|

7/ “““\\\ A ECO" SEARCH

% // RESEARCH IN AGRICULTURAL & APPLIED ECONOMICS

The World’s Largest Open Access Agricultural & Applied Economics Digital Library

This document is discoverable and free to researchers across the
globe due to the work of AgEcon Search.

Help ensure our sustainability.

Give to AgEcon Search

AgEcon Search
http://ageconsearch.umn.edu
aesearch@umn.edu

Papers downloaded from AgEcon Search may be used for non-commercial purposes and personal study only.
No other use, including posting to another Internet site, is permitted without permission from the copyright
owner (not AgEcon Search), or as allowed under the provisions of Fair Use, U.S. Copyright Act, Title 17 U.S.C.


https://makingagift.umn.edu/give/yourgift.html?&cart=2313
https://makingagift.umn.edu/give/yourgift.html?&cart=2313
https://makingagift.umn.edu/give/yourgift.html?&cart=2313
http://ageconsearch.umn.edu/
mailto:aesearch@umn.edu




ISSN 1032-3813

ISBN 0 7326 0394 3

HYPOTHESIS TESTING OF

VARYING COEFFICIENT REGRESSION MODELS:

PROCEDURES AND APPLICATIONS

Robert D. Brooks and Maxwell 1.. King

Working Paper No. 5/94

DEPARTMENT OF ECONOMETRICS

MONASH UNIVERSITY, CLAYTON, VICTORIA 3168, AUSTRALIA.




HYPOTHESIS TESTING OF
VARYING COEFFICIENT REGRESSION MODELS:
PROCEDURES AND APPLICATIONS

Robert D. Brooks

Department of Economics and Finance

Royal Melbourne Institute of Technology, GPO Box 2476V, Melbourne, Victoria 3001
Australia

and

Maxwell L. King

Department of Econometrics
Monash University, Clayton, Victoria 3168

Australia

Abstract

There is a considerable literature in econometrics on varying coefficient regression mod-
els. Some of the proposed models are simple and parsimonious. However given that even
the simplest varying coefficient model is more complez than the constant coefficient model,
researchers need to be able to test the adequacy of the constant coefficient simplification.
This paper surveys the literature on testing for the presence of varying regression coeffi-
cients. We outline the wide variety of tests that have been proposed and look in detail at
comparisons of the properties of different tests. In general, the literature indicates that tests
that take into account the one-sided nature of the testing problem do best. Therefore tests
such as point optimal tests and locally most mean powerful tests typically have superior
power properties relative to other available tests. The paper concludes with a review of the
application of this methodology in two areas of empirical finance. These involve testing the
time constancy of systematic risk in the market model and testing the unbiased prediction

hypothesis in forward and futures markets.
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1. Introduction

The literature on varying coefficient regression models dates from the early days of
econometrics, with Keynes’ (1939) critique of the use of constant coefficient models by
Tinbergen (1939). Despite this early advocacy of the use of such models, their popularity
was not enhanced until the development of simple parametric forms of varying coefficient
models such as those suggested by Hildreth and Houck (1968), Rosenberg (1973) and Coo-
ley and Prescott (1973a), and Lucas’ (1976) econometric policy evaluation critique based
on the rational expectations revolution in macroeconomics. Since then, the use of varying
coefficient models has taken off with published surveys on the topic including Raj and
Ullah (1981), Beck (1983), Chow (1984), Nicholls and Pagan (1985) and Swamy, Conway
and LeBlanc (1988a, 1988b, 1989). Accordingly, applied econometric work has begun to
take interest in the varying coefficient regression model as a serious alternative to tradi-
tional fixed coefficient modelling. Of particular recent interest has been Granger’s (1993)
suggestion that varying coefficient models are likely to provide an adequate approximation

to non-linear models.

The aim of this paper is to review the literature on hypothesis testing of varying co-
efficient models. Accordingly, Section 2 describes the main varying coefficient models in
which the coefficient varies stochastically over time. While limited consideration is given
to models of discrete regime shifts in Section 3.4, the main focus of this paper is stochastic
varying coefficient models where the parameters of interest evolve continuously over time
as opposed to changing discretely. Section 3 then reviews the literature on testing for the
presence of varying coefficients in the context of the linear regression model. It finds a

variety of testing strategies have been used and that the evidence on power considerations

favours tests that take into account the one-sided nature of the testing problem such as

point optimal tests (see King 1987a) and locally most mean powerful tests (see King and
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Wu 1990 and Wu and King 1994). Section 4 reviews the theory of point optimal testing
and its application to testing varying coefficient models. Section 5 discusses some of the
applied work using varying coefficient models, focusing on two main applications in em-
pirical finance. These applications are the time constancy of systematic risk in the market
model, and the unbiased prediction hypothesis in forward and futures markets. In general,
both of these applications have provided some evidence in favour of the presence of varying

coefficient regression models. Section 6. contains some concluding remarks.

2. Varying Coefficient Models

Of interest is the linear regression model with a single.time varying coefficient,

Yt = 2¢ 0t + z;0 + €, (1)

in which y; is the dependent variable, z; is the non-stochastic regressor with the single
varying coefficient B, z; is a k X 1 vector of non-stochastic explanatory variables with fixed

coefficient vector @, ¢, ~ IN(0,0%) and t = 1,2,...,n.

2.1 The Hildreth-Houck Random Coefficient Model

The Hildreth and Houck (1968) random coefficient model states that the single varying

coefficient f; from (1) follows the process,
Be =B + us, (2)
in which u; ~ IN(0,)p0?) and is independen.t of €.
If B, follows this process then by substitution, the model (1) becomes,
ye = €:f + zea + vt (3)
in which v¢ = €; + z;u;. The properties of v; are that it is normally distributed with,
E(v) =0,

Var(ve) = 02(1 + Aoz?),
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Cov(vt,vs) =0, tF#s.

Therefore, if the single varying coefficient f; follows the Hildreth-Houck random co-
efficient model, then the disturbance term in the reparameterised model (3) will be het-
eroscedastic, making ordinary least squares (OLS) estimates of the parameters of the model
inefficient, confidence intervals based on those estimates misleading and forecasts generated
from the estimated model inefficient. The Hildreth-Houck random coeflicient model col-
lapses back to the constant coefficient model when )\g = 0, making this the key parameter

for the model.

From an economic perspective, the Hildreth-Houck model has an instantaneous mean
reversion property. When the coefficient §; is shocked away from its mean, B, it always
instantaneously reverts back to . Therefore the effect of any shock is merely transitory

and confined to the period in which it occurs.

2.2 Rosenberg’s Return to Normalcy Random Coefficient Model

The Rosenberg (1973) return to normalcy random coefficient model states that the

single time varying coefficient 3; from (1) follows the process,

Bt = ¢ft—1 + (1 — )B + as, (4)

in which a; ~ IN(0, A;0?) and is independent of €;. For (4) to be a stationary process, it is
required that | ¢ |< 1. However a more econ(.)mically meaningful restrictionis 0 < ¢ < 1,
as it produces a smooth evolution of the coefficient over time as opposed to the oscillations
which would be associated with a negative ¢ value. As Collins, Ledolter and Rayburn
(1987) point out, a smooth evolution of the coefficient over time is what applied researchers
would expect to find. Further, a negative ¢ value poses difficulties in interpretation and

analysis if the period between observations is changed.

Under this process, the model (1) transforms to,

Yt = ¢ + zya + vy,
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in which v; = z4(8: — B) + €. The properties of v; are that it is normally distributed with,
E(vt) = 0,

Var(v) = o?(1 + zi )\ /(1 — ¢%)),

Cov(ve,vs) = (Mo?ziz,91 20 /(1 — ¢2), t#s.

Therefore, when the single varying coefficient 3; from the model (1) follows the Rosen-
berg return to normalcy random coefficient process, the disturbance term in the reparam-
eterised model (5), will be both autocorrelated and heteroscedastic. This makes OLS an
inefficient method by which to estimate this model. It again leads to misleading confi-
dence intervals on the estimated parameters and inefficient forecasts from the estimated
model. The model collapses back to the constant coefficient model when A; = 0 leaving ¢

unidentified and unnecessary in the case of the constant coefficient model.

From an economic perspective, Rosenberg’s model still possesses a mean reversion prop-
erty. However, unlike the Hildreth-Houck model this mean reversion is not instantaneous.
The speed of mean reversion depends on the value of the AR(1) parameter ¢. The speed
of mean reversion is greater the smaller is the value of ¢. In the limiting case of ¢ = 0, the
Rosenberg model collapses back to the Hildreth-Houck model, and mean reversion becomes

instantaneous. In the more general setting of non-zero ¢, any shocks do have a persistent

effect, the duration of that effect being dependent on ¢. However, these shocks eventually

die out, returning the process to its mean.

2.3 Other Models

There exist a variety of other varying coefficient models. A popular alternative is the
random walk coefficient model introduced by Cooley and Prescott (1973a, 1973b), where
B¢ from (1) follows the process,

Bt = Pt—1 + b, - - (6)
in which b, ~ IN(0, A\p0?) and is independent of ;.
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This random walk coefficient model can be viewed as a limiting case of the Rosenberg
model, in which ¢ = 1. In this case, the coefficient has no mean reversion properties
and the effects of any shocks are permanent. It is this property which makes this model
unappeéling in most economic situations. Typically economic theory, will provide likely
mean values for the coefficients, therefore implying that any suggested varying coefficient

process should allow the coefficients to return to this mean.

This model was extended to the ARIMA(O,I,l) case by Cooley and Prescott (1976)

where f; from (1) follows the process,

Bt = Bt—1 + Pt — £pe—1, (7)

in which p; ~ IN(0, A\302) and is independent of €;. The unfortunate feature of this médel,
given that it is an extension of the random walk coefficient model, is that it also does not
have a mean reversion property. For this reason, Ashley (1984) claimed that the Rosenberg
model should be preferred to the Cooley-Prescott model as the mean of a coefficient will

typically be a value of some economic significance.

A different extension of the random walk coefficient model is the ARIMA(1,1,0) model
introduced by Shively (1988a). This model has §; from (1) following the process,

Bt = Bi-1 + p(Bi—1 — Pi—2) + c:. (8)

in which ¢; ~ IN(0,\40?) and is independent of ;. The ARIMA(1,1,0) coefficient model
collapses back to the random walk coefficient model in the case where 4 = 0. The
ARIMA(1,1,0) coefficient model also has no mean reversion property, and hence may prove

unappealing in most economic modelling situations.

The possibility of the varying coefficient following a more general process, such as an
ARIMA(1,0,1) process has been suggested by Ohlson and Rosenberg (1982) and Collins,
Ledolter and Rayburn (1987). This would give the process for the single time varying

coefficient B; from (1) as,

Bt = pBi—1 + (1 — p)B + ve + Ove—1. (9)

in which vy ~ IN(0,)\s50?) and is independent of ¢;.
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Finally, in the regime of stochastic parameter regression models, Nicholls and Pagan

(1985) suggested a more general view of an ARIMA(p, d, q) model. In this case,

o(L)(B: - B) = 8(L)ws. (10)
where L is the lag operator and p(L) and 6(L) are polynomials in the lag operator.

The difficulty with a.general process such as this, lies.in identification of the appropriate
model. In the context of identifying a process for the coefficient, one has even greater
difficulty than in the case of identification of an ARIMA model for a time series. This is
because while the researcher is able to directly observe a time series, no such luxury is

present with a time varying coefficient.

In general, these other models are not as satisfactory as either the Hildreth-Houck or
Rosenberg models. The two main reasons for this are the absence of mean reversion prop-
erties in the integrated models and the lack of parsimony in the more general ARMA(p, q)
models. The mean reversion property of the varying coefficient model is of critical impor-
tance. Frequently economic theory will suggest testable restrictions on the mean response
of the coefficient. If the varying coefficient model chosen does not possess a mean reversion
property then one is unable to test these theoretically significant restrictions. The need to
restrict attention to simple parsimonious models with a mean reversion property is on the
grounds of making the estimation of the model simple. As such, estimation of even the

simple models is difficult (see Swamy, Conway and Le Blanc (1988b)).

2.4 Multiple Time Varying Coefficients

An obvious generalisation of the single time varying coefficient model (1) is to allow

multiple time varying coefficients so that (1) becomes,
ye = Teft + 2+ €, (11)

in which z; is a p x 1 vector of regressors and f; is a p x 1 vector of time varying coefficients.

A special case of (11) is,
yr = B¢ + €1, (12)
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in which all the coefficients vary and o = 0.
For Hildreth-Houck random coefficients,
Be =B+ uy, (13)

where now 3 is a p x 1 vector of constants and u; is a p x 1 disturbance vector such that
us ~ N(0,02Q). The disturbances u; and ¢; are assumed independent and often (2 is

assumed diagonal. The analogous model to (3) is,
ye = Tf + zea + vy, (14)
where vy ~ IN(0,0%(1 + z}Qzy)).

In the case of Rosenberg’s return to normalcy model, the most general coefficient process

is for B; — B to follow a general first-order vector autoregressive (VAR(1)) process,
(B = B) = A(B1 — B) + ar, | (15)

where A is a p x p matrix of coefficients and a; ~ N(0,02Q). The disturbances a; and
e; are assumed independent and for (15) to be a stationary process the eigenvalues of A
must be within the unit circle. As before, A and Q are often assumed to be diagonal. The

analogous model to (5) is now (14) in which,

E(‘Ut) = 0,

Var(v) = 02(1 + z4(Q + AQA" + AZQ(A')? + )zy),

and,

Cov(ve,v,) = a2z AT (Q + AQA' + A%Q(A")? + ..)z,), for t>s.

The random walk coefficient model generalises to §; following the process,

Bt = Bi—1 + by, (16)

where f; is a p x 1 vector, b, ~ N(0,02Q), and b, is assumed independent of €;. Then (11)

can be written as,

' '
Yt = Itﬂo + z;a + vy,
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where now,

t !
‘Ut = €¢ + Ej:lmtbja

so that,
E(‘l)t) = 0,
Var(v) = o*(1 + tz3Qz4),
Cov(vt,v,) = o2 min(s, t)z), Q.

3. Testing For Varying Coefficient Models

3.1 Constant versus Hildreth-Houck Random Coefficients

The problem of testing the constant coefficient model against the single Hildreth-Houck

(1968) random coefficient model (1) and (2) can be viewed as testing the constant coefficient

model (3) for a special case of the more general form of heteroscedasticity,
Var(ve) = (1 + ogp)?,
in which,
q: = (Qt - Qmin)/(Qmaz - Qmin)-
The Hildreth-Houck model is the special case of this where d = 1, and ¢; = z}. The key
parameter in this testing problem is Ao, with.the testing problem of interest being,

Hy: X =0 against Hg: Ao >0.

The testing problem is one-sided, because ) is a ratio of variances and therefore must be

strictly non-negative.

Tests for this problem can therefore be divided into two main categories. We will first
consider general tests for additive heteroscedasticity, and then tests specifically designed
for detecting the Hildreth-Houck random coefficient model. An early test for additive
heteroscedasticity is that suggested by Goldfeld and Quandt (1965).
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Goldfeld and Quandt’s test first requires the observations to be ordered according to
the magnitude of the additive heteroscedasticity. Then c central observations are omitted,
and seperate regressions run on the first (n — ¢)/2 observations and the last (n — c)/2

observations. The test statistic is
F=SSE;/SSE,,

in which SSE; is the sum of squared residuals from the regression involving the first
(n — ¢)/2 observations and SSE, is the sum of squared residuals from the regression
involving the last (n — c)/2 observations. The statistic is distributed F((n — ¢ — 2k —
2)/2,(n— c—2k— 2)/2) under the null hypothesis and rejects the null hypothesis for large

values of the test statistic.

Szroeter (1978) suggested a test for heteroscedasticity based on the Durbin-Watson

(1950, 1951) bounds. He suggested the statistic,

7 vn 22 n o 22
d—E,-___.ld,ei/E‘ 1€

in which the observations are ordered in a manner consistent with an increasing disturbance

variance, € is the OLS residual vector from the regression (3) and,
d; = 2(1 — cos(im/n + 1)).
The test rejects the null hypothesis of homoscedasticity when
d>d4—di(n+1,k+2),

where di(n + 1,k +‘2) is the Durbin-Watson lower bound for n + 1 observations and k 4 2

regressors including the constant dummy. The test fails to reject the null hypothesis when
d<4—dy(n+1,k+2),

where d,(n + 1, k 4 2) is the Durbin-Watson upper bound for n 4 1 observations and k +2 -
regressors including the constant dummy. Otherwise the test is inconclusive. Harrison

(1980) examined the small sample properties of this test and found it to be subject to a high
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degree of inconclusiveness. As a consequence he proposed two supplementary procedures

for circumventing this problem. King (1981) tabulated tighter bounds for Szroeter’s test.

Harrison and McCabe (1979) suggested a bounds test based on the statistic

where A is a matrix with m ones on its diagonal and zeros everywhere else. Critical
values and bounds for this statistic can be derived in an identical manner to that for the

Durbin-Watson test. Harrison and McCabe found their test to have similar power to the
Goldfeld-Quandt F test.

King (1982) (also see Evans and King 1988) suggested an alternative bounds test which
is approximately locally best invariant (LBI) (see King and Hillier 1985) in testing for

additive heteroscedasticity. His test statistic is
s = (D&t = 1)/n)/Tin &,

Bounds on the critical value for the test statistic are provided by King (1982). He compared
the power of his test and the Goldfeld-Quandt F' test, and found his test to have better

small sample power properties.

A problem with the above tests is that they require the observations to be ordered
according to the heteroscedasticity. This makes them difficult to apply, a problem which
is amplified if one is dealing with multiple varying coefficients. Accordingly consideration
is now given to tests designed with specific recognition given to the problem of testing for
the Hildreth-Houck random coefficient model. An early test specifically designed for the
single parameter Hildreth-Houck model is the ¢ test introduced by Theil (1971). This test

is based on OLS residuals from (3). Working with residuals, one can write:

-2 2 2 2 2
€ = 0°my + A0 "X m§;T; + wy,

in which m;; is the (i,7)** element of the M matrix from the regression (3), i.e., In —

X(X'X)"1X', where the t'» row of X is (z},z;). This relationship can be interpreted

as a regression relationship with a disturbance term w, and, after estimation by OLS, a
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t test can be conducted on Ag. There exist three main problems with this test. First,
the properties of w; are such that generalised least squares (GLS) has to be applied,
and the GLS estimator is a function of the unknown A¢. Second, estimation is typically
unconstrained and a large number of negative estimates are obtained for Ao, a result
which is not consistent with theory given the non-negativity restriction on Ao as it is
a ratio of variances. Negative estimates of A are not unexpected with unconstrained
estimation because for case when )\g.= 0, unconstrained estimation is likely to generate
some insignificantly negative estimates. Third, the size and power properties of this test
are largely unknown. This ¢ test can be generalised to testing for multiple Hildreth-Houck
random coeficients by running a regression on z?,, z2,, thll'ough to z2, and then conducting

an F test. All of the problems are amplified in this setting.

A classic asymptotic test for this testing problem is the Lagrange multiplier (LM)

test suggested by Breusch and Pagan (1979). Their test is designed as a test for general
heteroscedasticity of the form h(1+w}é), where w; is a vector of known exogenous variables
and § is a vector of unknown parameters. The null hypothesis is § = 0. A special case is

the multiple Hildreth-Houck random coefficient model (11) and (13) in which,
Q = diag(61,...,6p), aamn

so that w} = (z},...,z},) and h(.) = ¢®(.). The LM test statistic for this problem is

calculated by forming the variable,
gt = é?/&z -1,

where & are the OLS residuals from (14) and 6% = £7,&?/n, and then regressing g; on
w; supplemented with an intercept term. The calculated value of the LM test statistic is

then half of the explained sum of squares from this regression or,
oWV W) W g2, (18)

where W is an n x (p + 1) matrix whose t** row is (1,w}). Under Hp : § = 0 this statistic

has the conventional asymptotic x? distribution with p degrees of freedom.
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Breusch and Pagan’s LM test was constructed assuming normal disturbances. Koenker
(1981) observed that its size and power can be affected by non-normality and suggested
the modified statistic,

ng W(W'W)"*W'g/g'g = nR?, (19)
where R? is the squared multiple correlation between g and W. Both Koenker (1981)

and Evans (1992) have found this modified version of the LM test to be more robust to

non-normality.

Because for our testing problem, § is a vector of ratios of variances, its elements can only
take non-negative values. Breusch and Pagan argued that the LM test is to be preferred
to the likelihood ratio (LR) Atest, because the parameters of interest (A or § from (17))
fall on the boundary of the parameter space under Hy, meaning that the LR test no longer
has its conventional asymptotic distribution. They also found that the usé of asymptotic
critical values for the LM test leads to a test which is undersized in small samples. This
result has been confirmed in simulation studies by Griffiths and Surekha (1986), Honda
(1988) and more recently Ara and King (1993). Honda suggested what appears to be a
reliable method of size correcting the test so that it has actual size closer to the nominal

level.

Ara and King have shown that this problem of lower than nominal size can be overcome
. by the use of marginal likelihoods in place of conventional likelihoods when the LM test is
constructed. In the case of testing Hy : § = 0 where § is defined by (17) in the context of
(11) and (13), let X be the n x (p + k) matrix of observations on the regressors in (13),
m=n—p—k, 52 = L1 ,&/m and m;; be the (5,7)'* element of the projection matrix

I, — X(X'X)™1X'. The marginal likelihood based LM test statistic is of the form,
s(0)'1(0)~*s(0), (20)
where s(0) is the p x 1 score vector whose i** element is,
5i(0) = T 25(E /6% —mae) /2

and I(0) is the p x p matrix with (¢,7)'* element,

m(Z o125 D1z, )/ (2m + 4) = (Sioymesy) (B masi;)/(2m + 4).
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Under Hy, (20) has an asymptotic x? distribution with p degrees of freedom.

An obvious weakness of these three forms of the LM test is that they are two-sided tests
while our testing problem is one-sided in nature because variances cannot be negative.
Clearly the one-sided information should be exploited to improve power. This is most
easily done in the single parameter case, i.e. in the context of (1) and (2). A one-sided LM
test can be constructed by taking the square root of the LM statistic (18) and giving it the
sign of the score evaluated at Hy estimates, namely the sign of £, z?g,. This also applies
to Koenker’s robust LM test statistic given by (19). The one-sided marginal likelihood
based LM test statistic corresponding to (20) is,

a”?8p 2H(E /6% — mu), (21)

where,

a = 2(m[Si_, 2} Tem wimd,] — [Dimymaz]?)/(m + 2).

In all three cases the test statistics have standard normal asymptotic distributions under

Hy and the tests reject Hy for large values of their statistics. As Ara and King note, the
one-sided LM test based on (21) is equivalent to King and Hillier’s (1985) one-sided LBI

test using the standard normal approximation to obtain critical values (see Evans and King
1985c).

Another class of tests which successfully exploit the one-sided nature of the testing
problem are point optimal tests (see King 1987a for a survey). A point optimal invariant
(POI) test for a general form of heteroscedasticity and the special case of a single Hildreth-
Houck random coefficient has been developed by Evans and King (1985a, 1988). Their test

involves rejecting Hy for small values of :
g = &I+ M) teyée

in which ¥ is a diagonal matrix with typical element g}, € is the GLS residual vector from
the estimation of (1) assuming covariance matrix (I + A;Z) and € is the OLS residual

vector.

To make the test operational, a value for A} must be chosen. Evans and King (1985&,

1988) experimented with values for Aj of 2.5, 5.0, 7.5, 10.0, with increasing Ay values
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reflecting more severe heteroscedasticity. They compared these four different versions of
the point optimal test with Goldfeld and Quandt’s F' test, the bounds tests suggested
by Szroeter (1978), Harrison and McCabe (1979) and King (1982) and Breusch and Pa-
gan'’s LM test. They found the point optimal test to have superior power properties and
advocated a choice of Aj equal to 5.0.

Evans and King (1985a) also suggested an alternative method by which a value for

A§ can be chosen. They advocated choosing A§ so that the coefficient of variation of the
variance of the residuals from (3) is 0.5. Milan (1984) extended their result to develop
a POI test for multiple Hildreth-Houck random coefficients. He then showed the power
superiority of his POI test to the bounds tests advocated by Szroeter and Harrison.and

McCabe and Breusch and Pagan’s LM test.

Brooks (1993b) proposed an alternative version of the point optimal test for the presence
of a single Hildreth-Houck random coefficient. His version of the test rejects the constant

coefficient model for small values of the statistic,
gA) = (I + \n)tejée

in which ¥ is a diagonal matrix with typical element z2, ¢ is the GLS residual vector from
the estimation of (1) assuming covariance matrix (I + As%) and ¢ is the OLS residual
vector. He suggested choosing A\§ so that the power of the test equalled some desired value
for that particular A¢ value. The basis for this suggestion was the fact that Shively (1988a,
1988b) had recommended such a choice for the A value in testing for the Rosenberg random
coefficient model and the random walk coefficient model. No power comparison has been

conducted between these different versions of the point optimal test.

An alternative form of the LM test for one-sided testing problems has recently been
suggested by King and Wu (1990). Their test statistic is based on the sum of scores. If
there are no nuisance parameters, this test is locally most mean powerful (LMMP) as it
maximises the mean slope of the power hypersurface at the null hypothesis. Just as for
the regular LM test, the information matrix can be used to construct a test statistic based

on the sum of scores which has an asymptotic standard normal distribution under Hj.
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Wu (1991) and Ara and King (1993) have investigated the application of these tests
to testing for the presence of multiple Hildreth-Houck random coefficients in the context
of (11), (13) and (17). The asymptotic LMMP test derived from the standard likelihood

function is based on rejecting Hy for large values of,
Tr19: 2,25/ (280 el — T B 1mtz/n])1/2

which has an asymptotic standard normal distribution under Hy. The corresponding
asymptotic LMMP test statistic derived from the marginal likelihood is of the form of
(21) but with z? (and z?) replaced by £f_,z% (and ZP_,z2;) wherever they appear. Wu
compared powers of the LMMPI test with the power envelope while Ara and King compared
powers of the asymptotic LMMP test with those of Breusch and Pagan’s LM test and
their marginal likelihood counterparts. In most circumstances the LMMP based tests
are more powerful than the two-sided LM tests, particularly when the squared regressors
corresponding to the coefficients under test are positively correlated. If these regressors are
uncorrelated or negatively correlated, the two-sided LM tests seem to be generally more

reliable in terms of power. Rahman and King (1993) have extended Ara and King’s study

to the problem of testing for multiple Hildreth-Houck coefficients in the presence of AR(1)

regression disturbances.

3.2 Constant versus Rosenberg Random Coefficients

In the context of testing for the presence of a single Rosenberg (1973) coefficient, the key
parameter that leads to a departure from the constant coefficient model is A;. Therefore

the problem of interest is testing,
Hy: )\ =0 against H,:A; >0.

This testing problem is one-sided because A; is a ratio of variances which by definition
must be non-negative. An interesting feature is the presence of the nuisance parameter
¢ only under the alternative hypothesis. The consequence of this is that classical large

sample tests are invalid.




An early test for this problem is the ¢ test suggested by Sunder (1980). This test is

based on OLS residuals from (5). Working with these residuals one can write:

~2 2 2¢n n
& = 0 "mu + Mo Ei=12j=1mtimtjmi$j¢ij + we,

where,
Yij = 677 /(1 = ¢%) + ¢l IITh_ 67,

in which [/ is the minimum of ¢ and j.

By choosing a value for the unknown ¢ and treating w; as a disturbance term, one
can interpret this as a regression equation and then carry out a t test on the estimate of
A1. There are four main problems with this test. The first of these is the choice of the
unknown ¢ value. Sunder provides no evidence on the sensitivity of the test to the choice
of ¢ value. The remaining difficulties are identical to those of Theil’s (1971) t test for the
Hildreth-Houck model. These are the need for GLS estimation because of the properties
of wy, the fact that the GLS estimator is a function of the unknown );, the possibility
of negative estimates of A\; and the lack of evidence on the size and power properties of
the test. As is the case with the ¢ test for the Hildreth-Houck model, the t test for the
Rosenberg model also generalises to an F' test in the case of testing for multiple varying

coefficients.

The key difficulty with this testing problem is that ¢ is not identified under Ho. To
overcome this, Watson and Engle (1985) suggested a different approach to testing. They
noted that the size of any test for this problem will be uneffected by ¢. They therefore
suggested a Davies (1977) test based on the application of Roy’s (1953) union-intersection
principle. Unfortunately for this problem there is no closed form solution to the Davies

test, so they suggested an approximation to that test.

Their approximation produces the statistic,

S(#) = (S1 + S2(9))/S3(9),

S1 = (T2t ((&/7) = 1)/2,
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S2(¢) = (Z?=2€txtzt letxtd’t_i)/f'?
S3(¢) = ((Z% 1:”: ""2:—2-"3: Dz 1 2‘?52“—,))/2 ((zt—lxt)2)/2n)1/2

and 7 is the sample correlation between z; and &. The test depends upon the unknown ¢,
which Watson and Engle choose by conducting a grid search for ¢ over the range (-1,+1)
and choosing the ¢ value that maximises S(¢). The explanation of this test is that the S

component of the statistic checks for heteroscedasticity, wﬁile_the S2($) component checks

for autocorrelation.

Watson and Engle compared their test to both the Breusch-Pagan LM test for the
Hildreth-Houck random coefficient model, and the Durbin-Watson bounds test for AR(1)
disturbances. Not surprisingly they found their test to have superior power properties to

both of these tests in detecting the Rosenberg coefficient model.

King (1987b) criticised the Watson and Engle test on the grounds that both its exact
and asymptotic distributions are unknown. King therefore suggested the use of a LBI test.
His test also turns out to be LBI against the random walk coefficient alternative. The test
statistic is given by:

s = 22:—2(2 :z:tet)z/):t_l €.

The test rejects the null hypothesis of the constant coefficient model for large values of the
test statistic. An advantage of this test is that it can be written as a ratio of quadratic
forms in normal variables. Therefore exact critical values for the statistic can be calculated

using analogous methods to those for the Durbin-Watson test.

Shively (1988a) suggested the use of a POI test for this problem, arguing that an
appropriate choice of points would produce a test which has good power over a wide range

of the parameter space. A POI test rejects Hy for small values of

T(A;, ¢1) = &(I + A1Q(¢1)) /€'

in which € is the GLS residual vector from the estimation of (1) assuming covariance matrix
(I 4+ A1(41)) and € is the OLS residual vector. o?(I + A1€(¢)) is the covariance matrix

for the return to normalcy process, and §2(¢) has a typical element of

Q(8)ss = zoz:81*~1/(1 — 62).
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To make the test operational, values must be chosen for A} and ¢;. On the basis of an
empirical power comparison, Shively recommended that one set ¢; = 0.7. He proposed
that A} be chosen so that the optimised power of the test is 0.5 against that A; value when

¢1 = 0.7. This choice of A} is denoted as A}. The point optimal test is therefore based on
T()\},0.7).

Shively conducted a Monte Carlo power comparison of his test and those suggested by
Watson and Engle and King. The difficulty in making such a comparison is that for the
Watson and Engle test its exact and asymptotic distributions are unknown. Therefore
“Shively derived a small sample equivalent of the Watson and Engle test for which ap-
proximate .small sample critical values can be found. Including this version of the Watson
and Engle test in his Monte Carlo power comparison, he found that for all three regressor
sets he considered, his POI test is always superior to King’s LBI test. His test is also
nearly always superior to the small sample equivalent version of Watson and Engle’s test.
From this, one concludes that on the basis of power considerations, Shively’s POI test is
to be preferred when testing the constant coefficient model against the alternative of the

presence of a single return to normalcy random regression coefficient.

Brooks (1993a) suggested a modification to Shively’s POI test by advocating a different
mechanism for choosing a value for the nuisance parameter ¢;. Instead of an arbitrary
choice of ¢; = 0.7, he advocated choosing ¢, to maximise the average power of the POI
test over a grid of ¢ points. After experimenting with a variety of different grids he found

that a power gain over the arbitrary choice could be obtained by this method.

King and Shively (1993) have suggested that the problem associated with the fact that

$ cannot be identified under the null hypothesis can be overcome by reparameterisation.
They reparameterised the testing problem in terms of polar co-ordinates leading to a one-
sided multiparameter testing problem in terms of the length of a vector (the A component)
and the angle that vector makes with the horizontal axis (the ¢ component). They solved
this reparameterised testing problem by the application of King and Wu’s (1990) LMMPI
test. Their suggested test was found to have mildly superior power properties relative to
the Watson and Engle test, but they did not investigate their test’s properties relative to
the point optimal test, which does not have a problem with ¢ being unidentified when the
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null hypothesis is true.

3.3 Constant versus Other Forms of Varying Coefficients

There is also a wide literature on testing the constant coefficient model against other
forms of varying coefficient model. In cases where the point optimal test has been consid-

ered it has usually been found to have superior power properties to alternative tests.

In the context of testing the constant coefficient model against the random walk coef-
ficient alternative, classical asymptotic tests have been proposed by Garbade (1977) and
Pagan and Tanaka (1979). Garbade proposed the use of the LR test for this problem. De-
spite noting the fact that the distribution of the test statistic is not the usual asymptotic
x? distribution, because the null hypothesis of constant coefficients falls on the boundary
of the parameter space, he preferred this test in a power comparison over the CUSUM
and CUSUMSQ tests suggested by Brown, Durbin and Evans (1975). Pagan and Tanaka
criticised Garbade’s advocacy of the LR test because of the problems with its null dis-
tribution. They advocated the LM test because its null distribution is the conventional
asymptotic x? distribution. They then conducted an empirical power comparison between
the LM and LR tests, and found the LM test to have superior power properties close to
the null hypothesis, and the LR test to have superior power properties further from the
null hypothesis. Tanaka (1983) has considered the LM test in the context of testing for
the presence of a single random walk coefficient and derived an asymptotically standard

normal one-sided version of the LM test.

Sunder (1980) proposed a t test for this problem similar to the ¢ test he proposed for
the Rosenberg case and the ¢ test proposed by Theil (1971) for the Hildreth-Houck case.

The test is again based on a secondary regression invélving OLS residuals of the form:

~2 2 2 e .
& = o’my + Ao’ ST jmymyjzic; min(i, j) + we,

where the notation is identical to that used for the ¢ tests discussed in the case of the

Hildreth-Houck and Rosenberg models. The test is carried out by running a regression of

this form and then carrying out a ¢ test on the estimate of A.
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The problems with this test are the same as in the cases of the Hildreth-Houck and
Rosenberg models. The properties of w; are such that the regression needs to be estimated
by GLS, but the GLS estimator is a function of the unknown A. Estimation is typically
unconstrained so again there is no guarantee of a non-negative A estimate. The test also

generalises to the case of multiple varying coefficients.

LaMotte and McWhorter (1978) proposed an exact F test for the presence of multiple
random walk regression coefficients, which includes the testing problem of a single random
walk regression coefficient as a special case. In their context of (11) and (16) their test is
as follows. Let V be the matrix whose (,j)** element is,

Vij = min(i, )ei;,

where Q is assumed diagonal. Let X be the n x (p + k) matrix of observations on the
regressors in (13), m = n — p — k and let P be an m X n matrix such that P'P = I);, and
PP' =1, - X(X'X)"'X'. Suppose q1,...,ga are the distinct eigenvalues for P'V P with
multiplicities ry, ..., 74, respectively. Corresponding to g;, let H; be an m xr; matrix whose

columns are orthonormal eigenvectors of P'V P and define,
Q: =y PH;H{P'y'.
LaMotte and McWhorter’s test statistic is given by,
Fy = (Sy/ng)/((SSE - 5)/(m — ng)),

where, SSE is the sum of squared residuals from an OLS regression of (14),

Sg = E?:lQi’

in which ¢ is an integer such that 0 < g < d, and,

g

ng = Xi_;Ti.

The statistic Fy is distributed F(ng,m — ny) under Ho. To make the test operational, a
value for g has to be chosen. This value of g will have no effect on the size of the test but

will effect the power. LaMotte and McWhorter suggested that g be chosen to minimise

st = ((n92?=g+1riQi)/((m - ng)Zf__:lriq,-))la,
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where, ¢; are the eigenvalues of the covariance matrix of the residuals under the alternative

hypothesis, and [, is the (1 — a)100 percentile of the F(ny,m — ny) distribution.

LaMotte and McWhorter (1979) presented an empirical power comparison between
their F, test, Garbade’s LR test and the Brown, Durbin and Evans CUSUM test. They
found that for all points considered, the Fy test has superior power properties to the LR and
CUSUM tests. LaMotte and McWhorter and Simonds, LaMotte and McWhorter (1986)
compared the power of the Fy test and Sunder’s t test. Both studies found that close to
the null hypothesis of constant coefficients, the ¢ test has better power properties than
the Fy test, a finding both studies attributed to the ¢ test being oversized. Further away
from the null hypothesis both studies found the F; test to have superior power properties

relative to the t test.

Nyblom and Makelainen (1983) proposed the use of an LBI test for the problem of
testing for a single random walk coefficient. As King (1987b) has shown, this test is
equivalent to the LBI test for the Rosenberg model. In the case of normally distributed
errors small sample critical values for this test can be found exactly as the test can be
written as a ratio of quadratic forms in normal variables. The asymptotic distribution of
this test statistic has been derived by Nyblom and Makelainen, Nabeya and Tanaka (1988)
and Leybourne and McCabe (1989a). The usefulness of these results is that asymptotically
. the same critical values hold for almost any parent distribtuion which meets the regularity

conditions.

Nyblom and Makelainen compared the power performance of their LBI test and the
Fy test vsuggested by LaMotte and McWhorter (1978). They found that close to the null
hypothesis of a constant coefficient model that the LBI test has superior power properties,
but that further away from the null hypothesis, the Fy test has superior power properties.
Nyblom (1989) and Jandhyala and MacNeill (1992) have also suggested the use of the LBI

test as a test for a structural break point. Interpreting the test in this manner, they found it

has good power when a structural break occurs at either end of the sample but not when

the structural break occurs in the middle of the sample. The Nyblom and Makelainen
version of the LBI test is conditional on the starting value for §; being fixed. Leybourne
and McCabe (1989b) have derived the LBI test for the case where the starting value for
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Bt is a normally distributed random variable.

Leybourne and McCabe (1992) have also derived score-based tests of constant param-
eters in nonlinear regression models against the alternative that the parameters follow a
- random walk vector process. In McCabe and Leybourne (1993), they constructed and eval-
uated score-based tests against Hildreth-Houck parameter processes in nonlinear regression

models.

Shively (1988b) suggested the use of a POI test for a random walk coefficient in the
linear regression model, arguing that an appropriate choice of point would produce a test
which has good power over a wide range of the parameter space. A POI test rejects Hyp

for small values of

T(A*) = (I + A*A)~1¢/é'e

in which é is the GLS residual vector from the estimation of (1) assuming covariance matrix
(I + A*A) and ¢ is the OLS residual vector. o?(I + AA) is the covariance matrix for the

random walk coefficient model. The AA component has a typical element of
AAst = x%At, t = S,

and,

AA,: = /\At, = Igm,/\t, t<s.

To make the test operational, a value for A\* must be chosen. Shively recommended that

A* be chosen so that the power of the test against that specific A value is 0.5. He found the
point optimal test to have superior power properties relative to LaMotte and McWhorter’s
F, test and Nyblom and Makelainen’s LBI test for the three regressor sets in his empirical

power comparison.

Kingb and Shively (1993) have considered the problem of testing for multiple random
walk coefficients. They tackled this problem in a manner analogous to their solution of

the problem of testing for Rosenberg coefficient variation.

In the context of the ARIMA(1,1,0) coefficient model, Shively (1988a) attempted to

derive an approximate Davies (1977) test, but found the process too computationally
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burdensome, and so no further consideration was given to that test. Shively derived an
LBI test for this model but did not consider its empirical power properties. He also derived
the POI test which in this context involves rejecting the null hypothesis for small values
of, |

T, u*) =&+ A" (p™))Te/ee

in which & is the GLS residual vector from the estimation of (1) assuming covariance matrix
(I + A*Y(p*)) and é is the OLS residual vector. o?(I 4+ AY(p)) is the covariance matrix
for the ARIMA(1,1,0) coefficient model. The YT(x) component has a typical element of

T(u)st = x,mtcov(2;3=l7;23-=}7j),

where,
Tt = ,Bt - ﬂt-l-

The POI test was then compared to the power envelope and Shively found that, except

for the case of large negative u values, the POI test’s power is always close to the power

envelope.

In the context of the ARMA(1,1) coefficient model, both Ohlson and Rosenberg (1982)
and Collins, Ledolter and Rayburn (1987) have advocated the use of the LR test. At
present there exist no alternatives to this classical large sample test for this problem.

Further, the small sample performance of this test remains uninvestigated.

In general, when testing for the constant coefficient model against a particular varying
coefficient alternative, it would appear that point optimal testing is the best strategy. The
key issues in the application of point optimal testing are the methods to be used to select
the points for use in the test, and the robustness of such tests to departures from the ideal

settings for which they have been designed. These are discussed in Section 4.

3.4 Testing for a Structural Break Point

While parametric varying coefficient models frequently have a solid economic rationale,
a large number of applied researchers have tested for coefficient variation by testing for

- a structural break point. Therefore, this section considers the main tests for a structural
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break point which have been used in the empirical finance literature that is discussed in

Section 5.

An early test for a structural break point is the LR test suggested by Quandt (1960).
This test is based on

L=2si6""/5",

in which &, is the estimate of the standard deviation for the model up to and including
period i and & is the estimate of the standard deviation of the model from period i +1
onwards. Choosing ¢ to minimise L is used to detect the observation at which the break
point occurred. The problem with this test statistic is that —2log L does not have the
conventional asymptotic x? distribution under the null hypothesis. Quandt confirmed
this empirically. For details of the actual distribution theory in this case, see Kim and

Siegmund (1989) and Andrews (1993).

Chow (1960) suggested the use of an F test. Assuming the sample can be split into

two sub-periods, one up to the structural break and one after the structural break, the F'

test is given by,
F=(ni+n;—-2(k+ 1)) (SSE — (SSE: + SSEz))/((k + 1)(SSE, + SSE,)),

in which the subscript 1 refers to the period before the structural break, and the subscript
2 refers to the period after the structural break. The key problem with the application
of this test is knowing where a potential structural break occurs to be able to split the

sample.

Farley and Hinich (1970) considered a special case of Quandt’s LR test. They assumed
that the possible shift point is uniformly distributed over the sample and derived the
LR test in this context. They found the test to have good power properties where the
structural break occurs near the middle of the sample but to perform poorly when the
structural break occurs at either end of the sample. Fgrley, Hinich and McGuire (1975)
have investigated the relative power properties of the Quandt LR, Chow and Farley and
Hinich tests. In their comparison they applied the Chow test by assuming the break point

was in the middle of the sample. In terms of the power of the tests when the true break
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point was in the middle of the sample, they found the Chow test to perform best followed
by the Farley and Hinich test and the Quandt test. When the true break point occurred

elsewhere in the sample they found the Farley and Hinich test to perform best followed by

the Chow test and the Quandt test.

Ashley (1984) generalised Chow’s test to the case where there are multiple structural
breaks in the sample. In the context of a regression, this requires a series of dummy
variables which become active every time there is a structural break. "Ashley called his
test the stabilogram test. The problem with this test is the determination of the number
of structural breaks in the sample. Ashley compared the power of two different versions of
the stabilogram test to Chow’s F test, the Brown, Durbin and Evans (1975) CUSUM test
and Garbade’s (1977) LR test for the random walk coefficient model. For the case of 3
following a random walk coefficient model or the Rosenberg return to normalcy model, he
found Garbade’s LR test to perform best, followed by the stabilogram test, with the other
two tests performing relatively poorly. For the case of a discrete jump in 3, the stabilogram
test and the Chow F test performed best. On the basis of this, Ashley recommended the

use of the stabilogram test.

To detect the timing of a structural break point, Brown, Durbin and Evans (1975)
advocated the use of the CUSUM and CUSUMSQ tests. Both of these tests are based on

recursive residuals which can be defined in the context of (3) as:
er = (ye — X{Bem1)/(1 + Xy(X{ oy Xemr) T X0)2,

in which, X; = (2}, z.)", B = («', )" and B, is the OLS estimate of B based on the first
t — 1 observations. The CUSUM is defined as:

W, = (1/5')Etr=k+2et_

which can be plotted over time. If a structural break occurs in the sample, then this plot
should be significantly different from the expected theoretical plot under the hypothesis of
no structural break. To determine whether the plot is significantly different, significance
lines can be added to the plot, and when the CUSUM crosses either of these lines that is
evidence of a structural break at or before that point. The exact positioning of the lines

is dependent on the level at which the researcher wishes to conduct the test.
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An alternative test is the CUSUMSQ test which is based on the quantities

X 2 n 2
Sr - 2t=k+26t/2t=k+2et‘

As was the case with the CUSUM, these quantities can be plotted as a function of time, r,
along with associated significance lines. Once the CUSUMSQ crosses either of these lines

it is evidence of a structural break having occurred at or before that point.

The CUSUMSQ procedure was extended to the case of OLS residuals by McCabe and
Harrison (1980). Given that their approach is based on OLS residuals, exact significance
lines cannot be found and therefore bounds for such lines are provided. They found the
CUSUMSQ test based on recursive residuals to have superior power properties to their
test based on OLS residuals. The CUSUM procedure was extended to the case of OLS
residuals by Ploberger and Kramer (1992). They found the power of the CUSUM test
based on recursive residuals and that based on OLS residuals to be similar, except for
late in the sample when the test based on OLS residuals is found to have superior power
properties. McCabe (1988) suggests an exact finite sample procedure which maximises
the probability of finding a change point if it exists. McCabe’s procedure is based on
the maximum of weighted CUSUMS of OLS residuals, and shows the incompatibility of

CUSUMS and recursive residuals in this context.

The problem of testing for a structural break point of unknown timing has been in-
tensely researched in the recent econometric literature. For instance the problem has been
considered by Andrews (1993), Andrews and Ploberger (1994), and Hansen (1991a, 1991b,
1991c). Interestingly, the problem of testing for a structural break point is similar to that
of testing for the presence of a Rosenberg coeflicient, in that it produces a testing problem
in which there is a nuisance parameter present only under the alternative hypothesis. Ac-
cordingly the reparameterisation approach used by King and Shively (1993) in testing for
the presence of a return to normalcy regression coefficient can be adapted to the problem
of testing for a sﬁrucfura.l break point. This suggestion has been followed up by Tan and
King (1992) and Tan (1994).

A more conventional solution to this problem of a nuisance parameter present only

under the alternative is to construct test statistics (such as LR, Wald or LM test statis-
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tics) assuming the troublesome nuisance parameter is known. Then the test statistic is
maximised with respect to this parameter which in our case is the timing of the structural
break. This method of test construction may be justified by Roy’s (1953) Type 1 principle
or its generalisation known as the union-intersection principle (see Roy, Gnanadesikan and
Srivastava, (1971), pp. 36-46). The main difficulty with this as a test statistic is in finding
its null distribution. Davies (1977, 1987) provides some help but the main thrust has come
through the work of Andrews (1993) and Hansen (1991a, 1991b, 1991c). In particular
Andrews found that the asymptotic null distribution of the maximised test statistics in
the case of LR, Wald and LM tests are given by the supremum of a standardised tied-down
Bessel process whose order is at least one. Related papers which also look at the small-
sample properties of these tests include Andrews and Ploberger (1994) and Andrews, Lee
and Ploberger (1994).

3.5 Testing for the Form of Coefficient Variation

As Section 2 has shown, there exist in the literature a large number of possible varying
coefficient models. Therefore a researcher having rejected the constant coefficient model in
the direction of a particular departure is faced with the problem of which varying coefficient
model to choose. This problem is non-trivial given that tests aimed at detecting a particular
_ varying coefficient departure are likely to have reasonable power at detecting other varying
coefficient departures from the constant coefficient model. Just as the Durbin-Watson test
can have good power against many different autocorrelated error processes (see King and

Evans (1988) and Kariya (1988)), so too do tests for the presence of a particular varying

coefficient model have good power against other varying coefficient models. Furthermore,

King’s (1987b) test is known to be LBI against both the Rosenberg coefficient alternative
and the random walk coefficient alternative. In addition, Brooks (1993b) found that POI
tests designed for the Hildreth-Houck model and Rosenberg model respectively have good

power in detecting the other model.

In choosing a varying coefficient model in an economic context, a researcher is likely
to be guided by economic theory, which may restrict attention to a limited subset of

varying coefficient models, say those with mean reversion properties. Despite this, tests
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are still needed to discriminate between the particular alternatives in this restricted subset.

However the econometric literature contains few tests designed for such a problem.

The key exceptions are the market model papers by Bos and Newbold (1984) who
considered testing the Hildreth-Houck against the Rosenberg model, and Collins, Ledolter
and Rayburn (1987) who considered testing the Hildreth-Houck model against the special
case ARMA(1,1) model suggested by Ohlson and Rosenberg (1982). Both these studies
apply classical Wald and LR tests to this problem, but conjectured that they lack power

in finite samples.

Brooks and King (1994) have considered this problem and designed an approximateiy
POI (APOI) test for the null hypothesis of the Hildreth-Houck model with the alternative
model being the Rosenberg model. Their test rejects the null hypothesis for small values

of the statistic,

(A5, A5, 61) = @ (L + A1 Q1)) e/ (In + AgE) e

where ¢ and ¢ are the GLS residual vectors from the estimation of (1) assuming covariance

‘matrices I, + A]Q(¢1) and In + /\32, respectively.

Brooks and King found that the size properties of the APOI tests are superior to the
size properties of the asymptotically valid Wald and LR tests. For cases where the tests had
similar sizes the APOI tests were found to have better power properties. The APOI tests
are made operational by a choice of A\j, A} and ¢; values. On the basis of an empirical
power comparison they recommended choosing Aj in an optimal manner to control the
size properties of the test. They recommended that A} and ¢; be arbitrarily chosen at

mid-range values.

An interesting feature of testing for the form of coefficient variation is that typically such
a test will only be carried out after an initial test gives rise to rejection of the constant
coefficient model. Therefore testing for the form of coefficient variation is likely to be
done in a pre-testing context. This is likely to have consequences for model selection,
estimation, hypothesis testing and forecasting using varying coefficient models. Brooks

(1993c) analysed the performance of a strategy using the Brooks (1993a) POI test and
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the Brooks and King APOI test in selecting between the constant coefficient model, the
Hildreth-Houck random coefficient model and the Rosenberg model. He found that in the

majority of cases the correct model was selected.

4. Point Optimal Testing

As Section 3 has shown, where point optimal tests have been developed for testing
for particular varying coefficient models, they generally have superior power properties
relative to other tests in the literature. This has been demonstrated for the Hildreth-
Houck (1968) random coefficient case by Evans and King (1985a, 1988) and Milan (1984),
for the Rosenberg (1973) return to normalcy coefficient case by Shively (1988a) and for the
random walk coefficient case by Shively (1988b). Further in the related area of testing in
structural time series models, Franzini and Harvey (1983) and Nyblom (1986) have found
 POI tests perform well. Given this, it is worthwhile to briefly review the literature on

point optimal testing, noting that a detailed survey is provided by King (1987a).

Applications of point optimal testing have typically focused on testing the disturbance
covariance matrix of a linear regression model. By invariance arguments, most test statis-
tics for these problems reject the relevant null hypothesis for small values of the test
statistic,

_ =1~ yal—12
s=¢€TT E/ET ¢,

in which € is the GLS residual vector from the estimation of (1) assuming a particular
covariance matrix denoted by T'; and é is the GLS residual vector assuming covariance
matrix Iy. In many cases the null hypothesis is of well behaved disturbances, so I'g is an
identity matrix making é the OLS residual vector. The issue of the calculation of critical

values and significance levels for such test statistics is discussed in the appendix.

In most applications T'; will depend upon some unknown parameters, the exact pa-
rameters and structure of I'; depending on the relevant testing problem. The problem in
making the point optimal test operational is the choice of values for these unknown param-
eters. Given the choice of parameters, the test will be most powerful invariant for testing
the null hypothesis that 2T is the covariance matrix against the alternative hypothesis

that 02T is the covariance matrix when I'; is determined by the chosen parameter values.
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It is anticipated that with well chosen parameter values the test will have good power over

a wide range of the parameter space.

For the problem of testing for an AR(1) disturbance process, King (1985a) recom-
mended that the unknown parameter of interest be set to a representative middle range
value. King (1984) in testing for a simple AR(4) process, and Evans and King (1985b)
generalising to higher order simple AR disturbance processes, also make a similar recom-
mendation. King (1983) considering an MA(1) disturbance process also recommended a
representative choice of parameter value. As noted earlier, Evans and King (1985a, 1988)
also make this recommendation in testing for additive heteroscedasticity and the special

case of the. Hildreth-Houck random coefficient model.

An alternative to the above arbitrary middle range choice of parameter values is to
choose the parameters with respect to some optimality criteria. King (1985b) extended
his work on testing for MA(1) disturbances to a case where the value of the unknown
parameter is chosen to make the power of the test some designated value for that choice of
parameter. Brooks (1993b) advocated a similar procedure when testing for the Hildreth-
Houck random coefficient model. Shively (1988a) used this approach when testing for the
Rosenberg return to normalcy coefficient model and the ARIMA(1,1,0) model and Shively
(1988b) also used this strategy when testing for the random walk coefficient model. Brooks
(1993a) extended Shively’s (1988a) work on testing for the Rosenberg model recommending
that both the parameter of interest and nuisance parameters be chosen to give the test
desired power properties. Milan (1984) advocated a choice of parameter value based on
the coefficient of variation of the implied disturbance variances for the case of the Hildreth-

Houck random coefficient model.

All of the testing problems considered above are cases where the null model is a linear
regression model giving an identity matrix for I'g. It is worthwhile considering cases where

the null model has a disturbance process that is not so well behaved. King (1989) consid-

ered the problem of testing for AR(4) disturbances in the presence of AR(1) disturbances.

He found that a point optimal test could not be constructed because of the presence of a
nuisance parameter under the null hypothesis. However he was able to find an approxi- -

mately point optimal invariant test for this problem. The resultant test is approximately
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point optimal because a modification of the distribution under the null hypothesis pro-
duces a test which is point optimal. He recommended that all values of test parameters
be chosen by optimality criteria associated with power. Silvapulle and King (1991) found
a similar result when applying an approximately point optimal invariant test to the non-

nested problem of testing MA(1) disturbances against AR(1) disturbances. Brooks and

King (1994) also found a similar result when testing the Hildreth-Houck random coefficient

model against the Rosenberg random coefficient . model.

Accordingly, an important but unresolved issue in the point optimal testing literature is
the choice of values for the parameters required to make the tests operational. Another im-
portant issue is the robustness of point optimal tests to departures from the ideal situations
for which they are designed. In particular, point optimal testing relies upon the normality
of disturbances. There is a literature suggesting that certain economic time series, particu-
larly financial data, are better characterised by non-normal distributions. Evidence for the
stock market is provided by Fama (1965), Teichmoeller (1971), Fielitz and Smith (1972),
Praetz (1972), Officer (1972), Blattberg and Gonedes (1974), Osborn (1974), Praetz and
Wilson (1978) and Harris (1987). Evidence for the foreign exchange market is documented
in Westerfield (1977), Boothe and Glassman (1987), Hsieh (1988), Baillie and Bollerslev
(1989), Engle and Gonzalez-Rivera (1991) and Lye and Martin (1994). Evidence for futures
markets is contained in Clark (1973) and Rainbow and Praetz (1986). The robustness of
point optimal tests to non-normality has not been widely investigated. The key study is
Evans (1992) who examined the robustness properties of the size of point optimal tests
for autocorrelation and heteroscedasticity to non-normality. She found that the size of
the point optimal tests for both AR(1) disturbances and AR(4) disturbances are robust
to departures from normality. However point optimal tests for heteroscedasticity while ro-
bust to skewness were found to have their size effected by kurtosis. Because most varying
coefficient models are special cases of heteroscedasticity, the robustness properties of point

optimal tests for such varying coefficient models are of interest.

Brooks (1993b) studied the robustness of the POI test for the Rosenberg random co-
efficient model. He found a similar result to Evans, in that, the size and power properties

of the test were not effected by skewness but were effected by kurtosis. The effects of

32




increasing kurtosis was to make the test oversized and to reduce the power of the test for
mid-range parameter values. Brooks and King (1994) analysed the robustness of the APOI
test for testing the Hildreth-Houck model against the Rosenberg model. They found their

APOI test to be remarkably robust to non-normality. This is consistent with the findings

of Evans on tests for autocorrelation, as the APOI test is testing the autocorrelation pa-
rameter in that problem. Rahman (1993) investigated the robustness of two APOI tests
for multiple Hildreth-Houck coefficients in the presence of autocorrelation and compared
their performance with those of the LM test and the asymptotic LMMP (ALMMP) test.
He concluded that in terms of size the APOI and ALMMP tests are rather robust. The

power results confirmed that all tests performed adequately under nonnormality.

5. Applications of Varying Coefficient Models

5.1 Market Model Applications

Consider the market model,
Rit = a; + BiRm¢ + €it, (22)

in which R;; is the return on asset i, Rm: is the return on the market portfolio, €;; is

assumed to be distributed IN(0,0?) and a; and f; are unknown asset specific parameters.

The key parameter to be estimated in (22) is §8;, which measures the systematic risk of
holding asset ¢. In the context of the capital asset pricing model (CAPM), this is the key
risk measure as all other risk can be diversified away through holding the market portfolio.
The traditional approach to estimation of the market model assumes §; is constant over
time thus allowing the application of OLS to (22). Despite this, recent literature has
suggested that B; may in fact be time varying. This would invalidate the application of

OLS to (22), and help to provide evidence as to the risk profile of assets over time.

While it would be appealing to derive the time variation in systematic risk directly
along with the derivation of the market model, this is typically not the approach taken in
the literature. Such literature has generally attempted to overcome supposed deficiencies

in the derivation of the market model.




A number of authors have argued that time variation may be due to microeconomic
factors at the level of the firm. Fabozzi and Francis (1978) suggested the reasons of al-
terations to the product mix or changes in leverage or dividend policy as giving rise to
time variation in systematic risk. Bos and Newbold (1984) claimed that changes in the
operational structure of the firm may be the cause of time variation in systematic risk.
Dielman and Nantell (1982) argued that the key operational change is likely to be merger
activity. Turnbull (1977) identified maturity and growth of the firm as important deter-
minants of systematic risk. Therefore, as the firm matures and its growth rate fluctuates
through time, then so too may its 3 risk change. Time variation in systematic risk due to
microeconomic factors is alsp consistent with some of the arguments provided by Blume
(1975). For example, he suggested that when firms engage in any project which is risky,

the risk of the project may tend to be less extreme over time.

Alternatively, macroeconomic factors may lead to time variation in the systematic risk.
Both Fabozzi and Francis and Bos and Newbold claim that business cycle factors such as
inflation and unemployment may account for the time variation in systematic risk. Another

possibility is to attribute time variation in systematic risk to the behaviour of portfolio

managers as is done by Alexander, Benson and Eger (1982).

Other authors have suggested that it is the unrealistic nature of some of the assump-
_ tions underlying the market model which gives rise to time variation in systematic risk.
Fabozzi, Francis and Lee (1982) argued that the assumption underlying the CAPM of
no capital market imperféctions is unrealistic, and that the presence of such imperfections
may lead to time variation in systematic risk. -Fabozzi, Francis and Lee also questioned the
CAPM assumption of a distribution of asset returns which is normal. Any non-normality
in this distribution they claimed could also lead to time variation in systematic risk. The
final criticism they made of CAPM is in the difficulties in accurately measuring the mar-
ket portfolio. The impossibility of obtaining data on some components particularly the
human capital component, may also produce time variation in systematic risk according

to Fabozzi, Francis and Lee.

Despite the desirability of actually modelling the factors that lead to time variation of

systematic risk, these factors are typically unobservable and so cannot be directly analysed.
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Accordingly, most authors have modelled the time variation in systematic risk with simple

parametric models.

A number of authors have suggested that 8 be modelled by the Hildreth-Houck (1968)
random coefficient model. Fabozzi and Francis (1978) and Fabozzi, Francis and Lee (1982)
have tested for this model using data for the New York Stock Exchange (NYSE), while
Francis and Fabozzi (1980) tested for this alternative using mutual funds data. In all of
these papers, evidence was found in favour of this alternative. The test used in these
papers to detect the random coefficient model is Theil’s (1971) ¢ test from a secondary
regression. The use of such a simplistic test procedure may cast doubt on the reliability of
such results. In fact, Alexander and Benson (1982) claimed that the above results overstate
the case for f following the Hildreth-Houck random coefficient model due to inefficiencies

in the ¢ test procedure.

Another possibility is to consider a more general alternative. Such an alternative is
Rosenberg’s (1973) AR(1) or return to normalcy coefficient model. This alternative has
been suggested by Bos and Newbold (1984) for NYSE data and Faff, Lee and Fry (1992)
for Australian data. Bos and Newbold made use of Watson and Engle’s (1985) test and
found evidence of 3 variation. Faff, Lee and Fry made use of a Burr (1942) approximation
to the distribution of King’s (1987b) LBI test for this problem. Both of these studies found
evidence in favour of 3 variation. Brooks, Faff and Lee (1992, 1994) have corroborated the
finding of Faff, Lee and Fry using Brooks’ (1993a) POI test. Despite the fact that the POI
test is known to have superior power properties relative to the LBI test, the results across

these studies are almost identical.

Other authors have proposed some of the other possible varying coefficient models for
B. Sunder (1980), Garbade and Rentzler (1981), Alexander, Benson and Eger (1982) and
Simonds, La Motte and McWhorter (1986) proposed a random walk coefficient model as
most appropriate. Sunder used a ¢ test from a secondary regression and found evidence
in favour of § variation for NYSE data. Garbade and Rentzler used Garbade’s (1977) LR

test for the random walk coefficient model and also found evidence of 8 variation for NYSE

data. Alexander, Benson and Eger tested for § variation in mutual funds data using both

LaMotte and McWhorter’s (1978) F, test and Sunder’s ¢ test. Simonds, LaMotte and
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McWhorter (1986) used LaMotte and McWhorter’s Fy test and found a greater degree of
evidence of B non-constancy in NYSE data than Sunder had found.

These results are of interest because if 3 does follow the random walk coefficient model,
then it has no mean reversion property. This is inconsistent with finance theory notions of
market efficiency and suggestions of the existence of some mean value for systemafic risk,
such as Blume’s (1975) notion of the existence of a graﬂd mean for 8. However it does
appear that tests for one form of coefficient variation, have power against other forms of
coefficient variation. Therefore, these results are perfectly consistent with another model,

probably with mean reversion tendencies providing the model for § variation.

Ohlson and Rosenberg (1982) attempted to generalise the AR(1) model for 3 by -con-

sidering an AR(2) process for A. They found no evidence to support extending the AR(1)
model in this manner. A more successful general alternative for f§ variation considered
is the ARMA(1,1) model suggested by Ohlson and Rosenberg and Collins, Ledolter and
Rayburn (1987). These studies tested for this alternative with NYSE data using the LR

test and found evidence of § variation.

Given the existence of a number of alternative models for # variation the obvious
question is which model is the best. This issue has only received attention for US markets
in the.papers by Bos and Newbold (1984) and Collins, Ledolter and Rayburn (1987), and
for Australian markets in Brooks, Faff and Lee (1992, 1994). The findings of these studies
are mixed; Bos and Newbold found in favour of purely random variation in f (such as
the Hildreth-Houck model), while Collins, Ledolter and Rayburn found some evidence in
favour of sequential variation models for 3 (such as the ARMA(1,1) coefficient model). For
Australian data, Brooks, Faff and Lee have corroborated the Bos and Newbold finding.
This is of significance given that the APOI test used in the Australian studies is known to

have superior power properties relative to the asymptotic tests used in the US studies.

5.2 Forward Pricing Applications

Futures markets perform a variety of functions including risk transference, information

processing and forward pricing. The performance of the forward pricing function of futures
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markets is necessary for forward contract negotiations and the hedging decisions of agents.
The historical development of the forward priéing function is due to Working (1942, 1949).
The performance of the forward pricing function gives rise to the property that the futures
price should be an unbiased predictor of the future spot price. For this to be true, futures

prices must fully reflect all relevant information and the following conditions must hold:
(1) Feekr = E(St|®e-s),
(2) St = E(S¢|®t—k) + €

and are sgfﬁcient to imply
(3) St = Fi—kt + €,

in which Fi_k . is the futures price formed at time ¢ — k for delivery at time ¢, S; is the
spot price at time ¢, E(Sy|®:—k) is the expectation of the spot price conditional on the set
of publicly available information at time ¢ — k, i.e., ®¢—k, and €; represents shocks to the

economy which are assumed to be distributed IN(0,02).

Proposition (1) states that the futures price is an expectation of the future spot price.
Proposition (2) is a statement that the expectations of agents are rational. Together these
two propositions imply (3) which is that the futures price is an unbiased predictor of the

future spot price.

Given this relationship, the testing of the unbiased prediction hypothesis is commonly

carried out by forming the OLS regression equation of the form:
St =a+ BFi—ke + e, (23)

in which @ and 3 are unknown constant parameters and ¢; is assumed to be distributed

IN(0,0?). The unbiased prediction hypothesis is tested by testing:

Ho:B=1 against Hg:[8#1.

An early example of this approach is that of Tomek and Gray (1970), and the literature

on this approach is surveyed in Goss (1986). However there may be valid reasons why a
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" constant coefficient model is inappropriate in this context. In the closely related literature
on testing the efficiency of forward foreign exchange markets, Chiang (1988) and Barnhart
and Szakmary (1991) have found evidence in favour of varying coefficient models. Further
notions such as agents engaging in learning processes as they move towards equilibrium
are likely to produce varying coefficient models. Such an idea is that of asymptotically
rational expectations introduced by Stein (1986) in the case of commodity futures markets

and then extended by Stein (1992) to the case of financial futures markets.

Both Chiang and Barﬁhart and Szakmary tested the efficiency of the forward for-

eign exchange market. Chiang considered the following exchange rates - USA/France,
USA/Canada, USA/W. Germany and USA /UK. Barnhart and Szakmary considered all of
these except for the USA /France case, but added the USA/Japan exchange rate to their

analysis. In both studies the authors make use of one month forward contracts.

Chiang conducted a series of tests on the stability of 4 in (23). He used Quandt’s (1960)
LR test to identify the likely break point and then assuming that is the break point used
Chow’s (1960) F test. The Brown, Durbin and Evans (1975) CUSUMSQ test was also
used to provide evidence of where a likely break point occurs. The combination of these
tests suggested time variation in the coefficients. To determine whether the form of time
variation is a single break point or better modelled by a stochastic coefficient model, Chiang
ran a series of rolling regressions, and then attempted to identify an ARIMA model for the
estimated rolling regression coefficients. He found a degree of persistence in the coefficients
and an apparent absence of mean reversion properties when fitting ARIMA models to the
estimated coefficients from the rolling regressions. His fitted models typically have a simple
structure depending purely on relatively distant lags of greater than three months. This
absence of mean reversion properties is unusual given the strong theoretical restriction
to be tested on the mean of 5. It may be a reflection of the fact that typically forward
foreign exchange markets do not produce results consistent with the unbiased prediction
hypothesis. This evidence on the failure of forward foreign exchange markets to satisfy the
unbiased prediction hypothesis has been surveyed in Hodrick (1987) and Goodhart (1988).

Recent Australian evidence supporting this proposition is provided by Smith and Gruen

(1989).




Barnhart and Szakmary also conducted a series of tests for parameter stability. They
made use of both Quandt’s LR test and its extension by Farley and Hinich (1970) as well
as Chow’s F test and its extension by Ashley (1984). The combination of these tests also

found evidence of parameter variation.

It is of interest to see if these results for forward foreign exchange markets carry across

to futures markets. Brooks (1993d) has considered this problem for Australian financial
futures by restricting the possible set of varying coefficient models to the Hildreth-Houck
or the Rosenberg model in futures markets. Both of these models are parsimonious special
cases of the ARIMA models suggested by Chiang and, further, they also provide evidence
on the learning procedures of agents in such markets. This is clearly of primary interest.
Further to this, Ashley has suggested that the Rosenberg model with its mean reversion .
properties is an economically plausible model. Given that the testing of forward efficiency
is a test of the mean value of the key parameter 8 in (23), it is diﬁ"{cult to see why one
would advocate varying coefficient models which exhibit no mean reversion tendencies.
Goss (1986) surveys the evidence in futures markets and found evidence consistent with
the unbiased prediction hypothesis in contrast to the inconsistent evidence provided in the

case of forward foreign exchange markets.

In terms of whether § varies over time, the findings of Brooks are mixed. For Australian
interest rate futures, such as ninety day bank accepted bills and ten year government
bonds, no evidence of coefficient variation could be found using Brooks’ (1993a) POI
test. For share price index futures the application of the same test found strong evidence
of coefficient variation at all lengths to maturity. The issue of which varying coefficient
model is best for share price index futures was then addressed by the application of Brooks
and King’s (1994) APOI test. Close to maturity the evidence favours the Hildreth-Houck

model, while further from maturity the evidence favours the Rosenberg model.

6. Conclusion

This paper has surveyed the literature on varying coefficient regression models exam-
ining both the testing for such models and their application in two areas of finance. In

the context of testing for the presence of a single varying coefficient, a strong theme in the
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literature is that the point optimal approach is the preferred method of test construction,
particularly with respect to power. There still exist cases for which point optimal tests
have not been developed and also point optimal testing has not been compared to other
new approaches such as reparameterisation of the testing problem. A further area which
requires work is in the area of testing multiple varying coefficients. For the Hildreth-Houck
(1968) case, King and Wu (1990) have suggested a multiparameter one-sided test and found
it to have superior power properties relative to other available tests, although not for all
circumstances. For these and other cases further research is still needed. This work is
likely to be of importance as a greater range of potential applications lie in the field of

multiple varying coefficients.
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Appendix

Calculation Of Critical Values And Significance Levels
Of Point Optimal Tests

As stated in Section 4, the general version of the point optimal test rejects Hy for small

values of the statistic,

 Ap—=lx/a—1~
s=¢&IT E/eTy ¢

Here we discuss the calculation of exact critical values and p-values. For further detail, see
King (1987a).

Consider first the case where I'g = I and
s= grrle/ee.
Critical values and p-values can be derived from knowledge of
Pr(s <s* | e~IN(0,0%)),

or equivalently

Pr[S,(ri = s")& < 0] =w, (24)

in which, £? are independent x? random variables and 7; are the non-zero eigenvalues of

I T X(X'T X)X T

To solve for critical values one fixes w and solves for s*, while solving for p-values requires

fixing s* and solving for w.

This can be done iteratively using Koerts and Abrahamse’s (1969) FQUAD subroutine,
Farebrother’s (1980) PAN procedure or Davies’ (1980) algorithm to evaluate the left-hand-
side of (24). All of these methods require the calculation of eigenvalues and can therefore
be costly in large samples. Consequently researchers may wish to consider methods that
do not require the calculation of eigenvalues such as Palm and Sneek’s (1984) Householder

transformation approach or Shively, Ansley and Kohn’s (1990) modified Kalman filter
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approach. Shively, Ansley and Kohn present evidence on the computational cost savings

from their approach, finding that such savings can be substantial in large samples.

Now-consider the more complex case where I'y # I. Here one is no longer dealing with
a simple null hypothesis as the structure of I'y will now depend on nuisance parameters.
Let us assume that the structure of I'y depends on a single nuisance parameter, say ~o.
This is the structure of the problem considered by King (1989), Silvapulle and King (1991)
and Brooks and King (1994). In all of these cases the authors find that to control the size
of the test, the possible values of 7 must be bounded and a value for 79 must be optimally

chosen as say, 7; .

Accordingly H is now rejected for small values of the statistic,

s(yg) = €T E/eT; e

To determine what constitutes a small value of this statistic critical values must be found,

which requires evaluating
Pr(s(7) <s™ | v~ N(0,X0%Ty))

with the significance level of the test being the supremum of these probabilities with respect

to 7o. This can be done by computing,

PrlS,pi€f < 0] =w,
in which, £? are independent x2 random variables and ¢; are the non-zero eigenvalues of,
(O3 (07" = TP X (X T X)X = 7 (05! = T3 X (XT ™ X)X T ™ ),

using the methods for computing (24) outlined above.
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