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Abstract

In the age of big data, enterprise normally can obtain numerous data to build a learning
model to make a decision. For big data, such learning model tends to majority class due to
imbalanced data set likely leads to a biased training. Hence, using an imbalanced data set to build a
reliable learning model for big data is one of the most important challenges in enterprise. For
solving this, this paper proposes a new over-sampling method to increase the data size in minority
class. The proposed method is to use the mega-trend-diffusion (MTD) technology to generate virtual
samples and the plausibility assessment mechanism (PAM) to access the suitability of virtual sample.
In addition, this paper is to decrease the false positive rate (FPR) on classification and not to
influence the other indices for accessing the classification performance, such as accuracy, geometric
mean (Gmean), and Fl-measure (F1). In this paper, a simulated data set is used to build the support
vector machine (SVM) classification model, and the experiment results show that the proposed

method can effectively improve classification performances for imbalanced big data sets.
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