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Abstract. Multicollinearity is a common issue faced by statisticians and machine learning prac-

titioners when building predictive models. This study compared the performance of some pe-

nalized regression techniques (Lasso, Ridge and Elastic Net) in the presence of multicollinearity 

using real-life datasets. The comparison was carried out in terms of the accuracy, precision, and 

recall scores of each technique using the root mean square error, residual sum of squares and R-

square. The outcome of this study using the  real-life dataset on 442 diabetes patients measured 

on 10 baseline predictor variables and one measure of disease progression showed that the Ridge 

regression performed better than Lasso and Elastic net. Comparing the results of the methods, 

It was observed that Ridge model performed better in comparing the performance of some pe-

nalized regression models with multicollinearity. 

Index Terms: Multicollinearity. 

I. Introduction 

Multicollinearity refers to a situation in which  two or more explanatory variables in 
a multiple regression model are highly linearly related. Multicollinearity is a phenom-
enon in which one predictor variable in a multiple regression model can be linearly 
predicted from the others with a substantial degree of accuracy (Funda, 2015). Multi-
collinearity can lead to skewed or misleading results when a researcher or analyst at-
tempts to determine how well each independent variable can be used most effectively 
to predict or understand the dependent variable in a statistical model (Adams, 1991). 
Multicollinearity can bring about wider confidence intervals that produce smaller reli-
able probabilities in terms of the effect of independent variables in a model. Multicol-
linearity occurs in totality when there are high correlations between two or more pre-
dictor variables in which one predictor variable can be used to predict others (Moses, 
2018). This creates redundant information, skewing the results in a regression model. 
Examples of correlated predictor variables (also called multicollinear predictors) are: a 
person’s height and weight, age and sales price of a car, or years of education and an-
nual income. In order to deal with these challenges, variables selection and shrinkage 
estimation are becoming important. The traditional approach of automatic selection 
(such as forward selection backward elimination and stepwise selection) and best subset 
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selection are computationally expensive and may not necessarily produce the best 
model (Breiman, 1996).  

 
Multicollinearity problem can be solved using penalized least squares (PLS) method 

by putting some constraints on the values of the parameters estimated (Fan & Li, 2001). 
Penalized regression techniques are methods that keep all the predictor variables in the 
model but constrain the regression coefficients by shrinking them towards zero. If the 
amount of shrinkage is large enough, these methods can also perform variable selection 
by shrinking some coefficients to zero. A penalized regression technique gives a se-
quence of models, each associated with specified values for one or more tuning param-
eters (Funda, 2015). Examples of penalized regression techniques are: 

 Least Absolute Shrinkage Selection Operator (LASSO) 
 Ridge 
 Elastic Net 

LASSO 
The LASSO is a penalized regression technique used for estimating linearmodels 

that involve minimizing sum of square errors with an L1-norm penalty. 
Ridge regression technique 
In ridge regression, a penalty is applied on the coefficients, so that they 
are shrunk towards zero.This is also having the effect of reducing the variance and 

hence, the 
prediction error. 
Elastic Net 
The elastic net regression is a regularized regression method that linearly combines 

the L1 and L2 penalties of the lasso and ridge methods.The benefit of using this tech-
nique is that it allows a balance of both penalties, which can result in better performance 
than a model with either one or the other penalty on some problems. The Variance 
Inflation Factor (VIF) was used to evaluate the presence of multicollinearity in the da-
taset used in this study. 

The VIF is the measure of the amount of multicollinearity ina set of multiple regres-
sion variables. V IF = 1/(1-R^2 ) where R^2 is the tolerance .Values of VIF exceeding 
10 are constantly regarded as VIF with multicollinearity but for V IF (β) > 15 indicates 
that the multicollinearity is high. 

The aim of this study is to compare the performance of some penalized regression 
techniques (Lasso, Elastic net and Ridge) in the presence of multicollinearity. 

II. Methodology 

2.1 Penalized Regression Techniques Model 

In a linear model, the response variable Y is represented as a linear combination of the 
predictor variables, X1, …, Xp , plus random noise  
𝑦௜ = 𝛽଴ + 𝛽ଵ𝑥௜ଵ + 𝛽ଶ𝑥௜ଶ + ⋯

+ 𝛽௣𝑥௜௣ା𝜖௜                                                                                                      

where 𝛽0, 𝛽1, ..,𝛽p are regression parameters, 𝜖 is the random noise term, and N is the 
observation number . The general form of the shrinkage and regularization methods for 
linear models is  
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𝛽 = 𝑚𝑖𝑛𝑎𝑟𝑔𝛽 ෍(𝑌 − (𝑋𝛽)ଶ), 𝑖

ே

௜ୀ଴

= 1,2, … . , 𝑁                                                                                       
Subject to Pen (𝛽) ≤ 𝑡,  
Where Pen(𝛽) is a specific penalty function while t is a tuning parameter, 
N is the number of observations in the data set. ordinary least squares which minimizes 
the residual sum of squares can be written as: 
𝑅𝑆𝑆(𝛽) = ∑ (ே

௜ୀ଴ 𝛽0+𝛽1Xi1+….+𝛽pXip)                                                                                          
 
Lasso penalty function is written as: 
𝛽 Lasso=argmin 𝛽𝜖𝑅(𝑌 − 𝑋𝛽)T(𝑌 − 𝑋𝛽) + λ + λ  

Where λ is a nonnegative regularization parameter that controls the amount of shrink-
age. λ ∑ |𝛽|  is    called “L1 penalty,” . The estimates from the elastic net method are 
expressed by  

𝛽 ෡ =
 argmin𝛽(||𝑌 − 𝑋𝛽||2+( λଶ||𝛽||2+( λଵ ||𝛽||.ଵ)  In ridge regression, the OLS loss 

function is augmented in such a way that it does not only minimize the sum of square 
residuals but also penalize the size of parameter estimates, in order to shrink them to-
wards zero: 
𝐿௥௜ௗ௚௘(𝛽መ)= ∑ (𝑌௜ − 𝑥ଵ௜

௡
௜ୀଵ (𝛽መ))ଶ+  λ ∑ (𝛽)෢ଶ௡

௝ୀଵ  = ||y-X𝛽መ ||2 +  λ||𝛽መ ||2 

III.  Real-life Dataset Results 

Table 1. The Variance Inflation Factor(VIF) values of the  ten predictor variables 
of the real-life dataset. 

Variable VIF 

AGE 1.2250 

SEX 1.2976 

BMI 1.6043 

BP 1.5282 

TC 62.9675 

LDL 41.7728 

HDL 15.4509 

TCH 8.8167 

LTG 10.3493 

GLU 1.5127 
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Table 2 Model Evaluation using the test data 

 

 

 

IV. Real-life Dataset Results 

This work assessed the performance of three penalized regression techniques ( 
Lasso, Ridge and En) in dealing with multicollniearity in regression analysis. The find-
ings suggest that Ridge models outperform Lasso and En models when using real-life 
datasets. This indicates that the performance of these techniques may vary depending 
on the characteristics of the dataset being analyzed. Based on findings from the re-
search, It can be concluded that the performance of these techniques can vary depend-
ing on the dataset and the method of analysis.  
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