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g2HojERto|A Mula AFAATE FEAGANA AEs ETFE £8 FAtde= a
Atk oA ¥ ETF7} 43153 YA ETF g de]el] &3 AT 5L o|fAA] ¥ e AH
oty £ A7 WA 727 WeE Wds ETF <4343 ETF 33229 F718kt)
4% AS55AZ 2445, GARCHS} rl23z IHA3 GARCHEH O] X4938e A2 v
Bl it} 53] 23 FuUd% GARCHE o] GARCHEF] vla) 2 whgg Hyw
o} IS HHo]7] ufe] nfziz FUHAE GARCHE P o] GARCHE | Hl3)] &
o ETF VaRel| 412 4 9t

Fogol: zuoltrlolA, vi2ns FNAW, WA 7=, ARASHE, A6,

gl

AA LRE FXpAL} ABATES G2 2 ARbEE] AMRIAE AlFshe A AlA 2R =nto]A
(robo-advisor)2] &8A}4F (assets under management; AUM)o] 201632 oF 3422 Yol|A 20203
ok 25002 Q0® AR 68% Z7FE Ao AWeta Ut} (Kearney, 2015). FA 4+ (Charles
Schwab), HIEJHE (Betterment)E& X33t v]= ZHoJEutolA] XMu|AE AFee Al EE 8
= 2Hoj=ulo|A AulA AT AT FEAZANA AdE e AR THE (exchange traded fund;
ETF)E #9 ez F3la k. ETFE= 2] (equity), A@ (fixed income), FAJAE
(derivatives), YA (commodity) 522 FX} vl27l (basket)S FA3IAL, olE ZAZ L=+
7o E Agad e ol FAXH AdE = F54EFIth

ZHoluuto|A AulA AFFAEe] ETFO &2 §A8h= ot E-fstal e ME 4559
I a3 E A B3R A3 A Stk A, 22 A AR 4 e AL EE gyt
AAH vl Fe g wEelth. 0.3%S] AAZE = It $43 2] ETF= 359 43
7] wjoll AMAIZE itk o|AF ETF7F €/43= 1 YA ETF $1@&] (risk management)ol %
S FHATLEL o|FAA & = AdEfoltt

71€ ETFO| gt AATEE+ Kim 5 (2016)9] ZH oj=upolx] 4y &A33lE A =
ETFAAS wbd 938k Kim (2013)9] ETF AR EF 5 ETFY IAAE, -9 a4, AR
o, AP ] gk Atse] Stk Z#u o] ETF HAAIE, APSEH B3Fs &9 Aol
S AAAA Foll Be AFE ol AEAQN ETF ARE 7|V g sk AFA77 Basith. 93
A ## GARCH-VaRo] o] &3t 7|&£=E 02 Cho (2004), Lee$} Moon (2005), Son (2008)5-°] $)

1(14028) A7 QFFAl WO Mg = 3794 22, S Stn HRFA S, o
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A Bg FAASY DEFEARE AHEHAT B AToNN oW By o] BTF 8547980
2ol §-837HE B7h RSt Bk

£ QA thash o) FAssIch A 1) Al ol Al 2400 BTF 834 9 4%
o B8 7o AFBYH A9E ANGLL, A SN ASLALAE ANRA. ooz
A 48N B A7 2of B ARE AT,

2. o278 wiF ¢ A+
2.1. o3 w7
2.1.1. Value at risk
AFeGAL, 2, FAN, HEA 5 F§71BE0] Age2aE 37 - B A g

Value-at-Risk (VaR)E= A4l A% (normal market) o] 3hof| A ~,—01 A AlF 4% (confidence
level) 22 E£3& 7|7} (target period) 5 <k EAE = 9= HulAF Y (maximum loss) o]tk

VaR,
/ fe(r)dr = p. (2.1)

VaRt SATHR] APESHAE SFAH ETF 7Hx]9] WshtS G5 reeta, fi(r)E &9
9 BEAs ) g o, 100(1 — p)% AlE)4Z (confidence level)oll A Fol EEH{7)17H5<F
9] VaR= ETF9| £4do] VaRHET} & &F p7} FA dh= gholi, o] & AF 4= (confidence level)
100(1 — p)%ol Aol VaRel At 4 (2.2)3} Zo] Akt (Lee ¢} Park, 2011).

VaRioo(—py% = —Valuer x 2z, x oy x VT. (2.2)

j
N
-~
+ 3
off
O
=
—
[an)
=2
—
I
=
X
o
>
jﬂ

& ( S A AT £ et A2 VaRoltt 149 744
Valuet7 A= (conﬁdence level)oﬂ ALt BEAYHFEE (standard normal distribution)2] +
AZEE Y (cumulative distribution function) gl t-33= 2, t2o] +4H 74 JEL] A2}
0] Folt} (Lee £ Park, 2011).

2.2. A7 1Y

¥ AL ETF VaR& 285)7] 915 Lutshal 217]317) 2235 o844 29 (generalized
autoRegressive conditional heteroskedasticity; GARCH) ¥} vf2 3= =2 H A duisld 2734 =
A o] B4 (Markov regime wwitching GARCH; uf2 3= =W A% GARCH) 23&

2.2.1. 4uizlE 273 2AR
A2te] B2l e} MBS WS
A

ditional heteroskedasticity)2] A _._3§§}6]-7] —,—]éﬁ Bollerslev (1982)+= A|&2 WHEAS SE3
13& 4 = GARCH 23S A|¢Hth. GARCH (p, )9 ZAREMN 282 tpa3 2t} (Leed}

Chun, 2016).
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P q
ol =w+ Zaief,i + Zﬂjaf,j. (2.3)
i=1 j=1
B Apeae ARHo® de 2ol GARCH (1, )EFE AHERon oo et 232 o9}
Fda=
ye = 0wz, 2~ N(0,1),
o7 = wtoie_, +fioi,
€ = Ut§t7 €t|<t—1 ~ N(0,0’?) (24)
2.2.2. VI FHAL YsHA A71EH ZAN A4 2

GARCH 232
Zof wids 4 9l
ghalth 2 Aol %
& GARCH (1,1) 23S AR&gith. Wsdo] &8 Aol w2 Ao met e e s He
GARCHE & nf23zx

Y = OtZt, Rt "~ N(O 1)

o_t2(state) — w(state)

+o (state) 2 +5(state) 2(state)
o = oG, @l ~N(0,07). (2.5)
714 stater= WA 0] W& AE (state = 1)<} AT o] =& FH (state = 2)E HERAH, tA R

o AR B A (¢t — 1) AElF R (state path) & AR Bt o8] ZA=EW, A (¢t - 1)=
o] o gy A tAAY] ZAR BAL Az AefA 2] 9E8t) (Juri, 2005;

[
lo
=
[
o)
>
o
=
1o
i

Klaassen, 2002).

2.3. A7 2P AE HF

ETF VaRE A3 S43= A2 ETF 8 &8 (risk management)ol|A 523 Aot} o]
o] ETF VaRE 2] A% ASES H7Pel= WHoZ fUkE (violation ratio; VR)S AT 4 9l
SuLgol Aol ET 2 RHE Bo) AT VaRE vl Eoto] 42T VaR 2952
42 e vlgo|tl. ETFET VaRe] AFE A% (back testing)S 3 o3} 22 AF7MA (Hp)&
99 (S 44 5 Sk

—

N N
HO—?7 Hl—?#a (26)
N& VaR 2352 o|FEXE (binomial distribution) & w2+ FEWHo|, T FTE] F7]9]
th AT (Ho)2 HFEHS VaRE S4517] 93] AR 5 a2 AA #A3 Avker} o

Qo7] WOl AR VaR 2L 7157140] 717 HAE 9 Bk (Jeon, 2013).
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(binomial distri-

2 ATolAE VaR 2Y ALALE 2537 S8l VaR ZAgEe] o|gRE
A% AvelA 2%

bution)ol|A] =P Ao g WA= 7P 7]123% 39 (Kupiee, 1995)9]

(unconditional coverage test)& ©]-&3\Cc}.

LRuc = 2in ((T TN)T_N (]}’)N> —2in (1 - @)™V a") ~ x (2.7)

$=v] A% FAF (likelihood ratio; LR)& F95F a9} AA dAS u-g (VR)o] Ix|grhe=
AF7H2 (Ho) 3tollA A% (degrees of freedom) 7} 191 ZFo]AlF-E3E (chi-squared distribution)&
w2ttt 954 44 FA% (LR)¢] o] AF7H (Ho)= AR A=A F9&E (p — value)S &
o froleEo] #9432 vdel Jow MY RPL AR EE 7122 VaR Aol A5 Y]
o 2 & 9T, HOBE] folsEol ol ARAEE A2 VaRZH A3 2 ole} HA
& 4= 9t} (Jeon, 2013).

Fu]o (Kupiec, 1995)2] F2AF AW 2]A] A7 (unconditional coverage test)¥ H&Eo] =74

A7 (independent test) - VaREHo] #e F) - 9] ABAT (Cho, 2004) 5] ApAI3HA 2%
Hol glone & dialds 20T 49U sl SR YL A 2L T 29 Vi)
AR5 EL ul@Bte] 2T VaR ZIPBASe] AE SYHAA AR5 etk ZFUAE]

=g #o)x] £5td, A3 shE (pattern)o] EAFTI A 5= 9k o] F
bution) & W2+ VaR 23 AA| 7|7kl AA4 124 A= S 27
VaR Z3p2Aie] 58 2¢ VaREF o A7t Agsicta & gich
npRjto g R AR AR AATADI 5948 A AT T3 % (joint test) 77857
g AR A5} 29 Fo|AFEEZE JIXBEE 5% 395ZoM 2] AAZL 5.990]F 1% %

—Er_::_ (binomial distri-
=

staz 171 wizell,

o FEAM YA 9210tk BF A4 BAFH QA ©EE B VaREHo) ARA BYL
FEE 4 k.

= x
3. ASEA

3.1. Agze] 74 9 7128AF

H AT A ARE BEAAEE 2006 692 27Y5E 20169 129 299714 = A & MEE AR5
(index)&} o] A5=9] G $ES FH T A4S 283 A9l BAR] =R ETFY ¢
ZPAEZEA] (net asset value; NAV) o]t} Table 3.1014 EAxg 2] W & Ut F, 59

N Bl HEo et 7|2 F A TS AAsHTh

[
=

Table 3.1 Statistic summary

index ETFa ETFgp
mean 0.000333 0.000330 0.000333
median 0.000567 0.000506 0.000532
max 0.131352 0.129961 0.130829
min -0.150663 -0.148974 -0.149921
s.d. 0.017784 0.017658 0.017734
skewness -0.338266 -0.332963 -0.339144

kurtosis 6.357174 6.265761 6.329278
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o8 Sk 29 GO, ol R FT Aol ek 7hs o] FFEERT &2 9]
331, A7k 7 (leptokurtic) o] PP HYORA] ol IV QAT WSt A7 F2E L
& gt

= Zlolth o] oA 74 Y
A7 (unconditional coverage
B23&o| ETF VaR &3 7}

2
£ Q7+ ETF VaR 2740l 9o} ¥ 744 299 4312 vl 245
ZHE VaR 54 235 55310, dollA =93 F2 A8 A X
test), =HA AA (independent test) 12|31 A3t HAA SHA ofE
A3rsl2 Boisie).
Figure 3.190|4 Z} =852 o| B4 B3] A=A A EAA ¥HE
e HojFa itk v MEZEIRZIA] AR F891717F 24 2007d 89 16Y7} 2008
29 F897] (global financial crisis) 7|7} 5o WSAlo] Ton, I 0|59 WMEZAL oA AlglE
S5ec} 20110 A Tela0] PAZELR ARR G2 ARSI A5 HE el FoRE AL
glg 4~ St} tlEo] GARCHS} nf2 32 JHAE GARCHEZ| 93t VaRe| W5Fo] (AlZSF
= 95%, 99%) 27}, Ad¥Edo] d¥VaRE 2Hshe Aujddo] Hof wlaF VaR7t £4E& & 54
3k Zlog Holth
23 VaR A3 v2E 93 AMEAS (back test)2 41242 (confidence level) 95% VaR 2} A=
TF 99% VaRell disiA 3ttt WA AkeS el Aol2 Ag4S 371E = Aok @
A A FE 99%E VaRE AASHATHE 10092] A 5 AA £4o] VaRE Z2F3h= 3471 19
(= 100*1%) A=o] VaRE F3 ETF Y& &el7} olv oy & 4 k.

A AZ (volatility clustering) &

Table 3.2 Comparison of the violation ratio

confidence level VaRg.95 VaRo.99
method index ETFa ETFp index ETFA ETFp
GARCH 0.9996155 0.9996155 1.014994 1.768551 1.730104 1.768551
Markov-GARCH 1.05 34411.04575 21.06882 1.53787 1.691657 1.53787

Table 3.201 A A1Z5+F 95%2] VaRe] Auba 9l $jukgo] oF 102 AF5E 99% R} e %HP%
< B3t fukgol 1E"4’ 2 4 932 Hoh @A A5, Yuge] 11Xt L A 932
A A% Aolth. o2 ETFO Ut ZF B3 VaR £H AHE 4B KRR} ETF48 ETFp7t ’:_]
BoE 95%2] VaRe] fukgolx+ A th2A] ATk AF 5 99%E A4FeE VaRe] WHE A%,
GARCHEH| v|af vf23=z HAE GARCHEHo| & ¥ % 455 Bt 2= 4l
99%2] mf=Fx ZHAS GARCHRE o] a8 Bz EXo FEL aE 7 TASt 9ot

Table 3.32 23} AlF 4= 7F VaR SAH| R E 9ot F2AF AW e]A] A (unconditional cov-
erage test)3¥ Bl&E0] 54 AS (independent test) FAFL] AArAF}o|t). FRAR AWelA] ¢
=¥ A4 A% (LRuc)°l AF7H (Ho)& AABH: A=A FIEE (p — value)S B3 F21F
o] f94% nluke] oW, MY RPL AR (Ho)S 7|78tz VaRER | A3s Ryole}
T AL, FYEE (p - value)01 FoaFo ot AREIIEE AN EE VaRESH o A3t =
2t A ¢ Sk AFSE 95% VaRe] A-¢, BE B0l s 777 (Ho) ‘HvHeE = 79
(a)’Ol 71ZF= A &Skt ffvlﬂi AF5E 99% VaRe] 4%, GARCHE G| tisixE AR/

©

AN

— value) ‘9HE = §252 (a)'©] 7]7_,PE];<] oropA|ut np2 I FHAS GARCHRE &S o)
BF 7145 237 YEsth

_ag Ay o2t 9

rlr
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(a) index VaR(GARCH) & VaR(MRS-GARCH)

(b) ETF, VaR(GARCH) & VaR(MRS-GARCH)

—

(c) ETFp VaR(GARCH) & VaR(MRS-GARCH)

Figure 3.1 VaR for the index, ETF4 and ETFp

throz S840 g A5 A0E Bl A=5E 95% VaRETH AZ4E 99% VaR7F v% 4
3 ATE Hole Aow yehgth AFE$E 99% VaRe 49 GARCHEZHT} nf2dz FHAS
GARCHEH] § HH#<l 2oz vehd H2 nfe3x 5udgk GARCHES o] A7t mE 919
sz H3ks & o Aol =& 5 7] wjEolrh

FEAR AR 44 28 34 $AF (LRuc) 5974 A5 =0 44 $A% (LR)< 2
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Table 3.3 Coefficients vectors for the first three principal components with sparsity parameter 3.8, 2.8, 2.0 using
penalized matrix decomposition.

prodects model VaRg.95 VaRg.99

LRyc LRy LRyc LRy
(p — value) (p — value) (p — value) (p — value)
Index GARCH 0.403696 3.621543 0.6558331 0.3756351
(0.5251867)  (0.0570359) (0.418035) (0.539949)
Markov-GARCH 0.0734118 4.179385 4.50255 0.1982204
(0.7864325)  (0.0409185)  (0.03384435)  (0.6561611)
ETFa GARCH 0.528612 3.487865 0.6558331 0.3756351
(0.467191)  (0.0618202)  (0.4180349)  (0.5399485)
Markov-GARCH 0.000000 4.62188 4.50255 0.1982204
(1.00000) (0.0315666)  (0.03384435)  (0.6561611)
ETFa GARCH 0.2049363 3.895851 1.039594 0.3421295
(0.6507655)  (0.0484055)  (0.3079159)  (0.5586026)
Markov-GARCH 0.0734118 7.214648 5.545552 0.1741496

(0.7864325)  (0.0072310)  (0.01852772) (0.67645)

43 AR FAF (LRuc + LR1)< HA2ALRE 2AHr=7} 22 7oA X E 7B 5% ro+F

ool A 599013 1% FelaFolAe dARS 9.210]th. 293 A FATH A v
£ %3] GARCHS} w23z FWAE GARCH 2 o] 53] AF5E 99% VaRolA AL A
AoHA b 3L Ades € 7 Atk vAe g nf2dx SUAE GARCHE o] GARCHEF 9
H|3] $Jukgo] & o wou (Table 3.2), vlE3z ZW A3 GARCHE 9] 27t So] GARCHE
ol vla] & o] =YAo|7] wjRe] nfEFz FHAI GARCHR o] GARCHR & v & T
ETF VaRel g€ 4 9t

= h=4
2 =fAe ETF @& A 20083 228 89719 2 724 ¥3E w5 A5
9T+ fle GARCHSE WgAo] w2 Aejet Wisdo]l 2 AHE 9T &+ de =23z
WA GARCHE#S ETF VaR &4 AFE vz - EA39c). 28¥ ETF VaR &4 A9=

317] 98l AR FF 95% VaR 2 A 5F 99% VaRE 533493, AA £49] VaR 23} 34
17873, ol @t ZJ% Wgel H574d 22lal ofF FAlel este] Ak 2R AREA
A =Y AAe] A% ASsATe 5T £429, GARCHSY} nf23iz A GARCHE Y
o] AFF 99% VaRoA A ES A2sH vehd i 93, nfe3z sdds GARCHEY
o] GARCHE o] ]3] gukgo] £ ¢ wrow (Table 3.2), vpA|Ete g nf2 I FHHE GARCHE
PO 2pEgEo] GARCHEY vls & v Sy Z0]7] wlge] vfaxz SHd% GARCHE ]

u

ET

iy

o o dr 1 2
1

GARCHE 3ol m)3] & ¢ ETF VaRel 4712 4 stk & A7 eiguang n2aic. 34
W oJy o] ETF 53 4&##A (dynamic correlation) S 183t chAZE g F VaR &4 235
WA A% WS olu] 9n FE BAolTh S, ol BF AT WIlEE B,

=
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Abstract

The rise of the Robo-advisor represents one of the most profound shifts in FinTech.
It also raises concerns about their financial management. As the most Robo-Advisors
utilize ETFs, we seek to determine the appropriate risk management model in esti-
mating 95% Value-at-Risk (VaR) and 99% VaR in this paper. The GARCH and the
Markov regime wwitching GARCH are evaluated in terms of the accuracy of probabil-
ity, the independence of extreme events occurrence and both. The result shows that
the Markov regime switching GARCH can be a good ETF risk management tool since

it can reflect financial market structural changes into the volatility.

Keywords: Exchange traded fund, FinTech, Market structural changes, Markov regime
switching, Robo-Advisor.

1 Adjunct faculty, Department of Information Statistics, Anyang University, Gyeonggi-do 14028, Korea.
Email: woosiklee@hotmail.com





