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ABSTRACT

This paper is concerned with tests of the covariance matrix of the
disturbances in the linear regression model that involve nuisance parameters

which cannot be eliminated by usual invariance arguments. Score-based tests,

namely Lagrange multiplier (LM) and locally most mean powerful (LMMP) tests

are derived from the marginal likelihood. Applications considered include
(i) testing for random regression coefficients; (ii) testing for second-
order autoregressive (AR(2)) disturbances in the presence of AR(1) disturb-
ances; and (iii) testing for ARMA(1,1) disturbances; each in the presence of
AR(1) disturbances. An empirical size and power comparison shows that typic-
ally the new tests have more accurate asymptotic critical values and slightly

more power than their respective conventional counterparts.
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Introduction

There is a large literature on testing the form of the covariance matrix
of the disturbance term in the linear regression model. Reviews of various
aspects of this literature have been written by Godfrey (1988), Judge et al.
(1985), King (1987a, 1987b), Pagan and Hall (1983) and Pagan (1984), among
others. The vast majority of this literature is concerned with testing the
null hypothesis of white noise regression disturbances. However, it is
reasonably unlikely that a given application of the linear regression model
to economic data should have white noise disturbances. In fact, the large
literature on testing regression disturbances acknowledges this very point.
Therefore, it is highly desirable to be able to perform diagnostic tests of
the regression disturbances in the presence of autocorrelation and/or hetero-

scedasticity.

An obvious candidate for such a role is the Lagrange multiplier (LM)

test. Unfortunately, there is some doubt about the accuracy of the asymp-

totic critical values of this test, particularly when testing for hetero-
scedasticity. For example, Monte Carlo experiments reported by Breusch and
Pagan (1979), Godfrey (1978), Griffiths and Surekha (1986) and Honda (1988)
show that the LM test for heteroscedasticity rejects the null hypothesis less
frequently than it should. Also, Mouléon and Randolph (1989) report a
similar problem with the LM test for error components in regressions with up

to 506‘observations.

An alternative approach to constructing LM tests of the covariance
matrix of regression disturbances has been advocated by Ara and King (1993).
Their approach involves treating a maximal invariant statistic as the
observed data and using the density of the maximal invariant as the

likelihood function. They showed that this is also equivalent to basing the




inference ‘on the marginal 1likelihood function. Use of the marginal
likelihood function was first suggested by Kalbfleisch and Sprott (1970).
Others to have proposed its use, particularly in the context of estimation,
include Levenbach (1972, 1973), Patterson and Thompson (1975), Cooper and
Thompson (1977) and Tunnicliffe Wilson (1989). The main theme of this

literature is that the use of the marginal likelihood helps reduce bias.

Results reported by Corduas (1986) and Ara and King (1993) show that the

likelihood ratio and LM.tests based on marginal likelihood functions are

clearly more accurate than their conventional counterparts.

When more than one parameter is being tested, the LM test is a two-sided
procedure. Natural one-sided testing problems often arise through economic
theory and functional considerations such as variances being positive.
Recently, King and Wu (1993) suggested an alternative form of the LM test for
such problems. Their test statistic is based on the sum of scores. In the
absence of nuisance parameters, this test is locally most mean powerful
(LMMP) as it maximizes the mean slope of the power hypersurface in the

neighbourhood of the null hypothesis.

In this paper we consider the construction of LM and asymptotic LMMP
(ALMMP) tests using the marginal likelihooa function. We extend the work of
Ara and King (1993) by dealing with testing problems involving nuisance para-
meters which cannot be eliminated by the use of invariance arguments or marg-
inal likelihood methods. There are two reasons fér expecting this approach
to be superior to that based on the classical likelihood function. The first
is the direct elimination of certain nuisance parameters which, from the
evidence reported by Ara and King (1993), can be expected to improve the
accuracy of asymptotic critical values. The second potential improvement

comes from the use of maximum marginal 1likelihood estimates of those
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parameters which cannot be directly eliminated. Such estimates are expected
to be less biased than their classical counterparts and as we shall see, this
has the potential to improve power. Applications include- (i) testing for
random regression coefficients in the presence of first-order autoregressive
(AR(1)) disturbances; (ii) testing for AR(2) disturbances in the presence of
AR(1) disturbances; and (iii) testing for ARMA(1,1) disturbances in the

presence of AR(1) disturbances.

The plan of the paper is as follows. Section 2 considers the theory of
constructing marginal-likelihood-based LM and ALMMP tests in the context of
testing regression disturbances. The three applications are discussed in
section 3. Section 4 reports a Monte Carlo experiment which compares the
small-sample sizes and powers of the conventional and marginal-likelihood-
based LM and ALMMP tests of Hildreth-Houck random coefficients in the
presence of AR(1) regression disturbances. Some concluding remarks are made

in the final section.

2. Theory

Consider the linear regression model with non-spherical disturbances
- 2
XB + u ; u ~ N(0,0°Q(8)) , (1)

where y is nx1, X is nxk, nonstochastic and of rank k < n, and Q(8) is a
symmetric nxn matrix that is positive definite for 6 (px1) in a subset of Rp
which is of interest. The vectors B and @ and the scalar 02 are unknown.

Suppose 8 is partitioned as

9’ - (wl’“l)

where w’ = L ...,Bp) are gxl1 and (p-q)xi,

respectively.




We are interested in testing HO : w = 0 against either

where, in this context, > denotes = for each component with a strict inequal-
ity for at least one component. This testing problem is invariant with

respect to transformations of the form

y — mgy + Xn

where no is a positive scalar and n is a kx1 vector.

let m=n-k, M=1 - X(x'x)!

n X’, z = My be the ordinary least squares

(OLS) residual vector from (1) and P be an mxn matrix such that PP’ = Im and

P’P = M. The mx1 vector
v = Pz / (z'P’Pz) /2

is a maximal invariant under the group of transformations given by (2). Its

probability density function is

flvieddv = ir(m2)n ™?[pace)p |71/ %a"2

dv

v’ (PR(8)P’ ) Ly

ﬁ’Q_l(e)ﬁ/z’z ,
U is the generalized least squares (GLS) residual vector assuming covariance
matrix 029(9) and dv denotes the uniform measure on the surface of the unit

m-sphere.




We wish to consider only invariant tests. The principle of invariance
implies that we can treat v as the observed random vector and (3) as its
density function. As Ara and King (1993) point out, we can therefore treat
(3) as a likelihood function for 6 and derive standard tests such as the
likelihood ratio, Wald and LM tests. Ara and King also observed that this
approach is equivalent to using the marginal likelihood for 6 because (3) is
directly proportional to the marginal likelihood for 6 given by Tunnicliffe
Wilson (1989). Thus by invariance or, equivalently, by the adoption of
marginal likelihood methods, we have reduced the testing problem to one only
involving 6. The subvector of @6, pu, is a (p-q)xl1 vector of nuisance

parameters.

The log likelihood function implied by (3) is
L(e) = constant - % log |PQ(E)P’| - g log [v’(PQ(e)P')-lv]

Ara and King (1993) have shown that the scores can be written as

aL(8) 3 o 1 aQ(e)
ge. 2 ; 2 tr[A(e) 36. ]
i i } i

and that the i,j'™ element of the information matrix of L(8) is

2
aL(e)| _ 8Q(e) a0(8)

- {tr|ace) 2@ (o) 2%191 // (2m+4)

a6, 0.
1 J

where U is the GLS residual vector assuming covariance matrix Q(8) and




1 -1

ot - el exxra o) i a o)

P’ (PQ(B)P') 1P .

In order to construct the LM test of HO against Ha based on (3), we need

the scores with respect to w = (91,...,6q)’ and the information matrix eval-

uated under HO' .. .Let Aﬁ,“denote ..the _ values...which. .maximize .the .marginal

likelihood (3) when w = 0; i.e., under Hy, and let @ = (0’,n’)’. Define

~ _ aa(e)
A () = 36,

and note that

—Q_l(é)Ai(ﬁ)Q—l(é)

Let s denote the gxl vector of scores with respect to the elements of w

evaluated at w = 0 and p = ﬁ. Thus

[fm“l(é)Ai(ﬁ)Q“l(8)&/6'9'1(6)6] - tr[A(é)Ai(ﬁ)]/Z

g [e’xi(ﬁ)e/e'e] - tr[M,Ki(ﬁ)]/Z

’ —1 ’
I - X, (X)X,

= Q) V%,

= Q(é)'l/zAi(ﬁ){Q(é)'l/Z}'.

= a®) %4




is the OLS residual vector from the regression
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ad) "%y = q@)! 172

/2 XB + Q(8) u, (4)

i.e., (1) after transformation by premultiplication by Q(é)-l/z, and U is

the GLS residual vector assuming covariance matrix Q(8). Let I denote the
pxp information matrix evaluated at w = 0 and p = ﬁ. Its i,jth element is

given by

£(1,5) = m tr[A(é)Ai(ﬁ)A(é)Aj(ﬁ)] / (2m + 4)

- {tr[A(é)Ai(ﬁ)] tr A(é)Aj(ﬁ.)]} / (2m + 4)

n tr[M,Ki(ﬁm,Kj(ﬁ) / (2m + a)

- {tr[u,xi(ﬁ)]tr[u,xj(ﬁ)]} / (2n + 4).

Partition 1

I11 I12

I21 I22

where ill and i22 are gxq and (p - q)x(p - q), respectively.

The LM test of HO against Ha: w # 0 rejects HO for large values of

N 2=1 o -1 -
r = s [ 111 112 122 121] s (5)

assuming an asymptotic chi-squared distribution with q degrees of freedom
under Ho. If the information matrix evaluated at 8 = 6 is block diagonal,

i.e., 112 = 121 = 0, then (5) simplifies to




In the special case of q = 1, (5) becomes
r =42 e (n)efe’e - tr|M,A, ()| / 2 2 /1., -1 o
2 1 *1 11 12 "22 21

and a one-sided LM test of HO against H; : w > 0 involves rejecting HO for

large values of
m .%o oo % (n 2 _ s a=1 & 172
{2 e’A (plese’e tr[M,Al(p)] / 2} / [ I,-1, 1, 121]
which has an asymptotic standard normal distribution under HO.

If as well as q = 1, the information matrix is block diagonal, the one-

sided LM test statistic (6) is of the form

{gve’xl (Refe’e - t:r‘[M,,EK1 (ﬁ)]/z}/

{m tr[n,zl(&)]z / (2m + 4) - [tr[m,,xl(m]]z/ (2n + 4)}1’2 . (7)

It is noteworthy that this test statistic is of the form of King and
Hillier’s (1985) LBI test applied to (4) assuming g = g and using the stand-
ard two-moment normal approximation (see Evans and King, 1985) to obtain
critical values.

In the case of testing H, against H; when @ > 1, we can construct an

0
AIMMP test by applying the results of King and Wu (1993) to the density func-

tion of v given by (3). This test rejects Ho for large values of

- b5 s aml 0 )\1/2
L5 / {e I,6-ei,0 1212}

h T /% T 1/2
1/2{m e’Alplefe’e - tr[M*A(p)]} / {e 1112 ) 1121221212} (8)




- A q—a
where A(p) = Y} Ai(p) and ¢ is the @ x 1 vector of ones. This statistic has a
i=1

standard normal asymptotic distribution under HO' If the information matrix

evaluated at 8 = 8 is block diagonal, then the denominator of (8) becomes the

- square root of

q q - -~ - -~
Y! I m tr.[M,AiA(u)M,A,.(u)] / (2m + 4)
i=1 j=1 J

B} {tr[u,xi(ﬁ)] tr[M,l_\J([z)]} / (2n + 4)

{m tr[M,K(ﬁ)]Z - [tr[M,K(ﬁ)]]Z} / (2m + 4)

In other words, T is of the form of (7) with

3. Applications

This section demonstrates the application of the above theory to
(i) testing for Hildreth-Houck (1968) random regression coefficients in the
presence of AR(1) disturbances, (ii) testing for AR(2) disturbances in the
presence of AR(1) disturbances, and (iii) testing for ARMA(1,1) disturbances

in the presence of AR(1) disturbances.

3.1 Testing for Hildreth-Houck random coefficients in the presence of AR(1)

disturbances

Assuming the first column of X is a column of ones, write (1) as

K |
By v L Bygxgytu

J=2




The Hildreth-Houck model assumes the regression coefficients Btj’

J=2,...,k, at time t are generated as

(10)

where vtj ~ IN(O,@?), J=2,...,k. The disturbance term uy is assumed to be

generated by the stationary AR(1) process
Y T PUy By lp] <1

in which €, ~ IN(O,oi) and var(ut) = wi = 02/(1-p2). Substituting (10) into

(9), the model can be written as

Yt

Assuming mutual independence between ¢ o J

tJ

variance matrix of w = (wl,}..,wn)’ can be written as

t gnd v

(1472 %2 )
1+)YA . x. .
zJ,lJ P

,
(14YA x5 .)
[ zng P

2 2
(14YA x> .)
p P ZJ3J




e’ = (AZ,AS,...,Ak,p) and summation is from

J=2 tok. Let A’ = (AZ,...,AK). Our testing problem is one of testing

against

H': A >0
a

in the context of (1).

In order to construct the marginal-likelihood-based LM and ALMMP test

statistics, r and T, respectively, note that p = k, q = k-1,
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(1-p

Q®) % = %712




where 5 is the value of p which maximizes the log marginal likelihood func-

tion L(8) with &’ = (0,0,...0,p). The residual vector e is (1 - 52)—1/2

times the OLS residual vector from the transformed model

~2.1/2 ~2.1/2 A2.1/2
p ) Ty, = u

1 - 1 (1 - p%) xiB + (1 -p7) (13)

1

-

Yo ~PYy_q4 = (xt - pxt_l) B + u, - oPu t=2,...,n, (14)

where x! = (1,

t ). The nxn matrix Kj_l(ﬁ) for j=2,...,k is tri-

th, . o ,th

diagonal and symmetric with main diagonal

2 ~2 2 ~2 2 ~2 2 ' _ 2
[xlj'(XZj +p xlj)/(l -p ),...,(xnj +p Xn—lj)/(l p )}

and main off-diagonal

. ~2.-1/2.2 .2 .2 .2 .2
[ p(1 - p%) X150 pxzj/(l P )y, X113 /(1 -p )].

The nxn matrix K(B) used in the ALMMP test has the same form. Its main diag-

onal is

2
INN

2

2 ~2. 2 ~2 2 ~2 2 ~2
£6G, + B /0 - B2, 6« B /0 - b )]

and its main off-diagonal is

- ~2.-1/2_ 2 ) A20 a2 2
[‘P(l -p7) lej, - przj/(l -p ),...,-prn_lj/(l -p )],

where again summation is from j = 2 to k.




3.2 Testing for AR(2) disturbances in the presence of AR(1) disturbances

Consider the linear regression model (1) in which the disturbances are

generated by the stationary AR(2) process

Ug T PpUpq T PU o t &y

where'--et ~~IN(0,¢§); In this model

(1-p2)0§

(1+p2)[(1-p2)2 -p

2
1]
pl/(l“PZ)

2
Py *+ Py /U1py)

P¥5-1 * PR¥55 - J=3 ....,n-1,

(pz, pl)’. In this case we are interested in testing

against




in the context of (1). Because q = 1, our interest is only in constructing

the LM test statistic (5).

Observe that p = 2. The matrix Q(é)-l/2

is given by (11) and Az(fa) is
given by (12), where again p is the value ofvp1 which maximizes the log
marginal likelihood function L(@) with 6’ = (O,pl). Also the residual vector
e is identical to that for the previous application, i.e., (1-5)_1/2 times

the OLS residual vector from the transformed model (13) and (14). Now

241 po+2p . . PP li(n-2)p"3

~ ~2
p




~2,1/72 172

~(1-p%) p(1-p%) (1-p2)

p(1-p%y172 -(1+52) 0

(1-;3‘2)1/2 0 -(1+52)

5(1_52)1/2 1_52 0
-(1+52) 0

1-p5H)1/2 a2 0 —(149)

5n—3(

3.3 Testing for ARMA(1,1) disturbances in the presence of AR(1) disturbances

Here we consider the linear regression model (1) in which the disturb-

ances are generated by the stationary ARMA(1,1) process

g T PUpg Y& T g L

where £, ~ IN(O,oi). In this model, Var(u) = oﬁQ(e) is given by (15) where

1 + 2py + 72 2
2 €
1-p

(p+7) (1+p7)
1+ 2py + 72

PWJ_l, j =2, o e oy n_1

and 8 = (7,p). We are interested in testing

0]

against




in the context of (1).

Note that as for testing for AR(2) disturbances in the presence of AR(1)
1/2

is given by (11), Az(ﬁ) is

given by (12) and the residual vector e is (1-52)-1/2 times the OLS

disturbances, p = 2, q = 1, the matrix Q(8)

residual vector from the transformed model (13) and (14). Now,

~n-2 ]
P

n
= 2(1—5){(1-52)1/2e1e2 + T ee,
i=3




Monte Carlo Experiment

In order to explore the small-sample properties of the LM and ALMMP
tests constructed using the marginal likelihood function, we conducted a
Monte Carlo experiment. The experiment concentrated on the problem of test-

ing for Hildreth-Houck random coefficients in the presence of AR(1) disturb-

ances in (1) as outlined in section 3.1. Estimated sizes and powers of the

two marginal-likelihood-based tests which we denote by MLM and MAILMMP were
compared with those of the corresponding LM and ALMMP tests constructed using

the standard likelihood approach.

4.1 Experimental Design

The Monte Carlo method was used to estimate sizes and powers for the

following nx3 X matrices with n = 20 and n = 60.

X1: A constant dummy plus two independent trending regfessors generated

as

where ~are independent AR(1) time

z, .
ti’
series generated from

Zpg T 0.5Z g5 My

My ~ IN(0,1), t =1, ..
A constant plus quarterly Australian total private capital move-
ments and Australian total Government capital movements.

The first n observations of Durbin and Watson’s (1951) consumption

of spirits example.




X4: A constant dummy plus quarterly seasonally adjusted Australian
household disposable income and private final consumption

expenditure commencing 1959(4).

The regressors in X1 were constructed with an obvious time trend while those
- in X2 have a seasonal component and fluctuate widely. X3 is comprised of
annual data while X2 and X4 use quarterly data. In all cases p = 3 and we

. +
test HO P A, = A3 = 0 against Ha (A

2 A3) > 0.

20

The experiment was conducted in two parts. The first involved using
asymptotic critical values for all tests. In the second part, the Monte
Carlo method was used to estimate appropriate critical values which were then
used to provide a more meaningful comparison of powers. Because' the true
size of each test varies with p, the required critical value must result in
sizes less than or equal to the significance level. This value was estimated
as follows. The Monte Carlo method was used to calculate appropriate crit-
ical values at each of p =0, 0.1, 0.2, ..., 0.9 and, for each test, the
largest value was used as the critical value. These critical values were
then used to calculate the second round of sizes and powers. A nominal sig-

nificance level of five percent and 2000 iterations were used throughout.

3
var(wt) = oi[l + Yy A x2 ]

j=2 9 tJ

it is clear that the relative contribution at time t of the stochastic part
of the j?h regression coefficient to the variance of the composite error

term, w is A.XZ.. Thus what constitutes a large value of'Aj depends on the

t’ Jtg

magnitude of X%j' We took the view that it was unlikely that Btj would




contribute more than 10 times the variance of ut to the composite error term.

We therefore set

2 s

and calculated sizes and powers at all combinations of p = 0, 0.3, 0.6, 0.9

and Xj =0, 0.02, 0.2, 1; j = 2,3.

All the tests required estimates of p under the null hypothesis of AR(1)
disturbances. For the tests based on the conventional likelihood function, p
was estimated using Beach and MacKinnon’s - (1978) maximum likelihood
algorithm. For the marginal likelihood based tests, p was estimated by

maximizing the marginal 1likelihood under H. which following Tunnicliffe

0

Wilson (1989) can be written as

172

flplu) = [1-p2] , X*(p)’X'(p)I 2*(p)’ z* (p)

-1/2[

]—m/z

where X*(p) and z*(p) are the nxk X matrix and the OLS residual vector,
respectively, from .the transformed regression (13) and (14) in which p
replaces p. We used the IMSL (1989) ﬁoniinear maximization subroutines
DIVMIF, DLFTRG and DLFDRG to solve this optimization problem. The error
variance oi and the components of the parameter vector B were all set to
unity in the simulations. Note that the sizes énd powers of each of the

four tests are invariant to the values of E and vi.




4.2 The Results

Selected estimated sizes based on asymptotic critical values at the

nominal level of 5% are reported in Table 1.

The conventional LM test sizes are typically different from 0.05
especially when p is large. While for X1 and X4 there did seem to be a
tendency for sizes to get closer to 0.05 as n increases, this was not evident
for X2 and X3. 1In contrast, almost all estimated sizes of the MLM test were
not significantly different (at the 1% level) from 0.05 and all exceptions
occur for the smaller sample size of n = 20. Estimated sizes for' the ALMMP
test are almost all below 0.05, most being significantly so. All estimated
sizes are particularly small when p is large. There is evidence of an
improvement in these sizes as n increases. The estimated sizes of the MALMMP
test are typically much closer to 0.05 than its conventional counterpart,

especially when n = 60.

Selected estimated sizes énd powers based on critical values found
simulation for X1, X2 and X4 are presented in tables 2, 3 and
respectively.’ ﬁecause almost all the powers for X3 aré less than 0.1,
have omitted them to save space. The variation in the regressors of X3 is
such that it is very difficult to detecf even very large contributions to the

composite error term from stochastic coefficients. Also omitted are the

powers when Xj = 0.02, j = 2,3, which are typically very similar to those for

Xj = 0, except when p = 0.9 and n = 60. The following discussion is an

analysis of all the results for X1, X2 and X4.

Typically powers of all tests increase as n increases. Exceptions are

minor and occur most frequently when p = 0 and/or Xj = 0.02. There is a very




clear tendency for powers to increase as p increases, ceteris paribus,
particularly when n = 60. As expected, powers generally increase as either

iz or A3 increases although there are a surprising number of exceptions for

X2 (ALMMP and MAIMMP tests) and X4 (n = 20).

A  comparison of the LM and MLM powers reveals that the
marginal-likelihood-based test (MLM) is typically more powerful than the
conventional IM test. The only exceptions occur for X2 and n = 60 when the
two power curves cross, although the comparison still favours the MLM test
overall. Power improvements of greater than 0.1 are not uncommon when the

MLM test is used in place of the LM test.

The estimated power curves of the AILMMP and MAIMMP tests are very
similar, although there is a clear tendency for the MALMMP test to be more
powerful for larger values of p. For the analogous testing problem without p
as a nuisance parameter which can be viewed as a special case of our problem
in which p is unknown, Ara and King (1993) report that these two tests have
identical power curves when exact small sémple critical values are used.
This suggests that the modest improvement in poﬁer for larger p values is
purely a consequence of using maximum marginal 1likelihood estimates of p

which are less biased than their conventional counterparts.

For X1 and X4, the ALMMP test is always more .powerful than the LM test

as might be expected. For X2 and n = 20, a similar pattern occurs except on

the boundary (XZ = 0 or A, = 0) where there are examples of the LM test being

3

more powerful. For X2 and n = 60, there are very few situations where the

ALMMP test is more powerful than the LM test. In fact the former test has

relatively poor power whenever Az or AB is one. Similar, conclusions can be

drawn from a comparison of the powers of the MALMMP and MLM tests although




the dominance of the MALMMP test is less pronounced for X1 and X4 and the

comparison favours the MLM test more strongly in the case of X2.

In summary, the use of marginal-likelihood-based tests rather than their
traditional counterparts does typically result in a more accurate test in
terms of both size and power. These improvements are very clear cut in the
case of the LM test and are less obvious for the ALMMP test. The use of an
ALMMP test in place of the equivalent LM test does improve power as expected
for X1 and X4. For X2, particularly when n = 60, there is evidence of a
éerious-power loss. Wu (1991) observed that LMMP tests can suffer alloss of
power when the scores being summed are negatively correlated. This appears
to explain the poor results for X2 given that the two regressors are

negatively correlated.

Concluding Remarks

This paper outlines the construction of marginal-likelihood-based LM and
AIMMP tests of regression disturbances in the presence of nuisance parameters
which cannot be eliminated by the use of thé usual invariance arguments.
This extends the work of Ara and King (1993) who reported an improvement in
the accuracy of asymptotic .critical values in the case of no nuisance
parameters. The Monte Carlo experiment we report clearly shows that the use
of marginal-likelihood-based tests can improve both sizes and powers,

particularly of the LM test. This appears to be a higher level of

improvement than that reported by Ara and King. In our case, additional

accuracy seems to come from the use of maximum marginal likelihood estimates
of the nuisance parameters. On the basis of these findings, we conjecture
that similar improvements in accuracy exist for 1likelihood ratio and Wald

tests of regression disturbances in the presence of nuisance parameters.
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Estimated sizes of the LM, MLM, ALMMP and MALMMP tests for random
coefficients in the presence of AR(1) disturbances using asymptotic

critical values at the 5% nominal level.

Table 1:

n =20
MLM ALMMP MALMMP

LM
X1




Table 2: Estimated sizes and powers for X1 of the LM, MLM, ALMMP and MALMMP
tests for random coefficients in the presence of AR(1) disturbances
using empirical critical values at the 5% level.

n = 20

MLM ALMMP  MALMMP
p:

P NO »NO ~»DNO

,MNO »,PNO »NO

0
.2
1
0
.2
1
0
.2
1

PNO »NO »NO




Table 3: Estimated sizes and powers for X2 of the LM, MLM, ALMMP and MALMMP
tests for random coefficients in the presence of AR(1) disturbances
using empirical critical values at the 5% level.

n = 20

LM MLM ALMMP ~ MALMMP
p:

PNO mNO »NO

PNO »NO ~»DNO

0
.2
1
0
.2
1
0
.2
1

PNO »NO ~»DNO




Table 4: Estimated sizes and powers for X4 of the LM, MLM, ALMMP and MALMMP
tests for random coefficients in the presence of AR(1) disturbances
using empirical critical values at the 5% level.

n =20 n = 60

ALMMP  MALMMP LM MLM ALMMP  MALMMP
p =0.0

W NO PNO B NO

P NO »NO »NO

0
.2
1
0
.2
1
0
.2
1

»NO »NO »NO







