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Abstract

Pacific saury is an important high-seas fishery resource in the Northwest Pacific Ocean for the Chinese Mainland.
Reliable and accurate catch per unit effort (CPUE) plays a significant rule in Pacific saury stock assessment. Many
statistical models have been used in the previous CPUE standardization research. Here, we compare the
performance of Generalized Linear Models (GLMs) and Generalized Additive Models (GAMs) using CPUE data
collected from Chinese saury fishery in the Northwest Pacific Ocean from 2003 to 2017 (excluding data from
Chinese Taipei), and evaluate the influence of spatial, temporal, environmental variables and vessel length on
CPUE. Optimal GLM/GAM models were selected using the Bayesian information criterion (BIC). Explained
deviance and 5-fold bootstrap cross-validation results were used to compare the performance of the two model
types. Fitted GLMs accounted for 21.57% of the total model-explained deviance, while GAMs accounted for
38.95%. Predictive performance metrics and 5-fold cross-validation results showed that the best GAM performed
better than the best GLM. Therefore, we recommend GAM as the preferred model for standardizing CPUE of

Pacific saury in the Northwest Pacific Ocean.
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1 Introduction

Pacific saury (Cololabis saira) is a highly migratory fish,
widely distributed in the high seas of the Northwest Pacific Ocean
(Lin, 2003; Sun et al., 2003). The species is harvested primarily by
Japan, Russia, South Korea, Taiwan Province, and Chinese Main-
land. China began Pacific saury fishing in the high seas in 2003
and it has become one of the most important fisheries for China
since then. Although various studies regarding the fishing gear
and methods (Xu et al., 2005; Yu et al., 2006; Xia, 2008), distribu-
tion of fishing grounds (Huang et al., 2005; Hua et al., 2010), and
basic biology (Zhang et al., 2013) have been conducted, there is
no study focused on catch per unit effort (CPUE) standardization
for Chinese Pacific saury fishery in the Northwest Pacific Ocean.

CPUE is commonly used as an important relative index of fish
abundance and is one of the most important dataset used in fish-
eries stock assessment (Nishida and Chen, 2004; Chen et al.,
2008). Although abundance index should, ideally, be derived
from fishery-independent surveys, it is often based on fishery-de-
pendent data, because fishery-independent data are often costly
and difficult to collect (Ward et al., 2013). Nominal CPUE is the
uncorrected value obtained directly from commercial fishing
data (Maunder and Start, 2003). CPUE is assumed to have a lin-
ear relationship with abundance in the assessment; however,
CPUE derived from fishery-dependent data may not be the case,
because it is often influenced greatly by various factors, such as
temporal factors (e.g., Year, Month), spatial factors (e.g., Longit-
ude, Latitude), environmental factors (e.g., sea surface temperat-

ure (SST), sea surface height (SSH), sea surface temperature
gradient (SSTG), and fishing capacity (e.g., Vessellength) (Harley
et al., 2001; Erisman et al., 2011). CPUE can be misleading if these
confounding factors are not taken into account.

In order to have more reliable and representative CPUE data
for stock assessment, nominal CPUE values need to be standard-
ized using statistical models, which is a process aiming to re-
move the impacts of the confounding factors (Maunder and
Punt, 2004). For providing better management and conservation
recommendations, high quality data and continued evaluation of
statistical model performance should be highly valued (Martinez-
Rincon et al., 2012). In recent decades, many efforts have been
made to solve the problems associated with CPUE standardiza-
tion. Generalized linear models (GLM) and generalized additive
models (GAM) are commonly used to standardize CPUE due to
the availability of well-tested and user-friendly software to per-
form calculations (Venables and Dichmont, 2004). Indeed, GLMs
are the most common method for standardizing CPUE; they dif-
fer from ordinary linear models by allowing fitting of categorical
variables and they allow to incorporate non-normal distribu-
tions of the response variable. GAMs, on the contrary, are exten-
sions of GLMs which have smooth functions. They are often used
to deal with nonlinear relationships between response and ex-
planatory variables (Wood, 2006). However, when standardizing
CPUE data, GLMs and GAMs always have their own disadvant-
ages in error structure assumptions, dealing with interaction
terms and zero data (Yu et al., 2013). In order to select the better
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CPUE standardization model, comparative research should be
conducted between GLMs and GAMs. Further, to date and to the
best of our knowledge, there is no study about CPUE standardiz-
ation for Pacific saury.

In this study, we used GLM and GAM based on Chinese fish-
ery data (2003-2017) to conduct a comparative study on CPUE
standardization of the Chinese Pacific saury fishery in the North-
west Pacific Ocean. Firstly, we selected the optimal GLM/GAM
model using the Bayesian information criterion (BIC). We then
used the explained Deviance and results from 5-fold bootstrap
cross-validations to compare the predictive accuracy of the two
models (Rodriguez-Marin et al., 2003; Ortiz and Arocha, 2004).
The goal of this study was to identify the best method to the
standardization of Pacific saury CPUE data and improve the
quality of future stock assessment for Pacific saury.

2 Materials and methods

2.1 Study area

As shown in Fig. 1, the study area is outside the Exclusive Eco-
nomic Zone (EEZ) of Japan and Russia. This area is at the junc-
tion of the Kuroshio warm current and the Oyashio cold current,
which together provide an adequate foundation for marine life,
and the area is in fact one of the high-yield sea areas of the world
(Watanabe et al., 2006).
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Fig. 1. Main fishing area of Pacific saury in China. The blue sol-
id lines represent the Oyashio cold current, the blue dashed lines
the Oyashio extension current, the black lines Kuroshio warm
current, and the red circles CPUE, in units of tons per vessel per
day.

2.2 Data sources

2.2.1 Fishery data

Fishery data were obtained from the Technical Group for
Saury Fishery, Distant-water Fishery Society of China. These data
included the date (with a time resolution of days), longitude, lat-
itude, yield, vessel name, and vessel length, among others. Nom-
inal CPUE was defined as the fishing yield of a vessel per day, in
units of tons per vessel per day.

2.2.2 Environment data

SST was obtained from the National Oceanic and Atmospher-
ic Administration (NOAA, ftp.nodc.noaa.gov). The spatial-tem-
poral resolution of SST data is 0.1°x0.1° grid per day. SSH was ob-
tained from Archiving Validation and Interpolation of Satellite
Oceanographic data (AVISO, www.aviso.altimetry.fr). The spa-

tial-temporal resolution of the data is SSH daily at 0.25°x0.25°
grid.

SSTG was estimated from Gradient Magnitude (GM) (Ortiz
and Arocha, 2004; Howell and Kobayashi, 2006), and expressed
as

SSTiy1 ;—SSTi1,;\> [ SSTijj1—SSTij 1\°
SSTGL'J_\/( t+1,]Ax i Lj) +< 1J+1Ay ij 1) 7 (1)

where SST,, , SST;_, ;, SST; ;,, and SST; ;. , were SST values of
four adjacent grids respectively, i and j are row and column num-
ber, respectively, Ax is the longitudinal distance between (j-1)th
and (j+1)th columns (km), Ay is the latitudinal distance between
(i-1)th and (i+1)th rows (km), SSTG, ;is SSTG value of the cur-
rent grid (°C/km).

In order to match fishery data and environmental data, the
present study used the environmental data of the nearest grid
corresponding to the grid where the fishery data existed on the
same date.

2.3 Methods for analysis

2.3.1 Selection of variables

GLM and GAM both require response variables and explanat-
ory variables that are independent from each other. Since there
were no zero-catch data, the natural logarithm of CPUE (i.e.,
In(CPUE)) was used as the response variable (Campbell, 2004).

The selection of explanatory variables takes into account the
following facts: (1) Pacific saury is a highly migratory fish, and the
distribution of its fishing grounds shows large variation during
the fishing period (June-November) each year (Tian et al., 2003;
Shen et al., 2004); therefore, the explanatory variables include
temporal variables (Year and Month), spatial variables (Longit-
ude and Latitude), and temporal-spatial interaction terms
(YearxLongitude, YearxLatitude, MonthxLongitude, and Monthx
Latitude); (2) the formation of Pacific saury fishing grounds is
tightly associated with the marine environment (Zhu et al.,
20064, b; Zou and Zhu, 2006; Yan et al., 2012; Zhang et al., 2015).
Thus, explanatory variables include SST, SSTG and SSH; (3) in a
real fishing process, vessel performance may affect fishing effi-
ciency; thus, explanatory variables, such as Vessellength, were
taken into account in this study.

Mutual independence of explanatory variables was checked
by the variance inflation factor (VIF) and Spearman'’s correlation
coefficient (Table 1). In this table, the data under the dotted line
are Spearman’s correlation coefficient among explanatory vari-
ables, data above the line are the corresponding P values. The
maximum VIF<10, indicated there was no serious multi-collin-
earity (Tien et al., 2011; Menard, 1995).

2.3.2 GLM

GLMs are the most common models for standardizing CPUE
data. The key assumption of a GLM is that the relationship
between some function of the expected value of the response
variable and the explanatory variables, is linear:

g(u) =X, B, ()

where g is the differentiable and monotonic link function, y;=
E(Y}), X;is the explanatory variable for the ith response variable,
is a vector of the parameters, and Y; is the ith random variable.



102

Hua Chuanxiang et al. Acta Oceanol. Sin., 2019, Vol. 38, No. 10, P. 100-110

Table 1. Variance inflation factor (VIF) and Spearman's correlation coefficient among explanatory variables

Coefficient/P value VIF Year Month Longitude Latitude SST SSTG SSH Vessellength
Year 1.72 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Month 3.17 -0.1074 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Longitude 4.42 0.1537 -0.854 0 <0.001 <0.001 <0.001 <0.001 0.394 6
Latitude 3.91 -0.090 0 -0.5812 0.602 8 <0.001 <0.001 <0.001 0.2253
S§ST 1.32 0.1917 0.3014 -0.308 4 -0.3159 <0.001 <0.001 <0.001
SSTG 1.38 -0.083 1 0.453 4 -0.513 8 -0.422 4 0.2799 <0.001 0.255 4
SSH 3.39 0.268 0 0.4163 -0.359 6 -0.8195 04616  0.3471 <0.001
Vessellength 3.05 0.298 3 0.046 7 -0.009 1 -0.0129 0.1147 0.0121 0.103 1

GLM assumes a normal error distribution, and the full GLM is ex-
pressed as

In (CPUE) =Year + Month + Longitude + Latitude + SST+

SSTG + SSH + Vessellength + Interaction + ¢, (3)
where CPUE is the fishing catch of a vessel per day, and Interac-
tions is an interaction term representing the interactive effect of
spatial and temporal factors for Pacific saury. Full model in-
cludes all the possible combination of Year, Month, Longitude,
and Latitude as interaction terms; ¢ is the residual, which is as-
sumed to have a normal distribution; Year is a categorical vari-
able of 15 years (2003-2017). Month is a categorical variable in-
cluding the eight calendar months from May to December. We
attempted two cases (categorical and splined variable) for Longit-
ude and Latitude, which divided at intervals of 1°. We also invest-
igated two cases (categorical or splined variable) for each explan-
atory variable of environment. Vessellength is a categorical or
continuous variable of 60-75 m vessels, which will affect the catchability
(Table 2).

2.3.3 GAM

GAMs are extensions of the generalized linear models, which
can be used to describe nonlinear relationships between re-
sponse variables and explanatory variables (Tseng et al., 2013), as
shown below:

glu) =a+) fi(X)+e, 4)
i=1

where f; is a smoothing function. The full GAM in this study is ex-
pressed as

In (CPUE) =Year + Month + s (Longitude) + s (Latitude) +
$(SST) + s (SSTG) + s (SSH) + s (Vessellength) +
s (Interactions) + ¢,

®)

where s( ) denotes the smoother functions. The explanatory vari-
ables used in GAM are the same as GLM (Table 2). Temporal-
spatial interaction terms, including YearxLongitude, YearxLatit-
ude, MonthxLongitude, MonthxLatitude, and all possible com-
binations were considered in this study.

2.3.4 Model evaluation

Explanatory variables were added to the GLM/GAM in turn
and GLM models/GAM models with different number of explan-
atory variables were obtained (Shono, 2005). We used the
Bayesian information criterion (BIC) to select the best model
with minimum BIC in each of the GLM and GAM analyses
(Quinn and Keough, 2002; Watanabe et al., 2006). The BIC was
calculated as follows:

BIC = mln (n) + nln (RSS/n) , (6)
where m is the number of parameters in the model, » is the num-
ber of observed values (data points), and RSS is the sum of
squared residuals.

For model diagnostics, percent explained deviance was calcu-
lated in addition to g-¢q plot and residual plots. The most com-
mon method to evaluate the performance of different models is
k-fold cross-validation (Arlot and Celisse, 2010). When conduct-
ing k-fold cross-validation, k sets of subsamples of roughly equal
size are produced from the original samples. One set of sub-
samples is saved as the validation data for testing the model, and
the rest sets are used as training data. Then, the cross-validation

Table 2. Summary of explanatory variables used for GLM and GAM analysis

Variables Cases Categorical or continuous Detail Note

Year Year 15 categories 15 years from 2003 to 2017

Month Month 8 categories 8 months from May to December

Longitude Longitude 23 categories Lon<144°, 144°< Lon<145°, 145°< atintervals of 1°
Longitude_c Lon<146°,..., Lon>165°

Latitude Latitude 13 categories Lat<38°, 38°< Lat<39°, 39°< Lat<40°, atintervals of 1°
Latitude_c ..., Lat>48°

Sea surface temperature SST spline S§8T<10°C, 10°C<SST<11°C, 11°C< at intervals of 1°C
SST ¢ 12 categories S§S8T<12°C,..., 19°C<SST<20°C,

S§S8T>20°C

Sea surface temperature SSTG continues (spline)

gradient

Sea surface height SSH continues (spline)

Vessel length Vessellength continues (spline) Vessellength<64 m, 64 m< atintervals of 2 m

Vessellength_c 9 categories

Vessellength<76 m,..., 76 m<
Vessellength

Note: Lon is Longitude; Lat is Latitude.
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is repeated k times, each of the k sets used exactly once as the val-
idation data. The estimation can be obtained as the average of k
results from folds. The 5-fold cross-validation procedure has
shown good performance in model selection (Kohavi, 2001).
Thus, here we used this procedure to evaluate the performance
of each model. We conducted a 5-fold cross validation test for the
final model selection between the best models derived from GLM
and GAM and the process in cross validation are repeated for
1 000 times. In this test, Spearman’s correlation between the pre-
dicted and observed CPUEs, and mean of squared errors
between two CPUEs were calculated to evaluate prediction per-
formance.

2.3.5 Calculation of nominal CPUE and standardized CPUE
The yearly nominal CPUE and standardized CPUE can be cal-
culated by the following formula:

) -
CPUE; = — x ) CPUE. (7
-

Nominal CPUE values are calculated as the means of original
CPUE, standardized CPUE values are calculated as the means of
fitted CPUE from the best model, where CPUE, (nominal/stand-
ardized CPUE) is the CPUE index in the ith year, n; is the observa-
tion number in the ith year, and CPUE, is the kth CPUE data (fit-
ted/original CPUE) in the ith year.

The bootstrapped 95% confidence intervals of Standardized
CPUE of the optimal GLM and GAM were calculated. All statistic-
al analyses were conducted using Matlab2016b.

3 Results

3.1 Statistical distribution test of response variable (In(CPUE))

The scatter points of In(CPUE) in the normal ¢g-q plot ap-
peared aligned on a straight line (Fig. 2a). Frequency distribu-
tion (Fig. 2b) indicated that In(CPUE) showed approximate nor-
mal distribution and was acceptable for using as a response vari-
able in the GLM and GAM.
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3.2 GLM analysis

The best GLM model selected by BIC is shown in Table 3. A
summary of the best fitting model is shown in Table 4. All explan-
atory variables, including the interaction terms, were statistically
significant (P<0.05). In the 5-fold cross validation test, high cor-
relation was observed for the best GLM model (Table 5). The g-¢
plot and the residual plots for the explanatory variables for evalu-
ating the distribution assumption are shown in Fig. 3. Residuals
showed an approximately normal distribution around 0, which
indicated that the model assumptions were satisfied.

3.3 GAM analysis

The best GAM model selected by BIC is shown in Table 6. A
summary of fitting to the best model is shown in Table 7. All ex-
planatory variables, including the interaction terms, were statist-
ically significant. In the 5-fold cross validation test, a high correl-
ation was observed for the best GAM model (Table 8). The g-q
plot and the residual plots for the explanatory variables for evalu-
ating the distribution assumption are shown in Fig. 4. Residuals
were plotted around 0 and displayed a normal distribution des-
pite a few observed biases.

Figure 5 displays the residuals and explanatory variables fit-
ted by the best GAM. The mean residuals of the GAM model over
the years ranged from -1.15 to 0.94. The year 2011 showed the
largest residual values for the GAM model and the year 2008
showed the largest negative residual values. The mean residuals
of the GAM model over the months ranged from -0.98 to 0.32.
September showed the largest positive residual values for the
GAM model and December had the largest negative residual val-
ues compared with that from other month. For the spatial ex-
planatory variables, Longitude and Latitude showed relatively
smaller residuals, which were close to zero. As environmental ex-
planatory variables, SST, SSTG and SSH showed similar distribu-
tions of residuals, which were also close to zero. The mean resid-
uals of the GAM model over Vessellength ranged from -0.21 to
0.28.

Effects of temporal, spatial, environmental, and fisheries op-
erational variables on Pacific saury CPUE are shown in Fig. 6.
CPUE gradually declined in 2004-2008 and reached its lowest

1500

1000 |

Frequency
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Fig. 2. In(CPUE) distribution of the Chinese Pacific saury fishery during the period 2003-2017 and its distribution tests. a. Normal g-q

plot and b. frequency distribution.

Table 3. Best GLM selected based BIC values

Best model in GLM analysis

R? BIC Explained deviance/%

In(CPUE)~Intercept+Year+Month+Lon+Lat+SST_c+SSTG+SSH+Vessellength_c+

Year: Month+Month: Lon+Month: Lat+Lon: Lat+e

0.6217  47506.8 21.57
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Parameter name Df Deviance Resid.Df Resid.Dev F Pr(>F)
Intercept 15544 24 440

Factor(Year) 13 1672.5 15531 22768 128.662 0 <0.001
Factor(Month) 7 4492.1 15524 18276 641.781 2 <0.001
Factor(Lon) 23 491.3 15501 17784 21.360 3 <0.001
Factor(Lat) 12 361.5 15489 17 423 30.1284 <0.001
Factor(SST _¢) 11 115.7 15478 17 307 10.5158 <0.001

SSTG 1 17.3 15477 17 290 17.3012 3.207x10-°

SSH 1 6.8 15476 17 283 6.806 3 0.009 093

Factor(Vessellength_c) 5 170.5 15471 17113 34.097 0 <0.001
Factor(Year):factor(Month) 48 861.4 15423 16 251 17.946 6 <0.001
Factor(Month): factor(Lon) 73 461.5 15350 15790 6.3225 <0.001
Factor(Month):factor(Lat) 37 185.5 15313 15604 5.0140 <0.001
Factor(Lon): factor(Lat) 117 409.4 15196 15195 3.4990 <0.001

Table 5. Five-fold cross validation of the best GLM

Case Correlation Mean square error
1 0.4939 1.1797
2 0.4778 1.2273
3 0.466 7 1.3108
4 0.485 2 1.247 3
5 0.495 6 1.2155

point in 2008. CPUE increased steadily from 2008 to 2014, and
then it decreased slightly in 2014 (Fig. 6a). During the main fish-
ing season (May-December), CPUE showed a gradual increase
with the Month (Fig. 6b). The spatial factor Longitude had a great
influence on the CPUE in the range of 145°-155°E (Fig. 6¢). The
effect of Latitude on CPUE decreased gradually from the South to
the North (Fig. 6d). As for environmental factors, SST had differ-
ent effects on CPUE within different temperature ranges. When
the temperature was between 10°C and 18°C, the effect of SST on
CPUE was relatively stable. Between 18°C and 23°C, the effect
showed a decreasing trend first, which then reversed (Fig. 6e).
The effect on CPUE is a gradual increase with increasing SSTG
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(Fig. 6f). The effect of SSH also showed some fluctuations (Fig. 6g).
Vessellength was one of the most important factors affecting
CPUE,; as Figure. 6h shows, Vessellength had a positive correla-
tion with CPUE.

3.4 Yearly trend of standardized CPUE

We used the best GLM and GAM models to estimate the
yearly trend of standardized CPUE values with a 95% confidence
interval (Fig. 7a). The estimates of standardized and nominal
CPUE values from 2003 to 2017 are shown in Table 9. Besides
2004-2005 and 2008-2009, standardized CPUE values by the
GLM model were significantly lower than the corresponding
nominal CPUE values. As for the GAM model, the standardized
CPUE values were significantly lower than the corresponding
nominal CPUE values. However, there was little difference
between CPUEs values standardized by GLM and GAM; this may
be related to the assumption of relationships between CPUEs and
explanatory variables. So linear relations maybe weak between
CPUESs with explanatory variables, deviance explained is 21.57%
(Table 3), however, more nonlinearity relations maybe available
for them, deviance explained is 38.95% (Table 6). CPUE de-
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Fig. 3. Normal distribution checks, g-q plot, and histogram of residuals for the best GLM.

Table 6. Best GAM selected based on BIC values

Best model in GAM analysis

R2

BIC

Explained deviance/%

0.5724

45 254.56

38.95%

In(CPUE)~Intercept+Year+Month+s(Lon)+s(Lat)+s(SST)+s(SSTG)+s(SSH)+

s(Vessellength)+s(Year: Month)+s(Year: Lon)+s(Month: Lon)+s(Month:
Lat)+s(Lon: Lat)+e
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Table 7. Anova test for the best GAM model
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Parametric terms

Df F P-value
Factor(Year) 13 4.666 4.18x108
Factor(Month) 7 3.287 0.00171
factor(Lon) 23 2.763 1.19x10-°
Factor(Lat) 12 2.189 0.009 88
Factor(Year): factor(Month) 61 5.353 <0.001
Factor(Year): factor(Lon) 166 3.819 <0.001
Factor(Month): factor(Lon) 92 3.712 <0.001
factor(Month): factor(Lat) 51 3.993 <0.001
Factor(Lon): factor(Lat) 152 3.634 <0.001
Approximate significance of smooth terms
Edf Ref.df F P-value
s(SST) 7.850 8.638 11.921 <0.001
s(SSTG) 5.538 6.743 4.509 6.75x1075
s(SSH) 1.824 2.394 3.602 0.0211
s(Vessellength) 8.838 8.974 103.935 <0.001

Table 8. Five-fold cross validation of the best GAM

Case Correlation Mean square error
1 0.6172 0.9752
2 0.6313 0.968 2
3 0.606 3 1.0129
4 0.6057 1.0270
5 0.6027 0.9857

Note: Spearman’s correlation coefficient is shown.

creased from May to August (Fig. 7b), whereas it increased and
then decreased from September to December, with the highest
CPUE value occurring in October.

4 Discussion

4.1 Effect of temporal-spatial factors on CPUE

The GLM and GAM analyses indicated that temporal (i.e.,
Year, Month) and spatial factors (i.e., Longitude and Latitude), all
had a significant effect on CPUE values (p<0.05). GAM analysis
suggested that the two most important factors, which accounted
for the largest percentage of the CPUE value, were Longitude and
Year. Fluctuations of resources, as well as changes in marine en-
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vironmental conditions, climate, and fishing effort over time,
eventually led to yearly and seasonal fluctuations in CPUE. Dur-
ing 2005-2008, the annual mean CPUE value showed obvious de-
creases and dropped to the lowest level over the past 12 years in
2008 (Fig. 7a). In 2009, CPUE showed a significant increase, but
then gradually decreased. Changes in fishing effort may be the
main cause of yearly fluctuations and declines in CPUE value.
Further, CPUE differed significantly among months (p<0.01), de-
creasing from May to August (Fig. 7b), while increasing and then
decreasing from September to December, peaking in October, a
result that was consistent with those reported by Wu et al. (2015)
and Yan (2012). The seasonal migration of saury and the produc-
tion time of the saury fishery are the main reasons for the season-
al fluctuation in CPUE value; thus, the time variable month
showed an impact on CPUE value.

The results of this study indicated that, in the range from 38.5°
to 44°N and from 145° to 155°E, overall, CPUE values increased
with increasing Longitude and Latitude but fluctuated, peaking at
a marine site near 44°N, 155°E; further, this fluctuation may be
associated with the migratory route of Pacific saury. Before Au-
gust, Pacific saury migrates from the South to the North for feed-
ing, and they start to reverse the route from near 46°N in Septem-
ber for feeding and over-winter migration (Tian et al., 2003; Shen
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Fig. 4. Normal distribution checks, g-g plot, and histogram of residuals for the best GAM.



106

Hua Chuanxiang et al. Acta Oceanol. Sin., 2019, Vol. 38, No. 10, P. 100-110

2 2t T DI N
El o _ | !
ieeepgelipoeany
5_2 l+ + 2 l l l t b l ; T "l i é.
© 4t A 8 2 I 1
2003 2005 2008 2010 2012 2014 2016
Year
DT D i A
“n [ TR RS AN AN R SR TR TR AR S S & o 4
ng (R AN T GO S FON SO < S O T O O - By D
1. | oooadennonnacanaghely
£~ I § " ] 1 !
Z2[ diitidiitgatiidi’
S 4 : ' _
145°E 149°E 153°E 157°E 161°E 165°E
g2f; TT 1T 1111170
f.bbpeoeBaBg e
eI E T T T RS R T R L
= £ o ok o B oo o FO2
(G DA R S :
9 10 11 12 13 14 15 16 17 18 19 20
SST/°C
2 w L o4 w &
s 2% Eor o ko
S -
EO-EEE AEEBHE =
2 I 1 I JI_ E
2_2.1 : : : ! ' : :
< L + L 1 i
S i Vo ]
4

0.05 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00
SSH/m

L V.|
"‘5 2 r T 1 ' : é : ] _
=] ]
2 oot =]

- + 1 ' T
2 I * 4+ 4 + ¥ % i
O 4 : ? :

5 6 7 8 9 10 11 12
Month
rgz-T;TT'TTTT?':'TT |
=i
olBdebagBanoang
| 3 ! 1 L ' 1
AR
@] 4 £ ] E ] : 2 i
36°N  38°N  40°N  42°N  44°N  46°N  48°N
-.J; - _I i ) '
'Tg 21, ' ' H ] T 2 i T - T
=
i SEBEHEE 5808
= ; 1 | 1 I | |
%‘2 é 1{ i Lo
© 4
0.01 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16 0.18 0.20
SSTG/°C-km™!
o S i
i £ & 4 & ¥ |
7o =N=ls
£ ° EI EI : E . '
-~ 1 ! 1
- S T
; 3 J
-4 ) £
59 60 62 64 70 72 74
Vessel length/m

Fig. 5. Boxplot of residuals and explanatory variables fitted by best GAM.

et al., 2004). During its northward migration, Pacific saury is
widely distributed, and the fishing grounds are relatively dis-
persed; whereas, during its southward migration, plankton
growth is promoted by the increasing strength of the Oyashio
Current and the richness in nutrients of seawater, which causes
the school of Pacific saury to gradually concentrate near the
coastal waters (He et al., 1999), thereby increasing the fishery
catch continually until the end of the fishing season in early
December.

4.2 Effect of environmental factors on CPUE

The distribution of Pacific saury is tightly associated with
marine environmental factors (Takasuka et al., 2014; He et al.,
1999; Wang et al., 2012), as reported in many studies based on
environmental factor data obtained via remote sensing (Steph-
ens and MacCall, 2004). The SST data in this study were obtained
via on-board monitoring. Our results indicated that CPUE was
significantly correlated with SST (p<0.01), and slowly increased
with increasing SST within a temperature range from 11 to 15°C,
which was consistent with the findings reported by Zhu et al.
(2006b). CPUE was significantly correlated with SSH (p<0.01) and
SSTG (p<0.01). For the SSH, CPUE increased with increasing SSH
within a range from 0.2 to 0.6 m and have some fluctuation
between a range from 0.6 to 1.2 m. CPUE increased with increas-
ing SSTG within a range from 0.05 to 0.2°C/km. A similar result
was obtained by Tian (2004) while studying Pacific saury fishery
data in Japan. It can be seen that environmental factors have a

significant impact on CPUE and should be taken into account in
future studies.

4.3 Effect of vessel performance on CPUE

Pacific saury fishing is conducted using a stick-held net un-
der light induction (Yu et al., 2006), where fish-gathering lamps
are used to induce a school of fish into a fishing net on one side of
the vessel, and the net is then hauled to catch the fish (Yang et al.,
2005). It is generally accepted that the Vessellength significantly
affects Pacific saury fishing. Indeed, the results from the GLM
and GAM models indicated that the Vessellength significantly af-
fected CPUE (p<0.01); the reason for this may be that vessel
length affected the working space in Pacific saury fishing vessels,
the size of the fishing gear, the convenience of the fishing pro-
cess, and the capacity for processing and freezing caught fish, all
of which, together, resulted in a large impact on CPUE of Pacific
saury fishing vessels.

4.4 Comparison between GLM and GAM

GLMs and GAMs are commonly used to standardize CPUE
values; however, both show advantages and limitations. GLMs
assume that there is a linear relationship between response vari-
ables and the explanatory variables. However, nonlinear rela-
tionships are common between fish densities and environment-
al factors (Walsh and Kleiber, 2001; Denis et al., 2002). For ex-
ample, the three most important predictors in the main effects
models were SST, Latitude, and Longitude, all of which may have
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non-linear relationships with Pacific saury CPUE. Contrarily,
GAMs are extensions of GLMs in which the explanatory variables
have been replaced with smooth functions to deal with nonlin-
ear relationships between the response variable and explanatory
variables. However, the smoothening functions of GAM models
cannot infer predictions outside of the range of the training data

that were used to build the model effectively (Frescino et al.,
2001). Any value in the test sets out of the training data range
would be assigned to the closest maximum or minimum values
of the training data set. Nonetheless, both GLM and GAM
showed good performance for estimating relative abundance in-
dex in this study. Our experience confirms that different models
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are suitable for different situations and data sources.

In our study, GLM analysis indicated that the Year, Month,
Longitude, Latitude, SST, SSTG, SSH, Vessellength and the inter-
action terms YearxMonth, MonthxLongitude, and MonthxLatit-
ude, LongitudexLatitude were all significant variables with highly
significant effects on CPUE (p<0.05), whereas GAM analysis in-
dicated that interaction terms include YearxMonth, YearxLongit-
ude, MonthxLongitude, MonthxLatitude, LongitudexLatitude.
The GAM model effectively explained a higher average percent-
age of Deviance than the GLM model (Tables 3 and 6). We can
see that linear relations may be weak between CPUE values and
an explanatory variable (deviance explained was only 21.57% in
this case); however, more nonlinear relations were available for
CPUE values, whereby deviance explained reached 38.95%. Com-
paring the results of cross-validation tests in GLM and GAM ana-

Table 9. Nominal and standardized CPUE from 2003 to 2017

lyses (Tables 5 and 8), higher Spearman's correlation and lower
mean squared error (MSE) between observed and predicted val-
ues of test data were observed by GAM. Therefore, GAM is likely
to be more suitable than GLM for CPUE standardization of Pa-
cific saury fishing in the Northwest Pacific Ocean.

In summary, the application of statistical models such as
GAMs, which perform better than GLMs with the nonlinearity of
predictors and spatial autocorrelation, should be given priority
for the future CPUE standardization. Furthermore, in most cases,
fishery data are commercial fishery data, which do not corres-
pond to a design. The predicted relative resource abundance in-
dex will be unreliable and remain considerable uncertainty if the
survey area is not enough due to the lack of sampling locations or
biased designs. In this situation, GAMs should be preferred (Yu et
al., 2013). Therefore, GAMs are appropriate for standardization of
Pacific saury CPUE. This study contributes to Pacific saury fish-
ery research by recommending potential statistical approaches
for standardizing CPUE, which can provide a solid support to
fishery stock assessment.

5 Conclusions

Fishery management and conservation depend heavily on ac-
curate fish stock assessments which always need reliable relative
abundance index. In order to get a more reliable fishery CPUE, a
well-performed CPUE standardization model is needed. In this
study we evaluated the performance of statistical methods in-
cluding GLMs and GAMs, using CPUE data collected from the
Chinese saury fishery in the Northwest Pacific Ocean from 2003
to 2017. Further, we evaluated the impact of spatial, temporal,
environmental variables and vessel length on CPUE. The signific-
ant variables were used individually in the GLM/GAM to select
an optimal GLM/GAM model based on BIC. Subsequently, we
used deviance explained and results from 5-fold bootstrap cross-
validations to compare the performance of the two types of mod-
el. The standardized indices of abundance from the two models
studied here suggested a gradual fluctuation trend in Pacific
saury CPUE for the Northwest Pacific Ocean. The performance of
GLM and GAM were evaluated to determine the most robust
model for standardizing CPUE as an index of abundance for Pa-
cific saury. GAM models were more suitable than GLM models
for fitting the fishery data. The reason was that GAMs could fit the
nonlinear relationships that exist between the response variables
and the explanatory variables. These methods could be repro-
duced efficiently and used to examine the spatial/temporal dy-

Year Nominal CPUE Standardized CPUE by GAM 95% CI by GAM Standardized CPUE by GLM 95% CI by GLM
2003 13.70 11.40 [8.57, 14.23] 11.79 [11.10, 12.48]
2004 7.26 6.36 [5.18, 7.54] 8.82 [8.32,9.33]
2005 10.20 9.29 [7.72,10.85] 10.47 [9.88,11.07]
2006 10.67 6.83 [6.24, 7.42] 10.35 [9.32,11.39]
2008 9.62 4.36 [3.83, 4.89] 10.08 [8.08, 10.89]
2009 6.69 4.84 [4.52,5.17] 9.02 [8.69, 9.35]
2010 11.13 8.77 [7.92,9.62] 9.57 [8.77,10.38]
2011 9.64 6.40 [5.69, 7.11] 7.28 [7.09, 7.48]
2012 19.37 13.48 [12.60, 14.36] 10.77 [10.25,11.28]
2013 20.80 14.58 [14.22, 14.95] 14.55 [14.06, 15.04]
2014 22.11 16.48 [16.14, 16.82] 11.87 [11.68, 12.05]
2015 23.48 17.36 [16.93,17.79] 14.45 [14.19,14.71]
2016 15.02 9.25 [9.04, 9.45] 9.19 [9.04, 9.34]
2017 12.12 8.62 [8.47,8.77] 8.62 [8.50, 8.75]
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namics of fishing activities.

Although we have obtained some valuable research results,
we believe there are still some important shortcomings: (1) The
relationship between fish distribution and the environmental
factors over time is not static and fishing space is important for
discovering the real fish abundance variation. (2) Fish species are
not randomly distributed in the ocean, but tend to cluster in cer-
tain habitats and may be rare or totally absent in others. (3) AIC is
the most popular criterion for model selection when GLMs/
GAMs are used to estimate CPUE data. However, AIC may over-
estimate the effect of the number of parameters in the case of
small samples, which may cause unreliable results. In future
studies, we will emphasize on model improvement in order to
provide better recommendations for management and conserva-
tion.
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