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Introduction

Prior research emphasizes the beneficiaries and detractors in fisheries due to climate change, focusing on alterations in biomass, species mix, and potential yields. Comprehending the potential impact of climate change on the fisheries income of maritime nations is an essential subsequent step in formulating effective socio-economic policies and food sustainability plans to mitigate and adapt to climate change. Globally, our understanding of small-scale fisheries remains inadequate, despite their significance for food security and livelihoods.





Methods

This study demonstrates by using global circulation model (GCM: IPSL) that moonfish catches react favorably to climate alterations in southwest Taiwan, through the analysis of primary fishery data from 2014-2020 spanning two seasons – northeast and southwest monsoons by using generalized additive models. The anticipated habitat shifts were utilized to examine the impact of future environmental changes on moonfish catch rates.





Result

By the 2060s, moonfish emerged as a winner of climate change in this study region. The habitats of moonfish are projected to shift westward during southwest monsoon, with a mean habitat centroid displacement of about 50-150 Km between RCP 2.6 and 8.5 during NE monsoon while 20-40 Km during the SW monsoon. A possible explanation could be that the Taiwan Strait (TS) may serve as a geographical barrier to the northward migration of south-dwelling moonfish. The study further demonstrates that moonfish fisheries catch rates may increase by 22.5% and 17.2% beyond the present catch rates by the 2060s under elevated CO2 emission scenarios during northeast and southwest monsoons respectively.





Discussion

Our findings indicate the necessity for comprehensive economic evaluations regarding the potential impacts of climate change on regional small-scale marine fisheries, contributing to the adaptive conservation and management of fish habitats.
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1 Introduction

Climate change has significantly and adversely impacted the global environment, biodiversity, and sustainable human development, primarily by modifying global temperature patterns, the hydrological cycle, and inducing acidification (Habib et al., 2025). The primary response variables (e.g., physical, chemical, and biological) in oceans can serve as sentinel indicators of climate change impacts. The anticipated extinction rates of aquatic biodiversity are typically greater than those of terrestrial species in both contemporary and forthcoming climate change scenarios (Huang et al., 2021).

Small-scale fisheries (SSFs) significantly contribute to food security, poverty alleviation, employment, and the maintenance of healthy marine ecosystems (Gatta, 2022), hence facilitating the attainment of certain sustainable development objectives. Despite being a primary livelihood option for millions globally, SSFs encounter escalating uncertainty and variability associated with globalization, climate change, and overfishing (Nilsson et al., 2019). Climate variability poses a significant danger to SSFs by impacting fishing resources, the livelihoods of fishermen, and altering fish populations and production value per fisherman (Mbaye et al., 2023). Coastal regions are especially vulnerable to the detrimental impacts of global warming, primarily seen in the convergence of terrestrial and marine factors. The repercussions may be oceanic, ecological, or socio-economic. Oceanographic implications include alterations in fishing seasons, shifts in fishing locations, and heightened dangers associated with maritime activities due to elevated wave heights and turbulent winds (N’Souvi et al., 2024). Simultaneously, the unpredictability of fishermen’s earnings and the potential biodiversity losses resulting from impending climate change (Pörtner et al., 2023) exemplify socio-economic and ecological repercussions, respectively.

Additional consequences of climate change include alterations in coastal water temperature, precipitation patterns, sea level rise, coastal flooding, and erosion, which significantly influence fish diversity, distribution, and abundance, subsequently affecting marine biota and ecosystems, as well as fluctuations in fish populations (N’Souvi et al., 2024). For example, sea level rise impacts the coastal landscape and the livelihoods of communities by diminishing the productivity and value of fisheries (N’Souvi et al., 2024), hence compromising the safety and efficiency of fishing operations (Bertrand et al., 2019). Moreover, alterations in precipitation, storm occurrences, and drought patterns influence water flow rates, thereby affecting species movement and recruitment patterns as well as salinity levels in coastal regions (Trégarot et al., 2024). Consequently, the accelerated rise in sea temperature (Cheng et al., 2019), salinity (Cheng et al., 2020), sea level (Kulp and Strauss, 2019), acidification (Cattano et al., 2018), and deoxygenation (Kwiatkowski et al., 2020), along with alterations in species distribution, a general poleward migration of both marine and terrestrial species (Venegas et al., 2023), a decrease in abundance (McCauley et al., 2015), and shifts in productivity (Venegas et al., 2023), result in socioeconomic repercussions on fisheries by modifying seasonal patterns and diminishing fishing yields and fishers’ income (Franco et al., 2020). Ocean warming has predominantly intensified extraction patterns, resulting in diminishing fisheries, with rare examples where elevated temperatures have enhanced fishing yields (Free et al., 2019). The intensity and duration of these responses are frequently species-specific and influenced by habitat preferences (Champion and Coleman, 2021) and the nutritional adaptability of marine species (Monaco et al., 2020). A recent study (Hayashi et al., 2021) demonstrated that the unprecedented sea surface temperature (SST) in the northern Pacific in 2020 was unlikely to have occurred in the absence of anthropogenic climate change. The exceedingly heated conditions are expected to establish a new climatic norm by the mid-21st century, necessitating the immediate execution of adaption strategies for anthropogenic global warming. Moreover, the worldwide sea level has risen simultaneously (Nerem et al., 2018), and global ocean kinetic energy has markedly grown since the early 1990s (Hu et al., 2020). Various long-term ocean reanalysis agree that the upper 700-meter ocean heat content has risen in the Northwest Pacific (NWP), North Atlantic, and Southern Oceans since 1970 (Palmer et al., 2017). Consequently, long-term alterations in the world’s oceans up to the current climate are evident in observations. The effects of climate change on marine species in the NWP are still inadequately documented. The information deficit is concerning, as this region is among the most rapidly warming areas of the world ocean (Palmer et al., 2017) and harbors remarkable biodiversity of marine species endangered by climate change (Asch et al., 2018). Moreover, prolonged periods of intensive fishing have led to the depletion of numerous stocks to unsustainable biological levels in different parts of the Pacific. Furthermore, due to the absence of systematic stock assessments or regionally coordinated management for most exploited species, allegations of unsustainable fishing may be understated (FAO, 2022). The interconnected issues of climate change and unsustainable fisheries are concerning, as they may compromise species’ adaptations to present and forthcoming environmental alterations, notwithstanding management initiatives aimed at stock restoration. Therefore, it is imperative to identify which fishery resources exhibit more resilience or sensitivity to climate change for effective management in this region. The Southwestern waters off Taiwan are acknowledged as significantly susceptible to the effects of climate change (Lee et al., 2023), however limited research has documented the understanding of climate change and its perceived effects on moonfish in this region. As the marine environment becomes warmer, more acidic, and oxygen-depleted, the effects on fish populations are significant, with certain stocks relocating to maintain optimal temperature conditions, while others that are less mobile or adaptable are experiencing decline (Barange et al., 2018).

Moonfish (Mene maculata), a coastal forage fish in the Indo-Pacific, is a significant commercial fish in Taiwan, inhabiting depths of 20-100 m concentrated in the Southwestern waters, principally caught by Taiwanese purse-seine fisheries. Moonfish, as a small forage fish, is essential in the energy transmission to apex predators such as marlins, dolphinfish, and tunas (Ray et al., 2024). Coastal fish species such as moonfish has a high sensitivity to environmental changes, exacerbated by climate change, that can trigger a cascade of effects throughout the food web. Their biomass at intermediate trophic levels implement wasp-waist control (Albo Puigserver et al., 2018) that contributes to their catchability, which is influenced by ecosystem components like food availability, feeding behavior, habitat, and climatic changes. The apex of moonfish production was attained during the 1980s, wherein the annual production exceeded 16000 Kg (Supplementary Figure S1), but further experiencing a decline to mere 1000 Kg in 2020 as a consequence of World War II. This decline in moonfish production may have been due to the emergence of illicit fishing vessels and alterations in the marine ecosystem (Liao et al., 2019). Between 1991 and 2008, approximately 30% of large-scale longline fishing vessels and 18% of coastal fishing vessels underwent scrappage. Moreover, there has been a notable shift in the assortment of fish species. Nevertheless, the management of forage fish stocks like moonfish is challenged by their propensity to react significantly to environmental variability, resulting in fast changes in distribution or abundance (Murray et al., 2019) however, comparisons are limited. To improve their stock management, it is crucial to acknowledge the probable relationship between regional climate change and moonfish landings.

This study seeks to investigate how the catch rates of moonfish respond to climate change scenarios in short, medium, and long term (2034-2040, 2044-2050, and 2054-2060 respectively) under RCP 2.6, 4.5, and 8.5; addressing existing gaps in the current understanding by offering a seasonally explicit, predictive, and spatially resolved examination of moonfish in Southwestern Taiwan (SWT). This investigation focused on the understanding of climate-related and oceanic effects between two seasons – the northeast (NE) and southwest (SW) monsoon to unravel the impact of changing oceanographic features on the overall annual moonfish catch rate by incorporation of generalized additive models (GAMs) (Figure 1) in contrast to prior research that generically analyzes climate-induced changes in fisheries. Furthermore, it discusses the function of TS as a possible impediment to northward migration, a variable seldom addressed in prior moonfish research. The research reveals important environmental determinants impacting moonfish distribution and abundance by combining several oceanographic variables, including sea surface temperature (SST), salinity, sea surface height (SSH), mixed layer depth (MLD), and chlorophyll content. The objectives of this study were threefold: (i) to evaluate potential shifts in moonfish distribution resulting from changes in environmental conditions; (ii) What alterations will occur in habitat suitability over the SWT shelf for moonfish? and (iii) Will moonfish be ‘winners’ (experiencing an increase in acceptable habitat or catch rates) or ‘losers’ (experiencing a reduction in suitable habitat or catch rates) due to forthcoming climate change? The results of this study are anticipated to furnish stakeholders with a foundation for formulating adaptation strategies that correspond to the needs, capabilities, and interests of SSFs targeting moonfish in Taiwan to promote sustainable development targeting the FAO Blue Growth Initiative (BGI) and the United Nations Sustainable Development Goals (SDG). Since Taiwanese purse-seiners form the major fishing gear of this species in Taiwan contributing to 98% of fish catch (Ray et al., 2024), only the fishery data from this gear has been used in the present study from January 2014 to December 2020 focusing on the monsoons. Considering this fact, it is crucial to comprehend their susceptibility to climate variability in order to formulate adaptation strategies that conform to the FAO’s advocacy for climate-smart fisheries (FAO, 2022).




Figure 1 | The flowchart of methodology used in this study.






2 Materials and methods



2.1 Moonfish fishery data

A combined data on the moonfish fishery were gathered from both purse seine fishing operations, specifically those involving coastal water fishing with boats under 100 tons in gross register tonnage and less than 24 meters in length, and voyage data recorders (VDRs) from January to December between 2014 and 2020; sourced from the Taiwan Fishery Agency. The collected data covered a spatial range from 21°NS to 25°N and from 117°E to 121°E, with a spatial resolution of 0.1° × 0.1°. The data gathered encompassed the area coordinates, fishing effort (number of fishing hours), fishing dates, total catch weight (kg), and vessel tonnage. The fishery data was separated into NE monsoon data (October – April) and SW monsoon data (May – September) for the entire analysis. The total catch was calculated using the subsequent formula according to Mondal et al. (2024):

	

The monthly nominal catch per unit effort (N-CPUE) was subsequently calculated as follows (Mondal et al., 2024):

	




2.2 Oceanographic data

Since 1978, multi-satellite remote sensing data have been utilized to acquire images of ocean surface temperature, thermal and chlorophyll-a fronts, and phytoplankton pigment concentration, all of which have proven beneficial in fisheries management, fisheries oceanography, and operational fisheries oceanography (Vayghan et al., 2020) to obtain knowledge of fish habitats (Lan et al., 2018). Environmental parameters, including SST, dissolved oxygen concentration, salinity, and chlorophyll are frequently utilized in predictive models for marine fish populations (Zhang et al., 2020a). In this study, data concerning five oceanographic parameters were collected: SST, SSH, sea surface salinity (SSS), MLD, and sea surface chlorophyll (SSC) (Table 1). The spatial resolution of the data related to fishing activities conducted between 21°NS to 25°N and 117°E to 121°E exhibited variability. The data collected relates to fishing activities conducted from January to December during the years 2014 to 2020. Due to the spatial resolution of the fishery data being 0.1° × 0.1°, Matlab version 2019a was utilized to interpolate the collected oceanographic data to a 0.1° × 0.1° grid, ensuring alignment with the spatial coverage of the fishery data.


Table 1 | Oceanographic parameters analysed in the study.






2.3 Forecasted oceanographic data

Future scenarios for the 2060s involve four representative concentration pathways (RCPs) predicted in the Coupled Model Intercomparison Project Phase 6 (CMIP6), which illustrate potential future emission trajectories related to the greenhouse effect (Basheer et al., 2016). CMIP6 seeks to assess the climate system and forecast regional climate changes under future scenarios through the collection and comparison of simulation results from multiple global circulation models (GCMs). The RCPs were established based on the projected radiative forcing target level for 2100. Researchers collaborated globally to predict future climate and environmental conditions based on varying radiative levels, resulting in a comprehensive data set. We selected the most optimistic (2.6), moderate (4.5) and pessimistic (8.5) RCPs to predict and compare moonfish dispersal in the 2060s between the two monsoons. Long-term environmental changes were predicted from GCM, specifically IPSL (Institute Pierre Simon Laplace) (Schickele et al., 2021). The data were subsequently resampled to a resolution of 0.1° × 0.1°, aligning with the current environmental dataset, through spatial interpolation. This study analyzed projection data from January to December for the years 2034 - 2040, 2044 - 2050, and 2054 - 2060, respectively focusing on the short-, medium-, and long-term impacts of climate-related changes on the distribution patterns of moonfish during NE and SW monsoon.




2.4 Standardization of nominal catch per unit effort

To reduce the impact of spatial (latitude, longitude) and temporal (year, month) variables, the N-CPUE data were standardized using generalized additive models (GAMs), a method commonly employed to derive filtered and unbiased standardized catch per unit effort (S-CPUE) values. GAMs, which are progressively used in ecology to discern nonlinear functional linkages (Pedersen et al., 2019), provide a method for achieving this decomposition of temporal variation into components that describe trend, seasonality, and other cyclical variations. GAMs may be succinctly characterized as modified generalized linear models (GLMs) where the linear predictor incorporates a summation of smooth functions that depict the functional connections between variables and the response variable:

	

Where E(Y) is the conditional expectation of a response derived from an exponential family distribution, β0 is the unknown intercept, the si’s are a collection of smooth functions pertaining to one or many predictor variables (x’s), and the link function (g) is monotonic. Every smooth function si is constituted of basis functions, whose coefficients, requiring estimation, serve as weights to regulate the form of the function. The overall quantity of basis functions constrains the possible complexity of the smooth function, with an increased collection of basis functions permitting more flexibility. Beyond their capacity to depict intricate and nonlinear ecological relationships, GAMs offer several additional benefits, including the ability to model various response families that address ecological characteristics (such as zero inflation) and the option to incorporate hierarchical smoothing for multivariate responses (Pedersen et al., 2019). Following the above equation, the standardization model was structured as below:

	

The S.CPUE results obtained were utilized in subsequent analyses. Predictor variables included year, month, vessel identifier (CT), latitude, longitude, and NPGO, while N-CPUE served as the targeting variable. The interactions employed included latitude × longitude, year × longitude, and month × longitude. NPGO served as an environmental predictor for moonfish CPUE, as indicated by the findings of Ray et al. (2024), where NPGO was seen to have the highest correlation with moonfish catch rate among all other climatic oscillations employed. Additionally, random splitting strategies, particularly at a ratio of 70:30, were employed to train and evaluate data for the purpose of establishing a standardization model (Vrigazova, 2021).




2.5 Species distribution modeling



2.5.1 Evaluation of environmental data

Elevated multicollinearity across predictive variables may negatively impact the precision of model predictions and the assessment of variable effects (Gregorich et al., 2021). To mitigate the problem of elevated multicollinearity, we evaluated five potential parameters using variance inflation factor (VIF) test. A score approaching 5 or more denotes a more robust positive collineairity, while a value < 5 implies a more no collinearity between the two variables (Kim, 2019). A VIF threshold < 5 was therefore used to identify potential components for inclusion in the final model iterations.




2.5.2 The effect of oceanography on moonfish seasonal distribution

GAMs were utilized for species distribution modeling with the chosen environmental variables. GAMs provide the versatility to ascertain if a certain parameter is a significant element of the habitat connection and to identify its functional form. Habitat preferences, both regional and temporal, were examined throughout two monsoon seasons. The S-CPUE data for moonfish from the NE and SW monsoons were aggregated separately. The “gam” function from the mgcv package was used to create models in R software (version 4.2.3; R Foundation for Statistical Computing, Vienna, Austria). S-CPUE served as the response variable, whereas location (longitude and latitude) and environmental parameters (SST, SSD, MLD, SSS, and SSC) functioned as predictor variables. All data were used to create foundational models, and no interactions were included. The following steps were used to develop GAMs: assessing the relevance of each individual component, optimizing the model structure and evaluating residuals, and fitting the final response curves. The primary objective of the first stage was to validate the importance of the essential oceanographic variables identified by GAM. The last phase included constructing GAMs including numerous important components while accounting for the impact of interaction terms. We computed the effective degrees of freedom for each principal factor, supposing that all covariates were continuous. A statistically significant association was identified between S-CPUE and each predictor at p < 0.05. The model with the optimal conformation for goodness of fit (GoF) was chosen using a systematic procedure that prioritized the minimal root mean square error (RMSE), mean absolute error (MAE), and generalized cross-validation (GCV). The last phase included fitting the response curves for each smoothing term of the GAMs to ascertain the link between S-CPUE and the essential oceanographic parameters, as well as to identify the suitable range of these factors.




2.5.3 Development of suitability index curves

Smoothing spline regression was employed to analyze the relationships between the relative abundance of moonfish and their oceanographic preferences (Haghi Vayghan et al., 2013) as well as the projected scenarios under the RCPs 2.6 and 8.5. Abundance of moonfish served as the dependent variable in the regression analysis, while all chosen oceanographic parameters functioned as explanatory variables. The suitability index (SI) curve for moonfish was derived by normalization using the specified formula (Lee et al., 2020):

	

where Ymax and Ymin represent the maximum and minimum values of S-CPUE or predicted CPUE (P-CPUE) or oceanographic variable observations, respectively, and Y denotes the simulated (predicted) value within the range of Ymax to Ymin; SI values are constrained between 0 and 1.

SI values were derived from the summed frequency distribution of the S-CPUE or P-CPUE for each class, with the assumption that SI values range from 0 to 1. The midpoint of each class interval for the environmental variables served as the observed value in the fitting of the SI model. Finally, the relationships between the SI and oceanographic variable results were established using the following formula (Lee et al., 2019):

	

In this equation, m represents the response variable (oceanographic variables), while α and β are determined by applying the nonlinear least squares estimate to minimize the residual between a SI observation and the SI function.




2.5.4 Model development

A suitable habitat is an environment that fulfills the essential requirements for an organism or species to survive, reproduce, and develop. The suitability of a habitat is assessed based on its temperature, humidity, food availability, shelter availability, and other essential resources necessary for an organism’s survival. All variable combinations were evaluated, with the optimal model identified by the lowest Akaike’s Information Criterion (AIC), root mean square error (RMSE), mean absolute error (MAE), and generalized cross-validation (GCV) scores; individually for NE and SW monsoon under the three timespans representing the RCPs.

	

In the absence of an optimal species distribution model (SDM) for a specific species, geographic area, and spatial resolution, making decisions based solely on the output of a single SDM, while neglecting the uncertainty associated with alternative models, may lead to ineffective management planning decisions (Davies et al., 2023). Uncertainty analysis is crucial for two primary reasons (Douglas-Smith et al., 2020). Firstly, comprehending the extent of variability linked to model types may assist engineers and decision-makers in identifying potential areas for improvement; secondly, this comprehension can signify the degree of confidence related to SDM predictions. If simulated results derived from numerous models with acceptable performance exhibit considerable discrepancies, the total outcome might be considered to possess high variability (low confidence). Therefore, to check uncertainty, we randomly split the fishing data set in half to utilize 70% for training and 30% for testing in order to validate the chosen model. For both the training and testing datasets, the RMSE and MAE were computed. To further minimize the model’s bias, we used a threefold cross-validation technique between the training and testing sets of the data, using the same performance metrics.





2.6 Future habitat change analysis

Combining the future and present prediction data with GAM, it allowed us to investigate the patterns in habitat alteration. Latitudinal and longitudinal centers of gravity were calculated to indicate habitat range expansion, both current and future habitats, for moonfish distribution under each climate change scenario. NE monsoon and SW monsoon were the two seasons that the study’s months were categorized under. The following were the latitudinal and longitudinal centers of gravity of the moonfish P-CPUE from the Taiwanese small-scale purse seiners that were estimated from the RCP scenarios and the present P-CPUE in order to have a better understanding of the seasonal geographical distribution of fishing and the accompanying variations:

	

	

	

Using Matlab, we mapped out potential habitats for moonfish and compared them to the ones that would be appropriate in each future climatic scenario in terms of percentage change of P-CPUE. This allowed us to see how the range of viable habitats would change and to ascertain whether appropriate habitats were losing or gaining ground for moonfish in the study region. This allowed us to delve deeper into the pattern of habitat change.

	





3 Results



3.1 Standardization of N-CPUE

With all covariates incorporated, the final GAM yielded a deviance explained value of 39.2%, RMSE of 2.39, MAE of 1.85, and GCV score of 5.8. We utilized the standardization model to standardize the moonfish N-CPUE because its histogram and quantile-quantile plot (QQ plot) (Figure 2) showed a distribution that was approximately normal. Supplementary Figure S2 shows that the monthly CPUE varied between 7 and 40 individuals after standardization. Minor differences in the coefficient between two randomly split data sets (70:30) indicate no considerable bias in the predictive model, as seen in the final GAM, which did not show any significant difference (Table 2).




Figure 2 | Distribution of residuals and quantile-quantile (Q-Q) plot for chosen generalized additive model (GAM) in moonfish.




Table 2 | Random splitting for verification of the standardization model.






3.2 Environmental determinants of distribution

The GAM prediction assessment revealed that various environmental conditions differently influence the distribution of moonfish in the two different monsoon seasons. The distribution of moonfish is primarily influenced by SSH during the NE monsoon, but the distribution during SW monsoon is more significantly impacted by SSC (Figure 3) as evident by the lowest RMSE, MAE, and GCV values. The correlation relevance of environmental variables by GAM indicated that SSH, SSS, and MLD from NE monsoon were the most significant factors influencing the models while SST had a moderate influence. On the other hand, the GAM revealed that SSC and SSH during the SW monsoon were the most critical components affecting the models, with MLD having a moderate impact.




Figure 3 | GAM evaluations for environmental conditions.



Figure 4 illustrates the relative contribution of each variable across two RCPs for moonfish in the two monsoons. The values indicate the significance of environmental predictors in forecasting the future distribution of moonfish under each RCP. During NE monsoon, MLD functions as the main predictor, with RI values of 0.35 (RCP 2.6), 0.39 (RCP 4.5), and 0.33 (RCP 8.5), highlighting its importance in nutrient mixing and prey availability for foraging. SSC remains significant, however its importance declines with higher RCPs, dropping from 0.21 (RCP 2.6) to 0.15 (RCP 8.5), indicating changes in primary production. SST (0.24–0.25) and SSH (0.16–0.22) have modest significance, with SSH’s relevance increasing under RCP 8.5 owing to potential changes in stratification, although SSS has a negligible influence (0.04–0.11). During the SW monsoon, SSC functions as the key predictor, with its importance rising from 0.43 (RCP 2.6) to 0.48 (RCP 8.5), highlighting its crucial role in spawning success via primary production. MLD has a secondary position (0.14–0.18), indicating its influence on prey dynamics during spawning. SST is less important in the SW monsoon than the NE monsoon, being constant at 0.12 throughout all RCPs, although SSH (0.20–0.22) has moderate relevance, and SSS contributes little (0.04–0.09). SSC is more influential during SW monsoon, perhaps aiding in spawning, whereas the MLD is more critical in NE monsoon owing to its role in nutrient mixing for foraging.




Figure 4 | The relative importance of environmental variables in forecasting future distributions of moonfish species: across various RCP scenarios in northeast (NE) and southwest (SW) monsoon.






3.3 Construction of suitability index curves

SI curves for moonfish were developed based on a range of the selected parameters. Following this, habitat suitability index (HSI) scores were computed for both the seasons separately for timescales 2014 – 2020, followed by the RCPs 2.6 and 8.5 for 2040, 2050, and 2060. RCP 4.5 has not been showed here since the ranges were quite similar to that of 8.5. During the NE monsoon, the ideal ranges for moonfish’s SST, SSS, SSH, MLD, and SSC were found to be 22.5-23.5°C, 34.5 PSU, 0.66-0.7 m, 21-41 m, and 0.15–0.45 mg/m3, respectively, when the SI is greater than 0.6. on the other hand, during SW monsoon, the optimal values for moonfish’s SST, SSS, SSH, MLD, and SSC were determined to be 29.5°C, 33.2 PSU, 0.7-0.78 m, 10-12 m, and 0.12 mg/m3, respectively, when SI exceeds 0.6. When the SI value exceeded 0.6, the abundance for moonfish in the study region from exhibited a strong correlation with all the parameters (Figures 5, 6). SI curves were subsequently plotted utilizing the smoothing spline technique consequently for the RCP scenarios showing the suitable ranges of environmental parameters for the years 2034-2040, 2044-2050, and 2054-2060 (Supplementary Figures S3A–S3D).




Figure 5 | (a–e) SI curves for selected environmental variables related to moonfish from NE monsoon generated using smoothing spline regression. The black bars, blue dotted line, and red solid line represent the summed S-CPUE, SI scores with a cut-off value exceeding 0.6, and SI curves, respectively. The points of intersection between the horizontal dotted lines and SI curves denote the optimal environmental range for each parameter.






3.4 Examination of habitat models and validation

The VIF scores among the variables for both the seasons were notably low and < 5 (Supplementary Figure S4). Therefore, all the five variables were selected as the definitive environmental predictors for the model’s inputs. This option seeks to mitigate the possibility of multicollinearity in the model, guaranteeing that each variable distinctly and substantially contributes to the prediction of moonfish distribution in the study region.

Table 3 displays the results derived from the application of GAMs utilizing all the selected parameters. The final GAM for NE monsoon demonstrated enhanced performance with 82% deviance explained, 0.87 RMSE, 0.65 MAE, and 0.78 GCV scores compared to the other models. Table 3 further indicated that the model for SW monsoon exhibited a deviance explained of 74.4%, 0.86 RMSE, 0.6 MAE, and 0.77 GCV scores.


Table 3 | Evaluation of GAMs for moonfish during the period of NE and SW monsoons.



GAMs were assessed through two validation techniques, all demonstrating negligible variations in the coefficient values (RMSE and MAE) across random splitting (70:30) and three-fold cross validation approaches. The findings suggest that the predictive performance of the models remained unaffected by significant bias (Table 4). Consequently, these models were utilized to produce a comprehensive climate forecast for all sampling locations within the study area under RCPs 2.6, 4.5, and 8.5 in three timescales – 2034 – 2040, 2044 – 2050, and 2054 – 2060, separated between two monsoons.


Table 4 | Results of validation for GAM prior to habitat prediction.






3.5 Habitat prediction

The P-CPUE exhibited notable variability between the two monsoons; however, the primary fishing ground remained consistently unchanged across the seasons (Figure 7). The projected CPUE values derived from the habitat GAMs and environmental data were compared with the S-CPUE values across different seasons. The findings revealed variations in the size and intensity of moonfish habitats between the NE and SW monsoons. No significant shift in moonfish habitats was observed in the SWT region. During the NE monsoon season, moonfish distributions were observed between 119° and 121°E, while in the SW monsoon, their distributions extended in the Taiwan Bank near 118°E. Throughout the two seasons, the anticipated CPUE regions demonstrated elevated S-CPUE values. Furthermore, low forecast and S-CPUE values were noted, suggesting heightened fishing activity in the coastal regions of northern Taiwan.

During the NE monsoon, moonfish habitats were predominantly observed in the coastal waters off central and western Taiwan, specifically between 21.5°N and 24°N, indicating a broader distribution. Throughout the two seasons, a small habitat region was consistently monitored between 119°E and 120°E. The findings indicate that our vessels demonstrated a high cumulative CPUE, correlated with latitude and longitude. During the NE monsoon, the observed peak of S-CPUE gradually shifted eastward, ultimately reaching 118°E during the Southwest monsoon. GAM indicated a positive correlation between S-CPUE growth and P-CPUE growth during the two monsoons, despite seasonal volatility in S-CPUE. The average S-CPUE values were 17.48 kg/h during the NE monsoon and 14.75 kg/h during the SW monsoon. The mean S-CPUE was lower during the SW monsoon compared to the NE monsoon, corroborating the findings of our previous study by Ray et al. (2024). The S-CPUE values recorded during the NE and SW monsoons were 977.7 kg/h and 856.41 kg/h, respectively. The P-CPUE was greater during the NE monsoon compared to the SW monsoon season.




3.6 Projected changes to habitat

Figure 8 depicts the fluctuations in the geographical distribution of moonfish during the NE and SW monsoon across several RCP scenarios and temporal markers. The centroid for the NE monsoon demonstrates a consistent southern shift throughout all RCPs, indicating a decrease in appropriate habitat approaching the equator. Under RCP 2.6, the shift is mild, progressing around 50–60 km southward by 2060, but under RCP 4.5, the change is more pronounced, reaching almost 100 km to the south. RCP 8.5 denotes the greatest significant southerly displacement, exceeding 150 km by 2060, demonstrating the impact of extreme warming on habitat sustainability. The southern movements during NE monsoon indicate that the population often relocates to warmer tropical waters. In contrast, during SW monsoon, the centroid migrates southward and westward, highlighting the synergistic impacts of warming and oceanographic changes on spawning habitats. The westward shift is particularly pronounced under RCP 8.5, with the center moving around 40 km west and 20–30 km south by 2060. Under RCP 2.6 and 4.5, the displacements are minimal, with the centroid shifting less than 30 km westward and 10–20 km southward. The westward expansion during SW monsoon may be attributed to changes in ocean productivity and stratification patterns that promote spawning activities in western regions such as the Taiwan Bank. Unlike the two seasons, the NE monsoon demonstrates a more direct southerly movement, indicating habitat contraction due to increasing temperatures and changes in prey availability. In contrast, the SW monsoon has a more complex movement, with westward expansion likely affected by fluctuations in production and spawning-related dynamics. The magnitude of these modifications increases with the severity of the RCP scenario, with RCP 8.5 demonstrating the most pronounced and varied changes.

The percentage change analysis of moonfish P-CPUE indicates that it exhibits the greatest percentage of P-CPUE change (~25%) during the NE monsoon under 2060_8.5 scenario in comparison to SW monsoon 2060_8.5 (~18%) (Figure 9). In contrast, the only negative % change of the moonfish P-CPUE was exhibited in 2050_2.6 scenario. Under three RCPs, the two minimum % changes of P-CPUE were seen during 2040_2.6 in NE (2%) and (4%) SW monsoon respectively. The percentages of P-CPUE change showed a constant positive increasing pattern from 2.6 to 8.5 emission scenarios between the two seasons.




Figure 9 | The proportion of P-CPUE experiencing % change from the current to future simulation periods for moonfish habitats in the 2040s, 2050s and 2060s is presented under RCP 2.6, RCP 4.5, and RCP 8.5 climate scenarios.







4 Discussion



4.1 Moonfish distribution and its relation to oceanographic parameters

This study presents the development of a species distribution model aimed at predicting the potential distribution of moonfish in the southwest region of Taiwanese waters, considering both current and projected future climate conditions for the first time that elucidates complex ecological relationships, establishing a robust basis for subsequent ecological research. Model predictions indicate that moonfish predominantly inhabits the coastal and offshore regions west and south of Taiwan during both NE and SW monsoons, showing a preference for areas with varying oceanographic characteristics in the two seasons. The oceanographic parameters exhibited significantly different ranges across the two seasons, suggesting that moonfish inhabit distinct environments during the NE and SW monsoons.

The present study found that although SSC concentration is typically higher during the NE monsoon, its contribution to CPUE in the study area was more significant during the SW monsoon, suggesting that this period might be more suitable for moonfish spawning. This increased SSC aligns with greater food availability, attracting moonfish for reproduction. Prior studies have shown that tropical species, like siphonophores and euphausiid shrimp, increase in summer due to the South China Sea Warm Current (SCSWC), enhancing moonfish prey concentrations (Hsieh et al., 2016). In Taiwan’s tropical and subtropical waters, seasonal planktonic variation differs from other regions, likely influencing SSC thresholds for moonfish during the SW monsoon. During the NE monsoon, chlorophyll levels are high but range narrowly due to nutrient influx from river runoff, promoting primary productivity via eutrophication of nitrogen and phosphorus, which supports higher trophic levels through a bottom-up effect (Sinnickson et al., 2021). Previous studies indicate primary productivity is higher in Taiwan during the NE monsoon (Hsu et al., 2020), and increased turbidity during this period is observed due to light intensity, promoting photosynthesis (Zainuri et al., 2018). The Kuroshio Branch Current (KBC) and China Coastal Current (CCC) contribute to upwelling, with nutrient-rich cold water rising and boosting productivity in TS (Mondal et al., 2023). This enhanced light during the NE monsoon promotes efficient photosynthesis and increased SSC, creating ideal conditions for fishing and moonfish fry refuge.

We concentrated on a selection of key factors to enhance our understanding of the elements affecting the distribution of moonfish. The significance of each predictor variable and the identified relationships indicate that our models possess biological plausibility. Numerous studies have identified temperature as the primary environmental factor influencing the growth, development, abundance, and recruitment of marine fish (Deutsch et al., 2015). A separate study indicated that SST and chlorophyll-a concentration were the primary factors influencing the distribution of marine pelagic fish in the northwest Atlantic Shelf area, consistent with the findings of the present study (Wang et al., 2018), where the relative importance of SST was found to be the second highest after MLD in both NE and SW monsoons under all the RCPs.

MLD’s thickness plays a crucial role in the entrapment of sediment, nutrients, or suspended matter (de Oliveira et al., 2024). In areas characterized by a deeper MLD, vertical convective mixing is more significant, facilitating the upward movement of nutrients from the depths to the surface, thereby enhancing the food supply for moonfish, as evident in Table 3 as well as from its highest relative importance under the RCPs (Figure 4). During the transitional period of the spring monsoon (SW monsoon), reduced wind speed and variable wind direction result in inadequate energy to sustain a deep MLD in the South China Sea (SCS) (Wu and Cheng, 2013). Thus, although ocean depth plays a significant role in the distribution of moonfish in this study, the extent of variations in its SI values under different timeframes in different RCPs is comparatively to a great extent.

We propose that variations in SSH induce alterations in upwelling, water vortex dynamics, and storm surges, resulting in differing levels of mixing between surface and bottom waters, alongside changes in freshwater inputs, which ultimately influence the stability of pH levels (Li et al., 2022). SSH may indicate different warm and cold water masses as well as eddy structures. It is utilized very frequently in distribution models for coastal to pelagic fish and is acknowledged as a significant factor affecting their distribution (Liu et al., 2022). This study found that SSH significantly influences the distribution of moonfish, ranking the first (Figure 3) for moonfish during NE monsoon in impact, as well as having the second-highest relative importance under the RCPs during the SW monsoon, since plays a key role during this season. SSH variations impact the SCSWC, bringing nutrient-rich waters northward during summer, promoting plankton productivity crucial for fish larvae survival (Hsieh et al., 2016). Eddies, created by SSH anomalies, provide retention zones with stable, food-rich environments for spawning fish. Seasonal SSH changes also serve as cues for spawning migration, guiding fish to productive spawning grounds, enhancing larval survival and recruitment (Asch and Checkley, 2013). These factors collectively create optimal spawning conditions through increased nutrient availability and stable habitats.




4.2 The effects of climate change on moonfish

This study emphasizes the significance of sea temperature in influencing habitat selection by moonfish in a tropical-latitude marine ecosystem, since it had a dominant relative importance for the species in both the seasons under the RCPs (Figure 4). Species with a preference for warmer water, such as moonfish, moved towards further south or southeast during winter or NE monsoon when surface temperatures drop (RCP 4.5 and 8.5), transitioning to more south-westward areas as surface waters warmed in summer.

Moonfish utilized the warm water layers accessible throughout the year. The warm-water preference aligns with its southern distribution range and optimal temperature ranges exceeding 20°C during NE and 29°C during SW monsoon (spawning time for moonfish) (Figure 5a). The SI curves for the oceanographic parameters under the RCPs for both the seasons show us that moonfish has a high range of tolerance of SST (Supplementary Figures S2A–S2D). Moonfish exhibited a preference for southwestern region of Taiwan, around the Taiwan Bank area in all the scenarios under the RCPs for SW monsoon (Figures 6, 7). The abundance of prey in these habitats, combined with enhanced physiological performance in warm waters, likely creates optimal growth conditions for this species during the summer months. Moonfish preferentially chose to move towards the lower southern part of Taiwan during winter or NE monsoon, which may offer lower food availability but provide more favorable thermal conditions. Overall, moonfish showed a higher degree of longitudinal centroid shift than in the latitude.




Figure 6 | (a–e) SI curves for selected environmental variables related to moonfish from SW monsoon generated using smoothing spline regression. The black bars, blue dotted line, and red solid line represent the summed S-CPUE, SI scores with a cut-off value exceeding 0.6, and SI curves, respectively. The points of intersection between the horizontal dotted lines and SI curves denote the optimal environmental range for each parameter.






Figure 7 | Monthly spatial distribution from NE monsoon (October – April, in light yellow) and SW monsoon (May – September, in darker yellow) of average S-CPUE for moonfish in the waters off southwest Taiwan, mapped onto monthly habitat prediction for the years 2014 – 2020.



The modeling research indicates that the distribution range of moonfish exhibited stability, characterized by a moderate southward shift in the centroid during the NE monsoon while with a southwestward movement during the SW monsoon. The catch potential of moonfish has shown a significant increase under the RCP scenarios (Figure 8). TS may serve as a natural geographical barrier to the northward migration of southern moonfish species in response to climate change as stated by Tzeng et al. (2016). This study demonstrates that moonfish may be a warm-water affinity species that can modify their behavior spatially and temporally to adapt to the seasonal oceanographic variability of the ecosystem. This may enable these fish species to adapt to future temperature changes, including earlier summer warming or extended durations of cold or warm periods. On the other hand, since they are not fast-swimmers, it may also be difficult for them to migrate northward through the Kuroshio region due to strong influence of currents, as well as TS being a natural geographic barrier. The findings indicate a consensus that behavioral traits significantly influence the resilience of animal species to a rapidly changing global climate. Furthermore, it is essential to incorporate the behavioral responses of animals to climate change into predictive models assessing species susceptibility to this biodiversity threat (Buchholz et al., 2019). The utilization of thermal refuges by individuals may, however, deprive fish of other essential resources, such as optimal feeding habitats.




Figure 8 | Analysis of the geographical shift for moonfish (in Km) during NE and SW monsoons across different RCP scenarios and time points. Each rose diagram represents the change from the time period 20140 – 2020 to 2034 – 2040, 2044 – 2050, and 2054 – 2060.



Projected rises in summer temperatures in Taiwanese waters may exacerbate the trade-offs between optimal temperature and feeding areas for marine species, potentially impacting their growth rates and overall condition. Concurrently, species adapted to warmer waters, such as moonfish, are anticipated to flourish that could later result in novel assemblages dominated by warm-water species, correlated with rising sea temperatures (Barceló et al., 2016). Buchholz et al. (2019) indicate that additional research is necessary to enhance understanding of the fitness trade-offs associated with behavioral responses to environmental change. Future research should also examine individual-level responses to environmental change, as these may be crucial for understanding individual fitness and, ultimately, how populations adapt to new environments.

Species-specific reactions to climate-induced changes are modifying the geographical overlap and phenological synchronization between predator and prey populations (Carroll et al., 2019). This is expected to impact encounter rates between them, eventually affecting the intensity of predation interactions. Fundamental physiological principles and extensive laboratory research demonstrate that the intensity of predator–prey interactions is influenced by temperature and other abiotic factors, both directly through kinetic impacts on consumption rates (Pepi et al., 2018) and indirectly through effects on predator foraging (Holsman et al., 2019) and prey escape behaviors (Domenici et al., 2019). Consequently, climate change may modify the geographical overlap between predators and prey, as well as the intensity of trophic interactions in their coexistence, thereby affecting predator-prey dynamics in intricate, nonlinear manners (Boukal et al., 2019). Considering that moonfish are a crucial forage species for apex predators, these predators may be required to modify their movement patterns to pursue their prey. If predators do not adeptly track the fluctuating moonfish populations, geographical mismatches may arise, thereby diminishing their feeding efficiency and resulting in cascade impacts on predator populations. An anticipated rise in moonfish abundance may temporarily enhance predator numbers by providing a more plentiful food source leading to increased predation pressure, possibly affecting moonfish behavior, including modified schooling patterns or changes in habitat use to evade predation. Furthermore, a significant population surge might destabilize the current ‘wasp-waist’ regulation within the ecosystem that may result in imbalances, with some prey species of moonfish facing overgrazing, while others may thrive owing to less competition. In addition to predator-prey dynamics, the overall stability of the ecosystem may also be influenced by these changes. The relocation of moonfish habitats and the corresponding variations in their biomass may affect nitrogen cycle and primary production patterns, especially by modifying grazing pressure on planktonic communities. The research indicates that chlorophyll levels and MLD substantially affect moonfish distribution, implying that changes in oceanographic circumstances would also effect primary production. A drop or change in primary production resulting from modified oceanographic processes may induce feedback effects across the food chain, possibly disrupting regional marine ecosystems. Moreover, if moonfish persist under elevated temperatures while other species diminish, the area may see unprecedented species assemblages, potentially impacting biodiversity and the viability of fisheries.

The combined impacts of climate variability and change on species fitness mediate the habitat suitability of small pelagic organisms like moonfish. The importance of acknowledging the effects of long-term environmental changes on small pelagic fish habitats must be emphasized. Gradual environmental modifications can influence the overall habitat suitability of these species, independently or in conjunction with the effects of overfishing. It is important to recognize that using catch rates per vessel as an index of fish abundance may be subject to debate. This is especially applicable in the waters of southwest Taiwan, where the small-scale purse seine fishery is predominantly industrial. Catch rates are contingent upon fish abundance and are affected by catchability and socio-economic factors (Ba et al., 2017).

It is essential to comprehend the habitat preferences of a forage fish like moonfish, and the factors influencing a high CPUE in specific regions require clarification. This study identified latitudinal and longitudinal shifts in the center of gravity of suitable habitats to determine habitat shift patterns of moonfish. This study found that longitudinal changes in the center of gravity of these habitats are more pronounced, offering valuable insights into the observed patterns. A significant challenge in examining these parameters to detect potential distribution shifts is the availability of data on oceanographic and biological variables suitable for integration into climate models.

Alterations in community composition can result in significant ecological and social implications (Asch et al., 2018). The likelihood of species invasion is greater at high latitudes, while species extirpation predominates at low latitudes (Hu et al., 2022). Species richness is anticipated to decline more frequently in the Indo-Pacific region and semi-enclosed seas, such as the southwest Taiwan, compared to other regions (Huang et al., 2016). The transmission of this effect to the catch indicates that cold temperate countries may benefit from these changes, whereas tropical countries could experience adverse impacts (Asch et al., 2018). The current study in Taiwan indicates that catch rates of moonfish may rise in the future as projected from the RCPs (Figure 8) pointing towards an increased abundance of moonfish which may happen if larger predatory fishes migrate to other areas due to changing ocean conditions. Projecting habitat suitability for fish species aids in elucidating their distribution patterns in the context of climate change, which is critical for informing conservation policy (Zhang et al., 2020b).





5 Limitations and future work

Our principal results are obtained from SDMs for 7 years of fishery data that analyze relationships between fish species occurrences and factors linked to oceanographic variables. This method neglects the possible species interactions or other human pressures which can also affect the niche, as well as a better interpretation possible from a longer dataset. Furthermore, this analysis presumes that all fish may travel freely and equitably, irrespective of body size consequently stressing the consideration of fish dispersion in future research. Future studies should also investigate the impact of alterations in the growth, reproduction, and survival rates of moonfish on their distribution.

The variation in model outcome demonstrates that although these methodologies are instrumental in comprehending the potential impacts of environmental changes on species distributions, the results are significantly influenced by the specific model selected, and there is no universally ‘best’ or ‘correct’ model. Utilizing a diverse ensemble of models, varying in their conservatism about species estimates, will allow us to illustrate the robustness and consistency of specific projections relative to the underlying assumptions.

The models presented include just certain variables (temperature, salinity, MLD, SSH, SSC), but other factors influencing the appropriate habitat for fish include seabed substrate, currents, pH, and prey availability. The variables were unavailable for the future periods analyzed, hence they were excluded from this analysis. Nevertheless, when further data become accessible, they may be included into future modeling. Subsequent research might use the model outputs to examine predator-prey dynamics, species turnover, functional groupings or attributes, nursery habitats, recruitment, and the economic significance of the species. These evaluations would garner significant attention and may be integrated with estimates about invertebrates, biogenic habitat engineers, or apex predators.




6 Conclusion

Although the majority of fish habitats are expected to shift northward, the presence of TS as a migration barriers and the ‘cul-de-sac’ effect may significantly impact moonfish movement as seen in the current study. All RCP scenarios indicated a uniform southerly shift in moonfish habitats during the NE monsoon, with the extent of displacement escalating at higher RCP (~150 km). This movement, prompted by rising temperatures and altered oceanic conditions, signifies a reduction of appropriate foraging areas towards equatorial regions, anticipated to exhibit improved habitat suitability as seen by elevated P-CPUE rates. During the SW monsoon, the habitat centroid exhibits southward and westward (~20-40 km) movements, especially under elevated RCPs. These shifts align with the dynamic nature of spawning habitats, influenced by localized productivity hotspots and thermal conditions. The P-CPUE rates during the SW monsoon exhibit slower initial rises (~18%) than the NE monsoon (~25%), underscoring the difficulties in maintaining adequate spawning habitats under constantly evolving oceanographic circumstances. Environmental factors like as SSC and MLD show the highest relative importance under RCP 2.6 to 8.5, with SSC and MLD being predominant in the SW and NE monsoon respectively. The anticipated modifications in SSC under elevated RCPs indicate substantial changes in primary production, directly affecting habitat quality and prey accessibility. Simultaneously, the fluctuation of MLD in future scenarios highlights the significance of ocean mixing in sustaining nutrient-dense foraging areas. These findings underscore the necessity of integrating adaptive management techniques, such as safeguarding equatorial and spawning habitats, to alleviate climate-induced disturbances to moonfish populations. The study highlights the importance of tracking environmental changes and their ecological consequences to guarantee sustainable fisheries management in a warming ocean.



6.1 Implication of the study

Effective spatial planning and management in moonfish fisheries need governmental assistance and collaboration from key sea-users to guarantee their sustained growth. While marine spatial planning should be integrated into policy development at all levels, our research corroborates that such case studies may assist authorities in gradual modifications of management methods. Cooperation from stakeholders whose livelihoods will be affected by spatial planning should be the first emphasis. Moreover, the integration of stakeholder concerns and the assessment of the effectiveness of current methodologies are essential to enhance the proposed system. Regular communication during workshops by scientists and NGO personnel helps clarify spatial planning objectives and strategies for stakeholders, hence enhancing the efficacy of management activities, since they play a crucial role in community representation, conservation efforts, and mediating advocacy positions, establishing a knowledge base and amplifying overlooked perspectives.
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