








0

0.2

0.4

0.6

0.8

1

0 0.2 0.4 0.6 0.8 1

tru
e 

po
si

tiv
e 

ra
te

false positive rate

Random Prediction
Naive Bayesian

MVE

Figure 2: Classification performance measured by ROC curve on the gene data set

out of thousands of testing instances.
Tables 1 shows the classification performance mea-

sured by ROC score for the “broad” classification prob-
lem. It shows our proposed method obtains significant
improvements on the Naive Bayesian learning model. It
demonstrates that our framework can handle learning
from extremely sparse data and offer a more reliable
result. As for reference, Kowalczyk and Raskutti [8]
reported their solution with the winning ROC score in
the KDD Cup 2002 Task 2. The winning score for the
“broad” classification task was 0.684. The score distri-
bution of submitted results is presented in [2].

Naive Bayesian MVE

Broad 0.512 0.694
Narrow 0.520 0.713

Table 1: Classification performance measured by ROC score on

the gene data set using the same training/testing splitting as in

KDD Cup 2002 Task 2
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