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Abstract

Aim: Regression analysis is one of the statistical methods which helps to model the data and helps in
prediction, a large data set with higher number of variables will often create problem due to its
dimensionality and hence create difficulties to gather important information from the data, so it is a need
of a method which can simultaneously choose important variables which contains most of the information
and hence helps to fit the model. Least absolute shrinkage and selection operator (LASSO) is a popular
choice for shrinkage estimation and variable selection. But LASSO uses the conventional least squares
technique for feature selection which is very sensitive to outliers. As a result, when the data set is
contaminated with bad observations (Outliers), the LASSO technique gives unreliable results, so in this
paper the focus is to create a method which can resist to outliers in the data and helps in giving a
meaningful result. Method: proposed a new procedure, a LASSO method by adding weights which uses
the concept of redescending M-estimator, which can resist outliers in both dependent and independent
variables. The observation with greater importance receives a higher weight and less weight to the least
important observation. Findings: The efficiency of the proposed method has been studied in the real and
simulation environment and compared with other existing procedures with measures like Median
Absolute Error (MDAE), False Positive Rate (FPR), False Negative Rate (FNR), Mean Absolute
Percentage Error (MAPE). The proposed method with the redescending M-estimator shows a higher
resistance to outliers compared to conventional LASSO and other robust existing procedures.
Conclusion: The study reveals that the proposed method outperforms other existing procedures in terms
of MDAE, FPR, FNR and MAPE, indicating its superior performance in variables selection under outlier
contaminated datasets.

Keywords: Feature Selection, LASSO, MAPE

I. Introduction

One of the most frequent problems we run into in real-time applications and other scientific fields is
data including outliers. The existence of outliers, according to Chatterjee and Hadi [4], may leads to
influence the parameter estimation and inaccurate predictions for traditional approaches. Both
dependent variables and covariates (predictor variables) may contain outliers. As a result, it's crucial
to deal with outliers in regression analysis. For outlier detection problems, numerous robust regression
algorithms have been created, such as S- estimator [7], the least median of squares estimator [11], the
MM- estimator [18], the - estimator [19], and so on. It is well known that there are some M- estimator-
based regression methods such as Huber regression which does not delete large residuals, and Tukey
regression is not Robust against the outliers in the leverage points. [12], Redescending M-estimators are
more resilient than M-estimators since they totally reject extreme outliers. Alamgir et al. [1] proposed
an efficient Redescending M-estimator for robust estimation.

In practice, a large number of variables are often incorporated at the beginning of modelling. The
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interpretation of models that contain all of the variables is extremely difficult, even when irrelevant
factors may increase variance. Therefore, one of the most significant issues in data analysis is the choice
of an important variable. Popular methods for variable selection are penalized regression methods such
as Least Absolute Shrinkage and Selection Operator (LASSO) [13], Smoothly Clipped Absolute
Deviation (SCAD) [6] and adaptive LASSO [20], and so on. Most of the methods mentioned above are
closely related to Ordinary Least Squares (OLS) technique. OLS-based methods are not resistant to
outliers therefore the outliers can cause problems in a variable selection based on OLS. So, the robust
variable selection approach has to be studied. There are numerous effective variable selection
techniques in the literature, including the Least Absolute Deviation (LAD)-LASSO [15], which deals
with heavy-tailed error, WLAD-LASSO [14], the weighted Wilcoxon-type SCAD method [13], the
Huber’s criterion and adaptive lasso penalty [9], the quantile regression for analyzing heterogeneity
ultra-high dimension [16], the variable selection in the semiparametric varying- coefficient partially
linear model via a penalized composite quantile loss [8], the Composite Quantile Regression (CQR)
[21], the variable selection with the exponential squared loss [17], Penalized least trimmed square
(LTS) [2], Maximum Tangent Likelihood Estimator (MTE) [10], and so on. In this paper, a new robust
feature selection method has been introduced. The improved version of the LASSO method uses a
weight from a Redescending M-Estimator which can tolerate outliers in the X-Y space. The study based
on simulation and real data indicates that the proposed robust feature selection procedure performs
better than other existing methods.

The paper is organized as follows. In section II provides brief introduction to LASSO method. A new
technique, Alarm Weight LASSO (AW-LASSO) and its corresponding algorithm is described in Section
III. In section IV, real data analysis and a simulation study and is carried out to comprehend how well
the suggested method works. Finally, section V gives summary and conclusion.

II. LASSO Methods

Regressions models are commonly used in statistical analysis. A popular use is to model the predicted
risk of a likely outcome. Unfortunately, using standard regression techniques to create a model from a
set of candidate variables often results in overfitting, which increases the number of variables that are
eventually included in the model and overestimates how well the included variables explain the
observed variability (an effect known as optimism bias). Extreme (extremely low or very high) risk
observations are particularly difficult for the model to forecast. A shrinkage and variable selection
strategy for regression models is LASSO regression. In order to create a model that minimizes the
prediction error, LASSO regression seeks to discover the variables and corresponding regression
coefficients. This is accomplished by placing a restriction on the model parameters that causes the
regression coefficients to decrease towards zero, or more specifically, by requiring that the total
absolute value of the regression coefficients be smaller than a predetermined value (A). The equation
of the LASSO is given below

2
Brasso = mﬁin Z[yi _Zﬂijj +/12_|:8j | (1)

i=1

Since A controls the amount of regularization the choice of A is often made by using an automated k-
fold cross validation approach. If A =0 the LASSO is same as OLS. As A increases, the number of non-
zero components of 3 decreases, at A = o, the LASSO gives the null model. The above LASSO method
is based on OLS loss function which is not resistant to outliers, therefore, to address this issue, we
modified the LASSO by adding a new weight to form Alarm Weight LASSO which is Elaborately
discussed in the section III.
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III. Alarm Weight LASSO

Consider the linear regression model
Yi zﬂo_'_xiTﬂJrgi, i=1,2,3,...,n (2)

where Yi is the response variable Xi= (xi1, Xi, .., Xip)T is the p-dimensional covariate vector, = (p1, P2 ...,
Bp)T are the regression parameters, and ¢i are the iid random errors. We assume that 3o = 0. This can be
achieved by centering the covariates and response variable. That is, from now on we will consider the
model

Vi :xl.Tﬂ+5l.’ i=12,3,..,n 3)

To estimate [3 is to minimize the ordinary least square (OLS) criterion
\ T 2

Z (y P X IB ) )
=

The OLS estimates 3 by minimizing the error sum of squares, i.e.,

OL/i:mﬁin{(Y—Xﬂ)T(Y—Xﬁ)} )

The OLS approach to estimate the regression parameter is very sensitive to the outliers. One of the
alternatives to OLS is to use weighted OLS. Weighted regression is its robustness against outliers.
Weighted regression can assign less weight to outliers and hence reduce their impact on the estimate of
the coefficients. Which is obtained by minimizing the OLS criterion

> w(y,-x/ B) (6)
i=1

where wi, for i =1,2,3,...,n is the weights which is determined by a redescending M-Estimator which
can resist outliers in both X and Y space. The influence function describes the sensitivity of the overall
estimate of the outlying data and is defined as

16re 207"
p(= ey )
0 | rp>c

The functional relationship between 1 and o is given by
d
y)y=— r (8)
w(r) 2P0

Integrating out the ¥ - function under the initial condition, we get the corresponding p (V) , given by

20 1_2(1+3e<’“‘>2)

p(r)=1"" )
2c 2(1+3e)
1- =1 , [rp>c
3 (I+e)
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The weight function w(r)= ¥ (r)/1, is as follows

—(rlc)* N2
(46—/2)4 Jrisce
w(r)=1(1+e ") (10)
0 | r>c

7on

denotes residual and “c” is tuning constant.

"7
r

where

Efficiency and robustness are two characteristic of a robust procedures that are inversely connected. As
a result, choose an estimator with the highest resistance and the lowest efficiency loss. Nobody can
afford to select a highly robust estimator that is resistant to outliers at the expense of decreasing
efficiency. These two properties should be balanced in some way. The weight function ensures that the
residuals with the highest weight (close to 1) correspond to the majority of good observations. Figure
1, represents the weight function w(r) of redescending M-estimator

1.0+

wir)

-3 o 3
.

Fig.1: Alarm Weight function of redescending M estimator
From Figure 1, As can be seen, only severely outlying observations are given 0 weights, ensuring that
good observations are used to their full potential and that extreme outliers are not overly relied upon.

The equation given in (1) thus modified by adding the weight of the redescending M estimator to form
Alarm Weight LASSO and the equation is given below.

2
Baw-rasso = mﬂin Zwi [yi _ZIBJXUJ +//{’Z|ﬁj | (11)
i=1 J J

wi represents the weight function and A is the tuning parameter which is chosen by cross validation
method.

I. Computational Algorithm

Consider the LASSO model given in (1). We use Iteratively Least Square Method (IRWLS) algorithm
for the computation of the AW-LASSO.

Stepl: Find the initial estimates of [ by using the ridge regression model.

Step2: obtain the corresponding residuals from our initial estimates
Step3: Compute the corresponding weights based on the proposed weight function

Step4: Calculate the new estimate of AW-LASSO coefficients using the IRWLS algorithm
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Step5: Repeat step 2 to 4 until convergence.
IV. Experimental Results

In this section various LASSO-type feature selection techniques are compared to the proposed method
ology in a real-world setting. Outliers were present in the real data, which were eliminated using the
cook distance [5], and the analysis was done using the R programming language. The obtained results
such as Median Absolute Error (MDAE), Mean Absolute Percentage Error (MAPE), number of variabl
es, for with and without outliers are also discussed.

L. Real data examples

Here we considered two data sets, namely Boston housing data and diabetes data, detailed
descriptions are available in the standard packages. The Boston data set has 506 observations of 15
independent and a dependent variable. The diabetes data set has 442 observations of 9 independent
and a dependent variable. The feature selection procedures have been performed after standardizing
the variables, with and without outliers and the results are summarised in the table 1.

Table 1: Error values, under with and without outliers

No. of
Methods MDAE MAPE Variables Selected Variables
Selected
Boston Housing Data
0.303 4.27 12(12) Tract, ion, lat, Crim, Zn, nox, rm, dis, tax, ptratio, b, istat
LASSO (0.123) (0.783) (ion, crim, zn, indus, nox, rm, age, dis, tax, ptratio, b, istat)
Tract, ion, crim, zn, nox, rm, age, dis, tax, ptratio, b, istat
LAD ?0216 777) ?1'0270) 12(15) (Tract, ion, lat, crim, zn, indus, nox, rm, age, dis, rad, tax,
LASSO ) ) ptratio, b, istat)
0291 3.97 11(12) Tract, iqn, crim, nox, rm, age, dis, tax, p'tratio, b, istqt
Huber (0.189) (1.17) (Tract, ion, crim, zn, indus, rm, age, dis, tax, ptratio, b,
LASSO ) ) istat)
MTE 0.306 4.24 10(11) Tract, ion, crim, nox, rm, dis, tax, ptratio, b, istat
LASSO (0.245) (1.32) (ion, crim, zn, indus, rm, age, dis, tax, ptratio, b, istat)
AW- 0.301 3.59 6(11) ion, rm, tax, ptratio, b, istat

LASSO (0.124) (0.783) (ion, crim, zn, indus, rm, age, dis, tax, ptratio, b, istat)

Diabetes Data

0.516 1.15 4(4) BMI, BP, S3, S5, (BMI, BP, S3, S5)
LASSO  (0.511)  (1.48)
LAD 0.490 1.29 4(4) BMLI, BP, S3, S5, (BMI, BP, S3, S5)
LASSO  (0.527)  (1.57)
Huber 0.501 1.23 4(4) BMLI, BP, S3, S5, (BMI, BP, S3, S5)
LASSO  (0.510)  (1.53)
MTE 0.517 1.15 4(4) Bmi, bp, S3, S5, (BMI, BP, S3, S5)
LASSO  (0.504)  (1.46)
AW- 0.485  1.07 bmi, BP, S3, S5, (BML, BP, S3, S5)

LASSO  (0510)  (1.49) 4

(.) without outlier

From the above table it is observed that under with and without outliers the proposed procedure, AW-
LASSO produces the error values are minimum and also select the significant variables when compared
with the other procedures.

II. Simulation Study

Simulation studies are carried out to check the efficacy of various methods. In our simulation study,
the covariates are generated from a multivariate normal distribution with Mean p = [0]p*1 and variance
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L = [oij] = o "' for various levels of correlation, o = 0.01, 0.5, 0.9 and number of variables, p=10, 15, 25.
The model consists of six significant variables and the rest is considered noise variables. The
performance of the proposed method is compared with various other robust methods along with the
classical LASSO method. Various levels of contamination (0%, 5%, 10%, 20%) are studied for sample
size n =100, 200, 1000.

Table 2: False Negative and False Positive rate of each method under various levels of contamination (0% and 5%)

n=0 n=»5
p=10 p=15 p=25 p=10 p=15 p=25
P p p p p p
Method N Error | 0.01 0.50 0.90 0.01 0.50 0.90 0.01 0.50 0.90 0.01 0.50 0.90 0.01 0.50 0.90 0.01 0.50 0.90

FPR 036 | 102 | 092 | 064 | 075 | 069 | 043 | 0.55 | 0.54 | 093 | 099 | 092 | 069 | 073 | 066 | 047 | 056 | 047

100 FNR 000 | 000 | 003 | 000 | 0.00 | 0.05 [ 0.00 | 000 | 008 | 000 | 000 | 007 | 000 | 000 | 043 | 000 | 0.01 | 0.20

FPR 096 | 099 | 103 | 068 | 072 | 0.74 | 046 | 057 | 057 | 088 | 100 | 100 | 066 | 076 | 075 | 045 | 057 | 0.52

LASSO
200 FNR 000 | 000 | 000 | 000 | 0.00 | 0.01 000 | 000 | 0.01 000 | 000 | 002 | 000 | 0.00 | 0.03 [ 0.00 | 0.00 | 0.07

FPR | 090 | 1.02 | 099 | 067 | 074 | 078 | 044 | 053 | 058 | 096 | 101 | 103 | 062 | 072 | 0.77 | 042 | 054 | 0.58
1000 | FNR | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 0.00
FPR | 059 | 073 | 0.77 | 027 | 042 | 043 | 010 | 018 | 023 | 049 | 067 | 066 | 022 | 031 | 028 | 0.06 | 0.09 [ 0.15
100 FNR | 0.00 | 0.01 | 016 | 003 | 006 | 026 | 016 | 018 | 041 | 004 | 005 | 026 | 013 | 014 | 046 [ 0.00 [ 040 [ 062
LAD FPR | 0.67 | 0.78 | 0.87 | 031 | 038 | 045 | 009 | 016 | 027 | 049 | 070 | 0.79 | 020 | 0.30 | 040 [ 0.06 [ 012 | 0.18
LASSO 200 FNR | 0.00 | 0.00 | 0.04 [ 0.00 | 000 | 015 | 000 | 004 | 022 | 001 | 000 | 012 | 0.02 | 0.04 | 022 | 016 [ 0.14 | 042
FPR | 058 | 078 | 081 | 028 | 042 | 052 | 0.09 | 017 | 029 | 055 | 069 | 078 | 017 | 030 | 043 | 0.07 | 011 | 0.22

1000 | FNR 000 | 000 | 000 | 000 | 0.00 | 0.00 | 0.00 | 000 | 002 | 000 | 000 | 000 | 000 | 000 | 003 | 000 | 0.00 | 0.08

FPR 056 | 0.7 074 | 024 | 037 | 040 | 0.09 | 015 | 020 | 047 | 060 | 063 | 0.21 027 | 025 | 005 | 007 | 012

100 FNR 0.00 | 0.01 015 | 003 | 006 | 025 | 017 | 019 | 040 | 004 | 005 | 025 | 013 | 015 | 046 | 047 | 042 | 0.62
Huber FPR 064 | 073 | 082 | 028 | 033 | 039 [ 0.08 | 014 | 022 | 048 | 067 | 074 | 018 | 027 | 036 | 006 | 010 | 0.15

LASSO 200 FNR | 0.00 | 0.00 | 0.04 | 0.00 | 000 | 012 | 000 | 004 | 020 | 001 | 000 | 011 | 0.02 | 0.04 | 021 | 015 | 0.14 | 043
FPR 055 | 074 | 077 | 026 | 039 | 046 [ 009 [ 015 | 023 | 055 | 064 | 075 | 016 | 027 | 039 | 0.06 | 0.09 | 0.18

1000 | FNR | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 001 | 000 | 000 | 0.04

FPR 051 | 069 | 073 | 015 | 029 | 039 [ 005 | 008 | 018 | 033 | 047 | 054 | 011 | 015 | 019 | 0.02 | 0.03 | 0.10

100 FNR | 035 | 016 | 022 | 069 | 040 | 033 | 075 | 066 | 054 | 055 | 038 | 040 | 079 | 0.66 | 0.64 [ 091 [ 087 | 0.73

MTE LASSO FPR 094 | 092 | 097 | 060 | 0.60 | 064 [ 015 | 026 | 039 | 061 | 078 | 084 | 025 | 032 | 043 | 0.03 | 0.07 | 0.16
200 FNR | 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 | 002 | 031 | 004 | 009 | 020 | 009 | 0.08 | 044 | 024 | 017 [ 061 [ 047 | 0.36

FPR 090 | 097 | 093 | 067 | 070 | 0.74 | 044 | 048 | 053 | 096 | 097 | 096 | 061 | 066 | 071 | 042 | 048 | 0.53

1000 | FNR | 0.00 | 0.00 | 000 | 000 | 000 | 000 | 000 | 000 | 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 [ 000 | 000 | 000 | 000 | 0.00

FPR 037 | 051 | 051 | 022 | 034 | 035 | 043 | 021 | 022 | 027 | 039 | 037 | 013 | 022 | 047 | 007 | 043 | 0.12

100 FNR | 0.00 | 0.00 | 026 | 0.00 | 000 | 027 | 000 | 001 | 030 | 000 | 001 | 046 | 0.01 | 0.05 | 057 | 0.0 | 0.0 [ 0.60

AW-LASSO FPR 032 | 047 | 054 | 015 | 026 | 032 | 011 | 017 | 023 | 025 | 035 | 046 | 012 | 019 | 027 | 006 | 011 | 0.17

200 FNR | 0.00 | 0.00 | 013 | 0.00 | 0.00 | 0.16 | 0.00 | 0.00 | 0.15 | 0.00 | 0.01 | 030 | 0.00 | 001 | 031 | 0.00 | 0.02 | 0.34
FPR | 026 | 033 | 049 | 011 | 018 | 030 | 005 | 009 | 019 | 025 | 027 | 046 | 011 | 013 | 025 | 0.05 [ 006 [ 0.15
1000 | FNR | 000 | 000 | 000 | 000 | 000 | 001 | 000 | 000 | 001 | 000 | 000 | 009 | 000 | 000 | 010 | 000 | 000 | 0.11

The performance of each model is measured by using MDAE, False Negative Rate (FNR), and False
Positive Rate (FPR). FNR is defined as the proportion of zero coefficient estimates whose corresponding
true coefficients are nonzero and FPR is defined as the proportion of nonzero coefficient estimates
whose corresponding true coefficients are zero. The obtained results are summarized in Table 2-5. Also,
for effective understanding of the performance of various methods, the pictorial representations of
error measures are given in Figure 2 and 3 respectively.

Table 3: False Negative and False Positive Rate of each method under various levels of contamination (10% and
20%)

n=10 n=20
p=10 p=15 p=25 p=10 p=15 p=25
p p p p p p
Method N Error | 0.01 050 | 090 | 0.01 050 | 090 | 0.01 050 | 090 | 0.01 050 | 090 | 0.01 050 | 090 | 0.01 | 050 | 0.90

FPR 093 | 100 | 083 | 0.65 | 073 | 053 | 048 | 054 | 033 | 090 | 093 | 065 | 063 | 0.71 038 | 045 | 052 | 0.20

LASSO 100 FNR 000 | 000 | 018 | 0.00 | 0.01 027 | 000 | 002 | 042 | 0.00 | 0.04 | 031 0.01 004 | 048 | 001 | 0.08 | 0.63

FPR 092 | 102 | 097 | 065 | 073 | 068 | 045 | 052 | 050 | 093 | 1.01 087 | 065 | 075 | 065 | 041 | 054 | 042

200 FNR 000 | 000 | 005 | 000 | 0.00 | 0.08 [ 047 | 0.00 | 0.11 000 | 000 | 012 | 0.00 | 0.00 | 011 | 0.00 | 001 [ 024
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FPR 089 | 097 | 1.01 067 | 074 | 076 | 0.00 | 0.57 | 0.00 | 092 | 102 | 099 | 068 | 075 | 075 | 046 | 053 | 0.57

1000 | FNR 000 | 000 | 000 | 0.00 | 0.00 [ 0.00 [ 047 | 000 | 020 | 000 | 000 | 0.01 000 | 000 | 000 | 000 | 0.00 | 0.02

FPR 044 | 065 | 0.51 016 | 023 | 0.21 003 | 006 | 007 | 039 | 049 | 026 [ 009 [ 018 | 009 | 000 | 004 | 0.02

100 FNR 014 | 0.09 | 044 | 035 | 032 | 064 [ 0.71 057 | 082 | 032 | 029 | 066 | 063 | 049 | 083 | 092 | 077 | 094

LAD LASSO FPR 052 | 064 | 069 | 021 024 | 028 | 005 | 0.08 | 0.11 042 | 055 | 052 | 015 | 0.21 021 | 002 | 0.05 | 0.06

200 FNR 0.01 002 | 019 | 013 | 010 | 038 | 040 | 030 | 0.58 | 006 | 007 | 039 | 029 | 023 | 051 | 075 | 057 | 0.76

FPR 046 | 063 | 079 | 020 | 027 | 039 | 007 | 010 | 014 | 044 | 060 | 078 | 016 | 023 | 038 | 005 | 0.07 | 0.17

1000 | FNR 0.00 | 0.00 | 0.01 000 | 000 | 000 | 0.00 | 0.00 | 063 | 0.00 | 000 | 003 | 000 | 000 | 011 | 000 | 0.04 | 0.20

FPR 043 | 058 | 050 | 016 | 019 | 019 | 0.03 | 005 | 006 | 038 | 046 | 026 | 009 | 015 | 0.08 | 0.01 | 0.04 [ 0.01

100 FNR 014 | 009 | 044 | 035 | 0.31 060 | 069 | 058 | 079 | 0.31 029 | 064 | 061 050 | 081 | 086 | 077 | 091
Huber FPR 050 | 062 | 063 | 020 | 022 | 024 | 005 | 007 | 008 | 041 054 | 048 | 014 | 019 | 0.18 | 0.02 [ 0.04 | 0.05

LASSO 200 FNR 0.01 002 | 019 | 014 | 010 | 038 | 039 | 0.31 059 | 005 | 007 | 040 | 028 | 024 | 052 | 072 | 058 | 0.79
FPR 044 | 060 | 076 | 018 | 0.23 | 034 | 006 | 008 [ 0.11 043 | 057 | 0.71 016 | 022 | 033 | 0.05 | 0.07 | 0.13

1000 | FNR 000 | 000 | 000 | 0.00 | 0.00 | 0.00 [ 0.00 | 000 | 060 | 000 | 000 | 002 | 000 | 000 | 008 | 000 | 0.04 | 0.20

FPR 025 | 040 | 041 007 | 009 | 015 | 0.01 003 | 004 | 024 | 030 | 0.21 004 | 007 | 006 | 001 | 0.02 | 0.01

100 FNR 065 | 051 055 | 085 | 079 | 072 | 0.90 | 090 [ 085 [ 072 | 064 | 073 | 089 | 085 | 088 | 092 | 092 | 092

MTE LASSO FPR 037 | 050 | 059 | 012 | 012 | 0.21 0.01 002 | 008 | 022 | 030 | 034 [ 006 [ 007 | 010 | 001 | 001 | 0.03
200 FNR 046 | 026 | 025 | 0.71 058 | 050 | 086 | 082 | 0.63 | 0.67 | 053 | 0.56 | 0.84 | 080 | 069 | 092 | 092 | 085

FPR 087 | 088 | 094 | 066 | 0.69 | 069 | 047 | 0.51 000 | 078 | 087 | 090 | 053 | 0.63 | 065 | 026 | 039 | 047

1000 | FNR 000 | 000 | 000 | 0.00 | 0.00 [ 000 | 000 | 000 | 018 | 000 | 000 | 000 | 0.00 | 0.01 001 | 000 | 0.02 | 0.02

FPR 029 | 038 | 023 | 012 | 018 | 0.10 | 006 | 012 | 005 | 027 | 037 | 014 | 017 | 0.21 006 | 008 | 014 | 0.03

100 FNR 002 | 0.1 068 | 003 | 016 | 073 | 0.01 016 | 084 | 007 | 025 | 0.79 | 0.06 [ 027 | 085 | 009 | 031 | 090

AW-LASSO FPR 025 | 031 036 | 0.1 017 | 020 | 0.06 | 0.09 | 043 | 026 [ 037 | 027 | 012 | 0.21 013 | 006 | 012 | 0.08

200 FNR | 0.00 | 004 | 043 | 0.00 | 0.04 | 047 | 0.00 | 007 | 050 | 001 | 010 | 059 | 0.00 | 011 | 067 | 0.00 | 015 | 0.73
FPR | 025 | 027 | 046 | 011 | 012 | 024 | 005 | 006 | 016 | 025 | 027 | 046 | 011 | 014 | 026 | 0.05 [ 006 [ 0.16
1000 | FNR | 000 | 000 | 013 | 000 | 000 | 000 | 000 | 000 | 058 | 000 | 000 | 018 | 000 | 000 | 018 | 000 | 000 | 0.22

False Positive Rate (Figure-2a), the selection of insignificant variables by the method. In
these circumstances, the conventional LASSO has a high False Positive Rate relative to other approach
es, it is because the LASSO tends to select a greater number of coefficients, while the MTE method's
False Positive Rate rises as the sample size increases. In almost all situations, the AW-LASSO approac
h has a very low False Positive Rate.

False Negative Rate (Figure-2b), or the number of significant variables that the technique failed to
choose. The AW-LASSO False Negative Rate is usually always zero at all levels, but when the correlat
ion level rises, the approach produces inconsequential results. The MTE technique shows a high rate o
f False Negative, however as the sample size grows, the approach tends to converge to zero.
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Figure 2: FPR and FNR under various levels of contamination and correlation
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Table 4: Median Absolute Error of each method under various levels of contamination (0% and 5%)

Ta

(a). Median Absolute Error for various levels of contamination and correlation

Figure 3: MDAE under various levels of contamination and correlation
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n=0 n=s
Method N p=10 p=15 p=25 p=10 p=15 p=25
P P P P P p
001 | 050 | 090 | 001 | 050 | 0.90 | 0.01 | 050 | 090 | 001 | 050 | 090 | 0.01 | 050 | 080 | 0.01 | 050 | 0.90
100 | 190 | 191 | 191 | 190 | 187 | 190 | 187 | 184 | 185 | 280 | 249 | 249 | 255 | 270 | 250 | 257 | 256 | 250
LASSO 200 | 196 | 196 | 196 | 197 | 196 | 196 | 194 | 193 | 194 | 285 | 237 | 234 | 239 | 275 | 237 | 244 | 241 | 239
1000 | 202 | 203 | 202 | 202 | 202 | 202 | 201 | 201 | 201 | 280 | 235 | 222 | 230 | 280 | 224 | 235 | 230 | 223
100 | 199 | 201 | 202 | 237 | 240 | 205 | 310 | 257 | 200 | 251 | 224 | 223 | 240 | 257 | 236 | 244 | 235 | 243
LADLASSO | 200 | 1.98 | 197 | 199 | 211 | 206 | 202 | 236 | 230 | 241 | 229 | 215 | 243 | 220 | 239 | 225 | 237 | 234 | 235
1000 | 205 | 206 | 208 | 203 | 203 | 202 | 208 | 206 | 204 | 213 | 243 | 244 | 221 | 247 | 247 | 228 | 225 | 221
100 | 197 | 200 | 199 | 237 | 210 | 202 | 310 | 254 | 200 | 248 | 222 | 221 | 241 | 264 | 234 | 243 | 235 | 242
Huber LASSO | 200 | 1.98 | 197 | 200 | 211 | 206 | 201 | 237 | 231 | 209 | 228 | 215 | 242 | 222 | 237 | 223 | 239 | 230 | 237
1000 | 206 | 207 | 208 | 203 | 203 | 202 | 208 | 207 | 204 | 243 | 243 | 244 | 224 | 218 | 216 | 228 | 225 | 220
100 | 303 | 215 | 199 | 444 | 275 | 206 | 476 | 344 | 210 | 230 | 220 | 216 | 243 | 263 | 236 | 235 | 226 | 241
MTELASSO | 200 | 1.96 | 196 | 199 | 212 | 201 | 207 | 309 | 210 | 216 | 245 | 230 | 208 | 222 | 257 | 214 | 236 | 228 | 224
1000 | 206 | 206 | 207 | 202 | 202 | 208 | 220 | 215 | 212 | 244 | 245 | 244 | 221 | 220 | 214 | 246 | 245 | 214
100 | 195 | 195 | 196 | 212 | 200 | 197 | 214 | 245 | 207 | 244 | 243 | 210 | 214 | 216 | 244 | 245 | 242 | 212
AW-LASSO 200 | 197 | 197 | 198 | 210 | 204 | 198 | 241 | 243 | 209 | 216 | 212 | 242 | 245 | 247 | 214 | 214 | 212 | 212
1000 | 203 | 202 | 202 | 200 | 199 | 200 | 205 | 200 | 202 | 214 | 245 | 243 | 216 | 226 | 247 | 216 | 245 | 215
ble 5: Median Absolute Error of each method under various levels of contamination (10% and 20%)
n=10 n=20
Method N p=10 p=15 p=25 p=10 p=15 p=25
P P P P P p
001 | 050 | 090 | 001 | 050 | 090 | 001 | 0.50 | 0.90 | 001 | 050 | 090 | 001 | 050 | 0.90 | 0.01 | 050 | 090
100 | 290 | 281 | 280 | 296 | 297 | 292 | 296 | 291 | 292 | 388 | 382 | 380 | 412 | 406 | 403 | 420 | 421 | 4.0
LASSO 200 | 289 | 264 | 265 | 274 | 291 | 267 | 296 | 290 | 296 | 397 | 386 | 385 | 406 | 395 | 379 | 421 | 409 | 412
1000 | 292 | 242 | 255 | 245 | 293 | 241 | 298 | 295 | 293 | 391 | 380 | 381 | 493 | 383 | 373 | 418 | 447 | 414
100 | 250 | 249 | 247 | 251 | 246 | 263 | 250 | 241 | 285 | 281 | 296 | 296 | 301 | 289 | 270 | 308 | 307 | 339
LADLASSO | 200 | 256 | 235 | 242 | 237 | 249 | 257 | 260 | 240 | 271 | 289 | 299 | 299 | 300 | 285 | 281 | 368 | 375 | 333
1000 | 253 | 228 | 230 | 236 | 235 | 235 | 251 | 247 | 241 | 277 | 263 | 265 | 284 | 278 | 277 | 329 | 341 | 289
100 | 245 | 250 | 246 | 235 | 244 | 261 | 253 | 242 | 283 | 260 | 296 | 297 | 299 | 281 | 280 | 304 | 303 | 339
Huber LASSO | 200 | 250 | 235 | 239 | 239 | 239 | 255 | 262 | 241 | 271 | 288 | 300 | 303 | 298 | 269 | 280 | 364 | 377 | 333
1000 | 252 | 228 | 230 | 236 | 235 | 234 | 251 | 248 | 241 | 267 | 263 | 265 | 285 | 278 | 276 | 329 | 341 | 289
100 | 260 | 346 | 242 | 572 | 234 | 261 | 270 | 264 | 283 | 282 | 344 | 343 | 292 | 516 | 334 | 329 | 347 | 3.38
MTELASSO | 200 | 262 | 290 | 236 | 523 | 281 | 258 | 275 | 248 | 266 | 284 | 347 | 348 | 296 | 501 | 322 | 347 | 349 | 337
1000 | 258 | 232 | 231 | 236 | 233 | 231 | 272 | 235 | 242 | 294 | 278 | 279 | 293 | 284 | 272 | 342 | 289 | 275
100 | 240 | 232 | 236 | 244 | 237 | 232 | 241 | 248 | 252 | 268 | 262 | 263 | 261 | 268 | 265 | 266 | 269 | 265
AW-LASSO 200 | 242 | 234 | 235 | 234 | 241 | 237 | 239 | 240 | 236 | 267 | 264 | 266 | 266 | 265 | 266 | 264 | 270 | 270
1000 | 244 | 232 | 230 | 234 | 233 | 230 | 236 | 233 | 233 | 265 | 276 | 272 | 269 | 277 | 269 | 270 | 277 | 263
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The ability of the approaches to predict is seen in Figure 3. In comparison to other approaches
AW-LASSO has lower MDAE, but if the data contains no outlier the LASSO exhibits a higher predicti
on capacity than other methods and also the MTE method, shows a very high prediction error. Howev
er, the AW-LASSO method always has very low prediction error.

IV. Conclusion

Feature selection is a technique that aids in extracting the important variables from a larger range of
variables. It is becoming increasingly vital in statistics and is crucial to statistical analysis. In this paper,
it is proposed a new feature selection method, which uses a weight function from a redescending M-
estimator to modify the ordinary LASSO to form a new feature selection method namely, AW-LASSO.
The proposed technique performs well in both with and without outlier condition by examining under
the real datasets namely, the Boston Housing and Diabetic data sets. Further, the simulation studies
also showed that the superiority of AW-LASSO method over the other methods. The study concluded
that the proposed method can be used in the field of statistical learning, specifically in prediction
models.
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