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Abstract

Linear regression models are commonly used statistical models for predicting a response
from a set of predictors. Technological advances allow for simultaneous collection of many
predictors, but often only a small number of these is relevant for prediction. Identifying
this set of predictors in high-dimensional linear regression models with emphasis on accurate
prediction is thus a common goal of quantitative data analyses. While a large number of
predictors promises to capture as much information as possible, it bears a risk of containing
contaminated values. If not handled properly, contamination can affect statistical analyses
and lead to spurious scientific discoveries, jeopardizing the generalizability of findings.

In this dissertation I propose robust regularized estimators for sparse linear regression
with reliable prediction and variable selection performance under the presence of contam-
ination in the response and one or more predictors. I present theoretical and extensive
empirical results underscoring that the penalized elastic net S-estimator is robust towards
aberrant contamination and leads to better predictions for heavy tailed error distributions
than competing estimators. Especially in these more challenging scenarios, competing ro-
bust methods reliant on an auxiliary estimate of the residual scale, are more affected by
contamination due to the high finite-sample bias introduced by regularization.

For improved variable selection I propose the adaptive penalized elastic net S-estimator.
I show this estimator identifies the truly irrelevant predictors with high probability as sample
size increases and estimates the parameters of the truly relevant predictors as accurately as
if these relevant predictors were known in advance. For practical applications robustness of
variable selection is essential. This is highlighted by a case study for identifying proteins to
predict stenosis of heart vessels, a sign of complication after cardiac transplantation.

High robustness comes at the price of more taxing computations. I present optimized
algorithms and heuristics for feasible computation of the estimates in a wide range of ap-
plications. With the software made publicly available, the proposed estimators are viable

alternatives to non-robust methods, supporting discovery of generalizable scientific results.
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Lay Summary

This dissertation presents new methods for identifying variables, such as protein levels
extracted from blood samples, relevant for predicting an outcome of interest, for example
severity of a disease. The methods are specifically designed for applications where many
variables are available, and the observed data possibly contains some highly unusual values.
Examples of such unusual values are aberrantly high levels of some proteins in a blood
sample, or an unusually severe disease outcome. These values can lead to biased and
misleading results.

The methods proposed in this dissertation are less affected by unusual values and hence
increase reliability of results. Therefore, results from a small set of observations are more
likely to be generalizable to the broader population. The software is made openly available

and gives researchers a versatile tool to support reliable scientific discoveries.
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Notation

Throughout this dissertation the following notation is consistently maintained. Chapter-
specific notation is omitted here and defined where required.

Boldface characters denote vectors or matrices, whereas non-boldface characters are
scalars. Capital characters in calligraphy typeface are reserved for random variables and
random vectors, whereas observed values of random variables are written in regular typeface.
Sets are denoted by capital characters in script typeface, e.g., Q. The index variable 7 is
only used to index observations in a sample, while j is reserved for indexing the set of

predictors. Some commonly used symbols are

y The random response variable in the linear regression model.

X The random vector of predictors in the linear regression model.

U The random error term in the linear regression model.

Yi The i-th observed response value.

X; The vector of observed predictor values for the i-th observation.

Tij The value of the j-th predictor observed for the i-th observation.
X A matrix of observed predictor values, X = (xI,...,x})T.

4 A sample, i.e., a set of observed values 2 = {(y1,%x1),..., (Yn,Xn)}.

The boldface Greek letter 8 and the non-boldface Greek letter p are reserved for the
slope and intercept parameter, respectively, in the linear regression model. The boldface
Greek letter 8 always denotes the concatenated vector of p and 3, @ = (u, 37)T. Accents,
subscripts, and superscripts on 0 are propagated to u and 3, e.g. 6= (i, BT)T. The total

number of predictors in the linear regression model is denoted by p, i.e., the parameter vector
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NOTATION

B has p elements, and the sample size is represented by n. Examples for such parameters

are
3° The true value of the slope parameter in the linear regression model.

u° The true value of the intercept in the linear regression model.

] Estimate of the intercept and slope parameters in the linear regression model.
Bj The j-th element of a vector of slope coefficients.

Additionally, the following miscellaneous symbols and functions are often encountered

in this dissertation:

I, The identity matrix with n rows and n columns.
1, A vector of n 1’s.

R The set of real numbers.

R" The set of real vectors of dimension n.

R"™>P The set of real matrices of dimension n X p.

Er The expected value with respect to distribution F'.

-l A vector or operator norm (if applied to a vector or a matrix, respectively).
V.f (u)’ _ The subgradient of function f with respect to u, evaluated at 1.
u

ZL(y,¥) A positive regression loss function taking values in R, quantifying the dif-

ference between observed values y € R™ and fitted values y € R™.
d(03) A penalty function R? — R, measuring the “size” of coefficients 3.

0(0) An objective function mapping regression coefficients in RP*! to the set of

positive real numbers.

6, + 0 The random variable 6,, converges almost surely to 8 as the sample size n
increases, i.e., Pr(lim, 0, = 0)=1.
6,20 The random variable 6, converges in probability to 8 as the sample size n

increases, i.e., lim, ;oo Pr(||@, — @] > €) = 0 for any € > 0.
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Glossary

The following acronyms are commonly used throughout. Each acronym is defined at its

first occurrence in the text.

adaEN

ADMM

CAV

CV

DAL

EN

FBP

LASSO

LARS

LS

LAD

LOO

MAD

MSE

PENSE

PSC

Adaptive elastic net

Alternating direction method of multipliers
Cardiac allograft vasculopathy
Cross-validation

Dual augmented Lagrangian

Elastic net

Finite-sample breakdown point

Least absolute shrinkage and selection operator
Least angle regression

Least squares

Least absolute deviation

Leave-one-out

Median absolute deviation

Mean-square error

Penalized elastic net S-estimator

Principal sensitivity component
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GLOSSARY

PVE Percentage of variance explained
PY Pefna-Yohai procedure
RCV Refitted cross-validation

RMSPE Root mean-square prediction error
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Chapter 1

Introduction

The ability to predict a continuous response of interest using a set of predictors is central
to many scientific and industrial applications. Technological advances significantly pushed
the frontiers in science and industry by enabling the collection of immense numbers of
possibly relevant predictors. The scientific goal is two-fold: (a) predicting the response if
only the predictors’ values are available and (b) identifying which predictors are relevant,
particularly for accurate prediction. The relationship at the heart of the problem may be
highly complex, but a crude approximation by a linear relationship using a small set of
the available predictors can nevertheless give valuable insights into the involved processes
and allow for accurate prediction of the response. Approximations by a linear model are
pertinent in applications where the sample size is small, particularly if many predictors are
available. As an example, consider predicting yield of a crop based on numerous predictors
such as a variety’s genotype, nutrition content of the soil, and other environmental factors.
Collecting a large sample is complicated by several obstacles, such as the time required to
fully grow the crop, costs of measuring all possible predictors, but also continued cooperation
of growers who are willing to share their trade secrets.

The scientific goal translates to a statistical goal of estimating the parameters relating
the values of the predictors with the response, with emphasis on identifying which coeffi-
cients are truly non-zero. Assuming that only some of the available predictors are relevant
leads to the linear regression model being sparse in the sense that only these few relevant
predictors have non-zero coefficient. A myriad of methods is available for estimating pa-
rameters and simultaneously identifying relevant predictors in the sparse linear regression
model. These methods are predominantly founded in the assumption that all observations

in the sample at hand are equally trustworthy. The danger of this assumption is that even



1. INTRODUCTION

a single contaminated observation, for instance an observation with aberrant response value
and/or highly anomalous values in one or more predictors, can jeopardize the reliability of
these methods and, in turn, the generalizability of the estimated predictive model. Contam-
ination can take countless forms, but contaminated observations are generated by unknown
processes different from the linear model underlying the majority of observations. The more
predictors are available, the more questionable the assumption of no contamination in the
sample at hand is, thereby exacerbating the risk of spurious discoveries.

Robust methods for linear regression, in contrast, are devised to cope with potential
presence of contamination. Robust methodology for problems with only a small number
of predictors is well established, but these solutions are challenged by characteristics inher-
ent to high dimensional data and the notion of sparse models. Therefore, robust methods
for simultaneous estimation and variable selection have not seen the same proliferation
as non-robust methods. One of the biggest roadblocks to applying robust methods in high
dimensional problems is computational complexity. Computation of robust estimates is dif-
ficult even in low dimensional settings, but as dimensions grow computational complexity
can become insurmountable. Furthermore, robust methods are devised under the assump-
tion that some of the observations may be contaminated. This inherent “mistrust” leads
in general to less precise parameter estimates compared to non-robust methods in pristine
settings without contamination. To compensate for this loss of efficiency, robust methods
are often two-tiered: first computing a highly robust but potentially imprecise estimate and
then refining this estimate to gain precision. The refinement step, however, is problematic
in high dimensions and can, in worst case scenarios, lead to the loss of robustness and hence
reliability. Last but not least, the interplay of sparsity and possible contamination adds a
layer of difficulty which received little attention in the existing literature.

The first two contributions of this dissertation are the development and study of two
robust estimators for high dimensional sparse linear regression. Both estimators are highly
robust towards possibly large amounts of contamination in the data and perform reliably
even in the most challenging situations where two-tiered robust estimators are at an elevated
risk of being unduly affected by contamination. Understanding the interaction between
sparsity and possible contamination provides important insights into its effect on estimators’
ability to identify these relevant predictors. Particularly in very sparse problems, i.e., where
only a small number of the available predictors are truly relevant for prediction, one of
the proposed robust estimators protects against an inflation of the number of irrelevant

predictors wrongly selected due to contamination.



1. INTRODUCTION

This work also sheds light onto the difficulty of performing refinement steps to improve
precision of robust estimators in high dimensional sparse problems. While justified theoreti-
cally for estimators without sparsity constraints, the theoretical foundation of the refinement
step crumbles when sparsity is induced. Furthermore, robustness of the refinement step is
contingent on an accurate estimate of the residual scale but obtaining this estimate in high
dimensions under contamination is difficult. Therefore, applying the refinement step in high
dimensions may jeopardize the reliability of the estimator.

The final main contribution is the adaptation and implementation of algorithms for
computing the proposed robust estimators of linear regression. Robust estimation poses
several computational challenges inherent to taming the influence of potentially contami-
nated observations. These challenges are especially taxing in the high dimensional problems
considered in this work. Analysis and rigorous optimization of the developed algorithms
curtails computational complexity and ensures feasibility of robust estimation in a wide
range of applications. These algorithms are made publicly available through an accessible
software package, paving the way for robust estimation to take a foothold in high dimen-
sional data analysis.

Broadly speaking this dissertation is concerned with robust estimation in high dimen-
sional linear regression models under the assumption that only some of the numerous avail-
able predictors are truly relevant for prediction, also known as the sparsity assumption.
The specific focus is on simultaneous parameter estimation and variable selection through
penalizing the size of non-zero coefficients, known as regularized estimation. Chapter 2
gives a comprehensive summary of the sparse linear regression model, the effects of con-
tamination, and robust estimation in low dimensional settings. The chapter continues by
outlining the benefits of the sparsity assumption in high dimensional linear regression and
how regularization induces sparsity in estimates and concludes with an overview of avenues
for fusing the sparsity assumption and robust estimation.

In Chapters 3 and 4, I present two robust regularized estimators for sparse linear regres-
sion. The estimator presented in Chapter 3, the penalized elastic net S-estimator (PENSE),
combines robust estimation via the S-loss for linear regression (Rousseeuw and Yohai 1984)
with the elastic net penalty (Zou and Hastie 2005) for variable selection. The chapter de-
lineates an elaborate scheme germane to locating global optima of the non-convex PENSE
objective function and establishes theoretical properties pertaining to robustness and asymp-
totic consistency of the estimator, highlighting its reliability even under challenging circum-

stances. Theoretical results, however, lack guidance for selecting hyper-parameters intro-
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duced with the elastic net penalty, governing sparsity and prediction performance of the
ensuing estimate. I discuss strategies for selecting hyper-parameters in practical applica-
tions and ascertain favorable finite-sample performance of PENSE in an extensive simulation
study. While empirical results underline the good prediction performance of PENSE, they
also expose shortcomings in its ability to screen out irrelevant predictors.

To improve upon the high false positive rate of PENSE, Chapter 4 introduces the adap-
tive PENSE estimator, combining the robust S-loss with the adaptive elastic net penalty
(Zou and Zhang 2009). Leveraging a preliminary PENSE estimate to penalize predictors
differently, adaptive PENSE is shown to possess the oracle property even under adverse
conditions. Asymptotically, the adaptive PENSE estimator correctly identifies all truly
irrelevant predictors with high probability and estimates the non-zero coefficients for the
truly relevant predictors as efficient as if they were known in advance. Importantly, vari-
able selection by adaptive PENSE is highly resilient against aberrant values in the truly
irrelevant predictors, whereas PENSE and other robust regularized estimators would falsely
identify the affected predictors as relevant. The improved robustness of variable selection
is important for practical applications. This is demonstrated by applying adaptive PENSE
to biomarker discovery for cardiac allograft vasculopathy, a common complication in heart
transplant recipients.

A common strategy for obtaining more accurate robust estimators is to refine a highly
robust, but possibly imprecise estimate. The strategy is successful in low dimensions but
proves less reliable in higher dimensions. The refinement step hinges on a robust scale of the
residuals from the initial, highly robust, fit. As Chapter 5 outlines, robust estimation of the
residual scale faces several challenges in high dimensions. While PENSE, adaptive PENSE,
and other highly robust regularized estimators perform well for prediction, the empirical
distribution of the residuals and robust estimates of the residual scale are severely biased in
finite samples with many predictors. The inflated bias can hamstring the refinement step
or, worse, make it susceptible to the influence of contamination. I present empirical results
demonstrating that existing remedies developed for de-biasing non-robust residual scale
estimates do not work well for robust estimates. This underlines the practical importance
of robust regularized methods which do not depend on robust estimates of the residual
scale, such as PENSE and adaptive PENSE.

The estimators proposed in this dissertation incur multiples of the computational costs
of comparable non-robust estimators. The algorithms and heuristics detailed in Chapter 6

are therefore paramount for ensuring applicability of the estimators to high dimensional
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problems. I adapt several algorithms for minimizing convex functions such that they can
be utilized to efficiently locate minima of non-convex robust objective functions. With this
variety of algorithms the range of problems amenable to robust regularized estimators is
expanded, enabling the use of (adaptive) PENSE in a wide range of problems. Especially
in conjunction with the need to select appropriate hyper-parameters, computational com-
plexity would balloon without the optimized algorithms developed for PENSE and adaptive
PENSE.



Chapter 2

Background

In this chapter I formally introduce the linear regression model and outline several methods
to estimate the parameters in this model. I expose how some estimators of linear regression
are affected even by minor contaminations and in Section 2.2 I outline common strategies
to derive estimators that are robust against these contaminations. For applications where it
can be assumed that many of the available predictors are truly unrelated with the response
the methods in Section 2.2 are suboptimal. In Section 2.3 I discuss methods to estimate
the regression parameters while also identifying those “irrelevant” predictors and shed some

light on possible improvements in the presence of contamination.

2.1 The Linear Regression Model

As outlined in Chapter 1, the linear regression model discussed in this work assumes that
the value of a response variable ) (taking values in R) relates to the values of a random

vector of predictors X (taking values in RP) through a linear function of the form
Y=p"+X78°+U (2.1)

where 10 € R and 8° € RP are the true, unknown regression parameters, and U is a random
error following some distribution Fy. To make the arguments in this work more concise,
0° € RPH! denotes the concatenated parameter vector (,u,o, ,BOT)T.

I assume that the random predictor vector X is independent of I/ and follows distribution

Hy. Therefore, the joint distribution Gy of (), X') factorizes into the product

Go(y,x) = Ho(x)Fo(y — p° —x78°). (2.2)



2.1. THE LINEAR REGRESSION MODEL

It is important to highlight that so far, the only assumptions on the distributions is that I/
is centered at zero and that X and U are independent.

Without any additional assumptions, the linear regression model (2.1) can be used to
relate the conditional expectation of the response to the predictors through a linear function.
Assuming the expected value Eg, [U] = 0, independence of Fjy and Hy leads to an expression

of the conditional expectation of the response in the form of
Er, V|X =x] = +x78". (2.3)

If the parameters are known, this expression can be used to predict the value of the response
which can be expected given only observed values of the predictors.

In practice the true parameters are of course unknown. Using (2.3) for predicting the
response based only on observed values of the predictors therefore requires estimates of the
parameters. For estimating these parameters, it is assumed a sample of n > 0 independent
realizations of (Y, X) is available. The observed sample is written as the vector-matrix
pair (y,X), where y = (y1,...,9n)T and X = (x1,...,%,)". The observed response values
1; € R and associated observed predictor values x; € RP, i =1,...,n, are used to compute
estimates of the parameters according to some estimation method. The quality of these
estimates and thus the prediction can be assessed by analyzing the statistical properties of
the estimator, i.e., the random vector arising from applying the estimation method to the
random sample (V;, X;), i =1,...,n.

An important quality of an estimator is for the estimate to “be close” to the true
parameter value. Ideally, an estimator should be unbiased, Eg, [é] = 0", and have small
variance, Eg,[||@ — 6°||3]. Tolerating a small bias in finite-samples, however, can often lead
to an estimator with smaller variance. More important than unbiasedness is that both
bias and variance vanish as the sample size increases. This is the case if the estimator is
consistent for the true parameter, lim,, o, P(||@ — 8°|| > ¢) = 0 for every € > 0, or even
strongly consistent, P(lim,,—, 6 = 00) = 1. A consistent estimator may be biased in finite
samples but its bias and variance tend to 0 as the sample size increases.

Having a consistent estimator 6 and being able to derive the asymptotic distribution
of \/ﬁ(é — 0°) enables statistical inference on the parameters and comparisons between
estimators. Of particular interest are estimators converging to a Normal distribution with
mean 0 and covariance matrix V (8, 8°) which can be factorized into v(8,8°)V(6°), where

U(é, 00) € R. In case two estimators 6 and 0 converge to such a Normal distribution, they
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can be compared by the ratio of U(é, 0°) to ’U(é, 6), i.e., the asymptotic relative efficiency
of 8. Usually, 8 is taken to be an estimator with small variance in a particular setting,
e.g., the maximum likelihood estimator (MLE), if it exists. Asymptotic relative efficiency
is useful for quantifying the costs incurred by an estimator @ which, for example, requires
less stringent assumptions on the model than 6.

Asymptotic properties facilitate comparison between estimators but give limited insights
into the estimator’s qualities when the sample size n is small. Finite-sample properties,
on the other hand, are more useful assessments of the performance of an estimator in
practical applications, but at the same time are difficult to derive theoretically, except for
in a few special cases. For many regression estimators and model distributions Gy, finite-
sample performance measures are therefore calculated through extensive simulations. With
prediction performance being of primary interest in this work, the mean squared prediction

error (MSPE) is an important measure of performance in finite-samples:

Here, the expectation is taken over the n observations in the sample used to estimate 0
as well as the “new” observation (JN), X ). The mean squared prediction has the intuitive
interpretation of the sum of the variance of the prediction error Y — - X Tﬁ and its squared
bias. It can therefore be seen as an overall metric of prediction performance.

The MSPE can also be written as
. M N2
MSPE(®. Go) = Eg, | (¥~ (7+ %73)) ]

~ ~ ~ A\ 2
= Eg, (MO+XTBO+U—;2+XTB>

The first term in the last line is the variance of the errors and the middle term is 0 because

the errors U are centered and independent of the predictors. The final term is the mean
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squared error (MSE) of the estimator, defined by

MSE(9, Go) = Eg, [(i — 1°)?] + 2By, | (7 — 1)(B — B8°)7| B, [ #]

A ot (2.5)
+Ea, [(B- B En,[RXT(B - 8] .

This definition of the MSE from a prediction-based perspective (Maronna et al. 2019)
measures the overall estimation accuracy, taking into account the covariance among predic-
tors and their multivariate location. Comparable to the asymptotic relative efficiency, the
finite-sample efficiency of an estimator 8, defined as MSE(8, Go)/ MSE(8, Gy), facilitates
comparison of estimation accuracy between different estimators. Again, the estimator 0 is a
“gold standard”, e.g., the maximum likelihood estimator as defined below, and finite-sample
efficiency is desirable to be close to or even larger than 1.

Closely related to the MSE, the Ly estimation error Eg, [Hé - Ong} provides similar
information about the finite-sample performance of an estimator. The Lo estimation error,
however, ignores the covariance among predictors, i.e., omitting Ep, [XX] in (2.5). The
MSE and the Ly estimation error coincide if the predictors are centered and pairwise inde-
pendent with identical variance. In cases where predictors are highly correlated, the MSE
remains small even if the parameter estimates are slightly biased, as long as the combined
effect of the correlated predictors (i.e., the sum of the scaled coefficient values) is close to
the truth. As an example, consider a linear regression model with two centered predictors
which are highly correlated (e.g., Corg, (X1, X2) ~ 1) and have variance o7 and o3, respec-
tively. In this case, the MSE is small as long as 5101 + Bgag ~ 5?01 + ,38(72. Considering
that both X7 and X5 carry almost the same information, the actual value of the parameters
is irrelevant for explaining the response well, as long as the sum of the scaled coefficients is
close to the truth. For the Ly estimation error to be small, on the other hand, both \Bl — ,B?]
and |3y — 49| must be small.

Even when restricting attention to estimators that possess several of the above listed
desired properties, there is a plethora of methods available to estimate the regression pa-
rameters in the linear regression model. Which method to use depends on the researcher’s
emphasis as well as additional assumptions that can be imposed. For instance, if the dis-
tribution of the errors is (assumed to be) known to have density function fy, the maximum

likelihood estimator (MLE)

n
O\ip = arg gﬂn Z —log fo (yz — K= XzTB)
122 i=1
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has very appealing properties as the sample size n grows. Under mild regularity conditions
on the distribution Fy and as n — oo, the MLE is consistent (i.e., converges to the true
parameters in probability) and asymptotically efficient (i.e., no consistent estimator can
have lower variance). However, these optimality properties heavily depend on the validity
of the assumption on Gy.

A different approach to estimate the parameters is by trying to fit the observed response
values y well without regard of the actual distribution of the errors. Formally, the approach

is to determine @ such that

6 = argmin Z(y, 1 + X3), (2.6)
w8

where the regression loss function .Z: R" x R™ — [0, 00) measures the inaccuracy of the
fitted values, i.e., how far the fitted values y = 1 + XEI are from the observed response y.
Therefore, it makes sense to require that Z(y,y) = 0 if and only if § = y. Paraphrasing
Lehmann and Casella (2003), the desire is to have an accurate estimate, but since it is
usually unknown what the estimate will be used for once it is made public, the choice of
the measure of accuracy is arbitrary. However, the chosen loss function directly affects the
properties of the estimator and therefore it should be chosen wisely. The most prominent

loss function for linear regression is the sum of square residuals

n

. 1 .
Ls(y.9) =5 > (i —9:)°
=1

which is mathematically convenient and leads to an accurate and theoretically sensible
estimator in many settings. In the case where Fj is assumed Gaussian, for instance, the
least squares (LS) estimator, 6.5 coincides with the MLE and thus enjoys all the asymptotic
properties of the MLE. Even more convincing, the Gauss-Markov theorem (and extensions
of it) states that the LS-estimator has uniformly smallest variance among all unbiased
linear estimators if (i) the variance of the error term is finite and (ii) the distribution of
the predictors Hy is unknown, or Gy is multivariate Normal with unknown parameters
(Lehmann and Casella 2003, p. 184f).

Despite these strong arguments for the LS-estimator, there are reasons why the LS-
estimator might not be the best choice. The LS-estimator has smallest variance among
all unbiased and linear estimators (i.e., estimators for which the fitted values are a linear

combination of the observed response values). Consequently, unless Fy is Gaussian, it may

10
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be possible to find an estimator that is not linear in the observed response values or biased
(but still consistent) and has smaller variance than the LS-estimator.

Especially if it is likely that the error term takes on large values, i.e., Fj has heavy tails,
finite-sample performance of the LS-estimator suffers considerably. Even if the researcher
is willing to assume the error term is Normally distributed, it is most often only a crude
approximation to the truth and large errors may occur more often than expected. Because
of the square function, unusually large residuals contribute substantially to the LS-loss and
force the estimator 6, to adapt to these observations to shrink the discrepancy between
the fitted value and the observed value. If the sample at hand contains a small fraction of
observations with unusually large residuals, they can dominate the LS-loss function and the
estimate could be excessively affected by them.

A maybe even more worrisome property of the LS-loss is revealed when considering its

gradient with respect to the regression parameters, which is given by

1< ~
VsLis(y. 11+ XB) ‘ﬁzé = z;(y — 1 —x]B)x;.
At every minimum of the LS-loss, each element of the gradient needs to be 0. Therefore,

the LS-estimator 8,5 must satisfy

n

0, = Z(yz — flLs — XiTBLs)Xi?
i=1

where 0, is the p-dimensional O-vector. From this equation it can be clearly seen that
if the value of any predictor of the i-th observation is unusually large, the corresponding
response needs to be fitted very well to keep the residual small and counterbalance the
influence of the predictor on the gradient. Observations with unusually large values in any
of the predictors are called leverage points; unless the true residual of this observation is
very small, the observation can have a devastating effect on the LS-estimator. Huber and
Ronchetti (2009) argue leverage points are usually of no concern in designed experiments
where the researcher has (at least some) control over the values of the predictors. Even with
random predictors, as considered in this work, Huber and Ronchetti suggest that leverage
points are interesting by themselves and should be identified in advance to be analyzed
separately. This approach might work in some settings, but in Section 2.3 I argue why this
is challenging or nearly impossible in the settings considered in this work.

Now that I have outlined some instances where the LS-loss might not be an appropriate

11
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choice, the question becomes if there are alternatives with similar appealing properties. Of
course, one possibility is to assume a different distribution for the errors, one with heavier
tails, and compute the MLE. However, this approach might lose precision if a large majority
of the observations are well explained by a regression model where Fy has light tails (e.g.,
Gaussian) and only a few observations have gross errors. Additionally, the MLE does not
address the problem of leverage points. In the next section I introduce a strategy from

robust statistics.

2.2 Robust Estimation in the Linear Regression Model

In many practical applications of linear regression, precluding the presence of adverse obser-
vations is almost impossible. The approach taken by robust statistics is to not try to build
a comprehensive model that accounts for these few adverse observations, but rather derive
methods that are stable and give “reasonable” results as long as the number of adverse
observations remains small. Importantly, it is assumed that the parametric model Gy un-
derlies the majority of the observations in the sample. However, to allow for a more realistic
representation of the observed sample, a small proportion of the sample is allowed to come
from an unspecified, possibly degenerate, model G. In the Tukey-Huber contamination
model for linear regression, this can be written as Go(y,x) = (1 — €)Go(y,x) + €G(y, %),
with G the parametric model defined in (2.2) and contamination proportion € € [0,0.5). In
this “casewise” contamination model, the observed sample is generated by a mixture of the
data generating process of interest, G, and the contamination process G. The goal is still
to estimate the parameters in Gg, but it is more difficult because some of the observations
are actually generated by G, and it is not known which observations. An observation is only
useful for estimating the parameters if it is indeed generated by Gy and robust procedures
designed for the Tukey-Huber should filter information from observations generated by G.
To ensure Gy and hence the parameters in the model are identifiable, the contamination
proportion € should be less than 50%, i.e., the majority of the observed sample is generated
from the process of interest.

The casewise contamination model can be compared to the more general independent
contamination model (Alqallaf et al. 2009) where each individual value of the observation is
independently either generated by the assumed model or by the unspecified contamination
process. If thinking of the sample as an n x (p + 1) matrix, with the i-th observation

being recorded in the i-th row and the j-th column corresponding the value of the j-th

12
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predictor (or the response if j = p + 1), the independent contamination model can be
thought of as “cellwise” contamination. In this framework, each cell is either generated by
the true model, or by the unspecified contamination process. In the casewise contamination
model, on the other hand, each observation with a single contaminated value is considered
to be generated by G. Having a few contaminated cells can lead to a large number of
contaminated cases, especially if p is large. This may be problematic in high-dimensional
datasets as the proportion of contaminated cases could be propelled outside the sustainable
50%. The cellwise contamination model, however, poses great challenges for estimation
procedures which go beyond the scope of this work. Henceforth contamination is always
understood in the sense of the Tukey-Huber contamination model, i.e., an observation is
either considered contaminated or not.

Despite the presence of a small proportion of contamination, the aim is still to estimate
the true regression parameters in Go, 8° = (1°,8°). However, in addition to the desired
properties for any estimator discussed in the previous section, robust estimators strive to
limit the effect of adverse observations. Over time, different measures of robustness, and
thereby properties related to these measures, have been developed. A concept that plays
a central role in this work is the notion of the replacement finite-sample breakdown point
(FBP) as defined in Donoho and Huber (1982). The FBP measures how many observations
in any given sample must be replaced by arbitrary values to push the estimate to the
boundary of the parameter space. In the context of regression, this is equivalent to forcing
the norm of the estimated regression parameter to infinity. To define the breakdown point
formally, I introduce the notation 0 = OA(.,@" ) for an estimator of the regression parameters
to explicitly show the dependence on the sample 2 = (y,X) = {(yi,x;): ¢ = 1,...,n}.

~

With this notation, an estimate of the regression parameters has FBP €*(6, Z) given by

€(0,%) = max {m: sup  [|6(2)|| < oo}. (2.7)
m=Len | N ges g
The set 3,,(Z) denotes all possible samples obtained by replacing at most m observations
from the original sample 2 with arbitrary values. Ideally, the FBP does not depend on
the actual sample 2, as long as the sample satisfies some estimator-dependent conditions.
The FBP can be considered as a measure of how much contamination can be tolerated
without suffering the worst-possible consequences. It does not, however, imply that for
less contamination the estimate is anywhere close to the true parameter 8°; this includes

that the estimator does not have to be consistent for 8° under any positive amount of
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contamination. A related concept is the (asymptotic) breakdown point which, instead of
operating on the sample level, considers the worst effect on the parameter estimate if the
actual distribution éo is within an e neighborhood of the assumed distribution Gy (Davies
and Gather 2005). A driving factor in the development of many robust estimators is the
desire to obtain a “high breakdown point” estimator; i.e., an estimator that achieves a
breakdown point close to 0.5, the maximum for regression-equivariant estimators ! (Davies
and Gather 2005).

Instead of focusing on the worst-case scenarios, the sensitivity curve measures how much
the parameter estimate changes when adding a single observation to the original sample
(Maronna et al. 2019). The asymptotic version of the sensitivity curve, the influence func-
tion, measures the effect on the estimate when adding infinitesimal point-mass at (7,X) to
the assumed distribution Gy (Hampel 1974). In general, it is desired that a robust estimator
has a bounded sensitivity curve and influence function. However, even if an estimator has
a breakdown point greater than 0, neither the sensitivity curve nor the influence function
needs to be bounded.

A more balanced measure is the maximum asymptotic bias (MB) which measures by
how far a consistent estimator misses the target value 8" if the actual distribution Gy is
in an e-neighborhood of the assumed Gy (Maronna et al. 2019). The maximum bias gives
a more refined picture of how badly an estimator can be affected by a certain amount of
contamination and from the definition of the breakdown point it is evident that the MB is
finite for € < e*(é) A more complete discussion of measures of robustness can be found
in Maronna et al. (2019) and Huber and Ronchetti (2009). To summarize, in this work
the main measure of robustness is the finite-sample breakdown point, while also keeping in
mind the increase in the MSE or estimation error incurred by contamination, especially in
finite-samples.

As has been shown in numerous different settings and applications, the classical LS-
estimator of regression, possesses neither of these desired robustness properties (Maronna
et al. 2019). Its FBP is 1/n and consequently has asymptotic breakdown point of 0; a single
aberrant observation can push the estimated regression parameters to infinity. Similarly, the
SC and IF are unbounded, and the MB is infinity for any amount of contamination. Under
these considerations, a substantial body of research is therefore devoted to find alternatives

to the LS-estimator in various settings.

an estimator @ is regression-equivariant if it satisfies 8(ay +bX, CX) = C™*(af(y, X)+b) for all a € R,

b € RP*! and all non-singular matrices C € RPF1xp+1
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One prominent approach is to view the LS-loss as the sample variance of the (uncentered)
estimated residuals, s?(r) = >, 72/n. Therefore, the LS-estimator seeks to minimize the
sample variance of the residuals. In this light, it seems sensible to replace the sample vari-
ance with a robust measure of variability. A measure that is used extensively in univariate
scale estimation problems is the median absolute deviation (MAD). In the linear regression
context, minimizing the MAD of the residuals is equivalent to minimizing the Least Median

Squares (LMS) loss (Hampel 1975; Rousseeuw 1984) given by

Lims (Ya y) = Z.:Dflledn(yz' - ﬁz)Q
The LMS-estimator is consistent for 8° and can withstand large amounts of contamination
as its finite-sample breakdown point is €f,,q = W (Rousseeuw 1984). However,
the convergence rate is only of order n~'/3 (Kim and Pollard 1990) which implies that in
the case of no contamination the LMS-estimator is considerably less efficient than the LS-

1/2 Maybe more problematic for practical

estimator with a convergence rate of order n~
considerations, however, is the non-smoothness of the loss function which impedes fast
algorithms to compute the estimate.

The issues of the LMS-estimator can be avoided by using a continuous function to define
the scale estimator, instead of the median of squared residuals. One such estimator for the

residual scale is the M-scale estimator, 6, (Huber and Ronchetti 2009), defined as
R" — R+
5‘M : 1 n T’L . (2.8)
i D= — ] <
rr—>1nf{s>0 an(g) <4
1=1
This mapping is continuous if the function p: R — [0, 00) satisfies the condition

[R1] p(0) = 0 and it is continuous, even, i.e., p(—t) = p(t), and nondecreasing, i.e., 0 <t <
t" implies p(t) < p(t').

Using this M-scale estimate, the corresponding S-estimator (Rousseeuw and Yohai 1984) of

linear regression is defined through the S-loss

1A2

gs(B’U S’) = iaM(y - S’) (2'9)

As detailed later, the constant ¢ is essential for the robustness of the S-estimator and needs

to satisfy 0 < 0 < lim, o0 p(7).
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The definition of the M-scale estimator, and in turn of the S-estimator, may seem

arbitrary, but becomes clearer when considering the equivalent implicit definition

iz}p(ar(r)) =0

which holds if p satisfies condition [R1] and 6y(r) > 0. From the implicit definition and

considering the special case p(x) = 22, it is evident that in this case Gy (r) = %||r||% and
hence the S-estimator coincides with the LS-estimator.

To understand the robustness properties of the S-estimator, it is necessary to first un-
derstand them for the M-scale estimator. The M-scale estimator is resistant to grossly
aberrant values only if the p function is bounded. A bounded p function in this work is

assumed to satisfy

[R2] p(t) =1 for all |t| > ¢ with ¢ < oo and p is strictly increasing on (0,¢), i.e., 0 < t <
t' < ¢ implies p(t) < p(t').

With a bounded p function, the constant ¢ is in (0, 1) and directly affects the robustness of
the M-scale estimator with FBP given by |nmin(d,1—0)]/n. More specifically, the M-scale
estimator with bounded p function can tolerate up to [nd| gross outliers without exploding
to infinity, and up to [n(1—0)] “inliers” without imploding to 0. Because robustness of the
M-scale estimator hinges on the boundedness of the p function, from now on it is implicitly
assumed that the p function used for M-scale estimation is bounded.

Independent of the exact choice of the p function, as long as it satisfies conditions [R1],
[R2] and is continuously differentiable with bounded derivative, the S-estimator is consistent
for the true parameters under certain conditions on Gy (Davies 1990; Smucler 2019). The

last condition mentioned for consistency is formalized by
[R3] p is continuously differentiable with the derivative p'(t) and tp’(t) both bounded.

As with the univariate M-scale estimator, the FBP of the S-estimator is determined by §
through €} = ([nmin(d,1 —0)] —p — 1)/n. Hossjer (1992) show that even with an optimal
choice of the p function, the efficiency of the S-estimator is inversely proportional to its
resistance to outliers; in other words, it cannot be both highly efficient and highly robust.

A popular choice for the p function that satisfies all of the above conditions is Tukey’s
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bisquare family of functions given by

2\ 3
p(t; ¢) = min (1, 1-— (1 - t2> ) with ¢ > 0. (2.10)
c

Tukey’s bisquare p function is convenient to handle in computations and yields an S-
estimator which is reasonably close to the S-estimator which uses an “optimal” p function
in terms of efficiency under the Normal model (Hossjer 1992). It is easy to show that
with Tukey’s bisquare p function, but also many other popular p functions, the constant
c is merely a scaling factor and does not affect the estimated regression parameters, i.e.,
Ly, ¥:¢) = 2ZLs(y,y;1). In practice, c is usually chosen to yield a consistent estimate of
the residual scale under the assumed model Gy, which amounts to ¢ = 1.5467 in the case
of Gaussian Gy and a breakdown point of § = 0.5.

Computation of the S-estimator is challenging because of the non-convexity of the loss
function induced by a non-convex p function. Consistency and asymptotic Normality of
the S-estimator (Rousseeuw and Yohai 1984; Davies 1990; Smucler 2019) only apply to the
global minimum of the loss function %5, which is in practice difficult to find. Optimization
algorithms for non-convex problems only converge to a local minimum which depends on the
given starting point. Mei et al. (2018) lists several conditions on the p function and Gy under
which the loss function has a unique local minimum in an r-ball around the true parameter,
ic., {8 € RPTL: |0 — 0% < r}, with high probability if the sample size n > Cplog(p).
Additionally, this unique local minimum actually corresponds to a global minimum for
which the statistical guarantees hold, and gradient descent algorithms converge to it if the
starting point is within an %-ball of the true parameter. It is therefore necessary to choose
the starting points in a strategic way and/or try many different starting points. Although
this increases the chance of finding a point within this neighborhood, it is no guarantee.

A key observation to finding good starting points (and to compute the S-estimator) is

that the S-loss can be written as a weighted LS-loss,

Zs(y,¥) = Ls(y, n— XB) = Zis(Woy, Wo(1,u + X))

with a diagonal matrix Wy € R™*™ of weights that depend on where the loss is evaluated
and the data itself. Therefore, the S-estimator also minimizes a weighted LS-loss, where
suspicious observations are down-weighted. Because the p function is bounded, highly

outlying observations can even get 0 weight, which means they are effectively removed from
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the equation as if they were not part of the sample.

Based on this observation, a strategy using random subsamples from the data is in-
troduced in Rousseeuw and Leroy (1987) for the LMS- and Least Trimmed Squares (LTS)
estimators and optimized for S-estimators in Salibidn-Barrera and Yohai (2006) for samples
with n > (p+ 1)/6. It can be thought of randomly generating the weight matrix Wy, by
assigning a weight of 1 to a random sample of p + 1 observations and a weight of 0 to the
rest. In essence, the idea is based on the observation that there must be at least one sub-
sample of size p+ 1 which does not contain contaminated observations and the LS-estimator
computed on this subsample is close to a global minimum of the S-estimator computed on
the complete sample. The justification for this specific size of the subsample is that it must
comprise at least p+ 1 observations to ensure a unique solution for the LS-estimator. On the
other hand, any subsample greater than p+ 1 is more likely to include contaminated obser-
vations. To ensure high probability of actually finding a subsample without contamination,
many random subsamples need to be considered. As the size of the subsample grows with
the dimensionality, the number of subsamples also needs to increase exponentially with the
number of predictors. This makes the strategy unfeasible when p is of moderate size.

A somewhat different strategy is given in Penia and Yohai (1999), who aim to identify
possibly influential observations and subsequently compute the LS-estimator without these
influential observations. The idea is again that the LS-estimator computed on a “clean”
subsample is close to a global minimum of the S-estimator computed on the full sample.
Because the strategy by Pena and Yohai uses a more guided scheme to find clean subsamples
as compared to random subsampling, the number of subsamples to explore is drastically
reduced and only grows linearly with the number of predictors. Another advantage is that
the strategy is deterministic and therefore always results in the same S-estimator.

It is important to note that the S-loss has potentially multiple global minima. In par-
ticular, the S-loss has a unique global minimum only if every p-dimensional subspace of
(y,X) contains less than [n(1 — §)] — 1 observations (Rousseeuw and Yohai 1984; Yohai
and Zamar 1988). In other words, if [n(1 — §)| observations can be fit exactly with 8,
the S-loss has a global minimum at 6. This is a direct consequence of the smaller effective
sample size induced by the bounded p function (up to |nd| observations can have 0 weight).
The S-estimator can therefore be sensibly computed only if p < [n(1 —§)| — 1, compared
to p < n — 1 for the LS-estimator.

Regardless of the actual distribution G, the S-estimator is highly robust. This high

robustness, however, comes at the price of low efficiency under the Normal model compared
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2.2. ROBUST ESTIMATION IN THE LINEAR REGRESSION MODEL

to the LS-estimator. Due to this deficiency, the S-estimator is in practice usually only the
first step in the multi-tiered MM-estimator (Yohai 1987). The MM-estimator employs the
M-loss function defined by

I Yi — Ui
Z 7A;A = - ~ )
(Y, ¥;05) n;pM< s

S

which quantifies the size of the residuals through a p,, function satisfying the same condi-
tions as the p function for the M-scale, in particular being bounded, and py(t) < p(t) for
all t. The size of the residuals is taken relative to the scale of the residuals, such that the
boundedness of the py function affects only observations with residuals being large rela-
tive to the scale of the residuals. This is where the MM-estimator relies on an S-estimate
of regression. The scale of the residuals can be estimated from the residuals of the fit-
ted S-estimate, s = o (y — fis — XBS). The M-loss with bounded py is non-convex and
computing MM-estimators in general therefore entails similar challenges as outlined for
computing S-estimators. If py; and p for the initial S-estimate of regression satisfy condi-
tions [R1] and [R2], Yohai (1987) proves that the MM-estimator inherits the breakdown
point of the initial scale estimator &g, is consistent for 8° under mild conditions on the
error distribution, and has asymptotic efficiency governed by py;. It is therefore possible to
increase the efficiency of an MM-estimator without sacrificing robustness.

The bias inflicted by gross errors and efficiency under Gy depends on the shape of the py,
function, but more importantly on the cutoff ¢ in condition [R2]. Intuitively, if ¢ is chosen
very large, the loss is practically unbounded (and usually behaves like the LS-loss) and gross
errors as well as leverage points can damage the estimate. On the other hand, if ¢ is chosen
too small, the estimator is inefficient under Gy. Usually, the cutoff ¢ is therefore chosen to
yield a certain asymptotic efficiency under Gy while also limiting the maximum asymptotic
bias under contamination. Yohai and Zamar (1997) propose an “optimal” py, function in the
sense that it is minimizing sensitivity towards contamination while simultaneously achieving
a desired asymptotic efficiency.

The MM-estimator is particularly useful in practice because it yields a highly robust and
efficient estimate without significantly increasing computational complexity. Even though
the M-loss in the second step is non-convex, it is not necessary to find the global minimum
of the objective function. Yohai (1987) shows that any local minimum of %, close to 6
has the same asymptotic properties as a global minimum. The practical challenge with

MMe-estimators, however, is that py needs to be chosen in concordance with p and Gg. The
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prescribed asymptotic efficiency is achieved by choosing the cutoff ¢ according to the limit
of 65 under Gg. For these results to be transferable to finite samples, the bias of the M-scale
estimate of the residuals must not be too large.

MDMe-estimators are not the only strategy to compute M-estimators when the residual
scale is unknown. Several other estimators augment the objective function to allow for joint
estimation of the regression parameters and the residual scale. Options include the con-
comitant scale estimate (Huber and Ronchetti 2009) and constrained M-estimators (Mendes
and Tyler 1996). Usually, these estimators are difficult to compute when using bounded
p functions because they require certain constraints on the scale to evade global minima
at a residual scale of 0. The 7-estimator (Yohai and Zamar 1988) uses a similar strategy

through optimization of the 7-loss

LAy 9) =y Z (oMy y)>

=1

where p; is again a bounded p function satisfying conditions [R1] — [R3] as well as 2p,(r) —
rpl(r) > 0. The loss function is very similar to the concomitant scale estimate, but instead
of jointly optimizing over the scale and the regression parameters, the scale is given by
the M-scale of the residuals. Like the MM-estimator, the 7-estimator can be tuned for high
breakdown and asymptotic efficiency. Other robustness-properties (e.g., the maximum bias)
are also similar in practice. The main advantage of the MM-estimator over the T-estimator
is that the MM-estimator is easier to compute. Although both the MM-estimator and the
T-estimator can be tuned to have high efficiency, higher efficiency also leads to larger bias
under contamination. To keep the bias under contamination reasonably small, a typical
choice for the asymptotic efficiency of MM-estimators is 85% in the Normal model. Several
one-step procedures to improve upon the asymptotic efficiency as well as the finite sample
efficiency of the MM-estimator are discussed in Maronna et al. (2019, Chapter 5.9).
Recently, attention has been directed at circumventing scale estimation for the M-
estimator with Huber’s p function, p(¢;c) = min(¢2/2,c(|t| — ¢/2)) by choosing the cutoff
value c adaptively. It should be noted that Huber’s p function is robust towards observations
with contamination in the response, but the convex loss function does not protect against
influence from aberrant values in the predictors. Loh (2018) constructs a grid of candidate
cutoff values {30,,.,,28/2%: k = 1,..., K} and chooses the smallest cutoff value such that
the difference of the estimate to the estimate at the next larger cutoff is below a certain

threshold. Under certain conditions, this procedure leads to consistent parameter estimates
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and small bounds on the estimation error. To handle possible leverage points, Loh (2018)
suggests a weighting function to down-weight observations with large norm of the predictors.
Under the assumption that the error distribution is heavy-tailed (but not contaminated),
Sun et al. (2019) choose the cutoff value for the Huber loss ¢ = k/+/nlog(n) "1, (i — 9)?
and search for an appropriate multiplier k£ via cross-validation. The influence of possible
leverage points is reduced by univariate winsorizing, i.e., any predictor value larger than a
predetermined threshold is replaced by this threshold value. Univariate winsorizing, how-
ever, does not take into account the multivariate structure of the data; leverage points are
often not overly extreme in a single direction but are extreme when taking into account
the overall structure of the predictors. The merit of these works is that they derive non-
asymptotic bounds for the L; and Ly estimation error, that hold with high probability
under relatively mild conditions. Due to the handling of leverage points, however, neither
of these adaptive procedures has a high breakdown point.

The finite sample breakdown point of all robust estimators discussed so far have one
key weakness: the breakdown point is lower the closer the number of predictors is to the
number of observations. However, not only the robustness properties suffer as the dimension
increases, but also the finite-sample and asymptotic efficiency gets worse (e.g., Maronna and
Yohai 2010). Albeit much less severe than for robust estimators, the LS-estimator also has
higher variability in high-dimensional settings. In the following section, I discuss ways to
simultaneously (i) reduce the variability of robust estimators by allowing for a larger finite-
sample bias and (ii) make robust estimators applicable to settings where the sample size is

less than the number of predictors.

2.3 Estimation Under the Sparsity Assumption

With the surge of data in the last decade, it is increasingly common that the number of
potential predictors is in the hundreds or even tens-of-thousands. At the same time, the
sample size is only slightly larger than or even smaller than the number of predictors. For
example, proteomic technologies measure the expression of hundreds of proteins, but the
number of patients in a study is often less than a hundred. In these cases, the estimators in-
troduced in the previous two sections are not well defined. However, by imposing additional
restrictions on the true parameter and translating these additional assumptions into con-
straints on the parameter estimates, the (uncountably) infinite set of global minima of the

objective functions for estimators presented in the previous sections can possibly be reduced
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to a finite set. In many applications, for instance, it is reasonable to assume that only a
few of the many available predictors are actually associated with the response; but it is not
known which or exactly how many. In other applications, the number of predictors may not
be extraordinarily large compared to the sample size, but the goals of the researcher include
to identify the predictors that are actually associated with the response. In both of these
scenarios, the assumption can be translated to the linear regression estimation problem by
assuming the number of truly relevant, or active, predictors, o/ = {j: B? # 0}, is much
smaller than p. Usually, the size of the active set, s = |.7|, is not known. This assumption
of sparsity, i.e., only s < p predictors have non-zero coefficient, is central to this section
and the remainder of this work.

Before discussing ways to leverage the sparsity assumption to estimate the regression
parameters in the linear regression model (2.2), I extend the list of desired properties when
the sparsity assumption is imposed. Since it is assumed that p — s predictors actually have
a coefficient value of 0, it is natural to ask if the predictors with zero coefficient can be
recovered with high probability, at least as the sample size increases. This leads to the
notion of variable selection consistency. Whereas consistency of the estimator implies that
the coefficient approaches its true value, variable selection consistency requires that the
probability of all truly inactive coefficients being exactly zero approaches 1, i.e.,

lim P(83,. =0, ;) =1.

n—0o0

Here and henceforth, a vector £ indexed by a set .7 (e.g., B <) denotes the vector of elements
in £ with index in the set .7, i.e., £ & = (&) jer € R1. If an estimator is variable selection
consistent, one can further ask for the limiting distribution of the parameter estimates for
the truly active predictors to be as good as if the true active set would have been known in

advance, i.e.,

V(B —BY%) % Ny (0, V(BY)), (2.11)

where p, s, and &/ possibly grow with n. These two properties together are called the
“oracle property” (Fan and Li 2001) as the estimator performs as good as an estimator that
knows the true active set (an oracle). Although the oracle property is desired, it will turn
out that it is not always easy to obtain an estimator that possesses it; usually this requires
several strong conditions on the model and the sample.

The two properties discussed so far in this section are both asymptotic in nature. In

the high-dimensional setting it can be desirable to not only consider what happens when
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the sample size n increases, but also when the dimensionality p,, is growing with the sample
size. In the following, I distinguish between results under fixed dimensionality (i.e., p, = p
remains the same for every sample size), and results under growing dimensionality (i.e., p,
grows with n). Results for growing p,, usually require a condition that p,, does not grow too
fast as n tends to infinity, e.g., log(p)/n — 0 (Bithlmann and van de Geer 2011). Similarly,
although not covered in this work, the size of the active set could be allowed to grow with
the sample size.

An obvious question is how the LS-estimator performs under the sparsity assumption
when the sample size is larger than the number of predictors, n > p, and, for example,
Gy is multivariate Normal. Although the LS-estimator is consistent for estimating the
parameters, the estimated coefficients of the truly inactive predictors are non-zero with
probability 1; only in the limit they are 0. Therefore the LS-estimator does not lead to any
variable selection and hence does not fulfill the oracle inequality. The same is true for any
of the robust estimators discussed before. It is therefore necessary to look for alternatives
with positive probability of setting coefficients actually to 0.

In an idealized world where the number of truly active predictors s is known, a simple
strategy for computing an estimator defined by a loss function .Z is to determine the subset

of predictors of size s which minimizes the loss, i.e.,

argmin  Z(y,u+ X3). (2.12)
HeR,B: [|Bllo=s
This is computationally challenging as the Ly pseudo-norm || - ||o: u Z?zl |uj|" is non-
convex and not continuous. A naive way to find the best subset of size s is to try every
single set of s active predictors, which is of course unfeasible unless p and s are small.

If s is unknown, the problem becomes several times more difficult as the minimization
problem (2.12) needs to be performed for several (or all p) choices of 0 < g = ||B]lo < p.
Furthermore, the obtained solutions for the different choices of ¢ then must be compared
using a validation metric to identify the overall best solution. The value of the loss function
is an inappropriate metric for comparing the solutions as per definition it decreases for
increasing gq. Even with recent advances in mixed integer optimization in Bertsimas et al.
(2016), which allow more efficient optimization of problem (2.12) over 3: ||8]lo < ¢, it only
works for moderately sized problems. Greedy searches, on the other hand, can provide
adequate approximations to the best subset regression. Examples include forward stepwise

regression, where the search begins with the empty model, ¢ = 0, and one predictor at a
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time is added such that the loss is minimized among all possible additions. Nevertheless,
it is difficult to provide provable statistical guarantees for best subset regression or greedy
approximations thereof. Furthermore, Hastie et al. (2017) demonstrate that best subset
regression with the LS-loss (and the greedy approximation by forward stepwise regression)
often leads to an estimator with small bias but large variance.

Continuous alternatives to the Ly pseudo-norm are popular tools to improve computa-
tional efficiency and decrease the variability of the estimator, usually at the cost of increased
bias. Theoretically, any “measure of the size of the coefficient vector”, ®: RP — [0, 00), can

be used to constrain the minimization problem

argmin  Z(y, n+ X8)
HER,B: (B)<a
to reduce the number of global minima to a finite set if n > p. However, a necessary and
sufficient condition on ¢ for the minimization problem to lead to sparse solutions is that it
is nondifferentiable at §; =0, j = 1,...,p (Fan and Li 2001). For convenience, I rephrase
the constrained optimization problem in its dual form, which in the context of regression is

often called regularized or penalized regression:

argmin Z(y, u +X08) + A®(8). (2.13)

HER,BERP
The hyper-parameter A is inversely related to the constant a in the constrained optimization
problem. If A = 0 this is the unregularized minimization problem and identical to (2.6),
while A — o0 necessarily leads to B = 0, and thus the estimated active set is empty.
Both, the penalty function ® and the hyper-parameter A are unrelated to the model and
the choice cannot be inferred from the model itself but needs to be done based on external
considerations.

Probably the most popular choice for the penalty function for sparse estimation in statis-
tics and beyond is the L norm, ®1(3) = ||8||1. The L; norm is the convex envelope of the
Lg pseudo-norm over a small domain and as such yields the closest approximation to best
subset regression by means of convex penalty functions (Jojic et al. 2011). When combined
with the LS-loss, the L; penalty leads to the widely known least absolute selection and
shrinkage operator (LASSO) (Tibshirani 1996), henceforth called LS-LASSO to emphasize
the specific combination of the loss and penalty function. The LASSO penalty can be mo-

tivated from many different angles. Numerous results are available which present different
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conditions on the distribution Gy and the sample under which the LS-LLASSO is consistent,
variable selection consistent, or possesses the oracle property with growing p,. Typically,
the conditions for the LS-LASSO to have these properties include that the amount of pe-
nalization, reflected in A, vanishes as the sample size increases. While the rate depends on
the other conditions imposed, it is usually required to be at most of order O(\/long/n).
Vanishing regularization is required to remove the bias introduced by the regularization,
at least asymptotically. From a practical perspective, this is a relatively mild requirement
as with enough data, the LS-estimator will already estimate the coefficients for the truly
inactive predictors close to 0 and only a slight nudge is required to make them exactly zero.
For a comprehensive summary of conditions and the most important results see Biihlmann
and van de Geer (2011).

The elastic net (EN) penalty, proposed by Zou and Hastie (2005) has similar variable
selection properties as the LASSO, but is able to retain groups of highly correlated active
predictors. The EN penalty is given by a linear combination of the L; and squared Lo
penalty,

D (Br0) = allB + 583 with o < 0,1]. (2.14)

The LASSO is a special case of the EN penalty with o = 1, and as long as « > 0, the
EN penalty has singularities at the origin and therefore also leads to sparse estimates. The
Lo penalty is beneficial in the presence of highly correlated predictors, stabilizing variable
selection (Zou and Hastie 2005).

The LS-LASSO and LS-EN estimators possess the oracle property only under very spe-
cific and impractical conditions, due to the bias introduced by the L, and the Lo penalty.
To solve this problem, a different penalty would need to be considered; one possibility is the
family of folded-concave penalties introduced by Fan and Li (2001). Folded-concave penal-
ties are singular at the origin (i.e., produce sparse results) and are bounded, i.e., predictors
with coeflicients larger than a certain threshold are all penalized equally, regardless of the
actual size of the coefficient. The LS-loss combined with folded-concave penalties yields
an estimator that possesses the oracle property under growing dimension, requiring less
restrictive conditions than the LS-LASSO (Fan and Peng 2004; Zhang and Zhang 2012).

Due to the boundedness of the folded-concave penalties, the objective function (2.13) is
non-convex, even if combined with the LS-loss. This proves problematic because the oracle
properties and other statistical guarantees are only valid for the global minimum. The local

linear approximation (LLA) to folded-concave penalties in combination with the LS-loss is
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shown to yield an estimator that has the same properties as the “good” global minimum if
p < n (Zou and Li 2008) or if the smallest true coefficient value of the active predictors are
large enough and Fj is sub-Gaussian (Fan et al. 2014).

Fan et al. (2018) improve these results for convex loss functions by introducing a
computational framework (I-LAMM) for computing general regularized estimators of the
form (2.13), including folded-concave penalties combined with the LS-loss. They cast the
estimation problem as an iterative algorithm which, after an infinite number of iterations,
coincides with the good global minimum of the LS-loss combined with the folded-concave
penalty. However, they also give a bound for the Lo estimation error that depends on the
number of iterations and the chosen numerical accuracy of the obtained solutions. From
these bounds it can be seen that the Lo estimation error approaches the oracle bound if the
numerical accuracy is chosen small enough and the number of iterations increases.

Interestingly, the computational framework in Fan et al. (2018) also connects the folded-
concave penalties with another important class of penalties: the adaptive LASSO and the
adaptive EN. The adaptive EN penalty function (Zou 2006; Zou and Zhang 2009), penalizes
the coefficients for each predictor differently depending on the corresponding element in a

vector w of strictly positive penalty loadings:

l—«
2

p
Dan(Byw, a, () = 18113 + oY " w$|B;]  with ¢ > 0. (2.15)
1

j:

With the adaptive EN penalty, predictors with a large penalty loading w; are more heavily
penalized than predictors with a small penalty loading. The penalty loadings are commonly
set to the reciprocal values of a preliminary estimate of the regression parameter. Intuitively,
if the preliminary estimate is consistent for 8%, penalization for truly inactive predictors
tends to infinity for increasing sample size. Therefore, if the hyper-parameter A\ scales
appropriately with n, the bias introduced by the penalty becomes negligible and the oracle
property can be obtained.

With a slight modification of the penalty loadings, the adaptive LS-LASSO estimator
(i.e., @ = 1) can be obtained after two I-LAMM iterations (Fan et al. 2018). For this
equivalence to hold, the weights w; must be truncated by max(r,w;) using a reasonably
large but finite 7. From this it is easy to obtain bounds for the estimation error of the
(modified) adaptive LS-LASSO.

Unsurprisingly, regularized estimators utilizing the LS-loss suffer the same issues as the

LS-estimator under contamination, albeit often less obvious. Recalling that the breakdown
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point of regression estimators involves the estimated coefficients exploding to infinity, it
seems comforting to know that regularized estimators are by definition bounded away from
the boundary of the parameter space. In the dual formulation of the regularized loss (2.13),
however, the parameter estimate can still diverge to infinity for any fixed A < oo as shown
in Alfons et al. (2013). Furthermore, the intercept parameter p, is not regularized and can
thus also explode under contamination. Even if the model does not include an intercept,
the regularization parameter A poses problems; although X is not a model parameter and
as such is not estimated, the selection of a good A value is affected by contamination. As
shown in Cohen Freue et al. (2019), constraining the slope estimate B to the interior of the
parameter space, A to would be required to grow indefinitely.

As highlighted by Davies and Gather (2005), the notion of breakdown point is not a
sensible measure of robustness for non-equivariant estimators; regularized estimator are per
definition not (regression) equivariant. Nevertheless, the breakdown point can still give
valuable insights about the robustness properties of an estimator. The maximum MSE
under contamination, on the other hand, can be a useful metric for comparing regular-
ized estimators; this is especially true in the presence of leverage points. In increasingly
high dimensions it is more important to have estimators that are insensitive to leverage
points. Although Huber and Ronchetti (2009) suggest identifying possible leverage points
in advance and analyze them separately, in high dimensional problems this approach is
impractical because leverage points are very difficult to identify. Even if it is possible to
identify leverage points, under the sparsity assumption, it is not sensible to take aside obser-
vations with potential leverage coming from the truly inactive predictors. However, because
it is unknown which predictors are truly active and inactive it is impossible to “screen out”
leverage points for separate analysis prior to computing an estimate.

Just as without the sparsity assumption it is therefore necessary to devise methods which
can achieve low MSE but additionally identify important predictors even under arbitrary
contamination. Because the maximum MSE under contamination is usually impossible to
derive theoretically, it is also still desirable to achieve a high breakdown point, even though

it is not the best measure of robustness for regularized estimators.

2.4 Robust Regularized Estimation

The main culprit in the erratic behavior of regularized estimators under contamination is

still the LS-loss. Drawing from the insights gained in unregularized estimation, it therefore
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seems sensible to replace the LS-loss with a robust surrogate.

Due to its importance for quantile regression, the LAD-LASSO (Wang and Li 2007)
is among the first regularized regression estimators with robustness towards gross errors.
Numerous papers study the behavior of M-loss functions with convex p functions (e.g.,
Huber’s p) combined with the L; penalty under different settings. Many of the properties
of the LS-LASSO also hold for convex M-estimators under similar conditions (van de Geer
and Miiller 2012). Recently, several strategies to reduce the bias introduced by the convex
M-loss as well as to avoid residual scale estimation have been proposed (Loh 2018; Fan et al.
2016; Fan et al. 2017; Fan et al. 2018; Sun et al. 2019; Yang 2017).

Robust regularized estimation is not the only strategy for robust estimation in the
sparse linear regression model. Khan et al. (2007), for example, propose the Robust Least
Angle Regression (RLARS) estimator to compute robust regression estimates in a step-wise
manner. Following ideas of the LARS estimator (Efron et al. 2004), the steps are taken in
the direction of the predictor with highest correlation with the residuals from the previous
step. RLARS gains robustness towards arbitrary contamination by using robust measures of
location, scale, and correlation for selecting and taking the steps. Empirical results suggest
RLARS is reliable under gross contamination, but the finite-sample bias is often higher than
of other robust methods and the algorithmic definition of RLARS hinders the establishment
of theoretical guarantees.

Given the increased difficulties caused by leverage points, the bounded M-loss is an
indispensable tool in higher dimensions. However, considerably less attention has been
given to LASSO-type M-estimators with non-convex or bounded p functions as well as
S-estimators. Smucler and Yohai (2017) proves that the MM-LASSO, the estimator that
minimizes a redescending M-loss combined with the LASSO penalty, is 1/n-consistent for 6°
when the dimension is fixed but otherwise very mild conditions. Importantly, there are no
moment-conditions on Fp; the errors only need to have a density that is symmetric around
0 and monotonically decreasing in |u| and strictly decreasing in a neighborhood of 0. An
additional condition is that the second moment of Hy must be finite, and the covariance
matrix of the predictors needs to be non-singular. Therefore, the MM-LASSO is consistent
even under very heavy-tailed distributions Fp, such as the Cauchy distribution. Similar
results, albeit under more restrictive assumptions, specifically finite second moment of the
error Fp, are obtained in Arslan (2016) and Chang et al. (2018).

Loh (2017) studies the finite-sample bounds of the L; and Ls estimation errors of re-
descending regularized M-estimators, including those with a LASSO penalty. She shows
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that any minimum of the objective function (not only a global minimum), which lies in an
r-ball around the true parameter, fulfills the oracle inequality for the estimation error. As
can be expected of finite-sample results for complicated non-convex estimation problems,

there are several technical conditions for this result to hold:

1. The regularized objective (2.13) is restricted to an R-box around the origin, {3: ||8]|1 <
R} which needs to contain the true parameter, i.e., |3°||; < R, and as such requires
to have a rough idea of the size of the true parameter; the larger R, the weaker the

bound on the estimation error.

2. The sample size needs to be large enough to guarantee that there is at least one
minimum in an r-ball around the true parameter with high probability; the smaller r
the larger a sample size is needed. With an even larger sample size, every minimum
in the R-box around the origin falls within the r-ball around the true parameter with

high probability.

3. The gradient of the M-loss evaluated at the true parameter needs to be bounded with
high probability.

4. Most importantly, the M-loss needs to satisfy the restricted strong convexity (RSC)
condition in an r-ball around the true parameter with high probability. This condition
is essentially bounding the “non-convexity” of the loss function .Z around the true

parameter; the more non-convex the larger the bound on the estimation error.

Establishing these conditions is difficult in theory for a given Gy and almost impossible
in practice. To overcome these difficulties, Loh (2017) states different sufficient conditions
on GGy under which the above conditions hold with high probability. For example, the
gradient is bounded with high probability if the distribution of the predictors, Hy, is sub-
Gaussian, i.e., has lighter tails than a multivariate Normal distribution. Furthermore, under
sub-Gaussian predictors and a specific tail-behavior of the errors Fy, the RSC condition also
holds with high probability.

We recently proposed the first S-estimator with an elastic net penalty (Cohen Freue
et al. 2019) called Penalized Elastic Net S-Estimator (PENSE) which shares many of the
properties of the MM-LASSO, without the need for an auxiliary scale estimate. Chapter 3
gives a detailed exposition of the EN penalty, its advantages over the LASSO, and the
theoretical properties and empirical results concerning PENSE. Importantly, PENSE has
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very good robustness properties and is root-n consistent for the true regression parameter
under fixed dimension.

The only other regularized S-estimator proposed so far is the S-Ridge (Maronna 2011).
The S-Ridge combines the S-loss with the Ridge penalty, i.e., the squared Ls norm of the
coefficients (also a special case of PENSE with a = 0). The Ridge penalty does not induce
sparsity, i.e., none of the estimated coefficients will be 0, but it helps in high-dimensional
problems to reduce the variability of the estimate at the cost of increased bias. Smucler
and Yohai (2017) prove that the S-Ridge is a consistent estimator for the true regression
parameter and the residual scale. This allows them to use the S-Ridge estimator to obtain
an auxiliary estimate of the residual scale for their MM-LASSO estimator. Despite the
different penalties involved, the authors also use the S-Ridge estimate as the starting point
for the optimization of the non-convex MM-LASSO objective function. Although there
is no guarantee that this will yield a sensible estimate, the empirical performance of the
MM-LASSO is very competitive.

There also exist results for M-estimators with different penalty functions. The theory
in Loh (2017) for M-estimators covers folded-concave penalties and the results establish
the oracle property for a broad class of loss functions, given that the above-mentioned
conditions (and a stronger RSC condition) hold with high probability. Fan et al. (2018)
establish the error-bounds for estimates computed by the I-LAMM procedure with high
probability for the LS-loss and a sub-Gaussian Gy, but their theory also allows for different
convex loss functions. It remains open, however, if the conditions for their results can be
obtained with high probability when using non-convex, redescending M-estimators under
heavy-tailed errors and contamination in the predictors.

In Cohen Freue et al. (2019) we propose a refinement step to PENSE, called PENSEM.
The idea of PENSEM is similar to MM-estimators for low-dimensional regression, improving
efficiency by a subsequent M-step which relies on a scale estimate obtained from the residuals
of the fitted PENSE estimate. This refinement works well in many problems, but, as detailed
in Chapter 5, the residual scale estimate from PENSE and other robust estimators can be
very biased in high-dimensional problems. In finite samples, this bias may impede gains in
efficiency and make the M-step possibly susceptible to contamination.

The adaptive MM-LASSO (Smucler and Yohai 2017; Chang et al. 2018) combines a
bounded M-loss with the adaptive LASSO penalty, and it is shown in Smucler and Yohai
(2017) that this estimator possess the oracle property under the same mild conditions as for

root-n consistency of the MM-LASSO. To avoid the necessity of an initial scale estimate,
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I introduce the adaptive PENSE in Chapter 3. The adaptive PENSE combines the S-loss
with the adaptive EN penalty and uses PENSE as preliminary estimate. 1 show that the
adaptive PENSE also possess the oracle property under the same conditions as needed for

PENSE to be root-n consistent.
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Chapter 3

Elastic Net S-Estimators

This chapter introduces a novel estimator for the linear regression model under the sparsity
assumption which can tolerate the presence of a large proportion of adverse contamination.
The challenge of obtaining a robust estimate of the residual scale under the sparsity as-
sumption, especially in high dimensional problems, hampers the application of regularized
M-estimators. In Cohen Freue et al. (2019), we therefore propose the penalized elastic-
net S-estimator (PENSE), which combines the robust S-loss function with an elastic net

penalty. PENSE circumvents the need of an auxiliary scale estimate.

3.1 Method

The PENSE estimator is defined by a regularized objective function which combines the
classical S-loss (2.9) and the EN penalty (2.14):

Os(p, B A, ) = Zs(y, pp+ XB) + APen(B; ). (3.1)

~(\,
Minimizers of this objective function are denoted by 0( *)

= argmin, g Os(p, B; A, ), while
the arguments A or a are omitted if irrelevant or obvious from the context.

Due to the non-convexity of the S-loss, the PENSE objective function is also non-convex.
Without non-convexity, PENSE would not possess its robustness properties as detailed in
Section 3.4, but it is also the source of computational challenges. The issue is not unique
to PENSE but is shared among all S- and redescending M-estimators with and without
regularization. The robustness properties and statistical guarantees for the non-regularized

S-estimator only pertain to a global minimum (Davies 1990; Smucler 2019) of the S-loss.
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The asymptotic statistical properties of PENSE detailed in Section 3.3 also only pertain
to the global minimum and are contingent on A decreasing fast enough. In other words, A
cannot be too large for the global minimum to have good statistical properties. This is in
line with conditions for asymptotic properties of LS-EN and LS-LASSO estimators, albeit
their objective functions are convex and a large regularization parameter merely introduces
too much bias to attain a minimum with provable properties. For PENSE, on the other
hand, too large X\ values not only introduce bias but also abets the estimator’s robustness.
For large A, local minima of the objective function that are close to the origin are more
likely also global minima. Hence, if X is too large global minima could very well be artifacts
of contamination and not sensible estimates. One such instance is depicted in Figure 3.1
for a simple regression model without intercept and a single predictor. The true regression
coefficient is 8° = 1, but for A = 1 the objective function exhibits a global minimum around
B = —0.5 due to contamination in the sample. Only as A gets smaller, the “good” minimum
around 8 = 1 becomes a global minimum. A sensible PENSE estimate can therefore be
attained only if an appropriate strategy to select the regularization parameter A is used.

Although only global minima have provable statistical properties, for larger A values,
local minima not caused by contamination can still be useful to predict the expected value
of the response, given a set of predictor values. Prediction, alongside identifying the predic-
tors important to make good predictions, is a main goal in many applications of regularized
estimators. Therefore, it is important to not only check the global minima for their predic-
tive capability, but also other local minima, even though they might not possess the same
statistical properties as the global minima.

As noted in Chapter 2, the S-loss and therefore the PENSE objective function can be
rewritten as a weighted LS-EN objective function

T
Os(1, Bi A @) = 5= > wi(r)r} + Aex(B; @) = Opx(p, B;w(r), \a)  (3.2)

2n
i=1

with residuals r; = y; — p — x] 3 and weights

r (#(r)) /i |
% 22:1 4 <#’Zr)) Tk

(3.3)

This representation of the PENSE objective function allows for an intuitive interpretation

of the estimator. The PENSE estimate corresponds to a properly weighted LS-EN estimate,
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Figure 3.1: PENSE objective function (3.1) for a simple linear regression model of the form y = x + u,
evaluated at different values of 8 and A on a data set with contamination. The marked dots depict
the locations of the global minima for different A.

where the weights are chosen to down-weight the contaminated observations and to give
more weight to proper observations.

The challenges in computing and applying the PENSE estimate are (i) to find global
minima of the objective function and (ii) choose a regularization parameter A such that
the global minima enjoy good statistical properties. Additionally, it is also advisable to
retain other local minima and determine their predictive abilities. Numerical algorithms
to find stationary points of (3.1) require a starting point as input and typically converge
to a stationary point which depends on this starting point. To find global minima of the
objective function, it is therefore necessary to have starting points that are close to global
minima. Local minima are caused by contamination and unusually large error terms, and
hence a sensible strategy to find starting points is to compute a LS-EN estimate on a subset
of the data which does not contain observations exerting high leverage on the estimate.
This direct relationship between the data and the presence/location of local minima is
a clear advantage over non-convexity caused by folded-concave penalties. With folded-
concave penalties, local minima are due to the underlying regression parameters and no
intuitive strategy is available which is known to give starting points close to the desired
optimum. Under a restricted eigenvalue condition, sub-Gaussian errors and large enough
true coefficient values, Fan et al. (2014) show that with high probability the LS-LASSO is
a starting point for their algorithm which leads to the desired local minimum. Although
the intuition behind good starting points for optimizing the PENSE objective function

is simpler and holds without any restrictive conditions, it is nevertheless challenging to
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determine good subsets of the data.

3.2 Initial Estimator

This section discusses different strategies to obtain starting values for locating minima of
the PENSE objective function. As outlined above, the landscape of the objective function
is scattered with local minima and the goal is to find local and global minima that are not

caused by contamination.

3.2.1 Random Subsampling

The most common strategy to determine initial estimates for unregularized S-estimators
as proposed in Rousseeuw and Yohai (1984) and Salibidan-Barrera and Yohai (2006) is
to randomly select subsets of the available observations and compute the classical LS-
estimate using only the random subset. The motivation behind the strategy is to get a
crude approximation to the weights (3.3) at a global minimum. In the unregularized case,
to guarantee that the resulting S-estimator has a breakdown point of € with probability at

least v, the lower bound for the number of subsets N is given by

log(1 —v)
2 g1 - (1= )

and thus grows exponentially with p (Salibidn-Barrera and Yohai 2006). With N subsets,
the probability that at least one of the subsamples of size p + 1 is “clean”, i.e., does not
contain any contaminated observations is v. However, even an initial estimator computed on
such a “clean” subsample does not necessarily lead to a global optimum of the S-estimator.
Hence, it is in general not enough to examine a single clean subset, increasing the required
number of subsamples even further. While Salibidn-Barrera and Yohai (2006) propose
several computational shortcuts to make random subsampling feasible for the unregularized
S-estimator with up to a moderate number of predictors, in higher dimensional settings the
computational burden of finding a global minimum with high probability is insurmountable.

Random subsampling is similarly used for robust regularized estimation, where the
penalty term could potentially reduce computational challenges, even in high dimensions.
Due to regularization, the size of the subset can be much smaller than the number of pre-
dictors. Alfons et al. (2013), for example, use random subsets of size 3 to obtain initial

estimates for their SparseLTS estimator. By decoupling the size of the subset from the
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number of predictors, the number of subsets required to get at least one clean subsam-
ple with high probability only increases exponentially with the chosen size of the subset.
Although this implies that only a few subsets are required, subsamples of very small size
(e.g., 3 as for SparseLTS) correspond to an approximation of the weights (3.3) at a global
minimum of the PENSE objective function by a vector with only 3 non-zero entries, which
is likely inaccurate considering that the vector of weights at a global minimum has at least
|(1 — 0)n| non-zero entries. Therefore, to maintain a high likelihood of locating a global
minimum (or a good local minimum) it is still necessary to consider a very large number
of random subsamples; either because clean subsamples of small size are likely not a good
initial estimate, or because a large subsample likely contains contamination. This is a ma-
jor obstacle for using random subsampling to initialize PENSE or other robust regularized

estimators.

3.2.2 Elastic Net Pena-Yohai Procedure

The problem with random subsampling, i.e., the large number of subsets required to increase
the chance of finding a good local optimum, stems from the fact that the subsets are chosen
without considering the data itself. The following strategy, proposed by Pena and Yohai
(1999) as outlier detection method and standalone estimator for linear regression, on the
other hand, aims at identifying and omitting contaminated observations. The Pena-Yohai
(PY) procedure builds several subsets of the data, each of which omits observations with
possibly large influence on the LS-estimate, computes the LS-estimate for each of these
subsets, and finally chooses the estimate whose residuals have the smallest M-scale. The PY
procedure mainly screens out observations with high leverage, while retaining observations
with small leverage but large residuals. To remove the influence of these observations as
well, the PY procedure is iterated several times by removing the observations with large
residuals in the fit with the smallest M-scale of the residuals. Although Pena and Yohai
(1999) propose their procedure for the unpenalized S-estimator, Maronna (2011) successfully
adapts the PY procedure to find initial estimates for the S-Ridge estimator. In Cohen Freue
et al. (2019), we adapt the PY procedure for general, non-linear, regularized estimators
such as PENSE, by employing regularized LS-estimators throughout the procedure. The
PY procedure adapted for regularized estimation using the EN penalty (EN-PY) is outlined
in Algorithm 1 for fixed penalty parameters A and a.

The central piece in the EN-PY procedure is the set of possibly clean subsets, line 5 in

Algorithm 1. Pena and Yohai (1999) derive this set using the principal sensitivity compo-
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Algorithm 1 EN-PY Procedure

Input: Fixed penalty parameters A and «, the proportion of observations in each clean
subset, k, 0 < kK < 1, a cutoff value C' > 0 for “large” residuals, and the maximum
number of PY iterations I.

1: Initialize the set of indices with the full data set, .#(©) = {1,... n}.

2: Set ¢+ = 0.

3: repeat

4: Compute the LS-EN estimate for fixed A, a with all observations in the current
index set .7 (), 5(0).

5: Obtain a set of possibly clean subsets of .#), {A,..., %k}, each of size |x|.# "]
and .7, ¢ Z .

6 for k=1,...,K do

7 Compute the LS-EN estimate for fixed A, a on the subset %, é(k).

8 end for

9 Choose the LS-EN estimate that results in the smallest M-scale of all n residuals,

0" — 6" with & = arg min 6y (y — p® — Xé(k)).
k=0,...,K
10: Update the index set to include only observations with small standardized residuals,
s =fi =1y - xga@) < Couly — u® — XB(L))} .
11: Increment ¢, t = ¢+ 1.

12: until ¢ = I or the index set did not change, #*) = #(=1)

13: return all K + 1 estimates {é(k) ck=0,... ,K} from the last EN-PY iteration, ¢ — 1.

nents (PSCs); a set of directions in which points of high leverage should appear as large
values. For EN-PY, the principal sensitivity components are obtained from the n X n ma-
trix of leave-one-out (LOO) residuals, R; the k-th column of R is the vector of differences
between the observed y and the values fitted by an LS-EN-estimate computed from all but
the k-th observation (line 2 in Algorithm 2). The PSCs are defined as the projections of
matrix R on its eigenvectors. It can be shown (Penia and Yohai 1999) that observations with
very high leverage have an extreme value (positive or negative) in at least one PSC. From
each PSC, three subsets of size m are obtained from: (a) the m observations with smallest
values in this direction (i.e., filter extremely positive values), (b) the m observations with
largest values (i.e., filter extremely small values), and (c) the m observations with smallest
absolute values (i.e., filter extremely positive or negative values). The detailed procedure
to derive subsets from the PSCs for PENSE is given in Algorithm 2.

The Pena-Yohai procedure for regularized estimators as detailed in Algorithms 1 and 2
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Algorithm 2 Subsets derived from the Principal Sensitivity Components

Input: Fixed penalty parameters A and «, an index set .# of cardinality 7 and the desired
proportion of indices in each subset, x < 1.

: Define the desired size of the subsets as m = |kn].

Compute the n X N sensitivity matrix R. The entries of R are given by

[N

Ri,k:yi_ﬁ(—k) _Xglé(—k) ’L:k: 17"'aﬁ7

where 9(_k) is the LS-EN estimate computed for fixed A, «, from the observations in
the index set .# with the k-th entry omitted, i.e., the leave-one-out LS-EN estimate.
: Determine @), the number of non-zero eigenvalues of the matrix RTR.
:forg=1,...,Q do
Compute the g-th PSC, z(? = Rv(9), where v(@ is the ¢-th eigenvector of RTR.
Define the subset with the m observations with smallest values in z(?, i.e.,

i
Fy={i=1,.. .0 29 < Z,} with Z, = inf {Z: m< Y17 < Z}}
i=1
e Define the subset with the m observations with largest values in z(9, i.e.,

Forq=1{i=1,...7n: zgq) > 7} with Z :sup{Z: m < Zﬂ{zgq) > Z}}
1=1

8: Define the subset with the m observations with smallest absolute values in z(? i.e.,

Frgrg={i=1,...7: |2?] < Z,} with Z :inf{Z: m < ZH{WH < Z}}
=1

9: end for
10: return the set {.71,..., 730}

generates a total of 3Q) + 1 initial estimates for computing the PENSE estimate. The major
benefit of EN-PY over random subsampling is that Q < max(p,n), and hence the number
of initial estimates from the EN-PY procedure only grows linearly with the number of
observations and the number of predictors, as opposed to the exponential growth required
for random subsampling. Therefore, by choosing the subsets in a more guided fashion, the
computation can be greatly reduced compared to naive subsampling.

For the case of unpenalized regression, Pena and Yohai (1999) present several mathe-
matical shortcuts to efficiently derive the PSCs. These shortcuts are based on the closed
form solution for LOO residuals in the case of linear estimators and thus cover the ordinary

LS-estimator as well as the LS-Ridge estimator. Unfortunately, there is no counterpart of
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these closed form solutions for regularized estimators with non-smooth penalty function.
Therefore, the bottleneck of the EN-PY procedure is the cumbersome computation of the
LOO residuals. For a fixed value of A and «, the EN-PY procedure requires the computa-
tion of at most n(4 + 47 + Ix) + I + 1 LS-EN estimates, where I and « as in Algorithm 1.
Nevertheless, the actual number of LS-EN estimates that need to be computed is usually
much smaller than this upper bound since the residual-filtered index set most often remains
constant after a few iterations. Hence, even without mathematical shortcuts to compute
the PSCs, the EN-PY procedure is still significantly faster than random subsampling for
obtaining initial estimates for PENSE.

In addition to the PY procedure, Pena and Yohai (1999) propose an estimate for linear
regression based on a one-step re-weighting of the S-estimate obtained from the “best” es-
timate (in terms of minimal M-scale of the residuals of all observations) computed through
the PY procedure. Their estimate is a weighted LS estimate, where hard-rejection weights
(0/1) are derived from the residuals of this aforementioned S-estimate. The weights, how-
ever, are derived from the “hat” matrix of their linear estimator and the idea is therefore

not transferable to regularized estimates.

3.2.3 Empirical Comparisons

The main selling point for the EN-PY procedure is the decreased computational burden by
selecting the subsets in a way that excludes potentially contaminated observations. With
the same number of initial estimates, the chance that the EN-PY procedure gives at least
one good initial estimate should be higher than with random subsampling. Pefia and Yohai
(1999) show that high leverage points are detectible in at least on PSC direction. The
authors claim that due to this property the PY procedure can efficiently clean the data of
gross contamination. Although the theory presented in the paper does not cover moderate
leverage points, the results of simulation studies further underline the benefits of the PY
procedure.

To ascertain that the advantages of the PY procedure translate to similar properties of
the EN-PY procedure for sparse linear regression, I compare EN-PY and random subsam-
pling empirically. For this experiment, data sets with n = 100 observations and p = 16
predictors are randomly generated according to 42 scenarios following scheme VSI-LT* (see
Appendix A.1.1). In this lower-dimensional problem the likelihood of uncovering at least
one clean subset with a computationally feasible number of random subsamples is still high.

The scenarios are divided into two groups: two scenarios where no contamination is intro-
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duced and 40 scenarios where 25% of the observations are contaminated. In scenarios with
contamination, the placement of contaminated observations is controlled by the leverage of
contaminated observations as well as the regression parameter in the linear model gener-
ating these contaminated observations. The variance of the error term is chosen such that
the percentage of variance explained (PVE) by the true regression model is either 25% or
50% (this amounts to a signal-to-noise ratio of 1/3 and 1, respectively, and follows the sug-
gestions in Hastie et al. (2017)). Appendix A.2 gives the complete details of the scenarios
considered in this numerical experiment.

For each generated data set, initial estimates are obtained at 10 different penalization
levels using random subsampling and the EN-PY procedure. All initial estimates from
different penalization levels are merged into two sets: Jxs comprising initial estimates from
random subsampling and Zgy.py for initial estimates from the EN-PY procedure. The
PENSE estimate is then computed for 50 different values of the penalization level. At every
penalization level, the PENSE estimate is computed once from initial estimates s and
once from initial estimates Jgy.py, recording the difference in the attained value of the
objective function.

The main results of this experiment are depicted in Figure 3.2. The left plot shows the
number of settings (i.e., combinations of data sets and penalization levels) where a difference
between the EN-PY and random subsampling procedures is detected. For the vast majority
of settings, both procedures lead to the same minimum being uncovered, but more severe
leverage points lead to more differences between the two procedures. This can be expected
because the PENSE objective function usually exhibits more local optima the more severe
leverage points are present. Of those replications where EN-PY and random subsampling
lead to different local optima, the local optimum uncovered by EN-PY is most often better
than the local optimum found via random subsampling. Interestingly, the differences are
more plentiful when the variance of the error term is small (PVE of 50%).

For those replications where there is a difference between the two procedures, the right
plot (Figure 3.2(b)) shows the magnitude of these differences, relative to the true variance
of the error term. Although EN-PY does not always lead to better optima, if there is a
difference, the local optimum uncovered by EN-PY initial estimates are sometimes substan-
tially better than the local optimum obtained from random subsampling. Relative to the
true variance of the error, EN-PY sometimes leads to a local optimum more than 20% bet-
ter than the local optimum attained from starting at initial estimates obtained by random

subsampling.
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Figure 3.2: Comparison of the PENSE objective function at the best minimum uncovered by the EN-PY
initial estimates and random subsampling initial estimates. Plot (a) shows the number of settings
(relative to the total number of combinations of data sets and penalization levels considered in each
scenario) where either EN-PY or random subsampling resulted in a lower value of the objective
function. Plot (b) shows the actual difference (relative to the true variance of the errors) between
the local optima obtained through EN-PY initial estimates and random subsampling. Positive values
indicate the EN-PY initial estimate resulted in a smaller value of the PENSE objective function.

Overall, there seem to be only small differences between initial estimates obtained
through random subsampling and EN-PY. These small differences, however, suggest fa-
voring EN-PY for many configurations of the data. To compare computational complexity
of the two procedures in this experiment, the number of initial estimates obtained via ran-
dom subsampling is set to the number of LS-EN estimates computed for EN-PY. While
the number of LS-EN problems is the same, the similarity of LS-EN problems involved in
the EN-PY procedure makes it on average 2.9 times as fast as random subsampling for
computing the initial estimates alone. Even more importantly, EN-PY leads to a much
smaller number of initial estimates that have to be considered when computing the PENSE
estimate. Given that the computation of the PENSE estimate for each initial estimate
is computationally challenging even when using optimizations, the savings in computation

time when using EN-PY are substantial. In this experiment, it takes on average 8.7 times

41



3.2. INITIAL ESTIMATOR

longer to compute PENSE estimates using initial estimates from random subsamples then
when using initial estimates from EN-PY. The quality of local minima uncovered by EN-PY
is better than those uncovered by random subsampling, yet computing PENSE estimates
using EN-PY is several times faster, suggesting EN-PY initial estimates are highly prefer-
able.

3.2.4 Initial Estimates for a Set of Penalization Levels

Random subsampling and the EN-PY procedure produce initial estimates for a fixed pe-
nalization level. In practice, however, a good penalization level is unknown in advance and
PENSE must be computed for an entire set of penalization levels. The number of selected
variables and prediction performance of the estimate vary greatly among different penaliza-
tion levels; hence a fine grid of many penalty levels is preferred. Computing initial estimates
for every value in this large set of penalty levels, 2, is infeasible. The fine granularity of
2, on the other hand, allows for an efficient strategy of “warm-starts” as devised in Cohen
Freue et al. (2019).

Consider a grid 2 containing ) > 1 penalization levels in descending order, i.e., 2 =
{A1,...,AQ} such that A\j—qy > A, for ¢ = 2,...,Q. Further, denote by OA(qil)

minimum of the PENSE objective function at A\;_1. Since the grid is fine-grained, A\;_1

a local

and )\, are not too far apart, suggesting a local minimum of the objective function at A,

is likely close to é(q_l).

If more than one local minimum at A,—; is uncovered, each of
these minima can be used as initial estimate at \;. These warm-starts are repeated at each
A € 2, thereby “following” local minima over different penalization levels. As depicted in
Figure 3.1, this strategy can greatly increase chances of uncovering global minima as a local
minimum may transmute to a global minimum as the level of penalization changes.

The warm-starts of course depend on local minima uncovered at the preceding penal-
ization level. Therefore, at some point, a different approach for computing initial estimates
is necessary. The simplest form is the “0O-based” regularization path. For a large enough
penalization level, the 0-vector, 3 = 0, is a local minimum of the PENSE objective function
and thus can be traced throughout the penalization grid. This particular form of warm-
starts is predominantly used in iterative algorithms for computing LS-EN estimates because
it can drastically improve computation speed (e.g., Friedman et al. 2010). With the convex
LS-EN objective function, the uncovered minima are actually global minima. In the context

of robust estimators with non-convex objective function, the “0-based” regularization path

is still usable but the uncovered minima, one per penalization level, are not necessarily
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global minima. It is therefore necessary to also consider other initial estimates along the
grid, such as initial estimates from random subsampling or the EN-PY procedure.

In Cohen Freue et al. (2019) we combine initial estimates from the EN-PY procedure
with the idea of warm-starts. We take a small number, say @; < @, of penalization
levels from the large set 2, denoted by 2, C £Z. Only at these few levels of penalization
initial estimates are computed with the EN-PY procedure. When traversing the fine grid
to compute local minima of the PENSE objective function, warm-starts at A\, € 2 are
combined with initial estimates from the EN-PY procedure if )\, is also in 2;. Further
increasing the probability of uncovering global minima, the grid 2 is traversed in both
directions. In the second pass in reverse direction, local minima at A, are used to initialize
the PENSE estimate at A\;—1. This combined strategy of bidirectional warm-starts and
EN-PY effectively reduces computation while maintaining high quality of the uncovered
minima.

Absent from the discussion so far, but critical for computing initial estimates, is the
issue of translating a specific level of penalization of PENSE to comparable penalization of
the initial estimates. Both procedures for computing initial estimates presented here use
LS-EN estimates, computed on a subset of the data, to locate PENSE estimates nearby.
For this to be successful, the amount of penalization induced by the penalty level A; on
a LS-EN estimate compute on a (small) subset of the data, must approximately match
the effect of the desired penalization level Ay on the PENSE estimate computed on the
full data. Because of the differences in loss function and data used for computation, using
the same penalization level does not work well in general. Particularly the very different
loss functions can lead to the empty model from the LS-EN estimate for any subset of the
data for a certain A, while a global optimum of the PENSE objective function at this A
corresponds to all predictors having non-zero coefficient estimate.

For the S-Ridge estimator, Maronna (2011) matches the regularization parameters be-
tween LS-Ridge and S-Ridge via a multiplicative adjustment of A\; to get As. The author
derives these adjustment factors from the ratio of the squared M-scale estimate to the vari-
ance estimate of a Normal random variable in two extreme cases: (i) the mean of the Normal
distribution is 0 and (ii) the variance of the Normal distribution is 0. For a given value of
d in the definition of the S-loss (2.8) these two ratios can be computed exactly, and the
author takes the geometric mean of these two numbers as a crude approximation to the
expected ratio of the S-loss to the LS-loss at their respective optima. The adjustment is

easy to compute, but empirical observations suggest the quality of the match is suboptimal.
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The combined strategy of warm-starts and EN-PY initial estimates in Cohen Freue et al.
(2019) also suffers from an imperfect match of penalization levels. The effects, however, are
less detrimental because local minima are followed across penalization levels. For compu-
tational reasons, however, not every local minimum is traced throughout the entire path,
only the most promising minima. If the penalization introduced in the initial estimate is
vastly different from the penalization of the PENSE estimate, this filter may drop minima
prematurely. This problem can be avoided by merging all EN-PY initial estimates from
each penalization level in 2, into one large set of initial estimates, 7. Each of these initial
estimates is used for computing PENSE at every As € 2. Instead of relying on an approx-
imate matching between A\g for PENSE and the regularization parameter \; used for the
initial estimate, the idea is that for each \g € 2, there should be at least one \; € 2; which
gives roughly the same penalization of the initial estimate as Ay provides for the PENSE
estimate. Although the match will in general not be perfect, the chance that some of the
initial estimates will be close to a global optimum are much higher if trying several differ-
ent regularization parameters for the initial estimates. The chances can be increased even
further by combining the set of initial estimates .7 with the idea of warm-starts. Empiri-
cally, this simplified scheme leads to slightly better optima than bidirectional warm-starts
proposed in Cohen Freue et al. (2019). The computational burden of using this excessively
large number of initial estimates can be contained by fully iterating only “promising” initial
estimates. Because the simplified scheme is more amenable to algorithmic optimizations,
computational complexity is very similar to bidirectional warm-starts. Further details about

these optimizations to improve computational performance are given in Chapter 6.

3.3 Theoretical Properties

None of the discussed strategies for initial estimates can guarantee that a global optimum
of the PENSE objective function is attained, but the chances are good if using EN-PY and,
if enough computing resources are available, can be increased by adding initial estimates
obtained from a large number of random subsamples. The global optimum, however, is
desirable due to its provable statistical properties. In the following, the PENSE estimator
6 for 6° ¢ RPH! is defined as the global minimum of the PENSE objective function

0 = argmin O (i, B; Asn, Os) (3.4)
.08
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where ag and A, are independent of the given data, but As, can depend on the number
of observations n.

As detailed in the previous chapter, it is desired for the estimator to be consistent for
the true regression parameters. To derive consistency of the PENSE estimator, several

assumptions are imposed on the linear regression model (2.2):
[A1l] P(XT0 =0) < 1 — 0 for all non-zero @ € RP and § as defined in (2.8).

[A2] The distribution Fj of the residuals ¢/ has an even density fo(u) which is monotone

decreasing in |u| and strictly decreasing in a neighborhood of 0.
[A3] The second moment of Gy is finite and Eg, [X XT| is non-singular.

Assumption [A1] ensures that the probability that observations are perfectly aligned on a
hyperplane is not too large. It is noteworthy that the assumption on the residuals [A2] does
not impose any moment conditions on the distribution, which makes the following results
applicable to extremely heavy tailed errors. Furthermore, unlike many results concerning
regularized M-estimators, PENSE only requires finite second moment of the predictors.
The proofs of the following properties also require the p function to satisfy the condition

that

[R4] tp(t), is unimodal in [¢|. In other words, there exists a ¢ with 0 < ¢/ < ¢, where c¢ is
the threshold defined in [R2], such that ¢p'(t) is strictly increasing for 0 < ¢ < ¢’ and

strictly decreasing for ¢ <t < c.

Although this assumption is a slight variation of more common assumptions on the map-
ping t — tp/(t), it is nevertheless satisfied by most bounded p functions used for robust
estimation, including Tukey’s bisquare function.

The results in Smucler and Yohai (2017) about the consistency of the S-Ridge can be
applied directly to the PENSE estimator.

Proposition 1. Let (y;,x]), i = 1,...,n, be i.i.d observations with distribution Gy which
satisfies (2.2). Under assumptions [A1] and [A2] and if Xs,, — 0, the PENSE estimator 0
as defined in (3.4), is a strongly consistent estimator of the true regression parameter 0°:

6 2% g0,

Although the penalty functions used for the S-Ridge and PENSE are different, the
growth condition on As, has the same effect on PENSE as on the S-Ridge; making the
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penalty term negligible for large enough n. The proof of Proposition (1) is therefore identical
to the proof of Proposition 1.i in Smucler and Yohai (2017).
The next step is to quantify the speed of convergence in Proposition (1). The following

theorem states that the PENSE estimate exhibits a n'/2 converges to the true parameter.

Theorem 1. Let (y;,x]), i = 1,...,n, be i.i.d observations with distribution Gy which
satisfies (2.2). Under reqularity conditions [A1]-[A3] and if As, = O(1/+/n), the PENSE
estimator 0 as defined in (3.4), is a root-n consistent estimator of the true parameter vector

6°: 14— 6% = O,(1/v/m).

The proof of this theorem is given in Appendix B.2.2 for a more general penalty function,
of which the EN penalty is a special case. The proof is based on first-order Taylor expansions
of the objective function around the true parameter 8° and the true residuals u;.

Consistency and root-n consistency of PENSE both hold even under very heavy tailed
error distributions Fy and only require a finite second moment of the predictors. Impor-
tantly, the estimator is consistent for the true parameters without any prior knowledge
about Hy; it is irrelevant whether the M-scale of the residuals is tuned to be a consistent
estimator of the true scale of the error or not. Although the main focus of regularized
estimators are applications with many predictors and a comparably small sample size, the
asymptotic results in this section provide assurance that PENSE is sensible for estimat-
ing parameters in the linear regression model. Furthermore, the asymptotic guarantees for
PENSE are necessary for developing theoretical results in the following chapter which allow
for informative comparisons with other methods. The theory presented so far, however,

does not specify how arbitrary contamination may affect the estimator.

3.4 Robustness

An overarching goal of this work is to devise estimators which can tolerate a considerable
amount of contamination without giving aberrant results. Despite its shortcomings when it
comes to regularized estimators as mentioned in Section 2.2, the finite-sample breakdown
point is an important measure of robustness; it measures how much contamination can be
introduced such that the maximum bias under contamination remains bounded.

An appealing property of the FBP is that it can usually be proven theoretically without
resorting to numerical experiments. For PENSE, the breakdown point is close to § as shown

in the following theorem.
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Theorem 2. For a sample & = {(yi,xi): 1 = 0,...,n} of size n, let m(d) € N be the
largest integer strictly smaller than nmin(d,1 — 0), where ¢ is as defined in (2.8). Then,
for a fized Agy, > 0 and a € [0, 1], the breakdown point (2.7) of the PENSE estimator 0 as
defined in (3.4), €* (é, ff), satisfies the following inequalities:

ﬂ < €* (é,ﬁp> <94.
n
The proof of this theorem can be found in the Appendix B.1.

The finite-sample breakdown point does not reveal the actual magnitude of the bias,
MSE, or prediction error under contamination; it only states that these measures are finite
for a contamination proportion less than §. For applications, however, it is important to
have a better understanding of an estimator’s behavior under contamination. Numerical
experiments, detailed in Section 3.6, shed light on the behavior of the PENSE estimator

under contamination.

3.5 Hyper-Parameter Selection

The asymptotic properties of PENSE depend on an appropriate choice of the hyper-parameter
As,n. More specifically, the estimator is consistent only if Ag,, only if A\s,, — 0. In practice
this growth rate is difficult to ascertain. Furthermore, while the theoretical properties do
not depend on a certain choice of «, it nevertheless impacts the performance of the esti-
mator. For the remainder of this section the subscripts of g, are being dropped as only

PENSE for a fixed sample size n is being considered.

3.5.1 Restricting the Search Space

Before discussion strategies for choosing the hyper-parameters, the search space needs to
be restricted, in particular the range of values considered for the penalization level A. For
convex objective function, e.g., the LS-EN objective function, it is straightforward to deter-
mine the largest penalization level such that 8 = 0,, is a global minimum. It is unnecessary
to consider penalization levels beyond this largest level, as the global minimum will be the
same for all of them.

This upper bound cannot easily determined for the PENSE objective function due to
the non-convexity of the problem. It is, however, possible to determine XS, the smallest

penalization level such that 3 = 0, is a local minimum, using the generalized gradient
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as defined in Clarke (1990). First it is important to note that because the unpenalized
S-loss is continuously differentiable and the EN penalty is locally Lipschitz, the PENSE
objective function is also locally Lipschitz. Therefore, the generalized gradient of the PENSE
objective function is the subgradient of the EN penalty plus the derivative of the S-loss.
The subgradient of a convex function g: RP — R at ug is defined by Clarke (1990) as the

set
V)| = {vivT(ii —uo) < g(ii) — g(wo) Vii € R"}.

u=ug
Since the generalized gradient evaluated at any local minimum must contain 0,1, it is suf-
ficient to determine the smallest penalty level such that the subgradient of the EN penalty,

evaluated at 3 = 0,, contains the gradient of the S-loss evaluated at 3 = 0,, i.e.,

\s = inf {/\ > 0: %ﬁs(y,u+X6)‘ﬁ:0 € AV;Pun(B; a)‘ﬁzo }

The subgradient of the EN penalty and the gradient of the S-loss are given by

~ - - p
. [ )@ —a)Bj+asgn(B;) B; #0
VB@EN(ﬂ’a)’ﬁzé - \\-asal B;=0
) ] j:1
Vi Os(y: 1+ Xﬁ)]ﬁ:ﬁ = —% > wiy — p—Xp) (yz — - X}B) Xi,
=1

with weights w;(y —  — X3) as defined in (3.3). Evaluated at 8 = 0,, the subgradient of
the EN penalty is the set {b: |bj| < o,j =1,...,p}. Combined with the gradient of the
S-loss at 3 = 0,, XS is therefore

~ 1 n
s = — 2y — 1) (s — fy) T
s =g max ;_1 wi (Y = Py) (i = iy )35

, (3.5)

where fi, is the estimated intercept in the empty model, fi, = argmin, oy(y —p). If
As > 0, the O-vector is a local minimum of Os(u, 3; A, «) for all A > Xs. On the other hand,
if Xs = 0, the 0-vector is a local maximum for all A smaller than a certain value L and a
local minimum for A > L. In this border case, no simple expression exists to determine L
and a trial and error search for XS is the only other option.

With the approximate upper bound Xs, the search for an optimal penalization level can

be concentrated on the range (0, XS) The prevalent strategy is to tune the hyper-parameters
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to optimize some performance metric of interest, such as metrics pertaining to the quality of
the fit or the prediction performance. Robust fit-based metrics, for example robust versions
of popular information criteria AIC (Akaike 1974) or BIC (Schwarz 1978), rely on a robust
estimate of the residual scale. In high-dimensional settings, however, estimating the residual
scale is a difficult task by itself. Especially robust estimation is challenging, because robust
scale estimates themselves require tuning parameters. Changing these tuning parameters
is effectively changing the information criterion itself; if the distribution of the error term
is unknown, there is no general way to choose these tuning parameters.

More importantly, applications motivating this work demand estimators with strong
prediction performance. For these applications, fit-based metrics are not useful because they
only give limited insight into how well the fitted model generalizes beyond the sample at
hand. Due to this shortcoming, prediction performance is usually evaluated using measures
of the prediction error. The prediction error, however, cannot be sensibly estimated on
the same data as used to fit the model, i.e., the data used in the computation of PENSE.
Strategies to estimate the prediction error are most often based on withholding some of the
available observations (i.e., the “test” set) and computing optima of the PENSE objective
function on the remaining observations (i.e., the “training” set). The prediction error is then

estimated as the error arising by predicting the responses of the withheld observations.

3.5.2 Cross Validation

The arguably most prevalent strategy for estimating prediction performance is K-fold cross
validation (CV). In K-fold CV, the n observations in the sample at hand are split into
K disjoint sets of roughly equal size, called folds. In cross-validation, every observation is
used exactly once for prediction and K — 1 times for training, i.e., computing of a global
optimum of the objective function.

To outline the procedure, the index set of a single fold is denoted by . C {1,...,n},
k = 1,...,K. These sets are such that they are disjoint, roughly the same size, and
Ui{:l S ={1,...,n}. Foreach k € {1,..., K}, a global optimum of the objective function

using the observations in ngl’ Kk S is computed and denoted by 0“,9""). These k optima
are used to predict the observed responses in the k-th fold by
g = xIB 4 M) for all i € . (3.6)

No observation affects the optimum used to predict its value and hence these n predicted
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values can be used to adequately estimate the prediction error of the method with hyper-
parameters (\, «).

A popular metric for the prediction performance an estimator 0 is its root mean squared
prediction error (RMSPE), defined as

RMSPE (é) - \/IE [(y xR ,1)2}. (3.7)

Using cross-validation, the RMSPE can be estimated by

RMSPE(\, a) = | & 3 (gW‘) . y)2
=1

If the error distribution is heavy-tailed the RMSPE might not be well defined. More
importantly, under the presence of contamination in the sample the estimated RMSPE is
badly affected and does not adequately reflect the estimate’s prediction performance. Since
the RMSPE is essentially a measure of the expected absolute size of the prediction error, it
is more sensible to use a robust measure of scale for quantifying the prediction performance.
A common choice to robustly measure the prediction performance of an estimator 0 is the

uncentered 7-scale (Maronna and Zamar 2002) of the prediction errors, given by

R 2
i y-x3-i
o (0) = |E |max |, _ : (3.8)
Median ‘y X3 p
which can be estimated via CV by
2
~(A\@)
1 & Yi —Y;
(N, a)= | — Zmax Cry X
L M_el(iian Yi — yf )

The parameter ¢, > 0 controls the tradeoff between efficiency and robustness of the 7-size
by defining what constitutes outlying values in terms of multiples of the median absolute
deviation. In this work, the 7-size is always reported for ¢, = 3.

Once the set of hyper-parameters resulting in the best prediction performance is de-
termined, a global optimum at these chosen hyper-parameters is computed using all n

observations. Cross-validation is shown to work very well for regularized estimators using
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convex objective functions (Hirose et al. 2013; Homrighausen and McDonald 2016; Hom-

righausen and McDonald 2018). Cross-validation performs well when a global optimum

)

~ ,\7
computed using all n observations, 0( “

A >\7 . . .
on the subsets of observations, 0,53 a), k=1,..., K. This is usually the case if the amount

, is “reasonably close” to global optima computed

of penalization induced by the hyper-parameters (A, ) is comparable between the subsam-
ples and the objective function only exhibits a single optimum. With non-convex objective
functions, however, it is possible that a local optimum of the objective function evaluated
on the full data is a global optimum when evaluated on a subset of the data. An example of
this behavior is given in Figure 3.3 for data generated by a simple linear regression model
with true parameter value 8% = 1 and 30% of the observations contaminated. While the
global minimum of the PENSE objective function evaluated on all observations is around
0.9, the global minimum of the objective function evaluated on three of the five subsets
is close to —1. The subsets in this example satisfy the conditions for cross-validation and
contamination never exceeds the desired breakdown point of 50%, but it is obvious that
the predictions from three of the five estimates are likely far off. For this particular set of
hyper-parameters the estimated prediction performance is therefore not representative of
the prediction performance of the global minimum on the full data. Although this exam-
ple shows an extreme scenario, it highlights that cross-validation may give very different
estimates of the prediction performance for different splits of the data. This issue is not
unique to PENSE, but any estimator defined via non-convex objective functions because of
the disconnect between the minima uncovered in the CV folds and the estimate from the
full data.

3.5.3 Train/Test Split

The challenges of cross-validation exposed in the previous section can be traced back to
two issues: (i) estimating the prediction performance by combining the prediction errors
from different optima (computed on different subsets of the data) which may not be com-
parable and (ii) trusting that this estimated prediction performance is representative of
the prediction performance of the optimum computed on the full data set for the selected
hyper-parameters.

These challenges could be surmounted by gauging the prediction performance of every
possible estimate directly. For train/test splitting, PENSE estimates are computed on a
random subset of the data (i.e., the training set) and the estimates’ prediction performance

is evaluated on the left-out observations (i.e., the test set). In contrast to cross-validation,
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Figure 3.3: PENSE objective function (3.1) for a simple linear regression model of the form y = x + u,
evaluated at different values of 8 on the full data set with 100 observations (solid blue line) and
subsets of size 80 (dashed light blue lines). The points on each curve mark the global minimum of
the objective function evaluated on the particular subset.

the PENSE estimates are not computed on the full data set but only on the training set,
avoiding the issues highlighted before.

Simple train/test splitting, however, suffers from different issues, especially in the pres-
ence of contamination. If there is a large number of contaminated observations in the test
set, it is not possible to accurately estimate the prediction performance of the PENSE es-
timates. Estimates which are affected by contamination in the training set may appear to
have good prediction performance. On the other hand, “good” PENSE estimates will not
appear as such since contaminated observations in the test set will not be predicted well.
A single train/test split is therefore not sufficient.

It is more appropriate to equally divide the observations into K disjoint folds, sim-
ilar to cross-validation. Each fold is used as test set exactly once, with the remaining
K — 1 folds being used for training. This leads to K PENSE estimates for every hyper-
parameter-configuration, with each estimate being evaluated on a different test set. If the
total contamination in the data is en, there is at least one test set with less than enK /(K —1)
contaminated observations. Nevertheless, an estimate affected by contamination can still
appear to outperform the other estimates.

A more resilient procedure can be constructed when averaging comparable information
from all K folds. As outlined above PENSE estimates computed with the same A, but on
different subsets of the data, might not be comparable. The effect of a;, on the other hand,

is more stable across subsets of the data. The following two-stage procedure therefore leads
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to a more stable hyper-parameter selection than simple train/test splitting. For each «
in a grid of values, & = {a1,...,a4}, and for every fold k = 1,..., K, select the PENSE
estimate with hyper-parameter A\, which minimizes the scale of the prediction error in the k-
th fold. Thus, each of the K folds yields A PENSE estimates, one for every a € 7. Test sets
with a large proportion of contamination can occasionally lead to a highly underestimated
scale of the prediction error. If the breakdown point of the estimator, however, is large
enough, it is unlikely that this phenomenon occurs for every « in the grid. The prediction
performance in each of the K folds can be summarized by taking the median scale of the
prediction error of all A estimates in the k-th fold. The final PENSE estimate is then chosen
as the estimate with minimum scale of the prediction error in the fold with smallest median
scale of the prediction error.

The major drawback of train/test splitting is that some observations are forfeited for use
as test set. While this can improve estimation of the prediction performance, it can directly
lower the prediction performance of the PENSE estimate, because it does not have access to
all observations. The numerical experiments conducted in the following section also expose
this weakness of train/test splitting. Although CV is sometimes much more affected by
contamination, in the majority of cases estimates computed by train/test splitting seem to

be slightly worse.

3.6 Numerical Experiments

The theoretical properties in Section 3.3 give an indication about the qualities of the PENSE
estimator, but it is difficult to translate these asymptotic properties into tangible metrics on
finite samples. The growth condition on the penalty parameter As ., for example, requires
a procedure independent of the data to select the penalty parameter; there are no theoret-
ical guarantees regarding the data-driven hyper-parameter selection procedures outlined in
Section 3.5. Similarly, the breakdown point of PENSE only guarantees that the parameter
estimates remain bounded, but it is unknown how contamination affects the estimates. Nu-
merical experiments are a useful tool to gauge the effectiveness of different hyper-parameter
selection strategies and the practical performance and robustness of PENSE and competing

estimators.
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3.6.1 Estimators

In the following experiments, PENSE is computed with a breakdown point of 33%, i.e.,
d in the S-loss (2.9) is set to 0.33. The grid of a values is &/ = {0.5,0.66,0.83,1} and
the grid for A comprises 50 values equidistant on the log-scale with the upper endpoint
Xs (derived in Section 3.5.1) and the lower endpoint set to 0.00la\s. Initial estimates
for PENSE are computed according to the 0-based regularization path and the simplified
scheme described in Section 3.2.4, for a total of 10 penalization levels. As justified by the
results in the beginning of Section 3.6.3, the hyper-parameters a and A are selected by 5-
fold cross-validation as discussed in Section 3.5. Prediction performance is measured by the
T-scale of the prediction errors. A detailed description of the algorithms used to compute
the PENSE estimate is given in Chapter 6.

PENSE is compared to several other robust and non-robust estimators. The most similar
robust estimator to PENSE is MMLASSO, with the initial S-Ridge estimate computed for
10 different penalization levels and the penalization level for MMLASSO selected by 5-
fold CV. In low- to moderate-dimensional settings only (p < (1 — §)n — 1), the robust
unregularized S- and MM-estimators (denoted by S and MM, respectively) are computed
as provided in the R-package RobStatTM (Yohai et al. 2019), with breakdown point set to
33%. For hypothetical comparisons, the oracle S- and MM-estimates are computed using
only the truly active predictors. All robust estimates employ Tukey’s bisquare p function,
with cutoff set to 2.37 which yields a consistent scale estimate in case of Normal errors and
0 =0.33.

The LS-EN estimate is computed using the glmnet (Simon et al. 2011) R package.
Hyper-parameters are selected by 5-fold CV on the same grid of « values as used for PENSE
and the penalty parameter A g is chosen from a set of 50 values generated by glmnet.
Prediction performance for cross-validation is measured by the mean absolute prediction

error.

3.6.2 Scenarios

Robust estimators should perform well under any conceivable contamination. While it is
infeasible to cover every possible contamination, the objective function of PENSE suggests
the kind of contamination with most severe effect on the estimate. As for other S-estimators
of linear regression (e.g., Maronna 2011), a strong linear relationship between the contami-

nated responses and predictors combined with high leverage potentially leads to a large bias
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in the PENSE estimate. The numerical experiments in this section therefore cover a range
of contamination scenarios where the contaminated observations follow a linear relationship
different from the majority of the data.

The majority of the n observations follows the linear model
Yi=xan+ o+ Tis Uy i=len|+1,...,n

where x; is the vector of p predictors following a multivariate ¢-distribution with 4 degrees
of freedom and s < p is the number of predictors with non-zero coefficient. The error terms
u; are i.i.d. following a stable distribution with varying tail parameter. The empirical scale
of the error term, &y, is chosen to control for the proportion of variance explained by the
model (PVE), v:

<2
&
v=1-—--2

63,'
Following the argument in Hastie et al. (2017) on realistic values of explained variation, v
is fixed at 0.25.

Contaminated observations, on the other hand, follow the linear model
yi=kXm+u, i=1,...,|en]

with parameter k, controlling the “outlyingness” of the contaminated observations and
perturbation w following a centered Normal distribution scaled such that the model ex-
plains 91% of the variation in the contaminated observations. On the one hand, large
values of |k,| lead to farther outlying observations and hence have more potential of biasing
estimates. On the other hand, robust estimators can better identify highly outlying ob-
servations as contaminated and assign low weights in the estimation to these observations.
Additionally, the regularizing term steers the estimate towards the model favoring the non-
contaminated observations if |k,| is very large. Therefore, it is difficult to predict which
values of k, lead to higher bias of PENSE estimates. To get an overall assessment of the
bias incurred by contamination, five different contamination parameters k, are considered,
k, ={-2,-1,0,3,7}.

The vector m is randomly generated to have exactly s 1’s and p — s 0’s, determining
which predictors are included in the linear relationship of the contaminated observations.
Leverage of the contaminated observations is increased by scaling the values of the predictors

included in the linear model for the contaminated observations. The magnitude of scaling is
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determined by contamination parameter k; > 1. Larger values of the scaling factor k, lead
to higher leverage of the contaminated observations and thus to larger bias of estimates, but
the effect on robust estimates levels off. Therefore the value is fixed for all contamination
scenarios at k, = 8. The detailed scaling mechanism is explained in Appendix A.3.
Scenarios without contamination (“no contamination”) are replicated 100 times, while
contaminated scenarios are replicated 50 times. A detailed description of the simulation

scenarios and data generation schemes is given in Appendix A.3.

3.6.3 Results

Before comparing PENSE to other regularized estimators, the strategy for hyper-parameter
selection is to be determined. Figure 3.4 shows the relative scale of the prediction error
for PENSE estimates obtain from different hyper-parameter selection strategies in all con-
sidered scenarios. To compare results across error distributions, sample sizes, and sparsity
settings, the scale of the prediction error is standardized by the scale of the prediction error
of the PENSE estimate obtained from hyper-parameters selected to minimize the prediction
error on a large independent validation set. This validation set is in practice unavailable
but is the gold-standard to compare the different hyper-parameter selection strategies.
The strategies compared in Figure 3.4 are cross-validation (Section 3.5.2) and train/test
splitting as outlined in Section 3.5.3. The strategy Train/Test (min) uses the estimate
resulting in the smallest estimated prediction error, while Train/Test (avg) averages infor-
mation from all K folds, as detailed at the end of Section 3.5.3. Figure 3.4 highlights that
CV is preferable to train/test splitting in the vast majority of cases. Especially for scenarios
without contamination, the PENSE objective function is in general well-behaved and local
minima do not cause problems, while train/test splitting clearly suffers from a reduced sam-
ple size. Under contamination, CV still tends to perform better than train/test splitting,
albeit the difference is in general negligible. The numerical experiment also underlines that,
in isolated cases, CV does suffer from the issues outlined in Section 3.5.2. Overall, however,
the benefits of cross-validation and using the full sample to compute the estimates dominate

train/test splitting strategies.

Summarizing results under contamination

Scenarios with 25% contamination may be grouped into groups of five scenarios by ignoring

the value of the contamination parameter, k,. In each of these 5 scenarios, the uncontam-
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Figure 3.4: Prediction performance of PENSE estimates with hyper-parameters chosen according to 5-fold
CV or different versions of 5-fold train/test split. The scale of the prediction error on the vertical
axis is shown relative to the prediction error of the PENSE estimate with hyper-parameters obtained
by using an independent validation set of 1000 observations. The boxplots include results from all
considered scenarios.

inated observations are identical and the same as in the corresponding scenario without
contamination. Figure 3.5 shows the 7-size of the prediction error estimated on an inde-
pendent validation set relative to the true scale of the residuals for LS-EN, MMLASSO,
and PENSE, under the different outlier positions. In this plot, an outlier position of k, = 1
corresponds to the scenario without contamination. For the non-robust LS-EN estima-
tor, prediction performance decreases sharply with increasing severity of the outliers, i.e.,
|k, — 1|, but the effects are much more pronounced in the very sparse scenario VS1-MH(k,,
8) shown in the left panel. The robust estimators MMLASSO and PENSE show similar
performance across different outlier positions, but MMLASSO seems to be more affected
by some of the outlier positions than PENSE. Both robust estimators are most affected by
moderate severity of the outliers, i.e., contamination which is not easily detectable as such,
but neither exhibits a severe loss of prediction performance.

Contamination in sparse scenarios (i.e., 24 predictors out of 64 are active) appears to
be less problematic than in very sparse scenarios (6 predictors are active). The reason for
this phenomenon is that in sparse scenarios the true scale of the residuals is much greater
than in very sparse scenarios as the proportion of variance explained is kept constant at
v = 0.25. The increased true error scale results in the residuals of the contaminated
observations (with regards to the true model) being much less extreme as for similar very

sparse scenarios. Therefore, neither robust nor non-robust estimators are highly affected by
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Figure 3.5: Prediction performance of regularized estimators under scenarios VSI1-MH(k,, 8) (left) and
MS1-MH(k,, 8) (right) with n = 100 and p = 64. The horizontal axis shows the different outlier po-
sitions, k., where k, = 1 corresponds to the “no contamination” scenario. The scale of the prediction
error on the vertical axis is shown relative to true scale of the residuals. The error bars depict the
range of the inner 50% (inner quartile range) of relative prediction errors from 50 replications.

the contamination in sparse scenarios. The trend of the LS-EN estimator, however, strongly
indicates that for larger values of k, the estimator will lead to nonsensical predictions.

For an overall assessment of performance of the estimators under contamination, the
metrics reported below are summarizing the scenarios by ignoring the value of the contam-
ination parameter k,. In other words, the different outlier positions are treated equally
when assessing performance. Scenarios with contamination are replicated 50 times, and
hence the reported values summarize 5 x 50 = 250 values. This leads to simpler comparison
of different methods across different scenarios based on their “average performance under

contamination”.

Prediction performance

Prediction performance is measured either by the root mean square prediction error (RM-
SPE) as defined in (3.7) or by the 7-size of the prediction errors, defined in (3.8). The
RMSPE is standardized by the empirical standard deviation of the true errors 6y and re-
ported only for Normal errors. The 7-size, standardized by the empirical 7-scale of the true
errors, Ty, is reported for all other error distributions without finite variance. Both measures
of prediction performance are estimated on an independent test set of 1000 observations
without contamination. A relative scale of the prediction error of 1 says the prediction error

is of the same magnitude as the random error and indicates good prediction performance,
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while larger values mean worse prediction performance.

Figure 3.6 shows boxplots of prediction performance for the LS-EN estimator, MM-
LASSO, and PENSE under Normal and Cauchy errors and increasing number of predictors
p. In all of these scenarios, the number of observations is fixed at n = 100 and the true
model explains 25% of the variance in the observed response.

With more predictors available, the problem becomes more challenging and the predic-
tion performance decreases accordingly. Even for low-dimensional problems, the prediction
performance of the non-robust LS-EN estimator deteriorates drastically under the presence
of contamination or heavy-tailed errors. Of the two robust estimators shown, MMLASSO
leads to better prediction performance than PENSE for Normal errors and without contam-
ination present, regardless of the number of truly active predictors. This can be expected
since the scale estimate used for MMLASSO is tuned for consistency under Normal errors,
leading to improved efficiency. For more heavy-tailed errors, however, the advantage of
the M-step dissipates and the prediction performance of PENSE estimates is as good as or
slightly better than MMLASSO estimates. While PENSE is outperformed by MMLASSO
in some scenarios with Normal errors, MMLASSO seems more affected than PENSE by
heavy-tailed errors and under the presence of grossly contaminated observations.

A comprehensive summary of the prediction performance in all scenarios, including ad-
ditional error distributions and sample sizes, is given in Appendix C.1.1. It should be noted
that in these visualizations LS-EN seems only slightly affected by contamination in sparse
settings. As explained above, this is an artifact of the contamination being overshadowed by
the large variability of the error term. Overall PENSE is the most stable of the considered

estimator, leading to more robust estimates with highly competitive prediction performance.

Variable selection performance

The stated goal of PENSE is to achieve good prediction performance while at the same time
identify relevant variables. For variable selection two measures are of interest: the relative
number of correctly identified active predictors (sensitivity, SE) and the relative number of

correctly identified inactive predictors (specificity, SP). These two measures are defined as

-~ ~

TP(B) + FN(B) TN(B) + FP(B)

SE(8) = (3.9)
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Figure 3.6: Prediction performance of regression estimates in different scenarios with a sample size of
n = 100. The horizontal axis in each panel shows the total number of predictors, while the vertical
axis in each panel shows the root mean square prediction error (for Normal errors) or the 7 scale of
the prediction errors (for Cauchy errors).

where

)= |5 B £ oA 8 £ 0} FP(8) = [(s: 3 # 01 8] = 0}
3) =|{5: By =08 =0} FN(B) = |{j: B = 01 8) # 0}

are the number of true positives, false positives, true negatives, and false negatives, respec-
tively. Perfect variable selection is achieved if both measures are 1, i.e., all active predictors
have non-zero coefficient and all inactive coefficients have a coefficient value of 0.

Figure 3.7 shows the sensitivity and specificity under very sparse and sparse scenarios
for a sample size of n = 100. As for prediction performance, variable selection is more
challenging when more predictors are available and the more predictors are truly active.
Variable selection of the non-robust LS-EN estimator is much more affected by heavy-tailed
error distributions than by gross contamination. Particularly sensitivity drops to almost 0%

for the LS-EN estimator if the errors are Cauchy distributed, even under no contamination;
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the LS-EN estimate almost always selects the empty model in these scenarios. Interestingly,
contamination by leverage points appears to help LS-EN identify some relevant predictors
even for Cauchy errors. The reason is that some of the truly active predictors are con-
taminated by high-leverage values, which are immediately selected by LS-EN, alongside the
other contaminated predictors. This highlights the hypersensitivity of LS-EN estimates to
leverage point contamination; any predictor with leverage points will be selected by LS-EN
with near certainty.

The robust estimators, on the other hand, perform very similarly for light- and heavy-
tailed errors as well as under contamination. Sensitivity of both PENSE and MMLASSO
estimates is almost unaffected by gross contamination under Normal errors and decreases
only slightly if errors are Cauchy distributed. Specificity decreases more under contamina-
tion and it seems even robust estimators tend to wrongly select inactive predictors if they
are contaminated with leverage points.

In sparse scenarios (right plot 3.7(b)), variable selection is apparently more challenging
than in very sparse scenarios. The greater flexibility of the EN penalty used by PENSE
seems to be an advantage in these sparse scenarios. While MMLASSO has comparable
sensitivity to PENSE in very sparse scenarios, the Lj penalty can be too restrictive for sce-
narios where many predictors are truly active. In these scenarios PENSE has substantially
higher sensitivity than MMLASSO.

Across all scenarios, PENSE has the highest sensitivity and selects more of the truly
active predictors than the other estimators. Even under no contamination and Normal
errors, PENSE is as good as LS-EN in detecting truly active predictors. Unsurprisingly,
MMLASSO tends to have lower sensitivity than PENSE because of the restrictions imposed
by the L penalty. On the other hand, PENSE usually selects many more irrelevant variables
than MMLASSO. Overall, PENSE has high sensitivity but only moderate specificity, a
shortcoming addressed in the following Chapter 4.

These conclusions also extend to the other error distributions and sample sizes, as vi-
sualized in Appendix C.1.2. Variability of the variable selection performance of PENSE
estimates decreases substantially with larger sample size, and sensitivity improves notice-
able. Specificity, on the other hand, increases only moderately with a larger sample size.
Importantly, variable selection properties of LS-EN deteriorate quickly even for a moderate-
light-tailed error distribution.

It is important to note that none of the estimators shown here possess any theoretical

guarantees of uncovering the true active set with high probability in the scenarios considered.
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Figure 3.7: Variable selection performance of regularized regression estimates in different scenarios with a
sample size of n = 100. The horizontal axis in each panel shows the total number of predictors. The
vertical axis in each panel is split in two halves: sensitivity (i.e., the number of correctly identified
active predictors) is shown on the top half, and specificity (i.e., the number of correctly identified
inactive predictors) is shown downwards with perfect specificity (100%) on the bottom. Solid vertical
lines show the range of the inner 50%, while the dashed lines extend from the 5% to the 95% quantile.

Regularized robust estimators with better variable selection performance are discussed in

the following Chapter 4.

3.7 Conclusions

The elastic net S-estimator, PENSE, proposed in Cohen Freue et al. (2019) and explained in
detail in this chapter, is a highly robust method for linear regression problems with favorable
prediction performance and good variable selection properties. Compared to competing
methods, PENSE does not require an auxiliary scale estimate and theoretical guarantees
do not depend on moment conditions on the error term. This make PENSE a very versatile
method applicable to problems with high noise and possible contamination in the response
and the predictors.

PENSE gains its robustness towards contamination and heavy-tailed error distribu-
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tions by regularizing the robust, non-convex S-loss with the EN penalty. Locating a good
minimum of this non-convex objective function with limited computing resources requires
carefully chosen initial estimates. Using ideas from the Pefia-Yohai estimator (Pefia and
Yohai 1999), we devised the EN-PY procedure in Cohen Freue et al. (2019) for PENSE to
compute initial regularized estimates based on subsets of the data which likely exclude ob-
servations with high leverage. In practice, the EN-PY procedure, outlined in Section 3.2.2,
often leads to better local optima than other strategies to obtain initial estimates while
being computationally much more efficient.

Despite the complications introduced by the non-convex objective function, I establish
the root-n consistency of the PENSE estimator in Section 3.3 for a fixed number of predictors
but otherwise very mild assumptions. These asymptotic results, however, require penalty
parameters chosen independently of the available sample according to the necessary growth
conditions. In practice, this is infeasible. Section 3.5 therefore discusses different data-driven
strategies to select hyper-parameters based on the prediction performance of the resulting
estimate. All of these heuristics are prone to high variability in the estimated prediction
performance due to the potential presence of contaminated observations combined with the
non-convex objective function. The numerical experiments suggest that hyper-parameters
selected via cross-validation lead to better estimates than hyper-parameters selected by
other data-driven methods in the vast majority of cases. While in rare cases CV seems to
be more affected by contamination than train/test splitting, the overall performance of CV
justifies its use in practice. This underlines that hyper-parameter selection is challenging for
estimators defined through non-convex objective functions and becomes more challenging
the more severe the non-convexity caused by contaminated observations.

The numerical experiments also demonstrate that PENSE leads to better prediction
performance than other estimators with provable theoretical guarantees in problems with
high noise in the response and/or contaminated observations. Besides the numerical ex-
periments conducted and explained herein, empirical results in Cohen Freue et al. (2019)
for different data generation schemes underscore the versatility of PENSE, especially in
problems where some predictors are highly correlated. From these empirical results and
from the theoretical results presented and developed in this chapter, it can be concluded
that PENSE has strong prediction performance and estimation accuracy even under very
challenging circumstances. None of the competing methods is able to cope with high noise
levels and contamination both in the response and the predictors as good as PENSE.

With respect to variable selection, the simulation study shows that PENSE has very
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high sensitivity in almost all scenarios. This high sensitivity, however, comes at the price
of a large number of falsely selected predictors. In many applications, a large number
of false positives is undesirable. In biomarker discovery studies, for instance, too many
potential biomarkers lead to prohibitively expensive follow-up validation studies or render
the biomarkers infeasible for clinical use. It is therefore of practical importance to develop a
robust estimator with better variable selection performance, particularly higher specificity,

without sacrificing sensitivity or prediction performance.
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Chapter 4

Variable Selection Consistent

S-Estimators

The penalized elastic-net S-estimator (PENSE), as detailed in the previous chapter, achieves
highly robust estimation and prediction performance. Theoretical results and numerical
experiments demonstrate that PENSE estimates yield competitive prediction performance
outperforming other estimators in challenging problems with heavy-tailed errors and adverse
contamination. Albeit PENSE uncovers most of the truly active predictors, the estimate
often selects many truly inactive predictors. The issue arises from the elastic net (EN)
regularization term in the PENSE objective function, which introduces non-negligible bias
and hence cannot lead to a variable selection consistent estimator. Therefore, I propose to
replace the elastic net penalty by the adaptive EN penalty which has been shown to lead
to variable selection consistent estimators when combined with the LS-loss.

The adaptive EN, as defined in (2.15), combines the advantages of the adaptive LASSO
penalty (Zou 2006) and the elastic net penalty (Zou and Zhang 2009). The adaptive LASSO
leverages information from a preliminary regression estimate, ,é, to penalize predictors
with initially “small” coefficient values more heavily than predictors with initially “large”
coefficients. This has two major advantages over the non-adaptive EN penalty: (i) the
bias for large coefficients is reduced and (ii) variable selection is improved by reducing the
number of false positives. Compared to adaptive LASSO, the Lo term in the adaptive EN
improves stability of the estimator in presence of highly correlated predictors (Zou and
Zhang 2009).

In this chapter I introduce adaptive PENSE by combining the robust S-loss and the
adaptive EN penalty. I state its theoretical properties and show that the adaptive EN
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penalty leads to more reliable variable selection than what can be achieved by PENSE. Fur-
thermore, numerical experiments showcase the improved variable selection performance over
PENSE while retaining similar predictive power and demonstrates that adaptive PENSE
performs better than other variable selection consistent estimators under contamination.
The improved variable selection is an important feature for practical applications. I revisit
a biomarker discovery study from Cohen Freue et al. (2019) to highlight the utility of the
adaptive PENSE estimator.

4.1 Method

The adaptive PENSE estimator is defined by a regularized objective function which com-
bines the robust S-loss and the adaptive EN penalty. The adaptive EN penalty (2.15) is
similar to the EN penalty except that the L; penalty applied to parameter §; is scaled
by penalty loading wj, raised to the power of ¢ > 0. For adaptive PENSE, these loadings
are set to the reciprocal values of an initial PENSE slope estimate, B()\S’QS). The objective

function for adaptive PENSE is given by

ﬁAs(H,,& Aas) Qas, Cuw) = ,fs(y,,u + XB) + )\AS¢AN(/6;W7 s, C) (4'1)

with w; = 1//5’](-)‘S’a5), j =1,...,p. Minimizers of the adaptive PENSE objective function

A()‘AS YQOUAS 7(7"")

are denoted by 0 = argmin, g Oas(tt, B; Aas, das, ¢, w). The hyper-parameters
are omitted if not pertinent to the argument or obvious from the context.

The interpretations of hyper-parameters A g and «,g are identical to interpretations
of hyper-parameters Ag and ag for PENSE, i.e., they control the amount of penalization
and the balance between the Lj /Lo penalties, respectively. The exponent in the predictor-
specific regularization, hyper-parameter (, is less intuitive. In general, a larger { leads
to more reliance on the initial estimate B(AS’QS) for variable selection. A small preliminary
coefficient estimate \B]] leads to a larger penalty loading w;. With ¢ large, this large penalty
loading is further amplified, heavily penalizing predictor j which is in turn likely omitted
from the active set. Therefore, if ¢ is large, only predictors with the very large preliminary
coefficient estimates are likely to be selected.

Predictors with a preliminary coefficient estimate of 0 remain inactive after adaptive

PENSE. In the formulation of the adaptive EN penalty, these predictors have infinite pe-

nalization because axsArg > 0 is required. Therefore, these coefficients necessarily stay 0.
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When computing the adaptive PENSE estimate according to (4.1), only predictors in the
preliminary active set &/ (,@()\S’QS)) = { j: B](/\S’QS) #* 0} are considered. While irrelevant for
theoretical properties of variable selection performance of adaptive PENSE, the absorbing
state at 0 can in practice deteriorate variable selection performance, but at the same time
improve computational speed by reducing the complexity of the problem. As an alternative
Zou and Hastie (2005) suggest replacing zero coefficients with a very small value e by adjust-
ing the penalty loadings to w; = 1/ max(e, |[§’§/\S’QS) |). Another way of evading the absorbing
state is to use a preliminary estimate with almost surely non-zero coefficients, for example
the PENSE-Ridge (i.e., ag = 0). For adaptive PENSE, empirical results suggest that an
initial PENSE-Ridge estimate leads to good results and has computational advantages over
PENSE estimates with ag > 0.

Finding minima of adaptive PENSE’s non-convex objective function is as difficult as

for PENSE. The challenge, however, is further elevated by the larger number of hyper-
parameters needed for the adaptive PENSE.

4.1.1 Hyper-Parameter Selection

Computing an adaptive PENSE estimate for given values of the hyper-parameters involves

~(Ag,
two expensive non-convex optimizations: first compute the PENSE estimate 0( S QS), then

A()‘AS YOAS ’va)

the adaptive PENSE estimate 6 An exhaustive hyper-parameter search for
adaptive PENSE would in the first stage compute PENSE on a 2-dimensional grid of values
for Ay and ag. In the second stage, adaptive PENSE is computed on a 3-dimensional grid
of values for \,g, auss, and (, trying every PENSE estimate computed in the first stage.
Performing an exhaustive search in this large space is obviously infeasible in practice.
There are several ways to restrict this extensive search. Instead of using every PENSE
estimate from the first stage, the search space can be reduced by only considering the “best”
PENSE estimate among all PENSE estimates with ag = a,g. A further simplification is
to fix the preliminary estimate at the best overall PENSE estimate while still performing
a full hyper-parameter search for the adaptive PENSE estimate. For the adaptive LS-EN
estimator, Zou and Zhang (2009) propose an even more restricted search. The authors
suggest to first select hyper-parameters for the preliminary LS-EN estimate, denoted by o*
and A*. For the adaptive LS-EN estimate the authors then only search over the restricted

set {(a, \): )\1770‘ = \* 1?‘* }, fixing the Lo penalization in the adaptive EN penalty to the

same level as selected for the preliminary LS-EN estimate. This could be translated to the

adaptive PENSE estimator by fixing a,g in the second stage to the same value as ag in the
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best overall PENSE estimate.

A different approach to constrain the computational burden of the hyper-parameter
search is to compute only the PENSE-Ridge (i.e., ag = 0) in the first stage. This has
two advantages: (i) reducing the risk of false negatives in the model selected by adaptive
PENSE because the preliminary active set contains all predictors, and (ii) the PENSE-
Ridge estimate is faster to compute than PENSE estimates with ag > 0. Although this
decreases the computational burden of the first stage considerably, the search in the second
stage cannot be restricted and a full 3-dimensional hyper-parameter search is necessary.

Empirical results in Section 4.4.1 favor the use of PENSE-Ridge in most applications.

4.2 Statistical Theory

In this section I establish theoretical properties of the adaptive PENSE estimator 6 for
0° € RP*!, defined as the global minimum of the adaptive PENSE objective function

~

0 = argmin O,s(u, 35 Aasn, Qas, (, w) (4.2)
w8
where w; = 1/3](’\5’&3), j = 1,...,p is determined from an initial PENSE estimate. All
hyper-parameters Assn, as, ¢, &s, As,n, are chosen independently of the sample, but A5,
and As, need to decrease according to the number of observations n.

The following asymptotic properties hold under the same general conditions [A1] —[A3]
as given for PENSE in Section 3.3. To ease notation and without loss of generality, I assume
that the first s components of 3° are non-zero (i.e., & (8°) = {1,...,s}). The leading non-
zero components of the true coefficient vector are denoted by ,8? while the trailing p — s

components are denoted by 8% with 8% = 0p—s.

Proposition 2. Let (y;,x]), i =1,...,n, be i.i.d. observations with distribution Gy which
satisfies (2.2). Under assumptions [A1] and [A2] and if Asn — 0 as well as Aysn, — 0, the
adaptive PENSE estimator 0 as defined in (4.2), is a strongly consistent estimator of the

. A a.s.
true regression parameter °: 6 <=5 9°,

Noting that the level of Ly penalization given by Ass 5, 17;“ converges deterministically

to 0 due to the condition that Aas, — 0, the proof of strong consistency of adaptive PENSE
is otherwise identical to the proof of strong consistency of adaptive MM-LASSO given in

Smucler and Yohai (2017) and hence omitted. An important result for the following variable
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selection properties is the speed of convergence of the adaptive PENSE estimator, proven

in Appendix B.2.2.

Theorem 3. Let (y;,x]), i = 1,...,n, be i.i.d. observations with distribution Gy which
satisfies (2.2). Under reqularity conditions [A1]-[A3] and if Asp, — 0 and Ass, = O(1/4/n),
the adaptive PENSE estimator 0 as defined in (4.2), is a root-n consistent estimator of the
true parameter vector 6°: @ — 8°|| = O,(1/y/n).

The results so far show that adaptive PENSE theoretically performs as well as PENSE.
The adaptive penalty, however, gives rise to an important additional property of adaptive
PENSE: variable selection consistency. The following theorem which is proven in Ap-
pendix B.2.3 shows that under conditions [A1]-[A3], adaptive PENSE is able to recover the
truly active predictors with high probability.

Theorem 4. Let (y;,x]), i =1,...,n, be i.i.d. observations with distribution Gy which sat-
isfies (2.2). Under regularity conditions [A1]-[AS], and if (1) s = O(1//n), (2) Aasn =
O(1/y/n), (3) asshasans’?> — oo, the adaptive PENSE estimator, @ = (fi, 3) as defined

in (4.2), is variable selection consistent:
P (,@H = Op,s> —1 forn — oo.

It should be noted that conditions (2) and (3) in the theorem imply that ays and ¢ must
be greater than 0. Furthermore, condition (3) is guaranteed to be satisfied for ¢ > 1. Using
variable selection consistency of adaptive PENSE, it is possible to determine the asymptotic

distribution of the estimator of the truly active parameters.

Theorem 5. Under the same conditions as for Theorem 4 as well as /nXysn — 0 the
asymptotic distribution of the truly active coefficients of the adaptive PENSE estimator, BI,

18

\/ﬁ </BI - B?) i> N <057U§1(u)m2;1> fOT’ n — 0.

Here, o,,/(U) is the population M-scale of the true residuals,
ou) =inf{s > 0: Eg, [p(U/s)] <0},

a(p, Fo) = Eg, |o U/ouU))?], blp, o) = Eg, [p" (U/owuld))], and 3, is the covariance

matriz of the truly active predictors, X.
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Together, Theorems 4 and 5 imply that the adaptive PENSE estimator has the same
asymptotic properties as if the true model would be known in advance, under fairly mild
conditions on the distribution of the predictors and the error term. By the asymptotic
nature of these results, they are not immediately transferable to finite samples, especially
if the number of predictors is large and the sample size comparatively small. These results
are nevertheless useful because they underscore that a large number of irrelevant predictors
does not have an undue effect on the accuracy of the estimates; the decisive factor is the
number of truly relevant predictors. For practice even more important, these asymptotic
results allow for simple comparison of the properties of adaptive PENSE to other competing
methods and to understand under what circumstances adaptive PENSE may be preferable.
For example, similar results as for adaptive PENSE are obtained for adaptive MM-LASSO in
Smucler and Yohai (2017), but their results are contingent on a good estimate of the residual
scale. Distinguishing the results in Theorems 4 and 5 from previous work is that the oracle
property for the adaptive PENSE estimate can be obtained without prior knowledge of the

residual scale, even under very heavy tailed errors.

The scaling factor o2 (U) él(;ﬂ;;o)é

distribution of the adaptive PENSE estimator is evidence the adaptive PENSE estima-

in the covariance matrix of the asymptotic Normal

tor cannot simultaneously achieve high robustness and high efficiency; the larger § in the
definition of the S-loss, the lower the asymptotic efficiency. The heavier the tail of the
error distribution, however, the less severe the loss of efficiency compared to the adaptive
MM-LASSO or the adaptive LS-EN. For central stable distributions (Mandelbrot 1960)
with stability parameter less than 1.5, for example, the efficiency of adaptive PENSE with
d < 1/3, relative to adaptive MM-LASSO, is at least 88%. For adaptive MM-LASSO to
achieve higher efficiency than adaptive PENSE the M-loss must be tuned for the specific
error distribution. More importantly, however, for the tuning to improve efficiency in finite
samples, the residual scale estimate must be close to o (U) which is very difficult to achieve
in finite samples. Chapter 5 discusses these difficulties in more detail.

The growth rates of g, and A5, are important to achieve consistency in parameter
estimation and variable selection. In practice, however, the hyper-parameters are usually
chosen in a data-driven way and hence these growth conditions are almost impossible to en-
force or check. The empirical results in Section 4.4 underline that perfect variable selection
is very difficult to achieve in finite samples with data-driven hyper-parameter search. Never-
theless, adaptive PENSE shows better variable selection performance than other estimators

in challenging problems.
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4.3 Robustness Properties

Adaptive PENSE enjoys similar robustness properties as PENSE. The finite-sample break-
down point (FBP) of adaptive PENSE is at least as large as the FBP of the preliminary
PENSE estimate. Theorem 2 establishes the breakdown point of the preliminary PENSE
estimate is close to d, where 4 is as defined in (2.8) for the S-loss of the preliminary PENSE
estimate. If the same ¢ is used for the adaptive PENSE estimator, it also achieves a break-

down point close to J, as per the following theorem.

Theorem 6. For a sample & = {(y;,x;): i =0,...,n} of sizen, let m(5) € N be the largest
integer strictly smaller than nmin(d,1 — &), where § is as defined in (2.8) for the S-loss of
the preliminary PENSE estimate and the S-loss of the adaptive PENSE estimator. Then,
for a fixed hyper-parameters Ag > 0, A5 > 0 and ag, aug € [0, 1], the breakdown point (2.7)
of the adaptive PENSE estimator, €* (é, Q’), satisfies the following inequalities:

) ~
L < €* (0;3’) <.
n

Noting that the preliminary estimate 6 remains bounded by Theorem 2 and hence every
coefficient is penalized, the proof is identical to the proof of the FBP of PENSE which is
given in Appendix B.1.

4.3.1 Robustness of Variable Selection

In the presence of certain contamination in the predictors, the adaptive EN penalty brings
an important advantage over non-adaptive penalties. For PENSE, the smallest penalization
level such that 8 = 0, is a local optimum, as given in (3.5), reveals that a single very large
value in a predictor, paired with a non-outlying residual, leads to the explosion of XAS.
Consider the case where predictor j is truly inactive and observation ¢ has an unusually
large value for predictor j, i.e., x;; is contaminated. Since predictor j is truly inactive,
the response y; is unaffected by this contamination. From the subgradient of the PENSE

objective function at 3 = 0,,

1 n
Vﬁﬁs(ﬂu& as, As) ‘B—O - Zw?(y — 1) (Yi — ) X + As[—as; as),
o i=1

it can be seen that direction j will dominate the gradient, as long as the response y; is not

otherwise contaminated (or exactly fitted by the intercept-only model). Hence, this single
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aberrant value in irrelevant predictor j leads to this predictor being the first to enter the
model, wrongly suggesting that this predictor is likely relevant.

Standardizing the data beforehand to transform all predictors to the same scale does not
mitigate the problem as robust scale estimates would be unaffected by this single contam-
inated value. A non-robust scale estimate would help to alleviate effects of this particular
contamination but would make the regression estimate susceptible to most other forms of
contamination. For this reason the classical LS-EN estimator is unaffected by these leverage
points when standardizing the predictors by their sample standard deviation.

Inspecting the effects of these leverage points in inactive predictors on PENSE also high-
lights that the estimated coefficients remain small. Similar to non-regularized estimators,
as long as the linear model holds, extremely large values in the predictors actually aid the
estimation. These “good” leverage points are highly informative about the true model and
force the coefficient value to be close to the true value. In the case where the predictor with
these extreme values is truly inactive, the coefficient estimate is forced towards 0. In fact,
as xj; — oo the estimated coefficient value approaches the true value Bj — BJO = 0, but it
will never be exactly 0 because the predictor eludes the grips of the EN penalty.

Leveraging a preliminary PENSE estimate gives a distinct advantage to adaptive PENSE.
Given that the coefficient estimate for the affected predictor is likely small, the penalty load-
ing in adaptive PENSE is very large. This leads to adaptive PENSE most probably screening
out these spuriously included predictors, as also showcased in the numerical experiments in
Section 4.4.2 Therefore, adaptive PENSE overall has not only theoretically better variable

selection properties, but variable selection is also more robust.

4.4 Numerical Experiments

Adaptive PENSE enjoys many important theoretical properties as the sample size increases
and hyper-parameter A\, g decreases accordingly. How these properties translate to finite
samples and different contamination is not answered by the theory. As with PENSE, the
effects of contamination are bounded by theoretical results, but the magnitude is unknown
in practice. Continuing the experiments in Section 3.6, the numerical studies presented in
this section showcase the benefits of adaptive PENSE in practice.

Additionally to the estimators considered in Section 3.6, adaptive PENSE is compared to
several other estimators possessing the oracle property in one or more scenarios considered.

Under the same conditions as adaptive PENSE, adaptive MM-LASSO can recover the true
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model with high probability even in scenarios where the error distribution has infinite
variance, making it a suitable method in the scenarios considered here. Adaptive PENSE
and the preliminary PENSE estimate are both tuned to a breakdown point of 33%, while
adaptive MM-LASSO chooses the breakdown point automatically between 25-50% based
on the degrees of freedom estimated by the S-Ridge (Smucler and Yohai 2017). Hyper-
parameters for adaptive PENSE and adaptive MM-LASSO are selected via cross-validation
to minimize the estimated 7-size of the prediction error as defined in (3.8). The hyper-
parameter ¢ for adaptive PENSE is chosen via CV from ¢ € {1,2}. The grid for a,s and
Aas 1s chosen as in Section 3.6.

The highly robust adaptive PENSE and adaptive MM-LASSO are compared to two other
estimators which possess the oracle property, at least for Normal errors. I-ILAMM (Fan et
al. 2018) with Huber’s loss function is also designed for error distributions more heavy-
tailed than the Normal, with strong theoretical guarantees even for finite samples, but does
require the variance to be finite. For the numerical experiments here, I-LAMM is computed
with the methods available in the R package from https://github.com/XiaoouPan/ILAMM
using the L penalty and default settings. Hyper-parameters are selected via 5-fold cross-
validation by the procedure cvNcvxHuberReg, with the modification of using the mean
absolute prediction error (MAPE) as scale metric to improve performance under heavy
tailed error distributions. Adaptive LS-EN, using LS-Ridge as preliminary estimate, is
computed by the glmnet package in R, with 5-fold CV to select the hyper-parameters
minimizing the MAPE.

4.4.1 Preliminary Estimate for Adaptive PENSE

Adaptive PENSE relies on a preliminary PENSE estimate, but theoretical results do not
provide guidance on which hyper-parameters are appropriate to compute the preliminary
estimate. As outlined in Section 4.1.1, a comprehensive search for all five hyper-parameters
is infeasible.

The main goal of adaptive PENSE is to improve variable selection over PENSE while re-
taining good prediction performance. Figure 4.1 compares two different preliminary PENSE
estimates: (i) PENSE (Ridge) computed for as = 0 with Ag selected via 5-fold CV and
(ii) PENSE (CV) with ag and Ag selected via 5-fold CV (this is the PENSE estimate shown
in Section 3.6). The plots show the change in sensitivity and specificity of adaptive PENSE
compared to the PENSE estimate in percentage points, with the dots representing the
median and the error bars extending from the 25% to the 75% quantile.
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As expected, specificity of adaptive PENSE is higher than that of PENSE, regardless of
the preliminary estimate. In particular when using PENSE (CV) as preliminary estimate,
specificity must be at least as high as for PENSE as any predictor excluded by PENSE will
necessarily also be excluded by adaptive PENSE. Therefore, leveraging the PENSE (CV)
estimate leads to slightly higher specificity than if using PENSE (Ridge). At the same
time, adaptive PENSE derived from PENSE (CV) identifies fewer truly relevant predic-
tors because it can only select from those predictors previously selected by PENSE. Using
PENSE (Ridge), on the other hand, all predictors are considered when computing adaptive
PENSE, and hence the drop in sensitivity from PENSE is more moderate and in many
scenarios sensitivity of adaptive PENSE is even higher than sensitivity of PENSE.

It appears as if the benefits of adaptive PENSE decrease as more predictors are available,
but it needs to be noted that specificity of PENSE is already quite high in these settings,
leaving less room for improvements. In these higher-dimensional problems, PENSE and
other regularized estimators have more difficulty identifying the relevant predictors. While
adaptive PENSE in general reduces sensitivity even further, leveraging PENSE (Ridge)
often leads to an estimate with higher sensitivity in high-dimensional settings.

In terms of prediction performance, adaptive PENSE leads to similar performance as
PENSE, albeit slightly reduced. Basing adaptive PENSE on PENSE (CV) tends to de-
crease prediction performance in the majority of situations as shown in Figure C.7 in the
appendix. Prediction performance of adaptive PENSE with PENSE (Ridge) as the prelim-
inary estimate, on the other hand, is not substantially different from PENSE.

Overall, adaptive PENSE based on the PENSE (Ridge) preliminary estimate improves
specificity without sacrificing as much sensitivity as if using PENSE (CV). Leveraging
PENSE (Ridge) can even be beneficial for sensitivity in high dimensions and does not
impede prediction performance of the estimate. In applications where the costs associated
with including irrelevant predictors is prohibitive, PENSE (CV) may be the more appro-
priate preliminary estimate for adaptive PENSE. In general, however, adaptive PENSE
based on PENSE (Ridge) leads to an overall more substantial improvement of variable se-
lection properties with similar prediction performance as PENSE. In subsequent numerical
experiments, adaptive PENSE is therefore reported with PENSE (Ridge) as preliminary

estimate.

74



4.4. NUMERICAL EXPERIMENTS

) Very sparse Very sparse Sparse Sparse
c
'S 50pp -
g =P z
y 2
g 25pp 8
s &
e OppT e o 2
= TR R S| -{_ —d--d--71 |3
c —25pp - -+ Ao 53
2 | =]
t)' -
Ko}
@ 50pp N
@ X
S 25pp- I/H% 8
< =]
S =

0opp - -— — Q@
£ PP J_ 4- - 2
) | d N —aJd-- i 1 3
e -25pp - -+ I A L =,
o -+ S
:gq:) i i i i i i i i i i i i i i i i
[a) 16 32 64 128 16 32 64 128 16 32 64 128 16 32 64 128

@ 6 6 O @ 6 © O (12) @7 (24 (34 (12) @7y (24) (39)

Number of predictors
(thereof active)

Measure =e— Specificity =e= Sensitivity Preliminary Estimate PENSE (CV) =e— PENSE (Ridge)

Figure 4.1: Comparison of variable selection performance of adaptive PENSE using different preliminary
estimates. Data is simulated according to schemes V.S1-* in panels on the left and MS1-* in panels on
the right, with n = 100 and 25% variance explained by the true model. Results for “no contamination”
(top) show the median and inter-quartile range over 100 replications, while results on the bottom
summarize 50 replications for each of 6 scenarios with different contamination settings.

4.4.2 Effects of Good Leverage Points

Combining the robust S-loss with the adaptive EN penalty promises more robust variable
selection in the presence of good leverage points as detailed in Section 4.3.1. To support
this statement with empirical results, data is generated according to scheme MS1-MH (-, k;)
with p = 32 predictors and n = 100 observations with adapted contamination model. All
100 response values are generated according to the true model, but in 10% of observations,
some predictor values are contaminated by

max  d?

N i=1,..., ,
Ti15+i = 1:i,15+7,'k11(127n fori=1,...,10 (4.3)

1544
with d? the squared Mahalanobis distance of observation 4, relative to the 10 contaminated
predictors, as in (A.3). In other words, each of the first 10 observations has a single predictor
with unusually large value, with the severity of leverage controlled by parameter k,. The
first 17 predictors are truly active; hence this contamination model introduces leverage

points in 2 truly active predictors and 8 truly inactive predictors.
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Results are shown in Figure 4.2, underlining that PENSE estimates are considerably
affected by these “good” leverage points. Sensitivity and specificity are calculated separately
for contaminated (top) and uncontaminated predictors (bottom). All estimates select the
truly active predictors with contamination in the vast majority of replications, regardless
of the severity of leverage introduced. As predicted, PENSE almost always selects all
truly irrelevant predictors with contamination. Adaptive PENSE using PENSE with « =
0 as preliminary estimate, on the other hand, shows highly consistent variable selection
performance over all leverage parameters, k. Adaptive PENSE is able to identify most truly
active predictors (contaminated or not), while also screening out large parts of the truly
inactive predictors. Sensitivity of LILAMM estimates drops drastically as the severity of the
leverage points increases, with specificity increasing in tandem. Therefore, in the presence of
very severe leverage points, -ILAMM selects only the contaminated truly active predictors,
everything else is excluded from the model. Non-robust (adaptive) LS-EN show fairly
good variable selection with high specificity for both contaminated and uncontaminated
predictors, but the trajectory of sensitivity follows a similar trajectory as I-LAMM, albeit
the decrease is more gradual.

Good leverage points seem to be more helpful for non-robust estimates, up to the point
where the leverage becomes too severe and overshadows the other truly active predictors.
Adaptive PENSE maintains a high level of sensitivity and specificity for any severity of good
leverage points, but compared to non-robust estimators, these variable selection properties

also persist in the presence of other contamination.

4.4.3 Overall Effect of Contamination

Adaptive PENSE performs reliably under the presence of good leverage points. Assessing
the impact of a greater variety of contamination, adaptive PENSE and other variable selec-
tion consistent estimators are computed in the same scenarios as considered in Section 3.6.

Figure 4.3 summarizes the prediction performance for scenarios with n = 100 observa-
tions. I-LAMM, with Huber’s loss and LASSO penalty is not robust towards high leverage
points in the predictors but outperforms robust estimators for Normal errors and no con-
tamination. When the error distribution is heavy-tailed or when gross contamination is
introduced, predictions from I-LAMM estimates tend to give higher errors than predictions
from PENSE or adaptive PENSE. Across all scenarios, adaptive PENSE estimates have
very similar predictive power as PENSE estimates, as evident from the results reported

in Appendix C.2.1. Adaptive MM-LASSO performs as good as adaptive PENSE in very
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Figure 4.2: Effect of high-leverage points on the sensitivity and specificity of variable selection. Median
values over 50 replications of these measures are reported separately for predictors containing con-
taminated values and predictors free from any contamination. Data is generated according to scheme
MS1-MH* with p = 32, n = 100, 75% variance explained by the true model and 10% contamination
introduced according to (4.3).

sparse scenarios, but more active predictors are better handled by adaptive PENSE. Con-
clusions for the estimation accuracy reported in Appendix C.2.3 coincide with prediction
performance.

Variable selection performance of adaptive PENSE, shown in Figure 4.4, underscores
the conclusions from previous experiments. Adaptive PENSE is performing similar to I-
LAMM in very sparse scenarios with no contamination, but adaptive PENSE is more robust
towards heavy tailed errors and leverage points. Compared to PENSE, adaptive PENSE es-
timates screen out more truly irrelevant predictors, at the cost of missing some truly relevant
ones. Noting that in very sparse scenarios (Figure 4.3(a)), the introduced outliers are more
extreme than in sparse scenarios (Figure 4.3(b)), adaptive PENSE has almost the same sen-
sitivity as PENSE under the presence of severe leverage points combined with gross outliers,
but adaptive PENSE excludes many more irrelevant predictors. Adaptive MM-LASSO, as
shown in Appendix C.2.2, has substantially lower sensitivity than adaptive PENSE in the
vast majority of scenarios. Compared to other variable selection consistent estimators, adap-
tive PENSE tends to retain more truly active predictors while still screening out most of the
irrelevant predictors. Variable selection properties of adaptive PENSE are less affected by
outliers and heavy-tailed errors than I-LAMM estimates or MM-LASSO estimates. Adap-
tive PENSE strikes a balance between high specificity achieved by LASSO-type estimators

and high sensitivity of PENSE estimates. This is especially useful in applications where a
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Figure 4.3: Prediction performance of regression estimates in different scenarios with a sample size of
n = 100. The horizontal axis in each panel shows the total number of predictors, while the vertical
axis in each panel shows the root mean square prediction error (for Normal errors) or the 7 scale of
the prediction errors.

small number of false negatives can be tolerated at the benefit of substantially reducing the

number of true negatives.

4.5 Biomarkers for Cardiac Allograft Vasculopathy

In Cohen Freue et al. (2019) we demonstrate the usefulness of PENSE in clinical biomarker
discovery studies. In this application, the overarching goal is to identify a small set of
proteins which help to detect whether a patient suffers from cardiac allograft vasculopathy
(CAV). CAV is a common complication in patients who received a cardiac transplant. Al-
most 50% of recipients develop CAV in the years following transplantation (Cohen Freue
et al. 2019), accounting for almost 15% of deaths in heart transplant recipients who sur-
vived the first year after transplantation (Lin et al. 2013). In clinical practice, transplant
recipients are monitored at least annually for the onset of CAV. Diagnostics typically rely

on coronary angiography, measuring the narrowing of arteries supplying oxygenated blood
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Figure 4.4: Sensitivity and specificity of regression estimates in different scenarios with a sample size of
n = 100. The horizontal axis in each panel shows the total number of predictors. The vertical axis in
each panel is split in two halves: sensitivity (i.e., the number of correctly identified active predictors)
is shown on the top half, and specificity (i.e., the number of correctly identified inactive predictors) is
shown downwards with perfect specificity (100%) on the bottom. Solid vertical lines show the range
of the inner 50%, while the dashed lines extend from the 5% to the 95% quantile.

to the heart (Schmauss and Weis 2008). Coronary angiography is an invasive procedure
prone to complications (Lin et al. 2013). A simple blood test targeting specific proteins in
the plasma could potentially reduce the risks to patients substantially and improve health
outcomes of heart transplant recipients.

The data used here was first analyzed in Lin et al. (2013) and later in Cohen Freue
et al. (2019), comprising information on 37 cardiac transplant recipients. All 37 patients
were assessed for CAV by measuring the maximum percentage of diameter stenosis (Max
%DS) in the left anterior descending (LAD) artery (Lin et al. 2013). The original proteomic
data consists of measurements of hundreds of proteins detected in blood plasma samples
from the 37 recipients. Following the analysis in Cohen Freue et al. (2019), I utilizes only
the 81 proteins reliably detected across all plasma samples.

The statistical goal is to predict the Max %DS in the LAD through a linear model of

the measured protein levels such that only some of the proteins are included in the linear
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Figure 4.5: Univariate regression estimates for regressing the maximum percentage of diameter stenosis
(Max %DS) in the LAD artery on the level of proteins ECM1 and LUM in the CAV case study.

relationship. Limiting the number of relevant proteins is important for a viable blood test,
as the costs of a test targeting many proteins would prohibit a wide-spread use.

Exploratory analysis of the data suggests that the measurement of Max %DS in the
LAD but also some protein levels contain possibly contaminated values. Figure 4.5, for
instance, shows the results of univariate regressions of the response variable on the measured
levels of proteins ECM1 and LUM. The robust univariate MM-estimate detects a negative
relationship between the protein levels and Max %DS in the LAD vessel in the sample at
hand. The classical least squares estimate (LS), on the other hand, estimates a positive
relationship between ECM1 and the response variable and a substantially smaller effect
of LUM. For both proteins, a few patients with unusually severe narrowing of the LAD
combined with a comparatively high abundance of proteins ECM1 and LUM in their blood
plasma excessively affect the LS estimate. Several similar instances of contamination in the
sample cast doubt on the appropriateness of non-robust methods for identifying relevant
proteins and quantifying their effect.

Comparison of the prediction performance of several estimates in the CAV study is
done by nested cross-validation. Specifically, the sample of 37 observations is split into 7
CV folds (the “outer” folds). Within each outer fold, an “inner” 7-fold CV is used to select
hyper-parameters individually for each estimator. To counter the inherent variability in
cross-validation for robust estimators, the inner CV for all estimators is repeated 50 times
(see also Chapter 6 for details on repeated CV for PENSE and adaptive PENSE). As in
the numerical experiments, (adaptive) PENSE choose hyper-parameters to minimize the

7-size of the prediction error, while other methods minimize the mean absolute prediction
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error. With these selected hyper-parameters, the left-out observations from the outer fold
are predicted and the scale of the prediction error recorded. The outer CV is replicated
100 times to assess overall prediction performance of the considered estimators in the CAV
study.

Results of nested CV are shown in Figure 4.6(a). The difference in prediction perfor-
mance between the estimates is not very pronounced, but nevertheless noticeable. This is in
line with the prediction performances reported in Cohen Freue et al. (2019), albeit results
reported here suggest slightly better performance for all estimators because repeating the
inner CV leads to more stable hyper-parameter selection. Adaptive PENSE leads on aver-
age to better prediction performance than the other methods considered. Adaptive LS-EN
performs poorly in the CAV study, much like in the numerical experiments under the pres-
ence of contamination. The initial LS-Ridge estimate is likely affected by contamination,
and hence “leveraging” this estimate amplifies the effect of contamination. The number of
relevant predictors selected varies between CV splits, but in general adaptive PENSE and
I-LAMM select far fewer proteins than the other methods.

Each method is also applied to the full sample, again using repeated 7-fold CV to select
hyper-parameters. For all but LS-EN, the hyper-parameters are not selected to achieve min-
imum scale of the prediction error, but rather to lead to the most parsimonious model with
a scale of the prediction error not substantially worse than the minimum (within 1/2 the
standard error of the minimum). For LS-EN, this “half standard error rule” always leads
to the empty model, a typical observation with LS-EN under high noise in the response
variable. Prediction performance may be similar, but the proteins selected by the different
estimates vary substantially. Non-robust LS-EN and adaptive LS-EN select 21 and 20 pro-
teins, respectively, with adaptive LS-EN dropping only a single protein. Similarly, PENSE
detects 20 relevant proteins, 13 overlapping with (adaptive) LS-EN. Adaptive PENSE and
I-LAMM select the smallest number of proteins among the considered estimators, 14 and 12,
respectively, but based on the prediction performance estimated before, the panel identified
by adaptive PENSE, listed in Table 4.1, is likely more relevant for predicting CAV. Half
of the proteins identified by adaptive PENSE overlap with proteins selected by non-robust
methods, but adaptive PENSE detects several novel proteins.

In Cohen Freue et al. (2019), we improve upon the model fitted by PENSE via a subse-
quent M-step (PENSEM), selecting a total of 15 proteins. The proteins selected by adaptive
PENSE, PENSEM, and Lin et al. (2013) are listed in Table 4.1. Three proteins are selected
by all three methods, while adaptive PENSE and PENSEM overlap in four additional pro-
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teins. Interestingly, adaptive PENSE selects the extracellular matrix proteins ECM1 and
LUM, which have been linked to coronary artery disease (Zhao et al. 2016) and formation
of new blood vessels (Neve et al. 2014). Lumican (LUM) is also determined relevant in
Lin et al. (2013), but ECM1 is selected only by robust estimators, potentially because of
contamination highlighted in Figure 4.5 transmogrifies the predominantly negative effect
of ECMI1 on the response into a positive effect. Adaptive PENSE also detects some novel
proteins not previously associated with CAV, most notably Hemopexin (HPX). Hemopexin
has been targeted to improve cardiovascular function (Vinchi et al. 2013) and is associated
with several inflammatory diseases (Mehta and Reddy 2015).

We show that the PENSEM estimator can lead to improved prediction performance over
PENSE and other robust estimators (Cohen Freue et al. 2019). The M-step is supposed to
increase efficiency of the initial S-estimator, similar to the idea of MM-LASSO and classical
MMe-estimators. However, just like MM-LASSO, the M-step for PENSEM hinges on the
accuracy of the residual scale estimated by the initial S-estimator. Especially in higher
dimensions or if the true error distribution is heavy tailed, however, the scale estimate
derived from PENSE or S-Ridge may not be relied upon. This can lead to severe problems
for PENSEM and MM-LASSO, as highlighted in the numerical experiments in this and the
previous chapter.

Compared to the model fitted by PENSEM, adaptive PENSE detects a stronger signal
for fitting and predicting CAV using a smaller panel of proteins. With adaptive PENSE,
the maximum percentage diameter stenosis in the LAD vessel can be fitted well as shown in
Figure 4.6(b). Additionally, the robust nature of the estimate allows identification of several
patients with unusual stenosis. Patients with residuals located in the shaded regions of
Figure 4.6(b) are more than two standard errors (estimated by the M-scale of the residuals)
away from the diagonal and can be considered outliers. The adaptive PENSE estimate
suggests that in six patients the measured Max %DS is suspiciously different from what
could be expected based on their proteomic profile. Most of these patients are also flagged
by PENSEM as having unusual response values, but more severe and mild stenosis is fitted
substantially better by adaptive PENSE than PENSEM. A follow-up measurement using
more accurate intravascular ultrasound revealed three patients with initially no stenosis
detected, B-584, B-527 and B-561 (initially measured in weeks 51 or 52 after transplant),
have indeed developed mild stenosis of the LAD artery of about 16 Max %DS, very close
to the values fitted by adaptive PENSE. Adaptive PENSE identifies a small set of proteins

leading to superior prediction performance and a better fit to the data than other methods.
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Figure 4.6: Results of the CAV study: (a) the scale of the prediction error of the maximum percentage
of diameter stenosis (Max %DS) for several estimators in the CAV study and (b) observed values
versus values fitted by adaptive PENSE. Prediction errors in (a) are estimated via nested 7-fold
cross-validation, repeated 100 times. The shaded regions in (b) depict residuals farther than twice
the standard error away from the fitted value, indicating unusually large residuals. Hyper-parameters
for the adaptive PENSE fit in (b) are selected by 7-fold CV, repeated 100 times.

With the demonstrated robustness of variable selection, adaptive PENSE is an important

addition to the toolbox for biomarker discovery.

4.6 Conclusions

The elastic net S-estimator, PENSE, introduced in Chapter 3 has highly competitive predic-
tion performance even under the presence of adverse contamination. Furthermore, PENSE
is demonstrated to identify the vast majority of truly relevant predictors, but PENSE es-
timates often wrongly include a very high number of irrelevant predictors. The adaptive
elastic net S-estimator, adaptive PENSE, is devised out of the need of controlling the ex-
cessive rate of false discoveries made by PENSE estimates.

Adaptive PENSE is shown to possess two important asymptotic properties missing from
PENSE: variable selection consistency and the oracle property. In Section 4.2 it is proved
that adaptive PENSE estimators are variable selection consistent even in settings where
the error distribution does not have finite variance. Variable selection consistency is the

key ingredient for showing that adaptive PENSE estimates of the coeflicients of truly active
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Table 4.1: Proteins identified by adaptive PENSE to predict Max %DS in the LAD artery, compared to
proteins selected by other methods.

i Li 1.
Gene symbol  Protein name APdE?II\)IgEe PENSEM 1(;0?3?
AMBP Protein AMBP v v v
APOE Apolipoprotein E v v v
C4B;C4A Complement C4-B/C4-A v v v
ECM1 Extracellular matrix protein 1 v v
F2 Prothrombin (Fragment) v v
HBA2;HBA1 Hemoglobin alpha-2 v v
HBD Hemoglobin subunit delta v v
C7 Complement component C7 v v
LUM Lumican v v
C1R Complement Clr subcomponent v
HABP2 Hyaluronan-binding protein 2 v
HPX Hemopexin v
SERPINA3  Alpha-1-antichymotrypsin v
SERPINC1 Antithrombin-III v

predictors as precise as if the truly active predictors were known in advance. Therefore,
even in problems with many available predictors, coefficients of the active predictors are
accurately estimated.

The adaptive elastic net penalty also improves robustness of variable selection as out-
lined in Section 4.3.1 and demonstrated numerically in Section 4.4.2. Contamination of
inactive predictors in observations which follow the true linear model causes PENSE es-
timates to wrongly include these predictors in the model. This leads to a breakdown of
variable selection of PENSE, where contamination with leverage points severely degrades
specificity. The robustness of the S-loss, however, ensures that the coefficient estimates
for truly inactive predictors with excessive leverage remain small. By leveraging a robust
PENSE estimate, adaptive PENSE is able to screen out many of these spuriously selected
predictors. Empirical observations suggest PENSE with the Ridge penalty (as = 0) is the
appropriate preliminary estimate in most applications. With the Ridge penalty, PENSE
can be computed more efficiently than with a non-smooth penalty (ag > 0) and hyper-
parameter selection is substantially less demanding. Furthermore, sensitivity decreases
only moderately compared to the best PENSE estimate while specificity increases.

Adaptive PENSE’s increased robustness towards leverage points is an important prop-

erty for real-world applications. Section 4.5 revisits a biomarker discovery study with the
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goal of identifying proteins in the human blood plasma which help to predict cardiac allo-
graft vasculopathy, a major complication after heart transplantations. In Cohen Freue et al.
(2019) we use PENSE and a subsequent M-step to determine a panel of 15 possibly relevant
proteins. The M-step proves to be challenging in this application due to the difficulty of
estimating the scale of the residuals accurately. When applying adaptive PENSE to the
same data set, a slightly different panel of 13 possible relevant proteins is uncovered. The
adaptive PENSE estimate leads to superior prediction performance in the study and at the
same time fits the data better than competing robust and non-robust methods.
Theoretical results expose the major drawback of regularized S-estimators: substantially
lower asymptotic efficiency than regularized M-estimators for light- and moderate-light-
tailed error distributions. Empirical results are in line with this observation, although the
differences between regularized M- and S-estimators in finite-samples are far less pronounced
than suggested by the theory. The following chapter discusses challenges of robustly esti-
mating the residual scale and thereby sheds light on reasons why regularized M-estimators

may not provide the gains in efficiency in finite-samples as promised by the theory.
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Chapter 5
Residual Scale Estimation

S-estimators of regression are highly robust to aberrant contamination in the data and
heavy tailed error distributions. In Chapters 3 and 4 I show that this also holds for PENSE
and adaptive PENSE, even in high dimensions. The apparent downside of S-estimators,
already discussed in Section 2.2, are their low efficiency under the Normal model. An iconic
idea in robust statistics is to follow the S-estimator by an additional M-step (Yohai 1987).
The resulting MM-estimator of linear regression inherits the robustness properties from the
initial estimator but can be tuned to achieve high efficiency arbitrarily close to the LS-
estimator. In their most basic form, MM-estimators are defined by the following sequence

of steps:

Step 1 Compute a highly robust and strongly consistent estimate of regression, e.g., the

PENSE estimate 6.

Step 2 Compute the M-scale of the residuals from the estimate fitted in step 1, 63 =
f}M(y - ﬂs - Xﬂs)

Step 3 Using the S-estimate és as initial estimate, find a local minimum éMM of

. 1< i — L — X]
DfM(}’UX,B‘F,UJ; Us) = EZPM (W)

ol
i=1 S

which improves upon the initial estimate, i.e., A (y, X By + fian) < Luly, XBS + [ig)-
Here, py is a bounded p function according to [R1]-[R3] which is dominated by the p
function used to compute the M-scale (2.8), i.e., py(t) < p(t) for all t.

Evidently, the M-step is computationally cheap, given that only a single starting point
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needs to be considered and the objective function is separable over the observations. In
Cohen Freue et al. (2019) we adopt this idea to improve upon the PENSE estimate by a
subsequent M-step, called PENSEM. Smucler and Yohai (2017) base their MM-LASSO on
the same principle, but the execution is slightly different than what is done for PENSEM.
These differences highlight some of the challenges translating the idea of MM-estimators to
a high dimensional setting using robust regularized estimators.

None of the three steps for computing MM-estimates can be applied to regularized
estimators without modification. In step 1, the question is what hyper-parameters should
be selected for a robust regularized estimate of regression. For MM-LASSO, the choice is
to compute the S-Ridge estimate, i.e., using ag = 0, optimizing the penalization level for
prediction performance. PENSEM, on the other hand, uses the PENSE estimate with both
ag and Ag optimized for prediction performance. Others propose to not use a regularized
estimate in step 1 but an unregularized MM-estimate (Arslan 2016), which is only possible
for low-dimensional problems.

Step 3 raises similar questions as step 1 about an appropriate choice of hyper-parameters
and whether a local minimum close to the estimate from step 1 is a sensible choice. Due to
vastly different scales of the loss functions in the two steps, the penalization level selected
in step 1 is in general not a reasonable choice for the M-step. Both MM-LASSO and
PENSEM carry out a separate hyper-parameter search for the M-step; MM-LASSO for the
penalization level, PENSEM for a and A. The theoretical results in Yohai (1987) justify
using only the consistent and robust estimate from step 1 as starting point for computing the
MDM-estimate, as the local minimum uncovered has the same asymptotic properties as the
global minimum. No such results are available for the regularized M-step, but MM-LASSO
and PENSEM nevertheless follow the same principle and do not perform an exhaustive
search for good initial estimates to restrain the computational overhead. Despite this leap
of faith, both MM-LASSO and PENSEM show an improved efficiency over the initial S-
estimate, but not in every setting. Most concerning is the observation that MM-LASSO
and PENSEM seem to be much more affected by contamination in some situations.

The main problem why regularized M-steps do not always improve efficiency, and some-
times seemingly break down, is the difficulty posed by step 2. For the M-step to perform
as expected under the assumed model, the p, function, more specifically the cutoff value,
is chosen based on the probabilistic limit of 5. This of course requires the assumed model
to hold for the majority of observations, but the greater challenge in practical applications

is the bias of the estimate 65. Even if 65 converges almost surely to a fixed limit, the finite-
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sample bias may be arbitrarily large. If the bias in finite samples is too large, the chosen
pu may not deliver the promised gains in efficiency. Especially in higher dimensions, the

bias in the residual scale estimate can be unacceptably large.

5.1 The Problem in High Dimensions

Estimating the scale of the residuals in high dimensional linear models is known to be
difficult and prone to bias. Already Mammen (1996) paints a bleak picture, showing how
fast the bias of the empirical distribution of the residuals in a p-dimensional linear regression
model increases with p. The bias in the empirical residuals, if not corrected, translates to
a biased scale estimator. The problem is even amplified by the use of regularized and/or
robust estimators, but it has only recently been attracting attention (e.g., Fan et al. 2012;
Dicker 2014; Chatterjee and Jafarov 2015; Reid et al. 2016; Chen et al. 2018; Tibshirani
and Rosset 2019).

Regularized estimators have been studied extensively, but attention was mostly directed
at prediction and variable selection performance of these estimators. Perhaps pushing the
issue to the sidelines even more, theoretical properties of regularized estimators do not
depend on an estimate of the residual scale. With emergence of more literature on post-
selection inference, however, residual scale estimation has become more closely investigated.

The review paper by Reid et al. (2016), and the recent proposals by Yu and Bien
(2019) and Chen et al. (2018) highlight the numerous challenges in estimating the residual
variance using regularized estimators. As already outlined in Fan et al. (2012), residual scale
estimation with regularized estimators is impeded by the inherent bias of the estimates. The
main sources of the bias are the penalization of the coefficients and data-driven selection
of the hyper-parameters with a goal of good prediction. Unfortunately, these two sources
of bias work in tandem, accentuating their effect on the residual scale estimate. In high
dimensions, predictors spuriously correlated with the response add to the problem. The
larger the number of irrelevant predictors, the greater the chances of spurious correlation
and hence overfitting the response.

The problem is not restricted to classical, least-squares-based estimators, but affects
robust estimators even more. For non-regularized MM-estimators, Maronna and Yohai
(2010) show how serious underestimation of the error scale by the M-scale from the residuals
of the S-estimate can be. Even in a setting considered low dimensional in this work (n = 50

and p = 15) the estimate of the error scale is below half of the true error scale almost 50%
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of times. These results are for non-regularized MM-estimators and do not account for the
impact of regularization.

The down-stream effect of a poor scale estimate on the M-step can be devastating.
The M-loss function depends on the boundedness of the p, function to protect against
gross outliers, while at the same time behaving similarly to the LS-loss for small residuals
to ensure efficiency. Considering a severe underestimation of the error scale, 65 < oy, the

.
. i —X
scaled residuals %

are artificially inflated. This “pushes” many scaled residuals into the
bounded region of the py, function, treating them as outlying. Therefore, the M-step does
not improve efficiency because a large proportion of actually uncontaminated observations
are incorrectly down-weighted. Severe overestimation of the error scale, on the other hand,
shrinks the scaled residuals towards 0, neutralizing the boundedness of py. In this case,
outlying observations are not detected as such and can grossly affect the M-estimate. An
inaccurate estimation of the error scale can thus either lead to a decrease in efficiency
compared to the initial S-estimator, or even jeopardize the robustness of the M-estimator.

Estimating the residual scale with PENSE suffers from the bias inflicted by the M-scale
in addition to the bias introduced by the penalty function and data-driven hyper-parameter
selection. As depicted in Figure 5.1 for simulated data, the effects of a poor scale estimate
on the subsequent M-step, PENSEM, are worrisome. Firstly, the plots clearly show the
prevalence of severe underestimation and overestimation. Underestimation is commonly
observed even without contamination, but the scale is often severely overestimated in the
presence of contamination, especially when combined with heavy-tailed errors. It is evident
that gross under- or overestimation of the residuals scale leads to a degradation of prediction
performance of PENSEM, with distressing effects under the presence of contamination. The
conclusions are the same for any regularized M-estimator relying on an initial scale estimate
in high dimensions: in the majority of cases the M-step improves efficiency and leads to
better estimation and prediction, but in an unsettling large number of instances the M-
estimator is either less efficient than the initial S-estimator, or worse, seriously affected by
contamination.

Without an improved residual scale estimate in high dimensional problems, results from
PENSEM or other regularized redescending M-estimators may be unreliable. As an ad-hoc
solution for unpenalized MM-estimators, Maronna and Yohai (2010) suggest a multiplicative
correction to increase the residual scale estimated from the S-estimate. Smucler and Yohai
(2017) use this correction for the MM-LASSO estimator, but empirical results presented

here suggest the adjustment does not work well for regularized estimators. The residual
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Figure 5.1: Prediction performance of the PENSEM estimate as a function of the residual scale estimated
by PENSE. Hyper-parameters are selected via 5-fold CV. The residual scale estimate on the horizontal
axis and the scale of the prediction error are reported relative to the true M-scale of the residuals.
Data is generated according to scheme VSI-LT* (top) and VSI-HT* (bottom) for n = 100 and
p € {50,100}. The true model explains 83% of the variation and results under contamination (right)
consider scenarios with 10 different vertical outlier positions and k; = 6.

scale estimate is often overestimating the true scale as suggested by the simulation results
reported before; further inflating the scale estimate in these situations exacerbates the
problem. For non-robust estimators, several strategies for correcting the bias in the scale
estimate have been proposed in the literature. The majority of these proposals is based on

the idea of splitting the data into non-overlapping chunks.

5.2 Data-Splitting Strategies

One of the driving forces behind the bias in regularized estimators is data-driven hyper-
parameter selection. With penalization leading to an underestimation of the coefficients,
cross-validation or similar strategies to give good prediction performance compensate for
the biased coefficients by selecting a penalization level which is too small to screen out
spuriously correlated predictors. The regularized estimate computed on the entire data set
with this small penalization level will typically include some of these irrelevant predictors.
Just by chance of observing these spuriously correlated predictors, the fitted model explains
more variation in the response than the true model, leading to an underestimation of the
residual scale.

Fan et al. (2012) therefore proposes refitted cross-validation (RCV), based on the as-
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sumption if a data set is split into multiple chunks, the chance for the same predictor to
be spuriously correlated with the response in each chunk is minuscule. Following the idea
of cross-validation, variables are selected based on all but one part the data (e.g., using a
regularized regression estimator or any other model selection procedure), while the coeffi-
cients of the selected predictors are then re-fitted on the left-out part (e.g., using ordinary
least squares or a regularized method). To ensure there are enough observations in each
part for efficient re-estimation of the coefficients, the data is usually split only into two
parts for RCV: (y(), X)) and (y®,X®). Each of the two parts is used once for model
selection, yielding two estimated sets of active predictors, A and A®) . The coefficients
are then re-estimated in the other half of the data, restricted to the model selected in the

)

A(1
first step. More specifically, the estimate 0( is computed using the response vector y()

()2), while 8% is computed from XS()I) and y@. The

RCV estimate of the residual variance is then the pooled variance estimate

and the subset of the design matrix Xﬁ

o - xR 8 + e - - x5,

e n— |AW] - |A®)

Refitted cross-validation remedies the negative effects of spurious correlation in high
dimensions, but the estimation bias introduced by the penalty function is not removed. The
effects of data-driven hyper-parameter selection are slightly reduced by decoupling variable
selection from coefficient estimation, but they are still noticeable in RCV. Reid et al. (2016)
compare RCV for LS-LASSO to other data-splitting methods as well as estimators with
folded-concave penalty or other de-biased versions of the LS-LASSO, in a wide range of

scenarios. They conclude that estimating the error variance as

~

! i (5.1)
T on-|4 2’ '

ly—i-XA

where 6 is computed on the full data using a penalization level chosen via standard cross-
validation, performs best overall. Theoretical results in Chatterjee and Jafarov (2015)

support this conclusion, albeit with a non-adjusted scaling factor 1/n, which tends to bias

1 3
n—| A
is also problematic as it hinges on an accurately recovered model to avoid overestimation

the scale estimate downwards. As pointed out in Yu and Bien (2019), the adjustment

of the residuals scale.
Especially when the sparsity of the true signal decreases while the variance explained

by the true model remains fixed, Reid et al. (2016) show that RCV and other corrective
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measures stop working reliably. With the variance explained by the true model fixed, a
less sparse signal also entails decreasing magnitude of each coefficient. Theoretical results
for the RCV estimator suggest the magnitude of each truly non-zero coefficient needs to be
large enough for the estimator to be consistent and efficient, explaining the results seen by
Reid et al. (2016). Surprisingly, Reid et al. (2016) also find that for less sparse models with
larger signal strength per coefficient, the RCV estimator is substantially upwards biased
in finite samples. Therefore, it appears that correction strategies such as RCV only work
well for very sparse problems where the true coefficient values are large enough, which may
jeopardize their applicability in practice.

The question is if these empirical results are transferable to PENSE or other robust
regularized S-estimators, which bring additional biases. The data-splitting methods can
be readily adapted for robust estimation by replacing the regression estimator with, for
example, PENSE and the empirical standard deviation by the M-scale of the residuals. The
cross-validation based estimator for the residual scale (5.1) may be defined using a PENSE
estimate 6 with hyper-parameters selected via cross-validation, and the robust M-scale of
the residuals:

Oov = &M(y ol XB)

The refitted cross-validation estimator using PENSE for model selection and re-estimation

can similarly be defined as

. 1/, - ~(1 . N ~(2
Orcv = \/2 (‘71%1(3’(1) - N(l) - X(ji()z)ﬂ( )) + U%{(y@) - M(z) - ngn ( )))

Determining an appropriate number of splits for RCV is difficult when using robust esti-
mators. Bisecting the data set leaves enough observations for re-estimating the coefficients
but cuts the attainable breakdown point in half. Due to the additional K-fold CV for

hyper-parameter selection inside each RCV fold, the maximum attainable breakdown point

n(K-1)
ST G

Downward bias of the residual scale can also be exacerbated by overfitting the data.

To avoid possible overfitting, the scale of the prediction error could serve as a surrogate

estimator for the scale of the residuals:
Opr = 6M(y - S’()\S’QS))

with §(*28) the predicted values in the CV folds as defined in (3.6) and Ag, ag selected by
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the same cross-validation. While the scale of the prediction error may reduce the problem
of overfitting, in empirical studies it often overestimates the error scale. An ad hoc way

balancing downward bias of 6y and upward bias of Gpy is averaging them:

/\2 /\2
N _ |0y tOpg
OavGg = #

Despite the lack of theoretical underpinnings, the empirical results presented below indicate
that this average estimate performs better than the individual estimates.

It is important to note that here the M-scale estimate

oum(r) = inf {s : %Zp(ri/s) < 5}
i=1

is not corrected for the effective degrees of freedom of the estimated model as sometimes
done to decrease finite-sample bias of the estimator (e.g., in Maronna 2011). The correction
effectively reduces the breakdown point of the M-scale estimate, without adjusting the
breakdown point of the robust estimate of regression accordingly. Consider a robust estimate
computed with 25% breakdown point, tolerating up to 25% of arbitrarily large residuals.
Adjusting the breakdown point of the M-scale estimator, e.g., to 15%, opens the floodgates
to some of these possibly extreme residuals affecting the scale estimate and in turn breaking
the M-step. As seen before, overestimation of the scale can be even more detrimental to
the reliability of the M-estimator than underestimation and should be avoided.

Figure 5.2 summarizes the results of a numerical study of data-splitting methods in
conjunction with PENSE. The reported scale estimate is relative to the true scale of the
residuals and it is evident that the CV-based estimate, &y, severely underestimates the
error scale, especially as more predictors are available. Under contamination, on the other
hand, the M-scale of the residuals estimated by PENSE is inflated and shows large variation.
At the same time, the estimate based on the prediction error, 6pg, is badly biased upwards.
Under no contamination, under- and overestimation of the CV-based and prediction-based
estimates seem to cancel out reasonably well and the average estimate, &y, performs much
better than the individual estimates. In the presence of contaminated observations, however,
high variability and upward bias of both ¢y and 6py carry over to the average estimate.
Refitted cross-validation with PENSE is outperformed by the simple average estimate if
no contamination is present but shows slightly better performance under contamination.

With RCV, however, the maximum breakdown point is substantially reduced which would
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Figure 5.2: Estimated residual scale using PENSE in conjunction with different data-splitting strategies.
The reported residual scale estimates are relative to the true scale of the residuals. The n = 100
observations are generated according to scheme VS3-LT* with the true model explaining 50% (top)
and 83% (bottom) of the variance. Results under contamination (right) consider scenarios with 10
different vertical outlier positions and moderate leverage, k) = 2.

lead to problems in situations with more than 15% contamination. Concurrent with the
findings in Reid et al. (2016), the RCV estimate tends to do worse if the signal strength is
larger. The PENSE estimate is perhaps not efficient enough to give reliable estimates for
a sample half the size of the original data. In particular due to the stark reduction in the
possible breakdown point, RCV is not well suited to be combined with robust estimators.
Using adaptive PENSE as the initial high-breakdown estimator instead of PENSE improves
results only marginally in these empirical studies and does not warrant the slightly increased
computational complexity. The results reported here suggest none of the considered data-

splitting strategies works well across all considered scenarios.

5.3 Discussion

The problem of residual scale estimation in moderate- to high-dimensional linear regression
models is an actively evolving area. In the context of non-robust regularized estimators,
the increased demand for post-selection inference has recently shifted attention to the issue
of error variance estimation. Many proposals focus on different data-splitting strategies to
get an accurate estimate of the error variance. Others adapt the LS-LASSO for improved
residual scale estimation (e.g., Yu and Bien 2019; Sun and Zhang 2012; Belloni et al. 2011),
but they explicitly target Normal errors.
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For robust estimators, the residual scale estimate has another important role: improving
the efficiency of a highly robust but inefficient estimator via a subsequent M-step. This M-
step requires an accurate and robust scale estimate to achieve the promised gain in efficiency.
As demonstrated empirically in Section 5.1, finite-sample bias in the error scale estimate can
render the M-step unreliable. Particularly overestimation of the residual scale exposes the
M-estimate to the influence of outliers and hence risks a breakdown under contamination.

Methods for improved scale estimation in the non-robust realm are not transferable
to robust regularized estimators due to the effects of possible contamination. Refitted
cross-validation and other data-splitting methods for variance estimation suffer from the
low efficiency of regularized S-estimators and lead to a severe reduction of the maximum
breakdown point. Data-splitting methods for estimating the error variance suffer from the
same issues as hyper-parameter search via cross-validation under contamination, discussed
in Section 3.5.2.

An interesting direction is presented in Loh (2018) for the L; regularized Huber loss,
a convex amalgam between the LS- and LAD loss. Up to a fixed threshold, Huber’s loss
is the square function, which transitions to the absolute value for values greater than the
threshold. While not robust towards leverage points in the predictors, it protects against
outliers in the response. Choosing the threshold involves the same complications as choosing
the cutoff value for the M-step: requiring an estimate of the residual scale. Loh (2018)
sidesteps scale estimation and instead proposes to use several candidate values for the scale
and adaptively choose a good value based on Lepski’s method. The author proves that the
resulting estimator performs as well as the estimator obtained by knowing the true error
scale. Extensions of this method to regularized M-estimators with redescending py, function
are of potential interest.

This chapter highlights that estimation of the residual scale in high-dimensions by ro-
bust means is very difficult. Methods relying on the accuracy and robustness of a residual
scale estimate are susceptible to be severely damaged by contamination. With data-driven
hyper-parameter selection, consistency of the scale estimate is not guaranteed, and em-
pirical results suggest the estimates are highly biased. While in pristine settings without
any contamination an M-step can indeed improve efficiency and lead to better prediction
performance than PENSE or adaptive PENSE, the M-estimator may not be reliable under
contamination or heavy-tailed error distributions, overshadowing any potential gain in effi-
ciency. As long as the issue of residual scale estimation in high dimensions is not adequately

solved, PENSE and adaptive PENSE are the safer choices over regularized M-estimators.
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Chapter 6

Software

As hinted several times in the previous chapters, computing PENSE estimates is a chal-
lenging endeavor. For adaptive PENSE, the computational challenges are the same but in
general more daunting as adaptive PENSE depends on more hyper-parameters.

To facilitate the application of PENSE (Chapter 3) and adaptive PENSE (Chapter 4),
a software package for the language and environment for statistical computing R (R Core
Team 2020) is made available at https://cran.r-project.org/package=pense. This
chapter details the computational solutions developed for PENSE and adaptive PENSE as
available in the pense R package. Computation is agnostic to the hyper-parameter ¢, hence
it is absorbed by the penalty loadings w = (w%, e ,wf,)T and dropped from the notation
below. Computation of PENSE is a special case of adaptive PENSE with penalty loadings
fixed at w = 1,,. The following exposition therefore considers only the more general case of
adaptive PENSE.

Computing solutions to weighted least-squares adaptive elastic net (LS-adaEN) prob-
lems is an essential component for computing adaptive PENSE estimates. As detailed in
Chapters 3 and 4, finding a set of initial estimates for PENSE and adaptive PENSE in-
volves a large number of weighted LS-EN and weighted LS-adaEN problems, respectively.
Moreover, the adaptive PENSE objective function is equivalent to a weighted LS-adaEN ob-
jective function, with weights depending on where the objective function is evaluated. This
equivalence is the foundation for computing local minima of the adaptive PENSE objective
function. Computation of adaptive PENSE therefore relies heavily on efficient algorithms

for solving weighted LS-adaEN problems.
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6.1 Algorithms for Weighted LS Adaptive EN

Computational performance of finding local minima of the adaptive PENSE objective func-
tion and computing initial estimates depends on the performance of the algorithm for solving

weighted LS-adaEN problems of the form
Owis(p, B, W) = Zis (Wy, W(XB — ) + A®an(Bsw, a), (6.1)

with diagonal weighting matrix W € R™ ™. Throughout this section the matrix W =

1/w? W denotes the normalized weight matrix, where w? = %Z?:l W2 is the average
squared weight. Furthermore, the squared matrices W2 and {7\72 denote the diagonal matrix
of squared weights and squared normalized weights, respectively.

Many of the weighted LS-adaEN problems arising during the computation of adaptive
PENSE estimates are “close”, in the sense that only the weight matrix W or the set of ob-
servations change marginally between subsequent minimizations. While these “proximal”
problems are important for adaptive PENSE, computational optimizations for these special
use-cases are missing from the literature. Most of the attention in the literature on com-
puting weighted LS-adaEN estimates focuses on computational shortcuts when minimizing
the objective function for a decreasing sequence of the penalty parameter (e.g., Friedman
et al. 2010; Tibshirani et al. 2012).

In the following, special attention is therefore given to optimizing the weighted LS-
adaEN objective function when only the weights or only the data change between subsequent
minimizations. Ideally, algorithms for weighted LS-adaEN problems should incur little over-
head when changing only weights, data, or the penalty level. The pense package implements
several algorithms for optimizing the weighted LS-adaEN objective function (6.1), each with

its own use-cases, advantages and disadvantages.

6.1.1 Augmented Ridge

The augmented ridge algorithm is specialized for weighted LS-Ridge problems (i.e., &« =0
in (6.1)). The weighted LS-Ridge problem can be solved exactly by noting that the weighted

LS-adaEN objective function in the case of & = 0 and without intercept term simplifies to

y- % (6.2)

1 s 1 , 1
— [W(y-X — |83 = —
5, [W (= XB)llz + 5 -nAlBllz = 5
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- Wy ~ WX
y = and X = .
0, AL Pves

Due to the equivalence in 6.2, the closed-form solution for the Ridge estimate B is

where

B = (XTW?X + nAlLy,)  XTW?.

An intercept term can be accommodated by making the predictor matrix orthogonal
to the centered response. More specifically, the weighted and centered response is y* =

Wy — %HLWy. Similarly, the orthogonalized predictor matrix X* is given by
* Ve 1 v
X =X—-—-Wl1,xn WX (6.3)
n

where X = W (X — 1,%) is the centered and weighted predictor matrix and x = %XTln is
the mean vector of all predictors. The slope parameter and intercept are then computed by
B = (X*TX* 4+ nALyx,)  X*Ty*

%I,TZWQ (y _ XB) . 04

I

Computing the optimum for any penalty level incurs O(np-+p?) floating-point operations
(flops) to solve the system of p linear equations in (6.4). Changing the data or weights
requires recomputing the orthogonalized predictor matrix X* and its Gram matrix X*TX*.
These changes therefore incur an additional computational complexity of O(n%p + np?)
flops. Solving the linear equations in (6.4) can be a computational bottleneck for very
large p. However, if the p X p matrix fits into memory and A > 0, the augmented Ridge
algorithm is highly competitive as the solution can be computed to high precision in a single
step without potential convergence issues. This stability argument often outweighs limited
scalability as computing local minima of the adaptive PENSE objective function involves a
large number of weighted LS-adaEN problems and convergence issues in a single weighted

LS-adaEN problem lead to more serious convergence issues down the road.

6.1.2 Augmented LARS

The Least Angle Regression (Efron et al. 2004) algorithm (LARS) can be used to compute
solutions of the LS-LASSO objective function exactly. Starting from the empty model, i.e.,
all coefficients equal 0, the LARS algorithm translates a LS-LASSO problem into a sequence

98



6.1. ALGORITHMS FOR WEIGHTED LS ADAPTIVE EN

of ordinary least-squares (OLS) problems, one for each penalty level where covariates “enter”
or “leave” the model. For a fixed penalty level A, the LARS algorithm solves K > 0 OLS
problems at 5\0 > 5\1 >0 > S\K, where S\K_l <A< 5\K The LS-LASSO at penalty level
A can then be recovered exactly by linear interpolation between the coefficients computed

at S\K_l and S\K:

Penalty loadings w are incorporated into the LARS algorithm by scaling the predictor
matrix with the inverse penalty loadings XQ™!, where Q7! = diag(1/w1, 1/wy, ..., 1/w,).
The elastic net penalty can be accommodated by changing the penalty level for the LARS
algorithm to aA and using equivalence (6.2) to handle the Lo penalization with mIpo
replaced by matrix ,/nl_To‘)\Q_l The LARS algorithm therefore solves the weighted LS-
adaEN problem by computing the LS-LASSO solution on the weighted, centered response
and orthogonalized predictors given in (6.3), and X replaced by XQ ™!

At every step k, k = 0,..., K, of the augmented LARS algorithm a system of linear
equations must be solved. However, the sequence of the OLS problems allows for solving
these systems of linear equations more efficiently by sequentially updating a “running”
Cholesky decomposition (Efron et al. 2004; Watkins 2002). Consider the symmetric p X p
matrix A = X*TX* + 1/n1_TO‘)\Qfl. In the following, A*) denotes the symmetric matrix
comprising only the rows and columns of A for predictors included in the model at the
k-th step. Instead of calculating A% for every k, the augmented LARS algorithm only
needs the (upper-triangular) Cholesky decomposition U® of A(k), AR = g®Ty®) | This
Cholesky decomposition can be computed efficiently from the Cholesky decomposition at
the previous step, U¥*~Y. Consider predictor 7 is added in the k-th step. The updated
Cholesky decomposition is given by

yk-1 U(k—l)_lv
u® = cov=(4) 0 (6.5
( o1 Ay — vy (455 )] cay/(k=1) )

-1
where o7 (F=1) ig the set of active predictors in the previous step. The system yuk-b

(k1)

v can
be solved efficiently using back substitution because U is an upper-triangular matrix
(Watkins 2002). This requires only O(5?) operations, where p < p is the dimension of

U1, Performing updates in this way leads to a different order of the predictors in the
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Cholesky decomposition than in X. Therefore, it is necessary to keep track of the order the
predictors are added to reconstruct the original order of the coefficients. The performance
gain, however, outweighs the overhead of rearranging the coefficients only once.

Dropping a predictor is also a simple update of the Cholesky decomposition. Consider
predictor j is dropped in the k-th step, and v = (v],v2)T corresponds to the upper-diagonal

elements of the column in U*—1 corresponding to the dropped predictor,

Ul v ugY

ukb=1 0w UgY
o o uly

The updated Cholesky decomposition U® is then given by

k-1 k-1
Uk — Ul Ul
o Uy

where Ug? is the Cholesky decomposition of a rank-one update U:()’I;_I)TU:())];_I) + viv],
which can be computed efficiently (Gill et al. 1974).

Updating the running Cholesky decomposition involves growing and shrinking of the
decomposition at every single step. Conventionally, the 5? elements of the decomposition

U € RP*? are stored in a contiguous array (Anderson et al. 1999):

uixp U2 - Ulp
21 U2 - U2p stored as
[un,um, e ,uﬁl,ulg, U2, - -« 7'11,1’52, ey ulﬁ,’U,gﬁ, N ,uﬁﬁ].
~~ S———
column 1 column 2 column p
Upt Up2 o Upp

This storage schema is not ideal for the running Cholesky decomposition for two reasons.
First, the decomposition is an upper-triangular matrix with all entries below the diagonal
being 0 and never referenced. Therefore, the conventional storage scheme requires almost
twice as much memory as necessary. Secondly, appending or removing a column and row
to/from a conventionally stored matrix requires moving almost every element in memory,
which is an expensive operation. Considering that any row appended to the Cholesky
decomposition contains only 0’s, except for the diagonal entry, this is a superfluous and

prodigal operation.
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Figure 6.1: Comparison of computation time for the weighted LS-adaEN minimizer using the augmented
LARS algorithm with the Cholesky decomposition stored in conventional scheme (dashed light-blue
line) or column-packed scheme (solid blue line). The vertical axis is on the square-root-scale. Timings
are taken for simulated data sets (one per (n,p) combination) and averaged over 100 runs on a system
with Intel® Xeon® E5-1650 v2 @ 3.50GHz processors.

To improve performance of the running Cholesky decomposition used for the augmented
LARS algorithm, the implementation in the pense package stores the decomposition a in
column-packed scheme (Anderson et al. 1999). Only the (5% + p)/2 non-zero elements of

the upper-triangular Cholesky decomposition U € RP*? are stored in memory as

Uiy U2 v Ulp
0 wup - U2p stored as
[ Uiy, U12, U225 - . -, Ulp, U2p, - - - 7“1515]-
N N—— ~—_— ———
column 1 column 2 column p
0 0 s Upp

Appending a row and column to the matrix U only requires appending p + 1 elements in
memory, without moving any of the other elements. Removing a row and column from
matrix U still requires moving elements in memory, but it is less expensive than for con-
ventional storage as only non-zero elements must be moved. Considering that appending
is a much more frequent operation than removing for the running Cholesky decomposition
(Efron et al. 2004), the performance gains of using column-packed storage are substantial.
This is evident in Figure 6.1, where the computation times for two implementations of
the augmented LARS algorithm are compared: an implementation using the conventional
storage scheme for the Cholesky decomposition (denoted by “conventional” in the graph)
and an improved implementation using column-packed storage for the Cholesky decomposi-
tion (denoted by “column-packed”). For most problem sizes, the “column-packed” storage

scheme leads to substantial improvements in computational speed.
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Augmented LARS solves the optimization of the weighted LS-adaEN objective function
exactly using a sequence of OLS problems and is therefore numerically very stable. Unless
a = 1, changing the penalty parameters requires recomputing the entire sequence of OLS
problems. Each update of the running Cholesky decomposition requires O(p?) flops, where
p < p is the number of active predictors in the step. Therefore, computational complexity
for solving the sequence of K OLS problems is O(Kp?), where K is typically < max(n,p)
unless predictors are highly correlated. Furthermore, if the penalty level is large and hence
the solution has a small number of non-zero coefficients, the augmented LARS algorithm
involves only a few low-dimensional OLS problems and is computationally very efficient.
As for augmented Ridge, updating the weights or data requires recomputing the weighted,
orthogonal predictor matrix X* adding O(n?p + np?) flops. Quadratic computational com-
plexity can also be seen in Figure 6.1. On the square-root scaling of the vertical axis in
these plots the computation time increases linearly with the number of observations n, for
any p.

Closed form solutions for the intermediate OLS problems avoid convergence issues for
augmented LARS. Accurate results, high stability and computational efficiency for sparse
solutions (i.e., large penalty levels) are clear advantages of the augmented LARS algorithm.
A main drawback, however, is the need to store a p X p matrix and, for small penalty levels,
O(p?) flops per step. Furthermore, the algorithm cannot leverage solutions to “proximal”
problems (e.g., after a small change to the penalty level) to speed up computation, a key

advantage of iterative algorithms.

6.1.3 Alternating Direction Method of Multipliers (ADMM)

The Alternating Direction Method of Multipliers (ADMM) algorithm leverages the fact that
the objective function of weighted LS-adaEN (6.1) is compound of the convex weighted LS
loss and the non-smooth (but convex) adaptive EN penalty. For ADMM, the minimization

problem is written in consensus form (Deng and Yin 2016)

argmin Oyrs(u, B) = arg min f(¥)+9(0)
w8 OcRPH1 geR™ (6.6)

subject to § — X0 =0

with f(y) = %HW(y—y) |13 the (scaled) weighted LS loss function, X = (1, X) the predictor

matrix with a column of 1’s for the intercept term, and ¢g(8) the scaled adaptive EN penalty
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function

9(0) = 9((1.AN)7) = ZADax(Brw, ).

The consensus form splits the optimization problem for ¥ and 6 in two independent parts
and one equality constraint. The constrained optimization problem in (6.6) can be cast into

an unconstrained augmented Lagrangian problem
~ ~ ~ S T A <
L:(0,%,2) = f(§) +9(0) +27(y — X6) + S |y — XO5

with step size 7 > 0 and dual variable z € R™ for the consensus constraint (Bertsekas 1982;
Deng and Yin 2016).

In the augmented Lagrangian formulation of the minimization problem, parameters y
and @ are separable up to a quadratic term. The augmented Lagrangian problem is solved

iteratively by

glk+1) — arg min Lr(f’(k), g,z(k)) (6.7)
0

glE+D) — arg min L. (¥, 9(k+1)7z(k)) (6.8)
y

gD — (k) _ (y(k+1) _ Xg(kﬂ)) (6.9)

where k& > 0 is the iteration counter.

The challenge computing the first step (6.7) in the ADMM iterations stems from of the
product X6 in the quadratic penalty term. To simplify the step, it can be approximated
by linearizing the quadratic term %Hy(k) - XGH% by a first-degree Taylor expansion around

o)

SlI5® =93 o r(5® — XM)TX6 + X (6 - 6) 3
<r ((y ~XOW)TRo + L0 - 0<’“>\|§)
T

with 0 < 7/ < 1/||X||?> (He and Yuan 2015). Instead of (6.7), this “linearized” ADMM
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solves the minimization problem
0%+ = argmin L. (3%, 0, 2*))
(7]

= argming(8) + 7 <(9 _ g(k))T ' (Xe(k) — 9k 4 1Z(kz)> H9 ok H2>
I4] T

= argmin g((0,87)7)
w8

+T<5TXT <Xﬂ(’“ -3 >+iz<’“>) 9ETE+ I8 - ﬁ'“)|!2>

1 2
o (WW 080 430" yfk))) “ a0 (=0
=1

where X € RP is the vector of column means of the predictor matrix X. This minimization
problem can be solved separately for the intercept and slope. The updated intercept using

the linear approximation is
D = ® (nu(k) FnxT ) 4 3o :aE’“)) - (6.10)
i=1

The updated slope can be represented by the proximal operator of the adaptive EN penalty:

B+ — ProX /mg <5(k) - 7XT <X,B(k) —y® 4 j_z(k)> - m',u(k)>_<> . (6.11)

Following Parikh and Boyd (2014), the proximal operator prox,(: R? — R? of a closed

proper convex function f: R? — R, scaled by positive scalar n € Ry, is defined as

. 1
prox,(u) = argmin { /(v) + 5 Ju— VI |
veR? n

The proximal operator of the EN penalty is thus the scaled, coordinate-wise, soft-thresholding
operator (Parikh and Boyd 2014):

(6.12)

sgn(u;) max(0, [uj| — now;) )p

j=1

Once the first step in the ADMM iterations is computed, the second step (6.8), can be
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easily solved by

§H) = arg min L, (3, 84+, 59) = (1 + ivaz) 1 (xmkﬂ) F (Wi z<k>))
y
and involves only the inverse of a diagonal matrix. The final step (6.9) is a simple vector
update and does not incur substantial computations.

A single iteration for linearized ADMM can be computed very efficiently, requiring only
O(pn) flops. The convergence rate and hence the number of iterations of the linearized
ADMM algorithm depends on the rank of the predictor matrix X as well as the elastic net
parameter a. Deng and Yin (2016) show that if either X has full column rank or o < 1
(i.e., the EN penalty is strongly convex), 8%) converges “Q-linearly” to a global minimum

0", meaning there exists a ¢ € (0,1) such that

||0(k:+1) _ 0*||2 _
16%) — 6|,

In the case where a =1 (i.e., adaptive LASSO) and X does not have full column rank, the
convergence rate of linearized ADMM is only sub-linear (Davis and Yin 2017), in the sense
that the value of the objective function converges sub-linearly to the value of the objective

function at a global minimum,

(FE™) + g(6")) — (F(X0%) + g(6%)) = O(1/k).

Theoretically, linearized ADMM converges for any choice of the step size parameter
7. The actual speed of convergence of linearized ADMM, however, depends heavily on
the value chosen for 7. If 7 is too small or too large, the algorithm may not converge
within a reasonable number of iterations or even diverge due to numerical instability. The
convergence rates in Deng and Yin (2016) can be used to determine an “optimal” step size if
X is of full column rank or o < 1. In the case where both conditions are satisfied, the optimal
step size is the product of the minimum and maximum weights, 7 = min; W“ X max; Wu In
case neither condition is satisfied, the step size is more difficult to tune, and no theoretical
guidance is available.

Steps 6.10, 6.11, 6.8, and 6.9 are iterated until the gap between iterations is sufficiently

small, i.e.,
g4+ — 903 + 125 —2®)3 < e
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for a small convergence threshold € > 0, or until the algorithm exceeds the prespecified
maximum number of iterations.

Overall, linearized ADMM can be very efficient, but a change to the data requires
computing the “linearization” step size 7/, incurring an additional O(p?n) flops. The main
advantage of linearized ADMM is that a single iteration is very efficient and that it can
leverage solutions to “proximal” problems. However, convergence can be very slow if the

step size is not chosen properly.

6.1.4 Dual Augmented Lagrangian (DAL)

The DAL algorithm as proposed in Tomioka et al. (2011) is an iterative algorithm which
can be adapted to computing the weighted LS-adaEN estimate. Using the same functions
f and g as defined for the ADMM algorithm (6.6), DAL uses Fenchel’s duality theorem
(Rockafellar 1970, Theorem 31.1) to cast the weighted LS-adaEN objective

argmin Oy s(u, 8) = argmin f(XB + uly) + g(8)
w3 HER,BERP

into its corresponding dual form

argmax  — f*(—a) —g"(v)
acR™ veRP

subject to v=XTa and 1Ja =0

where the second equality constraint encodes the intercept. The functions f* and ¢* are

the convex conjugates of f and g, respectively, and defined as

ff(v)=sup (vTu— f(u)),  g"(v) = sup (vTu—g(u)).
ucR” uceRp

As the name suggests, Dual Augmented Lagrangian iteratively minimizes the augmented

Lagrangian of this dual problem, given by
Lr(o,v,B) = —f () =g (v) + BT(v - XTa — 1]a) — %HV ~ XT3

In Fenchel’s dual formulation the Lagrangian multiplier, 8, corresponds to the primal so-
lution to the weighted LS-adaEN problem (for the slope), and the intercept can be easily

recovered by u = 71} .
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Algorithm 3 Dual augmented Lagrangian algorithm for the weighted LS-adaEN problem.
0).

Input: Initial step size multiplier n > 0, initial solution ﬁ(o), ul
1: 7'1(0) = 7'2(0) = nw?/(n\)
2: a(o) =y — X,B(O)

3: repeat
k
2 B* = prox B ADAN <5(k) + 7 )Xa(k))
Tl w
5 'u(k+1) _ M(k) T TQ(k)ULa(k)
6: T1(k+1) = 27'1(k)
7: if k> 1 and [17a®* Y| > ¢ and |[1Ta®*+D| > |1Ta®)|/2 then
8: 7'2(k+1) = 107'2(k)
9: else
10: 7_2(1:4—1) = 27'2(k)
11: end if
12: a1 = arg ming cgn @py1 (@), where
2
_ Rl (k+1)  (k+1)
ry1(a) = ff(—a) + 27(’”1) prOXwal)w)“I’AN (5 + 7 XO‘)
1 1 2
1 (h+1) D7)
t <” RE 1”0‘)
27y

13: k=k+1
14: until RDG® < ¢ (as defined in (6.13))

Tomioka et al. (2011) propose to solve this dual augmented Lagrangian problem by the

k+1) and

iterative procedure given in Algorithm 3. In the first step on lines 4 and 5, B(
5+ are updated from the previous solution using the dual vector a®). The slope ,B(kH)
is updated through the proximal operator of the adaptive EN penalty as given in (6.12)
and together with the update to the intercept term can be done in O(pn) flops. The
second step updates the step sizes 71 and 7o for the slope and intercept, respectively. The
last step, updating the dual vector a1 is more involved; the strongly convex function
@r+1 can only be minimized approximately using numerical methods. The DAL algorithm
implemented in the pense package uses Newton’s method with backtracking line search
(Boyd et al. 2004, pp. 464ff) for computing an approximate solution a®k*tD Newton’s
method for minimizing (g1 requires inverting the n x n Hessian of ¢1 and hence a total
of O(n?® + n?p) flops. This can be somewhat improved by noting that the Hessian of (1

changes only marginally between iterations and the inversion can be accelerated by using

the previous inverse as a pre-conditioner in the conjugate gradient method (Gentle 2007,
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Algorithm 6.2).

To get exponential convergence of the DAL algorithm the step size needs to increase
at every iteration. Furthermore, to alleviate convergence issues due to the unpenalized
intercept, Algorithm 3 implements the suggestion in Tomioka et al. (2011) to use separate
step sizes for the slope coefficients (Tl(k)) and the intercept coefficient (TQ(k)). If the intercept
coefficient does not change substantially between iterations, the step size for the intercept
is increased aggressively to speed up convergence.

The DAL algorithm is stopped when the relative duality gap, RDG® is less than the

prescribed numerical tolerance € > 0. The relative duality gap is defined as

FXBW + M1, + g(BW) — f*(—& )—g*(XTd%
FXBH 4 u1,) + g(BW)

RDG®) =

with candidate dual vector &*) = ) — %LLLTla(’“).
Tomioka et al. (2011) establish strong convergence results for the DAL algorithm, even
when solving for a**1) only approximately. The DAL algorithm converges super-linearly

to a global optimum, 6*, of the weighted LS-adaEN objective, i.e.,

j0% gy 1
k * — ?
16 — 672 1+2c¢1(k)

for some constant ¢ > 0. It can be seen that convergence is faster the larger the initial
step size 7‘1(0) but a larger step size makes the optimization of @41 more difficult as the
strong convexity constant of ¢y 1 is inversely related to 7 (kH) The default setting in the
pense package is to double the step size in each iteration, as shown in Algorithm 3. The
initial step size is derived from the level of penalization and the scale of the loss function
multiplied by parameter n > 0, using a conservative multiplier of n = 0.01 by default.
Compared to ADMM, DAL is designed to converge in much fewer iterations, but each
iteration carries a substantially higher computational burden. The advantages of DAL are
threefold: (i) DAL performs noticeably better for (severely) ill-conditioned problems than
other iterative algorithms (Tomioka et al. 2011), (ii) DAL is well suited when the number
of predictors p is much larger than the number of observations n and (iii) sparsity in the
primal solution vector 3 can be harnessed to substantially reduce the memory footprint

and computational complexity.

The faster convergence of DAL is clearly visible Figure 6.2 for two simulated data
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Figure 6.2: Distance between the true global minimum, 8", and the solution in the k-th iteration, o
versus iteration counter k for linearized ADMM and DAL for weighted LS-adaEN on two data sets
simulated according to scheme MSI-MH(-2, 8). Observation weights, w; (¢ = 1,...,n) are random
draws from a uniform distribution on [0,4] and the penalty loadings w; (5 = 1,...,p) are from a
uniform distribution on [0, 1].

sets with randomly generated observation weights and penalty loadings. The exact global
minima for these two data sets are computed using the augmented LARS algorithm up
to floating-point precision. The hyper-parameters of the adaptive EN penalty are fixed
at @ = 0.5 and A = Awis /2, where AwLs is the smallest penalty level such that 3 =
0, minimizes the weighted LS-adaEN objective function. As summarized in Table 6.1,
linearized ADMM exhibits linear convergence for a < 1, which is supported by the linear
trend under logarithmic scaling of the distance between the iterates 6*) and the true global
minimum 6*. DAL, on the other hand, converges super-linearly and requires far fewer
iterations than ADMM to get within a distance of 1076 of the true global minimum. In
terms of computational speed, however, DAL only outperforms ADMM if the number of
observations is small and the number of predictors is very large.

Table 6.1 summarizes computational complexity of the algorithms implemented in the
pense package. They are optimized to perform well in the use-cases required for comput-
ing adaptive PENSE estimates. Particular attention is devoted to reducing the overhead
incurred by small changes to the data, for example changing weights between successive
minimizations. These three algorithms for weighted LS-adaEN cover a wide range of prob-
lem sizes and ensure computing adaptive PENSE estimates is feasible in applications with

large and demanding data sets.
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| Augmented LARS  Linearized ADMM DAL
Complexity O(n?p + np? + Kp?) O(Kpn) O(K (n® +n?p))
Data-change overhead - O(p®n) -
# of iterations, K < max(n,p) O(e™) or O(1/k) o(e )

Table 6.1: Comparison of computational complexity of algorithms to minimize the weighted LS-adaEN
objective function (6.1) measured in floating-point operations. For augmented LARS, the number of
steps required K is usually the number of non-zero coefficient values in the result, but in the presence
of highly correlated predictors the number of iterations may be slightly larger. Linearized ADMM
converges linearly, in O(e™") iterations, if the penalty function is strictly convex (i.e., a < 1) or if
XTX is positive definite.

6.2 Initial Estimates

The non-convex objective function of adaptive PENSE bears the need for an elaborate
scheme to find good starting points. These starting points, or “initial estimates”, are a
crucial component of computing regularized S-estimates. Numerical methods for finding
local minima of the non-convex objective function 4.1 converge to different local station-
ary points depending on the chosen starting point. Different strategies are explored in
Section 3.2, while the most reliable strategy for regularized S-estimates is the EN-PY pro-
cedure detailed in algorithms 1 and 2.

The computational burden of EN-PY is substantial due to the computation of leave-one-
out (LOO) residuals required to compute the sensitivity matrix R (line 2 in Algorithm 2)
and because LS-adaEN estimates need to be computed for each potentially clean subset of
the data (line 7 in Algorithm 1). As detailed in Section 3.2.4, it is difficult to match the
level of penalization desired for adaptive PENSE with an appropriate level of penalization
for the EN-PY procedure. Therefore, EN-PY initial estimates are usually computed for a
fixed a but a set of ) penalty levels 2.

In case of multiple penalty levels, line 4 of Algorithm 1 can be improved upon in the
first iteration (¢ = 0) because the index set .#() is the same for all penalty levels. ITtera-
tive algorithms for optimizing the LS-adaEN objective function, such as ADMM and DAL
discussed in Section 6.1, at penalty level Ay, 1 < g < @), converge faster if the minimum of
the LS-adaEN objective function at penalty level A,_; is leveraged. A similar improvement
in the first iteration can be implemented for computing LOO LS-adaEN estimates needed
for the sensitivity matrix R. For subsequent iterations such optimizations are not possible
because the index set .#*) is most likely different for different penalty levels. However, the

iterations can be done in parallel for different penalty levels, leveraging multiple cores with
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Figure 6.3: Comparison of the average time to compute the EN-PY initial estimates using 1 to 8 threads.
Computation time is relative to the average computation time required using 1 thread. Timings are
taken for data simulated according to scheme MSI1-MH(-2, 8) and averaged over 100 runs on a system
with Intel® Xeon® E3-12XX @ 2.70GHz processors (each CPU comprises 4 cores). Augmented LARS
is used to compute LS-adaEN solutions and penalty parameters are fixed at axs = 0.5, w = 1,. The
set 25 = {5 x 10_4XAS, . ,XAS} contains 12 penalty levels, equally spaced on the logarithmic scale,

with Aas given in (6.21).

negligible overhead because these computations are completely independent.

Figure 6.3 shows the speed gains of using 1 — 8 CPU cores simultaneously via threads
for computing the EN-PY initial estimates over a grid of 12 penalization levels, starting
at the smallest penalty level such that 0, is a local optimum, as given in (6.21). For
each combination of n and p, a single data set is randomly generated according to data
generation scheme MSI-MH(-2, 8) and computation is replicated 100 times. The system
has 9 processors with 4 cores each, i.e., sharing data between 4 threads incurs little overhead,
while moving beyond 4 threads involves increased memory management. This is also visible
in Figure 6.3, where performance does not improve noticeably when using more than 4
threads, even for large problems. For all problem sizes, two threads can reduce computation
time almost by half, while for small problems the overhead of more threads can devour the
gains of parallelizing. In general, the more challenging the problem, the more gains from
multithreading. If possible, using as many threads as cores per processor leads to fastest
computation without degrading performance.

Iterations of the EN-PY procedure must be done sequentially, but some steps within
a single iteration allow for efficient parallelization to multiple cores. Computing the LS-
adaEN estimates on the potentially clean subsets (line 7 in Algorithm 1) can be performed
in parallel without the need to share data between cores. Similarly, the LOO estimates used
for the sensitivity matrix R can be computed simultaneously on multiple cores.

In case of the Ridge penalty (o = 0), EN-PY initial estimates can be computed much
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faster by exploiting the linearity of the LS-Ridge estimator. Instead of computing LOO
residuals manually, the elements of the sensitivity matrix R can be computed efficiently by

Rij = y™H; — H;je; /(1 — Hj;) where
H=X(X"X+n-1DA)"'XT and e=y—Hy.

The closed-form solution for the sensitivity matrix considerably improves computational
speed for EN-PY in case of the Ridge penalty. However, the Ridge penalty does not lead
to any coefficient value being exactly 0. Therefore, all eigenvalues of RTR are non-zero
(Q = n, the number of observation in the EN-PY iteration), leading to a large number
of potentially clean subsets and hence the need to compute many LS-adaEN estimates in
line 7 of Algorithm 1.

The EN-PY procedure given in Algorithm 1 returns only the estimates from the last
iteration. The risk of missing potentially good initial estimates can be reduced by tweaking
the algorithm to additionally retain all estimates “close” to the best initial estimate, é(L),
from the final iteration (in terms of their M-scale of the residuals). The EN-PY procedure
implemented in the pense package retains estimates from all previous iterations which have
less than twice the M-scale of the residuals from the best initial estimate. The threshold can
be changed to retain more or less estimates from previous iterations. Retaining estimates
from previous iterations increases the computational burden but boosts the chances of
finding global optima.

The main computational challenge for EN-PY is solving a large number of LS-adaEN
subproblems. Furthermore, numerical instability or convergence issues of algorithms are
difficult to correct automatically but can have a detrimental effect on EN-PY. It is therefore
important to employ efficient and stable numerical algorithms, chosen according to the
dimension of the sample. Section 6.1 details the algorithms available in the pense package.
Computation can be accelerated by leveraging “proximity” of LS-adaEN problems arising
in the EN-PY procedure. When computing LOO estimates, for example, the estimates are
unlikely to differ drastically from each other. Therefore, the computational burden can be
substantially decreased by leveraging the LOO estimate é(,(i,l)) when computing the LOO
estimate é(_i), 1=2,...,n in line 2 of Algorithm 2.

The algorithm for solving the LS-adaEN subproblems needs to be chosen in accordance
with the dimensions of the problem. Figure 6.4 shows computation time for EN-PY initial

estimates using different algorithms to solve the LS-adaEN subproblems for several com-
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Figure 6.4: Comparison of the median time (on log-scale) for computing EN-PY initial estimates using
different algorithms to the solve LS-adaEN subproblems. The shaded areas depict the inter-quartile
range over 50 replications on a system running on Intel® Xeon® CPU E3-12XX @ 2.70GHz processors.
Data is simulated according to scheme MS1-MH(-2, 8) with varying number of observations (n)
and predictors (p). Penalty parameters are fixed at axs = 0.5, w = 1,, and the set 2;(a) =

{5 x 107*Aas, - - ., Aas} contains 12 penalty levels, equally spaced on the logarithmic scale, with Aas
given in (6.21).

binations of the number of observations, n, and number of predictors p. As suggested by
the computational complexity of the different algorithms in Table 6.1, the DAL algorithm
outperforms others if the number of observations is reasonably small but the number of pa-
rameters is large. The DAL algorithm leverages proximal solutions particularly well, often
requiring only one or two iterations when computing LOO estimates, making it particularly
well suited for the EN-PY procedure as long as n is not too large. The LARS algorithm,
on the other hand, does not benefit from proximal solutions but giving its efficient imple-
mentation it is usually the fastest option if the number of predictors is small to moderate.
Computational complexity of linearized ADMM is linear in both n and p, but because
changing the data incurs additional O(p?n) flops, ADMM is recommended for EN-PY only
if both n and p are large.

For each A in the set of penalty levels, 27, the EN-PY procedure yields a set of initial
estimates .7 (A). Due to the difficulty of matching the penalty level between the EN-PY
procedure and adaptive PENSE, the implementation in the pense package combines all
initial estimates into one large set of initial estimates 7 = (J,cp, 7 (A). Each of these
initial estimates is subsequently used to find local minima of the adaptive PENSE objective

function.
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6.3 Computing Local Minima

Once a set of reliable starting points, .7, is obtained the task is to locate local minima of
the adaptive PENSE objective function (4.1) close to these starting points. The adaptive
PENSE objective function is not continuously differentiable everywhere, making gradient-
based methods or Newton’s method unusable (Parikh and Boyd 2014). Subgradient-based
methods are a generalization of gradient-based methods for non-smooth functions (Shor
1985). Subgradient-based methods are conceptually simple, but convergence to local sta-
tionary points is generally slow and not ascertained for the non-convex adaptive PENSE
objective function (Bagirov et al. 2013). While some adaptations of subgradient-based
methods improve convergence for non-convex problems (e.g., Bagirov et al. 2013), they
are in practice unstable for large-scale problems. For adaptive PENSE, the most stable
and efficient numerical algorithms are based on the Minimization by Majorization (MM)
principle.

MM algorithms are a broad class of algorithms with many applications. Lange (2016)
provides an extensive overview of the theory and applications of MM algorithms. The
general idea of MM algorithms is very versatile yet simple. For adaptive PENSE, for
instance, the goal is to find a local minimum of the objective function &,5(8) over @ € RPTL
starting from an initial guess 0. Key to MM algorithms is finding a “surrogate” function
with majorizes the true objective function at anchor point *. A function ¢(8]0*) is said to

majorize the objective function 0,s(0) at 0™ if
g(0*10*) = 0:s(6%) and ¢(0]60*) > O,s(0) for all @ € 6 € RPTL, (6.14)

In other words the majorizing surrogate function g(8|0*) equals the true objective function
at 0™ and is greater than the true objective function everywhere else. An MM algorithm
sequentially minimizes surrogate functions until a fixed point of the true objective function

is reached. Starting from the initial guess 0(0), the sequence of steps is given by

0+ — arg min g(8]60™")) (6.15)
OcRpr+1

for k = 0,1,... until d (0(k+1),0(k)> < € where d : RPT1 x RPFL 5 [0, 00) is a distance

metric and € > 0 a numerical tolerance level. Iterations of MM algorithms are guaranteed
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to produce a sequence of estimates with non-increasing value of the objective function:
Os(8FD) < g(0% 1 19M)) < 600 |9M) = 0,5(0W). (6.16)

The first inequality and last equality are due to g being a majorizing function and the

(k+1) minimizes g(8]0*)). For a suitably chosen surrogate

middle inequality holds because 6
function, the iterates (6.15) converge at least sub-linearly to a stationary point of the true
objective function close to the initial guess 6 (Lange 2016). This stationary point does
not have to be a local minimum, but because the adaptive PENSE objective is optimized
for a multitude of starting points, saddle points and local maxima are very likely screened
out at the end.

The idea is that a difficult problem (i.e., finding local minima of the true objective
function) is replaced by a sequence of simpler problems (i.e., finding minima of surrogate
functions). This implies that the surrogate function g(8|6*) must be reasonably simple and
easy to minimize for MM algorithms to be of use. For adaptive PENSE, it suffices to find a
surrogate function for the S-loss, as the adaptive EN penalty is already convex. From 6.14 it
is evident that combining a majorizer of the S-loss with the adaptive EN penalty majorizes
the entire adaptive PENSE objective function.

The local representation of the objective function as a weighted adaptive LS-EN problem,
introduced first in Section 3.1, proves important for deriving a surrogate function of the
adaptive PENSE objective function. Let X = (1,,X) € R™#+1) be the predictor matrix
augmented by a column of 1’s for the intercept term. For any anchor point 8* € RPF!,

consider the local surrogate function

gs(016%) = % HWG* (y - XG) Hz + AasPan(B; w, aas)

— ﬁWLS(97 We*)

(6.17)

with diagonal weight matrix Wy« € R™*™ having diagonal elements

1Ay  — X10*
w; = p'(7i) /T whereﬂ:%i’ i=1,...,n.

N %22:1 P (Tr)Tk on(07) 7

It is easy to verify that gs(€|0*) coincides with the adaptive PENSE objective function
at 0%, but this surrogate function is not ascertained to majorize the objective function

everywhere. Following Fan et al. (2018), it is not necessary for the surrogate to majorize
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the true objective function everywhere for the MM algorithm to produce a converging
sequence of iterates. The sequence converges as long as the surrogate majorizes the true

objective function locally, i.e., satisfies the local property
Ors(0F D)) < g+ (R, (6.18)

The MM algorithm implemented in the pense package utilizes the weighted LS-adaEN
surrogate function as defined in (6.17) despite the lack of proof that the local property (6.18)
holds. If at any iteration property (6.18) is violated, the iteration can be repeated using a
shifted and scaled weighted LS-adaEN surrogate function until the local property is satisfied.
In practice an instance where the local property is violated by the surrogate (6.17) has
yet to emerge, suggesting that the surrogate does indeed satisfy the local property. Local
minima of the adaptive PENSE can therefore be computed efficiently by sequentially solving
weighted LS-adaEN problems.

Numerical tolerance for solving LS-adaEN problems

These weighted LS-adaEN problems are simpler than the non-convex adaptive PENSE
objective function, but they are not solvable exactly either. Many numerical algorithms to
solve weighted LS-adaEN problems do so up to a prescribed numerical tolerance. From the
non-increasing sequence in 6.16 it can be seen that the surrogate functions do not have to be

minimized exactly as long as iterates ok+1)

reduce (or at least not increase) the surrogate
objective function.

This observation opens avenues for improving performance of MM algorithms. Consid-
ering a desired numerical tolerance for local optima of € as defined below (6.15), only the
last MM iteration must solve the surrogate problem with numerical tolerance less than e,
preceding iterations can solve the surrogate problems with less accuracy. The idea is in
the same spirit as the continuous analogue of the MM principle discussed in Lange (2016,
p. 110), without requiring a strictly convex or smooth surrogate function. To improve nu-
merical stability, the surrogate problem must be solved with higher accuracy than € in the
final iterations. The implementation in the pense package solves the surrogate problems in
the final iteration with a more stringent numerical tolerance of € = ¢/10. Using less accurate
iterations generally increases the number of MM iterations required to find local optima,

but at the same times decreases the computational burden of minimizing the surrogate

function. The actual speed improvement depends on the strategy to choose the accuracy
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for MM iterates and on the computational complexity of initializing the algorithm for the
surrogate problem with “reweighted” data and savings from weaker demands on accuracy.

The pense package implements two “tightening” strategies to reduce computation time:
exponential and adaptive. Exponential tightening sets the initial numerical tolerance level
to €(© = \/&. If the surrogate objective decreases in the k-th MM iteration, in other words,
g(0F19%)) < g(8*)|9*)), the numerical tolerance is adjusted to

(1) (6’ min (d(e(k—i-l)’ g(k))7 6(k)g/zr«)) :

where K is the maximum number of MM iterations. If the surrogate objective function is not
decreased, the iteration is repeated with a smaller numerical tolerance, i.e., e#) = e¢*)¢1/10,

Adaptive tightening, on the other hand, decreases the numerical tolerance for the sub-
problems only if the parameter does not change meaningfully. As for exponential tightening,
the initial numerical tolerance level is €(?) = \/é. The “aggressiveness” of adaptive tighten-
ing, and what is considered a meaningful change in the parameters, is controlled through
the maximum number of adjustments S, with a default value of S = 1. If the surrogate
objective decreases in the k-th MM iteration but the parameter values do not change sub-
stantially, the numerical tolerance remains constant, i.e., e#t1) = (k) Adaptive tightening
takes action if the surrogate objective decreases in the k-th MM iteration and the change in
parameter values, d(e(k+1), H(k)) < € adjusting the tolerance to ¢t = ¢®)el/S In case
the surrogate objective function does not decrease, the iteration is repeated with a tighter
numerical tolerance ¢¥) = (k) gl/(25)

The effect of these different tightening strategies is shown in Figure 6.5 for a single sim-
ulated data set with desired convergence tolerance ¢ = 10~%. The plot on the left shows the
relative difference in the value of the adaptive PENSE objective function between consecu-
tive iterations as well as the convergence tolerance for the surrogate problem, ¢®). Without
tightening strategy (solid black line), the convergence tolerance for the surrogate problem
remains fixed at € = 1077, in which case the MM algorithm converges after 7 iterations.
With adaptive tightening (dashed light-blue line), the number of MM iterations increases
to 10, and for exponential tightening (dotted blue line) 26 MM iterations are required.
While the tightening schemes lead to more MM iterations, the total number of iterations
performed by ADMM are 1851, 617, and 583 for no tightening, adaptive tightening, and
exponential tightening, respectively. The plot on the right highlights that tightening strate-
gies reduce the number of ADMM iterations especially for the first few MM iterations. At
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Figure 6.5: Convergence path of different tightening strategies for the MM algorithm for adaptive PENSE.
The weighted LS-adaEN solutions are computed using linearized ADMM. Data is generated according
to scheme MS1-MH(-2, 8) with 100 observations and 400 predictors. The gray lines in plot (a) depict
the numerical tolerance to solve the surrogate problems for the different tightening strategies at each
iteration. Penalty parameters are fixed at aas = 0.5, w = 1p, and Aas = Aas/2, with Ass given
in (6.21). The MM algorithm is started at 0,1 and the convergence tolerance is ¢ = 1075,

these initial iterations, the MM iterates change considerably and it is not necessary to solve
the surrogate function precisely. Once the MM iterations approach the local minimum of
the adaptive PENSE objective function, however, more precise solutions are necessary to
avoid “zigzagging” around the local minimum.

Figure 6.5(b) also shows the numerical tolerance level at each MM-iteration, ¢(*), visu-
alizing how tightening strategies work. As described above, adaptive tightening reduces the
numerical tolerance of the surrogate problem once the relative change between iterates is
smaller than ¢®). After one adjustment, adaptive tightening uses the maximum accuracy of
€ = 1077, From the right plot it can further be seen that as soon as the numerical tolerance
is lowered, ADMM requires substantially more iterations. With exponential tightening,
on the other hand, the numerical tolerance changes more gradually and ADMM needs in
general less iterations to converge in the individual MM iterations. At the very end the
numerical tolerance is reduced to the desired accuracy of € = 1077, leading to slightly more
ADMM iterations.

The smoother adjustment of the numerical tolerance for exponential tightening leads in
general to a lower number of ADMM iterations. This trend is also visible in Figure 6.6(a),
where the total number of ADMM iterations required per adaptive PENSE minimization

(relative to the number of ADMM iterations required if no tightening strategy is used) are
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Figure 6.6: Performance of the MM algorithm (using the linearized ADMM algorithm to minimize the
surrogate functions) for computing local minima of the adaptive PENSE objective function, using
different tightening strategies. Figure (a): Number of ADMM iterations required to compute a local
minimum of the adaptive PENSE objective function for different tightening strategies, relative to the
number of ADMM iterations required with no tightening strategy. Figure (b): Median runtime of
the MM algorithm with different tightening strategies to compute a local minimum of the adaptive
PENSE objective function. The vertical axis is on the log-scale. The shaded area around the median
depicts the inter-quartile range from 50 replications measured on a system with Intel® Xeon® KE3-
12XX processors clocked at 2.70GHz. Data is generated according to scheme MSI-MH(-2, 8) and
penalty parameters are fixed at aas = 0.5, w = 1,, and Aas = XAS/Q, with Aas given in (6.21). The
MM algorithm is started at 0,11 and the convergence tolerance is set to 1075,

compared for exponential and adaptive tightening. Both tightening strategies lead to a
substantial decrease in the total number of ADMM iterations required, with exponential
tightening leading to a slightly greater reduction. This translates to decreased computation
time as evident in Figure 6.6(b), where the time required to compute a minimum of the
adaptive PENSE objective function is shown for different problem sizes. Albeit the overall
reduction in computation time is not as pronounced as the reduction in ADMM iterations,
tightening saves computing resources especially for large problems.

Tightening works well with linearized ADMM, but less so with DAL. Adaptive tightening
slightly reduces the number of DAL iterations required, but exponential tightening increases
the number of DAL iterations substantially, almost tripling the number of DAL iterations
in the numerical experiments for Figure 6.6. The reason for this inflation of DAL iterations
is that the convergence criterion employed by DAL (the relative duality gap) is not linearly
related to the relative change in the coefficient values as used by the MM algorithm to
determine convergence. Furthermore, if the weights change, the inner minimization carried

out for DAL (step 12 of Algorithm 3) cannot re-use the Hessian from the previous iteration,
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Figure 6.7: Median time for computing local minima of the adaptive PENSE objective function (4.1)
by the MM algorithm using different algorithms to solve the weighted LS-adaEN subproblems. The
MM algorithm uses adaptive tightening for ADMM, while no tightening is used for DAL and LARS
algorithms. The vertical axis is on the log-scale and the shaded area around the median depicts the
inter-quartile range from 50 replications measured on a system with Intel® Xeon® E3-12XX processors
clocked at 2.70GHz. Data is generated according to scheme MS1-MH(-2, 8) and penalty parameters
are fixed at aas = 0.5, w = 1,, and A\as = XAS/Q, with Aas given in (6.21). The MM algorithm is
started at 0,41 with convergence tolerance set to 1076,

leading to overhead in the computations which cannot be compensated by a moderate
reduction in the number of DAL iterations through tightening.

Performance of the MM algorithm with each of the three algorithms for weighted LS-
adaEN described in Section 6.1 is shown in Figure 6.7. It is noticeable that the augmented
LARS algorithm outperforms the other algorithms for small p or large n. As expected,
the DAL algorithm is competitive for a small number of observations and when the num-
ber of predictors is large. However, as already noted above, changing weights causes the
DAL algorithm to recompute the Hessian required for the inner minimization from scratch.
Therefore, DAL is better suited for use in the EN-PY procedure where changes to the data
are more gradual than in the MM algorithm, except for scenarios with many predictors and
few observations. Linearized ADMM, on the other hand, strikes a balance between aug-
mented LARS and DAL and is suggested for situations where both n and p are moderate
to large. An important property of the augmented LARS algorithm which is not visible
in these plots is its accuracy. While augmented LARS is often outperformed by iterative
algorithms, iterative algorithms are more prone to convergence issues, leading in turn to
convergence problems for the MM algorithm.

The MM algorithm developed for adaptive PENSE delivers reliable and scalable perfor-
mance. Allowing the use of any algorithm for solving weighted LS-adaEN subproblems, the

MM algorithm is adaptable to many problems. Tightening strategies further reduce com-
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putational complexity of solving a large number of subproblems with iterative algorithms.

These optimizations become even more important when the MM algorithm is run nu-
merous times. The algorithm described in this chapter locates a local minimum for fixed
hyper-parameters and a single starting point. In practice, a large set of different starting
points needs to be explored to increase chances of finding a global optimum of the objec-
tive function. Furthermore, good values for the hyper-parameters are unknown in advance
and need to be selected in a data-driven fashion, involving multitudinous minimizations.
The solutions developed for the MM algorithm and weighted LS-adaEN algorithms are cru-
cial to make large-scale explorations possible, but there is room for even more aggressive

optimizations.

6.4 Computing Adaptive PENSE for Many Hyper-Parameters

As detailed in previous chapters, good values for the hyper-parameters of PENSE and
adaptive PENSE are in practice unknown and need to be selected based on the available
data. Sections 3.5 and 4.1.1 outline the benefits and shortcomings of using K-fold cross-
validation for hyper-parameter selection. The computational burden makes K-fold CV
challenging in larger problems. The pense package combines several heuristics, as outlined
below, to make cross-validation a feasible strategy for hyper-parameter selection for adaptive
PENSE.

Throughout this section it is assumed that the penalty loadings w € RE are fixed. For
adaptive PENSE, this means that both the initial estimate ,é and the exponent ¢ are fixed.
If ¢ is to be chosen based on the available data as well, the steps detailed below can be
repeated for different penalty loadings.

Hyper-parameter selection via K-fold CV relies on suitably standardized data to ensure
comparability of penalization levels across CV folds. To simplify standardization within
each individual CV fold, the entire data set (y,X) is standardized as well. The goal of
standardization is to make penalization levels more comparable between individual CV
folds and the full data set, requiring the S-loss function, %%, to be on a standardized scale.

Every predictor is centered and scaled by its univariate location and scale estimated as
fij = argmin oy (x.; —p) and 65 =om(x; — ;) forj=1,...,p.

o

Similarly, the S-estimate of location of the observed responses fi, = argmin, 6y (y — )
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is used to center the response. With these estimates of location and scale the data is

standardized by

y=y—jy and X:(X'liﬂl,...,x’p_up>. (6.19)
An estimate 6 computed on the standardized data can be un-standardized according to

B =diag(1/61,...,1/6,) B and j=fi— fiy + (fir, ..., fip) B- (6.20)

To avoid introducing distracting notation the subsequent steps assume that the data set
(y,X) is standardized.

For given penalty loadings w, the goal is to select a tuple (a*, \*) of hyper-parameters
leading to good prediction performance of the estimate. As long as 0 < a < 1, the effect of
the a parameter on the estimate and hence the prediction performance is small compared
to the effect of the penalization level A\. Furthermore, «, the balance between the L1 and Lo
penalties, can be more intuitively interpreted. Therefore, it is usually sufficient to consider
only a small number of different values for «. In the following, the set of values considered
for the parameter « is denoted by .7, which typically consists of only a few values, e.g.,
o = {1/3,2/3,1}. Since variable selection is of primary concern, .o/ usually does not
contain 0. While the adaptive PENSE objective function is smooth in «, the coarse grid
&/ does not emit any gains in computational performance when sharing information across
values in &/. Therefore, prediction performance of adaptive PENSE at different hyper-
parameter settings is estimated independently for each value of o in & according to the

following steps.

Step 1 (defining a grid of penalization levels): The penalization level A has a much
more pronounced yet subtle effect on the adaptive PENSE estimates than the hyper-
parameter «. It is therefore important to cover a wide range of penalization levels over
a fine-grained grid. Going beyond a penalization level where all coefficient estimates are
necessarily 0 is pointless but determining this penalization level is difficult due to the non-
convex objective function as discussed in Section 3.5.1. The results in Section 3.5.1 can be

extended to show that for given o and penalty loadings w, the smallest penalization level
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for which 0, is a stationary point of the adaptive PENSE objective function is given by

XAS =

1 n )

Y= )i = g 6.21
nwja jg}%?ip ;wz (¥ — fiy) (yi — [1)745 ( )
with i, = argmin, 6\(y — p) and weights w;(y — fiy) as defined in (3.3). For standardized
data, fi, = 0.

It is typically not necessary to consider penalization levels greater than XAS. The pense
package spans a logarithmically-spaced grid of @) penalization levels from XAS to 10_3ozXAS,
denoted by 2 = {\1,...,A\g}. It is important to note that the penalization levels are in
decreasing order, i.e., Ay > Ag41, forallg=1,...,Q — 1.

Step 2 (defining CV folds): With o and 2 fixed, the n observations are randomly split
into K cross-validation folds. The K CV folds are defined through randomly generated
“folds”, i.e., disjoint index sets .2 < {1,...,n}, k =1,..., K of roughly equal size which

include all observations, i.e. [Ji_, .#® = {1,...,n}.

Step 3 (cross-validation): For every single fold .#(*)| the training data is defined by
. . T
y® = (yZ i ¢ 5”“”) X*) = (XZ’I i¢ Y(k)>

and contains n — |.*¥)| observations.

With the reduced number of observations in the training data, the robustness param-
eter § needs to be adjusted. Given ¢ fixed beforehand, at most |nd| observations may be
contaminated. Since the training data is a random subset of the entire data set, all con-
taminated observations may be contained in this particular subset. To guard against this
potentially increased proportion of contamination, the parameter needs to be adjusted to
6*) = |nd|/(n—|#®]). In other words, cross-validation effectively decreases the maximum

breakdown point attainable by robust estimators to § < 0.5(n — maxp—1,_ K |<7(k)|).

Step 3.1 (standardizing training data): The training data is standardized according
to (6.19), with the location and scale estimates 6, /i, and fi, estimated on the training
data. The fixed penalization levels 2 have approximately the same effect on the adaptive
PENSE estimate computed on the standardized training data as if computed on the entire

standardized data set.

Step 3.2 (computing the regularization path): The grid of penalization levels typi-
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cally contains many different values and computing adaptive PENSE solutions for each of
these levels is computationally the most demanding step. To ensure K-fold CV is feasible
even for larger data sets, the pense package optimizes computing all estimates along this
“regularization path”, i.e., for all A € 2 where a and w are fixed, as detailed in Algorithm 4.

Before the regularization path can be computed, initial estimates .7 are obtained ac-
cording to Section 6.2. It is both unfeasible and unnecessary to compute initial estimates
for every penalty level in 2. By default, the pense package computes initial estimates for
every fifth penalization level, 25 = {A1, X¢, A11, ... }. Many initial estimates do not lead to
a good local optimum or lead to the same optimum found with a different starting point.
To avoid squandering computational resources on initial estimates without merit, the pense
package employs a two-stage strategy for computing the regularization path.

For every penalty level A\, the algorithm is separated into two stages: exploration and
improvement. In the exploration stage, approximate solutions are computed by the MM
algorithm with relaxed numerical tolerance (e.., = 0.1 by default) and no tightening. To
increase chances of finding good local optima, the MM algorithm in the exploration stage
is started from every solution found for the previous penalty level A,_; as well as all initial
estimates in .7. Using a looser numerical tolerance in the exploration stage, the MM
algorithm runs for only a few iterations, reducing the computational burden of exploring
all possible starting points.

In the second stage, the MM algorithm is started from each of the M best approximate
solutions. In this improvement stage, the MM algorithm runs until convergence to the
desired numerical tolerance (by default 107%) and the best solution is retained for each
A € 2. In both the exploration and improvement stage, solutions are judged by their
associated value of the adaptive PENSE objective function. This two-stage approach strikes
a balance between vast exploration and feasible computation and is successfully applied for
many other robust estimators as well (e.g., Salibidn-Barrera and Yohai 2006; Rousseeuw
and Van Driessen 2006; Alfons et al. 2013). Empirical results suggest that “good” solutions
can be differentiated from “bad” solutions after only a few iterations of the MM algorithm.

The inner loops of Algorithm 4 (on lines 4 and 13) can be efficiently distributed among
multiple cores, significantly accelerating computation. The outer loop, however, must be
done sequentially as sharing information between subsequent penalization levels improves
the likelihood of uncovering good local optima.

Step 3.3 (predicting values): Prediction performance of the coefficient estimates along

the regularization path is estimated through the prediction error on the test set in the CV
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fold. The coefficient estimates must be un-standardized using (6.20) with location and
scale estimates obtained for the training data in step 3.1. The prediction errors from un-

) é(Q)

A(1
standardized estimates {9( e } are then given by

5(a)

ei,q:yi—ﬂ(q)—x}ﬂ foralliey(k),qzl,...,Q.

Step 4 (computing estimate of prediction performance): After step 3, each obser-
vation ¢ = 1,...,n has @ associated prediction errors; one for every considered penalty
level. Prediction performance of adaptive PENSE estimates at each penalization level is

estimated by the 7-scale of the prediction errors

2
1 & |eiql
7 = — max | ¢... —M——— O R= =1,... 6.22
a,\g n ; T Median ‘62/ ql , 4 s 7Qa ( )
= i'=1,...,n

where efficiency constant ¢, = 3 by default in pense.

Step 5 (repeating CV with different splits): The non-convexity of the objective func-
tion leads to difficulties for cross-validation, as detailed in Section 3.5. This is underlined
by empirical results showing that the CV curve of the prediction performance is typically
very rough and unstable; varying whimsically between different cross-validation splits. This
is clearly visible in the left panel of Figure 6.8, showing the cross-validated prediction per-
formance of adaptive PENSE using two different CV splits on simulated data alongside
prediction performance as estimated on an independent validation set. The individual CV
curve roughly match the prediction performance from the validation set, but the curves
are capricious. Considering only a single CV curve to determine good hyper-parameters
is therefore suboptimal as the location of the minimum is most likely not corresponding
to a level of penalization leading to the best prediction performance. When averaging the
prediction performance estimated over several replications (i.e., cross-validation splits), the
CV curve exhibits a smoother surface as shown in the right panel of Figure 6.8. Therefore,
the implementation in the pense package repeats steps 2 to 4 R times and averages the

prediction performance at every )\, over these R replications:

R
_ 1 R
Ta,)\q:EZTCE:g\q acd, q=1,...,Q.

r=1
Averaging multiple CV replications leads to a smoother CV curve and furthermore allows
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for accurate estimation of the variability of the estimated prediction performance at any
considered penalty level. This enables a more sensible selection of the hyper-parameters for
adaptive PENSE. For a fixed o a commonly employed strategy is to not choose A\, at which
the average prediction performance is minimized, but to rather choose a larger penalization
level (i.e., a sparser solution) at which the average prediction performance is statistically
“indistinguishable” from the smallest average prediction performance. The pense package
implements this strategy by allowing the user to specify the multiple of the standard er-
ror of the smallest average prediction performance considered “indistinguishable”, i.e., a
generalization of the “one-standard-error” rule (Hastie et al. 2009). In Figure 6.8(b), for
example, the error bars depict one half standard error and the average best prediction per-
formance is achieved with A ~ 8.8 (21 non-zero coefficients). Using a sparser coefficient
vector estimated at A ~ 13.2 (15 non-zero coefficients), leads to very similar prediction
performance with fewer selected predictors and lower false-positive rate (the true model in

this simulation has 16 non-zero coefficients).

Steps 1 to 5 are performed independently for every a € /. With multiple replications
of CV for each «, selecting good hyper-parameters for PENSE and adaptive PENSE is
computationally very taxing. While many steps can be efficiently parallelized onto multiple
cores or compute nodes, the two-stage approach for computing the regularization path with
Algorithm 4 is important to ensure scalability. Without the optimized algorithms described

in this chapter, computation would not be feasible for realistic problem sizes.

6.5 Summary

Computation of adaptive PENSE estimates is challenging yet crucial for successful appli-
cation. Easing the use of adaptive PENSE and making it available to a large audience, the
R package pense is published on CRAN, the central system for packages extending R. The
design goal of the pense package is to make adaptive PENSE a versatile tool and applicable
to a wide range of problems.

Non-convexity of the objective function combined with necessary selection of hyper-
parameters and possible contamination require several novel or adapted computational op-
timizations to make adaptive PENSE a method of choice. It turns out that all computations
can be decomposed into a series of weighted least-squared adaptive elastic net problems.
Each of these subproblems is convex and solvable efficiently. However, because of their sheer

number, even these supposedly banausic subproblems require diligent optimizations using
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Algorithm 4 Regularization path of adaptive PENSE

Input: Set of penalty levels 2 = {\1,...,Ag} in decreasing order, set of initial estimates
7, maximum number of estimates to improve, M > 0, coarse convergence tolerance for
exploration €., > 0.

(0
1: Define 0( ) — 0pt1.
2: forg=1,...,Q do

3: Initialize an empty set of approximate solutions %@ = {}.
~ A(g—1
4: foree{O(q )}U9d0
5: Starting the MM algorithm from 0, compute an approximate solution ] using a

convergence tolerance of e.,,.

6: if Set of approximate solutions is not full, i.e., |2@| < M then

7 Add 0 to the set of approximate solutions, Z(%.

8: else if 0(0;)\,) < max{0(8;),): 0 € Z9} then

9: Replace the worst approximate solution in Z@ by 0.

10: end if

11: end for

12: Initialize best optimum as é(Q) = 0py1.

13: for 6 € B do

14: Starting the MM algorithm from 6, compute a local minimum of the adaptive
PENSE objective function, denoted by 6.

15: if 0(0;),) < L(OW; \,) then

16: Update the best optimum to 519 _ 6.

17: end if

18: end for

19: end for

20: Return the set of all solutions, {é(l), ce é(Q)}.

the specific characteristics of the sequence of problems. The pense offers three algorithms
for weighted LS-adaEN with optimizations to efficiently handle small changes in the data
matrix or in the weights. Each of these three algorithms has certain features making them
applicable to specific problem sizes and configurations, covering a wide range of problems.

Numerically locating optima of the non-convexity adaptive PENSE objective function
necessitates a careful selection of starting points using the EN-PY procedure. Computing
EN-PY initial estimates simultaneously for several penalty parameters allows for compu-
tational shortcuts. Once these starting points are computed, local optima of the adaptive
PENSE objective function can be computed using a minimization-by-majorization (MM)
algorithm. I show that the weighted LS-adaEN objective function with properly chosen
weights is a useful surrogate function for the adaptive PENSE objective function. Solving

a sequence of these weighted LS-adaEN problems leads to a local minimum of the adaptive
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Figure 6.8: Prediction performance of adaptive PENSE (a = 0.5) estimated by 100 replications of 7-fold
cross-validation on data simulated according to scheme MS1-MH(-5, 2) with n = 100 and p = 32. The
black dashed line in both plots shows the prediction error as estimated on an independent validation
set. The error bars in the right plot depict half the standard error.

PENSE objective function. Computing a large number of these local minima using differ-
ent starting points improves the likelihood of finding a global minimum, or at least a local
minimum close to the global minimum, unaffected by contamination.

A good choice of the hyper-parameters governing the penalization of the estimates is
unknown in practice. Selecting these hyper-parameters therefore usually involves comput-
ing adaptive PENSE estimates for many different combinations of the hyper-parameters.
As with initial estimates, several computational shortcuts are possible when computing
adaptive PENSE for a sequence of hyper-parameters. These optimizations are essential to
making computation of adaptive PENSE feasible for realistic problem sizes. Especially be-
cause hyper-parameter selection for adaptive PENSE using cross-validation inherently leads
to high variance of the estimated prediction performance, requiring several replications of
CV, escalating the computational burden. The algorithms and methods implemented in
the pense package incorporate many optimizations exploiting the characteristics of the
adaptive PENSE objective function. These optimizations ensure that adaptive PENSE is
computable using reasonable resources for many problems and thus a feasible alternative in

most applications.
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Chapter 7

Conclusions

This dissertation highlights the inherent challenges arising when considering the possibility
of contamination in a sample with many potential predictors but only a limited number
of observations. These challenges motivate the development of novel estimators for high
dimensional, sparse linear regression models under the presence of contamination with the
goal of accurate prediction of the response for a new set of observations and simultaneous
identification of a small number of predictors relevant for prediction.

Combining ideas for robust estimation in low-dimensional linear regression models with
regularization for variable selection, Chapter 3 proposes the penalized elastic net S-estimator.
For robustness of the estimator entails a non-convex objective function, considerable efforts
are devoted to guide exploration of the objective function in the quest to locate global min-
ima. The EN-PY procedure is shown to outperform other methods both in terms of quality
of the uncovered minima and computational costs. The asymptotic guarantees established
for the estimator underline its appropriateness for challenging problems with heavy tailed
error distributions and potential contamination in the observed response or predictor val-
ues. Data-driven hyper-parameter search is vulnerable to high variance of the performance
estimate which is inflated by the presence of contamination and the non-convexity of the
objective function. Nevertheless, empirically cross-validation leads to good prediction per-
formance of PENSE, from chimerical scenarios without contamination and well-behaved
error terms, to the most challenging situations with heavy-tailed errors and gross contami-
nation.

The PENSE estimator reliably identifies relevant predictors from the large set of avail-
able predictors, but theoretical and empirical results expose one shortcoming of the PENSE

estimator: insufficient filtering of truly irrelevant predictors. In Chapter 4 I therefore pro-
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pose the adaptive PENSE estimator which leverages the PENSE estimator to substantially
decrease the number of falsely selected predictors while at the same time retaining the
predictive capabilities. Asymptotically, the adaptive PENSE estimator is proven to filter
out all irrelevant predictors with high probability, while simultaneously estimating the pa-
rameters of the truly relevant predictors with the same efficiency as if the truly relevant
predictors were known in advance. This oracle property of the adaptive PENSE estimator,
combined with the empirically demonstrated performance even in very challenging scenar-
ios, ascertains reliability and practical advantages of adaptive PENSE.

Analysis of the interplay between sparsity of the true model and contamination of the
predictors accentuates the effects of two forms of contamination in the predictors not prop-
agated to the response value: (i) extreme values in predictors with truly non-zero coefficient
and (ii) extreme values in truly irrelevant predictors. Prediction performance and variable
selection of PENSE is unscathed by contamination (i), while variable selection of non-robust
estimators is erratic. Under contamination (ii), on the other hand, it is shown the PENSE
estimate is inherently unable to filter out the irrelevant predictors with contaminated val-
ues, whereas non-robust methods are more resilient to the effects of these “good” leverage
points. Adaptive PENSE combines the best of both worlds, with prediction performance
and variable selection unscathed by either form of contamination. Anecdotally, contam-
ination (ii) is very common in practical applications, as the sheer number of irrelevant
predictors creates more space for this form of contamination.

Adaptive PENSE’s robustness of variable selection and its good prediction performance
are germane to meaningful and generalizable scientific results. The utility of adaptive
PENSE is demonstrated in a biomarker discovery study with the goal of identifying proteins
relevant for predicting cardiac allograft vasculopathy. Adaptive PENSE is estimated to give
more accurate predictions using a smaller panel of proteins than other robust or non-robust
estimators.

Chapter 5 outlines the problem of residual scale estimation in sparse high-dimensional
linear regression models under the presence of contamination. Many proposals for robust
regularized regression estimators depend on the availability of an accurate and robust esti-
mate of the residual scale for efficient estimation but also to retain robustness. Theoretical
results in low dimensional settings justifying computational shortcuts without sacrificing ef-
ficiency are not applicable to regularized M-estimators, entailing a substantial leap of faith
when computing M-estimates on possibly contaminated finite samples. I highlight preva-

lence of severe under- and overestimation of the residual scale in high-dimensional linear

130



7. CONCLUSIONS

regression, leading to degraded performance of M-estimators. The bias in the scale estimate
proves difficult to remove in finite-samples, and strategies for de-biasing proposed for non-
robust methods seem unfit for the use with robust estimators. Despite the arguably better
performance of regularized M-estimators in less challenging scenarios, the elevated risk of
being subjected to the undue influence of contamination, signify more robust alternatives
PENSE and adaptive PENSE are to be preferred in practice.

For PENSE and adaptive PENSE to be viable methods for high dimensional data anal-
ysis, they need to be readily available in the form of software capable of computing the
estimates in a wide range of scenarios. Chapter 6 details adaptations and optimizations of
numerical algorithms for use as building blocks in the algorithm devised for computing local
minima of the (adaptive) PENSE objective function. Together with an efficient implementa-
tion of the EN-PY procedure to guide the search for global minima, (adaptive) PENSE can
be efficiently computed for a host of problem sizes. Repeated cross-validation can effectively
reduce the high variability of the hyper-parameter search and further improve prediction
performance, variable selection, and reliability of the (adaptive) PENSE estimate. With the
optimizations developed in Chapter 6, computation of (adaptive) PENSE estimates remains
feasible even in high-dimensional settings.

The methods developed in this dissertation gain robustness by down-weighting poten-
tially contaminated observations. An observation is considered contaminated if either the
residual or any of it’s predictor values is contaminated, following the “casewise” contamina-
tion model. With a large number of predictors available in high-dimensional datasets, this
approach may lead to problems as even a small number of contaminated values can trans-
late to a large proportion of contaminated observations. Robust methods for the “cellwise”
contamination model (Algallaf et al. 2009), on the other hand, aim at identifying individual
values (i.e., cells in the data matrix) with potential contamination and gain robustness by
reducing the influence of these cells on the estimation procedure. This strategy is better
equipped for high-dimensional datasets, as contamination is not “propagated” from a single
value to the entire observation. Methods for the cellwise contamination model, however, are
computationally substantially more challenging than PENSE or adaptive PENSE. Impor-
tantly, the sparsity assumption imposed in this dissertation alleviates the propagation effect
to a certain degree, as aberrant values in the many irrelevant predictors do not pose the
same challenges as aberrant values in relevant predictors. In particular adaptive PENSE
shows very reliable prediction and variable selection properties in the presence of these

forms of contamination, without the need to down-weight affected observations. It would
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be nevertheless interesting to investigate a possible combination of techniques used in the
cellwise contamination model with adaptive PENSE in future research.

The statistical theory developed for PENSE and adaptive PENSE sheds light on their
robustness and asymptotic properties under a general linear regression model. While the
considered model covers a wide range of situations, some limitations cannot be ignored. The
asymptotic properties of the estimators, for example, are derived under the assumption of
i.i.d. errors, which in particular implies that the errors are independent of the predictors and
homoscedastic (if Fy has finite variance). This assumption is sometimes violated in practi-
cal applications. Consistency of unregularized S-estimators holds even if these assumptions
are violated (Maronna et al. 2019), suggesting that similar extensions may be possible for
PENSE and adaptive PENSE. Furthermore, the high breakdown point of the estimators
requires a fixed set of hyper-parameters and does not account for any effects of choosing the
hyper-parameters based on the potentially contaminated sample. To mitigate the effects
of contamination, Chapters 3 and 4 stress the importance of using a robust measure of
prediction performance. While empirical results demonstrate the proposed cross-validation
scheme selects hyper-parameters which lead to reliable estimates, further analysis of the
breakdown point under this scheme would give a more practical assessment of the proce-
dures’ robustness towards contamination.

The many facets of contamination in high-dimensional data paired with variable selec-
tion and regularized estimation outlined in this dissertation point to several other challenges
left for future research. Foremost, low efficiency of the proposed S-estimators in some sce-
narios suggests room for improvement. Regularized M-estimators are fettered by the high
bias in robust estimates of the residual scale as currently available. Building upon the initial
study of the problem in this work, grokking the sources of bias in finite samples is crucial to
eventual development of appropriate countermeasures and hence more reliable regularized
M-estimators. Loh (2018), Fan et al. (2018), and other proposed methods, circumvent the
problem of scale estimation altogether by choosing the scaling of the residuals for convex
M-estimators from a grid of candidate values, but the theory currently does not adequately
support robust estimation under the presence of contamination in the predictors. A poten-
tial avenue for future advances is combining the ideas of an adaptive search for appropriate
scaling with highly robust regularized estimators. It is of particular interest whether an
adaptive search is feasible and reliable under the presence of contaminated predictors. Sim-
ilarly, other proposals for highly robust estimators for low-dimensional linear regression

models can serve as blueprints for robust regularized estimators with higher efficiency than

132



7. CONCLUSIONS

S-estimators. As the distinct computational advantage of MM-estimators over other highly
robust and efficient estimators vanishes in higher dimensions and in presence of a penalty
term, alternatives such as the 7 estimator (Yohai and Zamar 1988), may be more practica-
ble. It remains for future research to see whether these approaches can be adapted to the
sparse linear regression model while retaining efficiency and robustness.

With the proliferation of data seen in recent history, sparse linear regression models
are ubiquitous in many areas. The demonstrated reliability of the proposed estimators
combined with an efficient implementation for the software environment R, available from
https://cran.r-project.org/package=pense, will improve generalizability of predictive

models and aid future scientific discoveries.
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Appendix A

Simulation Settings

A.1 Data-Generation Schemes

The p-dimensional predictors, x;,7 = 1,...,n are independent realizations of a p-dimensional
random variable X from a multivariate ¢ distribution with 4 degrees of freedom. The cor-

relation structure among the predictors can be one of the following.

Correlation structure 1 [AR(1)]: Exponential decay of the correlation between predic-
tors according to their “distance”, Cor(X;, Xj/) = p‘j*ﬂ, for j,7/ =1,...,p. The parameter

0 < p <1 determines the general strength of the correlation.

Correlation structure 2 [equal correlation]: All predictors are equally correlated,

Cor(X;, Xj) =pforall j,j'=1,...,p,j #7.

The response values y;, i = 1,...,n are generated by a linear combination of the first s
predictors:
S
yi:ui—i—z.’tzj, 1=1,...,n. (Al)
j=1

The residuals u; are scaled versions of raw residuals @;. These unscaled @; are independent
realizations of a random variable U following a central stable distribution (Mandelbrot 1960)

with varying stability parameter a:

LT light-tailed stable distribution with tail parameter o = 2, i.e., a Standard Normal

distribution,

ML moderate- to light-tailed table distribution with stability parameter o = 1.66,
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A.1. DATA-GENERATION SCHEMES

MH moderate to heavy-tailed stable distribution with stability parameter oo = 1.33,

HT heavy-tailed stable distribution with stability parameter o = 1, i.e., a Cauchy distri-

bution.

The raw residuals u; are scaled to attain a certain proportion of variance explained

(PVE) by the true linear regression model (A.1):

1—v 11,60
Ui = =
v Ta

where
2
n ~
To = 1 g max | 3 [
“ " Median ||
i=1 i'=1,...,n
(A.2)
2
A 1 n S 1 n S
g9 = E E Tis — — E E €141
n—14 £ty L I
i=1 \ j=1 i'=1j'=1

This definition of PVE uses a robust measure of spread of the error terms because of the
considered error distributions, only the light-tailed Normal distribution has finite variance.
Unless otherwise specified, data is generated with v = 0.25, i.e., the true model explains
about 25% of the observed variance in y;.

Contamination is artificially introduced in 0 < n. < n observations. Contaminated
observations are generated by a different linear model with strong signal and have high
leverage by replacing some predictor values with more extreme values. Usually n. = [n/4],
i.e., 25% contamination, unless otherwise specified.

Leverage points are introduced by contaminating g = logs(p) predictors. The indices of
contaminated predictors are sampled non-uniformly without replacement from {1,...,p} to
increase the chances of active predictors being contaminated. This is done by first sampling
ga from a discrete uniform distribution over {max(0,q + s — p),...,min(q,s)}. Then, g4
indices are sampled uniformly without replacement from {1,...,s} and g — g4 are sampled
uniformly without replacement from {s+1, ..., p}, denoting the sampled indices by J4 and

J 4c, respectively. The values of these contaminated predictors are replaced by

P i=1,...,n¢ j€JaU T e (A.3)
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A.1. DATA-GENERATION SCHEMES

where all2 is the squared Mahalanobis distance of the i-th observation, relative to the em-
pirical covariance matrix of the predictors J4 U J4c, estimated over the uncontaminated
observations. The placement of the leverage points and thus the severity of leverage is con-
trolled by the parameter k, which can take values k, € {2,4, 8,16}, corresponding to low,
moderate, high, and extreme leverage, respectively.

The response values of the n. contaminated observations are determined by the ¢ con-

taminated predictors

Yi = U; + Z kva:ij 1=1,...,n, <A4)

JETAVT 4o

where k, determines the magnitude of the residuals, relative to the true model, and takes
values in {—2,—1,0,3,7}. The larger the difference |k, — 1|, the more extreme the contam-
ination. In case of contamination, the scale estimates in (A.2) are computed only from the

n — n. uncontaminated observations.

A.1.1 Short-Hand Notation

Data generation schemes are referenced throughout the text according to a short-hand no-
tation as explained in Figure A.1. The short-hand notation consists of four parts. The first
two letters specify the sparsity of the true model, i.e., the number of truly active predictors
as a function of p, followed by a number identifying the correlation structure among the p
predictors. The third part consists of one to two characters denoting the error distribution
in terms of the weight of tails. The last part specifies the parameters for contamination. If
“(—)”, the generated data does not contain contaminated observations, while two numbers
in parentheses specify k,, the parameter for contaminating the model according to (A.4),
and k;, the parameter for contaminating the predictors according to (A.3), in that order.

The last part can also be “*”

, meaning that several combinations of contamination param-
eters are considered.

The short-hand notation does not specify the dimensions of the generated data, n and
p. If not specified otherwise, the data is generated such that the true model explains 25%
of the observed in y;, i.e., v = 0.25. If the last part of the notation is given, 25% of the

observations are contaminated, unless otherwise given in the text.
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A.2. COMPARISON OF INITIAL ESTIMATES

Error Distribution
Code Description

Code D .S'i’.ars"y LT  Lighttailed, Normal
ode escription ML  Medium-light-tailed, Stable with o = 1.66
VS Very sparse, s = log,(p) MH Medium-heavy-tailed, Stable with o« = 1.33

MS Moderately sparse, s = 3,/p

N

Heavy-tailed, Cauchy

VS[1-MH|(2, 8)
Correlation Structure Contamination
Code Description Code Description
1 AR(1) correlation with p = 0.66 (—) No contamination
2 Mutually independent (kv, ki) Contamination with k, and k; as given
3 Equal correlation with p = 0.33

Figure A.1: Short-hand notation for data generation schemes.

A.2 Comparison of Initial Estimates

To compare the performance of initial estimates in Section 3.2.3, data sets of size n =
100 and p = 16 are generated according scheme VS1-LT* The proportion of variance
explained is 25% or 50%. For contamination, all combinations of k € {1,2,4,8} and
k, € {—2,-1,0,3,7} are considered. Combined with the scenarios of no contamination,
this leads to a total of 42 scenarios.

For each of the two scenarios without contamination, 250 data sets are generated, while
for scenarios with contamination 50 data sets each are generated. On each of the 2500 data
sets, the PENSE estimate is computed over a grid 2 comprising 50 log-spaced penalization
levels. At 10 log-spaced penalization levels, 2 (spanning the same range as 2), the EN-PY
estimates are computed. All of these estimates are used to initialize the PENSE algorithm
for each of the 50 values in 2 to find the best local minimum.

In the process of computing the EN-PY estimates, a total of K LS-EN estimates are
computed. To make the computational demand for the EN-PY estimator and the random
subsampling strategy comparable, a total of [K/10] random subsamples are taken for the
random subsampling strategy. For each of these random subsamples, the LS-EN estimates
are computed over the same grid 2y as used for EN-PY. All of the K initial estimates are

then used to initialize the PENSE algorithm, similar to the EN-PY initial estimates.
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A.3 Numerical Experiments for PENSE and Adaptive PENSE

Numerical experiments comparing PENSE and adaptive PENSE to competing methods in
Sections 3.6 and 4.4 a consider a large number of scenarios following the data generation
detailed in Section A.1. Specifically, data is generated according to data generation schemes
VS1-* and MS1-* with v = 0.25 and varying number of observations and predictors. For
n = 100 observations p € {16, 32,64, 128}, while for n = 400, the number of predictors is
either p = 32 or p = 64. In scenarios with contamination, 25% of observations are affected
with leverage parameter k, fixed at 8 and vertical outlier positions k, € {—2,—1,0,3,7}.
PENSE and adaptive PENSE estimates are computed using the pense R package avail-
able from CRAN and detailed in Chapter 6. MM-LASSO is computed using the code from
https://github.com/esmucler/mmlasso, implementing the originally algorithm proposed
in Smucler and Yohai (2017). Cross-validation for (adaptive) PENSE, in particular stan-
dardizing the data and adjusting the robustness parameter J in the CV folds, is done
according to Section 6.4. To ensure computational feasibility in this large-scale simulation
study, cross-validation for hyper-parameter selection is performed only a single time for all
considered estimates. The reported performance metrics are therefore likely underestimat-

ing the true performance of the estimators, albeit all methods should be equally affected.
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Appendix B

Proofs

B.1 Breakdown Point of PENSE

Recall that the PENSE estimate, 8, computed from the sample 2 = (y,X) = {(y;,x;): i =
0,...,n} is given by

6 = argmin Os(u, B; A\, a, ) = argmin Zs(y, it + XB) + APux(8; ).
w8 w8
In the following, contaminated samples derived from %, where m < n out of the n obser-
vations are replaced by arbitrary values are denoted by P = (F s Xom)-
To prove the finite-sample breakdown point of PENSE, the following lemma from

Maronna et al. (2019, p. 184) is essential.
Lemma 1. Consider any sequence of samples (%k)> N with individual observation pairs
€
(gjgk), fcl(k)) and corresponding residuals Fl(k) = ﬂ§k) — k) — ()'&Z(-k))T ﬁ(k) for any sequence of
estimates (u®, B,
. ) ~=(k)
(1) Let C = qi: || = oop. If #(C) > nd, then 6,(t\") = oo for k — oc.
(ii) Let D = {z : |f§k)| is bounded}. If #(D) > n — nd, then &,(F*) is bounded.

With Lemma 1 in place, the proof of the upper and lower bounds in Theorem 2 is done
separately. The following proof of the FBP of PENSE first appeared in Cohen Freue et al.
(2019) with slightly different notation.

Proof of Theorem 2, bounded from below. Consider an arbitrary sequence of contaminated

samples (%k)> Len with m < m(d). The goal is to show that the corresponding sequence of
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B.1. BREAKDOWN POINT OF PENSE

PENSE estimates, (é(k))k . remains bounded. The sequence of residuals of these PENSE
€

estimates is denoted by ¥®) = §*) — (k) _ (fcgk))TB(k).

First, let 8 fixed for all k such that |u*| < oo and ||3*|1 = K1 < oo, which implies
also finite Ly norm of the slope ||3*||3 = K3 < co. For those uncontaminated observations
(yi,x]) which are also in the contaminated sample .f}’:(n ), the triangle inequality says that

k) = yi — p* — x]B* are bounded, |7‘Z- | < 00. Therefore, the number

the residuals 7"1'(
of bounded residuals #(D) > n —m > n — nd and hence part (ii) of Lemma 1 says that
&n(r*®) is bounded:
sup &y (r* ™) < . (B.1)
keN
Now suppose that the sequence of slope estimates from PENSE, <|| B(k)Hl) is un-
bounded. It is important to note that the the sequence estimated intercepts may b]éebNounded
or unbounded The boundedness of the M-scale estimate in B.1 implies there exists a kg € N

~ (ki
such that H,@ H1 > K1 + 25 supgen 65(r *(k)) and H,B( O)H% > Kj. Thus, for every k' > ko,

o5(i®), 3%\ 0, Z1)) > 62 (x0 ’)+A<2K2+am> +sup a2 (r**)
keN (B.2)

Z ﬁs(u*ug*v A7 «, é\p;(lk))’

contradicting the assumption that é(k) minimizes the PENSE objective function. This
proves that ,é(k) is bounded for m < m(6) regardless of i®) being bounded or not. It
remains to show that the intercept is bounded as well.

Since (H,é(k) H1> is bounded, |y; — sz,é(k)| is bounded for the n — m uncontaminated
f}( )

observations (y;,x;) in the contaminated sample Assume now that || — co. Then
the residuals of the uncontaminated observations also tend to infinity and hence #(C') > né.
According to part (i) of Lemma 1 this implies that &y, (£¥)) — co. Therefore, there exists an
integer k1 € N such that 62 (F*1)) > supycy 62 (r* *(k)) £\ (152 K5 + aKy). Similar to (B.2),

this shows that for all k&' > kq,

o (i*), 8% 0 0, ZW) > 04, 67 M 0, Z0),
and hence 8% must be bounded for m < m(9). O

Proof of Theorem 2, bounded from above. Taking m > nd it can be shown that the PENSE
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estimate breaks down. Without loss of generality, assume that the first m observations
in the contaminated samples é’?nk) are different from the original sample 2. Choosing an
arbitrary xo with [|xo| 1 and 0 < v < 1, it can be shown that for the sequence of

2 =
contaminated samples (32”1 ) ,
keN

(k‘”+1, k‘Xo) 1€C

(7 ~(k) ~(k)) :
(ir i) i¢C

yz"L

~(k
the corresponding sequence of estimates (0( ))k N can not be bounded.
€

5(F)

Assume here that @~ is bounded in norm. As in the proof above the residuals of the

uncontaminated observations ]'FZ(k)| <oofori=m+1,...,n and all £ € N. Residuals for

contaminated samples, on the other hand, are bounded below by

(k ~ .
70 2 kB = ol 37| = 129 i =1,
The norms of 4*) and ,6 are bounded, and hence the right-hand side goes to infinity, as

do the residuals for i € C. According to part (i) of Lemma 1, this implies the scale 6, (F*))

tends to infinity as well. The M-estimation equation in the definition of the S-loss can be

m (k) (k)
) £
i=1 o (E" i=m+1 o (F™)

Taking the limit for £k — oo, the argument in the p function of the second sum tends to zero

decomposed to

because the residuals of uncontaminated observations remain bounded, which in turn leads
to the second sum converging to 0. The summands in the first term, on the other hand, are

all identical and the limit must be

T /K —x§B /R _nd (B.3)
Pl Gy (FR)) /i1 m’ '

From assumptions [R1] and [R2] the function p(t) is continuous and increasing for ¢t > 0

such that p(t) < 1 = p(c0). Because nd/m < 1 = p(co) there exists a unique value vy such

that 5
1 n
p () = —. (B.4)
¥ m

The numerator in the argument in (B.3) tends to 1 and due to (B.4) any converging
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subsequence of &y, (El(k)) /k¥*1 must have limit . Therefore, the boundedness of é(k) implies

1 —~
Jim s O (i ® M.\ a, ZW)) = 42, (B.5)

Next define an unbounded sequence of parameters as u(k) = 0 and fl(k) = %xo. For

this sequence of parameters the residuals are

k,z/+1 .
(k) 5 Z:17...,m

v .
yi— Exlx; i=m+1,....n

which all tend to infinity for k& — oo, implying that &, (r*)) — co. The decomposition of

the M-estimation equation yields
m
k.l/—i—l 9 xTx
Zp< / ) + Z M(ko’ = nd.
=1 i=m+1 O-M r )

Taking the limit for £ — oo in all terms, the second sum tends to 0 and, following the same

argument as before, the limit of the first sum

1 2
Jim s O (), B; Ao, ZP) = 4 (B.6)

because the Ly norm of xq is finite.

From the limits (B.5) and (B.6) it follows that there exists a kg such that for all & > ko

1 -
L2v+2 ( ﬁ

Os(u®, BM); X, o, ZIF) < S\ o, Z0)Y,

k.21/+2
showing that a bounded é(k) can not be a global minimum of the PENSE objective function

for the contaminated samples.
O

B.2 Asymptotic Properties of Adaptive PENSE

Below are the proofs of asymptotic properties of adaptive PENSE as presented in Section 4.2.
For notational simplicity, I drop the intercept term from the model, i.e., the linear model 2.1
is simplified to

y=x718"+u
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and the joint distribution G of (), X) is written in terms of the error
Go(u, x) := Go(y,x) = Go(x) Fo(y —x"8°).

All the proofs also hold for the model with an intercept term included. Another notational
shortcut in the following proofs is to write the M-scale of the residuals in terms of the

regression coeflicients, i.e.,

61\1(6) = &M(y - Xﬁ)

and accordingly the population version, oy (3). For all proofs below, I define ¥(t) = p/(t)
to denote the first derivative of the p function in the definition of the M-scale estimate and

hence of the S-loss, as well as the mapping ¢: R — [0; ] as

B.2.1 Preliminary Results Concerning the M-Scale Estimator

Before proving asymptotic properties of the adaptive PENSE estimator, several intermediate

results concerning the M-scale estimator are required.

Lemma 2. Let (y;,x]), i = 1,...,n, be i.i.d. observations with distribution Gy which
satisfies (2.2) and u; = y; — XZ-TBO. If v € RP and s € (0,00) positive, then the empirical

processes (Puiy.s),, , with

u~+xTv
Nv,s(U, X) == ¢ —
converge uniformly almost sure:
1 n
Jim  sup -\ D v (i %i) = Eay s (U, X)]‘ =0 as (B.7)
5€(0,00) i=1

Proof of Lemma 2. 1 will show step by step that the space . # = {nys: v € R, s € (0,00)}
is a bounded Vapnik-Chervonenkis (VC) class of functions and hence Glivenko-Cantelli.

The space % is bounded because ¢(t) is bounded by assumptions on p. Define the mapping

RPFL SR

g ) = U —
Ve ( ) = (u—xTv)s!
X
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The corresponding function space ¢ = {gvs : v € RP,s € (0,00)} is a subset of a finite-
dimensional vector space with dimension dim(%) = p + 1. Therefore, ¥ is VC with VC
index V(¥¢) < p+ 3 according to Lemma 2.6.15 in van der Vaart and Wellner (1996). Due

to the assumptions on p, the function ¢(t) can be decomposed into

p(t) = max{min{p: (), pa(t) }, min{e1 (1), p2(—t)}}

with 1 2 monotone functions. Thus, @12 = {¢12(9(:)) : g € ¥} and @g? = {p12(—9g(")) :
g € 9} are also VC due to Lemma 2.6.18 (iv) and (viii) in van der Vaart and Wellner (1996).
Using Lemma 2.6.18 (i) in van der Vaart and Wellner (1996) then leads to ® = ®&; A ®3 and
() = {7 A3 also being VC. Finally, # = &V ®() is VC because of Lemma 2.6.18 (ii).
Since .# is bounded, Theorem 2.4.3 in van der Vaart and Wellner (1996) concludes the
proof. O

Lemma 3. Let (y;,x]), i = 1,...,n, be i.i.d. observations with distribution Gy which
satisfies (2.2) and u; = y; — XZ-TBO. Under assumptions [A1], [A2] and if 8% = B° + v,, with
limy, o0 [|[Ve|| = 0 a.s., then we have

(a) almost sure convergence of the estimated M-scale to the population M-scale of the error

distribution

lim 6,,(8%) 22 0,(8%)

n—oo

(b) and almost sure convergence of

1 u; —XZTVn B Uu
nlgf%on;"( 5u(By) >‘EF° [“’@mg%ﬂ

Proof of Lemma 3. The first result (a) is a direct consequence of the conditions of the lemma
(u —xTvy, — u a.s.) and Theorem 3.1 in Yohai (1987).

For part (b), it is know from Lemma 2 the empirical process converges uniformly almost

T
Uj—X,; Vi u

() — o (A7) almost

sure. Since UM(BO) > 0, the continuous mapping theorem gives

surely. Finally, due to the continuity and boundedness of :

(G b )] s

which concludes the proof. ]
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Lemma 4. Let (y;,x]), i = 1,...,n, be i.i.d. observations with distribution Gy which
satisfies (2.2) and u; = y; —x B°. Under regularity conditions [A1]-[A3] and if v € K C RP
with K compact and B}, = B° + v/\/n, then

(a) the M-scale estimate converges uniformly almost sure

sup [6.(85) — 0.(8%)] 2 0, (B.9)
veK

. u .
(b) for every e > 0 with ¢ < Ep, [gp (701\4(,@0))} the uniform bound over v € K
o 6.(85) L et oud)

S o] R e e

holds with arbitrarily high probability if n is sufficiently large.

Proof of Lemma 4. The proof for (B.9) relies on Lemma 4.5 from Yohai and Zamar (1986)

which states that under the same conditions as for this lemma, the following holds:

sup |6 (8r) — ou(By)| == 0.
Therefore, the missing step is to show that sup,c g |owm(87) — on(8°)] — 0 almost surely as
n — 00. This is done by contradiction.

Assume there exists a subsequence (ng)r>o such that for all k, supycg |om(B),) —
om(B%)| > € > 0. Since v € K with K a compact set, for every sequence v, there ex-
ists a subsequence (vn, ) such that |ow(B° + vy, /%) — om(BY)| > € for all n, > N..
Therefore, either one of the following holds: (i) om(B8° + Vi, /vik) > ou(B°) + € or
(ii) o (B + Vi //7E) < om(BY) — €. In the first case (i) it is know that

() (Xl (Y.

Due to the boundedness of p, the dominated convergence theorem gives

p (STl ) i o (U2 [ (] <o

Eg,
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which contradicts the definition of oy (8% 4 vy, //nx). In case (ii) similar steps yield

p( u—ank/\/ﬁ))] s

Eg
0 oM (BO + Vnk/\/ Nk

for all ny, > N with N large enough. Therefore, the assumption supy¢ g |0 (85) —on(8°)] >
¢ > 0 can not be valid and hence supycj |ow(85) — on(B°)] — 0. This concludes the proof
of (B.9).

Before proving (B.10), note that € is well defined because Ep, [go (%)] > 0 as per
Lemma 6 in Smucler (2019). To prove (B.10), I first bound the denominator uniformly
over v € K. From Lemma 2 it is known that the empirical processes converge almost

surely, uniformly over v € K and s > 0. As a next step, I show the deterministic uniform

convergence of

Uu
su}g 'EGO [fn(u;X;V73)] — Eg, [‘P (s)} ‘ — 0, (B'll)
ve

s€[om(B°)—e1,0m(B°)+e1]

where f,(U, X, v, s) is defined as

fald, X v, 8) = <U_XSTV/\/E) :
The functions f, (U, X, v, s) are bounded and converge pointwise to ¢ (%), entailing point-
wise convergence of E¢, [fn(U, X, v, s)] = Ep, [¢ (%)] as n — 0o by the dominated conver-
gence theorem. Because p has bounded second derivative, the derivative of f,(U, X, v,s)
with respect to v € K and s € [om(B8°) — e1,0m(8°) + €1] is also bounded, meaning
fanU, X, v,s) is equicontinuous on this domain. Pointwise convergence together with the
equicontinuity make the Arzela-Ascoli theorem applicable and hence conclude that (B.11)
holds.

From (B.9) it follows that for any d2 > 0 there is a Nj, such that for all v € K and all
n > Ns,, P (|6m(B5) — ou(B°)| < €1) > 1 — 6. Combined with (B.11) this yields that for

every d2 > 0 and €z > 0 there is an Ny, ., such that for all n > N, ., and every v € K

Ego [nltd, X.v,6(82))] — Er, [go (%;(”ﬁ))] ] <o

with probability greater than 1 — do. Since both expected values are positive this can also
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be written as

B a2 %, 6B > By |0 (517 )| - (B.12)

The final piece for the denominator to be bounded is to show that

Eg, {90 <%Z(/{5n>>] —Er {90 (UMZ(/{BO)H

Set Q1 = {w : 6m(Bl;w) — ou(BY)} which has P(Q;) = 1 due to the first part of this
lemma. Similarly, set Qo = {w : equation (B.13) holds}. Assume now that P(2; N QS5) > 0.

sup
veK

&2 0. (B.13)

n—oo

This assumption entails that there exists an w’ € Q1 N QS, an €3 > 0 and a subsequence

7 <5M(B° frw)] e [“D (crz(/{ﬂo)ﬂ

However, since v, is in the compact set K, the sequence 8%+ Vi, /+/T converges to 3° as

(nk)k>0 such that

Eg,

> €3. (B.14)

lim
k—o00

n — oo. Additionally, ¢ is bounded and together with the dominated convergence theorem

this leads to
Uu
b [S” <aM<ﬁ°>>]

()
7\ 6 (B + Vi /i)

lim Eg,
k—o00

and in turn to

lim
—

Eg,

7 (&Mwo +vi{k/\/17;w’)>] e [“" (oﬁﬂ“)ﬂ ‘ -

contradicting the claim in (B.14). Therefore, P(£2; N Q5) = 0, proving (B.13). Combining
(B.12) and (B.13) leads to the conclusion that with arbitrarily high probability for large

()]

enough n

for every v € K.
From the first part of this lemma, 6y (8%) =2 04(8°%), and due to (B.15), for every
0 > 0 and every 0 < € < Ep, [cp (L)} there exists an N5, such that for all v.€ K and

om(BY)
n > Nj . equation (B.10) holds. O
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B.2.2 Root-n Consistency

Proof of Theorem 8. To ease the notation for the proof, the hyper-parameters are dropped
from the objective function £,g and the adaptive elastic net penalty is simply denoted by
B(B) = Pan(B; Aas, ans, (,w). Also, y(t) == 8° + t(B — 3°) denotes the convex combi-
nation of the true parameter 3° and the adaptive PENSE estimator ,é It is important
to remember the penalty loadings are derived from a preliminary PENSE estimator, B,
w=(1/B1,...,1/B)T.

The first step in the proof is a Taylor expansion of the objective function around the

true parameter 3°:

5u(B) + @(B) =63,(8°) + 2(8°) + (2(8) — 2(8%))

Om /Bn Z < Zn‘)’n> XTVn

1

1 'Ufi*xlvn

n 2?11 ¥ ( om(Br,) ) =1
A

=:Zn

where v, = 7(8 — 8°) and 8% = 8° 4+ v,, for a 0 < 7 < 1. Due to the strong consistency of
B from Proposition 2, v,, — 0 a.s. and hence from Lemma 3 and the continuous mapping

theorem it is know that A, = ———1 ——— = A > 0 as well as 6,(8}) =2 o (8Y).
ey o (i)

U;—X Vi

The term Z,, is handled by a Taylor expansion of v ( ;M ) ) around u; to get

R « 1 - U; 1 - Ui — XIV:L

=1 1

R s o (i)
— (BB li S (“U;(’;,V)) Xz-xll (B-8"

=1

for some v}, = 7*v,, with 7* € (0, 1).

The rest of the proof follows closely the proof of Proposition 2 in Smucler and Yohai
(2017). More specifically, noting that oy (3%) =2 oy (8°), the results in Smucler and Yohai
(2017) (which are derived from results in Yohai (1985)) state that

Bui= €l = 0,(1) with &, =rou(8 fz (i)~
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and hence with arbitrarily high probability for n sufficiently large there is a B such that

B-8 BO)
T

Similarly, the results in Smucler and Yohai (2017) can be used to show

< 7IIB BOlllIE < 7IIB 8. (B.16)

(8- BT [ Zw (“U ))xix}] B-8%=CullB-p"1>  (B.IT)

i=1

with 5n 25 0>0.
Next is the difference in the penalty terms D,, := ®(3) — ®(3°), which can be reduced

to the truly non-zero coefficients:

P . ) 3.1 _ R0
Dy =Msn Y. (1 — (B2 = (8)2) + QW>
J

j=1
s 5 0
l—a /- 1851 — 155
EAAS,HZ < 2 ((B])2 - (/8?)2> + Oé~7<] .
=1 |BJ’
Observing that 3 is a strongly consistent estimator, |BJ — ﬁ?| <€ < ]ﬁ?| forallj=1,...,s

and any €; € (0, | 5?\) with arbitrarily high probability for sufficiently large n. This entails
that, for all 0 < ¢ < 1and j =1,...,s, the sign of the convex combination sgn(v;(t)) =
sgn(ﬁ?) # 0 and thus |v;(t)| is differentiable. This allows application of the mean value

theorem on the quadratic and the absolute term in D,, to yield

s . 0 R
D, zAAs,nz<140‘w<m+ s )></3j—59>
3 Bl

for some 7; € (0,1), j = 1,...,s, with arbitrarily high probability for large enough n.
Because both 8 and 3 are strongly consistent for 8° and Ays,, = O(1/y/n), there exists a
constant D such that with arbitrarily high probability

D 0
Dy > —%HB -8 (B.18)

for sufficiently large n.
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Since ﬁ minimizes the adaptive PENSE objective function L,g,
0 ZﬁAS(B) - ﬁAS(BO) = &1%1(/@) + ‘P(B) - 5’1%4(/30) - q’(ﬂo) =Dy — 2402,
With the bounds derived in (B.16), (B.17), and (B.18) this in turn yields

0>D, —2A,Z, =D, —2A,B, + 2A4,C,

_ 0 — 924 0 24C 0112
> \fHﬁ Bl \fHﬁ B +24C8 - B°|

:ﬁHB — B (-0 —24B +24¢ val|3 - 8°))

with arbitrarily high probability for large enough n. Rearranging the terms leads to the

inequality
2AB + D

0
Vil -8 < =5t

B.2.3 Variable Selection Consistency

Proof of Theorem 4. To ease notation in the following, I denote the coordinate-wise adap-

tive EN penalty function by

l—«o
Qb(B;)\As,naaAs»Caw) = >‘As,n < B ASBZ + 04AS|/8HW’C>

such that A\gnPan(8; aas, (,w) = ?:1 (B Aas,ns Qas, ¢, wj). 1 follow the proof in Smu-
cler and Yohai (2017) and define the function

Vo(vi,vo) =658 +vi/vn, B + va/vn)+
D 6B+ v1/Vi Asiny s, G wj)+

Jj=1

p
Z ¢(ﬂ? + U2,j—s/\/ﬁ§ Aasn, Qas; G wj).

Jj=s+1

From Theorem 3 follows with arbitrarily high probability, ||3 — 8°|| < C/+/n for sufficiently
large n. Therefore, with arbitrarily high probability V,,(vi,va) attains its minimum on

the compact set {(v1,va) : [[v1]|> + |[v]|* < C?} at B. The goal is to show that for any
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|[v1][? + ||v2|? < C? with ||ve| > 0 and with arbitrarily high probability, V;,(vi,va) —
Va(v1,0p—s) > 0 for sufficiently large n.
Taking the difference while observing that 8% = 0,_s gives

Vi(vi,v2) = Va(vi,0p—s) = (65(8Y + vi/v/n,va/Vn) — 65(BY + vi/v/n,0,—5)) +
p
Z ¢(U2,j—s/\/’ﬁ§ )\As,naaA87<7wj)'

Jj=s+1

The first term can be bounded by defining v,,(¢) := (v],tv])7/y/n and applying the mean

value theorem gives some 7 € (0, 1) such that

2 (B” + va(1)) = 53(8" + va(0)) =
2

Tou(8° +vn<f>><o;,v;>vﬁ<m<ﬂ>|BO+VH(T) =

2 5’M(ﬁo+vn(7—)) 1 . < — X Vn( ) >
= E P X;.
ui—x] v (7) M 0
ﬁizmw(m) " oulf ()

—A, =:B,

By Lemma 4 the term A,, is uniformly bounded in probability, hence |4, | < A with ar-
bitrarily high probability for large enough n. Furthermore, |By,| < [[¢|lovall || i, x|
and due to the law of large numbers there is a constant B such that the upper bound for
| By, is

1Bl < [llsellvall (s, [X] || +€) < [[vaB

with arbitrarily high probability for sufficiently large n. Together, the bounds for A,, and
B, give
||V2||

53(8° +va(1)) = 63(8° + va(0)) = ——=2AB. (B.19)

The next step is to ensure that the penalty term grows large enough to make the
difference V;,(v1,v2) — Vj(v1,0p—s) positive. Indeed, the assumption a,s > 0 and using a

PENSE estimator for the penalty loadings, w; = 1/| BJ| leads to

D p
V2,5—
Z ¢(U2,j—s/\/ﬁ§ )\AS,naaA37C7wj) ZaAS)\AS,n Z |]~S|<
j=st1 St VnlB;l
p
_ V9. i_
:aAS)\AS,nn(C /2 Z ’ 27]~S‘~

j=s+1 |\/ﬁﬁj|C
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The root-n consistency of B established in Theorem 1 gives |\/ﬁﬁ~j\ < M with arbitrarily
high probability for large enough n. Therefore,

P P

- - E V2,55 1)/2. (¢=1)/2 |va,j—s]

aAS/\As,nn(C l)/2n(C 1)/2 > >aAS)\AS nn(< )/ (g )/ 1V2,5—s|
S5t VBl ]Zsﬂ MC

- —1/21Y B.2

(% —
ezl e

Combining (B.19) and (B.20) yields

[l

Vn(Vl, V2) - Vn(Vl, Opfs) > \/ﬁ

(B.21)

<—2AB + aAS)\AS,nnC/2>

M¢

uniformly over vy and vo with arbitrarily high probability for sufficiently large n. By
assumption aAS)\ASmnC/ 2 — oo and hence the right-hand side in (B.21) will eventually be

positive, concluding the proof. O

B.2.4 Asymptotic Normal Distribution

Proof of Theorem 5. For this proof I denote the values of the active predictors and the
active predictors in the i-th observation by X; and x; ;, respectively. Because B is strongly
consistent for B°, the coefficient values for the truly active predictors are almost surely
bounded away from zero if n is large enough. This entails that the partial derivatives of the

penalty function exist for the truly active predictors and the gradient at the estimate ,@ is

0. =V LaslB) — - Zw (yl i ) it W, Ban (B s s, G ) (B:22)

_+TA3
with A, = %Z?Zl (y; 1:(%,)6) The truly active coefficients can be separated from the

T 3
truly inactive coefficients by noting that ¢ ( )(( ﬂ)ﬁ ) P <y1& XEﬁE)BI> + 0; for some o; which
M

vanishes in probability, P(o; = 0) — 1, because of Theorem 4 and because v is continuous.
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Equation (B.22) can now be written as

+ \/ﬁVgI‘I)AN(B§ Aasms Qs Gy w)

and using the mean value theorem there are 7; € [0, 1] and hence a matrix

% 0
Ui — TiX;I (:61 - 61) T
~ A Xi IXzI
UM(/B)

1,
—a 2y
i=1
such that the equation can be further rewritten to

B 0
0, = O—M Z < 16 ) X1

(B)
+ QIanﬁ <BI - ﬁl)

A

) 1 ¢
— 2 An ﬁ ; Oixi,l
+ \/ﬁ)\AS,nVﬁI(I)AN (,év Qs G, w)~

Separating the term /n ( [31) then gives

Vi (B -8) =5 <B>Wn1\}ﬁiw<w> i

i—1 UM(IB)
PPN U (B.23)
—|—O'M(,3)Wn \/ﬁ;(%xz,l

+ \/ﬁ)\AS,né—M(B)Anwglwch)AN(B; aASa C7 w)

The strong consistency of 3 for B8° and Lemma 3 lead to c}M(,@) 22 om(8%) and

A, 22 EpR, [g@ (#ﬁo)ﬂ < 00. Also, because of 6y (8) +2 oy (8°), Lemma 4.2 in Yohai
(1985), and the law of large numbers

W, L5 b(p, Fy) X,
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Combined with the assumption that \/nA,gs, — 0 this leads to the last two lines in (B.23)
converging to 0y in probability. Finally by Lemma 5.1 in Yohai (1985) and the CLT

n . xT 30
\}ﬁ Sy (‘”U’(‘mﬂ> xiy 55 N, (04, a(p, Fo)S)
=1 M

which, after applying Slutsky’s Theorem, completes the proof. O
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Appendix C

Additional Results from Numerical

Experiments

C.1 Elastic Net S-Estimators

Below are complete results from the numerical experiments detailed in Section 3.6 including
additional estimators, error distributions, and sample sizes. Unregularized MM- and S-
estimates are computed only for scenarios where p < |(1 — d)n| — 1. The breakdown point
of all robust estimators is set to 6 = 0.33. Oracle MM- and S-estimators are computed

using only the truly active predictors.

C.1.1 Prediction Performance

Prediction performance is measured in terms of the relative scale of the prediction error,
as detailed in Section 3.6.3. Figures C.1 and C.2 show results for very sparse scenarios

(s = logy(p)) and sparse scenarios (s = 3,/p).

C.1.2 Variable Selection Performance

Variable selection performance is summarized by the sensitivity (i.e., the proportion of truly
active predictors detected as such) and specificity (i.e., the proportion of truly inactive
predictors detected as such). The summary figures show sensitivity and specificity in a
single plot for regularized estimators only. Sensitivity extends upwards, specificity extends
downwards. Methods perform well in terms of variable selection if the two points are at the

top and bottom ends of the plot. Figures C.3 and C.4 show results for very sparse scenarios
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(s = logy(p)) and sparse scenarios (s = 3,/p).

C.1.3 Estimation Accuracy

The focus of this work is on prediction performance and variable selection of estimators in
the linear regression model. To underline consistency of the estimator, however, estimation

accuracy is also of interest. Estimation accuracy is assessed by the Lo estimation error,

rais(3) = /[ - 0]+ 6 - o

As detailed in Section 2.1, the Lo estimation error is similar to the RMSPE, but possible
dependence between predictors is ignored. The Lo estimation error captures both the bias
and variance of the estimator. The smaller the Lo estimation error, the more accurate the
estimation. Figures C.5 and C.6 show results for very sparse scenarios (s = logy(p)) and

sparse scenarios (s = 3,/p).
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Figure C.1: Prediction performance of estimates under data generation scheme V.SI-* In scenarios without contamination (left), plots show summaries

of the metric over 100 replications. In scenarios introducing 25% contamination (right), plots show summaries of 250 values from 50 replications
of 5 different outlier positions. The dots show the median value, while solid lines show the range of the inner 50% and the dashed whiskers extend

from the 5% to the 95% quantile.
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Figure C.3: Sensitivity (upwards) and specificity (downwards) of regularized estimates under data generation scheme VS1-* In scenarios without

contamination (left), plots show summaries of the metric over 100 replications. In scenarios introducing 25% contamination (right), plots show
summaries of 250 values from 50 replications of 5 different outlier positions. The dots show the median value, while solid lines show the range of

the inner 50% and the dashed whiskers extend from the 5% to the 95% quantile.
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Figure C.4: Sensitivity (upwards) and specificity (downwards) of regularized estimates under data generation scheme SPI-* In scenarios without
contamination (left), plots show summaries of the metric over 100 replications. In scenarios introducing 25% contamination (right), plots show
summaries of 250 values from 50 replications of 5 different outlier positions. The dots show the median value, while solid lines show the range of
the inner 50% and the dashed whiskers extend from the 5% to the 95% quantile.



Normal

Stable(1.66)

Stable(1.33)

n =400

25% contamination

s/p = 6/64

e . -S
......... -

o - - (310B10) §
: - (810B40) NN

- dSN3d
- OSSYINN
-N3-s7

s/p = 5/32

-S
- AN

- (epe10) §

——-- : -~ - (9]0BI0) NN

: ——-- -3SN3d
- e - = OSSYTAN
, . =N3ST

No contamination

5/32

s/p = 6/64

[ ————— : -S
: LW
- (9]0eI0) §
-==-- (99€10) WIN
: : €~ -3ISN3d
: : 8- - OSSN
T.-- : -N3-S7

slp =

- S
e\ ]

: |--- (8]0RI0) S
i-<-- (8J0I0) N
:--©- 3SN3d
-H-- OSSY AN
C =N3ST

n =100

25% contamination

slp=7/128

- (ap0e40) S

- (|1010) NN
- 3SN3d

- OSSYTIAIN

-N3-s7

s/p = 6/64

-s
- N
- (sj0B40) S

- (a10810) NN

- 3SN3d
- OSSYIAN

-N3-s7

s/p = 5/32

-s
-
- (epei0) s

- (|0eI0) NN
- 3sNad
- OSSYININ

-N3-s7

slp = 4/16

-s
-

- (epe10) S

- (810B40) NN
- 3SNad

- OSSYTAIN

-N3-s7

No contamination

slp=7/128

- (ap0e40) S

- (|1010) NN
- 3SN3d

- OSSYTININ
-N3-$1

s/p = 6/64

-S

-

- (sj0B40) S

- (|1010) NN
-3SN3d

- OSSYININ
- N3-S

s/p = 5/32

-s
C-NN

<= - (8[0BIO) S

===~ - (9[0BI0) NIN

+€- -3SN3d

B - OSSYIANW

slp = 4/16

|,®I.«| -N3-S1

L e -S
: - NN
-~~~ (30BI0) S
= - (9J0BI0) NN
: : <@ - ASN3d

: : +-E - OSSVININ
e —— i E A1

1018 uojewlse

T T T
(<} © ™

Method

Figure C.5: Estimation accuracy in terms of the Lo estimation error of several estimates under data generation scheme VSI-* In scenarios without

contamination (left), plots show summaries of the metric over 100 replications. In scenarios introducing 25% contamination (right), plots show
summaries of 250 values from 50 replications of 5 different outlier positions. The dots show the median value, while solid lines show the range of

the inner 50% and the dashed whiskers extend from the 5% to the 95% quantile.
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Figure C.6: Estimation accuracy in terms of the Ly estimation error of several estimates under data generation scheme SPI-* In scenarios without

contamination (left), plots show summaries of the metric over 100 replications. In scenarios introducing 25% contamination (right), plots show
summaries of 250 values from 50 replications of 5 different outlier positions. The dots show the median value, while solid lines show the range of

the inner 50% and the dashed whiskers extend from the 5% to the 95% quantile.
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C.2. ADAPTIVE ELASTIC NET S-ESTIMATORS

C.2 Adaptive Elastic Net S-Estimators

Extending the numerical experiments from Section 3.6, below are detailed results for es-
timators discussed in Section 4.4 with the addition of other variable selection consistent

estimators.

C.2.1 Prediction Performance

Prediction performance is measured in terms of the relative scale of the prediction error,
as detailed in Section 3.6.3. Figures C.8 and C.9 show results for very sparse scenarios

(s = logy(p)) and sparse scenarios (s = 3,/p).

C.2.2 Variable Selection Performance

Variable selection performance is summarized by the sensitivity (i.e., the proportion of truly
active predictors detected as such) and specificity (i.e., the proportion of truly inactive
predictors detected as such). The summary figures show sensitivity and specificity in a
single plot for regularized estimators only. Sensitivity extends upwards, specificity extends
downwards. Methods perform well in terms of variable selection if the two points are at
the top and bottom ends of the plot. Figures C.10 and C.11 show results for very sparse

scenarios (s = logy(p)) and sparse scenarios (s = 3,/p).

C.2.3 Estimation Accuracy

Estimation accuracy is assessed by the Ly estimation error,

-~ N 2
mSE(3) = /8- 8+ (- w2

The smaller the Lo estimation error, the more accurate the estimation. Figures C.12

and C.13 show results for very sparse scenarios (s = log,(p)) and sparse scenarios (s = 3,/p).
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Figure C.8: Prediction performance of estimates under data generation scheme VSI-* In scenarios without contamination (left), plots show summaries

of the metric over 100 replications. In scenarios introducing 25% contamination (right), plots show summaries of 250 values from 50 replications
of 5 different outlier positions. The dots show the median value, while solid lines show the range of the inner 50% and the dashed whiskers extend

from the 5% to the 95% quantile.
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Figure C.10: Sensitivity (upwards) and specificity (downwards) of regularized estimates under data generation scheme VSI-* In scenarios without
contamination (left), plots show summaries of the metric over 100 replications. In scenarios introducing 25% contamination (right), plots show
summaries of 250 values from 50 replications of 5 different outlier positions. The dots show the median value, while solid lines show the range of
the inner 50% and the dashed whiskers extend from the 5% to the 95% quantile.
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Figure C.11: Sensitivity (upwards) and specificity (downwards) of regularized estimates under data generation scheme SPI-* In scenarios without
contamination (left), plots show summaries of the metric over 100 replications. In scenarios introducing 25% contamination (right), plots show
summaries of 250 values from 50 replications of 5 different outlier positions. The dots show the median value, while solid lines show the range of
the inner 50% and the dashed whiskers extend from the 5% to the 95% quantile.
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Figure C.12: Estimation accuracy in terms of the Lo estimation error of several estimates under data generation scheme VSI-* In scenarios without

contamination (left), plots show summaries of the metric over 100 replications. In scenarios introducing 25% contamination (right), plots show
summaries of 250 values from 50 replications of 5 different outlier positions. The dots show the median value, while solid lines show the range of

the inner 50% and the dashed whiskers extend from the 5% to the 95% quantile.
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