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Abstract

With the proliferation of e-commerce,
internet has become an excellent platform for
gathering and sharing consumers’ personal
views on, preferences for, and experiences
with products. With the popularity of text
based communication tools, customers can
easily express their opinions about purchased
products or services. Generally speaking, the
on-line reviews should be unbiased
reflections of the consumers’ experiences
with the products or services. However, some
comments are biased “manipulation”, which
might reduce consumers’ purchase intentions
and bring a great damage to enterprisers.
This study aims to improve the performance
for manipulation detection through reducing
dimension space. We introduce feature
extraction techniques, the important feature

is based on Global-LSI, Local-LSlI is reduced
by the dimension, to improve the detection
accuracy further. A real case study of smart
phone is used to illustrate the effectiveness of
the proposed features.

Keywords: On-line comments, Manipulation
detection, Support vector machines, Dimension
reduction, Latent semantic indexing.
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