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1 The regularized logistic regression via adaptive elastic net

Suppose that there are n independent p-dimensional observations, with binary response vector y = (y1,-- - ,¥,)” and design
matrix X = (z1,---,2,)7, where z; = (241, 742, ., xip) and y; € {0, 1}.
The regularized logistic regression maximize the penalized log-likelihood
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where p(?)(z;) is represented by a linear function of the variables as follows
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and P(§2)(6) is a penalty function which can shrink some components of 3 to zero for some appropriately chosen A\ and «
[1]. The log-likelihood part of (1) can be written as
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The regularized logistic regression via adaptive elastic net (RLR-AEN) considers the above model based on the adaptive

elastic net penalty
P
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which is a compromise between the ridge-regression penalty (o = 0) and the adaptive lasso penalty (o = 1) [2]. The weights
for adaptive elastic net (4) in objective function (1) are set to be inversely proportional to the degrees as follows,
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where d; is the degree of node j in the biological network. When » = 0, the model turns back to the regularized logistic
regression via elastic net (RLR-EN). The estimators of both methods RLR-EN and RLR-AEN can be obtained by matlab
code “glmnet”.
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