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Abstract

Linear regression is a simple yet powerful tool in data analysis as seen in many modern
applications. Rapid technological advancements enable us to collect big data with massive
number of variables more effectively. The traditional regression model has a major limitation in
which it can only deal with datasets whose sample size is larger than number of independent
variables. When number of independent variables is beyond the number of observations, such
data is referred as high-dimensional data. The aim of this article is to introduce the alternative
tools that can handle high-dimensional data including penalized regression and Bayesian

approach. The concerns in choosing high-dimensional regression tools are also discussed here.
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3.1 75 Penalized Regression
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