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Abstract

Almost all U.S. regulatory statutes, and every major environmental law, allow for cit-

izen engagement. The nature and effects of citizen complaints, however, are poorly

understood. First, we present new survey evidence from a nationally representative

sample on public attitudes towards citizen reports of pollution concerns. We show

that, on average, the general public believes that citizen complaints enhance regula-

tory efficiency, reduce environmental disparities, and promote procedural justice and

public transparency. Second, we exploit newly available administrative data on over

130,000 unique citizen complaints submitted to the Texas Commission on Environmen-

tal Quality between 2003 and 2019. We present new facts and provide evidence on the

effect of citizen engagement on regulatory monitoring and enforcement decisions. We

show that almost all complaints are investigated. We estimate that a citizen complaint

against a facility is associated with a 51 percentage point increase in the likelihood

of an investigation in the month the complaint was lodged and a 22 percentage point

increase in the subsequent month. We also estimate that complaints are associated

with a marked increase in notices of violation and enforcement. Additional evidence

supports an interpretation that citizen complaints enhance regulatory efficiency.
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1 Introduction

Citizen complaints feature prominently in regulation and public oversight contexts ranging

from policing and corruption (Harris et al., 2017; Owens and Ba, 2021; Botero et al., 2013)

to environmental protection and occupational health and safety (Weil and Pyles, 2005; U.S.

Environmental Protection Agency, 2021). Proponents of citizen engagement argue that citi-

zen complaints may enhance procedural justice and allow individuals to participate directly

in decisions that influence their welfare, communities, and local regulations. Conventional

wisdom suggests that citizen engagement is popular with the public, offers low-cost sources of

information, and enhances regulatory efficiency by bringing attention to problems undetected

by more costly regulatory monitoring (Botero et al., 2013). However, citizen complaints may

not always be reliable and may reallocate limited resources away from problems generating

greater harm (Dasgupta and Wheeler, 1997). Citizen engagement may have no effect on, or

may even reduce, prosocial outcomes.

Despite theoretical ambiguity and policy prominence, the nature and effects of citizen

complaints remain poorly understood. In this paper, we provide comprehensive evidence

on citizen reports of environmental concerns. We first conduct a nationally representative

survey of public attitudes towards citizen reports of pollution concerns. We then descriptively

characterize environmental citizen complaints using data from Texas, the second largest U.S.

state by population and land area. We exploit administrative data on over 130,000 air, water,

and waste citizen complaints received by the Texas Commission on Environmental Quality

(TCEQ) between 2003 and 2019. We present new descriptive facts about citizen complaints

and use unsupervised text analysis methods to learn about the content of complaints.

After establishing attitudes towards environmental citizen complaints, what they look like

in practice, and where and when they arise, we explore their dynamic effects on regulator

behavior. We combine extensive air complaints data with regulatory data on inspections,

notices of violations, and notices of enforcement at more than 23,000 facilities regulated

under two major Clean Air Act programs. To explore dynamic relationships between com-

plaints and regulatory activity, we use a local projections estimator (Jorda, 2005; Bojinov

et al., 2021; Rambachan and Shephard, 2021). The local projections estimator is the most

consistent estimator for estimating the dynamic effects of repeat transitory shocks, like cit-

izen complaints. The local projections estimator is flexible, producing a separate estimate

for each horizon of interest. This results in a local approximation of the underlying data

generating process, rather than extrapolating into increasingly distant horizons while im-

posing a linear global approximation of the underlying data generating process. Under the

assumptions of linear potential outcomes and conditional independence, the local projections
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estimator identifies the causal response function (Bojinov et al., 2021).

Our survey evidence reveals that, consistent with conventional wisdom, citizen com-

plaints are popular with the general public. On average, the public believes that citizen

reports of pollution concerns promote environmental justice, improve public transparency

and accountability, and enhance regulatory efficiency by drawing attention to problems that

would otherwise go undetected or unpunished. On average, the general public does not be-

lieve that regulatory responses to citizen complaints waste public enforcement resources or

allow environmental activists or NGOs to have undue influence. Non-Hispanic white, more

educated, and Democrat respondents are more inclined towards agreeing with commonly

asserted advantages of citizen complaints. Younger, male, more educated, non-White, and

Democrat respondents are more likely to report actually filing a complaint with an environ-

mental agency.

Our descriptive statistics and text analysis highlight that air complaints predominantly

concern odor, dust, and smoke. Water complaints focus on water supply quality, wastewater

odor and turbidity, stormwater, and sewage. Waste complaints concern odor, dumping,

leaks, and petroleum storage tanks. Complaints for all pollution media commonly address

personal health and property concerns. On average, complaints per capita are associated

with less urban areas. A one standard deviation increase in a zip code’s urban population

share is associated with a more than 50 percent reduction in complaints per capita.

We estimate that citizen complaints are associated with a marked regulatory response.

On average, complaints against a facility are associated with a large and immediate increase

in the likelihood of a complaint investigation as well as an increased likelihood of a non-

complaint investigation (i.e., one not directly linked to a complaint) for up to six months

thereafter. Complaints against a facility are also associated with significant increases in the

likelihood of formal notices of violation and enforcement up to four months thereafter. We

find no evidence that complaint investigations spill over to crowd out investigations and

enforcement at other facilities (Evans et al., 2018; Maniloff and Kaffine, 2021). Consistent

with complaints enhancing regulatory efficiency, investigations associated with complaints

are two to four times more likely to uncover violations and trigger notices of enforcement

than investigations that are not related to complaints.

We build off a growing literature on citizen engagement (Weil and Pyles, 2005; Botero

et al., 2013; Harris et al., 2017; Owens and Ba, 2021). Our work is most closely related to

papers exploring the causes and consequences of environmental complaints. This literature

largely speaks to the role of citizen complaints in developing and transitioning economies,

where limited state capacity may impede formal regulatory oversight of polluting facilities

(Pargal and Wheeler, 1996; Afsah et al., 1996; Dasgupta and Wheeler, 1997; Earnhart,

3



2000; Dong, 2011). Empirical evidence on the effects of environmental citizen complaints

in developed countries, where regulatory institutions are well-established, is scarce. Due

to data constraints, the few existing studies explore correlates and implications of a few

hundred to a few thousand complaints in a single industry like oil and gas wells or livestock

operations (Huang and Miller, 2006; Maniloff and Kaffine, 2021; Scott, 2018; Di Salvo et

al., 2022).1 Our rich data spanning all sectors, involving detailed administrative and text

records, and geolocated to the zip-code level allow us to provide systematic stylized facts

for environmental complaints. Our data and methods also facilitate identification of the

dynamic relationship between citizen complaints and a broad range of regulatory outcomes.

In our context, focusing on short-run or temporally aggregated regulatory responses obscures

patterns important for understanding policy and practice implications.

We also contribute to the broader literature on the determinants of regulator behavior

(Hilton, 1972; Joskow, 1974; Leaver, 2009; Shimshack, 2014). Several studies document that

pollution monitoring and enforcement are responsive to harm, local environmental quality,

compliance costs, and compliance history (Kleit et al., 1998; Stafford, 2002; Gray and Shad-

begian, 2004; Blundell et al., 2020; Kang and Silveira, 2021). Other work shows that regula-

tory discretion in pollution oversight is responsive to political and economic considerations

including agency budgets, strategic bureaucratic interests, corruption, and local community

characteristics correlated with political activism (Niskansen, 1972; Helland, 1998; Earnhart,

2004; Innes and Mitra, 2015; Grainger et al., 2018; Blundell et al., 2021; Zou, 2021; Mu et

al., 2021; Morehouse and Rubin, 2022). Here, we document that monitoring and enforce-

ment activities are highly responsive to observable citizen engagement (Maniloff and Kaffine,

2021; Di Salvo et al., 2022). Our evidence is consistent with citizen complaints enhancing

regulatory efficiency.

2 Public Attitudes about Citizen Complaints

We first explore public attitudes about common citizen complaint conjectures. To do so,

we conducted a national survey. To implement the survey, we contracted with Qualtrics to

obtain responses from a nationally representative sample of approximately 2,500 U.S. adults

aged 18 or older. National representation was determined on the basis of gender, age, race,

and income. The survey remained open between May 26, 2022 and June 7, 2022. We received

completed responses from 2,513 adults located in all 50 states. Among respondents in the

1A small related literature explores citizen litigation or non-profit monitoring rather than citizen com-
plaints (Langpap and Shimshack, 2010; Ashenmiller and Norman, 2011; Grant and Grooms, 2017; Grant
and Langpap, 2018; Buntaine et al., 2021).
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final sample, 52 percent were female, 14 percent identified as black, and 47 percent reported

a bachelor’s degree or higher. The average age among our adult respondents was 45.

We first asked respondents if they had ever reported a pollution concern. After provid-

ing additional context about environmental agencies (EAs), we then asked respondents the

degree to which they agreed that citizen reports of pollution concerns: (1) Provide better

information on local pollution problems than the EA gets during its inspections; (2) Promote

environmental justice and the protection of vulnerable populations in the community; (3)

Involve false or bad information that wastes the EA’s resources; (4) Promote basic rights,

open government, transparency, and accountability; and (5) Allow environmental activists

and environmental organizations to have too much influence on the EA.

Key survey results are summarized in Figure 1 and Figure 2.2 More than 18 percent

of respondents reported that they had filed at least one pollution concern with their local

EA (Panel 1a). Younger, male, more educated, non-White and Democrat respondents were

significantly more likely to report filing a complaint (Panel 1b). Respondents under 45 were

16 percent more likely to report filing a complaint than older respondents; male respondents

were 7 percent more likely to report filing a complaint than female respondents; respondents

with some college experience were 5 percent more likely to report filing a complaint than

respondents without college experience; non-Hispanic White respondents were 7 percent less

likely to report filing a complaint than respondents self-identifying with another race or

ethnicity; and respondents indicating that they most identified with the Democratic party

were 13 percent more likely to report filing a complaint than those identifying as Independents

and Republicans.

On average, survey respondents agreed with commonly asserted advantages of citizen

participation in environmental policy (Panels 2a, 2b, 2c). 58 percent of respondents agreed

or strongly agreed that citizen reports provide better information on local pollution problems

than the EA gets through its own inspections; 10 percent disagreed or strongly disagreed.

66 percent of respondents agreed or strongly agreed that citizen complaints support en-

vironmental justice and the protection of vulnerable populations; 8 percent disagreed or

strongly disagreed. 67 percent of respondents agreed or strongly agreed that citizen reports

promote open government, transparency, and public accountability; 7 percent disagreed or

strongly disagreed. On average, non-Hispanic white, educated, and Democrat respondents

were significantly more inclined towards agreeing with commonly asserted advantages of

citizen complaints (Panels A1a, A1b, A1c).

In contrast, survey respondents neither clearly agreed nor clearly disagreed with com-

2Survey results from respondents residing in Texas – the focus of the balance of our analysis – are
qualitatively similar on all dimensions, although noisier given the reduced sample size of 173 respondents.
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monly asserted disadvantages of citizen participation in environmental policy on average

(Panels 2d, 2e). 39 percent of respondents neither agreed nor disagreed that citizen re-

ports involve false or bad information that wastes the EA’s resources; 28 percent agreed or

strongly agreed and 33 percent disagreed or strongly disagreed. 36 percent of respondents

neither agreed or disagreed that citizen complaints allow environmental activists and non-

governmental organizations to have too much influence on EA activities; 35 percent agreed

or strongly agreed and 29 percent disagreed or strongly disagreed. Republicans, indepen-

dents, and men were somewhat more likely to perceive that citizen complaints involved false

or bad information. Politically independent, male, more educated, and younger respondents

were significantly more likely to perceive that citizen reports of pollution concerns allowed

environmental activists and NGOs to have too much influence on the environmental agency

(Panels A1d, A1e).

3 Characterizing Complaints: Evidence from Texas

We next descriptively characterize environmental citizen complaints using data from Texas,

the second largest U.S. state by population and land area. For context, the Texas Commis-

sion on Environmental Quality (TCEQ) solicits complaints when citizens have information

about an environmental problem. Examples include unpleasant sights and smells, drinking

water quality, potential environmental violations, and problems with an individual or facility

regulated by TCEQ. Citizens may submit complaints online or by phone 24 hours per day,

7 days per week. Complaints are also accepted by walk-in, petition, letter, fax, and email.

Complainants are informed that they may provide their own contact information in-

cluding name, email, address, and phone number. All complainants, even if they choose to

remain anonymous, are provided with an incident number that may be used to track TCEQ’s

response to the complaint. However, complainants are advised that some key regulations

prohibit TCEQ follow-up of anonymous complaints. For example, regulations may prevent

TCEQ from documenting a nuisance odor violation for anonymously submitted complaints.

More generally, anonymous complainants may limit the agency’s ability to further investigate

the concern.

Not all complaints fall under TCEQ jurisdiction. TCEQ does not have direct regulatory

authority over septic systems, trash dumping, and noise pollution.3 These complaints fall

under the purview of the city or county, the local police or fire department, or other author-

3Our focus is on traditional pollution complaints. A significant fraction of complaints in the related
literature address noise complaints from trucking around oil and gas installations (Maniloff and Kaffine,
2021; Di Salvo et al., 2022).
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ities. Regulation of activities at oil and gas facilities may or may not fall to the Railroad

Commission of Texas and TCEQ, depending upon the nature of the activity. In general,

activities at oil and gas facilities that affect air and water quality, and surface water and

waste management, fall under TCEQ’s jurisdiction.4 Finally, some urban localities maintain

primacy for local air pollution control. These include Dallas, Fort Worth, El Paso, and

Houston, as well as Galveston County and Harris County. We see that TCEQ refers about

15 percent of submitted complaints to another authority.

3.1 Complaints Data and Descriptive Facts

We obtained administrative data, via a public information request (PIR 21-65675), on the

universe of pollution concerns reported to the Texas Commission on Environmental Quality

(TCEQ) between January 1, 2003 to December 31, 2019. We focus on this sample period

for reasons of data reliability. Data are incomplete prior to 2003 and 2019 was the last full

year of reliable data available at the time of our information request.

Each administrative record of a citizen complaint, which TCEQ calls an “incident”,

includes an incident number and receipt date. Upon filing, complainants must provide

incident date, approximate incident time, location or address where the problem is occurring,

nearest city or town and county, source(s) of the problem if known, and a brief description of

the concern. As a consequence, complaint records include a descriptive text summary of the

nature of the incident and the relevant environmental medium or media. Agency personnel

evaluate the complaint text to identify and code key features of the complaint, such as

causes and key concerns. TCEQ also assigns all incidents a regulated entity number, which

identifies the respondent (i.e., the entity about which the complaint refers) when known to

TCEQ or a generic placeholder when not known.

During our 17-year sample period, 2003 through 2019, TCEQ received 130,178 unique

complaints.5 We merge in socio-demographic data at the zip-code level from the 2000 De-

cennial Census. We calculate average annual estimates of PM2.5 at the zip-code level using

data from Meng et al. (2019) and following methods in Colmer et al. (2020).

Figure 3 depicts temporal variation. The annual number of citizen complaints submitted

to TCEQ was around 7,000 from 2003 to 2011, dropped to around 6,000 in 2012 and 2013,

and then trends steadily upward to a peak of 9,862 in 2018 (Panel 3a). Complaints spiked

following Hurricane Harvey (12 August 2017) and increased after a major flooding event (17

4For more details, see 16 Tex. Admin. Code Â§ 3.30, which specifies a memorandum of understanding
between TCEQ and the Railroad Commission.

5This count excludes around 4,500 complaints for which the complaint received date is listed as January
1, 1800. 90 percent of these appear to have been submitted prior to 2003 based on other available information
in the data.
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October 2018). Panel 3b indicates that complaints are mildly seasonal, with fewer complaints

in November, December, and the other winter months. Panel 3c shows that complaints are

less common on Fridays than other week days and are rare on weekend days.

We summarize pollution medium and the spatial distribution of complaints per capita.6

Among complaints for which we observe environmental media, roughly 39 percent are asso-

ciated with air, 38 percent are associated with water, 21 percent are associated with waste,

and 2 percent are associated with multiple media (Figure A2). Figure 4 documents that

complaints per capita do not systematically cluster in major urban areas. Complaints per

capita appear higher west of Abilene, northeast of Amarillo, and around Waco.

Figure 5 presents cross-sectional socioeconomic correlates of per capita complaints at

the zip-code level. The three panels depict correlates for air, water, and waste complaints,

respectively. The general patterns are consistent across media. Complaints per capita are

negatively associated with population density and urban population share. A one standard

deviation (s.d.) increase in baseline urban population share is associated with around a 60

percent reduction in the number of air, water, and waste per capita complaints. Complaints

are also negatively associated with zip-code level median household income, educational

attainment, and labor force participation and positively associated with zip-code level median

housing age and poverty indicators. A one s.d. increase in a zip code’s baseline household

income is associated with a 20 to 30 percent reduction in the number of air, water, and

waste complaints per capita. Complaints are positively associated with the zip-code level

share of the population identifying as Non-Hispanic White and negatively associated with

the zip-code level share of the population identifying as Hispanic, Non-Hispanic Black, and

other race/ethnicity groups. A one s.d. increase in baseline share of the population that is

Non-Hispanic Black or Hispanic is associated with a 20 to 30 percent reduction in the number

of per capita complaints. Air complaints (Panel 5a) are negatively associated with average

particulate matter concentrations. A one s.d. increase in zip-code level PM2.5 concentrations

is associated with a 45 percent reduction in the number of per capita complaints.

We also explore correlates after we split the sample by rural/urban designations. In

rural areas, per capita complaints are more common in areas that are less wealthy and more

Hispanic. In urban areas, per capita complaints correlates with socio-economic factors are

insignificant and small. We caution against overinterpretation of descriptive associations.

Bivariate cross-sectional relationships are not intended to be causal and do not provide

information on the characteristics of the specific individuals who file complaints.

6Data focus on the 110,745 complaints between 2003 and 2019 that fall under TCEQ’s jurisdiction.
Overall TCEQ referred about 15 percent of complaints to other agencies. The referral rate during our sample
period was about 6 percent, 24 percent, and 17 percent for air, waste, and water complaints, respectively.
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3.2 The Nature of Reported Pollution Concerns

Figure 6 summarizes incident nature and incident concerns documented in formal admin-

istrative codes. More than half of air complaints address odor, roughly 20 percent address

dust, about 10 percent address smoke, and roughly 10 percent address outdoor burning.

Among water complaints, about 17 percent address wastewater, roughly 17 percent address

water supply quality, about 14 percent address stormwater, and roughly 10 percent address

water supply service. Among waste complaints, more than 30 percent address municipal

waste, more than 20 percent address odor, about 10 percent address industrial waste, and

roughly 8 percent address petroleum storage tanks. About 8 percent of air complaints, 6

percent of water complaints, and 3 percent of waste complaints report concerns formally

coded as health-related. Roughly 7 percent of air complaints, 5 percent of water complaints,

and 5 percent of waste complaints report concerns formally coded as related to property.

Roughly 6 percent of air complaints are formally coded as related to the oil / gas / shale

sector.

Figure 6 also documents word clouds generated from the text of the complaint descrip-

tions. Word clouds reflect similar points of emphasis as the administrative codes. Com-

mon lemmatized word stems in air complaint descriptions include “odor”, “dust”, “burn”,

“smoke”, and “smell.” Common lemmatized word stems in water complaint descriptions

include “system”, “sewage”, “property”, “wastewater”, and “septic.” Common lemmatized

word stems in waste complaint descriptions include “property”, “oil”, “dump”, “odor”, and

“trash.”

Finally, we attempt to further characterize the full complaint descriptions using text

analysis tools (Gentzkow et al., 2019; Ash and Hansen, 2022). To reduce the dimensionality

of the data, we use a Latent Dirichlet Allocation (LDA) approach. LDA is a document

classification method that uses machine learning to identify natural groupings (Blei et al.,

2003; Hansen et al., 2018).7 The advantage of the method is that it is unsupervised, i.e.

it does not require reseachers to prejudge important words and themes ex-ante. The main

outputs of our LDA implementation are 10 topics for each pollution medium. Although the

LDA approach does not guarantee topics with a clear interpretation, we found it relatively

straightforward to summarize and label outputs.

For air complaints, the LDA text analysis highlighted a topic cluster related to health

concerns, where lemmatized word stems included “health”, “headache”, “eye” (irritation),

“breathe”, “house”, and “sick.” Five topic clusters related to industrial sector: autos / auto

body shops, agriculture, construction, oil and gas, and general business. Three topic clusters

7See Appendix B for more details.
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related (again) to odor, smoke, and burning. One topic related to administrative features of

complaint administration. For waste complaints, the LDA text analysis generated five topic

clusters related to the nature of the waste including industrial waste, municipal waste, fuel

spills and leaks, water contamination, and tire waste and burning. One topic cluster related

to odors from waste and one related to disposal method. One topic cluster related to autos /

auto body shops, one appears to relate to waste dumping, and one related to administrative

features of complaint administration. For water complaints, the LDA text analysis uncovered

one topic cluster related to residential and drinking water quality, where lemmatized word

stems included “pressure”, “color”, “brown”, “boil”, and “dirty.” One topic cluster related

to water odors. Four topic clusters related to sources including industrial leaks, agricultural

water use, sewage / septic, and stormwater. The remaining topics were related to the nature

of receiving waters (Appendix B).

4 Identifying Regulator Responses to Complaints

Understanding the nature and role of reported pollution concerns in environmental policy

requires an understanding of how complaints affect regulator behavior. In this section, we

seek to explore the dynamic relationship between citizen complaints and regulator behavior.

To do this, we define a set of regulated facilities over which TCEQ has clear and coherent

regulatory authority. We identify an estimation sample that includes facilities with permits

for two major Clean Air Act programs: the Title V and New Source Review (NSR) programs.

Our regulatory response analysis focuses solely on air complaints.

4.1 Institutional Context: Air Pollution Oversight in Texas

Air pollution permitting, monitoring, complaint protocols, and enforcement for stationary

sources in Texas are governed by a complex set of regulations and procedures. Broad leg-

islation includes the Clean Air Act (CAA) and Texas Administrative Code Title 30. Title

V operating permits govern normal operations at (mostly) large industrial establishments.

NSR permits govern administrative and technical matters after a facility undergoes con-

struction or modification that could potentially affect air quality. Title V and NSR permits

govern performance and investigation tracking and may stipulate that emissions reporting,

emissions limits, and other required operating conditions.

Although federal laws establish the general framework, TCEQ, predecessor agencies, and

local partner agencies retain primary permitting, monitoring, and enforcement responsibili-

ties (i.e., primacy) for major air pollution programs. Regulator pollution monitoring takes
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several forms. Emissions and violations may be uncovered through mandatory facility self-

reporting and self-certification, and several air pollutants are subject to continuous emissions

monitoring systems that provide continual compliance determinations. Agency monitoring

includes off-site record reviews, on-site compliance investigations, equipment monitoring,

sampling, and site assessments. For most routine on-site compliance investigations, TCEQ

provides advance notice to facilities.

Citizen complaints that fall under TCEQ regulatory authority are typically assigned to

field investigators. If the complaint names a specific facility or one can be easily identified,

the field investigator is expected to conduct an off-site file review that explores the facility’s

permits, history of complaints, compliance issues, or other factors. Investigators may then

choose to pursue additional on-site investigations.8 TCEQ procedures recommend providing

no or minimal notice in advance of an on-site complaint investigation so as to “replicate the

complainant’s experience” (p. 14) (TCEQ, 2021).

In principle, citizen complaints can provide direct emissions or compliance monitoring

data; however, it is extremely rare for citizen complaints to directly serve as foundations for

violation determinations and enforcement cases. Direct complaint case support requires a

notarized affidavit, the complainant’s willingness to testify in formal enforcement proceed-

ings, and (in many cases) documentation gathered and prepared using agency procedures

requiring specialized training. In practice, citizen complaints serve to trigger agency inves-

tigations, which may uncover and document of violations.

Whether triggered by complaints or more standard monitoring protocols, investigators

detecting noncompliance formally document issues with a Notice of Violation (NOV). NOVs

specify the nature and severity of noncompliance and a response timeline. Violations not

quickly resolved, and severe or chronic violations, may further result in a Notice of Enforce-

ment (NOE), which informs a facility that TCEQ is initiating formal enforcement action.9

Enforcement options include administrative orders with and without fines, referrals to

attorneys general for civil judicial cases, or criminal judicial proceedings. Enforcement guide-

lines suggest penalty type and severity should be a function of the extent of violation, ac-

tual/potential harm, intent, economic benefit, and other factors. The overwhelming major-

ity of violations are addressed with informal or TCEQ commissioner administrative orders.

Civil cases are uncommon. Criminal cases are extremely rare and tend to be reserved for

intentional violations with extreme harm or intentionally false statements (Uhlmann, 2009).

8As explored more fully in the next section, TCEQ conducted on-site investigations for the large majority
of complaints not referred to other agencies.

9TCEQ’s Enforcement Initiation Criteria prescribe the appropriate response for different categories of
violations. For example, the most severe violation category requires “automatic initiation of formal enforce-
ment action when documented during an investigation” (TCEQ, 2020).

11



4.2 Estimation data and sample

Using public information request data, we construct a balanced facility-by-month panel

representing 23,100 unique Title V/NSR facilities covering the 204 months from 2003 to

2019. This sample excludes Title V/NSR facilities that are never investigated during our

sample period as these facilities are unlikely to be under TCEQ’s regulatory jurisdiction

(e.g., their permits expired prior to 2003).

For each of our 23,100 sample facilities, we use regulated entity identifiers to merge in

data on facility characteristics, air investigations, air notices of violation (NOVs), air notices

of enforcement (NOEs), and other regulatory information. Using geographic identifiers, we

merge in supplemental data including socio-demographic data at the zip-code level from

the 2000 Decennial Census. Finally, we merge in non-referred air complaints naming that

regulated entity as the subject of the complaint.10

Figure 7 depicts the number of estimation sample facilities by zip code. Sample facilities

are more concentrated in areas close to Texas’s shale plays.11 About 90 percent of facilities

in our sample hold only an NSR permit while about 10 percent hold both NSR and Title V

permits. About a half percent of sample facilities hold only a Title V permit. To support

our decision to focus on Title V/NSR permit holders, we note that over 21 percent of all

complaints in the sample period not referred to another agency are directed towards these

facilities. Restricting attention to non-referred air complaints (i.e., air complaints that fall

under TCEQ’s jurisdiction), over one third are linked to the facilities in our sample.

About 17 percent of facilities in our sample received at least one non-referred air com-

plaint between 2003 and 2019. Among these facilities, around 46 percent received more than

one non-referred air complaint.12 Consistent with stylized facts from the broader enforcement

and monitoring literature (Shimshack, 2014), regulator investigations (i.e., inspections) are

10Given our focus on Title V and NSR air polluting facilities, our regulatory analysis does not further
consider water complaints, waste complaints, or air complaints referred to agencies beyond TCEQ. We do
not consider further non-referred air complaints naming regulated entities not governed by Title V and NSR
facilities. This most frequently includes air complaints naming regulated entity numbers not linked to any
facility regulated by TCEQ. For example, a citizen might file a complaint against a neighbor burning tires in
their backyard. TCEQ would assign a regulated entity number to the neighbor, even though this individual
is not otherwise regulated by TCEQ.

11Unfortunately we do not have information on industry for about a quarter of facilities in our sam-
ple. Among those for which we observe industry classification, about 14 percent are assigned to multiple
industries. For facilities assigned to a single industry category, a large share are classified as oil and gas
extraction. Other industries with significant representation in the sample include stone, clay, glass and con-
crete products; non-fuel mining and quarrying; chemicals and allied products; utilities; and fabricated metal
products.

12Two percent of sample facilities received 5 or more non-referred air complaints and about one percent
received 10 or more non-referred air complaints during the sample period. The maximum number of non-
referred air complaints received by a sample facility is 374.
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infrequent and enforcement activities are rare. In an average sample month, about 2.5 per-

cent of sample facilities were inspected, 0.32 percent received an NOV, 0.05 percent received

an NOE, and 0.21 percent received a non-referred complaint. Over the 204 month sample

period, the average facility is investigated by TCEQ in five of those months. Complaint in-

vestigations represent a relatively small fraction, less than 10 percent, of total investigations

in our sample. Table A1 provides additional summary statistics for the estimation sample.

4.3 Research Design

Our interest is in identifying dynamic relationships between citizen complaints and regu-

lator behaviors, specifically investigations and notices of violation and enforcement by the

Texas Commission on Environmental Quality (TCEQ). Identifying dynamic effects, how-

ever, is non-trivial. Traditionally, researchers in applied microeconomics have used gener-

alized difference-in-differences (DiD) research designs to identify dynamic effects; however,

applying this empirical approach in our setting is not appropriate as: 1) citizen complaints

represent a transitory shock, not a permanent change in policy; 2) facility exposure to com-

plaints are staggered over time; 3) facilities can receive multiple complaints and so treatments

can be repeat events.13

We draw on insights from the macroeconomics literature – which has given a lot of thought

to estimating the dynamic effects of transitory shocks (Jorda, 2005; Ramey, 2016; Nakamura

and Steinsson, 2018; Stock andWatson, 2018; Bojinov et al., 2021; Rambachan and Shephard,

2021) – to build a comprehensive understanding of the dynamic relationships between citizen

complaints and regulator behavior. Following Jorda (2005), we implement the panel-data

local projection estimator. The local projections estimator produces a separate estimate

for each horizon of interest, imposing limited structure on the underlying data generating

process. It is the most consistent estimator for estimating the dynamic effects of repeat

transitory shocks.14 For each time-horizon h, we estimate the following specification,

13A common approach in the difference-in-differences literature to deal with repeat events is to estimate
the dynamic effects of “first exposure”, an approach used by Cenzig et al. (2019) to identify the effects of
minimum wage policies. This is justifiable in cases where repeat events are more rare, “first exposure” is well
defined, and one is willing to treat exposures as independent of one another. In our context, “first exposure”
would be defined based on the sample – we are unable to rule out that facilities haven’t received complaints
prior to 2003 and so defining first exposure in this way would be ad hoc.

14This contrasts with other dynamic panel-data estimators that extrapolate into increasingly distant
horizons while imposing a linear global approximation of the underlying data generating process. Plagborg-
Moller and Wolf (2021) show that in finite samples, the local projections estimator generates less biased
estimates of the dynamic response than other commonly implemented estimators. Basso et al. (2022) show
that in the case of repeat events distributed-lag models can produce biased estimates of the dynamic response
compared to the local projections estimator.
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∆Yi,t+h = βhComplainti,t + αi,y + δt + ϵi,t (1)

∆Yi,t+h is the change in the likelihood of an investigation, notice of violation (NOV), or

notice of enforcement (NOE), in month t + h relative to the month prior to the complaint

for facility i. Complainti,t is an indicator variable equal to 1 if the regulator received a

citizen complaint about facility i, in month t, and 0 otherwise. We include facility-by-year

fixed effects, αi,y, and month of sample fixed effects, δt. Standard errors are clustered at the

facility-level (i.e., the unit of exposure). Our results are robust to accounting for broader

spatial correlations (e.g., county).

Under the assumptions of linear potential outcomes and conditional independence, βh

identifies the average causal effect of receiving a citizen complaint on the outcome of interest

in horizon h (Bojinov et al., 2021), relative to t−1. For example, the contemporaneous effect

of a citizen complaint is captured by β0. The estimated effect of a citizen complaint after

3 months, is captured by β3. Conditional independence in this context requires that there

is no other month-to-month variation within a facility-year that affects both the likelihood

of receiving a complaint and the likelihood of being investigated. Facility-year fixed effects

control for considerations such as changes in management, ownership, and annual production

decisions. Month fixed effects control for Texas-wide variation over time (e.g., state economic

conditions, TCEQ’s budget). In robustness checks, we explore the sensitivity of our findings

to a large range of alternative specifications, e.g., including county-by-year and industry-by-

year fixed effects.

4.4 Empirical Results

Figure 8 presents local projection estimates, characterizing the dynamic relationship between

citizen complaints and the monitoring behavior of the regulator. In Panel 8a, we precisely

estimate that a citizen complaint against a facility is associated with a 51 percentage point

increase in the likelihood of receiving an investigation that month, compared to the month

prior to receiving the complaint. One month after receiving the complaint we estimate a 22

percentage point increase in the likelihood of receiving an investigation. Investigations are

uncommon (i.e., the sample mean probability is 0.026) so these represent large effects. We

estimate that the likelihood of receiving an investigation returns to trend after two months.

In our baseline specification, we observe small and precisely estimated reductions in the

likelihood of an investigation prior to receiving a complaint. These estimates are close to

zero, however, suggesting that any violation of the conditional independence assumption is

unlikely to be a major driver of our findings.
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We explore the sensitivity of our findings to a number of robustness tests, which aim to

provide support for the conditional independence assumption. These results are reported

in Appendix A. These include the inclusion of county-by-month fixed effects, which cap-

ture considerations like local changes in weather and resources devoted to enforcement and

monitoring; and industry-by-month fixed effects, which capture market changes within an

industry over time (Figure A5). We also estimate a specification with twelve months of

lagged values of Complaintit to account for potential serial correlation in the likelihood of

a complaint (Figure A6). With the inclusion of lags, the estimated coefficients for βt in

the months leading up to the complaint are very close to zero, suggesting that the small

deviations in our baseline specification are driven by serial correlation rather than other

sources of confounding variation. Finally, our local projections estimates are qualitatively

and quantitatively similar to estimates from a distributed lag model (Figure A7).15

Panel 8a does not distinguish between complaint investigations (i.e., those directly linked

to a complaint) and non-complaint investigations (i.e., those that arise for reasons other

than a complaint). In Panels 8b and 8c, we explore this distinction, providing a more

nuanced understanding of regulator monitoring behavior. In Panel 8b, we estimate that a

citizen complaint is associated with a 59 percentage point increase in the likelihood of a

complaint-investigation in the month of the complaint and a 23 percentage point increase

the following month. In short, TCEQ investigates almost all complaints. In 8c, we estimate

that a citizen complaint against a facility is associated with an increase of about one to three

percentage points in the likelihood of a non-complaint investigation up to 6 months following

the complaint. While smaller than the estimated coefficients in Panel 8b, these represent

economically meaningful effects of 42 to 125 percent when evaluated at the sample mean.

This pattern is consistent with an extended period of increased regulator scrutiny; follow-up

non-complaint investigations several months after the complaint may serve to confirm that

a facility has resolved violations detected during an earlier complaint investigation.

Figure 9 presents local projection estimates for the likelihood of receiving a notice of

violation (NOV) (Panel 9a) and the likelihood of receiving a notice of enforcement (NOE)

(Panel 9b). We estimate an increase in the likelihood of both NOVs and NOEs in the

months following the complaint. The increased likelihood of an NOV is apparent beginning

in the month of the complaint while the increased likelihood of an NOE appears one month

later. This sequential pattern is consistent with TCEQ’s enforcement processes. TCEQ uses

NOVs to communicate to a facility that violations were uncovered during an investigation

and to specify a time frame during which the facility must return to compliance. A NOE is

15This approach also assumes conditional independence. The similarity in findings suggest that serial
correlation concerns, i.e., the “no carryover assumption” is not a first-order concern in this context.
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issued in the event of certain severe violations or when the facility fails to correct violations

covered by an NOV; it notifies the facility that TCEQ is initiating formal enforcement

action. Because NOE issuance requires administrative oversight not required by an NOV,

the differential timing we observe is expected. We estimate that a complaint is associated

with a 6 percentage point increase in the probability of an NOV and a one percentage point

increase in the likelihood of an NOE two months after the complaint. Given sample mean

NOV and NOE probabilities of 0.0032 and 0.00048, respectively, these are very large effects.

One potential concern with the results in Figure 9 is that complaints may be associated

with an increased likelihood that the regulator uncovers nuisance violations but not more

severe violations (e.g., those that adversely affect human health). While we argue this

is improbable based on TCEQ enforcement procedures, we provide additional results that

speak to this concern. For violations detected during an investigation, we observe a measure

of violation severity, which characterizes violations as Category A (most severe), Category

B (moderately severe), or Category C (least severe). TCEQ (2020) provides examples of

each violation category.16 Category A violations “require automatic initiation of formal

enforcement action when discovered” (TCEQ (2020), p. 13). For a Category B violation,

the violating facility is given an opportunity to return to compliance prior to the initiation

of a formal enforcement process. For less severe other violations in Category C violations,

procedures involve considerable regulator discretion. We form outcome variables based on

these categorizations.

Figure 10 shows local projection estimates characterizing the dynamic relationship be-

tween a complaint or non-complaint investigation and the likelihood of documented viola-

tions of different severity. The left-hand panels depict results for complaint investigations

while the right-hand panels show results for non-complaint investigations. For the least se-

vere violation category (i.e., Category C), the local projections estimates for complaint and

non-complaint investigations are similar to one another. Both complaint and non-complaint

investigations are associated with about a four percentage point increase in the likelihood of

a documented Category C violation. In contrast, for the most severe violation category (i.e.,

Category A), the local projections estimates for complaint and non-complaint investigations

differ from one another. A complaint investigation is associated with about a three percent-

age point increase in the likelihood of a documented Category A violation (i.e., the most

severe) whereas a non-complaint investigation is associated with a less than one percentage

point increase in the likelihood of a documented Category A violation. Taken as a whole,

16For example, violations associated with excess emissions events during facility start-up, maintenance,
and shut-down are Category A violations. Hollingsworth et al. (2021) explore the damages of excess emissions
events and find that they are responsible for 35 deaths among the elderly in Texas each year.
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results are consistent with complaint investigations uncovering more severe, rather than less

severe, violations relative to non-complaint investigations.

The overall regulatory implications of our results depend on three additional questions.

First, do regulators respond differently to complaints by different subgroups? That is, are

TCEQ responses to complaints consistent with procedural justice guidelines where com-

plainants are treated equally regardless of race and income? Second, what is the dynamic

relationship between complaints and monitoring behavior at facilities that are not the sub-

ject of complaints? That is, do we observe any evidence of potential crowd out or crowd in

at other facilities (Evans et al., 2018)? Third, is the dynamic relationship between investiga-

tions and enforcement activity different for complaint versus non-complaint investigations?

For the first question, we explore heterogeneity in the likelihood of a complaint investi-

gation and notice of violation following a complaint. Figure 11 presents results. In Panels

11a and 11b, we see that the likelihood of an investigation and NOV following a complaint

is similar for complaints from zip codes with above and below median poverty levels. If

anything, we document modest evidence that complaints from lower income areas result in

marginally higher probabilities of investigation and notices of violation. In Panels 11c and

11d, we see that the likelihood of an investigation and NOV following a complaint is similar

for complaints from zip codes with with above and below median shares of white residents.

If anything, we document modest evidence that complaints from zip codes with lower shares

of white residents result in marginally higher probabilities of notices of violations.

For the second question, we explore the relationship between the number of complaints

against other facilities in the same regulatory region and month and the likelihood that a

facility receives an investigation. We condition on the number of complaints that the facility

itself receives as in equation 1. We find no evidence of crowd out or crowd in; estimated

coefficients are close to zero and statistically insignificant (Figure A8). Investigations of

complaints targeting a given facility do not reduce the likelihood of investigations at other

facilities.

For the third question, we examine the dynamic relationship between the two types of

investigations, complaint and non-complaint, and regulator enforcement efforts. Figure A9

presents local projection estimates characterizing the dynamic relationship between com-

plaint investigations (Panel (a)) or non-complaint investigations (Panel (b)), and the likeli-

hood of an NOV. To produce the figures, we estimate our baseline specification (equation

1) but replace Complainti,t with a variable indicating a complaint (or non-complaint) inves-

tigation: Complaint Investigationi,t or Non-Complaint Investigationi,t. We estimate that a

complaint investigation is associated with an 8 percentage point increase in the likelihood

of an NOV two months after the complaint. In Panel (b) we estimate that a non-complaint
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investigation is associated with a 2 percentage point increase in the likelihood of receiving

an NOV in the month after the complaint. Further interpretation of this estimate is compli-

cated, however, by the non-trivial negative estimated coefficients in the months leading up to

the non-complaint investigation, suggesting that the estimates following the complaint may

be biased downward.17 If we adjust our post-complaint estimates upward by the maximum

difference between the post- and pre-complaint period (the estimated coefficient in t-4), the

maximum estimate is 4 percentage points in t+1. This is half of the maximum estimate

from a complaint investigation.

Figure A11 presents estimates from a comparable model for the likelihood of an NOE.

We estimate similar differences in the magnitudes of estimated coefficients when we compare

complaint and non-complaint investigations. A complaint investigation is associated with

an increased likelihood of an NOE beginning in the month after the complaint and for the

next 2 months. A non-complaint investigation is associated with an increased likelihood

of an NOE beginning in the month of the complaint and extending for the subsequent 3

months. In the two months following the complaint, the estimated coefficient magnitudes

are larger for complaint investigations (0.84 to 0.95 percentage points) than for non-complaint

investigations (0.15 to 0.17 percentage points). Unlike Figure A9, we do not estimate any

effects in the months leading up to a non-complaint investigation. While we cannot rule

out violations of the conditional independence assumption, these finding provide suggestive

evidence that complaint investigations may result in more NOVs/NOEs than non-complaint

investigations.

5 Discussion

To understand the role that citizens play in environmental policy, we must understand

people’s attitudes and beliefs about citizen complaints; where and when citizen complaints

arise and what they say; and how regulators respond. In this paper, we provide systematic

evidence on these questions.

Using a nationally representative survey, we document that, on average, the general

public believes that citizen reports of pollution concerns enhance regulatory efficiency, reduce

environmental disparities, and promote procedural justice and public transparency. We find

no evidence that, on average, the general public believes citizen complaints waste enforcement

agency resources or allow environmental activists and NGOs undue influence. Descriptive

statistics, from administrative records and text files, on the universe of complaints handled

by the Texas Council on Environmental Quality from 2003 to 2019 show that: air complaints

17This deviation from zero is smaller, but still exists, after controlling for treatment lags.
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focus on odor, dust, smoke, and burning; water complaints focus on household water supply,

wastewater, and sewage and septic systems; and waste complaints focus on odor, dumping,

leaks, and petroleum storage tanks. A significant fraction of complaints address personal

health and property concerns.

A novel analysis of the dynamic relationship between citizen complaints and the regu-

lation of air pollution suggests that complaints have pronounced implications for regulator

behavior. We show that air complaints are associated with a sharp increase in the probability

of a formal investigation for up to 2 months. Complaints significantly increase the proba-

bility of non-complaint investigations for up to 6 months. Complaints are associated with

large increases in the likelihood that a facility receives notices of violation and enforcement.

We note caveats to our analysis. First, although our survey is national in scope, de-

scriptive and econometric analyses consider complaints received by the Texas Council on

Environmental Quality. Although we explore more (and more diverse) complaints than

the small existing literature, lessons from Texas will not necessarily apply elsewhere due

to decentralized pollution oversight under environmental federalism as well as differences in

population characteristics, baseline environmental quality, and industrial composition across

states. A related concern is that we do not observe complaints filed directly with local

authorities unless they have been referred to TCEQ. Second, our exploration of regulatory

responses to complaints is conditional on sample restrictions to NSR and Title V facilities.

Although we consider the effects of complaints for a greater range of facilities and industries

than existing studies, many observed complaints name unregulated establishments. We sim-

ilarly do not study regulatory responses to complaints directed towards facilities regulated

under programs other than NSR and Title V. Third, a causal interpretation of our results

assumes conditional independence. Conditional on controls including county-by-month and

industry-by-month fixed effects, we assume no unobserved variation within a facility-month

simultaneously affecting the likelihood of complaints and regulatory actions. We cannot rule

out time-varying idiosyncratic shocks at the sub-county or firm level that influence both

complaints and monitoring/enforcement activity.

The above caveats notwithstanding, our results suggest that complaints play an impor-

tant role in pollution oversight. The cumulative increase in the probability of formal notices

of violation and enforcement over three months following an investigation are approximately

two to five times larger for complaint investigations than for non-complaint investigations.

Put differently, if complaint and non-complaint investigations have similar costs, the regula-

tory “bang per buck” from complaint investigations is higher than traditional investigations.

We find no evidence that these differential effects are offset by other factors. Complaint

investigations do not crowd out investigations at other facilities, complaint investigations do
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not address less severe violations than non-complaint investigations, and complaint investiga-

tions display no patterns consistent with environmental inequality or procedural inequities.

We do not attempt a full welfare analysis, as we are unable to observe citizens’ willingness

to pay, regulator costs, firm costs and producer surplus, or consumer surplus associated with

goods and services produced by facilities in our sample. Nevertheless, our findings suggest

that citizen complaints can be an effective way to enhance regulatory efficacy. Directing

marginal resources away from pursuing citizen complaints, as suggested by critics, does not

support the legal mandate of Environmental Agencies to uncover and sanction environmental

violations.
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Figures and Tables

Figure 1: Survey Results: Respondents Reporting they’ve Ever Filed a Citizen Complaint

(a) Have you ever reported a pollution concern?

(b) Socio-demographic Predictors

Notes: Panel (a) reports the number of survey respondents indicating that they have ever reported an envi-
ronmental citizen complaints. Panel (b) documents the socio-demographic predictors of a positive response
to questions about ever reporting a pollution concern.
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Figure 2: Survey Results: Respondents’ Attitudes towards Environmental Citizen Complaints

(a) Better information (b) Environmental justice (c) Basic rights

(d) Bad information (e) Undue influence

Notes: The Figure documents the degree to which respondents agreed that citizen reports of pollution concerns: (a) Provide better information on
local pollution problems than the EA gets during its inspections; (b) Promote environmental justice and the protection of vulnerable populations in
the community; (c) Promote basic rights, open government, transparency, and accountability; (d) Involve false or bad information that wastes the
EA’s resources; and (e) Allow environmental activists and environmental organizations to have too much influence on the EA.
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Figure 3: Distribution of Complaints by Year, Month and Day-of-the-Week

(a) Complaints by Year

(b) Complaints by month

(c) Complaints by day-of-the-week

Notes: Panel (a) reports the number of complaints received by TCEQ in each year between 2003 and 2019
(aggregated by month). Panel (b) reports the average number of complaints received each month between
2003 and 2019. Panel (c) reports the average number of complaints received on each day-of-the-week between
2003 and 2019.
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Figure 4: Number of Complaints (per 1,000 people)

Notes: The number of complaints per 1,000 people variable is winsorized at the 99th percentile to aid
visualization. The maximum number of complaints per 1,000 people is 52.
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Figure 5: The Socio-Demographic and Economic Predictors of Citizen Complaints

(a) Air

(b) Water

(c) Waste

Notes: The unit of analysis is a zip code. Each estimate comes from a bivariate OLS regression be-
tween the log transformed number of citizen complaints per 1,000 people and a given local characteristic:
log(complaints per 1,000 peoplez) = α + βXz + εz. We transform each of the estimates and confidence

intervals (100× [exp(β̂)− 1]) to provide a percent change interpretation.
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Figure 6: Characterizing Incidents

Incident Nature

Incident Concern

Word Clouds

(a) Air (b) Water (c) Waste

Notes:The figure documents the nature of complaint incidents by pollution medium, the concern of com-
plaints by pollution medium, and word clouds of the most frequent terms by pollution medium. In the word
clouds, the size of each term is approximately proportional to its probability. The color of each term in the
word clouds is randomly assigned. Column a) figures relate to air complaints, column b) figures relate to
water complaints, and column c) figures relate to waste complaints.
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Figure 7: Number of Title V/NSR facilities by Zip Code

Notes: The number of Title V/NSR facilities is winsorized at the 99th percentile to aid visualization. The
maximum number of Title V/NSR facilities in a zip code is 1,064.
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Figure 8: The Association between a Citizen Complaint and the Likelihood of an Investiga-
tion over Time

(a) Any investigation

(b) Complaint investigation

(c) Non-complaint investigation

Notes: This Figure plots the association between a citizen complaint and the likelihood of an investigation
in each month 12 months on either side of the event. The sample of complaints and investigations is restricted
to concerns about air quality. Estimates capture the change in the likelihood of an investigation relative
to the month prior to the complaint. Each estimate is the result of a separate regression, using the local
projections estimator (equation 1). Shading reflects the 95 percent confidence interval. Standard errors are
clustered at the facility level. Panel (a) reports estimates for any investigation. Panel (b) show estimates
for complaint investigations and panel (c) reports estimates for non-complaint investigations.
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Figure 9: The Association between a Citizen Complaint and the Likelihood of an NOV and
NOE over Time

(a) Notice of Violation

(b) Notice of Enforcement

Notes: This Figure plots the estimated relationship between a citizen complain in period 0 and the likelihood
of an NOV or NOE in each month 12 months on either side of the event. Estimates capture the change in
the likelihood of an NOV or NOE relative to the month prior to the complaint. Each estimate is the result
of a separate regression, using the local projections estimator presented in equation 1. Shading reflects the
95 percent confidence interval. Standard errors are clustered at the facility level.
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Figure 10: The Association between a Complaint or Non-Complaint Investigation and the
Likelihood of a Violation, by Violation Severity

(a) Category A, Complaint (b) Category A, Non-complaint

(c) Category B, Complaint (d) Category B, Non-complaint

(e) Category C, Complaint (f) Category C, Non-complaint

Notes: This Figure plots the estimated relationship between an investigation, either complaint or non-
complaint, and the likelihood of a violation of different levels of severity in each month 12 months on either
side of the event. Estimates capture the change in the likelihood of a violation relative to the month prior
to the complaint. Each estimate is the result of a separate regression, using the local projections estimator
presented in equation 1. Shading reflects the 95 percent confidence interval. Standard errors are clustered
at the facility level.
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Figure 11: Heterogeneity in the Likelihood of a Complaint Investigation and Notice of Vio-
lation following a Complaint

(a) By Poverty Rate – Complaint Investiga-
tion (b) By Poverty Rate – NOV

(c) By White Population Share – Complaint
Investigation (d) By White Population Share – NOV

Notes: This Figure plots the estimated relationship between a complaint in period 0 and the likelihood of
a complaint investigation (panels a and c) or a notice of violation (panels b and d) in the 12 months either
side of the event. Estimates capture the change in the likelihood of an investigation relative to the month
prior to the complaint. We explore whether there is a differential response by investigators when a complaint
is made in a zip code that is above/below the median poverty rate (panels a and b), or in a zip code that
is above/below the median share of the population that is white (panels c and d). Shading reflects the 95
percent confidence interval. Standard errors are clustered at the facility level.
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Online Appendices – Not for Publication

A Additional Results and Robustness Tests

Table A1: Sample Summary Statistics

Variable Name Mean Standard Deviation

P(air complaint) 0.0021 0.046

P(air investigation) 0.026 0.16

P(air complaint investigation) 0.0021 0.045

P(air non-complaint investigation) 0.024 0.15

P(air notice of violation) 0.0032 0.056

P(air notice of enforcement) 0.00048 0.022

P(excess emissions event) 0.0075 0.086

Air complaints on other facilities in the same region 22.40 28.29

Notes: With the exception of the last, all variables take the value of one if the facility
received at least one of the indicated outcomes in the month and zero otherwise. Sample
size is 4,712,400 and reflects 23,100 facilities over 204 months. The final variable is the
number of air complaints received by other facilities in the same regulatory region and
month. Sample size for the final variable is 4,548,792 due to missing information on
geographic location for 802 facilities.
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Figure A1: Survey Results: Socio-demographic Predictors of Respondents’ Attitudes towards Environmental Citizen Complaints

(a) Better information (b) Environmental justice (c) Basic rights

(d) Bad information (e) Undue influence

Notes: The Figure documents the correlation between socio-demographic characteristics and the degree to which survey respondents agreed that
citizen reports of pollution concerns: (a) Provide better information on local pollution problems than the EA gets during its inspections; (b) Promote
environmental justice and the protection of vulnerable populations in the community; (c) Promote basic rights, open government, transparency,
and accountability; (d) Involve false or bad information that wastes the EA’s resources; and (e) Allow environmental activists and environmental
organizations to have too much influence on the EA. Each estimate is the results of bivariate correlation between statement response and the
characteristic of interest.
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Figure A2: Distribution of Complaints by Type

Notes: Figure excludes complaints referred to another agency.
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Figure A3: Incident Nature Over Time

(a) Air

(b) Water

(c) Waste

Notes: The figure documents the nature of complaint incidents by pollution medium over time.

4



Figure A4: Incident Concerns Over Time

(a) Air

(b) Water

(c) Waste

Notes: The figure documents the nature of complaint incidents by pollution medium over time.
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Figure A5: Robustness: Additional Fixed Effects

(a) County-by-month fixed effects

(b) County-by-month and industry-by-month fixed effects

Notes: This Figure plots the estimated relationship between a citizen complaint and the likelihood of an
investigation in each month 12 months on either side of the event. Estimates capture the change in the
likelihood of an investigation relative to the month prior to the complaint. Each estimate is the result of a
separate regression, using the local projections estimator presented in equation 1. Shading reflects the 95
percent confidence interval. Standard errors are clustered at the facility level. The sample for (a) represents
22,294 unique facilities. The sample for (b) represents 16,387 unique facilities. Industry is measured by the
2-digit Standard Industrial Classification(SIC) code assigned to the facility. About 14 percent of facilities
have multiple 2-digit SIC codes; we treat multiple codes as a distinct category in defining the industry-by-
month fixed effects.
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Figure A6: Robustness: Inclusion of Lags

Notes: This Figure plots the estimated relationship between a citizen complaint and the likelihood of an
investigation in each month 12 months on either side of the event. Estimates capture the change in the
likelihood of an investigation relative to the month prior to the complaint. Each estimate is the result of a
separate regression, using the local projections estimator presented in equation 1 augmented with 12 months
of lagged values of Complaintit. Shading reflects the 95 percent confidence interval. Standard errors are
clustered at the facility level.
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Figure A7: Robustness: Distributed Lag Model

Notes: This Figure plots the estimated coefficients from a distributed lag model augmented with 12 months
of leads. Standard errors are clustered at the facility level.
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Figure A8: The Association between Citizen Complaints against Other Facilities in the Same
Region and the Likelihood of an Investigation over Time

Notes: This Figure plots the estimated relationship between the number of citizen complaints against other
facilities in the same TCEQ region in period 0 and the likelihood of an investigation in each month 12 months
on either side of the event. Estimates capture the change in the likelihood of an investigation relative to the
month prior to the complaint. Each estimate is the result of a separate regression, using the local projections
estimator presented in equation 1. Specification controls for a complaint against the facility itself. Shading
reflects the 95 percent confidence interval. Standard errors are clustered at the county level.
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Figure A9: The Association between a Complaint and Non-Complaint Investigation and the
Likelihood of an NOV over Time

(a) Complaint investigation

(b) Non-complaint investigation

Notes: This Figure plots the estimated relationship between a complaint or non-complaint investigation
in period 0 and the likelihood of an NOV in each month 12 months on either side of the event. Estimates
capture the change in the likelihood of an NOV relative to the month prior to the complaint. Each estimate
is the result of a separate regression, using the local projections estimator presented in equation 1. Shading
reflects the 95 percent confidence interval. Standard errors are clustered at the facility level.
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Figure A10: The Association between a Complaint and Non-Complaint Investigation and
the Likelihood of an NOE over Time

(a) Complaint investigation

(b) Non-complaint investigation

Notes: This Figure plots the estimated relationship between a complaint or non-complaint investigation
in period 0 and the likelihood of an NOE in each month 12 months on either side of the event. Estimates
capture the change in the likelihood of an NOE relative to the month prior to the complaint. Each estimate
is the result of a separate regression, using the local projections estimator presented in equation 1. Shading
reflects the 95 percent confidence interval. Standard errors are clustered at the facility level.
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Figure A11: The Association Between Citizen Complaints and the Likelihood of an Investi-
gation over Time (Week-level Panel with Different Empirical Specifications)

(a) Facility-by-Year Fixed Effects

(b) Facility-by-Quarter Fixed Effects

(c) Facility-by-Month Fixed Effects

Notes: This Figure plots the estimated relationship between a complaint in period 0 and the likelihood of
an investigation in the 12 weeks either side of the event. Estimates capture the change in the likelihood of
an investigation relative to the month prior to the complaint. Unlike our main analysis an observation is a
facility-week rather than a facility-month. Panel (a) uses facility-by-year fixed effects as in our main analysis.
Panel (b) uses facility-by-quarter fixed effects. Panel (c) uses facility-by-month fixed effects. Shading reflects
the 95 percent confidence interval. Standard errors are clustered at the facility level.

12



Figure A12: Offsite vs. Onsite Investigations and the Likelihood of Violation and Enforce-
ment Notices

(a) Complaint
On-site – NOV

(b) Complaint
On-site – NOE

(c) Non-Complaint
On-site – NOV

(d) Non-Complaint
On-site – NOE

(e) Non-Complaint
Off-site – NOV

(f) Non-Complaint
Off-site – NOE

Notes: This Figure plots the estimated relationship between an investigation, either complaint or non-
complaint, and the likelihood of a notice of violation or notice of enforcement in each month 12 months on
either side of the event. We distinguish between onsite and offsite investigations. Complaint investigations
are always onsite. Non-complaint investigations are either onsite or offsite. Panel (a) presents estimates of
the association between an onsite complaint investigation and the likelihood of an NOV. Panel (b) presents
estimates of the association between an onsite complaint investigation and the likelihood of an NOE. Panel
(c) presents estimates of the association between an onsite non-complaint investigation and the likelihood of
an NOV. Panel (d) presents estimates of the association between an onsite non-complaint investigation and
the likelihood of an NOE. Panel (e) presents estimates of the association between an offsite non-complaint
investigation and the likelihood of an NOV. Panel (f) presents estimates of the association between an offsite
non-complaint investigation and the likelihood of an NOE. Estimates capture the change in the likelihood of
a violation relative to the month prior to the complaint. Each estimate is the result of a separate regression,
using the local projections estimator presented in equation 1. Shading reflects the 95 percent confidence
interval. Standard errors are clustered at the facility level.
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Figure A13: Additional Heterogeneity in the Likelihood of a Complaint Investigation and
Notice of Violation following a Complaint

(a) By Health-Related – Complaint Investi-
gation (b) By Health-Related – NOV

Notes: This Figure plots the estimated relationship between a complaint in period 0 and the likelihood
of a complaint investigation (panel a) or a notice of violation (panel b) in the 12 months either side of the
event. Estimates capture the change in the likelihood of an investigation relative to the month prior to the
complaint. We explore whether there is a differential response by investigators when a complaint concerns
health-related/not health-related issues. Shading reflects the 95 percent confidence interval. Standard errors
are clustered at the facility level.
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B Text Analysis Appendix

In this appendix we provide a more detailed overview of our text analysis approach. The
data we use can be represented as an X by Y document-term matrix, where X is the number
of complaints and Y is the number of unique words in the dataset. The (d, v)th element
of the matrix is the number of times the vth unique words appears in the dth complaint.
This representation is high dimensional and sparse. As such, a primary goal is to reduce the
dimensionality of the data.

In economics, the most common approach to text analysis are dictionary methods. This
approach to text analysis requires researchers to construct a list of words that are of interest
and then calculate whether they arise or how frequently they arise within documents. While
dictionary methods are relatively straightforward to implement, they rely on researchers to
identify relevant words. Most importantly, dictionary approaches do not account for context
and can therefore result in misclassification.

Instead, we use Latent Dirichlet Allocation (LDA) – an unsupervised document classifica-
tion approach, similar to clustering with numerical data, which identifies natural groupings
without requiring us to pre-define topics. LDA was popularized in economics by Hansen et
al. (2018). Each complaint can be described by the distribution of topics within it, and each
topic can be described by the distribution of words within it. As researchers, we see words
in the documents and the documents themselves, but the topics are unknown (latent) to us.

There are a number of important advantages of the machine learning approach compared
to other methods that are used to reduce the dimensionality of text data. First, LDA uses
variation in all words to determine topics on a low-dimensional latent space. Second, LDA
determines which words are most important for discriminating between statements, rather
than relying on researcher degrees of freedom to make those choices. Finally, unlike other
algorithms used to reduce dimensionality, LDA is fully probabilistic.

Pre-Processing the Complaints Data

Before we are able to analyze the text in the TCEQ complaints data we must put it into a
form that can be processed. Tokenization is the first step of this process.

Tokenization Tokenization breaks each complaint into units called tokens which can then
be processed using text analysis models. We tokenize the data into words. These tokens
form the vocabulary (set of unique tokens) across all complaints.

Text Cleaning Once the data has been tokenized, we make every letter lowercase and
remove special characters, numbers, and punctuation. We then remove “stop words”. Stop
words are words such as ”the” and ”a”, which are common but do not add anything to the
analysis. The python module nltk has a built in stop words list; we add additional custom
words based on our context. For example, we added a list of common last names in Texas18,
Texas counties19 and cities20, honorifics, proper nouns, and other common words, such as

18https://forebears.io/united-states/texas/surnames
19https://dshs.texas.gov/chs/info/info txco.shtm
20https://www.texas-demographics.com/cities by population
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complaint, allege, TCEQ, etc.

Text Normalization There are two main approaches to normalizing text: stemming and
lemmatization. Both reduce related words to a common root/core, but each has its own
mechanism, and therefore its own costs and benefits.

Stemmers are simple heuristic algorithms designed to cut off common suffixes, such as
-ing or -ed. For example, “decide” and “decided” might both be reduced to “decid”. Because
it is so simple, it runs quickly, but is prone to issues of overstemming and understemming.
Overstemming results when words which are not related semantically are reduced to an
identical core. For example, overstemming may occur if a stemmer normalizied “happen”
and “happy” to “happ”. Understemming occurs when related words are not reduced to a
common core, e.g., stemming data to dat and datum to datu.

Lemmatization is a more advanced process than stemming, and thus avoids many of its
pitfalls. Lemmatization transforms words into a base form that is actually a word in the
dictionary. For example, decide and decided might both be reduced to decide. Lemmatizers
also differ from stemmers in that they can take into account context, e.g. lemmatizers can
recognize the difference between strip as a noun and a verb, providing a more accurate
representation of the text. However, this process requires significantly more computational
power, and thus takes much more time to run.

Because our data is not too large, we use lemmatization in as our approach to text
normalization. Figure ?? presents the top 10 words in our data. The top 10 words are: odor;
dust; nuisance; burn; area; property; smell; facility; strong; smoke. Figure ?? presents this
information in the form of word clouds. The size of each word is approximately proportional
to its relative frequency.

Having tokenized the data, removed stopwords, and normalized the text we follow Hansen
et al. (2018) and rank the remaining tokens using term frequency-inverse document frequency
(tf-idf), a measure of informativeness that punishes both rare and frequent words. Figure
B1 plots the tf-idf values for each term. We drop all tokens ranked 6,500 or below. Because
some terms share the same tf-idf weight, we end up with 5,131 unique terms.

Table B1 presents the total number of terms, and the number of unique terms at each
stage of processing. We start with 1,182,855 total words and 22,364 unique words in the raw
data. The most drastic cut in word count arises at the tf-idf step.

Latent Dirichlet Allocation

LDA is a Bayesian factor model for discrete data and works by trying to recreate the data
using a multi-layered sampling approach. Consider the case in which there are D documents
containing a corpus of text with V unique terms. Within these documents we want to
identify topics. Each topic K is a probability vector βk ∈ ∆V−1 over the V unique terms in
the data. A topic is a weighted list of words that express the same underlying theme.

Each document can belong to multiple topics, i.e., each document d has its own distribu-
tion over topics given by θd. θkd represents the contribution of topic k to document d. The
probability that any given word in a document d is equal to the vth term is, pdv ≡

∑
k β

v
kθ

k
d

and the overall likelihood is,
∏

d

∏
v p

nd,v

d,v where nd,v is the number of times term v appears
in document d.
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Everything described so far is probabilistic latent semantic indexing (Hofmann 1999).
LDA extends this model by placing Dirichlet priors on the probability vectors for document-
topic shares (and, in most formulations, topics as well) to smooth estimation and specify
a generative process for documents. Each θd is assigned a symmetric Dirichlet prior with
K dimensions and hyperparameter α. Each βk is assigned a symmetric Dirichlet prior with
V dimensions and hyperparameter η. Following Griffiths and Steyvers (2004) and Hansen
et al. (2018) we set α = 50/K and η = 0.025. The low value of η promotes sparse word
distributions so that topics tend to feature fewer, more prominent, words.

The inference problem in LDA is to approximate the posterior distributions over βk for
every k and over θd for every d given K, α, and η. We use Gibbs sampling, a popular Markov
chain Monte Carlo algorithm, introduced by Griffiths and Stevyers (2004).21

The Gibbs algorithm works by making changes to each word’s topic assignments to
maximize the likelihood of producing a document similar to the actual data. First, every
word is randomly assigned to a topic. Next, words are sequentially drawn to a new topic
assignment via multinomial sampling. Following Hansen et al. (2018) we repeat this process
4,000 times as a burn in phase, and then further repeat the process 4,000 times more storing
the output from every 50th sample.

To explore whether the Markov Chain has converged, we examine the perplexity of the
stored samples.Perplexity measures how well the model fits the data (i.e. how well the
assignments and weights can generate the document). A lower perplexity indicates a better
fit. If the perplexity is stable, one can be reasonably confident that the chain has converged.
In Table B2 we see that there is stability in the perplexity score after 5,000 iterations and
that the scores are similar across chains, indicating that the starting seed doesn’t have a
meaningful effect on the final outcome. All point estimates are constructed by averaging
over the draws from a given chain.

LDA substantially reduces the dimensionality of the data. After estimation, one has a
representation of each document in terms of θ̂kd . However, choosing the appropriate dimen-
sionality, i.e. the number of topics, for a given context is a challenge. There is a trade-off
between how interpretable the model’s output is, favoring smaller values of K and how well
the model fits the data, favoring higher values of K (Chang et al., 2009). We chose K = 10
for our main analysis but have explored robustness to alternative choices. Fewer topics were
too general and a larger number of topics became too specific to individual complaints.

Output

The main LDA output that we are interested in is the topics themselves. Each topic is
a probability vector over the 5,277 unique tokens in the corpus that remain after we have
processed the text data. Figure B4 presents wordclouds and time series variation for each of
our 10 topics. Although there is nothing about the LDA estimation strategy that guarantees
topics with a clear interpretation, we found it relatively straightforward to label the output.
We caveat that our topic interpretations are subjective, but note that this has limited con-
sequence because the labels play no role in any formal analysis. The topics appear to be

21See the technical appendix produced by Hansen et al. (2018) for more details on the Dirichlet distribu-
tion, LDA, and derivations of the Gibbs Sampling equation.
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broadly split into sources of complaints, i.e., sectors or activities, and consequences. The
order of topics has no meaning. In terms of consequences, panels (c), (e), and (f) as relate to
complaints that discuss smoke, odor, and health concerns. In terms of sources, panels (b),
(d), (g), (h), (i), and (j) relate to complaints that discuss auto/body shop activities, burning
activities, behavior by businesses, agricultural activities, construction activities, and events
relating to the gas and oil sector. The topic in panel (a) references general administrative
considerations. While there is little variation in the median topic share over time, which
is approximately 0.1 (an even split across topics within a document), there is substantially
more variation over time in the maximum contribution of a topic. Almost all topics have
a decreasing trend in the maximum contribution and an increasing trend in the minimum
contribution, suggesting that complaints have become more homogeneous in terms of content
over time.

In our main analysis, we explore the degree to which regulators respond differentially to
complaints that have a higher topic content relating to health concerns. We identify health
complaints as those that have a topic share greater than 0.1. Below, we also examine whether
regulators respond differentially to the complaints with content relating to our other topics.
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Table B1: The Number of Terms in the Air Complaints Data at the Different Processing
Stages

Raw Text Token Clean Remove Stopwords Lemmatization tf-idf

Total Words 1,182,855 1,146,465 463,549 463,549 349,848
Unique Words 22,364 22,320 20,704 18,466 5,131
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Figure B1: Ranking of terms with term frequency-inverse document frequency

Notes: Let nv be the count of term v in the complaints data. The term frequency tfv is 1 + log(nv). The
document frequency is dfv = log(D/Dv) where D is the number of documents and Dv is the number of
documents in which term v appears. The tf-idf weight of term v is tfv × dfv. This figure plots the tf-idf
weight of each term in the air complaints data.
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Table B2: Perplexity Scores

Iteration Chain 1 Chain 2 Chain 3
5000 574.1959 575.7784 573.4313
6000 574.5365 575.8158 573.5714
7000 574.4286 575.8151 573.2103
8000 573.9219 576.2066 573.5550

Mean 574.5335 575.8368 573.4514
SD 0.341221 0.299182 0.31869

Notes: This table reports how perplexity scores
vary across different choices for the number of iter-
ations. The scores are relatively stable after 5,000
iterations, suggesting that the chain has converged.
We also see that the scores are similar across chains
suggesting that the starting seed doesn’t have a
meaningful effect on the outcome.
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Figure B2: Topic-Specific Wordclouds (Air Complaints)

(a) Administration (b) Auto/Body Shop (c) Smoke (d) Burning (e) Odor

(f) Health Concerns (g) Business (h) Agriculture (i) Construction (j) Gas & Oil

Notes: This Figure presents word clouds for each of our estimated 10 topics using the LDA model. In the word clouds the size of each term is
approximately proportional to its probability. The color of each term in the word clouds is randomly assigned.
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Figure B3: Topic-Specific Wordclouds (Waste Complaints)

(a) Disposal Method (b) Dumping (c) Auto/Body Shop (d) Industrial Waste (e) Administration

(f) Municipal Waste (g) Fuel Spills / Leakage (h) Water Contamination (i) Waste Odors (j) Tires

Notes: This Figure presents word clouds for each of our estimated 10 topics using the LDA model. In the word clouds the size of each term is
approximately proportional to its probability. The color of each term in the word clouds is randomly assigned.
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Figure B4: Topic-Specific Wordclouds (Water Complaints)

(a) Water Quality (b) Industrial Leaks (c) Storm Water (d) Waste Water (e) Sewage/Septic

(f) Construction Runoff (g) Receiving waters (h) Agricultural Water (i) Residential Water (j) Water Odors

Notes: This Figure presents word clouds for each of our estimated 10 topics using the LDA model. In the word clouds the size of each term is
approximately proportional to its probability. The color of each term in the word clouds is randomly assigned.
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