los tres modelos. El valor del pardmetro
de potencia para la varianza fue 1.3 para los modelos glm(enlace logaritmico) y glmm. El modelo con
una funcién de enlace de raiz cuadrada fue ajustado a los datos de lances C/E como respuesta, mientras
que el modelo con enlace logaritmico utiliz6 C como respuesta, compensando con log(E). Se muestran
los intervalos de confianza aproximados del 95%. Las estimaciones para cada modelo corresponden al
mismo afno pero se muestran compensadas en el eje YEAR para aumentar la claridad.

CPUE normalizado por temporada de pesca para tres estratos con estimaciones derivadas del GLMM
con efectos aleatorios correspondientes a la campafa y estrato por afio (SxY). También se muestran las
series paralelas con efectos aleatorios SxY incluidos en las estimaciones con intervalos de confianza
aproximados de 95%, calculados como Estimate*exp{SxY_re+/-1.96*SE(SxY _re)}.



Figura 10:

Figura 11:

Figura 12:

Modelling catch and effort data
Graficos cuantilo-cuantilo normales para las estimaciones de los efectos aleatorios del ajuste del GLMM:
(a) estimaciones del efecto aleatorio de la campafia, (b) estimaciones del efecto aleatorio estrato-ao.
Histograma de la frecuencia de las estimaciones del efecto aleatorio del estrato-afio (SxY_re).
Estimaciones del efecto aleatorio del estrato-afio (SxY_re) del ajuste del GLMM con enlace logaritmico
y lambda = 1.6. Las estimaciones para el mismo estrato estdn conectadas por lineas a través de los afios

en que el estrato fue explotado. La barra representa el doble del promedio del error estandar de las
estimaciones.
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APPENDIX 1

DENSITY FUNCTION OF THE COMPOUND POISSON
OR TWEEDIE DISTRIBUTION

Following Smyth (1996), the probability-density function (PDF) for Y where Y is a GLM response variable with
power variance function, V(u) = p*, based on quasi-likelihood theory (McCullagh and Nelder, 1989), satisfies

6bghh'=;11uy*tw<_y7u

aw ol et g

At the same time, the PDF for a compound Poisson-gamma distribution for Z, where
Z=Wi+ W+ . . W+ ...+ Wy

where the Wy (k= 1,...,N) are independently and identically distributed gamma variables with mean p,, and variance
[0 uw, and N is dlstrlbuted as a Poisson variable with mean t, has the same cumulant-generating function as that of Y
(Smyth, 1996) for 1 < A < 2. Therefore the PDF for Y can be expressed in terms of that for Z as

Flyinb )= PN =0)5(y) + 32 PN = 1) 4)

-7

=eT3(y) + Zilrre F(rclbwl)[ ! ]y; eXP[ ! Jd{loge(y)}
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where 3(y) is the Dirac delta function at zero and the relationships between parameters of the compound Poisson
distribution and those of the corresponding Tweedie GLM are given by

1 -1
¢*2‘ M’w S =0 22’
I<i<2.

Note that the gamma distribution for Wy is specified above in terms of the mean and dispersion parameters in order
to avoid specifying a location parameter, &, where 0 < § < Wj.

APPENDIX 2
DEVIANCE FUNCTION FOR THE TWEEDIE MODEL

The formula for deviance contribution, d;;, for the power variance function with 1 < <2 is given by

d~—2yl] 17L l,:tlljx) 2(%] A% 7»)
i 1-2 2-%
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