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Abstract. Recently, the winter (Demnbet Felruary) haze pollution ovethe North-Central North China Plain (NCHjas
become sever®y treating the yeato-year increment athe predictand, two new statistical schemes were establissied

the multiple linear regression (MLR) arttie generalized additive model (GAMBY analyzing the associated increment of
atmospheric circulation, seven leading predictoese selectedto predict the upcoming winter haze days otrexr NCP
(WHDycp). After cross validation, theoot mean square errand explained variance tfie MLR (GAM) prediction model
was 3.39 (3.38) and 53% (54%kspectively For the final predicted WHRp, both of these models could capture the
interannual and interdecadal tremmhd the extremumsuccessfullylndependent prediction tests for 2014 and 2015 also
confirmedthe good predictive skill of the new schemd#e predicted bias dhe MLR (GAM) prediction modeiin 2014
and 2015 wa$.09 (1 0.07) and13.33(1 1.01), respectivelyCompared tache MLR model, the GAM modehad ahigher

predictive skill in reproducing the rapid and continuous increase of \¥ytiter 2010.

1. Introduction

In recent yearghe North-Central North China Plain (NCB4i 43°N, 114i 120°E) has suffered from increiagjly severe
winter (Deember Felruary) haze pollution(Ding et al. 2014)particularly after persistent heavy fog and haze in January

2013(zZhang efal. 2014; Zhao et al. 2014A)fter 2000, he combinedeffect of arapidincreasan total energy consumption
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andtheinfluence of climate changatensified the haze pollution in central North China (Wang et al. 201 6pnditionsof
heavyand slowly vaying pollutantemissionsthe fine particles in the atmosphere reach their saturation levels aaslilthe
climate conditions bexne anothercritical contributors of haze&Some newclimatic studiesshould behelpful for diagnosing
seasonal prediots of winter haze days ovethe NCP WHDycp). The East Asian winter monsoon (EAWM) has
significantly negative relationship witWHDycp (Yin et al. 2015a; Yin et al. 2015b; Li et al. 201BYy weakening EAWM
circulatiors, negativeSea Surface Temperature (SSajomaliesover the subtropical western Pacifiould significantly
intensify WHDycr(Yin et al. 2016). Furthermore, e decline of preceding autumn (8spbef Novembe) Arctic Sea Ice
(ASI) hasled tofavorable environmestfor hazewith high static stability andreatly intensified haze pollution in eastern
China (Wang et al. 2015)lthoughrecentstudies orthe changgin WHDycp andtheir associated mechanisrasenew and
still insufficient, they supportthe possibility ofseasonal prediction.

The climate variables in East Asia showed obvich&racteristics ofropospheric biennial oscillatipinased on which,
a newinterannualincrement approach was applitad shortterm climateprediction (Wang et al. 20Q@Wang et al. 202).
This new approach treated the yeayearincrement of a variable.e., the difference between the current and previous year
(DY), as the predictandBecause the DY approach utilized the observed infoom&tbm the previous/earand thefeatures
of biennial oscillationthe interannual variation and interdecadal trend could be capturednatidition thesignals {.e.,
variancg of the predictors and predictaneere both amplified (Huang et €2014) and, thusof benefit to improve the
prediction skill.If the predictive objectsY(), e.g.,haze dayswere crossnfluenced by soci@conomic factors and climatic
conditions,the predictand could be represeniby® 9 3 9 #where YS and YQvere the slowly varying socieeconomic
and climaticcomponents, respectively.

$9 & @ OY ®6 O Do DY O ®o6 o

where the subscriptsandt-1 indicated the current and previous ysarespectively

Commonly, the differencein pollutant emissiondetween current and previous year was very sma#ulting
in ®Y ®°Y M so$9 WO w6 . To some extent, the WHERr DY reflected the fluctuations caused by
climate variability. After adding thepredicted WHRcp DY to the observed WHiRp of the previousyear, theinterdecadal

and socieeconomiccomponents were contained in the final predictianprior studies, the DY approach has been used to
2
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explore the prediction of summer rainfall in @ai(Fan et al. 2008heavywinter snow activity in Northeast Chirfgan et al.
2013) summer AsiarPacific Oscillation (Huang et al. 2014) and winter North Atlantic Oscillation (Tian et al. 2015).
Furthermore, some variables crasfiuenced bysocioeconomic and climatic factorgere predicted successfully usitige
DY approache.g.,rice production in Northeast China (Zhou et al. 2014) theddiscoloration day fo€otinuscoggygria
leaves in Beijing (Yin et al. 2014¥onsidering the serioysinegative impacof winter haze andhe substantiaineed to
predict WHD\cp, we made it the goal of this studydpply the DY approach to the seasonal prediction of \WdD

The data and methods employedre introduced in section 2Section 3 descriliethe predictors and associated
circulations. We appd the DY approach to build the prediction models for W{dPin section 4 In this section, the
statistical modelsvere built based on multiple linear regression (MLR) and generalized additive model (GAket),

leaveoneout crossvalidation and independent testsere performed to assess the statistical sclserh@/HDycp prediction.

2. Datasets and methods

Monthly atmospheric datasuch as geopotential heighhd surfaceair temperature(SAT), were derived from the
National Centers for Environmental Prediction/National Center for Atmospheric Research (NCEP/NCAR) global reanalysis
dataset witha horizontal resolution of 2.5%.5°from 1979 to 2056 (Kalnay et al. 1996). The monthly mean Extended
Reconstructed SST datasets watthorizontal resolution of %2° from 1979 to 20& were obtained fronthe National
Oceanic and Atmospheric Administration (NOAA) (Smétt al. 2008). ASI extent was calculated from the ASI concentration
data, downloagld from the Hadley Center witta horizontal resolution df°<1° from 1979 to 204 (Rayner et al. 2003} he
monthly gridded soil moisturdatafrom 1979 to 2016wvere downloaded from NOAA €limate Prediction Centewith a
horizontal resolution of 0°%0.5° (Huug et al. 2003)The monthly Antarctic Oscillation (AAO) indices from 1979 to 2016
were also obtained frothe Climate Prediction Cent€Mo et al. 2000)

China ground observatiorfsom 39 NCP stations, collected by the National Meteorological Information Center of
China4 times per dajrom 1979 to 206, were used to reconstruct the climatic WHD datia et al.2016). Here, hazevas

defined asvisibility less than a certain threshold and relative humitbigs than 90%. After excluding other weather
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phenomena affecting visibility, a day with haze at any tivas defined as a haze daSite WHD data were converted into
grids after Cressman interpolation (Cressman, 1959), and then they\WRs computed as the mean value of thedgid
data.
In this study, the statistical models were built based on MLR and G#fthods The MLR approacha modeldriven
method, was ultimately expressed as a linear combinationbofpredictors ) that could generate the least error for
prediction ofw (Wilks 2011). With coefficients , intercept and resi dual U gouldtbl desciibedRas f o r 1

follows:

w T T - p

The GAM approachvas more advanced anglasdeveloped from MLR anthe generalized linear modéHastie et al.
1990). Thismethodwas particularly effective at handling the complex Agrear and normonotonous relationships between
the predictand andhe predictors, whose express®were replaced byunspecifiedsmooth functions (s). Similar tthe
generalized linear modethe dependent variable in GAbbuld have different probability distributian such as Gaussian,
Poisson, and Binomiagny of which wuld be transferred by the link function (gJlhe GAM was datadriven rather than
modeldriven. The resultingfitted values @ not come from an apriomodelthat wasadoptedby MLR and generalized
linear model The rationale behind fitting a nonparametric modes that the structuref data should be exnined firstto
choose arappropriatesmooth functionfor each predictqri.e., the GAM allowed the data to determine the shape of the

smooth functio (Yee et al. 1991)The GAM could be written in the form:

The normalizeddatasetd§rom 1979 to 2013wvere trained as the basic samples to fit the models, andftbos@014to
2015 were treated as test dataifatependenprediction. Thereafter, the root mean standard error (RMSE), mean absolute

error (MAE) and explained variancgerecalculated for evaluation by simple fitting and learezout cross validation.
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3. The predictors and associated circulations

To choose the DY predictordid correlated DYatmosphericcirculationswere identified, ashown in Figure 1The
positive phase ofhe East Atlanti¢West RussidEA/WR) and West Pacific (WP; Barnston et al. 19§7patterns and the
negative phase dhe Eurasia (EU; Wallace et al. 1981) patterere obvious andwe took the anticyclone circulation over
North China asnintermediarythatled to a morestable atmospheite analyze thassociateghhysical processhe positive
anomalyover the NCP couldconfine the particles within a thinner boundary layershppressing vertical movement and
together with theyclone;theycouldinduce aneasterly to weakethe East Asia Jet Stream (E3S), producingweaker cold
air. Meanwhile, the water vapor transportation was also enhdncadomalousoutheastein the lower tropospher@igure
omitted), creating favorable conditiorfer more WHDQycp thanin the previous year

The pivotal local anttyclone overthe NCP wasthe most important contributomwe therefore speculated that
preautumn SAT DY aroundthe NCP should be effective to impact WIJE DY. There weresignificantly negative
correlatiors betweenWHDycp DY and preautumnSAT DY from the Japan Sea tthe Stanovoy Range36i 65°N, 1301
140°E), theareamean of which waselected as predictab (Figure 2) The correlation coefficient (CC) betwe8HDycp
DY and predictore wasT 0.47, exceedinthe 99% confidence levelThe features of negative EU and positive WP pattern
could be identified darly and theanomalous cyclon@ver South China and South China Seas significant inthe
circulationsassociateavith predictor &> ( T T (Bigure 3) Although theassociatedand-air interaction especially in the DY
field, was complicate anstill unclear according to the analysisf Figure 1, the horizontal and vertical diffusiohpollutant
particleswould be restricted efficiently.

The preautumnSST anomaliesand their associated winter S®T the Pacific could influence WHp significantly
via theair-sea interaction (Yin et a2016). Figure 4 showthe CC between WHRcp DY and preautumnPacific SST DY.
The most significanCC distributedaroundthe Alaska Gulf (3656°N, 130 170°W), andthe aresaveragedSST DY here
was defined as predictab , whose CC withtWHDycp DY was 0.47, abovehe 99% confidencdevel. Chen et al. Chen et al.
2015) found that the severe winter haxents in the NortiChina wereclosely related with theveaker anchorthwardEAJS

The positive SST DY arourthe Alaska Gulfcould induceobviously anomalous cyclorevereastern China and the adjacent



ocean and the stimulatedasterlyweakeneahe core of EAJSFurthermore, there was significandypomalous southerly at
115 the high latitude that restricted the cold activities from their source regidnintensified the haze pollution oveCR
(Figure 5)
Prior studies have documented that the triple SST pattern was a domode ofthe northern AtlanticSSTin autumn
(Czaja et al. 1999)When the preautumn SST anomaliesere distributedin afi+1 +0 pattern from so
subsequenEAWM was strongerandthe surface temperature of North China was lower (Shi 200 et al Kiao et al.
120 2015 proved the SSTanomalies over the North Atlantic from summer to the following winter exhibit a significant
relationship with winter haze days on both decadal and interatimescale Similarly, the CC between WHRs DY and
preautumn SST DY ofhe Atlantic wasdistribuedinafi 7 + 1 0 (Figuret6eThenareaaveraged SST DY of the northern
center was defined as predictar, whose CC with WHRcpDY was 1 0. the®9% qordidesce tesifhe most
obvious DY atmospheric circulations related with prediaor( 1 7 1) wpegitiee WP attern, whose south center
125 linked with a subtropical high(Figure 7) The continental high and maridew was both weakenedby the anomalous
geopotential heighform the lower to middle layer th&d to weaker EAWMandweakercold air The pressure gradient over
the east coast of Chinalso resulted irsignificantsoutherly anomas, indicating smaller surface wind and more moisture
andresulting inmore WHDQ\cp.
ASI decreased dramatically witsignificant variance andvas a significant contributor influencing WHID eastern
130 China (Wang et al. 2015; Wang et al. 20I8)e CC between prautumn ASI DY and WHRcp DY wascalculated Figure 8)
and wassignificantly positive around Beaufort SE&8i 78°N, 130 165°W). The aresaveraged ASI exterdY of Beaufort
Sea was selected as the fourth predictoy, (@and its CC withWHDycp DY was 0.37, abovea 95% confidence levelA
positive centeof geopotential heighat 500 hPavaslocatedoverthe Central Siberian and Mongolia Plateamd negative
centersweredistribued zonallyfrom southern China tthe subtropicalPacific (Figure 9) Thus, theEAJSwas weakened by
135 the induced easterlgnd shifted northward that illustrated less catdivities over NCP(Yang et al.2002) and generated
more haze days
Following SST, thesoil moisturewasarotherimportant factor for seasonal predicti@@uo et al. 2007)The WHDycp

was closely correlated with theoisture conditions due to tlygroscopicityof the atmospheric particl€¥in et al.20153.
6



Thus,the questioawith respect to soil moistureere whetherpre-summer or autumn soil moistuveould be effective for
140 seasonal predictioof WHDycp DY. The areaaveragedpre-autumn soil moisture DY of the Bohai rim (38°N, 117
127E), defined as predictot, showeda significantly negative correlation with WHR.» DY, i.e., the CC was 0.59,
exceedinga 99% confidence tesfFigure 10) The CC betweerpredictor ® and geopotential heighat 500 hPawas
distributedin a similar way agn Figure 1 The positive EA/WR andlVP phass and the negative EU phasgas obviousand
led to more WHRcp thanin the previasyear(Figure 11) Being specific to local circulations, tlugclone over South China
145 and the anttyclone over NCP andlVest Pacific stimulatedignificant southeastdretween them (Figure omittedhat
transportednore moisturebut deceleratd the surface wind irhe NCPAs shown in Figure 12he presummer soil moisture
DY in the east of Mongoli#48 52°N, 115 125°E) also hada close relationship with WHR-» andwith WHDycp DY. The
areaaveraged soil moisture DY in the east of Mongulis defined as predictab , whoseCC with WHDycp DY was 0.41,
abovea 95% confidence level. The negative EU pattern could be recognized from the assatrratephericcirculation
150  with predictor @ (Figure 13) The anomalous geopotential heigfsdistributedzonallyat high latitudendicating that the
meridionalcirculatiors that transpogd cold airwereweak The positive high over NCRould confine the vertical motion
and the vertical diffusion aditmospheriparticlesandintensify the haze pollution oveéhe NCP
Recently, some studies documented that Antarctic Oscillation (AAO) caftédt theEast Asian climate through
crossequatorial flow e.g.,the Somali jet(Fan et al. 2004Fan et al. 2006Fan et al. 200&; Fan et al. 200jbAfter the
155 late1990s global sea level pressure argkopotential height aB00 hPain boreal Januaryvere characterized by the
concurrence of théleutian low and the negative phase of the AAO et al. 2014) We investigated the relationship
betweenWHDycp DY andgeopotentiaheight at850 hPain the Suthern Hemisphereand foundthat the distribution was
remarkablysimilar tothat ofthe negative phase of AAQFigure 14) Furthermore, the CC betwetre Segember Ociober
AAO DY and WHDQ pDYwas 1 0. 54 a99% xonfielenck iteafig shown in Figure 15, the positive phaseshef
160 EA/WR andWP patterrs were closely correlated wittne negative phase dAAO andwere responsible for more WHB:
thanin the previous yeaiThe anomalous anttyclone ovemNCP and adjacent ocean not only led to stable atmosphere but
alsoresuled in small wind and high humidityHence, the Seépmber October mean AAO index was selected as the last

predictor (v ) to forecast the interannual increment of WidP
7



4. The prediction models and validations

165 In total, seven DY predictor& fro 8 iid & @) were chosen to builthe seasonal prediction modg@PM)for WHDycp
DY (Table 2) Among the predictors wer2l typesof pair combinatios, of which only5 pairspresentedignificant linear
correlation Thus,the multicollinearity woulchotbe a problemwhen modelingnith the MLR approachAlthough the linear
correlation betweerthe predictand andeach predictor was significant, the Alamear interactionwould alsoaffect the
WHDycr and should beaken into accountln this section, seasonal prediction madelere establishedusing MLR

170  (SPMur) and GAM(SPMsam) and validated in detail.

The WHDycp DY showed obvious features of biennial oscillat{&igure 16), illustrating the DY approach was suitable
for its prediction.The SPMy g of WHDycp DY was as follows$s 9 pmm  c¢& xa ¢® Yaq p&Hop ¢ qap
C& oo ¢® vy pd pag. After leaveoneout cross validation, the RMSE of SPMy.r was 3.39 daysand the CC
between fitted and observed WKE DY was 0.73 accountingor 53% of the total varianc€lable 2) The percentage of

175 same sigr(i.e., same sign mearthe mathematical sign afe fitted and observed WHRR» DY was the same) wa&.4%.
The SPMy.r showed good ability to predict the negative amisimum WHDycp DY but did not adequatelycapture the
continuous positive value after 20@Aigure ¥a). Thefitted WHDycp DY from 2011 to 2013 varied similarkp that before
2010 anddid not reflect the rapid rising trend after 2010As an independent prediction test, the predicted ,bias, the
predicted value minus the measuremémt2014 was 0.0dllustrating good performancéut the bias in 2015 wdarger i.e.,

180 13.33.

We also appéd the GAM approach to builda prediction modekhat wouldcontain the notinear relationship with
smooth functions. The SPMy of WHDycp DY was as followss 9 p 1t ¢ @ 16D ¢8to @ pg Cp
O YPYWO cpuLXO ¢ Pgx ¢B Tdp. During the sinple fitting, the SPMay performed very well The RMSE
was 1.56 days, and the CC between the fitted and observedy¥¥B¥ was 0.95 The SPM v could fit theminimum (in

185 2003) and raximum(in 2013) and show the trend well, indicatig advantagdéo processhe nonlinear relationshipAfter
cross validation, the performance of SPM decreased dramatically, meaning that its stability was worse thanof

SPMyr. The RMSEy of SPM;av Was 3.38 days and the CC between fitted and observed JAHDY was 0.74,



accountingfor 54% of the total variance (Table 2). Thercentage of same sigih SPMgay results was 73.5%yhich was
closeto the result fronSPMy.r. The SPMam alsoshowed good ability to predict the negative amdimumWHDycp DY

190 and betteperformanceto fit the maximum in 2013Figure Bb). The predicted bias in 20Jahd 2015vas10.07 and 1T 1. 0
and theresultswere slightly betterthanthose fromSPMy,r. The CC between the bias of SRM and SPM v from 1980 to
2013was0.83, abovea 99.99% confidence level. If the SRiM: performed well in some years, the SEM also showed
good ability in these yearandvice versa We speculated that the reasemasthat some useful factors were not diagnosed
and included here.

195 After adding the predicted WHR-» DY to the observed information in the previous year, the predicted \WHD the
current year was obtained. For example, the predicted WHDY in 2012 was added tthe measured WHRp in 2011,
and the result was the fingbredicted WHRcr in 2012.In Figure ¥, the simulaed WHDycp anomalywas fitted by
crossvalidation from 1980 to 2013 and predicted in 2014 and 2B&65SPM, r and SPM v, the CC betweethe original
(detrended) observed and simulative Widpwas 0.89 (0.87) and 0.90 (0.88), respectivBbth of these prediction models

200  could capture the interannual and interdecadal trend and the extrefhepercentage of same sighthe anomalies from
thetwo models was 100%neaning these two modelgudd predict the sign of WHIR.r anomalysuccessfullyThe SPMam

could simulate the abrupsing trendin 2010 better than SRk, which was important for the prediction of recent years.

5. Conclusions and Discussions

In this paper, we treatetld WHDcp DY asthe predictandandbuilt two predictionmodels usinghe MLR and GAM
205 approachin the DY atmospheric circulation, the positive plesiethe EA/WR andWP patterrs andthe negative phase of
the EU pattern intensified the haze pollution imgucing positive anomalies ovehe NCP and Japan Sedinally, seven
leading predictors areselected angvere listed in Table 2.
After cross validation, the RM&k and explained variance of SRM (SPMgav) was3.39 (3.38) and 53% (54%). The
percentage of sansgn of these two prediction modelgasalsosimilar, i.e., more than 73%The WHDycp DY increased

210 rapidly and persistently after 2010, atheé SPM;av could capture thisrendbetter.For thefinal predictedWHDycp, both of
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thesetwo prediction models could capture the interannual and interdecadas aaddthe extremums. Theercentage of
same sigrof the anomalies from two models was 1QG¥d he SPMav Simulatel the abrupincreasan 2010 better than
SPMyr- The predicted biasf SPMyr (SPMgayv) in 2014 and 2015 wak09(1 0.07) andi 3.33(1 1.01), respectivelyBoth
of these models performed welltime independent testbut he biases of SPMu wereslightly smaller. The consistence of
these two models might indicate thafter includingplentiful predictorsthe linear relationship dominatéhe WHDycp DY
prediction. Actually, the studiesaboutthe associateghysical mechanism.e., how the external forcingmfluencedhaze
pollutions werenewand still insufficientIn this paper, thenderlying physical process was presented mostly fromatag
that the associated circulationsmpacted theWHDycp DY. Thus, thephysical mechanismthat the external forcings
stimulated suclassociatedirculationsneeded further studies.

Although these two statistical models performed well during most of the past 3 decadesldmiedict theWHDycp
in 2014 and 201Wwith smallbiasesthey showed disadvantagefiensimulating the rapid rising trend after 200he large
abrupt change was a commomallengeto the statistical models, including the R@proachso the numerical model should
be introduced into the prediction of haze pollutidt.the same timeif the SPM, r performed well in some years, the
SPMsam also showed good ability in these yeansdvice versaOne possibleeasorncouldbe that some useful factpraost
notably the human activitiesyere notincluded here Therewas no doubt thathe human activities, especitle energy
consumption, was the first driver for the increasing of haze pollutiothis paper, wasimply assumed that the differenire
pollutant emissions between current and previoussyeas very small anthat thesociceconomiccomponent of/VHDycp
varied slowly.This assumption could support teeasonal predictionf haze daysn mostof the yearsbut still was a
compromiseln certainyears especially the recent yeathis pollutant emission proportion varieapidly that needed to be
taken intoaccount The preceding autumenergy consumption should Begoodchoice but difficult to be measure@nd its

DY could be introduced into the developed models dirdgotiynprove the predictive skill
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Table and Figure Captions:

Table 1 The RMSE, MAE, CC an@xplained variance (EVOf MLR and GAM models, and predicted bias for 2014 and
2015The subscripts ASO and -Valtionfittngdi cated si mple and cros
Table2.The predictors and their meani ng. ACCO indi galYed th
from 1980 to 2013.

Figure 1. The CC between WHRcp DY andgeopotential height at 500 hPa (Z5@)winter from 1980 to 2013rhe white
curves indicate that the CC exceeded the 95% confidence Aearltl C represent antiyclone and cyclone, respectively.

Figure 2. The CC betweeWHDycp DY and SAT DY in autumn from 1980 to 2013 he shades indicate that the CC
exceeded the 95% confidence lewald the rectangle represents the selected re§®6FN 1300 14C0°E) of predictor o .

Figure 3. The CC between predictab (xT 1) andZ500 DY in winter from 1980 to 2013 hewhite curves indicate that the
CC exceeded the 95% confidence leyehnd C represent antiyclone and cyclone, respectively.

Figure 4. The CC between WHRr DY and Pacific SST DY in autumn from 1980 to 20TBe shades indicate that the CC
exceeded the 95% confidence lewald the rectangle represents the selected re8@B&N 130/ 17F°W) of predictor .

Figure 5. The CC between predictab andwind vector DY at200 hPain winter from 1980 to 2013The shadendicates
that the Chetweerthe zonawind DY and @ exceeded the 95% confidence level

Figure 6. The CC between WH{Rr DY and Atlantic SST DY in autumn from 1980 to 20T3e shades indicate that the
CC exceeded the 95% confidence lewld the rectangle represents the selected re§@T@N  30i 65°W) of predictor
.

Figure 7. The CC between predictab (xT1 1) and Z500 DY(shade)/850 hPa wind DY (arroiv) winter from 1980 to 2013
Thedotsindicate that the C@ith meridional windexceeded the 95% confidence leveland C represent antiyclone and
cyclone, respectively.

Figure 8. The CC between WH{Rr DY and ASI DY in autumn from 1980 to 2013he shades indicate that the CC
exceeded the 95% confidence lewald the rectangle represents the selected reg&@&N 130 165°W) of predictor @ .
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Figure 9. The CC between predictab and Z500 DY in wingr from 1980 to 2013The white curves indicate that the CC
exceeded the 95% confidence level

Figure 10. The CC between WHiRr DY and soil moistureDY in autumn from 1980 to 2013 he shades indicate that the
CC exceeded the 95% confidence leagld the rectangle represents the selected re§®dZ°N 117 127°E) of predictor
w.

Figure 11. The CC between predictab (x1 1) and Z500 DY in winter from 1980 to 201Bhe white curves indicate that
the CC exceeded the 95% confidence lef&end Crepresent arityclone and cyclone, respectively.

Figure 12. The CC between WH{fgp DY andsoil moistureDY in summer from 1980 to 2013 he shades indicate that the
CC exceeded the 95% confidence lewel] the rectangle represents the selected re¢&BZ°N’ 115 125°E) of predictor
w.

Figure 13.The CC between predictab and Z500 DY in winter from 1980 to 201Bhewhite curves indicate that the CC

exceeded the 95% confidence levelnd C represent antiyclone and cyclone, respectively.

Figure 14.The CC between WHRr DY and Sepember OctoberZ850 DY from 1980 to 2013rhewhite curves indicate
that the CC exceeded the 95% confidence level

Figure 15.The CC between predictab (xT 1) and Z500 DY in winter from 1980 to 201Bhe white curvesndicate that
the CC exceeded the 95% confidence level

Figure 16. The temporal variation of measured (black) WdPDY, MLR (red, a) and GAM (red, b) crosslidation fitted
WHDycr DY from 1980 to 2013. The results faf1l4 and 2015 represent theasured (black square) and predicted (red
hollow circle) WHDycr DY .

Figure 17. The temporal variation of measured (black) WiidPanomaly from 1980 to 2013/LR (blue) and GAM (red)
simulative WHLRQycp anomaly, which was composed abss fitted seriefom 1980 to 2013 and predicted valups2014
and 2015.
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Table 1. The RMSE, MAE, CC and explained variance (EV)of MLR and GAM models, and predicted bias for 2014
365 and 2015. The subscripts fAS0 -elddtioniiigd i ndi cated si mpl e

MLR MLR cv GAM ¢ GAM cv
RMSE 2.39 3.39 1.56 3.38
MAE 1.75 2.37 1.10 2.58
CcC 0.87 0.72 0.95 0.74
EV 76% 53% 90% 54%
Biasy4 0.09 10.07
Bias;s 13.33 11.01
370
375
Table 2. The predictors and theirmeaningi CC0 i ndi cated the correlation ygoeffi
DY from 1980 to 2013.
Predictors Meaning CcC
° preautumnSAT DY from Japan Sea to Stanovoy Ran 10.47
° preautumn SST DY around Alaska Gulf 0.47
° preautumn SST DY tehe south of Greenland 10.50
° pre-autumn ASI extent DY of Beaufort Sea 0.37
° pre-autumn soil moisture DY of the Bohai rim 10.59
° presummer soil moisture DY in the east of Mongolia  0.41
° Sepembef OctoberAAO index DY 10.54
380
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385  Figure 1. The CC between WHDcr DY and geopotential height at 500 hPa (Z500n winter from 1980 to 2013 The
white curves indicate that the CC exceeded the 95% confidence levAl and C represent anticyclone and cyclone,
respectively.
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Figure 2. The CC between WHRcp DY and SAT DY in autumn from 1980 to 2013 The shades indicate that the CC
exceeded the 95% confidence levelnd the rectangle represents the selected regio85 65°N’ 130 140°E) of predictor
395 e
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Figure 3. The CC between predictore (x1 1) and Z500 DY in winter from 1980 to 2013 The white curves indicate
that the CC exceeded the 95% confidence levél and C represent anticyclone and cyclone, respectively.
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Figure 4. The CC between WHIRcr DY and Pacific SST DY in autumn from 1980 to 2013The shades indicate that
the CC exceeded the 95% confidence levalnd the rectangle represents the selected regioBg 56°N" 130/ 170°W) of
predictor e .
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Figure 5. The CC between predictore and wind vector DY at 200 hPa in winter from 1980 to 2013 The shade
indicatesthat the CC betweenthe zonalwind DY and e exceeded the 95% confidence level
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410  Figure 6. The CChetween WHDcp DY and Atlantic SST DY in autumn from 1980 to 2013The shades indicate that
the CC exceeded the 95% confidence levelnd the rectangle represents the selected regioBQj 70°N"  30i 65°W) of
predictor e .
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415  Figure 7. The CC between predictor ¢ (X1 1) and Z500 DY (shade)/850 hPa wind DY (arrow)n winter from 1980 to
2013 The dots indicate that the CC with meridional wind exceeded the 95% confidence leveh and C represent
anti-cyclone and cyclonerespectively.
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420 Figure 8. The CC between WHRcp DY and ASI DY in autumn from 1980 to 2013 The shades indicate that the CC

exceeded the 95% confidence leveind the rectangle represents the selected regio7J 7&8°N" 130/ 165W) of
predictor e .
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425  Figure 9. The CC between predictore and Z500 DY in winter from 1980 to 2013The white curves indicate that the
CC exceeded the 95% confidence level
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Figure 10. The CC between WHRcr DY and soil moisture DY in autumn from 1980 to 2013 The shades indicate that
the CC exceeded the 95% confidence levelnd the rectangle represents the selected regioB5 42°N° 117 127°E) of
430  predictor e .
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Figure 11. The CC between predictore (x1 1) and Z500 DY in winter from 1980 to 2013The white curves indicate
that the CC exceeded the 95% confidence levél and C represent anticyclone and cyclone, respectively.
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435 Figure 12. The CC between WHRcp DY and soil moisture DY in summer from 1980 to 2013 The shades indicate

that the CC exceeded the 95% confidence levelnd the rectangle represents the selected regiosg 52°N° 115 125°E)
of predictor e .
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440
Figure 13. The CC between predictore and Z500 DY in winter from 1980 to 2013 The white curves indicate that

the CC exceeded the 95% confidence levél and C represent anticyclone and cyclone, respectively.

Figure 14. The CC between WHRcp DY and Sepgemberi October Z850 DY from 1980 to 2013The white curves
445  indicate that the CC exceeded the 95% confidence level
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