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Abstract

In this paper I develop an empirical framework to estimate the role of agglomeration

externalities, especially those stemming from input-output linkages, in the location process of

US manufacturing plants. Furthermore, drawing on the model of Holmes and Stevens (2004b),

I propose a way to reconciliate some previous puzzling results about proximity to consumers’

demand and the scope of agglomeration forces. Results suggest that intermediate flows have

a positive impact, especially for big plants, on local specialization. By contrast, consumers’

demand has a negative effect and this result is consistent with the model of Holmes and

Stevens (2004b). However, the majority of both effects comes from very local interactions,

with spatial spill-overs being quite weak, but with a very large geographical scope. This result

suggests some kind of strong non-linearity in the underlying spatial process. While, very

close interactions are extremely important, when considering what is beyond the limit of local

markets then distance does not matter so much.
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1 Introduction

Market proximity is a key feature in location theory and in particular in the so-called New

Economic Geography (NEG) literature. The interaction of transport costs and increasing returns

to scale creates incentives for non price-taking firms to cluster together in order to be close to large

markets. As shown in Fujita, Krugman and Venables (1999), there are at least two channels trough

which this agglomeration process operates: input-output flows and final consumers’ demand.

The first mechanism is emphasized in Krugman and Venables (1995) and Puga (1999), and

the basic idea behind it is that industries characterized by strong input-output relations can both

save trade costs and have a richer availability of the different varieties of each product by choosing

the same location. A recent empirical paper by Amiti and Cameron (2004) on Indonesian data

provides evidence that good access to production and demand of manufacturing intermediates has

a positive effect on manufacturing nominal wages. Furthermore, they found that the geographical

scope of such an effect is not negligible, with proximity to input suppliers being significant up to

230 km. However, in a related paper, Rosenthal and Strange (2003) found a much smaller scope

for agglomeration economies. Studying US new plants’ location, they actually found that new

arrivals are more likely to be attracted as employment in the own industry increases up to only

fifteen miles.

A second force pushing towards the clustering of activities is the proximity to consumers’

demand. As shown in Krugman (1991) and Ottaviano, Tabuchi and Thisse (2002), firms want to

be close to large consumer markets in order to exploit their increasing returns to scale technology.

Both Hanson (1998) and Mion (2004) found evidence that proximity to households’ disposable

income has a positive effect on aggregate factor remunerations. Furthermore, when looking at

local sectoral wages, Amiti and Cameron (2004) found that proximity to demand increases wages,

this effect being significant up to 85 km. By contrast, in their study of French manufacturing
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location, Gaigné, Huiban and Schmitt (2003) found a negative effect of demand in surrounding

regions on local industry specialization.

Instead of being simply a result of country differences, I will provide later on some theoretical

arguments that can reconciliate these (apparently) at odds results. In particular, building on

Holmes and Stevens (2004b) model, I will show how it is reasonable that agglomeration exter-

nalities turn into different patterns for plants’ location compared to local wages analysis. Once I

draw a link between theory and these recent empirical findings, I will proceed trough the main

part of the paper. In particular, using manufacturing data on US counties, I will regress a mea-

sure of industrial concentration on the major determinants of location in NEG models: access to

input-output flows, access to consumers’ demand, and local wages. This will allow me to provide

further evidence of the importance of agglomeration externalities for industrial location as well

as to test the a priori on the signs of parameters.

Particular attention will be devoted to measure the degree of spatial interaction implied by

the presence of spatially weighted variables by estimating a specific distance decay parameter

coming from a polynomial function. Results suggest that all variables are extremely relevant at

very localized level. Both input-output goods demand and supply in a county positively affect

the concentration of a an industry in that location. By contrast, consumers’ demand has a

negative effect and this result is consistent with the model of Holmes and Stevens (2004b). As for

distance effects, demand and supply coming from other locations have a very weak but significant

effect, with an elasticity of around 0.5. The relatively stronger importance of local variables is

in line with the findings of Rosenthal and Strange (2003), while the surprisingly slowly declining

distance effect is a brand new result. This suggests some kind of strong non-linearity in the

underlying spatial process. Very close interactions are crucial. However, when considering what

is beyond the limit of local markets then distance does not matter so much. The breakdown of

the agglomeration analysis by establishments size is also a novelty of the paper. In particular,

2



data suggests that input-output flows (especially at very local level) play a much more important

role in the location process of big plants, while small ones can be found more easily close to big

consumers’ markets.

This paper certainly belongs to the strand of literature that is concerned with the deter-

minants of location that includes, among others, Ellison and Glaeser (1999) and Rosenthal and

Strange (2001).1 The importance I give to input-output linkages and market access within a NEG

framework is common to other papers like Davis and Weinstein (1999), Combes and Lafourcade

(2001) and Redding and Venables (2004). This second strand of literature is characterized by

the desire to make the empirical analysis more directly related to structure coming from the

underlying theory. In particular, the question of the scope of agglomeration externalities (that I

also deal with) is a specific concern in both Mion (2004) and Amiti and Cameron (2004). Finally,

my comparison of local vs spatially weighted variables is common to both Henderson (2003) and

Rosenthal and Strange (2003).

The rest of the paper is structured as follows. Section 2 introduces the reader to the problems

associated when passing from multi-industries models to data evidence, and contains a brief

exposition of Holmes and Stevens (2004b) model. Section 3 deals with the construction of the

variables used in the regression analysis as well as with data sources. Drawing on previous studies

on spatial externalities, I derive in Section 4 the basic econometric specification. In Section 5 I

present estimations obtained with the baseline specification, as well as a number of robustness

checks and more disaggregated results. Finally, Section 6 concludes and proposes directions for

further research.

1See Rosenthal and Strange (2004) for a review of the literature.
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2 Insights from Theory

This section presents some stylized facts about the location of economic activities in the US

and raises the issue of the apparent contrast of some of these features with NEG predictions.

The subsequent analysis of Holmes and Stevens (2004b) model will allow to reconciliate these

inconsistencies with theory.

2.1 Some Stylized Facts

As convincingly pointed out in Holmes and Stevens (2004b) manufacturing in the US is a “rural”

activity compared to services. Data on US cities from the 1997 Economic Census are organized

in such a way that the 328 primary metropolitan statistical areas (PMSAs) are divided into three

city sizes: small (PMSA population under half a million), medium (PMSA of half a million to

two million), and large (PMSA over two million). Now, define LQ as the share of industry sales

for establishments located in the given city size class, divided by the share of population in that

size class. Holmes and Stevens (2004b) show that the service industries - wholesale trade, finance

and insurance, and professional, scientific, and technical services - are heavily concentrated in the

large cities group (the LQ increases from approximately 0.5 in the smallest cities to approximately

1.3 in the largest cities for the three service sectors). By contrast, manufacturing activity is

concentrated in small cities (the LQ declines from 1.15 to 0.86). Further evidence of this pattern

is provided in Holmes and Stevens (2004a) where they show that in the U.S. economy rural areas

are net exporters of manufactured goods, while large cities are net importers.

One easy explanation of such a phenomenon is that manufacturing is relatively more land

consuming than services, while land rents are increasing in population size. There are certainly

many other stories one can tell, but the key point is that, at first glance, it would be difficult to

find some consistent story within the NEG framework. In fact, in all NEG models the increasing
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returns sectors producing differentiated products is thought to be manufacturing. Therefore,

manufacturing is expected to display more than other activities a tendency to concentrate close

to big markets (the so called market access effect). This is clearly in sharp contrast with the

evidence I presented so far, casting some doubts on the relevance of the theory. The first empirical

framework that faced this inconsistency is the analysis of French manufacturing activities by

Gaigné, Huiban and Schmitt (2003). When regressing an index of local industry specialization

on consumers’ income coming from surrounding locations they actually found a negative and

significant coefficient (thus implying a negative market access effect).2

The model of Holmes and Stevens (2004b) can accommodate these results by coming back to

one fundamental element of the NEG literature: differences in transportation costs. Transporta-

tion costs are particularly high in the service sector. Face-to-face communication is often crucial

with services, and the transportation costs of moving people is surely higher than the cost of

moving goods. Therefore, service activities concentrates in large cities because large home mar-

kets make it possible to both economize on the cost of moving people and to achieve economies of

scale. By contrast, the manufacturing sector concentrates in small cities. With the relatively low

cost of shipping goods rather than moving people, manufacturing plants in small cities can in fact

obtain scale economies by shipping to a national market. To put it differently, both sectors want

to be in the large cities, but service activities have, due to their relatively higher transportation

costs, more incentives to “be in the center” and can manage to pay the higher rents and wages

one has to afford in big cities.

Another puzzling issue in applied analysis is the considerable variation in the geographical

scope of agglomeration externalities found in different studies. When looking at the spatial

pattern of industrial wages, Amiti and Cameron (2004) found that proximity to local demand

and inputs matters up to 230 km. By considering aggregate factor earnings in Italy, Mion (2004)

2Gaigné, Huiban and Schmitt (2003) considered this result as misleading and did not try to interpret it.
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found a similar result in that access to consumers’ demand was significant up to 200 km. By

contrast, in their analysis of new plants’ location, Rosenthal and Strange (2003) found a much

smaller scope for agglomeration economies with new arrivals being more likely to be attracted as

employment in the own industry increases up to only fifteen miles. Coherently with the latter

result, Gaigné, Huiban and Schmitt (2003) found that both input-output linkages and consumers’

demand coming from neighbor locations have a weak impact on local industrial specialization

Holmes and Stevens (2004b) offer a novel way to solve this puzzle. The basic insight of

the reasoning contained in their model is that labor is, to a great extent, an homogenous good

for which many sectors compete at the same time. For each sector, the benefit of being in a

certain location decreases with the distance from big central markets. This creates a kind of

wage gradient, that represent the maximum price that firms of a given sector are willing to pay

in order to produce and hire people in a certain place. Sectors like services have an higher wage

gradient close to the center because high transportation costs make centrality crucial. They can

thus manage to over-bid other sectors and locate close to big cities while other activities like

manufacturing stay in peripheral areas. Nevertheless, the wage gradient coming out from this

competition for location/workers is a kind of “sum” of the wage gradient of each sector that cannot

be really separated from each other. Consequently, wages will decline slowly with distance from

the center, resulting in the observable large spatial scope for agglomeration externalities that has

been found in Amiti and Cameron (2004) and Mion (2004).

By contrast, when looking at local specialization, the link one can trace between concentration

of production and access to demand and inputs is more sector specific. This should reasonably

lead to a smaller spatial scope for agglomeration externalities, as it is the case in Gaigné, Huiban

and Schmitt (2003), and Rosenthal and Strange (2003). Nevertheless, the true extent of spatial

externalities should be, parallel to the case of wages, underestimated. This reasoning can also help

explain why proximity to consumers’ demand is usually found to be positive in manufacturing
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wage analysis, while the converse is true for specialization regressions.

Contrary to input-output relations, which are always found to have a positive impact, compe-

tition for consumers’ proximity is highly rival. The access to supply and demand of input goods is

in fact industry specific and so there is no clear consensus on an ideal location for all sectors. Each

industry can thus find its own place where it can benefit from the proximity of strategic partners.

By contrast, everybody would like to be close to final demand, and there is thus competition for

the ideal location. As I mentioned before, manufacturing has less incentives than others to be

in the center, and equilibrium forces push it toward rural areas, i.e. places where there is a bad

access to consumers’ demand. This justifies why one can observe a negative correlation between

the specialization of a region in manufacturing and its access to final demand. On the other

hand, wage analysis does not isolate the equilibrium relation between these two variables, but the

general incentive of all sectors that are subject to agglomeration externalities to be close to the

center. This happens because the pressure of all such sectors on local labor markets contributes

to determine the common wage.

2.2 The Model

I will now present some basic features of Holmes and Stevens (2004b) model to which the reader

may refer for a detailed exposition. Imagine a continuum of goods indexed by x ∈ [0, 1]. For each

good at each location, the authors further assume that a certain component of the local demand

for the good must be satisfied by local production and that a second component may be satisfied

either by local production or by imports.3 Each good is thus further indexed by k ∈ 1, 2, where

k indicate whether the good must be locally produced (k = 1) or can be imported (k = 2). The

3Consider, for example, a service good called “grocery wholesaling”. One component of the demand for this good
is for the wholesaling of milk, an important service that must be provided locally because of milks perishability. A
second component, the wholesaling of crackers, could be satisfied by imports because perishability is not an issue.
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representative consumer has a Cobb-Douglas utility function:

U =
∫ 1

0
λ ln q(x, 1) + (1− λ) ln q(x, 2)dx (1)

where q(x, k) denotes the consumption of a commodity (x, k). In equilibrium, the preference

parameter λ will denote the share of income spent on goods that must be locally produced.

The technology for production is the same across all goods and labor is the only factor of

production. However, producers can chose among two alternatives. A backstop constant returns

to scale technology, that is supposed to be the more efficient when production is limited to local

consumption, and an increasing to scale one that is more efficient when goods are also exported.

In particular let c(q) denote the labor input required to produce q units of a particular good

and define the average cost (in labor units) as a(q) = c(q)/q. For the increasing returns to scale

technology the average cost is supposed to be minimized at a point q∗ ∈ (0,∞), where q∗ is

defined as the lowest point at which the minimum is attained (i.e., q∗ is the minimum efficient

scale) and a∗ = a(q∗). By contrast, the other technology requires γ units of labor to obtain one

unit of output independently of the scale of production and γ > a∗.

There is a continuum of locations indexed by i ∈ [0, 1]. Let l(i) be the population of workers

(each endowed with one unit of labor) at location i ∈ [0, 1], and assume that population is strictly

increasing in i. Now, let l = l(0) be the minimum population and l̄ = l(1) be the maximum

population. Population of each location is fixed, i.e. there is no labor mobility.

While labor is immobile, goods can be traded. The transportation cost of shipping a good

from one location to another is τ that is independent from distance. The transportation cost takes

the standard “iceberg” form: in order to move one unit of a good to another location, 1+ τ units

must be shipped, so τ units get lost in transit. Goods are allowed to differ in transportation cost.

There are three different levels of transportation cost and goods with the same transportation
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cost are regarded as being in the same sectors. The three sectors are manufacturing, services,

and retail. Let µ, σ, and ρ be the fraction of industries in the three sectors, where µ + σ + ρ = 1.

Assume the goods are ordered such that x ∈ [0, µ) are manufactured goods, x ∈ [µ, µ + σ) are

services, and x ∈ [µ + σ, 1] are retail goods. Make the extreme assumption that manufactured

goods have zero transportation cost, τM = 0, retail transportation costs are infinite, τR = ∞, and

service transportation costs are intermediate, τS ∈ (0,∞). Note that goods differ across sectors

only in transportation costs; the production technology and the way the goods enter the utility

function is otherwise symmetric.

Finally, the authors assume a local strategic structure and zero profits in the long run. Firms

take prices in other locations as given and behave as perfect competitors in the export market

(due to the continuous number of producers in the entire economy). By contrast, in the local

market the industry is oligopolistic and firms are assumed to compete in Bertrand fashion. The

price a producer receives per unit of exports is the same across all goods belonging to a given

sector. Being aware that this export price differs across the 3 sectors (pE
R 6= pE

M 6= pE
R), one can

call a generic sectoral price as pE . A consumer at any location can then import any non-local good

at a price of p = pE(1 + τ), the competitive export price with transportation costs added. The

combination of scale economies, a small market size at each location, and Bertrand competition,

together imply that there is at most one producer of any particular good at each location. That

producer sets a limit price of pL = pE(1+τ) in the local market for importable goods that exactly

matches the import price. As for the local price of non-importable goods, this is limited by the

possibility that a firms enters in the market and uses the backstop technology to produce it.

Therefore this price is, by the zero profit condition, equal to the unit cost of production - w(i)γ

- where w(i) is individual wage in location i.

Let’s now characterize the equilibrium of this economy. Consider first the retail sector. This

sector has infinite transport costs so its goods are not traded. Therefore, since the backstop
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technology is supposed to be the more efficient in autarky, it is used everywhere for retail produc-

tion. The utility function is Cobb-Douglas, so one knows that in equilibrium, a fraction ρ of the

labor force in each location will be employed in retail using the backstop technology, and one can

otherwise ignore this sector. Next, consider the joint effect of differences in populations across

locations and differences in transportation costs across the two traded sectors, manufacturing and

services. Each location must produce the non-importable (k = 1) varieties of manufactures and

services. Production of the non-importable goods and services is carried out using the constant-

returns-to-scale backstop technology. The production of non-retail importable goods occurs at

firms using the scale technology, and each location will have a single firm using the scale tech-

nology for any given product. Because locations differ in population, each location will have a

measure of firms using the scale technology for distinct goods within the same sector. The deter-

mination of which locations specialize in services and which specialize in manufactures is made

on the basis of wages, as the immobile workers will work for the firm that offers the highest wage.

The tension between market access and cheap labor makes low (high) transportation cost sectors

better suited for small (large) locations.

In particular the authors show that, once one normalizes the export price of manufacturing

to one (pE
M = 1) there exists a unique population cutoff l̂(pE

S , τS), such that the manufacturing

and service wages are equal. Locations with l ≥ l̂ specialize in services; locations with l < l̂

specialize in manufacturing. This specialization can be explained by means of Figure 1 borrowed

from Holmes and Stevens (2004b). Rearranging equilibrium equations, one finds that zero-profit

wages are function of l(i) and the sector of specialization (which implies a value for pE and τ):

w(pE , τ, l(i)) =
pE

c′(q̃(l(i), τ))
(2)

where c
′
(.) is marginal cost and q̃ is equilibrium output. This function is analogous to the bid-

10



rent function in urban economics (see Mills and Hamilton, 1994), except that Holmes and Stevens

(2004b) call it a bid-wage function. As in urban economics, the bid-wage function determines

what activities occur at what locations. Let wS(pE
S , τS , l(i)) denote the bid-wage function for

services, and let wM (1, 0, l(i)) denote the bid-wage function for manufacturing (recall that the

manufacturing export price is 1 and τM = 0). Figure 1 plots these functions. Both equilibrium

wage rates increase with location size. This rise occurs because larger locations are relatively

more attractive to firms with more price-setting power over a larger local base of consumers.

The activity that supports the highest wage is the activity that the location specializes in. For

manufacturing, access to low-cost labor is more important than proximity to markets and so the

curve wM dominates wS for l < l̂. By contrast, market access is relatively more important for

service that incur in a positive cost τS in order to ship goods to other markets and so services

concentrate close to consumers’ markets (l ≥ l̂). From this simple Figure, one may draw most of

the conclusions I discussed in the previous Subsection:

• Consistently with what I said about manufacturing as being characterized by less trans-

portation costs than services, industrial activities concentrate far from the center (l < l̂)

suggesting a negative correlation between specialization in manufacturing activities and

consumers’ market access.

• The local bidding process for wages implies that they are positively correlated to consumers’

markets access for any sector considered (both wM and wS increases in population size).

• The distance pattern of wages (which corresponds to the higher value of the two functions

in Figure 1) is a kind of sum of the forces at work and wages over-evaluate both the absolute

value and the geographical scope of individual sector externalities.
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Figure 1: Bid-Wage Functions and Specialization
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• If one just regards local specialization, then agglomeration externalities are under-estimated.

What one really needs in order to disentangle sector specific externalities is in fact the shape

of the two functions wS and wM . Nevertheless, simply looking at the size of area in which

one industry specialize - i.e., the segment l̂− l (l̄− l̂) for manufacturing (services) - gives a

downward bias estimate of the degree of spatial interdependence among location choices.

3 Data Construction and Sources

In the proceeding Sections I will use manufacturing data on US counties in order to perform

a regression of a measure of industrial concentration on the major determinants of location in

NEG models: access to input-output flows, access to consumers’ demand, and local labor costs.

The units of analysis are the 3111 continental US counties excluding the States of Alaska and
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Hawaii. The reference year for data is 2000 with the exception of the input-output information

which refers to 1997.4 Data on plants’ employment and location comes from County Business

Patterns (CBP) data, used in Holmes and Stevens (2004a), and made available (together with

other local databases) by Thomas J. Holmes on his web-site5. There are 7,070,048 establishments

in the CBP universe for the year 2000. Data are organized in cell counts giving the number of

establishments belonging to a given combination of industry (six digit NAICS), employment size

class, and county. Data on local employment has thus been reconstructed using the (national)

average employment for each size class. It is important to stress that, compared to other data

on US plants, there is no problem of missing observation due to confidentiality reasons. All US

plants are in the data-set, and for each one of them I know the employment size class to which it

belongs.

As for input-output flows, I used the (benchmark) Table “Use of Commodities by Industries”

coming from the Bureau of Economic Analysis (that refers to US as a whole) for the year 1997.

Table 1 lists those sectors (66) that have been used in order to compute both the demand for

intermediate use and the input needs of each sector.6 This commodity based classification is the

one actually used in regressions. The database gives a very detailed information on input-output

flows in million of US dollars and with a disaggregation that roughly corresponds to the NAICS

4 digits. Importantly, there is a unique correspondence between the 6 digits NAICS data on

establishments and this classification. All flows among these sectors have been considered. In

particular, assuming a Cobb-Douglas production function (like in Combes and Lafourcade, 2001),

and indicating with rc the ratio between between total input needs and employment in a given

4This is the closest year for which input-output tables are available with the NAICS classification.
5See http://www.econ.umn.edu/˜holmes/research.html
6With respect to the BEA classification, I have aggregate sectors 2301, 2302 and 2303 into a unique sector 2300

(Construction). The same applies to sectors 332A and 332B that has been pooled into one industry 3325 (Ordnance
and other fabricated metal products). The reason of these changes is to make the commodity classification of the
BEA look as much as possible to the NAICS 4 digits. In such a way comparability with other studies should be
substantially improved.
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industry c, one can derive the following measure of the demand for intermediate use of commodity

c in county i (IntDc,i):

IntDc,i = ln


1 +

∑

c′
µc,c

′
rc′ empc′ ,i


 (3)

where µc,c
′
is the share of intermediate use of commodity c in the production of c

′
, and empc

′
,i is

local employment of industry c
′
in county i. The measure in in log in order to give an elasticity

meaning to regression parameters. To this respect, adding one eliminates the problem of having

the logarithm of zero whenever there is no local demand for intermediate use.7 All variables in

regression will be in log and the trick of adding one will be used for all except wages.8

Using the same idea of exploiting the aggregate ratio between input needs and workforce as

a way to map workers’ distribution into commodities flows, I derive the measure of the supply of

commodities for intermediate use to industry c in location i (IntSc,i) as:

IntSc,i = ln


1 +

∑

c
′

µc
′
,crc empc,i


 (4)

which can also be obtained starting from a Cobb-Douglas production function. Although input-

output variables are constructed using our full sample of 66 sectors, estimations will be performed

on manufacturing activities only, and in particular to industries with codes between 3130 and 3399

(49 sectors). Agriculture, and mining have in fact been excluded because their location heavily

rely on natural resources. Food, beverage, and tobacco industries have instead been dropped

from regressions because they are relatively raw-materials intensive and the use of such input

may potentially be less well estimated. However, note that dropped sectors are still used in the

construction of input-output variables.

7A similar approach has been used by Redding and Venables (2004) in their analysis of trade flows.
8Whenever there is no wage for a couple sector-county, it is simply considered as missing. Contrary to other

regressors, there is in fact no obvious value for a missing wage value.
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One crucial point, that will receive further attention in the estimations, is the fact that a

large fraction of input-output flows has an intra-sector nature. In my sample of 66 industries,

roughly 22% of these flows have the same sector as origin and destination. This is due to the

characteristics of the NAICS classification, as well as to the phenomenon of outsourcing. In my

framework, the fact that right hand variables like IntSc,i and IntDc,i contains a measure of local

industrial concentration (intra-sectoral flows), while another measure of local concentration is

at the same time being used as dependent variable clearly raises an endogeneity issue. I will

explicitly deal with this problem in Section 5.

Data on disposable personal income come also from the Bureau of Economic Analysis. Infor-

mation is organized by county and values are in thousand of US dollars for the year 2000. Using

the supplementary information on the share of consumers’ expenditure by commodities (coming

from the Bureau of Economic Analysis for the year 1997), I constructed the following measure of

local demand from consumers:

ConsDc,i = ln (1 + γcYi) (5)

where γc is the share of local disposable income Yi (measured in million of US dollars) devoted

to commodity c.

Sectoral weekly wages in dollars comes from the Bureau of Labor Statistics, and in particular

from the current employment statistics survey. Data refers to the year 2000 and are organized by

6-digit NAICS industries. Both State and county wages are available but, due to confidentiality

constraints, much of the information at the county level is withheld. Therefore, I decided to use

State level data, associating to each county the corresponding (logarithm of the) State wages of

a particular industry. Furthermore, in order to be compatible with the classification of economic

activities presented in Table 1, information has been aggregated by weighting 6-digits NAICS
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wages by the State employment of industries belonging to a given branch.

The use of State level wages is certainly a very rough approximation of the corresponding

county earnings. However, since the focus of the paper is mainly on demand and input-output

linkages, wages are used here mainly as a control variable. More importantly, it will turn out

that, neglecting them, leads to virtually the same results. Nevertheless, by considering wages one

can still gain some useful insight into industries location and that is why I decided to keep them

in the analysis.

Data on distances di,j between any pair (i,j) of US counties are great-circle distances in miles

that have been calculated with a GIS software. This represents a large amount of information

as there are, excluding internal distances, 3111*((3111-1)/2)=4,837,605 free elements to handle.

Only few studies, like Henderson (2003) and Rosenthal and Strange (2003), have dealt with

location of manufacturing and spatial effects with such a detailed geographical level. Information

on counties’ surface and the portion dedicated to crops production (in square miles) come from

ESRI (Environmental Systems Research Institute) database for ArcView, while the water area

come from Holmes’ databases. Finally, data on the average percentage of possible sunshine days

and a dummy variables for whether the county borders the sea coast or borders on one of the great

lakes are taken from the Statistical Abstract of the United States, year 2000. Table 6 contains

summary statistics on the variables used.

4 Econometric Specification

The main goal of the empirical analysis is to draw a link between local specialization in manu-

facturing and the major determinants of location in NEG models. In particular, I will focus on

intermediates flows (both from supply and demand point of view), consumers’ demand and labor

costs.
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First of all, when dealing with the distribution of firms over space it is evident that it is

best analyzed as a process with a latent variable (profitability), in which zeros have a special

meaning. This is actually the approach followed in many papers that focus on location choice

like Head and Mayer (2004). Only if location in a certain county is profitable will one observe

some establishments there, while a negative expected profit will turn into a zero observation.

Consequently, this natural censoring of data suggests a Tobit approach in pretty much the same

way as trade flows analysis. Indeed, when looking at the distribution of my 49 industries among

the 3111 continental US counties there are a lot of zeros. Of the 152,439 possible combinations

only 49,481 (less than one third) couples county-sector have a positive number of establishments.

Neglecting all such an information, would result in a great loss in efficiency and could potentially

bias results.9

In particular, indicating with empi =
∑
c

empc,i local employment in county i, empc =

∑
i

empc,i employment in industry c, and emp =
∑
c

empc =
∑
i

empi as national employment,

the local specialization variable I will use is:

Specc,i = ln(1 +
empc,i/empc

empi/emp
) (6)

This index takes a value of zero whenever no plant belonging to industry c has decided to lo-

cate in i. If, on the contrary, plants locates there then it takes (positive) increasing values in

empc,i. Furthermore, the index gives (by construction) an inter-sectoral comparable measure of

specialization that is necessary in order to pull observations together.

Another crucial topic in my analysis is the measurement of spatial effects, i.e., the contribution

of neighbor observation in the regression. One solution, followed by Rosenthal and Strange (2003),

is to use both the value that a regressor takes in a location as well as its value in neighbor

9Applications of the Logit and Tobit models to the analysis of firms’ location and market potential can be found
in Combes (2000) and Head and Mayer (2004)
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locations, where those latter are identified by means of distance bands matrices. Constructing

rings of different size (1 mile, 5 miles, 10 miles, and 15 miles), they first identify locations that

are within a given distance from each location i. They then use as regressors the value of each

right-hand side variable computed for location i as well as their average for the set of neighbor

location belonging to a given distance interval. This methodology leads to having n+1 regressors

for each right-hand side variable, where n is the number of distance rings considered. The main

advantage of this strategy is that there is no need to evaluate internal distances, i.e. the average

distance theoretically covered by goods flows within a given county. The way one should measure

such distances is in fact not clear and there is no general consensus in the profession on the

way they should be computed. Nevertheless, the two major drawbacks of the methodology of

Rosenthal and Strange (2003) are the arbitrarity of the cut-off points used in the construction of

the rings and the multicollinearity among spatial variables.10

An alternative strategy, used in the local wages analysis by Amiti and Cameron (2004), is

to consider distances between all locations i in order to construct a unique “spatially weighted”

variable. Starting from those distance di,j , they use a distance weight function, and in particular

the inverse exponential e−τdi,j , in order to attribute a weight to each observation corresponding

to county j before summing them up. Compared to Rosenthal and Strange (2003), they thus use

only one variable in order to capture spatial effects, with the estimate of τ giving a measure of

their scope. This should reasonably lead to a more accurate measurement of spatial interaction,

while allowing to get rid of the multicollinearity problem. However, in order to avoid attributing

internal distances, they did not consider in their sum the value that a variable takes in location

i. This can indeed lead to a missing variable problem, and this is particularly cumbersome in

my framework because specialization is, more than local wages, likely ro be affected by forces

10The variables constructed with distance bands are in general highly collinear among themselves. This lead to
reject the significance of more distant observations because of their poor (biased) t-ratios.
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internal to a county. Furthermore, as shown in Mion (2004), the use of the inverse exponential is

probably not the best solution, with the polynomial function being more suited for the analysis

of trade-based models like NEG ones.

The strategy I will use is to try to get the best from these two alternatives. In particular, I

will use all distances (except internal ones) between county pairs (i, j) in order to construct, for

each of the 3 variables that potentially have a distance declining effect (IntD, IntS, and ConsD),

a corresponding “spatially weighted” variable (W IntD, W IntS, and W ConsD). To each of

these 3 new measures, I will associate a different distance decay parameter (τ1, τ2, and τ3) that

will allow to measure the corresponding geographical scope. In particular, I will use polynomial

weights of the type d−τ
i,j , with τ thus giving the elasticity with respect to distance. Furthermore,

in order to account for externalities within a county, I will include the corresponding county-based

observations (IntD, IntS, and ConsD) ad additional regressors. Therefore, the base equation I

will estimate is - omitting subscript (i,s) - given by:

Spec = β1IntD+β2IntS +β3ConsD+β4wage+λ1W IntD+λ2W IntS +λ3W ConsD+ε (7)

where, for example, the variable W IntD = W 1IntD is constructed pre-multiplying IntD by the

spatial weighting matrix W 1 whose generic element is the weight w1
i,j = d−τ1

i,j , and w1
i,i = 0.11

In order to account for the problem of zeros, equation 7 will be estimated using maximum

likelihood. For any given value of τ1, τ2, and τ3, equation 7 has in fact all the features of a censored

regression of the Tobit type. Therefore, maximum likelihood is needed and maximization can be

achieved quite easily.

11For the parameters λ1, λ2, and λ3 to be interpreted as elasticities, spatial variables should be constructed as
averages of the corresponding local variables (that are already in log). Therefore, I normalize weights wi,j dividing
them by their average row sum. In such a way,

∑
j wi,j will (on average) be equal to one.
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Expressions like 7 can be obtained as reduced form equations of a multi-industry NEG models.

Nevertheless, I prefer to stick here to a qualitative specification because multi-industries models

leads either to complicated long formulas that are difficult to interpret (like in Combes and

Lofourcade, 2001) or, in order to get something meaningful, one has to impose very strong

assumptions (like in Gaigné, Huiban and Schmitt, 2003). A qualitative approach might thus turn

out to be more useful if it is coupled with a theoretical ground that gives a clear view of how

results should be interpreted. To this respect, I suggest that there is sufficient consensus in the

literature about the positive impact of input-output linkages on local concentration, while the

model of Holmes and Stevens (2004b) provides sufficient insights to deal with the location of

heterogenous sectors and consumers’ markets centrality.

5 Estimations

The base regression is reported in Table 2 where I estimate equation 7. I also provide several

robustness checks in Table 4, while exploring more disaggregated data in Table 5. Standard errors

are in parenthesis, while test statistics and information on the sample is given at the bottom of

each Table.12 As one can see, parameters are very precisely estimated and most of them are

significant at the 1% confidence level.

5.1 First Results

Columns (1) and (2) of Table 2 refers respectively to estimates obtained with local and spatially

weighted variables only, while in columns (3) and (4) both sets of variables are included together

with State dummies. A first striking feature that comes from the comparison of columns (1)

12As one can easily check, the number of observation in estimations is slightly less than the product of the number
of industries times the number of counties. This is due to the fact that, in roughly 9% of the cases, the information
on state-level wages is missing because there is no county with positive employment from which an information on
wages can be retrieved.
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and (2) is that local demand and input-output flows (IntD, IntS, and ConsD) have much more

predictive power (as measured by both the pseudo R2 and the Log-Likelihood) than spatial ones

(W IntD, W IntS, and W ConsD). The pseudo R2 corresponding to the regression where only

local variables are considered is in fact 0.2045 against the poor 0.0197 of the other. Furthermore,

since all variables have been taken in log, one can infer that also the magnitude of the two sets of

variables is quite different with local measures having a bigger impact. These results are coherent

with those of Rosenthal and Strange (2003) who found little evidence of spatial effects for local

specialization. Nevertheless, the scope of spatial spill-overs, as indicated by the distance elasticity

parameters τ1, τ2, and τ3, is very large. With an elasticity of about −0.4, input-output flows are

such that doubling the distance leads only to a 25% decrease in their spatial effect. This is a

brand new result that suggest some kind of strong non-linearity in the underlying spatial process.

Very close interactions turns out to be crucial. However, when considering what is beyond the

limit of local markets then distance does not matter so much.

One possible explanation for this result not being found previously is that I am considering here

a very large data-set covering all manufacturing activities and with a very detailed geographical

level. In fact, as I will show later on, when considering a smaller number of counties/industies

then spatial effects are not significant anymore.13 Furthermore, another element contributing to

my positive result is that my estimation strategy addresses the kind of multicollinearity issues

among spatially lagged variables, that are present in Rosenthal and Strange (2003), and that

limit the observable extent of spatial interaction .14

This picture is further confirmed by estimations in columns (3) and (4), where both spatial

and local variables are put together. While maximum likelihood is still used in column (3), I tried

13Henderson (2003) find a little scope for spatial spill-overs. However, he considers only 9 three-digit SIC
industries and within a subset of 742 of the 3111 US continental counties.

14As mentioned earlier, Rosenthal and Strange (2003) measure proximity effect by introducing many spatial
variables; each corresponding to a given distance band. The problem with such an approach is that these variables
usually turn out to be very correlated among themselves so biasing the inference.
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to address the problem of high level of censoring in the data in column (4) by using non-zero data

only. In particular estimations in column (4) have been obtained with non-linear least squares

using observations corresponding to positive values of local industry employment (Specc,i 6= 0).

As one can see, there is no dramatic difference in the two set of estimations, with ML performing

better in terms of efficiency. Moreover, estimates of column (3) are quite close to those of columns

(1) and (2). As suggested by the partial correlation matrix in Table 3, this is due to the fact that

there is no major problem of collinearity among local and spatial variables.

Concerning parameters’ signs, all estimations in Table 2 indicate that both demand for in-

termediate use and input needs are positive with a local (spatial) elasticity varying from 0.10

to 0.30 (0.04 to 0.20) depending on the specification. Input-output linkages thus seem to be

an important element in the location of manufacturing activities. In particular, local flows are

those that play a crucial role, suggesting that face-to-face interaction are extremely important

not only for service-like activities but also for industrial relationships. By contrast the effect of

final demand is, as suggested in a related work by Gaigné, Huiban and Schmitt (2003), always

negative indicating that proximity to large consumers’ markets (urban areas) is harmful for man-

ufacturing activities. This finding is in line with the the picture I drew from Holmes and Stevens’s

model, where manufacturing activities are pushed aside from the center by sectors characterized

by higher transportation costs. Althoug all activities would like to be in the center, only those

which can afford to pay higher wages and rents can locate close to final demand. On the other

hand, the heterogeneity in input-output relations is sufficiently strong for each industry to find

an own “ideal place” where it can benefit from the proximity to some strategic sectors.

As for differences in the spatial scope of the 3 variables considered (W IntD, W IntS, and

W ConsD), there does not seem to be any clear pattern in the data. The 3 corresponding

elasticities (τ1, τ2, and τ3) are in fact very close to each other in all cases but column (2). This is

consistent with the flows of input-output goods having the same distance cost function that final
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goods. Indeed, in their analysis of US local trade flows, Hillberry and Hummels (2002) find that

the elasticity of trade with respect to distance does not change dramatically if one considers both

final and intermediate goods as opposed to final goods only.

Last but not least remains the parameter corresponding to wages. However, before giving any

comment, it is better to make here a small digression. At first glance one may simply associate

wages to a cost variable and claim that their effect on local specialization should be negative. This

is actually the interpretation given by Gaigné, Huiban and Schmitt (2003). Indeed, in partial

equilibrium (i.e., for a given level of local wages), plants have an advantage to locate where labor

costs are low. Nevertheless, considering both labor mobility and the fact that profitability has

(in general equilibrium) a positive impact on factor prices then one may expect to find a positive

relation between local wages and concentration. As plants enjoy the benefits of forming industrial

clusters, they raise local labor demand and so wages. Furthermore, as long as labor mobility

entails some frictions, then higher wages should also be offered in order to attract newcomers.

What I find in my base estimations is a negative relation between wages and specialization.

This suggest that manufacturing as a whole is being drawn to locations with a low labor cost.

This picture is indeed coherent with Holmes and Stevens’s model where competition for labor and

trade costs push manufacturing towards low-wages locations. Nevertheless, this aggregate result

may well hide very different sectoral patterns. I will deal with this issue in the next Subsection.

5.2 Robustness Checks

Table 4 contains the results of several robustness checks. The first objection that may be raised

on my base results is that they do not take into account sectoral heterogeneity. For example,

the positive sign of input-output variables may just be due to the fact that, those sectors that

are characterized by an high spatial concentration, actually locate where there is a good access

to intermediate goods, while other industries simply do not care about this. In order to account
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for this issue I have re-estimated equation 7 in columns (1) of Table 4 by ML while adding

sectoral dummies. As one can see, the general picture I have drawn in the previous Subsection

is re-enforced in this specification. Input-Output linkages boost sectoral specialization, while

proximity to final demand has a negative impact. Local variables are crucial but, despite their

weakness, spatial effects have a large geographical scope.

The only thing that changes by controlling for sectoral heterogeneity is the contribution of

wages that becomes positive. This pattern is actually very clear as confirmed by the other robust-

ness regressions in columns (2) to (4). The way I interpret this result is that industries which are

more spatially concentrated are actually those which locate the furthest from cities, where wages

are low, thus inducing the negative sign of the variable wages in Table 2. However, once con-

trolled for the different concentration trends, then sectoral wages express the value added created

by plants’ clustering that turns into a positive relation between local wages and specialization.

Anyway, it is import to stress that, although I can tell an interesting story about wages, they do

not represent a crucial aspect of my analysis for many reasons. The truth is that I introduced

them mainly as a control variable. Nevertheless, by neglecting wages qualitative results are vir-

tually unchanged in all specifications I implemented. Furthermore, as I have been forced to use

State-level wages, estimates concerning this variables should be taken with some caution.

In column (2) I explore a further important issue: missing variables. Clearly, there are other

forces that drive the pattern of industrial specialization than agglomeration externalities stemming

from input-output flows or final demand. As suggested by Ellison and Glaeser (1999), the most

important alternative elements one can think of are factor endowments (nice weather, minerals,

water, etc.), and local amenities (ports, road hubs, etc.). As for factor endowments, the fact that

I included both agriculture and extraction activities in the computation of input-output flows

for manufacturing should partially address the problem. As a further control, I consider 3 new
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variables. The first one is Crops = ln
(
1 + Crops Surface

Area

)
, that gives the (log) of one plus the ratio

between the the crops surface and the total area of each county. The second one is Water, and is

constructed in the same way as the other considering the water surface of each county. Finally,

the last one is Sunshine and gives the average percentage of possible sunshine days. Concerning

local amenities, they should already be well captured by State-level dummies. However, I also

consider a new dummy Coast/Lake Border that indicates wether a county borders on the sea

coast or a great lake. As clear from column (2), the introduction of these new controls does not

alter results in any significant way, with only Water and Coast/Lake Border turning out to be

significant. However, I do not consider this latter result as evidence against the importance of

factor endowments and local amenities. It is in fact more likely that, as suggested before, these

forces are already controlled for by input-output flows and State dummies.

The issue of endogeneity is addressed in columns (3) and (4). The first source of endogeneity

comes from the simultaneous nature of the location choice. Agglomeration economies enhance

plant productivity and profitability, but successful entrepreneurs also seek out productive lo-

cations. If overachieving entrepreneurs were disproportionately found in specialized areas, this

would cause one to overestimate the relationship between agglomeration economies and local spe-

cialization. This issue have been extensively analyzed in Henderson (2003). After experimenting

with both 2SLS and GMM, Henderson concludes that controlling for endogeneity through the use

of fixed effects is superior. Specifically, drawing on the panel structure of his data, he estimates

his local productivity equation including MSA-time specific fixed effects in addition to plant fixed

effects. By adding the MSA-time fixed effects the hope is that this will capture the influence of

unobserved attributes that might have drawn a given entrepreneur to the area and that might

otherwise be correlated with the error term in the estimating equation. Following this idea, I

have re-estimated equation 7 using counties belonging to MSA only, while including a complete
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set of MSA dummies. The result is that both local and spatial variables have a lower magnitude

as expected. Nevertheless, the qualitative features of the results are virtually the same.

Another source of endogeneity comes from the contemporaneous presence on the right hand

side of equation 7 of a measure of local concentration of sector s. Roughly 22% of the input-

output flows contained in IntDc,i and IntSc,i have in fact sector c as both origin and destination.

As a solution to this problem, in column (4) of Table 4 I present estimations obtained excluding

intra-sectoral flows in the computation of both IntDc,i and IntSc,i. As the reader may note, this

does not change the sign and significance of both local and spatial demand variables, but reduces

their magnitude of about 50%. Moreover, the pseudo R2 of the model is also consistently lowered.

This suggest that intra-sectoral flows are a key element in the location of an industry and that

failing to control for them can overstate the impact of agglomeration externalities.

5.3 Further Results

In Table 5 I basically deal with two further questions. The first one, that is accounted for by

estimations in column (1), is wether industries where final demand is a crucial component of total

sales exhibit a different behavior with respect to consumers’ proximity. Although this question

was partially addressed by our treatment of sectoral heterogeneity, the final answer still remains

open. In order to draw more precise conclusions, I have thus re-estimated the model by using the

sub-sample of the 10 industries with the highest ratio between consumers’ demand and industry

output.15 As the reader may note, although estimates suggest a more important role for demand

variables (IntDc,i and ConsDc,i), proximity to consumers still has a negative impact. Moreover,

it is interesting to note that when focusing on a sub-sample of industries, like in Henderson

(2003) or Rosenthal and Strange (2003), then spatial effects are no longer significant (due to the

15Note that the sampling does not apply to the construction of any variables. In other words, all sectors are still
used in order to build both specialization and input-output variables, but only a fraction of the observations (those
referring to the 10 industries chosen) are used in the estimation.

26



smaller power of the tests), even when one is using a very detailed spatial disaggregation (like US

counties here) and is controlling for censoring. This rather weak effect somehow justifies the fact

that previous studies failed to identify the large scope of agglomeration externalities that I find

here by using a very big data-set.

The last issue I want to address is the relation between plants’ size and agglomeration forces.

Columns (2) and (3) shows estimates that refers respectively to the sample of small and big

plants. In particular, using the information on the location of plants with at most (more than)

100 employees, I have re-computed the specialization index Specc,i while using the information

on all plants in the construction of right-hand side variables. There are basically 2 insights that

one may draw from the comparison of columns (2) and (3). The first one is that input-output

flows (especially at very local level) seem to play a much more important role in the location

process of big plants. The second is that small plants can, as suggested by the magnitude of

ConsDc,i, be found more easily closer to big consumers’ markets than big ones. These two results

are suggestive of a picture where big manufacturing plants locates far from metropolitan areas

in locations where they can maximize their access to strategic inputs, while shipping their goods

everywhere. By contrast, local consumers’ demand is much more important for small establish-

ments who chose their location not so far from big markets, competing with service activities

for both labor and rents. Lafourcade and Mion (2003) actually provide some evidence of this

kind of pattern for Italian manufacturing data. In particular, they found that big establishments

are more influenced by localized externalities, with spatial effects coming essentially from input-

output connections. By contrast, small plants are much more widespread and they seem to match

the spatial distribution of final demand.
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6 Conclusions

In this paper I explore the role of the demand for intermediates and final goods in the location of

US manufacturing sectors. In particular, using data on labor, input-output needs, distances, and

wages I regress a measure of industrial concentration at the county level on the major determinants

of location in the so-called new economic geography literature: access to input-output flows, access

to consumers’ demand, and local wages. Particular attention has been devoted to measure the

degree of spatial interaction by means of spatially weighted variables that have been estimated

with a specific distance decay parameter coming from a polynomial function.

The reference theoretical framework for interpreting data is Holmes and Stevens (2004b)

model that I briefly introduce in the paper. The nicest feature of this framework is that it

helps achieve a better understanding of the location of heterogeneous sectors. In particular,

it suggests that, despite manufacturing being attracted by centrality, it will locate in peripheral

areas because of the higher wages and rents, while service-like activities, for which transport costs

are more important, are willing to pay to stay in the core. Moreover, the model also predicts

a very different spatial pattern for agglomeration externalities depending on the variable under

consideration. In particular, wages analysis should display a large geographical scope, while

looking at local specialization should suggest a much smaller spatial gradient.

Results suggest that all variables are extremely relevant at a very localized level. Both input-

output demand and supply in a county positively affect the concentration of a an industry in

that location. By contrast, consumers’ demand has a negative effect and this result is coherent

with the model of Holmes and Stevens (2004b), as well as with the findings of Gaigné, Huiban

and Schmitt (2003). As for distance effects, demand and supply coming from other location

have a very weak but significant effect, with an elasticity of around 0.5. The relatively stronger

importance of local variables is in line with the findings of Rosenthal and Strange (2003), while the
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surprisingly slowly declining distance effect is a brand new result. This result suggests some kind

of strong non-linearity in the underlying spatial process. The breakdown of the agglomeration

analysis by establishments size is also a novelty of the paper. In particular, data suggests that

input-output flows (especially at very local level) play a much more important role in the location

process of big plants, while small ones can be found more easily close to big consumers’ markets.

There are several directions for further research. A first interesting step would be to extend

the analysis to services. This exercise would both contribute to a better understanding of local

specialization and will allow one to test for the a priori positive relation between location of

service activities and consumers’ demand. However, the great heterogeneity of sectoral data

on services, as well as the problem of how well are input-output linkages measured for these

activities, would represent the major challenges for such a research. Another topic I do not deal

with in my analysis because of a confidential data problems is the spatial distribution of wages

at low geographical level and their link with input-output linkages. This issue has partially been

addressed by Amiti and Cameron (2004), but further evidence is needed. In particular, Holmes

and Stevens’ model has quite clear implications about the relative magnitude of agglomeration

externalities as measured by specialization and wages. Both analyses lead to misleading results

about the “true” scope of such externalities, and the challenge is to find a way to identify what

Holmes and Stevens (2004b) define as the bid-wage function of an industry.
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Table 1: Industry used in the analysis.

Industry Code Commodity

1110 Crop products
1120 Animal products
1130 Forestry and logging products
1140 Fish and other nonfarm animals
1150 Agriculture and forestry support services
2110 Oil and gas
2121 Coal
2122 Metal ores
2123 Nonmetallic minerals
2130 Mining support services
2211 Electric power
2212 Natural gas distribution
2213 Water and sewage treatment
2300 Construction
3110 Food products
3121 Beverage products
3122 Tobacco products
3130 Yarn, fabrics, and other textile mill products
3140 Non-apparel textile products
3150 Apparel
3160 Leather and allied products
3210 Wood products
3221 Pulp, paper, and paperboard
3222 Converted paper products
3230 Printed products
3240 Petroleum and coal products
3251 Basic chemicals
3252 Resins, rubber, and artificial fibers
3253 Agricultural chemicals
3254 Pharmaceuticals and medicines
3255 Paints, coatings, and adhesives
3256 Soaps, cleaning compounds, and toiletries
3259 Other chemical products
3260 Plastics and rubber products
3270 Nonmetallic mineral products
331A Primary ferrous metal products
331B Primary nonferrous metal products
3315 Foundry products
3321 Forgings and stampings
3322 Cutlery and handtools
3323 Architectural and structural metal products
3324 Boilers, tanks, and shipping containers
3325 Ordnance and other fabricated metal products
3331 Agriculture, construction, and mining machinery
3332 Industrial machinery
3333 Commercial and service industry machinery
3334 HVAC and commercial refrigeration equipment
3335 Metalworking machinery
3336 Turbine and power transmission equipment
3339 Other general purpose machinery

Continues next page
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Industry Code Commodity

3341 Computer and peripheral equipment
334A Audio, video, and communications equipment
3344 Semiconductors and electronic components
3345 Electronic instruments
3346 Magnetic media products
3351 Electric lighting equipment
3352 Household appliances
3353 Electrical equipment
3359 Other electrical equipment and components
3361 Motor vehicles
336A Motor vehicle bodies, trailers, and parts
3364 Aerospace products and parts
336B Other transportation equipment
3370 Furniture and related products
3391 Medical equipment and supplies
3399 Other miscellaneous manufactured products

Table 2: Basic Regressions

Local Only Spatial Only Loc. and Spat. Non-zero only
(1) (2) (3) (4)

IntD 0.1581* 0.2747* 0.1279*
(0.0023) (0.0032) (0.0035)

IntS 0.2305* 0.1921* 0.1029*
(0.0027) (0.0030) (0.0033)

ConsD -0.0194* -0.1282* -0.2544*
(0.0015) (0.0029) (0.0026)

wage -0.8127* -0.4010* -0.8134* 0.0152
(0.0132) (0.0142) (0.0134) (0.0129)

W IntD 0.0696* 0.1618* 0.0628*
(0.0030) (0.0040) (0.0037)

W IntS 0.2048* 0.0361* -0.0528*
(0.0061) (0.0059) (0.0057)

W ConsD -0.0199* -0.1282* -0.2568*
(0.0015) (0.0036) (0.0035)

τ1 0.4156* 0.5734* 0.5321*
(0.0376) (0.0264) (0.0813)

τ2 0.4085* 0.5241* 0.5050*
(0.0313) (0.0219) (0.0983)

τ3 1.0166** 0.4111* 0.4423*
(0.5063) (0.0122) (0.0712)

Estimation Method ML ML ML NLLS
Dummies No No State State
(Pseudo) R2 0.2045 0.0197 0.2256 0.2024
Log Likelihood -101,267 -124,800 -99,851
Prob. LR (F) Test 0.0000 0.0000 0.0000 0.0000
Number of industries 49 49 49 49
Number of counties 3111 3111 3111 3111
Number of (non-missing) obs. 138,419 138,419 138,419 48,195
Number of censored obs. 90,224 90,224 90,224 0

Note: Standard errors in brackets. *, ** denote significance at respectively the 1% and 5% levels.
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Table 3: Partial Correlation Matrix
IntD IntS ConsD wage W IntD W IntS W ConsD

IntD 1 0.5574 0.3195 0.0163 0.6334 -0.3150 -0.2750
IntS 0.5574 1 0.2913 0.0220 -0.4781 0.5146 -0.2417
ConsD 0.3195 0.2913 1 0.0452 -0.2309 -0.2517 0.6540
wage 0.0163 0.0220 0.0452 1 -0.1882 0.1739 -0.1493
W IntD 0.6334 -0.4781 -0.2309 -0.1882 1 0.5722 0.0521
W IntS -0.3150 0.5146 -0.2517 0.1739 0.5722 1 0.4234
W ConsD -0.2750 -0.2417 0.6540 -0.1493 0.0521 0.4234 1

Table 4: Robustness Regressions

Sectoral Heterog. Natural Resources MSA counties No int. linkages
(1) (2) (3) (4)

IntD 0.3275* 0.3357* 0.2374* 0.1061*
(0.0035) (0.0032) (0.0044) (0.0036)

IntS 0.2025* 0.2017* 0.1410* 0.1392*
(0.0031) (0.0026) (0.0041) (0.0032)

ConsD -0.2226* -0.1861* -0.0830* -0.0686*
(0.0034) (0.0028) (0.0029) (0.0036)

wage 0.2245* 0.2417* 0.2200* 0.3244*
(0.0231) (0.0229) (0.0227) (0.0333)

W IntD 0.1916* 0.1867* 0.1764* 0.0863*
(0.0214) (0.0239) (0.0326) (0.0298)

W IntS 0.2205* 0.1518* -0.1027** 0.0534*
(0.0452) (0.0456) (0.0419) (0.0201)

W ConsD -0.1024* -0.1017* -0.0561** -0.0315*
(0.0230) (0.0228) (0.0244) (0.0147)

τ1 0.5512* 0.5614* 0.5676* 0.5314*
(0.0278) (0.0223) (0.0486) (0.0364)

τ2 0.5547* 0.5837* 0.4912* 0.5671*
(0.0286) (0.0297) (0.0713) (0.0389)

τ3 0.5918* 0.5138* 0.4231* 0.5511*
(0.0313) (0.0311) (0.0563) (0.0401)

Crops 0.0014
(0.0026)

Water 0.0064**
(0.0030)

Sunshine -0.0126
(0.0855)

Coast/Lake Border 0.0231*
(0.0087)

Estimation Method ML ML ML ML
Dummies State, Sector State, Sector MSA, Sector State, Sector
Pseudo R2 0.2670 0.2881 0.2309 0.1583
Log Likelihood 93,313 -91,665 -31,505 -108,421
Prob. LR Test 0.0000 0.0000 0.0000 0.0000
Number of industries 49 49 49 49
Number of counties 3111 3111 820 3111
Number of (non-missing) obs. 138,419 138,419 38,092 138,419
Number of censored obs. 90,224 90,224 14,909 90,224

Note: Standard errors in brackets. *, ** denote significance at respectively the 1% and 5% levels.
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Table 5: Further Regressions

Final Demand Sectors Small Plants location Big Plants Location
(1) (2) (3)

IntD 0.4947* 0.2883* 0.9550*
(0.0067) (0.0039) (0.0135)

IntS 0.0597* 0.1588* 0.6312*
(0.0063) (0.0035) (0.0117)

ConsD -0.1394* -0.0698* -0.4588*
(0.0047) (0.0034) (0.0083)

wage 0.0819** 0.0953* 0.3601*
(0.0328) (0.0226) (0.0699)

W IntD -0.0150 0.1506* 0.6075*
(0.0741) (0.0168) (0.1049)

W IntS 0.1101 0.1224* 0.6173*
(0.0793) (0.0430) (0.1324)

W ConsD -0.0420 -0.0480 -0.1552*
(0.0620) (0.0255) (0.0371)

τ1 0.4944** 0.5816* 0.4167*
(0.2432) (0.0386) (0.0464)

τ2 0.5618 0.4446* 0.4117*
(0.3441) (0.0334) (0.0481)

τ3 0.5447 0.4847* 0.5926*
(0.3511) (0.0368) (0.0361)

Estimation Method ML ML ML
Dummies State, Sector State, Sector State, Sector
Pseudo R2 0.3405 0.2366 0.3348
Log Likelihood -16,584 -96,357 -46,306
Prob. LR Test 0.0000 0.0000 0.0000
Number of industries 10 49 49
Number of counties 3111 3111 3111
Number of (non-missing) obs. 27,046 138,419 138,419
Number of censored obs. 17,168 93,882 123,327

Note: Standard errors in brackets. *, ** denote significance at respectively the 1% and 5% levels.

Table 6: Summary Statistics

Mean St. Dev. Min Max
Spec 0.2439 0.5797 0 6.0372
IntD 6.1955 2.8770 0 15.7792
IntS 6.4363 2.6086 0 16.4795
ConsD 5.1743 2.6649 0 15.2917
wage 6.6135 0.3019 5.5219 8.1345
Area 965.4524 1,313.6433 1.7314 20,174.7230
Crop Surface 230.2999 236.1674 0 2,068.691
Water Area 51.7273 207.7853 0 5,424.9820
% Sunshine days 54.7834 12.1476 19 78

Note: Variables Area, Crop Surface, Water Area and Sunshine
refers to original data and are neither ratios nor loga-
rithms. In particular Area, Crop Surface, and Water Area
are expressed in square miles.

35


	Introduction
	Insights from Theory
	Some Stylized Facts
	The Model

	Data Construction and Sources
	Econometric Specification
	Estimations
	First Results
	Robustness Checks
	Further Results

	Conclusions

