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Abstract

We investigate the incentives and consequences of firms’ environmental disclosure via
clean patent filings. We exploit facility-level EPA enforcement actions as a shock to firms’
incentives to disclose clean innovation to investors and regulators and find that firms file
more clean patents immediately following an increase in the informational benefits of dis-
closure. These results are driven by firms for whom information disclosure is more im-
portant, such as firms operating in weaker information environments, firms more insti-
tutional owners, and firms with higher CEO compensation stock price sensitivity. Clean
innovation disclosure is associated with reduced air and water pollution in filing and cit-
ing firms, with knowledge spillovers occurring via supply chains and local networks. Our
results suggest that regulation-induced clean innovation disclosure can generate positive

externalities beyond the individual firm.
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1 Introduction

Environmental concerns are becoming increasingly important in financial markets. In line
with these developments, regulators and investors alike are increasingly demanding informa-
tion about firms’ environmental performance. However, despite this increasing demand, dis-
closure of firms’ environmental and sustainability performance is largely voluntary and lacks a
standardized framework (Christensen, Hail, and Leuz (2021)). Perhaps unsurprisingly, firms’
environmental and climate disclosure is often considered to be uninformative and imprecise
by market participants (Ilhan, Krueger, Sautner, and Starks| (2023))), at least partly driven by
issues such as greenwashing (Marquis, Toffel, and Zhou| (2016); Berg, Kolbel, and Rigobon
(2022)). In an economy where investors increasingly value and respond to firms’ environmen-
tal performance, understanding firms’ incentives to provide credible and accurate environ-
mental disclosure is therefore of crucial importance.

Whether firms decide to disclose their environmental performance is the result of a cost-
benefit trade-off: on the one hand, disclosure mitigates information asymmetries between
owners and investors, which can lead to benefits such as improved stock liquidity (Amihud
and Mendelson! (1986))), a reduced cost of capital (Lambert, Leuz, and Verrecchia (2011)), im-
proved monitoring by analysts and institutional investors (Bushman and Smith! (2001))), and
more efficient investment (Biddle, Hilary, and Verdi| (2009)). On the other hand, firms may
incur proprietary costs if the disclosed information can be used by competitors, suppliers, and
peer firms to gain insight in the firm’s strategy and operations (e.g. Verrecchia|(1983); Berger
and Hann| (2007)). Different from traditional disclosure however, environmental disclosure
can create positive externalities beyond the boundaries of the firm (Christensen, Hail, and
Leuz|(2021))), such that disclosure may lead to increased social welfare even if the firm’s pro-
prietary costs outweigh the benefits.

We investigate how changes in firms’ environmental disclosure incentives may create pos-

itive environmental externalities by considering patent filings related to clean innovation.



Clean patent filings provide several benefits to investigate this question: patents are subject
to a rigorous examination process by an official third party before being granted, making them
more accurate, more credible, and less subject to greenwashing. Clean patent filings therefore
provide stronger informational benefits relative to other forms of environmental disclosure.
At the same time, in addition to the non-negligible direct costs from preparing and filing a
patent, patent filings involve significant proprietary costs as, in order to be granted, patent fil-
ings must include detailed information about the firm’s operating and production processes,
thereby providing valuable information to competitors and peer firms (Anton and Yao|(2004);
Kim and Valentine (2021))). Moreover, patents are designed to create knowledge spillovers
and generate follow-on innovation in exchange for a temporary monopoly on the technology,
providing an ideal laboratory to investigate the externalities of environmental disclosure.

We first investigate corporate incentives to disclose clean innovation by exploiting facility-
level variation in regulatory pressure by the Environmental Protection Agency (EPA) as a
shock to the informational benefits of disclosure. In the U.S., toxic emissions are regulated
and monitored by the EPA, which issues fines and sanctions for firms that fail to comply with
environmental regulations. EPA enforcement actions are associated with significant penalties,
which increase exponentially for repeat violators (Blundell, Griffith, and Windmeijer; (2002)).
Firms that fail to address the EPA’s concerns face large direct and indirect costs, including
increased monetary penalties, reputational damage, heightened regulatory scrutiny, and in-
creased litigation risk, which are likely to negatively affect returns and performance. EPA
enforcement actions therefore increase firms’ incentives to disclose their emission abatement
efforts to regulators and investors, which we expect to be reflected in more clean patent filings
by firms facing regulatory pressure by the EPA.

Based on a sample of more than 60,000 facility-year observations in a Poisson regression
estimation controlling for facility and industry-year fixed effects, we find that regulatory pres-
sure by the EPA is positively related to a firm’s clean patent filings. We find that a facility’s
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facility’s parent firm immediately following the EPA action. Innovation is a long-term process
that typically takes years to result in a successful patentable technology. These results there-
fore suggest that, in the absence of EPA pressure, the patented innovations were unlikely to
be disclosed, consistent with the notion that firms are unlikely to voluntarily provide environ-
mental and climate disclosures (Ilhan et al.|(2023)). Indeed, the extant literature shows that
immediate increases in patent filings reflect a substitution effect, rather than real changes in
innovation (Glaeser and Lang (2023).

A potential concern, however, is that a firm’s exposure to EPA pressure may be correlated
with variables that also explain its clean patent filings. Although many potential determinants
of EPA enforcement actions would predict a negative relation with clean patent filings, rather
than the positive relation documented in our findings, we exploit high-dimensional fixed ef-
fects at the facility level and the industry-year level to account for, e.g., facility-specific produc-
tion processes and time-varying industry regulations. In addition, we employ a difference-in-
differences (DID) estimation where we consider EPA enforcement actions in neighbouring fa-
cilities as a positive shock to firms’ disclosure incentives. EPA inspection schedules are at least
partly determined by geographical proximity, and firms have been shown to respond to nearby
inspections even if they are not inspected themselves (Dasgupta, Huynh, and Xia|(2023)). We
confirm that firms file more clean patents in the one- to four-year period following EPA pres-
sure in nearby facilities.

Next, we investigate firm- and facility-specific dimensions that increase firms’ incentives to
disclose clean innovation following regulatory pressure. Prior research has shown that greater
demand for information by investors and analysts is positively related to firms’ innovation dis-
closure (Chu, He, Hui, and Lehavy (2023); Baruffaldi, Simeth, and Wehrheim (2023))). In line
with these findings, we document a stronger effect of EPA enforcement actions on firms’ clean
patent filings for firms (i) operating in weaker information environments, proxied by higher
analyst forecast dispersion, and (ii) with more sophisticated investors, proxied by institutional

investor holdings. In addition, the direct and indirect costs of EPA pressure are expected to be



more salient for managers whose compensation is tied more closely to the firm’s stock price.
Consistent with this hypothesis, we find that firms file more clean patents following EPA en-
forcement actions if their CEOs’ compensation is more sensitive to the share price.

To ensure our results are generalizable, we investigate the cost-benefit trade-off of envi-
ronmental disclosure in a setting that does not depend on regulatory pressure. To test the
informational benefits of clean innovation disclosure, we exploit within-facility time variation
in holdings by a facility’s local institutional investors. If firms choose to disclose their clean
innovation in order to provide information to investors about their environmental efforts, they
should be more likely to do so if there is a higher presence of local institutional investors near
their facilities. Fund managers rely on soft information when making investment decisions,
which is easier to do for local institutions than for distant investors Bai and Massal (2021)); Lee
(2023)). This is especially true in the context of emission abatement: investors located close
to a facility can assess its environmental performance much more accurately via, for example,
site visits and local networks (Kim, Wan, Wang, and Yang (2019a); Dasgupta, Huynh, and Xia
(2023)). We indeed find that a firm’s clean patent filings are positively related to holdings by
institutional investors local to its facilities, consistent with the provision of information to local
institutional owners being an important determinant in a firm’s disclosure decisions.

We then investigate whether the disclosure of clean innovation leads to positive environ-
mental externalities beyond the boundaries of the firm (Christensen, Hail, and Leuz (2021)).
To ensure clean patents are credible signals to reduce scrutiny by regulators and investors, we
first confirm that patents classified as clean are associated with lower air and water pollution in
the filing firm. A key benefit of clean patent filings is that they enable us to track knowledge
spillovers via patent citations (Jaffe, Trajtenberg, and Henderson| (1993); Jaffe, Trajtenberg,
and Fogarty|(2000); Bloom, Schankerman, and Van Reenen (2013))). We document that firms
citing more clean patents have lower air and water pollution, and we find that such knowledge
spillovers occur along supply chains and local networks. Clean patent filings by suppliers are

positively associated with their customer firms’ clean patents filings, indicating that disclo-



sure may help address concerns that clean innovation fails to reduce carbon emissions if it
does not spill over to other firms along the supply chain (Bolton, Kacperczyk, and Wiede-
mann|(2023))). We also document a positive association between clean patents filings by peer
firms located in the same county, consistent with the existence of local knowledge-sharing net-
works (Giroud, Lenzu, Maingi, and Mueller (2023)). These findings therefore highlight that
disclosure via patent filings may play an important role in ensuring the propagation of clean
innovation knowledge.

We perform a wide array of robustness checks. We first show that clean patent filings re-
spond similarly, when compared to non-clean patents, to economy-level innovation and dis-
closure shocks, proxied by changes in the user cost of R&D and trade secrets protection regu-
lation. Second, we investigate the costs of disclosing clean innovation: if such costs are negli-
gible, firms may file clean patents even in the absence of regulatory enforcement actions that
increase the informational benefits of disclosure. We show that clean patents are subject to
higher disclosure costs relative to non-clean patents: clean patent grant announcements are
associated with lower market announcement reactions, and clean patents are not associated
with higher long-term profits or sales. Our results therefore imply that profit-seeking investors
may not value the disclosure of clean innovation in the absence of a shock to the informational
benefits of disclosure.

This paper contributes to the literature in several ways. First, it extends the growing lit-
erature on the real effects of disclosure that is central to accounting research. We investigate
patent filings as a form of disclosure that provides a highly credible and accurate signal to
investors. By doing so, we answer the call of [Leuz and Wysocki| (2016) for more research ex-
amining the impact of disclosure on innovation and to explore nontraditional forms of dis-
closure (e.g., Sutherland| (2018)). In this paper, we investigate clean patent filings as a more
accurate form of CSR and environmental disclosure. Related studies in this area examine,
for example, sustainable innovation disclosure in the form of innovation-related words and

sentences in conference calls (Skinner and Valentine|(2023))). Compared to these studies, we



investigate a form of disclosure that is arguably more credible, thereby increasing the informa-
tional benefits to investors and regulators. We also contribute to the sparse literature on how
disclosure-driven spillovers can have real effects (Roychowdhury, Shroff, and Verdi|(2019))).

Despite the importance of disclosure in the patent system, few papers have investigated the
incentives and consequences of patent disclosure Glaeser and Lang (2023). Kim and Valentine
(2021) find that faster disclosure by peer firms leads to higher R&D and innovation, and Dyer,
Glaeser, Lang, and Sprecher|(2020)) find that more lenient patent examiners are associated with
lower-quality disclosure and fewer follow-on innovations. Other studies investigate the equity
market consequences of patent disclosure and find that disclosure improves the accuracy of
analyst forecasts (Beyhaghi, Khashabi, and Mohammadi|(2022)). Our paper contributes to this
important gap in the literature by investigating the role of information signaling to regulators
and investors as a patent disclosure incentive.

Second, this paper relates to studies investigating the role of institutional owners in firms’
environmental performance. Kim et al. (2019a) show that holdings by local institutional own-
ers are negatively related to firms’ toxic emissions, a finding confirmed by Dasgupta, Huynh,
and Xia (2023]) who show that EPA pressure in nearby competing plants leads to higher re-
ductions in toxic emissions if local SRI fund holdings are higher. |Gantchev, Giannetti, and
Li/(2022) similarly show that, following environmental and social incidents, firms with more
ESG-conscious institutional ownership decrease their toxic emissions more. Our paper adds to
this literature by showing that institutional ownership may increase firm incentives to disclose
clean innovation.

Third, this paper relates to the literature on green and climate-related innovation. |Gao
and Li (2023) show that green patents lead to reductions in toxic emissions. Hege, Pouget,
and Zhang (2023) show that climate-related patent approvals are related to changes in ESG
investors’ holdings and that firms experience higher market returns in the 12-month period
following a patent approval, driven by periods with heightened climate change attention in

media outlets. We show that clean patents may be used to signal to investors when the ben-



efits from doing so outweigh the costs, for example following increased environmental reg-
ulatory pressure. Bolton, Kacperczyk, and Wiedemann (2023 show that firms with higher
carbon emissions engage more in brown R&D and less in green R&D, and fail to find strong
evidence that green innovation reduces carbon emissions, attributing this to a lack of supply
chain spillovers in green technologies. Our findings provide important insights into how clean
innovation may spill over along the supply chain by showing that disclosure of clean innova-
tion via patent filings leads to knowledge spillovers among customer and peer firms.

Taken together, our findings shed light on firms’ incentives to disclose and the conse-
quences from disclosing clean innovation. In doing so, our findings aid our understanding
of how corporations can reduce negative environmental externalities and drive environmen-

tally sustainable long-term growth (Aghion, Hemous, and Veugelers (2009)).

2 Data and Methods

2.1 Patent Data

We obtain data on firms’ patent filings from Patentsview and the United States Patent and
Trademark Office (USPTO). Patentsview holds the full history of patents granted by the USPTO
from 1976 and patent applications from 2001. We use the list of patent IPC classifications for
abatement innovation based on the environment-related technologies (ENV-TECH) identifi-
cation defined by the OECD. The ENV-TECH classification, based on the International Patent
Classification (IPC) and the Collaborative Patent Classification (CPC), features eight environ-
mental families, separated in 3 different areas: Environmental Management, Water-Related
Adaptation Technologies, and Climate Change Mitigation Technologies (CCMTS) We focus
on patents in the area of Environmental Management, as these are most closely related to

emission abatement under the EPA’s requirements.

I'ENV-TECH classification is based on the European Patent Office’s classification scheme for environmental-
related technologies (CCMTs), where relevant patent publications are classified into a separated scheme within
the CPC, see https://www.uspto.gov/web/patents/classification/cpc/html/cpc-Y.htmll


https://www.uspto.gov/web/patents/classification/cpc/html/cpc-Y.html

To define clean patents, we first identify all USPTO granted patents from 1976 to 2020 with
the same IPC classification as ENV-TECH. To make sure these patents pertain to environmen-
tal management, we require at least 20% of their IPC/CPC classes to belong to environmental
management. We identify 186,981 clean patents across all types of assignees (private, public,
government, and individual assignees). We limit our analysis to patents filed by publicly listed
firms, as our empirical setting hinges on a shock to firms’ incentives to provide information to
investors, which is less relevant for privately held firms. This subset of clean patents granted

to public firms is 53,082 patents. We report some of the most cited clean patents in Table

2.2 EPA Enforcement Actions

We exploit within-facility variation in environmental enforcement actions by the EPA to cap-
ture increases in firms’ incentives to disclose clean innovation to investors and regulators. We
obtain facility-level data on sanctions and fines by the EPA and local regulators from ECHO
(Enforcement and Compliance History Online, available at https://echo.epa.gov/ )E] For
every facility-year observation, we count the number of enforcement actions received by the
facility in year t. Enforcement actions comprise formal (e.g., fines and civil lawsuits) and in-
formal (e.g., violation notices) actions conducted by EPA and local regulators.

We consider three measures of EPA enforcement actions: (i) the number of formal actions
conducted in facility f in year t, (ii) the total monetary penalties in thousands of USD received
by facility f in year ¢, and (iii) an indicator for a facility f’s status as a High Priority Violator
(HPV). High Priority Violators are facilities that have violated a federally enforceable Clean Air
Act (CAA) requirement that is (1) likely to pose a significant risk to human health and/or the
environment from direct or indirect release of air pollutants or that (2) may harm the ability to
implement CAA programs. Facilities that are considered High Priority Violators are subject to

intense oversight by the EPA and are subject to more frequent inspections, higher fines, and

’Data in ECHO is separated into the EPA’s Integrated Compliance Information System (ICIS) for Clean Air
Act Stationary Sources and the National Pollutant Discharge Elimination System (NPDES). We include informa-
tion from both systems in our measures of EPA enforcement actions.
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explicit deadlines for actions to resolve outstanding violations. These actions are intended to

incur substantial costs for the polluting facility.

2.3 Sample and Summary Statistics

Our empirical framework capitalizes on within-firm and within-facility variation in environ-
mental regulatory enforcement actions, necessitating the construction of a facility-year level
dataset. Facility-level data is sourced from the Toxic Release Inventory (TRI) database, admin-
istered by the U.S. Environmental Protection Agency (EPA). The TRI database covers a broad
spectrum of industries, including manufacturing, mining, and electric utilities, and provides
detailed information on more than 650 specified toxic chemicals. These chemicals are cata-
loged based on their releases into various environmental mediums — air, water, and land —
in addition to other waste management activities. Facilities employing 10 or more full-time
staff are obligated to submit annual reports detailing the quantities of each TRI-listed chemi-
cal that has been released or otherwise managed as waste. We include all facilities owned by
publicly-listed U.S. firms spanning the years 1987 to 2020, as TRI coverage starts in 1987.

We manually match facility-level information from the Toxic Release Inventory (TRI)
with accounting and financial variables sourced from the CRSP/Compustat Merged (CCM)
database using parent company names. Data on total institutional ownership is obtained from
the Refinitiv S34 database, which includes all institutional holdings collected from 13F docu-
ments filed with the SEC. We only retain firm-year observations with positive total assets. We
link patents to publicly-listed firms using the Permanent Stock Identifier (PERMNO) provided
by Kogan, Papanikolaou, Seru, and Stoffman|(2017). The combination of these data sources
yields a sample comprising 169,248 observations. We follow the existing patent literature and
employ a Poisson regression estimation to estimate the effect of regulatory pressure on clean
patent filings Cohn, Liu, and Wardlaw,(2022)). In doing so, we must drop all firms that do not

file any clean patents over our sample period from our baseline sample Y| This results in a sam-

3Excluding these observations does not bias the estimates in a Poisson regression setting, as they contain no
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ple of 63,513 observations. For some analyses that do not require facility-level information, we
extend our sample back to the start of our patent data sample (i.e., 1976).

Summary statistics for our facility-level panel are reported in Table 2l On average, firms
file approximately 9 patents annually, with a median of 1, indicating a skewed distribution in
patent filings. The dispersion in patent filings is notable, as evidenced by a standard deviation
of 24. In terms of EPA enforcement actions, the mean number of formal actions per annum
stands at 0.03, hinting at the relative rarity of regulatory interventions. The average penalty
incurred is trifling at 250 USD, which reflects the fact that the majority of facilities do not
receive a penalty in a given year. Conditional on receiving a penalty however, the average
penalty amount levied is nearly 200,000 USD, with the highest penalty in our sample reaching
20 million USD. HPV (High Priority Violator) status is applicable to, on average, 5% of the
facilities in our sample. Facilities emit around 80 thousand pounds of air pollutants, discharge
26 thousand pounds into water, and inject 39 thousand pounds of chemicals into land annually.
The distribution of pollution is, however, also skewed: the median facility emits a mere 1,000
pounds per annum, and over half of the sample facilities do not contribute to water and land
pollution. We further document that firms in our sample have an average Tobin’s Q of 1.69,
R&D expenses reflecting 2% of assets, and cash, capital expenditures, and capital intensity
ratios of 8%, 5%, and 29%, respectively. Institutional owners account for 49% of facilities’ parent

firms’ shares.

2.4 Baseline Regression Specification

Our baseline estimation investigates the relation between a facility’s exposure to EPA enforce-
ment actions and clean patents filings using a Poisson regression estimation at the facility-year
level:

CP;y1 = o+ B1EPA;, + ByControlss; + Ay + Ay + €5y, (1)

information about the regression coefficients with multiplicative fixed effects (Cohn, Liu, and Wardlaw|(2022)).
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where CP;,,, measures the number of patents filed by facility f’s parent firm i in year ¢ + 1,
i.e. the year following the EPA’s enforcement actions. EPA, measures the number of formal
actions or monetary penalties (in thousands of USD) in year ¢, or the facility’s status as a High-
Priority Violator (HPV) in year t. Controls;, ;, is a vector of facility-, firm- and industry-level
control variables. At the facility level, we include the natural logarithm of the facility’s total
emissions in pounds, as a firm’s incentives to develop emission-abatement technologies may
be correlated with its emissions output. At the firm level, we include the natural logarithm
of the facility’s parent firm’s sales, Tobin’s Q, cash ratio, capital expenditures, capital intensity,
and R&D ratio. A, are Facility fixed effects to account for time-invariant unobservable hetero-
geneity among facilities in terms of, e.g., production processes, demographic variables, etc.,
and 4, are IndustryxYear fixed effects to account for time-varying variation across industries
at the NAICS 6-digit level in terms of, e.g., time-varying industry-level pollution regulations,

industry competition, etc.

3 Results

3.1 EPA Enforcement Actions and Clean Innovation Disclosure

In our main analyses, we delve into the propensity of firms to disclose their environmental en-
deavors via clean patent filings in the aftermath of escalated regulatory enforcement actions
targeting their emissions. The act of environmental disclosure embodies a cost-benefit equi-
librium, wherein the informational advantages accorded to investors and regulators are coun-
terbalanced by the proprietary costs associated with disclosing sensitive data to competitors.
Consequently, we anticipate a surge in clean patent filings subsequent to EPA enforcement
actions, given the amplified incentives for firms to signal their emission-mitigation endeavors

to both investors and regulators/

“4In additional robustness tests, we investigate the proprietary costs of disclosure associated with clean patent
filings. We document that clean patents do not, on average, create more value than non-clean patents as proxied
by market reactions around grant announcements, and that they are not associated with higher long-term profits
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We estimate the effect of EPA enforcement actions at the facility level on clean patent filings
in Table (3] Conforming to the patent literature, we employ a Poisson specification for our de-
pendent variable — the count of clean patents filed by a facility’s parent firm in year ¢ + 1, con-
sidering its ordinal and non-negative characteristic. Furthermore, we add facility-level fixed
effects and industry (NAICS six digits)-by-year fixed effects to control for time-invariant het-
erogeneity in clean patent filings across facilities and time-varying variations in clean patent
filings across industries. This methodology enables us to accommodate potential omitted vari-
ables potentially influencing clean patent filings, like time-variant industry-level emissions tar-
gets and pollution regulations, along with static disparities between facilities concerning their
production processes. Moreover, we also control for natural log of the facility’s total emissions,
as well as an extensive array of firm-level variables that might influence clean patent filings,
including the firm’s Tobin’s Q, cash holdings, R&D and capital intensity, and sales.

Our results unveil a consistently positive correlation between EPA enforcement actions
and clean patent filings by the facility’s parent firm in year immediately following the EPA
actions. In terms of economic magnitude, a one-unit increase in formal EPA enforcement

0042 _ 1) X 100%) increase in clean patents

actions in a facility f is associated with a 4.29% (=(e
filed by the facility’s parent firm in the year following the enforcement action (column (1))[]
In absolute numbers, this percentage change is equivalent to an increase in clean patents filed
of 1.60 when moving from 0 enforcement actions to 1 enforcement action in year ¢ | When
considering monetary penalties received, a $10,000 increase in monetary penalties is similarly
associated with a 3.05% increase in clean patents filed, equivalent to 1.13 additional filings, in

the following year (column (2)). We find that the effect of EPA scrutiny is most pronounced

for facilities receiving the HPV status: parent firms’ clean patent filings increase by 6.18%

or sales.

>In a Poisson model, the magnitude of a one-unit change in an independent variable (e.g., EPA enforcement
actions) is calculated as ef — 1, which represents the percentage change in the dependent variable (e.g., clean
patent count) when multiplied by 100% (Sautner, van Lent, Vilkov, and Zhang|(2020)).

%Given that 8, = 3.616, the number of clean patents filed when enforcement actions are equal to 0 is e
= 37.19. Moving from 0 to 1 enforcement action along the Poisson distribution increases the number of clean
patents filed to e3616+0-042 = 38 78 or a 4.29% increase relative to the zero-enforcement actions case.

3.616
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(=(e®%° — 1), or 2.34 additional filings, in the following year (column (3)). These outcomes
reflect economically sizeable effects given that the average parent firm has 7 facilities.

The coefficients on our control variables indicate that firms with higher Tobin’s Q file fewer
clean patents, which may indicate that clean patents are, on average, not value-increasing. We
investigate this notion in Section where we find that clean patents indeed do not lead to
higher profits or sales and have less economic value based on market reactions to patent grants.
We also find that capital expenditures are negatively related to clean patent filings, which may
be indicative of a substitution effect between investments in capital assets and R&D.

If regulatory pressure by the EPA can generate positive externalities beyond the firm, a
potential outcome might be that stronger environmental regulatory pressure could translate
into economy-wide effects. Although a full-scale social welfare analysis is beyond the scope of
our paper, we investigate the effect of country-wide regulatory pressure on clean innovation
disclosure in Internet Appendix Table B1. We measure country-wide regulatory pressure by
considering the amount of resources at the EPA’s disposal in terms of its budget (in USD) and
workforce (number of employees) and exploit time-series variation in the EPA budget and
workforce to investigate the effect of regulation on the aggregate number of clean patents in
the U.S. economy.

We de-trend the time-series following Hamilton! (2018) and find that a larger EPA budget
and workforce at time ¢ is significantly positively correlated with clean patent filings in future
periods. A ten percent increase in the EPA budget (EPA workforce) is correlated with a two
percent (five percent) increase in clean patent applications in the next two years['] Overall, our
evidence therefore suggests that the development of clean innovation is at least partly induced
by environmental regulation, consistent with the framework in/Acemoglu, Aghion, Bursztyn,
and Hemous (2012).

It is important to note that our results reflect firms’ choice to disclose their clean inno-

vation efforts, rather than the choice to engage in clean innovation. Innovation is typically a

7 All variables are residuals of a regression on their own lags at t — 4 and ¢ — 5.
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long-term process that may involve years of R&D before an innovation reaches the stage of be-
ing patentable. Itis therefore highly unlikely that firms are able to successfully develop a novel
clean technology in the one-year period following regulatory pressure by the EPA. Instead, it
is more likely that the firm had already developed the technology, but made the choice to dis-
close the technology via a patent filing to signal information regarding its emission-abatement
efforts to regulators and investors. We explore and provide more evidence on the timing of the

disclosure decision in the subsequent section.

3.2 Difference-in-Differences Analysis

Although our baseline estimation using a Poisson regression is highly restrictive by impos-
ing fixed effects at the facility and industry-by-year level, a potential concern may still arise if
the regulatory pressure faced by a facility is correlated with omitted variables that also deter-
mine the clean patents filed by its parent firm. For such a bias to explain our results, however,
any potential omitted variable that correlates positively with regulatory pressure by the EPA
should also correlate positively with a firm’s clean patent filings. We note that many potential
determinants of EPA sanctions and fines, such as a facility’s historical emissions or a firm’s
overall environmental performance, tend to correlate negatively with clean patent filings, and
therefore are unlikely to explain our findings. Nevertheless, we aim to address any remain-
ing concerns by considering EPA enforcement actions in a facility’s neighbouring facilities
as an arguably exogenous shock to the focal facility’s regulatory pressure in a difference-in-
differences (DID) setting. Dasgupta, Huynh, and Xia (2023) show that EPA inspection and
visitation schedules are at least partly determined by geographic proximity to other inspected
facilities. The likelihood of a facility being inspected and, consequently, receiving fines and
sanctions, is therefore higher if more local neighbouring facilities are under EPA scrutiny. At
the same time, it is unlikely that EPA pressure in neighbouring facilities results in more clean
patent filings by the focal firm through channels other than the increased regulatory pressure.

We report results for these DID estimations in Table {4, A facility is designated as Treated
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if at least two facilities, owned by different parent firms, within a 25-mile radius are recipients
of formal actions by the EPA|We define Post as an indicator variable set to one for the years
after the treatment and zero otherwise. We exclude facilities that were subject to formal EPA
actions from t — 5 to t — 1 from our sample to ensure our results are not driven by focal facil-
ities’ enforcement status. We also report estimations where we construct indicators for every
individual pre- and post-treatment year (i.e.,t < —=5,t — 4, ....,t + 4, and t > +5) to investi-
gate the timing of the disclosure decision. The DID regression leverages a panel data structure
with a Two-Way Fixed Effect (TWFE) approach, in alignment with the framework posited by
Bertrand, Duflo, and Mullainathan|(2004)). It is noteworthy that our estimations are only very
marginally affected by the concern highlighted by Baker, Larcker, and Wang (2022), wherein
the bias engendered in their discussion is primarily due to many early-treated observations
serving as controls for later-treated ones. This concern is unlikely to apply in our setting; a
majority of observations that are untreated serve as controls, given the infrequent occurrence
of formal EPA enforcement actions.

In column (1) of Table |4}, we estimate the underlying assumption of our DID estimation
that EPA enforcement actions in nearby facilities are positively related to EPA enforcement
actions in the focal facilityﬂ We find that facilities are more likely to be subject to EPA en-
forcement actions if nearby facilities were subject to EPA actions in the five years prior. It is
important to note that we include industry-by-year fixed effects in this specification, as EPA
enforcement actions may vary considerably across industries over time. In addition, we con-
trol for the facility’s total emissions, as more polluting facilities are more likely to be subject
to EPA enforcement actions regardless of the EPA inspection schedule. Our results confirm
Dasgupta, Huynh, and Xia/(2023) by showing that spillovers in EPA scrutiny exist between ge-

ographically close facilities, increasing our confidence in our approach that uses nearby EPA

8We require at least two nearby facilities to be subject to EPA enforcement actions to ensure the variation in
local EPA scrutiny is not random. Nevertheless, our results also hold when we require one facility to be subject to
EPA enforcement actions, although the effects are economically weaker. Our results are also robust to variation
in the geographical distance between facilities, ranging from 20 to 50 miles (results available on request).

9The number of observations in column (1) is lower than in columns (2) and (3) due to the Poisson estimation
setting, which excludes facilities without EPA enforcement actions.
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enforcement actions as a positive shock to regulatory pressure in the focal facility. In columns
(2) and (3), we investigate whether such nearby enforcement actions incentivize firms to dis-
close their clean innovation efforts by filing more clean patents. We find that firms file, on
average, 14.45% (=(e®!*> — 1) x 100%) more clean patents in the five years following EPA en-
forcement actions in nearby plants (column (2)), which is equivalent to 1.41 additional clean
patents filed. These results are consistent with the use of clean patent filings to signal infor-
mation to regulators and investors.

A key identifying characteristic of our information signaling hypothesis is that firms should
file clean patents immediately after an increase in regulatory pressure, as this enables us to
separate the decision to innovate from the decision to disclose. To investigate this assumption,
we include separate time indicators for every pre- and post-treatment year in column (3). We
find that the effect of regulatory pressure on clean patent filings is significantly positive in the
1 to 4 years following EPA enforcement actions in nearby plants, whereas it is not significantly
different from zero in other years. As innovation typically takes years to develop, these find-
ings are consistent with the use of clean patent filings to signal information to investors and

regulators.

3.3 Firm-Level Heterogeneity in Informational Benefits from Disclo-

sure

Next, we investigate the cost-benefit trade-off of environmental disclosure by exploiting cross-
sectional firm-level heterogeneity in the relative importance of using clean patent filings to
signal information. We explore three proxies for the strength of firms’ environmental disclo-
sure incentives. In Panel A of Table |5, we first investigate the firm’s information environment,
which has been shown to be a key determinant of a firm’s voluntary disclosure decision Stocken
(2013). In the context of our cost-benefit framework of environmental disclosure, we expect the
informational benefits of environmental disclosure following regulatory pressure to be higher

for firms operating in a weaker information environment. We proxy for a firm’s information
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environment by considering dispersion in the firm’s analyst forecasts following a large body
of literature e.g. Krishnaswami and Subramaniam|(1999). We obtain data on analyst forecasts
from the IBES database, and calculate analyst forecast dispersion as the standard deviation of
analysts’ one-year EPS forecasts. We find that higher dispersion in analyst forecasts, which
proxies a weaker information environment, is negatively related to clean patent filings in the
absence of EPA regulatory pressure. However, we document a significant increase in clean
patent filings in the year following EPA enforcement actions,regardless of whether we mea-
sure EPA pressure as formal actions (column (1)), monetary penalties (column (2)), or HPV
status (column (3)).

Second, we investigate the firm’s ownership structure in terms of institutional ownership
holdings. If EPA enforcement actions push firms to disclose their clean innovation to provide
information to investors, these effects should be stronger for firms with a more sophisticated
investor base, as such investors are more likely to internalize the costs from increased EPA
scrutiny and increased EPA sanctions and fines. In Panel B, we proxy for a firm’s investor
base by considering the firm’s total institutional ownership holdings and compare firms with
high (above-median) institutional ownership to those with low (below-median) institutional
ownership. We find that high institutional ownership is positively related to clean patent fil-
ings following EPA pressure when considering formal EPA actions (column (1)) and monetary
penalties (column (2)), although we do not find a significant effect for a facility’s HPV status
(column (3)). These results indicate that the effect of regulatory pressure on clean innovation
disclosure is concentrated in firms with more institutional owners, which are more responsive
to the disclosure of the firm’s environmental performance.

Third, we consider CEO compensation structure. If the direct and indirect costs from in-
creased EPA pressure negatively affect the firm’s valuation, CEOs whose compensation is tied
more closely to the firm’s stock price should have stronger incentives to signal their firm’s
emission-abatement efforts to investors and regulators. In Panel C, we measure the CEO’s

compensation stock price sensitivity following |Core and Guay|(2002) and |Coles, Daniel, and

18



Naveen (2006) by estimating the compensation delta, and interact it with the EPA’s enforce-
ment actions. CEO compensation delta is obtained from |Coles, Daniel, and Naveen (2006)
and is measured as the dollar change in wealth associated with a 1% change in the firm’s stock
price (in $000s). We find that the CEQO’s stock price sensitivity is negatively correlated with
clean patent filings in the absence of regulatory pressure. This is consistent with the notion
that clean patents are generally not associated with higher market valuations, which we con-
firm in Section 3.6, such that CEOs with higher compensation stock price sensitivity have few
incentives to file clean patents. However, we document a positive relation between CEO com-
pensation stock price sensitivity and clean patent filings in the year following EPA enforcement
actions for each of our measures (formal actions in column (1), penalties in column (2), and
HPV status in column (3)).

Taken together, these results indicate that firms file more clean patents following EPA en-
forcement actions if the informational benefits from doing so are higher, which is the case for
firms operating in a weaker information environment, firms with higher institutional owner-

ship, and firms with CEOs whose compensation is tied more closely to the firm’s stock price.

3.4 Within-Facility Heterogeneity in Local Institutional Holdings

Next, we investigate the cost-benefit trade-off of environmental disclosure in a more general-
izable setting. In our main tests, we exploit facility-level variation in EPA enforcement actions
to capture the informational benefits from disclosing clean innovation. In the next section,
we want to ensure that our results showing the informational benefits of disclosing clean in-
novation to investors are also applicable in a setting that does not rely on regulatory pressure.
Specifically, we exploit within-facility time variation in holdings by a facility’s local institu-
tional investors to capture the informational benefits of disclosure.

The presence of institutional investors located near a facility may increase firms’ incentives
to disclose their environmental efforts for several reasons. Local institutions may have incen-

tives to signal a facility’s pollution to regulators, either for their own benefit or because they
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represent the local community’s interests. In addition, fund managers rely on soft informa-
tion when making investment decisions, which is easier to do for local institutions than for
distant investors Bai and Massa| (2021)); Lee| (2023))). Such information is especially relevant
when considering a facility’s emission abatement, as investors located close to a facility can
evaluate emissions much more accurately via, for example, site visits and local networks (Kim
et al. (2019a); Dasgupta, Huynh, and Xial (2023))). Because local investors are more likely to
respond to a firm’s environmental performance Kim, Wan, Wang, and Yang (2019b), we also
expect firms to disclose more information regarding their environmental performance if they
have more local investors.

We estimate the effect of local institutional investor holdings on clean patent filings based

on a Poisson specification at the facility-year level:

CPi,[+1 = 60 + 51L00al Insti,f,[ + 62[”Sti’f,[ +Xi,t + /‘th + €i[’ (2)

where the main explanatory variable is denoted as Local Inst, representing the proportion
of holdings (expressed as the number of shares held scaled by the total number of shares out-
standing) by local investors in proximity to facility f. The dependent variable is the count of
clean patents filed by facility f’s parent firm i in year ¢ + 1. Data pertaining to institutional
investor holdings and headquarter locales (ZIP Codes) spanning the period from 1999 to 2020
is sourced from FactSet['"] The pairwise distance between the headquarters of institutions and
facilities is computed utilizing the NBER ZIP Code distance database[lY] We control for the
total institutional ownership of firm i, alongside a vector of control variables aligned with our
baseline specification, in addition to facility fixed effects and industry-by-year fixed effects.

We report results in Table We find that the presence of local institutional investors
is positively related to a firm’s clean patent filings. A one-percentage-point increase in local

investor holdings, defined within a 25-mile radius, is associated with a 0.72% (=(e®°73**01 —1)x

10We deviate from TR S34 here because it does not provide institution addresses.
1 Accessible at https://www.nber.org/research/data/zip-code-distance-database
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100%) increase in clean patent filings (column (1)){1;7] We find similar results for local investor
holdings within a 50-mile (column (2)) and 100-mile (column (3)) radius. Moreover, we find
that the magnitude and significance of the effect decreases with geographic distance, which
indicates that these findings likely reflect the presence of local institutional investors, rather
than other potential explanations.

In Internet Appendix Table B2, we aggregate local institutional investor holdings at the firm
level. In this firm-year level analysis, we similarly find that the presence of local institutional
investors near a firm’s facilities is positively related to clean patent filings, consistent with the

use of clean innovation disclosure to signal to investors.

3.5 Externalities of Clean Patent Filings

After having confirmed that firms file more clean patents when the informational benefits
from doing so are higher, we turn to the potential for clean innovation disclosure to generate
positive environmental externalities. We first investigate whether clean patents are associated
with lower toxic emissions. In doing so, we also investigate whether clean patent filings re-
flect credible signaling towards regulators and investors. We then also investigate the indirect
consequences of disclosure in terms of follow-on clean innovation and the channels through

which such spillovers occur.

3.5.1 Toxic Emissions

A first step in assessing whether clean innovation disclosure may lead to positive externalities
beyond the firm’s boundaries is to investigate whether the patented technology lowers emis-
sions. Moreover, this test also enables us to investigate whether clean patent filings reflect
credible signals towards regulators and investors, or whether they are an alternative form of

"greenwashing”. We find in Table 7 that clean patent filings are negatively related to a facility’s

12The presence of local institutional owners near a facility is relatively rare, as institutional owners head-
quartered within a 25, 50, or 100 mile radius of the facility hold between 1%, 1%, and 2% of parent firm shares,
respectively.
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air and water pollution in the one- to five-year period following the filing. In Panel A, we find
that one additional clean patent filing is associated with a 8.8% (column (1)) reduction in air
pollution in the first year after the patent filing, increasing to a 10.3% reduction in the third
year after the filing (column (3)), before reducing to a 5.4% reduction in the fifth year after the
filing (column (5)).

We find similar effects for water pollution in Panel B, which shows significant reductions
of 9% (column (3)) to 13% (columns (4) and (5)) in water pollution in the three to five years
after the patent filing. However, we find no evidence for a reduction in landfill pollution over
the five-year period after the patent filing. Overall however, these results indicate that clean
patents are associated with reductions in air and water pollution, confirming that these are

environmentally-friendly technologies.

3.5.2 Knowledge Spillovers and Emissions

Different from other forms of disclosure, patents are intended to generate knowledge spillovers
in exchange for a temporary monopoly on the technology and as such may result in greater ex-
ternalities in terms of reducing emissions in the environment. An important benefit of investi-
gating patent filings is that we can track such knowledge spillovers via patent citations. Before
we can make claims about the potential positive externalities of clean patent filings in terms
of emission reductions beyond the firm, however, we want to ensure that patent citations are
an accurate proxy for a technology’s environmental impact.

In Table 8, we therefore investigate whether a firm’s clean patent citations are associated
with emission abatement in the citing firm. As before, we investigate the environmental im-
pact in terms of air pollution (Panel A), water pollution (Panel B), and landfill (Panel C). In
Panel A, we find that facilities whose parent firms cite more clean patents in their own patent
filings have lower air pollution, with the effect increasing in significance and magnitude over
the one- to five-year period following the citing firm’s patent filing. Similarly, we find in Panel B

that facilities whose parent firms cite more clean patents have lower water pollution, although
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these effects only become significant four to five years after the patent filing. As before, we find
no significant reduction in landfill pollution from citing clean patents in Panel C. If anything,
there is some evidence for an increase in landfill pollution, suggesting that clean patents have

little to no effect on landfill.

3.5.3 Knowledge Spillover Channels: Supply Chain Partners and Peer Firms

So far, we have shown that clean patents are associated with emission reductions in terms of
air and water pollution in both the filing firm and in firms that cite the clean patent. Next, we
want to take a more in-depth look at these knowledge spillovers by investigating through which
channels such spillovers occur. We first investigate whether clean patents provide knowledge
spillovers along the supply chain. Although [Isaksson, Simeth, and Seifert (2016) and (Chu,
Tian, and Wang (2019) find innovation spillovers between customers and suppliers, Bolton,
Kacperczyk, and Wiedemann (2023) argue that the emission-abating impact of clean innova-
tion may be limited if it does not spill over to other firms along the supply chain. In Panel A of
Table 9, we therefore investigate the extent to which a supplier’s clean patents result in knowl-
edge spillovers to customer firms, proxied by the customer’s clean patent filings. If sufficient
clean innovation knowledge spillovers exist, environmental disclosure via clean patent filings
may lead to more clean innovation in supply chain partners. We obtain data on customer-
supplier relations from the Compustat Customer Segment database, and estimate whether
clean patent filings in supplier firms lead to downstream supply chain knowledge spillovers,
reflected in customer firms’ clean patent filings. We find that an additional clean patent filed
by a supplier firm is associated with a 66% (=(e®>**%%1 — 1) x 100%, column (1)) to 87.39%
(=(e%6%+001 _ 1) % 100%, column (5)) more clean patents filed by the customer firm in the one-
to five-year period following the supplier’s clean patent filing

The value of a clean technology beyond the filing firm may depend not only on the adoption
of the technology by its customer firms, but also by peer firms that use similar production

processes, especially so if peer firms are located close to the filing firm. Giroud et al. (2023)
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show that large productivity spillovers exist among local plants, even if they are owned by
different firms, driven by knowledge-sharing networks among local firms. Such knowledge-
sharing networks may also result in higher knowledge spillovers in terms of clean innovation.

In Panel B, we therefore investigate knowledge spillovers between local peer firms. We find
evidence for knowledge spillovers between peer firms that are located in the same country as
the filing firm, although such spillovers occur later and are smaller in magnitude compared to
supply chain knowledge spillovers. We find that an additional clean patent filed by peer firms
is associated with a 3.66% (column (3)) up to 8.55% (column (5)) increase in clean patents filed
by the focal firm in the three- to five-year period following the initial patent filing.

These results indicate that environmental disclosure in the form of clean patent filings may
resultin significant knowledge spillovers among other firms, which may ultimately lead to pos-
itive externalities beyond the firm’s boundaries. We find that such knowledge spillovers lead
to follow-on innovation mainly along the supply chain, although there is also some evidence

for knowledge spillovers in local knowledge-sharing networks.

3.6 Sanity Checks and Robustness Tests

In this section, we consider several sanity checks and robustness tests to ensure the assump-
tions used in our hypothesis development are appropriate. We first ensure that clean innova-
tion is similar to non-clean innovation by showing that clean patent filings respond to changes
in the user cost of R&D and changes in trade secrets protection. Next, we compare clean
patents to non-clean patents in terms of their forward citations and market valuation, and

we compare their effects on firm outcomes.

3.6.1 Innovation Incentives

Our analysis of the cost-benefit trade-off of environmental disclosure via clean patent filings
relies at least partly on the assumption that firm incentives to file clean patents are similar

to those for other types of patents. Because the literature has investigated incentives to file
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patents at the level of the firm, rather than the facility, we run these tests at the firm-year level.

The innovation literature has shown that patent filings respond to the user cost of R&D
(Hombert and Matray (2018)). R&D expenses are eligible for a tax credit in the state where the
research is conducted, such that firms benefit differentially from tax credits depending on the
cross-state distribution of their R&D activity. Following Hombert and Matray (2018)), we use
the “average” location of a firm’s R&D activity using the average of the state user-cost of R&D
capital weighted by the number of inventors that have filed at least one patent in the last 10
yearsi.e. t — 10 to t — 1. This approach alleviates concerns that firms might self-select into
states that offer more generous tax credits, e.g. by allocating inventors to a state after observing
the tax credits. We confirm that clean innovation responds to the user cost of R&D in column
(1) of Table 10, where we find that a higher user cost of R&D is associated with fewer clean
patent filings.

Another key finding in the innovation literature is that innovation disclosure via patent
filings is inversely related to the protection of trade secrets. Different from patent filings, pro-
tection of innovation via trade secrets incurs much lower proprietary costs of disclosure as
trade secrets do not require the technology to be publicly disclosed. However, the protection
offered under trade secrecy is also lower relative to patent filings, as trade secrets do not pro-
tect the technology from, for example, being reverse-engineered. Although trade secrets and
patent filings are not perfect substitutes, patent filings tend to respond negatively to an increase
in trade secrets protection regulation (Png (2017b)). We confirm that this is also the case for
clean patent filings in column (2) of Table 10, where we find that an increase in trade secrets
protection following the enactment of the Uniform Trade Secrets Act (UTSA) is negatively

related to a firm’s clean patent filings.

3.6.2 Clean Innovation Disclosure Costs: Patent Quality Metrics and Firm Outcomes

In a concluding robustness analysis, we examine the assumption that, absent regulatory pres-

sure, firms possess limited incentives for disclosing clean innovation through clean patent fil-
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ings. The notion that voluntary environmental disclosure is rare suggests that the proprietary
costs of disclosure outweigh the informational benefits. Nevertheless, if clean patents reflect
high-value innovation that contributes to firm value, firms may choose to disclose them as a
signaling mechanism to enhance shareholder value. Likewise, if clean innovations are vital
assets that, when patented, amplify corporate profitability through the provision of temporary
monopolistic advantages, firms may have more incentives to disclose them via clean patent
filings.

To assess whether clean patents reflect high-value or profit-increasing innovation, we com-
pare several patent quality metrics for clean patents and non-clean patents (patents not classi-
fied under the OECD’s clean technology categories). We utilize four distinct metrics of patent
quality: Forward Citations, which capture the cumulative citations received by a patent as of
2022; Market Value &, as detailed in Kogan et al. (2017), which measures the patent’s private
value to the ﬁr Renewal Duration, which specifies the period for which the patents have
been renewed, with extended durations implying higher value; and Number of Assignments,
which quantifies how often patents have been transferred to other parties, based on the pre-
sumption that patents of lesser value are seldom reassigned.

In Panel A of Table|11} we find no substantiating evidence that suggests clean patents are
of better quality in terms of forward citations (column (1)) or market announcement returns
(column (2)) relative to non-clean patents. These findings may help explain why corporations,
on average, show limited propensity to voluntarily disseminate environmental and climate-
related information through clean patent filings (Ilhan et al.|(2023])). Additionally, we observe
no evidence that clean patents are linked to more frequent renewals (column (3)) or an in-
creased frequency of assignments (column (4)). These observations imply that clean patents
do not demonstrate superior patent quality metrics in the immediate term.

Nevertheless, clean patents may still offer long-term enhancements to corporate perfor-

mance. In Panel B of Table|11} we subsequently probe the potential correlation between clean

13We employ Kogan et al.|(2017)’s data to approximate the dollar value of patents based on market reactions.
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patents and key firm-level performance indicators, such as profitability and sales, within the
one- to five-year post-filing interval. Our analysis yields no affirmation that clean patents are
associated with either increased profitability (Panel B1) or augmented sales (Panel B2), find-
ings that resonate with the short-term performance metrics detailed in Panel A. Conversely,
we find that non-clean patents are positively correlated with both enhanced profitability and
sales, a reflection that aligns with the hypothesis that firms with a focus on maximizing profits

are more inclined to invest in “brown” innovations.

4 Conclusion

We investigate how firms’ incentives to disclose environmental performance in the form of
clean innovation may create positive environmental externalities beyond the boundaries of
the firm. We do so by considering environmental disclosure in the form of clean innovation
disclosure via clean patent filings. Clean patents provide an ideal laboratory to investigate
how the cost-benefit trade-off of firms’ incentives to disclose may lead to externalities beyond
the boundaries of the firm. On the one hand, clean patent filings reduce information asym-
metries by providing a credible measure of a firm’s emission-abatement efforts. On the other
hand, they also involve significant proprietary costs by necessarily including detailed informa-
tion about the firm’s production processes. Moreover, tracking patent citations enables us to
directly measure the channels through which externalities occur.

We exploit facility-level environmental regulatory scrutiny by the EPA as a shock to firms’
informational incentives to disclose clean innovation to investors and regulators. We find that
clean patent filings increase immediately after a facility is subject to EPA enforcement actions,
and we confirm these findings in a difference-in-differences setting based on EPA enforce-
ment actions in neighbouring facilities. Moreover, we find that the informational benefits of
disclosing clean innovation following regulatory pressure are higher for firms operating in a

weaker information environment, for firms with greater institutional ownership, and for firms
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with higher CEO compensation stock price sensitivity. We also confirm these effects in a more
generalizable setting by exploiting within-facility variation in holdings by local institutional
investors.

Next, we show that the disclosure of clean innovation leads to externalities beyond the firm.
Clean patent filings are associated with lower air and water pollution not only in the filing firm,
but also in citing firms, with such knowledge spillovers occurring within the supply chain and
in local geographical networks.

Overall, our findings indicate that a regulation-induced shock to firms’ incentives to dis-
close may have consequences beyond the firm’s boundaries, leading to positive externalities
for the environment and society in terms of emission abatement and the development of clean

technologies.
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5 Tables and Figures

Table 1
Most Cited Clean Patents

The table presents the most-cited clean patents. We present the patent number, the title, number of forward
citations until 2020 and grant dates.

Pat. number  Title Citations  Grant date
5080556  Thermal seal for a gas turbine spacer disc 946 19920114
6270916  Complete discharge device for lithium battery 486 20010807
5651821  Battery disposal and collection apparatus 483 19970729
6825620  Inductively coupled ballast circuit 386 20041130
6436299  Water treatment system with an inductively coupled ballast 379 20020820
5820646 Inline filter apparatus 379 19981013
4984594  Vacuum method for removing soil contamination utilizing surface electrical heating 363 19910115
6023554  Electrical heater 356 20000208
5318116  Vacuum method for removing soil contaminants utilizing thermal conduction heating 338 19940607
5190405  Vacuum method for removing soil contaminants utilizing thermal conduction heating 332 19930302

Table 2

Summary Statistics

The table presents the summary statistics for the variables used in this study. The information is at the facility-
year level. Variables are defined in Appendix[A1] The sample period is from 1987 to 2020.

N Mean Median Std. Dev
Clean Pat. 62,322 9.85 1.00 24.21
Formal Actions 62,322 0.03 0.00 0.17
Penalty 62,322 0.25 0.00 1.90
HPV 62,322 0.05 0.00 0.21
Air 62,322  80,142.80 1,000.00 468,139.74
Water 62,322  26,084.18 0.00 1,051,791.33
Landfill 62,322 39,400.16 0.00 1,403,338.55
Total Emission 62,322 134,889.78 1,217.00 1,811,992.36
Ln(Sales) 62,322 9.27 9.26 1.60
Tobin’s Q 62,322 1.69 1.48 0.72
R&D 62,322 0.02 0.02 0.02
Cash 62,322 0.08 0.05 0.07
CAPX 62,322 0.05 0.04 0.03
Capital Intensity 62,322 0.29 0.26 0.17
Institutional Ownership 62,322 0.49 0.59 0.30
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Table 3
Regulatory Pressure and Clean Innovation

This table presents a Poisson regression analysis, examining the relationship between clean innovation output
and regulatory scrutiny, utilizing data at facility-year level. The dependent variable represents the count of clean
patent applications by firm i during year t. Key independent variables include the count of EPA formal actions,
the monetary penalties levied by both the EPA and state government, along with the facility’s HPV (High Priority
Violator) status indicator. t-statistics adjusted for firm clustering are reported in parentheses. Significance levels
are denoted by ***, ** and * for 1%, 5%, and 10% respectively. All variables with potential unbounded values have
been winsorised at the 1% level. The sample period covers from 1987 to 2020.

Clean Pat.;,

1) () (3)
Formal Actions 0.0427%**
(2.68)
Penalty 0.003*
(1.89)
HPV 0.059**
(2.53)
Ln(Sales) 0.031 0.031 0.030
(0.18) (0.18)  (0.17)
Tobin’s Q -0.224* -0.224*  -0.224*
(-1.83) (-1.83)  (-1.83)
Cash 0.911 0.908 0.896
(1.15) (1.15)  (1.13)
CAPX -2.443* -2.434*  -2.436*
(-1.67) (-1.67) (-1.67)
Capital Intensity 0.183 0.180  0.178
(0.21) (021)  (0.21)
R&D 4.607 4.615 4.563
(1.17) (117)  (1.15)
In(Total Emission)  -0.003 -0.003 -0.003
(-1.06) (-1.04)  (-1.10)
Constant 3.616* 3.616* 3.634*
(1.89) (1.89) (1.90)
Facility FE v v v
Industry X Year FE v v v
Obs. 62,322 62,322 62,322
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Table 4
Regulatory Pressure and Clean Innovation: DID Test Using Nearby EPA Actions

This table presents Difference-in-Difference regression results on clean innovation output and regulatory pres-
sure. The data is at facility-year level. In column 1, The dependent variable is an indicator variable that the facility
receives a formal action from EPA. In column 2 and 3, the dependent variable is number of clean patent appli-
cations by firm i and year ¢. An facility is treated if it has at least two nearby facilities within 25 miles received
formal actions by EPA. t-statistics are adjusted for firm clustering standard errors are presented in the parenthe-
ses. *¥* ** * ipndicates significance level at 1%, 5% and 10%. All potentially unbounded variables are winsorised
at 1% level. The sample period is from 1987 to 2020.

Formal Actions Clean Pats.
€9) (2 (3)
Treat X Post 0.401%** 0.135%**
(4.36) (3.48)
Treat X t<-5 -0.055
(-0.97)
Treat X t-4 -0.033
(-0.63)
Treat X t-3 -0.003
(-0.09)
Treat X t-2 -0.018
(-0.60)
Treat X t+0 0.077***
(2.66)
Treat X t+1 0.146™**
(3.25)
Treat X t+2 0.180***
(2.76)
Treat X t+3 0.148**
(2.29)
Treat X t+4 0.129**
(2.16)
Treat X t>+5 0.078
(1.42)
Ln(Sales) 0.041 -0.068 -0.069
(0.96) (-0.30) (-0.31)
Tobin’s Q 0.029 -0.279* -0.278*
(0.48) (-1.77) (-1.77)
Cash 0.246 0.331 0.338
(0.61) (0.34) (0.35)
CAPX 0.975 -2.532*% -2.533*
(1.15) (-1.69) (-1.71)
Capital Intensity 0.484 0.075 0.075
(1.58) (0.08) (0.08)
R&D -0.429 3.929 3.938
(-0.11) (1.09) (1.09)
In(Total Emission) 0.030™** -0.002 -0.003
(2.81) (-1.14) (-1.30)
Facility FE v v v
Industry x Year FE v v v
Obs. 21,928 69,963 69,963
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Table 5
Firm-Level Heterogeneity: Information Environment, Institutional Ownership, and
CEO Compensation Stock Price Sensitivity

This table presents heterogeneity in effects of EPA enforcement on clean patents. Analyst forecast dispersion
is the standard deviation of analyst forecast for EPS one year before the actual results, recorded in IBES. Delta
is dollar change in CEO compensation per 1% change in stock price, constructed by |Coles, Daniel, and Naveen
(2006)) following the methodology by|Core and Guay|(2002)). T-statistics adjusted for clustered standard errors at
firm level are reported in the parentheses. ***, ** * indicates significance level at 1%, 5% and 10%. All potentially
unbounded variables are winsorised at 1% level. The sample period covers 1987 to 2020 for Panel A and B and
1992 to 2020 for Panel C. All regressions include baseline controls, facility and industry by year fixed effects but
omitted for brevity.

Panel A - Analyst Forecast Dispersion

Clean Pat.;

@ @ 3 ()
Analyst Forecast Dispersion -0.018"**  -0.018***  -0.018"**  -0.018"**
(-5.95) (-5.94) (-5.91) (-5.97)
Formal Actions 0.045%**
(2.76)
Analyst Forecast Dispersion X Formal Actions 0.002**
(2.49)
Penalty 0.003*
(1.93)
Analyst Forecast Dispersion X Penalty 0.000**
(2.00)
HPV 0.057**
(2.26)
Analyst Forecast Dispersion X HPV 0.002**
(2.35)
Obs. 59,167 59,167 59,167 59,167

Panel B - Institutional Ownership

Clean Pat.,

@ @ 3 (€

10 > Median 0.105* 0.102* 0.102* 0.099*
1.73) (1.68) (1.69) (1.65)
Formal Actions 0.005
(0.21)
10 > Median X Formal Actions 0.086™
(1.88)
Penalty -0.000
(-0.12)
10 > Median X Penalty 0.007*
(1.76)
HPV 0.033
(1.16)
10 > Median x HPV 0.062
(1.24)
Obs. 62,322 62,322 62,322 62,322

Panel C - Compensation Sensitivity to Performance

Clean Pat.;

@ @) 3 (€

Ln(Delta) -0.187*** -0.188"** -0.188*** -0.190™**
(-2.67) (-2.72) (-2.71) (-2.75)
Formal Actions -0.763**
(-2.44)
Ln(Delta) x Formal Actions 0.059**
(2.47)
Penalty -0.059**
(-2.27)
Ln(Delta) X Penalty 0.004**
(2.23)
HPV -0.780™**
(-2.85)
Ln(Delta) x HPV 0.060***
32 (2.84)

Obs. 36,842 36,842 36,842 36,842




Table 6
Within-Facility Heterogeneity: Local Institutional Ownership

The table presents the results on the local investor presence and clean innovation. We define the investor is
local if the investor institution headquarter is located within 25/50/100 miles of firm i’s polluting facilities. The
dependent variable is the number of clean patents by firm i filed at time ¢. t-statistics adjusted for clustered
standard errors at firm level are reported in the parentheses. ***, ** * indicates significance level at 1%, 5% and
10%. All potentially unbounded variables are winsorised at 1% level.

Clean Pat.;

1) (2) (3)
Local institutional holding (<25 miles) 6.973**
(2.00)
Local institutional holding (<50 miles) 4.901**
(2.17)
Local institutional holding (<100 miles) 2.098*
(1.92)
Ln(Sales) 0.362 0.363 0.360
(1.41) (1.41) (1.39)
Tobin’s Q -0.151 -0.153 -0.152
(-1.40)  (-1.41)  (-1.41)
Cash 0.877 0.887 0.886
(1.12) (1.13) (1.13)
CAPX -1.897 -1.894 -1.916
(-1.32)  (-1.31)  (-1.32)
Capital Intensity 2.194 2.193 2.206
(1.04) (1.04) (1.04)
R&D 1.802 1.770 1.721
(0.27) (0.26) (0.25)
In(Total Emission) 0.000 0.000 -0.000

(0.00) (0.06)  (-0.04)

Controls v/ v v/
Facility FE v v v
Industry X Year FE v v v
Obs. 27,294 27,294 27,294
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Table 7
Clean Patents and Toxic Emissions

The table presents regression results concerning pollution and clean innovation. The dependent variable is the
emission level (in pounds) to air, water, and land. The independent variable of interest is number of clean patents.
The industry is defined by the facility’s industry classification at the NAICS (6-digit) level. t-statistics, with stan-
dard errors clustered at the firm level, are reported in parentheses. The symbols ***, ** and * indicate significance
levels at 1%, 5%, and 10%, respectively.

Panel A - Air Pollution

1) (2) (3) (4) ©)]
Clean Pat. -0.088*** -0.0927%** -0.103*** -0.081%** -0.054*
(-4.65) (-4.71) (-3.99) (-2.76) (-1.87)
Controls v v v v v
Facility FE v v v 4 v
Industry X Year FE v v v v v
Obs. 110,346 99,639 90,049 81,520 73,969
R? 0.88 0.88 0.88 0.89 0.89
Panel B - Water Pollution

1 () (3 4) (5)

Clean Pat. -0.031 -0.063 -0.090** -0.132%** -0.131%*
(-0.72) (-1.49) (-2.04) (-2.75) (-2.59)
Controls v v v v v
Facility FE 4 v v v 4
Industry X Year FE v v v v v
Obs. 24,603 22,760 21,091 19,679 18,348
R? 0.90 0.90 0.90 0.91 0.91

Panel C - Landfill

1) (2) (3) 4) (5)
Clean Pat. 0.079 0.059 0.116 0.096 0.166
(0.54) (0.47) (0.88) (0.68) (1.33)
Controls v v v v v
Facility FE v v v v v
Industry X Year FE v 4 v v v
Obs. 11,512 10,498 9,615 8,749 7,974
R? 0.91 0.91 0.91 0.92 0.92
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Table 8
Clean Patents, Toxic Emissions, and Knowledge Spillovers

The table presents regression results concerning pollution and knowledge spillover from clean innovation. The
dependent variable is the emission level to air, water, and land. The independent variable of interest is the knowl-
edge spillover from clean patents, measured using citations (from any type of patents) made by the focal firm to
clean patents. These citations are weighted by the number of forward citations that each clean patent received
up until June 2022. The industry is defined by the facility’s industry classification at the NAICS (6-digit) level.
t-statistics, with standard errors clustered at the firm level, are reported in parentheses. The symbols ***, ** and
* indicate significance levels at 1%, 5%, and 10%, respectively.

Panel A - Air Pollution

@) (2) (€) @ ®

Knowledge Spillover -0.039* -0.044** -0.058%** -0.064*** -0.049**
(-1.94) (-2.03) (-2.62) (-3.25) (-2.41)
Controls v v v v v
Facility FE v 4 4 v v
Industry X Year FE v v v v v
Obs. 110,346 99,639 90,049 81,520 73,969
R? 0.88 0.88 0.88 0.89 0.89

Panel B - Water Pollution

@) (2 (3) 4) (5)

Knowledge Spillover -0.028 -0.034 -0.034 -0.058"* -0.063**
(-0.97) (-1.34) (-1.29) (-2.04) (-1.99)
Controls v v v v v
Facility FE v v v 4 v
Industry X Year FE v v v v v
Obs. 24,603 22,760 21,091 19,679 18,348
R? 0.90 0.90 0.90 0.91 0.91

Panel C - Landfill

@ ©) ©) ©) ®)
Knowledge Spillover 0.158 0.198* 0.180** 0.221* 0.082
(1.48) (1.85) (2.02) (2.16) (0.75)
Controls v 4 v 4 v
Facility FE v v v v v
Industry X Year FE v v v 4 4
Obs. 11,512 10,498 9,615 8,749 7,974
R? 0.91 0.91 0.91 0.92 0.92
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Table 9
Clean Patents and Knowledge Spillovers: Channels

The table presents the regression results of supplier’s clean patent spillover to customer firms. The data is a
firm-year panel. The dependent variable (column 1-3) is log number of customer’s granted clean patents filed
at time ¢ and the log number of customer’s granted clean patents that cite its supplier’s clean patents at time ¢
(column 4-6). The independent variable is log of supplier’s clean patent filed at time ¢ — 1 to ¢t — 3 (column 1-3),
and log number of supplier’s clean patents that are cited by the corresponding customers at time t —1tot — 3
(column 4-6). Control variables include 1) total supplier’s R&D (COMPUSTAT:xrd) scaled by total supplier’s asset
(COMPUSTAT:at) in year t; 2) customer’s total R&D (COMPUSTAT:xrd) scaled by total asset (COMPUSTAT:at)
in year t; Supplier Sales is the log of total supplier(s)” sales (COMPUSTAT:sale) for the customer firm in year ¢;
Sales is the customer firm’s log sales (COMPUSTAT:sale) in year ¢. t-statistics are adjusted for clustered standard
errors at customer firm level. ****** indicates significance level at 1%, 5% and 10%, respectively. All unbounded
variables are winsorised at 1% level. The sample period covers 1976 to 2020. 1976 is the start of customer segment
file.

Panel A - Customer and Suppliers

t+1 t+2 t+3 t+4 t+5
@ @) 3) [©) ®)

Supp. Clean Pat.  0.509* 0.726***  0.759***  0.757***  0.628"*
(1.86) (2.96) (3.32) (3.18) (2.04)
Ln(Sales) 0.221 0.199 0.230 0.215 0.140
(0.93) (0.85) (0.93) (0.83) (0.53)
Tobin’s Q -0.020 0.011 0.048 0.080 0.029
(-0.13) (0.08) 0.37) 0.61) (0.26)

Cash 2.211** 2.123** 2.745%* 3.086** 3.203**
(2.17) (1.97) (2.39) (2.49) (2.31)
CAPX -1.977 -3.632%* -4.165** -3.569 -2.548
(-1.57)  (-2.20) (-2.14) (-1.55) (-1.07)
R&D 1.743 2911 0.728 -0.980 -1.990
(0.55) 0.81) 0.18) (-0.23) (-0.42)
Capital Intensity ~ -0.255 -0.053 -0.249 -0.177 -0.273
(-0.37)  (-0.09) (-0.35) (-0.22) (-0.30)
Firm FE v v v v v
Year FE 4 4 4 4 4
Obs. 5,662 5,104 4,667 4,376 4,030

Panel B - Peers in the Same County

t+1 t+2 t+3 t+4 t+5
@) @) (3) 4) [©)

Peer’s Clean Pat. 0.009 0.026 0.036™* 0.048* 0.082**
(0.40)  (1.24) (1.91) (1.94)  (2.53)

Ln(Sales) 0.090 0045  0.005 -0.014 -0.063
(043)  (0.22)  (0.03) (-0.07)  (-0.34)
Tobin’s Q 0.041 0061 0102  0.144  0.091
(0.35)  (0.53)  (1.00)  (1.48)  (1.01)
Cash 0.673  0.877 0933 1430  1.928**
(0.69)  (1.01)  (0.98)  (1.64)  (2.33)
CAPX -2487%  -2.555  -3.169  -2.331  -1.502
(-1.89)  (-1.09)  (-1.19)  (-0.84)  (-0.66)
R&D 6.829  7.550 5293 4186  4.205

(1.53)  (1.52)  (1.02) (0.86)  (0.76)
Capital Intensity ~ 1.156*  1.133*  1.268* 1.292*  1.247*
(1.93)  (1.93) (.74 (175  (1.93)

Firm FE v v v v v
Year FE v v v v v

Obs. 7423 6863 6330 5774 3080




Table 10
Innovation Incentives: User Cost of R&D and Trade Secrets Protection Regulation

This table present the results of a Poisson regression analysis examining the impact of R&D tax and trade secret
legal protection on clean innovation. The dependent variable is the number of clean patents, and the independent
variables of interest are the user cost of R&D (Wilson, 2009; [Hombert and Matray}, 2018) and the Uniform Trade
Secrets Act (UTSA) (Png, |2017alb). The user cost and UTSA treatment variables are aggregated based on the
weighted average inventor location, using the number of inventors in each state for firm i during the previous
year. t-statistics are adjusted for headquarter state-level clustering. ****** indicates significance level at 1%, 5%
and 10%. The sample period is 1977 to 2006 for the User Cost variable and 1977 to 2008 for the UTSA.

Clean Pat.
1) (2)
User Cost of R&D  -0.434***
(-3.41)
UTSA -1.029%**
(-3.01)
Ln(Sales) 0.667*** 0.695***
(3.73) (4.53)
Tobin’s Q 0.034 0.023
(0.54) (0.32)
R&D 0.828 -0.362
(0.34) (-0.15)
Cash -0.793 -0.512
(-1.46) (-1.01)
CAPX -0.553 -0.302
(-0.46) (-0.27)
Capital Intensity -0.031 0.170
(-0.04) (0.22)
Firm FE v v
Year FE v v
Obs. 9,758 10,357
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Table 11
Patent Quality Metrics and Firm-Level Performance

Panel A presents a comparative analysis of patent quality metrics for clean and non-clean patents. Metrics include
Forward Citations, representing the total number of citations received by the patents up to 2022; Market Value
&, as defined in [Kogan et al.[(2017); Renewal Duration, indicating the number of years the patents have been
extended, with longer terms suggesting greater value; and Number of Assignments, measuring how often patents
have been transferred, based on the idea that less valuable patents are less likely to be reassigned. Poisson model
is used for columns 1, 3 and 4, while OLS regression is employed for columns 2. The independent variable is an
indicator for clean patents. Prevalent IPC four-digit X grant year fixed effects are included. Panel B presents the
regression results of clean innovation on firm-level outcomes as per the model:

lOgYi,t+r - lOgYi,t = ﬁO + ﬁleclean,i,t + ﬁZenon—clean,i,t +Xi,t + Agiez + 5t + €it

where Y represents firm outcomes and 6 denotes the normalized aggregated market value of patents scaled by
total assets. The growth rates in firm gross profits, sales are reported. Control variables include log total assets,
log total employments and log total capital stock. We include SIC three-digits and year Fixed effects . Variable
definitions are in Table[Al]in the Appendix. t-statistics are adjusted for clustered standard errors at the firm level,
with ***, ** * indicating significance at 1%, 5%, and 10%. Unbounded variables are winsorised at the 1% level.
Sample period spans from 1976 to 2020.

Panel A - Patent Quality

Forward ¢ No. of Renewal No. of Assignments
€) @) 3 (4)
Clean Pat. 0.040 -0.146** 0.005 -0.030**
(1.13)  (-2.45) (0.89) (-2.21)
IPC4 X Year FE v v v v
Obs. 1,718,265 1,725,614 1,725,614 1,723,479
Adj. R? 0.21
Panel B - Firm Growth
t+1 t+2 t+3 t+4 t+5

Panel B1. Profits
Clean Pat. 0.001 -0.001 0.002 -0.001 0.003
(0.88) (-0.41) (0.83) (-0.17) (0.89)
Non-Clean Pat.  0.011***  0.018***  0.024*** 0.027*** 0.032***
(6.74) (4.45) (4.74) (4.47) (4.85)

Obs. 174,697 156,953 141,363 127,684 115,641

Panel B2. Sales
Clean Pat. -0.001 -0.003 -0.001 -0.002 -0.002
(-0.60) (-1.00) (-0.36) (-0.55) (-0.64)
Non-Clean Pat.  0.010***  0.018***  0.021***  0.024™** 0.029***
(5.31) (5.96) (5.54) (5.23) (5.14)

Obs. 174,697 156,953 141,363 127,684 115,641
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Appendix A. Additional Tables and Figures

Table Al
Variable Definitions

Variable Name Abbrev.  Description

Innovation Measures

Clean Patents Those patents defined as abatement technologies using technology classifications [OECD[Has¢i¢
and Migotto|(2015)]

Non-Clean Patents Those patents not defined as abatement patents using technology classifications [OECD [Has¢i¢
and Migotto|(2015)]

¢ Market value of patent as in[Kogan et al.|(2017)

6 Total market value of patents granted scaled by total assets

Forward Citations Number of citations received by the patent as of 2022 [PatentsView]

Knowledge Spillover Number of citations makde to clean patents from any patents [PatentsView]

Renewal Number of years the patents have been renewed for (taking values 4, 8, 12 and 20) [USPTO]

Number of Assignments Number of times the patent has been transferred to other parties [USPTO]

Chemical Release and EPA variables

Air Pollution Total Air Emissions (pounds) in [TRI BASIC PLUS file]

Water Pollution Total Surface Water Discharge (pounds) in [TRI BASIC PLUS file]

Landfills Total land release (pounds) [TRI BASIC PLUS file]

Total Emission Total on-site Releases (pounds) [TRI BASIC PLUS file]

Formal Actions Formal actions taken by the EPA or local government [Enforcement and Compliance History
Online]

Penalties Monetary Penalties levied by the EPA or local government [Enforcement and Compliance His-
tory Online]

HPV High Priority Violator Status set by the EPA [Enforcement and Compliance History Online]

Firm growth

Profits Sales minus cost of goods sold [COMPUSTAT: SALE - COGS deflated by CPI]

Capital stock [COMPUSTAT: PPEGT deflated by the NIPA price of equipment]

Employment [COMPUSTAT: EMP]

Firm characteristics

Total Assets [COMPUSTAT: AT])

Sales [COMPUSTAT: SALE])

Tobin’s Q Sum of total assets plus market value of equity minus book value of equity divided by total assets
[COMPUSTAT (AT+CSHOx PRCC_F - CEQ) / AT)]

Sales Growth Sales growth from last fiscal year end [COMPUSTAT (SALE,/SALE_;) -1) |

Cash [COMPUSTAT CHE/AT]

Capital expenditure CAPX Capital expenditures divided by total assets [COMPUSTAT CAPX/AT]

Capital Intensity PPE Property, plant, and equipment scaled by asset [COMPUSTAT PPENT/AT)]

R&D expenses R&D R&D Research and development expenses divided by total assets [COMPUSTAT XRD/AT]

Analyst Forecast Dispersion Standard Deviation of analysts’ forecast of EPS within one year prior to actual results [IBES]

Institutional Ownership 10 Total 13F institutional holdings [Refinitiv S34]

Local Institutional Ownership
Compensation Delta

Regulation
User Cost of R&D

UTSA

13F institutional holdings near the TRI Facilities [Factset]
Dollar CEO compensation change per 1% change in stock price [Coles, Daniel, and Naveen
(2006)]

User cost of R&D as in|Wilson|(2009) aggregated to firm-year weighted by the number of inven-
tors in each states at t — 1

UTSA enforcement index as in |Png|(2017alb)) aggregated to firm-year weighted by the number
of inventors in each states at t — 1
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Appendix B. Online Appendix to “Environmental
Disclosure Incentives and Externalities:
Evidence from Clean Patent Filings”

Table B1
Clean Patents and National EPA Budgets and Workforce

In Panel C, we measure aggregate regulation pressure using EPA Budgets (in thousands of dollars) and Workforce
from https://www.epa.gov/planandbudget/budget. We estimate a time-series regression with Newey-West
standard errors. The dependent variable is log number of granted clean patents filed at time ¢ and independent
variables are log of EPA budget or EPA workforce. All time-series are de-trended using the recommended ap-
proaches of[ Hamilton|(2018)). The sample periods covers 1976 to 2016. We excluded the last a few years of sample
because grant-date lag issue of the patent data. As we focused on granted patents, we do not observe granted
patents after the end of our sample period. For example, a patent filed in 2019 may eventually be granted in 2023.
However, we do not observe this patent because it has not yet been granted in our patent sample and therefore,
the number of patents in the last a few years are under-counted. t-statistics are adjusted for Newey-West standard
errors are presented in the parentheses. ****** indicates significance level at 1%, 5% and 10%.

t+1 t+2 t+1 t+2
EPA Budget 0.219***  (0.238%**
(3.58) (3.09)
EPA Workforce 0.663***  0.529*

(4.06) (1.96)

Obs. 37 36 37 36
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Table B2
Clean Patents and Local Institutional Ownership: Firm-Level Analysis

The table presents the results on the local investor presence and air pollution prevention innovation. We de-
fine the investor is local if the investor institution headquarter is located within 25/50/100/200 miles of firm i’s
polluting facilities. The dependent variable is the number of clean patents filed at time ¢. The sample period is
1999 to 2020 for local investors. t-statistics adjusted for clustered standard errors at firm level are reported in the
parentheses. ***, ** * indicates significance level at 1%, 5% and 10%. All potentially unbounded variables are
winsorised at 1% level.

Clean Pat.;;
@ () (3)
Local institutional holding (<25 miles) 2.967**

(2.56)
Local institutional holding (<50 miles) 2.552%%*
(3.33)
Local institutional holding (<100 miles) 2.424%**
(3.13)
Total institutional holding -0.171  -0.213  -0.273
(-048) (-0.59) (-0.72)
In(Total Assets) 1.226™** 1.208™** 1.212***
(943)  (9.07) (9.01)
Leverage 1.020 1.050 1.055
(143) (1.42) (1.38)
Capital Intensity -0.704  -0.725  -0.739
(-0.75) (-0.77)  (-0.78)
R&D 12.690%%%12.535***12.757***

(5.60) (5.49)  (5.73)
Industry X Year FE v v v

Obs. 27,570 27,570 27,570
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