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Abstract
This paper examines the relationship between input-output linkages and industry
agglomeration by combining the strength of spatial econometrics and the input-output
model. This paper uses the location quotient as a measure of industrial agglomeration
and regresses it on the intermediate demand variable, which is an important variable
in the integrated econometric and input-output models. The nature of the dataset and
the construction of key variables are consistent with the use of a spatial Durbin model,
estimated by “borrowing” spatial panel model techniques. With the model labeled
as the spatial pseudo-panel industry fixed-effects Durbin model, this paper estimates
it with the maximum likelihood method using manufacturing industries with 3-digit
NAICS codes at the county level in the U.S. The results confirm the importance of
input-output linkages in promoting the formation of industry agglomeration in a region.
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Introduction

Industry agglomeration1 is an economic issue with two facets. First, it is a phenomenon of
economic geography. Industry activities are spread unevenly in geographic space, with some
regions attracting a large variety of industries but some regions losing industries. Second,
industry agglomeration is a phenomenon of industrial organization. The interactions between
industries through input-output linkages encourage interrelated industries to cluster in some
regions and promote regional economic growth (Porter, 1990, 1998). These two facets call
for research that can incorporate both spatial and industry dimensions to study industry
agglomeration.
This paper uses an integrated spatial econometric and input-output model to meet this
demand. The integrated spatial econometric and input-output model combines the strengths
of spatial econometrics and the input-output model. Spatial econometrics is capable of
accounting for spatial spillover effects between regions, while the input-output model is useful
to describe in detail the input-output linkages between industries. This paper combines
spatial econometrics and the input-output model using the embedding strategy (Rey, 2000)
through the spatial intermediate demand variable (Rey and Dev, 1997; Rey, 2000).
The nature of the dataset and the construction of the spatial intermediate demand variable suggest using a spatial Durbin model, estimated by “borrowing” the spatial panel time
fixed-effects model techniques. The term “borrowing” means that the model is not a panel
model in the normal sense, with observations on individual spatial units over several years.
However, it preserves the essential form of a panel since each spatial unit has observations
across several industries. Replacing time fixed effects with industry fixed effects, I label the
model as the spatial pseudo-panel industry fixed-effects Durbin model. This innovation in
methodology facilitates making full use of information in the dataset, taking into account
variations in variables along both spatial and industry dimensions, controlling for industry
1

Hereafter, industry agglomeration is also referred to as agglomeration or economic agglomeration. Also,
the terms of “agglomeration”, “concentration”, and “clustering” are used interchangeably in this paper,
although these terms have their specific implications (Brülhart, 1998).

1

heterogeneity and enhancing the efficiency of estimation.
Understanding the role of input-output linkages on industry agglomeration is of practical
importance. Regional development policies, backed by the growth-pole theory (Perroux,
1950) and the cluster theory (Porter, 1998), rely on the notion of cumulative causation
stressing the self-reinforcing process of industry agglomeration. Regional policy makers often
selectively attract some industries to locate in their regions, hoping that other industries that
have strong input-output linkages with the chosen ones can follow suit and the process can
be fed on by itself, leading to a higher degree of agglomeration. The effectiveness of such
regional development policies hinges on the extent that input-output linkages work towards
industry agglomeration, requiring empirical studies to evaluate this causal relationship.
The rest of the paper is structured as follows. Section 2 briefly reviews the literature
on industry agglomeration and input-output linkages. Section 3 introduces the approach
to constructing key variables through which the integrated spatial econometric and inputoutput model is implemented. Section 4 presents the estimation results, with a discussion
of some estimation issues. Section 5 draws a conclusion.

Literature Review2

2

Economic theories have emphasized the role of input-output linkages in the formation of
industry agglomeration for a long time. von Thünen (1826) observes that it is efficient
for factories to locate closely because “machines to produce machines are themselves the
product of many different factories”(Fujita, 2012). Marshall (1890) advances the concept
of input sharing of industries as an ingredient for agglomeration in his famous trinity of
the Marshallian external economies (input sharing, labor market pooling, and knowledge
spillovers). The vertical linkage models (Krugman and Venables, 1995; Venables, 1996;
Robert-Nicoud, 2006) in New Economic Geography (NEG) formalize the analysis of input2

See Fujita et al. (1999), Fujita and Thisse (2002), and Combes et al. (2008) for comprehensive surveys of
theoretical studies and Head and Mayer (2004), Combes et al. (2008) and Redding (2010) for comprehensive
surveys of empirical studies.
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output linkages and agglomeration under the general equilibrium framework using the DixitStiglitz monopolistic competition model.
In empirical studies, a straightforward approach to examining the role of input-output
linkages on industry agglomeration is to regress some agglomeration indices on a set of
explanatory variables according to relevant theories. Head and Mayer (2004) summarize
this approach as the concentration regressions, which can be considered as the reduced-form
approach to testing the NEG theories. The general form of the concentration regressions is
as follows,

CON Cs = a + bT RCOST Ss + cIRSs + dLIN KAGESs + . . . + es

(1)

The dependent variable, CON Cs , is a particular agglomeration index for industry s. T RCOST Ss
and IRSs are proxies for trade costs and the degree of increasing returns, respectively.
LIN KAGESs measures the industry’s reliance on intermediate inputs. Additional variables can be included to control other plausible factors for agglomeration. Table 1 lists the
existing empirical studies pertaining to the concentration regression category, which aim at
testing the effect of input-output linkages on agglomeration. I review these papers by asking
the following questions: What are the purposes of these studies? What is their estimation
method? What are the measures for agglomeration and input-output linkages?
All papers, except Mion (2004), set the goal of testing the sources of industry agglomeration based on Marshallian external economies. Rosenthal and Strange (2001), Glaeser
and Kerr (2009), and Ellison et al. (2010) attempt to distinguish three sources of Marshallian external economies by controlling other factors such as natural endowments for U.S.
manufacturing industries. Dumais et al. (1997) introduce a dynamic process to examine
the effect of Marshallian external economies on the change of manufacturing employment
in the U.S. states. Jofre-Monseny et al. (2011) develop a discrete choice model to examine
the three sources for manufacturing industries in Spain. Overman and Puga (2010) focus
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Table 1: The Summary of Literature on the Effect of Input-Output Linkages on Agglomeration

Authors,
Year
Dumais et al.
(1997)

on the labor market pooling effect and include input-output linkages as a control variable
for manufacturing industries in the U.K. Different from these studies, Mion (2004) directly
bases his regression on the NEG theory and tests the role of final demand and input-output
linkages in agglomeration.
As for the estimation methods, the majority estimate linear regression models using
ordinary least square (OLS). Some studies include fixed effects for industries and/or spatial
units (Dumais et al., 1997; Rosenthal and Strange, 2001; Glaeser and Kerr, 2009; Ellison
et al., 2010; Overman and Puga, 2010). Mion (2004) estimates a Tobit model with the
maximum likelihood (ML) method to account for possible bias caused by censored data due
to zeros in the dependent variable for many observations. Jofre-Monseny et al. (2011) employ
an innovative method in which a Poisson regression model is derived from the discrete choice
model and estimated using the ML method. However, none of the existing studies use spatial
econometric models by including the spatial lag of the dependent variable.
One prerequisite condition for the concentration regressions is to find an agglomeration
index.3 Three studies in Table 1 use the Ellison-Glaeser (EG)4 index to measure agglomeration (Rosenthal and Strange, 2001; Ellison et al., 2010; Overman and Puga, 2010). The
EG index is derived by Ellison and Glaeser (1997) based on the discrete choice model, designed to correct the bias caused by industry structure on the agglomeration measurement.
However, the computation process of the EG index involves the summation over regions,
resulting in losing the spatial dimension, which is indispensable in spatial econometric models. In contrast, other studies in Table 1 compute agglomeration measures that possess both
spatial and industry dimensions. Mion (2004) uses the logarithmically transformed location
quotient, which is another widely used agglomeration index (Kim, 1995; Holmes and Stevens,
3

Combes et al. (2008, Chapter 10) and Nakamura and Paul (2009) provide a survey for agglomeration
indices.
P
G /(1−
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The EG index for industry i takes the form as follows: γi = i
, where sir is the share
1−Hi
P
2
of industry i’s employment in region r, Gi ≡ r (sir − sr ) is a raw concentration index, sr is the share
P
e2
of total employment of region r, Hi ≡ k P ike
is a Herfindahl index of the plant-level concentration of
( k ik )
employment and eik is the level of employment in the k th plant in industry i.
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2004; Billings and Johnson, 2012) and, importantly, has the two dimensions.
Another key variable of interest is the measure of input-output linkages. The simplest
measures take the form as the shares of particular production factors in total inputs or
outputs. Rosenthal and Strange (2001) use the shares of energy, natural resources, water, manufactured inputs, and non-manufactured inputs in total shipment to measure the
dependency of an industry on natural endowment and use input-output linkages to distinguish their individual effects on agglomeration. Other studies use the information in the
input-output tables to compute linkage measures. Ellison et al. (2010) obtain summarized
coefficients directly from the 1987 benchmark input-output accounts. They define Inputi←j
as the share of industry i’s inputs that come from industry j, and similarly, Outputi→j as the
share of industry i’s outputs that are sold to industry j. The shortcoming of these measures
is that they only have the industry dimension. A more sophisticated approach to including
the input-output table information is to combine the input-output coefficients with other
variables, typically employment, to obtain measures for input-output linkages, which have
both spatial and industry dimensions as in Dumais et al. (1997), Mion (2004), Glaeser and
Kerr (2009) and Jofre-Monseny et al. (2011). The spatial intermediate demand variable
belongs to this type of measure for input-output linkages.

3

Methodology

The methodology of this paper is to estimate a spatial Durbin model by using the spatial
panel time fixed-effects estimation method. Different from the normal panel model that
includes individual and/or time fixed effects, the model in this paper replaces time fixed
effects with industry fixed effects, thereby labeled as the spatial pseudo-panel industry fixedeffects Durbin model. The analysis uses this methodology based on three considerations:
the nature of data, the approach to constructing key variables, and, most importantly,
the necessity of studying industry agglomeration with respect to both spatial and industry

6

dimensions.

3.1

Data

I obtain industry employment data in counties from the 2002 County Business Patterns
(CBP) imputed by using the method of Isserman and Westervelt (2006). The CBP of the
U.S. Bureau of Census provides comprehensive annual records on employment, payroll, and
the number of establishments by detailed industry for all counties in the U.S. However, the
nondisclosure problem of the CBP limits its usefulness. To construct variables used in the
model, a complete CBP dataset is necessary. To deal with the nondisclosure problem, Isserman and Westervelt (2006) propose a method to impute the withheld data, taking advantage
of the hierarchical structure of the CBP dataset. I download the complete imputed 2002
CBP dataset5 and use employment of manufacturing industries with 3-digit NAICS codes6
at the county level to compute location quotients and the intermediate demand variable.
The data format of the CBP dataset is analogous to a panel even though it is for only
one year. The county and industry attributes of the data make it resemble a panel. With
the dummy variables for industries replacing those for time periods, the model can be estimated as a spatial panel time fixed-effects model. Moreover, I make the structure of the
panel balanced in that each county has the same number of industries, imposing zeros for
employment of industries that do not exist in the county. Balancing the panel makes the
spatial weight matrix remain the same for each industry. The purpose of constructing the
pseudo-panel data is to model industry heterogeneity and make full use of information in
the data, improving accuracy and efficiency of estimation.
Other data sources include the Bureau of Economic Analysis (BEA) for the 2002 inputoutput table at the summary level, USA CountiesTM of the Census Bureau for demographic
variables, and the Economic Research Service of the United States Department of Agricul5

The dataset is downloaded from www.wholedata.com. Unfortunately, this website has been shut down
recently.
6
To compute the intermediate demand variable, I use nearly all 3-digit NAICS industries, except for
several 2-digit NAICS code industries in BEA’s 2002 input-output table at the summary level.
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ture (USDA) for the natural amenities scale and the 2003 rural-urban continuum codes.
The spatial weight matrix is created using the cartographic boundary files from the Census
Bureau.

3.2

Variable Construction

The Dependent Variable
The dependent variable in the model is the logarithmically transformed location quotient
(LQ). Let i = 1, 2, . . . , S denotes industries and r = 1, 2, . . . , N denotes regions, then the
LQ of industry i in region j is defined as

LQir =

Eir /Ei∗
E∗r /E∗∗

where Eir is the employment of industry i in region r, Ei∗ is the total employment of industry i in all regions, E∗r is the total employment of all industries in region r, and E∗∗ is
the total employment of the overall economy. The problems of influential observations and
skewness in the LQ suggest using logarithmic transformation on the LQ. For observations
for which LQs are zero, adding a small positive number can avoid the logarithmic transformation yielding negative infinity. Thus, the dependent variable is log(LQ + ), where
1
min {LQ
10

=

: LQ > 0}.7

The spatial lag of the dependent variable is necessary to deal with spatial spillover effects
and measurement errors. Anselin et al. (2008) consider a spatial econometric model with the
spatially lagged dependent variable as “the formal specification for the equilibrium outcome
of a spatial or social interaction process, in which the value of the dependent variable for one
agent is jointly determined with that of the neighboring agents”. Moreover, the spatial lag
7

Mion (2004) uses log(LQ + 1) as the dependent variable. However, if the LQ is zero for an industry in a
county, then LQ + 1 will bring up the level of the LQ near to the national average, which is implausible. In
fact, I experiment with different values for  by dividing the minimum nonzero LQ by 10 to the power of 1 to
10. The power of 10 gives log(LQ) the smallest standard deviation. Also, the signs of estimated coefficients
are not sensitive for , including for  = 1.
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of the dependent variable is of methodological importance for using a discrete agglomeration
index, like the LQ, which suffers from the modifiable area unit problem (MAUP) (Openshaw, 1981). The MAUP makes an agglomeration index biased when industries actually
agglomerate across the administrative boundaries of spatial units from which the data are
collected. Addressing measurement errors across spatial units requires the spatial lag of the
dependent variable (LeSage and Pace, 2009).

Independent Variables
This paper uses the intermediate demand variable (IDV) to represent input-output linkages.
The IDV is the key variable through which the embedding strategy of the integrated econometrics and input-output model is implemented. The IDV is first advanced by Moghadam
and Ballard (1988) as8

IDVir =

S
X

aij Ejr , for r = 1, . . . , N.

(2)

j=1

The IDV of industry i in region r is the weighted sum of employment of all other industries
in region r. The weight aij represents the share of inputs from industry i in the output of
industry j at the national level, i.e. the coefficient in the input-output table.
Rey and Dev (1997) and Rey (2000) extend the IDV for addressing spatial linkages. The
spatial intermediate demand variable (SIDV) is defined as

SIDVir =

XX
s6=r

φrs γijs aij Ejs , for r = 1, . . . , N

(3)

j

where φrs is the freeness of trade between regions r and s, which can be estimated as the
decaying function of distance between r and s. In Rey and Dev (1997) it is φrs = 1/drs and
8

The IDV in Moghadam and Ballard (1988), Rey and Dev (1997), and Rey (2000) has a time dimension
to introduce dynamics into the input-output model. However, I only have data for one year, thereby I omit
the subscript t of the IDV without loss of clarity. Also, the summation should be over j 6= i in a rigorous
sense. Since intra-industry trade is possible, especially for industry aggregation into 3-digit NAICS codes in
the I-O table, the summation over all industries is reasonable.

9

drs is the distance. γijs is the import propensity of industry j in region s for intermediate
inputs produced by industry i elsewhere. For simplicity, I assume γijs = 1 for all regions and
industries. Also, I include the labor productivity adjustment discussed in Rey and Jackson
(1999) to overcome the dimensional inconsistence problem in the original IDV. Thus, SIDVir
can be re-written as

SIDVir =

XX
s6=r

φrs ϕij aij Ejs , for r = 1, . . . , N

(4)

j

where ϕij ≡ lj /li is the adjustment factor of labor productivity, l, of industry i and j.
Using the spatial weight matrix makes the computation of SIDVir easier. An inversedistance spatial weight matrix, W, is an N × N matrix that has off-diagonal elements
wrs = 1/drs for r 6= s and diagonal elements of zero, i.e. wrr = 0. Define the local IDVir for
P
industry i in region r as j ϕij aij Ejr . Then replacing φrs with wrs in Equation 4, yields the
P
P
P
spatial lag of the local IDV. That is, SIDVir = s6=r wrs j ϕij aij Ejs = s6=r wrs IDVis . In
matrix notation, let IDV i be an N × 1 vector of the IDV for industry i in all regions. Then
the SIDV for industry i is equal to W · IDV i . As such, IDV i and W · IDV i in the spatial
model represent intermediate demands from the local and neighboring areas.
Besides input-output linkages, another important factor to explain industry agglomeration is market potential for final demand markets. I use the nominal market potential (NMP)
variable (Harris, 1954; Head and Mayer, 2004) to describe the strength of final demand marP
kets. The NMP for industry i in region s is defined as N M Pir = s φrs µis Ys . Similar to the
IDV, the NMP can also be constructed using the inverse-distance spatial weight matrix, W ,
if φrs is approximated as 1/drs . Define the local market potential for industry i in region
P
P
r as M Pir = µir Yr , then N M Pir = s6=r wrs µis Ys = s6=r wrs M Pis . In matrix notation,
M P i is the vector of local market potentials for industry i and W · M P i is its spatial lag.
Additionally, I include two groups of control variables. The first group represents the
exogenous natural endowment of regions, consisting of three variables: a natural amenities
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scale, a dummy variable for coastal counties, and a dummy variable for metro counties. The
natural amenities scale is a measure of the physical characteristics of a county area. The
scale was constructed by combining six measures of climate, topography, and water area
that reflect environmental qualities most people prefer. The definition of coastal counties is
provided by the Strategic Environmental Assessments Division of the National Oceanic and
Atmospheric Administration. The coastal dummy variable takes the value of one for coastal
counties and zero otherwise. The dummy variable for metro counties takes the value of one
if the 2003 rural-urban continuum code computed by USDA is less than 4, otherwise being
zero for nonmetro counties. The second group consists of demographic variables for counties,
including the growth rate of population from 1980 to 2000, the percentage of persons who
are 25 years and over with a Bachelor’s or higher degree in 2000, and the number of violent
crimes relative to the national number in 2000. Table 2 shows the summary statistics of all
variables in the model and the inverse-distance spatial weight matrix.
Table 2: Descriptive Statistics of Variables
Variable

Unit

Min

Max

Mean

Std

LQ
IDV
MP
Amenity
PopGrowth
Bachelor
Crime

national level=1
thousand persons
million dollars
z-scores
percentage
percentage
percentage

0.00
0.00
0.00
-6.40
-1.86
0.05
0.00

259.95
46.24
8728.40
11.17
25.12
0.60
6.67

1.37
0.15
18.77
0.05
0.72
0.16
0.03

5.57
0.66
120.26
2.29
1.53
0.08
0.19

W

Number
of
Nonzero Links

Percentage of
Nonzero Links

Min. Number
of Neighbors

Max. Number
of Neighbors

247,730

2.65

3

169

(1) Number of observations: 64,239 (3,059 counties in 48 states and 21 manufacturing industries with
3-digit NAICS code). Independent cities in VA are included in the locating counties. The number of
coastal counties is 621, and the number of metro counties is 1,052.
(2) Data Sources: The CBP, USA CountiesTM and the cartographic boundary files from the Census
Bureau, the ERS of the USDA.
(3) W is the inverse-distance spatial weight matrix, non-standardized, being constructed using the cut-off
distance that is 1.5 times as long as the distance ensuring each county to have at least one neighbor.
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3.3

Model Specification and the Estimation Method

The approach to constructing the SIDV and NMP as spatial lags of IDV and MP dictates
the model specification as a spatial Durbin model, estimated as a spatial panel industry
fixed-effects model. For each industry i = 1, 2, . . . , S, the model is

y i = ρW y i + X i β + W X i θ + ιN ηi + εi , and εi ∼ IID(0, σε2 I N )

(5)

where y i is an N × 1 vector of the dependent variable, W is the N × N inverse-distance
spatial weight matrix, ρ is the spatial autoregressive coefficient. X i is an N × K matrix of
explanatory variables (i.e. IDV, MP, and control variables) excluding the constant term, and
β is the K × 1 coefficient vector. ιN ηi is the industry fixed-effects dummy variable, where
ιN is an N × 1 vector of ones, and εi denotes disturbances assumed as being independently
and identically distributed with the mean of zero and the variance of σε2 .
Stacking Equation (5) over all industries, the model can be expressed in the panel format,

f y + Xβ + W
f Xθ + Dη + ε, and ε ∼ IID(0, σ 2 I N S )
y = ρW
ε

(6)

f is the spatial weight matrix for the panel data, i.e. W
f = I S ⊗ W , the Kronecker
where W
product of the S × S identity matrix and the spatial weight matrix W for one industry
equation. y, u, and ε are N S × 1 vectors, X is an N S × K matrix for explanatory variables,
0

D = I S ⊗ ιN is an N S × T matrix and η = (η1 , η2 , . . . , ηS ) is an S × 1 vector for industry
fixed effects.
I estimate Equation 6 using the maximum likelihood method.9 According to Anselin
et al. (2008) and Elhorst (2009), the log-likelihood function of the spatial panel industry
9

Lee and Yu (2010) derive the asymptotic properties of the ML estimation of a spatial dynamic panel data
model with both time and individual fixed effects. The MATLAB R routines for the spatial panel model are
explained in Elhorst (2012) and downloaded from http://www.regroningen.nl/elhorst/software.shtml.
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fixed-effects Durbin model is given by
S
NS
1 X 0
2
log L = −
log σε + S log |I N − ρW | − 2
ε εi
2
2σε i=1 i

(7)

where εi = y i − ρW y i − X i β − W X i θ − ιN ηi . Maximizing Equation 7 with respect to
coefficients yields the estimation results.

4

Estimation

Table 3 shows the estimation results of three groups of models. The first two groups of
models (Models 1-3 and 4-6) pertain to the spatial Durbin model (SDM). In Models 1 to
3, the IDV and MP are in linear form. In Models 4 to 6, they are in logarithmic form.
The first model in each of these two groups only contains the IDV and MP along with their
spatial lags. The second models in each group (Model 2 and 5) add control variables for
natural endowment. The third models in each group (Model 3 and 6) add control variables
for demographic factors. Model 7 is a spatial autoregressive model (SAR) in which the IDV
and W*IDV are combined to form the SIDV, and MP and W*MP are combined to form the
NMP. LeSage and Pace (2009) argue that it is inappropriate to directly interpret coefficient
estimates in spatial econometric models that include a spatial lag of the dependent variable.
Table 4 reports the direct, indirect, and total effects of explanatory variables in Models 3, 6,
and 7.
The estimation results confirm the positive role of input-output linkages in agglomeration. The coefficient estimates on the IDV are significantly positive at the 1% level in all
models. Despite the negative coefficients on W*IDV in the second group of models, the
direct, indirect, and total effects of the IDV are significantly positive in all models. The
direct effect of the IDV on log(LQ) is 0.4657. Given that the unit of the IDV is thousands of
employees, this means that for the manufacturing industry, say M, in a county, an increase
of one thousand employees in related industries at the local market leads to a 46.57% in13

Table 3: Estimation Results of Coefficients in Various Models
Model Types

SDM

SDM

SAR

Variables

Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

Model 7

IDV

0.4627***
(17.0148)
0.0005***
(3.5171)
—

0.4527***
(14.2691)
0.0004***
(2.6184)
—

—

—

—

—

—

—

—

—

log(IDV)

0.5505***
(19.8103)
0.0008***
(5.3512)
—
—

—

—

SIDV

—

—

—

2.1157***
(115.7535)
-1.1119***
(-45.2803)
—

2.1270***
(113.7215)
-1.0902***
(-40.6999)
—

—

log(MP)

2.1049***
(118.3016)
-1.0193***
(-46.7863)
—

NMP

—

—

—

—

—

—

Amenity

—
—

Metro

—

PopGrowth

—

—

-0.0266***
(-2.9832)
-0.0519
(-1.0381)
0.3489***
(10.1435)
—

Bachelor

—

—

—

—

Crime

—

—

—

—

W*IDV

0.0149***
(8.3199)
-0.0000***
(-4.7324)
—

—

—

-0.0245***
(-2.6454)
0.1022**
(2.0121)
0.3162***
(9.0491)
0.1136***
(10.1519)
-1.2336***
(-5.7266)
-0.7535***
(-10.4653)
—

—

—

—

—

W*log(IDV)

0.0811***
(38.5143)
0.0001***
(6.6731)
—

-0.0579***
(-5.2761)
0.9177***
(15.4122)
0.9647***
(24.9733)
0.1685***
(12.8274)
3.3131***
(14.2217)
-0.0353
(-0.3158)
0.0082***
(4.1861)
-0.0001***
(-5.7150)
—

—

Coastal

-0.0230**
(-2.2233)
0.7387***
(12.7222)
1.2676***
(35.7200)
—

0.0638***
(32.7371)
0.0000
(0.7215)
-0.1522***
(-20.2846)
0.1471***
(3.6321)
1.3246***
(35.1372)
0.2331***
(19.5532)
3.5269***
(15.6629)
0.9134***
(10.8782)
—

W*log(MP)

—

—

—

W*Amenity

—

W*Coastal

—

W*Metro

—

W*PopGrowth

—

-0.0021***
(-7.9404)
-0.0212***
(-14.6998)
0.0620***
(40.4278)
—

-0.0075***
(-52.7933)
0.0009***
(4.6091)
0.0004**
(2.0422)
-0.0037***
(-2.9846)
0.0075***
(5.8364)
—

W*Bachelor

—

—

W*Crime

—

—

ρ

0.0030***
(14.3604)
0.2287
-179121

0.0060***
(91.1849)
0.2881
-178501

-0.0014***
(-4.1921)
-0.0244***
(-16.5399)
0.0431***
(16.7092)
-0.0006
(-1.0313)
0.1272***
(15.3790)
-0.0356***
(-3.1053)
0.0070***
(201.8096)
0.2974
-178694

-0.0072***
(-63.5440)
0.0015***
(8.0864)
—

MP

W*MP

R2
log(likelihood)

—
—

—
—
—
—
—
0.0070***
(298.3578)
0.4980
-170047

Notes: (1) Significant levels: * for 10%, ** for 5%, and *** for 1%.
(2) t-statistics are in parentheses.
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-0.0052***
(-29.1417)
0.0009***
(4.5630)
0.0011***
(3.7493)
-0.0081***
(-6.4522)
-0.0089***
(-3.9920)
-0.0016***
(-3.4504)
—
0.1090***
(12.3670)
—
-0.0085
(-0.9480)
0.0080***
0.0070***
(1914.6862) (261.7192)
0.5001
0.5027
-171377
-169997

—

—
—
—
—
—
—
—
—
0.0030***
(15.1920)
0.2656
-177630

Table 4: Estimation of Direct, Indirect and Total Effects
Effects
IDV
MP
Model 3

Amenity
Coastal
Metro
PopGrowth
Bachelor
Crime
log(IDV)
log(MP)

Model 6

Amenity
Coastal
Metro
PopGrowth
Bachelor
Crime
SIDV
NMP

Model 7

Amenity
Coastal
Metro
PopGrowth
Bachelor
Crime

Direct Effects

Indirect Effects

Total Effects

0.4657***
(15.0622)
0.0004**
(2.5445)
-0.0607***
(-5.5241)
0.8951***
(15.5893)
1.0156***
(28.0351)
0.1691***
(12.1889)
3.4691***
(16.8323)
-0.0707
(-0.6295)

2.2286***
(5.8286)
-0.0095***
(-5.6359)
-0.3504***
(-6.4582)
-3.6250***
(-16.6098)
9.8627***
(20.1825)
0.1073
(1.1262)
29.6834***
(17.1703)
-7.0966***
(-3.2703)

2.6943***
(7.0696)
-0.0091***
(-5.4338)
-0.4111***
(-7.7385)
-2.7299***
(-12.9652)
10.8783***
(22.3223)
0.2765***
(2.9321)
33.1525***
(19.3147)
-7.1673***
(-3.3073)

2.1378***
(118.8789)
-1.0978***
(-40.9269)
-0.0238***
(-2.5811)
0.0942*
(1.8829)
0.3110***
(8.5539)
0.1123***
(9.8912)
-1.1269***
(-5.3634)
-0.7734***
(-10.6066)

1.8187***
(28.5479)
-1.2786***
(-16.2743)
0.1776***
(3.6230)
-1.5101***
(-7.4542)
-1.3329***
(-2.9648)
-0.1623*
(-1.9168)
20.1907***
(11.2355)
-2.7295
(-1.5151)

3.9565***
(64.7359)
-2.3765***
(-32.1809)
0.1538***
(3.1944)
-1.4159***
(-7.2127)
-1.0219**
(-2.2804)
-0.0499
(-0.5952)
19.0638***
(10.6817)
-3.5029*
(-1.9460)

0.0638***
(32.7447)
0.0000
(0.6669)
-0.1524***
(-20.0542)
0.1477***
(3.8615)
1.3266***
(36.1197)
0.2338***
(19.3484)
3.5247***
(15.8283)
0.9158***
(11.6871)

0.0176***
(6.3151)
0.0000
(0.1120)
-0.0421***
(-3.2824)
0.0408
(0.6582)
0.3668***
(5.4260)
0.0646***
(3.1905)
0.9746***
(2.6133)
0.2533*
(1.9493)

0.0814***
(40.8088)
0.0000
(0.6664)
-0.1946***
(-18.8064)
0.1885***
(3.8689)
1.6934***
(29.8432)
0.2984***
(18.3567)
4.4993***
(15.0407)
1.1691***
(11.2787)

Notes: (1) Significant levels: * for 10%, ** for 5%, and *** for 1%.
(2) t-statistics are in parentheses.
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crease in the LQ for industry M. Take the chemical manufacturing industry (NAICS 325) in
Monongalia County, WV as a concrete example. The LQ for chemical manufacturing in the
county in 2002 is 4.51, implying that the industry is concentrated in the county. Given that
the number of employees in the county’s chemical industry in 2002 is 1,347, with other things
being unchanged, the LQ increasing by 46.57% implies an increase of 626 employees in this
industry as a result of an additional thousand employees in other industries that have inputoutput linkages with the chemical industry in the county. The indirect effect of the IDV is
2.2286, implying that the LQ will rise more than two times when the intermediate demands
in neighboring counties increase by one thousand employees. For Monongalia County, which
has 114 neighbors (the farthest one is Amherst, VA) in the spatial weight matrix, an increase
of one thousand employees in related industries in all its neighboring counties will contribute
to 2,999 more employees in the chemical industry in Monongalia County. Combining the
direct and indirect effects, the total effect of the IDV is 2.6943, further strengthening the
impacts of the IDV on log(LQ).
The estimation results for market potential are counterintuitive. While the signs on the
MP and its spatial lag in the first group of models and the second group are opposite, it
does not change the negative sign of the total effects of the MP. In Model 3, the direct effect
of the MP is 0.0004, which means that the LQ for an industry can increase by 0.04% if the
local final demand for the industry increases by $1 million. Continuing with the example of
Monongalia County, the $1 million increase in final demand in the county only results in the
chemical industry employment increasing by less than one person. However, the small gain
will be overwhelmed by the indirect effect. An increase in market potential in neighboring
counties will pull some manufacturing production out of Monongalia county. In Model 7,
which combines the MP and its spatial lag as the NMP, the direct, indirect, and total
effects are all insignificantly different from zero, further illustrating the counteraction of the
local and neighboring final demand markets. Mion (2004) also gets negative coefficients on
market potential. He explains that manufacturing activities are pushed aside from the center
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by sectors characterized by higher transportation costs. Facing higher wages and rents in the
center, manufacturing industries, which do not depend on face-to-face interactions, tend to
locate closer to intermediate demand markets than to final demand markets. Even though
this explanation sounds plausible, it cannot exclude the possibility that the variable used to
measure market potential is misspecified. Head and Mayer (2004) cite several studies that
use the real market potential (RMP)10 to explain the regional variation in wages and they
find positive results. They argue that studies getting negative signs on market potential may
be using inappropriate measures, such as the nominal market potential.
As for the control variables used in each model, some have coefficients with expected
signs, while others do not. The most unexpected result is for natural amenities, as measured
by the natural amenities scale from USDA. The coefficients on the natural amenities scale
and its spatial lags are negative in seven out of nine models. Its total effect in Model 6 is
positive but is negative in Models 3 and 7. While the negative sign might be attributed
to measurement problem, it may also be true that natural amenities do not affect location
decisions of manufacturing industries. The direct effects of coastal and metro dummies are
positive, which is expected as coastal and metro counties tend to have more manufacturing
industries than other counties. For demographic variables, the population growth from 1980
to 2000 has positive effects in Model 3 and 7, the share of population with at least a Bachelor’s
degree has strong positive effects in most effect estimates, while the crime rate has negative
effects in Models 3 and 6.

Issues with the Estimation Method
While the estimation results validate the role of input-output linkages on agglomeration,
some issues with the estimation method suggest caution. The first issue is the endogeneity
problem. The IDV, MP, and the demographic control variables may be endogenous. They
10

P
The real market potential is defined as RM Pir ≡ s φrs µis Ys Psσ−1 , where φrs is the freeness of trade,
µis is the share of total income Ys in region s in the consumption of goods produced by industry i, Ps is the
price index in region s and σ is the elasticity of substitution.
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might be determined by other exogenous variables that can also explain industry agglomeration. Even worse, the causal relationship between agglomeration and these variables may
be reverse. The consequence of the endogeneity problem is that the ML estimates may be
inconsistent because the true data generating process is not fully specified merely by Equation 5 or 6. A solution to this problem is to use the IV/GMM estimation method, which is
proposed by Kelejian and Prucha (1998, 1999) to deal with the existence of ρW y and simplify the computation process in the ML estimation. Mutl and Pfaffermayr (2011) and Millo
and Piras (2012) explain the IV/GMM method for spatial panel models. The advantage of
the IV/GMM method is that the instrumental variables can be used to handle the endogeneity problem of both the spatially lagged dependent variable and suspicious explanatory
variables.
The second issue concerns balancing the panel by imposing zeros in an industry’s employment in counties where the industry does not exist. This may cause estimation problems
resulting from censored data or sample selection issues. The Tobit model is often used to
overcome the censored data problem. LeSage and Pace (2009) estimate the spatial Tobit
model using a Bayesian MCMC framework. The sample selectivity problem is often handled
with Heckman’s two step method (Davidson and MacKinnon, 2004). Flores-lagunes and
Schnier (2012) consider the estimation of a sample selection model with spatial autoregressive errors. However, there is no application of Heckman’s method in spatial panel models.
Alternatively, the model may also be estimated by the unbalanced panel model method (Egger et al., 2005). However, the appearance of zeros in observations is likely to be meaningful
so that removing these observations may throw away useful information.

5

Conclusion

This paper examines the role of input-output linkages between industries in the formation
of industry agglomeration. The spatial and industry dimensions of industry agglomeration
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suggest building the model under the framework of the integrated spatial econometric and
input-output model through the spatial intermediate demand variable. Taking advantage of
the data format and the construction of the spatial intermediate demand variable and the
nominal market potential variable, this paper estimates the model as the spatial pseudo-panel
industry fixed-effects Durbin model. Using manufacturing industries in the U.S. counties, the
role of input-output linkages is supported. However, some potential estimation issues, such
as endogeneity, censored data, and sample selectivity, need further study. Future research
can also seek to refine the variable construction for the spatial intermediate demand variable
and the real market potential in order to get more accurate estimates.
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