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Abstract
Various statistical models have been used to standardize catch rates of fish populations for stock assessment.
The generalized linear model (GLM) is one of the most commonly used approaches. However, response variables in
fisheries data are often spatially autocorrelated or show a nonlinear relationship with explanatory variables, thus
violating the underlying assumption of the GLM. The GLM with spatial autocorrelation (s-GLM) and the generalized
additive model (GAM) may be better suited to dealing with autocorrelated variables and nonlinear relationships,
respectively. In this study, catch rates of yellow perch Perca flavescens from a fishery-independent gill-net survey
in Lake Erie during 1990–2003 were estimated by the s-GLM and GAM. Set duration, gear depth, temperature at
gear depth, dissolved oxygen concentration, water transparency, and latitude were selected as significant explanatory
variables for these models. By comparing the goodness of fit, reduction of spatial autocorrelation, and prediction
errors from cross validation, we found that the GAM had the best goodness of fit and lowest prediction errors but the
s-GLM resulted in the greatest reduction in spatial autocorrelation for catch-rate standardization of yellow perch in
Lake Erie. The GAM is more suitable for modeling the nonlinear relationships between species characteristics and
explanatory variables, and the s-GLM is preferable for dealing with spatially autocorrelated residuals. Application
of the GAM or s-GLM is determined by the species distribution pattern and available explanatory variables.

Catch-rate data are commonly used as indices of relative
abundance for stock assessments of commercial and recreational fish species (Quinn and Deriso 1999; Maunder and Punt
2004). Improper use of catch rates can bias a stock assessment
and result in mismanagement of the corresponding fisheries
(Maunder et al. 2006). Numerous studies have recognized this
problem and concluded that catch-rate standardization is needed
before catch rates can be used as an indicator of population
size in stock assessment models (Gavaris 1980; O’Brien and
Mayo 1988; Harley et al. 2001; Hinton and Maunder 2004;
Shono 2008). Catch-rate standardization removes the effect of
factors on catch rates other than the influence from abundance
(Maunder and Punt 2004). Catch-rate standardization controls
factors that might cause catchability to change over time, which
would lead to catch rate no longer being proportional to stock

abundance. During the analysis, the influence of factors on
catch rate is also explored.
The most common approach to standardizing catch and effort data is to use generalized linear models (GLMs; Ye et al.
2001; Bishop et al. 2004; Cheng and Gallinat 2004; Maunder
and Punt 2004; Carlson et al. 2007). Generalized linear models
are particularly suitable for analyzing complex data structures,
such as non-Gaussian–distributed dependent variables (Guisan
et al. 2002). However, generalized additive models (GAMs)
have been reported to perform better in some situations, such
as those where relationships are nonlinear or nonmonotonic
(Swartzman et al. 1992; Guisan et al. 2002). Conversely, nonlinear relationships inferred from a GAM may be more difficult
to interpret than linear relationships from a GLM (Venables
and Dichmont 2004). Both the GLM and GAM assume that
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residuals and response variables are independent, and spatial
autocorrelation is sometimes ignored when these models are
used. But spatial autocorrelation often exists among ecological
variables (Legendre 1993) and may cause serious errors in data
analyses if neglected. In these situations, a GLM with spatial
autocorrelation (s-GLM) has been reported to perform better
(Nishida and Chen 2004; Zhang et al. 2005).
With any model, catch-rate standardization of a time
series must be designed to include only independent (explanatory) variables that significantly influence the dependent variable (Maunder and Punt 2004). Too few explanatory variables
will cause variation in catch rate to be wrongly attributed to the
time series, while too many explanatory variables will over-fit
the model (Hinton and Maunder 2004). Potential explanatory
variables may be highly collinear, resulting in poor estimates of
the model parameters even if the fitted model is a good predictor
(Ryan 1997; Montgomery et al. 2006). Selection of explanatory
variables is commonly performed with standard hypothesistesting methods (e.g., F-test), information-theoretic methods
(e.g., Akaike information criterion [AIC]; Akaike 1973), or with
stepwise regression procedures (Efroymson 1960; Whittingham
et al. 2006). However, these methods can become time consuming and inconsistent when there are many independent variables
to choose from, and the F-test can only be used when the model
error structure is normally distributed. Variance inflation factor
(VIF) and ridge regression have often been used to select the best
combination of explanatory variables that are correlated (Hoerl
1962; Hoerl and Kennard 1970; Marquardt 1970; Graham 2003;
Montgomery et al. 2006; Dorugade and Kashid 2010).
Yellow perch Perca flavescens is a coolwater species that is
widely distributed throughout North America and most abundant in the open waters of lakes with moderate vegetation and
clear water (Craig 1987). Movements of yellow perch tend to
be random over short time periods, but on a larger scale follow
the water circulation pattern of the lake (Whiteside et al. 1985;
Imbrock et al. 1996). In Lake Erie, yellow perch forms the basis
of important commercial and recreational fisheries (Jiao et al.
2006). Lake Erie is the shallowest, warmest, and biologically
most productive of the Laurentian Great Lakes (Hartman 1972).
Water levels in Lake Erie change on short-term (daily and seasonal) and long-term (annual and decadal) scales, varying over
a range of 2 m (Lenters 2001; Lofgren et al. 2002; Quinn 2002).
Changing water levels can result in shifts in shoreline location,
thereby affecting the aquatic system (Chubb and Liston 1985)
and the abundance of fish communities (Casselman 2002). Water transparency, water temperature, and dissolved oxygen also
influence the abundance and distribution of fish populations in
the lake (Hartman 1972; Ryder 1977).
Stock assessment for yellow perch in Lake Erie is carried
out by virtual population analysis (VPA) and statistical catchat-age modeling (YPTG 2006). Catch rate from the fisheryindependent survey is used to calibrate population dynamics
in the models as an indicator of population size. Currently,
the estimation of catch rate does not consider the influences

of yellow perch’s distribution and environmental factors in the
lake. A catch-rate standardization that includes these factors
has the potential to significantly improve the stock assessment.
In this study, we compared the performance of two models
with spatial consideration and provide a recommendation on the
appropriate approaches to catch-rate standardization for yellow
perch in Lake Erie.
METHODS
Study site.—Yellow perch gill-net survey data were obtained
from the cooperative partnership fisheries-independent survey
between the Ontario Commercial Fisheries’ Association and the
Ontario Ministry of Natural Resources Lake Erie Fisheries Management Unit. These survey data were taken from 1990 to 2003
within the Canadian side of Lake Erie, which corresponds to
approximately half the area of the lake (YPTG 2006; Figure 1).
For each survey sample the data set included catch weight of yellow perch and measurements of longitude, latitude, set duration,
bottom depth, gear depth, transparency (Secchi disk depth), water temperature at surface, water temperature at gear depth, and
dissolved oxygen (DO) concentration (Table 1). Gill-net catch
is not linearly correlated to set duration, because catchability is
reduced as the fish accumulate in the net (Olin et al. 2004). Thus,
in this study, we used catch per lift instead of catch per hour
as the response variable. Considering the effect of possible set
saturation, we regarded set duration as one of the explanatory
variables. Transparency, temperature, and DO were measured at
the beginning of each sample. The survey used bottom gill nets
and canned (midwater) gill nets. Canned gill nets accounted for
only 6.6% by weight of the total yellow perch catch. Therefore
only bottom gill-net data were analyzed in this study.
Spatial autocorrelation.—Moran’s I (Moran 1950) was used
to measure spatial autocorrelation of the loge transformed catch
data. Moran’s I (MI) can be expressed as

n
wij (Y [si ] − Ȳ )(Y [sj ] − Ȳ ), (1)
2
(n − 1)S w.. i=1 j =1
n

MI =

n

TABLE 1. Summary of data collected in the 1990–2003 yellow perch
fisheries-independent survey in Lake Erie.

Variable
Catch weight (g)
Longitude (◦ W)
Latitude (◦ N)
Set duration (h)
Bottom depth (m)
Gear depth (m)
Transparency (m)
Water temperature (◦ C)
Gear temperature (◦ C)
Dissolved oxygen (mg/L)

Remarks
Per species
Converted to NAD 1983 UTM 17N
Converted to NAD 1983 UTM 17N
Standing time of gill net in water
Per sampling site
Depth to bottom of the gill net
Secchi disk depth
At surface
At gear depth
At gear depth
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FIGURE 1. Sampling locations of the cooperative partnership fisheries-independent survey in Lake Erie in one typical year (1993). The solid line through the
lake represents the Canada–USA border. [Figure available online in color.]

where n is the number of data, Y (si )and Y (sj ) are catch data
at two spatial locations i and j, Ȳ is the mean value of all data,
S 2 is the variance of catch data, and w.. is the sum of inverse
distance weights wij for all combinations of locations. If spatial
autocorrelation is absent, the expected value of MI is −1/(n − 1),
which tends towards zero as n increases. Significance of spatial
autocorrelation was tested by transforming MI to Z-scores, as
follows:
Z=

|MI − E(MI)|
.
√
Var(MI)

(2)

We calculated MI with the ArcGIS software package (version
9.2; ESRI, Redlands, California). To calculate distances ij, latitude and longitude were converted to the North American Datum
1983 Universal Transverse Mercator 17N projected coordinate
system, and the Euclidean distance was used.
Moran’s I was also used to test spatial autocorrelation among
the residuals of the s-GLM and GAM. An appropriate selection

of variables should result in models without strong spatial autocorrelation among their residuals (Zhang et al. 2005).
Explanatory variable selection.—Multicollinearity was first
tested by calculating the pairwise Pearson’s correlation coefficients among all continuous variables available to the catch-rate
standardization model (Table 1). In this study, nine independent
variables were available to build the original model, and many of
them are highly correlated. Ridge regression is more convenient
here than VIF in selecting the appropriate independent variables. Ridge regression adds a ridge parameter to the diagonal
of the variance–covariance matrix, yielding a modified estimator that decreases the mean square error and avoids singular
matrix, which can be caused by the presence of highly collinear
variables (Ryan 1997). Explanatory variables were selected by
plotting the ridge regression coefficients of the variables as ridge
traces. Those coefficients that stabilized near zero in the ridge
trace, or did not stabilize at all, were removed from the equation
(Thompson 1978; Montgomery et al. 2006). In this study, longitude and water depth were removed in this step. Results of the
ridge trace plots are also compared with the cross-correlation
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plot to make sure that the highly correlated variables shown in
the cross-correlation plot were also detected in the ridge trace
plot. For paired variables that are highly correlated, the variable
that trace plot suggests to delete was removed from the equation.
Year and month were added as categorical data to the remaining
variables. Year must always be included in the catch-rate analysis regardless of whether it is shown to be statistically significant,
because the purpose of the catch-rate standardization is to determine a yearly time series of abundance (Maunder and Punt
2004). In this study we also treated month as a required variable
because the surveys progressed in a regular pattern across the
lake over several months in each year. Interaction terms often
create additional multicollinearity problems and difficulty with
extracting year effects (Maunder and Punt 2004; Damalas et al.
2007). Our preliminary analysis with interaction terms showed
that these terms increased multicollinearity after we diagnosed
the ridge plots and goodness of fit. Therefore interaction terms
were not included. A linear regression was then calculated and
the variable with P-values greater than 0.05 (water temperature)
was further removed. The remaining variables were retained in
the final model. For consistent comparison, the same variables
were applied to the s-GLM and GAM.
We also compared the GLM approach with the GAM and sGLM approaches but found that it did not perform as well based
on overall model fit (AIC) and residual autocorrelation. For the
sake of brevity, we do not provide the full GLM methodology
(see Maunder and Punt 2004), but do include some of the results,
given that GLMs are so commonly used.
Spatial generalized linear model (s-GLM).—The spatial generalized linear model is a modified version of the standard GLM
in which the error terms (ε) are not independent and identically
distributed but correlated by the location of the data points.
Thus, for the basic equation
g(u) = XT β + ε,

(3)

ε is distributed as N(0, V), rather than N(0, σ2), where V is
the variance–covariance matrix. The covariance, Cov (εi , εj ),
between εi and εj is a function of the distance dij between sample
locations i and j and the range θ (i.e., the maximum distance
over which any significant autocorrelation occurs), as specified
by the longitude and latitude coordinates of the samples (Nishida
and Chen 2004), that is,
Cov (εi , εj ) = σ2 f (dij , θ).

(4)

The exponential covariance model was used in this study, that
is,
f (dij , θ) = exp(−dij /θ).

(5)

Calculation of the s-GLM can be derived from the generalized linear mixed model (GLMM), a generalized linear model
of which some predictors are random variables (Venables and

Dichmont 2004). The basic GLMM equation
g(µ) = XT β + Z T γ + ε

(6)

is reduced to the s-GLM by setting Z, the vector of randomeffect explanatory variables, to zero (Zhang and Gove 2005).
For this study, s-GLM was calculated with the PROC MIXED
procedure in the SAS software package (version 9.1; SAS, Cary,
North Carolina).
Generalized additive model (GAM).—Generalized additive
models (GAMs) are nonparametric generalizations of GLMs
in which linear predictors are replaced by additive predictors
(Venables and Dichmont 2004). The basic GAM can be written
as
g(µ) = α +

n


si (Xi ),

(7)

i=1

where g is the link function, µ is the expectation of observations,
α is the intercept, Xi is the ith explanatory variable, and si is a
smooth function for the ith explanatory variable. The lognormal
error structure was again assumed, so the catch standardization
GAM could be written as
loge (I + 1) = β0 + β1 · year + β2 · month
+ si (continuous variables) + ε.

(8)

A fixed smoothness of three degrees of freedom was used for
each of the i explanatory variables to avoid over-fitting (Liu
and Cela 2007). The GAM was calculated by means of the
GAM procedure in the SAS software package. The SAS package
subtracts the linear trend before fitting the nonlinear function in
GAM, and both linear and nonlinear parts are output.
Model comparison.—The s-GLM and GAM were compared
by model fit (measured as AIC), model residuals (to detect
whether the assumption of error distribution was appropriate and
whether there was autocorrelation), and model prediction ability
(measured as mean square error [MSE] of cross validation). The
model residuals were defined as the difference between the observed and appropriately predicted values. Empirical best linear
unbiased predictions (EBLUP) were used to take spatial autocorrelations into account for predicting the response variable in
s-GLM (Zhang and Gove 2005). Residual diagnostics need to
be combined with model goodness of fit to select the best model
(Augustin et al. 2009). The cross validations were calculated to
test the prediction errors of the models (Damalas et al. 2007).
The autocorrelations were calculated with MI (equation 1).
Cross-validation tests were applied by means of the leaveone-out cross validation (LOOCV) and K-fold methods. For
K-fold cross validation, the data are randomly split into K equalsized parts and the model is calculated on the kth part and fitted
to the other K − 1 parts of the data. The prediction error is then
calculated with the kth part of the data, for k = 1, 2, . . . K (Hastie

GENERALIZED LINEAR AND GENERALIZED ADDITIVE MODELS

et al. 2001). This process is repeated m times to determine the
K-fold cross-validation MSE according to the formula
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MSE =

1
mkn

m 
k 
n


(Yij l − Ŷij l )2 ,

(9)

i=1 j =1 l=1

where Y is the observed value, Ŷ is the estimated value, n is the
number of observations in one split part of data, k is the number
of split parts, and m is the number of repetitions. For LOOCV, n
and m = 1, and k equals the total number of observations. For Kfold cross validation, we used m = 100 and k = 5 or 10. A larger
k decreases bias but increases variance and computation time.
Either k = 5 or k = 10 is commonly used for cross-validation
testing (Breiman and Spector 1992; Hastie et al. 2001). We used
both to examine potential differences in sensitivity to the level
of K-fold among the GLM, s-GLM, and GAM.
Nominal (arithmetic-mean) yearly survey catch rates and the
estimates of each model were plotted against the total biomass
estimates from the Yellow Perch Task Group (YPTG) stock
assessment (YPTG 2009) to compare the fit of the standardizations. The survey catch rates and model estimates (Im ) can
be considered indices of the total biomass estimates (B) with

FIGURE 2.
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lognormal error structure, as follows:
Im = q × B × eε , and
loge Im = loge q + loge B + ε,

(10)
(11)

which, in log–log conversion, give regressions with slope = 1
and intercept = loge of the catchability coefficient q. For the two
models, GAM and s-GLM, q is a relative value because catchrate estimates were scaled to the average of the nominal catch
rates. The three models were compared by the MSE between
the regression and the log of the survey catch rates.
RESULTS
The log-transformed catch rates of yellow perch were significantly clustered (positive spatial autocorrelation; P < 0.01) in
every year of the 1990–2003 survey period. Moran’s I for clustering was notably lowest in 1996 and 1997, the 2 years with
the fewest numbers of survey samples (Figure 2). Greater differences between MI and the Z-scores in some years indicated
that clustering was more variable.
Correlations were high between some pairs of continuous
variables, notably the longitude and latitude of the sampling

Moran’s I and Z values of yearly log-transformed catch rates of yellow perch in Lake Erie; Z 0.01 is associated with a P-value of 0.01.
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FIGURE 3. Pairwise scatter plots of nine continuous variables sampled in the Lake Erie gill-net survey. A 95% bivariate normal density ellipse is imposed on
each scatter plot. Abbreviations are as follows: SD = set duration, LO = longitude, LA = latitude, BD = bottom depth, GD = gear depth, TR = transparency,
GT = gear temperature, DO = dissolved oxygen, and ST = surface temperature. [Figure available online in color.]

locations, and bottom depth and gear depth (Figure 3). The
ridge regression analysis retained six of the independent continuous variables as explanatory variables for yellow perch catch
rate: set duration, gear depth, temperature at gear depth, DO,

water transparency, and latitude. Each of these variables was
significant at P < 0.05 in the two linear models, GLM and sGLM, and in the linear component of the GAM, except DO
which was marginally significant at P = 0.072 (Table 2). The
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TABLE 2. Comparison of test statistics and significance of the continuous variables used in the GLM, s-GLM, and GAM catch-rate standardizations. A variable
is significant in the GAM (e.g., at P < 0.05) if either the linear or nonlinear part is significant.

GAM
GLM
Variable

Downloaded by [Univ of Md Lib/D Windsor] at 07:30 31 October 2011

Set duration
Gear temperature
Gear depth
Dissolved oxygen
Transparency
Latitude

s-GLM

Nonlinear trend

Linear trend

χ2

P-value

t-value

P-value

χ2

P-value

t-value

P-value

9.43
144.95
90.90
24.06
8.71
23.32

0.002
<0.001
<0.001
<0.001
0.003
<0.001

2.27
9.65
−7.40
−4.08
−2.52
−4.4

0.023
<0.001
<0.001
<0.001
0.012
<0.001

5.26
2.23
154.07
13.44
5.44
16.19

0.154
0.525
<0.001
0.004
0.142
0.001

2.94
8.65
−15.29
−1.80
−4.07
−6.83

0.003
<0.001
<0.001
0.072
<0.001
<0.001

significant linear relationships with log catch rate were positive
for set duration and gear temperature and were negative for gear
depth, DO, water transparency, and latitude (Figure 4a). Three
of the variables were significant in the nonlinear component of
the GAM: gear depth, dissolved oxygen, and latitude (Table 2).
Log catch rate was low in shallow areas (<10 m), increased with
gear depth to approximately 30 m, then decreased to 40 m, and
increased slightly again below 40 m. Log catch rate increased
with DO up to a concentration of approximately 8 mg/L, and
then leveled off. Log catch rate was lowest in the western part
of Lake Erie, increased towards the center, and then decreased
slightly in the eastern part of the lake (Figure 4b).
Catch-rate standardizations of GLM, s-GLM, and GAM are
compared with the nonstandardized (nominal) log catch rates
by year in Figure 5 and by month in Figure 6. In general, catches
decreased from 1990 to 1993 and increased from 1993 to 2000,
but with a drop in 1998. Standardized catch rates of the three
models were more similar to each other than to the nonstandardized catch rates. In particular, the nonstandardized yearly catch
rates in 1995, 1996, and 1997 were exceptionally higher than in
the years before and after, whereas the three standardized catch
rates showed more gradual interannual changes (Figure 5).
Interannual changes in log catch rate averaged 1.23 for the nominal, nonstandardized data, 0.59 for GLM, 0.55 for s-GLM, and
0.46 for GAM. The GAM was the lowest of the three catch-rate
standardizations in each year while the GLM and s-GLM were
sometimes relatively higher and sometimes lower. Nonstandardized monthly catch rates showed a peak in October and a
decline toward November whereas the standardized catch rates
generally leveled off from October to November (Figure 6).
The s-GLM had the lowest spatial autocorrelation among
residuals and the second-lowest AIC and average of crossvalidation MSEs (average[3.50, 3.57, 3.53] = 3.53). The GAM
had the lowest AIC and average of cross-validation MSEs (3.11)
and the second-lowest spatial autocorrelation among residuals.
The GLM had the poorest measures in each category (Table 3).
Mean square errors of the 100 fivefold and 10-fold cross validations are shown as histograms in Figure 7. The GAM had the

narrowest MSE distributions with 95% of MSE values from the
fivefold cross validation within 3.013 ± 0.003, and 95% of MSE
values from the 10-fold cross validation within 3.010 ± 0.003.
For the GLM the 95% confidence intervals (CIs) of fivefold and
10-fold cross validation were 4.084 ± 0.008 and 4.063 ± 0.006,
respectively, and for the s-GLM the 95% CIs were respectively
3.571 ± 0.008 and 3.534 ± 0.006.
Plots between the log YPTG stock assessment biomass and
log survey catch rate estimates are shown in Figure 8. All three
standardization models correlated significantly with the YPTG
stock assessment, and the s-GLM had the lowest regression
MSE.
Residuals of the catch standardization models were mapped
by ordinary kriging interpolation across the Canadian side of
Lake Erie (Figure 9). Darker shading on the plots indicates
higher absolute values of the residuals, i.e., greater absolute
difference between the modeled log catch rates and the actual
sampled catch rates. Residual values were normally distributed,
as shown by the plot insets. The patterns of residuals were similar for the three models, with highest absolute residual values
found in the easternmost part of the Canadian side of Lake Erie,
and south of Long Point peninsula. However, with the GAM and
s-GLM, the lowest absolute residual values (0–1) occurred uniformly from the western basin to approximately 80.6◦ W, where
the central and eastern basins are separated by an underwater
ridge. With the GLM, the lowest absolute residual values occurred consistently only as far east as approximately 81.5◦ W.
The s-GLM had the smallest range of absolute residual values,
with all values not exceeding 2.5.

DISCUSSION
Model selection requires the inclusion of significant explanatory variables, and the choice of an appropriate model
function and error structure. For yellow perch in Lake Erie,
nine environmental factors may affect its distribution. Based
on the pairwise correlation plot, three pairs of variables were
highly correlated: water temperature versus gear temperature,

YU ET AL.
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FIGURE 4. (a) Linear and (b) nonlinear effects of continuous explanatory variables on log catch rate, calculated over all years of the survey (1990–2003). The
linear effects were calculated from the generalized linear model (GLM) and the nonlinear effects from the generalized additive model (GAM); P < 0.01 for each
linear effect.
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FIGURE 5. Yearly loge transformed arithmetic mean (nominal) catch rates and catch rate standardizations by the GLM, the GLM with spatial autocorrelation
(s-GLM), and the GAM.

bottom depth versus gear depth, and longitude versus latitude.
Apparently not all of them should be kept in the final model.
Traditional stepwise regression is not suitable for this situation.
Ridge regression was used to select the appropriate variable

FIGURE 6. Monthly loge transformed arithmetic mean (nominal) catch rates
and catch rate standardizations by the GLM, s-GLM, and GAM.

combination for multicollinear variables. The final significant
explanatory variables were the duration of gill-net set, gear
depth, temperature at gear depth, DO, water transparency, and
latitude. While set duration, depth, and latitude can usually be
controlled by the operator of a survey; temperature, DO, and water transparency fluctuate naturally in an aquatic environment.
The response of yellow perch to these factors underscores the
importance of standardizing catch rates in a multiyear survey.
With these explanatory variables, the s-GLM showed the
greatest absence of significant residual autocorrelation. Oftenused spatial covariate structures of residuals include spherical,
exponential, and Gaussian. There is no prior information on
the spatial structure of yellow perch distribution in Lake Erie.
Therefore, we tested all of them and found the exponential
model to be the best choice based on AICs. The spherical model
was commonly used in spatial analysis of biological populations
(Freire et al. 1992), but our results did not support the conclusion
that a spherical model is necessarily the most appropriate, and
we advocate that different models should be compared before
application. Best results with a s-GLM may be expected, as yellow perch catch rates were highly autocorrelated in space, but
only three of six variables had statistically significant nonlinear
components. The GAM did have a lower MSE than the s-GLM
in all three cross validations. Owing to the autocorrelation of
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TABLE 3. Comparative measures of the GLM, s-GLM, and GAM catch-rate standardizations for yellow perch in Lake Erie. The mean square error (MSE)
values of the fivefold and 10-fold cross validations are the means of 100 repetitions. Moran’s I and Z-scores are explained in Figure 2; P < 0.05*, P < 0.01**.

Model
Analysis
Goodness of fit

Prediction (cross validation)

GLM

s-GLM

GAM

AIC
R2
MSE
LOOCV MSE
Fivefold MSE
10-fold MSE
Moran’s I
Z-score

4,346.47
0.64
3,913.38
3.98
4.08
4.06
0.05
5.58**

4,288.16
0.90
1,095.18
3.50
3.57
3.53
0.01
1.39

4,123.51
0.72
3,035.72
3.30
3.01
3.01
0.02
2.25*
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Residual autocorrelation

Measure

FIGURE 7. Mean square errors (MSEs) from the 100 fivefold and 10-fold cross validations of catch rate standardization with the GLM, s-GLM, and GAM. The
mean of each plot corresponds to that in Table 3.
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FIGURE 8. Nominal yearly loge transformed catch rate and the GLM, s-GLM, and GAM catch rate standardizations plotted against the loge transformed annual
biomass estimates from the Yellow Perch Task Group (YPTG) statistical catch-at-age model. Regression slopes are fixed at 1. [Figure available online in color.]

FIGURE 9. Interpolation maps of the absolute residual values of the catch-rate standardization models. Interpolations were calculated by ordinary kriging.
[Figure available online in color.]
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s-GLM, “leaving out” any part of the data may change the
results of the model more strongly than equivalently for a
GAM. However, s-GLM showed the lowest average difference
in cross-validation MSE between leave-one-out, fivefold, and
10-fold models, suggesting that a model with autocorrelation
function is less sensitive to the scale of cross validation. We
used these different cross-validation tests because the spatial
structures may change along with different data points.
In the Lake Erie survey, temperatures at gear depth ranged
from 5◦ C to 24◦ C, varying by an average of 10◦ C within months.
Adult yellow perch prefer temperatures from 17.6◦ C to 20.1◦ C,
and juveniles prefer from 20.0◦ C to 23.3◦ C (McCauley and
Read 1973). Behavioral observations have indicated that yellow
perch will respond quickly to nonoptimal temperatures (Neill
and Magnuson 1974; Kelso 1976). There was thus a high potential for yellow perch to seek more favorable thermal conditions
throughout this survey.
Water transparency ranged from 0.25 to 11 m (Secchi depth).
Yellow perch are visual foragers requiring clear water (Ali et al.
1977). In this study Secchi depth correlated negatively with
log catch rate, suggesting that yellow perch selected habitat
for reasons other than forage profitability. Yellow perch may
have sought more turbid water to reduce predation risk from
large walleye. Another possible reason is that as water clarity
increases, yellow perch are better able to detect and avoid the gill
nets. Log catch of yellow perch increased with depth between
3.6 and approximately 25 m, which may represent a clarity
threshold: 57% of gill net sets shallower than 25 m had Secchi
disk depths of 3 m or less, while only 7.5% of gill net sets
deeper than 25 m had Secchi disk depths of 3 m or less. The
second increase of log catch rate below 40 m probably relates
to habitat partitioning between different size-classes of yellow
perch (Brandt et al. 1980; Sandheinrich and Hubert 1984).
Dissolved oxygen at gear depth ranged from 0.4 to 19.1 mg/L
in the Lake Erie survey, and log catch rate showed a significant
nonlinear increase with DO up to 5 mg/L. Rudstam and Magnuson (1985) and Suthers and Gee (1986) reported 5 mg/L and
3 mg/L, respectively, as hypoxia avoidance thresholds for yellow
perch. The overall linear relationship between DO and log catch
rate was slightly negative, which could be due to avoidance of
predators that have comparably high oxygen requirements.
Although we used the correlation analysis between estimated
population biomass from a statistical catch-at-age model and the
standardized catch rate from different models, we realize that the
population sizes are estimated values and not the “true” values,
and the catch rate has been used as one data set to calibrate
population size. However, we used population size estimates
from a stock assessment with data up to 2008, and the time
series that we used to analyze catch-rate standardization are
only up to 2004. Many studies have found that the population
trend stabilized a few years ago when an age-structured model
was used (NRC 1998; Quinn and Deriso 1999). We do not
suggest that this approach ought to be used as a major criterion

to select models of catch-rate standardization. Models such as
the measurement-error model approach may be done in the
future (Jiao et al. 2006).
The choice of the model to use for standardization can
influence the estimates of a stock assessment. Statistical
methods currently used for Lake Erie stock assessments weight
the inclusions of catch, effort, and survey data as a function of
their variability (STC 2007). With variability decreased through
standardization, the opportunity may arise to weight survey
catch-per-unit-effort data more heavily. Current management
of yellow perch in Lake Erie also divides the lake into four
management units (YPTG 2006). These management units have
not been found to correspond to any population structure based
on genetic analysis (Strittholt et al. 1988; Billington 1993;
Sepulveda-Villet et al. 2009). As an alternative, population
structure may be inferred from life history parameters or the
responses to environmental conditions (Begg et al. 1999). In
this study, the s-GLM and GAM residuals of log catch rate
suggest that one uniform stock extends throughout most of
Lake Erie, as far as the eastern basin.
The s-GLM has previously been reported to give better goodness of fit and abundance estimates than GLM for tuna longline
catches in the Indian Ocean (Nishida and Chen 2004). This study
has shown that the s-GLM can also outperform the GLM based
on the yellow perch fishery-independent survey data in Lake
Erie. It suggests that the s-GLM is suitable not only for large
ocean-scale commercial data, but also for smaller-scale surveys,
such as in a lake. This study has further demonstrated the importance of including within-year (monthly) temporal changes,
which are often neglected in catch rate analyses. Nonstandardized catch rates appeared to peak in October and then decrease
until November, while all three standardization models level off
from October to November. Ideally, the best model and best selection of variables should be evaluated separately for any given
fishery or survey. For yellow perch in Lake Erie, the evidence
indicates that the s-GLM and the GAM provided better catchrate standardization than the GLM. The GAM is more suitable
to model the nonlinear relationship between species characteristics and explanatory variables, and the s-GLM is preferable
to dealing with spatial autocorrelated residuals. Application of
the GAM or the s-GLM is determined by the species distribution pattern and available explanatory variables. For different
species, it is always worth trying different models.
ACKNOWLEDGMENTS
This research was funded by the Ontario Commercial Fisheries Association and Virginia Polytechnic Institute and State
University through the “Decision Analysis and Adaptive Management of Lake Erie Percid Fisheries” project to Y. Jiao.
We are also grateful for financial support for H. Yu from the
Sussman Internship at Virginia Tech for field work in this
study.

GENERALIZED LINEAR AND GENERALIZED ADDITIVE MODELS

Downloaded by [Univ of Md Lib/D Windsor] at 07:30 31 October 2011

REFERENCES
Akaike, H. 1973. Information theory and an extension of the maximum likelihood principle. Pages 268–281 in B. N. Petrov and F. Csaki, editors. Proceedings of the 2nd International Symposium on Information Theory. Hungarian
Academy of Sciences, Budapest.
Ali, M. A., R. A. Ryder, and M. Anctil. 1977. Photoreceptors and visual pigments related to behavioral responses and preferred habitats of perches (Perca
spp.) and pike perches (Stizostedion spp.). Journal of the Fisheries Research
Board of Canada 34:1475–1480.
Augustin, N. H., M. Musio, K. Von Wilpert, E. Kublin, S. N. Wood, and M.
Schumacher. 2009. Modeling spatiotemporal forest health monitoring data.
Journal of the American Statistical Association 104:899–911.
Begg, G. A., J. A. Hare, and D. D. Sheehan. 1999. The role of life history
parameters as indicators of stock structure. Fisheries Resources 43:141–163.
Billington, N. 1993. Genetic variation in Lake Erie yellow perch (Perca
flavescens) demonstrated by mitochondrial DNA analysis. Journal of Fish
Biology 43:941–943.
Bishop, J., W. N. Venables, and Y. Wang. 2004. Analysing commercial catch
and effort data from a Panaeid trawl fishery: a comparison of linear models,
mixed models, and generalised estimating equations approaches. Fisheries
Research 70:179–193.
Brandt, S. B., J. J. Magnuson, and L. B. Crowder. 1980. Thermal habitat partitioning by fishes in Lake Michigan. Canadian Journal of Fisheries and Aquatic
Sciences 37:1557–1564.
Breiman, L., and P. Spector. 1992. Submodel selection and evaluation in regression: the X-random case. International Statistical Review 60:291–319.
Carlson, J. K., J. Osborne, and T. W. Schmidt. 2007. Monitoring the recovery
of smalltooth sawfish, Pristis pectinata, using standardized relative indices
of abundance. Biological Conservation 136:195–202.
Casselman, J. M. 2002. Effects of temperatures, global extremes, and climate
change on year class production of warmwater, coolwater, and coldwater
fishes in the Great Lakes basin. Pages 39–60 in N. A. McGinn, editor. Fisheries
in a changing climate. American Fisheries Society, Symposium 32, Bethesda,
Maryland.
Cheng, Y. W., and M. P. Gallinat. 2004. Statistical analysis of the relationship
among environmental variables, inter-annual variability and smolt trap efficiency of salmonids in the Tucannon River. Fisheries Research 70:229–238.
Chubb, S., and C. R. Liston. 1985. Relationships of water level fluctuations and
fish. Pages 121–140 in H. Prince and F. M. D’Itri, editors. Coastal wetlands.
Lewis Publishers, Chelsea, Michigan.
Craig, J. F. 1987. The Biology of perch and related fish. Timber Press, Portland,
Oregon.
Damalas, D., P. Megalofonou, and M. Apostolopoulou. 2007. Environmental,
spatial, temporal and operational effects on swordfish (Xiphias gladius) catch
rates of eastern Mediterranean Sea longline fisheries. Fisheries Research
84:233–246.
Dorugade, A. V., and D. N. Kashid. 2010. Variable selection in linear regression
based on ridge estimator. Journal of Statistical Computation and Simulation
80:1211–1224.
Efroymson, M. A. 1960. Multiple regression analysis. Pages 191–203 in A.
Ralston and H. S. Wilf, editors. Mathematical methods for digital computers.
Wiley, New York.
Freire, J., E. Gonzalez-Gurriaran, and I. Olaso. 1992. Spatial distribution of
Munida intermedia and M. sarsi (Crustacea: Anomura) on the Galician Continental Shelf (NW Spain): application of geostatistical analysis. Estuarine,
Coastal, and Shelf Science 35: 637–647.
Gavaris, S. 1980. Use of a multiplicative model to estimate catch rate and effort
from commercial data. Canadian Journal of Fisheries and Aquatic Sciences
37:2272–2275.
Graham, M. H. 2003. Confronting multicollinearity in ecological multiple regression. Ecology 84:2809–2815.
Guisan, A., T. C. Edwards, and T. Hastie. 2002. Generalized linear and generalized additive models in studies of species distributions: setting the scene.
Ecological Modelling 157:89–100.

917

Harley, S. J., R. A. Myers, and A. Dunn. 2001. Is catch per unit effort proportional to abundance? Canadian Journal of Fisheries and Aquatic Sciences
58:1760–1772.
Hartman, W. L. 1972. Lake Erie: effects of exploitation, environmental changes,
and new species on the fishery resources. Journal of the Fisheries Research
Board of Canada 29:931–936.
Hastie, T. J., R. J. Tibshirani, and J. Friedman. 2001. Elements of statistical learning: data mining, inference and prediction. Springer-Verlag,
New York.
Hinton, M. G., and M. N. Maunder. 2004. Methods for standardizing CPUE
and how to select among them. ICCAT (International Commission for the
Conservation of Atlantic Tunas) Collective Volume of Scientific Papers 56:
169–177.
Hoerl, A. E. 1962. Applications of ridge analysis to regression problems. Chemical Engineering Progress 58:54–59.
Hoerl, A. E., and R. W. Kennard. 1970. Ridge regression: biased estimation for
nonorthogonal problems. Technometrics 12:55–67.
Imbrock, F., A. Appenzeller, and R. Eckmann. 1996. Diel and seasonal distribution of perch in Lake Constance: a hydroacoustic study and in situ
observations. Journal of Fish Biology 49:1–13.
Jiao, Y., K. Reid, and T. Nudds. 2006. Variation in the catchability of yellow
perch (Perca flavescens) in the fisheries of Lake Erie using a Bayesian errorin-variable approach. ICES (International Council for Exploration of the Sea)
Journal of Marine Science 63:1695–1704.
Kelso, J. R. M. 1976. Movement of yellow perch (Perca flavescens) and white
sucker (Catostomus commersoni) in a nearshore Great Lakes habitat subject
to a thermal discharge. Journal of the Fisheries Research Board of Canada
33:42–53.
Legendre, P. 1993. Spatial autocorrelation: trouble or new paradigm? Ecology
74:1659–1673.
Lenters, J. D. 2001. Long-term trends in the seasonal cycles of Great Lakes
water levels. Journal of Great Lakes Research 27:342–353.
Liu, W., and J. Cela. 2007. Improving credit scoring by generalized additive
model. SAS Global Forum, Cary, North Carolina.
Lofgren, B. M., F. H. Quinn, A. H. Clites, R. A. Assel, A. J. Eberhardt, and
C. L. Luukkonen. 2002. Evaluation of potential impacts on Great Lakes water
resources based on climate scenarios of two GCMs. Journal of Great Lakes
Research 28:537–554.
Marquardt, D. W. 1970. Generalized inverses, ridge regression, biased linear
estimation, and nonlinear estimation. Technometrics 12:591–612.
Maunder, M. N., and A. E. Punt. 2004. Standardizing catch and effort data: a
review of recent approaches. Fisheries Research 70:141–159.
Maunder, M. N., J. R. Sibert, A. Fonteneau, J. Hampton, P. Kleiber, and
S. J. Harley. 2006. Interpreting catch per unit effort data to assess the status of individual stocks and communities. ICES Journal of Marine Science
63:1373–1385.
McCauley, R. W., and L. A. A. Read. 1973. Temperature selection by juvenile
and adult yellow perch (Perca flavescens) acclimated to 24 C. Journal of the
Fisheries Research Board of Canada 30:1253–1255.
Montgomery, D. C., E. A. Peck, and G. G. Vining. 2006. Introdution to linear
regression analysis. Wiley, New York.
Moran, P. A. P. 1950. Notes on continuous stochastic phenomena. Biometrika
37:17–23.
Neill, W. H., and J. J., Magnuson. 1974. Distributional ecology and behavioral
thermoregulation of fishes in relation to heated effluent from a power plant
at Lake Monona, Wisconsin. Transactions of the American Fisheries Society
103:663–710.
Nishida, T., and D. Chen. 2004. Incorporating spatial autocorrelation into the
general linear model with an application to the yellowfin tuna (Thunnus
albacares) longline CPUE data. Fisheries Research 70:265–274.
NRC (National Research Council). 1998. Improving fish stock assessments.
National Academy Press, Washington, D.C.
O’Brien, L., and R. K. Mayo. 1988. Sources of variation in catch per unit effort
of yellowtail flounder, Limanda ferruginea (Storer), harvested off the coast

Downloaded by [Univ of Md Lib/D Windsor] at 07:30 31 October 2011

918

YU ET AL.

of New England. U.S. National Marine Fisheries Service Fishery Bulletin
86:91–108.
Olin, M., M. Kurkilahti, P. Peitola, and J. Ruuhijärvi. 2004. The effects of fish
accumulation on the catchability of multimesh gillnet. Fisheries Research
68:135–147.
Quinn, F. H. 2002. Secular changes in Great Lakes water level seasonal cycles.
Journal of Great Lakes Research 28:451–465.
Quinn, T. J. II, and R. B. Deriso. 1999. Quantitative fish dynamics. Oxford
University Press, New York.
Rudstam, L. G., and J. J., Magnuson. 1985. Predicting the vertical distribution of fish populations: analysis of cisco, Coregonus artedii, and yellow
perch, Perca flavescens. Canadian Journal of Fisheries and Aquatic Sciences
42:1178–1188.
Ryan, T. P. 1997. Modern regression methods. Wiley, New York.
Ryder, R. A. 1977. Effects of ambient light variations on behavior of yearling,
subadult, and adult walleye (Stizostedion vitreum vitreum). Canadian Journal
of Fisheries and Aquatic Sciences 34:1481–1491.
Sandheinrich, M. B., and W. A. Hubert. 1984. Intraspecific resource partitioning
by yellow perch (Perca flavescens) in a stratified lake. Canadian Journal of
Fisheries and Aquatic Sciences 41:1745–1752.
Sepulveda-Villet, O. J., A. M. Ford, J. D. Williams, and C. A. Stepien. 2009.
Population genetic diversity and phylogeographic divergence patterns of
the yellow perch (Perca flavescens). Journal of Great Lakes Research 35:
107–119.
Shono, H. 2008. Application of the Tweedie distribution to zero-catch data in
CPUE analysis. Fisheries Research 93:154–162.
STC (Standing Technical Committee). 2007. Lambda review workshop completion report. Report to the Lake Erie Committee of the Great Lakes Fishery
Commission, Ann Arbor, Michigan.
Strittholt, J. R., S. J. Guttman, and T. E. Wissing. 1988. Low levels of genetic variability of yellow perch (Perca flavescens) in Lake Erie and selected

impoundments. Pages 246–257 in J. E. Downlhower, editor. The biogeography of the island region of western Lake Erie. Ohio State University Press,
Columbus.
Suthers, I. M., and J. H. Gee. 1986. Role of hypoxia in limiting diel spring and
summer distribution of juvenile yellow perch (Perca flavescens) in a prairie
marsh. Canadian Journal of Fisheries and Aquatic Sciences 43:1562–1570.
Swartzman, G., C. Huang, and S. Kaluzny. 1992. Spatial analysis of Bering Sea
groundfish survey data using generalized additive models. Canadian Journal
of Fisheries and Aquatic Sciences 49:1366–1378.
Thompson, M. L. 1978. Selection of variables in multiple regression. I. A review
and evaluation. International Statistical Institute 46:1–19.
Venables, W. N., and C. M. Dichmont. 2004. GLMs, GAMs and GLMMs: an
overview of theory for applications in fisheries research. Fisheries Research
70:319–337.
Whiteside, M. C., C. M. Swindoll, and W. L. Doolittle. 1985. Factors affecting the early life history of yellow perch, Perca flavescens. Environmental
Biology of Fishes 12:47–56.
Whittingham, M. J., P. A. Stephens, R. B. Bradbury, and R. P. Freckleton. 2006.
Why do we still use stepwise modelling in ecology and behaviour? Journal
of Animal Ecology 75:1192–1189.
Ye, Y., M. Al-Husaini, A. Al-Baz. 2001. Use of generalized linear models to
analyze catch rates having zero values: the Kuwait drift net fishery. Fisheries
Research 53:151–168.
YPTG (Yellow Perch Task Group). 2006. Report of the Lake Erie yellow perch
task group. YPTG, Wheatley, Ontario.
YPTG (Yellow Perch Task Group). 2009. Report of the Lake Erie yellow perch
task group. YPTG, Wheatley, Ontario.
Zhang, L., and J. H. Gove. 2005. Spatial assessment of model errors from four
regression techniques. Forest Science 51:334–346.
Zhang, L., J. H. Gove, and L. S. Heath. 2005. Spatial residual analysis of six
modeling techniques. Ecological Modelling 186:154–177.

