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Abstract

This paper investigates whether media presence affects corporate environmental decisions. Using

data on plant-level toxic emissions in 1996-2009 from the US Environmental Protection Agency’s

Toxics Release Inventory and newly collected data on newspapers locations and content, I find that

an increase in the number of newspapers near a plant raises the press coverage of the plant’s toxic

emissions and reduces the amount of these emissions. The effect of newspapers on toxic emissions

is specific to industries that produce consumer goods, and is larger in counties that were subject

to extreme levels of cancer incidence in the recent past. (L88, Q53, Q58)
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Introduction

This paper investigates whether media presence shapes corporate decisions on environmental is-

sues, leading to better environmental outcomes. Anecdotal evidence suggests that the diffusion

of information through newspapers may substantially influence corporate environmental decisions.

For example, according to the Toxics Release Inventory (TRI),1 toxic emissions at a Connecticut

plant owned by the pharmaceutical company Pfizer declined by approximately 65% between 1998

and 2004. During the same period, following the yearly releases of TRI data by the Environmen-

tal Protection Agency (EPA), local newspapers published seven articles covering the plant’s toxic

emissions. Conversely, toxic emissions at another Pfizer plant located in Michigan, but operating in

the same industry group as the Connecticut plant, went up by 19% between 1998 and 2004. There

was no press coverage of toxic emissions at the Michigan plant over this period. The Connecticut

plant has 13 newspapers within an 80-km (≈ 50-mile) radius, while the Michigan plant has six.

To what extent can the differential exposure to press coverage explain the different trends in

toxic emissions at the two Pfizer plants? Did the presence of more newspapers make the Connecticut

plant more accountable for its environmental performance? 2 Given what we know about the effects

of pollution on human health (Chay and Greenstone, 2003; Currie and Schmieder, 2009; Agarwal,

Banternghansa and Bui, 2010) and cognitive abilities (Nilsson, 2009; Sanders, 2012), answering

these questions is of great importance.

In this paper, I show that press coverage and the characteristics of the local newspapers market

affect firms’ decisions on legal toxic emissions.

I first present a simple conceptual framework, where a firm is accountable to its constituents for

the environmental impact of its activities. The constituents are consumers, investors, and citizens

who live in the neighborhood of the plant. While the constituents do not observe whether or not

the plant pollutes, they can learn about its emissions through local newspapers articles. Higher

density of newspapers in the plant’s vicinity raises the probability of press coverage of the plant.

If a newspaper article reports high emissions, the constituents decrease their demand for the good

produced at the plant, divest their firm’s stocks, or pressure local politicians for increased regulation.

The firm trades off the expected profit loss associated with bad press against the cost of using a

clean production technology. Since a higher density of newspapers increases the expected loss, it

lowers the probability that the plant pollutes.

I test this hypothesis using TRI toxic emissions data on about 40,000 plants in 1996–2009. I

combine this with newly collected data on the locations of about 1,500 local newspapers and the

press coverage of the TRI announcements of any plant that was ever among the top 20 polluters

in its state.

The first part of the paper shows that the probability that a plant’s emissions are featured

in a nearby newspaper decreases with its distance from the newspaper. Further, this probability

approximates zero as the distance approaches 80 km. Total expected coverage in any newspaper is

1This is the Environmental Protection Agency’s Pollutant Release and Transfer Register for the United States.
2The different trends in emissions observed at the two plants might be explained by the different initial (1998)

emission levels: 800 pounds of toxic substances released at the Connecticut plant, versus 2 million at the Michigan
plant. Nevertheless, both the plants were top 15 polluters in their state.
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then approximately equal to what I call newspapers density : the number of newspapers in 80-km

rings around the plant, weighted by the inverse of their distance to the plant. I then study the

relationship between newspapers density and press coverage and find that a higher newspapers

density raises the probability of a plant’s emissions receiving press coverage, holding state and

year fixed. If a plant were to move from the 25th to the 75th percentile of newspapers density,

its probability of coverage would increase by 0.05. This is equal to nearly 50% of the average

probability of coverage of toxic emissions in the estimation sample.3

This evidence motivates the analysis of the effect of newspapers density on toxic emissions.

Comparing plants in the same county and year shows that those in areas with a higher newspapers

density have lower toxic emissions. This relationship is not explained by selection on observables,

and it appears unlikely to be explained by selection on unobservables (see Altonji, Elder and Taber

(2005)). According to my estimates, if a plant were to move from the 25th percentile of newspapers

density to the 75th percentile, its toxic emissions would be about 3% lower. The fact that, in the

same estimation framework, I detect no effect of universities density on toxic emissions further

suggests that the relationship between newspapers density and toxic emissions is not mainly driven

by selection on unobservables. 4 Regarding the mechanism, the estimated effect comes entirely

from plants that specifically produce consumer goods, which strongly suggests an important role of

accountability through consumers’ demand. Quantitatively, if a plant producing consumer goods

were to move from the 25th to the 75th percentile of newspapers density, its toxic emissions would

be 18% lower. Moreover, the association of newspapers density with emissions is larger in counties

that have experienced extreme negative health outcomes in the recent past and where constituents’

awareness is thus likely to be high.

An additional piece of evidence of the role of press coverage in improving firms’ environmental

performance comes from my analysis of the effect of actual coverage of pollution on toxic emissions.

By using an event-study framework, I show that plants selling consumer goods reduce their toxic

emissions with respect to their average by about 25% by the end of the year when they receive bad

press.5

Is the effect of newspapers on pollution economically significant? An estimate of the aggregate

effect of newspapers density on toxic emissions can help answer this question. After document-

ing that within-firm substitution does not occur, I provide a measure of the aggregate effect of

newspapers density on toxic emissions by simulating a counterfactual scenario, where there are

no newspapers close to any plant, so that newspapers density is zero for all plants.6 In this sce-

3To guard against any spurious correlation between newspapers density and a plant’s newsworthiness, I distinguish
between coverage of plants in newspapers within their 80-km rings and coverage outside of those and show that the
effect is more economically and statistically significant in the former case. This suggests that geography creates
incentives for coverage: if the observed relationship came from a spurious correlation of newspapers density with
plant’s newsworthiness, then newspapers density should raise the probability of coverage in any newspaper, regardless
of its distance from the plant.

4Universities density is computed analogously to newspapers density, replacing newspapers with institutions award-
ing 4-years college degrees.

5I argue that this is the causal effect of coverage for the following reasons: there is no evidence of different trends
in emissions the year before coverage occurs; the effect is robust to including state-by-year fixed effects and a large
set of controls; and there is not a similar drop in post-coverage emissions for plants that sell intermediate goods, in
line with the accountability through consumer mechanism hypothesis.

6If multi-plant firms substituted toxic emissions across their plants in response to newspapers density, the aggregate
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nario, emissions from plants producing consumer goods are 12% higher, implying 2% higher overall

emissions.

This paper contributes to the empirical literature on the effects of mass media on a large set

of outcomes. Several papers have studied how media affect the behavior of politicians and voters

(Besley and Burgess, 2002; Strömberg, 2004; DellaVigna and Kaplan, 2007; Gentzkow, Shapiro

and Sinkinson, 2010; Snyder Jr and Strömberg, 2010; Enikolopov, Petrova and Zhuravskaya, 2011;

Lim, Snyder Jr and Stromberg, 2014) and other social and economic outcomes, namely conflict

and ethnic hatred (Yanagizawa-Drott, 2010; DellaVigna et al., 2012), children’s school performance

(Gentzkow and Shapiro, 2008), social capital (Olkean, 2009), and women’s decisions within the

household (Jensen and Oster, 2009; La Ferrara, Chong and Duryea, 2012). This literature shows,

among other findings, that media coverage makes politicians more accountable. Whether this

accountability effect holds true also for firms is not obvious ex-ante. Politicians seek to maximize

votes and therefore voters’ consensus, which depends in part on the information that the voters

receive from the media. In contrast, firms seek to maximize profits, which might be independent of

the firm’s popularity among its constituents.

Few papers in the literature have studied whether there is an effect of press coverage on firms’

behavior. Dyck, Volchkova and Zingales (2008) show that corporate governance violations are

reversed when exposed to international media. Guerrero (2012) studies a disclosure program in

Mexico that publishes a list of gas stations caught violating fuel supply standards; he finds that

the program, when combined with press coverage of the violations, lowers the probability of a

violation occurring. Finally, recent contributions reveal the importance of social media in holding

corporations accountable for corruption (Enikolopov, Petrova and Sonin, 2014) and quality of their

products (Qin, 2013). The paper most relevant to mine, given its focus on environmental outcomes,

is Dyck and Zingales (2002). They show that cross-country variation in firms’ environmental

responsiveness is partly explained by the diffusion of the press. I improve on their suggestive analysis

along a few dimensions. First, I exploit within-country variation in plant-level toxic emissions and

exposure to coverage; this allows me to account for different sources of spurious correlation that

usually bias cross-country studies such as theirs. Further, by collecting new data on newspapers’

location with respect to polluting plants and articles about toxic emissions, I enrich their analysis

by studying the role of geography in determining plants’ coverage in the press. The finding that

vicinity of a plant to newspapers increases the probability of its toxic emissions being featured in

the news suggests that recent trends in media markets could decrease residents’ information about

local plants’ environmental performance. These trends, such as the spread of Internet access, the

increasing concentration of newspaper ownership, and broadcast media substituting newspapers,

have indeed all the consequence of reducing the number of newspapers in the vicinity of a given

plant.

This paper also contributes to the literature on the determinants of corporate social responsi-

bility and, more specifically, of corporate environmentalism. Papers in this literature, observing

increasing effort from corporations toward social and environmental responsibility, have theoreti-

effect of newspapers density on toxic emissions would be lower than that implied by my estimates, as part of the
newspapers’ effect would be to move emissions between plants, rather than to reduce them. This concern is similar
to that regarding leakage in response to carbon taxes.
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cally and empirically analyzed its determinants (Arora and Cason, 1995; Hamilton, 1995; Konar

and Cohen, 1997; Khanna and Damon, 1999; Hamilton, 1999; Maxwell, Lyon and Hackett, 2000;

Harrington, Khanna and Deltas, 2008). According to Kitzmueller and Shimshack (2012), the empir-

ical evidence suggests that public and private politics incentivize firms to behave in a socially and

environmentally responsible manner, above and beyond regulatory requirements.7 However, the

role of exposure to mass media in fostering firms’ responsibility, by possibly activating private and

public politics, has not been studied. This paper fills this gap. It investigates whether newspapers

create incentives for firms to pollute less by increasing the threat of public and private politics.8

The rest of the paper is organized as follows. Section 1 presents the conceptual framework.

Section 2 describes the data used. Section 3 presents the estimation strategy and the empirical

results. Section 4 shows the effect of actual coverage on toxic emissions. Section 5 computes

aggregate effects. Section 6 concludes the paper and draws policy implications.

1 Conceptual Framework

I present here the conceptual framework that motivates my empirical analysis. A formal model,

which demonstrates how newspapers density near firms’ plants affects toxic emissions, is provided

in Appendix A.

A firm maximizes its profits when choosing whether or not to pollute at its plants, and poten-

tially it responds to a wide array of constituents for the environmental and health impact of its

activity. The constituents include consumers, investors, and citizens who live in the neighborhood

of the plant.

If the constituents learn that a local plant p pollutes, they reduce their demand for the good

produced at the plant, sell their stocks, or start a lawsuit against the firm, thus potentially lowering

the firm’s profits.9

However, the constituents do not directly observe the firm’s decision to pollute. Local newspa-

7An instance of private politics occurs when a situation of conflict is resolved without reliance on the law or the
government (Baron, 2001, 2003).

8Bui and Mayer (2003) study newspapers and information on pollution, with the goal to measure the effect of
disclosure of toxic emissions information on housing prices. They use newspapers’ readership to distinguish between
the different degrees at which disclosure of information reaches citizens, depending on their “consumption” of news.
Given that they find no effects of information disclosure on housing prices, in areas with either low or large newspaper
readership, they ultimately do not answer the question of the role of mass media in informing citizens on environmental
issues and the potential implications for the behavior of firms that are exposed to media coverage.

9In section 3.3.2 I discuss evidence of consumers’ responses to firms’ environmental performance. For what concerns
investors, Hamilton (1995) shows that the first publication of TRI data caused a drop in stock market value for
companies that reported toxic emissions, and Konar and Cohen (1997) show that the larger this drop, the more
firms reduced their emissions after the publication of the data. I also suggest that citizens in general make firms
accountable for their environmental standards, through actual and potential lawsuits. This claim is supported by
Heal (2008)’s account that in the United States most companies live in fear of lawsuits. As Heal (2008) notices, since
the passage of the Compensation and Liability Act in 1980, US companies pay for the harm created by pollution,
even if at the time at which the polluting behavior occurred the company did not violate the law. Moreover, an
Internet search locates about 20 lawsuits that began between 1984 and 2012, brought against companies whose
emissions received press coverage; these lawsuits were started by environmental organizations and citizens groups,
lending support to a hypothesis, proposed by Baron (2003), that media coverage of environmental pollution helps
environmental organizations’ campaigns gain momentum. The cases are often solved with a settlement that prescribes
either the installment of polluting control technologies or the payment of civil penalties. Interestingly, lawsuits are
often against violations of the Clean Air Act or the Clean Water Act that the EPA fails to enforce.
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pers can mitigate this problem, by observing whether the plant pollutes and providing information

to the constituents. Let πip denote the probability that newspaper i writes an article about plant

p, given that the plant pollutes, and let π′ip denote the probability that newspaper i writes an

article about plant p, given that the plant does not pollute. I assume π′ip = �, which implies that

news cannot be fabricated and that only negative stories are news, as in Besley and Prat (2006).10

Further, I assume that πip falls with the distance dip between the newspaper and the plant, i.e.,

πip = π(dip), and π′(dip) < 0. Two aspects motivate this assumption. First, if the newspaper is

located within a certain distance from the plant, the constituents and the local newspaper’s readers

substantially overlap.11 The demand for news about the plant decreases with distance, as readers

farther away from the plant are less affected by its toxic emissions. Second, the cost of coverage

(e.g., of traveling to the plant for information and interviews and the journalist’s utility cost of

writing an article) likely increases with distance.12 Figure 1, which plots coverage of toxic emis-

sions against plants’ distance from newspapers in the United States, supports the assumption that

coverage and distance are negatively related.13

[FIGURE 1 AROUND HERE]

Specifically, the plot shows an inverse relationship between the probability that a polluting plant

receives press coverage and its distance from the newspaper. Further, the probability of coverage is

shown to go to zero as the distance of the newspaper from the plant approaches 80 km. Therefore,

I refine the assumption of a negative relationship between probability of coverage and distance as

follows:

Assumption 1. 14

πip =

{
1
dip

if dip ≤ 80 km

0 otherwise.
(1)

Let N be the total number of newspapers in the economy. The probability Πp that any newspaper

writes a story about plant p after learning that the plant pollutes is equal to:

Πp = 1−
N∏
i=1

(1− πip).

10This assumption can be relaxed to one wherein newspaper stories are more likely to be negative than positive.
11The implicit assumption that newspapers sell in an area near their headquarters is especially plausible for local

newspapers. Section 3’s empirical analysis focuses on local US newspapers.
12I assume that the utility cost is lower if the journalist has a direct interest in shaming a polluting plant, such as

if the journalist works and lives in the same area as the plant.
13In Figure 1 the dots are means, and the line connects the fitted values from the regression of coverage on the

inverse of distance.
14I assume that coverage is null for distances above 80 km. While it would be ideal to verify this assumption

in the data, this would require calculating in ArcGIS the distance between any of the about 25,000 plant-by-year
observations for which I measure coverage and any of the about 1,500 local US newspapers. For simplicity, I limit this
calculation to plant-newspaper pairs that are within a distance of 80 km from each other and base my assumption of
zero coverage beyond 80 km on the observation that coverage approximates zero as distance approaches 80 km.
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For very small πip, this is approximately equal to:

Πp ≈
N∑
i=1

∂Π

∂π
∆πip =

N∑
i=1

πip =

N∑
i=1

π(dip) = Π(dip). (2)

As in Besley and Prat (2006), implicit in this setup is the assumption that all newspapers have

access to the same information, reflecting exactly the type of information flow that I exploit in the

empirical analysis in Section 3.

Equation (2) and Assumption (1) imply that each plant’s probability of news coverage is:

Π(dip) ≈
N∑
i=1

1

dip
(3)

I define
∑N

i=1
1
dip

as the newspapers density.

The probability, then, that a plant is covered increases with its newspapers density. Since

coverage decreases the firm’s expected profits by inciting constituents’ reaction, firms respond to

higher newspapers density by reducing their pollution.

Further, notice that since plants only pollute when newspapers density is sufficiently low, and

since lower newspapers density decreases the probability of coverage, the probability that a polluting

plant is covered in this framework is very low.

In the empirical analysis I will test the implications of this simple conceptual framework, which

are that a plant’s emissions decrease and its probability of coverage increases along with its news-

papers density, while overall coverage is rare.

2 Data and Variables Description

Toxic Emissions. I use data on toxic emissions collected by the EPA’s TRI program. Starting in

1989, plants with more than 10 employees that operate in certain sectors (primarily in manufac-

turing) and that manufacture, process, or otherwise use any of about 650 toxic substances above

certain thresholds must annually report the quantity of each toxic substance released into the air,

water, and land.15 Figure 2 shows the location of plants reporting their toxic emissions in the United

States in 2009, the last year of the sample.16 I use information on total plant-level emissions, the

industry in which a plant operates, and its exact longitudinal and latitudinal location.17

This is an unbalanced panel; there are 40,269 unique plants, forming 311,694 plant-by-year

observations. The plants report from a minimum of one year to a maximum of 14 years, with an

15If the quantity released is under 500 pounds, firms can choose not to report the quantity released and will just
submit a form that certifies that they manufacture some of the listed toxic substances; for these cases, emissions are
set to zero. This exception does not hold for Persistent, Bio-accumulative, and Toxic (PBT) chemicals.

16I exclude from the sample plants located in Alaska and Hawaii because when I calculate distances and demo-
graphics in an area around the plant, I project the geocoded data in an equal distance projection. The optimal
projection for Alaska and Hawaii is different from that for the mainland United States.

17Firms can update their data on emissions when they discover mistakes in previous reporting. Updated data on
emissions from 1989 to 2013 can be accessed on the EPA website. However, for the purpose of the current research
I use original data on emissions because I am interested in the information that was available to newspapers at the
time the data were published. These data were provided by the EPA for the years 1996 to 2009.
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average reporting period of 10 years. All emissions quantities are reported in pounds, except dioxin,

which is reported in grams. The mean amount of annual emissions per plant is 201,076 pounds,

with a standard deviation of 3,987,090.18

Newspapers Density. To measure plant-level newspapers density, as defined in equation (3),

I use a dataset based on information published on the website Chronicling America, which reports

almost all US newspapers with their locations by city, their years of founding, and (if relevant) clo-

sure. I extract the sample of English language daily local newspapers from the original collection,

search for their postal addresses, and geocode this information in ArcGIS to derive their latitudes

and longitudes. There are about 1,500 newspapers every year in my sample. NewspapersDensitypt

is computed as the sum of all newspapers within an 80-km radius around plant p at time t, weighted

by the inverse of their distance from the plant. While the choice of an 80-km radius is somewhat dis-

cretionary, ex-post it seems to be reasonable, as press coverage goes to zero as the radius approaches

80 km.

Newspaper Coverage. Press coverage of plants’ toxic emissions is computed as follows. First,

among the plants that appear in the TRI dataset, I select those that were among the state’s top 20

polluters at least once in the analyzed period (1996–2009). Since the TRI data are released by the

EPA with a two-year lag, I then search for articles covering these plants between 1998 and 2010.19

I use a program called Imacros to iteratively search Newslibrary, a US newspapers archive, for each

plant-by-year observation in the selected sample. The search returns articles pertaining the plant

that were published within 20 days from the release of the TRI data, based on a short form of the

name of the plant, the abbreviation “EPA,” and the name of the city or county where the plant is

located. Figure 3 shows an example of the search output. After extracting the newspaper articles,

I keep only those that cover the plant’s toxic emissions as reported in the TRI.20 For the articles

published in newspapers within 80 km from the plant, I report the exact distance between the plant

and the newspaper and use these to produce Figure 1, merging the press coverage dataset with

that on plant distance from any newspaper located within the radius. This merge, based on the

name of the newspaper, is performed using Mathematica. Finally, I construct the variable Cpst, a

dummy taking the value of 1 if plant p in state s receives press coverage in year t.

Universities Density. The variable UniversitiesDensity is constructed in the same way as

NewspapersDensity. I use data published by the US National Center for Education Statistics,

which lists all universities offering four-year programs and their postal addresses. I use the addresses

to geocode their locations and obtain their latitudes and longitudes.21

Other Controls. The control variables I use come from US Census data. I download census

block-group data for each variable of interest.22 Using ArcGIS and Geospatial Modeling Environ-

ment, I then calculate the weighted average (by area) across the census block groups that overlap

18A potential concern is that the TRI data are self-reported. In Appendix B I discuss why this is unlikely to be a
major issue.

192009 data were released in December 2010.
20Newslibrary archives articles from 4,508 newspapers, TV and radio stations, newswires, and transcripts.
21The list of universities is updated to the date upon which I accessed the National Center for Education Statistics

website (June 2012). Therefore, universities density is measured with error if some universities were opened or closed
more recently.

22A census block group is a cluster of census blocks that contains between 600 and 3,000 people, with an optimum
size of 1,500 people.
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with the 8-km rings from the plant. I use the US Census data for the years 1990, 2000, and 2010

and interpolate the values in between using a natural cubic spline.

I estimate the effect of newspapers density on coverage, Cpst, limiting the sample to plants that

were among the state’s top 20 polluters at least once in the period analyzed. Panel A of Table 1

shows summary statistics for this sample. As predicted, coverage is rare: only 4% of the plant-by-

year observations in the sample receive some coverage of their toxic emissions. The average number

of newspapers in the rings is about eight. Figure 4 shows the number of articles by state published

between 1998 and 2010. The variance in the total number of articles by state is high, with the

value ranging from 0 in Delaware, Kentucky, Minnesota, and Nebraska, to 152 in California.

[TABLE 1 AROUND HERE]

To analyze the effect of newspapers density on toxic emissions, I consider the entire plant sample,

studying emissions determinants between 1996 and 2009. Panel B of Table 1 shows summary

statistics for this sample.

3 Results

3.1 Newspapers Density and Coverage

I first analyze how the probability that a plant is covered by any newspaper is affected by newspapers

density. I estimate the following equation:

Cpst = α0 + α1NewspapersDensitypt + µst + εpst (4)

where Cpst is a dummy for coverage of plant p in state s in year t, and µst are state-by-year fixed

effects. I also show regressions where the dependent variable is the number of articles featuring plant

p in state s at time t. The parameter estimates are reported in Table 2. When I estimate equation

(4) on the entire plant sample for which I collected coverage data (i.e., ever a top 20 polluter), I find

no significant relationship between newspapers density and the coverage variables (see columns (1)

and (2)). This is not surprising given the rarity of coverage and the ambiguous effect newspapers

density has on it: on the one hand, greater newspapers density increases coverage by increasing the

number of newspapers that might report on toxic emissions; on the other hand, it reduces coverage

when firms anticipate the threat and preemptively lower their emissions. Therefore, it is hard to

detect newspapers density’s effect on press coverage in this sample.23 I thus focus on states where

coverage is high, i.e., those where the number of computed articles by state is larger than the 90th

percentile between 1998 and 2009.24 In this subsample the variation in coverage is larger, since

10% of the plant-by-year observations are covered; average newspapers density is also larger than

in the sample of “low coverage states.” Columns (3) through (6) in Table 2 present the results for

this reduced sample. Newspapers density raises both the probability of coverage (columns (3) and

23I discuss this issue further in Appendix A.
24The 90th percentile is equal to 69.
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(5) of panel A) and the number of articles (columns (4) and (6) of panel A). Columns (5) and (6)

of panel A show that this association is robust to the introduction of a large set of controls.25

[TABLE 2 AROUND HERE]

Further, in panel B I show that greater newspapers density increases coverage in newspapers

located near the plants (i.e., within 80 km), whereas its effects on coverage in newspapers farther

away from the plant (i.e., beyond 80 km) is smaller and statistically insignificant, while still positive.

This lends support to the hypothesis that newspapers density affects coverage because newspapers

are more likely to cover plants that they are geographically closer to. If newspapers density was

spuriously correlated with plant’s newsworthiness, it should raise press coverage of a plant in any

newspaper, not only in those geographically closer to the plant; the estimated effect of newspapers

density on coverage should thus be the same for any newspaper, regardless of its location with

respect to the plant.26

According to the estimate in column (5) of panel A, if newspapers density increases by one unit,

the probability of toxic emissions coverage increases by 0.099. In the estimation sample, if a plant

moves from the 25th percentile (0.24) of newspapers density to the 75th (0.78), then the probability

of coverage in newspapers increases by 0.05, equal to nearly 50% of the average probability of toxic

emissions coverage in the estimation sample. Although the overall probability of coverage of toxic

emissions is low, this is a very large effect.

3.2 Newspapers Density and Toxic Emissions

3.2.1 Preliminary Analysis

I now turn to the main question and test whether plants located in areas with higher newspapers

density pollute less. In the main part of the analysis, I estimate the following equation:

log emissionspcit = β0 + β1NewspapersDensitypt + β2Xpt + µct + ηi4 + εpsit (5)

where log emissionspcit denotes log toxic emissions from plant p in county c and 4-digit industry

i at time t, Xpt is a full set of controls measured at the plant level, µct are county-by-year fixed

effects, ηi4 are 4-digit Primary NAICS industry-group fixed effects, and NewspapersDensitypt is

the measure described in Section 2.27,28 In practice, I compare plants that operate in the same

25The controls, measured in 8-km rings around the plant, are: log population density and log income (continuous
values and dummies for different percentiles of these variables), share of people living in an urban area, share of
female residents, share of African-Americans, share of Hispanics, share of people with high school diplomas or some
college, share with associate diplomas or more, share aged below 20, share aged above 65.

26The positive relationship between newspapers density and probability of coverage in newspapers near the plant
is in part mechanical, since zero newspapers density implies zero coverage in newspapers within the 80-km radius.
However, the estimates in panel B are practically unchanged when restricting the analysis to plants with newspapers
density greater than zero (results available upon request).

27I perform the analysis on log emissions, since the emissions distribution skews highly to the right. Given that
emissions can be equal to 0, I add a constant equal to 1 to the original value of emissions.

28NAICS, the North American Industry Classification System, is used in Canada, Mexico, and the United States
to classify business establishments based on their economic activity.
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county and year.29

The main challenge in identifying the parameter β1 in equation (5) is that newspapers density is

likely correlated with plant- and location-specific characteristics that differ within a certain county

and year and that also affect toxic emissions. For this reason, I control for observable features such

as industry subsector and a whole set of demographic characteristics within an 8-km radius from

the plant’s location.

Since some correlation of newspapers density with unobservables would still undermine a causal

interpretation of the estimated β1, I attempt to assess whether this correlation is likely to be high,

based on that between newspapers density and the observables. Specifically, I follow the strategy

in Lim, Snyder Jr and Stromberg (2014), testing the correlation between newspapers density and

observable characteristics that appear to be predictors of toxic emissions. This entails first regressing

log emissions on the industry-group fixed effects and some location characteristics:30

log emissionspcit = γ0 + γ1Xpt + ηi4 + εpsit (6)

Then, I regress the predicted log emissions from (6) on NewspapersDensity and county-by-year

fixed effects, i.e.,

ŷpcit = ϑ0 + ϑ1NewspapersDensitypt + µct + εpsit, (7)

where ŷpcit are predicted log emissions from equation (6). As shown in column (1) of Table 3, news-

papers density correlates significantly with toxic emissions predicted by observable demographic

characteristics, suggesting that it likely correlates with some unobservables as well.

To address this concern, I again adopt the strategy developed by Lim, Snyder Jr and Stromberg

(2014) and predict the probability that a plant’s newspapers density is larger than the median value

in the sample, based on the plant’s population density and per capita income, as well as dummies

for values of these two variables falling within five percentiles. I choose population density and

income based on the account in Gentzkow, Shapiro and Sinkinson (2010) that population and

income explain most of the variation in newspapers’ entries into and exits from US counties. I then

select a trimmed sample that excludes observations whose predicted probability of being above the

median value of newspapers density is under 25% or over 75%. These are observations where the

correlation between newspapers density and its most relevant determinants (i.e., population density

and income) is greatest. Once we exclude these observations, newspapers density no longer appears

to correlate with emissions as predicted by the observables (column (2) of Table 3). It is thus more

likely that in this sample newspapers density also correlates less with the unobservables. After

estimating the effect of newspapers density on toxic emissions in the full sample, therefore, I will

check the robustness of my estimates in this trimmed sample, where selection on unobservables is

less likely to be a source of bias.

[TABLE 3 AROUND HERE]

29Notice that there is only a limited time variation in NewspapersDensity generated by newspapers entry and
exit. Therefore, I do not exploit the panel dimension of the dataset.

30The location characteristics are the same as listed in Section 3.1.
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3.2.2 Estimates

I estimate equation (5) using plant-level data on toxic emissions during the period 1996–2009. The

estimation results are shown in Table 4. I first show estimates from the full sample of TRI plants

(columns (1) to (3)) and then restrict the analysis to the trimmed subsample described above.

[TABLE 4 AROUND HERE]

Column (1) reports the baseline estimate of equation (5), where I only control for county-by-year

fixed effects. As predicted in Section 1, newspapers density correlates negatively and significantly

with toxic emissions. The estimate in column (1), however, is not necessarily causal. I now address

robustness to the inclusion of controls (with additional discussion in Appendix C).

I include industry-group fixed effects to account for differences in plant type. Further, I control

for the most likely location-specific correlates of toxic emissions and newspapers density, using de-

mographic variables measured near each plant. The argument in Gentzkow, Shapiro and Sinkinson

(2010) mentioned above guides the selection of some of these variables. Specifically, I control for

the logarithms of population density (Log Pop Density) and income per capita (Log Income) within

an 8-km radius from the plant. I also allow for these two variables to produce nonlinear effects,

including dummies for realizations of Log Pop Density and Log Income within different percentiles.

As shown in column (2), the coefficient is still negative and statistically significant, although it

decreases in magnitude.

Other local characteristics might correlate with emissions and newspapers density; therefore,

column (3) shows robustness to controlling for a few additional variables. These include a measure

of urbanization near the plant, Share Urban (share of people living in urban areas), since newspa-

pers are likely located in more urban areas. Also, emissions and newspapers density are likely to

correlate with local preferences for environmental protection. I proxy these local preferences with

the share of people with tertiary education (Share Tertiary Edu) near the plant, under the assump-

tion that more educated people demand more environmental amenities.31 Further, the literature on

environmental justice suggests a positive association between pollution and the share of minorities

living in neighborhoods surrounding industrial production (Bullard, 1990). Consequently, I control

for the share of African-Americans and people of Hispanic origin (Share Black, Share Hispanic). I

also include three measures of the demographic composition of the population, Share Young (people

under 20), Share Old (people over 65), and Share Female, and the share of people with high school

education and some college (Share High School Edu) to account for the observation that a more

educated workforce may make it easier to adopt a new clean technology.

The estimate of β1 is remarkably stable to these additional controls. Using a measure developed

by Altonji, Elder and Taber (2005) and adapted to the continuous case by Bellows and Miguel

(2009), I conclude that the selection on unobservables should be 0.8 times as large as the selection

on observables in order to drive the point estimates for β1 to zero. This is not a large number,

31US residents’ responses to the World Value Survey show that individuals with higher education are in general
more in favor of environmental protection (see Figure 5). This is in line with other survey evidence, as in Fleishman-
Hillard and the National Consumers League (2007), that “environmental preferences in a society strongly depend on
demographic characteristics such as education or technological development” (61) (Kitzmueller and Shimshack, 2012).
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and we might therefore worry about bias due to a spurious correlation of newspapers density with

unobservables. However, two considerations are in order. First, the unconditional point estimate

is sensitive to the addition of some of the controls, specifically the industry-group fixed effects,

population density, and income. Once these are taken into account, the estimated β1 appears very

stable to the addition of a large number of control variables. Further, restricting the analysis to the

trimmed sample, selected as described above, does not influence the estimated effect of newspapers

density on toxic emissions substantially (see column (4)). If anything, the coefficient estimate in

the trimmed sample is larger. This last finding suggests that the estimated effect of newspapers

density on toxic emissions is unlikely to be biased because of correlation with unobservables, since

in the trimmed sample newspapers density is not correlated with the observables.

The estimated effects are sizable. Consider a plant that moved from a location 5 km away

from one newspaper to a location 5 km away from three newspapers. This is roughly equivalent

to moving the plant from the 25th (0.17) to the 75th (0.58) newspapers density percentile in the

estimation sample. According to the estimates in column (3), emissions would go down by 2.8%. In

the trimmed sample, where the 25th percentile of newspapers density is 0.21 and the 75th percentile

is 0.57, the estimated effect of this movement is equal to a 4% reduction in emissions.

As will be shown in Section 3.3.1, in a subsample of plants that are more exposed to constituents’

pressure this effect is substantially larger.32,33

3.2.3 Robustness Check: Universities Density and Toxic Emissions

The estimated coefficient on newspapers density in columns (3) and (4) of Table 4 is identified

under the assumption that newspapers density is uncorrelated with the error term, conditional on

the other included variables. In this section, I perform a placebo test that supports this assumption’s

validity: I check whether universities density correlates with toxic emissions.34

Universities, like newspapers, are arguably more often located in urban areas, where there are

more residential amenities and where people have stronger civic attitudes.35 Therefore, if the

negative association between newspapers density and toxic emissions is due to these uncontrolled-

for characteristics, a measure of universities density, constructed in the same manner as newspapers

density, should correlate with toxic emissions after including county-by-year fixed effects and all

32A concern might be that 4-digit industry fixed effects leave some plant-level heterogeneity in production processes
uncontrolled for. However, estimating equation (5) with 6-digit rather than 4-digit fixed effects delivers coefficients
very similar to those reported in Table 4, in both the full and trimmed samples. The estimates are only slightly
less precise, which is not surprising, as the variation exploited in this specification is lower (results available upon
request).

33Based on the results in Table 2 and the additional discussion in Appendix A, we would expect newspapers density
to have a larger effect on toxic emissions in high coverage states. This is indeed what I find when I reproduce the
estimates in Table 4 separately in the “low coverage states” and “high coverage states” samples (results available upon
request).

34I compute universities density analogously to newspapers density. See Section 2 for details.
35Dee (2004) argues that the presence of universities might improve civic attitudes not only by raising college

attendance but also by diffusing a “youth-oriented and politically aware culture that promotes the civic engagement
of teens independently of its effects on educational attainment” (1706). He provides evidence of this spillover, showing,
for instance, that “nearness to four-year colleges is associated with increases in the probability of graduating from
high school as well as significant increases in sophomore-year civics knowledge” (1706). The evidence provided in Dee
(2004) is specific to universities awarding four-year degrees; therefore, I measure universities density only considering
institutions of the same kind.
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the controls. Using the specification in equation (5), but replacing NewspapersDensity with

UniversitiesDensity, I thus estimate

log emissionspcit = ϕ0 + ϕ1UniversitiesDensitypt + ϕ2Xpt + µct + ηi4 + εpsit. (8)

As shown in Table 5, universities density unconditionally correlates with toxic emissions (column

(1)). However, once I control for the variables described above, the point estimate for ϕ1 becomes

statistically insignificant (columns (2) and (3)). Moreover, controlling for universities density in

equation (5) leaves the estimated coefficient on newspapers density practically unaffected. The

same holds in the trimmed sample (result available upon request). If many of the unobserved

characteristics defining a location with high newspapers density overlap with those associated with

high universities density, this makes a good case for a causal effect of newspapers density on toxic

emissions.

[TABLE 5 AROUND HERE]

3.3 Mechanism

3.3.1 Local Health Salience

I test whether firms react more to newspapers density in places that are more vulnerable to adverse

health shocks. In Section 1 I theorized that the constituents do not know how much a plant pollutes,

and that press coverage of pollution can correct this informational asymmetry. If the constituents’

interest in pollution is dictated by their concerns about its health effects, the more adverse are the

health conditions at a given location, the more likely it is that constituents both ask for information

about toxic emissions and respond to press coverage by taking action against the firm. The presence

of newspapers near the plant thus creates larger incentives to cut toxic emissions as the health and

environmental outcomes in the area around the plant deteriorate.

I use county-level data on infant mortality and mortality by cancer, provided by the US De-

partment of Health and Human Services in the Area Resource Files.36 I test the hypothesis that

the effect of newspapers density is larger in counties where in the past there were extreme health

outcomes by estimating the following equation:

log emissionspcit =δ0 + δ1NewspapersDensitypt + δ2Xpt

+ δ3NewspapersDensitypt ∗ H̃c + µct + ηi4 + εpcit
(9)

H̃c equals 1 if, alternatively, the level of infant mortality or of mortality by cancer is larger than

the 90th percentile in the respective cross-county distributions. I choose to measure the extreme

negative health outcome with this dummy to identify a situation of“alarm”that most likely captures

36Infant mortality is the county-level number of deaths of infants aged under one year per 1,000 live births; mortality
by cancer is the county-level share of deaths caused by cancer. Data at a lower level of aggregation are not available.
Figure 6 shows the distributions of infant mortality and mortality by cancer in the estimation sample. For infant
mortality I use a measure for the years 1991 to 1995, whereas the earliest measure of mortality by cancer available
is for the years 1998 to 2000. Since mortality by cancer might be affected by emissions themselves, I use only years
after 2000 when running the regression for this measure.
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the attention of people living in the county. Given this definition, about 5% of TRI plants are located

in 132 counties with extreme levels of infant mortality, and about 6% of TRI plants are located in

86 counties with extreme levels of mortality by cancer.

The estimates of δ3 in Table 6 differ substantially across the two different measures of H̃c.

The negative effect of newspapers density on toxic emissions is remarkably larger in counties that

were subject to extreme levels of mortality by cancer (see column (1)). However, there is not a

greater effect in counties that have experienced extreme levels of infant mortality (see column (2)).

This might suggest that the larger effect estimated in column (1) is not due to higher awareness

of health issues, since it is not robust to using an alternative health measure. Nevertheless, an

equally plausible explanation is that cancer is a more salient problem than infant mortality in the

United States. As shown in Figure 7, based on a Google Trends output, the number of Google web

searches for the word “cancer” in the United States during the years 2004 to 2009 is substantially

larger than those for “infant mortality.”37 If US residents are in general more concerned about

cancer, mortality by cancer is a better measure of the existence of a local “health alarm,” and

therefore it is more suitable to estimate the effect of newspapers density on toxic emissions where

there is higher awareness of health issues.38

3.3.2 Consumer Pressure

Based on the conceptual framework in Section 1, when faced with a high concentration of newspa-

pers at their plants’ locations, firms have incentives to adopt good environmental practices because

they want to avoid drops in demand due to bad press. Gupta and Innes (2011) show that high

emitters of toxic substances are more likely to be targeted for a boycott and that firms are more

likely to adopt an environmental management system and an environmental protocol after being

subjected to a boycott. Similarly, Innes and Sam (2008) show that the threat of boycott is positively

associated with corporate environmentalism.

Firms in certain industries are more exposed to boycotts than are firms in other industries.

Gupta and Innes (2011), for instance, conjecture that firms that sell consumer goods are more

likely to be targeted for a boycott.39 If newspapers play a substantial role in giving (or threatening

37The graph in Figure 7 is based on the weekly percentage of all searches for “infant mortality” and “cancer” within
the United States in the period 2004 to 2009. Earlier data are not available. The week when the percentage was
highest takes value 100, and the other values are defined as a percentage of that. The figure shows that at any point
in time the number of searches for “infant mortality” is a tiny percentage of those for “mortality by cancer.”

38An example of the interaction between press coverage and alarming health statistics is provided by the following
account, which is extracted from the communication of a lawsuit against a polluting firm, given by Bell Legal Group
on its website:

Mounting concern over ongoing toxic emissions, water contamination, and noxious odor pollution, cou-
pled with a wave of recently published negative health statistics, triggered Georgetown citizens to
question the safety of the facility’s operating practices and to demand accountability for environmen-
tal abuse. The public outcry began when a study using published EPA data, along with accepted air
modeling techniques, brought national attention to the poor air quality surrounding several Georgetown
schools in 2008. That sparked numerous reports by local media sources, spotlighting South Carolina
Department of Health and Environmental Control (SCDHEC) data showing elevated asthma and cancer
rates in Georgetown County.

(http://www.belllegalgroup.com/media-spotlight/media-coverage-firm-news/bell-legal-group-files-suit-against-
international-paper-ip/)

39Although in their data they find a positive but not significant effect of selling final goods on the probability that
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to give) relevant information to organized groups of consumers, then the effect of newspapers density

should be larger for firms that produce consumer goods. In Table 6, I test for this implication by

estimating the following equation:

log emissionspt = λ0 + λ1NewspapersDensitypt + λ2Xpt

+ λ3NewspapersDensitypt ∗ ConsumerGoodi4 + µct + ηi4 + εpt
(10)

I construct the variable ConsumerGood as follows: I look at the description of the 4-digit Primary

NAICS and classify the group as selling consumer goods if it is clear that the goods produced

are mainly destined to the final consumer (for example, “Apparel Manufacturing”). When the

description is not informative enough, I look specifically at the plants listed in the group and

classify them according to the plants’ main activity. In the absence of a clear indication that the

subsector produces consumer or intermediate goods, I code the variable consumer good as missing.

Table 10 lists the subsectors classified as selling consumer goods and those classified as selling

intermediate goods.40

[TABLE 6 AROUND HERE]

In column (3) of Table 6, I show that the effect of newspapers density on emissions is sig-

nificantly larger in subsectors that mostly sell consumer goods. In fact, I estimate no effect of

newspapers density on toxic emissions for plants that sell intermediate goods, whereas the effect

appears economically and statistically significant for consumer goods producers. For these con-

sumer goods producers, moving a plant from the 25th to the 75th percentile of newspapers density

would correspond to a reduction in toxic emissions by about 18%.

The fact that newspapers density lowers emissions only for plants that sell consumer goods is

consistent with the evidence on plants’ responses to actual coverage, which I present in the next

section.41

a firm is the target of a boycott, Gupta and Innes (2011) do not interpret the result as evidence that selling final
goods has no effect on the probability of a boycott; they instead argue that the insignificant effect is due to the
introduction of industry controls that remove much of the available variation and to the limitations of their main
measure of environmental constituency.

40Some subsectors in the “Consumer Good” category are the following: “Electric Power Generation, Transmission,
and Distribution,” which lists companies like American Electric Power and Edison; “Dairy Product Manufacturing,”
which lists companies such as Beatrice Cheese, Kraft Foods, and Kellogg’s Snacks; “Household and Institutional
Furniture and Kitchen Cabinet Manufacturing,” which includes American Woodmark Corp and Bassett Furniture
Industries; “Beverage Manufacturing,” which lists Coca-Cola and Pepsi. These are all companies with high proximity
to consumers.

41The effect of newspapers density on toxic emissions could be larger in subsectors selling consumer goods for reasons
other than consumer pressure. Plants selling consumer goods appear different from those selling intermediate goods,
based on observable characteristics. The most economically and statistically significant differences are the following
(data available upon request): plants selling consumer goods emit more toxic substances, are located in areas that
have lower newspapers, population, and universities density, and are poorer and less urbanized. However, there are
no clear reasons as to why any of these features should make plants more responsive to newspapers density. Although
I cannot provide conclusive evidence in favor of the “consumer pressure” story, it appears the most compelling.
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4 Coverage and Toxic Emissions

I now estimate the effect of actual coverage on toxic emissions, exploiting within-plant variation in

these two variables.

In Section 3.3.2 I show that only in the subsample of plants producing consumer goods is there a

relationship between newspapers density and toxic emissions. These plants should then also respond

more to coverage when it occurs. To investigate this, I split the sample between plants that sell

consumer goods and plants that sell intermediate goods and estimate the following regression on

each of these samples:

log emissionspst = σ0 + ρ−1(T − 1)pt + ρ0Tpt + ρ1(T + 1)pt + σ1Xpt + µst + ϕi + χt + εpt (11)

where (T − 1) is a dummy indicating one year before the plant receives press coverage from a

newspaper within its 80-km ring, T indicates the year of press coverage, and (T + 1) corresponds

to one year after press coverage. ϕi and χt are plant and year fixed effects, respectively. The other

terms are as defined in the previous sections.

The coverage data apply to about 1,600 plants observed between 1998 and 2009.42 Of these,

about 600 are in the “consumer goods” category. The panel is unbalanced, as some plants enter the

sample after 1996, some appear with gaps, and others leave the sample before the end of the period

(2009). There are several reasons why plants might not report in one or more years. For instance,

some plants start producing after 1996. Other reasons include a temporary or permanent halt in

production or a change that allows the plant not to report for a certain period (e.g., the number of

employees falls below ten or the plant no longer processes any of the chemicals reported in previous

years). If these changes are in any way correlated with press coverage, then the estimates of the

effect of coverage on toxic emissions would be inconsistent due to sample selection. For this reason,

in Table 7 I report estimates for the full sample, as well as only for plants that, once they enter the

sample, do not leave it until the last year (2009).43

[TABLE 7 AROUND HERE]

Panel A shows the results for plants selling consumer goods. In column (1) I estimate the

simplest specification, which includes only plant and year fixed effects. In the year of press coverage,

emissions are lower by 25% with respect to average emissions at the plant. In the year following press

coverage, they are 10% lower, although this coefficient is not precisely estimated.44 I exploit the

42As noted in Section 2, the release of toxic emissions data and their newspaper coverage occurs with a two-year
lag. Coverage data are thus collected starting from 1998 rather than from 1996, which is the first year of the toxic
emissions data in this paper.

43Notice that this panel, though it has no gaps, is still unbalanced, as some plants report since the beginning, while
others start their activity or their reporting later during the sample period.

44That toxic emissions drop in the same year when coverage occurs is plausible, since the timing of coverage,
dictated by the dates when the EPA published the data, is such that firms have time to adjust their emissions before
submitting new data. Specifically, firms submit their reports to the EPA on the first day of July of each year, covering
emissions through the previous calendar year; the data are then published with a two-year lag, often in the first half
of a calendar year. More precisely, the following are the 20-day time windows since the yearly publication of the data
over which I measure coverage: June 18, 1998–July 8, 1998; May 13, 1999–June 2, 1999; May 11, 2000–May 31, 2000;
April 11, 2001–May 1, 2001; May 23, 2002–June 12, 2002; June 30, 2003–July 20, 2003; June 24, 2004–July 14, 2004;
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precise timing of coverage, showing that emissions start dropping exactly in the year when coverage

occurs, whereas there is no evidence of a different trend the year before coverage.45 Nevertheless, the

estimated decline in emissions might not be the result of press coverage itself. Coverage might follow

increased local demand for less pollution, which could cause a drop in toxic emissions regardless of

coverage. It might also be spurred by exceptionally high toxic emissions, followed by a reversion

to the mean. Finally, it might be caused by an expansion of production, which would make the

plant more newsworthy, thus increasing scrutiny from environmental groups and regulators; these

would pressure the firm to reduce toxic emissions independent of media coverage. These alternative

scenarios would explain the observed decline in toxic emissions only if they cause a drop in toxic

emissions exactly in the year of coverage, which seems unlikely. Moreover, I show that the estimated

effect is robust to introducing state-by-year fixed effects (column (2)) and a large set of controls

(column (3)), pointing to a causal negative effect of newspaper coverage on toxic emissions from

plants producing consumer goods.

Columns (1) to (3) of panel B show the estimates of equation (11) for plants selling intermediate

goods. I do not find evidence that these plants reduce emissions in response to press coverage, con-

sistent with the fact that they do not respond to differences in newspapers density. This strengthens

the argument of accountability to consumer mechanisms, advanced in Section 3.3.2.

In columns (4) to (6) of panels A and B, I also show that these results are broadly maintained

in a panel without gaps. Excluding the plants that report with some gaps and those that leave the

sample before 2009 does not substantially change the results, as shown in columns (4) to (6). The

estimates are of the same order of magnitude as those in columns (1) to (3), although somewhat

smaller and less precise.

A few considerations are in order regarding plants’ exit from the sample.

First, the estimates in columns (4) to (6) might suffer from sample selection, as much as those

in columns (1) to (3). This is the case if plants that report with some gaps or that leave the sample

before 2009 are more or less responsive to press coverage than others.

Second, the potential bias induced in columns (1) to (3) by plants leaving the sample is likely

to be downward, driving the estimate of the effect of interest to zero. Specifically, this would be

the case if some plants temporarily interrupt or permanently halt their production because of press

coverage. An upward bias instead might be caused by plants that are covered and do not report

for some years in the postcoverage period, when their true emissions might be higher than their

average emissions. This would happen if there is a lot of misreporting from plants that are “in

the spotlight”; however, as discussed in Appendix B, this appears to be unlikely, especially for big

polluters.

Finally, plants that are covered do not appear more likely to have gaps in reporting or to leave

May 23, 2005–June 12, 2005; April 12, 2006–May 2, 2006; March 22, 2007–April 11, 2007; February 21, 2008–March
12, 2008; March 14, 2009–April 3, 2009. For example, a plant that reports toxic emissions in 1996 will see its data
released in June 1998, with media coverage soon to follow. Then, on July 1, 1998, the plant will submit data for
1997, while the data for 1998, the year of coverage, will be submitted in July 1999.

45When I add a dummy indicating two years before coverage, none of the estimated coefficients remain significant,
and they change in magnitude or even in sign, most likely because over 600 observations are lost, thus reducing the
identifying variation further and exacerbating the unbalanced nature of the panel.

18



the sample before 2009.46 This suggests that a plant’s temporary or permanent exit from the

sample is unlikely to follow coverage, thus making the unbalanced nature of the panel less of a

concern in terms of sample selection.

5 Aggregate Effects

In this Section, I assess how economically significant is the effect of newspapers on pollution, by

providing a measure of the aggregate effect of newspapers density on toxic emissions in the United

States.

To properly compute aggregate effects, I first have to verify whether there is intra-firm substitu-

tion of toxic emissions. If part of the newspapers’ effect is to lead firms to move emissions from one

plant to another, the aggregate impact of newspapers on toxic emissions in the United States could

not be backed up from my estimates of equation (5). I thus first provide evidence that multi-plant

firms do not substitute toxic emissions across their plants in response to newspapers density. This

analysis is shown in Appendix C.

Then, I compute aggregate effects by conducting a counterfactual analysis, based on that in

Yanagizawa-Drott (2010). I use two sets of estimates from the previous sections: the effect of

newspapers density on plants’ toxic emissions in the whole sample, reported in column (3) of

Table 4, and the effect of newspapers density on plants’ toxic emissions in industries that produce

consumers goods, shown in column (3) of Table 6. As in Yanagizawa-Drott (2010), I define the

notion of counterfactual outcome yc as the outcome that we would observe had newspapers density

been zero for any observation in the sample. For example, this means that in equation (5),

emissionsptc = exp(log(emissionspt + 1)− β1NewspapersDensitypt)− 1 (12)

To account for the variance in the estimated parameters, I first generate a normal random variable

for each coefficient of interest, with a mean equal to the point estimate and a standard deviation

equal to the standard error.47 Then I extract a value from these distributions for each coefficient

of interest and calculate emissionsptc. Summing over each emissionsptc I get Yc, which is the

aggregate counterfactual. This is a measure of what the total level of toxic emissions would be, had

newspapers density been zero for any observation. I repeat this procedure 500 times, deriving a

mean and a standard deviation for Yc. Comparing the mean of Yc and the true aggregate emissions

Y in the sample of interest allows for an interpretation of the estimates in this paper in aggregate

terms.

The results of this exercise are reported in Table 11. In the full sample, the total lower emissions

accounted for by newspapers density are a bit less than 2% of the actual emissions. Further, in

the sample in which the effect is likely to bite the most, newspapers seem to have an economically

46Specifically, of the 614 plants in the consumer goods sample, 89 are covered at some point in time (some of them
are covered more than once); 2% of these temporarily exit the sample, versus 9% among those not covered, and 94%
remain in the sample until 2009, versus 90% among those not covered.

47The coefficients of interest are β1 in equation (5) and λ1 + λ3 in equation (10). The standard error for the
interaction model is calculated using the estimated variance and covariance matrix for the vector of estimates in the
respective equation.
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important impact on the environmental outcome studied. Without any newspapers in the 80-km

radius around the plants, toxic emissions from plants that produce consumer goods in the United

States in the years 1996 to 2009 would have been 12% larger.

6 Conclusion and Policy Implications

This paper assesses whether newspapers induce firms to reduce toxic emissions at their plants. I

show that the probability that a newspaper covers a plant’s toxic emissions falls approximately

inversely to its distance from the plant. Specifically, using newly collected data on the coverage of

toxic emissions in US newspapers and on the newspapers’ locations, I show that the higher a plant’s

newspapers density, the more likely it is that some articles about its toxic emissions are printed

in nearby newspapers. A simple theoretical framework predicts that plants located in areas with

higher newspapers density would thus pollute less, as firms want to avoid a decrease in expected

profits following bad press. The empirical evidence in this paper is consistent with this prediction:

if a plant moved from the 25th percentile of newspapers density to the 75th percentile, its toxic

emissions would be about 3% lower. I show that this association is not explained by selection on

observables, and it is unlikely to be explained by selection on unobservables.

The effect is larger in counties that have recently experienced extreme incidence of death by

cancer, suggesting that the probability that citizens take action against firms shamed as polluters

is higher under such circumstances. Moreover, the effect is larger in industries mainly producing

consumer goods, revealing an interaction between newspaper coverage and consumer pressure in

shaping corporate environmental decisions. To further this evidence, I use fixed-effect estimation

to analyze how toxic emissions respond to actual coverage by type of plant. I show that for plants

producing consumer goods, toxic emissions drop by about 28% in the year of coverage, whereas

there is no evidence of systematic changes the year before. Plants producing intermediate goods

do not appear to respond to coverage.

A counterfactual exercise suggests that if there were no newspapers within an 80-km radius from

the plants that report toxic emissions to the TRI, these emissions would be 2% greater. For plants

in industry sectors that mainly produce consumer goods, toxic emissions in this counterfactual

scenario would be 12% greater.

The substantial effect of the presence of newspapers on reported toxic emissions has several

policy implications. First, it gives important insight into the effectiveness of the principle of “Regu-

lation through Revelation”(Hamilton, 2005). Pollutant Release and Transfer Registers are currently

used in several countries and regions as an environmental policy tool aimed at reducing pollution.

The Kiev Protocol on Pollutant Release and Transfer Registers states that “although regulating

information on pollution, rather than pollution directly, the Protocol is expected to exert a signifi-

cant downward pressure on levels of pollution, as no company will want to be identified as among

the biggest polluters” (UNECE, 2003).48 The findings in this paper show that the availability of

48The protocol was adopted in May 2003, following the 1998 Convention on Access to Information, Public Par-
ticipation in Decision-making and Access to Justice in Environmental Matters, and establishes the first Pollutant
Release and Transfer Register with international scope. As of 7 January 2014, the Protocol has been ratified by 32
European countries and the European Union.
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information is not a sufficient condition to make people informed. The lower levels of emissions

reported by plants located near newspapers, paired with the documented effect of newspapers den-

sity on the probability of receiving bad press, reveals that people are more likely to be informed

when there are some “intermediaries” that “lower the costs to the public of public information”

(Hamilton, 2005). Absent these intermediaries, information provision programs might not reap

their potential benefits, de facto depriving policy makers of a potentially successful policy tool. A

more appropriate approach would require a focus on the incentives for information providers to

disseminate the information in the Registers.

More generally, these findings provide further evidence, beyond that summarized in Prat and

Strömberg (2011), for mass media’s influence on a range of outcomes. Some of the pollutants

reported to the TRI are carcinogens that cause an excess risk of mortality from cancer if released

in large quantity. Moreover, Currie and Schmieder (2009) show that specific chemicals in the TRI

impair birth outcomes, and Agarwal, Banternghansa and Bui (2010) estimate a negative effect

of TRI emissions on infant mortality.49 These facts, and the magnitude of the aggregate effects

for some categories of plants, suggest that it is not implausible that newspapers ultimately affect

human health. In the words of Hamilton (2005), “if the scrutiny generated by the TRI results in

fewer emissions of air carcinogens or lower emissions of toxic substances into waterways, the TRI

can (for a set of people who may never realize it) improve human health” (5). Given the importance

of citizens’ information about firms’ environmental performance, and given that geography creates

incentives for newspapers to write about a plant, it is important to understand the implications

of certain changes in the media markets, such as the spread of Internet access. As observed in

Snyder Jr and Strömberg (2010), the potential Internet audience being global, the incentives to

cover local plants might be low especially when it comes to small firms that produce at few localities

relative to global firms. As suggested in Snyder Jr and Strömberg (2010), the same reasoning also

applies to trends in newspaper concentration and in broadcast media substituting newspapers. The

findings in this paper suggest that these trends could decrease residents’ information about local

plants’ environmental performance, ultimately removing the incentives for many firms to control

toxic emissions that are detrimental to human health.

49They estimate that the average county-level decrease in the concentration of different TRI emissions observed
between 1998 and 2002 saved 13,800 infant lives.
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Table 1
Summary Statistics

Panel A: Top 20 Polluters

Variable Mean Std. Dev. Min. Max. Obs.

Articles 0.06 0.33 0 8 25270
Covered 0.04 0.2 0 1 25270
Pound Emissions (in 000) 2154.16 13849.5 0 1020807.5 25270
Newspapers Density 0.38 0.53 0 10.42 25270
Number Newspapers 8.08 7.4 0 40 25270
Pop Density 377.51 636.62 0.03 6452.45 25270
Per capita Income 25622.8 6675.11 7822.6 76345.34 25270
Share Urban 0.48 0.34 0 1.08 25270
Share Female 0.5 0.03 0.05 0.84 25270
Share African-American 0.09 0.14 0 0.9 25270
Share Hispanic 0.07 0.11 0 0.95 25270
Share Young 0.3 0.04 0.06 0.64 25270
Share Old 0.12 0.04 0 0.49 25270
Share High School Edu 0.55 0.07 0.21 0.78 25270
Share Tertiary Edu 0.27 0.11 0.01 0.74 25270
Universities Density 1.03 1.54 0 18.47 25270

Panel B: Full Sample

Variable Mean Std. Dev. Min. Max. Obs

Pound Emissions (in 000) 201.08 3987.09 0 1020807.5 311694
Newspapers Density 0.46 0.6 0 50.47 311694
Number Newspapers 10.26 7.53 0 40 311694
Pop Density 668.53 1155.01 0.01 17794.2 311694
Per capita Income 26984.24 7696.07 3022.94 98592.8 311688
Share Urban 0.61 0.34 0 1.08 311689
Share Female 0.5 0.02 0.01 0.86 311688
Share African-American 0.1 0.14 0 0.92 311688
Share Hispanic 0.09 0.13 0 0.96 311688
Share Young 0.3 0.04 0.05 0.64 311688
Share Old 0.12 0.04 0 0.54 311688
Share High School Edu 0.53 0.08 0.18 0.98 311694
Share Tertiary Edu 0.29 0.12 0 0.78 311694
Universities Density 1.61 2.22 0 75.86 311694
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Table 2
Newspapers Density and Coverage

Panel A: Overall Relationship between Newspapers Density and Coverage

Dep. var Covered Articles Covered Articles Covered Articles
High Coverage states

(1) (2) (3) (4) (5) (6)

Newspapers Density 0.002 0.005 0.081** 0.179** 0.099** 0.221**
(0.004) (0.007) (0.034) (0.075) (0.048) (0.097)

Observations 25,270 25,270 3,072 3,072 3,072 3,072
Controls NO NO NO NO YES YES
Adj R2 0.129 0.114 0.127 0.104 0.141 0.121
Mean y 0.041 0.057 0.10 0.158 0.10 0.158
SD y 0.198 0.328 0.300 0.577 0.300 0.577

Panel B: Relationship between Newspapers Density and Coverage by Type of Newspaper

Dep. var Covered in Ring Covered Out Ring Articles in Ring Articles Out Ring
High Coverage states

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

Newspapers Density 0.088** 0.038 0.166** 0.055
(0.042) (0.028) (0.070) (0.044)

Observations 3,072 3,072 3,072 3,072
Controls YES YES YES YES
Adj R2 0.108 0.101 0.117 0.086
Mean y 0.072 0.043 0.101 0.056
SD y 0.259 0.204 0.431 0.310
Standard errors clustered by county. State-by-year FE included in all the regressions. Controls include: log population
density, log income, dummies for values of ln pop density and ln income < the 10th, between the 10th and the 25th, between
the 25th and the 50th, and between the 50th and the 75th percentiles, share of urban population, share of female population,
share of African-Americans, share of Hispanics, share aged less than 20, share aged more than 65, share with high school
education, share with tertiary education.
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Table 3
Newspapers Density and Predicted Emissions

Full Sample Trimmed Sample
(1) (2)

Newspapers Density -0.109** 0.016
(0.042) (0.025)

Observations 311,280 212,826
Adj R2 0.136 0.110
Standard errors clustered by state. State-by-year FE included in all the regressions.
Dependent variable is predicted log emissions. The following variables were used to pre-
dict emissions: industry-group (four-digit Primary NAICS) fixed effects, log population
density, log income, dummies for values of ln pop density and ln income < the 10th,
between the 10th and the 25th, between the 25th and the 50th, and between the 50th
and the 75th percentiles, share of urban population, share of female population, share
of African-Americans, share of Hispanics, share aged less than 20, share aged more than
65, share with high school education, share with tertiary education.
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Table 4
Newspapers Density and Toxic Emissions

Full Sample Trimmed Sample
(1) (2) (3) (4)

Newspapers Density -0.153** -0.070* -0.066* -0.114**
(0.060) (0.036) (0.036) (0.051)

Log Pop Density -0.235*** -0.257*** -0.302**
(0.056) (0.061) (0.144)

Log Per capita Income -1.046*** -0.367 -1.423***
(0.266) (0.392) (0.494)

Share Urban 0.590* 0.720
(0.332) (0.436)

Share Female 0.339 0.989
(1.140) (1.832)

Share Black 0.214 -0.150
(0.364) (0.485)

Share Hispanic -0.672* -0.710
(0.349) (0.516)

Share Young -1.244 0.017
(1.013) (1.490)

Share Old -2.122 -1.077
(1.478) (1.930)

Share High School Edu 1.242 2.119*
(1.017) (1.239)

Share Tertiary Edu -1.474 -0.198
(1.026) (1.165)

Observations 311,694 311,280 311,280 212,826
4-digit Industry FE NO YES YES YES
Adj R2 0.065 0.255 0.255 0.246
Standard errors clustered by state. County-by-year FE included in all the regressions. De-
pendent variable is log(emissions+1). When Log Pop Density and Log Per capita Income are
controlled for, the regression also includes dummies for values of log pop density and log income
< the 10th, between the 10th and the 25th, between the 25th and the 50th, and between the
50th and the 75th percentiles.
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Table 5
Universities Density and Toxic Emissions

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

Newspapers Density -0.073**
(0.036)

Universities Density -0.090** 0.007 0.017 0.021
(0.034) (0.020) (0.021) (0.022)

Log Pop Density -0.251*** -0.283*** -0.276***
(0.057) (0.060) (0.061)

Log Per capita Income -1.050*** -0.368 -0.381
(0.268) (0.393) (0.394)

Share Urban 0.613* 0.604*
(0.331) (0.331)

Share Female 0.352 0.326
(1.140) (1.137)

Share Black 0.203 0.195
(0.361) (0.361)

Share Hispanic -0.701** -0.714**
(0.345) (0.342)

Share Young -1.055 -1.094
(1.011) (1.016)

Share Old -2.087 -2.015
(1.434) (1.452)

Share High School Edu 1.297 1.304
(1.032) (1.032)

Share Tertiary Edu -1.487 -1.473
(1.026) (1.027)

Observations 311,694 311,280 311,280 311,280
4-digit Industry FE NO YES YES YES
Adj R2 0.066 0.255 0.255 0.255
Standard errors clustered by state. County-by-year FE included in all the regressions. De-
pendent variable is log(emissions+1). When Log Pop Density and Log Per capita Income are
controlled for, the regression also includes dummies for values of log pop density and log income
< the 10th, between the 10th and the 25th, between the 25th and the 50th, and between the
50th and the 75th percentiles.
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Table 6
Newspapers Density and Toxic Emissions: Heterogeneous Effects

By Salience of Local Health By Consumer Pressure
(1) (2) (3)

Newspapers Density -0.051 -0.067* 0.007
(0.040) (0.036) (0.042)

Newspapers Density*Extreme Mortality by Cancer -0.260**
(0.119)

Newspapers Density*Extreme Infant Mortality 0.068
(0.356)

Newspapers Density*Final Good -0.420***
(0.091)

Observations 202,420 311,280 267,420
Adj R2 0.270 0.255 0.263
Standard errors clustered by state. County-by-year FE included in all the regressions. Controls included in every column: 4-digit
industry fixed effects, log population density, log income, dummies for values of ln pop density and ln income < the 10th, between
the 10th and the 25th, between the 25th and the 50th, and between the 50th and the 75th percentiles, share of urban population,
share of female population, share of African-Americans, share of Hispanics, share aged less than 20, share aged more than 65, share
with high school education, share with tertiary education.31



Table 7
Coverage and Toxic Emissions

Panel A: Plants in Industry Subsectors Producing Consumer Goods

Panel without Gaps Panel with Gaps
(1) (2) (3) (4) (5) (6)

One year before coverage 0.002 -0.028 -0.047 0.001 -0.017 -0.040
(0.089) (0.126) (0.127) (0.091) (0.135) (0.136)

Year of coverage -0.254* -0.290* -0.288* -0.276* -0.174 -0.181
(0.141) (0.158) (0.160) (0.149) (0.147) (0.148)

One year after coverage -0.103 -0.192 -0.207 -0.112 -0.164 -0.183
(0.132) (0.148) (0.149) (0.137) (0.151) (0.152)

Observations 4,739 4,739 4,739 4,262 4,262 4,262
Number of plants 614 614 614 510 510 510
State-by-year FE NO YES YES NO YES YES
Controls NO NO YES NO NO YES
Adj R2 0.002 0.088 0.100 0.005 0.116 0.128
N covered at t+1 114 102
N covered at t 118 108
N covered at t-1 121 113

Panel B: Plants in Industry Subsectors Producing Intermediate Goods

Panel without Gaps Panel with Gaps
(1) (2) (3) (4) (5) (6)

One year before coverage 0.128 0.159 0.154 0.145* 0.159 0.159
(0.080) (0.097) (0.099) (0.083) (0.101) (0.102)

Year of coverage 0.126 0.159 0.162 0.141 0.170 0.174
(0.084) (0.099) (0.099) (0.088) (0.106) (0.107)

One year after coverage -0.073 -0.009 -0.009 -0.029 0.053 0.057
(0.107) (0.109) (0.108) (0.116) (0.120) (0.120)

Observations 8,203 8,203 8,203 6,810 6,810 6,810
Number of plants 1,043 1,043 1,043 737 737 737
State-by-year FE NO YES YES NO YES YES
Controls NO NO YES NO NO YES
Adj R2 0.026 0.031 0.039 0.019 0.026 0.032
N covered at t+1 205 184
N covered at t 198 176
N covered at t-1 220 195
Standard errors clustered by plant. Plant and Year FE included in all the regressions. Dependent
variable is log(emissions+1). Controls include: log population density, log income, dummies for
values of ln pop density and ln income < the 10th, between the 10th and the 25th, between the
25th and the 50th, and between the 50th and the 75th percentiles, share of urban population,
share of female population, share of African-Americans, share of Hispanics, share aged less than
20, share aged more than 65, share with high school education, share with tertiary education.
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Distance from plant and probability of coverage in newspaper
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Appendix

A Details on Conceptual Framework

In Section 1 I have assumed that constituents’ reaction to news about pollution would decrease

firms’ expected profits. I provide here a simple model of how the constituents can affect profits,

focusing on one particular group, that of local consumers. However, notice that this model can be

easily generalized, to account for an effect on expected profits of other groups’ reaction. National

or international consumers are likely to play a role in keeping firms accountable too. For example,

local newspapers might “pull the alarm” for national newspapers: once the former have met the

initial cost of writing an article, the additional cost of reporting for the latter is arguably low; then

the news might spread nationwide. Similarly, local newspapers might provide input for boycotts

that potentially spread across the country or even internationally. Massive sales of stock market

shares or lawsuits and pressure from civil society for more stringent regulation, can also cause a

reduction in expected profits, thus inducing firms’ proactive behavior.

Focusing on local consumers, there are two agent types: firms that produce a locally demanded

good and possibly pollute, and constituents who consume the good and live in the vicinity of the

plants and their pollution. Moral hazard arises in firm-constituents interactions because the firm’s

decision to pollute or not is unobservable. Local newspapers can mitigate this problem by providing

information to the constituents.

Each firm produces the locally demanded quantity yl at a fixed cost cj . The latter varies with the

production technology, which can be clean, ec, or dirty, ed. The clean technology is more expensive,

cc > cd, but also imposes a lower health and environmental cost, h(yl, ej), to constituents:50

h(yl, ec) = 0,

h(yl, ed) = h(yl) > 0,

and h
′
(yl) > 0, h

′′
(yl) > 0.

The firm maximizes profits by choosing either ec or ed. As I will show, the constituents reduce their

demand of yl if they learn the plant is using the dirty technology ed. Therefore, the firm chooses ec

or ed by comparing expected demand loss to the cost of using clean versus dirty technology, cc− cd.

The constituents as a group demand the quantity y, available from local producers (yl) or on the

national market (ynl); y = yl + ynl.
51 Three components comprise the constituents’ utility from y.

First, utility increases linearly in the consumption of y. Second, the constituents get direct utility

from local plants, V (yl), through jobs and economic spillovers. V (yl) increases in yl at a decreasing

rate, i.e.: V ′(yl) > 0, V ′′(yl) < 0. Third, the constituents bear the health and environmental cost,

h(yl), caused by yl production. They do not observe h because they do not observe what technology

the local plants adopt, seeing only the aggregate damage, H, from the pollution of different plants

50h(yl, ej) can take the form of increased incidence of certain diseases, dirty local rivers or lakes, high level of dust
in the neighborhood, etc.

51One way of arguing that the constituents act as a group is to think, as in Aghion, Persson and Rouzet (2012), of
a rule set by group members that, if followed by all, maximizes the group’s utility.
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and sources like motor vehicles. Moreover, they know how technology choices affect their health

and environment, i.e., the function h (yl, ej). The constituents are endowed with wealth W . I

assume the marginal benefit of job creation exceeds the marginal health cost when production is 0,

V ′(0) > h′(0). The utility maximization problem is given by the following:

max
yl,ynl

R = E [yl + ynl + V (yl)− h(yl, ej)]

s.t. yl + ynl ≤W.

Constituents choose the quantity y = W and then allocate this demand between local and nonlocal

producers, setting up the optimal “demand strategy” of yl. ynl is then residually determined.

Therefore, their problem boils down to maximizing the expected V (yl)−h(yl, ej) where yl must be

between zero and W . If they observed ej , they would adopt the following demand strategy:

yl =

{
W if e = ec

yl ≤W if e = ed.
(13)

where

yl = argmax[V (yl)− h(yl)]. (14)

The constituents thus spend their entire endowment on the locally produced good if the plant

chooses clean technology; if it chooses dirty technology, they reduce consumption to yl, the quantity

that maximizes their utility of yl, taking the health costs of local production into account.

Instead of directly observing a local plant’s technology, constituents learn that the plant uses a

dirty technology through newspaper reports. I assume that if one newspaper publishes news about

a local plant, all constituents become informed.52,53

As shown in the main text, the probability that a plant p is covered in any newspapers is

approximately equal to its newspapers density, i.e.,

Π(dip) ≈
N∑
i=1

1

dip
(15)

Let sip be an indicator variable that takes value 1 if newspaper i writes an article about plant

p and 0 otherwise. Define sp=1 if any sip=1. The constituents make their decision based only on

52This simply requires communication among constituents. Given that communication could induce some moral
hazard, possibly leading to a situation in which the constituents do not read newspapers, I assume that constituents
read newspapers not only to become informed but also because they intrinsically enjoy reading news. Notice the
results hold if only a share of constituents becomes informed.

53In Section 3, I use data from the TRI, a register of plant-level pollutants accessible through the EPA’s website.
While this seems at odds with the notion of citizens informing themselves only through newspapers, there is evidence
that citizens did not use the EPA’s website to collect the information by themselves. Hamilton (2005) emphasizes the
important role of information intermediaries, given citizens’ apparent unwillingness to gather information on their
own from the direct source of data dissemination (i.e., the EPA’s website and publications). Similarly, Bui and Mayer
(2003) observe that media accounts were the primary source of TRI information for communities in 1987–1992.
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sp, choosing:

y∗l = argmax[V (yl)− (1−P(ec|sp))h(yl)],

where P(ec|sp) are the beliefs about the probability that the plant uses the clean technology, given

what is observed in newspapers, computed using Bayes’ rule:54

P(ec|sp) =

{
≈ Pr[(yl − yl)

∑N
i=1

1
dip
≥ cc − cd] = γ if sp = 0

0 if sp = 1.
(16)

y
l

is as defined in (14), and

yl = argmax[V (yl)− (1− γ)h(yl)]. (17)

γ is the probability that in equilibrium a firm chooses not to pollute. The firm chooses ec or ed

by comparing the expected demand loss it would face from newspaper coverage, (yl − yl)
∑N

i=1
1
dip

,

with the cost of switching from dirty to clean technology, cc−cd. Intuitively, a firm does not pollute

when the former exceeds the latter.

Given these beliefs, the constituents’ best response is

y∗l =

{
yl if sp = 0

y
l

if sp = 1
(18)

See the Proof at the end of this Appendix. The result in (18) says that if the constituents observe

news that the firm is polluting, they demand the quantity that is optimal if ej = ed. If they don’t

read any news, they believe that the plant is not polluting with a positive probability, and therefore

they demand a quantity yl that is higher than y
l
. Given this best response, the firm faces expected

profits equal to:

π(ec) = πc = yl − ec

and

π(ed) = πd = (1−Π(dip))(yl − ed) + Π(dip)(yl − ed).

In practice, if the plant uses the clean technology, it always faces high demand and high cost. If it

uses the dirty technology, it can face either high demand and low cost or low demand and low cost;

which scenario is most likely to materialize depends on the plant’s distance from newspapers.

This delivers the firm’s cutoff rule described above, i.e. the firm chooses which technology to

54See the derivation of these beliefs at the end of this Appendix.
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adopt as follows:

ej =

{
ec if (yl − yl)

∑N
i=1

1
dip

> ec − ed
ed otherwise.

(19)

See Proof at the end of this Appendix. Since newspapers density raises the expected loss (yl −
y
l
)
∑N

i=1
1
dip

, pollution decreases with newspapers density.

In the empirical analysis, I document a fact not captured in this model: coverage of toxic

emissions increases in newspapers density only in states where coverage is high. While I have

written the simplest possible model establishing the main relationship of interest—i.e., that between

newspapers density and toxic emissions—a few simple departures from this model would predict a

positive effect of newspapers density on the probability of coverage in “high coverage states” and

a null effect in “low coverage states.” Specifically, in an extended model there might be additional

determinants of newspaper coverage of toxic emissions besides the newspapers’ distance from the

plant, such as a focus on environmental issues or low news-pressure on days when the EPA data are

published; see Eisensee and Strömberg (2007) for the effect of news-pressure on coverage. Regarding

the part of coverage determined by distance, firms gain knowledge over time as to how to predict

this, given their emissions and their proximity to newspapers. This learning process proceeds at

different speeds for different regions. In some, nearby newspapers stop covering firms once their toxic

emissions drop below a certain threshold. Coverage comes only from newspapers that write about

toxic emissions regardless of distance. These would be the “low coverage states.” In other regions,

those where the demand for environmental goods is higher, newspapers cover toxic emissions until

a lower threshold has been reached. Thus, the process of convergence to the equilibrium in these

states takes longer, so that we observe more coverage, partly related to distance. These are the high

coverage states, where there is a positive relationship between newspapers density and coverage,

and the effect of newspapers density on toxic emissions is larger.55

55In an extension of the simple model presented in this section, I allow for firms’ “capture” of newspapers. The
strategic interaction between firms and newspapers is a variant of Besley and Prat (2006), modified to allow for the
role of geography (i.e., distance) in determining coverage. Although newspapers have incentives to cover a plant if
they are located near it, firms can capture these newspapers through advertisements and bribes. This is what Ellman
and Germano (2009) call the “regulatory view” on advertising, as opposed to the “liberal view”; see Gambaro and
Puglisi (2010) for empirical evidence on the “regulatory” role of firms’ advertising in newspapers. Newspapers thus
decide whether to cover a plant depending on their distance from it, conditional on not being captured. Distance
plays a role in determining the probability that a relevant newspaper is captured, through its effect on the cost of
coverage: given that the firm has to compensate the newspapers for the forgone net revenues from not publishing
the news, the lower the cost of coverage, the higher these foregone net revenues. Distance, by determining the cost
of capture, thus affects the probability of coverage through an additional channel. The firm captures the newspaper
only if the cost of capture is lower than the cost of adopting the clean rather than the dirty technology. The cost of
capture increases with the number of newspapers that are relevant for the firm because, for the equilibrium of the
bargaining game to be robust to deviations, each newspaper has to be compensated as if it were a monopolist in the
market. Thus, the number of newspapers near the plant correlates with a decline in the probability that the firm
will bribe the newspapers. This correlation has implications for the relationship among advertisement, pollution, and
the newspaper market, implications that are not testable with US data because of a lack of information on firms’
advertising relationships with specific newspapers and associated bribery, if any.
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A.1 Proof of Results in Equations (16) and (18)

Define γ as Pr[(yl− yl)
∑N

i=1
1
dip
≥ cc− cd]. The beliefs are formed following Bayes’ rule as follows:

Pr (ec|s = �) =
Pr (s = �|ec)Pr (ec)

Pr (s = �)

=
1 ∗ γ

γ + (1− γ)(1− P )
≈ γ

where the approximation comes from the fact that when a plant chooses e = ed, it is because it

anticipates P being very small.

and

Pr (ec|s = sd) =
Pr (s = sd|ec)Pr (ec)

Pr (s = sd)

=
0 ∗ γ

(1− γ)(P )
= 0

Given these beliefs, the constituents choose:

y
l

= argmax[V (yl)− h(yl)] if s = sd (20)

and

yl = argmax[V (yl)− (1− γ)h(yl)] if s = � (21)

I prove that yl ≥ yl by Contradiction.

Suppose that yl < y
l
. Then V

′
(yl) > V

′
(y

l
) = h′(y

l
) > h′(yl).

Therefore,

V
′
(yl) > h′(yl)

but also, from FOC of the optimization problem in 21,

V ′(yl) = (1− γ)h′(yl) =⇒ V ′(yl) ≤ h′(yl) for γ ≥ 0

Contradiction.

A.2 Proof of Result in Equation (19)

Given the consumer demand strategy, the manager chooses ec if:

yl − ec ≥ (1−Π)(yl − ed)−Π(y
l
− ed)
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Rearranging:

(yl − yl)
N∑
i=1

1

dip
≥ ec − ed.

B Reliability of Self-Reported Emissions

The fact that the TRI data are self-reported is unlikely to be a major source of concern, for several

reasons. First, the EPA’s Office of Enforcement and Compliance Assistance (OECA), in conjunc-

tion with its Regional Offices, inspects, audits, and sanctions plants that misreport their toxic

emissions.56 OECA also queries big polluters and facilities whose numbers change drastically over

a short time period to check that the numbers are correct. EPA provides compliance incentives,

i.e., “policies and programs that reduce or waive penalties under certain conditions for business,

industry, and government facilities that voluntarily discover, promptly disclose, and expeditiously

correct environmental problems.”57 Second, previous papers using TRI data provide assurance on

data quality. Currie and Schmieder (2009) cite several studies with convincing evidence that general

compliance in the TRI is high. Agarwal, Banternghansa and Bui (2010) point out that although the

EPA’s annual quality assurance tests, carried out on a small sample of facilities, document a large

degree of error, to date there has been no evidence of systematic over- or under-reporting. The

authors thus argue that the measurement error does not correlate with their dependent variable,

infant mortality. In this paper, where toxic emissions are the dependent variable, any measurement

error that does not correlate with the independent variable, newspapers density, would only in-

crease the estimator’s variance. Given the lack of evidence on systematic over- or under-reporting,

and given that the EPA inspects plants that have incentives to under-report in response to high

newspapers density, i.e., big polluters, I assume that any measurement error does not correlate with

newspapers density. Finally, Hamilton (2005) reports the results of a 1991 enforcement program in

Minnesota to identify facilities that had not reported their emissions levels. The facilities turned

out to be very small polluters, and the reason for noncompliance was ignorance rather than inten-

tional concealment. Ignorance of the reporting requirements or of the correct estimation method58

is likely greater in the first years of the program’s implementation and therefore is less of a concern

for emissions reported between 1996 and 2009.

C Additional Empirical Evidence

C.1 Robustness to Changes in Sample and Specification

In what follows, I show that the estimates presented in Table 4 in the paper are robust to certain

departures from the main sample and the implemented estimation method.

56Examples of plants fined for failure to report are at http://www.epa.gov/tri/stakeholders/enforcement/enforce.html.
57See http://www.epa.gov/compliance/incentives/index.html. The other information on compliance and enforce-

ment reported above comes from the EPA’s website or from emails by EPA employees.
58Emissions reported in the TRI need not be measured exactly but may be estimated.

39



Table 8
Alternative Samples and Estimation Methods

No big cities Newspapers Density >0 1996-2000 Interval Regression
(1) (2) (3) (4)

Newspapers Density -0.070* -0.065* -0.041 -0.059***
(0.037) (0.036) (0.033) (0.012)

Share Unemployed 2.203
(2.359)

Observations 291,505 308,895 108,860 311,280
Fixed-effects County-by-year County-by-year County-by-year County, Year
Adj R2 0.260 0.253 0.227 .

Dependent variable is log(emissions+1). Controls included in every column: 4-digit industry
fixed effects, log population density, log income, dummies for values of ln pop density and ln
income < the 10th, between the 10th and the 25th, between the 25th and the 50th, and between
the 50th and the 75th percentiles, share of urban population, share of female population, share
of African-Americans, share of Hispanics, share aged less than 20, share aged more than 65,
share with high school education, share with tertiary education.

Column (1) of Table 8 shows that the estimated effect of newspapers density on toxic emissions

is not driven by the higher concentration of newspapers in big cities, compared to other areas in

the same county. When I exclude the 25 most populated cities in the sample in 2005, the coefficient

is the same as that estimated on the main sample.

In column (2) of Table 8, I show that the bulk of the effect does not come from the comparison

between plants that are surrounded by some newspapers and those that are not surrounded by any.

In a more homogeneous sample, i.e., one in which plants have a positive number of newspapers in

their ring, the estimated effect of newspapers density on toxic emissions is unchanged.

People who live in the neighborhood of a plant gain utility from job creation and from the

economic spillovers associated with local production. Consequently, in the context of high unem-

ployment, the trade-off between local employment and environmental impact could be more easily

resolved in favor of local employment. I would therefore ideally control for unemployment in the

8-km radius around a plant. Census block-level data on unemployment for 2010 are not available.

Instead, I use data from the 1990 and 2000 censuses to interpolate unemployment between 1996

and 1999, and I estimate equation (5) only for the period 1996–2000, adding unemployment as an

additional control. As shown in column (3) of Table 8, the coefficient is similar to that estimated in

the main specification, although it is somewhat smaller and not statistically significant. However,

the coefficient is identical to that estimated on the same sample, without controlling for unemploy-

ment (result available upon request). This shows, first, that the estimated relationship between

newspapers density and toxic emissions is not created by a spurious correlation with unemployment

and, second, that this relationship is weaker in the earlier part of the sample period.

As pointed out in Section 2 of the paper, when a toxic release is under 500 pounds, firms

can choose not to report the quantity released and instead submit a form that certifies that they

manufacture some of the listed toxic substances. For these cases, emissions in the TRI are set to

zero. I choose to treat these values as zero in the main specification, since the goal is to study
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the effect of newspapers density on reported toxic emissions as they are presented to the public. I

also estimate a model, however, that accounts for the fact that whenever the plant reported what

is called a “Form A,” a form that certifies that emissions of a particular substance are below 500

pounds, the quantity actually released could be any value in the interval [0,499]. I thus run an

interval regression, using the lower and upper bounds implied by this reporting technique.

I define the true value of emissions as y∗pt. The observed value is:

ypt =

{
0 if 0 ≤ y∗pt < k

y∗pt if y∗pt ≥ k.
(22)

Assuming that y∗|x ∼ N (xβ, σ2), where σ2 = V ar(y∗|x) is assumed to be independent of x, the

parameters β and σ can be estimated by maximum likelihood, defining the likelihood as follows

(Wooldridge, 1995):

log [L(β, σ)] =
∑
i

(1 [yi ≥ k]) log

{
σ−1φ

[
(Yi −Xiγ)

σ

]}
+

(1 [0 ≥ yi > k]) log

{
Φ

[
(k −Xiγ)

σ

]
− Φ

[
−Xiγ

σ

]}
Due to computational limitations, I estimate a model with county and year fixed effects, instead

of county-by-year effects. The estimated coefficient is reported in Table 8, column (4). The point

estimate of β1 is very similar to that obtained with the OLS regression.

C.2 Firm Size, Within-Firm Variation, and Within-Firm Substitution

The TRI dataset records the parent company name and/or Dun and Bradstreet (D&B hereafter)

number for most of the plants in the full sample. In this section, I match parent company names

across plants to identify common ownership. I then use this information for different types of

analysis.59 First, I count the number of plants owned by a firm, and I use this count as a proxy for

firm size, to investigate whether the effect of newspapers density on plants’ toxic emissions depends

on the size of the respective parent company. Second, I estimate a specification with firm fixed

effects that accounts for unobserved heterogeneity in firm type. Finally, since I intend to estimate

the aggregate effect of newspapers density on toxic emissions in the United States, I check for the

existence of within-firm substitution in toxic emissions. If there is “toxic emissions leakage,” this

should be taken into account when calculating the aggregate effect, since the consequence of higher

newspapers density would be, at least in part, the transfer of toxic emissions from one plant to

another.

59The match is based on the parent company name because in an audit study conducted by D&B for EPA,
the submitted TRI D&B numbers matched the D&B US Domestic Ultimate Parent Number in only 31% of cases
(information provided by EPA employee through email communication). Matching on the parent company name also
poses some challenges because several variants of a name can be used (for instance, ARCELORMITTAL INC and
ARCELORMITTAL USA INC). In order to mitigate this problem, I match firms with different names using a Stata
command, strgroup, that implements the Levenshtein algorithm. However, I set a quite conservative threshold, thus
matching only names that are highly similar, and therefore the issue of poor matching partly remains. Given this,
the results in this section, although suggestive, should be interpreted with some caution.
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Given the evidence of heterogeneous effects in Section 3.3.2 in the paper, I focus the analysis in

this section on plants producing consumer goods.

Parent company data are available for about 40,000 plant-by-year observations in the“consumer

goods” sample. For these plants, a move from the 25th percentile of newspapers density (0.12) to

the 75th percentile (0.51) implies a 12% reduction in toxic emissions, based on the estimate in Table

9, column (1).

I first test whether this effect differs by firm size by estimating equation (5) separately on the

subsamples of small and large firms. Small firms are those owning less than the median number

of plants in the sample (i.e., up to five); large firms are those that own more. The results of

this analysis are shown in Table 9, columns (2) and (3).The effect of newspapers density on toxic

emissions is substantially larger and more precisely estimated for plants owned by large firms.

Multiple hypotheses are consistent with this finding: larger firms might be featured in the news

more often because they are more newsworthy; they are more resourceful and thus more capable

of investing in corporate environmentalism and could reduce emissions at a lower cost, due to

economies of scale in the adoption of new technologies; moreover, they are more likely to be publicly

traded and thus to be subject to investors’ pressure.

The information on plants’ ownership can also help mitigate some identification concerns. I

estimate equation (5), adding firm (i.e., parent company) fixed effects. This is potentially important

because a possible identification threat is that the newspapers density of plant p correlates with

unmodeled characteristics of its parent company, which affect firm-level decisions on toxic emissions.

Some of the big firms in the dataset, for example, could be more concerned about reputation

because they have been targeted by activists in the past. Coca-Cola, to name one, might pollute

less because of these reputation-related concerns and might locate its plants in areas dense with

newspapers so that it can more easily influence journalists with its public relation activities. Further,

Harrington, Khanna and Deltas (2008) find that different technical capabilities, size, and extent

of operations explain heterogeneity across firms in environmental responsiveness. A correlation

between these characteristics and newspapers density would make its estimated effect on toxic

emissions inconsistent. In columns (4) and (5) of Table 9 I show the results of adding firm fixed

effects to equation (5), which is again estimated separately by firm size. The estimated coefficient

for small firms is highly imprecise, and therefore it is hard to make any inference based on this

estimate. This is because the within-firm variation is likely to be limited in this sample.60 In

the sample of large firms, the estimated negative effect of newspapers density on toxic emissions,

although smaller, remains economically and statistically significant, once the firm fixed effect is

accounted for. This shows that the negative effect of newspapers density on toxic emissions is not

due to spurious correlations of firm type with a plant’s location and with its emissions.

Given the evidence of a within-firm effect of newspapers density on toxic emissions, I study

whether firms substitute their emissions across their plants, depending on relative levels of newspa-

pers density. Specifically, I check for the existence of “toxic emissions leakage” by regressing plants’

emissions on their newspapers density and on the aggregate newspapers density of all other plants

60Some of the firms in this sample own only one plant, so that their within-firm variation is zero. Further, as
emphasized above, the firm identifier is most likely constructed with some error, which also reduces the precision of
the estimate.
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owned by the same firm:

log emissionspfcit =σ0 + σ1NewspapersDensitypt + σ2Xpt+

σ3NewspapersDensityF irmpft + ψf + µct + ηi4 + εpst (23)

where

NewspapersDensityF irmpft =
∑

p′ 6=p∈f
NewspapersDensityp′t

I also exploit the intuition that, if a firm engages in cross-plants substitution, then it would probably

shift a large part of its emissions to the plant where the cost of emissions is lowest. This would be

the establishment with the minimum NewspapersDensity value. Based on this, emissions should

increase in a dummy (MinDensity) that takes the value of 1 if plant p has the lowest level of

NewspapersDensity across all the plants owned by a firm. I test this hypothesis as follows:

log emissionspfcit = ρ0 + ρ1NewspapersDensitypt + ρ2Xpt + ρ3MinDensitypft + ψf+

µct + ηi4 + εpcit (24)

where

MinDensitypft = 1 if NewspapersDensitypt = min(NewspapersDensitypfit)

Columns (6) and (7) of Table 9 show that there is no evidence of firms substituting their emissions

across plants. Finding no evidence of leakage allows me to calculate the aggregate effect of newspa-

pers density on toxic emissions by only considering the reduction in emissions resulting from higher

newspapers density.
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Table 9
Newspapers Density and Toxic Emissions for Plants Selling Final Goods: Effects by Firm Size and Within-Firm Variation

Small Firms Large Firms Small Firms Large Firms Large Firms Large Firms
(1) (2) (3) (4) (5) (6) (7)

Newspapers Density -0.296** -0.161 -0.650** 0.129 -0.473* -0.540* -0.494*
(0.119) (0.129) (0.290) (0.319) (0.266) (0.281) (0.266)

Newspapers Density Firm -1.652
(1.281)

Min Density -0.533
(0.573)

Observations 40,064 21,067 18,997 21,067 18,997 18,997 18,997
R-squared 0.625 0.628 0.767 0.871 0.819 0.819 0.820
Firm FE NO NO NO YES YES YES YES
Adj R2 0.466 0.360 0.589 0.747 0.678 0.678 0.678
Standard errors clustered by state. County-by-year FE included in all the regressions. Dependent variable is log(emissions+1).
Controls included in every column: 4-digit industry fixed effects, log population density, log income, dummies for values of ln pop
density and ln income < the 10th, between the 10th and the 25th, between the 25th and the 50th, and between the 50th and the
75th percentiles, share of urban population, share of female population, share of African-Americans, share of Hispanics, share aged
less than 20, share aged more than 65, share with high school education, share with tertiary education.
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Table 10
Industry Subsectors, by Type of Good or Service

Industries Selling Final Good Obs

Animal Food Manu 5,157 Fabricated Metal Product Manu 134
Animal Slaughtering and Processing 3,831 Forging and Stamping 4,764
Apparel Accessories and Other Apparel Manu 80 Foundation, Structure, and Building Exterior Contracts 6
Apparel Knitting Mills 61 Foundries 10,123
Apparel Manu 12 General Rental Centers 11
Arts, Entertainment, and Recreation 17 Hardware Manu 668
Bakeries and Tortilla Manu 428 Industrial Machinery Manu 1,219
Beverage Manu 1,510 Iron and Steel Mills and Ferroalloy Manu 2,190
Building Equipment Contractors 5 Leather and Hide Tanning and Finishing 498
Cattle Ranching and Farming 46 Lime and Gypsum Product Manu 1,055
Colleges, Universities, and Professional Schools 21 Logging 33
Cut and Sew Apparel Manu 24 Machine Shops; Turned Product; and Screw 3,053
Cutlery and Handtool Manu 1,035 Management of Companies and Enterprises 7
Dairy Product Manu 5,202 Management, Scientific, and Technical Consulting Services 5
Drycleaning and Laundry Services 18 Manu and Reproducing Magnetic and Optical Media 208
Electric Power Generation, Transmission and Distribution 7,634 Medical Equipment and Supplies Manu 1,846
Electronic and Precision Equipment Repair and Maintenance 1 Metal Ore Mining
Food Manu 450 Metalworking Machinery Manu 1,379
Footwear Manu 314 Motion Picture and Video Industries 1
Fruit and Vegetable Preserving and Specialty Food Manu 1,626 Motor Vehicle Body and Trailer Manu 2,661
Furniture and Related Product Manu 129 Motor Vehicle Parts Manu 9,048
General Medical and Surgical Hospitals 9 Navigational, Measuring, Electromedical, and Control Instr Manu 2,202
Grain and Oilseed Milling 2,805 Nonferrous Metal (except Aluminum) Production and Processing 5,354
Household Appliance Manu 871 Nonmetallic Mineral Mining and Quarrying 441
Household and Institutional Furniture and Kitchen Cabinet Manu 3,549 Nonmetallic Mineral Product Manu 64
Motor Vehicle Manu 1,176 Nonresidential Building Construction 25
Newspaper, Periodical, Book, and Directory Publishers 99 Office Furniture (including Fixtures) Manu 1,291
Other Animal Production 14 Oil and Gas Extraction 29
Other Food Manu 1,559 Oilseed and Grain Farming 17
Other Furniture Related Product Manu 152 Other Chemical Product and Preparation Manu 10,036
Other Leather and Allied Product Manu 12 Other Electrical Equipment and Component Manu 4,482
Other Miscellaneous Manu 4,552 Other Fabricated Metal Product Manu 7,800
Other Wood Product Manu 3,009 Other General Purpose Machinery Manu 3,895
Paper Manu 7 Other Nonmetallic Mineral Product Manu 2,428
Personal and Household Goods Repair and Maintenance 25 Other Pipeline Transportation 14
Pharmaceutical and Medicine Manu 2,562 Other Professional, Scientific, and Technical Services 16
Psychiatric and Substance Abuse Hospital 14 Other Support Activities for Transportation 18
Residential Building Construction 16 Other Textile Product Mills 448
Scheduled Passenger Air Transportation 11 Other Transportation Equipment Manu 487
Seafood Product Preparation and Packaging 220 Paint, Coating, and Adhesive Manu 9,920
Sugar and Confectionery Product Manu 568 Pesticide, Fertilizer, and Other Agricultural Chemical Manu 3,503
Support Activities for Animal Production 3 Plastics and Rubber Products Manu 21
Technical and Trade Schools 9 Primary Metal Manu 170
Textile Furnishings Mills 521 Printing and Related Support Activities 2,963
Tobacco Manu 391 Professional, Scientific, and Technical Services 2

Railroad Rolling Stock Manu 436
Resin, Synthetic Rubber, and Artificial Fiber Manu 6,757
Rubber Product Manu 5,404

Industries Selling Intermediate Goods Obs Sawmills and Wood Preservation 5,557
Scientific Research and Development Serv 223

Waste Management and Remediation Services 2,752 Semiconductor and Other Electronic Component Manu 9,954
Aerospace Product and Parts Manu 3,227 Ship and Boat Building 3,102
Agriculture, Construction, and Mining Manu 3,041 Spring and Wire Product Manu 1,162
Alumina and Aluminum Production and Processing 3,207 Steel Product Manu from Purchased Steel 3,533
Architectural and Structural Metals Manu 6,280 Support Activities for Air Transportation 11
Architectural, Engineering, and Related Service 62 Support Activities for Crop Production 3
Basic Chemical Manu 14,689 Support Activities for Mining 75
Boiler, Tank, and Shipping Container Manu 3,755 Support Activities for Rail Transportation 8
Building Finishing Contractors 38 Support Activities for Water Transportation 38
Cement and Concrete Product Manu 6,248 Textile Mills 60
Chemical Manu 197 Textile and Fabric Finishing and Fabric Coating Mills 1,794
Clay Product and Refractory Manu 2,950 Veneer, Plywood, and Engineered Wood Product Manu 2,310
Coal Mining 752 Ventilation, Heating, Air-Conditioning Equipment Manu 2,954
Coating, Engraving, Heat Treating, and Allied Services 14,499 Warehousing and Storage 150
Comm and Ind Machinery Rental and Leasing 12 Wholesale Trade 11,907
Comm and Ind Machinery Repair and Maintenance 47 Water, Sewage and Other Systems 164
Commercial and Service Industry Machinery Manu 917
Electric Lighting Equipment Manu 793
Electrical Equipment Manu 3,026
Engine, Turbine, and Power Transmission Equipment Manu 1,548
Fabric Mills 759
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Table 11
Aggregate Effects

Lower Emissions Lower Emissions
Total Emissions, Total Emissions, due to due to

Actual Counterfactual Newspapers Density Newspapers Density (%)

Full Sample 62,700,000 63,800,000 110,000 1.8
Industries selling final goods 1,560,000 1,750,000 200,000 12

Means, in thousands. Standard deviations in parenthesis.
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Figure 2
Location of TRI plants in the mainland United States, 2009
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Figure 3
An example of article search output in Newslibrary
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Figure 4
Articles published by state, 1998–2010
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Should the Government Give Priority to Protecting the Environment or 
to Economic Growth?

Protecting environment Economy growth and creating jobs

0

10

20

30

40

50

60

70

Co
m

pl
et

e 
pr

im
ar

y 
sc

ho
ol

In
co

m
pl

et
e 

se
co

nd
ar

y:
 te

ch
ni

ca
l/

vo
ca

tio
na

l

Co
m

pl
et

e 
se

co
nd

ar
y:

 te
ch

ni
ca

l/
vo

ca
tio

na
l

In
co

m
pl

et
e 

se
co

nd
ar

y:
 u

ni
ve

rs
ity

-
pr

ep
ar

at
or

y

Co
m

pl
et

e 
se

co
nd

ar
y:

 u
ni

ve
rs

ity
-

pr
ep

ar
at

or
y

So
m

e 
un

iv
er

sit
y,

 w
ith

ou
t d

eg
re

e

U
ni

ve
rs

ity
, w

ith
 d

eg
re

e

Highest educational level attained

Would you Approve of an Increase in Taxes if Extra Money is Used to 
Protect the Environment?

Strongly agree Agree Disagree Strongly disagree

Figure 5
Preferences on the environment and education, WVS, USA, 2006
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Figure 6
Distribution of county-level health outcomes across TRI plants
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Figure 7
Salience of infant mortality and cancer in United States, based on Google Trends output
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