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An Improved Random Forest Algorithm for Multi-Class
Imbalanced Data Problem Under Map Reduce

YAO Li,ZHANG Xi-huang

(School of IOT Engineering, Jiangnan University, Wuxi, 214122, China)

Abstract: Because the traditional random forest algorithm under the MapReduce still takes the global optimal point
as the dividing point when dealing with the multi-class imbalance data problem, ignoring the influence of the
minority class on the classification accuracy rate., this paper presents an improved random forest algorithm (MR-RF-
SHDSE) for dealing with multi-class imbalance data under MapReduce. This algorithm uses the stratified sampling
method to sample the samples in each category. and uses the HDDT decision tree as the learner to weaken the
impact of data bias on the classification accuracy. Finally, the GMean value and the disagreement measure value of
the decision tree are calculated, we use harmonic mean as a metric to select decision trees. Experiments show that
compared with other algorithms, MR-RF-SHDSE can effectively improve the classification accuracy of multi-class
imbalanced data sets.
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17.End for
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1. treeList < getTreeListBySHDSE () // ¥t/ SHDSE %%
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2. testData < context. getCacheFiles();// M| MapReduce
MEZLI) cacheFile TR A MR EE.

3. For i to testData. length :

4. For n to treelist. length .

5. key’ < testData;. index ;

6. wlue’ < treelist,. predict (testData;) ;
7. context. write (key’ ywalue’) ;

8.  End for

9. End for
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3.3 SKHBIEE
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N T RERS BN R FRE L2 NI LT 0T
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I3 N =RE IR XA = BARE R R RA
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SR R B 4 b AR 22 .
F3 TWHIEE

=N NI
" . S AR ijtz:q:@I
e/ S S B ] (IR) %
DOS/NOR/U2R 4 856 203 74 680. 19
NOR/R2L./U2R 973 959 18 707. 32
KCD
DOS/NOR/POR 4 297 253 94, 48
KCD_ALL 4 898 431 74 680. 19
0/7/8/9 501 454 167 069. 66
0/1/6/7 925 361 2 179.16
PHD
4/5/6 7305 2.72
PHD_ALL 1 000 000 167 069. 66
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(2) T MR-RF-OS 53 25 8005 S 217 B AL
b SR AT 2338 I s A i B £ L JCH 8
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(3) M F MR-RF-US #4575 7 ZHCER S
£ ZHEE A B N G s B AT T A
AT B % fff MR-REF-US 54 % 76 7 F 48 A5 A1 L
MR-RF H%kA —& i3, H & i T MR-RF-US
BRAE VN SRl 55 1 3 o3 B, A5 ok g e
BBl 7 BCHE () 8 AE LA, BT DA AR AR A L MR-
RF-HD 1 MR-RF-SHDSE #/I%.

(4) MR-RF-SHDSE %3 4 It MR-RF-HD 55
M H H GMean F-Y{E AT [-B-measure “FH{E 75
T 130200 0. 966 %6 ITTIGTIE T AR SCHE HE Y
BRI,

4 BAMBET GMean &

MR- MR- MR-  MR-RF-

B RF-US RF-OS RE-HD SHDSE

MR-RF

DOS/NOR/U2R  0.424 0.866 oom  0.912  0.921
NOR/R2L/U2R  0.468 0.894 oom  0.901  0.914
DOS/NOR/POR  0.814 0.919  oom  0.928  0.940
KCD_ALL 0.373  0.830 oom  0.896  0.909
0/7/8/9 0.336  0.899 oom  0.909  0.918
0/1/6/7 0.533  0.912  oom  0.910  0.922

4/5/6 0.929  0.904 0.892 0.905 0.918

PHD_ALL 0.335 0.836 oom  0.868 0.881
K5 BIEEBET (-Bmeasure &

Bk MRRE Rl\ﬁjs RI\I:I—}?)S RI;/I—IEID ZISD};I;
DOS/NOR/U2R  0.401  0.786  oom  0.908  0.919
NOR/R2L/U2R  0.459 0.876  oom  0.899  0.908
DOS/NOR/POR  0.788 0.895 oom  0.909  0.919

KCD_ALL 0.367 0.825 oom  0.885  0.893

0/7/8/9 0.329 0.883 oom  0.903 0.910

0/1/6/7 0.499  0.893 oom  0.879  0.883

4/5/6 0.913  0.871 0.875 0.897  0.908

PHD_ALL 0.318 0.815 oom  0.853 0.862
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F£ 6 AE mapper #HET KCD_ALL ##E&£%1 PHD_ALL 58/ GMean R

12 mappers

18 mappers

24 mappers 30 mappers 36 mappers

MR-RF 0.379 0. 364 0.352 0. 348 0. 340
MR-RF-US 0.817 0.813 0. 801 0.798 0. 789
KCD_ALL MR-RF-OS 0.828 0. 821 0. 819 0. 815 0.812
MR-RF-HD 0.893 0. 891 0. 897 0. 889 0.892
MR-RF-HDSSE 0.903 0. 898 0.903 0. 897 0. 899
MR-RF 0. 330 0.327 0. 319 0. 310 0. 301
MR-RF-US 0.832 0. 831 0.823 0. 816 0.813
PHD_ALL MR-RF-OS 0. 840 0. 836 0. 833 0. 829 0.828
MR-RF-HD 0. 865 0. 861 0. 863 0. 859 0. 857
MR-RF-HDSSE 0. 883 0. 879 0. 881 0. 882 0. 881
F 7 AE mapper HiE2T KCD_ALL ##E&EF1 PHD_ALL ##E&E T {-f-measure [EFR
12 mappers 18 mappers 24 mappers 30 mappers 36 mappers
MR-RF 0. 362 0. 360 0. 339 0. 329 0. 325
MR-RF-US 0. 809 0. 803 0. 796 0.799 0. 779
KCD_ALL MR-RF-OS 0. 829 0. 820 0. 816 0. 813 0. 805
MR-RF-HD 0. 884 0. 886 0. 879 0. 881 0.878
MR-RF-HDSSE 0.899 0. 896 0.902 0. 898 0. 896
MR-RF 0. 326 0.322 0. 310 0. 305 0. 291
MR-RF-US 0.827 0.823 0. 818 0. 817 0. 808
PHD_ALL MR-RF-OS 0.834 0. 835 0. 825 0. 819 0. 810
MR-RF-HD 0. 850 0. 845 0. 851 0. 847 0. 845
MR-RF-HDSSE 0. 859 0. 853 0. 858 0. 860 0. 851
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0 W E¥ 2 v o o5 B B R SRS Y
W2, — YN TS ], B DART LB B A
£ PHD_ALL %{## 4 I+ MR-RF-US fil MR-RF-OS
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