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Introduction

In a comprehensive study, Czamanski and
Q. Ablas (1979) reviewed the properties of and
the results generated by seven methods that
produce spatial and aspatial industrial groups.
Such a group, often referred to as a ‘‘complex”’
or a ‘“‘cluster,” can be defined as a set of in-
dustries set apart from other industries by
strong interindustrial transactions. In par-
ticular, the transactions, or linkages, are
stronger within the group than outside of it.
The linkages, both demand- and supply-
constrained, are usually taken from cross sec-
tional measurements of linear production
structures and linear sales patterns used in
input-output economics. The reason for using
grouping methods is to expose structural
characteristics (industrial groups) that are
neither obvious nor detectable by visual exami-
nation of input-output transactions. Although
the evidence might be casual, some feel that
these characteristics provide valuable informa-
tion on the nature of regional and urban eco-
nomic activity (e.g., Streit, 1969; Campbell,
1975; Mattila and Tybout, 1977; Harrigan,
1982; and O’hUallachain, 1984). Specifically,
industrial groups are thought to play a pivotal
role in Hirschman-type development strate-
gies, in the formation of agglomeration econo-
mies, and in monitoring changes in economic
bases.

There are three questions that the literature
has not addressed. First, as Czamanski and
Q. Ablas have shown, there are many grouping
methods available. These methods are also
diverse because they involve variations on
principal components analysis, graph theory,
network analysis, and triangularization of
matrices.! Complicating matters is that the
results can vary significantly across methods
(Masser and Scheurwater, 1980; and Loviscek,
1984). Therefore, on what grounds do analysts
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choose one method over another? Second, and
following from the first question, which
method(s) should analysts use? Third, analysts
(e.g., Czamanski and Czamanski, 1977) have
mentioned the appeal of using industrial
groups as part of a regional development
strategy. To what extent can and should in-
dustrial groups be used as a policy tool in such
strategies? The present study is concerned
with the first question. Specifically, the study
proposes three criteria to help analysts narrow
the range of choice among methods. Moreover,
we contend that the first question must be
answered before moving to the next two. This
is obvious in the case of the second question.
As evidence that this should be so in the case
of the third question, note the study of
Yotopoulos and Nugent (1973). They tested the
Hirschman linkage hypothesis on unbalanced
growth discussed in the literature on economic
development. They used what they called a
“total linkage’’ measure, which is the column
sum for each industry in the Leontief inverse.
They used aggregated input-output data for 11
countries and concluded that Hirschman’s
hypothesis did not hold. Their study brought
forth critical comments, which dealt principally
with the use of the total linkage measure
(Laumas, 1976; Boucher, 1976; Riedel, 1976;
and Jones, 1976). Each of the authors
demonstrated that the test gave misleading
results because the total linkage measure for
industry j does not accurately account for all of
its interindustry effects. The point is one that
analysts of such studies know well—the results
can be very sensitive to the choice of tool. The
same is true in studies that deal with industrial
groups. For instance, using industrial groups
as part of a test of a regional growth theory
hinges on the composition of the groups,
which, as pointed out, can vary across the
diverse methods.

By what criteria should analysts choose
among methods? This is not a trivial question.
Presently, in addition to the seven methods ex-
amined by Czamanski and Q. Ablas, analysts
can choose from among at least five others:
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Lodh and Lewis (1975); Masser and Brown
(1975); Blin and Cohen (1978); Slater (1977);
and Harrigan (1982). However, analysts do not
have criteria to help them decide which of the
methods produces acceptable industrial
groups, that is, groups that accurately reflect
the production structures and sales patterns of
an area.? Specifically, the use of such criteria
could help them determine the strengths and
weaknesses of a method. In particular, once
the weakness(es) is (are) found, analysts can
then see how modifications to correct the
weakness affect the composition of the groups.
By finding acceptable industrial groups
analysts can: 1) improve the reliability of
research that involves the use of industrial
groups, and 2) increase the chance that a
development strategy that uses such groups
will work.® Moreover, it is impossible to pro-
pose a new and, presumably, better technique
without knowing how well each of the existing
methods works.

Although there are at least 12 methods for
producing industrial groups, there are several
technical issues that policy analysts need to
understand. The issues will be discussed
within the context of the present study. First,
the grouping methods are part of ‘‘exploratory
data analysis,” a ‘“loose’’ body of applied
statistics based on inductive inquiry.* This
leads to two limitations: 1) inferences must be
made from the results without the aid of
theory, and 2) there are neither mathematical
nor statistical a priori guidelines about what is
an acceptable industrial group. Simply put,
conventional statistics (e.g., ‘‘t” and “F”
tests), with few exceptions, cannot be used to
determine which industries are members of an
industrial group.® Consequently, considerable
judgment—perhaps more than some analysts
prefer—must be used to determine the com-
position of a group.

Second, the present study is concerned with
the application of grouping methods to input-
output tables. Although most of the work on
industrial groups so far has relied on input-
output data, these data may be neither nec-
essary nor sufficient for understanding how in-
dustrial groups form or how they can be used
for policy. As evidence, Bergsman, Greenston,
and Healy (1972) did not use input-output data
in their study of industrial groups for 203
Standard Metropolitan Statistical Areas. One
important point implied in their study is that

several industries can form an industrial group
solely by being located closely to each other;
none buys anything from the other. By defini-
tion, such a group is not an industrial group
because it is based solely on external econ-
omies of urbanization; however, it is an impor-
tant component of agglomeration economies,
theorized as a fundamental determinant of
regional growth.® Thus, these groups could be
part of a regional development strategy. Yet as
input-output specialists know well, input-
output data alone do not account for exter-
nalities and do not account for where in-
dustries are located.’

Third, use of the proposed criteria alone may
not be sufficient for judging the worth of one
technique against another; however, in our
view, they provide analysts with an important
first step to narrow the range of choice among
methods.

The criteria for assessing grouping methods
are based on three questions. First, by defini-
tion, intra-group interindustrial linkages
should be strong. To what extent do the results
of a method adhere to the definition? Second,
since the distribution of resources worldwide is
uneven, each economy produces at least one
good or service more efficiently than it does
others. The production structures and output
distribution patterns reflect such activity. To
what extent does a method preserve these in-
put and output patterns? If it does not, then
analysts should seriously question whether the
composition of the clusters reflects the interin-
dustrial structure of the economy. Third, even
if the first two criteria are satisfied, does a
method have a questionable mathematical or
statistical property? If so, then analysts can-
not have much confidence in the method with-
out further tests. Given these three questions,
at a minimum any grouping method should: 1)
reveal the sectors joined by the strongest link-
ages, 2) leave unchanged the structure of input
purchases and the structure of sales patterns,
and 3) conform to accepted statistical and
mathematical properties.

The paper is divided into five remaining
sections: methods, results, choice of method,
suggestions for future research, and conclu-
sion. The criteria are applied to two methods
used in the study by Czamanski and Q. Ablas:
Czamanski (1971) and Roepke, Adams, and
Wiseman (1974). Unlike the study by
Czamanski and Q. Ablas, however, the
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methods are applied to a single data base, the
1975 West Virginia input-output table
(Loviscek et al., 1979), to facilitate comparison
between the two methods.®

Methods

The two methods under examination are
based on principal components analysis. They
were chosen because 1) they can be applied
readily to input-out data; 2) their properties are
well-known to regional and urban researchers,
and more so than alternatives such as graph
theory (e.g., Campbell, 1975 and Slater 1977);
and 3) O’hUallachain (1984) has argued force-
fully that principal components methods can
be a powerful tool for the identification of in-
dustrial groups. Although we would like to ex-
amine all of the aforementioned methods, the
attempt would take the discussion beyond its
focus. Nonetheless, the study shows how the
three criteria can be used to determine the ef-
ficacy of each of the two grouping methods.

Our discussion is limited to the essentials of
each method; detailed explanations can be
found in the referenced articles. Briefly, prin-
cipal components analysis is a data-reduction
method that arranges variables (sectors) that
account for a major portion of the variance in
the data into a small number of groups. As ap-
plied in this study, the Czamanski (CZ) method
begins with the derivation of conventional
demand-constrained and supply-constrained
coefficients, as follows:

(1) ;5 ‘bij) = Xij
X; (X)
= direct purchases (sales)
by sector i from (to)
sector j per dollar of j’s
(i’s) output,
x; = transactions flow from
sector i to sector j, and
X; (X;) = total gross output for
sector j (i).

where au ‘bl] )

The result is two n X n matrices, one for a..’s
and one for b;;’s. To measure how industries
form a tightly-i{nit group, similarities in input
and output patterns are determined by using
zero-order correlation coefficients. The twon X n
matrices are used to form an n X 4n matrix of
these correlation coefficients, as follows:
(2) R = [r(a;,.a;).r(by;.by).rlay by),r(by; ay)l.

The first submatrix deals with similarities in
production structures between sectors k and I;
the second one measures similarities in output
distribution channels. The third (fourth) one
shows to what degree sector k’s suppliers
(customers) are sector 1’s customers (suppliers).

The R matrix is reduced to an n X n intercor-
relation matrix (R ,,) by choosing the largest
of the four coefficients associated with each
cell of the four submatrices. Any one of the sec-
tors with with either total interindustry sales
or total interindustry purchases of zero is
removed from R ... Eigenvalues and
eigenvectors are derived from the remaining
coefficients. Division of each eigenvalue by the
trace of R, max indicates an ‘“index of
association.”’ The larger the index, the more
likely it is that certain elements, which corre-
spond to sectors, in the associated eigen-
vectors comprise an industry group. These ele-
ments equal at least 0.20 here. Finally, each
sector that both imports large (30 percent)
amounts of inputs relative to total purchases,
and exports large (30 percent) quantities of
output relative to total sales, is removed from
the industrial groups.

Like that of CZ, the method of Roepke et al.
(RAW) attempts to measure similarities in in-
put and in output patterns. It begins from a
different data base than that of CZ, however.
First, the authors make the conventional n X n
matrix of transactions flows (x;;) symmetric so
that the total transactions between two sec-
tors do not reflect either an input or an output
bias:

(3) Sij = xij == X-i
Correlation coefficients are then calculated
from the sij's. Principal components are de-
rived from the coefficients. All coefficients
with eigenvalues exceeding unity are rotated
by the varimax procedure, a widely accepted
approach in principal components analysis, to
aid in the interpretation of industrial groups.
The groups are formed by finding the elements
that exceed a selected cut-off level, in this case
0.40.

The data are taken from the 1975 48 X 48
West Virginia input-output table. The first
criterion, the identification of the strongest
linkages, is implemented by forming two-
member groups based on the six largest
linkages as measured by either demand-
constrained (aij) or supply-constrained (by;)
coefficients:
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1. “all other” finance and insurance (37) and
medical and legal services (39), a;; = 0.42
2. nonbuilding contractors (7) ané petro-
leum (18), b;; = 0.33
3. insurance (3%) and “‘all other’’ finance and
insurance (37), b;; = 0.28
4. coal mining—underground (2) and logging
and sawmills (14), b; = 0.27
5. agriculture (1) and food and kindred—
dairy (10), a;; = 0.24
6. building contractors (6) and special trade
contractors (8), a;; = 0.22
Although the choice of six linkages is arbi-
trary, it seems reasonable that, to satisfy the
first criterion, these linkages should be part of
industrial groups generated by any method.
The choice of the number of such linkages,
however, will vary directly with the size and
diversification of the industrial base and with
the level of disaggregation in the input-output
table. We emphasize, however, that the two-
member groups are not the industrial groups
that researchers have in mind. Each of the six
pairs of sectors, with a few exceptions, is

thought to be part of a larger group. For exam-
ple, Czamanski and Czamanski (1977, p. 100)
discuss the identification of ‘‘partial com-
plexes” in which ‘“‘at least three industries
must be present’’ and ‘“no more than two in-
dustries may be missing.”’

Results

The CZ method and the RAW technique
generated the results shown in Table 1 and
Table 2, respectively.® A fundamental issue
deals with cut-off levels. Because principal
components analysis is a data-reduction
method, there are not any statistical criteria
about the significance of components. The ob-
jective is to account for as much variance in
the data as possible. Furthermore, a threshold
value must be selected for linking sectors with
components. In both of these situations, the
use of judgment cannot be avoided. In the
present study, the strategy was to include
components until they contributed little to the
total variance while searching for threshold
values that equaled at least 0.20 for the CZ

Table 1

Industrial Groups for West Virginia Based on Czamanski’s Method

1. Apparel and accessories (13)
Other finance and insurance (37)*
Medical and legal services (39)*
Gas companies (47)

2. Agriculture (1)*
Contractors—building (6)
Contractors—nonbuilding (7)
Food and kindred—meat (9)
Food and kindred—dairy (10)*
Food and kindred—beverage (12)
Logging and sawmills (14)
Educational services (40)

Water and sanitary services (48)

3. Food and kindred—dairy (10)
Food and kindred—bakery (11)
Food and kindred—beverage (12)
All other transportation (44)
Electric companies (46)

4. Contractors—building (6)
Contractors—nonbuilding (7)
Furniture (15)

Chemicals (17)

Stone and clay products (20)
Instruments (26)

Gas companies (47)

Coal mining—strip (3)
Logging and sawmills (14)
Furniture (15)

Fabricated metal (22)
Machinery (23)

Electrical machinery (24)
Transportation equipment (25)
Electric companies (46)

Coal mining—strip (3)
Printing and publishing (16)
Chemicals (17)

Petroleum (18)

All other manufacturing (27)
All other retail (32)
Insurance (35)

Real estate (36)

Railroads (42)

Food and kindred—bakery (11)
Primary metal (21)

Fabricated metal (22)
Machinery (23)

Hotels (38)

All other services (41)
Trucking and warehousing (43)

(*Sectors with strongest linkages)
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Table 2

Industrial Groups for West Virginia Based on RAW’s Method

1. Apparel and accessories (13)
Other finance and insurance (37)*
Medical and legal services (39)*

2. Agriculture (1)*
Food and kindred—meat (9)
Food and kindred—dairy (10)*

3. All other mining (5)
Contractors—building (7)*
Petroleum (18)*

Stone and clay products (20)

4. Logging and sawmills (14)
Furniture (15)

5. Petroleum and natural gas (4)
Chemicals (17)
Instruments (26)
All other manufacturing (27)
Railroads (42)
Gas companies (47)

Fabricated metal (22)
Machinery (23)

Electrical machinery (24)
Transportation equipment (25)
All other transportation (44)

Coal mining—underground (2)
Coal mining—strip (3)

Printing and publishing (16)
Retail food (30)

All other retail (32)

Real estate (36)

All other retail (32)
Banking (33)

Other finance (34)

Real estate (36)

Hotels (38)

Educational services (40)
All other services (41)
Communications (45)

(*Sectors with strongest linkages)

method and at least 0.40 for the RAW tech-
nique. The seven groups in Table 1 accounted
for 74 percent of the total variance in the in-
terindustrial data. More than this was desired,
but additional components each accounted for
about 2 percent additional variance and the
distinction among components became increas-
ingly blurred. As evidence of the latter point,
13 sectors are in more than one group. There
were no major problems with the nine groups
in Table 2. They accounted for 84 percent of
the variance.

Comparatively, the results between the two
methods appear different. For instance, the CZ
approach grouped the 48 sectors into seven
components, comprising a total of 49 sectors.
The nine groups of the RAW method are com-
prised of 37 sectors. As mentioned, 13 sectors
are in more than one group in Table 1, quite dif-
ferent from that in Table 2 where only two sec-
tors repeat themselves. Morever, the CZ
method produced a relatively larger number of
manufacturing sectors and a relatively smaller
number of service sectors than did the RAW
technique. Of the 50 sectors in Table 1, 17 (34
percent) specialize in services and 25 (50 per-
cent) are part of manufacturing, metal and non-
metal. In contrast, of the 37 sectors in Table 2,

16 (43 percent) deal with services and 15 (40
percent) are in manufacturing. In particular,
the RAW method produced an eight-member
group comprised solely of service industries
(i.e., the ninth group). None of the seven groups
in Table 1, however, resembles this group. All
of these observations support our contention
that practitioners need criteria to help them
choose one method over others.

First Criterion

The CZ method produced groups that con-
tain only two of the six strongest linkages; the
RAW approach, only three of the six. Both re-
vealed the strongest linkage (sectors 37 and
39). Both also identified the agriculture-food
linkage (sectors 1 and 10). Why more of these
linkages were not produced, however, is not
clear. This could be due to the data, the
manipulation of the data (e.g., using correla-
tion coefficients) prior to use of the algorithms,
or the operation of the algorithms. Further, the
results showed that neither method generated
all 11 sectors that comprise the strongest
linkages (sector 37 is included twice). The CZ
method produced nine of them while the RAW
technique generated eight. Omitted in the
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former are coal mining—underground (2) and
special trade contractors (8). Left out in the lat-
ter are insurance (35), contractors—building
(6), and special trade contractors (8). In light of
this information, one can question the com-
position of clusters produced by both methods.
Moreover, neither input nor output patterns
indicate why apparel and accessories
(13)—produced by both methods—should be
part of the industrial groups; more than 96 per-
cent of its gross output is delivered to final de-
mand. Similarly, the largest coefficient asso-
ciated with educational services (40) is less
than two percent of total purchases. Likewise,
the largest coefficient associated with hotels
(38) is less than two percent of total sales. All
of these points suggest that some of the in-
dustrial groups in Tables 1 and 2 do not fit the
definition of an industrial group. This raises
questions about the efficacy of the two
methods.

Second Criterion

The second criterion, which requires that the
input and output structures remain unchanged,
is satisfied by the CZ but not the RAW
method. The CZ method is based on direct in-
put and direct sales coefficients. Since correla-
tion coefficients derived from them are relative
measures, it is safe to say that the method does
not distort basic input and sales patterns.
Some analysts might object to use of a sym-
metric matrix because it hides whether a link-
age is either demand-constrained or supply-
constrained. This, however, is easily overcome
by referring to the input and sales coefficients.
Further, a strength of the CZ method is that it
attempts to measure interindustry association
in four ways, not only two, beginning with
basic demand-constrained and supply-
constrained coefficients. These four measures
of association give information on vertical
interindustrial relationships—those that result
from successive stages of production—and
complementary relationships—those that re-
sult from mutual interdependence. Together,
both of these relationships can be an important
source of agglomeration phenomena (Tybout
and Mattila, 1977).

In the RAW technique, it is not clear why a
transactions table should be made symmetric.
The authors assert that their interest lies more
in total interindustry transactions than in

whether linkages are either demand-constrained
or supply-constrained. In our view, there are at
least two objections to this approach. First,
why not simply apply the method to the
original, non-symmetric transactions matrix?
As a measure of social accounting, these data
represent the basis for developing fixed propor-
tions production relationships. By using a
symmetric matrix, RAW has upset the founda-
tion for measurements of production struc-
tures and sales patterns.- To illustrate, if the
RAW technique is applied to unadjusted trans-
actions data, then some differences are produc-
ed in industry groups compared to those in
Table 2. For example, primary metals (21) pro-
duced one of the three largest outputs in 1975.
This sector is not a member of any group in
Table 2, but now forms a group with the coal
mining sectors (2 and 3) and electric companies
(46). A two-member group—eating and drink-
ing establishments (28) and trucking and
warehousing (43)—is generated from the non-
symmetric matrix but not from the symmetric
one. The same is true for a four-member
group—‘‘all other”’ mining (5), contractors—
building (6), special trade contractors (8), and
‘“all other’” manufacturing (27). Second, and
related to the first point, using a symmetric
transactions flows matrix makes it impossible
to determine accurately whether a linkage is
demand-constrained or supply-constrained.
Therefore, fundamental information on eco-
nomic behavior is lost. For instance, sector i
might have sold relatively large amounts of
output to sector j. Sector j, however, might
have sold nothing to sector i. After transposed
and original flows are summed, however, sec-
tor j sold the same amount to sector i asidid to
j. It is now impossible to tell who has sold to
whom. Note, however, that the same cannot be
said about the CZ method.

Third Criterion

To illustrate the use of the third criterion,
which is concerned with the statistical and
mathematical properties of a method,
Bergsman et al. (1972, 1975) and Latham (1976)
correlated employment data across industries
to measure the spatial association of industries.
Czamanski (1977), however, has criticized their
application of correlation coefficients because
the distribution of spatial phenomena tends to
be highly skewed. Thus, linear correlation coef-
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ficients are unreliable measurements in this con-
text. Moreover, transformation of the variables
(e.g., dividing the variables by an area’s popula-
tion) is not likely to provide the normal
bivariate populations.

With respect to the CZ technique, it violates
the third criterion in the use of the n X n sym-
metric intercorrelation (R ,,). A symmetric
matrix only guarantees that eigenvalues are
real; it does not guarantee that they are posi-
tive. Yet all of the eigenvalues must be positive
for the matrix to be positive-definite (Goult,
1978, pp. 76-77). If the matrix is not positive-
definite, then the relationship between the
eigenvalues and the eigenvectors is not unique;
that is, more than one eigenvector may be asso-
ciated with an eigenvalue. Recall that the CZ
method uses eigenvalues to determine an ‘‘in-
dex of association’’ for each industrial group,
which is found by searching for relatively large
elements in an eigenvector. The R ,, matrix
from which the eigenvectors are derived must
be positive-definite to guarantee a unique rela-
tionship between an index of association and
an industrial group. In other words, all 48
eigenvalues of the 48 X 48 R, ., matrix must
be positive; otherwise, the same indices of
association used to obtain the results in Table 1
can lead to a different set of industrial
groups. In conventional principal components
analysis, the objective of the CZ method can be
stated as follows:

(4) max a,™XTXa, = a,TR_, a,

(5) s.t. a,Ta, =1,
where a, = first eigenvector associated with

the first eigenvalue,

X = n X n matrix of interindustry
data, and

T = transpose.

With conventional principal components
(i.e, no R, ), the product XTX yields positive
eigenvalues, and therefore the matrix is
positive-definite (Bolch and Huang, 1974, pp.
238-243). The same cannot be said, however, in
this application of R, .. Of the 48 eigenvalues,
17 are negative. Therefore, R ,, is not
positive-definite and the relationship between
the indices of association and the industrial
groups is not unique. Moreover, a negative in-
dex of association does not make economic
sense. We emphasize, however, that this does
not invalidate the CZ method because it is dif-
ficult to generalize accurately from the specific

application. Nonetheless, the results suggest
that analysts be especially cautious when us-
ing the method.

The CZ method attempts to show that in-
dustries can be linked in four ways. As men-
tioned earlier, this is an important feature of
the method, because it attempts to measure
vertical and complementary interindustrial
relationships. Of the four submatrices, how-
ever, the fourth one [r(by;.a;)] adds no new in-
formation on interindustrial linkages because
it is simply the transpose of the third one
[r(a;;.by)). Removal of the fourth submatrix,
however, will yield a non-symmetric matrix,
the mathematical properties of which are not
known as well as those of the symmetric
matrix (Goult, 1978).

None of the problems mentioned above af-
fects the RAW method. First, as pointed out,
the authors used a different measure of link-
ages than that used in the CZ technique. Sec-
ond, because the RAW method involves a con-
ventional application of principal components
analysis (i.e., it does not use anything re-
sembling an R, matrix), all of the eigen-
values are positive, indicating that the data
matrix from which the components are gen-
erated is positive-definite.

Choice of Method

Choosing between the two methods is not
easy in this study because neither one satisfies
all three criteria. Nonetheless, after examining
the weaknesses of each method, we think the
RAW technique is to be preferred for two
reasons. First, unlike the CZ method, it does
not violate the third criterion. Second, replac-
ing the symmetric matrix with a simple combi-
nation (e.g., an unweighted average) of
demand- and supply-constrained coefficients
would satisfy the second criterion and maybe
the first. Unfortunately, it is not clear how the
CZ method could be changed to satisfy the
third criterion without eliminating the n X 4n
matrix, which is a special feature of the ap-
proach. Moreover, if the n X 4n matrix is
transformed into a non-symmetric matrix,
there is a reasonable chance that some of the
eigenvalues of the matrix could be complex. If
that happens, the indices of association be-
come difficult to interpret. As a caveat,
though, we emphasize that our choice is based
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on the results generated only from the data
used in this study. Because of the inductive na-
ture of this area, we cannot rule out the possi-
bility of a different choice when different data
are used.

Directions for Future Research

Rather than propose a method that over-
comes the problems of the two approaches, we
recommend that analysts look carefully at the
data base in their future research. As pointed
out in the study by Yotopoulos and Nugent,
the diversity of results might be due more to
the choice of data base than to the choice of
method. Specifically, they should examine: 1)
demand-constrained coefficients (a;;’s) and
supply-constrained coefficients (b;;’s) and 2) a
Leontief inverse for each set of coefficients.
With respect to the first point, a review of the
literature indicates that not all of the methods
deal with both coefficients. For example, the
techniques of Roepke et al (1974), Blin and Cohen
(1977), and Slater (1977) do not.' In particular,
Blin and Cohen used only demand-constrained
coefficients. There is no reason to assume that
industrial bases are dominated by industries
with a demand orientation; that is, a relatively
large amount of inputs is bought from in-
dustries within the region. From the viewpoint
of industrial location theory, industrial bases
that produce large amounts of ‘‘weight-losing”’
products are likely to have strong forward, or
supply, effects on their customers. In such in-
stances, industrial groups generated solely
from demand-constrained coefficients might
not accurately represent the interindustrial
structure. Therefore, attempts must be made
to incorporate suppy-constrained behavior into
the linkages. The methods that use both coeffi-
cients, however, have not adequately dealt
with the issue of how a matrix of demand-
constrained coefficients should be combined
with one of supply-constrained coefficients. As
explained, the CZ method combines the coeffi-
cients into Ry ,,, which is superficially pleas-
ing. But, as pointed out, R,, might not have
desirable mathematical properties. Streit
(1969) and Latham (1976) take the average of
four coefficients. Taking an average, however,
assumes that the strength of demand-
constrained behavior equals that of supply-
constrained behavior. The uneven distribution
of inputs across regions suggests that the

strengths are not equal. This suggests the use
of a weighted average of the coefficients rather
than a simple average (Loviscek, 1982).

Perhaps a major reason why more work has
not been done on integrating demand-
constrained coefficients with supply-constrained
coefficients deals with a theory of sales pat-
terns. Presently, none exists.!! This means
that, unlike conventional input coefficients
linked to production theory, sales coefficients
cannot be linked to a theory. Thus, a “fixed
sales” hypothesis might measure sector i’s
ability to satisfy sector j’s demand for an in-
put, but it is deficient as a tool for explaining
behavior. Undoubtedly, more work is needed
on a theory of sales patterns.

Few analysts have dealt with whether the
use of direct coefficients (a;; and by;) are to be
preferred over the use of Leontief inverses each
for demand-constrained coefficients and for
supply-constrained coefficients. Blin and
Cohen (1977, p. 89) demonstrated that in-
dustrial groups produced from the demand-
constrained inverse for the United States were
‘“quite different from those based on direct
technological similarity.” Loviscek (1982) ap-
plied principal component analysis to a combi-
nation of demand-constrained and supply con-
strained Leontief inverse coefficients derived
from the same data as that used here. The
groups so generated were similar to those in
Table 2. Moreover, examination of the results
and the method shows that all six of the
strongest linkages were produced without dis-
torting interindustrial linkages. This evidence
suggests that choice of a method might not be
as important in generating industrial groups
as choice of the data base.

Conclusion

This paper attempts to demonstrate how
three criteria can be used to assess the efficacy
of methods designed to bring order to interin-
dustry data. It is our contention that any
grouping method should satisfy at least three
criteria: 1) reveal the strongest interindustrial
linkages, 2) preserve interindustry buying and
selling patterns, and 3) conform to accepted
mathematical and statistical properties. The
criteria are applied to the results generated by
two principal components approaches. We
show that the efficacy of each method can be
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questioned; however, we conclude that the
RAW method is to be preferred if it is modi-
fied. Rather than propose a new method, we
suggest that different measurements of inter-
industrial linkages be used. More attention
needs to be given supply-constrained coeffi-
cients, a combination of demand-constrained
and supply-constrained coefficients, and
Leontief inverses. It could be that choice of in-
terindustrial linkage measurements may be
more important in the generation of industrial
groups than choice of method.

FOOTNOTES

'Latham (1976) made what, at first, seemed a compelling
argument against the use of graph theory and principal
components analysis. Czamanski (1977), however, showed
that Latham’s argument has several weaknesses.

*Industrial groups need not dominate economic activity.
They provide insight into the interindustrial structure of
an economic base.

*This, of course, presumes that the third question raised
in this study has been answered.

*Specific techniques of exploratory data analysis can be
found in Anderberg (1973) and Tukey (1977).

*If the number of industrial groups is large (e.g., 25),
then some chi-square based measures can be used, pro-
viding that they conform to particular probability
distributions. For more information, see Anderberg
(1973), pp. 75-80.

SAn industrial group whose members are located close
to each other has been called a “‘complex’’ (Czamanski and
Czamanski, 1977). For more information on the relation-
ship between external economies and agglomeration
phenomena, see Richardson (1979), pp. 61-63.

"One can argue that regional input-output transactions
for small regions reflect similarities in locational patterns
of industries.

*Czamanski and Q. Ablas only summarized the results
of previous studies. They did not apply the methods to a
single data base as part of a test of the efficacy of each
method.

*Two-member groups, such as those in Table 2, may not
be uncommon in less-developed areas. If per capital in-
come is used as a gauge for the extent of economic
development, then West Virginia is certainly less-
developed. Its per capita income ranking in 1975 placed it
in the lowest quartile among the 50 states. For further
details, see U.S. Department of Commerce, Survey of Cur-
rent business, August (1977), p. 17.

1*Slater's method is unique. He used what is called a
“biproportional”’ approach for simultaneously adjusting
the rows and columns of a transactions table so that the
flows are in relative terms. The adjusted flows, however,
are not the same as input and sales coefficients.

"'For further details on this subject in regional analysis,
see Giarratani (1980).
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