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Abstract

Whether environmental regulations alter capital flows remains a hotly debated issue. This
uses county-level data to examine the location decisions of domestic and foreign firms in a
empirical model and tests for asymmetries by firm origin in the degree to which capital
are influenced by environmental standards. We find that while domestic firms are influenc
environmental regulations, foreign firms are not. Since the benefits of foreign investment ar
documented—foreign plants typically provide more jobs and increase local wages by mor
domestic plants—this result suggests a double-dividend is available: foreign plants prov
economic stimulus and are not unduly influenced by environmental protections.
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1. Introduction

The real costs associated with environmental regulations have been the subject
widespread debate since the beginning of the environmental movement in the early
A well-documented component of these costs is the billions of dollars spent annua
manufacturing plants to comply with environmental regulations.1 Opponents of stricte
environmental standards contend that more stringent environmental regulations
additional economic costs by distorting the spatial pattern of economic developm
inducing some regions to be at a competitive disadvantage when vying for new plants a
jobs. Although this concern is not universally accepted, some recent studies suggest
regions with relatively stringent air pollution control attract fewer domestic plants
Jeppessen et al. [24] for a review). Similarly,a few recent analyses find moderate evide
that environmental regulations distort location patterns of foreign direct investment
inflows into the US (e.g., Keller and Levinson [25], Fredriksson et al. [13]), as well as
outflows from the US (Cole and Elliot [5]).

Despite these recent studies, to date no empirical analysis has been conduc
allows one to compare the sensitivity of domestic versus foreign plant location decisi
variation in local environmental stringency. Several regulatory features in the US rep
potential reasons why one could observe heterogeneous effects. First, new plants e
‘dirty’ counties must offset any increase in emissions by a reduction in emissions
another source within the same air basin. Since foreign plants might be expected t
fewer within-plant offset possibilities, their start-up costs are potentially much la
Second, US environmental standards and regulatory prescriptions differ substantial
those in foreign countries, forcing foreign plants to undertake substantial re-engin
of their production processes to incorporate the pollution abatement capital equipme
is mandated (e.g., Jaffe et al. [23], King and Shaver [26]). Second, regulatory ove
may favor domestic plants relative to foreign entrants as the result of internal po
pressure or lack of information. Vernon [39] suggests that because regulators, busi
leaders, and community leaders tend to have less information about foreign plants, t
encouraged to investigate, audit, and prosecute foreign-owned facilities more freq
King and Shaver [26] extend this argument to the environmental arena. They
that foreign-owned facilities will have more difficulty complying with environmen
regulations because of their lack of familiarity with local laws, technical requirements
business conditions. Furthermore, King and Shaver [26] argue that foreign-owned
will be held to a higher environmental regulatory standard for all the reasons outlin
Vernon [39].

On the other hand, given that foreign plants not only create additional jobs, bu
increase overall local wages by approximately 3–7 times that of domestic plants
Howenstine and Zeile [22], Figlio and Blonigen [11]), local policymakers may be m
sympathetic to new foreign capital. Finally, uncertainty regarding future stringency l
may inhibit aggressive foreign investment.2 Furthermore, foreign-owned firms may simp

1 In the 1993Pollution Abatement Costs and Expenditures Survey, the US Census Bureau reports that pollut
abatement expenditures amounted to almost $30 billion per year in the US alone.

2 This argument is in the spirit of the asymmetricinformation model of Gordon and Bovenberg [14].
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be at an informational disadvantage relative to domestic firms and, therefore, unwi
locate in areas with more stringent environmental regulation. Finally, as documen
Figueiredo et al. [12], firms locating away from their ‘home’ residence (in Portugal) te
congregate in major urban centers to offset informational disadvantages, suggesting
location choice of foreign-owned firms may be less sensitive to variation in environm
costs.3 The authors conclude [12, p. 358]:

Agglomeration, especially urbanization economies, can apparently help offse
information costs and other disadvantages associated with non-home inve
decisions. Localization economies influence both home and non-home investo
have more impact on non-home investors. . . Agglomeration compensates for the la
of local knowledge about production and market conditions, leading firms to clus
urban areas even as they expand geographically. This represents a case of inform
cascading, where firms flock into cities imitating prior location decisions to economi
on search costs.

These factors suggests that it is an open issue whether there is a ‘home field adv
for domestic manufacturing producers in the US. Recent empirical work has provided som
indication of that the factors outlined abovedo contribute to heterogeneous respon
by foreign and domestic plants’ to environmental regulations. For example, in
meta-analysis, Jeppessen et al. [24] report some evidence suggesting that foreign pla
investing in the US are more influenced by environmental regulations than their dom
counterparts. However, these results should be interpreted as merely sugges
the comparison is made across studies that include different empirical models, c
variables, time periods, and sampling populations. In order to determine whether f
plants are systematically influenced by environmental regulations, and simultan
obtain information on the magnitudes of these effects in comparison to domestic en
it is necessary to use a comprehensive data set that includes observations on both
and domestic plants.

To accomplish this goal, we use a unique county-level database for New York
(NYS) from 1980 to 1990 to integrate the domestic and foreign new plant loc
decision into a single empirical framework. Using both a semi-nonparametric differ
in-differences propensity score matching estimator and a standard fixed effects Poiss
framework, we are able to examine whether, and to what extent, local air quality regul
influence locational decisions among foreign- and domestic-owned plants without m
comparisons across data sets and estimation frameworks.

The empirical results fall into two categories. First, consonant with List et al.
location decisions of new domestic pollution intensive plants are adversely affected
stringent air pollution regulations. According to the parametric Poisson estimato
expected county-level flow of dirty domestic plants decreases by 44–61% when
air quality regulation becomes very stringent. However, the difference-in-differe

3 Similar evidence is also provided in Dean et al. [7], who find that FDI into China originating from OECD
or non-Chinese countries tends to locate in provinces withhigher pollution levies, and Crozet et al. [6], wh
document the importance of agglomeration externalities in the location choice of FDI within France.
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propensity score matching estimator, which removes potential time-varying, co
specific unobservables correlated with both the flow of new pollution intensive plant
local environmental standards, yields much larger estimates: stringently regulated count
forego 0.5 to 1.9 dirty domestic plants per annum, a loss of between 150 and 600%
average county.

Second, in all parametric Poisson specifications, and every difference-in-differ
propensity score matching specification except one, we fail to find a statistically sign
impact of local environmental stringency on the location of foreign-owned pollu
intensive plants. This finding is striking in three respects. First, it is contrary to
intuition that suggests that a ‘home field advantage’ may exist for domestic plants. Secon
since foreign plants not only provide more jobs, but also increase overall local wag
approximately 3–7 times that of domestic plants (e.g., Howenstine and Zeile [22],
and Blonigen [11]), these results suggest thata double-dividend is available to recruitin
foreign plants: they provide an economic stimulus and are relatively uninfluence
stricter environmental protections. Finally, to the extent that the results herein hold in
contexts and with other data sets, these findings suggest that empirical studies
to validate the ‘pollution haven hypothesis’ may be more likely to find support w
analyzing intra-national flows of domestic-owned capital, rather than international
of foreign-owned capital.

The remainder of the paper is organized asfollows. Section 2 contains an overview
US air quality regulations and describes the data. Section 3 presents the empirical m
Section 4 describes the results. Section 5 provides concluding remarks.

2. US air quality regulation and the data

2.1. US air quality regulation

Regulations limiting emissions of hazardous air pollutants in the US date back to th
mid-nineteenth century, as many municipalities issued smoke ordinances to comba
ambient concentration levels.The decentralized nature of air pollution control continued
until the early 1960s. Disappointed with theoutcomes associated with decentraliz
control of the environment, federal authorities began to take a much more activ
in environmental regulation with passage of the National Environmental Policy
and the first Clean Air Act Amendments (CAAA) in 1970. As environmental autho
was being shifted to the federal government, technological and political changes we
making industry more geographically mobile, potentially intensifying and promoting i
jurisdictional competition (Tannenwald [38]).Coupling these temporal changes in pla
mobility with the confusion of how the states should implementthe new regulations of th
CAAA of 1970, the federal government passed important provisioning rules via the
Clean Air Act Amendments.

The 1977 Clean Air Act Amendments stipulated that starting in 1978 every coun
the US was to be designated annually as being in-attainment or out-of-attainment (no
attainment) of national air quality standards for each of five criteria air pollutants—ca
monoxide, sulfur dioxide, total suspended particulates, ozone, and nitrogen oxide
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pollutants, such as particulate matters, have subsequently been added to the li
counties not in-attainment of federal standards, each state is required to submit perio
comprehensive plans that will bring the county into attainment status in the near
(commonly termed State Implementation Plans (SIP)). If standards are not met
time, states run the risk of construction bans, rigorous federal intervention, and
federal monies that help to fund state-level public goods and services.

Complying with environmental regulations in non-attainment counties can im
extraordinary costs on new plants. Plants entering a county labeled out-of-atta
are subject to a standard of ‘Lowest Achievable Emission Rate’ (LAER) on equipm
without consideration of cost. These compliance expenditures potentially run int
millions of dollars and represent a significant start-up cost for entering plants. New
entering attainment areas, on the other hand, face a more lax regulatory standard kn
‘Prevention of Significant Deterioration’ (PSD). PSD entails permitting and the install
of the ‘Best Available Control Technology’ (BACT) for new plants that have the pote
to emit more than 100 tons of a criteria pollutant in a year. The BACT is negotiate
a case-by-case basis and the economic burden on the plant is taken into consider
arriving at a final solution. New plants that are deemed to be low-level polluters ar
subject to any specific technology standards in attainment areas.

As discussed more fully below, the annual air quality status of a particular co
provides a natural measure to evaluate the impact of variation in local environment
regulation.4 In addition, attainment status represents (to our knowledge) the only co
level environmental regulatory measure available in a panel data setting. Henderso
Greenstone [15], and List et al. [29], among others, have utilized attainment sta
measure environmental stringency.

2.2. The data

The data on new plants, delineated by domestic or foreign ownership, come fro
the Industrial Migration File (IMF), maintained until 1990 by the NYS Departmen
Economic Development (DED), and encompass the period 1980–1990. The goal
IMF was to monitor all annual changes in manufacturing activity in NYS at the cou
level. The IMF reports observations of individual plant openings and classifies p
by standard industrial classification (SIC) code. The information in the IMF file
assembled from a variety of sources, including regional offices of the NYS Depar
of Commerce, local chambers of commerce, the NYS Department of Labor, newsp
and private reporting sources. The DED regional offices verified all reported pro
before including them in the file. This method of data collection has both advantage
disadvantages.

A major advantage is that case-specific information is not suppressed (Michalke
Thus, there are opportunities for improving precision and data analysis not heretof
available even from the Longitudinal Research Database (McGuckin [32]). An

4 In this sense, this empirical approach is akin to a natural experiment (see, e.g., List [27], for use of a natu
or field experiment, in a much different setting).
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distinct advantage is that the data are available at the four-digit SIC level. This conven
allows an analysis of both pollution and non-pollution intensive plants. On the neg
side, since no legislative statute exists in New York that requires plants to fu
information to the state, DED makes no claim that the IMF is comprehensive. In additio
the IMF excludes some plant activities involving either small investment activity (less
$100,000) and/or modest changes in employment (less than 25 employees). Never
comparisons with Census of Manufacturers data suggest that IMF coverage is ext
broad for all but the smallest size classes.

Following previous studies, we focus on measuring the effects of county-level o
attainment status on plant locations in pollution intensive sectors most likely to be af
by county-level ozone attainment status.5 Given that attainment status is determin
by county-level air quality readings, we follow Greenstone [15] and classify indu
sectors as ‘ozone pollution intensive’ if they emit at least 6% of the total indu
sector’s emissions of nitrogen oxide or volatile organic compounds, the primary chemi
precursors to ozone. Plants labeled pollution intensive are in SIC codes: 2611-31 (P
Paper Mills), 2711-89 (Printing and Binding),2812-19 (Industrial Inorganic Chemicals)
2861-69 (Industrial Organic Chemicals), 2911 (Petroleum Refining), 30 (Rubber and
Plastics), 32 (Stone, Clay, and Glass), 3312-3 (Steel and Electrometallurgical Pro
3321-5 (Iron and Steel Foundries), 34 (Fabricated Metal Products), and 371 (
Vehicles and Equipment). All remaining sectors are labeled non-pollution intensive.

After classifying plant modifications by pollution intensity, the data are aggregat
the county-level. In total, we observe nearly 900 new plant openings: 220 (513) pol
intensive (non-pollution intensive) domestic plant openings and 30 (119) poll
intensive (non-pollution intensive) foreign plant openings across the 62 counties in
over the sample period. We then combine this measure with each county’s ozone attainm
designation, and other county-level attributes (discussed below).6 Over the sample period
slightly more than 25% of the county observations are in non-attainment.

Table 1 provides a summary of the distribution of plant births by pollution inten
and ownership. The total number of new plant openings shows a rather sharp dow
trend over the decade. Referring to the first panel in Table 1, we observe that the avera
number of plant births per year was 92 during the first half of the decade, where
1986–1990 period witnessed a decline to 67 new plants per year. Breaking down the
by foreign and domestic ownership, we find that this decrease was due largely to red
in domestic plant births. Annual births of foreign-owned plants were stable througho

5 As discussed in Section 2.1, the 1977 Clean Air Act Amendments set standards on five criteria air polluta
but ozone has attracted the most regulatory attentiondue to the limited progress that has been made to re
concentration levels. Thus, we follow Henderson [19]and List et al. [29] and focus on county attainment sta
of ozone.

6 Although attainment status can range from in-attainment of the primary standard to out-of-attainment, w
partial standards in between, ozone designation has typically been polar in nature; that is, a county is either i
out-of-attainment. For a county to be labeled out-of-attainment, its second highest daily air quality reading m
exceed 0.12 parts per million. Of the 62 NYS counties, 26 (three) are in-attainment (out-of-attainment) through
the sample period, while 33 counties experience both regimes. Of these 33 counties, 29 are out-of-attainment
a consecutive block of time (more than two years).
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Table 1
Count of plant openings in New York State by year, industry type, and foreign or domestic ownership

Plant births in all industries
Year Domestic Foreign Total % Foreig

1980 94 6 100 6
1981 59 14 73 19
1982 82 11 93 12
1983 74 17 91 19
1984 86 21 107 20
1985 73 12 85 14
1986 61 15 76 20
1987 61 18 79 23
1988 52 10 62 16
1989 51 14 65 22
1990 40 11 51 22
Total 733 149 882 17.4

Plant births in non-pollution intensive industries
Year Domestic Foreign NPI total % Foreig

1980 68 4 72 6
1981 42 13 55 24
1982 58 9 67 13
1983 56 13 69 19
1984 61 13 74 18
1985 56 11 67 16
1986 45 14 59 24
1987 35 14 49 29
1988 33 8 41 20
1989 37 10 47 21
1990 22 10 32 31
Total 513 119 632 18.8

Plant births in pollution intensive industries
Year Domestic Foreign PI total % Foreig

1980 26 2 28 7
1981 17 1 18 6
1982 24 2 26 8
1983 18 4 22 18
1984 25 8 33 24
1985 17 1 18 6
1986 16 1 17 6
1987 26 4 30 13
1988 19 2 21 10
1989 14 4 18 22
1990 18 1 19 5
Total 220 30 250 12.0

decade. Consequently, as illustrated in the last column of this frame, foreign-owned
represent an increasing share of new plantbirths in the last half of the decade for NYS.

A comparison of the patterns of new plant births in the non-pollution intensive
second panel) and pollution intensive (the third panel) subgroups reveals that much
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Table 2
Description of variables

In-attainment Out-of-attainment

Variable Mean Mean Mean Definition and source

Domestic new plants Actual count of new domestic plants from 198
1990 labeled as having production activities tha
are pollution intensive. Industrial Migration File
New York State Department of Economic
Development (DED).

Pollution intensive 0.32 0.24† 0.57†

(0.79) (0.55) (1.20)

Non-pollution 0.75 0.45† 1.62† Domestic plants labeled as having production
activities that are non-pollution intensive.intensive (1.82) (0.91) (3.09)

Foreign new plants Actual count of new foreign plants from 1980
1990 labeled as having production activities tha
are pollution intensive. Industrial Migration File
New York State Department of Economic
Development (DED).

Pollution intensive 0.04 0.04 0.06
(0.24) (0.24) (0.26)

Non-pollution 0.17 0.16 0.20 Foreign plants labeled as having production
activities that are non-pollution intensive.intensive (0.54) (0.53) (0.57)

Attainment 0.26 – – Intensity of county-level pollution regulations.
Dichotomous variable= 1 if county is out-of-
attainment of federal standards for ozone, 0
otherwise. Federal register Title 40 CFR Part
81.305.

status (0.44)

Employment 1.50 0.08† 3.40† Total employment in manufacturing.County
Business Patterns.(100,000s) (3.57) (1.45) (6.22)

Wage (1000s) 17.01 17.34† 16.08† Total annual manufacturing payroll divided by
the number of employees by county, adjusted f
inflation. County Business Patterns.

(4.1.2) (3.84) (4.74)

Plants 11.71 12.23† 10.22† Total number of manufacturing plants.County
Business Patterns.(5.39) (5.49) (4.84)

Population 2.87 1.82† 5.87† County population.Current Population Reports.
US Bureau of Census.(100,000s) (4.78) (3.40) (6.60)

Property tax 0.56 0.57 0.54 Real property tax collected per capita.Census of
Governments.(1000s) (0.24) (0.27) (0.17)

Per capita 13.50 13.58 13.24 Real per capita income.County Business
Patterns.income (1000s) (4.76) (4.30) (5.88)

Highway 0.17 0.18† 0.15† Total highway expenditures.County Business
Patterns.expenditures (0.09) (0.10) (0.08)

Notes. Data are for the 62 New York counties from 1980 to 1990.N = 682 (176 out-of-attainment). Standard
deviations are in parentheses.

† Indicates difference in means across in- and out-of-attainment samples is statistically significant atp < 0.05
level using a two-sidedt-test.

decline in total plant births noted between the first and second half of the decade
attributable to a sharp downward trend in non-pollution intensive industries. The av
number of annual new plant births in these industries fell from 67 during the first half o
decade to 46 over the 1986–1990 period. By contrast, the average number of plant birt
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in pollution intensive industries only dropped from 24 to 21 per year between the firs
second half of the decade.

The percentage of foreign-owned births in non-pollution intensive industries incre
from an average of 16 to 25% between the first and last half of the decade. By contra
corresponding average for foreign-owned births in pollution intensive industries rem
at 11%. Thus, by decade’s end, a higher concentration of foreign-owned plants was
the non-pollution intensive sectors (relative to both the total foreign-owned plant
domestic-owned plants).

On the surface, the temporal composition of new plants in each of the broadly d
industry groups in Table 1 implies that environmental regulations could alter foreign
flows in a different manner than domestic factor flows. Yet, the question that remains
to interpretation is whether the underlying pattern of new plant ownership remains
one controls for other important locational factors. To consider this question, we tu
the econometric framework. Descriptive statistics and definitions of all variables to be us
are presented in Table 2.

Before proceeding to a discussion of the empirical models and results, we should no
that we have used these data in several other studies. For example, List and McHone [28
List et al. [29], and Millimet and List [34] examine the influence of attainment st
on plant births. Relatedly, List et al. [30] explore the effects of air quality regulatio
the destination choice of relocating plants, while List et al. [31] compare and co
the effects of environmental regulations on plant-level modification and closure
to examine issues associated with that aspect of new source review. While there a
similarities across these studies—empiricalmethodologies, regressors, etc.—the outcome
of interest in these studies and the current study are different. In this paper, we co
new plant births across country of origin to examine if foreign and domestic plants re
differently to environmental regulations.

3. The empirical models

3.1. Propensity score matching

To assess the impact of the attainment status on plant birth rates, we utilize the m
of propensity score matching, developed in Rosenbaum and Rubin [36] and app
the analysis of plant location in List et al. [29]. The method, while extensively use
statisticians, is fairly new to many economists. A few notable examples include Blu
et al. [2], Dehejia and Wahba [8,9], and Heckman et al. [18]. Blundell and Costa
[1, p. 4] provide an excellent introduction to the matching method, concluding “matc
methods have been extensively refined in therecent evaluation literature and are now
valuable part of the evaluation toolbox.”

The fundamental problem in identifying the effect of a binary variable, suc
attainment status, is one of incomplete information. While the econometrician obs
whether the ‘treatment’ (in this case, non-attainment of the federal ozone standard)
and the outcome conditional on treatment assignment, the counterfactual is not ob
Let yi1 denote the outcome of observationi with the treatment (Ti = 1); yi0 denotes
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the outcome without the treatment (Ti = 0). If both states of the world were observab
the average treatment effect,τ , would equaly1 − y0, where the former (latter) averag
represents the mean outcome for the treatment (control) group. However, given th
y1 or y0 is observed for each observation, unless assignment into the treatment g
random, generallyτ �= y1 − y0.

The solution Rosenbaum and Rubin [36] advocate is to find a vector of covariatZ,
such that

y1, y0 ⊥ T | Z, pr(T = 1 | Z) ∈ (0,1), (1)

where⊥ denotes independence. If one is interested in estimating only the average tre
effect, the weaker condition

E[y0 | T = 1,Z] = E[y0 | T = 0,Z] = E[y0 | Z], pr(T = 1 | Z) ∈ (0,1) (1′)

is required. For condition(1′) to hold, Z should be multi-dimensional. Consequen
finding observations with identical values for all covariates inZ may be untenable
However, Rosenbaum and Rubin [36] prove that conditioning onp(Z) is equivalent to
conditioning onZ, wherep(Z) = pr(T = 1 | Z) is the propensity score.p(Z) is estimated
via logit.

After estimating the propensity score, a matching algorithm is required to est
the missing counterfactual,y0i , for each treated observationi. The simplest algorithm
is (single) nearest-neighbor matching, whereby each treated observation is paired w
the control observation whose propensity score is closest in absolute value (Dehe
Wahba [8]).7 As unmatched controls are discarded, the matching method identifies
sub-sample of controls that more closely resembles the treatment group in terms
treatment attributes. The treatment effect on the treated (TT) is given by

τTT = E
[
y1 | T = 1,p(Z)

] − E
[
y0 | T = 0,p(Z)

] = E
[
y1 − y0 | p(Z)

]
. (2)

During the actual estimation, the nearest-neighbor algorithm is amended along
dimensions. First, while a match exists for each out-of-attainment county, the propens
scores may still differ considerably. Becausethe unbiasedness of the matching estima
relies on the propensity scores being identical, pairs with scores significantly differe
excluded. Known as caliper matching, we present estimates for several cut-off values,
calipers (Cochran and Rubin [4]).

Second, to fully utilize our panel data, weamend the caliper matching method
restricting the pool of potential controls to which a given treated observation may be p
Specifically, we match each treated observation twice: first, restricting matched pairs to b
from the same year and region of the state (see Fig. 1);8 second, restricting matched pa
to be the same county from different years. By matching within-year/within-regio
within-county, we explicitly remove any time-, region-, or county-specific unobservab
not already controlled for by the propensity score. This is the matching method’s an

7 Typically, nearest-neighbor matching is performedwith replacement, implying that a given contro
observation may be matched with multiple treatment observations. Dehejia and Wahba [9] verify that m
with replacement fares at least as well as matching without replacement, and possibly better.

8 Eleven regions are used; see List et al. [29].
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Fig. 1. Regional breakdown, New York State.

to fixed effects, and is similar in spirit to Smith and Todd’s [37] claim that matches us
identify the effect of employment programs should be from the same local labor m
Thus, the estimator in (2) becomes

τTT,tr = E
[
y1 | T = 1,p(Z), t, r

] − E
[
y0 | T = 0,p(Z), t, r

]

= E
[
y1 − y0 | p(Z), t, r

]
, (3a)

τTT,i = E
[
y1 | T = 1,p(Z), i

] − E
[
y0 | T = 0,p(Z), i

]

= E
[
y1 − y0 | p(Z), i

]
, (3b)

wheret indexes year,r indexes region, andi indexes county.
Finally, as the usual matching estimators are applicable only to problems of ‘sel

on observables,’ we amend the matching estimators in (3a), (3b) to explicitly re
certain unobservables by employing a difference-in-differences (DID) matching estim
Since we have a count of both pollution intensiveand non-pollution intensive plan
openings for each county-year observation, and the behavior of ‘clean’ plants should no
be affected by attainment status, any difference in the openings of ‘clean’ plants acr
matched treatment and control groups is assumed to reflect unobservable county-
qualities that serve to influence plant location. Thus, in the spirit of similar estimators
in Eichler and Lechner [10], Heckman et al. [18], and List et al. [29], we define the
counterpart to (3a), (3b) as
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τDID,tr = τTT,tr − τ ′
TT,tr , (4a)

τDID,i = τTT,i − τ ′
TT,i , (4b)

whereτ ′
TT,tr (τ ′

TT,i) is the mean difference in the count of ‘clean’ plant openings acros
matched treatment and control groups. As the DID estimator only requires

E[y0 − y ′
0 | T = 1,Z] = E[y0 − y ′

0 | T = 0,Z] = E[y0 − y ′
0 | Z],

pr(T = 1 | Z) ∈ (0,1) (1′′)

for identification, wherey ′
0 is the count of ‘clean’ plant openings, Smith and Todd [

conclude that DID matching estimators are more robust.
We perform the matching exercises twice, estimating (4a) and (4b) once using co

domestic-owned plant openings and once using counts of foreign-owned plant ope
Upon completing the matching estimation, balancing and specification tests are con
Balancing refers to the fact that after conditioning on the propensity score, the distrib
of the conditioning variables,Z, should not differ across the treatment and control gr
in the matched sub-sample. Thus, after matching, we also conduct a joint test—
Hotelling’s T -squared—to test the null hypothesis of no difference in the vectors o
means of theZ’s across the matched treatment and control group. The specification
proposed in Ham et al. [16]—requires testing for mean differences in the lagged ou
across the matched treatment and control groups.9

3.2. Fixed effects Poisson

For comparison to estimates derived from (4a) and (4b), we also estimate s
parametric specifications derived from the partial equilibrium framework in Hende
[17]. In making this comparison, it is important to note the major differences betw
the matching and parametric Poisson estimators. First, matching estimators entai
distributional assumptions. Second, matching estimators allow one to use additi
endogenous variables that are difficult to incorporate into standard parametric cou
models: lagged values of the dependent variable and current values of non-pollutio
intensive plant openings. If lagged plant openings are correlated with both current pla
openings (through either positive or negative agglomeration externalities) and attainme
status (due to an increase in local emissions), consistent estimates in the parame
framework would require a valid instrument for attainment status, one that is uncorr
with lagged plant openings. Third, matching allows for nonparametric interactions be
the covariates inZ in the determination of the outcome of interest (Blundell et al.
Bratberg et al. [3]). Fourth, matching estimators utilize only a sub-sample of the co

9 In the present context, this test serves two purposes. First, if the lagged outcome differs across the treatm
and control groups, then uncontrolled unobservables may be present and bias the estimated treatment ef
Second, since lagged plant openings may affect current plant births due to agglomeration externalities,
example, differences in lagged openings may have a direct effect on the outcome as well, further biasing
estimator (Henderson [20,21]). Moreover, for foreign-owned plants, lagged foreign-owned plant openings ma
be particularly important if they signal a county’s ‘openness’ to foreign plants, or if agglomeration externaliti
are more important to foreign-owned plants due to the sharing of information on the US business environmen
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group that is most ‘similar’ to the treatmentgroup, whereas parametric models utilize
available observations. Finally, the matching estimators employed herein yield an es
of the treatment effect on the treated (TT), whereas the parametric approach estimates th
expected treatment effect for an observation chosen at random.

Proceeding, in equilibrium, the count of new (pollution intensive) plants in countyi of
origin j (j = domestic, foreign) at timet , Yijt (Y ∈ {0,1,2, . . .}), is given by

Yijt = exp(Xijtβ)ηij t + εij t , (5)

whereXijt is a vector of county attributes, including attainment status, and time dum
ηijt captures all unobservable, time-varying attributes of countyi specific to plant opening
from origin j , andεij t is an error term satisfyingE[ε | X,η] = 0. Given the inclusion of a
constant inXijt , E[η] = 1 can be assumed without loss in generality (Mullahy [35]).

Equation (5) is estimated using the fixed effects (FE) Poisson model of Hausman
[17] (hereafter HHG). In this model each unit of observation is conditioned on total pla
openings over the sample period to account for county-specific unobservables t
not vary over time. which accounts for time invariant, county-specific unobservabl
conditioning on total plant openings for eachunit of observation over the sample perio
Resulting estimates ofβ are consistent ifE[η | X] = E[η]; in other words, regresso
in X may be correlated withtime-invariant, county-specific unobservables, but nottime-
specific, county-specific unobservables.10 Even if this assumption holds, standard err
from the Poisson model are sensitive to over- or under-dispersion in the data. As su
also estimate fixed effects negative binomial models, which relax the restriction of eq
of the conditional mean and variance functions. Note, in the Poisson framework coef
estimates have an elasticity interpretation when regressors are in natural logarithm
and are semi-elasticities when the regressors enter linearly.

In the actual estimation, there are 62 NYS counties, eleven time periods, and two
of plant openings: foreign- and domestic-owned pollution intensive openings. Thu
have 124 observations for each period, or 1364 total observations. Factors included inX

follow the received literature (e.g., List et al. [29]) and are: attainment status (one for no
attainment, zero for in-attainment), manufacturing employment, manufacturing w
population, and property taxes. In addition, we also include a dummy variable equa
one if the dependent variable is a count of foreign-owned plant openings (zero othe
as well as the foreign dummy interacted with all the remaining covariates. Finall
include time dummies, where the time dummies are allowed to differ for domestic
foreign-owned plant openings. Allowing for time dummies specific to foreign entr
controls for temporal shocks that are specific to foreign investors in all counties, suc
as policies enacted by NYS officials toward foreign investors or other macroecon
factors that affect foreign plants. These macroeconomic variables include exchan
fluctuations, interest rates, and any other factors that foreign investors must conside
making investment decisions.

The fixed effects that are removed by conditioning each observation on total births ov
the entire sample period are not included in the preceding list of controls. These fix

10 HHG estimates are also consistent in the presence of correlation between variables inX and time-specific
unobservables that are constant across counties ifX includes period-specific dummies.
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effects may either be defined at the county level, or at the county-ownership (i.e., f
or domestic) level. Allowing for county fixed effects specific to foreign entrants con
for county-specific, time invariant unobservables that only impact foreign investors
particular county, such as ethnocentric attitudes, or the presence of a large immigr
population. Thus, in the least restrictive model, the time dummies and county fixed e
are allowed to differentially affect plant openings by plant origin.

4. Empirical results

4.1. Propensity score matching results

Table 3 presents the first-stage logit estimates used to form the propensity
The specification includes higher order terms and interactions of the various variab
facilitate the balancing of the covariates across the matched treatment and control gro
(Dehejia and Wahba [9]).

The first matching algorithm pairs each out-of-attainment county with the in-attainme
county from the same year and region with the nearest propensity score. Although
are 176 treatment (non-attainment) observations, only 76 have a possible match.11 Of the
76 matched pairs, we retain those with propensity scores that differ by less than
10, and 20%. Under these cut-offs, 8, 16, 20, and 27 matched pairs are obtained
the same cut-offs but matching each treatmentcounty to itself at a different point in tim
yields 9, 11, 18, and 25 matches, respectively.12 The number of matches are scarce in t
case due to the fact that few counties exist that were labeled out-of-attainment in on
and in-attainment in another year that meet the caliper constraints.

Table 4 presents the estimated mean differences between the matched treatment
control groups for the primary variables of interest, along withp-values associated wit
the null hypothesis that the means are equal,for each of the eight matched sub-samp
Values can be read as follows: the “0.50” entry in the third row of the first column sug
that treated counties had, on average, 0.50 more clean domestic plant births than cont
counties had when we set the caliper to be 0.01 and only examine within-region/w
year pairs. In addition, results of the Hotelling’sT -squared tests for differences in t
vectors of means of the various control variables are also displayed. Examinat
the results yields four key findings. First, both the within-region/within-year and wit
county matching algorithm balance the vector of controls (at thep < 0.10 level) in every
specification. This includes the variables specifically controlled for in the first-stage
as well as property taxes and highway expenditures. Thus, all matching algorithms

11 All counties in five regions are in non-attainment in various years. Thus, there is no control observation
these counties to serve as a match.

12 There are at most 143 possible matches using the within-county matching algorithm as three counti
are in non-attainment all eleven years of the sample, and therefore have no possible match. The numbe
actual matches utilized, however, differs little from the within-year, within-region matching due to the fact th
few counties exist that were labeled out-of-attainmentin one year and in-attainment in another year that h
propensity scores that differ by less than the respective calipers.
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Table 3
First-stage logit estimates of the determinants of attainment status

Independent variable Coefficient (SE)

Man. wages 3.63E−03 (2.55E−03)
Man. wages2 −2.23E−07 (1.41E−07)
Man. wages3 4.27E−12 (2.74E−12)
Man. plants 1.40* (0.58)
Man. plants2 −0.09* (0.05)
Man. plants3 1.84E−03* (1.04E−03)
Population −1.85E−06 (6.28E−06)
Population2 7.37E−12 (6.12E−12)
Population3 −3.14E−18* (1.82E−18)
Per capita income 4.73E−03* (1.25E−03)
Per capita income2 −1.86E−07* (9.64E−08)
Per capita income3 2.63E−12* (1.40E−12)
Man. wages*

Man. plants −9.57E−06 (3.20E−05)
Man. wages*

Population 1.08E−09* (4.53E−10)
Man. wages*

Per capita income −1.61E−08 (6.61E−08)
Man. plants*

Population −8.61E−07* (3.54E−07)
Man. plants*

Per capita income 1.67E−05 (3.04E−05)
Population*

Per capita income −8.88E−10* (4.10E−10)

Time effects Yes
Log-likelihood −145.8
PseudoR2 0.63
N 682

Notes:

(1) Dependent variable is equal to oneif county is out-of-attainment of federal ozone standards during the yea
zero otherwise.

(2) Standard errors are in parentheses beside the coefficient estimates and are adjusted for clustering within
counties.

(3) Time effects are jointly significant at thep < 0.01 level.

* Significant at thep < 0.10 level using a two-sided alternative.

the balancing test. Second, all the matching algorithms also pass the specificati
proposed in Ham et al. [16] at thep < 0.05 level as lagged pollution intensive pla
openings (both domestic- and foreign-owned) are balanced as well.

Third, all eight specifications yield negative point estimates for the impact of
attainment on domestic-owned plant openings, with three being statistically sign
at thep < 0.05 level, and a fourth being statistically significant at thep < 0.10 level.
The magnitudes of the coefficients are also economically significant, implying a
of between 0.5 and 1.9 domestic-owned plant openings for each year that a cou
is out-of-attainment. Since the average county receives 0.32 new (pollution intensiv
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Table 4
Propensity score estimates of attainment status effect

m
Within county

Maximum difference
) (0.05) (0.10) (0.20)

0.01 0.04 0.06
0) (p = 0.97) (p = 0.75) (p = 0.60)

−0.91 −0.67 0.20
7) (p = 0.11) (p = 0.08) (p = 0.72)

0.36 −0.22 1.52
6) (p = 0.47) (p = 0.53) (p = 0.29)

−1.27 −0.44 −1.32
0) (p = 0.03) (p = 0.27) (p = 0.21)

0.49 0.31 0.91
8) (p = 0.28) (p = 0.29) (p = 0.12)

−0.09 −0.11 0.00
2) (p = 0.73) (p = 0.52) (p = 1.00)

−0.36 −0.17 −0.04
1) (p = 0.55) (p = 0.68) (p = 0.90)

0.27 0.06 0.04
3) (p = 0.48) (p = 0.84) (p = 0.85)

0.44 0.27 −0.02
8) (p = 0.07) (p = 0.07) (p = 0.90)

) = 0.21 F(7,14) = 0.14 F(7,28) = 0.22 F(7,42) = 1.42
8) (p = 0.99) (p = 0.98) (p = 0.22)

(continued on the next page)
Matching algorith
Within region and year

Independent Maximum difference
variable (0.01) (0.05) (0.10) (0.20) (0.01

Propensity score 0.00 0.00 0.01 0.04 0.00
(p = 0.98) (p = 0.98) (p = 0.90) (p = 0.62) (p = 1.0

Dirty domestic 0.38 −0.13 −0.20 −0.22 −1.22
plant births (p = 0.06) (p = 0.65) (p = 0.39) (p = 0.21) (p = 0.0
(τTT,•)

Clean domestic 0.50 0.19 0.30 0.37 0.67
plant births (p = 0.39) (p = 0.57) (p = 0.27) (p = 0.10) (p = 0.2

Net domestic −0.13 −0.31 −0.50 −0.59 −1.89
plant births (p = 0.82) (p = 0.34) (p = 0.08) (p = 0.01) (p = 0.0
(τDID,•)

Lagged dirty 0.29 0.21 0.24 0.13 0.38
domestic plant (p = 0.15) (p = 0.15) (p = 0.11) (p = 0.27) (p = 0.4
births (1 year)

Dirty foreign 0.00 −0.06 −0.05 −0.04 −0.11
plant births (p = 1.00) (p = 0.70) (p = 0.70) (p = 0.70) (p = 0.7
(τTT,•)

Clean foreign 0.75 0.25 0.20 0.15 −0.44
plant births (p = 0.09) (p = 0.40) (0.41) (p = 0.42) (p = 0.5

Net foreign −0.75 −0.31 −0.25 −0.19 0.33
plant births (p = 0.02) (p = 0.15) (p = 0.15) (p = 0.16) (p = 0.4
(τDID,•)

Lagged dirty 0.43 0.21 0.18 0.13 0.50
foreign plant (p = 0.18) (p = 0.18) (p = 0.18) (p = 0.18) (p = 0.0
births (1 year)

H0: Vectors of F(7,8) = 1.31 F(7,24) = 1.57 F(7,32) = 1.66 F(7,46) = 1.41 F(7,10
means of controls (p = 0.36) (p = 0.19) (p = 0.15) (p = 0.22) (p = 0.9
are equal
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rithm
Within county

Maximum difference
(0.01) (0.05) (0.10) (0.20)

9 11 18 25

6 7 10 12

unties (in-attainment).P -values in parentheses are for the tests that

ve plants.
tment county.
based on Hotelling’sT -squared test. Set of controls includes number of
axes, per capita income, and highway expenditures.
Table 4 (Continued)

Matching algo
Within region and year

Independent Maximum difference
variable (0.01) (0.05) (0.10) (0.20)

Number of 8 16 20 27
matched pairs

Number of 8 15 17 18
unique controls

Notes:

(1) Figures represent mean difference between treatment counties (out-of-attainment) and control co
the mean difference across the treatment and controls groups are equal.

(2) ‘Dirty’ plants are those defined as pollution intensive(see text); ‘clean’ are non-pollution intensi
(3) ‘Unique controls’ reports the number of control counties that are matched with at least one trea
(4) Test of equality of the vectors of means across the matched treatment and control group

manufacturing plants, manufacturing wages, manufacturing employment, population, property t
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domestic-owned plant openings per year, this represents a sizeable deterrent effect of lo
environmental standards.

Finally, while the four within-region/within-year specifications yield negative p
estimates for the impact of non-attainment on foreign-owned plant openings,
one is statistically significant at thep < 0.10 level. The four within-county matchin
specifications all find a positive effect of non-attainment on foreign-owned plant b
although none of the estimates are statistically significant. Thus, while there is
evidence to suggest that foreign-owned plants also incorporate spatial variat
environmental stringency into decisions concerning plant location, it is far less robus
for domestic-owned plants.

As noted in the introduction, these findings are consistent with (at least) three po
explanations. First, foreign-owned firms face weaker enforcement of environmen
standards due to the economic benefits bestowed upon the local community. S
foreign-owned firms may simply be at an informational disadvantage relative to domes
firms and, therefore, unwittingly locate in areas with more stringent environm
regulation. Finally, the location decisions of foreign-owned firms may be less sen
to environmental costs as other factors (suchas agglomeration externalities, orgeography)
dictate the location decision.

4.2. Fixed effects Poisson results

Table 5 contains the FE Poisson estimation results.13 Four specifications are estimate
depending on whether the county fixed effects and time dummies are allowed to
differential effects on domestic- versus foreign-owned plants. Column (4) presents th
restrictive model, allowing both to vary by plant origin. In addition, for each specificatio
we test for equal effects of attainment status on plant openings by origin, as well as
test whether the set of covariates have equal effects on domestic- and foreign-owne
openings.

Examination of the results reveals three important conclusions. First, in all
specifications, consonant with the difference-in-differences propensity score ma
estimates, we find a negative and statistically significant impact of non-attainme
domestic-owned plant openings. The point estimates indicate that the expected n
of plant openings by domestic plantsis reduced by 44–61% each year a county is
non-attainment. Since the average county receives 0.32 new domestic-owned plants e
year, this translates into an expected loss of 0.14–0.20 new domestic-owned pla
year, of considerably smaller magnitude than the matching estimates. Second, a
specifications fail to find a statistically significant effect of non-attainment on openin
foreign-owned plants. However, we never reject the null of equal effects of non-attain
on plant openings by plant origin. Finally, we find statistically significant effects of som
the controls on plant openings. Specifically, both domestic- and foreign-owned plan
less likely to locate in counties with high manufacturing employment, high property t

13 Results based on fixed effects negative binomial models are virtually identical to the estimates repo
are available upon request.
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Table 5
Parametric estimates of the determinants of county-level plant births

Independent Fixed effects Poisson (HHG)

variable (1) (2) (3) (4)

Non-attainment* −0.46* −0.44* −0.61* −0.58*

domestic plant (0.25) (0.25) (0.26) (0.27)
Non-attainment* −0.77 −0.64 −0.14 0.09

foreign plant (0.49) (0.54) (0.54) (0.65)
ln(employment)* −6.91* −7.00* −7.32* −7.37*

domestic plant (2.19) (2.22) (2.28) (2.29)
ln(employment)* −6.54* −6.35* −6.12 1.97

foreign plant (2.24) (2.24) (7.01) (10.07)
ln(wage)* −0.34 −0.04 0.17 −0.64

domestic plant (2.44) (2.45) (2.54) (2.67)
ln(wage)* 1.46 0.39 2.04 9.28

foreign plant (2.66) (2.91) (3.54) (8.65)
ln(population)* 9.43* 9.69* 9.18 9.09

domestic plant (5.28) (5.28) (5.60) (5.62)
ln(population)* 9.14* 9.35* 10.54 5.74

foreign plant (5.30) (5.30) (14.47) (18.82)
ln(prop. tax)* −3.59 −3.08 −3.87* −4.28*

domestic plant (2.29) (2.31) (2.33) (2.51)
ln(prop. tax)* −7.12* −7.93* −4.31 2.53

foreign plant (2.50) (2.62) (2.73) (6.32)
Foreign 1.95 20.17 – –

(10.44) (18.16)
County effects Yes Yes No No
County× origin effects No No Yes Yes
Period effects Yes No Yes No
Period× origin effects No Yes No Yes
H0: Equal effects p = 0.53 p = 0.73 p = 0.42 p = 0.34

of non-attainment
H0: Equal effects p = 0.01 p = 0.01 p = 0.77 p = 0.49

of controls
Log-likelihood −367.09 −360.66 −321.87 −315.79
N 1364 1364 1364 1364

Notes:

(1) Dependent variable is the count of annual pollution intensive manufacturing plant births from 1980 to 19
(2) Non-attainment equals one if county is out-of-attainment of federal ozonestandard, zero otherwise. Foreig

equals one if dependent variable is a count offoreign plant births, zero if domestic.
(3) Standard errors are in parentheses beneath coefficient estimates.
(4) ln indicates the natural logarithm of the variable.

* Significant at the 10% level using a two-sided alternative.

and small populations. Interestingly, though never statistically significant at conven
levels, the estimates are consistent with the notion that foreign plants are attracted t
wage counties, in contrast to domestic plants. Equality of the vector of coefficients
four control variables is rejected in columns (1) and (2), but not (3) and (4).14

14 Since equality of the response coefficients is not rejected in columns (3) and (4), we re-estimated the
specifications imposing equal effects of the controls, whilestill allowing the non-attainment effect to vary by pla
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In sum, the parametric FE Poisson and semi-nonparametric difference-in-diffe
propensity score matching estimators providegenerally consonant results: a statistica
significant, negative effect of non-attainment on domestic-owned, but not foreign-o
plant openings. However, given that the magnitude of the effect is much smal
the parametric framework, it is worth briefly exploring the reasons for this differe
Several potential explanations exist. First, the matching method estimates the a
treatment effecton the treated, while the Poisson framework estimates the overall ave
treatment effect.15 Second, the matching method uses only a sub-sample of the or
sample, discarding control observations deemed too different from the treatment
Third, the matching method permits the nonparametric interactions between the v
control variables. Finally, our parametric method controls for both county and time e
simultaneously (the matching method controls for either county effects, or region an
effects, but never both county and time effects directly), but the matching method utilize
data on non-pollution intensive plant openings to control for time-specific, county-sp
unobservables, which are not controlled for in the parametric estimation.

We can explore the role played by some of these potential explanations. Th
pertains to the distinction between the average treatment effect and the average treatm
effect on the treated. To see if this distinction matters in practice in the current applic
we can use the matching technique to estimate the average treatment effect as well.
proceed, we label ‘in-attainment’ as the treatment and re-do the matching by pairing e
in-attainment county with an out-of-attainment county. This process provides esti
of the average treatment effecton the untreated. The weighted average of the avera
treatment effect on the treated and untreated constitutes the overall average tre
effect. Performing this exercise using the four specifications that yielded statist
significant results for domestic-owned plant openings in Table 4, we obtain the follo
estimates of the average treatment effect:

• within-region/within-year matching with 10% (20%) caliper= −0.57 (−0.55);
• within-county matching with 1% (5%) caliper= −1.68 (−1.11).

These estimates differ very little from those reported in Table 4.
The second potential explanation deals with the fact that the method of ma

utilizes only a sub-sample of the original data, whereas the parametric framewor
all observations. In principle, one could re-estimate the parametric model using on
matched sub-samples utilized in Table 4, as in List et al. [29]. However, in the pr
case, the sample sizes from Table 4 are clearly inadequate. The third potential explanati
pertains to the fact that the method of matching permits the nonparametric interac
the various controls. To test the relevance of this, one could re-estimate the para
models with a full set of interactions, as well as higher order terms, for the various c
variables. We do not attempt this given the enormous demands that are already place

origin. The results are unchanged: we still do not rejectequality of the non-attainment effect across domes
and foreign-owned plants.

15 See Wooldridge [40] for a discussion ofvarious treatment effect parameters.
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the data through the inclusion of county fixed effects and time dummies that are al
to differ by plant origin.

The final potential culprit is the fact that, through the use of data on non-poll
intensive plants and maintenance of the assumption that ‘clean’ plant openings
not be affected by attainment status, the matching method controls for time-sp
county-specific unobservables while the parametric technique only controls for
invariant, county-specific unobservables and time-varying, county invariant unobserv
To analyze the ramifications of this difference, we estimate a more complex FE Pois
model, incorporating plant openings by domestic- and foreign-owned plants in
pollution intensive sectors.

To proceed, we estimate (5) where the dependent variable is nowYijkt , the count of
new plants in countyi of origin j (j = domestic, foreign) with pollution intensityk
(k = pollution intensive, non-pollution intensive) at timet . Since each county-year pa
supplies four observations, the total sample size increases to 2728. In addition,
least restrictive model, we allow the covariates, including attainment status, the c
fixed effects, and the time dummies to have differential effects for each of the
data types: domestic/non-pollution intensive, domestic/pollution intensive, foreign
pollution intensive, and foreign/pollution intensive. Thus, we estimate four effects of
attainment,βd,npi , βd,pi , βf,npi , andβf,pi , respectively.

Maintaining the assumption, as in the matching method, that non-pollution inte
plant openings should not be affected by attainment status (i.e.,βd,npi = βf,npi = 0),
differences from zero in the estimated valuesof these parameters may be attributable
time-specific, county-specific unobservables not controlled in the previous Poisson
(e.g., subsidies to attract new plants or worker training programs). Consequent
can obtain difference-in-differences FE Poisson estimates, analogous to the diffe
in-differences matching estimates, from

βd,DD = βd,pi − βd,npi, (6a)

βf,DD = βf,pi − βf,npi, (6b)

whereβd,DD (βf,DD) is the difference-in-differencesFE Poisson estimator of the effe
of non-attainment on domestic- (foreign-)owned plant openings. The estimate ob
for domestic-owned plant openings is−0.81 (χ2(1) = 6.35, p = 0.01); the estimate fo
foreign-owned plant openings is 0.28 (χ2(1) = 0.15, p = 0.69).16 While a reduction in
domestic pollution intensive plant openings of 81% is nearly 40% larger than the
estimate obtained from the least restrictive model in Table 5 (column (4)), it is
smaller in magnitude than the matching estimates provided in Table 4.17 Consequently, a
sizeable discrepancy in the magnitudes of theparametric and semi-nonparametric estima
remains, suggesting a role for the other two explanations (sample composition and n
linearity of the effects of the control variables).

16 The null of equal effects of non-attainment is not rejected at conventional levels (χ2(1) = 1.93,p = 0.16).
17 An 81% decrease in the expected number of new domestic plant openings translates into a loss of 0.

per annum for the average county. The smallest, statistically significant matching estimate in Table 4 suggest
loss of at least 0.50 plants annually.
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5. Conclusion

When the federal government reversed morethan 100 years of state and local author
of polluters in the 1960s and 1970s, substantial costs were incurred to desig
implement regulations, monitor and report regulatory compliance, and invest in res
and development. These costs, and other private compliance costs, were ultimatel
by stockholders, business owners, consumers, and taxpayers. Given the magn
such costs, intuition dictates that plants should incorporate spatial differences in su
costs into their decision calculus when making plant-level location choices. This stud
explores whether foreign capital and domestic capital responds asymmetrically to
environmental standards. If asymmetries do exist, it is critical for policymake
more fully understand these behavioral differences given the well-documented eco
benefits of foreign investment (even relative to domestic investment). In addition
normative sense the results provide insights into the political economy of regulatory
federalism.

To provide initial insights into this question, we use a series of novel emp
methods to examine plant location choices in New York State from 1980 to 1990
empirical methods test for differential responses of foreign and domestic investmen
to environmental regulations by integrating the domestic and foreign investment de
into a single empirical model. Making use of both a semi-nonparametric differe
in-differences propensity score matching estimator and a standard fixed effects Poiss
model, we find that domestic plants are responsive to environmental standards w
foreign plants are not. While more research on this observed differential is warranted
our sample of foreign-owned pollution intensive plant openings is not large, our re
indicate that there may be a ‘foreign plant double-reward’ from increased environm
standards: while other studies indicate that foreign-owned plants in the US tend to
more jobs and increase area wages relative to domestic-owned plants, our result
that foreign plants are less sensitive to interjurisdictional differences in environm
regulations. This finding opens up the possibility that localities can introduce mor
stringent environmental regulations without risking the loss of substantial foreign ca
capital that provides the greatest local economic stimulus.
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