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Tab. 1 Comparison of results of 10 fold cross-validation
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Hy
mm Pl% Epyg/mm Eyymm  P/% Epyf/mm Ey,/mm

1 109 57 131 103 57 137 109
2 84 59 99 80 58 102 81
3 85 63 97 76 60 102 80
4 49 55 62 50 52 67 54
5 43 67 49 37 67 52 38
6 35 77 40 27 74 42 27
7 28 76 31 21 74 32 21
8 31 72 35 24 69 37 26
9 46 65 52 40 63 54 42
10 60 56 74 59 55 79 62
11 71 57 85 69 54 91 74
12 85 63 98 71 59 106 83

T 60.5 639 711 553 618  75.1 58.1

FI A% G AL AR AR Oy 7 FAR D 52 38 i SE T
Model-X Knockoff i B AL £ Ak J7 125, %t 2018—2020
AR B K HEAT B, 45 SR LR 20 2 B Oy kT
5—9 H AR K TSGR AL T, B4 A5 1 K
F 60%. RF+Knockoff J7 % (1) Fi Il A5 BY BRAE 3 H |
5 7.7 AW#A k& R8T RE Fikzoh, HaH
Uy K BN A 4R @ T RE ik, Hd, 6 AR
HRER IR, K8 T 84%., XTF 1—12 ARFEHE
&, RF+Knockoff 7% By BN Z5 5 ) 65.7%, RF J7
R TM 25 R 63.9% 0 Egys VAL Eya B2 B,
RF+Knockoff /¥ 1—12 A BHLE SR Z8UE
BERT RF ik,

ik — 4 B RF+Knockoff 7155 RF 7 it
i e A TN PR B 22 57, DA 54 TR R 3 A4S
AR, (A3 T3 A JL 58, PaALSE AR L)
IRUAE 1 Ay A KRAE 7 A A A5t 2 FhoJr vk e i



5 % FR Ko oy LA AR K B P AT O ik BB A

TE TN H 7o g 3 R 4 s, RF+Knockoff
J7 155 RF J7 32 Jr i 6 04 10 DXL~ 47 7 35 0 2 4
HEREK, XFFWRE 1 HORREK TR, A
Ui 5 RF+Knockoff Jr i ad g 7 AT A 7, HA
AR T 5 B VE RT-PE e b T AR AR B B N 4 6 H
B3 B VG KT I B e B AR 5 RF i @i
TE Y T B — 2, R S B R — B

RF-+Knockoff 77 2 ifi 15 1) F PR - B 4% A R
T Z A0, A E AR 12 A R K . B i A5 RF+
Knockoff 75 113 € Hi (1) 4 A~ F 75 RF J5 120
TE Y T P - YO — 3, Hoh RF J7 3 0 328 1) F0
B 3 2945 12 A OypR%K . C 3 4 RF+Knockoff
Jrikad ug s AN -, AR S AE 7 H AR i AR
WAEA B ECS RF 5k —20 HAam H -+ # A
S, Ho RF+Knockoff J5 2 fifi & 1) 7500 (R~ vp £,
AR 3 H AR IIREK

K2 2F77EX 2018—2020 £ AREATMLERALLE
Tab. 2 Comparison of precipitation prediction results from 2018 to 2020
by two methods

A RF + Knockoff RF
Pl%  Epy/mm EyJ/mm  Pl/% Ep/mm  Ey,/mm

1 57 118 103 51 126 110

2 64 103 84 60 108 87

3 59 84 74 62 90 80
4 54 56 50 49 59 53

5 66 44 38 70 46 39

6 84 26 24 81 24 21

7 71 22 20 75 21 18

8 73 33 27 70 34 27

9 79 37 31 75 40 33
10 57 71 62 57 76 65
11 57 80 70 55 85 73
12 67 79 69 62 85 74
T 657 62.8 543 63.9 66.2 56.7
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Tab. 3 Predictors of modelling selection in January of the following year at three sites by two methods
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Tab. 4 Predictors of modelling selection in July of the following year at three sites by two methods
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A random forest long-term precipitation prediction method
combined with multiple hypothesis testing and its application

LI Mengjie', LIU Kun', MOU Hailei’, YIN Zhaokai', LIU Zhiwu', WU Di’, LIANG Lili'
(1. Institude of Science and Technology, China Three Gorges Corporation, Beijing 101199, China;
2. China Three Gorges International Corporation, Beijing 101199, China )

Abstract: Long-term precipitation prediction refers to forecasting precipitation over a period of more than one
month. This is a crucial aspect of integrated water resources management. The accuracy of long-term precipitation
predictions is low due to various uncertainties. Traditional long-term precipitation prediction methods are mainly
divided into dynamical numerical methods and mathematical statistical methods. Dynamical numerical methods
simulate future weather conditions using sea-land thermodynamic models for precipitation prediction. This approach

has a clear physical mechanism, but the model calculations are complex. Data-driven mathematical-statistical
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methods simulate the correlation between precipitation and predictors from a statistical perspective to establish a
long-term prediction model. However, research on precipitation prediction based on mathematical statistical
methods mainly focuses on improving the model, with relatively little emphasis on how to select the predictors. In
fact, the predictors affect the accuracy of model predictions. Therefore, the focus and challenge of precipitation
prediction lie in selecting the necessary predictors for modeling from the relevant factors. Random forest, as a
flexible, efficient, and easy-to-use machine learning algorithm, has been widely used in hydrological prediction. The
random forest method calculates the importance scores of various related factors and then selects predictors for the
model based on empirical experience. This process can result in a certain error rate issue with the selected
predictors.

To address the issue of false discovery rate in the random forest algorithm when selecting key predictors, this
study employs the false discovery rate control method in multiple hypothesis testing to ensure quality control in
predictor selection. This transformation shifts variable selection from being experience-dependent to becoming data-
dependent. Finally, the random forest algorithm is used to construct a long-term precipitation prediction model by
integrating the selected precipitation predictors. Taking the upper basin of the Parana River in Brazil as the study
area, the precipitation from 54 measured rainfall stations and 130 climate system indices was analyzed. The
predictors influencing precipitation in the corresponding months of the following year were obtained using the
"Model-X Knockoff" method. A monthly precipitation prediction model is established based on the predictors that
influence the precipitation for the corresponding month of the following year. The top 5 predictors with the highest
importance scores are directly selected for random forest modeling using the traditional random forest method. The
validity of the proposed method is subsequently verified using 10-fold cross-validation and a test of the monthly
precipitation prediction results from 2018 to 2020.

The effect of 10-fold cross-validation for 54 rainfall stations shows that the model prediction pass rate of the
method introduced is higher than that of the traditional random forest method from January to December, with the
highest pass rate of 77% in June. The results of precipitation prediction from 2018 to 2020 indicate that our method
achieved an average pass rate of 66% from January to December, outperforming the traditional random forest
method, which scored 64%.

In summary, our research combines multiple hypothesis testing with predictor selection and quality control to
establish a long-term precipitation prediction model, which differs from the traditional random forest method. This
model exhibits a higher prediction pass rate and improved stability, suggesting that this approach can serve as an

effective tool for long-term precipitation prediction in a basin.

Key words: random forest; long-term precipitation prediction; predictor selection; quality control; multiple

hypothesis testing
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