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An Application of Spatial Poisson Models
to Manufacturing Investment Location

Analysis

Dayton M. Lambert, Kevin T. McNamara, and

Megan 1. Garrett

The influence product markets, agglomeration, labor, infrastructure, and government fiscal
attributes had on manufacturing investment flows in Indiana between 2000 and 2004 were
estimated using Poisson regression, geographically weighted regression, and a spatial gen-
eral linear model. Counties with access to urbanization economies, product markets, avail-
able labor, a high-quality workforce, and transport infrastructure were more likely to attract
manufacturing investment. These effects were magnified to some extent when inter-county
spatial effects were modeled. The distributional assumptions of the spatial models are
different, but both methods are useful for understanding the spatial context of the factors

influencing manufacturing investment flows.

Key Words: geographically weighted regression, location determinants, location theory,
manufacturing site selection, Poisson spatial generalized linear model
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The Indiana economy had a net loss of more
than 100,000 manufacturing jobs between
2000 and 2004, or roughly 16% of the state’s
manufacturing employment (Bureau of Labor
Statistics). By early 2004, the U.S. economy
had shown signs of recovery, but employment
had not. The rate and distribution of em-
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ployment growth as the economy recovers is
a critical issue for state and local policy. Glob-
alization, however, has seen low-tech manu-
facturers seek low-wage workers from off-
shore sites, while other U.S. manufacturing
investment has sought locations that offer ac-
cess to skilled labor, business services, mar-
kets, and information technology.

Business restructuring and recession influ-
enced Indiana’s economy during the late
1990s and early 2000s. Although there is no
centralized source reporting plant openings
and closures, the Indiana Chamber of Com-
merce tracks manufacturer closure and invest-
ment activity through various sources, such as
newspaper accounts. The Chamber’s records
indicate that Indiana had 229 manufacturing
closures from January 2000 through March
2004. Closings occurred in 64 of Indiana’s 92
counties (70%). During the same period, the
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Chamber identified 199 new manufacturing
facilities that located throughout the state (Fig-
ure 1). These new investments were located in
63 of the state’s 92 counties (68%), primarily
in urban and suburban areas, and in counties
with access to major interstate highways.

Attracting manufacturing investment is of-
ten seen as a potential source of growth for
rural communities (McNamara, Kriesel, and
Rainey). A central question for policy is
whether Indiana’s traditionally strong rural
manufacturing environment will be able to re-
tain existing manufacturing and attract new in-
vestment to sustain the rural manufacturing
employment base.

Location theory is useful for understanding
which local factors increase the likelihood of
attracting firm manufacturing investment. This
information could be valuable to policy makers
planning to invest resources into local or re-
gional projects designed to attract manufactur-
ing investment. However, global models may
not fully capture local attributes or economic
spillover effects between neighborhoods of
counties. This is an empirical question that can
be tested using spatial econometrics. When spa-
tial relations are appropriately modeled, more
efficient and accurate estimates about which lo-
cal factors influence firm location choice may
be obtained.

Spatial Distribution of New Firm Locations in Indiana, 2000-2004 (Left), and

This analysis proceeds as follows. First, a
conceptual model of location theory is pre-
sented. Next, the data used in the analysis are
described, followed by a section outlining the
empirics and estimation procedures. Because
firm location announcements are count data, a
Poisson regression model is used to estimate
the marginal effects of location determinants
on firm site selection. Two spatial regression
methods relatively new to the spatial econom-
ic literature are described in the empirics sec-
tion. The first—geographically weighted re-
gression (GWR)—is a local regression
technique. This approach is applied to test the
structural stability of the explanatory variables
over space because data nonstationarities can
compromise global results. Another advantage
of this technique is that additional insight into
the relation between firm site selection and the
local factors explaining it may be gained by
correlating GWR marginal effects at the re-
gional (or state) level. Second, the global Pois-
son model is reestimated as a spatial general-
ized linear model (SGLM). This regression
technique applies concepts originally devel-
oped in geostatistics, biometrics, and the soil
sciences to model spatial correlation between
observations. The advantage of this approach
is that the magnitude and intensity of the in-
fluence of activities in a given location have
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on other locations can be empirically tested.
Conclusions and policy implications follow
discussion of the results.

Conceptual Model

Plant location choice is a two-stage process
(Woodward; Bartik 1989; Henderson and Mc-
Namara 1997). Firms evaluate potential sites
based on state, local, and site-specific attri-
butes (Henderson and McNamara 1997). In
the first stage, firms select a region for their
investment based on broad company objec-
tives, such as access to raw materials, entrance
into product markets, increasing market share,
and other criteria in the firms’ objective func-
tion. In the second stage of plant location
choice, firms seek a minimum cost site within
a selected region for their investment (Kriesel
and McNamara; Henderson and McNamara
1997; Henderson and McNamara 2000). This
second stage of the location decision is rep-
resented as € = O(A, S, L, I, F), where ¢ is
the site choice and A, S, L, I, and F are county
attributes representing agglomeration factors
(A), industry structure (S), labor (L), infra-
structure (1), and fiscal (F) characteristics that
influence firm cost structure. Q is a site loca-
tion function assumed to minimize firm costs.
The first and second stages of the site selection
process are assumed to be independent of each
other.

Agglomeration Economies (A)

Agglomeration is the accumulation of business
activity in and around a specific geographic
area. Some byproducts of agglomeration econ-
omies are information, own-industry, supply-
side, and demand-side spillover effects between
firms (McNamara, Lambert, and Garrett; Co-
hen and Paul). Other effects include reduced
transportation costs of inter-firm trade, in-
creased firm diversity, and product differenti-
ation (Henderson). Agglomeration factors are
hypothesized to have a positive influence on
the location of new manufacturing at the coun-
ty level. This is due to the agglomeration
economies associated with a firm’s locating in
a community where there is relatively more
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manufacturing activity. There are typically
two types of agglomeration economies: urban-
ization economies and localization economies.
Urbanization economies are associated with
size (i.e., population) or economic diversity
(Viladecans-Marsal). Localization economies
are associated with geographic specialization
in specific activities and economies of scale
arising from spatial concentration of activity
within industries (Strange; Rosenthal and
Strange).

Agglomeration economies represent the
cost savings that accrue to firms locating op-
erations in communities with relatively large
concentrations of other firms (Richardson;
Kriesel and McNamara; McNamara, Kriesel,
and Deaton; Henry and Drabenstott; Rainey
and McNamara). Businesses agglomerate to
access external services at lower costs, gain
access to a base of workers with specialized
skills, and reduce costs of infrastructure pro-
vision (Richardson; Henderson and McNa-
mara 1997). The concentration of activity in a
particular area is expected to lead to a larger
labor pool with skills needed by that industry
(Rainey and McNamara).

Recent studies have used location quotients
to measure agglomeration effects of localiza-
tion economies (Gabe). Location quotients are
a relative measure (e.g., a county’s endow-
ments of a particular attribute with respect to
the state), whereas the percent employed in
manufacturing is a measure of concentration
with respect to workforce employment pat-
terns (Smith and Florida). Location quotients
in general, and for the manufacturing sector
(MLQ) in particular, are commonly calculated
as MLQ, = (E}™RYERE wcd ET Erygion)-
where FE; is employment in county i. There-
fore, the MLQ is obtained by multiplying the
share of employment in a given sector and
county only by a constant. Without loss, ag-
glomeration effects on the firm site selection
decision due to localization economies were
measured using the percent employed by the
manufacturing sector (MEMPL). As used here,
the percent employed in manufacturing in a
given county measures the concentration of a
particular economic sector in that given coun-
ty, inter alia its competitive advantage with
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respect to workers employed by manufactur-
ing in other counties. Agglomeration due to
urbanization economies was measured using
the 2000 total population per county (POP).!

Industry Structure (S)

Plant investment decisions are influenced by
access to product markets because these mar-
kets are the source of final demand (Hender-
son and McNamara 1997). Market potential
captures effective demand relative to supply of
competing manufactured goods, and larger
markets can be served by taking advantage of
lower transportation costs. Firms choose to lo-
cate near product markets to reduce the cost
and time of transporting final products, there-
by enhancing competitiveness. Bartik (1989)
and Woodward found that access to markets
had a positive effect on manufacturing loca-
tion at the state level. Median household in-
come (in thousands of dollars, MEDINC) and
county population (POP) were used to mea-
sure the effect access to product markets has
on firm location choice.

Job losses (JOBLOSS) due to firm closures
between 2000 and 2004 were used to control
for local industry restructuring because they
represent plant closings. In contrast to unem-
ployment, a measure of persons without jobs
actively seeking employment, JOBLOSS re-
flects the number of people who had been
gainfully employed who are now seeking em-
ployment.

Labor Determinants (L)

Manufacturing productivity is dependent upon
labor availability. A deep labor pool requires
less recruiting and can provide a more diverse
work force. A diversified, well-educated work
force increases the likelihood of acquiring
workers with the necessary skill sets to fill po-
sitions at all levels of manufacturing produc-

! Alternatively, the total workforce employed in the
manufacturing sector could have been used to measure
agglomeration effects due to localization economies.
However, this measure is highly collinear with popu-
lation, which was used to measure product market and
agglomeration due to urbanization effects.
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tion. Plants in areas with small quantities of
labor face more turnover and recruitment
problems. It is hypothesized that a positive re-
lationship exists between plant location and
available labor.

Continued technological advances in the
manufacturing sector coupled with economic
globalization and rapidly evolving information
technologies cast doubt on the viability of a
low-wage manufacturing strategy for locations
lacking quality education. Some newly adopt-
ed manufacturing technologies and manage-
ment practices require more highly skilled
production workers and larger professional
and technical staffs. Low worker skill levels
in a given location may decrease manufacturer
competitiveness with respect to product qual-
ity and the ability to tailor production to in-
dividual customer needs. This “‘squeeze” sce-
nario causes a shift away from manufacturing
jobs in low-education rural areas (Wojan).

Labor quality also affects manufacturing
productivity (McNamara, Kriesel, and Dea-
ton). Higher quality workers are more produc-
tive, and increased productivity leads to higher
output at lower costs, thus increasing plant
profitability. It is hypothesized that in light of
the increased demand for labor skill sets, the
availability of high labor quality is expected
to have a positive influence on manufacturing
location.

Four variables were used to measure the
effects of labor availability, labor quality, in-
formation technologies, and labor cost on
manufacturing investment flows (Table 1). The
manufacturing wage per worker in 2000 was
used to capture the effect of labor costs on
location choice (MWAGE, in thousands). The
county-level unemployment rate in 2000 was
used to proxy the available labor pool
(UNEMP). The percent of individuals older
than age 25 years with a high school diploma
in each county was used to capture labor qual-
ity effects on manufacturing location (EDUC).
To measure the effects of information tech-
nology on plant location choice, the percent of
the labor force employed in the technology or
professional sectors (i.e., “high-skilled”” work-
ers) in a given county was used (EMP54).
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Infrastructure Determinants (I)

Counties of identical size may have different
levels of productivity from agglomeration
economies because of differences in the qual-
ity and size of their public infrastructure
(Eberts and McMillen). Infrastructure consists
of the physical components of an economy
that support the surrounding community and
business activities by creating access to re-
gional, national, and international markets. In-
frastructure includes transportation systems,
land availability, and educational institutions.
These attributes increase the attractiveness of
a site and, thus, increase the likelihood of a
firm’s locating operations in a given county.
Infrastructure has been commonly re-
searched in manufacturing location studies.
Smith, Deaton, and Kelch; Woodward; and
Rainey and McNamara looked at infrastruc-
ture effects at community and county levels,
all finding it to be a significant and positive
determinant. Bartik (1985, 1989); Glickman
and Woodward; and Coughlin, Terza, and Ar-
romdee found infrastructure effects on manu-
facturing location at the state level to be sig-
nificant and positive. The presence of an
interstate in a county (INTER) is used to mea-
sure infrastructure effects on firm location.

Fiscal Determinants (F)

Fiscal policy includes the tax policies and ex-
penditure patterns of counties and states. Fis-
cal policy influences plant location by provid-
ing public service benefits and levying taxes
to finance these benefits (Henderson and Mec-
Namara 1997). Higher state spending is a ben-
efit, but manufacturers refrain from locating in
states with high corporate taxes (Goetz). Fiscal
policy expenditures directed to educational fa-
cilities, worker training, school systems, pub-
lic services, and infrastructure developments
can lower the costs of production and increase
the prospect of plant profitability (Bartik 1989;
Kriesel and McNamara; Smith, Deaton, and
Kelch; Henderson and McNamara 1997). Bar-
tik (1985, 1989) measured fiscal policy effects
at the state level and found them to be nega-
tive and significant, while Kriesel and Mc-
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Namara and Rainey and McNamara found fis-
cal policy factors at the county level to be
significant and negative. The county-level net
tax rate is used to capture fiscal effects (TAX-
RATE) (Table 1). The net tax rate is defined
as the product of the gross county tax rate by
I minus a state property tax replacement fac-
tor. The replacement factor determines how
much the tax bill is lowered by fund transfers
from the State of Indiana.? It is expected that
this variable will have a negative effect on
firm location choice.

Data Used in the Analysis

Indiana manufacturing plant announcement
data were used to measure industry investment
flow. County-level data for plant location an-
nouncements between 2000 and 2004 were
obtained from the Indiana Chamber of Com-
merce (Table 1). During that time, there were
199 plant location announcements in 68% of
the 92 counties. Explanatory variables were
obtained from the Bureau of Labor Statistics,
ESRI, the Census Bureau 2000 report, and the
Indiana Legislative Services Agency (Table
1). The median number of jobs lost from 2000
to 2004 across all counties was 73, with a
mean of 642 (1,433, standard deviation). The
most jobs were lost (8,115) in Howard County
(metropolitan area, Kokomo), a major auto-
mobile manufacturing location. The mean and
median percent employed in manufacturing
was 21. Noble County had the highest percent
of the workforce employed in manufacturing
(46%), while the percent employed in manu-
facturing was lowest in Ohio County (1%).
Eighty-one percent of persons older than the
age of 25 years had high school diplomas. The
average manufacturing wage was $34,600
year™!' ($11,400), with the highest wage earn-
ings observed in rural Vermillion County,
home to a pharmaceutical manufacturing fa-
cility (874,000 year™!). The lowest manufac-
turing wage rate ($3,200 year~') was observed
in Ohio County, where manufacturing em-
ployment is predominantly part time. Net

2For more details, see http://www.stats.indiana.
edu/taxes_topic_page.html.
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county tax rates were highest in Lagrange
County (17%), while the average net tax rate
was 8% (2%).

Empirical Model and Estimation

A linear model was specified to estimate the
impact of product markets, agglomeration, la-
bor determinants, infrastructure, and fiscal at-
tributes on the establishment of new manufac-
turing firms in a county®:

(1) NEWOO4,
= @, + B,JOBLOSS, + B,POP,
+ BsMEMPL, + B,MEDINC, + BsINTER,
+ B UNEMP, + B,EDUC, + ByMWAGE,
+ BoEMP54, + B TAXRATE, + u,

where NEW0004 is the number of new man-
ufacturing plant location announcements in
county i between 2000 and 2004, and u is a
disturbance term. The coefficients of Equation
(1) were first estimated using ordinary least
squares (OLS), then by a Poisson regression.
The Poisson model is theoretically more ap-
pealing than OLS for two reasons. First, firm
location decisions are discrete positive events
(ie., 0, 1, 2, ...). Therefore, the usual distri-
butional assumptions associated with OLS are
not valid. Second, Guimarées, Figueiredo, and

3 The manufacturing sector is composed of many
subsectors that are heterogeneous in terms of, for ex-
ample, labor skill requirements, technologies, and
transportation costs. But which subsectors the plants in
this data set belong to cannot be determined. This pos-
es potential model specification problems. For exam-
ple, the effect of some of the explanatory variables
used in the model might depend on the subsector in
which the plant belongs (i.e., if the plant demands
“high-skilled> or “low-skilled”” workers). Given data
fimitations, this heterogeneity is difficult to completely
model. However, we do include the percent of the
workforce employed in the information technology
sector (EMP54) in an aitempt to control for differences
in skill levels, as well as infrastructural determinants
(i.e., interstate highways) to measure demand for lower
transport costs. We also test whether job loss, the per-
cent employed in manufacturing, manufacturing wage,
and upemployment were exogenous. Although evi-
dence that these variables are exogenous will not fix
the problems with identification or omitted variables,
it provides some modicum of confidence that the co-
efficients are consistent.
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Woodward provide the theoretical underpin-
nings of how the Poisson specification of in-
dustrial site selection is linked to firm profit
maximization and optimal strategies for site
selection in particular and random utility mod-
els in general. Therefore, OLS is applied only
as a reference. White’s heteroskedastic-robust
standard errors were used to test parameter
significance of the OLS estimates, and vari-
ance inflation factors (VIE SAS 2000) were
estimated to assess multicollinearity. In the
case of overdispersion in the Poisson model,
the covariance matrix was scaled by the sum
of squares of the Pearson’s x?2 residuals divid-
ed by the model degrees of freedom (Woold-
ridge, p. 549).

Geographically Weighted Regression

Location determinants are conditional upon
geography because the firm site selection pro-
cess occurs in a spatial context. There are nu-
merous spatial econometric methods available
for testing the significance of these linkages
across space (Anselin, Florax, and Rey). A rel-
atively new approach is GWR (Brundson,
Fotheringham, and Charlton; Fotheringham,
Brunson, and Charlton; LeSage 2004). GWR
has been used to model real estate values in
Ireland (Fotheringham, Brunson, and Charl-
ton), convergence of agricultural productivity
in Western Europe (Bivand and Brunstad), net
primary productivity of forest ecosystems
(Wang, Ni, and Tenhunen), election outcomes
(LeSage 1999), and regional industrialization
patterns in China (Huang and Leung). The
purpose of GWR is to identify nonstationarity
of regression coefficients across space. When
Equation (1) is considered as a global model,
it is assumed that the marginal effects apply
universally across the region of interest. This
may not be the case with spatial data. In some
circumstances it may be reasonable to assume
that the marginal effect of an explanatory var-
iable is conditional upon localized, unob-
served factors, such as local knowledge or
policy, customs, and social networks. For ex-
ample, the impact of education on firm site
selection may be stronger in regions where un-
employment is high in metropolitan areas, but
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this relation may not hold in more rural loca-
tions.

Put another way, the measurement of an
explanatory variable depends to some extent
on where and when that measurement is taken.
Measurement error may be attributed to sam-
pling error or social contextual effects where
persons respond differently to the same stimuli
(for example, advertisements or news). Spatial
nonstationarity in regression models may also
be caused by omission of important informa-
tion or model misspecification. These last two
cases are often the cause of spatial error au-
tocorrelation (Anselin). When effects are not
constant over space, global models may not
adequately explain local processes. In this
sense, GWR may be useful with respect to
identifying nonstationarity problems that
might compromise inference drawn from
global models. By testing how local parame-
ters covary over space, insight may be gained
as to which attributes might be the cause of
spatial nonstationarity. Second, correlations
between local GWR estimates across the re-
gion may be investigated, thereby adding an-
other dimension to understanding which com-
binations of local attributes influence county
competitiveness with respect to manufacturing
investment.

The GWR method uses distance weighting
functions to generate subsamples of spatially
related observations. In this study, 92 data
subsamples were generated for each county to
produce county-specific estimates. An expo-
nential decay function was used to assign
weights (w,) to each county (i = 1, ..., 92):
w; = exp(—|s|;/a), where « is a bandwidth (or
“range’’) parameter and |s|; is a BEuclidean dis-
tance vector between all other counties relative
to county i In the geostatistics literature, o
determines the distance over which an obser-
vation (county) influences other observations
over space (Cressie). In the GWR approach,
the bandwidth parameter is determined using
a nonparametric cross-validation procedure
(Brundson, Fotheringham, and Charlton). A
set of parameters is estimated for each county
with the calculated bandwidth using the linear
specification: y; = Bo(w) + 2k, By(wix, + u,
where y; is the number of plant location an-
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nouncements in county i during the study pe-
riod, x, ({ = 1, ..., k) are observations of
the kth explanatory variable, u; are disturbance
terms, and B(W (7)) is a vector of county-specific
parameters conditional upon the decay function.
The vector BW(@) = X'WOX)'X'W(@)y
solves for the &k X 1 estimates associated with
county i, and W(i) is a n X n diagonal matrix
of distance weights (w,) for county i with respect
to all other counties. The Matlab® code for es-
timating GWR models is well documented and
can be downloaded at www.spatial-econometrics.
com (LeSage 2005). Iteratively re-weighted
least squares (Maddala, p. 53) was used to se-
quentially estimate the 92 county-specific
GWR Poisson regressions. Leung, Mei, and
Zhang’s F-test was used to test parameter sta-
bility over the study area. Rejection of one (or
more) of the tests is sufficient evidence that
one (or more) of the global parameters is non-
stationary.

Spatial Generalized Linear Model

Counties compete for firm investment, and the
success (failure) of one (or a group) of coun-
ties may spill over and positively (negatively)
influence the competitiveness of another coun-
ty. To model these potential effects at the glob-
al level, Equation (1) was re-estimated using
a Poisson SGLM (Schabenberger and Pierce,
pp. 684-692). The Poisson SGLM model is
specified as Y = g7 '(xB + W(s)) + u, u ~
(0, X (), with Y the vector of the number of
new manufacturing plant location announce-
ments in Indiana during the time interval, ¥ a
covariance matrix, and g(-) a log link function,
with g7'(x3) = m. The expected value of W(s)
is 0, and Var[W(s,) — W(s; + s)]/12 = (s, 6).
The vector s includes the Cartesian (x, y) co-
ordinates for a given county, and vy is a se-
mivariogram function explaining the strength
of influence between observations across
space (Cressie). The 0 parameters regulate the
intensity and rate of spatial decay between
counties. An exponential decay function is
used to model the correlation between coun-
ties in the Poisson SGLM model: (s, ) =
0Ziuexp(—lisll/e), with 8 = [0Z,.u, ol. The
kernels for the GWR and the SGLM are the
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Table 2. Ordinary Least Squares (OLS), Poisson Maximum Likelihood, and Poisson Spatial

GLM Regression Estimates (T statistics in Parentheses)

Variable OLS Estimates® Poisson ML Estimates Spatial GLM Estimates
INT —8.43 (—1.66)*** =6.173 (—2.09)** —6.825 (—2.40)*
JOBLOSS® 0.0003 (1.30) 0.0001 (1.66)*** 0.0001 (1.23)
POP 0.012 (3.03)* 0.003 (3.13)* 0.003 (3.34)*
MEMPL® 2.687 (1.04) 1.688 (1.32) 2.030 (1.64)
INTER 1.618 (2.55)* 0.865 (3.27)* 0.841 (3.40)*
UNEM® 30.040 (2.31)* 17.30 (2.02)** 18.791 (2.21)**
EDUC 10.955 (1.80)*** 7.416 (2.12)%* 8.124 (2.44)%*
MWAGE"® ~0.039 (—1.74)*** —0.015 (—1.13) —0.015 (—1.23)
EMP54 —28.782 (—1.37) —11.005 (—0.77) —12.525 (—0.95)
TAXRATE —-11.177 (—=0.77) -5.256 (—0.57) —4.627 (—0.55)
MEDINC 0.006 (0.10) —0.001 (—0.06) —0.004 (—0.18)
02 gpatial 0.33 (44.00)*
o 0.23 (0.79)
Pearson’s x* re-

siduals 158.03 110.28
Adjusted R? 0.34
AICe 429
Source: Authors’ estimates. *, #%, ##* gignificant at the 1%, 5%, and 10% levels, respectively.

a T-tests based on White’s (1980) heteroskedastic robust standard errors.
b The test that JOBLOSS, MWAGE, MEMPL, and UNEM were exogenous could not be rejected at the 10% level (x*

= 0.71, 0.38, 0.22, and 2.70, respectively. X*qiqom = 2.71).

¢ Corrected Akaike’s information criterion.

same (i.e., exponential decay functions), but
the SGLM Kkernel has a second parameter. At
present, this second parameter cannot be esti-
mated for the GWR approach using the cross-
validation technique of Brundson, Fothering-
ham, and Charlton. The spatial covariance
parameter 03, and the influence range pa-
rameter o are interpreted as the magnitude of
inter-county influences and the range (or in-
tensity) these effects have across the geo-
graphic region, respectively (Dubin). The joint
hypothesis, 8 = 0, tests if spatial dependence
between counties is significant. The Poisson
SGLM model was estimated by quasi-maxi-
mum likelihood methods using a SAS® macro
provided by Schabenberger and Pierce.

Results and Discussion
Global OLS and Poisson Regression Results

The OLS-estimated model explained 34% of
the variation in the data. The VIF values
ranged between 1.34 and 2.20, suggesting that
multicollinearity was not a serious problem. In

general, the signs of the explanatory variables
were consistent with the firm location litera-
ture (Table 2) Population, labor quality, labor
availability, and infrastructure had a positive
impact on the number of location announce-
ments in a given county during the period.
Manufacturing wage had a negative impact on
the likelihood of a county’s attracting manu-
facturing investment. The effect of skilled pro-
fessionals on attracting manufacturing invest-
ment was not significant. The percent
employed in manufacturing and local business
restructuring effects were also not significant
factors with respect to attracting manufactur-
ing investment.

The global Poisson regression parameters*
were similar in sign and magnitude to the OLS
results (Table 2), but the importance of some

4 The possibility that the percent employed in man-
ufacturing, unemployment, manufacturing wage rates,
and job loss were endogenous was tested using the
method outlined by Wooldridge (p. 483). The null hy-
pothesis that these variables were exogenous could not
be rejected at the 10% level (Table 2).
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explanatory variables changed. The likelihood
ratio (LLR) test that all coefficients were zero
was rejected at the 1% level (LR = 30.65, df
= 11). A regression-based test for overdisper-
sion in the Poisson model (Greene, p. 884)
was rejected at the 5% level (s-test = 3.37).
Therefore, the Poisson covariance matrix was
rescaled using the sum of squares of the Pear-
son X2 residuals normalized by the model de-
grees of freedom (Wooldridge, p. 459).

The effect of total job loss between 2000
and 2004 significantly influenced firm site se-
lection at the 10% level in the global Poisson
regression, indicating that in counties where
workers were displaced by plant closures,
there were attractive locations for firms seek-
ing sites for new investment. Population also
significantly increased the likelihood of a
county’s attracting manufacturing investment
at the 5% level, indicating that counties with
access to urbanization economies and product
markets were more competitive.

Infrastructure is always a binding con-
straint with respect to firm location choice.
County access to the interstate system posi-
tively increased county competitiveness with
respect to aftracting manufacturing invest-
ment.

Manufacturing wage had a negative, but in-
significant impact on county competitiveness.
Twenty-five years ago, wage levels may have
been an important consideration with respect
to firm cost minimization. Today, however,
age levels may not be a binding constraint
with respect to site location. In today’s con-
text, labor productivity has increased with ad-
vances in technology. Firms seeking low-skill
labor may also be more inclined to look off-
shore.

Labor availability was also an important
determinant with respect to firm location
choice, indicating that a deep labor pool is a
binding constraint with respect to manufactur-
ing location decisions. Counties with higher
unemployment rates are more likely to attract
manufacturing investment.

Counties with a higher quality labor force
had an increased likelihood of attracting man-
ufacturing investment. Still, the percent of
skilled professionals was not significant, fail-
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ing to support the hypothesis that information
technology service access influences manufac-
turing investment flows. Given the heightened
importance of information technology in the
manufacturing sector, further investigation of
its influence on plant location seems warrant-
ed.

The parameter associated with county net
tax rates was negative but not significant. This
is not surprising because firms are likely to
negotiate abatements with counties.

Industry concentration in manufacturing
had no effects with respect to county compet-
itiveness and firm location decisions. Appar-
ently, other location determinants, such as ac-
cess to product markets and urbanization
economies, a deep, well-educated labor pool,
and access to interstate highways, were given
more weight in firms’ location decision crite-
rion during the study period.

Poisson GWR Results

The corrected Akaike’s Information Criterion
(Hurvich, Simonoff, and Tsai) for the Poisson
GWR specification (346) was lower than the
global specification (428). The sum of squares
of the Pearson x? residuals were 154 and 158
for the GWR and global Poisson models, re-
spectively. According to these measures, the
GWR produces a better fit than the nonspatial,
global Poisson model.

The optimal bandwidth for the GWR mod-
el was 4.47 (Figure 2). At this intensity, the
GWR bandwidth encompasses most counties
in Indiana. Counties within an 89-km radius
of one another were assigned connectivity
weights of 0.80. Therefore, for any given
county, attributes associated with its neighbor-
ing counties were given 80% more weight in
the estimation of the effects of firm location
determinants for that county’s competitiveness
in relation to surrounding counties. Converse-
ly, counties farther away had less of an influ-
ence on parameters explaining firm location in
that county. The squared Pearson correlation
coefficient for the GWR actual and predicted
values of firm location announcement was
0.35.

The structural stability of explanatory var-
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iables over space was tested using the GWR
distance weights. Leung, Mei, and Zhang’s F-
test for parameter stability indicated that al]
location determinants were stationary at the
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10% level, except for JOBLOSS (F = 284,
numerator df = 1, denominator df =75 p =
0.096). The spatial distribution of the marginal
effects of business restructuring on manufac-
turing location decisions is represented in Fig-
ure 3. The marginal effects of jobs lost due to
plant closings were lowest in the Northeastern
portion of the state. This region has a tradi-
tionally strong manufacturing base producing
plastics, automobiles, and recreational vehij-
cles. The marginal effects decrease moving
southwest. The southeastern portions of the
state below Interstate 74 and inside the Inter-
state 64-65-70 triangle include counties
where the manufacturing sector tends to be
smaller relative to other counties in Indiana.
Correlating the county-specific marginal
effects provides some insight into how the ef-
fect of location determinants covaries over
space (Table 3). For example, the localized ef-
fects of the agglomeration/product market var-

Local GWR estimates af JOBLOSS

0900122 - Doos e

0090128 - 0000128

L.000128 - 000018

Figure 3. GWR County-specific Marginal Effects of Business Restructuring on Firm Manu-

facturing Investment Flow
Source: Authors’ estimates.
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through these counties, providing easy access
to regional and national transportation infra-
structure. Hendricks and Marion counties are
part of the Indianapolis metropolitan area with
related agglomeration and product market at-
tributes. Allen County is home to several au-
tomotive and recreational vehicle manufactur-
ers. This county also has a large diversified,
nonmanufacturing sector.

Conclusions

About 27% of Indiana’s gross state product
comes from its manufacturing sector. After the
2000 recession, Indiana’s manufacturing sec-
tor was forced to readjust. Manufacturing
plants closed, jobs were lost, and the percent
unemployed in the workforce grew. Four years

of data regarding firm closures, start-up an-
nouncements, and county-level demographic
and infrastructure attributes were available to es-
timate which county-level attributes contribute
most to county competitiveness with respect
to attracting new manufacturing investment.
Spatial and nonspatial Poisson regressions
were use to estimate the effects of location
determinants. The most competitive counties
are more likely to rebound more quickly with
respect to new job creation and rejuvenated
local economies.

Manufacturers tend to select plant locations
in and around urban areas. Population, a mea-
sure of agglomeration due to urbanization
economies and product markets, labor quality
and availability, and transportation infrastruc-
ture are key location choice determinants.
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These findings have policy implications for ru-
ral counties hoping to attract manufacturing
investment. Counties with access to agglom-
eration economies, product markets, transpor-
tation networks, and a high-quality work force
may be well positioned to use manufacturing
recruitment as an economic development strat-
egy. Counties not endowed with these attri-
butes might consider alternative investment
strategies. The prospects of attracting manu-
facturing investment depend on factors that
may or may not be directly influenced by spe-
cific economic development strategies. Al-
though proximity to urbanized areas or the
presence of an interstate cannot be directly in-
fluenced, other factors can be adjusted. Com-
munity leaders might consider fostering envi-
ronments that ensure a high-quality workforce.
Policy makers might investigate public infra-
structure financing and its relation to manu-
facturing activity. Local investors might re-
consider plant investments in locations that
lack attributes associated with manufacturing
plant location.

Two relatively new spatial econometric ap-
proaches were used to model spatial depen-
dency between counties and the manufacturing
investment decisions of firms. Both methods
accommodate count data. The GWR supple-
ments global models by providing additional
insight into how the effects of location deter-
minants on manufacturing investment deci-
sions vary over a region. Marginal effects of
explanatory variables specific to a given coun-
ty can be compared at a regional level. The
GWR spatial analysis revealed patterns that
identified the variability of the marginal ef-
fects of location determinants. The GWR ap-
proach is also useful for identifying which ex-
planatory variables are spatially nonstationary.
The SGLM approach is useful for modeling
the influence of spatial effects at the global
level. This regression technique provides an
empirical mechanism whereby the magnitude
and intensity of spatial dependence between
counties can be tested. It is well known that
inference about parameters drawn from GWR
estimates is problematic because, by construc-
tion, the subsamples of observations drawn for
each county are clearly no longer independent
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of one another (LeSage 2004). With this ca-
veat in mind, the usefulness of the GWR ap-
proach is limited to exploratory diagnostics,
revealing interesting relationships across
space, and graphically portraying these rela-
tions. At present, the GWR approach supple-
ments, but does not replace, conventional
global regression models. On the other hand,
the properties of the SGLM are better known.
However, because the technique uses a quasi-
maximum likelihood approach to estimate
model parameters, the usual model selection
criterion are not available. Despite these short-
comings, both methods provide means by
which count data can be explained in a spatial
econometric framework and applied to loca-
tion studies.

[Received January 2005; Accepted October 2005.]
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