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ABSTRACT

We consider kernel estimation of the p-dimensional marginal distribution function of
a stationary associated sequence. We restate this setting available results concerning the
asymptotic behaviour of the kernel estimator on the literature for somewhat reduced frame-
work. We present some simulation results concerning the empirical process constructed form

the estimator, illustrating the asymptotic normality recalled here.

1. INTRODUCTION AND ASSUMPTIONS

Estimation of distribution functions has been one of the classical problems in statistics.
We will address this estimation using a kernel estimator and based on a stationary sequence
satisfying a positive association assumption, and we will be interested in the p-dimensional
marginal distribution function. The dependence structure of associated sequences is com-

pletely characterized by the covariances between the variables, as described by Theorem 10
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in Newman (1984). It is thus natural to seek sufficient conditions for the convergence of
the estimators imposing some convenient decrease rate on the covariances. Estimation of
distribution functions based on associated samples seems to have attracted attention first:
Roussas (1991) studied the one-dimensional case, Cai and Roussas (1998) considered the
same one-dimensional case but under positive quadrant dependence, a positive dependence
related to association. Motivated by the need to approximate covariance functions appearing
in the study of empirical processes, the two-dimensional case based on associated samples
was addressed in Azevedo and Oliveira (2000) using the kernel estimator and in Henriques
and Oliveira (2003) using the histogram estimator. This note, after rewriting the results in
Azevedo and Oliveira (2000) for the p-dimensional setting, presents some simulation results
concerning the empirical process. These simulations illustrate the convergence of the finite
dimensional distributions of the empirical process, giving some information about the finite
sample behaviour. The simulation model depends on a parameter that may be interpreted
as a measure of how far away the variables can be being still dependent. The influence of the
parameter is also illustrated. It is clear that, for sequences that are close to independence
the asymptotic normality happens with quite fast convergence. We will include only sketches
of proofs, as the adaptation of the two-dimensional results to the p-dimensional is almost

straightforward, referring the reader to Azevedo and Oliveira (2000) for details.

Definition 1 (Esary et al. (1967)) The random variables X1, Xo, ... are said to be asso-
ciated, if for every k € N and any real-valued coordinatewise increasing functions
G, H: RF — R,

Cov (G(Xl, LX) HX,. ,Xk)) >0,
whenever this covariance exists.

A sequence of random variables { X, }nen is said to be associated if, for every k € N, the

random variables X1, ..., X} are associated.

Given the sequence {X,, },en denote by F, its p-dimensional marginal distribution func-

tion, X, = (Xi41,..., Xiqp) and x = (21, ...,2,). Consider U a given p-variate distribution



function, and {h,}.en, a sequence of positive real numbers such that h, — 0. Assuming

the stationarity, the estimator for F), is defined as

n—p

Pl = 23 0 (X550, (1)

i=1 n

We will refer to U as the kernel function. This is the natural extension of the kernel estimator
for distribution functions.

For independent samples, Jin and Shao (1999) proved the almost sure consistency and
described the mean square error of ﬁnm, deriving that, for every dimension p, the optimal

bandwidth rate is of order n=1/3.

For associated samples, it follows from Cai and Rous-
sas (1998) that, under the assumptions on the covariance structure that imply the consis-
tency of the estimator, the optimal bandwidth rate for the one-dimensional case is of order
n~!. This optimal bandwidth rate is shown to be depend on the decay rate of the covariances.
In particular, in Cai and Roussas (1998), strengthening the assumptions on the covariances,

the authors recover the optimal bandwidth rate n=/3

, as for independent sequences. In
Azevedo and Oliveira (2000), the two-dimensional estimation of the distribution function of
(X1, X41) was considered with results similar to those by Cai and Roussas (1998).

For future reference we list the assumptions that will be used in the sequel. This set of

conditions is basically the same as in Cai and Roussas (1998) and in Jin and Shao (1999).

Assumptions

(A1) { X, }nen is a strictly stationary sequence of associated random variables with bounded

density function f;

(Ay) The distribution function F, of the random vector X = (X7, ..., X,,) has bounded and

continuous partial derivatives of first and second orders;

(As) For each j € N, the distribution function F,; of the 2p-dimensional random vector

(X1, X,,) has bounded and continuous partial derivatives of first and second orders;



oPuU
0x1...0zp

(A4) The kernel function U is p times differentiable and u = satisfies

i) [ uax=1o (i) [ xuGodx=0 (i) [ xxux)dx < o

(As) nh? — 0;

(43) nhy, — 0;

(Ag) Z nCov'3(X,, X,,) < o0;
n=1
(A§) There exists 7 € (0, 1) such that Z(Cov (X1, XHl))T < 00;

J=1

(A7) The function V = %, satisfies / xx! V(x)dx < oo.
D RP

Remark 2 Assumptions (A1) and (Ag) have already been used in Cai and Roussas (1998)
for the treatment of the univariate case. They state the reqularity of the one-dimensional
distribution function and a convenient decrease rate on the covariances. This assumption

enables the control of pairs of random variables.

Remark 3 The strengthened assumptions (Af) and (A§) have also been used in Cai and
Roussas (1998) in the one-dimensional case to obtain an optimal bandwidth characterization

with the same rate as for independent sequences.

Finally, denoting x = (x1,...,z,) and t = (ty,...,t,), we define the auxiliar real valued

functions V1, V,, V3 and V, on R?:

"\ 0%F ", 0°F,
o« Vix)=)Y_ axZP(X)/ dt+22 > o (x / tit;u(t) dt;
i i i

i=1 j=1 i=j+1

o Vy(x Zax@ / V (t) dt;

" O°F . O°F,
o Vix)=)Y_ WP(X)/ dt+2z > e / tit; V(t) dt;
X 1 i 7 p

=1 j=i+1
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2p—1 2p

2
o Vyu(x)= Zp O°Fy,; (x,x) t)dt +2 Z Z 82ij (x,x) titju(t) dt
e oz2 7 e Ox;0z; Rz '

=1 =1 j=1i+1

2. CONSISTENCY OF THE ESTIMATOR

In this section we look at the almost sure consistency of the estimator ﬁn7p. This is be
accomplished by applying a strong law of large numbers to the sequence of random variables
U (x_h—)j”’> .t =1,...,n — p, that appear in the definition of ﬁnﬁp. To achieve this step we
shall to characterize the asymptotic behavior of each entry of the covariance matrix of the
random vector whose entries are the preceding variables. The almost sure consistency will

then follow from the asymptotic unbiasedness of ﬁmp.
Theorem 4 Suppose {X,, }nen satisfies (Ay). Then, for each x € RP,
() T (Frp(x)) — Fy(x);
(17) if further (A2) and (A4) are satisfied, IE (ﬁmp(x)) =F,(x)+ whi + o(h2).

Proof: (i) follows from an application of the Dominated Convergence Theorem. As for (i),

Pt = [ 0(%%) dant) @)

where &;(x) =5 YoV oo ] xx (—o0y] (Xip), and 14 is the characteristic function of

the set A. It is easily verified that IE (@(x)) = F,(x), so the result follows from (2), applying

rewrite F, , as

Fubini’s Theorem, making a standard change of variable and using a Taylor expansion taking
into account (Ay) and (Ay). [
In order to prove the strong law of large numbers that we seek we need the following

auxiliary result.

Lemma 5 (Lebowitz (1972)) Let A,B C {1,...,n} and, for eachi € AU B, let x; € R.
Define Hy p = P(X; > z;,i € AUB)—P(X; > x;,7 € A)P(Xy > xy,k € B). If the random
variables Xy, ..., X, are associated then, 0 < Hy p < EZ.GAJGB Hin -



As mentioned before, the assumptions that we need to verify for the strong law of large
numbers require a convenient control on the covariances of the terms that are summed in

(1). For this purpose, define
X _X.
I;(x) = Cov (U <¥) U (%))

L (x) = Cov (I(ooxg(X1p); Li—oo(Xjp)) -

and

Lemma 6 Suppose that the sequence { X, }nen satisfies (Ay), (As), (As) and (Ay). Then,

for each x € RP,
(i) Lj(x) = Li(x) + O(hZ) = F,;(x,x) — F3(x) + O(h2), for each j € N;

(7i) there exists a constant M > 0, independent from x, such that, for each j >p —1,

P p—1
Li(x) <MY (p—k+1)Cov'/* (X1, Xjp0) + MY (p—k)Cov'/*(X1, X;_11).
k=1 k=1

Proof: To prove assertion (i) write

no= Lo (552 o (50 amten = ([ 0 (5 am)

We only need to take care of the first integral. As U is an integral, we may use Fubini’s

Theorem followed by a standard change of variable, as before. Next, expand F,; to the
second order, use (Aj3) to make the linear terms equal to zero and (A4) to control the terms
that multiply h2, to find the term F,;(x,x)+O(h2). This together with the characterization
of the behavior of IE <ﬁn,p(x)), as given in Theorem 4, completes the proof of (7).

To prove (i), first use Lemma 5 to find

p p

Cov (]I(—OO,X] (XLp)v ]I(—OO,X} (Xjap>) < Z Z Cov (]I(—OO,xk](Xk)7 ]I(—007xj+i]<Xj+i)) . (3)

k=1 =1

From (A;) and Lemma 2.6 of Roussas (1995), there exits a constant M > 0 such that,
Cov (I (—ooun) (Xu)s Li—oo; ) (Xjs)) < M Cov 3 (X, Xjs). (4)

6



Inserting this into (3) and taking into account the stationarity of the random variables the

conclusion follows. [ |

Remark 7 Note that if we assume, as was done in Cai and Roussas (1998), that the co-
variance sequence {Cov (Xl?Xj+1)}jeN is decreasing, then, under the same assumptions as

in the previous lemma, the following upper bound holds I;(x) < p*Cov 1/3(X1,Xj+1).
We may finally conclude the almost sure consistency of the estimator I*Aﬂnvp.

Theorem 8 Suppose the variables { X, }nen satisfy (A1), (A2), (As), (A4) and (Ag). Then,
for each x € RP, ﬁmp(x) — F,(x) almost surely.

Proof: As proved in Theorem 4, IE (ﬁmp(x)) — F,(x), so it is enough to verify that the
variables U <%ﬂ’””> , m > 1, satisfy a strong law of large numbers. The stationarity of the
variables is obvious. Further, as U is a distribution function, it is coordinatewise increasing,

so these variables are also associated. Then, according to Newman (1980), the condition

—Pp
Jim = 2 )

implies the strong law of large numbers. Now, it follows from Lemma 6 that

p p—1
MY (p—k+1)Cov /¥ (X1, Xjir) + MY (p— k)Cov /¥ (X1, Xj_py) + O(2),
k=1 k=1
so () is a consequence of (Ag) and the association of the variables. |

3. THE BEHAVIOR OF THE MEAN SQUARE ERROR

In this section we study the asymptotics and convergence rate of the mean square error
(MSE) of F\mp. From the characterization obtained the optimal rate of the bandwidth is of
order n~!, thus a different convergence rate than the one for the independent case, as was
already noticed for the one-dimensional case in Cai and Roussas (1998). The optimal rate
for the bandwidth, when dealing with independent variables, is, for every dimension, of order
1/3

n~'/° as shown in Jin and Shao (1999). Again, strengthening the assumptions on the decay

7



rate of the covariances as done in Cai and Roussas (1998), we find a different description of
the MSE, which gives, for associated variables, the n=/? rate for the bandwidth.

As usual write MSE (ﬁn,p(x)> = Var (ﬁnm(x)) + <]E (ﬁmp(x)) - Fp(x)>2 . The behavior
of IE (ﬁn,p(x)> being known (cf. Theorem 4), we need to describe the asymptotics and

convergence rate for the variance term.

Lemma 9 Suppose the sequence { X, }nen satisfies (A1), (Az2), (As), (Ag) and (Az). Then,

for each x € RP,

(i) E <U2 <X_h—Xp>) — B (x) — hyVa(x) + %ivg(x) + o(h2);

(i)

var (U (X552 ) < B, 00(1 = Fy0) + hValo)

— 12 (Va(x) = Fy(x) Vi (x) ) + o(h2).

Proof: In what concerns (i), we have, recalling the definition of V,

E (Uz (X _hfi’p» _ /R p ( /(_007)27] V(a) da> aFy(s) = | V(@F(x —ahy) da,

using Fubini’s Theorem. Expand now F,(x —ah,,) to the second order, recall the definitions

of the auxiliary functions Vy and V3, and take into account (4,) to find the o(h?) term.
In order to verify (ii) decompose the variance in the standard way and apply (i) together

with Theorem 4 to conclude the proof. [ |
For a more convenient characterization of the mean square error of the estimator, let us

introduce the following notation:

o o%(x) = F,(x) — F2(x) +2 Z (F,;(x,x) — F2(x)), x € R”;
e c,(x)=2 | Z (Fm(x,x) — FIQ)(X)) +ni—p Z(j—l) (Fm(x, X) — F;(X)) , X € RP,

Theorem 10 Suppose the sequence { X, }nen satisfies (A1), (As), (As), (A4), (As), (As)
and (Az). Then, for each x € RP,

~

(n=p)Var (Fp(x)) = 02(x) = Va(x)+(n—p=1)h2 (Va(x) = F,(x) Vi (x))+O(h2) —n(X).



Proof: Use the stationarity of the random variables and Lemmas 6 and 9 to write

(n — p)Var (ﬁn’p(x)>
= F,(x) = Fj(x) = Va(x)h, + (Vs(x) = F,(x)Vi(x)) ki,

23 (Fyy%) — FA)) + (0= p— DB (Va(x) = By (x)Vi(x)

2
———— (= 1) (Fpi(x,x) = F3(x)) + O(hy).
n—pi
Summing and subtracting terms of the form (F,;(x,x) — F2(x)), the result follows. |

We may now summarize the above to describe the behavior of the mean square error.

Theorem 11 Suppose the sequence { X, }nen satisfies (A1), (Aa), (As), (A4), (As), (As)
and (A7). Then, for each x € RP,

(n — p)MSE (ﬁn,p(x>) = 0%(x) — hn Va(x) + O(nh2) + o(hy + nh?) — ca(x).

Note that, with assumptions made, ¢,, — 0 and is independent of the bandwidth choice.
So, to find the optimal bandwidth rate it is enough to minimize the o(-) term, which is
achieved by choosing h, = O(n™1), for each dimension p. Tracing the coefficients of the
above approximations, it is possible to check that we should choose

Vi (x)

") = S D (Vi) — By pOVi ()

We now strengthen the assumptions on the covariance decrease rate, assuming instead
A?f), (Af), and show that this reflects on the optimal bandwidth rate, recovering the same
5 6

rate as in the independent case.

Theorem 12 Suppose the covariances Cov(Xy, X;+1) decrease as j increases and the se-

quence { Xy, }nen satisfies (A1), (Az), (As), (As), (AL), (Af) and (Az). Then, for eachx € RP,

(n — p)MSE (ﬁw(x)) = 02(x) — hy Va(x) + O(nh®) + o(hy + nh) — cu(x).



Proof: Recall that, as shown in Lemma 6, I,;(x)—1I;(x) = O(h2), and, as noted in Remark 7,
when the covariances are decreasing, we have I;(x) < p?Cov'/*(X}, X;41), and the same

inequality holds for I,,;(x). It follows then that, there exists a constant ¢ > 0 such that,

1-7

Ly (%) = L(30)] = [Ty (%) = Li(x)[" [Ty (x) = Li(x)[ 7 < ey

(Cov 3(x,, Xj+1)>

T ,2(1-7)

where ¢ =" p . Let us now write the variance of the estimator as

~

(n — p)Var (Fnyp(x)>

~ Var (U (i)) - pgm—p—w) (160~ T,09) + 3 (n-p—j+ DL, (x).

hy, n— .
Jj=2 7j=2
Using (Ag), we have that,
1 «—
— > (n—p—j+1) L) - Lix)
n—p
Jj=2
n—p oo
< L) = Lx)| < ek Y (CovA(Xy, Xj40) = O(RY),

=2 =2

The result now follows readily repeating the arguments as in the proof of Theorem 10. M
An optimization of this mean square error leads now to the choice of a bandwidth of

~1/3

order n , the optimal rate for the estimator when dealing with an independent sequence

of random variables.

4. FINITE DIMENSIONAL DISTRIBUTIONS

We now look at the asymptotic behavior of the finite dimensional distributions of the
estimator ﬁnyp. The method of proof is based on a decomposition of the sum that defines
the estimator into the sum of several blocks. These blocks will afterwards be coupled with
independent variables with the same distributions as the original blocks, followed by an ap-
plication of the Lindeberg Central Limit Theorem to these independent copies. The distance
between the original blocks and the coupling variables is controlled via Newman’s inequality,
cf. Newman (1984).

In order to state our result in a more tractable way let us define, for every x,y € RP,

(%) = V= (Fap(x) ~ B (o)) )

10



~

Gn(x) = V= (Fup(¥) = (%)) = an(x) + v = (B (F,p(x)) = F(x))
The last term converges to zero using Theorem 4, so we need to concentrate our attention

on a,(x). Define further
C(x,y) =Fyp(x Ay) — Fyp(x)Fp(y) +2 Z (Fp (%, y) = Fp(x)Fp(y)) ,

where x Ay represents the vector (min{xq,y1},... min{z,,y,}). Notice that the definition

of ¢?(x,y) is symmetric in x and y.

Theorem 13 Suppose { X, }nen satisfies (A1), (As), (As), (As), (As), (As) and (A7). Then,
gwen s € N, x1,...,Xs € RP, the random vector (a,,(X1), ..., 0n(Xs)) converges in distribu-

tion to a Gaussian centered random vector with covariance matriz

§2(X1,X1) §2(X1,X2) §2(X1,Xs)
5 §2(X2, Xl) C2(X2, Xz) ce CQ(X2, Xs)
§2(XS,X1) GQ(XS7X2) e §2(X57Xs)

We start by describing the asymptotics of the covariances of the a,, at different points.

Lemma 14 Suppose the assumptions of Theorem 13 are satisfied. Then, for everyx,y € RP,

Cov (o (x), an(y)) — *(x,).

Proof: Use the stationarity and argue as in Lemma 6. |
Define now the block decomposition variables. Given an integer r < n — p, let m be the

largest integer less or equal to (n — p)/r. Denote

-0 (552) w052

T 1 T T
Y/ (x) = 7 Z Thi(x), Wi = Zch; (Xq),
i=(j—1)r+1 q=1
and
S 1 s n—p
Lni = Z cqhni(x4), Zy = — ¢y Thi(xy)
q=1 p q=1 =1



The random variable Z, is the linear combination of the coordinates of (c,(x1),. .., @, (X))

required for the application of the Cramer-Wold Theorem. Define further

m

. _L s r ) _L . 1 |
Zmr_\/quzlcq;y}b(q)_\/ﬁszj—mzzn,w

j=1 j=1

mnr

which replaces the sum up to n — p by a sum with a multiple of r numbers of terms. Note

also that, as follows from Lemma 14,

s s—1 s
Var (Z,,,) — <%= Z ng2(xqaxq) + 22 Z Cqeis* (g, X1)- (6)
—1 q=1l=q+1

Further, for each r fixed, it follows from Lemma 6 (i) that

r

Var (7 (9) = + D7 (Fyju i (%) = F() + O(h2). (7

i4'=1

and

T

Var (er) - Z Cqu'% Z (prli’—i-ﬁ-ll(xqu’) - Fp(xq)Fp(Xq’)) + O(rh3). (8)

¢,q'=1 1,4/ =1
We now proceed directly to the proof of Theorem 13. First we show that we may replace

the sum of n — p terms defined by Z,, by the sum Z*

mnr)

to get only a sum of the blocks W7.
Lemma 15 Suppose the assumptions of Theorem 13 are satisfied and let r be fized. Then

— 0.

|IE (eith) —E (eitZ,*nr)

Proof: Use Holder’s inequality, the boundedness of Z,,;, (6) and mr/(n —p) — 1. |
We may now replace the sum 7, by the sum Z* as what convergence in distribution

is regarded. The variable Z  is a sum of m blocks, so we are trying to prove a Central
Limit Theorem for the sum of the dependent variables W7, j > 1. Each of these variables
is a linear combination of the Y; which are decreasing functions of the original variables
Xn, n > 1. So the Y] are associated and we may apply a convenient variation of Newman’s
inequality, Newman (1984), to the variables W7, j > 1 as proved in Lemma 4.1 from Jacob

and Oliveira (1999), when coupling these variables with independent ones with the same

distribution as each of the W;’.

12



Lemma 16 Suppose the assumptions of Theorem 13 are satisfied and let r be fized. Then

. m - 1 mr S
‘]E (ethmT — H IE (e v Vi >> Var ( — Z Tn,i) — Var (Y{) Z CqCq' -
j=1 j=1

7,q'=1
The next step is a Central Limit Theorem for the coupling variables. In order to keep

< 2t?

the notation simpler, we will denote these variables also by W;. To describe the variances

appearing on the next lemma let us define

T

: 1
2= Z CaCa' . Z (Fpjir—it1 (%, %) = Fp(x0)Fp(x4)) -

q,9'=1 i,4'=1

Lemma 17 Suppose the assumptions of Theorem 13 are satisfied and let r be fized. Then

m it wr t2§3
H]E (eﬁ j) —e 2
j=1

— 0.

1

Proof: Apply the Lindeberg condition to the variables TW;, j =1,...,m. As these
m

variables are sums, use Lema 4 in Utev (1990) to separate the variables and the boundedness

of the T}, ;’s to conclude the proof. [ |

Proof: (of Theorem 13) Let us define a = 377 ,_; ¢,cp6%(Xy,Xy). We have

2

)IE (eitz“) —e

+

B (e) - [ B (e35)

Jj=1

S ‘]E (eith) —E (eitZﬁw)

it

wr _e2
+ IE(eW J)—e 2

Supposing, for the moment, that r is fixed, it follows from the previous lemmas that

1 mr
Var <\/W;Tm> —Var (Y]

Now, if we let r — 400, it follows that this upper bound converges to zero on account of

S

Z CqCq+

q,9'=1

22 2

e 2 —e 2

< 2t?

2
. t
Zth) . e_Ta

A

lim sup |IE (e

m——+00

(7) and the stationarity of the variables X,,, n > 1, thus proving the theorem. |

13



5. SIMULATION RESULTS

We now show some simulation results describing the behaviour of the empirical process
for finite values of n. In order to obtain associated variables we fix an integer m € N and
simulate Y7, ..., Y, ,, with a suitable distribution and construct X; = min(Y;,..., Y, 1m_1)-
The distribution of the Y variables is easily chosen so that the X;’s are uniformly distributed
in [0, 1]. Note that m may be interpreted as a measure of how far the variables are dependent.
For each n and each m we simulated 1 000 paths for the empirical process and approximate,
based on these paths, the density of &, (t;) for a fixed set of points t1,...,t; € [0, 1], using a
kernel estimator. Note that Theorem 13 only proves the convergence of the finite dimensional
distributions and not the functional convergence of the empirical process itself. Below we

graph the approximations obtained for n = 50, 100, 150, 250, 500 and 1 000, and for m = 5:

BN
PSS

=
O
v 74
%7

n=500, m=5

n=250, m=5

These graphs show a nice behaviour, close to gaussianity, but the base variables are ”almost

independent “, so this is not very susprising.

14



We now show the graphs, for the same values of n, increasing the degree of dependence
between the variables, by considering m = 10. The convergence to a gaussian distribution

is slower, as expected, but the approximations seem quite good for larger values of n:

n=100, m=10 n=150, m=10

A S

od

N/, 4
BTN
BE

=

W)
S

% '&,’,;,0

=

For a fixed number of values the effect of the degree of dependence is dramatic. We illustrate

this for n = 150 and allowing m to take the values, 5, 10, shown above, and also 20, 50, 100.

n=150, m=50 n=150, m=100

n=150, m=20

X
=

x\\\\\\

1

il

et |

o \¢ L ) \\ <,
00 ////,;;St(l? - o \iz/%%;;;/ézll, e
04 ~ C 0 ////////, o4
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These three graphs do not show much similarity with a gaussian distribution. Finally, we

include the graphs for the same values of m as before, but with n =1 000.

n=1000, m=20 n=1000, m=50 n=1000, m=100

g g

£ A

\N ' \

= e,

ek

NS -
. : )

S

These confirm the impression from the previous case, although with a better behaviour for
the smaller values of m. It is clear that, even with a very large number of points, the influence

of m, measuring the degree of dependence, is by no means negligible.
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