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Abstract Classification is an elementary and important problem in pattern recognition, machine learning and data min-
ing. Though many classifiers have been proposed,most of them deal with complete data, which is due to the complexity
of dealing with incomplete data. Yet actual data sets are often incomplete because of various kinds of reason. So the
study of classifiers for incomplete data is of great significance, With the analysis of main methods of processing incom-
plete data for classification, a new classifier for incomplete data denoted as DBCI is presented. In the training process of
DBCI, frequencies of missing values are distributed proportionally across frequencies of other observed values. So the in-
formation contained in incomplete datasets can be sufficiently utilized. Experiments are carried out on twelve benchmark
incomplete data sets. Compared to the remarkable Robust Bayes Classifier (RBC) that is very effective for classifying in-
complete data, DBCI is more efficient and more stable and its classification accuracy is comparable to that of RBC,
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Data sets Instances Classes Attributes
Annealing 798 5 38
Arrhythmia 452 16 279
Audioclogy 200 2 70
B. cancer 699 2 10
Bridges 108 6 12
Credit 690 2 15
Cylinder 512 2 39
Echocardiogram 132 2 12
Horse-colic 368 2 27
L. cancer 32 3 56
Mushroom 8124 2 22
Vote 435 2 16
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Classification accuracy Runtime(second)

Data sets RBC DBCI RBC  DBCI
Annealing 95.96+0.31 92.74+0.30 2.92  2.83
Arrhythmia 72.7740.89  73.13£0.70 30.64  26.86
Audiology 67.99£0.79  68.64+0.83 4.09  1.22
B. cancer 97.1140.16  97.024£0.06 147 1,49
Bridges 61.6242.20 64.00+1.61 0.56  0.39
Credit 86.180.40  85.70+0.3¢ 155  1.45
Cylinder 71.36+0.48  75.37+1.19 2,95  2.50
Echocardiogram  98,36+0,87  97.264£0.00 0.75  0.69
Horse—colic 85.20+0,59 83.714£0.5¢ 1,39  1.39
L. cancer 56.13+1.67 56.13+1.67 0,45  0.33
Mushroom 95.96+0.02 95.93+0.05 8.72 880
Vote 90.25+0,19 90.18+0.25 0,58 0,50
Average 81.574+0.71 81.6540.63 4,67 4,04
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