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This paper proposes a profile empirical likelihood for the partial parameters in ARMA(p, gq) models with infinite variance. We
introduce a smoothed empirical log-likelihood ratio statistic. Also, the paper proves a nonparametric version of Wilks’s theorem.

Furthermore, we conduct a simulation to illustrate the performance of the proposed method.

1. Introduction

Consider the stationary ARMA(p, q) time series {y,} gener-
ated by

V=PVt TPV p
@

te+9g 4+ 98

where the innovation process {g} is a sequence of ii.d.
random variables. When E(sf ) = 00, model (1) is an infinite
variance autoregressive moving average (IVARMA) model,
which defines a heavy-tailed process {y,}. For model (1),
statistical inference has been explored in many studies (see,
e.g., [L, 2]). Recently, for example, Pan et al. [3] and Zhu and
Ling [4] proposed a weighted least absolute deviations esti-
mator (WLADE) for model (1) and obtained the asymptotic
normality.

However, in the building of ARMA models, we are usually
only interested in statistical inference for partial parameters.
For example, in the sparse coefficient (a part of zero coef-
ficients) ARMA models, it is necessary to determine which
coefficient is zero. For model (1), one traditional method is
to construct confidence regions for the partial parameters of
interest by normal approximation as in [3]. However, since
the limit distribution depends on the unknown nuisance
parameters and density function of the errors, estimating

the asymptotic variance is not a trivial task. Based on these,
this paper tries to put forward a new method for the esti-
mation of partial parameters of ARMA models. We propose
an empirical likelihood method, which was introduced by
Owen [5, 6]. Based on the estimating equations of WLADE,
a smoothed profile empirical likelihood ratio statistic is
derived, and a nonparametric version of Wilks’s theorem is
proved. Therefore, we can construct confidence regions for
the partial parameters of interest. Also, simulations suggest
that, for relative small sample cases, the empirical likelihood
confidence regions are more accurate than those confidence
regions constructed by the normal approximation based on
the WLADE proposed by Pan et al. [3].

As an effective nonparametric inference method, the
empirical likelihood method produces confidence regions
whose shape and orientation are determined entirely by
the data and therefore avoids secondary estimation. In the
past two decades, the empirical likelihood method has been
extended to many applications [7]. There are also many
studies of empirical likelihood method for autoregressive
models. Monti [8] considered the empirical likelihood in
the frequency domain; Chuang and Chan [9] developed
the empirical likelihood for unstable autoregressive models
with innovations being a martingale difference sequence
with finite variance; Chan et al. [10] applied the empirical



likelihood to near unit root AR(1) model with infinite vari-
ance errors; Li et al. [11, 12], respectively, used the empirical
likelihood to infinite variance AR(p) models and model (1).

The rest of the paper is organized as follows. In Section 2,
we propose the profile empirical likelihood for the parameters
of interest and show the main result. Section 3 provides the
proofs of the main results. Some simulations are conducted
in Section 4 to illustrate our approach. Conclusions are given
in Section 5.

2. Methodology and Main Results

First, the parameter space is denoted by ® ¢ RP™, which
contains the true value 0, of the parameter 8 as an inner point.
For0 = (¢1,..., 9,9, ...,9,), put

P q
- D¢ Yei— ) Vi (0), ift>0,
g (0) = % ;(ny j;]t] 2

0, ift<o,

where y, = 0 for all t < 0, and note that €,(6,) # ¢,, because
of this truncation.
We define the objective function as

n

S, (0) = Z w, |8t (9)| > (3)

t=u+1

where u > max(p,q) and the weight function w, = 1/(1+
;;11 k™*|y,_])*, depending on a constant « > 2. The

WLADE, denoted by §, is a lacol minimizer of S,(0) in
a neighborhood of 6, [3]. Denote A,(0) = (A,,(6),...,
Ay pig(0))7, where A, ;(6) = —0¢,(6)/00,. By (8.11.9) of Brock-
well and Davis [13], it holds for t > max(p, q) that

1
At,i (0) + ZSJAt—]J (9) = yt—i’ i = 1, cee ,p,

=1

. (4)

Ay @)+ Y94, 1, 0)=¢,0), i=1,..,4q.

j=1
Hence, 8 satisfies estimating equation

1 ©

Y @A, (0)sgn e 0)} =0, ©)
n- t=u+1

where sgn(x) = -1for x < 0 and =1for x > 0
(see [14]). Note that the above estimating equation is not
differentiable at point 6 such that &(0) = 0 for some ¢.
This causes some problems for our subsequent asymptotic
analysis. To overcome this problem, we replace it with a
smooth function. Define a probability density kernel K(-) [15]
such that _[_J:f x'K(x)dx = 0,x for j = 1,2, respectively,

x/h

where k¥ # 0. Let G, (x) = ; K(u)du for h > 0. Then, a

smoothed version of (5) is

—x/

1

Y WA, (0)G, (e (9) = 0. (6)

n- t=u+1
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Let m,,(0) = w,A,(0)G,(,(0)); a smoothed empirical
log-likelihood ratio is defined as

I, (9)

= -2sup { Z log((n—u) p,) | Z pimy, (0) =0,
t=u+1 t=u+1
P20, Zptzll"
t=u+1
(7)

Using the Lagrange multiplier, the optimal value of p, is
derived to be

1
(n-u) (1+A0)'my, ©)) 8)

u+l<t<n,

Py (6) =

where A(f) is a p + g-dimensional vector of Lagrange
multipliers satistying

1 n

n—u

mth (0)
1+ A(6)"my, (0)

=0. 9)

t=u+1

This gives the smoothed empirical log-likelihood ratio statis-
tic

L, ©) =2 log(1+A(6)"my, (0)). (10)

t=u+1

Let 0 = (¢",w")", wherew € R" (1 < m < p+q)
is the parameter of interest and ¢ € RP*? is the nuisance
parameter. Note that m = p + g means no nuisance param-
eters. Let ¢, and w, denote the true values of ¢ and w, respec-
tively. The profile empirical likelihood is defined as

lp (@) = minl, (¢,). (1)

That is, lp(w) = lh((z(w),w), where (ﬁ = {E(w) = argmin¢lh
(¢, w).

The following conditions are in order.

(A1) The characteristic polynomial ¢(z) = 1 — @,z —--- —
(ppzp and 0(z) = 1+ 9,z +---+9,z% have no common
zeros, and all roots of ¢(z) and 0(z) are outside the
unit circle.

(A2) The innovation {g,} has zero median and a differen-
tiable density f(x) satisfying the conditions f(0) > 0,
sup,.glf(x)| < B; < 00, and supxele'(x)l < B, <
00. Furthermore, Eletl‘s < 0o for some § > 0, and
o > max{2,2/6}.

(A3) Asn — oco,u — ooandu/n — 0.

(A4) The second derivative of K exists in R and K'(x) and
K" (x) are bounded.

(A5) h=1/n" with 1/4 <y < 1/3.

First we show the existence and consistency of ¢(w,).
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Proposition 1. Let d, = 1/n? with max{1/3, 3p/2} < B <
1/2. Assume (A1)-(A5) hold; then asn — oo, with probability
1, there exists a local minimizer ¢ of 1, (¢, w,) which lies in the
interior of the ball B = {¢ : ¢ — ¢,ll < d,}. Moreover $ and

X = M, w,) satisfy

Qu (6. 1) = Q, (6:1) =0, 12)
where
_ 1 C My, (‘/5’ wo)
Qi (:2) = n- ”t:%l 1+ A"my, (¢, @)’
Qi ($:1) (13)
_ 1 S 1 omy, (¢, w,) ‘
Cn- ”t;rl 1+ Amy, (¢, wp) ( o¢* ) A

The following theorem presents the asymptotic distribu-
tion of the profile empirical likelihood.

Theorem 2. Under conditions of Propositionl, asn — 00,
the random variable 1,(w,), with ¢ given in Proposition I,
converges in distribution to an.

If ¢ is chosen such that P( an < ¢) = a, then Theorem 2
implies that the asymptotic coverage probability of empirical
likelihood confidence region I, = (w : lp(w) < ¢) will be g;
that is, P(w, € I,,) = P(lp(a)o) <c)=a+o(l),asn — oo.

3. Proofs of the Main Results

In the following, || - || denotes the Euclidian norm for a vector
or matrix and C denotes a positive constant which may be
different at different places. For t = 0,+1,+2,..., define

P q
U, - Z‘P?Ut—i =& Vi+ 2‘9;)\4—]‘ =& (14)
i=1

j=1
Put Q = WUppe-nUpip Voo Vi) w, = /(1 +
2 k™ly,_)*, and the corresponding partial vector for ¢,

is denoted by Q. Let
2= E(wQQy),
% = E(w,QQy), (15)
Q=E(w}QQ).

Assumptions Al and A2 imply that, for § = min(8, 1),

[ee] 6 (e} — -
E<Zk_a/2 |yt—k|> = Z:k_mmEb’t—kl(S < . (16)
k=1 k=1

Hence, Y52, k™/?|y, .| < oo with probability 1, which

ensures _that w, is well defined. Note that Q) <
C Y2 /1yl for some 0 <7 < 1and
Yo |)’t—" <
1/2 ”Q ” < j=1 ] <C kkoc 17)
w L < — < k" < oco.
B TS TN T )

Then, %, ¥, and Q are well-defined (finite) matrices. For
simplicity, we denote (¢, w,) and (¢y, w,) by ¢ and ¢,
respectively, in this section. The following notations will be
used in the proofs. Let

Z,(¢) = max [my, (¢)],

u+l<t<n

nh ((/)) - Z My, (‘/) (18)
5(¢) = - i = i () m(4)'.

To prove Proposition 1, we first prove the following lemmas.

Lemma 3. Under the conditions of Proposition 1, asn — 00,

) Qu(¢o) = O(\]%) a.s.,

ath ((/50)
o¢

(19)

(if) =-2f(0)%2, +0(1) as.

Proof of Lemma 3. For part (i), we may write

Vi — uth (¢0)

\/—t élthtGh et)

v—tgﬂ [wiQ: (G (& ($)) =~ G (&) 00

+w, (A, () — Q) Gy, (& (¢0)) |

Z —w,) A, (¢) Gp (& (¢0))

n- ut u+l

=K, +K, +K;.
For K, we have

K,
= Zz
Vii— U n-—u,

(W><>

where Z, = w,Q,, b,, = G,,(¢;) — E(Gj,(¢,)). The second term
of (21) is O(+/logn/n) a.s. by the ergodicity. Now turning to
the first term, we suppose that Q, is the first element U,_,
without loss of generality. Note that, for each n > u + 1,
{Zb,, F,u+1 < t < n}isasequence of martingale

(21)




differences with |Z,b,,| < C, where &, = o(e;,s < t). For
some C, > 0, by the ergodicity, we have

n

Vrf = Z E{(thnt)2 | 97#1}

t=u+1

n

= Y ZIE(b,) (22)

t=u+1
<C i 7} <C(E(Z})+Cy)n as.
t=u+l

Sety = C(E(Z?)+C0)n; by Theorem 1.2A in [16], forall A > 0,

we have
n
Z thnt

A
t=u+1

> A nlogn}

Z thnt

> A nlogn,Vn2 < y forsome n}

t=u+1
e ~A’nlogn
<2ex

P 2 (y + CAx/nlogn)

{ ~A’logn }
=2exp .
2C(E(Z%) +C,) + 2CA/logn/n

(23)
Choosing A such that A? > 2C(E(Zf) + C,), by the Borel-
Cantelli lemma, the first term of (21) is O(+/log n/n) a.s. Thus,
K, is O(y/logn) a.s. For K,, by Davis [2], it holds that |, —

&($0)l < & and 1A ($0)-Qull < & where§, = CY 2 /Ly, |l
for some 0 < r < 1. Therefore,

C n
”KZ" < hmt:%-;lwt "Qt" |€t —& (¢O)|
C n
+ mt:g;-lwt “Qt - At ((/)0)"

C L C L
< —h r_ut:;rft + ! Z Et (24)

t=u+1

C n &)
= h\/m Z rtzrl lyfl|

t=u+1 [=0

+

C i tOO 1 a.s.
N Z rZr |y,l| — 0.

t=u+1 [=0
Thus, K, is O(+/logn) a.s. For K5, we have
el

< ¥ fu-ailla @l

t=u+1

L C 3 LKl X e
N VIL— U2 1+ 22;11 k« |yt—k|
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M= Upspi k=t

C n (o) B t—1 .
< Ky | S
<V—Z Y l%kl;r]

C n oo »
< \/}’l— z Zk lyt—k|

T U k=t

< \/C_ i i(ul)‘“ ly_|

n=Ui—gi11-0
n

s\/C_Z

=

S

£ |+ Y 2 e |)’—z|>

=1

C L
\/1’1_ Zt |y0l

“ Ui

N C Zn: t—a/zil—a/z |y—l| as, 0
VIt = U S =1

(25)

because we have the facts that | A,(¢y)| < C Z;ll rjlyt_jl (see

[2]) and (£+1)* < 27%(t]) /> for t > 0,1 > 0. Thus, K, isalso
O(+/logn) a.s. Therefore part (i) holds. For the proof of part
(ii), we may write

ath ((/50)
o™
1 - .
== (n _ u) ht:;'_ltht (¢O) Alt (¢0)

) ()

1 04, ()
Zwt a¢ro

Gy (2 (¢0))
=D, +D,,

where A,,(¢) = —0¢,(¢)/0¢. For D, we may write

D= 3w (K (%) k(-2))

t=u+1

N —lu)ht:ui1 [tht (¢0) A’ (¢0)
()2
o x(5) ()
=D, +D,,.

(27)
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Note that

Dy, =- (n- u)hz tCnt ~

t=u+1

< ¥ wadir(x(5) ek (-5))

t=u+1

(n- u)h

(28)

n

1
:_(H—U)h Z TtCnt

t=u+1

1 z .
-[n_ugngan]@f«»+om»,

where T, = w,Q,Qj, and ¢, = K(g,/h) + K(-¢,/h) — E[K(¢,/
h) + K(—¢,/h)]. The second term of (28) is —2f(0)%, a.s. by
the ergodicity. We will prove that the first term is o(1) a.s.
We suppose that Q, is the first element U,_, without loss of
generality. Note that, for each n > u + 1, {Ty¢,,, F,,u + 1 <

t < n}is a sequence of martingale differences with |T}c,,| < C,
and

TtCnt)2 | gt—l}
(29)
Z T} E(c,)* < nC(f (0)Coh+ O (1)) as.,

t=u+1

where C,, > 0 is a constant. Set y = nC(f(0)Cyh + O(h?)); by
Theorem 1.2A in [16], for all € > 0, we have

{

5 e

t=u+1

—(nh)*¢? }

<2 P A
P {2 (y + Cnhe)

> (nh) s}

> T

t=u+1

> (nh) &,V < y forsome n}
(30)

e —nhe?
Sl (Fc, 10

(h) + 2Cs} '

The result follows from the Borel-Cantelli lemma. Thus D;; =
-2f(0)%; + o(1) a.s. Similar to K, and K3, we have

I

Z Wy “Qt A (¢0)" "Qlt"

(7’1 M) ht =u+l
A (@)l

+[|A; (60)] Que —

() ()

5
T —lu) hti1 [w, = @] A: (o) 141 (9]
() (42)
+ o 2 wledled
() x5
) ()]
- u)ht; w, (JQ - A, (@)l Q]
+1A: Gl 1Qu - Ar (9D
= u)ht; o~ @ A, (@) 141, (@)
e 2wl - ()
(n ) t;ft s u)ht;kztk [yl
T u)hzt;ft
(31

Therefore, D; = -2f(0)Z, + o(1) a.s. For D,, from the
definition of A,(¢), it holds for ¢ > max(p, q) that

A, (4) -
G(B) =0, 4,j=1,...,p,
aqu
(¢) o -
wn%w—%ww,uhwnphw%
aAt,'+ (¢) . .
6(3)5—(;::—At,j,i(¢), i=1,..,p j=1,...,9
tz+ (¢)
G(B) P - At— i+ (¢) _At—i, i+ (¢)>
a¢]+p Jitp J+tp
Lj=1,...,9
(32)



where B is the backshift operator. For t = 0, +1, +2,. .., define
0y (B) Xyi) =0, inj=1,....p,
0y (B) Xyijepy = —Qijpn i=Looops j=1.0nq,
0y (B) Xyup) = ~Qijr 1= Licosps j=1Lingy (33)
Oy (B) Xi(isp,jrp) = ~Qumjivp = Qucijapr

i,j=1,...,9
where Q,; is the ith component of Q,. Put X, = (X))
similar to [13], we have that [[0A,(¢)/9¢"]| < C z;;ll 1y,
X, < CZ?:I 1y,_jl, and [ X, — 0A,(¢)/0¢"Il < &,. Then,

we may write

D, = w,X,Gy, (&)
h—u, ;1
P L3 524 6 6 () - wix G (o)
n—u e | o n & \Po A A

=D, + D,,.
(34)
Similar to Dy, and D,,, we have that D,, and D,, are o(1) a.s.
This completes the proof. O

Lemma 4. Under the conditions of Proposition I, asn — 00,

() Z,(¢)=0(n") as,

(35)
(i) S(¢)=Q+o0(1) as.
hold uniformly in B.
Proof of Lemma 4. For part (1) from [2], we have

that [10A,()/0¢°l < CY'Z /Iy, and AP <
C Z;;ll | A j| uniformly hold in the ball B for sufficiently
large n. Then, for each ¢ € B, we have

”mth (‘/5)" < W "At (‘/’)“

CZ] 17"" |}’t—]' <C§rkk0‘
1+ Zk:l - |)’t—k| k=1 (36)

(e}
<C Zrkk“ < co.
k=1
Thus, part (i) holds. For part (ii), similar to the proof of
Lemma 3, we have that S(¢,) = Q + o(1) a.s. For each ¢ € B,
by Taylor expansion, we have

S(9)-5(4)
-1 S o {2 -4

IR NURSITEATS

n- ut:u+1 a¢T

Journal of Applied Mathematics

3 ) o)

n- ut=u+1 aqbr

y amth (¢)
a</>T
=T, +T,+T;,

(4- %ﬁf

(37)

where ¢* lies between ¢, and ¢. For T, we have

ITl <

1
I LHOS|

t=u+1

1 n
* n—-u)h Z

t=u+1

; A (¢o) 14, (7))

x4 (67 ¢ - doll

() 4(4)

(38)

Similarly, we have T, 2%, 0and T, 2%, 0. This completes the
proof. O

Proof of Proposition 1. For ¢ € B, by Taylor expansion,

Qu($) = Qu () + 22 5
ptqg—m 2
ST () (4, i)

o 0800

lp+q—m a3th (¢*)
6 JkJ=1 a¢ja¢ka¢l

x (5= 07) (& — ¢5) (& - 7))

where ¢, lies between ¢, and ¢. Note that the final term on
the right side of (39) can be written as

pmmv% ¢x%—&ﬂ@—#q

(39)

3
(40)

X ( K& Omy, (‘/)*))
n—u, o0 a¢ja¢ka¢z )
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which is 0(8,,) a.s., where 8, = [[¢ — ¢y, because d>/h’> =
1/n*#73 - 0and

K& OPmy, (4.)
n—u, 4= 0¢;0¢0¢,

The third term on the right side of (39) can be written as

1y [ (9~ 97) (9 - 41) ]

<C. (41)

2 =) h

(42)

% { h < azmth ((/50)]>
n—u,~ a¢ja¢k ’

which is also 0(6,) a.s., because d,,/h = 1/nP? = 0,and

h < azmth (¢o)
O P a¢]a¢k

by a similar proof of Lemma 3. Therefore,

Qun(6) = Qi (90) + 2280 (3 05 as,

o¢"
(44)

=o0(1) as, (43)

uniformly about ¢ € B. Denote ¢ = ¢, + ud,,, for ¢ € {¢ :
¢ — doll = d,}, where |Jull = 1. Now, we give a lower bound
for I,(¢) on the surface of the ball. Similar to [6], by Lemmas
3 and 4, we have

L (¢)
= (1= w) Qu($)"S(#) ' Qu (¢) + 0 (n*F) as.

. [(JL)

+ (—Zf (0)) Zhudn +o (dn) ] Q_l (45)

« [o < Jl"j”> + (=21 (0) Zypd,, + o(dn)]

+0 (n4/3_3ﬁ) a.s.

>(c—e¢) n'~2 a.s.,

where ¢ — ¢ > 0 and c is the smallest eigenvalue of
4£*(0)=7Q 7'y, Similarly,

L, (¢o)
= (11— 1)) Qu(9)"S(bg) ' Qs (o) +0 (1) as.  (46)
=0 (logn) as.

Since I,,(¢) is a continuous function about ¢ as ¢ belongs to
the ball B, I,,(¢) attains its minimum value at some point ¢
in the interior of this ball, and ¢ satisfies o1, (4)/d¢ = 0, it
follows that (12) holds. This completes the proof.

O

Proof of Theorem 2. Similar to the proof of Theorem 2 of Qin
and Lawless [17], we have

( 1 ):S_l(—an(¢o,0)+op(n“”))’ @)

(E - (/)0 " Op (”_1/2)
where
ann (¢0’ 0) ann (¢0’ 0)
S = 0AT 0" LR <511 812>
! aQZn (¢O’ 0) 0 521 0

o (48)

_ -Q  -2f(0)Z

“\-2f(0) ZI 0 ’

By the standard arguments in the proof of empirical likeli-
hood (see [6]), we have

I (wp)
== (=) (Qun(6)"0) S, (Qui(0)",0)" + 0, (1)
= (@2 V= uQy, (¢0))"
x(I-4f* (0 *x,A75[07?)

X (Q_l/z Vn —uQ,, ((/50)) +0,(1),
(49)

where A = 4f2(0)STQ'S,. Since V= 1Q,,(¢h) = N(0, Q)
and

tr{af’ 0 Q "z, A7 si07 )
=tr{aA4f? (02078} = prg-m,

it follows that [ ,(w) LN P O

4. Simulation Studies

We generated data from a simple ARMA(], 1) model y, =
Q1 YV, + & +9,&_;, with N(0, 1), t,, and Cauchy innovation
distribution. We set u = 20, « = 3, and the true value
(@1,9,) = (0.4,0.7) or (-0.5,0.7), where ¢, is the parameter
of interest. The sample size n = 50,100,150,200, and
2,000 replications are conducted in all cases. We smooth the
estimating equations using kernel

1 275 2
K (x) = N ¥/ (51)
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TABLE 1: The coverage probability of confidence intervals when &, ~ N(0, 1).
n EL(0.27) EL(0.30) EL(0.32) NA(0.25) NA(0.20)
50 0.8818 0.8820 0.8822 0.8193 0.7875
a=09 100 0.8898 0.8896 0.8897 0.8655 0.8431
1 =04 150 0.8926 0.8927 0.8932 0.8692 0.8395
200 0.8983 0.8983 0.8986 0.8666 0.8363
50 0.8888 0.8885 0.8892 0.8156 0.7813
a=09 100 0.8967 0.8968 0.8973 0.8738 0.8448
¢ =705 150 0.8943 0.8944 0.8946 0.8823 0.8574
200 0.8972 0.8979 0.8977 0.8931 0.8692
50 0.9347 0.9350 0.9350 0.8724 0.8425
a=0.95 100 0.9424 0.9430 0.9431 0.9123 0.8862
¢ =04 150 0.9467 0.9471 0.9470 0.9157 0.8936
200 0.9494 0.9494 0.9497 0.9160 0.8937
50 0.9404 0.9404 0.9404 0.8705 0.8407
a=095 100 0.9472 0.9474 0.9474 0.9134 0.8931
¢ =705 150 0.9481 0.9479 0.9476 0.9248 0.9052
200 0.9495 0.9495 0.9490 0.9326 0.9152

where ¢ = 0.1, which is the so-called Gaussian kernel. The
coverage probabilities of smoothed empirical likelihood con-
fidence regions I, with the bandwidth & = 1/n" are denot-
ed by EL(y), where y = 0.27,0.30, 0.32, respectively.

As another benchmark of the simulation experiments,
we consider the confidence regions based on the asymptotic
normal distribution of WLADE proposed by [3]. To construct
the confidence regions, we need to estimate f(0), X, and Q.
We can estimate f(0) by

1 t st(é)

t=u+1 n

f)=

where K(x) = exp(-x)/(1+ exp(—x))2 is a kernel function on
Randb, = 1/n” is a bandwidth, 6, = (n—w) "' Y ., ©. T
and Q) can be estimated, respectively, by

n

i = wréré:,
n- ”t:;rl
(53)
2y i 2N AT
Q= w, Q,Q;»
n- ut:u+1

where Q, is defined in the same manner as Q,, 8, is replaced
by 0, and ¢, is replaced by ¢,(9); see (14). Based on this, we can
construct a NA confidence region (i.e., based on the normal
approximation of WLADE). The coverage probabilities of
confidence regions Iy, based on the bandwidth b, = 1/n” are
denoted by NA(v), with v = 0.25, 0.20, respectively. Tables 1,2,

and 3 show the probabilities of the confidence intervals of ¢,
at confidence levels 0.9 and 0.95, respectively.

The simulation results can be summarized as follows. The
coverage probabilities of NA(v) are much smaller than the
nominal levels and very sensitive to the choice of bandwidth
b, and ¢,. On the other hand, the coverage probabilities of
EL(y) are much better and less sensitive to the choice of
bandwidth h and ¢,. As the sample size n increases, the
coverage probabilities for both increase to the nominal levels,
as one might expect.

5. Conclusions

This paper explores a profile empirical likelihood method to
construct confidence regions for the partial parameters of
interest in IVARMA models. We started with the foundation
of estimating equations of WLADE; then from there, we
derived smoothed empirical likelihood. Moreover, we have
proved that the resulting statistics has asymptotic standard
chi-squared distribution. Hence there is no need to estimate
any additional quantity such as the asymptotic variance. The
simulations indeed show that the proposed method has a
good finite sample behavior, which experimentally confirms
our method.
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TaBLE 2: The coverage probability of confidence intervals when ¢, ~ ¢,.
n EL(0.27) EL(0.30) EL(0.32) NA(0.25) NA(0.20)
50 0.8774 0.8776 0.8779 0.7627 0.7290
a=09 100 0.8850 0.8849 0.8856 0.8323 0.7995
¢ =04 150 0.8919 0.8917 0.8924 0.8467 0.8157
200 0.8935 0.8932 0.8932 0.8510 0.8229
50 0.8902 0.8902 0.8899 0.7295 0.7055
a=09 100 0.8942 0.8944 0.8950 0.8151 0.7836
¢, =-05 150 0.8946 0.8941 0.8937 0.8473 0.8204
200 0.8965 0.8963 0.8961 0.8641 0.8392
50 0.9331 0.9327 0.9327 0.8163 0.7854
a=095 100 0.9412 0.9412 0.9413 0.8834 0.8542
¢ =04 150 0.9447 0.9446 0.9447 0.8965 0.8718
200 0.9456 0.9458 0.9459 0.9001 0.8762
50 0.9421 0.9418 0.9418 0.7963 0.7658
a=095 100 0.9455 0.9462 0.9460 0.8695 0.8430
¢ =-05 150 0.9444 0.9442 0.9440 0.8910 0.8695
200 0.9464 0.9463 0.9464 0.9072 0.8863
TaBLE 3: The coverage probability of confidence intervals when ¢, ~ Cauchy.
n EL(0.27) EL(0.30) EL(0.32) NA(0.25) NA(0.20)
50 0.8360 0.8358 0.8361 0.6345 0.6018
a=09 100 0.8708 0.8708 0.8702 0.7286 0.6942
¢ =04 150 0.8811 0.8819 0.8823 0.7614 0.7270
200 0.8870 0.8864 0.8868 0.7800 0.7467
50 0.8673 0.8679 0.8678 0.5818 0.5502
a=09 100 0.8869 0.8870 0.8874 0.6756 0.6440
¢ =-05 150 0.8972 0.8974 0.8974 0.7232 0.6867
200 0.8956 0.8955 0.8953 0.7510 0.7156
50 0.8992 0.8994 0.8996 0.6888 0.6557
a=095 100 0.9263 0.9261 0.9263 0.7870 0.7530
¢, =04 150 0.9362 0.9366 0.9367 0.8176 0.7857
200 0.9402 0.9398 0.9399 0.8350 0.8044
50 0.9235 0.9239 0.9240 0.6378 0.6065
a=095 100 0.9422 0.9420 0.9420 0.7342 0.7030
¢, =-05 150 0.9474 0.9479 0.9481 0.7820 0.7530
200 0.9467 0.9471 0.9470 0.8057 0.7778
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