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Abstract: In this paper we evaluate whether Ohio’s Tox-Minus Initiative had a discernible effect on
participants’ emission reductions relative to non-participants. We expect this to be the case if there are
private benefits of program participation that outweigh its costs. To investigate whether the Tox-Minus
Initiative resulted in greater reductions in TRI-reported air emissions from the top 100 emitters, we use
a difference-in-difference approach to compare emissions before and after the program. This is done
using both the simple difference in emissions between 2003 and 2012 and a fixed-effects, panel
regression. To form an appropriate comparison for our participants, we use propensity score matching
estimation techniques based on pre-participation attributes. We also examine whether simply being
invited to the program, regardless of participation, had an impact. We then examine the interaction
between these two effects, participation and being invited, using a difference-in-difference-in-difference
approach. Our results suggest that there may be two effects at play. First, it may be that participation in
the Tox-Minus Initiative produced a significant reduction in air emissions. Second, it appears that being
invited to the program, regardless of whether a facility joined the Tox-Minus Initiative, produced a
significant decline in the absolute level of air emissions. A sensitivity analysis including the ratio of Clean
Air Act emissions to total emission offers additional support for this second effect.
Key words: voluntary programs; toxic releases; air emissions; program effectiveness
JEL codes: Q53; Q58
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I.

Introduction and Related Literature

Ohio has regularly ranked as one of the most polluted states in the United States in terms of reported
Toxic Releases Inventory (TRI) emissions. Two possible reasons for this are Ohio’s concentration of
heavy industry relative to other states and high emissions from electric utilities. The resulting negative
media attention that Ohio received as a top emitter led it to initiate a voluntary program, the Tox-Minus
Initiative, with the specific goal of relinquishing its high ranking status and “enhance[ing] its image as an
environmentally proactive, yet economically competitive state” (Ohio EPA 2015). In this paper, we
examine whether the Tox-Minus Initiative had a measurable impact on participants’ TRI emissions
relative to non-participants in Ohio.
Ohio’s decision to target its polluting facilities through a voluntary program fits with a more general
trend towards using voluntary approaches to reduce emissions in the United States. Currently, the U.S.
EPA has almost 40 voluntary initiatives targeting issues ranging from air quality to pollution prevention
to energy and climate change (US EPA 2013b). In addition, there are many state and local voluntary
programs designed to address environmental issues, although, to our knowledge, no comprehensive list
state and local levels exists. These voluntary approaches have been used to complement existing
regulations and as a substitute when environmental regulations are not in place.
One question that is frequently raised in the literature is why a facility would voluntarily reduce its
emissions beyond what it would do without the program. We would expect further emission reductions
only when the private benefits of program participation outweigh its costs. Researchers have
hypothesized ways in which voluntary programs may reduce a facility’s costs (e.g., by encouraging the
adoption of more efficient technologies (Blackman and Boyd 2002)), increase its market share with
green consumers, and/or enhance its reputation with green investors3 (Arora and Gangopadhyay 1995,
Hamilton 1995, Arora and Cason 1996, Khanna, Quimio, and Bojilova 1998, Konar and Cohen 2001).
Alternatively, facilities may join voluntary programs to influence or delay regulation associated with
even larger potential costs (Henriques and Sadorsky 1996, Segerson and Miceli 1998, Lutz et al. 2000,
Maxwell et al. 2000, Brouhle et al. 2009) or to cover up behavior that has received negative attention, a
form of “green-washing” (Harrison 1999, Kim and Lyon 2011).
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A separate strand of literature looks at why consumers might demand green goods (Delgado et al. 2015; Delgado
and Khanna 2015; Sexton and Sexton 2014).
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In the case of the Tox-Minus Initiative, participating companies may be able to convince the public that
they are taking positive action towards reducing their environmental footprint, enhancing their
reputation and perhaps even their market share. It is also possible that information gleaned from more
regular monitoring of emissions could lead to unforeseen production improvements for some
companies. However, given the Ohio’s goal to reduce their high TRI ranking, participation may be
primarily viewed as a way to enhance a company’s reputation with state regulators or as a way to
forestall a possible regulatory threat. While nothing is stated in the recruitment materials to suggest
that this is the case, it is possible that firms reasoned that if Ohio could not reduce TRI emissions
voluntarily, it may pursue mandatory reductions. In this case, we might expect some initial differences in
emission reductions between participants and non-participants, but because a regulatory threat would
target all emitters, such differences would dissipate over time.
While a relatively large literature exists on the effectiveness of Federal voluntary approaches, it
empirically evaluates only a relatively small number of U.S. programs (e.g., 33/50, Green Lights,
EnergyStar, ClimateWise, and the Strategic Goals Programs).4 Evidence from the available studies on the
effectiveness of national-level voluntary approaches is mixed. For instance, Khanna and Damon (1999)
find that participants in the EPA’s 33/50 program reduced toxic emissions by more than nonparticipants, though they fell short of meeting the program’s overall reduction goals (GAO (1994) and
Davies et al. (1996) confirm the more modest gains of the program). Later studies by Vidovic and Khanna
(2007, 2011) find little evidence that 33/50 participants reduced emissions by more than nonparticipants. They point to the ability of participants to count reductions that occurred prior to the start
of the program toward their goals as the primary driver of this result. Similar results were found by
Gamper-Rabindran (2009), who found that in most industries, participation in the 33/50 program did
not lower releases relative to non-participation. However, another set of studies find that participants
that were inspected prior to joining 33/50 were both more likely to participate and to reduce emissions
as part of the program (e.g., Innes and Sam 2008; Bi and Khanna 2012). Finally, Carrión-Flores, et al.
(2013) find that industries with higher rates of participation in 33/50 experienced less technological
innovation (as measured by patent applications) in the future.
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See de Vries et al. (2012) for a thorough overview of the theoretical and empirical literature on voluntary
environmental programs.
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GAO (1997) and Horowitz (2004) both examine the Green Lights program and find that it improved
energy efficiency. However, evidence indicates that some lighting upgrades by participants are not
attributable to the program. Kim and Lyon (2011) find that participants in the Department of Energy’s
Voluntary Greenhouse Gas Registry increase emissions (although they report the opposite), while nonparticipants decrease emissions. Brouhle et al. (2009) find that while participants in the Strategic Goals
Program do not initially reduce emissions by more than non-participants, they make relatively greater
strides in the later years of the program. The threat of regulation is a significant factor in explaining
emission reductions for both participants and non-participants.
Other studies find less evidence that national-level voluntary programs encouraged additional emission
reductions. For instance, King and Lenox (2000) and Vidovic et al. (2014) find that Responsible Care did
not encourage larger improvements in environmental performance for participants relative to nonparticipants. Instead, participants may actually have performed worse. Welch et al. (2000) find the same
result for the Department of Energy’s Climate Challenge. Morgenstern et al. (2007) observe that
participants in ClimateWise saw only temporary improvements in environmental performance that
disappeared after 1 to 2 years. Rivera et al. (2006) find no difference in the environmental performance
of participating and non-participating ski resorts in the first five years of the Sustainable Slopes Program.
Khanna and Keller (2005) are not able to evaluate whether the WasteWise program led to a decline in
the amount of municipal solid waste disposed due to lack of data on non-participants. They examine the
propensity of participants to submit annual reports and show that firms with a committed CEO, and
those that joined to learn about waste reduction methods or with the objective of improving relations
with EPA were more likely to submit reports, while firms that joined later in the program or because it
was free were less likely to submit reports.
Even fewer state and local programs in the United States have been examined. This is primarily due to
lack of data on the environmental performance of participants before and after the program is in place
as well as a lack of information on non-participant behavior. Blackman et al. (2010a) examine two
voluntary programs in Oregon designed to encourage the remediation of contaminated sites. They find
evidence that highly contaminated sites join the program (not just sites with low levels of
contamination) and that regulatory pressure plays a major role in inducing participation in the program.
Bui and Kapon (2012) find that state pollution prevention voluntary programs reduced annual TRI
releases by 10 to 15 percent for the average facility compared to facilities in states without comparable
programs. Kotchen (2012) finds that households in cities that participated in Connecticut’s Clean Energy
5

DRAFT - DO NOT CITE
Communities purchased more green electricity than those living in cities that did not join the program.
Mosier and Fisk (2013) examine the city of Fort Collins’ Climate Wise program, noting that participants
have reduced greenhouse gas emissions in line with program goals. However, no comparison is made to
non-participant or pre-program behavior, so one cannot discern whether participants would have made
these reductions absent the program.
Since the literature indicates that the effectiveness of voluntary programs varies, it is important to
continue conducting research in this area. This paper contributes to the existing literature by expanding
beyond the programs that have been examined historically. While the Tox-Minus Initiative is broadbased – applying to many industries – it differs from many other previously studied voluntary initiative
as a state-run program. It also qualifies as a good candidate for study because of the availability of preand post-program data on TRI emissions, the focus of the Ohio Tox-Minus Initiative. Finally, we also have
emissions information for facilities that were invited to join but did not, as well as facilities that were not
invited to join Tox-Minus, allowing us to compare participants with eligible but non-participating
facilities in Ohio.
The paper is organized as follows. Section 2 describes the Ohio Tox-Minus Initiative. Section 3 presents
the empirical approach taken in this paper. Section 4 describes the data and variables used in the
regressions. Summary statistics are provided in section 5. Results are presented in sections 6 and 7.
Section 8 contains some sensitivity analyses and section 9 concludes.
II.

Ohio’s Tox-Minus Initiative

In September 2007, the Ohio Environmental Protection Agency invited 100 of the top emitters (as of
2005) to its new Tox-Minus Initiative, giving a month’s time to send a commitment letter to join the
program.5 While formal invitations were limited to the top emitters, other polluting facilities could still
participate (including those not reporting to the TRI). A total of 53 TRI-reporting facilities ultimately
agreed to participate in the Tox-Minus Initiative, including 44 invited facilities and 9 additional facilities
(Ohio EPA 2008). Facilities are asked to “identify, evaluate and implement feasible and effective
pollution reduction or prevention strategies to reduce waste, air and water-related TRI emissions.”
5

The 100 of the top emitters were identified by adding land, air, and water emissions reported to TRI minus
releases to publically owned treatment works (POTWs), on and off-site energy recovery, recycling, and treatment
to destruction. One-time releases and closed facilities were not considered. Certain waste management facilities
were excluded from the 100 invited facilities because of their limited ability to affect how much waste they
receive from other facilities (and similar reasons).
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Participants were required to specify their own (voluntary) reduction goal with a five-year time frame
starting from a 2007 baseline, although facilities were allowed more time to meet their goal, if
necessary. 6 Emissions reduction goals were expressed in different ways by participating facilities. For
instance, some facilities expressed their goal as a percentage reduction or as pounds of total TRI
releases reduced; others set a goal to reduce releases of a specific chemical or group of chemicals,
decrease off-site disposal, or identify a particular process change with or without quantifying the implied
change in releases. The Ohio EPA has compiled and made publically available each facility’s pollution
reduction goal on its website. Facilities were also required to submit a plan to meet these goals by mid2008, and provide annual written reports describing progress toward reducing their releases each year
beginning in 2009. All 53 participants submitted information to be included in the 2009 progress report
on their 2008 activities (Ohio EPA 2009), but only 42 participants submitted information for the
subsequent progress report on emission reductions in 2009 (Ohio EPA 2010). Facilities are allowed to
revise their emission reduction goals, but any changes must be reported to the Ohio EPA.
In exchange for participation in the Tox-Minus Initiative, facilities receive public recognition of their
participation. The Ohio EPA actively promotes facility success stories in the Tox-Minus Initiative through
its annual program report, media reports, and its website. The Ohio EPA also offers facilities technical
assistance. This can include a site visit by a non-regulatory arm of the Ohio EPA to help identify
opportunities to reduce or prevent pollution. The program explicitly promises that any information
gathered during the site visit will not be shared with inspection or enforcement programs.
III.

Empirical Approach

We begin by examining whether participants in the Tox-Minus Initiative reduce TRI emissions more than
a similar set of non-participants. We use a two stage evaluation process. First, we use a propensity score
matching techniques based on pre-participation attributes to select a defensible comparison group from
non-participating facilities. Second, we use difference-in-differences estimation to investigate whether
the Tox-Minus Initiative affected participants’ emissions relative to both what occurred prior to the
program and the performance of large emitting non-participating facilities in the state of Ohio. It is also
possible that the Tox-Minus Initiative resulted in greater TRI emission reductions from the 100 emitters
invited to the program, regardless of participation. We explore this possibility through the same
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All program information about Tox Minus is taken from http://web.epa.state.oh.us/ocapp/tox-minus.html.
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difference-in-difference approach. We then explore the interaction between these two effects using a
triple difference estimation that accounts for both invited status and participation.
In these cases, the regression technique selected attempts to compensate for the lack of a true
counterfactual: we do not have data to determine what emissions would have been for Tox-Minus
participants (i.e., the treated group) if they had not been invited or joined (i.e., been left untreated). The
two stage propensity score plus difference-in-differences estimation technique matches a participant
with its closest non-participant neighbor and then compares emissions across the two sets of facilities.
In each case, non-participants are standing in for a counterfactual that is not directly observable.
For this reason, a difference-in-differences approach requires that the treated group is not too different
from the non-treated group, so that any observed differences between them can be defensibly
attributed to the policy being evaluated by the model. If the treated and non-treated groups are widely
different in their key attributes we may be over-extending the empirical technique’s usefulness. For
instance, if facilities participating in the Tox-Minus Initiative have a very different age, industry, or size
profile than difference-in-differences on its own may not yield convincing estimates of the Tox-Minus
Initiative’s effect on emissions. Introducing a first stage to refine the comparison group can help
mitigate this concern.7
Propensity score matching refines the sample of comparable facilities: A treated facility is matched to a
non-treated facility based on pre-treatment characteristics aside from the outcome variable, its TRI
emissions. It uses a probit regression where the dependent variable is equal to 1 if the facility joined
Tox-Minus and 0 otherwise, and the independent variables are pre-treatment characteristics that may
affect a facility’s propensity to participate in the program. The predicted probability of joining the
program from this regression is the facility’s propensity score. When the propensity score is within a
defined distance, treated and untreated observations are considered a match – this means that the
observed covariate distributions are only randomly different from each other, thus replicating a natural
7

Another possible alternative to combining a difference-in-differences and propensity score matching estimator is
the use of an instrumental variable approach to estimate the local average treatment effect. In both cases, the
approaches are attempting to reduce the potential for selection bias between the treated and the control groups
that render comparisons between them invalid. In the context of voluntary programs, obtaining a valid instrument
is a fairly difficult exercise. Predicting participation in a voluntary programs seems to hinge on unobservable
variables that weaken the instrumental approach. In cases where this approach has been taken, the researchers
have gone to great lengths to build highly detailed facility level databases. Because the voluntary program we
study, Tox Minus, is cross-industry, constructing such a data set is even more challenging. While acknowledging the
potential advantages of such an approach, we therefore have not pursued it here.
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experiment. In this way we are able to assemble a dataset that consists of the treatment group and its
nearest neighbors. In other words, propensity matching attempts to separate out the effect of preexisting differences between the treated and untreated groups. Morgenstern et al. (2007), Blackman et.
al (2010b), and Kim and Lyon (2011) use similar approaches in their examination of the United States’
ClimateWise, Mexico’s Clean Industry programs, and the Department of Energy’s Voluntary Greenhouse
Gas Registry, respectively.8 We examine the robustness of our results to several possible matched
samples by matching with and without replacement (i.e., a non-treated observation can be selected
more than once if it is the best match for multiple treated facilities vs. only being selected once), as well
as varying the distance, or “caliper” of the match.
The difference-in-difference technique then estimates the average treatment effect after the Tox-Minus
Initiative is introduced. Emissions in year t by facility i are denoted emissionsit. Tox-Minus (or TM) is a
dummy variable that is set to 1 when a facility is in the treatment group. It captures any remaining prepolicy differences between facilities in Tox-Minus and those in the control-group. Post Policy (or PP) is a
time dummy variable that is set to 1 in the post-policy time period (2008-2012). It captures any general
factors that result in changes in facility emissions behavior over time in both the treated and untreated
groups apart from Tox-Minus. When we interact these two variables, (Tox-Minus*Post Policy), we have a
dummy variable that is equal to 1 when a facility is in the treatment group in the second period. Finally,
we include other covariates, Z, and a residual error term, eit. The basic model is
emissionsit = α + β1 Tox-Minus + β2 Post-Policy + β3 (Tox-Minus*Post-Policy) + βZ Z + eit

(1)

The difference-in-difference estimator of interest is the parameter β3. This estimate is the difference
between the change in emission for Tox-Minus participants (TM=1) between the post-policy (PP=1) and
pre-policy (PP=0) time periods, and the change in emissions for facilities not in the Tox-Minus Initiative
(TM=0) over the same time period. That is,
Β3 = (emissionsTM=1,PP=1 – emissionsTM=1,PP=0) – (emissionsTM=0,PP=1 – emissionsTM=0,PP=0 )

8

(2)

For examples of this method applied in different environmental contexts, see also Fowlie et al. (2012), for an
evaluation of Southern California’s RECLAIM NOx trading program and Greenstone (2004) for an investigation on
nonattainment status on SO2 reductions.
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We refer to the time between the pre-policy and the post-policy emissions estimates as the “long
difference.” Emissions is underlined in the equation above to denote that the parameter measures the
expected value (or average) difference-in-differences across the two groups.
We can take advantage of the panel nature of our data set by adding facility-specific fixed effects, ai, and
a time trend, Time. The inclusion of the fixed effect and time trend means that we can no longer
independently identify the coefficient on Tox-Minus, so it drops out of the specification (see Bennear
and Olmstead 2008). The basic panel fixed-effects model is
emissionsit = α + β2 Post-Policy + β3 (Tox-Minus*Post Policy) + βZ Z + βt Time + ai + eit

(3)

The same approach is used to estimate the average treatment effect of simply being invited to the
program, regardless of participation. In this case, the Tox-Minus variable in equations (2) and (3) are
replaced with an Invited variable. We define the dummy variable, Invited, to capture pre-policy
differences between invited and non-invited facilities and set it equal to 1 if the facility was invited to
join the program, regardless of whether the facility actually joined the program or not. As with the ToxMinus variable, we also interact this variable with the dummy variable, Post-Policy, which is equal to 1
for an invited facility in the second period. The long difference and panel models are, respectively
emissionsit = α + β1 Invited + β2 Post-Policy + β3 (Invited*Post-Policy) + βZ Z + eit

(4)

emissionsit = α + β2 Post-Policy + β3 (Invited*Post Policy) + βZ Z + βt Time + ai + eit

(5)

The β3 parameter is now the differential effect of being invited
To test both effects, being invited to the program and actual participation, we introduce a difference-indifference-in-difference, or “triple difference,” model. In this specification, both the Tox-Minus and the
Invited variables and their interaction with Post Policy are included, as well as the interaction of all three
of these variables. The long difference model is now:
emissionsit = α + β1 Tox-Minus + β2 Post-Policy + β3 (Tox-Minus*Post-Policy) + β4 Invited + β5
(Invited*Post-Policy) + β6 (Invited*Tox-Minus*Post-Policy) + βZ Z + eit

(6)

Note that in the panel specification (with fixed effects and a time trend) the β1 coefficients for both ToxMinus and Invited drop out of the regression since they do not vary over time. The covariates, Z, are
interacted with the post-policy dummy in the panel regression to avoid having them drop out as well.
The model is then
10
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emissionsit = α + β2 Post-Policy + β3Tox-Minus*Post-Policy + β5Invited*Post-Policy
(7)

+ β6 (Invited*Tox-Minus*Post-Policy) + βZ Z*Post-Policy + βt Time + ai + eit
In this case, Β3 measures the effect of the Tox-Minus Initiative (TM=1) on the non-invited group (I=0)
compared to the non-invited group (I=0) who did not participate in the program (TM=0). Arguably of
greater policy interest is the effect of Tox-Minus (TM=1) on the invited group (I=1) compared to the
invited group (I=1) who did not participate in the program (TM=0), which is measured by Β3 + B6.
Β3 + B6 = (emissionsTM=1,I=1,PP=1 – emissionsTM=1,I=1,PP=0) – (emissionsTM=0,I=1,PP=1 – emissionsTM=0,I=1.PP=0 )

(8)

The differential effect of the Tox-Minus Initiative (TM=1) on the invited group (I=1) compared to the
non-invited group (I=0) is given by B6.
B6 =

[(emissionsTM=1,I=1,PP=1 – emissionsTM=1,I=1,PP=0) – (emissionsTM=0,I=1,PP=1 – emissionsTM=0,I=1.PP=0 )] –
[(emissionsTM=1,I=0,PP=1 – emissionsTM=1,I=0,PP=0) – (emissionsTM=0,I=0,PP=1 – emissionsTM=0,I=0,PP=0 )] (9)

For our other covariates, we include a dummy variable equal to one if the facility is located in a county
that is in non-attainment for particulate matter and a dummy for manufacturing to control for some
basic pre-treatment differences.
For comparison purposes, we also run the difference-in-differences specifications without first limiting
the sample based on propensity score matching.
IV.

Data and Variables

We rely on facility and geographic data from several data sets. Basic information on invited and
participating facilities in the Tox-Minus Initiative is available through online program materials (Ohio EPA
2007; 2008). Using name and address, these facilities are matched to Toxics Release Inventory emissions
data for reporting years 2002 to 2012 (US EPA 2014). We also collect TRI emissions data for large
emitting facilities not invited to participate in the Ohio Tox-Minus Initiative. TRI data includes emissions
to various media (e.g., air, water), but we use total air emissions as our main dependent variable in the
difference-in differences equation. While facilities are free to establish Tox-Minus pollution reduction
goals that are not associated with TRI air emissions, air emission are the most consistently and widely
reported information available in the TRI. We also collect the proportion of total air emissions stemming
from Clean Air Act regulated pollutants. This is because these chemicals, which presumably pose a
11
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higher risk to human health, may receive increased scrutiny from EPA and, potentially, greater
reductions by polluting facilities. From the TRI data set, we also collect several pre-program and facility
characteristics that we expect would affect a facility’s propensity to join Tox-Minus. These are explored
as candidate independent variables to inform the propensity score matching process. These preprogram and facility variables include a facility’s primary standard industry classification code, and preprogram average air emissions in 2002-2004.9 We also considered including whether a facility is listed by
RCRA as a large quantity generator or serves as a transfer, storage, or disposal facility (TSDF) as a way to
proxy for size, but this was not included in the final regression.
In addition to the variables from the TRI, we collect a number of independent variables from other EPA
and state databases for consideration for both the propensity score matching and the difference-indifference models. For instance, we collect the number of inspections and enforcement actions that
occurred at a facility between 2000 and 2004 from EPA’s Enforcement and Compliance History Online
(ECHO) database (US EPA 2013a). Our hypothesis is that a facility that already has a fair amount of
regulatory oversight may be more likely to join the Tox-Minus Initiative as a way to demonstrate
improved environmental performance. We collect information on whether the county in which a facility
is located was out of attainment for particulate matter between 2000 and 2004 from EPA’s Greenbook
of Nonattainment Areas for Criteria Pollutants (US EPA 2012).10 Facilities in non-attainment counties
may be subject to greater emission control requirements or face greater regulatory scrutiny than
facilities in attainment counties. To capture the possibility that demographic characteristics play a role in
a facility’s decision to join Tox-Minus, we collect county level and zip code level data from the 2000 U.S.
Census. Not all variables are available at both the county and zip code level. Data includes population
(individuals, households, and families); income (per capita, household, and family); median age;
percentage of the housing that is owner occupied; and percentage of the population that is white,
black, Asian, female, age 62 or older, and employed.
We restrict our sample to facilities that report to the TRI in both the pre-program time frame (20022005) and in the final year of study, 2012. This second requirement is particularly important for
9

Historic emissions are considered for two reasons: First, this is another rough way to control for facility size.
Second, a large, dirty facility may find joining Tox-Minus implies a lower cost to reduce emissions than a much
cleaner facility that has already addressed any low-hanging fruit.
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File “PHISTORY” last downloaded from http://www.epa.gov/oaqps001/greenbk/data_download.html, Data as of
th
December 14 , 2012.
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identifying a comparable set of non-participants. Seventy-eight of 358 non-participants (both invited
and non-invited) for which we collected TRI data do not report air emissions in 2012. An investigation of
corporate websites and newspaper coverage found that of these facilities, we could confirm that 60
percent of them went out of business in 2012 or a prior year due to reasons unrelated to emissions (e.g.,
common reasons included the Great Recession, and moving production to another state or country).
Only three participants are missing 2012 TRI data (two of which went out of business). In the end, we
produced a final data set that consists of 48 (of a possible 53) participants and 264 non-participants.
Note that we had enough information to include 89 of the 100 invited facilities (a mix of 41 participants
and 48 non-participants).
V.

Summary Statistics

In Table 1 we present summary statistics for three samples. In the second column are statistics for the
48 Tox-Minus participants in our sample. The third column contains data for the full sample of 264 nonparticipants. In the fourth column are the summary statistics for a sample of 48 non-participants that
were matched (without replacement) to our participants.
We begin with a comparison of Tox-Minus participants to the full sample of non-participants. Not
surprisingly, a much higher percent of participants were invited to join the program than nonparticipants (85 percent vs. 18 percent). Likewise, participants’ total air emissions are almost 4 times
higher than non-participants, on average, in 2003 and 2008. This is expected as the program targeted
the highest emitters. While both sets of facilities reduce average air emissions, participant emissions
appear to fall much faster between 2008 and 2012; participant emissions are only about 3 times higher
than non-participants, on average, in 2012. The key question that we are addressing is whether it is
possible to attribute some portion of this greater reduction in emissions to the Tox-Minus Initiative.
Fewer of the facilities that participate in the Tox-Minus Initiative are classified as manufacturing facilities
than in the full sample of non-participants (the main alternative for participants is the electric utility
sector). Participating facilities are also more likely to have received a full or partial inspection by EPA in
2003. Facilities look fairly similar across the two samples with regard to national air quality attainment
status in 2005. Finally, while household incomes in the surrounding community also appear similar, on
average, across participating and non-participating facilities, participating facilities tend to be located in
counties with fewer people.
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As mentioned above, to more carefully investigate whether the difference in the change in air emissions
between participants and non-participants is due to the Tox-Minus Initiative, we use a propensity score
matching technique to select a sample of non-participants with similar pre-program characteristics. (This
matching estimation is discussed in detail below.) The summary statistics for the matched sample of 48
non-participating facilities is listed in column 4 of Table 1. By design, the matched sample looks more
similar to the Tox-Minus participants with regard to pre-program characteristics than does the full
sample of non-participants, though there are still distinguishable differences.

Table 1: Summary Statistics for Tox-Minus Participants and Non-Participants
Mean and (Standard Error)
Variables

Invited to Tox-Minus
Total Air Emissions – lbs (2003)
Total Air Emissions – lbs (2008)
Total Air Emissions – lbs (2012)
Manufacturing facility
Inspections – partial or full (2003)
PM non-attainment county (2005)
County population (2000)
County household income (2000)

Participants
(48 observations)

Non-Participants
(264 observations)

Matched NonParticipants
(48 observations)

0.85

0.18

0.71

(0.36)

(0.39)

(0.46)

1,006,044

272,164

801,059

(2,560,128)

(1,126,518)

(1,654,005)

702,945

189,367

624,531

(1,601,646)

(772,110)

(1,439,092)

311,980

100,440

351,697

(662,110)

(343,875)

(653,850)

0.77

0.90

0.71

(0.42)

(0.30)

(0.46)

2.29

1.92

3.54

(2.79)

(3.19)

(3.46)

0.15

0.14

0.10

(0.36)

(0.34)

(0.31)

261,355

353,260

337,131

(334,636)

(425,807)

(426,943)

39,464

41,279

40,398

(5,677)

(6,234)

(6,048)

Even after matching, the percent invited to join Tox-Minus is lower among the matched sample of nonparticipants but has increased to 71 percent, compared to 18 percent in the full sample of nonparticipants. The percent of facilities classified as manufacturing is now 71 percent, which is slightly
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lower than among participants but closer than the unmatched sample. Non-participant air emissions in
2003 and 2008 are now only slightly lower, on average, than participant air emissions (i.e., between 10
and 20 percent lower). Also note that county attainment status for particulate matter is somewhat
lower (indicating more counties in attainment) for non-participating facilities than it was previously,
while non-participants in the matched sample now have had more inspections on average in 2003 than
participants (the opposite of what occurred in the unmatched sample). Both samples look quite similar
with regard to income but continue to differ with regard to population.
Figure 1 reiterates our interpretation of these summary statistics: (1) facilities in all categories –
participant, the full sample of non-participant, and the matched sample of non-participants – experience
a decrease in average total air emissions reported to the TRI after 2007; (2) Tox-Minus participants and
the full sample of non-participants look quite dissimilar both before and after the Tox-Minus Initiative is
introduced in 2007; and (3) participants and the matched sample of non-participants exhibit similar
trends in average emissions prior to 2007, with Tox-Minus participants decreasing emissions by slightly
more on average after 2007.

Figure 1: Total TRI Air Emissions (in pounds) 2003-2012 by Tox-Minus Participation
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VI.

Naïve Results

We begin by running a set of “naïve” difference-in-difference regressions using Tox-Minus participants
and the full sample of non-participants. Table 2 presents cross-sectional results using the long difference
from 2003 to 2012 with the dependent variable defined in terms of either the level of total air emissions
or logged total air emissions.11 We present three different specifications: a difference-in-difference that
interacts a participation dummy with the post-policy variable (equation 2); a difference-in-difference in
which the invited dummy interacted with the post-policy variable (equation 4); and a triple difference in
which the participation and invited dummies are individually and in combination interacted with the
post-policy variable (equation 6).
The cross-sectional results reported in Table 2 indicate that total air emissions for Tox-Minus
participants are not statistically different from the mean over the 2003 to 2012 time period (that is, the
coefficient for Participant is not significant). While facilities – both participating and non-participating –
exhibit a statistically significant decrease in the level of total air emissions in only one of the three
specifications (the first three columns) after the Tox-Minus Initiative is in place , the coefficient on PostPolicy is always significant for logged air emissions (the fourth, fifth, and sixth columns). As expected due
to targeting of highly polluting facilities by the Ohio EPA, facilities invited to join the Tox-Minus Initiative
have emissions that are statistically different and higher than the mean across all specifications.
Manufacturing facilities also have emissions that are statistically significant and lower than the mean,
and areas out of attainment status have higher, but not statistically higher, emissions across all
specifications.
Looking at the first difference-in-difference estimator that interacts Participant and Post-Policy (first and
fourth columns), we find that participants decreased total air emissions significantly more than nonparticipants in the post-policy period. When we instead interact Invited and Post-Policy (second and fifth
columns), ignoring whether a facility ultimately participated in the program in the post policy period, we
find that invited facilities reduced total air emissions by more than non-invited facilities once the ToxMinus Initiative is in place but this result is only statistically significant when total air emissions are
expressed in levels, not in logarithms.

11

We also examined long differences for levels and log total air emissions for 2004 and 2012, and for 2005 and
2012. The sign and significance of the independent variables did not change from what is presented in Table 2 for
2003 and 2012.
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To explicitly examine the relative importance of being invited versus actual participation with regard to
emission reductions, we include a triple difference specification (third and sixth columns) that accounts
for both participation and invited status in the post-policy period. We find that there is now no
statistical difference between participant and non-participant emissions in the post-policy period.
Invited facilities reduce total air emissions by more than non-invited facilities in the post-policy period,
but this result is still only statistically significant when total air emissions are expressed in levels. The
triple difference (the coefficient on Participant*Invited*Post-Policy) is not significant in either
specification, indicating that there is no additional effect on emissions from the combined effects of
being both invited and participating in the Tox-Minus Initiative. These results suggest that simply being
targeted by the regulatory agency, rather than actual participation in the program, may have driven the
decline in air emissions.

Table 2: Naïve Difference-in- Difference Estimation Results for Cross-Sectional Long Difference of the
Level and Logarithm of Total Air Emissions (p-values in parentheses)
Total Air Emissions (lbs)
ln[Total Air Emissions (lbs)]
Participant
Post-Policy
Participant*PostPolicy
Invited

206,866

-55,365

-79,339

0.457

-0.152

0.353

(0.21)

(0.35)

(0.68)

(0.50)

(0.66)

(0.65)

***

-11,899

-17,348

(0.04)

(0.89)

-169,364

(0.85)

(0.00)

***

(0.01)

-524,700

Adj. R-Squared

-0.747***

(0.01)

(0.01)

173,486

-1.223

*

-0.269

(0.67)

(0.05)

(0.82)

1,018,524***

2.459***

2.832***

2.614***

(0.00)

(0.00)

(0.00)

(0.00)

-832,322

(0.00)

(0.00)

***

-0.744

-0.183

(0.00)

(0.14)

(0.77)

-831,143

(0.00)

Participant*Invited
*Post-Policy

Constant

-0.756

1,008,434***

Invited*Post-Policy

Manufacturing

***

591,845***

***

PM attainment

-0.782

***

-164,215

-0.979

(0.69)

(0.43)

-64,044

-63,552

-60,711

-0.510

-0.510

-0.491

(0.57)

(0.57)

(0.58)

(0.13)

(0.13)

(0.15)

-1,040,664

***

(0.00)
1,105,162

***

-1,040,974

***

-1,042,206

(0.00)
1,026,111

***

(0.00)
1,027,615

***

***

-1.532

-1.531

***

(0.00)
10.522

***

***

-1.540***

(0.00)

(0.00)

10.509

***

10.498***

(0.00)

(0.00)

(0.00)

(0.00)

(0.00)

(0.00)

0.2158

0.2387

0.2365

0.2057

0.2036

0.2042

*** Significant at the 1 percent level, ** Significant at the 5 percent level, * Significant at the 10 percent level.
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Table 3 includes the same specifications as Table2 but using panel data methods instead of the crosssectional long difference. All facilities now exhibit a statistically significant decrease in the level of total
air emissions (the first three columns) after the Tox-Minus Initiative is in place. However, unlike the
cross-sectional results, the coefficient on Post-Policy is never significant for logged air emissions (the
fourth, fifth, and sixth columns). We continue to find that participants decreased total air emissions
more than non-participants in the post-policy period when we interact Participant and Post-Policy
ignoring invited status (first and fourth columns), but it is now only statistically significant when total air
emissions are expressed in logs. When we interact Invited and Post-Policy but do not account for
whether a facility ultimately participated in the program (second and fifth columns), we find a result
consistent with the cross sectional results: invited facilities reduced total air emissions by more than
non-invited facilities in the post-policy period but this result is still only statistically significant for levels
of total air emissions.
Table 3: Naïve Difference-in- Difference Estimation Results for Panel Regressions
(p-values in parentheses)
Total Air Emissions (lbs)
ln[Total Air Emissions (lbs)]
(3080 observations)
(3157 observations)
Post-Policy
Participant*Post-Policy

-929,128***

-768,378***

-767,158***

0.196

0.216

0.231

(0.00)

(0.01)

(0.01)

(0.39)

(0.44)

(0.41)

-286,981

-73,735

(0.12)

(0.01)
-375,294

***

Invited*Post-Policy

(0.00)

Participant*Invited*PostPolicy
PM attainment*PostPolicy
Manufacturing*PostPolicy
Time Trend

Within R-Squared
Between R-Squared
Overall R-Squared

**

-0.890

-0.656

(0.03)

(0.28)

**

-346,061

-0.436

-0.045

(0.02)

(0.12)

(0.81)

5,615

-0.244

(0.99)

(0.75)

40,398

35,547

37,026

0.085

0.061

0.094

(0.23)

(0.32)

(0.35)

1,018,381

***

(0.00)
-19,912

***

(0.00)
409,995

***

Constant

***

910,191

***

(0.01)
-20,075

***

(0.00)
410,432

***

(0.82)

(0.88)

(0.80)

***

-0.305

-0.338

-0.334

(0.01)

(0.18)

(0.19)

(0.20)

911,090
-20,066

***

(0.00)
410,412

***

-0.098

***

(0.00)
10.092

***

***

-0.098

-0.098***

(0.00)

(0.00)

10.092

***

10.092***

(0.00)

(0.00)

(0.00)

(0.00)

(0.00)

(0.00)

0.1699
0.2442
0.0255

0.1864
0.3018
0.0356

0.1868
0.2991
0.035

0.1242
0.0293
0.0053

0.1115
0.0903
0.0025

0.1245
0.0361
0.0043

*** Significant at the 1 percent level, ** Significant at the 5 percent level, * Significant at the 10 percent level.
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Unlike previous results, the triple difference results (third and sixth columns) that account for both
participation and invited status in the post-policy period now find a statistical difference between
participant and non-participant emissions in the post-policy period but only when total air emissions are
expressed as levels. The results for the other interaction terms in the triple difference retain the same
sign and significance as in the cross-sectional specifications: Invited facilities reduce total air emissions
by significantly more than non-invited facilities in the post-policy period when total air emissions are
expressed in levels. The triple difference (the coefficient on Participant*Invited*Post-Policy) continues to
be insignificant. None of the interaction terms is significant in the logged specification.
Consistent with the results in Table 2, the regressions in Table 3 also indicate that facilities in areas out
of attainment status have higher, but not statistically higher, emissions in the post-policy period.
Manufacturing facilities have total air emissions that are statistically different from the mean in the post
policy period when emissions are expressed in levels. However, unlike the previous results, this result in
no longer statistically significant when total air emissions are expressed in logs.
VII.

Matched Results

As the summary statistics make clear, there are a number of distinct pre-program differences between
participants and non-participants, calling into question whether the full sample of non-participants
represent a defensible counterfactual. To more carefully investigate whether the naïve results are due
to other factors affecting participants and non-participants during the same time period as the ToxMinus Initiative, we re-run the triple difference regressions that account for both invited status and
participation in Tox-Minus using a sample of non-participants that are matched to participant preprogram characteristics. We use a propensity score matching technique to select the appropriate
sample of non-participants.
Table 4 presents the results of this propensity score matching estimation. We predict the likelihood of
participation in the Tox-Minus Initiative using the following pre-program characteristics: total average
air emissions in 2002-2004, average annual number of inspections in 2002-2004, whether a facility is
classified as manufacturing, and three interaction variables: 2002-2004 average air emissions, 2002-
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2004 average inspections, and the manufacturing dummy all multiplied times a dummy for whether a
facility is invited.12
We also experimented with including enforcement actions but found no common support across the
two samples. Other iterations included whether a facility is classified as a large quantity generator – a
proxy for facility size – and a square term for total air emissions. While the inclusion of these variables
did not introduce bias into the matching estimator and were at times statistically significant, they also
do not meaningfully affect the difference-in-difference estimation so we have omitted reporting them
for simplicity’s sake.13
Table 4: Propensity Score Matching Estimation to Select Sample of Non-Participants

Variables

Average Total Air Emissions
(2002-2004)
Average Inspections
(2002-2004)
Manufacturing facility
Invited * Avg Total Air
Emissions (2002-2004)
Invited * Manufacturing
Invited * Avg Inspections
(2002-2004)
Constant

Coefficient
Estimate

Percent Bias
Before Match

Percent Bias
After Match

3.950E-06**

38.7***

9.9

(0.05)

(0.00)

(0.66)

-0.070

***

43.1

-9.1

(0.57)

(0.00)

(0.69)

-1.067***

-34.2***

16.9

(0.00)

(0.01)

(0.49)

-3.880E-06

**

(0.05)
1.663

***

39.2

10.5

(0.00)

(0.64)

***

9.9

(0.00)

(0.00)

(0.68)

***

116.7

0.147

***

94.1

-2.6

(0.29)

(0.00)

(0.92)

-0.894

***

(0.00)

*** Significant at the 1 percent level, ** Significant at the 5 percent level, * Significant at the 10 percent level.

12

The simple, non-interacted dummy of whether a facility is invited to join Tox-Minus is perfectly collinear with at
least one of these variables and drops out of the regression.
13
We also examined whether the difference-in-difference estimates are sensitive to matching with vs. without
replacement or the use of a caliper for propensity score matching. We specified a caliper - the maximum distance
for a positive match - that is the 0.25 standard deviation of the logit transformation of the propensity score (Stuart
and Rubin 2008), as well as one more precise and one less precise caliper. The difference-in-difference estimation
is not significantly affected by differences in matching introduced by these sensitivities.
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While we do not want to over-emphasize the coefficient estimates in the propensity score matching
estimation, we find it useful to at least confirm that they have the expected signs. We find that higher
average air emissions increase the likelihood that a facility will participate in the Tox-Minus Initiative.
Manufacturing facilities are less likely to participate (compared to electric utilities and other facility
types). However, manufacturing facilities that are invited to participate are more likely to join the ToxMinus Initiative. The average number of inspections – either overall or among invited facilities – is not
statistically significant and therefore does not appear to affect the likelihood of Tox-Minus participation.
The only counter-intuitive results is that invited facilities with larger air emissions are less likely to join
the program.
It is also instructive to compare the potential bias14 in the unmatched sample to that in the matched
sample. Column 3 indicates substantial bias in key pre-program characteristics. The matching estimation
eliminates statistically significant bias for the included variables, as indicated by a t-test for a difference
in the means of the matched sample.
The results for the triple difference estimation for total air emissions in levels and logs using the
matched sample are presented in Table 5. The cross-sectional long difference results are presented in
the first two columns, while the panel regression results are presented in the last two columns. When
Tox-Minus participants are matched to the nearest non-participant based on pre-program
characteristics most of the results remain unchanged from the naïve triple difference regressions in
Tables 2 and 3. Focusing on the interaction terms, one of our main variables of interest,
Participant*Post-Policy, is still insignificant in most of the specifications, and continues to be negative
and significant in the panel regression using levels of total air emissions as the dependent variable.
Unlike the unmatched results the invited dummy interacted with the post-policy dummy is now not
significant for either cross-sectional regression, though it continues to be significant for the panel
regression using level of total air emissions as the dependent variable. As in the unmatched results, the
triple difference coefficient (Invited*Participant*Post-Policy) is always statistically insignificant.
Coefficients for other variables included in the regressions also retain the same sign and significance as
the previous results.

14

The percent bias is calculated using the Stata command “pstest” and is described as the percent difference of
the sample means in the treated and non-treated groups as a percentage of the square root of the average of the
sample variances. The command references Rosenbaum and Rubin (1985) for more details.
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Table 5: Difference-in-Difference Estimation Using Matched Sample
(p-values in parentheses)
Cross-Sectional Long Difference
Panel Fixed Effects
Total Air
ln[Total Air
Total Air
ln[Total Air
Emissions (lbs)
Emissions (lbs)]
Emissions (lbs)
Emissions (lbs)]
(192 obs)
(190 obs)
(948 obs)
(944 obs)
122,078
-0.084
Participant
(0.69)
(0.89)
-285,640
-1.644
-266,990
0.331
Post-Policy
(0.58)
(0.12)
(0.23)
(0.38)
659,642
0.334
-579,489**
-0.771
Participant * PostPolicy
(0.39)
(0.83)
(0.05)
(0.27)
***
***
1,204,831
2.047
Invited
(0.00)
(0.01)
-231,137
0.916
-708,172***
0.027
Invited*Post-Policy
(0.70)
(0.44)
(0.01)
(0.94)
-1,019,282
-1.739
397,768
-0.102
Participant * Invited
* Post-Policy
(0.19)
(0.27)
(0.14)
(0.91)
-172,620
0.113
PM attainment
(0.60)
(0.86)
-1,369,682***
-1.989***
Manufacturing
(0.00)
(0.00)
88,287
-0.972
PM attainment *
Post-Policy
(0.55)
(0.36)
**
1,062,892
-0.221
Manufacturing *
Post-Policy
(0.02)
(0.49)
**
-48,937
-0.118
Time Trend
(0.01)
(0.00)
935,809**
11.678
978,797***
11.943***
Constant
(0.01)
(0.00)
(0.00)
Adj. R-Squared
0.1729
0.1639
Within R-Squared
0.1973
0.1917
Between R-Squared
0.2447
0.0192
Overall R-Squared
0.0126
0.0511
*** Significant at the 1 percent level, ** Significant at the 5 percent level, * Significant at the 10 percent level.

Of the results presented above, we consider those based on the matched sample and panel regression
techniques that use the triple difference specification (columns three and four in Table 5) to be the most
defensible. However, the differences in results between the logged and level specifications are
somewhat unexpected. When expressed in logs, we find no evidence of a differential trend in total air
22

DRAFT - DO NOT CITE
emissions in the post-policy period between either invited and non-invited facilities or participant and
non-participant facilities during the post policy period. On its own, this might lead us to conclude that
the Tox-Minus Initiative did not lead to further reductions in air emissions. However, the coefficients on
Participant*Post-Policy and Invited*Post-Policy are both negative and significant in the panel
specification when total air emissions are expressed in levels. This suggests that facilities invited to join
Tox-Minus may have reduced total air emissions more than non-invited facilities in the post-policy
period. In other words, facilities may have reduced their emissions in response to increased attention by
the regulator - signaled by an invitation to join Tox-Minus – even when they chose not to directly
participate in the program. Likewise, facilities that joined the Tox-Minus Initiative also reduced their
emissions significantly more than non-participants when total air emissions are expressed in levels. The
panel regression using logged total air emissions does not support this story, however.
One possible way to make sense of what may – at first – appear to be somewhat conflicting results is to
re-examine the Tox-Minus Initiative itself. A review of the program indicates that the majority of
participating facilities (57 percent) expressed their Tox-Minus goals in percentage terms. Figure 2
demonstrates that these facilities also appear to have made larger reductions in emissions relative to
participants that set their goals using other metrics.15 Unfortunately, this does not help explain why
Participant* Post-Policy is statistically significant for levels of total air emissions but not for logged
emissions. If anything, we would expect the opposite.
However, invited facilities that did not participate in Tox-Minus may not pay attention to their percent
reduction in emissions, since they are not required to set explicit emission goals. They may instead react
to the invitation letter as a warning to reduce their overall level of air emissions that are reported to the
TRI. If we interpret the change in logged emissions as a measure of the percentage change, then our
interpretation is consistent with the finding that the Tox-Minus Initiative may have had a measurable
effect on the emission levels of invited facilities even though these reductions did not translate into a
statistically significant percent reduction in emissions.

15

While intriguing, our sample size precludes investigating this difference by further restricting our sample to only
those that set goals in percentage terms. If we did this, we would only have 27 participants in our sample.
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Figure 2: Participant Emissions by Type of Goal

VIII.

Sensitivity Analyses

To further explore these results, we conduct a number of sensitivity analyses. To ensure that the
differences between the logged and level specifications are not an artifact of outliers in emissions
(which would have a greater effect on levels), we ran the matching estimation including a dummy
variable that identifies observations as potential outliers based on the multivariate BACON (blocked
adaptive computationally efficient outlier nominators) algorithm (Billor et al. 2000). While the outlier
dummy is positive and statistically significant in the matching estimation, it did not meaningfully affect
the log or level estimations.
We also explore whether the act of supplying information to regulators for annual progress reports, the
first of which was released in 2009, had a differential effect on participant emissions. We might expect
this to be the case if facilities want to demonstrate to regulators that they are making progress towards
their emission goals. Non-participants would not have information revealed to the regulator in the same
way and therefore would not face a comparable incentive to reduce emissions. However, we find no
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evidence that this is the case. Both a dummy variable that defines 2009-2012 as the progress report
period and a term that interacts this progress report dummy with participation are insignificant.
Regulatory Attention
To investigate whether the degree of regulatory attention received by facilities from the EPA over the
2003–2012 time period affects emissions, we also ran specifications that examined TRI emissions subject
to the Clean Air Act (CAA). Brouhle et al. (2009) find that the threat of regulation is a significant factor in
explaining voluntary emission reductions for both participants and non-participants. In this case, we may
find that highly regulated facilities reduce emissions more in the post policy period regardless of
participation in Tox-Minus. On the other hand, if facilities viewed Tox-Minus participation as a way to
forestall an increase in stringency, then participants may have lowered TRI emissions by more –
particularly of emissions more closely monitored by the EPA – in the post policy period.
To evaluate the first question we add the ratio of CAA to total air emissions as an independent variable
in the original specification to capture the possibility that regulatory pressure may induce reductions in
emissions separate from those associated with the voluntary program in the post-policy period. We
report the triple difference fixed effect panel regression results in the second and third columns of Table
6. We find that facilities that are more highly regulated have significantly lower emissions in the postpolicy period regardless of participation in Tox-Minus when the dependent variable is expressed in
levels. Importantly, the interaction between invited and post-policy remains statistically significant even
after accounting for the potential role of regulation, though Participant*Post-Policy is no longer
significant even for level of total air emissions. The ratio of CAA emissions to total emission is not
significant in the post policy period when total air emissions are expressed in logs. This result suggests
that once the degree of regulatory attention is accounted for in the regression participation in the ToxMinus Initiative did not significantly affect total air emissions, which is consistent with the Brouhle et al.
(2009) finding. Being invited to the program – which may be a signal of increased regulatory attention still significantly reduced total air emission levels of both participants and non-participants.
To analyze the second question, we run our preferred triple difference panel fixed effect regressions in
both levels and logs using CAA emissions reported to the TRI as the dependent variable instead of total
TRI air emissions. These results are reported in the fourth and fifth columns of Table 6. In this case, we
find that participants reduced total air emissions subject to the Clean Air Act in the post policy period by
significantly more than non-participants regardless of whether they are specified in level or log terms.
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Viewed in conjunction with the results reported in columns two and three, this may suggest that ToxMinus participation and degree of regulatory attention interact in a way that is not completely
accounted for when the CAA Ratio * Post Policy variable is added to the regression. The interaction
between invited and post-policy remains statistically significant only in the levels specification.

Table 6: Regulatory Attention Difference-in-Difference Panel Estimation Using Matched Sample
Total Air
Emissions (lbs)
(948 obs)
Post-Policy
Participant * PostPolicy
Invited * Post-Policy
Participant *Invited *
Post-Policy
CAA Ratio * Post-Policy
PM attainment * PostPolicy
Manufacturing * PostPolicy
Time Trend
Constant

ln[Total Air
Emissions (lbs)]
(944 obs)

Total CAA Air
Emissions (lbs)
(948 obs)

ln[Total CAA Air
Emissions (lbs)]
(902 obs)

63,004

0.174

-277,593

0.432

(0.75)

(0.77)

(0.18)

(0.35)

*

-491,484

-0.809

(0.07)

(0.24)

-742,376

***

0.047

(0.01)

**

-565,759

-1.328*

(0.04)

(0.06)

**

-0.109

(0.90)

(0.01)

(0.83)

377,064

-0.098

440,442

0.265

(0.15)

(0.91)

(0.10)

(0.72)

-494,793**

0.232

(0.02)

(0.77)

104,214

-0.978

109,734

-1.142

(0.50)

(0.36)

(0.41)

(0.30)

**

1,033,617

-0.207

(0.02)

-679,130

**

0.320

(0.48)

(0.02)

(0.40)

-49,748***

-0.118***

-44,508***

-0.138***

(0.01)

(0.00)

(0.02)

(0.00)

980,820

11.943

1,045,765

***

11.150***

(0.00)

(0.00)

(0.00)

***

763,152

Within R-Squared

0.2101

0.1925

0.1912

0.1394

Between R-Squared
Overall R-Squared

0.2668
0.0153

0.0251
0.0549

0.2253
0.0087

0.0017
0.0171

*** Significant at the 1 percent level, ** Significant at the 5 percent level, * Significant at the 10 percent level.
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Regression discontinuity
Our results indicate that the Tox-Minus Initiative resulted in greater TRI emission reductions from the
100 emitters invited to the program, regardless of participation. Because we have an identifiable though fuzzy - cutoff point between treated (invited) and non-treated (non-invited) facilities based on
total TRI emissions, we evaluated whether we could use a regression discontinuity approach to examine
the robustness of our results that increased attention by the regulator - signaled by an invitation to join
Tox-Minus – changed TRI emissions behavior.
The regression discontinuity approach relies on the fact that the cutoff point is an arbitrary point and
external to the facilities’ decisions. It is likely that those just above the cutoff and those below it are
similar with regard to pre-treatment characteristics. Only the ad hoc nature of the cutoff point separates
the treated from the untreated. This allows us to use non-invited facilities close to the threshold as a
reasonable counterfactual for what would have occurred to invited facilities absent Tox-Minus. When
the probability of being included in the treatment group increases in the vicinity of the cutoff point, but
there is a blending of treated and untreated observations at the cutoff point, the discontinuity is said to
be fuzzy: In our case, although the program claims to have invited the 100 of the top emitters, based on
2005 total emissions, we cannot exactly replicate the invited list of facilities using TRI emissions. There
appears to have been some other criteria used when deciding to invite facilities – which we confirmed
through correspondence with the Ohio EPA - other than reported criteria reported.
However, a regression discontinuity approach is only valid for treated facilities reasonably close to the
cutoff point. What qualifies as reasonably close is largely an empirical determination. However, the
further from the cutoff point the more likely that assignment to one side of the cutoff or the other is not
random. Tox-Minus facilities received invitations mainly based on the magnitude of their 2005 TRI
emissions: if they were in the top 100 they received a letter. To assess whether we have a sufficient
number of Tox-Minus facilities with emissions close to the cutoff, we plot the total TRI emissions in 2005
by rank in Figure 3
The figure shows a cutoff between invited (in blue) and not invited facilities (in red) near the 100th rank,
but it also shows that the cutoff is not sharp. Even without limiting the sample to the points near the
100th rank, a blending between invited and non-invited facilities can be seen around the cutoff. The
figure also indicates that total emissions across the sample are very non-linear. This makes finding an
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acceptable sample for a regression discontinuity analysis difficult. It is very likely that the pre-treatment
characteristics of facilities are not random the greater the difference in total emissions.
Total emissions in 2005 for the 100th ranked facility in our sample was around 183,000 pounds. Using a
bracket of 91,500 to 366,000 pounds, which is half of the emissions of this 100th facility as one end and
twice these emissions for the other end, only 21 invited facilities remain in the sample, only 10 of which
participated in the program. Centering the cutoff on the emissions of the 93rd facility (since we only have
93 invited facilities), produces a bracket of 101,000 to 404,000 pounds, and a sample of 61 facilities, 25
of which were invited to join Tox-Minus and 13 of which chose to participate. Given the nonlinear
nature of the emissions data, it is our opinion that the sample is too small to allow for a robust
regression discontinuity analysis comparing invited to non-invited facilities in a way that would shed
light on the overall effectiveness of the Tox-Minus Initiative.

Figure 3: Rank of Total TRI Emissions (in pounds), 2005
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I.

Conclusion

Voluntary programs such as Ohio’s Tox-Minus Initiative attempt to achieve the laudable goal of
encouraging environmental improvement without imposing formal regulation, and the raw data might
suggests that Ohio succeeded. Total air emissions by the 48 Tox-Minus participants in our sample
dropped from an average of over one million pounds in 2003 to around 312,000 pounds in 2012.
Average emissions of the 272 non-participants in our sample dropped from around 264,000 pounds to
97,500 pounds. A naïve cross-sectional difference-in-difference model that controls for whether a
facility is invited to join Tox-Minus, county attainment status for particulate matter and manufacturing
facilities indicates a statistically significant decline in the level of total air emissions for program
participants. However, further analysis suggests a more subtle interpretation.
Expanding the naïve approach to control for the post-policy emissions of those invited to the program
suggests that it may be the invitation to participate may motivate the decline in emissions and not
participation in the Tox-Minus Initiative itself. In other words, it may be that attention by the Ohio EPA
and the fact that the facility was explicitly recognized as one of the top 100 emitters that were the
motivating factors for reducing emissions. Using a panel instead of a cross-sectional long difference we
find that both participation and invited status are significant in the post policy period when levels of
total air emissions is used as the dependent variable. However, these results disappear when the
natural logarithm of air emissions is used as the dependent variable.
One problem with these conflicting results is that it may not be appropriate to compare the 48 ToxMinus participants with all 272 non-participants in our sample. To address this concern, we undertake a
propensity score matching exercise, matching each treated facility with its most similar non-treated
facility based on a probit regression of pre-treatment characteristics. This results in a sample of 96
facilities, 48 of which were Tox-Minus participants and 48 of which were non-participants. Summary
statistics and a measure of bias suggest a very close match between these two groups. However,
running the panel fixed effect models on this matched sample produces similar results to the panel
version of the naïve model: both the invited group and Tox-Minus participants had a statistically
significant decline in air emission levels in the post-policy period but not in logged emissions.
Additional analyses that focus on regulatory attention as proxied by the ratio of CAA to total air
emissions a facility reports to the TRI resolves the discrepancy between levels and logs for participants
in the post policy period. Including the ratio of a facility’s Clean Air Act emissions to its total emissions
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on the right hand side of the regression suggests a statistically significant decline in the level of air
emissions as the ratio of Clean Air Act emissions rises regardless of participation. Directly controlling for
the extent of CAA regulation in this way renders Tox-Minus participation consistently insignificant in the
post policy period. However, we find that participants reduced emissions by significantly more than
non-participants in the post policy period for both the level and log specifications when we restrict the
dependent variable to only CAA emissions.
The invited group continues to show a significantly negative effect in the post-policy period only in the
levels regressions. One possible explanation for the difference in the invited results across level and log
specifications is that many of these facilities do not necessarily set emission reduction goals, only
participants do. It is possible that invited facilities concentrated on reducing emission levels to minimize
regulatory attention but since they were not required to set an explicit emissions reduction goal (the
majority of which were stated in percentage terms) this did not necessarily translated into a noticeable
difference in the percent reduced.
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