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ABSTRACT

ABSTRACT

The impact of quantified climate factors on crop productivity is a significant scientific
issue that has attracted widespread attention both domestically and internationally. In recent
years, extreme weather events such as heavy rain, drought, and high temperatures have
become more frequent and intense, and the level of climate risk is on the rise. Therefore,
timely and accurate predictions of yield changes and evaluations of the impact of quantified
climate changes on yield are of great importance for developing adaptation measures and
ensuring global food security. Process-based crop models are effective tools for explaining
the interactions between local environmental variables, crop genotypes, and management
practices. However, the simplification of certain processes and uncertainty surrounding
certain parameters in these models may result in inaccurate predictions. Furthermore, crop
models often require a large amount of local observation data for model calibration and
significant computational resources. Machine learning algorithms based on statistical
models are easy to handle and relatively easy to compute. They can capture the nonlinear
relationship between environmental variables and yield with high accuracy. However, these
algorithms cannot fully consider the crop growth process (such as the CO2 fertilization
effect) and have significant limitations in analyzing the impact of future climate change on
yield. Therefore, we need to consider using different methods to comprehensively and
accurately explain the relationship between climate change and crop productivity, and
reasonably quantify the uncertainty of the analysis. This will help us develop more
scientific and effective adaptation measures to ensure global food security.

In this study, we use different methods to simulate and predict yield changes and the
impact of climate change on yield at different scales. Firstly, we use machine learning to
predict and simulate yield and determine the impact of different variables on yield. Then,
we combine machine learning with grid crop models to improve the accuracy of the model
and effectively constrain the model's uncertainty. Based on this, we propose a new
framework to explore yield prediction and uncertainty and study the impact of model
combination and the number of models on uncertainty. Finally, we establish a remote
correlation between large-scale circulation and yield and analyze the impact of climate
variability on food security. This study provides valuable reference for decision-makers to
develop scientific management measures and helps to improve understanding of the

relationship between climate change and food security. The main conclusions of this paper
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are as follows:

(1) Developing machine learning models to predict wheat yield and reveal their
non-linear response. We have developed machine learning-based models to accurately
predict wheat yield by incorporating multi-source environmental data, such as soil
properties, climate, and vegetation indices. Our research found that the Random Forest (RF)
model outperformed the Support Vector Machine (SVM) model in predicting wheat yield.
Additionally, we discovered that the RF model using Near-Infrared Vegetation Index (NIRv)
had a slightly better prediction accuracy (R?=0.74; RMSE=758 kg/ha) than using Enhanced
Vegetation Index (EVI) (R?=0.73; RMSE=762 kg/ha) or Normalized Difference Vegetation
Index (NDVI) (R?=0.73; RMSE=770 kg/ha). Our findings also showed that
vegetation-based indices had the most significant impact on wheat yields compared to other
environmental covariates. Based on our RF_M5 model, we identified that NIRv during T3
was the most critical predictor for determining crop yield. Additionally, we identified that
several environmental factors such as Rad (T2 and T3), RHum (T1), SOC, Ws (T1-T4), RS
(T1-T2), and Frost (T2) were the main limiting factors for wheat yield. Interestingly,
drought had a relatively small contribution to yield change due to the use of irrigation
during winter wheat production in our study. We constructed Partial Dependence Plot (PDP)
plots to explain how different predictors at each developmental period affected wheat yield
based on RF models. We discovered that NIRv showed both linear and nonlinear
relationships with wheat yield, while wheat yield had threshold-like responses to other
environmental variables. These PDP results can help better understand how factors limit
wheat yield. Our findings demonstrate the potential of using NIRv for yield prediction, and
our modelling approach can be applied globally in other regions using publicly available
data. In the future, incorporating process-based crop models or newly developed vegetation
indices could further enhance our yield prediction model.

(2) Crop yield forecasting and associated optimum lead time analysis based on
multi-source environmental data. We have developed yield forecasting systems for three
major crops using a machine learning method that using multi-source environmental
variables and field trial data from diverse locations across China. Our findings indicate that
our machine learning approach driven by multi-source environmental data can provide
satisfactory crop yield forecasts, with performance comparable to that reported in previous
studies. For winter wheat, we were able to predict yields with a correlation coefficient (r) of
0.81-0.85 and normalized root-mean-square error (nRMSE) of 10.5-11.4% around one to
three months prior to harvest. For spring maize, summer maize, early rice, mid rice, and

late rice, we were able to predict yields with r ranging from 0.71-0.82 and nRMSE ranging
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from 7.4-17.9%, one to two months before harvest. Our machine learning model provides
useful information for farmers and policymakers to reduce yield loss before the end of the
growing season. Furthermore, we identified the key predictors that influence the yields of
wheat, maize, and rice. For winter wheat, we found that solar radiation and vegetation
indices (especially during the jointing to milk development stages) were the main
predictors, while for spring maize, vegetation indices (throughout the growing season) and
drought (especially during the emergence to tasseling stages) were the most important
predictors. Soil moisture (throughout the growing season) was the dominant predictor for
summer maize, late rice, and mid rice, while precipitation (especially during booting to
heading stages) was the main predictor for early rice. Our future work will involve the
development of a hybrid approach that combines a biophysical model with our machine
learning technique to further improve the accuracy of crop yield forecasts.

(3) Project crop yield changes and uncertainty analysis under future climate
change using multi-model ensemble approaches. Linked climate and crop simulation
models are widely used to assess the impact of climate change on agriculture. However, it
is unclear how ensemble configurations (model composition and size) influence crop yield
projections and uncertainty. Here, we investigate the influences of ensemble configurations
on crop yield projections and modelling uncertainty from Global Gridded Crop Models
(GGCMs) and Global Climate Models (GCMs) under future climate change. We found that
the projections of crop yields and their related uncertainty are subject to variations
depending on different ensemble configurations and exhibit regional specificity,
particularly for crops such as wheat and soybean that are sensitive to ensemble members.
Ignoring this difference could result in an underestimation of the impact of climate change
on crop yields. Furthermore, we found that using approximately six GGCMs and 10 GCMs
was sufficient to determine the modelling uncertainty across the nine crop models and 32
climate models we considered, while a cluster-based selection of 3-4 GGCMs can
effectively represent the full ensemble. These results highlight the importance of
considering different ensemble configurations to better project crop yields and effectively
utilize multiple models for specific applications.

(4) Incorporating machine learning and crop model to predict crop yields and
constraining the overall uncertainty. This work presents a hybrid model that combines
machine learning and crop models to predict maize and soybean yields while considering
the impact of extreme climate events and crop pests and diseases (CPD). We found that our
approach substantially increases the model performance compared to using only a crop

model. The R2 values for maize and soybean were 0.05-0.32 and 0.05-0.32 for the crop

VII



PHABARMBHBOR A 22 AR 3

model, and 0.37-0.58 and 0.2-0.35 for the hybrid model, respectively. The nRMSE was
around 0.2 for both crops in the hybrid model. Our analysis revealed that CPD, heat, and
drought are the main predictors for soybean, while cold days, CPD, and drought are the
main predictors for maize. Our hybrid model reduced the uncertainty around 48-67%.
During T1 (2040-2069), the main source of uncertainty for maize was the crop model,
while for soybean it was the general circulation model (GCM). During T2 (2070-2099), the
shared socioeconomic pathway (SSP) became the main source of uncertainty. Our findings
suggest that a hybrid approach that combines machine learning and crop models is an
effective way to predict crop yields while considering the impact of various factors such as
extreme climate events and CPD. This method can provide valuable insights for farmers,
policymakers, and other stakeholders in the agricultural industry.

(5) Climate drivers impact on global food security under future climate change.
In this section, we first identify and compare the primary climate drivers affecting crop
yields and their changes under climate change. Secondly, we robustly estimate the global
and regional sensitivity of crop yields to climate drivers and quantify yield changes during
strong oscillation phases in historical and future periods. Thirdly, we assess the significant
areas impacted by strong oscillation phases. Finally, we analyze the contribution of
different sources of uncertainty in the impact of climate drivers on global crop yields. For
maize and wheat, ENSO is the dominant driver in Europe and Northern Asia, while IOD is
the primary driver in Africa. However, NAO is expected to be the main driver influencing
crop yields in most areas of the northern hemisphere from 2000 to 2099. Compared to
historical data, NAO has a large impact on soybean and rice yields. During strong negative
NAO and positive ENSO phases, maize, soybean, and rice yields decrease significantly. In
contrast, soybean and rice yields increase during strong negative ENSO phases. During
strong positive IOD phases, wheat and soybean yields decrease significantly in most areas.
Extreme NAO significantly affects rice and soybean yields. We also analyze the uncertainty
in this study and find that GCM-induced variance is higher than SSP and GGCM. However,
the uncertainty contribution of NAO to SSP was greater than that of GCM in rice and
maize. Our study improves understanding of climate variability and its impact on global
breadbaskets under climate change, with potential implications for improving the resilience

of the global food system.

KEY WORDS: machine learning; crop yield projections; climate change; global climate

model; crop model; uncertainty analysis
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W, HE TR EYB R G R T N A R 5k . FE T AR Y
TEPIRAL (5t APSIM. CERES M1 STICS) ] LABHEY A KA M Bl A2, I
REWS o AT E - E S B A Z RN AH AR (Brown et al. 2018; Feng et al. 2019;
Peng et al. 2020b). SR KIAIZEAuE RIS TR BY AR FERS, JF HIEH F{ERE
(1% FH TR R S 4504t () an St B oRRAE 48 BROGE B AN BB VR ) A BB SR HERL Y o B A7),
B R S S A A S0 B R AR AE K 22 B E S B TR O K AL, 3307 A B A A
A (Li et al. 2019d; Peng et al. 2020a; Schwalbert et al. 2020) . 5% T I F2 I/ EYH
FHEE, GEitiiA (e G Gt iR B AIHLES 7 > 7R A KA EY) - Sl S rp e
&, BRIEN )72 (Cao et al. 2021a; Peng et al. 2020a). HL#%2% > & — oo gt 4t
THEOR, AT By P A S i e )87 AR &2 [A] 1) J2 0 0% R AR S 14 5% 52 (Besalatpour et al.
2014; Naimi et al. 2021; Zeraatpisheh et al. 2019; Zeraatpisheh et al. 2021) . ‘& i F i+ 5 /7
EEBENEAE e SE R, AT e E T R R E IR B O 2 H
T B A 2 AN SRR PP B R R AL T BTN AEY) P2 ' (Anna et al. 2018; Cao et al.
2021a; Cao et al. 2021b; Li et al. 2021a). $R1, IXLEHFFAE =BT, — A2
T8 AE K BOR HEAT TR0 B A0, Gne] A B AE SRS AT AT 72 S 0, ARAE AT
DA% TR S5 B8 22 1 I TR SRR BCHE it o 7 AA R TATL A8 2 S (R P2 S A A, AR
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R F I B AR B O EAE L, X T BRI P T B R . A, fE
AL AR 7 T AR s P B TINRS B, % X0 & 22 4t A AR R4 . 481,
L7 I WA —ERRIRME. P8I FER2E T RIS i, Tk E R RE
YIS R AR AR, P AEDT 70 A TR P E B sE i, BLas o7
SVELE B R RE R 0 AN IE FH I A AR R 2

W AR R T Ty A i SR AN BE 78 70 5 B R T B A LR &5 B Ao
2T LA R AR LA N 56 2R, AT DA SE A M P AN [R) S 2% A BIVE A AR 3 o R,
FE T FEAE AR G v AR Y AL 2 VR S AR L2 2 O N (Feng et al. 2019; Li et al.
2021b) . FESLIRE A AT LSS FEAE GBS A K R AR, R REE 18— Le gl ad P i
PRI AR i A0 7 B B RE M o A BT S G R TN A AR A0 7 B B R, IR R R I
FAEXS P E R T WA . SR, TR B D5 VAR RORURE B N 5 AR ey B SR RAS
16 R BEAE X3k b B e B AH B Rk f R AL (Feng et al. 2019; Li et al. 2021b), 1R
e ELIEAE R BT BRI (GGCM) 4t 1 2 i A M MR LA 4L,
e T ANE B g5 M) DL A iR (Miiller et al. 2019; Wang et al. 2021¢). Franke 5§
(2020a) T AEBRMAEAEDBRI LI (GGCMI) 5 2 W B TAERH S i 48
TER T —HAEBRAS A EE RSS2 AT B 5 T3, [FS5E 7 it
BRI AL B r] AR RO AR P R L, A2 1T 2 IR
#iltn Zabel 55 (2021) FFHRFRIEVIRAT B s 00 17 FK KAE RERINZZ DY R
VEWDAE AR UM AE 50T M R & RO AR B A B8 g . SR BOR, AR AR IR K-
(SSP585) &, AFK 39%FHA% FI W] RE 5 ZEFTHUAEY b, DAIRE S 2 A tH 2R U A2 4k
R R . TAEMRARRE K (SSP126) N, 85% 24 A0 #F vl LA FH B A
FEAMVAEZS XN DO R SRR o SRTTT, TG 1E XM R IE R BRI, 1RV
R 7= A BRI A 2 1 (Jigermeyr et al. 2021; Jiang et al. 2022; Miiller et al.
2021; Tao et al. 2018; Wang et al. 2020b) . XL E M SEA LN, S8, SEHER
(GCM) ERAEYIRE T2 R K52 (Wang et al. 2020b; Xiong et al. 2019).

HATEANE D 5T, A= RPCE SR . 25—, ASFERRREE X}
AHEVE D TR AT RE o B, IR T =T R E S AR A E YRR A T
ANRNE RS AT A ENE 0T, B A G518 AT RE 22 52 B R B Y B E S B ) S, B
AF DL R ] A AR o PR, AS[RI AR YA S AR AR ORAR B REm 1 AN e 1 70
B AW TR R R — MR R U A AR B A & 6 AN e PRI S . 55—, #EoT
RIBE YA & T ZERR M AR5 R, 75 2200 € il H 2 /D7 A e 4 1) e ik
BRIATR B M, D TR E] . 55 =, AREEA R X E Mk EXHEA A
T P TR AN R Y o S ] B A AN [RI R A AN [R] X 35k B8 AN 72 12 T R 0 2 5 i ok
(PR R o i R IX e 2 [ AT B T SE A M B A AN o P, OB A e A SR 2

2



%,

RATEF S 5 RN 2 RIS OL T, 7 68 AT S 00 A5 AR A% 72 B R 2
PSS AN [] B ASE BB 1 A 2 B T v ] R B BIO0S [A) — UM AR B Wi S AAAE 22 e, AR
WAt S MRS R (Swann et al. 2016; Wang et al. 2017b). IR E BTG
BRSSP 2R A SR = B 52, 7] BE 2> S BUE A R HRIE A AR A BT Rk 1AL
IR, MW JLPASK = EIE s . B, Wang 55 (2020b) T 8 MEMHLAY
A28 ANSAGEREATII AR, B BR o B R g BRI IR /N 22 7= 2 (1 A2 4K
FRIRAN [R] B — B RS P 14 7= B AR A AR O 0K, 491 2 APSIM RSB T /F RCP8.5 15 58 T
7E 2080s, EL/RBANAEIG =200 R BE 31%, IRINKINEIF= 24 R % 59%. 2R, 7E%
BRSSP, PR AN/ T 5%, 1K 3R 2RS35 AT e SR A 1 R, i
AR = RS AN B S o DR, R G b B R A (RIS 2R DL (T 5 1 T %o T
) T LM VPA SRR GERE A E R AR g A A E R .

3 E L AR AN 2 ST KT 40% (P RS 2018), HIEAER, 4R
SN FT, RESRRSEEF (EN. TREASES) &2, SmXEK
R EFHESS, I EIRENE 5L, AR TR KR A (R s e B A B SR I X3
Z 5P (Liet al. 2019b; Piao et al. 2010; Yao et al. 2018). Kltt, mRFFEFGAF S 5E >
X, AT s RN SR S R 20T BERR VR AR RN AE = s mm, DAY e 3
A PR SRR AR E SPE CE A5 2017, R FOBRPET 2010). 04k, &
] (PR £ 7 SR KA AR i3 72 A48 T BRI . R, P R A 2 4
BRI 2 AR RR, TSGR ED A= D5, B 52 B 0 ORI
SR CRARE 2009; KT T4 2022; ARAEEE 2022). FIRF, MABRRE EiF, R
A AR 2 AR B OCHE B AR AL 8, el 2 A5 DR B 75 SRodus 3 i
15 T (Lam et al. 2013; Wheeler and von Braun 2013). 1T, HE RHALISH N4
AR EAKSE, r2 REPEFZNERER S 25, R I5E (Puma et al.
20150, SRT, AR AIARAY GEE S EM T 5 BHEMHGRIE ) v RE2
R LR, FE RN R R S F8 2 7 (Gohar and Cashman 2016; Ray et al. 2015).
TX AR T e [ 2 s E 2 AR = X, JUHRAE SR JLH4F (Gaupp et al. 2019).
R, A SER S PR ROCR, T DU o SRR 5 e A RO £ 7 X R A
[ S 42 v A BRORR 8 R 48 1 S LA VB AE I ANE

1.2 BRSMAREERE

121 SIETUHERERE
SAFAR T B A R A ik, am IR, TR, BiEE (X3
FASE 20125 XZFHETE 20060 —LEHF 5 R MK v e il 52 30 5 00 k2 G s, AR

3
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M0 8] S0 PR 2 PR D BRAIG, SR BH R SR Ml o iR K B2 TR il 26 A 3G K (Li et al.
2019a; Wang et al. 2016a) o #H 5, 5 7% 55 Bl o /IR IR S0 (9 A& 34 U 2 25 1 B« Yao 55:(2019)
BTN (GCM) 54T R FN 7 b E Rk 542, K [ #
P AR T 5 R 2 Gk 3G K . — Lo XS R R nT R A k%, 91 v B A 2R R
RACFEHX . B, RRFEKESHIE, (H2H T AR R 7K H I SE g,
R0 5y IR B K PT BEAR R — 7 R il P K, XA R EUR P R E I R A, B
FZEM AT RE AR Bk, R AR XS (Li et al. 2019b; Li et al. 2020a). KK
P RHER 7 H X AR i P K 2= 10-20 10 JE BAAR 4L, CMIP6 F1 CMIPS 5 A ERmT LLfh
FE 2 7 5l s SRR s P26 7K R 2 18] 40 A o SR TT, CMIP6 A5 7R3 i R I HE B8 4 R AUl 48 B
BRAZL I RE ) (Wang et al. 2022a). XFFREEH CO, KU, 5 CMIPS A#HLL, CMIP6
TR 3R AN — AR B BE 75 (Jigermeyr et al. 2021) . XK XA B A2 7= = A2 AR K
(R, FERZM 2 BROR 224

AARARAS ANV A B T E R, Gl 2 AR LR TR B, AERRRE T
LW T RZBUNEFEI P = B Bk B 1°C, P8R T 6%, XFf
H N B BE 1R T A8 15 5 ™ B (Asseng et al. 2014). SN R I BFEK 2 530~
IR, (HAE SO SR, B A K L SO B ) s el 2 A PR IK,  BRR L IE S2 e 2]
7R ) OR R R S I A R R A, SR/ (BE BEBMD X = ERHR
(R TTRZI , PR A /ISR HS B R AR R 1y, (L HoK 7B ik A E 3 A R 7K 47
FE T 7INTR RIS g AT A3 P B AR SRR v PR U3 XU, DRI/ W AT sk ™ B () A7 THT 52
M KR Z& M (Lesk et al. 202000 HAM—L857 A A4t 0T RR 20 ok ™ A7 0K 9 7 R
MTHEEFE, BRAEEFMS, LRI TREEEFH5E (Heino et al. 2022; Lesk
et al. 2021; Lesk et al. 2022; Zhou et al. 2019a). Jagermeyr 2% (2021) F| FHHHT ) 12 4
ZERASAEMIRE AL DL K 5 ANSUERET BT CMIP6 A1 CMIPS H AU AR 0] 7= & R 52
M. 25 R, ARRAURAR NS 7= B 5200 I B S L R AR I 232 0T . SR AT
BT SR B — M3 S 4 it Sk ok % S A AR A Ol T s e, RN BT 24> B
(Peng and Guan 2021),

CH IR Z B TR 1 AN A oo 18 S A5 AR A B RO o 5l a5 v fe BT 1 i
K iE N SUEAEAL (Zhao et al. 202200 — REHHF 5T 3 B IR SR 38 0K (R)3E R ) B T3 )
MRl BIARHZR, 4BK 39% (SSP585)HIA H 7] 5E 75 ZL A EY) s Bl DLAIEE S <%
S R B, ST SSP126 5, 85% KX IR A LLMNELA ffh R4 E, LLE
LAV AR X N FIAS AL (Zabel et al. 2021) . 2 FE RS AFARAL G AN R X IR0, Aok
AR R — 30 4 Ao . DR AS 38 BFMEAE Y, iR A5 K 17 PR B 8% #2 (Franke et al. 2022;
Kummu et al. 2021). MG VFZ BT 7 A E BE N T~ e)Aeql, 0. mid i
FEREIH (McDonald et al. 2022; Minoli et al. 2022), 4T =3 AE 7 77 TH 1045 R DA AR,

4
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(McCullough et al. 2022), PLALFEITAA LA S AEEFfE A (Liu et al. 2021b) %5,
[ ()3 82 77 T2 AN A (R SRR, ) AR AOE S48 it . 7870 7% FE W] R, &
i, I RCEERAAE B TT R

1.22 ETHSEZFIFETNED ==

Gt 32 AL FE LRV RN AR e A AR A . — LU SO FH A% G 1 (el A A AL A T
FEE I EY) T BB T EY T B S SRR R Z BRI KR . fliLobelld (2007) fi
FH 22 76 [ A R 78 00 2 ) 0 A4 JE 0 /M 1998-2003 4 (EY 7 &, RIUEH BA 2-3
AN B () 1T B R R AR R L B 1) P AR =g 2 DL b SR, HAREE
AR, MBS RGTHER (Fldn, Zebbal AL 385 BoR BB K HERG T .
SEbr b, ARV R RS Z M BRI 2R 2 (A 100 R I8 L AR PE R (Jeong et al. 2016; Li et al.
2007; Li et al. 2019d) o HL&&5 2 AT LA LF I AR L RN R &R fxdlt, VP2
RIFR T HET G ED = E MR, A THZEMEE (ANN) | SN iieds i
WA (LASSO) « SZHFAEHL (SVM) FIBEHLARHIL (RF) %5 (Anna et al. 2018;
Cao et al. 2020; Liakos et al. 2018; Norouzi et al. 2010; Peng et al. 2020a; £~ 2022).
%l i Leng and Hall (2020) {55 FH A% &5 (1) 26 14 [m] = A5 20 0 6 ATL AR AR AR A 32 I 2% [
1980-2010 41 oK EAAL . 45 R B, BFEALARMAL R (r = 0.93, RMSE = 246 kg/ha)
ekt [m 387 (r=0.51, RMSE =506 kg/ha) MR EE & . Li%k (2007) f# 1%
AR 2 InB AN THE 25 (ANN) F2 AR B 1 38 [ o G A0 T J5 X 1) £
K KE =&, MATTRIANN (r=0.73-0.97fIRMSE = 518-1281 kg/ha) 2 Jt[E A
(r=0.58-0.93 F1 RMSE =868-1681 kg/ha) . Cai%% (2019) Wi B frE iz 5H1
LT G, SRR /N = Bl AT T, AR B A REFrPERe
(R?=0.75) « TEAFIRINLERS: i, ST i AL AR AR B Ll i N
TANF AT 58408 (Rehfeldt et al. 2012; Singh et al. 2017; Zhao et al. 2019) , H H{E/”
PN 5 T BT R (Han et al. 2020; Maya Gopal and Bhargavi 2019) . /41,
Han%§ (20200 XFHCARNLASE I GCRmENL, mnd 2 R EFBENLRMAD
AT AR I #S  SIFEIX = /MR A SR I U oAb, HLER 2 2 Be % U B A T A 5
XF 7= B R A S 1 5% ZR A R B A

SR EHE O H T IEY =& I ESE 2022; K& 2021) o %
G 2 A5 BT R 5, a0 IR e AR S fe ORI g e A o TR AR A
RedEE HE . EWr B2 A LKA 25 0 (Alexandrov and Hoogenboom
2000; Chakrabarti et al. 2014; Wang et al. 2016b) . 1, FE A H & &S EEE 33°C
AR i e it A 2 Al K b 52 e S B 1) /N 52 R KR (Barlow et al. 2015; Dawson
and Wardlaw 1989) o H F AR/ T-0°C IR i (U5 5514 5 V) AL AN B FFF R
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BEYIMXK (Barlow et al. 2015) . TRtk S BERWIEY &, B, Wt
B ol RAERKMEN, e S 2= & KiE T (Schwalbert et al. 2020) ;5 /K
A EESSRRE, B SHANT, XutifEREaE, SS8 REE % (Liet
al. 2019¢) o TIEFFERE VAR EIEED K — AN EZER R, BRI
i 17 Be 708 EATTRE 8 AE L LB A7 A0 AN R S8 41 S 4ERREIAE K (Folberth et al. 2016;
Wang et al. 2018b) . [FlItt, iX&& - IA (AR & 0] DL U S/ EYIE e = E i 22
SR, FFAMENTNEY P 2N . Cao%s (2021a) 7R/~ MR EH T H35E M
B (Flan, L3R, YRS E. pH E5) , XTI 7 HELIREIRE 5 AR
R X

WAk, TR R AR FR B BT S SR HL AR B B BRI K, B
SW NS E TR (LS 2013; BEFHELE 2016; 5K4H4% 2021) . H
W — A Z{E M T2 (Normalized Difference Vegetation Index, NDVI) FlIH 5 4
f6%L (Enhanced Vegetation Index, EVD) J&% H P AME# L. Chens (2018) |
FH R SR A HE A E I i AN AR 2, TR XA SR B E A, D
b SR X RUBE b2/ N2 7 B il B B HE R I o A AT] 45 SR s, R2MN0.26 B5Im 2] 0.42,
RMSEM 1012 kg/hal#/> %] 737 kg/ha. Wang?s (2020d) JF K 7 — T EEMAEY
VIERAY (BEPS) KHE S rf [ 2R b Hh XK A (9 S br = & X H 2 (Al Ry o Al AT TR 30
BEPS HERIR ML T HL X K HE = B I AT S 4k 11, nRMSE/NT20.0%.

ST A A% S B 48 E T B TGV AR TR S 18R I BRI AR A 6 A T RE AR AL
(GEEZ%E. 2021; BE4MF A1 BB R 2022) o BbAh, SXPANE BT AU,
W IR HERA I R N S IR VR AR BE T RE IR S2 M (Wang et al. 20200) o HiXPMES
PR R B b, H 675 5 4% 2 %¢ 6 (Solar-Induced chlorophyll Fluorescence, SIF) 1]
DL 1) SO A A AR BRI G, DA S AAT 0L BE R 82 (Dechant et al. 2020a; Dechant et
al. 2020b; Song et al. 2018) . #RTf H FiI K 2 £ SIF/ ™= 5 1) 4 H R E AR, H —Lemf 57
F GOME-2HMIO0CO-2 1 SIF /™ it K/ S ARV A 77 71, SR, 5 H i GOME2 A FE 4%
#= (40x40km) AR AEAEH ) B A H EPRL . 5 GOME2AHEL, OCO2HA Eimi 7>
HEZE (1.3x2.3km) #ATMH T-OCO2 447 IR5r 11 (Bacour et al. 2019) , P AR HE i
B VG EC 2 H 8] A2 B o Duveiller®s (2020) 3T GOME2HUE il 4t i1 14 R 7 i
TER T — B2 [AFE 5 90.05°%0.05° I STF /™l o SR Fa RS I AR AT AT 2t R 22 1Y)
R, TOIEAER R BISIF RS R/N, BRI AE 2 A1 o o] BE JC I IR 8 9 I RLAE 4 A 2
AR H ATE 28 B LG = I TROPOMIF S i) 32 B, HZ 7= i (R (8] 75 21 550 5
QOI7TAEILH-24) |, HTPERE AL F R AL s s = AR 5
SIFAHEL, NIRVEPRE# L LA % (NIRv) , HIMODISHE#E 41t 5 8 .37 FNIR
SO #E (NIRT) FINDVIFISRIR, & BA B RN 2 3, Bl DfE— @R Ex

6
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MAEME I E1ER (Badgley et al. 2017) o 4, NIRvSSIFEARGRIMHIM, I
REFHIE T SCoe s, AR LA Rt IR FE G G B T BE VR FE I 20 A R 22 U . &
R R TUMFLUXNET S s A& RS E R, AR FE 205 B2 I R RUBE F 235 GPP
(4R A AL (Badgley et al. 2019) . HuangZF (2019) = TNIRvER H Fod A4 7~
Tk P 25 SR 5 IR o 77 22 18 B B D B A5 R T A 2, IX R NIRvARER A T X ek
SHERAL T SCRE . BSOS [F] AR A 2R A o 1P I (E AR A T A kAR H 3R E A25°C . Wang
(20200 B TNIRvHEH T BO&E A= I HIIRAE, SR 25T mm 97t 28 iest £ = VR A
Ao AHZ H AT 8 B AS RS A5 XA A A E DX B R AT SR AN 28, ek, A
GIREUR T 2 H AR I R S, Bilhn, B 7 s AR, SRR EW, TREE
IR

GErH A B — A 2R BRI E AT R SR AT R S e PP, T A R R AR S
Tt AN [FDE LA R AN [ AR ER 0, anF R E . miRpa S . R, SRR
g5 FA IR TS B S PR Rb e 3 VR S i 7 TH i) BE 2 BRI (Feng et al. 2019)
b4, HTHLE I T BRI AR KR BT SE, 7R T AR AR 7= 5 5 i
HABKM PR G, 188 S8R 8 2 51 B A& IR A% AR, LR
RE TR e 52 IR .

1.23 (BRI ESET U TER SR F

BT I REAEMRER O 2 N AT = B E AT, DR G ) R E R
EEER . VED) b AP AIAS RS B RS i S E AT 2 A1 R 24 122 H A% (Chen et al. 2012;
Chen et al. 2020b; Tao et al. 2017) o ‘EATA] LAFR A0 AR B AR TR ZI B A, I S LA
W5 A5 AR B 2 [AIAH ELAE F B 520 . 140 Chen 45 (2020b) f# f DSSAT-CERES-Maize
B TE T FOKRRI = &, FEIUS TIRFACR (nRMSE<8.0%) .« fEIZFFH, %4
RS T BRI KAR S, FRmE o HrEY A & B S BERR R Tl T 7= &
(PEHT 35 K) o TEXMIEHT, 1EVEERME T —FE BT M TH, "THTEY
IR PR ) T RN S o AT — L o AT B TR AR B 2 BT A [R] 3 6 AR 7 B (R RS
Bilhn Liu 2 (2017a) 247 T 24E & )5 s hia X &/ N2 520 . Chen % (2020d) )
F DSSAT B8 73 A7 4 /N2 52 T S RZ IR, R LG T AN [A) X ek 22 7

BT I R AR R DU TR 5 0 P, 3 ] LAPPAik AN (] B4 v SR s
N 58 B P ) S AR E N A B P LR 5 (Feng et al. 2022a; Kersebaum 2022) . 51/ 411,
Minoli %5 (2022) FJF LPIml BRI 5L T I BEAEV 3G 5 A BRVEDD = = (5 i
URIL, RIS T, (EPRSEbrr= 20T IS4 12%, XA BTk <
(AL S TR R, FE3 00 — SRR IR N o BEAh, eAb, (EYISE AL AT DA
R — LR R iR A BRI NPT RRSR I 9 HE i (He et al. 2022; Lu et al. 2022) . i,
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He %5 (2022) VLA RMRG RN, KI5k R o] DL Se sl g =, af
VE N SR 52— [FFE, Chen ZF (2019) JET ML X =415k
5 LA 2 DNDC A B Tl 1 AR AR A S AN [F) 78 2548 it it 7= & DA AR 2 SR HEBU 2
b AR RS FT 78 5 0T DAYE CRAIE 7 52 1) [R IR AT BE s iR &= SR AR . 4k b,
TRV B T2 B SR AT S, SRR A& AR 1 2 1R T J1 Sk
(XZEMISE 2022; 22R005% 2022)

RIS 73 A A Y S Ty jC R R 3 AT 1), AR T 4 SRABLZE X el sl 4 2K
BEALL, K 5 R 2 LI B SR R v A A I 5 B ROR BT . A BRASAE A A
(GGCM) 24 T FI L, JF 8 T REBm 7%, CAMFENE T GGCM 5H
[ A G 2 ¥ i S, &3 GGCM. AT LUBSE B 1) e B H 3 B2 PRI 5280 ( Zhao et al. 2016a)
HHT GGCM ##E C& bl Z B T o U . IRE 24, SR WIE RS
Bh2 9] /1 (Franke et al. 2022; Li et al. 2019¢; Lyon et al. 2022; Minoli et al. 2022; Wang et
al. 2021c) o ZRM, TGl ek 1ol s a2 A R AL, BN TR T fife 17—
S P B8 R ity A S (PR, R R AR . R R . PR AT B S B R T
AR o 40, R 22 BRI R B0 iy iR i 2 52 N 25 KA S AR R AN o A1
(IR, AN B FE A B P AR o IX I T RV AL P AU A
Pt (Schauberger et al. 2017b)

Y TFAEPRR R Gt B AR AP A SR BRI, B IX AR AT 8, LSRR 3 |
ANHFIRZ A GREAZE 2020) . #lU0, Feng 2% (2020) iEit APSIM A
ZMERKMBIRC e CEYED RE4am R (T2, miE. AEED
B AMLER S IR, 35 T 33% MRS B . BBV E M B AR BRI V5 78 725 R Al
A E, SECHEAA M. L % (2021b) SiAa1EWREEAL (MCWLA) SHl#s
21770 (BENLARMAEEAD R4k 7 TR B PAl, FRR N T ARMARES . SR10, TRE
PR TR L A B RS i ) AT B 7 ZEVH AR K B v SRR, X AT Re S BRI 5 VAR KRS
IR

124 ZERESTNAR A HE T

HAT, BRI (GCMD i th B Eods F R IS VR Vs AL 2 Kk 73 dr
AARAR S P B R I H D58 I R 8 U AR A 38 B S (Asseng et al. 2013;
Chapagain et al. 2022; Wang et al. 2018a) . —&Aff 57 fiff F B — B AL 3 Al S A AR AL X
FEEEZH (Chen et al. 2020c; Jha et al. 2019; Yang et al. 2015). 1 4 3& F/Ep5 2 i
W 25 B B B I WA B 1 it B i FF - (Huang et al. 2020; Wang et al. 2018a). A1,
H T3V 2 B R AV R A e B, B T AR i E AR Y B IR R AN e
Pk (Dokoohaki et al. 2021). IXEEAHHE VE AT RETCIE SR T SE(E 2, FF ik — D IR i



wow i

LR RERARFEEFIN (Chapagain et al. 2022). K, FETF— MR AL E
AIRKEIMZ (Asseng etal. 2013). A T @ AMERI TN, E/EY BRI K T
ZAEYIRETLAT GCM FI4E R (Asseng et al. 2013; Jagermeyr et al. 2021; Rosenzweig et al.
2014a),

SRIM 2 T 2 B A AR RIAEE M (IVESE 2019; MfhiA MERE
2018), [AIULFRZE 1 i B A A ANE 8 MR 2 BRI, DS ) 2 ok S AN o PR 1)
Flg (Wang et al. 2020b). #FFLRE, S Ag-VEVIE RS T7 V0 P B Pt (0 AN
EVEEESAEENEA., W AEE . B RER R K (Tao etal. 2018; Tao et al.
2020; Wang et al. 2020b). FEIXELRIEH, Fp AR BAFED B S — AN 2L
(AN E TSR, TR RE MR T B ) T

— LR AL T R T AN E ORI, AT Tk e — ek KRR EE 2 GCM
ARV, AT &5 SR AR R B E YA 2 F EE AT E Rk IE (Asseng et al. 2013;
Tao et al. 2018; Tao et al. 20200, {HZ&, VEWIFI AL 802 1 B AH & Mk ?
Wang 5 (2020b) XJ b 1 BRI PR Aty s R0 Hp ] (R P Al f s R BIAN A 5 14 SR
I PRI S 1R o 0T TR ORIV B e /R N R, & T R (Rl S, BRI
A 5 F T ', B DAEPIBA 2 = ZE A E R IR . SR TN T [ i e b~
JR, X e T AR A = R, DU, X0 B 7R T i X ) 2
(AN E PR o DRI, AN E PERVEIE A IR R B X 38022 57, T RS2 AN [A] () A 2 2
FALLS

A0 T A BRAE SRS, 7 5 T ) AN 5 1 SR 5 A An AT 73 A T W 2
Xiong & (2019) FIH 3 MEYEILAT 5 4> GCM 341 T ABRA /N FEA A X A &
PERUE, &5 TR WD T A AR g I U 2, rh s 283 3 X ) AA AN s PRIz R TG
A EI X . AR A R AN PR KT HA R IR S A Mller 55 (2021) fEH] 9
AMEVIIERLF 45 A~ CMIPS 1 34 A~ CMIP6 [¥] GCM Tl T Aok g2, Rk, KEEAN
KA EAA, Far TAHRRIATE . ERBRVGHEIN, N2 KA
€M T E HAEYIRBE AL g, AH R SR KA A PN B8 R8RS . B R AR AL A Bk
PR AR IR ISR AL T e T B AN R S AR FE ), DR s (R AN i AT R
PNV FZ M AN 8 VI B DT AT T AR ERIAR G, FR ATV T AN E I,
SR, ANIA] 7~ DX S A A R R I AT AT SR 5 ZE At o TR SR ok, AT RE A X e
A4 B &5 R B8 A ) T 1) i

B (RS0 T AN AT SR G AR R B2, SR AT DA 43¢ HY — o 230 B AR
R AR BASEA E 1, AT ABCR > 1H & (Lee et al. 2021 HRTIXFERI 70
BT AE SRR DL SR SRR B P %2 o BT ALR I, 186 5 AN ) GCM
A LA BB P EE S IVEE (Ruane and McDermid 2017). SF T/K SCHERL, G AH
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KT AT T A E GCM & T Il K SCB U I AN E PR, A TR I, 2B
A 10 4~ GCM 7] LLA 2000 IO H BRI AN € P (Wang et al. 2020¢). A1, 1EAK
b 75 X RE [ 23 A e /b T E DRAIE i BB A 2 S 14D ) B k2 A 2 50 T DA A E A 2L 1
TUR . —YEHF AN b TN B R A AR A 0 ) S P E LI RE /) (Falconnier et al.
20200, fRAMEA T 25 AMEVRELAYL, RIS S AU RL 7 B 1) 22 S Bl A S R Y 4
IR g, D FENLIE R 8 MBI AT DR B LB = RIS SR . Asseng
& (2013) fEufi R R IIBEALILSEE 5 MEVIRBIRIEA BT DU Bl /)N 22 777 B J0) 4
IR E M . AR AEAF X IR, CAEFASFEEY R RE R K E R . 1Ak,
IR X LR AR LR BRI AL, B4R DR — L R, SR AT BRI,
DAt — D PR A & . Rk, 3 — DR AR A E e N ECE , mT A S84k
XoF 7 R s 7 T A AT A R R AR S

bR TR BRI B R, — i 22 ORI B AR 2 R AR [ B 5 RAR R AN
BE M. — SR FURAD, 7 IR 8, SR 0 e — M AL T A B A4 ™ B TN A
B e PRI TTER (Midller et al. 2021, X BAAXN AR R T DR HES25, (BRI
TS R E MEEAN A XIR E AN Rk, i — SRRk 7 —Luh i, Jf
3 i B ARG T X AN Sl mCANEA E 1 B DR o AT R I A AR R 22 R I AN E
2 PR 1 17T 57 ¥ (Wang et al. 2020b) . SR, iXATSSATCi20 T 2 BRAN A X 42 it 2%
BT ARERANE X, BT R AN e M, AN R XA R RN L G R DA S ek
AR R S

B 7 IR ) — e ] A K I, % TR — B RO 22 B TR 22 Hut e s e T
HZ R . A —ANEBOA RTS8 02, B — 1AL SCOGV2AE R 1) J B tH 8 Pl &
145 2o (HE BB IRAFAE— A 8 B T A AT (R i B 22 57, AR AP
Al B2 FEON [FISLAL A AR AR BLHRTH , e R B A WAR /N (Swann et al. 2016).
KL, FIRER AR THEE, BIFEE THRENES, RIEASH KK WZE,
AT DU AT B R AR A 2 R AH ELHRIH BB . A, o TR BUAN A e 1 ke Ut A2 — A
(1o nFIEFERIEVIR AU I LU AL, B4 GCM W] BESL 2 O AN & 14 1) 32 5 A
T IRZINR . BT DR R IR B0 T AN E 1t o A H st A AR KR i . SR
H AR DA B 50 LG IR B 4308 o AHIE FE00Ks [0l X oL 22 1) R, RS AN E 1
DA KA AR B R A A B
1.2.5 SR E F 547~ 2 HIFM0

KA T2 om0 — Lo Jm A X ) <Ux AL, 5 R RGAEF VIR (B
ZEROA IR 2022; BB L A SRIEE 2022). S EIKE B 5 TR SR VE T
Ji V35 (ENSO) 2 55Mi 4 3R{E Bl 1) RS (BRi et al. 2023; 553 etal. 2006).

10



wow i

#iltn, 7£ ENSO fE¥R 1) 54 S BUR-H i AR W 2 (R IE A OC . T8 [ e 36
[7i) 2R b S i 2 AR 2R 30 R A A D ) 2R M Al b A D 7 5 08 (142 ) (Waang et al. 2000
FEJE/RJE VAR, 2 B JE V0 V30 X PR B Y Bk T, A AT T s A R
AR R RSN . B AR TE MR [ IR R Z H T R R RIS, B AR
FLCIE LR IFGR R 5 — AT AR NP R R BT A e —FROR UL, TR IR S
%, JE/RJEiEatERsE (Cai et al. 2020). FLJE@FFEANS)E/REHEAHR. BT ENSO
fb, JERPFERES (NAO) HEIEE AN T (I0D) tHXf AR SH & R B (1 #20m
AT YER (Jones et al. 1997; Saji et al. 1999; Saji and Yamagata 2003; Stephenson et al.
20060, XL LN EERAES . SR RAAEFA AR,

O RERSCE AT T ENSO XA [E 7 18 7 A B 5200 o 51 40 ENSO 2338 i 38 AH ¢
UM AR AT RO X 3G T AR B A 22 4, JE Rl iR & A 2 NI L
M@ B (Anttila-Hughes et al. 2021). t4h ENSO i85 — S [X ph 93 . 2L HEH)
PR BILEH R KM (Hsiang et al. 2011; Islam et al. 2004; Le et al. 2021).
B4, Le 5 (2021) RKIL ENSO XFIEHH FEEMAISEI V22 Hh X 1) 388 & A il b ik
g7 HA B, 7EARK, 52 ENSO S2m b X A B hn . flf 1 58 0 5 25 1%
WEE RN AL, ZEFT RS EST ENSO MmN B8 . B4R ENSO AN H Al
X AERAS AR A B K AR EL, (2 WUERAE A AT I 5 R 25 18 ENSO, 1A il —1t
REEREE . — AR 2 2019 S k9%, ENSO fE 0.5 A4, 1 10D
JEAE— AN IE [ U AEAL (Liu et al. 2022; Phillips and Nogrady 2020). 1EAHA ) 10D
FEC R 7R TE A5 R IR A BT R0 AT DA gk K R 26 A 9 3 BlURe KRBT K (Saji and Yamagata
2003). b4k, NAO b BRI U5 22 520 . 10 NAO  7E KK 3K 3 35 T B
B 7K R R R A AR R AR i A7 100 5 5o 12 10 DX BV A 6 43 W 2 A 45 1 FH (Bastos
etal. 2016).

FELNVITTH, SAEIRS) R R EY) ™ A IR R0 . AL T JE TR R R T
Fe L, ENSO 5 i 25, W1 LORME B2 142 4w Fi (4 15 (7] (Tlizami et al. 2013; lizumi
etal. 2014). JEEM LA E T 21485 (10D, NAO, ENSO) 25&EMET,
RIAERA KL =457 2 ZWHLIX 32505748 55200 (Heino et al. 2018). 7 & Z A [FA]45
A ZES, AWFEH TAFRPEYBE, B2 T AR & N g R 3R /e R
FEAERIE ST, AT AR SR BIVEY P B SR AR S A s I R, T 7 S 2 HE R T
TEOLR, XU AR 5K (Heino et al. 2020). Anderson 25 (2019) =4k TS f&%
A SR A T AR e B, ARATTR LB R JE i e )7 %8 (ENSO). B FEVE SR+
(IOD). #ali KPUVEAEZ (TAV) MUILKVUEEES) (NAO) HF LBk E K, KEH/N
FEEN 18%. 7% M 6%HIA& T, T ENSO. 10D fl NAO ] LR T Tl /EY)
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PR, A B IROR . DRI SR A B AR E ) AR 7 S T S AR e [R] RO R AT LAAR
AR EOR B RGO A J< i R HIRAE E

A — BERF FUAE X8 2 A A A e 0 = B R R2 e o 510 S5 LR 09 XS 1Y) A%
5 R 3 RSP B KRR S5 4R 3% 5% (Schillerberg and Tian 2020). FATIIX L
W FUER S 2R A i), UM 72 32 SR P 2 S R AT e R JE I . Wang
S (2020a) LML AT EAL T ENSO MHBRIMA /N B . 4585k W], Wl LA
FEWCRIF AT = A H BI$E BTH TG — L /N 22 7= B84k . b4k, m 77 3hiEE (SOI)
A H AT RN FE FMMED B R EER R,

AT S OB ER R (SST) 8P & 71 (SLP) AR L% &

(Collins et al. 2010; Hori and Ueda 2006; Vecchi and Soden 2007), MIM#H KT ENSO

SRR R R T AR . B0, HREE IPCC FH/SIRPEAL RS (AR6) HIPUF AT REHY
HEUE 5, it ENSO X SST A8 R K i (Cai et al. 2022). Sl BT 7T
R, HPRER IR BB A2 T (SSP585), Tilih ENSO 515 Z [Alff) 56 & 5 5 ( Singh
et al. 2022). XA AT REFLIH IR B A" T RN SEARR 32 9 2R 7 B B
ERZM LI, G B TR RN 5 2 I (R R RO AN R AR 54 . 2R, H Al
A AT TR B AR R IR B R 3R 5 A KRR BRAEY 7 B 2 IS &R . siAh, BART
R K 22 B0t 98 0 2 0 AR AR R AR 7 B S A R B I SRR 1Y, IR AR U &
M B FE LR R

WARE RGBT INRERWAAM EARLE, P2 KEPEFNEFRRE R 552
an, LU HTH 2R X B2 e 8o B B JE 5 &, R F 2R
15 SR A PR 25 AT LB 0 A A A S AR £ 22 42 22 [R) OC 2 (Y BEAR , J0 A 78 1 05 fige XU
BRHIHLIX (Feng et al. 2022b; King et al. 2020). R HRTE4H L RENL TS
AR Fe 0 P B, AR XA A — AR ? Feng 46 (2022b) KIS
{i IR 31 R 3= IS AN 2 [ E AR, B ALk, WORRINE /N 7= 1) 3 B IR
AMRZR KA T EREAL, XMW IURAE 2 ERIEE N EAA . SR, B0 2 xR
BRI ZA A BRAE Y 7 5 S ARG A S R AR AL S ATI AR AR AN A2 5 R i) A2 AR Uk
AL o

RAFRFEE 0 A = 2 T, V3R AEEAR RI A E 1 (Jagermeyr et
al. 2021; Lee et al. 2021; McKenna and Maycock 2021; Miiller et al. 2021). K, E#]
B2 0 B B S A BRAE D 77 B 0 o3 A 77 AR BRI i), X AR KRR B B3 hn 1 A wt
FIATRE N . 1 MRS 70 A i AN 0 1 1 3 B UE AT LI E SRms sz 2, BAD
SEATENE, FFPE R XU I A g it . EMEY T 2R, K2 He T
PIRE R I, VYEDIRL AL ANH s TR R IR . SR, AR =N TR
ORI BIASHA E 1 o 45 )2 BT =g i 3 T AT A BRAE P = P, X b AN 8
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B AR

PERT e BOR . AW FOR R TR EIRAF AL IR, LASR iRy R AR A B 7 (X
M B AR, XNHE RO B RS S RAEEE X

1.3 #iRpEARYE)E

BT o g B P DA S S AR AR A SE e o3 A 7 T AR A IR, HATSAAELL T
JUAN ) R 5 1 — 2D 42 4
(1) HAETCA Lt gd 72T I~ E R (Jiang et al. 2020,
Wang et al. 2020g), SR K 2 Bt FE AR BCA TR FUM R AR B0 7 B Tl A Ve A 52 10
Bl tn— L AR AL, TRV B IR EL. B — et R T 2 AR A T
SEH T 5P R KR (Li et al. 2020b; Lin et al. 2021), {BIR 28 7L 5H 5 BRI
B R o i 26 2T MR ABE AR 1) 70 B AR HE AR U DR 7 A AR i Ui 5 8 5 7 2 [
FIEEZRME R R
(2) TEWBFRZ A EA T WL R el &, TR IREY &,
T4 BEAAH AL A Ut A — NPk o ARATT 75 2252 i A U it LA P AE P &
B ml e T XU, ORAPV R AIAR B O] e AR 45 BN M . BT — Se i 7T AT DABR AT — A
A LA TR 5 (Cai et al. 2019; Cao et al. 2021a), {HEIX LM 785 A % F& B4y 52 A
KEBHBURsE . B, B 50 E R TR e A KR B S s Ay, DASE A
TR A7 5 I B oy Aol A = HR 4R R
(3) W T TR RIS EIR R (B AMEDR AL LTI = A
(A aen =57 S I (S /K it U e TR S A (B 7/ G o sS/  R8 7 Re (P= L
(Rosenzweig et al. 2014a; Xiong et al. 2019), F74b, HEIKZHAEVEAEBA % &
o EXS PR . AN, VRV SRS AL BRI AN EME . AR — L
WA B 1 7= 2 T R AN 2 14 KR (Jigermeyr et al. 2021; Tao et al. 2018; Wang et al.
2020b), fHZATIANTE 2 A [RIBEAY [6] 1R 20 DA B AR Y 250 8 dan ] s e A R 1) AN S 128
(4) BF T UEIKSN I 75 7 8 1 5< Z AT LA SE 5L F5000 7 5 ) AR A0 O ke
=P IPLE] (Anderson et al. 2023; Cao et al. 2023; lizumi et al. 2014). 2R 1 K2 EHt
T TN, o MR R IR 1 5 7 R A HEZ X & - (Anderson et
al. 2019; Anderson et al. 2020; Heino et al. 2018) . S ABEARAY, L M 5 % 20N | 7] B 25
M S A DR B DR 7 AR Ak B (9141 ENSO. 10D A NAO). 4R1fi H Al i AN 4 R KA
(AR N X LL R Eh K5~ S5 1EY) ™ B AR &R .

1.4 ARAB AR R L
1.4.1 ARAR
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(1) FIFH 2R IR 5 AR B 3 7 T AL A8 2% 3 107 B A SR I o Hr e 1k i )97 56 2R

ETRG8E. AEEIE. HEEEEIE. ARPEEREE (EVI. NDVI,
NIRv) . B3 BB EANEY) ™ 8 208 R FH BEALAR AR (RF) IS HF [m] &AL (SVMD
TOI A& /N3 77 B R LA (RIS AR AN [] DX 3 R ASEADURS FE o SR 4R A AT %) = 2 it 1A
T, HEMMATWEZEN. &E T TRE 752 RAELE L R,
(2) Fa g7 B TR ABE Y S R 1 S A K P B

BT Z WA E D AN RS (&N FEK BEK BB —FHH.
WEFED 45 G BEALARAME LAY S T L35 2% ST R = R TR o 6 BUA [ JH4 B B A4
ARG EE, R OB B M B 0T bb A A [R] X 3 A0LRE B DL K e A Tk st B 1 22
BTSN AS [R] A2 B B B R
(3) FETVEMIBLEY 73 A1 AR SN AS AT 77 B IR 52 08 S AN o M 40 #ir

BT 9 MEVIEERIAN 32 A~ GCM TN A ER/INE . BoK. KRS KERF 2.
Xof bl 2 R AR AN I A58 DA S A2 BB — AR AR T AEL Ak 7 [ 7= 22 0 o TSR HT
Xof 4 DR = Mg AT ORI 4, RN 12 DX, T B — R RS B R [F
TR 25 R AT IR T AN RIS 20 A AN 2 P o 385 T AN e M4 #7777 CANOVAD
INTEBRAFEE (MR X3 G5 B E MR S8 7 B A RS B 0
AN VERC M, R H D A R . R AN ) X A — R 0 7 TN AN A s PR
DTHR -
(4) BESLIETHLES S ) SRR VR A B B i At S R IR AE A 7 2 T

BT 9OMEMBAL, 12> GCM., BEHLARMRABAY . o e fa . o U A g
SLAEPIRR R G5 G 38 2 2] BOTR A A AR Ak B rp (B AR B AR CARHIE 9 DL KA
KENHD . B SSP126 A1 SSP585 11 T T KM T =838, Xf ELA/EY5 AL A
RGBT 2200 o 43 B PN R 5 7= B A JR 2R PR B OC 2R o AR5 XA 8 B AN 1
EERIR AT A
(5) FIFH GBS VRV R 7 v 0 A KA R - R E W) 7= ) 5

BT 5 GCM BRI T SRR K E ENSO. NAO. 10D (1900-2099), Ff:5%t
LU 3 SRR R AR Sk o e AL 28 2 ) 45 G RIS Bt T3 S R AR SRR AL R 5%
AFEER) (32, FoK. KRG KED FPEREmPAEFET, HRAXERHL T 5%
FHALAT = BRI . R B Le B I v] R R B IR 2 MR B 7 X R 2 . it
AN R /EY) = B R ENSO. 10D, NAO Jj 2 AR Sk BURPEAR L . SR 7
W%t 9C BT AELE AN E

TR, ARG TR FEA R L IX o (H225E P > Tl
PR, TR ORER MU R I . PR, 2RISR R S, S TR A
AT Horp, 555 AN = 55 T LA 21 40 4 I st ) A AR At TR VE )
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B AR

PR IR o 5T 1 T80 R TARAR A AN [F) A SR TR A [X 7 B I A S AN
FETERIFENE, KT FUIX Y e ik BB AR 1 A HLE 7 > 2R AR AN 2
VER T3, (HR VIR BTSSR I BEEBR B, R0 Ar 7 X3, SN TR I 5
EAEYIRRL TR i KRR PR 75 P B A o 35 T KR 7 s AR AL 2
SERVE, D BEAHT A R 1 R BRI 1 ARRARAR T KRR X a2k
77 AR o

1.4.2 FREEZ%

RFETRGEE LoV EE . s, Bgeds, SR UdE 45 & E it
RAFIHLES 5 ) AAS [ RBERSUAN TN 7 AEY 5= & o FE0 A 7 A E 1 DL R BB B A
PR RS . FEAFRE: (1D ETHSRZE I UL ZIER AT E S 50 (2)
SEHL T USRI ET B PR B TR, T DU AT 1-3 DA AR LR TSR, (3) R T —
ASHTIRELL R T ZRIR L5 70 A 1 R AR AR AT AN R4 7= B 1 5 ) LA K% TR0l 7
AN (4 EPSEI SRR Wi EEE S RFE R e EP
RO = B BTN (50 FFHBLES 7 ) 45 SRV 1) 7785 0 i RSN R B X AR B
2R . BARFOR LW E 1-1 Pis:
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Fig.1-1 Technical route of this study
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BT ETNHFITEN~ERESMEEERNN X
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EVIP= 82 Z PR SR N 7o, QFERE e M i HIEReE . SR E. AR
LR B, E. R EIIEY) BN TR E SR R R R E . AR,
AN TR PRI B (e B AL AS 7 S A B SR, 206k 7= & Tl AsS i A JE S5 i 45
AFESGEARR 2T EEMEY L (W NDVIL EVIL NIRv 558) Fl - 38RE £
S . BbAh, ANFEPRERE (BaA R ST ED EA FA & B Bt = & 1
LRt N ok RN TIRNIE T . RISk, AWM NG, 7R T AR 85 /D
s IR 7, i 7 EER BN 5 50 B AR C & .
REMFEHbRAE: (1) T 2R B RLES 5% SR, T [E N2 =& (2)
AL TR 7 A (3D J B 30 R o 3R /N 2 7 AR A IR S

2.1 MRHFTE

2.1.1 MRXER

AR ARG E =ASES X PEAETRERLX (D AL i 2 i i o b
X (1D, AT X (0D, FENEZEMETA ST 2.3 x 107 A, H
TIRENE G R . HiEE 24 (Piao et al. 2010), A[E T XA SEBRIAEE S AE AR, %
TEVIMISEMAE AR . PR, D 7 AP TR N2 7= e, MR M B RN A A5 -0/ 22
FEIX K53 R =AF X3 GRFATE 1983),
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Fig.2-1 Map showing the spatial distribution of study sites (orange dots) and elevation (gray shading) for

three sub-regions in the wheat-growing area of China.

2.1.2 #iExIR

ARFUCER T4 E 373 Aub /NS EAE . KR aEE 131 MR R
(2000-2013) £ 242 N FATE WlsE (2014-2020) HIEE. BT PR EEE kIR A
B SEEAOR N E AR — 8, R A EIE & 9F, IR1H T 2001-2020 EH/NE
PR . EBIEIRECR, AW ACHERR T S AR Y DA R TR TE (£ 1S
IQR Z AMHIHHE, FLAEH T 1936 8. SHURE R/ NEEKENHINAME: #&
Bl B orEE. MR IRT. R FhEE. FLAGRUREIH. AT G Hb AR TN A
TAEA R K BOSHED = B R0, KN A KT A FEAKIARLA 2
T1: $FF-2EEH (11 A-REE 3 HD; T2: ZBE-31I (12 A-REE3 H); T3: &K
A (3 H-4 A); T4: hEE-EIE (5 H-6 A)D.

BT IR R AL R EOT F T M E Y AR KR . AT FLIESE 2001-2020 41 [H]
() NDVI. EVI F1 NIRv 1ER1EY = &R0 5 . NIRv #0472 il LU VOB EAF
FIARE P2 i, TH5A NIR AR NDVI )3 (Badgley et al. 2017). NDVI. EVI
A NIR SRk H 16 R AEERAE L FEE™ 0, 2218 73 #8285 500 K(MOD13A1 V6).,
PTG IR AR B M Google HiERTI % (GEE) “FHHRELE NG5, ARG A N vk
SO KB B BN B B T 3548

TR R E Y MR 5 TR FEAE F o A 72 ) T AR = A IR E
TR R+ 3G HUBR & 5 (SOC) . 3758 5. (SBD) AR L HIBH B 722 ¥ B /1 (CLAY).
X L - R B R B b 3R A AT B4R (http://globalechange.bnu.edu.cn) .

AHIE T AL FH PR A A G T D]~ B4 A A B AN AR o g 5 4k (ECED . AR
s UNMEKM B (T1-T4) BIIEE (Tmean). FE/KE (Prep). KIH (Ws). FHXTE
& (RHum) FHBEEE CH TR KRS, Rad) BIFIHME. XLk A E
SGEHPEILEM (http://data.cma.cn/) . ABFFCHE T AN AL E A IUFD ECE,
DU B R FB iR TR K. i (28°C) FIFEE (0°C) FHAFo Al E
e T AT [ i A ) R ARt AL K Z& e 2 (SPED M TR & YA A K
I HA T 2582 . SPEI Sl i bRt L PE /K E S HAE ZEBE (ETo) 2 (A1 2 5K
EN . AT EFHIX A KA T R0, SPEI LA 1 AR EREEHE.
W= Bt 52 B B K B v A K IR B B o /)N R A B KR ™= B B2 1 A [R]
BT W FEAS [F) B /KB X /N2 = BRI, B/ NRR E D RS (BE/KRAE 0.1-5mm 2
M EIRED, HomfEKER R20 (FEKEKTEET 20mm FIRED.

2.1.3 ERIE
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Fig.2-2 Framework of the wheat yield prediction model integrating multi-source data with different

machine learning techniques.
E: Ed NDVI: b Z AR5 EVI: HsR B g Fa 2, NIRv: [l AR % (03 40 40 S 5
R, SOC: HIEFN RS E; SBD, TIERE,; CLAY, FEHIMHE A #HAEE; Rad: KFHES;
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Fig. 2-3 Correlation matrix of wheat yield and climate-related predictors during T1.
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Fig. 2-6 Correlation matrix of wheat yield and climate-related predictors during T4
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Fig. 2-7 The cross-validation error rates (RMSE) in tuning parameters (Cost and Sigma) for SVM using

training data sets for predicting wheat yield
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Fig. 2-8 The cross-validation error rates (RMSE) in tuning parameters (mtry and ntree) for RF using

training data sets for predicting wheat yield

® 2-1 NP B P AR AN Z T RF H SVM BRI L4624,
Table 2-1 Optimal parameters for RF and SVM model with different input data sets in wheat yield
prediction
PR 171k RF SVM
ZH ntree mtry Cost Sigma
M1 700 7 2 0.055
M2 700 15 4 0.045
M3 900 15 2 0.045
M4 700 17 2 0.05
M5 900 17 2 0.045

RF fl SVM #EEIEIT 100 K. EREITHEMEFHBENLE RS EHE 70% 1)

HREAT
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Fig. 2-9 Model performance of wheat yield prediction using different multi-source data. Each

model was evaluated based on 100 repeated runs during 2001-2020.
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models
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Fig. 2-13 Partial dependence plot of NIRv with the relative importance value ranked in the first three
during four growth stages based on the RF_ M5 model. The black lines are smoothed representations of
the response with fitted values (model predictions) for the calibration data. The trend of the line, rather
than the actual values, describes the nature of the dependence of wheat yield on the predictors. The blue
shaded area represents calibration data between the 10th and 90th percentile. The percentage values
represent the relative importance of each predictor generated from the random forest model. The box

plots indicate the variability and range of NIRv values in different sub-regions.
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Fig. 2-14 Partial dependence plots of different climate variables with feature importance ranked for the
first twelve climate predictors in different sub-regions using model RF_MS5. The black lines are
smoothed representations of the response, with fitted values (model predictions) for the calibration data.
The trend of the line, rather than the actual values, describes the nature of the dependence of wheat yield
on the predictors. The blue shaded area represents calibration data between the 10th and 90th percentile.
The percentage values represent the relative importance of each predictor generated from the RF_M5

model. The box plots indicate the variability and range of each climate variable in different sub-regions.
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Fig. 2-15 Partial dependence plots of different climate variables with feature importance ranked after

twelve climate predictors in different sub-regions using model RF._MS5.
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Fig. 2-16 The relative importance of climate factors in different sub-region during four growth stagtes.

Bl 2-16 IS REW, AILTEKX (D FREFE0EERGIEF, RHLEE
T4 BB, U BHLE P S BT B X G ORI R o 32 B Ji PR 2 1 X kg T i
METRX, RBUNZERKZIECRPIES] (Yao et al. 20200, T FX4&/NE =&
S B E K o BRHIVE F T AE KRR & IO 1, R4 d e, S80h
FICEAMERER A FIRE, MK T /MR8 (Chen et al. 2020d). [FIt, I
DX 57 B E FRA R TR BN . 9 s s K L ORRE AR, kb IBIRK
REHL; SCEREEROR, Wb /KR B B85 BB IPU R A SE . T ARAEE R (D,
PRTERS N BRFEMR o X 0] B2 BT XUE 2 INE K 23 78 k-3 350 H 3 RS &)
PR b} 7= oA — 8 PRSI o AF S, 32 B 1 XU AT DA BARAE P ity 3 T )0 P VR
AR R A EREE S, AT ED R AKFEE . X I, a5
& FEIBREI T, X P RESS BT 1% X382 H X A DU )1 2, A28 K BH AR G i
ik, HEEAE, M2 mFZME, 2FEE/NEZRNREASRRFW, 200 HA KA
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Fig. 2-17 Partial dependence plot of the main influencing factors in the three sub-regions.
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BRI R 28 (CNN) AR IAICAZ (LSTM Fi b [ & /N i, I o i m) %
SRS (RN 0.74, RMSE N 721 kg/ha) o [FIFE Han 25 (2020) f# ] RF. SVM #
mETEE AR (GPR) T E 2758, R* & T 0.75. Cao %5 (2021b) {4 FH FEALARAAN
=PRES I HE (CNNL LSTM IR AR I 4% ) 456 2 IR B AR & 1 1 2 2%
INEFER ISR T B RS . (R?>0.85, RMSE<768kg/ha) . [AIRY, Ahfi1thfl
i R BER TR, HohAeuk SR EE B R?=0.71. B A5E R 2 1E WA F Ve 40 B
I, BEARIMEAE [ — A8, Rt T Re AR IR K, DRI UE 7R 22 = 2 HR R 1 4
. Sl el S RN ESE RAMEE (R?>=0.71)  (Cao et al. 2021b) , AHF TS
JEA TSR = (R*=0.74), X 7] G2 U ABE R 45 & 7 B K751 (2001-2020)
AN KRS, DLRCER T — e i e 25

2.3.2 TEMIEEIXT 2 TN AY ST

BEAT T 2 AR AL A5 ) TR RS FE LU, 45 R W R T NIRv 1 BEAL
FRMABA T 2T EVI AT NDVI R . X5 B NIRv BEf% 58 4 Hufifi 48 AE 4 2B K AT =
BIERIERE, FEVEREA RS & RS R S5 ES, RN X0 aEa1EH
5 JZIRE 045 (Badgley et al. 2017; Huang et al. 2019; Ryu et al. 2019) . Lt4Ah, A&
W8 R IUAR LT HoAl /Y, NIRv Ge8 5 b vl #2 2= £ bhiE, 1 H5 GPP AR
IFHIAHSE SR R (FEILE 2-18) .« Peng 25 (2020a) PFA& T AN A FE T P2 MR E (F
U1, NDVI.EVI. Hi % 5 & \NIRv A1 SIF )#1 SIF %4 (OCO-2.GOME-2 1 TROPOMI)
FH T 900000 3 [ FoK AR = R /7. AT R B0 NIRv A T 10 36 [ K AR 527
RRE T LA FR B R v, EERTTLLS SIF =5 (OCO-2 #1 TROPOMD) %
FoH H . XA B VM LT NDVI , NIRv 5 GPP A saFIIAH e, HAEWH
TSI B S A e, GniR i (Badgley et al. 2019; Wang et al. 2020f) . NIRv J&
—FpEET MODIS HJfa#k, BAL SIF /= 55 m 25 A 43 #8% (<1 km) . /48 NIRv
sekT MODIS HIfR%, B E i m T SIF i (<1 km) o SR1M, &L HIL
(1) B 25 4r HE 1 SIF 7=, W1 GeoCarb A1 TEMPO, 3T SIF MI1EY) = & Tl 48
BT ERMIE 7.
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Fig. 2-18 The performance of NIRV. (a) The correlation of GPP and NIRV in Yucheng station during
2003-2010. NIRV showed a strong correlation with GPP. (b) Showed the drought event during 2011 in
Hubei province, the black and blue lines are smoothed represented the time-series change of NIRy and
NDVI. The NIRvy showed suppression throughout the summer months when compared against the

non-drought year, while NDVI showed little difference in peak summer values.

S5RLW] T3 A NIRv J& s /N2 = A v i de W 7 (& 2-12)
IX S DR DRy 43 BEESORT -7 AR 52 76 LS ] 1] B P4 3 21JU8AE (Shao et al., 2013) o (AL,
A DUIE A B FR HOR X — IR E D A KRR S EH - 455388, 24 NIRv ik
F 021 MIBMERN, FNEK/NEr"ES NIRv 3 JLFRL&MASE, FUHEEEFZE/N
EEENEERGIFZE. A, —H NIRv #id 021, NEFEJVFRAEL (K
2-13) o RUFHABPE Z0 /N 22 7= EADGEAE BT EA I FRFZm, lhna &1 H 3
(He et al. 2020; Liu et al. 2017¢) « I fEBUKHFE S I Z (Chen et al. 2020a) o 14,
HTEA K KB MRS R BB, SCEERIEA SR S REAEY
FEEEAEMAK (Wuetal. 2019) o Fitk, #E0Y NIRv K TiXEER, /EY~82%
FIFHAMRE R S EFFEAED R ZRGD RS . BT NIRv 1] PUEA R B & 1)
BAREEPr, HCAEERSEXRREFIRRKHK KR 747 T NIRv 5%+ 1)
WA RLIRHR, FERTEL 7 HARZRME R R BIE, KIVEAR oG N4 57 855K
e 97 T 2 bz al (P 2-19) o BB R 56 AR AR A0 7= B R 52 il 3 82 J8 0 52 e ol
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Fig. 2-19 The response curve of climate and VIRy in different sub-regions during 2001-2020. Black
lines are smoothed representations of the median NIRv value (left y axes) respond to different climate
variables. Histograms (right y axes) showed the percentage of each climate variable in 2001-2020. The

box plots indicate the range of each climate variable at different time intervals (T1-T4).
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W TS5 SRR, RBHARSAE T3 A0 T2 JATA] 2 B NIRv_3 2 A 5 2 () xR &
(LI 2-12) o W TERSRE SCEEH Z A DI R, 1 NIR /{6 E1E
B ARSI 0] = 2 e Bt 26 5 7 280 NIRv (10 87 22 & ARl (O
B 2-13 FE 2-14) o Beoh, EEER (GIIERD LA R SCER (-5
A RESIR IS BTN =B, 2 RHum 1> 61%F}, T1 8] A X 98 B X N 22 77
BrEAEAmE (LE 2-14) o X ATHE2 A E AR B 2 5 I/ E YD B 55 i XU
EAA K2, SOC #£ RF_MS5 B 3R B2, K0y SOC HAVFZ M nikat,
P T E A EY A T, IE WSS ET A 5 BT FE 2R 1) (Hammad et al. 2020; Lal 2006;
Majumder et al. 2008) . 2§ Frost 2<90 K}, Frost 2 /N2 r= & A M s . X A2 K
RNGE TR B EIR S A Be s Rk, IF BAEE IR F I B A B s P M (Bergjord et
al. 2008; Xiao et al. 2018) o U4k, WFFLMILERER, T1. T4 A1 T3 HE RO 5L
N E (LB 2-14) , T/NR PRGN 2= 8. R R IE BR  FT e 2> B4
AR, HMNERZERE, XMATEEHEAANBAK. AT/ EIE, N/AAM R
{538 5 P B AE IR S AR, /DM SR LK S E A KB A BR . b4k, T/
R PRSP 2 S BE S, LR SR AR SR A T IE B SR A, o s hnn S I R
(Harvell et al. 2002; Lesk et al. 2020; Sun and Woods 1994) . fERAKNXIER, X /==
WA — & B E R o g, - i S A R IT B ) T i 5 350K S e S B 2 i 3 38 52
K, TR SE 2 L2k 4ERF 5 R =0t A1EH  (Burgess et al. 2019; Roden
and Pearcy 1993) .

AR XA, BT FARANE, SRS R & A . 5]
wl, OKBHARS RN BN FER R —, MET O X Py z2H #oKRH
RS T T XA I X, PR EE oGy E FLsgm . eAh, RRVRAE 73 X DRI 73 X TR 3 L
FREER (WL 2-14) o XRHT 10 XBEFRFEMERAE, FkHETBIE,
FEUNE P EZAEOR . B, AR SR A, N AR R XS R

SAKRE, ARTFEEAL T /N P R SR AR B AR I AR SN, e S
R B e KA T A MERE R BRI, ARRT52. il AR B 7K 7] R
ISR, X R BUR AT AR TAEYAEK (Li etal. 2019a; Li et al. 2019b; Yao
etal. 2020) o — et T AT A A T AR I E B AL, PEAS T LN S5 AR A ) Y.
Pk (Challinor et al. 2014) , FIAIE; FFrd A PEALRERD H (8 FREBLANE B A1
B o AHE, VRV T Mo S St T4k, vl Re Al — 2L f T s2md . (At
Rz RE N AL ) S AV AR 45 SR T RIR G AR, LIS (B Jyfa iy
AL VAL, FFRR ARG N T R T
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KREMTAEA—LR/RYE, B, PLas5 2 80E Ran Al . BB R RefE IR
RFERE FHGR T HE s DU . X T RE S B s . 35—, — LT
KSR T = o#E% SIF P28 (B, 0CO-2 F1 TROPOMD) , AJfERN LI s
RIIRELRS 2 (Zhang et al. 2018) . #UT, Camps-Valls 25 (2021) $2H 7 —1HH
M TEE, KNDVI, &5 GPP [P 5E T NDVI M EVI. 4, Dechant 55 (2020b)
I 7E R NIRvP (iHEA NIRv x PAR) &40 4h SIF fF 713, - HS SIF 1)
FHOCHE SR T HARSEEL . X L5 o] Be X 18 S ED AV 2 TNA 1R K B8 71, ARk
IR L B A TR . B =, AR AL AR T DURHERR B &, (R A TeiASR
BT &, WIERBEHERT 1-3 H B EEM TR =&, XFETUARKEEE FTES
(BT 1) >R B BT PR R A8 it ) o A L D SRS

2.4 INgE

AT R 7T E IS5 Z RS (R LR AEAEEEO
IR TN N = . A LR S i

(1) RF EFM/NEP &ML T SVM. ] NIRv (R?= 0.74; RMSE = 758
kg/ha) ] RF BRI EVI (R*=0.73; RMSE = 762 kg/ha) 8¢ NDVI (R*=0.73;
RMSE =770 kg/ha) . M4, S5HABAEIHAZEALL, Fe TR e o0 N 2 = & i
AL SN

(2)FF RF_MS, K3 T3 HARIF NIRv & Y@/ EYr= & 1) e s 25 R
tt4h, Rad (T2 A1 T3) . RHum (T1) . SOC. Ws (T1-T4) . R5 (T1-T2) £ Frost
(T2) #iffe AREINEF BN EERN R, T2 2R ST RN, RONAE
AW T GF 2 /N Z b T HERR IX 45

(3) W T PDP ERARBERA K G AR T R 7 a0/ 5 T RF B850
/NP . KL NIRv /M= BRI LR N B0 HALA A &
ARUABE KON . XL PDP 45 A7 BT B4 1 1 Ag X Lo PR 2 an el PR 1) /N 22 77

W IR 25 FRAERIAE A NIRv #EA7 77 & 000 AT A4S SR S RS R I B TR
RTEAT AT EAE T iz 08 T A ER A X . 7 S TS R AT DL AR RIE S 255
B TR A E AR R B AR T T A AR 18 28015 21— 2 sk
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FEFMAED = 8B, K2 HE FEAR ARV E AR KUK B BUAEAT RN, AN 24
R BTEAT T . AW FEdE T BB AIER, RAVGRAT B AR R, fefhs 5 5
T ED 5, T DU TR BOMSCBE AR . SXAF O T T S A5 S5 1
R AR B2, ROYE AT DO R aa AR O SR AL 2% B A iR o o SR P =
MBS R — EURRE s R AR ST S i, At mT LA S 3 24 AR AR 37 8 B ST
A TP TG I, B AR B A =5 . P BTN AT DONBUR e 35 AU & B LR 6
METE L, WBIMVEAR P b T3 M E 51 5 i 2810, H RS T AR R Y
P B TN AR R (AT TR, O I — LE T TEAR R A T B — AR A AR, TR
il 5 A BB T A EEAN AR, DUSE AP AR B . BRI, AT AN A
Y (BFEENE. BRAK. ERK. B8, TR T 2R SR g 7
B, R 7 E R BN OB PR A 1. BB A AR S (1D A
e 2 B X 2 AR, 2T REALAR MR 1) 2 MR R OR T = F 3= 22
TRV = s (2D Bl A [RIVEAD ™ BRI RG J5E vl 132 52 (0 S B 42 A A0 L RORBRE B AR A B
Beo AW T o AO A  ReR As EE,  PASAROL T 3 B A AT T RR S A
HAEERE L.

3.1 #RFNTTE

3.1.1 HARXNEE

RESELRE, 08 T RRKAEER, RRMX SRR ZRR A,
THERR T E = B, 5 BB S A X R R AR, DA Hxh R A E A K
RS 154 e ] R 7 (A K B CR T 1200 mm) 35 T AL 7 O 600 22K,
PR T E AL CNT 200 mm). X &bkt E R E X R A2 2 BIEA
AIF ARSI REI (Tao et al. 2008). ik, A7 58 L b T A 53 b 0 VE 407
B, TGRS IO E L IR B REORI - RO A E R BN T
XIk GBFATR 1983). %Kik E—2 R KK — 8 ()t T8 T RRR1E
Wy, XESHEHECE, BAE 3-1. HsrX VI RRREMEFX, B Z R R
TP B, BRI A %8 %X . L X5 B AEEE (Lietal. 20192).
B R T AR & NE. FEEK. K. BB PR RGN, A
BIIKE, BN R, T LA B AN e 5635 58 L M 1 R T LX)/
AR 75, g HL o) A A B R SR S A
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3.1.2 HEHNE
3.1.2.1 HIESEIE#E

TEVIF= 2 50% (2013-2019 F/hzE. Bk KR REE RGN . B
e RIEHEG B AR A, EECE RN L. b TERREEREZ B, A BENL
B 3-5 AN OKREATVNE KL 1m? [Im %, 1m K], EK K 54m?[3.6 m %%, 15 m
KD, HIRBEYLEE 3-5 M. FEYIRVE BT IES YR PO —8. T AR
ANl p5HAE LA R B BT LA N ZE I 873 8, B RCOKE 597 &8s, HEK
A 509 KR, BREAE 304 Bk, PREA ST1AEURE, MOREA 321 5. XU
BARAELE 2 7 FBANE D E R ARLAR, Ftk, A S 2838 S ik bR
PN LIPS )AL

TEARFTE, FEXT R EY A EEERKINE (R 3-2). 47 R RE
H  ES G EIEILE M (http:/data.cma.cn/) . A2 5 I AT B AS [R]  p 2E KG £2 48
o ANAEKE B8 S R B EFIE FE X AN [F A E] (B 3-2) 0 —Fd il
T, ZANEAEKIZIH 190-250 Ko Z/NEZFHERBIEDV LA RZE+— A, ANHYIE
AR, FRAEKIIZIN 100-130 K. HFEARKME L KDHIE 4-5 AR 6 AWILEL 1%
Fl, A 9 ARIM 9 A FAIAAWER. BARET 3 A FRIER, 7 AURE], AKIZ
100-120 K. FREMEEREE R E/E. Fik, MRERFEHRERRBIGRZ G, MK
2 110-125 REAEKH. HREEMIE 4-5 Aih, EKIZ 130-170 K.

| (b) ZhzE

(a) DEM

<<<<<

lllllllllll

s

3-1 EAES XA @A E 514N 22 (b)y FoK (o) MUKAE (d) S s A
Fig. 3-1 Locations of seven sub-regions of China (a) and the locations of field trial sites for winter wheat

(b), maize (c), and rice (d) across China
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Table. 3-1 The number of field trial sites for six types of crops in six different sub-regions of China

identified in Fig. 1.

IrIX

VeV
I 11 111 v \% VII
KNS 12 \ \ 131 77 \
EToK 10 16 50 26 48 5
RS \ \ \ 123 27 \
R \ \ \ 61 32
SR \ \ 29 90 4
A% \ \ \ 61 32

T 32 NEL B KBEANEKMEL

Table. 3-2 Six growth-stages used for wheat, maize, and rice

Time interval

Crop

KNE AR EEAMELRK) KB PR
T1 -t FRb-tm -t
T2 HH - B H - = HH -7 B
T3 I BE-IRT B AL 7y Be-Z Rl
T4 Por - ALl ZARE-Fi Al
TS FhAE- LA Jib - 7L B EitiE I
T6 LN A FLAN- R FLAN- R
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Fig. 3-2 Spatial distribution of days after planting (DAP) for six growth stages (T1-T6) of different crops
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3.1.2.2 SRBUBMRIRSIZIEE

SEBHEFR AP ES R EBYESLZRM (http:/data.cma.cn/) o BEFE T B AT W I
I PR B R S B A SR AR D

AW FAE A 1B S FEEOR T e &, e IS A R i iR A
TXx (e f TD30 (& 30°CHIRED; = AMEIRFEE: TNn (GRAREE).
FDO (kT 0°CHIRE, HTA /M), CDI0 (KT 10°CHIR%, HT LK) fil CD12
(T 12°CHIR %, HTKRFED . H, /R HH FDO & X, B SRR E
T 0°C. SR, FERF/THIX, FRFIKFEAE LT AR A= T 0°C. i,
N TR 2% AR FORFKFE = B 5Ee, AR FTE X T AMGIRTEEG: FOKEAIK
AIRAK T 12°CHIFEA RE (CD12) MUK T 10°CHI%EA R ¥ (CD10). #4t,
A AW i ok Fa H: RX1day (k1 HFS/KED A1 SDIT (BERMSRE). X%
[k A1 TXx. TNn. FDO. RXI1day F1 SDII K [ ARSI AFE $L K 41, 1M
TD30 N H O XHIFEEL (Lietal. 2019a). &ANEIRETHH TSN BUOEUE, DUE
TERRANE K BT e I AR B ) Al i S M 8%k (TXx. TD30. TNn. FDO (CD10 &
CD12). RXlday #11 SDID.

REMH T =MARRT 24850 WK TS (SPED. THEU/RT iR
JEFEH (PDSD) AISAR/K > 5 de % (DEF). Hr, PDSI #& 1 HIEMA K EN,
FE AR A FARGL; 10 SPED F T /KP4, AT LRI -5 /K 75 SRAH G 1)+ R A5
(Vicente-Serrano et al. 2010) . & H ) SPEI # FHAE ff R4 T K 1~ . DEF 84000 v] DA
BB R FRFR S 28 R ZE M AR IR ISR SR & o md, I8 Bk B PRk ]
F 37K 4> (Stephenson 1998).

N T SN Tk s SRR, A ER T (GEE) T &, W¥EH
7B B (AET). SE/Kp 5 EHE% (DEF) FIAE/R TR 6% (PDSD, Jf
AR & ST H AN H ol S SPEL. RJE, b BE MEM A K B s iia i H
U B 9 R M R T (R o oot e Ath sty 55 RO ISR 50, AR 5 B e AR
AN S A E K B S EIE. fEAZE S, M T L —Z= 3231 NDVI
M EVI 54, ¢ M GEE [3KHL.

AT NDVI M1 EVI 6%, M GEE L3kH, 5 F—= A% —#.
3.1.2.3 TIEHIE

3K HE R N A Bk HERE R 248 (GLDAS) F#iff). GLDAS f# st
) M 2% 8 4 R0 H0HE AL F R, 38 3E GEE “F & 4 A R0 28 03l 8 10 & 4
( https://ldas.gsfc.nasa.gov/gldas/ ) AWFAEH T 0-10 cm. 10-40 cm. 40-100 cm Al
100-200 cm Y -L3g/K 7033 . ek o Bt it 5 I EAE 1 LU AT VPAS , R ILAE
HH ] 25 T A2 HERFE Y (Liu and Zhao 2018). iZEHRAE NI XA HEF N 0.25° x 0.25°,
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WAL HE Ry 3 /NI . ERX TR, TR T A S EY A KB B 3K
SFEME . TEOK AR AR kg/m?. NFR— AL, B FEITREE ) 3K o E
B m’m (%), AR
0]
pxh
X, 0 ARG I/KE (%); w N GLDAS 13K (kg/m2); p AKIEE
(kg/m®), p=1000kg/m’; h ATZEE (m).

3.1.3 REE
3.1.3.1 EEIEL

R FEIE T FEHLARM (RF) TR, @it RF B K“%IncMSE” {4 1 AH
XTEEM . %IncMSE R UBEAHES AR BB, 75 RF AR A AR & (1971 A it
R EESF3 T B GBI R ZIED . Z AT — S 7R, R 79U, RF
R PE Bl d AR T 2 AL 2% 2] 7

0= x100% (3-1

R 33 HMEMIANDN KRB BURILI S 4

Table. 3-3 The optimum values of mgy and ngee for each RF model at six growth stages

e 24 Tl T2 T3 T4 TS T6
e My 19 24 30 38 48 60
SN
h Niree 1200 1000 600 1000 800 1000
- My 5 9 9 15 30 24
‘ oo 1200 1200 1000 600 1200 1200
o My 7 5 9 24 15 24
‘ Niree 800 1000 1200 1200 600 800
" e 1000 1200 1200 1200 1200 1200
- My 5 19 24 38 30 48
" Niree 200 800 1200 1200 800 1200
. My 3 7 15 19 24 48
: 200 1000 1000 600 1200 1000

ntree

REARA T HEVIARMREIEIAANSE, 252 miry F1 ntree. HA, mtry FIHUE
TGN 1 B8, BKAN 1 ntree FIHUETEE Y 200 2] 1200, KK 200, KA R
TS H“tuneRFERECRIE B LS, %R EUTH LS (O0B) i AT Jo i N 545
E. BENLARMREZEIE bootstrap JiEMIGERIRN, HILH =42 —REIRAS 5K
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Hikyis, XEHHREWFN OOB #ifi. Eid“tuneRF7EHE, W LLHHEAE mtry TH)
OOB %%, EHFAAHXEIL OOB iR EMSHA G, LLEBIE L MR MER. Hik
R4 R IR 3-3,

- N
I{ HiEER |
—— — |
: SEEUE 1BFIEET TiE E¥IF=& (2013-2019) | |
|
|| S8 iR =X 2= EE |
: Tmean FDO: TNn SPEI NDVI - Hd\%: E?E :
| |PrRad:  TD30: TXx  |PDSI EVI K HER: |
I | AET RXIdav: SDII | DEF ETK. B '
l\ )
= - N
| BE R BT R BARS 7 <MTE |
| |
| TmszE | | TOHREE| | DREZE| | MNREE| | TWERE| | ThRzE||
|
| J J y ! J v |
| Datal add | Datal and | 2dd | Datal, Data2,| @dd | Datal, ..., |2dd| Datal, .., |2dd| Datal,.., I
: 28 Data2 and Data3 and Data4 and Data5 and Data6 :
I | [ [ [ | [ |
| |
| @ @ @ @ |
| |
| |
' :
|
|\ FiRz 1 k2 Fuiz3 Fiutz4 Fots Fuigo /I
Ty T | |
I I | I
| | |
| SERHHE | | eEcEmRvsE | TRESHE |
I I | I
- | T |
| ] L i L ! |
|  nRMSE | EREEEETR XATRET |
\ ! \ Sl , l /
N // N / N ~

K33 AFMEPARED > BRI R E R T1-T6 RN MEFH B
Fig. 3-3 Schematic overview of data input and output for the RF model developed in this study. T1 to T6

represent the six growth stages for each crop type

i/ RF 5501k 1 3+ 2 IR B8 (0 PN A . & e IR Al R 2R 2
HIAFEAERET B O T1 2 To) # 2P EAT =L Ngl. SRJa AR E K BUE
Sefud R T AR, FEEEY AR T AP E 7. RS AN A RBBAR itk
A, IR RSB BTN A 5 SR AR AR I . BRIk, T A& i B b
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FHM T 2| Te k@B BN S 1 Uk B[R B A 25 B il R -, &M
B 1A B I e AN AR B B BOEAT R VSR . AN, T3 B NDVI Y
X EEM S T1 B NDVI (NDVI 1), T2 B# NDVI (NDVI 2) 1 T3 KK
NDVI (NDVL 3) #47-F¥). AT, HI& TRER B AEE (Flhn, m < fx
FaE MR B 338K 53D, BRIk, = 2 B A mT DULEE JUAS B AR 2E KB BL (T1-T6)
SERIN RS A KT RS AT EY) & . B E IR, R RS Y
FER T — Bl RE R, te4h, 2T T1-T6 (£ 3-2) KT B R EY =% (K
3-2). ARSI 3-3 s, AR T WAr kT AN [F A K B ) 2 A Tl R 1 I
REAFRME RF B (T1-T6, W 3-3).
3.1.3.2 1REMEE AL

S FHAS XS UE T AP S EY) (/N2 BERK Bk BAg. g fg)
IR RIVERE . ZEARHEFE A, ] Pearson AHIE & %(r) AH—1k1) 5 Hi% 2% (nRMSE)
RAIPAG BRI PERE . 25305 Ran

S (i) - () - y)

n 32)
\/Z<x(z‘>—x)2\/z<y(i)—y>2
\/j(x(i)y(,-))z
RMSE = 1|21 (3-3)
n
RMSE
nRMSE = , (3-4)

Hodr y() Bx) o RS AN TUNRE RIS E: 2 y B x REHME
FULIE 518 n RS

FEIX TG AR, A “ggplot2”R A0 KHIE BT . M ArcGIS 10.3 #Ak2: 4] H 1A
BRI ) 23 18] 3 A

3.2 R

3.2.1 RBTIREE

A XN . FRFUKFE = EAAEIR R 25, BARHERIT: &/NEr&
Y 1952 % 8804 kg/ha, FH R K™ &Gy 2997 £ 17370 kg/ha, H £ A &6
N 4127 % 10889 kg/ha, FAgr=EIEHEIN 4607 % 8853 kg/ha, HEEZERE~ &N 5291
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% 12185 kg/ha, MEAEF7E AN 4811 & 9436 kgha. EEILTIR (IV) 22X, &/N#E
PR AL T I XAV X, F R R HMER S 20258 VILL 2B V. 28
V. BB BB 1K IV oI, BRSPS TE VAKX, M
V 4R XA VIL 43 X R 5= s A O AL AE 28 V23 X, IR AE S i T 28 VI 43X
X B AR 5 R P R 4. RS T R R S R A 2 R a A
I, BT Z IR E AR B R — U K AR, B 3-4 R/ NME R EH
F UL E = B AR 10 At il orp A I R RoR = I 5 25 AR 75 /g, AE
TR LT EAAER R EE 10 £ 90 /i BN TJTHEN I BE R AP A IMES
FIACER U B 7 2R R, BB s X3 ) i AR & 25080 1) L A5

Winter wheat Spring maize Summer maize
9000 -
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= L
< v R v I
= L
= l 1]
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B 7000 é 6000 -
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= : 5000 ~— . T . i : -
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3-4 2013-2019 S EZNANAFE T DR 7= B A
Fig. 3-4 Distribution of measured crop yields in six different sub-regions of China during 2013-2019

N T PR AR AR BE AUARE M, AR T NFIME SR BUALE I AR A AN R B i
W) ¢ {EA nRMSE fH (ALK 3-5), #AMERE@ES r A1 nRMSE PPl Bl 4 BT
BT RF B SFEDI BN 8 128 A IEER b7, EFE T 2013-2019 FEHIFT
BEA . B PN EEE A KT LA, B o (AW 0, nRMSE BEE[A[# D, 5
BPERe e . T1 B, Z/NE NN EZE (r=0.65 1 nRMSE = 14.6%),
{HAE T3 (HrBE-IRT) K2 Ja, TAS FE R R g Mo r fEAN 0.65(T1) 38 Hn%] 0.81(T3),
nRMSE M 14.6% (T1) J8/0F] 11.4% (T3). HFEILK - EFMWAHXTAER, BN r {4
M 0.71 (T1) #]0.84 (T6), fH nRMSE {EAX & (16.2-20.4% ). H T K= Fijll
RPN T1 (0.68) KiFE_EF-3] T4 (0.77), nRMSE M 11.3% (T1) FF&EF| 10.4%

(T4), FAE/= 2 FERIEE T4 BAESR . B HRER™ r M 0.68 (T 2
= E] 0.84 (T6), nRMSE M 9.6% (T1) P&LHE] 7.2% (T6). FMEEFRE =M r M
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0.68 (T1) KIEHEEF] 0.79 (T6), nRMSE M 9.8% (T1) F[&F] 8.4% (T6). KK
Kit, RF B ERS R LA 58, REBUEMAAEKFNE RGN « EH&T 075,
nRMSE {%T 18.0%. [k, S5REW, 2R RE B AT DA T /EY)
FRE, R TIN T VE R AR R SR B A . thAh, BEAE B R
FEM T1 $Em3] T6, F=i TR Az e it s

- B nruse

Winter wheat Spring maize Summer maize

= Early rice Mid rice Late rice

™M T2 T3 T4 T5 T6 ™M T2 T3 T4 T5 T6 ™ T2 T3 T4 T5 T6

3-5 FT 2013-2019 AR RGP GERAERE XIRIE), 5PV ARLLE A [F] 500 B [1)
CEKBBD AR . R 2B IRE L RIbRIE IR 2
Fig. 3-5 Model performance at different forecasting times (growth stages) for six crop types based on the
evaluation for each (left out) year during 2013-2019. The filled bars represent the mean values of r and

nRMSE; the error bars represent the standard errors for seven years

PEAL IR AE Y AR A7 IR PE R A ) 3-5 B 3-7 Fiose BT RSBS00 iR
REEAIR, AT XA FE G2 XIRUE) BRI REEAT T — IRVl . &5
RRM, RMEXTR—1EY), ARF XS R AR, XFEELH TN TIX
AE A FIRFE S EEAF . flln, Xk v E KRR o (FF T1-T3 Ml r =
0.73-0.78) T X4 IV (£ T1-T3 4] r=0.58-0.65), 1fi nRMSE AL &
I, AR IV IXEERIZE T4-T6 AR EIG I, £ T6 X IV MV AR B AL 45 53
Befk b, REAMERL T RE 7 B A R 22 H 1 DX AR A R [ TR T G
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C [ oRuse
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Fig. 3-6 The Pearson's correlation coefficient (r) and normalized root mean square error (nRMSE)

between observed and forecasted yield for wheat in different sub-regions and growth stages
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Fig. 3-7 The Pearson's correlation coefficient (r) and normalized root mean square error (nRMSE)

between observed and forecasted yield for wheat in different sub-regions and growth stages
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Fig. 3-8 The Pearson's correlation coefficient (r) and normalized root mean square error (nRMSE)

between observed and forecasted yield for wheat in different sub-regions and growth stages

3.2.2 FFETIRE &M IIRATEL

FRAE PSP EDIAEAS [ A A B B = & 00 B VA 4, P DA 8 7 B Tl 2R G $ 1t
MBS . Sk b, FUNAESR R EE A K KBRS, EF R EEE
Bk, N TR T1 2 Te WM W R KA AR AR IREE, & r
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nRMSE M 0% JH—4b3] 100% (RN 1l nRMSE,) Wik 3-8, U, HAPERER
BRI ILAE AN T2 B T3 A, HA o 07 62.7%, nRMSE, N T
67.5% (K&l 5). SR, HAKEEAAE T4 ZJRSE RS . B, 7t Bl bk
¥ T4 fE R —AEE NIRRT, X, FREmNHERZRE T4 BoRIEIRTE OFYLHEE,
tm$2Ft 56.7%, nRMSE, [#IK 60.5%), TMfE T4 25, AR (nidH 5.7 %
nRMSE, NE T 17.7%). — ki, REZEAEVIERER 24 N S B AIMERE .

B E, ARERATLA—B=ANH, H RF AR (E 3-9) oIS RIBN AT FER)
PEER: &/NE = 0.81-0.85, nRMSE=10.5-11.4%); #HEXK (= 0.79-0.81,
nRMSE=17.1-17.9%). E X (=0.77-0.79, nRMSE=10.2-10.4%). 7 (=0.71-
0.72, nRMSE=7.4-7.5%). "Hf4 (= 0.78-0.82, nRMSE=7.6-8.3%) FlHEFE (r= 0.76—
0.78, nRMSE=8.6-8.9%).

= NRMSE, ==
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Fig. 3-9 Normalized values of the model performance measures (rn and nRMSEn) at six time-intervals
(growth stages) for winter wheat, spring maize, summer maize, early rice, mid rice, and late rice using
the RF-based forecasting model to predict crop yield in China (2013-2019).
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K E BT TR IR % (NDVI A1 EVD fI 5458 (DD, JtHEE
T2-T5 M. LK VI @A ERKZFETE K80 EE A 5. Pr CEA
AN, RHREAE T4) A ETH (£ T6) J& B Wil i & s Bl K 7. +
Ko R B AR ZET R RS ARE ) = A AR . HeAh, HomsER s fE (ETC) th
ey T1-T2 SI1E] GRS () 2 B N 1 AE AR 7T e, KIL NDVI Al EVI £
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Fig. 3-10 The relative importance of predictor variables at different time intervals for six crop types.
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B FPAN[E A B 44 . AET: SERRZ8HLE ; EPL: A F5/K 840 (RX1day F1 SDID;
ETC: HomfKiE s (A H (FDO. CD10 5 CDI12) #1 TNn); ETH: iR 54
(TD30 A1 TXx); Rad: 5HJ48ESH; 4. 3K Pr: BE/K; VI HEHTEE (NDVI
Al EVD; DI: T548%t (SPEI. PDSI 1 DEF); Tmean: “F-¥JiEJE.

3.3 g

3.3.1 {RBEE

HATE 2R TEMEA (Lietal. 2014). SiitH% (Cao et al. 2020) IR &%
B (5GP I REMRAD A5 EAEY) " & (Feng etal. 2019). Silvestro % (2017)
F 28 AR CREGE AT AR TR 2055 45 G EIRY (AquaCrop) FI-R/RE B T %
5T Hp [ PR AL S X 7 B I A& /N 2 P &, BEAUURE S nRMSE oA 18% . Liu %$(2017b)
i1 DSSAT BERIfL S TP R E K& (r = 0.67-0.85 F1 nRMSE=26.8—
29.8%). XEAH GAMR r HMAM GEEKAN 0.84, HEKN 0.79), HEATIE
HRIL nRMSE 8K (FEKN 16.2%, EEKA 10.1%). Guo % (20200 FIF{H
F DSSAT Rk 7 440 i 1) £ oK 72 & (r=0.67-0.85 A1 nRMSE=26.8-29.8%).
X SRR « EMAL (FEEKN 0.84, EEKAN 0.79), HAEAT/EF R
nRMSE 8K (FEKA 162%, EEAKN 10.1%). Son % (2014) ¥ NDVI. EVI
FUKFEF= BT BRI IR ENERE R, DAkt B E A KR (r = 0.79-0.84
Al NRMSE=6.9-8.1%) FIEKZE/KFE (r = 0.63-0.75 Al nRMSE=5.4-6.7%), iX&{}
EARZHIZEBAL (r=0.73-0.84 1 nRMSE=7.2-8.4%). M2, AHI7AEMEARE
VEVZETY (7= B T 7 1T B4 5 K 22 SO i it e AR DA 2 T A () 14k e

UbAh, 25 R BRI AV B DA (R - XA E D SR AL T e o X — R BRI
AHIE TR = R T R G AR AR ISl 1), TR A E IS BB B A dE o R e
BRI YR Itk () S 4 R 2 (Peng et al. 2020a). fEAS =BT, RIGBHEERIEE .
TEVD = S 7R S . AU SR A AN 5 X S R/ INE A IX SRR R 2200 o X e 72
S BIE AR X ERE . Ak, BRIV AR BEAE AR . T1-T3 0 FFEAR A
PERE (r) 7E 2013-2019 FRAK. X—REFEZH T 5HMEYRAMIL, RN
RIEBIEE (HAF 304 508 XD,

3.3.2 (NERFETN

KRB IR, RN, SRR — 2 = A H AT LSRAS A T A
J% (r=0.81-0.85, nRMSE=10.5-11.4%). & 3-10 &/, T1-T2 (FEF-77EE) Mt
/Koy R /N PR R I B BN R T+ o 3X ] RE R RN R B S /N BT TR 4y BE
REJJo bAh, MR 3 SR R0 S e S i IR 2 A 2 — AR BER R B, AT S I B AR
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SYBEXL (Blum etal. 1990). FMIUERATECE T3 26 KRS, X AT BE & A /NEAE4)
B (BNt A KARE. AL, B, NEZORE T BRI — HE N
=R, SPE R LB E . (Otteson et al. 2008). [KHt, FEIXUERYEL, REMNHE
DA R A I E B, IR AR 51 ) H AR IR ks B A AR R A Bk SE m /N 2 ) B
£ (Bastos et al. 2020). 1E T3 ZJ5, RSB € N e /N2 2 32 B
MR F o KRS 2 T3 ZJERE R T4-TS GRTRIAAK BTN B Wi/ Er= &
) EE R IR R 2 —

332 ERBFEFTN

gERERW, FIE K@ = 0.79-0.81, nRMSE=17.1-17.9%)f1E LK (r = 0.77-0.79,
nRMSE=10.2-10.4%) FI S £ FE AT TR AL A — RPN H « Meng %6 (2014) 2T 18K
E A0 E A AT AR AL X oK = B, G5 RRE, RERS 3TN 55-60 K, #E
% (nRMSE=7.3-16.9%) St H4h AL R1M, AT S35 % S 2T
AR S F SRR R, HAR T B AR R g . B 7T A R,
FRABHR L E TR BN EE R ER, SRR, X SRAE 1% 8] 8] b A
R RN HF TR EA TN .. UANTFZTRERI, F KRS — A
TR ERURTIR HH (Atteya 2003; Gao et al. 2017; Guo et al. 2019). FEFMFRF B A~ 78
VEE AT LASE it 2 J5 FE K B 40 B, TN A KR B B 2 Rk 3, i
PR AR AR . A, ABFFRISE FIER, B FKITNAER2AE T4 (N
M) B RORER S, (£ T5-T6 MHRICH ISR S o RHX — 45 SRR S, fEHhiR
B (T4) 2 )5, ®EC&TR2KE, BA KRN F2#HE /7 (Chen et al. 2020b).
DRI, e 2= B R T B N 25 2 1

3.3.4 JKFEHNFEE TN

TR HR) 7 B T INARS A AN [5] ER) 4 Fi ST AT LAk B PT 832 /K F (1] 3-9). 3K
e SFEEY T EARE M EE RN ZE 2 — (Rossato et al. 2017; Singh et al. 2017). 7E
AT, L IEIK A B A R KT T AR A RS B ) e B N . X R
R R 38K o A e G K B e femih AR AR K 6 & =i
g, KRR ERER Y (Chaves et al. 2002; Royo et al. 2006). It4h, KR 40 E N
GG = R T ) = 250 (R 3R 2 — o X BRI T B 521 43 BE S (T1-T2 BAIED,
SEAMME (T3-T4 #AlED, FFELE/KFEA K (Moldenhauer and Slaton 2001). i 5%
RIL, fE T4 (R Wy, FRER S0 RS (B 3-9). X—4R1 5
FERA T4 XA FAF R UK, O E e /KR BT R B B, IXAE
R E A HRiE (Asch et al. 1999; Chang et al. 2005; Fageria 2007). Kk, 477
HNAA TR B A, JCHRAEIX R B, B, Sui 58 (20130 RIMAEFHAE IR
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B Bt FH v AT DA N R HERE PP i . A, AR [F AR B I AL, Rl Pk
PR R SRR A R R L, TR R KRR . AT S — N BRI, A
AHTFCA, R BOR /N2 AN K7 B (0 T 2 i 2 (K T D) 22— (LR KR
BT A B IR A K . XA RER T RS KR 2 AN A SR AL, X AR
RO TR S GV A s AT E— 25 R Al SR R )X S AR A5 2 (L et all.
2017d),

XTI FE A, PR T — AT E =R EEARY BN RS, HEBEIRENX
MR L /IR E. Be, BT OIEBIERIA L, AHE T IS RS W H 8]
B, GInREBATEAL, XA RS I AES e . K, SRRt R
SE A7 R I B8 PRIR R o AN [ ) 2k DR R SO AN [R] 7 DX PR 7 B 7 A S 5 R
T ok = 8l BeAERA R AR AR RS 5=, B S R 2
PERMERI A NAEY) LR BLBIART LRI T . Feng 55 (2020) fif £ B A
BRAEI RS S, IR RS E B BUR TN Rl 7RO T RpLas = ST . TR, ROk
RER BT R — MR ETTiE, S VBB RAPLE I 80R, DR RV~ B
I HERA 1 o

3.4 ING

AR 55 ) FH 22 PR B AR B R r (AN [ FH JR) R 56 i, (S8 AL 2% ST T 1 T o
[ = R AR = B RAL . DFEER I, Xt 2RI A IR S AL 88 2% 2 ik aT
DAFR LA N = BIVEY = S T, R Rp R B B 1 B 5 2 WU FE i 4 SRAH AL . A
A 50 AT DL A N = s i A& N SR AT — B =N H B & (r = 0.81-0.85,
nRMSE=10.5-11.4%), & EK (r=0.79-0.81, nRMSE=17.1-17.9%). E £K (r=0.77-
0.79, nRMSE=10.2-10.4%). %% (r=0.71-0.72, nBRMSE=7.4-7.5%), HF% (r=0.78-
0.82, nRMSE=7.6-8.3%) M1 F% (r = 0.76-0.78, nRMSE=8.6-8.9%). 7 21X LLFjijl#5i
RIS [ BT AT DO AR RN RS E IR B RE B, DA K ZE 5 AT ™ E i
RIIARSE . Ak, AR FOEHE | Y e B E B T, a4/ B
DU ER] ¥ 2 K FHER S AR R 5 CRE R AE T BIFLIT R BB s B R 3 2 Fil)
R FRmgda st CEANMEKFT) TR U7 RN BD; BEK. #
FEAT FR AR BT R Rk o CREANMERZETD; BRI 1 BRI R -2 FoK
CRP AR . Rk, BIRR MR E T, (A E AL
a5 STEOR SRR S B B T A HE R
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ENE ETZRBESTNSIZRZLIHEY) = ERFNE LA
fEME ST

BLAS 7 >3 AR ] UL (R P2 2107 B A2 AL, (HR LA 2 S ek e W E AE K R
Bk FE, PRIHAE TR0 A R A AR A X 7 B ) 5 I A ORI R PR o (RSB AT DL
JEANRARHED K S I A2, B BT O 2 W AR 2 AR A AR A ) 7 & 5
Wi, | T B — B A AP AR ORI R 22, IR 2 L 2 AR &K Tl (Asseng et al.
2014; Asseng et al. 2020; Falconnier et al. 2020). #A1M0, —SeR Y MAFERCKNZE S,
M54 T BEAME R R R . [FRE, RTINS P R R, 25
I 2 A AR, SR AR 2L F A% (Swann et al. 2016; Wang et al.
2017b), IXHF [ 45 SR i) 5 18 B, SR AR B A 7= A 18 5 8 3 DAL, P R AL I
B G ILRYE,  DLSE AT A AR SR AR AR AL G B B 5

H T A RI4510 72, VEVIREAY 1) 32 BEAEH 8 MR U5 R Hi T 5 (Wang et al. 2020b) .
H E—ZBCEYIPIRER T AFE MR, FERIAEAFE 7 X8, A E PRI A
KRZE, XATREAR BN EAT 32 B B R R A5 o I8 AN 8 1R AE 25 8] 1Y
Gy AR B IWE ? LE S BT AN e PSRRI, IR Rt 2 AR ORI R . L,
WUERBEAERE T — A5 SEPR Ve A RIS AL, 5 AT BeAIC Al 12 A5 8 R 1) AN
PEo SR, Gnfe] bR Y i 30 AN e VER R IRE 2 Ak, A T A TR A B 1
AWENE, FHERNKERA ., B2, Wife s/ A MM ESHE, Pkt
HEE?

N K KRR E R AR =02 ZIRERARERIE . ARG — N
HE S8R TR0 A AR AT I LA = BRI, FF AN [R] A B 72 s Pt (%) ANt o P ik
AT B AT VEAL o AN FE S BB TR A BT 38 1050 A 3R 2 Pl ANt o PR ) 3L

4.1 #EFFEIE
4.1.1 EIK{EYIER

AHFFEAE ) GGCM A540L 2% i Franke 25 (2020a) FF& (GGCM BB —), HA2
W FIRB . 1%L S TRV S Gt R AR v, RIS5 RS T RSB AR i ik
TR R T —LeqR LR AR R, AT AR LAk Bk, R R CAEd LR
R (Liu et al. 2021a; Zabel et al. 2021). GGCM FEFL#S AT LR DA $EAE 977
EXTREE . FEK. COL IR R Z R IR, HEAl, GGCM Bl A% FLAT T A ok < 1%
AL eV W% 71 (Franke et al. 2020a; Rosenzweig et al. 2014b). GGCM 24t T
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1T 300 B [EH . @k sE R E, R EAR B ARG R . Bt AR B
A AR R A BIEY AN R B ) R Z R 22 e, n] DAFEX U ER CO;
BWEA TR BURPERR R ERIM R HPERBUEY AR E A% S o i AR K=
FHGFIZE R H B, DA PRI Lo 4 S5 R8s A AR 1 -

XA AR X A% 204 EE R AN 0.5°5 GGCM LIS AV . ABFFTHE T
ARKFETRE, WXk BN (GCMD 148 H IR B 247 A
¥y, Hod KR AR H IR B R AUE . SR AU, AR 5 T AR T RROK,
EREAN AR HRKE, B EKETRSH KRS ERINE—,
s AE ] KRBTSR K 43 4. . GGCMI BERU B 1 A1 2 48 (0 B 4 (Elliott et al.
2015; Franke et al. 2020b) H KU EDI AR & A% 570 A KR TR aa A ZE o) H 3, B
Bt DR LA 5 AU A8 IR B AT o AAUL AR T DALEARE AR PRI AR 003 mp 2 ST b 7 2
BT R A ) Ha

AT EEH T GGCM BRI HT 2B E AR = i CRARA 44 ILEE
M), Forb /N R R TG L/ MEY T (CARAIB. EPIC-TAMU. JULES. GEPIC.
LPJ-GUESS. LPImL. pDSSAT. PEPIC A1 PROMET) /KAgAIK & 56 )\ AMEYE R

(CARAIB. EPIC-TAMU. JULES. GEPIC. LPImL. pDSSAT. PEPIC 1 PROMET).
73 AL Y 77 25 A AL 2% A T 64T T AAEL, R4l Monfreda 25 (2008) HI/EYTHIAR
el VTR . AT A, RN AN . 1T Monfreda ¥

(2008) A X7 &/ NEFE/NF « AEARWTTE RS Miller & (2021) Wy U7
o1 AN AR KR I B SR X 43 A/ N IR /N BOIR X 3. SR S5 4 /N2 r= AR
N TR I BT 0.5°%0.50 4 BRI A b AR K= 1~ 1)kt FEE R [ /K B ) A
PASRS, CO2 IR FEAE IR « BN F A K TE N, Bt DUAH A {8
A0 (TEAEKFTENME) &HE.

AR AN (LU B =) E & T B2 NS A LA 0L, EEoR A%
FE T RS GGCM Bl 28 AT T XF bE . GGCMI 28 =B B0 H (Jigermeyr et al. 2021)
W& H A CMIP6 ) GCM ( GFDL-ESM4 . IPSL-CM6A-LR. MPI-ESM12-HR .
MRI-ESM2-0 A1 UKESM10-LL) #1 12 /> GGCM (ACEA. CROVER. CYGMA1p74.
DSSAT-Pythia. EPIC-ITASA. ISAM. LandscapeDNDC. LPJmL. pDSSAT. PEPIC.
PROMET F1 SIMPLACE-LINTULS) . & H GCM (i /E 4 N GGCM Z /i, 1R 5 ISIMIP

(www.ISIMIP.org) HEZZ (Cucchi et al. 2020; Lange 2019; Lange 2021) 47 {22 1 %
HGi/NE 0.59%0.5° A BRIAS o M AERF- Y4308 0 KA A h R B 38 in iy s CRp
P SR ) AN A PR 2R ) A R, 1 FRIX EE GCM XA CMIP6 R EF#EAT i
R
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4.1.2 SIRHHE

N T AT VAL SRR P B N e, AFEFE T2 AR AR
M CMIP6 1B W _E 3B (3 4-1, https://esgf-node.lInl.gov/search/cmip6/). i F X
SNEAHE T R R EHE EHRAER] 0.5° I . IR T 22 7 7558 GGCM 1 B4R A i
i, XTTHEA GCM, ¥ 1980-2010 1 20692099 4[] A= 4 Z53F 2435 FE Al A K 2
SRR AR ZE S T AgMERR [ )7 SR80 . AERCFI KA CO & 2ok H H Fr
N FH 2 G853 M iE 5T P (https://iiasa.ac.at/).2069—2099 4, SSP585 [ CO2 ¥ J& A 810 ppm,
FELR R E N 360 ppm o X T4 52 1 GGCM, [R5 bk RE0AH T 51 #11 AgMERRA
i, B GCM [REHEF= T2 AR

4.13 B
4.1.3.1 MHEXEXIS

MR A EYIAE = T AURSFAEAVE BT 5, R A RO X )] 23 AN R B 1
[X 2 (Chapagain et al. 2022) . {i ] k ¥E RIS M 777%, il X Lear &, RISF3IR 12
RKPBRERS . PEKE . AR BRI RGE, W€ 7 /e, £AR. KRR ERARE-T
X Ao 1 ] (19802010 42) WITEY) &, AWTFCAEH 1 9 18 8 41> GGCM
FR A& SR e D SE I B~ S E P . T IIRE . ORBRARS . KR . 2 M
XA AN RGEAE Dy k A 0 B B0 £ E SRR R o BT EYACZE . A AR s A
HARAIR KM (Zegada-Lizarazu et al. 2012) . AU E K H AgMERRA, X
S5 AAHIE (Franke et al. 2020a). ASHF 506 FH 45 E A2 R R AL EE R .
MR Muller 5 (2021), M E RPN —FEBIES, Fa, AEMIEDRD T 12
AT IX A
4.1.3.2 RBFNERSE

RFFERH T EREISHT (Morim et al. 2019) KIBRFFE CO, fEIER, A[FH
EETE THX 2R ER. BHE (D) AT IHE RSN 2 R Y4B 5
(Becker et al. 1988; Borg and Groenen 2005). AR FC1HE T Fra ¥ XK, A2
NP8, RIS S HA) i DA 2 A AR AN 7 B AR A 07 T B AT AR AL . Fery,
INFEFIFKILA 288 Z4HiA (9 4 GGCM, 32 > GCMD: KFERIK GHA 256 1Ak
1 (8> GGCM, 32 GCMs). AWFFCR AR BAM I N =50, Dlios =Fhi
SRAN[F 7= AR AL T
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* 4-1

32 /> CMIP6 S IS B

Table 4-1 Information of the selected 32 GCM from CMIP6

D TR B DR ID FAFK B TR (X)
1 ACCESS-CM2 CSIRO 1.25 x 1.87 17 GFDL-ESM4 NOAA-GFDL 1.0x1.3

2 ACCESS-ESM-5 CSIRO 1.25 % 1.88 18 GISS-E2-1-G NASA-GISS 1.0x1.3

3 BCC-CSM2-MR BCC 1.12x 1.12 19 INM-CM4-8 INM 1.5%x2.0

4 CAMS-CSMI-O CAMS 1.12 x1.12 20 INM-CMS5-0 INM 1.5%x2.0

5 CanESMS5 CCCma 2.8 1x2.81 21 KACE-1-0-G NIMS-KMA 1.87 x 1.25
6 CAS-ESM2 CAS 14x1.4 22 MCM-UA-1-0 UA 3.75%x223
7 CESM2-WACCM NCAR 0.95 x 1.25 23 MIROC-ES2L MIROC 2.7%x28

8 CM6A-LR IPSL 25%x13 24 MIROC6 MIROC 14x14

9 CMCC-CMI-SR5 CMCC 0.9x1.3 25 MPI-ESM1-2-LR MPI-M 1.87 x 1.86
10 CMCC-ESM2 CMCC 09x13 26 MPI-ESM1-2-HR MPI-M 0.94 x 0.94
11 CNRM-CM6-1 CNRM-CERFACS 14x14 27 MRI-ESM2-0 MRI 1.125 x 1.125
12 CNRM-CM6-1-HR CNRM-CERFACS 14x14 28 NESM3 NUIST 1.87 x 1.87
13 CNRM-ESM2-1 CNRM-CERFACS 14x14 29 NorESM2-LM NCC 25%x19
14 FGOALS-f3-L CAS 1 x1 30 NorESM2-MM NCC 25%x19
15 FGOALS-g3 CAS 2x2 31 TaiESM1 AS-RCEC 0.9 x 1.25
16 FIO-ESM-2-0 FIO-QLNM 1.25x0.9 32 UKESM1-0-LL UKESM 1.3x19
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4.1.4 THEMTH
4.14.1 FEHSH (ANOVA) F5i&

AW AL FH 7 22 50 A ok o3 M = T B AN E PESR IR . RN oKL KR
RKGAEY = BRI A AT T BT J5 22T 0B 07 FI(SST) 7 FE A

SST=SScGem + SScem + SSceem*Gem (4-1)
Pcoem (%) = SSceem/SST*100 (4-2)
Pcem (%) = SScem/SST*100 (4-3)
Pocem=aem (%) = SScaem+=Gem/SST*100 (4-4)

Horb n NASFEFEEL Pooem N GGCM AN E PE TR, Poom A GCM AN 5E PEDTRR
Poaemraem N GCM 5 GGCM A BAE FH 77 A8 AN o PE Tk
4.1.4.2 HHFE

AHIE TS FH 7 22 53 W SR A TSR 1 AN [R] R A B 2 ] 52 ) 7 B AR AL ) S AN e
XTTEYIRE A, BRI 7 S0 @ C° CNERTK) TGP OKRBMKE) kit
BUE 122 M 2-9

1 n
SS %) = ; Z (SS GGCM (i) +88 GCM +8S§ GGCM(i)xGCM) (4‘5)
Jj=1
1 n
; (SSGGCM(i))
(YA
Py (%) = — — x100 (4-6)

(#)

Hodr i AT GGCM 2w '5 . n N C° CUNEREK) F CF OKFENIRED 4L
1,2, ..., 0.

GCM #=E ) ANOVA 75 GGCM Fm 170 HrAifh. SR1M, B GCM K # &
5& 32, TRl GCM s AL 6 3 26 i, GCM WAL &K %73 . ik, 5% GCM
AT RAERS, ArTgef A Aa. Bk, WK 7 A FERNBENL 5 T RIA e AR
1, KICAERMEDI /NN 100000 G 6 2 27) I, AREMERETREE.
PRI, ASHIF 70/ TR GCM i KRN E N 100000 (B 4-1).
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The size of sampling

Kl 4-1 GCM X /NAe s oK KRR S BB LA KN AN E I . 9 T RAE A
B GCM (6 B 27) RAHHEMEAZ L, AHFTAEREHUAIRE FBER E 9 1000 2 30 77 .
AT 100000 1624 6 2 27 IFREE GCM HI KRR/ (LLEEEL), BN K/ 1ZE
T, GCM AN E PEARFF AR E o
Fig. 4-1 The GCM-induced uncertainty against the size of randomly sampling for wheat, maize, rice,
and soybean respectively. The size of randomly sampling under different number of GCMs (from 6 to 27)
is from 1000 to 300, 000 for the purpose of demonstration. We finally used 100, 000 as the maximum
size of subsampling GCM under 6 to 27 given that uncertainty due to GCM becomes stable when the

size approaching to that number.

SRl = R/
1 . .
- (SSacen +SSaeniy *+ Soacmaens 2<i<5 or i228
SST(:’) - Fll 100000 (4_7)
o0 jz; (SSGGCM +SSgeuy +SSGGCMxGCM(i)) 6 <i< 27
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% _ (SSGCM(i))
1:1SST %100 2<i<5 or i=28
3 (4-8)
Focm (%)= 1 100000
- - SS' .
100000 =1 ( GCM(I)) %100 61 27
SST) o

b i GOM HI%cE, n 2 CP s, =M1 n.
Bk b, AEAEEARBENT:

V=304
| coviiz aAEE | GGCMAEL S8
I| 364 GCmEE £ EHREURE . | FREARIEEE
I| " sspsss FERIGAE ﬁ 9 PCCCMI ™ g7 gwmm
I EEMEDHT

- — 25(3] BRI Z—n*ﬁiﬁﬁﬁ@
% I

£ ~oar = g E JzJ TH IZEE

al| 5y <—gl<ir PRI I

L I3/ o Y

2
1R SN FEE I HIE

R DT ELT (= e

9 PGGeeM+36 | | BEHIHENE R4 | FEEEER || s

GCMTTMLESR BaOtEE B—fER R E

Bl 4-2 A< & 7 g PO AN 1R 20 AT R B R i 2k ]
Fig. 4-2 Schematic overview of crop yield projections uncertaintyanalysis in this study
+
4.2 ZERH

42.1 AERIEE~=T0N
WF9L 7 1980-2010 FEA11 2069-2099 4E[a], H> GGCM AL 2K /N . EK. /KFE
FKE GGCM HEHAEY = AR DL S ARV EE P (B 4-3)
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Crop model

Kl 4-3  5HEAE(1980-2010 F)MHEL, SSP585 £ 4 GGCM Ml GCM il i) 2069-2099 H 18] {4
=9 4~ GGCM Fl 32 4 GCM).  With CO»: 7% e S BRI IE 2% s Without CO,: 1547 % £
COx Jti RN
Fig. 4-3 Crop yield change projected by multiple GGCMs and GCMs (9 GGCMs and 32 GCMs) under
SSP585 in 2069-2099 compared to baseline (1980-2010). With CO, shows projected crop yield with the

CO; fertilization effect; without CO; is projected crop yield without the CO> fertilization effect

FEBA COp FERBITEGL R, K22 GCM-GGCM LA 40 1 1EY = & 1) K B,
BAT B GGCM UL 1 oK KRR G~ A g in. 2810, 5t COn it
BONITT & > 5022 KRR EAI EL, BSR4 o SR R AR 5 (WL 4-3).
BEAk, ANFEIRRBRE COo AL RN I NAFAE R 2 5, S EUEYI&BEE COo At
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RN AR 2 [ A AR FIR . FEERENZ, GGCM H L] CO, jiti it
BRNE (AN 7B 1 A GGCM 4E& N 5 Z [ R BRI Z — (Mller et al. 2021). 54,
JULES B8 27 X CO2 R N, 1 EPIC-TAMU #5888 5 7= tHAH XL 55 1
CO BN, 5 AT INZEFIK R o X = i AR B = 8 5 2w F BB i 2 1
HFEH GGCM 4R —3 (Jagermeyr et al. 2021).

GARAIB
INE Cas ES- S il P,
i g N‘ﬂr MWM, o GCM_ID
(@ ~ ‘W%@% (b) < Qi $
& 0 3 § ‘ i |‘ 2
20 ) % 5 é &‘\\g L 10
2 % I £
0 g
gn & # R ‘
£ ) =
z S 10 = GGeM
3
5 g g W cARAB
S ] g = B EPIC-TAMU
g =t ] 5 W GEPIC
2 g & M JuLEs
20 ’@ £ ) B LPsGUESS
=0 /;/”;? ;‘l & B LPimL
2 A I o PEPIC
- 40 /%/% Stvsgy, @\\\\‘ = PROMET
all al 12 3 ", %W/Wf‘ﬁ‘mm\ “ s : [ pDSSAT
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S : ~ R N e e leo 2
# o s ,.*A v Lao i b 0
af RN %v’“ o e N e B 30
;5; { ) gy N a‘ :\' . Ly § — v Lo
,i ' 9"; ! T . ° ) B { -30
_ i h - 40 Fi 25
n=128 |7 n=56 & . o
5 e T TNamahn " 60
QQ& 4 TR 4o . T L 30
g Tas e W s y }
=] % iy Mi’ =y o »
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Kl 4-4 SSP585 /NI K= B2 (2069-2099 £ A1 1980-2010 4F)HIE IR EZ (a il b). a il
b (7)) MFERESR T ENMERMTE MM E 8. cMb () BB MNERNENE
KEPFE PR . ¢ b Cf) R EBRMAERAZL GEf) M Pt CRE).
Fig. 4-4 Hierarchical clustering of wheat and maize yield changes (between 2069-2099 and 1980-2010)
under SSP585. The left panels of a and b are boxplots showing the change in global yield for each
cluster and all models. The left panels of ¢ and d are the average wheat and maize yield changes for each
cluster. The right panels of ¢ and d are the yield changes averaged by latitude (blue line) and the

smoothed relationship between latitude and yield change (black line).

AW TS R Z R B R, RG2S A A = E A | o BB RN, B
GCM-GGCM H A= m T (ZFE COL i) kI N =8 (R 1. £ 2/
FETE 3D, TR 1 240 3 N BRI B S HEF X T IR EYD (Rl
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Fig. 4-5 Hierarchical clustering of rice and soybean yield changes (between 2069-2099 and 1980-2010)
under SSP585. The left panels of a and b are boxplots showing the change in global yield for each
cluster and all models. The left panels of ¢ and d are the average wheat and maize yield changes for each
cluster. The right panels of ¢ and d are the yield changes averaged by latitude (blue line) and the

smoothed relationship between latitude and yield change (black line).
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Lk FKIRME. gfdl. gfdl-ESM4; ipsl. ipsl-CM6A-LR; mpi. mpi-ESM1-2-HR; mri. mri-ESM2-0;
ukes, UKESM1-0-LL.

Fig. 4-6 Hierarchical clustering of wheat yield changes (between 2069-2099 and 1980-2010) under
SSP585. a is the cluster tree diagrams of wheat yield change. The three clusters are highlighted with
light red, green, and blue. b is the average wheat yield changes for each cluster. The numbers (n=) at the
bottom left of each panel represent the number of ensemble members (GGCMxGCM) used for each
cluster. c is the boxplot showing the change in global yield for each cluster and all models. Box
boundaries indicate the 25th and 75th percentiles of crop yield change. The black line within each box
indicates the median value. gfdl, GFDL-ESM4; ipsl, IPSL-CM6A-LR; mpi, MPI-ESM1-2-HR; mri,
MRI-ESM2-0; ukes, UKESM1-0-LL.
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L XN HE. gfdl. gfdl-ESM4; ipsl. ipsl-CM6A-LR; mpi. mpi-ESM1-2-HR; mri. mri-ESM2-0;
ukes, UKESM1-0-LL.

Fig. 4-7 Hierarchical clustering of maize yield changes (between 2069-2099 and 1980-2010) under
SSP585. a is the cluster tree diagrams of wheat yield change. The three clusters are highlighted with
light red, green, and blue. b is the average wheat yield changes for each cluster. The numbers (n=) at the
bottom left of each panel represent the number of ensemble members (GGCMxGCM) used for each
cluster. c is the boxplot showing the change in global yield for each cluster and all models. Box
boundaries indicate the 25th and 75th percentiles of crop yield change. The black line within each box
indicates the median value. gfdl, GFDL-ESM4; ipsl, IPSL-CM6A-LR; mpi, MPI-ESM1-2-HR; mri,
MRI-ESM2-0; ukes, UKESM1-0-LL.
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LR XN HE. gfdl. gfdl-ESM4; ipsl. ipsl-CM6A-LR; mpi. mpi-ESM1-2-HR; mri. mri-ESM2-0;
ukes, UKESM1-0-LL.

Fig. 4-8 Hierarchical clustering of rice yield changes (between 2069-2099 and 1980-2010) under
SSP585. a is the cluster tree diagrams of wheat yield change. The three clusters are highlighted with
light red, green, and blue. b is the average wheat yield changes for each cluster. The numbers (n=) at the
bottom left of each panel represent the number of ensemble members (GGCMxGCM) used for each
cluster. c is the boxplot showing the change in global yield for each cluster and all models. Box
boundaries indicate the 25th and 75th percentiles of crop yield change. The black line within each box
indicates the median value. gfdl, GFDL-ESM4; ipsl, IPSL-CM6A-LR; mpi, MPI-ESM1-2-HR; mri,
MRI-ESM2-0; ukes, UKESM1-0-LL.
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Lk FKIRME. gfdl. gfdl-ESM4; ipsl. ipsl-CM6A-LR; mpi. mpi-ESM1-2-HR; mri. mri-ESM2-0;
ukes, UKESM1-0-LL.

Fig. 4-9 Hierarchical clustering of soybean yield changes (between 2069—2099 and 1980-2010) under
SSP585. a is the cluster tree diagrams of wheat yield change. The three clusters are highlighted with
light red, green, and blue. b is the average wheat yield changes for each cluster. The numbers (n=) at the
bottom left of each panel represent the number of ensemble members (GGCMxGCM) used for each
cluster. c is the boxplot showing the change in global yield for each cluster and all models. Box
boundaries indicate the 25th and 75th percentiles of crop yield change. The black line within each box
indicates the median value. gfdl, GFDL-ESM4; ipsl, IPSL-CM6A-LR; mpi, MPI-ESM1-2-HR; mri,
MRI-ESM2-0; ukes, UKESM1-0-LL.
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Fig. 4-10 Spatial patterns of cluster divisions (top) based on different variables and the range of different

variables (boxplots on the bottom) for wheat (a) and maize (b).
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Fig. 4-11 Spatial patterns of cluster divisions (top) based on different variables and the range of different

variables (boxplots on the bottom) for rice (a) and soybean (b).
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Fig. 4-12 The proportion of uncertainty from GCM and GGCM in simulated wheat and maize yield
changes in 2069-2099 under SSP585 compared with 1980-2010. The left panels of a and ¢ are the
spatial patterns of uncertainty proportions from GCMs and GGCMs at the gridded scale across the globe
for different clusters (see Figure 4-4) and all ensemble members for wheat and maize. The right panels
of a and ¢ show the proportion of uncertainty at different latitudes for wheat and maize. b and d show

the sources of uncertainty at different sub-regions
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Fig. 4-13 The proportion of uncertainty from GCM and GGCM in simulated rice and soybean yield
changes in 2069-2099 under SSP585 compared with 1980-2010. The left panels of a and c are the
spatial patterns of uncertainty proportions from GCMs and GGCMs at the gridded scale across the globe
for different clusters (see Figure 4-5) and all ensemble members for wheat and maize. The right panels
of a and ¢ show the proportion of uncertainty at different latitudes for wheat and maize. b and d show

the sources of uncertainty at different sub-regions
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Fig. 4-14 The proportion of uncertainty of yield changes (2069-2099 compared with 1980-2010, under
SSP585) for different numbers of GGCMs used for wheat, maize, rice, and soybean. The numbers 2—9
(and 2-8) represent different numbers of GGCMs used, including all of the possible combinations for
wheat and maize (rice and soybean). The boxplot shows the distribution of uncertainty due to

GGCM-selection under different numbers of GGCMs used.
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Fig. 4-15 The proportion of uncertainty of yield changes (20692099 compared with 1980-2010, under
SSP585) for different numbers of GCMs used for wheat, maize, rice, and soybean. The numbers 2-32
represent different numbers of GCMs used, including all of the possible combinations for wheat and

maize (rice and soybean). The boxplot shows the distribution of uncertainty due to GCM-selection under

different numbers of GCMs used.
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X T &N Xk UL, B/ NE A B E A BTN B4R AEYIBAE E AE 4-6
FeAi, SAEREAE 6-14 DA (B 4-16 & 4-19 AL 4-2 & 4-3). HAERENLE, &
T TS () 2 DX R 2 T E s Rl o0 1, BoA ] DARE 78 79 1O 2% B8 AN [R) X3 B ol . E AT,
WA TS X AL R 2 T, 35 IPCC B9 X (Tturbide et al. 20200, £ERAR
WARSKX (AEZ) A4 AF A (FPU). REFAERETY], (Hixesifn]
RETCIEA FER AR = B A 8 YRR B X 3802 PR o 3 R AR AR 20 A7 Al s e
TEYI = B IR AR 22 7

R A2 ERRMXIREAHE M GGCM N R H

Table 4-2 The minimum effective number of GGCM in uncertainty analysis at global and regional

scales

[X dk N EPN IKFE N
SBR 6 6 6 5
Xk 1 3 5 5 5
X 35 2 5 6 5 5
X 15 3 6 6 6 6
X35 4 4 5 3 5
X1 5 4 5 5 4
X% 6 5 5 6 4
[X 3, 7 5 5 5 5
X35 8 6 6 5 5
X3 9 6 3 4 4
X% 10 8 4 5 5
X3k 11 6 5 3 4
XI5 12 3 6 5 5
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Fig. 4-16 The proportion of uncertainty of yield changes (20692099 compared with 1980-2010, under
SSP585) for different numbers of GGCMs used for wheat, maize, rice, and soybean in 12 sub-regions.
The numbers 2-9 (and 2-8) represent different numbers of GGCMs used, including all of the possible

combinations for wheat and maize (rice and soybean)
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Fig. 4-17 The distribution of uncertainty due to GGCM under different numbers of GGCMs used.
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Fig. 4-18 The proportion of uncertainty of yield changes (2069-2099 compared with 1980-2010, under

SSP585) for different numbers of GCMs used for wheat, maize, rice, and soybean in 12 sub-regions.

The numbers 2-32 represent different numbers of GCMs used, including all of the possible combinations

for different crops.
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Fig. 4-19 The distribution of uncertainty due to GCM under different numbers of GCMs used
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Table 4-3 The minimum effective number of GCM in uncertainty analysis at global and regional scales

X 35 N /S IKFE PN
4Bk 9 10 12 12
X1 1 6 11 14 13
X35 2 10 8 11 12
X1 3 12 13 14 13
X35 4 5 6 13 13
X1 5 6 6 6 13
X35 6 10 6 7 10
X 7 8 3 11 13
[X 3 8 11 15 6 12
X3 9 13 3 4 10
X4 10 12 6 9 7
X3k 11 11 13 13 6
X% 12 4 7 12 7

HeAh, SRR S AMH, GGOM S BRI PERTHI FRIE (% 0% 43
A EASIL AP 4-20 P 4-21). SRS T3t 62 5 R 0 U A A BRI 1
AEA T B R 6 B 2 05 .
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Fig. 4-20 Spatial patterns of GGCM-induced crop yield uncertainty under combinations of different
numbers of GGCMs. N_2-N 9 represent the number of GGCMs (from 2 to 9). No data for N_9 as there

are 8 GGCMs available for rice and soybean

81



PHABAMRIBOR S 1 221 S

Kl 4-21  AFEHEE GGCM TTRRAI1EY 7 B AN E PR RIARHEZE(SD). B8, N_2 52 9 Az
TK)Ek 8 ANOKFEA K E)GGCM HFEHLEELT 2 /.

Fig. 4-21 The standard deviation (SD) of GGCM-induced crop yield uncertainty when different numbers

of GCMs are used. For example, N 2 is two GCMs are randomly selected from 9 (wheat and maize) or

8 (rice and soybean) GGCMs.

N T BR3P BUsi R ) GGCMI Hifs e PR RICR,, AFWE 1 /MR
HIEE RN IEREAT 10 b (PRI 4-22). BFFERIL, BEH GGCM HU&E HH i, Hifl
M EER NS5 2 BrBURLL, IFHAEH N2 GGCM UM ZERTK G -E4
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Fig. 4-22 The proportion of uncertainty of yield changes (2069-2099 compared with 1980-2010, under
SSP585) for different numbers of GGCMs (GGCMI phase 3) used for wheat, maize, rice, and soybean.
The numbers 2-12 represent different numbers of GGCMs used, including all of the possible
combinations for different crops. The boxplot shows the distribution of uncertainty due to

GGCM-selection under different numbers of GGCMs used.
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Fig. 4-23 Changes in the GGCM-induced uncertainty share contributed by individual GGCMs at the

grid level for wheat in 2069-2099 under SSP585. The contribution was determined by sequentially
removing one of the nine GGCMs from the ensemble of GGCMs at each grid point, and then comparing
the GGCM-induced uncertainty share of projected yield changes between the full GGCM model set and

the set without the particular model. A positive change indicates that including a particular model

increased the GGCM-induced uncertainty share. A negative contribution change indicates that using this

model decreased the GGCM-induced uncertainty share. GGCM is global gridded crop model
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Fig. 4-24 Changes in the GGCM-induced uncertainty share contributed by individual GGCMs at the

grid level for maize in 2069-2099 under SSP585. The contribution was determined by sequentially
removing one of the nine GGCMs from the ensemble of GGCMs at each grid point, and then comparing
the GGCM-induced uncertainty share of projected yield changes between the full GGCM model set and

the set without the particular model. A positive change indicates that including a particular model

increased the GGCM-induced uncertainty share. A negative contribution change indicates that using this

model decreased the GGCM-induced uncertainty share. GGCM is global gridded crop model
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Fig. 4-25 Changes in the GGCM-induced uncertainty share contributed by individual GGCMs at the
grid level for rice in 2069-2099 under SSP585. The contribution was determined by sequentially
removing one of the eight GGCMs from the ensemble of GGCMs at each grid point, and then
comparing the GGCM-induced uncertainty share of projected yield changes between the full GGCM
model set and the set without the particular model. A positive change indicates that including a particular
model increased the GGCM-induced uncertainty share. A negative contribution change indicates that

using this model decreased the GGCM-induced uncertainty share. GGCM is global gridded crop model
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Fig. 4-26 Changes in the GGCM-induced uncertainty share contributed by individual GGCMs at the
grid level for rice in 2069-2099 under SSP585. The contribution was determined by sequentially
removing one of the eight GGCMs from the ensemble of GGCMs at each grid point, and then
comparing the GGCM-induced uncertainty share of projected yield changes between the full GGCM
model set and the set without the particular model. A positive change indicates that including a particular
model increased the GGCM-induced uncertainty share. A negative contribution change indicates that

using this model decreased the GGCM-induced uncertainty share. GGCM is global gridded crop model

87



PHABAMRIBOR S 1 221 S

4.3 11ig

4.3.1 FRMEA#hE M IA R AR B %1%

JRVE SRR G- F S & TRV EY) P S 1 W P G vt Bl 8 e AR 8 i N SR
T 280 52 SRR o X LU SRS 5 B2 L8 — R A AT RER AR P 408, I H 2 By
HEPEEAFRT SN, FHETRSSEIR SR B, 7F7FEHEAR
BERAE S 145 5 . BF 7T 45 AT LASR A F 045 B 25 R BE 4 () 01t GCM-GGCM 45,
DL KA 8 PR A o ASHIE FUAIE 70 2R A5 T SSP585 FFihi, DIRERE K AEZAAE
TR RAAL . Miller 45 (2021) K I, X TiXLE GGCM 1/j H &%, SSP126 1 SSP585
2 (B Y 7= 5 FHIN A A [FIAS A o PR AR 6 B B A AT LE 1, 7E SSP585 R,
MR NEGTERERR. Fit, SGRMTHEEREEREN.

KRBT T A RN AT B MERIREm o AT R, B T 4Bk AN A H
XA E VERISE A AR K Z200) . Ban, €/ 10 1> GCM #fi3k | & BKEHE N GCM 5]
TR BBUAR EE (B 419, HEE. FEMAEEMEETE (X 1. 3,
8 I 11) FHEELN GCM (| 4-18 Al 4-4).,

ARG R AN F] P AN A S Ry it B B S (& 4-4 A1
4-5), i, FERGEANHER, JULES XK 577 & R0 5 HARAR Y (1) 25 FAN ], 6
AT E P TR KR DTHR . 2] A BEAX Tl b i 47 9 AT e 2o 2 A R AL 1 245 SRANAH
N7 AN e M PR AR AR KR (Knutti 20100, fEIXEEIEH T, — S50 AT IR 70K 45 58
RIS HERRAE AP B FRAR AL, DD SR AT E M (Vetter et al. 2017; Wang et al.
2020b). [Klth, FEGESEH T 2 B A R DLy Mg AR A 52 0e D1k v B AN o M T
A amvie PG BT Ve Re, DLRROR FLAS MM, AT R AR A AR P = 1
s AR E 2 (Wang et al. 2017a)

2RSS AE TR AR B — € W PR, DR AS RIS 2 8] F 45 2R
TR A B, SRS AR . SR, AW TS BRI, fXR
RSP ZMERIBAT 702K, % 7 AR 8] i 25 A TR 500 . 1l 58
FKortr, ATLLRARALI B 73 Oy R —2 ), A HERR S 2 AR AL ORI TU AR, T H &
TR AERA Y . R, AT FOR SRR i AR R e P B R X, B
WAL &, A RIS AR, Sem TOHERR I, o) X 18 N SR A2 5 P 4R 48
PEFR A BE g A 5 B
4.3.2 FRIBIAHHE KR

H AT CATFR T ASE H 72k 52 5 Ve AL 1 B8 P AR A S A 1) AN o 12k
P i AR 54 (Maiorano et al. 2017) 8BS fli4t (Wallach et al. 2021; Xiong et al.
20190, ZRT, HIT i iE S A AN E DA HE B ARE, IR AR A 4 BRI B A S A
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AP B, —SeRF T TR) SR B s AN St i H R ) 45 6 GGCML 1 AN E
PERFATZIO, $EH 110 F 58 PRI BT 1 S2 30 208 vT DA SGE A RO S AR B e N, I
HE— 20 AR B AR ANH 2 1 (Wang et al. 2020e; Zhao et al. 2016b). [tz 4, S ALER
Jot FE AR G At T 28 R PT BN E M AR A AR s, AT 38 0 7 T AN E 1 . i,
JUBRAIE 8 30, COo Jit I 28087 52 31 A 25 R AR i R A I 120 (Gray et al. 2016;
Obermeier et al. 2016), {HIXLE5Z0 H {i (I IHF R A0 H &, AlRe R E” 2R IK
FEFUSAR A 2 YEI i (Wang et al. 2020e). [Klt, AT 5 47 M H S A A8 AL XS
Yire BRI, ek AR S AL AN E I, FREAE R ORGu L B A TA]
B IR RIASE 0 A 4 2 DR Y 52 s B I S b i 98 S AR AL (IR . R Bk . - 5 A
COy) HEWIF=& 2 [AfAH H 52 (Kimball 2016; Ottman et al. 2012).

4.3.3 AARBRRMYE AL RE
KR AR —RFRRET GGCM BUA K. B, GGCM Bk
I8 R AR AN S (P IR D SE A E M ORVE (Folberth et al. 2016;
Folberth et al. 2019; Hasegawa et al. 2021; McCullough et al. 2022) PL A5 HUE {5200
(Rosenzweig et al. 2014a) . HIR, BRI EAN M 2 52 ML, T B2 i ANBf € 1% . 49
Xiong & (2019 i FHUFhSHAL K& 73 b T ZHUL A AT E M. B 7T
F & T GGCM AN E5 1 22 7, (R A B B HAS GGCM S8 B AN E M B =,
RAE L GGCM 1] LA I B S (CEdG SR AR ) M 5500 N R AER ™
P (Schauberger et al. 2017a), {HEAMEA, 7 Bledmmiie 264 F 007~ mi A2 2
(Heinicke et al. 2022). #zJa, A HEIAAL PR 777k AL AR SR S I B A7 AEAS
ENE. 5 GCM BAARL, ZI71EEA R R i S F A AL, B F S
5N R B FAF AL B EA HAE AE KT U AR A RS D, AT
BAEM: . BRI 7 GGCMI 2 3 Br BRI BAREE, 1280000 5 5 FH i 22 10
F1H GCM s 5 GGCM B AT b, FEHRE T A & ki, (HHE AR
HHEA GCM 7TH, LR KB GCM &R T 2. Bk, FTEEZME ), LI
B Wip U A R VR A 2R (R R, DU B8 AAAS [] R A RS B v SR A 00 < e ) Tt

4.4 INGE

TEARRFFEH, AFRSMEZAET, VEVBRIANH 2 M SRR AR X 2 7, X 2%
B T3 F B S AR IR o D 1 VP g AR At RO R 2 0, AFF 56 N 5338 5 i
SR PRI AGE AT PSR Y, (Y 4 R 5B ok AN s A P S i iy o 45 380 T A P
o B, WIR T EBRMBEYFEE (GGCM) AIEBRSEHEA (GCM) ERIUAR
KAMET, AERVEY) 827 TH A BB AN s . AR 7RI,
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FEANE GCM Ml GGCM I G, ABAR AN BN & 14 (1) 2 BRI A AE BRI
ZE5, LR T K. KRR GEEY, 10N RIA T AR o

LA, ARBFFBENLIERE KL 6 > GGCM 1 10 4~ GCM SR 9 MEYIIE LA 32
AR AN e M. SR, ATt — A8 SRR A i 25 b o NE G
BH, RIAERIERS AN RDE - MERME LT, K4 3-4 MERIRIA] e e
R T 22 o 1K e 2 LG8 HA 7 R ) 4 BRI 4 B DK/ INTE A 8 VR 40 7 1 TR R AN S P 1
BERUE 77 T (1 B L o SX IGURIE AT IR R I R T s AR AR ROl B s e A A A
EEBMIES, HFRLNBOERE E At TA RS, BB I S0 AR
(B . AR FT AT DLE— DR R HAR R 3 (491 S8 5 0 348 it DA A% g
TR XA S MR, T IT T 2 ] B AR A A AER G R/ DR AN
SEVERIEZIR,  DUEE AR B TR0 A SR Mg N AR = R SE e 045 2 .
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FHE ETHRFIESMRIEYIRRINS = ERFUNFH LR
THAEM

VR B SR AT LB R R R AE K R B RS, (BRI R AR i A A i
TRAC S R (BnmR . AR, 5. R HAh, HETEEY B
AN 3 1 ) L, R 5 B HUE ARG P S . B e il SR A 2 AR A
AT RASAIS T B AR o SR ITTAE VIR R B 0 AR AR AR & R & (A i o
AR ZE SR, A FVEYIRR T35 D 2K i B EEAHLEE AR, B S AR
A5 TCIX B A A A R T 25 SRAF AR AN E P o 73 T L% 27 21 BAR T AAS 1%
AT FER P AR, (B TALER 52 o) R TR R L sk 20— S R & (0 CO»
T AL RN | RS HSE ) IR AN . (RItE, A B VR A T DL 2 & I B AR 1
25 e S A S5 R OGS P R, RIS T AR E IR R A A e P DRI, ASHIE 5T
R LERARE G (1D &P ERR R DL R ALER 22 2 B AR & (i <
e 59 HUTE RS, MERIR AR (2) 204 SEAMUARORAS RIS St h A AR
TR E MR (3) W LEHLAS =2 I 20T Ja B9 AN E PEA A DA K X I 57

5.1 #RFTTE

5.1.1 #HENA
5.1.1.1 SIEHE

AW T 21 NEERAFERR (GCMD M 1961 % 2100 4F, I H RN EHE.
M CMIP6 B MFREL Chttps://esgf-node.linl.gov/projects/cmip6/). FHH{Lfh SSP126 Al
SSP585 M AMHEIIE Ft (K 5-1).

#5-1 21 CMIP6 St M5 A
Table 5-1 Information of the selected 21 GCM from CMIP6

95 HHR 4] IR ()
1 ACCESS-CM2 ACC1 1.2x1.8
2 ACCESS-ESM1-5 ACC2 1.2x1.8
3 BCC-CSM2-MR BCCC 1.1 x1.1
4 CanESMS5 Canl 2.8x2.38
5 CIESM CIES 0.9 x1.3
6 CNRM-ESM2-1 CNRI1 1.4x14
7 CNRM-CM6-1 CNR2 14x14
8 CNRM-CM6-1-HR CNR3 14x14
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F#5-1 (8D
%5 ATk 45 PR (x9)
9 EC-Earth3-Veg ECE2 0.7 x0.7
10 FGOALS-g3 FGOA 52x2.0
11 GFDL-ESM4 GFD2 1.0x1.3
12 GISS-E2-1-G GISS 2.0 x2.5
13 INM-CM4-8 INM1 1.5x2.0
14 INM-CM5-0 INM2 1.5%2.0
15 MIROC6 MIR1 14x1.4
16 MIROC-ES2L MIR2 2.7x2.8
17 MPI-ESM1-2-HR MPI1 0.9 x0.9
18 MPI-ESM1-2-LR MPI2 1.8 x1.9
19 MRI-ESM2-0 MTIE 1.1 x1.1
20 NESM3 NESM 1.9%x19
21 UKESM1-0-LL UKES 1.3x1.9

5.1.1.2 MBI #R

AHF R ER R E I 4 (http://data.cma.cn/) UEE T RE 155 MR A
[ K= BRI R AN 50 ARSI R B P s IR HE , IREE T 1999 AR 2010 4F
PE B, AFEEYmEMEKMEMEE (B 5-1.

2z X

S B

40°lt

30°dk -

ZOG:IE—,%

L T T T T T
80°% 90° % 100° %= 110°4% 120° 4% 130° 4%

K51 BOROK Lk md 23 8] 3 A

Fig. 5-1 The spatial distribution of maize and soybean site in China
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Forp g B SR AR T3 125 24 AR R 17 15— B die )8 B S AR 7
25 R M7 VE— 5. SR, BT 1999 4E 28 2013 4 1A IA) UL 21 (/R 4 7= = A i
AESE, HIIEERAS T 1076 A TR RIEHE AT 368 21K G HIF Bl . Hoh oK B4
TR X, KREAF=ADKX, 2K E =5,

5.12NWAI-WG iR EGE

NWAIL-WG Gt RE TR T RA KA/ —FbE R E . fE2 0, &
PG w5 BT I 1 DU A X 3 AT IR EE B IR AEL 7 V2 kA 2k b lid QQ EISkXT
EEAIN 5 A0 22 S o T MR 0 A7 bR BRI E AT I 1

FH T A T 2 i A A SRR g 50 o A R, DR e 75 XA ) )b B RUBE, X
TR T B TN pR B — B B /R ] R R AR . Horp, — B ER ] REE T
AERH A, AN A SRR B AR o 0D A 1% B pR LD T

—P
-1_pB

= pa
=g

IREHHEH WGEN RS R, HAr 507305 Bl AP 5IH 5
FSAESIER EPS 38

p, >0, 0<a<l (5-1

Xi(j)=AXi-1()+eEi() (5-2)

AP X REESE | R =AUEARE B R CRUFE i B, B R B AR 53 .
e ML N T . A FT B & T =08 S FE:

A=MM,',  BB"=My-AM (5-3)

A Mo T HR 2R — R =B a2 AR RS, My BT R 2R G 1 RIHKER
T MER AL S B KE — 2 I BENLE, TR H FEK B8 s R AN 2 T N
HAH. Rtisst 1500 JRAGIAE 2 A 2 — AN rl 2 s F
SRR EER Rid, HHA B Z R UERT R, K22 172 3
. BEHEAR)EE R Liv and Zuo (2012).

5.1.3 GGCM 15123

ARWFFAE T FRFR T A [ XI5 . FRBIESE T LB CARAIB.
EPIC-TAMU. JULES. GEPIC. LPJ-GUESS. LPJmL. pDSSAT. PEPIC A1 PROMET;
KGHEMEFE T U % . CARAIB. EPIC-TAMU. JULES . GEPIC. LPJmL . pDSSAT.
PEPIC 1 PROMET. ¥ {5 R W&,

HT—%% GGCM (ER I EEAE A 72 71K EARAEE AR (Muller et al.
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2017, SRR Syt ) B A 1R Al DAUL BC RIS T 7 . AR50 R

Y, =Y x—= (5-4)

r,c

o YR AE Kt IRHE S 7 Y AR Kt R A O 2SR
N BLE ¢ B S (e ABTER, ASCA 1999-2010) . Yee A2 7 52 I B iZ A AR IUE .

5.1.4 THREMD
AR T 25771 (ANOVAD X K AR & AN & MR I T 24k . A
W HERE T RV RIS 51X = AR AE N T AN E 1k -
SA=SScccm + SSaem + SSscen + SSaemxGaem T SSaeMxseen T SSaaeMxscen T SSGGEMGCMxSeen (5-4)
Horh SScaems SSaem, - SSseen [RFHT GCM. GGCM HIHETAUE 5y K (A 2 1
SSceMxGGeMs SSGeMxscens  SSGGCEMxscen T SSGGeMxGOMxscen TRFAMATTZ A] HIAE FLFZ M

515 REREEZRAR

FH A E A TR ) ARy A AH i B S e T Ak, AN E B RE T AR R O T
Bl >): SPEL: FEMH T RN RAA; immimtsE (TD): &l KT 30°CHY
REH T SR iR is; (RIRTE % (FD): IREECT 8°CHIREL, FHT S M H K IR
s /N (R : B T/NRAHEY = B AR (LR 5D, X B e CHEW
/N Imm ITHEG KR (R30): KT 30mm P&/ H9 H %,

H VR AR T e VAT 78 70 % Fe i R (CPD) AUy, AT H AR 2 BUR R #3%
BEEHRRERA, Wang 55 (20212) HETEA 5,500 2 %G00 5807 254,
ST U KA . AR TR I E AN G ) CPD KA ZRARAERG N, 4 [E 1
CPD KRAFIEIN 7 IUAE. ALK, el FEAEARIE S (SSP126) T
CPD KA 243% + 110%, {EmHARE 5 (SSP585) TIGHN 460% + 213%, H
W P AEAR AR B TR FE T 51, FE R REURD o AHIE UM ARA T4 2 1R L 35
BARENE N —DNINGE, EHMEE T —BRRFERR, TEATHRE . AR TR
DUAETL O] AAE — e FERE 2% FEops HUSE JRURGE ) 77 B RS o B L2 2 ) 43 ) S5 R [
VIR G ST VR G AR AT AR K P B AR Y ) AN 1, E AN PR 31 1 20 R B VE

AR AR MR IR (W= =) KREIRABA, BT it
THMSE (F 5-2), BAFELE %, BT EAFRSHNER, TKH ntree
1 mtry 24 1100 F1 3; KZZH ntree 1 mtry 24 900 F1 5.
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Maize
18704 ,\ 780 4
\
ntree
= 18501 = —— 100
< £ 760+
o)) =] —= 300
= =
W 18304 w = 500
17} 5] .
E E 740 700
-# 900
1810
1100
7204 -
2 4 6 2 4 6
mtry mtry

K52 T FORFR G NGB THE A BRI AR 240 (mtry A1 ntree) /] RMSE
Fig. 5-2 The cross-validation error rates (RMSE) in tuning parameters (mtry and ntree) for RF using

training data sets for predicting maize and soybean yield

EH P 5-2 ] 50, AHH 5T B A FH 2 8 2K mtry=3, ntree=1100; K= : mtry=5,
ntree=900.

¥ GGCM i H 1 7= 04 245 e Tt PR (T Wl i = A 48 50RH g 55 XU D
BN AL, AT @RI R AT IR . AR SRR IR M TR S A
BEAT TN, AR H I 2 A0 5 RIS SR SSP126 A1 SSP585. i Jm b b 37 #r i
ATEIANTR 5 PR o ARSI 5 FH 5t v AP e 1 PRV TSRS 55 oK B 2 1 S A SR ) 9 L, A
FORBRZ W, T K (] 5-3):

g e T T 'i
4 bs:
:_Crop calendar & Crop yield SF’El; CD; TD; R1; R30; CPD GGCMELL & |
——————————————————————— —
BEHLAH GGCM fi AT
(RF) . th T
s AR L B ) )
SIH i A
LY :
i 31\ fouts, WA
NAZ IR l
- SN R? FIRMSE
lf______________________/lﬂﬂwﬁﬂ
MBI SIS o R
| 5 STREE I O < anowa A |
L |

K 5-3 AEMENAREY BT R EE.

Fig. 5-3 Schematic overview of data input and output for the RF model developed in this study.
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5.2 R

5.2.1 SEEAEMRIEE

T AE CEGAIE F7 30T b T D3 S A () A R AL (1) R B RN 2 ML 8% S AR v LS ()
W (B 5-4). BIRAE GGCM NG sl , AT BE ARO[ BB (P Ag B Aifih
AT FR a1 5 8] 5256 A — 3 (Zhao et al. 2016a) . ASHF 7T 45 5B R BT GGCM
LIRS BE 3G, Hodh B2k R 8 0.07-0.37, nRMSE K#)°5 0.2-0.4 (%7 JULES);
K R? 4 0.13-0.48, nRMSE K174 0.18-0.35, 4k FALHL G FE LLAR AR

ceem [l cGem+RF

R? nRMSE
0.6
0.6 |
0.4 l
] | |
0.4 | ‘ | —
)
| | LB
0.2 | | | 0294 I i I . i
0.6+ } 0.4 4 ‘
0.3
0.4 | \ »
| g
0.2 4 I \ g
0.24
1 011
0.04 0.04
N S N S
e T o o & o & e T o & P o &E
PPN S R i (e N o & NV P& F Y S
TR E VEF E Ly TE VS F L L
& & <& oy
Model

Bl 5-4  FOKRFIRE A (1999-2010) HESDUKE EEITAN
Fig. 5-4 Model performance of maize and soybean yield simulation during 1999-2010

EIR GGCM X TR EEma S A B rT DAREHE R, AR ARAT XS T4 i 26 7K (7 i B2 AN
U, w5 E R KR, R AR EIRE S A E m A e & (Li et al.
2019¢). AHFFHEE T ARFE RIS, LLAOR R E R . S b7 IRk E
(GGCM_RF), RIMEARSGEEA 7K, HdEK# R? 4 0.37-0.58, nRMSE
AN 0.2; KER R2N 0.31-0.47, nRMSE 7£ 02 LR (& 5-4),

EAFER 2, AT LG B IX A HBAULAE Py s ST TADAS AR EE T 22 U 85 38 kg
FEEAR (Cao et al. 2021a; Cao et al. 2021b; Li et al. 2022a). X FE LR WA 7L X
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THEF BN AN ENEDE R Tk R 1, FRAHEENEE M. AR
IX A 3 R G SRAE AR A N 2 AR B T U E M Y A B R R P AL
PP, BRSNS RE T2, XS 7R ERE
MM SIS D, W SBEAREBRIRZE . Bk, 7 B — AU, A
T 58 PRAIE AR 5 (1) 51 BLPE 2 FI/NT 50%. MhAh, tnsE —, =TTk, fE 2 uHh AR &,
REBAR A PR R E R R, AT A AT H R T AR SR SRR R R
e, TEiE SRR R 1) — LS AH D¢ BIAE T 2

S F F KK, Tl & GGCM if /&2 GGCM+RF, LPJ-GUESS (] R? % 51, CARAIB.
GEPIC A1 PEPIC f#] nRMSE /)N X T K5, PEPIC 12 A7~ 35 [P AU R SR B
SR, JULES X T R K AK G AR Z UK, X AT fE A2 A AE R AL A i B H B
BRI, R ER GG O m ECE AR AR . b —F AWK JULES R ok
ZIATEYE . AW R I L AR AT Y45 WHE T IEAS B B L A RS B . X AT RE 2
TRAEZERECR, SRR 045 50— Lo R AR 1, Rl — S R A
PSR A RN K ULEA 7RIS H 2 B PPl = I, A g B AT (o
AR ATRELIRAS B LR & 45 3. AW 745 RIS e LA, TR
TR T R PR . DU B 5 AN 3 T

522 FE5TREFRINE X FR

TR R 75 T KR K G = i B ok R R B P 5-5 o T R Kok, iR
T HUEE XU A S S A TR IR 5 E T R ke i g R XU A v il A T ) TR R 1

M 28T LA, ARIEXT TR AR B~ — R E R, (H 2 RRLLm)
(Al 2 20 R, AR = 8 2R 9CFR . CPD W™ &4 B R S g2 . Xt
TEAKU, SPEI 5/7& R IEME, TR0 8 AU, migiEz=y
W= EAA RN o (HX T KRG E, W2 e NG mimxt SR
B, Tk R G NGE SR INE FBE. R1 W R K= 2 IE A, {H 24882 )it
13 KRG, AR MIK R AT RERB, Rl a2 FA KRG X BIEMH S, 1 R30
PR EEAMIG, M RGN IEMT, YRR R 6 K5, a2
)R AR

7t SSP585 it T, CD IR AHX AU, MAE SSP126 KT T, CD XA
REUE . T CPD EPIFME = N A IR RIE T, Hrh7E SSP585 15t T AW N i3 .
i (TD) 7E SSP126 1§ 5t N A K, {H7E SSP585 1H 5t NALIR K, FEilZLE 21
2K, ARk R1 BIZCA K (FE SSP126 F1 SSP585 185 ), {HAZ R30 7E 21 th4l R
£ SSP585 1 N AR . 4T AR 5 77 8 2 18] 1 Wi % 5C Z A4 B T 50 47 i 2
i B ot A = A S XSS XS = B PR, T DA R VR S A A Tl R
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XK (a) 37.5%

(b) 18.3% (c) 14.4%
8500 — F12.5 . 5
%8000' " %7600- [190g -E:WSO- [*D
= 7500+ w0ws £ F75 & 27500 32
e $ g 74004 1502 o 2R
g 70007 s 3 _25-5'/ T 7250 _1&
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0.0 7000 0
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SEFN 2070-2099 4F) FIHR i S M SR CPD 1R A 1B

Fig. 5-5 Partial dependence of maize and soybean on 6 predictors. The balck lines are smoothed

representations of the response, with fitted values (model predictions) for the calibration data. The

histograms show the probability distribution of the index. The box plots indicate the occurrences of

extreme climate events and CPD during two future periods (2040-2069 and 2070-2099) based on the 21
downscaled GCMs.
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e UL by, RIS SR A T RRR U, T R AR XS 7
U R SO B G, AN, RiONT R30 X B ARSI R i . X T RE RS, T
AR (s B Y B T R1OFD R30 X e B IR IR . R, ARk
FERHE TORMUR I, MERERERFTNR TR RIS, ULELZH R30
RE Tioh, AWTCIL I, CPD A TD HIRESAEARK AT Ge 10, [Altk, REREE
Jit AT X 7 R ) 7 T 52

523 SETAx =20
523.1 ==

KT T 2L =R AN, 450K, Ttk GGCM BHlE &R &
B (GGCMARF) [N, #BR R AR FOK = BARE B W) N &3, JUH R AE 2040
EZJE (B 5-6a). XFFKERBE, 7 SSP126 5 T, GGCM Fil =& hn, i
GGCM+RF BRI R H 2040 447, P86 TR T /£ SSP385 st T, GGCM
TR KZ) 2060 £E 4247 P2 BRI UG, SR GGCMARF 45 WK, KRG /=&
HILE AT RE R (K] 5-6d).

BRI (GGCM B GGCM+RE) #3177~ & T %, {82 GGCM+RF
BT FERIE RS GGCM A &, JGH X T K&k 7/£ & 5-6b 1, &I GGCM
5 GGCM +RF 48U FK 72 5 AR A LU — 35, 1 B GGCOM S K ek = B UL () L 4
{H 2@ VR A AL I 7 VEAT SR AT DAREAN I 8 AR B — 2 AT A E o b ok, VR
R NS OLEDE T B PRSI, TESERr, T RE 2 R — LU IE A it K ek 2%
SAEARAL B, IR T e B g X R R R e Y 2 T e s AR AR 42
(Bl 5-5). XLEef5 BT REAENLAS 2 I BB rh 2 G AR B, TR AL AT AT TE i I B IX 4
R M SRBCEAL TAEY BT Ak, BT IR 2 B X R BRI RO, A
A A8 2 Uk % iR PR B RN o RIS W] DRGSR 20, IRk, AR AT B s il
T REWE X 38R M B R B U (Siebert et al. 2017; Wang et al. 2021¢).

ST RERU, AFFRKI GGCM X 7= & i BEAA7E — & i fl . X TR N
VRV T K A v A 1) 5 R AN AT, T ATL# 25 =) W BE R 4 B X Fh sz o bt
AhE T RS 5S FRX A F AR R F s A 25, #ln, MRk, KE
7 B ] RO e it BE AU, SR — L R A X i R T A, TS T
TR e 2ARAL SRS KR E R o [RIk, 5 PR A B R 2 AT K5 1 7 i 3 ]
AT B M T AR >R 7= B (AR A G 35, B 4 b B A A [0 R 3 0 7 B R R ) o PRI SR
TATTIN R T T WL 2% I W VR A A5E A m] DL B b 28 18 38 <A AR A0 R VR AR 2 P A7
TEMIANH e 1, AT B A b T30 SR SR A E = S AR A
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Fig. 5-7 The box plot shows the maize yield change of GGCM and GGCM+RF during 2040-2069 and
2070-2099 in different sub-regions
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5232 THEMSH

AR T T1 A T2 P B B KA K B = m A e tE ORI . 7E T1 BB,
AR IEREHESG, FOKFZ R 32 B MR B, T /E GGCMA+RF
iR, AAEECRT 5 EL ) R B, VRN ET S RS N TAE T2 IPEE,  HEC
SR FEEAT MR (B 5-6). KEAE T1 I BLIIAH & MR IR ED RS,
B, T2 BB HERE 5t B IELUG, HRRURE SE R SR ANI & T VR o B
BR (B 5-6). #HHEER, 5 GGCM EAHLL, GGCM+RF o W48/, i
RS T HLE8 5 SRR HAE TT DASE — @ AR B2 8 1 o X EE 2 ST 5 AN o PSR R
75, (£ E RFE ., GGCM+RF 0 1) n] LSRRV EAE YIS i i i) AN PR L EE

AR X AN 8 VSR IRAFAEAR K22 5, U AN 2 MEskIR R o 5 (1 5-9
B 5-10)0 X T KK, A T AN IV AR 3 B A B o U, T
X3 AV, 76 T1 BB, At S A & HRIE I LB S, T T2 B BEHER
S MELEE K. P RERUE, X I AP R R R 3 B AR Mk YR, T
FEXIE IV AV, S e REE HsUE 5o8 EZ A EMERIE . RO R X2
AT JG I AR MR IR LA R . SR, W T RESRUHIE SN, RHE T2
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Fig. 5-9 The bar plot shows the source of uncertainty in maize yield change projection in different

sub-regions.
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AT T AR S R E KR PRI R (E 5-5), iHRENRS
FEE R R AR OE, HIERR FORIE R KT, TERERTZ 220 BT, F=&
AT TR X FTRESE H TR BR AR — S i fE, TR, s B RURS T i A
A — SR AR R o X T BRRIRE, ST ARG B AR 2 BLA S 338 K5 8/
(P, X FhmE NS N AL (LS 5D MRIRE I — 2 RER, rgEax &
SRANK T 7= B il — PRI o X AT B AR R A A B 2= G A 1 £ B 4 K B 5 1
TEE, I SEAEYE (Gao et al. 2022). =il A1 5202 5 WL S 850 B 1
12 (Guo et al. 2019; Li et al. 2019¢), H KA1 K G # myilf b A usk,  1Xv] 782 i
THBYME « FFRLR/INE TR BRI R AR K e FI7RE A 1E - (Hoffman et al. 2020) .

ST EKINE, BE% SPEL $8E0M3 N, TR~ EWEE2 80, BEHIK S EK
s BB e ER . SR T K& &, 24 SPEI FREECRRS, F=1%A
NFE, X TTAE A H T AR R 2 X P I AR, T S A AR A A R iy
2% (Li et al. 2019d) o X 7] G A 78 PRI AL SR i R B B R R 22—
IbAN, i 2 /N B R IE B PR B B BRI AT 50 (Lesk et al. 20200 A 5T (1)
SERAMERM, Y/ NWREGEE 13RI, PPES N X AR A K A 1) /N
2 RAIAPURIRANFR S R 7o B RN FOK B Lo K G B, X AT Re2 K
AE T 6 i LR R, TR N TR B A\ A 0 A L o T B R A A R B KK
FEFEF SRR T, TKER G AR, 8oh R FHSE.

ISR T AL ST 0T, AW AT AR T A = & T A AT LB AT R DG B IR 3%
NI 1) 7 B A 28 R AR AR A it SR B8 v = B At I o L2885 ) 7 VR BR A% E B2 4 K
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BRI R AR AL SR, R R R IR A, IR E A I R
RIDTke XTI S R n] LA BO AR A I & B I, S v BNl o

532 SIELUSHERMKXE®~

Sk i A e AL, SRR (BanTHED S8R KRR G (Huang et
al. 2022; Kothari et al. 2022). JuH &2 21 b PlE, FEaEf RIEE N, K,
WUERASRBUE B, SRR TRE 22 FEARAME A 77 77 37 B IV E VDRI R AR o« 24
2040 B SR SR DUE N A KZE (B 5-11) . BREAE N ko e - B A 1R K
VeI 5-11 P28 A8 21 A RATHA TR, #E SSP585 1 S rh Flitiid — X
T B & MM SR (Zabel et al. 20210, Bi 1 S FE N 2 A, HoAhIE RS, 6ok
A H Y (Huang et al. 2020; McDonald et al. 2022), 7 H A £ 3 52K 5 PR #1) 74 Hb
X H KA KA 77, B RN E R, # R RE R nl AT 103&E Mt it, H AR KR
AR 17 P Z R (e %S (Franke et al. 2022).  BARSAEARAL G F0 1 KA K
SRR A IRREARI W, (H2 5 ERE A= G BORrg 71, sl
B R it T AR B R K AN R G B 1 [ B ik i R DA R IR = SRR, S R R
SEIES (Liuetal. 2021b). SAIRUL, AT T 0945 FE AT LAFE Bl A b MOl 2 FHBUR il
SE S T AR AT AV R 52, DA AT R I AR A, o 5] G g )
AL, FEERIEVIIPUE BT BB 2548 B S it, AR AL 1y T RF
Bk

A0 Al

=
azIep
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Fig. 5-11 Time series for maize and soybean yield change considering the variety (A1) during

1980-2099.
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533 Hl@EFIARTHEM

W 4 AR YR R AR AR R AN e 1, DR b B e T ) R By — A B 1
b2 ) o o 2, — SR 5 2 T U R S 20 RSB R AN 5 12 o 451 41, Zhao 55(2016b)
LCHE T /KA = BT B) AR I S5 A = Fh g A7 (GRut Ay . A AR ABE  F0 4 3K )
FAEYIRERD) R T i U . B FSR I, AR LT seae AUA AL A E IR, &
T4 BR R AE DA 50 159 B AR B 6T 7= 8 1) S THT 52 M A5/ o SR 1 240 SRR Rl 1 4 Bk Y
FAAEYIRE TS L, WE AN A T R R RE SE G 8, $R 0 T —Fh AR AR
Ji%. Wang 25 (2020e) K/, K. sKREANK G A BR HH ) AR BE SL I Al 48 (48
AN D) 5L ERVEVIBU AR 25 &, DAAE oG TR P R0 il 5 ()78 A 52 M 1 H
) BE 20 R AL HHE S S L R TR WTE R I, BT 2 P W] DAFRAR 12-54% . 2R1M0,
AR B 3 AR A 2t SR AN 8 P o A T LA 5 ) R T AN E By ma R, w DA
R 2 R BT AN e M. BE TS SRR, B g E 2R 5P, 7R
BT AN 52 1 7] DAFRAR 25.8-74.1%. 383 LU LB 27 > L0l i (0 A e PE AR L,
AT DA B PP A L2825 STAE AR T o (1 B2 FH AN - 2935 TN 45 SR 38— 8, R4
A DLk — B R T AT AL 88 27 ) 7 ik S AR G VBB R AR 25 6, DA i T &5 SR 1
BPE o B HLAS 2 ST R B S5 S5 7 B B ARG R IR EAL, Sk gl s Y
LT U AR R 7 5 P BRI R G R

5.3.4 THREMXKIR

S BT ARG 52 PRV R T 81 5 Dok A E PR S G 7 TTAE . AWFALE R,
ST R KA, AEPIBEAL R E PR 2 Bk, TN TR, AR R
FRZE, 7E T2 B HIsch S T R Z AR e MU, 7T RS B R A e i 4%
(PN HETRCS 5 (SSP126 A1 SSP585) it fe i AR A FA 6 5%, EATI B0k 1 e K7 2%
R, ABFFRAE %R BNE R, 1005 ARk . Huang 58 (2022) %
T v B R A A 3 R £ R A SE SR, 4 SR B 2 PR R B ]
AR R B AN MU, T 2458 R AR AN, A A TR D O T AN
ke

AFXIRAEAE ERZE RO E N SRR, AR, 6P TR X IR
F=AKEME XIS, e kR SR REERENZER. fl, EE=AKE
FIEIX, VRV P AR R E T SR, MiZE X v IR AR, x®
A 5 M PO SRR RS R M DX R 2 R 2 RE R, E T RE b 4 . 3R . (R4
R i S IR 5 T DR 0 o X BRI R R i e AR AN R R,
e SO 7] [X 358 AN A 52 SR VA FE S 22 S BRI, T MR 25 76 23 ) _E A7 7E 25
SIS AT U, AR R X e 2 ) 2 R AN IR . A, AR TR I,
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DR E R IFAN SR A R, DR AE R PR AL I, N1 7870 2% e AR AR FR)RF A
WA IE A AT IR R AR o AROR I TARE S8 i TR AN PERUR 10 25 18] 70 A7 DL e
AL A o

53.5 MREVERM

RERBFCR T — € R T715 R LR 2 B0 AN @ Ve, B RAAAAE — L85
BRI, B, AHEFL I EERAAESMBAR S LA 52 2] 07 ke s A P kS B, AR
JE LRAENE . IR, AT A B E VA 1) S5 A HEAT sk, 490 2 i ey o7
(Wang et al. 2017b), Y& (Wang et al. 2022b) 5435775t (Liu et al. 2023) 520055 J7 TH]
e . ok, e ) R BAR IR A, 0 o7 & DA A A AR RS FE A 4R R
VRO o T EAEUSCER R BRI, ASHIE FE A0 ORI Bt e 2, B B E T RE AT
R E R ZE, IXA] R XA A T 45 S 7 A i o Ak, H T U SR R ER K A
PEELIORE, PTRE X 45 A B RS2 . Wang 25 (2021a) #4727 F ZHR E1/EYI R
BERE CBFERAK ADNZAKRD, FHERA KRG AR TAA TSR S T
— BRI ZREE, BRI TR T R KRS, X B R B BRI e 2
SR, H ATHASE A E IR m L HE SRR . X R EMAT SRR, FAE SR lH
PR B KT 100%, 3X 2 P YX E R S R4 RO @S, PrBA AT Re it id
100%. #1140, —4> 100 B L3, = H 4 KRR 60 28, DA 6 ALK
N 40 AT, T3 K AR Y 20 AU o A2 XA X5 B 535 XU 120% .
H =, BN FEIREYIR RN iAo e B R 22 AR OK, BRI, ASRIBEAL A 2H A0
LA RN A E YRR R R . B, £E6 Tk = M ELL R AL,
A=A Z R BORE x5 2, B4 2 B AN i MR UE AT B Ui AR TR A,
RZ IR o AE b —F RS T AN E G 0T AN E PRS0, SR 1T AT 58 38 R X
B EAT ARG, AR HCEE DL S A G0t 77 B TR0 DA S AN s PRSI, 43 AT I 8 R R AT
PAE— R o AR AR o S Jm, BT RS AR Y A H (AR EMTD SR A AE R
AR, BN R aE ks BE e e (R ol s v ) o B ARIE I A1 28 5 = 7T LA SIS
[IASANL, AERAG FEATIIRAN T o AW FE BARSE Y T — A2 A SR 2 A HAR W A o
P o AHR R A & AR I AR A R AE H 8] RS AT S A DL SR J5 kAT 1) 2 T
GEMARE R BUR L, Ja B2 IT RN TAE DU ANX LA

5.4 INgGG

AT T LA R AR GG 45 IS AR L R L 2 20 25 FEANTRI AR (B o
U S B RS, R SRR IR AT 1T SE AR RAN [RIHE O R R AR A
FARMKEG RN . RJa 2 TENRASE MR EESRWT:
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(D) g5 SHLE S SR HEE S A St AT DARCOR IR S Y R . &
K] R? 7'9 0.06-0.37, nRMSE KZJ4 0.2-0.4 (R4 JULES KT 50%, Ui#H R ZHIK);
KM R? N 0.12-0.48, nRMSE KZ1°4 0.19-0.35. K1 J5 K1) R? 24 0.37-0.58, nRMSE
AN 0.2; KER R2 A 0.31-0.47, nRMSE 7 0.2 LR

(2) FHRFE. SRMATREAREENESH T KR, HRFMATEANEXK
[ A ) 3 R 3R

(3) ABFFRIITTIE AR 25.8-7T4 1% M A, XFT GGCM, {EPIEIAE 3=
BRI E HRIE, X GGCM+RF, 7E T1 MrBr GCM & == A ok, 1M
T2 BB, SSP EZERIA & MK IR

AW TSt 1 RS AR AL T, A LR AR AN . RIS R R

T A E ERIR B X 38022 57 o AT RUA R RANEBUR I e 2 fe it — oG s R, #
A AT T o] 5 IR A A A AR i A G T P T S R
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FBARE REKBERTRIRBRNEFIHED = ERIFN

RAEAEYIBAL AT RAAAE — oA E M (Kamali et al. 2022), {H2CEH 72
N T B SRS AR MY P 52 i 25 9T (Hasegawa et al. 2021; Heino et al. 2023;
Minoli et al. 2022). HF I RF O KRR, Bk, BEEoH <%
OX ) Rl 107 B (R 520, A )35 ) AT T B 2 Ao = Mk 2 e ko 7 B 5 il EK AL ) A K
ARG = BTN . A AR 22 OO R A IR A &, I B
ENOAREEFREAEE I E NEZE (Lam et al. 2013; Wheeler and Braun 2013).
SR, ABRARRE GEE SEMNmT 5. BNMPIRERE) TRt mR ey, Jf
B FEANRE RGN E ™ (Gohar and Cashman 2016; Ray et al. 2015). FIT W5
T, LR AT RESAE 2 MR X RIS R AR, G H 72 7 feils 1 4F B A
(Gaupp et al. 2019),

YT, KRR R CE BN AEY) = & ) — > X8 K 25 (Anderson et al. 2023;
Cao et al. 2023; Jiang and Zhou 2023), K%)=/ “HARE =X 52 2L /K e v /e 77 4
) (ENSO). EPEVEMEN T (J0D). JLRPEFERS) (NAOD A5 K RERI RS
K150 (Heino et al. 2018) IXFHELMAE AR K TURALAL N AT e it — il AL,
ALV 75 2 B0 B AR OR SR AR AL T R B 5 A DK Bl R R e B OG BR o AERE G
THER G SRR RN Tk — 0y R, AR AT B B AR A5 SR BN PR 16 A P B 1 52
Wiy, =B FH B B (1D BN R SE A A SR A BRAEY) ™ 828 (I 3 22 Mg
ARZE: (2) FTEEMAS T4 BROM XA E Y &0 s IR 3 PR 22 iUk, JF A sk
AR KA B T 9k G B B P S5 s (3) 3 A iz Bk 0 I AN i 1 DA B 32 22
AN EPERIE . ASHIEFE AT AR S0 AU AR A o R R B B X B, XN
R A RGN PIERAG AR R0

6.1 MRAFFIE

6.1.1 KEIFRIEH

SR R T B AN [F] X 8k = RS AN [E] (Heino et al. 2018). [Rlk, AHF
FiEET Tian 55 (2019) 501X, H2ERKI53H T 18 N5 X (& 6-1). Ko dE.
AFEEPE (BRAD. H13EP (CAMD. IE R (CAN). H1il (CAS). H1EH (CHN),
REIEN (EQAF). B (EUD. #iEAMHA (KA. #7 (MIDE). JtiE (NAF).
FRNIEES (NSA). K¥EM (OCE). %' (RUS). ®MIE (SAF). FFIL (SAS).
REW. (SEAS). FEPURGH (SSA), ZE[E (USA). HTHRE LEM B, AHFFE

108



U0Bra [l can . cun eEu B MiDE I NsA | RUs | | SAS | ssA
" cam [ cas | EQAF [ kas [ NnaF B oce [ saF [ sEAs | UsA

Kl 6-1  AHFFLRTHIEIAER 18 N X 7 [A) ) A1
Fig. 6-1 Spatial patterns of the 18 sub-regions in this study

KEFFAEH T = EZEFRAHRET: 10D, ENSO fl NAO. AHfFFHET HA
GCM T A SR IX L6 R ¥ )48 4L . Nino3.4 F8EU&E T Nifio3.4 X4 (170°W-120°W,
5°S-5°N) W HISEEY SST H 115 (Rayner 2003). ENSO 23K 54 BRAFAL ) 3 B K]
F2— (McPhaden et al. 2020). HHR ENSO & 1E#i K PEER ), HHE G H]
BTN, BFEHSAF (Anttila-Hughes et al. 2021; Hsiang et al. 2011). £ R
4t (Leetal. 2021) AU &A™ (Tizumi et al. 2014). %F ENSO 27 s Z 00 4
BRAEDIF &, ESMEET, ENSO XHEY = & RIS ] Rt 2 ATtk .

10D 7% P EJ ¥ (50°E-70°E, 10°S-10°N) FJRIE < 5 BV ¥ (90°E-110°E,
20°S-0°N) 2 [a]ff) 74 SST B R (Saji and Yamagata 2003). 10D 17 50t i
R KRN 52 UG 1 2 LS BX B R R (Saji et al. 1999). 5 TOD B B 7 5200 [X 185,
B DLCn] Be 2 S LSS T IEE ), dE— P EY LA 1E FH (Wang et al. 2021b)
eI~ & (Fengetal. 2022b). U, 7E 2019-2020 F#H[E, plOD 5| & KIT# K<
FEAR KRR L B E 7R #R ARk K (Phillips and Nogrady 2020).

Y& 2 BT 98 (McKenna and Maycock 2021; Stephenson et al. 2006), AT 574
NAO 5E SCNIE R PGPERG R HBIX. (90°W—60°E, 20°N—55°N) FIJL#EHLIX (90+60°E.
55°N-90°N) Z [AI ¥ TRIAR 145 SLP £ 57 . 5ET iU, 77 50 W {E A
B2 [AAT ) O I 22 A K BUR . XU FUEHE NAO, RN BRI 2 M At > 3k
S, RRNATAESE, X8 E S5 (GRAABENED . A FIXAT % (Bastos et al.
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2016). A, NAO 3t B2 M A KA &, Ryl 2 £ 16 >F Bk CAnderson et al. 2019;
Heino et al. 2020)

LR (B0 PDO. AMO F1 AO) 1] fig th 2> i 3 R 4 BR S st 20N
W S, SRJERE— D AERIEY) P~ & (Nouri et al. 2021; Schillerberg et al. 2019).
SR, FEABE T, FERVFEERZN, - ERARAE SR . K, A0
U L& ENSO. 10D M1 NAO. BtAh, ¥ Serimtsikil, MR RK
TR FRom 7 & BR1EY) =& (Anderson et al. 2019; Anderson et al. 2021; Heino et al.
2018)0 AWFFEZFHFH AT B (J35E: 1901-1999; AKK: 2001-2099), F5E XY
RGO T (BURT) 5575 (25) A oAl N5aE G o .

6.1.2 FETHWHFEEZNEF

AR FAE A=A SR BENLARAR (RF) BADRIRAIA R EY - 21 F 2R
IR A F . RF B8R — P T 2 o AR AT 5%, v T A AN [F] R 25 2 TR
(AELe M R . FEIX TR ST, 7E RF SRR T A KFETAERESIF R CRA R
A~ GCM) HEY) =& (12 > GGCM £5) . AP EEMEIH 10y 100%, 2
Ja P AT ) R P . B i K A 0 R R e s E P B i R SRR
YhniEZ (ENSO. NAO 1 10D Z [MBIFRHEZ) (KT 10%HK, i e iX et X B A —
AL B EESGFEIREIF R @i R A rfPermute” 15 H B AN 2 M KCE
(Klueter et al. 2015).

It RF SR EAUER - SEW = 2 R OB e &, 53 7R 516D
7R R W 8 BRI Ao 850 A OC B AT DA 7R A DR Bl R 3R S A7 5 2 TR R O R A 2 PRI
AeLeMER, BT E 24K (Friedman 2001). fEIXIATFH, 7 “pdp” R B NEA
PR 7 RF AL, R0 A0 o 2 Ak TR = A g (IED JIAT M 3 2 1]
AL

6.1.3 BN

FEIRBEALAR MBS 1] DL & A SRR I BRI E ) = AR AL, (RAE 2 3RVE I AR M
RAEY = R SR IR BN R R IR R o A T SRANX —BREE, A TR B A R A
B4 (DLMD SKFHAEY) = SR SE IR BN R 2R BB o AR T A8 22 S8, -y
DLM & —FPGe it 8,  GE0% 5 a7 sl PE AN [F) B (A [R) B (1) 2 AR S A2 56 & (Prado and
West 2010). BEIR GHLES2A I BIRMIEL, DLM BRIK T HUNKS B, (H'e feis LU 5 T
e 7 et MG B TELCAFFL A, A DLM XA sl T e i, 5 e ey
B CEFENE. TR KBRS AR AR RS FE R %7 D#R
TEAED A K ZH A VEY) P2 X TOD. ENSO Al NAO HIBUBMEA L. AZfFH RIES
[Fj“dynlm™ 447 DLM Z45 (Zeileis et al. 2005). 4k, SeriIif R &EB, DLM /£
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A SRR E D A = IR D7 TR T Z S A (Hein et al. 2018; Liu et al.
2019; Zhang et al. 2021; Zhang et al. 2022).

HRYE IPCC 2 RV R & 48 2, "IEEANATRE" . "A AT e A" AT e IX 2L R
B AARER T 45 R T REE M 0-10% 0-33%F1 66-100% (Le et al. 2021; Stocker et al.
2013). ZREARWFLR, AWFELFIE P<0.33, RIGRIRG M BOS X Leh X HK1EY)
PSRN A R R R R RAK. Fk, BATARNY P<0.33 B, SAEWEINF
TEVI B2 MAFAEE IR G R . [FIFEHE, Le 55 (2021) 70#7 7 ENSO mwza@%zu@
i, R T P<0.33 IR EMEKT. Cao % (2023) 204 1 55 A ENSO X} 7=
M%mﬁ,ﬁ%?%%%ﬁ%ﬁ%%(kﬂnoﬁ%ﬁTm%¢ﬂ%ﬁ#%Bﬁwﬁ
Wi, W] REZME T — SRR B R AR X, 5 40 38 [ b X ) RO A& N
(Schillerberg et al. 2019; Schillerberg and Tian 2020), H[E ] £ K55 (Shuai et al. 2016 )
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Fig. 6-9 Dominant climate oscillation indices of global maize, wheat, soybean and rice yield at each grid

as identified by the RF model based on GFDL-ESM4
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based on GFDL-ESM4 under SSP585 (top panel). The box plot shows different sub-regions yield

change under strong climate oscillation phases
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Fig. 6-14 Maize and wheat yield sensitivity to IOD, ENSO, and NAO during historical (1900-1999) and
future (SSP585, 2000-2099). The sensitivity values are calculated by DLM based on GFDL-ESM4.
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Fig. 6-15 Soybean and rice yield sensitivity to IOD, ENSO, and NAO during historical (1900-1999) and

future (SSP585, 2000-2099). The sensitivity values are calculated by DLM based on GFDL-ESM4.
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YIS S

X RER T —1 GCM IZE 5L, W T AR GCM KU EA T2 IR ROR 2250 o
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Fig. 6-16 Maize, Wheat, Soybean and rice yield sensitivity to IOD, ENSO, and NAO during historical
(1900-1999) and future (SSP126, 2000-2099). The sensitivity values are calculated by DLM based on
GFDL-ESM4
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FFEFRH, GCM Fl SSP AR EATZ A A8 FAE AR AN i PRI R ZRIE,  sTmkidid
60%. BRI E, GCM AR METTRkEL SSP 5K, 1M SSP A ANH a2 1 BT ik il ok T
GGCM (K 6-17 F1E 6-18). TE/KFEFE K =EXT NAO HIBUBEME T, SSP A
B PE DR = T GCM, X R BE T KA A= B 2 (A B8 R, GCM 2 AN
EVE FEZRIR . IX W] RS2 BRUNAE 73 BT AU RSN B 75 R RV = B 1 R R, A%
BRI AN 8 M2 A TE N B B . RALE 5 JR AR SR PN IR R 7 (R A 6 AR IR, B A =X
J it G AN 08 PR 2 ROR

F—J5, TN ARKAEY = ER, EVIBR A2 BRI PRI X2
ARV R TI0 52 21 2 PR 22 152, B R s it A E . EV AP ESE,
T 1% 28 (R 3 AR AR AR MEAERA TN . SRT, 4 M RS AR (W ENSO. 10D Al
NAO) A= E MR RN, SAEBA A M S B R AR
TIPSR R 38 TS AR R T 5, BRI E ARRIE T, AR A
B 8 PN — 2D R KSR S 7= 0 R BTN &5 3, a3k RO AN 1 ) R SRR

S TAEDR A AT 70 B o5 A VAR /DN, TR, TR BT AR R, /R
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Fig. 6-17 Geographic distribution of the uncertainty of sensitivity value sourced from GCM, GGCM,
and SSP of maize and wheat (top panel). The SSP associates uncertainty include two periods (1900-1999
and 2000-2099). The pie chart shows the proportion of uncertainty of sensitive value. The inner ring

represents the uncertainty share of maize, and the outer circle represents the uncertainty share of wheat
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Fig. 6-18 Geographic distribution of the uncertainty of sensitivity value sourced from GCM, GGCM,
and SSP of soybean and rice (top panel). The SSP associates uncertainty include two periods (1900-1999
and 2000-2099). The pie chart shows the proportion of uncertainty of sensitive value. The inner ring

represents the uncertainty share of soybean, and the outer circle represents the uncertainty share of rice

6.3 17Hig

6.3.1 SIETUSHNFEXLMNESEFLETES

ARG R TR, MFEK (SSP585) 1w, WX H 7 X A0S E 74 iR Hb
X 2 AR AR A B g BH SR P X8, 1T 7 73 52 e 0 S [ 7 5 1 [X oK 52 3] ¥ 5 52 ) R 3
R, (HASRAZIL KPS (NAO) Ao iz X 1) 3= SR R 7 (il 6-6 Fr
7)o (RIS, DR A Y X ) 3 5 ER -tk A SRR S ENSO #4855 NAO. E13
RN, XM EA RS R A T A3 3] T — 3 E. NAO & — M
[TTESAK 1 PRt o =l v = Y QY AN b A = S =2 W i W e L v 282 8
AR ECE YA 2% (Nilsson and Lejends 2011). H4h, B T4 ERAHE Al G S 8L
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R R FERS B R, TRAEE MRS, XA BT RS RGR ARSI ZE, it
—RCMIEY) P & (Sippel et al. 2018) . fEA[E GCM [ FIIN H, SxAZ K- FE NAO
X BRI &5 1 X Py B /K A2 B N B AE ] (McKenna and Maycock 2022). 75 {745
B B HERUE =, ENSO Fl NAO (B FH IG5, HEm3g s 17 #ar R -5 NAO
[1]9% & (Fereday et al. 2020) . 1X 6 T3 — L ih 4 FEHLIX 72 5 5 NAO 2 [8] )58 RIE5E
7t SSP585 15t T, 10D %o — /N2 Fofu il X 455 14 52 M tH0K 34 558, 497 dann A 56 b X FNHK
FIMEHLIX K5 A ENSO £ #4458 10D 5. XA g2 TS AR 58 1 #io 10D
HRRRA, WLE 10D IEAAL (RI“pIOD™), Fh 1B MR (SST) SEH W4,
eGP ERE ZEFIRKEE, PH ENRE Ve b2 IR 3 o I, AT S 80™ B 1) 7K G 7RO
FZRAE. EIERATERN T (Wang et al. 2021b), Mi#t— P SH=EHAD. T K
GAUKEE, FTCLEEIEATEA AL, B NAO A £ 51X 8A B (&
6-7)-

7E SSP126 HEsUEH N, AR SSP585 HIHHE, 1H NAO X E K. KEM
IKFE RN H & EIIE I a S . TOKBEARS Py s LUEAREL, (R AEIR 2t X AR H
P — 3543 X 35 C S8 3 B s (Rl F 48 B TOD A ENSO 5. 10D Xf/hE. KEAl
IKFE RS S 08 T3S 0. ENSO S oK B2 3G N, {E2 XS /N2 /K FE AR &2 B
TP, XFEE SSP585 5 SSP126 W LLF th R Al e 5 BUR IR 1%k 7™ B 1) s i 3
I8

SR, AT A AR T CO SR EF - miWe 2l = & AT 25 3 kb 3k
IR gz, RO KA E T AR BOW = R0 . AR TR, RRATIIR
52 ENSO £ 3EM &84, XRIH AR &G, TEYIXT NAO B 5 58
UK. Bk Ah, HEmmNEa Ak, lhn, U ESEAR L AR
DA FHR SN = R sy, TR Rk E F 12 ENSO 1 10D, A&
NAO (W& 6-6 AIE 6-7). XBLH], EATT e FE NAO XL FERVEY) ™ B 1
SN TR, MR LM B . AR A — S X 3 E2Z R AR, Bl s Hh X
ANZZAE P R IIAI 32 ENSO £%, ARKRTERZ IOD £F (SSP585).

TR, 767 AR SSP126 55K, ANF GCM RILHIFEA —FL
(PP 1-4). SRIMAE SSP585 5 T, AR GCM Z [ Z K. & M~ fgUek i
R, 4 UKESM1-0-L Fl1 IPSL-CM6A-L, X il B Al — A BRI B (1K) i [ 58 N UK,
PR AR o B OR P2 6 NAO HEINBUR . ML, Hr A P s i VR s 2 )
A E YIRS S AFAS AL I S AH X BN ZE R . Rk, MPI-ESM1-2-HR 1 MRI-ESM2-0
45 R 7R, ENSO M1 10D FFHIIXIRE 2, RIffEifE SSP585 15t T tH2inth. X5
Z AT 2 A A I 45 R LR — B (B 6-9). SR S, FHE TR Stk
Fr (41 ENSO) HIAE SN (Cai et al. 2022) . {HRAAWF A WU, FHEX KSR
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DR 5068 777 BRI 3 AT TS SR AT TR K AN E

AT H R AR A R, X TR AR KR X EE, XL
IR AT DO ARME AR P SEAETINIAE B, 35 BAR RANAR MY AR 7 3 B e i Xt e AR A A
ISR B, B A PRI S5, DUR R B R, R R
ZAENR RN B, KK ENSO B1EVI-BRIR A A fe kAR, — Xl fig
RSB RIS o TR0 B SRAMY A 7 3 BN 9 X R ARAG AL I AN T, K i B
PR A RO A = ), S ARk & MR AT R XS R RE 7o B, W 32 B M
BRI 1A AR R A P R A B TR R R 51 5 o JHI T X
AU B P 2R U e S i AN [ X (RRR R 2R, O] s AR RS AT DU R £ 5 5 A
IR (R E B M R AR A B X R & i 11, O LAl X2 R, DA R
MR AR GRS IR B 2 4 1 A SR BEN IR 0 R 52 5 (RS2 A B B AIOXUB:, {2
BEAEBMR AT IR E . XA ™ EAOH > B A E R XOC B 2, O
AL AT BEX R AL P AR 7 A )™ BT o 3 5T Dy X SE R At i A 2 T R £ 5 5
B A PR E , BRI E T LTS B DR A [ A R A b RORR B 22 RIS E

6.3.2 REINRIBRE 7Y 2R

5T PDP K, wJLAEACHIGRE G I BT S AR . 7 7 SR A TR A 1R 7 1A
(RS AR T 80 RS A I 17 1784k, 1% 550 2 1A — 2L (Heino et al. 2018).
SRIMAESEAR IR R, MRS T se il S EUEYIRG= 8038 ™. a0 10D 1k
g 1E R v 471 1) 585 AT e 2 S LRV S X /N2 = R % (] 6-11). NAO #d
1F 1) R AR vty 7 1) 57 o 0 2 S BRI A S AL 35 /N 22 P2 & N % (SSP585). 7E SSP126
15T, NAO 78 FURAL B % X 2 S BRI AL 32 1 X sk = (] 6-12) . 5 17 sEAH L,
RRASNEAAL AT BE S 530 ENSO. 10D 1 NAO S % P i in, JoH &bk
(A6SE, BRI AR AR DX o AN [R5 2T PR o000 0 A=A S 50 77 2 52 i B A LU AR
— 8, HEAFE-SHXHEEX, THZ ENSO Xt/ KERm . s
IPSL-CM6A-LR () Fiiili+, SSP585 &5t T, ENSO IE[m &4 FEALEM XG>, i
7£ MRI-ESM2-0 T2 9807 o 1 B AE TR0 o ks 2 A £ — LU AN E 1

W4, FEXFEMIEOLT, B ANERRE et — ST SERE S ? @it gt
ENSO. IOD 1 NAO R = s gz AR, nl DUKSUR EE H R EL 53 b 7 1) 3 4
WAEIRZ MW X FERZ 3t . Hlin, B &I ENSO fEIEMA RHE, EX.
KEAUKFEF= B2 KA. Kk, 76 ENSO HIL R B nsaE B, LR N
RAEFRI G 2% . A, —2 ENSO-IOD 5 ENSO—NAO 58 &5 th i 2
R TR AE R AT AT DUA AR B 2 A5 4EF F M5 2. il J8 g 2 AR,
G AR O IR JE W N — R E ) R AR o ARAE B R R TR TE LT, FEHBIX /N 22 1) 7 i
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ARES R, EIORAKE R B RE G0, D9 ENSO XASREY s 5 52
AFET . BEAh, ATEOINsRAR M SRR ST R G, AR AR IEHER TG E B AR R
TR, IR B B N A AR A A A 7 (RIS

6.3.3 KA HHEMERIR

R UM B AR E B, ACIAIE FU R 32 AN 2 1R GCM BAK
SSP. AN fRili =8 AR HE IR SO0 R i 7= B () 7 [ A AR K, IXAE X L
ANHEBCE S R RE AT SR T 12 MEYIELLAT 5 4> GCM, B2 GCM
I i AN E VEAT AR T R AR o IRAUL T 55 FLAR AT 50 T 7 B AN 72 1k B0 SRS BT AN
[@] (Miiller et al. 2021; Xiong et al. 2019). GCM Frids sl AN & P 7T fe = 4 ik — 22 i
K, FEJFPR AN I ZHET GCM RIRSHEVIREAL, £ 50 HT KRR 10 77 &
SO, WEET GCM SRA R, R ATRE2 % GCM. AN & 13 BUBUK o

EIREEAR . GCM stk B A E VRS, (BB AA AN i VER TS AT SR 2 DX e i
FH. MO, AFETR A RORR 2 R, X T2 T ANE T BED AR
DL AURRBAFAEZE R . BItn TOD S AT REXT BRI KR 2R AT 4 38 AN [A) R 52
PR] 3 9 /S 1 [XF) 32 AN 8 P RYR A BOR 2200 o R, AR B A UsAR R ) I 5
BARPRRL, ZA]aeFECENBEMK AR R URAAFAEZE ST (McKenna and Maycock
20210, IERHTRXAMBEE R ZE R, WS KRG R SR R A
Do FrbL, XBSE T E S AR K IARE A AR RSB TR Rk
Y, B AL T R AR SR AR, ARSI (i A8 7] B A AL 22 o AR IR 1 31
HIX AT S T ORI B 5 R B U (R BUAR PRS8BT S 301 .
BRI, EAR GCM 3R E FE M AN i VERUR, (B AN[A) 3 DRI R AR 22 8] ) 22 7t 5
BRI HIE.

AHFFCE IR B T IX AR T KA E M, AHE IR A R E 1. &
WEFEEUC, AN R AEAE P S I FF I ENSO S5 R Z0] 7 5 RS2, Al AT A et 000 £y v
AR A2 AN E 1t . bk, AR 3 330 o RURE 7 V2t mT e S AN o 12 77 A 52 )
PRI, ARKRATRE TR B4 G582 T7 R AR E k. F4an, X ENSO #EATRL#E, 7]
e B T D AT e P (Tang et al. 2021).

6.4 I\gE

AT & AE R AN LR B SRR S ERAE A7 B AR A ) S B SR R BN A 3R, I AT
SE AL T BN XA R R R IR B PR R A U, TR B AR P SRR3R
TR 7 53 1 B BOW = BRI S2MR o 12 00F FU RO AN E PR J 1 ZORIEAG 2 7 IR BT
ZERRH:
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(1) 7EJr S, ENSO s&/NEA1FOK = S i) IR A 2, 5 KR AN 1AL
FEHL X S e K T 1OD W2 AE PR e S8 P M0 X 7= 2 () F 2 KB R 2 . KRR IR
(2000-2099), NAO FEALFER F K= EH G LLEIAKIE K, mAEKBMKE S,
NAO [FIFEA 7 BRI TT

(2) 7£ SSP585 &5t N, IOD. ENSO #1 NAO HIIE [ 3% S8~ &4 A 12l
(A4, T A7 R S AR AR K, JEELR 10D F1 NAO. 7E SSP126 e, F=EAiks
i s ARfEL, {H ENSO S #5398 3 80 &4 B R A1k

(3) TR F, NAO [FE 55 A1 ENSO 1E ) A1 47 [ () 57 5 45 2 i 81 %2
XIRR P, SNEME, REHSE 10D F4%: M REAKMEN S, NAO IEAE
70T P S X 7 B R K R

(4) BATE, GCM WA E 4 B DTEk =T SSP, 1M1 SSP X ANifsE YR DTk =1
T GGCM. TE/KFEFIE KRN NAO MU, SSP WA & M Tk = T
GCM.

AHIE TR IA B 58 i A5 AR A A BR o R = X s e () 3R, BT
Pem AR E RS HTIE.
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TR ) NIRv 2 EZEATNE T ko, 585 (Rad, BB 2 BER D |
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