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Fast Unsupervised Dimension Reduction Method Based on Maximum Entropy
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Abstract: High-dimensional data is widely adopted in the real world. However, there is usually plenty of redundant and noisy information
existing in high-dimensional data, which accounts for the poor performance of many traditional clustering algorithms when clustering high-
dimensional data. In practice, it is found that the cluster structure of high-dimensional data is often embedded in the lower dimensional
subspace. Therefore, dimension reduction becomes the key technology of mining high-dimensional data. Among many dimension reduction
methods, graph-based method becomes a research hotspot. However, most graph-based dimension reduction algorithms suffer from the
following two problems: (1) most of the graph-based dimension reduction algorithms need to calculate or learn adjacency graphs, which
have high computational complexity; (2) the purpose of dimension reduction is not considered in the process of dimension reduction. To
address the problem, a fast unsupervised dimension reduction algorithm is proposed based on the maximum entropy-MEDR, which
combines linear projection and the maximum entropy clustering model to find the potential optimal cluster structure of high-dimensional
data embedded in low-dimensional subspace through an effective iterative optimization algorithm. The MEDR algorithm does not need the

adjacency graph as an input in advance, and has linear time complexity of input data scale. A large number of experimental results on real
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datasets show that the MEDR algorithm can find a better projection matrix to project high-dimensional data into low-dimensional subspace
compared with the traditional dimensionality reduction method, so that the projected data is conducive to clustering analysis.

Key words: unsupervised learning; dimension reduction; adjacency graph; clustering; maximum entropy
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WYL 4E (http://archive.ics.uci.edu/ml/datasets.php) AT 356, P EMFEARE BWR 1 P,

R HIREFERE

LACITES FEAEL i3 B3 PACITE S FEAKL g3 BN
Australian 690 14 D Glass 214 9 6
Cars 392 8 3 Yale 165 1024 15
Cleve 303 13 4 ORL 400 1024 40
Diabetes 768 8 2 UPS 1854 256 10
German 1000 20 2 Palm 2000 256 100

PAE 10 AN SR 0 & 22 MU F T e 4 . BRI B 6. 0 T KT 100 41 £dls 48, Je R PCA [ 3
100 4. % LU ¥ f4 4k 7 2855 PCA. LPP. ISOMAP. AutoEncoder. LLE. NPE. GoLPP Fl AgLPP. FIf K-
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AR 2023 £ 5 34 A% 4

means B2} R4 T A B BEAT SRS, SR FH I MERGJE (accuracy). AR KL (NMI) FI F 433X (F-score) 1E A 5K
PERETEOT 4845, accuracy 1R SRR HERA B, HHUEVEIHA [0, 1], F-score J2& 73 [H] 2 FHHE A 26 1K) DAL 135 1) 451
H, AT A [0, 17, NMI BUE— 6 HAS B, F Sk 52 0 AN BOE 4 o A (1w & R 2, JCIUEYa A 10,17, ik 3
TR PP SR bR 20 B RR, YA SRSk Be AT, 1X 3 FPfasi iy B v B 7 VA v 225 30k [52]. e JE . HAS BRI F 4

B3 FhRbR AT DIOG P MAS P 200 SR 1 SRR REREAT A5

322 BITSHNE

TESEI b B BRI S HR B W, ST Bk d € 1,...,min(d, 100), Hoh d KR JE UG 23 E1 50 10 4%, 5T
#EFE KT 100 4R, S5 PCA B&%] 100 4E. %} -F LPP. ISOMAP. LLE. NPE. AgLPP il MEDR ik
ke(2,...,12} . LPP ZiEH o e (26— 0,2¢ +2,2¢ +4,2e + 6} , AgLPP 5 o e {5e—-3,5¢—2,5¢e—1,1,5¢ +1} ,

AgLPP #3511 m € (n/10,n/5} , MEDR 5391 (f1y € {100,300,400, 500, 600, 1000} .

323 SR 5T

%+ PCA. LPP. ISOMAP. AutoEncoder. LLE. NPE. GoLPP fil AgLPP 44y, K-means 535817 50 IX,
RIS TP e B A i 45 AT LU 4SS MEDR 5030 (T 22 31 7 288 50, A TF 84T — K K-means 51k, sEE0 450

W 2. 4 3 Fior, SRHA) meanstd(feE4E L) MTE A, PR R R SR M BE SR AR K.

#K 2 KHIELE Australian, Cars. Cleve. Diabetes Fl German (i 45 I [¥7 RIS A
LD e Australian Cars Cleve Diabetes German
PCA 56.20£0.01(9)  65.05£0.02(1)  67.26£0.12(1)  66.09£0.08(1)  70.00£0.00(1)
LPP 69.68+0.30(13) 68.29+0.11(5) 68.09+0.15(10) 72.4+0.52(1) 70.05+0.00(16)
AutoEncoder  84.49+0.26(2)  70.23+0.11(6)  70.69£0.0112)  65.1+0.41(1)  70.00+£0.00(1)
ISOMAP 56.20+021(6)  67.4+0.02(3) 60.4+036(1)  65.23£0.31(1)  70.00+000 (1)
eI (accuracy) LLE 69.23£0.37(1)  69.16£0.05(2)  64.39+0.13(4)  67.04£0.04(6)  70.27+0.00(7)
NPE 72.20+1.02(12) 66.91+0.03(6) 68.42+0.21(9) 74.36x0.11(1) 70.00=+0.00(1)
GoLPP 60.17+0.24(2) 67.91£0.09(7) 62.74+0.19(3) 71.74+0.22(7) 70.00=0.00(1)
AgLPP 68.55+0.32(1) 69.39+0.16(5) 65.35+0.15(5) 72.92+0.14(1) 70.12+0.00(8)
MEDR 85.53(1) 73.72(2) 69.93(6) 73.03(2) 70.40(3)
PCA 3.35+0.06(9) 21.00+0.12(6) 15.35+0.03(2) 3.01+0.02(1) 1.24+0.00(12)
LPP 17.31£0.88(13) 27.46+0.35(5) 17.38+0.28(13) 11.30+0.03(1) 3.10+0.00(20)
AutoEncoder  40.50£0.29(2)  26.52+0.10(7)  13.36£0.01(12)  1.09+0.05(1) 2.03+0.00(8)
ISOMAP 33540.00(6)  21.93x0.01(3)  6.44+0.02(1) 3.00+0.02(3) 1.28+0.00(1)
4% (NMI) LLE 10.56£0.00(1)  26.14£0.14(3)  9.04=0.11(8) 3.85+0.13(6) 2.04£0.00(1)
NPE 22.17£0.33(12)  27.3120.63(6)  19.47+0.02(11)  14.35£0.00(1)  3.67+0.05(13)
GoLPP 6.7340.10(2)  15.39+0.03(4)  10.97+0.03(3)  12.04+0.08(7)  2.99:0.00(4)
AgLPP 10.8840.02(5)  24.36£0.12(8)  9.74+0.03(5)  12.20£0.06(6)  2.21+0.00(5)
MEDR 42.79(1) 33.63(2) 20.83(3) 12.13(4) 9.32(1)
PCA 66.94+0.14(6) 51.14+0.23(6) 64.02+0.09(2) 64.36+0.32(1) 67.05+0.00(9)
LPP 70.68+0.27(13) 63.20+0.63(7) 61.06+0.48(13) 72.12+0.10(1) 67.09+0.00(1)
AutoEncoder 84.53+0.02(2) 68.25+0.29(8) 62.22+0.13(8) 60.42+0.23(6) 65.96+0.17(17)
ISOMAP 66.94+0.23(1) 59.78+0.35(1) 61.62+0.71(1) 69.39+0.31(1) 71.46+0.00(1)
F4 %% (F-score) LLE 68.47£0.00(1)  63.58+0.46(7)  62.2240.16(1)  69.3120.13(8)  71.29+0.00(16)
NPE 72.8320.72(12)  62.93+0.25(6)  61.5040.14(9)  74.26£0.18(1)  67.15£0.00(2)
GoLPP 66.9940.35(2)  55.224031(5)  56.06£0.11(11)  71.89£0.52(7)  68.51£0.00(17)
AgLPP 68.51£0.57(1)  64.69+0.83(1)  63.49£0.72(2)  72.74£0.62(1)  68.41£0.00(7)
MEDR 85.57(1) 67.75(4) 64.04 (2) 72.67(2) 69.88(2)

X2 IS R, AT Y MEDR 5H47E Australian, Cars. German X 3 MRS T I U 10
accuracy {H, 7 Australian. Cars. Cleve ! German iX 4 N4 Fak 55 47 1) NMI {4, 7 Australian F1 Cleve
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AR kAT T 34 11 F-score H. K124 Cars Fil Cleve NI P8 4L, T LA 3 MPEMFRbr 0 2 45 A —EL
MEDR 5E7E Cars $¥i4E IS T £ 47 1¥) accuracy F1 NMI {8, 1 AutoEncoder X3 T 547 f) F-score {H.

X3 KEEL Glass. UPS. ORL. Yale FiI Palm $li4E FIEPERE

EEL7D AEITE Glass UPS ORL Yale Palm
PCA 58.79:030(1)  72.80:0.07(89)  59.8310.04(47)  42.79:0.04(8)  77.22+0.02(73)
LPP 60.42+0.20(3) 76.83+0.09(8) 71.90+0.05(24) 48.30+0.01(15) 86.41+0.08(29)
AutoEncoder  6238+0.10(1)  69.67+0.04(68)  58.87+0.04(73)  4121£0.25(23)  72.51+0.04(92)
ISOMAP  57.71£024(2)  81.71:0.26(74)  61.43£0.01(18)  44.6740.08(57)  5.95:0.02(1)
HEW % (accuracy) LLE 55.84£0.11(6)  75.96:0.16(4)  63.73£0.0426)  50.06:0.15(17)  55.3320.02(62)
NPE 59.11+0.26(3) 74.75+0.08(11) 71.08+0.02(17) 49.3940.04(13) 85.14+0.04(30)
GoLPP 50.23+0.18(5) 47.81+0.05(100)  46.10+0.01(100) 23.45+0.01(100)  79.66+0.01(100)
AgLPP 56.50+0.32(6) 75.12+0.09(56) 50.83+0.03(28) 43.33+0.15(68) 73.03+0.12(57)
MEDR 71.03(5) 76.70(18) 74.25(22) 50.91(15) 88.30(53)
PCA 420120.179)  62.0120.01(23)  76.27+0.01(47)  48.89+0.03(33)  91.31+0.70(90)
LPP 40.1040.15(3)  68.97+0.03(6)  83.88£0.01(27)  53.09+0.02(15)  96.07+0.62(40)
AutoEncoder  39.33£0.10(6)  60.50£0.03(68)  75.67+0.03(73)  45.89+0.06(23)  88.58+0.61(92)
ISOMAP  42.68+0.16(2)  75.57+0.14(37)  76.82£0.02(20)  50.37+0.01(17)  19.65:0.31(1)
{34 (NMI) LLE 44.47:0.052)  73.63:0.01(4)  79.36£0.01(26)  53.11:0.0720)  76.81£0.25(62)
NPE 40.7740.13(4)  66.29+0.01(11)  83.63:0.01(17)  52.87+0.01(13)  95.48:0.26(30)
GoLPP  23.67+0.06(8) 41.58+0.05(100) 61.46:0.01(100)  24.40+0.02(1)  93.07+0.29(100)
AgLPP  35.64£0.02(4)  66.50:021(56)  69.43+0.22(28)  47.66:0.15(66)  86.52+0.31(57)
MEDR 60.32(5) 68.57(18) 84.20(30) 55.56(16) 96.21(62)
PCA 5720:0.01(2) 69.71%0.10(23)  59.07£0.09(53)  4627+0.06(8)  75.88+0.02(89)
LPP 56.53+£0.07(3) 74.37+0.04(11) 69.98+0.04(26) 52.73+£0.01(15) 85.90+0.08(35)
AutoEncoder  57.85+0.12(1) 67.15+0.13(68) 57.56+0.06(73) 44.03+0.13(23) 71.45+0.05(92)
ISOMAP 58.00+0.04(2) 80.37+£0.50(74) 60.84+0.03(18) 48.15+0.06(17) 2.4540.03(1)
F4 8 (F-score) LLE 56.6940.01(2)  77.4040.054)  62.49+0.06(26)  53.61£0.12(20)  53.67+0.01(62)
NPE 57.42:001(3)  71.78:0.05(11)  69.26:0.02(17)  52.90:0.01(13)  84.54-0.03(30)
GoLPP  48.55:0.17(7) 48.25+0.01(100) 45.28+0.00(100) 23.28+0.01(100) 78.94+0.31(100)
AgLPP  54.67:023(6) 72.48:032(56)  50.04£0.46(28)  45.88:033(21)  71.63£0.18(57)
MEDR 65.84(8) 73.75(18) 73.84(16) 52.24 (19) 87.41(42)

JL4 MEDR S3E7E Cleve $dn4E b %A WS 5 I/ accuracy {8, {HHS T &4 ) NMI {E F1 F-score {H. /E I
B 5 A PR4E b, MEDR SE IR 25 M g UT, AutoEncoder H AR 2, PCA HikinZ. XF German #¥asE th TH
5 ANERER Credit amount, JCBUE G Uy 2 B BT IR UERE, pr DABER A RAE N 2258 5 AN4EE, R
o FE B B 2, BT LA BV R SRR MR A 2

FRESEIRAE Glass, ORL. Yale A1 Palm Edla (0SB 45 2R th 46 3 45 th, 3 3 P %t v] LU i, MEDR
FLI33RAG T B U 1) accuracy {H A NMI {H, 7E Glass. Yale fl Palm $¥s4E L3k 155U 1) F-score . 7E_idHidude
I, MEDR L1 55 B 5 if, ISOMAP BLIR 2, GoLPP 5ididp 2. & 2 FIEE 3 h i %dls % W, MEDR 7E 10 4
SRR AR T 7 AN ER A FIRMS T B 1Y) accuracy fH, 7F 8 NS BT T HAFH NMIAH, 75 6 M % -

A5 T BUFH) F-score {H.

2. R3PS g BB R AN 2 B AR, T R SO IR G AT AE T 4 AR A 4 7 2 ]
2%. MEDR %2

S A RAUEW] T MEDR 505 75 B 2 K e o Rl o3 B R SRASEIRY, AEdth 5e J3 T AEAR o525 1] 19 2R

> BB AR, PIH I 2 18 1) £t 8038 2 B AT S U SRRR Gk 1 1 2 ) .

3.3 HIETEL

Bdl AT A4 2 B R AR I — I B . BRAT I 4 UCT A S % (http:/archive.ics.uci.edu/ml/datasets.php)
1) Wine FEMERIR AR AT S5 56, Wine HUREG Y 178 MR, 48200 10, 430 3 28, L 8—4 59 MR, K8
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H 71 AREA, =1 48 MEEA. ST H PCA. LPP. ISOMAP. AutoEncoder. LLE. NPE. GoLPP i
AgLPP. #H LB HK BEAS B R 4T Breast 54, GoLPP (1545 =10""", AgLPP [1Z¥m=140. 6=0.5.
LPP [1Z%16 =200, LPP. NPE. GoLPP. AgLPP. ISOMAP 1 LLE #Jit: 435 Kl 2% k 3% & 0 12. MEDR (1)
ZHy = 1000, K BEFRAH S 50EM i nT f4b st 45 S0 i 1 pos.

1 PR LREFRE—, HARERRE T, B SR RK= K 1 £ MEDR LT Wine B4 3 28
SEAAIF, ARG 4r HAR. R K-means S50 B 1 5088 T 524, MEDR [ EEHI %A 97.53%. %f
T Wine i 4E, 54 %5 2 I AutoEncoder F1 AgLPP AH LG, MEDR K2R EUERRILTT T 25.62%.

’ 8 * #
. g %
- *k‘. ':
- o]
L]
o
o
L]
ry )
& o
el etk W
(a) AgLPP (b) AutoEncoder (c) GoLPP
o
) *
& *
*x¥% O
W i%f *
* ¥ **{%}5 * ;gﬁg@‘\%
* T
* * ¥ 5 %
4 « Hyowan ©
* *
* *
(d) ISOMAP (e) LLE (f) LPP
2 oo :
o ° A~ & Ooc&, * Ky *4:
SR Ll B 300
o © oo °g SR T
@® o o0 o % ‘baﬁ?‘ sl # xR
& % o o * %48, 5 fe o ¥ 4
& . ES) 9; i ;e O o * *:
° ** * % *o # * *
* ’}fi%“ it ¥ : y
* £y owx oj © o
. o
(g) MEDR (h) NPE (i) PCA

Bl 1 &EEAE Wine R4 B e MALE R
331  BHEIRIBATI AL

MEDR H AT FEAR A Sk M0 A1 52 4¢ fE. PCAL LPP. ISOMAP. AgLPP. LLE fil NPE /2 4RiEACH:,
GOoLPP. AutoEncoder fll MEDR J&iEACHE. 3R 4 FIH T #8040 L0 B4 _LIXIs47T i a).

TESEPL A, BB /AN T HAR UL, BT LA, 75 I ) B 2% B2 5K 50 1, GoLPP. AutoEncoder 1 MEDR £ HX
—UIEAR - A I TR HEA T B3 236 4F Australian. Cars. Cleve. Diabetes. German. Glass. UPS. ORL. Yale
Fl Palm 55 10 M IEHESHR AT, B — ¥ 5 13 2 4, & NS EODUE T I — A S 50217

[A A Cars. Cleve + Diabetes f1 Glass #8571, PCA IBATHERYL, FrlLH— R WK 4 P LLGEH,
PCA Wiz ATH LB . AgLPP | FH Al U AL 7R A [ (P AEARLSE SHEL B, S8 A7 3 HE Al EE A B LPP NPE #1 GoLPP
Bt 25 S0 DU P 8 K, 3247 I 18] B B 55 T MEDR $53. LLE SRR Rt A OC R, 181730 % th LLA 8.
ISOMAP H T+ 55 fc i R AR 4%, LI () S 2% o O(n?), J& AT 0T B B3 b fi i 1. SR04 2R 3R W] MEDR BAT#T:
AABU L EIN 18] 85, 384T 3805 ] L B F LPP. ISOMAP. AutoEncoder. LLE. NPE. GoLPP il AgLPP.
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EFgA E A TR RE R BB RS 5 % 1789

R4 FEAELR AR EREATIN ] LR (ms)

e Australian Cars Cleve Diabetes  German Glass UPS ORL Yale Palm
PCA 28.13 - — - 7.81 - 15.63 10.94 6.25 17.19
LPP 125.95 43.79 39.71 124.74 178.73 24.00 764.28 116.97 28.82 738.32

ISOMAP 6050.35 201736 111632 814236 13652.78 564.24 80557.29 194792 388.89 58923.61
AutoEncoder 757.81 295.31 307.81 214.06 454.69 262.50 406.25 34531  265.63 534.38

LLE 302.60 178.30 100.69 443.23 507.64 91.49 1964.06 128.99 56.94 1793.92

NPE 137.85 102.26 62.50 240.28 208.85 59.55 1128.65 70.31 34.20 891.32
GoLPP 98.05 39.45 25.00 113.28 220.70 15.23 960.55 64.84 23.05 913.67
AgLPP 44.28 12.13 11.29 23.81 33.90 9.55 137.58 31.21 23.71 133.88
MEDR 30.51 3.60 2.00 9.60 16.40 1.10 34.00 22.20 16.86 95.22

34 SR

MEDR 50295 R B4 I AR AERE @ - BRIP4 IR 7y MR K X 3 MBS, S50 0 sE 5
KA EE LKL RN T RFER S y K & REE R [1,d], PR 1y (AR R IR 2656 % 5 Y
[100, 300, 400, 500, 600, 1 000]; K FFIMUE Y B E R [2, c], IMRLKA 1, ¢ RARFMEA LIS

(1) y {H AR50 5 2SR 2 1) 5

ARy B R BT S P O FEARYE T 25 TR P AN ) 23 A, p (BB, AR AR IROR A5 2R 14 5 i K, T 2K
ot BRAR ) Sz, R O L FRATIERERELE 10 ANIEAER S LRI R A SR 2R 4 R 1 () 2 FE kAT 43 AT,
K 2 #iiR T MEDR SE#ERMERSR4E IO F 030, BA5 SRR ISHER E BEAS F 10 y B 6 L7 25 W A8 1k
T

0.9 1.0
) 0.8 = 0.8 F
S =
2 0.7 Z 06 |
& buis
& 06 L q 04 T
R
A% | R A ——
0.4 0 -
100 200 300 400 500 600 700 800 9001 000 100 200 300 400 500 600 700 800 900 1 000
PR T () PR T ()
(a) (b)
0.90
085 F——
§ 0.80
§ g;g —— Australian —s— Cars Cleve —a— Diabetes
< - — ] —+— Glass —— UPS —=— ORL —2— Yale
w065 \/ nnd - German Palm
E0.60
£ 055
0.50
045 Lo~ o . . .
100 200 300 400 500 600 700 800 9001 000
T ()
(©)

K12 F 8. TAR TSR SSUER R B B A4 A
MK 2 TTRAE Y, y EEXS F-scores NMI Fl accuracy 52Mi1R K, 71 H#AA BB AR ICHE. 61T a4k,
y =100 I, B2 )5 1 A5t mT BAS B I (R SR 2P .y HOBUEDGS Palm B8 4 B 41 5 (1 2000 1) 2R 28 1 e 5% 23 W
B, y =100 I, BAEMERERLS, v =400 I, KM Rt 2. X1T Glass Hdli4E, 2y = 600 IR fEfH:, v = 1000
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1790 AR 2023 55 34 AF 4

B2 M REARAK. BR T Palm A1 Glass Zli 48, H A A A Xt y OB Lh & #. JB L 48 y O EX i, MEDR Skn]
DASRAFAR = (R 2RSS VE R, I 3] S5 D P43 5 0 Wb v 2 25040 ik N B 4 7 245 ) .

(2) d PR 6] B SSHERS 2 (¥ 5 )

AN @ A AN [ S R B S A0 B, %6 B A AN [ R B2 0. DRIIT, F 2348 T AR SR SR R MERf 8 < B
d (B AR A, ST AL, LA R A AR T AR MR, B 3 BoR T F 448 645
SRR ISHERA L RE o (AR DL

0.9
0.8
0.7
0.6
0.5 g%
0.4 {#
0.3
0.2
0.1

£ (NMI)

=]

LR

F 43 % (F-score)

0 20 40 60 80 100 0 20 40 60 80 100
WL I 4EPE (d) FEYE S I YERE ()
(@ ()

—+— Australian —e— Cars Cleve —=— Diabetes
—=— Glass —— UPS —— ORL —— Yale
German Palm

HER (accuracy)

0 20 40 60 80 100
[t S5 4L (d)
(©)

K3 Fodl. GAREAERRAERERE o (AR s Bt

ME 3 LG M, WN4EE A MEDR #3535 T Australian. Cars. Cleve. Diabetes. German. Glass. UPS.
ORL. Yale Fil Palm (4 4 I S LR ML RE T AE MR 4 5 M 4E RS, 2050028 3+ 1. 24 1. 1. 2. 18, 22, 20
1 53. 76 Lk FAEA]h, K-means [ accuracy 23 HIEE] T 85.65%. 71.38%-. 61.93%. 73.05%. 67.57%- 56.05%-
76.70%- 74.25%+ 52.12% F 88.30%. 55 Ji 2% [ ¥ 1) accuracy # Lk, MEDR S35 76 125 7] () accuracy 43542
T 29.24%. 26.48%. 17.05%. 7.29%-. 0.37%. 1.84%. 10.36%. 14.25% K1 42.24%. F-score. NMI FIAZAL 1510
L Accuracy JEAR 3. S 45 AR W, 4R A TSR M AR AR IR NAE IR 4E T 25 T .

(3) FBRL I K [ E AR YT 58 S UEAff 5 (1) 5 1)

K (W EUE R T X AEAR i 5 2 b0 2 T U RE P IR G RE B, K (D, RoaBURERE Pl b, B 4 R
T K HUEXT MEDR HAR S ERE M R M. Palm 2R AEM K € [2,33].

4 KW, XFIEEORT 5 AR AL, K (LS I F 2050, BRSNS EUERG B (0B Bk, TR Re A,
SEG g5 U, AR B A T ], RT LASRAT B A Y RSP R W B AR M RS B AR K E, v DL 2 AR T
MEDR Hi% HIRISPERE.

3.5 WEURE

MEDR $357E 10 ANEEHWE S 1 1%EARIZAT 100 X, 450y IUE 1000, B4 H4ERE D 2. BATTd s f k%

AR H bR e Ml R Min-Max (977 X347 H—4k. I 5 75 T MEDR SLVELE &M EdE 4 R Sod fe.
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—+— Australian —e— Cars
—o— UPS —— ORL —2— Yale

—+— Glass
—<— German

15 20 25 30 35 40
MBLAIA (K)
()

Cleve —=— Diabetes

Palm

Bl 4 Ford. HAREAREHER ERE K AU A Ol

1.0 fomsnes

0.8

0 20 40

—+— Australian

—o— Cars
Cleve
—a— Diabetes
—#— Glass
—o— UPS
—s— ORL
—a— Yale
--—- German
Palm

80

AR

5 MEDR SAAE 10 ASJEAHERCR AR WS i £
1% 5 AT LA HY, MEDR 52:7F Australian. Cleve. Diabetes. Yale Fil Palm E#54E I, 3847 20 A A w8t
T.{E Cars. German. UPS ##a4E HIZfT A2 60 U8k T . 78 Glass. ORL #di4E FizT A% 80 Rt sl T,
JiT LA MEDR S0 SICH FEAR PR

B0 5P PR T T 1 o A B3 i TS R s 2 ) A B I, o S A 2% B s, T HL R R R b VAT 25 FE R 4 )
Kot 10 & A5 D, BEATIFE N T B PR IR PR e 1k [ 4 577 MEDR. MEDR $5330f 2k 1 [ 4 i e 55 R
BB S AE i, AR R S BRI A LM . DR AE R (it R Bl 7 BRI SRR, P AR 448 142
P B AT R ISR AR TAT DO BCE R K Pt D it 20 SRORR TH e 2k s ol 1RO SRS IE . R R ME Rl 4 L1y
K45 KRR W], MEDR 5L BATERAE (KN 10 2% 2, FATIREF 0 e rT A RCR, 3871 1 R4 5 Hodha (R 2R 2R Pk g
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