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Big data correlation mining algorithm based on factorial design
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Abstract: Focused on the issue of dimensionality reduction in high-dimexSignal big data, a feature selection algorithm
based on statistical factorial design was proposed, which was named Full Faktotial Design (FFD). Firstly, the factor effect of
the factorial design was used to measure the correlation between fe@tufes’ and the target variable; secondly, a divide-and-
conquer algorithm for finding the optimal factorial design for a \given dataset was proposed; thirdly, in order to solve the
problem that the traditional experimental design required \mantal execution of experiments, a data-driven approach was
proposed to automatically search the response values<or the factorial design from the input dataset; finally, the factor effects
were calculated based on the design matrix and4he average response values, and the features and interactions were sorted by
the factor effects. Then the significant features and interactions could be obtained. The experimental results show that the
average classification error rate of FFD over Mutual Information Maximisation ( MIM), Joint Mutual Information Maximisation

(JMIM) and ReliefF was 2. 95, 3.33 and 6. 62 percentage points, respectively. Therefore, FFD can effectively identify

significant features and interactions that are highly correlated with the target variable in real-world datasets.

Key words: big data; correlation; feature selection; interaction; factorial design
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Tab. 1 Design matrix and responses of a two variable factorial design

Xy X3 X% Y1 ¥

-1 -1 1 0.4170 0.1468
-1 1 -1 0.7203 0.0923
1 -1 -1 0.0001 0.1863
1 1 1 0.3023 0.3456
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Fig. 1 Changes of classification error rate with the number of

features on the Spambase dataset
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Fig. 2 Changes of classification error rate with the number of
features on the PM2.5 dataset
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Fig. 3 Changes of classification error rate with the number of
features on the BASEHOCK dataset
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Tab. 2 Comparison of lowest classification error rate for

each feature selection algorithm %
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