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Abstract

:

Data from the fishery of S. oualaniensis in the northern Indian Ocean from January to March and October to December 2017 to 2019 were modeled with sea surface temperature (SST), wind speed (WS), and photosynthetically active radiation (PAR). In this study, the fishing effort was used to evaluate the suitability index (SI) at SST, WS, and PAR. An integrated habitat suitability model (HSI) was developed with different weighting scenarios and weighting schemes. The optimal case was selected by calculation and comparison with the proportion of catch, effort, and catch per unit effort (CPUE) in the HSI interval (0~0.2, 0.2~0.6, 0.6~1); validation was performed using data from 2019. The weight of the optimal HSI model was 0.25 for sea surface temperature and photosynthetically active radiation, and 0.5 for wind speed. This model yielded the best performance and could accurately predict the fishing ground of S. oualaniensis in the northern Indian Ocean. The findings suggest that the integrated HSI model can predict the distribution of S. oualaniensis commendably, with wind speed as the most important factor affecting the spatial distribution of S. oualaniensis’ habitat in the northern Indian Ocean. By analyzing habitat selection by S. oualaniensis, this study verified and predicted the distribution of squid in the northern Indian Ocean, which allows the distribution of squid resources and fishing grounds to be modeled, and for the sustainable use of squid fishery resources.
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Key Contribution: The squid Sthenoteuthis oualaniensis has become an important economic cephalopod in the Indian Ocean due to its important role in the food chain and food web. Due to its short life cycle, it is very sensitive to changes in the marine environment, and changes in the habitat of S. oualaniensis also have a great impact on the marine system of the Indian Ocean. We combined environmental factors and habitat suitability to provide a scientific basis for the management of S. oualaniensis.










1. Introduction


The purpleback squid, Sthenoteuthis oualaniensis, is widely distributed in the Indian Ocean, as well as the tropical and subtropical maritime areas of the Pacific, particularly in the northwest waters of the Indian Ocean and the South China Sea [1,2]. It is a locally important economic species of cephalopod at present [3,4]. With the development of fishery capacity in the Indian Ocean, S. oualaniensis has become an important target of Chinese deep-sea fisheries. S. oualaniensis is a cephalopod with a short life cycle and is extremely sensitive to changes in the marine environment, which will affect its migration path and habitat distribution, thereby affecting fishing yields [5,6]. In the past, scholars have explored the effects of the sea surface temperature (SST), sea surface height (SSH), and other environmental factors on the distribution of S. oualaniensis, which can explain its distribution to a certain extent [2,7]. The Indian Ocean is affected by monsoon throughout the year [8]. Monsoon is one of the most important factors driving environmental change and marine ecological processes in the northern Indian Ocean, as well as the fishing yields of S. oualaniensis [9,10]. Photosynthetically active radiation (PAR) is the spectral component of the incident solar light absorbed by photosynthetic pigments in solar radiation. Hence, its value will affect the quantity and distribution of marine phytoplankton, thereby affecting the primary productivity of the ocean, becoming an important factor in the structure of the food web [11]. Therefore, different environmental factors could potentially influence the habitat distribution of S. oualaniensis in the northern Indian Ocean.



The habitat suitability index (HSI) has been widely used in population distribution and fishing ground forecasts in recent years, describing the habitat characteristics of species under varying environmental conditions. The HSI is one of the main means for presenting spatial distribution of fish resources in the marine environment [12,13,14]. The value range of the HSI ranges from 0 to 1, where 0 represents an unsuitable habitat and 1 represents the most suitable habitat [15]. Liu et al. [16] modeled the distribution of Illex argentinus in the southwest Atlantic Ocean by using sea temperature in different water layers. Wang and Chen [17] predicted the fishing ground of Katsuwonus pelamis in the central and western Pacific Ocean by using an HSI based on SST and SSH. The relationship between the habitat of S. oualaniensis and environmental variables was here studied and analyzed, with the aim of providing a scientific basis for forecast and management of S. oualaniensis resources.




2. Materials and Methods


2.1. Material Source


The production statistics of S. oualaniensis in the northern Indian Ocean were obtained from the Squid Fishing Technology Group and High Seas Trawl Technology Group of the China Ocean Fisheries Association. Data were collected from 2017 to 2019, on a monthly basis, at a spatial resolution of 0.5 × 0.5°. The fishing ground analyzed in this study was mainly distributed in the waters between 10~20° N and 55~70° E in the northern Indian Ocean (Figure 1). The collected data included date, longitude, latitude, and the total catch.



According to the results of previous studies, the marine environmental factors that mainly affect the habitat distribution of S. oualaniensis in the Indian Ocean are SST, wind speed (WS), and PAR [7,10,11]. The above three factors were selected for inclusion in the model analysis, which included SST and PAR data from the National Ocean and Atmosphere Administration (NOAA) in (https://oceanwatch.pifsc.noaa.gov/erddap/index.html) (accessed on 15 July 2021), and WS from the Hawaii University (http://apdrc.soest.hawaili.edu/data/data.php) (accessed on 18 July 2021), on a monthly time scale and spatial resolution of 0.5 × 0.5°.




2.2. Analysis Method


2.2.1. Calculation


Catch per unit effort (CPUE) was used to quantify the density of S. oualaniensis. According to the main operation time, the fishery data from January to March and October to December were selected to calculate the catch and operation times in the range of 0.5 × 0.5°, and the CPUE was calculated as follows:


  CPUE =   C   E    








where CPUE is metric tons/times; C represents the output of a fishing boat in one day; E represents the corresponding number of operations. The environmental data and fishery data with a resolution of 0.5 × 0.5° were matched with the fishery data (time; latitude and longitude; production; CPUE) using Kriging interpolation. Using a semi-variogram, spatial interpolation was performed on three environmental factors with good predictive performance and the corresponding fishery data. In order to visualize the model output, the semivariogram was fitted using a Gaussian model in ArcGIS 10.3 so that the environmental and fishery data corresponded.




2.2.2. Single-Factor Suitability Index (SI) Model


A single-factor SI model was made with SST, WS, and PAR, using CPUE from January to March and from October to December in 2017–2018. The range of SI was from 0 to 1. When the CPUE in the region was maximum, SI equaled 1. When CPUE was 0, SI equaled 0 [18,19]. The SI model was established according to CPUE, as follows:


   S I  =     C P U E   i   −   C P U E   i , m i n       C P U E   i , m a x   −   C P U E   i , m i n      








where CPUEi refers to the CPUE in the interval i; CPUEi,max refers to the maximum CPUE in the i range; CPUEi,min refers to the minimum CPUE in the i range.



The Statistical Package for the Social Sciences (SPSS) was used to fit SI values with different environmental factors (SST, WS, and PAR) as input values using the least-square method. The fitting formula is as follows:


   SI X  = exp [ a ×   ( X − b )  2  ]  








where   a   and b are the model parameters estimated by the least-square method to minimize the residual difference between the observed and predicted values; and X is the value of the environment variable. The value of SIX ranges from 0 to 1.




2.2.3. Habitat Suitability Index (HSI) Model


Based on the established SI model of a single additional environmental factor, environmental factors were provided with different weights [13] (Table 1), integrated HSI models under different weighting schemes were established, and the optimum HSI model was selected through comparison and analysis. The HSI calculation formula is as follows:


HIS = kSST × SISST + kWS × SIWS + kPAR × SIPAR








where kSST, kWS, and kPAR are, respectively, the weight values of SI models of SST, WS, and PAR, while SISST, SIWS, and SIPAR are, respectively, the SI values of SST, WS, and PAR.




2.2.4. HSI Model Screening and Verification


According to the HSI models established above under different weights, the HSI values from January to March and October to December 2017–2018 were calculated ranging from 0 to 1. HSI ≤ 0.2, 0.2 < HSI < 0.6, and HSI ≥ 0.6, respectively, defined as unsuitable habitats, normal habitats, and suitable habitats for the northern Indian Ocean S. oualaniensis population [20,21], and the proportion of yield, fishing effort, and CPUE for the three types of habitats were calculated. By comprehensively comparing the proportion of yield and fishing effort and the CPUE value, the optimal weight scheme was selected to obtain the optimal HSI model. In particular, the larger the proportion of fishing effort and yield, the better the model prediction. Analogously, the larger the CPUE value over 0.6, the better the predictive ability of the model was. By comparing the corresponding stations with CPUE values and the distribution of fishing grounds obtained using the HSI model, the prediction accuracy of the HSI model was calculated with a bound of 0.6.



The 2019 data were used to verify the model, and were integrated into the HSI model to calculate the yield share, fishing effort share, and CPUE value of the three types of habitat [20,21]. Based on the comprehensive HSI model that was obtained, the HSI spatial distribution maps from January to March and from October to December in 2017, 2018, and 2019 were made and superimposed with the distribution of CPUE to verify the accuracy and feasibility of the model.






3. Results and Analysis


3.1. SI Model


The relationship between SI and environment variables fitted with the least-square method shows that when R2 is greater than 0.6 and closer to 1, the relationship between SI and environment variables is in line with normal distribution. When p is less than 0.01, there is a very significant relationship between SI and environmental variables, and when p is less than 0.05, there is a significant relationship. The research results show that the R2 of most SI models is >0.6, the model fitting effect is good, and the model fitting passes the significance test (p < 0.05), which means that these models can be used as HSI models (Table 2).




3.2. HSI Model Analysis


Since different environmental factors have different degrees of influence on the response variables, this paper compares and analyzes the optimal weight scheme and builds the optimal HSI model by assigning different weight ratios to the SI values of environmental factors. The yields, fishing effort, and CPUE ratio within the HSI interval (0~0.2; 0.2~0.6; 0.6~1) of each model were calculated. If the HSI interval of 0.6~1 accounted for more fishing effort, and the CPUE value increased in the interval, the prediction performance of the model was better. The results show that, among the different weight cases from 2017 to 2018, case 3 is most consistent with the larger proportion of fishing effort in the range from 0.6 to 1, and the CPUE value increases in the different HSI intervals (0~0.2; 0.2~0.6; 0.6~1). Therefore, case 3 is the optimal weight scheme. That is, the HSI model based on the weight of case 3 is the best HSI model, and the corresponding weight ratio of SST, WS, and PAR is 0.25:0.5:0.25. The environmental factor with the highest values was WS, followed by the equal weight ratio of SST and PAR (Table 3 and Table 4).




3.3. Model Verification and Screening Results


The optimal HSI model was established based on 2017–2018 data to predict the distribution of a suitable habitat for S. oualaniensis in the northern Indian Ocean in 2019, and the fishery data from that year were used for verification and screening. The fishery and environmental data of 2019 were brought into the HSI model based on weight case 3, and the yield, fishing effort ratio, and the CPUE values in different HSI intervals (0~0.2; 0.2~0.6; 0.6~1) were summarized (Table 1). The obtained results are shown in Table 5. The results showed that the yield and fishing effort ranged by more than 60% in the HSI range of 0.6~1 in January to March and October to December, and more than 80% in March, October, and November. The CPUE value increases in different HSI ranges [0, 0.2], [0.2, 0.6], [0.6, 1,0]. The CPUE values for 2017–2018, when the model was built (Figure 2), and for 2019, when the forecast was made (Figure 3), are mostly concentrated in the higher HSI value range. These results indicate that the HSI model can best evaluate and predict the habitat status for S. oualaniensis in the northern Indian Ocean, and the SI value of WS is the largest proportion of the total weight during the model’s construction. The results show that WS exerts the main influence on the distribution of a suitable habitat for S. oualaniensis in the northern Indian Ocean.





4. Discussion


4.1. Effects of Environmental Factors on the Spatial Distribution of the Habitat of S. oualaniensis


As a cephalopod with a short life cycle, the pelagic habitat of S. oualaniensis is defined within narrow boundaries in terms of environmental variables, and is also sensible to closely related factors [22,23]. Studies have shown that changes in SST, SSH, SSS, chl-a, primary productivity, and other environmental factors will cause changes in the habitat selection of S. oualaniensis [7,24].



The northern Indian Ocean is affected by monsoon throughout the year. Monsoon is one of the most important factors driving environmental change and ecological processes in the northern Indian Ocean. Monsoon directly affects various hydrological factors, especially the spatial distribution and temporal changes in water flow direction, velocity, temperature, salinity, and sea surface nutrients [25]. The monsoon blows onto the water, causing it to drift with the wind and provoking the upwelling of nutrients from the deep layers to the illuminated surface of the water column, thereby promoting primary production [26] and ultimately driving the spatial distribution of S. oualaniensis [27]. S. oualaniensis is a warm ocean species, and SST has a direct impact on its growth, reproduction, and migration, as well as being one of the main factors causing its spatial distribution [28,29]. Many scholars have studied the relationship between the marine environment and the distribution of S. oualaniensis. For example, Chen and Ye [2] concluded that sea surface temperature played an important role in the formation of core fishing areas, with an appropriate sea surface temperature between 16.4 and 29.0 °C. Yu and Chen [24] combined four environmental factors, namely, SST, SSS, SSH, and chl-a, and found that SST was a major factor affecting S. oualaniensis’ spatial distribution in the South China Sea. According to the habitat suitability index model, combined with CPUE, Zhou et al. [30] proved that SST is a factor significantly affecting the habitat of S. oualaniensis in the South China Sea. Changes in climate and marine environment will modify the quantity and distribution of marine phytoplankton. When the PAR value increases, the quantity of marine phytoplankton will increase correspondingly, thus increasing marine primary productivity and food resources for zooplankton species. Therefore, the increase in PAR is conducive to food provision in S. oualaniensis, affecting its distribution and the fishing effort in the northern Indian Ocean [31,32,33]. In addition, as an important link in the marine food chain and food web, the distribution of S. oualaniensis is influenced by changes in its prey and predator distributions and abundances, as well as environmental factors.




4.2. Analysis of Habitat Suitability Index Model of S. oualaniensis


Using the optimal weight ratio scheme, it was found that the weight contribution rate of the wind speed was the largest, while the contribution rate of sea surface temperature and photosynthetically active radiation were similar. The largest contribution rate of wind speed may be due to the overriding influence of monsoon, which has an impact on the suitable habitat index [25,26,27]. The monsoon substantially drives the climate in the Indian Ocean. From April to June each year, the Southwest Monsoon starts, the Somali Sea flows strongly, and the subsurface cold water come to the surface. With the outbreak of the Southwest Monsoon and the strengthening of evaporation, the combined effects of the two factors lead to a sharp cooling of the water temperature in the North Indian Ocean, including the Arabian Sea, thereby affecting the habitat distribution of S. oualaniensis. In addition, monsoons cause changes in ocean currents, affecting habitat suitability. The model was cross-validated using a distinct dataset from 2019. According to the prediction results of the HSI model of Indian Ocean S. oualaniensis in 2019, it was found that when the fishing effort was taken as the index, the results were better in January, March, October, and November, and the fishing efforts in the appropriate habitat accounted for a relatively high proportion of the total results, all of which were above 70%. The results in February and December were poor, and the fishing efforts in suitable habitats accounted for more than 60% of the total, which was lower than that in other months. At the same time, according to the superimposed map of habitat suitability index and CPUE value in 2019, the distribution range of suitable habitat for northern Indian Ocean S. oualaniensis was roughly 12~18° N and 55~65° E. This is also the main distribution area indicated by scholars studying the central fishing ground for S. oualaniensis in the northern Indian Ocean [34,35]. The range of suitable habitat in February was concentrated in the north. By calculating the prediction accuracy of the HSI model and the corresponding sea area CPUE, a gap was found in the prediction accuracy in February compared to other months. The bias in the February forecast may be due to the influence of additional environmental factors or the inaccurate weighting of the environmental factors that were considered environmental weights, resulting in a lower suitable habitat index for areas where fishing efforts were carried out.



According to the generated maps of spatial distribution of S. oualaniensis, the HSI model fits well with S. oualaniensis CPUEs. Future HSI models should consider additional factors and also incorporate the effects of climate change to further enhance the forecast of S. oualaniensis fishery forecast.





5. Conclusions


According to fishery and environmental data from 2017 to 2018, an HSI model was established based on the established single-factor SI model, and different environmental factors were weighted. Based on the HSI of the fishery data of S. oualaniensis fisheries in the Indian Ocean and environmental factors such as SST, WS, and PAR, it was found that the weight contribution of the wind speed was the largest. In addition, S. oualaniensis is influenced by various other environmental factors, like PAR, which affects the abundance of plankton and, hence, the spatial and temporal distribution of the S. oualaniensis fishery in the northern Indian Ocean. The abundance of plankton and other food resources is conducive to the growth and feeding of the S. oualaniensis, which, in turn, affects the distribution of its bait organisms and has a potential impact on the resource quantity and spatiotemporal distribution of S. oualaniensis fisheries in the northern Indian Ocean. The here-presented HSI model could better reflect the habitat distribution of S. oualaniensis in the northern Indian Ocean.



This study selected three environmental factors, SST, WS, and PAR, to construct an HSI model. However, the actual growth environment of S. oualaniensis is also affected by various other environmental factors. A more comprehensive analysis of the impact of each environmental factor on the habitat is needed to make the HSI model more accurate.



In the future, it is necessary to strengthen the collection of time series samples, improve the quality of fishing data, comprehensively consider more environmental factors and climate events, and accurately analyze the changes in the fishing grounds and habitats, which could provide a basis for the rational development of the fishery and the establishment of relevant fishing situation prediction models.
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Figure 1. Research scope of the squid Sthenoteuthis oualaniensis in the Indian Ocean. The red box represents the fishing operation area for data used by the research institute. 
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Figure 2. The spatial distribution of CPUE overlapped with the HSI values in 2017–2018. The larger the CPUE coverage, the higher the overlap with the HSI values. 
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Figure 3. The spatial distribution of CPUE overlapped with the HSI values from 2019, calculated by the optimal model. The larger the CPUE coverage, the more it overlaps with the predicted habitat. 
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Table 1. Different scenarios for the weights of different environmental factors.
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	Scenarios
	kSST
	kWS
	kPAR





	Case1
	0.5
	0.25
	0.25



	Case2
	0.333
	0.333
	0.333



	Case3
	0.25
	0.5
	0.25



	Case4
	0.25
	0.25
	0.5



	Case5
	0.1
	0.1
	0.8



	Case6
	0.1
	0.8
	0.1



	Case7
	0
	0
	1



	Case8
	0
	1
	0










 





Table 2. Fitting formula of SI models. The closer R2 is to 1, the more significant the impact of environmental factors.
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Environmental Factors

	
Month

	
SI Model

	
R2

	
p






	
SST

	
January

	
SISST = exp [−4.012 × (XSST − 25.877)2]

	
0.981

	
0.006




	
February

	
SISST = exp [−7.845 × (XSST − 25.498)2]

	
0.982

	
0.001




	
March

	
SISST = exp [−11.417 × (XSST − 26.756)2]

	
0.999

	
0.008




	
October

	
SISST = exp [−4.696 × (XSST − 28.089)2]

	
0.997

	
0.001




	
November

	
SISST = exp [−7.814 × (XSST − 27.889)2]

	
0.760

	
0.018




	
December

	
SISST = exp [−6.75 × (XSST − 26.459)2]

	
0.925

	
0.001




	
WS

	
January

	
SIWS = exp [−0.919 × (XWS − 6.926)2]

	
0.747

	
0.001




	
February

	
SIWS = exp [−14.23 × (XWS − 5.229)2]

	
0.549

	
0.005




	
March

	
SIWS = exp [−1.896 × (XWS − 4.035)2]

	
0.689

	
0.031




	
October

	
SIWS = exp [−9.212 × (XWS − 3.264)2]

	
0.955

	
0.001




	
November

	
SIWS = exp [−1.029 × (XWS − 4.987)2]

	
0.623

	
0.017




	
December

	
SIWS = exp [−4.895 × (XWS − 7.45)2]

	
0.826

	
0.016




	
PAR

	
January

	
SIPAR = exp [−0.564 × (XPAR − 43.059)2]

	
0.742

	
0.003




	
February

	
SIPAR = exp [−0.501 × (XPAR − 48.204)2]

	
0.536

	
0.009




	
March

	
SIPAR = exp [−1.061 × (XPAR − 54.238)2]

	
0.814

	
0.001




	
October

	
SIPAR = exp [−6.686 × (XPAR − 47.041)2]

	
0.756

	
0.001




	
November

	
SIPAR = exp [−0.547 × (XPAR − 41.682)2]

	
0.733

	
0.001




	
December

	
SIPAR = exp [−1.552 × (XPAR − 39.563)2]

	
0.613

	
0.001











 





Table 3. Percentage of catch and effort under different HSI class intervals sourced from different weighting models during 2017–2018.
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Month

	
HSI

	
Case1

	
Case2

	
Case3

	
Case4




	
Catch/%

	
Effort/%

	
Catch/%

	
Effort/%

	
Catch/%

	
Effort/%

	
Catch/%

	
Effort/%






	
January

	
[0–0.2]

	
0.21

	
1.73

	
0.16

	
1.64

	
0.15

	
1.51

	
0.18

	
1.68




	
(0.2–0.6)

	
36.98

	
39.76

	
24.17

	
28.86

	
17.97

	
22.21

	
37.46

	
36.97




	
[0.6–1]

	
62.82

	
58.51

	
75.67

	
69.50

	
81.88

	
76.29

	
62.36

	
61.35




	
February

	
[0–0.2]

	
2.65

	
1.74

	
2.76

	
1.39

	
3.24

	
2.44

	
0.60

	
0.60




	
(0.2–0.6)

	
29.97

	
23.28

	
42.50

	
44.78

	
38.81

	
46.24

	
47.46

	
38.36




	
[0.6–1]

	
67.38

	
74.98

	
54.74

	
53.83

	
57.95

	
51.32

	
51.94

	
61.04




	
March

	
[0–0.2]

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00




	
(0.2–0.6)

	
29.85

	
25.16

	
11.27

	
13.57

	
8.53

	
14.50

	
36.51

	
32.96




	
[0.6–1]

	
70.15

	
74.84

	
88.73

	
86.43

	
91.47

	
85.50

	
63.49

	
67.04




	
October

	
[0–0.2]

	
3.56

	
3.38

	
1.84

	
2.06

	
6.77

	
7.60

	
7.85

	
8.74




	
(0.2–0.6)

	
38.91

	
43.70

	
40.62

	
45.02

	
43.33

	
41.68

	
46.20

	
51.95




	
[0.6–1]

	
57.53

	
52.92

	
57.53

	
52.92

	
49.90

	
50.72

	
45.95

	
39.31




	
November

	
[0–0.2]

	
5.69

	
10.68

	
0.76

	
2.73

	
0.85

	
3.13

	
0.85

	
3.09




	
(0.2–0.6)

	
19.66

	
20.17

	
35.93

	
40.22

	
36.05

	
40.22

	
23.84

	
30.55




	
[0.6–1]

	
74.64

	
69.16

	
63.31

	
57.05

	
63.10

	
56.65

	
75.26

	
66.32




	
December

	
[0–0.2]

	
5.03

	
5.75

	
2.85

	
3.77

	
4.28

	
5.40

	
3.75

	
4.39




	
(0.2–0.6)

	
55.44

	
57.08

	
55.69

	
58.01

	
44.04

	
46.85

	
59.82

	
59.68




	
[0.6–1]

	
39.53

	
37.17

	
41.46

	
38.22

	
51.68

	
47.74

	
36.43

	
35.93




	
Month

	
HSI

	
Case5

	
Case6

	
Case7

	
Case8




	
Catch/%

	
Effort/%

	
Catch/%

	
Effort/%

	
Catch/%

	
Effort/%

	
Catch/%

	
Effort/%




	
January

	
[0–0.2]

	
6.20

	
9.04

	
1.14

	
5.59

	
10.28

	
12.06

	
1.95

	
6.91




	
(0.2–0.6)

	
32.69

	
32.89

	
18.96

	
22.70

	
33.57

	
30.85

	
8.71

	
13.74




	
[0.6–1]

	
61.10

	
58.07

	
79.90

	
71.72

	
56.16

	
57.09

	
89.35

	
79.34




	
February

	
[0–0.2]

	
1.83

	
0.90

	
37.82

	
46.87

	
17.47

	
11.89

	
42.05

	
53.68




	
(0.2–0.6)

	
42.01

	
28.51

	
4.23

	
6.82

	
22.97

	
15.22

	
0.00

	
0.00




	
[0.6–1]

	
56.16

	
70.60

	
57.95

	
46.32

	
59.56

	
72.89

	
57.95

	
46.32




	
March

	
[0–0.2]

	
7.84

	
6.69

	
0.00

	
0.00

	
24.38

	
15.56

	
0.00

	
0.00




	
(0.2–0.6)

	
38.69

	
35.55

	
9.24

	
19.44

	
29.18

	
36.93

	
9.20

	
19.25




	
[0.6–1]

	
53.46

	
57.76

	
90.76

	
80.56

	
46.44

	
47.51

	
90.80

	
80.75




	
October

	
[0–0.2]

	
32.71

	
41.85

	
14.69

	
19.72

	
36.65

	
45.76

	
19.05

	
25.73




	
(0.2–0.6)

	
17.23

	
14.54

	
31.57

	
25.65

	
13.30

	
10.63

	
27.20

	
19.63




	
[0.6–1]

	
50.05

	
43.61

	
53.74

	
54.63

	
50.05

	
43.61

	
53.75

	
54.64




	
November

	
[0–0.2]

	
1.21

	
3.70

	
1.43

	
4.10

	
13.63

	
17.76

	
1.50

	
4.92




	
(0.2–0.6)

	
34.03

	
34.04

	
10.58

	
15.92

	
21.12

	
19.23

	
10.44

	
14.81




	
[0.6–1]

	
64.76

	
62.26

	
87.99

	
79.98

	
65.25

	
63.01

	
88.06

	
80.27




	
December

	
[0–0.2]

	
34.76

	
31.45

	
27.22

	
29.28

	
41.91

	
40.71

	
26.84

	
28.77




	
(0.2–0.6)

	
23.57

	
24.38

	
8.28

	
11.59

	
7.16

	
7.43

	
7.82

	
11.63




	
[0.6–1]

	
41.67

	
44.17

	
64.50

	
59.14

	
50.93

	
51.87

	
65.34

	
59.6











 





Table 4. CPUE under different HSI class intervals sourced from different weighting models during 2017–2018.
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Month

	
HSI

	
CPUE (t/time)




	
Case1

	
Case2

	
Case3

	
Case4

	
Case5

	
Case6

	
Case7

	
Case8






	
January

	
[0–0.2]

	
0.52

	
0.26

	
0.25

	
0.40

	
1.58

	
0.94

	
1.75

	
0.99




	
(0.2–0.6)

	
2.11

	
1.88

	
1.82

	
2.00

	
1.98

	
2.05

	
2.09

	
1.95




	
[0.6–1]

	
2.82

	
3.06

	
2.93

	
2.99

	
3.08

	
2.87

	
2.82

	
2.94




	
February

	
[0–0.2]

	
3.18

	
4.42

	
2.23

	
2.57

	
6.59

	
1.65

	
5.12

	
1.90




	
(0.2–0.6)

	
2.66

	
2.16

	
1.87

	
2.46

	
4.07

	
3.69

	
4.17

	
0.00




	
[0.6–1]

	
2.29

	
2.86

	
3.79

	
2.39

	
1.68

	
3.79

	
1.78

	
3.79




	
March

	
[0–0.2]

	
0.00

	
0.00

	
0.00

	
0.00

	
2.01

	
0.00

	
2.61

	
0.00




	
(0.2–0.6)

	
2.52

	
2.07

	
1.93

	
2.23

	
2.37

	
1.61

	
1.98

	
1.70




	
[0.6–1]

	
2.04

	
2.23

	
2.28

	
2.17

	
2.07

	
2.32

	
2.18

	
2.29




	
October

	
[0–0.2]

	
5.46

	
5.20

	
5.36

	
5.43

	
5.23

	
5.29

	
5.28

	
5.33




	
(0.2–0.6)

	
5.38

	
5.42

	
5.50

	
5.46

	
6.52

	
5.97

	
6.72

	
6.00




	
[0.6–1]

	
7.40

	
7.40

	
6.74

	
7.31

	
6.91

	
6.28

	
6.91

	
6.28




	
November

	
[0–0.2]

	
4.10

	
2.89

	
2.68

	
2.33

	
3.92

	
3.71

	
4.97

	
3.25




	
(0.2–0.6)

	
5.78

	
5.86

	
5.87

	
5.52

	
6.21

	
5.45

	
6.70

	
5.91




	
[0.6–1]

	
7.92

	
7.67

	
7.97

	
7.81

	
7.23

	
7.89

	
6.97

	
7.81




	
December

	
[0–0.2]

	
5.17

	
4.81

	
4.88

	
5.10

	
6.51

	
5.39

	
6.58

	
5.36




	
(0.2–0.6)

	
5.94

	
5.75

	
5.65

	
5.93

	
5.81

	
5.51

	
4.80

	
4.87




	
[0.6–1]

	
6.16

	
7.13

	
7.14

	
6.16

	
5.10

	
6.65

	
5.25

	
6.78











 





Table 5. Forecast results of the S. oualaniensis HSI model in the Indian Ocean for 2019.
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Month

	
HSI

	
Catch/%

	
Effort/%

	
CPUE

	
Prediction Accuracy






	

	
[0–0.2]

	
0.02

	
0.02

	
4.03

	
100.00%




	
January

	
(0.2–0.6)

	
27.41

	
18.01

	
5.12




	

	
[0.6–1]

	
72.57

	
81.97

	
5.83




	

	
[0–0.2]

	
6.15

	
6.97

	
3.83

	
56.82%




	
February

	
(0.2–0.6)

	
28.15

	
28.54

	
4.01




	

	
[0.6–1]

	
65.70

	
64.49

	
5.40




	

	
[0–0.2]

	
2.12

	
3.71

	
4.34

	
93.51%




	
March

	
(0.2–0.6)

	
8.83

	
8.47

	
4.84




	

	
[0.6–1]

	
89.05

	
87.82

	
4.86




	

	
[0–0.2]

	
0.31

	
0.32

	
3.86

	
80.80%




	
October

	
(0.2–0.6)

	
13.45

	
18.52

	
4.12




	

	
[0.6–1]

	
86.24

	
81.16

	
4.54




	

	
[0–0.2]

	
0.44

	
0.57

	
3.13

	
83.65%




	
November

	
(0.2–0.6)

	
15.39

	
20.86

	
3.60




	

	
[0.6–1]

	
84.17

	
78.57

	
4.42




	

	
[0–0.2]

	
1.76

	
3.36

	
3.53

	
100.00%




	
December

	
(0.2–0.6)

	
34.24

	
34.72

	
4.45




	

	
[0.6–1]

	
64.00

	
61.92

	
5.00
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