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Selective ensemble algorithm based on AdaBoost and matching pursuit
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Abstract: To balance the diversity and the accuracy in ensemble learning and improve the generalization performance of
learning system, a selective ensemble algorithm based on AdaBoost and matching pursuit is proposed. In the algorithm,
matching pursuit is fused into the training of AdaBoost, in which the residual between the target function and the linear
combination of basis classifiers is minimized with a greedy iterative idea. Then the weight of each basis classifier is updated
by the residual which is generated during the last iteration and then the optimal weights for every classifier are gained, by

which the component classifiers are selected. Experimental results on common data sets show that the algorithm can get

higher classification accuracy.
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#2 ETSYMHEBRRERKFEHN0ISMERXE %
Dataset Single Bagging AdaBoost RSM GASEN AMPSEN
Sonar 76.54+1.65 76.10+£3.80 77.68+2.52 76.61+£3.40 78.15+3.02 80.49+2.62
Tonosphere 86.18+1.70 87.75+1.10 88.74+1.88 87.57+2.65 91.19+2.64 92.92+2.06
Diabetes 75.43+2.75 76.14+1.35 76.32+1.95 76.03+3.14 78.23+2.01 78.22+£1.99
Breast-w 92.98+1.87 94.42+1.70 95.55+2.29 95.16+1.44 96.15+1.87 97.56+1.98
Heart 71.85+6.02 73.33£6.70 75.19£6.50 76.17+6.37 76.98+5.79 76.56+£4.91
Soybean 86.76+3.66 91.71£2.23 92.77+£2.52 91.43+2.50 92.79+2.39 94.72+2.09
Vehicle 79.69+3.19 77.41£1.59 78.19+1.08 77.85+£1.33 80.36+1.46 81.40+£1.67
Segment 95.89+0.91 95.45+0.91 95.93+0.78 95.89+1.18 96.09+1.05 96.41+£0.91
Glass 72.52+1.08 73.07+1.40 73.61£1.60 72.63+1.57 76.21£1.56 79.52+1.08
Letter 68.33+0.49 76.86+0.91 77.82+0.37 76.43+1.18 78.03+£1.47 79.84+£1.36
Satimage 85.324+0.54 86.58+0.81 87.841+0.64 87.52+0.99 88.69+0.95 88.671+0.84
Pendigits 93.4240.21 94.35+0.54 95.48+0.26 94.87+0.35 96.01£0.56 97.06£0.48
Average 82.08+2.00 83.60+1.92 84.59+1.87 84.01+2.18 85.74+2.06 86.95+1.83
#3 ETDTHEMRRKERKFEN0ISHERXE %
Dataset Single Bagging AdaBoost RSM GASEN AMPSEN
Sonar 67.3248.20 73.11£6.66 75.08+5.95 74.46£6.57 75.46£7.02 76.57+6.13
Tonosphere 89.224+3.38 89.18+2.47 92.30£2.90 91.79+3.57 92.46+3.04 93.37+3.20
Diabetes 68.09+4.58 65.77+£4.79 69.14+4.85 68.75+4.56 69.43+£3.46 69.40£2.52
Breast-w 94.71£1.19 95.71£1.52 95.98+1.67 95.85+1.46 96.12+£1.98 96.87+£1.69
Heart 64.81+4.88 65.67+4.50 65.93+3.91 64.07+5.31 66.79+4.56 69.81+£7.09
Soybean 55.76+1.54 69.02+2.37 70.41+£2.12 65.56+2.15 71.32+2.36 75.37+1.67
Vehicle 70.25+3.89 73.63+£1.90 73.01+£2.22 73.28+2.86 75.42+2.34 74.98+1.73
Segment 94.32+1.37 95.88+1.24 96.04+0.98 95.94+1.32 96.25+1.35 96.83+£1.06
Glass 73.05+1.44 74.66+2.18 75.59+1.62 74.67£2.30 77.98+2.34 79.10+£2.38
Letter 72.72+0.47 74.86£0.87 77.05+0.53 76.71£0.36 80.37+£0.79 79.62+0.67
Satimage 86.5442.87 88.8443.65 90.05+2.30 89.19+2.21 91.23+2.31 92.05+2.16
Pendigits 93.67+0.87 95.65+0.25 95.98+0.24 95.04+0.35 96.25+0.31 97.59+0.32
Average 77.54+2.89 80.16+2.70 81.38+2.44 80.44+2.75 82.424+2.66 83.46+£2.55

PERE. [F] IR S 6 45 AR W, 2 TFEAP ) I 4R 1 7
ERETANTE 27 ) BRI o W, 7F Bl T
Iy R Z AR TUAR BTC 5 B, EAT R BEVE AR B
B

R T ARSI 4 SR A T, e v RO AU S
FTish I 53 A5 DA Pk B EAT 43, [R)INE A1 FH SR
[22] FPf Y I — 2E g R HEAT B R4 FIER S 45 i
TAETAEARAE b, REROTVER R ZE . R AT S
IR B T AT e R TR )R ZE AR T B AR B
SPIIE. WA “row” FoR R P RE—AT BT A HVL I
7, “col” RN R AE—H P S L I i 22, W 4 F1
XS5 er —ATIEER TR “row/col” [F J LT F-I4MH; “s”
XF Y AT 25 H 1R 2 win/tie/loss Se vl &, Horb i) 3 AME
23 MR col<row, col = row, col>row HIEHEENHL.

M 4TI 5 ¥ S50 25 A nl LUE h, To ik 24y
PRV FE SVM IE Stk 544, AMPSEN 53k 45 FL A it
NP IR S, M PR R S R = AN G
A DA th, 6 T 5 v 4 BR 4 SRR W i 31 224K IRk
AMPSEN, GASEN, AdaBoost. RSM. Bagging. Single.
B & AMPSEN #3283, ‘B 55 Single 112 7 L
R LA P YA L LAt 5 v AH 6 T Single 158 22 L
R LA IIE#S /N [FIE, 5 Bagging. AdaBoost.

Fz4 ETSVMBIBEIRE LIRE (Brror) EbEE

Algorithm Single Bagging AdaBoost RSM GASEN AMPSEN
Single 7 0.901 0.820  0.866 0.753 0.650
s 9/0/3 11/0/1  10/1/1  12/0/0 12/0/0
Bagging 7 0910 0961 0.836 0.722
s 12/0/0  7/0/5  12/0/0 12/0/0
AdaBoost 7 1.055 0918 0.793
s 1/0/11  12/0/0 12/0/0
RSM 7 0.870 0.751
s 12/0/0 12/0/0
GASEN 7 0.864
s 9/0/3
Error/% 1792  16.40 15.41 1599 14.26 13.05
#*5 ETREMBSEIEE LIRE (Error) L
Algorithm Single Bagging AdaBoost RSM GASEN AMPSEN
Single r 0.856 0.790  0.837 0.742 0.664
s 10/072 12/0/0  11/0/1  12/0/0 12/0/0
Bagging r 0922 0977 0.867 0.775
s 11/0/1  8/0/4  12/0/0 12/0/0
AdaBoost 7 1.060  0.940 0.841
s 1/0/11  12/0/0 12/0/0
RSM r 0.887 0.793
s 12/0/0 12/0/0
GASEN 7 0.894
s 9/0/3
Error/% 2246 19.84 18.62  19.56 17.58 16.54
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Algorithm  Single Bagging AdaBoost RSM GASEN AMPSEN
Error(SVM) 6.6 5.8 3.8 53 2.1 1.5
Error(DT) 6.9 5.7 3.8 52 2.1 1.5
Global 6.75 5.75 3.8 5.25 2.1 1.5

M2 6 1] LA tH, AMPSEN JiT 15 FI| [ Bk A1 31 14
#4571\, GASEN X 2, Single f5z K. A T 96 UE 31X JLFb
TIEM A R R BG g & By =0, FIH
Nemenyi £ 5 /7 7% — BIPFh L BAT B35 22 54
SO PR 7 4 (R AR R P48 22 -t Il S 3 I

k(k+ 1)
. (13)

Mo g, T3l 3k 2 #)“The studentized range statistic”
RAZRN, kN P B0AE T VEEL, T BRI SIS IR I

TEARSER PR T 6 T EE K N a =
0.05 FHIA KRR, Bl k = 6, go.05 = 1.860, fRA I
(13) ] 15 22 53 I 5+ {H (CD) Ky 1.556. W 8¢ 3 6 1] 4,
AMPSEN [¥) 8 - 1) Hi L H A2 5 iR B 32 B 22 /).
AMPSEN 5. 7% 4 Single . Bagging. AdaBoost. RSM.
GASEN [F B M- 35 22 53 30l 2 5.25 4.25. 2.30. 3.75.
0.6, B T GASEN, ¥ K T 22 5 I S8, PR A SCH
E KRR G XU ITE R A St & L R
#7220, B 5 GASEN Z A K, (H AT ik
GASEN AH b AT 505 1 43 2K IR A 2 AR AR R 38 4T 10
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T 48 U1 5 Kappa ¥k 5€, 144 ) Kappa [P {H, 954 7
PJUER . Kappa (B 1/ S5 R0, % 077511
PEREBREF. DA, Kappa A7 T2 — R PR 22 R J5 U532
PERE I 4. B2 M 3 45 T Sonar #4l 4 LI SVM
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