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Online Capricious Data Stream Learning with Sparse Labels

ZHANG Shuai,ZHOU Peng and ZHANG Yanping

School of Computer Science and Technology, Anhui University, Hefei 230601, China

Abstract With the dramatic increase in data volume, machine learning methods have gradually transitioned from traditional static
learning to online learning modes that are designed for streaming data. Capricious data streams refer to data instances arriving
over time in a sequential manner,where the feature space can potentially undergo capricious changes. It means that old features
may disappear at any time, while new features may emerge. For example,in the field of environmental monitoring, the addition of
new sensors or sudden anomalies in existing sensors can cause arbitrary changes in the feature space of the data stream. Further-
more, existing online learning methods for data streams often assume access to the true labels of all data instances. However, in
real-world applications,data labeling is often sparse due to the high cost of manual annotation. Therefore,to address the problem
of online learning in capricious data streams with sparse labels, a passive-active learning-based online learning algorithm called
PAACDS(Passive Aggressive Active Learning for Capricious Data Streams) ,along with its variant PAACDS-1,is proposed. First-
ly,an online active learning method is utilized to select valuable data instances,allowing the construction of superior prediction
models with minimal supervision. Subsequently,after obtaining the queried labels for the selected data instances, the dynamic clas-
sifier, which encompasses the shared and newly added feature spaces in the capricious data streams,is updated using online pas-
sive-active update rules and the principle of boundary maximization. Finally,the proposed algorithm is compared to existing state-
of-the-art methods on twelve datasets. Extensive experimental comparisons and analyses validate the effectiveness of the proposed
algorithm in scenarios involving capricious data streams and sparse labels.
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T AU R H B T BB AR T A 0% L O X o 35 5 R A 2
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AN AR DAL TR, 0145 3 LU SRR
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L
4C

C L
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/NEM BT RE S REORF AL R . B IR B R Y
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BEREEN.
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B DU O 7E A s . 8 5, TH SRR AR AN A s
e < 3 o 0 AT Y 78 1 1 T L A A 6 S R A B L T R R A
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P, SRJG L UEAT RRAE A R A A5« AR AR AR X S 8 S L X AR R
RO JEAT 8 . B0 W A2 A R AR A FR S SE A TT RE B4R B L 1)
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Hepa>0 BIEMASEGH = 8 h) hE JEREE ¢ IR
AR 2 S AIE 2 i F) AR G S B0 0 i L 2 ER T A 2R #
PIFFIEM G BN E AR, EREZR. Z TS B>0B¢e
(0, D) XT3 2 g BEAT BT, Ff B — 30 40 o 1 2 W AR AR A 2,
O 78R — kB e, AR E N REENNES
PR T, BT LAY ) B B P 5 A
3.5 PAACDS &%

ETF LR MRS B B BB A A AT B B R
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[B) A, 4 T T Rk - 3 B 094 B RN TSR PAACDS U
KR AR PAACDS-T, I8 1 Fis .,

AR S 0 8B )8 ¢ 038 00 B S e, BVE 4R
WUTSBRIAT, w58 3—4 5 Je s 86 B0 52 6 o, 19 55
AIE B 52 e ZERRAE 25 6] R0 B R A0E 25 [ 5 4R S5 B A T [ i w e,

LR B AN FRIE A [, FE A ER 5—10 3B R SRR AR
23 B R 4R AT 255 T A 15 0 ) P e 8 8 B L B T
S, WO i, 5 SR TS0 SR BEPLAS i 2, W Z, = 1, 0 £
WBE LHI B TRy, €{—1,+1} . IR 5 B L IRy, A
B ey, 3 TR . T R B 11— 12 A
T PAACDS #l PAACDS-T 5532 i 4 B8 35 SR s, 3k 28 3% s
AR 418 U 5% 3] 119 S5 9] S L AR S A8 % B 3 I Ml R BB R, A b PR
13—14 h, fifi 250 B WA E 7] e, o 32X BT 1 02 F
TR AR B A FARIEBEEE T B T AR AR, R
Z, 1, WA A 160 50808 S 461 1) 2 S AR 48 AN B AR R

B2 AR IRMET 2w mHESR, v DIFEELE S
R0k B LA A 45 0 AT R AR O ) AL 3 e e A T S )
B A VA AR 2 B R S T M A A T, O o Ao R A kR
Fr TR 0 B R
ik - e s
A AESISE C>0, LML S B A >0, BEPRARAE B LB BE (0, 1),

B 0=>1
S IR 1 502 B,

WHHAL : w1 =1{0,0,--,0} ERY 5

1. Fort=1.,2,--,T do

2. B E NGB x € R

3. HLEERRAEZS AV RUH B AHIE S [F] . RS =R*' (IR* ,R"=R* —R*"';
4o Fwox arHEGERIRSL R wi wl L x0ex(

5. HFEUARE S B AEIE pl s

6. HETHME : v, =q,=sign(piw)x; T p'w'x") s

5

7. HEASRBEIERZ R L =
3+ | e ‘

8. IF Z,=1 Then

9. AW ELFRE .y €{—1,+1};
10. A L=

A s s_s n_n_n
(yesy) =max{0,1—y (pjw,x; tp wix)};
//Model Update:
< 11
min{ C, P Nz oz’
{ O 12 +;p)H? I« HZ}
11. t,= 1

PAACDS

e : :
T <l e 0l 2 » PAACDS-I
m‘“{ WD 2+ x| —+;C}

12, w1 = LWy iy Dl Frplwit st wt s
//Model Sparsity:
13. w,=min{ 1 B — Wi
W {.<W‘_H‘>} .

15. Else
16. Wil = W3
17. END IF

18.  END For
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= Loze Mol el e R o BER__ ZA%_ REH
= 2 wdbe 569 30
1— ‘(11 ‘ splice 3190 60
‘(]r ‘ o 2 ):I credit-a 690 15
. svmguide3 1243 22
:ZIDZ M,le‘,(}’_lgil‘)+ spambase 4601 57
ol jonosphere 351 33
Lo . o 1— ‘(11 | spect 267 22
22FZyr, (———1) (¢AD) )
=1 2 libras 360 90
wWEy=0+D/2, i 6>1, B HMAR/ARNERK 2D, dermatology 358 34
N arrhythmia 452 279
CIRVRCE RN v Krvs-kp 3106 36
2 I ima 7
(—1?) lull*=FZe 64 o) (22) P i i

B3],
2 T
(1 é\) Hul\@%zlﬂzi,(aﬂq,\) (23)
38 i AR S5 (23) I

%Eﬂzlmwn(ﬁ lq )]

AT 401 {E A 5 AT HIE D SE 1

E[
—E[ EFz (w) 8+ 1q, HEG)]

—2E[é‘§ F.l, (w)]

<<5i1> lull? (20)

EBL 1R,
4 KB RERSH
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PR R BEDLIR BNy, BT T BG4 28 A B A0 2 I I
MR A4 4325 A5 FH VT 43 R XGRS 353000 L 356 A1 oF 5 = A 5 45 o2
Uk, B, wdbe HU4% 4 5 — Fh i T 2L R 12 T 0 A0
B ALE T 569 AL MR IR RE AR B9 M S RRAE SO L AR A
BT 30 ARRAE , 33 L1 5 E 3 4 Ak 1 TGO 8 i 2L IR 40 i
R BRRAE A 35 RN IR SR, credit-A $HE 4 2 —
A28 A PR VE 20 AR T A A 45 L A T 690 A4
FEA, BEAFEAH 15 MN4FAELL AR, X SRR AE R R T Wi A
A NFN 5515 B L5 AF I P ) S IR B MO B R 4
% . spambase BUHE 5 J& — A T b2 3 R 4 25 09 B0
8, T N R FPA B A8 2 > 50 3 7 3 35 A e 4G 0 5 Tl vy 4
BE A& TR A TFHEEER 4601 DREA, X SRR B FRIT A
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1Pk e
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pAEN 2. 14X 1072, Accuracy B p {H N 3. 22X 1077, HIE
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1.48, HHE 2. X3 METATTLUBB L THL,

1DPAACDS Fl PAACDS-T vs. OGD

ARG H A8 . 78 F-measure |+, PAACDS 5 OGD 2 [
WA B FEZER 1 Accuracy |, PAACDS 5 OGD Z il A &
FE5 . HpfE Accuracy I, PAACDS #1 PAACDS-1 ¥ %
LT OGD, B PAACDS (#6835 b OGD & i 24 185
1t F-measure I, OGD ) £ 3L F PAACDS Hil PAACDS-1,
H OGD Byt F 4 e OLCDS B 2 26 %, SRk , {53 — 48
2, OGD J2 i 7 58 8 09 5 AiE 25 8] I, 1 PAACDS A&
AT B AR It b i EAR S R A5 ) Ee Dk 2090, PR,
PAACDS 1 PAACDS-T B i I [B %€ 1k 25 8] FRFAE 25 [1)
LR A H B A bR 25 7 B 3 o i A AR R 38 kb i 2 7T
LA SCHRE R SRR AE 10 AN EUR AR 1A 6 AN B AT i Rl
X W T AR SOk A AR R B A Rt . 2% 1L PAACDS
M PAACDS-T BLAG 512 (138 FH Y0 B R0 1 3 8¢

2)PAACDS fil PAACDS T vs. RDA

MRS # 56 75 F-measure -, PAACDS 5§ RDA 2 [i]
WA B ¥ % 5 E Accuracy . PAACDS 5 OGD z il A &
ZxES, H¥ 7 Accuracy [, PAACDS #1 PAACDS-T ) &
WAL T OGD, B PAACDS (g ¥EGEF- 34 1t RDA &l 24 15%
1E F-measure I, RDA BRI T PAACDS il PAACDS,
H RDA i 1¥ERET- 3 I PAACDS 5512 27% . RDA J&—Fh
MOP 770 B85 A T BEALES BT BE ALE WAL A, T 4L 38
Bl b ey bl = ) R Ak ) 8, SR, 25 LT OGD, RDA
t,J BT EL A [ R 25 R AL G e 2 2 I B

%2 BRI

Table 2 Operation time

(s)

datasets OGD RDA PAACDS PAACDS-1
wdbe 2.816 5.577 2.295 2.100
splice 2.729 10. 197 15.812 10. 439
credit-a 2.783 5.730 2.679 1.489
svmguide3 2.752 4.187 6.706 3.723
spambase 2.828 9.081 34.061 17.705
ionosphere 2.691 8.042 1.612 1.378
spect 2.698 5.622 1.113 0.928
libras 2.732 6.027 2.068 2.038
dermatology 2.675 7.607 1.802 1.672
arrhythmia 3.060 39.167 6.837 6.870

%3 HEGAEL: ] )ik F-measure L
Table 3 F-measure results compared with traditional online

learning methods

Datasets OGD RDA PAACDS PAACDS-1
wdbe 0.937£0.010 0.894+0.006 0.79340.025 0.786=+0.027
splice 0.789+0.004 0.731+0.010 0.61740.028 0.62940.012

credit-a 0.787£0.014 0.753+0.012 0.61740.048 0.605+0. 054

svmguide3 0.346+0.008 0.32040.004 0.369+0.041 0.377£0.030
spambase 0.676+0,003 0.65640.007 0.684+0.009 0.687£0.015
ionosphere 0.7144+0.011 0.787%0.013 0.47740.067 0.445+0.113
spect 0.839+0.010 0.863£0.014 0.567+0.054 0.629+0.078
libras 0.848+0.014 0.901%0.011 0.647+0.077 0.622+0.053
dermatology 0.94040.013 0.98030.017 0.70740.070 0.6990.062
arrhythmia 0.907£0.014 0.893+0.021 0.65540.050 0.65240.052
AVG. 0.7784 0.7777 0.6133 0.6131
AVG. RANKS 1.7 2.0 3.0 3.4

F4 H5EGAELEST FH LM Accuracy LR

Table 4  Accuracy results compared with traditional online learning

methods

Datasets OGD RDA PAACDS PAACDS-T
wdbe 0.92140.014 0.90440.025 0.973%0.034 0.971+0.035
splice 0.7874+0.036 0.76740.016 0.916740.064 0.923%0.052
credit-a 0.656+0.013 0.67240.024 0.931%0.035 0.923+0.015
svmguide3 0.899+0.015 0.85940.018 0.919£0.076 0.915-+0. 045
spambase 0.6294+0.036 0.67240.027 0.95320.064 0.950+0.013
ionosphere 0.789+0.012 0.81740.038 0.910£0.023 0.905-+0. 034
spect 0.648+0.031 0.64840.014 0.899740.046 0.901£0.025
libras 0.7504+0. 046 0.84740.010 0.917%0.063 0.906-+0. 063
dermatology 0.889+0.016 0.95830.032 0.939+0.035 0.939+0.024
arrhythmia 0.857+0.022 0.86840.021 0.89540.025 0.908£0. 045

AVG. 0.7825 0.8012 0.9252 0.9241
AVG. RANKS 3.6 3.1 1.4 1.7

25 | fif ik ,PAACDS #l PAACDS-1 {14 g 5 1% 57 (10 16 4%
#) B M e, 7E F-measure [ 4 24, 7€ Accuracy I F 1,
SRMT 3 6 % 58 1 FE 26 2 5 J7 1 R A 38 BLA [ 5 R AIE 25 )
B9 BCHE . 1 PAACDS Fl PAACDS-T AR AL AT L Ab B 45 AE 25 (8]
AT T2 AR Ak B i, T EL AT AR TR AR g st B,
PAACDS #l PAACDS-T B A 57 ) {2 (35 A 5%
4.2.2 PAACDS 4= PAACDS-1 vs. i & W 5 &5 5 3 7 %

/N TR 6 T PAACDS #1378 f& PAACDS1 5
WG HE R TE L S R W B R B R AT X L, R
FLLS™? P K & B Wi A28 4K FLLS-1 Al FLLS-II, 78 12 %K
WA B AT S0 AR AR Y B B R 1 rEl .

F5—% 8% T PAACDS F1 PAACDS-1 5 %} M 5 9%
FLLS DA KB WA 28 (K FLLST F1 FLLS-II 16 A [ b 2 4
LG BT S 5 85 AL 1 BE 48 AR 4 $E F-measure F1IE ) 3
(Accuracy) ., % Friedman #5643 5 78 & 12 35 1 F-measure
A bR & ) 1006 BE A 46 AR F-measure £ ¥ 47 4 1L 4]
20% E AR AR Accuracy A1) FR 25 L] 1006, B st 48 AR Ac-
curacy A HIFREE L) 20 06 T #E4T L3, HF R p (H 500K
6.8792X10 %,1.0953X10 ' ,4. 2958 X 10 *Fl 1. 779 6 X
107", M4 Nemenyi K5 %, 715 /9 I 5 256 (CD) 4 1. 93,
% 5— % 8 A 3 nf LIS H LR 458 .

W& 4 H 6 86 , 78 F-measure |, PAACDS, PAACDS 1
5 FLLS.FLLS-I,FLLS-1I 2 [0 547 . & M 25 5% s 78 Accuracy
F,PAACDS, PAACDS1 5 FLLS, FLLS-1, FLLS-II Z [i] A
BEE 2R, B Fmeasure 52 % 45 8, FLLS, FLLS,
FLLS-II 4 [t PAACDS #il PAACDS-1 # K P GE S 47, {H 2,
FLLS DA B /i WA 28 (K FLLST f1 FLLS-IT 32 % 2 kb BB
TE B50HR L K B0 U 1 R AE 43 1) AR AL AT TR B, R ARRAE
25 (8] 7 A0 00) 1 AR A 5 T AR SCHE 9 PAACDS L PAACDS-T
RN BT B R AE 2 (] 2R AT AT o] 04 18 5 B BOHE O 04 R AE &S
] 7T LA 25 #0738 4k L B LA PAACDS Hil PAACDS-T 3& )i 3t il 3
. MRE Accuracy 523 45 F, PAACDS Hl PAACDS-T #f It
FLLS,FLLS-T#l FLLS-TT, AN FE i A7 0408 42 b HUAS 1 s i
WP BE, T OH P A S, R R AE, X R
PAACDS Fl PAACDS-T i % 14 P4 68 o8 47, i Fl 4% 5 8 Jn
Iz,
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(a) Nemenyi test graph of F-measnure

on query labels about 10 %

[# 3
Fig. 3

on query labels about 20 %

(b) Nemenyi test graph of F-measnure

(¢)Nemenyi test graph of F-measnure

on query labels about 10 %

[+ FLLS

~-FLLSIl --PAACDS1 - FLLSI -+PAACDS |

on query labels about 20 %

PAACDS Fl PAACDS-T 5 X Ho 830 56 76 AN [ b 2 45 30 LG ) b 9 8 3003

25 AR L E N 10 %[5 ) F-measure 45 5

Statistical test charts of PAACDS,PAACDS-T and comparison algorithms on different label query ratios

Table 5 F-measure results of algorithms with the query labels ratio fixed to about 10%
Datasets FLLS FLLS-I FLLS-1I PAACDS PAACDS-I
wdbc 0.837£0.030 0.76140.019 0.85810.044 0.70940. 050 0.7302£0.060
splice 0.747+0.027 0.73540.023 0.761%0.063 0.595+0.015 0.596=+0.032
credit-a 0.683+0.019 0.71240.010 0.745%0. 052 0.57540.051 0.60140.070
svmguide3 0.630+0.024 0.606=40.020 0.657%0.034 0.352740.044 0.390+0. 048
spambase 0.846+0.043 0.85040.042 0.863%0.013 0.63340.040 0.62840.036
ionosphere 0.78540.020 0.76440.013 0.75840.035 0.43740.091 0.38640.085
spect 0.550£0.035 0.49740.034 0.436740.024 0.598%0. 131 0.580+0.069
libras 0.570+0.010 0.61940.014 0.62040. 020 0.604+0.113 0.622%0.075
dermatology 0.781+0.017 0.79340.052 0.79540. 053 0.68440.102 0.652740.073
arrhythmia 0.622+0.029 0.60940.024 0.63340.063 0.59240.071 0.644%0. 065
Kr-vs-kp 0.745+£0.019 0.70040.013 0.74540.026 0.61940.031 0.60720.032
pima 0.638£0.032 0.68540.025 0.68710.045 0.48440.070 0.46140.069
AVG. 0.703 0. 694 0.713 0.573 0.575
AVG. RANKS 2.58 2.75 1.75 4.17 3.75
6 EHIARZS LI E E D 20 %1 DL R 1Y F-measure 45 5%
Table 6 F-measure results of algorithms with query labels ratio fixed to about 20%
Datasets FLLS FLLS-I FLLS-1I PAACDS PAACDS-1
wdbe 0.838£0.015 0.851%0.038 0.83240.033 0.793740.025 0.786=0.027
splice 0.763+£0.012 0.76040.021 0.7797%0. 042 0.617+0.028 0.629-+0.012
credit-a 0.82410.038 0.74740.025 0.82240.018 0.61740.048 0.605740.054
svmguide3 0.618+0.029 0.66740.027 0.674%0.035 0.36940.041 0.37740.030
spambase 0.867+0.013 0.84240.015 0.86910. 020 0.684240. 009 0.68740.015
ionosphere 0.810£0.023 0.83740.017 0.82340. 045 0.477240.067 0.445240.113
spect 0.4690.034 0.61440.034 0.533740.032 0.56740.054 0.629%0.078
libras 0.637+£0.005 0.63040.010 0.61140.005 0.647%0.077 0.622740.053
dermatology 0.808+0.011 0.831%0.016 0.835%0.010 0.70740.070 0.69940.062
arrhythmia 0.646+0.035 0.64540.021 0.64740.023 0.655%0. 050 0.652740.052
Kr-vs-kp 0.837%0.052 0.73040.035 0.77740.021 0.664+0.020 0.67940.017
pima 0.679+0.024 0.691%0.026 0.66140.029 0.48440.071 0.47940.054
AVG. 0.733 0.737 0.739 0.607 0.607
AVG. RANKS 2.50 2.42 2.33 3.75 4.00
F£ T BMFRZEHBIEE N 10%EBF A Accuracy 45 5
Table 7 Accuracy results of algorithms with query labels ratio fixed to about 10%
Datasets FLLS FLLS-1 FLLS-1I PAACDS PAACDS-1
wdbce 0.830£0.035 0.74040.052 0.82040. 043 0.976%0.032 0.975740. 046
splice 0.746+0.067 0.73440.036 0.76040.045 0.95840.054 0.960£0. 063
credit-a 0.670+0.056 0.71340.063 0.74240.023 0.965%0.013 0.95840.026
svmguide3 0.675+0.033 0.62440. 065 0.67240.013 0.962%0. 042 0.960+0.063
spambase 0.844+0.024 0.85740.035 0.868+0.024 0.975%0. 052 0.973740.073
ionosphere 0.817+0.053 0.78040. 055 0.76940.052 0.962%0.073 0.94740.063
spect 0.507-50.047  0.50040.023  0.415-0.062  0.95140.039  0.930--0. 034
libras 0.56140,063  0.58640.024  0,606%0,022  0,961%0,058  0.958+0, 036
dermatology 0.717+0.073 0.70340.042 0.71140. 045 0.962%0. 035 0.956+0.074
arrhythmia 0.596-£0.030 0.59640.053 0.61340.053 0.94310. 064 0.940£0.035
Kr-vs-kp 0.791+0.013 0.71640.024 0.75140.013 0.95740.011 0.967%0. 026
pima 0.639+0.035 0.68340.046 0.68340.035 0.93540.024 0.966%0. 041
AVG. 0.699 0. 686 0.701 0.959 0.958
AVG. RANKS 3.83 1.33 3.67 1.25 1.75

(d)Nemenyi test graph of F-measnure
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Table 8 Accuracy results of algorithms with query labels ratio fixed to about 20%

Datasets FLLS FLLS-1 FLLS-1I PAACDS PAACDS-1
wdbc 0.810+£0.023 0.82040.035 0.81040.063 0.97310.034 0.97140.035
splice 0.762=+0.062 0.75940.027 0.77840.074 0.91640.064 0.92310.052

credit-a 0.818£0.066 0.74440.045 0.81740.026 0.93110.035 0.92340.015

svmguide3 0.633£0.034 0.68540.021 0.68640.026 0.919%0.076 0.915+0.045

spambase 0.869+0.014 0.85040.033 0.87740.056 0.95310.064 0.95040.013

ionosphere 0.834£0.055 0.85440.072 0.83740.052 0.91010. 023 0.90540.034
spect 0.507+0.073 0.56740.063 0.50740.025 0.89940.046 0.901%0.025
libras 0.631+0.063 0.59440.022 0.59740.063 0.91710.063 0.90640.063

dermatology 0.756£0.023 0.76440.014 0.76940.023 0.93910.035 0.93940.024

arrhythmia 0.618+0.063 0.65940.056 0.63340.056 0.89540.025 0.908+0. 045

Kr-vs-kp 0.852+0.053 0.71440.046 0.80940.047 0.94240.035 0.93240.047
pima 0.674£0.025 0.68640.028 0.66440.033 0.92510.023 0.91840.023
AVG. 0.730 0.725 0.732 0.927 0.924

AVG. RANKS 4.08 4.00 3.75 1.25 1.67

4.2.3 PAACDS R R #r & & it b 45 5 #7
F T #E— T PAACDS #1 PAACDS 1 75 7K [A] #7 45 25
W B AL AT REZ B SR CIRBEN 1.BRREN

0. 64, bRZ ) LI TE 10% B 50 % 2 8] 25 4k Gl 1 98 2 2 5
. F9FIH T AR A AR A H BT BF ¥ F-measure
gha,

9 AR EPRE LG F-measure 45

Table 9 F-measure results with different query labels ratios
Query Query
Datasets ) PAACDS PAACDS 1 Data Set . PAACDS PAACDS-T
Labels Ratio Labels Ratio
10% 0.70940. 050 0.73040. 060 10% 0.43740.091 0.386+0.085
20% 0.79340.025 0.786£0. 027 20% 0.477+0.067 0.4454+0.113
wdbe 30% 0.76040.032 0.73840.043 ionosphere 30% 0.48940.067 0.456+0.095
10% 0.7907+0.031 0.78140.033 0% 0.512740. 040 0.493+0.056
50% 0.824£0.030 0.7847+0.047 50% 0.5431£0.033 0.519%0. 059
10% 0.59540.015 0.59640.032 10% 0.598+0.131 0.580%0.069
20% 0.61740.028 0.629£0.012 20% 0.56740.054 0.62910.078
splice 30% 0.604-+0.013 0.56440.014 spect 30% 0.619+0.060 0.60840.048
40% 0.61040.016 0.575+0.028 0% 0.621+0.038 0.61540.052
50% 0.631£0.018 0.586+0.019 50% 0.627%0.048 0.62140.038
10% 0.57540.051 0.60140.070 10% 0.604+0.113 0.622+0.075
20% 0.61740.028 0.605£0. 054 20% 0.64740.077 0.62240.053
credit-a 30% 0.63140.025 0.584+0.049 libras 30% 0.613+0.066 0.609+0.068
10% 0.63840.030 0.58940.025 0% 0.624+0.036 0.626+0.039
50% 0.658+0.016 0.599+0.027 50% 0.633%£0.052 0.631%0.036
10% 0.35240.044 0.39040.048 10% 0.684+0.102 0.6524+0.073
20% 0.369+0.041 0.37740.030 20% 0.70740.070 0.699+0.062
svmguide3 30% 0.37140.033 0.38440.043 dermatology 30% 0.68440.036 0.709+0. 042
10% 0.38440.019 0.383740.031 40% 0.70940. 058 0.713+0.036
50% 0.408+0.022 0.391+0. 021 50% 0.717%0. 029 0.726%0.033
10% 0.63340.040 0.62840.036 10% 0.592+0.071 0.644+0.065
20% 0.68440.009 0.687£0.015 20% 0.65540. 050 0.65240.052
spambase 30% 0.662+0.010 0.621+0.027 arrhythmia 30% 0.680+0.029 0.69040.043
40% 0.69540.014 0.63840.023 40% 0.687+0.036 0.70440.027
50% 0.708+0. 009 0.655+0.016 50 % 0.693+0.024 0.707%0. 025
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Fig. 4 Accuracy results on two datasets with respect to parameter
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