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SOME- RECENT DEVELOPMENTS IN ECONOMETRIC TEST METHODOLOGY

by

Garry D.A. Phillips (University of Leeds)

Introduction

A crucial element in the development of econometric methodology
over.the past decade or so has been thé concern with testing, as
bpposed to estimating, econometric models. This has been brought
about partly as the result of the subject reaching a new level of
maturity and partly because the lack of success of econometric modelling
in the seventies, particularly at the macro level, made clear the need

for a deeper concern with model evaluation.

Modern econometric practice advocates that a given specification
should be subject to a rigourous testing procedure and it is now
becoming routine to test for misspecifications such as omitted
variables, serially correlated disturbances and structural change and,
in addition, to test for heteroscedasticity and incorrect functional
form. This kind of intensive misspecification testing leads to
problems of distortions in the inference procedures but leading
econometricians belieVe that the importance of carrying out such tests
overrides these problems. Thus Sargan (1875) expressed the view
that

"Despite the problems associated with data mining, I

consider that- a suggested specification should be tested

in all possible ways and only those which survive and

correspond to a reascnable model should be used.”

Also Hendry (1880) argued that
"Far more rapid progress could be made if all empirical
studies would provide greatly improved test information
to all readers to correctly judge plausibility. The

three golden rules of econometrics are test, test and
test.”
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Hendry advocated that this should be done notwithstanding the
difficulties involved in calculating and controlling Type 1 and

Type 2 errors.

While it is impeortant to test econometric models rigourously
it is also important to seek to structure the testing procedure in
such a way that problems of data mining are minimised. In particu-
lar we seek test procedures to test for the presence of, possibly,
several misspecifications simultaneously in such a way that:
{(a) the overall Type 1 error probability is controlled within
acceptable limits, and (b) the test procedure while having good

power properties provides some opportunity for detecting individual

types of misspecification. In this paper I consider some recent

advahces in test methodology which contribute to the development of

such procedures.

Multiple Testing for Misspecification: Some General Issues

There are two general approaches to conducting tests for
misspecification in econometric models. In the first approach,
we obtain some sample statistic whose distribution is known under
the null hypothésis, i.e. when the model is assumed correct, and
if the statistic assumes a significant value this is taken as
evidence that the model is misspecified in some unknown way. The
D.W. statistic is sometimes used for such a test because it is
relatively sensitive to various departures from the null hypothesis.
In this case we do not necessarily regard a significant test result
as implying that the disturbances are first order serially correlated
and proceed with a Cochrane Orcutt type estimation procedure. The
significant test result is simply taken as evidence that something is
Wwrong . Tests of this type are Rnown as pure significance tests and

do not require the specification of a particular alternative model.
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A second approach involves choosing a more general modél from
that which is assumed to be correct. The assumed model may then be
obtained from the more general mﬁdel by the imposition of restrictions
and a test is conducted to test the validity o% those restrictions.
These are nested hypothesis tests and they usually reduce to investi-
gating whether it is valid to constrain certain coefficients iﬁ the
generalvmodel to be zeroc, on the basis of the;sample daﬁa. A feature
of this approach is that the misspecification may be parameterised in
the sense that if a misspecification is present, a parameter enters
the model with a non-zero coefficient. Clearly, within this
approach, we éhould attempt to isolate the partibular misspecifications
that are present with a view to eliminating them.. In practice it
appears that the distinction between the two approaches hasvbecome
somewhat blurred and the nested aphroacﬁ is often used as a pure
significance test. However, it is desirable in conducting misspecifi-
cation tests when more than one misspecifiéation‘may be present, to
isglate and identify the separate effects. Some discussion of the
problems of multiple significance testing may be found in Cox and
Hinkley (1874) where they note that when testing a null hypothesis for
several different kinds of departure the simplest approach is to set
up separate statistics for the different departures and combine them
into a function sensitive to departures in some or all of the different
directions. This is particularly suitable if there may be several
relatively small departures from the null. However, if a significant
departure from the null is observed we clearly want to explere in
detail the nature of the departure. Cox and Hinkley note that it is

a serious criticism of the whole formulation of significance testing
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that no explicit treatment of this problem is available. Within
the above procedure we simply take the most significant of the
separate statistics as indicating the way in which the null is

inadequate.

We shall later consider ways of conducting significance tests,
designed to isolate, to some degree, particular departures from the
null. However, one obvious problem with multiple significance tests
cencerns the significance level of the procedure. Suppose k tests
are being conducted for up toc k departures from Hy where a significant
result for at least one test leads to a rejection of Hy. If the
tests are independent and each is conducted at significance level o,
then the overall significance level is 1 - (1 - a*)K > kg* for

small a*. Thus if 5 independent significance tests are carried out

at the 5% level, the overall significance level is 1 - (1 - 0.05)5 = 0.2286.

If the test statistics are not:independent then evaluation of the
significance level requires a knowledge of their joint distribution.
This is not often possible but upper and lower bounds may readily be
calculated. Denoting the overall significance level by o, we have
a* ¢ o ¢ ka*, when o = a* when all the significance tests are exactly
correlated. These bounds are relatively wide but offer some guide
to a@. In testing for misspecification in econometrics, the test
statistics are usually dependent in small samples and so determining
the overall significance level is difficult. This problem is
exacerbated if the significance levels of the individual tests cannot

be precisely controlled, i.e. if the tests are approximate rather than

exact.
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Some Recent Work on Joint Testing for Misspecification

Two recent papers by Savin and White (1978) and Lahiri and
Egy (1981) bdth employed the Box and Cox (1964) procedure to test simul-
tansously for :the correct functional form and for autocorrelation
and heteroscedasticity respectively. Noting £hat in a time
series regression model seemingly autocorrelated residuals ére
often the result of either disturbances following an autoregressive
process or the estimation of an incorrect functional form or both,
Savin and White argue the need to distinguish between these two
misspecifications. To do this the Box and Cox procedure is
generalised to disturbances which follow a first-order autoregressive
process and it is then used to simultaneously test for autocorrelation

and for the correet functional form.

The Box and Cox mode% is
() |
y

= XB + u

where y[A] = (yfk], r e yT(A)J’is a T x 1 vector of transformed

observations aon the dependent variable, X is a T x k matrix of
rank {k < T) observations on k fixed regressors and

u = (U, us, ..., uT]' is a T x 1 vector of random disturbances.

-

The transfarmation is
(A)
Yo =

L

(yi - 11/) AED0

log (yt) A = 0.

Assuming that u ~ NID(O, 02I.), the log likelihood function is given

T
by L(x, B, ¢2: Yy, X) = --% ng(ZﬂOZJ = é%? (y[A] - X§J'(¥[A)— X§J + log J

i-q is the Jacobian of the transformation

on the dependent variable.
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If it i1s assumed that the disturbances,u follow a

t!
stationary AR process,

Ug T PHpoq T s ol <1,

then E(u u') = V where the form of V is well known, see
Theil (1871, p-252). The log-likelihood functicn is
log (2m02) + % log (1 - p2)

xg) vy xg) + 108 (3.

T
L(}\; (o3 BJ 02: !, X] = = 5
100
20 [X

Maximising this log likelihood with respect to B and o2, given

A and p, we obtain the estimators

1.\
y A

80Lp) = XV ey”

2

(A) ()

Ty M- xgon e Ty M B 00,

~

0'2(}\:0)

Substituting these terms into the log-likelihood function yields

the concentrated likelihood function;

»

LOu pt v, X) = = = {log(2r) + 1} - < log (62(x, p))
’ T
* 5 log (1 - p2) + (A - 1) £ log (ytl.
£=1

A test that the functional form is linear without the constraint
p = 0, may be based upon the likelihood ratio. The critical

region for Hp: A = 1 against H;: X # 1 is given by
2[Lx, p) - LA =1, ol]> x2 (1.
- - o

Similarly, one can test Hp: p = 0 given A = 1 and the joint hypothesis
Hg: X = 1, p = 0 against Hy: X # 1, p # 0, based upon the critical
region

2[LGx, p) - L =1, p = 0)]> x2 (2).
a
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‘Savin and White show through examples and through a Monte Carlo
study, how one may make different inferences if one ignores the
presence af one misspecification when testing the other. In
particular it is demonstrated how functional form misspecification

may easily be misinterpreted as an autocorrelation problem.

Lahiri and Egy consider the joint testing of functional
form and heteroscedasticity using essentially the same approach.
However, heteroscedasticity of disturbances is assumed but no
serial dependence. In particular, it is‘assumed‘that the distur-

bance variances are given by

where z is known but 8 is to be determined.

The concentrated log likelihood function in this case is

‘,f s T T T
LIX, 8;iy» X3 =C -3 z logz, + (A-1) T logy, - = log o2(x, §).
i 2 .7 . i t 2
i=1 v t=1
A likelihood ratio test may be carried out as before. . Here the

most general hypothesis allows for both non-linearity (A # 1) and
heteroscedasticity (8§ # 01}. Lahiri and Egy show,through an example,
how a wrong functional form may lead to an incorrect choice of

heteroscedasticity parameter. Again joint testing is advocated.

In both of these studies we may note the following:

(a)l The tests require maximum likelihood estimation under both the
null and alterﬁative hypotheses i.e. in both the restricted
and unrestricted cases, and |

(b) Several tests are applied to the same data ignoring any

implications for type 1 and type 2 errors.
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Bera and Jarque (1882) sought to overcome some of the problems
of earlier studies by developing test procedures based uﬁon the
Lagrange multiplier principle. They noted that common
misspecification test procedures are not robust in the presence
of other misspecifications so that applying tests one at a time
will often result in misleading conclusions. They proposed a
nested hypothesis testing procedure based upon a general model,
which permits the simultaneous testing of ,non-normality of

disturbances, heteroscedasticity, autocorrelation and incorrect

functional form. The actual model studied was
K (s ) M L
vy, = £ x. .3 B Tdou, v w8, *+u, t=1,2, , T,
t =1 t] J 321 ti"] =1 t] t
AL
x50 2 d - A, £ 0,
tJ tJ
= log (x,_.) A, = 0.
B e J
The xtgk} represent transformed observations on K fixed regressor
variables while the dtj include the constant term and any dummy
variables. The wtj are observations on another set of fixed
regressors and the disturbances, U follow an autoregressive process
Hg T YpUgaq T YpUgp Tomer TY U, T By

where the €4 are independently distributed.

The density of €, is assumed to be a member of the Pearson

family of distributions so that
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g(st] = axp [x(stJ] I EXDEX(Et)]dEt' e < g <=,
- t=1,2, ..., T,
and
= - - 2
xle,) j !(c1t e )]/ ey, Cl4€¢ * C,eflde,.
It is assumed that Clt =0 for all t which implies that the mode

of the distribution is the same for all t. Also E[e%) = cOt/(1-3c2t)
and g(st) ~ N(C, COt] when Cp = Cpy = 0. The model. is parameterised
with Cét‘= c, and the possibility of additive hetercscedasticity

is introduced by putting Cot = g2 + zég where zé is a 1 x g vector

of fixed variables.

When % = (Ai"" AZ, ves AKJ = {1, 1, cevs 1),

6 = (611 6 ¥ LI 3 6 ) = O s ;Y. = (‘Yl’ ‘Y2‘ L YDJ = 9 >

a' = (al, Ays vees @ ) =0 and c; = cp = 0, the model becomes
Ve T xBrdlptu, t=1,2 ..,
where x! = x! - (1, 1, ..., 1) and the u_ are i, i, d, N(D, o?).

t ~t t

Within this framework the follawing tests may be carried out:

Normality: Hg(N) : ¢y = cyp = O.

L[}
(]

Homoscedasticity: Hg(H): «
Serial independence: Hg(I): vy = 0.

Correct functional form: Hy(F): A=1, 8 =0,

Bera and Jargque show that if LMNHIF is the LM test for testing,

simultaneously, all the misspecifications, then under

Ho: cy =cy =0, a =0, Y= 0, y =1, ¢ = 0, LMype is asymptotically

~

distributed as and LM = LM, 6 + LMH + LM + LM..

2
X2+q+p+K+L NHIF N T F
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Thus the simultanesus test is the sum of the individual or
one-directional LM tests. Hence tests can be carried out to
test, simultaneously, for any combination of misspecifications.
The additive property of the LM tests shows that for large
samples the one-directional tests are independent and so overall

significance levels can be controlled at least asymptotically.

One interesting feature of the model analysed is that a
locally equivalent alternative model can be found which explains

the additivity of the LM tests. Consider the following models

K (Xi) M L :
1y, = Z x,. B. + I d, .u;, + Iw §. + U, t=1,2, ..., T,
t =1 tJ I 5a9 373 =1 ti 7J t
_ K L
(2) y, = x'8+dp+ ¢ (A, - 1B, x_.. + I w,_,
t St =t 50y 3R 5o tid
2 g ) P y
vz c.P.lu )+ § a.[ztjut/Zc )+ z Upoy * Ny t =1, 2,
3=1 3=1 j=1
(3) Yy = §t§ + gtg Uy t=1, 2, .. T,

where in (2] the ztj are measured from sample means, the n, are

2 3
NID(O, o2), Pl(ut] = ut/302 + 1 and Pz(ut) = ut/4o“.

Notice that both (1) and (2) reduce to (3) under the null hypothesis
NHIF. It can be shown that the LM test for testing NHIF in (2) is
the same as for (1). It is interesting to note that the cne
directional tests are, in fact, tests of the regression coefficients
in (2) where the regressors associated with cj, c, o, ¥, and ¢ are

all asymptotically orthogonal except for regressors asscciated with A

and §. This indicates why the one-directional tests are asymptotically

independent.
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Bera and Jargue carry out a Monte Carlo experiment using a

simple version of the model discussed above, namely:

Yy o ® gty * ug gt = (dtl, dtz’ dt3’ dtu), t=1,2, ..., T.
Oepartures from the null arise when wtl = di is added into
) 2.

the regression or when Ug = pu,_, * €, (p = 0.3 or 0.7),

E(gé) = oé = 25 + aZ, (e 2 0.25 or 0.85) or the disturbqnce is not
normally distributed but follows a students t[S) or log normal
distribution. Significance points for conducting the oné-directional
tests at the 10% level were obtained empirically. The results
indicated that the one directional tests had low power against

alternatives other than the immediate ones but violations of

the maintained assumptions e.g. testing for a misspecification in

0

the context of others, may lead to a considerable loss of_power. With
joint tests, overtesting results im little loss of power e2.g. testing
NHIF when NHIF holds, while Qnderfesting, e.g. testing NH when

NHIF holds, led to a considerable loss of power. In terms of power
considerations alone, the joint tests were appealing but: when the null
was rejected there was uncertainty about the nature of the departure

unless the individual tests were examined.

To help identify possible sources of departure from Hy, Bera and
Jargue used a MultipleiComparisons procedure based bn the four one
directional tests. Denoting the significance levels for LMN,

LMH, LMI and LMF by a1, a2, a3z and ay, respectively, the averall
significance level i.=. the probability of rejecting Hy when true

on the basis of at least one significant test result, is given by
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a4 = Q1+t0oto3 AL~ =003 T 0,020 37A0L T30y t0 10031030y

Q1030230 .

Thus ai were chosen, empirically, to get an overall a of 10% for

compariscn with the joint test LM The approach was found to

NHIF "
have good power properties, comparable to LMNHIF' and it was
reasonably efficient at identifying departures in the N, H and I direc-

tions. It seems that the cne directional tests were unstructured and

all four tests were carried out at each iteration of the experiment.

A drawback to practical application of the approach, however,
is that the critical values of the one directional tests have to be
obtained through artificial datas generation. The asymptotic
criticai values were not used presumably because they were substan-

tially different from the correct ones.

Locally Eguivalent Alternative Mcdels

Godfrey énd Wickens (1982) use a nested hypothesis test approach to
derive misspecification tests for comman misspecifications. They
note that ,with complex alternative models, it is often easier to
compute an LM test rather than tests based'upon the likelihoad ratio
and Wald principles and in many cases a further simplification is
possible using a locally equivalent alternative model rather than
the original alternative model. These locally equivalent alterna-
tives are such that they provide statistics with the same asymptotic
distribution as the LM test based on the original alternative model
c.f. Godfrey (1981]. Often the test statistic for the null model

will be the same for a set of locally equivalent alternatives and
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with this approach it is possiblé to show that each type of
misspecification can be incorporated in the locally equivalent

alternative model as additional regressors.
In the regression model case, suppose we have the models:

(13 'Ft(yt, X{o Q) =y

tl
* ', =
(2] ft [yt, x{o ?] Uy

where (1) and (2) are different except when 82 = Q and where

8' = (81 : 83). Let L,(8) and L%(8) be, respectively, the log
~ -~ T
T
likelihoods for (1) and (2) where LTie) = 5 lt(e] and L;(e) = I l;
- - - t=1
t=1

~

and suppose that 9 maximises LTEQJ subject to Ho: 82 = Q. Then if
model (2) is such that
(13 @ maximises L;(Q) subject to Ho: 82 = 0, and

(11) 317(8)/38, = 31,(8)/282,

then, obviously, an appropriate LM test of Hp: @2 9 in both models
may be based upon
T A [T . T
LM =t T 31,(8J)/38 r(31,_(6)/30)(31,(8)/30)" L 31,_(8)/3%e].
= - - t=1 - ~ €t~ - t= -

To derive an appropriate model (2), Godfrey and Wickens show
by expanding lt(g) in a Taylor series about B2 = 0, that
= *
lt(QJ lt(Q) + R
where R is a remainder term, not affecting Blt(gl: 81/38, and

Filygs x{: 83 = fly,, x, (87, 0')') + [3F,(87: 0')'/382]05.

further approach yielding an alternative approximation is to take
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iy, x (6f: 0')') + [3f_(8)': 0'1'/382]8;

Xgo 80 = Flyg X

£
whereupon an asymptotically eguivalent test procedure is cobtained.
Godfrey and Wickens note that this approximation yields a crucial
simplification in that the test of Hy is now formulated as one of
testing the joint significance of a subset of regressors which are
constructed from Bft(§1/8§2 and which enter F+(§] linearly. Thus
combinations of misspecifications may be tested, although, given that
the tests involve testing the validity of omitting aft(él/agz from

the specification f%[yt, 8), it may be more convenient to use the

X

LR or Wald tests rather than the LM test.

As an example, suppose that

ft[yt, X 9] =Y. §t§ = Uy

where Xy is a K x 1 vector of exogenous variables and the alternative

hypothesis is that

U, = a,u a U ¥ o U U + €

t 1 t-1 2°t-2 p t-p t’
Then
*
ft(yt, X 8) = Yo TOX{B mau gt a,u s T *Upp = €
and
Tilys X0 8) = Yo T oXgB T ogu T U e T % Upp T Eye
Similarly, if the alternative hypothesis is that
2 - <2 ’:
oL o={1 + fté)
where zé is a 1 x g vector of fixed variables, then
q
* ’ = - wtfR = =
FL o lygs xpr B0 =y - B i§1AiutZti ¢’
= 4 .
Felygr xg 80 = v = B - joq “eler T Cp £ = 1,2, ...,



o

_15_

It is now clear how the use of the Ft ‘approximation reduces the problem
of testing for serial correlation and heteroscedasticity to a problem of
testing the significance of regression coefficients. Clearly a joint

test can be carried out by choosing

+ b ~ g -
ft(yt, X 8) = Ye ~ 5t§ - E a,u, . - E A.u,z = €

-~

and evaluating the joint significance of o and A.

Godfrey and Wickens point out that if the standard F-test approach
is used here rather than the LM test, a correction is required because
Gtzti does not satisfy the usual assumptions of regressors in the general

linear model in that
T
1 -
T*z (Utztilst has the same limiting distribution ‘under Hp as
t=1

T
-1
T?% (e2 - 0%)z, .. Under Hg, the €2 - ¢2 are i.i.d. with mean zero
£=1 t ti t
T
and finite variance 2¢%. The limiting distribution of T ° ¢ (utztiJet
' £=1
-1 L 2
‘is N(O, A,) where A, = 262 plim T I (u,z,.) which differs from standard
i i £=1 t7ti :

formula in that the factor 2 appears here. The required adjustment to the

standard formula is easy to make jhowever ,

It is of interest to note that under Hp: o =0, A =0, the regressors
in the above equation are asymptotically uncorrelated and the test
statistics used to test for serial correlation and heteroscedasticity’

separately jare asymptotically independent.
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This approach to misspecification testing has obviocus attractions;
it provides a unified framework in terms of the formal F test and a
number of possible combinations of misspecifications can be tested at
a single step. However, if the overall null is rejected one might
still wish to determine which particuler misspecifications were
causing the trouble. -Some writers have expressed reservations about
the power of tests based on LEA's, see Schonfeld (1882), particularly

under non-local alternatives.

Additivity of Diagnostic Tests

In a most recent survey, Pagan and Hall (1883) show that most
existing diagnostic tests can be derived from eleméntary principles
of specification analysis without relying. upon likelihood theory.
They argue that applied researchers are primarily concerned with an
examination of residuals as a principal way of determining model

inadeqguacy.

Suppose we consider a standard regression model with T observations,

then

Pagan and Hall consider a set of tests in which each diagnostic

has an associated regression. This leads to the following regression
equations:
Specification (S) Up = 2.y * ey + (ut - ut)
: ~ = * iy -
Autocorrelation (A} u PUL_y * By *olug -l

o> ot

Heteroscedasticity (H) = g2 + zly * [e% - 02]+[G% - u%)

cC»>
Fw o F

Normality (N} (i) - 30242 = vy + (e} - wy)- 30%(el - up) + Opl1]

t
s s » - 3 ~3 -3
{ii) u Yy *oep *toul ug-
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When none of the misspecifications are present, ut = e - NID(O.c?]).

The teéts are based on significance tests of the coefficients in these
equations and a necessary and sufficient condition that joint tests

can be performed by adding the individual testskis that the coefficient
estimates be uncorrelated, at least asymptotically. By analogy with
SUR estimation o% systems of regression equations this will hold if

and only if either (a) the regressors in different equations have zero
covariance or (b) the disturbances of the relevant eqguations are

uncorrelated in large samples.

Applying these criteria, the asymptotic independence properties

of these test statistics may be summarised as follows:

Conditions Required for Independence of Diagnostic Test Statistics

S A H Nt Ny
S * 1
*
A 81
= = *
H PS 0 PB 0 or C1
N, . None None None *
(i3
. » .
N[ii] None: None None CZ

3 < i in X .
Cq‘ yt~k (k&j) appears in zt of S test or in ¢

. ' 4 2. .
Czy Mo (p4 3¢ ') Mg 3o Mg = 0.
Additivity = holds between these tests when lagged dependent variables

are absent from the model and the disturbances are normal.

Pagan and Hall note the problems involved in testing for one
misspecification in the presence of others. They suggest that joint

estimation of the eguations might be preferable if disturbances are
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non-normal and that the test for heteroscedasticity might be improved
if a correction 1is made for autocorrelation of disturbances when
autocorrelation is present. An overall strategy is not pursued,

however.

Some evidence on the robustness of tests for autocorrelation and
heteroscédasticity when bocth = misspecifications are present,was
provided by Epps and Epps (1977]. They found that the Ourbin Watson test
was relatively robust to moderate heteroscedasticity, supporting the
results of Harrison and McCabe {(1875), while the Goldfeld- Quandt
and Glejser tests were approximately valid if applied to a Cochrane-
Orcutt transformed model whenever an initial test for autocorrelation
indicates the presence of that problem. What is implicitly suggested
by their sfudy is that the  misspecification tests should be carried
out seguentially with the autocorrelation test being carried out first,
followed by the heteroscedasticity test. The implications of their
results for a structured approach to  misspecification testing were

not pursued ,however.

A Sequential Approach to Testing Misspecification

A In the recent econometric literature, see especially, Mizon
(1977}, there has been much concern to develop an appropriate
sfrategy for model selection. The practice of selecting models
after applying numerous conventional tests of significance has well-
recognised deficiencies. To overcome these problems, a search
process has been advocated in which tests of specification are
conducted on hypotheses within an overall maintained hypothesis which
is carefully chosen to be the most general hypothesis likely to be

relevant. If a composite hypothesis ,representing the most restricted
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model, is tested against the maintained and not rejected, then the
position is straightforward but when the restricted model is
rejected, one does not know which of the constituent hypotheses are
responsible. If hypotheses  are orthogonal a powerful test of a
joint hypothesis is achieved by testing each constituent hypothesis
separately but orthogonal hypotheses are not a feature of econo-
metrics. However, if the hypotheses are nested and uniquely
ordered, then when any hypothesis is true all preceding hypotheses
in the nest must be true and if any hypothesis is false all succeeding
ones must be false. This has the advantage of allowing a composite
hypothesis to be tested using a sequential procedure which can

determine the hypotheses responsible for the rejection. Mizon notes

‘that the sequential approach has certain optimal power properties in

the class of procedures that fix the probabilities of accepting a less
restricted hypothesis than the true one. Also, this ‘approach, which
is outlined in Andérson (1971), may be extendeq to non-linear models.
An important characteristic of the approach is that the asymptotic
distribution of the statistic for testing any hypothesis in the ordered
seqguence against the less restricted hypotheses immediately preceding
it, depends on the‘validity of all less restricted hypotheses in the
sequence but not on that of more restricted hypotheses, and each of
these test statistics is asymptotically independent. Thus- control
over the overall Type 1 error probability is possible. If the
significance level %or each test is chosén at o, then the. significance
r

level of the implicit test aof the rth hypothesis is 1 - I (1 - uiJ which
i=1

is a monotonically non decreasing function of r.
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Unfortunately, there are many nests of hypotheses which are not
naturally ordered e.g. the determination of the orders of the auto-
regression and moving average processes in an ARMA model. In this
situation it may be possible to impose more structure on the hypotheses
to achieve a unigue ordering or an exhaustive testing approach is

followed in which all possible orderings are examined.

In the discussion of the sequential approach to specification
testing the position of misspecification testing is somewhat obscure.
Since misspecifications will usually invalidate the specification
tests it seems that testing for misspecification is logically prior
to testing the specification. Indeed,.there seems to be no reason
why the possible misspecifications should not be included in the
maintained hypothesis. This is very easy te do when, as we have

seen, the misspecifications enter the model as added variables.

In fact,Kiviet (1882) examined the overallfsignificance of
modelling strategies for simple dynamic models using a sequentiél
procedure which tests a nest of hypotheses incorporating both mis-
specification and specification tests. The specification tests {or
simplification tests) usually involve tests based on the Wald or LR
principle-whereas the misspecification tests are of the LM or LR
type. The . misspecification tests actually used were tests for
serial correlation (of low and high order) and a post sample
predictive performance test which provides an independent check on
the chosen specification. When a sequence of tests in a uniguely
ordered nest are performed by tests asymptotically equivalent to the
LR tests, they are asymptotically independent when the composite
Eypothesis,representing the most restricted model, is true. Kiviets

Monte Carlo analysis demonstrated that this independence is apparent
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in relatively small samples, e.g. T = 20, 40, also. Thus the
overall significance level may in principle be controlled at some
desired level provided that the individual tests have Type 1 error
probabilities in small samples close to the nominal significance
level. Unless this is so, the overall significance level may be
markedly different from the desired level when several tests are
carried out. Kiviet's results showed that this may occur when
relatively crude asymptotic tests are employed. Despite these
difficulties it seems worth while to investigate a sequential approach
to misspecification testing, particularly when it is required to test
for more than one misspecification, since often the testing of the
osverall compound hypothesis may be based upon independent tesf statistics.
To’proceed, one looks for an ordering of the nested hypotheses such that
the asymptotic distribution of the étatistic for testing any hypothesis in
the ordered sequence against the less restricted hypothesis immediately
preceding it depends on the validity of;all the less restricted hypo-
theses in the sequence but not on the validity of the mere restricted
hypotheses. In some cases there will be a natural choice of ordering
whereas, in other cases, the ordering may be suchwas to permit the testing
of more important constituenf hypotheses first since the testing procedure
stops when any hypothesis is rejected (see Hogg 1961, p. 980). At this
point it is important to note an important difference between specification
and misspecification testing. Specification tests are such that usually
‘the alternative hypothesis reflects a specification that one might be
prepared to accept, at least tentatively. On the other hand, a number of
misspecification tests involve a choice of alternative hypotheses which
would never be entertained sericusly and this arises when a test is

required to have reasonable power against a range of possible alternatives
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e.g. the version of the Reset test proposed by Ramsey (1968) or
‘certain tests for hetercscedasticity and serial correlation. In
sequential testing the idea is to allow for the possibility of several
misspecificétions so that the test statistic used at any particular
stage is not affected by the possible presence of misspecifications yet
to be tested. In such a case if a misspecification ,which is yet to be
tested, is incorrectly modelled, then the validity of the seguential
procedure is likely to be undermined to an unknown degree. When the
sequential procedure stops because a significant test result is obtained
one does not necessarily assume that a particular misspecification has
been detected; merely that some misspecification is present. One's
interpretation of the test result will be influenced by the nature of
the case; in particular, by whether or not the alternative hypothesis is to
be tentatively enterteined. For example, when a significant heteroscedas-
ticity test result is obtained, one might be unwilling to entertain the
assumed alternative hypothesis although the presence of some= form of
heterascedasticity might be suspécted. On the other hand, when a standard
test for structural change at a specified point in time is carried cut and
a significant result is obtained,one might be much more ready to accept the
stated alternative i.e. to assum= that a change in the parameters of the
relationship has occurred. Clearly .what matters is the justification for

the choice of the alternative in the first place.
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Sequential Misspecification Testing: an Example

To illustrate the sequential approach to testing misspecification,
we shall consider an example of a sequence of tests discussed in Phillips
and McCabe (13984) . To proceed, we assume a iinear regression model in

which

where y is @ T x 1 vector of observations, X is a Txk matrix of ramk k
containing observations on k non-stochastic regressor variables, 8 is

a kx1 vector of unknown parameters and e is a Tx1 vector of unobservable

normal random variables with mean zero and covariance matrix OZIT.

We assume that thres types of misspecification are of interest:
(i) Serial correlation
(ii) heteroscedasticity, and

(iii) structural change in one or more components of B.

The serial correlation hypothesis is that the distrubances are

id

gensrated by the first order autoregressive process:

ey = pe_y tu s lol <1 t=0,1, 2, .., T.

—
U]
t

1o
[w

e the Tx1 vector of least squares residuals which results from the

above estimation; then a common test statistic for the null hypothesis

Ho: o = 0,is the Durbin-Watson bounds test statistic
2'Ae
d = ——
e's

An alternative approach is to use an exact test which is based upon
transformations of the least sguares residuals which have a scalar
covariance matrix i.e. the BLUS residuals proposed by Theil (19865) or the
recursive residuals proposed by Phillips and Harvey (1874), The test

statistic employed is given by
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E!l AO e.
d* = = -

E’. c.

where €* is & (T-k)x 1 vectorof BLUS or recursive residuals and
A® is a (T-k)x(T-k) version of A. Under Hp, d* is distributed as
+he modified von Neumann ratio and its distribution is tabulsted, for

example, in Theil (1971 p. 7261}.

The heteroscedasticity hypothesis we shall examine is that tfie ‘model

is given by

y1 €]
=X§#

[zz €2

2 .
A . 2 2
where €, " N(O, oy I; }o, i =1, 2, with o} ? o and Ty, T2 > k.

i
The null hypothesis is chosen as Hp: 02 = g2

1 5 and the appropriate test

statistic is the Variance Ratio (VR) given by
RSSp/ (Tg=K)
® RS5,/(T;-K)
where RSSi is the residual sum of squares from a regression carried
out on the corresponding Ti observations, i=1, 2. Note that no
reordering of the observations is involved and under Hp, Fj ~ F(Ta-k, Ti-k) .

Finally, the structural change hypothesis 1s that t~e model is given by

yi x; 0] (8 €]

The null hypothesis is Ho: 81 = B2 = B, 0% = 03 = 0?2, although the

the assumption 02 = o2 =

1 2 o2 is often implicit rather than explicit in

discussions of testing for structural change. The appropriate test is

the analysis of covariance (ADC) test based upon
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(RSS - (RSS; + RSS3))/k
F2 = —RsSs; + RSS,17(1-2K)

where RSS is the residual sum of squares based on all T observations.

Under Hgp., inm F(k. T-2K).

The independence of tﬁe VR and .AGC.statistics .under Hg’is demonstrated in

Phlllips and McCabe (1983).

It is important to note that when testing Hps p = 0, using d* (or dj,
it is assumed that both o% = og and Bl ==82 hold. On the other hand, when
testing Hgp: o? ='o§, it is assumed that p = 0 but it is not assumed that
By = B2. Finally, when testing Hp: §1 = B2, it is assumed that p = O

2 o g2
and oy 027
The sequence of hypotheses we wish to test commehcing with the most

general and testing in increasing order of restrictiveness is:

Hy: p # 0, Ufk#~62; By # By

Hz: p = Dp U% # 021 gl # @2 »

L}
Q
-

Q
[adl M)
]
Q
N
w
—
LS
w
N

Hli p

[}
]
Q
NN
-
™w
[
L}
w
N

Hp p =0, o7

Alternatively, we wish to decide which (if any) of the following null

hypotheses are true:

H3*: p = 0,

. - 2 o 42
Ha p =0, o] = 03,

. = 2 - 52 = .
Hi*: o o, Ch 03, 81 B2
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- With this ordering, if any-null hypothesis  is true the preceding
hypotheses must be true, and if any hypothesis is false the succeeding
ones must be false. The hypotheses are tested in turn starting with
Hs* until either one rejects H; and so decides Hi’ i=41, 2, 3, or one

accepts all hypotheses and arrives at Hy.

Now we require that the distribution of the statistic for testing
any hypothesis in the ordered sequence against the less restricted
hypothesis immediately preceding it should not depend on the validity
of more restricted hypotheses. Clearly this requirement rules out a
test of HjY based on d*, since the null distribution holds only when H} is
true. Since we cannot use d* we consider versions of d* based upon

separate sets of Ti~k recursive residuals, i = 1, 2. These ars

E'; A; e;
d; = T o , 1 =1, 2
-1 <i

Under H%, these statistics are independently distributed as the modified

von Neumann ratio and their distributions do not depend on the ci or
B., i =1, 2. Additionally, they and the VR and AOC test statistics farm

a mutually independent set under H,,as is shown in Phillips and McCabe (1984).

An exact test for serial correlation can be carried out by pooling the
results of separate tests based on the d;, i=1, 2. If we decide to
reject the hypothesis of no serial correlation if either test rejects,
then choosing a size for each test of 2i% will yield an overall test size

of 5%. An alternative approach is to base the test on

The resulting test is not exact because the distribution of the sum of two

independent modified von Neumann ratios is unknown. However the distribu-
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tion of d** can be approximated by the distribution of a B variate with
the same mean and variance and so a test based on d** is close to being

exact.

The Sequential Misspecification Testing Procedure

In applying the sequential test procedure the serial correlation
hypotheéis is tested first and if the null hypothesis is not rejected
the heteroscedasticity hypothesis is tested. If again the null
hypothesis is not rejected, the structural change hypothesis is tested.
If all three ﬁests fail to reject, the overall null hypothesis Hg is
supported. Since under H, the test statistics in section 7
are mutually independenf, the overall size of the séquential test procedure_
can be controlled. For example, an overall test size of 5% is achieved
if each test is carried out at the 1.7% level although one may not wish to
choose the same size for each test. When a significant: test result is
achieved the sequential procedure stops since it is assumed that a

misspecification has been detected i.e. the specification is rejected.

Nate that the sequence of tests considered here could easily be
augmented to include the Reset test for functional misspecification.
Suppose that the version considered is as proposed by Thursby and
Schmidt (1977). Then a set of test variables is added
and their significance may be tested over the two sets of observations taken
separately. An exact test can be obtained as in the case of the exact test
for serial correlation in section 7. The serial correlation test is again
carried out first and this is done with the test variables included in tpe
regressions. The Reset test is then done if serial correlation is rejected.
If the heteroscedasticity and structural change tests are performed, the test
variables are excluded from the associated regressions. Thurshby

(1881, 1982) presents Monte Carlo results which strongly suggest that the
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Reset test statistic obtained when all the data is used together is
independent of the usual heteroscedasticity and structural change test
statistics when they are obtained with the Reset test variables excluded
from the regression. In fact, the asymptotic independence of the Reset
test and the heteroscedasticity test is demonstrated by Pagan and Hall

as indicated on page 17 of this paper.

Finally, note that conventional significance tests on regression
coefficients, e.g. the standard F-test, can also be included in the
seguential procedure. The independence of the F statistic and the
misspecification test statistics (when misspecifications are absent)

follows directly from the results in Phillips and McCabe (1984).

Although the application of the sequential approach considered
here is in the context of a restricted model, applications in much less
restricted models are possible and further work will undoubtedly show this

to be the case.

Conclusion

This brief look at recent developments in selected areas of
econometric testing methodology illustrates the importance that econometri-
cians attach to this aspect of eccnometric research. A structured approach
to misspecification testing within which the overall type 1 error probability
is controlled appears to be attainable, at least in the context of single
equation models, following several of the approaches examined here. To
this writer, two of the approaches seem particularly attractive; the
approach in which misspecifications appear in the form of added regressors
and the sequential procedure discussed in the previous section (or, possibly,

a combination of the two). It may also be possible to use both methods to
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isolate, to some degree, particular types of misspecificaticns e.g.
structﬁral change, but we should not be too optimistic about doing this
in many other cases. Hdwever, both methods may lead to more powerful
uni-directional tests in cases where more than one misspecification is
present since the possibility of additional misspecificaticns is allowed

for.

Finally, it is to be noted that since the sequéntiai approach
commences from an overall maintained hypothesis chosen to be the most
general likely to be relevant, the problems of pre-test bias and data
mining whiéh result when experimentation is used to determine a specifi-

cation, should be considerably reduced compared with alternative procedures.

Overall, the points made in favour of the sequential approach to
testing econometric models suggest that it is a promising area of future

research.
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