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Abstract: Background, aim, and scope Predicting future climate changes is one of the most important scientific
questions in the research field of global change. Precise and reliable prediction results can enable us to plan
ahead and minimize the impacts of drought and flood disasters on social and economic developments. However,
the establishment of prediction models is both necessary and difficult to achieve. Furthermore, owing to the
current unstable climate, the requirement for the accuracy of such models has increased. Hence, this study
addresses the problems that conventional methods cannot effectively predict in long-term time series, which in
turn can be significant for the prediction of periodic series. Materials and methods In this study, a model based
on the singular spectrum analysis (SSA)-XGBoost method was developed by incorporating the precipitation
records over the past 270 years (AD 1773—2004) that were reconstructed on the basis of the stalagmite 5'°O
content in southern Thailand. After detrending the original data, the oscillation components of the past data
(AD 1773—1964) were extracted through SSA for determining the optimal harmonic number of the data and
for reconstructing accurate periodic signal components. Subsequently, subtracting the periodic signal from the
detrended original data produced a random signal, which was predicted by employing the XGBoost framework
for obtaining a forecast sequence. The final forecast results (AD 1965—2004) were obtained by superimposing
the obtained sequence and the periodic signal extension results. Results The obtained results indicate that the
proposed model based on the SSA-XGBoost method performs very well while predicting the test date. The
proposed model’s mean absolute error (MAE) and root mean squared error (RMSE) values are found to be 0.1334
and 0.1678, respectively. Furthermore, the value of R-square (R’) is found to be 0.536. Discussion In general,
the proposed model has revealed satisfactory performance for the predictions of precipitation. Apart from the
machine learning frameworks, XGBoost and LightGBM, conventional models such as ARIMA and SSA-ARIMA
were employed for predicting the data to demonstrate the advantages of the proposed model. It is observed that
each model provides unique features while predicting the final results. Conclusions Compared to the prediction
results of the other four models (XGBoost, ARIMA, SSA-ARIMA, and LightGBM), the prediction result of the
proposed model is closest to the real value. Both the MAE and RMSE of the SSA-XGBoost method are lowest
in value, and the value of R” is closest to 1, which indicates that the proposed model based on the SSA-XGBoost
method has relatively higher precision and stability. Recommendations and perspectives This study serves as an
important directive for future studies on predicting precipitation changes in southern Thailand and other tropical
regions, and it also provides a reference for future research on predicting long-term time series.

Key words: precipitation change trend; prediction; machine learning; XGBoost Model; Singular Spectrum

Analysis (SSA)
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! The value of periodic function in # years.
; R BRECRIIG{E, AL —11.0543,
0 Initial value of periodic function, the value is —11.0543.
b AN I A0 7 ) TE AR 5% RS FR AR
K The coefficients of the sine and cosine functions corresponding to different numbers of harmonics.
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JEIH R AR, S T 07 22 STRAE T 0.85 21K £ AL
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N MK FPA IR, ety 232,

Length of precipitation series, the value is 232.
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Tab.3 The parameters value of XGBoost model
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Tab.4 Evaluation results of each model

it f8Fr  Norm
Model MAE RMSE R’
SSA-XGBoost 0.1334 0.1687 0.5048
XGBoost 0.2007 0.2520 —0.0360
ARIMA 0.2029 0.2632 -0.2063
SSA-ARIMA 0.1768 0.2224 0.1393
LightGBM 0.3081 0.3641 -1.3079
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Tab.5 Evaluation inde

BN FE bR . ey
e AR X
The evaluate criteria .
Formula Meaning
of model
A 1 HEE S EEHZ B AP 401828, MAE BHEGT 0, FOABER
(xR ) MAE:?Z} ‘x,—x,,‘ The mean absolute error between true value and prediction value. The
A closer the value MAE is to 0, the better the prediction effect.
RMSE o [T HAE S LI EZ B ARIR2E, MSE 5T 0, BAUHGfE .
(HRRE ) RMSE= 7; ()q—xp)2 The root mean square error between true value and prediction value. The
w closer the value RMSE is to 0, the better the prediction effect.
e RSS 2 (xx) A 5 S R T LR ROE R, RIEE 1, MBI
X Y == =17 _ The R-square between independent and dependent variables. The closer the
(M RE) T8S Sy 5 P P

value R’ is to 1, the better the prediction effect.

X FRIEFFN M SAE, x, R E P TEIE, xR EFIIEIE, n FRmR PR

x;: the true value of time series, x,: the forecast of time series, x : the average of the time series, n: the length of time series.
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