








Table 1: Error Rates for all algorithms described in the text.  (+/-) values indicate variance.  See Figure 2 for explanation of 
parameter combinations (1) and (2). 

4.  CONCLUSIONS 

We have presented a semi-naive Bayesian algorithm 
that treats continuous data through kernel density 
estimates rather than discretization.  We were able to 
show that it increases accuracy for data sets from a wide 
range of domains both from the UCI machine learning 
repository as well as from an independent source.  By 
avoiding discretization our algorithm ensures that distance 
information within numerical attributes will be 
represented accurately and improvements in accuracy 
could clearly be demonstrated.  Categorical and 
continuous data are thereby treated on an equally strong 
footing, which is unusual since classification algorithms 
tend to favor one or the other type of data.  Our algorithm 
is particularly valuable for the classification of data sets 
with many attributes.  It does not require training of a 
classifier and is thereby suitable to such settings as data 
streams.  The implementation using P-Trees has an 
efficient sub-linear scaling with respect to training set 
size.  We have thereby introduced a tool equally 
interesting from a theoretical and a practical perspective. 
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 Traditional 
Naïve Bayes (+/-) 

P-Tree 
Naïve 
Bayes 

(+/-) 

Discrete 
Semi-
Naïve 
Bayes (1) 

(+/-) 

Discrete 
Semi-
Naïve 
Bayes (2) 

(+/-) 

Kernel 
Semi-
Naïve 
Bayes (1) 

(+/-) 

Kernel 
Semi-
Naïve 
Bayes (2) 

(+/-) 

spam 11.9 0.9 10.0 0.8 9.4 0.8 9.5 0.8 8.4 0.7 8.0 0.7 
crop 21.6 0.2 22.0 0.2 28.8 0.2 28.5 0.2 20.7 0.2 21.0 0.2 
adult 18.3 0.4 18.0 0.3 17.3 0.3 17.1 0.3 17.0 0.3 16.6 0.3 
sick-euthyroid 15.2 1.2 5.9 0.7 11.4 1.0 8.8 1.0 4.2 0.6 4.6 0.7 




