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Abstract In this study, we investigate the predictability of intraseasonal monthly temperature
and precipitation variations using hindcast datasets from eight global circulation models partici-
pating in the operational multi-model ensemble (MME) seasonal prediction system of the Asia-
Pacific Economic Cooperation Climate Center for the 1983~2010 period. These intraseasonal
monthly variations are defined by categorical deterministic analysis. The monthly temperature
and precipitation are categorized into above normal (AN), near normal (NN), and below normal
(BN) based on the o-value + 0.43 after standardization. The nine patterns of intraseasonal
monthly variation are defined by considering the changing pattern of the monthly categories for
the three consecutive months. A deterministic and a probabilistic analysis are used to define
intraseasonal monthly variation for the multi-model consisting of numerous ensemble members.
The results show that a pattern (pattern 7), which has the same monthly categories in three con-
secutive months, is the most frequently occurring pattern in observation regardless of the sea-
sons and variables. Meanwhile, the patterns (e.g., patterns 8 and 9) that have consistently
increasing or decreasing trends in three consecutive months, such as BN-NN-AN or AN-NN-
BN, occur rarely in observation. The MME and eight individual models generally capture pat-

tern 7 well but rarely capture patterns 8 and 9.
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406 APCC tHg B3 AF& 718HA|
MME)°] 7] ojZo) AF2-E]7]%= 3t} European Centre
for Medium-Range Weather Forecasts (ECMWF), National
Centers for Environmental Prediction (NCEP), Asia-
Pacific Economic Cooperation Climate Center (APCC)
5 99 71#oME UF BEE o] &3 ZAATL A
A ¢ Z(quasi-real time MME seasonal predictions)<
Y3kl A H(Krishnamurti et al., 2000; Palmer et al.,
2004; Kirtman et al., 2014; Min et al., 2014).
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71 A dE5A4 H7F g ARt =94 JF
o] Ut} olE AFE FE ME ¥ A4S A
HEAY Eo] BgS o]83 MME 7I'H< 483t
o o 24& AZ87 1 (e.g., Ahn and Lee, 2016; Kim
et al., 2016; Min et al., 2017; Ahn et al., 2018), th”]
o 8 REQl dYk-FH3lE(El Nino Southern
Oscillation, ENSO), 5=7%1-5(Arctic Oscillation, AO),
E)M%F 215 North Atlantic Oscillation, NAO), &=
53} 2o A%5Ee] 242 B7Fakrkeg, Sohn et
al., 2012; Kang et al., 2014; Sun and Ahn, 2015; Lee
et al., 2018; Park et al., 2018).
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Zof oj#]go] Wr(Vitart et al., 2012). 7]
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o =S Q& AlAl 714 AF T2 23 (World Weather
Research Program, WWRP)3} A|A] 71 A3 L2771
2 (World Climate Research Program, WCRP)o|A=
S2S (Sub-seasonal to Seasonal) ZZHEE 43J3}aL
STH(Vitart et al., 2017; Vitart and Robertson, 2018).
2015358 ECMWF®} 557 1%4% (China Meteorological
Administration, CMA)| A= S2S 24 Eo 3e]s}lar
A= AlAl 117] 7132] of|Z(Forecast) 2 #7715 =
©](Hindcast) AF=0l thal Ho|HWo|AE F5sto] &
AN7re B2 AT E A S UTHhttps://apps.ecmwfint/
datasets/data/s2s/, http://s2s.cma.cn/centers?mo=babj
CMA_37).
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Table 1. Description of APCC multi-models for analysis.
Organization/ Model name AGCM (resolution) OGCM (resolution) Ense;mble Reference
Country size
ECHAMS.3 POP2.0.1 (0.3°-0.5° lat x
APCC/Korea SCOPS (T159L31) 1.0° lon, L40) 10 Ham et al. (2019)
. ACOM2 (0.5°-1.5° lat x .
BOM/Australia POAMA BAM (T47L17) 2.0° lon, 1.25) 33 Lim et al. (2012)
CWB/Chinese GFST119 GFS (T119L40) - 30 Pack et al. (2015)
Taipei

CanAM3 (T63L31) CanOM4 (1.40° lon x Merryfield et al.
MSC/Canada CANSIPS CanAM4 (T63L31) 0.94° lat, L40) 20 (2013)

CanAM4 (T63L35) Ca“(())g:f l(alt'4l(4) 4(;;)“ )
MSC/Canada CANSIPSv2 GEM 4.8-LTS13 ) S 20 Lin et al. (2020)

(1.4° Ton x 1.4° lat, 1L79)  EMO 3.6 (10" lon
’ ’ ’ 1.0° lat, L50)
Post MERRA-2 o
NASA/USA  GEOS-52S-2.1 (0.5° lon x 0.5° lat, MOMS (0.5 lon x 4 Molod et al. (2020)
. 0.5° lat, 40 levels)
72 vertical levels)
MOM4 (0.25°-0.5° lat x
NCEP/USA CFSv2 GFS (T126L64) 0.5° lon, L40) 20 Saha et al. (2014)
MOM3 (2.8125° lat x Kim and Ahn

PNU/Korea ~ PNU CGCMV2.0 CCM3 (T42L18) 0.7°-2.8" lon, L40) 35 (2015)

(NCEP) Department of Energy (DOE) Reanalysis2
(Kanamitsu et al, 2002)2} 9 3 CPC Merged
Analysis of Precipitation (CMAP) AEY A2 E ALE
ST E 233} #= AgE= 2.5° x2.5° (Lon 144 x
Lat 73)9] ¥l =2 ZHZ%X}%}‘RiE}.
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Fig. 1. Schematic diagram of the (a) intraseasonal monthly variation based on the (b) monthly categories. The monthly values
of observation and models are classified by below normal (BN), near normal (NN), and above normal (AN) based on the value
of + 0.43 after standardization.
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Fig. 2. Description of the two experiments performed to define the intraseasonal monthly variation for each model.

Table 2. The number of years classified by the multi-category contingency table.

X denotes the number of forecasts in category

j that had observations in category i. X, (Xp,) denotes the total number of observations (forecasts) in category m, and N is the

total number of years.

Forecast
n = total number of categories
Category 1 Category n Total
Category 1 Xu Xin X,
Observation
Category n X, pras Xop
Total X1 KXo N
o] 7ko %% 25907, ol Weigel et al. (2008) Hit Rate (HR) = 22X T X
oAl A3 Poo ethodg} fFAFsEH(Fig. 2b). N(=28)
S HRE 3291(0RN2 FHE 9 8 WAL )
—— oHd 3 /\ & = o
THEe B Mm@ AL g Y oapy D HEH MR Rasel 2 mge) ol2ge

HE(n=9) ASAHE H7Is7] s 4 AR NA
HZE(Hit Rate, HR)S AR LH, ne F HF
Ee HEe] sioltt. AHFES AA 717 viv] &
SoM WA WF B e BN A5 T
o v&2 w2 /4% FTE(contingency table,

Table 2)olA = tha3} ZFo] A elH )

u F=3 AX)E FEo] oF 0.33(0.11)°)1=Z 0.33(0.11)
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Fig. 3. Spatial distribution of the hit rate (HR) for (a) JJA T2, (b) DJF T2, (c) JJA PREC, and (d) DJF PREC from MME
obtained by the MEAN. The first three (last) columns represent the results of each month (intraseasonal monthly variation). The
value of upper-right corner above each plot represents the area-averaged HR.
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Fig. 4. The area-averaged hit rate for global (black bar and values), land (light gray bar and values), and ocean (dark gray bar
and values) from MME obtained by the MEAN and PROB. The two thick lines indicate the reference values of random chance

(the values are 0.33 and 0.11, respectively).
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Fig. 5. Box plots of global mean hit rate of (a) JJA T2, (b) DJF T2, (c) JJA PREC, and (d) DJF PREC by each pattern of
intraseasonal monthly variation. The green and blue box plots represent the Oth, 25th, 50th, 75th, and 100th percentiles of hit
rate in eight individual models derived from MEAN and PROB, respectively. The green (blue) dots indicate the hit rate of
MME derived from MEAN (PROB). The green markers at the bottom of each panel indicate the pattern where the difference in
hit rate between the group of MEAN and PROB is significant at the 95% confidence level based on the two-tailed student’s t-
test. The black and red lines (shadings) indicate the distribution at each pattern derived from observation and MME (intermodel

spread), respectively.
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Table 3. The domain defining the region.
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Fig. 7. Same as Fig. 5, except for hit rates of 2m temperature during summer for (a) pattern 7 and (b, c, d) their sub-patterns.
The hit rates are obtained by area-averaging over global and six sub-regions.

FTE Aozt B4 st ddeA A stEA] £435)
AthFig. 6). A 7129 A5, BZFAM= 53] 4l
A dA4sleE 370Ye] AN-AN-AN Z-& BN-BN-
BNQl 797} #53 BYA BT A4S el
t}. 3 735l v 23e] HFE2 MEANZ PROB
ANA FAKSE A& EAtt. L2t} NN-NN-NN<I 73
= PROBET} MEANO|A &3 Hixe} #HEFo)
o =A JEhen, ojet 2 fogk zo|2 I3
A 74 =) thalAl= PROBETF MEANC A &)

=748k 7] A1307 43 (2020)

N-BN-BNQI 7457} A8t 3L, YA
= 8 H=E AR O BY9 AF5ES
NN-NN-NNellj= MEANZ} PROB®] H|S=3) 21}, BN-
BN-BN (AN-AN-AN)°l4&= PROB (MEAN)¢] 2=
0] ¥ A Yest, ook 22 f-2)g xto]= BN-
BN-BNeA ©f ZA Yebgol wa dA 74 siee]
&A= MEANX. T} PROBOIA] o] =A e}

458



of

gl

DJF,
(a) Pattern 7
0.80 80
30.85% 21.81% 2261% 28.99% 30.27% 21.38% 9.11g
z 70
® o °
0.60 o 0 % o é 60
\./.\./\/\\/
© - 50
©
C 0.40- $$ % [ﬂ - 40
T - 30
0.20 - 20
- 10
0.00 0
Global EA SA AU AF NA TSA
(c) NN-NN-NN
0.80 80
5.62% 4.41% 5.17% 4.62% 5.58% 3.95% 6.75%
70
0.60 60
© - 50
©
o 0.40-| - 40
T - 30
0.20 - 20
- 10
0.00 * * X * * * 0
Global EA SA AU AF NA TSA

29 -

Distribution (%)

Distribution (%)

[e)

Hit Rate

Hit Rate

Syl

415

2m Temperature

(b) BN-BN-BN
0.80 80
12.48% 7.85% 8.05% 1244% 12.33% 8.08% 17.03%
0.60 =
X
[ =
S
0.40 =
¥e}
2
(=]
0.20
0.00 0
Global EA SA AU AF NA TSA
(d) AN-AN-AN
0.80 80
12.75% 9.56% 9.39% 11.93% 12.36% 9.36% 15.33%
ol 70
0.60 60
X
- 50 =
S
0.40-1 I 40 5
2
- 30 &
2
0.20 - 20
L 10
0.00

Global EA SA AU AF NA TSA

MEAN
PROB

Fig. 8. Same as Fig. 5, except for hit rates of 2m temperature during winter for (a) pattern 7 and (b, ¢, d) their sub-patterns. The
hit rates are obtained by area-averaging over global and six sub-regions.
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Fig. 9. Same as Fig. 5, except for hit rates of precipitation during summer for (a) pattern 7 and (b, ¢, d) their sub-patterns. The
hit rates are obtained by area-averaging over global and six sub-regions.
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Fig. 10. Same as Fig. 5, except for hit rates of precipitation during winter for (a) pattern 7 and (b, ¢, d) their sub-patterns. The
hit rates are obtained by area-averaging over global and six sub-regions.
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