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Abstract  Soybean is one of the world's four major grain crops and the most
important source of vegetable oil and protein. China, as the world's fourth-largest
soybean producer and largest consumer, relies heavily on Northeast China for
domestic production, which accounts for approximately half of the national output.
The interannual variability of soybean yield in Northeast China is primarily driven by
meteorological factors. Its accurate prediction is crucial for food security and market
stability. Previous statistical prediction studies have been limited to local areas or
single provinces and have only provided fitting skills or short-term (<5 years)
prediction skills. To address these limitations, this study developed prediction models
for interannual soybean yield variations at the provincial scale in Northeast China
during 1981-2018 using six machine learning methods (ridge regression, Lasso
regression, support vector regression, K-nearest neighbors regression, decision tree
regression, and random forest) based on meteorological factors, with their
cross-validation performance evaluated and compared. The main findings are: (1)
Ridge regression showed the best overall performance among the six methods, with
cross-validation correlation coefficients reaching 0.48 (P<0.01), 0.58 (P<0.001), and
0.72 (P<0.001) in Heilongjiang, Jilin, and Liaoning provinces, respectively; (2)
Compared to stepwise linear regression, ridge regression demonstrated superior
performance in a correlation coefficient (R) and root mean square error (RMSE), with
slightly lower accuracy only in amplitude prediction for Jilin and Liaoning provinces;
(3) Predictor selection and sample augmentation generally improved the
cross-validation prediction skills of machine learning models; (4) The critical
meteorological impact window concentrated in the flowering and pod-setting period
(July-August), during which the positive effects of temperature, precipitation, and
sunshine duration significantly enhanced final yields through promoting pod

formation, grain development, and photosynthesis. These findings provide scientific



support for soybean yield prediction and agricultural risk management in Northeast
China.
Key Words Soybean yield prediction, Machine learning, Meteorological factors,

Northeast China, Interannual variability
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TRk IEAEERR (FAO,2015) o “FHMHIE & =IT. Falil. T =KF
J5R 3%y Bt TR R BT R R A A B v R K 2 3 7 X (e N RS L A
AATS, 2021)

1980 442 2018 4 [H], BT FH AL T =44 K G FE AR 737 280
JIAH 40 3B 30 J3 Ak, J3 il 4 R SR E T AR Y 33.9%. 4.9% A
3.1% (PEEZRG)R, 2024) o K EAE 32 AL 7R RORTT G EHIX S 75 AR
s (B 1D o ERAE, =R RE RS 85 460 JiNEL 80 JI AN
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RS Byl 4 LS ™ 1 35.0% 6.2% 711 3.0%

KO

20000
48°N -

15000
40°N -

10000

32°N
24°N - 5000
16°N - Lo

75°E 90°E 105°E 120°E 135°E
BT ZRAEHDXOR SRR AR )2 (8] 0 A (R A0 , Hd Hy T L 3 AR B I .
HHRBEAL T (FERSRIE: MIRCA2000 %4 4, Portmann et al., 2010) .
Figure 1  Spatial distribution of soybean planting area in Northeast China (Unit: hectares (ha)).

H, J, and L denote Heilongjiang, Jilin, and Liaoning Provinces, respectively. This spatial

distribution data is derived from the MIRCA2000 dataset (Portmann et al., 2010).
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FEARN LM EAE 7T, 1980~2018 AR IL. H AL 7 =H ME R K G H
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FNESY (PERELERER RS, 2021; REEZRS TR, 2024) . KEH
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A% (Portmann et al., 2010) .
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FKHAEKT (MR AR EdER T 5.
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AW FCRFAVEATEE (2007) $2 H AR PRI B4R BUK G B 0 E ARl 1t
BARGIERIEE GERRA) NEETHEN S SN B2 %E:
AYield (t) = Yield (t) - Yield (t—1) (D

o Yield (t) NE t FHIKEF &, AYield (f) NG t FHIKE=BERE &,

FIRE 7t T B A B S 1 5 HiE 3h PR MR T 14
BRAA o X P B TR IO bRk 3l A ol E KB SRR AR
A, A B TR TS 5, Sl B ASABAN R S H (9] 41, Fan and Wang, 2009;
Fan et al, 2012; o n] F1H 3%, 2013; JE0]4E, 2016).

232 “B—K" XXWIE

AHIFFE R« BR—3k” 28 I A S AR R AN VPG TN AR B (Stone, 1974; 2=
75,2008; Yates et al., 2022) o HAKIMGF, XFF i 8] 7 51 o RSB @ (=1,
2, ..., ND , FRATARZR HARE0y i FE AR TR ISR, s AR N-1 MFEfy
) 50 BB A S UMY, DATSEN AR ARGy o H THLER 22 2 T AT SRRk £
ANARE, MR JEUT IR SE T AT — 80 AR N-1 DMER IR A —
LN 80% VI ZREE RN 20% KB E4E, AR S0 IE 58 005 7900 1) 5 K
H R RECAFFEE PR S B & ERRUGERT, A8 R IZRER I8 DL R SR TE
SRR B SHA G @B UG CHFR R EERRND o Wil e
MEARKE FIERPATX — R, RAREIAE N ADNER ML H SR . B
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AR SR TR B T F A 7 A0 R AR
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DTN )
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FATTRA T T LI PRI 4 O 72 EEAEL Cstdpred/stdobs, 5 SCIEN rea) PEAL T
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i=1

~AAFMRRERE XA (2) o Hraa KT 1R, SEEBISAS CEE, DT
T S BRAGA o = raa BEUT T 1 I, R RIS 7Y 5 ME A SR B 91 S B AR AL 1

FA LR ITARIRZE (RMSED) X TR -5 UL AR ) — B E AT 255 DAl -
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RMSE = J%Z(ypred,i_yobs,i)z (4)

ANAPHARREE LFER (2) o iZfEbr i 5 & WNAE 5 UL R A AR 2 DL S B2 A
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2.3.4 NEBEFIHE
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BEALEIE KRR S BT SREHLARMR . Horp, IR [EIUA . Lasso [
FELE (Bl VA SE Al b AT SAoaE A IR WA 5925, SCRF R EEHLAEBS B H ik A% ek R Y
P B2 B AR L A [N AR, KRBT . PSRN AR PRI 655 1R 791 4
PP AR LAESC R o BUR XS RANMOITIEBAT 20 I 41, FEAE IR a9 4R SN Y
LR PO B REAT (DR T BRI A B AL EE

1 HBEINRESH IR

Table 1 Key parameters and physical interpretations of machine learning models.

J7i% SR SRS B {H 536 Bl
0 151y Lo 1A T3 A 10°10~10'0
Lasso [A]1H Ly 1E 04k 35 A 10710~1010
1 PR AL kernel “linear” “poly”. “rbf”
SCRFIAEAL IR C 10~10*
IS Vi) o iy 5 i € “scale”s “auto”
Z A% IR T degree 2. 3 (RfEEZ o)
BRI AT R k 1~10
I QURMEVE FEE & distance_metrics “euclidean”, "minkowski”,
“manhattan”, “chebyshev”
HUE PR weights “uniform”, “distance”
BRIRBE max_depth 1~30
RS =] )5 = UN =N min_samples_split 2~10
/D EA 5L min_samples_leaf 1~10
iR e n_estimators 10, 20, 50, 100, 200
BN . HEi‘j(‘iﬁT%)% ‘, | max_depth | None, 10, 20, 30
B/ INFEAR 3 EIEL min_samples_split 2,5,10
B/ INEEAC 5 min_samples_leaf 1,2,5,10

2.3.4.1 I&EY3

W 0] YA o0 2 B AR A e i ) P [ it Dy 92, Hal A H b ek Kb 5
A Ly IEMAET CRECT TS0 SRIHEARE . HAreR HUE M-

Hrb,y, R i MEARR

n

min {Z

Bo.B;

i=l1

(yi_ﬂo_iﬁox;]+’lilgf} (5)

TR

MM G=1,2,...,n) , B, NIEALEFET,

B, R jAAKZHETIEARE G=1,2,..,p) » x, FmH i MRERRIEE j A

ZETHE, n AR, p WRRETH. A (5) PR IO IR Z T,
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S I0N Ly iEMAETE, MO IENMERE S, =0 GR 1) o« AR EEET
AESCHGAELE 10719~10"0 Y[ Py EL 1091 g la) B B R g, DO RlE (Al
REPHABE LR SEE QG DEIgS RN M. %57k %O
DAL T 5 2 RBOEAT MG K i AE A2 & 5% (Hoerl and Kennard, 1970) ,
WEREI ] 2 EALEANE T, SCal R P R A7 14 B ok Can AN FR)ZE 5 iR
M RERI AT REXHV R P A AEIRAE RO ), B R BR ZHFIEE R

2.3.4.2 Lasso @3

Lasso (Least Absolute Shrinkage and Selection Operator) [AJHi#1d 5] A Ly 1E
AT (REAERE Z AET D SCIRHIELE S, HH RN :

min{Z(J’i_ﬁo_Z_}ﬁox;}L’lZ_; } (6)

A=
HAARERE LS~ (5) PHREE X 8. 21X (6) TS TN TR
ZEW, W08 L RN, FAE AR S HO. (W =0) il 58 XRHIER E (R
1, ZHHUEE B K RIS S0 R —80 PR v om . A KIN T 2 &%
B i 4 2 A ARG A, /N IR U S M B 2 (BT U . AR T Bl U 3
R4, Lasso [B] U385 LA 20 AR AN B AR ) R AORG k45 22 % (Tibshiran,
1996) , Fenlid T AL B S 4E I R Al (i s AR R E) PRITUR
RFEG %, A PRSI TR 52 24k J5E 1) [ B 8 5 ] A e 12

B

2.3.4.3 ZFmEEHLEYT

SRR ) EEAL B V3R T 2 SRR e /M SR, 388 i A% R UK B s B
I AR IR LR e R . H H AR N

. 1 2 ! ,
m1n{§||ﬁ|| +C2(é+é )} )

Horp S — ISR R AR, 5 IO e - ANBUBCT AN IR ZE R ST I (5 RE 2¢ 1)
EFEH AATHRZE, 8¢ & A B FARMIRZE)  CRmEVE @Y
FIN & -ANEUBCHT , AU VR AE TRIRG M A I REAS i N8 51, Mham TR A As e vk . %
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BRECEAL (£ “linear” I3 “poly” HiAR[AIFE “rbf” ) ¥ FFAL 2 1A ()
st 75, 2GRN L (degree) I RN A R B S5 B HH
A8 H N o JE 5T R EL C 45 BRI GRS : C (B BRI 1 ) T 4
GG WA S CAEEINS 3G 98 A0 P (H AT e S SR RRAE o ASHHF FE R FHAE X
BAFRAAZ R B AL, C KeAE (HESHNEENE D , @idid i kFm
B A T T, E A0 ) O N 75 4 ] B DR B S R A1 s e
W T AR . PSRRI T AR A AR

2.3.4.4 K ja4REY3
K 2R R & —Fh 3 T R AR E I AES H05 7%, s 2 UG E+H S B ir
FEAS B AT ) K AN 5, CAIE sl = Oy sl e, HAZ O A AN
|
y=== Zyi

K ieito (8)

Hrf, N () FR HREEARR K AN BOEAR. SR E N (K .
JEEFZ & (distance_metrics, HUE NBKIKFE S “euclidean” X ] % M 2 g 55
“minkowski” . Z MR “manhattan” (Y] LT KRR “chebyshev” ) FIL
HPREL (weights, & AME “uniform” B¢ LN “distance” ) , XEESEL)
B MCHUE A A 2 IR E (R 1)« sIEAR RN K FHIEB A PERE R
M2 3. KRG Pl RERHE (RED , Kk /Mt s ok s .
P 8 P B FRCER bR 5O (R 7 SC“ARABIEE 7 TSR, 30— 25 R AR TR f TR
M TSR, KR A6 B U AR R IA 50 R, 1 2 R 2 A4 5 1)
R R R BEAT TN, 33 FH T /NS A JR) B ARFALE S 25 RO A e e, R R AR R
RECFIME 75 50K (Fix and Hodges, 1951)

2.3.4.5 REREYT

R [ V38 3 328 VI RF Ik o TR S IR EE A, REARFAIE 2 18] Rl D 22 A1 X3
(50D 5 FFBAXI AR N TR . e A ol Boise M7 XN IO
AT 22
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min{Z(yrZ)Z+ Z(y,--ﬁ)z} (9

ot RRT R NG A A T8, y, By, NKIRIE . S8 S 3 i)
BRIRPE (max_depth) « fR/MEASFEIR (min_samples_split) i /IMEA £
(min_samples_leaf) (£ 1) , Hdlid =2 XIEFAT S HA G . MHET1%
BRI, PR T0 R BAR bR AL H A BRI, 38 T b SR R Clan
WREE S FEKBUED 5= 8 [ BR AR MO0 &, H el E s ] 3 R B2 LABI 1E
RN Sy BT R B # A (Breiman et al., 1984)

2.3.4.6 BEHLFRK

BEATLAR AR B e 1k B il 22 BRSO IR TR0 25 5 CHUGAMED TR THE AR E M,
FREHLEARILAE B 5T . — R B PR E TNZREE B HRAE (bootstrap) #44E ,
TIRAERHAE 73 I AN BEATL TR Hh e 4 R BB e LA AR 1T A 4 R B A0 o XA X B i
MUALHIA R TR )7 2 (Breiman, 2001) « FEALERARIICEE S ECBLHER 1940
= (n_estimators) « i KIRE (max_depth) « H/MEAR S E|E (min_samples_split)
A/ MEAREL (min_samples_leaf) , iXEeSHIL[E] G2 A (M BERIZ AL BE
Jo R EDE TR, 52 K sede mis R R tE, (Haimit
SRS s B ORIR B FARRA R B, IR AT BE S BUL UG, ik Te ik i
RERFE, PEURI G s S5/ NEAR S B BOR f /INFEAS 500 FH T PR 1) 759 s 702
At B BRSO I ZR B B FE AU G o AR T SRR S, BEATLAR AR IE L AR A
Jmg W E RIS AR E N, EH T RERSEEE (A AR 57 E
FIARZEEIC R AR (Breiman, 2001) .

2347 BETFEFESHREM

N T ERE R ER B R E )R A TN B AR 2.2.2 T RAMER] 5
H 8207 R AL B R 7508, X219 2 2 T AHE 1) B
¥, H IR - A 2 (A7 AE — 8 P FE 26 . N 7 HE s Tl i e 1, FRATT TR 2L
FENNGREE EREAT AT (R R 5 77 BARAE B AR AR A T, B
KN p<0.05) 5 LLid i/ b 78, IR T AR S, Xy
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HORMXTHI AL R, DR &SRS = TNy o m] Gt

FERAREA T, BAEIF =80 (B8 38 F) e 114 FEARRSE
o M H IR AR, SRR UKE=D , AR 113
APEARPTEBART BT TN, DTS MBS . KX 113 DAL 8:2 [
LRI, BIHCE A 90 MEEARMENIIGREE, 23 DREARMEVIRIESE, (EHAFRIR
WSHALE, UINZRERIFEARBOR IR S A, 1% € Wik 4& i TNE 5 5K
PR EA R R B R I RS AL . R, NGRS Kou MR I 2 B4l &
FEAL, RN AT T . R DL E3RAE, SRGE AR, ZEE 6
RN

RISURLESES

2 NMHLEEITTIETN 1981~2018 FRIEAT = BEFRMHIE X BAESTT - FH*,
ik, i g BACR LU A TR B AH S R HAE 0.05, 0.01, 0.001 KT EBE.
Table 2 Cross-validation skills of six machine learning methods in predicting interannual

variability of soybean yield in Northeast China from 1981 to 2018 (*: P<0.05, **: P<0.01, ***,

P<0.001).
B W& 22 21 7% R Td RMSE
U =] ) 0.48%* 0.9 251
Lasso [A]1H 0.48%* 0.94 254
T i%@%ﬂ@m 0.32 0.79 274
QU EYE -0.06 0.63 312
S [ )5 0.57%%% 1.17 265
BEALARAR 0.21 0.65 276
U =] ) 0.58%*x* 0.74 339
Lasso [A]1H 0.46%* 0.62 369
= XA E LA 0.51%%x* 0.7 362
I GURMEVE 0.26 0.3 397
LS [ 5 0.38* 0.6 392
BENL AR 0.63%** 0.35 339
U =] ) 0.72%%x* 0.79 264
Lasso [A]1H 0.74%%x* 0.72 256
7 XA E LA 0.7%%* 0.71 267
I GURMENE 0.46%* 0.84 369
LS [ U5 0.24 0.88 444

Bt AL AR AR 0.65%%%* 0.43 298
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W BT USRI Lasso [EIATE =24 #RREA H 15 H 00K &= B R FR AR b (R 2) .
0 1] V2 =4 BEAR R A BB TR, 7E SRRV A (A8 AR A 26 R 0L 0.48, T
0.01 P ZEVERTES, AL MM T, ZAHK R 2 501E 0.58 #10.72, 358
it 0.001 FEE AL (B 2) o Lasso BEIALE B ITA . 5 MA B8 XIS UEAR K
FH1 79 0.48 A1 0.46 (P<<0.01) ; MI{EILTHHK REOE 0.74 (P<<0.001) .
RMSE P % 256 kg-ha!, 25 35/ 0 0] VA ORI 7 48 TR AR S bp ALY, R
IR TR AR T & B M IERIME %, W& EIAF] Lasso B2 —7E =4
AL I 25 PO 05 B Y, e (B A 7 35 PR R 1 8 AR T R
TG, T Lasso [EIVATEIL T4 U S TSR, RO T Wb 77 gtk . iX
B, AN 75 B P T DA 0T 2R TR T AT 2R B ) 2 SRR 4 R AT 3R AT R 4 19
A8 UG E TR TS o

It AL PRI S RE 1) B L [ DAL 7 o5 PR A8 R 18 K B A s A A Tl v 2%
LA R, (HILAE VLA TR B2 B 2 PRI (R 2) o HUAT S, BEblLAR
FRAE 5 MRAE FNIL T 48 BAZ SCIRUEAR 5% 2 %073 1) 9 0.63 AT 0.65 (P<<0.001) , H N
AR BRSO R I R, RMSE KA 339 kg-ha'!, SIERIALE %A
RMSE £§F. $R1, BENLARARLE T AL T 00 T B W SR /DN, raa 1050
0.35 F1 0.43, BECTHEISHAUE 1, RPN P &[] F7 21 1) AR M A7 15 B 2 1Y
RGEACAL, X AT REVR T BENLARMREE S 72 o 22 PSR 3a (E A 3008 5 300 =
PRI o S ) B AL AT A 35 PRAE AL 7 8 O I R L R R SR 2 (52 X
HEAH S R 5108 0.51 A1 0.70, P<0.001) , {HIL7E BEIRIT 44 M 9% R BUA Bt
Gk EE (R=0.32,P=0.05) . HAEENZ, BUSEIISGSHE RS
RIR, AEE 114 DB 3558 IR TR I PR AL R AL, IR ARIE=8 K
SRR A G T B T AR A SN S X — BLR AT RN 5N
IE AL LR A2 1 RV )57 (W RV Lasso [B]U5) 78 AR TR FE AN fa fi i -
DT HANE ) A2 AR LR OC R DML 2 I A

PSR [ 3 B8 0% A i 15 b T 2B I VT 48 R0 75 AR I P AR B AR, TR T
BERZHTT (£2) o BARME, ZEATERIRITLE FAE IR ARG REOE 0.57
(P<<0.001) , N=HEMEM, AWML RMSE (265 kg-ha!) mFIR[ET (251
kg-ha'!) , FRUIH 855 1B R I R R . AR, B
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TRV AR RSN 5] U= 005 A 2 e — T o v A 2 g T WA 4 it 22 P 22481, 0]
i v T M 2 17%, 10 HAt I 8 O« T SR 38 3 B HS o WM i 52 1) & 4t
VEARAY, ELAE AR B 0% (Bl AR 7E =45 #0235 11 Lasso [ JAS0%, H T
Sy AT MR 10~26% 6~38%. IXFPILGR Al e 5 HIERAMEAR 5 TREEA I
T R B EEN L AT e R B8 2 J) 30 A8 S ARAE, TRIU& (51T Lasso (A1 E S
Lo 5% Ly 1IE WAL HO 8] ) R EOHAT 42 J5) 4 M B A AL B, AE A ASE 2850 A i
R P R R RIS AR AT T SR 0 A ) A 2 A i ) A i

1000 1
0_
& 10001 R=048*  Stdy/Std, =090  RMSE = 251
2
oo
< 1000f P) FH
N
B o
B o]
T:IEH 10001 R =058 **  Stdy/Std,=0.74  RMSE = 339
o i
K 1000] (¢ LT
0_
10001 R=g72**  Std,/Std,=0.79  RMSE = 264

1980 1985 1990 1995 2000 2005 2010 2015
F15

B 2 A [ S T4 21K 1981~2018 FFEAR I =8 KT BAEFR AL [A] 7 41] o Horfr, *%,
ok 7y Sl AR IR T 1) AH 5% R L4E 0.05, 0.01, 0.001 KF &2
Figure 2. Time series of interannual variability of soybean yield predicted by ridge regression in

Northeast China from 1981 to 2018 (*: P < 0.05, **: P <0.01, ***: P <0.001).

& IR B T T 21 AR A6 =48 K = B R 2 A MR R 3« G PR
1990 4. 2008 4 [ E 7 A1 2007 4. 2009 FHFIMEF", LT 1990 4. 2008
A 1989 AL 2007 SEIAR" o AHZAE AL AEAE —sE R PR IE: SR, T AR
Mg R GRS, BT &AL T 20 Bl Rl 1 10%. 26%M 21% (& 2) ;
Fok, FBor M R B vERRR AL, QiR Ae LB EIT 1997 R 5 1998 41
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fiKF=, #HHk 2002 45, 2003 £ 775 1989 45, 2004 45, 2012 4EA1 2018 4 (1)
fi&/=. T4, BT 1998 4. 2006 £, 2010 == K& 2009 4E I
72 AR TR 2 R . X8 SR PR P RE R T A T T s — 3 o At R A
A B8 52 B AR R N R I BB R0, BUR IR BRR 208 B 25 AR 20T fig e B
M P 2% W Rl VA SR AR B R, BV S 44 ] U R R SE IS A TR U Ak
X ] R ECTUII L A AN A A

4 i

4.1 SEEFHRNBHFHEOBEE

X3 ARERERER DT EHER AR RUEFRNBCR LB o, **, =n3R%
NI A0 T (5] A < REAE 0.05, 0.01, 0.001 KF EE3E.
Table 3 Comparison of cross-validated prediction performance of ridge regression models

with different temporal windows (*: P<0.05, **: P<0.01, ***, P<0.001).

B & R Totd RMSE
5 HiEshr 0.48%* 0.9 251
7 HiE s 0.29 0.78 277
Ly RIN 10 H#E 307 0.14 0.64 286
H¥ -0.04 0.55 299
AR 0.06 0.26 263
5 HiEshry 0.58*** 0.74 339
7 HE3F 0.55%%*x* 0.54 344
GRS 10 HiF3h-75 0.49%* 0.69 368
H-F3 0.37* 0.34 382
HEKFET -0.04 0.13 416
5 HE3FY 0.72%*% 0.79 264
7 HE3F 0.63%*x* 0.9 314
LT 10 HiF8h- 71 0.62%*%* 1.15 357
HE 0.58%#* 0.41 312

K 0.59%%* 0.4 313
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£ 222 SB AR HAL R, BATRH 5 HIEsh P s DA BRI T,
SR, T S R AT RESE M TN RO o BRI, BATTxH i [l VAR 7R o b i
T HARR R RBER 7 HIF3F4. 10 HRTEZE 8. AP LA K
WP, 323 R, XNTRAEEMIME, 5 HIEah-F5A % D00 N 25 51 0 &
FAHR R (R Mg iR 7% (RMSE) , HAR#EMmZ WA (ra) A EE,
R T H T ARG E TR =, 5 HIE s P IR K 1 Hst 2
IRE=gy ek

42 AFEFESHEAEMNLEMYE

£ 2347, FATEAREBAT T PP H—, EIIGE LTR T
WP CEMRE 5 7 B2 (A OE REOE 0.05 BEMATFHARET) , Llgd
FAEBCE . PRIR4ERE: =, BIN=AMeA, DU E. GfR 2R 1w
AR IR, WA ITURE BT M= FEANUE I T AR,
WG NHE 22 7% (8] S ST ASCHE , G 1 BRSO AN [ DX 48 A & A PRI L RE AT BB AT
BATEZR T F 57041 (Principal Component Analysis, PCA) 1FJy 57— JEAI%
AL 72, BIE S 2 A okt J5UUR SR R T i o9 BN R IR By, IR ORBE 2R
TR =90% ] 3 55 -

B 3~5 il LU T BORTTA . AR L TR /S P 7 (R IRAN b EE
BEAT PCA ACBE . BEAT W5 Tk $E. BHATREARSIN. BT PCA SFEARS N, 2
ITRER FEBESFEASZ I PR RE (R IR (ra) 53771 1% 2 (RMSE)
IR XRAER T o W EEARABATAT AL BRI AR 25 M 5, 224 (e Je 43 30 3 DR A
BIOREAET, =808 E U5 Lasso [B] R ATARAR = FALAE 5 26 HHOC REL(RD
(K52 SRR G A 52T s SCRp I AL BT IEA R, 7875 MORE T4
The ZNPLES ) D7, AR RYL AT S AR K 3T &0 R AL T (1 P SR [
TEALFR 5 LR AR BT AR DG R AL (RO M TRINEE TG W B AR . XHIRE (raa) AU
BTG ] RePRAR A AT BT, Bltn, SEAE AR, B SREA S nm A
A RO BRAF AL T4 (I TR P A 22, X BT A8 R R T 5 R AR
AL FR AL S 0T RMSE ) Pl 5 it Fae (G BEE A RE S, ANAE L T2 44 156 FH P e i) vk
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PCA+HEZRE 1N

C JRia Bl F ik

PCA B HAEMm I ETREFEEREM

BEHLZR K

SRR

7

o

%iiil

RER  BEHLERH

%

IREY]  LassolEl)d ZHFEEH  KIELB R BEALARM

K3 BROBTLA AN b B 7 2 A 2 0 A8 SCRAIE B33, A EAET 23531 D9 Tt A AU (&
Z A B ORIAHR R (R)  brdEmZ LA (std ratio) « BJ77H1%% (RMSE) . B{E
LRI RE 0.05 BEMIKPLL, KEELN std=1 £

Figure 3

Cross-validation prediction skills for different methods for Heilongjiang Province.

From top to bottom are the correlation coefficient (R), standard deviation ratio (std ratio), and root

mean square error (RMSE) between predicted and observed values. The black dashed line

indicates the 0.05 significance level for correlation coefficients, and the gray dashed line

represents the reference line for std ratio = 1.

19



PCA+£ZKE 10

C JRia Bl F ik

V7772, PCA B HAEMm I ETREFEEREM

BEYT  Lasso@Vd ZIEMEH

ol fF
©
B
(2}
_ ISClE
' 500
2
LU
%) % X H
i IAEYT  LassoEVd ZIFEIEA R BEILARM
K4 FE 3, HEDNEKRE.
Figure 4 Same as Figure 3 but for Jilin Province.
[R5 ESE v PCA+HEZNE N
PCA B MHASM I ETRFEHEAREM
0.5
o
0. 01
I
©
B
(2}
0
. 4 CIPE] Lasso[E]Y3 ZiFmEEA
Tc\:
<
o
= 2501
LU
[i4 Lasso[@!3 Z#FmEIEH
K5 FE 3, HEGNLTHE.
Figure 5 Same as Figure 3 but for Liaoning Province.
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43 ISENASR S EILER A

FE B R S RAERIRES T, FATTVRAG 1 7S PLas 2 23 U5 128 RIE
Bexy, Hrpl el 1 45 BB R . BATTHRS IR R 45 RS R HESE T~ Y iE P
LR BT — AR Ge Tt IR I T 45 RAE XS L VP Ah, di3 4 AT, IRl E =4
058 SCAGUE TN B I AH LEIZ A0 ek (BT 5 #9422 K52 T, RMSE B KR 5
BEAR, SR (BT A2 R BUR ALK & A b A AR U T B AT LB b 2 1k [l ) 5
PFHITERE, JEBL T IEMAL T VEAS FAR G Ge vt B R DUt . SR, 20 5 1Y
TR, B 2 B A RS AL TR A

R4 WREHEZD AR IHKAE XRAER TR . Fodrs, o, oo i) FAR LA F E
HIRRHAE 0.05, 0.01, 0.001 KF -BE,
Table 4 Comparison of cross-validation skills between ridge regression and stepwise linear

regression (*: P<0.05, **: P<0.01, ***, P<0.001).

A WARES R I'std RMSE
ST U a5 0.48%* 0.9 251
BN B 0.34* 1.14 319
- U a5 0.58%* 0.74 339
BN B 0.25 0.91 479
5 U a5 0.72%%* 0.79 264
BN B 0.6%** 1 337

44 WEIAEX RS ZETRARUBE

AT TR IR o P R R AR T (Be) . THTE 1
H AR . 8 H 16 £ 20 HIWHKN. 8 5 £ 9 HEAHXHEE. 8 H 22
F 26 HIMKELL L 7 H 31 HE 8 A 4 HIBARIRFE N0 K 5757 8 2
RERET . BFREELRZHEN T RTE, BARGRE T 5/ & MK R
HOEIKTET 0.25, RPN % H 1 0 R B F5 KO =82 ]
3k 5 AR R IR 1E ) DR SR R B 34 T 7 2 8 F I FF AR 4 S AN SR I B,
XM BORKEAEKKR B RIEE I (BRI, 2008; X454, 2013) , AL
(K175 53 FIK o3} B 44 7= BT LR P PEAE FH o 120 B i g | BE 8 R FRK
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g3~ HIRSA DL R B A E B R T KE R A ER A AERA KSR,
PRAE FERAFRIFIE R AR KT, PEm BRI RER R R, BT a0
R (Z20@%5, 2008; 5KIE%E, 2008) .

RIERHEIMER T, EFIREIRB A EEMRRISHSRET
200 0.4

0i4 0.32
A

1501 0.3

100 A 0.2

RHE
SKETFHE B2 A% R A0HE

A HBEXFE¥HE

7.7-7.11  8.16-8.20 8.5-8.9  8.22-8.26 7.31-8.4
HXHEE SEEENEIS HXHEE Pk = =IKER

S&ET
K 6 i [l AR i S BERR AT 5 ISR AT REUE AT (FEZK, oy D AR H T 5
FREZ MR REIIME CRO=/A, Ay D o BTERA BT SXRIE TR
T3 EAT 25 PR T R R e NV R ST, W R SR B IR R R TR, LR
N RBAERE K BME R ORI 7o RIAT 34 AN FAEIA B — AL R e i N (114
R s WO RN E T S BRI AT 5 AN, BN AR,

Figure 6  Coefficient distributions (box plots, left y-axis) and mean correlation coefficients

(purple triangles, right y-axis) of the top 5 meteorological factors in ridge regression models. The
top factors were selected based on (1) highest selection frequency and (2) largest mean absolute
coefficients across all leave-one-out cross-validation (LOOCV) sub-models. The first 34 factors
were selected in all 114 LOOCV models; among them, the 5 factors with the highest mean

absolute coefficients are shown.
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5 RESRE

ASCRF NN S J5, BT A REF @I T B X5
UFHESL N (1 1981~2018 42 AR AL H X 48 Z0 K &7 4 B AR A0 AL 2 2% =) IS AL
GERL

(1) FNFhHLAS 22 S B, 4 [B] USRI Lasso [81JH7E = 48 # B8 A 2 75 H 7 )
KGR MERRAE, RN RO o W8 B35 =48 R i B ol 5 1
BRY, TERERTT. 5 ARANIL T 28 SR AR O R0 Ak $ 0.48 (P<<0.01)
0.58 (P<<0.001) A1 0.72 (P<<0.001) . iXFKBH, {# M Lo IEM LT LR AE R4 T
LR ATAERIE =8 KRG BN 3RA KA R, 40 van
Klompenburg et al. (2020) [EZERTF TR, EARN = B, XFFAFREE .
MO BAVEYIRAY, AR P AN, S5 2% AR I AN 52 D & Tl
OB TERE . BT REANIERE, BN B A AN F 5 A% BE (AR A K AN [ R AR 4 & ik
AT RGN LA

(2) TEVR[EIAREAN R, 5 H ¥ 3l P e W < 5 DR Ak 252 1) e £ 7
2, =4 CGREIL. &Mk, 7)) MR T 7 B3y, 10 HishF
8. AP AR, BRI EA RE AR R (R MR
RixZ (RMSE) o A1, PMERIIL (84w, 2023) Box, 5 HEsh PRI T
BN : MR BB ERNE GIEAR SR R RS E 1k X
WA HEAT 208 TR, % 1N AE SR VT 48 I H S O T R (G A5 E R 2
U FUAE BT AR G R B —3——5 B sh & DM@ 2 A5
TR EE v (AR E IR o MES KA, Z2AE DR 0.05 K
SRR E MR R T, BT I IR D BEIE I 99% 1) i VAR IE (TR [l
HEE T 99.9%) o X Fh X 425 57 AT RR -5 548 K 7= X AU R TR AR AR A K
HRILEREMHE X EA LR R, AWK SR 2, ML,
FHAAL T A SR FAA S —, B =S il e s s, ~E55
G T (A B R B 4

(3) FE[F—HELL T 5B LA RTHEAT LU, 08 B3 )58 )CRHIFAH 9% 3
B (R E=RBHEERT, H¥REZE (RMSE) ¥IRIERAC, XERH TR
[ VS E A PRAEAS LA TR — S 75 T AR 4% Grig D 2 PE IRl E ¥ ER AR 5
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SR, AT e T 0 TR R AR SRR R A, U a0 5 bR 4 AL 7 44 14 T
FROAS Gz 25 2 1 =1

(4) ZHUAEBLT, W EHREIAT T IR BERIRE AR SN AL B e 8 — T R FE
EFRTEHLER 2 ST ORI A8 SR RN TS o 12 b B A 7555 AH O 22 50010 F000 5 3k i
E T, XA SR T AR A K I AT SR e ke SR SV I B B
Ko X RMSE (T30 5 3 B IR B AL AR5, ANAE XL 748 A D Sy SR ) B
Tt ies S FE PR T BE 5 7T B B A FT R e

(5) TE=ABRET E, SRE 2R EZAERAEIE 7 2 8 A
IFAESE S, SRR AL 7K 200 H IO 7 & BE 3S A IR RIEH - B B
FRMKRAGKE R TR ERERRIER. FREE, RIEEEIER,
REmFELE, RERAT R,

AR FIEE T ARACK T 7= B AR B AR A LS 7 ) TRINAE S, 18 1d RS LS
A I, XL ARG @b B £ I R il
A B FEFLAL T SRR o ASH FTHES) T ARG T 7 210 K e, A
AR 5T AR AR B B AL 1R, FCARAE A0 DX g 0 = i T
RAL T HMER B ZE . SR, BRI T RBRIE, KR gt — D
TR :

(1) HUERESITNER RO R . AHIE T8 2R F NP B HLES 27 21 7k,
WA T8 SRR 2 D) S IR R M Bk, K Gz & Mg (LSTMD H
TR TR FRAE, BRMLEML (CNND) T3 A 4 A A
PAJR ZEM 2 2% (ResNet) F THRZIRFETER R, XU RN A SEE—
AARTH AR ALK S = B AR BR AR A 1 TR RS FE

(2) ZIFHIREH Rl . ASHF I BB S R, RRATEE 2R
REREE (tn MODIS &8) A DU s, el 2 4K Z= NDVI 882840, 1
ARFESL (LAD SRS, DR EHOKy . R0 SR 7, M E A
TR bR 5 o AR FE R 2R B 2 BEAEEE IR, DLt — P m AR ALHIX
RS2 B T P A At AT AT S

(3) FESCBRBEAT TR, 38 AL AT4 P AS . Bldn, X AT
T, CEFERET 1A GRFERAARKEMEMIRE T o MARREATHN,

e
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S B TR AR OR AR E, A T A 3 10 R B T A ke
o PRI, ECSETRIN P BT K BRI T LAAE %5 51 5 Monteiro et al.(2022)
X B P DR LR T 7 v, A AR K2R N S R B AT P R B A TR, DARR AT
RIS P TI5 R

St LA ] 5 0 ik — S5 0F 0K A B N SRS A L B AT SR I AR G K R T
R, NI AR P AU B 22 4 ORI S B 9K IR 5754

WA, ASHF FEAE AR LR = BAEBRAR AR 0 TR B0 2 56 v Ay Sz Bs B 4
5%,

(D) ZRAEKE = EERREN S TR E TR R UL IR . W FIH
AN Lasso [B1 U= P F E A4 7 VA RS 7E =28 HREUAS 0 38 I TIN5, 05, 2 BA A0 4
BRI TE DU 24 SRR R 2 AR T e P (R A TR PR R s LSRR ) S L [ A 0T A% e 4
KA SRR k8 T 2 R AL GRidEZ TR, R R AR R D
PRIk, ERIGHIX R G R i, Ar e i A MRy, MR 2R E & Ts
o

(2) AR FFIE R SRR S I 77 2R B T A48 5 SR A (g T e
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