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ABSTRACT

Seasonal prediction of summer rainfall is crucial to reduction of regional disasters, but currently it has a low predic-
tion skill. We developed a dynamical and machine learning hybrid (MLD) seasonal prediction method for summer
rainfall in China based on circulation fields from the Chinese Academy of Sciences (CAS) Flexible Global
Ocean—Atmosphere—Land System Model finite volume version 2 (FGOALS-f2) operational dynamical prediction
model. Through selecting optimum hyperparameters for three machine learning methods to obtain the best fit and
least overfitting, an ensemble mean of the random forest and gradient boosting regression tree methods was shown to
have the highest prediction skill measured by the anomalous correlation coefficient. The skill has an average value of
0.34 in the historical cross-validation period (1981-2010) and 0.20 in the 10-yr period (2011-2020) of independent
prediction, which significantly improves the dynamical prediction skill by 400%. Both reducing overfitting and us-
ing the best dynamical prediction are important in applications of the MLD method and in-depth analysis of these
warrants a further investigation.
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rainfall usually has a considerably lower skill than pre-

Summer rainfall in China shows a prominent year-to-
year variability (Wang et al., 2009) and can cause dis-
astrous droughts and flooding (Chen and Huang, 2008;
Li et al., 2011). Accurate prediction of seasonal rainfall
is valuable in regional disaster prevention and policy
making. Although global dynamical models have been
improved in recent years (Yang et al., 2008; MacLach-
lan et al., 2015; Alessandri et al., 2018; Chevuturi et al.,
2019) and multimodel ensembles have been widely ap-
plied in seasonal prediction (Alessandri et al., 2018; Ren
et al., 2019), the pure dynamical seasonal prediction of

dictions based on the circulation fields, despite decades
of efforts (Wang et al., 2009; Alessandri et al., 2018). To
overcome the current limitations of dynamical seasonal
prediction, researchers used statistical methods to in-
crease the prediction skill (Badr et al., 2014; Bett et al.,
2018).

Two major types of statistical strategies have been ap-
plied to improve the seasonal prediction of rainfall: em-
pirical statistical methods and statistical-dynamical
methods. Empirical statistical methods usually establish a
statistical relationship between the precursors and pre-
dictands in observational data (Jia and Zhu 2010; Pour et
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al., 2020), which usually have a higher prediction skill
with low computational costs in the historical fitting
years. However, its prediction skill tends to be unstable
in different periods as a result of unstable precursors or
shortages in physical linkages (Goddard et al., 2001; Gao
etal., 2018).

Statistical-dynamical methods aim to correct model
outputs based on the statistical relationship between the
model outputs and predictands (Lee et al., 2013; Lim et
al., 2015). Linear statistical methods (e.g., linear regres-
sion) have been widely used (Xing et al., 2016; Rana et
al., 2018; Strazzo et al., 2019), but are usually unable to
capture realistic nonlinear relationships (Goddard et al.,
2001). Although some nonlinear statistical models have
been applied for regional seasonal predictions (Saha et
al., 2017) and to predict the El Nifio—Southern Oscilla-
tion (Ham et al., 2019), nonlinear statistical methods, in-
cluding machine learning combined with dynamical out-
puts, have not been applied to the prediction of seasonal
rainfall in China. Overfitting, which has not been widely
recognized or well solved, is the most challenging prob-
lem in machine learning methods (Tetko et al., 1995;
Lever et al., 2016).

We attempted to improve the seasonal prediction skill
of rainfall in China by selecting the optimum machine
learning method from three nonparametric methods, de-
termining the optimum hyperparameters for each ma-
chine learning method to obtain the best fit and the least
overfitting, and selecting suitable dynamical circulation
fields; namely, a dynamical and machine learning hybrid
(MLD) approach. In addition, the following scientific
questions were investigated. To what extent does the
nonparametric MLD improve the skill of the dynamical
prediction? To what extent does the MLD depend on the
dynamical model performance?

2. Models, datasets, and methods

2.1 Dynamical models

Dynamical seasonal prediction datasets are retrieved
from an operational dynamical prediction system using
the Flexible Global Ocean—Atmosphere—Land System
Model finite volume version 2 (FGOALS-{2), which is a
coupled global climate model developed by the State
Key Laboratory of Numerical Modeling for Atmospheric
Sciences and Geophysical Fluid Dynamics, Institute of
Atmospheric Physics, Chinese Academy of Sciences
(Bao et al., 2019; He et al., 2019). The prediction system
of FGOALS-f2 (hereafter referred to as FGOALS) has
successfully predicted a weak El Nifio event with a non-
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classical type of El Nifio or a central Pacific El Nifio in
2019 (Bao et al., 2019).

The seasonal prediction used in this study initializes
on March 20 and predicts the following six months of
each year. Both a seasonal reforecast and a real-time sea-
sonal prediction are used. The reforecast covers the period
1981-2017, combined with real-time prediction from
2018 to 2020, with 24 ensemble members and 1° x 1°
global grid (Bao et al., 2019). Seven dominant meteoro-
logical fields influencing China—including the sea-level
pressure (SLP), the U and V wind fields at 850 hPa
(U850 and V850), the geopotential height at 500 hPa
(Z500), and the U and V wind fields and temperature at
200 hPa (U200, V200, and T200)—are chosen based on
previous research on the mechanisms of summer rainfall
in China (Gong and Ho, 2002; Shen et al., 2011; Zhu et
al., 2014) and seasonal prediction studies (Wang and
Zhu, 2001; Nan and Li, 2003; Fan, 2006; Yin and Wang,
2016). The ensemble mean for each variable is applied
before preprocessing.

The North American Multi-Model Ensemble (NMME)
hindcast and real-time monthly precipitation prediction
initializing on March 8 provided by the Climate Predic-
tion Center of the National Weather Service (Www.cpc.
ncep.noaa.gov/products/NMME/) are also applied for
comparison (Kirtman et al., 2014). The multimodel en-
semble mean is used for comparison. Table 1 briefly de-
scribes the selected models in the NMME.

2.2 Observational datasets

Rainfall datasets from 160 stations in China for
1981-2020 obtained from the China Meteorological Ad-
ministration (http://data.cma.cn) are used to feed the ma-
chine learning algorithm and evaluate the MLD results.
To evaluate the circulation prediction of the output from
the FGOALS model, the observational monthly mean
circulation (including SLP, U850, V850, 2500, U200,
V200, and T200) from the ECMWF Re-Analysis Interim
(ERA-Interim) dataset (Dee et al., 2011) (https://apps.
ecmwf.int/datasets/data/interim-full-moda/levtype=pl/)
are retrieved for 1981-2018. To evaluate the precipita-
tion prediction of FGOALS model output, the monthly
mean global rainfall is obtained from the Global Precipit-
ation Climatology Project (GPCP) Version 2.3 com-
bined precipitation dataset (Adler et al., 2003) provided
by the Physical Sciences Division of the Earth System
Research Laboratory of the NOAA Office of Oceanic
and Atmospheric Research (ftp://ftp.cdc.noaa.gov/Data-
sets/gpcp/precip.mon.mean.nc).

2.3 Machine learning methods

We used three nonparametric machine learning meth-
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Table 1. Descriptions of the NMME models used in this study

Model name Institution No. of ensemble members Period
CMC1-CanCM3 Canada’s Centre for Climate Modeling and Analysis 10 1982-2009
CMC2-CanCM4 Canada’s Centre for Climate Modeling and Analysis 10 1982-2009
COLA-RSMAS-CCSM3 National Center for Atmospheric Research 10 1982-2009
COLA-RSMAS-CCSM4 National Center for Atmospheric Research 24 1982-2009
GFDL-CM2p1-aer04 NOAA'’s Geophysical Fluid Dynamics Laboratory 10 1982-2009
GFDL-CM2p5-FLOR-A06 NOAA’s Geophysical Fluid Dynamics Laboratory 12 1982-2009
GFDL-CM2p5-FLOR-BO1 NOAA'’s Geophysical Fluid Dynamics Laboratory 12 1982-2009
NCEP-CFSv2 NOAA’s National Centers for Environmental Prediction 24 1982-2009
CMCI1-CanCM3 Canada’s Centre for Climate Modeling and Analysis 10 2012-2020
CMC2-CanCM4 Canada’s Centre for Climate Modeling and Analysis 10 2012-2020
GFDL-CM2.1 NOAA’s Geophysical Fluid Dynamics Laboratory 10 2011-2020
GFDL-CM2p5-FLOR-A06 NOAA’s Geophysical Fluid Dynamics Laboratory 12 2014-2020
GFDL-CM2p5-FLOR-B01 NOAA'’s Geophysical Fluid Dynamics Laboratory 12 2014-2020
NASA-GEOS5v2 NASA'’s Goddard Space Flight Center 11 2018-2020
NCAR-CCSM4 National Center for Atmospheric Research 10 2014-2020
NCEP-CFSv2 NOAA'’s National Centers for Environmental Prediction 32 2011-2020

ods: epsilon-sensitive support vector regression (SVR;
Drucker et al., 1996), random forest regression (RF;
Breiman, 2001; Liaw and Wiener, 2002), and gradient
boosting regression trees (GBRT; Friedman, 2001,
2002). SVR is often used for machine learning projects
with high dimension input features. RF and GBRT are
the two most frequently used decision tree based ma-
chine learning algorithms and feature the bagging and
boosting of regression (decision) trees, respectively. The
three methods are implemented in Python’s machine
learning library Scikit-learn (Pedregosa et al., 2011). Ta-
ble 2 lists the major hyperparameters considered.
2.3.1 Preprocessing and input features

Before building machine learning models, both the in-
put features (i.e., the dynamical model output) and the
original regression target (i.e., the summer precipitation
anomaly) are preprocessed. Global gridded circulation
fields are used instead of manually selecting the specific
domain for each circulation variable. Before inputting the
circulation data in the machine learning models, the out-
put circulation variables of FGOALS are preprocessed to
reduce overfitting and to improve the speed of training.
First, the grid size of the circulation field is interpolated

from 384 x 192 to 60 x 31 using bilinear interpolation.
This decreases the number of input features from 73,728
to 1860 for every variable. The field data are then stand-
ardized by removing the mean of all grids between 1981
and 2010 and scaling to unit variance for each variable.
The values of the circulation variables in all the grids are
then flattened to vectors, such that each original grid be-
comes an input feature in the machine learning method.
2.3.2  Original regression target and grid search

Based on the June—July—August mean precipitation
anomaly from 1981 to 2010, empirical orthogonal func-
tions (EOF) analysis is used to extract the leading domin-
ant pattern modes (Figs. 1a—c) of the rainfall anomaly in
China. Given the leading pattern modes and correspond-
ing principal components, the precipitation anomaly can
be estimated by accumulating the product of the pattern
modes and the corresponding principal components. The
regression of the precipitation anomaly of 160 stations
can be approximately transformed into the regression of
the leading principal components. Figure 1d shows the
spatial percentage variance distribution of the reconstruc-
ted rainfall anomaly from the first three EOF modes
against the total variance. The result shows that the first

Table 2. Hyperparameters considered in SVR, RF, and GBRT machine learning methods

Machine learning method

Major hyperparameter

SVR

Kernel (radial based function, sigmoid, polynomial, linear)

C (penalty parameter)
¢ (& in the e-SVR model)

Gamma (kernel coefficient, exclude polynomial kernel) or degree (for polynomial kernel only)

RF

Number of estimators
Maximum depth of tree

Minimum number of samples required to split an internal node
Minimum number of samples required to be at a leaf node
Number of features to consider when looking for the best split

GBRT

Learning rate
Maximum depth of tree

Minimum number of samples required to split an internal node
Minimum number of samples required to be at a leaf node
Number of features to consider when looking for the best split
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(a) EOF modes mm (b) mm
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Fig. 1. (a—c) First three EOF modes using the 1981-2010 summer rainfall anomaly with observational rainfall from 160 China Meteorological

Administration stations. (d) Spatial percentage variance of the reconstructed rainfall anomaly from the first three EOF modes against the total

variance.

three EOF modes can explain a large fraction of the vari-
ance over the mid-to-lower reaches of the Yangtze River
basin and southern China, which account for more than
60% of the variance.

In machine learning, hyperparameters are a group of
model configurations or parameters that need to be pre-
set before learning begins. Overfitting is often used to
describe an analysis that fits too closely with a particular
set of data, but is unable to fit additional data or predict
future observations. To examine the fitting and overfit-
ting of machine learning models, a single dataset is often
split into a training set and a testing set. The training set
is used to fit the model and the testing set is used to ex-
amine the skill of that model with unknown data.

To reach the best fitting and the least overfitting pos-
sible, we intentionally choose the optimum combina-
tions of the gridded circulation variables and the corres-
ponding hyperparameters for each machine learning
method. A grid search that simply exhausts all possible
combinations of hyperparameter options is applied for
this optimum selection (Bergstra et al., 2011). During
each search, we apply six-fold cross-validation (Picard
and Cook, 1984; Zeng et al., 2011) and use the associ-

ated R? scores (Colin Cameron and Windmeijer, 1997) to
calculate both the training set and the testing set in the
search:

2
¥ (Oi - Pi)
R=1-—=,
X7 (Oi - 0)
where O; represents the observational value in year i, P;
is the predicted value in year i and » is the total number
of years; O is the multiyear averaged observation; and R
is a general metric for the goodness-of-fit that varies
from —oo to 1 and a larger R means a better fit (R =1 if
the prediction is perfectly fitted; R> = 0 if the prediction
is the climatology).
2.3.3  Validation

Using the optimum combination of circulation vari-
ables/hyperparameters, the MLD seasonal prediction is
validated for the independent prediction of individual
years from 2011 to 2020. The independent prediction
contains no future information. In this instance, we use
the temporal correlation coefficient (TCC) to validate the
prediction performance of the principal components. The
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ensemble mean of the MLDs refers to the ensemble mean
of the MLD-predicted principal components. Because the
final prediction target is the pattern of rainfall anomalies
against the climatology (1981-2010), we eventually re-
construct the rainfall anomaly distribution using the ob-
served dominant EOF spatial patterns and the MLD-pre-
dicted principal components. We use the pattern correla-
tion coefficient (PCC; sometimes called the anomaly cor-
relation coefficient) and root mean square error (RMSE)
to validate the final prediction performance of the MLD
for the rainfall anomaly of 160 stations.

3. Results

To improve the computational efficiency, the first
three dominant EOF modes of rainfall in China, which
can account for 40.1% of the total variance (Figs. 1a—c),
are extracted for machine learning regression. According
to previous studies (Pang et al., 2014; Xing et al., 2016),
the first three principal modes are physically related to
the dominant tropical ocean interannual variation and re-
main stable regardless of the selected years. Further sens-
itivity tests for the number of leading EOF modes also
show that the three leading EOF modes have best inde-
pendent skills (figure omitted).

3.1 Determination of the optimum hyperparameters and
circulation variables

We first need to determine the optimum hyperpara-
meters in each machine learning method. In this instance,
the optimum hyperparameters simultaneously produce
the best fit and least overfitting. The R* scores are ap-
plied as a measurement and are calculated for both the
training and testing sets of each principal component for
the three machine learning methods during the grid
search.

To select the optimum circulation variables, we first
select the five top realistic variables (i.e., SLP, U850,
7500, U200, and T200) according to their dynamical pre-
diction skill (> 90% confidence level; Fig. 2). There are a
total of 31 combinations of these 5 circulation variables.
A grid search is then applied to examine all combina-
tions of these circulation variables. A six-fold cross-val-
idation is applied for each hyperparameter and circula-
tion variable.

Thirty-year data from 1981 to 2010 (the historical
cross-validation period) are used in each cross-validation.
Taking the first fold in the cross-validation as an ex-
ample, the first 25 years of data are used as the training
set to train a machine learning model and the remaining 5
years are used as the testing set. The machine learning
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0.56V

0.43V

0.32 031y
0.29V :
90% conf. level

Area averaged TCC
(=}
(8]
1

0.12
0.1 +

SLP

U850 V850 Z500 U200 V200 T200 PRECIP.

Fig. 2. TCC between the FGOALS model output and the observa-
tions for the dominant circulation variables and precipitation averaged
over China (0-55°N, 70°-160°E) during 1981-2018. The TCCs that
pass Student’s -test at the 90% confidence level are suffixed with the
symbol V.

model makes predictions on both the training and the
testing sets and R” is used to evaluate the model on both
sets to obtain the training and testing scores in this fold.
This process is applied six times until the data from each
year have been used in the testing set.

Figure 3 shows the mean training and testing R* scores
of the six folds for all combinations of hyperparameters
and circulation variables. R2 . and R are the R* scores
of the training and testing sets, respectively. To obtain a
better fit, RZ . and R2 need to be as large as possible.

train tes

To obtain less overfitting, AR? (i.e., RZ . —RZ ) needs to
be as small as possible. To satisfy the conditions of both
better fitting and less overfitting, the optimum results
chosen are when (R +RZ%,) reaches a maximum. The

criterion max(R% . +RZ

tain T Ries) 18 used to exclude some out-

liers that have a decent R2 e
result. The sensitivity experiments show that the results
of the criterion max(R2 . +RZ) with a simple R .
straint (e.g., Rfmin = 0.6) are similar to the criterion
max(RZ . +RZ,) for the RF and GBRT methods. The op-
timum selection of the most suitable circulation vari-
ables with the corresponding hyperparameters (not
listed), which are dependent on the different principal
components and machine learning methods, are there-
fore determined (Table 3).

Table 3 lists the optimal input variables obtained by
using this selection for each machine learning method
and Table 4 gives the TCC of each principal component
calculated for each machine learning method. The SVR
method uses 0.15 for PC1, 0.545 for PC2, and —0.11 for
PC3; the RF method uses 0.52 for PC1, 0.22 for PC2,

and 0.33 for PC3; and the GBRT uses 0.70 for PC1, 0.35

result, but a very poor R

con-
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Fig. 3. Mean training and testing scores of the six-fold cross-validation during the grid search with different hyperparameters and different cir-
culation variables (31 variable combinations for 5 selected variables) for the (a) SVR, (b) RF, and (¢) GBRT methods. There are 2745 hyperpara-
meter combinations for the SVR method and 25,000 combinations for the RF and GBRT methods for each combination of variables. The red
crosses represent the optimum combinations of variables with the corresponding selected hyperparameters.

Table 3. Selected optimum input variables from the FGOALS predic-

tion

Method PC1 PC2 PC3

SVR U850, T200 U850 U850,
T200

RF SLP, U850, U200 SLP, U850, Z500, U200

T200, U200
GBRT SLP, U850, SLP, U850, Z500 U850
T200, U200

for PC2, and 0.47 for PC3. Therefore, compared with the
other two machine learning methods, the GBRT method
gives the best fit for the historical cross-validation epoch.

3.2 Reconstruction of precipitation anomaly patterns
and validation

Using the selected dynamical circulation variables/op-
timum hyperparameters retrieved from the historical
cross-validation period (1981-2010), we first apply the
predicted principal components to reconstruct the precip-
itation anomaly pattern over China in the historical cross-
validation period (1981-2010) and validate the predic-
tion skill by PCC. We also use the optimum machine
learning models to independently predict individual years
from 2011 to 2020. The validations are carried out based
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Table 4. The TCCs for the three machine learning methods for each
principal component prediction during 1981-2010

Method PC1 PC2 PC3
SVR 0.15 0.55 —0.12
RF 0.52 0.22 0.33
GBRT 0.70 0.35 0.47

on the following three aspects: a parallel comparison
among the three machine learning methods and their en-
semble; comparison with the pure dynamical prediction
results including FGOALS-f2 (the dynamical model,
which the MLD is based on) and NMME; and comparison
between the results with and without the least overfitting.

Figure 4a shows that the idealized PCC is 0.56
between the reconstructed rainfall pattern using the first
three principal components and the observational total
rainfall pattern in the historical cross-validation period.
In this instance, “idealized” means that the prediction of
the first three principal components is perfect. Although
the three leading modes only account for 40.1% of the
total variance, the mean PCC of 0.56 is an acceptable
result.

Figures 4b—d show the prediction skills from the three
MLD methods. During the historical cross-validation
period (1981-2010), the average PCC is 0.10 for the
SVR, 0.18 for the RF method, and 0.33 for the GBRT
method. In the independent prediction years from 2011 to
2020, the average PCC is 0.06 for the SVR, 0.19 for the
RF method, and 0.19 for the GBRT method. Figure 4e
shows the prediction skill of the ensemble mean of the
RF and GBRT methods. The average PCC during the
historical cross-validation period (1981-2010) is 0.34
and the average PCC in the independent prediction years
from 2011 to 2020 is 0.20. The GBRT method therefore
shows the best performance among the three MLD meth-
ods in terms of the PCC metric, whereas the ensemble
mean of the RF and GBRT methods performs better than
any MLD alone.

We further compare the MLD methods with the pure
dynamical prediction skill, including both the FGOALS-
f2 ensemble mean and the NMME (Figs. 4f, g). The res-
ults show that the average prediction skill in FGOALS is
nearly —0.02 in the historical cross-validation period and
0.04 in the prediction period, which is much lower than
most MLD predictions in both periods. In terms of the in-
dependent years of 2011-2020, the skill of the ensemble
prediction of the RF and GBRT methods based on the
output of the FGOALS-f2 model [FGOALS + ens(RF +
GBRT)] is 400% higher than the FGOALS-f2 model dir-
ect prediction. The NMME averaged prediction skill is
0.01 for the hindcast years from 1982 to 2010 and 0.16
for the real-time forecast from 2012 to 2020, which is
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also considerably lower than the MLD prediction skill.
Although the PCC aims to measure the sign of the pre-
dicted rainfall anomaly, the RMSE measures the mag-
nitude biases of rainfall prediction. Table 5 shows that
the machine learning methods did not give a significant
improvement in the RMSE in either the historical cross-
validation period or the independent prediction period
compared with the ensemble mean of the original
FGOALS prediction.

4. Conclusions and discussion

To examine whether reducing the overfitting to the
largest extent possible is required for MLD, we compare
the results with and without considering overfitting. Two
groups of prediction schemes are selected for comparison.
Group 1 is selected with the consideration of better fit-
ting and less overfitting simultaneously, from which the
combination of variables and hyperparameters are selec-
ted for final MLD prediction (Table 3). Group 2 has bet-
ter fitting, but more serious overfitting than Group 1. In
this instance, the extent of fitting is measured by thrain,
where a larger thmin means a better fit, whereas the ex-
tent of overfitting is measured by AR? (i.e., R, —RZ%y),
where a larger AR? denotes more overfitting. The GBRT
method is taken as an example (Fig. 5). The training/fit-
ting of each principal component in Group 1 is worse
than that in Group 2, whereas the overfitting of each
principal component in Group 1 is better than that in
Group 2. Group 1 clearly has a higher cross-validation
prediction skill (measured by TCC) than Group 2 (i.e.,
0.70 vs. 0.08 in PC1, 0.35 vs. 0.20 in PC2, and 0.47 vs.
0.21 in PC3), which suggests that reducing overfitting
significantly improves the MLD prediction skill.

Does the dynamical prediction skill influence the
MLD prediction results in individual years? To investig-
ate this question, we evaluated the relationship of the
prediction skills between the MLD and its corresponding
dynamical circulation variable in 21 rolling 9-yr win-
dows. PC3 is taken as an example because it is depend-
ent on a single variable (Table 3). Figure 6 shows that the
epochs with better dynamical prediction usually have a

Table 5. Mean RMSE of the PCC for the historical cross-validation
(1981-2010) and independent prediction (2011-2020) periods

Method Mean RMSE of Mean RMSE of
1981-2010 2011-2020
FGOALS 152.7 154.7
FGOALS + SVR 145.0 156.9
FGOALS + RF 142.8 151.9
FGOALS + GBRT 138.2 153.5
FGOALS + ens(RF + GBRT) 139.1 151.9
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Fig. 4. PCC between (a) the reconstructed precipitation anomaly using the first three observational principal components, (b—d) the reconstruc-
ted precipitation anomaly using three types of MLD-predicted principal components, (¢) the ensemble of the RF and GBRT methods, (f) the
FGOALS ensemble precipitation prediction, and (g) the NMME ensemble precipitation prediction and the observed summer precipitation anom-
aly in China. The horizontal solid green lines denote the 90% confidence level and the dashed green lines separate the historical cross-validation

period (1981-2010) and the independent prediction period (2011-2020).

higher MLD prediction skill, which indicates that the
MLD method largely depends on the dynamical predic-
tion performance. Therefore, developing state-of-the-art
dynamical prediction is a prerequisite for MLD predic-
tions.

We developed a method for the seasonal prediction of

summer rainfall in China based on machine learning and
a dynamical model. Three types of nonparametric ma-
chine learning method are examined. We chose the op-
timum hyperparameters for each machine learning method
to reach the best fit and the least overfitting after a grid
search. We also chose the dynamical circulation fields
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Fig. 5. (a) Scatter diagrams of the FGOALS + GBRT predicted principal components and the observed principal components with the contrast-
ing hyperparameters of Groups 1 (G1) and 2 (G2). (b) Bar charts of the prediction skill (TCC) in the historical cross-validation period for the first

three principal components in G1 and G2.
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Fig. 6. Scatter diagram representing the relationship between the pre-
diction skill (measured by TCC) of the MLD-predicted principal com-
ponent (PC3) and the dynamical prediction skill of the dependent vari-
able (U850; measured by the multiyear mean PCC). The rolling win-
dow is 9 yr, and the total number of rolling windows is 21.

with a higher prediction skill for MLD. The GBRT method
showed the best performance among the three MLD
methods. The ensemble means of the random forest and
GBRT methods performed better than any MLD alone
and showed the best prediction skill for the prediction of
summer rainfall in both the historical cross-validation
period (1981-2010) and 10-yr independent predictions
(2011-2020). This study indicates that MLD could be an
efficient method to improve the current dynamical pre-
diction of summer rainfall in China and the combination
of several efficient MLD methods could give a better
performance in the correction of dynamical prediction.
This study also emphasizes that reducing overfitting and
using a “best” dynamical model are essential precondi-
tions for MLD.

Several unsolved issues still need to be clarified. The
improvement here primarily refers to the sign of the rain-
fall anomaly and further correction for the biases in rain-
fall intensity will be investigated in future work. Al-
though physical relationships between some selected
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variables and summer rainfall are clearly stated in previ-
ous papers (e.g., Z500 used for PC2 prediction; Tao and
Xu, 1962; Zhou et al., 2009), the physical linkage
between the statistically selected optimum circulation
variables and rainfall in China still needs investigation.
This study only used three machine learning methods and
other potential machine learning methods will be ex-
amined in the future.
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