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Abstract: Regularization methods such as LASSO, adaptive LASSO, Elastic-Net, and SCAD
are widely employed for variable selection in statistical modeling. However, these methods
primarily focus on variables with strong effects while often overlooking weaker signals,
potentially leading to biased parameter estimates. To address this limitation, Gao, Ahmed,
and Feng (2017) introduced a corrected shrinkage estimator that incorporates both weak
and strong signals, though their results were confined to linear models. The applicability
of such approaches to survival data remains unclear, despite the prevalence of survival
regression involving both strong and weak effects in biomedical research. To bridge this
gap, we propose a novel class of post-selection shrinkage estimators tailored to the Cox
model framework. We establish the asymptotic properties of the proposed estimators
and demonstrate their potential to enhance estimation and prediction accuracy through
simulations that explicitly incorporate weak signals. Finally, we validate the practical utility
of our approach by applying it to two real-world datasets, showcasing its advantages over
existing methods.

Keywords: variable selection; high-dimensional data; Cox proportional hazards model;
LASSO; shrinkage estimation; sparse model
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1. Introduction

High-dimensional data analysis, where the number of covariates frequently exceeds
the sample size, has become a central research focus in contemporary statistics (see [1]). The
applications of these methods span a broad range of fields, including genomics, medical
imaging, signal processing, social science, and financial economics. In particular, high-
dimensional regularized Cox regression models have gained traction in survival analysis
(e.g., [2-4]), where these techniques help construct parsimonious (sparse) models and can
outperform classical selection criteria such as Akaike’s information criterion [5] or the
Bayesian information criterion [6].

The least absolute shrinkage and selection operation (LASSO) proposed by [7] remains
one of the most popular approaches to high-dimensional regression, due to its compu-
tational efficiency and its ability to perform variable selection and parameter shrinkage
simultaneously. Numerous extensions of LASSO, such as adaptive LASSO [8], elastic
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net [9], and scaled LASSO [10], have been developed to further refine estimation and
prediction performance. In the context of Cox proportional hazards models, analogous
methods—including the LASSO [4,11], the adaptive LASSO [12,13], and smoothly clipped
absolute deviation (SCAD; [14])—have been widely examined. Interested readers may also
consult [15-18] for recent advancements in high-dimensional Cox regression.

When p > n, the focus is often on accurately recovering both the support (i.e., which
covariates have nonzero effects) and the magnitudes of the nonzero regression coefficients.
Although many penalized inference procedures excel at identifying “strong” signals (i.e., co-
efficients that are moderately large and thus easily detected), they may fail in adequately
accounting for “weak” signals, whose effects may be small but nonzero. To formalize this,
one can divide the index set {1,..., p, } into three disjoint subsets as follows: S; for strong
signals, S, for weak signals, and S, for coefficients that are exactly zero. Standard estima-
tion procedures that neglect weak signals risk introducing non-negligible bias, particularly
when these weak signals are numerous.

In this paper, we tackle the bias induced by weak signals in high-dimensional Cox
regression by adapting the post-selection shrinkage strategy proposed by [19]. Our key
contribution is the development of a weighted ridge (WR) estimator, which effectively
differentiates small, nonzero coefficients from those that are truly zero. We show that the
resulting post-selection estimators dominate submodel estimators derived from standard
regularization methods such as LASSO and elastic net. Moreover, under the condition
pn = O(n") for some a > 0, we establish the asymptotic normality of our post-selection WR
estimator, thereby demonstrating its asymptotic efficiency. Through extensive simulations
and real data applications, we illustrate that our method achieves substantial improvements
in both estimation accuracy and prediction performance.

The remainder of this paper is organized as follows. Section 2 presents the model setup
and the proposed post-selection shrinkage estimation procedure. In Section 3, we outline
the asymptotic properties of our estimators. Section 4 provides a Monte Carlo simulation
study, while Section 5 reports the results of applying our methodology to two real data sets.
We conclude in Section 6 with a brief discussion of possible future research directions.

2. Methodology
2.1. Notation and Assumptions

In this section, we state some standard notations and assumptions, used through-
out the paper. We use bold upper case letters for matrices and lower case letters for
vectors. Moreover, T denotes the matrix transpose and Iy denotes the N x N identity
matrix. Design vectors, or columns of X, are denoted by X;,j =1, -, p,. The index set
M ={1,2,---, pn} denotes the full model which contains all the potential variables. For a
subset A C M, we use B4 for a subvector of B indexed by A, and X4 for a subma-
trix of X whose columns are indexed by A. For a vector v = (vq,-- -, Upn)T, we denote
[lv|]2 = , /Z;’;’l vjz and ||v||; = Zfil |vj|. For any square matrix A, we let Apin(A) and
Amax(A) be the smallest and largest eigenvalues of A, respectively. Given a,b € R, we let
aV b and a A b denote the maximum and minimum of 2 and b. For two positive sequences
ay and by, a, < by, if a, is in the same order as b,. We use I(.) to denote the indicator
function; Hy(.; A) denotes the cumulative distribution function (cdf) of a non-central -

distribution with ¢ degrees of freedom and non-centrality parameter A. We also use Lito
indicate convergence in distribution.

LetS C {1, -, pn} be the set of the indices of nonzero coefficients, with s = |S| de-
)
is sparse, that is s < n. Without loss of generality, we partition the (n x p,)-matrix

X as X = (XSI’st’XSnull)T’ where SiNSH NS = G, S1USH U S = M and

noting the cardinality of S. We assume that the true coefficient vector g* = (83T, -+, B
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Snull = {j : Boj = 0}. For two matrices Xs, and X;s,, we define the corresponding
sample covariance matrices by

_ -1
Z“&5‘1\32 =Lss — 2‘51522828225251’

_ -1
L5185 = £58, ~ £58 55,5, 55,5 (1)

LetV = (st, X Snull)T be a p, — s1 submatrix of X. Then, another partition can be written
as X = (X5, V)T. Let My = I, — X5, £5 s XJ . Then, VIMiVis a (pn — s1) X (pn — 51)
dimensional singular matrix with rank k; > 0. We denote ¢; < -+ < g, as all the k;
positive eigenvalues of VT M, V.

2.2. Signal Strength Regularity Conditions

We consider three signal strength assumptions to define three sets of covariates ac-
cording to their signal strength levels as follows [19]:

(A1) There exists a positive constant ¢y, such that [B,] Z c1+/(log p)/n for Vj € Sy;

(A2) The coefficient vector B satisfies ||Bs, ||3 ~ O(n") for some 0 < T < 1, where Bi #0
for Vj € Sy;

(A3) ‘B] =0, for V] € Spull-

2.3. Cox Proportional Hazards Model

The proportional hazards (PH) model introduced by [20] is one of the most commonly
used approaches for analyzing survival data. In this model, the hazard function for an
individual depends on covariates through a multiplicative effect, implying that the ratio
of hazards for different individuals remains constant over time. We consider a survival

model with a true hazard function Ay (t | X) for a failure time T, given a covariate vector
X = (Xl,. . .,X,,)T. We let C denote the censoring time and define Y = min(T,C) and
6 = I(T < C). Suppose we have n ii.d. observations {(Y;,;, X;)}"_; from this true
underlying model, where X = (Xy,..., Xp)T represents the n X p design matrix.

The PH model posits that the hazard function for an individual with covariates X is
AE]X) = Ag(t) exp(XTﬁ), (2)

where B = (B1,..., /Z»p)T is the vector of regression coefficients, and A (t) is an unknown
baseline hazard function. Because A((t) does not depend on X, one can estimate § by
maximizing the partial log-likelihood

n n
1B) = Y 6 (x'B) — Yo log< ) exp(x]Tﬁ)>, 3)
i=1 i=1 JjER(t;)
where §; = I(T; < C;) and R(t;) = {j : Tj > t;} is the risk set just prior to t;. Maximizing
I(B) in (3) with respect to B yields the estimator § for the regression parameters.
2.4. Variable Selection and Estimation

Variable selection can be carried out by minimizing the penalized negative log-partial
likelihood as follows:

Pn
—1(B) + 21 Pr(By), (4)
i=
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where P, (B;) is a penalty function applied to each component of B, and A is a tuning
parameter that controls the magnitude of penalization. We consider the following two
popular methods:

1.  LASSO. The LASSO estimator follows (4) with an Li-norm penalty,

Peny(Bj) = Aljl.

As A increases, this penalty continuously shrinks the coefficients toward zero,
and some coefficients become exactly zero if A is sufficiently large. The theoreti-
cal properties of the LASSO are well studied; see [21] for an extensive review.

2. Elastic Net (ENet). The Elastic Net estimator implements (4) with the combined
penalty

Pr(B) = AlBl + (1) ), ©)

where 0 < o« < 1. When a = 1, this reduces to the LASSO, and when « = 0, it
becomes Ridge. Combining L and L, penalties leverages the benefits of Ridge while
still producing sparse solutions. Unlike LASSO, which can select  variables at most,
ENet has no such limitation when p,, > n.

2.4.1. Variable Selection Procedure for S; and S,

We summarize the variable selection procedure for detecting the strong signals S; and
the weak signals Sp.

Step 1 (detection of S;). Obtain a candidate subset S of strong signals using a penalized
likelihood estimator (PLE). Specifically, consider

Pn

gPE _ argn'gn{—ﬂn(ﬁ) + Y P8} (6)
j=1

where P, (B;) penalizes each B;, shrinking weak effects toward zero and selecting the strong
signals. The tuning parameter A > 0 governs the size of the subset S;.

Step 2 (detection of Sp). To identify S, first solve a penalized regression problem with a
ridge penalty only on the variables in &f. Formally,

B = argmin{ ~0(B) + rul|Bs; I3} @)

where r,, > 0 is a tuning parameter controlling the overall strength of regularization for
variables in $¢. We then define a post-selection weighted ridge (WR) estimator VR by

N Br’ ] S Sl/
BVR — {A] A X (8)
BiI(|Bi| > an), j € S,
where a, is a thresholding parameter. The set S, is then
S ={jed: pR+ro1<j<p} 9)

We apply this post-selection procedure only if |$2| > 2. In particular, we set

a, = cn”k, 0<x < % (10)
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2.4.2. Post-Selection Shrinkage Estimation

We now propose a shrinkage estimator that combines information from two post-
selection estimators, BXE and B"R. Recall that

-
AWR ar o~ &\ T AWR ) 5 .5
= (B, j€ &), and Bs = (ﬁ;l(|ﬁ;| >ay),j € 82) .
Define the post-selection shrinkage estimator for S; as

ASE _ pWR (52 — 2><AWR . ARE)
ﬁSl o ‘351 < T, S 8 ) (1)

where §2 = ’82

, and AI;? is the restricted estimator obtained by maximizing the partial
log-likelihood (3) over the set S;. The term T}, is given by
- -1
& _ (pWR T M. Y- AWR L oy, $-1xT
T, = (ﬁSZ ) (X$2M81 XSZ) S Mg = I, — Xg }:‘Sl X5 (12)
using a generalized inverse if £ 8, is singular.

To avoid over-shrinking when 'B‘é\’R and ﬁ?SE have different signs, we define a positive
1 1
shrinkage estimator via the convex combination

o (- o

n

This modification is essential to prevent an overly aggressive shrinkage that might reverse
: : 1 BWR
the sign of estimates in g &

3. Asymptotic Properties

In this section, we study the asymptotic properties of the the post-selection shrinkage
estimators for the Cox regression model. To investigate the asymptotic theory, we need the
following regularity conditions to be met.

(B1) p = exp(O(n*)) for some 0 < a < 1.
(B2) 01 = O(n~ "), where T < 57 < 1 for T in (A2).

(B3) The existence of a positive definite matrix X, such that lim, . X, = X, where the
eigenvalues of X satisfy 0 < k1 < Amin(Z) < Amax(Z) < K < o0.

(B4) Sparse Riesz condition: For the random design matrix X, any S C M with
IS| = g,9 < p, and any vector v € RY, there exists 0 < ¢, < ¢* < oo such that
¢ < [|XJv[[3/]|v|[3 < c* holds with probability tending to 1.

The following theorems will make it easier to compute the asympotic distributional

bias (ADB) and asympotic distributional risk (ADR) of the proposed estimators:

Theorem 1. Suppose that assumptions (A1)—(A3) and (B1)-(B4) hold. If we choose
rn = ca,*(loglogn)3log(n V p) for some constant c; > 0 and ay defined in (10) with
v < (y—a—1)/3, then, Sy in (9) satisfies

lim P($; = S,|851 =S1) =1, (14)

n—o0

where T,1, and a are defined in (A2), (B1), and (B2), respectively.
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Theorem 2. Let s2 = dYZ./'d, for any (p1 + pa) x 1 vector dy, satisfying ||dy||3 < 1. Suppose
assumptions (B1)—(B4) hold. Consider a sparse Cox model with a signal strength under (A1)—(A3),
and with 0 < T < 1/2. Suppose a pre-selected model such as Sy C S; C Sy U S, is obtained with
probability 1. If we choose 1y, in Theorem 1 withv < {(y —a —1)/,1/4 — T/2}, then, we have
the asymptotic normality,

nl /25 14T (BUR _ g )25 A(0,1). (15)

mzll null

Asymptotic Distributional Bias and Risk Analysis

In order to compare the estimators, we use the asymptotic distributional bias (ADB)
and the asymptotic risk (ADR) expressions of the proposed estimators.

Definition 1. For any estimator B3, and py-dimensional vector dy,, satisfying ||di,|3 < 1,
the ADB and ADR of d] B3, , respectively, are defined as

ADB(d],B7,) = lim E[{n'/?s, ], (BS, — B1)}], (16)
ADR(dln ln) - T}%E[{nl/2sl_nldirn(ﬁ<l>n - ﬂl)}z]/ (17)

where 53, = dln s, \8 dy,. Let § = (61, - ,(5p2)T € RP2 gnd

al (g 12515255T25251 )dln

(18)
T -1
dln( S Ls5,k 52\5123251 81 )dln

Adln =

We have the following theorems on the expression of ADBs and ADRs of the post-selection estimators.

Theorem 3. Let dy, be any py-dimensional vector satisfying 0 < ||dy,||5 < 1 and

sln = lenZs 1|5 d1,,. Under the assumptions (A1)-(A3), we have

ADB(d], B} 1n F)=0, (19)
ADB(dln 1n ) =5 1dZ 132/ (20)
ADB(dln 1n> (pZ - )Sl 1d2Tﬁ§ [sz (Adz)] (21)

ADB(d],B1;") = s; 'dj B [( 2){E[Xp22(Ad2)] +E[X,7 (8a,)1(x5,(Aa,) < (p2 —2))] }

— Hy, (P22 Adz)] , (22)

where doy, = Eg,5, L5 Ly, and E[sz (Bg,)] = [y x x~2dHy, (x; Ag,).
See the Appendix A for a detailed proof.

Theorem 4. Under the assumptions of Theorem 2, except (A2) is replaced by B; = 6/+/n,
forj € Sy, with |(5j| < Omax, for some dmax > 0, we have
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ADR(d] BV m Ry =1, (23)
ADR(d],BREY =1+ (1 —o)V2[24 (1 — )21 +241)], (24)
ADR(dln 1n) =1+ (1 - C)l/z(pz - 2) [(1 - C)l/z(p2 - 2){E[X;z4+2(Adz)]

+ (s3] B2 PEDG (B, | +2EDx, 25 (84, 25)
ADR(dln fsE) =1+ (1 - C) (P2 - 2)2{E[X;24+2(Ad2)] + (52_1d-2r.32)2E[XF724(Ad2)]

+ E[X;Ziz(Adz)I<X%2+2(Ad2) < (PZn - 2))}}

+2(1-0)%(py-2) {E[X;;22+2(Ad2)] + E[X;22+2(Ad2)I(X§2+2(Ad2) < (p2—2))]

— (P2 = DE[X, 2 (Bay) 1(X5,42(Bay) < (p2—2))] = (1= ¢)/2

X [E[X;Za.z(Adz)l (X3,42(Ba,) < (p2—2))]

+ (s3'd3 B3 Elx, 2 (8a,) 1(X5, (Aay) < (2 — 2))]] }

+(1-¢)'? [(1 —o)l/? (E[X§2+2(Adz)] + (s;'d] B3)*Hp, (p2 — 2; Ad2)>

+ 2{sz (P2 = 2;84,) = (P2 = 2)E[X;, 22 (Bay) (X}, 12(Ba,) < (p2—2))] H , (26)

where ¢ = limy 0 len)Zglldln/(dan 1 dln) <lands3, = d2TnZ dy,.

S»a

It can be observed that the theoretical results are different from Theorem 3 of [19].
Ref. [19] considered the ADR of PSE estimations for the linear model. In contrast, our
Theorems 3 and 4 are used for the PSE with the Cox proportional hazards model, which
are feasible estimations. From Theorem 4, we can compare the ADRs of the estimators.

Corollary 1. Under the assumptions in Theorem 4, we have

1. If||6|)3 < 1, then ADR(d], BYSE) < ADR(d],BSE) < ADR(d] BIVR);
2. If||8||3 = o(1) and py — oo, then ADR(d] BRE) < ADR(d] PSE) < ADR(d] BVR)
foréd =0.

Corollary 1 shows that the performance of the post-selection PSE is closely related to
the RE. On the ond hand, if §; C S;USp and (S;US;) N S"i are large, then the post-selection
PSE tends to dominate the RE. Further, if a variable selection method generates the right
submodel and ||8]|3 = o(1) , that is, lim,—c0 S1 = S1 U Sy, then, a post-selection likelihood
estimator BRE is the most efficient one compared with all other post-selection estimators.

Remark 1. The simultaneous variable selection and parameter estimation may not lead to a
good estimation strategy when weak signals co-exist with zero signals. Even though the selected
candidate subset models can be provided by some existing variable selection techniques when p > n,
the prediction performance can be improved by the post-selection shrinkage strategy, especially when
an under-fitted subset model is selected by an aggressive variable selection procedure.
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4. Simulation Study

In this section, we present a simulation study designed to compare the quadratic risk
performance of the proposed estimators under the Cox regression model. Each row of
the design matrix X is generated i.i.d. from a N(0,X) distribution, where Z follows an
autoregressive covariance structure, as follows:

Ly =057, 1< <p

In this setup, we consider the following true regression coefficients:

T
B = <8, 9,10, 1,08,05,0.2,...,02,0,0,0, ..., 0) , (27)
N—_———
S p2—p1 p—pr1—p2
S

where the subsets S and &, correspond to strong and weak signals, respectively. The true
survival times Y are generated from an exponential distribution with parameter X . Cen-
soring times are drawn from a Uniform(0, ¢) distribution, where ¢ is chosen to achieve
the desired censoring rate. We consider censoring rates of 15% and 25%, and we explore
sample sizes n = 100, 300, 400.

We compare the performance of our proposed estimators against two well-known
penalized likelihood methods, namely, LASSO and Elastic Net (ENet). We employ the
R package glmnet to fit these penalized methods and choose the tuning parameters via
cross-validation. For each combination of #n and p, we run 1000 Monte Carlo simulations.
Let B3, denote either BlfSE or ﬁlﬂf after variable selection. We assess the performance using

n
the relative mean squared error (RMSE) with respect to ,BA‘l’YqR as follows:

E|gWR _ g|?
s, - ELBE
in 2

An RMSE(B5,) > 1 indicates that 9, outperforms ﬁ‘l’\g{, and a larger RMSE signifies a
stronger degree of superiority over A‘l/‘éR.

Table 1 presents the relative mean squared error (RMSE) values for different regression
methods—LASSO and Elastic Net (ENet)—under varying sample sizes (1), number of
predictors (p), and censoring percentages (15% and 25%). The RMSE values are averaged
over 1000 simulation runs. The table compares three estimators, ﬁIS’]LE, AlszlE, and ,BEISE,
providing insight into their performance under different settings.

Table 1. Simulated relative mean squared error (RMSE) across different values of p and n, averaged
over N = 1000 simulation runs.

Censoring Percentage

15% 25%
n Method  BRLE GRE GPSE BPLE GRE 4PSE
b 51 51 51 51 S S1

100 300 LASSO 1.04 1.66 1.19 1.08 1.96 1.23
ENet 1.07 1.45 1.23 0.92 1.44 1.06

400 LASSO 1.03 1.10 1.60 0.96 1.03 1.98

ENet 0.90 1.00 1.45 0.89 0.98 1.36

500 LASSO 1.08 1.13 1.66 0.98 1.05 1.37

ENet 0.96 1.01 1.03 0.95 1.00 1.22
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Table 1. Cont.
Censoring Percentage
15% 25%
n p  Method pBPLE  BRE  @PSE  GPLE  GRE  BPSE
S S 51 51 S 51
300 300 LASSO 0.85 1.60 0.98 0.92 1.64 1.06
ENet 0.96 1.37 1.08 0.87 1.46 1.00
350 LASSO 0.83 0.99 1.01 0.90 1.07 1.17
ENet 0.85 0.99 1.52 0.87 1.02 1.56
400 LASSO 0.90 1.03 1.25 0.81 0.95 1.73
ENet 0.90 1.04 1.25 0.76 0.89 1.41
400 400 LASSO 0.99 1.52 1.12 0.82 1.50 0.94
ENet 091 1.29 1.02 0.83 1.26 0.99
450 LASSO 0.83 1.00 1.13 0.84 0.94 1.61
ENet 0.92 1.05 1.46 0.85 0.99 1.79
500 LASSO 0.89 0.93 1.83 0.81 0.93 1.90
ENet 0.82 0.93 1.38 0.82 0.95 1.75

Figures 1 and 2 visualize the RMSE trends for different values of p when comparing
LASSO (Figure 1) and ENet (Figure 2) against the proposed estimators (RE and PSE).
The plots indicate how RMSE varies as p increases for different sample sizes (1) and

censoring levels.

n=100,pc=%15

< o
— LAssQ)
%J Rl [ Puiy E:E
P N R
N ettty
o 4
T T T T T
300 350 400 450 500
p
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w — | —- psE
g 0 _|]|-- w
e R e v
=
= T T T T T T
300 320 340 360 380 400
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n=400,pc=%15
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o
2 4

RMSE

RMSE

RMSE

n=100,pc=%25

01234
|

300 350 400 450 500

3.0

0.0

3.0

1.5

0.0

Figure 1. Relative mean squared error (RMSE) of the proposed estimators compared to LASSO for

different n and p.
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300 350 400 450 500 300 350 400 450 500
p p
n=300,pc=%15 n=300,pc=%25
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O | ]-— et O | ]-— et
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= =
o T T T T T T S T T T T T T
400 420 440 460 480 500 400 420 440 460 480 500
p p

Figure 2. Relative mean squared error (RMSE) of the proposed estimators compared to Elastic Net
for different n and p.

Key Observations and Insights

1.  Superior performance of post-selection estimators: Across all combinations of n
and p, the post-selection estimators (BI;E and ﬁlng ) consistently demonstrate lower
RMSEs compared to LASSO and ENet. This suggests that these estimators provide
better predictive accuracy and stability.

2. Impact of censoring percentage:

*  When the censoring percentage increases from 15% to 25%, the RMSE values
tend to increase across all methods, indicating the expected loss of predictive
power due to increased censoring.

*  However, the post-selection estimators maintain a more stable RMSE trend,
demonstrating their robustness in handling censored data.

3. Effect of increasing predictors (p):

*  As pincreases, the RMSE for LASSO and ENet tends to rise, particularly under
higher censoring rates.

e  This trend suggests that LASSO and ENet struggle with larger feature spaces,
likely due to their tendency to aggressively shrink weaker covariates.

* In contrast, the post-selection estimators show relatively stable RMSE behavior,
indicating their ability to retain relevant information even in high-dimensional
settings.

4. Impact of sample size (1) on RMSE stability:

*  Larger sample sizes (1) generally lead to lower RMSE values across all methods.
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*  However, the gap between LASSO/ENet and the post-selection estimators re-
mains consistent, reinforcing the advantage of the proposed methods even with
more data.

5.  Comparing LASSO and ENet:

¢ ENet generally has lower RMSE values than LASSO, particularly for small sample
sizes, indicating its advantage in balancing feature selection and regularization.

*  However, ENet still underperforms compared to post-selection estimators, suggest-
ing that the additional shrinkage adjustments help mitigate underfitting issues.

To further compare the sparsity of the coefficient estimators, we also measure the False
Positive Rate (FPR), as follows:

B0 A B =0}
PRE) = =0 @)

A higher FPR indicates that more non-informative variables are incorrectly included in

the model, thereby complicating interpretation [22]. When S does not contain any zero
components, the FPR is undefined. Table 2 compares the performance of LASSO and Elastic
Net (ENet) in selecting variables in a high-dimensional Cox model under 15% and 25%
censoring. As sample size (1) increases, both methods select more variables, but false
positive rates (FPR) also rise, especially for ENet. LASSO is more conservative, selecting
fewer variables with a lower FPR, while ENet selects more but at the cost of higher false
discoveries. Higher censoring (25%) slightly increases FPR, reducing selection accuracy.
Overall, LASSO offers better false positive control, whereas ENet captures more variables
but with increased risk of selecting irrelevant ones.

Table 2. Average number of selected predictors ($1) and false positive rate (FPR) across different
values of n and p, averaged over N = 1000 simulation runs.

Censoring Percentage

%15 %25
n p Method Average Sy FPR Average S; FPR
100 300 LASSO 6.1 0.063 6.4 0.056
ENet 6.2 0.063 6.6 0.052
400 LASSO 49 0.072 5.2 0.085
ENet 5.1 0.072 4.8 0.075
500 LASSO 5.6 0.039 12.6 0.043
ENet 4.9 0.039 4.0 0.033
300 300 LASSO 13.4 0.209 13.8 0.223
ENet 12.9 0.209 16.3 0.282
350 LASSO 15.6 0.202 15.8 0.208
ENet 15.7 0.202 22.6 0.279
400 LASSO 145 0.137 13.7 0.155
ENet 13.5 0.137 14.2 0.173
400 400 LASSO 14.1 0.163 15.8 0.171
ENet 14.2 0.163 20.4 0.212
450 LASSO 18.4 0.217 23.5 0.24
ENet 19.1 0.217 30.1 0.263
500 LASSO 13.6 0.150 13.3 0.158

ENet 13.3 0.150 13.6 0.158
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5. Real Data Example

In this section, we illustrate the practical utility of our proposed methodology on
two different high-dimensional datasets.

5.1. Example 1

We first apply our method to a gene expression dataset comprising n = 614 breast
cancer patients, each with p = 1490 genes. All patients received anthracycline-based
chemotherapy. Among these 614 individuals, there were 134 (21%) censored observations,
and the mean time to treatment response was approximately 2.98 years. Using biological
pathways to identify important genes, Ref. [23] previously selected 29 genes and reported a
maximum area under the receiver operating characteristic curve (AUC) of about 62%. This
relatively low AUC suggests limited predictive power when only using these 29 genes.

To improve upon these findings, we begin by performing an initial noise-reduction
procedure on the data. This step helps remove potential outliers and irrelevant features,
thereby enhancing the quality of the subsequent variable selection and estimation processes.
We applied LASSO and Elastic Net (ENet) for gene selection. The results show that
LASSO selected 14 genes, whereas ENet selected 12 genes. We then applied the proposed
post-selection shrinkage estimators introduced in Section 2 to evaluate their performance
compared to standard methods such as LASSO and Elastic Net. Table 3 shows the estimated
coefficients from different estimators, along with the AUC at the bottom. It is evident that
the PSE estimate has slightly improved the prediction performance.

Table 3. Estimated coefficients using the LASSO and ENet method for example 1.

LASSO ENet
Gen ID ‘B]S:;ASSO IS}IE l;:ISE lséi\let ISEIE IsilsE
18 —0.02 0.26 0.21 —0.03 0.07 0.20
97 0.01 0.27 0.00 0.01 0.26 0.01
101 0.05 0.19 0.13 0.05 0.27 0.12
128 - - - —0.01 - -
232 0.04 —0.42 —0.28 0.04 0.20 —0.25
342 0.15 —0.42 —-0.13 0.14 —0.39 —0.10
369 —0.09 —0.05 0.04 —0.08 —0.40 —0.12
408 —0.01 - - —0.01 —0.09 0.03
410 0.03 —0.26 —0.15 0.03 —0.06 —0.14
445 - - - —0.00 - -
468 0.14 0.08 0.02 0.13 —0.26 —0.01
660 —0.00 - - —0.00 - -
731 —0.08 0.09 0.06 —0.08 0.06 0.06
810 —0.04 —0.08 —0.09 0.01 0.09 —0.09
907 - - - 0.01 - -
934 —0.00 - - —0.00 - -
952 - - - —0.01 - -
961 —0.05 — - —0.05 —0.08 0.20
1212 - - - —0.00 - -
AUC 0.62 0.63 0.65 0.63 0.64 0.66

5.2. Example 2

We now consider the diffuse large B-cell lymphoma (DLBCL) dataset of [24], which
is also high-dimensional. This dataset was used as a primary example to illustrate the
effectiveness of our proposed dimension-reduction method. It consists of measurements
on 7399 genes obtained from 240 patients via customized cDNA microarrays (lymphochip).



Entropy 2025, 27, 254

13 of 22

Each patient’s survival time was recorded, ranging from 0 to 21.8 years; 127 patients had
died (uncensored) and 95 were alive (censored) at the end of the study. Additional details
on the dataset can be found in [24].

To obtain the post-selection shrinkage estimators, we first selected candidate subsets
using two variable selection approaches—LASSO and Elastic Net (ENet). All tuning param-
eters were chosen via 10-fold cross-validation. Table 4 shows the estimated coefficients from
both LASSO and ENet for the setting p = 6800. The AUC results indicate that ﬁPSE generally

outperforms /313]3 and ﬁPLE for both LASSO and ENet procedures. Notably, the EN et-based
estimators appear more robust than those obtained via LASSO, underscoring the value of
combining L; and L; penalties in high-dimensional survival analysis.

Table 4. Estimated coefficients using the LASSO and ENet method for example 2.

LASSO ENet
Gen ID ,315‘?550 15<1E IS’ISE lsgi\let Is{lE Is’lsE
95 0.02 - - —0.34 - -
112 0.06 0.71 0.70 —0.00 -0.13 —0.08
173 —0.63 - - 0.68 - -
205 - - - - - -
551 1.60 1.69 1.57 —0.11 —0.28 -0.20
1377 —0.22 —0.84 —0.80 —0.09 —0.16 -0.12
1526 0.41 0.67 0.56 0.02 - -
1543 —0.43 -0.79 -0.77 0.40 0.75 0.69
2003 —0.11 - - 1.10 - -
2025 0.18 0.90 0.78 1.04 1.22 1.07
2439 - - - —0.01 -0.14 -0.12
2705 —0.85 - - 0.36 0.77 0.61
2973 0.59 1.23 0.99 —0.63 -1.12 —0.81
3240 113 - - 0.03 - -
3598 —0.22 —0.59 —0.54 0.29 0.55 0.49
3882 0.13 0.40 0.39 —0.06 —0.20 —0.15
4015 0.34 0.81 0.76 —0.08 -0.13 -0.12
4186 —0.50 —-0.72 —0.53 - - -
4357 0.09 - - -0.59 -0.70 —0.65
4662 0.70 0.90 0.83 0.21 0.60 0.38
5131 0.54 0.80 0.71 0.01 0.01 0.01
5222 —0.15 —0.38 —0.26 1.24 1.67 1.34
5541 - - - —0.52 -0.72 —0.68
5577 0.39 0.86 0.70 -0.73 -0.97 —0.80
5778 —0.62 - - —0.09 - -
5808 - - - 0.35 0.55 0.46
5951 - - - 1.29 212 1.70
6103 - - - —0.63 —0.80 -0.76
6254 - - - 0.25 0.56 0.48
6493 - - - 0.65 - -
6510 - - - 0.86 1.09 0.99
AUC 0.71 0.71 0.73 0.72 0.72 0.74

6. Conclusions

In this paper, we proposed high-dimensional post-selection shrinkage estimators for
Cox’s proportional hazards models based on the work of [19]. We investigated the asymp-
totic risk properties of these estimators in relation to the risks of the subset candidate model,
as well as the LASSO and ENet estimators. Our results indicate that the new estimators per-
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form particularly well when the true model contains weak signals. The proposed strategy
is also conceptually intuitive and computationally straightforward to implement.

Our theoretical analysis and simulation studies demonstrate that the post-selection
shrinkage estimator exhibits superior performance relative to LASSO and ENet, in part
because it mitigates the loss of efficiency often associated with variable selection. As a pow-
erful tool for producing interpretable models, sparse modeling via penalized regularization
has become increasingly popular for high-dimensional data analysis. Our post-selection
shrinkage estimator preserves model interpretability while enhancing predictive accuracy
compared to existing penalized regression techniques. Furthermore, two real-data exam-
ples illustrate the practical advantages of our method, confirming that its performance is
robust and potentially valuable for a range of high-dimensional applications.
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Nomenclature
Symbol Description

General Notation
Sample size (number of observations)

p Number of covariates (predictor variables)
R Set of real numbers

P Probability measure

E Expectation operator

I(-) Indicator function

Regression and Estimators

B Regression coefficient vector

B Estimated regression coefficients

A Regularization parameter (for LASSO/ENet)
$ Selected subset of variables

diy, p1-dimensional vector in the selection model
Bin Selected regression coefficient estimator

.BW R Weighted Ridge (WR) estimator

Survival Analysis Notation

L(B) Cox proportional hazards likelihood function
D Dataset containing observations

X Covariate matrix

Y Response variable (time-to-event outcome)
h(t) Hazard function at time ¢

h(t) Estimated hazard function

A(t) Cumulative hazard function



Entropy 2025, 27, 254

15 of 22

Evaluation Metrics

RMSE Root Mean Squared Error

FPR False Positive Rate

AUC Area Under the Curve (for classification models)
Methods and Models

LASSO  Least Absolute Shrinkage and Selection Operator
ENet Elastic Net

Cox-PH  Cox Proportional Hazards Model

WR Weighted Ridge estimator

PSE Post-selection Shrinkage Estimator
RE Restricted Estimator
Appendix A. Proofs

The technical proofs of Theorems 3 and 4 are included in this section.

Proof of Theorem 3. Here, we provide the proof of the ADB expressions of the proposed
estimators. Based on Theorem 2, it is clear that

i |2, (B~ )| = | o2, (- )} | = 121 =

where Z ~ N(0,1). Then,

ADB(dln 111) = ng‘oloE 1 Sln (ﬁln ﬁl)]

:hmE; 2ol {«W-ﬂl)-«w:ﬁﬂ}}

n—oo
i ] st ]
= ADB(d — lim E|n'/?s;td], BRE

(d1,B5:°) L 1n

= lim E[ V25 1al By, ]

n—o0

nli—r>rc}o(52n/51n) [ 1/2 2 d2n 2n ‘|
= (s2/51)s; 'd; B2 = 57 'd; Ba

_ AWR _ pREY _ Ty—1 AWR _
where dy, = 5,82, Ydyi,, d (B — Bry) = —d g L8P = dZ,1 WR and

1
SZn = d2 ZS |S; d2n~
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Now, we compute the ADB of 8

ADB(d],B3E) = lim E

n—o0

as follows

sl (1)

:71193015 n'/2s], ( — [(p2n =T, MBS )—ﬁlﬂ
T 1/2 _
-y |5 (82— )
— lim (p2y, —2)E |n [ 2 ld] (AWR - BRE)TI]
00 1n 1n 1 n
- El21 - (52 | o o2t B8 - BT

=(p2—2)

E[Jg%o{ 1/zsl len 2n Tn }]

= (1922)(52/51)13“[”11_I>Iolo {nl/z 14T BWRT— }]

= (p2 —2)s; 'd] BoE

X;zz(Adz) :

Finally, we obtain the ADB of Bif E

ADB(d], BPSE) _T}LHJOE[ 25147 ( GPSE ’31)1

= lim E
n—oo

X I(Ty < (pan —2) = B }

V2L { BEE + (1= (pan — 2T (BYR - BED)

= lim E|n'/2s 1d], (B3 - ﬁ1)]
- i 1 285 (B~ )18 < -2
+E | lim {n'/2s;lal, (B3 — m)}]
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+E

— BYOI(T0 < (pan 2))}}

lim{l/zfﬂl By

n—o0

—(p2 —2)E [ lim {n!/2sp1al, (BIR — BT (T < (pan —2))}}

- ADB(dln 1n) —E |:nlgn { 12 71d2n:BWRI( (p2n *2)) }:|

=208 i (L BT < (-2}

- ADB(dln ln) (Sz/sl)E |:ZI(X%2 (Adz) < (pZ - 2))

— sy 'd3 BaHy, (p2 — 2 8g,)

+ (P2 —2)(s2/51)E | 2xp,7 (Ba) T (X3, (Bay) < (p2—2))

+ (p2 — 2)s;y '3 B2E | X, 2 (Bay) I (X3, (Bay) < (p2—2))

= ADB(d],p35) — 511d2ﬂ2HPz( —2;A,,)

+ (p2 = 2)s7 '] B2E | X2 (A1 (x5, (Aa,) < (p2—2))

= sy 'd3 s {(Pz —2){E[G2(8a,)] + E[:2 (8 I(x3, (Ba) < (2 —2))] }

- sz(pZ -2; Adz) .

O

Proof of Theorem 4. We provide the proof of the ADR expressions of the proposed estima-
tors. It is clear that

pioy | o210 (B ) Y| = | i, (o2, (85 ) V| = 12,

where Z ~ N (0,1). Then,

ADR(d], Bfy) ,}grgoE[{ Vs, (”ﬁf—ﬁl)}z}
P (A (C ) }2}
po el (8-

T
-2 AWR ARE\( AWR
N8y dln( n = Pln )( n .Bl> dln:|

=L+bL+1.

—2hmE

From (23), we have [; = lim;, s E [{nl/zsln dl ( ﬁl)} 1 = 1. Furthermore,
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2
. -2 1/24T ( pWR _ ARE
L= lim s, 'E [” 2df, (:Bln — P )]
2
. 2 2 1/24—
= nlg{}o(SZH/Sln) [ / d2n 2n ‘| .
Since s%n / S%n — 1 —c, then,

L= (1-¢) lim E[M(Adz )| =1 —=c)(1+2A,).

n—o0

Furthermore,
. ARE AWR T
I =-2 nlgl(’)lo E nsln d ( 1n ) ( n ﬁl) dln

n T
= 2 lim (s2/51,)E [ n'/2s; Lad B Fnt s (BIE — 1) "’M]
=2(1-c¢)'2

Now, we investigate (25). By using Equation (17), we have

) 2
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n—oo

2
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2
+ lim E {nl i [(p2n = 2)T, ], ( B — Aé{f)}
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2 tim E|nsi2[(pan — 207, (B2 Aﬁf)(AﬁRﬁl)TdM}
=h+h+]/s
Again, |1 = lim, e E [{ nt/2 *ldT ( [31)} ] = 1. Then, we have

n—oo

2
J» = lim E [n” 255 [(p2n — 2T, (BUF - ﬁ’ff)}

2
1 12 1/24—14T gWR
= lim (p2, — 1) E[ﬂ Sia d3,B3" T }

2
(s3/57)(p2 = 1)°E {nlgrolo {”1/252n d3,P3 RTnl}}

= (3/50)(p2 — V{ EL2°2* (Aa)] + (s3] B2 Elxy (Aa,)] |

= (1= ) (p2 2 El A2 (8a)] + (53 3 B2l (8]
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and
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