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Abstract

Catch data from the Icelandic groundfish surveys are analyzed using generalized linear models (GLM). The main goal is
to test the effects of environmental variables on the expected cod catch and to distinguish between the gamma and log-normal
distributions for the error structure. Only positive catch data are included in this work, i.e. only the positive part of a delta–gamma
or delta–log-normal distribution is examined. The distributions are compared via a Kolmogorov–Smirnov goodness of fit test.
Polynomials are used to describe the relationship between each environmental variable and the cod catch and their effects are
tested within the GLM framework (a continuous model). Finally, an attempt is made to locate temperature fronts in the ocean by
estimating the temperature gradient vector at each data point. The effect of the size of this gradient vector is then tested within in
the GLM framework. A stratification model with only spatial and time effects explains 80% of the variation but that comes with
a high cost of degrees of freedom. Most of the tested effects are found to be significant but the continuous model only captures
45% of the total variation. The size of the temperature gradient vector is found to be statistically significant though only a small
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ortion of the variation in the data is explained by this term.
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. Introduction

Groundfish trawl surveys are commonly conducted
or the purpose of obtaining an average catch per tow,
o be used as an indicator of stock abundance in a stock
ssessment process. The single most common method

or estimating means or total abundances and associ-
ted variances is probably through standard formulas
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for stratified random design.Myers and Pepin (1986
were the first to use the linear regression model
method for estimating population size in ground
surveys. The GLM has the advantage over the stra
analysis that the underlying spatial pattern of the
density can be modeled explicitly, an aspect igno
by the stratified analysis. Also, data from all year
the survey can be analyzed at once and data from
complete surveys can be included. Furthermore, e
ronmental variables as explanatory covariates ca
used to separate the variation in the catch rates pe
into that due to inter-annual variation in populat
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size and that due to differences in the environmental
variables.

In general, abundance estimates from trawl surveys
have large variance estimates and often the mean and
variance are directly related, i.e. larger means have
larger variances associated with them. A number of sta-
tistical models have been suggested for the estimation
of mean catch per tow in an attempt to account for this
variability. Many of these methods use skewed proba-
bility distributions, for example the delta-distribution
(Pennington, 1983)where the probability of obtain-
ing an empty tow is modeled as a Bernoulli trial but
the distribution conditioned on non-zero catches is as-
sumed to be the log-normal or the gamma distribu-
tion. In the GLM framework, the gamma distribution
has frequently been used to describe the variation of
skewed marine data. This includesStef́ansson (1996)
for age-disaggregated haddock catch data from the Ice-
landic groundfish surveys,Goñi et al. (1999)for West-
ern Mediterranean fisheries andYe et al. (2001)for the
Kuwait driftnet fishery. Another common approach is
to use the log-normal distribution by log-transforming
the data. Examples of this includeMyers and Pepin
(1986)for the American plaice,Stef́ansson (1988)for
cod cpue data from the Icelandic trawler reports,Lo et
al. (1992)for northern anchovy data collected by air-
craft andPennington (1996)for several marine survey
data.

These two error structures for use in GLMs are
related by the fact that when the coefficient of vari-
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using the gamma model when the errors are in fact
log-normally distributed versus using the log-normal
model when the errors are really gamma distributed.
He concludes that the gamma model performs slightly
better.

An annual groundfish survey has been conducted on
the Icelandic continental shelf every March since 1985
(Pálsson et al., 1989). The primary purpose of this sur-
vey is to gather data which are used in the process of
stock assessment for several demersal species(Anon.,
2001). The data gathered contain numerous measure-
ments of environmental variables which allow investi-
gation of the relationship between such variables and
catch rates in order to cast light on why the fish are
caught at one place rather than another. Such analyses
for the Icelandic cod (Gadus morhua) are the subject
of this analysis and the methodology selected for this
work is the generalized linear model (GLM). The em-
phasis here is on the variability of the survey catch
and not on obtaining an index of abundance, unlike the
usual analysis of survey data and any previous analysis
of Icelandic marine data.

It has been suggested that the food for cod, such as
capelin, may aggregate in frontal regions where cold
sea meets with warmer sea, i.e. where there is a sudden
change in temperature(Vilhj álmsson, 1994). Therefore
it could be expected that the cod would tend to be found
at such temperature fronts. In light of this it would be
interesting to test the effect of temperature fronts on
the catch rates of cod. Here we present a method based
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tion (CV) is small it is approximately equivale
o assume gamma distributed errors with a cons
V and to assume a constant variance (σ2) for the

og-transformation. Furthermore, a GLM analysis
uming gamma distributed errors and a GLM an
is on log-transformed data assuming normally
ributed errors will usually lead to the same conc
ions(McCullagh and Nelder, 1989, p. 285). In the cas
f the log-transformation, a direct back-transforma
ill result in bias, but in the present case the in
st is solely in testing hypotheses, where this p

em does not occur. As to how small is small enou
tkinson (1982)concludes that these two methods
nalysis should provide similar results forσ2 as large
s 0.6. When the CV is large, however, these two k
f analysis can give different results (see, for ex
le, Wiens, 1999). Firth (1988) gives an interestin
omparison of the efficiencies of parameter estim
n locally weighted regression to estimate tempera
radients and then we test the effects of these on
ates of cod. Incorporation of temperature fronts in
nalysis of groundfish catch data has not been
efore, thoughSakuma and Ralston (1995)found tha

he spatial distributions of some late larval ground
pecies off central California were dependent on a
erature front.

Steinarsson and Stefánsson (1986)fitted severa
robability distributions to the cod catch data from

celandic groundfish surveys 1985–1986 and found
mong tested distributions, the gamma, log-norma
egative binomial distributions gave the best fit. In li
f this, and the literature mentioned above, we ex

ne both the gamma distribution and the normal di
ution for log-transformed data as possible error
ributions for the linear model (the negative binom
istribution is not considered). We conduct a com
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ison of how closely these two distributions fit the data
using a Kolmogorov–Smirnov test. Only non-empty
tows are analyzed here, corresponding to the positive
part of a delta–log-normal or delta–gamma analysis
(Stef́ansson, 1996).

2. Data

The data analyzed here are cod catch data from the
Icelandic groundfish surveys 1985–2001 conducted by
the Marine Research Institute (MRI) in Iceland. A de-
tailed description of the survey design can be found
in Pálsson et al. (1989), and the survey handbook
(Einarsson et al., 2002)provides detailed descriptions
of the data collection methodology. The survey area
comprises the Icelandic continental shelf inside the
500 m depth contour (Fig. 1), which covers the fishing
grounds for the most important commercial species of
demersal fish in Icelandic waters. Based on biological
and hydrographic considerations, the survey area is di-
vided into two main areas, the northern and southern
areas, and ten sub areas (strata). Stations are allocated
among strata in direct proportion to the area of each
stratum and its estimated cod density. The whole survey
area is also divided into statistical rectangles (0.5◦ lat-
itude and 1◦ longitude) which are then subdivided into

F , main ts denote the
( ro tow

four sub-rectangles (Fig. 1). The trawl stations within a
stratum are allocated to each statistical rectangle within
the stratum in direct proportion to the area of the rectan-
gle. The station positions are selected in a semi-random
way, in the sense that half of the stations in each sta-
tistical rectangle were selected randomly and half of
them were located by commercial fishermen in accor-
dance with their knowledge and experience of fishing
and fishing grounds. The same stations are visited ev-
ery year. Commercial fishing vessels are leased every
year and the fishing gear and methods are standardized
as much as possible.

The data collected can be categorized into trawl sta-
tion data, trawl catch data and environmental obser-
vations. The trawl station data recorded are position,
time, direction and depth of the tow, distance towed and
trawling speed. Biological data include the number of
fish caught, length measurements, age determination
from otolith samples and sex determination. The envi-
ronmental data include wind strength (Beaufort scale)
and direction, air-, surface- and near-bottom tempera-
ture, weather conditions, cloud cover, wave height, ice
conditions and barometric pressure. This analysis in-
cludes only stations where the cod catch is non-zero
and none of the environmental measurements needed
for the analysis are missing, leading to a total of 7066
observations.
ig. 1. Map of the survey area showing the 500 m contour line
middle) locations of stations for all survey years where non-ze
areas, sub areas (strata) and statistical rectangles. The poin
s occurred.
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3. Methods

The gamma and log-normal distributions share
some characteristics which often make it difficult to
choose between them. Both distributions have a posi-
tive probability mass only for positive values and can
describe data sets for which the majority of the proba-
bility mass is at low values but there is a heavy tail to
the right. They also share the same relationship between
the mean and variance, i.e. the variance function:

var(Y ) = φE(Y )2 (1)

whereφ is a constant. This relationship differs from that
for other distributions such as the normal, Poisson and
the negative binomial distribution and can therefore be
used to distinguish these two distributions from others.
A common approach to check this relationship is to ex-
amine a plot of log(sample variance) versus log(sample
mean) for homogeneous groups of data, see, for exam-
ple,McCullagh and Nelder (1989, p. 306). If the points
lie on a straight line with the slope close to 2, the gamma
and log-normal distributions with fixed scale parame-
ters can not be rejected as the true underlying distri-
bution. Such an investigation cannot, however, distin-
guish between these two distributions. Data in one sub-
rectangle and 1 year from the Icelandic groundfish sur-
vey can be thought to be realizations of i.i.d. variables
since the environmental conditions are fairly homo-
geneous within a sub-rectangle. The drawback is that
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)
or

Zyji = log(Yyji) ∼ N(ayj, b
2) (2)

whereN(a, b2) is the normal distribution with meana
and varianceb2 andG(r, µ/r) is the gamma distribu-
tion with meanµ, varianceµ2/r and density function

f (y) = yr−1 e−yr/µ

(µ/r)rΓ (r)
, y > 0 (3)

where Γ is the Gamma function, Γ (r) =∫ ∞
0 xr−1 e−x dx. The effects of sub-rectangles

and years are assumed to be multiplicative on the
original scale of number of cod and hence additive
on the log scale. This leads to the log link ifYyji is
gamma distributed and the identity link if log(Yyji) is
normally distributed. We fit the models:

log(µyj) = β0 + αy + βj + γyj and

ayj = β0 + αy + βj + γyj (4)

whereβ0 is the grand mean,αy is the year effect,βj is
the spatial effect of sub-rectangles andγyj is the inter-
action. The error is assumed to be gamma distributed,
G(1,1/r), in the first model but normally distributed,
N(0, b2), in the second. For a fixed yeary, the models
become:

log(µyj) = β0 + βj and ayj = β0 + βj (5)
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here are few observations for each sub-rectangle
ighest number is 7 observations, resulting in high
ertainty of the estimated means and variances fo
ub-rectangles. The statistical rectangles which
p to 16 observations per rectangle are therefore
onsidered, but since they are four times the size o
ub-rectangles, the assumption of homogeneity is
s reliable.

A goodness-of-fit test with help of a generaliz
inear model is used to distinguish between the
roposed probability distributions, the gamma

og-normal distributions. Following the approach
tef́ansson and Ṕalsson (1997)andStef́ansson (1988,

his was done by scaling the observations with
tted values from a GLM and then performing
olmogorov–Smirnov test on the scaled data. LetYyji
e a random variable that represents the number o
aught in yeary, sub-rectanglej and towi. It is assume
he goodness-of-fit test is based on the foll
ng: Firstly, a known fact is that ifX ∼ G(r, µ/r)
hen X/µ ∼ G(r,1/r). If µyj and r were known
e could test whetherYyji/µyj ∼ G(r,1/r) using the
olmogorov–Smirnov test. This is done here by
uming that the fitted values ˆµyj and the estimated di
ersion parameter 1/r̂ obtained from model (4), wit
amma distributed errors, are the true parameters
ndly, another known fact is that ifX ∼ N(a, b2) then
X−a ∼ LN(0, b2). If the true parameters were kno
his could be tested via the Kolmogorov–Smirnov t
his is done here by assuming that the fitted va

ˆyj and the estimated dispersion parameterb̂2 obtained
rom the model (4), with normally distributed erro
re the true parameters. TheDn Kolmogorov test statis

ic measures the distance from the empirical and
othesized distributions so we compare these test s

ics to see which distribution better represents the
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A temperature surface over the survey area is fitted
using locally weighted regression (loess) on bottom
temperature (which is measured in each station in the
survey) to obtain estimates of temperature gradients.
The temperature estimates of a fine grid are then used to
obtain an estimate of the magnitude of the temperature
gradient vector at each station, which is then tested for
a significant relation to cod catch in a GLM. A grid con-
taining the entire survey area was constructed by dis-
tributing 101 points equally over the latitude range and
101 points over the longitude range (a total of 10 201
points). A second-order loess smoother in latitude and
longitude was used to obtain a bottom temperature sur-
face over the survey area, a different one for each year.
The model for a given year is an additive model:

Ti = g(lati, loni) + εi (6)

whereTi represents the bottom temperature,εi is as-
sumed to be normally distributed with zero mean and
constant variance andg is the loess smoother. The scope
parameterf was set to 0.2. For each year of the sur-
vey, model (6) was fitted to a dataset, containing the
recorded bottom temperatures, latitudes and longitudes
for that year along with the grid points, which were
given the temperature value of 0◦ C. A point in these
datasets (ti, lati, loni) was given a weight of 1 if it was
a record from the survey data but a weight of 10−10

if it was a grid point. The effect of these weights is
that they are simply multiplied by the built-in weights
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The analyses presented here are partly performed
in R, a free statistical software package (http://www.r-
project.org) and partly in S-PLUS(Venables and
Ripely, 2002). R is available from the Comprehensive
R Archive Network,http://cran.r-project.org.

4. Results

4.1. The variance function

In order to check assumption (1), the log sample
variances and log sample means are calculated for ho-
mogeneous groups of data (Fig. 2). As noted above,
each sub-rectangle/year combination contains at most
seven observations and many of these contain one or
two observations. Only those sub-rectangle/year com-
binations that contain five or more (nj ≥ 5) observa-
tions are included in this part of the analysis to reduce
the variances of the estimates of the means and vari-
ances. This reduced data set contains 1289 observations
and 241 different sub-rectangle/year combinations.

A weighted linear regression, with weights 1/nj,
of the log sample variance on the log sample mean
gives a slope ofβ = 2.23± 0.05 (mean± standard er-
ror) and an intercept ofα = −1.6 ± 0.2. The points
are close to a straight line and the regression has anR2

value of 0.88, but the two-sidedt-test for the hypoth-
esisH0 : β = 2 is rejected at the 5% level of signifi-
c ˆ
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f the loess smoother. The grid points therefore h
egligible effect on the fitted values, except at po

hat are far from the survey data, where the fitted t
eratures are not needed anyway. On the other

he survey data are dominant for the fitted values a
rid points and hence the fitted values at the grid po
rovide a smooth surface of the temperature ove
urvey area for every year. Once the estimated tem
ture t̂i = ĝ(lati, loni) has been obtained for the g
oints for each year of the survey, the squared le
f the gradient vector is estimated using:

∇̂g(lati, loni)‖ =
√

(ĝ(lati+1, loni) − ĝ(lati, loni))2 +
herei andi+ 1 are adjacent points on the grid.
ally, a tow in the survey data is assigned the grad

ength value of the grid point that is nearest to the
ition of the tow. This gradient value is then used
ovariate in a continuous GLM model.
ti, loni+1) − ĝ(lati, loni))2 (7)

ance since (β − 2)/σ̂β2 = (2.23− 2.00)/0.05 = 4.60
P-value is less than 10−5). The results for statistic
ectangles were similar, the regression gives a slo
= 2.23± 0.05 and an intercept ofα = −1.1 ± 0.3

nd the hypothesisH0 : β = 2 is rejected at the 5
evel of significance.

In the following analysis it will nevertheless be
umed that the mean-variance relationship (1) is v
or the data at hand and the gamma and log-no

istributions are proposed for describing the data.
ample mean and variance are estimated from a
roup of data and have associated uncertainty w
re not accounted for in the regression above.

http://www.r-project.org
http://cran.r-project.org
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Fig. 2. Scatter plot of log(s2j ) vs. log(ȳj) for every sub-rectanglej that
has five or more observations (a total of 241 points). The regression
line log(s2) = 2.23 log(ȳ) − 1.6 is also included.

4.2. Goodness of fit

Models (4) and (5) were fitted separately for each
of the proposed distributions. Only data from sub-
rectangles with five or more observations were used
(a total of 1289 observations) to obtain more reliable
estimates of the parameters.

Both hypothesisH0 : Wyji = Yyji/µ̂yj∼G(r̂,1/r̂)
andH0 : Wyji = elog(Yyji)−âyj∼LN(0, b̂2) are rejected
when all data are used and parameters estimated from
model (4). The Kolmogorov statistic for the gamma
distribution isDn = 0.075 andDn = 0.056 for the log-
normal distribution but the 95% quantile of the distribu-
tion ofDn is 1.36/

√
n = 1.36/

√
1289= 0.038.Fig. 3

Fig. 3. CDFs for the hypothesized distributionsG(1.07,0.93) and LN(0,1.05) (the thinner lines) along with the empirical CDFs of corresponding
W

Table 1
TheDn test statistics of the Kolmogorov test per year

Year Gamma Log-normal d(n)0.95

1985 0.106 0.110 0.152
1986 0.121 0.079 0.151
1987 0.103 0.119 0.151
1988 0.093 0.084 0.157
1989 0.104 0.096 0.157
1990 0.095 0.074 0.152
1991 0.105 0.072 0.151
1992 0.103 0.071 0.154
1993 0.104 0.100 0.152
1994 0.109 0.104 0.156
1995 0.100 0.080 0.156
1996 0.142 0.113 0.156
1997 0.129 0.097 0.158
1998 0.105 0.078 0.177
1999 0.087 0.058 0.164
2000 0.113 0.083 0.158
2001 0.138 0.098 0.158

shows the cumulative distribution functions (CDFs)
for the hypothesized distributionsG(1.07,0.93) and
LN(0,1.05) along with the empirical CDFs of corre-
sponding theWyji.

The hypothesis can not be rejected when model (5)
is fitted to the data for each year separately since theDn
test statistics are all lower than the critical 95% quantile
(Table 1). The log-normal distribution leads to a lower
values for the test statistic for all years except 1985
and 1987, indicating that the log-normal distribution is
closer to the distribution of the data. Therefore, the log-
normal distribution is used in the following analysis.
yji (the thicker lines).
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4.3. A stratification model

The following model was fitted to log-transformed
data:

log(Yyji) = β0 + αy + βj + γyj + εyji (8)

The parameterβ0 is the intercept (the grand mean),
αy is the year effect,βj is the spatial effect of sub-
rectangles andγyj is the interaction. The errorsεyji are
assumed to be normally distributed with zero mean and
constant variance. This is the same model as (4) but in
this case all data are used to fit the model (7066 obser-
vations). The sub-rectangle factor represents a spatial
effect, the effect of the habitation conditions of that area
for the cod. These conditions are likely to be controlled
by environmental effects such as depth, temperature,
amount of food available, etc. The year factor repre-
sents the inter-annual fluctuations in the cod stock size
and in catchability. This basic model (without interac-
tions) is a fairly standard method of analysis for the
purpose of stock assessment. An interaction between
sub-rectangles and years represents the difference in
variation between sub-rectangles for different years. In
other words, the habitation conditions do not change
in the same way between years in two different sub-
rectangles.

The analysis of variance is shown inTable 2.
The terms are added sequentially (first to last). This
model accounts for 80.4% of the total variation using
3653/7065= 51.7% of the total degrees of freedom.
Both the main effects of sub-rectangles and years are
significant and also the interaction between them. Most
of the explained variation comes from the sub-rectangle
effect, 49.4%, while the year effect explains only about
3%. The interaction between sub-rectangles and years
is a considerable part of the explained variation, 28.2%,

Table 2
Analysis of variance table for the stratification GLM of log-transforme

Source of variation d.f. SS

Sub-rectangles 305 8719.4 49
+ Years 16 481.3 2
+ Interaction 3332 4972.8 28
Total model 3653 14173.4 80
Residuals 3412 3465.8
Total 7065 17639.2

The terms are added sequentially (first to last). 80.4% of the total var -rectangles
and years are significant and so is the interaction between them.

but also uses the majority of the total degrees of free-
dom of the model.

The residuals are plotted to identify model inade-
quacy (Fig. 4). A scatter plot of standardized residu-
als versus the fitted values shows no obvious structure
(Fig. 4a). Residuals plotted against the fitted values
indicate that the model does not capture the smallest
and largest observations (Fig. 4b). A normal probabil-
ity plot of the residuals reveals that the residuals are
not normally distributed (Fig. 4c). This is mostly due
to the fact that many sub-rectangle/year combinations
contain only one observation, resulting in a residual of
zero. The standardized residuals plotted against year
indicate heterogeneous variability (Fig. 4d). The stan-
dard deviations for each year (connected squares in
Fig. 4d) are less than unity. The standard deviations for
1999–2001 are half those for the other years and the
range of residuals for these years is smaller than for
the other years.

4.4. A continuous model

Using sub-rectangles and years as factors does not
provide any information or explanation of the data other
than the fact that the expected cod catch depends on
location and time. A more informative model is one
that relates the expected catch to environmental vari-
ables that can be expected to effect the behavior of cod
on biological grounds. These environmental covariates
can be thought of as substitutes for the sub-rectangles
e be
a

ere
s ver-
s e of
t f
d cod catch data

% expl. SS/d.f. F-test P-value

.4 28.59 28.14 <2.2E−16

.7 30.08 29.61 <2.2E−16

.2 1.49 1.47 <2.2E−16

.4
1.016

iation is explained by this model. Both the main effects of sub

ffect as they explain why the fish is more likely to
t one place rather than another.

The covariates used in the continuous model w
elected by looking at box plots of the response
us each of the environmental variables and som
he trawl station data (e.g.Fig. 5). These plots can, o
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Fig. 4. Analysis of residuals of the stratification model. (a) Scatter plot of standardized residuals vs. the fitted values. (b) Scatter plot of
observations vs. fitted values along with they = x line. (c) Normal probability plot of residuals. (d) Standardized residuals per year. The sample
mean and standard deviation for each level are indicated with connected circles and squares.

course, only show one covariate at a time and can there-
fore only give hints as to appropriate covariates and the
functional forms for the relationships between the co-
variates and the response. Plots such asFig. 5 lead to
consideration of the following covariates:

• poly(Depth, 2).
• poly(Bottom temperature, 2).
• Surface temperature.
• Air temperature.
• poly(Wave height, 2).
• poly(Latitude, Longitude, Year, 4).
• poly(Towing time, 2).
• poly(Towing length, 2).
• factor(Vessel).

The notation ‘poly(x1, . . . , xp, n)’ denotes an or-
thonormal polynomial of degreen in the variables

x1, . . . , xp. The notation ‘factor(Vessel)’ denotes that
the vessel effect is qualitative. As before, the response
is the log-transformed number of cod and the errors
are assumed to be normally distributed. All of the data
(7066 observations) is used in the analysis. Covari-
ates are added to the model using a stepwise procedure
based on the maximum decrease in AIC, with the con-
straint that each additional covariate explains at least
0.5% of the total variation. Only the environmental
variables are considered initially because they are the
variables of primary interest. Trawl station data are ex-
amined only after all possible environmental variables
are considered for possible inclusion in the model. The
analysis of variance (ANOVA) is shown inTable 3The
terms are added sequentially (first to last).Table 3also
shows the percentage change in the residual sum of
squares (RSS) if one term is removed from the model
(columns 10 and 11) and the percentage of total vari-
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Fig. 5. Box plot of log number of cod in each tow vs. (a) depth, (b) bottom temperature, (c) wave height, (d) surface temperature, (e) year, and
(f) vessel identification number. The boxes show the middle 50% of the data and the middle line shows the median. Dotted lines are drawn to
the extreme points but are not made longer than 1.5 times the height of the box and data outside that range are shown with points. The width
of the boxes is made proportional to the square root of the number of observations for the box. The curves show the estimated effects on log
number of cod for all other variables hold fixed.
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Table 3
Analysis of variance table for the continuous GLM of log-transformed cod catch data

Source of variation d.f. SS
(sequence)

% explained AIC F-test P-value SS (add1) % decrease
of RSS

SS
(drop1)

% increase
of RSS

poly(Bottom
temperature, 2)

2 3640.7 20.6 4837 1311.4 < 2.2E-16 3640.7 20.6 178.2 1.8

+ poly(Depth, 2) 2 724.4 4.1 4465 260.9 < 2.2E-16 893.9 5.1 268.1 2.8
+ Surface temperature 1 290.9 1.6 4311 209.6 < 2.2E-16 3178.1 18.0 14.5 0.1
+ poly(Wave height, 2) 2 130.2 0.7 4243 46.9 < 2.2E-16 327.2 1.9 11.7 0.1
+ poly(Latitude,

Longitude, Year, 4)
34 2984.6 16.9 2444 63.2 < 2.2E-16 7252.4 41.1 2292.0 23.5

+ factor(Vessel) 12 135.4 0.8 2371 8.1 2.205E-15 3698.9 21.0 135.4 1.4
Total model 53 7906.2 44.8
Residuals 7012 9733.0
Total 7065 17639.2 6466

The terms are added sequentially (first to last) and they are all significant.

ation that each term explains when it is the only (or
first) term in the model (columns 8 and 9). All of the
covariates considered lead to reductions in AIC. How-
ever, three of them do not reduce the sum of squares by
0.5% or more (Table 4).

The environmental variables explain 27% of the
variation, and when the polynomial in latitude, lon-
gitude and year is added, these terms together explain
43.9% of the variation, slightly more than the latitude,
longitude and year polynomial alone (41.1%). A model
containing only the 4th degree polynomial in latitude,
longitude and year is comparable to the stratification
model (8) in the sense that both models include only
spatial and time effects and the interaction between
space and time. The polynomial model does not re-
duce the variation as much as the stratification model
but considering the number of degrees of freedom (34
versus 3653) it performs very well. The bottom and sur-
face temperatures explain 20.6% and 18.0% of the to-
tal variation when fitted separately. When both bottom
temperature and depth are included in the model, the
additional variance explained by surface temperature

Table 4
Analysis of variance for those terms not included in the model

Term d.f. SS % explained AIC F-test P-value SS (add1) % decrease

None 2371
Air temperature 1 3.2 0.0 2370 2.30 0.1295 862.3 4.9
Poly(Towing time, 2) 2 51.2 0.3 2337 18.54 9.313E-09 218.4 1.2
poly(Towing length, 2) 2 50.9 0.3 233

For each term the additional variance explained is shown along with th ease of RSS
when each of the terms are fitted separately.

is only 1.6% indicating that the effect of surface tem-
perature on the location of cod is captured by bottom
temperature and depth. On the other hand, this 1.6% is
highly significant and may well be an indication of the
behavior of pelagic prey such as capelin.

There is considerable confounding between the ves-
sel effect and the location effect since each vessel tends
to be sent to a similar area. The confounding is not
complete, however, since the boundaries between ar-
eas covered by the vessels are not fixed and, in some
cases, vessels get moved to new areas, or temporar-
ily replaced by other vessels. This is seen in the two
ANOVA tables. The effect of location as a single fac-
tor, explains 49% of the variation (Table 2) whereas
the effect of vessel alone explains only 21% (Table 3).
The year effect only contributes in a minor way to ex-
plaining variability, but the interaction between year
and location appears quite important. When looking
at the marginal effects in the final model (last col-
umn in Table 3), it is seen that the vessel effect ap-
pears much less important than the location–year effect
combined.
8 18.41 1.061E-08 218.3 1.2

e AIC. Columns 8 and 9 show the SS and the percentage decr
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Fig. 6. Analysis of residuals for the continuous model. (a) Scatter plots of standardized residuals vs. the fitted values. (b) Scatter plot of
observations vs. fitted values along with they = x line. (c) Normal probability plot of residuals. (d) Standardized residuals per year. The sample
mean and standard deviation for each level are indicated with connected circles and squares.

Fig. 6 examines the residuals for the continuous
model. The patterns are generally the same as for the
stratification model. The tails inFig. 6c, particular for
low residual values, seem to be thicker than could be ex-
pected for a normally distributed variable. Unlike the
stratification model, there is no evidence for reduced
residual standard deviations after 1999 inFig. 6d and,
in fact, the residual standard deviations are generally
larger than unity.

4.5. Estimated temperature gradient

The data used to estimate a temperature surface for
each year are all the groundfish survey data from 1985
to 2001 where the bottom temperature was measured.
Empty tows are included when fitting the temperature
surface to increase the number of temperature measure-
ments. The total number of observations for this anal-

ysis is 8705 or 512 per year on average. However, the
temperature data provided by the survey is very sparse
and model (6) only explains (on average) 16% of the
total variation and uses (on average) 24.7 approximate
degrees of freedom. In other words, the surface is too
smooth to capture local changes in temperature.Fig. 7
shows contour plots of the smoothed temperature sur-
face obtained by model (6) for 2 years of the survey.
The temperature surface exhibits the same pattern each
year, the bottom temperature is higher (mostly> 3◦C)
south and east of Iceland than north and west of the
country (mostly< 3◦C).

A third degree polynomial in gradient length (see
box plot inFig. 8) is included along with the previous
environmental covariates and trawl station data to ex-
plain the variability of cod catch rates. This new covari-
ate is significant although its contribution to variance
reduction is small (Table 5). The gradient term explains
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Fig. 7. Contour plots for 1986 and 1995 of the smoothed temperature surface inside the 500 m depth contour. The temperature is higher in darker
areas than in brighter areas.

Fig. 8. Box plot of log number of cod in each tow vs. the length of the
estimated gradient vector at each location. The smooth curve shows
the estimated effects on log number of cod for all other variables held
fixed.

Table 5
Analysis of variance table for the continuous GLM of log-transformed cod catch data where a polynomial in gradient length has been included

Source of variation d.f. SS
(sequence)

% explained AIC F-test P-value SS
(add1)

% decrease
of RSS

SS
(drop1)

% increase
of RSS

poly(Bottom
temperature, 2)

2 3640.7 20.6 4837 1318.9 < 2.2E-16 3640.7 20.6 174.5 1.8

+ poly(Depth, 2) 2 724.4 4.1 4465 262.4 < 2.2E-16 893.9 5.1 271.4 2.8
+ Surface temperature 1 290.9 1.6 4311 210.8 < 2.2E-16 3178.1 18.0 19.0 0.2
+ poly(Gradient, 3) 3 189.7 1.1 4213 45.8 < 2.2E-16 250.7 1.4 59.5 0.6
+ poly(Wave height, 2) 2 123.5 0.7 4148 44.7 < 2.2E-16 327.2 1.9 11.7 0.1
+ poly(Latitude,

Longitude, year, 4)
34 2861.5 16.2 2407 61.0 < 2.2E-16 7252.4 41.1 2223.0 23.0

+ factor(Vessel) 12 135.1 0.8 2333 8.2 1.894E-15 3698.9 21.0 135.1 1.4
Total model 56 7965.8 45.2
Residuals 7009 9673.4
Total 7065 17639.2 6466

1.4% of the total variance as the first term in a model.
It is included as the fourth term in the model, adding
an additional 1.1% to the explained variance. Remov-
ing the gradient term from the final model increases
the residual sum of squares by 0.6%. The residuals for
this model exhibit the same patterns as those for the
continuous model (Fig. 6).

5. Discussion

The test of probability distributions revealed that the
log-normal distribution mimicked the variance struc-
ture in the data slightly better than the gamma distri-
bution. However, there seems to be room for improve-
ment here since the regression of log sample variance
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on the log sample mean lead to a slope higher than 2.
An avenue of future research could be to assume the
variance functionV (µ) = µ2.23 for the data and esti-
mate the model parameters by constructing a quasi-
likelihood function. Other variance functions are of
course also possible. For example,V (µ) = µ+ µ2/k,
which is the variance function for the negative binomial
distribution. How these different error structures would
affect the results of this study is unclear. In the case of
gamma versus log-normal, however, it turns out that
the main effects are robust to the choice of the under-
lying distribution, all the same variables are significant
but the gamma model only explains 38.7% of the total
deviance compared to 44.8% for the log-normal model.

The models in this paper have been designed to ex-
plain the “log-normal” part of the “delta models”, leav-
ing aside the various Bernoulli or binomial models for
the “delta” part. The models with the greatest num-
ber of parameters are able to explain some 80% of the
variation in the (logged) data, which is considerable
given the nature of catch data. These models include
location (sub-rectangle) and year as factors along with
their interaction (the “stratification model”).

Several issues arise from this conceptually simple
model, but since these kinds of models are commonly
used to extract an annual index of abundance, it must
be noted how important the interaction term between
year and location is, at least for this species in these
waters. In this case, it is quite possible that the change in
distribution over time implied by this interaction might
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mial contains more than one variable. Another disad-
vantage is that the estimated surface of such a poly-
nomial regression becomes very limited since the fit
of one data point depends on all the data. Generalized
additive models (GAMs) provide a method where less
restrictive functions of covariates can be used when
modeling data because no rigid parametric assump-
tions are made about the dependence of the response
on the covariates. The loess smoother used in this study
is an example of these types of models. GAMs are an
important area of future research for the analysis of
groundfish survey data, but were not used in this study
partly due to the lack of distribution theory for formal
model tests(Hastie and Tibshirani, 1990, p. 155).
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tkinson, A.C., 1982. Regression diagnostics, transformation

constructed variables. J. R. Statist. Soc. B Met. 44, 1–36.
inarsson, S.T., J́onsson, E., Bj̈ornsson, H., Ṕalsson, J., Schopk
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