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Abstract

Principal component analysis (PCA) describes the variation of multivariate data in terms of a set of uncorre-
lated variables. Since each principal component is a linear combination of all variables and the loadings are
typically non-zero, it is difficult to interpret the derived principal components. Sparse principal component
analysis (SPCA) is a specialized technique using the elastic net penalty function to produce sparse loadings
in principal component analysis. When data are structured by groups of variables, it is desirable to select
variables in a grouped manner. In this paper, we propose a new PCA method to improve variable selection
performance when variables are grouped, which not only selects important groups but also removes unim-
portant variables within identified groups. To incorporate group information into model fitting, we consider
a hierarchical lasso penalty instead of the elastic net penalty in SPCA. Real data analyses demonstrate the
performance and usefulness of the proposed method.

Keywords: principal component analysis, sparse PCA, hierarchical penalty, grouped variable

thE A< thAzE BEA7Y & el AR B A (principal component analysis; PCA)S 11319

] ol e AAH FRer Fa, 24tE VMo R AR ddE o e He

At Bol ARHA Aok &, FAE B4L2 Heed] Adude F6
©] W% (variation) & 753t & wo] AHshes MEL < =

a3
1 o
2 1840z At F4E B4L A48 WEHL /Mg wol T A
{

2
J

Ae
X
rlo
o]
rln
rE
4
il
lo,
=
oflt
v
d
=
[¢]
I
=1
@)
@]
B
=N
B
2
@]
B
o
o
ofo
ok
N,
2
d
=2
o
2

A
Z ¥ &4 (gene expression) AFE T HH|o]E]2} Zo] W
2 A&7 &gl A7 Utk
This research was supported by 2015 research fund of Korea Military Academy (20150501) for J. Kang and
Basic Science Research Program through the National Research Foundation of Korea (NRF) funded by the
Ministry of Science, ICT and Future Planning (NRF-2015R1C1A1A02036473) for S. Bang.

LCorresponding author: Department of Mathematics, Korea Military Academy, 574, Hwarang-ro, Nowon-gu,
Seoul 01805, Korea. E-mail: wan1365@Qgmail.com

2 O
= I
A
~

>
Hr fo




136 Jongkyeong Kang, Jaeshin Park, Sungwan Bang

B S A7 95 Zou S (2006)L FAHE BAL IARY FElo H
23} —':r"XﬂE A&slo] A7 (sparse) HAE 3= sparse PCA(SPCA)E A3ttt SPCAE 3]

HH o7 AREE+= S} #H<Q lasso (Tibshirani, 1996)%} ridge (Hoerl¥} Kennard,
1970) 339;]9] HAHSRE A3l elastic net (Zou2} Hastie, 2003) HEf2] BASTE FAR HAo

Agstol O A A7 AAE don, 7|E9] FAE B4 vjs] AHEE Wol oA gouME B
o ZHE% 23S A= EAo] ot

3, WaEo] I3 Je AS Ao HeE A A Bt {93 Hese] a5 A
3= Zo] o Yu7t 9& 4 At} Lasso$} o] ¢wksist elastlc net> 7/EAQ HEE2 EFHHO
2 AR, AeEe IFTRE o]§$3A RItnzE "L e AHEA L 22 Aol waed
g 50| thA "o, SPCA K3l elastic net JEf< @@—’F% A&3ka 91 7] w2l olejet Al
e IR 7R ok "Bl IFIE & A5 £ doiA YuanF} Lin (2006)-
A FeATTE 0] R3 37 A] group lasso?] /\F&% Aotglon, Kang 5 (2016)3} Wang 5

Z

247t Cox BFR AT E95 AP A AR5 AL A v} Yok )
T FAR A ML 29 tHES (multiblock) E3tel] et A8 £AIE A4 Ag PHes
Bernard 5 (2012)2 group lasso B A& ©]8-3F group SPCA(G-SPCA)E A|o+st v} iy 18
U} G-SPCAE group lasso AT EAJ0 g sty IF 7 sigAds ax& o) 22 YojA
of WsAEL olsol A7) etk
H =B H4aSoe] 2238FH 0] 9= E]_tﬂikx]_g_p,] B Ag q 29 =R BA 7
el Aol A7EAT. TEH 25 o A5 72E 2D Age] S0 1837|5131, lasso &
+ group lasso JEfS] BT thAlo| 74]2*4 WAL (Kang 5, 2016; Wang 5, 2009)S A-L31=
MEE FAR B4 71HS Adstgon, RyARS 93 A4 dug)E o2 o] XA (quadratic
programming)< ©]-&3F e AN S AASFHTE B =829 ZAL o2 2t 28oAE dA
Kl 01%@ FAE 24 *ﬂ SPCAQ} G- SPCAoﬂ ojsl] 7HeFe] AWeta, 3-AE B =R
= 3t SPCA(H-SPCA)2] a7le} At
%}131%011 {154 S saleh 12000 0 Ahasl $4 A ek, oo SAd
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2.1. Sparse PCA(SPCA)

FAE BANE AR A7 154e] i TANY WEEE AXY B0 A2e WAER AR
7 918l A WBL oS ATh X B nxp AR Bolet 87k ol7)A n} pi 212 BEA 9} Wel
Mg ey, 25 38 X9 24 42 Hwo] 022 FAsE] Jdoka 7H3xk Als8d X+
Eo] gk &3] (singular value decomposition; SVD)E 53

X =UDV" (2.1)
o} 2ol AT 4 Ak VNI Uenxr B, VEpxr dE, 283 DE dy,...,d S HALL
2 24 rxr B2 GOl W, Ush Vel 7+ & A7 ARolth. 28 Z = UDE 420 91, VY
7 42 i =80 &3k DA (loading) 7t ™, D] b4 di > do > dr > 02 3%

>
— - -
FAR REEAS ETh d2)9] iol o], 2 = uidi ki B, 2, = £ oA FYRo] Ak
42 B NS FARS HATORA St HoBe) JH LUV A LEA A AR WFE &
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HHeorg A9 4 vy 2 A (2.1)S T3 73 FEAEY JARES YREF LR 00] o,
ol A" F4EY MAE ofHA Frh olHst Hg B A Zou T (2006)2 7 AAE
e £ FAES 27) 93 SPCAE ATt o] Whiedse) 2298 2R B0 37
wyo gejz gA5D 4 ok Aol
o) Agtoll th3t ok} 22 ridge AR HS 1 3kAL
~ Ridge .
B " = argmin {{|=. - X813 + A|BI3} (22)
047 A I, L? =F(morm)olth. @A X'X = VD*VTolx, VIV = Ie|ung, 29 3745
~ Rid, ge
HRidge T -1 _r N d?
pridee (X X—i—)\I) X (X"”)*”lidfm (2.3)
e £, 8 2 mestd o

1E —‘5:01 n<p J

?7‘ g 4 AT, ridge TﬂEH«l
v BESLE s Ae] AT
Fo) RS 7heith] o

o]2] 3 AFA ERE Zou 5 (2006)&
T AT oEN 4 AAE A 5 U SPCAE tha3} o] Altstdct
~SPCA .
B; Zargl;mn {Ilzi — X8l + N85 + MBI } , (2.4)

A7 ||, L' =F(norm)olth. o] B, & = B,/|1B;|l & v FAAI AW, Xo, & ivA 74
=9 FAA7F A

2.2. Group SPCA(G-SPCA)

Zou 5 (2006)°] A}Fet SPCAE FA4E #4L 372 Jefo FAZ Asigivh= oo 2 A W
A Sjoi7) ik, oAl WA, AhEe] Wl 9 2ol te} ridge i lasso Welel BATE} obd o)
£ ele BAsel 2ol stk Aotk WSl TEIH 0] Yt A%, Aue] IEFEE
28 Aol A&3R Ao] M} ealh,

x p AARYPH XA p7le] HEEo] g7l QA (factor) Z IE3kE o] IThd, jHH| <1z} g3t
G 288 o) = (1, m 2, )9 2O RS, ol T, = polck. £ pAe
TELS (v1,%2,...,%p) = (®}), By, -, 2(,)) 2 2ol YERW A2RFE X = [X (1) X (2) - X ()]
F2EE F oH, 74 X (jHE :c(])oﬂ 3 F3l= nx p; Aol Bernard 5 (2012)2 FAE £
A IFFZE o]&317] st A (2.4)9] lasso FENS] AT Al group lasso (Yuan¥} Lin,
2006) el HHTFE AL G-SPCAE AT AL A ekt

i H'LI E o 3
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~ Group Lasso .
B, = argmin z
B

g
—>_ X»By)
j=1

%ol )
2 J=1

4714 By = (ﬁﬂ,ﬁjz,...ﬁm)Tt JAA % e Aol b A e, B =
Bhy Bl Bl Itk SPCASE MR 6. = B,/|1B/]lE vl FAA7) =5, Xo&
PR EgRe] 27 Ak AR (2.2)) BRTS A 0, 18l 25 el HE ridge Bl
o] Za%Ao], 1F ol lasso FENS] FaFH o] o] 2ol A A Bt
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Stk e GSPCAE T8 W4 AEole TEAeN AE 18 tolA L HgaHe] o F0j1
7 gtk oleld AS HAB) fidte] B wRolME AZH WAPSE o8] 1F 23t 15 )
oA e} Wi o] FAlol o] fo] A= H-SPCAE AltstaLat gt
3.1. H-SPCAZQ| Hgtal
I3 HeEe 725 o835 Asl AT 812 Avisiekd FE
Bjk:’yjﬁjk, (j:174..7g, k‘:L...,pj) (31)

2 w371 ;> 02 IFAY BEoln], o3 AR FHt Be s B AR A

A AN 2F EIE ARk, 240, B3 Ao % A AN GRA gl £ A

E9 AT Aol s Btk 0 6() = (01, .- -, 05p;)" 2 FERIE B, = 7,057t Ak

5 AhE F4aFAF) A5te] FHE %41«1 3712y Feis et AR
1 e

2§70 Wee B2YEE of

g
- X5700) (3.2)

j=1

2

oF Zo] yepd = Qlk. oA 4] (3.2)F o83kl ¥l A2k Ao kel thste] v EAsE A3} #

AE 2 3HAL
min { z
v.,6

A7 v = (71,725 - 'Y) 9:(9 1)70(2)7-~ (g)) ojth. Ay, > 03 N > 02 REEFE M+
IFWANNL $4E ol RoAA e 15S A AUL U 5, 4,7t 002 43
9, A 250l £33 BE v 022 FREHY wetA jiA 25 HeeS HS Ey oA Algd
th e IF U deAE ‘?_‘r] oAXe 2L 2&e 9T St F, 457 022 FHHA st
I steiets, o¥ 0.7 002 S48 A%, 2o i 8.7t 002 45 Aot

2

g
=Y X500

j=1

+)‘7||’Y|1+>‘9||9||1}7 (3.3)
2

}N \g
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4 (3 ) oA AN FAHAARE (5,6)2k o
vehd 5 gk webd 249 FAAS 5,8 B2 o,
S AL AL oA Xo,t 0 2AES 2317
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. H-SPCAQ| Altt 2 De|E
H-SPCAE °] 83t 43 AAE F317] HallAe HA A5HA 4% £4& AAlgct a2ga 4]
(3.3)= o83t FA3 430 TARE Zropditt. FAIAA &
Step 1. AS AF k7S] F4EY AAZE o]Fo]7 FH=E Hstt. &, A=V][,1: k|o|th
Step 2. A =la1,...,ar)S LA, 272 i =1,..., ko) tiste] th22] H A 3EA

3]
oo
¥
rlo
%
I
iy
iy

2

g
=Y Xm0 | + Mk +Ae||e|1} : (3.4)
j=1

2

Step 3. B = (By,....5)) % 2433, XT'XB = UDV'9 SVDE Adgth. 1elw A8 A =
UVT= gulolE gt}

Step 4. A7} +H& wj7bA] Step 29} Step 3& WML, £ 424 i = 1,... kol thste] ¥; =
Bz/“ﬁz‘bi Aol st}

Step 201419] 4,9k 0,,9] 4L $3ko], B =R ME T 22 W 2L o] gaksint

Step 2-1. ZtZ+e] ;0 thste] Z27]%k 7](0)% ARG (j = 1,...,9). S o], B dyoaxe

H =12 HAsT
Step 22, Xy =Xy G = 1) AN 0 (0., 0" & chesh 2ol 249

g
0= arg min { zi — ZX(]-)G(]-)
2] -
j=1

Step 2-3. X(j) = X0y (G =1,...,9)2 BABIL, 4= (F1,...,99)" & T3 Zo] T4t

+20l16]11

g —
’?=argmin{ z —ZXum +/\ Ivlll} (3.6)
Y =
Step 2-4. vS} 67} 48T wWj7}A] Step 2-29} Step 2-3L WHESI). AP OW B, = 4,0,,2 2 E3)

2 A3

Step 2] WHEFEAC] 7+ AS AHEE 24 4,2 DA AEfA 0,2 FAHET, FAHE 0,
AN AN 5,8 FARY A, 75t 047 UL bA 01§ ARSI olele HRA
gl A A (3.4)dAMY HATG] e H]7‘7}(n0n1ncrea51ng)‘6]—‘3§ 99 dugEe AAY +F
gt Step 2-20141¢] 4] (3.5)00 B3 H A3} AlE lasso FEA, Step 2-30142] 4] (3. 6)01] #at F =
3} #A|+= nonnegative garrote FEJS] FAE, o] WM=(slack variable) £9] EY& B34 o|AHAE
H (quadratic programming) 2] BAI2 ATFATL & Ut o3 o) AAFY A HE 2] Y 5to]
Roj| A A-&3H= quadprog 3 71 XS AR5t



140 Jongkyeong Kang, Jaeshin Park, Sungwan Bang

Table 4.1. Blue crab data: 25 trace elements

Ag  Silver Co  Cobalt Li Lithium Ni  Nickel Sn  Tin

Al Aluminum | Cr  Chrome Mg  Magnesium P Phosphor Ti  Titanium
As  Arsenicum | Cu Copper Mn  Manganese Pb  Lead U Uranium
Ca  Calcium Fe Iron Mo  Molybdene Se  Selenium V  Vanadium
Cd Cadmium K  Potassium | Na  Natrium/salt | Si  Silicium/Silica | Zn  Zinc

Step 29] 23} EAl+ Step 2-19] 2713k 4V 2] Ao wz} _%]5_—31]7]_ gald 2 9. o= =
7 O%kel 2 A%, 2 W 0y = (051,02, 05p,)9 HES AA FHHER, 4 (3.5)9] lasso
BAAPIA 4e 9AE A S} FadAel @ ofelAA deh olsh A V8] ol 4
o AP ) = (O, 052, 01,)9] WEL 27 2A5I0] 2 WAL 27 Ak 2 ATo|AS
V;O) =1(G=1,...,9)9 A% A 55 é-/] Step 2-2014 ] Ze4g AREA QL lasso FERS] 2A
Z FY AlFshs A F sttt
T, 2 Aol ARER WA 24 el dolA AN B B = ;0= 7100 thEk
&, 5 1Bikll = 35 105x (15 A5 Hol wbg FAA] 73 Faxof wiAls WA o8 743
Atk ol EAE oAgelr] fAa) W wxF=AAmE (0] = 12 AlFshs e A4 5 Aok 2
H} o] o] A} A|FAE Zh= o] AHA|E ¥ (quadratically constrained quadratic program)e] EAZ 7
A5 BE A u1§S TPk E@ ok UFIES TGRS AYNE 42N 0 B 19
e 2 Aol AHESER, 4;7F 0 e 17 25 Al 7heke WS 18e & ok 2 o]
2 0-1 AAE W (integer program) ZA|ol G2z W2 A4l v]§S 273} o]d digh g
oz & A7 AA AR BAHAME 4 <1 (G =1,...,9)8 AE F7t= dAsiglen, tiEe
758l Fel 0 e 19 e zte As sk

—

EFJ

4. ANXtE 24
4.1. HICHH A2

vlhA] (blue crab)s vl =2 7|E8to] U (North Carolina) 2l Al Aels A8 ZAZ wj$ AFe
A 77 &8 Foltk. 28 1986d EeElE 7 (Pamlico River) A HellA 343l vittAISL w4 4
Zpst A 2ka e A FAs A4S Lo Gemperline 5 (1992)+= o] EA
doto] A ~EY LT ROAIS FIAIA AAA A | vEEo] 71" A4 (chitnoclastic) W] 2]
ofell 2%t 7]§l P2 oA ok skl ol2dh 779 vt 2loks 5-25 mme] R} 3

3 1o g Zh3Hr)h Gemperlined} 19 852 ofWd n&F 4] o] Aol o

)
k3
:L
Y
ruﬁ
o
o
m n“ l

A3} o] QAT 247 9)5te] nitile] o], 2k, Teln 2o RE AZE AR
o A B e AAReel el QU Albermarle Sound) A 9] SieiA, 162 Fel2 2
£ wulehAel A% wiTA 27t 16k 2, & 48vtelolth 2 ulehAl R E APE vl (trace

element)“ 257FA] o] m, webA] 48712 *ﬂ:ﬁ—"w‘—;ﬂ FEo] 3709 Mlzxz el wet 257HA]9] vl
Y FFol g E40] O]—?—Cﬂ}iq’ EAE 257149 mlgFdas Table 4.1} Zow, AAE (raw
data) ¥ zgof thdt AL http://www.leidenuniv.nl/fsw/three-mode/data/bluecrabsinfo.htm o]
Al Z1E 4 Qi

A H3H <l H-SPCAS}] HlwE o] Z2AE BAN3} SPCA, 7183 G-SPCAE o] &3}
7y 225 A5Gt 4 AeEY Bato]l th2ng BEAdl= A5 A3 ‘jé ] o= et (Zou

==

0:
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Figure 4.1. Blue crab data: plot of percentage of explained variance (PEV) as a function of number of non-zero
loadings for the first PC (PCA = principal component analysis; SPCA = Sparse PCA; G-SPCA = Group SPCA;
H-SPCA = hierarchically penalized SPCA).

5, 2006). Figure 4.12 7 ol Ael 3 Al F42e) 00] obd AAe) o] mE EAE
A2 (percentage of explained variance; PEV)9] WM3lE R £t} Figure 4.194 & 5= 9}
Zro] AW eyl J79] ARol= EFo|=-2 Z(trade-off) FA7} EAF oz drAsic}. E 25 A 9]
2824 MU Figure 410] e} 8529 F45e) Aol ulal U= wo] WolA)A e Av
FE A 2 50 A9E 2 Shed ol ReAon, o Shers Husns (00614 2o 3
(2006)0] AT WH FARN. 00] obd AA 2 EAD o 7] AT 2ELG] Aelo]
Ji v o] &85 9t} Figure 4.1 53l A<t vl <l H-SPCAZ} SPCA @ G-SPCA¢] 1]
off Sd? 24, S 00] obd HAY ol oA =2 AW Ye 7S &+ doH, 22 duge %
A 7] AeA B AL 591 00] o AAEE Ba 2 BE B @ 4 Ak Figure 41258 7 4
Aol A v 2ael o 290 YR LE UYL F Aw =

A TR AEE o]l F WA FA4E] 00] obd HA 9| o] mE FAHE & 3

Figure 4.20] Wteht Qlt}. Figure 4.20014 8 4 Ql%o], 7 WA SRS A WA F44EZ} vpx7bA]

= A9k whgel H-SPCAZ} 712 489l SPCAS} G-SPCART) & 59 ARjolA] T 1 A9
[e]

T, 2o HHEe 2 FS Hoh 47 AANE 987 38 FAg £ Ak

o

4.2. NI BHl 2171 A=

2008 Z w]=o] 2Oy RIIAE HEIAEY dol sterRE MA AA #7171 BT o]
A MA A= A7 E oAdeS A2 Atk ol Roseg} Spiegel (2011)2 1077 =71=2] ¢
A AEE Y= 1197 A5-59) b B4 (cross-section analysis) S 3 A 44 91719 4
]er I RA5E 23} skt spsitk. FAE B4 SAste] & AFolAs 2E5A7F Sl w7ket o4k

tﬁ-’v\—%—‘% AL 727) = 7ke] 37708 MeES o] &Skt EA0] 23 3779 WaEL olEH
Aoz RE 10709 IFLE #7E 5 Jom o] Table 4.29} Zth. AAE F A5 gt 49
htt //faculty haas.berkeley.edu/aroseol| Al A3 4= 9Jt}.

[‘]0 == 001'
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Figure 4.2. Blue crab data: plot of percentage of explained variance (PEV) as a function of number of non-zero
loadings for the second PC (PCA = principal component analysis; SPCA = Sparse PCA; G-SPCA = Group SPCA;
H-SPCA = hierarchically penalized SPCA).

Table 4.2. Crisis data: classification of groups

Group Abbreviation Number of variables
Principal factors PF 3
Financial policies FP 3
Financial conditions FC 4
Asset price appreciation APA 2
Macroeconomic policies MP 1
Institutions INS 10
Geography GEO 1
Financial linkage FL 1
Exports linkage EL 6
Trade linkage TL 6

Figure 4.3 7 ¥ioll ik AHR 422 00] obd AA Y] o M2 T2 Aol el
o1tk Figure 4.39 4] & 4~ gl vlo} ZHo] A<k ¥ ¢l H-SPCA 7} SPCA ¥ G-SPCAc] v]s] o A&
9] 00] ofd HAAE ZIE 2 AYES /S AT £ vy & A5 SRS JA] BithA
Atz 0| A9} npR7EA 2 Figure 4.3 we) A52 0 AR Aggo) njs)] vF wWo] Hojz|x] =
AES 7HEA AYE A7 AAE ZEE AY3TE Table 4.3 vlttA A 50|49l 22 3y
S% F A RERSFE AYS F 7 | = F N FA4E FA} 2o s EAkE A
st A9E HojEth SPCAS A¢ 17 ARE A &to]] wed sl G-SPCAS} Aok ol H-SPCA
BT} B 4=0] o] ofd AAE ZTTE W& MY o}, =3 G-SPCAS} H-SPCA: Table
4.33}F o] 0] ofd HAAE AEEAS ul T FAE 4 AZ tfE 25 WsET A en,
H-SPCA7} G-SPCAQ]| HJ3] o A2 9] 1 5 o 47 AAE THAEAE o 2 AH
gg 7HS g 5 A

Mo 4
g2
¥
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PC1

143

PEV
0.20
|

10

T T
15 20

T
25
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30

Figure 4.3. Crisis data: Plot of percentage of explained variance (PEV) as a function of number of non-zero
loadings for the first PC (PCA = principal component analysis; SPCA = Sparse PCA; G-SPCA = Group SPCA;
H-SPCA = hierarchically penalized SPCA).

Table 4.3. Crisis data: loadings of the first two PCs by PCA, SPCA, G-SPCA and H-SPCA

G PCA SPCA G-SPCA H-SPCA
roup PC1  PC2  PCI _ PC2  PClI _ PC2  PCl  PC2
—0.111 0.068 0.071 0.116
PF 0.245 0.011 0.183 —0.144 —0.255
—0.046  —0.177 —0.062 —0.044 0.048 0.089
FpP 0.178 0.037 0.246 —0.131 —0.210
—0.049 0.274 0.357 0.405 0.351
0.157 —0.018 0.152 —0.088 —0.079
TL 0.152 —-0.314 0.046 —0.253 —0.502 —0.385
—0.029 0.356 0.589 0.499 0.370
0.029 —0.124 —0.095 —0.195 —0.197
0.039 —0.237 —0.028 —0.294 —0.273
Selected groups 10 10 8 6 7 3 5 2
Non-zero loadings 37 37 28 15 24 13 22 12
Variance(%) 31.5 114 23.5 9.1 26.7 8.4 27.0 9.5
Cummulative variance(%) 31.5 42.9 23.5 32.6 26.7 35.1 27.0 36.5

PCA = principal component analysis; SPCA = sparse PCA; G-SPCA = group SPCA; H-SPCA =
hierarchically penalized SPCA; PF = principal factors; FP = financial policies; TL = trade linkage.

Empty cells have zero

5. Z2 U 85 1wt
B APE MEE] 1S o] g thi ARe) R BA
34 Z438L ARG AL PEL 1F WET e

loadings.

o K9 W A
24 2
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SPCASH vh/AR 2 B3 29 Afel Mgasith Jlesl hue 2% o AEAaE ) %
sk A7 glouh, £ Al hEe AE 8 OF Yol ARA 5SS Adshe 48e 2a
Stk 3R] wo] wate] 47 AAE AL 12 Wl SPCA AL 1§ ATE
A
=

53 Agol Beiste] o ¥ AYHS AAUAE vSe +29 40 ANE B B0l 9
oleie A el AR A AR vl e 2 AA 24 917 BRsl BAS B S
glom, AA| Azols] 48 B3 WEEol TFAS o] It ThFd AA| Azl BA| o8
&2 R,

7129 97 (Kang 5, 2016; Wang 5, 2009)°) 29 ASH 24958 28
he] EERE Ay, doE BT AL B A =\ E WS S xgutve ABAGE 3
Q% Az ek T ASE AV E AT TR BAY H9, shje] 2ERSUL
A W 7 uRRAAe] $HSES @A RolA s Bl 4PS B wAR U B A7
ML F A9 £EES A9 A B ASIHAT T T A 2ERS AL

=2 AL uEE
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