




[7], Fan et al. proposed an active mining method
that detects potential changes in data streams. These
studies are similar to ours in that statistics are defined
to measure the characteristics of current data streams.
However, they assume that the correct class labels are
readily available for newly arrived testing data and
therefore, as the concepts in data streams change, it is
possible to revise the decision models correspondingly
in real-time. In our study, we do not assume the
availability of the correct class labels for test data,
and therefore our classifier is fixed beforehand based on
training data. Instead, we assume that at different time,
the feature values are moving around different regions
of the feature space. In other words, it is the region of
the concept we are currently in, not the concept itself,
that changes with time.

8 Conclusion and Future Directions
In this paper, we studied the resource allocation prob-
lem in mining data streams and in particular, we devel-
oped a load shedding algorithm, Loadstar, for classify-
ing data streams. The Loadstar algorithm consists of
two main components: i) the quality of decision (QoD)
measures that are defined based on the classifier, the
feature space, and the predicted feature distribution of
the next time unit, and ii) the feature predictor which is
based on finite-memory Markov-chains, whose param-
eters can be updated in real time. Extensive experi-
mental results on both synthetic and real-life data sets
showed that Loadstar has better performance than a
naive algorithm in term of classification accuracy, where
its superior performance is achieved by automatically
focusing on data streams that are more uncertain while
shedding data streams whose class labels in the next
time unit are more certain. In addition, experiments
showed that the Loadstar algorithm can efficiently learn
parameters of its Markov-chains and computation in
Loadstar can be reduced by using Monte Carlo meth-
ods.

For future work, we plan to extend our study in
the following directions. First, in this paper we assume
that the streams are independent; however, in many
real-life applications, one mining task may need multiple
data streams and each data stream can be involved in
multiple data mining tasks. To take these relationships
into consideration in our algorithm is one of our future
directions. Second, in this paper we assume the data
mining task (the classification) is the last stage of the
system. In the future, we plan to consider systems in
which data mining is just an intermediate computation,
e.g., as a filter to decide which data streams to be sent
for more detailed analysis. Third, in this paper we
consider a simple case that at each given time, we either

apply load shedding to a data stream or not; in the
future, we plan to extend our load shedding algorithm
to control the communication rates of the data streams,
e.g., given many video streams, the frame rate of each
stream is proportional to its importance.
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