






















in conditional probability. In our work, it is shown that
concept changes may occur in both feature and condi-
tional probability. In [8, 17], two application examples
of skewed data mining are studied. But we provide a
more general framework for building accurate classifica-
tion models on skewed data streams.

6 Conclusions

This paper has two important and related parts. In the
first part, we analyze several requirements and choices
of techniques for general predictive modeling on data
streams, which are not clearly understood previously.
A comprehensive understanding of these requirements
helps design better algorithms and evaluate the per-
formance of these algorithms in an environment close
to reality. To be specific, first, we argue that concept
drifts of data streams could involve changes in either
P(x) or P(y|x). We show that when concept evolves in
either form, the expected error could decrease, increase,
or stay the same. However, the most up-to-date data
could always help reduce classification error. Second,
we explain why descriptive models should be preferred
over generative models for stream mining. Descriptive
models could represent the true concept more accurately
especially in data streams because: (1) many applica-
tions have skewed distribution, and (2) both the under-
lying true distributions and concept evolution patterns
remain unknown either before or after mining. We also
discuss about the benefits to use posterior probability
estimation as compared to direct class label prediction
for data stream classification. The probability estimates
provide more refined information to users for better de-
cision making. Also, for stochastic problems, estimation
of P(y|x) is more meaningful.

Although these analyses are helpful for inductive
learning on many stream mining problems, we are par-
ticularly interested in applying them to mine skewed
data streams. We design an effective framework based
on sampling and ensemble techniques. The algorithm
first generates a balanced training set by keeping all
positive examples and under sampling negative exam-
ples. Then the training set is further divided into sev-
eral samples and multiple models are trained on these
samples. The final outputs are the averaged probability
estimates on test data by multiple models. We show
that both sampling and ensemble techniques contribute
to classification variance reduction. The error reduc-
tion is significant according to experimental results, e.g.,
for concept-drifting streams, the mean square error de-
creases from around 0.9 to 0.1. It is also demonstrated
in both formal analysis and experiments on synthetic
and real-world datasets that the proposed method is
not only effective in error reduction, but also efficient

and scalable with respect to training time.
The method introduced in this paper mainly focuses

on two-class problems, but it could be easily extended
to multi-class problems. Directions for future work
include applying the framework to multi-class data with
skewed class distributions and analyzing the strengths of
ensemble methods in stream environments with various
kinds of concept changes.
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