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St QItE2(Causality) WHE ZE
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712 MOFE ool HE ¥ TeM
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1. 7l2 HmZE= Aol i

O 7He-2 3 AE B 11 ool A3 717E 52k A1) HAFAQl Abefo] H]8] SAkelo] 3
ZA) L FARS w5t

- Q3 ARl A HRITE Aol WAIle] A2 B i At Ay K| o
ok E4o] 9le

- A9 71%, BehA, A B4 Soll ek ThoRd PO vehte] A3 Ak e,

AAEA 5 T WSS 2

R

3]

ol

- A3} 7138 AgS Sfgk 27k Rl B 2

7, A, RE, 544 5 TR
S PETEL EECRRES

o

. :
e T j
~ ( 5 i
71MeH JtE s€H 8 TESH IS MBI FHH e
o —0 —o0 —o0
- 22 UL c QTR L4 S EEFIEN « Roje| #2 % 2N
. ZYNYET . ABAMT AL . H4X S RUY AL L

A 7PREEEEY, [HARETRE] 7heeld/5Y/9F, AN Y 2024.11.1.

<j_%| 1-1) 7 %9_ ZF_EQ|. I-IOl
Qlsh} & Ro] Whshis 4913 wa 4] wat

d4eeF B A5t SUo] Ko7k A4 Abelo] J<apnct

1) TAREATE(2023).
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o} Hi-8o] B o HA AL 3=

- 71 A Z1 s MRS A 9 HE B4 W] 9k nHom 1 sl o
Ao] A\ 9 ABEE AolgHe 9
A AR o Az Ao B 7I7to] §E8 AxAE 7HEe] st Aol trehdd
-SFOAE Al Sie) A7) HE022d 8- 20239 ) el 2
She 5 71 Qg e S 71Ee AU

et 20221 ‘21040 742 84 02 [JERS) 243 0| T o, 4 R0t} ehet
A= KBS(2022 12 31) “[ZH}e]2022] 4%‘94 7H=. ﬁ *-H”r% = AR ZP@ 7&*“% 2024.11.24

242 City of Las Vegas(2022.8.16), A 2024.11.24.

(22 1-2) 202241 HLXIGA)T 012 Mead 49| 242 HEOR QI3 84 12

2) Sung et al.(2024).
3) SFE HeAb=(2024.4.29), 71487, AEES 20234 oAV FE A HY,
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o AR B 2 a7 A4

*5UET FF Aske Y A A E ks gk =8 FAE o|AI7] L, SAkE
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A&7 FAY £(2015), p.54.
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Hazard Vul bility '?:;;;i‘ts; Hazard Vulnerability %eas;::c?tsve
0.93 0.56 0.67 1.00 0.56 0.67
Risk Risk
0.81 0.86
ri r2 3 | r4 rl 2 r3 4
073 0.90 0.45 | 0.52 0.74 0.88 0.45 0.52

(a) Drought risk of past (b) Sensitivity analysis for hazard
Hazard Vulnerability Capacity Hazard | Vulnerability Capacity
0.93 1.00 0.67 0.93 ‘ 0.56 1.00
Risk Risk
0.92 0.76
ri r2 r3 rd4 rl ‘ r2 r3 | r4
075 0.86 0.45 051 0.92 ‘ 0.93 0.45 | 052
(¢) Sensitivity analysis for vulnerability (d) Sensitivity analysis for response capacity

Az AL 9](2021).

a8 1-4) A 7= e H7t Y loid, Fofd, Ss Halof| M2
7t= G2 QXS AfO|Q] RIZIE B
O 7HEo] SHite 2 J4ere) RzolA Azksle] S8 KA, B, A4, AL8] Mol

2 0 Qo Avelt W9 B SEage) Beoty 1S ofn)g
- 7bge] A3t gele 99 B4, 34 9, t7] S5, 5 5 SEe W] ofs) 59
wo] 1 of#fe} o] Zo] WS- o]zl
- 713ske Qlstel 7HEo] Alkel 4ol WMol Alsialo] wet SEAA O A
ol sl Azl et BeFUAo] §S F7KE
O A 7heo] Gl ek A7} charsi ol oizlott ofds] Mgzl thet
T 2] 9ol e gle
- 525 71RO ASI A 7HE0 2 ATE B digt At g Bt
O 7129 Wl whe} 914 B=L HE3 712 HlolHzt Z7SHEA Hole 24 7l
7Fe B4 A79] 7F54o] Hol
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Causation Confounding Reverse-
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A AR A,
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129 T1d-E-AMEEH FEE M2 fIEt QuEE(Causality) HHE HE 7

SA * Hileld 2aE4 E AL

1. QIajtZ(causal discovery)
O Q9] 242 ¥ glolg o] ¥ 7k Qe 47 4 I 7x 79, & A ¥
AH5H= H) 91-2(Zanga et al., 2022)

- A2 W) wah 3R} 7 JTBAR A A3k TEE PN o] 2L S,
B Qi TR o] 5] i BY AT 5 TR BH 02 Bgol 5%

EI

- B2 Ao ZA|A Qlu} HE AH(Corander et al., 2022; Shen et al., 2020)5FA
A2 A5 28-9] wAUF B4 (Castri et al., 2022)°] &-&
! Al A AP Fddo] 25k 2 Aol FAE 1L

Causal Discovery

Identify underlying causal structures from data

Causal Inference

Estimate causal effect of treatment on outcome

e.g. which factors affect user engagement?

[ | | | | @)
[0 [0 |05

e.8. how much does personalized notifications
increase user engagement?

Experimentation

Randomized Controlled Trials (RCTs);
Randomly assign subjects to
treatment & control groups

FCM-based Methods

Quasi-Experimental Designs

Counterfactual Analysis,

Z}&: Meghanath G.(2024, 11.15), Causal analysis overview: Causal inference versus experimentation
versus causal discovery. A Y: 2024.11.30.7

(322 2-1) H|O|E{ 7|4t Ol dhe

rhu
ro
=l
1z
™
i
ro
X
b
ru
_>'|_|
=

O A= (¥ 2-2)¢F 2ol A Al 7] 22 F25H J28/4d01A 2 H(node)>
WS UER YL A2 (edge)2 1THAIE 9JnE

7) Meghanath(2024)= “Causal Analysis Overview' & £3] A4 55 +45H= QlapdbAx} QlulskA 9]
T2E AT QIEEA0] Zol& Axotal AY uFAld) dlo]E 7|8t vHA] 9] Xjo| & A3t

- O



= 7]8k9] A| 71R] L W] o g2 B2SKGlymour

et al., 2019)

Fork Collider

Chain
010} T2 X (causal graph)

p'y
E

Az AR 2,
(32 2-2) HI0|Ef L 45 Zto| o1z

i

7. Aok 7ut Qapa Ay
o A QA TAn PRE FEH FIHOR
9Iehs 744l 7]t

O ¥ 7 2717 5394 A4S &8
JAITA7 275 5948 HE 279 Jge = AYE 5
- A|Ql(chain) ¥ ZF(fork) F+2N4 A2} Bi= C7F w7l ¥4=(mediator) E= g HE:
(confounder)Z 2H8-517] Wj&o] A2 £33 (dependent)o|H Coll= AR =7
F 5340]

=z
[O )]

(conditional independent)#AIE EJ(TH 2-2%=%)
=(i) A%} B= F2¥o & Zo]11(ii) Cofl tisf =7
A4 A4 232 18 E

R NEFEEES
ekl A%} B Afolo] QlakeAt Qirke & 7
1ZFE9 A%k B Atolo] QlakaiA|S Wshe Whalo R Qlua

=y/gol 7

- olefat 2%

AE F=
O JAIPLAL] A7t 2 AR 584 AA ] Ao o=3t
- &A% (confounding) ¥5o]l gt EA]o] FAERT B9 o F7F Aupdt 4 Qlrk= 917
=7
HA(linear)S 7Hdote g X6t v] A4S A (non-linear)S

e glolefo) A4

m 1=R=] ]:ﬂ
gF7|o= A7 =
O I91A Q##A|(Granger Causality), PCMCI(PC-based method for Momentary

ANatA HIH &
s

Conditional Independence)”} tHEZ Q1 A|<F 7|5t
- 1|R1A - TA L} PCMCIO] tisfiA= & HalA A 3734 ZHA|6] A<



7129 T1d-E-AMEEH FEE M2 fIEt QuEE(Causality) HHE HE 9

AAFSEAL o1 5 F A 5ol WA 22 AHHAE EEche U

- A AP WAl W 700 gk BA| () A 7H-AIRD9} HlolH 53 (ol o]4kg, &
£g)o]| wzt ZAEM BIC(Bayesian Information Criterion), BGe(Bayesian

metric for Gaussian networks) §©°] AF&-4
- 7V 8 BE O E LR E 7P & Z4F xo] gt ARE AL
- A3} FRE R J4E Atsto] o A5 d= Q3 T =8 FF o Qlurx g 7=

O A% 7149 A2 glEo 2= 584 554 FA(GES:Greedy Equivalence Search)
WHAlo] Q&

the o] g4 719 o) EAQ B

- A A2 7M1 2 WA AR Qv IS Uehicka 24 5 glom b
off lmo|x Ei T2 9% W4E BRH P27t 529 s Aol 9

- 2o} W2 Bl ot THLE FESHEE F2H A} S B34 A Ml
SELEE

D
[N
c
(9]
2
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=
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<
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=
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Y :={(X)+ b A1(2-1)

- X Y& HZFAIRE B2E 2 U, (X)) A3 T be OF TS e
- X b7t S olgtH, XA YR A AapiA 7L EXotH, BHE X9t be &
EEA01H Y7t XE REgittal 239t
- o] FEL X<} Y7} HIZFRAIQE BEE whE wjogt H-8o] 7haot TRAQ RS
s 749 o] W oz QA AHo] B7ks
O 3 75k o2 B4 o 9 22 7Pgol| 9fEstn B dolHrt B4 e 12

ool #8o] ofYrk A7 24

2. QIME=(causal inference)

O Q=22 A M4 (treatment variable)”} A3 (outcome variable)o]] B]Z]= Q1
I a3 4o 2HS UE
- Th2 HE2 HE ] FHTo] G Ao HFE 2T = U= A E SHHRY
=29l 917} G7direct causal effect)s Hr} FHA 451 A ZHaE ¢
|2 So] EA QkEo| AYof u|Ax= g3 =4(Yazdani & Boerwinkle, 2014), 24

ZJZo] olto] ujA|&= A7]|A J3F HrKZigler et al., 2016) 5ol E-&H

7} A% AEZFHmutual information)

O A HE o]Z(information theory)< oJ® AFAL] HHAo] T3t ESHAAS “HHEF olgh=
NgoZ HFslol, o] ESASH AALAFE o & JEHHDY: bi)S 2= A2 4
Sy
- T A A GO A oA EHSE B EE ofd ARo] HAYsk=|, s ARIQ] HHE

3t 71972 A A EZ1)(Shannon entropy)Z AAFE(Shannon, 1948)

ﬂl

A AE Zp x)log,p(a
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(b) Corr. (SPI—6P over SGP vs. SST)
7 ¥ A TV AT
Wh

(a) Corr. (SPI—6P over SGP vs. SM)

180 120w 60W

120

aow TOW
=04 =03 -0.2-0.15-0.1 0.1 0.15 02 03 04 08

(c) Norm. MI (SPI—6P over SGP vs. SM)
AT
R SN

0 0.01 002 0.03 0.04 0.06 0.08 0.12 0.15 0.18 0.21

Z4&: Shin, Dirmeyerm and Huang(2023)8)
(O3 2-3) A5 YHEHO| J7tF ¢7L XME At

1 Z-golo] AAEHY AT JRFS BY
2 AAYES o] JHY, = 5t
StE =2 JX, V&= 2=

fr

- AAY X9 BEIYAH xoIAE TS By
9 | Fg ulsta

AAIEANA T2 Al A F Hslf & 5= A
5 AAE 7He] A E YER

A% AR (mutual information): 7[X, Y] = H(X)— H(X]Y)
- | AEZ T E 283 AFS AR offjo} o] EH

p(z.y)
XY= ylogy——= "7~
1= plelon o)
AT AETE T 84 Aole] A9 QALY HDUAS Yerhzz BA
YR AYT 4 Yok WAVE Slont 2 AR 2 Aol Ue) 289
- 4B W ol 71 A 10 B Aol S 48T 2-3 )

8) Shin, Dirmeyer, and Huang(2023)2 7Fa3} 5419k 14 8(driver) 2He] A¥BAE Correlationdt
Mutual Information °1-&3t0] Bl 24351100, (1Y 2-3)& 7IaAlset Edi& o3AE) A AlA

L I(SST, H)2He] AHHA(a, b2t A= FHFHc, d) 7] ¥l 23S HeRd.
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1 AERTE 7]k R W xo) 3A ) s ve)

uleo] chf
Jo] 27140l ARg AL ©, We x7h S ol QAITAS 2

o
Kl
i~
10
k<l

r l

. Py lys,)
-ASQERS BE: Ty, = Z P49y, 1) e

log
TepYpYita ’ P(yt+1|yt>

- 9] e olEl Az BA(time step)lA] T B9 10%(1ag>u o] Ut %9 vt
SR B ol wek 1 o)) A7k o] Pt ol

O =27} 7+ 23 EA|(Kushwaha and Lee, 2023), *#}sKVicente et al., 2011), COVID-
19(Delussu, 2023), 713 #sKHlinka et al., 2013; Bhaskar et al., 2017) 5 o8 F
Aoj| Al E1s] &-8H

=20 d

- AIA 249 =S PP A3l AT IS AEZY ALt HdS AR

U 54 W s 5 ek A

Z}&: Hlinka et al.(2013).

(d3 2-4) P& AEZIIS 0|50 T MA 7|1 LIEXZ At0]2] &

9) Hlinka et al.(2013)& -’F—’S ‘ﬂoﬂ 44 715
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2 ZE 13

(Causality)

782l Tiy-42

-M2IZR &
olv}zkA| 9] S-F mlorE oz} AYEE= AHEo] HISE
o} o

o= QA &) &ot ot S A"
7+ A A(temporal lag)y}t ®HFd(directionality)= 118

< AgAIskL

= O
1 2718 EES 5 UL
TAA Ol A A7

WE QlHEFEo] 7k
- o] oj&skA] ¢b7] wlZoll(model-free) HAF2]0] AL Axt
5 o] & W Ajtolo] et A4t E ST
T AS AERTE ¥HE ALbet=(EE 7MEE,
Atsto] Q1A 9] SAA Rl
o]
=y

He 5
] ]Oﬂ ]:ﬂ ]E10ﬂ ;QOLOI'X] o]—:ﬂ = %_/_}\_ Zl_g
1A

O
Stk 78 AU ohe
- T AAESE FAE oY
Monte-Carlo simulation) ¥4 2 & p-valueg 4
o]0
A7t FHpositive)AA| S(negative)lA]

e BT 4 9

ol

Jo]8] =719 oj&Z0]7] wiof &

1:1 o
}HAE HEgosrt ekl
A4

o 7 Ha AAE Y TS FE5=

T Ql= A A
Y. 8 1} 9j3g(CCM: Convergent Cross Mapping)
O AlA Qo] HIAY trolue] AJARoA Z2d
PHEo R, B3 BHAE olsfist?] $I3ll Sugihara et al.(2012)7F 7i&et
- B]Ag Aol Bt AT A= A-go] 7hssto] AEA, 71 FAAR 5
5] 2A15= 4% B A (nonlinear complex system) £410f 23}
- ATA 7 H FA ] FFE WA A1 A A(time lag) &4 0] 7Fs5to] BAE
A== ofsfid 4= Sl
- T3] IA YHE FESh= o] ofyzt ol EdE g7hE WO R JINAAIE FE
517] wjzofl B4Rl I AE 20| 7Fs
- 23t AR glolE A A] o] 28} 2] &Eo] & H|o|H || 2-8o] 7ls5tH E
ANABE A2]7} 753K Clark et al., 2015)
of Abd Hlolg A2 FE AA| 247 v &2 I o= o]
d R A A e =

14
A&l
=2 0

A
~

or
13 A Al
- AR HlolE] AH2lE B9l o|Z(noise), FEH Al1(stochastic signal) ¥ B34S

o] (Medina et al., 2019)
(nonstationary) 891 A|Aslo] B-AQ] 124 EX
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- CCM2 = AAE ¥4 xeF v7F ST o, ¥ x7F voll QI Jak& v]A]7] f¢]
V9] 437K state space)°ll xofl thet HE7} L3202 HAAFE 71 of gkl Ao
FZ: A7) ThE W] AdEl(state)E B SR oJEHH (attractor)Zal £

- SHE CCM 42 #f8f Z4F #59] olEdlE = WA A7t XA g (time delay
embedding)& 53 A+A(reconstruct)et & Taken's Theorem< ©]-&3f A
2 g 3K1-to-1 mapping)!0

- ¥4 x7F ¥4 vol dHg(embedding)o] 2 A%, CCM2 x7} vof 1t &

Eoha 4olg

£(t) = [XO).X(t-1) X(-27)]

A+&: Sugihara et al.(2012).
(O3 2-5) CCM2| 0|2 HIEO]| CHEH JF1

O CCMZ A AFTE of 7302 QIsf] 2T thefet BopollA 8 IFpSE Hhioz
5] ARRE D S
- AE| A|AEl(Sugihara et al., 2012; Medina et al., 2019), 71% 28K Zhang et al., 2021;
Zhao et al., 2021), A 58HWang et al., 2018; Kadir et al., 2020), FA|st
(Huffaker and Fearne, 2019) 5-2] £ofof|A] &itsiA| ARE-

10) Takens(1981)7} 11913t A 02 A|7hof| me} 5802 &0l AL A Mg Ae57he Aot

11) Sugihara et al.(2012)2 =52 53] CCM2] 0|27 vigof giaf Argst. 1o M2 X, Y, Z "7}
T AgEo] 9l oEEo|Y, Mx, My= 27 X8} Yol thafiAlet A4 E o] EZEHE oulgh Ao] 9l
BE2 A= g H A4S Uepd.
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= =
i —— Streamflow xmap precip (b) = Streamflow xmap NDVI
= [3} — Precip xmap streamflow @ — NDVI xmap streamflow
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g 5
= - o 7}
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= 7 = J
8 g
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o _| iy
=]
T T T T T T
50 100 150 200 20 40 &0 a0 100 120 140
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Z}&: Runge et al.(2019b).
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O T &A 19 4 714, = PC(Peter and Clark) €112]&3} MCI(Momentary conditional
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climate network)E £435l=0 AF3HRunge et al., 2019; Krich et al., 2020;

Krich et al., 2022; Ludescher et al., 2021)

- A= ol HE(Tarraga et al., 2024), =8KSilfwerbrand et al., 2024) & tF4st
HoFR ggAo] EAH I Z

- Runge et al.(2019a) PCMCIE 7|% £olo] #-&5}o] Nino2} British Columbia
A Atol9] F71=(T™ 2-8, A A=) Aef Wkl Z, W™ 2-8, B C H=X)
o] AE EAIste] PCMCIZH A 24 H]sto] &2 Detection PowerE 7}

A1 Q-LS-E vl

BCT

BCT

== Detection power (width)

= Effect size (color) . Autocorrelation

— Fal iti
alse positives

A+&: Runge et al.(2019a), (I3 2) oA &4
(O3 2-8) PCMCI HHHZ 7|& HaF M 7L G|A|

gt 19914 A@:A|(GC: Granger causality)
O W4 X7F A QE AlZF 9] ¥ YO o) &S AlZot=A B7Ist7] gt BAZ
74O R JITA FHET F HEO] MY ATHAE ¥6]= | -85 884
Ha YO A AE glolEollA XO] IHA HEE ALl o YO ok AIZF Ao thgt
A& A7} F7ok=A] ERlsto Q13 g-S ASE
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o}, 283 55 EA(GES: Greedy Equivalence Search)
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1. 7k Hot 4k 24

7V 7V 1S ThE A Y A
O 7HE9] An} 382 B33 B 78S 2Fotal 9loH, o] B olsfstal= B2 A3
77+ ghdebA £ (Van Loon., 2015; Shi et al., 2021; Zhou et al., 2021)
- Van Loon et al.(2013)2 7|/d8H4 7Rzl A =254 7HE 0 5.9 St 1po] 7343,
A, 712 5 71 8Rlo) 9Jsf 9= IS AP 3-1 FX)

717k9] 744 o] 781 AléEé!O 05200
A5 Wi At B ol A, AT FUAY gAt B S8 YT i

metecrological “rain” season “snow” season
L . high T +
situation low P (and high ET) lowT or |0§l P

v

meteorological drought precipisation

deficiency
soil moisture drought low soil moisture
hydrological drought ) low <« low ground-
discharge water storage

Z}&:Van Loon et al.(2013).
(O3 3-1) 7|46 7150 288 7152 2| ML List SEL
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a) rain-to-snow-season drought b) cold snow season drought c) warm snow season drought d) snowmelt drought e) glaciermelt drought
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13) Van Loon et al.(2015)2 A|AIE 29| ¥4E Bl ¢ W/ E= 259] ol (anomaly)7t = <8 4
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L2 TPOl A FAR A0 9 AERT F)¥198 gl Bl QAE A
- oS 520152 FEW ASA AL o 7hRel that AsAA A Bt
718 7parsko 24 sk o] ik ol8lg Roli ] 7]ofgk

& sEe AT FFAGAA &2 7R AP sl AIAIE 24E AR
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.

LEGEND .
Potential Damage (/km?)
a Gwangdong Dam Reservoir £ <1 mil. KRW
3 1 mil. KRW= 10 mil. KRW
B 10 mil. KRW - 100 mil. KRW
3% Boundary of Service Areas [l 100 mil. KRW — 1 bil. KRW

B Rivers

A ol 2l(2015), (1€ 6.
(28 3-3) E3H MKl FHO| A2l ZHA FS 12t /I3 fI8E E7t X

- Kulkarni et al. (2024} 7148+ 7Hg0] ARIBAA 7Hael vl ¥ F95]
B7Fot= Aol 83 HAUS A=E
3t 712 A 3| Q&= 7IE A5 TAE Hsh] o M2 SF7REAIS(CDL:
Combined Drought IndexE& 7H&stal 7|& X H2} vl AES
7|&0l= SPICIEHE 7Hs), SSI(eE8H 7he), NDVI(EHE 7Ha)ol A=l
o] ¢ AYsty TH7REAISTE NSt
*Z3HEAl5= PCA(Principal Component AnalysisE ©]-83dlo] Z} QIAE $2 %
+O & Fotsto] 7
ALS] B A A 7HE-2 GDIS(Geocoded Disaster Dataset) 7|22 o|-&3lo] AALE 4
Bl
14) /3% E4(principal component analysis): AZA7} A& H7RIAES 28oto] QIAFEo| M4 tigt
HES Hoet 23S 5= QA she thiE B4 7THA RIS 5, 2019).
1

15) AEZ /18: AETS Fol BHUY L WivE BT U PHFS ANFOZA Foldl Hlolel2]
£449 olgsto] YU Bouso] VAL FAE 2 PHADAL 5, 2019).
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Rainfall Soll Moisture
(CHIRPS data) RAS5-Land data

Data Validation and
R ing (0.1°°0.1°)

Principal Component
Analysis (PCA)
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(B 3-1) MIFER 240 2R 755 712Xl 2210

7HEAg 7k G 28 7189= ] 5T

Standardized i} AAZVE71-HWMO)el A 7Ha Aol
7|A¥eHE 7= A a2
Precipitation Index (SPI) 1gers 7k ere 7|5o| Hl&= AR F84 AR
andardized A%k Ak SPIS f A, £
recipitation A bR | ek on 47 1, LHT AAG
Evapotranspiration Index HolEl7t La
=

(SPEI)

Palmer Drought Severity | EXFE B | A5, 2%, | A4 3go] Exetar g A A|E
Index (PDSI) T2 7N | FRTES tlolel7t B ]

Self-Calibrated Palmer

Drought EYTE B | AE 25, | AKX o] Estal &t Al A
2B5HA 718 ogsH go|g7 g8
Severity Index (sc-PDSI) TEHA T | FETES fleTE7k 4
Standardized Water-level | o4 4 L SPIS} FAFRE AAFAS EL:
LU 9‘! L 7 = A|o ? =
ndex (W) | Teo AR AR e g ealg ole
Streamflow Drought | 44 - SPIo} FARE AAPTAE THE L
ot 7h= SEdRF -
Index (SDD) TENAIE | Y e g shagare o8
Standard Runoff Index | , - . SPI®} Q-ASE AAL vFAI S wh=ut
o1 %3] = o =gk
(SRD) FEAURE | REY | sonm we gosle B o A%
Multivariate Standardized o7 glo]H 7}Eo] ERS EAL thaYF oz

- |
i
)
N
]

Drought Index (MSDI) A AR B7L AR AR 7HE B40] 7hs
Combined Drought Bopa e kil ia 7120l BASE EAL tixlgdA o g
Indicator (CDI) TR 3rE S 37} ARAEAA 7HE 240 7Fs

A2 WMO(2023), BIA (F 1)S 54,

[t
>,

16) WMO(2023)0ll A "33t 7FEAIS 55 3 Q-2 445k A8
17) G252 AWC: Available water content)2 E9Fo] AlEof o|-& 7153}
UehfE= (35 443,
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. 7FeAlSgs ol A& WY A&

O Wu B. et al. (2024)2 AHFES 28510 7hao| Aute= g2 AB2lstal Al2Hd
&= A= 5T 290S0] o] I vA= = A+
- 7F=-9] Au}= A4 At (cascading diaster) 32 o5}l AFSHE Al

71& Aq-50] 7kl AMup oA TS oF 8219 JFo = QA
SHA olsfslr] off = AAE S5 A A2 HHEES A8

O (A F34) 7]15H3}e} 24 Fo] A& b sHHA 7 Aufo] I vl

g o et ol

- 579 FEIY 7oA 2 E3AHY] dEA 7 79 A8 (Yanhe) F& HAF

Eg.:.

i
J

rlr

1

- 71484 7HE(Rl= SPED, EGE 7Ra(R14= SMAPI), Aot 7Ra(GWSA-DSI)

! Multiple-drought cascading framework l

== = Cascading Risk Analysis

> | TR

/ | Propensity Score Matching ‘ \\

1y
Meteorological Hydrologic ! ' e !
R, —
data data ! ! Subdalaset H i |
‘ | : ------------------- I ‘Within the disaster chain system |
R OT TS e ; ,,,,,,,, ‘ i I Logistic regressmn method }
] ! : ' I pememmeemmeee e e | Oulside the disaster chain system |
E ! GWSA ! - o H -
:E] $: ! ! | Generalized lincar | i Influence of complex |
| i ! - ‘ ! regression model ! !
! sor | ! SMAPI ; RS PN o iAo,
e | o o o2 v |- ---T7
‘ _——— ,I Within the disaster chain system | R
) i e S. 7l chain system .
Situation Assessment !, Temporal
'g
()
—————————————————————————————————————— / 75/./5‘/ ?/M/

PN

& Wu et al.(2024), <19 2).
(O3 3-6) 7tz MOt 1P 2M &M

O (T3 At 24 V3 SIdl ts 7R A4l Tl A¥=Z AIRE-/33F 71 &<~(propensity-
matching scoring)?} XA 8 3]F|(Logistic regression) 7|8F
A2 Q0] BRI 9219 FFE AL EN The HuE A4 At (disaster
chain system)2] &3 of| A H7}



FEEE 2MS et QlutEE(Causality) WE ZE 27

72| TY-+2-ASIEA HEH

it 7Rl sk 71Eol visf gt 1t

WAL 2GS T
- VA I EPSR FRS BE V1% B9 Yok W A5 1Y FEE
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S vl S
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o=

- 7)Ao 4

2]
WAL A4 B0l Fo4e A=

Causality-based

Natural propagation
- Meteorological drought

- -

.Il'l'llll"lil"ll I.Il L] I .

[ ]
Reservoir

A operation
—

Reservoir - ————

Water
shortage

A& Shiau(2024).
(38 3-7) M+X| 2B

P Jh= I R 20| et S+ SEx

_|ol

AT} 7442
O Shiau(2023)2 tj9te] t3oNanhua) A5EA FHE Aoz 7A-F7-A184 7}
59 Aut A2 9 AHu}f A|7HS QitSE WS A 8olo] B
- AR ThE2 AR 9 T4
O (A7 &54) 71438+ 7104 884 7ha9] Q1

AA] £ W] et B REg
FFY v

- tiut FRof X% ol H(Tainan)¥ 7+ g(Kaoshung) A9 i &

FoKNanhua) A5=A|2}F A|obA | (Jiaxian) $10] A|AES do=2 oF
- 7|1A¥8HA 7ME(R)Z: SPI), sk ZHE(R|4: SSI), AFSIA FHE(R|4: SWHI) 7F Q1%

A F20 F5
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O (A 21 71d-r29H4 109 A& 717 7H9] 1/3714d 717K 3-8a )3 o
AR 2709 R4 717 7 717 Atololl -ojw gt QITHAE HA(TLE 3-8b #F)
- Ak 9 w3t Hg "] 2717 S7H u) S0 2 o R sEstd F Ql

A=9] JAAAA7E oJu|et A o= weket

(1" 3-8cyoll AAIE A& 717te] 4714 7HEoll A= AtA7F Z2HEA] 92

O Shi H £(2021)& == Pearl River Basing A0 & 7|A-455k4 71&9] Au} 7H4S
9 1A} vy Z-gsto] A%
- 71483 7RE (A5 SPD), ot ZRa (Rl SRSt o= IMAAS 4

() (b) (c)

Predictive skill
=3
a
Predictive skill ¢
o
4
Predictive skill
o
a

SSI1/3_N xmap SPI1/3_N $SI12_N xmap SPIZ_N SSI4_N xmap SP14_N
- SWHI_SOP xmap SSI13_N —— SWHI_RC xmap 55I2_N SWHI_OPT xmap SSI4_N T —
— SSI/3_J xmap SPI1/3_J —— S8I2_J xmap SPI12_J — SSi4_J xmap SPI4_J
0.0 SWHI_SOP xmap SSI11/3_J 0.0 - Swn _RC x map SSIZ d 0.0 SWHI_OPT xmap SS14_J
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Z}&:Shiau(2024), <13 6).
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