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A Fisher L inear D iscrim inant Classification A pproach D ealing
W ith Single Positive Sample

Y n Junmei YangM ng

(School of M athem atics and C anputer Science, N anjing Nom al Uniwersity Nanjing 210097 China)

Abstract An approach to dealing with inbalanced data set with only one positive sanple & poposed After fnding out
the K-N eaeN e ghbours( K-NN) of the single positive sanple according to certain mles synthetic sanp ks are produced n
turn on the connected lines betv een the single positive sanp ke and every near neishbour of it Then the produced synthetic
sanp ks are added to the orignal positive classes Furher the new data set 5 traned with the weighing F sher linear d is-
crin hant classificatbn appwach In he experiment eichtdata sets are chosen fiom UCL and the data sets are traned
The results show that ths approach can mpove the classification perbmance of the m inority classes effectively
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Tablk 2 Experinentaldata sets
liver_ disord er(2 L) 1 2 145 200
Ghs{(7 ) 2 76 138
Pima(2 ) 1 0 268 500
Sonar(2 ) 1 2 97 11
Wde(2 ) 2 1 212 357
Dibetes(2 ) 1 2 268 500
Vehick(4 ) 1 217 629
Thynid(3 ) 3 30 185
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Tabl 3 Experinental results

K=6 K=9
Datasets FLD FLDDW SPS FLD FLDDW SPS
R P F R P F R P F R P F
Li 0.206 0884 0.324 0.545 0.883 0. 670 0.249 0908 0.376 0.518 0.863 0.636
G lass 0. 349 0888 0.476 0.578 0.872 0. 693 0.327 0870 0.465 0.621 0.849 0. 715
Pina 0.195 0906 0.316 0.402 0.880 0.4 0.186 0928 0.296 0.468 0.883 0. 605
Son ar 0.081 0859 0.142 0.332 0.866 0.471 0.068 0954 0. 121 0.348 0.806 0. 44
W dbe 0.363 1.0 0. 50 0.664 0.983 0.790 0.578 1.0 0.719 0.667 0.970 0. 781
D nbetes  0.231 2907 0. 355 0.330 0.854 0. 466 0.279 0933 0.415 0.462 0.890 0. 602
Vehick 0.282 0988 0.428 0.747 0.932 0. 86 0.311 0. 99 0. 465 0. 661 0.890 0. 748
Thyrid  0.648 0988 0.776  0.862 0.852 0.83 0.714 1.0 0. 823 0. 931 0. 86 0. 891
3 , FLD s
, F~value , recall
8 F-value  recall ,
V ehicleg k=6 recall 46. %0 , F-value 39.8%, precisbn 5. 6o .
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