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Abstract

:

By constructing a correlation network between global sea surface temperature anomalies (SSTAs) and summer precipitation anomalies in the Yunnan–Guizhou Plateau, key SST regions influencing summer precipitation anomalies in the Yunnan–Guizhou Plateau were selected. It was found that spring SSTAs in the Bay of Bengal, southwestern Atlantic, and eastern Pacific are crucial for influencing summer precipitation anomalies in the Yunnan–Guizhou Plateau. Setting SSTAs from these three regions as predictor variables 3 months in advance, we constructed multiple linear regression (MLR), ridge regression (RR), and lasso regression (LR) models to predict summer precipitation anomalies over the Yunnan–Guizhou region. The training phase involved data spanning from 1961 to 2005, which aimed to predict precipitation anomalies in the Yunnan–Guizhou Plateau for the period extending from 2006 to 2022. Based on MLR, RR, and LR models, the correlations between predicted values and observed summer precipitation anomalies in Yunnan–Guizhou were 0.48, 0.46, and 0.46, respectively. These values were all higher than the correlation coefficients of the NCC_CSM model’s predicted and observed values. Additionally, its performance in predicting summer precipitation anomalies over the Yunnan–Guizhou region, based on key SST regions, was assessed using performance metrics such as anomaly correlation coefficient (ACC), anomaly sign consistency rate (PC), and trend anomaly comprehensive score (PS score). The average ACC of MLR, RR, and LR models was higher than that of the NCC_CSM model’s predictions. For MLR, RR, LR, and NCC_CSM models, the PCs exceeding 50% of the year were 14, 14, 11, and 10, respectively. Furthermore, the average PS score for predicting summer precipitation anomalies over the Yunnan–Guizhou region using MLR, RR, and LR was approximately 73 points; 8 higher than the average PS score of the NCC_CSM model. Therefore, predicting summer precipitation anomalies over the Yunnan–Guizhou region based on key SST regions is of great significance for improving the prediction skills of precipitation anomalies in this region.
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1. Introduction


In meteorological research, understanding the characteristics of precipitation variability is crucial. The precipitation anomalies directly correlate with the occurrence of meteorological disasters such as floods, droughts, and heavy rainfall. The Yunnan–Guizhou Plateau is located in the southwest of China (as shown in Figure 1a). The region is influenced both by the thermal and dynamic processes emanating from the plateau and by the convergence of warm and moist air masses from the Indian Ocean and the Pacific Ocean, giving it unique weather characteristics typical of low-latitude plateaus [1,2]. The Yunnan–Guizhou Plateau region has complex natural conditions with dense areas of mountains and valleys. The region experiences alternating winter and summer monsoons, leading to diverse climate characteristics [3]. The spatial distribution of precipitation in the Yunnan–Guizhou Plateau exhibits significant regional differences, which are closely related to its distinctive topographical and climatic characteristics [4,5]. In this region, precipitation exhibits significant seasonality. The summer season receives the highest rainfall, accounting for approximately 50% of the annual total. This is followed by the autumn season, which receives about 20% to 30% of the annual rainfall. Spring rainfall accounts for around 20% of the annual precipitation, while winter receives the least; comprising only about 5% of the annual total [6]. Additionally, in the southwestern region, the variability of precipitation is greatest in winter and lowest in summer. The differences in precipitation between spring and autumn are relatively small, and this is likely influenced by the sources of atmospheric moisture [7,8]. In the Yunnan–Guizhou region, summer precipitation is influenced by multiple factors, including topography, monsoons, and tropical cyclones, making precipitation forecasting a significant challenge. Therefore, exploring the influencing factors of summer precipitation anomalies in the southwestern region and establishing reliable prediction models hold significant practical importance.



Approximately 70% of Earth’s surface is covered by oceans, playing a vital role in providing heat and moisture to the atmosphere, as well as supplying energy for atmospheric movement, and significantly influencing atmospheric circulation and climate change [9,10,11]. The Yunnan–Guizhou Plateau is located near the tropical oceans of the Bay of Bengal and the South China Sea, where the Indian monsoon and East Asian monsoon bring abundant moisture from the Bay of Bengal, South China Sea, Arabian Sea, and western Pacific, posing challenges to precipitation forecasting in the region [12,13]. Currently, numerous scholars are focused on understanding the connection between sea surface temperature anomalies (SSTA) and precipitation anomalies in the Yunnan–Guizhou Plateau, resulting in a series of meaningful research findings [14,15]. For instance, Jiang et al. (2017) [16] employed the EOF method to analyze the primary modes and causes of summer precipitation anomalies in the Yunnan–Guizhou region. They discovered that the suppression of convection over the Philippine Sea induced anomalous anticyclones over the northwest Pacific and the southern Tibetan Plateau, leading to increased moisture transport to the Yunnan–Guizhou Plateau and resulting in extreme precipitation anomalies in the region. Moreover, the decay and developing phases of the ENSO and the SSTA of the tropical southeastern Indian Ocean had varying impacts on precipitation in the Yunnan–Guizhou Plateau. Ha et al. (2019) [17] found that the weakening of the South Asian monsoon due to warming SST in the northern Indian Ocean resulted in reduced moisture transport from the Bay of Bengal to the Yunnan–Guizhou Plateau, leading to a significant decrease in summer precipitation from 2003 to 2012 compared to 1993–2002. Wen et al. (2022) [18] found that the positive phase of the Western Pacific Oscillation enhanced abnormal low-level cyclones and anticyclones, causing an earlier onset of the rainy season in the Yunnan–Guizhou Plateau. Consequently, SSTAs in regions such as the northern Indian Ocean, western Pacific, and central-eastern Pacific have a significant impact on summer precipitation anomalies in the Yunnan–Guizhou region.



The climate system is one of the intricate, nonlinear dissipative mega-systems [19,20,21]. In the context of global warming, the increasing frequency of extreme events has objectively heightened the difficulty of seasonal climate prediction. Currently, climate predictions primarily rely on statistical and dynamical methods [22]. Statistical methods excel at utilizing extensive historical data and deriving rules from them but are less adept at capturing the nonlinear features within the climate system [23,24]. Dynamical methods, on the other hand, involve mathematical models to simulate and predict various phenomena and processes in the natural world. Given the complexity of the climate system, solving its mathematical equations analytically has proven difficult. Consequently, numerical methods have gradually gained prominence, with climate numerical simulations emerging as a critical approach [25,26,27]. However, the Yunnan–Guizhou Plateau presents complex natural conditions, posing substantial challenges for numerical model forecasts. Thus, it is necessary to study the summer extreme precipitation in Yunnan–Guizhou area from new perspectives and methodologies.



Over the past few decades, complex network methods have emerged as a crucial tool for unraveling intricate relationship structures within the field of climate research. The complex network is applicable for exploring the distant correlation characteristics within the climate system, analyzing its complexity, and forecasting extreme events [28,29]. For instance, Boers et al. (2014) [30] employed network divergence analysis on a directed network to examine the spatiotemporal distribution of extreme precipitation in South America. Their findings revealed that 60% of extreme precipitation in the central Andes could be predicted in advance, with a 90% prediction rate during El Niño periods. Meanwhile, Wolf et al. (2021) [31] utilized a sliding window approach to investigate the spatiotemporal evolution of synchronized networks during heavy precipitation events in East Asian summer monsoons (from April to August). They placed particular focus on changes in the spatial structure of simultaneous heavy precipitation events and explored the strong precipitation band structure of the mei-yu front during different phases of the East Asian summer monsoon. In summary, complex networks, as a crucial tool for handling and understanding nonlinear issues, provide a solid foundation for further research into precipitation.



Machine learning methods enable systems to automatically learn from vast amounts of empirical data and continually enhance their own performance through iterative processes, gradually improving the accuracy of computations and predictions, thereby obtaining more reliable results [32,33]. The development of machine learning has introduced novel approaches to current climate research, and these models have demonstrated promising results in precipitation forecasting. For example, Davenport et al. (2021) [34] applied CNN to analyze atmospheric circulation patterns associated with extreme precipitation events in the central United States. Their approach successfully identified 91% of extreme precipitation events. Li et al. (2021) [35] employed the antecedent SSTA patterns and machine learning methods to develop three models (ASFP-SVR, ASFP-ELM, ASFP-RF) for integrated, probabilistic, and deterministic drought forecasting in regions including Colorado, Danube, Orange, and Pearl River basins. Among these models, ASFP-ELM exhibited the best spatiotemporal capability for predicting drought events. Fan et al. (2022) [36] utilized deep learning autoencoders to identify summer forecast factors in eastern China and constructed regional key factor prediction models based on machine learning methods for precipitation prediction in this region. Compared to mainstream models, their approach improved forecasting results in the South China region by more than 10%. However, research on predicting summer precipitation anomalies in the Yunnan–Guizhou region using machine learning methods is currently limited.



Therefore, the correlation network between SSTA and summer precipitation anomalies in the Yunnan–Guizhou region is constructed. The main seasons affecting summer precipitation in the Yunnan–Guizhou region were selected based on network connectivity. Then, we analyzed the connection between the SST of the seasons and the summer precipitation in the Yunnan–Guizhou region, identified the key SST area that affects the summer precipitation in the Yunnan Guizhou Plateau, and used these SST areas as prediction factors. Then, we conducted summer precipitation prediction experiments for the Yunnan–Guizhou region using various methods, including multiple linear regression (MLR), ridge regression (RR), and lasso regression (LR). The main structure of this paper is as follows: Section 2 introduces the data and methods; Section 3 discusses the key SST regions affecting precipitation in the Yunnan–Guizhou region and predicts the summer precipitation in the Yunnan–Guizhou region based on the indices of these key SST regions; Section 4 summarizes the results.




2. Data and Methods


2.1. Data


In this study, the monthly precipitation data from 141 meteorological stations in the Yunnan–Guizhou Plateau region for the period of 1961–2022 were obtained from the National Climate Center of the China Meteorological Administration. The spatial distribution of these stations is shown in Figure 1a. Additionally, sea surface temperature (SST) data were acquired from NOAA Extended Reconstructed SST V5 (https://psl.noaa.gov/data/gridded/data.noaa.ersst.v5.html), accessed on 1 March 2023. The data had a horizontal resolution of     2   °   ×   2   °     during 1961–2022. Furthermore, the NCC_CSM model data has evolved from the monthly average data of the National Climate Center of China MODES seasonal model. The model data are initially presented in a grid format. To facilitate the comparison of various datasets, the grid data from this model are interpolated into station data. Subsequently, specific station data from the Yunnan–Guizhou region within the NCC_CSM model are selected for further analysis.




2.2. Methods


For each station (i.e., longitude–latitude grid point), we calculate the monthly precipitation anomalies (actual monthly precipitation value minus the climatological average) for each calendar month. Here, the average monthly precipitation of the Yunnan–Guizhou Plateau from 1981 to 2010 is used to calculate the climate average [37]. The summer precipitation anomaly is then obtained by averaging the precipitation anomalies for the months of June, July, and August (6–8) at each station in the Yunnan–Guizhou region. The calculation method for SSTAs for each grid point was the same. Additionally, the global SST time series was divided into four groups corresponding to the seasons: spring (March to May), summer (June to August), autumn (September to October), and winter (December to February).



2.2.1. Network Construction


This paper mainly constructs a multivariable coupling network based on anomalies in precipitation over the Yunnan–Guizhou region, and on global spring SSTAs. In this network, nodes   i   and   j   represent the Yunnan–Guizhou Plateau station locations and global SST grid points, respectively. The study utilized data from the period 1961–2005 (45 years) as the training dataset; that is, the factor modeling phase is selected, and the period 2006–2022 (17 years) is the post-report test stage. The summer precipitation data for the Yunnan–Guizhou region and global spring SST data for each grid point spanning the period from 1961 to 2005 were subjected to a moving window analysis with a one-year step size and a 30-year window size, resulting in the generation of 15 distinct time windows. Pearson correlation coefficients were calculated to quantify the relationship between the Yunnan–Guizhou Plateau node   i   and the global SST node   j   for each of these time windows. Subsequently, a correlation network was constructed for each time window. This approach makes it possible to study the main correlation patterns within individual climate fields simultaneously, as well as between climate fields.



To identify the key SST regions influencing precipitation in the Yunnan–Guizhou Plateau, we selected the strongest correlations between SST nodes and Yunnan–Guizhou Plateau precipitation nodes, disregarding associations below a certain threshold. Here, we chose the top 5% of links with the highest correlations (including both positive and negative correlations) in each windowed network, where the p-value for these links was less than 0.05, as determined by significance testing. Consequently, the adjacency matrix for each windowed network is defined as follows:


    A   i j   h   =       1 ,         C   i j   h   ≥   Δ   h         0 ,         C   i j   h   <   Δ   h          



(1)




where     C   i j   h   ( h = 1,2 , ⋯ 15 )   represents the correlation coefficients between nodes in each windowed network, and     Δ   h     represents the correlation threshold within each windowed network. To identify the strength of correlations between specific nodes and other nodes within the network, we employed area-weighted connectivity to characterize the strength of internal associations within the system. For node j, the area-weighted connectivity     S   j     is defined as follow:


    S   j   = m e a n       ∑  i j      A   i j   h     cos  ⁡      λ   j             ∑  i j      cos  ⁡      λ   j              



(2)




where     λ   j     represents the latitude of node   j  , and     cos  ⁡      λ   j         calculates the weight with respect to the surface area.




2.2.2. Model Prediction Method


This study utilized the period from 1961 to 2005 as the modeling phase and the period from 2006 to 2022 as the verification phase. During the research process, multiple prediction methods were employed, including MLR, RR, and LR models.



	(1)

	
MLR model







The MLR model is used to describe the correlation between a dependent variable and multiple independent variables. The model is represented as:


  y =   β   0   +   β   1     X   1   +   β   2     X   2   + ⋯ +   β   n     X   n   + ε  



(3)




where   y   is the dependent variable,     X   i   ( i = 1,2 , ⋯ n )   are the independent variables,     β   i   ( i = 1,2 , ⋯ n )   are unknown parameters, and   ε   is the random error term [38].



	(2)

	
RR and LR models







RR is an important regression method with advantages such as interpretability and strong generalization. Essentially, it is an improved form of least squares estimation, where a regularization term in the form of an     L   2     norm is added to the least squares estimation objective function. The objective function for RR is as follows [39]:


      β  ^    r i d g e   =     arg min   β    ⁡      y − X β     2   2     + λ     β     2   2    



(4)







Here,       y − X β     2   2     represents the     L   2    -norm loss function,       β     2   2     is the     L   2    -norm penalty on   β  , and   λ   is the tuning parameter. As   λ   increases, the model’s variance gradually decreases while the bias increases. Therefore, finding an appropriate value for   λ   is crucial, and the paper uses cross-validation to determine the value of   λ  .



LR is a classical variable selection model that addresses the limitations of least squares and stepwise regression in dealing with multicollinearity, particularly for high-dimensional small-sample data [40,41]. Unlike ridge regression, which cannot eliminate variables, the LR model replaces the     L   2     norm penalty with an     L   1     norm penalty, effectively shrinking the regression coefficients of non-significant variables to zero in the LR model. The objective function for LR is as follows [39]:


      β  ^    L a s s o   =     arg min   β    ⁡      y − X β     2   2     + λ     β     1    



(5)







Here,   λ   is the coefficient of the penalty term, controlling the model’s complexity.




2.2.3. Methods for Evaluating Predictive Skills


There are numerous methods available for objectively quantifying and evaluating prediction results. In this paper, the primary evaluation methods utilized include anomaly correlation coefficient (ACC), the temporal correlation coefficient (TCC), anomaly sign consistency rate (PC), the pattern similarity (PS) score, and the root mean square error (RMSE). The model evaluation is mostly measured by precipitation anomaly percentage, so it is necessary to calculate the anomaly percentage. The observed value of precipitation anomaly percentage is given by         x   i   −     x   i    ¯    /     x   i    ¯    × 100 %  , and the predicted value of the Yunnan–Guizhou precipitation model is given by         y   i   −     x   i    ¯    /     x   i    ¯    × 100 %  , where     x   i     is the observed value of precipitation anomaly,     y   i     is the model precipitation anomaly, and       x   i    ¯    is the average value of observed precipitation during the climate reference period from 1981 to 2010 [38,42].



ACC assesses spatial similarity, primarily reflecting the degree of similarity between forecasted values and observed values. The calculation formula for ACC is as follows:


    A C C   h   =     ∑  f = 1   N        X   h f   −     X   f    ¯    ×     Y   h f   −     Y   f    ¯           ∑  f = 1   N          X   h f   −     X   f    ¯      2   ×   ∑  f = 1   N          Y   h f   −     Y   f    ¯      2           



(6)







Here,   N   represents the total number of prediction results,   X   is the observed value,   Y   is the predicted value,       X   f    ¯    and       Y   f    ¯    represent the spatial average of all observed, and predicted lattice anomaly percentage is the observed value. This evaluation is performed for the entire forecasting domain at a fixed time. ACC falls within the range of −1 to 1. A higher ACC indicates a greater spatial similarity, with ACC = 1 indicating a perfect spatial distribution match.



TCC serves as an effective measure of the statistical capacity of the model to predict anomalies at different grid points. When calculating TCC, it is necessary to first compute the mean squared differences and covariances for each grid point. The formula is as follows:


    T C C   f   =     ∑  h = 1   M        X   h f   −     X   h    ¯    ×     Y   h f   −     Y   h    ¯           ∑  h = 1   M          X   h f   −     X   h    ¯      2      ×    ∑  h = 1   M    ×       Y   h f   −     Y   h    ¯      2         



(7)







Here,   − 1 ≤ T C C ≤ 1  ; the larger the TCC, the higher the temporal correlation, indicating a greater consistency in the change trends between observed anomalies and predicted anomalies.



The anomaly sign consistency rate (PC) is an effective method of the China National Climate Center for inspecting the forecast results. It refers to the percentage of stations in which the signs of the predicted values and the actual values’ anomalies are the same. The specific calculation formula is as follows:


  P C =     N   t     N   × 100  



(8)







Here,   N   represents the total number of stations.     N   t     represents the number of meteorological stations in which the signs of predicted value and actual value anomalies are the same.



The trend anomaly comprehensive scoring (PS score), developed by the China National Climate Center, serves as a tool to assess prediction performance. The evaluation formula for prediction performance at each station is as follows [42,43]:


  P S =   a   N   0   + b   N   1   + c   N   2       N −   N   0     + a   N   0   + b   N   1   + c   N   2   + M   × 100  



(9)







Here,   N   represents the total number of stations,     N   0     signifies the number of stations with correct trend predictions,     N   1     denotes the number of stations with correct level-1 anomaly predictions (level-1 anomaly: 20% ≤ precipitation anomaly percentage <50% or −50% ≤ precipitation anomaly percentage < −20%),     N   2     represents the number of stations with correct level-2 anomaly predictions (level-2 anomaly: precipitation anomaly percentage ≥ 50% or precipitation anomaly percentage ≤ −50%), and   M   represent the number of level-2 anomalies that were missed. Here, the coefficients   a = 2  ,   b = 2 ,   and   c = 4   are weighting factors.



RMSE is a measure of the deviation between observed values and true values. A smaller RMSE indicates better model prediction performance. When RMSE is 0, it means that the forecast results are completely consistent with the actual observation, and it is defined as follows:


  R M S E =   1   N     ∑  i = 1   N          Y   i   −   X   i       2      



(10)







Here,   N   represents the total number of stations,     Y   i     represents forecasted values,     X   i     represents actual observed values.






3. Results


In the summer, there are noticeable year-by-year variations in precipitation on the Yunnan–Guizhou Plateau, with increases or decreases observed in different periods (as shown in Figure 1b). To explore the relationship between global SSTAs in different seasons and summer precipitation anomalies in the Yunnan–Guizhou Plateau, we calculate correlation coefficients between summer precipitation in the Yunnan–Guizhou region and SSTAs in spring, winter, the preceding autumn, and the preceding summer, respectively. The maximum absolute value among these four correlations is taken as the correlation coefficient between the nodes   i   and the nodes   j  . By retaining the top 5% links, a correlation network is constructed, and the connectivity of this network is calculated. Here, the network connectivity between node   i   and   j   corresponds to the correlation of summer precipitation with one of the SSTAs in the four seasons: spring, winter, preceding autumn, or preceding summer. We retain the connectivity which have the maximum correlation value, while assigning a connectivity value of 0 for other seasons. The network connectivity between spring SSTAs and summer precipitation anomalies covers a larger area, which is much stronger than other seasons, indicating that the influence of spring SSTA on summer precipitation anomalies in the Yunnan–Guizhou region is particularly significant. The spatial structure of the network connectivity is similar to Figure 2. Therefore, this study considers the global spring SSTA field (March–May) as the predictor field and Yunnan–Guizhou summer (June–August) precipitation as the predicting field.



3.1. Selection of Key SSTA Regions


From Figure 2, we observe that the equatorial Indian Ocean, the equatorial south Atlantic, the southwest Atlantic and the east Pacific region have greater connectivity. These regions show a strong correlation with precipitation anomalies in the Yunnan–Guizhou Plateau. In order to verify the robustness of the above results, 25 time windows were obtained by sliding for precipitation anomalies in Yunnan–Guizhou area and global SSTAs with a step size of 1 and a window of 20 years for each grid, and then an unweighted bivariate coupling network was constructed for each window. It was found that the key SSTA zone affecting precipitation on the Yunnan–Guizhou Plateau and the window were the same as those with 30 years (as shown in Figure 2). Therefore, the results of 30 years after using a sliding window are adopted.



SST changes are fundamental drivers of tropical weather systems such as monsoon precipitation and tropical cyclones. The variations in SST within the Bay of Bengal exert a substantial influence on precipitation anomalies in the Yunnan–Guizhou region, serving as a crucial source of atmospheric moisture in this area [44,45]. The eastern Pacific SSTA triggers tropical convective activity, leading to westerly anomalous northward spans. This then alters the east–west circulation of the subtropical Pacific, resulting in east–west asymmetry in the subtropical Indo-Pacific region. These phenomena significantly impact Yunnan–Guizhou precipitation [46]. There is a teleconnection between the SSTAs of the southwestern Atlantic Ocean and the precipitation of the Yunnan–Guizhou Plateau. The SSTAs in the southwestern Atlantic Ocean strongly influence the Yunnan–Guizhou Plateau’s summer precipitation through the Indian summer monsoon, the southwestern monsoon flow, and the South China Sea summer monsoon [36]. Due to the significant impact of SSTAs in the Bay of Bengal, the southwestern Atlantic, and the eastern Pacific on precipitation anomalies in the Yunnan–Guizhou region. Therefore, this study selects the SSTA in the Bay of Bengal, the southwestern Atlantic, and the eastern Pacific as the predictive factors for precipitation on the Yunnan–Guizhou Plateau (corresponding to regions A, B, and C in Figure 2).



For further observation of the relationship between SSTAs in the Bay of Bengal, southwestern Atlantic, and eastern Pacific, and precipitation anomalies in Yunnan–Guizhou, regression analyses were conducted using SST indices from three regions. Here, the average SST in the A (82°−99° E, 6°−20° N), B (80°−90° W, 15°−40° S), and C (25°−50° W, 30°−40° S) regions were used as the SST indices for the Bay of Bengal, eastern Pacific, and southwestern Atlantic, respectively. Through Figure 3, we observe that SSTAs in the Bay of Bengal primarily influence precipitation in the Guizhou region, while SSTA in the southwestern Atlantic and eastern Pacific mainly impact precipitation in Yunnan. Notably, the regression analysis demonstrates that the significance of Bay of Bengal SSTAs against Yunnan–Guizhou precipitation is observed at 28% of the stations. Similarly, the regressions of southwestern Atlantic and eastern Pacific SSTAs against the Yunnan–Guizhou region’s precipitation exhibit significance at 40% and 26% of the stations, respectively.




3.2. Prediction Result Analysis


Due to the influence of SSTA in the Bay of Bengal, the southwestern Atlantic, and the eastern Pacific regions on the summer precipitation anomalies in the Yunnan–Guizhou Plateau, this study uses the spring SST indices of these three regions as predictive factors. The model performance during the fitting period of 1961–2005 (training set) is cross-validated in this paper. MLR, RR, and LR are utilized to model precipitation anomalies in the Yunnan–Guizhou region. The aim is to assess the predictive capability of key SST areas for summer precipitation anomalies in the Yunnan–Guizhou Plateau. By employing MLR, the correlation between the fitted results and the observed precipitation anomalies in the Yunnan–Guizhou Plateau during the summer is 0.6. The correlation coefficients based on RR and LR for the predicted precipitation results in the Yunnan–Guizhou region and the observed data are both 0.61 (as shown in Figure 4). The correlations between the predicted precipitation anomalies values and the observed precipitation anomalies in the Yunnan–Guizhou region, using the above three methods, have all passed the significance test at a confidence level of 95% (p < 0.05).



Utilizing data for model fitting from 1961 to 2005, this study forecasts precipitation anomalies in the Yunnan–Guizhou region from 2006 to 2022. According to Figure 4, We found that by employing MLR, RR, and LR, the correlations between the predicted and observed precipitation anomalies in the Yunnan–Guizhou region are 0.48, 0.46, and 0.46, respectively. The correlations between predictions of summer precipitation anomalies in the Yunnan–Guizhou region, made using MLR, RR, and LR methods, and the observed precipitation all surpass the 95% confidence level (p < 0.05). However, it was only in 2007, 2016, and 2021 that the forecasts generated by MLR, RR, and LR closely aligned with the observed values. Additionally, these techniques generally produced lower predictions for summer precipitation anomalies in the Yunnan–Guizhou region and demonstrated weaker performance in predicting extreme precipitation events. On the other hand, the predicted results from the NCC_CSM model of the National Climate Center of China have a correlation coefficient of only −0.003 with the observed results and did not pass the significance test, indicating relatively poor prediction performance. Moreover, for the majority of years, the NCC_CSM model predicts summer precipitation anomalies in the Yunnan–Guizhou region with a sign opposite to that of the actual precipitation anomalies. This indicates that the predictive performance of utilizing the Sea Surface Temperature Anomalies (SSTAs) indices of the Bay of Bengal, east Pacific, and southwest Atlantic for forecasting summer precipitation anomalies exceeds that of the NCC_CSM model.



Here, utilizing MLR, RR, and LR, this study predicts precipitation anomalies at various stations in the Yunnan–Guizhou region based on key sea surface temperature areas. Following that, the model’s effectiveness in predicting precipitation anomalies in the Yunnan–Guizhou region is evaluated using metrics such as ACC, PC, TCC, RMSE, and PS. Among the metrics employed, ACC serves as a widely used measure in climate prediction for assessing the model’s predictive capabilities. In our assessment of the models’ ability to predict abnormal precipitation in the Yunnan–Guizhou region, we compare the ACC of various models; encompassing MLR, RR, LR, and the NCC_CSM model. As shown in Figure 5a, the ACC for predicting summer precipitation anomalies in the Yunnan–Guizhou region based on MLR was negative only in the years 2012, 2015, 2016, 2019, and 2020. The ACC for predicting the same using RR was negative only in 2012, 2015, 2016, and 2020, with positive values in other years. The results for LR in predicting summer precipitation anomalies in the Yunnan–Guizhou region are similar to those of MLR and RR. However, in some years, especially 2012, 2015, 2016, and 2020, there is lower similarity or even an opposite pattern in precipitation distribution. On the other hand, the ACC for the NCC_CSM mode surpasses that derived from spring key SST for predicting summer precipitation in the Yunnan–Guizhou region only in the years 2009, 2011, 2019, and 2020. In general, the ACC for forecasting summer precipitation anomalies in the Yunnan–Guizhou region, based on key SST areas, is higher than that of the NCC_CSM model.



The PC is also a commonly employed method to evaluate the effectiveness of model predictions, as it can only capture the primary trend in precipitation forecasts when the PC exceeds 50%. Observing Figure 5b, in the prediction of summer precipitation anomalies in the Yunnan–Guizhou region from 2006 to 2022 using the MLR and RR methods, there are 14 years in which the PC exceeded 50%. The LR method has the fewest years in which PC exceeded 50%, with only 11 years. However, the NCC_CSM model has a PC exceeding 50% in only 10 years, from 2006 to 2022. Next, we observe the RMSE of precipitation anomaly predictions for the Yunnan–Guizhou region from 2006 to 2022 based on MLR, RR, LR, and the NCC_CSM model, as shown in Figure 6. We found that for 9 of the observed years, the RMSE of the NCC_CSM model is higher than that of MLR, RR, and LR. Only in the years 2009 and 2019, was the RMSE of the NCC_CSM model lower than that of MLR, RR, and LR models. This indicates that the predictive performance of the MLR, RR, and LR models is relatively good.



The time correlation coefficient of the Yunnan–Guizhou precipitation forecast based on MLR, RR, LR, and NCC_CSM model was observed in Figure 7. The TCC test evaluates the forecasting ability of each station, where a higher TCC indicates higher prediction skill, and vice versa. From the TCC distribution, it can be shown that the NCC_CSM model has significantly fewer sites passing the significance test, accounting for only 4% of the total sites, and indicating a relatively lower predictive capability. In contrast, the TCC for predicting summer precipitation anomalies in the Yunnan–Guizhou region based on MLR has the highest number of sites passing the significance test, at 16%. Following closely is the TCC for RR, with 14% of the sites passing the significance test. The TCC for summer precipitation anomalies prediction in the Yunnan–Guizhou region based on LR has the lowest percentage of sites passing the significance test, standing at 9%; although this is still higher than that of the NCC_CSM model.



In order to further test the prediction effect of the model on the precipitation anomalies in the Yunnan–Guizhou region, the PS score was used to test the prediction of the precipitation anomaly in the Yunnan–Guizhou Plateau. Based on MLR, RR, and LR, the average PS scores for predicting summer precipitation anomalies in the Yunnan–Guizhou region are all around 73, as shown in Figure 8. Specifically, when predicting summer precipitation anomalies in the Yunnan–Guizhou region from 2006 to 2022 using MLR, the PS scores exceeded 70 in 13 years and surpassed 80 in 2006, 2013, and 2022. For RR, predicting summer precipitation in the Yunnan–Guizhou region from 2006 to 2022 resulted in PS scores exceeding 70 in 12 years. In the case of LR, 10 years saw PS scores surpassing 70. On the other hand, the average PS score for predicting summer precipitation anomalies in the Yunnan–Guizhou region based on the NCC_CSM model is only 65, with scores exceeding 70 in only 7 years. The above analysis demonstrates the effective prediction of summer precipitation trends on the Yunnan–Guizhou Plateau using SSTA in three distinct regions: the Bay of Bengal, the southwestern Atlantic, and the eastern Pacific. This information serves as a valuable reference for anticipating precipitation anomalies on the Yunnan–Guizhou Plateau.



To gain a more intuitive understanding of predicting precipitation anomalies on the Yunnan–Guizhou Plateau using spring SSTA, we selected 2 years with high ACC in forecasting summer precipitation in the Yunnan–Guizhou region based on key SST regions. we compared predicted and observed precipitation anomalies from 2006 and 2022. This allowed us to observe the effectiveness of precipitation predictions over the past two years. Through Figure 9, we compare the anomaly values predicted by MLR, RR, LR, and the NCC_CSM model with the observed anomaly values. We observed that, based on MLR, RR, and LR, the precipitation anomaly predictions for the central part of Guizhou in 2006 were relatively accurate on the Yunnan–Guizhou Plateau. In contrast, the predicted values for the Yunnan region were relatively smaller compared to the observed values. However, the NCC_CSM model predictions closely align with observed values only in the southern part of Yunnan, with predictions and observations anomalies exhibiting almost entirely opposite patterns in other regions. This might be attributed to the intricate terrain of the Yunnan–Guizhou region, posing challenges in forecasting precipitation anomalies in the area. Examining the observed and predicted precipitation anomalies in the Yunnan–Guizhou region for the year 2022 through Figure 10, it is evident that the NCC_CSM model predicts exclusively positive values for the Yunnan–Guizhou region. However, the observed precipitation anomalies in the Yunnan–Guizhou region exhibit mostly negative values across most grid points, revealing a contrasting pattern between the predicted and observed precipitation anomaly values in the majority of grid points. In contrast, MLR, RR, and LR exhibited better predictions for the Yunnan–Guizhou region, where the majority of points displayed consistent signs of precipitation anomaly between predictions and observations. Among them, the predicted and observed values in the central part of Guizhou are the closest. However, in the Yunnan region, the predicted values from MLR, RR, and LR are relatively lower. In general, for most sites in 2006 and 2022, MLR, RR, and LR exhibited consistent signs of precipitation anomalies compared to observations. Furthermore, forecasting summer precipitation in the Yunnan–Guizhou region based on the Bay of Bengal, east Pacific, and southwest Atlantic exhibits more advantages compared to the NCC_CSM model.





4. Summary and Discussion


This study employs complex network methods to construct a correlation network between SSTA and summer precipitation anomalies in the Yunnan–Guizhou region. It is found that the springtime SSTA in the Bay of Bengal, the southwestern Atlantic, and the eastern Pacific exhibits strong connectivity with the summer precipitation anomalies in the Yunnan–Guizhou region. Therefore, the SSTA in the Bay of Bengal, the southwestern Atlantic, and the eastern Pacific were chosen as predictive variables. MLR, RR, and LR techniques were employed to predict precipitation anomalies in the Yunnan–Guizhou region. Utilizing the training set comprising data from 1961 to 2005, simulations of precipitation anomalies in the Yunnan–Guizhou region were conducted through MLR, RR, and LR. The correlation coefficients between the results obtained from these three methods and the observed summer precipitation anomalies in Yunnan–Guizhou were 0.6, 0.61, and 0.61, respectively. Using the model fitted with data from 1961 to 2005, predictions were generated for precipitation anomalies in the Yunnan–Guizhou region spanning from 2006 to 2022. The correlation between the predicted results and observed data reached 46%, and both passed the 95% confidence level. In contrast, the correlation coefficient between the predictions from the China National Climate Center NCC_CSM model and the observed results was only −0.003, which failed to pass the significance test.



Then, to assess the effectiveness of the predicting summer precipitation anomalies in the Yunnan–Guizhou region based on spring SST, we employed ACC, PC, RMSE, TCC, and PS scores for evaluation. The mean ACC values for the MLR, RR, and LR model predictions were consistently higher than the mean ACC value for the NCC_CSM model. Using MLR, RR, and LR methods for predicting summer precipitation anomalies in the Yunnan–Guizhou region from 2006 to 2022, there were 14, 14, and 11 years, respectively, with PC values exceeding 50%. In contrast, the NCC_CSM model had PC values exceeding 50% for only 10 years. Furthermore, the NCC_CSM model exhibited lower RMSE only in 2009 and 2019 compared to MLR, RR, and LR. In most years, the RMSE of MLR, RR, and LR models was lower than that of the NCC_CSM model. Moreover, utilizing MLR, RR, and LR, the average PS scores for forecasting summer precipitation anomalies in the Yunnan–Guizhou region hover around 73, surpassing the NCC_CSM model’s average PS score of 8 for the corresponding predictions. These results collectively indicate that the predictive performance of MLR, RR, and LR models is relatively superior. Overall, the predictions from the models based on crucial SST regions outperform the simulation results of the NCC_CSM model for summer precipitation in the Yunnan–Guizhou Plateau, enhancing predictive capabilities to some extent. However, limitations exist, including an overall underestimation in predictions and the need for improvement in predicting extreme values.
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Figure 1. (a) A map of China and spatial distribution of meteorological observation stations in the Yunnan–Guizhou Plateau. (b) Summer precipitation anomalies in the Yunnan–Guizhou Plateau from 1961 to 2022. 
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Figure 2. The spatial distribution of connectivity in the correlation network between global spring SSTAs and Yunnan–Guizhou Plateau summer precipitation anomalies. A, B, and C represent the Bay of Bengal, the eastern Pacific, and the southwestern Atlantic, respectively. 
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Figure 3. The spatial distribution of regression coefficients between SSTA in the (a) Bay of Bengal, (b) eastern Pacific, and (c) southwestern Atlantic regions, and anomalies in summer precipitation over the Yunnan–Guizhou Plateau from 1961 to 2005. The green asterisks indicate stations that passed the 95% significance test. 
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Figure 4. The fitting results for summer precipitation anomalies on the Yunnan–Guizhou Plateau from 1961 to 2022—based on MLR, RR, and LR—are presented. The shaded area encompasses the prediction results from MLR, RR, LR, and the NCC_CSM model spanning the years 2006 to 2022. The black line represents the original data. 
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Figure 5. The (a) ACC and (b) PC of the prediction of precipitation anomalies in the Yunnan–Guizhou region from 2006 to 2022, based on MLR, RR, LR, and the NCC_CSM models. 
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Figure 6. The RMSE of the prediction of precipitation anomalies in the Yunnan–Guizhou region from 2006 to 2022, based on MLR, RR, LR, and the NCC_CSM models. 
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Figure 7. The TCC of precipitation anomaly prediction in the Yunnan–Guizhou region from 2006 to 2022 based on (a) MLR, (b) RR, (c) LR, and (d) NCC_CSM models. 
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