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ABSTRACT

In this paper, we consider the problem of exploiting a taxonomy of propositionalized attributes in order to generate compact and robust
classifiers. We introduce Propositionalized Attribute Taxonomy guided Naive Bayes Learner (PAT-NBL), an inductive learning algorithm that
exploits a taxonomy of propositionalized attributes as prior knowledge to generate compact and accurate classifiers. PAT-NBL uses top-down
and bottom-up search to find a locally optimal cut that corresponds to the instance space from propositionalized attribute taxonomy and data.
Our experimental results on University of California-Irvine (UCI) repository data sets show that the proposed algorithm can generate a
classifier that is sometimes comparably compact and accurate to those produced by standard Naive Bayes learners.
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Fig. 1 Attribute value taxonomy of university data set
(no propositionalization applied)
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Fig. 2 Propositionalized attribute taxonomy of
university data set (propositionalized)
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Table. 3 Experimental results on UCI benchmark data sets

Data NBL (original) PAT-NBL(5/43}HCLL) | PAT-NBL(3’}3/CMDL) | PAT-NBL(343}HCAIC)
A 7] AgE 7] A 27 A 7]
Amneal 96.66+1.18 768 89.87:1.97 54 89.87:1.97 54 89.87+1.97 54
Autos 71.7126.17 798 66.83£6.45 791 53.17+6.83 231 55.1246.81 252
Balance-scale | 70.72+3.57 27 75.20£3.39 24 75.20+3.39 24 75.2043.39 24
Breast-cancer | 71.68+5.22 104 73.08+5.14 102 72.73%5.16 66 72.73+5.16 66
Breastw | 97.00£127 60 97.28+121 58 97.28:1.21 58 97.28+1.21 58
Dermatology | 97.81£1.50 906 98.09£1.40 900 98.36+1.30 564 98.09+1.40 582
Heart-statlog | 83.33+4.45 46 84.07+4.36 44 84.07+4.36 44 84.07+4.36 44
Hepatitis | 85.16+5.60 74 84.52+5.70 n 85.165.60 54 83.87+5.79 60
Hypothyroid | 98.62+0.37 m 97.91:0.46 268 97.9120.46 268 97.91+0.46 268
Tonosphere | 90.603.05 292 89.46x321 290 92.31+2.79 110 92.0242.83 112
Krvs-kp | 87.89£L13 150 85.01£1.24 148 77.72£1.44 9% 81.88+1.34 100
Labor 91.23+7.34 n 92.9816.63 70 89.47+7.97 48 89.4747.97 48
Mushroom | 95.830.43 252 94.25+0.51 250 96.66+0.39 156 94.76+0.48 182
Segment | 91.52¢1.14 1204 91.04+1.16 1197 88.83+1.28 651 88.83+1.28 658
Sonar 85.58+4.77 164 86.06+4.71 #2 83.65£5.03 70 84.1314.97 72
Splice 95.52£0.72 864 95.640.71 861 91.88+0.95 213 51.58=1.73 21
Vehicle 62.65+3.26 296 62.2943.27 292 59.34£331 188 61.35:3.28 200
Vote 90.11+2.80 66 88.51+3.00 64 88.7412.97 52 88.5123.00 64
Waveform | 80.74+1.09 393 81.24:1.08 390 80.141.11 159 80.54£1.10 168
Zoo 93.07+4.95 259 96.04+3.80 252 96.04+3.80 245 96.04+3.80 252
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