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Abstract

We study penalized fitting strategies aimed at sparse model selection of models satisfying
certain hierarchical restrictions, in linear models arising from factorial experiments. After
discussing various merits of existing approaches, we propose a modification and general-
ization of the approach of Bien, Taylor and Tibshirani, capable of handling also models
with factors with possibly more than two levels. The approach is based on the modified
constraint used in conjunction with the group LASSO. The effect of the modified constraint
on the selection of main effects and pair interactions is explored. We characterize the so-
lution for both quadratic and logistic loss and give an unbiased Stein-type estimate for the
degrees of freedom, the quantity required as the key component for the selection among
competing models in regularization. We compare the derived estimates of the degrees of

freedom with the existing ones from the literature.

We also study properties of certain alternative approaches: for the so-called standardized
group LASSO of Simon and Tibshirani, we show first that it remains unchanged under the
transformation of Zhao et al., aimed at unifying group weights, and then we characterize
the solution of the newly standardized group LASSO. Based on this characterization, we
again derive the unbiased estimate of the degrees of freedom. We establish such an estimate

of the degrees of freedom also for the overlapped group LASSO of Obozinski et al.

We after show that the derived estimates of the degrees of freedom converge, when the

tuning parameter converges to zero, to the (true) degrees of freedom of the corresponding

il



constrained least-squares estimator. We investigate certain particular properties of sparse
fitting procedures in factorial designs. We establish the connection, for balanced designs,
between penalized estimation and traditional constrained least-squares estimators. We also
propose methods of selecting the regularization parameter selection based on AIC and BIC.
Finally, we show how replications in factorial designs affect the selection process of stan-

dardized group LASSO.
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Chapter 1

Introduction

1.1 Introduction

New scientific problems arising in recent decades brought a need for the analysis of so-
called high-dimensional data sets. They are called so because in those data sets the number
of predictors p is large and often exceeds the sample size n. For instance, the DNA micro-
array data set, analyzed by Hastie et al. [9], consists of 6830 genes of human tumours of
64 patients; that is n = 64 and p = 6830. In such a situation, the columns of the design
matrix X are not independent, and X7 X is singular. Therefore, the traditional theory of
least squares regression is not applicable; among other things, it is not possible to calculate
p-values and select predictors. Even if p does not exceed n, but is large, using least squares

regression and calculating all p-values can be problematic.

High-dimensional data are often analyzed by penalization. The general scheme of penal-
ized regression is

3 = argmin (Loss + A Penalty)
g

where Loss quantifies the prediction error, Penalty expresses the desired condition on the

fit, and )\ determines the weight or importance of the penalty term.

One of the first penalized regression models was ridge regression. Consider a regression

1



model with an outcome Y and design matrix X,,,,, where n is the number of observations

and p is the number of predictors. For the regression model,
Y=X[+¢,
the ridge regression estimate Bis
. 1 ) P
B = argémnﬁ Y = X85+ XY B
i=1

where A > 0. Solving this problem yields 5 = (XTX + AI)"' XTY. Now, even if X7 X is

singular, X7 X + I is invertible.

Ridge regression solves the collinearity problem among predictors, but it has a tendency
to result in small nonzero estimates for the components of 5 with true values equal to zero.
Tibshirani [29] proposed LASSO to shrink and select variables in high-dimensional data

sets. The LASSO estimate is defined as
- 1 2 P
b= arg;nmé 1Y - X535+ A Z |5i-
i=1

LASSO typically produces a vector of coefficients S with many zero components. It not
only addresses collinearity as the ridge regression does, but also selects variables by assign-
ing zero to predictors with little or no importance; the nonzero components yield the model

with relatively few nonzero parameters. Such models are called sparse.

LASSO provides a good statistical interpretation when the number of levels of existing fac-
tors is no more than two. Consider a factorial design with two categorical factors each with
three levels. The linear model consists of six dummy variables with coefficients (31, 52, 53)
for the first factor and (4, 85, 36) for the second factor. It is possible that it selects only

levels corresponding to 35 and g because LASSO treats all dummy variables equally.



Yuan and Lin [18] proposed group LASSO for linear models with factors or group-wise

predictors. The group LASSO estimate is defined as

R 1 P ly
B =argmin < [Y - XG5+ A )" \l lg .57 |,
B 2 g=1 i=1

where g = 1,...,p refers to factor indices, and [, determines the number of levels of g-
th factor. Group LASSO works well for disjoint grouped parameters because it selects or
drops out groups of variables properly. However, it fails for overlapped groups, which ap-

pear in the penalty term when the model includes interactions and obeys hierarchy rules.

In the statistical literature, the fitted models often follow some hierarchical principles.
Peixoto [21] used hierarchy in polynomial regressions in such a way that a higher order
term is in the model only when lower order terms are in the model. Hamada [35] discussed
hierarchy as a heredity principle. Nelder [19] called hierarchy as marginality. Heredity
or marginality states that the presence of an interaction in the model is allowed only by
presence of, some or all, related main effects. In this thesis we focus on hierarchical linear

models applicable to high-dimensional factorial designs.

1.2 Overview of the thesis

There are two main approaches to guarantee hierarchy in fitted linear models: grouping of

main effects and interactions in the penalty term; or using a hierarchy constraint.

The first approach makes a proper grouping or a set of groups of main effects and inter-

actions in the penalty term. Consider a two way factorial design with factors A and B, each



with 3 levels, and interaction AB. The linear model is

Yurr = H+ Qg + By + (aﬁ)ab T Eopns

where a = 1,2,3 and b = 1,2, 3. The proper grouping for satisfying hierarchy in the fitting
of this linear model is {{ A}, {B},{A, B, AB}}; see Chapter 2 for more details. Therefore,

the corresponding group LASSO penalty is

\/3;ag+\/3;55+\l 15(§a3+zb:5§+za:zb:(aﬂ)ib).

Suppose the first and second group of coefficients overlap with the third group; In such a
situation, group LASSO could fail to select groups properly. The overlapped group LASSO
proposed by Obozinsky et al. [34] is capable of yielding a hierarchical linear model for this

case.

The second approach uses a new constraint rather than grouping of main effects and in-
teractions in the penalty term. Its idea is derived from Cox [3], who stipulated that large
main effects are more likely to lead to appreciable interactions. Based on this principle,
Bien, Taylor, and Tibshirani [27] proposed a constraint to induce hierarchy in linear mod-
els. Consider a linear model with two factors A and B, each with two levels, and interaction

AB. The linear model by baseline constraint and related dummy variables is as follows

Yi = p+ BaDa; + BpDpi + BapDapi + ¢,

where Da; = Da(y;) = I(y; € 2" level of A) and Dap; = Da; * Dp;. The hierarchy

constraints are then

|Basl <B4l and  |Bags| <|Bsl. (1.2.1)



These constraints together with LASSO results in a hierarchical sparse model.

The advantages and disadvantages of both approaches are discussed in Chapter 2, which
reviews and compares the existing proposals, to justify our preferred choice between them.
In Section 2.2, we provide high-dimensional factorial examples to motivate and illustrate

the application of our results.

The main results of this thesis are given in Chapter 3. We focus on the second approach,
the approach based on constraints. We propose a modified generalized version of (2.5.7),
to satisfy hierarchy in high-dimensional factorial designs. We investigate the effect of this
constraint on estimates in Theorem 1. The proposed procedure combines group LASSO

LASSO n ngup LASSO Where S 18

and LASSO penalties. Therefore, the solution lies in the set of &
the support of the related procedure. We characterize the solution in Theorem 2; and based
on this characterization, we calculate the degrees of freedom for the proposed procedure in

Theorem 3.

Chapter 4 is devoted to alternative approaches: the standardized group LASSO [28] and the
overlapped group LASSO. Standardized group LASSO is a specific case of group LASSO
with an orthonormalized design matrix. At first, we propose a normalization to unify group
weights, which is investigated in Theorem 4. Then, we characterize the solution in Theo-
rem 5; and calculate the unbiased estimate of degrees of freedom in Theorem 6. Finally,
the unbiased estimate of degrees of freedom for the overlapped group LASSO is calculated

in Corollary 1.

We apply the modified hierarchy constraint on generalized linear models with a binary

response in Chapter 5. The solution is characterized in Theorem 7. The model selection



process of the proposed procedures are investigated in Section 5.5. The calculated esti-
mates of degrees of freedom in this thesis are compared with other known estimates of the
degrees of freedom in Section 5.5. Also, we compare the calculated degrees of freedom
with the degrees of freedom of the corresponding ANOVA in the extreme case where the

tuning parameter A - (0. We show in Theorem 8 and Corollary 2 that they are equivalent.

It seems the only connection investigated so far between classical ANOVA methodology
and group LASSO is Lim’s [17]. To establish such a connection, we need to make a con-
nection between group LASSO with classical ANOVA concepts, such as factors, balanced
design and replication. The parameters in classical ANOVA models are estimated by a
constrained least-squares estimator, hereafter called constrained LSE. Chapter 6 further de-
velops Lim’s idea [17]; and shows a connection between group LASSO and constrained
LSE in Theorem 9. It shows that group LASSO, in the case of balanced design, satisfies
sum-to-zero constraints. Section 6.5 investigates the selection process of group LASSO;
and shows how replication affects the selection process specifically in the case of balanced
designs. Section 6.3 is devoted to the selection of A. The usual methods for selection of
A are cross-validation, AIC and BIC. However, the calculation of AIC and BIC requires

determining the quantity of the degrees of freedom, which are calculated in this thesis.
1.3 Basic concepts and definitions

1.3.1 Norm

A norm on a vector space V' is a function ||- | : V' — R such that forall a € R and u, v eV

has the following three properties

(i) absolute homogeneity: |av| = |a||v|



(i) subadditivity: |u +v| < |u] + |v|
(iii) zero vector: |v| =0= v =0.

The following norms are used throughout the thesis. Define 3 = (31, . .., ,) then

li-norm: | B]; = X2, |6il-

ly-norm: | By = /X%, 52

enorm: 8], = (S, [6P]7 and p> 1.

I, /ly-norms: Suppose g,,---, g, be the corresponding group of parameters each with

size |, and d, > 0 be the weight of group g,. The corresponding /4 /la-norm of

B=(By,, By, ) is defined as

p
18172 =] dy,

i=1

* Induced matrix norm: Suppose || - | . is a vector norm; then, its induced matrix norm

is defined as (Atkinson and Han [12], page 57)

| Al = sup {|Az|.| = eR", [z <1} = sup [Ax]..

zeR™, |z «<1

Note that | A2 = \/Amax(ATA) = opax(A) i.e. the induced l3-norm of matrix A is

its largest singular value or is the square root of the largest eigenvalue of AT A.

1.3.2 Convex optimization

A set C' is convex if the line segment between any two points in C' lies in C, i.e., for any
x1, x9 € C'and any 6 € [0, 1]
6.7}'1 + (1 - 9).732 eC.

7



A set C'is called a cone, if for every € C' and 6 > 0, we have fz € C. A set C'is convex

cone, if for any 1, x5 € C' and 6y, 6, > 0 we have

911'1 + 821’2 eC.

A cone K ¢ R" is called a proper cone if it satisfies the following:

e K is convex.

K is closed.

K has nonempty interior.

K contains no line (equivalently x € K and -z € K = z = 0).
Suppose K ¢ R™ be a proper cone then, the partial ordering in R" is defined as
rgy<—=y-rvek.

A function f : R® — R is convex, if domf is a convex set; and if for all x, y € dom f, and
0 €[0,1], we have
fOz+(1-0)y)) <Of(x)+(1-0)f(y).

Consider the optimization problem of the form

minimize fo(z)
subjectto  fi(z) <0 i=1,....,m

hi(z)=0 i=1,...,p, (1.3.1)

with variable = € R”. Assume the domain D = 0", domf; n N, domh; is nonempty, and

denote the optimal value of (1.3.1) by p*. The Lagrangian L : R® x R™ x RP - R is

L(z ) = folz) + leAifxx) + zh<)

8



with domL = D x R™ x RP. The Lagrange dual function g : R™ x RP — R is defined as
. . 2 p
g(\v) = gE%L(a:, A\ V) = :1616% (fo(a:) - ; Aifi(z) + ; z/ihi(:n)) .
Note that the dual function yields lower bounds on the optimal value p*:
g\ v)<p".

The dual function is concave, as it is the pointwise infimum of a family of affine functions

of (A, v). The Lagrange dual problem is

maximize g(\,v)

subjectto A\ >0,

and the optimal value of the problem is denoted by d*; therefore d* < p*. If strong duality
holds, i.e., if d* = p*, then the optimal dual gap is zero. Slater’s theorem states that if the

problem is convex and there exists a strictly feasible point, i.e., 3x € D such that
fi(x)<0, i=1,....m, hi(z)=0, i=1,...,p,

then strong duality holds. Note that strong duality holds even with weaker condition, i.e.,

only some of inequality constraints are strict.

Suppose strong duality holds. Let z* and (A*,v*) be the primal and dual optimal point.

Then
fo(z*) = g(A",v")
Cint| fole) + SN () + 3w ha(a)
£ i=1 i=1

< fo(z*) + i)\*fi(x*) + il/i*hi(x*) < fo(z™).



This shows that
Z XN fi(x) =0,
i=1

the condition called complementary slackness.
Suppose f;, ¢ = 1,...,m, are convex; h;, = 1,...,p, are affine, and x*, \*, v* be any
points that satisfy the KKT conditions

fl(ﬂf*)ﬁ(), izl,...,m

hi(fﬁ*):o, izl,...,p

N fi(z*)=0, i=1,....m

Viola) + S NVF(t) + 3 v Thi(a*) = 0.
=1 =1

Then x* and (\*, v*) are primal and dual optimal, with zero duality gap.

1.3.3 Subdifferential

Let f : R» — R, be a convex function. Then v € R" is a subgradient of f at point
xo € domf if

f(z)> f(zo) +vT(z-29) Vazedomf.

The subdifferential 0 f () of f at x is the set of all subgradients

Of(wo) = {veR*| " (v - x) < f(x) = f(o), V& € domf}.
Suppose that f(x) = |z|, = € R, then

Of(z) = % if 2 %0, 0f(z) = {veR||<1}=[-1,1] ifz=0.

10



f(z) = |z af(x)

Let f be the Euclidean norm f(x) = ||, where x € R™ then

X

]2

Of(x) = ifz#0, Of(z) ={veR"||v|,<1} ifz=0.

1.3.4 The degrees of freedom

In elementary textbooks, degrees of freedom refer to particular parameters in some distri-
butions such as t, F and chi-square. In the classical ANOVA, the degrees of freedom of
sum of squares of treatments and error are needed for calculating F-statistics. This leads to
the definition of degrees of freedom for sum of squares; the definition which is a specific
number of levels of factors. This concept generalizes to multiple regression involving p

covariates; in such a case, the degrees of freedom of fit is p.

Suppose the vector of response Y € R" is normally distributed. Let g : R" - R" be

the prediction rule, Y = g(Y'); the risk of g is then, Efron [6],

Risk(g) =E [g(Y) - a2 =E|g(Y) - V]2 - no? + 23 cov(g:(¥). Y).

i=1
The last term in the right side of the equation can be taken for the following definition of

degrees of freedom of g, suggested by Efron [6]:

1 n
df(g) = — ) cov(g:(Y), V). (1.3.2)
=1

11



We need p for calculating of cov(g;(Y"),Y;) which is the parameter of interest in regression
analysis. Also note that £'[g(Y")] depends on p [30]. Therefore, this definition may not be

suitable for practical calculations. Stein [24] proposed an unbiased estimate for df(g) as

2 0gi(Y)
2y,

)

df(9) =E[(v.9)(Y)] = di(g)=(v.9)(Y)= (1.3.3)

where g is continuous and almost everywhere differentiable. Based on this definition the

Stein’s unbiased risk estimation, SURE, is
Risk(g) = |9(Y) - Y5 - no” +20°di(g). (13.4)

The prediction rule in multiple regression is g(Y) = X 3(Y") therefore

9g(Y) XaB(Y) B X&)(XTX)‘1 XTy
oy T oy oY -

X (XTXx) " XT
This implies that
di(g) = (v.9) (V) = to(X (XTX) " XT) = te(1,) = p.
It shows that the degrees of freedom in least squares regression are equal to the number of
predictors in the model.
1.3.5 The implicit function theorem

The following statement of implicit function theorem can be found in Yu [37].

Let f: R" — R™ with n > m. We decompose

m

Rn _ Rnfm « R

and denote the first n —m coordinates by vector x and the rest m coordinates by y. Assume

12



 f is differentiable and has continuous partial derivatives, (it can be considered in an

interval);

* f(20,40) = 0;

e Jacobian g—;(xo, Yo) is invertible.

Then, there are open sets U € R"™, VV ¢ R"™ satisfying xo € U, yo € V and

e For every x € U the equation f(x,y) =0 has one unique solution y = g(z) € V;

9(350) = Yo;

g is differentiable with continuous partial derivatives;

--(5) ()

For z € U,

13



Chapter 2

Hierarchy in Linear Models

2.1 Introduction

This chapter reviews existing approaches in groupwise regularization and their properties,
to justify the preferred choice for constructing hierarchical sparse models. Unlike the fol-
lowing chapters, this chapter contains no technical results. However, we believe that it is
important for understanding certain motivations, which determine our subsequent focus in

this thesis.

There are two forms of hierarchy in linear models, weak and strong. Strong hierarchy
refers to a rule in which the presence of an interaction is allowed only by presence of all
related main effects. Weak hierarchy, on the other hand, requires only one of the related
main effects. There are different opinions in this regard: Hamada et al. [35] suggest both
weak and strong hierarchy for linear models; Nelder [19], on the contrary, suggests strong
hierarchy as a default rule. Fitting linear models satisfying such rules is of interest in high-

dimensional data sets [17], [36], [27] and [1].
As already mentioned in the previous chapter, there are two main approaches to achieve

hierarchy in fitted linear models. The first approach (Zhao et al. [36] and Lim [17]) uses a

specific geometric property of [ /ly-norms to satisfy hierarchy. The second approach uses

14



a constraint to achieve hierarchy which is inspired by Cox [3]. Bien, Taylor and Tibshi-
rani [27] proposed a constraint, which together with LASSO results in a hierarchical sparse

model. However, this constraint is restricted to factors at most with two levels.

This chapter starts with two real-data examples in section 2.2 and it is followed in Sec-
tion 2.3 by definition of interaction in factorial designs. Section 2.4 establishes strong
hierarchy as a default rule in this thesis by Nelder’s argument. Section 2.5 reviews exist-
ing approaches, downward and upward grouping structures, Lim’s theorem and the con-
straint of Bien et al. [27]. The modification of the constraint of Bien et al. [27] is given
in Section 2.6; and we justify our preferred choice between two approaches for achieving

hierarchy in Section 2.7.
2.2 Examples

2.2.1 A high-dimensional example

The data set of the genome-wide association study [17] deals with 26797 Single Nucleotide
Polymorphism (SNP) markers. Each of those markers can be interpreted as 3-level categor-
ical random variables. The data set contains 3500 training examples; apparently n << p in
this case. Even if we consider only main effects, classical ANOVA would not be applica-
ble here. If we consider also pair interactions, the model would contain around 3.23 x 109

parameters. It is clear that working with such huge data requires its own method.

The number of sum-to-zero constraints for model with pair interactions are around 2.15 x
109, Fortunately, based on Theorem 9 and related results, the sum-to-zero constraints
would be dropped out from group LASSO. Lim [17] designed the R package GLINTER-

NET to apply group LASSO on this data set with pair interactions. It selects the main

15



effects called SNP6-305 and denseSNP6-6873 together with pair interaction denseSNP6-
6881 x denseSNP6-6882. The selected model is clearly not hierarchical. It is similar to our
result in Table 6.4, where we will see that the standardized group LASSO drops out one of
the effective main effects while it picks up the related pair interaction. In the genome-wide
association study, Lim [17] showed with an F-test that the main effect denseSNP6-6882
is significant while it is not picked up by GLINTERNET. Thus, we still appear to need a

method picking up a model satisfying the hierarchy principle automatically.

2.2.2 A toy example

We consider a two-factor layout from [35] and [11], in which the main effects and the in-
teraction are statistically significant at the 95% confidence level. The design is balanced in

order to facilitate the comparison of the group LASSO estimate with the constrained LSE.

A manufacturer found unwanted differences in the torque values of a lock nut that it made.
Torque is the work, forcexdistance, required to tighten the nut. Consequently, the manufac-
turer conducted an experiment to determine which factors affected the torque values. The
type of plating process was isolated as the most probable factor to impact torque, especially
using no plating versus using plating. Another factor is the test medium, that is, whether
the locknut is threaded onto a bolt or a mandrel. A mandrel is like a bolt but harder. Thus,

the two experimental factors were

* type of plating, whose three levels were Cadmium and Wax denoted as C&W, Heat

Threaded or no plating denoted as HT, and Phosphate and Oil denoted as P&O

¢ test medium, whose levels were mandrel and bolt.
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The industry standard is 45-foot-pound maximum when the locknut is first threaded onto
its mating partner as measured by a manual torque wrench. Table 2.1 shows torque data for

the bolt experiment.

C&W HT P&O

Bolt 20,16,17,18,15, 26,40,28,38,38, 25,40,30,17,16,
16,19,14,15,24  30,26,38,45,38  45,49,33,30,20

Mandrel 24,18,17,17,15, 32,22,30,35,32, 10,13,17,16,15,
23,14,18,12,11  28,27,28,30,30  14,11,14,15,16

Table 2.1: Torque data, bolt experiment, Wu [11].

2.3 Interactions in ANOVA models

It is common in additive models that main effects are inadequate for predicting the response
variable. For instance, consider a two-factor layout where the effect of a factor on the re-
sponse variable is associated with the levels of the other factor. In such a situation, the
additive model cannot explain the response variable properly and we expect the presence of
an interaction in the model. The other names for interaction in statistical literature are joint

effect, cross-term, and compound term.

We consider pair interactions as the componentwise product of two factors, in the same
way as Bien et al. [27], and Lim [17]. Let X, denote the submatrix corresponding to the
g-th factor with each row containing only a single 1 and other components are zero; such a
matrix is called an indicator matrix (Lim [17]). We use indices g € G = {1, ..., p} to refer to
factors, where p is the number of factors. The cross-term matrix X, is the componentwise

product of X, and X}, and corresponds to the interaction of the factors g and h.
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For instance, consider two factors with two and three levels, respectively. A generic row of

the matrix X, is given by
(a b)*(c d e)=(ac ad ae bc bd be), (2.3.1)

where (a,b) and (c,d, e) are the corresponding generic rows of X, and X,.

Study of pair interactions in the case of high-dimensional data, p >> n, is challenging

since there are (%) pair interactions, the number that increases dramatically with p.

2.4 Hierarchy principles

“Hierarchy” in model construction and fitting means that only certain models are consid-
ered acceptable from the statistical point of view. In ANOVA this requirement may lead to

quite complex conditions; in this thesis, we adopt a somewhat simplified view.

If a model with interaction is accompanied by all related main effects then we call it a
model with strong hierarchy. We speak about weak hierarchy if it contains only one of the

related main effects. Consider a model

n = Bo+ Biry + Paxa + a1 (2.4.1)
The hierarchy rules for this model are as follows:

Strong hierarchy : [12#0 = [, #0 and [y #0

Weak hierarchy :  [12#0 = 1 #0 or [y#0.

Hierarchy is investigated by Hamada [35] and Chipman [2] who call it the heredity princi-
ple. Nelder [19], when studying strong hierarchy, speaks about the marginality principle. In

the marginality principle, strong hierarchy is the default rule, since weak hierarchy occurs
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actually in the so-called slope-ratio assays and the pure interaction model shows a surface
with a saddle point at the origin. With this reasoning, pure interaction is too restrictive to
be used practically; this establishes the hierarchy principle. However, the restrictive condi-
tions for implication of weak hierarchy in practical situations lead us to consider the strong

hierarchy as a default rule.

2.5 Existing approaches in hierarchical fitting

2.5.1 Group LASSO

In a factorial design, each factor in the related linear model corresponds to a group of
dummy variables representing its levels. In such models, it is of interest to select or drop
an entire factor instead of its particular level or levels. LASSO may not do it since LASSO
treats all regressors equally. It may select only one level of a factor and drop other levels of

that factor. Group LASSO is a solution to this problem.

The essence of the LASSO penalty is the use of the /;-norm. The right panel of Figure 2.1
shows the unit ball of this penalty. When the surface of loss intersects with the surface of
this ball, it is typically in the extreme points; the vector of parameter estimates thus gets
many zeros, resulting in a sparse model. Ridge regression uses the /;-norm penalty and
the unit ball of this penalty is the standard Euclidean, round ball. It yields typically a full
regression model; that is, all components of the vector of parameter estimates are nonzero.
Yuan and Lin [18] used these two properties of [, and /5-norms and proposed the group

LASSO penalty,
Qgroup LASSO(B) = Z dg Hﬁg ”27

9€§
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where d,, is a groupwise weight. This penalty uses an /; /ls-norm where the /;-norm favours

sparsity while the lo-norm favours the groupwise structure. For instance, consider [ =

(Bl? 527 53) with groups {Bl? 62} and {/83}7 then
3
Qrasso(B) =161 and  Qgroup Lasso(B) = [(B1, B2)]2 + 155]-
-

The unit ball for this penalty is illustrated in the left panel of Figure 2.1. Compared to
LASSO, the shape of the unit ball of group LASSO is in favour of selecting only {33} on
top (bottom) of the ball or selecting group {1, 52} as the circle in the middle of the ball.
Note that groups {51, 52} and {5} are disjoint and group LASSO works well for disjoint
groups.

LASSO Penalty
Group LASSO Panalty :

Figure 2.1: The unit balls for group LASSO and LASSO penalties.

2.5.2 CAP

As already mentioned, group LASSO uses the /;-norm to encourage group structure in the
model. The [,-norm, where p > 1, can be used for the same purpose. Fu [10] penalized the

negative log-likelihood by an /,-norm and showed that by choosing a proper data specific
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p, prediction is better in the sense of the MSE, the mean squared error.

Zhao et al. [36] used this fact and generalized group LASSO by using /,/l,-norms in or-
der to get a better prediction in the sense of the MSE. They called it Composite Absolute
Penalty, CAP. The penalty in this procedure is as follows:
Qcar(B) = dglBglp,
9€$
where p > 1. Therefore, the [;-norm promotes sparsity while the /,-norm encourages group
structure in the model, and at the same time improves prediction error. Like group LASSO,

CAP works well for disjoint groups.

Zhao et al. [36] used BLASSO algorithm to trace the solution path in the case of disjoint
groups. They also tried, for the first time in statistical literature, to achieve hierarchy in
linear models by designing a specific penalty. For this purpose, they illustrated hierarchical
structure of parameters as a directed graph and tried to represent it as a set of groups. By

designing directed graphs, they [36] argued that,

“[E]ach node corresponds to a group of variables g, and set its descendants to

be the groups that should only be added to the model after g,.”

To understand the aforementioned quote, consider the main effects A and B and interaction
AB with a hierarchy such that AB is a descendant of A and B. Therefore, the descendant
AB “should only be added to the model after” A. With this definition, since there is no
descendant for AB, then @& “should only be added to the model after” AB. This gives
the grand set § = {{A, AB},{B, AB},{AB}} which defines a downward algorithm in
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grouping. They proposed the following penalty
QCAP(ﬁ) = Z dg H (ﬁga 5all descendants of g) “p (251)
9§
In this penalty, groups overlap since the descendants appear at least in three different
groups. This penalty improves hierarchy in the fit but it does not result in a strong hier-
archy. This means that some of interactions appear in the model without their main effects.
Zhao et al. [36] used the term “‘hierarchy gap” to determine the number of variables that are

missing to achieve a strong hierarchy.

2.5.3 Overlapped group LASSO

Group LASSO or CAP work well when the groups form a partition; if they do not, the

problem with the “hierarchy gap”, as observed by Zhao et al. [36], occurs.

Consider three overlapped groups in such a way that the first and third groups get zero
coefficients by group LASSO. What remains, is not the second group, but rather the co-
variates in the second group which are not in the first or third groups. Therefore, we are
looking for a penalty that selects groups entirely; that is, the support (the indices of nonzero

components) of the solution B is a union of groups.

For this purpose, Obozinski et al. [34] proposed the following penalty

Qoverlap(ﬁ) = inf Z dg ”Ug H 25

EEVSngeS ’UgZIB 969

where v,, g € G are auxiliary variables; they represent a decomposition of 3 as their sum.
Let us write this penalty in a simple example. Consider main effects A and B each with

three levels and pair interaction AB. Also consider the three overlapped groups g, = {A},
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g, ={B},and g, = {A, B, AB}, then G = {{A},{B},{A, B, AB}}, hereafter called grand

set. Therefore,

Qovertap(B) = V3l 2+ V3llaglla + VISV, 5+ 1G53 + a3,

/BA aA
where 5, = o, +a,, B, =a, +a,, B, =,z and f=| 3 | Thatis,vg =| 0 |,
Bas 0
0 a,
- 3
U92 =1 ay | vgg = Op > andﬁ = Zi:l UQ,L-‘
0 X pp

By applying an [, /I penalty to the vectors v,, some of v, shrink to zero, while the nonzero
vectors satisfy Y g v, = 3. Therefore 3; # 0 as long as ¢ belongs to at least one nonzero
group. This shows that if a group is not dropped then all of its covariates have nonzero

coefficients. In such a situation, overlapped group LASSO selects the groups.

Overlapped group LASSO can be used for achieving strong hierarchy. First, we review
its mechanism in estimating parameters; then, with a simple example, we show how to
achieve strong hierarchy with overlapped group LASSO. Consider three overlapping groups
9:»9,, g5 and let the overlapped group LASSO lead to an estimate such that 3, =, =0.
As mentioned above, in group LASSO the components of g, that are in g, or g, will get
zero coefficients. However, in overlapped group LASSO all the components of g, will have
nonzero coefficients. With this principle in mind about overlapped group LASSO, we want

to design a penalty in such a way that strong hierarchy is guaranteed.

Example 1. Consider main effects A and B with pair interaction AB. For observing strong

hierarchy, if interaction AB is selected, then the main effects A and B should be selected
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too. This states that all these three effects are in a group, i.e. {A, B, AB}. Therefore, the
grand set G = {{A},{B},{A,B,AB}} = {9g,,9,,9,} will result in an additive model or
a model with strong hierarchy. To observe this, suppose overlapped group LASSO leads
toa, =0; then fa=a,+a, #0, fp=a,+a, #0, and fap = o,, * 0 which is a
model with strong hierarchy. The model is additive when the estimated coefficients of group

g, ={A, B, AB} are zero.

This form of grouping shows an upward grouping, which opposes to the downward group-
ing. In fact, main effects are in the first line of hierarchy graph and pair interactions are in
the second line. Similar to the equation (2.5.1), we define the penalty of overlapped group

LASSO with strong hierarchy as follows

Qoverlap(ﬂ) = inf Z dg H (Ug’ Vall parents of g) H 29 (252)

0eV5, Y geg vg=P g€S

where group g refers to the levels of main effects or interactions.

2.5.4 Upward and downward grouping

Zhao et al. [36] used a downward grouping in order to represent a hierarchy. Let us illustrate

the effect of downward grouping in a simple example.

Example 2. Consider main effects A and B with interaction AB. By a downward grouping,
the grand setis G = {{ A, AB},{B, AB},{AB}} and clearly the groups overlap. CAP uses
a similar mechanism of group LASSO to deal with overlapping groups. If the estimate of
group LASSO leads to Bia apy = 0, then fap = 0, B4 = 0, and B # 0. This gives an
additive model. The same is the case for the second group. Now, if Biapy = 0, then 34 0
and Bg + 0 which is again an additive model. The same is the case when two groups are

Zero.
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This states that if at least one of the groups gets zero estimate, then the model is additive.
Note that the interaction is penalized three times in this grouping and, therefore, it is more
likely to be dropped from the model. It shows that the model is always additive when a
group is dropped. The behaviour of CAP and group LASSO in case of overlapped groups
gets more complicated when the number of groups p increases. The simulations of Zhao et
al. [36] showed that downward grouping does not guarantee strong hierarchy. Also down-
ward grouping with overlapped group LASSO does not satisfy strong hierarchy. We check

this fact by a simple example.

Example 3. Consider main effects A and B with interaction AB. By a downward grouping,
the grand set is § = {{A,AB},{B,AB},{AB}}. If the estimate of overlapped group
LASSO leads to vis apy = 0, then Sp # 0 and Bap # 0 which is a model with a weak
hierarchy rule. The same is the case for the second group. Now, if v apy = 0, then 34 # 0,
Bp # 0, and Sap # 0. This satisfies the strong hierarchy rule. Now, if vy apy = 0 and

v(B,aBy = 0, then Bap # 0 which is a pure interaction. This contradicts hierarchy.

Two conclusions can be drawn from this example. Firstly, an overlapped group LASSO
with a downward grouping penalty does not achieve hierarchy; secondly, if we penalize a

group more, then it is more likely to appear in the model.

Now consider overlapped group LASSO with upward grouping, the same as (2.5.2).

Example 4. Consider main effects A and B with interaction AB. By an upward grouping,
the grand setis G = {{A},{B},{A, B, AB}}. In this setting, the main effects are penalized
two times while interaction is penalized one time. Therefore, the main effects are more likely
to be in the model than the interaction. If the estimate of overlapped group LASSO leads to
viay = 0, then B4 # 0, Bp # 0, and Bap # 0 which is a model with a strong hierarchy rule.

The same is the case for the second group. Now, if via p ap, = 0, then 34 # 0 and Bp # 0
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which is an additive model. If two groups get zero estimates, then again the final model

preserves additivity or strong hierarchy.

In conclusion, downward grouping together with CAP or overlapped group LASSO do not
satisfy strong hierarchy. Also upward grouping with CAP or group LASSO do not achieve
strong hierarchy rule. Only upward grouping together with overlapped group LASSO re-
sults in a model with strong hierarchy or an additive model. There is no weak hierarchy for
this case. Therefore upward grouping is the desirable grouping algorithm for the penalty
of overlapped group LASSO. Also, we found that if we penalize a group more in group
LASSO or CAP, it is more likely to be dropped out from the model. However, if we penal-
ize a group more in overlapped group LASSO, it is more likely to appear in the model. We

summarize this conclusion in the following proposition.

Proposition 1. Overlapped group LASSO with upward grouping results in strong hierarchy.

Also when a group is penalized more in overlapped group LASSO, it is more likely to be in

the model.
\/0‘% + 0‘%:2 + \/O‘% + 6‘%;2 + || g | + |eea| + 041 + a3+ 0‘1 2
B1 =01 B1 =01+
B2 = a B2 = g + a2
Bi2 = a2 + Qo + 2 Bi:2 = a1:2

Figure 1.2: Downward and upward overlapped group LASSO penalty.

Now consider overlapped group LASSO with upward grouping where each group consists

of only one variable. Let us investigate this case in high-dimensional data by an example.

Example 5. Consider a linear model with X, and X+ as continuous predictors. By upward

grouping, the grand set is G = {{X1},{X2},{X1, Xo, X12}} where X15 = X1X5. This
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leads us to the following overlapped group LASSO penalty with upward grouping of

Qoverlapped(ﬂ) = ‘a1| + ‘042’ + V &% + d% + a%:Qa

where 1 = a1+, 8o = o +Qg, and 1.0 = ar.9. Note that the main effects are decomposed
into two components and each component is penalized separately. If one of these compo-
nents is not zero then the related main effect will have a nonzero coefficient. If we consider
a model with p covariates, then each main effect decomposes into p components and each

component is penalized separately.

The results show that each main effect decomposes into p components and each component
is penalized separately. Now, if a main effect is zero, then that means all of the p related
components are zero. As a heuristic reason, suppose that P({C; = 0}) is the probability
of when the component C; of a particular main effect is zero. Then, P( ﬁl {C; =0}) is
the probability of when all related components are zero. It gets smaller byiincreasing the
dimension p of data set. Therefore, main effects are more likely to be in the model by
increasing p. But, each interaction is penalized only one time and then it is less likely
to be in the model. This reveals the weak side of overlapped group LASSO with upward
grouping. All in all, representing a hierarchy rule by upward grouping in the case of high-

dimensional data may result in misleading models.

2.5.5 Lim’s theorem

Lim [17] investigated the overlapped group LASSO in order to induce a strong hierarchy
rule in high-dimensional factorial designs. He considered full design matrix with sum-
to-zero constraints in an overlapped group LASSO. By adding sum-to-zero constraints to
overlapped group LASSO, the optimization problem becomes cumbersome. He simplified

this problem to a group LASSO. He showed that a specific form of constrained overlapped
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group LASSO is equivalent to a group LASSO. He considered a linear mode with factors
X and X, with corresponding number of levels L; and Lo, respectively, and quantitative

response Y. The first order interaction model is
Y = fo+ B1X1 + B2 X5 + Bra X1 + ¢, (2.5.3)

where 81 = (S11,-+, Bin,) T, B2 = (Bars -, Bary) T, Br2 = (Brz, -+, Broran,) T, € ~ N(0,02)
and interaction X, is the componentwise product of X; and X5, similar to equation (2.3.1).

He defined the constrained overlapped group LASSO as follows:

g
1
3 Y—oz0~1—X1Oé1—X20é2—[X1 X X1:2] Qg

Q1:2

Al + lasllo + VIa[ar 3 + Liflaa[E + Jaral3)

subject to:
Ly Lo Li Ly
Yai=0, > =0, @ =0, > a=0
i=1 j=1 i=1 j=1
Ly Ly
> i)y =0 for fixed 7, > ail, =0 for fixed 7, (2.5.4)
i=1 j=1

where 3y = g, B1 = a1 + a1, B2 = s + @s, and By = ay.o. First, he showed that &; = G = 0
in the overlapped group LASSO without constraints; therefore, the first two constraints are
satisfied in the estimates of effects &; and as. In the second step, he proved that by adding
the second intercept & to the convex problem (2.5.4), the problem would not change since

its estimate would be dy = 0. Finally, he considered the following interaction decomposition

By = Bia + (Bry = Biag) + (Bl - Bia) + (B - Bry = Bia + Bia)

- = R V]
=Qp+ Q)+ 0] + 0, (2.5.5)
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and showed that
|Br2]13 = LiLa| G5 + La| G |3 + L[ Gz 3 + |on2]3.

This reduces the above constrained overlapped group LASSO to the following uncon-

strained optimization problem
1 2
B ||Y —op-1-Xi0q - Xoag - X1:251:2H2 +A (|‘041“2 + H042||2 + ||51:2H2) )

which is a group LASSO. In fact Lim’s theorem says that we can use a group LASSO to
obtain some fits that obey strong hierarchy. Group LASSO can estimate &g, &, & and a0,
but &; and &, cannot be estimated directly by a group LASSO and note that the overlapped

group LASSO estimates are

60:@07
B1= a1 + ay,
Ba = Gy + (g,

B1:2 = 651:2'

It is not completely clear how to estimate &; and . Note that if we consider d; = B{;Q - Bi:z
from the decomposition of interaction (2.5.5), then /3%, and 3;., have to be zero by assumed
constraints. Then, ¢&; = 0 and with the same reason, &, = 0. In this situation, the group
LASSO may result in pure interaction and this contradicts a strong hierarchy rule. Note
that the group LASSO does not satisfy a strong hierarchy rule and so the nonzero estimates

of &y and & are needed.

In the proof of this theorem, each sum-to-zero constraint is decomposed to latent vari-

ables. For instance, consider the first constraint on parameters for full design model (2.5.3),
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Zf:ll ¢ = 0. From (2.5.4), 51 = a; + &1, which gives Zile = ijl(a’i +@t) = 0. However,

this constraint is decomposed to two constraints 3~ o = 0 and ¥4 @ = 0. Now, if we

consider a high-dimensional data set with p factors, then this constraint will extend to p
constraints. This theorem extends the sum-to-zero constraints wherever they are needed.
Nelder [20] believes that putting constraints on parameters in linear models is unnecessary

because these constraints are on the estimates of parameters not on the parameters them-

selves. He argues:

“It is tempting to match the symmetric constraints, say, on the parameter esti-
mates with corresponding constraints . = . = ;. = .; = 0 on the parameters

themselves. This temptation should be resisted, ...”

But this temptation is usually not resisted by statisticians and constraints are used for identi-
fiability. Note that these constraints on estimates of parameters are correct only on balanced

designs.

Lim’s theorem reveals an inside group balancing in the penalty term. Consider the lin-

ear model (2.5.3). The penalty of an overlapped group LASSO with upward grouping is

V@1 |3+ |az2]2 + [ arz|3. This penalty is replaced with \/Lo| 1|2 + L1 | Ga|2 + |ci:2]2 in
Lim’s theorem. The coefficients L; and L, appear in the penalty term because of the number
of components in each effect. It represents an inside group balancing. In other words, &0
has L, L, components while &; and & have L; and L, components, respectively. There-
fore, coefficients L; and L, make a balance between main effects and interaction in the
group. Usually, groupwise weights d, are used for balancing among groups not inside

groups. This is an interesting form of group weights.

30



2.5.6 The constraint of Bien et al.

Bien, Taylor and Tibshirani [27] interpreted the hierarchy structure of a linear model as a

constraint. The idea is inspired by Cox [3]:

“[L]arge component main effects are more likely to lead to appreciable inter-
actions than small components. Also, the interactions corresponding to larger

main effects may be in some sense of more practical importance.”

That means, the interactions related to larger main effects are more likely to be included
in the model. Hence, the model focuses on investigating of the interactions with larger
main effects. In other words, if a main effect is zero then all related interactions will be
zero. In hierarchical LASSO [27], the LASSO penalty promotes sparsity and hierarchy
is guaranteed by a constraint, which relies on a statistical principle rather than geometric

interpretation of upward grouping.

Bien et al. [27] consider a regression model with continuous outcome Y, predictors X3, ..., X,
and pairwise interactions among predictors. Afterwards, they define the following model

Y:50+Zﬁij+%Z@ijij+€, (2.5.6)

J J*k

where € ~ N(0,02), 8 € R” and © € R™" where ©;; = 0. Note that © is a matrix which
contains the coefficient of interactions. The coefficient of one half, before the interaction
terms, is used because of the notation of interactions as a matrix rather than a vector of
length p(p — 1). The proposed optimization problem to satisfy the strong hierarchy rule is

as follows:

LB, 8,0) + Al + 510

min
BoeR,BeRP ©OcRP*P
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s.t. 0=0"7 10, <3| forj=1,...,p, (2.5.7)

where |©;[1 = X}_; [©;k]:1. Note that the objective function is an all pairs LASSO [27].
Now, if 5, = 0, then ||©,|; = 0. This makes all those interactions zero that are related to the
jth main effect. The constraint |©,|; —|3;| is not convex and, therefore, it may need to be
changed to |©;|; < 3" + 3~. One may ask why not to use constraint O] < 3 + 3;? Bien

et al. [27] answer:
“[This] can lead to an overabundance of interactions relative to main effects.”

The constraint © = ©F means O, = O; which results in a strong hierarchy rule, because

if ©j; # 0, then 3; # 0 and since O, = ©y; # 0, then S, # 0.

The methodology, as proposed, is applicable on linear models with factors having only

two levels; the latter become a univariate predictor by dropping out one level.

2.6 Modifying the constraint of Bien et al.

Based on Cox [3], interactions related to larger main effects are more likely to be included
in the model. In a radical interpretation, interactions related to smaller main effects are less
likely to be in the model. Thus, when a main effect has a zero coefficient, then all related
interactions have zero coefficients, i.e., 3; =0 = ©;; =0 for k= 1,---, p. This leads to the
strong hierarchy rule. In a moderate interpretation, a pair interaction with only one large
main effect is likely to be included in the model which leads to weak hierarchy rule. For
the principle “if a main effect is zero then its related interactions are zero”; the constraint
|©,x| <|5;| is the most simple one to represent it. Bien et al. [27] argue that using this con-
straint results in “overabundance of interactions relative to main effects”. Therefore they

proposed |©;|; < |5;| which represents exactly the radical interpretation.
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In high-dimensional data sets, it is common to face factors which have more than two
levels [17]. To deal with such a situation, we consider each factor as a group of its
levels in the model and pair interactions are componentwise products of levels of two
related factors as defined in (2.3.1). To guarantee hierarchy, we propose the constraint
1941 < |8y for g =1,...,p, where © is the matrix of interaction coefficient (3.2.1),
O, is the g-th rows of ©; and O]y = X} _; Yicy jen |@;Jh| It reduces to the constraint of
Bien et al. [27] in the case of [, = 1, for all g € G. It follows a similar structure and sat-
isfies the radical interpretation of Cox’s inspiration. Note that (8, = 0 < ||3,]; = 0) and
(©4=0< |0,/ =0). Hence, the modified constraint gives (| 5,]1 =0 = [0,4]; =0). On
the other side, when ©,,,, # 0 then |©,]; > 0 and |©,]; > 0 therefore it gives [, # 0 and

~

Br # 0.

The modified constraint [©,[; < |5,[1 leads the group LASSO to select groups based on
the strong hierarchy rule. But in the selected groups, a further inside group selection may
occur; this is discussed in Theorem 1. So we change the base inequality to |©, ]2 < |5, ]2
to keep the group structure. Note that |©, |- is not separable for all © ., h € . Fortunately
194]2 € Yheg |Ognl2 and by considering Y5 [Ognl2 < |52, the hierarchy constraint
changed to a stronger constraint. By this argument, the following two constraints are avail-

able,

* Lheg [Ognl2 <[5y

* 18gl1 < 1151

The first constraint induces hierarchy, but it is not convex. The second constraint achieves
hierarchy; and by a relaxation, it can be made convex. However, it reveals some inside

group selection. We adopt the second constraint and develop it in Section 3.2.
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2.7 Justifying the choice: discussion

We introduced two frameworks for inducing strong hierarchy in linear models.

(i) upward grouping;

(i1) constraint.

Upward grouping together with the overlapped group LASSO is used to construct hierar-
chical linear models for factorial designs. Lim [17] used this idea and showed that a specific
constrained overlapped group LASSO reduces to a group LASSO. Lim’s theorem [17] uses
sum-to-zero constraints. They are zero only in the case of balanced designs. There is
no balanced design in high-dimensional data and assuming such perfect condition on high-
dimensional data requires a clear discussion. The other problem is that Lim’s theorem needs
to extend these constraints on latent variables. This problem is discussed in Section 2.5. If
there are p factors or main effects, then a sum-to-zero constraint on a specific main effect

will decomposed into p constraints on p related latent variables.

Lim’s approach has some merit, but we will not use upward grouping with overlapped

group LASSO because of the three disadvantages outlined below:

» Upward grouping directly relies on a geometric interpretation of the /;-norm for satis-
fying hierarchy. Note that hierarchy and sparsity are different concepts with different
solutions. For sparsity we minimize Y, f(;) and drop small coefficients. In such
a situation, the small coefficients will have a zero value by using the /;-norm. This
is an indirect usage of the /;-norm. This idea is generalized for group LASSO. It
minimizes ), f(3,) and drops groups with small coefficients. In fact, an [, /l,-norm

is used to drop groups with small coefficients. Again, this is an indirect usage of
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the /;-norm. For achieving hierarchy, we try to make groups of parameters in such a
way that if a group gets zero estimate, then the other nonzero groups satisfy strong
hierarchy or additivity. Note that we do not minimize Loss + Y., f(f,) to get hier-
archy; we minimize it for sparsity. Then, hierarchy relies directly on the geometric

interpretation of the [; /l;-norms.

» Main effects and interactions are not treated equally in an overlapped group LASSO
with upward grouping. Each main effect is penalized p times while each pair interac-
tion is penalized only one time. Therefore, main effects are more likely to be selected
and interactions are less likely to be in the model. Therefore, it is more likely to lead

to additive models.

» Upward grouping with an overlapped group LASSO increases the number of columns
in the design matrix. Consider 50 factors each with three levels, together with pair
interactions; then, the design matrix has 11175 columns. Now, considering the over-
lapped group LASSO with upward grouping, the related design matrix has 18525

columns.

On the other hand, as explained in Section 2.4, weak hierarchy is restricted to slope-ratio
assays, and such experiments are rare in statistical literature. Therefore strong hierarchy
is the default rule. All in all, we adopt and develop the constraint of Bien et al. [27] for

factorial designs with a strong hierarchy rule.
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Chapter 3

Hierarchical Group LASSO with
Quadratic Loss

3.1 Introduction

In this chapter, we study the modification and generalization of the hierarchy constraint of
Bien, Taylor, and Tibshirani [27], aimed at achieving hierarchical LASSO fits applicable to
factorial designs with factors having possibly more than two levels. Based on the discussion

in the previous chapter, we are interested in linear models obeying the strong hierarchy rule.

The effect of the constraint on the main effects and interactions is studied in Theorem 1.
The solution of the proposed convex problem is characterized in Theorem 2. The unbiased

estimate of degrees of freedom is given in Theorem 3.

3.2 The proposed method

Let us define the linear model with pair interactions for response variable Y and factors

Xi,..., X4, ..., X, as follows:

ERPLYT

P 1
Y =By + ZXng"'ing:hveC(@g:h)'i'ga (3.2.1)
g=1

g+h
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where € ~ N(0,02]) and O, is the interaction coefficient matrix

On ... O
Oy = : : ;
Or,1 Oy,1,

g g nglh

where 7 = (8],...,8), © = (Ogn);,1» Ogg = 0, L = ¥, 1, and X, is defined
by (2.3.1). The coefficient of one half is the result of our notation for interaction coeffi-
cients as a symmetric matrix. In the model (3.2.1) each factor X, is considered as a group
of [, dummy variables. We want a sparse model such that if a factor is not in the model, then
By = 0 and if an interaction is not in the model, then ©4;, = 0 and O, = 0. Constructing

such sparse models leads us to group LASSO which we define for the model (3.2.1) as

min L(ﬁo,6,®)+/\2\|ﬁg||2+ > 1Ognlr (3.2.2)

BocR,BeRL ORI L 2 g
where £(-) is the quadratic loss. This model only includes main effects and interactions
as groups, and hierarchy is not considered yet. To guarantee hierarchy, we propose the
constraint Oy, < |B,]1 for g = 1,...,p, where O, is the g-th rows of © and O], =

o1 Sieg.jeh |G)” .- The resulting optimization problem is

min L(Bo, 5, @)+>\Z"59H2+ Z |©gnlF

BoeR,BeRL ©eRL*L g#h

=07, [0,]i<|B,|: forallgeg§. (3.2.3)

The added constraint |©,|; - |5,]1 is not convex because of the negative coefficient of
|134]l1- Note that |5, is equivalent to 3; + 3; where §; = 0, 8; = 0 and 3 = 3, = 0. By

relaxing 6; * 69‘ = 0, the constraint becomes convex and we have

L(Bo, B =" @)+>\Z||ﬁ+ Bylz+ 5 ZH@thn

,BoeR BiGRL B¢ RL*L g#h
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0] < 17(8; + By)
>0, 8,>0

forall g € G, (3.2.4)

=07,

where 3, € R's and f3, is the difference of the two vectors 37, 3, € Rls, i.e. 3, = 85 - ;.
This relaxation has a specific effect on the hierarchy constraint. In fact, it is possible to have
solutions in (3.2.4) such that both B; and Bg‘ are strictly positive. Hence, this constraint can
cover larger interactions than the main effects, in which case both Bg* and Bg* can be taken

to be large.

If we add up the constraint used in (3.2.3) for all groups, we will have Y .5 [|O4]; <
Y4es |Bg]1- In this situation, interactions are considered two times. Hence, we propose
the new constraint as 5Oy |; < [S,]:. That is, the main effect /3, is greater than half of
the total of the interactions of factor g with the other factors. However, this constraint will
result in the lack of interactions. Note that ©, has [, rows and /3, has [, components which
shows a balance. Note that ©, has L = 2521 ly columns. If 3, = 0, then p — 1 interaction
matrices Oy, have to be zero that is, 3, = 0 results in [,L zero components which shows
an imbalance. Then, we propose a normalization in each interaction. Suppose w, to be a

vector of [, repeated [, times and w = (w,)4eg. We propose 1 Oydiag(L)[; < | B,]1-

We can see that problem (3.2.4) is feasible, since at least zero is a feasible point. Any
l1/ly-norm is a convex function by definition and since the objective is a positive linear
combination of norms, it is convex. The equality and positivity inequality constraints are
convex. Finally, we need to show that [ ©,diag(+)|, - 17(8; + 3;) is convex. Suppose

(©41,57,57) and (©4, 53, 55 ) are two points such that they satisfy the inequality and let

38



€ [0,1]. We have
S0 1diag(-) + (1~ a)@udiag(=) |y ~ 17 [a(Bi + 57) + (1- ) (55 + )] <

a| j1@ding( ) 1731 + 5D |+ (1-0) | S @adiag( )l - 17 (B + 57) |
Therefore, the problem (3.2.4) is a convex optimization problem. For ease of computation,
we write |O] in terms of ©* and ©~. For notational simplicity, let ¢ = (8*, 57, vec(O"),
vec(©-)) where ©,,, = 0 and suppose X = (X;-X; Z;~7) where Z is the related matrix
of interactions. Then, the strong hierarchical group LASSO can be written as

Ly - X¢|; +AZH6+ Brlla+ A 105, — O les

BoeR, ﬁieRL @ieRLXL 2 oy

1Tvec((O; + ©;)diag(+)) < 17(5f + 53;)
B; >0, ©7 >0

forall g € G, (3.2.5)

-0 =0"-0".

Note that here 22 is considered as a new parameter of ©,. By decomposing ||O|; into OF
and ©-, the problem is not changed since |©|; appears in the objective function with a

positive coefficient. Therefore ©* = max {j:é, O}.

Problem (3.2.5) is a convex problem, but it is not strictly convex to guarantee uniqueness
of solution. Tibshirani [30] discussed the case when the number of predictors p exceeds
the number of observations; then rank(X') < p and, thus, there can be multiple minimizers
for the LASSO problem. He discussed the conditions which result in a unique solution,
specifically when X has entries drawn from a continuous probability distribution. Roth and
Fischer [8] studied non-uniqueness in group LASSO and proposed an algorithm to guaran-

tee uniqueness of the solution.
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Zou and Hastie [13] found that the LASSO problem gets a unique solution by adding the
elastic net term to a LASSO penalty. At first note that the lo-norm, | - |2, is strictly convex.
Hence, penalizing a group LASSO problem with a tiny fraction of such norm will ensure
the uniqueness of the solution. We consider the elastic net penalty 5([|8*|5+[58-|5+[©][%),
similar to Bien et al. [27], where ¢ is a fixed tiny fraction of A, say, 10~8\. Note that the
case O > 0 and ©~ > 0 cannot happen. Hence, at least one of the estimates O+ and 6~
must be zero and, therefore, |©*[% + [O~|2 = [©]%. The loss function in problem (3.2.5)

together with the elastic net penalty, $(||5*[3+ 873+ [©|%), is equivalent to replacing X

and Y by
X -X A -Z
- el 0 0 0 Y
X, = Velix and Y. = ,
0 Vel x 0 0 O¢21x1+]2))x1
| 0 0 Vel Vel |

where |- | refers to cardinality. Therefore, the proposed procedure for the hierarchical group
LASSO with a quadratic loss is the problem (3.2.5) where Y and X are replaced with Y.
and X .

3.3 The effect of the hierarchy constraint

In this section, we investigate the effect of hierarchy constraint on the estimates of main
effects 3 and interactions ©; we want to see how this constraint affects the selection process

of main effects and interactions. We need to find the solution to the convex problem (3.2.5).

Theorem 1. The solution of the convex problem (3.2.5) satisfies
* main effects

AM:y(—X]T(Y—XQB),—ag) if B;-B,#0 and jeyg,
185 = By 2
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s (7= X0) =aants if By -0 =0 (3.3.1)
e interactions
jk ik N ‘ . )
Tk k Y-X&). =2+ 2)) i &5 -6, 20
”@Z:h—@;:th ( k( ) 2(lh l, f Oy~ Oy

and jeg, keh,

where . and 7 are thresholding operators as

Xgu(Y = X¢) +sgn(X ], (Y - X6))5 ((l)‘: %)

<A if ©),-6,,=0.
2

(3.3.2)

a-b a>b
S (a,b) = 0 —la| <b

a+b a<-b
and

—-a+b a>b
I (a,b) = 0 la| < b

-a-b a<-b
Proof.

Consider the proposed optimization problem (3.2.5). The Lagrangian is

1 = 2 oo . NS | v oA

5 HY - X¢H2+/\ zg: Hﬁg _ﬁg ”2+/\ ;L H®g:h_@g:hHF+zg: o [15(69 + ®g)d1ag(a) - 15(69 + 69 ):|
g

3 [T B v, By + 1y O + O, ]+ (5,07 -0 -0 +0)
g

where o, v*, u*, and S are dual variables. The KKT conditions for the primal-dual optimal
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variable (gzg,d, Y, i*, S*) are
- B -B;
+XI(Y - X¢) =2 A-2—2— - 4,1,-4*
! 1B; -85l 70
. O+, -6~ ; . .
XD (Y - X) = er—2t o Qo e i (S, - ST )sen(7, - 6;,)
195, = Ognlz W
R . . 1 . .
ST T g, &g[lg(@;Jr@;)diag(a) —1§(ﬁ;+ﬁ;)] ~0
~ 1 ~ ~
0, ©*>0, 17(6; + @;)diag(;) <17(By+8,), ©=06".

=

a>0, 4*=0, g*=0, B*
First note that &, is a real value, however, 9, and /i, are vectors with the size equal to

the number of levels in the group g. We will now investigate the vector Bg component by

component since it is possible that some components are positive and some are negative

There are three cases for main effects:

i) Br>0, B;=0 (= 4r=0) forjeg

3+ 3~ 3+
-XT(Y -X¢) = AM — by -4 = /\L - d,
185 = B 12 185 = B5 2

in this case, if —XjT(Y - ng) < —dy, then B]‘“ = (; hence

VI X - Xy ], = (X - X))
g~ Fgl2

(i) B =0, B;>0 (= 4;=0) forjeg

U AN
g

=y =Y A
185 = 85 12 185 = 85 12

XI(Y -X¢)=-A

in this case, if X]T(Y - X’gg) < —@y, then BJ‘ = 0; hence
B; _BJ_ T " A T " A
At = [XT (Y - X9) - Gy]_ = (X[ (Y - X¢),-dy).
185 = B |12
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(i) 7 >0, ;>0 (= 4:=0) forjeg

Ae A
Bj Bj N A4

Br-B; A
T A )

:FXT(Y—XQB)::I:)\ ——— — (&
’ 18: =551

thus, in this case we can write

B;r _BJ_ T " T v\ A
At = X[ (Y - X¢) =7 (-XT(Y - X9¢),-dy).

185 = By 12
In the first case, BJ* = 0 when —X]T(Y—f( ngﬁ) < —@yy < 0; it means BJ* = 0 when the correlation
X].T(Y—f(gzg) is positive. In the second case, BJ‘ =0 when X]T(Y—X(;Aﬁ) < —@, < 0; it means
B]T = 0 when the correlation X].T(Y - X qg) is negative. Hence, for the main effects one can
say that

B; - BJ_ T < 7 ~ . A+ S .

A\—t—T = (-X(Y-X¢),-4,) if B;-B,#0 and jeg,
185 = B5 2

| XTI (Y - X¢) - sen(X] (Y - X$))d,

,<Aif By =By =0.

In the previous section, it was explained that (:); = {+0,,0}, because |O,|; has a positive
coefficient in the Lagrangian. If a component of interaction effect égh satisfies @;k >0 and
(:)j‘.,c > 0, then by subtracting both of them by a constant value, the loss function will not
change. However, the penalty term will result in a strictly lower value. Thus, there are two

cases for the interaction effects:
i) ©4,20, ©;,=0 (= fi},=0) for jeg, keh,

O, = max{+0;;,0} and ©f, - O, = 0%, -0, =0, = ©O; =0, 6; =07,
SXG(Y = X0) = A+ =2+ (S - Siy),
H@g:h - @g:h H2 h
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~

~XI(Y - X6) = Ai Lo
H@;:h - @;:h ||2 lg

By summation of the both sides of equations we have

@;k - @;k l‘XT

||é;h - é;h ”2
o1&, a,

-7 xT(v-Xg), = Lo+ 2.

g( jk( ¢)72(lh+l ))

(ii) ©%, =0, ©;,20 (= fi;,=0) for jeg, keh,

in the same way (:);J =0, égj = (:);k and

. 01 -6 & ..
XL (Y -X¢)= —Af—Af + l—g +(Sjk = Skj),
”@g:h_@g:hH2 h

Or.-6.. 4 L
AJrkJ—Af] + l_h + (Skj - Sjk)
H@g:h _G)Q:h,”2 9

By summation of the both sides of equations we have

XE(Y -X¢)=-A

2ty - %) 1 (G2 S
H@;—:h - G;zh H2 I 2 lh lg _
~~ 1fa, &y
= XT(Y -Xo), = |2 +=—=]]).
s{sor-ro i3]

Note that i* > 0, thus, for the interaction effects one can say that

éJ'rk - éfk ~~ 1fa dh A A
—— -7 XL(Y-X0), -2+ if ©L,-0,,%0
” @z]—:h - @g:hH2 2 lh lg

and jeg, keh,

XLV - X)) +sgn(XT, (Y - ng))% (% N %)
h g

<A if ©),-6,,=0.

2
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The form of the solution derived in Theorem 1| suggests that one additional model selection
takes place within groups because of the /;-norm in the hierarchy constraint. The hierarchy
constraint has an increasing effect on the selection of main effects and a decreasing effect

on the selection of interactions.

3.4 Characterization of the solution

Theorem 1 characterizes the solution for main effects and interactions separately, to see how
the hierarchy constraint affects the estimates of the main effects and interactions. In fact,
main effects are more likely to be included in the fitted model than interactions based on
the effect of the hierarchy constraints. To calculate the unbiased estimate of the degrees of
freedom, we need to characterize the solution in a different way. The Lagrangian of (3.2.5)
based on this new formulation is then

1 ~

Ve = X0z + A 1Dgdglla + A 2 |1 Dgngnll> = ' Ad + v Eg. (3.4.1)

g g#h
In the Lagrangian, A¢ and F¢ represent the inequality and equality constraints, respec-
tively. We rewrite the optimization problem with Lagrangian (3.4.1) in the form
1 ~
min 5 |Ve = Xeolls + A ug + A Y ugn = p" Ag + 0T B
o g g+h

where
HDnggHZ <uy and ||Dg=h¢g:hH2 < Ug:.- (3.4.2)

We define JH as the new grand set containing all factors and interactions groups. By second-

order cone programming or ‘“Lorentz cone” [33]

Dh¢h Dh¢h

S h R——g =€, 11 ,
| D2 < up = €Cpn1 - <¢, .1 0
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where

X
€1h+1= |J]Eth,t€R, ”[EHQSt
t

For ease of notation define Y := Y. and X := X.. The Lagrangian with the dual variables

(Y, 0n) € Rln x R, where |42 < Oy, is

T

1 - Dynon Th
£(¢,u,u,v,%5)=§HY—X¢H§+AZuh—uTA¢+vTE¢—Z Al
heH heH Uy, h

where the primal variables are (¢, u). Derivatives with respect to the primal variables are

VQSL(Qb,U,,U,’U, Y5 5) = _XT(Y - XQS) - AT,U + ETU - DT")/

VoL (P, u, p,0,7,0) = A1 = 0. (3.4.3)

From the second derivative, we have A = J;, thus,

ll2 < A. Based on Slater’s theo-
rem, strong duality holds if there exists a strictly feasible point. In inequality constraints
of (3.2.5) the strict inequality holds when 5* > 0. It holds with respect to relaxation to the
[y-norm penalty and, therefore, strong duality holds. Hence, the complementary slackness
holds and

’Y}Y;Dhﬁbh + 6huh =0.

Note that |Dp¢nl2 < un, [ya]2 < dn and by Cauchy-Schwartz inequality |y} Dy¢y| <

vn |2l Prdn2- Therefore
VL Drdn + Spun, > =1 2| Dadn |2 + dnus > 0.
Hence, the complementary slackness holds if and only if the following conditions hold [16]
* |ullz <én = |Dnonllz =un=0
* [ Drénla <un = |yml2=0n=0
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* | Drgnlz=un, |mla=0n = 7 Dhbn = ~Onun.
The third condition with respect to (3.4.3) can be rewritten as
Vi Duoon + A Dron 2 = 0. (3.4.4)

The complementary slackness (3.4.4) holds if and only if [33]

* D¢ =0

* Dygn # 0, |ynl2 = X and v, = -Agpift-.

The KKT conditions for (¢(y), (ii(y),9(y),%(y))) to be an optimal primal-dual pair are

as follows:
XT(Y -X¢)=-ATji+ ETo - D754,

A Dyoop, + N| D)2 = 0,

fi =0,
Aéz&
E¢ =0,
[9m ]2 < A (3.4.5)
Let us define the boundary set A(¢) as
A(¢) ={i: Ayp=0}. (3.4.6)

By the KKT condition, /i7 (A¢); = 0, we have ji; = 0 iff (Ad); > 0 and i; > 0 iff (Ag); = 0

because i > 0 and A¢ > 0. In terms of the boundary set A(¢), the first KKT condition
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becomes
T T2 T, T A TA
X7V = X6) =~ (Ang)) ftagsy+ ET0- D74 (3.4.7)

The number of inequality constraints is 3p + 2p?, thus /i € R*** and the set of A(qﬁ) refers
to constraints with the values of zero. The matrix A has 3p + 2p? rows as the number of
inequality constraints and 2p+2p? columns as the dimension of parameter of interest gfg The
matrix A A($) refers to rows, or inequality constraints, of A where AingS = 0; the subscript
is used to refer to corresponding rows. We need to use brackets for distinct matrices, A or
AT. Hence, (A;)T means that we first select rows and then we transpose the new matrix,
but (AT); means that at first the matrix is transposed and then the rows are selected. This

means that, the columns of A are selected.

Let us define the support of é as
8(¢) ={h eI : Dyoy #0}. (3.4.8)

Note that nggg =X ngS since Dhggh = (0 for h ¢ 8. The equation (3.4.7) in terms of the support
Sis

(XT) (Y = Xsbs) = - ((AA(Q;))T)S fiay + (ET) 0= (Ds)" 4. (3.4.9)

It is easier notionally and computationally to refer S as a subset of parameters in vector

N
( A, é)) Then one can define the operator O = such that
O_

Ix| Oy 0 0
o+ - | I O N

0 0 Iy O 0 0 0 Iy

Ox; Iix; Oz O
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Os
Og

ngS. By this definition, one can write the equation (3.4.9) from the equation (3.4.7); we only

and, therefore, OSQAS = QAS = (;33 will refer to the corresponding subset of the vector

need to show that (D7T),5 = (Ds)" 4. In order to show this equality, define the matrix D

as

Iy Iy 0 0
po| e

0 0 e -le

2
Vector 4 is in R”™ and it can be shown as two parts of main effects and interactions as

~

A= Te . Therefore,
Yo
:YB ’Ays(ﬁ)
. = ~Ts(8) Fs(8) .
OsDT4=0s " |=| 7 | =) T |=(Ds) A,
e Vs(©) Vs(©)
| _ﬁ/@ ] | _;YS(@) ]
where
Ig, -1 0 0
Ds=| 7 (3.4.10)
0 0 JIo, —lo,
Define the set Ag(¢) as
As(d) ={(i,h)| Aip=0; Dy, #0}, (3.4.11)

where i refers to rows of matrix A and h refers to the columns of A. This means that A(gzg)
refers to a subset of inequality constraints while 8(¢2) refers to a subset of parameters of
interest in the vector ngS; therefore, the intersection of these two subsets is meaningless. In

fact A, 4, refers to a submatrix of A with rows of i € A(é) and columns of h € $().
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Then, with some neglect in notation, one can write the equation (3.4.9) as

XT(Y - Xsbs) = A Gy * Efo- DA, (3.4.12)
It is important to note that when h € 8, 7, = —)\%; however, in the case h ¢ S, one can
h®Ph

say that 73, is a vector in the subdifferential containing all the vectors 4, such that <

I
Y
1. Theorem 2 investigates these two cases. Let us define the subdifferential of HDhgbh 2

before stating Theorem 2. In the equation (3.4.1), the term Q(¢) = A Y}, [ Dnon |2 is not

differentiable at D¢, = 0. We state the following lemma to investigate the subdifferential

of Q(¢).

Lemma 1. Let x be a vector in R? and D,.s,, be a matrix, then the subdifferential of | Dx||
is

O|Dxls = {DTu:ueRP Jul,<1}.

Proof.

Let f : R? — R be a convex function. Then the subdifferential 0 f (1) is given by
uedf(yo) <= f(y) - f(yo) 2u-(y-yo) forall yeR”
where - is inner product. Let g(x) = f(Dx) then

w e Og(xo) <= g(x) - g(x0) 2w (v -129) forall zeR¥

< f(Dx) - f(Dzo) 2w (v —z9) forall zeR?.
Now, suppose that w = DTv, then f(Dx) — f(Dxg) > v- (Dxz — Dxg); hence,

dg(z0) = DTOf (o),

where yo = Dxy. This means that for the subdifferential of g(z) = f(Dx), we can just

calculate the subdifferential of f, evaluate it at Dx, and multiply the set by DT from the
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left.

In the case that f(y) = |y]2, xo = 0 € R? and y, = 0 € R? we get
Of (yo) ={u e R”: Juf <1}.
Therefore,

0g(0) = D" {u e R |luf <1}

={DTu:ueRP, |u|<1}. O
Thus, for the case Dy, ¢y, =0,
05, 29) = {ADjwy € RM: a2 < 1}
Now, let v;, = Awy,; hence,

0,,96) = { Dl un e R |2, <1}

Tn

Note that [v,[2 < A, ie. [

o < 1 and v,,v, € R, then the above subdifferential is

equivalent to

00,0) = { DI, e BRI | 2 a <1},

Theorem 2. Let the support S(QAS) be defined as in (3.4.8). Therefore, the optimal solution
of (3.2.5), 923, satisfies

Pg)?g(y - X:gpsqlgg) = )\D?N(Qgs) where h € S(QE),

| B X0 (v - Xsbs)|, <A where o ¢ 8(0).

Proof.

1. In the case where h € 8:
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In the equation (3.4.12) for solution (ﬁg(y), we have A As () Qgg = 0 and Egég = (0 because

A _A‘AS((ZB)
y) Nnull(Es). Suppose that Ag = ‘ and
Es

define the projection matrix Ps = Ig — ﬁg(gggg)+ ZS, where A* stands for Moore-Penrose

¢_, = 0. This means that ¢ € null(A,

pseudo-inverse of A; thus, PSAEF =0 and nggg = gzgg because ;fgggg = 0. By multiplying the

projection matrix Ps from the left side into the equation (3.4.12), we have
(XsPs)T(Y = XsPsgs) = -Ps DY 4. (34.13)

This equation deals with X P instead of X and it is similar to the result of Tibshirani et

al. [30] and Bien et al. [27]. We know that when Dhgzgh #0,7, = —)\% and, therefore,
h®Ph

PsXT(Y - XsPsos) = A\PsDEN(¢s),

where N(¢) is a normalization operator such that

Dy, oy,

N(¢) =u where Up = m

It is easy to verify that )\PSDSTN@S) = )\DSTN(QBS) because by considering (3.4.10) we

have

0 Ig O 0 Bg Bg
. Iy 0 0 0 |]. X ol .| B .
PsDIDsgs =Ps|I-| ™ ¢s = Psps—Ps AS = Ps— AS = D§ Ds¢s.
0 0 0 Ie, O3 Og
| 0 0 Is, O i o} ] i o} )
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Note that

= Pydy = &t — AL (A ALY Asdrt = o,

because Zgggg = (0 since /nggg = (. This means that the constraints of Avs are satisfied with
respect to qu since the inequality and equality constraints do not change by changing the

order of the positive and negative parts of the estimate, i.e. [5’*, ,@*, ©*, and O-. Therefore,

P XT(Y - XsPshs) = \DEN(s). (3.4.14)

2. In the case where h ¢ S:
We know that DDT = 2. Let X = (X,Z) and b = (3,0), thus, X = XD. One can
write (3.4.7) as
X7 (v -Xb) = -2pAT LpETo -4
(Y - Xb) = B 10) G O Y v=7
Both sides of the equality are vectors and, therefore, they are componentwise equal and

equality holds for each group as follows:

—T — 1 . 1 AN
X, (Y -Xb) = —§DhA£(@MA@ + 5DhETU — A
. . ~ AA(@S)D}Z:
where the index A stands for rows of the related matrix. Suppose that A, =
EDT

and similar as before, define P, = I — XZ(A}LE{)‘IZ}L and

—T — A N
PhXh (Y—ngg) = _Ph’)/h-
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Note that 4;, is the vector in the subdifferential which contains all the vectors in R such
that | 22|, < 1. Therefore,

—T — A
”PhXh (Y—Xsbg)“g < /\ ASllp

|32 251

Pﬂ—;

= APl
2

where | P, ||, is the induced [-norm of matrix F,. Let 0 be eigenvalue and v the eigenvector
of P,. Then P,v = év and P,(Pyv) = Py(0v) = §(dv) = 6%v and P,(Ppv) = Pyu = dvu;
thus, 62 = 6 and 6 = {0, 1}. This means that | P, |, = /max{0, 1} = 1, and, therefore,

T —
||PhXh (Y _XSbS)HQ <A O

Theorem 2 provides the characterization for nonzero groups which will be used for calcu-
lating of the degrees of freedom. Also it provides a selection process as a mechanism to

drop out zero groups which is useful for the computational algorithm.

3.5 The matrix A

Aﬂs(é))
Es
straints A¢ > 01in (3.2.5) and FE is the matrix which refers to the equality constraints F'¢ = 0

First note that Ag = where A is the matrix which refers to the inequality con-

in (3.2.5). The matrix A in (3.4.1) has a negative sign that means Ax > 0 so all inequalities
in matrix A will be greater than zero. Each row of matrix A corresponds to a constraint and
its columns corresponds to (5*, 5=, ©*,©7). The inequality constraints in (3.2.5) are

Cr: 6,1 < 17(3; + ;).

Cy: B; >0,

Cs: Bj‘ >0,

Cy: O, >0,

Cs: (:)J‘.kO,

the equality constraints are
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06: é;:g =0,
C7Z é;;g =0,
Cs: O}, -0;, =6} -0,

Note that the number of constraints depends on the subscripts of groups or components. The
first constraint is applied on group g which results in a single constraint. The constraints Cg
and C7 are applied on the matrix (;);:g = 0 which results in a number of constraints equals
to the number of components of the matrix (:);:g. Let 1, be the row vector of ones, and e;
be the row vector of zeros with a single 1 in j-th position. The vector e, is constructed

similarly. Similarly to matrix D in [27], we define the matrix A as follows:

R1. For all factors g (eg €4 -e,®1, -e,®1, )
R2. For all levels j of factors g (e;j 0 0 0 )
R3. For all levels j of factors (0 ¢ 0 0 )
R4. For all levels jk of interactions (0 0 e; ey 0 )
R5.  For all levels jk of interactions (0 0 0 e; @ ex )
R6. For all levels j of factors (0 0 e; Qe 0 )
R7. For all levels j of factors (0 0 0 e; ey, )
R8. Forall levels j < k (0 0 ¢Qer—erQe; —e;Qer+e,Re; )

3.6 The degrees of freedom

In Chapter 1, we discussed the definition of degrees of freedom from Efron [6] and the
unbiased estimate of degrees of freedom of Stein [24]. The definition of Efron [6] may not
be applicable in practical situations since it depends on p, the parameter of interest of re-
gression analysis. Stein’s unbiased estimate of degrees of freedom (1.3.3) does not depend

on . and is computationally efficient. It states that the estimate of degrees of freedom is the
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divergence of the fit; thus, we need to calculate g—f(Y) from the equation (3.4.7). To this
end, we need to determine the function ngS(y) implicitly from the KKT condition (3.4.7).
The use of the implicit function theorem for this task is hampered by the fact that the KKT

condition (3.4.7) is not everywhere differentiable. We follow the notation of Vaiter et al. [4].

Let § be the support of a vector ¢. For any group h ¢ S, define the boundary as

[P, 72

BS,h:{yERn| d¢: “PhHQ

=\ and Pg)?grszN(d)g)},
where r =y — X¢ = y — X3 and let

B=J UBsa (3.6.1)

SeH h¢8
Vaiter et al. [4] showed that the Lebesgue measure of the boundary B is zero on R". Let

Y ¢ Bg and S be the support of ¢ as defined in (3.4.8); then define the following mapping
T(¢s(y),y) = PsX¢ XsPsops — PsXdy+ ADIN(¢s) (3.6.2)

Note that based on Theorem 2 the optimal solution satisfies I'(¢s(Y),Y) = 0. The im-
plicit function theorem requires the invertibility of the Jacobian of the KKT condition. The

following assumption on Xg is needed for this purpose.
Assumption 1. Suppose that S is the support. We assume that for all solutions bg, the fit

? 27555 :/:Q.

This assumption is feasible since in a typical case, the fit cannot be constant zero. It is

needed for the following lemma which investigates invertibility of the Jacobian.

Lemma 2. Suppose that ¢g € RIS, A\ > 0 and Assumption 1 holds. Thus 0T (¢s(y),y) is

invertible.

Proof.
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First, note that Yh € 3, Dhéh # 0, therefore,

I— Dypdndf DT
”Dhqsh”%

00l (05(y).9) = FXE Ry Miag | DI | —5 5

Dy, ) (3.6.3)
he§
We know that Ps = P{ so PsX T X Ps is symmetric positive semi-definite because 2.7 Ps X g

KsPsa = (XsPsx)7(XsPsz) = | XsPsz|2 > 0. On the other hand, I — 22200 _

| Dnon 12
I_Dh%f#;j:f;’f Pro
T 13T _ . _ Dy, ép, | _ FI0) (D gp)t . . o
Br(B; Br)1 B = Proj gi- Therefore, B), = o ¢;LH22 = o, (M; is symmetric positive

semi-definite because
(2, Proj p, 4,):%) = [Proj p, 4,):%[3 > 0

Hence, diag (D} B, D) .5 IS symmetric positive semi-definite. Note that |Proj p, 51,23 =
0 if and only if x = Dy,¢y,. It means ker(Bs) = { Ds¢s}, hence, ker (D] BsDs) = { DI Ds¢s}
since Ds DY = 21. If DT Ds¢s € ker(Ps XT X Ps) then

(D5TD5¢S, PS)?ST)?SPSDSTDSQbS) = ”XSPSDQ%FDS% H% =0

and

XsPs DI Dss = 2X sbs = 0

which contradicts Assumption 1. Therefore, ker(DE BsDs) Nker(PsXI XsPs) = {0} and
O I'(#s(y), y) is invertible. O

Lemma 3. Let (ﬁ(Y) be the solution of the convex problem (3.2.5) with support 8, defined

in (3.4.8), then there exists unique function ngﬁ(y) in a neighbourhood O of Y such that

VheS, O,0n(Y)=0 and 8,0s(Y) = (9, T(ds(Y),Y)) PXT.

Proof.

Let I'(¢s(y),y) be the mapping defined in (3.6.2) reads on (R'S' \U) x R" where U =
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{u eR"| IneS:uy, = ()}. Note that T'(¢s(Y),Y") = 0 according to Theorem 2 and 9, I'(
¢s(Y),Y) is invertible according to Lemma 2. By the implicit function theorem, there

exists a neighborhood O of Y such that

VyeO T(6s(y),y)=0 and ¢5(Y)=[o(Y)],

and we extend ¢s(y) on 8¢ as ¢g-(y) = 0. We assumed in definition (3.6.2) that YV ¢ Bg.

For ¢(Y'), we have
VheS, [PXE(Y - Xs[6()]o)], < AP,
where Xs [¢(Y)] = Xs [b(Y)]. If there exists / ¢ S such that
[PXE = Xs [, = AP,
then Y € Bg which contradicts the assumption of Y ¢ Bg. Hence
VheS, | PXT(Y - Xs[60)] )], < APl

We know that ¢s(Y) = [QE(Y)] s and ¢s(y) is continuous for every y € O. Then we can find

0co including Y such that for every y € O, we have
VheS, |PX(y- Xsd)s(y))Hg <A Pl -
On the other hand by the definition of the mapping ¢s(y) for every y € O, we have

PsXT(y - Xsps(y)) = \DIN(¢s(y)) and  supp(¢s(y)) = 8.

Then, from Theorem 2, ¢(y) is a solution for (3.2.3). The solution of (3.2.3) is unique and,

therefore, for every y € O, ¢(y) = ¢(y). This result states that the derived implicit function
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equals to the minimizer of the convex problem (3.2.3). Therefore
VheS, VyeO, [o()], =on(y)=0 = Vh¢S, 9,0u(Y)=0
and with respect to the implicit function theorem
0y95(Y) = = (0, D(ds(Y),Y)) " 9,T(ds(¥),Y) = (9, T(ds(¥),Y))  BXL. ©

Theorem 3. The unbiased estimate of the degrees of freedom of the hierarchical group

LASSO (3.2.5) is

FAXO(Y)) = r(KsPs (P XE XsPs +AU) " BT, (3.6.4)
where
_ Dh(f;h(i);I;D;;
) |Dnén 2
U =diag | D} ki (3.6.5)
| Dl 2
he$
Proof.

By decomposing X = (X s, Xsc), the degrees of freedom with respect to Stein’s formula

are

df\(Xo(Y)) = E[(v-X0) (V)]
- Ba[(V-X) (V)] + Bae [(v- X6) (v)]
=0+ B3 [(V-X0) (V)]

- By [ir (KsPs (9,0 (0s(1). 1)) PR + Ksc0)].

where (“)ésf(g%g(y), y) is defined by (3.6.3). Note that the Lebesgue measure of B is zero

and (235 = P (;35. The trace operator is invariant under the transpose; hence,

FNXo()) =t (KsPs (0, T(ds(Y).Y)) " PXE).
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Note that by Stein’s formula the divergence of fit is an unbiased estimator of degrees of

freedomi.e. £ [c/Zf ] = df . Therefore,

FA(XO(YV)) = tr (XsPs (P XE 5Py + AU) " PsXT) (3.6.6)
where U is defined in (3.6.3). [
This is similar to the degrees of freedom of group LASSO derived by Vaiter et al. [4],
equal to

~ A -1 ST
tr (X5 (0;,T(6(Y), V)" XT).

The estimate of degrees of freedom for hierarchical LASSO derived by Bien et al. [27] is

equal to
tr (XP)(XP)*) (3.6.7)

where (-)* refers to Moore-Penrose pseudo inverse. In our case, (X P)* is replaced with a
more complicated matrix of (8 55 L ( bs(y), y))i1 X 4 because instead of the LASSO penalty

in the hierarchical LASSO, the group LASSO penalty is used in our case.

This is also comparable to the degrees of freedom of elastic net regularization [13]:
07 \(elastic net) = tr (X (X X4 + Xol) " XT), (3.6.8)

where A is the active set. It carries some characteristics from each regularization; for
instance, the projection matrix Ps is analogous to the hierarchical LASSO (3.6.7) and the

general form is analogous to elastic net regularization.
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Chapter 4

Group LASSO with Quadratic Loss:

Further Theory

4.1 Introduction

In this chapter, we study a standardized group LASSO as a specific version of group
LASSO. We use the transformation % of Zhao et al. [36] to unify group weights. Our
Theorem 4 shows that by using this transformation, the estimate of the standardized group
LASSO does not change. The solution of the standardized group LASSO with this transfor-
mation is characterized in Theorem 5, and the unbiased estimate of the degrees of freedom
is given by Theorem 6. Finally, we calculate the degrees of freedom for the overlapped

group LASSO in Corollary 1.

The standard algorithm for group LASSO, proposed by Yuan and Lin [18], assumes that
the design matrix in each group is orthonormal, i.e. X gT X4 = 1,. Simon and Tibshirani [28]
noticed that this orthonormalization is neglected in the statistical literature. They showed
that by orthonormalizing the design matrix in group LASSO, the problem changes into a
new problem. In fact, by orthonormalizing the design matrix of each group, group LASSO
penalizes the fit instead of the coefficients. They also showed that the new problem selects

groups roughly according to a UMP test.
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4.2 Group weights and normalization

Yuan and Lin [18] proposed the group weights d, = \/l_ , for the group LASSO penalty.
Lim [17] considered d, = 1 for all groups g. Zhao et al. [36] used the transformation
X,/ \/E for making unit group weights. Vaiter et al. [4] used the group LASSO penalty
with the unit group weights in order to get rid of some technical difficulties in the calcu-
lation of the degrees of freedom; for the same reason, we need a penalty with unit group

weights.

Lim [17] argued that the quantity ||X5(Y—Y) |2 in the KKT conditions determines whether
group g gets zero coefficients or not. He considered Y — Y =ecwheree ~ N (0,1). In fact,
the tuning parameter A encourages considering such a null model. As a heuristic reason for
this null model, note that in the KKT conditions | X7 (Y - Y)|2 < Ad, for all g. One can
say that d, is related to X, and ) is related to Y - Y'; thus, one may consider | - Y |5 oc A

which leads to the above null model. Hence,
d? = B|X]e|}= EJu(e" X, X[ e)] = r(X]TX,) = | X,[3

Therefore, Lim [17] picked d, = | X, r, the Frobenius norm of the matrix X,,. In the case
of orthonormal X, we have X X, = I, thus d, = \/E which is proposed by [18]. How-
ever, in Lim’s case [17], X, is an indicator matrix where each row contains a single 1 with
zero other components. Therefore, all groups have a Frobenius norm equal to /7 and, thus,

he considered d, = 1.

We noticed that the transformation X,/ \/E can be used in a standardized group LASSO.
In this section, we will show that by using this transformation in a standardized group

LASSO, the estimate of coefficients will not change. In fact, the group weights move from
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the penalty term into the loss function.

As already mentioned, group LASSO assumes orthonormality within each group of co-
variates [18], i.e. X7 X, = I,. This orthonormalization changes group LASSO to a new
problem

2
XY 1 X By - 42.1)

2 g

1
min — Y—ZXQBQ
B 2 7

This new problem penalizes the loss function with the fit of each group X,f, instead of
group coefficients 3,. Our goal is to normalize X, in such a way that the penalty weights
change to d, = 1. If X is full column rank, then it can be decomposed by ()RR factorization
into X, = Uy R, where UT'U, = I and R, is an invertible upper triangular square matrix. We

rewrite (4.2.1) as

2

+ A [UgBy 2, 4.2.2)
2 g

1 U, ~
min— Y - Z 23
6 2 H RV
where

A 1 13

By =—=R, By

Vi

In this reformulation, we see that the penalty weight \/E is transferred from the penalty
term into the loss function. This new problem (4.2.2) is equivalent to (4.2.1). To prove this

equivalency, define )E'g = % thus, it simplifies to
g

2
1 - = =
mlnéHY—ZXgﬁg + A 1Byl (4.2.3)
A g 2 g
because |U, 5,2 = | 3,]2. Note that the group weights are d, = HXQHF = % = 1. This
allp

means that we can normalize each group of covariates as X g= U—\/f_ and run a group LASSO
g

without penalty weights. We show that the solution of (4.2.3) is equal to the solution of

Simon and Tibshirani [28]; thus, it benefits from all of the advantages of the standardized
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group LASSO as established by Simon and Tibshirani [28].

Theorem 4. The convex problems (4.2.1) and (4.2.3) are equivalent.

Proof.

The characterization of solution for (4.2.3) is

A

6 for Bg # 0,
1812
)N(;‘F(y - XB) = v, where v, e R o, ]2 <1 for j3,=

Note that v, is in the subdifferential. The first condition can be written as

Sg:ég(ll+ :)\ )7
9 Byl

where S, = X7 (y— X(,) and 3y = (3] 571,07, 7). Therefore, 74 - i

and this gives

%59 = (1—15%‘2)5;. (4.2.4)
From second condition, — li 5: = \v, where |v,]2 < 1. Note that Bg = 0 and, therefore,
IS4]2 < A which gives
(1-—2 <o 4.2.5)
156112

With respect to (4.2.4) and (4.2.5) one can write

12 A
Bl s
Ly’ 1Sgll2), ¢

By considering Bg \/_ glﬂg, X, =UyRy, and UT'U, = I, we have

. A/
ﬁg:(l_ \/_g ) (Xg X)Xy 7y,

U7l
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which is equal to the equation 11 in Simon and Tibshirani [28]. This shows that the prob-
lem (4.2.3) is equivalent to

2
A Y XgByl2. O (4.2.6)
g

2

1
in—|IY - ) X
g3

It is worth to mention that we proved this result only for the standardized group LASSO. We

Xg

Vs |

implemented the Simon and Tibshirani standardization [28] in the R package grpreg. Here,

are cautious in using it in group LASSO because d, = # 1. Breheny and Huang [15]

we follow the basic steps from their work. They considered eigendecomposition of covari-

ance matrix of a group g as

1
XTX, = Q0@

where QT'Q, = I and A, is a diagonal matrix of eigenvalues of %XQTXQ. We define )N(g

in (4.2.3) as
~ 1 _1

\/EX JQay2.

Hence, the original coefficient is

1 _1 .
Qqgl\g” By

Bg:T

4.3 The characterization of the solution

Consider a group LASSO formulation

2

1 *
+>\Z X4 -
g

Hlln -

*

Y- z f
We rewrite this optimization problem in the form

1
min —
B

2
+ A g, 4.3.1)
2 g

2

X
Y- =0,
9 g
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where

[Xo55 2 < ug.

By second order cone programming theory

X, B X, B
”Xgﬂ; l2 < ug = e Cni1 = - " <enn 0,
Ug Ug
where
T
Crs1 = |z eR" teR,|z]y <t
t

The Lagrangian with the dual variables (7y,,d,) € R” x R where ||, |2 < d, is

T

X, 3
R RS gﬁuwzug s

9¢5 9¢§ TS g

where the primal variables are (/3*,u). Derivatives with respect to the primal variables are
as follows:

XT
VB;L(6*7U7775):__9(Y_ gﬁ )_ 77

L(B* u,7,0) =X =4, (4.3.2)

Equating the second derivative to zero gives A = d,; thus ||,[2 < A. Suppose that 5, = 0 and
ug = € for all g € G; therefore, the strict inequality in (4.3.1) holds. Hence, strong duality

holds and the complementary slackness is
Vo XgBs + 6qug =0

Note that | X 852 < uy and ||74]2 < ;. On the other hand, by the Cauchy-Schwartz
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inequality, |vI X, B5] < [y 2]l X5 2. Hence,
’Yngﬁg* +0gug 2 =721 Xy By [|2 + dgug 2 0.
Therefore, complementary slackness holds if and only if the following conditions hold [16]:
* llz<dg = [ X852 =1y =0,
* 1 XeB5lla <ug = |gl2 =04 =0,
* HXgﬁ5H2 = Uy, ||7gl2 =04 = 7§Xgﬁg = —0gUg.
The third condition with respect to (4.3.2) is

VI X85+ | X852 = 0. (4.3.3)

The complementary slackness condition for the second order cone (4.3.3) holds if and only

if [33]
. Xgﬁ; = 0’
* —Xgﬁ;
* XoBy %0, [z = Aand vy = -A iy

The KKT conditions for (5*(y),4(y)) are as follows:

Xr X .
(Y- Y ) = X T,
Vie @l ! .
’AYgTXgB; + )‘HX985H2 =0,
|9 ]l2 < A (4.3.4)

Let us define the support of B * as follows:
$(67)={9eG: X, B #0}. (4.3.5)
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Theorem 5. Let us define the support S(B*) as (4.3.5). The optimal solution of (4.2.6), B*,

satisfies
r X XTX .
—g -y —=p) = —B where g€ 8(5%),
g \/_ |Xgﬁg H2
X A
Dy R where g¢ $(5°).
ges \/_
and || X,||,, is the induced ly-norm of X
Proof.
1. In the case where g € S,
9 % g A * — Xgﬁ;
Note that } .q %Bg = Dges %ﬁg and, when X, 3; # 0, then 7, = —/\m. Therefore,
the KKT condition in terms of 8 is
\ o Xl

g ) = where g€ 8(5%).

\/_g 4¢5 \/_ IIXgB;; 2

2. In the case where g ¢ S,

Suppose that Q(5*) =AY

,- By Lemma 1 for case X5, = 0, we have
0;(B") = {AXgwy :wy e R", gl < 1}
Let v;, = Awy,; then
v
05,5 = {XTv, vy e R, [ <1}.

Note that |y, [» < A, i.e. |3¢]2 < 1 and 7,,v, € R”; therefore, the above subdifferential is

equivalent to
* no e
05,8 = (X2, 1, € B, |2 <1}

Now, consider the KKT condition

XT
Ty Z— Xy o
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and note that -, is in the subdifferential; therefore,

X7T X, - o
H_g Y‘Z_QB;) <A sup ngg :)\HX9“27
Vie @V Tl e 2
where || X,||, is the induced /;-norm of matrix X. O

4.4 The degrees of freedom
In this section, we will calculate the degrees of freedom for the standardized group LASSO.

Theorem 6. The unbiased estimate of the degrees of freedom for the standardized group

LASSO is
- ~ A ~ ~r o~ -1 ~
FA(KsB () = 1r (KT (KT X+ U)K, 4.4.1)

where

X, 885" X,
_ XoBiBy Xy
U = diag| X7 Pl (4.4.2)
| X551,
ge8
Proof.

Suppose 8 be the support of B* defined in (4.3.5) and define X = (%) . Therefore, the
9/ ge§

first KKT condition in Theorem 5 can be written as follows:
X$(V = XsB3) = AXTN(Bg),

where N(35) is a normalization operator where

Xgby

N = .
)= 1%,

Define the mapping
(5" (y).y) = X X - XY + AXIN(BS);
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then
0,5 (y) = (95,7 (B (v),))~ X7,

and thus
~ L~ A ~ o -1 ~
af  (XsB* (v)) =tr(XST (XIXs+20) " X5), (4.4.3)

where U is defined in (4.4.2). OJ

Note that the matrix U involves X, instead of X ; because the penalty weight \/E is trans-
ferred from the penalty into the loss function. In Figure 4.1, the unbiased estimate of the
degrees of freedom for the standardized group LASSO is compared with the actual degrees

of freedom

() = =5 3 Cov (¥, f(4D). @4

100x75

For this comparison, suppose X € R and 3 € R™ are fixed for 25 groups, each with 3
levels. Then, we generate B = 1000 Monte Carlo replicates of y(® = X3 + N(0,1). The
Monte Carlo estimate of F [cff A] and actual df\ are computed from the generated values of
y by using formulas (4.4.3) and (4.4.4). Figure 4.1 shows that the actual degrees of freedom

and the Monte Carlo estimate coincide, i.e. F/ [cff A] = df\. It means that the estimate 4.1 is

unbiased, which is the main property of SURE theory.

The error bars in Figure 4.1 are smaller for larger values of tuning parameter A. The error
bars get larger specifically for models that have more than 16 predictors. These large error
bars happen because the interval of tuning parameters for these models are very small. The
grpreg algorithm selects groups based on the value of the tuning parameter A. First, the
algorithm estimates the largest value of A, then it makes a grid of m points between zero

and the estimated A. The set of grid points gives the solution path. If the number of grid
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Figure 4.1: Comparing the unbiased estimate of degrees of freedom with the actual degrees of
freedom for the standardized group LASSO.

points m is small, then it is possible that the number of selected groups shows a big jump
from a point to another point in the solution path. For instance, the model selects 14 groups
in one point and in the next point, the model contains 18 groups. It shows that algorithm
missed the small jumps of A that selects 15, 16 and 17 groups. This can be solved by taking
a large number of grid points, but this solution is expensive computationally. The alternative
is to consider an algorithm similar to LARS. Consider a case that ¢ groups are selected in
a very small interval of \; thus, the degrees of freedom are sensitive to a small change of
value in A\, which makes the error bars large. We believe that a LARS type algorithm for
group LASSO is useful to make the error bars smaller because it will find the break points
in the solution path easier and cheaper. For this simulation, we used grpreg algorithm with
a grid of 10000 points for the tuning parameter A. The full model with 25 groups shows
a very small error bar because of the large interval of A for this full model. Also the full
model takes a very small A close to zero and we will discuss the property of degrees of

freedom for this point in Section 5.5.
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4.5 The degrees of freedom for overlapped group LASSO

As a corollary of Vaiter et al. result [4], we calculate the degrees of freedom for an over-

lapped group LASSO.

Corollary 1. The unbiased estimate of degrees of freedom for overlapped group LASSO is

@A(overlapped group LASSO) = tr(Xg (XS*TXS* + /\U)_1 XS*T) , (4.5.1)
where
_ BT
. 18513
U = diag | — 212 4.5.2)
185 2
ges

Proof.
Consider the problem

[Y = XBl,+ 23 1Bl 453)

g€

where the groups g € G overlap. Obozinski [34] implemented this problem as group LASSO
by duplicating the covariate matrix X as X*, where

X — X" = @(Ii)iew

9¢€§

and @ : RP — RZssldl is the duplication operator. Thus, the problem (4.5.3) can be

written as

[Y = X85+ A 1552,

9€§

where 3* refers to the coefficients with respect to the coordinates of groups g. Note that

X B =X *B * and by the result of Vaiter et al. [4], the degrees of freedom are as follows:
A (X385 (v) = E[V- X3 5]
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- E [tr (X§ [ Giw)n)] XS*T)] ’

Byt
~ . A2 N .
where 8B§F(ﬁ§(y), y) = XgT X +)\diag %“"!2 and 8 = {g €G:8; # O}. This results
ge8
in
df  (overlapped group LASSO) = tr (Xg (X:TX5 +AU) XgT) , (4.5.4)
where U is defined in (4.5.2). O]
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Chapter 5

Hierarchical Group LASSO with the
Logistic Loss

5.1 Introduction

In this chapter, we apply the hierarchy constraint on group LASSO with logistic loss. The
solution of the proposed convex problem is characterized in Theorem 7. The derived unbi-
ased estimates of the degrees of freedom in the current work are compared with the known
unbiased estimates of the degrees of freedom. We show in Theorem 8 that our estimates of
the degrees of freedom converge to the rank of the design matrix of selected variables when

A N 0. Finally, we study the selection process of the proposed procedures.

Meier et al. [32] proposed an algorithm, implemented in the R-package grplasso, for group
LASSO with the logistic loss and they showed that the group LASSO estimator is statisti-
cally consistent. They tried to produce a hierarchical model by a two-stage algorithm. In
the first stage, they used a group LASSO penalty for all main effects, and after that they pe-
nalized all the main effects and related interactions with ridge penalty in the second stage.
Ridge penalty shrinks all effects but prevents selection. It means that a hierarchical model is
made only by selecting main effects. There is an issue here. To explain this issue, consider

that a group LASSO selects 6 main effects in the first stage; hence, there are 15 interactions.
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The ridge penalty produces a model with 6+15=21 effects. Someone may ask: do all of the

15 interactions have to be selected?

5.2 Logistic regression

Consider a dichotomous response variable Y, which divides the population under question
into two classes. That is, Y is an indicator variable such that if the response is in the first
class, then Y = 1; otherwise Y = 0. Let X be the matrix of predictors, continuous or
discrete. First, note that P(Y = 1|X = z) = E[Y = 1|X = z] and assume that there is a
relation through a function p and a parameter § as P(Y = 1|X = x) = p(z, #). Thus, the

likelihood function is

HP (Y =yi|X =) = ﬁpmﬁ)%u ~ p(as, B))1

The function p cannot be represented by linear regression since p € (0, 1) and linear func-
tions are unbounded in both directions. The term log(p) appears in the log-likelihood,
which cannot be represented by linear models, because log(p) is unbounded in one direc-

tion. The logistic function log(l%n) is the proper function for this purpose; therefore,

p(z)
logll - p(x)

] = fo + 20,
and the log-likelihood is
L(ﬁo, 5) = YT(ﬁ()]_ + XB) — 1T (log(]_ + eﬁoli—Xﬁ)) ’

where log and exp are taken component-wise.

5.3 The proposed method

For the logistic loss, we will use the same modification and generalization of the constraint

of Bien et al. [27] as for the quadratic loss in Chapter 3. The objective is again to make
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models which satisfy the strong hierarchy rule. Let us write the linear model with pair

interactions

| [ P(Y =1|X)

L 1
1-P(Y = 1|X)] :BOJF;Xgﬁg*i ZXg:hveC(@g;h)

g+h
where O, is the matrix of coefficients of pair interactions, same as the parameter in the
equation (3.2.1). The negative log-likelihood is considered as the loss function; thus

min -
BoeR,BeRL OcRL*L

yT (501 + i Xy + % > X VeC(Gg;h))
g=1

g+h

A
17 (log(1 + €153 Kot o o vec@g*)))] ATk + 5 2 10l
g

g+h
The above group LASSO considers main effects and interactions as groups and the induced
model will include some main effects and interactions without a hierarchy structure. To
guarantee hierarchy, we will use the constraint as constructed in Section 3.2. Hence, we
take 17vec((O; — ©;)diag(L1)) < 17(S; + ;) as the modified version of the constraint
of Bien et al. [27], where © is a symmetric matrix and w is the weight vector defined in
Section 3.2. For the simplicity of notation, let ¢ = (8y, 8, 57, vec(©*), vec(©~)) where
Oy = 0 ¢ vec(©) and suppose that X = (1;X;-X;Z;-Z), where Z is the matrix of

interactions defined in (2.3.1). Hence, the hierarchical group LASSO with logistic loss is

. |YTXsp-17T X¢ ~ Py G
BOER,ﬂieIﬂ?Ll%ieRLxL [Y X(b 1 (log(l te ))] A zg: ”B; Bg ”2 " )\gqu;l ”@;h 99:}‘ HF’
1vee((0] - O5)diag()) < 17(F; +55) | geg (5.3.1)

By >0, 67 >0
-0 =0"-0".

Note that here % is considered as a new parameter instead of ©,. We know that the

uniqueness of the solution is guaranteed if the problem is strictly convex. Note that the sec-
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ond derivative of the logistic loss is X7 diag ((1?—;")2) X =XTVvX = XTV3V3X =
e i=1

UTU > 0; thus the loss function is convex, and it would be strictly convex if and only if X

is full column rank. If X is not full column rank, then there exists vector x such that Xa=0

and, therefore, 2TXTVX2=0. As a result, in the high-dimensional case with n << p, the

solution of (5.3.1) may not be unique.

In Chapter 4, a tiny fraction of an elastic net term made the problem strictly convex. This
tiny fraction, €, controls the effect of the elastic net term. The elastic net term is transferred
into the design matrix X which simplifies the optimization problem. The form of the lo-
gistic loss prevents the transferring of the elastic net term into the design matrix. There is
another approach for uniqueness in which every submatrix X, where |a| < n, is assumed
to have full column rank. Therefore, the active set is chosen in such a way that |[A| < n.
For instance [8], [7] and [22] proposed different constraints in view of this approach. Roth
and Fischer [8] proposed a simpler constraint and algorithm for group LASSO. We will use
and describe this algorithm since it adds only a fixed parameter ~ as constraint to the group

LASSO penalty and this simplifies the algorithm mathematically and computationally.

In logistic regression, when the dimensionality exceeds the number of observations, the
uniqueness of the solution is not guaranteed. In this situation, every * = 59 + £ is also a

solution where ¢ € ker(X'). Therefore, Roth and Fischer [8] defined the group LASSO as

minimize £(5y,3) st g(3)>0

where  g(8) =r->_ By, (5.3.2)
g

where active constraint is required, i.e. r < Ko and Ko = MiNgeker(x) 2y Hﬁg +&gl2. Ttis
worth noting that %, is unique even with several vectors £ € ker(X'). Roth and Fischer [8]

proved that the solution of (5.3.2) is unique and proposed the following algorithm. Define
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XB

hy=XT(Y - 1255

1+eXB /"
A: Initialize set A = {jo}, 3}, arbitrary with || 3;, [ = &.

B: Optimize over the current active set A. Define set A* = {j € A : |32 > 0}. Define

A =maxXjeq+ || ] 2. Adjust the active set A = A*.

C: Lagrangian violation. For all j ¢ A, check if |h;|, < A. If this is the case, we have
found a global solution. Otherwise, include the group with the largest violation to A

and go to B.

D: Completeness and uniqueness. For all j ¢ A, check if |A;]|2 = A. If so, there might
exist other solutions with identical costs that include these groups in the active set.
Otherwise, the active set is complete in the sense that it contains all relevant groups.

If |A| < n, then the solution is unique.

5.4 Characterization of the solution

We need to rewrite problem (5.3.1) with respect to the uniqueness algorithm of Roth and
Fischer [8]. Note that the Lagrangian for group LASSO defined in (5.3.2) is
L(Bo, B) = Ak = . 1Bl2)-
g

Therefore, the convex problem (5.3.1) with respect to this new definition of group LASSO

changes to
. [vT¥ s 4T X)) |- - g ~ B l2- sh =9y
i [V R 17 (g1 - 5)] A[K SI5; -yl 2165 @gihu]
Uvec((0 - €p)diag()) 1B+ 5) | (o (5.4.1)

BE20, Of >0
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o -0 =0"-0",

Similar to the equation (3.4.1), this convex problem can be rewritten as the minimization of

- [YTXQZ) -17 (10g(1 + €X¢))] - A I:’i B Z | Dygll2 - Z |Dg:h¢g:h||2:| ~ T Ap+ 0T Eg.
g

g+h

The KKT conditions are the same as (3.4.5) except the first condition which changes to

eXo

XT(v - —
1+eX¢

)=-ATj+ ETo - DT5. (5.4.2)

The boundary set A(¢) and the support $(¢) are similar to (3.4.6) and (3.4.8). Now, we

are equipped to write the following theorem.

Theorem 7. Define the support S((ﬁ) as (3.4.8). Therefore, the optimal solution gzg of the

convex problem (5.4.1) satisfies

~ @XSQSS A~ A~
PsXI (Y - ——=—) = ADIN(¢s) where g€ 8(9),
1+ eXs9s
Py - h 8(
90X g ( T, where g ¢ 8(¢).
Proof.
The proof is analogous to the proof of Theorem 2. ]

5.5 Discussion

5.5.1 Selection process

We rewrite the UMP test given in Simon and Tibshirani [28]. Suppose that a least squares
linear regression model has fitted on X = (X; X5---X},_1) and we are deciding whether or

not to add a new group of variables X},. Suppose that the variance o2 is known and, thus,
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the uniformly most powerful test of Hy : 3, = 0 is rejected at level « if

|9 = Gl 2 0°x7 (1= @), (5.5.1)

where g; is the prediction for the linear model on X = (X; X5---X;) [28]. Now consider the
characterization of solution for the standardized group LASSO in Theorem 5. The decision
for the inclusion of a group X}, is based on the magnitude of

HX,? (Y—zﬁﬁg)

ges g

(5.5.2)

2

The decision in (5.5.1) is based on the deviation between two fits, but in Theorem 5 it is
based on a covariance and they look different. Note that if we consider B instead of 3%, as
explained in Section 4.1, then the magnitude (5.5.2) will change to

= HY - }A/:SHQ
2

“bat)

ges lg

which is comparable with the left side of (5.5.1). This result is mentioned in Simon and

Tibshirani [28]. Suppose that
Y =Ys+¢ where & ~ N(0,0%I),

hence, for selection process in the standardized group LASSO, derived in Theorem 5, we

will have

1

1
AEAER

XT 2 — TX XT
hEHQ lh”XhHgg hAp €

1 i

T T
T (5 E On,i€ Uh,iUp i€
I max;(0n,;) i

1 L
) pi < Upiy € >
lhmaXi(éh,i); hi < Uhi € >
1 6, ,[N(0,02)]°
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o2 b
~ E;(S;ﬂ.xf’ (5.5.3)
where 05, ;, vp,; are eigenvalues and eigenvectors of X;{X n. Standardized group LASSO
uses ﬁ Ziil 5,%)& instead of X?h in the above UMP test. This result is analogous to the
result of Simon and Tibshirani [28]. Note that we worked with B * directly instead of 5: and
this gives the authority to show interesting properties in balanced layouts, which will be

discussed in Chapter 6. Let us check this for hierarchical group LASSO. Its characterization

of the solution is provided in Theorem 2 and we have

||PhX}7;€||g ETXthPthj;S

T,T
Zdhﬁ Ujy ;Un,i€
i

~ o? Z OhiX1s (5.5.4)

where 4y, ;, vy, ; are eigenvalues and eigenvectors of (P, X[ )T(PhX;{).

5.5.2 The degrees of freedom

Stein’s Unbiased Risk Estimation, SURE, theory requires normal response Y and, in logis-
tic regression, the response Y is binary. Therefore, it is not possible to compute the degrees
of freedom for the hierarchical logistic group LASSO. In Table 5.1, the forms of known
estimates of degrees of freedom with the computed estimates of degrees of freedom are
compared. This table shows how the degrees of freedom gradually change from simpler
formulas to more complex formulas. In Section 1.3, we saw that the degrees of freedom of

linear multiple regression are

df = tr ((XTX)(XTX)™!) = rank(X).
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Known unbiased estimates of degrees of freedom

LASSO tr (Xs(Xg)") = rank(Xg)
HleI‘aI'Chlcal LASSO tr((XSPS)(Xsps)Jr) = rank(XVSPS)
Elastic net tr(Xs(XT X5 +22D)1XT)
_Pebg
Group LASSO i (Xs (X5 Xs +AU)!XG') where U=diag[ H,‘;‘fﬁﬂ% ]
ges

Calculated unbiased estimates of degrees of freedom

f*”*T T
,nggﬁg Xg

Standardized o e - d o2
tr (X5 (X7 K + AU)XT) where U = diag | X7 | —X%la |y
group LASSO %4551,
ges
_B5hg
Overlapped group LASSO w(X5(xg" X5+ 20)1 X" ) where U = diag 15513
§18 T8 8 EHE
ges
Dg$g<£ngT
_Dobgdy Dy
. . - I _ , "
Hierarchical tr(XsPs(Ps XE XsPs + AU) ' PsXT') where U = diag| DT ”ﬂ) : -|q|\|2 DT
g9g¥g
group LASSO 2

ges

Table 5.1: Comparing the known unbiased estimates of degrees of freedom with the results of this
thesis.

Tibshirani et al. [25] showed that the degrees of freedom for LASSO are tr (( Xs)(Xs)*) =
rank(Xs). Also Bien et al. [27] showed the same property for hierarchical LASSO, which
is tr ((XSPS)(X5P5)+) = rank(f(ng). Here we see that linear regression takes the rank of
X, which is the complete design matrix. However, LASSO represents the rank of a design
matrix which contains only selected variables. Hierarchical LASSO takes the rank of the
projected design matrix for selected variables. This projection matrix reflects the hierarchy

conditions.

For elastic net, when \;, Ay — 0%, the degrees of freedom converge to those of the least

squares regression and, therefore, its degrees of freedom should converge to the degrees of
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freedom of linear regression. Hence,

: T -1y T
JJim e (Xs(XT X5+ AD) XY

tr (X8 Jim, [(X$ X5+ Aod) P XT ])

tr (Xs(Xs)")

rank (Xg) . (5.5.5)

Note that lim.o [(ATA +¢el)"tAT] = A*, where A* is the Moore-Penrose pseudo inverse.
This property shows that the formula works well in the extreme case. However, does this
property hold for group LASSO type procedures as well? Note that the estimate of the
degrees of freedom in groupwise regularization contains matrix U instead of identity matrix
I in elastic net regularization. First, we give the following lemma and then we will show

this property for estimates of degrees of freedom in groupwise regularized procedures.

Lemma 4. Suppose that U is a symmetric positive definite matrix. Then
lim [(ATA+eU) AT = VAV )
EN

where U = VTV,

Proof.

The matrix U is symmetric positive definite. Therefore U = VTV where V is invertible and

lim [(ATA +eU) ' AT] = lim [(ATA+eVTV) AT

= lim [[VT(VTATAV D)V ] AT]

= lim [V ((AV )T (AV) + D) (AVHT]
= Vo im[((AV)T(AV ) +el) T AV

= VAV O

Note that the matrix U is a function of B and, thus, it depends on \. Note that in the case of
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balanced design, when A \ 0, then 6L — BLSE | thus, we can take 3-SE and construct U.

This gives a constant matrix U.

Theorem 8. The unbiased estimate of degrees of freedom of group LASSO in the extreme
case of A \ 0 is

}\in(l)df/\ (group LASSO) = rank (Xs) .
N

Proof.

The matrix U is symmetric positive semi-definite for group LASSO [4]. By some neglect,
we can consider it as a symmetric positive definite matrix since U +¢/ is symmetric positive
definite for a positive small value of €. Then, U = VTV where V is invertible. Later on, we
will see that the final answer is independent of the matrix V. We know that Bg # ( for all

g € & then U is symmetric positive definite and we have

lim tr (Xs(Xg X5+ A\U) ' XY)

: T -1yvT
tr (XS lim [ (X' X5+ AU) ™' X ])

ANO

= tr ((XsV " )(XsV 7))

= rank (XgV’l)

= rank (X5s), (5.5.6)
because V! is full rank. O

Corollary 2. The unbiased estimates of the degrees of freedom in the extreme case of A \ 0,

are

* Standardized group LASSO: rank (555) = rank (X&),
* Overlapped group LASSO: rank (X S ),

* Hierarchical group LASSO: rank ()?SPS).
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In fact, when the tuning parameter A\ converges to zero, the degrees of freedom in the men-

tioned procedures converge to the degrees of freedom of the related least squares estimate.
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Chapter 6

Some Additional Aspects of Group LASSO

in Fixed Effects Factorial Designs

6.1 Introduction

In this chapter, we show in Theorem 9 that in the case of balanced designs, sum-to-zero
constraints are satisfied in each group of estimates of group LASSO. Hence, for small val-
ues of A, estimates of group LASSO match with constrained LSE. We provide a selection
method for A based on AIC and BIC in Section 6.3. Group LASSO and constrained LSE are
compared via a toy example in Section 6.4. We study the selection process of a standardized
group LASSO and show how replication affects the selection process in the standardized

group LASSO.

In the classical ANOVA, parameters of a model are estimated by minimizing quadratic
loss. However, by considering all levels of a factor in the model, the LSE is not identifiable.
There are two frameworks to overcome this problem. The first one drops out one level from
each factor, which is known as baseline constraint. The second one considers all levels of
each factor, and adds sum-to-zero constraints for identifiability, which we call a constrained

LSE.
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The question is which one of the baseline constraints or the sum-to-zero constraints should
be used in group LASSO. To answer this question, suppose that X be the full design matrix

of a one factor layout with three levels. Therefore, X3 =1 - X; — X5 and

p+ (1 Xy + BoXo + B35 X3 = p+ (1 Xy + BoXo + B5(1 - X1 - X3)
=+ Bz + (81— B3) X1+ (8o~ B3) X

= '+ B1X + B5Xs,

which leads to baseline constrained design in ANOVA models. Note that the group LASSO

of these two designs lead to different Lagrangians:

1Y = [p+ 81 X1+ BoXo + 53X5] ||§ + A (B, B2, Bs) |2

and
1Y = [+ Bs+ (81— B3) X1 + (B2 — f3) X2] Hg + M| (B1 = Bs, B2 = B3) | 2,

especially when A is far from zero. This shows that we should consider full design matrix

with sum-to-zero constraints in group LASSO.

Another question raised here is whether the sum-to-zero constraints in group LASSO shall
be considered when there is a consideration of full design matrix. Group LASSO with full
design matrix and sum-to-zero constraints is a convex optimization problem; however, the
number of sum-to-zero constraints increases dramatically in high-dimensional data sets as
is shown in Section 2.2. Lim [17] showed that overlapped group LASSO with sum-to-zero
constraints is equivalent to group LASSO. Nonetheless, we are thinking more simply and
we show in Theorem 9 that sum-to-zero constraints are satisfied in group LASSO in the
case of balanced designs. Note that sum-to-zero constraints are used in constrained LSE

for identifiability and could be replaced with other identifiability constraints or penalties
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such as the group LASSO penalty.

6.2 A connection between constrained LSE and group LASSO

Is there any connection between the estimate of a group LASSO and constrained LSE?
Suppose that X be the design matrix with groups g € G as factors. We consider a group
LASSO with full design X, where all levels of a factor are in the model without sum-to-zero
constraints. Therefore, the group LASSO problem is

argmin [ -y - X6+ Ag% 151, -
Yuan and Lin [18] showed that if X "X =1 then

AGL:(1 Ml ) Brr (6.2.1)

A )
185712 ), 7

where BLSE is the least squares regression estimate. It means that when A ~ 0 then
BGL - BLSE. This equality is correct when X is orthonormal but this assumption is rarely

satisfied in actual situations. We will investigate this fact in detail.

By definition, full design matrix refers to a design in which all levels of a factor are consid-
ered and none of them is dropped out. Now consider a two-factor layout with full design
matrix. The least squares estimate, BLSE, exists when sum-to-zero constraints are applied.
In fact, sum-to-zero constraints are used for identifiability. However, the group LASSO
penalty preserves the sum-to-zero property under a specific condition. Therefore, instead
of using sum-to-zero constraints, we can use the group LASSO penalty for identifiability.
Also in the case of high-dimensional data, even by using sum-to-zero constraints, there is

no constrained LSE. After all, simply by using the group LASSO penalty, we will get a
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sparse solution path. In the following theorem we show that sum-to-zero constraints are
satisfied for a group LASSO estimate in each group when the design is balanced and it is

independent of the value of tuning parameter \.

Theorem 9. Suppose X to be a full balanced design matrix in such a way that each group
Xy, g € G is an indicator matrix, i.e. each row consists of exactly a single 1. Thus, the
solution ﬁ of

argmin [ - .1 - X B, + X Z 1Bl

satisfies

B, =0.

Proof.
Note that X,.c1, = c1,, for any constant c since X, contains a single 1 in each row. Suppose

that there are 2 groups, hence it follows that if /i and B are solutions, then

[V = 1= XB[L = |V = el =1l = ol = XB+ 11, + a1,

. . . 2
= HY— (f1+c1l, +ely) —Xgl(ﬂg1 —C1lg1) —ng(ﬁg2 —02192)“2

@ —C 1
Therefore, fi+ (c1+¢2)1, and Agl * | minimize the loss function, while the penalty

592 —Cg 1g2

A

2 o 2 PR o N A ~
_ B _ (AT B T 21T T B T 21T
By, =Ly, [+ 1By, = 1, [, = ( 0,09, — 2011 By, + 1l 191) * (592592 2e21y, By, + c21, 192>

PUBRN loy “ A lg, R
= (6;{1591 -2¢ Zﬁi+nc%)+(ﬂgzﬁg2 - 2¢c Z ﬁi+nc%)
i=1

i=lg, +1

is minimized for ¢, = Bgl and ¢y = ng- The intercept x4 is not penalized and its estimate /i

minimizes only the loss function. Let us find ji:

oY - p1, - X8|
o

=-217(Y - p.1, - XB) =0,
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then

~

o1 p
p=Y -1, X, ]1

~

92

lg,

lg. A 3.
rya g T Zizlgl B

I
~I

rlgl lg2 rlgl l92
y-4_2
l92 lg1

where r is the number of repetition in each treatment of full balanced design X. On the

other side,

2
0 HY - (p1, + 11, +cly,) - Xy, (ﬁgl - 01191) - Xy, (5;;2 - Czlgg)Hg B
ou -

=217 (Y = (1 + 1l + c21) = Xy, (By, —c1ly,) = X, (B, — c21y,)).

Therefore,
. 1.+ 1.+
p=Y -cr-cy- ﬁlnxgl (Bg, —1lg,) = Elnng (Bg, = c214,)
— 1 1
=Y - C1 —Cy — ETlgl (Bgl - Cllgl) - 57”1;2 (692 - C2192)
— T r
=Y - C1 —Cy— ﬁ(lglcl - lglcl) - E(ZQQCQ - ngCQ)
:?_Cl — Ca.
Hence,
7—01—02:7—;—1—;—2 = cl+02:ﬂ+2 = c1=c=0.
9o 91 92 91
Note that [y , 1y, > 2. O

The theorem states that the summation of coefficients of each group is zero for group

LASSO estimates when the design is balanced. In other words, the sum-to-zero constraint
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1s satisfied for each group in a group LASSO with balanced design, and this is independent
of the value of tuning parameter \. There are [, + [}, sum-to-zero constraints for each inter-
action of two main effects with [, and [;, levels respectively. While based on the theorem,
there is only one sum-to-zero constraint for each interaction. In fact, group LASSO with
only main effects satisfies all sum-to-zero constraints which are needed in constrained LSE.
This leads to the conjecture that the estimate of a group LASSO converges to the estimate
of a constrained LSE when the tuning parameter A converges to zero. However, it is not
correct when interactions are in the model. The conjecture will be illustrated in Table 6.2

in Section 6.4.

The group LASSO estimate depends on the value of the tuning parameter A. There are

two extreme cases for A in a group LASSO when it is large or small.

* \—>o0 = BGL—>0 and SSEGL—>HY—?

2
2?

e A—0 = SSE— SSE"*,

where SSE stands for sum of squared errors. In fact, when A is fixed with a large value,
the penalty gets a huge weight and all efforts are focused on minimization of penalty which
leads to BGL = 0 as the optimal estimation. When ) is fixed with a small value, the loss
function gets the main weight in optimization and group LASSO penalty works instead of
sum-to-zero constraints for identifiability; therefore, it leads to an SSE equal to constrained

LSE. This is reflected in Tables 6.2 and 6.4.

6.3 The selection of the regularization parameter \

The tuning parameter A in regularization methods is selected in such a way that the cor-

responding model is optimal according to some criteria, such as AIC, BIC, or Mallow’s
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C,. The spirit of these criteria is based on the prediction risk, Risk(f). Suppose f to be a

continuous prediction rule. Thus according to [6],
Risk(f) = £ |1~ F(¥) ] = E[IY = F(V)[}] - o + 2 Cov (. £(4))
= E[|Y - f(Y)|5] - no® + 20%df(f). (6.3.1)
The Stein’s Unbiased Risk Estimate is
Risk(f) = [V = f(V)[l; - no® + 207dE(f),

where the unbiased estimate of df( f) is

fz(Y)

n
i=1 i

at(f) -

It means that an unbiased estimate of df(f) suffices to provide an unbiased estimate for
Risk( f), where o2 is unknown and usually replaced with an estimate based on the largest

model [26]. The largest model corresponds to the smallest A and, when A\ — 0, then
2= MSE”" — MSE"™"

GL
where M SE" = %df, and M SE refers to mean squared error. It means that minimiza-

tion of prediction risk is involved with M SE"*".

Yuan and Lin [18] used Mallow’s C),, for the selection of A, which is

HY MHz
n

Cy (1) = + 28 (i)

They considered 5" from (6.2.1) and derived dfy () by
(o)) (a(x) o
oy |\ g oy
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=S 1(8,]2>0) + ZH@'Q -1). (6.3.2)

g

However, this is correct under the assumption that X "X =1 , which is rarely satisfied in
practical situations. They considered (6.3.2) as an approximation for the unbiased estimate

of df(f).

Breheny and Huang [14] proposed an intuitive formulation for degrees of freedom in group

LASSO by
iy - ¥ 5 O

geG k=1 6gk

where B;k is the unpenalized fit for partial residuals, B;k = XngY/n and Y is the current

update of residuals in the proposed algorithm in [14]. This formula is justified intuitively.

We propose Stein’s unbiased estimate for degrees of freedom of a group LASSO, which
is derived by Vaiter et al. [4]. A simplified version of the estimate of the degrees of freedom

is
dF (1) =t (Xs (XT X5+ 00) 7 X)), (6.3.3)

_BgBT
15413
[Bgll2

where U = diag and diag is a blockwise diagonal operator. This formulation

ge8
of degrees of freedom is justified in Figure 6.1 where the estimated degrees of freedom of

group LASSO from (6.3.3) are compared with the actual degrees of freedom from
df (f) = Z v (Y, f(Yi)). (6.3.4)
-1
Figure 6.1 shows the Monte Carlo estimate of &/ [cff A] on the y-axis versus the Monte Carlo

estimate of the actual df,, given by 6.3.4, for a sequence of A (circular) with one standard

error bar. In this simulation, X € R'*”" and b€ R™ are fixed for 25 groups, each with 3
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levels and, therefore, B = 1000 Monte Carlo replicates of y(®) are generated. The Monte
Carlo estimate of F [cff ,\] and the actual df, are computed from the generated values of y.

For group LASSO we used gglasso package in R.

40

30

Estimated degrees of freedom
20
l
-

10

T T T \ T
10 20 30 40 50

Actual degrees of freedom

Figure 6.1: Comparing the unbiased estimate of degrees of freedom with the actual degrees of
freedom for group LASSO.

We will assess the effect of proposed degrees of freedom on the selection of A with widely

used model selection criteria

o ly-alk 2. .
arc gy - =0k 25

no? n

and

. Y -al2 log(n)~. .

no?
AIC and BIC have different properties in regression. BIC is consistent in model selection if
the true model is among candidates [23]. It means that if the true model is in the candidates

list, then the probability that BIC selects the true model converges to 1 as n — co. AIC tends
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to overestimate the true model and asymptotically selects the smallest average squared error
when the true model is not among candidates. Zou, Hastie and Tibshirani [26] demonstrated
these facts for a LASSO by a simulation study. Their simulation shows that BIC has a much
higher probability than AIC to identify the true model in a LASSO. Also it shows that AIC
is conservative in variable selection and it tends to overfit in LASSO, but BIC tends to find
models with the right size. The following simulation experiment is analogous to that of
Zou, Hastie and Tibshirani [26]: it illustrates analogous facts for AIC and BIC, this time

for a group LASSO.

Simulation 1.

Consider a linear model with three factors. We will generate eight factors each with three
levels, but the response depends on only three factors. Consider Z,---, Zs be random vari-
ables from a multivariate normal distribution with covariance between Z; and Z; being
0.191 and a mean of zero. The three levels of each factor are 0,1, and 2 if smaller than
®-1(3), between ~'(3) and ®~'(2), and greater than ®~'(3), respectively. The response

Y is generated by Y = X5+ N(0,1) where
g = (7,-6.7,8.2,-1.5,4,-2.5,-1.7,0,0,0,0,0,0,-2.7,1.8,1.2,0,0,0,0,0,0,0,0,0).

The number of observations in each run is n € {100,500, 1000,2000} and the number of

replication is 2000. The results are shown in Table 6.1.

median proportion
AIC BIC AIC BIC
100 5 3 0.158 0.526
500 5 3 0.168 0.718
1000 5 3 0.183 0.764
2000 5 3 0.180 0.797
Table 6.1: Comparing the median number of selected nonzero factors and the probability of discov-
ering the exact true model by AIC and BIC in group LASSO.

n

The exact true model is the model that has no-zero coefficients for factors of {1,2,5} and
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has zero coefficients for other factors. In this simulation both AIC and BIC select the
true factors {1,2,5} in all 2000 replications, but BIC tends to select more sparse models
than AIC. AIC is more conservative than BIC in shrinking of factors while BIC has higher

probability than AIC in identifying the true model. This fact is shown in Figure 6.2.
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Figure 6.2: The left histogram shows the distribution of A\ 4;¢ and the right one is for Apr¢ for the
simulation in the first row of Table 6.1.

The results of Simulation 1 is comparable to the results of LASSO in Zou, Hastie and Tib-
shirani [26]. We will use BIC criterion with proposed degrees of freedom for the selection

of A\, but AIC could be used for a conservative purpose.

6.4 The toy example revisited

In the toy example, given in Section 2.2, we compare the results of this thesis with the con-
strained LSE. These two should be compared on low dimensional factorial designs since
classical ANOVA is not applicable on high-dimensional factorial designs. Also, this com-
parison is needed to find out the missed points when we apply regularization methods. First,
we consider a model with two main effects in order to compare the constrained LSE with
different estimates in a group LASSO. We consider the pair interaction in the model and

repeat the above comparison; finally, we will consider a hierarchal model.
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6.4.1 Two-factor layout without interaction
Consider the linear model for the two-factor layout without interaction:
Yijk Sptopt+T; +€ijk7 (641)

wherei = 1,2, j=1,2,3, k=110, ¥,0;=0, ¥X;7;=0, and ¢, ~ N(0,0?).
Now, if we consider }; ; = 0 and };7; = 0, then ji = y... Sum-to-zero constraints are
necessary for identifiability of estimates. The model (6.4.1) can be represented in the form

of regression model by using dummy variables X; therefore,
Y=p+XB+e,

where X = [X7; Xo; X3, Xy; X5], 6 = [aq,a92,71,79,73], YV is the dependent variable,
i =0, ¥;7 =0,and e ~ N(0,0%I). The constrained LSE of (u,3) is given by
minimizing

. A 1
(1, 8) = argmin = Y - .1 - X B
w8

where sum-to-zero constraints are on parameters themselves. Here, we compare the con-
strained LSE with the group LASSO and the standardized group LASSO. Cross-validation
tends to select small tuning parameter A. This means that cross-validated results of group
LASSO and standardized group LASSO should be close to the constrained LSE. In Ta-
ble 6.2, cross- validated results of both group LASSO and standardized group LASSO co-
incide with the result of constrained LSE. In fact when A converges to zero, group LASSO

estimate tend to constrained LSE.

In Table 6.2, the cross-validated group LASSO, standardized group LASSO, and con-
strained LSE have the same SSE. Their coefficients are computationally equal. Also, sum-

to-zero constraints are satisfied for all three models as a result of Theorem 9. The degrees
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B SSE d-fmodel Zz’eg Bz Zg ”69“2
Constrained LSE | 7. 37 6.683.8216.-1533) 2640.3 3 ©0.0) 15.935
2 C-V (3.7,-3.7.-6.677.8.208,-1.532) 2640.3 3.998 ©0) 15.935
:‘; AIC (3.595.3.595,-6.512.8.006,-1.494)  2642.5 3.961 ©0.0) 15.511
5 BIC (3.487,3.487,-6337.7.791 -1.454)  2649.2 3.92 ©0) 15.079
3 2 C-V (3.699. 3.699, 6.683.8.216,-1.533)  2640.3 3.997 ©.0) 15.932
% 5% AIC (3:262.32626.1037503-14)  26609.1 2.904 ©0.0) 14.385
) BIC (3062-3.062-58387.177-1339)  2701.4 2.701 ©.0) 13.678

Table 6.2: Comparison of the estimates of constrained LSE, group LASSO and standardized group
LASSO for the two-factor layout without interaction.

of freedom for constrained LSE are around 1 unit smaller than the two cross-validated mod-
els. However, we expect to have the same degrees of freedom as constrained LSE by taking

small values for tuning parameter \. We will discuss this difference in more detail in Sec-

tion 6.5.

The preferred model is determined by comparing AIC and BIC in both procedures. In
Tabel 6.3, standardized group LASSO shows better values for AIC and BIC criteria com-
pared to group LASSO, which was an expected result. We suggest to use the estimate of

the standardized group LASSO with AIC criterion in this case.

AIC BIC
group
LASSO 1.0661 1.2040
Standardized
aroup LASSO 1.0404 1.1393

Table 6.3: Comparison of AIC and BIC criteria of group LASSO and standardized group LASSO
for the two-factor layout without interaction.

Figure 6.3 illustrates the behaviour of AIC and BIC in standardized group LASSO.
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Figure 6.3: The left panel illustrates the degrees of freedom and the right one illustrates the smooth
behaviour of AIC and BIC in the standardized group LASSO for the two-factor layout without
interaction.

6.4.2 Two-factor layout with interaction
Consider the linear model for the two-factor layout with interaction:
y@]k = U+ Q; +Tj +wl-j +8ijk7 (642)

wherei=1,2, j=1,2,3, k=1,-,10, >, 0;=0, ¥,7;,=0, Y,w;;=0, ¥, wi; =0,
and ¢;x ~ N(0,0?). The results of constrained LSE, group LASSO, and standardized

group LASSO are compared in Table 6.4.

In the two-factor layout the first two main effects require two sum-to-zero constraints, but
the interaction requires five sum-to-zero interaction. Note that according to Theorem 9,
there would be only one sum-to-zero constraint for interaction. Therefore, the coefficients
in constrained LSE, group LASSO, and standardized group LASSO would be different.
This fact is reflected in Table 6.4. We mentioned that when the tuning parameter A con-

verges to zero, group LASSO and constrained LSE would have the same SSE. In fact, con-
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5 SSE d-fmodel Zieg 61 Zg ”Bg”g
. (3.7,-3.7,-6.683,8.217,-1.533,
Constrained LSE 1975.2 5 (0,0.0,0,0,0.0) 24.09
-3.45,-1.05,4.5,3.45,1.05,-4.05)
(2.333,-2.333,-4.465,5.489,-1.024,
C-V 1975.2 5.997 0,00 20.566
o -4.288,3.035, 5.342,-0.135,2.403,-6.357)
172}
v
< (2.314,-2.314,-4.435,5.453,-1.018,
= AIC 1977.776 5.941 0.0.0 20.063
5 -4.098,2.945,5.103,-0.175,2.308,-6.083)
(2.313,-2.313,-4.432,5.449.-1.017,
BIC 1989.186 5.861 0,00) 19.386
-3.813,2.745,4.748,-0.166,2.148,-5.661)
(0.005, -0.005, -1.506, 1.851, -0.345,
2 C-v 1975.2 5.992 000) 19.325
f] -4.932, 9.009, 7.006, -5.422, 3.720, -9.382)
[=9
; (0,0,-1.329, 1.634, -0.3049,
= AIC 1998.9 3.856 0.0,0 17.78
é -4.647, 8.406, 6.347, -5.102, 3.581, -8.584)
é (0,0,-1.319, 1.622, -0.303,
£ BIC 2025.5 3.629 0.0.0) 17.08
-4.447, 8.040, 6.061, -4.882, 3.431, -8.201)
(3.016, -3.016, -5.609, 6.896, -1.287,
2 C-V 1975.2 5.998 0.0.0) 21918
5 -3.839, 0.953, 4.936, 1.692, 1.686,-5.429)
= a
Q =
g S (2.856, -2.856, -5.409, 6.650, -1.241,
s 2 AIC 1989.3 5.484 0,00 20.481
JQ:—) g -3.442,0.933, 4.423, 1.438, 1.530, -4.882)
b}
g (2.829, -2.829, -5.376, 6.610, -1.233,
£ BIC 1995.7 5.435 0.0.0) 20.197
-3.356,0.912, 4.313, 1.400, 1.493, -4.762)

Table 6.4: Comparison of the estimates of constrained LSE, group LASSO and standardized group
LASSO for the two-factor layout with interaction.

strained LSE and all cross-validated models have the same SSE, in Table 6.4. The degrees
of freedom for constrained LSE are again 1 unit less than for all cross-validated models.

We will explain this difference in detail in Section 6.5.

Standardized group LASSO drops the first main effect with AIC and BIC criteria. However,
we know that main effects and interaction are statistically significant at the 0.05 confidence
level by classical ANOVA. This leads to hierarchical standardized group LASSO. That
means if an interaction is in the model, then all related main effects are in the model. Let
us denote the main effects with £} and F5, and the pair interaction with Fi.,. We consider
overlapped group LASSO with upward grouping for hierarchy and, therefore, the grand set
is G = {1, By, {F}|, F5, F15}}. The result is provided in Table 6.4, which shows that the

100



first main effect enters the model with all criteria.
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Figure 6.4: The left panel illustrates the degrees of freedom and the right one illustrates the smooth
behaviour of AIC and BIC in the standardized group LASSO for the two-factor layout with interac-
tion.

The preferred procedure is determined by comparing AIC and BIC of all models. The
hierarchical standardized group LASSO is a compromise between the standardized group
LASSO and the group LASSO based on AIC and BIC in Table 6.5 which also satisfies

strong hierarchy. Therefore, we suggest the hierarchical standardized group LASSO with

AIC.
AIC  BIC
Lg:;uSpO 0.932 1.139
gopiasso 871 09
Hierarchical 0.921 1.112

Standardized group LASSO
Table 6.5: Comparison of AIC and BIC criteria of group LASSO and standardized group LASSO
for the two-factor layout with interaction.
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6.5 Discussion

6.5.1 Selection process

The selection process in standardized group LASSO is given in Theorem 5 as

o Pl <0V

Also, in Section 5.5 we showed that

1 2
el ~ o5

1,15 = max;(9
where each 0, ; is an eigenvalue of X' X,. We know that X, is an indicator matrix; thus,
XTI X, = diag ((ng,i)ieg) Where ny; is the replication in level i € g. In fact, ng;, i € g
are eigenvalues of X gT Xgie., 0g; = ng; for all i € g. If the design is balanced, then all

replications are equal and we have

||X I, HXTSH ~ UQZXI - U2Xz29'

Now, if we use 69 instead of /37, then
712 2.2
[V = Ys[, ~ o™

This is analogous to the UMP test (5.5.1). That means X, is selected by a UMP test to be
in the model if

[V =Y5]3 > o°x] (1-a).

However, standardized group LASSO [28] selects X, to be in the model if

-5} 2

1,\2,

102



where HY - Vs Hz ~ o2 X?g. In this way, the selection process in standardized group LASSO
is roughly based on a UMP test. Now, if the approximation [,\? ~ o2 X?g (1 - «) holds, then
the selection process in standardized group LASSO will be exactly according to a UMP

test.

6.5.2 Degrees of freedom

The degrees of freedom of constrained LSE are always one unit smaller than that of the
cross-validated group LASSO estimates. Consider the two-factor layout in Section 6.4.1.
We will calculate its degrees of freedom in two different frameworks and, afterwards, it
will be compared with the degrees of freedom of group LASSO. The first framework in
Classical ANOVA considers baseline constraints and drops out one level from each factor.
Denote the design of the first factor with X; = [ X;1; X15]. The design X; is an indicator

matrix, i.e. there exists only a single 1 in each row and X; + X5 = 1. Therefore,

- —

o+ Brg + Bos
511_612
||Y—Xﬁ||§ = Y -[1 X111 Xo1 Xoo]
521_ﬂ23
Baz — Pa3
L dllg
_ 12
/,L*
/8*
= Y -1 Xy X Xao]| TV
551
| 5 |,

Hence

df=rank([X11 X21 XQQ]) =3.
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The second framework applies sum-to-zero constraints on parameters themselves; thus, we

have

B+ Pi12=0 = [i2 =P,

Bo1 + Bag + Boz =0 == [z = =21 — Baa.

Therefore, the constrained LSE is

B
Ba1
Baa

1Y = XBJ2 = |V =[1 (X1 - X12) (X1 = Xog) (Xaz - Xo3)]

Hence, the degrees of freedom are

df = rank ([(X11 = X12) (Xo1 - Xog) (Xoo — Xo3)]) = 3.

Consider the two-factor layout with standardized group LASSO penalty. Group LASSO

uses a full design matrix and we have

) 2 Xg ) 2
min [V =37 —Z8513+ A Y [ X5 -
B g=1 lg g=1

We know that if A \ 0, then the degrees of freedom in standardized group LASSO are
df =rank (X) = 4.

This is consistent with the cross-validated result of standardized group LASSO in Table 6.2.
Note that rank ([ X1; X12]) = 2 and rank ([ Xa1 X9o Xo3]) = 3; however, rank ([ X; X5]) =

4. Since X11 + X12 =1, then in matrix X we will have X23 = Xll + X12 - X21 - X22.
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Chapter 7

Conclusion

In many situations, additive models are insufficient for predicting an outcome in factorial
experiments, and pair interactions are useful for this purpose. However, considering models
with pair interactions in the case of high-dimensional data sets, adds a huge number of
parameters to the model. In this thesis, we studied methods fitting interaction that are
applicable to the high-dimensional data sets. They produce groupwise sparse fits, which
obey strong hierarchy rules. Here, we address some questions about the significance of the

studied methods and their applications.

7.1 What is the significance of the new methods?

Lim [17] and Yan et al. [1] used the overlapped group LASSO with an upward grouping
penalty to produce a hierarchical fit in the case of factorial experiments. In Section 2.7,
we pointed out three disadvantages for this method. The hierarchical LASSO [27] solves
these issues, but it may not be applicable to linear models having factors with more than
two levels. The hierarchical group LASSO fixes this particular problem; it is useful to study

factorial experiments having factors with more than two levels.
The overlapped group LASSO selects the tuning parameter A\ by cross-validation. How-

ever, the degrees of freedom are derived for the hierarchical group LASSO, which allow us

to select the tuning parameter A based on the criteria such as Mallows’s C,,, AIC and BIC.
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The overlapped group LASSO achieves hierarchy based on a geometric interpretation of
the /;-norm. At the same time, the hierarchical group LASSO enjoys a statistical principle

for achieving hierarchical fits.

The hierarchical overlapped group LASSO gets more aggressive in eliminating interactions
by increasing the number of factors p and, in fact, it is more likely to lead to additive models
for large values of p. This fact is explained in Proposition 1 and Yan et al. [1]. However,
the hierarchical group LASSO selects interactions based on their statistical power [27] and

the selection process does not relate to the value of p.

In this thesis, we investigate further the standardized group LASSO and the overlapped
group LASSO. We provide unit group weights in the standardized group LASSO by using
Zhao’s transformation [36]. Also, we derive the degrees of freedom for this method, which
enables us to select the tuning parameter A\ properly. Finally, the degrees of freedom of the

overlapped group LASSO are derived.

7.2 What data can be analyzed?

The methods studied in this thesis are applicable to the factorial experiments for both de-
signed experiments and observational studies. They are proposed for the particular case of
high-dimensional data sets; however, they are also applicable on data sets with p < n as
well. The predictors in the data sets could be continuous, discrete, and also factors. There
is no specific limitation for the number of levels of factors in the data sets. Finally, these

methods could deal with continuous or binary responses.

Yang and Zou [38] provide 8 real data sets for testing their group LASSO algorithm with
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different number of p and n for 4 continuous and 4 binary responses. The data set bardet
is the most simple one. The data set is a gene expression data from the microarray experi-
ments of mammalian eye tissue samples. It contains 120 samples with 20 factors each with
5 levels. The response is a continuous random variable giving the log transform of expres-
sion level of gene TRIM32, which causes Bardet-Biedl syndrome. It is a genetic disorder
with many effects on a body system. Note that the design matrix including pair interactions

contains 4850 columns.

7.3 What are the next steps toward applications?

In factorial experiments, the issue of identifiability arises in the first step of computation.
There are two frameworks to solve this issue: baseline constraint, and full design matrix

with sum-to-zero constraints.

In Chapter 6, we showed that the group LASSO estimate changes by dropping one level
from each group or by considering the baseline constraint. In fact, the fit will be changed
by changing the base level. Based on this issue, Lim [17] considered full design matrix
with sum-to-zero constraints and proposed his theorem for reducing an overlapped group
LASSO with sum-to-zero constraints to a group LASSO. We provide a simpler approach for
this issue. At first, we showed that sum-to-zero constraints are satisfied in a group LASSO
estimate when the design matrix is balanced, and this fact is similar to the case of LSE.
Also we noticed that the group LASSO penalty itself can be used for identifiability. Based
on these two reasons, we propose a full design matrix without sum-to-zero constraints for
studied methods. In order to see the priority of this issue, recall that 2000 sum-to-zero con-
straints are needed for the bardet data set or in a larger sale, around 2.15 x 10 sum-to-zero

constraints for the motivational example, Section 2.2.1.
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The other issue in computation is the uniqueness of the solution. This problem is addressed
in Chapters 3 and 5 for a hierarchical group LASSO with quadratic and logistic loss. In the
case of quadratic loss, we suggested to add a tiny factor of elastic net term to the objective
function. In this situation, the loss function with the elastic net term can be rewritten as a
new loss function with a new augmented design matrix. For the case of logistic loss, we

suggested Roth and Fischer’s [8] constraint and algorithm.

For the data set bardet, the response is Y799x1, the design matrix is X729x4850, and the group
indices are g = 1,---,210. There are 20 main effects each with 5 levels and 190 pair interac-
tions each with 25 levels. To guarantee the uniqueness of the solution, we need to construct
the augmented design matrix, which is explained in Section 3.2. The augmented design

matrix is X

. T T . > .
ceoromamee AN the new response is Y. = [V 01.4950]. The matrix X in the

bardet example contains 2.87 x 106 zero components. In such a case, memory consumption
can be reduced by using a specialized representation storing, which is called a sparse ma-
trix. A user friendly construction of a sparse matrix in R is spMatrix. The Lagrangian for
this example is

1 _ 210

FIYe-Xoolz + A; [ Dgtgll2 + A;} | Dyndbgnllz - 1" Ap +v" Eg, (7.3.1)

where ¢ and D are defined in Section 3.4; A¢ and E¢ represent the hierarchy constraints

[©4diag(L)]1 < [ 5,1 and the symmetry constraints © = O7, respectively.

7.4 What numerical problems may arise and how these

can be addressed?

Here, we give an outline to shed a light on the computational algorithm. Coordinate de-

scent is a derivative-free optimization algorithm. It minimizes a multivariate function along
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one direction each time and iteratively minimizes it for each direction. Coordinate descent
has issues with non-differentiable functions. Note that group LASSO is non-differentiable,
but the non-differentiable part is blockwise separable. Tseng [31] showed that blockwise
coordinate descent converges to the global minimum for a strictly convex problem when
the non-differentiable part is separable. However, hierarchical group LASSO is not separa-
ble because of the symmetry constraint © = ©7. In fact, the symmetry constraint ties and
couples all of the parameters together, for instance O, = O7 , appears in two hierarchy

constraints of |Ogn[1 < |85 - 57 |1 and [Ong1 <[5 = B, |-

In order to solve this issue, we propose to use the Alternating Direction Method of Mul-
tipliers (ADMM) [5]. The ADMM splits a convex problem into separate easier subprob-
lems [5]. Consider a convex problem of the form ming g(¢) + h(¢), then it can be rewritten
as ming ., g(¢) + h(y) s.t. [ =~. Note that, in the Lagrangian 7.3.1:
1 ~ 210
9(0) = 5o - X6l + Ag; [ Dgpgll2 + AQ;L | Dyngenll2 = 1" A
and

h¢) = E¢

Therefore, the ADMM algorithm repeats the following three steps until convergence:
2
2]'
2
2]'

(1) Qg = argmin¢ [g(¢) + (g) ||¢ A+ %

(ii) 4 = argmin, [h(y) +(8) H7 — o+ %
(i) @ < @+ p(d—4).
The dual variable u pulls these two subproblems together and p > 0 is the penalty param-

eter [5]. Note that g(¢) is a blockwise separable strictly convex problem. For minimiz-

ing g(3), we can use one of the generalized gradient descent solvers such as FISTA [17].
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Lim [17] used FISTA to solve a group LASSO. This algorithm with some modification is

useful to minimize g(¢).

A full hierarchical group LASSO analysis for the above mentioned data is quite involved

and exceeds the purpose of this thesis. Here, we laid the theoretical foundation and devel-

oped new methods. Specific applications of those will be topics for future research.
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