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The correlation coefficient is invariant under any scalar transformation of the data. 
Accordingly, two expression profiles that have “identical” shapes with different 
magnitudes will obtain a correlation value of 1. The ability to measure 
(dis)similarities according to positive and negative correlations can help to identify 
control processes that antagonistically regulate downstream pathways [6]. 
Nonetheless, the majority of the publications utilize only the positive correlation 
range, while others map the entire range of the correlation coefficient to obtain values 
between 0 and 1. 
 
Gene expression measurements, like other empirical measurements, suffer from noise 
effects. Variations in the measurements might come from many sources: intrachip 
defects, variation within a single lot of chips, variation within an experiment, and 
biological variation for a particular gene [42]. Both the Pearson correlation and the 
Euclidean distance are sensitive to noise effects and outliers. A single outlier could 
transform the Euclidean distance to an unbounded value, while transforming the 
Pearson correlation to any value between –1 and 1 [43]. Both measures are easily 
distorted when the expression levels are not uniformly distributed across the 
expression pattern. For example, two expression patterns with one high measured 
value at the same cellular condition will obtain a high correlation coefficient score, 
regardless of the expression values of the other cellular conditions [44]. Similarly, a 
large difference in a single expression level at the same cellular condition will lead to 
a high Euclidean distance, regardless of the other expression levels. In this way, 
outlying points can bias the Correlation coefficient and the Euclidean distance. 
 
Both the Pearson correlation and the Euclidean distance require complete gene 
expression profiles as input. However, gene-expression microarray experiments often 
generate datasets with missing expression values. Therefore, another source of 
uncertainty when implementing these measures is the need to use methods for 
estimating missing data, such as row average or singular value decomposition 
[26,36]. 

Mutual Information  

The Mutual information (MI) provides a general measure for dependencies in the 
data, in particular, positive, negative and nonlinear correlations. It is a well known 
measure in information theory [45] that has been used to analyze gene-expression data 
[6,16,17,44,46]. The used MI measure requires the expression patterns to be 
represented by discrete random variables. Given two random variables X, Y with 
respective ranges xi Ax �• , jj Ay �•  and probability distributions functions 

ii pxXP �{� )( , jj pyYP �{� )( , the Mutual information between two expression 

patterns, represented by random variables X and Y, is given by  
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The MI is always non-negative. It equals zero if and only if X and Y are statistically 
independent, meaning that X contains no information about Y and vice versa. A zero 
MI indicates that the patterns do not follow any kind of dependence, an indication 
which is impossible to obtain from the Pearson correlation or the Euclidean distance 
[15]. This property makes the MI a generalized measure of correlation, which is 
advantageous in gene expression analysis. For example, if one gene acts as a 












