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A calibrated lable ranking method based on naive Bayes

ZHANG Qilong, DENG Weibin, HU Feng, QU Yuan, HU Zongrong

(Chongqing Key Laboratory of Com putational Intelligence ;Chongging University

of Posts and Telecommunications +Chongging 400065 ,China)
Abstract: The traditional calibrated label ranking algorithm (calibrated label ranking, CLR) uses pairs of
label associations to transform and predict results. Its algorithmic calibration is achievely comparing it with
the basis of binary relevance (BR). Its prediction has a certain dependence on the results of BR, thus
incurring some limitations on the prediction of some datasets. To better distinguish between the relevance
and irrelevance of the label, a method is presented for calibrating label boundary regions, which further
corrects the boundary portion of the relevant label and the irrelevant label using Bayesian probability,
thereby improving the accuracy of the classification of the boundary domain. CLR method based on naive
Bayes(NBCLRM) presented is compared with seven traditional methods such as calibrated label ranking.
Experimental results show that the proposed algorithm can not only adjust prediction results by modifying

the thresholds ¢ and g, but also effectively improve the performance of traditional multi-label learning
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Tab.1 Description of datasets

A HA% B BEHR REEN REER

Flags 194 19 7 3.392 54
Emtions 593 72 6 1.869 27
Enron 1702 1001 53 3.378 753
Scene 2 407 294 6 1.074 15
Birds 645 260 19 1.014 133
Yeast 2 417 103 14 4.237 198
CAL500 502 68 174 26.044 502

Nuwide 2 794 128 81 1.85 788
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Tab.2 the confusion matrix of classification results
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Tab.3 Experimental results of different methods in Hamming loss

BR RAKEL CLR MLKNN CC HOMER BPMLL NBCLRM
flags 0.295 0.259 0.251 0.268 0.27 0.259 34 0.299 0.242
emotions 0.218 0.201 0.193 0.209 0.197 0.204 62 0.218 0.204
scene 0.099 0.088 4 0.088 6 0.095 0.09 0.087 38 0.227 0.103
birds 0.044 0.042 0.041 0.05 0.041 0.039 6 0.125 0.0357
yeast 0.217 0.193 0.194 0.198 0.194 0.217 95 0.23 0.223
CAL500 0.158 0.144 0.142 0.139 0.144 0.210 8 0.245 0.202
Nuwide 0.023 5 0.022 9 0.022 9 0.022 58 0.023 2 0.036 16 0.037 5 0.019 2
Enron 0.05 0.047 0.047 0.051 0.046 8 0.049 37 0.236 0.052
The number of better dataset 0 1 1 1 1 1 0 3
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Tab.4 Experimental results of different methods in coverage
BR RAKEL CLR MLKNN cC HOMER BPMLL NBCLRM
flags 3.83 4.138 3.569 3.615 3.662 3.969 3.8 3.47
emotions 1.936 2.485 1.812 1.876 1.807 2.203 1.92 1.801
scene 0.099 0.089 0.089 0.095 0.09 0.087 4 0.227 0.1051
birds 2.978 5.672 2.319 2.7 1.92 3.993 8 5.51 2.03
yeast 7.22 9.093 6.233 6.364 6.318 7.744 8 6.69 6.206
CALS500 155.966 168.867 129.34 130.32 136.28 167.113 131.45 130.01
Nuwide 23.19 43.813 13.384 13.782 9 15.92 31.384 15.78 13.04
enron 18.63 31.58 11.734 13.181 12.149 23.226 25 16.51 11.96
The number of better dataset 0 0 2 0 1 1 0 4
%5 7R ranking loss AR T 1R B 4 R
Tab.5 Experimental results of different methods in ranking loss
BR RAKEL CLR MLkKNN cC HOMER BPMLL NBCLRM
flags 0.232 0.294 0.207 0.187 0.213 0.248 462 0.235 0.168
emotions 0.171 0.26 0.155 0.159 0.155 0.203 5 0.178 0.15
scene 0.091 0.176 401 0.072 0.092 0.064 0.134 6 0.176 0.075
birds 0.105 0.25 0.079 0.098 0.063 0.143 9 0.146 0.087
yeast 0.203 0.328 0.165 0.171 0.169 0.231 8 0.193 0.162
CAL500 0.25 0.489 0.186 0.189 0.204 0.316 1 0.193 0.192
Nuwide 0.1819 0.4128 0.086 9 0.089 7 0.100 8 0.237 8 0.102 2 0.085
enron 0.268 0.333 0.214 0.28 0.209 0.3351 0.865 0.215
The number of better dataset 0 0 1 0 3 0 0 4
#*& 6 A EFH LT average precision IR TR LW E R
Tab.6 Experimental results of different methods in average precision
BR RAKEL CLR MLkKNN CcC HOMER BPMLL NBCLRM
flags 0.811 0.776 0.815 0.838 0.815 0.806 0.809 0.852
emotions 0.797 0.749 0.806 0.797 0.806 0.784 9 0.78 0.82
scene 0.85 0.784 0.874 0.851 0.864 0.832 0.689 0.876
birds 0.609 0.329 0.645 0.563 0.705 0.514 0.215 0.796
yeast 0.726 0.667 0.76 0.757 0.757 0.7269 0.732 0.762 8
CAL500 0.431 0.297 0.495 0.483 0.473 0.373 65 0.494 0.486
Nuwide 0.368 0.086 9 0.477'5 0.463 9 0.474 1 0.324 66 0.482 0.585 6
enron 0.65 0.486 0.696 0.635 0.702 0.587 1 0.307 0.684
The number of better dataset 0 0 1 0 1 0 0 6
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Tab.7 Experimental results of different methods in micro F,-measure
BR RAKEL CLR MLKNN CcC HOMER  BPMLL NBCLRM
flags 0.7 0.733 0.746 0.708 0.72 0.74786 0.704 0.758
emotions 0.665 0.663 0.681 0.65 0.677 0.705 46 0.68 0.757
scene 0.693 0.697 0.699 0.718 0.696 0.723 42 0.518 0.719
birds 0.387 0.342 0.365 0.255 0.363 0.53714 0.139 0.589
yeast 0.626 0.636 0.638 0.636 0.641 0.665 23 0.635 0.776 9
CAL500 0.378 0.339 0.349 0.329 0.341 0.432 82 0.441 0.668
Nuwide 0.1263 0.0494 0.0512 0.1637 0.0278 0.314 14 0.355 88 0.639 6
enron 0.536 0.54 0.547 0.466 0.551 0.585 95 0.306 0.574 2
The number of better dataset 0 0 0 0 0 2 0 6
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