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Abstract

This paper deals with the problem of aggregation where the focus of the analysis is whether to predict
aggregate variables using macro or micro equations. The Grunfeld- Griliches prediction criterion for
choosing between aggregate and disaggregate equations is generalised to allow for contemporaneous
covariances between the disturbances of micro equations and the possibility of different parametric
restrictions on the equations of the disaggregate model. A new test is proposed of the hypothesis
of ‘perfect aggregation’ which tests the validity of aggregation either through coefficient equality or
through the stability over time of the composition of the regressors across the micro units. The tools
developed in the paper are then applied to employment demand functions for the UK economy disag-
gregated by 40 industries. Firstly a set of unrestricted log-linear dynamic specifications are estimated
for the disaggregate equations and then linear parameter restrictions are imposed as appropriate.
Corresponding unrestricted and restricted aggregate equations are estimated. Two different levels
of aggregation are considered: aggregation over the 23 manufacturing industries and aggregation
over all 40 industries of the economy. In both cases the hypothesis of perfect aggregation is firmly
rejected. For the manufacturing industries the prediction criterion marginally favors the aggregate
equation but over all industries the disaggregated equations are strongly preferred.

Key Words: Aggregation; Linear prediction models, Labour demand.

1 Introduction

The problem of aggregation over micro units has been approached in the empirical literature from a
number of different viewpoints. In the case of linear models one important issue addressed in this
literature is the problem of ’aggregation bias’, defined by the deviation of the macro parameters from
the average of the corresponding micro parameters. (See, for example, Theil (1954), Boot and de Wit
(1960), Orcutt et al. (1968), Edwards. and Orcutt (1969), Barker (1970), Gupta (1971), Sasaki (1978),
and Winters (1980)).1 Another closely related issue is the prediction problem originally discussed by
Grunfeld and Griliches (1960), where the focus of the analysis is whether to predict aggregate variables
using macro or micro equations. Our primary concern in this paper is with the prediction problem in
the context of linear models. We present a generalization of the Grunfeld-Griliches (GG) prediction
criterion which allows for contemporaneous covariances between the disturbances of the micro equations,
and the possibility of different linear parametric restrictions on the equations of the disaggregate model.
We also develop a formal statistical test of the hypothesis of ‘perfect aggregation’ which, unlike the
test proposed by Zellner (1962) in the context of the seemingly unrelated regression model, does not

∗Published in Econometrica (1989), Vol. 57, pp. 861–888. This is a substantially revised version of the paper ‘On the
Problem of Aggregation in Econometrics’, presented at the European Meeting of the Econometric Society, Budapest, 1986.
The authors are grateful to Angus Deaton, Arnold Zellner, Ron Smith, Clive Granger, and the referees for their helpful
comments. Partial support from the ESRC is gratefully acknowledged.

1 On the problem of aggregation across nonlinear micro equations see, for example, Ando (1971), Kelejian (1980), Stoker
(1984, 1986), and the references cited therein.
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necessitate the requirement that all coefficients across the equations of the disaggregated model be the
same. The proposed test allows for the possibility of valid aggregation either through coefficient equality
or through the invariance of the composition of the regressors across the micro units over time. The choice
criterion and the test of perfect aggregation developed in the paper are then applied to two alternative
specifications of employment functions for the UK economy disaggregated by 40 industries, and for the
manufacturing sector disaggregated by 23 industries. As far as the choice criterion is concerned, the
empirical results show that for the economy as a whole the disaggregate model fits better than the
aggregate specification, while the reverse is true for the manufacturing industries taken as a group.
The slightly better fit obtained for the aggregate model in the case of the manufacturing industries
should not, however, be taken to mean that there are no aggregation problems at this level. In fact the
application of the test of perfect aggregation to the employment functions provides strong evidence in
favor of rejecting the hypothesis of perfect aggregation both for the economy as a whole, and for the
manufacturing sector. Our results also suggest serious upward bias in the estimates of output and real
wage elasticities of aggregate employment demand obtained for the UK in the literature using aggregate
relations. The slightly better within-sample performance of the aggregate specification in the case of the
manufacturing industries is best interpreted as an indication of the misspecification of the disaggregate
equations. The plan of the paper is as follows. Section 2 sets out the basic econometric framework.
Section 3 examines the small sample bias of the GG prediction criterion. Section 4 generalises the basic
model so that different specifications for the micro equations are possible, and derives a goodness-of-fit
criterion for discrimination between aggregate and disaggregate models that does not suffer from the
small sample problem. Section 5 considers alternative methods of testing for the errors of aggregation,
and develops a new test of the hypothesis of perfect aggregation. Section 6 deals with the problem of
misspecification of the disaggregate model and the implications that this has for the use of the proposed
choice criterion. Section 7 contains a detailed application of the econometric methods developed in the
paper to the UK employment functions.

2 The Basic Econometric Framework

We start with the micro model analyzed by Theil (1954), and subsequently by Grunfeld and Griliches
(1960), and others, and suppose that the n observations of the m micro units {yi, i = 1, 2, . . . ,m;
t = 1, 2, . . . , n} are generated according to the following linear specifications:

yit =

k∑
j=1

βijxi,jt + uit (i = 1, 2, . . . ,m; t = 1, 2, . . . , n),

or in matrix notations (Kloek (1961))

Hd : yi
n×1

= Xi
n×k

βi
k×1

+ ui
n×1

(2.1)

In the above specification it is assumed that the variations in dependent variables of all micro units can
be explained by means of linear combination of the same set of k explanatory variables. This assumption
will be relaxed in the next section. Writing (2.1) as a system of seemingly unrelated equations (SURE),
following Zellner (1962) we have

y = Xβ + u (2.2)

where y = (y′1,y
′
2, . . . ,y

′
m)′, β = (β′1,β

′
2, . . . ,β

′
m)′, u = (u′1,u

′
2, . . . ,u

′
m)′, and X is an mn × mk

block-diagonal matrix of full column rank with matrix Xi as its ith block. We also make the following
assumption:

Assumption 1. The mn× 1 disturbance vector u is distributed independently of X, has mean zero and
the variance matrix Ω = Σ⊗ In, where Σ = (σij), and In is the identity matrix of order n.

The problem of aggregation can arise when an investigator interested in the behaviour of the macro
variable ya =

∑m
i=1 yi, considers the single macro equation

Ha : ya
n×1

= Xa
n×k

b
k×1

+ νa
n×1

(2.3)

where Xa =
∑m
i=1 Xi, instead of the m micro equations in (2.1). Following Grunfeld and Griliches (1960)

we examine the question of whether to predict ya using the macro equation (2.3), or the micro equations
(2.1).
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3 The Small Sample Bias of the Grunfeld-Griliches Criterion

The GG prediction (or more accurately the within-sample goodness-of-fit) criterion for the discrimination
between the disaggregate model, Hd, and the aggregate model, Ha can be written as:

Choose Hd if A′ded < e′aea, otherwise choose Ha,

where ed and ea are the estimates of the errors in predicting ya under Hd and Ha respectively. The
estimates employed by GG for ed and ea are based on the ordinary least squares (OLS) method and are
given by

ea = Maya, Ma = In −Xa(X′aXa)−1X′a = In −Aa, (3.1)

and

ed =

m∑
i=1

Miyi, Mi = In −Xi(X
′
iXi)

−1X′i = In −Ai. (3.2)

It is important to note that in general ed is not an efficient estimator of ud = ya−
∑m
i=1 Xiβi, unless the

disturbances of the micro equations are contemporaneously uncorrelated (i.e. σij = 0, for i 6= j), or when
Xi can be written as exact linear functions of Xa. The problem of efficient estimation of βi, and hence ud,
and the effect that this has for the GG criterion will be discussed later. For the moment we assume that
the GG criterion, as specified above, is applied even in the case where the micro equation disturbances
are contemporaneously correlated, and investigate the small sample bias that such a procedure entails.

Like the justification offered for Theil’s R
2

criterion, the rationale behind the use of the GG criterion
must lie in the fact that if the micro equations are correctly specified, then ‘on average’ the fit of ya from
the macro equation should not be any better than that obtained from the micro equations. That is we
should have

Ed(e
′
ded) ≤ Ed(e

′
aea), (3.3)

where Ed(·) represents the mathematical expectations operator under Hd. However, using (3.1) and (3.2)
it is easily seen that2

Ed(e
′
ded)− Ed(e

′
aea) = −E(ξ′Maξ)− 2

k∑
s=1

m∑
i>j

σij
{

1− E
(
ρ2s,ij

)}
,

where ξ =
∑m
i=1 Xiβi−Xab, and ρs,ij is the sth canonical correlation coefficient between the explanatory

variables of the ith and the jth micro equations. Therefore, in general the inequality condition (3.3) need
not be satisfied even if Hd is correctly specified. There are, however, two circumstances under which the
GG criterion satisfies the inequality relationship (3.3):

(i) when Xi can be written as exact linear functions of Xj , for all i and j. In this case ρ2s,ij = 1, and

irrespective of the values of σij we have Ed(e
′
ded)− Ed(e

′
aea) = −E(ξ′Maξ).

(ii) when the micro disturbances are all contemporaneously uncorrelated (σij = 0, i 6= j). In general
the direction of the bias involved in the use of the GG criterion in small samples depends on the
signs of σij for i 6= j.

The finite sample bias in the use of the GG criterion will not disappear even when βi are estimated
efficiently by the SURE method. Consider the simple case where Σ is known. The SURE estimator of
ud, which we denote by es, will be

es = S(Inm −A)y

where S stands for the n× nm summation matrix

S = [In : In : · · · : In] , (3.4)

and
A = X(X′Ω−1X)−1X′Ω−1. (3.5)

Under Hd, es = S(Inm −A)u, and hence

Ed(e
′
se)− Ed(e

′
aea) = kσ2

a − E(ξ′Maξ)− E
{

tr
[
(X′Ω−1X)−1X′S′SX

]}
,

where σ2
a =

∑m
i,j=1 σij . Again leaving the case where Xi are exact linear functions of Xa to one side,

the strict inequality Ed(e
′
ses) ≤ Ed(e

′
aea) holds only in the special case where σij = 0, for i 6= j.

2 In deriving this result we have also made use of the relation k − tr(Ai Aj) =
∑k

s=1(1− ρs,ij) ≥ 0. See, for example,
(Rao, 1973, pp. 582-587).
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4 A Generalised Goodness-of-fit Criterion for Discriminating
Between Aggregate and Disaggregate Models

From the results of the previous section it is now a straightforward matter to derive a choice criterion for
discrimination between the disaggregate and the aggregate models that does not suffer from the finite
sample bias of the GG criterion. But it is first important to extend the econometric framework of Section
2, so that different specifications for the micro equations can be considered. Such a generalization is
particularly important when the primary purpose of the disaggregation is to achieve a better explanation
of the macro variables. Accordingly, we consider the following specifications for the disaggregate and the
aggregate models:

H̃d : yi
n×1

= Xi
n×ki

βi
ki×1

+ ui
n×1

(i = 1, 2, . . . ,m),

H̃a : ya
n×1

= Xa
n×ka

b
ka×1

+ νi
n×1

where rank(Xi) = ki, and rank(Xa) = ka. In this formulation there are no restrictions on the number of
columns of Xi, or what these columns may represent. The micro equations under Hd can also be viewed
as a restricted version of the equations under Hd, with each micro equation having its own specific linear
parametric restrictions. In this way a wide range of different specifications across the micro equations
can be allowed for. The specification of the macro equation is also generalised so that the investigator
can specify a restricted form of the macro equation defined in (2.3).

Consider now the following ‘adjusted’ goodness-of-fit criteria for the aggregate and the disaggregate
models:

s2a = e′aea/(n− ka), (4.1)

and

s2d =

m∑
i,j=1

σ̂ij , (4.2)

where
σ̂ij = {n− ki − kj − tr(AiAj)}−1 e′iej , (4.3)

with ea and ei being respectively the OLS residual vectors of the regressions under H̃a and H̃d, and
Ai = Xi(X

′
iXi)

−1X′i. The use of s2d as a measure of the goodness-of-fit of the disaggregate model is
justified on the grounds that it represents an unbiased (and consistent) estimator of σ2

a = V(
∑m
i=1 uit),

the population variance of the error of predicting ya from the disaggregate model. It is now easily seen
that under H̃d,

Ed(s
2
d)− Ed(s

2
a) = −(n− ka)−1 E(ξ′Maξ) ≤ 0, (4.4)

where ξ is now defined by

ξ =

m∑
i=1

Xiβi −Xab. (4.5)

Therefore, as required we have Ed(s
2
d) ≤ Ed(s

2
d), and unlike the GG criterion, the use of the proposed

goodness-of-fit criteria s2a and s2d will ‘on average’ result in the choice of the disaggregate model in finite
samples, assuming, of course, that the disaggregate model is correctly specified. In situations where the
disaggregate model fits worse than the aggregate model (i.e. s2d > s2a) it is likely that the disaggregate
model is misspecified. The implications for the above choice criterion when the disaggregate model is
subject to errors of specification will be discussed below. Here, for comparison purposes it is worth
considering the following decomposition of the s2d criterion:

s2d = (n− ka)−1e′ded + (n− ka)−1
m∑
i=1

(ki − ka)σ̂ii (4.6)

+ 2(n− ka)−1
m∑
i>j

{φij/(1− φij)} e′iej ,

where

ed =

m∑
i=1

ei, and
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φij = (n− ka)−1 {Ki + kj − ka − tr(AiAj)} .
The GG prediction criterion focuses on the first term on the right-hand side of (4.6) and ignores the
asymptotically negligible second and third terms. The second term represents the contribution to the s2d
criterion arising out of the possible differences in the number of estimated coefficients between the ag-
gregate and the disaggregate models. The third term in (4.6) captures the effect of the contemporaneous
correlation amongst the disturbances of the micro equations.

5 Tests of Aggregation

In studying the aggregation problem our emphasis so far has been on the model selection procedures. An
alternative approach would be to employ classical hypothesis testing procedures and develop a statistical
test of the conditions necessary for valid aggregation. In the context of the generalised disaggregate
model H̃d, the necessary condition for perfect aggregation is given by ξ = 0, where ξ is defined in
(refeq45). Under the hypothesis of ‘perfect aggregation’

Hξ : ξ =

m∑
i=1

Xiβi −Xab = 0,

it readily follows from (4.4) that E2
d(sd) = Ed(s

2
a) = σ2

a, and as far as the fit of ya is concerned we should
not expect to gain from disaggregation.3

Before developing a formal test of Hξ, it is important to note that the condition ξ = 0 can be given a
meaningful interpretation only in the context of the basic model (2.1) where βi are of the same dimension
and refer to the same type of variables across the micro equations. In this case the condition ξ = 0 is
clearly satisfied under the ‘micro-homogeneity’ hypothesis,4

Hβ : β1 = β2 = · · · = βm.

This is not, however, the only situation where Hξ holds. Another hypothesis of interest which yields
ξ = 0, is the ‘compositional stability’ hypothesis

Hx : Xi = XaCi, (i = 1, 2, . . . ,m),

where Ci are k×k nonsingular matrices of fixed constants, such that
∑m
i=1 Ci = Ik. The ‘compositional

stability’ hypothesis represents a set of restrictions on the joint probability distribution of the regressors
and states that the composition of the regressors across micro units remain fixed over time. This condition
for valid aggregation in linear models has been discussed in the econometric literature by Klein (1953)
and Wold and Jurlen (1953). Distributional assumptions on the regressors have also been employed
in the literature, for example, by Ando (1971), McFadden and Reid (1975), Kelejian (1980), and more
recently by Stoker (1984) to connect the aggregate function to the underlying micro equations in the
context of nonlinear models. Under Hx, the macro coefficient vector b, is defined in terms of the micro
coefficients through the identity b =

∑m
i=1 Ciβi. The condition ξ = 0 will also be met under the mixed

hypothesis5

4Hβx : Xi = XaCi, (i = 1, . . . , s; s < m),

βs+1 = βs+2 = · · · = βm = b1,

where in this case Xa =
∑s
i=1 Xi,

∑s
i=1 Ci = Ik and bi =

∑s
i=1 Ciβ. The test proposed by Zellner

(1962) for aggregation bias is a test of the micro homogeneity hypothesis, Hβ , and is not necessarily
relevant as a test of Hξ : ξ = 0. The Zellner test can therefore be unduly restrictive. Rejection of Hβ does
not necessarily imply that the perfect aggregation hypothesis Hξ should also be rejected. What is needed
is a direct test of ξ = 0. In what follows we develop such a test in the case of the basic disaggregated
model (2.1) and the aggregate model (2.3). Although our results can be extended to the generalised

model H̃d, we have chosen not to do this here, since we do not think that the perfect aggregation
condition ξ = 0 can be given a plausible interpretation under H̃d. In the case of the generalised model
neither the micro homogeneity hypothesis nor the compositional stability hypothesis can be maintained.

3 For the basic disaggregated model (2.1), the hypothesis Hxi is equivalent to the n-covariance condition discussed in
Theil (1954) and Lancaster (1966), in the special case where the number of regressors is equal to one.

4 Notice that this hypothesis cannot hold under the generalised disaggregated model Hd.
5 The aggregation condition is also met by an alternative mixed hypothesis where the k regressors Xi can be partitioned

into two subsets, one of which satisfies the compositional stability hypothesis and the other has an associated parameter
vector satisfying the micro homogeneity hypothesis.
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5.1 A test of perfect aggregation

To help clarify the nature of the test that we are proposing, we first develop the test in the case where
Σ, the covariance matrix of the micro disturbances, is known. A computationally feasible version of the
test will then be discussed. The idea behind the test is straightforward and asks whether the estimator
of ξ is significantly different from zero. When Σ is known an efficient estimator of ξt is given by

ξ̃ = §Xβ̃ −Xab̂, (5.1)

where β̃ and b̂ are the SURE and the OLS estimators of the parameters of the disaggregate and the
aggregate equations respectively, and § is the summation matrix defined by (3.4). Substituting β̃ =

(X′Ω−1X)−1X′Ω−1y, b̂ = (X′aXa)−1X′aya in (5.1) now yields ξ = Hy where H = §A − Aa§. The
matrices Aa and A are already defined by (3.1) and (3.5), respectively. On the null hypothesis that
ξ =

∑m
i=1 Xiβi − Xab = 0, we have ξ = Hu. Therefore, under the assumption that u is normally

distributed with zero means and a known nonsingular variance matrix Ω = Σ⊗ In,

ξ̃
′
(HΩH′)−1ξ̃ ∼ χ2

n.

A necessary condition for HΩH′ to have a full rank can be obtained in the following manner: since, by
assumption Ω is a nonsingular matrix, then rank(HΩH ′) = rank(H). But,

rank(H) ≤ rank(SA) + rank(AaS),

rank(AaS) = rank(Aa) = k,

rank(A) = tr(A) = mk, rank(S) = n,

and
rank(SA) ≤ min(n,mk).

Consequently, rank(H) ≤ k + min(n,mk), and for matrix H to have full rank equal to n, it is necessary
that k + min(n,mk) ≥ n, or

k(m+ 1) ≥ n. (5.2)

This rank condition is clearly satisfied when m is large relative to n/k. But in situations where
the number of micro equations is relatively large, the computational burden of obtaining the SURE
estimates, β̃ in (5.1), can be considerable. One possibility would be to construct a test of Hξ based on
the OLS estimates of ,8 instead of the SURE estimates. The estimate of t based on the OLS estimators
is given by

ξ =

m∑
i=1

Xiβ̃i −Xab̂ = ea − ed,

where ea and ed are already defined by (3.1) and (3.2), respectively. Under Hd, and on the assumption
that the hypothesis of perfect aggregation Hξ holds, we have

ξ̂ =

m∑
i=1

(Ai −Aa)ui =

m∑
i=1

bfHiui. (5.3)

Now assuming that ui are normally distributed, then conditional on Xi, we have

m−1/2ξ̂|Xi ∼ N(0,Ψm),

where

Ψm = m−1
m∑

i,j=1

σijHiHj . (5.4)

Therefore, assuming that Ψm is a nonsingular matrix,6 we arrive at the result

m−1(ea − ed)
′Ψ−1m (ea − ed) ∼ χ2

n, (5.5)

which is the OLS counterpart of (5.1).

6 Notice that a necessary condition for Ψm to be invertible is given by (5.2).
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When Σ = (σij) is unknown, it is still possible to obtain an ‘approximate’ test of the perfect aggre-
gation hypothesis by replacing σij in (5.1) or (5.5) with their SURE or OLS estimates. Here, we focus
on the latter and consider testing Hξ by means of the statistic

am = m−1(ea − ed)
′Ψ̂
−1
m (ea − ed), (5.6)

where

Ψ̂m = m−1
m∑

i,j=1

σ̂ijHiHj , (5.7)

σ̂ij = {n− 2k + tr(AiAj)}−1 e′iej . (5.8)

We shall refer to a test of Hξ based on (5.6) as the perfect aggregation test, or the a-test for short.
It seems reasonable to suppose that the distribution of am, on the null hypothesis of perfect aggre-

gation will tend towards a χ2
n as m→∞, although at this stage we are not able to present a proof.7

6 Disaggregation and Specification Error

The model selection criterion and the aggregation test developed in this paper are based on the assump-
tion that the disaggregate model is correctly specified. In reality, however, both the disaggregate and the
aggregate models may suffer from errors of specification, with the latter also being subject to the addi-
tional problem of aggregation error. In such a circumstance the issue of whether disaggregation is useful
for the study of macro phenomena and the extent of the gain that may be expected from disaggregation
depends very much on the relative importance of the two types of errors of specification and aggregation.
In this section the implications that errors of specification may have for the use of our proposed choice
criterion will be examined.

Let the correctly specified disaggregate model be

yi
n×1

= Xi
n×ki

βi
ki×1

+ Wi
n×si

γi
si×1

+ ui
n×1

(i = 1, 2, . . . ,m) (6.1)

which in a stacked form can also be written as

y = Xβ + Wiγ + u, (6.2)

where X is now an mn × k̃ (k̃ =
∑m
i=1 ki) block diagonal matrix with Xi as its ith block, γ =

(γ′1, . . . ,γ
′
m)′, and W is an mn × s̃, (s̃ =

∑m
i=1 si) block diagonal matrix with Wi on its ith block.

The other notations are as in relation (2.2). Suppose now that a researcher misspecifies this model by
omitting the variables in W, and continues to employ the model selection criterion based on s2a and s2d,
defined by (4.1) and (4.2) respectively. Clearly, the result Ed(s

2
d) ≤ Ed(s

2
a), which provided the rationale

for the choice criterion, need no longer hold.
Stacking the OLS residuals ei = Miyi in the vector e = (e′1, e

′
2, . . . , e

′
m)′, s2d can also be written as

s2d = e′Le in which = (Λ⊗In), and Λ is an m×m matrix with a typical element equal to [tr(MiMj)]
−1.

Now under the correctly specified model (6.2),

e = My, M = Imn −X(X′X)−1X′,

= MWγ + Mu.

Hence
Ed(s

2
d|X,W) = σ2

a + γ′W′MLMWγ. (6.3)

Since in general L may not be a positive semi-definite matrix, without further information about the
nature of the specification error, it will not be possible to say whether misspecification leads to an
upward or a downward bias in the application of the choice criterion. Expanding (6.3) in terms of the
misspecification of the individual micro equations, we have

Ed(s
2
d|X,W) = σ2

a + (n− ka)−1
m∑
i=1

d′idi (6.3’)

+ 2

m∑
i>j

{d′idj/ tr(MiMj)} ,

7 A proof of this result for the special case where the disturbances are independently distributed is given in Pesaran
and Pierse (1989).
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where di = MiWiγi, and tr(MiMj) = n− ki − kj + tr(AiAj). The direction of the bias resulting from
misspecification clearly depends on the sign of the cross-equation terms d′idj , i 6= j, and their quantitative
importance relative to the equation-specific terms d′idi. In practice, however, it is reasonable to expect
that Ed(s

2
d) > σ2

a.
Now turning to the s2a criterion, under (6.1) we obtain

Ed(s
2
a|X,W) = σ2

a + (n− ka)−1ξ′Maξ ≥ σ2
a, (6.4)

where

ξ =

m∑
i=1

Xiβi +

m∑
i=1

Wiγi = ξa + ξs. (6.5)

Comparing (6.3) and (6.4) it is clear that in general it is not possible to say whether Ed(s
2
a) exceeds

Ed(s
2
d). The result depends on the relative importance of the specification error and the aggregation

error for the explanation of the macro variable ya. In their work, Grunfeld and Griliches (1960) consider
a special case of some interest where there are micro specification errors that cancel out in the aggregate.
In the context of model (6.1) this can arise either when there are, for example, errors of measurement in
the micro variables that cancel out exactly in the aggregate8 (i.e. ξs =

∑m
i=1 Wiγi = 0), or when the

micro specification errors involve omission of macro variables already included in the aggregate model,9

(i.e. Maξs = 0). In such a case, using (6.4), we have

Ed(s
2
a|X,W) = σ2

a + (n− ka)−1ξ′Maξa,

and only aggregation errors (ξa 6= 0) cause the expectations of s2a to exceed the true error variance of the
aggregate model. However, even in this special case it is not possible to say whether it is better to use the
aggregate model. The answer still depends on the relative importance of the micro specification errors
in the disaggregate model and the aggregation error in the aggregate model for the explanation and
prediction of macro behavior. The issue of whether one should choose the aggregate or the disaggregate
model cannot be resolved by a priori reasoning alone and has to be settled with respect to particular
problems and in the context of specific models.

7 Applications: Employment Demand Functions in the UK

In this section the methods described in the preceding sections will be applied to the annual estimates of
disaggregate and aggregate employment demand functions for the UK economy. Although our emphasis
will be on the aggregation problem, it is hoped that the disaggregate results are of some interest in their
own right.

Our empirical analysis is based on the Cambridge Growth Project Databank and uses a consistent
set of data on man-hours (EHi), outputs (Yi), and real product wages (Wi) across 41 industry groups.
Details of the data and the sources are given in the Data Appendix (A). For the employment equation
at the industry level we have adopted the following fairly general log-linear dynamic specification:

LEHit = βi1/m+ βi2(Tt/m) + βi3LEHi,t−1 + βi4LEHi,t−2 (7.1)

+ βi5LYit + βi6LY i, t− 1 + βi7LWit + βi8LWi,t−1

+ βi9(SLY Tt/m) + βi,10(SLY Tt−1/m) + uit,

(i = 1, 2, 3, 5, 6, . . . , 41; t = 1956, 1957, . . . , 1984),

where LEHit is log of man-hours employed in industry i at time t, Tt is time trend (T1980 = 0), LYit
is log of industry i output at time t, LWit is log of average real wage rate per man-hour employed in
industry i at time t, and SLY Tt =

∑41
i=1,i6=4 LYit. Industry 4 (Mineral oil and natural gas) is excluded

from the analysis, on the grounds that output and employment in this industry were negligible before
1975.

The above specification for the employment demand function can be justified theoretically when
employment decisions are made at the industry level by cost minimizing firms with identical production

8 The problem of measurement errors in a disaggregate model in the special case where m = k = 2 is discussed by
Aigner and Goldfeld (1974).

9 It is beyond the scope of the present paper to go into the reasons for the importance of macro variables in the
explanation of micro behavior. In general they may arise because individual micro behavioral relations are not independent
but are influenced or constrained by outcomes (or expectations of outcomes) of the market as a whole.
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functions and the same given demand and factor price expectations. In this framework the inclusion
of lagged employment variables can be justified on the grounds of inertia in revision of expectations,
adjustment costs involved in hiring and firing of workers, or aggregation over different labour types.
(See, for example, Sargent (1978) and Nickell (1984).) The variable SLY Tt, which measures the level
of aggregate output (in logs), is a proxy measure intended to capture changes in demand expectations
arising from the perceived interdependence of demand in the economy by the firms in the industry.10

The time trend is included in the specification in order to allow for the effect of neutral technical
progress on labour productivity.11 Ideally, we would have liked to avoid using a simple time trend as a
proxy for the trend productivity. But, unfortunately, direct reliable observations on technical change,
especially at the industry level are not available.12 The use of time trends in regression equations with
nonstationary variables also poses a number of important econometric problems and, as shown by Nelson
and Kang (1983), Mankiw and Shapiro (1985, 1986), and Durlauf and Phillips (1986), can result in biased
inferences.13 In view of these measurement and econometric problems it is not clear how one should
proceed to allow for trend changes in labour productivity on employment demand functions.14 Here, in
the absence of direct measures of trend productivity at the industry level we estimate (7.1) with a time
trend, but also briefly report on the effects of omitting the time trends.15

For the aggregate employment function we adopted the following dynamic specification:

SLETt = b1 + b2Tt + b3SLETt−1 + b4SLETt−2 + b5SLY Tt (7.2)

+ b6SLY Tt−1 + b7SLWTt + b8SLWTt−1 + ut

(t = 1956, 1957, . . . , 1984),

where

SLETt =

41∑
i=1, i 6=4

LEHit, and SLWTt =

41∑
i=1, i 6=4

LWit.

Here we are assuming that the purpose of the study is to explain SLETt, which is the sum of the log-
arithms of industry employment (in man-hours). This is clearly different from the more usual practice
of specifying aggregate employment functions in terms of the logarithm of the sum of industry employ-
ment. For our purposes the specification (7.2) has the advantage that it fits directly within the theoretical
framework of the paper, and as is pointed out, for example, by Lovell (1973), it also satisfies the Klein-
Nataf consistency conditions. A theoretical analysis of the alternative methods of aggregating micro
specifications such as (7.1), and an econometric investigation of the relative merits of such aggregation
methods, are beyond the scope of the present paper.

7.1 Results for the economy as a whole

The estimates of the unrestricted version of the industry demand functions (7.1) for the 40 industry
groups 1, 2, 3, 5, 6, . . . , 41, over the sample period 1956–84 are set out in Table I. The estimates of the
standard errors of the regression coefficients are given in the brackets. The Table also includes the

adjusted multiple correlation coefficient (R
2
), the equations’ standard errors (σ̂), the maximised values

of the log-likelihood function (LLF), the Durbin-Watson statistic (DW), the Lagrange multiplier statistic
for testing against second order residual autocorrelation (χ2

SC).

10 Apart from the aggregate variable SLY Tt, the employment function (7.1) is similar to the equations estimated by
Peterson (1988), as a part of the Cambridge Multisectoral Dynamic Model of the UK economy. (See Barker and Peterson
(1988).

11 Notice that, for the ease of comparison of the aggregate and the disaggregate parameter estimates, the time trend and
the aggregate output variable that are common to all the micro equations are specified in the ‘average’ form. Clearly this
has no effect on the overall fit of the equations for a fixed level of disaggregation.

12 In their work on aggregate employment demand functions, (Layard and Nickell, 1985, p. 168) use a production
function approach to obtain an index of labour-augmenting technical progress as a ‘residual’. This approach requires time
series data on capital stock and the share of capital which are not readily available at the industry level. Moreover, since
their measure of technical progress is constructed using actual employment, including it as a regressor in the employment
demand function can lead to biased estimates.

13 Notice, however, that in the case of the test of perfect aggregation where the test is justified asymptotically for a fixed
sample size but with an increasing number of micro units, the inclusion of time trends in the micro equations does not
affect the validity of the test.

14 However, see Harvey et al. (1986) where a stochastic specification (a random walk with a drift) is advanced for trend
productivity. In their formulation Tt, is modelled as Tt = a+ Tt−1 + εt, where εt is a white-noise process.

15 The effect of replacing the time trend by other proxies such as distributed lag functions of gross investment as a way
of modelling endogenous technical change à la Kaldor Kaldor (1957, 1961) is discussed in Lee et al. (1989).



M
.
H
.
P
esa

ran
,
R
.
G
.
P
ierse,

M
.
S
.
K
u
m
ar

/
E
con

om
etric

an
aly

sis
of

aggregation
10

Table I: Disaggregate Employment Demand Functions (Unrestricted)
(1956–1984)

Industry groups INPT/40 T/40 LYit LYi,t−1 LEHi,t−1 LEHi,t−2 LWit LWi,t−1 SLY Tt/40 SLY Tt−1/40 σ̂ R
2

LLF DW χ2
SC(2)

1. Agriculture, 56.4355 0.0264 0.2538 0.1743 0.5162 0.0152 −0.4196 −0.0073 −0.2408 −0.1762 0.0148 0.9981 87.21 1.9633 0.93
Forestry and Fishing (80.5624) (80.5624) (0.1580) (0.1722) (0.1926) (0.2165) (0.1479) (0.0899) (0.1315) (0.1091) (0.1358)

2. Coal Mining −46.3870 −0.3462 0.2753 −0.4222 1.1160 −0.1770 −0.2095 −0.0670 0.0901 0.0709 0.0159 0.9986 85.11 1.6715 1.07
(60.2401) (0.0742) (0.0362) (0.0600) (0.1186) (0.1076) (0.0356) (0.0615) (0.1188) (0.1315)

3. Coke −334.1719 −1.4903 −0.0190 0.5195 0.1201 −0.1380 −0.3478 0.0845 0.9039 0.2270 3.3499 0.9763 54.48 2.4823 0.05
(89.0939) (0.3678) (0.1169) (0.2007) (0.1636) (0.1091) (0.0762) (0.0998) (0.3324) (0.3801)

4. Mineral Oil and — — — — — — — — — — — — — — —
Natural Gas

5. Petroleum −438.0316 −0.7008 0.3845 −0.4844 0.5455 0.1274 −0.2769 −0.0819 0.7001 0.7214 0.0580 0.9136 47.53 1.9463 0.68
Products (286.8173) (0.2349) (0.3395) (0.3300) (0.2211) (0.2427) (0.1085) (0.1570) (0.7530) (0.7879)

6. Electricity, etc. 91.2396 −0.2074 0.2053 0 : 2029 1.1513 −0.6629 −0.1465 −0.0588 −0.1838 −0.1144 0.0205 0.9855 77.73 2.0344 0.41
(69.2323) (0.2179) (0.2592) (0.3127) (0.2277) (0.2021) (0.0937) (0.1039) (0.2523) (0.2579)

7. Public Gas −103.6365 −0.4472 −0.1297 0.1423 0.4114 0.1617 −0.2605 0.1188 0.2816 0.3240 0.0329 0.9707 63.97 2.2360 2.99
Supply (116.3665) (0.2799) (0.2341) (0.2165) (0.2288) (0.1842) (0.0962) (0.1212) (0.2945) (0.2682)

8. Water Supply 42.9711 0.0492 0.6751 −0.8120 0.8817 −0.0969 −0.3652 0.3937 −0.5947 0.7993 0.0448 0.9149 55.07 1.8170 0.90
(76.4264) (0.3303) (0.5110) (0.5967) (0.2256) (0.1862) (0.1664) (0.1806) (0.4200) (0.3770)

9. Minerals and Ores 197.0285 −0.0037 0.2785 0.0091 0.4998 0.1898 −0.1741 0.0437 −0.5639 −0.0421 0.0342 0.9722 62.89 2.0457 0.72
(119.2942) (0.1311) (0.1428) (0.1517) (0.2283) (0.1899) (0.0814) (0.0971) (0.4006) (0.3775)

10. Iron and Steel −349.9418 −0.9245 0.1361 0.0248 0.4620 −0.0029 −0.4526 0.0666 0.9679 0.2003 0.0279 0.9925 68.77 1.9940 0.85
(110.1168) (0.3780) (0.1031) (0.0976) (0.2354) (0.1512) (0.1087) (0.1491) (0.3587) (0.4190)

11. Non-Ferrous −58.6696 −0.4029 0.1387 −0.2285 1.3339 −0.5140 −0.0696 0.0623 0.8235 −0.4050 0.0251 0.9863 71.84 2.2252 1.69
Metals (38.5798) (0.2149) (0.1359) (0.1414) (0.1682) (0.1418) (0.0549) (0.0592) (0.2501) (0.2939)

12. Non-Metallic −389.8347 −0.5395 0.3985 −0.2419 0.5945 0.0854 −0.3173 −0.1961 0.4744 0.4906 0.0179 0.9933 81.72 2.3446 3.62
Mineral Products (116.1591) (0.2589) (0.1690) (0.1680) (0.2070) (0.1785) (0.1212) (0.1348) (0.3233) (0.3838)

13. Chemicals and −159.1132 −0.0882 0.0983 0.1058 0.2440 0.2676 −0.2988 −0.1215 0.3032 0.2011 0.0158 0.9789 85.22 2.2664 5.28
Manmade Fibres (71.0291) (0.1744) (0.1607) (0.1596) (0.2123) (0.1780) (0.0923) (0.1146) (0.3051) (0.2983)

14. Metal Goods −31.2352 −0.2375 0.2866 0.0653 0.6460 −0.0954 −0.1761 0.0345 0.3585 −0.2214 0.0207 0.9858 77.48 2.1717 5.66
(54.8630) (0.2189) (0.1359) (0.1618) (0.2287) (0.1537) (0.1164) (0.1288) (0.3055) (0.3215)

15. Mechanical −131.8896 0.1976 0.5334 −0.2266 0.4505 −0.1080 −0.2575 −0.3748 −0.0908 0.5055 0.0144 0.9912 87.94 2.0471 3.81
Engineering (56.4251) (0.1567) (0.1187) (0.1038) (0.2068) (0.1457) (0.1193) (0.1400) (0.1860) (0.1974)

16. Office Machinery, −397.5477 0.2032 0.2159 −0.0564 1.0066 0.1224 −0.6515 −0.1085 0.3853 −0.0189 0.0303 0.9166 66.37 1.7819 2.05
etc. (147.5041) (0.3070) (0.0947) (0.1499) (0.2501) (0.2832) (0.1613) (0.2020) (0.2938) (0.3014)

17. Electrical 11.0264 −0.3711 0.4461 −0.2587 1.0101 −0.2373 −0.4120 0.4282 0.1741 −0.1295 0.0179 0.9678 81.67 2.2173 2.73
Engineering (35.8630) (0.2243) (0.1248) (0.1853) (0.2172) (0.1463) (0.1355) (0.1440) (0.2172) (0.2073)

18. Motor Vehicles −210.7119 −0.2799 0.5063 −0.3633 0.8391 −0.1636 −0.0568 −0.1675 0.5151 0.1640 0.0192 0.9867 79.67 2.3117 2.34
(61.6410) (0.1336) (0.0718) (0.1230) (0.1883) (0.0946) (0.1000) (0.1043) (0.2088) (0.2397)

19. Aerospace 200.2420 −0.7488 0.0710 0.0468 0.5991 −0.3688 −0.0085 −0.1422 −0.2225 −0.2250 0.0284 0.9864 68.28 2.0370 1.17
Equipment (98.6992) (0.1808) (0.0821) (0.2238) (0.2001) (0.0921) (0.0879) (0.2480) (0.2600)

20. Ships and Other −159.2346 0.2741 0.6650 −0.3609 1.1618 −0.1246 −0.0186 −0.0490 0.6358 −0.5276 0.0302 0.9840 66.47 2.2101 2.48
Vessels (63.9773) (0.2704) (0.1660) (0.1540) (0.2077) (0.2075) (0.0808) (0.0921) (0.2322) (0.2384)

21. Other Vehicles −127.8464 −0.4292 0.2594 0.0648 0.8089 −0.0679 −0.1583 0.0360 0.1202 0.1451 0.0258 0.9969 71.09 1.9994 1.32
(84.5230) (0.2006) (0.1060) (0.1115) (0.2445) (0.2152) (0.0656) (0.0669) (0.1989) (0.2126)

(continued)
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Table I: Continued

Industry groups INPT/40 T/40 LYit LYi,t−1 LEHi,t−1 LEHi,t−2 LWit LWi,t−1 SLY Tt/40 SLY Tt−1/40 σ̂ R
2

LLF DW χ2
SC(2)

22. Instrument −102.7548 −0.2292 −0.0485 −0.1541 0.6941 −0.1319 −0.2264 0.1475 0.5565 0.2893 0.0246 0.9311 72.37 1.7674 0.81
Engineering (86.1619) (0.1516) (0.2108) (0.1699) (0.2304) (0.2037) (0.1196) (0.1373) (0.2681) (0.3691)

23. Manufactured −209.2242 −0.4900 0.7273 0.0656 0.2394 0.2501 −0.1577 −0.0753 0.0340 0.0808 0.0174 0.9816 82.49 1.7024 4.77
Food (138.5611) (0.2336) (0.3465) (0.2334) (0.2303) (0.1746) (0.0869) (0.1211) (0.1695) (0.1486)

24. Alcoholic Drinks, 101.6376 −0.6943 0.5685 −0.0005 0.8466 −0.2612 −0.0878 0.0948 −0.2328 −0.2029 0.0282 0.9152 68.45 2.0663 2.53
etc. (121.3637) (0.3435) (0.4859) (0.4296) (0.2624) (0.2854) (0.1068) (0.1051) (0.4551) (0.4300)

25. Tobacco −300.3142 −0.2605 0.7063 −0.2275 0.8345 0.4788 0.0238 −0.0569 −0.6541 0.8452 0.0496 0.8803 52.10 2.3769 5.28
(126.6923) (0.4339) (0.4676) (0.5169) (0.2947) (0.3493) (0.0730) (0.0907) (0.5131) (0.4385)

26. Textiles −127.5754 0.1293 0.4654 −0.1376 0.5979 0.0464 −0.4302 0.0292 0.1772 −0.0316 0.0186 0.9979 80.59 2.2309 2.33
(62.4817) (0.5631) (0.1663) (0.1515) (0.2123) (0.1390) (0.0970) (0.1446) (0.3237) (0.2984)

27. Clothing and −59.4303 −0.1340 0.4585 0.0217 0.5867 −0.0346 −0.4004 0.1067 −0.0342 0.0194 0.0118 0.9981 93.85 2.0674 0.26
Footwear (26.3298) (0.2073) (0.1154) (0.1572) (0.2160) (0.1428) (0.0833) (0.1092) (0.1568) (0.1683)

28. Timber and 33.7633 −0.5183 0.2993 −0.0213 0.3362 −0.1005 −0.2491 0.1186 0.1765 0.1864 0.0140 0.9859 88.71 1.9694 1.53
Furniture (44.1269) (0.1714) (0.0895) (0.1248) (0.2314) (0.1190) (0.0853) (0.0892) (0.2467) (0.2876)

29. Paper and Board −17.8043 −0.2271 0.5324 0.3381 0.1236 0.1281 −0.2353 −0.0844 −0.1617 −0.0889 0.0200 0.9921 78.36 2.2984 4.73
(37.0048) (0.1687) (0.1528) (0.1761) (0.2513) (0.1320) (0.0722) (0.1120) (0.3221) (0.2940)

30. Books, etc. 106.4095 0.0419 0.3518 −0.0926 1.2912 −0.6039 −0.0640 −0.0395 −0.1222 −0.1749 0.0124 0.9296 92.29 2.2104 3.23
(41.1675) (0.0468) (0.1167) (0.1381) (0.2215) (0.1718) (0.0611) (0.0649) (0.1968) (0.1937)

31. Rubber and Plastic −124.2511 −0.6223 0.1943 −0.0152 0.4938 0.1046 −0.2650 0.2121 0.5905 −0.0211 0.0176 0.9811 82.18 2.1726 7.97
Products (52.6895) (0.2588) (0.2485 (0.2093) (0.2227) (0.1469) (0.1171) (0.1475) (0.4566) (0.3819)

32. Other Manufactures 202.2515 −0.4204 0.1757 0.1393 0.5916 −0.0512 0.0166 0.1451 0.3999 −0.7045 0.0134 0.9921 90.08 1.9558 0.90
(80.7245) (0.1658) (0.0858) (0.1148) (0.1755) (0.0985) (0.0939) (0.0967) (0.1678) (0.1813)

33. Construction 84.3552 −0.0906 0.3618 −0.2488 1.1406 −0.3369 −0.2854 0.3684 0.1373 −0.2078 0.0174 0.9709 82.53 1.5347 1.84
(48.6187) (0.0723) (0.1301) (0.1453) (0.1571 (0.1199) (0.1122) (0.1105) (0.1798) (0.1962)

34. Distribution, etc. 111.7644 0.5543 0.0254 0.5177 0.6887 −0.1943 −0.2772 −0.1398 −0.0449 −0.5522 0.0142 0.9587 88.44 2.2835 2.14
(46.6165) (0.2857) (0.1910) (0.2715) (0.2281) (0.1634) (0.1209) (0.1452) (0.1750) (0.2230)

35. Hotels and 131.717 0.1650 0.2394 0.1746 0.6033 −0.1807 −0.3824 0.2140 −0.0718 −0.1783 0.0209 0.9077 77.22 1.9588 0.30
Catering (132.1092) (0.1157) (0.2469) (0.3314) (0.2542) (0.2362) (0.1426) (0.1300) (0.2039) (0.1910)

36. Rail Transport 9.2868 −0.0880 0.0969 0.311 0.8301 −0.0399 −0.0821 0.0953 −0.0469 −0.1113 0.0253 0.9952 71.59 1.9033 3.80
(135.1609) (0.1796) (0.1543) (0.1906) (0.2087) (0.2156) (0.1427) (0.1388) (0.2911) (0.2803)

37. Other Land 141.1240 −0.4169 0.0524 0.1751 0.9730 −0.5159 −0.0200 0.0269 0.1628 −0.1715 0.0170 0.9724 83.11 2.4060 5.29
Transport (74.6539) (0.1293) (0.1457) (0.1818) (0.2248) (0.2020) (0.0599) (0.0638) (0.1645) (0.1545)

38. Sea, Air, and Other 8.3655 −0.112 0.3135 −0.3582 1.1912 −0.4875 −0.2868 0.1941 −0.1525 0.4478 0.0216 0.9254 76.26 2.2168 1.04
(132.0896) (0.1340) (0.1866) (0.1944) (0.1884) (0.2454) (0.1370) (0.1291) (0.2147) (0.2436)

39. Communications 72.2461 −0.4312 0.6876 −0.5043 0.7816 −0.2629 −0.1278 0.2150 0.0045 0.2006 0.0178 0.9392 81.85 2.3222 2.15
(57.0163) (0.2596) (0.2987) (0.2480) (0.1689) (0.1616) (0.0851) (0.0879) (0.2004) (0.1648)

40. Business Services −0.2212 0.0139 0.9929 88.96 .1808 1.79
(131.8402) (0.3506) (0.1452) (0.1485) (0.2703) (0.2248) (0.0839) (0.0783) (0.1145) (0.1257)

41. Miscellaneous 41.4060 0.2004 0.2764 −0.2928 0.8375 0.0023 −0.1728 0.0470 −0.0622 0.0803 0.0240 0.9429 73.10 1.6954 2.48
Services (241.2260) (0.3980) (0.2071) (0.2149) (0.2620) (0.2789) (0.1434) (0.1433) (0.2152) (0.1956)

Notes. For source of data see the Appendix (A). Standard errors in brackets. σ̂ is equation standard error, R
2

is adjusted multiple correlation
coefficient, LLF is the maximised value of the log-likelihood function, DW is the Durbin-Watson statistic, and χ2

SC(2) is the Lagrange multiplier test
against second order residual serial correlation.
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The results are in general quite satisfactory: the equations fit reasonably well, and the value of R
2

for the majority of the industries is well above 0.95. Only in the case of the tobacco industry does it
fall below 0.90. With the exception of the estimates for industry 31 (Rubber and Plastic Products), the
results do not show significant evidence of residual serial correlation. The parameter estimates, when
statistically significant, have signs that are a priori plausible. The short run elasticities of employment
with respect to real wages and output are generally well determined and have the correct signs. The
(current) real wage variable is significant at the five percent level in 23 out of the 40 industry groups, and
the (current) output variable is significant in 17 of the industries. Notice also that the few incorrectly
signed estimates obtained for the real wage and the output variables are not statistically significant,
even at the 10 percent level of significance using a one-tailed test. Overall the results provide further
evidence in support of the view that both the demand and the product wage variables are significant
determinants of changes in employment, although, as is already stressed by Peterson (1988), in the case
of most industries changes in demand have been historically more important than changes in product
wages in the explanation of employment changes.
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Table II: Disaggregate Employment Demand Functions (Restricted)
(1956–1984)

Industry groups INPT/40 T/40 LYit LYi,t−1 LEHi,t−1 LEHi,t−2 LWit LWi,t−1 SLY Tt/40 SLY Tt−1/40

1. Agriculture, 52.1517 — 0.2687 0.1752 0.5312 — −0.4211 — −0.2437 −0.1729
Forestry and Fishing (64.9478) (0.1375) (0.1121) (0.0589) (0.0821) (0.0981) (0.1088)

2. Coal Mining 41.2000 −0.3502 0.2734 −0.4181 1.1604 −0.2648 −0.2018
(14.3416) (0.0670) (0.0345) (0.0589) (0.0811) (0.0765) (0.0296)

3. Coke −351.5712 −1.3100 — 0.6330 — — −0.3005 — 1.0448 —
(44.6561) (0.1752) (0.1471) (0.0418) (0.1564)

4. Mineral Oil and — — — — — — — — — —
Natural Gas

5. Petroleum −70.7959 −0.5087 0.3640 — 0.5185 −0.3144 — — —
Products (71.7711) (0.1297) (0.1324) (0.1348) (0.0869)

6. Electricity, etc. 18.5225 — 0.1614 — 1.2739 −0.5958 −0.1732 — — —
(14.6976) (0.0798) (0.1744) (0.1563) (0.0687)

7. Public Gas −47.1096 −0.6014 — 0.0611 0.4191 — −0.1507 — 0.5379 —
Supply (97.2188) (0.1995) (0.0659) (0.1524) (0.0496) (0.1827)

8. Water Supply 8.1676 — 0.6536 −0.6536 0.8112 — −0.4027 0.4027 −0.6415 0.7906
(18.9241) (0.4042) (0.4042) (0.0785) (0.1086) (0.1086) (0.3085) (0.3064)

9. Minerals and Ores 172.9158 — 0.2655 — 0.6931 — −0.1494 — −0.5337 —
(79.1246) (0.1265) (0.0790) (0.0622) (0.2560)

10. Iron and Steel −349.9558 −0.9045 0.1083 — 0.4978 — −0.3873 1.1803 —
(58.8686) (0.2732) (0.0893) (0.0832) (0.0777) (0.2928)

11. Non-Ferrous −84.8257 −0.5749 0.1817 −0.3091 1.2461 −0.4796 −0.0756 0.0756 0.5854 —
Metals (30.7245) (0.1517) (0.1286) (0.1273) (0.1458) (0.1229) (0.0481) (0.0481) (0.1789)

12. Non-Metallic −280.5702 −0.3729 0.3101 — 0.6919 — −0.2356 −0.2214 0.5170 —
Mineral Products (60.6439) (0.2148) (0.1511) (0.0877) (0.1075) (0.0959) (0.2901)

13. Chemicals and −125.0557 — — — 0.6205 — −0.2810 — 0.6049 —
Manmade Fibres (23.8339) (0.0693) (0.0337) (0.0773)

14. Metal Goods −32.2448 −0.1231 0.4365 — 0.5798 — −0.1671 — — —
(25.5280) (0.0976) (0.0444) (0.0542) (0.0817)

15. Mechanical −149.7049 — 0.4122 −0.1779 0.3215 — −0.3100 −0.2725 — 0.6080
Engineering (38.5546) (0.0584) (0.0977) (0.1093) (0.0868) (0.1104) (0.1488)

16. Office Machinery −3.4674 — 0.1694 −0.1694 1.2748 −0.3244 −0.3884 0.3123 — —
etc. (22.7537) (0.0865) (0.0865) (0.2004) (0.1800) (0.1379) (0.1344)

17. Electrical 2.5709 −0.3785 0.5239 −0.2827 0.9582 −0.1929 −0.4143 0.4027 — —
Engineering (32.7774) (0.2110) (0.0757) (0.1276) (0.1935) (0.1228) (0.1259) (0.1295)

18. Motor Vehicles −184.6112 −0.2365 0.4908 −0.3811 0.9237 −0.1783 — −0.1843 0.5856 —
(50.0625) (0.1093) (0.0629) (0.1093) (0.1610) (0.0897) (0.0713) (0.1774)

19. Aerospace 200.3920 −0.6788 0.0732 — 0.7560 −0.4659 — −0.1252 — —
Equipment (53.1219) (0.1586) (0.0654) (0.1659) (0.1440) (0.0674)

20. Ships and Other −0.7667 — 0.4809 −0.4809 1.4717 −0.4717 — — 0.5103 −0.5103
Vessels (0.3086) (0.1171) (0.1171) (0.1543) (0.1543) (0.2000) (0.2000)

21. Other Vehicles −132.1537 −0.4754 0.3130 — 0.7270 — −0.1432 — — 0.2845
(54.3892) (0.1730) (0.0729) (0.0884) (0.0462) (0.1069)

(continued)
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Table II: Continued

Industry groups INPT/40 T/40 LYit LYi,t−1 LEHi,t−1 LEHi,t−2 LWit LWi,t−1 SLY Tt/40 SLY Tt−1/40

22. Instrument −11.3576 −0.3580 0.3611 — 0.5319 — −0.2624 — — —
Engineering (44.4947) (0.1353) (0.1005) (0.1253) (0.1134)

23. Manufactured −172.1572 −0.4510 0.6697 — 0.3177 0.2237 −0.1962 — — 0.1157
Food (76.0519) (0.1973) (0.1734) (0.1742) (0.1560) (0.0645) (0.1233)

24. Alcoholic Drinks, −15.1802 −0.4844 0.2933 — 0.7283 — −0.0945 0.0591 — —
etc. (73.4889) (0.1411) (0.1167) (0.1239) (0.0919) (0.0882)

25. Tobacco −213.3698 −0.3959 0.7424 — 0.7367 0.2633 — — — —
(80.8449) (0.1161) (0.2840) (0.2225) (0.2225)

26. Textiles −68.1499 — 0.5278 −0.1236 0.5880 — −0.3428 — — —
(10.0202) (0.0546) (0.0754) (0.0600) (0.0465)

27. Clothing and −68.9489 — 0.4514 — 0.5364 — −0.3756 — — —
Footwear (11.9600) (0.0372) (0.0411) (0.0284)

28. Timber and 60.3105 −0.3017 0.3769 — 0.4312 — −0.2460 0.1493 — —
Furniture (20.9479) (0.0788) (0.0365) — (0.0582) — (0.0662) (0.0740)

29. Paper and Board −44.7394 −0.3259 0.4680 0.1585 0.3644 — −0.2503 — — —
(13.2869) (0.1040) (0.0652) (0.0925) (0.0842) (0.0433)

30. Books, etc. 58.9250 — 0.2973 −0.2575 1.4842 −0.7029 −0.0454 — — —
(20.8186) (0.0583) (0.0592) (0.1686) (0.1518) (0.0482)

31. Rubber and Plastic −64.4432 −0.3192 0.5398 −0.1401 0.6844 — −0.1820 — — —
Products (14.2846) (0.1872) (0.0588) (0.0963) (0.0818) (0.1007)

32. Other Manufactures 60.3555 −0.3233 0.2345 — 0.6028 — — — 0.4274 −0.4274
(20.0274) (0.0653) (0.0435) (0.0933) (0.1287) (0.1287)

33. Construction 7.2409 — 0.5490 −0.4527 1.0813 −0.2453 −0.4434 0.3376 — —
(20.5598) (0.0828) (0.0863) (0.1559) (0.1135) (0.0822) (0.1096)

34. Distribution, etc. 109.9863 0.3892 — 0.5034 0.5641 — −0.3036 — — −0.5578
(43.3346) (0.2057) (0.1964) (0.0884) — (0.1187) — — (0.1655)

35. Hotels and −58.7494 — 0.3544 — 0.7096 — −0.3876 0.1959 — —
Catering (44.4425) (0.1150) (0.1022) (0.1191) (0.1094)

36. Rail Transport −65.1073 — — 0.4070 0.8047 — −0.0729 — — —
(26.2802) (0.0979) (0.0532) (0.0531)

37. Other Land 146.4317 −0.4542 — 0.2451 0.9023 −0.4855 — — — —
Transport (37.8129) (0.1047) (0.0701) (0.1931) (0.1838)

38. Sea, Air, and Other 48.5900 −0.1921 0.1924 — 1.1919 −0.5542 −0.0853 — — —
(104.9126) (0.1054) (0.1634) (0.1741) (0.2189) (0.0683)

39. Communications 14.3221 −0.6566 0.9014 −0.4533 0.8261 −0.2785 −0.1686 0.1565 — —
(41.3966) (0.2354) (0.1808) (0.1966) (0.1727) (0.1579) (0.0822) (0.0807)

40. Business Services 209.6513 — 0.3108 — 0.6781 −0.3104 — — — −0.1633
(49.1545) (0.0718) (0.1759) (0.1680) (0.0486)

41. Miscellaneous −39.9043 — 0.2123 — 0.8264 — −0.1408 — — —
Services (33.3057) (0.0790) (0.0970) (0.0747)

For source of data see the Data Appendix (A). The standard errors are in brackets. The relevant summary and diagnostic statistics are given in Table
III.
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As far as the time trends are concerned they are significant at the five percent level only in 12 of
the industry estimates, and there are no cases where the coefficient of the time trend is positive and
statistically significant. In fact omitting the time trend variable from the analysis in general proved to
have only a marginal effect on the coefficient estimates and the significance of the real wage and the
output variables.16 The results in Table I are, however, subject to two important shortcomings: in many
cases they seem to be over-parameterised, and the estimates for the industries 16 (Office Machinery,
etc.), 20 (Ships and Other Vessels), and 25 (Tobacco) are unstable.17 To deal with these shortcomings
we estimated a restricted version of the industry employment functions by imposing suitable linear
restrictions on the coefficients of (7.1). The coefficient estimates of this ‘restricted’ specification and their
estimated standard errors are summarised in Table II. The chi-squared statistics for testing the validity
of the restrictions together with a number of important diagnostic statistics for tests of misspecification
arising from residual serial correlation, functional form, nonnormal errors, and heteroscedasticity are
given in Table III. These results are generally more satisfactory than the unrestricted versions. The
parameter restrictions cannot be rejected, and only in the case of a very few of the industries do diagnostic
statistics indicate that the regression equations are likely to be misspecified.18 Also note that the
restricted estimates for the industries 16, 20, and 25 are no longer unstable, although the equations for
the latter two industries are specified in first differences and do not possess long run solutions. The long
run elasticities of employment with respect to output and real wages for the 38 industries that do have
long run solutions are displayed graphically in Figures 1 and 2, respectively. Although there is still a
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Figure 1: Histogram of the long run elasticities of employment with respect to output in different
industries.

great deal more room for improving the results by, for example, including ‘industry specific’ variables in
the employment demand functions, we believe that the results obtained so far provide a reasonable basis
for the application of the methods developed in this paper to the restricted and unrestricted disaggregate
results and those that can be obtained by the direct estimation of the aggregate specification (7.2). For

16 The effects of omitting the time trend variable on the coefficient estimates were particularly marked only in the case
of industries 2, 3, 5, 10, 24, 32, and 37.

17 The autoregressive parts of the regressions for these three industries have unstable roots.
18 The results in Table II are also of some interest insofar as they show evidence of significant aggregate output effects

on employment demand at the industry level. See footnote 10.
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Figure 2: Histogram of the long run elasticities of employment with respect to real wages in different
industries.

the unrestricted estimate of (7.2) we obtained

SLETt = −136.50− 0.0217Tt + 0.5862SLETt−1 (7.3)

(51.47) (0.0861) (0.2274)

+ 0.0819SLETt−2 + 0.4817SLY Tt + 0.0088SLY Tt−1

(0.1833) (0.0670) (0.1253)

−0.3508SLWTt − 0.0334SLWTt−1 + ûit,

(0.0799) (0.0955)

LLF − 7.77, R
2

= 0.9958, σ̂ = 0.3717,

DW = 2.06, n = 29, χ2
SC(1) = 0.88,

χ2
FF (1) = 0.6279, χ2

N (2) = 4.86, χ2
H(1) = 1.48.

The notations are as before, and the test statistics χ2
SC , χ2

FF , χ2
N , and χ2

H are already defined at the
foot of Table III. This aggregate specification passes all the tests and has reasonable short run and long
run properties. However, it is again over-parameterised. The coefficients of Tt, SLETt−1, SLY Tt−1, and
SLWTt−1 are statistically insignificant whether considered singly or jointly. The chi-squared statistic
for the joint test of zero restrictions on the coefficients of these variables was equal to 0.53. So we also
estimated the following restricted version of (7.2):

SLETt = −134.07 + 0.6956SLETt−1 + 0.4611SLY Tt (7.4)

(15.22) (0.0417) (0.0457)(51.47)

−0.3718SLWTt + ûit,

(0.0354)

LLF = −8.39, R
2

== 0.9963, σ̂ = 0.3481,

DW = 2.27, n = 29, χ2
SC(1) = 0.65,

χ2
FF (1) = 0.86, χ2

N (2) = 5.53, χ2
H(1) = 2.20.

The coefficient estimates are all well determined and imply long run elasticities of aggregate employment
with respect to output and real wages of 1.52 and −1.22, respectively.19 The long run real wage elasticity

19 To check for the possible effect of the simultaneous determination of output, employment, and real
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is only marginally different from the value of −0.92 reported recently by Layard and Nickell (1985) and
(Nickell, 1984, p. 177) for the U.K. This similarity is especially striking considering the differences that
exist between the two analyses as far as the aggregation procedure, the specification of employment
function, and the estimation periods are concerned.

We are now in a position to compare the disaggregate and the aggregate results. As far as the in-
sample ‘predictive’ performance of the aggregate and the disaggregate models is concerned, we computed
the s2d criterion (as defined by (4.2) for the unrestricted and the restricted versions of the disaggregate
model. These were 0.1091 and 0.1000 respectively, thus providing evidence of a slightly better fit for
the restricted version of the disaggregate model.20 The value of the goodness-of-fit criterion for the
aggregate equations (7.3) and (7.4) were equal to 0.1382 and 0.1211, respectively. These results are
summarised in Table IV, where the uncorrected GG criterion (the first term on the right-hand side of
(4.6) is also reported in brackets. On the basis of the proposed choice criterion the restricted as well
as the unrestricted versions of the disaggregate model are preferable to the aggregate equation. The
computation of the statistic for the test of perfect aggregation defined by (5.7) also provided additional
support in favour of the disaggregate model. In the case of the unrestricted version the value of this
test statistic was equal to 81.66, which is approximately distributed as a χ2

29, thus firmly rejecting the
hypothesis of perfect aggregation. This is also clearly reflected in the estimates of the long run elasticities
obtained from the disaggregate and the aggregate results. For example, concentrating on the restricted
versions of the employment functions, the long run elasticity of aggregate employment with respect to
output based on the disaggregate results (Table II) turned out to be equal to 0.724 as compared with
the figure of 1.52 obtained using the aggregate specification (7.4).21 Similarly the long run elasticity of
aggregate employment with respect to real wages based on the disaggregate results was equal to −0.4551
as compared with the estimate of −1.22 based on the aggregate specification (7.4). These results clearly
suggest the existence of important upward bias in the estimates of output and real wage elasticities of
employment demand obtained in the literature using an economy wide aggregate specification.

7.2 Results for the Manufacturing Industries

Having rejected the aggregate employment function in favour of the disaggregate model, the question
of what the appropriate level of disaggregation should be naturally arises. One possibility would be to
repeat the above analysis for all possible levels of disaggregation. Here in the way of illustration we
only consider the problem in the case of the manufacturing industries. The disaggregate results for this
industry grouping are given by the industries labelled 10 to 32 inclusive in Tables I and II. We also
obtained the following estimates of the unrestricted and the restricted employment demand functions for

wages on the OLS estimates, we also estimated (7.4) by the instrumental variable method using zt =
{1, SLETt−1, SLETt−2, SLY Tt−1, SLY Tt−2, SLWTt−1, SLWTt−2} as instruments. We obtained the following results:

SLETt = −137.01 + +0.6840SLETt−1 + 0.4745SLY Tt − 0.3830SLWTt + ûit,

(20.70) (0.0569) (0.0708) (0.0540)

R
2

= 0.9963, σ̂ = 0.3487, DW = 2.25, n = 29,

χ2
SC(1) = 0.56, χ2

FF (1) = 0.07, χ2
N (2) = 4.15, χ2

H(1) = 2.18,

which differ only marginally from the OLS results. In fact the Wu-Hausman statistic (T2 statistic in Wu (1973)), for the
test of the ‘exogeneity’ of SLY Tt and SLWTt in (7.4), using zt as the instruments, was equal to 0.112, which is well below
the 5 percent critical value of the F distribution with 2 and 23 degrees of freedom.

20 Notice that in general there is no reason to believe that the restricted model should perform better than the unrestricted
model as far as the s2d criterion is concerned. Although it is true that the imposition of statistically ‘acceptable’ linear
restrictions on the parameters of the micro equations, such as omitting one or more variables from the micro equations whose
t or F values are less than unity, lowers the estimates of σii, the same is not true of the estimates of the contemporaneous
covariances, σij , i 6= j. As a result the effect of parameter restrictions on

s2d =
m∑
i=1

σ̂ii + 2
∑
i>j

σ̂ij

will, in general, be ambiguous.
21 The estimates of the long run elasticities for the disaggregate model were computed from the simple averages of the

micro coefficients.



M. H. Pesaran, R. G. Pierse, M. S. Kumar / Econometric analysis of aggregation 18

Table III: Summary and Diagnostic Test Statistics for the Restricted Employment Equations
(1956–1984)

Industry groups R
2

χ2
r σ̂ χ2

SC(1) χ2
FF (1) χ2

N (2) χ2
H(1)

1. Agriculture, Forestry and Fishing .9983 0.04(3) 0.0137 0.01 7.25 0.39 2.25
2. Coal Mining .9986 3.72(3) 0.0158 0.84 0.91 0.32 0.05
3. Coke .9771 5.20(5) 0.0449 0.24 0.67 0.27 1.87
4. Mineral Oil and Natural Gas — — — — — — —
5. Petroleum Products .9178 4.89(5) 0.0566 0.48 0.01 1.83 0.85
6. Electricity, etc. .9876 2.19(5) 0.0190 0.17 1.26 0.18 0.12
7. Public Gas Supply .9719 3.97(4) 0.0322 1.29 0.00 4.86 1.42
8. Water Supply .9279 0.73(4) 0.0412 1.67 0.00 0.47 1.05
9. Minerals and Ores .9760 2.40(5) 0.0318 1.36 0.16 32.70 0.00
10. Iron and Steel .9933 2.49(4) 0.0265 0.08 0.19 1.42 0.43
11. Non-Ferrous Metals .9864 2.63(2) 0.0250 0.01 3.47 0.20 1.89
12. Non-Metallic Mineral Products .9935 3.44(3) 0.0177 1.11 0.23 0.76 3.15
13. Chemicals and Manmade Fibers .9795 6.27(6) 0.0156 3.51 1.80 0.96 1.14
14. Metal Goods .9877 2.37(5) 0.0192 0.09 0.27 0.38 1.00
15. Mechanical Engineering .9913 3.64(3) 0.0143 0.93 0.10 0.02 0.73
16. Office Machinery, etc. .8922 10.47(4) 0.0345 0.05 2.68 7.24 5.05
17. Electrical Engineering .9698 1.02(2) 0.0173 0.33 0.11 2.19 2.29
18. Motor Vehicles .9874 1.29(2) 0.0186 1.55 8.92 3.89 0.01
19. Aerospace Equipment .9878 2.21(4) 0.0268 0.90 0.30 1.81 1.30
20. Ships and Other Vessels .9817 9.70(6) 0.0323 0.45 0.61 0.40 4.46
21. Other Vehicles .9973 1.69(4) 0.0241 0.01 0.81 0.17 0.04
22. Instrument Engineering .9250 7.92(5) 0.0257 0.47 3.07 0.01 0.84
23. Manufactured Food .9837 0.85(3) 0.0164 1.69 2.78 1.33 4.38
24. Alcoholic Drinks, etc. .9232 2.56(4) 0.0269 1.32 0.02 0.94 2.06
25. Tobacco .8796 7.09(6) 0.0497 0.25 8.22 0.65 7.62
26. Textiles .9981 3.18(5) 0.0175 0.05 4.46 0.74 5.09
27. Clothing and Footwear .9984 3.76(6) 0.0110 0.36 1.92 0.62 0.03
28. Timber and Furniture .9864 4.24(4) 0.0138 0.00 2.43 1.34 0.30
29. Paper and Board .9927 2.86(4) 0.0192 1.09 1.33 1.74 4.41
30. Books, etc. .9306 4.69(4) 0.0123 1.70 0.01 0.14 0.44
31. Rubber and Plastic Products .9818 4.73(4) 0.0173 0.21 1.59 0.96 1.03
32. Other Manufactures .9917 7.18(5) 0.0137 0.37 0.21 1.12 0.00
33. Construction .9689 5.54(3) 0.0179 5.00 2.34 1.62 1.00
34. Distribution, etc. .9580 5.44(4) 0.0143 0.49 0.02 0.94 2.06
35. Hotels and Catering .9169 3.49(5) 0.0198 0.58 1.88 0.45 0.63
36. Rail Transport .9960 2.36(6) 0.0230 0.28 0.00 1.27 1.98
37. Other Land Transport .9747 4.04(5) 0.0163 0.02 1.23 0.64 2.71
38. Sea, Air, and Other .9155 7.87(4) 0.0229 0.27 4.31 0.39 2.75
39. Communications .9351 4.42(2) 0.0184 1.56 0.48 0.14 1.81
40. Business Services .9940 1.81(5) 0.0128 0.98 2.01 1.98 0.17
41. Miscellaneous Services .9512 3.21(6) 0.0222 0.06 0.47 0.39 1.91

Notes: χ2
r is the chi-squared statistic for the test of r linear restrictions on the parameters

of unrestricted employment equations (see Table I). The value of r is given in brackets after
the statistic. χ2

SC(1) is the first order LM test of residual serial correlation. χ2
FF (1) is

Ramsey’s RESET test of order 1. χ2
N (2) is a test of normality of the errors. χ2

H(1) is a

heteroscedasticity test of order 1. σ̂ is equation’s standard error. R
2

is the adjusted multiple
correlation coefficient. The underlying regressions and the test statistics reported in this
table are computed on Data-FIT package. For details of relevant algorithms and references,
see Pesaran and Pesaran (1987).



M. H. Pesaran, R. G. Pierse, M. S. Kumar / Econometric analysis of aggregation 19

the manufacturing sector as a whole:

SLEMt = −65.58− 0.0039Tt + 0.7491SLEMt−1 (7.5)

(22.19) (0.0565) (0.2211)

−0.0162SLEMt−2 + 0.4933SLYMt − 0.0897SLYMt−1

(0.1655) (0.0531) (0.1170)

−0.2979SLWMt − 0.0148SLWMt−1 + ûit,

(0.0659) (0.0837)

LLF7.20, R
2

= 0.9968, σ̂ = 0.2218, DW = 2.21, n = 29,

χ2
SC(1) = 4.56, χ2

FF (1) = 0.01, χ2
N (2) = 0.24, χ2

H(1) = 1.70,

and

SLEMt = −66.82 + 0.7407SLEMt−1 + 0.4004SLYMt (7.6)

(6.65) (0.0417) (0.0434)

+0.0906∆SLEMt − 0.3137SLWMt + ûit,

(0.0551) (0.0343)

LLF7.13, R
2

= 0.9972, σ̂ = 0.2080, DW = 2.19, n = 29,

χ2
SC(1) = 0.34, χ2

FF (1) = 0.00, χ2
N (2) = 0.21, χ2

H(1) = 1.47,

where

SLEMt =

32∑
i=10

LEHit, SLYMt =

32∑
i=10

LYit, SLWMt =

32∑
i=10

LWit.

The restricted version (7.6) clearly cannot be rejected against the unrestricted version (7.5).22 In this
application the values of the goodness-of-fit criterion (s2d) for the unrestricted and the restricted models
were 0.0506 and 0.0437 respectively, indicating that the restricted version of the disaggregate model
has a better in-sample performance insofar as predicting the aggregate employment variable SLEMt

is concerned. The goodness-of-fit criterion for the aggregate specifications (7.5) and (7.6) are given by
0.0492 and 0.0433 respectively. (See also Table IV.) Hence on the basis of the choice criterion, for the
manufacturing industries the aggregate models give a marginally better fit than either of the disaggregate
models. This, of course, does not mean that the aggregate model is not subject to the aggregation error
problem. In fact the application of the test of perfect aggregation to this example resulted in the value
of 69.92 for the am statistic which is well in excess of the 5(= n) degrees of freedom.

The rejection of the perfect aggregation hypothesis is also reflected in the large differences that exist
between the estimates of the long run real wage and output elasticities of the manufacturing employment
based on the disaggregate and the aggregate results. In the case of the restricted models, the estimates
of the long run real wage elasticity based on the aggregate and the disaggregate models were −1.21
and −0.509, respectively. The corresponding figures for the long run real output elasticities were 1.54
and 0.763, respectively. The better performance of the aggregate model should be interpreted as an
important indication that the disaggregate employment functions are misspecified. This suggests the
need for a much more detailed analysis of employment demand at the industry level, which may involve
including ‘industry specific’ variables in employment equations, experimenting with a different choice of
functional forms across industries, or searching for new industry-specific explanatory variables, or even
compiling a more reliable set of micro data.

8 Concluding Remarks

In this paper our primary concern has been with the problem of choice between macro and micro
regression equations for the purpose of predicting macro variables. The test of perfect aggregation
developed in the paper also addresses the macro prediction problem; although as our application to the
UK employment demand functions shows, it has some bearing on the problem of aggregation bias as

22 We also estimated the restricted version (7.6) by the IV method using z,=
(1, SLEMt−1, SLEMt−2, SLYMt−1, SLYMt−2, SLWMt1 , SLWMt−2) as instruments and obtained very similar
results.
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Table IV: Relative Predictive Performance of the Aggregate and the
Disaggregate Employment Functions

(1956–1984)

Aggregate Equations Disaggregate Equations3

Unrestricted1 Restricted2 Unrestricted Restricted

All industries4 0.1382 0.1211 0.1091 0.1000
(0.0846)6 (0.0859)

Manufacturing5 0.0492 0.0433 0.0506 0.0437
(0.0439) (0.0389)

1 See equations (7.3) and (7.5).
2 See equations (7.4) and (7.6).
3 See the results in Tables I and II.
4 Excluding Industry 4, Mineral Oil and Natural Gas.
5 Industries 10 to 32 inclusive.
6 Bracketed figures refer to the degrees-of-freedom uncorrected measure of the choice criterion,
given by the first term in the expression for s2d defined in (4.6).

well. In using the goodness-of-fit criterion and the test of perfect aggregation it is, however, important to
note that these methods, like most other methods of inference in econometrics, suffer from the fact that
they may have little to say on the validity of the aggregation conditions outside the estimation period.
In the case of aggregation across micro units this problem is especially serious as the extension of the
results of aggregation tests to the post estimation period requires stability of the micro coefficients as
well as the stability of the industrial composition of the economy.

A Data Appendix: Data Sources and Definitions

The data used in the empirical analysis in Section 7 are annual observations on 41 industry groups for
the UK obtained from the Cambridge Growth Project Databank. The data on industry man-hours,
employment, wages and salaries, and employers’ contributions were originally provided by the Institute
for Employment Research at the University of Warwick. The data on industry output were obtained
from the Central Statistical Office’s commodity flow accounts adjusted for our industrial classification.
The data on producer price indices of industry output were obtained from a number of published sources
including the Department of Trade and Industry’s publication “British Business”, the CSO’s publications,
the “Annual Abstract of Statistics” and the “Monthly Digest of Statistics”, and the Department of
Energy’s “Energy Trends”.

Some of the 41 industry groups are identical to the ‘groups’ distinguished in the 1980 Standard
Industrial Classification. However, in view of the significant differences between them in a large number
of cases, the groups are listed in Table A, using as a reference the Division, Class or Group of the 1980
Standard Industrial Classification. In the analysis of the manufacturing sector groups 10 to 32 inclusive
are included.

For empirical estimation, the man-hours employed (EHt) are defined as a product of the actual hours
worked per week and the numbers employed in each of 41 industries, including self employed (’000s) in
these industries. Industry output (Y ) is gross value added by industry in 1980 prices (m). Average
real wage rate (W ) is a measure of the real product wage by industry. It is obtained by first deflating
an industry’s total labour costs including both employees’ wages and salaries and employers’ national
insurance contributions (m) by the price index of industry output (1980 = 1.00). This is then divided
by the man-hours employed in that industry to obtain the average real wage rate. All the data are
annual covering the period 1954–1984 with both the aggregate and disaggregate equations estimated
over the period 1956–1984. These data, and the computer programs used both in estimation and in the
computation of the choice criterion and the statistics for the test of perfect aggregation, are available on
request from the authors.
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Table A: Classification of Industry Groups
(In Terms of the 1980 Standard Industrial Classification)

Industry Division, Class or Group

1. Agriculture, Forestry, and Fishing 0
2. Coal Mining 1113, 1114
3. Coke 1115, 1200
4. Mineral Oil and Natural Gas 1300
5. Petroleum Products 140
6. Electricity, etc. 1520, 1610, 1630
7. Public Gas Supply 1620
8. Water Supply 1700
9. Minerals and Ores n.e.s. 21, 23
10. Iron and Steel 2210, 2220, 223
11. Non-Ferrous Metals 224
12. Non-Metallic Mineral Products 24
13. Chemicals and Manmade Fibers 25, 26
14. Metal Goods n.e.s. 31
15. Mechanical Engineering 32
16. Office Machinery, etc. 33
17. Electrical Engineering 34
18. Motor Vehicles 35
19. Aerospace Equipment 3640
20. Ships and Other Vessels 3610
21. Other Vehicles 3620,363,3650
22. Instrument Engineering 37
23. Manufactured Food 41, 4200, 421, 422, 4239
24. Alcoholic Drinks, etc. 4240, 4261, 4270, 4283
25. Tobacco 4290
26. Textiles 43
27. Clothing and Footwear 45
28. Timber and Furniture 46
29. Paper and Board 4710, 472
30. Books, etc. 475
31. Rubber and Plastic Products 48
32. Other Manufactures 44, 49
33. Construction 5
34. Distribution, etc. 61, 62, 63, 64, 65, 67
35. Hotels and Catering 66
36. Rail Transport 71
37. Other Land Transport 72
38. Sea, Air, and Other 74, 75, 76, 77
39. Communications 79
40. Business Services 81, 82, 83, 84, 85
41. Miscellaneous Services 94, 98, 923, 95, 96, 97.
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