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An improved random forest algorithm based on unbalanced data

WEI Zhengtao , YANG Youlong , BAIl Jing
(School of Mathematics and Statistics, Xidian University, Xi’an 710126, P.R.China)

Abstract: Random forest algorithm has better classification performance as a combination of classification
and is suitable for a variety of classification environments, but it also has some flaws. For example, it can
not distinguish positive and negative class when dealing with unbalanced data. By setting conditions on
sampling results, we improve the Bootstrap sampling method, reduce the influence of sampling on non-
equilibrium and ensure the randomness of this algorithm. Then, we weight every decision tree according to
the non-equilibrium coefficient of the generated data to enhance the discourse right of the decision tree
which is sensitive to the non-equilibrium data and improve the classification performance of the whole
algorithm dealing with unbalanced data. With these two above improvements, the new algorithm can
significantly improve classification performance when the number of decision tree is insufficient.
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Table 2 Experimental data sets

Datasets total dim R
heart 270 14 1.25
Wdbce 569 31 1.68
yeast] 1484 8 2.46

haberman 306 3 2.70

vehicle2 846 18 2.88

vehicle3 846 18 2.99

new-thyroidl 215 5 5.14

42 SKBERSH
MNIET 3 AT DL I 4t 7 Hh Ak 5 Y 33 A L T R SE X herbeman #4973 S84 A B B 42 71, HOh e 20 Y
Bootstrap H il A5 5 LAl _L R AT #Y I0 A Bl B 2R AR 12 7T DAk — 20 3 T A B
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Fig.3 Comparison of accuracy

WAL 4 AT LA B BCHE 9 553 AN T DUAR TH 0 20 JEE B 2 (9 IE 2R IR Al e 0 31 T HARR 2,

1.00
0.991
0.98

097

TPrate

0.96}
—e— FA%
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0.95} —B— R
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Fig.4 Comparison of TP/FP
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Table 3 Part of the experimental results

SRR B H 20 10 60 80
heberman N RES 0.909 608 0.920 065 0.921 961 0.923 791

— KBt 0.910 523 0.923 072 0.925 294 0.927 19
TRt 0.934 641 0.934 641 0.937 908 0.937 908

heart E=R7S 0.943 63 0.954 074 0.957 259 0.958 444
— K Pk 0.947 481 0.953 111 0.959 111 0.960 667
ZIREGH 0.951 852 0.959 259 0.962 963 0.966 667
vechicle2 J B 0.993 617 0.994 385 0.995 331 0.995 567
— R WK 0.993 853 0.994 444 0.994 917 0.995 39
R e 0.996 454 0.995 272 0.995 272 0.995 272
vechicle3 JE B 0.940 898 0.958 629 0.971 158 0.975 177
— Pk 0.941 371 0.959 338 0.973 995 0.977 541
TR 0.945 626 0.964 066 0.976 359 0.979 314
wdbe Jir B 1 0.990 51 0.992 267 0.992 97 0.994 2
— K gk 0.993 322 0.992 794 0.994 2 0.994 552
ZREGH 0.989 455 0.992 97 0.992 97 0.994 728
yeastl )N RES 0.940 903 0.952 965 0.955 863 0.954 043
— UK it 0.946 294 0.954 852 0.958 288 0.960 108
TR 0.944 07 0.957 547 0.957 547 0.962 938
yeast2vsd TR 0.989 572 0.992 802 0.992 84 0.994 086
— K Pk 0.990 623 0.993 307 0.995 019 0.995 486

TR Bk 0.992 218 0.994 163 0.996 109 0.996 109
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