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Abstract

We establish consistency and asymptotic normality of the maximum likelihood esti-
mator in the level-effect ARCH model of Chan et al. (J Financ 47(3):1209-1227,
1992). Furthermore, it is shown by simulations that the asymptotic properties also
apply in finite samples.
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1 Introduction

After Engle (1982) initiated the literature on autoregressive conditional heteroskedas-
ticity (ARCH) and the model proved itself to be very useful in empirical applications,
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an immense amount of research has been directed towards extending Engle’s original
ideas empirically as well as theoretically (see for example Dias-Curto et al. (2009) as
an example of the usefulness of GARCH models in practice). Chan, Karolyi, Longstaff
and Sanders (1992, CKLS from now onwards) proposed to introduce the lagged level of
the spot interest rate in the conditional variance equation, generating the so called level-
effect ARCH model. This model has subsequently been successfully used and extended
by Brenner et al. (1996), Andersen and Lund (1997), Ball and Torous (1999) among
others. Recently, Maheu and Yang (2016) have estimated with Bayesian methods and
using financial data both CKLS model and also the CKLS model with ARCH distur-
bances; while Bu et al. (2017) have estimated the CKLS in two different regimes also
using financial data. However, despite of its empirical success, the asymptotic behav-
ior of the quasi-maximum likelihood (QML) estimator associated with the level-effect
ARCH model has, to the best of our knowledge, not been formally established yet.
Most papers on conditional heteroskedastic time series, see, e.g., Berkes and Horviath
(2004), Straumann and Mikosch (2006), Hamadeh and Zakoian (2011) and Francq
et al. (2018), do not allow for the introduction of the level of a series, such as the
interest rate, in the conditional variance equation. The double autoregressive model
of Ling (2004) is an exception. Triffi (2006) illustrates the convergence results for
the Constant Elasticity of Variance (CEV)-ARCH model of Fornari and Mele (2006),
but from the best of our knowledge, the asymptotic normality and consistency of the
QML/ML estimator for the level-ARCH model is still unknown. In the following sec-
tions we will present the model and provide a simple proof of asymptotic normality and
consistency of the ML estimator within the traditional level-effect ARCH(1) setting.
The simulation section confirms our theoretical results and finally, we conclude.

2 The level-effect ARCH model

Consider the discrete-time approximation of the CKLS model

i = Ay —(a+by—1) =01 lyi—1l” z, (1
y* 2
2 r—1
of=w+a , (2)
! ( lyi—2l” >
fort = 1,..., T that we denote the level-effect ARCH.! Let us denote the parameter

vector of interest by & = (y, w, @) and let the true parameter values be given by
6o = (y0, wo, o). Further, in many applications y; is chosen as a transformation of
current and lagged values of y;, such as y = y/ (s, yi—1, y1—2, ...; 8) where § is
a vector of parameters. One such specification could be y,; = Ay, — (a + by;—1),
where § = (a, b)’, such as the one considered in Andersen and Lund (1997, p. 354)

I Alternative representations for a level-effect ARCH model may be considered such as

Yt = 02t

Utz =w +O‘yt2_1 + ¥ Yi—1

although they are outside the scope of this paper.
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and in Broze et al (1995, Eq. 2). However, also note that model (1), (2) is not exactly
that of Andersen and Lund (1997), as they use Ay, = (a + by;—1) + a,yly_lz, instead
of Ay, = (a+by;—1) + o; |yr—1|” z:. The absolute value is needed, as otherwise
the discrete-time model does not ensure that y; is non-negative. In practice, § can
be pre-estimated in a first stage. This pre-estimation approach is very common in
empirical research, particularly, when modelling spot interest rates, see, for example,
Ball and Torous (1999, p. 2349). In order to avoid additional complexity of the proofs,
we assume throughout this paper that § is known, see also Remark 2. 2 It should be
noted that (1)—~(2) is a generalization of Frydman (1994), who consider a discrete-
time process, but where cp = 0. Broze, Scaillet and Zakoian (1995, Eq. 2 in p. 202)
have also analyzed the regular level effect model but without the ARCH component,
but where they introduce also |y;—1]¥ z; in (1). Moreover, for the case where g is
known, (1), (2) is the standard linear model for which a complete characterization
of the estimation theory has been developed by Jensen and Rahbek (2004a,b) and in
Kristensen and Rahbek (2005, 2008). The “quasi’-log likelihood function (conditional
on past values of y,) associated with (1), (2) is given as

1T )’t 3
5; : 3)

We proceed under the following set of maintained assumptions:

Assumption A A1 z; ~ N.i.i.d. (0, 1),
A2 oo>w0>0,oo>a0>0,

A3 E[(22) mndy-iP] < oo E[(225)" an (i1 i (-2D]

§ [yr—2l’
x %)
< o0 E [(ﬁ) (In (y;-2]))? |1n(|y,,1|)|] < o0, for both ¢ = 0 and for
some ¢ > 0fori =0, 1.

Assumption B B1 E In («oz7) < 0,
B2 1>y >0,b+1] <1, Eln|b+1+az?| <0.

Assumptions A1, A2 and B1 are very common in the traditional ARCH literature (see
e.g. Jensen and Rahbek (2004a,b), p. 1205). In A1 we need to impose Gaussianity as
we make use in our proofs of the results in Broze et al. (1995). Also, Al implies that

E ((l - zlz)2> = ¢ = 2. Note also, A3 -an assumption very specific for the level-
effect ARCH model- explains the necessity to introduce |y,—1|” in (1) as in Broze et al

2 If § is estimated, this will affect the asymptotic properties of the estimators of the volatility parameters,
but we leave this for further future research.
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(1995, Eq. 2).3 In B2, we require 1 > yp > 0-see Broze et al (1995, Proposition 3)
for more details-. The condition for stationarity of atz, (yt* / yty_l) . ¥f and y; is given
by the following two Lemmas:

Lemma 1 Let Assumption A hold. A necessary and sufficient condition for strict sta-
tionarity ofa,2 and (y,*/ |y:—1 |V°) as generated by (1), (2) is given by

Eln (aoztz) < 0.

Proofof Lemma 1 Lemma 1 is not a new result in the literature since if (y,* /1yi—1 |V°)
is known, the level-effect ARCH model reduces to the ARCH(1) and the condition for
strict stationarity is well known (see e.g. Jensen and Rahbek 2004a). O

Lemma 2 Let Assumption A and Bl hold. A necessary and sufficient condition for
ergodicity and second order stationarity of y;* and y, as generated by (1), (2) is given
by

1>9>0,lb+1] <1, Eln|b+1+4ay?| <O0.

When yy = 1, the previous condition is a sufficient condition for second order sta-
tionarity and ergodicity.

Proof of Lemma 2 Given in the proof of Proposition 3 of Broze et al (1995, Appendix
D) but replacing oy j in Broze et al. (1995) by the required strict stationarity condition
of atz that was proved in Lemma 1, and where the Gaussianity of z; is used in the
definition of the transition density.

Next, the main result of the paper regarding the limiting distribution of the ML

estimator in the level-effects ARCH model can be established. O
1 1
Theorem 1 Define i, (60) = (In lyi—1| = wo (5 = =) Inlyi—al ). uz G0) =

(%) and uz; (6y) = (w") (L S— ), let Assumptions A and B hold, 6y is

a ) \wo — oZ(0y)
assumed to be an interior point of the parameter space and assume that § = (a, b)’
is known. Consider the log likelihood function given by (3). Then, there exists a fixed
open neighborhood U = U (0y) of 0y such that with probability tending to one as
T — oo, Lt (0) has a unique maximum pointain U. In addition, the ML estimator
0 is consistent and asymptotically normal

VT[0-60] =% N (0. (¢2/4) A7),

3 See for example Brown et al. (1996) and Bouezmarni and Rombouts (2010) as examples showing the
relevance of studying positive time series. See also Broze et al (1995, p. 202) for a discussion of models
that preclude negative values under some parameter restrictions for continuous-time processes.
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where
— l— 11—
myy zmiz M3
1— 1—  1—
A=¢ | smia gmp gz | >0,
1— 1—  1—
FM13 7mM23 7M33

{ =2andm;; = E(ui, (Bo) uj; (90))f0ri =1,2,3and j = 1,2, 3.4

Proof of Theorem 1 The proof of Theorem 1 is given in the Appendix.

Importantly, Theorem 1 applies to the MLE of the stationary level-effect ARCH(1)
process. However, if yg is known under Assumption A but E In (aoztz) > (0 then the
asymptotics for the ML estimator of « can still be established. To see this, simply
notice that the model (1), (2) in this case can be rewritten as

Vi =012

Utz =w+ ay?—l
for y; = U:% This representation of the process y; is exactly identical to the
model given by equation (1) in Jensen and Rahbek (2004a). Consequently, when

Eln(az?_ ) > 0 (Assumption B fails) then 72 5 oo from Lemma 1 as 67 5 0o

(see also Kliippelberg et al. (2004)) and the asymptotic results follows directly from
Jensen and Rahbek (2004a, Lemmas 1—5).5 The case of E In (050112,1) = 0 implies, as
shown in Kliippelberg et al. (2004) for an ARCH(1) (under suitable conditions), that
0,2 2, 50 and therefore different arguments are required in this case (see Pedersen
and Rahbek (2016)). Three remarks should be added: O

Remark 1 Tt is well known, that the stationary level-effect ARCH model, can be esti-
mated by non-parametric techniques, since the variance function is smooth and only
depends on y;_1. In the nonstationary case, Han and Zhang (2009) consider ARCH
models by applying the results of Wang and Phillips (2009a, b), although they do not
allow for a level-effect.

Remark 2 In model (1), (2), we are assuming that § = (a, b)’ is known. In practice,
8 can be pre-estimated in a first stage. If 6 and 6 are estimated jointly in mean and
variance equation (contrary to Ball and Torous (1999)), then our proof will need to
be extended to account for the joint estimation. At this stage we do not know if this
would require stronger assumptions than those in Assumptions A and B.

4 Note that the data generating process (DGP) is assumed to be ergodic. It might be possible to relax this
assumption about ergodicity and simply assume that the DGP is initiated in some fixed value and that the
DGP has an ergodic solution (see e.g. Kristensen and Rahbek (2005) and Jensen and Rahbek (2007)) and
we leave that for further research.

5 We let &% denote convergence “almost surely” as 77 — oo. Also note that in this case

~2 ~2 ~2 ~4
] T 1 Yo\ Y1, @2 1 T R Y L

salr©) = =3 _1 5 (1 - é) :7?’ 202 LT 00) = 3 D=1 (1 —2?) ;?, 2a3 LT 00) =

2\ 50
- Zszl (1 - 3‘—’2) % ‘6' as shown in Results 1, 2 and 3 in the Technical Appendix and they do correspond
O'l 0,

t
to Egs. (4), (5) and (6) of Jensen and Rahbek (2004a).
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Remark 3 The generalization of the asymptotic results when going from ARCH(1) to
GARCH(1,1) can most likely be provided in a similar fashion as the extension from
Jensen and Rahbek (2004a) to Jensen and Rahbek (2004b), with the added complexity
in the proofs.

3 Simulations

In this section we evaluate and discuss, based on simulations, how well the asymptotic
results of & given by Theorem 1 can approximate the finite sample properties. We also
report simulation results to check the consequences when some of the assumptions
are violated. We set § = (a, b)’ = (0, —1)’ in all simulations and we do not estimate
it.

In Panel A of Table 1, results are reported on point estimates, their associated biases
and the root mean squared errors (RMSE’s) when Assumption B1 holds, i.e., the
volatility process is stationary. In Panel A, three alternative data generating processes
are considered: The first is characterized by having standard Gaussian distributed
innovations whereas the two remaining processes have fatter tails as the innovations are
standard t-distributed with 5 degrees of freedom. The results show that under all three
data generating processes, the MLE is relatively accurate with small biases and small
RMSE’s even at small sample sizes, i.e., T = 1000 . As expected from Theorem 1, the
biases and the RMSE’s are decreasing for all the estimators as sample sizes increase.
Note that in Theorem 1, we show the asymptotic theory for the MLE, however in this
simulation section we also show what happens under alternative distribution functions
for the innovations.

In Panel B of Table 1, two data generating processes, both in violation with Assump-
tion B1, are considered. As noted in Jensen and Rahbek (2004a,b) w is not identified
in this case hence is fixed at its true value in the population. The results of Panel B,
Table 1, clearly illustrates that the consistency properties of the MLE of « still holds
when atz and ( v/ ytyfl) are nonstationary. The main theoretical results of this paper
are silent about the asymptotic properties of ¥ when B1 is violated. This is due to
the complexity of the expressions of the first, second and third order derivatives of
the loglikelihood with respect to y, and we can only analyze the case when B1 holds.
However the simulations seem to indicate strongly that consistency of the MLE of y
is maintained also when Assumption B1 does not hold.

In Table 2, consistency of the estimated standard errors of the MLE in finite samples
is illustrated. The term SE (7) denotes the “feasible” standard error of 7 computed
according to the expression for the asymptotic variance-covariance function derived in
Theorem 1, but where all the population parameters are replaced by sample estimates
(sample analogy estimation). ASE (¥) denotes the asymptotic standard error of . It
is defined similar to SE () but computed based on the true populations parameters.

We see that for all the models presented in Table 2, there is a very close correspon-
dence between SE (7) and ASE (7). These results are very encouraging, implying
that the asymptotic variance covariance matrix provides a good approximation of the
parameter estimation uncertainty also in finite sample. It is also noticeable, that in
the cases of relative fat tailed t-distributed innovations (when using the misspecified
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Table 2 Simulation results on the standard errors of the QMLE

SE () SE (@) SE (@) ASE () ASE (o) ASE (@)
Panel A: Assumption B1 holds
(v, w, a) = (0.6,0.05,2.0),z ~ N(0, 1)
T = 1000 0.0323 0.01867 0.1320 0.0343 0.01762 0.1366
T =2000 0.0231 0.01267 0.0935 0.0242 0.01241 0.0964
T = 4000 0.0165 0.00904 0.0666 0.0170 0.00874 0.0677
(y, o, @) = (0.6,0.05,2.0), z ~ t(df =5)//5/3
T = 1000 0.0399 0.02275 0.1737 0.0446 0.02295 0.1838
T =2000 0.0287 0.01570 0.1232 0.0317 0.01631 0.1306
T = 4000 0.0211 0.01161 0.0896 0.0224 0.01155 0.0924
(v, o, @) = (0.6,0.05,3.7), z ~ t(df =5)//5/3
T = 1000 0.0218 0.01811 0.1966 0.0222 0.01624 0.202
T =2000 0.0151 0.01243 0.1382 0.0157 0.01147 0.142
T = 4000 0.0110 0.00809 0.0988 0.0111 0.00808 0.100
Panel B: Assumption B1 fails
(v, w,a) = (0.6,0.05,3.7),z ~ N(0, 1)
T = 1000 0.01632 0.1657 0.01618 0.1659
T =2000 0.01154 0.1176 0.01152 0.1173
T = 4000 0.00848 0.0852 0.00841 0.0836
(y, o, @) = (0.6,0.05,5.0), z ~ t(df =5)//5/3
T = 1000 0.0166 0.234 0.0164 0.237
T =2000 0.0119 0.170 0.0116 0.168
T = 4000 0.0108 0.146 0.0110 0.167

The reported results are based on M = 1000 replications. The term SE (7) denotes the “feasible” standard
error of ¥ computed according to the expression for the asymptotic variance-covariance function derived
in Theorem 1, but where all the population parameters are replaced by sample estimates (sample analogy
estimation). ASE (7) denotes the asymptotic standard error of 7. It is defined similar to SE () but computed
based on the true populations parameters. SE (@), SE (@), ASE (@) and ASE (@) are defined similarly

Gaussian quasi-likelihood) the standard errors of the MLE increase as expected, rela-
tive to the cases where innovations are normally distributed. But the observed increase
in parameter estimation uncertainty seems to be only of limited magnitude. Similar
results hold for SE (@), SE (@), ASE (@) and ASE (@).°

4 Conclusion

In this paper we establish consistency and asymptotic normality of the ML estimator
in the level-effect ARCH model. We also show in simulations that the asymptotic
theory provides a good approximation in finite samples.

% Ina Supplementary Appendix that is available upon request from any of the authors, we provide additional
simulation results, where § = (a, b)’ is estimated jointly with the variance parameters. According to those
simulation results, when § is also estimated and assumptions A and B hold, we conjecture that the ML
estimator seem to follow also an asymptotically normal distribution.
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Appendix

The analytical expressions for the first, second and third order derivatives of the quasi
log likelihood function are given in a Supplementary Appendix available upon request
from any of the authors. We provide now three important propositions that we need in
order to prove Theorem 1. The proof technique for the MLE utilizes the classic Cramér
type conditions for consistency and asymptotic normality (central limit theorem for
the score, convergence of the Hessian and uniformly bounded third-order derivatives);
see e.g. Lehmann (1999).

Proposition 1 Let u j; (6p) be defined as in Theorem 1. Under Assumptions A and B,
the joint distribution of the score functions evaluated at 0 = 6y are asymptotically
Gaussian,

1 0
— 2L 0) S N©. A,

JT 96

where

E
E
5]
E

A=¢

]

= =
3|
_
)
Bl— A= NI—
3 3
RN
(I Y
Bl— B— D=
3|
(3]
W
\
L

E]

andmij = E (ui; (60) uj; (60)) fori =1,2,3and j =1,2,3.

Proof of Proposition 1 For the proof of Proposition 1, we need first the following 2
Lemmas. O

LemmaA Let Assumptions A and B hold and define ui; (6p) = (Inl|y—1|—

1 1
wo (w—o - _0,2(00)> In |y172|) ,

uy () = (m) and uz; (0y) = <$—§) <u+0 - 0t2390)>' Then u;; (6p) is a sta-
tionary and ergodic sequence. In addition % Zthl uir (6p) 2 E (uir (00)) = u; and
4 — .
Ll u? o) > E (u? (60) = my; fori = 1,2,3.

Proofof Lemma A Define I, = {y;, 2:. y1—1, 2Zt—1,Y1—2, Zr—2,...}. Note first that

1
lute Go)| < [In |y,—1[] + wo [In |y, 2]l <w—0 + ) < [In|y—1][ + 2 [In [y; 2|l ,

a7 (6)
hence

E|ui; (Bo)| = 3E(In|y:]) < o0,
where we have used assumptions A and B and where the last inequality follows from

A3 where the first two moments of In |y;| are assumed to be bounded. Hence we can
write
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126 C. M. Dahl, E. M. Iglesias

ui; (6p) = g1 ()’t—la Yi2,07 (90)> ,

where g1 is a I;-measurable function and where all arguments y;_1, y;—» and 0,2 (60)
are stationary and ergodic as a consequence of Lemmas 1 and 2. This implies that
u1s (Bp) 1is stationary and ergodic by Theorem 3.35 in White (1984). Consequently

% Zszl uy; (6p) 2 E (u1; (Bo)) follows by the Ergodic Theorem. Similarly, it fol-
lows straightforwardly that E |us; (6p)| < (lo) and E |u3; (6g)| < (%) . We can

w

write uz (00) = g2 (o (6p)) and u3; (6) = g3 (07 (6p)) and as above conclude

that (u2; (6p) , u3; (6p)) is stationary and ergodic, and hence %Z,TZI uir (6g) —
E (u;; (0p)) fori = 2, 3. Second, notice that

1
‘“%r (90)‘ = |In* |yr—1| — 2wo (w_o s )> In [y, 2| In|y,—i|
t 0

1 1\
+(In |y,—2)* w§ (———) |
Yt 0 wo Ut2 (60)

<In?|y,_i| + In? |yr—al 4+ 4——— [In |y, 1| In |y 2|

4w
ol (6) (90) o? (90
<102 |y,—1| 4+ 410 [y,—o| + 4 [In |y, | In |y, 2|,

such that
E[id, @) = SE (an13/D?) +4E lin |yl 1n ]y | < oo.

On the right hand side of the first inequality we have used Lemmas 1 and 2 and
the second inequality follows from A3 (existence of second order moments). In

addition, E |u%l (90)| < (F) and E |u3[ (00)| ( ) We can therefore con-
0 0
clude, by Theorem 3.35 in White (1984), that since u;; (fp) is stationary and ergodic

then so is u (90) for i = 1,2,3. Furthermore as E |u (6o) | is bounded then
T thl ”1; (6o) £ E( ui, (80)) fori = 1,2, 3 follows from the ergodicity theo-
rem. This completes the proof of Lemma A. O

Lemma B Under Assumptions A and B, the marginal distributions of the score func-
tions given by Egs. (9)—(11) evaluated at 6 = 0y are asymptotically Gaussian,

1 9 1 s d _

Tt = (1= 2) w00 > N (O i) o
LY 6n == 1 1 60) > N (0, 5
T LT @) = 725( — ) uz @) > N O 52), ()
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1

9 -1 ¢
Tt @ =723 (1-d) @ S N, ©
t=1

N =

where mj;, i = 1,2, 3 and ¢ are defined by Lemma A and A3 respectively.
Proof of Lemma B We will prove (4) in detail. The results in (5) and ( 6) hold by

identical arguments. Define again I; = {y;, 2t Yyr—1, 2r—1,Yr—2, 2t—2,...} and recall
from Result 1 that

s1 (60) = — (1 - zf) s (60) .

Consequently

E (s1¢11;-1)

—E ((1 — le) u1; (6o) |I¢71) =—-F ((1 - th)) u1: (6p)

=0. @)

Since {s1;, I} is an adapted stochastic sequence the result in (7) implies that {s;, /;}
is a martingale difference sequence according to Definition 3.75 in White (1984).
Further, notice that

T T T
Vir @) =Y E (st @0 l-1) = Y E ((1 - z%)2> u, B0) = ¢ 3 u; (6).
t=1 t=1 =1
Hence,
T
E(Viy @) =¢ Y E (ul, 60)) = Temu.

t=1

Furthermore, according to Lemma A we have that

~

1

P
?Zu%t (60) — miy,
=1

implying that

1, P
=Vir (0o) = ¢myy.
T
From this we see that

(v @) (B @) 2. ®)
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Importantly, the result given by equation (8) corresponds to Condition (1), p. 60 in
Brown (1971).7

Finally, we need to prove that the Lindeberg type condition, which is Condition (2)
in Brown (1971). In particular, we need to show that

-1 T
(EvE @) ZE(s%t (@)1 {|su ©0)] > €| E(VE, (eo»})
t=1

for all ¢ > 0. By inserting the expression for slzt and £ (VIZT (6p)) we get

—oolmi

> \/T§H_111}> — 0,

T—>ooT§m1

E (((1 — zf) 2 (90)> | H(l - z$)2u%, 60)

for all {m11 because, from Lemma A and Al, u%t (6o) and ztz have finite moments
and are stationary and ergodic. Consequently, the Lindeberg condition holds.
According to Theorem 2, p. 60, in Brown (1971) we can therefore conclude that

T
S E (53 @ 1 {Is1 @)l > ey/Temmn ) = tim
t=1

which completes the proof. O

Along the same lines

T 1 T
S E (sgt | 1,_1) ==
1=

t=1

1 p ¢

— —— >0,

* 2 2
v 4w
(wo + o (In 21|y) ) 0

* 2
d (55r) ¢
E <S321 | szl) _ Z% [yi—2l P

* 2 4 2
1 - (w°+“°(|v), 37) ) "

S| -
R

N =

N -
M~

-
Il

and

OWICH NI

t=1

() 2

7 Note that since sq; (6p) is a martingale difference sequence, we may use Billingsley (1961)’s Central
Limit Theorem (CLT) instead of Brown (1971)’s CLT.

(1-27)

2w0
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%ZE (s§,1 [|S3,| > ﬁs])

t=1
(1-2)

()

for some § > 0 and as T tends to oo . O

>ﬁ8}>—>0,

Proof of Proposition 1 In order to fully characterize the asymptotic distribution we
need to determine the off-diagonal elements of the variance covariance matrix of
the score vectors given by A. In particular, because u1; (6p) , ua; (6p) and u3; (6p)
are all stationary and ergodic with finite first moments (from Lemma A) it follows
straightforwardly that

5 2 )4 1 .
(1 - z,) ute (60) 2 (o) = Zcmna,

N~
™M~

T

1

T E 517 (6p) 521 (Bp) =
=1

.,
I
_

1 T
= DSt (B0) 53 (60) =

=1

N =
™M~
| =

2 2 p I _
(1 . z,) s (Bo) sy (60) = S¢mi,

.‘
Il
-

~| =
M~
FNy-

T
1 2 I _
7 2 O s ) = (1= 22) w2 ) s @0) B Simas.

t

Il
_

Since all the elements in the score vector are asymptotically normal (see Lemma B), the
result follows directly from application of the Cramer-Wold device, see for example
Proposition 5.1 in White (1984), which completes the proof. O

Proposition 2 Let u j; (6p) be defined as in Theorem 1. Under Assumptions A and B,
the observed information evaluated at 6 = 0y converges in probability, i.e.,

1 92
T 9096’

Lt (60) > 2,

where

andm;j = E (ui, (Bo) ujs (00))f0ri =1,2,3andj=1,2,3.

Proof of Proposition 2 Recall from Result 2 (see Supplementary Appendix) that
1 92 1 5 2 « )
_7WLT (®0) =2 ;Ztulz o) — & > (1 - Zz)

=1
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1 1 \?
In|y,_2|)% w2 <— — >
(In|y,—2]) 0 wo Uzz )

2 1 1 2
+72(1 —z,) wo (wo " (90)> (n ]y —2D)*.

=1

Since z,2 and u%t (6p) are independent, the first term on the right hand side con-

2
verges to 27711 by Lemma A. Furthermore, since (In |y;_2|)> wj <u}0 - = (100)) and

wo (L ~ 00)> (In | y;—»|)? have bounded moments, they are ergodic and stationary
and since E (1 -z ) = 0, it follows from the ergodic theorem that the last term on the

right hand side converges in probability to zero. Therefore, the result follows. Using
identical arguments we find

2

11 ¢ N bl 19?
T3 2LT (6o) = 5?;(1—2@)142[ (6) — Emzz, Ta 2LT (6o)
11« N p 1 2
=37 2 (1-260) @ & .~ oL @)

Il
-

T
> zfus (B0) uz (o)

=1
1 ¢ wo 1 1 »
+?t:ZI( —Z,><(11‘1‘yt 2|)< 2(60)><*—0}2(00)>)—>m12,
32
_?8)/80:

w\—

1 T
Lt (B0) = = D zfurs (B) u3 (o)

t=1

1 & 1 1\
- —22) wo (iny 2|)( ) — -
Tf;( t - %0/ \Wo 52 (0p)

p 1 32L7 (89) 11 ) p 1_
— mi3, — TW = 5;2(1_2@)'421 (60) uz; (6o) — §m23~

3|

t=1

We proceed now to show that A is positive definite. A will be positive definite if for
any non-zero column vector z with entries a, b and ¢, we show that zI'Az > 0.Inour

case

E (”%t) + lz')E (uru2s) + %E (u1suszs)
Az = ¢ %E (uyruze) + ?TE (”%t) + %E (upru3r) b
$E (uyus) + 5E (uguz) + $E (u3,)

2 2 ab ac ab
= ¢|@E (i) + TE (o) + 5 E wiz) + 5 E (i)

+ZE( )+ O E s

@ Springer



Asymptotic normality of the MLE... 131

ac bc c? 5
+ 5 E (unusn) + 7 E (uousy) + S E (i)

b2 2
= §|:a2E (u%t> + ZE (“%r) + ZE (u%,)
bc
+abE (uiuy) +acE (uiuz) + ?E (upru3p)

where we have written u;; (6p) = u;; for simplicity reasons. Since ¢, by Assumption
Al, is always positive and larger than zero, and from Lemma A we have that

(5) (i)
uzr =\ — — —up ),
o wo

then, we need to show if the following term is strictly positive

() + e ) () (o))

acwo ui
+abE (uyuz) + E (—t - Mlt“2t>
0 wo

(&00]

1 cwy 2
= azE u%t> + Z (b - O!_()> E (u%,) <b - Ol_()> E (u1,u2;)

c cwo ¢ \?
+— |:aE (1) + 5 (b - _) E (u2t):| + <_)
o o0 200
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n 1 b cwy n c\? 0
= au — —— u — >0.
T 2a0) ' 2w

Finally notice that since Q = 2A¢~! = A, then Q > 0. This completes the proof of
Proposition 2. O

Proposition 3 Define the lower and upper values for each parameter in 6y as yr <
Y < yYu,wp < wo < wy, and ap < oy < oy, respectively and the neighborhood
N (6y) around 6y as

N@)=0\yr <y <yy,wr <w<wy, andayp <a <ay}.

Under Assumptions A and B, there exists a neighborhood N (6y) for which for
i,j,k=1,2,3

83
sup

T
1
u ——LT(Q)‘ < = ) Wijke,
oen o) | T 36;96;06; T ; IH

. . a.s. ..
where wjjy, is stationary. Furthermore % ZzT=1 Wik — E (w,'jk,) < oo forVijk.

Proof of Proposition 3 Let us start from the components of ‘%%Lr (0)‘ defined in
Result 3 (see Supplementary Appendix). Part I (which is also defined in Result 3) can
be written as

1S

v 2
(55) tndyi2D)? ()

4

— 1 —

T; i\ 2y i\
=t \wrelgor Y \WH o\ por
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+ 1| n (1P

IA
S|

XT: ()’
1 2)’ yt*—l 2
=\ (wta (mmy)

® 2
2 Yy
A <w0 T <|y,_2|V0) )
* 2
2)’ Yi—1
<w To (\yffzv) >

* 2(yo—v)
Dy 4 <y’“> 4+ 1) (-l
lyvr—2|
2 3
< _At 1+_At 2( 2 +1> [In (|y,—11)|

Z+ 1] In(y—1h?

IA
Nl
M~

~
I
<
N
L

IA
N~
M~

t=1

IA
N~
M~

wr

~
I
-

IA
Nl
R

w_At 1+ _At 2 th + 1> [In (|yt—l|)|3

~
I
<

IA
Nl
M~

wy ay
( — A1+ —Ar z,2+1> lIn (|yr—11)I
wyp, oy,

=1

where we can define the lower bound for all ¢, y;, < |y,—1l, yo < |yi—2l,
_ N\ 2lyu—vel

A = max {yilw il v nl} Ay = max {1’ (\3:;0
result follows by setting 2 |yy — yr| = ¢, Assumptions A and B and the law of large
numbers (see Jensen and Rahbek (2004a), Lemma 5). Part Il requires also assumption

A3 since

and the

255)° (n (1al)) 30

( « 2 3 1 2y y* . 2
= <w b= ) Vi1 (w +a(5ar) )

T 2
8 3 (ys
= 07) — 1| I (y—ah?

. 2
2 v
=1\ v, (w +a <‘},1121‘y) >

T
wy ay
<3 {—A,_1 + —At_z} 2+ 1) |1n(|yt_1|)l3| .
1 wpr, oy

IA

IA

Parts III, IV, V and VI follow the same argument.
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Along the same lines for ‘%%LT (9)‘

~3Lr )| = |7

6

1 93 lXT: 5 ()’ | (y,y_z)
T da3 T 2y i 2 v 2\°
=\ L (vt \yffzv) (w Ta <Iy;t:zl|V) )

IA
| —
1~
W
—
=
3
~
()
|
—_
| —

T ) o 2 Ol3
o ey

1 wy o 2
< — 3 —A[_l + —At_2 2y +1 -3
T =1 aL

The rest of the cases follow directly using the same argument. This completes the
proof of Proposition 3. O

Proof of Theorem 1 Given the conditions provided by Propositions 1-3, Theorem 1
follows from Lumsdaine (1996, pp. 593-595, Theorem 3), the ergodic theorem and
Lemma 1, p. 1206 in Jensen and Rahbek (2004b). O
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