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Abstract

:

Meteorological conditions play a crucial role in driving outbreaks of rubber tree powdery mildew (RTPM). As the climate warms and techniques improve, rubber cultivation is expanding to higher latitudes, and the changing climate increases the RTPM risk. Rubber plantations on Hainan Island, situated on the northern margin of the tropics, have been selected as a case study to explore the meteorological mechanisms behind RTPM outbreaks quantitatively using a structural equation model, and project current and future RTPM outbreak patterns under different climate change scenarios by building predictive models based on data-driven algorithms. The following results were obtained: (1) days with an average temperature above 20 °C and days with light rain were identified as key meteorological drivers of RTPM using structural equation modeling (R2 = 0.63); (2) the Bayesian-optimized least-squares boosted trees ensemble model accurately predicted the interannual variability in the historical RTPM disease index (R2 = 0.79); (3) currently, due to the increased area of rubber plantations in the central region of Hainan, there is a higher risk of RTPM; and (4) under future climate scenarios, RTPM shows a decreasing trend (at a moderate level), with oscillating and sporadic outbreaks primarily observed in the central and northwest regions. We attribute this to the projected warming and drying trends that are unfavorable for RTPM. Our study is expected to enhance the understanding of the impact of climate change on RTPM, provide a prediction tool, and underscore the significance of the climate-aware production and management of rubber.
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1. Introduction


Rubber is an important strategic resource, and Hevea brasiliensis (rubber trees) comprise an economical forest that is widely planted in tropical areas, with a harvested area that reaches 12.93 million ha according to the Food and Agriculture Organization of the United Nations (FAO). Rubber tree powdery mildew (RTPM) is a foliar fungal disease caused by Oidium heveae that impacts rubber plantations worldwide [1]. RTPM primarily affects young leaves, shoots, and inflorescences in the early growth stage, leading to leaves turning yellow, deforming, and, eventually, withering and falling off. As the disease progresses, the surrounding tissues of the lesions also become infected, leading to impaired leaf function, which affects the photosynthesis and growth of rubber trees [1]. Outbreaks can reduce the rubber yield by up to 45% in rubber-producing regions of tropical and subtropical Asia and Africa [1]. As rising temperatures and progress in science and techniques enable the expansion of rubber cultivation to higher latitudes, marginal climate conditions may increase the risks of RTPM epidemics [2,3,4,5,6]. However, a comprehensive understanding is lacking on the meteorological drivers of RTPM and their future outbreak potential under climate change.



To prevent and control rubber tree powdery mildew, scholars have made achievements in understanding its mechanism. Initially, scholars pointed out that disease severity depends on the wintering pattern of the rubber tree, leaf age, clonal susceptibility, weather conditions during refoliation, and elevation [7,8,9,10,11,12]. In-depth studies have revealed that meteorological factors like temperature, humidity, rainfall, and wind speed have been linked to RTPM severity [8,13,14,15,16,17,18,19]. Studies show that the occurrence and severity of RTPM depend largely on daily maximum temperatures during the young leaf stages, with abundant conidia reproduction around 25–28 °C enabling infection [20,21,22,23]. Combinations of a slightly lower temperature (<30 °C), high air turbulence, and low humidity also favor RTPM infection by benefiting spore maturation and germination [1,11,12]. In addition, high humidity and low temperature accompanied by night mist are conducive to the maturation and accumulation of powdery mildew conidia [8,24,25]. Furthermore, it was discovered that moisture from mist or light rain combined with short periods of sunshine or cloudy days also favored the germination of conidia when considering both precipitation and sunshine time [11,17,26,27,28]. However, most studies focus on explaining the mechanism based on linear relationships rather than a comprehensive consideration of and interactions amongst multiple meteorological variables. Comprehensively analyzing drivers of RTPM considering such interconnected meteorological influences is needed in order to predict outbreaks, which is an important topic in the context of climate change.



Powdery mildew diseases have posed modeling challenges due to their complex epidemiology. Traditional statistical approaches (e.g., stepwise linear regression, multivariable linear regression, logistic regression, etc.) have shown limitations for outbreak predictions [15,29,30,31]. Recent machine-learning approaches such as neural networks, decision trees, random forests, and support vector machines demonstrate an improved predictive accuracy for disease prediction [30,32,33,34,35,36]. Research on RTPM prediction has also benefited from this development. However, gaps remain in the long-term predictive capability and projections under climate change scenarios. For example, a model by Ye et al. reached an accuracy of 88.1% for RTPM predictions in a one-week interval using a neural network, which laid a good foundation for the precise and efficient prevention and control of RTPM [37,38] but could not project future trends.



Climate change projections were derived from the Coupled Model Intercomparison Project Phase 6 (CMIP6), which provides the latest global climate model simulations under standardized future emissions scenarios called Shared Socioeconomic Pathways (SSPs) and Representative Concentration Pathways (RCPs). CMIP6 is the latest achievement of CMIP and has been widely utilized in climate change research [39,40,41,42]. The combination of multiple SSP-RCP scenarios from CMIP6 enabled more robust projections of regional climate factors [43,44,45], influencing the long-term powdery mildew outbreak potential.



However, the comprehensive attribution of meteorological drivers is still lacking, along with predictive analysis capturing spatiotemporal outbreak patterns under future climate change. Therefore, we developed a structural equation model (SEM) to reveal key meteorological drivers and a machine-learning model for current and future RTPM outbreak risk projections. This study aimed to (1) reveal key meteorological attribution patterns for RTPM; and (2) predict current and future RTPM outbreak risks under climate change scenarios across Hainan Island. This study provides an enhanced evidence base of meteorological drivers along with advanced predictive capabilities to aid outbreak preparedness and decision-making for rubber plantations under climate change.




2. Data and Methodology


2.1. Study Area


Hainan Island, located in southern China on the edge of tropical Asia (18°10′04″ N~20°0′40″ N, 108°30′43″ E~111°2′33″ E), experiences annual precipitation of around 1640 mm and average temperature ranging from 23 °C to 29 °C [46]. According to the Association of Natural Rubber Producing Countries (ANRPC) 2021 statistics, China ranks globally as the 4th largest natural rubber producer (0.85 million tons), with over 41% (0.34 million tons) contributed by Hainan [47]. However, rubber cultivation in Hainan has faced longstanding yield losses due to powdery mildew epidemics, caused by the foliar fungal pathogen Oidium heveae [13]. As climate warming enables the expansion of rubber planting latitudes, additional regions (similar to Hainan located on the edge of the tropics) may confront yield losses to powdery mildew under favorable but marginally suitable climatic conditions which provide a suitable epidemic window for spores.




2.2. Data


2.2.1. Disease Index of Rubber Tree Powdery Mildew (RTPM-DI)


The disease index (DI) quantifies the severity of RTPM based on visible symptom expression across the whole island’s plantations [26]. DI uses a 0–5 grading scale for individual plant: Level 0—no disease or a few leaves with a small number of disease spots; Level 1—most leaves have a small number of disease spots; Level 2—most leaves have many disease spots; Level 3—the leaves are mildly shrunken, or approximately 1/10 of the leaves have fallen due to disease; Level 4—the leaves are densely covered with lesions, or the leaves are moderately shrunk, or approximately 1/3 of the leaves have fallen due to disease; and Level 5—the leaves are severely shrunken due to disease, or more than 1/2 leaves have fallen [26]. DI percentage is calculated by summing disease grades observed across sampled trees:


  D I =       ∑  i = 0   5        n   i   × i       N ×   i   m a x       × 100  



(1)




where DI is the disease index of RTPM, N is the total number of plants, n is the number of diseased plants at each level, i is the level of disease, and imax is the highest level. The DI in Hainan from 1962 to 2003 is obtained from the article “Fifty Years of Prevention and Control of Rubber Tree Pests and Diseases in Hainan Agricultural Reclamation”, and data from 2004 to 2009 were provided by the Hainan Agricultural Bureau [48] (Supplementary Materials Table S1). Referring to Shao et al., we categorized DI severity as light (<25%), moderate (25–50%), or severe (>50%) [21].




2.2.2. Historical Climate Data


Historical climate data were obtained from both site observations and spatial gridded products. Daily temperature, precipitation, wind speed, atmospheric pressure, relative humidity, evaporation, sunshine hours, and 0 cm ground temperature spanning 1961–2009 were acquired from seven meteorological stations across Hainan Island via China’s National Climate Center. Factors including maximum temperature from the previous October to January (MT, °C), relative humidity from the previous October to December (RH, %), days of average temperature above 20 °C in January (DAT, d), days of light rain from the previous October to January (DLR, d), and average wind speed from previous November to January (AWS, 0.1 m/s) were chosen to represent key drivers of RTPM according to previous research [13]. Additionally, a high-resolution (0.1°; 3 hourly) China Meteorological Forcing Dataset (CMFD) for 1979–2018 provided regional precipitation, average wind speed, average temperature, maximum temperature, specific humidity, and atmospheric pressure data. Variables were aggregated to daily resolution and downscaled to 30 km spatial grids for modeling RTPM patterns. Relative humidity was calculated from CMFD temperature, pressure, and vapor pressure [49]. Historical climate data were used to establish SEM to explore the mechanism and to screen and calibrate CMIP6 models.




2.2.3. Climate Data from CMIP6


Historical operation (1961–2014) and future operation (2015–2100) of two scenarios (SSP2-4.5 and SSP5-8.5) are derived from CMIP6 to project the future RTPM patterns. The SSP2-4.5 and SSP5-8.5 scenarios of CMIP6 represent future socio-economic development trajectories with moderate and high challenges to mitigation, respectively. SSP2-4.5 envisions a stabilization scenario with greenhouse gas emissions that would limit global warming to approximately 2 °C above pre-industrial levels, while SSP5-8.5 depicts a future with high emissions and significant climate change impacts, potentially exceeding 4 °C of warming [43]. Based on the assessment of China and regions adjacent to Hainan, and the availability of data, models with relatively higher accuracy were selected, including CanESM5, GFDL-ESM4, MRI-ESM2-0, and NorESM2-LM [6,50,51,52], which are shown in Table 1.




2.2.4. Rubber Area Map


Rubber plantation distribution data were derived from a recently developed random forest model which has an overall accuracy of 96.93%, a user’s accuracy of 94.72%, and a Kappa coefficient of 0.90 [53]. The model was established based on the unique deciduous phenological characteristics of the rubber plantation through more than ten vegetation indices and nearly 10,000 field sample points and has high accuracy. The risk of RTPM outbreaks partly comes from the planting density of rubber trees. We used the proportion of rubber plantation area within a 30 km × 30 km grid as exposure to explore the RTPM pattern.





2.3. Methodology


2.3.1. Structural Equation Model


Structural equation model (SEM), an advanced statistical modeling approach suitable for analyzing networks of multivariate relationships, which has a good ability to evaluate the direct or indirect impact of each variable [54,55], was applied to quantify the attribution of interconnected meteorological drivers of RTPM disease. SEM has become very useful in identifying complex networks of interdependent factors and has been frequently employed in ecological research in recent years [56]. We propose a hypothetical model of “meteorological factors and RTPM-DI”, as shown in Figure 1, and explore the relationship between various meteorological factors and their impact on RTPM via path coefficients and the coefficient of determination (R2). All variables were standardized before the path analysis. The software SPSS Statistics 26 and SPSS Amos 26 were selected for statistical analysis and modeling.




2.3.2. Bias Correction Method


CMIP6 outputs require bias correction before use in local-scale climate impact analysis [57]. Therefore, we use the MeteoLab toolbox, the daily data of seven observatories in Hainan as the standard and the empirical quantile mapping (EQM) method to correct the data bias of the four models.



The EQM method corrects the simulated empirical distribution function by adding the average incremental change in the observed quantile and the single incremental change in the corresponding quantile. The empirical quantile is used to estimate the simulated quantile, and the quantile map is used to correct the meteorological data simulated by the climate model in the study area [58,59]. The EQM method was proposed by Déqué [60], without assuming a parameter distribution, and the empirical cumulative distribution function (CDF) is estimated based on percentiles calculated from uncorrected simulated data and measured historical data. EQM is performed using the following equation, and the average temperature is used as an example:


      T   B C   =     F   o b s     − 1       F   s i m     x        



(2)




where TBC is the bias-corrected temperature simulation, Fsim is the CDF of the simulated data, Fobs−1 is the inverse of the CDF of the observed data, and x is the simulated temperature value by the model.



For regional scale analysis, a separate quantile mapping (QM) bias correction was also applied to the four CMIP6 models using the high-resolution CMFD dataset from 1979 to 2014. Unadjusted and adjusted model outputs were compared (Supplementary Materials Figures S1 and S2) to validate calibration performance.




2.3.3. Bayesian-Optimized Least-Squares Boosted Regression Tree Ensembles (LSBoost-RTE)


Regression tree ensembles (RTEs) are predictive models constructed by the weighted combination of multiple independent regression trees [61]; their main goal is to improve the performance of a single model by integrating several weak learners [62,63]. Designed for regression, LSBoost is both a tree-based algorithm developed by Friedman that uses a gradient boosting strategy to create robust regression models and a regression ensemble designed to minimize the mean square error [61,64]. Bayesian optimization is an algorithm suitable for optimizing the hyperparameters of regression models and optimizing functions that are non-differentiable, discontinuous, and computationally time-consuming. We share the LSBoost-RTE model and its code written in MATLAB (available from Supplementary Materials).



This study uses LSBoost-RTE to establish the regression model between MT, RH, DAT, DLR, AWS, and RTPM-DI in Hainan Island from 1962 to 2009 and uses 5-fold cross-validation to avoid overfitting. R2 and root-mean-square error (RMSE) [65,66] were applied to estimate the performance of the model, and then the spatial and temporal pattern prediction of RTPM were completed by inputting regional climatic data and CMIP6 outputs for future climate change scenarios.





2.4. Emerging Hot Spot Analysis


Emerging spatiotemporal hot spot analysis combines geographic information technology and data mining to detect spatiotemporal distribution patterns and dynamic changes in phenomena over time [67]. This method utilizes a space–time cube (STC), a three-dimensional structure integrating temporal and spatial information [68], to map RTPM trends in the present study. The tool evaluates RTPM-DI hot and cold spots based on the Getis–Ord statistic and Mann–Kendall test for temporal trends [69,70]. Significance levels are determined from Z-scores and p-values, categorizing regions into 16 possible patterns [71] indicative of RTPM stability, intensification, or decline. Compared to conventional hot spot analysis, this better captures the spatiotemporal dynamics of RTPM.





3. Results


3.1. The Results of Meteorological Data Calibration


Bias correction was carried out. First, the EQM is used to calibrate the CMIP6 data based on meteorological station data (1961–2014). The correlation coefficients and root-mean-square error (RMSE) between the annual total precipitation data before and after calibration and the station data are shown in Table 2. The corrected results are shown in Supplementary Materials Figure S1.



For regional analysis, we process CMIP6 data to 30 km, and then the QM is used to calibrate the CMIP6 data based on the CMFD data (1979–2014). The verification indices are shown in Table 3. The corrected results are shown in Supplementary Materials Figure S2.




3.2. Meteorological Attribution Analysis for RTPM


DLR had the strongest influence (0.69) on RTPM-DI, with a direct effect of 0.45. Direct effects represent the immediate relationship between a predictor and DI in the model. DLR also had a positive indirect effect of 0.24 mediated through connected meteorological drivers, MT, DAT, RH, and AWS, in the network. Indirect pathways account for mediation through interrelated variables. DAT exhibited the next highest total effect (0.55) with a direct influence of 0.36 and an indirect effect of 0.19 via DLR, AWS, and RH. MT, RH, and AWS showed weaker total effects on RTPM-DI of −0.16, −0.14, and −0.02, respectively. The model demonstrated a strong explanatory capability (R2 = 0.63) and revealed the path and magnitude of the meteorological factors leading to RTPM occurrence.




3.3. RTPM-DI Prediction Model


The RTPM-DI prediction model accurately captured the changing patterns and trends in the RTPM DI time-series data (Figure 2a). The model demonstrated strong predictive performance, with an R2 of 0.79 (p < 0.01) indicating it explained 79% of the variance in the historical RTPM-DI. The low RMSE of 7.03 further supports the minimal deviation between the predicted and observed data points across time. Together, these metrics signify the model’s capability to sufficiently reproduce the interannual variability in historical RTPM-DI outbreaks. This predictive capability can be leveraged for a projection to future climate conditions, aiding the assessment of potential impacts on rubber plantations. However, the performance for a more extreme RTPM-DI would need to be further assessed.




3.4. Spatial Analysis of Current RTPM


Figure 3 presents contemporary simulation results under the SSP2-4.5 and SSP5-8.5 CMIP6 climate change scenarios for the present period. Both project greater RTPM-DI values in central and northern Hainan, with additional hot spots in the northwestern and western areas. Regions with more extensive rubber cultivation showed a greater exposure to potential losses from RTPM outbreaks due to this alignment of meteorological hazard and planting exposure. Meanwhile, the bivariate spatial distribution also indicated a more severe meteorologically driven RTPM-DI in western areas compared to eastern regions in addition to central and northern hot spots.




3.5. Projected Spatiotemporal Patterns of RTPM under Climate Change


Overall, both SSP2-4.5 and SSP5-8.5 scenarios exhibit a decreasing trend, with SSP5-8.5 showing a more pronounced decline of DI compared to SSP2-4.5. In comparison to the historical period (1962–2009), the interannual variation of DI in future climate scenarios is reduced and ranges between 25 and 50, indicating a moderate level. Under the SSP2-4.5 scenario, DI displays a “decline–rise–decline” pattern, reaching its peak in the 2090s; although experiencing a brief increase in the 2040s and 2050s, it declines again in the 2060s. The mean DI values from the 2070s to the 2090s are lower than those in the historical and 2020s–2060s periods. Similarly, the SSP5-8.5 scenario exhibits a “decline–rise–decline” pattern, reaching its lowest point in the 2090s. Despite an increase in the 2060s, DI remains lower than in the 2020s (Figure 4a).



Both the SSP2-4.5 (Figure 4b) and SSP5-8.5 (Figure 4c) scenarios detect two patterns (oscillating hot spots and sporadic hot spots), primarily distributed in the central and northwest regions, with sporadic hot spots being predominant. Oscillating hot spots indicate occasional outbreaks and occasional cold spots in the region, but, currently, hot spots. Sporadic hot spots indicate recent outbreaks in the region and the repeated occurrence of outbreaks of hot spots in history, with no significant cold spot occurrences. On the other hand, no change patterns are detected in the northeastern, eastern, southern, and western regions, indicating that rubber trees in these areas have not been severely affected by powdery mildew (Supplementary Materials Figures S3–S14).





4. Discussions


4.1. The Reliability of SEM Assessment Results


The RTPM DI prediction model constructed based on meteorological factors in this study takes timeliness into account and has an explanation rate of 79%, which has good application prospects in the timely and effective prediction of the disease according to climate change. To verify the factors that we selected, a further exploration was performed for the changes in the five factors during the two years (2004–2005) when the DI was the highest. Figure 4 shows that both DAT and DLR have positive variation rates, while RH and AWS have negative rates during the two years, mirroring the impact mechanisms of these factors on DI, which is consistent with our SEM. The factors selected in this study are important and reasonable and have a vital role in an outbreak of RTPM in Hainan. However, the occurrence of the disease also depends on the location of rubber the plantations, soil, tree species, leaf age, spore number, human activities, and their interactions [8,13,14,15,16,17,18,19]. In addition, extreme climate events such as typhoons, drought, and other adverse effects cause the secondary leaf fall of rubber trees, which will increase the risk of RTPM (Figure 5). The abovementioned factors [37] can improve the prediction accuracy to a certain extent and are the main points to be considered in future analyses.




4.2. Meteorological Impacts on RTPM


According to the “meteorological factors and RTPM-DI” model, MT indicates a negative impact on DI, which has conclusively shown that temperatures in winter and spring influence the rubber tree leaves to fall and sprout. High temperatures in winter will cause the incomplete defoliation and aggravation of powdery mildew. However, excessively high temperatures inhibit the germination of spores because the germination rate is significantly reduced at 35 °C and completely stops at 40 °C [11,16,72]. Then, the model reveals that DAT and RH have a positive effect and negative effect, respectively, on DI, and that the optimal conditions for spore germination are a relative humidity of 97–100% and a temperature of 25–28 °C [11,16,72]. In the winter, if the relative humidity is low and the temperature is high, drought is likely, which is conducive to not only the breeding and spread of spores, but also irregular leaf extraction, the slow growth of leaves, and a prolonged susceptible period of the rubber tree [73]. In addition, the model demonstrates that DLR has a positive effect on DI because light rain will weaken the formation or stability of the water film on rubber tree leaves and cause them to become susceptible to powdery mildew, and the moisture of mist or light rain is necessary for the germination of the conidia [8,11,12,17,24,25,27,28]. The results of the model also illustrate that AWS has a negative effect on the DI, and it has been reported that wind affects not only the release and spread of powdery mildew spores but also creates conditions for the infection of rubber tree leaves by wounds [74].




4.3. Spatiotemporal Patterns of RTPM under Climate Change


The decreasing trends of the DI under different scenarios (Figure 4a) are mainly attributed to the changes in meteorological conditions caused by climate change. Based on the discussion of the mechanism between meteorological factors and powdery mildew in the previous chapter, we continued to analyze the future data for the selected factors and discovered that AWS, DAT, and MT exhibit an upward trend in both scenarios, while RH and DLR exhibit a downward trend. The trends under the SSP5-8.5 scenario are more obvious than those under the SSP2-4.5 scenario (Figure 4a). The MT continues to rise from approximately 26 °C to 31 °C (SSP2-4.5) or 34 °C (SSP5-8.5) and starts at temperatures greater than 30 °C from approximately 2070 (SSP2-4.5) or 2040 (SSP5-8.5), which causes the DI to gradually decrease (Figure 6a). An increase in AWS negatively affects the DI (Figure 6b), whereas a decrease in DLR positively impacts the DI (Figure 6d). DAT increases from approximately 17 d to 31 d and is basically stable for 31 d from 2070 (SSP5-8.5) (Figure 6c). Although an increase in DAT positively influences the DI, excessively high temperatures can suppress the reproduction of powdery mildew spores, thereby reducing the DI. Although the decreasing RH has a positive impact on the DI, which should lead to an increasing trend of DI, the influence of RH is low (Figure 6e). Overall, the DI under both scenarios is at a moderate level, and the interannual variation is low, which mainly depends on the simulation performance of the prediction model (Figure 2b). The capture of extreme values is relatively conservative, and both the maximum value and minimum value are slightly underestimated or overestimated. The LSBoost RTE model used in this study is not effective in simulating extreme values [75,76] but has a greater ability to grasp the overall trend than any other model [77,78]. In addition, the DI that we predicted under the two scenarios begins to show an increasing trend in the 2080s, which may be attributed to the gradual stabilization of meteorological factors. Considering the higher average DI values in the central and northwest regions, it can be inferred that rubber trees in the central and northwest regions of Hainan Island are more susceptible to powdery mildew in the future. However, there is inherent uncertainty in climate change predictions, and, as a result, there may be potential biases in the forecasting of future trends in RTPM. Moreover, the climate models in CMIP6 employ different algorithms, leading to variations in the simulated data [79]. These models have inherent limitations, particularly for small-scale regional simulations [80]. The scenarios for different climate conditions are based on theory assumptions, and, since real-world conditions exhibit variability, there may be discrepancies between the simulation outcomes and actual circumstances [81].




4.4. Consistency of Climate Suitability of RTPM with Rubber Plantation Exposure


Currently, the area of rubber trees on Hainan Island is expanding, which will lead to an increase in disaster areas [2]. In addition, other elements may contribute to the varying degrees of RTPM outbreak risk across different regions. For instance, coastal regions, influenced by the ocean, tend to have a more humid climate with higher rainfall, which is conducive to the occurrence and spread of RTPM. Inland areas typically have a hotter and drier climate with less precipitation, which is not favorable for the growth of powdery mildew spores. However, higher wind speeds in these areas may increase the range of spore dispersal. Moreover, the scarcity of land resources in these regions often results in higher planting densities, which may also elevate the risk of infection. Mountainous areas, on the other hand, usually have lower temperatures and wind speeds, higher altitudes, and more complex terrain, with smaller planting scales, all of which serve to limit the spread of RTPM. According to the bivariate spatial distribution (Figure 3), in the future, rubber planting in Hainan Island should be appropriately expanded along the southern coast and northeast to avoid the outbreak of RTPM. Additionally, the climate of the selected planting area should meet the conditions of a limited day with average temperatures above 20 °C in January, scarcity of light rainfall from October to January, higher maximum temperatures from October to January, increased relative humidity from October to December, and higher average wind speeds from November to January. Furthermore, maintaining an appropriate planting density is essential for ensuring good ventilation, reducing the impact of humidity and wind speed on rubber trees. For areas that have already been planted with rubber trees, suitable pre-emptive measures can be taken based on the main impact periods of different climatic factors identified in this study. For example, timely drainage during the rainy season can be implemented to avoid excessive humidity, which could lead to the proliferation of pathogens.





5. Conclusions


This study presents a case study to advance the understanding and prediction of rubber tree powdery mildew outbreaks under current conditions and future climate change. Structural equation modeling quantified the positive effects of days of light rain from the previous October to January (expected to decrease) and days of average temperature above 20 °C in January (expected to increase) and the negative effects of maximum temperature from the previous October to January (expected to increase), relative humidity from the previous October to December (expected to decrease), and average wind speed from the previous November to January (expected to increase) as key meteorological drivers of rubber tree powdery mildew (R2 = 0.63).



The least-squares boosted regression tree ensembles accurately captured the interannual variability in historical rubber tree powdery mildew patterns (R2 = 0.79), providing a valuable tool for projecting the outbreak potential. Under the SSP2-4.5 and SSP5-8.5 scenarios, a declining suitability for rubber tree powdery mildew is projected for the long term, although central and northwestern hot spots persist. However, factors such as terrain, microclimate, extreme weather, and regional variations in rubber cultivation practices should be considered to improve the model performance for severe outbreaks over the years.



The enhanced evidence base of meteorological drivers and predictive capabilities, nonetheless, help quantify future risks, aiding the pre-emptive adaptation of plantations. By revealing the meteorological attribution on rubber tree powdery mildew patterns under shifting climate conditions, this work aids preparedness and informs protective strategies for this ecologically and economically important plantation ecosystem.
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Figure 1. Path diagram of the meteorological factors and disease index (DI). The red solid arrows and black dashed arrows represent the positive effect and negative effect, respectively, in the structural equation modeling (SEM). The numbers next to the arrows represent the correlation coefficients between the two variables. The R2 indicates the degrees of explanation of variables, and ** and *** represent a significant relationship at the p = 0.01 level and p = 0.001 level, respectively. MT: maximum temperature from the previous October to January; RH: relative humidity from the previous October to December; DAT: days of average temperature above 20 °C in January; DLR: days of light rain from the previous October to January; and AWS: average wind speed from previous November to January. 
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Figure 2. Evaluation line chart (a) and scatter plot (b) of the evaluation model of the RTPM-DI prediction model. 
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Figure 3. Spatial distribution of meteorologically driven RTPM-DI and its relationship with rubber plantation distribution under SSP2-4.5 (a) and SSP5-8.5 (b) scenarios. 
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Figure 4. The trends of RTPM are based on point-scale meteorological data from 1962 to 2100 and each box represents ten years, six years (2094–2100), and thirteen years (2002–2014) (a). Spatiotemporal pattern of RTPM-DI under the SSP2-4.5 (b) and SSP5-8.5 (c) scenarios. 
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Figure 5. Change rate of five meteorological factors in Hainan in 2004 and 2005. MT: maximum temperature from the previous October to January; RH: relative humidity from the previous October to December; DAT: days of average temperature above 20 °C in January; DLR: days of light rain from the previous October to January; and AWS: average wind speed from previous November to January. 
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Figure 6. Changes in the five meteorological factors under different future scenarios: (a) AWS: average wind speed from the previous November to January; (b) DAT: days of average temperature above 20 °C in January; (c) MT: maximum temperature from the previous October to January; (d) rH: Relative humidity from the previous October to December; and (e) DLR: days of light rain from the previous October to January. 
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Table 1. Information about the four models from CMIP6.
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	Model
	Institution
	Resolution





	CanESM5
	Canadian Centre for Climate Modeling and Analysis, Victoria, BC, Canada
	5°



	GFDL-ESM4
	NOAA Geophysical Fluid Dynamics Laboratory, Princeton, NJ, USA
	1°



	MRI-ESM2-0
	Meteorological Research Institute, Tsukuba, Ibaraki, Japan
	1°



	NorESM2-LM
	Norwegian Climate Center, Drammen, Norway
	2.5°










 





Table 2. Correlation coefficient and RMSE between CMIP6 annual total precipitation data and observation data after EQM calibration.






Table 2. Correlation coefficient and RMSE between CMIP6 annual total precipitation data and observation data after EQM calibration.





	Model
	RMSE before

Calibration
	RMSE after Calibration
	Correlation Coefficient before Calibration
	Correlation Coefficient

after Calibration





	CanESM5
	197.140
	20.382
	0.468
	0.547



	GFDL-ESM4
	215.383
	10.024
	0.567
	0.683



	MRI-ESM2-0
	212.979
	22.571
	0.348
	0.862



	NorESM2-LM
	219.049
	24.540
	0.112
	0.261










 





Table 3. RMSE and MAE between CMIP6 data and CMFD data after QM calibration.






Table 3. RMSE and MAE between CMIP6 data and CMFD data after QM calibration.





	
Model

	
Relative Humidity

	
Precipitation

	
Average Wind Speed

	
Maximum

Temperature

	
Average

Temperature






	

	
RMSE

	
MAE

	
RMSE

	
MAE

	
RMSE

	
MAE

	
RMSE

	
MAE

	
RMSE

	
MAE




	
CanESM5

	
2.233

	
1.765

	
1.173

	
0.932

	
2.651

	
2.098

	
0.846

	
0.612

	
0.723

	
0.532




	
GFDL-ESM4

	
2.693

	
2.154

	
1.322

	
1.006

	
2.862

	
2.323

	
0.580

	
0.430

	
0.487

	
0.362




	
MRI-ESM2-0

	
2.402

	
1.956

	
1.347

	
1.122

	
2.704

	
2.116

	
0.666

	
0.543

	
0.607

	
0.488




	
NorESM2-LM

	
2.307

	
1.724

	
1.341

	
1.111

	
2.847

	
2.296

	
0.807

	
0.677

	
0.673

	
0.558
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