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Abstract

In the article, we propose a new estimator of the hazard rate func-
tion in the framework of the multiplicative point process intensity
model. The technique combines the reflection method and the method
of transformation. The new method eliminates the boundary effect
for suitably selected transformations reducing the bias at the bound-
ary and keeping the asymptotics of the variance. The transformation
depends on a pre-estimate of the logarithmic derivative of the hazard
function at the boundary.
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1. INTRODUCTION

An investigation into the intensity of the occurrence of phenomena observed
as some processes is the most common subject of interest in the theory of
point processes. In the most simple cases, which occur in the reliability the-
ory or survival analysis, the object observed can take only one of two states,
defined as ”"working” and ”broken” (alive, dead). The transition between
these states can be thought of as an event of some point process.
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In such cases the intensity of the events ”death” is given by the hazard
function for the distribution of the survival time. Let us note that the model
described above is a special case of the so called multiplicative intensity
model [1] which has played a key role in the theory of point processes.
The model assumes that the intensity of a given point process N, (t) is the
product of a deterministic function «(t) and an observable factor Y,,(¢):

A(t) = a(t)Y,(t).

The deterministic part of this model (for a two state model), «(t) is inter-
preted as the hazard function, whereas Y,,(¢) denotes the total number of
objects among n, which are at risk at time t. When a collection of indi-
viduals is observed it is often impossible to wait for the event to happen
for all the objects observed - it is only known that the event had not yet
happened at some specified time and in this case the observation of the time
to the occurrence of the event is censored. A well known estimator of the
function « in this multiplicative model is the Ramlau-Hansen (R-H) esti-
mator [4]. However, this estimator gives poor estimates at the end points
of the domain of the hazard function. This phenomenon is analogous to the
boundary effect observed when estimating a density function.

One of the methods proposed in order to eliminate this undesirable
effect, occurring in both the estimation of a density function, as well as of
a hazard rate function, is the method of transformation, see, e.g., [5], [6],
[9], [10], [3]. The transformed estimator of the hazard function (the kernel-
diffeomorphic estimator) proposed in [3] leads to a bias of order O(h?),
whereas for the R-H estimator it is of order O(h), where h is the bandwidth
parameter. This result is true for any diffeomorphic transformation . The
problem of estimation of the hazard rate function with a uniform accuracy
in the whole domain seems to be important due to possible applications in
biostatistic, demographic, epidemiologic and survival analysis.

In this article, we construct a new estimator of the hazard rate func-
tion, which combines the reflection method (used in the estimation of the
density function [7]) and the method of transformation. Under the following
conditions on a monotonically increasing transformation ¢

e »(0)=0

. go(l)((]) =1
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we obtain estimates for the bias and asymptotic variance of order O(h?)
and O(#) respectively. The choice of the transformation ¢ is an important
element of the new estimator. Since the conditions on the transformation ¢
depend on the unknown function o we have presented a method of estimating
such a transformation function . Due to the proposed method of estimation
of the transformation function ¢, it is important for the hazard function we
estimate to satisfy the condition o > 0.

The plan of the paper is as follows. Section 2 contains preliminary re-
sults concerned with the multiplicative point process model. In Section 3,
we introduce a new estimator of the hazard rate function. Moreover, we
describe conditions on the transformation and present a method for its esti-
mation. We also formulate a lemma where the formula defining the bias and
variance of the introduced estimator is given. Furthermore, we formulate
theorems on asymptotic properties of the estimator. Section 4 is devoted to
the presentation of some simulation results involving the estimator consid-
ered. Section 5 contains proofs of all theorems and statements from previous
sections.

2. THE DESCRIPTION OF THE MODEL

In this section, we describe the multiplicative intensity point process model
introduced by Aalen (1978). Let (€2, P, F) be a probability space on which a
sequence of point processes { N, (t),n € N} is defined. We assume that the
processes are adapted to their filtrations {F;,,;n € N,t > 0}. We consider
such models for which a stochastic intensity A(¢) of the process N, (t) exists
and can be defined in the following way

A1) = Jim Lp(NGE+h) — N > 1| F) .

The point process N, (t), belongs to the class of multiplicative intensity
model if the intensity function A(¢) has the following form

At) = a(t)Ya(t) ,

where Y, (t) is an observable nonnegative process, left continuous with right-
hand limits (or more generally predictable), and «(t) is the unknown non-
negative deterministic function to be estimated.

An important example of application of the multiplicative intensity
point process model is the operation-failure model under censoring.
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Suppose, we observe the course of n life insurance policies. Let T; be the ran-
dom variable representing the i-th person insured, where the deterministic
function in the multiplicative model is interpreted as a hazard rate function
of the form
P(T; € [t,t+dt) | Ty > t) = a;(t)dt .

Obviously, in practice we do not have access to the complete set of observa-
tions regarding the lifetime of the people insured. Data censoring appears
in many cases, i.e., loss of contact with the client before death. We define
the point process of such a model to be

NO@W =Ty <t,D;=1}, i=12,...,n,

where

T; — is either the time of death or censoring,

D; — is the indicator of time of death being observed D; = 1{Tl =T}

and

Fir = {T@ < 8,8 <t,D;}.

Further, we have

P (dN(i) (t)=1| ]—}) = a; (t)Y D (1)dt

with

YO = 1{T; >t} .

Assuming the independence of the risk of a failure (death) and censoring
process, (see Anderson, Gill [2]) and that the subjects observed represent
a homogeneous population, we can define a sequence of one-dimensional
point processes N, (t) whose value at time ¢ represents the number of failures
(deaths) in the interval [0, ¢]. The intensity of the process is given by A, (t) =
a(t)Yn(t), where Y, (t) represents the number of elements still functioning
and being under observation up to time . We can write

AN, (t) = a(t)Y(t)dt + dMy (1),
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where M, (t) is a martingale with respect to the filtration {F,, ;} = o(Fis; i =
1,2,...,n). To estimate the hazard function «(t), t € [0, 7], one can use the
following estimator

(2.1) () = :L/OTK (x;‘9> ;]/:(S)dNn(s),

where Jp,(s) = 1{Y,(s) > 0} and J,,(s)/Yn(s) = 0, when Y, (s) = 0.

In addition:

1
(2.2) K — the kernel function, with support [-1,1], / K(u)du =1,
-1
(2.3) h — bandwidth (a positive parameter), h — 0 as n — oc.

The form of this estimator was derived by Ramlau-Hansen (see [4]). It is an
asymptotically unbiased, consistent and asymptotically normal estimator
of the hazard rate function (see [4]). However, the results of simulations
carried out using this estimator are unsatisfactory at the end points of the
time interval on which the process N, (t) is observed. To correct this so
called boundary effect a kernel-diffeomorphic estimator has been defined in
[3] which gives improved results at the boundary. It is of the following form

@n,so(CC) =

(2.4) b -
(2@ =) e )y s
- h/a K< h ) Yn(gofl(s)) Jn(‘ro ( ))dNn(QO ( ))7

where ¢ is a diffeomorphism from (0,¢) on (a,b), and a, b, ¢ are allowed to
be infinite. The estimator has been proved to be asymptotically unbiased
and asymptotically normal. Moreover, for any diffeomorphic transformation
¢ the order of bias is O(h?) for all x € [0, T] and also for z = ch, 1 > ¢ > 0.
Despite of satisfactory properties of the bias, this estimator has a somewhat
larger variance than that of Ramlau-Hansen.
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3. ESTIMATION OF THE HAZARD FUNCTION WITH
TRANSFORMATION AND REFLECTION OF DATA.
PROPERTIES OF THE ESTIMATOR

Let T; be the points of discontinuity of the point process N,,, which is ob-
served on the interval [0, 00). Moreover, let ¢ : [0,00) — [0,00) be a non-
negative, continuous, and monotonically increasing function. We transform
the points of discontinuity of the process, T;, to ¢(T;), and then reflect
them around the point ¢ = 0. Hence, we obtain —¢(7;). Using these new
pseudo-data we can write

) B 1 z — (—p(T3)) 1
Gref(T) = h;K< h )Yn(Tl)

(3.5) - }IL/OOOK <”“°+;Lp<3>) Ynl(s)dNn(s).

Combining the formula for the R-H (2.1) estimator and making use of the
pseudo-data (3.5) we can define a new estimator of the hazard rate function
as follows.

Definition 3.1. The reflected after transforming estimator &, of the hazard
rate function « is defined by the following formula

(36)  an(x) = }11/000 {K <$ - S) LK ("“" +if(5)>] }J/:Ez;dNn(s),

where J,(s) = 1{Y,(s) > 0}. If Y,,(s) = 0 we define J,,(s)/Yn(s) = 0. The
kernel K and parameter h satisfy conditions (2.2), (2.3), respectively.
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It can be easily shown that the form of this estimator reduces to the R-H
estimator for z > h. This fact follows from the boundedness of the support
of the kernel K. For x > h the above estimator has properties analogous to
those of the R-H estimator. Thus, the bias is of order O(h?). In order to
describe the behaviour of the new estimator at the boundary we need the
explicit form of the bias expression of the estimator (3.6).

Throughout the paper, we assume that

(3.7) lim sup F ntu(s) 1 =0
n—co o] | Ya(s)  y(s)
and
1
(3.8) lim sup E|J,(s)—1] = lim sup P (Y,(s)=0)=o0 <> ,
00 50,7 =00 5¢[0,T] n

where y(s) is a positive and continuous function and 7' is any positive
number.

Remark 3.1 .The assumption 3.8 holds in a model of observing n objects
in the presence of right censoring, see (2] for details.

3.1. Reduction of the bias

The transformation ¢ plays an important role in the definition of the esti-
mator (3.6). The choice of the function determines the form and the order
of the bias.

Lemma 3.1. Assume that o2 (.), ©®)(.) exist and they are continuous.
Furthermore, assume that = 1(0) = 0, and pV(0) = 1, where ¢! is the
inverse function of o, and oD and ¢ are the ith derwatives of o and @,
i >0 (a9 = a,0® = ). Moreover, assume that condition (3.8) holds.
Then for x = ch, 0 < ¢ <1, we have
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Ban(@) ~a(z) = h(200(0) - ¢®(0)a(0)) / K@)t — o)t

h2 1
+ Ea(Q)(O) / K (t)t2dt
-1

_ h’; [90(3) (0)a(0) + 3(p(2)(0) (a(l)(o) _ w(g)(O)a(O))]
(39) X /1 K(t)(t — ¢)*dt + o(h?).

The proof of the lemma is given in Section 5. The primary goal of our
transformation ¢ is to eliminate the first-order term in the bias expression
(3.9). Assume that a(0) > 0, then it suffices that

(3.10) ¢ (0) = :

to eliminate the first order term. Consequently, let us choose a transforma-
tion ¢ satisfying the following conditions:

(1) (0)=0
2) ¢1(0) =1

@)y — 220(0)
3) ¢ (O)— (0)

(4) ¢ is monotonically increasing.

It is easy to find such transformations fulfilling the conditions above. For
instance, let us choose the transformation ¢ of the form:

(3.11) o(x) = x + Da? + AD?23,
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where

(3.12) D =

and 3A > 1. This function obviously satisfies conditions (1)—(5), and the
bias (3.9) takes the following form:

Bén(z) — alz) = h;a<2>(0) / 'Kty
—1

- h226D(A —1)aM(0) /C1 K(t)(t — ¢)%dt + o(h?).

3.2. Asymptotic distribution of the estimator ay,
To study the statistical properties of &, it is convenient to introduce the
quantities

(3.13)  a'(z) = ]11/000 [K <‘”” = S) VK <”””+h‘p(8))] To(s)a(s)ds,

(3.14) a(z) = 2/000 [K <x . 8) VK (“W)] a(s)ds.

The following theorem gives the form of the asymptotic distribution of &,.

Theorem 3.1. Assume that ¢ and h satisfy conditions (1)—(4), (2.3) re-
spectively, and nh — oo when n — oo. Further, assume that the function
a 1s twice continuously differentiable and conditions (3.7), (3.8) hold. Then
forx=ch, 0 <c<1 we have

(3.15)  Vnh(an(z) - @5(z)) == N(0,V) as n— oo,
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where V' is of the form

(3.16) V= 8/1{2 t)dt + 2 S/K K(2¢ —t)dt.

In addition to the theorem one may be interested in extra conditions which
ensure that vnh(a®(x) — a(r)) is asymptotically negligible. Applying the
mean value theorem, this occurs if nh® — 0 as n — oo. Moreover, we can
write

Theorem 3.2. Assume that ¢ and h satisfy conditions (1)—(4), (2.3) re-
spectively, and nh — oo, nh® — 0 when n — oo. Further, assume that the

function « is twice continuously differentiable and conditions (3.7), (3.8)
hold. Then for x = ch, 0 < c <1 we have

(3.17) Vi (én(z) — Edn(z)) =5 N(0,V) as n— oo
and
(3.18) Vih (6n(z) — a(z)) = N(0,V) as n — oo,

where V' is of the form 3.16.

The above theorems give us some description of the asymptotic variance of
the estimator é&,, which is to be of the rate %

Remark 3.2 .Let us observe that for x > h, the estimator &(z) has the
same asymptotic normal distribution as the Ramlau-Hansen estimator.

3.3. Estimation of the transformation ¢

The transformation ¢ given by (3.11) is difficult to use in practice, because
D defined by (3.12) is unknown (it depends on the unknown function «).
Taking into account that

(3.19) D = (d/dz) log a(x)|z=0
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one can estimate D by

2 D, = )
(3.20) -
where h — 0 as n — oo, and
. 1

(3.21) an(h) = éan(h) + —,
where &y, (h) is defined by (2.1), and
(3.22) an(0) = max | &, (0) *

. n - n b)) n2
with

. 1 [ —s\ Jn(s)

2 0= | Kg(=2) 2N,

oz a0 =g [T (5) 32

for K (o) satisfying

0 0
1 —1

and

/0 K () (t)dt # 0.

-1

The factor # in 3.21 and 3.22 is used to keep oy, (h) and «,(0) bounded

away from 0. Assuming that h = O(n~'/®) we obtain the rate of convergence
of &, to a and D,, to D for xz = 0, h. Namely, we have

Lemma 3.2. Let ay(h) and oy, (0) be defined by (3.21) and (3.22), respec-
tively. Suppose that 04(2)(-) 1s continuous near 0. Then
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(3.24) lan(z) — a(z)] = O(h?)
and

(3.25) E (an(z) — a(2))* = O(hY)
forx=0,h.

Lemma 3.3. Let D,, be defined by (3.20). Assume that a(x) > 0 for x =
0, h and that a)(-) is continuous near x = 0. Then

(3.26) |Dp, — D| ~ O(h)
and
(3.27) E (D, — D)* = O(h?).

Thus we define

(3.28) on(z) = + Dpa® + AD2 23
as our estimator of ¢(x).

3.4. The proposed estimator
Based on the estimator ¢,, defined in (3.28), we propose a new estimator of
the form presented in (3.6). It is defined as follows

(3.29)  Ginew(z) = ]11/000 {K (9” - S) +K <‘”’3 + ;f"(s)ﬂ 1‘]/28 AN, (s).

Since the estimator has the same form as the estimator (3.6), it can be shown
that for x > h it reduces to the R-H (2.1) estimator. Thus (3.29) is a natural
extension of the R-H estimator. The properties of the bias and asymptotic
distribution of the estimator (3.29) are given in the following theorems.

Theorem 3.3. Assume that a(z) > 0 for = 0,h, and o?(z) is contin-
uous in a neighbourhood of 0. Moreover, assume that conditions (3.7) and
(3.8) hold. Then for x =ch, 0 < c¢ <1, we have
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(3.30) Eénew(r) — afz) = Eay(z) — afx) + O(h?),
where ey and &, are given by (3.29) and (3.6), respectively.

Let & . be defined as follows

new

& () = }L/OOO [K <x - ) LK (“;:”))] () Jn(s)ds

and o' be defined by 3.14. We now turn to a study of the asymptotic
distribution of the proposed estimator dy,eq,.

Theorem 3.4. Assume that ¢ and h satisfy conditions (1)—(4) and 2.3
respectively, and nh® — 0 when n — oco. Further, assume that the function
« is twice continuously differentiable and conditions 3.7, 3.8 hold. Then for
x=-ch, 0<c¢<1 we have

(3.31)  Vnh (Giew(x) — @ oy (1)) 2, N(0,V) as n— oo,

new

(3.32) Vnh (Gnew(z) — a(z)) D, N(0,V) as n— oo.

Moreover

(3.33) Vinh (Gpew () — ) 2, N(0,V) as n—oo

and

(3.34) Vnh (6mew (2) — Bénew(x)) =5 N(0,V) as n — oo,

where V is of the form 3.16.

Proofs of these theorems are given in Section 5.
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4. SIMULATION RESULTS

We assume that failure times 171, ...,7T,, where n = 1000 are observed on
the interval (0,00) and data are generated from

(i) the exponential distribution with A=5, here the hazard rate is fixed
a(z)=5,

(ii) the Gompertz distribution with the hazard function of the form a(z) =
0 exp(yx), where § =1 and v = 1.

In simulations, we used the following kernels

K(x) = 50— N {[-1,1)

and

Ko(z) = 12(1 + 1) (t + ;) 1{[-1,0]}.

The value of A used in the simulations was 0.55, which gave relatively
good results. In all cases, we set h = 0,24, which is of order n=1/5. We
have to keep in mind that the estmator &, differs from the R-H estimator
at points x = ch, where ¢ € (0,1); whereas for points x > h these esimators
are equal. We estimate the hazard rate function on the interval (0,1) and we
do not have complete observations of the lifetime. We assume that 71, ...,7T,
are censored by n independent censoring time Uy, ..., U, generated from the
exponential distribution with the mean A. The parameter A = 3 was chosen
for the life time 7; from the exponential distribution and A = 1.5 for the
life time T} from the Gompertz distribution. We define T, = min(T;, U;)
and the indicator of censoring D; = 1{7?Z = T;}. In this case, the point
process N is of the form N, (t) = 37 1{T; < t}. This process counts the
total number of failures in the interval (0,¢), and the intensity function is
given by A\(t) = a(t)Y,(t), where Y;, = S°7  1{T > t}. The process Y(t)
counts the number of elements at risk of failure just to time ¢. Figures 1
and 2 present realizations of the estimators du,e and &, obtained from the
censored data. We observe a significantly better behavior of the estimator
Gnew at the boundary (in the neighborhood of zero). We draw analogous
conclusions from Figure 3 where the bias of both estimators is presented.



ESTIMATION OF THE HAZARD RATE FUNCTION WITH ... 19
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Figure 1. Data from exponential distribution:

(a) The estimator dpe, (solid
line) and true hazard rate
function (dashed line).

(b) The Ramlau-Hansen estimator
(solid line) and true hazard rate
function (dashed line).
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Figure 2. Data from Gompertz distribution

(a) The estimator Gy, (solid
line) and true hazard rate
function (dashed line).

(b) The Ramlau-Hansen estimator
(solid line) and true hazard rate
function (dashed line).
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Figure 3. The bias of the estimator du,eq, (solid line) and
the Ramlau-Hansen estimator (dashed line):
(a) data from exponential (b) data from Gompertz distribution.

distribution

5. PROOFS

Proof of Lemma 3.1.
We assume that x = ch, 0 < ¢ < 1 and the kernel function K has a bounded

support (i.c., [-1,1])
pante) = B[ [ i (557 + 2 (S50 | g ame)]
_ ;/OOO [K <x - 3> VK <°””+h9"(3)>] o(s) BT (s)ds

;L/OOOK <$;5> a(s)d8+}1l/oooK (W) a(s)ds

= Il+127

12
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where
z+h _
11:1/ (x S) ds-/ K(t)al(z — ht)
h Jo
c h2t2
(5.1) :/ K(t) [a(x)—a<1>(x)ht+a<2>( )T—i—o(hz) dt
-1
and

1 [e(h-a) x + p(s)
I, = h/o K<h> a(s)ds

B 1 a ht—x 0490 (h(t—c)))
- x/hK“)w e ht—:c = / KO D = o™

(t—c)2h2 [ a(p(") o
2 (sp(l)((pl( ))()0 dt + o(h”)
! —c 21,2
(5.2) = / K(t) [a(O)—i—(t )h( M(0) 90(2)(0)a(0)> (t 2) h

x dt + o(h?).

Summing (5.1) and (5.2) we obtain




22 B. JANISZEWSKA AND R. ROZANSKI

Eay(z) = /K t)dt—al / K (t)tdt+a® /K £)¢2dt
" /K (1)t + (a(0) - /K )t — o)
+ [a®(0) - ¢ (0)a(0) - 36 (0 >( M(0) - ¢@(0)a(0))]
53 x o [ KO- o0

By the assumed continuity of a(? () near 0, we have that for z = ch

(a) a(0) = a(x) — aV(z)ch + %a@) (z)c?h? + o(h?),

C
Q

W (2) = aB(0) + cha®(0) + o(h),
(¢) a®@(z) =a®(0)+o(1).

Substituting (a)—(c) into (5.3), we obtain

Eén(z) = a(x)+h<2a(1)(0)—g0(2)(0)a(0)> / 1 K(t)(t — c)dt
2 1
(2 204 _
(0) /_ K(
% (¢@(0)a(0) +3¢2(0) [a® (0) = @ (0)a(0)] )

< / K@) — 0dt + o(h?)
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which completes the proof of Lemma 3.1.

Proof of Theorem 3.1.

Vnh (G (2) — a(z)) =

=, [ () e () gy
“ i Lo e () o)
=i () e () o

Let us consider a sequence of predictable processes
n xr—s x4+ p(s)\] Junls)
H,(s)=4/+- | K K
=i o (55) (555

with a fixed 2 and h at the moment, and let {M,} be a sequence of martin-
gales as follows

M, (z) = /OZ H, (s)dMy,(s) z € (0,00).

We show that

(Ma(2)) 5 V(2),

where V' is a non-decreasing and a non-negative function and (-) denotes the
quadratic variation.
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z

(Ma(2)) = [ Hi(s)d(Ma(s))

0

R ]
Ll () o (2

L) ()

= I11 + Ia.

1

+

Observe that

+

min(x+h,z) _
1/ 2 (a; s) a(s)ds
h Jo h ) y(s)

2
maz(—1l,c—%) K (t) y(h(C - t)) “
min(Let52) o ale™ (it~ o)) 1
/ KO T = o) g (e — ) ™
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1 ()
[ (0

_ 2/ 0K (ac +0(0) + M (0)h(c — 1) + o(h2)>

o

I
DO

h
a(0) +o(1) . ¢ . .
X y(h(c—t))dt_2/max(—1c-;)K(t)K(2 t+o(h))
" a(0) + o(1)
(5.5) 0 dt,

where we make use of facts
« -1 —cC @
(a) s = 20 + [0 (0) - e (0)a(0)Alt - ) + o(h) =

50?1()(:2)0) + 0(1)7

(b) a(h(c—1)) = a(0) +o(1)

and conditions (1)—(4). Thus we get

B man 1,c+¥ a 0
o) = | (<1 - >K2<t>(0;(+0) op
¢ o al0) Fo()
b2 /m sy KK et oh) S



26 B. JANISZEWSKA AND R. ROZANSKI

Further, let Mme be of the form

Mo () = /0 Ty ()1 Ho(3)| > e}dMo(s).

- /0 Hy (s)H{| Hn(s)| > e}d(My(s))

_ ”/0 [K (‘T - 5) +K (“’” +If(5)>r }{ZEZ;a(sﬂﬂHn(s) > e}ds

r 1/0mm(a:+h,Z) [K (x ; s> K (aH—l;p(s))r Z((gl{lHn(s)! - e)ds

a(h(c—1t)) B adr F
y(h(c—t))l{’Hn(:r th)| > e}dt 0

because

H|Hp(z — ht)| > €} =

_ 1{ x—i—go(x—ht))} Jn(:z::zg

i (2258
= 1{K(t) > ev/nh —

K (o4 £t } o
.

y(0) y(0)
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uniformly in probability. Finally, all the assumptions of Rebolledo’s theorem
[2] are satisfied and thus

M, (z) 2 G(2),

where GG is a Gaussian martingale with variance V. Taking into account
that the kernel has a support in [—1,1] and h = O(n~1/%) we obtain that

- n—oo  a(0) [! a(0)
(a(2) ~22 y(o)/l Bt + 22 0 / KK (2 — t)dt
(5.6) =V

uniformly in probability. This completes the proof of Theorem 3.1.

Proof of Theorem 3.2.
lli‘/Iizsr‘ce,O\\ZzG)erf)bserve that vnh (a’(z) — Edy,(z)) — 0 by the assumption (3.8).
Vnh(a®(z) — a(z)) = Vnh (Edn(z) — o(z)) = VRhO(h?) = O(Vnh5) — 0.
and
Vinh (én(2) = Bdn(z)) = Vah(@n(x) = a,(2)) + Vnh (&,(2) — Edn(z))
= A; + Ay,
and

Vih (G(2) = a(z)) = Vih (Gn(z) = a5, (2)) + Vah (&,(2) - o’(2))

+ Vnh (ao(x) —a(z)) = A1 + By + Bs,

where A; converges to N(0,V) from Theorem 3.1, and it is easy to show
that Ay, Bs and Bs converge to 0. This finishes the proof of 3.17 and 3.18.
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Proof of Lemma 3.2.
Without loss of generality we prove this lemma only for x = h. First, we

P
show that |Gy, (z) — a(x)| = O(h?) and E(d,(x) —a(z))? = O(h*), where d,
is defined by (2.1). Formulas (3.24) and (3.25) are a direct consequence of the

facts mentioned above (respectively) and the assumption that h = O(n~1/%).
Namely, we have

ln(2) — afz)] = 2/{)%}{(;(;;5) In(3) 1\ (5) — ()

IA
Sl
S—
8
=
7 N\
8
=
»
N———
=
@
2
N
U
)
\
=X
3

(57) = JH(Q?) + J22($).
It can be shown that

Jn ;i/DHhK (“" - S) a(s)ds — a(z)

_ /11 K(t)(alx — ht) — a(x))dt’

IR~

= /_ 1 K(t) <a($) —aW(z)ht + %a@) (@)h*t* — a(z) + o(h2>> '

= |—aM(z)h / 1 K (t)tdt + %a(2)(az)h2 / 1 K(t)tht‘ + o(h?)
—~1 -1

1

= |zo @)’ /_ 11K (8] + o(h?)

(5.8) £ 0m?).
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Note that by Chebyshev inequality

1R~

(5.9) Jog O(h?).

Moreover, by Vallee-Poussin theorem ([8], p.17) Ja2 is uniformly integrable.
Substituting (5.8) and (5.9) into (5.7) we obtain

P
(5.10) |6 (2) — a(x)| = O(R?)  for x = h.

Now we show the second formula

E(an(r) —a(z))® = E (;L /OOOK (x ; s> ;]/:Engn(s) B a(x)>2

- E (i /OMK (”’“ - S) Jn(s)a(s)ds — a(m))

o) )

X
N
S| =
c\&
Jr
>
7N
&
=
w
"
S
|
w | »
S— | —
=
3
&
N~—
~__

(511) = L1+ Lo+ Ls.

It can be shown that
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>K( h ) i)

R <w (s e

_ ( /_ 11 K(t)a(s — ht)dt> ’ + 02(e) - 20(2) /_ 11 K(t)a(z — ht)dt

2 1 2
(5.12) = [2@] 4 ( / K(t)tht> ~ O(h%)
—1

1
and
Ly = f;/{)ﬂhf(2 (fC;S) E}J/:Ez;a(s)ds
[ ()
(5.13) < nh/ K2(t)a(z — ht)dt =2 o<n1h> O(h%),

where we make use of the fact h = n=1/5,
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Moreover, by Schwartz’s inequality we have

(5.14) Ly < 2y/I1/Is = O(h").

Similarly, we can prove both above facts for x = 0. This finishes the proof
of Lemma 3.2.

Proof of Lemma 3.3.
Let D,, and D be defined by (3.20), (3.12), respectively, then

D, — D| = ’(Dn - loga(h);loga(0)> . <loga(h) ;loga(O) _DN

(5.15) = |J1 + Jo| < |Ji| + | 2|

By Taylor’s expansion of log(+), we have

| Jo| =

al) a@(0)a a® 2
log a(0)+ a(o()o)h+% © g%)a) OF p2_10g a(0) + o(h?) - oM(0)
h a(0)
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Note that

Al = h h

<+ ([log o (h) —log a(h)| + [log o (0) — log a(0)]) -

Applying Taylor’s expansion of the function log(-), for z = 0, h, we have

o5 (¢) ~ loga(a)] = | =t S ]

an(z) — ax)

a(z)(1 —0) + dap(x)

where 0 < § < 1 is a constant. The last equality follows from Lemma 3.2.

Therefore,

(5.17) J1 £ 0(n).

Combining (5.15), (5.17) and (5.16) we conclude the proof of formula 3.26,
3.27 can be proved similarly.
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Proof of Theorem 3.3.
We have

Bénew(z) — al(z) = (Bdnew(x) — Ean()) + (Ban(z) - a(z))
= K + (Eéan(z) — a(z)),

where
- B ) 1 () e
L)+ (o)

|52
el e () o

x —f—;Lp(S))]
In(s)

x 1{se[0,ph]l,p> 1} Yn(s)dNn(s)> .

Applying Taylor’s expansion, we obtain

K| = ‘E <]11 /“h M (w +;LP(S) L onls) = w(s)é) onls) — o(s)
0

x 1{se[0,ph]l,p> 1} %dNAS)) ‘ .

/th<@—w@»usempmp>1y”“MN<ﬂ
0 " ’ ’ Yn(s) "

C z+h B Jn(s)
< @B [ leuls) = el 14s € Dby > 1} 5E N, 3),
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where 0 < § < 1 and C are constants. It is easy to see that ¢(x) > h
for x > ph, where p = % and by the assumption A > 1/3. Hence for
z € (0,ph) we have

|on(2) = @(@)| = [2*(Dy — D) + Az®(D;, — D?)]

IN

[p*h*(Dy, — D)| + |Ap*h3 (D2 — D?)].

So, we can write

C z+h J (8)

K| < =E ’h%|D, — D1 e
Kl < e | [T P, - Dl e 0.2 an,
v 313112 2 In(s)

+ Ap°h’|D;; — D7[1{s € (0,ph)} dNn(s)
0 Ya(s)
c v 272 In(s)

= o E /0 PRI, ~ DIL{s € (0.ph)} 5 dNu)
c v 313112 2 In(s)

+ h2E/0 Ap°h’|D; — D*|1{s € (O,ph)}Yn(S)dNn(s)

By Lemma 3.3 and uniform integrability of K; we have

(5.19) K, = O0(h?).

Also K3 is uniformly integrable and

(5.20) Ko = O(hY),

which can be proved using the following
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|D2 — D?| = |D? 2D, D+ D*+2D,D — 2D?|
= |(Dn — D)* +2D(D,, — D)

< |Dn — D>+ 2D|D,, — D| £ 0(h?) + O(h) £ O(h).

The last equality is a consequence of Lemma 3.3.
Combining (5.19) and (5.20) we obtain

(5.21) K| = 0(1?),

which completes the proof of (3.30).

Proof of Theorem 3.4.
Note that

m(dnew(x) — bpe(@)) = m(dnew(x) — ain(2))
+ Vi (@n(x) — a5 (2))
+ M(dn(x) _&;ew(x))

(5.22) = J1+ 2+ Js,

where

n z+h
< o [ enl) — oo € Duphlhn(shats)ds

n z+h (s
i [ et — ptolnts € 0phE s

(5.23) = Jl+Ji
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It can be shown by Lemma 3.3 that

x+h
1 n
i s vhsC/o

(p*h?|D,, — D| + Ap*h®|D,, — D|* + 2Ap*h*D|D,, — D)

X

X

1{s € [0, ph]}a(s)ds
(5.24) = O(Vnhd) — 0.
Furthermore, by (3.7) we obtain
n z+h
5t 2\ 550 [ o) - (o)t € 0.9

< G
~ Vnh3

z+h

/ (ph®|Dyn—D|+Ap*h*|D,,— D|*+ Ap*h*2D|D,, — D)
0

(5.25)

x 1{s € [0, ph]}dM,(s)

~_ 9 om /Hh M, () 2 Cyh™2 /Hh i, (s)
- linh?’ 0 n = L2 0 \/ﬁ n
P,

where C' and C; are constants. So J; — 0 in probability. The quantity

Jy 2N (0, V), which follows from Theorem 3.1. Similarly as for J; we can

P
prove that J3 = O(v/nh®) and tends to 0 as nh® — 0. This completes the
proof of formula (3.31). Moreover, similarly we obtain formula (3.32) and

by analogy to Theorem 3.2 we obtain formulas (3.33) and (3.34).
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