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Abstract

In this paper we propose to estimate the hazard function based on local smoothing tech-
niques for both i.i.d and censoring data. Such estimators are known to have no boundary effects
while the estimators based on kernel function have the boundary effect, as pointed out by Miiller
and Wang (1990). We derive the asymptotic normalities of the local smooth estimators and
compare with the kernel smooth estimators. It turns out that our local smooth estimators
with optimal bandwidths produce smaller biases than that of the kernel smooth estimators.
However, such estimators have large variances than that of the kernel smooth estimators. To
overcome this problem, we apply the variance reduction technique in Cheng, Peng and Wu
(2005) to our estimators. The resulted estimators have the same asymptotic biases as the local

smooth estimators and smaller asymptotic variances than the kernel estimators.

Keywords. Hazard function, kernel smooth estimation, local polynomial estimation, variance

reduction.

1 Introduction

Hazard function based on i.i.d. or censored data is important. It provides useful information

in reliability theory and survival analysis, as well as in the fields as diverse as engineering,
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medical statistics and geophysics. A variety of inferential procedures have been proposed to
estimate the hazard function nonparametrically. Estimators of hazard function based on kernel
smooth estimation have been studied extensively in the literature. For related investigations
in this direction we refer to Watson and Leadbetter (1964), Murphy (1965), Rice and Rosen-
blatt (1976), Singpurwalla and Wong (1983) and Patil (1997), under the i.i.d case. Under the
censoring case, see the discussions in Tanner and Wong (1983), Tanner (1983), Schéfer (1985),
Liu and Ryzin (1985), Diehl and Stute (1988), Lo, Mack and Wang (1989), Miiller and Wang
(1990), Patil (1993), Wang (1999). It was pointed out that the drawback of using the kernel
smooth estimators are known to have the boundary effect (see by Miiller and Wang (1990)).

Recently, Jiang and Doksum (2003) propose a type of local polynomial estimation for
hazard rates and their derivatives via smoothing a Dirac derivative of the Nelson-Aalen es-
timator. The result is the same as the kernel estimator using the equivalent kernel of local
polynomial regression, see e.g. Fan and Gijbels (1996), and hence is free from boundary effects.
In this paper we propose another type of smooth estimation for the hazard function based on
local polynomial techniques, which is more intuitive than Jiang and Doksum (2003) and may
be argued to have no boundary effect as well. We show that our local smooth estimators have
smaller asymptotic biases, but larger asymptotic variances, than the kernel smooth estimators
under the case with or without censoring. Proofs of these results are nontrivial. To reduce the
variances of our local smooth estimators, we apply the variance reduction technique introduced
by Cheng, Peng and Wu (2005). Hence, our variance reduced local smooth estimators are bet-
ter than both the kernel smooth estimators and that in Jiang and Doksum (2003) in terms of
either optimal asymptotic mean squared error or asymptotic bias and variance with the same
bandwidth. A numerical study demonstrates that these advantageous asymptotic properties

are also apparent in finite sample sizes.

We organize this paper as follows. In Section 2, we establish the weak convergence of
the local smooth estimators for both i.i.d and censoring cases. In Section 3, we provide some
comparisons between our local smooth estimators and the kernel smooth estimators. In Section
4, we propose variance reduced local smooth estimators and compare them with the kernel
smooth estimators. A simulation study is given in Section 5. All proofs are deferred till Section

6.



2 Local smooth estimation

Throughout this paper we assume that

A1) k(z) is a symmetric density function with support [-1, 1];
A2) f"(r) exists and is continuous, where f is defined below;

A3) h=h(n) >0, h — 0 and Vnhh?> — b € [0,00) as n — oo.

2.1. The case without censoring. Let Xi,---,X, be independent and identically dis-

tributed survival times with distribution function F(z) and density function f(x). Our aim is

f(=z)
1-F(x)

smoothing techniques, see for example Fan and Gijbels (1996), to estimate the derivative of
A(z) = —log(1 — F(x)), i.e., A(x) as follows.

to estimate the hazard function A(z) = using local smooth techniques. We apply local

o 1 . . . . .
n - 1, y eeey AAn
Let F,(x) E I(X; < x) be the empirical distribution of the sample { X1, Xo, ..., X,,}

i=1
and define A, (x) = —log(1l — F,(z)). Observe the following regression model:

An(XZ) = A(XZ) + eI‘I‘OI'7Z' — 1’ N ’n7

and let (a, b, ¢) be the value of (a,b,c) that minimizes the following kernel weighted squared

erTors:
z—X;

). (2.1)

Z{An(Xj) —a—b(X; —x) — o(X; — x)"}k(

Then our new local smooth estimator for A(z) is defined as \,(z) = b and has the following

explicit expression

> AR B (1) + (X, =)o) + (X, = 0B (o)

An(T) =




_X.
where s, (2) = Z(z — Xj)lk(x ; 1), 1=0,1,2,3,4, and

((An(x) =551 (@)sna(7) + 501(2)8] 5(2) + 5n.0(2)$n1 ()55 5(2)
—25,1(2)5n,2(2)50.,3(x) = $0.0() 5.1 (2)$n.2() 5p.4()
Ani(@) = 5n1(2)$n2(2)5n,3(1) — 571 (2) sn.a() (2.2)
Ana(r) = 5n1(2)87 5(2) = 5n,0(2)80,1(2) sn.a()
[ Ans(@) =85 1(2)5n.2(1) = 5n.0(2) 50,1 (2)50,5(2).

Define

o = /_1 $*k(s)ds, ¢ = /_1 sk(s)ds, ¢ = 2/_11{/ k(s)k(t)s%ds}dt. (2.3)

1 1 -1

The following theorem provides us with the weak convergence of the local smooth estimator

().

Theorem 1. Under regularity conditions A1) — A3), we have for 1 — F(x) >0

Vah{\(z) = Az)} S N (bng(im’ 1 —fg();:;]?c%)

as n — oo, where b is defined in condition A3 and c1, co and c3 are defined in (2.3).

2.2. The case with censoring. Let X, ---, X, be independent and identically distributed
random variables with distribution function F'(z) and density function f(z), and Yi,--- .Y,
be independent and identically distributed random variables with distribution function G(y)
and density function g(y). Suppose Xjs and Y/s are independent and our observations are
Z; = min(X;,Y;) with censoring indicators ¢; = I(X; < Y;) for i = 1,--- ,n. Thus ¢; = 1
indicates the survival time X; for the ith individual is observed while §; = 0 indicates X; is not

observed but it is known to be greater than Y;. Our aim is to estimate the hazard function

Az) = 1 I Ef()x), which is of importance in many lifetime studies.

In estimating the distribution function F', a popular nonparametric estimator F" based

on the right censored data {Z;,d;},i = 1,...,n, is the well-known Kaplan-Meier (Kaplan and



Meier, 1958) estimator given by

n N ) _
H _N(Z) I(Zjéxﬁj—l) if = <max(Zy,---,%2,)

Fi(z) = L+ NZ
7=1
1 elsewhere,
where N (u Z I(Z; > u). The large sample properties of the product-limit estimator F*(x)
7j=1

have drawn much attention in the literature; see Chen and Lo (1997) and references cited

therein.

Define Af(z) = —log(l — Ff(x)) and A(z) = —log(1l — F(z)). Observe the following
regression model:

N(Z;) = NZ;) + error ,i=1,--- ,n.

For those i's such that 6; = 1, i.e., Z; = X;, we apply local smoothing techniques to estimate
the derivative of A(z), i.e., A(z). That is, let (a, b, ¢) be the value of (a, b, ¢) that minimizes the

following kernel weighted squared errors:

Z 5N (Z) — a—b(Z; — 7) — e(Z; — x)2}2k(x‘TZj). (2.4)

Then our local smooth estimator for A(z) is defined as A% (z) = b and has the following explicit

expression
n " xr — Zj 2
> A (Z))k( 7 )NAna (@) + (Z) = 2)An2(2) + (25 = 2)"Ans(@)]
N Jj=1
= 2.
Ai(@) e . 29)
—Z;

where s,,,(z Za (z—Z;) h ),1=10,1,2,3,4,and A, (z), A1 (z), Apa(z) and A, 5(x)

are defined as in (2 2). The following theorem provides us the week convergence of the local

smooth estimator A* (x).

Theorem 2. Under regularity conditions A1) - A3) and g(y) is continuous, we have for
1—F(x)>0

. a O\ (z)e f(x)es
Vah{\:(z) = A(z)} 5 N( 6c; [l — F(x)]2[1 — G(m)]c%)



as n — 0o, where b is defined in condition A8 and ¢y, ¢y and c3 are given by (2.3).

Remark 1. In the local polynomial fittings (2.1) and (2.4), A, and A} can be replaced by the

Nelson-Aalen estimator of the cumulative hazard. The asymptotic results remain unchanged.

3 Comparisons between kernel smooth estimators and
local smooth estimators

In this section, we study some asymptotic properties of the kernel smooth estimators and local

smooth estimators for both i.i.d and censored cases.

3.1. The case without censoring. Under the case of no censoring, the kernel smooth
estimator studied by Singpurwalla and Wong (1983) is defined as

M) = 3 S HED T = 1),

where Xy < .-+ < X, denote the order statistics of X1,--+-,X,. Under the regularity
conditions A1) - A3), Singpurwalla and Wong (1983) proved that for 1 — F/(z) > 0

bN'(z)er  f(o)ey )
2 T[I-F)P

as n — 0o, where ¢; is given by (2.3), b satisfies condition A3 and

cy = /_l k*(x)d.

1

Vih(n(z) — Mz)) N(

Hence, by minimizing the asymptotic mean squared error, we obtain that the local optimal
bandwidth for A, () is

_ 1/5
hopt =/ f@)ea . 3.1
N s el B
Thus the optimal asymptotic mean squared error of \,(x) is given by
2/5 4/5
3 7 _ . —4/5 f(x) 45 2/59C1 C4
amse(Mn(2), hopt) = 1Y {W} [N/ (a) 2/ (3.2)

On the other hand, it follows from Theorem 1 that, by minimizing the asymptotic mean

squared error (amse), the local optimal bandwidth for our local smooth estimator A, (z) is

N f()9¢s 1/5
ot =0 PR

(3.3)
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Thus the optimal asymptotic mean squared error for A, (z) is given by
4/5 2/5

amse(n(z), hop) = m”ﬁ%}” B{Xf(x)}2/5%. (3.4)

3.2. The case with censoring. For the case of censoring, a kernel smooth estimator for \(x)

was proposed by Tanner and Wong (1983) as

<, 1 & ‘ _ x— 4
Xo(@) =3 (n =5 = D)7 k(——2),
j=1

where Z;) < --- < Z,) denote the order statistics of Z1,---,Z, and d(,-- - ,d(,) denote the
corresponding censoring indicators. Under the same regularity conditions as in Theorem 2,

Miiller and Wang (1990) showed that for 1 — F'(x) > 0

-, a (DN (z)er f@es
Vnh(Ni(z) — Ma)) N( 2 [1— F(x)[l— G(x)])

as n — oo. Hence, by minimizing the asymptotic mean squared error of A* (z), the local optimal

bandwidth for kernel smooth estimator \*(z) is given by

Fxo o o—1/5 f(z)eq 1/5
o= PP TR 39
Thus, the optimal asymptotic mean squared error for \*(z) is
2/5 4/5
T+ T\ _ o —4/5 f(z) 45 2/59€1" €4
amse(N; (), hy) = 1 {[1 e (x>]} W@PrP2 B (36)

On the other hand, it follows from Theorem 2 that, by minimizing the asymptotic mean

squared error (amse), the local optimal bandwidth for local smooth estimator \*(z) is

oy =t fw)9cs v (3.7)
e [1—F@)Pl - G@)][N(x)P) '
Therefore, the optimal asymptotic mean squared error for X;(z) is given by
“ - 4 f(x) : 2 504/503/5
Nof@).hiy) =73 PNyt .
amse( n(x)a opt) n [1 - F(J))P[l - G(l’)] { (SL’)} 4 . 32/50% (3 8)
3.3. Comparisons. For the purpose of comparison, we compute the values of ¢;,--- ;¢4 and

the contant factors in the asymptotically optimal bandwidth and amse expressions (3.1)—(3.8)
for four commonly used kernels, They are the Epanechnikov, Biweight, Triangular and Uniform

kernels. The results are shown in Table 1.



Table 1: Values of ¢y, co, c3, ¢4 for some commonly used kernels.

Kornel % 3 %% o CESCE;S 2/3 /5 (%) 1/5 (%%) 1/5

Epanechnikov k(z) = $(1 —2)I(jz| <1) || 45 | o 5 3] 0.350799 | 0.3490865 | 2.036168 | 1.718772
Biweight k(z) = 12(1 — 22)2I(|z| < 1) 35 | 25 | 0.81585 | 2 | 0.3528509 | 0.350799 | 2.312166 | 2.036168
Triangular k(z) = (1 — |z|)I(]z| < 1) =25 | = 2 2 | 03521273 | 0.3530746 | 2.109626 | 1.888175
Uniform k(z) = 1(|z| < 1) = | & 3 1 | 0.3490865 | 0.3701072 | 1.718772 | 1.350960

First, let us look at the optimal amse for kernel smooth estimators and our local smooth

estimators. From (3.2), (3.4), (3.6) and (3.8), we notice that for both i.i.d case and censored

4/5 2/5

. : : . . 2/5 4/5

case, the difference in amse between these estimators are mainly the terms C§2 /?CQ and cl/ 04/ .
1

Table 1 shows that our local smooth estimators (S\n and 5\2) have smaller bias terms than that
of the kernel estimators (A, and \*), but with large variances in general, for the four commonly
used kernel functions. It is also interesting to see that the optimal mean squared error is the
same for local smooth estimators with uniform kernel and for the kernel smooth estimators
with Epanechnikov kernel. In fact, this optimal mean squared error is the smallest among the

four kernels for both local and kernel smooth estimators.

Next, let us compare the optimal bandwidths for both local (A, and A%) and kernel
smooth estimators (A, and ). Observe equations (3.1), (3.3), (3.5) and (3.7), we see that,
for both i.i.d. case and censoring case, the difference in optimal bandwidths for kernel and
local smooth estimators are based on terms (i—%)l/ ® and (90—033)1/ °. From Table 1, we see that
the optimal bandwidths for our local smooth estimators are larger than those for the kernel
smooth estimators. So, in practice, one may prefer local smooth estimators to kernel smooth

estimators since the larger optimal bandwidth will allow more data points in the local model.



4 Variance reduced local smooth estimation

Note that our local smooth estimator has a smaller asymptotic bias, but a larger asymptotic
variance, than the kernel smooth estimator under the case with or without censoring. After
tedious calculations, we also notice that our local smooth estimator has the same optimal
asymptotic mean squared error as the local linear smooth estimator in Jiang and Doksum
(2003). However, we are able to reduce the asymptotic variance and retain the asymptotic bias
of our local smooth estimator by employing the variance reduction technique in Cheng, Peng

and Wu (2005); see below for details.

4.1. The case without censoring. We consider the following variance reduced local smooth

estimators

A () = 1‘4‘[ — (V12 + 1)8h) + Ax—féh +f( _ (V12 = 1)8h)

where 6 > 0. This estimator is a linear combination of the three values Xn(x —(v/1/2+1)
—/1/26h) and A, (z—(\/1/2—1)0h), and it is parallel to the form of the variance reduced
local linear regression estimator of Cheng, Peng and Wu (2005). The principle of Cheng, Peng

and Wu (2005) is to find the maximal relative variance reduction among all points in an
interpolation interval of length 20h. In the current hazard estimation context, the covariance
structure of the local smooth estimator at different locations is much more complicated than in
the regression setting. For simplicity reasons we take S\n(:c) the specified form. This may not
achieve the most variance reduction. Nevertheless, S\n(:c) admits a very simple form and it is

shown that an(x) enjoys superior performance in both asymptotic and finite sample cases.

To analyze asymptotic properties of the new estimator, define

t— a+b t+a— b
(a,b) / / (s — b)st dsdt + / / (s — a)stdsdt (4.1)

06(5) = %Cg _\‘_[1_7\(/7\/7\/7 5 \/7(5 - —C5 \/74— 1 ﬁ— 1)5) (4 2)
+1+4 205 7 ) '

First we derive the asymptotic normality for our variance reduced local smooth estimator as

and

follows.



Theorem 3. Under regularity conditions A1) - A3), we have for 1 — F(z) >0 and 6 >0

Vi) = X} 4 3 (R )

as n — Q.

Second, we shall compare our variance reduced local smooth estimator \,(z) with the
kernel smooth estimator A, (z) defined in Section 3.1. Since the local smooth estimator A, (z)
with the uniform kernel and M, () with the Epanechnikov kernel have the same smallest optimal
amse among the four different kernels considered in Section 3.3, we only compare between
the variance reduced local smooth estimator with the uniform kernel and the kernel smooth

estimator with the Epanechnikov kernel. In this case, we have for 0 < b—a < 2

cs(a,b) = 4f . a+b{ft+a “(s—a )stds}dt + [ . a+b{ft+a ,(t —b)stds}dt

FL T (¢ — b)st ds) dt

1 t+a—b)3+1 a(t+a—b)2—a 1 1—(t+a—b)2
= if—l—a—i—bt{( 3) — 2) }dt—i_if—l—a—i-bt(t_b) ( 2 : dt

1 4 —a b—a)? b—a)3 —a
= i E P PSSR ) (R - B )b

B S () L (=) L ()
15 12 24 480

and for b —a > 2, ¢5(a,b) = 0. Therefore,

1/15 — 6% /48 + 76°/960 ifo0<d<1
ce(0) = 3/40 — 62 /24 + 6248 — §°/960 if 1 < § <2
1/24 if 0 > 2,
ie.,
3/5 — 36%/16 + 215°/320 ifo<o<1
cs(0)/ct = 27/40 — 30%/8 + 363/16 — 36°/320 if 1 <§ <2
3/8 if 6 > 2.

Notice that A,(z) with 6 = 0 reduces to the original estimator \,(z). By checking that
Lc6(6) < 0,0 > 0, we see that c5(6)/c? < 2 for any § > 0, i.e., An(z) with the uniform kernel
has a smaller asymptotic variance than \,(x) with the Epanechnikov kernel. Because both
estimators have the same asymptotic bias, we conclude that the variance reduced local smooth
estimator \,(z) with the uniform kernel is better than the kernel smooth estimator A(z) with

the Epanechnikov kernel in terms of optimal amse or amse with the same bandwidth.
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Cheng, Peng and Wu (2005) discussed in detail the choice of the parameter §. Larger
values of ¢ are preferred so that more variance reductions are achieved if the hazard function
is smooth. Otherwise, if the curve has sharp feature, second order bias may appear and play
a role. In that case, smaller values of § would still provide reasonable amount of variance

reductions.
4.2. The case with censoring.

The variance reduced local smooth estimators in this case is defined as

_1-42 142
4

o) = 25w — (VIT2 4 1)6h) + LA — v/17300) + LYK — (VT2 1)),

where 6 > 0. The asymptotic normality of this variance reduced local smooth estimator is
given below. The comparison between A,(z) and \,(x) is similar to the i.i.d case in Section

4.1, hence is omitted here.

Theorem 4. Under regularity conditions A1) - A3) and that g(y) is continuous, we have for
1—F(x) >0 and any 6 >0

. W@e  f@el)
Vah{3i(w) = M)} 4 N (2 e )

as n — 0o, where cg is defined as in (4.2)

5 Simulation study

A Monte Carlo study was conducted to demonstrate the advantage of our variance reduced
local smooth estimator \,(z) over the kernel smooth estimator \,(z), under the i.i.d setup.
The uniform kernel and Epanechnikov kernel were employed for A, (z) and A, (z), respectively.

Moreover, value of § in the definition of A, (x) was taken as one.

We generated 1000 pseudo-random samples of size n = 100 from Weibull distribution
F(z) = 1 —exp(—z®), z > 0. We took a = 4 and compute \,(z) and \,(z) at point z such
that F'(z) = 0.5 for h = % + %Bopt,j =0,1,---,19, where h, is defined in (3.1). In Figure

1, we plot the mean squared errors of \,(z) and \,(z) against different h. This figure clearly

11



shows that \,(z) has a substantially smaller mean squared error than A, (z). This confirms the

asymptotic results.

6 Proofs

Proof of Theorem 1. Let U; = F(X;),j =1,---,n, G,(u) = %Z I(U; <wu) and ay(u) =
i=1

Vn(G,(u) — u). Then, using the result of Komlds, Major and Tusnady (1975), there exists a

sequence of Brownian bridges B, (u), 0 <u <1,n=1,2,---, such that
sup |an(u) — By(u)| = Oy(n~?logn). (6.1)
0<u<1

Note that

([ n7hTls,o(x) = f(z) + O,(h?)
nth73s,1(x) = —f'(x)cr + O,(h)
n'h3s,0(x) = f(x)er + O,(h?) (6.2)

nth™ s, 3(x) = — f'(x)ca + Oy(h)

nh0s,4(x) = f(x)ca + O,(h?).

\

Using (6.2) we obtain that
([ Ani(x) = o0,(n3hM)
Ano(x) =n2h° f2(2) f'(x)cr(ca — &) + Op(nPhl?)

Aps(x) = n®h2 f()[f'(x)]Pei(cf = c2) + Op(n’h'?)

An(z) = n*h2f3(2) f'(x)ci(ca — F) + Op(n*h®?).

12



Since
{An(x) = M)} A ()

= (A = AT A (@) + (X, = 0)nale) + (X, = 0B (0))

x{An 1 () + (X — 2)Ana(2) + (X — 2)* A s(2)}
— [+1I,

it is easy to see that Theorem 1 holds if we show that

—4p-127 d f7(1')[f/(55)]20%(02 - C%)2C3
Vinhn i h2T N(O, T F)P ) (6.4)
and
I é)\”(z) F(2) F (2)eaer (s — ¢2) (6.5)

13



as n — oo. The proof of (6.5) is straightforward, hence it is omitted. To prove (6.4), we

decompose I as follows:

I = =Y log SR (XK (AL (@) + (X, — 2)Ana(e) + (X; — 2)2A,5(x))

= ZF"(lXi)];()];()XJ){l + 0,(n"Y?logn)}

k(S5 (A () + (X — 2)Ana(@) + (X — 1) Ana(2)}

-1/2 — X
= OO oen) Z{F (X)}k(—)

X{Ana(x ) (X = Jf)An,z(x) +(Xj — 2)*Ans(2)}

~1/2 100 n, r—X;
_ [1+Op( )'*1'011; log Aan{F F(X])}k?( - J)]

L0 IO IEIEM (A — 1B f () ' (2)en (2 — €3))

+ 1-F(2)

<Y ARX,) — PO, - a5 >]

| OO LR (A () — P f (2)[ ()P (€ — )

DAEX) ~ PN 2)*k(= ‘hX]d]

n [ 2y s Z{F X ()

}{(X = 2)nh? f2(2) f'(w)er(ea = o) + (X — 2)* 0 f (2) [ (2)*er (¢ — o)}
= [1—|—Ig—|-13—|—[4.

(6.6)
Using (6.1)—(6.3), the terms I1—I3 in (6.6) satisfy that
VnhnT'hT2 L = 0,(1), 1=1,2,3. (6.7)

14



Next, the term I, in (6.6) can be estimated as follows:

4140, (h)+0,(n—1/2logn)

= n J{Fu(s) = F(s) (552 ){(s — 2)n’h° f(2) ' (z)er(c2 — ¢f)
+(s — 2)*n?h° f (@) [f'(2)]*er(c] — c2)} dFu(s)
= 5 JECF (s — o)’ h2f2 () f'(2)er (e2 — )
+(s — 2?01 f(2)[f'(@)Per(c] — ca)} d[F(s) — F(s))?
+n [{Fn(s) = F(s)}k(55){ (s — 2)n’h? f2(2) f'(@)er (c2 — )

+(s = 2?0’k f(2)[f'(@)Per(c] — e2) } f(s) ds

= [—% JIFu(s) = F(s)]? d{k(*3*)

x[(s = 2)n®h? () [ (x)er(ca — ¢f) + (s — 2)*nh? f(2) (' (2))*er(c] — 02)]}]

+[vn [ Bu(F(s)k(*5?)

x{(s —2)n’h? f2(2) [ (2)er(ca — ) + (s — 2)* k0 f (@) [f(2)]*er(c] — c2) 1S (s) dS]
= IIL + 11+ 111;.

15



Since

EIII?

onh? [ [* {F(x — th) — F(z — th)F(x — sh) }k(s)k(t)
x{=sn’h 1 f2 () f'(z)er(c2 = &) + 2B f(2)[f (@) er (e} — e2)}
< {=tn® B0 f2 (@) f'()er(ez — o) + B0’ hH f (2)[f'(2)Per (e — e2)}
X f(x — sh) f(x — th) dsdt

nh? [1) [1 F(x)[1 = F(x)lk(s)k(?)
x{=sn® W10 f2(x) f'(x)er(ca — o) + S0 WM f(2)[f (@) Per(c] — )}
<{=tnh1f2(2) f'(w)er(ea — ) + E2n° R f (2)[f'(2)Per(cf — c2)}
x f(x — sh) f(x — th) dsdt

+20h? [1) [* {=th (@) + thF (@) f(x) + shF (x) f(x) + O(h) }r(s)k (1)
x{=sn®h1f2 () f'(z)er(c2 = &) + 2B f(2)[f (@) er (e} — e2)}
< {=tn® B0 f2 (@) f'()er(ez — o) + EnPhH f (2)[f'(2)Per (e — e2)}
x f(a — sh) f(x — th) dsdt

O(n'h*") + 2n™h® fT(z)[f'(x)]*c(c2 — cf)?
x [1 [L At tF(x) + sF(x) }e(s)k(t)st dsdt

O(n'h?") + 2012 fT(x)[f' () Pci(e2 — )*[F(x) — 1]
X S JE k(s)k() (s + t)st dsdt

+207hE fT(2)[f' ()2 (c2 — )? [L, [L, R(s)k(t)s*t dsdt

O(n'h*") + n'h® f7(x) [f' ()Pl (e — ])*[F(x) — 1]
X S S k(s)k() (s + t)st dsdt

+n'h? f1(z)[f (@)t (ca — cf)?es

O(n"h*%) + n"h® f1()[f'(x)Pci(c2 — ) cs,
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we have

Vahn*h 2111, % N(O, F@)f (2)]2E (e — cf)%g). (6.9)

Using (6.1)—(6.3), we notice that terms I71; and I11]5 in (6.8) satisfy
Vnhn *hT2IIT; = o,(1), j=1,2. (6.10)

Thus, (6.4) follows from (6.7), (6.9) and (6.10). This completes the proof of Theorem 1.

Proof of Theorem 2. Define
H(u) = Hi(u) + Ha(u),
with Hy(u) = P(Z; < u,d; =1) and Hy(u) = P(Z; < u,0; =0), and let
H,(u) = Hy1(u) + Hpo(u)

with H, 1 (u —1Z]Z<u6—1)andHn2 —1Z]Z<u5—0) Let T be such

Jj=1 j=1
that 1 — H(T') > d with some d > 0 and M, A denote generic positive constants. Then it follows

from Major and Rejto (1988) that the process {F(u) — F(u), —0o0 < u < 00,1 — H(u) > 0}

can be represented as

FX(u) — F(u) = (1 = F(u))[B1(n,u) + Ba(n,u)] + R(n,u),

where
By(n,u) = Hml_ / Hnl ]12(y) dH(y),
(n, ) / Hl_ )dHQ( )

and for any 9y > 0
P(A;) < MM

where A; = {sup,<;n|R(n,u)| > h=%}. Moreover, there exists a Gaussian Process W (u), —oo <

u < oo, with E(W(u)) = 0 and covariance

B(W(s)W (1)) = A(s) = / 1= G — P dF () (6.11)

[e.e]
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for —oo < s <t < oo, such that
P(Ay) < Me™ ™ and  P(A3) < MM, (6.12)

where Ay = {sup_ < valv/n[Bi(n,u) + Bay(n,u)] = W(u)| > h~*} and Az = {sup_,ocycno
V| Hy(u) — H(u)| > h=%}. Tt is easy to check that

([ n'hTls,o(x) = Hi(x) + O,(h?)
nth3s,1(x) = —H{ (z)er + Op(h)
n'h3s,9(x) = Hj(x)c; + O,(h?) (6.13)

n~th0s,3(x) = —H{ (z)ca + O, (h)

nth0s,4(x) = Hj(x)co + Op(h?).

\

By (6.13), we obtain that
([ Aui(z) = 0,(n3h!1)
Ana(z) = n*h[H](x)]?HY (z)ci(ca — F) + Op(n°h0)

(6.14)
Ang(x) = nhHi(2)[H{ (2)]?c1(cf — c2) + Op(n®h'?)

An(z) = n*h?[H) (2)PHY (2)ci(ca — ¢f) + Op(n*h'?).
Since

{An(2) = A(@)} A (2)

Z{A Z) h(E= ){An 1) + (Zj — 2)Bna(2) + (Z; — 2)*Ans(@)}

| D_AAZ) = Aalw) = M@)A(Z; — 1) ~ %A’@)(ZJ - x>2}k<z_TZj>

X{An1(7) + (Z; — ) Ana(r) + (Z; — f)zAn,s(I)}]

= T+1I,
(6.15)

Theorem 2 holds if we can show that

4127 d f(@)[Hi(2)°[H{ ()]*ci(c2 — c1)?cs
Vnhnth JHN<0, 1= PGP0 = G ) (6.16)
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and
a1 2 é)\”(x) (HL ()] HY () eser(cs — ) (6.17)

as n — oo, where H{(z) = [1 — G(z)]f(z). It is easy to check that (6.17) holds. To prove
(6.16), we decompose the term [ in (6.15) as follows:

e Y log I T B @) (2 00 al) + (2~ 0Bl

_ ZF;(ZJ) - F‘(Zj) (1 + Op(n_1/2 logn))k‘(w _th)

= HOlRGhE Z{F* Z(E=2)

1-F(z)

${An1(2) + (Zj — 1) Ana(r) + (Z; — 2)*An3(2)}

O, (h)+0p,(n=1/2p—=3 “( Z
_ [H— ()—il_—F((x) 0) an{F )}k‘( )]

L0y (N0 W 20) (N, () — nPRO[H ()2 H]/ ()1 (5 — ¢3)}

+ 1-F(z)

<D {F3(Z)) =~ F(Z)} (2, = o)k,

L0, (N0 W 20) (N, () — PR HY () [HY (2))2e1 (2 — e5) }

+ 1-F(z)

XZ{FS(ZJ) — F(Z;))}(Z; — 2)*k( _h )5,

OO S {FN(Zy) — F(Z)Yh(E

+ 1-F(z)

x{(Zj — o)’ W[ H] ()2 HY (z)er(e2 — cf) + (Z; — 2)*n* W Hi () [H{ (z)Per (¢ — e2)}

= L+L+1+1
(6.18)
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Using (6.12)-(6.14) the terms I;—I3 can be estimated as follows:
VnhnT*hTR = 0,(1), j=1,2,3. (6.19)

Next, we estimate the term I, in (6.18). Note that
/ Hy,(u) = h(u)
dH,1(u) = [1 — H(u)]d[Bi(n,u) + By(n,u)] + Hy(u) du — A

We obtain that
4140, (h)+0,(n~172h=20)

) R(n, Z)) (2, — ) WOH, () HY (2)er(cz — &)
T (2 — 2P (@) [ ()P (B — )}

+n [[1 = F(s)][Bi(n, s) + Ba(n, $)|k(57){(s — 2)n®°[H] ()R] (z)es (e — ¢f)

+(s — x)*n3h Hi (z)[H] (z)]*c1 (3 — 02)} dH,1(s)

)\ Rin, Z){(Zi — 2y WO HL ()P HY (2)er (2 — )

+(Z; — x)*n®h H,92)[H{ (x)]*c1(c3 — ca)}

{3 1= PO (s — W P H )er(es — )+ (5 — P8 (o0
me%mqu@—@»D=Mﬂﬂ&m@+BWwW]

VA 11— FHVAIBL(, ) + Ba(n, )] — Wi(s)}k(52)
" {(s — ) RO () 2 (@) er(ea — )
+@—@%%%W@Wﬂ@ﬁﬂ@—@»mwm4

+ _x/ﬁ JIL = F(s)[W(s)k(552){(s — 2)n*h°[H] (x)]*H{ (z)c1 (c2 — )
+(s — x)*n°h* Hy (2) [H{ () Pes (] — c2) FH () dS}

N(s —2)n’h’[Hi ()] HY ()

_ _n [[1 = F(s)][Bi(n, s) + Ba(n, s)|k(%

xerles — ) + (5 — 2)PnhO Hy (@) [HY (@)Per (6 — ) HE=0) By ) d
= [ILH+1IL+ 1115+ 1114 —1115.
Using (6.12)-(6.14), the terms [11y, 115, 1115 and 1115 satisfy

Vnhn *h 2111 = 0,(1), j =1,2,3,5. (6.21)
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Since

BIII?
= ok [1 [1 1= F(a— st)][1 — F(z — th)]y(x — th)k(s)k(t)

x{ s B [H] (@) 2 HY (x)er (ca — &) + sPnhLHy (o) [HY (2) s ( — e2)}Hy (= — sh)

s { —tnP WO [H! ()2 HY () ey ez — ¢2) + EndhM H () [HY (2))2er (2 — co) Y (x — th) dsdt
= b [, [L[1 = F(a— sh)][L ~ F(z — th)ly(x)k(s)k(t)

< { s B [H] ()2 HY (x)er (c2 — &) + sPnh i () [H] (2) 21 ( — e2)} i ( — sh)

s { —tn3 RO [H! ()2 HY (2)cr (cs — ¢2) + 203V H (1) [HY ()21 (2 — e2) Y (a0 — th) dsdt

20 1 ' 11— Flo — th)][1— Fla — sh)][~th(z) + O(h)]k(s)k(t)

< { s WO [H] (@) HY (x)er ez — &) + W HY (@) [H] (2)er ( — e2) i (& — sh)

s {3 WO[H! ()2 HY (2) e (cs — ) + 203 HI () [HY ()21 (ca — E)YH (o — th) dsdt
= O(Th*) +207h% [, [*\ 11— F(a)P[—ty () k()k(t)st[H () P[] (2)* (2 — &) dsdt
= O(Th*) — T [ [ 11— )P/ (0)[t + )k (s)k(t) st} ()] [HY ()P ez — )2 ddt

F2nTh? [N [ L~ f(@)Psy ()k9s k() st Hf (@) [H ()¢} ez — )2 dsd

= O(n™h) + n'h*[1 = G(x)] 7 f () [H (2)°[H] (2)Pci(c2 — c])?cs,

we have
Vahn *h 2111, 3 N(O, [1— G(2)] " f () [H ()] [H (2))* A (cy — cf)%g). (6.22)

Hence, (6.15) follows from (6.19), (6.21) and (6.22). This completes the proof of Theorem 2.
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Proof of Theorem 3. It follows from the proof of Theorem 1 that
ViIRa() =A@} = SV — (VITZ+1)00) = M@ = (VT2 + 1)3h)}
+AVnh{Au(z — /1/26h) — Mz — /1/20h)}
2 i N (x — (/12 = 1)8h) — Mz — (v/1/2 — 1)8h)}
F22nh{ Mz — (/1/2 + 1)5h) — A(z)}
+1Vnh{\(x — \/1/26h) — A(z)}
+HE2Vnh{A(x — (v/1/2 = 1)5h) — A(z)}

_ b (x)e c1(ca—e2)nthil f3(z) f'(z)
= {! 4\/5 +3+ 1+4\/§} 6(01) 24 = 2(1—1F(ac))An(m)

< {22V 1 Bu(F(x — (\/1]2 + 1)0h + sh))k(s)s ds
+ VI [1 Bu(F(x — \/1]26h + sh))k(s)s ds

L2 [N B (F( — (/172 — 1)5h + sh)k(s)s ds} + o,(1).

Note that

B, (F(x + sh)) — B,(F(z)) p
N = V(@)W (s)

in D([0,T]), where T'> 0 and W (s) is a Wiener process, and

E{(/_ll W(s —a)k(s)s ds)(/_ll Wi(s —b)k(s)s ds)} = ¢5(a, b),

where ¢5(a, b) is defined as in (4.1). We prove Theorem 3 by the above equations.
Proof of Theorem 4. Similar to the proof of Theorem 3.

Acknowledgment. Cheng’s research was partially supported by NSC grant NSC-94-2118-M-
002-002 and Mathematics Division, National Center for Theoretical Sciences at Taipei. Peng’s
research was supported in part by NSF grant DMS-0403443. Sun’s research was supported in
part by NSA grant MDA904-02-10071.

22



References

1]

[10]

[11]

K. Chen and S. Lo (1997). On the rate of uniform convergence of the product-limit esti-
mator: strong and weak laws. Ann. Statist., 25(3), 1050 - 1087.

M.-Y. Cheng, L. Peng and J.-S. Wu (2005). Reducing variance in univariate smoothing.

Technical report.

S. Diehl and W. Stute (1988). Kernel density and hazard function estimation in the pres-
ence of censoring. Journal of Multivariate Analysis 25, 299 - 310.

J. Fan and I. Gijbels (1996). Local Polynomial Modelling and its Applications. Chapman
and Hall, London.

J. Jiang and K. Doksum (2003). On local polynomial estimation of hazard rates and their
derivatives under random censoring. Mathematical Statistics and Applications: Festschrift

for Constance van Feden, 463 - 481, IMS Lecture Notes Monogr. Ser. 42.

E.L. Kaplan and P. Meier (1958). Nonparametric estimation from incomplete observations.

J. Amer. Statist. Assoc. 53, 457 - 481.

J. Komlés, P. Major and G. Tusnddy (1975). An approximation of partial sums of inde-
pendent rv’s and sample df, I. Z. Wahrsch. view. Gebiete 32, 111 - 131.

R.Y.C. Liu and J. Van Ryzin (1985). A histogram estimator of the hazard rate with
censored data. Ann. Statist. 13(2), 592 - 605.

S.H. Lo, Y.P. Mack and J.L. Wang (1989). Density and hazard rate estimation for censored
data via strong representation of the Kaplan-Meier estimator. Prob. Th. rel. Fields 80, 461
- 478.

P. Major and L. Rejto (1988). Strong embedding of the estimator of the distribution
function under random censorship. Ann. Statist. 16, 1113 - 1152.

H-G Miiller and J.L. Wang (1990). Locally adaptive hazard smoothing. Prob. Th. Rel.
Fields 85, 523 - 538.

23



[12] V.K. Murphy (1965). Estimation of jumps, reliability and hazard rate. Ann. Math. Statist.
36, 1032 - 1040.

[13] P. Patil (1993). On the least squares cross-validation bandwidth in hazard rate estimation.
Ann. Statist. 21(4), 1792 - 1810.

[14] P. Patil (1997). Nonparametric hazard rate estimation by orthogonal wavelet methods.
Journal of Statistical Planning and Inference 60, 153 - 168.

[15] J. Rice and M. Rosenblatt (1976). Estimation of the log survivor function and hazard
function. Sankhya Ser. A 38, 60 - 78.

[16] H. Schéfer (1985). A note on data-adaptive kernel estimation of the hazard and density
function in the random censorship situation. Ann. Statist. 13(2), 818 - 820.

[17] N.D. Singpurwalla and M.Y. Wong (1983). Kernel estimators of the failure rate function
and density estimation: an analogy. J. Amer. Statist. Assoc. 78(3), 478 - 481.

[18] M.A. Tanner (1983). A note on the variable kernel estimator of the hazard function ran-
domly censored data. Ann. Statist. 11(3), 994 - 998.

[19] M.A. Tanner and W.H. Wong (1983). The estimation of the hazard function from randomly
censored data by the kernel method. Ann. Statist. 11(3), 989 - 993.

[20] Q.H. Wang (1999). Some bounds for the error of an estimator of the hazard function with
censored data. Statistics €& Probability Letters 44, 319 - 326.

[21] G.S. Watson and M.R. Leadbetter (1964). Hazard analysis 1. Biometrika 51, 175 - 184.

24



mse
0.26 0.28 0.30
I I I

0.24
I

0.22
I

0.20
I

| | | | | |
0.15 0.20 0.25 0.30 0.35 0.40

bandwidth

Figure 1: Mean squared errors. The mean squared errors of A, (z) (dotted line) and An()
(solid line) are plotted against h = h‘é”t + %Eopt;j =0,1,---,19, where h,y; is defined in (3.1).
We take = such that F'(x) = 0.5.
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