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Abbrevitaions

LASSO Least Absolute Shrinkage and Selection Operator
OLS Ordinary Least Square
GEO Gene Expression Omnibus
GSE Ground Support Equipment
ROC Receiver Operating Characteristic
AUC Area Under ROC Curve
RSS Residual Sum of Square
LOOCV Leave-One-Out Cross Validation

MAE

Mean Absolute Error
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Abstract

Background and Objectives: Cancer is the second leading cause of death
globally, accounting for an estimated 9.6 million deaths, or one in six deaths, in
v+ \A.000000000 00 000 00000 000000 0ooootoooooo «@ooy0oooo y 0o s 0Dooooo 0a

due to cancer. Breast cancer (BC) is the most common cancer worldwide among
women. So that comprises for about 18% of all types of cancers in women and
the fifth reason for death around the world. Microarray data examines the
expression of thousands of genes simultaneously to study cell behavior and
function. In fact, by examining a large number of genes together, it is expected
that the changes in the disease will be more accurately studied in biological
science. High dimensional data which is called data with small number of sample
size and high number of variables, one of the biggest challenge for researchers.
There is problem with high dimensional data for fitting of regression models.
Selecting the most effective variables from a large number of variables is the main
challenge in dealing with this data. Optimal variables selection makes it easier to
interpret the model and avoids wasting time and money. Typical estimation
methods like least square estimation and maximum likelihood don't show Reliable
performance in presence of high dimensional data. Recently, penalized regression

methods have been used as an effective way to deal with high dimensional data.
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These methods estimated regression coefficients by applying restrictions on the

scope of their changes. These methods include the Lasso method, the Adaptive

Lasso method and the elastic net method.

Methods: Four datasets GEO (Gene Expression Omnibus) of independent studies
were downloaded from Pubmed website and all four studies included a microarray
data of breast cancer for different subtypes. The five molecular subtypes in breast
cancer in order of disease severity contain: Basal, ERBB2, Luminal B, Luminal
A and Normal like respectively. Also in this study genes be as predictive
variables. After normalization and remove batch effects, four datasets were
aggregated and final data file was consisted of 324 patients with breast cancer in
five molecular subtypes and 12 normal tissues.

Results: The results of this study showed that among fifteen comparative groups:
in the three groups, lasso model best performance than adaptive lasso and elastic
net models. In the one group, adaptive lasso model best performance than lasso
and elastic net models. In the four groups, elastic net model best performance than
lasso and adaptive lasso models. In the five groups, elastic net and adaptive lasso
models performed the same and both best performance than lasso model. In the
two groups, three models had an equal performance.

Conclusion: Penalized logistic methods presented well performance in breast
cancer and according to studies, it was determined common genes obtained from
three models are also involved in other cancers and the most important genes in
breast cancer have been reported in other studies.

Keywords: Breast Cancer, Penalized Regression, Lasso Logistic Regression,

Adaptive Lasso Logistic Regression, Elastic net
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