








 

total running time of the Join approach without feature 

selection is less than the total time with 10% or more 

feature selection. This is because the effect of feature 

selection on classification time is offset by the time 

spent for feature selection itself. However, this is not 

the case for our CP algorithm, as the time of our feature 

selection is much shorter and the total running time 

always benefits from feature selection. 

Mondial Dataset Yeast Gene Dataset 

Features selected (%) Features selected (%) Running Time (seconds) 

20 30 40 50 100 5 10 20 50 100 

Join 137 137 137 137 137 1099 1099 1099 1099 1099 

Feature Selection 9.1 10.6 11.7 14.7 0 1265 1587 1879 2549 0 

Building Classifier 32.1 41.2 50.1 53.5 119 50 176 370 1001 1739 
Join 

Total 178.2 188.8 198.8 205.2 256 2414 2862 3348 4649 2838 

Class Propagation 1.2 1.2 1.2 1.2 0 9 9 9 9 0 

Feature Selection 0.4 0.5 0.5 0.5 0 130 144 158 228 0 

Join 1 1 1 1 137 67 118 226 589 1099 

Building Classifier 32.1 41.2 50.1 53.5 119 50 176 370 1001 1739 

CP 

Total 34.7 43.9 52.8 56.2 256 256 447 763 1827 2838 

Accuracy (%) 71.5 72.1 69.2 98.1 98.5 100 100 100 100 100 

Table 1. Comparison of Running Time / Accuracy 

6. DISCUSSION 

In this paper, we present a way of selecting features in 

multiple data sources without join. With a clever 

propagation of class vectors, each local data source 

receives the same class distribution information as 

produced by a join approach. Features can then be 

evaluated locally. Thus the resulted feature selection 

scheme is highly scalable, while limiting the amount of 

information disclosed to other data sources. 

The idea of class propagation can be used to develop 

more complex feature selection solutions. For example, 

we can incorporate the privacy constraints directly into 

feature evaluation by defining privacy score (from 0 to 

1) for each feature. Features with higher privacy scores 

should have less chance to be selected. Since such score 

is available at each local data source, we can design 

some complex measure to evaluate the features based 

on not only the relevance to the class label, but also 

such privacy constraints. 
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