
































Table 5: Results ($profit - cost) on Two

Real-World Problems that are Biased

Data Set C4.5 CA sCA JA sJA JAx sJAx
Donation 12577 14911 14923 15212 15322 15102 15075
Credit Card || 696506 8410310 | 841120 844530 | 843928 841120 | 840940

estimates with feature probability estimates in order to
compute the joint probability. The accuracy of these
frameworks is then further improved with unlabeled and
unbiased examples in a semi-supervised learning frame-
work. As an improvement over earlier methods to cor-
rect sample selection bias, the proposed approaches do
not assume an exact type of bias and does not assume
a formal model to quantify the distribution of the bias
in order to make a correction.

With six datasets, we have generated every type
of sample selection bias. For every and each type of
sample selection bias, the proposed model averaging
methods have achieved 2 to 20% higher accuracy than
a single model. In particular, when the training data
has class bias, joint probability averaging models (JAx)
consistently perform better than any other methods.
In most situations, unlabeled data used in a semi-
supervised framework to improve P(x) and P(y|x)
models can further increase the accuracy by 1 to 2%.

For data mining practitioners to solve sample se-
lection bias problems in real-world applications, we rec-
ommend a procedure as follows. First, it is useful to
approximately know the type of sample selection. For
class bias, cross joint probability models (JAx) are ex-
pected to return the best overall results. Otherwise, for
feature bias and complete bias, model averaging of con-
ditional probability models are usually highly accurate.
When the type of bias is difficult to guess, any proposed
methods in this paper are expected to perform better
than a single model. In addition, unlabeled examples
have been demonstrated to further increase the accu-
racy of these new frameworks.

It is important to note that we are not claim-
ing that ensemble techniques in general can cor-
rect sample selection bias. It is previously shown
[Davidson and Fan, 2006] that boosting and bagging
perform poorly when there is feature selection bias.
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