
August 7, 2025

Dear Professors Flammer and Giglio,

I am a Ph.D. candidate in Accounting and Management at Harvard Business School and

expect to complete my Ph.D. by May 2026. I am writing to apply to the NBER PhD Student

Workshop on Climate Finance. My job market paper, Citizen Air Monitoring and Corporate

Environmental Behavior, examines how decentralized environmental monitoring—via citizen-

installed air quality sensors—affects the pollution behavior of nearby industrial facilities. In this

study, I provide evidence that grassroots climate action leads to significant reductions in fugitive

emissions, particularly through regulatory and reputational channels. I am excited about the

opportunity to receive feedback on this work, which contributes to our understanding of how

climate actions and new sources of environmental information influence corporate pollution

behavior and regulatory oversight.

Broadly, my research focuses on corporate governance and climate disclosure. I am inter-

ested in how organizations respond to internal and external pressures to decarbonize, and how

these responses affect both real outcomes and shareholder perceptions. I study the association

between the diffusion of decarbonization incentives within firms and emissions reductions (with

Shirley Lu and George Serafeim). I also examine how stewardship codes affect shareholder

voting outcomes in contested ballot measures where proxy advisor recommendations diverge

from those of management (with Charles Wang). Across these projects, I aim to understand

how institutional design, investor pressure, and disclosure interact to shape corporate climate

performance.

I am currently affiliated with the Harvard Environmental Economics Program (HEEP) and

the Climate and Sustainability Impact Lab at the Digital Data Design Institute. My dissertation

committee includes Jonas Heese (chair), Shirley Lu, George Serafeim, and Charles Wang; any

of whom would be happy to serve as references.

Thank you very much for considering my application. I would be thrilled to participate in

the workshop, contribute to the discussion, and learn from the feedback of peers and faculty

working at the forefront of climate finance.

Sincerely,

Trang Nguyen

Ph.D. Candidate, Accounting & Management

Harvard Business School

trnguyen@hbs.edu
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• Abstract: This study examines how citizen-led environmental monitoring impacts corporate pollution
behavior. Using the rapid proliferation of PurpleAir sensors—consumer-grade devices installed by
local communities to track real-time air quality—I provide robust empirical evidence that citizen mon-
itoring significantly reduces industrial fugitive air emissions reported to the Environmental Protection
Agency (EPA). My stacked difference-in-differences analysis shows that facilities exposed to citizen
monitoring reduce fugitive emissions by approximately 6.4% within three years. I further strengthen
the causal interpretation through an instrumental variable analysis that exploits wildfire-induced sen-
sor installations. Mechanism analyses point to two primary channels: regulatory oversight intensifies
via increased inspections, and high-emitting facilities respond to reputational pressure when their
pollution becomes more visible. These findings demonstrate how grassroots technological advance-
ments democratize monitoring and reshape corporate accountability and environmental governance.
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firm’s decarbonization strategy. We hypothesize that providing incentives to more functional units
helps align employee beliefs and enhance decarbonization rates. We document a positive relation
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between units incentivized and decarbonization rate, and importantly, this association only holds for
real emissions reductions (e.g., energy efficiency, renewable energy), but not when we use mea-
sures of overall emissions changes, reductions from organizational structure (e.g., M&A), or carbon
accounting measurement changes. Consistent with incentives helping to align employee beliefs,
we find that real emissions reduction is lower for firms with weaker employee beliefs about climate
change, but this relationship is mitigated when firms incentivize more functional units. Our results
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to align employee beliefs with competing incentives. In additional analysis, our main result is more
pronounced for firms with better governance, and we observe an increase in emissions from carbon
accounting changes for these firms, highlighting the importance of decomposing decarbonization
rates into different sources.

Stewardship Codes and Shareholder Voting on Disputed Ballot Measures (with Charles Wang)
• Revising for resubmission to the Journal of Law and Economics
• Presentations: American Law and Economics Association 2024 Meeting (Nguyen), Transatlantic

Doctoral Conference (Nguyen), Financial Markets and Corporate Governance Conference (Nguyen),
Harvard Business School (Wang), Harvard Law School (Wang), NYU Stern School of Business
(Wang), Midwest Finance Association Conference (Wang)
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in which the Institutional Shareholder Services recommends against management. Code adoption
increased shareholder votes against management for certain firms: those without significant U.S.
investor presence before adoption. These changes are driven in part by U.S. investors: stewardship
codes led them to invest in a broader set of companies in adopting jurisdictions, impacting company-
level shareholder voting patterns. These findings support the hypothesis that stewardship codes
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governance.
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Citizen Monitoring and Corporate Environmental Behavior:

Evidence from PurpleAir Sensors

Trang Nguyen*

June 2025

Abstract

This study examines how citizen-led environmental monitoring impacts corporate pollution behavior.
Using the rapid proliferation of PurpleAir sensors — consumer-grade devices installed by local communities
to track real-time air quality — I provide robust empirical evidence that citizen monitoring significantly re-
duces industrial fugitive air emissions reported to the Environmental Protection Agency (EPA). My stacked
difference-in-differences analysis shows that facilities exposed to citizen monitoring reduce fugitive emis-
sions by approximately 6.4% within three years. I further strengthen the causal interpretation through an
instrumental variable analysis that exploits wildfire-induced sensor installations. Mechanism tests reveal two
primary channels of influence: regulators adapt oversight strategies by increasing targeted inspections while
decreasing routine tests, with state agencies focusing on high emitters and the EPA increasing oversight in
previously unmonitored areas. Separately, high-emitting facilities respond more aggressively to reputational
concerns when their pollution becomes visible through citizen monitoring. These findings demonstrate how
grassroots technological advancements democratize monitoring and reshape corporate accountability and
environmental governance.

Keywords: citizen monitoring, corporate compliance, environmental disclosure, information asymme-
try, regulatory enforcement

JEL classification: Q53, Q58, K32, M14
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at the 2025 Rutgers Accounting Doctoral Symposium, the 7th Greater Boston Corporate Governance Workshop, and
seminar participants at Harvard Business School and the Climate and Sustainability Impact Lab at Harvard. I thank
Andrew White from PurpleAir for his assistance with accessing the PurpleAir API and for providing helpful context
on the institutional details of PurpleAir sensors. All errors are my own.



1 Introduction

Federal air monitoring networks remain critically sparse, with approximately 120 million Amer-

icans living in counties without any federal air quality monitors (Coursen, 2021). This deficit

stems from three structural problems in environmental governance. First, decentralized author-

ity creates misaligned incentives—while EPA sets standards, states decide monitor placement and

enforcement, often avoiding non-attainment designations that would trigger costly remediation ac-

tions (Gray and Shimshack, 2011; EPA, 2015). Second, resource constraints limit deployment of

regulatory-grade equipment costing hundreds of thousands of dollars. Third, information frictions

exist where citizens possess better knowledge about pollution hotspots than federal agencies but

lack formal channels to translate this knowledge into regulatory action. These limitations in gov-

ernance structure, resources, and information flows severely constrain the detection of pollution

events and accurate exposure assessment (Babich, 2018).

Citizen-deployed technologies have emerged to address these monitoring gaps. PurpleAir has

become the most prominent community sensor network in the United States, expanding from just

138 devices in 2016 to over 16,700 active monitors in 2025 — substantially outpacing regulatory-

grade equipment deployment. These affordable, internet-connected devices provide frequent mea-

surements and automatically upload readings to a publicly accessible real-time map. The Environ-

mental Protection Agency (EPA) has formally recognized these sensors’ utility by incorporating

their data into official air quality resources, allowing communities to generate high-resolution air

quality data in previously unmonitored areas (EPA, 2022b). While this expansion enhances en-

vironmental transparency, the extent to which citizen-based monitoring can influence corporate

environmental behavior remains an open empirical question, reflecting the tension between grow-
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ing transparency and the risk that such data lacks institutional credibility.

The effect of PurpleAir sensor deployment on facility-level air emissions is theoretically am-

biguous. On one hand, citizen monitoring could reduce industrial emissions by addressing fun-

damental information asymmetries in environmental governance. By generating near-continuous,

localized data, these sensors may provide regulators with previously unavailable information about

pollution events, increasing legal and compliance risks for facilities that might otherwise evade de-

tection (Konar and Cohen, 1997; Colmer et al., 2023). This effect may be particularly pronounced

in locations without existing EPA monitors, where citizen sensors provide novel rather than re-

dundant information to authorities. High-emitting facilities may be particularly responsive to this

surveillance, as their more detectable pollution signatures create clearer attribution and heightened

public scrutiny, exposing firms to community pressure and potential brand damage beyond formal

regulatory consequences (Olken, 2007; Blackman et al., 2004).

Alternatively, several factors may limit the effectiveness of citizen monitoring on corporate

behavior. The non-regulatory motivation behind most sensor deployments means they are often

placed for personal health concerns rather than optimal industrial oversight. Legal exclusions in

certain states restrict using non-regulatory sensor data in enforcement proceedings, undermining

their deterrent effect. In locations already served by EPA regulatory monitors, additional citizen

monitoring might be redundant rather than complementary, as existing regulatory coverage may al-

ready capture facility-level compliance adequately (Colmer et al., 2023). Data credibility concerns

persist — these consumer-grade devices lack the calibration precision and institutional authority of

regulatory monitors, potentially reducing their perceived legitimacy when attributing emissions to

specific sources (Duflo et al., 2013), particularly for facilities located near highways or in industrial
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clusters where pollution attribution becomes ambiguous. Finally, many firms may already oper-

ate under optimal compliance given existing regulatory pressures and reputational considerations

(Karpoff et al., 2005; Konar and Cohen, 2001), suggesting the marginal impact of additional mon-

itoring could be limited, particularly for companies with sophisticated environmental management

systems or those emitting below detection thresholds.

I answer this question by leveraging data from two primary sources to examine how PurpleAir

sensor presence affects facility-level emissions. First, I construct a dataset combining PurpleAir

sensor locations with facility coordinates to determine sensors within specified proximity of each

facility. Second, I use the EPA’s Toxic Release Inventory (TRI) data, which distinguishes between

fugitive emissions (unintended releases from equipment leaks and other non-point sources) and

stack emissions (releases through controlled vents). Since PurpleAir sensors primarily detect fugi-

tive emissions, I select fugitive air as my main dependent variable and use stack air as a falsification

test.

I employ a stacked difference-in-differences framework exploiting the staggered installation of

PurpleAir sensors from 2016 to 2020. The treatment group consists of facilities with at least one

PurpleAir sensor within a 5-mile radius, whereas the control group consists of facilities with no

sensors within a 10-mile radius. All specifications include facility×cohort fixed effects to con-

trol for time-invariant facility characteristics and industry-year×cohort fixed effects to account for

industry-specific temporal trends. I also add time-varying county-level controls to address potential

confounding factors and adjust for spatial dependence in emissions among nearby facilities. Ad-

ditionally, I apply entropy balancing on pre-period total releases to ensure comparability between

treatment and control facilities prior to sensor installation.
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My main results show that facilities with at least one PurpleAir sensor within a 5-mile radius

see a 6.4% reduction in fugitive air emissions over the subsequent three years. For the average

facility, this represents a decrease of approximately 365 pounds per year — equivalent to elimi-

nating 1.38 million cigarettes’ worth of pollution annually when applying a conservative estimate

that 10% of these releases consist of PM2.5. To ensure that pollution attribution challenges do not

drive the results, I exclude facilities near highways or in industrial clusters. The effect is stronger

when sensors are positioned closer to facilities or when multiple sensors are present. The findings

remain consistent, indicating that the main effects are not artifacts of measurement contamination

or treatment definitions.

To mitigate endogeneity concerns that citizens may install sensors in already-polluted areas, I

employ an instrumental variable approach following Borgschulte et al. (2024b). I use the number

of smoke days as an instrument for PurpleAir sensor installation, as wildfire smoke constitutes a

plausibly exogenous shock that increases the probability of sensor deployment without directly

affecting facility-level emission behavior. The first-stage regression confirms that wildfire smoke

exposure significantly increases the likelihood of treatment, satisfying the instrument relevance

condition. The second-stage estimates corroborate my main findings: Wildfire smoke-induced

PurpleAir sensors lead to decreased next year’s fugitive air emissions at the facility level, strength-

ening the causal interpretation of my results.

My analysis of the mechanisms underlying citizen monitoring’s effect on emissions reveals

notable shifts in regulatory behavior. Specifically, air inspections by state agencies and the EPA

increase significantly when PurpleAir sensors are installed nearby. This suggests that real-time

citizen data enables regulators to identify and respond to potential emission irregularities more
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efficiently. At the same time, state agencies conduct fewer scheduled air stack tests, potentially

substituting targeted, data-driven inspections for routine point-source evaluations. This shift in

regulatory approach — combining heightened inspection intensity with reduced reliance on stan-

dardized tests — reflects how citizen-generated environmental data reshapes oversight strategies.

I also explore heterogeneous regulatory responses to sensor exposure and find that state agencies

strategically reallocate enforcement resources toward high-emitting facilities, while EPA inspec-

tions increase in previously unmonitored counties, addressing information gaps in areas with lim-

ited federal visibility.

Beyond regulatory responses, I find strong evidence for a reputational mechanism driving emis-

sions reductions. High-emitting facilities reduce their fugitive emissions substantially following

sensor deployment, while low-emitting facilities show no significant change. This pattern suggests

that facilities with more visible environmental footprints respond more aggressively to potential

public scrutiny enabled by citizen monitoring. When local sensors make pollution patterns more

transparent, facilities with the greatest reputational exposure appear to take preemptive action to

avoid community backlash or negative publicity.

This study makes several contributions to the literature on environmental compliance and cor-

porate monitoring. First, I expand our understanding of ordinary citizens as effective corporate

monitors. The corporate governance literature has established that informal monitors — entities

beyond regulators, courts, and auditors — significantly influence firm behavior. Media watchdogs

(Miller, 2006; Dyck et al., 2008; Jiang and Kong, 2024), NGOs (Daubanes and Rochet, 2019), and

whistleblowers (Dyck et al., 2010; Bowen et al., 2010) all raise the expected cost of misconduct.

My study extends this stakeholder monitoring literature by documenting how citizens indepen-
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dently generate quantitative environmental data. Unlike traditional stakeholder interventions that

rely on complaints (Colmer et al., 2023), social media or other online appeals (Heese and Pacelli,

2024; Buntaine et al., 2024), citizen air quality monitoring represents a novel enforcement channel

where individuals produce the underlying data that drives accountability.

Second, I provide systematic evidence of how citizen monitoring reshapes environmental gov-

ernance. PurpleAir sensors act as substitutes for formal air pollution data collection but function

as complements to regulatory enforcement. This finding extends existing research in an impor-

tant direction: prior accounting and economic studies predominantly examine formal regulatory

oversight and its limitations (Shimshack and Ward, 2005; Earnhart and Friesen, 2013), while com-

plementary work shows that private governance mechanisms often reinforce state oversight (Short

and Toffel, 2008; Potoski and Prakash, 2005; Fowlie et al., 2012). My results demonstrate how

citizen-generated data fills critical information gaps while enhancing regulatory effectiveness, con-

tributing directly to our understanding of public-private enforcement interactions in environmental

contexts.

Third, this research demonstrates how technological innovation democratizes environmental

oversight. Prior literature has largely focused on how regulators or corporations leverage costly

satellite imagery for improved disclosure or internal controls (Gu et al., 2023). In contrast, I show

how citizens independently deploy affordable sensor technologies to influence corporate environ-

mental behavior, transforming accountability by enabling citizens to become data producers rather

than merely data consumers.

Finally, this research offers timely policy contributions amid rapidly changing governmental

approaches to community-based monitoring. The Biden administration committed $53 million in
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2022 to expand community air monitoring—the largest investment in EPA history (EPA, 2022a).

However, after returning to office in 2025, the Trump administration swiftly canceled more than

400 environmental justice grants — including funds for community air monitoring initiatives —

thereby reversing many of these recent federal efforts (Hassanein, 2025). Notably, the effects doc-

umented in this study occurred prior to this major Biden-era investment, during a period of lim-

ited governmental support when community monitoring depended primarily on grassroots action.

Despite this constrained policy environment, citizen-deployed sensors were associated with both

corporate behavior changes and regulatory responses. These findings validate the potential effec-

tiveness of community-driven monitoring even in the absence of robust federal support, suggesting

that local efforts and public-private partnerships can still produce meaningful environmental bene-

fits when government funding fluctuates. As federal policy priorities continue to shift, this research

indicates that encouraging targeted investment in monitoring technologies could provide a resilient

approach to maintaining environmental oversight in underserved areas.

2 Institutional Background and Literature Review

2.1 Traditional Air Quality Monitoring and Its Limitations

Air quality monitoring in the United States has long been a critical function of state and federal

agencies, most notably the Environmental Protection Agency (EPA). These governmental bodies

have developed extensive networks of monitoring stations aimed at measuring air pollutants and

ensuring compliance with established air quality standards. However, despite their importance,

these traditional air quality monitoring systems are subject to several notable limitations that affect

their overall efficacy.
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One major limitation is sparse spatial coverage. Of the 3,100 counties in the U.S., only about

21% have monitors reporting fine particulate matter PM2.5, and nearly half of these counties have

just a single monitor (Sullivan et al., 2018). In such cases, it is standard practice to assume that

readings from one monitor are representative of the entire county — an assumption that overlooks

pollution heterogeneity. Nationally, roughly 120 million Americans live in counties without any

EPA PM2.5 monitoring (Coursen, 2021). Even where monitors exist, the typical density — about

one monitor per 750 square miles — offers insufficient granularity to detect neighborhood-level

pollution hot spots (Zivin et al., 2024; Desouza and Kinney, 2021).

Second, the placement of monitors is not random and maybe influenced by political or eco-

nomic considerations. State regulators exercise discretion in siting monitors and may strategically

locate them in cleaner areas to avoid triggering regulatory thresholds that could constrain indus-

trial development. A growing body of economic research documents evidence of such “gaming”

behavior, both in monitor siting (Grainger and Schreiber, 2019) and in timing, where polluters may

adjust emissions in anticipation of monitoring schedule (Zou, 2021).

Finally, existing monitors often lack the temporal resolution necessary to respond to real-time

public health risks. Many PM2.5 monitors sample only once every three or six days, limiting their

ability to capture short-term pollution spikes (Zou, 2021).

Taken together, these limitations highlight the structural weaknesses of traditional monitoring

systems and motivate the need for complementary approaches — such as citizen-deployed sensor

networks — that offer both greater spatial and temporal responsiveness.
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2.2 Institutional Background on PurpleAir Sensors

2.2.1 Technology, Performance, and Adoption

In response to the spatial and temporal limitations of traditional regulatory air quality monitor-

ing, citizen-led technologies have emerged as important alternatives. The PurpleAir sensor net-

work, a widely adopted, low-cost system for measuring PM2.5, powerfully exemplifies this trend.

Its origins are deeply rooted in citizen-driven environmental concern: founded in 2015 by engineer

Adrian Dybwad, who was initially motivated by heavy dust pollution from a gravel mine near his

Utah home. Seeking an objective measure of the air quality he and his neighbors were inhaling,

Dybwad began developing and distributing sensors. After he initially gave away roughly 80 de-

vices, the ensuing community interest and demand spurred the formal creation of PurpleAir. As

Dybwad himself noted, while technology like sensors can “get the ball rolling” by raising aware-

ness, effective change often requires further civic engagement, such as community participation

in local governance — a path he successfully pursued regarding the mine near his home (Newitz,

2020).

From these community-centered beginnings, PurpleAir has grown rapidly into one of the world’s

largest decentralized environmental sensor platforms, with widespread adoption by residents, schools,

researchers, and community organizations. Between 2016 and 2024, approximately 21,000 Pur-

pleAir sensors were deployed across the contiguous United States, far exceeding the roughly 1,000

PM2.5 monitors in the EPA’s regulatory network. These compact devices, which are typically in-

stalled by users as shown in Appendix 1, retail for between $140- $300, or roughly one-hundredth

the cost of a regulatory-grade instrument (Desouza and Kinney, 2021). Research suggests these

sensors explicitly substitute for formal monitoring infrastructure — Zivin et al. (2024) find that a
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census tract located 1 mile closer to an EPA monitor has 0.8% fewer outdoor PurpleAir monitors.

Once installed and connected to the internet, the sensors provide frequent, real-time data uploads

to PurpleAir real-time map, unless the owner actively opts out.

PurpleAir sensors are equipped with laser particle counters that continuously measure PM2.5,

offering both high spatial and temporal resolution. They are especially suitable for identifying

short-term pollution events and local hotspots (Sun et al., 2022). However, their low-cost design

introduces challenges. Sensor degradation, high humidity, and temperature variation can all bias

results over time (Desouza and Kinney, 2021). These limitations are well documented, but evalu-

ation studies have also shown promising performance. The Air Quality Sensor Performance Eval-

uation Center, operated by California’s South Coast Air Quality Management District, found high

correlations between PurpleAir and federal reference monitors in controlled lab settings (Krebs

et al., 2021; AQMD, 2019).

To improve data comparability, EPA researchers developed a public correction algorithm for

PurpleAir sensors, adjusting for environmental biases — particularly humidity — that affect op-

tical readings (EPA, 2022b). This correction enables the integration of PurpleAir data into the

EPA’s AirNow Fire and Smoke Map, which provides real-time pollution information during wild-

fire events (see Appendix 2 for an illustration of this integration).1 The corrected data are now also

used by Google Maps, South Coast AQMD, NASA, Windy.com, and Weather Underground to

support public mapping platforms, satellite calibration, and hyper-local pollution tracking.2 These

diverse integrations across government, scientific, and commercial users reflect growing recogni-

1The Fire and Smoke Map is available at https://fire.airnow.gov/, accessed May 8, 2025.
2PurpleAir Data Use Cases is available at https://www2.purpleair.com/pages/

purpleair-data-use-cases, accessed May 8, 2025.
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tion of PurpleAir’s value in expanding access to real-time air quality information and supporting

more responsive, community-level environmental decision-making.

2.2.2 Policy Use and Legal Standing

While PurpleAir has been embraced as a public engagement tool, its role in formal regulatory

processes remains debated. The EPA promotes PurpleAir through sensor loan programs and com-

munity grant initiatives, including a $50 million national program launched in 2021 to expand air-

monitoring access in underserved communities most affected by pollution and COVID-19 (EPA,

2021). These investments reflect a federal acknowledgment of the promise of citizen-generated

data in addressing gaps in environmental monitoring.

Even though PurpleAir sensors are not certified for regulatory enforcement, multiple states

have taken steps to further restrict their legal standing. West Virginia, Louisiana, and Kentucky

have enacted laws limiting the admissibility of community-collected air quality data, effectively

preventing PurpleAir sensor readings from being used in courts or enforcement actions. Appendix

3 summarizes these recent laws and their implications for citizen-led environmental monitoring.

In short, PurpleAir sensors represent a promising and rapidly evolving, yet institutionally unset-

tled, model of decentralized environmental governance. Their real-time, publicly accessible data

streams expand transparency, but their influence on policy and enforcement depends on legal and

institutional frameworks that are willing to acknowledge and integrate citizen science.

2.3 Literature Review

2.3.1 Informal Monitoring and Decentralized Enforcement

Informal monitors — entities beyond traditional regulatory authorities — significantly influence

corporate behavior by raising the expected costs of misconduct. Media coverage plays a critical
11



role in detecting and deterring corporate malfeasance (Miller, 2006; Dyck et al., 2008; Core et al.,

2008), with multiple studies documenting the environmental consequences of declining local news

coverage. Both Jiang and Kong (2024) and Heese et al. (2022) show that newspaper closures

and the resulting drop in local media scrutiny lead to significant increases in toxic releases and

environmental violations, underscoring the disciplining role of press oversight. NGO activities

(Daubanes and Rochet, 2019) and whistleblower actions (Dyck et al., 2010; Bowen et al., 2010)

have also been shown to effectively detect and deter corporate misconduct.

Community-based monitoring represents another form of informal oversight that complements

formal enforcement, particularly in settings where regulatory capacity is constrained. Pargal and

Wheeler (1996) demonstrate that local community pressure significantly influenced industrial pol-

lution in Indonesia, while Olken (2007) show that grassroots monitoring reduced corruption in

Indonesian village road projects. However, existing research has primarily examined how cit-

izens leverage information either publicly disclosed by regulators or observed directly through

visible pollution events. Recent studies have explored citizen influence through formal complaints

(Colmer et al., 2023), social media or other online appeals (Heese and Pacelli, 2024; Buntaine

et al., 2024), but have not investigated settings where citizens themselves generate quantitative

environmental data.

2.3.2 Public and Private Enforcement in Environmental Compliance

A growing body of work studies how public oversight and private-sector initiatives jointly shape

environmental compliance. Classical deterrence models stress inspections, monitoring, and mone-

tary penalties administered by regulators (Shimshack and Ward, 2005; Earnhart and Friesen, 2013),

yet theoretical work highlights the resource constraints and information gaps that can limit agen-
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cies’ reach (Schantl and Wagenhofer, 2020). In response, researchers have examined non-state

mechanisms that can reinforce government efforts. Voluntary management standards such as ISO

14001 are associated with fewer months out of Clean Air Act non-compliance, indicating that cer-

tification helps firms meet regulatory expectations rather than replacing them (Potoski and Prakash,

2005). Under the U.S. EPA’s Audit Policy, facilities are most likely to self-report violations shortly

after they have been inspected or cited, showing that regulatory scrutiny stimulates private disclo-

sure and remediation (Short and Toffel, 2008). Evaluations of the NOx Budget Program likewise

reveal that rigorous auditing remains essential for cap-and-trade markets to deliver large pollution

reductions (Fowlie et al., 2012).

Despite these insights, one important frontier is largely unexplored: informal, citizen-driven

monitoring made possible by cheap, networked sensors. Because communities can now collect

high-frequency pollution data independent of agency infrastructure, these technologies have the

potential both to substitute for official data collection and to complement enforcement by spot-

lighting violations regulators might otherwise miss.

2.3.3 Technological Advances and Citizen Monitoring

Recent technological innovations have significantly expanded decentralized environmental mon-

itoring capabilities. Affordable, internet-connected sensors now allow citizens to independently

measure and share local environmental conditions in real-time, promising increased data density

and enhanced transparency in previously unmonitored areas. The accounting and finance literature

has primarily focused on how regulators and corporations leverage sophisticated technologies like

satellite imagery (Kang et al., 2021; Gu et al., 2023), with far less less attention to how accessible

consumer-grade technologies might reshape environmental governance.
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A growing body of work explores citizen science initiatives and sensor networks, largely fo-

cusing on technological aspects, data validation, and adoption patterns (Morawska et al., 2018;

Snyder et al., 2013). Existing research on PurpleAir sensors has examined demographic factors

influencing deployment and pollution concentration correlations (Zivin et al., 2024; Desouza and

Kinney, 2021; Sun et al., 2022). However, despite this attention to sensor distribution, there re-

mains a critical gap in empirical evidence on whether citizen monitoring fundamentally influences

regulated entities’ behavior.

This study addresses this gap by analyzing how PurpleAir sensor deployment affects corporate

fugitive emissions—pollution that often escapes formal regulatory attention but is detectable by

ground-level sensors. This provides the first systematic evidence on this behavioral link, extend-

ing the literature on informal monitoring and technological transparency by demonstrating how

community-led data collection can influence corporate environmental performance.

2.4 Hypothesis Development

The preceding review highlights the established role of informal monitors in influencing corpo-

rate behavior and the transformative potential of new technologies in expanding citizen oversight.

Building on this, I hypothesize that citizen-deployed PurpleAir sensors influence corporate be-

havior primarily through greater environmental transparency that can prompt regulatory scrutiny

and mobilize community activism. These pressures increase the likelihood that real-time pollution

spikes will be detected and publicly attributed to specific facilities, in turn encouraging proactive

reductions in fugitive emissions. In essence, firms aware of nearby sensor installations may act

preemptively to avoid negative publicity or penalties associated with elevated pollution levels, thus

strengthening environmental compliance. Therefore, I posit the following hypothesis regarding the
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primary outcome:

H1: Facilities exposed to nearby PurpleAir sensors will significantly reduce fugitive air emis-

sions reported to the EPA, relative to facilities without nearby sensors.

If H1 is supported, it suggests that citizen monitoring through affordable sensor technology

complements traditional regulatory oversight and expands accountability mechanisms for corpo-

rate environmental behavior. To understand the pathways through which this effect operates, I

further hypothesize about specific mechanisms.

Increased transparency from citizen sensors may alter the behavior of formal regulators. If reg-

ulators use citizen-generated data to inform their oversight activities, we should observe changes

in their enforcement patterns. Specifically, regulators might increase inspections in areas with new

sensor coverage, as the data provides insights into potential emission events or areas of concern.

They might also shift resources, potentially adjusting routine activities like pre-scheduled stack

tests if sensor data allows for more targeted and responsive oversight. This leads to my second

hypothesis:

H2: The installation of PurpleAir sensors near a facility will lead to (a) an increase in regu-

latory inspections by state agencies, and (b) a decrease in routine stack tests, as regulators adapt

their oversight strategies.

The emission-reducing effect of citizen monitoring may vary across facilities, depending on

how visible or reputationally vulnerable they are. Facilities with higher baseline pollution levels

are more likely to be scrutinized once emissions data become locally available. These facilities

may face greater reputational or community pressure and thus have stronger incentives to reduce
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emissions when sensors are installed nearby. This leads to the third hypothesis:

H3: The emission-reducing effect of PurpleAir sensors will be stronger for facilities with higher

baseline levels of total air releases.

If supported, these hypotheses would offer a nuanced examination of how citizen monitoring

operates. By generating localized, real-time environmental data, citizen sensors enhance the infor-

mation available to both regulators and the public. The subsequent tests on regulatory responses

and heterogeneous emissions impacts aim to demonstrate how this enhanced transparency ulti-

mately complements formal oversight and strengthens environmental compliance.

3 Data and Sample

3.1 Facility-level Emissions Data

I obtain facility-level emissions data from the EPA’s Toxic Release Inventory (TRI) program for

2013–2023. The TRI is a comprehensive database that tracks toxic chemical management by in-

dustrial and federal facilities, requiring eligible sites to report their annual releases and waste prac-

tices, including on-site air emissions, water discharges, land disposals, as well as off-site transfers.

Importantly, the data distinguishes between two types of on-site air emissions: fugitive releases

(uncontrolled emissions from leaks, evaporative losses, and diffuse sources) and stack releases

(emissions from controlled vents, smokestacks, and other point sources).

While most prior studies focus on Total Toxic Releases as their primary dependent variable

(Akey and Appel, 2021; Xu and Kim, 2022; Thomas et al., 2022; Duchin et al., 2025), I exam-

ine fugitive air emissions. PurpleAir sensors operate by detecting pollutants that physically pass
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through the device.3 As these sensors are typically installed at residential heights (5–7 feet above

ground, see Appendix 1), they are consequently most effective at capturing pollutants present

at these ground-level altitudes. Fugitive emissions tend to disperse at ground level and remain

concentrated near the source, whereas stack emissions, released from heights often exceeding 30

feet, disperse vertically and over wider areas.4 Furthermore, the different regulatory landscapes for

these emission types make fugitive emissions a particularly salient focus for studying the impact of

citizen monitoring. Stack emissions are subject to formal reporting and abatement measures, while

fugitive emissions are often under-monitored and under-regulated (Babich, 2018), despite posing

significant risks to nearby communities (Scheer, 2025). This disparity suggests that citizen-led

monitoring has greater potential to provide novel information and influence corporate behavior

concerning fugitive emissions, where formal oversight may be less comprehensive and the ‘infor-

mation gap’ filled by sensors is larger. Thus, fugitive emissions serve as my primary dependent

variable, with stack emissions used as a falsification test.5

Because PurpleAir sensors do not offer a complete pre-treatment time series, and satellite data

lack the necessary facility-level attribution (Holloway et al., 2021), I rely on TRI data, which span

the full study period. Although self-reported, TRI data are subject to annual EPA quality checks

that flag inconsistencies and prompt corrections, enhancing their credibility (EPA, 2013).

For the sample selection, I exclude facilities that report zero air releases under TRI, thereby

focusing on sites where PurpleAir monitors can plausibly influence regulatory scrutiny or com-

3Interview with PurpleAir representative, September 2024.
4Consequently, surrounding populations are less likely to be directly exposed to pollutants from stack emissions

than from fugitive emissions, making the latter more detectable by community-based sensors like PurpleAir and more
relevant for evaluating localized monitoring impacts (EPA, 2018).

5Dependent variable selection is motivated by sensor detection capabilities and regulatory oversight differences
between fugitive and stack emissions.
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munity attention. Panel A of Table 1 summarizes the fugitive air and stack air emissions in this

study. For each facility-year observation, I aggregate the total pounds released across all chemi-

cal substances. The final sample includes 226,508 facility-year observations. On average, pounds

released from fugitive air emissions represent approximately 24% of those from stack emissions,

aligning with national trends over the past decade (EPA, 2018).6 The large standard deviation for

both reflect a highly right-skewed distribution.

3.2 Citizen-Installed PurpleAir Sensor Data

To construct a complete dataset of all publicly accessible outdoor PurpleAir sensors installed

across the United States, I collect sensor data using the PurpleAir API. The dataset covers the years

2016 through 2023 and includes all sensors that were publicly registered during this period.

Each sensor record includes a unique identifier, geographic coordinates, installation date, and

removal date (if applicable). PurpleAir assigns a “position rating” to indicate location accuracy; to

ensure accurate distance measurements between sensors and facilities, I retain only those sensors

with the highest accuracy rating (5). To ensure stability in the sensor data, I exclude sensors that

remain active for less than one month.

Using these geographic coordinates, I geocode each sensor to identify its state, county, and ZIP

code, allowing me to restrict the sample to the contiguous United States. For each sensor and year

in the sample period, I then determine whether the sensor falls within specific radii (ranging from

one to five miles) of industrial facilities. Finally, I aggregate these sensor-facility-year observations

to the facility-year level, calculating the total number of active PurpleAir sensors within each

distance threshold for every facility in each year.
6The ratio of fugitive to stack air emissions has gradually increased - from about one-fourth in 2013 to about

one-third in 2022 - indicating a slow rise in the relative contribution of fugitive emissions over time.
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3.3 Regulator Monitoring Data

To analyze regulatory responses following the installation of PurpleAir sensors, I examine

which level of government — local, state, or federal — is responsible for enforcement actions.

I obtain inspection histories of facilities from the EPA’s Enforcement and Compliance History

Online (ECHO) database. This dataset provides comprehensive compliance and enforcement in-

formation for regulated facilities, including the identities of inspected facilities, the type and timing

of inspections, and the agency responsible. While the EPA oversees the national environmental en-

forcement framework, it delegates much of the routine permitting, monitoring, and enforcement

activity to state air agencies, and in some cases, to local regulators (Gray and Shimshack, 2011;

EPA, 2015). State agencies are primarily responsible for implementing and enforcing air quality

standards for common pollutants, including issuing permits, conducting inspections, and enforcing

compliance with facility-level emission limits. Consistent with this institutional structure, the data

show that state agencies carry out the overwhelming majority of regulatory activity, including 75%

of all inspections and 61% of stack tests.

3.4 Mechanism Variables and Heterogeneity Measures

To examine how the effects of citizen monitoring vary across facility types and operational

environments, I construct three variables that correspond to different theoretical mechanisms: rep-

utational, regulatory, and reporting responses.

First, to capture variation in pollution intensity and visibility, I construct an indicator variable,

High Emitter, which equals 1 for facilities with above-median fugitive air emissions during the

pre-treatment period. Facilities with higher emissions may face greater public scrutiny or repu-

tational risk when sensors are deployed nearby, and may therefore be more responsive to citizen
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monitoring. I use this variable to test whether the emissions response is stronger among facilities

with more visible environmental footprints.

Second, to capture differences in EPA regulatory oversight, I create an indicator for whether

a facility is located in a county that lacked EPA regulatory-grade PM2.5 monitors during the pre-

treatment period. Using data from the EPA’s Air Quality System (AQS), I identify monitors active

since 2016 and classify facility-year observations accordingly. About 66% of facilities in the sam-

ple are located in counties without such monitors. This variable allows me to assess whether EPA

inspections increase more in areas where the agency historically lacked independent monitoring

infrastructure.

3.5 Wildfire Smoke Data

To construct an instrument for my instrumental variable analysis, I develop a facility-level mea-

sure of wildfire smoke exposure. I adapt the methodology of Borgschulte et al. (2024b) to construct

a facility-level measure of wildfire smoke exposure. Their approach draws on daily smoke plume

polygons identified by the National Oceanic and Atmospheric Administration’s Hazard Mapping

System (HMS).7 The HMS uses geostationary satellites to observe fires and smoke emissions

across the contiguous United States, producing high-resolution imagery multiple times per day

(Ruminski et al., 2006). Based on these observations, smoke analysts create georeferenced poly-

gons that represent the spatial extent of visible wildfire smoke plumes.

While Borgschulte et al. (2024b) define exposure at the county level, I refine the measurement

to the facility-level to suit the level of analysis in my paper. Specifically, a facility is considered

exposed on a day if a one-mile radius around it is fully covered by a detected smoke plume. I then
7Miller et al. (2021) originally developed the daily smoke exposure data, while Borgschulte et al. (2024b) linked

these data to economic outcomes.
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aggregate daily exposures to the annual level and compute the total number of wildfire smoke days

per facility per year.8. On average, a facility is exposed to wildfire smoke for approximately 42

days per year, with a median of 36 days. This corresponds to roughly one to one and a half months

of annual exposure.

3.6 Other Data

To further contextualize the relationship between PurpleAir sensor deployment and local eco-

nomic or infrastructural conditions, I supplement facility data with county-level demographic and

geographic information. I obtain county-level data on population and unemployment rates from

the U.S. Census Bureau. In addition, I use TIGER/Line shapefiles to calculate the distance from

each facility to the nearest major highway. On average, facilities are 11.3 miles away from the

nearest highway. In alternative specifications, I exclude facilities within 0.5, 1, or 2 miles of a ma-

jor highway to ensure that the measured emissions are not driven by nearby traffic (Karner et al.,

2010; Shapiro and Walker, 2018).

Furthermore, to account for potential spatial interdependencies between facilities, I incorporate

control variables that capture local spatial spillovers in air emissions, following Delgado and Florax

(2015). I assume that interference is negligible beyond 10 miles (i.e., SUTVA holds for facilities

more than 10 miles apart). I compute continuous spatial weights using a piecewise linear decay

function — weights decay linearly for facilities within 10 miles and are set to zero otherwise. For

each facility in a given year, the spatial lag (a weighted average of log emissions across neighboring

facilities) is computed using these weights.9

8To validate this approach, I also construct a county-level measure and confirm it aligns with county smoke-day
counts reported in Borgschulte et al. (2024a) and Borgschulte et al. (2024b)

9For example, if Facility A has three neighbors within 10 miles—with log emissions of 10, 12, and 14 and weights
of 0.8, 0.5, and 0.2, respectively, then the spatial lag is computed as follows: (10×0.8+12×0.5+14×0.2)/(0.8+
0.5+0.2) = 11.27.
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Finally, I exclude facilities located in industrial clusters, where disentangling pollution at-

tributable to a single facility is challenging. Clusters are defined using alternative spatial thresholds

(0.5 and 1 mile) and density criteria (at least 3 or 5 facilities within the specified radius). On aver-

age, between 64% and 96% of facility-year observations are not located in a cluster, depending on

the specific definition used.

3.7 Sample Construction and Summary Statistics

For the stacked difference-in-differences (DiD) framework, I construct a panel dataset compris-

ing 226,508 facility-year observations from 2013 to 2023. Table 1, Panel A, presents summary

statistics for the key variables used in the baseline analysis. Panel B reports descriptive statistics

for the instrumental variable analysis, showing that the average facility experiences full wildfire

smoke coverage for 42 days per year.

4 Empirical Strategy and Results

4.1 Empirical Strategy

I employ a stacked difference-in-differences (DiD) framework that exploits the staggered in-

stallation of PurpleAir sensors between 2016 and 2020. On average, each cohort includes ap-

proximately 1,588 treated facilities and 11,638 control facilities. Figure 1 shows the geographical

distribution of treated versus control facilities in the contiguous United States. I stack these cohorts

across all years and estimate the following facility-cohort-year panel regression:

Fugitive Air Emissions f ,c,t = β0+β1PA Sensor within 5 mi×Post f ,c,t +∑Controls+ϕ+τ+ε f ,c,t

(1)
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The main dependent variable is Fugitive Air Emissions f ,c,t , measured as the natural logarithm of

one plus total on-site fugitive air emissions reported by facility f in cohort c during year t. PA Sen-

sor within 5 mi × Post is an indicator variable that equals one for treated facility-year observations

in the 3 years after at least one PurpleAir sensor is installed within a 5-mile radius of the facility

and zero in the three years before PurpleAir sensor installation. The control group consists of fa-

cilities with no PurpleAir sensors within a 10-mile radius. The model includes facility-by-cohort

fixed effects (ϕ) and industry-year-by-cohort fixed effects (τ) to account for both time-invariant

facility characteristics and broader industry-specific shocks over time. The null hypothesis is that

β1 = 0 — that is, the installation of a PurpleAir sensor within close proximity of a facility has no

impact on that facility’s fugitive air emissions. The first difference is the change within the facil-

ity before and after the presence of PurpleAir sensor, and the second difference is the difference

between the treated facilities and the control facilities. In other words, this design allows me to

identify the effect on facilities with at least one PurpleAir sensor within a 5-mile radius using the

time trend of the control facilities as a counterfactual.

I incorporate several time-varying Controls at the facility and county levels. At the facility

level, I control for total emissions in the prior year to account for historical pollution patterns

that may influence both current emissions and the likelihood of nearby sensor installation. At the

county level, I include population and unemployment rates to adjust for macroeconomic conditions

that could influence industrial activity. I also include a variable capturing spatial dependence in

emissions among nearby facilities to account for regional pollution spillovers. Finally, I apply

entropy balancing of pre-treatment total emissions to ensure covariate balance between treated and

control facilities, enhancing comparability prior to sensor deployment. All control variables are
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winsorized at the 1st and 99th percentiles.

4.2 Main Result

I present stacked DiD estimates examining the effect of Purple Air sensor installation on facility-

level fugitive air emissions in Table 2. The key coefficient of interest is on the interaction term PA

Sensor within 5 mi × Post, which captures the average treatment effect on the treated (ATT). The

columns reflect a progression from baseline models with minimal controls to fully saturated spec-

ifications addressing multiple sources of confounding.

In columns 1-3, I begin with less saturated models. I observe that sensor presence is associated

with significant reductions in fugitive emissions. The baseline model without controls shows sub-

stantial post-treatment reductions, though it also reveals pre-existing differences between treated

and control facilities, underscoring the need to account for facility-specific heterogeneity. Adding

facility-fixed effects addresses this concern by controlling for time-invariant facility characteristics.

Further incorporating year-fixed effects in column 3 yields a coefficient that is approximately three

times smaller, suggesting that part of the initially observed effect was driven by broad temporal

trends affecting all facilities.

In columns 4-6, I introduce industry-year-fixed effects and additional controls. The model

with industry-year-fixed effects in column 4 yields similar result to the model with industry-fixed

effects. The results remain stable when including lagged emissions, county-level controls, and

adjustments for spatial dependence.

Column 6 shows the most rigorous specification, which implements entropy balancing to reweight

treated and control facilities on pre-treatment total releases. This final estimate indicates that facil-
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ities within a 5-mile radius of at least one PurpleAir sensor experience a 6.4% reduction in fugitive

air emissions (e−0.066−1 ≈−0.064). For the average facility emitting 5,709 pounds annually, this

represents a decrease of approximately 365 pounds per year. This effect is economically meaning-

ful, amounting to more than 18 times the total annual emissions of the median facility, which emits

just 20 pounds.

Figure 2 displays the dynamic treatment effects using the specification from column 6 of Table

2. The graph plots coefficient estimates across a seven-year window surrounding sensor deploy-

ment, spanning from three years pre-installation to three years post-installation. In the pre-event

period, coefficient estimates are stable and statistically indistinguishable from zero, providing

strong support for the parallel trends assumption underlying my DiD approach.

Finally, I do not use alternative fixed-effects structures such as county-year or state-year due to

data limitations. Many counties contain only a single facility — often the only treated facility in

the area — resulting in limited within-county variation in treatment timing. Since treatment is de-

fined geographically based on proximity to sensors rather than administrative boundaries, I am not

primarily concerned with capturing within-county differences. Moreover, including county-year

fixed effects absorbs substantial identifying variation and leads to unstable estimates; in untabu-

lated results, the estimated coefficient reverses sign and becomes statistically insignificant. While

state-year fixed effects are less restrictive, they aggregate across heterogeneous local conditions

and risk masking meaningful treatment effects. For these reasons, geographic-time fixed effects

are not employed in this paper, as they risk over-controlling and attenuating the estimated impact.

To address concerns about sparse data structure, I restrict the sample to observations that would

not be dropped in a county-year fixed effects model, ensuring results are not driven by sample
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composition or singleton groups.

4.3 Mechanism Tests

4.3.1 Regulatory Mechanism

To understand how citizen monitoring influences corporate environmental behavior, I examine

changes in regulatory oversight following PurpleAir sensor deployment. Table 3 presents results

on how sensor presence affects air compliance activities — inspections and stack tests — con-

ducted by different enforcement authorities. Because they are count data, I estimate a Poisson

fixed effects model, which is more appropriate for count data than using log-transformations and

helps address concerns raised by Cohn et al. (2022) regarding bias and interpretability in logged

count regressions.

The findings in Panel A of Table 3 indicate that sensor installation is associated with a sig-

nificant increase in air inspections by state agencies and the EPA. The estimated coefficient for

state inspections corresponds to a 5.8% increase in inspection frequency, or about 0.08 additional

inspections per facility-year, relative to a mean of 1.45. The effect is larger for EPA inspections,

which rise by 40.4%, amounting to 0.12 additional inspections per facility-year from a mean of

0.31.10

Meanwhile, Panel B of Table 3 shows a statistically significant reduction in stack testing by

state agencies in the Poisson specification, with an estimated 13.2% decline (approximately 0.35

fewer tests per facility-year, relative to a mean of 2.65).

10When estimating the Poisson fixed effects model with facility and industry-year fixed effects, a substantial num-
ber of observations are dropped because many facilities exhibit no variation in inspection activity over time — either
receiving no inspections or the same number in every year. Since Poisson fixed effects rely on within-facility vari-
ation to identify coefficients, any unit with no temporal variation in the dependent variable provides no identifying
information and is excluded from the estimation.

26



This pattern — an increase in state-level inspections alongside a reduction in stack tests —

suggests a shift in regulatory strategy following the deployment of citizen-operated sensors. Regu-

lators appear to move away from potentially more resource-intensive or pre-scheduled compliance

checks like stack tests toward more nimble and targeted inspections, likely informed by real-time

data from PurpleAir sensors. The interaction between citizen monitoring and formal enforcement

may enable greater regulatory precision, as continuous data streams allow agencies to prioritize

oversight more effectively. This shift toward more dynamic, data-guided enforcement likely plays

an important role in driving the observed reductions in fugitive emissions, as facilities adjust to

more focused scrutiny and an information-rich compliance environment.

Heterogeneous Regulatory Response to Sensor Exposure This shift in regulatory approach

raises the question of whether enforcement responses vary across different types of facilities or

regulatory environments. The structure of U.S. environmental governance provides useful context

for examining this possibility. While the EPA sets national air quality standards, state agencies are

responsible for most day-to-day enforcement activities, including inspections and stack testing, and

they determine the placement of official EPA monitors (Gray and Shimshack, 2011; EPA, 2015).

This creates a principal-agent relationship in which the EPA (principal) delegates enforcement to

state agencies (agents) but may have limited visibility into how those agencies allocate effort —

particularly in areas without formal monitoring infrastructure.

Given this institutional arrangement, I examine whether state and federal regulators respond

differently to new information made available by citizen-operated sensors. Table 4 presents results

that separate the behavioral responses of state agencies and the EPA.
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Table 4 Panel A shows that state agencies reallocate enforcement effort in a targeted manner.

Specifically, inspections increase for high-emitting facilities, while stack testing decreases for oth-

ers. The presence of a PurpleAir sensor within 5 miles leads to a 8.9% increase in inspections

for facilities with above-median pre-treatment emissions, relative to low-emitting facilities. In

contrast, stack tests decline by 24.3% following sensor deployment, with the effect concentrated

among lower-emitting facilities. These results suggest that state regulators shift limited resources

away from routine or scheduled testing and toward more flexible inspections, prioritizing facilities

where emissions are likely to be higher and oversight is more valuable.

Table 4 Panel B examines whether the EPA responds more strongly in counties that lacked

official monitoring prior to treatment. I find that inspections by the EPA increase by 97.0% in

these areas after sensor deployment, compared to EPA responses in already-monitored counties.

This pattern is consistent with the EPA using citizen-generated data to close information gaps

— stepping in where it previously had limited independent monitoring capacity. In contrast to

state agencies, which appear to reallocate effort within a constrained budget, the EPA expands

oversight in areas where its dependence on state-reported data was previously highest. Together,

these findings highlight how informational asymmetries in a decentralized enforcement system can

lead to differentiated responses when third-party monitoring technologies become available.

4.3.2 Reputational Mechanism

Table 5 examines whether the effect of citizen monitoring depends on facility visibility, proxied

by pre-treatment emission levels. The idea is that more visible polluters may face greater reputa-

tional concerns when sensor data becomes publicly available. If firms anticipate being identified

and shamed by local communities, media, or advocacy groups, they may respond more aggres-
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sively to monitoring technologies, particularly when their environmental footprint is large.

The results support this interpretation. Among facilities with above-median pre-treatment emis-

sions, sensor exposure is associated with a 12.7% reduction in fugitive air emissions.11 In con-

trast, I find no meaningful change in emissions among lower-emitting facilities, consistent with

the idea that reputational incentives are weaker where baseline pollution is already low. These

cross-sectional results suggest that citizen monitoring has the greatest effect in contexts where the

reputational stakes are higher — either due to the scale of emissions or the potential for public

visibility.

Taken together, the findings point to a reputational mechanism: the presence of local sensors

appears to encourage cleaner behavior among more visible emitters, even in the absence of di-

rect regulatory pressure. This complements the earlier evidence on enforcement, suggesting that

citizen monitoring can activate both formal and informal channels of accountability. Importantly,

the largest emissions responses occur in precisely those settings where additional environmental

oversight may generate the greatest marginal social benefit.

5 Robustness Tests

5.1 Instrumental Variable Design Using Wildfire Smoke

To address concerns that the relationship between PurpleAir sensor installation and emission

reductions may be confounded by endogenous sensor placement (Zivin et al., 2024; Desouza and

Kinney, 2021), I implement an instrumental variable (IV) strategy that leverages exogenous varia-

tion in wildfire smoke exposure. Following Borgschulte et al. (2024b), I use the number of wildfire

11exp(−0.136)−1 =−0.127.
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smoke days to instrument for PurpleAir sensor installation and estimate its effect on next-year fugi-

tive emissions.

This identification strategy rests on the premise that wildfire smoke events raises public con-

cern about air quality, prompting greater sensor adoption, while remaining plausibly unrelated to

facility-level emissions behavior, except through this monitoring channel. To support the exclusion

restriction, I focus on next-year emissions rather than contemporaneous outcomes to avoid captur-

ing any direct short-term effects of smoke exposure on industrial operations, such as evacuation

protocols or staffing adjustments during fire events.

The first-stage results in Table 6 Panel A confirm that exposure to wildfire smoke significantly

predicts sensor installation. This finding is consistent with Coury et al. (2024) and Zivin et al.

(2024), who show that pollution shocks from wildfire events lead to substantial uptake of low-cost

air quality monitors. The coefficient of 0.004 indicates that each additional wildfire smoke day

increases the likelihood that a facility is in the treated group and post-treatment period by 0.4 per-

centage points, consistent with the idea that wildfire smoke influences the likelihood of sensor de-

ployment. In the second stage (Panel B), instrumented sensor presence is associated with reduced

fugitive emissions in the following year, reinforcing the core findings of the main analysis. The

estimated second-stage coefficient of –0.211 implies that wildfire-induced sensor installation leads

to a 19% reduction in fugitive air emissions in the following year, which is roughly three times the

magnitude of the 6.4% reduction estimated in the DiD baseline specification. This larger magni-

tude may reflect that the IV strategy captures longer-run or more persistent behavioral responses to

sensor installation, whereas the DiD estimate may primarily reflect shorter-term impacts. Alterna-

tively, the difference may arise from the IV identifying a local average treatment effect (LATE) for
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facilities whose monitoring behavior is more responsive to wildfire-driven salience, which could

differ from the average effect captured in the DiD.

5.2 Addressing Measurement Attribution Concerns

A key concern with citizen-deployed air sensors is the potential difficulty of attributing pollution

readings to specific facilities, especially in areas with non-industrial pollution sources or multiple

nearby emitters. Table 7 addresses this challenge through targeted sample restrictions.

Panel A examines whether proximity to major roadways affects the results by excluding fa-

cilities located within various distances (0.5, 1, and 2 miles) from highways. Across these in-

creasingly restrictive samples, the estimated treatment effects remain robust - and in fact become

larger in magnitude. When facilities within 2 miles of a highway are excluded, the estimated effect

corresponds to an 8.0% reduction in fugitive emissions, compared to the baseline estimate of 6.4%.

Panel B addresses the challenge of industrial co-location by removing facilities situated in dense

industrial clusters. I define clusters using two distance thresholds (0.5 and 1 mile) and two size

cutoffs (minimum of 3 or 5 facilities). Across all definitions, the estimated treatment effects remain

statistically significant and comparable in magnitude. The most restrictive definition - a cluster

defined as 3 or more facilities within a 1-mile radius - yields a 7.4% reduction in emissions, again

larger than the baseline.

The consistency and strengthening of results across these attribution-restricted samples rein-

forces the validity of the main findings. The fact that larger effects are observed when attribution

is more credible suggests that PurpleAir sensors directly influence facility behavior rather than

capturing coincidental environmental variation.
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5.3 Sensitivity to Different Treatment Assignment

To assess the robustness of the estimated treatment effects, table 8 examines the sensitivity of

the results to alternative definitions of treatment based on spatial proximity and sensor density. In

Panel A, I systematically vary the spatial radius used to define treatment status, moving from the

baseline 5-mile threshold to 3 miles and 1 mile. The effect magnitude increases monotonically

as the treatment radius contracts, with fugitive air emission reductions growing from 6.4% at 5

miles to 6.8% at 3 miles to approximately 8.2% at 1 mile. This pattern aligns with the intuition

that monitoring effectiveness intensifies when sensors are positioned closer to potential emission

sources, likely because of improved attribution and signal strength.

Panel B explores variation in sensor density by modifying the minimum number of sensors re-

quired for treatment classification while maintaining the 5-mile radius. When raising the threshold

from one sensor to two or three sensors, the estimated emission reductions increase progressively

from 6.4% for one sensor to 7.1% for two sensors to 7.6% for three sensors. This pattern suggests

that greater monitoring coverage enhances detection capability and amplifies pressure on facilities

to reduce emissions.

The consistent gradients in treatment effects across both dimensions – proximity and density –

provide compelling evidence that the emissions reductions are specifically attributable to Purple

Air sensor presence rather than confounding factors. If the observed effects were driven by omit-

ted variables or coincidental trends, we would not expect such a systematic variation in impact

magnitude as the sensor placement becomes more proximate or more concentrated. These patterns

are most consistent with the interpretation that citizen monitoring, rather than other concurrent

developments, is shaping facility-level environmental outcomes.
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5.4 Falsification Test

To test whether the observed reductions in fugitive emissions are credibly driven by PurpleAir

sensor detection, I conduct a falsification test using stack air emissions — pollutants that the sen-

sors are unlikely to capture reliably. Table 9 mirrors the structure of Table 8, but substitutes stack

emissions for fugitive emissions as the dependent variable. This test relies on the technical lim-

itation that PurpleAir sensors are designed to detect particulate matter near ground level and are

therefore not well-positioned to capture emissions released through tall stacks, which are typically

elevated 30 to 100 feet above ground and disperse widely before reaching sensor height.

As expected, I find no consistent or statistically significant relationship between PurpleAir sen-

sor presence and stack air emissions. Across all specifications, the coefficients are small in mag-

nitude and mostly statistically indistinguishable from zero. The lone exception is a positive and

weakly significant effect in the most restrictive specification (PA Sensor within 1 mi × Post, signif-

icant at the 10% level), which is likely spurious given the absence of any systematic pattern across

other distance or density thresholds.

This falsification test complements the main findings in two ways. First, it demonstrates out-

come specificity: facilities appear to reduce emissions that PurpleAir sensors are capable of de-

tecting (i.e., fugitive emissions), while stack emissions — less visible to ground-level sensors —

remain unaffected. Second, it helps rule out alternative explanations such as time-varying omitted

variables or general environmental trends, which would presumably affect both fugitive and stack

emissions. The contrast between significant reductions in fugitive emissions and null effects on

stack emissions reinforces the interpretation that the observed behavioral responses are driven by

increased visibility through citizen-based monitoring.
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6 Conclusion

This paper examines how citizen-led environmental monitoring impacts corporate pollution be-

havior through the deployment of PurpleAir sensors. I find that facilities exposed to citizen moni-

toring reduce their fugitive air emissions by 6.4% within three years of sensor installation. These

results, robust to various identification strategies including instrumental variable approach using

wildfire smoke exposure, demonstrate that citizen monitoring serves as an effective complement

to traditional regulatory oversight.

This study makes four key contributions to the literature on environmental regulation, corporate

oversight, and citizen science. First, it provides systematic evidence that citizen-deployed sensors

reduce industrial pollution and reveals a nuanced public-private interaction: citizen monitoring

substitutes for formal data collection in resource-constrained areas while complementing regula-

tory enforcement through enhanced targeting, contributing to our understanding of how public and

private enforcement mechanisms intersect.

Second, it expands the corporate governance literature on informal monitoring by demonstrat-

ing that ordinary citizens, by generating quantitative data themselves, can effectively influence

corporate behavior, moving beyond traditional roles as complainants or social media advocates.

Third, it highlights how affordable technological innovation democratizes environmental over-

sight, empowering citizens as data producers rather than mere consumers, distinct from regulator

or corporate use of costly technologies like satellite imagery.

Fourth, by being the first to separately analyze the impact on fugitive air emissions — often

under-regulated yet posing significant health risks comparable to stack emissions — this research
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underscores the unique capability of citizen monitoring to address specific, harmful pollution types

often overlooked by aggregate metrics and traditional regulatory focus.

As the scope and complexity of environmental challenges persist, and recognizing that tra-

ditional regulatory monitoring may not always achieve comprehensive coverage, these findings

underscore the growing importance of citizen participation in environmental governance. This is

particularly true in areas where existing oversight mechanisms have limitations or for pollution

types, such as fugitive emissions, that are inherently difficult to monitor comprehensively. The

emergence of affordable, networked monitoring technologies appears to be reshaping the landscape

of corporate environmental accountability in ways that policymakers, regulators, and communities

should recognize and leverage to foster better environmental outcomes.
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Figure 1: Treatment versus Control Facilities

Treatment status is assigned to facilities with at least one PurpleAir sensor within a 5-mile radius, while control
facilities have no sensors within 10 miles. The treatment year corresponds to the initial year a facility is exposed to a
PurpleAir sensor within its 5-mile vicinity.
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Figure 2: Event Study for Main Result
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Table 1: Descriptive Statistics

Panel A: Summary Statistics for the DiD Design
count mean sd min p50 max

Fugitive Air 226,508 5,708.95 20,172.13 0 20 128,257
Stack Air 226,508 23,833.50 77,739.38 0 75 483,699
Ln(Total Releases)t−1 226,508 7.20 4.10 0 8 15
Ln(Population) 226,508 11.51 1.44 9 11 16
Unemployment Rate 226,508 4.94 1.79 2 5 12
Spatial Dependence in Fugitive Emissions 226,508 2.88 2.11 0 3 9
Spatial Dependence in Stack Emissions 226,508 3.53 2.57 0 3 10
Distance from the Nearest Highway 226,508 11.26 18.40 0 4 190
Not in a Cluster (5 Facilities within 0.5 mi radius) 226,508 0.96 0.20 0 1 1
Not in a Cluster (5 Facilities within 1 mi radius) 226,508 0.84 0.37 0 1 1
Not in a Cluster (3 Facilities within 0.5 mi radius) 226,508 0.83 0.38 0 1 1
Not in a Cluster (3 Facilities within 1 mi radius) 226,508 0.64 0.48 0 1 1
Local Inspections 226,508 0.04 0.73 0 0 87
State Inspections 226,508 0.75 2.51 0 0 284
EPA Inspections 226,508 0.03 0.30 0 0 34
Local Stack Tests 226,508 0.05 1.95 0 0 370
State Stack Tests 226,508 0.61 3.26 0 0 195
EPA Stack Tests 226,508 0.00 0.07 0 0 12
Low Quality Estimation 226,508 0.70 0.46 0 1 1
High Emitter 226,508 0.50 0.50 0 0 1

Panel B: Summary Statistics for the IV Design
count mean sd min p50 max

Wildfire Smoke Days 208,167 41.85 32.92 0 36 200
Fugitive Airt +1 208,167 5,855.88 20,452.95 0 20 128,257
Ln(Total Releases)t−1 208,167 7.30 4.08 0 8 15
Ln(Population) 208,167 11.48 1.44 9 11 16
Unemployment Rate 208,167 4.97 1.79 2 5 12
Spatial Dependence in Fugitive Emissions 208,167 2.89 2.12 0 3 9
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Table 2: Impact of PurpleAir Sensor Exposure on Fugitive Air Emissions

(1) (2) (3) (4) (5) (6)
Ln(Fugitive Air)

PA Sensor within 5 mi × Post -0.151∗∗∗ -0.110∗∗∗ -0.053∗∗ -0.055∗∗ -0.051∗∗ -0.066∗∗∗

(0.023) (0.019) (0.021) (0.022) (0.021) (0.022)

PA Sensor within 5 mi -0.414∗∗∗

(0.053)

Ln(Total Releases)t−1 0.149∗∗∗ 0.137∗∗∗

(0.004) (0.007)

Ln(Population) -0.075 0.176
(0.199) (0.312)

Unemployment Rate -0.030∗∗∗ -0.013∗

(0.005) (0.007)

Spatial Dependence in Fugitive Emissions -0.004 -0.004
(0.005) (0.008)

N 226508 226508 226508 226508 226508 226508
Adj. R-squared 0.002 0.893 0.893 0.894 0.897 0.897
Facility × Cohort FE Yes Yes Yes Yes Yes
Year × Cohort FE Yes
Industry-Year × Cohort FE Yes Yes Yes
Entropy Balancing Yes

This table presents stacked DiD estimates examining the impact of PurpleAir sensor presence on facility-level fugitive
air emissions. The dependent variable is Ln(Fugitive Air), winsorized at the 1% level. Treatment status is assigned to
facilities with at least one PurpleAir sensor within a 5-mile radius, while control facilities have no sensors within 10
miles. The treatment year corresponds to the initial year a facility is exposed to a PurpleAir sensor within its 5-mile
vicinity. PA Sensor within 5 mi × Post is an indicator variable that equals one for treated facility-years following
sensor deployment, and zero otherwise. Standard errors are clustered at the facility×cohort level and reported below
the coefficients. ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 3: Regulatory Mechanism: Effect of Sensor Exposure on Air Compliance Actions

Panel A: Air Inspections
(1) (2) (3)
Regulatory Authority

State EPA Local

Count of Air Inspections
PA Sensor within 5 mi × Post 0.056∗ 0.339∗∗∗ 0.091

(0.032) (0.114) (0.114)
Outcome mean 1.449 0.305 2.175
N 116913 18678 4573
Pseudo R-squared 0.481 0.266 0.542
Controls Yes Yes Yes
Facility × Cohort FE Yes Yes Yes
Industry-Year × Cohort FE Yes Yes Yes

Panel B: Air Stack Tests
(1) (2) (3)
Regulatory Authority

State EPA Local

Count of Air Stack Tests
PA Sensor within 5 mi × Post -0.141∗∗ -0.334 0.065

(0.068) (0.986) (0.196)
Outcome mean 2.645 0.748 4.847
N 52652 416 2132
Pseudo R-squared 0.566 0.317 0.797
Controls Yes Yes Yes
Facility × Cohort FE Yes Yes Yes
Industry-Year × Cohort FE Yes Yes Yes

This table presents stacked DiD estimates examining the impact of PurpleAir sensor presence on regulatory air com-
pliance activities. Panel A reports results for Count of Air Inspections while Panel B reports results for Count of
Air Stack Tests, both disaggregated by the responsible regulatory authority (state agencies, EPA, or local agencies).
Treatment status is assigned to facilities with at least one PurpleAir sensor within a 5-mile radius, while control fa-
cilities have no sensors within 10 miles. The treatment year corresponds to the initial year a facility is exposed to a
PurpleAir sensor within its 5-mile vicinity. PA Sensor within 5 mi × Post is an indicator variable that equals one for
treated facility-years following sensor deployment, and zero otherwise. All specifications include facility×cohort and
industry-year×cohort fixed effects, with standard errors clustered at the facility×cohort level. Standard errors are re-
ported below the coefficients, ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 4: Regulatory Mechanism: Heterogeneous Regulatory Response to Sensor Exposure

Panel A: State Response – Targeted Enforcement Toward High Emitters
(1) (2)

State Agency

Air Inspections Air Stack Tests
PA Sensor within 5 mi × Post × High Emitter 0.085∗ 0.154

(0.050) (0.138)

PA Sensor within 5 mi × Post -0.011 -0.278∗∗

(0.039) (0.120)
N 116913 52652
Pseudo R-squared 0.481 0.566
Controls Yes Yes
Facility × Cohort FE Yes Yes
Industry-Year × Cohort FE Yes Yes
Entropy Balancing Yes Yes

Panel B: EPA Response – Targeting Unmonitored Areas
(1)

EPA

Air Inspections
PA Monitor within 5 mi × Post × No EPA Monitors 0.678∗∗∗

(0.235)

PA Sensor within 5 mi × Post 0.198
(0.125)

N 18678
Pseudo R-squared 0.267
Controls Yes
Facility × Cohort FE Yes
Industry-Year × Cohort FE Yes

This table presents stacked DiD estimates examining the heterogeneous regulatory response to sensor exposure. Panel
A reports results for state agencies, with dependent variables including the Count of Air Inspections and Count of Air
Stack Tests. The variable High Emitter equals 1 if a facility’s pre-treatment total air releases are above the median
and 0 otherwise. Panel B reports results for the EPA, using the dependent variable Count of Air Inspections. The
variable No EPA Monitors indicates whether a facility is located in a county that had no official EPA monitors prior
to treatment. Treatment status is assigned to facilities with at least one PurpleAir sensor within a 5-mile radius, while
control facilities have no sensors within 10 miles. The treatment year corresponds to the initial year a facility is exposed
to a PurpleAir sensor within its 5-mile vicinity. PA Sensor within 5 mi × Post is an indicator variable that equals one
for treated facility-years following sensor deployment, and zero otherwise. All specifications include facility×cohort
and industry-year×cohort fixed effects, with standard errors clustered at the facility×cohort level. Standard errors are
reported below the coefficients, ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 5: Reputational Mechanism: Emissions Response and Facility Visibility

(1)
Ln(Fugitive Air)

PA Sensor within 5 mi × Post × High Emitter -0.136∗∗∗

(0.040)

PA Sensor within 5 mi × Post -0.006
(0.026)

N 226508
Pseudo R-squared 0.897
Controls Yes
Facility × Cohort FE Yes
Industry-Year × Cohort FE Yes
Entropy Balancing Yes

This table presents stacked DiD estimates examining how the emissions response to sensor exposure varies by facility
visibility, proxied by pre-treatment emission levels. High Emitter equals 1 if the pre-treatment total releases are above
the median, and 0 otherwise. The dependent variable is Ln(Fugitive Air), winsorized at the 1% level. Treatment status
is assigned to facilities with at least one PurpleAir sensor within a 5-mile radius, while control facilities have no sensors
within 10 miles. The treatment year corresponds to the initial year a facility is exposed to a PurpleAir sensor within its
5-mile vicinity. PA Sensor within 5 mi × Post is an indicator variable that equals one for treated facility-years following
sensor deployment, and zero otherwise. All specifications include facility×cohort and industry-year×cohort fixed
effects, with standard errors clustered at the facility×cohort level. Standard errors are reported below the coefficients,
∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 6: Wildfire Smoke Day as Instrumental Variable

Panel A: First-stage and reduced-form estimates
(1) (2)

PA Sensor Entry Ln(Fugitive Air)t+1
Wildfire Smoke Days 0.004∗∗∗ -0.001∗∗∗

(65.77) (-3.85)
N 208167 208167
Adj. R-squared 0.394 0.895
Facility× Cohort FE Yes Yes
Industry× Cohort FE Yes Yes
Controls Yes Yes
Entropy Balancing Yes Yes

Panel B: IV estimates
PA Ŝensors Entry - -0.211∗∗∗

- (-3.85)
N - 208167
Adj. R-squared - 0.003
Facility× Cohort FE - Yes
Industry× Cohort FE - Yes
Controls - Yes
Entropy Balancing - Yes
Kleibergen-Paap F - 4326.4

This table presents an instrumental variables analysis examining the impact of PurpleAir sensor presence on next
year’s fugitive air emissions at the facility level. The main dependent variable is Ln(Fugitive Air)t+1, winsorized at
the 1% level. Panel A reports the first-stage and reduced-form estimates. Wildfire Smoke Days is the annual count of
days during which a facility is fully enveloped by a wildfire smoke plume. PA Sensor Entry is an indicator set to 1 in
the three years after a sensor is deployed within a 5-mile radius of a facility. In Panel B, Wildfire Smoke Days serves
as an instrument for PurpleAir sensor deployment within this 5-mile radius. All specifications include facility×cohort
and industry×cohort fixed effects, with standard errors clustered at the facility×cohort level. T-statistics are reported
below the coefficients, ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 7: Addressing Measurement Attribution Concerns

Panel A: Excluding Facilities Near Highways
(1) (2) (3)

Excluding Facilities Within
Distance to the nearest highway 0.5 mile 1 mile 2 miles

Ln(Fugitive Air)
PA Sensor within 5 mi × Post -0.063∗∗ -0.079∗∗∗ -0.083∗∗

(0.025) (0.030) (0.038)
N 197977 173075 141241
Adj. R-squared 0.899 0.900 0.902
Controls Yes Yes Yes
Facility × Cohort FE Yes Yes Yes
Industry-Year × Cohort FE Yes Yes Yes
Entropy Balancing Yes Yes Yes

Panel B: Excluding Facilities in a Cluster
(1) (2) (3) (4)

Excluding Facilities in a Cluster
Radius for cluster consideration 0.5 mile 1 mile 0.5 mile 1 mile

Min. points to form a cluster 5 facilities 3 facilities

Ln(Fugitive Air)
PA Sensor within 5 mi × Post -0.060∗∗∗ -0.065∗∗ -0.052∗∗ -0.077∗∗

(0.022) (0.025) (0.025) (0.032)
N 216716 189379 187810 145032
Adj. R-squared 0.898 0.899 0.897 0.898
Controls Yes Yes Yes Yes
Facility × Cohort FE Yes Yes Yes Yes
Industry-Year × Cohort FE Yes Yes Yes Yes
Entropy Balancing Yes Yes Yes Yes

This table presents stacked DiD estimates examining the effect of PurpleAir sensor presence on facility-level fugi-
tive air emissions on subsamples that address potential measurement attribution concerns. The dependent variable is
Ln(Fugitive Air), winsorized at the 1% level. Panel A reports results after excluding facilities located within specified
distances (0.5, 1, or 2 miles) of the nearest highway, addressing concerns that roadway pollution might contaminate
sensor readings. Panel B reports results after excluding facilities located in industrial clusters, where pollution attri-
bution to specific sources may be difficult. Clusters are defined using two alternative distance thresholds (0.5 and 1
mile) and two alternative minimum facility requirements (3 or 5 facilities). Treatment status is assigned to facilities
with at least one PurpleAir sensor within a 5-mile radius, while control facilities have no sensors within 10 miles.
The treatment year corresponds to the initial year a facility is exposed to a PurpleAir sensor within its 5-mile vicinity.
All specifications include facility×cohort and industry-year×cohort fixed effects, with standard errors clustered at the
facility×cohort level. Standard errors are reported below the coefficients, ∗∗∗, ∗∗, and ∗ denote statistical significance
at the 1%, 5%, and 10% levels, respectively.
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Table 8: Sensitivity to Different Treatment Definitions

Panel A: Changing Treatment Radii
(1) (2) (3)

Treatment Radii
5 miles 3 miles 1 mile

Ln(Fugitive Air)
PA Sensor within X mi × Post -0.066∗∗∗ -0.070∗∗∗ -0.086∗

(0.022) (0.027) (0.050)
N 226508 214293 196995
Adj. R-squared 0.897 0.897 0.901
Controls Yes Yes Yes
Facility × Cohort FE Yes Yes Yes
Industry-Year × Cohort FE Yes Yes Yes
Entropy Balancing Yes Yes Yes

Panel B: Changing Number of Sensors Threshold
(1) (2) (3)

Min. No. of Sensors
1 sensor 2 sensors 3 sensors

Ln(Fugitive Air)
PA Sensor within 5 mi × Post -0.066∗∗∗ -0.074∗∗∗ -0.079∗∗∗

(0.022) (0.026) (0.030)
N 226508 213537 207892
Adj. R-squared 0.897 0.897 0.897
Controls Yes Yes Yes
Facility × Cohort FE Yes Yes Yes
Industry-Year × Cohort FE Yes Yes Yes
Entropy Balancing Yes Yes Yes

This table examines the robustness of the primary results tabulated in Table 2 by presenting stacked DiD estimates
of the effect of PurpleAir sensor presence on facility-level fugitive air emissions across varying treatment definition
specifications. The dependent variable is Ln(Fugitive Air), winsorized at the 1% level. Panel A reports sensitivity
analyses for different treatment radii: the main specification (5 miles) alongside alternative thresholds (3 miles and 1
mile). Panel B examines sensitivity to the number of sensors: the main specification (at least one sensor) alongside
more stringent requirements (at least 2 sensors or at least 3 sensors). In all specifications, control facilities have no
PurpleAir sensors within 10 miles. The treatment year corresponds to the initial year a facility meets the respective
treatment criterion. All specifications include facility×cohort and industry-year×cohort fixed effects, with standard
errors clustered at the facility×cohort level. Standard errors are reported below the coefficients, ∗∗∗, ∗∗, and ∗ denote
statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 9: Falsification Test

Panel A: Changing Treatment Radii
(1) (2) (3)

Treatment Radii
5 miles 3 miles 1 mile

Ln(Stack Air)
PA Sensor within X mi × Post 0.032 0.037 0.087∗

(0.021) (0.025) (0.048)
N 226508 214293 196995
Adj. R-squared 0.928 0.928 0.930
Controls Yes Yes Yes
Facility × Cohort FE Yes Yes Yes
Industry-Year × Cohort FE Yes Yes Yes
Entropy Balancing Yes Yes Yes

Panel B: Changing Number of Sensors Threshold
(1) (2) (3)

Min. No. of Sensors
1 sensor 2 sensors 3 sensors

Ln(Stack Air)
PA Sensor within 5 mi × Post 0.032 0.011 0.016

(0.021) (0.025) (0.027)
N 226508 213537 207892
Adj. R-squared 0.928 0.927 0.927
Controls Yes Yes Yes
Facility × Cohort FE Yes Yes Yes
Industry-Year × Cohort FE Yes Yes Yes
Entropy Balancing Yes Yes Yes

This table presents falsification tests for the results of Table 8 by analyzing the effect of PurpleAir sensor presence on
stack air emissions rather than fugitive emissions. The dependent variable is Ln(Stack Air), winsorized at the 1% level.
Panel A reports sensitivity analyses for different treatment radii: the main specification (5 miles) alongside alternative
thresholds (3 miles and 1 mile). Panel B examines sensitivity to the number of sensors: the main specification (at least
one sensor) alongside more stringent requirements (at least 2 sensors or at least 3 sensors). In all specifications, control
facilities have no PurpleAir sensors within 10 miles. The treatment year corresponds to the initial year a facility meets
the respective treatment criterion. All specifications include facility×cohort and industry-year×cohort fixed effects,
with standard errors clustered at the facility×cohort level. Standard errors are reported below the coefficients, ∗∗∗, ∗∗,
and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Appendix 1: Example of a PurpleAir Sensor being Installed for Air Quality Monitoring

Source: Houston Public Media
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https://www.houstonpublicmedia.org/articles/news/energy-environment/2024/06/25/491794/fort-bend-environmental-organization-to-share-air-quality-data-with-epa/


Appendix 2: PurpleAir Sensor Integration into AirNow.gov

Two images from the AirNow Fire and Smoke Map show conditions near Fairbanks, AK on June 23, 2022. The image
on the top shows the location of regulatory monitors only, while the image on the bottom shows a larger area covered
by both regulatory monitors (circles) and PurpleAir sensors (squares). Source: U.S. Environmental Protection Agency.
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https://www.epa.gov/sciencematters/epa-research-improves-air-quality-information-public-airnow-fire-and-smoke-map


Appendix 3: Recent State Legislation Affecting Community Air Monitoring Data

State Bill (Session/Year) Key Language Current Status Why It Matters
Louisiana Senate Bill 503 (Act

181, Regular Session
2024) – “Community
Air Monitoring Relia-
bility Act”

Requires use of federal ref-
erence methods for alleged
non-compliance; community-
sensor data not admissible
for enforcement or legal pur-
poses.

Enacted. Signed by
Gov. Landry on May
23, 2024.

Sets technical and QA stan-
dards most PurpleAir devices
don’t meet, limiting their use
in lawsuits or regulatory chal-
lenges.

Kentucky House Bill 137 (Regu-
lar Session 2025) – “An
Act relating to air qual-
ity monitoring”

Limits air-pollution cases to
“EPA-approved” methods
with “scientifically defensi-
ble, quality-assured data,”
effectively excluding con-
sumer sensors.

Enacted. Became law
without governor’s sig-
nature on Mar 25, 2025
(Acts Chapter 79)

Narrows admissible evidence
in court or regulatory actions,
sidelining PurpleAir data.

West Virginia House Bill 5018 (Regu-
lar Session 2024)

Bars “data collected by com-
munity air-monitoring pro-
grams” from use by DEP or in
Clean Air Act enforcement.

Pending. Passed
House; stalled in Sen-
ate Judiciary (no final
vote in 2024)

Would exclude PurpleAir read-
ings from violation notices or
court evidence.
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https://www.legis.la.gov/Legis/ViewDocument.aspx?d=1352547
https://apps.legislature.ky.gov/law/acts/25RS/documents/0079.pdf
https://www.wvlegislature.gov/Bill_Status/bills_text.cfm?billdoc=hb5018%20sub.htm&yr=2024&sesstype=RS&i=5018
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