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Abstract: Forecasting July precipitation using prophase winter sea surface temperature through a
non-linear machine learning model remains challenging. Given the scarcity of observed samples and
more attention should be paid to anomalous precipitation events, the shallow neural network (NN)
and several improving techniques are employed to establish the statistical forecasting system. To
enhance the stability of predicted precipitation, the final output precipitation is an ensemble of
multiple NN models with optimal initial seeds. The precipitation data from anomalous years are
amplified to focus on anomalous events than normal events. Some artificial samples are created based
on the relevant background theory to mitigate the problem of insufficient sample size for model
training. Sensitivity experiments indicate that the above techniques could improve the stability and
interpretability of the forecasting system. Rolling forecasts further indicate that the forecasting
system is robust and half of the anomalous events can be successfully predicted. These improving
techniques used in this study can be applied not only to the precipitation over the middle-lower
reaches of the Yangtze River but also to other climate events.

Keywords: climate forecasting system; neural network; improving techniques; stability and
interpretability

1. Introduction

The middle-lower reaches of the Yangtze River (MLRYR) are densely populated and
economically developed regions of China. Unfortunately, these areas are also characterized by
significant summer rainfall variability and frequent occurrences of hydrometeorological extremes [1-
3]. Therefore, enhancing the predictive capability for anomalous summer precipitation over MLRYR
is essential for reducing the adverse impacts of droughts and floods.

Previous studies have provided some theoretical knowledge and useful experiences such as
follows: the preceding winter sea surface temperature (SST) is the most important indicator for the
forecasting of summer precipitation [4-8], subdividing the summer season into distinct time
segments could improve precipitation forecasts [9-11], and statistical methods still play a pivotal role
in climate forecasts at lead times longer than one season [12-14]. It is noteworthy that previous
statistical forecasting systems usually employ linear regression models to capture the relations
between precipitation and SST [15-17], while the inherent complexity and nonlinear relations pose
challenges for linear regression [18-23]. In recent years, machine-learning methods, which can
capture complex nonlinear relationships, have been widely used in climate forecasts [24-28]. Hence,
this study chooses one common-used machine-learning model to forecast the July precipitation over
MLRYR based on the preceding winter SST. Meanwhile, some other techniques are also employed to
improve the forecasting system.

Different from other machine-learning application fields, climate forecasts have the following
unique characteristics. Firstly, considering service requirements, more attention should be paid to
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anomalous events rather than normal events [29-31]. Secondly, the sample size is considerably
constrained (usually less than 100, far different from big data) because the observation period is
relatively short (usually less than 100 years). Therefore, there are not sufficient observed samples for
effective model training, thereby inducing instability of the trained model [32,33]. Lastly, there has
been a great deal of background knowledge, particularly with regard to anomalous events [34-37].
For instance, an El Nifo event might trigger a western Pacific anticyclone. This then strengthens the
subtropical high-pressure system and boosts moisture transport from the South China Sea to MLRYR,
increasing the chance of heavy rainfall [38-40]. This characteristic could be used for developing
forecasting models, such as checking the model’s interpretability. In this study, the above unique
characteristics of climate forecasts would be considered and utilized.

The organization of this article is as follows. Section 2 introduces the forecasting system
developed by this study. Section 3 analyzes the experiment results from this forecasting system.
Section 4 discusses the experiences got from this study, and Section 5 provides the conclusions.

2. Data and Methods

Here, the July precipitation is predicted solely based on prophase winter SST. Considering the
small observed sample size, the machine-learning framework in the forecasting system should be
simple (i.e., the number of model’s parameters should be small). Hence, a shallow neural network
(NN) framework, comprising dozens of parameters, is employed to establish the forecasting system.
As a consequence, the input information for the NN framework can only encompass a few variables
extracted from the global SST field.

2.1. Input Data

The July precipitation over MLRYR is calculated from the 160 stations monthly precipitation
data provided by the National Climate Center of the China Meteorological Administration. The area
of MLRYR spans from 28° to 33.5°N and 113° to 122°E [41,42], including 19 stations. The precipitation
anomaly percentage which exceeds 25% or falls below —25% is taken as an anomalous event. From
1951 to 2023, there are 19 high anomalous years and 23 low anomalous years. To enhance the effect
of these anomalous years in the model training process, the precipitation anomaly percentages of
these years are amplified by 25%, as shown in Figure 1. The amplified percentages of 1954 and 1969,
which exceed 100%, are capped within 100% to avoid excessive influence from these two years. At
last, it is noteworthy that the precipitation anomaly percentage is calculated based on the 21-point
(annual) moving average. In other words, there is no decadal-scale trend in this data. Hereafter, the
July precipitation anomaly percentage is referred to as Precipitation, which is convenient for
expression. Similarly, the scaled Precipitation, which would be used for establishing forecast model,
is referred to as Rain.
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Figure 1. The original precipitation anomaly percentage (black line) alongside the scaled precipitation anomaly

percentage (red line). Dashed lines indicate the threshold values for anomalous events.
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The IRI/LDEO Climate Data Library provides a dataset of monthly SST anomaly dataset with a
spatial resolution of 5°x5° from 1856 to 2023 [43]. This study calculates the winter SST anomalies
based on this dataset. Moreover, the decadal-scale trend, which is not conducive to climate forecasts,
is removed through a 2l-point (annual) moving average approach [44,45]. Regarding the
precipitation forecast, the global SST fields include not only useful indicative signals but also useless
signals. Figure 2 shows the correlations between the detrended prophase winter SST anomalies
(hereafter referred to as SST) and the Rain. It is clear that useful indicative signals mostly come from
the Pacific and Indian Oceans (30°E to 90°W, 40°S to 60°N). Thus, only the SST over these regions is
used for precipitation forecasts. To let as few variables as possible describe the SST field, the gridded
SST data are decomposed into 20 principal components via Empirical Orthogonal Function (EOF)
orthogonal decomposition. The 20 corresponding time series serve as potential predictors.
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Figure 2. The linear correlation coefficients between SST and Rain (upper panel, stippling indicates the t-test
confidence level greater than 95%) and the composite analyses (lower panel) in high (left) and low (right)
precipitation anomalous years. The values in top right corner are the corresponding Rain. The red-boxed

indicates the SST area used for forecasting system.

Inspired by strategies for enlarging the sample size for model training (e.g., data enhancement
and synthetic data generation [46,47]), we also produce some synthetic samples. There have been
many theoretical studies about the anomalous precipitation caused by SST. The composite analysis
of anomalous years shown in Figure 2 can be explained, to some extent, by physical mechanisms [48—
50]. In other words, these two composites (low and high) can be regarded as theoretical samples
embodying the important characteristics that the forecast model should capture. Moreover, it is
reasonable to assume that the Rain (output predictand) would increase or decrease with enhanced or
weakened SST signal (input predictors). Based on this idea, some synthetic samples used for model
training can be created through multiplying the composite analysis data (SST and corresponding
Rain) by values around 1.0. Here, both high and low composite analyses provide 20 synthetic samples
(40 in total). For clear display, only six synthetic samples are shown in Figure 3. To ensure all synthetic
samples belong to anomalous events (with Rain exceeding 50% or falling below -50%) while
simultaneously avoiding rare strong extreme events, the multiplied coefficient should be kept within
an appropriate range, neither too small nor too large. Furthermore, to avoid that the role of synthetic
samples in model training is too weak or too strong, the number of synthetic samples should also be
kept within an appropriate range. The experiences from previous sensitivity experiments suggest
that 40 is a reasonable number.
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Figure 3. The SST (colored, in unit of °C) and corresponding Rain (top right corner) from the six synthetic
samples created by the high (upper panel) or low (lower panel) composite analysis data. These synthetic samples

have been sorted by strength (order number in the top left corner).

2.2. Forecasting System

The shallow NN (i.e., NN with one or two hidden layers) framework is employed in the
forecasting system due to the small sample size. The NN model is trained with all available observed
samples (i.e., samples before the predicted year) and synthetic samples, and the training process will
stop when the loss is less than a pre-defined threshold. All hyperparameters of this NN framework
(i.e., training threshold and the neuron numbers of every layer) are adjustable. To ensure the optimal
performance of the NN framework, a set of optimal hyperparameters is first determined based on
extensive preliminary experiments (refer to Appendix A for details).

Owing to the utilization of certain random variables (e.g., initial weight and bias) during the
model training process, the performance of the trained NN model might be sensitive to the random
seeds employed if training samples are insufficient [51-53]. To enhance the stability of forecast
results, this forecasting system firstly undertakes the task of selecting 10 good seeds from a pool of
100 initialization seeds. Subsequently,10 NN models are trained with these 10 good seeds and
provide 10 predictands. Eventually, the final predictand is calculated based on the average of these
10 predictands (i.e., ensemble mean). For example, supposing the current time is March 2011, the
available observed samples are from 1951 to 2010. Firstly, a pool of 100 initialization seeds is set up.
Secondly, the performance of each seed is analyzed via the leave-one-out cross-validation approach
[54-56]. Each seed gets a forecast skill score (i.e., a correlation value). The specific processes are
illustrated in Figure 4. Thirdly, 10 good seeds are selected from a seed pool based on corresponding
scores. Fourthly, 10 NN models with these 10 good seeds are trained using all available samples (i.e.,
from 1951 to 2010). Fifthly, 10 Rains are predicted with these 10 NN models. Finally, the forecasting
system output the predicted Precipitation, which is a scaled value based on the average of these 10
Rains. It is worth noting that, in the forecasting system, when adding the new observed sample from
the latest year, the 10 NN forecast models will be established again.
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Figure 4. Flow-process diagram for calculating the score (a correlation value) of a given seed.

2.3. Estimation Method

To mitigate the potential overfitting problems caused by small sample size, one forecasting
system is often estimated via rolling forecasting experiments [57-59]. To let all sample years be
predicted by the rolling experiment, one whole rolling forecasting experiment consists of two parts:
forward experiment (from 1987 to 2023) and backward experiment (from 1986 to 1951). The backward
experiment assumes sample years are in reverse chronological order (from 2023 to the predicted
year). This assumption is acceptable because samples are independent of each other.

Besides the common-used linear correlation coefficient (Corr), the comparison between
observations and predictands (i.e., forecast skill) is also quantified by another two metrics, which
focus on anomalous events. Similar to the metric POD (Probability of Detection) and FAR (False
Alarm Ratio) [60] used for weather events, the proportions of accurately predicted (Succ) and
conflictingly predicted (Wrong) precipitation anomalies are defined here. Succ is the number of years
with successfully predicted anomalous events, divided by the total number of observed anomalous
years. Wrong is the number of years with contradictory predicted anomalous events, divided by the
total number of predicted anomalous years. In short, the forecast skill is quantified by three scores
(i.e., Corr, Succ, and Wrong).

In this study, the stability and interpretability of the forecasting system are also analyzed. The
identical experiment is carried out five times (specifically, Round 1, Round 2, Round 3, Round 4, and
Round 5), with only the random seeds being different. The stability is directly reflected by the
differences in the experiment results of these five rounds. The interpretability of forecasting models
is explored by examining the relationship between the output predictand (Precipitation) and the
input predictors (SST). This input-output relationship is depicted via the sensitivity map. The
sensitivity map represents the alterations in the predicted Precipitation that are induced by a 1°C
increase in SST at each grid point.

2.4. Experiment Setup

Table 1 lists all the experiments analyzed in this study. During each rolling forecasting
experiment, the neuron numbers of one input layer (NO) and two hidden layers (N1 and N2) remain
fixed. Preliminary experiments (Appendix A) show that one optimal set of architecture
hyperparameters is NO = 6, N1 = 3, and N2 = 0 (i.e., only one hidden layer exists). The optimal
experiment (OPT) is conducted with this NN framework and all improving techniques. Besides the
one-hidden-layer NN framework, an extra experiment (FMK) is carried out utilizing a two-hidden-
layer NN framework. The optimal combination of architecture hyperparameters (NO =6, N1 =6, and
N2 = 3) is applied in the FMK experiment. The comparison between the OPT and FMK experiments
shows the impact of the number of hidden layers.

Table 1. All rolling forecasting experiments conducted with the forecasting system.

Experiment Description

Optimal experiment with synthetic samples, selecting random seeds
and ensemble-mean technique. The NN framework only use one
hidden layer, NO=6 and N1=3. Precipitations from anomalous years are
amplified.

OPT

Compare different NN frameworks
FMK Similar to OPT, but using two hidden layers. N0=6, N1=6, and N2=3.
Sensitivity experiments concerning the techniques of initialization seeds

NoSD Similar to OPT, but without selecting seeds process.
NoEM Similar to NoSD, but even without ensemble-mean technique.

Sensitive experiments regarding the techniques of sample enhancement

NoSS Similar to OPT, but without synthetic samples.
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NoAF Similar to NoSS, but without scaling anomalous precipitations.

There are two sensitivity experiments (NoSD and NoEM) concerning the techniques of
initialization seeds. In the NoSD experiment, the task of selecting 10 optimal seeds from a pool of 100
initialization seeds is eliminated by simply using only 10 seeds in the pool. The NoEM experiment
goes a step further to dispense with the ensemble-mean technique by merely deploying a single seed
in the pool. Moreover, another two sensitivity analysis experiments (NoSS and NoAF) are conducted
to explore the effects of sample enhancement techniques. In the NoSS experiment, the synthetic
samples are not used for model training. In contrast to the NoSS experiment, the amplification for
anomalous samples is canceled in the NoAF experiment.

3. Results and Analysis

This section first estimates the forecasting system based on the rolling forecasts from both the
OPT and FMK experiments. After that, the stability and interpretability of the forecasting system are
analyzed based on sensitivity experiments. Meanwhile, the effects of improving techniques are also
illustrated.

3.1. Forecast Skill

Figure 5 shows the rolling forecasts from the OPT and FMK experiments. The linear correlations
between observations and forecasts are both around 0.5. In the OPT experiment, half of observed
anomalous years (21/42) are successfully predicted. One year (1951) is contradictory predicted among
the 34 predicted anomalous years (1/34). The observed and predicted Precipitation of 1951 are 36.4%
and -26.4%, respectively. This can be explained by that the SST of 1951 (not shown) is more similar
to the composite SST of low Precipitation years whereas the year has a high Precipitation. In other
words, the sample of year 1951 is different from the common characteristics derived from most
samples. It is difficult for statistical models to provide a successful forecast in this kind of uncommon
years. As compare to the OPT experiment, the rolling forecasts from the FMK experiment have a little
bit strong amplitude. Correspondingly, the number of predicted anomalous years from the FMK (35)
experiment is one more than that from the OPT experiment (34). Unfortunately, three anomalous
years are contradictory predicted. Taken together, the rolling forecasts from the OPT experiment are
a little better than that from the FMK experiment. This suggests that the number of hidden layers is
not the more the better.

—o— Obs
= OPT (0.512, 21/42, 1/34)
— FMK (0.501, 20/42, 3/35)

100% -

25% 1%
0% 1
-25%

~100% | < —— —

1950 1960 1970 1980 1990 2000 2010 2020
Year

Precipitation

Figure 5. Rolling forecasts from the OPT (red line) and FMK (blue line) experiments. The observed Precipitation
is denoted by black line. Gray dashed lines indicate the threshold values for anomalous events. Forecast skills

(Corr, Succ, and Wrong) are presented adjacent to the experiment names.

3.2. Stability

The forecasting stability is also an important consideration in forecasting system estimation. The
results of the five-round NoEM experiment directly illustrate the stability of the rolling forecasts
triggered by the random seeds (Figure 6). The Corrs (a metric of forecast skills) of these five rounds


https://doi.org/10.20944/preprints202501.1982.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 January 2025 d0i:10.20944/preprints202501.1982.v1

7 of 13

range between 0.436 and 0.502. In terms of Succ and Wrong, the differences among these five rounds
are also obvious. These pronounced differences indicate that the random seeds employed in the
training process of the NN model exert a substantial influence on the model's output predictand,
thereby resulting in a non-negligible degree of instability. Ensemble mean is a common-used
technique for enhancing stability [61,62]. As expected, the five-round rolling forecasts from the NoSD
experiment (employing the ensemble-mean technique) exhibit better stability compared to those from
the NoEM experiment (Figure 6). The disparity in the five-round Corrs from the NoSD experiment,
ranging from 0.473 to 0.496, is relatively small. The Corrs from the NoSD experiment generally fall
within the range of those from the NoEM experiment (without the ensemble mean), because the final
predicted Precipitation from the NoSD experiment is the ensemble mean of 10 predictands (i.e., 10
rounds of the NoEM experiment). In comparison with the NoSD experiment, the ensemble-mean in
the OPT experiment is further based on 10 optimal seeds selected from a pool of 100 random seeds.
The five- round Corrs of the OPT experiment (ranging from 0.504 to 0.517) are obviously enhanced,
and the disparity among them is further reduced. In terms of Succ and Wrong, the OPT experiment
also demonstrates better forecast skill compared to the NoSD experiment. To sum up, the two
improving techniques involved here (i.e., optimal seeds and ensemble-mean) do enhance the
forecasting system.

OPT

- Obs — Round3(0.508, 21/42, 2/34)
— Round1(0.512, 21/42, 1/34) — Round4(0.516, 20/42, 1/33}
— Round2(0.517, 19/42, 2/44) — Round5(0.504, 20/42, 2/33}
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Figure 6. Forecasting stability from the OPT, NoSD, and NoEM experiments. The observed and predicted
Precipitations are denoted by black and blue solid line, respectively. Gray dashed lines indicate the threshold
values for anomalous events. Forecast skills (Corr, Succ, and Wrong) are presented adjacent to the experiment

names.

3.3. Interpretability

This paragraph analyzes the interpretability of forecasting models based on sensitivity maps.
Simultaneously, the differences in forecast skill among the OPT, NoSS, and NoAF experiments are
also explained through these analyses. The sensitivity maps across different years are different
(Figure 7). One reason is that the established NN models vary annually during the rolling forecasting
experiment. Another reason lies in the fact that the sensitivity map is contingent not only upon the
NN model itself but also on the input SST. Since the 40 synthetic samples used for model training
remain identical each year during the rolling forecasting experiment, the three sensitivity maps
derived from the OPT experiment are generally alike. Generally speaking, all these sensitivity maps
are consistent with the background knowledge deduced from the observations (Figure 2). For
example, the fact that a warmer equatorial eastern Pacific SST is conducive to heavier precipitation
serves as an illustration. This implies that the interpretability of the forecasting system is deemed
acceptable. In the absence of synthetic samples, both the NoSS and NoAF experiments demonstrate
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that there are pronounced disparities in the sensitivity maps across different years. Furthermore, the
sensitivities from both the NoSS and NoAF experiments are generally significantly weaker than those
from the OPT experiment. This could be accounted by the fact that all synthetic samples are
anomalous events. Based on the definition of the sensitivity map (Section 2.3), the output predicted
Precipitation can be approximated by calculating the inner product between the SST field and the
sensitivity map. Therefore, the rolling forecasts from both the NoSS and NoAF experiments display
a somewhat weaker amplitude and a smaller number of anomalous events (Figure 7). The sensitivity
maps from the NoAF experiment are somewhat weaker than those from the NoSS experiment.
Correspondingly, the number of anomalous events in the NoAF experiment (26) is fewer than that in
the NoSS experiment (29). The aforesaid differences between the NoSS and NoAF experiments
suggest that amplifying anomalous precipitations also contributes to the forecasting system. To
summarize, the two sample-related techniques used in the forecasting system (synthetic samples and
amplified anomalous events) indeed enhance the interpretability, forecast skill, and stability.
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— NoAF (0.458, 13/42, 1/26)
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Figure 7. Rolling forecasts from the OPT, NoSS, and NoAF experiments (upper panel) and interpretability
analyses in 1956, 1998 and 2001 (lower panel). The SST fields and the corresponding sensitivity maps are

presented in the 1st column and the 2nd - 4th columns, respectively.

4. Discussion

Theoretical understandings of climate anomalous events can be harnessed to create artificial
samples, aiming to mitigate the shortage of observed samples for model training. For instance, some
previous studies suggest that the simulation results from climate models, regarded as artificial
samples, can be used for model training [24,63]. This approach is exclusively applicable to those
climate events that can be predicted to a certain degree by climate models, such as the El Nifio or La
Nina events. Nevertheless, due to the unacceptable forecast skill of climate models for predicting the
anomalous precipitation events in July over MLRYR with a lead time of more than one season [64,65],
the climate simulation results are not employed in this study.

5. Conclusions

This study aims to establish a robust statistical forecasting system for predicting the July
precipitation over MLRYR based on the prophase winter SST. Here, we focus on discussing the
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problems encountered during the process of establishing the forecasting system with a common-used
machine learning method (i.e., NN framework) and corresponding solutions mostly derived from
the characteristics of climate issues.

Different from other machine-learning application fields, climate forecasts pay more attention to
anomalous events rather than normal events. Additionally, in the model training process, there are
not sufficient observed samples even for a very simple NN framework. But on the other side, there
has been a great deal of background theoretical knowledge, particularly about anomalous events.
Considering the above unique advantages and disadvantages of climate issues, we explored some
techniques to enhance the stability and interpretability of the forecasting system, as well as pay more
attention to anomalous events.

The five-round experiment results demonstrate that the performance of the trained NN model
is unstable caused by the random seeds used in the model training process. This instability can be
mitigated by ensemble-mean technique. Moreover, selecting good seeds for ensemble-mean, not only
can stability be further improved, but forecast skill can also be significantly enhanced. Unlike
statistical conclusions, climate theoretical knowledge has extensibility, and thus it can be used to
create synthetic samples. This technique can significantly improve the interpretability of the
forecasting models, thereby enhancing the forecast skills. The rolling forecast experiment results
further confirm that the statistical forecasting models usually provide significantly fewer years of
anomalous events, and the forecasting skills for abnormal events are generally low. Both the synthetic
samples technique and amplifying anomalous events technique can improve the anomalous events
forecasting. With the help of the aforementioned enhanced technologies, the final established
forecasting system is generally stable and has good interpretability. The estimation of forecast skills
suggests that this forecasting system has significant practical value, especially for anomalous events.
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Appendix A: How to Set the Hyperparameters of NN Framework

There are four hyperparameters in the NN framework: one model training related
hyperparameter (Tr) and three architecture hyperparameters (i.e, NO, N1, and N2). The Tr
hyperparameter is a threshold. The model training process will stop when the loss below this
threshold. A high value of Tr might prematurely terminate training, resulting in underfitting. In
another side, a low value of Tr might induce overfitting, where the model excels on training set but
falters on testing set. The more complex the framework architecture, the more training samples are
needed. Because of mall sample size, the framework architecture should not be too complex. The
optimal set of hyperparameters can be got through a lot of experiments. Here, the common-used
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leave-one-out cross validation experiments are used to estimate the NN model with a given set of
hyperparameters. A group of forecast skills (Corr, Succ, and Wrong) correspond to a set of
hyperparameters (Tr, NO, N1, and N2).

Since the combination of the four hyperparameters (Tr, NO, N1, and N2) are too large, the one-
hidden-layer scenario (N2 = 0) is analyzed first. Table Al lists the performances from different
combinations of the rest three hyperparameters (Tr, NO, and N1). Taken overall, the combination (Tr
=0.28, NO =6, and N1 = 3) show best forecast skill (0.540, 25/42, 0/41). The two-hidden-layer scenario
is also analyzed with fixed Tr (Tr =0.28). Table A2 shows that the framework architecture (NO =6, N1
=6, and N2 = 3) provides the optimal forecast skill (0.537, 26/42, 0/40). The experiments with one-
hidden-layer framework run faster than that with two-hidden-layer framework. To facilitate rapid
experiments, the optimal set of one-hidden-layer hyperparameters is chosen for the reference
experiment (i.e, OPT) used in this study. The above optimal set of two-hidden-layer
hyperparameters is also tested as a sensitivity experiment (i.e., FMK).

Table Al. Forecast skills (Corr, Succ, and Wrong) from the one-hidden-layer framework under different

hyperparameter combinations.

Tr\ (NO, N1) (10, 5) (8,4 (6,3) (4,2)
0.50 0.468, 20/42, 4/41  0.432,23/42,3/43  0.483, 20/42, 3/40  0.475, 22/42, 2/41
0.40 0.505, 24/42, 3/39  0.477,22/42,1/40 0.513, 22/42, 3/43  0.517, 25/42,2/42
0.36 0.503, 23/42,0/37  0.478, 24/42,2/41  0.522,21/42,0/38  0.522, 24/42, 1/40
0.32 0.528,22/42,1/38  0.494,25/42,1/41 0.526, 24/42,0/42  0.527, 24/42, 1/43
0.28 0.522,24/42,0/38  0.519,26/42,1/39  0.540, 25/42, 0/41  0.528, 23/42, 1/40
0.24 0.526,22/42,0/41  0.508, 25/42,0/39  0.531, 24/42, 0/43  0.510, 22/42, 1/42
0.20 0.517,21/42,1/40  0.478, 24/42,1/37  0.516, 22/42,1/42  0.504, 23/42, 1/43

Table A2. Forecast skills (Corr, Succ, and Wrong) from the two-hidden-layer framework under different

architecture hyperparameter combinations.

NO\ (N1, N2) (10,5) (8,4) (6,3) (4,2 3,1
10 0.495,17/42,3/39 0.485,22/42,1/41 0.486,21/42,2/41 0.484,21/42,1/40 0.488, 24/42, 3/43
8 0.482,20/42,2/39 0.502,22/42,1/42 0.496,24/42,1/40 0.522,22/42,2/41 0.514, 20/42, 0/43
0.505,21/42,1/40 0.533,23/42,0/38 0.537,26/42,0/40 0.532,24/42,2/41 0.528,23/42, 3/40
4 0.492,22/42,2/41 0.494,23/42,2/41 0.509, 25/42,1/43 0.504, 24/42,0/42 0.503, 23/42, 2/41
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