PENALIZED CONTRAST ESTIMATION OF DENSITY AND
HAZARD RATE WITH CENSORED DATA.
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ABSTRACT. We consider projection estimator methods for the estimation of den-
sity and hazard rate functions based on randomly right-censored data. Two types
of adaptive hazard estimators are considered. The first one is a two-step estimator
defined as the ratio of a penalized contrast estimator of the subdensity and of the
empirical survival function of the data. The second estimator is built by using
another penalized projection contrast. Both estimators are proved to achieve au-
tomatically the standard optimal rate associated with the unknown regularity of
the hazard function, but with some restriction for the "ratio” estimator. In the
examples studied here, the ratio estimator seems to be slightly better than the

direct estimator.
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1. INTRODUCTION

This paper considers a model which is most commonly used in reliability or sur-
vival analysis: more precisely, we are interested in lifetimes (or failure times) of some
individuals in presence of right-censoring. Right-censoring occurs for example when
some of the individuals under study are not observed until the end (death, remission,
recovery); in that case, only a lower bound of their lifetimes is observed, which is
called the censoring time. In the end, the observation consists in the minimum of
the lifetime and the censoring time, and in the knowledge whether the survival time

is censored or not. Two functions are of interest in this context, the density of the
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data which are not censored, called the subdensity function, and the derivative of
the log-survival probability called the hazard rate function. We consider hereafter
some nonparametric and adaptive methods in order to estimate these functions.

Let us first describe the nonparametric methods used in the literature. Different
strategies are possible to build a nonparametric estimator of the hazard rate. One
method is to use the relationship of the hazard rate with the subdensity. Since Blum
and Susarla (1980) kernel estimators of the subdensity and the hazard rate in pres-
ence of right censoring have been studied by many authors: Mielniczuk (1986), Diehl
and Stute (1988), Lo et al. (1989), Uzunogullari and Wang (1992). The bandwidth
selection remains an important problem in this context: indeed, the optimal band-
width depends on the unknown function under estimation. Antoniadis et al. (1999)
consider both subdensity and hazard estimators via some wavelet estimator, but the
optimal wavelet resolution also depends on the unknown function. In the present
work, an adaptive estimator of the subdensity is built. More precisely, a projection
estimator on a finite dimensional space is defined and the dimension of the pro-
jection space is selected by using a data driven penalty function. This estimator
can therefore automatically reach the optimal rate of convergence, in term of its
integrated mean square risk. Then, we point out the possible sub-optimality of the
resulting hazard rate estimator, due to its ratio feature.

Other kinds of non parametric estimators of the hazard rate are constructed by
direct regularization (by convolving with a kernel for instance) of some cumula-
tive hazard estimator as the Nelson-Aalen or the Kaplan-Meier estimators; early
results for such kernel methods can be found in Tanner and Wong (1983), Ramlau-
Hansen (1983) and Yandell (1983). In the same way, Wu and Wells (2003), proposed
a wavelet-type estimator based on the transform of a Nelson-Aalen cumulative haz-
ard estimator. Let us mention also Kooperberg et al. (1995) who study the L2
convergence rate of a hazard rate estimator in a context of tensor product splines.
Only few works deal with adaptive procedures of estimation and can therefore be
compared with the present paper. We can cite Délher and Riischendorf (2002), who
introduce an adaptive sieved maximum likelihood method but the rate of conver-
gence of their estimator involves a logarithmic loss which makes their procedure

slightly suboptimal. Reynaud-Bouret (2002) obtains adaptive results and minimax
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rates for penalized projection estimators of the Aalen multiplicative intensity pro-
cess. She first considers histogram-type projection spaces, which are therefore more
suitable for the estimation of highly non regular functions than for smooth ones. She
also considers Fourier strategies and trigonometric projection spaces, to which we
compare our method. Lastly, Brunel and Comte (2004) consider penalized contrast
estimator using the Kaplan-Meier cumulative hazard estimator and a larger variety
of models. In the present work, we propose, as for the subdensity, a direct projec-
tion estimator of the hazard rate, with automatic selection of the projection space
by contrast penalization. Our estimator is simple to define and easy to compute
(the simulation section illustrates it). Moreover, it is adaptive in the sense that its
risk reaches the optimal rate of convergence without any prior information on the
unknown function h. Note that the lower bounds for minimax rates in hazard esti-
mation have been recently proved in Huber and Mac Gibbon (2004). Note also that
our estimator may be related to the one studied in Patil (1997), who considers how-
ever uncensored data and does not prove any adaptive results. One original feature
of our estimator comes from its definition without any resort to the Nelson-Aalen
or Kaplan-Meier cumulative hazard rate as it is commonly done in the methods
described above.

The method used in this work follows the mainstream of model selection meth-
ods introduced and developed in different frameworks by Barron and Cover (1991),
Birgé and Massart (1997) and Barron et al. (1999). Most proofs rely on the pow-
erful Talagrand’s (1996) inequality for empirical centered processes. Some more
technical properties, proved in a regression framework by Baraud et al. (2001) and
Baraud (2002), are also used.

The outline of the paper is as follows. After the description in Section 2 of
the lifetimes model and some preliminaries on the projection spaces, we present in
Section 3 the study of the estimator of the subdensity of the failure times based on
a projection contrast function. Both convergence and adaptation results are given.
This estimator is then used to estimate the hazard rate. Section 4 describes a direct
adaptive procedure to estimate the hazard rate based on another projection contrast.
Note that we consider here the case of both regular and non regular partitions of

the set of estimation. Section 5 provides some examples and simulation results,
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together with comparisons with other estimators. Most proofs and technical lemmas

are deferred to Section 6.

2. NOTATION AND ASSUMPTIONS

2.1. Model set-up. We consider nonnegative i.i.d. random variables X?, for i =
1,...,n (lifetimes for the n subjects under study) with common continuous distri-
bution function F°, and C4,...,C, i.i.d. nonnegative random variables (“censoring
sequence”) with common distribution function G, both sequences being indepen-
dent. One classical problem when processing with lifetime data is the estimation of

the hazard rate function or failure rate function h defined, if F° has density f° by

d fo(x) 0
h(z) = @H(x) = Fo(z) for F*(z) < 1.
where H = — log(F?) is the cumulative hazard rate and F° = 1 — F? is the survival

function. In the setting of survival analysis data with random right censorship, the

bivariate sample (X1,d1), ..., (X,,d,) is observed, where
Xi = X? N Ci, 51 - I{X?SC«L}'

In other words, ¢; = 1 indicates that the i-th subject’s survival time is uncensored.
We denote by f and F' the common density and distribution function of the X;’s.
Note that FF = 1—F = (1—F°)(1—G). Moreover, we define the subdensity function

1, the density of the uncensored data, as
d(x) = f2)(1 - G(x)).

Consequently, the hazard rate function can also be expressed as

)
1— F(x)

Since the hazard rate function is not square integrable in general, estimates will

h(x) , for F(z) < 1.

only be computed over a bounded interval [0, a| where a < 7p = sup{x : F(z) < 1}.
As mentioned in Antoniadis et al. (1999), it can be easily shown that X,y — 75
almost surely as n — oo where X, is the n-th order statistic. So, this does
not imply any practical restriction since, for estimation purpose, we can choose
the bound a greater than the largest of the uncensored X;’s (see also Dolher and
Riischendorf (2002)). Without loss of generality, we set @ = 1 in all the following
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(except in Section 5). Notice that this restriction is not necessary for the estimation
of the subdensity itself and estimates can be constructed on the whole real line, but
this would require another context and different assumptions. In our setting, the

following condition is always satisfied
(2.1) dep >0, Ve €0,1], cp <1—F(x) <1,
by taking cp = infyepq)(1 — F(z)) =1 - F(1).

2.2. Description of the spaces of approximation. In this section, the spaces
(Sm)menm, considered in the sequel are described and their key properties are pointed

out. The spaces will satisfy the following assumption:

(H1) (Sm)menm, is a collection of finite-dimensional linear sub-spaces of L.([0, 1]),

with dimension dim(S,,) = D,, such that D,, <n, ¥Ym € M,, and satisfying:
(2.2) APy > 0,Vm € M,,,Vt € Sy, [[t]|oo < Pov/ Dinl|t]|-

where ||| = [ t*(z)dz, for ¢ in L*([0,1]).
An orthonormal basis of S, is denoted by (¢x)rea,, where |A,,| = D,,. It fol-
lows from Birgé and Massart (1997) that Property (2.2) in the context of (H;) is

equivalent to

(2.3) 300 > 0,1 Y @3llec < PGDm.

AEA
Moreover, for the results concerning the adaptive estimators, we need the following

additional assumption:

(H2) (Sim)men, is a collection of nested models, we denote by S,, the space be-

longing to the collection, such that Vm € M,,,S,, C S,,. We denote by N,
the dimension of S,;: dim(S,) = N,, (Ym € M,,, D,, < N,,).

We consider more precisely the following examples:

[T] Trigonometric spaces: Sy, is generated by { 1, v/2cos(2mjz), v/2sin(2mjz) for

j=1,....m} Dy =2m+1and M, ={1,...,[n/2] — 1}.

[P] Regular piecewise polynomial spaces: Sy, is generated by m(r + 1) polynomials,

r + 1 polynomials of degree 0,1, ..., on each subinterval [(j — 1)/m, j/m], for j =

L,...m, Dy, = (r+1)m,m e M,, = {1,2,...,[n/(r+1)]}. For example, consider the

orthogonal collection in L?([—1,1]) of Legendre polynomials Qj, where the degree
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of Qr is equal to k, |Qr(x)] < 1,Vx € [-1,1], Qx(1) = 1 and f_ll Qi(u)du =
2/(2k+1). Then the orthonormal basis is given by ;4 (z) = /m(2k + 1)Qx(2mx —
25 + DIj—1y/mjmi(x) for j = 1,....m and k = 0,...,r, with D,, = (r + 1)m.
In particular, the histogram basis corresponds to r = 0 and is simply defined by
¢j(x) =+/Dmn Ii;-1)/Dp.j/ D) (x) and Dy, = m. We call dyadic collection of piecewise
polynomials, and denote by [DP], the collection corresponding to dyadic subdivisions
with m =29 and D,,, = (r + 1) 29.

[W| Dyadic wavelet generated spaces with regularity r and compact support, as
described e.g. in Donoho and Johnstone (1994): S,, is generated by {¢;, x, ¥jk; k €
Z,m > j > jo} for any fixed resolution jo and with ¢;, x(z) = V290 ¢(200 1 — k) and
in(x) = V2 (27 x — k) where ¢ and 1 denote respectively the scaling function
and the mother wavelet on [0, 1] and are elements of the Hélder space C" ,7 > 0. In
this case, the multi-resolution analysis is said to be r regular. Moreover, the wavelet
¥ has vanishing moments up to order r (see for example Daubechies, (1992)). Since
¢ and 1) are compactly supported on [0, 1], for any fixed j the sum over k is finite

in the wavelet series, more precisely for a function ¢t € .S,,,

270 —1 m 271
Ha) = Y @ik Gjon(®) + D Y binthin(2).
k=0 7j=jo0 k=0

Therefore, the generating basis is of cardinality D,, = 2™ and m € M, =

{1,2,...,[In(n)/2] — 1}.

All those spaces satisfy (H;), with for instance ®; = v/2 for collection [T] and
®y = /2r + 1 for collection [P]. Moreover, [T], [DP] and [W] satisfy (Hs).

3. ANALYSIS OF THE SUBDENSITY AND OF THE RESULTING HAZARD RATE
ESTIMATORS

3.1. Definition of the estimator of the subdensity. Consider the following

contrast function

2 n
(3.1) () = [|¢]* = - Z Iixi<1y0it(X5)
i—1
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where t is a function of L?([0, 1]), ||¢]|* = fo t2(x)dx. Let then i, = arg minyes,, 74 (t).
An explicit expression of the estimator follows from this definition by using the or-

thonormal basis (¢y)rea,, of S, described in (H;):

. R o 1 —
(32) wm = Z axPx with ay) — E Z I{XZSI}(SZQO)\(XZ>

AEA, =1

We define also v, as the orthogonal projection of ¥ on 5,,. We can write

(3.3) Um = Z axey with ay :/0 ox(2)(z)dz.

AEAM

3.2. Convergence results and adaptation.

3.2.1. Optimal rate of the estimator of the subdensity. The rate of z@m is quite easy
to derive. Indeed, it follows from Pythagoras theorem, (3.2) and (3.3) that

1 = dul® = 1 = ull® + [m = dmll* = 16 = 9l + D (= @n)?

AeAm
= |l —¢nl*+ Z ( ZI{X <130ipA(X / Y(x)px(x )
AEA, i=1
Therefore
R 1 <&
E(|¢ = ¢ml®) = Nl —¢ml®+ Z Var (5 Z 1{&51}&%(&))
AeAm, =1
1
= 1o — ¢ml® + - > Var (Tix,<iydipa(X1))
AEAM,
1
< v —vnl® + EE (AGZA @i(Xl)) I{X1§1}51] :

Then by using (2.3), we obtain the following Proposition:

Proposition 3.1. Let b, = argminges,, v¥(t) where v¥(t) is defined by (3.1) and

Sm 18 a Dy,-dimensional linear space in a collection satisfying (Hy). Then

R 2 1
(3.4 Bl = dnl?) < 16 = vl + 2222 [ (o)
0
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Inequality (3.4) gives the asymptotic rate for an estimator if we consider that
belongs to a Besov space.
Let us recall that the Besov space B, oo ([0, 1]) is defined by:

B poo([0,1]) = {f € Lp([0,1]), |flap = il;g)t_awr(f, t)p < too}

where r = [a] + 1 ([.] denotes the integer part), and w,(f,t), is called the r-th

modulus of smoothness of a function f € L,(A) and is equal to:

wr(fit)p = sup. IALCF Mp([0,1=rR)), ¢ > 0,A5(f,2) = (T) (—=1)"* f(x+kh).

o \F
Note that |f|,, is a semi-norm with usual associated norm || fllap = IIfllp + |/l
1, = (f ]f\p(w)dx)l/p. For details, we refer to DeVore and Lorentz (1993, p.54-
57). The inclusion Ba poo([0,1]) C Ba2,o([0,1]) for p > 2 justifies that we now
restrict our attention to spaces B, 2,00([0, 1]), i.e. to square integrable functions with
smoothness order a. Heuristically, a function in B, ([0, 1]) can be seen as square
integrable and [a]-times differentiable with derivative of order [a] having a Lipschitz

property of order @ — [a]. Then the following (standard) rate is obtained:

Corollary 3.1. Let 1, = arg mines, 7% (t) where v¥(t) is defined by (3.1) and Sy,
is a Dy,-dimensional linear space in collection [T], [P], or [W]. Assume moreover
that ¢ belongs to Ba, 2,00(]0,1]) with r > ay > 0 and choose a model with m = m,
such that D,, = O(n*/e+1) then

(3.5) B — s |F) = O (n) |

Remark 3.1. The bound r on «, stands for the regularity of the basis functions
for collections [P] and [W]. For the trigonometric collection [T], no upper bound for

the regularity a, is required.

Proof. The result is a straightforward consequence of the results of DeVore and
Lorentz (1993) and of Lemma 12 of Barron, Birgé and Massart (1999). They imply
that, if 1 € Ba, 2,00([0, 1]) for some ay, > 0, then [[¢) — ¢y, | is of order Dy,,™" in the
three collections [T], [P] and [W]. Thus the minimum order in (3.4) is reached for a
model S,,, with D,,, = O([n*/0+2%)]) which is less than n for a,, > 0. Then, we

find the standard nonparametric rate of convergence n~2¢w/(1+2ew) UJ
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3.2.2. Adaptive estimator of the subdensity. The penalized estimator is defined in
order to ensure an automatic choice of the dimension. Indeed, it follows from Corol-
lary 3.1 that the optimal dimension depends on the unknown regularity a,, of the
function to be estimated in the asymptotic setting, and more generally on the un-

known constants involved in the squared-bias/variance terms. Then we define
(3.6) i = arg min [7(¢n) + pen”(m))
meMy

where the penalty function pen¥ is determined in order to lead to the choice of a

“good” model. We easily derive the following result:

Theorem 3.1. Let S, be a D,,-dimensional linear space in a collection satisfying

(H1) and (Hy). Consider the estimator Uy, with i defined by (3.6) with
1
Dy,
pen?(m) = k3 (/ w(x)dx) -
0

where Kk is a universal constant (k > 4 suits). Then U satisfies
. _ C
(3.7) E([ih — ¢°) < €1 inf ([¢ = ¥l + pen®(m)) + ==,

where Cy 1s a constant depending on k only and Cs is a constant depending on P
and on fol (x)de.

Therefore, the adaptive estimator automatically makes the squared-bias/variance
compromise and from an asymptotic point of view, reaches the optimal rate, pro-
vided that the constant in the penalty is known. In practice, the constant in the
penalty, denoted above by k, is found by simulation experiments (see Section 5).

Note that Inequality (3.7) is nevertheless non-asymptotic.

3.2.3. Random penalization of the subdensity estimator. The penalty given in The-
orem 3.1 can not be used in practice since it depends on the unknown quantity
fol Y(x)dz. A solution is to use that fol Y(x)dx < 1; it follows that Inequality (3.7)
would hold for a penalty defined by pen¥(m) = xk®2D,,/n. This possibly results
in overestimation of the penalty, in a way depending on the unknown function .
The alternative solution is to replace the unknown quantity by an estimator (rather
than a bound), and to prove that the estimator of ¢ built with this random penalty
retains the adaptation property of the theoretical estimator. This is described in

the following theorem:
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Theorem 3.2. Assume that the assumptions of Theorem 3.1 are satisfied. Consider
the estimator Uy, with m defined by 1 = arg mingea, [v2 () + pen’ (m)] and
1 < D
pen”(m) = k®2 | =) Iixenlpyy | —
pen”(m) = r®; (n Z:; {xi<1} {&-1}) -
where k is a unwersal constant (k > 8 suits). Then U satisfies

b

1
(3.8) E(qu)m . 77bHZ) < i% K, |:||w _ ¢m|l2 + (I)g (/ ¢<I>dl’) %} + ﬁ
meMy 0

n n

where Ky is a universal constant (depending on k) and Ky depends on ¢, ®y.

We can derive from Inequality (3.8) in Theorem 3.2 some adaptation result to

unknown smoothness:

Proposition 3.2. Consider the collection of models [T], [DP] or [W], with r >
ay > 0. Assume that an estimator 1; of ¥ satisfies inequality (3.8) in Theorem 3.2
(respectively inequality (3.7) in Theorem 3.1). Let L > 0. Then

1

2 a

(3.9) ( sup EW—JJIF) SC(%?L)H_Q‘“T%
YeB

oy, ,2,00 (L)

where Bo, 200(L) = {t € Bay200([0,1]), [t|a,2 < L} where C(ay, L) is a constant
depending on vy, L and also on 1, Py.

3.3. Application to the estimation of the hazard rate. An estimator of the

hazard rate h is deduced from @m by setting

U
3.10 hy = —2"_ with B (z) = Ly o,
(3.10) vE1Cp M (x) n+1z (Xi<a}

=1

Then by using the decomposition

7 77[}7% — 1 1
3.11 oy — h = L L
&1 Y (1—Fn YOTE TR
we find (see Section 6) the bound:
7 2t » Clcp,
(3.12) Ellhy — P < 2 Bl — v+ SD
F

where C(cp, |[1]]) is a constant depending on c¢p (defined in (2.1)) and ||¢||. From
Inequality (3.12), we deduce by using results (3.7) or (3.8) that h, is an adaptive
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estimator of h if the functions h and ¢ have the same regularity a@ = «a; = ay, or
if the distribution function G of the censoring time is smoother than the hazard
rate h (or the density fY). An analogous result is found (without adaptation) in
Antoniadis et al. (1999). Here the following Proposition holds:

Proposition 3.3. Consider the collection of models [T], [DP] or [W], with r > «;, =
ay > 0 and the estimator hy defined by (3.10). Let L > 0. Then

2

(3.13) sup  E|h—hyl?| < Clan, L)n mn
h€Ba,, 2,00 (L)
where By, 2.00(L) = {t € Ba,2.00([0,1]), [t|lay2 < L} where Cay, L) is a constant

depending on oy, L and also on ¢, ®y and cp.

The rate in Proposition 3.3 is known from Huber and Mac Gibbon (2004) to be
optimal in the minimax sense. But it must be pointed out also that if the index
of regularity of h, oy, is greater than the index of regularity of 1, a, then the
asymptotic rate of the estimator iw is given by n~®/(0+22%) instead of the optimal
one n~or/(1+2a) = Clearly, the procedure is very simple and it is shown in Section
5 that the estimate of ¢ behaves well, but it is not completely satisfactory as an
estimator of h, even if none of the indexes are required to be known for implementing
the procedure. This is due to the fact that the reference bias term here is ||¢) — ¢, ||
instead of ||h— h,,||. This is the reason why another contrast may be chosen in order

to estimate h.

4. STUDY OF THE DIRECT ESTIMATOR OF THE HAZARD RATE

In this section, we define the estimator of h and its adaptive version. The global
line of the study is the same as for estimating 1, even if some additional difficulties

appear.

4.1. Definition of the estimator of the hazard rate. A direct estimator of the
hazard rate can be obtained by considering the following contrast function:
3;t(X5)

2n
4.1 M =1t ==Y Ix<y———
(4.1) Tn () = [|2]] n;{xﬂ}l_Fn(Xi)
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where F,(z) = (1/(n+1)) 31, Tix,<.}. An estimator of h can be defined by

~

4.2 = in v (t).
(4.2) hn = arg min 7, (t)

Then h,, can be expressed as

7 N . . IS 0ipA(X;)
(43) hm = ax®x with Ay = — | X<y = .-
2 0 2 TR

If h,, denotes the orthogonal projection of h on S,,, we find that

1
J Z axpy with ay :/ h(z)px(x)dx.
AEAM 0
4.2. Study of the quadratic risk of the hazard rate estimator hm. The rate
of convergence of h., derived by considering the following decomposition of the

contrast:
(4.4)  AE)—n(s) = lt=hl>—lls = hl> = 20,(t — s) = 2 Ru(t — s),

with the centered empirical process defined by

(4.5) v (t) = 1 Z (I{X,.g}% - /0 t(x)h(a:)daj)

n <
=1

and the residual term

Rult) = 5 2 onsty o R (X))

This leads to the following result:

Proposition 4.1. Consider the estimator h., given by (4.2) or (4.3) where Sy, is a
D,,-dimensional linear space in a collection satisfying (H1). Then
. D b h(z) 1
4.6 E(||hm — hl|?) < 7||hm — b|]* + K®Z—= /—d —
46) Bl A% < Tl a2+ K030 ([ My

where K is a numerical constant.

Equation (4.6) gives the usual terms of the squared-bias / variance term de-

2ap+1

composition, up to the constants and therefore, the usual rate n =2/ ) when

h € Ba, 2.50([0, 1]) for a choice of D,, of order n'/(en+1),
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Proof of Proposition 4.1. By taking t = hm and s = h,, in (4.4), it follows from
V() < 7l (him) that:

(47) ||iLm - h||2 S ||hm - h”2 + QV;L(iLm - hm) + 2Rn(iLm - hm)

For the centered empirical process, the standard bound follows:

. 1 .
2E(|v, (M — hn)]) - < —E(Ilhm—hm\|2)+8E< sup (Vé(f)f)
8 €S, lltll=1
1 1 D,, [t k(=)
4.8 < —E(|[|hm — R)*) + = || — A 8@2—’”/ .
(1) <GBl AP) 4 = AP 883 [ s
For the residual term R,,, consider the set
(4.9) Q. = {w,Vz € [0,1], F(z) — Ey () > —cp/2}

where ¢p is defined by (2.1), on which 1 — F,(z) = 1 — F(z) 4+ F(z) — F,(2) > ¢p/2.

~

Note that 1 — F,,(z) > 1/(n + 1) otherwise. Therefore:

4®g\/D,r s R
C2 E(Hhm_hm”HFn_FHOO)
F

OE(| Ry (M — ho)|Ig,,) <

2

1 s ®2D,, .
< Bl = hl?) + 32=5E(| Fu = FII%)
F

1 . 1 D,,
(4.10) < ZIE(Hhm — h|*) + ZHhm —h|* + 32@3@4017,

where (' is defined in Lemma 6.1. On the other hand, on the complement of (2.,.,

- 2(1)0(72,4— 1) Dm ~ N
OB R — B Te, ) < DR — Pl = Pl e
1 . ®2D,,(n + 1)? .
< LB by + 272020 g 5 e
8 Cy
]‘ 7 2 1 2 8 12 —GDm
(4.11) < LB (b B B+ 20RO 2

where Cj is defined in Lemma 6.1. By gathering (4.8), (4.10) and (4.11) together in
(4.7), the result follows. O

4.3. Adaptation with theoretical and random penalization. As in the case
of the study of ¢, the decomposition (4.6) shows that h., can reach the minimax

usual rate if the dimension D,, is relevantly chosen as a function of n and of the
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unknown smoothness of the function h. Therefore, here again, we need to build an

adaptive estimator and the model selection procedure is:

A . hr1 h
(4.12) i = arg min (%(hm) + pen (m)) :

me

Then by using decomposition (4.7) again, the following theorem can be proved:

Theorem 4.1. Assume that sup,ep f(x) < f1 and the S,,’s are D,,-dimensional
linear spaces in collections [T], [DP] or [W] with |M,,| < n and N,, < n/(16f1K,)
for [DP] and [W] and N,, < v/n/(4\/f1) for [T], where K, is a constant depending
on the basis only. Then the estimator hy, with i defined by (4.12) and

it ] 2550) 2

where Kk is a universal constant (k > 16 suits) satisfies

419 (A< g (Tl bl + Spent(m)) + CYICT

where C' is a constant depending on fi, ®o, cp = infyep (1 — F(2)).

As for 9, the penalty given in Theorem 4.1 can not be used in practice since it
depends on the unknown quantity fo x)/(1 — F(x))dz. Therefore we replace this
quantity by an estimator. We can then prove that the estimator of A built with this
random penalty retains the adaptation property of the theoretical estimator. The
idea is that fo )/(1 — F(z))dz is the second order moment of the independent
random variables I{gi:L x,<13/(1 = F(X;)) and therefore can be estimated by

n

I{X <139 - R
(4.14) = — Z Z))Q’ Fn(m) = n+1 Zl I{Xiﬁx}‘

The following result holds:

Corollary 4.1. Under the assumptions of Theorem 4.1 but with pen”(m) replaced

by
D,
—h
— ®25, 2"
pen’(m) = KPSy "
where 89 is defined by (4.14) and Kk is a universal constant (k > 16 suits), the
estimator hy, satisfies (4.13).
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Then the result given for the “ratio” estimator B¢ in Proposition 3.3 holds for
h = iLm defined in Theorem 4.1 without the restrictive condition oy, = a;. Therefore
this second estimator can automatically reach the optimal minimax rate in all cases.
However, note that the condition ay, > 0 for [DP] and [W] becomes a;, > 1/2 for
collection [T] since in that case, it follows from Theorem 4.1 that N,, < O(y/n).

4.4. Adaptive estimation of the hazard rate with a general collection of
models. Non regular models are of great interest to capture some variability in
the regularity of the function to be estimated and are in particular applied for
the detection of ruptures. Moreover, it is likely to be well suited for hazard rate
estimation because of the frequent scarsity of the observations at the end of the time
interval. Extension of the results to such a framework is possible under some mild
restrictions. Some adaptation results are proved by Reynaud-Bouret (2002) for non
regular histograms provided that knots are chosen in a set of cardinality less than
n/In*(n). We can prove here a similar result, with a similar constraint, with the
additional advantage that we consider a more general collection than histograms,
namely piecewise polynomials. Let K,, = N, /(r 4+ 1) where N,, is the dimension of
the largest space of the collection. We consider the set of knots I' = {¢/K,,, ¢ =
1,..., K, — 1}. A general piecewise polynomial model, non necessarily regular, is

then defined by the maximal degree r of the polynomials and a set of knots

{a'O = O7a17"'7a€7af+1 = 1}

where {aq,...a,} is any subset of T" : its dimension is D,, = (¢ 4+ 1) (r + 1). This

means that with a non regular collection, for any fixed dimension D,,, there is

K, —
( p associated models corresponding to the possible choices of the subset

{ai,...a;} with £ =1,... K, — 1. Therefore, the cardinality of the set M,, of all

possible m is:

Kp—1
4 K,—1 1
=251 ] = —exp(K,In(2)) — 1.
(=1 ¢ 2

Since K, is of order n, it is exponentially great. In any case, it is much greater than

the order O(n) obtained in the regular case, when only one model per dimension is
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considered. The ¢)’s for A = (a;, aj41; k) € A, are given by

2k+1 2 ; -
LRSI ( - > T, 1 o((a)
aj — a1 a; — aj—1 aj — a1

for k=0,1,...,rand 7 =0,...,¢+ 1, where ; denotes the kth Legendre polyno-

mial. We call [GP] this general collection of piecewise polynomials.
Note that the key property (2.2) no longer holds for this collection. We can never-

theless prove the following result:

Theorem 4.2. Let S,, be a D,,-dimensional linear space in the general collection
of piecewise polynomials [GP] with N, < Kn/In(n) for a given constant K. Then
the estimator hy, with M defined by (4.12) and

h(z) \ Dm(1+In(n))
() ™

(4.15) pen(m) = Kk sup
z€(0,1]

where k is a uniwersal constant satisfies
. K
(4.16) E(||hs — h||* < inf (3||h — hpl]? + 4pen(m)) + —,
meMy n
where K is a constant depending on h, F' and r.

Note first that the additional In(n) factor in the penalty implies a In(n) factor loss
in the resulting asymptotic rates which become of order O((n/In(n))=2er/(an+1))
in the best case. This is the price to pay for considering such a huge collection of
models. Secondly, the unknown term in the penalty is now sup,¢(o 1 (h(z)/(1—F(z))
and must be replaced by an estimator as in the previous subsection. For instance
choose sup,¢(g 1] [hn(2)/(1 — F,(x))] where h, is a given estimator of h on a well
chosen regular space of piecewise polynomials and F;, is the empirical distribution
of the data as defined above.

5. SIMULATIONS AND EXAMPLES

5.1. Examples. For simulated observations in [0,a] (where a is the maximum of
the observed X;’s), we compute one estimator of ¢ and two estimators of h. For the
sake of simplicity, we use here the trigonometric basis and this yields:

D-1)/2]

R [D/2] [(
N ay 2 ) 2rkx 2 ) . (27kx
Yp(x) = NG + \/; g_l Qo) COS ( - ) + \/; ;;_1 Aok 1 SN ( -
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with
1 < 2k X; 2km X;
a1 =—= ) 0;,a dic a ;8
= g D= fz os (275 ) e fz n (P70,
Then we select ﬁw such that the penalized contrast, equal to — Z] 1G5 a2 + Ky S, YD /n
is minimal. Here 8§ = 327, 8;/n and #y is a well chosen constant. Given wa W,

the estimator of h is defined as hy = 1/(1 — F) (cf. (3.10)) where we took F(z) =
(1/(n+5)) > Iix,<sy. The other estimator is computed as

~ [D/2] [(D-1)/2]
- b 2rkx . [ 2mkx
hp(x) = \/—15 + \/7 E bgk cos ( ) \/7 2k+1 sin ( ” )

with

~ 1 5(2-) - (5(Z (2/{Z7TX(Z-) )
b, = — ,bop = cos| ——— |,
nﬁiz:;l_F(X(i)) i ”\/_21— F(X(@) a

R \/§ n 0 . 2k X ;
o1 = Z A() sm ( ()) )
n\/ﬁ i=1 1 - F(X(i)) a

where we took F(X(Z-)) = max(1.5,min(1/(1 —i/(n + 5)),+/n). Here X(; is the
i-th order statistic for the sample (X7, ..., X,,) and d; is the induced order statistic

corresponding to X ;). Note that all denominators 1—i/(n+1) have been replaced by
1 —i/(n+logy(n)) for numerical reason. Then we select D, such that the penalized
0% + kpdyD/n is minimal. Here 8, = (1/n) Y20, 8/ (1 —

=173
i/(n +logy(n)))? and ky, is a well chosen constant. Then h = hp is the other

contrast, equal to — Z

estimator of h.

Here the penalty is calibrated with xy, = x; = 0.5 and following the findings of
Birgé and Rozenholc (2002) for density estimation, we replace the term D/n in
both penalties by (D + In(D)*?)/n. Moreover, we removed the four (for n = 200)
or five (for n = 500) largest values of the sample before computing the estimators
and took Fi(z) = (1/(n + logy(n))) 320, I;x,<s} to avoid some instability problems
due to the divisions.

For simulating the data, we consider two cases:

(a) The first set of simulations is called in the following the “Gamma case”. The
X?’s are generated from a Gamma distribution with shape parameter 5 and scale 1

and the independent C;’s from an exponential distribution with mean 6.
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(b) The second set is called “the bimodal case”. The X?’s have a bimodal density
defined by

O =0.8u+0.2v
where w is the density of exp(Z/2) with Z ~ N(0,1) and v = 0.17Z + 2. The C/s

are generated from an exponential distribution with mean 2.5.

Examples of estimation are given in Figures 1, 2 and 3. Figure 1 illustrates the
interest of a relevant selection of D (D too small implies a curve too flat, D too
great implies too much variance). Most plots for the estimation of h are usually
truncated since it is well known that the estimation is often bad at the end of the
interval. We kept the whole interval of estimation to illustrate it, but it is clear that
a plot stopping at x = 6 for Figure 2 and at x = 2 for Figure 3 would look better
(see Antoniadis et al. (1999, Fig. 1 and 2)) and avoid the problem of sparsity of
the observations at the end of the interval. Moreover it appears that the estimators

behave in very different ways, in particular at the end of the intervals.

0.12

0.08
0.08

0.06
0.06

0.04

0.04
0.02

0.02

—0.02 . » o . ' —0.02
o

FIGURE 1. Estimation of ¢ for n = 500 in model (a), with different
dimensions of the projection space (left: D = 3, center: D = 5, right:
D =13). .....: true function 1, —: estimated 1), @ZA)D.

5.2. Simulation results. The two examples (a) and (b) have been studied by
Antoniadis et al. (1999) (wavelet estimator with selection of the coefficients by cross-

validation) and Reynaud-Bouret (2002) (histogram and Fourier estimators of the
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L2=4.94e-005 L7=0.099 --- L5=0.109

0.1
0.8 —

0.7 4
0.08
0.6 4
0.06
0.4
0.3
4 \
0.2 J S

0.02 2

%
0.1 v 4
B

. A Pl . . .
o 5 10 15 o 2 a 6 8 10
rL?=9.78e-005 rL?=0.000304 -- rL3=0.00025

FIGURE 2. Estimation of ¢) and h in the Gamma case (a).

Dotted: true function (left: 1, right: &), continuous: 1 (left) and iw
(right), dashed: A (right). L2: MSE, rL?: restricted MSE2 (for ¢ (left), or
for B¢ (right, index 1) and for A (right, index 2).

L?=0.000667 L?=0.68 --- L5=0.992
0.7 T T T

0.6 - —

0.4 —

0.2 —

o 1 2 3 a
rL?=0.000811 rL2=0.0305 -- rL2=0.0178

FIGURE 3. Estimation of ¢) and h in the Bimodal case (b).

Dotted: true function (left: 1, right: &), continuous: t (left) and hy
(right), dashed: A (right). L2: MSE, rL2: restricted MSE2 (for ¢ (left), or
for hy (right, index 1) and for h (right, index 2).

19
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Aalen intensity). Antoniadis et al. (1999) estimate both the subdensity and the
hazard rate, whereas Reynaud-Bouret (2002) estimates h only. We compare our
results to theirs in Table 1 for ¢ and in Tables 2 and 3 for h.

The authors give the mean squared errors of their estimator computed over T' =
200 replications of samples of size n = 200 and n = 500. The error is computed
over K regularly spaced points t,, k = 1,..., K, of the interval in which the X;’s

fall ([0, max X;]), as the mean over the replications j of

1« TN
MSE; = = (h(te) = hy(ts))

k=1

where ij is the estimate of h for the sample number 5, 7 =1,...,T.

Estimator of ¢ of Our estimator of v,

Antoniadis et al. .
Model Gamma | Bimodal Gamma || Bimodal
n = 200 | 500 || 200 | 500 || 200 | 500 || 200 | 500

MSE x10° || 18.5 | 6.7 | 369 | 263 | 17.3 | 8.52 || 340 | 130
TABLE 1. Results of Antoniadis et al. (1999, Table 2) and of our estimator for the

estimation of v, T' = 200 replications.

In order to take into account the sparsity of the observations at the end of the
interval, (P(X° > 6) = 0.25 in the Gamma case and P(X° > 2) = 0.16 in the
bimodal case), they also compute an error MSE2 defined by the same kind of mean
squared error but with a truncated mean over the t;’s less than 6 in the Gamma
case and 2 in the bimodal case. For K = 64, Table 1 compares our results to those
of Antoniadis et al. (1999). Note that we consider only the global MSE here since
we can see from Figures 2 and 3 that there is not any problem at the end of the
interval for 1. We can see that the results have the same orders, our estimator seems
slightly better (three of our MSE values out of four are better with our estimator).
A larger set of examples should be studied to get more conclusive evidence.

Reynaud-Bouret (2002) studies a Fourier strategy for an adaptive estimator based
on a contrast different from ours and for the same kind of data. We expect to obtain

results of the same order, but with a theoretically simpler tool. Her results and those
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of Antoniadis et al. (1999) are recalled in Table 2, while ours are given in Table 3.

Estimator of Estimator of
Antoniadis et al. Reynaud-Bouret
Model Gamma Bimodal Gamma Bimodal
n = 200 500 200 | 500 200 500 200 | 500

MSE 0.112 | 0.0995 || 2.080 | 1.970 || 0.055 | 0.0579 || 1.259 | 1.122
MSE2 | 0.0025 | 0.0016 || 0.048 | 0.032 || 0.0032 | 0.0012 || 0.150 | 0.051

TABLE 2. Results of Antoniadis et al. (1999, Table 2) and of the Fourier strategy
in Reynaud-Bouret (2002, Table 10) for the estimation of h, 7" = 200 replications

hy h

Model Gamma Bimodal Gamma Bimodal

n = 200 500 200 500 200 500 200 | 500
MSE || 0.0857 | 0.0900 || 0.902 | 0.706 | 0.0800 | 0.0986 || 1.117 | 1.140
MSE2 || 0.0023 | 0.0013 || 0.1068 | 0.0408 || 0.0091 | 0.0017 || 0.145 | 0.059

TABLE 3. Our results for our two estimators of h, T' = 200 replications.

The first remark is that, surprisingly, Bd} is always slightly better than h. This is
probably due to the fact that the ratio strategy works well for very regular functions.
In term of the MSE, we can see that fzw is always better than the estimator of
Antoniadis et al. (1999), whereas in term of the MSE2, we have the same orders.
This shows that our estimator is better with respect to the global interval and
comparable when the end of the interval is cut. The comparison with Reynaud-
Bouret (2002) shows that h,, is better for both MSE and MSE2 for the second
model and slightly worse for the first one, so that as expected, we have globally the
same orders of errors. Note that the MSE2 given by Reynaud-Bouret (2002) for the
Fourier Strategy are the lowest she obtains over all the strategies she experimented.
Thus our estimator is superior to all her other strategies for estimating A in terms
of MSE2. The other strategies used by Reynaud-Bouret (2002) may be studied in
our case also, in particular by computing our projection estimator in the piecewise
polynomial basis, with local selection of the degree on each bin. But this is beyond

the scope of the present work.
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As a conclusion, it appears that the estimator l~1¢ is a very good estimator, at
least for the regular functions h considered here. Moreover h obtains quite good
results that may be improved by regularization of F.

6. PROOFS

6.1. Preliminary results.

6.1.1. A useful Lemma. First, we give a lemma used several times in the paper.

Lemma 6.1. For all k € N*, E(HFn —F|y§’g> < S5 with G = 21 (1 4 28

F;
and where F,(x) = n/(n + 1)F,(x) and F,(x) stands for the standard empirical
distribution function of the X;’s.

+o0o

Proof. E(||F, —F|2) < Qk/ 2?*1P(|F, — Fllee > #)dz. Now, it follows
0

from Massart (1990) that YA > 0,P(y/n||F), — Flle > A) < 2¢72¥’, where F,(z) =

(1/n) 314 Iix,<sy- This gives after successive changes of variables

oo 2 4k oo 2
E(|F—F|2) < 4k / 2Rt e gy — —k/ e dy
0 0

@n)
% [T 2k _ 2K
“@WA:” =t ) = G

Moreover,

E(|F — FIZ) < 2% 7E (| £y — Fall + 115 — FIIZ)

2%
y2te1 1 L 2RY i 12K -
n+1 (2n)k (2n)k

6.1.2. Talagrand’s Theorem. Most of the proofs are based on the use of the following

IN

version of Talagrand’s Inequality (see Talagrand (1996)):

Theorem 6.1. Let Zy,...,Z, be i.i.d. random variables and v,(g) be defined by
vn(9) = (1/n) >0 19(Z;) — E(9(Z;))] for g belonging to a countable class G of uni-
formly bounded measurable functions. Then for e > 0

(6.1)

6 (v i SM?2 _K1C(OVE nH
E ()2 =201 +20)H?| < — [ —e e 21 Vi
i1€11g>|v (9) (14 2¢) L (ne + Kn2C2 () e
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with C(e) = (V1+e—1) A1, Ky is a universal constant, and where

supllgle < My, E <sup |un<g>|) <H, supVar(g(Xy) < v

geg geg geg

6.2. Proofs of Theorem 3.1 and 3.2.

6.2.1. Proof of a preliminary Lemma. First, we prove the following lemma which is

useful for the proofs of the first two Theorems:

Lemma 6.2. Assume that (H1) and (Ha) are fulfilled and denote by By, (0,1) =
{t € S+ S, HtH 1} Let v,,(g:) be the centered empirical process with gi(x,y) =

| o 1}m{x<1}t fo x)dx, then for e >0
N
g1 —koe(Dm+D,, 1) e "
6.2) E sup  v2(gy) — p¥(m,m < = | emreel m) e ] |
62) ( o, o = )| < et
with p¥ (m, m’) = 2(1 + 2¢) D2 fol Y(x)dx (Dy,+ Dy ) /nand Cle) = (V1 +e—1)A1.

The constants k; fori=1,2,3 depend on ®g,1 and F.

We apply Talagrand’s inequality (6.1) by taking Z; = (X;,d;) for i = 1,...,n and
g(z,y) = gi(z,y) defined by v,(t) = vn(g:) :== (1/n) >, :(X;, d;). Usual density
arguments show that this result can be applied to the class of functions G = {g, t €
Bm(0,1)}. Then we find for the present empirical process the following bounds:
suPyeg [19lloe = U, 0 [19¢lloe < Por/D(m) := M, with D(m’) denoting the
dimension of Sy, +S,. Then sup g Var(g(X1,61)) = SUDiep ,(0.1) Var(g:(X1,61)) <
1 :=v. Lastly,

E<SUPV3(9)> = E<tEBSUP (9t)>_ Z lVM(I{XI31}51%()(1))

9€9 AEA,,

< /¢ r=C, (ZL/> = H>.

with the natural notation Amm/ = A UA,. Then it follows from (6.1) that

1 ’ 1 3/2
E sup  v2(g) —p¥(m,m/) | <k (—e‘mw(m) + ——e "€ ‘/ﬁ) ,
(<> ) =pm ) f=m G nCT

where r; for i = 1,2,3 are constants depending on K; and C; and p¥(m,m’) =
2(1 +2€)Cy (D, + D) /. O
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6.2.2. Proof of Theorem 3.1. It follows from the definition of 1y, that: Ym € M,,

(6.3) VY () 4 pen” (1) < A (¥) + pen (m).

Then, by using the decomposition y¥(t) — ¥ (s) = ||t — ¥||> = ||s — ¥||* — 2vn(gi—s),
it follows that

Vo) = A (@m) = b = BI* = o — GI* = 2095, _.):

where the process v,(g;) is the same as previously. Then, by applying (6.3) and by

noticing that t — v,(g;) is linear, we get that:

[ = Gl < N[om = GI* + 2vn(gg,, _y,,) + pen? (m) — pen” (1)
< Ntom =9I+ 20 — Yl sup  va(ge) + pen’(m) — pen® (1)

tEBth(O,l)

1 .
(64) < lvom — ¥l + —llvom —¥ml* +2  sup  vi(g) + pen”(m) — pen” (1)

t€ B, (0,1)

where we use that for a,b positive, 2ab < xa? + x7'b? for any positive z. We
recall that B, »(0,1) = {t € S, +Ss / ||t]] < 1}. Note that the norm con-
nection as described by (2.2) still holds for any element ¢ of S,, + S, as follows:
Itllo < Pomax(D,,, Dp)||t]]. Indeed, under (Hz), we restrict our attention to
nested collections of models, so that S, + Sy is equal to the largest of the two
spaces. For a fixed integer m, we denote by D(m') the dimension of S, + S, for
all m" € M,,. Note that D(m') = max(D,,, D) < Dy + Dy

Let p¥(m,m’) be such that

(6.5) zp?¥(m,m’) < pen¥(m) + pen¥(m’)  for all m, m’ in M,,.

We have [ = ¥l < (145 [[da = Gl + (1 + ) [|[¢m — || for any positive
y. Then by choosing y = (z + 1)/(z — 1) and « > 1, we find that: Ym € M,,,

[ — 911> < CZlltb = l|* + 2Copen® (m) + 2C, ( Jw va(ge) — p (m, m)) :
te m,m\Y,

where C, = (v 4+ 1)/(xz — 1). Then if we prove
(6.6)

E(p v2(g0) — p” mm> <ZE( sup z<gt>—pw<m,m'>>s

i (0,1) + meM, By (0,1) n

SQ
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we have the following result, which proves the theorem: Vm € M,,,

. C
E(|[¢m — ¥|1*) < Chllv — tml|* + 2C;pen? (m) + o

Therefore by using equation (6.5) and the definition of p¥(m,m’) in Lemma 6.2, we
choose pen¥ (m) = 2x(1+2¢) fol Y(u)du(D,,/n). Inequality (6.6) is a straightforward

consequence of Lemma 6.2 since

Z e—ﬁgeD(m’)

m/ Mn _
ZE( sup Vi(gt)—pw(m,m/)> <py | M + Mol e
te

eM B, (0,1) N n n

Then by taking ¢ = 1/2 and assuming that |M,| < n and since, under (Hs),
> e, € P <3 e < 400,Va > 0, and this ensures (6.6). O

6.3. Proof of Theorem 3.2. Let

Q, { (%gimg}@) / (/Olw(u)du> 1

Then on 2, the proof is quite similar to the proof of Theorem 3.1 and is omitted.

<b}, 0<b< 1.

It is based on the following inequalities:
Ly~ 5<(b+1)/1¢( d /1¢( Ju < LS g0
— : ; u)du u)du < ——— <1105 .
n {x;<1}0i ; ) [—bn 2 {X:<1}
We obtain for C,, = (z + 1)/(z — 1), that Vm € M,,,

N 20:5(1)2 1 Dm K
E (4 —¥I’Ts,) < @Mm—wW+U_5(A¢@WQ7T+E,

for pen” (m) = 22(1 +2€)/(1 — b)®3((1/n) 31, Iix,<130;)(Dm/n). Next we need to
prove that

(67 E (g —61P1ag) < o

n
By analogy with (6.4), it follows from 7% (1) < Y% (1) that ||ty — ¥||2 < |4 —
Uall® +2v(95, g, ) < 10— Uall® + (1/4) [0 — Yall® + 4supses,, =1 Vi (g¢) that is

(6.8) [0 = ¢I? < 3[01°+8 sup  va(gr).

tESy,||t]=1
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Then supyes, o1 V2(00) € Smens, (S0Pres, jujor ¥2(91) — pen’(m)) , + pen® ().
We know by Lemma 6.2 that, for some well chosen x in pen¥(m),

E( > ( sup  (v7(9:) —penw(m))> 19;) < —.
mem, \(ESm[tl=1 N n

On the other hand, Vm € M,, pen¥(m) < K', with K’ = x®? fo u) du, so that
E (pen®(m)Ig:) < K'P(€%). Therefore

=

tESﬁw”tHzl

K
(6.9) E ( sup l/n(gt)2lgg> < - + K'P(9y),

so that, by gathering (6.8) and (6.9), Inequality (6.7) holds provided that P() <
1/n. Let B=1» fo u)du, then by Tchebychev Inequality, we can write

P(y) = P ( %ZI{Xigl}(Si—/O;D(U)dU > B)
(Ji )
< —Var( ZI{X <1} > s

and we prove the result. O

6.4. Proof of Inequality (3.12). It follows from (3.11) and the definition of €2,
that

by — Bl < = [ — Ol + = 6(Ep— F ”w” 1
o = bl < 2 i =+ - 0 = F)+ (a4 2) (1l + 100+ P20 T,

F
By noting that

~ . 1
lal®> = Do <— > D A Y BRX) < D < B,

A€A, 1<i,j<n || A€Ay A€A

and by taking the expectation

- 2\% _ - 2\? .
Bl 7 < 4 (2) Bl vl +4 (2) WIPEGIA - FIZ)
F r
4 1
RLEST:
F

By applying Lemma 6.1, it follows that E(||F, — F||%) < C1/n and that

. 2\° - C
(17—l > er2) < (2) BUR - FI) < (2) %

(@30 + 4 IP)P (IF = Fulloe > cr/2)
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6.5. Proof of Theorem 4.1 and of Corollary 4.1. We apply Talagrand’s inequal-
ity given by theorem 6.1 to Z; = (X;,0;) , i =1,...,n and now g(z,y) = ki(z,y) =
Ir<iy=13t(x)/(1 — F(x)), so hereafter, v/ (t) = v,,(k;). Then SUDiep  (0,1) 1kt]|oo <
(®o/cr)\/D(m') := My, with By, ,,(0,1) defined as in Lemma 6.2 and

E@(X)Ix<y) _ A

sup  Var(k(X1,61)) < sup 5 < &=,
t€B,, mr(0,1) t€B,, (0,1) Cr Ch
1 ea(X1)
E sup [V ()] < —Var <I 0 —————
<teBm,m/(O,1)[ (®) ) AE/\Z n Xasyfry— F(X1)
LI R
n o 1— F(x)

Then it follows from Theorem 6.1 (in an analogous manner as for Lemma 6.2) that
(6.10)

1 ot / ]_ 1 3/2
E " (¢ 2 . h / < | Z kheD(m') K5€3/2\/n
(te sup [, (1)]" —p"(m,m") | <y (—e T nC’Q(e)e :

B, m?(0,1) n
where k} for i = 1,2, 3 are constants depending on K; and fi, cg, ¢ and fol h(z)/(1—
F(x))dx, and

1— F(x) n

(6.11) p"(m,m') = 2(1 4 2¢) P2 /1
0

As for the study of 1[%, we can write that ﬁm satisfies: Vm € M,,,

(6.12) (i) + pen” (i) < 7l (hpn) + pen” (m).

Then by using decomposition (4.4), it follows from (6.12) and from the definition of

the process v/, (t) = v,(k;) that:

B = Bl* < N — BI* + 20, (R — hin) + pen” (m) — pen” (i) + 2R, (b, — hyn)

1 -
< = 2P+ b = B 8 sup [ (8))?
8 t€ B (0,1)
(6.13) +pen”(m) — pen” (1) + 2| Ry (i — hun )| Tor,,, + 2| R (i — ) | Tog,

where we recall that By, »(0,1) = {t € S, + S / ||t|| < 1} and Q. is defined by
(4.9). On Q¢_, it follows from (4.11) that

1

R A 1 211, P2
(6.14)  2B(| Ro(hin — hun) [Tz, ) < S E(|ls — hl?) + 7 17m = PlI? + ——2.

F
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On the other hand, for v,” (t) = (1/n) >"" [t(X:)Ix,<1y — E(t(X;))] and B,(0,1) =
{t € S, ||t]] = 1}, we find

A 2 4 .
2|Rn(hin = hi)| 1o, < 5[l = hu[[[[ Fr = F'l|o Su Z‘t ) x,<y
Cr t€Bm,
< EMA—hHWwiw%—FW sup §jt Mixen
s g t€Bn(0,1)
1 ~ ]_ 8f1 ~ ”
T = hl* 4 2l — R+ =l F = FIIS ||F = FIl5 sup [ (17)].
4 4 Cp F t€Bn(0,1)

Then it follows from Baraud (2002) (see also Baraud et al. (2001)) that

2
np
P sup [v"(t*)]>p| <|An]Pexp (— )
(E&m®| (&) ) APesn (<71

where L(yp) is a quantity associated with the orthonormal basis of the largest space
of the collection. Moreover, let S,, denote this space and (¢))xea, denote its or-
thonormal basis, then |A,| = dim(S,) := N,,. We know from Baraud (2002) that
L(¢) < K,N,, for the basis [DP] and [W] and L(¢) < N? for the basis [T]. Conse-
quently

E( sup [v”n(tQ)P)
teB,(0,1)

In(n) +00
< 2/ aP | sup |, ()| > 2| dv+ 2/ aP | sup  |w, ()| >z | do
0 teBn(0,1) /In(n) t€B,(0,1)
8f1N2L(p) [T° 2 nln(n)
< SN P u gy < _ .
< In(n) + . s e du < In(n) +4f1 N, L(p) exp ThI()
2v/ f1L(¥)

It follows that if L(y) < n/(16f1), which holds if N, < n/(16f,K,) for [DP] and
(W] and if N,, < +/n/(4y/f1) for [T], then

1
E ( sup [v,” (t2)]2> <In(n) + — < 2In(n) if n > 2.
t€B,(0,1) 4n



PENALIZED CONTRAST ESTIMATOR OF DENSITY AND HAZARD RATE 29

This leads to

2E(|Rn(ﬁfn - hm)|IQcF)

1 A~ 1 8f102 8 ~ 7
< ZE(hn = AP) + Sl = hlP + == + FEV2(|E, = FI)EY?( sup v (7))
4 4 ne Cr t€Bn(0,1)

1. 1 8f,C, 8CY?
< ZE(||hg — h||?) + > || hm — h||* + flj + 4 \/21n(n).
4 4 ncy, nc

By gathering (6.13), (6.14) and the inequality above, we obtain

TE (s~ BP) < Sl — BIP + pen®(m) + SE(" (m ) — pen ()
(6.15) +8 Z E ([v,(t)]* — p"(m, m’))+ + %ﬂ(n)

m'eMy,

We take pen”(m) such that
(6.16) 8p"(m,m’) < pen”(m) + pen”(m/)  for all m, m’ in M,,.

A straightforward consequence of (6.10) is that the sum over m € M,, is O(1/n),
so that Inequality (4.13) holds if N,, < n/(16K,f;) for [DP] and [W] and if N? <
n/(16f1) for [T]. This ensures the result of Theorem 4.1.

The proof of Corollary 4.1 is similar to the proof of Theorem 3.2 with now

i=1
for 0 < b < 1. The result holds because we can prove that P(ﬁg) < 1/n, by iterated

but simple use of Lemma 6.1. O

6.6. Proof of Theorem 4.2. The problem now is that the norm connection ||t[|s <
®gv/D,,|t]| no longer holds for t € S,,, but is replaced by ||t]|ee < Pov/N,||¢]-

Preliminary 1. The first point is to take into account that, as the collection contains
a great number of models, some weights are required in order to find convergent

series. Indeed, note that, for L, = In(n)/(r + 1),

K, -1
meMy, (=1 l

< (1+ e‘L”(’““))K” < (1 + %) <e,
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by using that K,, < n. Taking L,, = L simply leads in that case to an exponentially
divergent sum.

Preliminary 2. We can prove that there exists a real function # on S,, such that for
all t € S, and m € M,,, ||tm]le < 6(t), satisfying

(6.17) 0h,) = 6(0,)| < VN, sup ¥ (22) + Rl

where h,, is the projection of h on S,, and h,, the projection estimator of A on S,,.
Indeed, we can simply choose 0(t) = (r + 1)|/t|| and use Inequality (2.8) of Birgé
and Massart (1997). Then sup,, 6(h,) = 0(h) = (r + 1)||h1 || and

0(h) = 6(ha)| = (r + DlllAlloe = Inlloc] < (4 1)l1Fn = Fralloc

1 = 51@/\()()
< (r+1 < h, > —— Lix,<in———
( ) g{;ﬂ[ 25N n; {X§1}1 F(X) 25\

[e o]

< (r+ 1) || D] (Whlea) + Rul@r))en

AEA,

e}

ZSO,\

< (r+ )Sup 1V (02) + Ru())]
A€ AEA,

+1)%/N, sup V) (92) + Ru(p))]
ENp

using (2.8) of Birgé and Massart (1997) again. Then we have (6.17) with ® = (r+1).
Then we split the probability space 2 = 2y U Q)f, with

U = {[0(7) — 6(hn)| < [1hTp1lc}-

Then we bound E(||h — A, ||*1a,). Now, we proceed in two steps :
Step 1. On €y,

sup “hm - Bm’”oo < Q(Bn) + Q(EN) < |‘9(iln) - Q(Bn” + 29(7170
< ATl + 20(h) == C(h).

Let W, (m') = Z

t€5* , 02l|t—hm||oo <C(h)

2

l/, t_h’m o ( /)
"\t = B V () pam,m

+

then we have

1 (7 1 2 1 7 2 1 ~\2 / A
203 (b — )| < M = RI* + = ha[* + (i) +8 3 Wa(m') + 8p(m, 1),

m'eMy,
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with z(m’)?> = 8In(n)(D,, + D.,)/n. Then we apply inequality (6.1) with v =
1A X0, 1lloc/cr, My = C(h)/(cpa(m')), H? = [sup,ep ) h(x)/(1=F(2))|(Dm+Dy) /7,

and bounding }\ B(¢3(X1)/(1 - F(X1))?) by sup,epy[h(z)/ (1= F(x))]D(m') since
[ ¢3(z)dx = 1. By applying Theorem 6.1 again, this gives the bound

1 1
E Wn !/ I < C« - —CgeDm/ —CgC((E)ﬁ ln(n)Dm/
(Wm)1a) < G (e @Pr e ,

where Cj, i = 1,2, 3 are constants depending on || T 1|oo, C'(h), sup,ep1) M(w)/(1—
F(x)) and cp for the choice: p(m,m') = 2(1 + 2¢) sup,¢(o 1 h(x)/(1 — F(2))(Dp +
D,/)/n. Therefore, choosing ¢ = KL, with K > max(1/Cs,1/[(r + 1)C?]) and
C(e) = 1 we find that all terms are of order less than (1/n)e™ (M Pw/(r+1) = Ve
find a global order less than 1/n since we have checked in Preliminary 1 that
>, € WP /) s bounded, for a penalty given by (4.15). The other terms
of (6.13) are bounded as previously.

Step 2. On the complement of €, we use (6.17). Since h can be seen as the

orthogonal projection of h,, on Sy, we have

1Al < 8(hn) < 8(hn) +18(hn) = 6(ha)| < 6(h) + DV/N,, sup [V, (p2) + Rul0)]

AEA,

1
< 9(h)—|—C’(<I),<I)0,CF,/ h(z)dx)nN,
0

using that [|¢x]lec < Pov/N, and some rough bounds as: ||[F — F,|le < 2, 1/(1 —
F,(z)) < (n+1). Therefore

E[lh - hlPTog] < 20IPB(%) + 28 [P 1o
1
< {mrhuz+4<9<h>2+c2<@,@0,cF, / h(x)dx)n?Nb] P(C).
0

Therefore, we need to prove that P(Q) < C'/n® for N,, < n. With obvious notations,

we write

PO = B(8(h) 000 = [1Toal) < P (sup i) + Rulio)] >

ol 17 X010
= Pl 2 ||ﬁ) +P < Ro(py)| > 1o0llee )
< AEZA (!un(w)! = 20./N, [Rn(o2)] 2 TN

/N,

120,11/ 0o

)
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For the first term, we use Bernstein inequality: let S, = Z?:l Z; and Z; ii.d.,
with |Z;] < B, for all i = 1,...,n and Var(Z;) = o2, P(S, — E(S,) > nn) <

exp (—(nn?/2)/(c® + Bn)) . We apply it with B = 2d¢\/N,,/cp and 0® = sup,¢ (o, (h(z)/(1-
F(z))) and we find

P (1v(o0)] = 1T loo/(20V/N,)) < 2exp (—Kn/N,) < 207°

if N, < (K/6)(n/In(n)). Here K is a constant depending on ®, @, ||hjo1;|le; cr
and sup,¢o 1 (~(z)/(1 — F(z))). The same kind of inequality is obtained for R, by

using again the decomposition involving (2.,

P (1Ru(o2)] 2 Moo/ (22V/N,) ) < By + Py

where P; is the probability of the intersection of event of interest with ., and [P,
with Qf . For Py, it is easy to write P, < P(Q ) < P(||F — Folleo > crp/2) <
(20;1)12 Cen™5. On Q

cp, WE write

2
Ru(pa) < S = Flloo Zl{xq}ﬂw( i)l
Cr
2
< 1B = Flloo [7a(r) + E(Ipx <y lioa (X))
Cr
2 [, - 1 1, - )
< 5 |1 = FlleB(Toxa <ybilea(X)l) + 57(00) + 51 = FIIS
F

where ,(t) = (1/n) >0 (Tix,<110iloa(X5)| — E(Ipx, <1301]0a(X1)])) - Then the re-
sult follows if N, < Kn/In(n) for some well chosen constant K, by using the
exponential inequality recalled in Lemma 6.1 for the terms involving ||F — F, ||«

and with Bernstein Inequality as previously for the terms involving 7,. 0
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