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Abstract

:

The western conifer seed bug (WCSB; Leptoglossus occidentalis) causes huge ecological and economic problems as an alien invasive species in forests. In this study, a species distribution model (SDM) was developed to evaluate the potential occurrence of the WCSBs and the effects of climate on WCSB distribution in South Korea. Based on WCSB occurrence and environmental data, including geographical and meteorological variables, SDMs were developed with maximum entropy (MaxEnt) and random forest (RF) algorithms, which are machine learning methods, and they showed good performance in predicting WCSB occurrence. On the potential distribution map of WCSBs developed by the model ensemble with integrated MaxEnt and RF models, the WCSB occurrence areas were mostly located at low altitudes, near roads, and in urban areas. Additionally, environmental factors associated with anthropogenic activities, such as roads and night lights, strongly influenced the occurrence and dispersal of WCSBs. Metropolitan cities and their vicinities in South Korea showed a high probability of WCSB occurrence. Furthermore, the occurrence of WCSBs in South Korea is predicted to intensify in the future owing to climate change.
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1. Introduction


The invasion of alien species has increased worldwide due to international exchange and global warming [1,2]. Biological or ecological disturbance due to invasive alien species induces severe damage to native species, ecosystems, and human societies [3,4,5]. Furthermore, invasive alien species become notorious pests in their settlement areas [6,7] and result in biodiversity loss [8].



At present, the western conifer seed bug (WCSB; Leptoglossus occidentalis Heidemann, 1910) (Hemiptera, Coreidae) has been causing problems all over the world as invasive species. It is native species in north-western America [9]. However, WCSB has been dispersed worldwide from east America to Asia [10,11]. Due to the damage caused by WCSBs to coniferous trees [11,12], various ecological and economic problems arise. Reductions in seed up to 41% in the forest of Douglas fir (Pseudotsuga menziesii) were reported due to WCSBs [13,14]. In South Korea, since WCSBs were first observed in 2010, their distribution has expanded to a nationwide scale, inducing an economic decrease in pine nuts [15]. Additionally, the damage caused by WCSBs will increase because of climate change. Climate change affects the natural environment, population dynamics of species, and dispersal of alien species [16,17,18]. Many studies have reported that the distribution area of alien species will expand due to climate change, and the damage will also increase [19,20].



The species distribution model (SDM), also known as the ecological niche model, is commonly used to predict distribution of a target species and their habitat suitability [21]. Initially, the SDM was mainly used to reveal ecological insights, such as relationships between species and the environment, and important factors for species occurrence. However, with recent advances in computational algorithms, it is widely used for the prediction of species distribution and variations due to climate change [22]. The SDM plays an important role in the decision-making process, contributing to the establishment and development of response strategies for invasive species and ecosystem management [23,24,25]. Recently, it has been reported that among the various SDMs, machine learning methods have shown good performance in the prediction of potential distributions of diverse species and the effects of climate change [19,26].



As the damage caused by WCSBs and their dispersal has intensified in South Korea, it is necessary to establish countermeasures. In this study, to contribute to the development of management and control strategies for WCSBs, the occurrence patterns of WCSBs in South Korea were evaluated, and the potential WCSB distribution areas in the present and future were predicted using the SDM with machine learning methods.




2. Materials and Methods


2.1. Ecological Characteristics of WCSB


WCSB, which is native to western North America [9] has three life stages: egg, 1st–5th nymphs, and adult, taking approximately 40 days from hatching to adulthood [12]. The body length of WCSB adults is approximately 20 mm, and their color is reddish-brown or gray-brown [27]. The WCSB feeds on the cone of pine trees (mainly genus Pinus) using its sting. WCSB adults overwinter under tree bark or in artificial structures, such as buildings [28]. Recently, it has been reported that the 5th nymph can overwinter, although only a few survive [29].




2.2. Data Collection


The occurrence records of WCSBs in South Korea were collected from the literature [12,27,28], field surveys, and the online database of the Global Biodiversity Information Facility [30]. To avoid spatial sampling bias, through spatial filtering (also called spatial rarefying) using a 5 km × 5 km grid scale, 90 WCSB occurrence sites were obtained (Figure 1).



In this study, 23 environmental variables in three categories were collected: geographical variables (elevation and slope), meteorological variables (nineteen bioclimatic variables), and anthropogenic variables (night light and distance to the road).



Elevation and slope maps were obtained from the National Geographic Information Institute (https://www.ngii.go.kr accessed on 19 March 2021) of South Korea. Meteorological data for historical climate (1970–2000 as climatological normal) were obtained from WorldClim (https://www.worldclim.org accessed on 30 August 2022). In the WorldClim version 2 dataset [31], nineteen bioclimatic variables with a resolution of 30 s (approximately 820 m in South Korea) were collected. These data had an average value for historical years and were considered to represent present climate conditions. In addition, for future climate data, we obtained climate change scenario data in South Korea for 2021–2040 (near future) and 2061–2080 (far future) based on shared socioeconomic pathway scenario data (SSP1-2.6 and SSP5-8.5) with MIROC6 global climate models from WorldClim [32]. WorldClim provided future climate data as an average over 20 years.



A map of night lights was provided by the National Aeronautics and Space Administration of the U.S.A. (https://earthobservatory.nasa.gov/features/NightLights accessed on 6 July 2021). We used a grayscale night light map for 2016 (region number D1). Distance to road refers to the distance from each location to the nearest road and was measured on a road map combining road data from the Korea Transport Database (https://www.ktdb.go.kr accessed on 7 April 2021) and the Intelligent Transport Systems of Standard Node Link (https://www.its.go.kr accessed on 5 April 2021) in South Korea.



All variables were used in the raster format in the geographical information system software [33]. The resolution of all maps was changed to 30 m × 30 m, and the coordinate reference system in GIS was Korea 2000/Central Belt 2010 (EPSG 5186).




2.3. Data Preprocessing and Analysis of Environmental Characteristics


In this study, eight selected variables were used to avoid multicollinearity among the whole environmental variables: elevation, slope, night light, distance to road, the maximum temperature of the warmest month (Bio5), the minimum temperature of the coldest month (Bio6), annual precipitation (Bio12), and precipitation of the driest month (Bio14). These variables were selected considering the value of Pearson’s correlation coefficient (r < 0.9) and variation inflation factor (VIF < 5). Although isothermality (Bio3) was also passed, we excluded Bio3 based on the ecological characteristics of WCSB, low variation in South Korea, and other studies on the SDM of WCSB [10,29,34].



To develop an SDM for WCSBs, the data on the presence and absence of WCSBs were necessary. However, because the occurrence data of WCSBs only had the presence (P) sites of WCSBs, pseudo-absence (A) sites were produced through the following steps: (1) make A sites three times as many as the number of P sites, (2) remove sites within 1 km from the P sites, (3) remove A sites within 10 km of A sites, and (4) select as many A sites as P sites. The environmental dataset was constructed by extracting environmental values from each digital environmental map based on the coordinates of sites P and A of the WCSBs. After removing A and P sites with missing values, a total of 162 WCSB sites were used in this study (81 sites each).



A nonparametric statistical test, the Mann–Whitney U test, was used to identify the differences in environmental characteristics that determine WCSB occurrence by comparing the environment between sites P and A. Additionally, Spearman’s correlation test was used to analyze the relationship between the environment and WCSB occurrence sites.




2.4. Development of SDM for WCSB


In this study, SDMs were developed to estimate the potential occurrence of WCSBs on a nationwide scale in South Korea. Two machine learning algorithms were used for the development of the SDM based on the environmental condition of the WCSB: the random forest (RF) model and the maximum entropy (MaxEnt) model. The RF model evaluates the relationships among a large number of potential predictor variables and a response variable [35] and shows good performance for ecological data [6]. In addition, the MaxEnt model has frequently been used to predict the potential distribution and habitat suitability of species with good performance [36,37].



In both the RF and MaxEnt models, the response variable was WCSB occurrence and the explanatory variables were the eight selected environmental variables. The dataset was divided into two parts in a ratio of 8:2 for training and testing the SDM. To avoid dataset bias, 10 training-test datasets were generated by sampling without replacement. Thus, both models were repeated ten times, and the final result of each SDM was calculated as the average of the repetition results. During the modeling process, each SDM was developed using the best hyperparameters through grid optimization. Finally, the ensemble results and potential distribution map of the WCSBs were obtained by integrating the outputs of the RF and MaxEnt models.



The area under the receiver operating characteristic curve (AUROC) and accuracy characteristic curve were used to evaluate the performance of each model. To calculate the accuracy value, SDM output, the occurrence probability ranging between 0 and 1 was transformed into binary data (0 or 1) using the cutoff value. The cutoff value was determined when the sum of the sensitivity and specificity of the model was the highest [38].



Variable importance in the SDM was evaluated by the mean decrease in node impurity by the residual sum of squares in the RF model [39] and percent contribution by calculating the change in gain in the MaxEnt model [40]. To compare the variable importance between the two models, the importance of each model was changed to the importance rank and compared. Furthermore, the marginal effect of the explanatory variables on the predicted probability was represented using partial dependence plots (PDPs). The PDPs were interpreted as the average influence and trend of each variable on the prediction result of the SDM. In the PDPs, regression curves were drawn using the local regression method (LOESS).



The future occurrence risks of WCSBs due to climate change were evaluated using SDMs. Using near and far future climate data, we predicted the future occurrence probability of WCSBs and integrated them to produce the final risk map. Based on the predicted future occurrence of WCSBs, we analyzed the effects of climate change on WCSB occurrence and areas vulnerable to climate change in South Korea.



All analyses and modeling were conducted on the R program (version 4.1.0; R Core Team [41]) using specific packages: package “stats [41]” for Mann–Whitney U test, correlation analysis, and LOESS, package “raster [42]” to treat GIS map in R, package “dismo [43]” for the process of SDM, package “randomForest [39]” to perform the RF modeling, and package “ROCR [44]” to calculate AUROC value. MaxEnt software (version 3.4.1, Phillips, et al. [45]) was used for MaxEnt modeling in R.





3. Results


3.1. Environmental Characteristics of WCSB Occurrence


In South Korea, the meteorological conditions of WCSB habitats were that the maximum temperature of the warmest month (Bio5) was 28.5 ± 0.1 °C (mean ± standard error), minimum temperature of the coldest month (Bio6) was −6.7 ± 0.3 °C, annual precipitation (Bio12) was 1276.9 ± 9.6 mm, and precipitation of driest month (Bio14) was 27.4 ± 0.9 mm. In addition, the occurrence sites of WCSBs were located in areas where the elevation was 114.9 ± 8.9 m, slope was 6.2 ± 0.8°, night light was 93.2 ± 5.9 grayscale, and distance to the road was 145.0 ± 36.1 m.



Environmental variables, including geographical and anthropogenic factors, showed statistically significant differences between the presence and absence sites of WCSBs (Mann–Whitney U test, p-value < 0.05; Figure 2). Although some meteorological variables were not different, significant differences were found in five variables (minimum temperature of coldest month, elevation, slope, night light, and distance to road).



Furthermore, using nonparametric correlation analysis, some strong relationships between environmental conditions were found in the WCSB habitats (Figure 3). Strongly positive relationships (r > 0.5, p < 0.05) were observed between elevation and slope. Strongly negative relationships (r < −0.5, p < 0.05) also appeared between the minimum temperature of the coldest month (Bio6) and elevations.




3.2. Prediction of WCSB Occurrence Using SDMs


The RF and MaxEnt models predicted the potential occurrence areas of WCSBs based on environmental conditions. Both SDMs showed good predictability (mean ± standard error) with accuracies of 0.863 ± 0.016 and 0.856 ± 0.016, respectively, in the RF and MaxEnt models, and 0.888 ± 0.015 and 0.889 ± 0.018 of AUROC, respectively, in the RF and MaxEnt models.



The major variables affecting WCSB prediction differed between the two models (Figure 4). Although both SDMs presented the anthropogenic variables (i.e., distance to road and night light) as the most important variables for predicting WCSB occurrence, the influence of these variables was very large compared to other variables in the MaxEnt model. However, in the RF model, the minimum temperature of the coldest month (Bio6) and the precipitation of the driest month (Bio14) were also influential. These differences of variable importance between SDMs are displayed in the importance ranks (Figure 4c). As described above, although the first and second most important variables were the same in both the RF and MaxEnt models, the influential variables were different in each model. Except for the anthropogenic variables, the temperature variables strongly affected the results of the MaxEnt model. However, in the RF model, meteorological and geographic variables, such as temperature, precipitation, and elevation, were all shown to affect WCSB prediction in the model.



The response trends to environmental variables were not different in the PDPs of both the SDMs (Figure 5). However, the degree of increase or decrease differed depending on the model. As the maximum temperature of the warmest month was lower and the minimum temperature of the coldest month was higher, the probability of occurrence of WCSBs increased in both models. Regarding precipitation, although the occurrence probability in the MaxEnt model showed little change, the probability in the RF model decreased when the annual precipitation was 1100 mm and 1384 mm or the precipitation of the driest month was lower. The occurrence probability in the MaxEnt model showed little change in geographical variables (elevation and slope) such as precipitation. However, when the elevation was lower than 345 m or the slope was lower than 20°, the probability of occurrence increased in the RF model. Additionally, as the night light became brighter and the road became closer, the occurrence probability of WCSBs increased in both the SDMs. In particular, in the RF model, the WCSB occurrence probability decreased until the distance to the road reached 1000 m.



By integrating the results of the two models, a potential occurrence probability map for WCSBs, known as the occurrence risk map, was produced (Figure 6a). Particularly, the occurrence probability was predicted to be high in metropolitan cities and their vicinities, such as Seoul, Incheon, Daegu, Daejeon, and Gwangju metropolitan cities in South Korea (Figure S1). Furthermore, Jeju Island and the northern area of the east coast, including Gangneung city, showed a high probability of WCSB occurrence. Using the model ensemble and future climate data, the change in the risk of WCSB occurrence due to climate change was predicted (Figure 6b–e). Due to climate change, the WCSB occurrence risk intensified with time flow (present → near future (2021–2040) → far future (2061-2080)) and magnitude of radiative forcing (SSP1-2.6 → SSP5-8.5) at the national scale (Figure S2). In the near future, the possibility of WCSB occurrence increased nationwide compared to the present, and the degree of increase was larger for SSP5-8.5 than that for SSP1-2.6 (Figure 6b–c). In both scenarios, it was predicted to be increased in Seoul metropolitan city, Gyeonggi-do (in the Korean administrative unit, -do is a province), and southern regions of South Korea (Figure S3a–b). The occurrence risk of WCSBs would be increased more in the far future with SSP5-8.5 data than that with SSP1-2.6 data (Figure 6d–e). In particular, it would be increased significantly in the mountainous region of the southern area of Korea (Jeolla-do and Gyeongsang-do) and the eastern coast of South Korea. Although the possibility of WCSB occurrence in the future (near future → far future) did not change much under the SSP1-2.6 scenario, the potential occurrence risk of WCSB increased significantly under the SSP5-8.5 conditions (Figure S3c–d). Furthermore, many areas in South Korea have shown vulnerability to climate change during WCSB occurrence (Figure S4). The more severe the global warming, the greater the possibility of WCSB occurrence in the future, except in high-mountainous regions. In particular, the plain in Chungcheongnam-do and the eastern coastal region of South Korea is greatly affected.



The occurrence risk of WCSBs due to climate change was highly increased at low-middle elevations (<900 m) and the southern region (latitude as 34.0°–37.0°) in South Korea (Figure 7a–b). Among the climate change conditions, the risk of WCSB occurrence in South Korea increased mostly in the far future with SSP5-8.5. Additionally, the occurrence risk of WCSBs increased significantly in many areas as global warming became more severe over time (Figure 7c). The occurrence probability of WCSBs increased in over half of the Korean territory under SSP5-8.5 conditions rather than SSP1-26 conditions. In the far future, vulnerable areas where the risk of WCSB occurrence increased due to climate change were shown in almost all regions, especially in the southern and central region (latitude as 34.5°–36.5°) of South Korea with low-middle elevations (<900 m) (Figure 7d).





4. Discussion


4.1. Occurrence and Dispersal Characteristics of WCSBs in South Korea


WCSBs were first observed in Changwon in the southern region of South Korea in 2010 [27]. After that, WCSBs were observed in broad areas, including Seoul and the east coast of Gangwon-do, in a survey in 2016–2017 [12]. Their distribution area has gradually expanded in South Korea (Figure 1), and the WCSBs have caused ecological and economic problems in South Korea, such as a decrease in pine nut production in Gangwon-do [15].



Anthropogenic factors played a key role in the occurrence and dispersal of WCSBs in South Korea (Figure 2 and Figure 3). The WCSBs were mostly observed in areas close to roads with bright night lights. These areas are located at low elevations and slopes and have a warm annual mean temperature and minimum temperature in the coldest month. Considering the relationships between environments within WCSB habitats, these results support that the occurrence sites of WCSBs are mainly located in the sphere of human influence. These results indicate that strong influences of anthropogenic factors on the dispersal of invasive species are well-supported by much of the literature [46,47,48]. The roads become a passage in the invasion and dispersal of invasive species, and various human activities, such as light during the night and extensive road networks, can contribute substantially to the dispersal of species [49] and habitat disturbance, causing the extinction of local species [50]. Furthermore, artificial structures, such as buildings, provide good habitats for WCSBs to overwinter [11,12,14,29].




4.2. Interpretation of SDMs for WCSB Occurrence Prediction


Through data preprocessing and optimal modeling processes, such as hyperparameter optimization, both RF and MaxEnt models showed good performance in predicting WCSB occurrence. However, they produced different model results for the same input data because each model has a different model structure and reflects the relationship between environmental conditions differently [48]. Variable importance and PDPs were used to explain the relationship between independent and dependent variables in the machine learning model [51], and they displayed the influence of each variable on the model result.



In both the RF and MaxEnt models, the distance to the road showed the greatest influence in predicting WCSB occurrence, followed by night light (Figure 4). However, the MaxEnt model was strongly influenced by specific variables, whereas the RF model was generally influenced by more variables than the MaxEnt model. This was consistent with the results of previous studies using the RF and MaxEnt models [48,52]. Additionally, the occurrence probability of WCSBs increased with high elevation, bright light at night, and proximity to roads, whereas it decreased as annual precipitation increased (Figure 5). Furthermore, in the PDPs, the RF model showed more dynamic changes in the model output in response to changes in environmental variables than the MaxEnt model. These differences resulted in differences in model outputs.



Anthropogenic factors were consistently evaluated as major factors in both RF and MaxEnt models for the prediction of WCSB occurrence. These results were also supported by the analysis of environmental variables in WCSB habitats. Meanwhile, meteorological variables, such as the maximum temperature of the warmest month and annual precipitation, did not play a significant role in either model in this study. In general, the temperature is a fundamental factor in the development and distribution of species, including insects [53], and precipitation affects insect communities and habitats [54]. They had a small effect on the occurrence of WCSBs in the SDMs (Figure 2 and Figure 4). This might be caused by the relatively small variation in these variables compared to the anthropogenic factors in the dataset. According to a previous study [55], WCSBs are distributed from Mexico to Sweden in the Northern Hemisphere. This latitude range includes the range for South Korea, indicating that the entire country of South Korea would have meteorological conditions suitable for WCSBs.




4.3. Supporting the Management and Controls Strategies for Alien Species


Information, such as dispersal patterns and potential occurrence probability, is fundamental to developing management and control strategies for alien species [56,57]. WCSBs have already invaded and dispersed in South Korea, and their negative impacts have already been reported. Therefore, effective management strategies are needed to reduce damage to the ecosystem and the economy by preventing the expansion of WCSBs based on ecological knowledge of WCSB occurrence. In this study, the characteristics of WCSB occurrence were revealed through both statistical tests on field data and SDMs, presenting the habitat environmental conditions of WCSBs, the relationship between environment and WCSB occurrence, and influential factors on WCSB occurrence [22]. These findings provided baseline information for the monitoring and surveillance of WCSB occurrence.



The potential occurrence probability map for alien species contributes to improving the efficiency of monitoring and surveillance [25]. In our study, the potential occurrence probability map of the WCSBs, known as the occurrence risk map in South Korea, was developed using an ensemble of the RF and MaxEnt models. Combining the RF and MaxEnt models worked complementarily and produced better results than those of each model [48]. In the potential occurrence map, the high occurrence probability of the WCSBs appeared mainly in metropolises and their vicinities in South Korea (Figure 6). Areas with a high occurrence probability are considered areas with a high potential for damage by WCSBs and vulnerable areas to WCSBs. For example, the map presented the occurrence possibility of WCSBs in Jeollanam-do and Jeju Island, where there is no record of WCSB occurrence yet. Areas with a high probability of occurrence should be intensively monitored. This map does not present the habitat suitability of WCSBs, but it shows the occurrence probability of WCSBs being dispersed. Secondary damage, such as ecological and economic damage, can also be inferred from this information. Plants and animal species that exist in areas damaged by WCSBs are mainly affected by WCSBs.



Tamburini, et al. [58] reported that the distribution of WCSBs could be further expanded due to climate change. Indeed, the occurrence probability of WCSBs in South Korea is predicted to increase on a national scale owing to future climate change (Figure 6 and Figure S1). In particular, the middle mountainous areas of South Korea were mainly influenced by climate change in terms of WCSB occurrence in the prediction model. This was also applied to southern regions such as Jeollanam-do, South Korea. Furthermore, as climate change intensified, an increase in the occurrence probability of WCSBs was predicted (Figure 7 and Figure S4). Mountainous areas in Gyeongsangnam-do and Gyeongsangbuk-do in southeastern South Korea and the plain area in Chungcheongnam-do are highly vulnerable to WCSB occurrence due to climate change. Therefore, continuous WCSB surveillance and monitoring are required to prevent WCSB invasion and dispersal into these areas.



Although some studies have been conducted to analyze the characteristics of WCSB occurrence and to predict their potential distribution [10,55,59], our study provides novel information for developing efficient management and control strategies for WCSBs using novel climatic data, such as SSP scenarios and improvement of SDMs with machine learning algorithms, model optimization, and interpretation methods.



However, this study did not show the actual interaction between species and the environment and dispersal pathways because the study was conducted to predict the occurrence of WCSBs using SDMs based on various environmental factors. In general, invasive alien species easily adapt to new environments and spread rapidly [60]. Therefore, to develop an effective strategy for the management and control of alien species, including WCSBs, further studies are required to evaluate the distribution and dispersal of alien species by considering the complex interactions within real ecosystems and their effects on the dispersal and settlement of alien species.





5. Conclusions


Since the first WCSB observation in South Korea, they have been dispersed rapidly and are now widely distributed on a national scale. Among the various environmental factors, anthropogenic factors caused by human activities significantly affect the occurrence and dispersal of WCSBs in South Korea. The RF and MaxEnt models were developed to predict the potential distribution and occurrence of WCSBs and showed good performance in predicting WCSB occurrence. The potential distribution map produced by the model ensemble with both SDMs showed that metropolitan cities and their vicinities in South Korea had a high probability of occurrence for the WCSBs. Some areas, such as Jeollanam-do and Jeju Island, where there is no record of WCSB occurrence, also have a high possibility of WCSB occurrence. Furthermore, South Korea has a high potential for increasing the WCSB occurrence probability on a nationwide scale due to climate change. Mainly the middle mountainous areas and southern regions of South Korea are largely affected by climate change. According to the results of this study, the risk of WCSBs persistently increases in South Korea. It is obvious that the dispersal of WCSB will harm the forest and economy in South Korea. Therefore, continuous surveillance and monitoring of WCSB occurrence are necessary to control the dispersal and occurrence of WCSBs.
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Figure 1. Distribution of WCSB occurrence (red points) in South Korea. These are the points after performing spatial filtering. 
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Figure 2. Comparison of environmental conditions between the presence (P) and absence (A) sites of WCSBs. The z-score (z) and p-value (p) were calculated based on test statistics (U) of the Mann–Whitney U test. The bars and error bars represent the mean and standard error of each variable. (a) Maximum temperature of the warmest month, (b) minimum temperature of the coldest month, (c) annual precipitation, (d) precipitation of driest month, (e) elevation, (f) slope, (g) night light, (h) distance to the road. 
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Figure 3. The relationship between the environments in the occurrence sites of WCSBs. Spearman’s correlation analysis was used. The numbers in the figure mean correlation coefficient (r). Gray letters indicate statistically insignificant relationships (p ≥ 0.05). Bio5: maximum temperature of the warmest month; Bio6: minimum temperature of the coldest month; Bio12: annual precipitation; Bio14: precipitation of driest month; Ele: elevation; Light: night light; Road: distance to the road. 
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Figure 4. Variable importance in the RF model (a) and the MaxEnt model (b) and importance ranks (c) to predict the occurrence of WCSBs. The bars and error bars represent the mean and standard error of each variable. The abbreviation of environmental variables is the same as in Figure 3. 
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Figure 5. Partial dependence plots of both the SDMs for WCSBs. Solid lines are regression curves using LOESS, and gray areas display the 95% confidence interval. (a) Maximum temperature of the warmest month, (b) minimum temperature of the coldest month, (c) annual precipitation, (d) precipitation of driest month, (e) elevation, (f) slope, (g) night light, (h) distance to the road. 
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Figure 6. Prediction of the potential distribution areas of WCSB in historical (a) and future climate conditions (b–e). Two shared socioeconomic pathway (SSP) scenarios were used for future climate data: (near future for 2021–2040) SSP1-2.6 data (b) and SSP5-8.5 (c), (far future for 2061–2080) SSP1-2.6 data (d) and SSP5-8.5 data (e). The maps are the ensemble result of the random forest model and maximum entropy model. All maps have the same color legends. 
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Figure 7. The effects of climate change on the occurrence of WCSBs in South Korea. All values in the figure are interval values. Change in the occurrence risk of WCSBs according to (a) elevation and (b) latitude (NF: near future (2021–2040); FF: Far future (2061-2080)). (c) Impacts of intensified climate change in the future. (d) Change in the occurrence risk of WCSBs between climate change scenarios in the far future. The degree of change in the near future and the far future (c,d) was obtained by subtracting probability under SSP5-8.5 from probability under SSP1-2.6. Grids with gray color mean no data. 
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