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EYEIES #Example #Feature #Positive #Negative Example size
Arrhythmia 420 278 183 237 116760
Australian 690 14 307 383 9660

Breast 569 30 357 212 17070

Heart 270 13 120 150 3510
Tonosphere 351 34 225 126 11934

Liver 345 6 200 145 2070

Pima 768 8 500 268 6144

Sonar 208 60 97 111 12480
Spectf heart 267 44 212 55 11748

Vehicle 846 18 647 199 15228

4 SEIOEE RS

AR 1% FHUCTEHE FE2 1910 A S B S A A
T WP S R A 7 B B S B R SRR A SC TR T I
AR BT BIE i-SSLM R 2 4h, A SR i B MM-
TSSVM #5 R1B371 0 SST.M A5 B4 25 it (1) C-SVM 45
TIBSURISS VDAL SO HE AT %6} b sz, FT A R AR 44735 11
Tz AL R, B

2
T, —x;
o ol?)

¥ 2B DL B AR A () e R FH AR 38 RV
fEC-SVMAISVDD R | FL &2 NS5 BTS00

*https://archive-beta.ics.uci.edu/

K(xz;,x;) = exp(—

AE %2 o, 7ESSLMAER FIMMTSSVMAR A
BAEANZH: TSy, v, o MESH o, -
SSLMAEAI AL &SNS BT SE v, vy, vo, OFIFZ
S o. AT, A4 SSLM, MMTSSVMAli-
SSLME Rt [y = vy, ZEUC B TE N {274,
272 20 22 24 3437 JERISST MAIEAYi-SSLMH 2
$v Ay BIEUESE FELA {10, 30, 50, 70, 90} F1{0.01,
0.001}B3%; BAIMMTSS VM 2 %0 flv, I BUE TG Bl
#1745 {0.1,0.3,0.5,0.7,0.9}, Z % 6 () B AH 36 Bl N
{275,273 271}, S H o AT F {274,272, 2,
22, 24 BT S SRS R A T8 SRR



380 oA R 5 N A

H41 %

SRR b, SR A R MR AT M. Dy 14
R HYURST, AR SCHSIRBENL S50~ 5 45 RAE N
PR ARAE, B R SEIRBENL ™ A2 I 2R AN AR, 15
B AR S BORI RS B, FEREAT 5250, B (i
i BE -V AN e 4 55 R BT S9G4S f2 fEPython
WA 3T, AN Python 3.8, FE4-IC & N Intel(R)C
ore(TM)i5-8250U CPU@1.60 GHz 1.80 GHz, RAM A
8.00 GB.

SEEG R G-means = /Sen x Spe x 100%3#4T
TEANY, o SenfISpe 3 il RIBUZ AR R, 7€ XN

Sen(%) = x 100, Spe(%)= 100,
13)

e TP, FPR U 1E 7 A0 % 1) IR SR A TN,

ENTI0I 1A AT R 1R R SRR

KAz T I IRBENL 38 I 2R E 324 1 %14

T
X
TP+FN TN+FP

PR T ENIR, F5HGE 1 X L e 5 IR S 50
FE 4R, A G-meanstBbr LA “ P AriEZ”
TGS, Time 2 VISR [A] P S3ME. 1ERTEE, A
SAERS PRI 45 7 HAb 4RI IS C-SVM, SVDD,
SSLM FIMMTSSVMIIX B4R WRSH LA H, i-
SSLM £ Arrhythmia, Australian, Liver, Pima, Sonar,
Spectf HeartF Vehicle i 4E A7 S 73 8RR s T
fEHeartfllonoshpere 4 4 I, MMTSS VMR 25 5
B lif; TEBreastii 4 |, SSLMAAY A 5 =1 (1 G-mea-
nsfl. Ko6Guit | M ALTE T A H¥a 4 I G-means
ZREHEA. BAR, i-SSLMEAA e LR & H 4. EM
RSN ZRt (A, -SSLMMI & A L %, 32 25 R 2
B AR 5N 2 S IR 240, AT B0 25
(AR 3 BLUAR SC 32 B O A AR B 14 v, IS A
P HERAE UG BB 7T R #EAT S,

& 4 1028 2 H A8 R 09 [0 7 F Kbk S iR
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Table 5 Experimental results from 10 sets of common datasets

C-SVM SVDD SSLM MMTSSVM i-SSLM
e G-means/% G-means/% G-means/% G-means/%  G-means/%
Time/s Time/s Time/s Time/s Time/s

Archvthmi 31.7749.99 44344288  60.65+1.40  50.804+5.50  63.28+2.26
rrhythmia 0.31 0.16 0.23 0.13 2.58

Ausicali 80.774+4.47  72.614£2.14  85.26+1.66  85.4840.61  86.70 + 0.98
ustralian 0.57 0.53 0.83 0.43 5.58

B 91.89 £3.17 9229 +353 95384040 92.81+3.43  93.86 +£2.58
reast 0.64 0.74 0.80 0.57 5.82

6621 +436 6449 +3.15 72.68 £8.14  77.55+4.46 7634 +4.96
Heart 0.08 0.08 0.13 0.06 0.81

X 80.31 £3.84  88.894+4.41  90.34+3.18  94.16+2.81  92.25+1.37
Ionosphere 0.32 0.25 0.29 0.26 2.80

, 21.04 £21.16  54.67 +6.45 59.00 = 8.04 59.32+7.06 63.76 + 2.46
Liver 0.31 0.22 0.33 0.18 0.91

pi 4559 £10.50  60.15 £4.19  70.76 £3.30  71.3442.40  73.47 £2.00
1ma 1.80 1.26 1.66 1.17 6.42

S 4596 £26.27 5842 +3.47 66.034+8.33 64.07+46.74  69.15 +5.97
onar 0.09 0.05 0.09 0.04 0.55

h 28.41 £16.76  53.63 £4.59  72.5743.49  70.1542.71  74.28+2.77
Spectf heart 0.44 0.29 0.38 0.23 2.16

el 91.73+1.69  87.1344.45  9561+1.58 93.5142.22 96.44 + 0.74
Vehicle 226 2.02 1.70 1.88 25.87
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Table 6 Comprehensive ranking of 5 models on public
datasets

HiE%E  C-SVM SVDD SSLM MMT-SSVM i-SSLM

2

w

Arrhythmia 5
Australian 4
Breast 5
Heart 5
Tonosphere 5
Liver 5
Pima 5
Sonar 5
Spectf heart 5
Vehicle 4
Average rank 4.8
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Table 7 Nonlinear knowledge of blast furnace data mining

BF  Proportion%

FELAE RN

10 (g 32 ¢~ 12) — (1.0939,0.5862)||2 — 0.7794 < 0 = & € X

20 |
(@) 30 I
40 I

10 I
20 I
(b) 30 I
40 [
50

2 g *2(1%)) = (=0.7919,1.0939)[|> — 1.8237 < 0= = € X
2 g *2(1%)) — (=0.7919,1.0939)[|> — 1.8237 < 0= x € X
Pz 3204y — (-3.2213,2.1209)[|> — 14.875 <O = w € X

z® ¢ 12) — (0.5862,0.2344)||> —0.0283 < 0 = w € X
2 g 12(1M) — (0.5862,0.5862)[|> — 0.0281 <0 =z € X
2 g7 12) — (—0.7919,1.0939)||> — 2.9794 < 0 = @ € A

(
(
(
(
50 (g2, ¢ 321y — (=3.2213,2.1209)? — 14875 <0 = x € X
(
(
(
(2 ¢712) — (~0.7919,1.0939) %> — 2.8600 < 0 = = € X

g 329

P
o HESIESHN
o RN BB R ) IE 28 AT
(a) il (a)
B P SRR 509% Euti) R s dm AR /3 i 7

Fig. 1 Mining the classification boundary of knowledge under the negative sample of blast furnace data is 50% ratio
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Table 8 Experimental results of blast furnace data

BF  Algorithm  Indicator% 10% 20% 30% 40% 50%
G-means 65.25 £248  68.98 +3.45 7143 £242 6950+ 143 65.79 £4.09
i-SSLM Sen 73.43£890  73.63 £9.17 7471 £699  72.06 £4.06 70.78 +2.21
Spe 58.45+5.25 65.65+11.10 68.64 £5.28 67.25+5.19 61.40+£8.13
@) G-means 54.87£9.19 62.69 £2.84 57.58 £6.24 6535+ 197 63.02 +£3.74
MMTSSVM Sen 68.53+ 18.03  67.55 +8.44 76.27 £11.34  77.06 £ 4.14  68.92 £+ 9.93
Spe 49.324+£ 2195 5891+ 7.85 45.68 £15.81  55.65+£5.29 58.95+11.54
G-means 60.90 £2.16  62.30 £2.22 61.84 £477 64.04+290 64424375
i-SSI.M Sen 67.09 £6.72 67.09 +£10.67 6640+8.10 65.60£5.59 6491+ 8.85
Spe 55.67£5.71 59.42 +1230 58.68 +11.61 62.92+£7.18 64.44+5.62
®) G-means 57.65+ 3.27 61.48 +2.50 60.19 +=4.66  61.784+3.58 62.42 + 3.03
MMTSSVM Sen 60.23 £10.46  58.63 £ 7.91 67.09 £ 421 65.60+3.84 6640+ 5.31
Spe 56.29 £9.09  65.32 +843 5430+ 7.78 5846 +690 59.07 £7.15
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