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Projected habitat preferences 
of commercial fish under different 
scenarios of climate change
Sana Sharifian *, Mohammad Seddiq Mortazavi  & Seyedeh Laili Mohebbi Nozar 

The challenges of commercial species with the threats of climate change make it necessary to predict 
the changes in the distributional shifts and habitat preferences of the species under possible future 
scenarios. We aim to demonstrate how future climatic changes will affect the habitat suitability of 
three species of commercial fish using the predictive technique MaxEnt. The dataset used to extract 
geographical records included OBIS (54%), GBIF (1%), and literature (45%). The output of the model 
indicated accurate projections of MaxEnt (AUC above 0.9). Temperature was the main descriptor 
responsible for the main effects on the distribution of commercial fish. With increasing RCP from 
2.5 to 8.5, the species would prefer saltier, higher temperatures and deeper waters in the future. 
We observed different percentages of suitable habitats between species during RCPs showing 
distinct sensitivity of each fish in facing climate changes. Negative effects from climate change on 
the distribution patterns of commercial fish were predicted to lead to varying degrees of reduction 
and changes of suitable habitats and movement of species towards higher latitudes. The finding 
emphasizes to implement adaptive management measures to preserve the stocks of these commercial 
fish considering that the intensification of the effects of climate change on subtropical areas and 
overexploited species is predicted.
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The marine ecosystem is predicted to face an unknown challenge of climate change in the future1–4. Marine taxa 
response to climate changes through pole-ward and depth shifts5,6. It was projected the average global ocean 
temperature will increase up to 2 °C by the end of this century that depending on different scenarios of green-
house gas concentrations7. Representative Concentration Pathways (RCPs) represent alternative greenhouse gas 
concentration routes (2.6, 4.5, 6.0, 8.5 W/m2 by 2100). In RCP 2.6, an initial increase in temperature until 2020 
followed by a decline. RCP4.5 and RCP6.0 are known as two intermediate scenarios and finally, in RCP 8.5, a 
very marked temperature increase is predicted throughout the twenty-first century7. Greenhouse gas emissions 
have a main role in future changes of environmental factors of oceans such as temperature, oxygen content, 
and primary productivity affecting on shifting of the distribution of species and ecosystems8,9 and indirectly on 
the phenology and physiology of some marine species10,11, seafood contamination12, marine biodiversity and 
fisheries11,13. However, forecasting the magnitude of such impacts is challenging since responses to climate change 
are species-specific so that some can adapt to new conditions and others (such as the tropical marine fauna) shift 
distributions to find more suitable environments and to maintain a physiological optimum14–17.

Our study species including Acanthopagrus latus, Planiliza klunzingeri, and Pomadasys kaakan are high-
consumption commercial fishes with high catch in the Persian Gulf18. Individually, A. latus as a fish inhabiting 
warm shallow and coastal waters experiences habitat changes during its life cycle19,20 and showed an increasing 
trend of catch from 2731 to 5410.50 tons in Iranian waters from 2011 to 201320,21. P. klunzingeri is known as one of 
the commercially important dominant fish of multispecies fishery with different catch rates between the regions 
of the Persian Gulf22–24. Finally, the stock assessment of P. kaakan shows its high exploitation rate and the need 
for decreasing the fishing pressure in the Persian Gulf and Oman Sea25. Officially, around 80–85 million tons 
per year of global marine fisheries landings have been estimated since 1990 with mean annual gross revenues 
of around USD 100 billion26. During the last 60 years, an increasing trend in seafood consumption has been 
observed, so fish is reported to provide 20 percent of the animal protein needs of 2.9 billion people27. Livelihoods 
of between 660 and 820 million people, directly or indirectly are related to the global fisheries sector27. This is 

OPEN

Agricultural Research Education and Extension Organization (AREEO), Persian Gulf and Oman Sea Ecological 
Research Center, Iranian Fisheries Sciences Research Institute, Bandar Abbas, Hormozgan, Iran. *email: sharifian_
sana@yahoo.com

http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-024-61008-3&domain=pdf


2

Vol:.(1234567890)

Scientific Reports |        (2024) 14:10177  | https://doi.org/10.1038/s41598-024-61008-3

www.nature.com/scientificreports/

especially noticeable in developing countries where people depend on marine resources for food and income and 
has led to the threat of aquatic resources, such as the Persian Gulf where most of its stocks are under overfishing28 
because of the catching of juvenile species and illegal fishing29–31. It seems that considering the stock status of 
these commercial fish and the sensitivity to climate change32, it is necessary to identify the habitat preferences 
and to predict distribution changes of these fish reliability under future climate scenarios in the direction of 
effective conservation of species and to implement sustainable fishing management strategies16,33. Climate change 
is considered an important challenge that will significantly reorganize the future of global fisheries in the long 
run34 and it is accompanied by potential economic impacts35–37. Locally38, suggested a high rate of extinction of 
commercial fish, as well as reduced future catch potential in the Persian Gulf under an 8.5 scenario by 2090. Any 
small temperature changes can affect marine organisms and related marine capture fisheries1,39,40. It was expected 
that climate change would impact maximum catch potential (MCP) through changes in species composition, 
with predicted increases of MCP in high latitudinal regions and decreases in the tropics9.

Habitat suitability (HS) and species distribution modeling (SDM) are suitable tools to predict the habitat 
preference of one species based on observed relationships of species occurrence records with environmental 
conditions33,41,42. These models can predict the possible effects of plausible climate change scenarios on the dis-
tribution of marine species through the identification of key habitat variables (Briscoe et al., 2019). The advan-
tages of SDM are the ability to produce long-term, large-scale, and comparable future projections for reliable 
management and conservation perspectives43–45. MaxEnt as one of the species distribution modeling techniques 
has attracted a lot of attention in recent years to model the distribution of marine species under future scenarios. 
MaxEnt modeling algorithms select the best environmental predictor determining species distribution by assign-
ing relative contributions by weighting the variables throughout the analysis46,47. MaxEnt finds the probability 
distribution of maximum entropy using the environmental covariates at species presence and background points 
and finally predicts the distribution using environmental variables at species presence48. This modeling technique 
well performs when handling presence-only data and small sample sizes49–51.

Here, we assess the global future distribution of commercial fish A. latus, P.klunzingeri, and P. kaakan under 
different global warming scenarios (RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5) by biogeographic distribution 
records of species and a set of four environmental variables including mean depth, temperature, salinity, and 
current velocity (For future period: 2090 to 2100) to predict future distributions and habitat preferences of com-
mercial fish, to understand how environmental variables shape the spatial–temporal patterns of commercial fish, 
and find out which variable will be more effective in predicting suitable environments of commercial fish under 
different climate change scenarios. We used different scenarios of climate change and global data of distribution 
in commercial fish to consider different levels of exposure related to different regions to obtain specific degrees 
of vulnerability.

Results
MaxEnt performance
In Table 1, MaxEnt outputs of the future model under each RCP are provided. Higher iterations express a larger 
convergence of the model for each species (Table 1). The future Model showed values of training AUC above 
0.99 in all species presenting the high predictive power of MaxEnt to predict the actual distribution of these 
commercial fishes (Table 1). Values below the Minimum presence threshold (MPT) show unsuitable habitats 
for commercial fishes (Table 1).

The relative contribution of environmental predictors
The output of the relative contribution of each variable under four RCPs for three species is presented in Fig. 1. 
These values show the relative importance of environmental predictors including depth, temperature, salinity, 
and current velocity in predicting the future distribution of the three species under each RCP (Fig. 1). In general, 
the values of relative contribution showed that temperature is the strongest environmental predictors in showing 

Table 1.   The maxEnt output of the future modeling under four RCPs from RCP 2.6 to RCP 8.5 for each 
species. SD Standard Deviation, MPT Minimum presence threshold.

Species Iterations Training samples Test samples Training AUC ± SD MPT

A. latus
RCP 2.6
↓
RCP 8.5

1000 145 48 0.9932 ± 0.0009 0.0002

1000 145 48 0.9923 ± 0.0057 0.0001

1000 145 48 0.9938 ± 0.0053 0.0002

1000 145 48 0.9897 ± 0.0018 0.0001

P. klunzingeri
RCP 2.6
↓
RCP 8.5

960 75 25 0.9917 ± 0.033 0.0001

860 75 25 0.9893 ± 0.0006 0.0003

800 75 25 0.9818 ± 0.0028 0.0003

900 75 25 0.993 ± 0.0093 0.0003

P. kaakan
RCP 2.6
↓
RCP 2.6

740 349 116 0.9943 ± 0.0009 0.0004

820 349 116 0.9941 ± 0.0005 0.0005

1000 349 116 0.994 ± 0.0005 0.0014

940 349 116 0.9944 ± 0.0013 0.0001
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the future distribution of commercial fish under four RCPs (Fig. 1). Following temperature, depth was a second 
dominant predictor for future distribution of fish A. latus and P. kaakan (Fig. 1). For P. klunzingeri, salinity was 
the most important variable after temperature for predicting species distribution under future scenarios (Fig. 1). 
Outputs of Jackknife of AUC for three species also indicated the prominent role of temperature in predicting 
distribution of commercial fish under future scenarios (Fig. s1).

Table 2 shows the outputs of response curves in the MaxEnt model. We observed the significant relationships 
between environmental variables (Spearman’s test; P < 0.05). In the future model, the most suitable habitats were 
in areas with a depth of 8.12–60.53 m, Temperature of 26.17–31.75 °C, salinity of 33.36–40.92 PSS, and currents 
velocity of 0.001–1.23 m−1 (Table 2). According to Table 2, as the scenario changes from RCP 2.6 towards RCP 
8.5, the species would prefer saltier, higher temperatures and deeper waters (Table 2).

The polynomial curves with five polynomial orders were also plotted to show the non-linear relation between 
temperature and salinity in latitude 5° (Fig. s2). Polynomial curves showed a significant nonlinear relationship 
between temperature and salinity in P. klunzingeri under all future scenarios (Fig. s2). The highest and lowest 
correlation between temperature and salinity were observed in P. klunzingeri and P. kaakan under RCP 2.6 and 
8.5 scenarios, respectively (Fig. s2).

The habitat suitability and environmental variables
Violin plots of Fig. 2a show the range of habitat suitability, temperature, and salinity under future RCPs. The 
median of habitat suitability was variable from 0.388 (A. latus in RCP 6.0) to 0.529 (P. kaakan in RCP 8.5) 
(Fig. 2a). Temperature showed significant variations between different RCPs in three species (p = 0.013; Fig. 2a). 
The minimum (26.14 °C) and maximum (29.38 °C) of median temperature were observed in A.latus (RCP 2.6) 
and P. klunzingeri (RCP 8.5) (Fig. 2a). The lowest (33.51 PSS) and highest (34.87 PSS) of salinity was for fish 
A.latus (RCP 8.5) and P. klunzingeri (RCP 2.6), respectively (Fig. 2a). The maximum number of distributional 
records of commercial fish )At latitude 25°-30° N for two species A. latus and P. klunzingeri and 10–15° S for P. 
kaakan) showed a high correlation with habitat suitability, so the peak of habitat preferences and high probability 
of occurrence of species were obtained by increasing the number of geographical records (Fig. 2b). Moreover, 

Figure 1.   The relative importance of environmental variables to predict future distributions in three species of 
commercial fish including (a) A. latus, (b) P. klunzingeri, and (c) P. kaakan under different RCP scenarios.
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Table 2.   Response curve output showing where there is the highest probability of predicted occurrence for 
three species of commercial fish under four scenarios from RCP 2.6 to RCP 8.5.

Species

 Environmental predictors

Currents velocity Salinity temperature Depth

A. latus
RCP 2.6
↓
RCP 8.5

1.23 33.36 26.17 37.75

0.001 39.18 27.75 8.12

0.001 39.30 27.18 18.03

1.18 39.85 28.32 60.53

P. klunzingeri
RCP 2.6
↓
RCP 8.5

0.001 39.03 29.54 37.75

0.044 39.18 30.20 35.32

0.27 39.30 30.50 44.20

0.038 39.25 31.75 32.71

P. kaakan
RCP 2.6
↓
RCP 8.5

0.08 34.59 25.21 37.75

0.001 34.15 27.01 8.12

0.001 40.92 26.85 18.03

0.092 40.63 27.03 60.53

Figure 2.   (a) Violin plots showing variation ranges of habitat suitability, temperature, and salinity under four 
RCPs in three species, and (b) The observed records of commercial fishes and temperature (first axis), as well as 
habitat suitability (second axis) versus 5° latitudinal ranges under future climate change scenarios.
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the temperature variations of the future scenarios along the latitudes indicated that temperature has a significant 
role in predicting the occurrence of species, as well as in shaping the pattern observed of geographic records of 
commercial fish (Fig. 2b).

Classification and spatial distribution of habitat suitability
According to the future model of habitat suitability, fish A. latus and P. klunzingeri had a higher percentage of 
environments with high suitability compared to species P. kaakan (Fig. 3). In contrast, fish P. kaakan showed 
a much higher percentage of environments with medium suitability than the other two species (Fig. 3). Under 
four RCPs, maximum (46.83%) and minimum (2.53%) habitats with high suitability were belonged to fish P. 
klunzingeri and P. kaakan, respectively (Fig. 3). The highest (69.67%) and the lowest (12.87%) percentages of 
environments with medium suitability were obtained for P. kaakan and P. klunzingeri, respectively (Fig. 3). In 
terms of the percentage of environments with unsuitable conditions, the order of P. klunzingeri (28.07%), A. latus 
(16.44%) and P. kaakan (9.40%) was observed (Fig. 3).

The spatial distribution of habitat suitability showed that for fish A. latus, three areas with high suitability 
including the northwest of the Persian Gulf, the south of the China Sea, and the west of the Philippine Sea were 
discernible under the four RCPs (Fig. 4a). The extent of these areas begins to decrease from RCP 2.6 to RCP 
8.5 (Fig. 4a). For P. klunzingeri, the areas with high suitability included the northwest of the Persian Gulf, and 
around the Strait of Hormuz in the Persian Gulf which showed the increasing trend of the size of high suitable 
areas towards RCP 8.5 (Fig. 4b). For A. latus, a very low range of environments with high suitability was observed 
in the Strait of Hormuz and west of the Persian Gulf, and the largest extent of the areas with high suitability 
belonged to RCP 6.0 (Fig. 4c).

Observed records and habitat preferences of commercial fish
According to observed distributional records of fishes, species A. latus and P. kaakan showed global distribution 
in the Persian Gulf, the Oman Sea, and the Indian and Western Pacific Oceans (Fig. 5a, c). For P. klunzingeri, 
records limited to the Persian Gulf, the Oman Sea, the East, and West Indian Ocean, and the Bay of Bengal were 
visible (Fig. 5b). According to the RCP scenarios, the habitat preferences of the A. latus in the future would be 
the Persian Gulf, the South and East China Sea, the Northwest Philippine Sea, and the northern coast of Australia 
(Fig. 5a). The Persian Gulf, the Red Sea, and the Lakshadweep tropical archipelago in southern India would be 
habitat preferences of P. klunzingeri under the future scenarios (Fig. 5b). Finally for P. kaakan, habitat preferences 
were included the Persian Gulf and the northern coast of Australia under the future RCPs (Fig. 5c).

In present model, eco-regions Gulf of Oman, Gulf of Tonkin, and East China Sea are most suitable environ-
ments for A. latus (Fig. 6a). Under climate changes in future, species will prefer environments at higher lati-
tudes including Sea of Japan and Exmouth to Broome (Northwest of Australia) (Fig. 6a). For fish P. klunzingeri, 

Figure 3.   Habitat suitability predicted for three species (a) A. latus, (b) P. klunzingeri, and (c) P. kaakan during 
RCPs 2.6–8.5.



6

Vol:.(1234567890)

Scientific Reports |        (2024) 14:10177  | https://doi.org/10.1038/s41598-024-61008-3

www.nature.com/scientificreports/

eco-regions with high suitability are Gulf of Oman and Maldives in present model (Fig. 6b). It seems that species 
P. klunzingeri will move towards the adjacent areas of eco-regions Gulf of Oman and Maldives including the 
Persian Gulf and South India and Srilanka following future climate changes (Fig. 6b). Six eco-regions with high 
suitability including Gulf of Oman, Western India, Southern China, Papua, Bonaparte coast, and Arnhem coast 
to Gulf of Carpenteria (The last two eco-regions include the northern coasts of Australia) were recognizable for 
P. kaakan in present model (Fig. 6c). Under future scenarios, the distribution of fish P. kaakan would be expand 
towards higher latitudes and eco-regions South Kuroshio (Adjacent to Southern China) in Northern hemisphere, 
and Bight of Sofala/Swamp Coast (The eastern coast of Africa in Mozambique), Central and Southern great 
barrier reef and Ningaloo (Western and Eastern coasts of Australia) in Southern hemisphere would be habitat 
preferences of this species (Fig. 6c).

Discussion
Our findings support that climate changes will probably affect commercial fish through changes in habitat prefer-
ences. A gradual poleward distribution expansion was predicted for commercial fish A. latus and P. kaakan across 
RCP scenarios. We observed a decreasing trend of the environment with high suitability towards the future for 
P. kaakan (17% in the present compared to 2% in the future model). Our projections suggest variability of the 
probability of occurrence of the species is higher in habitats of high suitability compared to environments with 
moderate or low suitability over the scenarios. Changes in the probability of occurrence were strong in regional 
scales on eco-regions which are probably due to changes in the optimal environmental conditions of commercial 
fish. These results are consistent with the findings provided by Lima et al., (2022)53, Silva et al., (2019)42, and 
(2016)52 on pelagic fish which predict a decrease in habitat suitability under future scenarios.

Figure 4.   The spatial distribution of habitat suitability in projections produced for future models in three 
species (a) A. latus, (b) P. klunzingeri, and (c) P. kaakan under RCP scenarios. Maps were generated by ArcMap 
10.8.1(https://​deskt​op.​arcgis.​com/​en/​arcmap/​index.​html).

https://desktop.arcgis.com/en/arcmap/index.html
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Our future model of all climatic scenarios predicted that potential preference areas of commercial fish are 
located in depths below 70 m. It was also observed low variability of optima temperature and salinity among 
scenarios. It seems the environmental optima of commercial fish be species-specific so that habitat suitability will 
decrease above or below this environmental interactive range. Our projections suggested temperature probably 
plays the main role in shaping and distributional variability of commercial fish across future scenarios. Many 
aspects of the organisms’ biology and ecology are affected by increased temperature54. Local conditions will 
probably determine the final direction of the consequences of increased temperature on marine organisms55,56. 
The habitat preferences of our studied species in the present model were mainly subtropical areas32. We observed 
the reduction of suitable habitats in these areas for studied fish under future scenarios. The overview of previous 
reports indicated that tropical and subtropical zones will be the most affected by increased temperature57–59 so 

Figure 5.   The distribution maps of commercial fish showing observed records (Colored dots) of species, and 
predicted distribution (Red color indicates the highest occurrence probability and habitat suitability for species) 
in the future model for three species (a) A. latus, (b) P. klunzingeri and (c) P. kaakan under different scenarios. 
Maps were generated by ArcMap 10.8.1(https://​deskt​op.​arcgis.​com/​en/​arcmap/​index.​html).

https://desktop.arcgis.com/en/arcmap/index.html
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that it was observed the negative effects on the physiology of fish37, a drop of up to 40% in the capture potential 
in marine fisheries59, reducing landings60, and shorter fishing periods58. Moreover, the preferred depth of the spe-
cies can show their sensitivity to climate change61. The studied fish may have a higher sensitivity to temperature 
increase since benthic species have physiologically adapted to constant temperatures under the surface layers 
and even small temperature changes in the future may have negative effects on these fish61–64.

Following temperature, salinity was the strongest environmental predictor of the distribution of fish P. klun-
zingeri. Jghab et al., (2019)65 reported the indirect influence of salinity on sardine distribution while salinity 
may also be a climate-driven factor inducing shifts in environmental optima53. The strong relationship between 
temperature and salinity in P. klunzingeri indicates the role of salinity on species distribution is probably through 
its effect on temperature. We observed low variations of current velocity among different scenarios as reported 
for commercial shrimps and fish66 and Europen sardine53. Moreover, an overview of current velocity and depth 
showed a higher dependency of three species on deeper and more turbulent waters towards RCP 8.5 by 2100. 
Abrupt warming can affect stable deeper regions less than superficial waters so that species would probably adapt 
successfully to the conditions of these regions in the future5,10,67,68.

We observed specific responses of commercial fish to ocean warming. Fish A. latus and P. kaakan showed 
higher sensitivity to climate change with distributional changes towards poles, while P. klunzingeri had moved 
to nearby habitats. Our study species as highly consumed commercial fish have high regional exploitation rates, 
especially in the Persian Gulf18,20,21,25 resulting in overfishing stocks. Overfishing may aggravate the threats of 
climate change on stocks of marine species54,69. It is suggested the reduction of fishing intensity on highly suitable 
habitats for studied commercial fish where fishing hotspots are expected. Moreover, small-scale fisheries may 
face the greatest impact of global warming (Especially for species with high distribution changes and moving 

Figure 6.   Eco-regions presenting the present and future projections of habitat suitability for three species (a) 
A. latus, (b) P. klunzingeri, and (c) P. kaakan. Higher values show the higher probability of species occurrence in 
eco-region. Maps were generated by ArcMap 10.8.1(https://​deskt​op.​arcgis.​com/​en/​arcmap/​index.​html).

https://desktop.arcgis.com/en/arcmap/index.html
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towards the poles such as A. latus and P. kaakan) since expensive or technologically complex adaptations would 
be required in their present state54,70.

Conclusions
We projected habitat preferences and distribution changes in commercial fish A. latus, P. klunzingeri, and P. 
kaakan for the first time. The use of a large number of species occurrence records in this study provided high 
modeling performance in predicting changes in the actual distribution of these commercial fish across future 
scenarios. Among the four investigated environmental variables, temperature had a significant role in the shap-
ing of the distribution patterns and showing the habitat preferences of these commercial fish. However, the 
small number of investigated environmental predictors can increase the relative contribution of temperature 
in predicting the distribution of these commercial fish. The results revealed the sensitivity to climate change 
is significantly different between the species. Our modeling findings predicted the shrinking of the suitable 
habitats for these commercial fish, especially in the fish P. kaakan. The findings provided in this study includ-
ing distribution changes across future scenarios, the percentage of suitable and available habitats, and habitat 
preferences of these commercial fish can be used as basis data to support and manage these habitats for suitable 
exploitation of commercial fish stocks. To deal with the inevitable threats of climate change on commercial 
fish, the precautionary principle suggests human uses and fishing activities should be limited in highly suitable 
habitats of commercial fish. The use of a wider range of commercial fish and multiple environmental variables, 
as well as modeling at a regional scale, will help to make a more accurate prediction of the habitat preferences 
of commercial fish in the future.

Methods
Occurrence records of species
Online databases GBIF, OBIS, and literature were used to extract observed records of the geographical distribu-
tion of commercial fishes including A. latus, P. klunzingeri, and P. kaakan from Sep to Dec 2022. We extracted the 
records available in the literature showing fishing landing in the Persian Gulf, Oman Sea, and other sites world-
wide. Distribution data of GBIF and OBIS were overlapped to avoid the duplication of records71–74 and finally, 
the total dataset was cleaned (where geographical records were on land, or where records had no geographic 
coordinates)75,76 through ArcMap 10.8.177. Finally, we extracted 1531 geographical records of three species from 
OBIS (829 records, 54%), GBIF (17 records, 1%), and literature (685 records, 45%).

Future environmental data
We used the database Bio-ORACEL (Marine data layers for ecological modeling) to extract benthic layers with a 
minimum depth of environmental variables including temperature °C, salinity PSS, and currents velocity m-1 for 
a future period (2090–2100) under four RCPs including RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5 in the resolu-
tion of 5 arc-min78,79. The Global Marine Environmental Datasets (GMED) were used to extract the depth layer 
at a spatial resolution of 5 arc-min80 since it was not available in Bio-ORACEL.

Setting of MaxEnt
MaxEnt 3.4.1e was selected to model the future distribution of commercial fish81. We used MaxEnt since it 
performs well when used as a habitat suitability index, and shows high predictive performance even with small 
sample sizes82,83. The geographical records of three species (including 371, 171, and 989 records for A. latus, 
P. klunzingeri, and P. kaakan, respectively) were converted to a single dataset (1531 records) and imported to 
MaxEnt. Environmental layers of each RCP were separately imported to MaxEnt. The output format of layers 
in MaxEnt was set to “Logistic” and file type “asc”. The importance of environmental predictors was measured 
through the “jackknife” option. The “Response curve” option was used to assess the relationship between envi-
ronmental variables and the predicted presence probability of species. The dataset of records was divided into 
75% for training and 25% for testing. We configured the maximum number of iterations to 1000 as suggested 
by Basher and Costello (2016)84 and Saeedi et al. (2016)73. The random background points were set at 100,000, 
and the run type “cross-validate” with 10 replicates was selected. We selected the option “Remove duplicate 
presence records” to avoid duplicate observations within individual pixels of background environmental layers.

Output interpretation of MaxEnt
The outputs were separately saved for each RCP. Interpretation of outputs was performed by file “MaxEnt Results”. 
Habitat suitability was interpreted by “logistic model output” (File type: asc). This output shows the presence 
probability of species, with values defined from 0 to 1, where 0 means no probability of species presence and 
unsuitable habitat, middle values suggest medium probability of presence and medium suitability of habitat, 
and 1 indicates the highest probability of presence and high suitability of habitat81,85,86. The Minimum Presence 
Threshold (MPT) (Showing the minimum probability of species presence) was used to classify the presence 
probability of species into four classes including the values below MPT (Not Suitable; NS), MPT to 0.5 (Low 
Suitability; LS), 0.5–0.75 (Medium Suitability; MS), and 0.75–1 (High Suitability, HS)85. The performance of 
MaxEnt was evaluated by the area under the receiver operating characteristic (ROC) curve (AUC)81 so that 
values of AUC above 0.9 indicate the great performance of MaxEnt87. The relative importance of environmental 
variables in predicting the future distribution of commercial fish was assessed through outputs “the percent 
variable contribution” and “jack-knife” in MaxEnt.
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Analysis data
Violin plots of habitat suitability, temperature, and salinity were plotted by https://​www.​bioin​forma​tics.​com.​cn/​
en (A free online platform for data analysis and visualization). The non-linear polynomial curve of five orders 
was used to assess the relationship between temperature and salinity in latitude 5°. ArcMap 10.8.1 was used to 
map habitat suitability77. We used Shapefile “Marine Eco-regions of the World (MEOW)”88 to map habitat suit-
ability within eco-regions. The tool “Spatial join” in ArcMap was used to extract values of habitat suitability in 
eco-regions. Habitat suitability was classified (unsuitable to high suitability) through the tool “IDW” (Inverse 
distance weighted) in ArcMap.

Data availability
Supporting materials are available as Appendix S1 in Supporting Information.
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