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Tab.1 Feature importance of the prediction results of GBDT revised model and evaluation of the revised results of GBDT

revised model

(59 BATLM  ERT2M HEEI3M JEE4M EEISM ERIeM  HEEI7TM HEISM  HAETOM
shhEA4F  ECMWEF 0.302 0.639 0.602 — — — — — —
HE T E IMA 0.067 0.228 0.258 0.572 0.509 — — — —
NASA
0.038 0.004 0.010 0.000 0.072 0.216 0.225 — —
GMAO
NCEP
s 0.530 0.011 0.025 0.217 0.115 0.228 0.366 — —
LDEO 0.011 0.011 0.000 0.000 0.033 0.033 0.105 — —
KMA
SNU 0.002 0.017 0.000 0.000 0.046 0.070 0.002 0.193 0.211
SRy CPC
T MRKOV 0.029 0.062 0.064 0.067 0.068 0.148 0.144 0.307 0.309
CPCCA 0.017 0.021 0.001 0.099 0.095 0.289 0.158 0.377 0.408
csu
0.002 0.006 0.039 0.045 0.062 0.016 0.000 0.122 0.071
CLIPR
PN PR r 0.960 0.916 0.896 0.805 0.778 0.550 0.608 0.420 0.581
RMSE 0.205 0.300 0.308 0.454 0.536 0.550 0.539 0.626 0.548
MAE 0.166 0.236 0.251 0.387 0.461 0.419 0.453 0.466 0.424

BN FETE A [R5 BT 6~9 M AR FI5E FE
SRR R 22 3K PR A (B B B W A /. B
M5, G 00 B 250 3G 00, AR 57 i J= 7 3 7
K, 5 A 25 A R B

GBDT A (I T IEZ5 SPEAG W35 L s . M AT
1~3 MM rE 0.9 2247, i8HT 4~5 MTE0.8 247, MEHT
6~7 A AT 9 M 2l 0.550~0.581; #Hij 1 M i RMSE
}30.205, # T 2~3 M AE0.3 £ 47, #8114 M 4 0.454,
HEHT5~9 M 4 0.5~0.6; HHi 1~3 M 1) MAE7E 0.2
LA EBRT 4~9 MAE 0.4 24

3.2 EF XGBoost &£ B ENSO & & = Fin il 45 B
ITIEHEE

H T XGBoost [ 1T 1F 452 74 r 25 45 2 285 JLRFAE
FEE T (WL 2) AT 1~2 M A sl #5521
S UV R F B = T AR BT 3~9 MY
geitiam T i,

M\ XGBoost #  [1) 1T 1F 2% 5 s} 1] 7 51 1] m] LA
F (WK 2) , BT 1~3 M AR RIS B 5 hR 2 (E
FEAR— 3 HEAT 4~5 M A7 FH5i B 55 hR 2 (H e 2

BN AR HUA TR BT 6~9 M 1 AR {57 F158 B2
SRR A 22 K, AR R B B AR /N, A
T 5, Bl 5 Y00 1 B 2550 A 384, 47 ¥ s 7 3 32 i
K, DR JEE 114 g 25 R K
XGBoost A 1T IE L5 RV ang 2 s . 8
i 1~3 MY r £ 0.9 2247 , #iH 4~5 MAE 0.8 &£ 47,
BT 6~7 Mk 0.6 Lk L, 8T 8~9 MFE 0.547 L) I
EERT 1 M RMSE 7 0.248, # Hij 3~5 M 4 0.3~0.4,
HEHT5~9 M2l 0.5~0.6; Hifi 1~4 M MAE{£0.2~
0.3, 774 M }y0.308, 7] 5~9 M 4 0.408~0.451,

3.3 EFIlightGBM & XA ENSO S Fiil 45 R
JTIEHEEY

H£T lightGBM [ 1T TEAR 2 25 A 45 SR A1
HEAETT I (WL 3) AT 1~2 M A AT 6 M (193]
JIASE T 25 SR Yy R AR T B e Tt
Hii 3~5 M AT 7~9 M Y GE A T3l R,

M lightGBM #54 B Y T 1 45 S [ 7 51 [ ] LA
A (WA 3) , HEHT 1~3 M AR SR B 5 b5 2 H
FEAR— B0 BT 4~T7 M BOAH AL N8 BE -5 525 (i 22
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Tab.2 Feature importance of the prediction results of XGBoost revised model and evaluation of the revised results of
XGBoost revised model
B HETIM  EET2M O HEAT3M HAETAM HAETEM HATeM  HAT7TM  HAT8 M HRETOM
s ECMWE 0.593 0.168 0.165 — — — — — —
HEFZEE IMA 0.008 0.342 0.154 0.235 0.302 — — — —
NASA 0.034 0.118 0.099 0.137 0.154 0.244 0.229 — —
GMAO
NCEP 0.260 0.015 0.086 0.217 0.194 0.187 0.234 — —
CFS
LDEO 0.037 0.022 0.071 0.039 0.049 0.074 0.131 — —
KMA 0.006 0.074 0.010 0.036 0.036 0.043 0.065 0.185 0.215
SNU
guitiiRr CPC 0.042 0.069 0.124 0.137 0.099 0.146 0.129 0.302 0.329
fEFEZNE MRKOV
CPCCA 0.014 0.174 0.222 0.124 0.109 0.241 0.151 0.329 0.255
csu 0.006 0.018 0.070 0.075 0.057 0.065 0.061 0.183 0.200
CLIPR
WSS r 0.937 0.876 0.893 0.829 0.782 0.679 0.627 0.547 0.548
RMSE 0.248 0.404 0.297 0.373 0.413 0.535 0.541 0.581 0.577
MAE 0.202 0.330 0.243 0.299 0.308 0.408 0.432 0.432 0.451

< 3 lightGBMITIEEB KRN RFEEEM RITIELERITM
Tab.3 Feature importance of the prediction model results of lightGBM revised model and evaluation of the revised results
of lightGBM revised model

R HATLM  #ET2M EET3M #EaM HEisM o HEieM  EBETTM  #EET8M  EATOM
kL ECMWF 0.112 0.324 0.238 — — — — — —
HAFIE IMA 0.098 0.296 0.138 0.286 0.193 — — — —
HEME  NASA 0.119 0.056 0.063 0.163 0.298 0.161 0.183 — —

GMAO
NCEP 0.150 0.042 0.075 0.102 0.000 0.219 0.238 — —
CFS
LDEO 0.116 0.014 0.050 0.020 0.035 0.110 0.143 — —
KMA 0.087 0.028 0.050 0.041 0.070 0.142 0.063 0.167 0.200
SNU
BN CPC 0.099 0.155 0.213 0.143 0.175 0.077 0.127 0.333 0.300
XAFE MRKOV
BEAE CPCCA 0.121 0.042 0.088 0.143 0.123 0.187 0.135 0.500 0.500
Ccsu 0.099 0.042 0.088 0.102 0.105 0.103 0.111 0.000 0.000
CLIPR
PR r 0.955 0.901 0.884 0.803 0.608 0.699 0.632 0513 0.449
Eiztn RMSE 0.219 0.301 0.317 0.441 0.608 0.522 0.585 0.584 0.614
MAE 0.190 0.233 0.241 0.369 0.513 0.408 0.477 0.456 0.500
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BN AFAE I HUA [ 5 BRI 8~9 MY AH A, TR i
55 B I 25 A, A s 28 (L WG B 34 W AR /N HL
o BT Bl TR N A 1, AR i S R
JEE RTINS, 50 i 22U O BK

lightGBM R 1T IE 45 SR PFAL a3k 3R .
AI1~3 MM rfE0.9 A4y, Mifi4 Mik %] 0.8, HHj
5~7 M~ 0.6~0.7, #7i7 8~9 M~ 0.5 4 47 5 #HT 1~
3 MY RMSE [ r £.0.2~0.3, /i 4 M} 0.441 , i
5~9 M} 0.5~0.6; AT 1~3 M MAE 7£ 0.2 /£ £,
EEHT4 M 4 0.369, i1 5~9 M 4 0.4~0.5,

3.4 ETFTRFEZXHENSO SEA TN RITIEMRE

LT RF (W37 IE ALY rp 25 45 48 SEARAE 21
D7 T < BT 1~5 M AT RT 7 M 8 8l =X i 25
SR B i T AR, BT 6 M OFITEE T 8~
9 MG R T o i, BRI & AT 1~
3 M zh F A & T A B R 4~7 M sh
BN GE AR Y /i 8~9 M gl i #]
BAATEIHEA

M\ RF AL [ 1T 15 45 5 05 8] J3 81 [ AT DL

(ULIE 4) , BEHT 1~3 M R AR AR B S5 AR (il S A
— S0 BT 4~7 M R A AL N5 B 5 bR 2 (8 25 48
I AFEAE S AL G TR A5 B T 8~ 9 M A 6 A 5
TR0 25 80K, R 2 (6 R B B A8 /N o AR
M5, Bl TR B 0 388, AR AL s S5 R 3 32 7 n
TR, 5 R )l 2 AR G

RFFLRI A IT IE S5 RIPAE ik 4 FroR . MEET 1~
3MBYriE0.9 /24, HiHT4~5 MFE 0.8 &£ 4, # AT
6 M FlEE HT 8~9 M A 3k 3| 588 1) 0.6 ; 8 H 1~
3 M RMSE #0.2~0.3, {1 4~6 M FI#EF] 8~9 M
1£0.55 LU F 5 #8 R 1~3 M MAE 7£ 0.2 22 47 , L Hij
4~6 M HIHERT8~9 MTE0.46 LR .

ob A

RESHREERDT

A FP SRR BT I 45 R i ) e B B A T4
IS A5 184 T - 36 5 i AT T I AR R g A
SERA G R M, B A5 R P B 3
i [) 28 3 B T, i A ARR AR A0 {91 TR AS B 4 /S
X 2015 44 22 i A 1) M iR JE R Je v S, A bR 1t
BT IE 25 Sk ] 77 30 5 40tk FL 9 A B R

35 &

®4 RETEEBEXTNERHEEEZERITIES RTMG

Tab. 4 Feature importance of the prediction model results of RF revised model and evaluation of the revised results of

RF revised model

X HATLM  HAT2M HAI3M HEAT4AM EEI5SM HAT6M  HEAETTM  HEAT8M  HEETIM
Pl 5N ECMWF 0.371 0.674 0.659 — — — — — —
FEAE L E IMA 0.085 0.184 0.217 0.549 0.489 — — — —
NASA 0.012 0.028 0.015 0.070 0.109 0.245 0.219 — —
GMAO
NCEP 0.443 0.011 0.025 0.137 0.108 0.263 0.305 — —
CFS
LDEO 0.011 0.011 0.010 0.020 0.028 0.047 0.113 — —
KMA 0.007 0.010 0.011 0.020 0.029 0.030 0.038 0.050 0.050
SNU
GeiT A CPC 0.054 0.048 0.022 0.048 0.088 0.179 0.135 0.310 0.550
FHEEZM:  MRKOV
CPCCA 0.008 0.017 0.017 0.100 0.097 0.192 0.148 0.640 0.400
CcSsu 0.010 0.016 0.024 0.056 0.052 0.045 0.043 0.000 0.000
CLIPR
BRAEELD r 0.954 0.914 0.885 0.818 0.795 0.635 0.517 0.598 0.636
RMSE 0.215 0.293 0.328 0.533 0.549 0.523 0.646 0.533 0.513
MAE 0.179 0.237 0.268 0.451 0.456 0.399 0.524 0.394 0.428
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The application of machine learning in ENSO prediction consultation

LI Chentong

(National Marine Environmental Forecasting Center, Beijing 100081 China)

Abstract: Bansed on the concept of multi-model ensemble forecasting, this study establishes an intelligent
consultation system for multi-model intelligent consultation system of ENSO prediction using the interpretable
machine learning method named decision tree algorithm. The hyper parameters of four decision tree models of
GBDT based on Boosting, XGBoost, lightGBM and Random Forest (RF) based on Bagging are optimized and
adjusted by using two hyper parameter adjustment methods of random search cross-validation and grid search
cross-validation. The intelligent consultation system of multi-model ENSO prediction results is established
according to different prediction leading time, which makes integrated correction on the multi-model prediction
results and provides the feature importance of the prediction result of each model in the intelligent consultation
system. The intelligent consultation system simulates the consultation process of ENSO prediction, which realizes
the automation of the processes of reading the prediction results of each model, training the model, giving the
prediction conclusion and prediction basis and the visualization of the prediction results, and realizes the function
of intelligent parameter tuning. The intelligent consultation system collectively revises the multi-modal ENSO
prediction results. The results show that machine learning also has some advantages in the multi-modal result
consultation, which provide a reference for consultations of ENSO prediction in the future.

Key words: ENSO; interpretable machine learning; multi-model; intelligent consultation



