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Summary
Catch and effort data for the neon flying squid (Ommastrephes bartramii) from the Chinese Taipei’s squid-jigging fishery in the Northwest Pacific were collected from 2016 to 2025. The fishery was temporarily halted in 2010 and between 2012 and 2015. Catch per unit effort (CPUE) of neon flying squid was standardized using a generalized linear model (GLM) incorporating temporal, spatial, environmental, and vessel-related factors. All main explanatory variables were included in the final models and were statistically significant. The standardized CPUE decreased from 2016 to 2018, remained stable between 2019 and 2022, and gradually declined from 2023 to 2025.



1. Introduction
The neon flying squid (NFS), Ommastrephes bartramii, is a large oceanic squid widely distributed in the subtropical and temperate waters of the world’s oceans (Jereb and Roper, 2010). In the North Pacific, the NFS population comprises two seasonal cohorts, an autumn cohort hatching from September to February, and a winter-spring cohort hatching from January to August (Yatsu et al., 1997). The feeding grounds of the autumn cohort are located just east of 170°E, whereas those of the winter–spring cohort are distributed across the North Pacific. Thus, NFS caught west of 170°E are primarily considered part of the winter–spring cohort (the NW stock of Chen and Chiu, 2003).
Although international fishing fleets have commercially exploited NFS in the North Pacific since the 1980s, Chinese Taipei’s NFS fishery actually began in 1977, using jigging gear for harvesting. while some fishing vessels deployed driftnets during the late 1980s, a moratorium on high seas driftnet fishing took effect in late 1992. Since then, NFS has been harvested exclusively using hand and machine jigging.
[bookmark: _Hlk221733055]Since 2000, the number of vessels and total catches in the NFS fishery have gradually declined, as most vessels were equipped with torch-light nets and shifted their target to Pacific saury in the Northwest Pacific. In fact, no vessels harvested NFS between 2012 and 2015. Nevertheless, Chinese Taipei’s NFS fishery resumed in 2016, operating part-time in conjunction with the Pacific saury fishery. During 2016–2025, the number of active vessels ranged from 2 to 91, and the annual catches ranged from 2 to 3,589 tons.

2. Materials and methods
2.1. Fishery data
The catch data of NFS for Chinese Taipei’s squid-jigging fishery during 2016–2025 was used in this study. The fishery data for Chinese Taipei’s squid-jigging fishery have been collected by the Fisheries Agency and are maintained by the Overseas Fisheries Development Council (OFDC). The records include operation dates and locations, total squid catch (by weight category), and sea surface temperature (SST).
The catch data were compiled in a geographic reference format with a unit statistical grid of 0.5° (0.5° latitude by 0.5° longitude). Catch per unit effort (CPUE) was calculated as the weight of squid caught per vessel per day (i.e. t/vessel-day).
The Chinese Taipei squid fleet consists of vessels ranging from 700 to 1,200 GT, each vessel is typically manned by 30–40 fishers and equipped with 40–60 jigging machines. Fishing operations are conducted at night from about 18:00 h to 06:00 h. There is no bycatch in the fishery due to the high selectivity of the jig as a fishing gear.
The NFS catch data located west of 170°E were selected, comprising 4,542 catch records spanning May to December from 2016 to 2025 (Fig. 1). However, the data for May and December were temporarily excluded due to data scarcity in certain years: 15 records in May (1 in 2016, 11 in 2021, and 3 in 2022), and 1 record in December (2020). Additionally, the June data (41 records: 11 in 2021 and 30 in 2022) were merged into the July dataset. Consequently, a total of 4,526 catch records were used for CPUE standardization in this study.
The dataset comprised exclusively positive catch records. However, the interannual distribution of records was uneven, with particularly limited fishing operations in 2018 (n = 2), 2024 (n = 7), and 2025 (n = 11). These limited data may introduce additional uncertainty in the estimation of interannual variability.

2.2. Full model descriptions and model selection
The generalized linear model (GLM) was applied to standardize the CPUE of NFS during 2016–2025. The explanatory variables included temporal factors (year and month), spatial factors (longitude and latitude), vessel characteristics (gross tonnage, GT), and environmental conditions (sea surface temperature, SST). These variables were treated as categorical factors to capture interannual and seasonal variability (Table1). 
To ensure model robustness and assess potential multi-collinearity among explanatory variables, pairwise relationships were first evaluated using correlation analysis. Spearman’s rank correlation coefficients were calculated to examine the strength and direction of monotonic associations between variables. In addition, variance inflation factors (VIFs) were computed to quantify the extent of multi-collinearity among the independent variables in the models. 
Given that fishery-dependent data are typically right-skewed and exclusively positive, the response variable (CPUE) was natural logarithm transformed (ln[CPUE]) to satisfy the assumption of constant variance. A lognormal error distribution was assumed, with the error term (ε) following a normal distribution, ε ~ N(0, σ²). This approach is widely adopted in CPUE standardization to stabilize variance and normalize the residual distribution. The full model is expressed as follows:

ln(CPUE) = β0 + Year + Month + Lat + Lon + GT + SST + ε 

where β0 represents the intercept, and ε is the random error term. Year is a categorical variable from 2016 to 2025 (10 years). Month is a categorical variable with 5 calendar months (July–November). Latitude (Lat) and longitude (Lon) were included as categorical variables to account for spatial variability. Vessel gross tonnage (GT) and sea surface temperature (SST) were each divided into four intervals and treated as categorical predictors (Table 1).
Model selection was conducted using a stepwise regression approach, in which the contribution of each additional predictor was evaluated based on changes in deviance explained and the proportion of deviance explained relative to the total explained deviance. The Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) were used to evaluate model performance, with the final model selected based on the minimum BIC value. A suite of diagnostic tools, including residual distribution analyses and quantile–quantile (Q–Q) plots, was performed to evaluate model adequacy, goodness-of-fit, and the validity of the assumed error structure. Finally, the standardized CPUE index was derived from the optimal GLM and compared with the nominal CPUE to characterize long-term trends in the abundance of neon flying squid in the Northwest Pacific.

2.3. Yearly trend extraction
The standardized CPUE and its standard deviation (SD) represent the estimates of the mean and SD of predictions from the suggested model, respectively. The checklist for the CPUE standardization protocol is shown in Appendix 1.

3. Results and discussion
During 2016–2025, the Chinese Taipei squid jigging fleet targeting NFS winter-spring cohort operated primarily in the NPFC Convention Area, mainly aggregating between 41–43°N and 161–163°E (Fig. 1). Sample sizes varied substantially among years. In particular, observations for 2018, 2024, and 2025 were extremely limited (n = 2, 7, and 11, respectively). This uneven fishing effort resulted in a sparse spatial distribution of observations, increasing the uncertainty in interannual trends and warranting a cautious interpretation of these specific years.
Potential redundancy among explanatory variables was systematically evaluated using Spearman’s rank correlation coefficients and variance inflation factors (VIFs). Most pairs of covariates exhibited significant monotonic correlations (p <0.001), with the exception of the relationships between month and SST, as well as between vessel tonnage and geographic coordinates (Fig. 2). All VIF values were below the commonly accepted diagnostic threshold of 10 (Kleinbaum et al., 1988), indicating no severe multicollinearity among the predictors. These diagnostic results support the relative orthogonality of the selected explanatory variables, ensuring the numerical stability and interpretability of the estimated GLM coefficients used for CPUE standardization.
The optimal model yielded an AIC value of 3,496.9, BIC value of 3972.8, and explained 42.39% of the total deviance (Table 2). All variables were included in the final model and exhibited significant effects (Table 3). Model diagnostics, including quantile–quantile (Q–Q) plots, residual histograms, and fitted value–residual plots, indicated that the residuals were approximately normally distributed (Fig. 3). These results support the adequacy of the model fit and the validity of the assumed lognormal error structure for CPUE standardization.
The annual standardized CPUE values for NFS, derived from the optimal GLM, exhibited considerable interannual variability from 2016 to 2025 (Table 4). The CPUE values decreased from 2016 to 2018, remained stable during 2019–2022, and gradually declined from 2023 to 2025 (Fig. 4).
The relatively high CVs observed in certain years likely reflect differences in catch rate variability, spatial coverage, and sampling representativeness, rather than sample size alone. For example, the elevated CV in 2016 may be attributable to the broader spatial coverage and greater heterogeneity in fishing conditions captured by the larger dataset, which increased the variability in observed CPUE values. In contrast, although data for 2024 were limited, the elevated CV likely reflects increased uncertainty associated with sparse and potentially unevenly distributed samples. Conversely, the unusually low CV observed in 2018 should be interpreted cautiously, as the extremely limited number of observations (n = 2) likely underestimated the true variability and uncertainty of the standardized CPUE estimate. These results suggest that factors such as spatial heterogeneity, environmental variability, and limited sampling coverage may substantially influence the precision of annual CPUE estimates. In addition, some potentially important covariate, such as fishing depth, oceanographic conditions, and vessel-specific fishing strategies, were not included in the current GLM framework and may contribute to the unexplained variability in CPUE.
A comparison of the standardized and nominal CPUE indices reveals that while their interannual variation trends are broadly similar, the standardized CPUE exhibits less variability and a smoother temporal dynamic (Fig. 4). This suggests that a substantial portion of the variability observed in the nominal CPUE may be attributable to fishing effort distribution, fishing vessel characteristics, and environmental conditions, rather than solely reflecting variations in population abundance.
These results underscore the effectiveness of the GLM-based standardization framework in providing more reliable indices for assessing long-term abundance trends of NFS in the Northwest Pacific. Nevertheless, caution is warranted when interpreting estimates for years with sparse observations or high uncertainty, as limited sampling coverage may affect the reliability of the derived indices. Further improvements may be achieved by incorporating additional environmental and operational covariates, as well as by exploring alternative modeling approaches to better account for variability in CPUE.
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Table 1. Summary of explanatory variables used in the GLM analyses for CPUE standardization of neon flying squid caught by Chinese Taipei’s squid jigging fishery.

	Variables
	No. of categories
	Detail
	Note

	Year
	Year
	10
	2016–2025
	

	Month
	Month
	5
	July–November
	

	Latitude
	Lat
	30
	33.75°N – 48.25°N
	0.5 degree

	Longitude
	Lon
	48
	146.25°E – 169.75°E
	0.5 degree

	Vessel size
	GT
	4
	(1) <950; (2) 950-1050; 
(3) 1050-1200; (4) ≥1200 (tons)
	Gross tonnage

	Sea surface temperature
	SST
	4
	(1) <16; (2) 16-17; 
(3) 17-18; (4) ≥18 (°C)
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Table 2. Results of model selection using a GLM approach for CPUE standardization of neon flying squid caught by Chinese Taipei’s squid jigging fishery.

	No.
	GLM model
	ϕ
	Adj. 
	Dev. expl.
%
	AIC
	BIC
	d

	1
	
	0.924 
	0.285
	29.04
	3606.4
	3663.3
	1194.4

	2
	
	0.875
	0.323
	34.03
	3559.4
	3740.5
	1110.5

	3
	
	0.852
	0.341
	35.98
	3528.3
	3730.0
	1077.6

	4
	
	0.841
	0.349
	36.95
	3514.5
	3731.7
	1061.4

	5
	
	0.803
	0.379
	42.02
	3499.3
	3959.6
	976.0

	6
	
	0.800
	0.381
	42.39
	3496.9
	3972.8
	969.8



0 – intercept, – coefficient of i-th year (yeari), – coefficient of i-th month (monthi), – coefficient of i-th latitude class (Lati), – coefficient of i-th vessel class (GTi), – coefficient of i-th longitude class (Loni), – coefficient of i-th SST class (SSTi)




Table 3. Analysis of deviance table of the GLM approach for CPUE standardization of neon flying squid caught by Chinese Taipei’s squid jigging fishery.

	Variables
	SS
	Df
	F
	Pr(>F)
	Signif. codes

	Year
	488.87
	9
	67.89
	< 0.001
	***

	Lat
	83.93
	24
	4.37
	< 0.001
	***

	Month
	32.87
	4
	10.27
	<0.001
	***

	GT
	16.26
	3
	6.77
	< 0.001
	***

	Lon
	85.31
	47
	2.27
	< 0.001
	***

	SST
	6.27
	3
	2.61
	0.050
	*

	Residuals
	538.98
	1212
	aa

	Signif. codes:  ***, < 0.001; **, < 0.01; *, < 0.05



Final model
ln(CPUE) ~ β + Year + Lat + Month + GT + Lon + SST + ε




Table 4. Nominal and standardized CPUE indices (mt/vessel-day), along with summary statistics, derived from the GLM for Chinese Taipei squid jigging vessels in the Northwest Pacific Ocean (2016–2025).

	[bookmark: _Hlk228367339]Year
	Nominal CPUE
	Std. CPUE
	SD
	CV (%)
	95% CI by GLM

	
	
	
	
	
	Lower
	Upper

	2016
	4.77
	3.98
	2.46
	61.78
	3.57
	4.38

	2017
	2.00
	1.70
	0.68
	39.99
	1.55
	1.84

	2018
	0.89
	0.80
	0.05
	5.91
	0.73
	0.86

	2019
	0.97
	0.80
	0.22
	27.84
	0.78
	0.82

	2020
	0.99
	0.65
	0.31
	47.61
	0.60
	0.70

	2021
	0.60
	0.51
	0.27
	54.07
	0.45
	0.57

	2022
	0.75
	0.47
	0.25
	53.23
	0.43
	0.51

	2023
	1.04
	0.57
	0.25
	43.61
	0.53
	0.61

	2024
	0.60
	0.40
	0.18
	46.26
	0.26
	0.53

	2025
	0.15
	0.15
	0.03
	19.08
	0.12
	0.17













Figure 1. Inter-annual variation of fishing grounds of Chinese Taipei squid-jigging fishery for NFS from 2016 to 2025.
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Figure 2. Correlation matrix of explanatory variables used in the GLM analyses for neon flying squid CPUE standardization.
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Figure 3. Diagnostic plots for the best GLM model, including quantile–quantile (Q–Q) plots, residual histograms, and fitted values–residuals plots.
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Figure 4. Scaled nominal CPUE (dash line) and standardized CPUE (solid line) for NFS derived from the best GLM between 2016 and 2025. (shaded, 95% confidence intervals)



Appendix

Table S1. Checklist for the CPUE standardization protocol

	No.
	Step-by-step protocols
	Check

	1
	Provide a description of the type of data (logbook, observer, survey, etc.), and the "resolution" of the data (aggregated, set-by-set etc.).
	Yes
(Section 2.1)

	2
	Identify potential explanatory variables (i.e., spatial, temporal, environmental, and fisheries variables) that may influence CPUE values.
	Yes
(Section 2.2)

	3
	Plot annual/monthly spatial catch, effort and nominal CPUE distributions and determine temporal and spatial resolution for CPUE standardization.
	Yes
(Fig. 1)

	4
	Make scatter plots (for continuous variables) and/or box plots (for categorical variables) and present correlation matrix if possible to evaluate correlations between each pair of those variables.
	Yes
(Fig. 2)

	5
	Describe selected explanatory variables based on (2)-(4) to develop full model for the CPUE standardization.
	Yes 
(Section 2.1 and 2.2)

	6
	Specify model type and software (packages) and fit the data to the assumed statistical models (i.e., GLM, GAM, Delta-lognormal GLM, Neural Networks, Regression Trees, Habitat based models, and Statistical habitat based models).
	Yes 
(Section 2.2)

	7
	Evaluate and select the best model(s) using methods such as likelihood ratio test, information criterions, cross validation etc.
	Yes 
(Section 3, Table 2)

	8
	Provide diagnostic plots to support the chosen model is appropriate and assumption are met (QQ plot and residual plots along with predicted values and important explanatory variables, etc.).
	Yes 
(Section 3, Fig. 3)

	9
	Extract yearly and, if needed, seasonally standardized CPUE and standard error by a method that is able to account for spatial heterogeneity of effort, such as least squares mean or expanded grid. Provide details on how the CPUE index was extracted.
	Yes
(Section 2.3)

	10
	Calculate uncertainty (SD, CV, CI) for standardized CPUE for each year. Provide detailed explanation on how the uncertainty was calculated.
	Yes 
(Table 4)

	11
	Provide a table and a plot of nominal and standardized CPUEs over time. When the trends between nominal and standardized CPUE are largely different, explain the reasons (e.g. spatial shift of fishing efforts), whenever possible.
	Yes 
(Table 4, Fig. 4)
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