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Abstract

The carbon market is one of the key pathways for reducing greenhouse gas emissions and is
composed of two main frameworks: carbon taxes and emissions trading schemes (ETS). While ETS plays a
critical role owing to the flexibility of its mechanisms, it is essential to identify and address potential risks
during its initial implementation phase. This study aims to enhance early ETS implementation and mitigate
risks associated with the market. To achieve this goal, two specific research objectives are performed: (1)
identifying potential risks and proposing improvements through a comparative analysis of the existing ETS
cases, and (2) predicting ETS prices and evaluating the impact of key variables using machine learning.
For the first objective, the study analyzes key topics and trends related to ETS using text analysis and
Dynamic Topic Modeling (DTM) applied to academic literature. The analysis indicates “mechanism,”

“ oo

“design,“ “allocation,” and “price” as core terms, suggesting that ETS design and market mechanisms are
primary areas of interest. For the second objective, the study employs the CatBoost model to predict ETS
prices and evaluate the importance of various input variables. A distinguishing feature of this study is the
inclusion of ETS mechanism variables as input factors, such as allowance cap, allocation type, banking
and borrowing, and offset credit. The model is trained using data from EU, Switzerland, and Quebec,
achieving high predictive performance. The trained model is then applied to evaluate ETS price in
another region through transfer learning, here for Korean data. Furthermore, the feature importance
analysis reveals that the most influential variable affecting ETS prices is cumulative weeks and its
interaction with ETS mechanism features, indicating that temporal progression and the maturity of the
ETS significantly impact price dynamics. This study contributes by analyzing potential risks in ETS through
text analysis, and examining the evaluation and feature importance of ETS price through machine learning
model. The findings supports the development of efficient policy design by enhancing understanding of
ETS design and the interactions among key variables.
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1.1 A+9] =3

L2 7} ~(greenhouse gases, GHG) W& %S A& oz Zrtsla dth. 715 HE o] A3 HR
Zt ¥ o) Al(ntergovernmental Panel on Climate Change, IPCC) R4 (IPCC, 2022)°] wt=, 2019
&3S 1990 tiH] 54%, 201013 oiv] 12% Z713F Aoz Yewti(ad 1.1). 84 &S £9]
= AL A A AAE BEFG T AA EHel AHHoE AFE 7] wEe v Fa&
3ttkHe et al., 2019; Jung & Song, 2023; Wang & Zhang, 2020). A AAAEL AA S o]
FHAL 84 HMEFS Solv WA S Bl A% 7hed Hds @48 gt ok H2
2 dzt 715 Wsto] tfgsta A& vhed 43 ARE BAStE A A AA 7F Wt 3E
A FA71 =9t Uddin and Holtedahl, 2013).

jar)

Lo

a. Global net anthropogenic GHG emissions 1990-2019"

3861 426 5361 5961 50+66Gt I Fluorinated

& 0.7% yr +2.1% yr 1,30 yr 2% gases (F-gases)
2% o

I Vitrous

oxide (N,0)

[L I Methane (CH,)

[ Net €O, from land
use, land-use
change, forestry
(CO,-LULUCF}

I co, from fossil

fuel and industry
{CO,-FFI)

GHG emissions (GECO,-2q yr ')

1990 2000 2010 09 2019

a9 1L 199058 2019d7kA1 2] A AA & 2427E2=(GHG) i & =HIPCC, 2022).

247t S F oshue 19909 el SR B4 AlFolth ol A7) WS FUN
Framework Convention on Climate Change, UNFCCC)2] “& %5 o]a&(Joint Implementation)* 774 &
B3 o8 F77F g¥3ted GHG wl&g ZEolv WAYUSS vtdaS g AZEAHMichaelowa
et al, 2019). °o] 7] A= ¥ % v oA F7telA Al 7w wMiAUESES WEst= A7I7t
HAh o]F 19973 wE A A (Kyoto Protocol, KP)7} A&l o, 387) AAZFx HEAFA L] of
3l GHG ml& 7% H8E dAsIo Ad7AELS 19909 Fxkxk 20003 ) Zxko] KP wl#AY
FolA 3 ol sttt
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g4 A ZEdYdas A @daAe WlEd A Al(emissions trading scheme, ETS)Z &
ot ETS+= GHG Hi&& &0|7] 913 A% 7I1W =Folth o] AEoA HE= 5 Bl tia)
T WE g9 dHcapE A oo wet WiEAH S EEdoh s FEed &3 7192
=% 18T Y wEdE EAslior st mlEd2 AFEZEE FAoE AFHAY ZAWE &
 Fuld 4 Aot ¥, B@AhAls wEE 1BEY 2A4"E AlE&S 738t 71del dd 29s o
FEs 3ot g AME 7E Alg Al2'lEs &85t o] Aldo] o taetA| gl ETS+ 73
A Y (offset credit), o] ¥ % ZY(banking and borrowing)¥ Z& WAYUES 3 ¢ & #
& ATzt =3 ETSve & A z"3e w43 AAE &3 & 7tsAdol e B4, &
2383 AAVE oHY dA Be IUldA gAaAMet ETSE 25 A3tz Ity 1.2.a).

ETS)+< 367171 A& Folw, 14707} 7 Fola, 8/ Z2AEV) AE Folt(a¥ 1.2.b).
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ETS ONLY ETS AND CARBON TAX CARBON TAX ONLY
— A . S 5, =
=2 9®® O O . T E =G E
g el - = i —
CHINA CALIFDRNIA  CHINESE EUETS  KAZAKHSTAN SINITZERLAND EL[EYS UK ARGENTINA  BRITISH CANADA' CHILE URUGUAY
PILOTS 1L COLUMEIA
x s () .) @0 A4 5 A&
@ - = 9 @ -‘-'} ( @ © O & €
NEW ZEALAND I:I_L[EBEC NWRSCDTIA RGGI MASSACHUSETTS SAITAMA MENICD"* COLOMEBIA JAPAN SINGAPORE SOUTHAFRICA UKRAINE
-'J'.“I _— .
e - \ :
GERMANY WORER, AUSTREA  WASHINGTOM NDONESIA®™*

A X %

A& Z (in force) 36
7 = (under development) 14
112§ = (under consideration) 8

*=7t A XY ETS

International
Carbon Action
Partnership

(b)

9 1.2, a) 249 &3 A Al(emissions trading scheme, ETS) A3 &3HICAP, 2023). b)
ETS A1) &5 A7 W &(ICAP, 2024)

20050 AlZkE EU ETSE Hzxo wWiEH AHAZR, @A7A Y51 Atk =4 ol EU
ETS= Az A% AsE AoH, o8 29 714 HEoz s 7|gEe] Ak 7|es
AEstel = AAME B 98-S mHtHDeng and Zhang, 2019). o] ¢t w7l 2, F==+o] ETSE H]
w3 z7] GAS THo=w Q3 &FFY APH AF A2"HY RS 22 EAE AL do+

(Deng and Zhang, 2019). w2tA, ETS A& AolA FAT & e FAZ JPdS A= A
o] Fasith ®©a A oy gyadre A Al JHA FHoE BERT 4 dtkDeng &
Zhang, 2019; 29 1.3 D) AR &9 g2=3as 7149 F43% Eﬂ%ﬂ' ddE g

°llr: 1o & A ool 53:% UWE} 2) 23 Qf Eliﬂlr: Aol A% Wt

q711/1 =R AT 2, T BalEs 8T E—’i‘%, %7—‘4 ay A B ga FE Ve

s

A3 A 71EHBI B o7 A3 &9 ﬂiﬂg} %—8— —czil%— %5}%} T Utk 'ﬂ'ﬁ: 7t
= A g3 48 AEetr] fE oF dF AR FU AFE 18T £ Aok A7)
AR 712, AA A3, B4 7@ 2 FA So golo] x3HTHCao et al., 2023). 3], o
Uzl 7tAele Mg 7h4, A 7h4E, 7k 744, A7) hE 5 aYd 74 240 23 ET A
A AFH BEE ghoe &, T4 AF 7HE 2 Ve B39 AA AxVF 23ET 874 =24
o= tiZ|dy 7o, A FAR EBEFAHES MAdstr] {8 AA AY EIFHAL AF
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(economic policy uncertainty index) ¥ A|AA gl2~= A (geopolitical risk index)et 2 A&

7} R8T 5 ATk

NF 2% A
223 > 234N
7+

HAHLUS 24

a3 1.3, 84 AZe A /1A g3 BE

g4 749 AAE dS WS A 71E A7 Al (conventional econometric) ¥, 71418}
<% (machine learning) @ <13& A s (artificial intelligence) ¥, €% =d(mixed model) 5 A 7}A
oz EFEcHWang et al, 2022). 71& AFEAE =2d2 4% 3] F(earning regression) =
9, = olF H(simple average model) =¥, F3+ o]F 3 H(integrated moving average,
ARIMA) =9, Holt-Winters ¥, Kalman ZE So] Z3HT}h o]z213 nde #Hgo] 7tsta 7]

¢

=X o2 AxHo YA, StFo| AFEIF AFdHolw dukF oz APA I 01'76”’]9‘ HoE &
A dHolE7l Basin. =3, &£ RdE F3o 2de gkt H Be s4E A9ty
MNE 2ol dAE e dsta w2 odF ASdEE AT 2y ol Rde T
z7F Bxeta A A 87 AFRS Fatete AEo] Aok ZAskE B QIFAlT WHe 2
A Eg(decision tree, DT), A/ ZE 9 ¥ wAl(support vector machine, SVM), #2-®(boosting), @
o ¥ ~E(random forest, RF), ¢1-&A 7 wHartifical neural network, ANN) 2= So| Z3tgt}

ol gt Rdle HAY AAES ASste o gEsty 52 S AR HudS
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bl
3

ATe WaeA 2 Jyass= 2ok D) wEAANA AR 27, FRrEe] A &
W7t == 7H4 %2‘%“3 Nas #T MEd7Hd dF 9 7HE ¥l ol dasie. Ayt
ol o3 AA =] wiol] H
=4 74311?1]/1 Hﬁg%* z 3gS w7)(Ji et al, 2021; Zhang et al.,
2023) W&ol oS va 7H4 WMEE AWste E3S FE3E Zlol 835t 2 WEA AdA
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1.3. A7 74

2 A7E e gol T4
AEs], 7% ETS A& TP

o, 28l AE ETSol that UukAel A
SgeAE B4 B 9 ARFRE ST, 43

MY £

22X o83 AP s 29 F e Ao Ve

AHE A3t sl wolch w3 AT AAY L FAS AVED 33 L 4G WELS F AR
FAZ TASE Ao Bedth 54 £ A7 & gt
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2.1. ETSo| gt dutAel 49

Wl =3 A g Al(emissions trading system, ETS) % &) 37 2 Al (cap-and-trade)= &
Foll &I diHcapol APt wWiE Vs S E&TEFS AR, 4 FATIHel
FcHWorld Bank, n.d; 2% 3.1). w&g}x ETSE 742 Azt thdk a8 A &3t
U% ghao] 71 A g7]A "o ETSe 8 74 &
M7 xsE. o] oA FFFF Ad s 23

Fed olst 2 mlEE Eo)AY AT + e 7 8
T3 o2’k F 71H b= AUt vheetH, @9 Adde %
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%) Eﬁl‘“/h)ﬂ net g %’ﬁ—% T = As A gl ok Grandfathermg %}%
T e BE B4 Fd(free allocation) WO g2 tFdch stAE AT o,

T 2 A7), A CUA I, 2P ed B sEHg 22 A

=
FAAQ AEFS U];‘(].‘:_ 7}4\0]1:}_

.

_—— —_—— E ] — -
e

5| & E(allowance) T Of

X S o & Aty
O . ¥ S Offset) >
sary @ 8N~ iz Sue

N gta 74 (e.g., &% ofLix])
el I E=E=CRELY .- G THof - _

2. =19 (ol

a9 2.1. ETS AH.

2.1.1. 71& ETS 8.9
o BUErEAEH e ETS(EU Climate Action (n.d), Zhao et al., 2018)

2005130 A= EU ETSe AAl Hzxo =4l wiEd A Al=doz A8 i . A
202158 20301 ol AA 49A WelA &=L AJok 19979 nEJAGA = 377 Azl=ol HA

T4l e WEE A R, d99 A3 =t Fa3% oHRE A Agdge=
olgg HxE GA4sy] A A =79 FdaAo] tiFEHAT 2000d 3€, AHAY JAHA
3= EU ETS9] Fxof tig 7] /MdS AWsl= Green papers WEITE o] A& AlxHE

3]
T 83 &S 3 o ols] BAAEHS] dd] FIE A% 7IvEs AT o) F
2003 doll EU ETS A o] vl&=laL, 2005l Al2gle] FAHow WM, I W& =
7} &3 A ¥(national allocation plans; NAPs)e] Ald)S F3| =7} ALl ZAHFH A

EU ETSe= W& ExE& 2437 93l Al gAE A& 1941(2005-2007): 1l E 24 A
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(Kyoto Protocol; KP)oll w2 EU F9F &H3%2] 45% 24. 2471](2008—2012)' zF EU 3]l9=2 2005
FEs VLR Hi 6.5%°] WEHES FEh 2949 F HxEE KPY 1A F9F 717H2008-
2012)e] Z-xo} A&y, 2012@71A 1570 8 =719 = HH% F2 1990d wlE = Uiyl 8%
8 Aol 39kAI(2012-2020): FH 9] “20/20/20° T o uwial 20208 71A] FHe 24712~ wHj
SFES 1990 = iyl 20% 75T o golth 20149 - olAE & 20307hA] 247F2s W=
Fe 19909 & il A& 40% FFete O A viE F XS SUTH

» EU: 19+A1(2005-2007)

1941= KPoll ©& EU 39 Z#(Kyoto target: o] wE %) ¢4 93] EU ETS7} &3
A FHolof &= 28-AE thnlsly] 913, 3W9dxte] Clearning by doing’ AlE ©AIATH 1%
e AabgA et AR FH ARl 4l A B olikster A v EARE 21 S 53
o wjEdo] g FEE #EHAL o]F AINA Fe A9 HEe T 40 F=

9 A% 98l AR b, 20040 EUSl 7hl@ 107452 2004 39 319 EE 2004
959 19704 271 @9 A8k NAPS wakslof gtk 905 2004958 20054 Abe] o]
NAPsol ti% 24 Walth A% Ae gusle 24 oldel +4HUL, 54 FrhEelA &
B ARe 2R AU} M ARHoR AZH oo ARE Fle AE BEE 93
G Qe HES IPYT wE BE 24 APE Aole] BUA, 123 NAPsel tie AF =4

Folgth. AF 2 TF ol F A% AYS B3 TIAL Pl 1GE Aol A ARustE
KR

T

9;

O.u i

I 84 7HES 43H o2 AA3sta, EU d9oA mEde] AF2& AdE &olsH
son, A8 i 7IdEe] MEe ZYHY, 23 3 A4S F e IFAHd Jd=zgE e
ot AT F A= WMETF volEt B wEel, 18419 W d=Ee FAA A 28k
dRENeH, A MEFETG § g2 wEFel HH%H%E} ol TH HILow s 194
o) dgdS 29A A AEE I, 19A9 @97 7140] 2007 d0l= 0.2 EojAA =
Ak AAee d¥ i AF Buxd wEd %741 ¢ wiEd AREFL 2005l =
3.219) 7H, 2006: 30l 119 74, 2007 dol& 219 /A= F7H3o

= =
AEel AGAA Sae, SAn o Agold he - ;E—%% 29741 2 9% 34 )
o A= A3 BANAN 7S] 27] A g
S0 ANE aokHL wesE BE Adgosd AUE Besen

20063 69 30¥47FAl Zh=2 NAPsE Haxsfof ot 3= 200632 2007 Abo]o] o F-&
o] NAPsel tis] ZEst: A4 uElth Loy Egse) ofxEuole] NAPsE o] del Alekel
Agol AREY] WA ZH7F 2010d 7 201174 SRUE) A ekgkey. EFTA ZA=-& 3k 2007
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doll Zsdlrerle] A8 20090 m=4ole] Aol s 2gES WHT T ololedEs
EU ETS7} A &3t= Aldd o Alde] &Fsr|= AdAsta7] w&el NAPs7} RAAtt. 22A 7]
FoEeh AYE WS FE T WS FEo] o)Fo FAHJY E=F FY=E2 NAPso| tid ¢
A3 e @ 7HA AAd o]eE A7IAH. ol M EFHLAS WA fal 3DGANA= EU
Aol d=& AEsh71= 2As A

2eAl A E EU ETSol oie b4 529 Wslyl =dsgich 24, 20059 ohul oF 6.5%9] @
g gaole] gavt Jth ER olol&wE, FSHFErel, 2ol Al Fb AT YW
oh HEol, og FrbelA A4k gate] opuEAL wEo] Eiw Uk

e Ugo| Hge &%
gastel 0% ol SRR, 9 FoP) ANE AR, A A TS EY €102
QAT FA LG A, GBS F F U] B COpl APt 2GS FHF

JE=E TdFEdY. =7} 7]/‘<H(Nat10nal registry) & < &=Z% 71A(The union registry)2 oA
H, 54 58 Ad 7ISFCITLE 739 Ad 71SFEUTLDE AR =3, F5 &2
2012'd 1€ 1€l EU ETSol =dHA o, g A= HIFH I7E 2rte 3ol dig

2 BRET A dA A FRlE AE wjEF dlolH Y HEAS B AA wEEEs

2 28AdAE g9 EY =
W&o A AT 1
= S c o B s ) i)

1mJ

Zd 4 Yook 2y 20083 AA Y2 AF o
I, A3 Eds 299 o] wAYste] 2¢kA Aute] A
< 7Ho

o o

A2 2008 319704 2009 639N =E woll HA ST 2012 oll= F 79970 Hj
Z70] A so] €560%°) 71N E Z1=SHTh EU ETSE 28 59 %4 94 A%e] 58 540
249 948 fANT. AF Sol, 20108 EU FFAL A A wa A 7HA ) 84%E AR
e,

= EU: 39412013 - 2020)

EU ETS9] 3©71(2013-2020) /N7 19AI9 29tAIe} vlws)] 3t Hels 7tHgY. 48
ALe o]M o] =7 kA HlE A7 Al2ES thAEy] Yl EU AAo 23 59
E Algste Aot wiEd wES g VB HE Aoz A B =4F
), A3 FRZ MEEHE EHS Y% 2ESE I3 4 AY, O 2L REF stn
NER 300 #o]& F3ll, g2l A 7Fs AAUA 7<d g4 * A
AYs HEZ NERO 39 719 wiEd 93t= 3 5ol ot 394 EU ETSe] Hel= 3t
g, 4 dEUol HAFE 8§ H 4R E & = At As) EFr ol A

og 3
PECS} 518}, hmulo}, &5 w4, @4k, ot Zat 8 22 S A4bel A BAsHE NO7H E3

=i

mﬁ

=

IR ]
do @ > |

u

g

ﬂ (=)
%2
)

o =2 ETS(Deng & Zhang, 2019; Wang et al., 2022)

ofd

20139 T2 AR, wlold, ', Fstol, 24, B, FHlole] T Aol g4 wizd A

AW ARG S AR ol AWM ETS= W9, @ HAYS, &4, ZUH" 2 B,

MRV(ZEUEH, Ba, AF), 78 &5 WAUE, &2 A% & st AY MdlE 3%

2 et g4 AYe AA =23, duAd, A4d A A, 1% AFe] apol=m Qs 2 l

ETSe 1#3 54 zta o AgF ez 77 AW ETSe S5 §4F, 5, A% AHel 9
= A9 F

A B FE(A L 2ADo] Qo] AAHI wjE FFoA A}olr}

f
noft

UE [o
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ge, AW ETS Aute] 27 @9 @xe] 49w Aolsl @ Fulolel BEL 4T w),
AA, doA, W7, Astol, FHe EAT wlolnh
= Zuo] ETS
Filol g e dA WME BYS AJE A glom, 4y RRo] Fa wMEUolth iR 19
shoj @ WE e Moz tF7] Slal, Flel AW ETS
4

o] HEolAe] CO, Wizd ATs EaHHL
Azt 60,000 ©]7de] COE miEst= 7] st s AAEJT. FHlo] AW ETSS F

9
dEFe 324 ukE COyolt). o] A grandfathering} wl x| n}
2
=
2

e
t
H
(@]
lo
N
fo

o
oft
Hu:
=
oa
oL

o
Nel HA MERe Jnos wME wdwe Fden, WAnas

% AHo] 7z e fde W

B T BE HAddd 9X3tH, 179,700 HUZ2uH | W AYL A s ot
BEARL AYgste FFAA 13 DAl 9lom, GDP 7% 2,800 o E FoollA s
ok 20159 FEAe HF olyA avlFL 29 5,662 & EFA e (tce)ol At 2011
Bl 2014d71A] 9] A3F CO, viE#o] 10,0008 o]dolAY F3 oA Anl&o] 5000 tce ©]
19S “reporting firm(Ea 712 EF AL o] B 7Y CO, vj=Zo] ETSY 7
2] o, A7t WiEHS AR Risjor ok =gk 20119 FE 2014d7bA 9] A3F CO;,
ol 20,0008 o]aolAY =3 oA AH|FEo] 10,000 tce o]l 7]YgS  “covered
Company(e]st 23t 7]§) o2 ER/EW, ETSo| 93] #eHrt o] HFole AY, AWE, HF,
Aetd, A3, A, Sk, ol 59 4ol xFHET. F5 ETSe 3% &dle T2

N

grandfathering® WX v} W2-& S FPATt. WX vta 2o wat 23 7|9 A4ka 33
na @9 wlE 7EE Ve E AR 9 S weth o] e A4 ME S 1HE F IES
Z2A A& AFsiH, dEo] HAY A9 ARE §GF ZolE B AY Ao dEE §GFS

3.

= H|o]A ETS

ol ETS &9 71t &< F 7FA F389 7Idel S48tk 23 7143 B 7. 23 7]
e A CO, MiEFEA A8 AZMH =F)o] 10,0008 o4l F8 wj&doeg ETS 74 w
2} CO, M2 BAl 2XE ZF8joF gt} vt B 7| A7t £ YA Anlgo] ¥F Mg
of 3jF3t= 2,0008 ooz, AdH oz ETS #AE Agd 4 9o}, ETS Alg 713t 5

L ElE HIME AR AEsfe

f
) _IZi
o

w7 ETS= 71= 7I<del wisl grandfathering W& 283k, st Y 714l WM =
e A CO, & HAAE 7IFo2 3 iA vt A4S A EIYH. 7€ 7] eFe
etz & g, AR 71w AP A5 AA wMETFel sdHook . AFrE A3
HuAE st @338 =4 o585 A4 =3 Ho) ETSe] @3 F4d= A o
L &I Ada A7 LFEY, ole 94%lA 100%7HA vttt
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Jo

g2 ETSw #74, stk A9 9 4, {38, A7 9 7t~ 3¢ 5 57 8 44 3 4
7t Wi E o] 20,000 tCOE sl Wt AAM IAE et F 1147019 71de] 'z ETSe
#aato] glow, o= R AA wiEsFe] 50%~60%2 x}AFrh Bl ETSY CO, viE 3z
grandfathering® W x|u}7 WS 7|dto 2 IgEm, 4o wiE 4 Ay, BAY F3, o

A

A B84, ol & =98, 4 7l MEd 58 1EI

= AH ETS

AR Ao F8 COo, vMiEde 4, 1A |
A ETS+= 635719 4k 7143 194709 ¥ AES 3. Ol% 71#& 201039 % 31.73
MtCOe€ W& or, ol A HA wEZFY 38%sE AA T A X
7122 g5 2ok (D Az #jEZe] 5,000 tCOxE == —5—}5 Aoko,g, A B 2
# o] 20,000 m*E 23t E FF UE = ddzo] 10,000 mME Z3she

Ao ETSl Felstrlz s 7e 84, 8 7% == AE.

A4 ETSE @9 $HE ZWeld 0Any Ao wet ¥ Rudth v AF HE
AHE A% /199 Ba AT AS TLT R A% BATA G A8 AR08 A B
P ST WA oy AFo] Ut PR A oY 4T Bal By BT AgE
o A-e WE AY o2 /WG ATE Fel4 oL PO 2 /e Ba YT B
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o] e 1990Th R EA9 Fa CO, MEAVE Atk BA ATel WEW FHe| WA &
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PFCs, SFe)7F 7141 tidoln, 6744 #& o 24d7t28 T¢ste 79T A ETSo|th

%74 ETSe 24 4% 9442 JMes & 399 29 wEe 7Ase, 44 ve, 87
AUA B3 FUE, YA 8 2 9Y FHY 5O 84F It BE FYFe RO
2 WEHAt £ 53 ETSE A Ad /bsd 333l d A9e Fol, 28ty /1Yol
A T E G 50% o4 BulskA RIHES sw gl

o =9 ETSCU1Y A8 F-37 5, 2017, 2019)
= 3= 12201549 ~201749)

MEdFad 24 g M3 Ao Al RS Sls 12020 247t 45 229 4

Ed ASEAY A5HdEe dHEeq e A58 90% v, AHWME AS5EC

20% Tt vz €7 FTFS ABFA673MTE)SHATE 2030 247~ 25 229(16.12)] &

& ANAEEHASM(1,673->1,6919 7)), wiE AHAO 77% TF<

Le91Rt=o] SR E . (17d27EA] miEF e 1669 RtE FEo|dth WAntA dd oA

AEFS A5 AHCE A, AHME, 3 Dol A e, iEd A= 74 3
oz 7 WEd AME AR dAsk A A dAe A AT =X7F AR

K
%)
QE
£
=
rt
=)
T
[11_?(_',
oft
o
T

. S 22120183~20201)

2030 2472 A= 2efi(18.7)] o A= SxujEel wel wiE &
HE AR e 76% FEd WE @9 FHLTERE) T 1,643 ES AL
g g AE dF Fiste] F 7 AFOIE + LA, el A, AAEA, HI=)ol thal &
et dAH o 67 FEEAE, 4, AE, FF, HVE, FIVIEHeE FESY €9, Al
SAHE AE2 AR g9 Al ZHEAAl ol =T kit sied AR Fe] SUkskl o,
AU 2 A A AAE SR M-S AR AL, WiEd dAdAY RS
sja=skr] ffsl ol The ol AR AT

ol
ot o
ofl of
&
wo [Z
:Qf o

QL
= 3
x 8

= 3o 32H2021d-)

o 229229 ETS(EDF, 2013; ICAP, 2024; Vohringer, 2012)

292 37 AR 7] xE 19854 37 B s (Protection of the Environment Act, PE Act) A
HAow, o]F 1995¢ 3 2003 AR AT 1999 & ol4tsta 4 wiE ZHSol
gt ¢ Ao Z CO, vlZE TFHECO; Acs APt o]=21d HtE2 2008-20124
B 1990 tiH] 8%°] 24Vt~ ZE: HREE FAY] A% nESAA &S oldste
= AAFAY. PER S #H7= A2 (CHY), &4 7F2=HFC, PFC, SFe), GHG A4 =

CO, ol99] 247t~ = =X E YA AY. COL 292 24712~ W&o 80%S E&3)
™, 201198 12€ /1A =E COH2 2020714 19901 thH] 20% 7H=(52.5 MtCO»Y=2 Ex=E HAY
o} 20099 7FE, 29129 HlEEe 9F 51.95 MtCOeZ HAA AT /MAE COHL 2013d@ 1€
1958 HEHAT. 292E 2008d 1€ 1d9 ETSE =ddon, ol iy, 4 34 2@ &
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$ A8 HAE&HE =7 CO; FEEe HAT + e &5 WrAUso=E AAHUS.

= 2912 122008 ~2012)

2008-20121d 71zt &<t CO, HEw A& i 7IdES F 7HA A9dAE 7o 1 CO; #
G2levy) S FE3AL, 2) AS5E Hu wWE 55X E ALFoZ HAS I dd wE dFHFS
ggtol ~9 2 ETSo| st CO, FEE<S WA= Wyoelth 2008d 3 2009+ CO,
o] CHF 12/tCO,% 2.1, 2010¥@ H-El= CHF 36/tCO,Z 2145 i th

CO; =3 A3 ETS+= 19999 COMel &3, & 201074 1990 tiv] CO, WiE%<
10% % %’S‘}h E3E AW3r] Y3 AAEHAG. COH-2 2008-20121d 7]7F 5<F 19901 whH] F
2 8% BEIATE 2929 WEAPA &S THH) AT T8 =TE A

LA WS
g3tk w3, A HA o)d 7]7H2008-20123) b viE dwro] o]Ydwt Aol FH-EHUT

>

= 292 22420131 d~2020%3)

2013-2020d 717+ &<, 2912+ 1990 vl 2020@71A] A7t~ WlEHS 20% HEShe=

S Atk o) FLE 19909 HEFY 527 MCOeolA o 105 MCOe® A5 o2 2
= Ae orath FAXd mEw COMEE B3 A 85 MCOe2 3] 7h5din, o] &
ETS= €93 0.8 MtCOse, CO2 HFEE2 A3t 2 MtCOee 4% &35 ARl ASZE YET
o1} o] 3] (Federal Counci)e =4 dAo] AR AL o 20% 7= 2Zx=2 A 30%7A 3k

N
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S
—
—
rL
—
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e
[>
f

[
t
H
wn
2
=
e

MAe EU ETS9he] B84 ol 2929 EU 444 b %

T A2HS A4 JbsAe P 292 ETSE 20204 193

B 34502 EU ETSS 945 0m, 292 Axde] 38 7195 EU ETSS $9@ W
vhsl A g,

i

AN

= 292 3xK2021 ~2030%)

20223 71, 2912 ETS& EU ETS¢ 54 83 7|&S A 83}

1 gtk T4 3F FEe
Aakere] 201420189 7% A% UMl Ak 15% o4 WMBE A% W 24" 5 Aok 29
ETSo| ¥3d 7|dELS EU ETSS] W&l S =4 5F o7 AL 4 9o, ¥gl& EU ETS 7]
YEE 292 ETSS ME8S A8 5 Atk 2eu ¥ Azde ¥EY AuE 53 298

o},

o #AMe] ETSEDF, 2015, Hanoteau and Talbot, 2019, ICAP, 2024)

A e Bojolq 7 we wa AR A4 A F U, ok F2 A4 7Hs oy
A, B3 +9 WA FH dre] U@ 27 F4 GRolth AL AUtk AA WEe] 114%
AR, LATke 5 AL AR MEFe] B R AFAAEUT 2011d JE, &

FEe AA 2472 w59 44.7%5 AA o, Y FE2 3L6%E AT

ofy it

20064, A= 7]

o
22
o
o

A& (Climate Change Action Plan, CCAP)E =<%3la] 2006-

_22_



MY £

20123 71700E =Zst= AAS APt 20083 4€, AL Ut mlFe) dBE R E(HEEE
FodiyERL, 2elg e, #4, Adgxyophor FAHE AFE 7]& o]y A H BE(Western
Climate Initiative, WCDell 7} &l X]OE‘ GHG wi&% =& 93 €488 ANFdSUH

Al

o

2012 12¢, #Ad L 20149 ot 2 Alz®lAe] AAE FHIEH] -‘Hsﬁ HiEANA 2209 73
S AR ANl ETSE 20139 1€ 190 A WA o8 7)7+e ZaH o= Azt 20134
9y, Ao Ay zol FFAYL A3 (Air Resources Board, ARB)$} A28l AAS 93 AL
A 20143 1€ 1Y, ﬂl‘ﬂ" A H oz AEEyote] ETS9 Al2ES AAZTH o] &%
FIPL FHjoA 7P & A AZS F4don, AR g2 I AY 3 gEEs 7Rk
2 YHE H=2 ETSE %7}‘*5’— ATH

rﬂl

A

= F: 121201313 ~2014'3)

A WA ol® s17ke] 27] WlE TR ATE AT 23.20 MICOeE AAHAT 20134, A
o] HlZES 82.6 MtCOeZE, ANYtt F vl&H 9 11.3%E XAk 20143 271 A9 ETS
2a9e 4y FEo 727 AMI UA A R FUYAE 2T FAYAE H5D

t ozl W AAZE ZHEAAL, NG A7k Aol MEA A Axde
Falrl2 Fold @ HTA Yol YAHA g ASE P

0 =

o)

=

off 2

A HA DAFE A AR DAZA, B @FEe T 7o ot AR FAT HE AL
F AR B FHEEE 71E @9 wet g8, #A BHEH wE f¥S VFe® ¢
2%tE ZF=(ntensity) 2%, 183 AU A<(assistance factonES £33z o2 183tk 20203
s E & FoFF ol FYo| w7HgHemissions-intensive and trade-exposed, EITE) F-&2] =]
© 100%= 2A=HA MEd Avle 3 HA DA RE L= AT

ke
rlr
e

= F: 22K20153~2017'3)

201593, =29 2§ Wy A4S 8357 S8 wiE ddol 65309 tCO2e® 7R

ok 20159 ol F, AMol 20209 GHG WM& 4% ZEE 4T + ASS NF 48 wd P
o 4%9] MEE FaHEZ MYHUAL T2ade A WAL AR 20, 53 24 UE &
FE Y $ES TYSHES FUHYt £F, AAts AFA 2L FTAAE T2I99 Iy

= F: 32H20181d~20203)

e g A3k 59.0 MtCO2e= AlAtste] AR oF 3.5%°] HIE=2 ZHaste] 2020ddd+=
I

547 MiCO2eo] ERalth. AZe e 2587 948 MEASL GHG W2 FolA o]
wsol @tk B4 SAelE 1 wMEd ol AuE e = Anve 45 FoE Fo uz
1 T, ) 7] 74E G AL 2008ERE 20119 Aolo] ol 2ol 7] AE2 el 45
@ =G AHg, 3 A ZAR AE: A el obd RF GHG 4% ZRAES S 85

& ) =AY g Aos EFET

= A 4220181 ~2020)
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2021, Bkt 247129 A5x4 ¥ (global warming potentlal) Aoz Q3 mE &
& ggko] 55.3 MtCO2e2 A% WHEY F71s &, A 2030@71A) A oF 22%% 4T
o Holt} o] ZraE= 2030 d7+A 44.1 MtCOe2] 3oz ojojd At 4 ﬂH dA A= A
A <r(assistance factors)7} ¥4 =2%9 HiE ZAEZ 7|Fo2 ZAFHUY. o] 71FE 4y R E
o] B4 FE AP S Al A FEoE: d3(ow): AY Al 90%, T IHmedium): X4 Al 95%,

5

E2(high): 1Y A4 100%°.2 73k
2.1.2. 71&€ ETSZEHS n¥E
o EU9] ETS(De Perthuis & Trotignon, 2014; Hintermann et al., 2016; Vollebergh & Brink, 2020)

1€71(2005-2007)¢] "3tF& T3 BF 271" A BA ol F, EUEI AR AAe] A 9
=7F & AgelA 3A1(2013-2020)01 A wid <F 3,800%F 7ol HE F=F FASEF EU H
o] RASIE ZZ o Multdel Ao galoz HAHo T HMAH Zlojth Agto] Ao wal A
A O 8R SRS AASE AL wdm MEd Ad 39 1 Fo@ aaolth B, @

2 AR 2008 917] GA] olgA] ZIE A 2Ee ZAag s FEFS T

EU ETSE EU Wold 34 98 Agow 3 Ba /148 A4s: 28 a4 =7l
Ba b VRS AY RES oluA Aekd A wel oy e =

olejtjol= e EU ETSE & B4 4 d¥geo] 20MWE =Fst= drlet 22
oJgith. ¥E Ag Wl UF wETe

A
%ﬂ‘?lx—iod A Aol & o vl orrh ok Aol

EU ETS®| 432 AlRto]l Aol whel EU WollA &4 oits A3l meh Zr|H o= &
2 e Fas EAIT AA=Z Ad 104 2 EU W &4 wiEde] Al FA= g4
skal ot EU ETS7F o]2fjt st FAlol o= A= 7P =A== oF4
71&e] WA S717F o] #oko| wWiEd Ao dEHolde 7FeAol Av. 12y EU ETS
= B4 FJod A vge w0, = AgdA dd =zl 95 A 2 g4
Hopd Z2AE e FA oo A7l ZIthA Wdtel] ZHd@e & Uk

i
N
N
o
B o

g4 T2 7S s AFo] BRI AY d AAT IUEY WiET SR & A9 W=
F AT 94 FE ddEe Age geiH, ol A" 84E Fdste AS o o)y
g &4 FE2 EURERE ol & AX=E9 HEEH 7|$ A= A4S fdel Ha
o H EU9 18 Y(Green Dead) Al¥-e 205003 A MA & &= wiEH AZE Z8F EU9
g4 WS o AT 2XE Jhste Ao S HolFUh olgd =¥Ss U& Z3lstr] 9
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Fe Fol Ay ¥ FES /AL oldW Ag W9 FFE DA FAY FAE A
A da AFY ZYe AL fFEde o, T 2AVt: EL EaFFoR FAstE H

Hlo] A& o
Ao gdFFe Solv AZHe AT, 1y AA &
A 2 olde

i, ¥a T8

il
2 o
N,
e
v
o
v}
e
)
ry
ok
1>
flo
=
i_:ﬂ
oot
B
=
T
ok
oft
o

Lo

ARANE Fa WS Yol A Axe u)
(COreqel BRHFEL Avle Fa) AU olHd Fdwel A% 7
20193 649 26971A 9 B 7140 1.25 =

AUl ASH AT olWA TelE BRLL 2018dolw T E4 BHoZW A & glo

W, ggegel Adt 443 AL,

FEolAe 20180l S wiEe] HEAS Fol7] 9l B 7HA Ao ol FofH. &I
o] 7S AzAS A, A ol s HulolEsty HwdEtA stk AEAA AA A
I} S AEE AHESts 2 Aol iR @9 HS A wWEF JgEE VIees dIEHIIT
B S AA g AR AF AxdAe] @9 viddde WAt HAe A& yobrt 2
< ol g vid ke 7= B A el tie A o] o] Fo R olH I A= BT
of &g wiEe AL IS FEAI7] AR Aot

AW B ME 4ES F05T AL AP ATs AN 2 AT S F45E d 2A )

ot

o ¥=9] ETSC1 8 A4 5~ 5, 2019)

Z7F A7 A5 22 dEste] HWiE €% FEe 948 99 2o e 99 %
<= [2030 £47t= 2= 2Ef] o A=W SuujEded wel dAste dZ4< 45 f5. W
SAAYA &7 dA] wWEF Skl Ui 24 5 HJrhh uEd @=e] AAn 71E2 EU
of Hlsl ¥t EUs ¢ 34 49 10% =] WiEidgs 7I1Eos A AsE 24s=
W, elvetes FE ShEe A8sta vk 2019958 FE4EEE 3%E Algsid oy, os
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ANE 7ls BA3E 2487 Al A3AY HoE sk, AR FrEAd FERE AR =AE
A

HsloF . =3 A AEAY AES E<U(on-exchange futures trading system)s}

K
X
=
[-40
=

HHE ATFoZA WS AYE DY Bas} k. HE A A% IS0 2F ol
WET A2 @9 shde ha) v #eld & A A ole BAHo= AR AE
e oz, AF Ao delaAT A Do) wH AR Fo] o] 2ol

25712 AR FThol U Ao AW L AHse WEF By B A2 Az
He molol @tk A 28 9EW AE/]E HUAES WEI MEIOEN sl& ALy 7
% =AE AL Ed §A94 JAS WA g8 T 9RAY gEAAe) gauEa A
go] e AR Wrh @ AR edol WaPUT =R, FA AAIAN ARHE 9] 2E

o 229 2~9] ETS(Narassimhan et al 2018; Vohringer, 2012)

292 ETS 223382 F2 AA 271 Fol {84 FFolgte Ao AdHs] ok 2016

d 1€, 292 ZRe 292 ETSE EU ETS A3 dAEZ ded. + WA Ad 7t &
Qb 2912 ETS= EU ETS9F 5¢% &5 & Adsiy ARAE S Aot 292 ETsSe W<
A3ko] 53 MMTCOseo] B33t 2o AZo= EU ETS9e] AAZRE A3d3d dugs we 5o
2 7ldgyth o8 5% 71E K854 EAES 43 H 19T Aoeg BATh ®I, &
A2 719 €] ¥4 FZ(carbon leakage) % ﬁxﬁa °HE ZolE Ao oAHL} o= 29~
FZ9 60%, U] 78%7F EU A H3} AfEo] 9l7] wfjioltt.

o #AWe] ETS(EDF, 2015; Narassimhan et al 2018; Hanoteau and Talbot, 2019)

AW B4 A AAl= EU ETSolA #2d EAF SN A IS Wsko 24, 714 #
AN 22 g2 ZAE BASH] 9 AE mAYSF] A" SREAT. F2 24 T 8
e Ao dujsEs wEdd H& 7S F3E Aotk 20139 1249, o] b4 shekx
CAD $10.752 dAHNem whd 5% Srlet=s AN, o AAUSES &4 714 |
< E0]a AFe] e BATT FAAA A 22 Haster] A AW A T
AU B 5 e WEde] s £ 50, o' wEAE Aol AL s
g &AL 25% o1 FE A5 F |tk

o

JFU -111

A AET AzY RRANE 25 /57 ABHo|Th ot AM We) o 9% A4
b U, B3] 4 el ofs) FFH7 WEIT wlehd L7l HE wEL 22 £F
)

sl WAL Yok AUl AA AxRe £ HES TPV Fa WE HELS
of g3 m@aE, uld %K ABEE 4Y HYOE JUW 8P EHE RelzEth AY =
2 8 o]% 7“Hdouble counting)& W7 98 A EYole} AWML TE AA WEA F2E
g FHAT MEA L P WEAe) AR BRI A AF3 dolE FFYL AR 4
98 AAPAE FENJG 7HA AL FAH] A3 Hx AEe F AY F o x4

[e]
(M= €82 e 7|Eo 2 AAEH
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Yol Al2=gl#e] dAlE wiEd HI2AES 5924 AW 4Fgk-A g (cap-and-trade)
TRS A NN AW A-AY Al2"e] FE HHE AEE dA FEUAS

#. 21 7]1¥ ETS vAYE a9k

H =
ST - o
| Az EA | T T Y
AHZHMtCOy)
2005
« 13k 2005 - 2007 5o
) ‘Hﬁ = oo ) ] 2,096 (2005)
EU o 2%} 2008 - 2012 iy A, | B @A utR); Ao g9 1386 (2024)
.« 33 2012 - 2020 PR :
. 47 2021 -
- =} &2 (Grandfathering,
Fel |, e ;;;]ui ]‘;( rancaniere 324 (2014)
= 1l W (e}
Za B, 180 (2022)
2013
B, e 1z 2013 - 2015 =24 & 388 (2013)
z2 « 231 2016 - 2020 A9 297 (2023)
. 33 2021 -
]:H o X]’ %&_, 7":]_‘:',
LT P or = ~44 (2022)
= A, e
a7, i
A
Z=a 2013 e 74 & H(Grandfathering, 74 oz
A =F il 2] v});
o,
L A | AW e 28 (2023)
= e
= ©
. 2013 _HL’ =
3l gF, %,
SV 12 2013 - 2015 an e 100 (2022)
<5 -1. _ U=, F N
23} 2016 e
=3
o o013 2+ 78.39 (2020)
==
2013 e, ANE, | .
} 3o} hi
] . 12k 2013 - 2014 s gz, | 8 &9 (Grandrathering, 540.1 (2015)
kil 23k 2015 - 2017 o am | AT 567.1 (2024)
d : - «—3%, A=, - .
. 33 2018 - 2020 wep, mey | O ES
2008
9] 2 e 1x}: 2008 - 2013 =4 I, T (A nlA); 5.6 (2013)
T | e 23k 2013 - 2020 A, HE | A g9 4.4 (2024)
33 2021 - 2030
2013
. e 13 2013 - 2014 R I 259 G015
‘\1_#_, 1l 5 1__7( N .
’ " 2%k 2005 - 2007 M;;l Zﬂz ;71 @J; ) 51.6 (2024)
o
AR 1L 54 2018 - 2020 R ° :
o 43 2021 - 2023
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2.2. ETS 713 9=

g 7HA e AAE dS WS IA 71E A A sHconventional econometric) ¥, 7] A1}
<%(machine learning) @ <13& A s (artificial intelligence) ¥, €% =d(mixed model) 5 A 7}A
frdos EFATH(Wang et al, 2022). 71& AFHEAT 222 HF 3| 7(learning regression) =
g, o< o5 HF(simple average model) EHE, 3 o]F ¥ f(integrated moving average,
ARIMA) =4, Holt-Winters 3, Kalman ZE So] E3dt} o33 mde 2 go] 71dsta 7]
&2 07 Asgo] YAN, 5o AHErt AR oln Yukzog MNP AN ES RAF F
A= HolE7F Easitt

O

3 2de §99 2de U HE HAe 84AE Afst JE 2l dAE EHFHS
2 fdsta 52 dF ALEE AT 212y oldd mde FxrF EFeta 4wk A4
QT AEFS FHlEtE AgFo] Yt VAES 9 ETA % wWHe A4 Eg(decision tree, DT),
MEE ”—“1151 o] Al (support vector machine, SVM), & (boosting), #H EH]*E(random forest

t
2

(3
=
o
]
>
)
8

(artifical neural network, ANN) =2 So| z3dt=Ht} o]z gk

= Cﬁl%—%}% E] gesty w2 dF A= dude AT

=J
&
-0,
o
oa

Skh=1S A|9)star, ETeF T2 Aol tigh 2 AFdAsE 719 WHARMA 3) il H
Al Hyeol 1F WHe ALste] ETSe 71ALS o235l QUHE. 4.1). 2 AFoq s 9uA
7v4,

AA W%, g A%, BHAY AF %91 U featwree THFAT 712 Mo AL,
):]

No =7} g8 W4 == feature g4 vd H 2
* ARIMA Zhu
e LSSVM(Least Squares Support Vector and
o 2k H"bAl o
1| #9 el RAETSS) 27 elole) PN Wi
+  ARIMA+LSSVM 2013
o oY= 7}4: Brent 9, HA7I~
A9, Mek
o DAX A 5Y ZHIAFEZE F4 |, FENN
5 | o A ael FFdE 30 F8 =Y 7] (Feedforward Neural Network, ANN) E;?h;)i
T Ao =7} A% + DT(Decision Tree) 9
. S&P %% 01]1:1 X] X] ‘{[:: /H] 7:” Zl,] E_E * RF(Random Forest)
A oA #HE Adol FHost=
070 71 o= #+48 AF
* ARIMA Zhang
5 | oa 374 ] 4=(Financial Index) « Random Forest(RF) and
e A7 7H4: Aerte, A, e * XGBoost Wen
» SVR(Support Vector Regression) 2022
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LSTM
TCN-Seq2Seq

o olUA AR, AETh, A

- Naive
° 7;] ; ﬂ [e] = =
Al Ax(EFE, F7HAF) QTCN(Quasi Temporal Convolutional
o A BA& AREU B & 744, 74 Network) Cao et
4 | 2 3ol A= w2 712) DeepAR al,
« B3 20ET 712, AQ) QLST™ 2023
LSSVM
. Zo] 7ZrAESAE Qol(AA A
EH'(S‘“] T eE S 46 8 ( X‘“ S BPNNRF
B Uy, AGIA g
g G o - SVR(Support Vector Regression) )

5 gj];s] (Hubed) A 7H4 oy : A, AA7ks MLP (Multi-Layer Perceptron) 1;11 ;(t)z
;'_ = ’ X EH RNN (Recurrent Neural Network) B
34-%(Guangdong) = & 2

LSTM (Long Short-Term Memory)
23 ol ARIVA(Z7] 2d) 0
e , ong
. CEEMDAN-CNN-LSTM
6 | 43}o](Shanghai), i AI(ETSe] A dHlolH) 4 et al.,
33 A -%-(Guangzhou) Multi-CNN-LSTM 2023
Lp-CNN-LSTM
+ GDP A&
« EU o A 714: oil, coal SSA(Singular Spectrum Analysis)
« v o] A Beijing) « Term spread(?t7] ~2=Zg =) SVR
o |+ stolshanghal |+ CSI300Re(CSI 300 A+271 £18) ;ffVR Z{lafllg
N et al,
« #%(Guangdong) |+ COVID_CN(F=9 MEZL FIAZ |, opoost 2023b
* A#(Shenzhen) ) LSTM
o & o](Hubei) o COVID_EU(EE 43te] Az& 3z RNN(Recurrent Neural Network)
2 )
o oYA 7}4: A (Crude Oil WTI
A & Futures, COWTIF), A7k MLR(Multiple Linear Regression) Shahza
g | 7HA(Carbon (Natural Gas Futures, NGF) SVR det
Emission Futures, « Dow Jones o= A=A $(DGCE) ANN al.,
2023
CEF)  Dow Jones W AFAT LT
(DGCHO)
MLR(Multiple Linear Regression Model) Kim et
9 | 3= St Wl EE @9 ARIMA(Auto Regressive Integrated Moving | al.,
Average) 2022
o O|AFEA B 4
il - Kim et
9o A& = 7_:1| p=R=

10 | &= o AA HHE Nordhause] £ W b4 al,,

] ARIMA 2014
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2] = AlA
‘S‘}E Aolth. &, F WA AR e Aded JF Wl 7] }04 ETS 714 sid
3 HAled 2ds A83. o
Aets Hel= &89t

HIZSHAA HME X 2 £
Bsewnnesss grmrre Qe
AE Hlm 2N 53 = :

=
= i)
AN gl A3 £ Y — + Bibliometric 24
— T =
HE74M el o AlZizt HrEH
Y| HSA S sle st 7 »
e 7| AIStE S €8¢ L GjojEf £% i oy
HiZ#7t ol % 2 4
g EAUTHE g eE A~ HolH | |71H3ts
Bt

*Bibliometric 24(AE MXISH 24) . =2 X Mt 22 HES0| Ui SA4H 24

09 31 AR % AT Y M.

E % g Ad NI BN 59 IAY P23 22

=x

H2E B4 F RFEO=E Uy Xgdnk D 73 F3E =29 92E §£4, 2) ETS9 #
de FAY AF WstE FriReR 437 93 4 B Rdde 83 H2E 4.
A =E& “Web of Science” ¢} “OpenAlex API® ©o]Ejs]o] 204 “emissions trading system*
olgt= AMolE ARESt FHEN. A A3t 9F #d 8ol2 HIFHA FEF Ldubxd A
Aol g ALggY =3 H2E B4 Axs ETS9 #dEE 93 249 AAste AEE o o)

}.
11,000 o]Ate] =Fo] =&l om, “title”, “keywords® @ “abstract® A o] FZEHU} ©
2E =F9 J1Y=E "HHI F WordCloud 71H& ARg3}1<

7zt doleo] M E BAFTh FrpH o, Y= “policy” st “market“c] TIH =EEE TEHHY
3 & oAl WordCloud 235 AA3th WordCloud= HIAE Hl2~E HolHE E43l7] 93 o)
EH 7o g, A Ao sE dAgd d2EE &83i(ung et al, 2023). 3 W=7}
E2 Tole O & SAE ZAHY, 7 dols AR & AR RdEY. o, 23 W=V}
E2 Wole £ TRE EE 52 WAEE Uee R Fdn. E4o oA AR AL}
22 54 dole FAYOE AgHEHT

T RA @AM = ETSS #d" FA4 FFY WsE Ayl 98 54 B 24
(Dynamic Topic Modeling, DTM)& &&3F g 2E RS
A4S B3ty FAY £ JdeE VIHoE, M F23 J|E F s AA ddEd @
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(Latent Dirichlet Allocation, LDA)e] tHGuillén-Pacho et al., 2024). LDAE= tlg] &3 EX ¢} ¢t
XE ZEsE g5 WA HEZHS UEY. LDA €183 kg o7 s on, 1
sty DTMo|thBlei & Lafferty, 2006). DTM2 7} Al7F @982 E Ao LDAE &3l FA
WS AlZto] whet 33k

o of

ol B A= “keywords® T4l “abstract® AA-S AEst O AFEAHQD QAAIEE AlFgH
. 389 dole If WAL FAL BAR AGdEY, FrrH o R §EF E8-of(stopwords)w T2t
Ho = AdEnt xS, EY & H2EZ A, Al 7HA Ego] ¢ & AWES AFste A
o2 Yeiygth AZF He s 20079 o] %o WiEH =EOoE AFsiH, A 1HAL2 1d 9=
ARt 28y I AR HYE st Ades 2R S R AVE A7 10d 39 E Y
Fol AAgt. Z B9y g AEE WordCloud2 Al Zks}ste] on] 9l A3E =&3T)

32. 1ASES BT MEAHE A5 L 54 WFE WA 9T B}
A ATl U 714 R AFAAA W5E e 4 W

Y BdE ETS /M4 d3sigeh B 479 78 age

EFPhs oItk o]P3 WMedE WMED a;}o%t A gk ol B A W #

4 G mE 6 @), 44 2A9 W Sol £FAL =W B AFE Aol S(transfer

Wd 29e tE A9 ETS 442 dEstn Brhsts o AL

Ol
i
1

9
o
=
B
=
Q
Y
ry
o %
it
Obo
o
ol
2
Fot

2 Fds 18T W, 948 WFe 7 UM IFeE EREKE 3D D X934 a<ldocal
factors)¥} 2) =2 Q<l(global factors). A S92 221e ZF ETS A ¥ 54 =1S
2Y 9L AZ OE A9 ETS Ax=gS d4dste MR AHRET A9 aclde 197
GDP, $t&3 22 ASAAA W, 713, 8 oA AWd ETS wWAYFol 2338 vk,
=29 gclde AR, Ad, AA7t=e 22 oA 7HAo] x3EY. F3F HolHE AMEStE
Z, 49 W dA ETS 714 dSo oz 3A == old AAYE = 19
&l Alzklag) 54 Ao Hasith @r1dQl 4 HEHEs T8 ZASHHA

| 93

EgskA @71 sl Olﬁ 4= Eﬂ olHE YEtW= AR % 45 /‘*Eﬂﬁf}ﬂr(ﬁ 3.2). 71Xt ETS A

:_
o
=
A
i

Q
=
o
)
Lo

Al T8 JAEFESE F /A AR U 7 JdHa™ 32): D s AAHF 2) Mol
St #A4. &9 HAFo| A= CatBoost 37 =S AFR3Ee] 7]1E ETS: EU, 292, A= do]E,
23] d¥ EAL e g ETS 714 S sh53it) CatBoosts= AalA, 9wrsl 59, tokdk 43
o HolHE Agd F v TEHOE & 483 F4dE IUHJE B2 AER Eg ¢ag
Zo]th(Friedman, 2001; Bhati & Khari, 2021; Dorogush et al., 2018). CatBoostx= 93+ =g
slol MFY dHolHE A AT F v Y wiEd A=A ckAbdullah & Said, 2023).
CatBoost 3]#1€ <3l Python zfelX g7} AF&H tHProkhorenkova et al., 2018). A|AIE HlolH
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als
Fot
e
ok
e

(train), 7 =(validation), B|=E(test) Hlo]g M E=Z 70:20:10 ¥]&=2 E&3. o]+
Aol A 37 FHoverfitting) 2 4 A F(underfitting) 9] 7HeA S E017] 98] 32 3.3).

EU, Switzerland, -
1= Unit <t B
Quebec
A&k Brent UK USsD2024/ : =
- 1=
crude oil ton Investing.com (_Vr(/eekly)
g_o
A X t o]
SIRE P < Rotterdam coal | USD2024/ .
7} price bbl Investing.com 24744
(=43
829l
lobal
A9 7bes UK NBP | USD20245 F nyesting com Facton)
=
(Weekly)
A e
o7 o] E
Chnul 519 USD2024 | Investin, it
R = g.com
Mt =7 E =
Eh (2% %]
291, local
factor)
o]
(fHeature) 1915 GDP | - - UsD2024 World Bank; IMF
International Carbon Action
7| (phase) # Partnership (ICAP)
ETS 71t 2 71 4
Fz} W & (cumulative | & -
week)
s}T} 2k
%% © MtCOz-eq =
} (Weekly)
st Free e
shoy wpa) ?‘%)’catlon g o]
Auction (%) ) .
ETS International Carbon Action
AU S Partnership (ICAP)
o] 9 "
(Banking) ’
SRk
4] »
(Borrowing) | ”
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&4 %
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EU:
tradingeconomics.co | KRX
UsD2024/ m/commodity/carbon (uﬁ EXA

E} ETS 7124 _
A tCO2-eq Switzerland and Zéli——‘?i
Quebec:
ICAP
. 3.2. do]H Y=-(window).
Y W9} lag A3t 122\
R =t
e 1219 GDP Xw-4, Xw-3, Xw-2, Xw-1
o 3h&
o, o ETSw-o
ETSH AU = Xw-0

o1 Hjo|f N ETsaiFos
EU EU

EU, Swiss , Quebec

25 H0| & (Transfer learning)

EU, Swiss , Quebec ETS 714 0| =2 ¢l SHE 222 ME3H0 ¢t ETS 714 0| &
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No
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1 cumulative_week 42.992 cumulative_week 53.751
2 allowance_cap 8.978 allocation_free 9.842
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4 lag_-3_GDP_percap 7.808 allocation_auction 6.307
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CatBoost =w& WMF3F EAS  Gradient Boosting el Zds=2  sEE
(Prokhorenkova et al., 2018). Gradient Boosting2 Z#HAE 73 (Gradient Descent)d 2
(Boosting)S Agtste] 7/Hdd =3 wAey 7IHo=m, gt A5 AgddA HAHE e
433t} (Friedman, 2001; Natekin & Knoll, 2013). Gradient Boosting®] 7} d& Alg=+ +&
qAatAAR ERE 7E dF7E AMEste WA olth AEA Ere WA oE =AY 54

AgatA Rt B2 volHAd s HFd 54 =2dH= 497 2o

Gradient Boosting 71&<& A= st w4 waldy 7|Hoez 48 & 2 o &8 & ¢ 9
A% {25 9,).i = 1,...,n°] BRI} Gradient Boosting & &4 < Ly, F)7F FARES o), I=¢
FOF, . F, . F"9 AFS wtgzos A s HE 34 APtk A4 &4 §5& -
ARl o 29 3oy, & WA T FUL g E FAHSE BAE YERdh g, FAAE A
s WS = O2 g5 0T B ol &4 49 Vuas HAassts Aot

W = argminL(y, F');he H
He 338 718 gAZ2Ad EfE Hristes FR HFoith &4 49 7uge F 9
e NFEe g g Zo] Yeid 4 9t

L(y,FHl) :L(y,Ft+ ht+1)

CatBoost E®3 IPUIJE HF2=®e] 2 7bx Aol v=3 2o (Hancock &
Khoshgoftaar 2020; Prokhorenkova et al, 2018). 8 ®H4E A3ty A% 3 712 AHFe
Ordered Target Statistic (Ordered TS)2.2 <& Al BAE A&st= Aokt ol WFY #
< Y-8 AFPE AEEA &g w AFPEE WHoeE F8H Ordered TS A4kl A 7H3
Fa Mde &4 dolEAH H2=E bolHAl te T 7WkSs Foh. Gradient Boosting
Decision Tree (GBDT)E &#sta H7tetr] fla AHE 7Hsd EE HlolHE D DE Aot} o]
% ¥% dolHe Decision Tree »'"' & stgetes o AMSEHI, Udx dRe &4 I
Ly F'+ 1" )E Axgs7] A8 o' 2e © A48tk CatBoost: HOHE @Y ¢d=
Hjx)et, o] =gl k-HA 24 o]de dHeoly I TES D, E oIt D,E Decision
dale o AHgEH, AA dolHAl D = &4 d4E JideEE T & H
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Yol 9% W 1, 1%A &S of 002 HAHT o g
st H FAARJ 9&& 3, B2l F=(target leakage)<
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o|F AgoHx A&t} Fast scorer2 93] CatBoost: 713 <=7]& oblivious trees(x#d E
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13 Al CatBoost ¢1rg]&e] F+Z(Huang et al., 2019).
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