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Abstract: Determining the predictor variables that have a non-linear effect as well as those that have
a linear effect on the response variable is crucial in additive semi-parametric models. This issue has
been extensively investigated by many researchers in the area of semi-parametric linear additive
models, and various separation methods are proposed by the authors. A popular issue that might
affect both estimation and separation results is the existence of outliers among the observations. In
order to address this lack of sensitivity towards extreme observations, robust estimating approaches
are frequently applied. We propose a robust method for simultaneously identifying the linear and
nonlinear components of a semi-parametric linear additive model, even in the presence of outliers
in the observations. Additionally, this model is sparse in that it may be used to determine which
explanatory variables are ineffective by giving accurate zero estimates for their coefficients. To
assess the effectiveness of the proposed method, a comprehensive Monte Carlo simulation study
is conducted along with an application to investigate the dataset, which includes Boston property
prices dataset.

Keywords: adaptive LASSO; group LASSO; outlier; penalized approaches; robust methods

MSC: 62G05; 62]07; 62]05

1. Introduction

Semi-parametric linear additive (SLA) models have both the flexibility of non-parametric
regression models as well as the simplicity of linear regression models. These applicable
models are broadly used as a popular mechanism for data analysis in many fields. In SLA
models, an acceptable relationship of the mean response variable is assumed to connect
with some explanatory variables linearly, while it relates to other explanatory variables
non-linearly in an additive form.

Suppose y = (y1,.-.,yn)" is the vector of the response variable and X = (xq,...,x,)T
is the n x p design matrix with p covariates and #n observations xiT = (X1, Xin, - - ,xip).
Without loss of generality, assume that x; is partitioned into xiT(l) = (%1, Xi2, - - -, xiq) and

xiT(z) = (Xj(g41),-- -, Xip) for some g € {1,...,p —1}. Then, the semi-parametric linear

additive model (see, e.g., [1]) is defined as

p
vi=xqB+ Y, filxj) te, i=1...n @
j=9+1
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where B = (B1,B2,.-.,Bq)" is a g-dimensional vector of unknown parameters, for1 o fp
are unknown smooth functions, and €;’s are random error terms, which are presumed to
be independent of (x;). It is assumed that the response and the covariates are centered,
and thus the intercept term is omitted without loss of generality.

There are several approaches for the estimation of non-parametric additive models, in-
cluding the back-fitting technique (see [2]), simultaneous estimation and optimization [3-6],
mixed model approach [1,7,8], and Boosting approach [9,10]. Ref. [5] has presented a re-
view of some of these methods, up to 2006, and [11] has performed several comparisons
between these techniques. The problem of variable selection and penalized estimation in
additive models has been investigated by many researchers [12-22].

An essential concern in practice is to identify the linear and nonlinear parts of the SLA
model, i.e., whether the explanatory variables can be considered as the linear or nonlinear
parts of the model. Ref. [23] studied an additive regression model as the standard model by
assuming that each of the functions is decomposed into linear and nonlinear parts. Their
proposed approach of estimation was a penalized regression scheme based on a group
mini-max concave penalty. Ref. [24] surveyed the additive model and tried to isolate the
linear and nonlinear predictors by using two group penalty functions, one for enforcing the
sparsity and the other one for enforcing linearity to the components. Ref. [25] introduced a
similar model to that of [23], while they imposed the LASSO and group LASSO penalty
functions to the coefficients of the linear parts and the coefficients of the spline estimator
of the nonlinear part, respectively. Ref. [26] introduced a similar additive model and they
enforced linearity to the spline approximation of the functions using the group penalty
function of the second derivative of the B-splines. There are also more contributions on the
problem of structure recognition and separation of nonlinear and linear parts of the SLA
model [27,28]. Some details of the literature review for the proposed separation approaches
are considered in Section 2.

The presence of outliers, which are unusual observations that fail to follow the scheme
of the bulk of the observations, is a frequent problem in the model fitting of datasets.
In such situations, robust regression approaches are used to solve the undesirable effects
of the outliers. Some of the most popular robust regression approaches are M-estimation,
S-estimation, the least median of squares, and the least trimmed squares; see [29] for more
details. Robust methods are well-known statistical techniques to overcome the complication
of outliers. The least trimmed squares (LTS), suggested by Rousseeuw and Leroy [30],
is one of the most popular robust regression techniques, as it minimizes the sum of h
smallest squared residuals instead of the whole sum of them, for a specified positive integer
trimming parameter & < n. The LTS estimator is efficient in reaching the maximum possible
breakdown point (50%) [31]. There are several works that have studied robust estimations
for the semi-parametric and non-parametric linear models (see, e.g., [32-34]).

In this paper, we consider the effect of outliers on simultaneous separation and estima-
tion methods in SLA models, and we survey the LTS version of the methods by introducing
the LTS version of the separation and sparse estimation approach suggested by [24]. The pa-
per is organized as follows. Section 2 presents a literature review of some simultaneous
separation and estimation approaches. Section 3 contains the general LTS version of the
approaches presented in Section 2, and then we try to apply the LTS version of the pro-
posed method by [24] in our implementation. Then, the finite sample breakdown point
of the proposed model is established with the introduction of a computational algorithm.
The comprehensive simulation studies are conducted in Section 4, in which many different
criteria are evaluated in six different competitive models. The proposed approach is then
applied in the Boston housing prices dataset, along with the prediction achievement of
different methods. At the same time, we try to reveal the effect of the outliers using the
different partial residual plots of all competitive schemes.



Mathematics 2024, 12,172

3o0f17

2. Literature Review of the Separation Methods

In this section, we review the available penalized models that separate the nonlinear
and linear parts of the semi-parametric regression model in the literature.

2.1. Group Penalization of the Spline Coefficients
Ref. [23] studied the following additive regression model as the guideline model:

14
y=)_ fi(xj)+e, (2)
j=1

and they assumed that each of the functions f; has a linear and a nonlinear part as follows:

Ky
fi(x) = Bo+ Bjx + I;l 0k Bjx (x),

where Bjy, - - -, Bjk, are basis functions. They suggested estimation of the model parameters
by minimizing the following penalized objective function:

12 p P K Zop
L(B,0) = - (%‘ —Bo— Z%ﬁjxij - Z;]{Z;ijBjk@ij)) + 2P7(||9jn||Aj/' VKA), (3)
j= j=1k= j=

2n 5

where p(+) is a penalty function depending on the penalty parameter A > 0 and a regu-
larization parameter <. In objective function (3), Lian et al. [23] considered the mini-max
concave penalty function for their model, as follows:

py(EA) = A/Ot(l —x/(yA))wdx, t > 0.

Under some conditions, they proved the consistency of the proposed estimators and studied
the correctness of the separation performed by their estimators.

2.2. Affine Group Penalization of the Spline Coefficients

Ref. [24] considered model (2), while they relaxed the assumption that each of the
functions f; has a linear and a nonlinear part; instead, they made an effort to separate the
linear and nonlinear covariates by the following affine group penalized model:

2
1 n p K?’l p p
L(#) =5 2 1: <yz’ — 6o — E 1k§ 19jkBjk(xij)> + 1)y 5 1w1j|\9j||A]- + nAy E 1w2j||9j||Dj/ (4)
= j=1k= j= j=

where A; > 0 and A, > 0 are penalty parameters, wy;s and wy;s are the proper weights,
which are appropriately chosen in order to reach a suitable consistency in model selection,
and for any K, x K, matrix B, ||6;[|p = (GjTB()j)l/z. Ref. [24] suggest the use of wy; =
1/||b]'\|A]. and wy; = 1/Hbj||Bj, for an initial estimate b; of 0;, j = 1,...,p. To enforce
sparsity and linearity to the functions f1,..., fp, they assumed that [|6;]| A; = 0, if and
only if Y 0% Bjx(x) = 0 and |[6j[|p, = 0, if and only if Y 0 Bj(x) is a linear function of x.
Letting

Ky Ky

A= { /0 ' Bjk(x)Bjk/(x)dx} and D, = { /0 ' B;,;(x)B;’k,(x)dx}

results in |[6;|[4; = || Ty 0% Bjk|| and [|6;]|p, = || Lx ijB]’«]’(| |. They proved that the proposed

k=1 kk'=1

estimators are asymptotically normal.
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2.3. LASSO and Group LASSO Penalization of the Linear and Nonlinear Coefficients
Ref. [25] studied the following scheme as a baseline model:
p
y=Zux+ Ef]-(x]-)—i-e, (5)
j=1

in which they assumed that there are some covariates Z that we need to consider in the
linear part. Similar to [23], they assumed that

KH

fi(x) = Bo+ Bjx + kZ 0k Bjr(x)
=1

Then, they enforced the LASSO and group LASSO penalty functions to the coefficients of
the linear parts and the coefficients of the spline estimator of the nonlinear part, respectively,
as follows:

n

14 P Ky 2
L(B,0) =), <]/i — o — Ziw — Y _ Bjxij — Zkz 9jkBjk(xij)> + Aqllef |1
p=i o

i=1

p
+ A2|[Bl1 + A3 Y 1165 (6)

j=1
2.4. Group Penalization of the Second Derivative of the B-Splines

Ref. [26] considered (2) as their baseline model and imposed linearity to the spline
approximation of the functions fi,..., f, by minimization of the following penalized
objective function, which uses the group penalty function of the second derivative of the
B-splines:

no 9 P Ky p

L) =) ) px (yz’ —0— ). ) 9jkBjk(xij)> +nq) PA(l|B]]), 7)
i=14=1 j=1k=1 j=1

where p, (-) is the quantile regression loss function.

3. Robust Penalized Estimation Methods

All of the penalized loss functions (3), (4), (6), and (7) can be written in the following
general form:

™=

14
Ln(n) = Y Lin(virn) + 1Y Piw(yj), m=1,...,4, (8)
i=1 j=1

where L;y, is the loss function of the ith observation, and Pj,, is the penalty function of the
jth parameter,i =1,...,n,j=1,...,pinthe mthmodel, m =1, ...,4.

The least trimmed squares (see [35]) penalized loss function associated with the mth
model is then as follows:

p

n
Qumlu,m) =Y uiLim(yi,n) +h Y Pi(y;), m=1,...,4, )
i=1 =1

where u; is the binary indicator clarifying whether the ith observation is a normal observa-
tion or is an outlier point, such that }_!" ; u; = h,u; € {0,1},fori=1,...,n,andh <nisa
starting conjecture for the number of normal observations. Let U be the diagonal matrix
with diagonal elements u = (uy,uy, ..., un)T.
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The resulting robust sparse semi-parametric linear estimator is obtained by the follow-
ing optimization problem:

min Qu(u, )

n

s.t. Z u; =nh, (10)
i=1
u; € {0,1}.

In this work, we only consider the robust version of penalized loss function (4):

n P K 2 p p
Q(u,0) = % Y ui (yi 60— ) 9jkBjk(xij)> +hAr ) will0)]]a; + hAz ) wail 6] I, (11)
i=1 j=1k=1 j=1 j=1
Hereafter, we name scheme (4) sparse semi-parametric linear additive (SSLA) and
scheme (11) robust sparse semi-parametric linear additive (RSSLA). We also name the
special case A, = 0 of schemes (4) and (11) sparse nonlinear additive (SNLA) and robust
sparse nonlinear additive (RSNLA), respectively, because by letting A, = 0, the schemes
change into nonlinear forms. As an alternative competitor for these schemes, the simple
linear LASSO regression is also considered, which is called sparse linear (SL), and its robust
version based on the LTS method is called robust sparse linear (RSL) in this research.

3.1. The Breakdown Point of the RSSLA Model
The RSSLA estimator is obtained as

OrssLa = argmin argminQ(u, 0),

0 uck,
where .
Ep={u; uj€{0,1}, i=1,2,...,n,) uj =h}.
i=1
Conventionally, we consider i = [[n(1 — a)]]|, where [[a]] denotes the ceiling of 4 and

« € (0,1) is the percent of leverage observed points. Indeed 1 — « is a starting guess for the
percent of outlier points. Some researchers propose considering a« = 0.75 (see [36] for more
details). Others have proposed considering h = [n/2] + [(p + 1)/2]. The finite-sample
breakdown point (FBP; see, e.g., [29]) is a size or rate for the consistency of a method.
For the complete sample Z, the FBP of an estimator S = S(Z) is given by

BP(S;Z) = min{m ssup [|S(Z9)|? = oo},

where Z* is a corrupted sample obtained from Z by replacing m of the complete 1 observa-
tions by random samples. In the following theorem, the FBP of LTS-SPSRE is established.

Theorem 1. The FBP of OrssLa estimator is

n—h-—1
—

FBP(frssia;y, X) = (12)

Proof. Let (y*, X*) be the corrupted sample by replacing the last m < n — h sample points.
Then the number of normal points in (y*,X*) is n —m > h. For an arbitrary sample
(y*, X*), we can write

3 ,0 — H *Tu * < : Tu <hM2,
,rlrelg;Q(u ) miny® Uy < miny Uy <

where My = max;—1, _n |yi-
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Let 6 be such that Ay 1f_ wij][6)]]4, + A2 X ws]|6]]Ip; > hMj + 1; then

p p
min Q(u,0) = hAy ) wij||0)][a; +hA2 ) wal16)]|p;
h j=1 j=1

> hM; + 1
> min Q(u,0).

ucky,

Since min,cg, Q(u,0) < min,cg, Q(u,0), we can write

4 P
Ay Y wil|6;]]a; +hAz ) wal |65, < hMj +1,
j=1 j=1 =brssLa

and hence BP(frssia;y, X) > ”’nﬁ

Let ® be the n x (pKj,) matrix of B]«k(x,-]-)s,i =1...,n,j=1,...,p, k=1,... K.
Change the last m = n — h + 1 observations of (y, X) such that the last m observations of
(y, ®) are changed to (aM, ae), with M > 0anda > 0,e = (eh" .., ejp)T, in whiche; is a

vector with 1 as its ith elements and zero elsewhere, and

p P

max(h — nfz,O)(iirlwlx’1 lyi| + Migaxn |[@;])> +hA M/ p Y wiillej, || a, + hM/pAz Y waillej|Ip, < a*.

i=1 i=1
Let P(0) = hAq Z]le w1j|6j]14; + hA2 Z]’?:l ws;|[6;]|p; and consider the point 6 =

a(M/p)e. Now, for the last m sample points, according to (y — ®0y) = aM —aM = 0, it
can be written that

mingeg, , (y — POp) "U(y — POy) + P(Om), h > M
P(6n), otherwise.

min Q(u,0y) = {

ucE h
Therefore,

min Q(u,0p) < max(h—m,0)( max |y;| + M max ||®;]|)? + P(6um)
ucky, i=1,.n i=1,.n
< a2 (13)

Also, for the corrupted sample, we can write

min Q(u,0) > (Ma —af ' e)?,

ucky,

in which at least one of the last m points of the corrupted sample is in the set of the least
possible 1 residuals. Now, considering 0 such that [§ 71| < M — 2, it can be seen that

min Q(u, 8) > a?>(M — 0" e)? > a?, (14)

uEEh
since fTe < |9T1| < M — 2, which is a contradiction. Thus, we deduce that

ORssiall > M -2,

which means that FBP occurs as M tends to infinity, i.e., BP(éRSSLA; y,X) < ”_2_1 , and the
proof completed. [

3.2. Computational Penalized LTS Algorithm

To find u*, we have to look for the minimum of the set Ej, overall (};) combinations of
the complete set {1,...,n}. Thus, for somewhat large values of sample size, achieving the
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optimal value may need too much time and space. To extend the procedure of obtaining
the RSSLA model, an analog of the FAST-LTS algorithm developed by [35] is proposed.

Let u; € Ej, be the indicator vector obtained at iteration k and él({];)SL A be the obtained
argument that minimizes Q(uy, 0) in the kth iteration. Then,

U geella)isi=1..., 0}
Uik+1 = _ )
0, otherwise,

where (e;)2,, < -+ < (ex)3,, are the sorted sample of the squared residuals.
It is obvious that
Q(uis1, 91({"52&) < Q(m, GI(QI;)SLA)’
and the algorithm continues until convergence.

To guarantee that the updated solution of the algorithm is as close as possible to the
optimal solution of Q(u, §), the steps of the algorithm are replicated s times with s beginning
indicator vectors u}, .. ., uf. To decrease the computational cost of the algorithmic program,
the methodology proposed by [35] is applied, in which only two iterations of the algorithm
for each iteration are performed, obtaining u%, ..., u5, keeping a small number, k, of them
with the lowest values of Q(, ), and the algorithm is continued until convergence occurs.
The latest result is the indicator with the minimum value for the optimization problem.

4. Simulation Study

In this section, we present an extensive simulation study to examine the performance
of the proposed estimators in the presence of the outliers. We consider the simulation
scenarios proposed by [24] to generate clean data. The clean data are generated from
the model

P
ylglean = Zf]'(Xij) + €,
=1

where f1(x) = 5sin(27x), fo(x) = 10x(I — x), f3(x) = 3x, fa(x) = 2x, f5(x) = —2x and
fi(x) =0, forj =6,...,p. The errors ¢; are generated from a normal distribution with
zero mean and variance o2. The covariates Xij are generated from a multivariate normal

distribution with zero mean vector and the covariances Cov(X;j, Xjj,) = 0.5!172| and then
the cumulative distribution function of the standard normal distribution is applied to them
to transform their range into [0, 1].

The simulation study is performed for N = 100 iterations of the data generation and
estimation. For each iteration of the simulation study, we generate n = 100, 200 clean train
datasets, with p = 50,100, 200 covariates, and o = 0.2,0.5. The clean train data points are
denoted by

(xtr, .. .,Xf;,ylt.r’dean), i=1,...,n

We further generate ny; = n/2 test datasets, denoted by
¢ ts | ts—cl :
(X, - .,Xi‘;’,,yis geamy i=1,...,ns.
Then, we contaminate the response values y? —clean 414 y?*de"m as follows. From n (n¢5)
samples, we choose 20% randomly, and we denote this subset by O. Then, for any i* € O,

we generate Uy;» and Up;+ from a uniform distribution over [0, 1] independently. Next, we
let

youtier — yglean 4 1o 1(Uy > 0.5) — 1] (2 + Uy ) S, fori* € O,

where S§¢a" is the sample standard deviation of clean responses. For a Core i5 10210U
CPU (1.60 GHz) with 8 GB RAM and R version 4.2.1 (64 Bit), the mean computation time
for SSLAM is 16.84 min (with optimization of BIC for choosing penalization parameters),
for SLM it is 0.26 s, for SGAM it is 2.41 min, for RSSLAM it is 53.29 s (without optimization
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of BIC for choosing penalization parameters), for RSLM it is 0.23 s, and for RSGAM it is 4.54
min. Note that the codes of the proposed models are developed in R, while for the SLM
and RSLM models, the R package glmnet is used, which implements the main procedures
in the C programming language.

Several criteria are considered in this simulation study to examine the performance of
the estimators. The mean integrated square error (MISE) for f; is defined as

-1

MISE(fj):/O (Fi(x) = fi(x)2dx, j=1,...,p.

For the purpose of testing the prediction efficiency of the proposed methods in the
presence of the outliers, we define the clean data mean square error (CMSE) and clean data
prediction error (CPE) for the train and test datasets, respectively, as follows:

n
CMSE = % Z(?fr _ ytrfclean)Z/

i
i=1

1 & _
CPE = — Z(yfs _ yfs clean)2.

Ms i3

The false negative rate and the false positive rate are also defined as follows:

#j; 1<j<p f;#0, f=0}
#Hip1<j<p fi#0} 7

Mipl<j<q f;=0 f #0}
#ip1<j<q fj=0p 7
where #A stands for the cardinality of the set A.

We also define the false linear rate (FLR) and false non-linear rate (FNLR) criteria as
follows, to examine the separation performance of SSLA and RSSLA models:

FNR =

FPR =

#Hi;1<j<p, fj is not linear, f] is linear}

FILR =
#{j; 1<j<p, fjisnotlinear}

#{j; 1 <j <p, fjislinear, f] is not linear}

FNLR = #{j; 1 <j < p, fjislinear} !

as well as the false outlier rate (FOR) and false non-outlier rate (FNOR) criteria as follows,
to examine the outlier detection performance of robust models:

#{i; 1 <i < n, y; is not outlier, y; is detected as outlier }

FOR = - ;
#{i; 1 <i <mn, y; is not outlier}

7

#{i; 1 <i <mn, y;is an outlier, y; is not detected as outlier}

FNOR =
#{i; 1 <i <mn, y; is an outlier}

The means and standard errors of all the above criteria are tabulated for all different
scenarios in Tables 1-8. From Tables 1 and 2, one can see that the robust separative model
RSSLA is the most powerful model for estimating the true regression functions, especially
for larger values of n (n = 200 in Table 2), while for n = 100 (Table 1), the RSNLA model is
also a successful model for estimation of the nonlinear regression functions. From Table 3,
it can be observed that the RSSLA model is almost more efficient than other competitors
(except the RSNLA model in a few cases) in the sense of the clean data MSE (CMSE).
The clean data prediction performance of the RSSLA model is of course the best among
the six models, based on the CPE values tabulated in Table 4. From Table 5, the RSNLA
model is the best model based on the FNR criterion, while the best values of the FPR
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criterion are obtained for the SL model, based on the values in Table 6. However, one can
see that the FINR and FPR values for the RSSLA model are better than those of the SSLA
model, which means that the robust modeling improves the FNR and FPR values in the
separative semi-parametric linear model. From Table 7, it can be seen that both SSLA and
RSSLA models have near-zero values of the FLR, while the RSSLA model has significantly
lower values of the FNLR than the SSLA model. This shows that the robust modeling helps
the model to separate the linear and nonlinear covariates more accurately. Finally, from the
values of the FOR and FNOR criteria in Table 8, we can deduce that the RSSLA model
is the most powerful model among the three robust models for the correct detection of
the outliers.

Table 1. The means and standard deviations of MISE values for n = 100 from the simulation study
for 6 models. The standard deviations are shown in subscripts.

p o f SSLA RSSLA SNLA  RSNLA SL RSL

50 0.2 f1 0.3349309 0.0860119 0.39802690 0.239)217 22770697 2.5411014
fz 0.203p9234 0.058310¢ 0.203p152 0.1353087 0.213p177 0.195¢ 037

]‘;3 0.213p.14¢ 0.04600g81 0.276011¢ 0.1560098 0.4660384 0.357(.167

Ji4 0.1500.1¢9 0.0399050 0.143p158 0.084p061 0.141p195 0.112( 104

'/';5 0.127p.129  0.043g054 0.1295117 0.0880045 0.102¢ 077 0.092¢.079

0.5 fl 04444415 0.2399202 0.461p751 0.333p217 2.358p751 2.458(.978

f2 0.2240209 0.138p123 0219189 0.17191109 0.1989059 0.2000050

ji4 0.15241¢5 0.0824085 0.134p119 0.0960062 0.158p195 0.123( 121

100 0.2 f1 1.887p.000 0.887p.000 0.6099286 0.323p255 2.332p827 2.329).991
sz 0.1850004 0.168p000 0.193p059 0.152p059 0.1990089 0.191¢.026

Jig, 0.3219.0900 0.197p.116 0.283p085 0.3150000 0.5000.447 0.387p221

’)i4 0.3349491 0.0800000 0.1090098 0.08400p4 0.134p24> 0.0970.076

0.5 f1 0.88709.001 0.587p.003 0.608p286 0.3470258 2.151p635 2.221(.768

sz 0.1860.000 0.1699001 0.194p083 0.154p052 0.193p041 0.190¢.023

Jig 0.32150091 0.22991092 0.297p058 0.318p001 0.414p275 0.3500.174

f:4 0.083p.000 0.0800000 0.102p06s 0.0820024 0.092p072 0.085¢ 040

f;5 0.08509.000 0.0800.000 0.1213157 0.091p044 0.088p.005 0.084¢.029

200 0.2 f1 0.9640 024 0.383p172 0.574p281 0.258p275 2.0450525 2.093(.719
f;4 0.0949001 0.068003> 0.0860040 0.0769059 0.1109099 0.088¢ 054

Ji5 0.0880.002 0.0760091 0.0950055 0.0799.020 0.081p003 0.0800.003

0.5 fl 0.9250057 0.6060018 0.6159314 0.484093935 1.9730458 2.092(584

]i3 0.2819.002 0.2050098 0.2724079 0.2344199 0.3500.1390 0.318¢.067

f5 0.0819.0903 0.0599000 0.089)041 0.0799.005 0.0800.002 0.0800.003
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Table 2. The means and standard deviations of MISE values for n = 200 from the simulation study
for 6 models. The standard deviations are shown in subscripts.

p o f SSLA RSSLA SNLA  RSNLA SL RSL

50 0.2 fi 0.2879.686 0.0800274 0.363p9218 0.3300.098 2.9850.903 2.675¢.676
fQ 0.1679.976 0.055p044 0.19607117 0.0820075 0.1960033 0.191(16

f;3 0.261p.098 0.0650 091 0.2460135 0.07090s4 0.5799320 0.485¢.268

Ji4 0.07600490 0.0345013 0.1753154 0.041p04¢ 0.1309.154 0.0999.065

f:5 0.0800.033 0.0355097 0.163p123 0.0460047 0.099)079 0.077(011

fz 0.168y040 0.0500033 0.2224937 0.1160085 0.2113127 0.192( 08

]ig, 0.2484193 0.0587049 0.2753185 0.14245117 0.5200289 0.466¢ 253

Ji4 0.0750015 0.0440 004 0.222417¢ 0.089)052 0.138p144 0.093¢065

f;5 0.0809.002 0.0500027 0.213p5194 0.0989069 0.1079105 0.085¢034

100 0.2 f1 0.2950 417 0.0760122 0.2224138 1.1154837 2.607p701 2.651(.940
fiz 0.1829.023 0.0630065 0.162005¢ 0.1520059 0.1960051 0.188(.016

]i4 0.0799011 0.048y035 0.0800.0220 0.0660026 0.0960077 0.091¢057

f;5 0.08009.000 0.0490034 0.0820019 0.072p029 0.0900053 0.083¢.036

sz 0.1840 016 0.074p057 0.144005¢ 0.1040064 0.189)017 0.188(010

’)i4 0.0799.008 0.0650020 0.091p0435 0.068p041 0.103p099 0.085¢ 032

200 0.2 f1 0.2899312 0.02240g84 0.1493179 0.026005¢ 1.3801280 1.3921 088
sz 0.1919.920 0.0115913 0.0760978 0.018p.030 0.108p.092 0.108¢.093

Ji3 0.284p08s 0.0200079 0.0983104 0.0250052 0.2600300 0.190¢.183

f:4 0.0779.008 0.0150 027 0.048p045 0.0199028 0.057p064 0.051¢055

Ji5 0.0815901 0.023p018 0.051p052 0.0250033 0.051p056 0.046¢ 040

0.5 f1 0.1125.995 0.043p055 0.17600249 0.0610092 1.2331701 1.2267 206

ji3 0.1089.057 0.033p5028 0.110p122 0.0460065 0.2540339 0.196( 223

f;4 0.0389.006 0.021y00s 0.043p9044 0.0300.036 0.0620093 0.056¢ 086

f5 0.0239.0900 0.0153013 0.048p049 0.034p039 0.0550079 0.042( 040

Table 3. The means and standard deviations of CMSE values from the simulation study for 6 models.
The standard deviations are shown in subscripts.

n p g SSLA RSSLA SNLA RSNLA SL RSL

100 50 0.2 24099875 0.736103> 2.9219394 1.3579843 1.4270269 1.4050358
0.5 1.657p388 1.6379333 3.231p3g9 2.1269g814 2.979508 1.9551 170

100 0.2 24380290 1.5399741 2.9860409 1.2779¢35 1.4860334 1.5750480

0.5 2.6159288 1.4959758 3.2499395 1.7430¢51 1.77409388 1.7740.402

200 0.2 2489364 1.613p9381 2.984p410 0.9530590 1.617p843 1.695501

0.5 2.7240286 1.6280¢43 3.1620416 1.7889719 1.745036> 1.842 500

200 50 0.2 0.8871.091 0.8000272 2.874p934 0.894027¢ 1.307p200 1.284(.169
0.5 0.9880280 0.8250370 3.1400331 2.15610p9 1.51241g9 1.4900235

100 0.2 0.8360.420 0.338733¢ 1.5481050 1.8791304 1.3260192 1.369(.262

0.5 1.0750273 0.8840401 2.621p9pp 1.0260461 1.563p210 1.627(298

200 0.2 0.718934¢6 0.218p352 1.7107477 0.253p0s2 0.780p6s50 0.814¢.726

0.5 1.023p 049 0.427)514 1.7651¢57 0.573p705 0.858p814 0.913 836
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Table 4. The meanss and standard deviations of CPE values from the simulation study for 6 models.

The standard deviations are shown in subscripts.

n p o SSLA RSSLA SNLA  RSNLA SL RSL

100 50 0.2 41935098 0.9001 260 4.606139> 1.6021084 1.7500403 1.7340 464
0.5 2.0189 413 1.9930507 5.4511546 2.39709883 3.026p.100 2.190q 345

100 0.2 4.2207 657 1.4729708 3.6640964 1.8610300 1.9480486 1.8710567

0.5 29911106 1.0831051 4.0739839 1.94609785 2.1950591 2.1670598

200 0.2 21679306 1.0239364 3.4410969 1.1199¢ga 1.9979520 2.0060 589

0.5 2.034g346 0.9760564 3.9010.929 2.1070766 2.2620645 2.197592

200 50 0.2 0.9231069 0.9100335 7.7081816 0.9971065 1.4500250 1.4100.263
0.5 11289334 0.9320349 9.29219g3 2.353p973 1.739p338 1.654¢.290

100 0.2 0.9679.434 0.4344475 2.0701616 1.9351333 1.525p289 1.599¢3s5

0.5 11820370 1.011p 468 3.9251777 11360464 1.767929¢ 1.837¢.406

200 0.2 1.0300209 0.252p389 1.9091¢9¢ 0.837p603 0.932p827 0.942) 846

0.5 1.202p386 0.4430465 2.0875017 0.6360784 1.0029950 1.026¢ 9g7

Table 5. The means and standard deviations of FNR values from the simulation study for 6 models.

The standard deviations are shown in subscripts.

n p o SSLA RSSLA SNLA  RSNLA SL RSL

100 50 0.2 0.2999239 0.1475120 0.29241¢5 0.233p17¢ 0.5724173 0.527(193
0.5 0.273p9219 0.2000144 0.288p171 0.267p169 0.5724195 0.533(.192

100 0.2 0.631g.056 0.3799089 0.562416¢5 0.3370.176 0.6100174 0.628(.192

0.5 0.6100000 0.517909¢ 0.5200.160 0.472p159 0.6859171 0.6329187

200 0.2 0.6420237 0461514 0.60157148 0.403p137 0.707p174 0.687(.176

0.5 0.6179203 0.5420202 0.611p154 0.4824177 0.6920149 0.715¢171

200 50 0.2 0.7299118 0.2379240 0.068p097 0.043p073 0.468p141 0.403¢1s2
0.5 0.6999121 0.198y160 0.0620091 0.05200885 0.453p174 0.455¢ 160

100 0.2 0.7919081 0.4780.174 0.578p291 0.3200255 0.6740264 0.527(151

0.5 0.813p 064 0.3950242 0.3820282 0.2379230 0.555913¢ 0.537153

200 0.2 0.7999101 0.411p129 0.21245717 0.097p148 0.322p288 0.297(.280

0.5 0.8180.093 0.388p214 0.210g235 0.133p1g88 0.3150317 0.317p311

Table 6. The means and standard deviations of FPR values from the simulation study for 6 models.

The standard deviations are shown in subscripts.

n p g SSLA RSSLA SNLA  RSNLA SL RSL

100 50 0.2 04630216 0.4239109 0.493p049 0.3499054 0.1309122 0.180¢135
0.5 0.542451¢1 04880087 0.4924051 0.383p049 0.1423177 0.173(131

100 0.2 0.2515154 0.2060052 0.2060033 0.1500033 0.116¢105 0.198(.100

0.5 0.1279015 0.10609031 0.208p034 0.1679034 0.0799085 0.094¢ 975

200 0.2 04515143 0.317p184 0.1283021 0.0900017 0.047p055 0.062¢ 068

0.5 0.3419244 0.206008s 0.1250020 0.098p016 0.057p061 0.064¢75

200 50 0.2 0.445p219 0.1660119 0.8720044 0.676(0049 0.022p019 0.185¢ 131
0.5 0.6239.199 0.181p13> 0.8850038 0.697p051 0.023p019 0.192( 134

100 0.2 0.1179121 0.103g09¢ 0.1760231 0.1799172 0.0329915 0.1410999

0.5 0.198p175 0.0919069 0.360p216 0.311p135 0.0329021 0.1099 084

200 0.2 0.1059.197 0.0760048 0.1415124 0.081p0990 0.037p054 0.046¢ 060

0.5 0.2050104 0.083p066 0.1344127 0.0840095 0.032p0535 0.033¢.055
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Table 7. The means and standard deviations of FLR and FNLR values from the simulation study for

SSLA and RSSLA models. The standard deviations are shown in subscripts.

Criterion FLR FNLR
n p lg SSLA RSSLA SSLA RSSLA
100 50 0.2 0.000¢.000 0.006¢ 955 0.549 203 0.308( 288
0.5 0.005¢ 052 0.0119. 974 0.422( 246 0.384( 245
100 0.2 0.000¢ 000 0.000¢ 000 0.195¢.163 0.0109 001
0.5 0.003¢.000 0.0009 000 0.153¢ 127 0.028 010
200 0.2 0.000¢.000 0.0009 000 0.1389.141 0.014¢ o5
0.5 0.002 g00 0.0000 000 0.106¢ og2 0.0175011
200 50 0.2 0.000¢.000 0.0009 000 0.542¢ 414 0.125( 142
0.5 0.000¢.000 0.0009 000 0.593p 713 0.163( 152
100 0.2 0.000¢ 000 0.000¢ 000 0.319.322 0.065¢ 134
0.5 0.000¢.000 0.0009 000 0.571p 333 0.035¢ 103
200 0.2 0.000¢.000 0.0009 000 0.2750 249 0.054 032
0.5 0.0009 000 0.0000 000 0.443¢ 218 0.0270 995

Table 8. The means and standard deviations of FOR and FNOR values from the simulation study for

3 robust models. The standard deviations are shown in subscripts.

Criterion FOR FNOR
n p o RSSLA RSNLA RSL RSSLA RSNLA RSL

100 50 0.2 0.090¢157 0.1225975 0.246015p 0.0850 039 0.0939019 0.124¢ 038
0.5 0.1444 973 0.2283143 0.3160124 0.0990018 0.119)041 0.142( 031

100 0.2 0.0299 049 0.1540087 0.2209128 0.0709p1> 0.101g0p2 0.118¢032

0.5 0.0000000 0.1560081 0.253p.118 0.0629000 0.1029020 0.126¢929

200 0.2 0.0175031 0.1660085 0.1483139 0.0650001 0.104p021 0.099¢.033

0.5 0.0159 004 0.1700083 0.2600138 0.0739011 0.1059021 0.128¢ 034

200 50 0.2 0.0353 947 0.098p056 0.1360158 0.071p017 0.087p014 0.096¢.039
0.5 0.041y 045 0.0987047 0.2683129 0.073p011 0.087p012 0.129¢ 030

100 0.2 0.0260 047 0.1249065 0.029)04¢ 0.0690012 0.093p016 0.0700012

0.5 0.059) 064 0.1300.063 0.0990091 0.077p016 0.0950016 0.0870.023

200 0.2 0.018y022 0.078p087 0.041p076 0.033p013 0.0560050 0.0400.045

0.5 0.063p070 0.0720080 0.08509114 0.0309010 0.0529049 0.049¢.057

5. Case Study

To evaluate the performance of the proposed method for a real dataset, we analyze
the Boston housing prices dataset [37,38] with 506 observations and 14 features. The R
package MASS [39] contains these data. Here, we consider the median value of the price of
the owner-occupied homes in USD 1000 (Median Price) as the response variable, and the

following covariates:

*  Crime rate: per capita crime rate by town;
*  Nitrogen Oxides: nitrogen oxide concentration (parts per 10 million);
*  Rooms: average number of rooms per dwelling;
e Age: proportion of owner-occupied units built prior to 1940;
¢  Distances: weighted mean of distances to five Boston employment centers;

e Lower Status: lower status of the population (percent).

The following model is considered:

Median Price = y + f1(Crime rate) + f»(Nitrogen Oxides) + f3(Rooms) + f4(Age)
+ f5(Distances) + f¢(Lower Status) + €

(15)

The leave-one-out cross-validation is considered, by only considering the samples
with less than the 90% quantile of the train set square residuals (not considered as outliers)
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in all models. We call this criterion trimmed leave-one-out cross-validation (TLOOCYV),

which is as follows: (=)
Lawilyi—g; ")
TLOOCV = ==L "7 7

. 7
i=1 Ui
(—i)

where 7; "/ is the prediction of y; by using all observations except (X;, y;), and

1 (g —9)? <Quantile0,9{(ngj)2,j € {1,...,n}/i} ‘
0

u; =

Values of TLOOCYV are presented in Table 9, along with the percent of test points
(100(1 — 1t 1 uj/n)%), considered as the outliers. As one can see from Table 9, the RSSLA
model has achieved the smallest value of the TLOOCV among all models.

To draw the partial residual plot for the jth covariate (j =1, ..., 6), we compute the
residuals of the regression of the response variable against all covariates except the jth
covariate, and then we plot it against the jth covariate. These plots are shown in Figures 1-6
for all six models. The outliers are the points where their square residual is greater than the
90% quantile of the square residuals.
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Figure 1. Partial residual plots for SSLA model.
(= . (=2 ]
5] 24
= £ 1 = 4
B 3 o B .
2 il =g
27 2 o 4 g7
Qo A o To-
c c - c
3 1 § K
24 5}
= §1 . = 9 R =81 .
T T T T T T T T T T T T T T T T T
0.0 0.2 08 0.8 1.0 0.0 02 0.4 06 08 1.0 0.0 0.2 0.4 06 0.8 1.0
Crime.rate Nitrogen.Oxides Distances
4 87 » 1 g
o o o
£ O 4 £ L | =
B 3 _ g
FER 2] FEE
o o © o
c o4 c 91
3 3 4 8
8o ® o 3 A
= = q7 . =9 .
T T T T T T S T T T T T
0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 0.4 06 0.8 1.0
Rooms Age Lower.Status

Figure 2. Partial residual plots for RSSLA model.
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Table 9. Trimmed leave-one-out cross-validation and test outlier percent for 6 models.
Model TLOOCV Test Outlier Percent
SSLA 5.32 13.8%
RSSLA 4.78 12.6%
SNLA 5.51 14.4%
RSNLA 6.16 12.4%
SL 11.98 10.5%
RSL 10.81 10.5%

6. Conclusions and Summary

This research investigates a robust version of the sparse separative semi-parametric linear
regressionmodel introduced by [24] by utilising the LTS regression model [35]. The proposed
research might potentially encompass other separative semi-parametric linear regression models
put forth by [23,25,26], as well as other upcoming comparable techniques. The simulation
analysis demonstrates that the proposed strategy substantially enhances the performance of the
sparse separative semi-parametric linear regression model in terms of estimation, prediction,
variable selection, and separation. The proposed method outperforms previous robust regression
models in outlier detection and has the best performance in terms of a truncated variant of the
leave-one-out cross-validation measure [37,38] when applied to the well-known Boston housing
prices dataset.
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