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Abstract: Statistical climate forecast system typically does not use preceding global gridded sea 

surface temperature (SST) data directly; instead, they extract a single predictor (e.g., the Niño3.4 

index) or multiple predictors (e.g., time series of several SST spatial modes). In this study, four 

different SST predictor extracting methods (one single-predictor method and three multiple-

predictor methods) are comparatively analyzed within the same climate forecast platform 

incorporating either the linear regression (LR) model or the neural network (NN) forecast model. 

Rolling forecast experiments with the LR model show that, compared to a single strong SST predictor, 

only multiple predictors with more high-quality information (high signal-to-noise ratio) could 

improve the forecast skill. Sensitivity experiments also show that the influence of multiple-predictor 

extracting methods on forecast skill from the NN model is much weaker than that from the LR model. 

Moreover, whether or not multiple SST predictors are orthogonal might also affect the forecast skill. 

The above experiences provide a reference for establishing statistical climate forecast system based 

on preceding SST data. 
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1. Introduction 

As a crucial component of the climate system, the ocean profoundly influences global climate 

through the exchange of heat, momentum, and matter with the atmosphere [1–3]. Meanwhile, the 

latest ocean state serves as a crucial foundation for short-term climate forecasts due to its large heat 

capacity and slower changes compared to atmospheric processes [4–6]. Particularly for a climate 

forecast with a lead time of more than three months, indicative signals mostly come from the ocean 

state [7–9]. Therefore, the sea surface temperature (SST), as a key variable representing ocean 

conditions, has been an essential input physical variable for statistical climate forecast systems [10–

12].  

Previous theoretical studies usually focus on the influence mechanism of a single SST variable 

(e.g., the Niño3.4 index) on climate forecasts [13–15]. A single SST variable (i.e., single predictor) is 

insufficient for a statistical climate forecast system to capture valuable indicative signals provided by 

global SST data [16,17]. Moreover, a statistical climate forecast system typically does not directly use 

all globally gridded SST variables [18,19]. One primary reason is the high correlation among the SST 

variables at adjacent grid points, which implies the presence of redundant information within the 

global gridded SST data. Additionally, if all the SST grid variables were employed as input predictors, 

the number of predictors (exceeding 1,000) would be excessively high relative to the limited sample 

size of climate observations (less than 100), possibly giving rise to a severe overfitting issue. 

Consequently, it is of great significance for a statistical climate forecast system to extract a certain 

number of suitable predictors from the global SST data. 
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Although previous studies introduced many statistical forecast models with a few SST 

predictors [20–25], few focused on methods for extracting SST predictors. This study will compare 

four different extracting methods (one single-predictor method and three multiple-predictor 

methods) based on the same climate forecast system, which encompasses both linear and nonlinear 

regressions. Through comparative experiments, we endeavor to explore the following issues. Firstly, 

does the multiple-predictor lead to a notably enhanced forecast skill as compared to the single-

predictor? Secondly, do different extracting methods exert a pronounced influence on forecast skill? 

Finally, are the aforementioned analyses dependent on the specific forecast model employed?   

Here, we developed a forecast system for the June Western Pacific Subtropical High Ridge Line 

(WPSHRL) based on the preceding winter SST, using both the traditional linear regression (LR) 

model and the commonly used neural network (NN) model. Using this climate forecast system, the 

influence of the SST predictor extracting method was investigated. This paper is organized as follows: 

Section 2 presents the SST data and predictor extracting methods. Section 3 introduces the forecast 

system and related techniques. Section 4 illustrates the comparison among these different extracting 

methods. Finally, Section 5 presents the discussion and Section 6 provides the conclusions of the 

paper. 

2. Data and Preprocessing 

2.1. Data and Preliminary Analyses 

The monthly SST data from 1961 to 2022 were downloaded from the Physical Sciences 

Laboratory [26]. In this study, only the winter SST anomaly, encompassing December of the previous 

year, January, and February, was used to extract predictors. The June WPSHRL data, representing 

the mean latitude position of the isoline where 500 hPa zonal wind u=0 and ∂u/∂y>0 surrounded by 

the 588 dagpm contour [27], were obtained from the National Climate Center of China. Due to the 

unavailability of data after 2016, the June WPSHRL data for recent years were manually calculated 

based on ERA5 reanalysis data, following the same definition.  

The winter SST displays notable decadal trends associated with global warming, whereas the 

June WPSHRL does not exhibit such trends (Figure 1). Before incorporating these variables into the 

forecast system, both the winter SST anomalies and the June WPSHRL were detrended using a 21-

point moving average. Additionally, the detrended June WPSHRL data were normalized to the range 

of −1 to 1 (i.e., June WPSHRL index, hereafter referred to as WPSHRL). Based on the ranking of the 

WPSHRL from 1961 to 2022, the lowest and highest ~1/4 of years were identified as anomaly events. 

Among these 31 anomaly events, 16 were classified as low-WPSHRL years and 15 as high-WPSHRL 

years. 

 

Figure 1. Decadal trends in SST and WPSHRL. (a) Spatial distribution of SST linear trends from 1961 to 2022. (b) 

Time series of original WPSHRL data (black) and 21-point moving averages (green). 

To better understand the design concept underlying SST predictor extracting methods, an 

analysis is first conducted on the correlations between the detrended preceding winter SST anomalies 

(hereafter referred to as SST) and WPSHRL (Figure 2). Consistent with previous studies, the Niño3.4 

region (red-boxed area in Figure 2) provides the strongest indicative signal [28–32], and the linear 
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correlation coefficients between SST and WPSHRL can reach −0.48. This is the reason why the single-

predictor method chooses the Niño3.4 index as predictor. Furthermore, it is noteworthy that the SST 

indicative signals are predominantly located in the Pacific and Indian oceans (blue-boxed area in 

Figure 2). Consequently, one multiple-predictor method extracts SST predictors from these regions 

instead of from the entire global oceans. 

 

Figure 2. Correlation and composite analyses. (a) Spatial distribution of the linear correlation coefficients 

between SST and WPSHRL (stippling indicates the t-test confidence level greater than 95%). (b) Composite 

analysis of the SST in the high-WPSHRL years. (c) Composite analysis of the SST in the low-WPSHRL years. The 

red-boxed area is the Niño3.4 region, the blue-boxed area is the field of the Pacific and Indian oceans with strong 

indicative signals. 

2.2. SST Predictor Extracting Methods 

In this initial stage of the research on extracting multiple SST predictors, we explore two simple 

and feasible approaches: the ZONE approach and the EOF approach. Similar to the representative 

station [33–35], the ZONE approach selects 20 representative regions from the global SST field. The 

specific procedure is as follows: First, the SST grid with the largest year-to-year fluctuation is selected 

as the representative grid. Next, this representative grid and surrounding highly correlated grids are 

clustered together to form a single zone. Subsequently, this demarcated zone is taken out from the 

global SST field. This process is repeated until a total of 20 representative zones are established. The 

average SST of each zone serves as candidate predictors. Principal component analysis, also known 

as empirical orthogonal function (EOF) analysis, is a commonly used tool in climate studies [36–38]. 

Here, the EOF analysis is used to select SST predictors (i.e., EOF approach). The time series of 20 

leading EOF spatial modes (i.e., EOF principal components) serve as candidate predictors. The 

predictors derived from the EOF approach are sourced from two different SST spatial areas: the entire 

global oceans (EOFg) and the preliminarily selected regions (blue-boxed area in Figure 2, EOFp). For 

convenience in comparison and reference, the four SST predictor extracting methods used in this 

study are listed in Table 1. 

Table 1. Four SST predictor extracting methods. 

Name Number of predictors Extracting approach SST spatial area 

Niño3.4 single Niño3.4 index Niño3.4 region 

ZONE multiple representative zone global oceans 

EOFg multiple EOF global oceans 

EOFp multiple EOF Pacific and Indian oceans 

Figure 3 illustrates the 20 zones selected by the ZONE method, along with the corresponding 

SST time series. To clearly display the SST time series, only 6 representative zones that have the best 

correlation with WPSHRL are demonstrated. Because the ZONE approach prioritizes selecting the 

zone with the strongest SST fluctuation first, the ZONE number reflects the intensity of SST 

fluctuation. Consequently, the time series of ZONE1 and ZONE2 show relatively stronger 

amplitudes than the other zones. ZONE1 and ZONE2 are local in the central-eastern equatorial 
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Pacific and typically exhibit consistent signs of fluctuation. Besides ZONE1 and ZONE2 have strong 

correlations with WPSHRL (−0.48 and −0.54), ZONE7, ZONE9, ZONE11, and ZONE18 also show 

relatively strong correlations (absolute value more than 0.25). Because ZONE7, ZONE9, ZONE11, 

and ZONE18 are located far apart, their time series differ obviously from each other. 

 

Figure 3. SST predictors extracted with the ZONE method. (a) Spatial distribution of the 20 zones (shading), with 

black dots representing the representative stations for each zone; (b) Time series of six zone SSTs (colored lines) 

and the WPSHRL (black line). The values in parentheses denote the correlation coefficients between these zone 

SSTs and WPSHRL. 

Figure 4 illustrates the SST predictors extracted by the EOF approach. Regarding the global SST 

field (i.e., EOFg), the leading 20 EOF modes can explain 87.55% of the original SST field. Focusing on 

the area of the Pacific and Indian oceans (i.e., EOFp), the leading 20 EOF modes can explain 93.02% 

of the original field. Here, only the 6 EOF modes that have the best correlation with WPSHRL are 

shown. The first and third EOF modes from the EOFp method (i.e., EOFp1 and EOFp3) are generally 

consistent with those from the EOFg method (i.e., EOFg1 and EOFg3). Compared to EOFg1 (31.47%) 

and EOFg3 (6.18%), EOFp1 (41.71%) and EOFp3 (6.98%) contribute more to the original SST field. 

The linear correlation between EOFp3 and WPSHRL (−0.24) is slightly stronger than that of EOFg3 

(−0.17). Taken overall, the time series of EOFp modes exhibit slightly stronger correlations with 

WPSHRL than that of EOFg modes. This can be explained by the fact that the preliminarily selected 

SST regions (i.e., Pacific and Indian oceans) used in the EOFp method exclude those SST regions 

lacking obvious indicative signals. Finally, it is important to note that the EOF modes and their 

corresponding time series are mutually orthogonal. This differs from the ZONE approach. 
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Figure 4. SST predictors extracted using the EOFg (a, c) and EOFp (b, d) methods. (a, b) Six EOF modes with the 

best correlation with WPSHRL. The fraction of variance explained by each mode is shown in parentheses. (c, d) 

Time series of the corresponding spatial modes (colored lines) and the WPSHRL (black line). The values in 

parentheses denote the correlation coefficients between these EOF modes and WPSHRL. 

3. Forecast System and Estimating Method 

The influence of SST predictor extracting methods on forecast skill may depend on the specific 

forecast model employed. To test this, two different regression models are employed in our forecast 

system: linear regression (LR) and neural network (NN). Given the potential for overfitting due to 

small sample sizes, forecast skill is estimated using rolling forecast experiments. Additionally, the 

forecast skill for anomaly events is also analyzed, as climate forecasts focus more on such events. 

3.1. Forecast System 

The climate forecast system developed by this study is a framework (i.e., the model parameters 

to be determined) that incorporates either LR or NN. Prior to conducting forecasts, these 

undetermined parameters (excluding hyperparameters) are established based on all available 

samples (i.e., samples before the predicted year). In other words, the relationship between SST and 

WPSHRL in the forecast system is continuously updated due to newly added samples from the latest 

year. 

When using multiple-predictor methods, it is necessary to consider selecting a set of optimal 

predictors from the 20 SST variables. In the LR framework, this problem is solved by the stepwise 

regression method. Only predictors with a significant improvement on the predictand (i.e., WPSHRL) 

are retained while minimizing the number of predictors as much as possible to reduce the possibility 

of overfitting [39,40]. The technical details of stepwise regression can be found in the statistical 

textbooks [41,42].  

The fundamental theory of the NN model can be found in the textbook about machine learning 

[43]. Here, we focus on illustrating how to use the NN model. Considering the limitation of sample 

size, the number of NN model parameters (i.e., the weights and biases associated with each layer) 

cannot be too large. Therefore, a shallow NN model with one hidden layer is chosen. There are two 

architecture hyperparameters for this NN framework: the number of input variables (Nin) and the 

number of neurons in the hidden layer (Nhid). The first Nin (Nin ≤ 20) SST variables that have the 

best correlation with WPSHRL are chosen as input predictors. Unlike the LR framework, which can 

calculate how many SST predictors (similar to Nin) are optimal for establishing a forecast model, the 

architecture hyperparameters for the NN framework (i.e., Nin and Nhid) need to be preset based on 

previous experience. We tested several architectures of the NN framework (hereafter Nin-Nhid), 

such as 4-2, 4-3, 6-2, 6-4, 8-4, 8-6, 10-4, 10-6, 12-4, and 12-6. The experiment results indicate that once 

Nin exceeds 6, there is no substantial enhancement in the forecast skill. Meanwhile, the influence of 

Nhid on the forecast skill is negligible. Therefore, the NN architecture is set to 6-4 for all the 

experiments shown in this study. It is noteworthy that, under the condition of small sample sizes, the 

performance of the NN model is unstable and sensitive to the random seeds for initialization [44]. 

Thus, using some techniques [24,45], this NN framework first selects 10 good seeds from 200 random 

seeds. Then, 10 NN models can be trained with these 10 good seeds, and the final output predictand 

is the average of the 10 corresponding predictands (i.e., ensemble mean). The stability of forecast 

results with the NN framework is shown in Figure A1. 

3.2. Estimating Method 

The rolling forecast technique is often used to estimate the forecast system [46–48]. Considering 

the limitation of sample years (1961 to 2022), the rolling forecast experiment used in this study 

consists of two parts: forward rolling forecast experiment (from 1992 to 2022) and backward rolling 

forecast experiment (from 1991 to 1961). In the forward rolling forecast experiment (i.e., the 
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commonly used rolling forecast), all available samples (from 1961 to the year before the predicted 

year) are used for the establishing forecast model. As for the backward rolling forecast experiment, 

the order of sample years is assumed to be reversed (from 2022 to the predicted year). To sum up, all 

sample years can be predicted by the rolling forecast experiment. 

Forecast skill is usually quantified by the linear correlation coefficient (Cor) between 

observations and forecasts [49–52]. In this study, the probability of detection (POD) and false alarm 

rate (FAR) for anomaly events are also analyzed. The POD is defined as the ratio of the number of 

successfully predicted anomaly years to the total number of observed anomaly years and the FAR is 

defined as the ratio of the number of contradictory predicted anomaly years to the total number of 

anomaly years predicted by the forecast system [53–55]. Taken overall, the forecast skill is estimated 

by three scores (i.e., Cor, POD, and FAR). 

4. Results and Analysis 

Here, each SST multiple-predictor extracting method has a pair of rolling forecast experiments 

via both the LR and NN frameworks. Only the LR framework applies to the single-predictor method 

(i.e., univariate linear regression). For the convenience of expression, the names of SST extracting 

methods (i.e., Niño3.4, ZONE, EOFg, and EOFp) and the names of frameworks (i.e., LR and NN) are 

often used to label the corresponding experiments. We first show the comparison of these four SST 

extracting methods (Section 4.1), then explain these results through the sensitivity of the output 

predictand to input predictors described by forecast models (Section 4.2). 

4.1. Forecast Skills 

Figure 5 shows the influence of SST extracting methods on forecast skills. The LR experiments 

(i.e., based on the LR framework) show that one SST predictor (i.e., Niño3.4 index) could give a not-

bad forecast once this predictor has a strong correlation with WPSHRL. The Niño3.4 experiment gives 

a better forecast skill (Cor 0.46, POD 4/31, FAR 0/8) than that from the EOFg experiment (Cor 0.31, 

POD 3/31, FAR 1/11). The main reason   is that those SST areas without any indicative signals are 

put into every EOFg predictor (the entire global oceans). Unlike the EOFg predictors, the EOFp 

predictors do not have this disadvantage because they focus on the predominant signal regions 

(Pacific and Indian oceans). Therefore, the EOFp experiment improves the LR forecast skill (Cor 0.51, 

POD 11/31, FAR 1/17). The forecast skill from the LR experiment with ZONE predictors (Cor 0.49, 

POD 9/31, FAR 0/19) is also much better than that with EOFg predictors. One main reason is that only 

a few ZONE predictors significantly related to WPSHRL are incorporated into the LR forecast models 

even though these 20 zones are distributed globally. In summary, multiple SST predictors include 

not only more indicative signals but also more useless signals. As compared to a single strong 

predictor, the LR forecast skill based on multiple predictors might be improved due to more 

indicative signals. On the contrary, the forecast skill might worsen if too many useless signals are 

incorporated into the predictors. 
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Figure 5. Rolling forecasts from the experiments with (a) the Niño3.4, (b) the ZONE, (c) the EOFg, and (d) the 

EOFp SST extracting methods. The observed WPSHRL is denoted by the black line. The red and blue lines 

indicate the forecasts from LR and NN models, respectively. Gray dashed lines indicate the threshold values for 

anomaly events. Forecast skills (Cor, POD, FAR) are presented next to the names of the forecast models. 

This paragraph introduces the comparison between the NN framework and the LR framework 

(Figure 5). Both are based on the EOFg predictors, the forecast skill from NN models (Cor 0.54, POD 

8/31, FAR 0/17) is much better than that from LR models (Cor 0.31, POD 3/31, FAR 1/11). It seems that 

the NN model can reduce the impact of useless signals mixed in the EOFg SST predictors. The ZONE 

and EOFp experiments also show that the forecast skills from NN models (Cor 0.51, POD 10/31, FAR 

0/21; Cor 0.58, POD 12/31, FAR 1/20) are higher than those from LR models (Cor 0.49, POD 9/31, FAR 

0/19; Cor 0.51, POD 11/31, FAR 1/17), especially for anomaly events. These analyses confirm that the 

NN model exhibits a better capacity to exploit the information provided by input predictors. 

Regarding the NN framework, there is a certain difference between the forecast skills of the ZONE 

and EOFp experiments. This might be caused by the fact that the EOFp SST predictors (the Pacific 

and Indian oceans) contain more information than the ZONE predictors (six zones in Figure 3a), and 

the orthogonal EOFp SST predictors are relatively easier to use. Taken overall, as compared to the LR 

models, the NN models could provide higher forecast skills and the differences in the NN forecast 

skills caused by multiple-predictor extracting methods (i.e., ZONE, EOFg, and EOFp) become small. 

4.2. Sensitivity Analysis 

The forecast skills only estimate the forecast system from the perspective of the final output 

predictands. Moreover, the relationship between the input predictors and the output predictand, 

which is characterized by the regression equation (i.e., the forecast model), constitutes an equally 

significant consideration. Here, the input-output relationships are investigated by the sensitivities of 

WPSHRL to the SST field, which can be calculated based on the established forecast model (i.e., model 

parameters have been determined). During the rolling forecast experiment, the forecast model 

undergoes an annual update (i.e., the model parameters differ each year) since the available samples 

used for model establishment are perpetually updated. Consequently, the sensitivity calculated 

based on the forecast model likewise demonstrates year-to-year variation. 

The sensitivities derived from the LR forecast models of three years are presented in Figure 6. 

Typically, a handful of predictors are selected via the stepwise regression approach, and the 

predictors employed in the forecast model usually vary from year to year (Figure A2). This 
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phenomenon is manifested in the ZONE experiments. Take the year 2010 as an example, two zones 

are used in the forecast model. The sensitivities of these two zones are negative, and the two ZONE 

predictors (i.e., observed SST) also exhibit negative values. The inner product of input predictors and 

corresponding sensitivities determines the value of the output predictand. The sensitivities from the 

ZONE experiments indicate that the indicative information predominantly stems from the central-

eastern equatorial Pacific region. This is in agreement with the highly correlated regions illustrated 

in Figure 2. Similarly, in the EOFg and EOFp experiments, the predicted value of WPSHRL is 

equivalent to the inner product of the observed SST field and the corresponding sensitivity field. 

Owing to the disparity in the spatial area between the EOFg and EOFp modes, the sensitivity fields 

from EOFg experiments are comparatively weak and fail to highlight the role of the central-eastern 

equatorial Pacific region. Consequently, in years with significant abnormalities (e.g., the years 1967 

and 1999), the predicted WPSHRLs from the EOFg experiments are substantially weaker than those 

from the EOFp experiments. This constitutes the primary cause for why the LR experiment with 

EOFg predictors gives the poorest forecast skill in Figure 5. Overall, the SST-WPSHRL relationships 

represented by the sensitivity fields in Figure 6 exhibit certain differences among themselves; 

nonetheless, none of these relationships violate the linear statistical characteristic shown in Figure 2 

(i.e., the common pattern from most years). 

 

Figure 6. The preceding SST in three years (left panel) and corresponding sensitivities from the LR forecast 

models using three different SST extracting methods (right panel). The year numbers are shown at the top of 

each graph. The values in parentheses are the observed WPSHRL (left panel) and predicted WPSHRL (right 

panel). 

Unlike the sensitivity from LR models which only depends on LR models themselves, the 

sensitivity from NN models also depends on the input predictors' state (i.e., the SST field used for the 

predicted year). For instance, in one established NN model, the Niño3.4 region sensitivity is 

influenced by the values of input SST over both the Niño3.4 region and other regions. This is 

consistent with the fact that the NN model can exploit more SST information for prediction (e.g., the 

coordination of each predictor). Figure 7 presents a comparison between LR models and NN models. 

In reference to the 1995 EOFp experiments, the sensitivity pattern from the NN model is somewhat 

similar to that from the LR model. Nevertheless, the NN model sensitivity is stronger than the LR 

model sensitivity, particularly over the central-eastern equatorial Pacific (the preceding SST 

indicative signal is very strong over there). Consequently, the NN model predicts a strong WPSHRL 

in comparison with the LR model. For the same reason, the 2013 EOFg experiments show a more 

obvious comparison between the LR model and the NN model. Regarding the 2001 ZONE 

experiments, both LR and NN models show positive sensitivity over the eastern Indian Ocean near 
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Australia. The preceding negative SST in this region induces a negative WPSHRL. In comparison 

with the LR model, the less positive NN model sensitivity is one reason for the higher WPSHRL 

predicted by the NN model. This also suggests that the NN model could flexibly incorporate the 

preceding SST information, subsequently improving the predicted WPSHRL. 

 

Figure 7. Similar to Figure 6, but for the comparison between LR models and NN models. The names of the 

forecast framework and SST extracting method are shown at the top of each graph.  

5. Discussion 

In the statistical climate forecast system developed by this study, the input predictors only come 

from SST. Besides SST, other meteorological elements might also be used in the forecast system, such 

as atmospheric circulation indexes [56,57]. This appears to contradict the previous theoretical studies, 

which confirm that the indicative signals for climate forecast mostly come from preceding SST [58]. 

In fact, there is no contradiction. The atmospheric circulation index used for climate forecast, in some 

ways, indicates the state of recent SST. In other words, this circulation index can be taken as a special 

SST predictor. This special SST information extracting method hinges on specific forecasted events. 

The specific events demand detailed discussion as they are not of a universal nature. Therefore, this 

special SST information extracting method is not investigated in this study. 

6. Conclusions 

The goal of this study is to gain experience in extracting SST predictors for the statistical climate 

forecast system. Based on the same climate forecast system, the comparison between different SST 

predictor extracting methods is investigated. To improve the robustness of research conclusions, two 

kinds of commonly used forecast models are employed in the climate forecast system: linear 

regression (LR) model and neural network (NN) model. This study investigates four predictor 

extracting methods: one single-predictor method (Niño3.4 index) and three multiple-predictor 

methods. The multiple predictors extracted from the EOF approach are orthogonal. In contrast to the 

multiple predictors extracted from the Pacific and Indian oceans, the multiple predictors extracted 

from the entire global oceans contain much more useless information for climate forecasting. Unlike 

the EOF approach, the multiple predictors extracted from the ZONE approach are non-orthogonal 

but have clear physical meaning. 

As compared to a single strong SST predictor, multiple SST predictors contain not only more 

useful indicative information but also more useless information. Consequently, while multiple SST 

predictors can offer more information in comparison to a single predictor, the LR forecast model 

struggles to fully exploit this advantage. Meanwhile, the forecast skill from the LR model is sensitive 
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to the choice of multiple-predictor extracting methods. A primary determinant is whether these 

multiple predictors contain high quality information, so that the useful information far outweighs 

the useless information. Unlike the LR model, the NN model shows lower sensitivity to extracting 

methods because the NN model has a greater capacity in exploiting the useful information provided 

by input predictors. Moreover, the NN model could provide better forecast skills, especially for 

anomaly events. The comparison among these three sets of multiple predictors also suggests that 

whether multiple SST predictors are orthogonal might affect forecast skills. Among these three sets 

of multiple predictors investigated in this study, the orthogonal multiple predictors extracted from 

high-quality information regions show the best performance. In conclusion, this study offers valuable 

insights for the establishment of statistical climate forecast systems based on preceding SST data. 
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Appendix A 

The rolling forecast experiments using the NN framework are executed three times, using the 

same code but different initialization random seeds, named 1st, 2nd, and 3rd. Both ZONE, EOFg, and 

EOFp experiments show that the differences among these three forecast results (i.e., 1st, 2nd, and 3rd) 

are relatively small (Figure A1). Generally speaking, the forecast system is relatively stable and 

experiment results are acceptable. 
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Figure A1. The stability of experiment results with the NN framework. The observed WPSHRL is denoted by 

the black line. The three colored lines indicate the forecasts using different initialization random seeds, 

respectively. Gray dashed lines indicate the threshold values for anomaly events. Forecast skills (Cor, POD, FAR) 

are presented next to the names of the experiments.  

Appendix B 

The number of SST predictors used in the rolling forecast experiments with the LR framework 

is illustrated in Figure A2. In the ZONE experiment, 4 predictors are most frequently utilized, and 

occurrences of more than 4 predictors are rare. One main reason is that ZONE predictors are not 

orthogonal. The fifth and subsequent predictors can be expressed by the previous predictors. In the 

EOFg experiment, 2 predictors are most commonly used. This can be explained by the fact that most 

EOFg predictors contain more useless information than useful information. Unlike the EOFg 

experiment, the EOFp experiment often uses more predictors. 

 

Figure A2. Occurrence frequency (in units of years) of different SST predictor numbers used in the rolling 

forecast experiments with the LR framework.  
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