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Abstract In many real world applications, different types of misclassification often suffer from
different losses, which can be described by costs. Cost-sensitive learning tries to minimize the total
cost rather than minimize the error rate. During the past few years, many efforts have been devoted to
cost-sensitive learning. The basic strategy for cost-sensitive learning is rescaling, which tries to
rebalance the classes so that the influence of different classes is proportional to their cost, and it has
been realized in different ways such as assigning different weights to training examples, resampling
the training examples, moving the decision thresholds, etc. Moreover, researchers integrated cost-
sensitivity into some specific methods, and proposed alternative embedded approaches such as CS-
SVM. In this paper, we propose the CS-LDM (cost-sensitive large margin distribution machine)
approach to tackle cost-sensitive learning problems. Rather than maximize the minimum margin like
traditional support vector machines, CS-LDM tries to optimize the margin distribution and efficiently
solve the optimization objective by the dual coordinate descent method, to achieve better generalization
performance. Experiments on a series of data sets and cost settings exhibit the impressive performance

of CS-LLDM; in particular, CS-LLDM is able to reduce 24 % more average total cost than CS-SVM.

Key words cost-sensitive learning; margin distribution; support vector machine (SVM); representer
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Tablel Characteristics of Experimental Data Sets

F1IBRABEERES

Data Set Number of Instance X Number of Feature
promoters 106 X 57
parkinsons 195X 22
colic. ORIG 205X 17

sonar 208X 60
vote 232X16
house 232X16
heart 270X9
haberman 306X 14
vehicle 435X16
clean 476 X166
wdbe 569 X 14
isolet 600X 51

credit-a 653X 15
australian 690X 42

german 1000 X 59
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Table2 Total Costs of CS-LDM and Compared Methods
&2 CSLDM K HXtEEB|H B ERMN
Total Costs (mean=std.)
Cost Data Set
SVM LDM CS-SVM CS-LDM
promoters 23.80410. 52 29.60+11. 38 18.20+6. 16 14.40%6. 65
parkinsons 9.40+2.50 11.00+3.13 11.20+2.35 9.40%2.27
colic. ORIG 92.50423.13 84.10414.90 26.50+5.93 27.10+7.71
sonar 46.80418. 24 47.604+17.50 25.90%£6.33 24.60x£6. 00
vote 4,70+4. 64 3.30+2.75 4.40+2.01 2.40%1.43
house 3.50+4. 25 2.30k1.25 3.60+1.65 2.30%x1.42
heart 69. 60+8. 98 75.40412.05 39.80+6.21 34.40%6. 82
5 haberman 133.50+5.82 131.9046.47 87.60+10. 82 77.80£8. 94
vehicle 13.20%5.69 15.90%6. 67 14.20%4. 16 13.70+£3.56
clean 83.70429. 87 105.30419. 65 55.10£9.17 49.70%9.51
wdbc 13.20%7.73 20.2043. 39 12.40%4.33 10.00£2.75
isolet 3.80+3.39 4.80+3.77 3.00+3.33 0.30%0. 48
credit-a 125.804+13. 29 121.204+15.79 72.70£8.53 70.60£7.50
australian 130.00£18. 02 116. 30420. 39 70.90+8.75 68.50+11.35
german 325.30+45. 40 324.70+28. 88 195.80=11. 69 188.10£17.74
promoters 41.80+21.02 54.10£22. 47 26.70+11.93 21.20%12. 14
parkinsons 10.90+4.79 12.50+6. 24 12.80+14.18 9.90%+3.70
colic. ORIG 174.00452. 10 157.60431. 84 25.80+4.10 25.30+4.47
sonar 83.30+36. 85 83.10+36. 23 34.404+4. 81 21.20%2.86
vote 7.20£8.11 4.30+4.74 5.80+3.49 2.30%1. 64
house 4,50+7.32 2.30k1.25 5.30+2.41 2.30%1. 64
heart 130.60+17. 14 142.90423. 87 51.10+3.93 43.20%£9.08
10 haberman 265.50+13. 64 260.40+12.98 85.60420. 84 81.50£20. 44
vehicle 21.70%12. 20 24.90+13. 41 24.50+7.07 18.80%4. 05
clean 154.20+61.08 195.80438. 59 74.90+13.75 64.00£9.56
wdbc 20.70414. 83 20.70+4. 27 18.30+7.93 13.00%5. 06
isolet 7.30%6.75 9.30+7.44 5.90+6.57 1.60£3. 44
credit-a 244.80+27.15 233.70+31.74 96.10+13.35 92.40+13.51
australian 252.00+38.52 223.30+42.90 102.10416. 00 82.30+14.45
german 621. 80495, 35 621.70+60. 26 235.30+23.33 281.50%15. 14
promoters 77.80442.17 103. 10444, 77 43.70423.50 33.20%24.40
parkinsons 13.90%9. 56 15.50%+12. 87 14.80%7.93 10.90%6. 62
colic. ORIG 337.00+110.19 304. 60+66.07 27.00£6.77 24.10%2.60
sonar 156.30+74.23 154.10473.98 32.0042. 21 21.90%+1.97
vote 12.20+15.13 6.30+8. 88 5.10+1. 60 2.20%1.40
house 6.50+13.59 2.30+1.25 6.50+5, 34 2.30%+1.42
heart 252.60+33. 86 277.90+47.90 65.80+24.43 57.90+13.34
20 haberman 529.50429. 39 517.40426. 27 94.10441. 30 89.30138.22
vehicle 38.70425.50 42.90+27. 27 36.30+14.76 24.90%+6.92
clean 295.20+123. 65 376.80+76. 66 85.30+22.27 78.70+14. 30
wdbc 35.70£29. 14 21.70%6. 83 25.40+15.39 15.80+14.71
isolet 14.30+13.49 18.30+14. 81 10.90+13. 62 4.30%8.55
credit-a 482.80+54. 94 458.70+63.76 109. 90422, 40 86.90+11. 05
australian 496.00+79. 63 437.30+88. 10 109.50423. 05 95.50+17. 44
german 1214.804195. 59 1215.704+123. 28 264.204+28.79 227.80%16.37
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R is the ratio of the total cost of each method against that of standard SVM.
Fig. 1 Total costs of CS-LDM and compared methods.
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