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In this paper a Factorial Matrices technique suitable for exploratory analysis of
multivariate, disaggregated time series is presented and applied to a data set covering
19 US manufacturing industries over the years 1979 to 1990. The empirical analysis
con®rms that the technique is a powerful tool, allowing otherwise di� cult extraction
of stylized facts from multidimensional datasets. In this case: (i) there are no signs of
deindustrialization induced by growing import penetration, and, (ii), employment
decline has generally not been associated to substitution of capital to labour.

I . INTRODUCTION

The question at the origin of this paper is very simple: what
has occurred in the US manufacturing industry during the

1980s? The special interest in this decade stems from its
peculiar features: it included a complete business cycle,
both of Reagan’s terms of o� ce, and structural changes
that have started a heated debate on the risk of deindus-
trialization of the US economy. Though the question is
simple, providing a simple answer is not an easy matter:
stylized facts are certainly one of the most powerful ways
of conveying the results of empirical economic analysis, but
grand simpli®cations causing no signi®cant loss of infor-
mation are often very hard to achieve. Indeed, the explora-
tory tools commonly employed provide little help when the
data span over three dimensions, as is the case with multi-
variate time series covering several diVerent industries ±

and we have to look at this sort of data in order to answer
our question. There is clearly a need of a statistical tech-
nique allowing exploratory analysis of 3D datasets. The
aim of this paper is thus twofold: on one hand, developing
a Factorial Matrices statistical technique suitable for 3D
exploratory analysis; on the other, understanding by means
of this technique what has occurred in the US manufactur-
ing industry during the 1980s.

The following section will discuss in more detail the
empirical problem, the third will present the Factorial
Matrices technique employed to solve it, in the fourth
report the empirical analysis, and ®nally in the ®fth draw
some conclusions.

II . WHAT HAPPENED IN THE US
INDUSTRY IN THE 1980S?

As long as the study con®nes itself to the aggregate level, a
clearly naive but nevertheless common approach, the path
followed by the US manufacturing industry over the 1980s
appears pretty simple to describe. Comparing the data at
the end and the beginning of the period, we ®nd that
employment fell, output and capital stock grew (thus
suggesting widespread capital±labour substitution), both
exports and imports grew very fast, however, imports
largely outpaced exports (at current prices, respectively
‡ 200:3% and ‡ 131:0%). This raised the fears of dein-
dustrialization mentioned above, well represented for in-
stance by the essay collected in Bernstein and Adler (1994),
a volume by the revealing title Understanding American
Economic Decline. However, these fears are not universally
shared, with the opposite view stressing the global tendency
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towards specialization and the relative, rather than abso-
lute, nature of the American decline. For instance, Dollar
and WolV (1993) state that `Evidence for the more extreme

versions of the America-in-decline thesis is scant’ (p. 17).
If specialization is brought into the discussion, then the

study clearly needs to consider industry-level data. Un-

fortunately, in this case things are less easy to summarize.
Although employment did fall and output did grow in
almost all industries (exceptions being furniture, printing,

and rubber for the former where employment actually
grew, and leather and primary metals for the latter where
output fell), the individual rates of growth have been very
variable. In most industries output grew by less than 10%

(in other terms less than 1% a year), whereas for instance
in the machinery industry it more than doubled (‡ 117%
between 1980 and 1990).

The situation gets worse if the study tries to shed some
light on these diVerences by examining joint paths. First of
all, just considering the ®gures at the beginning and the end
of the period is now much less satisfactory, as it may

obscure important comovements (this may be particularly
serious in the case of the highly cyclical foreign trade vari-
ables). On the other hand, looking at the entire time series

of several individual industries is unpractical even at the
exploratory stage. The study shall then accept, for the
moment, this simpli®cation, and proceed: the result is a
rather confused picture. For instance, although capital

grew on the aggregate, it did fall in some industries.
Obviously, this would be neither a surprise nor a problem,
were it not for the fact that some of these have followed

completely diVerent paths as far as the other variables are
concerned. Consider, for instance, the leather and lumber
industries: in the former dramatic falls in both output and

employment took place, suggesting indeed deindustrializa-
tion, whereas in the latter output grew and employment
declined, suggesting capital and labour saving technical
progress. Further, if the study looks, for instance at the

Rubber Industry, it ®nds that a massive growth in output
(62%) has been achieved with a small increase in capital
stock (17%), while in other industries the reverse is true ±

the large increases in capital stock thus seemingly aimed
more at cutting labour inputs than at increasing capacity
(as, e.g., in the electrical machinery industry: capital

‡ 91%, output ‡ 50%, employment ¡ 7%).
In fact, any hopes that the labour productivity patterns

may be obviously related to the growth of capital/labour

ratios are short-lived. Taking the machinery and electrical
machinery industries as examples it was discovered that
these variables may even be inversely related, as can be
appreciated by the data reported in Table 1.

Capital grew slightly more in the electrical machinery

industry, but the increase in labour productivity in this
industry has been less than half that achieved in the

machinery industry.
Finally, no obvious relationships exist either between

labour productivity, exports and imports, as shown very

clearly by the examples reported in Table 2.
Despite a remarkable increase in labour productivity,

machinery imports grew more than three times exports;
on the other hand, a moderate productivity gain (about
2% a year) in the lumber industry has been accompanied

by a large rise in exports, with imports hardly growing at
all.

The cross-correlations are thus blurred enough to sug-
gest that this study needs to take into account all the infor-
mation available, and not just the averages: obviously, the

point is how to do this, since computing annual growth
rates, for instance, would clearly leave open the problem

of synthesizing the resulting mass of information.
Summing up, two conclusions have been reached about

how to proceed in order to answer this question:

(i) when looking at time trends, all the single industries

should be examined at once.1 Neither examining the
aggregate (with an a priori unwarranted loss of

information), nor all the individual industries sepa-
rately (excessively fragmenting the analysis) really
helps in understanding what happened.
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Table 1. Growth of capital per worker and labour productivity in
the machinery and electrical machinery industries, 1979±1990

Capital Labour
per worker productivity

Machinery ‡ 96:8% ‡ 166:1%
Electrical Machinery ‡ 104:6% ‡ 62:9%

Source: authors’ computations on data from Survey of Current
Business, various issues.

Table 2. Growth of labour productivity and international trade
¯ows at current prices in the machinery and lumber industries,
1979±1990

Labour productivity Exports Imports

Machinery ‡ 166:1% ‡ 104:2% ‡320:4%
Lumber ‡ 29:5% ‡ 85:3% ‡11:6%

Source: authors’ computations on data from Survey of Current
Business, various issues.

1 Incidentally, note that this objective is implicit in the exploratory analyses of small amount of disaggregate data routinely carried out
for instance by looking at tables of average growth rates. The problem here is how to achieve this aim with a rather large data set (10
years, 19 industries).



(ii) cross-section cross-correlation analysis analogously
must retain as much as possible of the time series
information without excessively fragmenting the
analysis, to understand what happened in the period
of interest taken as a whole (rather than year by
year, or limiting the analysis at the growth between
the ®rst and the last year).

At this point the question has become somehow more
speci®c; more precisely, it has split into two:

(i) `which are the time paths of the chosen set of vari-
ables best summarizing those followed by all the
individual industries, taken as a whole?’ Once
these paths are identi®ed, further analysis can be
easily carried out exactly as could be done on aggre-
gate or average data; the diVerence is that they are
necessarily more representative than the latter.

(ii) the second question can be put in the following
form: `which are the cross-section cross-correlations
best summarizing the joint movements of the chosen
set of variables over the given industries?’ Answer-
ing this question will help in assessing, e.g., if import
penetration has been signi®cantly linked to output
and employment decline.

The natural objection is that our desire to have both
synthesis and disaggregation (over either industries or
time) resembles closely that of having the cake and eating
it.2 However, there is a solution, provided by the class of
the so-called multivay factorial techniques (see, e.g.,
Kroonenberg, 1983; Rizzi and Vichi, 1995a, b). These
powerful methods have been recently developed in order
to analyse data that can be represented as matrices having
three or more dimensions: considering individual industries
as described by time series of some key variables (such as
capital, employment, etc.), the objective can indeed be seen
as that of analysing a three-dimensions (time £ variables
industries) data matrix. The next section will present the
FAMA (FActorial MAtrices) method, a technique falling
in this class.

II I . THE FAMA METHOD

Structure and Objectives

The FAMA (FActorial Matrices Analysis) technique is
aimed to analyse multivariate±multisituation phenomena,
i.e. phenomena described by k variables measured on a
given group of n units on r diVerent situations (e.g. points
in space or time, data sources, etc.). These data are
collected in 3D, or three-way, matrix of size n £ k £ r,

formed by two dimensional marginal matrices of sizes

n £ k (units £ variables, one for each situation; in fact a
sequence of multiple cross-section series), n £ r (units £
situations, one for each variable), and r £ k (situa-

tions £ variables, one for each unit; when the situations

are time periods each of these is a multiple time series
describing the path followed by a given unit). Taking for

instance the point of view of the n £ k (units £ variables)

matrices, the three-way matrix can be seen as a sequence of

r two-way data matrices, one for each situation. In this

case, for each year starting in 1979 and ending in 1990
there will be one matrix with 19 rows (one for each indus-

try) and as many columns as the variables considered.

In the common case when the situations are points in

time, analysing the complete three way matrix allows eval-

uating simultaneously the variability across units and the
dynamics of the phenomenon of interest. The latter is

instead absent if each observation in time is analysed sepa-

rately, or lost if the average matrix is considered. It is

indeed the relevance given to the time dimension that dis-
tinguishes all multiway dynamic teqhniques, pioneered by

Tucker (1966, 1972) with the Three-mode factor analysis

and Escou®er (1977, 1987) with the STATIS method, from

the traditional static multivariate ones. We will later moti-

vate the preference given to FAMA rather than STATIS or
other available methods; let us however ®rst describe its

structure.

FAMA can be described as a two-steps factorial tech-

nique aimed (like all the other multiway techniques) at

reducing the vast amount of information contained in a
three-way matrix into more manageable terms. Most pre-

cisely, the objective of the ®rst step is either:

(1) extracting a small number of unobservable virtual

units, linear combinations of the original units that

best summarize (in the usual least squares sense) the

information given by the overall variability of the
data across situations;

(2) extracting a small number of unobservable virtual

situations, linear combinations of the original situa-

tions that best summarize (in the usual least squares

sense) the information given by the overall variabil-
ity of the data across units.

The two-way matrices describing respectively the virtual

units and the virtual situations are called factorial matrices,

and have the same dimensions of the matrices describing

respectively the original units and situations. In case (1)

the original n £ k £ r dimensions are thus reduced to
n 0 £ k £ r, with n 0 ½ n; in the second, to n £ k £ r 0, with

r 0 ½ r.
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It is useful for illustrative purposes to consider the
extreme cases when n 0 ˆ r 0 ˆ 1, and the situations are
points in time. In the ®rst case the result is a two-way
variables £ situations matrix, i.e. a single virtual multiple
time series; in the second, a two-way units £ variables
matrix, i.e. a pure cross-section series. In other terms, the
results of the ®rst step would be to marginalize the three-
way matrix with respect to either the units or the time
dimension, exactly as done when aggregating or taking
averages. The crucial diVerence is that the weights of the
linear combination chosen by FAMA minimize the loss of
information according to the least squares optimality cri-
terion, whereas aggregating or averaging impose using

equal weights to all the two-way matrices and may thus
entail an unnecessary loss of information. Further, when
clusters of strongly correlated units or situations are pres-
ent FAMA will extract more than one factorial matrix (i.e.,
n 0 > 1 or r 0 > 1), allowing separate analysis of these pieces
of information.

In both cases 1 and 2 the objective of the second step is
extracting independent latent factors summarizing the
information provided by the k variables in each of the n 0

and r 0 factorial matrices, thus eventually reducing the
dimension of the three-way matrix to respectively
n 0 £ k 0 £ r and n £ k 0 £ r 0, with n 0 ½ n; r 0 ½ r and k 0.

Summing up, and retaining the identi®cation of the
situations with time periods, in case 1 the three-way matrix
is seen as n multiple time series, and FAMA ®rst sum-
marizes its information with n 0 ½ n latent independent

multiple time series, including decreasing amounts of infor-
mation common to highly correlated subsets of the
observed multiple time series.3 In the second stage of the

method these latent multiple time series are further synthe-
sized by independent latent factors. The ®nal result is a
three-way matrix with a smaller number of both units
and variables (unobservable and interpreted on the basis
of the correlations with the respective counterparts) and
the same time periods of the original matrix.

On the other hand, in case (2) the three-way matrix is
seen as r multiple cross section series, and FAMA ®rst
summarizes its content through r 0 ½ r latent independent
multiple cross-section series, each summarizing decreasing
amounts of information common to highly correlated sub-
sets of the observed cross-sections. In the second stage of
the method these latent multiple cross-sections are further
synthesized by independent latent factors. The ®nal result
is a three-way matrix with a smaller number of both time
periods and variables (unobservable and interpreted on the

basis of the correlations with the respective counterparts)
and the same units of the original matrix.

FAMA can thus reach several objectives for both quan-
titative and qualitative data:

(1) examining the cross-correlations between all the
pairs of multiple time series included in a three-way
matrix, i.e. the links between the time series of the
various variables measured on a given unit;

(2) examining the cross-correlations between all the
pairs of multiple variables describing a multivariate-
multisituation phenomenon, i.e. the links between
the data observed on a given set of units in diVer-
ent situations, for all pairs of situations;

(3) identifying virtual situations, summarizing the infor-
mation common to diVerent observed situations;

(4) extracting factors summarizing the information com-
mon to diVerent observed variables in each virtual
situation;

(5) identifying virtual units, summarizing the informa-
tion common to diVerent observed units;

(6) extracting factors summarizing the information com-
mon to diVerent observed variables on each virtual
unit;

(7) tracing the paths followed by the observed units in
the orthogonal basis formed by the factors de®ned in
(4) above;

(8) tracing the paths followed by the observed units in
the orthogonal basis formed by the factors de®ned in
(6) above.

Some existing multiway techniques can be shown to be
special cases of FAMA, that also deals with aspects not
considered by any of them. STATIS (L’Hermier Des
Plantes, 1976, Escou®er, 1977, 1987), deals with data
matrices transformed in dissimilarity matrices and reaches
the objectives (3), (4) and (7) under the constraint of a
single factorial matrix (`compromise matrix’), while the
Multistep Principal Component Analysis (MPCA; Rizzi,
1989; Bodo et al., 1993), is aimed at the objectives (3)
and (4) for quantitative data.

Methodology

This study will now examine more speci®cally the three
operative phases of the method. Note that for simplicity
the study will identify the situations with time periods, but
the procedure outlined applies to any type of situations (for
instance, points in space rather than time).

Dependence Analysis. In this ®rst phase objectives (1) and
(2) above are reached using the index of dependence
(more precisely, association, for categorical data, or cor-
relation, for quantitative variables) best suited to measure
the overall links between (a) the variables observed on
the units in period h and m, with h; m ˆ 1; . . . ; r; or,
(b) the pairs of multiple time series h ed m, with

298 S. Fachin, D. G. Shea and M. Vichi

3 Note that we are referring here to the concept of correlation among matrices (cf. e.g. Rizzi and Vichi, 1989).



h; m ˆ 1; . . . ; n. The choice of the index clearly depends

on the nature of the data. Several diVerent measures can
be derived from the generalized relative index:

dep …Xh; Xm† ˆ
…vec X 0

h† 0C vec X 0
m�����������������������������������������������������������������������������

…vec X 0
h† 0Ch vec X 0

h…vecX 0
m† 0Cm vec X 0

m

q

…1†

De®ning C ˆ Ch ˆ Cm ˆ Ix « W , where Ix is the identity
matrix of either order r, in case (a), or n, in case (b), and W
is a square matrix of order k. If we want to take into
account the correlation between pairs of diVerent variables
(say, Xi and Xj) in the diVerent situations h and m we have
wij ˆ 1, otherwise wij ˆ 0. More speci®cally, letting W ˆ Ik

returns the weak matrix correlation coe� cient (used e.g. in

the MPCA mentioned above), that takes into account
exclusively the correlations between the values of the
same variables in diVerent units or situations. Instead if
W ˆ 1k1 0

k, with 1 0
k the unit vector of size k, there is a strong

matrix correlation coe� cient, measuring the cross-correla-
tions between all the variables over the diVerent situations
or units (and which is thus clearly more satisfactory, espe-
cially in economic applications).

Incidentally, note that STASIS is based on Escou®er’s

(1973) RV index, delivered by (1) when the data matrices
are replaced by the covariance or scalar product matrices
and C ˆ Ch ˆ Cm ˆ Ix « W , where Ix and W as in the case
of the weak correlation coe� cient. Now, under these con-
ditions (1) is not a measure of correlation any more, as it
does not satisfy the conditions introduced by Renyi (1959)
and discussed by e.g. Ramsay et al. (1984), but a measure
of similarity, as de®ned by Robert and Escou®er (1976).

Before proceeding further, note that an interesting
byproduct of this stage of the analysis might be represent-
ing the Xh matrices as points in a space de®ned by the
chosen measure of correlation between the pairs of
matrices …Xh; Xm† h; m ˆ 1; . . . ; r or n, and then searching
for clusters of correlated units or situations through tech-
niques of cluster analysis.

Synthesis. In the second phase the aims are objectives 3
and 5, i.e. the extraction of the factorial matrices (virtual

units or virtual situations, represented by matrices re-

spectively of the same dimensions of the units and situa-
tions matrices) able to best summarize the information

included in the three-way matrix. The g-th factorial

matrix Fg is a normalized linear combination of the
matrices Xh (h ˆ 1; . . . ; c, with c ˆ r or c ˆ n), summariz-

ing the g-th largest amount of dependence (measured by

1); it is independent by the ®rst g-1 factorial matrices.

Formally:

Fg ˆ
Xc

hˆ1

ahgXh …2†

so that:

Xc

hˆ1

Xc

mˆ1

…vec X 0
h† 0C vec X 0

m������������������������������������������������������������������������������
…vec X 0

h† 0Ch vec X 0
h…vec X 0

m† 0Cm vec X 0
m

q ahgamg ˆ max

…3†

subject to:

Xc

hˆ1

a2
hg ˆ 1

Xc

hˆ1

Xc

mˆ1

…vec X 0
h† 0C vec X 0

m������������������������������������������������������������������������������
…vec X 0

h† 0Ch vec X 0
h…vec X 0

m† 0Cm vev X 0
m

q ahf aml ˆ 0;

where f 6ˆ l; f ; l ˆ 1; . . . ; g:

The virtual units and situations thus obtained are inter-

preted on the basis of the correlations with the original
data (respectively, units and situations) measured by the
generalized index 1.4

For a comparison, note that in the MPCA, based on the

weak matrix correlation coe� cient, (3) maximizes the sum
of the linear combinations of the variance of the k variables
in the r situations or n units and of the linear combination

of the covariances between the same variable observed in
pairs of situations or units.

Finally, because of the transformation of the data

matrices in covariance matrices, STATIS is not able to
extract more than one virtual unit or situation. It is thus
not advised for data showing a high degree of hetero-

geneity, which can, on the contrary, be properly handled
by FAMA.

Singular value decomposition. This third and ®nal phase

is aimed at objectives (4), (6), (7) and (8) through factor

analyses applied on each factorial matrix (i.e. virtual unit

or virtual situation). The factors extracted allow an

appreciation of the covariance structure of the original

variables over the whole set of original situations, while

the paths followed by the units in the factor space an in-

terpretation of the variability over the situations (in case

of time series, of the actual time trend).
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IV. FACTORIAL MATRICES ANALYSIS:
ESTIMATION AND RESULTS

This study will now examine the main steps of the applica-

tion of the FAMA method5 to the three-way matrix includ-
ing the series of ®xed nonresidential private gross capital

at 1982 dollars, employment, output, capital/labour ratio,

labour productivity, exports and imports (the last two vari-
ables at current prices because of the di� culties involved

with the construction of a foreign trade de¯ator at the

chosen level of disaggregation) , for the 19 two-digits SIC
manufacturing industries6 for the period 1979±1990. Given

that this study is interested in the dynamics, all data have

been normalized with respect to 1979, so that the period
eVectively analysed is 1980±1990. Covering both output,

factor use, technology and foreign trade these series should

provide a good description of the evolution of the structure
of the US industry over the period examined.

As discussed in the introduction to the method given in

Section II above, in this case the FAMA method can be
applied following two approaches: (i) synthesizing the

industries in one or more virtual industries representing

them as a whole in the best possible way; (ii) synthesizing
the observed years in one or more virtual years, represent-

ing them as a whole in the best possible way. `Best’ is taken

in the least squares sense. Once these virtual years or indus-
tries have been computed further analysis can be carried

out, e.g. examining correlations, etc.; when the set of vari-

ables used is rather large, as indeed in our case, a factor
analysis is a rather natural solution, and as such it is part of

the original structure of FAMA.

The correspondence of the two approaches with the
questions de®ned in the Introduction is evident. In case

(i) the factor analysis of the two-way matrices (one for

each virtual industry) years £ variables leads to factors
summarizing the variance±covariance structure over time

of the original variables, whereas in case (ii) the two-way

matrices are as many as the virtual years, their dimensions
are industries £ variables, and the factors thus summarize

the variance±covariance stucture across industries. In

econometric terms the two approaches thus correspond
respectively to time series and cross-section analysis.

Given that the data are normalized on 1979, the only

transformation needed was centering on the means over
time (in case (i)) or across industries (in case (ii)). This

study then proceeded to the analysis of dependence, using

as a measure the strong correlation coe� cient. Measuring
the correlation of every variable with all the others over

diVerent years or industries,7 this is clearly the most suited

for our aims. This study now examines the results in more
detail.

Identifying the virtual industries

In this case the aim is identifying the virtual industries best

representing the information given by the 19 multiple time
series describing the paths followed by the various indus-
tries over the period 1979±1990, so to reduce the dimen-
sions of the data space (industries £ variables £ years)
from 19 £ 7 £ 11 to n 0 £ 7 £ 11, with n 0 ½ 19. The strong
correlation coe� cients were thus computed between all the
possible pairs of industries and extracted the factorial

matrices describing the virtual industries. It turns out
that 89% of the total variability is explained by the ®rst
virtual industry, highly correlated with all the industries
except Tobacco and Petroleum and Coal. The paths fol-
lowed by the individual industries over the period ex-
amined have thus been so closely correlated that only the
Tobacco and Petroleum and Coal industries, a clearly
casual cluster, stand apart. The most distinctive feature
of both these industries are very large increases in capital

stock with falling employment and stagnating or falling
output; indeed, similar combinations are not found in
any other industry (cf. Table 3). This is con®rmed by the
®nding that these two industries are the only ones signi®-
cantly correlated with the second virtual industry, which
explains more than half of the residual variability but little
enough of the original one (6% out of a residual 11%, with

an eigenvalue of 1.1 only marginally higher than one) that
this paper will not examine it further.

Having found that reducing the dimension of the
industries portion of the space from 19 to 1 does not
cause any substantial loss of information, this study pro-
ceeded to a factor analysis of the ®rst virtual industry, so to
achieve a further reduction of the dimension of the vari-

ables portion of the space to some k 0 ½ 7. The results
con®rm the expectations induced by the simple exploratory
analysis carried out in the Introduction: there is only one
signi®cant factor (i.e., k 0 ˆ 1), explaining 86% of the varia-
bility of the observations in that portion of the data space,
positively correlated with all variables except employment
(cf. Table 4).

The picture obtained thus coincides with those ob-
tained by the simple observation of the aggregate data:

growth of capital, output, exports, imports, capital per
worker and labour productivity, fall in employment. The
value added of the analysis is, ®rst of all, knowing that
no other patterns with any overall signi®cance are present
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in the data, and, second, being able to assess how much of
the total variability of this data set is not covered by this
description: 23.7% (ˆ 1 ¡ 0:89 £ 0:86, where the former is
the variability explained by the ®rst virtual industry and the
latter that explained by the ®rst factor).

Identifying the virtual years

In this case it was computed that the strong correlation
coe� cients computed between all the pairs of years, i.e.
between all the pairs of cross-section series relative to the
various years. Then identi®ed were the virtual years best
representing this information; only the ®rst two turned out
to have eigenvalues greater than 1 (more precisely, respect-
ively 8.10 and 2.14), and thus to be signi®cant. The ®rst
virtual year found explains 74% of the variability of the
original data and is a linear combination of the individual
years with weights growing very slightly in absolute value
with time (from ¡ 0:27, for 1980, to ¡ 0:34, for 1990); the
second one explains 16.0% of the original variance, and,
not surprisingly, gives more weight to the initial years than
to the last ones. A break is evident between 1983 and 1984,

close to the turning point in the so-called `Reagan
Recession’.

An optimal synthesis of the time series information
is thus given by two virtual years, linear combination
with varying weights of all the individual years; in other

terms, the time dimension of the data space can be reduced
with no signi®cant loss of information from 11 to 2. Note
how this contrasts with the naive procedure of simply tak-
ing averages, which reduces the dimensions to 1 using con-

stant weights. The successive step, as above, was to carry
out separate factor analyses for each of the two virtual
years, trying to reduce the dimension of the variables por-

tion of the space to more manageable terms. This study will
now examine the results (reported respectively in Table 5
and 6) in turn.

In the case of the ®rst virtual year the variables can be

replaced by three factors, jointly explaining 87% of the
data variability in this portion of space, and all having
interesting economic meanings.

To begin, the ®rst factor found across all industries
shows ®rst of all that across industries the growth of out-
put is positively correlated to that of both inputs (capital
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Table 3. The US manufacturing industry in 1990 (1979 ˆ 100)

K Q N Exp Imp Q/N K/N

Food 120.62 130.27 96.25 152.19 189.27 135.34 125.32
Tobacco 188.89 96.67 70.00 522.82 184.31 138.10 269.84
Textiles 91.53 106.00 78.08 170.66 374.01 135.76 117.23
Apparel 95.04 111.01 79.98 201.41 417.55 138.79 118.82
Lumber 91.37 122.69 94.76 185.31 111.60 129.48 96.43
Furniture 141.67 132.54 102.41 447.61 518.83 129.42 138.33
Paper 140.11 125.63 100.29 268.88 240.00 125.27 139.71
Printing 165.35 160.23 127.45 325.75 337.00 125.72 129.74
Chemicals 117.14 120.59 98.56 216.45 268.46 122.36 118.86
Petroleum 122.39 101.03 75.24 322.30 130.50 134.28 162.67
Rubber 117.06 162.30 108.28 291.35 369.72 149.88 108.11
Leather 89.66 60.73 53.66 325.06 319.35 113.18 167.08
Stone 100.00 104.13 82.64 200.30 265.92 126.01 121.01
Primary Metal 100.19 81.35 60.29 136.20 148.70 134.94 166.19
Fabricated Metal 127.05 106.33 83.07 191.54 272.62 128.00 152.94
Machinery 164.42 222.32 83.53 204.16 420.39 266.15 196.83
Electrical equipment 190.93 151.98 93.31 294.08 415.21 162.88 204.63
Transport equipment 121.50 130.25 96.16 261.71 351.74 135.44 126.35
Instruments 181.64 152.02 99.80 303.31 469.91 152.32 182.00

Source: authors’ calculations on data from Survey of Current Business, various years. K: Capital; Q: Output; N: Employment; Exp:
Exports; Imp: Imports; Q/N: Labour Productivity; K/N: Capital per worker.

Table 4. Factor analysis of the ®rst virtual industry

Factors Eigenvalue Variability explained

F1 6.00 85.7%
Correlations between factors and variables

K Q N Exp Imp Q/N K/N
F1 70.99 70.96 0.72 70.80 70.99 70.99 70.97

Note: Variability explained by the virtual year: 89%. All variables indices 1979 ˆ 100.



and labour) and labour productivity, depicting a rather
traditional image of virtuous links between growth,

productivity, and inputs demand. In other terms, compar-
ing diVerent industries, higher productivity growth is not

synonymous of larger employment cuts. Cases like that of

the electrical machinery industry cited above are the excep-

tion and not the rule: the industries that have experienced
the fastest growth in capital accumulation are not those

that have the most substituted capital to labour. Indeed,
the largest employment fall (¡ 46% between 1979 and

1990) took place in the leather industry, a mature industry

with very small scope for productivity growth (over the

same period only ‡ 13%, the smallest increase in all the
19 industries), and the Printing Industry, ranking third in

terms of capital growth, is the industry with the largest

employment increase. Second, the industries where output,
capital, employment, labour productivity and exports grew

most ± in other terms, the healthy ones ± are those whose
imports grew most as well, refuting the view of import

penetration leading to or being a symptom of deindustria-

lization. This ®nding lends strong support to Dollar and

WolV ’s free trade stance (`trade openness, particularly im-
port openness, is a major contributor to the growth of the

country productivity’, Dollar and WolV, 1993; 184;
authors’ italics) and is consistent with Krugman (1979),

where increasing `love of variety’ is assumed to foster

inter-industry trade.
A good example here is the primary metal industry,

where capital stagnated and output and employment

fell (the latter dramatically: ¡40% between 1979 and
1990). It is certainly a good candidate for the deindustria-

lization story, however, the growth in imports has been

smaller than in any other industry except lumber and
petroleum. At the other extreme, the industry where

imports grew most, the furniture industry, is actually one

of the few in which employment in 1990 was higher than a
decade earlier.

Explaining about 31% of the original variability of the
data matrix (42%, variability explained by the factor, times

74%, variability explained by the ®rst matrix) this is the
most important single story, but obviously not the only

one. The second factor, positively related to output and

employment and negatively to capital per worker (the

remaining correlations are negligible), summarizes about
25% of the residual variance (18% overall). The interpret-

ation here is that the faster growth in output and labour
input (given the overall decining trends, for the latter it is

often the case of slower fall) took place in the industries

where that of capital per worker has been slower.

Industries lagging behind in terms of capital deepening,
and thus becoming backward according to the traditional

view of embedded technological progress, have neverthe-

less been successful in terms of output growth and job
defense. Indeed, the only industries where employment

grew are printing (‡ 27%), rubber (‡ 8%), and furniture
(‡ 2%), ranking resepctively 11th, 8th and 10th according

to the growth of capital per worker. It is interesting to note

that this is largely the most signi®cant correlation shown by

the growth of capital per worker (a positive, but weak, link
with output growth appears in the ®rst factor), which thus

explains only marginally those in output growth, and with
a sign opposite to the traditional view.8

Finally, the third factor may appear quite obvious, but it

is nevertheless interesting in that it lends further support to
the free trade stance: higher export growth implies higher

employment growth (or smaller decline).

This study now moves to the second virtual year, which,
as mentioned above, is more correlated with the initial

years of the decade, and explains 19% of the variability

of the data. The signi®cant factors are three again; the
correlations are basically similar to those discussed

above, thus suggesting that there are no substantial diVer-

ences in the cross-correlation between the variables ex-
amined in the whole decade and its ®rst part. Without
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8 Note that it is the link between the growth of capital per worker and that of output that ensures that the negative correlation between
the former and employment growth it is more than a trivial tautology stating that less capital/labour substitution implies less employ-
ment cuts.

Table 5. Factor analysis of the ®rst virtual year

Factors Eigenvalue Variability explained

F1 2.97 42.2%
F2 1.73 25.5%
F3 1.35 19.3%
Correlations between factors and variables

K Q N Exp Imp Q/N K/N
F1 0.88 0.80 0.62 0.60 0.65 0.56 0.34
F2 0.35 70.54 70.59 0.41 0.09 70.19 0.87
F3 70.09 0.24 70.49 70.58 70.02 0.78 0.32

Note: Variability explained by the virtual year: 74%. all variables indices 1979 ˆ 100.



going into much detail: import growth is (again) not associ-
ated with decline; industries with lower growth of capital
per worker exhibit the largest output increases; there are
strong links between capital and labour productivity
dynamics; export matter for employment growth.

V. CONCLUSIONS

This paper now draws some conclusions. The objective of
this empirical analysis was to extract some stylized facts
summarizing the evolution of the US manufacturing indus-
try over the 1980s; this objective can be stated more pre-
cisely as, ®rst, ®nding the best summary description of all
the diVerent time paths followed by the individual indus-
tries over the 1980s in terms of output, inputs (capital and
employment), technology (represented by labour produc-
tivity and capital per worker), and foriegn trade (exports
and imports), and, second, ®nding the cross-section cross-
correlations between the same variables best summarizing
the joint movements in the same decade.

In order to answer to these questions this study devel-
oped an exploratory technique based on Factorial Matrices
(hence the label FAMA), which is essentially aimed at
allowing an easier analysis of multidimensional data sets
by reducing the number of dimensions according to the
usual least squares optimality criterion. As seen below,
on the basis of this empirical analysis it can be concluded
that FAMA is a powerful exploratory technique to be
recommended when the data set of interest spans over
three dimensions-typically , variables, time, industries.

With respect to the ®rst of the two empirical objectives,
the conclusion suggested by the application of FAMA is
that the aggregate story (growth of capital, output, foreign
trade in both directions, capital per worker and labour
productivity, fall in employment), explaining more than
75% of the total variability of this set of variables over
the 19 manufacturing industries for the period of 1979±
1990, is actually a good description of the individual trends

at two-digits SIC disaggregation level taken as a whole.
Note how by applying FAMA we have been able to meas-
ure the loss of information induced by considering aggre-
gate rather than two-digits disaggregated data. As far as
the second objective is concerned, ®rst of all, their ®ndings
lend strong support to the free trade stance: the imports
grew most in the healthiest industries and export growth is
associated to employment growth (or rather, given the
overall declining trends, smaller fall). Second, on the
whole faster capital accumulation does not appear to be
linked to larger employment cuts. Finally, relatively `back-
ward’ industries, ranking lowest in terms of growth of capi-
tal per worker, have been very successful in terms of output
growth and job creation (or, again, in limiting job losses).
Here the value added delivered by FAMA lies in the abil-
ity, ®rst, to extract these cross-correlations, and, second, to
measure the amount of unexplained data variance (about
10%).

So, was America declining in the 1980s? On the basis of
this analysis, the answer is `no’. The deindustrialization
picture ± shrinking capacity, falling output and employ-
ment, growing net imports ± has virtually no role in
explaining the disaggregate data for the manufacturing
industry in that decade. Rather, it was changing: foreign
trade was becoming much more important than it ever used
to be and jobs were becoming scarcer and more common
than in the past in the industries using technologies with
lower capital intensity (which, obviously, does not necess-
arily mean low technology industries).
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