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a b s t r a c t

The gillnet data of walleye (Sander vitreus), yellow perch (Perca flavescens), and white perch (Morone amer-
icana), collected by a fishery-independent survey (Lake Eire Partnership Index Fishing Survey, PIS) from
1989 to 2008, contained 75–83% of zero observations. AdaBoost algorithm was applied to the model
analyses with such fishery data for each species. The 3- and 5-fold cross-validations were conducted
to evaluate the performance of each candidate model. The performance of the delta model consisting
of one generalized additive model and one AdaBoost model (Delta-AdaBoost) was compared with five
candidate models. The five candidate models included: the delta model comprising two generalized lin-
ear models (Delta-GLM), the delta model comprising two generalized linear models with polynomial
terms up to degree 3 (Delta-GLM-Poly), the delta model comprising two generalized additive models
(Delta-GAM), the generalized linear model with Tweedie distribution (GLM-Tweedie), and the general-
ized additive model with Tweedie distribution (GAM-Tweedie). To predict the presence/absence of fish
species, the performance of AdaBoost model was compared in terms of error rate with conventional
generalized linear and additive models assuming a binomial distribution. Results from 3- and 5-fold
cross-validation indicated that Delta-AdaBoost model yielded the smallest training error (0.431–0.433
for walleye, 0.528–0.519 for yellow perch and 0.251 for white perch) and test error (0.435–0.436 for
walleye, 0.524 for yellow perch and 0.254–0.255 for white perch) on average, followed by Delta-GLM-
Poly model for yellow perch and white perch, and Delta-GAM model for walleye. In the prediction of the
presence/absence of fish species, AdaBoost model had the lowest error rate, compared with generalized
linear and additive models. We suggested AdaBoost algorithm to be an alternative to deal with the high
percentage of zero observations in the catch and bycatch analyses in fisheries studies.

© 2010 Elsevier B.V. All rights reserved.

1. Introduction

Catch and bycatch rate estimations play an indispensable role in
fish stock assessment and management (Gunderson, 1993; Helser
and Hayes, 1995; Maunder and Punt, 2004). Various methods have
been developed to estimate the catch and bycatch rates for a spe-
cific fishery. The commonly used methods include the ratio method,
which determines catch rates relative to a standard value (Beverton
and Holt, 1957); the generalized linear model, which incorpo-
rates multiple variables to describe the environmental and fishing
effects (Gavaris, 1980; Kimura, 1981); and the generalized additive
model, which demonstrates the nonlinear relationship between
the catch/bycatch rate and explanatory variables through a smooth
function (Bigelow et al., 1999; Damalas et al., 2007). However, these
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methods have difficulties in dealing with the highly skewed data
where a large amount of zeros are included. Such data are fre-
quently encountered in the catch analyses of rare species and the
bycatch analyses (Maunder and Punt, 2004; Ortiz et al., 2000). The
presence of zeros may invalidate the assumptions of normality we
usually use, and may cause computational difficulties.

Ignorance of a considerable proportion of zeros may result in a
loss of information that reflects the spatial or temporal distribu-
tion characteristics of fish stocks. Two types of approaches have
been applied in previous studies to deal with zeros in fishery data
analyses. One approach is to add a small constant to each zero
observation of the response variable, followed by a generalized
linear or additive model analysis (Maunder and Punt, 2004; Ortiz
et al., 2000; Shono, 2008). However, the estimation results are sen-
sitive to the choice of the constant (Maunder and Punt, 2004; Ortiz
et al., 2000). The other approach is to utilize the delta model and
the Tweedie distribution model. In the delta model, the positive
values are fitted by a generalized linear or additive model, and
the probabilities of observing zero values are fitted by a gener-
alized linear or additive model with an assumption of binomial

0165-7836/$ – see front matter © 2010 Elsevier B.V. All rights reserved.
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distribution (Lo et al., 1992; Maunder and Langley, 2004;
Stefansson, 1996; Ye et al., 2001). Although combining two
sub-models complicates the model interpretation in that the
explanatory variables may differ in two sub-models, the delta
model has been widely used to estimate bycatch (Murray, 2004;
Ortiz et al., 2000), catch rate, and abundance index (Lo et al.,
1992; Stefansson, 1996; Ye et al., 2001). By contrast, the Tweedie
distribution model handles zero data uniformly along with the pos-
itive data, where the Tweedie distribution is considered to be a
Poisson–Gamma compound distribution when its power parame-
ter is greater than 1 but less than 2 (Shono, 2008; Tweedie, 1984).
The Tweedie distribution model has been judged to outperform the
generalized linear model with an additive constant and the delta
model composed of two generalized linear models (Shono, 2008).

AdaBoost is a typical boosting algorithm that was originally
used for classification problems. The algorithm used for classifi-
cation is called a classifier. The final strong classifier is obtained by
successively applying a classification algorithm to reweighted data
and then combining a sequence of weak classifiers that minimize
the prediction error at each iteration (Freund and Schapire, 1996;
Friedman et al., 2000; Hastie et al., 2001; Kawakita et al., 2005). In
a fishery context, zeros and positive values can be converted into a
categorical variable {"1,1}, indicating the events of no fish caught
and the events of at least one fish caught, respectively, and then
the problem can be treated as a two-group classification problem
(Kawakita et al., 2005). This method has been used to predict the
occurrence of large silky shark bycatch in a tuna purse-seine fish-
ery, and the results confirmed the superiority of AdaBoost model
in bycatch analyses where data were skewed by zeros (Kawakita
et al., 2005).

The present study was based on the gillnet data collected from a
fishery-independent survey, the Lake Erie Partnership Index Fish-
ing Survey (PIS). The PIS survey was primarily operated by the
Ontario Ministry of Natural Resources (OMNR) and the Ontario
Commercial Fisheries Association (OCFA) since 1989. The exper-
imental gillnets with mesh size ranging from 32 to 152 mm
were deployed across the Ontario waters of Lake Erie in the fall
(August–November) annually, using commercial fishing vessels
and commercial fishing crews (OCFA, 2007).

We focused on three species in this analysis, walleye (Sander
vitreus), yellow perch (Perca flavescens), and white perch (Morone
americana). Walleye and yellow perch dominate the commercial
gillnet fisheries in Lake Erie (Kinnunen, 2003; Thomas and Haas,
2005), and white perch has imposed considerable influences on
fish communities and the lake ecosystem as an invasive species
(Parrish and Margraf, 1990; Schaeffer and Margraf, 1987; Scott and
Crossman, 1973).

In the present study, the delta model comprising one general-
ized additive model and one AdaBoost model (Delta-AdaBoost) was
developed to estimate the catch rates of walleye, yellow perch and
white perch based on the PIS data from 1989 to 2008. The per-
formance of the Delta-AdaBoost model was compared with five
candidate models, including the delta model comprising two gen-
eralized linear models (Delta-GLM), the delta model comprising
two generalized linear models with polynomial terms up to degree
3 (Delta-GLM-Poly), the delta model comprising two generalized
additive models (Delta-GAM), the generalized linear model with
Tweedie distribution (GLM-Tweedie), and the generalized additive
model with Tweedie distribution (GAM-Tweedie). The perfor-
mance of the AdaBoost model to predict the presence/absence
of fish species was compared in terms of error rate with the
generalized linear and additive model assuming a binomial dis-
tribution. Each model was evaluated through the 3- and 5-fold
cross-validation. The goals of this study were (1) to evaluate the
performance of the Delta-AdaBoost model and the AdaBoost model
in analyzing the fishery data with high percentage of zeros and

(2) to explore the application of AdaBoost algorithm in fishery
studies.

2. Methods

2.1. Data and variables

We estimated the catch rates of walleye, yellow perch, and white
perch using the PIS data from 1989 to 2008 provided by OCFA. The
PIS data included a large number of zero observations (75–83%), and
as a result, the commonly used assumption on normal or lognormal
distribution was violated (Ortiz et al., 2000). Totally 53,662 records
were available for analysis and the catch rate was expressed as
catch in weight (kg) per net (30.5 m long # 1.8 m deep).

Fourteen explanatory variables were available: nine continuous
variables, i.e., site depth, gear depth, secchi depth, gear temper-
ature, dissolved oxygen, soak time, site temperature, longitude,
and latitude; five categorical variables, i.e., basin (five basins), year
(twenty years), month (four months), gear type (two gear types),
and mesh size (fourteen mesh sizes). Site temperature is the water
surface temperature. Gear temperature means the water tempera-
ture at the gear set depth. Gear type refers to canned or bottomed
gillnets.

The correlation coefficients among all explanatory variables
were examined to detect those that were highly correlated. A pre-
liminary stepwise selection based on Akaike Information Criterion
(AIC, Akaike, 1974) was further conducted to eliminate one of the
correlated pair of variables, i.e., the variable that yielded a larger
AIC value was eliminated from the correlated pair. The remain-
ing variables were selected through a stepwise procedure based
on AIC (Akaike, 1974; Burnham and Anderson, 2002). The model
with smaller AIC was considered to fit the data better. Interaction
terms were not included in the regression model to avoid additional
multicollinearity problems and difficulties in model interpretation
(Damalas et al., 2007; Maunder and Punt, 2004).

2.2. Delta model and Delta-AdaBoost model

A delta model usually consists of two components, one model
to fit the positive values and the other to estimate the probability
of obtaining non-zero captures. Estimates of the catch rate from a
delta model can be obtained by multiplying these two components
(Lo et al., 1992; Maunder and Punt, 2004; Murray, 2004; Ortiz et al.,
2000; Pennington, 1996; Stefansson, 1996; Ye et al., 2001):

Catch ratê = d̂ # q̂,

where Catch ratê is the estimate of catch rate, d̂ is the estimate
of catch rate when only positive values of the response variable
are analyzed, and q̂ is the estimate of the probability of obtaining
non-zero captures.

In the delta model, the model to fit the positive values could
be a generalized linear model (Eq. (1)), a generalized linear model
with polynomial terms up to degree 3 (Eq. (2)), or a generalized
additive model (Eq. (3)), which were built by assuming a lognormal
distribution as follows:

ln(d̂) = ˇ0 +
�
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ˇjXj, (1)

ln(d̂) = ˇ0 +
�
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ln(d̂) = ˇ0 +
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Fig. 1. Log-likelihood profiles demonstrating the corresponding log-likelihoods given different values of power parameter p in the Tweedie distribution models for walleye
(a), yellow perch (b) and white perch (c).

where d̂ is the estimate of catch rate when only positive values of
the response variable are analyzed, ˇ0 is the intercept, ˇj is the
parameter for the jth explanatory variable Xj, and fj is a smooth
function (a spline or a loess smoother) for the jth explanatory vari-
able Xj. The explanatory variables selected in each model could be
different.

To estimate the probability of non-zero captures, values of 0 (no
fish of interest caught) or 1 (at least one fish of interest caught)
were treated as independent measurements from a Bernoulli vari-
able with a probability q of catching at least one fish. Similarly, the
models to estimate the probability q could be a generalized linear
model (Eq. (4)), a generalized linear model with polynomial terms
up to degree 3 (Eq. (5)), or a generalized additive model (Eq. (6)),
which were constructed by assuming a binomial distribution as
follows:

ln
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where q̂ is the estimate of the probability of obtaining non-zero
captures, ˛0 is the intercept, ˛j is the parameter for the jth explana-
tory variable Xj, and sj is a smooth function for the jth explanatory
variable Xj.

In the delta model, the AdaBoost model can be applied as an
alternative to the generalized linear or additive model to estimate
the probability of obtaining non-zero captures. Denote the vector
of explanatory variables as X, input response variable as Y %{" 1,
1} where the value "1 represented zero captures and the value
1 represented non-zero captures. In the real AdaBoost algorithm,
the classifier gt(x) returns a probability estimate at each iteration. In
this study, the classification tree was used as the classifier gt(x). The
final classifier F(x) was constructed as follows (Freund and Schapire,
1996; Friedman et al., 2000; Hastie et al., 2001; Kawakita et al.,
2005):

(A) Initialize the weights wi = 1/N, i = 1, 2, . . ., N, where N is the
number of observations.

(B) For t = 1 to T, where T is the number of iterations:
(a) Fit the classifier gt(x) using the data weighted by wi and

obtain a probability estimate, gt(xi) = Pr(ŷi = 1|xi), i.e., the
probability that the predicted value for yi equals 1 given xi.

(b) Set ht(xi) = (1/2)ln(gt(xi)/(1 " gt(xi))), which indicates the
contribution of the classifier gt(x) to the final classifier F(x).
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Fig. 2. Trends of the standardized catch rates (kg/net, 30.5 m long # 1.8 m deep)
of walleye over time generated by the Delta-AdaBoost model and the five can-
didate models (i.e., Delta-GLM, Delta-GLM-Poly, Delta-GAM, GLM-Tweedie and
GAM-Tweedie).

(c) Update the weights for the next iteration, wi =
exp("yiht(xi))/

�N
i=1exp("yiht(xi)).

(C) Set H(xi) =
�T

t=1ht(xi). The final classifier for the ith observa-

tion, F(xi) =
�

1, if H(xi) > 0;
"1, if H(xi) < 0.

(D) The probability of obtaining non-zero captures for the ith
observation, q̂i = e2H(xi)/(1 + e2H(xi)).

At iteration t, those observations that were misclassified at
the previous iteration had their weights increased, whereas the
weights were decreased for those classified correctly. As iterations
proceeded, each classifier was forced to focus on those observations
that were difficult to classify correctly. As a result of combining
these classifiers, the final classifier provided accurate estimates,
either the class label or the probability of obtaining each class and
in fishery context, either the presence/absence of the fish species
or the probability of obtaining non-zero captures. All the explana-
tory variables selected after the correlation analysis were included
in the AdaBoost model.

In this study, Delta-AdaBoost model was constructed by com-
bining a generalized additive model (Eq. (3)) to fit the positive
values and an AdaBoost model (T = 1000) to estimate the probabil-
ity of obtaining non-zero captures. Other three delta models were
developed for comparison as follows: the delta model compris-
ing two generalized linear models (Delta-GLM) was constructed
by combining Eqs. (1) and (4); the delta model comprising two
generalized linear models with polynomial terms up to degree 3
(Delta-GLM-Poly) was constructed by combining Eqs. (2) and (5);
and the delta model comprising two generalized additive models
(Delta-GAM) was constructed by combining Eqs. (3) and (6).

2.3. Tweedie distribution model

Two Tweedie distribution models were developed by assuming
a Tweedie distribution in a generalized linear model (GLM-
Tweedie, Eq. (7)) and a generalized additive model (GAM-Tweedie,

Fig. 3. Trends of standardized catch rates (kg/net, 30.5 m long # 1.8 m deep) of
yellow perch over time generated by the Delta-AdaBoost model and the five can-
didate models (i.e., Delta-GLM, Delta-GLM-Poly, Delta-GAM, GLM-Tweedie and
GAM-Tweedie).

Eq. (8)), respectively (Shono, 2008; Tweedie, 1984):

Catch ratê = !0 +
�

j=1

!jXj, (7)

Catch ratê = !0 +
�

j=1

mj(Xj), (8)

where Catch ratê is the estimate of catch rate, !0 is the intercept,
! j is the parameter for the jth explanatory variable Xj, and mj is a
smooth function for the jth explanatory variable Xj.

Fig. 4. Trends of standardized catch rates (kg/net, 30.5 m long # 1.8 m deep) of white
perch over time generated by the Delta-AdaBoost model and the five candidate mod-
els (i.e., Delta-GLM, Delta-GLM-Poly, Delta-GAM, GLM-Tweedie and GAM-Tweedie).
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Table 1
Spearman correlation coefficients among the explanatory variables based on the data from the Lake Erie Partnership Index Fishing Survey (PIS), 1989–2003. 1 – site depth, 2
– gear depth, 3 – secchi depth, 4 – gear temperature, 5 – dissolved oxygen, 6 – site temperature, 7 – longitude, 8 – latitude, 9 – soak time, 10 – basin, 11 – year, 12 – month,
13 – gear type, 14 – mesh size.

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14

1 1.00
2 0.57 1.00
3 0.42 0.29 1.00
4 "0.25 "0.35 0.07 1.00
5 0.01 "0.08 "0.21 "0.35 1.00
6 0.12 0.08 0.44 0.58 "0.48 1.00
7 "0.48 "0.31 "0.54 0.13 0.11 "0.25 1.00
8 0.28 0.21 0.51 "0.12 "0.12 0.21 "0.85 1.00
9 "0.02 "0.04 "0.02 0 0.04 "0.03 0.03 "0.05 1.00

10 0.48 0.33 0.59 "0.10 "0.13 0.33 "0.86 0.85 "0.01 1.00
11 0 0.07 "0.13 0.06 0.05 0.15 "0.02 "0.02 "0.10 0.03 1.00
12 "0.13 "0.09 "0.47 "0.43 0.44 "0.84 0.38 "0.35 0.01 "0.49 "0.04 1.00
13 "0.09 0.59 "0.04 "0.20 "0.04 "0.03 0.07 "0.06 0.01 "0.07 "0.06 0.02 1.00
14 0 0 0 0 0 0 0 0 0 0 0 0 0 1.00

The Tweedie distribution handles zero values uniformly with
positive values, instead of separating zero values from positive val-
ues in delta models (Shono, 2008; Tweedie, 1984). The probability
density function of the Tweedie distribution is expressed as follows

(Shono, 2008; Tweedie, 1984):

f (y : ", #2, p) = a(y : #2, p) exp
�

" 1
2#2 d(y : ", p)

�

Table 2
A stepwise model building based on Akaike Information Criterion (AIC) for the five candidate models. The five candidate models included three delta models (i.e., Delta-GLM,
Delta-GLM-Poly and Delta-GAM) and two Tweedie distribution models (i.e., GLM-Tweedie and GAM-Tweedie). Models contained the explanatory variables marked with ‘

&
’.

Variables Delta-GLM Delta-GLM-Poly Delta-GAM GLM-Tweedie GAM-Tweedie
POSa PROBb POS PROB POS PROB

Walleye
Site depth

& & & & & &

Gear depth
& & & & & &

Secchi depth
& & & & & & & &

Gear temperature
& & & & & & & &

Dissolved oxygen
& & &

Soak time
& & & & & & & &

Basin
& & & & & & & &

Year
& & & & & & & &

Month
& & & & & & & &

Gear type
& & & & & & & &

Mesh size
& & & & & & & &

AIC 39,323 38,029 39,219 37,816 39,132 37,821 83,924 83,488
% explainedc 19.6 23.1 21.4 23.6 19.6 23.1 31.3 33.2

Yellow perch
Site depth

& & & & & & & &

Gear depth
& & & & & & & &

Secchi depth
& & & & & & & &

Gear temperature
& & & & & & & &

Dissolved oxygen
& & & & & &

Soak time
& & & & & & & &

Basin
& & & & & & & &

Year
& & & & & & & &

Month
& & & & & & & &

Gear type
& & & & & & & &

Mesh size
& & & & & & & &

AIC 70,858 29,487 70,144 25,831 70,118 25,639 88,108 84,783
% explainedc 38.9 51.1 42.2 57.2 38.9 51.1 68.0 72.7

White perch
Site depth

& & & & & & & &

Gear depth
& & & & & & & &

Secchi depth
& & & & & & & &

Gear temperature
& & & & & & & &

Dissolved oxygen
& & & & & &

Soak time
& & & & & &

Basin
& & & & & & & &

Year
& & & & & & & &

Month
& & & & & & & &

Gear type
& & & & & & & &

Mesh size
& & & & & & & &

AIC 53,422 34,621 52,377 33,849 51,624 33,566 71,072 69,642
% explainedc 28.6 41.9 34.2 43.2 28.6 41.9 58.3 61.0

a The sub-model in the delta model to estimate the catch rates when only the positive values of the response variable were analyzed. A lognormal distribution was assumed.
b The sub-model in the delta model to estimate the probability of obtaining non-zero captures. A binomial distribution was assumed.
c Cumulative % of deviance explained by the model.
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Table 3
Training and test errors from the Delta-AdaBoost model and the five candidate models (i.e., Delta-GLM, Delta-GLM-Poly, Delta-GAM, GLM-Tweedie and GAM-Tweedie) by
3-fold cross-validation.

Training error Test error

Model 1 2 3 Average 1 2 3 Average

Walleye
Delta-GLM 0.458 0.465 0.470 0.464 0.475 0.464 0.458 0.466
Delta-GLM-Poly 0.453 0.460 0.465 0.459 0.470 0.461 0.452 0.461
Delta-GAM 0.452 0.458 0.464 0.458 0.469 0.459 0.452 0.460
GLM-Tweedie 0.469 0.478 0.481 0.476 0.487 0.476 0.469 0.477
GAM-Tweedie 0.461 0.469 0.473 0.468 0.478 0.468 0.461 0.469
Delta-AdaBoost 0.425 0.430 0.439 0.431 0.445 0.431 0.429 0.435

Yellow perch
Delta-GLM 0.566 0.564 0.555 0.562 0.565 0.560 0.569 0.565
Delta-GLM-Poly 0.523 0.525 0.516 0.521 0.525 0.523 0.529 0.525
Delta-GAM 0.529 0.528 0.521 0.526 0.529 0.527 0.537 0.531
GLM-Tweedie 0.599 0.599 0.591 0.596 0.594 0.597 0.602 0.598
GAM-Tweedie 0.560 0.558 0.552 0.556 0.553 0.562 0.562 0.559
Delta-AdaBoost 0.520 0.520 0.514 0.518 0.522 0.520 0.530 0.524

White perch
Delta-GLM 0.283 0.278 0.278 0.280 0.281 0.282 0.283 0.282
Delta-GLM-Poly 0.258 0.243 0.253 0.252 0.262 0.246 0.259 0.256
Delta-GAM 0.261 0.256 0.258 0.258 0.263 0.258 0.261 0.261
GLM-Tweedie 0.304 0.302 0.298 0.301 0.302 0.303 0.301 0.302
GAM-Tweedie 0.288 0.287 0.284 0.287 0.288 0.288 0.287 0.288
Delta-AdaBoost 0.253 0.249 0.250 0.251 0.255 0.253 0.254 0.254

where " is the location parameter, #2 is the diffusion parameter,
and p is the power parameter. When 1 < p < 2, the Tweedie dis-
tribution actually can be treated as a Poisson–Gamma compound
distribution, and can be expressed more explicitly as:

d(y : ", p) = 2

�
max(y, 0)2"p

(1 " p)(2 " p)
" y"1"p

1 " p
+ "2"p

2 " p

�
,

a(y : #2, p) =
�

#2(˛+1)y˛

(1 " p)˛(2 " p)

�n
1

n!$ (n˛)y
,

where ˛ = (2 " p)/(p " 1), and n = 1, 2, . . ..
In Tweedie distribution models, the power parameter p was

determined by maximizing the log-likelihood in its likelihood
profile (Shono, 2008). In this study, the power parameter p was

determined to be 1.37 for walleye, and 1.45 for yellow perch and
white perch (Fig. 1).

2.4. Model evaluation

Catch rate standardization was conducted for each species by
these six models, i.e., Delta-GLM, Delta-GLM-Poly, Delta-GAM,
GLM-Tweedie, GAM-Tweedie, and Delta-AdaBoost. Year effect was
extracted relative to the means (for continuous variables) or
weighted means (for categorical variables) of the other explanatory
variables (Maunder and Punt, 2004).

The performance of each model was evaluated by k-fold cross-
validation (Damalas et al., 2007; Hastie et al., 2001; Shono, 2008).
The whole dataset was divided randomly into k sub-datasets with
roughly equal size. Each subset was used as test data to predict

Table 4
Training and test errors from the Delta-AdaBoost model and the five candidate models (i.e., Delta-GLM, Delta-GLM-Poly, Delta-GAM, GLM-Tweedie and GAM-Tweedie) by
5-fold cross-validation.

Training error Test error

Model 1 2 3 4 5 Average 1 2 3 4 5 Average

Walleye
Delta-GLM 0.467 0.465 0.459 0.465 0.466 0.464 0.460 0.463 0.475 0.467 0.462 0.465
Delta-GLM-Poly 0.463 0.461 0.454 0.460 0.461 0.460 0.456 0.458 0.469 0.464 0.460 0.461
Delta-GAM 0.461 0.459 0.452 0.459 0.459 0.458 0.455 0.457 0.468 0.461 0.457 0.460
GLM-Tweedie 0.478 0.476 0.471 0.478 0.477 0.476 0.473 0.474 0.486 0.478 0.474 0.477
GAM-Tweedie 0.470 0.468 0.463 0.470 0.469 0.468 0.464 0.465 0.477 0.472 0.469 0.469
Delta-AdaBoost 0.437 0.435 0.426 0.434 0.435 0.433 0.431 0.435 0.445 0.435 0.435 0.436

Yellow perch
Delta-GLM 0.564 0.560 0.567 0.565 0.554 0.562 0.554 0.594 0.540 0.548 0.591 0.565
Delta-GLM-Poly 0.526 0.517 0.526 0.526 0.513 0.522 0.519 0.546 0.504 0.508 0.550 0.526
Delta-GAM 0.530 0.523 0.530 0.531 0.518 0.527 0.525 0.552 0.511 0.511 0.557 0.531
GLM-Tweedie 0.598 0.591 0.601 0.602 0.589 0.596 0.579 0.620 0.582 0.582 0.625 0.598
GAM-Tweedie 0.558 0.551 0.561 0.563 0.550 0.557 0.548 0.575 0.545 0.540 0.586 0.559
Delta-AdaBoost 0.522 0.516 0.523 0.523 0.511 0.519 0.517 0.545 0.505 0.503 0.550 0.524

White perch
Delta-GLM 0.280 0.284 0.281 0.278 0.277 0.280 0.292 0.295 0.272 0.283 0.272 0.283
Delta-GLM-Poly 0.258 0.257 0.256 0.253 0.251 0.255 0.268 0.266 0.245 0.256 0.253 0.258
Delta-GAM 0.259 0.261 0.260 0.258 0.256 0.259 0.269 0.268 0.250 0.263 0.258 0.262
GLM-Tweedie 0.298 0.299 0.305 0.301 0.302 0.301 0.309 0.311 0.289 0.306 0.296 0.302
GAM-Tweedie 0.284 0.285 0.290 0.286 0.287 0.286 0.294 0.296 0.273 0.294 0.282 0.288
Delta-AdaBoost 0.252 0.253 0.253 0.250 0.249 0.251 0.261 0.261 0.246 0.257 0.251 0.255
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Fig. 5. Training and test error rates in analyzing the presence/absence of the fish species from the AdaBoost model and the three candidate models (i.e., GLM, GLM-Poly and
GAM) for walleye by 3- and 5-fold cross-validation (CV).

from the model, and the remaining k " 1 subsets were combined as
training data to fit the model. The error on the training data from
the model fitting procedure was called training error, and the error
on the test data from the prediction procedure was called test error.
The training error and test error for each model based on each pair
of training and test data was calculated as follows:

Training (Test) error = 1
N

�N

i=1
|yi " ŷi|,

where N is the number of observations, yi is the ith observation,
and ŷi is the estimated value (the predicted value) from the model
for the ith observation.

We performed 3-fold (k = 3) and 5-fold (k = 5) cross-validations
for the Delta-AdaBoost model and each candidate model. The model
providing lower training error and test error was judged as the one
with better performance (Damalas et al., 2007; Hastie et al., 2001;
Shono, 2008).

To test the superiority of the AdaBoost model in estimating
and predicting the presence/absence of fish species when a high
proportion of zero captures were obtained, the performance of
AdaBoost model (T = 1000) was compared with three candidate
models, including the generalized linear model (GLM, Eq. (4)), the
generalized linear model with polynomial terms up to degree 3
(GLM-Poly, Eq. (5)), and the generalized additive model (GAM, Eq.

(6)). A binomial distribution was assumed in these three candi-
date models. Each model was evaluated through 3-fold and 5-fold
cross-validations. The training and test error rates were defined as
the proportion of the mis-classified observations among the total
observations in the dataset. All analyses in this study were pro-
grammed in R (Version 2.9.2).

3. Results

Correlation analysis (Table 1) among all the explanatory vari-
ables detected high correlations between site temperature and
month ("0.84), longitude and latitude ("0.85), longitude and basin
("0.86), and latitude and basin (0.85) for all three species. Fur-
thermore, the preliminary stepwise selection revealed for all three
species that the models including month or basin yielded smaller
AIC values than the models including site temperature, longitude,
or latitude. These three variables (i.e., site temperature, longitude,
and latitude) were eliminated before a stepwise selection for all
three species because of their high correlation with month or basin,
and less predictive power. A stepwise selection was applied to
the remaining eleven variables to construct the delta models and
the Tweedie distribution models. The explanatory variables with
significant effects (P < 0.01) and a decreasing AIC value were suc-
cessively selected into the model (Table 2).
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Fig. 6. Training and test error rates in analyzing the presence/absence of the fish species from the AdaBoost model and the three candidate models (i.e., GLM, GLM-Poly and
GAM) for yellow perch by 3- and 5-fold cross-validation (CV).

In the three delta models, the model to estimate the catch rates
when only positive values were analyzed explained 19.6–21.4% of
the deviance of the PIS data for walleye (Table 2), 38.9–42.2% for
yellow perch and 28.6–34.2% for white perch, and the model to esti-
mate the probability of non-zero captures explained 23.1–23.6% of
the deviance of the PIS data for walleye, 51.1–57.2% for yellow perch
and 41.9–43.2% for white perch. The two Tweedie distribution mod-
els (GLM-Tweedie and GAM-Tweedie) explained 31.3–33.2% of the
deviance of the PIS data for walleye, 68.0–72.7% for yellow perch,
and 58.3–61.0% for white perch (Table 2). Among these five candi-
date models, the Delta-GAM yielded the smallest AIC for yellow
perch and white perch when modeling the positive values and
estimating the probability of non-zero captures. The Delta-GAM
for walleye also gave the smallest AIC when modeling the posi-
tive values whereas the Delta-GLM-Poly had the smallest AIC when
estimating the probability of non-zeros. Catch rate standardization
was conducted by the Delta-AdaBoost model and each candidate
model. Similar trends of the standardized catch rates over time
were observed among the Delta-AdaBoost model and the five can-
didate models (Figs. 2–4).

Model comparison was conducted between the Delta-AdaBoost
model and the five candidate models through 3- and 5-fold cross-
validations (Tables 3 and 4). The Delta-AdaBoost model yielded the

smallest training errors and test errors on average, followed by
the Delta-GLM-Poly model for yellow perch and white perch, and
the Delta-GAM model for walleye. This indicated that the Delta-
AdaBoost model provided more accurate estimation and prediction
than the currently used generalized-linear/additive-based delta
models in fisheries catch and bycatch analyses when the percentage
of zero observations was high.

The superiority of the AdaBoost model in estimating and
predicting the presence/absence of fish species when the data
contained a high percentage of zeros was further confirmed by
comparing the error rates from the AdaBoost model and from three
candidate models, i.e., GLM, GLM-Poly, and GAM (Figs. 5–7). As the
number of iterations increased, the training and test error (error
rates) from the AdaBoost model declined monotonically for each
species in both 3- and 5-fold cross-validations. After 1000 itera-
tions, the AdaBoost model ended up with the lowest error rate,
compared with the generalized linear and additive models.

4. Discussion

Our analyses provided evidence that the AdaBoost algorithm can
be applied as an alternative to deal with fishery data containing a
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Fig. 7. Training and test error rates in analyzing the presence/absence of the fish species from the AdaBoost model and the three candidate models (i.e., GLM, GLM-Poly and
GAM) for white perch by 3- and 5-fold cross-validation (CV).

large number of zero observations. One of the favorable properties
of the AdaBoost method in fishery data analyses is that it can yield
stable and accurate estimation and prediction without extra effort
to remove the highly correlated explanatory variables (Kawakita
et al., 2005). High correlation among explanatory variables may
cause imprecision and inaccuracy in the conventional model anal-
ysis, such as generalized linear or additive models. In this study, we
examined the correlations among all the available explanatory vari-
ables and eliminated one of the correlated pair of variables through
a preliminary selection before constructing the models. Thus the
AdaBoost model we applied here included all the remaining vari-
ables listed in Table 2, and did not consider the three variables (i.e.,
site temperature, longitude, and latitude) that were highly corre-
lated with month and basin. The advantage of the AdaBoost method
regarding correlated variables can be tested through a sensitivity
analysis in future studies, i.e., we may compare the performance of
the AdaBoost model with correlated variables and the performance
of the one without correlated variables.

In the AdaBoost method, over-fitting may decrease the predic-
tion ability. As the number of iterations increases, the training error
decreases monotonically whereas the test error may behave dif-
ferently, which is the over-fitting problem in AdaBoost method.
The optimal number of iterations can be obtained by continuously

increasing the number of iterations until the test errors start to
increase. We split the PIS data into two sub-datasets (i.e., the train-
ing data and the test data) with roughly equal size to determine the
number of iterations for this study. We decided to run 1000 itera-
tions and presented the results from the Delta-AdaBoost model and
the AdaBoost model with 1000 iterations. We did not exhaustively
search for the number of iterations where the test errors started to
increase because: (1) the computing ability was limited, (2) both
training and test errors decreased dramatically within the first 200
iterations and then stabilized when approaching 1000 iterations
(Fig. 8), (3) the prediction accuracy is not overly sensitive to the
number of iterations if the AdaBoost model is proceeded to around
the optimal iteration number (Kawakita et al., 2005).

Developing models to deal with the data having zeros has
become a methodological concern in fishery studies, especially
in the catch analyses of rare species and the bycatch analyses.
Shono (2008) compared the Tweedie distribution model and the
delta model consisting of two generalized linear models, and con-
cluded that the Tweedie distribution model performed the best
when the proportion of zeros in the data was high (greater than
80%). However, the results from 3- and 5-fold cross-validations for
each species in this study indicated that the Tweedie distribution
model (GLM-Tweedie and GAM-Tweedie) was not preferred by the
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Fig. 8. Training and test error rates when determining the optimal number of iterations in the AdaBoost models for walleye (a), yellow perch (b) and white perch (c). The
PIS data were split into two sub-datasets with roughly equal size, the training dataset and the test dataset.

PIS data (Tables 3 and 4) compared with the delta model composed
of two generalized linear models (Delta-GLM), although the pro-
portion of zeros in PIS data was similar to the one in Shono (2008),
around 75–83%. This discrepancy indicated that the percentage of
zeros in the data was not the only factor that affected the selection
of models. A sensitivity analysis to test the influences of the datasets
with different percentages of zeros and different structures on the
selection of models would be an extension of this study.

Generalized additive models are often preferred in fishery anal-
yses because of their superiority in describing the relationship
between fish captures and environmental factors, which is most
likely to be nonlinear in biological context (Damalas et al., 2007).
In this study, we observed that the generalized linear model
with polynomial terms up to degree 3 (Delta-GLM-Poly) per-
formed as well as the generalized additive model (Delta-GAM)
for walleye, and slightly better for yellow perch and white perch
(Tables 3 and 4). This indicated that when the computation of
generalized additive models became complicated, the generalized
linear models with polynomial terms could be an alternative.

In conclusion, when the percentage of zero observations in the
data is high, we suggest that the delta model comprising a gen-
eralized additive model and an AdaBoost model (Delta-AdaBoost)
can be an alternative due to its high performance in the 3- and
5-fold cross-validations. The AdaBoost algorithm to estimate and

predict the presence/absence of fish species yielded more accurate
and stable results and thus is suggested to be an alternative to gen-
eralized linear or additive models with an assumption of binomial
distribution. Model selection should be conducted on a case-by-
case basis since this procedure can be confounded with several
factors including data structure.
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