KT LBREAR &S PGAK- I B PGAK- [T B a4k
HATBIEBREIRG, FATHE 20 N SRR S BB 431
EASHHRERER S, X AR S hREPHREESH
RENFEVELS SES R PGAK- I B PGAK-TT R
A TREBEES ISR R E ST RE, TRTEER
KitiE SHEARZ A LR NAE 5 B,

80
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w ——PGAK-]
B 40
—8—PGAK-11

# 20
53
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S

B 5 HANA AR AR ER KT TR RSN

ME 5 BILAE ), B ¥ PGAK- [ R Ak I8 i
/NF PGAK- 1 BRI ta 4k, PGAK- [ BRI ik7EvERE F BT
PGAK- I otk XRHE N PGAK-II B etk 3 H
£ RA AL R R A S BUE A L, T PGAK- T BRI Atk
PR EE N SR B O R AR SRS, T HE
BmERS, Rakk EENSEL, ERESEE S HE,
kR EOSMEK, Eilk PGAK-T R Ak 5 ARHNAE
ARt PGAK- | Bigufafh k., BEEREA BRI, X
ERB R, LM E S MRS RABR IS,
5.2 SiEthgE

N TRIEA AT ME F 34785 8 3 1 K-means
BH(PGAKClust) F#: R SCErtkal, RATREVIAE R 12 M 2%
BEASE , 53 5148 B K-Means B 3% fl 4 3048 i B9 PGAKClust
BAFEN LR 12 MBS EHITREECRA PGAK-T BRI
kg . BRERNE 2 fin.

22 BIEHEEMhRR

HAREHER LR K-Means B XFH#E % F PGAKClust R £ £ £
%E ¥ XK K=5 K=10 K=15 RX% FHE#HR

1 100 4 62% 54% 41% 4 94.8%
2 100 6 61% 57% 43% 6 94.6%
3 100 8 54% 59% 48% 8 94.5%
4 100 10 51% 66% 52% 10 94.6%
5 200 8 53% 57% 46% 8 94.1%
6 200 10 50% 64% 49% 10 94. 0%
7 200 12 47% 56% 54% 12 93. 8%
8 200 14 41% 51% 59% 14 93.7%
9 500 10 48% 61% 47Y% 10 93.0%
10 500 12 44% 54% 51% 12 93.1%
11 500 14 38% 49% 55% 14 92.9%
12 500 16 31% 42% 56% 16 92. 8%
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M 2 ATLAR I X F K-Means B ¥k, h T RER %
WHEEALFIE, REBET KRB TTRABORHTREZH,
LGEKREBE 5EERENBENB RN, BRIREHEH
5BE TR [0S, i T3 R RAHh .028 B BURYE, 68
1B BTG BEAIR B 5 At REE R A B B3 A A<
AHIBEBE M, REEHREOSHE TR,

Xt F A CHTHR 1 9 PGAKClust 2678, h TR AR
KEAEHBEFTREE R, BRI
AREHHE , FIRTRAL T I0ETRE A0 M, B e S 3R
RME BAGTTRIRR BB R BUR AP R R A 0, T ARIE T
RBHORETREL ; Besh , EE AT RAA R IR I & TR AL, (8 R
ABORIRE A2 28 | Bond B2 25 RO w18 LUA BRAE .

BERiE FCESRE-FHETIHTREHEIERN K-
means BETF ¥k, TR T 558 K-means BIEX PGB E L
BEREUR, IR REH K LR ENRE, B RET K-
means J KM EBBEAFFTRIEBE NSRS AR
M T B RE S AR RIT K6 F1, LR IR E
BR-FHREENRETE.
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