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Two Lines ﬁ ﬁ ‘ ‘ 0.80 0.65 0.50 0.35
Parabouc V V v V 0.80 0.65 0.50 035
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R’ w.r.t. Smoothing spline R w.r.t Locally Weighted kR Loess)
Relationship Type Increasing Noise ——> Increasing Noise ————>
Linear 0.85 0.70 0.54 037 0.85 0.70 0.53 0.36
Two Lines 0.28 0.28 0.27 0.23 0.27 0.27 0.26 0.22
Parabolic 0.87 0.71 0.50 0.28 0.86 0.71 0.52 0.31
Line and Parabola 0.31 0.31 0.31 0.27 0.31 0.31 0.30 0.26
X 0.00 0.01 0.01 0.02 0.00 0.00 0.00 0.00
Ellipse 0.03 0.04 0.04 0.04 0.03 0.03 0.03 0.03
Sinusoidal 0.84 0.65 0.43 0.27 0.85 0.64 0.43 0.26
(Mi,ifff‘,ﬂﬂ?;m) 0.49 0.49 0.40 029 0.49 0.49 0.40 027
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Random 0.18 -0.02 -0.02 0.01 0.03 0.19 0.01
Linear 1.00 1.00 1.00 5.03 3.89 1.00 1.00
Cibic 1.00 0.61 0.69 3.09 3.12 0.98 1.00
. 1.00 0.70 1.00 2.09 3.62 0.94 1.00
Exponential
Sinusoidal 1.00 0.09 -0.09 0.01 -0.11 0.36 0.64
(Founer frequency)
Categorical 1.00 0.53 0.49 2.22 1.65 1.00 1.00
Periodic/Linear 1.00 0.33 0.310 0.69 0.45 0.49 0.91
Paraoolic 1.00 -0.01 -0.01 3.33 3.15 1.00 1.00
Sinusoidal
(non-Founor troquoncy) 1.00 0.00 0.00 0.01 0.20 0.40 0.80
Sisuagidal 1.00 -0.11 -0.11 0.02 0.06 0.38 0.76
(varyiogfrequency)
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Survey of Research Process on Statistical Correlation Analysis
Fan Rong',Meng Dazhi’, Xu Dashun'
(1. Department of Mathematics, Southern Illinois University,Carbondale,IL. 62901, USA;
2. Department of Applied Mathematics,Beijing Poletychnic University, Beijing 100022, China)

Abstract; Correlation analysis is a major research topic in both theoretical statistical study and practical applications. It has been
paid more and more attention as the amount of data is increasing significantly. This article reviews several methods that are com-
monly used,including the Pearson correlation and Spearman correlation developed in 19 (upth)century and CorGe and CovGe in-
troduced in 21(upst) century etc. In particular, we include MIC that was proposed in 2011 and its positive and negative com-
ments,aiming at sketching the whole research topic. Methods of correlation analysis themselves play a key role in statistics, es-
pecially in analyzing large heterogeneity datasets, such as complex information networks and genome -proteome datasets. This
survey tries to provide some understanding of existing methods and their applications. We hope to encourage some new applica-
tions, which in turn may promote some new methods developing.

Key words: correlation analysis;Pearson correlation coefficient; Spearman correlation coefficient; Kendall correlation coefficient;

mutual information;distance correlation; MIC
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