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Abstract  There are substantial spatial variations in the relationships between catch-per-unit-effort (CPUE) and oceanographic 
conditions with respect to pelagic species. This study examines the monthly spatiotemporal distribution of CPUE of the neon flying 
squid, Ommastrephes bartramii, in the Northwest Pacific from July to November during 2004–2013, and analyzes the relationships 
with oceanographic conditions using a generalized additive model (GAM) and geographically weighted regression (GWR) model. 
The results show that most of the squids were harvested in waters with sea surface temperature (SST) between 7.6 and 24.6℃, chlo- 
rophyll-a (Chl-a) concentration below 1.0 mg m−3, sea surface salinity (SSS) between 32.7 and 34.6, and sea surface height (SSH) 
between −12.8 and 28.4 cm. The monthly spatial distribution patterns of O. bartramii predicted using GAM and GWR models are 
similar to observed patterns for all months. There are notable variations in the local coefficients of GWR, indicating the presence of 
spatial non-stationarity in the relationship between O. bartramii CPUE and oceanographic conditions. The statistical results show 
that there were nearly equal positive and negative coefficients for Chl-a, more positive than negative coefficients for SST, and more 
negative than positive coefficients for SSS and SSH. The overall accuracies of the hot spots predicted by GWR exceed 60% (except 
for October), indicating a good performance of this model and its improvement over GAM. Our study provides a better understand- 
ing of the ecological dynamics of O. bartramii CPUE and makes it possible to use GWR to study the spatially nonstationary charac- 
teristics of other pelagic species. 

Key words  Ommastrephes bartramii; catch-per-unit-effort (CPUE); oceanographic conditions; geographically weighted regres- 
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1 Introduction 
The neon flying squid Ommastrephes bartramii inhab- 

its vast areas of subtropical and temperate waters through- 
out the world’s oceans (Yatsu et al., 2000; Ichii et al., 
2004). O. bartramii stocks are particularly plentiful in the 
Northwest Pacific (Chen and Chiu, 2003; Bower and Ichii, 
2005; Feng et al., 2017a), and they support the commer- 
cial pelagic fisheries of China, Japan, and South Korea 
(Yan et al., 2009; Yu et al., 2015a). O. bartramii is a 
short-lived, opportunistic species that typically lives for 
one year (Rodhouse, 2001; Fan et al., 2009) and under- 
goes extensive seasonal migration between its spawning  
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grounds in subtropical waters and feeding grounds in the 
Subarctic Boundary and the Transition Domain (Yatsu  
et al., 1997; Nishikawa et al., 2015). The O. bartramii 
fisheries are highly unstable and respond dynamically and 
rapidly to changes in the oceanographic environment 
(Rodhouse, 2001), leading to substantial seasonal, and 
even monthly, variations in their spatial distribution 
(Alabia et al., 2015). Knowledge of the squid’s spatio- 
temporal distribution and its relationships with oceano- 
graphic conditions are critical to understanding the fish- 
ery ecological dynamics and to enable its sustainable ex- 
ploitation and integrated management. 

Spatial distribution is an important, if not essential, 
feature of fisheries that is of considerable interest to both 
fishing fleets and scientists (Rodhouse, 2001; Yang et al., 
2013; Chen et al., 2016; Feng et al., 2016). Recent pro- 
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gress in the development of geographical information 
systems (GIS) and their incorporated spatial analysis tools 
have facilitated analysis of the spatiotemporal distribution 
of oceanic species such as O. bartramii (Bower and Ichii, 
2005; Wang et al., 2010; Meaden and Aguilar-Manjarrez, 
2013). In this respect, Hayase (1995) studied the spatial 
distribution of O. bartramii in the North Pacific and iden- 
tified specific spawning ground boundaries. Ishida et al. 
(1999) examined the summer distribution of O. bartramii 
with respect to the oceanographic structure of the North- 
west Pacific from 1992 to 1998. Cao et al. (2009) inves- 
tigated the influence of oceanographic variability on the 
abundance and distribution of the western winter-spring 
cohort of O. bartramii in the Northwest Pacific. Chen et al. 
(2012) studied the monthly latitudinal centroid of catch- 
per-unit-effort (CPUE) and analyzed the impact of Ku- 
roshio Current on the spatial distribution of O. bartramii. 
Their results showed that the variation in the strength of 
Kuroshio Current leads to changes in environmental con- 
ditions that can be used to forecast the location of future 
O. bartramii feeding grounds. Recently, Feng et al. (2016) 
identified the spatial hot and cold spots of O. bartramii in 
the Northwest Pacific and revealed their spatial clustering 
and structure from 2007 to 2010, based on commercial 
fishery data collected by the Chinese mainland squid- 
jigging fleets. 

La Niña events have been recognized to cause vari- 
ations in the oceanographic conditions of O. bartramii 
spawning grounds, resulting in decreased squid recruit- 
ment, while El Niño events have been found to lead to 
oceanographic conditions favorable for squid recruitment 
(Chen et al., 2007; Feng et al., 2017b). A habitat suitabil- 
ity index (HSI) has been used to identify optimal habitats 
and potential fishing grounds for O. bartramii in the 
Northwest Pacific (Feng et al., 2014). This HSI was de- 
veloped from the relationship between fishery data from 
Chinese mainland squid fleets and remotely sensed 
oceanographic conditions, including sea surface tempera- 
ture (SST), chlorophyll-a (Chl-a) concentrations, sea sur- 
face salinity (SSS), and sea surface height (SSH). To de- 
duce the relationships between CPUE and oceanographic 
factors, generalized linear models (GLM) and generalized 
additive models (GAM) have been applied (Bower and 
Ichii, 2005; Chen et al., 2008; Yu et al., 2013; Nishikawa 
et al., 2014). Compared with GLM, GAM can be em- 
ployed to more robustly explain nonlinear ecological re- 
sponses to oceanographic conditions (Tian et al., 2010; 
Drexler and Ainsworth, 2013; Grüss et al., 2014). By 
integrating longitude and latitude, GAM can evaluate the 
effect of location on CPUE distribution with spatially 
stationary coefficients. 

However, the relationship between CPUE and oceano- 
graphic condition varies across space, and this character- 
istic is usually described as spatial stationarity (Windle  
et al., 2009; Tseng et al., 2013). Spatial stationarity can- 
not be adequately addressed by GLM and GAM; however, 
geographically weighted regression (GWR) is an effective 
local modeling technique for spatial analysis that enables 
the local relationships to be measured and visualized 

(Fotheringham et al., 1998; Fotheringham et al., 2003). 
As GWR coefficients are spatially variable, they allow 
representation of the spatial non-stationarity of O. bartra- 
mii in the Northwest Pacific. 

This paper identifies the monthly spatiotemporal dis- 
tribution of the O. bartramii CPUE in the Northwest Pa- 
cific from 2014–2013, and examines its relationship with 
oceanographic conditions using GAM and GWR. The 
specific research aims: 1) to analyze the monthly distribu- 
tion and its variations in responses to oceanographic con- 
ditions based on commercial fishery data and remotely 
sensed environmental data; 2) to examine CPUE-envi- 
ronment relationships using GAM and GWR to identify 
preferred conditions for O. bartramii, where oceano- 
graphic factors include SST, Chl-a, SSS, and SSH; 3) to 
evaluate the impact of oceanographic factors on the bio- 
logical processes and distribution of O. bartramii; and 4) 
to predict spatial patterns of O. bartramii using calibrated 
GAM and GWR models and compare the prediction ac- 
curacy and applicability of the two models. 

The contribution of this paper is the use of GWR 
method to address the CPUE-environment relationships 
of O. bartramii that are characterized by spatially varying 
coefficients. Our research provides a better understanding 
of the monthly variation of O. bartramii CPUE and its 
relationship with the oceanographic environments, and 
also illustrates how GWR can be used to represent spa-
tially nonstationary dynamics of other pelagic species. 

2 Materials and Methods 
2.1 Commercial Fishery Data 

Our work focuses on the traditional Northwest Pacific 
fishing grounds between 148˚–161˚E and 38˚–45˚N, from 
July to November, from 2004 to 2013. Chinese co- 
mmercial O. bartramii fishery records were assembled by 
the Chinese Squid-jigging Technology Group (CSJTG). 
These records include fishing dates (year, month, and 
day), fishing locations (longitude and latitude), the num- 
ber of vessels in operation each day, and the daily catch 
of all vessels. Only four fishing companies were involved 
in squid fishing within the study area during 2004–2007, 
but the number of vessels has not been accurately re- 
ported. In 2009, there were 8 companies and 65 vessels 
participating in squid fisheries. From 2010 onwards, there 
were approximately 15 companies involved and 273 ves- 
sels were in use; but this number then decreased during 
2011–2013. Some vessels reported their daily catch with 
specific locations and time, while others only reported the 
total daily catch within a larger spatial grid to ensure the 
fishing trip was confidential (Yu et al., 2016). These fish- 
ery data were aggregated on a monthly basis and applied 
to a 0.5˚ × 0.5˚ spatial grid to reduce the influence of dif- 
ferences between fishing records (Chen et al., 2011). The 
nominal CPUE is expressed as 

ymij
ymij

ymij

C
CPUE

D
 


,             (1) 
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where CPUEymij is the monthly nominal CPUE (t d−1), 

ymijC  is the total catch for all vessels within a fishing 

grid element, and ymijD  is the total fishing days of all 
vessels within the same fishing grid element at longitude i 
and latitude j in month m and year y. 

2.2 Environmental Data 
Ocean environmental data were selected using remo- 

tely sensed datasets, including Aqua MODIS SST, Sea- 
WiFS MODIS Chl-a, Aquarius SSS, and Aquarius SSH. 
These environmental data cover the same spatial areas 
and temporal intervals as the O. bartramii fishery data 
mentioned above. Monthly SST and Chl-a data yielding a 
spatial resolution of 4 km were obtained from NASA 
Ocean Color (oceancolor.gsfc.nasa.gov), monthly SSS data 
yielding a spatial resolution of 1˚ × 1/3˚ were provided by 
Columbia University (iridl.ldeo.columbia.edu), and month- 
ly SSH data yielding a spatial resolution of 0.25˚ × 0.25˚ 
were provided by NOAA Ocean Watch (oceanwatch.pifsc. 
noaa.gov). To match the spatial scale of CPUE data, 
ocean environment data were resampled to a 0.5˚ × 0.5˚ 
grid. Resampling of SST, Chl-a, and SSH was accom- 
plished by down-scaling from a finer to coarser scale. 
Resampling of SSS from 1˚ × 0.33˚ to 0.5˚ × 0.5˚ was con- 
ducted by downscaling from a coarser scale (1˚) to a finer 
scale (0.5˚) in the longitude dimension. The downscaling 
did not improve SSS data precision or quality. 

2.3 GAM and GWR Methods 
GAM was applied to identify oceanographic (SST, 

Chl-a, SSS, and SSH) and spatiotemporal (location, year, 
and month) factors affecting the distribution of O. bar- 
tramii in the Northwest Pacific. GAM is a generalization 
of a linear regression model that uses unspecified (i.e., 
nonparametric) smoothing functions in place of linear 
covariate functions. The method has been shown to be 
effective in identifying nonlinear relationships between an 
explained variable and multiple explanatory variables 
(Hastie and Tibshirani, 1990; Windle et al., 2009; Tseng 
et al., 2013). The nonparametric GAM for CPUE-envi- 
ronment relationships is 

 ln( ) ( ) (Chl ) (SSS) (SSH)CPUE s SST s a s s      

(Year) (Month) (Longitude) (Latitude)s s s s       (2) 

where ln(CPUE) is the log-transformed CPUE for O. 
bartramii, s(.) are spline smoothing functions, and δ is the 
model fit residual. 

GWR is a set of regression models in which the coeffi- 
cients are allowed to vary spatially, i.e., the spatial non- 
stationarity of the datasets accounted for (Brunsdon et al., 
1996; Fotheringham et al., 1998; Fotheringham et al., 2003). 
GWR modeling is also capable of exploring the relation- 
ships between a dependent variable and multiple inde- 
pendent variables. The GWR relation in our study is 

  0( , ) 1 2 ( , )ln( ) ( SST) ( Chl )i j i jCPUE c c c a       

3 ( , ) 4 ( , ) ( , )( SSS) ( SSH)i j i j i jc c        (3) 

where c0(i,j) is the intercept, c1 � c4(i,j) are parameters to be 
estimated that relate to four oceanographic factors, and ε(i,j) 
is the model fitting residual at longitude i and latitude j. 

The GAM model was constructed using R-Gui version 
3.2.3 (Wood, 2006; R Development Core Team, 2014) 
while the GWR model was built using ArcGIS version 
10.1. The GAM and GWR models were then used to pre- 
dict the spatiotemporal distribution of O. bartramii in the 
Northwest Pacific from July to November 2004–2013. 

2.4 Evaluation Methods 
Several indices were selected to evaluate goodness- 

of-fit and compare GAM with GWR, including adjusted 
R2, Akaike Information Criterion (AIC), mean residual, 
residual sum of square (RSS), and Moran’s I for the re- 
sidual. An adjusted R2 value that approaches 1 signifies a 
good model fit, while smaller AIC values indicate a closer 
approximation to reality, and hence a more realistic model 
(Posada and Buckley, 2004; Windle et al., 2009). Smaller 
values for mean residual and RSS also indicate a better 
model fit. A well-fit model should yield randomly distrib- 
uted residuals (Windle et al., 2009). Global Moran’s I 
(Oden and Sokal, 1978) was used to analyze the residuals 
of GAM and GWR and examine their spatial fit perform- 
ances. A Moran’s I value greater than 0 with P < 0.05 in- 
dicates a positive correlation of residuals that tend to be 
clustered, whereas a Moran’s I value smaller than 0 with 
P < 0.05 indicates a negative correlation of residuals that 
tend to be dispersed. A Moran’s I value close or equal to 0 
with P > 0.05 indicates a weak or no autocorrelation and 
suggests randomly distributed residuals (Mitchell, 2005). 
Therefore, a well-fit model should yield a Moran’s I value 
close or equal to 0. 

Anselin Local Moran’s I, a local spatial auto-correla- 
tion statistic (Anselin, 1995, 2013) was applied to identify 
local spatial patterns of CPUE predicted by GAM and 
GWR. Statistically significant clusters consist of high- 
high CPUE (HH) or low-low CPUE (LL), while statisti- 
cally significant outliers can be a fishing grid element 
with a high CPUE surrounded by fishing grid elements 
with low CPUEs (HL), or a fishing grid element with a 
low CPUE surrounded by fishing grid elements with high 
CPUEs (LH). The statistically significant clusters of high- 
high CPUE are referred to as hot spots while clusters of 
low-low CPUE are known as cold spots. Based on the 
results from Anselin Local Moran’s I, we computed HH, 
LL and other categories (including HL, LH, and CPUE 
being not statistically significant) for both the observed 
and model-predicted CPUE. 

An element-by-element method was applied to com- 
pare observed and predicted states at the same location. 
There are four possible results for one element: 1) Hit: 
both the actual and predicted are HH (or LL); 2) Miss: the 
actual is HH (or LL) but the predicted is another state; 3) 
False: the actual is not HH (or LL) but is falsely predicted 
as HH (or LL); and 4) Correct rejection: both the actual 
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and predicted are not HH (or LL). These four states cor- 
respond to four indicators of accuracy or error (Pontius 
and Millones, 2011). Two additional indicators, HitOT 
and overall accuracy, representing the accuracies of mod- 

els were also used, where the HitOT indicates the per- 
centage of Hit for HH (or LL) considering the total points 
each month under study. The six indicators were calcu- 
lated as follows: 

Number of HH (or LL) points
HitOT

Total points

Numbers of points being correctly rejected as HH (LL)
Correct rejection

Total points

Overall accuracy ΗitOT of HH ΗitOT of LL Correct rejection

Number of 
Hit





  

 hit HH (or LL) points

Observed total HH (or LL) points

Number of missed HH (or LL) points
Miss

Observed total HH (or LL) points

Falsely predicted HH (or LL) points
False

Predicted total HH (or LL) points


























.              (4) 

3 Results 
3.1 Monthly Distributions of CPUE for O. bartramii 

For the five months from July to November, there were 
wide differences between the monthly distributions of 
CPUE in fishing locations over the study area within 
148˚–161˚E and 38˚–45˚N (Fig.1). The average nominal 
CPUE ranged from 1.48 in July to 2.61 in August, with 
an increase from July to October followed by a decrease 
from October to November (Table 1). The highest CPUE 
ranged from 8.1 in July to 11.8 in August, which was dis- 
tributed in the area bounded by 155.5˚–157.5˚E and 
40.5˚–45˚N. Except for October, the coefficients of vari-  
 

ation (CVs) for all months were smaller than 1, indicating 
low-variances of the O. bartramii CPUE in these months. 
The skewness values were positive in all five months, 
suggesting left-skewed distributions for O. bartramii CPUE. 
Of the five skewness values, the October value is anoma- 
lously large. All Moran’s I values were small; however, 
this does not necessarily indicate a random distribution 
because high z-scores also suggest some clustering on a 
local scale. The centroids of the squid fishery for August, 
September, and October were spatially close in the area 
bounded by 154.9˚–155.2˚E and 42.3˚–42.9˚N, while the 
centroids for the remaining two months were located fur- 
ther away (Fig.1 and Table 1). 

 
Fig.1 Monthly CPUE distributions of O. bartramii in Northwest Pacific. 
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Table 1 Monthly nominal O. bartramii CPUE of Chinese squid-jigging fishery in the Northwest Pacific from July to 
November, averaged over 2004 to 2013 

Max Moran’s I 
Month Min Mean 

Value Location 
CV Skewness

Value z-score 
Centroid 

7 0.22 1.48 8.1 157.5˚E, 40.5˚N 0.57 3.77 0.04 11.76 157.5˚E, 40.5˚N 
8 0.14 2.61 11.8 155.5˚E, 45.0˚N 0.57 2.93 0.05 9.14 155.2˚E, 42.3˚N 
9 0.20 2.58 10.9 156.5˚E, 42.5˚N 0.52 2.69 0.03 8.32 155.6˚E, 42.9˚N 
10 0.26 2.20 8.5 156.5˚E, 43.0˚N 1.31 10.15 0.03 5.19 154.9˚E, 42.7˚N 
11 0.10 1.85 8.3 156.5˚E, 42.5˚N 0.69 1.97 0.02 4.20 153.2˚E, 41.8˚N 

 

3.2 Monthly Environmental Variations Related to O.  
bartramii Fisheries 

Remarkable variations in oceanographic environments 
were observed in the Northwest Pacific during the main 
fishing season from July to November (Fig.2). There was 
a steady increase in average SST from July (17.4℃) to 
August (19.6℃) and then a continuous decrease from 
August to November (13.7℃). The average Chl-a de-  
 

creased from 0.3364 mg m−3 in July to 0.3112 mg m−3 in 
August, continuously increased from August to October, 
and then decreased from 0.4798 mg m−3 in October to 
0.4208 mg m−3 in November (Fig.2b). A significant de- 
crease in average SSS from 34.24 in July to 33.34 in Sep- 
tember, and an increase from September to November (33.58) 
were observed. For the average SSH, there was a decrease 
from 18.89 cm in July to 7.52 cm in September, and then 
an increase from September to November (15.96 cm). 

 
Fig.2 Monthly satellite-derived mean SST, Chl-a, SSS, and SSH values related to O. bartramii fisheries in the Northwest 
Pacific, averaged from 2004 to 2013. 

3.3 Modeled CPUE-Environment Relationships 
Each environmental factor was statistically significant 

in GAM (P < 0.05), illustrating that all are important in 
explaining the CPUE-environment relationship (Table 2). 
Total variance explained by the final GAM model was 
35.9%, satisfactory for fishery studies. Longitude ac- 
counted for the greatest deviance (297.45; 14.4%), fol- 
lowed by SSS (192.43) that accounted for 10.9% and 
month (86.31) that accounted for 4.2%. Other factors 
such as SSH, year, and SST explained measurable devi- 
ance in the GAM model, whereas Chl-a and latitude con- 
tributed little to the model and corresponded to the small- 
est deviances (0.4% and 0.3%, respectively), suggesting 
weak impacts of the two factors on O. bartramii CPUE. 
The GAM model showed that the distribution of O. bar- 
tramii significantly varied across longitude and was sen- 

sitive to both SSH and month. Thus the three most im- 
portant variables affecting O. bartramii CPUE are longi- 
tude, SSS, and month (in descending order of importance). 

CPUE increased as SST increased from 5.1 to 22.6℃, 
and then decreased with the increase of SST (Fig.3a). O. 
bartramii was most abundant in waters with the tempera- 
ture between 18.1 and 22.6℃. The GAM model sug- 
gested a decrease and then an increase of CPUE with 
increasing Chl-a (Fig.3b). CPUE increased when SSS 
rose from 31.93 to 33.38 and then decreased with in- 
creasing SSS (Fig.3c), and CPUE continuously decreased 
with increasing SSH (Fig.3d). In the spatial domain, 
greater CPUE was noted in waters within 152.5˚–158˚E 
and 42˚– 44˚N (Figs.3e–f). Significant inter-annual vari- 
ability in the distribution of CPUE was observed by the 
Chinese squid-jigging fishery, with greater CPUE de- 
tected in 2007 and 2011 while smaller CPUE detected in 
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2008 and 2012 (Fig.3g), which confirms the earlier find- 
ings of Feng et al. (2014). Month by month, greater 
CPUE was observed from August to October, with rela- 
tively smaller CPUE in July and November (Fig.3h). 

Overall, most squids were harvested in waters with tem- 
peratures between 7.6 and 24.6℃, Chl-a below 1.0 mg 

m−3, SSS between 32.67 and 34.61, and SSH between 
−12.8 and 28.4 cm. 

Table 2 GAM parameter estimates for O. bartramii in Northwest Pacific 

Variable 
Residual 
deviance 

Deviance 
explained 

Percentage of total deviance 
explained (%) 

AIC 
Adjusted 

R2 
P 

Null 2055.37      
+SST 2018.35 37.02 1.8 7954.73 0.017 <0.05 
+Chl-a 2010.78 7.57 2.2 7947.66 0.019 <0.01 
+SSS 1818.35 192.43 13.1 7605.10 0.045 <0.01 
+SSH 1757.61 60.74 14.5 7496.02 0.107 <0.01 
+Year 1708.94 48.67 16.9 7408.34 0.123 <0.01 
+Month 1622.63 86.31 21.1 7254.91 0.195 <0.01 
+Longitude 1325.18 297.45 35.5 6564.47 0.346 <0.01 
+Latitude 1318.46 6.72 35.8 6535.84 0.351 <0.01 

 

 
Fig.3 Relationship between O. bartramii CPUE and the predicted variables derived from GAM, with 95% confidence in-
tervals (dashed lines). 

Table 3 Summary statistics of estimated GWR coefficients with overall percentage of positive and negative values 

Variable Min Lower quartile Median Upper quartile Max % − % + 

Intercept −15.864 −0.885 0.150 0.953 10.320 45.5 54.5 
SST −0.391 −0.002 0.037 0.080 0.748 26.2 73.8 
Chl-a −9.781 −0.839 0.009 0.729 9.664 49.3 50.7 
SSS −19.463 −0.974 −0.161 0.389 10.691 56.5 43.5 
SSH −0.793 −0.029 −0.010 0.006 0.559 69.8 30.2 

 
There was a remarkable variation in the local GWR 

coefficients (Table 3), indicating the presence of spatial 
non-stationarity in the relationships between the O. bar- 

tramii CPUE and oceanic environmental factors in the 
Northwest Pacific. Compared with SST and SSH, the 
Chl-a and SSS coefficients had a range larger than 20, 
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suggesting stronger spatial variability of these two factors. 
There were more positive than negative coefficients for 
SST, while there were more negative than positive coeffi- 
cients for SSS and SSH. The number of positive and 

negative coefficients for Chl-a were approximately the 
same. Fig.4 presents a spatial visualization showing the 
distribution of GWR coefficients at a local scale across 
the study area. 

 

 
Fig.4 Contoured visualization of estimated GWR coefficients. Thin black lines indicate the zero contour. 

4 Discussion 
Literature shows that oceanographic conditions in the 

Northwest Pacific Ocean affect the feeding and growth of 
neon flying squid, as well as their distribution and migra- 
tory patterns (Yu et al., 2015b). Many specific environ- 
mental factors have been reported to influence the spawn- 
ing, growth, and fishing grounds of this species. As a re- 
sult, the relationships between ocean environmental fac- 
tors and O. bartramii CPUE are complex and are usu- 
ally spatially variable (c.f. Table 3 and Fig.4). Environ- 
mental variables such as SST, Chl-a, SSS, and SSH are 
commonly used to model the spatial relationships and 
patterns of squid (Nishikawa et al., 2015; Feng et al., 
2017a; Yu et al., 2016). The results show that about 
75.5% of the squid harvested in the study area were from 
the waters with the following attributes: temperature be- 
tween 7.6 and 24.6℃, chlorophyll-a less than 1.0 mg m−3, 
salinity between 32.67 and 34.61, and at a height anomaly 
between −12.8 and 28.4 cm. This result proves that these 

four factors substantially affected the catch and distribu- 
tion of O. bartramii in the Northwest Pacific during 2004– 
2013. The selection of these four factors is therefore ef- 
fective and reasonable in effectively addressing the spati- 
otemporal changes in catches and CPUE of O. bartramii. 

We suggest that the squid distribution and preferred 
habitat are dynamic, which can be inferred by GAM and 
GWR methods. To evaluate and compare the model per- 
formances of GAM and GWR, five criteria were selected 
and then calculated in R-Gui version 3.2.3. GWR in- 
cluded only four oceanographic factors in the model, 
while GAM used eight. GWR explained the O. bartramii 
CPUE better as measured by five selected criteria (Table 
4). The GWR model yielded a higher adjusted R2 but a 
lower AIC value, indicating a better fit performance 
compared to the GAM method. Both models had mean 
residuals approaching zero, while the residual sum of 
squares (RSS) for GWR was smaller by 178.79, confirm- 
ing its superior performance. As shown by Moran’s I and 
its P-value, the residuals from both models yielded ran- 
dom distributions; however, that of GWR was stronger 
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because of its higher P-value. Although locations for 
oceanographic factors were not explicitly included in 
GWR, they were substantially considered when using this 
method to explain spatial non-stationarity. The fishing 
year and month were not included in GWR modeling be- 
cause they complicated the model and did not improve its 
adjusted R2 and AIC. 

The monthly spatial distributions of O. bartramii pre- 
dicted by the GAM and GWR models were quite similar, 
and they are also similar to the observed nominal CPUE 
patterns averaged over 2004–2013 (c.f. Fig.1 and Fig.5).  
Of the summary statistics for monthly CPUE, the pre-  

dicted average CPUE was greater than that of the ob- 
served, but the largest CPUE was smaller, suggesting 
more evenly distributed CPUE than predicted by the 
models (Table 5). The highest CPUE predicted by GAM 
ranges from 3.2 in July to 5.8 in August in an area 
bounded by 154.5˚–156.5˚E and 40.5˚–43.5˚N. The high- 
est CPUE predicted by GWR ranges from 5.5 in July to 
9.7 in August, which was distributed in the area bounded 
by 153.5˚–158.5˚E and 40.5˚–44.5˚N. The CVs inferred 
from the models are smaller than the observed results for 
all months, suggesting low-variances of the predicted 
CPUE. Both the observed and predicted CPUE distribu-  

 

 
Fig.5 Comparison of the predicted O. bartramii CPUE modeled by GAM and GWR. 
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Table 4 Comparison of goodness-of-fit for GAM and GWR models used to infer CPUE-environment relationships 
for O. bartramii in the Northwest Pacific 

Residual 
Model Adjusted R2 AIC 

Mean Sum of squares Moran’s I P-value 

GAM 0.351 6547.01 −0.000086 1323.19 0.0098 0.06 
GWR 0.379 5197.99 0.000009 1144.40 −0.0044 0.32 

 
Table 5 July–November statistics of O. bartramii CPUE predicted by GAM and GWR models 

Max Moran’s I 
Model Month Min Mean 

Value Location 
CV Skewness

Value z-score 
Centroid 

7 0.42 1.58 3.2 156.0˚E, 40.5˚N 0.36 0.13 0.46 35.85 155.7˚E, 41.2˚N 
8 1.15 2.95 5.8 155.5˚E, 43.5˚N 0.40 0.41 0.72 25.00 155.5˚E, 41.8˚N 
9 0.94 2.73 5.4 156.5˚E, 43.5˚N 0.39 0.57 0.59 42.35 155.2˚E, 42.6˚N 
10 0.79 2.09 4.3 156.0˚E, 43.0˚N 0.41 0.62 0.76 27.29 154.5˚E, 42.2˚N 

GAM 

11 0.77 1.68 3.8 154.5˚E, 43.5˚N 0.39 1.27 0.52 32.36 153.3˚E, 41.6˚N 

 7 0.42 1.70 5.5 158.0˚E, 43.5˚N 0.59 2.81 0.22 17.81 155.8˚E, 41.3˚N 
 8 0.21 2.61 9.7 158.5˚E, 42.5˚N 0.64 5.30 0.21 8.24 155.5˚E, 41.9˚N 

GWR 9 0.35 2.65 7.3 157.5˚E, 44.5˚N 0.39 0.81 0.26 18.82 155.3˚E, 42.3˚N 
 10 0.57 2.09 6.3 157.5˚E, 44.5˚N 0.56 4.69 0.29 11.44 154.5˚E, 42.2˚N 
 11 0.45 1.81 6.5 153.5˚E, 40.5˚N 0.49 1.64 0.05 3.22 153.1˚E, 41.5˚N 

 
tions are left-skewed. In all months, predicted CPUE is 
highly clustered as demonstrated by the high Moran’s 
Indices and their z-scores. The centroids predicted by 
GAM are located in the area bounded by 153.3˚–155.7˚E 
and 41.2˚–42.6˚N, while those predicted by GWR are 
bounded by 153.1˚–155.8˚E and 41.3˚–42.3˚N (Table 5). 
The two models produced similar results. Overall, the 
CPUE distribution results modeled by GWR more closely 
agreed with the observed values. 
  The monthly spatial distributions of O. bartramii pre-
dicted by the GAM and GWR models were quite similar, 
and they are also similar to the observed nominal CPUE 
patterns averaged over 2004–2013 (c.f. Fig.1 and Fig.5). 
Of the summary statistics for monthly CPUE, the pre- 
dicted average CPUE was greater than that of the ob- 
served, but the largest CPUE was smaller, suggesting 
more evenly distributed CPUE than predicted by the 
models (Table 5). The highest CPUE predicted by GAM 
ranges from 3.2 in July to 5.8 in August in an area 
bounded by 154.5˚–156.5˚E and 40.5˚–43.5˚N. The high- 
est CPUE predicted by GWR ranges from 5.5 in July to 
9.7 in August, which was distributed in the area bounded 
by 153.5˚–158.5˚E and 40.5˚–44.5˚N. The CVs inferred 
from the models are smaller than the observed results for 
all months, suggesting low-variances of the predicted 
CPUE. Both the observed and predicted CPUE distribu- 
tions are left-skewed. In all months, predicted CPUE is 
highly clustered as demonstrated by the high Moran’s 
Indices and their z-scores. The centroids predicted by 
GAM are located in the area bounded by 153.3˚–155.7˚E 
and 41.2˚–42.6˚N, while those predicted by GWR are 
bounded by 153.1˚–155.8˚E and 41.3˚–42.3˚N (Table 5). 
The two models produced similar results. Overall, the 
CPUE distribution results modeled by GWR more closely 
agreed with the observed values. 

The hot and cold spots of observed and predicted 
CPUE were computed using Anselin Local Moran’s I 
using ArcGIS (Anselin, 1995; Anselin et al., 2006). An 

overlay map comparing the observed and predicted 
hot/cold spots was created for each month (Fig.6). Visual 
inspection shows a general similarity between the overall 
patterns produced by the GAM and GWR models for all 
months, but significant differences are detected on local 
scales (Table 6). The July hot spots are located in the 
northeastern part of the study area bounded by 155˚– 
160˚E and 39˚–40.5˚N, while the cold spots are located in 
the southwestern part bounded by 149.5˚–152˚E and 38˚– 
41˚N. Later in August, the hot spots move westward by 
about 2˚ and all are located to the north of 41.5˚N, while 
the cold spots in August move to the south of 40˚N. In 
September, the hot spots are in similar locations to those 
in August, while the cold spots move back to where they 
were in July in the southwestern part. The cold spots in 
October reduced in size compared to those in the previous 
three months, and hot spots in November are also signifi- 
cantly smaller than those in the previous four months, 
thereby suggesting less clustering which is also confirmed 
by the small Moran’s I and z-scores (Table 1). 

The overall accuracies of determining hot spots in July 
and August exceed 60% for GAM, but those in the other 
three months are less than 60% (Table 6). Except for Oc- 
tober, the overall accuracy for GWR exceeds 60%, indi- 
cating the solid performance of this model. The overall 
accuracy of GAM in July is greater than that of GWR 
while those in August are similar. The remaining three 
months show that GWR is more accurate than GAM. For 
both models, the accuracy in July and August is mainly 
due to the correct prediction of hot and cold spots, while 
the accuracy in September and October is mainly attrib- 
uted to the correct prediction of hot spots and other statis- 
tically non-significant categories. The accurate GWR 
predictions in November are largely related to other sta- 
tistically non-significant categories (42.3%), while the hot 
spots, cold spots, and other statistically non-significant 
categories make a similar contribution to the GAM model 
for November. 
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Fig.6 Comparison of the predicted hot spots of O. bartramii CPUE from GAM and GWR models. 

Table 6 Comparison of prediction accuracies (%) between GAM and GWR models 

HitOT HH-Hot spot LL-Cold spot 
Model Month 

Overall 
accuracy HH LL 

Correct due to 
other Hit Miss False Hit Miss False

7 78.3 31.0 29.1 18.2 92.0 8.0 30.4 97.4 2.6 13.8 
8 79.0 32.2 30.9 15.9 98.7 1.3 14.8 90.0 10.0 27.3 
9 58.8 25.3 11.6 21.9 88.1 11.9 33.7 62.8 37.2 60.9 

10 43.7 22.6 5.3 15.8 92.3 7.7 43.9 82.4 17.6 87.2 
GAM 

11 38.7 13.2 12.3 13.2 100.0 0.0 65.9 96.4 3.6 74.3 

 7 71.7 24.0 27.9 19.8 71.3 28.7 25.3 93.5 6.5 23.4 
 8 79.0 30.9 33.0 15.1 94.7 5.3 13.3 96.3 3.8 28.7 

GWR 9 71.3 27.9 15.5 27.9 97.0 3.0 25.3 83.7 16.3 50.0 
 10 47.4 23.7 6.0 17.7 96.9 3.1 36.4 94.1 5.9 86.3 
 11 66.8 11.8 12.7 42.3 89.7 10.3 57.4 100.0 0.0 55.6 
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5 Conclusions 
We examined the monthly distributions and the CPUE- 

environment relationships of O. bartramii in the tradi- 
tional Chinese squid-jigging fishing grounds in the North- 
west Pacific from July to November, between 2004 and 
2013. The results indicate that the observed average 
nominal CPUE ranges from 1.48 in July to 2.61 in August, 
increasing from July to October and decreasing from Oc- 
tober to November. The highest CPUE values range from 
8.1 in July to 11.8 in August and are distributed in an area 
bounded by 155.5˚–157.5˚E and 40.5˚–45˚N. Our results 
also show that most of the squids (about 75.5%) were 
harvested in waters with SST between 7.6 and 24.6℃, 
Chl-a less than 1.0 mg m−3, SSS between 32.67 and 34.61, 
and SSH between −12.8 and 28.4 cm. 

The CPUE-environment relationships for O. bartramii 
were examined using GAM and GWR modeling, and the 
spatial patterns of CPUE were predicted from July to 
November using calibrated models. The GWR method 
showed notable variation in local coefficients, indicating 
the presence of spatial non-stationarity in the relation- 
ships between the O. bartramii CPUE and the oceano- 
graphic conditions. In addition, there were nearly equal 
positive and negative coefficients for Chl-a, more positive 
than negative coefficients for SST, and more negative 
than positive coefficients for SSS and SSH. The overall 
hot spot accuracy in July and August exceeded 60% for 
GAM, but the accuracies for September, October, and 
November were less than 60%. Excluding October, the 
overall accuracies for GWR exceeded 60%, indicating 
good performance of this model. In comparison, GAM is 
better at identifying the preferred conditions for O. bar- 
tramii, while GWR is more effective in capturing the spa- 
tial non-stationarity in ecological dynamics. Our results 
contribute to a better understanding of the spatiotemporal 
distributions of CPUE and the impact of oceanographic 
variables on the O. bartramii fisheries in the Northwest 
Pacific. 
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