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Abstract

This paper considers the relationship between congruence and encompassing. Congru-
ence is defined formally, and though it is not testable directly, it can be tested indirectly
viatests of misspecification. Empirically more than one model can appear congruent, but
that which encompasses its rivals is dominant, will encompass all models nested within it,
and accurately predict the misspecifications of non-congruent models. These results are
consistent with a general-to-specific modelling strategy being successful in practice. An
empirical example illustrates these points.
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1 Introduction

Economists and econometricians who undertake empirical modelling face many problems, not
the least of which is how to deal with the fact that, with very rare exceptions, all models ana-
lysed are approximations to the actual processes that generate the observed data. The simplest
approach to this problemisto ignoreit, but potentially thisismost likely to lead to invalid and
misleading inferences. An alternative approach recognises the problem explicitly by adopting
misspecification-robust inference procedures, such as using heteroscedasti c-autocorrelation-
consistent standard errors (see inter alia Andrews, 1991 and Gouriéroux and Monfort, 1995).
However, this approach does nothing specific to tackle the problem, rather it is analogous to
taking out an insurance policy whilst continuing to engage in hazardous activities - with the in-
surance eventually becoming more and more expensive, or redundant. Another approach, in
addition to recognising the problem explicitly, aimsto aleviate it by establishing a statistically
and economically well specified framework within which to conduct modelling . Thisthird ap-
proach is associated with the L SE methodology (seeinter alia Hendry, 1995 and Mizon, 1995a)
in which the concepts of congruence and encompassing have important roles. Briefly, congru-
ence isthe property of amodel that has fully exploited all the information implicitly available
once an investigator has chosen a set of variables to be used in modelling. Encompassing on
the other hand, is the property of a model that can account for the results obtained from rival
models, and in that sense makes the rivalsinferentially redundant.

The present analysis emphasises the importance of having a congruent model of the joint
distribution of all relevant variables as a statistical framework for the evaluation of competing
models nested within it. Such evaluation of models done using parsimonious encompassing
has many advantages, including: yielding transitive relations amongst the models, and avoid-
ing the anomaly of general models failing to encompass simplifications of themselves. By ap-
plying the concept of parsimonious encompassing to the relationship between a model and the
corresponding data generation process (DGP) aformal definition of congruence isgiven. Also
it is argued that nesting is more than one model being an algebraic simplification of another,
that the congruence of a model is a sufficient condition for it to nest and encompass a simpli-
fication (parametric or nonparametric) of itself, and consequently it plays a crucia role in the
application of the encompassing principle.

The outline of the chapter is as follows. The next section presents notation and discusses
the concepts of the data generation process (DGP), the local data generating process (LDGP),
an econometric model, and nesting, all of which have important rolesin the rest of the chapter.
Section 3 discusses the parametric relationship between the LDGP and an econometric model,
prior to defining parametric encompassing and parsimonious encompassing. In section 4 linear
and nonlinear parametric, and nonparametric examples of ageneral model failing to encompass
aspecial case of itself are presented. Section 5 uses the concept of parsimonious encompassing
to provideaformal definition of congruence, which isthen shown to be a sufficient conditionfor
the anomaly of section 4 not to occur. Since the hypothesis defining congruence is not testable
directly, alternativeindirect methodsfor testing congruence are discussed in section 6. Thisdis-
cussion highlights the distinction between misspecification and specification testing of models,
and some of the limitations of misspecification hypotheses are analysed. An illustration of an



empirically congruent model that is not the DGP is presented in section 7. Section 8 presents
conclusions.

2 Preliminaries

It isassumed that a statistical representation can be given to the process by which observations
are made on the phenomena of interest in the economy being studied. Thisis called the data
generation process.

2.1 The Data Gener ation Process (DGP)

Let the vector of NV real random variables w; characterize the economy under analysis. At each
pointintimet € 7, thejoint density D,,, (w;|F; 1) of w, hasasample space (2 and event space
F:_1. Thisjoint density isastatistical representation of the economy, and as such isthe datagen-
eration processfor w;. It isalso assumed that this DGP can be represented as avector stochastic
process, with sufficient continuity to makeit meaningful to postulate d parametersé € D¢ C R?
which do not depend on F,_ at any ¢. Itisnot necessary to restrict the parametersto be constant
over time, or to exclude transient parameters. The history of the stochastic process {w;} up to
time (¢ — 1) is denoted by the notation W, ; = (Wy, wy,...,w; 1) = (Wy, W} ), where
W, isthe set of initial conditions. Then, for asampleperiodt = 1,...,T, the DGP is denoted
Dw(WL|W,, 6y), and is sequentially factorized as:

Dw (W | Wy, 80) = [ ] Duw (Wi | Wi, k) (1)

t=1

where 6, isaparticular point in parameter space, and g(6y) = (k1 ... k) foral — 1 function
g(-), so that the k, may be non-constant over time due to regime shifts and structural breaks —
see Hendry and Mizon (1998) and Hendry and Mizon (2000) for discussion of the distinction
between these parameter changes.

2.2 Econometric Models

Even when a sample of T' time series observations is available on all NV variablesin w; it is
not possible to analyse the inter-relationships between all of them since V isusualy large re-
lative to 7', and more importantly particular interest may be in atransformed sub-set x; of w,.
Hence econometric modelling will typically employ knowledge from economic theory and the
statistical properties of the observed x; to guide model specification. An econometric model
f. (+) for n < N variables x, implicitly derived from w; by marginalization, aggregation and
transformation is denoted by:

T
fX (X%"' | X07€> = fo (Xt | Xt—lag) where 6 = (617 "'7§k)l S - Rk (2)
t=1



when f,(x;|X;_1, &) is the postulated sequentia joint density at time ¢. It is assumed that
k < d and & represents the constant parameters postulated by the modeller, so any time-
dependent effects have been reparameterized accordingly (asin a‘structural time-seriesmodel’
re-represented as an ARIMA process: see Harvey, 1993).

From the theory of reduction (see, inter alia, Hendry, 1995, and Mizon, 1995a), there exists
alocal DGP (LDGP) for the chosen variables x; :

Dx (Xt|Xt717 d)) where d) = (¢17 ) ¢s)l S g R? (3)

which is derived from D,, (w,|-) by reduction. In general, f, () # Dy (), and this divergence
has to be taken into account when making inferences about £ (see inter alia Cox (1961) and
White (1982)). Indeed, the modeller is free to specify any form of f, () independently of what
process has actually generated the data which is amost always unknown. Precisely because
the form of the econometric model is under the control of the investigator it is important that
criteriaare employed to assist in the specification of models. Designing amodel to fully exploit
theinformation availableto theinvestigator isrequiring the model to be congruent, and ensuring
that itisat least asgood asitsrivals meansthat the model isencompassing. Both these concepts
are analysed in more detail below.

2.3 Nesting

Not only isit usual for an econometric model to differ from the LDGP, but there will often be
more than one econometric model to be considered for the analysis of a particular economic
phenomenon. For example, one parametric probability model for x; might consist of the family
of sequential densitiesindexed by the parameter vector 0 :

My ={g1 (x| Xi=1,81), PBr€ By CR™} (4)

when X, | = (Xg,xy,...,%1) = (Xp, X}_;), with X;, being initial conditions. Denoting
this probability model by M and considering the aternative probability model M, :

My = {gs (x¢| X¢-1,8,), B2€ By CR?} ®)
enables nesting to be defined.
Definition 1 (Nesting). M, is nested within M, if and only if M{C M.

Whenever M; and M, do not satisfy the conditions in this definition they are said to be
non-nested. A particular form of nesting that yields an heuristic explanation of nesting arises
when B; C By withp; < p,, sothat M isnested within M, asaresult of therestrictionsonthe
parameter spaces defining the reduction from 5, to 3. In this case both models are purporting
to represent the same probability distribution, but M is a parametric simplification of M.
Note though that one model being a parametric simplification of another doesnot by itself imply
that it is nested in the more general model - see Lu and Mizon (2000) and the discussion below
for more details. Throughout the paper M; and M, are used as generic alternative parametric
probability models of the same distribution, though the particular distribution will vary from
example to example.



When the purpose of modelling is to use econometric models to learn more about the re-
lationships amongst the elements of x; in the DGP (as in theory testing and economic policy
analysis) there is a premium to having an econometric model that provides a good approxim-
ation to the LDGP. Congruence, which is concerned with the relationship between a model f,
and the LDGP D,, isdiscussed in detail in section 5. When there is more than one economet-
ric model available it isimportant to have criteria for assessing their merits, especially if they
each appear to be congruent. Encompassing is concerned with the relationships between rival
models, and is discussed in detail in the next section.

3 Encompassing

Whether model sare nested or non-nested it isimportant to be ableto compare them and eval uate
thelir relative merits, and “ The encompassing principleis concerned with the ability of a model
to account for the behaviour of others, or less ambitiously, to explain the behaviour of relevant
characteristics of other models.” (Mizon (1984)). A model M; encompasses another model
M, if M, can account for results obtained from M,. In other words, anything that can be done
using M, can be done equally well using M, and so once M, is available M, has nothing
further to offer. These heuristic concepts are made more formal in the next two sub-sections.

3.1 Parametric Encompassing

The concept of encompassing considered in this paper isthat of population encompassing in a
Neyman-Pearson hypothesistesting framework, which isin accord with the approach in Mizon
(1984), Mizon and Richard (1986), and asformally defined in Hendry and Richard (1989). Un-
derlying all empirical econometric analyses is an information set (collection of variables or
their sigmafield), and a corresponding probability space. This information set has to be suf-
ficiently general to include all the variables thought to be relevant for the empirical implement-
ation of theoretical models in the form of statistical models. It is aso important that this in-
formation set include the variables needed for al competing models that are to be compared,
otherwise there can be non-comparabilities. Let these variables be x;, and the LDGP that gen-
erates these variables be the joint density D, (x;|X;_1, ¢) as defined in (3), at the particular
parameter value ¢ = ¢,. Also let a parametric statistical model of the joint distribution be
M, = {f,(x/|X,_1.&) €& € E C R} asdefined in (2). Let £ be the maximum likeli-

hood estimator of ¢ so that Eﬁg and ELD—PG>P£ (¢ho) = &, which is the pseudo-true value of £.

Note that the parameters of a model are not arbitrary in that M, and its parameterization £ are
chosen to correspond to phenomena of interest (such as elasticities and partial responses within
the chosen probability space), although there may be observationally equivalent parameteriza-
tions. Equally, estimationisan issue separate from that of model specification, and in particular
an arbitrary estimation method does not define the parameters of amodel. Given aparticular set
of parametersthere usually exist good and bad estimation methods for them, some of which are
consistent and efficient, whilst others are inconsistent etc. The parameterization is an integral
part of the specification of amodel, and in many circumstances can be related to the moments



of the variables x;. Given the specification of the model M, the probability limit under M, of
the maximum likelihood estimator E (the optimal estimator under M ) definesthe parameter £.
However, in genera & will differ from its pseudo-true value &, as a consequence of inadequate
specification of M,.

With these definitionsit is possible to give amore formal definition of encompassing in the
present context.
Definition 2 (Encompassing). M; encompasses M, (denoted M. EM,) with M; =
{n (x| Xi21,81),.81 € Bi C R} and My, = {9y (x|Xy-1,8:) .8 € B, C R} if
and only if By, = by (B1o) When 3y, is the pseudo true value of the maximum likelihood
estimator 3; of 3; i = 1,2, andb,,(By,) isthe binding function given by ﬂ2—>b21(ﬂ10)

(See Mizon and Richard (1986), Hendry and Richard (1989), and Gourleroux and Monfort
(1995))

Note that this definition of encompassing applies when M; and M, are non-nested as well
asnested. However, Hendry and Richard (1989) showed that when M; and M, are non-nested
M1 E M, isequivalent to M, being avalid reduction of the minimum completing model M. =
MU Mj (sothat My, My C M.) when M; isthe model which representsall aspectsof M,
that are not contained in M;. When this condition is satisfied M is said to parsimoniously
encompass M. aconcept to which attention isturned in the next sub-section.

3.2 Parsimonious Encompassing

Let M, be a sub-model of M, (as defined in section 3.1) which has the form M, =
{fs (x| Xi-1, ) € A C R*}withn =k —r, 7 > 0 being the number of linearly
independent restrictions on = which define A. Notethat M, C M, asaresult of dimensionre-
ducing constraints on the parameter space. Further, let the - constraint equationsbe v (£) = 0

which are such that rank ( 5 5,>£ = r, and consider the isomorphic reparameterization A of
0

€A =A(€) = (M(E). A(€)) = (o, (€)') which is such that rank (35,> = k and
(A1, A2) € Ay x A, (see Sargan (1988) for discussion of such areparameterlzatlon) Hence
A={a| a=X(£) suchthaty (¢) = 0 V& € =}. With this notation it is possible to
define parsimonious encompassing in the following way.

Definition 3 (Parsimonious Encompassing). M, parsimoniously encompasses M with re-
spect to & (denoted M, E,(€)M,) if and only if ¢ (§) = 0 and M ,E (&) M,.

Hencewhen M, &, (&) M, theformer model isavalid reduction of thelatter, and so efficient
inference on « can be obtained from M. Thisinterpretation of parsimonious encompassingis
used in section 5 to provide aformal definition of congruence.

Note that whenever M; C M, and M;EM, then M, E,M,. Also whenever M; and
M, are non-nested, but M;E M., then M, E, M. with M, = M;U Mjy. Hence parsimo-
nious encompassing plays an important role in the comparison of alternative models whether
they are nested or non-nested. Thereforeit isrelevant to ask whether thereis a separate role for
encompassi ng as opposed to parsimoni ous encompassing: that thereiscan be seen fromthefol-
lowing argument. Parsimonious encompassing isthe property that amodel isavalid reduction



of amore general model. Noting that in practice, particularly if a general-to-simple modelling
strategy is adopted, the general model will embed the different econometric model simplement-
ing rival economic theoriesfor the phenomenon of interest, searching for the model that parsi-
moniously encompasses the general model is specification searching amongst models nested
within a common general model. If after completing a modelling exercise and having determ-
ined which model is preferred, further information becomes available, this raises the question
as to whether the existing results are robust to the extension of the information set. The fur-
ther information may take the form of new a priori theories which imply an extension of the
information set to embrace the empirical modelsimplementing these new theories. Testing the
preferred model’ s ability to encompassthe newly availablerival models (which can be done us-
ing non-nested test statistics) isaform of misspecification testing. Indeed it can be interpreted
astesting the adequacy of theinformation set originally chosen for the modelling, against exten-
sions suggested by rival theories. However, given that one degree of freedom non-nested test
statistics (such as those of Cox, 1961 and Davidson and MacKinnon, 1981) have low power
against awide range of alternatives (see e.g., Mizon and Richard, 1986) therewill alwaysbe an
argument for re-commencing the modelling with a more general information set.

The above analysis has indicated that underlying all encompassing comparisons there is a
general model which hasthe rival models as simplifications of it. Thisgeneral model might be
one of the rival models which nests all itsrivals, or it might be a completing model providing
the statistical framework for model comparison. The next section discusses the relationship
between encompassing and general models.

4 Encompassing and General Models

Thetheory of reductionimpliesthat for thevariablesinx, thereisalocal DGP D, (x;|X;_1, ¢),
which then by definition encompasses all econometric models of the same distribution having
theformf, (x;|X; 1, &). Therefore, it might be expected heuristically that ageneral model will
encompass simplifications of itself. Indeed Hendry (1995) states:

“ A general model must encompassa special casethereof : indeed, misspecification analysis
could not work without thisresult.”

However, that this need not always be the case was pointed out by Gouriéroux and Monfort
(1995) who state:

“ Amodel M, nesting a model M; does not necessarily encompass M;.”

In the following sub-sections four examples are presented of general models failing to en-
compass algebraic simplificationsof themselves. Possiblereasonsfor thisphenomenon arethen
discussed.

4.1 A linear parametric example

Consider the two linear models M; and M, of the conditional distribution y; | =z, u, defined
by:

My ooy = Ba+ Qi Cie ~ N(0, 031)

Myt =z +bu+ey e ~N(0,02)



where (z;, u;) areindependent and identically distributed variables, with (;;, and =, asserted to
be zero mean, constant variance Gaussian white noise processes, and the parameters f and n/ =
(7, 6) belong respectively to RT and RT x R*. Clearly, M; seemsto be nested within M, in
the sense that M corresponds to the special case of M, in which 6 = 0, and the parameter
gpace for 5 isincluded in that of 7. Then, M, should be able to explain the results of its own
sub-model, and so encompass M ;. However, in generd, thisis not the case.

In the framework of Gouriéroux and Monfort (1995), who proposed this example, whether
or not M, encompasses M depends on the DGP. For example, if the DGP were non-linear of
the form:

Po oy =mo(ze,u) + vg v, ~ N(0,07) (6)

then M; and M, are misspecified, and the pseudo-true value 3, of 5 under P, is the
L?—projection of mg(z;,u;) onto the half line A, defined by {3z, (>0}, and m,
the pseudo-true value of = is the corresponding projection onto the cone C., defined by
{vz + duy, 7,6 > 0} (seefigure 1 of Gouriéroux and Monfort (1995)). The M, —pseudo-

~

truevalue g, =plim () = [(m,) of Fisingenerd differentfrom 5, (i.e. Sy = (o) # ), SO
M

that M, does not ezncompasle ingeneral. Gouriéroux and Monfort (1995) further argue that
MyE M will occur though for those particular forms of the DGP inwhich 5, = () = .

One possible interpretation of this result is that whether or not a model encompasses a
simplification of itself depends fortuitously on the nature of the unknown DGP. In this vein
Gouriéroux and Monfort (1995) argue that whenever the unknown DGP is nonlinear then the
law of iterated projectionswill not apply in general, and so alarger model may not encompass
an algebraic simplification of itself, asin the above example. However, if in the above example
the parameter spaces are unrestricted so that 5 € R and w€R? and the assumption that z; and u;,
are identically independently distributed is dropped, but M, now includes the false assertion
that z, and u; are orthogonal, then even if the DGP were linear M, would fail to encompass
M. This example, was used by Govaerts, Hendry and Richard (1994) and Hendry (1995) to
discuss the apparent anomaly of some modelsfailing to encompass algebraic simplifications of
themselves. The conclusion drawn by these authors was that as a result of the false assertion
that z, and u, are orthogonal, M; and M, are non-nested - the orthogonality hypothesis hav-
ing no rolein M despite it being a part of the specification of M. Hence the problem is not
simply associated with nonlinear DGPs. In particular, by reconsidering the models from the
perspective of the joint density of (v, 2, u;), Hendry (1995) argues that the conditional model
associated with M is not nested within the one associated with M.

The anomaly for the linear example presented in this sub-section has a nonlinear counter-
part, as shown in the next sub-section.

4.2 A Nonlinear Parametric Example

L et the two non-linear conditional models M and M, be defined as:

M, v = fa(z, B) + Ca
My Ye = fo(2e,7) + g2(ue, 0) + €94



where f,and g, are two regular functions defined on Rx R. Since M; isaspecial case (g, = 0)
of M it would appear to be nested in it, but it is not in general encompassed by M. The re-
strictionson theform of M, namely that the conditional mean of y; isadditively separablein z;
and u;, will result in M, failing to encompass M; whenever the DGP does not have this prop-
erty. For example, were the DGP to have the form of (6) then M,E M will not hold, because
the pseudo-true values of /5 under P, and under M, differ, and so f; (2, o) # fo (21, 52). Here
again, the situation in terms of pseudo-true values, may be viewed as a sequence of projections
which lead to different values of f,. Hence the failure of M,& M, to hold arises because of a
false auxiliary hypothesisinvolved in M., which can be interpreted as rendering M, and M
non-nested.

4.3 Comfac Example

Mizon (1993) in the process of illustrating the importance of modelling in aframework which
has a congruent general model, produced the following illustration of a model failing to en-
compass an agebraic simplification of itself (the example is explored in more detail in Mizon
(1995b)):

My oy =02+ G

Mo ye=pye 1 +720— pr2e1 +ex
in which z, is awhite noise process with constant variance o distributed independently of (s,
and =3;. In this example it appears that M, is nested within M, with the restriction p = 0
rendering the models equivalent. However, when the DGP liesin the class of densities charac-
terized by the stationary (| « |< 1) linear partia adjustment model:

Po: ye =y 1+ Bz + vy

the pseudo-true value of s5is by = (3, whereas the pseudo-true values py and ~, of p and 7
respectively are given as the solutions of the equations:

po—a=—ay (v -0/ —26%+05/(1—a?) al]
Yo — B =—afpy/ (1+p)

The solution for v, is:
Y0 =0 [(L+p5) = ano] / [L + p]
when pg isaroot of the fifth order polynomial:

aZ® + 072" +cZP +dZ* +eZ + f =0

with:
a= o + Fola’ — (Po? b= Foia — act — f*ola?
c=—23%0%+203%2a® + 202 d= —2a0} - 203%2a’ + 230
e =—3%0%+ fo2at + o} f = p3*ca — acl — *02a’

Further, the M,—pseudo-true value of 5isdy = Y, but vo = g if and only if & = 0 inwhich
case py = 0, i, +i thusimplying that M,E M, if and only if the DGP liesin the class of static
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densities - the four roots on the unit circle are ruled out by the stationarity condition. Hence in
genera 6, = 7y # [ and so M, does not encompass M despite the latter being an algebraic
simplification of the former. Mizon (1995b) attributed thisfailure of M, to encompass M; to
the false common factor auxiliary hypothesisimplicit in M., rendering it non-nested relative to
M, since the latter model does not involve the common factor hypothesis.

Similar anomalies can arise in a nonparametric context, as the next sub-section shows for
two nonparametric regression models.

4.4 A Nonparametric Example

Let M, and M, be two conditional models defined with respect to the conditional distribution
yi| o(z, u,) but without any specified parametric form, when o(z;, u,) isthe sigmafield gen-
erated by z; and u,. M, hypothesises that the conditional mean only includes z;, whilst M,
excludesthe variable z; :

My o Elye oz u)] = Elye | o(2)]
My o Elye | o(z,u)] = Elye | o(u)]

Defining the functions f, and ¢ to be the following conditional expectations :

f() = E[?Jt|3t
9(-) = Ely|w

yields the nonparametric non-nested regression models :

=
=

My v = f(z) + Ca
My v = g(ug) +ea

In this context a natural nesting model is:
M oy = m(Z’u Ut) + Nat

where
m(ze, ue) = E[ye | (2, u4)]

which as aresult of unrestrictedly conditioning on both z; and «, nests both M; and M. In-
deed, M isconditioned on the sgma-field o (2, u;), generated by the variables (z;, u;), and so
will encompassall nonparametric sub-model sdefined by hypothesesrelating o (z;, u, ) to sigma-
fieldsincluded within it. Consequently, M will encompass M and M, whatever the DGP s,
provided that the conditioning on o (z;, u,) isvalid.

A situation similar to the previous parametric ones, arises in considering the alternative
‘nesting’ model M’ :

My = f(z) + g(u) + 1

Inthiscase, M, correspondsto the special casewhere g = 0, and M, correspondsto the special
casewhere f = 0, and so they appear to be nested in M. However, asaresult of incorporating
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the restriction of additive separability in its specification M’ does not nest either M, or M,
both of which are defined with respect to the distribution v, | o(z;, u;) with o(z;, u,) unrestric-
ted. So M’ will not encompass the sub-models M and M,. This problem can be described
aternatively as one in which M’ isbased on S’, the union of the sigmafields o(z;) and o (u,),
and as such is not asigmafield itself without the restriction of additive separability.

The next section provides a formal definition of congruence, which is then shown to be a
sufficient condition for the anomaly discussed in this section not to occur.

5 Congruence

Congruence has been discussed in numerous places such as Hendry (1985), Hendry (1987),
Hendry and Mizon (1990), and Mizon (1995a). From Hendry (1995) it can be defined in the
following way.

Models are said to be congruent when they have:

homoscedastic, innovation errors,

weakly exogenous conditioning variables for the parameters of interest;
constant, invariant parameters of interest;

theory consistent, identifiable structures;

¢ data admissible formulations on accurate observations.

Thus, for example, if M, = {f, (x;|X; 1,£) € € E C R} iscongruent it will be the-
ory consistent (coherent with a priori theory), data coherent (coherent with observed sample
information), and data admissible (coherent with the properties of the measurement system).
Detailed explanations of each of these conditions, including discussion of how they might be
tested, can be found in Hendry (1995) and Mizon (1995a). Theory consistency does not require
that the model conform in all aspectsto a very detailed statement of atheory, such as one asso-
ciated with an inter-temporal optimization problem. Rather it requires that x; incorporate the
relevant set of variables (transformed if necessary) to enable alternative densitiesto be specified
that include the parameters of interest. Alternatively stated, a congruent model will be coherent
with low level theory, and will provide aframework within which the hypotheses of high level
theory can betested. Therequirement that the model errorsareinnovationswith respectto X;
ensures that all the information contained in linear functions of X,_; has been fully exploited.
If thiswere not the case, then thereisinformation already available that could improve the per-
formance of the model, that is currently not used. Note that this requirement does not rule out
the possibility of specifying the model error to be generated by a moving average process, such
asn, = ¢ + fe, 1 for which 7, isnot an innovation. What isrequired in such a case is that the
white noise error ¢; be an innovation with respect to X, _;.

In each of the exampl esdiscussed in section 4 M isnot coherent with the * observed sample
information’ and so is not congruent. If the feature of each of these M, models that |eads to
the lack of congruence were removed, then they would each encompass the corresponding M;
model. Accordingly it would appear that a general model M, which is congruent will encom-
pass asimple model M, that it nests. This surmise will be proved below as a corollary to the
following formal definition of congruence.
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Theinterpretation of parsimoniousencompassing presented in section 3.2 immediately sug-
gests the following definition of congruence.
Definition 4 (Congruence). A theory consistent, data admissible model
M, = {f, (x;|Xi-1,€), € € E C R} iscongruent if and only if M ,E,(¢)LDGP at the
point ¢ = ¢ whenLDGP = {Dy (x;|X;_1, ¢), ¢ € ® CR*}, whichmeansthat M, isavalid
reduction of the local DGP. Equivaently M, is congruent if and only if p,(¢o) = O when
= u(d) = (u(d), na(9)) = (€, ma()) is an isomorphic reparameterization of ¢ with

(%) ,, having full rank

Congruence therefore requires amodel M,, in addition to being data coherent (u2(¢o) =
0), to be defined with respect to a probability space that has a density function f, (x;|X;_1, &),
a set of variables x;, and parameterization &, that are capable of being (low level) theory con-
sistent and data admissible. Though many modelsthat are commonly used in econometrics are
linear in variables and parameters, it is conceivable that the unknown LDGPs are nonlinear.
Whilst finding a congruent nonlinear model would be invaluable, in its absence linear approx-
imations may capture the main features of the data sufficiently well for there to be no evidence
of non-congruence. Indeed such linear econometric models can be highly effective vehiclesfor
economic analysis using available information, despite not being observationally equivalent to
the LDGP. Further positive consequences of amodel being congruent are considered in the next
two sub-sections.

5.1 General Models, Encompassing and Nesting

From the example of Gouriéroux and Monfort (1995) discussed in section 4 it might appear
that whether a parametrically more general model will encompass a simplification of itself de-
pends fortuitously on the nature of unknown LDGP. However, this ignores the possibility that
models can be designed to ensure that they encompass simple cases of themselves. Although
Gourieroux and Monfort argued that the LDGP can be such that M, doesnot encompassits sub-
model M, they also provided azone which defines aclass of LDGPswhich will enable M, to
encompass M. Since the LDGP is unknown and cannot be designed (except in situationslike
Monte Carlo simulation experiments), whereas model s are artifacts that can be designed to have
particular characteristics, it seemsnatural to consider what design featuresare required for mod-
elsto encompass simplifications of themselves. Heuristically acongruent nesting model can be
expected to encompass al sub-models of itself. Hence if a general model fails to encompass
asimplification of itself it is possible that this has arisen as a result of the general model not
being congruent or not nesting the simplification, or both. The examples in section 4 suggest
that one model will encompass an algebraic ssimplification of itself if and only if there are no
false auxiliary hypotheses implicit in the nesting model, which are not also an integral part of
the ‘nested’ model. When a general model M, is data coherent (i.e., 2 (o) = 0), itisavalid
reduction of the LDGP and so will be able to explain the properties of all models nested within
it, as the following lemma records.

Lemma5. Since adatacoherent model isa valid reduction of the LDGRF, and by definition the
L DGP encompasses all models defined on the same probability space, a data coherent model
will encompass all models nested within it.
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A direct consequence of thislemmaisthe following corollary.

Corollary 6. Sinceacongruent model is data coherent, it too will encompass all models nested
withinit. (i.e. if py(¢o) = 0 then M,EM,; Y M,; C M)

Hence congruence is a sufficient condition for a model to encompass models nested
within it, and so provides a sufficient condition for the absence of the anomaly pointed out
by Gouriéroux and Monfort (1995). The fact that it is not necessary is illustrated by the
following example. Let the set of variables agreed to be relevant for a particular problem be
(y¢, ¢, 21, ug) , and for the parameters of interest let (v, 2, u;) be weakly exogenousvariables,!
so that the LDGP liesin D(y; | 4, 2, u¢) . Consider the models:

My oy = Pre+ Qi Cie ~ N(0,02)
Myt oy =vu 40z +e e~ N(0,02)

and note that in general M, isnot congruent since it wrongly excludes ,, and so isnot avalid
reduction of the LDGP. However, if it were the case that «; were orthogonal to both x; and z;,
then M, would encompass M despite M, not being congruent.

Further note that since congruence is a sufficient condition for the absence of the anomaly
it will be possible for a non-congruent nesting model to encompass some, though not all, nes-
ted models. In fact, given that congruence cannot be directly established (see the discussion of
testing congruence below) it isfortunate that congruence is a sufficient, but not necessary, con-
dition for M ,EM, when M, C M,. Equally, athough congruence and nesting ensure that
the nesting model encompasses the nested model, nesting al one does not ensure encompassing.

5.2 General-to-specific Modelling

In addition to providing asufficient condition for theanomaly noted by Gouriéroux and Monfort
(1995) not to occur, congruence providesjustification for the modelling strategy which seeksto
evaluate alternative model s of the phenomenon of interest in the framework of acongruent nest-
ing model - see Hendry (1995), Mizon (1977b), Mizon (1977a) and Mizon (1995a). The above
definitions, lemma, and corollary indicate that a good strategy to avoid misleading inferences
is to test hypotheses such as M E,(8). M, only when M, is congruent. Equally, they make it
clear that the equivalence M,EM, <= M;E, M, requires M, to be congruent, or at least
data coherent (cf. Hendry and Richard (1989) and Hendry (1995)). Also note that since p(¢)
is an isomorphic reparameterization of ¢ it followsthat € and ., are variation free, whichisa
convenient property for amodel like M, to have given that the LDGP isin general unknown.
However, despite £ and p, being variation free, fully efficient inference on £ can only be ob-
tained from M, if it iscongruent, that iswhen p, = 0. It istherefore important to test models
for congruence.

6 Testing Congruence

Unfortunately, the definition of congruence is non-operational since the LDGP (and hence its
parameterization) are unknown, so that a test of the hypothesis u,(¢y) = Oisnot feasible. To

IThisis not an essential feature of the example, but simplifies the presentation.
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the extent that part of w5 isknown it would be possibleto conduct a partial test of congruence,
and this would be in the spirit of misspecification testing. Indeed, the fact that only a subset
of p, might be known, and hence part of the condition for congruence testable, reflects the fact
that at best itisonly possibleto test necessary conditionsfor congruence. A commonly adopted
strategy for testing congruenceisto test the adequacy of amodel against misspecificationin par-
ticular directions, such as having residual sthat are serially correlated and heteroscedastic, there
being invalid conditioning, and parameter non-constancies. Indeed thisisthe basis of the defin-
itions of congruence given in, for example, Hendry (1995) and Mizon (19954d). In the present
context misspecification testing applied to M, in order to assess its congruence can be charac-
terized astesting the m hypotheses p; = 0 for M gﬁp/\/l; when the augmented modelsare given
by ./\/l; = {f; (x; | Xi_1;€,0i) , € € B, p,€R}, with f; (x¢ | X4—1:€,0) =1, (x4 | Xy—13€) Vi
and the p.s might be residual serial correlation coefficients, parameter changes, or heterosce-
dasticity parameters. Note that in cases were p,(¢,) # 0 the non-congruence of M, can ex-
hibit itself in many different p}s being non-zero. For example, ashiftin along run equilibrium
of a system often results in serially correlated residuals. This illustrates the well known fact
that it is often (usually) inappropriate when an hypothesis p; = 0 (such as zero residual serial
correlation) is rejected, to modify the tested model M, in the direction of the alternative hy-
pothesis for the misspecification test (e.g. by introducing a serially correlated error process).
See inter alia Mizon (1995b) for further discussion of this point. In the present context notice
also that for atest of misspecification not to yield potentially misleading information it is ne-
cessary that the completing model /\/li7 encompass M ,. This accords with the quotation from
Hendry (1995) given in section 4, but note that M, C M, does not ensure that M; EM,,. To
the extent that the misspecification hypotheses p;, = 0 for i = 1,2, ...m are not orthogonal to
each other this poses a problem. Were each M; congruent the problem would disappear, but
fortunately congruence of M isnot essential for misspecification testing of M, provided that
the investigator does not adopt M, asthe preferred model if p; = 0 isrejected.

Sincethe LDGPisnot known thusimplyingthat 1. (¢) isunknowable, whereas ¢ can bees-
timated, the following restricted definition of parsimonious encompassing might be considered
asthe basis for an alternative way to test congruence.

Definition 7 (Restricted Par simonious Encompassing). Mode M, parsimoniously encom-
passes another model M, with respect to o, (M E,(a) M) if and only if :

e M;C M,
e M, ()M,

Note that the encompassing comparison is made with respect to a., the parameter of the nes-
ted model M, rather than £ of the nesting model M. However, the implicit null hypothesis
(see Mizon and Richard, 1986) associated with this definition has the same basic form asthat of
aHausman specification test statistic Hausman (1978), namely the hypothesis that the contrast
between the pseudo true value of o in M, and that of o in M, (when £ is reparameterized
as¢ = (o, ') iszero. Hence this hypothesis does not define a valid reduction from M,,.
Indeed, as shown by Holly (1982), the implicit null hypothesis holds if either (i) ¢ (¢) = 0

or (ii) plimy7_ (T*1%> = 0. The fact that (ii) does not ensure that M, contains all in-

formation relevant for inference on o highlights the limitation of this approach. Thisis there-
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fore not apromising route for testing for valid reductionsfrom afully specified alternative (e.g.
M, E,(&)M,), and thus not for specification testing. On the other hand when M, is not a ser-
ious alternative to M but smply a vehicle for testing the adequacy of M, then testing the
hypothesis M &, (o) M, can be useful asamisspecification test. Hencetherole of such restric-
ted parsimonious encompassing hypotheses seems to lie in misspecification testing rather than
specification testing (see Mizon, 1977afor discussion of thisdistinction). Thusthereisapoten-
tial role for testing restricted parsimonious encompassing hypotheses of the type M, &, (€ )M;
when M isnot aserious alternative to M, but smply avehicle for indirectly testing the con-
gruence of M,.

7 Empirical [llustration

Asameans of illustrating many of the concepts discussed in this chapter this section contains
analysis of data generated from an artificial LDGP. Using artificial data, rather than observed
macro time series data, has the advantage of allowing the LDGP to be designed precisely to il-
lustrate the chosen concepts. In particular, the LDGP isknown, asis the equival ence set of rep-
resentationsfor it, and thusfor thisspecial circumstance they provide clear benchmarks against
which empirical models can be compared. For the particular sample of data generated, the al-
ternative representations of the LDGP which are known to be observationally equivalent can be
estimated. In addition, there are other empirical models, which despite not being observation-
ally equivalent to the LDGP, display no evidence of misspecification, and so cannot be rejected
as congruent models.

Consider asituation in which the variable to be modelled y;, and an unrelated (and thus non-
causal) variable z;, are generated by:

< Yt > _ < a 0 > ( Ye—1 > n < €1r+ 06141 >
2t 0 0 Zt—1 €2t (7)

when (e 4, ez,t)’ = ¢ ~ NI(0,1,). Hencey, isgenerated froman ARM A(1, 1), and z, from an
independent white noise process. An observationally equivalent representation of this LDGP
isgiven with thefirst equation of (7) replaced by:

Yy = Z Qi1 + €1 (8)
i=0

with ¢; = (—0)'[a + 0]. Notethat ¢; — 0asi — oofor| o |< 1and| 6 |< 1 sothat a
finite order autoregression will give a good approximation to (8) under these conditions. Fur-
ther, although this particular LDGP has two observationally equival ent representations, the one
involving the moving average error format in (7) might be preferred on grounds of parsimony
if the LDGP were known. In fact, this ARM A(1,1) format was used to generate the sample
of 7" = 100 observationson y; and z; (with « = 0.9 and # = 0.5), rather than the less tractable
AR(00) representation in (8). However, in practice the LDGP is not known and the best that
can be done isto compare the relative merits of alternative empirical models.
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The following analysisillustrates how it is possible to find more than one empirical model
for which in the sample there is no evidence of misspecification so that the hypothesis of con-
gruence is not rejected, even though al but one of the models differ in the population from the
L DGP. Hence, although in the popul ation acongruent model isobservationally equivalent tothe
LDGP, amodel for which the hypothesis of congruence has not been rejected need not be equi-
valent to the LDGP. However, an important feature of models that are empirically congruent
is that they are indistinguishable from the LDGP on the basis of sample information. Further
empirically congruent models have properties in the sample similar to those of the LDGP in
the population, namely: (i) they will encompass models nested within them; (i) they provide a
valid basis against which to test reduction or simplification hypotheses; and (iii) they are ableto
successfully predict the properties of other models (see Hendry, 1995 for a discussion of mis-
specification encompassing).

Consider the following classes of empirical model:

Myt gy =01+ By +ure + iU
My yp =09+ Z?Zl ﬁ2,iyt7i + Z?:o )\2,izt—i + ug ¢ (9)
Ms: oy =03+ Z?Zl B3:Yi—i + Uz

M;yisan ARM A(1,1) andincludestheLDGPat 6; = 0, 5; = 0.9and~; = 0.5, plusE(u, ;) =
0, Cov(uyy,urs) =0t # s,and V(uy,) = 1. M, isan autoregressive-distributed lag model
AD(4,4),and althoughit doesnot includethe LDGP so it isnot congruent in the popul ation, the
hypothesis of congruence is not rejected in sample. M3 isafifth order autoregression AR(5),
which neither includes nor is equivalent to the LDGP, but is afinite order truncation of (8). As
apreliminary to considering simplifications of them, these three models are now estimated and
diagnostic statistics used to assess the evidence for their misspecification.

First, the LDGP, M, was estimated and the particular sample evidence for misspecifica-
tion assessed. The parameter point estimates and standard errors and the residuals u, ; were
calculated using the exact maximum likelihood estimation option for linear regression models
with moving average errorsin Microfit (see Pesaran and Pesaran, 1997). The diagnostic statist-
ics were calculated in PcGive (see Doornik and Hendry, 1996), which was used together with
PcGets (see Krolzig and Hendry, 2000) for the other results reported in this section. The dia-
gnostic statistics reported are: single equation residua standard deviations 5, F,.(p, -) alLag-
range multiplier test of p'* order residual serial correlation, F;,., atest of residual heteroscedasti-
city, F,..»(q,-) atest of ¢'* order residua autoregressive heteroscedasticity, 2, (2) atest of
residual normality; AIC the Akaike information criterion, and SC' the Schwarz information
criterion (see Hendry and Doornik, 1996 for more details).

Y = — 0.1522 4+ 0.9188 vy + uy 4+ 0.4483 Uy 44
(0.164) (0.041) (0.093)

R? =0.919, s = 1.0357, T =99, AIC = 0.100, SC = 0.179 (10)

F,.(5,93) = 0.24[0.94], F,,.(4,90) = 0.70[0.59]

Fret(2,94) = 0.29]0.75], \2,,.m(2) = 0.21[0.90]
The point estimates of 6, « and ¢ are close to, with none of them significantly different from,
their population values, and there is no evidence of misspecification in the model. Hence this
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particular sample of datais capable of providing accurate estimates of the LDGP, and does not
give any indication of non-congruence viathe reported diagnostic statistics.
The estimates for M, are:

Ye = — 0.075 + 1.40 y;_1— 0.59 y;_o+ 0.10 y;_3+ 0.03 y;_4
(0.12)  (0.11) (0.19) (0.19) (0.11)

+0.06 z— 0.16 2,1+ 0.01 2 o+ 0.002 2, 34 0.04 2, 4
(0.11) (0.11) (0.11) (0.11) (0.11)
(11)
R*=0.924, s = 1.0313, T = 96, AIC = 0.160, SC = 0.427
For(5,81) = 0.30 [0.91], Fien(4,78) = 0.92 [0.46]
Fiet(18,67) = 0.88 [0.61], \2,,,,(2) = 0.17 [0.92]

Again there is no evidence of misspecification in this estimated model, so M, also provides a
valid basis from which to test the validity of reductions. Note in particular that M, includes
the irrelevant non-causal variables z;, z;_1, ...z;_4, none of whose estimated coefficientsis sig-
nificantly different from zero. In addition, the estimated coefficients of v,_; and y,_, are close
to¢p; = 1.4 and ¢, = —0.7, whilst those of y; 3 and 3, 4 corresponding to ¢; = 0.35 and
¢y = —0.175 are not significantly different from these values or zero. The fact that none of
the diagnostic statistics indicates non-congruence implies that the fourth order autoregression
within M, provides a good approximation to LDGP,

The results from estimating M3 aso yield a model with no evidence of misspecification,
and suggest that an AR(2) provides a good representation of these sample data.

Ui = —0.08 +1.39 y; 1— 0.61 y; o
(0.12)  (0.11) (0.19)

s 000 vt 02
(0.20) (0.19) (0.11) (12)
R?=0.920, s = 1.0278, T = 95, AIC = 0.116, SC = 0.277
For(5,84) = 1.53 [0.19], Firen(4,81) = 1.102 [0.36]
Fiet(10,78) = 0.82[0.61], \2,,,,.(2) = 0.29 [0.86]

On the basis of results so far it is concluded that:

(a) estimating ‘genera’ modelsinvolving the available datafor v, and z; yieldsthree models
for which the hypothesis of congruence is not rejected, only one of which is equivalent
tothe LDGP;

(b) theirrelevant non-causal variables z;, z; 1, ...z, 4 arenot falsely indicated to be relevant;

(c) theinformal general-to-specific modelling within the autoregressive-distributed lag class
of model reported above works well;

(d) estimating.M; whichincludesthe LDGPworksbestintermsof point estimatesand good-
ness of fit adjusted for loss of degrees of freedom in higher dimensional parameterizations
- seethe AIC and SC' values.

Although the use of information criteria to choose amongst congruent models as referred
to in (d) leads to the choice of M, it isclear that both M, and M3 can be ssimplified and so
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further evaluation of their meritsisin order. Notethat M, M, and M are non-nested models
and so strictly are only aternatives to each other in the context of an embedding model, such
as the minimum completing model:

My yp =04+ Z?:l Baile—i + Z?:o Aa,iZi—i + Usae + Yallar—1 (13)

whichisan AD(5,4)M A(1). When estimated using Microfit, thismodel too exhibited no evid-
ence of misspecification as the following results show.

pe= =012+ 07T oyt 0.31 yio— 033 yogt 013 yoat 0.02 s
(0.19)  (0.19) (0.23) (0.16) (0.13) (0.1

+ 0.06 z;— 0.13 2,1 — 0.06 2o+ 0.03 2z;_3+ 0.03 2,4 + Ug+ 0.65 Uy
(0.11) (0.13) (0.13) (0.13) (0.10) (0.17)

R?=10.924, s = 1.0362, T =95, AIC' = 0.188, SC = 0.511

F,.(5,78) = 0.99 [0.43], F,.,(4,75) = 1.33[0.27]

Fet(20,62) = 0.73 [0.78], x2,,.m(2) = 0.16 [0.93]
(14)
It is important to note that typically models with moving average errors will only be con-
sidered if a general model with such an error is specified. In fact, regarding M, and M3
as alternative general and unrestricted models (GUMS), it is seen that it is possible to get
GUMswhich exhibit no evidence of non-congruence without specifying moving average errors.
However, for these sample dataonce the M A(1) error specification is entertained the estimated
moving average coefficient remains significant in all simplifications that have no evidence of
misspecification. Indeed, applying a smplification strategy of sequentially deleting the least
significant variable until al remaining variables are significant, results in M; being selected.
If the M A(1) error specification isnot considered then the minimum completing model for M,
and Mjzisan AD(5,4), whichis(13) with v, = 0. Denoting thismodel as M and estimating

it yields the following results, which also reveal no evidence of misspecification:

~

yp= — 0.08 4+ 1.40 y; 1— 0.58 y; +007yt 3+ 0.06 vy 4— 0.01 y; 5
(0.13)  (0.11) (0.20) (0.21) (0.20) (0.11)

+0.06 z— 0.16 2,1+ 0.02 25+ 0.01 25+ 0.03 24
(0.11) (0.11) (0.11) (0.11) (0.11) (15)
R*=0.922, s = 1.0416, T = 95, AIC = 0.190, SC = 0.486
For(5,79) = 1.22 [0.31], Fuyen(4,76) = 0.91 [0.47]
Fret(65,18) = 0.75 [0.76], \2,,..(2) = 0.21 [0.90]

For model sin the autoregressive-distributed class acomputer-automated general -to-specific
modelling strategy has been implemented in PcGets (see Krolzig and Hendry, 2000), and this
was applied to M. The computer program PcGetsfirst testsa GUM for congruence, then con-
ducts variable elimination tests for ‘highly irrelevant’ variables at a loose significance level
(25% or 50%, say) in order to simplify the GUM. The program then explores the many paths
that can be used to simplify the GUM by eliminating statistically-insignificant variables on F-
and t-tests, and applying diagnostic tests to ensure that only valid reductions are entertained.
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This ensures that the preferred model in each path is congruent. Encompassing procedures and
information criteria are then used to select a model from this set of congruent models. As afi-
nal check of model adequacy, the constancy of the chosen model across sub-samplesis tested.
Using M as a congruent GUM, and applying PcGets finds the following AR(2) (denoted by
M below) asa unique valid reduction:

Gi= —0.11+ 134 y_1— 0.41 y,_s
(0.12)  (0.10) (0.10)
R? = 0918, s = 1.0230, T = 95, AIC = 0.077, SC' = 0.157 (16)

For(5,87) = 0.76 [0.58], Firen(4,84) = 1.31 0.27]
Fioet(4,87) = 0.23[0.92], \2,,..(2) = 0.67 [0.72]

Hence the application of PcGets to these data selects Mg as a congruent reduction of M.
Thisisin conformity with the resultsin Hendry and Trivedi (1972) and Hendry (1977) which
note that an M A(p) is well approximated in terms of goodness of fit by an AR(p), so that an
ARM A(p, q) will bewell approximated by an AR(p+ ¢). Inthecaseof M; p = ¢ = 1 sothat
the AR(2) in M is expected to provide a good approximation to M.

Given that My, M, ...Mg are al empirically congruent it is interesting to compare their
goodnessof fit and thevaluesof the A7C and SC information criteria. From inspection of Table
1 the best fit, as judged by the residual sum of squares (R.SS), is obtained as to be expected by
the most profligate parameterization, namely M,. The other over-parameterized models M,
M, and M3 aso perform well in goodness of fit. However, these four models are strongly
dominated in terms of information criteria by M; and Mg, with M being preferred to Mg
despite each model have three parameters plus the residual variance to be estimated.

Table 1

AIC SC RSS  Rank
My 0.04266 0.09643 95.0531 1
My 0.159973 0.42709 91.46786 4
Ms 0.115911 0.27721 94.01662 3
M, 0.18867 0.51127 89.1141 5/6/6
Ms  0.19012 0.48583 91.14155 6/5/5
Mg 0.05630 0.10973 97.41528 2

The results for these estimated models can also be used to illustrate that a congruent model
will be able to predict the properties of other models, particularly those nested within it. For
example, M (an AR(2)) whichisempirically congruent and avalid reduction of Ms, predicts
that the errors of thefollowing parsimoniousmodels AR(1), AD(1,1), AD(1,0) and AD(0,0)
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will all be serialy correlated. Thisisindeed the case as the resultsin the Table 2 show:

Table 2
Far(57 ) Farch(47 ) X?wrm(Q) Fhet('v ) RSS SC

AD(I, 1) 3.98 0.24 0.05 0.89 119.717 0.376
001 [0.92] [0.98] [0.51]

AD(I, 0) 3.68 0.44 0.09 0.80 120.514 0.336
[0.00] [0.78] [0.96] [0.53]

AR(l) 3.55 0.43 0.02 0.08 121.599 0.298
001 [0.78] [0.99] [0.92]

AD(O, 0) 198.0 73.53 4.80 1.54 1286.19 2.646
0.00] % [0.00]+% 0.09] [0.22]

Finally, notethat using the SC' to select amongst themodelsin Table 2would resultinthe AR(1)
model being selected, despite its non-congruence. Indeed, using the SC criterion resultsin the
AR(2) model being preferred to all models other than the M;, Mg and M3. Hence selecting
models solely on the basis of information criteria such as the SC, and paying no attention to
the congruence of the alternative models, can result in amodel being selected that is parsimoni-
ously parameterized but misspecified. Noting that inferences based on misspecified models can
be very misleading, are not exploiting relevant information that is already available, illustrates
the value of seeking congruent and encompassing models and of adopting a general-to-specific
modelling strategy.

8 Conclusions

In this chapter the rel ationship between alternative econometric models and the LDGP has been
considered. In particular, an econometric model has been defined to be congruent if and only if it
parsimoniously encompassesthe LDGP. In the population thisimpliesthat acongruent model is
observationally equivalent to the L DGP, and that they mutually encompass each other. Hence by
definition a congruent model contains the same information content asthe LDGP. The fact that
alternative parameterizationsfor a given density can exist means that the LDGP can be amem-
ber of an equivalence set of models. The principle of, ceteris paribus, preferring parsimonious
to profligate parameterizations can be applied to select the simpl est representation of the LDGP
(e.g., preferringthe ARM A(1, 1) representation over the A R(oo) in section 7). However, con-
gruence so defined isnot directly testablein practice, and asaresult istested indirectly viatests
for evidence of misspecification. Consequently, when the hypothesis of congruence is not re-
jected using sample data, this means that the present use that has been made of the available
information has been unable to distinguish between the model and the LDGP. In section 7 this
was illustrated by the AR(2) model providing an excellent approximation to the LDGP - an
ARM A(1,1). Another feature of empirically congruent modelsis that they mimic the proper-
ties of the LDGP: they can accurately predict the misspecifications of non-congruent models;
they can encompass models nested within them; and they provide avalid statistical framework
for testing alternative simplifications of them. The fact that there can be more than one empir-
ically congruent model means that it is important to evaluate their relative merits, and this can
be done via encompassing comparisons. A very powerful way to find congruent and encom-
passing modelsin practice isto use a general-to-specific modelling strategy, beginning from a
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congruent GUM. Finally, the arguments in this chapter apply equally to econometric systems
and single equation models. The empirical analysisin section 7 only considers single equation
models to keep theillustration smple.
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