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Abstract

We consider varying coefficient Cox models with high-dimensional covariates.
We apply the group Lasso to these models and propose a variable selection proce-
dure. Our procedure can cope with simultaneous variable selection and structure
identification from a high dimensional varying coefficient model to a semivarying
coefficient model. We also derive an oracle inequality and closely examine re-
strictive eigenvalue conditions. In this paper, we give the details for Cox models
with time-varying coefficients. The theoretical results on variable selection can
be easily extended to some other important models and we briefly mention those
models since those models can be treated in the same way. The models consid-
ered in this paper are the most popular models among structured nonparametric
regression models. The results of numerical studies are also reported.
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1. Introduction

The Cox model is one of the most popular and useful models to analyze cen-
sored survival data. Since the Cox model was proposed in Cox[9], many authors
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have studied a lot of extensions or variants of the original Cox model to deal
with complicated situations or carry out more flexible statistical analysis. In this
paper, we consider varying coefficient models and additive models with high-
dimensional covariates. These models with moderate numbers of covariates are
investigated in many papers, for example, Huang et al.[18], Cai and Sun[8], and
Cai et al.[7].

We apply the group Lasso (for example, see Lounici et al.[25] and Huang et
al.[16]) to varying coefficient models with high-dimensional covariates to carry
out variable selection and structure identification simultaneously. Although we
focus on time-varying coefficient models here, our method can be applied to vari-
able selection for another type of varying coefficient models and additive models
and we briefly mention how to apply our procedure and how to derive the theoret-
ical results.

Suppose that we observe censored survival times T; and high-dimensional ran-
dom covariates Xj(t) = (Xii(t), ..., Xip(t))". More specifically, we have n i.i.d.
observations of

T; = min{Ty;, Ci}, 0i = HToi < Cj}, (1)

and p-dimensional covariate Xj(t) on the time interval [0, 7], where T; is an un-
censored survival time and C;j is a censoring time satisfying the condition of the in-
dependent censoring mechanism as in section 6.2 of Kalbfleisch and Prentice[20].
Hereafter we set 7 = 1 for simplicity of presentation. Note that p can be very
large compared to n in this paper, for example, p = O(n®) for a very large pos-
itive constant ¢, or p = O(exp(n®)) for a sufficiently small positive constant Cy,.
We assume that the standard setup for the Cox model holds as in chapter 5 of [20]
and that T; or N;(t) = I{t > T;} has the following compensator A;(t) with respect
to a suitable filtration {F}:

dAi(t) = Yi(t) exp{ X (Hg(D} ()t (2)

where Yi(t) = {t < Ti}, g(t) = (9i(t), ..., gp(t))" is a vector of unknown functions
on [0,1], a™ denotes the transpose of a, and Ay(t) is a baseline hazard function.
As in chapter 5 of [20], Xj(t) is predictable and

Mi(t) = Ni(t) — Ai(t) (3)

is a martingale process with respect to {#¢}. In the original Cox model, g(t) is a
vector of unknown constants and we estimate this constant coefficient vector by
maximizing the partial likelihood.



In this paper, we are interested in estimating g(t) in (2). Recently we have
many cases where there are (ultra) high-dimensional covariates due to drastic de-
velopment of data collecting technology. In such high-dimensional data, usually
only a small part of covariates are relevant. However, we cannot directly apply
standard or traditional estimating procedures to such high-dimensional data. Thus
now a lot of methods for variable selection are available, for example, the SCAD
and the Lasso. See Biihlmann and van de Geer[6] and Hastie et al.[14] for excel-
lent reviews of these procedures for variable selection. See also Bickel et al.[3]
and Zou[41] for the Lasso and the adaptive Lasso, respectively.

As for high dimensional Cox models with constant coefficient, Bradic et al.[4]
studied the SCAD and Huang et al.[17], Kong and Nan[22], and Lemler[23] con-
sidered the Lasso. Zhang and Luo[36] proposed an adaptive Lasso estimator for
the Cox model. The authors of [17] developed new ingenious techniques to derive
oracle inequalities. We will fully use their techniques to derive our theoretical
results such as an oracle inequality. Sun et al.[28] modified the Lasso penalty
to incorporate side information. Wang et al.[32] proposed a hierarchical group
penalty. Some variable screening procedures have also been proposed in Zhao
and Li[40] and Yang et al.[34], to name just a few. Estimation of the baseline
hazard function is considered in Guilloux et al.[13] in a high-dimensional setup.
A model free screening procedure for censored data with high-dimensional co-
variates is proposed in Song et al.[27].

In this paper, we propose a group Lasso procedure to select relevant covariates
and identify the covariates with constant coefficients among the relevant covari-
ates, namely the true semivarying coefficient model from a much larger varying
coefficient model. We can achieve this goal by a suitable two-stage procedure
consisting of the proposed group Lasso with and an adaptively weighted Lasso
procedure as in Yan and Huang[33] and Honda and Hardle[15] or the SCAD. In
[33], the authors proposed an adaptive Lasso procedure for structure identification
with no theoretical result. Our procedure can be applied to the varying coefficient
model with an index variable Z;(t):

dAi(t) = Yi(t) exp{go(Zi(1) + X[ (Hg(Zi(t))} Ao(t)dt (4)

and the additive model:

p
dAi(D) = Vit exp{ > ;%) (dat. ()

i=1

We mention these model later in section 4.



Some authors considered the same problem by using the SCAD. For exam-
ple, see Lian et al.[24] and Zhang et al.[37]. They proved the existence of local
optimizer satisfying the same convergence rate as ours. In contrast, we prove the
existence of the global solution with desirable properties. In Bradic and Song[5],
the authors applied penalties similar to ours to additive models and obtained theo-
retical results with model misspecifications considered. We have derived a better
convergence rate in our cases. See Remark 3 in section 3 about the convergence
rate. We also carefully examined the RE (restrictive eigenvalue) conditions. While
the other authors considered the L, norm of the estimated second derivatives for
additive models, we adopt the orthogonal decomposition approach to structure
identification. We give some details on why we have adopted the orthogonal de-
composition approach in Appendix C.

This paper is organized as follows. In section 2, we describe our group Lasso
procedure for time-varying coefficient models. Then we present our theoretical
results in section 3. We mention the two other models in section 4. The results of
numerical studies are reported in section 5. The proofs of our theoretical results
are postponed to section 6 and section 7 concludes this paper. We collected useful
properties of our basis functions and the proofs of technical lemmas in Appendices
A-D.

We define some notation and symbols here. In this paper, C, C,, C,, ... are
positive generic constants and their values change from line to line. For a vector a,
lal, |al,, and |a|. mean the L, norm, the L; norm, and the sup norm, respectively.
For a function g on [0, 1], ||9]l, l|9ll;, and ||g|| stand for the L, norm, the L; norm,
and the sup norm, respectively. For a symmetric matrix A, we denote the minimum
and maximum eigenvalues by Anin(A) and A, (A), respectively. Besides, sign(a)
is the sign of a real number a and a, ~ b, means there are positive constants C,
and C, such that C; < a,/b, < C,. We write S for the complement of a set S. For
a function g(z) and a constant c, ¢g(z) = ¢ and g(z) # ¢ means that a function g(z)
is € and it is not a constant C, respectively.

2. Group Lasso procedure

First we decompose gj(t), j = 1,...,p, into the constant part and the non-
constant part:

9i() = gej + Gnj(D), (6)



where fol gnj(Hdt = 0. When g;(t) # 0, gj(t) is a non-zero constant or a non-
constant function. We denote the index sets of relevant covariates by

Sc={jlgcj #0} and  Sn={jlgnj(t) # 0} (7)

and set
Se = #S:, Sn=#S,, and S, =S¢+ Sp,

where #A is the number of the elements of a set A. Even though p is large, only
a small number of covariates are relevant in most cases. Then we consider sparse
models and therefore we assume that s, = o(L(In n)~'/?), where L is the dimension
of our B-spline basis. o

Next we introduce our spline basis B(t) to approximate gj(t), j = 1,...,p.
We construct B(t) from the L-dimensional equispaced B-spline basis By(t) =
(o1 (1), ..., boL(t))" on [0, 1] and the basis has the following properties :

bi(t)
— b, (t 1_
B - | ™| - (1/ ‘/E) = AyBo(t) and f BOB (tdt=L"1, (3
: B(t) 0
bL(t)
where T
aQl
A = Qo2 | _ 17/+L
° : A
ag
and 1 = (1,...,1)". Besides, we define aoj and A_; in the above equations. Note

that for j=1,...,L,
bj(t) = ag; Bo(D)

and that 1/ VL and B(T) = (by(%), ..., b, (t))" in (8) are designed for gcj and gnj(t),
respectively. Recall that 17 By(t) = 1 and see Schumaker[26] for the definition of
B-spline bases. We have collected how to construct B(t) and A, and some useful
properties of B(t) and A, in Appendix A. We can use another basis which has
desirable properties such as (A.1), (A.3), and (A.4) in Appendix A. We also use
the local properties of the B-spline basis in the proofs.

We impose some technical assumptions on g(t).



Assumption G : gj(t), j = 1,...,p, are twice continuously differentiable and
there is a positive constant C4 such that

Z 19l < Co, Z Igjlle < Cq,  and Z g Il <

Besides we have

minlgcle2 — oo and min||gnj||L2 — 0.
jeSe J€Sn

Hereafter we take L = ¢ n'/>(c. > 0) for simplicity of presentation and the
order of the B-spline basis should be larger than or equal to 2. In the former of
Assumption G, most of g; are irrelevant and satisfy g;(z) = 0 since we are dealing
with sparse models. Then only a small number or bounded number of g; such that
only j € §; U S, are relevant in this assumption and the summations. The latter
of Assumption G means relevant coefficient functions are larger than the spline
approximation error. As for the identifiability of g(t), we need an assumption
such as /lmin(E{f}) > C,/L for a positive constant C;, where E{f} is defined in
Proposition 3.

When Assumption G holds, there are v; = (y;;,v:]))" € R%, j = 1.....p,
such that for a positive constant Capprox depending on Cg,

p
D7118; =¥ " BOlks < Capprock . ©)
=1

When j € S, we can take i = \/Egcj and v*; € RY! depends on gpj(t). If
J € S, and j€ S., we take Y4;=0 and y}; i =0, respectively. See Appendix A
for more details on these v} = (y; Yo J)T

We state assumptions on our Cox model before we describe the log partial
likelihood for new covariates

Wi(t) = Xi(t) ® B(b), (10)

where ® means the Kronecker product.

Assumption M : |X;(t)| < Cx uniformly in j and t for a positive constant Cyx. We
also have E{Y(1)} > Cy for a positive constant Cy. Besides, the baseline hazard
function is bounded from above and satisfies Ayo(t) > C, on [0, 1] for a positive
constant C.



The first one is used to evaluate the inside of the exponential function. When
we deal with additive models, we can do without it. The other ones are standard
in the literature.

We denote the log partial likelihood by Ly(7) :

n 1 1 n
pr):%; [ v woano- i )] i expty” Wil afio. 11

where v = (f,...,75)" € RPand N(t) = n™! 3L, Ni(t). We also use the same
sample mean notation for M;(t) and Y;(t).
Set

tp(7) = =Lp() (12)

for notational convenience. Then we should minimize this £y(v) with respect to
~. However, when pL is larger than n, we cannot carry out this minimization
properly and we add some penalty as in the literature on high-dimensional data.
We define the convex penalty :

p
Pi(y) = > (il + 1o (13)
j=1

This P;(7) also plays the role of the L; norm for v € RP" and is a very im-
portant technical tool in this paper. Besides, we define a kind of sup norm P (7)
by

Peo(7) = max 1l v Iyl (14)

where a V b = max{a, b}. This is also an important technical tool.
Thus our group Lasso objective function is defined by

Qi(y; ) = Lp(7) + AP1 (7). (15)

Our group Lasso estimate is given by

7 = argmin Q;(; ). (16)

~€RPL

If we are interested in only variable selection, we should minimize
p
Qv D) = G + 1)l (17)
=1

7



By using the results on the Lasso for quantile regression in Belloni and Chernozhukov[1],
Tang et al.[29] and Kato[21] considered variable selection for varying coefficient
and additive quantile regression models, respectively.

We state our theoretical results only for Q;(7y; ) in section 3 since we can
deal with Q(+;A) in the same way. However, the sup norm P.(7) should be
modified to P () = max,<j<p [v;| and the oracle inequality gives an upper bound
of X0, Aj — ;| when we deal with Q(v; 4).

The standard optimization theory implies that we have for 7 in (16),

0ty __ . .
8_(7) = _/IVJPI(’YL J = 1,- ) pa (18)
i

where VP,(7) is the subgradient of P,(-y) with respect to «y; and it consists of
sign(yij), hjl #0
Vil = gn(y1j 1j ’

€1js v1j=0

and

Yo1i/lv-1jls ly-1il #0
V_ijlv-ijl = WA ! )
€_1j» Y-1j=0

Note that |€j| < 1 and |e_;j| < 1 and V;j and V_;;j are subgradients with respect
to y1j and «_;j, respectively. See chapter 5 of [14] for more details about convex
optimality conditions.

Consequently from (8), our estimates of gcj and gy are

Gej =7/ VL and Gj(t) = BT (t7.4}. (19)

Remark 1. The Lasso is not necessarily selection consistent although our simu-
lation results are very good for variable selection. This phenomenon is closely
examined in [41] and some other papers for L, linear regression. They proved
that the Lasso needs a restrictive condition on covariates to be selection consis-
tent even for L, linear regression. See section 2.7 in [6]. Hence the adaptive
Lasso is proposed in [41]. Recently more general adaptively weighted Lasso pro-
cedures have been considered in the literature. Consequently the Lasso procedure
often has to be followed by a next step like an adaptively weighted Lasso proce-
dure or the SCAD. The SCAD also needs a good initial estimate or should have
a smaller number of covariates. We usually calculate the weights of adaptively

8



weighted Lasso procedures based on estimators with desirable properties such as
so-called screening consistency. See section 2.8 in [6] about these kinds of two
step procedures. For Cox models, the authors of [36] and [15] considered adap-
tively weighted Lasso procedures. See also Fan et al.[10] about L, regression and
Fan et al.[11] for a more general principle. However, we have never seen our or-
thonormal basis applied to structure identification for Cox models. Our Theorem
1, which is an oracle inequality and a standard main result in the Lasso litera-
ture, gives a solid theoretical basis for our group Lasso procedure to be used as a
first step for those adaptively weighted group Lasso or group SCAD procedures
for Cox models. As one of the reviewers pointed out, we can use Q(-y; A) first and
then apply Q(7; 4) with adaptive weights or the group SCAD. However, when we
use Q;(y; Q) first and Q,(+; A) with adaptive weights or the group SCAD next, we
will be able to remove more of irrelevant non-constant components at the first step
based on Q;(7; A). Inclusion of one irrelevant non-constant component increases
the dimension of Wj(t) by L — 1. Our theoretical results cover both strategies.
From a theoretical point of view, if we choose a threshold value t, based on our
theoretical results in section 3 and define §c and §n by

S ={jlGejl >t} and Sy = {jlIGujll > ta), (20)
they are consistent estimators of S; and S, respectively. Then we estimate the pa-
rameters based on S; and S,,. This is called the thresholded Lasso in the literature.
See sections 2.9 and 7.6.2 in [6]. However, adaptively weighted Lasso procedures

are much more popular in the literature. This is partly because the Lasso estimator
is a biased one.

Remark 2. In some situations, we should assume
Sy C S.. (21)

We may incidentally have g¢j = 0 for j € S, even if g,j(z) # 0. This can happen
partly because the value of g¢; can depend on the definition of the decomposition
of gj(z) into gcj and gsj(z). However, this will rarely happen and gcj should be
included into the model if the nonparametric regression coeflicient function for
J is included in the model. Then we can define a kind of hierarchical penalty
Ph(7y) as in (22) by taking the assumption in (21) into consideration and following
Zhao et al.[39] and Zhao and Leng[38]. We take the subscript h of P,(7y) from the
hierarchical assumption (21) and our hierarchical penalty Pp(7y) is

p p
Pr(y) = D (il + 0+ > v (22)
i=1 i=1

9



for some fixed q > 1. Then we can derive almost the same result for

7= argmin Qn(y; 4), where Qu(y; 4) = £p(7) + APh(),
Ye
as for Q;(v; 1). When we deal with Qp(+; 42), P1(7y) and P () still play the role
of the L; and sup norms, respectively and the oracle inequality is an inequality
about P;(7 — ~*). We describe some more details in Appendix E in the supple-
ment to this paper. When we assume (21) and the group Lasso based on Q;(~; 1)
concludes that [|g,;|l > 0 and |g¢j| = 0, we may have to take (21) into consideration
and modify this conclusion to the one that both of them are relevant for this j.

3. Oracle inequality

An oracle inequality for 5 from Q;(~; 1) is given in Theorem 1. All the proofs
are postponed to section 6. First we define some notation. We borrow some
notation from [17] and proceed as in [17]. Some other notation is standard in the
literature of the Cox model and the Lasso.

Let «s consist of {yj}jes, and {7v_1j}jes,- On the other hand, 5 consists of
71j}jes, and {-1jhies, -

We need some notation to give explicit expressions of the derivatives of £p(7y).

SOt = = 3 OWHO exp(W] () e3)
i=1

where a® = 1, a®' = a, and a®? = aa'. In addition,
SO(t,v) SA(t,7)
SO, ~) SO(t,~)

Hence we have the following expressions of the derivatives of £y(7y), which
are denoted by £p(7y) and £p(7y) :

Wi(t,7) = and  Vy(t,7) = ~(Wat, )2 (24)

ay, 1 [ — .
=5 2 [ - W =G e
and
P, ! o
= [ Vet = 5 26)

10



Note that ¢ p(7y) and ¢ p(7) are define in the above equations.
In Proposition 1, we prove that 7 is in a restricted parameter space. We define
some more notation to state Proposition 1. Set

D, = Pu(p(v*)) and =7 —~". (27)

We evaluate D, later in Proposition 2. We define 85 and 65 in the same way as s
and 5. Recall that v* = (¥;7,...,~;')" is given in (9). This proposition follows
from only (18).

Proposition 1. If 1 > D,, we have
@ =)@ — £o(¥)) < (A+ Dp)P1(Bs) — (1 - D,)P1(B5)
and
(1= Dy)P1(B5) < (1 + D))P,(8s).

Therefore if D, < £A(£ < 1), we have
— 1 + —
P8 < ToPi(B)

We define a restricted parameter space ©({) by
O(¢) = {6 € R |P1(83) < {P1(0s)}.
For 8 € O((), we have
P1(0) < (1+)P1(6s) and Pi(8s) < s,%10s] < 5,16 (28)

Recall that s is defined just after (7).

To state the compatibility and restrictive eigenvalue conditions, we define
k(£,Z) and RE(Z, X) for an n.n.d.(non-negative definite) matrix X with some mod-
ifications adapted to our setup.

1/2.0T 1/2 T 12
g 0 (0 %0) NGO
(¢, Z) = 06@1(21)?9;60 XCH) and RE({,Z) = 06@1(gf9¢0 o

The latter is more commonly used in the literature of the Lasso. It is known that

K¢, 2) > RE2(Z,2) > Amin(Z)

11



and that if ¥; — X, is n.n.d., we also have
k(£,2)) =2 k(£, %) and RE(Z, X)) = RE(Z,X)).

Some more notation is necessary for Theorem 1. Set

1+§

Cuw = 2k A (AoAD)' 2, RE" = RE(7—. £p(7). (29)

& 5. . SMCW
Top b)) and 7= TR

Note that Cyy is bounded from above. We closely look at RE* and «* in Proposition
3. Let n* be the smaller solution of

foré € (0,1).  (30)

nexp(-n) =1

as in [17]. Note that 7* should tend to 0 as in Remark 3. Actually it does for the
choice of A in Remark 3 due to our assumption on S.

We can deal with Q(; A) in (17) and Qp(7; 4) in Remark 2 in almost the same
way and drive the same results with just conformable changes.

Theorem 1. Assume that Assumptions G and M hold. Then if D, < &4 for some
&€ (0,1), we have

Piv -~ <n"/Cw.
Then we also have

o T T
max [0c; = Geil < CC(LI/Z +L7), e G = Gnill < Cn‘(LI/2 L)
U -2
fgjﬁ;;“@nj Onjlleo < an(|_1/2 +L )

where C¢, Cy,;, and Cp,, depend on Cy, Cg4, and the properties of the B-spline basis
on [0, 1] and they are bounded.

Some remarks are in order.

Remark 3. When p = O(n%) for some Cp, we have D, = Op((n~"' Inn)'/?) and
should take 4 = C(n"!Inn)!/? for some sufficiently large C. As in shown in
Proposition 3, we usually have («*)> ~ L~! with probability tending to 1 in suitable
setups. Then when S is bounded, 7* ~ L(n~!' Inn)'/? and */7* — 1. This leads to

12



the convergence rate of O(n~**(Inn)'/?) for G¢j and Gpj. Our rate improves that of
[5], which is O(n~7/?°(In n)!/2) for their additive model in a similar setup. In their
Theorems 1 and 2, A, > C;n~4d~!(Inn)!/? for some positive constant C,. Their
convergence rate about coefficient estimaion has the order of {(n!/?d)~! Inn}!/2.
Their d corresponds to our L, but it appears in the denominator, not in the numer-
ator. If we take d ~ n'/® for this convergence rate, it reduces to n="/2°(Inn)!/2. Our
rate is optimal except for (In n)!/? for nonparametric regression under Assumption
G when s, is bounded. Our results can deal with ultra high-dimensional cases if
p ~ exp(n®) and ¢, is sufficiently small. See Corollary 1 after Propositions 2 and
3.

Remark 4. Suppose that

1/2

min |gg;l/ (N (Inn)"/%) — co and  min|ign;l/(n~*(nn)"’?) — eo.
JE€Se JESH

Then if we take t, satisfying t,/1 — oo sufficiently slowly for A in Remark 3, §C
and §n in (20) are consistent estimators of S; and S, respectively. The conditions
in this remark require that the relevant coefficients should be large enough. Note
that n=2/5(In n)!/2 except for (Inn)!/? comes from the optimal order of nonparamet-
ric regression under the assumption of the second order differentiability condition.
When p ~ exp(n®r), Inn should be replaced with In p.

Next we evaluate D, in Proposition 2, which is called the deviation condition.
From Assumption M and application of Bernstein’s inequality (for example, see
van der Vaart and Wellner[31]), we have with probability larger than 1 — Py,

1< _
H;Yi(l):m»cv, (31)
where o2
n
Py = S S
v =exp| 21 +2CY/3)}
Since

, 1 (! —
B = =2 > [ W0 - Wity ian 62
i=1

13



we evaluate fop defined in (33) and fop - ¢ o(7") in (35). Note that this fop has no
argument.

st
50p:__2f S(O)(;} Ni(®) (33)
Sy’
:__;f I() (0) )} Ml(t)a

where
sW) = - ZY(t)W®k(t)expg OXit)), k=0,1,2. (34)
i=1
L sl —
bop = bp(7) = fo {Wn(t,v)—sgo)(t)}dN(t). (35)

By combining evaluations of (33) and (35), we obtain Proposition 2. The proof
is postponed to section 6. Recall that Wy (t, v*) is defined in (24).

Proposition 2. Assume that Assumptions G and M hold. Then we have
X(In n)'/?

NG

Pullp(v)) < T35 +

with probability larger than
asx*Inn }
1+ x(n~'LInn)/20

where aj, j = 1,...,4, are positive constants depending only on the assumptions
and they are independent of n.

1 - Py — Lagexp{-a;nL~"} - 2pLexp{ -

Finally we deal with k* and RE*. In Proposition 3, we give their lower bounds.
They are called the compatibility condition and the restricted eigenvalue condi-
tion, respectively.

Proposition 3. Assume that Assumptions G and M hold. Then with probability
larger than 1 — Py — Po — Pg — Pc, we have

k(L Lp(r") = exp(=CxCy)(1 + O(L ™)) (£, E(Z})

1/2
~so(l+ OPLTE + R

14



and

RE(Z, £5(7")) = exp(~CxCy)(1 + O(L™?))RE*(Z, E{Z})

—So(1 +§)2L{%+ X(lil/:_l)_l/z}
where
I= 1GtAtdth—lnYtWt £)}e2
1£YU&>, (0 = 5 2 YO - O,
py(t) = w’ Pp = z(pL)z GXp{ _ C3X2 Inn }’

E{Y (D} 1 + x(Inn)1/2(n-1L)1/2

caX(nlnn)'/2 }

1+ x12(n"Tnn)/4 )
csx2Inn

1 +x(n!ln n)l/Z}'

Ps = 5(pL)?exp{ -

Pc = 2(pL)* exp{ -

Note thatcj, j = 1,...,5, are positive constants depending only on the assump-
tions and they are independent of n.

In Propositions 2 and 3, the lower bounds of the probabilities depend on both p
and n. By taking this p into consideration, we should choose X in the propositions
to make the lower bounds of the probabilities tend to 1. When p = O(n°) and
p ~ (exp(n°)), we should take x = C and x = C 4/In p/ Inn, respectively for a
sufficiently large positive constant C in the propositions. See also the proof of
Corollary 1 at the end of section 6 when p ~ exp(n°).

In the literature, it is often assumed that there is a positive constant C; such

that A,in(E{X}) > C,/L due to (A.1) and (A.2) in Appendix A. Then for some
positive constants C, and Cs, we have

KL Lo(y)) = % +0p(L™") and RE*Z, 0y(v")) = % +0p(L™h

under the assumption of sy = O(L(Inn)~"/?) and p = O(n°).
We give a corollary on unltra-high dimensional cases by employing Proposi-
tions 2 and 3. This corollary is proved at the end of section 6.

Corollary 1. In addition to the assumptions in Theorem 1 and Propositions 2 and

3, we assume that s, < C, and A,,;,(E{Z}) > Cy/L for some positive constants C,
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and Cy. Then if p ~ exp(n®) and n® = o(n**) for some positive constant c,, we
have
5" in Theorem 1 ~ L(n"' In p)!/? = 0

by taking 1 = C(n~! In p)'/? for some sufficiently large positive constant C.

4. Other models

4.1. Varying coefficient models with index variables

When we observe (Z;(t), Xi(t)) and Z;(t) is an influential variable treated as the
index variable, the following model for the compensator is among candidates of
our models for statistical analysis.

dAi(t) = Yi(t) exp{go(Zi(1) + X (Hg(Zi()} (), (36)

where Zi(t) € [0,1], [ go(2)dz = 0, and gj(@) = Gcj + Gnj(2), j = L,..., P, as in
section 2. Then we can proceed in almost the same way with
T T o' T
Wi = (B (Z(1), X; (h® B (Zi(1),
7 = (PYI]O’ 711’ VI]]’ . e ,'}’lp’ PyI]p)T’

p p
Pi(v) = ; lyijl + ; Iv-1jl,  Po(y) = {lfgjégé lyiil V v=1jlh Vv Iv=iols

p
Qi) = Lp(y) + AP1(7),  and Q3 d) = 6p(7) + Aby-rol + 4 Y Iyl

=1

We can define a hierarchical version Q() as in Remark 2.

We can carry out simultaneous variable selection and structure identification
of this model as for time-varying coefficient models and we are able to prove the
same results in almost the same way. Almost no change is necessary to the proofs
of Proposition 1 and Theorem 1. When we consider Propositions 2 and 3, we
should be a little careful in evaluating predictable variation processes and so on.
Then we have to deal with terms like

™' D by 0T Y i), and 07 ) IbyZi©)b(Zi()]
i=1 i=1 i=1

as compared to

Doj(®I,  [bj(1)l, and |bj()bi(D)]
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for time-varying coefficient models. Note that we can use exponential inequalities
for generalized U-statistics as given in Gine et al.[12] instead of Lemma 4.2 in
[17] in the proof of Proposition 3. We give more details in Appendix D.

4.2. Additive models

When we have no specific index variable, the following additive model may
be suitable.

p
dA(t) = Vi exp{ D gi(Xij(t)] (b, (37)
=1
where fol gj(x)dx = 0 and X;;(t) € [0, 1]. These gj(X) can be orthogonally decom-
posed into the linear part and the nonlinear part as well.

We should take by(Xij(t)) = (12L7H)'"2(X;j(t) — 1/2) and use b,(X;j(t)) and
(b3(Xij(1)), . .., bL(Xij(t)))" for the linear part and the nonlinear part, respectively.
We have no b;(Xj(t)) and divide ~_;j into y»j and v_5j = (¥3j,..-,¥1j)"- Then
we can apply the same group Lasso procedure for variable selection and structure
identification with

Wi(t) = (BT (X (1), .... BTXipM))", 721 = (Y-8

p p
Pi(v-1) = ,Z:; ly2jl + JZ:; V22jl, Poo(y-1) = max yail V Iy-ajl,

p
Qi(v-1;4) = Lp(v-1) + AP1(7-1), and  Q(v-1;4) = Lp(y-1) + /12 Iy-1jl-
i1

We can define a hierarchical version Qy(7-;) as in Remark 2.

We have the same theoretical results with just conformable changes. We
should be careful in the proofs of Propositions 2 and 3 as for varying coefficient
models with index variables, too. We have to deal with terms like

' o), 07 G, and 0!y (X ()b (Xim(D)
i=1 i=1 i=1

as compared to

0oj (), b, and  |bj()by(D)]

for time-varying coefficient models. We can use exponential inequalities for gen-
eralized U-statistics as given in Gine et al.[12] instead of Lemma 4.2 in [17] in the
proof of Proposition 3.
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5. Numerical studies

5.1. Simulation study

We carried out a simulation study for the two models in section 4 with the P,
penalty because time-varying coefficient models are rather numerically intractable
to us at present. We used the grpsurv function of the package ‘grpreg’ version
3.0-2 (Breheny[2]) for R in our numerical study and all the covariates are time-
independent. We used R x64 3.3.1.

First we describe the data generating process of the covariates : {X;j }?:1 X j}?:q P
and Z; are mutually independent. Then X;j, j =q+1,...,p, and Z; follow U(0, 1)
independently. We define {X; j}?: , in (38).

XIJ:F(YH)’ JZI,,q, (38)

where {Yij} is a stationary Gaussian AR(1) process with p = 0.3 and F(y) is the
distribution function of Yj;.

Next we gives the details for our varying coefficient model with an index vari-
able Z. We took

HH=05 @ =0@) =1 0@ =42 0@ =47

The other functions are taken to be 0. Hence we have S, = 4 and s, = 2. Note
that X; and X, are relevant for only the constant component and that X5 and X, are
relevant for both the constant component and the non-constant one. All the other
covariates are irrelevant. We imposed no penalty on the coefficient vector for gy(z)
in this simulation study. This does not affect the theoretical results. See the proof
of Proposition 1. The censoring variable C; follows the exponential distribution
with mean= 1/0.85 independently of all the other variables and the censoring rate
is about 20%.
Then we describe the details for our additive model. We took

) =05, gi(¥) = ga(x) =2"2(x = 1/2),
93(X) = 272 cos(2x) + (X = 1/2),  ga(X) = sin(27X).

The other functions are taken to be 0. Hence we have s, = 4 and s, = 2 and note
that X; and X, are relevant for only the linear component and that X5 and X, are
relevant for both the linear component and the nonlinear one. All the other covari-
ates are irrelevant. The censoring variable C; follows the exponential distribution
with mean= 1/0.80 independently of all the other variables and the censoring rate
is about 30%.
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When we carried out simulations, we took n = 300, p = 500, 300, 150, 50,
q = 8. Wetook L = 4 and L = 5 for the varying coefficient model and the additive
model, respectively. We used the quadratic spline basis and the repetition numbers
are 400 for p = 300, 150,50 and 100 for p = 500, respectively. The results are
given in Tables 1 and 2. When [y;jl, [7_ijl, [y2jl, and [y_j| are less than 0.00001,
they are put to 0. We give some figures of estimation errors of our procedure in
Appendix F in the supplement. The Lasso estimator is a kind of biased estimator
for variable selection. Thus our group Lasso estimator didn’t perform very well
in terms of estimation error.

In the tables, FNR, Correct, and FPR, respectively stand for

FNR: The rate of relevant covariates that are not chosen wrongly,
Correct: The rate of correct decisions,
FPR: The rate of irrelevant covariates that are wrongly chosen.

As for the tuning parameter A, there is no theoretically definitive procedure
and there is no result for selection consistency. In this simulation study, we chose
A by minimizing the AIC and the BIC. Our AIC and BIC for varying coefficient
models are defined in (39) and (40).

1 _
AIC = {p(7) + ﬁ{sC + (L - 1)s,}, (39)
. Inn _ -

BIC = £p(%) + E{sc + (L = 1)s,}, (40)
where 7 is defined as in (16), S; is the number of non-zero [y;j|, and S, is the
number of non-zero [7_;jl. Our AIC and BIC for additive models are similarly
defined.

Tables 1 and 2 imply that the AIC minimization works very well. However, the
BIC minimization does not work at all and we present only the tables of the AIC
minimization here. Those of the BIC are given in Appendix F in the supplement.
In Table 2, we sometimes missed the linear components of X; and X4. If we
incorporate the assumption in (21), we will not miss these linear components.

The results for the group SCAD are also given in Appendix F in the supple-
ment. We took only p = 50 since the results for the other cases are unstable and
bad. Probably the minimization of the grpsurv function does not work when we
use it for the SCAD with large p and this may be a kind of general problem due
to the nonconvexity of the SCAD penalty, not that of the specific R package. This
is why various kinds of screening procedures have been proposed to give suitable
initial values or reduce the numbers of covariates for the SCAD implementation.
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Our procedure can be seen as a screening procedure as stated in Remark 1. To
find the true model for large p, we go on to the second step for example, adaptively
weighed group Lasso procedures or the SCAD procedure after our group Lasso
procedure as the first step. Therefore it is very important to reduce the number
of covariates properly. Our procedure based on Q;(; 1) can remove irrelevant
non-constant or nonlinear components as shown, especially in Table 1. Irrelevant
non-constant and nonlinear components will have serious negative effects on the
dimension of Cox models at the second step since these components have larger
dimensions than constant and linear components. Note again that we will not miss
the linear components if we incorporate the assumption in (21) in Table 2.

n =300 X; and X, X3 and X4 Xs to Xq4(q = 8) Xge1 to Xp

p =500 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.020 — 0.000 0.165 — — — —
Correct  0.980 0.995 1.000 0.835 0.940 1.000 0.951 0.998
FPR — 0.005 — — 0.060 0.000 0.049 0.002

p =300 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.012 — 0.000 0.118 — — — —
Correct  0.988 0.992 1.000 0.882 0.932 0.994 0.941 0.997
FPR — 0.008 — — 0.068 0.006 0.059 0.003

p =150 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.002 0.000 0.060 — — — —
Correct  0.998 0.990 1.000 0.940 0.922 0.983 0.917 0.991
FPR — 0.010 — — 0.078 0.017 0.083 0.009
p=50 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.001 0.000 0.028 — — — —
Correct  0.999 0.965 1.000 0.972 0.866 0.952 0.862 0.970
FPR — 0.035 — — 0.134 0.048 0.138 0.030

Table 1: Varying coefficient model with an index variable(AIC)
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n =300 Xy and X5 X3 and X4 X5 to Xq(q = 8) Xq+1 to Xp
p =500 Linear Nonlinear Linear Nonlinear Linear Nonlinear Linear Nonlinear

FNR 0.010 — 0.405 0.075 — — — —
Correct  0.990 0.990 0.595 0.925 1.000 0.998 0.999 0.993
FPR — 0.010 — — 0.000 0.002 0.001 0.007

p =300 Linear Nonlinear Linear Nonlinear Linear Nonlinear Linear Nonlinear
FNR 0.014 — 0.335 0.038 — — — —
Correct  0.986 0.986 0.665 0.962 0.999 0.990 0.999 0.988
FPR — 0.014 — — 0.001 0.010 0.001 0.012

p =150 Linear Nonlinear Linear Nonlinear Linear Nonlinear Linear Nonlinear
FNR 0.011 — 0.232 0.018 — — — —
Correct  0.989 0.966 0.768 0.982 0.996 0.978 0.997 0.975
FPR — 0.034 — — 0.004 0.022 0.003 0.025
p=50 Linear Nonlinear Linear Nonlinear Linear Nonlinear Linear Nonlinear
FNR 0.001 — 0.122 0.004 — — — —
Correct  0.999 0.896 0.878 0.996 0.986 0.907 0.987 0.916
FPR — 0.104 — — 0.014 0.093 0.013 0.084

Table 2: Additive model(AIC)

5.2. Real data analysis

We applied a varying coefficient model to the German Breast Cancer Study
Group 2(GBSG2) dataset. The dataset is available from the package ‘TH.data’
for R. See https://cran.r-project.org/web/packages/TH.data/TH.data.pdf for more
details on the data set.The data set consists of recurrence free survival times in
days of 686 women with censoring indicators and eight covariates of three cat-
egorical covariates from tgrade to menostat and five continuous covariates from
age to estrec. 56.5% of the observations were censored.
tgrade (X, X;) : tumor grade, a ordered factor at levels I < II < III. X, = tgrade2
and X, = tgrade3 are dummy variables for II and III, respectively.
horTh (X3) : hormonal therapy, a factor at two levels no and yes. Xj; is the dummy
variable for yes.
menostat (X4) : menopausal status, a factor at two levels pre (premenopausal) and
post (postmenopausal). X, is the dummy variable for post
age (Z) : age of the patients in years
tsize (Xs) : tumor size (in mm)
pnodes (X¢) : number of positive nodes
progrec (X7) : progesterone receptor (in fmol)
estrec (Xg) : estrogen receptor (in fmol).
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We took age as Z as in [24]. Specifically,

7 - (D(age - mage)

Vage ’
where Myge and Vg are the mean and the variance of age, respectively and ®(X)
is the distribution function of the standard normal distribution. Then our varying
coefficient model has

8
9o(Zi) + Z Xij9;(Zi)
=1
in the exponential function. Note that gy(z) has no constant component and we
always included it in our selection with no penalty. We added (p — 8) artificial co-
variates Xj with gj(z) = 0 for j = 9,..., p. Among the artificial covariates, Xy and
Xio take 0 and 1 and Xy, ..., X4 are continuous and correlated with tsize, pnodes,
progrec,and estrec. The other ones are 1.i.d. normal or uniform random variables.
More details are given in Appendix G in the supplement. We considered two
cases. We took L = 4 and p = 500,300, 150, 50 and used the quadratic spline
basis. We adopted the AIC minimization rule for tuning parameter selection as in
our simulation study. Tables 4, 5, 7, and 8 report [g¢;j| and |[yjl| by the SCAD and
the coxph function of R with no additional artificial covariates. Entires in Z and
menostat suggest that there seems to be serious multicollinearity among dummy
variables.

Standardized case : We just standardized tsize, pnodes, progrec,and estrec by
subtracting the mean and dividing the standard deviation.

The group Lasso selected for p = 150 and 300 the constant components of
horTh, pnodes, progrec and no non-constant component, three components in to-
tal. When p = 50 and 500, it selected only the constant components of pnodes
and progrec, two components in total. The group SCAD didn’t work for p = 150,
300, or 500 even for p = 50 as shown in Table 3. Table 3 shows the numbers of
false positive artificial covariates. Recall we always select go(z) with no penalty
on it.

Because of the consistency of the BIC for small and fixed p, the BIC results
in Tables 4 and 7 suggest that screening procedures should select at least the fol-
lowing components.

Const : horTh, pnodes, progrec

Non-const: menostat

The constant component of tszie and the non-constant component of pnodes are
relatively small for the AIC and disappeared for the BIC in Table 4.
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The group Lasso missed the non-constant component of menostat for every p.
We suspect from the results of Z and menostat in Tables 4 and 5 that that there
is serious multicollinearity among dummy variables, tgrade2, tgrade3, horTh, and
menostat. In addition, the design matrix also suggests the existence of it. See
Appendix G in the supplement.

We think this multicollinearity is the reason that the group Lasso missed the
menostat non-constant component. In order to recover variables such as this
menostat, we should use another sure independence screening procedure simulta-
neously or closely look at the solution path. Aside from this menostat, our group
Lasso procedure selected the necessary components for p = 150 and 300. For
p = 50 and 500, the group Lasso missed horTh, too. Note that this horTh is not in
the BIC result in Table 4, either.

Transformed case : We transformed tsize, pnodes, progrec,and estrec so that they
are distributed on [0, 1]. The details are given in the supplement.

The group Lasso selected for every p the constant components of horTh, pn-
odes, progrec and no non-constant component, three in total. The group SCAD
didn’t work for p = 150, 300, or 500 and it selected constant components of
tgrade2, tgrade3, horTh, pnodes, progrec and the non-constant component of
menostat for p = 50, six in total. Table 6 shows the numbers of false positive
artificial covariates.

Tables 7 and 8 suggest that screening procedures should select at least the con-
stant components of horTh, pnodes, and progrec and the non-constant component
of menostat as well. The group Lasso missed only the non-constant component of
menostat for every p. The same comment for the standardized case applies to this
menostat, too.
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Xg and X10 X11 to X14 X15 to Xp

Const. Non-const. Const. Non-const. Const. Non-const.

Lasso, p = 500 0 0 0 0 0 0
Lasso, p = 300 0 0 0 0 0 4
Lasso, p = 150 0 0 0 0 0 3
Lasso, p =50 0 0 0 0 0 0
SCAD, p =50 0 2 0 1 3 19

Table 3: False positive numbers (AIC, Standardized)

SCAD Z tgrate2 tgrade3 horTh menostat tsize pnodes progrec estrec
AIC Const. — 0.602 0.724 0428  0.000 0.031 0304 0.409 0.000

Non-Const.  1.063  0.228  0.000  0.000 1.761  0.000 0.040  0.000 0.000
BIC Const. — 0.000  0.000 0.000  0.000 0.000 0.304 0.478 0.000

Non-Const. 1.127 0.000  0.000  0.000 1.755  0.000 0.000  0.000 0.000

Table 4: Norms by SCAD (No additional variables, Standardized)

coxph V4 tgrate2 tgrade3 horTh menostat tsize pnodes progrec estrec

Const. — 0.613  0.724  0.437 3311 0.120 0.264 0412 0.158
Non-Const. 6.399 0.273 0354  0.195 6.789  0.055 0.068 0.246 0.177

Table 5: Norms by coxph (No additional variables, Standardized)

24



Xg and XIO X11 to X14 X15 to Xp

Const. Non-const. Const. Non-const. Const. Non-const.

Lasso, p = 500 0 0 0 0 9 0
Lasso, p = 300 0 0 0 0 5 0
Lasso, p = 150 0 0 0 0 1 0
Lasso, p =50 0 0 0 0 0 0
SCAD, p =50 0 1 0 3 0 6

Table 6: False positive numbers (AIC, Transformed)

SCAD Z tgrate2 tgrade3 horTh menostat tsize pnodes progrec estrec
AIC Const. — 0.000  0.000 0.458  0.000 0.000 2.003 1.061  0.000

Non-Const. 1.117 0.000  0.000  0.000 1.680  0.000 0.000 0.000 0.000
BIC Const. — 0.000  0.000 0.458  0.000 0.000 2.003 1.061  0.000

Non-Const. 1.117 0.000  0.000 0.000 1.680  0.000 0.000 0.000 0.000

Table 7: Norms by SCAD (No additional variables, Transformed)

coxph V4 tgrate2 tgrade3 horTh menostat tsize pnodes progrec estrec

Const. — 0.519  0.503 0.462 2368  0.174 1.857 1.000  0.070
Non-Const. 5.007 0.333  0.432  0.202 5225 0.073 0.246  0.389 0.312

Table 8: Norms by coxph (No additional variables, Transformed)

25



6. Proofs

We prove Propositions 1-3, Theorem 1, and Corollary 1. We present the proofs
of technical lemmas in Appendix B.

For a vector a and a matrix A, (a); and (A);jj mean the ith element of a and the
(i, J) element of A, respectively.

Proor or ProprosiTionN 1. Note that

-7 fpﬁ) Lo(v")} (41)
= .0 1,a_<) Zeua 2

jGSn JESH

+Zel,-a—(~y) Zeu—m+ =07 (")}

jeSe jeSe

= E1+E2+E3+E4+E5ZO

Note that Ex,k = 1,...,5, are defined in the above equation. The last inequality
follows from the convexity of £,(y) and we should recall that 0 = e AP

We evaluate Ey, k = 1,..., 5, by exploiting (18). Write Ex = 3 Ey;j.
E, : Notice that 7_;j = 5_1 j- Then we should evaluate

When 7_;j # 0, we have
Eij=-A0_jl. (42)
When 7_;j = 0, we have
Eij=-10_j =0. (43)
From (42) and (43), we obtain
Ei <=1 10,4, (44)
jegn
E, : We should evaluate
ot
E,.=0 .—P (7).
2j —1]67_”(’7)
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We have E;; < ll§_11| because

oty __
| 3 M)l <A
Y-1j

<A ) 10l

JESH

Thus we obtain

E; and E, : In a similar way, we obtain
E; < —/IZ 61 and E4< az 1611.
jeSe JeS:
Es : We have _ _ _
Es < P1(0)D, = (P1(6s) + P1(63)D,.
(44), (45), (46), and (47) yield that

E, +E;y+ E; + Eq + Es < (1+ D)P,(05) — (1 — D,)Py(65).

The first and second inequalities follow from (41) and the above inequality.
third inequality follows from the following expression of the second one.

+D ~
‘P, (85)

2
P.(By) <

Hence the proof of the proposition is complete.
We establish the oracle inequality.
Proor or TaeOREM 1. First we define D(6) by

D(8) = max max |07 Wi(t) — 0T Wj(t).
L] <t<

We need two lemmas.

Lemma 1.
D(@) < CwP,(0)

Lemma 2.

e PO, (v < (v + 0 — ) (Lp(v +0) — Lp(v") < ePD0T ()0
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Now we begin to prove the oracle inequality. If 6 = 0, the desired inequality
holds. Hence we assume 8 # 0 and set

—_

-~ 0
b=——.
P1(6)
We have from Proposition 1 and the definition of P, () that

be @(#) and Py(b) = Py(bs) + Pi(bg) = 1. (48)

When D, < £4, the first inequality of Proposition 1 implies that the following
inequalities hold at X = 0 and x = P{(0).

b {Lp(y" + Xb) - {p(v)} (49)
< (1+8)APi(bs) — (1 - £)APy(bg)
= 2AP,(bs) - A1 = &) < li_f{Pl(Es)}z- (50)
We also used (48) here.

Note that (49) is monotone increasing and continuous in X due to the convexity
of £p(y) and we have (50) on [0, P,(0)]. Let X; be the maximum of X satisfying

LY + Xb) = (7)) < —— (P (bs))? (51)

A
1-¢
for any s € [0, x].

If we find an upper bound of X, say Xy, we have Pl(é\) < Xo. Therefore we
will find an upper bound of X, as in [17].
From Lemmas 1 and 2, we have for 8 = X/l;,

Xb {Zp(7* + Xb) = £p(7")} = X exp{-D(xb)}b" £5(v")b (52)
> x? exp{—CWX}i)\rZ"p('y*)/l;.
The definition of «* and (52) imply that

)2

By +3) - fi7 ) > xexpl-Cuxt ‘PGP, (59

It follows from (51) and (53) that
A50Cw
(1 =&« )

=71 > CyX exp{—CWX}.
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Consequently we have from the definition of * and the above inequality that

*

CuXp <n° and — — 1if7° - 0.
n

We have found that 1*/Cyy is an upper bound of X, and that Pl(@ <7n"/Cw.

As for the the rest of the theorem, the result on Qg is straightforward from
(19). The upper bounds on Gyj(t) follow from (A.1), (A.4), and the following
inequalities.

-1 = 71" BOI < {dmax (A ALY P15 — 421 Bo(H)] - and
|Bo()l < 1

Recall that the properties of our basis are collected in Appendix A.
Hence the proof of the theorem is complete.

Now we prove Proposition 2.

ProoF or ProposiTioN 2. We implicitly carry out our evaluation on {Y(1) > Cy}.
C,,C,,...are generic positive constants and they depend only on the assumptions.
First we deal with (35), which is represented as

f LSS V) SO SPOISTH -5Vt y)
0 SO(t, ~*)S 80)(0 SO(t, v)S 80) (®)

JdN@®. (54

We can rewrite the expression in (54) as

_ L sOmE(ty) -5y )
GH=(1® AO)L [ SO(t, v*)S E)O)(t) -
=)

0 +y _ < (0 *
N Sy (DS, (D) S0 (L")} dN ()
SO, ¥)S5 (1)
= (1 ® Ap)ALy,

where Ai’p is defined in the above equation,

SVt = - 3 YO0 © But) expl W] (),
i=1

510 =1 ) OO @ Bolt) expl Xt g(0).
i=1
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Due to the definition of v*, we have uniformly in t and k(0 < k < p),

ISP - SOty < C L2 Cy <SP0 ASO(t,~), SP(t) v SOt ) < Cs,

U P i
ISy (=S (& Miwsjl < Cal[og;(b)l,

GOl VIG @ 4kl < Cslboi(l

Now we evaluate Af,. Its (KL + j)th element is bounded from above by

1
Col 2 fo Iboj(HIAN(). (56)

for some positive constant Cg. First notice that
1 1
f Do (DIAN(Y) = f Ibo(DIAM() + O(L™) (57)
0 0

uniformly in j. This is bacause

_ _ 1 < .

dN(®) ~ dM(®) = — > Vi) exp(X] (Dg(D) Ao ).
i=1

Then application of an exponential inequality for martingales (Lemma 2.1 in van
de Geer[30]) yields

—1y2
nL X} (58)

1
— X
Pr( g&)ﬁjo‘ Do (t)ldM(t) > [) < LC, exp{ - Cg oy s

We used the properties of the support of the B-spline basis in (57) and (58). Taking
X = 11n (58), we have established

Gy

ALl < E] (59)

with probability larger than 1 — LC; exp{ - 2‘1C8nL‘1}. Recall A¢}, is defined in

(59).
From (55), (59), and (A.3), we obtain

Poo(lop = {p(77) < CioL ™" (60)
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with probability larger than 1 — LC, exp{ - 2‘1anL‘1}. See (33) and (35) about

gop.
Finally we deal with (33) by exploiting the same exponential inequality for
martingales.
For the (KL + j)th element with j = 1, we have
. X(h’ln)]/2 Cnlenn
Pr{{(lopheacil = =—=—) = 2exp | - s ) (61)
For the (KL + j)th element with j > 2, we have
. X(h’ln)l/2 C]zX2 Inn
Pr(|(Zopisjl = =—=—) < 2exp{ -  CEINTIE 1}. (62)
We used the fact that
1
fo bi(HA(t)dt < Caag;Qao; = O(L™) (63)
when we evaluated the predictable variation process.
It follows from (61) and (62), that
Poo(fop) < X(Inn)!/>n~!/2 (64)
with probability larger than
Ci3x*Inn
1-2pLexp| - S - (65)

X(n~'L1Inn)"/2 + 1

Hence the desired result follows from (31), (60), and (64) and the proof of the
proposition is complete.

We give the proof of Proposition 3.

Proor or Prorosition 3. C;,C,, ... are generic positive constants and they depend
only on the assumptions. We use the following lemma, which is a version of
Lemma 4.1(ii) in [17].

Lemma 3.
(21 2 K¢ Z2) = So(1+ Y L max |(Z) - Z2)jid
RE*(£,Z1) = RE(¢,Z2) = So(1 + ('L max |(Z; - E2)j

When %, — %, is n.n.d., we can replace X, — %, in the above inequalities with A
such that A — (£, — Z;) is n.n.d.
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We implicitly carry out our evaluation on {Y(1) > Cy}. First we outline the
proof and then give the details. Recall that Vj(t,~), S(()O)(t), and SO(t,~) are
defined in (24), (34), and (23), respectively.

Define X, by
T = fo 1 Va(t, 7S V(1) 40(t)dt (66)
and set
A=ty -2 = fo 1 Va(t, v)dM(t). (67)

We treat A; by using the exponential inequalities for martingales.
Next define X by

1
T - f Va(t, 7S Ot v Ao tydt
0

and set A, = EO — Y. Since
|VViT(t)'7* - X|T (t)g(t)l < CXcapprox I—_z

and we can use the results on predictable variation process in evaluating A;, we
can easily prove

max (Al < CiL™2, (68)
We omit the details for (68) in this paper.
Define X by
3= f 1 Gy (H)A,(t)dt, (69)
where 0

Gett) = = 3" ViO(Witt) - W (D)
i=1

n~' YL, YiOWi(t)

YL Y
Then by just following the arguments on pp.1161-1162 of [17] with a sufficiently
small M, we obtain

WY (1=

¥ — exp{-CxCg}{1 + O(L?)}Z is n.n.d. (70)
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Finally we recall the definitions of =, Gy (t), and gy (t) in Proposition 3 and set
1

8 =E-F = - [ VO - 01 20t (1)
0

and A, = T — E{Z}. Then we evaluate

max |(A;)l - and - max |(Ay);d.

Now we give the details for A}, Az, and A4.
Ay 1 We denote the (jL + r, KL + m) element of V(t, 7*) by VjiirkL+m(t). Then we
have

(S (1)(t, '7*))jL+r(S (1)(t, Y)kL+m
SOt

and it is easy to see that |Vj_,rk +m(t)| is uniformly bounded in J, k, r, m, and t.
Besides,

VjL+r,kL+m(t) = (S (2)(t, "Y*))jL+r,kL+m - (72)

Lt r=m=1
L-2b (), r=2 m=1

S(z) t7 )i + + < C 73
7Y ) jLerkiim 2 L2 (t), r=1,m>2 (73)
b (DlbmM)], r>2, m>2
and
L7172, r=1
SO, v*))iar <C ’ . 74
(S jLar 3{|br(t)|, (s (74)

By (72)-(74) and some calculation, we evaluate the predictable variation pro-
cess of A and obtain

! _ Cy [ C
[ Wisen(Pd <M > 0 <=2 [ a2 05)
0 0

where < M, M > (t) is the predictable variation process of M(t). We used (63)
here.
Thus we have from the exponential inequality for martingales that

x(Inn)!/2 Cex*Inn
Pl max (Al = o0 6 }

<2ApLy e | - SR T

(76)
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A; : Notice that T — ¥ is n.n.d. Therefore instead of A5, we treat

1 I _
Ny= A f FORT ) — oy (OF 20l
CY 0

1
:CLY 0 [ {W(t) Vit )] byt

We evaluate (A%) = (Cyn?)™' 3 fij, where pay (t) = (uy (1), . .., yp(t))" and
1
fi = [ WO~ YiOROIWi D = YD (DA
0
Note that |fij| < C;L~'. Thus by applying Lemma 4.2 in [17], we obtain

x(In n)1/2
NG

Csx(nlnn)'/?
X2(n~Tlnn)/4 + 1)

Pr( max (A3 )il 2

) < 5(pLY?exp{ - (77)

A4 : Note that

noAl
®e =125 [ YOWAO = i OHW) = Dot and
i=1

1
[ [ YOO = W) = O o] < CoL .
0
Applying Bernstein’s inequality to (), we have

X(In n)'/?
\/nL

C10X2 Inn }
x(n"'Inn)!72 + 17

Pr{|(Aq)iel > ) <2exp|-

Consequently we have

C10X2 Inn }

Pr( II%’E:X|(A4)kr| > x(n—1Inn) 2 ¢+ 1)°

) <2(pLy?exp{ -

x(In n)!/2
i (78)

By combining (67), (68), (70), (71) and (76)-(78) and exploiting Lemma 3,
we obtain the desired results. Hence the proof of the proposition is complete.

Finally we verify Corollary 1.
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Proor orF CoroLrLARY 1. Checking Proposition 3 and P,, Pg, and Pc there, we find
we need x/{n'3(Inn)~"/2} = 0 and n% ~ X Inn to have

(L Lo(y)) = % +0p(L™") and RE*Z, Zy(v")) = % +0p(L™h

for some positive constants C; and C,.
Proposition 2 implies that with probability tending to 1,

. a Inp
Po(fp(77) < LTl/z +C; e

with X = C3(In p/ Inn)!'/? for some positive large constant Cs.
Then we obtain
7" in (30) ~ L(In p/n)'/? = 0

and we have n* ~ t* ~ L(In p/n)!/2.
Hence the proof of the corollary is complete.

7. Concluding remarks

We proposed an orthonormal basis approach for simultaneous variable selec-
tion and structure identification for varying coefficient Cox models. We have de-
rived an oracle inequality for the group Lasso procedure and our method and the-
ory also apply to additive Cox models. These models are among important struc-
tured nonparametric regression models. This orthonormal basis approach can be
used for the adaptive group Lasso and SCAD. Our simulation study implies that
this orthonormal basis approach performs well and that tuning parameter selection
by the AIC minimization also works well.
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Appendix A. Construction and properties of basis functions

We describe how to construct B(t), the properties of B(t), and the approxi-
mations to g(t). Set

1 1
Q) = f By)Bl(tydt and Q= f BB (tydt.
0 0

First we describe how to construct A and B(t). Set
bit)=1/VL and by(t)= VI2L-'(t-1/2)

and define a inner product on the L, function space on [0, 1] by

1
(91,92) = I) g:(t)g,(t)dt.
Then we have
oil* = |lbal* = L' and (b, b,) = 0.

Note that there is some L-dimensional vector aq, satisfying b, (t) = aj, Bo(t).

We can obtain bj, j = 3,...,L, by just applying the Gram-Schmidt orthonor-
malization to (L — 2) elements of By(t) with the normalization of ||bj||* = L',
Since every bj(t) is a linear combination of By(t), we have

B(t) = AyBy(t).

Hence we have

— (1L o' (/L or |\ 1
2= Aoohy ‘( 0o [ B(t)BT(t)dt) ‘( 0 A_lgoAfl) = @AD

It is known that for some positive constants C; and C,, we have

C C
T < Anin(Q0) < Ama() < T (A2)

See Huang et al.[19] for more details.
Thus (A.1) and (A.2) imply that

C3 < /lmin(AOAg) < AmaX(AOAg) < C4 (A3)
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and
Cs < Amin(A-1AL}) < Admax(AAL)) < Co (A4)
for some positive constants Cs, Cy4, Cs, and Cg4. Note that (A.3) implies that
C3 < Amin(A)Ao) < Amax(Ag Ag) < Cy.
On the other hand, the definition of By(t), (A.1), and (A.4) imply that

1
f b;(ydt =0, for j=2,...,L, and sup [bjlle = O(1). (A.5)
0

2<j<L
Besides, we have for vj = (y1j,71, )" € R",
7 B() = 7] ABy(t) and
] BOI < (7] Aoy 7) I Bo(D)] < Cslvjl (A.6)

uniformly on [0, 1] for some positive constant C;. Note that we used (A.3) and
the local property of By(t) to derive (A.6).

Next we consider the approximations to g(t). From Corollary 6.26 in [26] and
Assumption G, there exist Yoj € RL, j=1,...,p, satisfying

Capprox
an, Byl < =505 (A7)

where Cypprox depends on Cy.
In this paper, we use B(t) instead of By(t). Then

T _ 3" T-los _ 3 et
B, (t)’YOj =B (H(A) Yoj = B (t)’)’j

-Fol7)

where 7;, Y1 j» and ¥, j are defined in the above equations.

Noticing
p 1 ~F
Y _,
Z' f gj(t)dt—Ll—l/Jz f _T”B(t)dt'
0

C
o 1/2—* ~~approx
Z 9~ L7l < =50
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we take 'y]f = 0 for §C N En,

’yTJ = L1/2gcj and 7i1] = O for J c SC ﬂgn’
Y= L'2g; and Y =74; forjeS,.
Then from (A.7), we have

C
Z ”gJ B 71”00 < appr0x

and uniformly in |,

I9511> = 196jl* + llgnjll* = 7;TQv; + O(L™)

Iv
T, f BB (hdty’,, + O(L™)
I“yl,l2 P
L.
L +O(L™)
We also have
, P , P L
Geil” = —— and gl = +O(L™).

Appendix B. Proofs of technical lemmas

Proor oF LEmma 1. From the definitions of B(t) and W/(t). we have

0T (Wi(t) — Wi(1) = 07 (I, ® A)(Xi(t) ® By(t) — Xj(t) ® By(t)).

Notice that for 8 = (07 ,...,0))T,
168 Ao Bo(H] < 1A Okl < {dmax(AoA )} 2 16kl.

Here we used that | By(t)| < 1.
Consequently (B.1) and (B.2) yield that

10T (Wit) - Wj(h))|

p
< IXi®) = Xi(0I16f Ao Bo(b)

p
< 2Cx{Amax(AADI > 10 < CwP1(6).
k=1
Hence the proof is complete.
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Proor oF LEmMa 2. This lemma is just a version of Lemma 3.2 in [17]. We can
verify this lemma in the same way by taking

ai(t) = 0T {Wi(t) - Wa(t,y")) and  wi(t) = Yi(t) exply”T Wi(h)
in the proof. The details are omitted. Hence the proof is complete.
Proor or LEmma 3. This is almost proved in [17]. We should just note that
YT @1 = Z2)y) < Iyl max I - Z2)yd < LIP1 () max (2 - E2),
Pi(7) < (1+0Pi(rs),  and  Pi(7s) < 5,1l
When %, — %, is n.n.d., we have

' (1 = Zol < 7" Ay < L{P () max|(A)

Hence the proof is complete.

Appendix C. Derivatives of the B-spline basis

In this section, we examine properties of

1
fo By(t(Byh)Tdt C.1)

and describe why we have adopted the orthogonal decomposition approach while
the other authors have considered the L, norm of the estimated derivatives when
they deal with structure identification for additive models or partially linear addi-
tive models.

We take a function ga(t) on [0, 1] defined by

ga(t) = sin(27At)
for A — oo sufficiently slowly. Then it is easy to see
Igall> ~ 1. llgal? ~ A%, and  |lgall® ~ A*.

On the other hand, we can approximate this ga(t) by By(t)ya accurately enough
and we have

1
YaQova~ 1, |val> ~L, and A, f Bj(t)(Bj(t))" dtya ~ A — co.
0
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This means some eigenvalues of the matrix defined in (C.1) have the order larger
than L'

Hence we cannot follow the proofs given in those papers based on the L, norm
of the estimated derivatives. This is because the eigenvalue property just proved
in this paper violates their assumptions on matrices similar to

1
fo BY(O(B ®)Td.

The above matrix also should have some larger eigenvalues as that in (C.1). Be-
sides, it 1s more difficult to estimate the derivatives of the coefficient functions.
This is why we have adopted the orthogonal decomposition approach. Zhang et
al.[35] is based on the smoothing spline method and it is difficult to apply their
ingenious approach to the loss function other than the L, loss function.

Appendix D. Proofs for other models

We outline necessary changes in the proofs for the former model in section
4 since both models in the section can be treated in almost the same way as the
time-varying coefficient model. Especially, almost no change is necessary to the
proofs of Proposition 1 and Theorem 1.

We assume standard assumptions for varying coefficient models here.

Proof of Proposition 2) The poof consists of (56)-(60) and (61)-(65).

(56)-(60): Note that |by;(t)| is replaced with n=' X', |byi(Zi(t))]. When we evaluate
J i=1 ]
the predicable variation process in (58),

1 1
f Ibo(DPAo(t)dt < C f Ibo (Dbt
0 0

is replaced with

1 n 1 n
fo (" o)} Aoyt < C fo D B@t)Mdt. (D1
i=1 i=1

We can evaluate the second term in (D.1) by using Bernstein’s inequality and

1N 1
Efn”! fo Z;bf)j(zi(t))/lo(t)dt}: fo E{b3;(Zi ()} Ae(tdt = O(L™).
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(61)-(65): When we apply the martingale exponential inequality, (63) is replaced

with o
1
HZ fo bj(Zi(®)Ao(tdt.

We can evaluate this expression by using Bernstein’s inequality and

1 1
i [ bizionmet] < cal; [ BB OB ) Matoitan
=O(L™.

We need some assumptions for E{B(Z,(t))(By(Z,(t)))"} as for &, in Appendix
A.

Proof of Proposition 3) The proof consists of evaluating A, Az, and Ay.
Ay: We should just follow the line of (61)-(65).

Ajz: This is almost a U-statistic and we can also apply the exponential inequality
for U-statistics as (3.5) in [12] to the part of a U-statistic.

Ay4: This is a sum of bounded independent random variables and we can deal with
this by applying Bernstein’s inequality.
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Supplement to “Variable selection and structure identification
for varying coefficient Cox models”

by Toshio Honda and Ryota Yabe

Appendix E. Hierarchical penalty
We give an expression of V;Py(y). Recall that
ViPh(y) = Villyrjl® + oY+ Vil
Set
Vj(|)’1j|q + |’)’—1j|q)]/q = (;U,) )

_IJ
where d;j € Rand d_;; € R~
When |y;j| = 0 and |y_j| = 0,

d]j = €j and d_lj = €_1j,

where |€j| < a and |e_j| < b such that (a, b) satisfies (1 + t9)!/9 > a + bt for any
t > 0. This follows from the definition of subgradient and we note that 0 < a <1
and0<b< 1.

When [y,j| # 0 and |[y_j| = 0,

dij =sign(y;j) and d_;; =0.
When [yj| = 0 and |[y_j| # 0,
dij=0 and d_ij=~.1j/l7-jl- (E.1)

This property is essential to hierarchical selection for g¢j and gyj(t). See [39].
When [y,j| # 0 and |[y_j| # 0,

11 . -
dij = (il + by I8 sign(n by !

and

Y-1j

IY-1jl
We state a version of Proposition 1 for Qu(7; 1). We state this proposition,

Proposition 4, in terms of P (). This is essential in proving the oracle inequality

for Qu(7; ) and they are not any typos. Once this proposition is established,

we can proceed exactly in the same way as for Q;(~; 4) with changes of some
constants.

1_ _
dyj = (Il + byl y
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Proposition 4. If 1 > D,, we have
" - )@ - (v} < 22+ D/)P1(6s) — (1 - Df)Pl(gg)
and
(1 - Dy)P1(B5) < (24 + D,)P,(Bs).

Therefore if D, < €A (£ < 1), we have

— 2+ —
Pi(@) < TEPI(@)
-¢
Proof) Note that
v - 7*)T(|'p(7) ~To(v") (E.2)
= {Z “(9 (’)’)"‘Ze 113
jeSe jeSe
o
il .. P =
o > 91, ( DY 0_1,67_”_(7)}
jESnﬂSc ]ESnﬁSc
2911—(’)’)"‘2 ”(9 }
JESH jeSh
(Ip('Y*)} =B +Ey+E3;+E4 20,
where Ej, j = 1,...,4, are defined in the above equation.
The last inequality follows from the convexity of £,(«y) and we should recall
that @ = 5 — ~*.

We evaluate Ej, j = 1,2,3,4.
E, : Notice that 5j = ;. Then we should evaluate

a¢, oy
Eij :91, (7)+ o )
Y-1j

Wheny;j # 0 and 7_;j # 0, we have

Erj = =617 + 10117 ~ A0 (E3)
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Wheny;j # 0 and 7_;j = 0, we have
Eyj = 6.
Wheny;j = 0 and 7_;j # 0, we have
Eyj = —2116_j.
From (E.3)-(E.5), we obtain

Ev <=2 ) (16l +10-1D.
jeSe

E, : First notice that
- oty
Y-1j=6-1; and |8—(’Y)| <4
Y1j

and we should evaluate

Exy = 1y () + 7 ()
2] — 1Jaylj 7 7_”6'7_1] ’7 .

Wheny;j # 0 and 7_;j # 0, we have
E,. < 10, 019 DTG 9 — A8
2 S Ayl = Ayi? + 10151 H a7 101517 = AU0_yj
< 4611 - 16-1;).
When%,j # 0 and 4_,j = 0, we have
Ezj < /l|0?1j|.
When7y;j = 0and 7., # 0 and wheny;j = 0 and 7_;; = 0, we have
Eaj < Al6y) — 2410y 1.
From (E.7)-(E.9), we obtain

Ex<d D (@il-10-5) <4 > (2061 - 16-).

jeSnnSe j€eSnnSe
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(E.9)

(E.10)



E; : Notice that

—@)I<4 and 'a (Yl <24

O1] Y-1]
Then we have _ .
Es <24 ) (101 + 1015 (E.11)
i€Sn
E4 : We have . N =
E4 < P1(0)D, = (P1(6s) + P1(63)D,. (E.12)

(E.6), (E.10), (E.11), and (E.12) yield that
E, +E, + Es + E4 < 24+ D/)P,(85) — (1 - D))P,(8y).

The first and second inequalities follow from (E.2) and the above inequality. The
third inequality follows from the following expression of the second one.

2/1+Dg
A—Dy

P (53) < P1(65)

Hence the proof of the proposition is complete.
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Appendix F. Additional simulation results

In this appendix, we present the following.
1. BIC minimization results for the simulations in section 5
2. Estimation error results for the simulations in section 5
3. SCAD results for the simulations in section 5
4. Simulation results for another varying coefficient model

BIC results: The results for the group Lasso with the BIC minimization are given
in Tables F.9 and F.10. The group Lasso with the BIC minimization does not work
well because it tends to remove relevant covariates.

n =300 X; and X, X3 and X4 Xs to Xq4(q = 8) Xge1 to Xp

p =500 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.080 — 0.000 0.790 — — — —
Correct  0.920 1.000 1.000 0.210 1.000 1.000 0.996 1.000
FPR — 0.000 — — 0.000 0.000 0.004 0.000

p =300 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.062 — 0.004 0.719 — — — —
Correct  0.938 1.000 0.996 0.281 0.988 1.000 0.994 1.000
FPR 0.000 — — 0.012 0.000 0.006 0.000

p =150 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.058 — 0.001 0.616 — — — —

Correct  0.942 1.000 0.999 0.384 0.986 1.000 0.989 1.000

FPR 0.000 — 0.014 0.000 0.011 0.000
p=50 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.030 — 0.001 0.332 — — — —
Correct  0.970 0.998 0.999 0.668 0.959 0.998 0.961 0.999
FPR — 0.002 — — 0.041 0.002 0.039 0.001

Table F.9: Varying coefficient model with an index variable(BIC)
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n =300 X] and X2 X3 and X4 X5 to Xq(q = 8) Xq+1 to Xp
p =500 Linear Nonlinear Linear Nonlinear Linear Nonlinear Linear Nonlinear

FNR 0.195 — 0.695 0.435 — — —
Correct  0.805 1.000 0.305 0.565 1.000 0.998 1.000 1.000
FPR — 0.000 — — 0.000 0.002 0.000 0.000
FNR 0.134 — 0.631 0.345 — — —
Correct  0.866 0.998 0.369 0.655 1.000 1.000 1.000 0.999
FPR — 0.002 — — 0.000 0.000 0.000 0.001

p =150 Linear Nonlinear Linear Nonlinear Linear Nonlinear Linear Nonlinear
FNR 0.080 — 0.499 0.222 — — —
Correct  0.920 0.995 0.501 0.778 0.999 0.998 0.999 0.997
FPR — 0.005 — — 0.001 0.002 0.001 0.003
p=50 Linear Nonlinear Linear Nonlinear Linear Nonlinear Linear Nonlinear
FNR 0.034 — 0.348 0.105 — — — —
Correct  0.966 0.991 0.652 0.895 0.999 0.991 0.998 0.991
FPR — 0.009 — — 0.001 0.009 0.002 0.009

Table F.10: Additive model(BIC)

Estimation error: We show the estimation errors of the AIC minimum and oracle
estimators in Figure F.1 for the varying coefficient model and Figure F.2 for the
additive model. These figures are the box plots of

p
DI - gjlP
=1

by the AIC minimization group Lasso (AIC) and the oracle estimator (coxph).
Note that we used the coxph function and the knowledge of the true models for
the oracle estimator.

As shown in the figures, the group Lasso may not be a good estimator of
the parameters or functions since they are biased in spite of its nice theoretical
properties. We think we should use the group Lasso as a tool of variable selection
or simultaneous variable selection and structure identification because it showed
very good performances for these purposed in our numerical studies. We should
do some kind of debiasing as in
van de Geer, S., Biihlmann, P., Ritov, Y.A. and Dezeure, R. On asymptotically
optimal confidence regions and tests for high-dimensional models. The Annals of
Statistics 42(2014), pp.1166-1202.

However, it is a topic of future research for more complicated models than linear
models.
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Figure F.1: Estimation error for the varying coefficient model
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Figure F.2: Estimation error for the additive model
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SCAD results: The results for the group SCAD are given in F.11 and F.12. The
models are the same ones as in section 5. We took only p = 50 since the results for
p = 150 and p = 300 are unstable and very bad. Probably the minimization of the
grpsurv function does not work and this is due to the nonconvexity of the SCAD
penalty. That is why various kinds of screening procedures have been proposed to
give suitable initial values or reduce the numbers of covariates.

n =300 Xl and X2 X3 and X4 X5 to Xq(q = 8) Xq+1 to Xp
AIC Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.116 — 0.022 0.118 — —

Correct  0.884 0.778 0.978 0.882 0.979 0.789 0.974 0.827

FPR 0.222 0.021 0.211 0.026 0.173
BIC Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.066 — 0.019 0.230 — —
Correct  0.934 0.991 0.981 0.770 0.988 0.994 0.992 0.996
FPR — 0.009 — — 0.012 0.006 0.008 0.004
Table F.11: Varying coeflicient model with an index variable(SCAD, p = 50)
n =300 X; and X, X3 and X4 Xs to Xq(q = 8) Xge1 t0 Xp
AIC Linear Nonlinear Linear Nonlinear Linear Nonlinear Linear Nonlinear
FNR 0.015 — 0.145 0.002 — — — —
Correct  0.985 0.934 0.855 0.998 0.991 0.922 0.990 0.933
FPR — 0.066 — — 0.009 0.078 0.010 0.067
BIC Linear Nonlinear Linear Nonlinear Linear Nonlinear Linear Nonlinear
FNR 0.040 — 0.264 0.058 — — — —
Correct  0.960 0.986 0.736 0.942 0.998 0.976 0.996 0.978
FPR 0.014 — 0.002 0.024 0.004 0.022

Table F.12: Additive model(SCAD, p = 50)
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Another varying coefficient model: We replaced g;(z) and g4(z) of the varying
coefficient model in section 5 with

05(2) = 3{27? cos(2nz) + (z— 1/2)} and Q4(2) = 3 sin(2x2),

respectively. We didn’t change the other setup including the censoring variable.
Then the censoring rate is about 45%. We presented the results for our group
Lasso procedure with AIC minimization in Table F.13. Both X; and X4 have no
constant component. We have a rather high false discovery rate for the constant
components for X3 and X4. The BIC minimization didn’t perform well for this
model, either and we omitted the BIC results.

n =300 Xy and X, X3 and X4 Xs to Xq(q = 8) Xg1 t0 Xp

p =500 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.090 — — 0.070 — — — —
Correct  0.910 0.990 0.855 0.930 0.958 0.998 0.956 0.997
FPR — 0.010 0.145 — 0.042 0.002 0.044 0.003

p =300 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.054 — — 0.051 — — — —
Correct  0.946 0.984 0.826 0.949 0.948 0.995 0.947 0.994
FPR — 0.016 0.174 — 0.052 0.005 0.053 0.006

p =150 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.038 — — 0.049 — — — —
Correct  0.962 0.974 0.836 0.951 0.935 0.982 0.931 0.988
FPR — 0.026 0.164 — 0.065 0.018 0.069 0.012
p=50 Const. Non-const. Const. Non-const. Const. Non-const. Const. Non-const.
FNR 0.021 — — 0.014 — — — —
Correct  0.979 0.916 0.795 0.986 0.903 0.956 0.890 0.961
FPR — 0.084 0.205 — 0.097 0.044 0.110 0.039

Table F.13: Another varying coefficient model with an index variable(AIC)
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Appendix G. More details on real data analysis

First we give more details on artificial covariates. Let R, j = 1,2,..., inde-
pendently follow the standard normal distribution in the standardized case and the
uniform distribution on [0, 1] in the transformed case, respectively.
X9 and X : They follow the Bernoulli distribution with Pr(X; = 1) = 0.5 inde-
pendently of each other and all the other variables.
Xits..., X4 : We define them by Xjo,j = pX4ij + (1 — p)Rj with p = 0.2 for
j=1,2,3,4.
Xis, ..., Xp : We define them by X;o,j=Rjfor j=5,...,p.

Next we examine the design matrix. We define a matrix D by

D = n"'X}Xp,

where Xp 1s a N X 5 matrix and its first column consists of 1 and the other columns
consist of Xj,...,X,. Its maximum eigenvalue is 2.051 and its minimum one
i1s 0.035. Thus Ayax(D)/Amin(D) = 2.051/0.035 is larger than 58. Even if we
remove X; = tgrad2, the ratio is still more than 11. This also suggests serious
multicollinearity among dummy variables.

Finally we describe the transformation of continuous variables. We examined
the histograms and minimum values of continuous variables and then transformed
them so that they look uniformly distributed on [0, 1]. Specifically,

Xs = PCHI(tsize,df = Msize)

X¢ = PEXP(pnodes, rate = 0.13)

X7 = PEXP(progrec, rate = 1/Mprogrec)
Xgs = PEXP(estrec, rate = 1/Megrec)s

where Mygriavle 1S the mean of the variable, PCHI(x,df = m) is the distribution
function of the chi-squared distribution with d f = m, and PEXP(X, rate = 1/m) is
the distribution function of the exponential distribution with mean= m.

This is the end of the supplement.
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