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Abstract Random forest is a commonly used classification method in the field of data mining and machine learning,
which has become a research focus of scholars at home and abroad.and has been widely applied to various practical
problems. The traditional random forest methods do not consider the influence of the number of classes on the classifica-
tion effect,and neglect the correlation between base classifiers and classes, limiting the performance of the random forest
in dealing with multi-class classification problems. In order to solve the problem better,combined with the characteris-
tics of multi-class classification problem,this paper proposed a randomization of classes based random forest algorithm
(RCRF). From the perspective of classes, the randomization of classes is added on the basis of two kinds of traditional
randomizations of random forest,and the corresponding base classifiers with different emphasis are designed for diffe-
rent classes. The structures of the decision tree generated by the base classifier are different because different classifiers
focus on different classes, which can not only guarantee the performance of the single base classifier, but also further in-
crease the diversity of base classifier. In order to verify the validity of the proposed algorithm, RCRF is compared with
other algorithms on 21 data sets in UCI database. The experiment is carried out from two aspects. On the one hand, the
accuracy, Fl-measure and Kappa coefficient are used to verify the performance of RCRF algorithm. On the other hand,
the k-error diagram is used to compare and analyze various algorithms from the perspective of diversity. Experimental
results show that the proposed algorithm can effectively improve the overall performance of the integrated model and
has obvious advantages in dealing with multi-class classification problems.
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Fig. 1 Framework of RCRF algorithm
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Table 3 Fl-measure of three algorithms on data sets
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Table 4 Kappa of three algorithms on data sets

B & RF CRF RCRF
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Table 5 k-error data of three algorithms
; N RF CRF RCRF
A%
error K error K error
balance-scale 0.5721 0.2375 0.5657 0.2369 0.5489  0.2404
car 0.7266 0.0856 0.6948 0.0944 0.6550 0.1060
ecoli 0.6532 0.2362 0.6548 0.2382 0.6264 0.2454
glass 0.4347 0.3641 0.4423 0.3573 0.4015 0.3760
krkopt 0.4819 0.3849 0.4846 0.3877 0.4446 0.4017
letter 0.7344 0.1781 0.7421 0.1733 0.7022 0.1970
mfeat-fac 0.6947 0.1835 0.7013 0.1798 0.6552 0.2055
mfeat-fou 0.4377 0.3955 0.4488 0.3880 0.3685 0.4420
mfeat-kar 0.4296  0.3529 0.4442 0.3430 0.3571 0.4029
mfeat-mor 0.6830 0.3383 0.6815 0.3356 0.6713 0.3428
mfeat-pix 0.6601 0.1988 0.6763 0.1891 0.6109  0.2264
mfeat-zer 0.5107 0.3931 0.5217 0.3880 0.4510 0.4281
nursery 0.8325 0.0697 0.7720 0.0961 0.8046 0.0808
pendigits 0.8935 0.0605 0.9012 0.0563 0.8786 0.0678
segment 0.8916 0.0652 0.8959 0.0626 0.8740 0.0739
shuttle 0.9973 0.0007 0.9975 0.0007 0.9970 0.0007
tae 0.3131 0.4773 0.3070 0.4807 0.2860 0.4869
texture 0.8159 0.1107 0.8247 0.1051 0.8006 0.1186
tumor 0.2696 0.6836 0.2674 0.6852 0.2520 0.6925
wine 0.7617 0.1012 0.7703 0.0964 0.7384 0.1071
700 0.8015 0.1079 0.8018 0.1075 0.7787 0.1144
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