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ABSTRACT

Name: Ningning Wang

Date of Degree: DECEMBER,2013

Title of Study: NONPARAMETRIC EMPIRICAL DENSITY FUNCTIONAL
ESTIMATION AND APPLICATIONS

Major Field: STATISTICS

Chapter 2 of this dissertation presents a nonparametric empirical likelihood es-
timation of kernel density functionals (ELKDFE), which are constructed based on
a kernel density functional estimation (KDFE) and the concepts of empirical like-
lihood. The work focuses on estimating the integration of square density function
and a known function which has a derivative of order p, for p > 0. In many applica-
tions there may be extra information available to use, hence the concept of empirical
likelihood becomes useful in providing a systematic approach for capturing the extra
information. So ELKDFE reduces the MSE, especially when the sample size is small
to moderate, and the difference of MSE between those two estimates decreases as the
sample size increases.

Secondly, in Chapters 3 and 4, two new kernel estimators are proposed, GCA
and LCA, and their rationales, properties, empirical likelihood versions, data-driven
bandwidth selection, and applications are given as well. The bandwidth of the new
approach is much tighter, catching the density’s humps and valleys is more accurate.
These estimates can be used for fixed and sequential sampling. The empirical likeli-
hood (EL) versions of the GCA and LCA are provided and shown to have smaller
AMISE than that of the non-EL estimation, and the difference of MISE tends to
shrink as the sample size increases.

The GCA and LGA estimates are applied to regression using a local polynomial
setting. It is shown that the regression estimators based on GCA and LGA have
smaller bias and variance than standard kernel regression estimators.

An investigation of the properties of cumulative distribution function estimation
based on GCA and LGA shows that the new estimators have smaller MSE and
better performance than standard kernel CDF estimation.
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1 Introduction and Literature Review

1.1 Introduction

Nonparametric density estimation has been widely used with an array of new
tools for statistical analysis. The main advantage of this approach is that it allows
the exploration of large amounts of data without making specific distributional as-
sumptions. This approach is in contrast to parametric estimation, in which it is
assumed that the density comes from a given family, and the parameters are esti-
mated by various statistical methods. Nonparametric density estimation is currently
found in many fields, such as economics, signal processing, and image processing and
reconstruction. Early contributors to the theory of nonparametric estimation include
Rosenblatt (1956) and Parzen (1962), and their methods are still the most commonly
used approach up to today. Comprehensive descriptions of various approaches to
nonparametric estimation have been provided by Silverman (1986), and Wand and
Jones (1994) have depicted more recent developments. These researchers provide
a though discussion of kernel estimation, including details about the assumptions
of kernel weight, estimator properties such as bias and variance, and guidelines for
choosing the smoothness parameter bandwidth A. Empirical likelihood based on ker-
nel density estimation (ELKDE) was introduced by Chen (1997), who showed that
ELKDE reduces MSE and variance.

Empirical likelihood was first introduced by Owen (1988, 1990) for constructing

confidence regions or intervals. It has many useful properties: such as, automatic



determination of the shape of confidence regions given the observed data set and
a non-parametric version of Wilks’s Theorem. For these reasons, empirical likeli-
hood has found many applications, such as in smooth functions of means (DiCiccio
et al., [1991)), estimating equations (Qin and Lawless, 1994), non-parametric density
and regression function estimation (Owen, 1988; |Chen) (1996} (Chen and Qinl, [2000),
quantile estimation (Chen and Hall, |1993), and empirical likelihood-based kernel es-
timation (Chen, [1997). Other useful sources of discussion about empirical likelihood
include Owen (2001) and Chen and Keilegom (2009). In general, empirical likeli-
hood combines the reliability of non-parametric methods with the effectiveness of the
likelihood approach. The regions are invariant under transformations and often be-
have better than confidence regions based on asymptotic normality when the sample
size is small, a characteristic we show prevailing in our research. Moreover, they are
of natural shape and orientation since the regions are obtained by contouring a log
likelihood ratio, and they often do not require the estimation of the variance, as the
studentization is carried out internally via the optimization procedure. The empir-
ical likelihood method is appealing not only in obtaining confidence regions, but in
its unique attraction in parameter estimation and formulating goodness-of-fit tests.
On the computational side, empirical likelihood involves maximizing non-parametric
likelihood supported on the data subject to some constraints. Owen (1988) showed
that empirical likelihood regions for mean (univariate and multivariate) are always
convex, so there is a unique solution for p;, where p; is the probability weight of the
observed data.

The aim of this chapter is to review the most important aspects of kernel density
estimation and empirical likelihood based on kernel methods. In the remainder of
this chapter, an introduction of kernel density estimation is given in Section [I.2] Sta-
tistical results for the standard kernel density estimate is in Section [I.2.T} Bandwidth

selection of kernel density estimation is shown in Section [1.2.2; The kernel smoothing



applications: regression and cumulative distribution function CDF estimation are
presented in Section [1.2.3} An empirical likelihood introduction and review are given
in Section 1.3, Empirical likelihood for univariate mean in Section [1.3.1) Empirical
likelihood-based kernel density estimation is given in SectionI.3.2} Analysis of error
criteria is given in Section [[.4 New kernel density estimators are proposed in Section

Lol

1.2 Kernel Density Estimation

The kernel estimation method is an important method in non-parametric density
and distribution functions fitting. Suppose Xi, X5, -+, X,, are a sample of inde-
pendently and identically distributed random variable from some distribution with
unknown density f. We are interested in estimating f. The kernel density estimate

18

ﬂ@@zﬁ%§;K<x;&), (1.1)

where K is called the kernel, a bounded symmetric function satisfying [ K (p)dp =
L, [ uK(p)dp =0, and [ p*K(p)dp < oo, and h is a positive number depending on
n, usually called the bandwidth or window width and satisfies h — 0 and nh — oo,
as n — oo. Using the notation, Kj(u) = h™'K(u/h), the kernel density estimator

(1.1)) can be written as
R 1<
ﬁmﬁ:EE:Kﬂx—&) (1.2)
i=1

For further information, refer to Wand and Jones| (1994), Silverman| (1986) and |Alez

(2012).



1.2.1 Statistical Result of Kernel Density Estimation
In this section, some theoretical properties of the standard kernel density estimator

are derived. The assumptions and conditions are defined as in the previous section.

So for a fixed h

Bias(f (z)) Z—f”( Jua(K) + o(h?) (1.3)

wHw%w>=nhR<>f<>+og;> (1.4
where R(K) = [ K*(p)dp. From these two equations, we have

M%GMWWMMMﬂ@+%ﬂ@)(M+dW+%) (L5

The trade-off between bias and variance is controlled by MSE, when h is decreasing
, the Bias is decreasing but variance is increasing. So a small h leads to a small Bias
but large variance yields under smooth, and vice verse. As has already been pointed
out, the smoothness of the estimate depends on the smoothing parameter h, and a

closed-form expression can be obtained from minimizing the mean integrated square

error (MISE)(1.12). We have

" R )3 ) + oht + 1), (L6)

MISE(f) = 7 —

nhR(K) -

Then the optimal bandwidth is achieved by minimizing AMISE ({1.6))

Using this optimal bandwidth, we have

infh>0MISE(f) = g[ug(K)R‘l(K)R(fN)]1/5n—4/5‘



1.2.2 Bandwidth Selection

It is crucially important to select an appropriate bandwidth for the standard kernel
density estimator. Since the early work on kernel methods emphasized asymptotic
results, now determining an optimal A has been the main research focus up to today.
As AMISE contains the unknown function R(f"), several ”plug-in” procedures were
proposed by estimating R(f”) with R( £ ) (see Scott and Terrell, 1987; Park and
Marron, 1992). An automatic method for determining the optimal bandwidth is cross-
validation (CV) which was first introduced by Rudemo (1982) and Bowman (1984).
Scott and Terrell (1987) introduced biased cross-validation, which is considered a
hybrid of cross-validation and plug-in, replacing an unknown value in AMISE with a
cross-validation kernel estimator E’( f"). The recent kernel contrast method of Ahmad
and Ran (2004) can be used for MISE minimization as well, but it is not really data
adaptive. Moreover this method performs particularly well for regression, but not as
well for density estimation. For more information about these methods, see the most
exhaustive form comparison papers, by [Jones et al.| (1996)) and Devroye et al. (1997)

or the recent review paper by Heidenreich et al.| (2013)).

Cross-Validation Bandwidth Selection
Here we briefly introduce unbiased least square cross-validation, the idea of which

is to consider the expansion of ISE in the following way

ISE(h)—/f(x)%zx—2/f(x)f(x)dx+/f2(x)dx

Note that the last term is not dependent on h, so that we only need to consider the

first two terms. The idea for choosing bandwidth is picking the one that minimizes

L) = [ fapde -2 [ @) pa)ds



Consider the estimator
. 1 .
CV() = [ fo)ds 20 (X

where

o= e ()

It is shown that CV(h) is the unbiased estimator of MISE — [ f?(z)dz. So the data-

driven optimal bandwidth is
hey = arg min,C'V (h)

Biased cross-validation considers the asymptotic MISE, and its main idea is to

replace the unknown quantity R(f”) in equation ([1.6|) by cross-validation estimator

5 1

R(f//) :R(f”> . %R(K”)
=n"2) (K" % K")(X; — X;).
i#]

Then the biased cross-validation estimator (BCV) is given as

sov(n =T Wiy,

So, the selected bandwidth is hgcy = argmin BCV (h).

1.2.3 Kernel Smoothing Applications: Regression and CDF Estimation
In this section, we describe nonparametric regression and CDF' estimation based

on standard kernel density estimation. There is a vast literature on flexible methods



for estimating regression functions and CDF. The NW estimator proposed indepen-
dently by Nadaraya (1964) and Watson (1964) is based on locally weighted averages.
Another popular estimate is the integral kernel estimate proposed by Gasser and
Miller (1979). An alternative method of smoothing, the locally weighted regression,
appeared in the statistical literature by Stone (1977) and Cleveland (1979). This
method is still widely used today. It estimates the regression function at a particular
point by locally fitting pth degree polynomial to the data, via weighted least squares.
The CDF estimation is obtained by integrating a kernel estimator of the density.
There has recently been extensive work on the estimation by kernel method of prob-
ability densities and their derivatives; for a reference, see Wertz (1978) and Li and

Racine (2007).

1.3 Empirical Likelihood

Empirical likelihood is a non-parametric method of inference based on a data-
driven likelihood function. It allows the data analyst to use likelihood methods with-
out assuming that the data come from a known family of distributions. The likelihood
method is known to be efficient. For example, likelihood ratio tests have some good
power properties. These tests can be modified to construct short confidence intervals
or small confidence regions of the parameters. The empirical likelihood method com-
bines reliability of the non-parametric methods and the flexibility and effectiveness

of the likelihood approach. Now we will introduce the empirical likelihood.

Definition Let X, X5, -+, X, be i.i.d random variables with the distribution func-
tion F'. The empirical cumulative distribution function (ECDF) of X, Xy, -+, X},

18

1
Fn(l') = ﬁ Z 1(Xi<:c)a

1

where 14(,) represents the value 1 if the assertion A(x) is true, and 0 otherwise.



Definition Assuming X, Xs,---, X, are independent real random variable with

common cumulative distribution function (CDF) F, the non-parametric likelihood of

CDF of F'is

where F(z) = Pr(X < z) and F(z—) = Pr(X < x),so Pr(X =z) = F(x)— F(z—).
Then for a CDF F', the ratios of the non-parametric likelihood for hypothesis tests

and confidence intervals are defined in the following way,

Like parametric likelihood, suppose that we are interested in a parameter 6 =
T(F) for some functional T of the distribution. This F' is a member of a set F of

distributions. Define the profile likelihood ratio function,
R(0) = sup{R(F)|T(F)=0,F € F}.

Empirical likelihood hypothesis tests reject Hy : T(Fy) = 60y, when R(6y) < ry for

some threshold value ry. Empirical likelihood confidence regions are of the form
{0|R(6) = ro},

where threshold o may be chosen using an empirical likelihood theorem (ELT) [1.3.1]

a non-parametric analogue of Wilk’s Theorem.

Theorem 1.3.1 (ELT) Let X, Xy, , X, be independent random variables with
common distribution Fy. Let o = E(X;), and suppose that 0 < Var(X;) < co. Then

—2log(R(po)) converges in distribution to X%1) asn — 0o.



First, the chi-squared limiting distribution is the same as the typically found for
parametric likelihood models with one parameter, which is Wilk’s Theorem. Second,
it does not assume that X's are bounded random variables. It is only required to have
a bounded variance, which constrains how fast the sample maximum and minimum

can grow as n increases.

1.3.1 EL for Univariate Mean

To test whether p = pg, we need to compute R(f9) and choose threshold value rq

«

by Theorem|(1.3.1, Then reject the value g at the a level, when —2logR (1) > X?S_ .

Empirical likelihood determines the p; by maximizing the empirical likelihood ratio
function [[i_, np; or > log(np;) subject to > 7 pi(X; — po) = 0, p; > 0, and
>, pi = 1. The objective function >, log(np;) is strictly concave on a convex set
of weight vectors. So there exists a unique global maximum in the domain.

We may proceed using the Lagrange multiplier to find p}s. Write

G = log(np:) = n\ > pi(Xi = po) + 7> _pi—1)
=1 i=1

i=1

Setting to zero the partial derivative of G with respect to p; gives

oG 1
= — —nA\X; — =0.
i nA( 1o) +
Therefore,
1 1
Di (1.7)

Tl — o)



The value of A can be found by numerical search method, (for example, Newton’s

method or Brent’s method), based on the equation

li (Xi — po) —0
n i1 ]-+>\(Xz —/L0> i

1.3.2 Empirical Likelihood-Based Kernel Density Estimation(ELKDE)
In some statistical applications, additional information about f is available: for
exmaple, the mean or variance of a distribution is known. This additional information

usually can be expressed as

where ¢;(X) are some known real functions. ELKDE (Chen, 1997) uses empirical
likelihood in conjunction with the kernel method to provide a systematic approach for
capturing the extra information. Suppose the extra information can be formulated as
equation , then ELKDE can be constructed by replacing n~! in equation
with the empirical likelihood p; under extra information . Specifically p; can be

determined by maximizing a multinomial []} np; subject to

STpi=1  and Y pa(Xi) =0 (=12-- 9.

Let A1, Ao, - -+, A, be Lagrange multipliers corresponding to the g constraints. Define
A= (A, A, AT and g(X;) = {g1(X0), 92(X5), - -+, g4(Xi)}. Then the weight p;

are

-1

pi=n"{1+Xg(X))} (i=1,2,---,n), (1.9)

10



where )\ is the solution of

Z#:O (1=1,2,--,q).

ELKDE is obtained by replacing n~! in KDE (1.2) with the p; at equation (1.9) ,

SO

falz) = %ZpiKh($ - Xi) (1.10)

It is shown that ELKDE has smaller variance and MSE than those of KDE. This
is reasonable because ELKDE achieves a smaller variance by using unequal weights,
which offers more flexibility than KDE using equal weight n~!. In this Chapter,
the ELKDE method is applied to estimate density functional, and it is shown that
ELKDE has better performance than that of KDE in theoretical and simulation

results .

1.4 Analysis of the Error Criteria
There are many criteria to evaluate f (t) as an estimator of f(t) , such as the bias,

square error, and distance error.

1. Bias
Bias is the difference between an estimator’s expectation and the true value of

the parameter being estimated.

2. Mean Squared Error (MSE) , Mean Integrated Square Error (MISE) and
Integrated Squared Error (ISE)

Mean squared error is the expected value of the square of the difference between

11



the estimator and the true value of the parameter being estimated at a single

point.

MSE[f(2)] = E{ /() - ()} (111)

Mean integrated squared error is the expected value of the square of the differ-
ence between the estimator and the true value of the parameter being estimated

at whole real line.

MISE[f(2)] = E / i@~ @) (1.12)

Integrated squared error globally measures the distance between the estimator

and the true value of the parameter being estimated.

ISE[f / (F(x) - f(2))2da (1.13)

. Mean Distance Error (MDE) and Mean Integrated Distance Error(MIDE)

The mean distance of using f (x) to estimate f(x) is given by
MDE[f(x)] = E|f(z) — f(z)].
The MIDE is

MIDE|f () /yf )|dz.

The MSDE is

MSDE[f ()] = Esup |f (@) = f()]-

12



The Bias, ISE and MISE are discussed in this dissertation. For more details on the
MDE, MIDE and MSDE see Devroye and Lugosi (1996, 2001), Ahmad (2002), and
Ahmad and Ran (2004).

1.5 Proposed New Kernel Density Estimates

Standard kernel density estimation is still one of most active areas of research in
nonparametric statistics. But there are drawbacks to this method, such as choice of
smoothing parameter(s), and difficulty in catching humps and valleys. For example,
if the small bandwidth A is chosen, then the average kernel weight K (%) for some
fixed x is only based on relatively few observations, not for all observations. So the
estimate pays too much attention to the local data and does not allow for variation
across the sample. But if the bandwidth is too large, then the estimate is too smooth
and cannot catch details such as humps and valleys.

In view of the flaws of standard kernel smoothing, two new kernel density estima-
tors GCA and LCA and their empirical likelihood versions are proposed in Chapter
3. Suppose the Xi,---, X, are independently and identically distributed from the
unknown distribution f, and these bandwidth of these two estimators is ¢h instead
of h. So the bandwidth has two parts: one is the smoothing parameter h, and the
other is the scale coefficient i. When choosing smaller h, for the fixed x, the value
of K (%) in standard kernel estimate is almost zero when X; is far away from x.
In this situation, standard kernel density estimation is more "wiggy”. But in the

a—X;

methods proposed in Chapter 3, the ratio of 5=+ divided by coefficient i, the value

of K (xz}f(l) is not dependent on the distance between x and observation X;, so the
average of K (%) at each point x is dependent on the entire sample data instead of
just the local data (the data close to the x) in the standard KDE. These methods of
choosing difference bandwidth do very well on balance between the local data and the
whole sample data. Simulation study show that the new estimators can catch humps

and valleys better that the standard KDE. The empirical likelihood version of GCA

13



and LCA show that when the sample size is small to moderate, these methods are
significantly better at catching humps and valleys than those of GCA and LCA.
And when the sample size increases, the advantages shrink.

The applications of the proposed methods in the regression and CDF estimation

of are developed in Chapter 4.

14



2 Nonparametric Empirical Likelihood Estimation of
Density Functional

2.1 Introduction of Density Functional Estimation

Immediately following the introduction of the kernel density estimation by Fix and
Hodges (1951) and the study of its functional properties by Rosenblatt| (1956), Parzen
(1962),Watson and Leadbetter| (1963)) and |[Nadaraya| (1964)), many authors saw the
potential of using a kernel density methodology to study inferential problems. The
methodology was subsequently used in estimating regression (Nadaraya, 1964; Wat-
son, 1964), testing goodness of fit (Bickel and Rosenblatt, 1973), testing independence
(Rosenblatt, 1975; Ahmad and Li, 1997a), testing symmetry (Ahmad and Li, 1997b),
and testing positive aging (Ahmad, 2000). Many books have been written on the
subject. For univariate density estimation, more recent work has been conducted by
Wand and Jones (1994)), Bowman and Azzalini (1997), |Simonoff (1996)), |Alez (2012)
and Pons (2011), and in the multivariate case by Scott| (1992) and Klemeld| (2009)).
For econometric application, see Pagan and Ullah (1999)), and [Li and Racine, (2007)).
Finally, for regression applications, see [Hardle| (1990).

Of particular interest to researchers is the subject of estimating density functionals
of the type [~(z)f(z)*dx = I(v; f), where y(z) is some known continuous function
that has the p' derivative, for p > 0 . For y(x) = 1 or = , |/Ahmad and Amezziane
(2011) studied the basic kernel estimates properties of I(1; f) and I(z; f). These

special cases are the location (I(z; f)) and scale (I(1; f)) parameters. Applications

15



of estimates of I(7y; f) are found in several areas. Among them many authors used
variations of I(v; f) and the estimates in evaluating the power of the nonparametric
tests (Aubuchon and Hettmansperger, 1984)) or obtaining estimates of the smoothing

parameter (Sheather and Jones, 1991; Jones et al., 1991; Birge and Massart, 1995).

2.2 Methodology
In this work, I(v, f) is estimated by the kernel density functional estimation

(KDFE) as follows:

fys ) = - i - 3 (V(Xi) ﬂ;v(Xj)) K (%) (2.1)

i<j

Moreover, in many applications there exists extra information which can be rep-

resented by
E(.gl(x)) :Ovl: ]-7 7L7 (22)

where ¢;(z) are some known real-valued functions. Using the concept of empiri-
cal likelihood (see Owen| 2001)), in conjunction with the kernel method, provides a
systematic approach for capturing the extra data information. The estimator
assigns an equal probability weight 1/(n(n + 1)) to each data pair. However, if the
extra data information is available as , then empirical likelihood based on kernel
estimation is constructed by replacing 1/(n(n+ 1)) in (2.1) with empirical likelihood
weights p;p;, where pjs are the solution of the multinomial likelihood [}, p; subject

to:

=1 =1

16



Let A = (Ay,--+,Ar) be the Lagrange multiplier and g(X;) = (91(X;), -+, 90.(X;))".
Then

1
P = ﬁ{l +XNg(z)} Hi=1,---,n, (2.3)

where A is the solution to

n

gi(z;)
————=0,l=1,---,L.
Z.Zl 1+ Ngy(z:)

Hence, the empirical likelihood based on kernel density functional estimation

(ELKDFE) of (v, f) is

La(yvi f) = szpj ( ) 7(Xj)> K (¥> : (2.4)

z#]

where p; is given in ({2.3)).

2.3 Statistical Result
In order to study the mean squared error (MSE) and expectation of ELKDFE in

comparison to those of the KDFE, we need the following customary conditions on

K,h and f:

1. The density function f has p! continuous derivative, where p is an integer and

p> 1.

2. The kernel K(-) is a symmetric probability density with mean p; = 0 and

variance ps(K) = 0} < o00.

3. The sequence of constant {h,}, h, = h is such that h — 0 and nh — oo as

n — 00

17



In this section, the expectation and MSE of ELKDFE and KDFE are investi-
gated, and it is shown that the Bias and the MSE of ELKDFE are both smaller

than those of KDFE. The following is the main result.

Theorem 2.3.1

Bl) = E(D) ~ 1. [ &' = s o) Wiy + ol 2.5)

and

MSE(l,) = MSE(I) — = /W(y)fZ(y)dy/gT(y)E‘lg(y)v(y)fQ(y)dy +o(n™"),
(2.6)

where g(-) is the vector of extra information(eg, mean, variance-) and ¥ = cov(g;, g;).

In addition,

E(I) = /v(y)fz(y)dy + p2(K)R*Cy + o(h?) (2.7)
and
MSB() = — [ )Wy [ K da+ i(EORCE+ 5 Ca 2.8)
with
Cy zé/v(y)f”(y)f(y)dy+i/v”(y)f2(y)dy+%/7’(y)f’(y)f(y)dy (2.9)
and
&= [y - { / v(y)f%y)dy} | (2.10)

both assumed finite.
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This theorem shows the difference of the expectation and MSE between ELKDFE
and KDFE. Also, the difference of MSE between these two estimators is not de-
pendent on the bandwidth h, so the optimal bandwidth for both methods can be

obtained from equation (2.8)). Thus it is given by

s [ [P WP W)y [ K2 )dp (2.11)
o 1CyB(K) | |
2.4 Applications
Define the location-scale family distributions as
Py = o (2L (212
Tu,o0) = o 0 = ) .

where fj is bounded, and almost everywhere continuous probability density function

(pdf). Consider the following functional,

e fima) = [epemars= [ (Y25

= I(x; fo) + 51(1; fo)

Which leads to

I($7f( 7/1’70-)) _UI(‘rmf())
e I(L; fo) I(1; fo)’ (213)
and
I f (5, 0))
o= —[(1;f0) ) (2.14)

Thus estimating 1 and o is reduced to estimating I(v; f), where y(z) = x for u

and y(z) = 1 for o, provided the I(v; fo) known. Suppose we wish to test Hp; :

19



o = og or Hy : p = pp, then we have I(1; f(x,pu,0)) = I(1; fo)o under Hy; or

_ ol(z;fo)

T fo) Hence

w=ciI(x; f(z;p,0))+co under Hoy, where ¢; = 0/I(1, fy) and ¢ =
testing Ho; or Hpe is equivalent to testing Hg, : I(1; f(x;p,0) = I(1; fo) or Hy, -
I(x; f(zsp,0) = I(2; fo) + E21(1; fo) respectively. To test two or more samples Hy, :
o1 =---=o0or Hy :pu = - = p, we only need to test Hy : I1(1; fi(x; p,0)) =
coo=Ie(1; fi(z; py0)) or Hog : I1(z; fi(x; p,0)) = -+ - = I(x; fi(x; p, 0)). Also notice
that I(7; fo) is not required in those cases. In this work, by using extra information
g, it shows that both the Bias and MSE of the ELKDFE are distinctly smaller than
those of the KDFE.

2.4.1 Location Parameter
By equation (2.13)), estimating u is reduced to I(z; f). If the extra information
g is the location function g(y) = go(y — ), then Theorem can be expressed as

follows:

A

Bias(l) = Bias(1) % [ & (0)2 (o) 3 v )y + o(1?), 215

~

MSE(L) = MSE() ~ 2 [ iwssldy [ 0" ()% galu)dy + o), (216)

where

Bins(1) = X0 () [ 2800t 0y + ot (2.17)

Equation (2.16)) shows that the empirical likelihood based on the kernel method has

reduced the MSE, and this reduction decreases when sample size n increases.

Simulation

Generate the data from N(2,1), Laplace(2,1) and Cauchy(2,1) for the location
parameter study with the sample sizes 50 and 100, with 1000 replications. Figure
shows that the MSE of the ELKDFE is smaller than that of the KDFE, and the

20



difference in MSE decreases as the sample size increases. ELKDFE performs better
for small and moderate sample sizes, and this advantage shrinks when the sample
size becomes large. The MSE of ELKDFE is close to zero when h is increasing.
When choosing the proper bandwidth h, MSE of ELKDFE is close to zero. Figure
shows that the ELKDFE is closer to the true value ;o = 2 than that of KDFE.
From these three cases, the ELKDFE not only reduces the MSE, but also provides

bias correction with a proper bandwidth, which is shown in Theorem [2.3.1]
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Figure 1: MSE of /i from different distributions and sample size
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line is optimal bandwidth based on equation (2.11]
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2.4.2 Scale Parameter
From equation (2.14]), estimating scale parameter o is equivalent to I(1; f). If

extra information g(z) is given, then Theorem can be expressed as follows:

Bias (7.1) = Bias(7) — / &7 ()= g(y) f2(y: 0)dy + o(1) (2.18)
MSE(L) = MSE() - - [ Fui0) [ W)= 8w o)y + ofu)
(2.19)
where
Bias(1) = ' pa(K) [ /(3 1) (g 1)y + o(12), (2.20)

2

Equations (2.18) and (2.19) show that the ELKDFE not only reduces MSE but also

reduces Bias. The difference decreases as the sample size n increases.

Simulation

Generate the data from N(0,1), Laplace(0,1) and Cauchy(0,1) for the scale
parameter study with the sample sizes 15, 25, 50, and 100, with 1000 replications .
Figure |3 shows that the ELKDFE has a smaller MSE, and that difference decreases
as the sample size increases. The ELKDFE works for small and moderate sample
sizes, and this advantage shrinks when the sample sizes become large. The estimated

difference decreases when the sample size increases, which is shown in Theorem [2.3.1]
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2.5 Appendix: proof the Theorem [2.3.1
Proof Assume function «(x) has p'* derivative, ") (z) # 0 and y?+)(z) = 0 for
i=1,--- k. First show the equation (2.7)) and ( -

) :%ZE (7(Xz') +7(Xj)> p (Xz- . Xj>
T Z/ ( ) K (55Y) s stdsdy

)

y)dzdy

K(u)f(y+ ph)f(y)dudy

1h)?

it “"w e y”””)K(u)f(ywh)f(y)dudy
<fy )+ ) ) K

(1) + b () + Mf”( )} (9 dudy

z/v(y) y)dy + & /
B ) Py +““§>h / S0 ) £y + o(h)

(2.21)

Now we will work on the Var(]). It is not difficult to show that
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Var(f) = V n(n_l)h;(’Y(Xi);’Y(X))K(Xi;XJ’)
_ n2(n1_ v {; (”Y(Xi);z’Y(Xj)) K (Xi;Xj)}
_ n(nz 1))Var{ <7((X1)>24;L7((X2)>> " (X ;Xz)}

4(n —2 Cov{ Y(X1) + (X2 X — X, |
+Vn()?2)i)7(X3)( X2h—X3 )K( h )
() e ()
=1+ 1

s )

( y+”h +7y)) WK (1) f(y + ph) f (y)dpady

=5[] G+ g+ <>) Ky
{F() + b () + ( P 1)} ()

/ dy/K(udu

+(
f'y
)
+h / K*(pu)pduCy + o(h),

where Cy = 1 [+ (y) f2(y)dy + 37 () /" () f(w)dy + [ ()Y ) f' () f(y)dy.
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Then

Il:n(nQ—l)E{< e MXQ) (
_n(nQ_l)[E{( 1) ”XQ) (

=)
)

:n(n / dy/KQ) 2d,u
{/ iy + P / ’Y(y)f”( ) )+
—“2(? JREOIEOL @ [ £ @ 1wy + o)

znTQh 72(y)f2(y)dy/K2(u)du+0(”_2%
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and

e

s (g o (P (R e (B
Y () () )

K( ; Z) f)f(2)dxdydz
(v)

///(wﬂruh gl ( +7(y Vh)>

K(u)K(v) (y+uh)f( )f(y vh)dudydv

( +72(y vh )

K(v f(y+uh)f( )f(y vh)dpdydy

/// (7 v)+ )) (’y(y) — %h’y (y) + (%h)zv”(y))

KK (W) L) + i f () + @f”@)}
FF) — b s ) + V25 )y

z/vz(y)f3(y)dy+ M/v”(y)’y(y)ﬂ(y)dy

(K2 / V) () () dy + o(12).
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So that we have

n(n —1)
4(n —2)

I

() (5
(X)) +7
=/72(y)f3(y)dy+ e 2) / V' W)y (w) 2 (y)dy

+ p K)hQ/WQ(y)f”(y)f (y)dy + o(h?)

—{/ Py + 25 [ ) s+

O [ )y @ [A05 w5y
= [Py - [ )Wl + o)

(109N e (N X2) (v%) ) (Kam
X

Then we get that

Var(l) = / )W)y / K*p)du-+ =2 + ofu™),

where Cy = [2(y) f*(y)dy — [ 7(y) f*(y)dy).

Now,

MSE(I) =(BiasI)? + Var(f)

(K RY(C))? + (1) 12(y)dy / K2 (n)du+ * 2

This gives us the optimal bandwidth &

hopt -

n=2/5 (fVZ(?J)F(y)dyfK2(u)du)1/5
AC 3 (K)

31
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Next we show the equations (12.5) and ({2.6).
First,

E(l.) =E) pip; <7<Xi);7(Xj)) K (Xi ; Xj) . (2.24)

i#]

Plug in p; from equation ({2.3)), then

= %1 + A;g(Xi) % 1+ Aig(&) (V(Xi) QJ;LW(XJ» i (ﬁ)
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By using that A = Op(nfl/ 2) and Taylor series expansion, then

Eﬁ+£y&n+xéuw(%&EVQQ>KC&;&)

=F {1 - Ng(X,) + A"g(X)g" (X)A + 0,(n7")}

{1—=ATg(X;) + ATg(X)g" (X)A + 0p(n~ 1)}

(wxn;wX»)K(gg;g)

=E {1 - A"g(X;) + Ng(X))g" (X)X — ATg(X))

AT (X)) A g(X;) + ATg(X;)g" (X;)A}

(21200 o (X 0)

:E<7(X>+7(X))K<X hX) E{\"(g(X;) +g(X;))}

(P ) (5)

+E{>\T )gT( XA+ Xg(X)X g(X;) + X g(X))g" (X;)A}

(P ) e (57

So,

BT I%ZE{(%XZ-);(XJ-)) K (XZ- - Xj)

i#]

~E{AT(g(X) +g(X;)} (7()(1-)24;17()(]-)) K (Xi ; Xj)

+E{ATg(X)g" (X)A + ATg(X) A g(X;) + ATg(X;)g" (X;)A}

(’Y(Xi);;l’Y(Xj)) K (%)}

:E(f) — By + Egy + Egp + Eoz +0o(n™1),
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where

Now, we need to find Fy,Es;,Fq and FEss3, respectively. Using Taylor expansion for

A, we have following equation:
1
A=x""= X;) +Op(n7! 2.2
~ 38X + 0,0 ) (2.25)

where X, = Cov(g1(X), gm(X)), and pe(K) = [ p*K(p)dp. Plug in A as in (2.25).

Hence

B = % YOEETY (X)) {s(X)+e(X))) (V(Xi);LPy(Xj)) K (Xi g Xj) '

i#g,k

There are three cases to consider,k =i # j,k = j # i and k # i # j, then

B = P B ) (050 + 600 (v()@-) + v(Xj)) K <ﬁ)

2h h
g 0 (a0 g, (L0 g (X
" = 17)1(2” - 2)EgT(Xk>Z_1 {8(Xi) +&(X;)} <7(Xi);17(XJ)) K <X,~ ; Xj> 7
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since X1, ---, X, are independent, and Eg;(X) = 0, the third term is equal to zero,

then

B, :% //g(:c)TE1 {s(z) +8()} (W)
ﬁ‘y) F() f(y)ddy

< y)X {g(x) + &)} (W)
< . y) £(@) f(y)dedy + ofn™)
:% // g' (y+ph)X " {8y + hp) +8(y)}
(v(y) )+ (B
// Y)Y gy + puh) +g(y)}

(v(y) + M—hv (y) + (“—h)Qv”(y)) K () f(y + ph) f(y)dudy

Q

W(y)) K (1) f(y + 1uh) f(y)dudy

2 2
/ / { + phg! (y thg"(y)}T D
(e + uno) + @gwy +) | (200 + 00+ 5 0))
K0 { 1)+ 1)+ 21 0) | S0

// { ) + hug'(y )+@g”(y)+g(y)}

(v(y) + %hv (y) + (%
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Next,

En :% ;E}‘Tg(Xi)gT<Xi)>\ (V(Xi);h”(Xj)) K (X" . XJ’)

1

ot E(Zg(Xy) g(X)g" (X)X 'g(X))
i#7,k,l

(A L00)Y o (XY

There are three cases, k =1 #i# jk=1=1+# j and k =1 = j # i, also we know

Eg(X;) = 0, so the rest of cases are equal to zero. The second and third case are

order of n™2, so only the first case is considered.

Pa== B 3 g(X)7S X0 (X0 g

(%XJZ?QW)K<§%5§)+OW1)

_ (”_1)( =2 (X, TE g (X0)e (XS g (X
(X Xi— X,

g (x o 3>ixw%:1<>

(7 ) (5 ) ot

- e e (2 >K<X’;Xj>+o<n*>

=L [ e e (1 ) (552 1@ ey + o™
// 'g(o) (1 >—%Hm»+¢?f¢@0

K () (@) — puh)dady -+ ofn ™)
— o [ @)= g @) P @)+ o).
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Similarly, By = Ess = + [ g% (2)S7'g(x)y(z) f2(z)dz + o(n™!). From above calcula-
tions, then E(I,)

E( 6l> :E(f) — Ey+ Eoy + Eg + E23 —+ O(Tlil)

—E(D) - - [ WS g1 )y + o),

where E(I) is equation (2.21)).

Now, calculate E(2).

s (S5 (552

i#]

me( A(X) +7(X)>K(ka—LXl>

k;;ﬁl
;; L+ MTg(X;)][1 4+ ATg(X )]1[1+)\T (Xp)][1+ ATg(X))]
(’Y(Xz);l’Y(Xj)> % (Xi ;L Xj) (’Y(Xk);l’Y(Xl)) i (Xk ; Xl) .
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Using Taylor expression, then

__EZZ [1—ATg(X;) + M g(X)gh (X)X + o(n™1)]

7 Kkl

[1 = Xg(X;) + ATg(X;)g" (X)X +o(n™")]

i)
[1—ATg(Xp) + ATg(Xp)g" (Xi)A +o(n )]

[1—>\T( Xi) + X'g(X)g" (X)A +o(n™)]

(45800 (25) (24520 (52

EZZl—)\T +g(X;) + g(Xk) + (X))

7 Kkl

+A" (g(Xi)g" (X)) + g(Xi)g" (Xi) + g(Xi)g" (X)) + 8(X))g" (Xx)

)
+ (X

+g(X;)g" (X1) + g(X)g" (X1)A]
(v(Xi) + V(Xj)> % (Xi - Xj) (v(Xk) +7(Xl)) % (Xk - Xl) .

2h h 2h h
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Simplifying can get

B(EL) = BUEY) ~ EXT(g(X,) + () (152

K(th>(<x> <))KC“2&>
CEAT(g(X) + g(x))) [ L >>K(X';X‘>
i

h
FEXT (g(X))g” (X>A( X);hv )>K(X hX>

><§+

() ()

YEAT (2(X)g" (Xs A(VX);L )K(X hX)
() (55

FEAT (00T oA (1)) e (R
( )K =)

FEAT( DA 7X)2+h”X> (X X)
< >>K N

FEAT (g(X;)g” (X)A( X);h”X> (X hX>

( >K o
FEAT (g(X,)g" (X >A( ) g (R0
(AU 500 ()

—E(I%) — 2E,E(]) + 2E(I)Eyy + EyEy 4 o(n™Y).

=2

w
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Var(l) =E(I7) — (Ela)?
=E(I?) — 2F,E(]) 4+ 2E(I)Ex» + B\ F;
—[E(f) — By + By + Ex + Eo)?
=E(1%) — 2E,E(I) + 2E(]) By + EL B
—{[EWDF + (E)* + (Bx + Es + E)® = 2E(1) By
— 2B (Eoy + By + Eag) + QE(f)(E21 + Eyy + Ea3)}
=Var(l) — 2E(I)(Ex + Ea3) — By + E + Es3)?

—+ 2E1 (E21 + E22 + E23) + 0(7’171).
Finally, MSE(I,;) can be written as

MSE(1,) = Var(I) + Bias(1.)*
=Var(I) — 2E(I)(Eay + Ea3) — (Fay + Fog + Fa3)?
+ 2B (Fyy + Foy + FEa3) + (Bias(I) — Ey + Foy + Foy + Fa3)? + o(n™!)
—MSE(]) + E\E, — 2Bias(I)Ey + 2Bias(1)(Eyy + Eay + Fas)
— 2E(I)(Ex + Es) +o(n™)
=MSE(I) + E\E, — 2Bias(I)E; + 2Bias(I)(Es; + Eas + Fo3)
— 2(Bias(I) + I)(Ey 4 Ea3) + o(n™")
—MSE(I) + E\E, — 2Bias(I)Ey + 2Bias(I)Eyy — 2(I)(Eay + Eg3) + o(n™)

~MSE(D) - 2 [30) Wy [ 870 g0 0) P0)dy + o).
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3 New Kernel Density Estimations and their Empirical

Likelihood Version

3.1 Introduction of Kennel Density Estimation

The kernel method is a popular tool for the non-parametric estimation of the
probability density function f. Suppose the independent and identical distribution
sample X1, -, X, from a continuous distribution, a kernel density estimator for f

at an arbitrary point z, is

f<x>=%if<(xfi),

where K is a kernel function and h is a smoothing parameter that controls the smooth-
ness of the fit. The choice of the shape of the kernel function is not a particularly
important one. However, the choice of the value of the bandwidth is very important
to trade off between the bias and the variance. When the bandwidth A is increasing,

the bias is increasing but the variance is decreasing. The estimate of point x is the

:I,‘—XZ'
h

average of %K ( ), and the kernel K is bounded. Also, in the symmetric density

function for small h, the estimate only pays attention to the local data (the observa-

tions close to the point x) because the value of K (x*hX

) is almost equal to zero when
X, is far away from x. But for the large h, the value of K (I_TXZ) is extremely close for

most observations, so in this case, it smooths away some details, such as humps and

valleys. Based on these reasons, the kernel density estimation has some drawbacks,
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such as difficulty in catching humps and valleys and finding the bandwidth. In this
chapter, two new kernel density estimators are proposed in Section [3.1.1] and their

empirical likelihood versions are also provided in Section [3.4]

3.1.1 New Kernel Density Estimations

Bandwidth plays an important role in the kernel density estimation. If bandwidth
h is small, the estimate pays too much attention to the particular data set and does
not allow for variation across the sample. If bandwidth h is large, the estimate is too
smooth, in that it smooths away some details. To solve this problem, the bandwidth h
of new estimations has two factors: one is the smoothing parameter h which controls
smoothness, and the other is a scale coefficient which balances the local data and data
from the whole sample. Under the same assumptions on the standard KDE, since
the X, is the random sample, for the sake of simplicity, choose the scale coefficient is

the index of X;. So the bandwidth for X; is h, X, is 2h, and so on, X,, is nh. For

fixed x, the value of K (”C;}f(l) is not only dependent on the distance between z and
X;, it is also dependent on the scale coefficient 7. As a result, these estimators are
smooth enough and are also able to catch the humps and valleys. By minimizing the
AMISE, we reach the optimal Ryey.opt = O(n*6/5), which is smaller than standard
kernel optimal bandwidth h = O(n~'/®). The new estimators therefore have smaller
bandwidth ih; only the n** of the data X,, has the same order of the standard kernel

optimal bandwidth. Theoretical and simulation results show that the new kernel

density estimators have better performance than that of standard KDE.

3.1.2 First New kernel Density Estimation: Local Coefficient
Adjustment(LCA)

The first kernel estimator LCA is defined as follows:

R 1 1 - X;
fLCA(-T) = EZ;K <CL‘ o ) . (31)
=1
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In this estimate, each kernel has adjusted coefficient 1/i and the bandwidth coefficient
is i. Also fchA(az)dx =1 when [ K(u)du =1. So frea(z) is the density function.
This estimate transforms ihx = h in the standard KDE. So this transformation
makes the value of K (%=X¢) dependent not only on the distance of z and X;. In this
way, by choosing a small h, this estimate is able to catch more details and is also
sufficiently smooth, since the estimate pays attention to the whole sample data, not

only some local data.

3.1.3 Second New Kernel Density Estimation: Global Coefficient
Adjustment(GCA)

With the idea of LCA, choosing the same bandwidth, but this estimator has the

global coefficient adjustment n%l instead of 1 for each K (*=*¢) in LCA. Then GCA

is defined as follows:

faca(x) = ﬁ;K (x;—th) ; (3.2)

and [ faca(z)dr =1 when [ K(u)dp =1, so GCA is density function. Since the
coefficient of this estimator is fixed, adding one more observation yields the following

result,

. 2 = r—X;
fGCA'"+1($):(n+1)(n+2)h{Z}K( ih )+K

(2]

oon 2 T — Xnq1
=y zfocan(®) + (n+1)(n+2)hK ( (n + 1)h> '

Hence, faca(z) is a recursive estimate that can be used in sampling schemes.

3.2 New Kernel Density Estimation Properties
In this section, four different measurement errors (see Section [L.4]), are discussed

for estimators GCA and LCA: bias, variance, MSE, and MISE.
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3.2.1 Bias and Variance

Theorem [B.2.1] shows the bias and variance based on the GCA and LCA.

Theorem 3.2.1

Bias oo (1)] =30 a(K) f"(x) + o(n’}?), (33)
Binslfrca(r)] =50 a(K) () + o(n®h?), (3.4)
Varl foca(®)] == F)RK) + o(n™', b), (35
Varl frea(w)] =22 1) R(E) + ol ), 36

where py(K) = [ p? K (p)dp < oo, and R(K) = [ K*(u)dp.

By minimizing AMISE, we can solve the new method optimal bandwidth hyey.op =
O(n=5/%) for both estimators, while the standard KDE has the optimal bandwidth
hopt == O(n_1/5).

3.2.2 MSE and MISE
Combine the Bias and the Var in Theorem then MSE is given by the fol-

lowing theorem.

Theorem 3.2.2

MSE fca(e) = ROK)S (1) + Son WYa(K)(f"(2))? + on ™), (3.7
MSEfuca(@) =220 RO) (o) 4 A3/ @) 4 ot (39
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This leads to the AMISE expression

2 1 ”
AMISEgca :%R(K) + 1—6n4h4M§(K)R(f ), (3.9)
and
>ia(3) L o4y 0 "
AMISEpcy == 5= R(K) + gen i (K)R(f7). (3.10)

Then AMISE-optimal bandwidth is

1/5
hamrse.coa =n"""° [%] : (3.11)
and
n 1/5
hamrse.Loa =n" %" [912252)%%&1”() )} (3.12)

Theorem shows that optimal bandwidth h = o(n=%/%) for the GCA and h =
o(n=%5(37, 1)1/5), when n is large, >, () ~ logn, so optimal bandwidth of GCA
is larger than that of GCA. But the optimal bandwidths of GCA and LCA are
both smaller than those of standard KDE.

3.2.3 Estimation of Density functionals
An important component of bandwidth selectors is the estimation of integrated
squared density derivatives. The general integrated squared density derivative func-

tional is

R(f®) = / FO (2)2da

Under sufficient smoothness assumption on f, using integration by parts can get,
f(s — (_ /f 25
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Therefore, it is sufficient to study the functional estimation of this form

%= / (@) f(2)dz

for r even. Note that the sign of 1, is the same as that of (—1)® and ¢, = 0 if r is

odd. Also note that
vr = B{f7 ()}
This motivates the density estimator
h) = / fO(x)dF,(x) = n! Xn: FO(X: h). (3.13)
i=1

So for the GCA and LCA, we have

~

Ur(h)aca
_n2n+1h;jl< ) ( Jh )
) = 1 S| X —X;
_ + - T’K(T‘) J 14
Ur(h)1ca
X. — X.
K™ <;>

e () (s

KOW0) 1,00 0 1 1,0, X — X;
_ ~AT . _\r K(r) v J Nl

T G SR (S (319

i=1 i£j

where h is the bandwidth and K is kernel density.
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Theorem 3.2.3

2K (0) z": 1 n—1 n2h?

n(n+ )hr+1 2 (=) + Ur + 1 pio(K) Y40 + o(n*h?)

Ev,(h)aoa = ; -

R K™ n _ 23,2
Ewmmzwﬁ?zgwwn L, +”6 oK)z + o(nh?)

Vary,(h)aea = /f )Py — — /f
Vard (biea = = B + 5 [ 1)) = )

where ¢r+s f f f(s )

From this theorem, we see that dr(h) is an asymptotically unbiased estimator. Also

the variance of 1/;T(h) does not depend on h.

3.3 Bandwidth Selection

The choice of the bandwidth % is more important for the behavior of f than the
choice of kernel K. A small value of h makes the estimate look ”wiggly” and shows
spurious features, whereas too large a value of h will lead to an estimate that is too
smooth, in the sense that it is too biased and may not reveal structural features,
such as bimodality. Figure [5[ shows a mixture normal distribution 0.5N(—1,4/9) +
0.5N(1,4/9) by using GCA estimator for different values of h based on a sample of
100 observations for 1000 replications. And Figure [0 uses the LCA estimator. These
two figures both show that for h = 0.001, the estimators are not smooth, but they
still catch humps and valleys very well. Even if we choose a smaller bandwidth for
each replication data set by choosing a random bandwidth ih instead of a fixed h,
the estimates still allow for variation across samples. Unlike standard KDE, if we
choose a smaller bandwidth, the estimate focuses on particular data and is overly
noisy for most of the whole sampled data. In these two figures, a compromise is

reached with h = 0.005 represented by the red dotted lines. These estimates are not
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overly noisy and recover the essential structure of the true density. When h = 0.015,
these estimates are overly smooth, since the bimodality structure has been smoothed

away.

o

™ —{ — reference

© ---— h=0.015
------ h=0.005

o h=0.001

N 4 ——- h=0.0001

o

o

AN

o

Density estimates
0.15
|

o

o

0

[« I

o

o

Q —

e | | | | | | |
-3 -2 -1 0 1 2 3

X

Figure 5: Density estimate by GCA from bimodal distribution
0.5N(—1,4/9) + 0.5N(1,4/9) for different bandwidths
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Figure 6: Density estimate by LCA from bimodal distribution
0.5N(—1,4/9) + 0.5N(1,4/9) for different bandwidth
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In this section, the performance measures are mean integrated squared error
MISE (1.12)) and integrated squared error ISE ([1.13]). Based on these error cri-
teria, we introduce a reliable data-driven estimator of the optimal bandwidth, the

cross-validation via plug-in method which tries to minimize the MISE to find Agp.

3.3.1 Unbiased Cross Validation Method

The idea of unbiased cross-validation was introduced by Rudemo (1982) and Bow-
man| (1984)). In this section, we employ this unbiased least squared cross-validation
of bandwidth selection in the new kernel estimate GCA and LCA. We will begin
our description of selection of bandwidth selectors. Ideally, for each sample, we would
like to construct a density estimate to minimize the ISE (1.13). Least squares cross-
validation attempts to address ISE rather than MISE. Its motivation comes from

expanding the MISE of f(;h) to obtain

MISE f(z: h) :E/(f(x))2—2E/f(x)f(x)dx+/f2(x)dx. (3.16)

Since the last term does not depend on h, minimizing the MISE f (x,h) is equivalent

to minimizing
MISE f(z, h) —/fQ(:c)d:c - E/(f@))? —2E/f(m)f(x)dx. (3.17)

Then consider the cross-validation estimator

LSCV(h) = / Fla)de —2 / Fs(@)dFy (@)
:/f(x)zdx—QZf_i(Xi), (3.18)
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where F),(z) is empirical cumulative density function (ECDF) based on the sample

with X, deleted.

fri(@)aoa Im{§K< ) Z K( G=10h )}

Jj=t+1

and

. 1 "1 x
Fteen =g 32 5%

X;
h

Now we check the expectations of LSCV (h)gca and LSCV(R)Lca.

s 1 — X 1 — X
35t () S 32 3 et () s

i=1 j=i+1

Same approach on LSCV(h)rca,

—EZf Jroa = /f Jreaf(y)dy

So,

E{LSCV(h)gca} =MISE(h)aca — R(f),

E{LSCV(h)rca} =MISE(h)rca — R(f).

Hence, for the fixed bandwidth, LSCV(h)gca and LSCV(h)ca are unbiased estima-

tors.
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Now we will introduce least squares unbiased cross-validation for the GCA.

5V ca(h)
- [ fapas—2 [ f@ar,
- ZE/ i (w ;hXZ) e
R K () - SR ()
n?ff%h * T Te=T Z;/%K SHL
s S () - S ()

n2h n4zz/h2 ( i )KC;hXj)dx
i{zK( B k(G

=1 j=1 Jj=i+1

The last equation replaces n 1 to n.
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LSCV rca(h)

_ / fla)de —2 / f-i(w)dF,
= ZZ/ n2h%ij ( mXi) K (w ;hXj) o

=1 j5=1

Lk (K

- 2= 20 nwzz/w(zh%%%%%x
S Lk ()

- ze i, nwzz/w<@hww%%wx
n%zz (X X).

3.3.2 Bias Cross Validation Method

replacing the unknown R(f”) in the (3.9) and (3.10) by the estimators

X' ” JZ—XJ‘
(f GCA n4h62/ﬂ ( ih >K (—jh )dﬂ?;

X' ” Jf—Xj
Rl en) = 3 [ G (57 ) (57 o

23

(3.21)

(3.22)

The idea of biased least squares cross-validation methods for the classic KDE
goes back to [Scott and Terrell (1987). In this section, we employ this biased cross-
validation method of bandwidth selection in the new kernel estimate GCA and LCA.
The motivation comes from asymptotic expansion for AMISE as given in (3.9)), and

(3.10) contains only one unknown quantity (
and froa are new kernel estimators which are defined in section and (p) is

(fGCA) and R( LCA)) , where fGCA

the p derivatives. The BCV e and BCV o4 objective functions are obtained by



—_~— P

These two selectors, R(f"s-4) and R(f",.4), used the data set of the i # j case.

These selectors use cross-validation techniques.

BOV (k) = RUK) + = W) R(F) g (3.23)
BCV (h)rca _Z;}fR(K) + 9n4h4 13 (K)R(f") pooa- (3.24)

3.4 Empirical Likelihood Based on GCA and LCA Estimation
In some statistical applications, additional information about f is available: the

mean or variance of a distribution may be known, such as when estimating equations.

This additional information usually can be expressed as ([1.10)).

3.4.1 Empirical Likelihood Based on GCA(ELGCA)

ELGCA uses empirical likelihood in conjunction with the new kernel method
(GCA) to provide a systematic approach for capturing the extra information. Sup-
pose the extra information can be formulated as equation (1.8)), then, ELGCA can be
constructed by replacing n~! in equation (3.2)) with the empirical likelihood p; under
extra information . Then p; can be determined by maximizing a multinational

[ 1} np; subject to

ZI%ZL Zipi:nTH and Zpigl<Xi>:0 (1=1,2,--,q).

The second constraint makes the equation (3.26) to be density function. Let
A1, A, -+, Ay be Lagrange multipliers corresponding to the ¢ constraints. Define
A= (A, 0T and g(X;) = {g1(X0), 92(X;), - -+, 94(X;)}. Then the weight p;

are

-1

pi=n"{1+XTg(X))} (i=1,2,---,n), (3.25)
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where A is the solution of

Z#:O (1=1,2,--,q).

ELGCA is obtained by replacing n~! with the p; (3.25) in (3.2)), so

o “ r — Xz
facoa(r) = ﬁ;pzf( ( m ) : (3.26)

It is easy to check that fel.gc () is a density function.

3.4.2 Empirical Likelihood Based on LCA Estimation (ELLCA)
This section, similar to Section [3.4.1} uses the empirical likelihood technique to
apply the LGA estimation. Suppose the extra information about f is available and

can be expressed as the[[.8, Then p; can be determined by maximizing a multinational

[T, npi
Yopi=1, and Y pa(X)=0 (=12, .q).

ELLCA is obtained by replacing n~! with the p; at equation in the LCA (3.1).
So ELLCA can be expressed

A 1 - Di r—X;
farga(z) = E;7K< m > : (3.27)

It easy to check fez. rca(z) is a density function.

3.4.3 Bias and Variance of ELGCA and ELLCA
In this section, the bias and variance of the new empirical likelihood-based kernel
density estimators are investigated, and the performance of all estimators is compared.

We assume the function g; and kernel K satisfied the following conditions:
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1. forl =1,---,q, g, are smooth functions with enough derivatives;
2. Egl(k) (X) < oo for nonnegative integer k < 4;

3. K is symmetric about zero and is the probability density.

Theorem 3.4.1

E(fu.cca) =E(faca) +o(n™"), (3.28)
E(fu.rca(@)) =E(frca) +o(n™), (3.29)
Var(fucea(®) =Var(faa()) = ~g(o) S g(@) [ + o), (3.30)
Var(fusea(®) =Var(frea(e)) - —g(e) g /(@) +o(n™),  (331)

where E ch A,E ch A, Var fGC 4 and Var fLC 4 are defined in Theorem
Theoremshows that the difference between E( fel,gc 4) and E( fgc A)iso(n™1),
so is between E( fel.gc 4) and E( ch 4). Also it is obvious that the coefficient of n~!
is always negative in the equation and , there is an O(n~!) reduction
in the variance of fel.GCA(x) and fGCA(x), so is variance of fel_LCA(a:) and fLCA(x).
Using the empirical likelihood technique can reduce the variance with O(n~1), and
this reduction decreases as the sample size increases. Simulations show that when n
is greater than 25, fel.Gc a(z) and ch 4(x) are almost the same for standard normal
distribution, and so are fel. roa(z) and fLCA(:c).
Immediately from the Theorem [3.4.1], the MISE for both estimators has the following

results,

MISE f.;.goa =MISE faou —

S|~ 3|~

MISE fu; roa =MISE froa —

/g V2 tg(z) f(x)*dx + o(n™t) (3.32)
/g VX tg(2) f(x)%dr + o(n™t) (3.33)
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There is a reduction in the mean integrated square error due to using the extra

1

information by the empirical likelihood, since the coefficients of n™" in the equation

(3.32) and (3.33) are always positive.

3.5 Simulation Study

In this section, the performance of six estimators will be compared: GCA,
ELGCA, LCA, ELLCA, standard KDE, and ELKDE. Data will be generated
from standard normal distribution, mixture normal 0.5N(—1,4/9)+0.5N(1,4/9) and
mixture normal 0.75N (0, 1) +0.25N(1.5,4/9), with 1000 replications and sample size
n=15, 25, 50, 100 and 500. All figures show that GCA and LCA are significantly
better than standard KDE, especially at catching humps and valleys and on the tails
(extreme points). When the sample size is small, the empirical likelihood version is
significantly better than the non-empirical likelihood version. The difference between
the estimators shrinks as the sample size increases.

For the normal distribution, when sample size n=15 (see figure , GCA and
ELGCA are almost identical, and both are close to true density function. ELLCA
is slightly better than LCA, and all four estimators are significantly better than
ELKDE and KDE. Especially on the mode and two tails, the two new estimators
and their empirical likelihood versions are better than KDE and ELKDE. When
the sample size n=25 (see figure [§)), the empirical likelihood version estimators are
almost the same as their standard estimators. But GCA is better than LCA, and
both estimators are better than KDE. And when sample size increases, the difference
between these estimators decreases. When sample size n=500, these six estimators
are almost the same.

For the mixture normal 0.75N(0,1)+0.25N(1.5,4/9), when sample size n=15 (see
figure @, ELGCA is best at catching the right hump, followed by ELLCA, GCA,
LCA, ELKDE, and finally, KDE. For catching the valley, GCA is best, followed
by LCA, ELGCA, ELLCA and KDE. For catching the left hump, ELGCA is
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almost the same as GCA, and both are better than ELLCA and LCA. All four of
these estimators are significantly better than ELKDE and KDE. Figure [10| shows
that the empirical likelihood version estimates are significant better than standard
estimates for sample size n=25, n=50. When n=100, empirical likelihood version
estimations are slightly better than standard estimators. When sample size n=>500,
empirical likelihood version estimations are almost the same as standard estimators.
But for all cases, LCA is better than GCA., and both of these estimators are better
than KDE. Also, when sample sizes increase, the difference between these estimators
decreases. But the new estimators are better than classic KDE.

For the mixture normal distribution 0.5N(—1,4/9) + 0.5N(1,4/9), this case is

similar with the previous two cases.
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Figure 7: Kernel estimates from standard normal distribution for sample size n=15
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Figure 8: Density estimate from normal distribution for different sample size
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Figure 9: Kernel density estimation from 0.75N(0,1) + 0.25N(1.5,4/9) for sample
size n=15
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Figure 10: Kernel density estimation from 0.75N (0, 1) + 0.25N(1.5,4/9) for
different sample size
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3.6 Appendix
3.6.1 Proof Theorem [3.2.1]
Proof First we show equations (3.3) and ( -

Ew;ﬁ)=/%K<z;y>f<y>dy

—i [ KGofa = ity

=i / K () () — ihaf(x) + 5L () 4 o(2h2) )
= i7(@) + ) () oD,

Then,

n

A 2 r—X;
EfGCA(I)ZEmZK< o )

2 "1 r— X,
S -K !
(n—i—l);Eh < ih )

- o 3 (i + 2ty )

= f(x) + ithZ,ug(K)f”(x) + o(n*h?).

So equation (3.3)) is proved.

st =By 1 (5
= Z ek (S5

:_Z {if(x +—hu2( K) f"(x) + o(i°h*)}

= (@) + G Hpn(K) () + oln?h?)

Equation (3.4)) is proved.
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Next we calculate the Variance for these two new methods.

First,
EiK (x — Xi)
- [ () s
/K2 (x — pih)ihdu
= 1 [ K@) — g @) + T
= ﬁ{R( )f (gz:)+§h2 " (x /K2 (n)pPdp}.
So,
VarGe (5
:E{%K(m ihX>} {E— K( )}2
= LRI + 515 [ K Godn — (65(0) + ) @)
= LRU )+ Shfe) [ Kt~ 20~ S (),
hence,

. 4 - X;
VarfGCA(x) WZV&I‘ K( ih )

2 2 —1
Z%R(K)f(ﬁ) - 3—nf (z) + o(h,n™"),
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equation (3.5 is proved,

Var{ froa(z)} = 2 ZVMEK ( ih )
i=1

= 2 B R ) + Shfa) [ KA ptdn = 252) - S @)
L B (@) = 2 (@) + o™ ),

and equation ((3.6)) is proved.
This completes the proof of Theorem |3.2.1]

3.6.2 Proof Theorem [3.2.3
Proof From (3.14)), the first term is independent of data. Clearly,

. 2KM(0) < 1 2 gl i X
B (Wees = O o~ bye 2 opc iy (AT A

]
and
B KO (S25) = [y re (S20) s sy
- [[x (xj;ﬂ) 1) () dudy
=it [ 0@ s+ L) [ P05 @
So

n

. 2K ™ (0) 1, n—1 n’h? 2,2
B (oea = s D 257+ T et g el o),
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and

5 KO0) 1,4 n—1 n?h? -
E¢,(h)rca = Gy Ry ;(3) +— U + 5 2 (K)o + o(nh?),
where ¢, = [ f0)(2)f® (z)dz. The first equation in the theorem is proved. Now

we need to find variance of ¥, (h)gca.

4

. 1 X. — X.
- - 7O N e ]
Vary), (h) T l)thVarZ(jh) K ( T >

First, we need to find E[ZZ#(J}L)TK(T) ( - )]2 There are some different cases:

1 X, — X,
E ()K" |2 V2 =-F +Ey+Es+E,+Es+ FEs + E
[Z(jh) ( jh )] | + By + Es + Ey + Es + Eg + Er,

where
Eywheni=k#j=1; By wheni=1[+# j=k; Fs when i =k # j #[;
Eywheni=1#j=k; Eswheni# j=k#1; Eg when ¢ # j =1 # k;

E; when ¢ # j # k #1;

foe 2 G (S5

z;é] l

_; Jh SR (X JhX >]
> G [ (
—Z ) ) 1// Fy + pih) f(y)dydu

i#]

_Zjh 2r IR (K )

7]

>]2f(:v)f(y)dxdy
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1.1 X, - X, X _x
Es=E —\(— TK(T) 4 J K(r) 4 l
X

J#l Jh

S Jh G / / / ( ) ( Z)f(a:)f(y)f(z)da:dydz
=i§ﬂ/f(x)[/(j1h) KO (22 sy [y (S5 ) serasdas
=2 / @) / K (”Z}f’) £ (y)dy / K (%> £ (2)dz)dz

il

mﬂ/ /K (z — ujh) du/K (2 — vih)dz]dv
i#j#
1

=73" n*(n —1)(n —2)(3n — 1)h /f )T (2))%d
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E4Ezjhzh (
- X

l;é;ék

) (%)

-5 e (S5 e (57
- S [l (5 ()
5 i (55 el < > =
-3 [ronf e (52) o [ (552) o
_;kjh/f /K V£ (2 — ,ujhd;z/K )fO (@ + vih)dv|da

= n(n — 1)~ 2)(3n — 1 /f O ()2

oo El;é;kﬂh )(XJX])K()(X”LXZ)
- 2 e (550 < (5

» Skt /// ( hy> ( ) dedudz

:Z/f L (20 %)K( )()]
/<>[/ ( ) ki [ 1 (12) 10
_ / /K )y + pjh) du/K ) (y — vik)dvdy

1

= n(n — 1)~ 2)(3n — /f O w)2dy,
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mmp S g (R e (B5)
-z ih) VEK® ( ) ( —h )
ih G /// ( y) ( ) )f(y) [ (2)dxdydz
:kﬁjzl / fly RO ( ) ( ) F(2)d2]dy
/ i) e [ ( ) (e)eldy

_ 'fh? / f(y)[/ K ()" (y + pjh)du / K@) f"(y — vih)dvldy

and

ey [[ 5 (255 150 wsar

£k

= ST GRE () F@) (@ — pih)dedp I () £(2) £ (2 — th)dzdy)
£iARA

=3 / £(2) £ () da]?

=~ Dfgnt = 200+ Znt = T 30 )10 )P

rro(r) [ Xi—Xj
Then Var Y, (%) K<>< = )
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1 X, — X,
Var Sk (25

izi J

1 X —X;
:E1+...+E7_[E2(j_h)rK(r)< 7 J>]2
i#]

1

= Do =20 - 1) [ £ )y

+n(n — 1)[in4 —2n3 + 24—3712 —Tn + 3]h2[/ f(y)f(T)(y)dy]2

= [ 0@ sl

3

:Zn*"hz/f(y)[f(”(y)]Qdy—2n5h2[/ F) f7 (y)dy].

Then it is

Vardu(baca = > [ T Wy -1 [ F)1 )

Taking the same approach to Varzﬂr(h) LCA, We have

Var, (h)roa = ﬁwOR(K M) + %{ / FOO W) dy] — v}
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3.6.3 Proof Theorem [3.4.7]

Proof Using a similar proof to Chen| (1997)), we can get

s 2 & - X;
fercoa(z) = mz;pzf( (93 0 >

2 - 1 r—X;
= K !
n(n+1)h Zl 14+ XTg(X)) ( ih )

_ ﬁ D11 = ATg(X0) + AT g(X)g" (XA + Oy )]

K
(5)

= faca(x) = ATTy + ATTOA + 0, (n7Y),

where the vector T; and ¢ x ¢ matrix T5 are defined by

= e 00 ()

2 = T r—X,;
TzZm;g(Xi)g(Xi) K( ih )

A Taylor expansion for A, similar to those given in |Chen| (1997), is
1 n
A=Y= X))+ 0,(n™), 3.34
2 28X + Oyl (3.34)

where 3 = cov(g;(X), gm(X)).
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= /g(y — pih)"S7 gy — pih) K () f(y — pih)ihdp

—ih [ (8l) - ning'(s) + " g )} 2
{a(y) — uihg/(y) + ﬁg"(y)}

2
27,22

K(u){ () — s (9) + 20 ()

= ihg(y) 'S 'gy) f(y) +o(n™").
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Thus, by delta method,

E(fa.cca) = E(feca) +o(n™). (3.35)

To derive the variance of f..coa,

facoa(z)?

— 2 222 T T K(x' Z)K(x' j)
n?(n+1)%h* 4= 14+ Xg(X;) 1+ ATg(X)) th Jh

= fGCA(x)2 — QATTlfGCACL’) + QATTQ)\fAGCA(QZ) —+ ATTlTl)\ —+ 0(7171),
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E(N"T) faca(z))

n

. WE (X)) 2 (X)) K (I ;hXi> " (x ;th)>

i’j?kzl

4
- i 2 B (s

i=j#k

(X5) )
4 = T r — Xp
+ m];zE (g(Xj) K ( ©h

(
N m Z:; E <g(Xi)TE‘1g(Xi)K (I ;hXi)Q)

8

- mzzkg( ) S g(y) f(y)*dy
itk

T m Z ig(y)" X' (y) f(y)dyR(K) + o(n™")

- %g(y)Tz‘lg(y)f(y)Qdy +o(n ™),

EA"ToA feca(z))

_ﬁzl«;g X)) g (X:)g(X:) 8 g (X))

K (x i ) K (x ;th)
_ WE (g(XoTElg(Xi)K (x ;hXi) K <m ;ij( k))

B %g(y)TE‘lg(y)f(y)Qdy +o(n™h),

EATT,TIA) = X;)TEg(Xi)g(Xk) 2 g (X))

n4n+12h2 ;

K(xzf)ff(xzf’“)

N %g(%‘)TElg(ﬂf)f(fv)2 +o(n™).
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Thus, Taylor expansion for A, and additional use of the delta method, can get
E(facoa(®)?) = E(faca()?) - %g(ﬂc)TE_lg(x)f(ﬂf)2 +o(n™"). (3.36)
So Varfez.GCA(fE)
Var(fugoa(w)) = Var(facale)) - +8(0) S gl (@ +otn),  (3.37)

equation (3.5 is proved.

Similar proof of (3.3]) and (3.5)), then
; l~pi, (v—X
e = 7 —K
Jerca A ;:1 ; ( i )

1 1 1 (:C—Xi)
=—» - = K :
nh i1+ X g(X;) ih

= 71— NTR(X) + ATB(Xg(X)TA + oln )} < g Xi)

ih

== fLC’A — ATLl + ATLQA + o(n_l),

where the vector L; and ¢ X ¢ matrix Ly are defined by

n

Li=—Y —g(X)K
1= 2w 8 ( ih )

=1

1 1 T — X,
Ly=—)Y ~g(X)g(X;))"K “.
= 2 8RN (=)

7



Plug in the A at equation (3.34)), then

)
n?h <Zzg X;)'s" 1% Xi)K(a:;hXi))

=1 j5=1

where

E (%Q(Xi)TE_lg(Xi)K ('75 ;hX>)
= [ s g0k (yz‘hx) fla)ds

= / ihg(y — pih)' S g(y — pih) K () f(y — pih)ihdp

= [ta) ~ ning') + " )5 gly) - pihg ) + g )
K({f(y) — pihf'(y) +
=gy = 'gy) f(y) +o(n™),

2h2 2

f" () ydp
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and

E(ATLQA)

X)ret X)) g (X )-K ’
n3h <”J129 g(Xi)g(X)" S g (X5)- o

k=1

n3h ZE (g X)TE (X, )g(Xi)TE‘lg(Xi)%K (x ;hX»
S ZE < XS (XK (“” ;hX)>

= %g(y)Tzlg(y)f(y) o).

Thus, by delta method,

E(fa.rca) = E(frca) +o(n™"). (3.38)

To derive the variance of f..r.ca,

fel.LCA(fr)Q

1 < 1 1 r— X r— X,
— K . ? K ‘ ])
n*h? 2]: i(1+ X"g(X))) j(1+ ATg(X;)) ( ih ) ( jh

= fLCA(l’)Z — QATLlfLCA(.’L') + QATLQ)\fLCA(x) + )\TLlLl)\ + 0(7171),
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Now,

EATLoA froa(z))

- 42ZEg

i,5,0,k

w5 ) e (

 n3h2

1

X;)'s " g(X)g(X:) 'S g(X))

JJ—Xk
kh

_ ! E< (i()Tz g(XZ)%K <“’;hX) %K

= ﬁg(y)Tzflg(y)f(y)Qdy +o(n™),
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n

BN LA = 37 Fe(X,)T5 (X85S 8(X)

i7j7k7l:1

1 r—X; r — X}
%K< ih )K< kh >

= Lg ()75 () f(2)” +oln ™).

Thus, Taylor expansion for A, and additional use of the delta method, can get
Bfuscale) = E(fuoae) — (o) g(a)f (@) + o(n ™)

So var(fu.rca(z))
Var(fuuoa(v) = Var(frea(@) — —8(o) S g(@)f (@)? +ofn ™).

This completes the proof of Theorem [3.4.1]
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4 GCA and LGA Applications: Regression and CDF

Estimation

4.1 Introduction

In this chapter we study some applications, namely regression and Cumulative
Distribution Function (CDF) estimation based on GCA and LGA estimators. In
the regression models, the goal is to estimate the regression function at a particular
point by “local” fitting a p'* degree polynomial to the data via weighted least squares.
In this class, p = 0 as a special case with degree zero polynomials, that is local
constants, like the Nadaraya-Watson estimator for usual kernel estimator. Another
special case is a local linear estimator, corresponding to p = 1. We also see the mean
squared error properties for p = 0 and p = 1 analogous to those of these new kernel
density estimators. This means that most of the the ideas developed in the context
of new density estimations can be easily transported to the context of regression.

Another application is the estimate CDF that is based on these two new estimators.

4.2 Random Design Regression Model
We study a random design regression model when we observe bivariate samples
(X1,Y1),++,(X,,Y,) of random pairs and assume that all are continuously dis-

tributed with a joint density f(y, z). Let f(y|x) = f(y,x)/f(x) be conditional density
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of Y; given X;. The regression function for Y¥; on X; is

m(x) = E(F|X, = )

in which case the model can be written as

where

E(ei|X:) =0 and E(2|X;) = o?(z).

In the following sections, we introduce a local polynomial based on GCA and LCA

estimators.

4.2.1 Local Polynomial Based on GCA Estimators

In this section, we investigate a local polynomial based on a GCA estimator
that is defined by . Our task is to derive an explicit expression for the local
polynomial based on the GCA estimator. For simplicity’s sake we will assume that
f is supported on [0, 1]. Let p be the degree of the polynomial being fit. At a point

x, the estimator m(x; p, h) is obtained by fitting the polynomial

Pot+ B =)+ -+ Bp(- — )"

to the (X;,Y;) using weighted least squares with kernel weights K (‘”_Xi) for

2
(n+1)h ih

the GCA estimator. The value of m(x;p, h) is the height of the fit By, where 3 =
(Bo, - - ,Bp) minimizes (4.2)) for the GCA estimator.

n

n2 2 r—X,;
S OV (). (12)
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Assuming the convertibility of (XTWgca xXx), standard weighted least squares the-

ory leads to the solution

Boca :(X:WGCA.:EXJ:)71X§WGCA.IY

where Y = (Y1, ---,Y,)T is the vector of responses,
1 Xi—2 -+ (Xy—a)
| o
1 Xp—2z -+ (X, —2x)P

is an n X (p+ 1) design matrix, and

KO0
|0 k@
WGCA.m—m
0 0 K (%25)

is an n x n diagonal matrix of weights.

Since the estimator of m(z) is the intercept coefficient, we obtain
A ~ T —
meaoa(z;p, h) =€ Booa = €1 (X, WacaaXs) ' XEWecao Y, (4.3)

where e; is the (p + 1) x 1 vector, with 1 in the first entry and zero elsewhere.

For special case p = 0, the regression based on the GCA estimator can be ex-

pressed as follows :

K (XY g,
mGCA<x; 07 h) :%_nl K(()Z?Z_Z;J’ (44)
i=1 ih
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and the local linear estimators p = 1:

; PITUIRE o {Galw; h) — Gy (w; B) (X — 2)}K (552) Y,
maoa(z;1,h) = Z Go(: ) G5 h) — Gy (3 h)?

1=1

, (4.5)

where éj(x; h) = n(n—il)h S (X — ) K (Xz};x)

Asymptotic MSE Approximations
We present the mean and variance calculations for m(x; p, h) in the p = 1. Suppose
that the design is an independent sample, denoted by X1, --- , X,,, having density f.

We make the following assumptions in our analysis:
1. The functions m” are each continuous functions.

2. The kernel K is satisfying,
/K(,u)du: 1 and /uK(u)du:O and /MQK(,u)du < 0.

3. The bandwidth is satisfying h — 0 and n?h — oo.

In this section we analyze the mean and variance of the estimator m(x; p, h). It follows

directly from ({4.3]), then

E(meaca(r;1,h)) = e] (XIWeea.Xe) " XEWaca.M,

where M = (m(xz1),--- ,m(z,))T. And local linear fitting ,design matrix X,
1 X1 — X
X, = |: :
1 X,—=
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is an n X 2 matrix. According to a version of Taylor’s expansion , for any xe[0, 1],

m(z;) = m(x) + (z; — x)m/(z) + %(xZ —z)’m/ (x) +
which implies that
(v — 2)?
N T I A
m'(z)| 2 (50 — 2)?

The first term in the expression of E(fhgca(z;1,h)) is

_ m(x m(z)
el (XT Weaoa.X,) H(XE Weea.X,) @) _ e (@) _ m(x),
m'(x m’(x)
Then the bias of mgea(z;1,h) is
E(megcea)(z; 1, h) — m(z)
(X1 —2)?
1
=g’ (@)e] (X WeeaoXe) XiWecan| 1 |+
(Xn - x)2

If m"(x) = 0 for all » > 2, then mgea(x; 1, h) is an exactly unbiased estimator for
linear m.

To compute the leading bias term for general m

éo(ﬂﬂ h) él(l"%h)

A ~

XIWeea. X, =
Gi(z;h) Ga(z;h)
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and

2 h) :%E i(xi — 2y K (XZ; x)
23 Ju-ayi (S50 s
! Z [ W oo+ ity

=—Z (% [ WG @) + i (2) + 50l @) Y

So,
( n . .
o) it ()T f (@) [ 1 K () dpe + Op (i i (ih)7F?)
EQ (2: 1) if j is even ;
(z;h) = n ' o
] ﬁ Doy (i) f () [T K () dp + Op(m > (ih)7)
if j is odd .
which leads to
1o f(x) + Op(n?h?) 2B (@) pa(K) + Op(n®h?)
_XxWGCAme = 2p2 4 313 n2h2 371.3 )
n (@) pe(K) + Op(n°h?) - 255 f(2) p2(K) + Op(n°h?)
and
(Xl - I)2 2h2 373
1o f() 2(K) + Op(n°h7)
=X, Weeoas ikt g UNE
n h z) [ K(p)dp + Op(n*h*)
(Xn - )2
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AxIWeox) o | O S@Pw
! —f'(2)/f*(x) {"3-f(2) [ 1P K (n)dp}~

It follows that the conditional bias is given by

E{mcca(z;1,h) —m(z)| Xy, -, X} = m" (x)pa(K) + 0p(n*h?).
For the variance approximation, note that

Var{mgca(z;1,h)}

= erlr(szGCA.wa)_1X5WGCA.xVWGCA.xXx(ngGCA.:ch)_lel

Using approximations analogous to those used above,

—2-R(K O(n-!
XIWecar VWeaca, = |08 (K)o(z) (n™)

O™ thp(K)o(z)|

2R(K)o ()

Var{mGCA(:E; 1, h)} = n2h

+ 0((n2h)_1).
This leads to MSE

MSE{mGCA(l'; 1, h)} :BiaS2{mGCA(.1'; 1, h)} -+ Var{mGCA(x; 1, h)}

nth? 2R(K)o(z)

=L @ (K)Y + =T ol () ),

4.2.2 Local polynomial based on LCA Estimator
In this section, we investigate local polynomial LCA estimators that are defined

by (3.1]). Taking a similar approach on the local polynomial based on GCA estimator,
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at a point x the estimator mpca(x;p,h) is obtained by fitting the polynomial

PotBr(-—2) + -+ Bp(- — )

to the (X;,Y;) using weighted least squares with kernel weights %K (””;}f(l) for LCA.

The value of mga(x; p, h) is the height of the fit By, where 3 = (Bo, e ,Bp) minimizes

(4.6 for LCA.

S0 = = X - PPk (T (1.6)

Assuming the convertibility of (XIWLC AxXx), standard weighted least squares the-

ory leads to the solution
Brea =XIWicaaXe) ' XIWicas Y,

where Y is the same as in the previous section. But a diagonal weight matrix changes

to

K(%=#) 0
X;—x
W _ L0 K ()
LCAx — E . . :
0 0 K (55)
Then we can obtain
pca(z;p,h) =eTBros = e’lr(XZWLCA.sz>_1X£WLCA.xY7 (4.7)

where e; is the (p+ 1) x 1 vector, with 1 in the first entry and zero elsewhere.
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For special case p = 0, the kernel regression LCA can be expressed as the follow-

ing:

Z?:I %K (%) Yi

mroa(r;0,h) ===5; — (4.8)
i K (55)
and local linear estimators p = 1:
" {Ly(x; h) — Li(z; h)(X; — o)} K (X22) Y,
mLCA(x;l,h):n_lz{ 2(@ih) = In(@; h)( DI () : (4.9)

Lo(x; B)So(w; h) — Ly (x; h)?

=1

where L;(z;h) = n(nQT)h S (X — ) K (F5F)

Asymptotic MSE Approximations

We present the mean and variance calculations for m(z; p, h) in the p = 1. Suppose
that the design is an independent sample, denoted by X, -, X,,, having density f.
We make the same assumptions from the previous section, and analyze the mean and

variance of the estimator mpca(z;p, h). It follows directly from (4.7) that
E(rca(z;1,h) = €] (XEWca.Xe) ' XEW oM.
Using Taylor expansion for M we obtain

el (XIWoa.Xe) "(XIW o4 X,)
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The bias of mpca(z; 1, h) is

Empoa(z; 1, h) — m(z)

(X1 —x)?
1
= §m"(ﬂf)eip(XfWLCA.xXx)_1X5WLCA.Q; : +---
(Xn - x)Q

If m"(x) = 0 for all » > 2, then mrca(z;1,h) is an exactly unbiased estimator for
linear m.

To compute the leading bias term for general m

A A

Lo(xz:h) Li(x:h
XwaCA.xX:B: AO(:E7 ) Al(x7 ) )
Ll X L2(x7h)
and
X, —z)? R
T ( ' ) L2<x7 h)
X, Wicaa =,
Ly(x;h)
(Xn - 17)2

EL;(x; h) :%E En:(xi - x)ﬂ%K (XZ; x)
Y [yt (UF) sy

> [ WY K o+ it

Z% ;@'h)j / W K () {f(z) + pih f'(z) + %(mh)Q F(x)Ydy.
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So,

(LS R () [ K () dp o+ Op(2 00 (i)
. if j is odd ;
ELJ(Z', h) - 1 n . . . 1 n . j+1
n Zi:1(lh)Jf($) f MJK(ﬂ)dM + Op(ﬁ 21:1(Zh) )
if j is even .
which leads to
1 x) + o,(nh 2202 £V 1o (K + 0, (n2h?
Wi < |, SO0 @) + o)
n (@) pe(K) + op(n°h?) 5= f () pa(K) + Op(n°h?)
and
(Xl - I>2 n2h2 373
1XTW ) . 3 f(@)pa(K) + Op(n°h?)
g T LCA.x . - M ’ 4K< )d +O (n4h4) )
(X, — 22 s f'(2) [ K (p)dp + O,

1 _' flx)™ —f@)/f @) |
—f'@)/ (@) {55 f)pa(K)}

It follows that the conditional bias is given by

E{mroa(e; 1,h) —m(@)| X1, Xp} = ——m"(2)pa(K) + 0,(n*h?).
For the variance approximation, note that

Var{mca(x;1, h)

= el (X, WicaoXe) " XIWroa e VWroa . X (XEW 104, X,) e
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Using approximations analogous to those used above,

=

Dy
XIW 1042 VWioa, = h

S

R(K)o(z)  O(n™Y)
(

O(n™?) Lhps (K)o (z)|

S0 LR(K)o(2)

Var{mLCA(x; 1, h)} =

This leads to MSE

MSE{mGCA(I‘; 1, h)} :Bias{mGCA(m; 1, h)} + Var{mGCA(x; 1, h)}

nth? St AR(K)o(x) _
= @ ()Y 4+ ST o (nh) ),
4.2.3 Simulation Study
The true regression function is
m(z) = sin®(272?), (4.10)

confined to the interval [0, 1], and is represented by the black solid curve. The data

Xi, -+, X, are generated by uniform [0,1] and the data Y7,--- Y, are generated by

YV,=m(X;)+0.1l¢, i=1,---,n

where ¢; are independent N (0, 1) random variables. The (X;,Y;) pairs are represented
by the circles. The black solid line is the regression function m(z) given by ,
the blue solid curve is the usual kernel estimate with p = 1, the blue dot curve is the
usual kernel estimate with p = 0, the red solid curve is GCA estimate with p = 1, the
red dot curve is GCA estimate with p = 0, the green solid curve is the LCA estimate

with p = 1, and the green dot curve is GCA estimate with p = 0. Figures and
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show that there is not too much difference between p = 0 and p = 1 for different
estimators. The GCA and LCA are better than KDE, especially at catching the
hump (close to 0.6) and the valley (close to 0.9). The GCA and LCA are almost

the same curve.

o
- T reference
—— KDE p=0
--- KDE p=1
— GCAp=0
--- GCA p=1
o LCA p=0
S T LCA p=1
S
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Figure 13: Estimated regression function with sample size n=>50
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Figure 14: Estimated regression function with sample size n=100

4.3 Cumulative Distribution Function Estimation
Let X4y,---,X, be independent and identically distributed random vectors in
R, with absolutely continuous distribution function F' and corresponding probability

density function f. The traditional estimator of the CDF is the empirical distribution
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function, which is given by

1 n
:—g I(X; <t
n <
Jj=1

where [(-) represents the indicator function. The smoothed estimation of the CDF,
Fn(x)GCA and Fn(x)GCA are constructed by integrating chA and fLCA, which are
defined as (3.2) and (3.1). So, smooth estimators Fn(m)GCA and Fn(x)GCA can be

expressed as:

P () ae = / ZK( - )dx— — ZK(
x le~- (2 —X;
e —K - — K -
e /z () == (),
and the estimator based on the standard kernel density estimation is
1 5 X,
D)
e

where K(t f K(p)dp. In the next section, we calculate the mean and variance

).

R 1 [ & X
Fn(x)KDE :E /OO;K(

of smooth estimators Fn(a:)GCA and Fn(x)GCA.

4.3.1 Properties
Theorem 4.3.1 Assume that F(x) is twice continuously differentiable, K is bounded,

symmetric and compactly supported. Then as n — oo

B(Eu(tocn) =F(8) + "1 i) £ (1) + ofuh?), (4.11)
E(Fy(t)noa) =F (1) + ”Z‘Q (K F/(6) + oln®h?), (112)
Var(F,(t)aca) = 34 (F(t) — F*(t)) — 2h / K(u) K (1) pdps + o(nh), (4.13)
Var(Fy ()sca) = (P (1) - / R (u) K (i)yadys + o(nh), (4.14)
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where f'(t) = FA(t).

For proof see Appendix Section 4.4}
By following Theorem 4.3.1, we can immediately obtain the following results for the
MSE of Fn(t)gcA and Fn(t)LcAi

NS, (oca =" i) () + o (F(1) — F(1)

— zh/K ) pdps 4 o(n*h*), (4.15)
MSER, ()04 =" i) (/1) + ~(F(1) — (1)

— h/K p)pdp + o(n*h?). (4.16)

4.3.2 Simulation Study

We generate the data from standard normal distribution, mixture normal
0.5N(—1,1) + 0.5N(1,1), and mixture normal 0.75N(0,1) 4+ 0.25N(1.5,4/9) from
difference sample sizes n=15, 25, 50, 100 and 500. From the figure [16], the green
dashed line is best, followed by the red dotted line, with the last being the blue
dotdash line. So the performance of ﬁ’n(t) rca is slightly better than Fn(t)GCA, and
these two estimators are significantly better than standard Fn(t) KDE, especially at
the extreme value. Even for the sample size n=500, the new estimators are bet-
ter than a standard kernel estimator. Mixture normal 0.5N(—1,1) + 0.5N(1,1) and

0.75N(0,1) + 0.25N(1.5,4/9) have the same results.
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Figure 16: CDF estimation from normal distribution for different sample sizes
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17: CDF estimation from 0.5N(—1,1) 4+ 0.5N(1, 1) for sample size n=15
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Figure 19: CDF estimation from 0.75N(0,1) + 0.25N(1.5,4/9) for sample size
n=15

102



1.0

0.8

© |
o
L
(]
(8]
<
o
N
o
<o
o
T T T T T T T T T T T T T T
3 2 1 0 1 2 3 3 2 1 0 1 2 3
X X
(a) n=25 (b) n=50
o | e
@ @
o o
© _| ©
o o
w 'S
(=] a
o o
< | |
o o
N N
o o
< <
o o
T T T T T T T T T T T T T T
3 2 1 0 1 2 3 3 2 1 0 1 2 3
X X
(¢) n=100 (d) n=500

Figure 20: CDF estimation from 0.75N(0,1) 4+ 0.5N(1.5,4/9) for different sample
size

4.4 Appendix

First look at the E{F,(2)cca}-
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Now working with

B{K (t_ihXZ)} _ [Tk (t,_x) f(z)dz

and




=2 [ RGoK (@~ ity

= / R () K (n){ F(t) — pih O (8) }dju + oh*n?)

/ Qh/K p)pdp + o

Qh/K p)pdp + o(

Va{K(th)} —e(* (151 - [E{K(t hX)}]

7

2zh/K ppudp — [F(t) + ?N (K)F®(t)]?
—2i h/K ) pdp + o
Then
VarF,,(t)aca =Var [(n+1) ilzK (t_hX)]
n+1 Varz < )
ik X)}
Qh/K wpdp + o(nh),
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and

This completes the proof of Theorem 4.3.1]
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5 Future Research

In the future, I will concentrate on several issues pertaining to the GCA and LCA
density estimation, including their empirical likelihood version. Specifically, I propose

to:

1. Study the empirical likelihood versions of regression and CDF, based on the
new estimates GCA and LCA.

2. Extend the settings of GCA and LCA to multivariate density estimation; study
the properties of high dimension versions of GCA and LCA; investigate how
dimensions affect MISE or MSE and compare with standard multivariate KDE;
also, address data-driven bandwidth selection methods, such as cross-validation,

plug-in, and contrast methods.

3. Apply GCA and LCA estimations in some hypothesis testing, such as testing
goodness of fit, symmetry, and independence; evaluate power gains for both

these estimates and their empirical likelihood versions over standard KDE.

4. Generalize the rank versions of GCA and LCA estimate settings; for example,
let X4, --,X, be arandom sample from unknown distribution F' with PDF
f, and let Ry,---, R, be the rank of X;, then the rank versions of GCA and
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LCA estimators can be defined as:

~ 2 - T — Xz

fraoa(m) :—n(n+ Dh ;K ( Rih ) (5.1)

frrca(z) :% Z %K (1’};2(1> (5.2)
i=1 " !

5. Address the bias reduction methods for the GCA and LCA estimates using
random transformation, both in the univariate and multivariate; study the den-

sity estimations GCA and LCA at boundaries for densities with finite support.
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