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Choice of frequency via principal component in
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Abstract

We investigate multivariate volatilities based on high frequency time series. The PCA (principal compo-
nent analysis) method is employed to achieve a dimension reduction in multivariate volatility. Multivariate
realized volatilities (RV) with various frequencies are calculated from high frequency data and “optimum”
frequency is suggested using PCA. Specifically, RVs with various frequencies are compared with existing
daily volatilities such as Cholesky, EWMA and BEKK after dimension reduction via PCA. An analysis of

high frequency stock prices of KOSPI, Samsung Electronics and Hyundai motor company is illustrated.
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1. M2

W54 (volatility) > FEAIALL] thEAA S4oln] FFANT A A (risk) S S A=
2 o]gHrt WEAEL #5e] EVFssH, vikd fE71E A7 SEAHE olfE WEA A
Z(volatility cluster)d} B|th3 W E] x| (leverage) T4 So] UERdTti= EFo] ). FEAA Lo
A WEARL gubdo g Engle (1982)9] ARCH 23 = ARCH 239 duwt3ld 232l Bollerslev

(1986)¢] GARCH 8o g mas}aic},

i E 9 E A4S UE wods Z4zke] +dEE57|8] 532 &7 (dynamic correlation) 7} <43}
22 B3 2837 o3l Uil o2 exponential weighted moving average (EWMA) &2
3, Baba-Enble-Kraft-Kroner (BEKK) 23, constant conditional correlation (CCC) 23, dynamic
conditional correlation (DCC) 23 S| 3t} (Lee?} Hwang, 2017; Hwang 5, 2009). 3 &8
7] B3] & o] &3l A5 AS 227 31+ Cholesky decomposition and volatility modeling (Cholesky
2&)o] Ut} (Tsay, 2014).
2 dliolgel that H2o] ol HUA 48 F7HE otz 1+ Wk AR, 53 Wk A8 534 22
M A2 (high-frequency data) ol &3l MFAL FAE A7t B AW ek WE
22357 918 AHAWMEA (realized volatility; RV), 24 AAMEA(RV@), §3H(hybrid) 3
S o] 88 4 Ut} (Xiao, 2013; Yoon} Hwang, 2015).
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2 AT this THE FEAAGARNN AL FARIA T W D B NEe) AAUE
4e oI8FE Aol EARAA YopnA Dok, o A 1UE ARA 12 5#}% HlE
992 th2A se] ARAFAL TaTh 98 S7lo] el 57b4 28 (Cholesky, EWMA, BEKK,
DCC, COC)E ol §3te] MEAL £48 F F4% 242 5o this WsASY A9 S48 A4
stglon ALFAE 2 las Bo AVWEAL PAT glold A ARe A7 Belvt 2 el
#) Qobugich

H HodE= txF 2l thiE W5 A 2¥ (multivariate volatility model)ol] ti&l] AR 12} stc}. ¢ L
NAL) kAN 2L 2AEL 1y = (ris,..., re)T 2 ERAGLO W] THE 3} o] 23 Bt
re = [t + i,
1
= EE €,

7N reE kN FIE WE O e B FAE WEH, ar = (a1r, ..., are) & 23T AEE e}
W S b x bk FAA APolal es = E(er) = 0013 Var(er) = I ¥ ﬁEiolE} A7IA T ThATE
W Aolel A= a2 2R B4t ZFEA P 5, = Cov(ae|Fi—1)°1H, Fro12 t — IAR7IA] &
olA HHE vehAch

Y2 E33)}3H= Cholesky 28, EWMA, BEKK, CCC @ DCC E3oj ths] A9HEE cf.,
Choi, 2009). ol Lee2} Hwang (2017)-& thHzF HsA Rgox AE2ARRAS 53 dFE 5
RS i=

2.1. Cholesky 29
o] L E# 7] B3 (Cholesky decomposition)E ©]&3h= Hhﬁ oz AT ULL Tsay
(2014, 2010)& Fazst7] wpdch @A a0l Wisl biohe M2 WFE ol8ste] v Ze
AdRAes yepn MR o s {23

akt = Brigare + -+ Brk—1,0ak-1,t + bkt

HaA gl o3 thgol gttt
Cov(art, bjt|Fr—1)
Var(bjt|Ft_1)
Var(bii|Fi—1) = Var(age|Fi—1) — 5£,k—1,tvar(bkfl,t|Ft71)

Brjt =

1 0 0 ... 0 0 att bt
—Pa1,t 1 0 ... 0 0 st bot
0 ast | = | bas

—B31,t —P32.¢ 1 .. 0

—Brie —Broe —Prae oo —Prr—1, 1 Akt b
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T3 -1 3 5
Brar = b 22 BHIA ar = ; s & F ATh b HEA FE=E oA HEEhd o2 2t

S =B 'S (871"

ool FEAL tha 2ol 72 = Jom VA opi= BE Foi8tel] be] WEA ot

k
‘Et| = \Eb,t| = Hffbi,t

i=1
fo] FLBAE o]83te] b2 T2 v MR RS AX oheE WsAdS 2l E st
(1) «=3& 2AF (recursive least squares; RLS) A4FS A&3th iHx] A3 AHA AN A7

B BHA B i 2% H k7Rl elth B, = i — 129 WE ol

smoothed es‘cimaute)E 271 Y3l A7F 0.9491 EWMAF}AE L3ty E53
i i S BEPFo| AXAEE §r ot} B0 BBFEAA §;, 5 Astsich

S
2
T,

g
s
o
o

By = Bix — i,
Bi,t = B;,t + fii,
Bre=ABlii+ (1= NB,, t=2,3,....
& (smoothing) o] 2713+ By = B, 0lth
(3) bit = a1, 2k 3HAF. A D (residual series)S T3HH TR} 2}
bir = aie — ag:tBi,t, 1=2,...,k

ajt = (alt, ceey ai—l,t)T

(4) 7429 by seriesol A% GARCHE A AIZ11 it 157 k71X 248 844 67, , 8 I+

®

(5) Bir2 AHRINA AP ABA P 5,8 Akt

2927 BIE o] g3t AL YAHA P 5,2 Y3 B4y T2 k= FAo| o) mdk 2A
Al o] &8} 2% 84 (likelihood function)7} THE3l7] wj&of| A wWMES o] 23te] A uf 7} HL=3} (re-
parameterization) $AH< & 4 Q= A wat FHo] At B4 Z2 Roj|A AT 4 9lon
FAA QA HHL Tsay (2014)E Fa13}7] vigct,

2.2. Exponential weighted moving average 2%
e EWMARYE o 88 w54 77 wyolr.

My =(1- A)at—1azl1 + A5,

714 A 03} 1Abo]9] & Agrolt). dubd oz A2 J.P.Morgan A2] RiskMetricsoll Al AR8-3}
£ 0.942 o] &8t AA WEAQA S0 H 2 7HEAS FE AL 2 $
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2.3. Baba-Enble-Kraft-Kroner 23
BEKK = 3°] 77 ©<st FEjQl BEKK(1,1)2 th33 2t

:CCT+A(at 1L 1)A + BY,_1 B,

14 Ce SHaadol, A% B kx k @dolth. CCT7 ¥4 #held 5+ 34 P
Yol Yo 2AY R4 FRAPYo] P2 FYolehe AYRAL BEA

2.4. Constant conditional correlation 23
CCC =y tha3 2t}

¥t = DiRD; = pij/ Eiit 2jjt,
A71A D, = diag(2117,...,S00)01M R = p; 2 ARAS A RS A5z 1A= EH o)
LAROIA 19 40180 2713 BALE 3,007 P GARCHE 2215} 9t). CCCR
T RES AR IFTOR FAT B JieE S3the AR o] Yot Az S5
whdahA] £5ha g of Qieke wgel Slek (Choi 5, 2000).

u[m

2.5. Dynamic conditional correlation 2%
Engle (2002) thg3} 22 DCC 23S Attt
¥t = DtRDy,

A71A D; = diag(S117, ..., Sik2) o)Al Ty = T GARCHE R3slg ks AL 99 CCCRax}
T} FAATE et 2ol vehlithe Afold ol itk

R=J,Q.J,.

r[r
TN
—[m
2

AR GBAS FY RS S L9 Qi Th3 2ok Qi kxkFFA 9, Q
&

-2t Aol 0] Yo TFEE LA EH ot

22

_1 -1
Ji = diag (‘hl? yeres qkki)
Qi = gis = (1= 01 = 62)Q + 61Qu-1 + bacr 16l
€i,t = Qit/\/Tiit,
1714 63} 0o Zo] obd BEE 0< 01 + 6 < 12 WEUTH (cf, Tsay, 2010, Ch.10). DCCEF
o 22 o
o \=}

FHo| A7 e tﬂﬁ}i g gtk Aol JAT 2 TS s Age 014
of tisl FdstA A&k AR At

N
My
o
Y
i
9
;0
2 4
ko
rln
(B
—1>

FAAGANA o] &she 9 ARE R AF 5179 TR | BE Y3 (intra-day) W53l
S @2 AH7} —Lr‘j*ﬂoi Atk £ 4 et £ oA IWE AsE E85to] HEAdS F43)
= 9o g5 golR == dird. A3 AT 2= Andersend} Bolerslev (1997), Lee2} Hwang (2017),
Yoon3} Hwang (2015), OhQ]— Shin (2012)°] At}

r;‘.:uli
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3.1. ABHiEs

A7 21 —T—ﬂ%(daily log return) AE v, = (rig,...,70) = tLoA k7)) 22 59
HEE Yehn, 4% 73 $9E (intra-day log return) ry ; ME= t oA AR HFo 2 nojf
Sk ide] A AESAH 25852 o539 2}

T .
TtﬂiI(T;[t’i,...,Tktyi) ) z:l,...,n.

A 23 F4E nE 9T 2L FYE r, WEHE nle] Fog AR

n
= E Tt,i-
i=1

ro) A% 24 FEA ALL 7 2T} (Tsay, 2010, Chapter 3).

Var(re|Fi1) = Y Var(rei|Feo1) + 2% Cov[(rei,re5)| Fral.

i=1 i<j

g WH ry ;7 WS- (white noise series) 21 7F3HE 2 AR BA-ZE4E Y
z

Var(r¢|Fi—1) = nVar(ri;) =n [E (Tt,irz:i) — E(re)E(re, ,)T] ,
W

A7|A E(re:) = 002 7Hgstd, 47 20 $£4E o 43

Tkek po B9 dAFA o] A= Aol ¢#A Ut (Andersen 5, 2003)
BHA gk o] gt AWM F AL T Eo] A)EHS ZA] et 71 ol AHs 7“’]‘34 AA =
ZgE AFATEZR o] EAEtE 7 1% xF5 7} 7] A (autocorrelation) FZE 7FA Al E of
A A5/ A A (bias) 7} LAg sttt

ARAEA RV, BAE A AAEA Holee] FREM E8 T HEOR Zhou (1996)
£ 1 AFBMA() S e AAEEHL ALHAT 1 = (rie, . res) 0] MA(L) P2
& w=n B(r) = B(X0, rod) = 0012k 714 3ol r 8] 2A% 24324 AR L e 2ot

Var(r¢|Fy—1) = Cov <Z Tt,i,zrt,i|Ft1> =E
i=1 1=1
= ZE (Ttﬂ'“) +ZE (r”r“ 1) i
:ZTt,iT“ Zﬁﬂ’“ 1+ Zrtlrtz+l
i=1

—
v I
3

SN—

Tt th Jit1
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n
E Tt,irm E Ttlrtz 1+ 12 Ttlrtz+l

23 FoE50] 29 A7) AAg mETE 9 Aol 29 g M & Atk A7 At o]
) 2317) Y3 Hansen} Lunde (2006)+= Bartlett #'d2 AM&-3lo] 20| o} (nonnegative) A3
= Akt o] S 4% 232 $A9F i, 7F MA(L)S 7Y o] ASARRE 2 3
AHZA (RVac,:) ot} (cf., Lee?} Hwang, 2017).

cheler 4Re WEA BAe oM, A Sol, 339 AuolAe] WEAS RAYsE 4 =y
B4 PR YU F A9 B4R ozt F WSE e FRAE SHRE FEY FRAS
ALHI 6709 WSz BAF FRA Yo] FAAL 63 WHEL AHHo= washy] Astel
AR BAPES ol §oto] A 4T 5 ek FRe) e 7% AL Seong (1997)& Fadh
7) vhgie}

N 0:
o
ol
M
>
o
)
flo
<
Lo
oX
i
ok
)
o
Suiy
.
L
?J
_L
odl
iy
. 2
_>.:
1

Ci:&LTZZGMZ1+"-+€ipr, 7::1,2,...,]7

2. RVo| A&l Hx}
AL o, 3244 A=A WEA FEL2 vt 2ok

O11,t 012,t 013t
Mt = 021,t 022,t 023t

031,t 032,t 033t
Y= AW (symmetric) o] B2 th3} 22 F 6712 WHE A% &

o11,t = X1, o22,t = Xo, 033,t = X3,

o12,t = 021, = X4, 013, = 031,t = X5, 023+ = 032t = Xs.

X 2F3pE 27 = (2., Zo]9) £

of

B BE polM FAES #ETT
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Table 5.1. Volatility estimates for various methods

Model Parameter estimates
E[rd = E [(rkt,rst,mhe)T| = (0.000148,0.00033,0.000098)T
of, = 0.000001 4 0.066122b7 , | +0.91823107 , ,
= 0.000006 + 0.046443b2 , | + 0.91808802,
7,2“5 = 0.000009 + 0.042684b2 b1 T 0.92665107 ,
EWMA S =(1-094)ar—1al | +0.94%,_,
E[r¢] = (0.000147956, 0.000330439, 0.0000981848) 7

Okk,t Oks,t Okh,t

Cholesky

Osk,t Oss,t Osh,t
Ohk,t Ohs,t Ohh,t

0.010281 0 0 0.010281 0.0120711  0.0123161
=10.0120711  0.0126898 0 0  0.0126898 —0.0016708
BEKK 0.0123161 —0.0016708 0.0172950 0 0 0.0172950
0.1 0.02 0.02 Apy_1  Qkt—1Gst—1 Qkt—10ht—1 0.1 0.02 0.02
+10.02 01 002 |ast—1ape-1 a2, ;  asg-1an:1 0.02 0.1 0.02
0.02 0.02 0.1 Aht—1Gk,t—1 Ght—10s—1  Gp 4y 0.02 0.02 0.1

0.8 0.02 0.02 Okk,t—1 Oks,t—1 Okh,t—1 0.8 0.02 0.02
+10.02 0.8 0.02 Osk,t—1 Oss,t—1 Osh,t—1 0.02 0.8 0.02
0.02 0.02 0.8 Ohk,t—1 Ohs,t—1 Ohh,t—1 0.02 0.02 0.8
1 0.69179 0.55929
R =0.69179 1 0.32540
0.55929 0.32540 1
cce Okk,t = 0+ 0.5246a3 , | +0.9129Tokk 11
0ss,t = 0.00001 + 0.02585ait71 4 0.94128055,¢—1
Ohh,t = 0.00004 + 0.04475@,2l +—1 T 0.873290hp,1 1
Elri)=F [(rkt,rst,rht)T] = (0.0001479562, 0.0003304391, 0.00009818485) T
Okk,t = 0.000001 + 0. 066174@% i1t 0.9185080 1k, ¢—1
DCC 0ss,t = 0.000006 + 0.029519a2 t—1 1 0.95083905 ¢ 1
Ohh,t = 0.000021 + 0404165550,,“71 +0.9103470hp,t—1
Q: = (1 —0.92 — 0.04391025)Q + 0.92Q¢—1 + 0.043910256t_1e£1
Cholesky = Cholesky decomposition and volatility modeling; EWMA = exponential weighted moving
average; BEKK = Baba-Enble-Kraft-Kroner; CCC = constant conditional correlation; DCC = dynamic

conditional correlation.

£ 2800A Tt 57HA] B A A2 AR, AAHFA(RV)H 4 AW EA (RVac)
o Ae] 2AHBL v walnA} sty 571X 23, Cholesky 238, EWMA 23, BEKK 23, CCC 23
9 DCC 234 #AEE AHHE Con, Cr,Cp, Ce, Cpam 3kar, 1ol A 527kA] 7+ —Ev— IS 2 A
A AAREEN 74 AFAATENAMY FEAES DD Crvi®t Crvaei ® WERRAE o714 i 17
B 57129 e B=r)h ALIFAEL =3 Y 242 3908 Z Con, O, Cr,Co, CpSF =& 4
HATE 7H Crvi®t Crvyci©l B & ©919 IWE ZARE o]&3 210 AHEd 43 isdS
FAsh=t] YolA “H =7 A7F 744 (frequency)S A IS 5= Q1S Aot}

I‘

ey

5. fIMIE Sttt 24

KOSPI A4£.9} KOSPIS] AI745) 49 559 A4 A4, @ujx AR o §al4 sulek A5 2AL
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Table 5.2. First principal component for various methods

Model Explained proportion First PC
Ccon = 0.4140327, 0.405790Z, 0.391663~7,
Cholesky 95.86% Ch Chkk + Chss T Chhh
+0.414892Zchks + 0.411085Zchkk + 0.411566 Zchsh
Cg = 0.430943Z7 0.387871Z 0.332678~7
EWMA 82.45% E Ekk T+ Ess T Ehh
+0.433195Z ks + 0.433769Zgkn + 0.421136Zgsp
Cp = 0.415463Z2 0.410150Z 0.385428~7
BEKK 94.99% B Bkk + Bss T Bhh
+0.414087Z 5 ks + 0.416624Z 555 + 0.406903Z 55,
Cc = 0.418996 7, 0.388144 7, 0.338870Z,
ace 82.21% c Ckk + Css T+ Chh
+0.429515Z¢c ks + 0.440334Zc ., + 0.424944Z ¢ s,
Cp = 0.438309~72 0.397768~7 0.2832497
ele 80.14% D Dkk + Dss + Dhh

+0.444249Z p s + 0.440858 Zpp, + 0.421572Z p g,
Cholesky = Cholesky decomposition and volatility modeling; EWMA = exponential weighted moving
average; BEKK = Baba-Enble-Kraft-Kroner; CCC = constant conditional correlation; DCC = dynamic

conditional correlation.

Table 5.3. First principal component for RV with various frequencies

Explained ]
RV ; First PC
proportion
1= 51.46% Crv1 = 0.538132ZRy1xk + 0.534800ZRv 155 + 0.222568 ZRrV 110
+ 0.099669 Zry 115 + 0.332669 Zrv1kh + 0.504246 Zry1sp,
28 77 17% Crva = 0.442299Zgy ki + 0.429815ZRy2ss + 0.265178 Zryann
+0.428217ZRyaks + 0.431719ZRyokn + 0.423746 Zryvash
38 79.39% Crvs = 0.440795ZRy3kk + 0.421600ZRry 355 + 0.290587 ZRrv 311
+ 0.428942 75y 35 + 0.433564Zrv3kn + 0.414177 Zrvash
45 79.56% Crva = 0.433437ZRrvakk + 0.404105ZRrv4ss + 0.309480ZRrv4nn
+ 0.433968 ZRy4ks + 0.436633 Zryvakn + 0.417226 Zryash
55 79.79% Crvs = 0.427798ZRv 5Kk + 0.406126 ZRy5ss + 0.328965ZRv5hN

+0.431954Zpvsks + 0.436096 Zry5kh + 0.408741 Zrvssh

ANt 20109 19 295E 20159 69 30¥7HA12] & 1,360702] €8 2k2 KOSPI, 44 A=}
Adixte] AU F7AIES) tlEe] 22 7|7 12 B2 SA4E uWE A8 E o835kt KOSPL 4+
AR}, Aate] 2A5AE S 27 rae, rar, raeBF SRR

re = (e, raes )T = Al 710] S0l B R o) Ro] 7 WE] 4018

i = (Phtyis Tsti, Theyi) . = tDoIAe] 9% 25905

IAIHE 15A7HA] 295+ FU FAAFL 17 2 #SFHJohd n = 36001 A% vpzk A 108
E°P91 BAEHA7EA wim AR Al SAl F4E S Ee AR A7 BHER 2 57
£ A3t #5549 £AEY MeE n = 3500|th 28D E ASHJTHH n = 175, 324 Y 4
n =116, 42N Y A% n =87, 5% YL A n="700°] "Hr}. Table 5.1 244 2738t 23
FAs A3o|th.
Cholesky 28 o] & A|ZF 77kl 36712 2SS XS A3 2 010L4 29 25UHE 20159 6Y 3047}
ARE o]gIgonE RS I wj e BRE RFPE(EWMA, BEKK, CCC, DCC) 181
RV} RVacdME 5438t 73k A8 & o] &3kt KOSPI ARG} Ahate] HEAdS BES)

mlo Ho =

ﬂlgr
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Table 5.4. First principal component for RVac with various frequencies

Explained
RVac xplame First PC
proportion
1B 79.84% CRVACI = 0~442182ZRVAclkk + 0.426551ZRVA0153 + 0~262267ZRVAclhh
= ' + 0-431823ZRVAclks + 0.43346OZRVAC 1kh + 0'42354IZRVAclsh
on 82.23% CRVACQ = 0~433732ZR.VA02kk + 0.409666ZRVA0255 + 0~311305ZRVA02hh
= ' + 0.430246 ZRv 5 2ks + 0.432604ZRy , c2kn + 0.418188ZRy , 25k
3n 81.34% CRVACB = 0.433295ZRv 5 o 3kk + 0.403731ZRy 355 + 0.323322ZRv , o300
= ' + 0-430457ZRVAC3k5 + 0~434678ZRVA03kh + 0-412999ZRVA(;35h
e 80.40% CRVAC4 = 0.4356].021‘{\/1“:4]€]c + 0'394299ZRVAC4SS + 0~320602ZRVAC4hh
= ’ + 0~432384ZRVAC4k5 + 0~436337ZRVAC4kh + 0-4179002RVAC45h
5 78.97% CRVAC5 = 0~434873ZRVA05kk + 0'394440ZRVAC555 + 0.324893ZRVAc5hh

+ 0.432343ZRy , 5ks + 0.439167ZRy , o5k + 0.412261ZRy , 55

Table 5.5. Pearson’s correlations between first principal components

Cholesky EWMA BEKK CCC DCC

RV1 0.5366 0.5205 0.4492 0.5313 0.5040
RV2 0.5165 0.5034 0.4269 0.5122 0.4873
RV3 0.5253 0.5176 0.4360 0.5242 0.5001
RV4 0.5153 0.5086 0.4286 0.5163 0.4903
RV5 0.4848 0.4783 0.3980 0.4892 0.4620
RVacl 0.5149 0.5028 0.4255 0.5116 0.4872
RVac2 0.5025 0.4935 0.4152 0.5024 0.4767
RVac3 0.5164 0.5101 0.4276 0.5180 0.4928
RVac4 0.4922 0.4860 0.4050 0.4930 0.4687
RVacH 0.4816 0.4776 0.3949 0.4846 0.4602

Cholesky = Cholesky decomposition and volatility modeling; EWMA = exponential weighted moving
average; BEKK = Baba-Enble-Kraft-Kroner; CCC = constant conditional correlation; DCC = dynamic
conditional correlation.

AR & F3 A 1 FAR(PC)L b33 Zo] FAF AT

Tables 5.2, 5.3, 5.4 27} 5714 23, RV, RVace FAE 248 538 42 A1FAES Al1F4E

o] diEg T3 Aot 18 AFHFAHARV) A Wx FA4E dwEo] 51.46%% T2 FHE

ot} 22 Holu}, AAAHoz HEEo] 70% A 8 3k Ay s

t}. Table 5.5+ ZF 233} AHAHEAHY A1FAHE 71 Fol& FAAFE 73 Aot} 4 =
=

=
FAEN 52 4BAAE 2= RV FAELS 17 dolHela thgog 382 dvloJeolty. X3 7t &

7}
del FART 1Y 2 ABIAS 25 RVacS) FARE 38 tolEolt). oF niEow 3% B9
2 AN AFAFAY FAR] T} W] AAWEAS FARRT £ ABBAS ATk A
< & itk wEA, S 7 4F o EC] A 727 B RVac Akl 37 F71E o8¢t
T ARTES GOhE RVOIA 18 2718 ol 85H A0l £ Aot 9% folEel A% 7xol B
Aglel AdWEde Adsted 32 F719] INE A7 Aol gEjHos duEnt

B oA A% BA(A54) 9 2% FEACR 74T thi S 949 49 48
o Qe AllFAReR WL LA FAR(I2 EE AIRAR)S AT 29 AUe =
d £ oy v BAEI voj AAAT thAl AFEAAA 4 (canonical correlation)E &3] of 3}
22 oA & W AFHLE Slof she MARE] A7A dok. FAES e e FdusEe]
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EFAXTL Wol U A AgEL ZIA AIFAES EEAXTE 2 Hgol A o &3k o]
AS 5 o olF H3] A B =RoA e E3) A7l T FARS I3k AEdE
AR EAE FA%
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