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. Change Ratio

Chunk size | loss 01 03 05 07 09
frue 0.08 0.14 022 017 0.28

5000 esimaie | 0.09+ 0.03 | 013+ 0.03 | 0.23+0.04 | 0.5+ 0.04 | 0.30+ 0.05
frue 007 018 022 041 0.30

10000 estimaie | 0.06+ 0.02 | 0214004 | 022+ 0.04 | 0434005 | 0.33+ 0.05
frue 0.09 027 0.65 061 051

15000 estimate | 0.10+ 0.03 | 0.31+005 | 0.64+ 0.05 | 0.61+0.05 | 0.52 + 0.05

Figure 3: Loss estimation on synthetic data

stream, the estimated mean loss; and the upper and lower
bounds at 99.7% confidence or three times the standard er-
ror. As we can see from the plots, the estimated mean loss at
sample size of around 200 to 300 already give very close es-
timation to the true loss on the complete data stream. For the
synthetic datasets, we also show in the table of Figure 3 the
detailed results on loss estimation with chunk size of 5000,
10000 and 15000. Each test run is independent. In other
words, the initial weights (a;’s and b;’s) for the three tests
are different. The sampling size is 500 and the error bound
has 99.7% confidence significance. The results in the table
show that the estimation method is not sensitive to the size
of the population.

4 Related Work

Data stream processing has recently become a very impor-
tant research domain. Much work has been done on model-
ing [1], querying [4], mining [3, 6], regression analysis [2],
as well as clustering [5]. However, one thing in common
among these previous work is the unrealistic assumption on
the availability of labelled data.

5 Conclusion

We proposed and evaluated a new framework of stream
data mining with both synthetic and real-life datasets. Our
new framework solves one important problem that the true
labels of the data stream are not immediately available, but
change detection need to be done immediately, and model
reconstruction need to be done whenever estimated loss is
higher than tolerable maximum. Our framework extends
the traditional classification tree algorithm by using no true
class labels or investigating the true labels of a small number
of instances chosen from the new data stream. We define
two statistics on the decision tree that are likely correlated
with change and loss due to pattern drifts in the data stream.

Both statistics do not use any true class labels. We then
introduce statistical sampling based method to estimate the
range of true loss of the decision tree on the data stream.
Experimental studies have found that i) the two statistics
are very well correlated with the amount of change in the
data stream; the guessed loss without any true labels are
accurate estimates of the actual loss, ii) with approximately
a few hundred labeled instances, the statistically estimated
loss range is very close to the true value of the complete data
stream.

Future Work In our immediate work, we propose a
few methods to reconstruct the original decision tree with
limited number of examples.
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