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Abstract

Regulatory design balances rules that deter corruption with discretion to allow use of local
information for enforcement. To evaluate this trade-off we combine a field experiment in India
which enforced inspection at the mandated frequency for a random set of industrial plants
with structural estimation of regulatory costs. Relative to control plants, the inspection
frequency, citations for high pollution and closure warnings for treatment plants more than
doubled. However, the likelihood of more costly punishments (utility disconnections and
plant closure) was unchanged. Compliance to the (strict) regulatory standard is weakly
higher in the treatment group, and is driven by plants with pollution close to the threshold
and that face relatively low compliance costs. Average pollution levels do not significantly
decline. We model a dynamic game where a plant chooses to abate if it expects future
sanctions to exceed present cost of compliance. The game structure and rich administrative
data on regulatory and firm actions allows us to estimate the cost of regulatory penalties
to plants. For the average treatment plant, abatement is relatively costly and therefore not
worthwhile, as the risk of being penalized for pollution only moderately above the standard
is small. Since control inspections target the heaviest polluters, the average inspection for
a control plant is twice as costly in expectation for the plant compared to the rule-based
treatment inspections. We interpret this difference in cost as the social value of discretion
in inspections of control plants.
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I Introduction

Regulatory agencies enforce standards using imperfect information on the parties they reg-

ulate (Laffont and Tirole, 1993). This imperfection suggests a need for allowing regulators

flexibility to effectively collect and use local information to tailor regulation. Yet flexibility lends

discretion, which may lead to enforcement that reflects regulators’ personal objectives, rather

then the social objectives that justify regulation (Stigler, 1971; Leaver, 2009). This tension

between rules and discretion underlies many debates on the design of regulatory agencies.

In this paper we provide some of the first experimental evidence on the impact of enforcing

mandatory inspection frequency by an environmental regulator. We then use these findings to

inform a structural estimation of the social costs of a rule-based regulatory system.

Our two-year field experiment covered 961 industrial plants in the Indian state of Gujarat and

was conducted in collaboration with the state’s environmental regulator. The de jure environ-

mental standards are strict maximum limits on the concentrations of pollution that plants can

emit. There are also regulatory requirements for inspection frequency, which depend on plant

size and their potential to generate pollution. Finally, national laws build a criminal framework

for punishment, giving regulators broad power to close down highly polluting plants and cut off

their utilities. De facto, staffing constraints and this rigid punishment structure implies that the

regulator uses considerable discretion in deciding whom to inspect, whom to pursue, and when

to apply the costly punishments at its disposal. Administrative data suggests that most plants

pollute above the threshold, yet 40% of plants are not inspected in any given year.

The experiment we study increased inspection rates for a randomly-chosen group of plants

to or beyond the rate prescribed by regulation.1 Thus the treatment had two parts: providing

additional inspection resources and constraining these resources to be spent in line with regula-

tory rules. Depending on scale, official guidelines prescribed that the plants be inspected either

once in a quarter or once in a year. At baseline, plants were inspected approximately half this

often. The treatment did not otherwise alter pollution standards, the penalty structure or other

features of regulation. Finally, the inspection treatment was cross-randomized with an audit

reform experiment for the subset of 473 plants that were eligible for environmental audits, and
1The sample of plants was drawn from the highest (“red”) category for pollution potential.
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randomly assigned in the rest of the sample (Duflo et al., 2013).2

Our analysis uses administrative data culled from the digital and paper files of the regulator

and a plant endline survey. The administrative data records plant characteristics and five years

of regulatory interactions with sample plants (from two years before the experiment through

one year after), covering nearly 10,000 regulatory interactions. These interactions include plant

inspections, pollution analysis, regulatory notices and penalties, as well as written responses

by sample plants to these regulatory actions. The latter includes documentation of potential

abatement measures they undertook, such as the installation of new pieces of equipment. We

are thus able to construct the entire chain of interactions between the plant and the regulator,

following an initial inspection. Finally, the plant endline survey, conducted two-and-half years

after the experiment was begun, provides independent measures of pollution outcomes and plant

abatement costs.

Over the two years of the experiment inspection rates were more than doubled for treatment

plants—the average treatment plant was inspected 1.84 times more per year on a base of 1.40.

However, the impacts on plant polluting behaviour were modest. We estimate that treatment

plants were four percentage points (6%) more likely to be found compliant with the environ-

mental standard, but that average pollution emissions did not significantly decrease (although

the point estimate is also negative and implies a 15% drop in average pollution). These mixed

findings reflect the fact that pollution reductions came mostly from plants close to the regula-

tory threshold, rather than from large polluters with the most potential to reduce pollution.3

Furthermore, they seem to be driven by those who already had some equipment installed, for

whom compliance was low-hanging fruit.

The modest impact on pollution does not reflect an absence of penalties for violating regu-

latory standards. The administrative data reveals that the regulator penalizes polluting plants

often, and that these penalties are associated with plant responses which should reduce pollution

levels. During the two-year experiment, 16% of the control plants received closure orders and

utilities were disconnected for 4%. About 20% of control plants were mandated to install a piece
2In 1996, the High Court of Gujarat ordered GPCB to instate a third party audit system wherein high-polluting

potential plants must provide an annual audit report to GPCB. Duflo et al. (2013) evaluated a potential reform
of this audit system and found making third party auditors more accountable to the regulator and less beholden
to the plants they audit improves truth-telling and lowers pollution.

3Strikingly, we found the opposite result from the audit reform, which had no impact on compliance but large
impact on pollution levels, driven by the largest polluters.

3



of expensive abatement equipment.4 Further, relative to control plants, treatment plants had

more pollution readings collected, more detected violations and more citations. However, the

more costly regulatory penalties do not differ across treatment and control plants.

In the second part of the paper, we use data on the chains of interactions between the

regulator and plants following an inspection to interpret these results and unpack the regulatory

process. Specifically, we estimate a discrete dynamic game of regulation between the regulator

and polluting plants (Aguirregabiria and Mira, 2010). The regulator observes a signal of plant

pollution on its inspection and may choose, at any stage, to re-inspect a plant, warn it for

past violations, punish it with a costly action or accept it as compliant (meeting the regulatory

standard). The plant can comply by installing abatement equipment, protest a violation or

ignore the regulator altogether. Mapping our rich data on the regulatory process to this action

structure, we estimate conditional choice probabilities for the regulator’s action as a function of

its past actions, the plants’ actions and the state of pollution observed at the plant. We use these

choice probabilities and estimated state transition probabilities together with plants’ revealed

preferences of when to comply, and when instead to risk incurring those penalties, to calculate

the costs of regulatory penalties.5 This method allows us to recover comprehensive estimates

of the cost of environmental regulation that include both abatement costs, when plants comply,

and penalty costs, estimated by revealed preference, when they do not comply.

This model yields a second set of results on the costs and targeting of regulatory action. These

help interpret the experimental findings that non-compliance is higher for treatment plants, but

are not punished more often and do not reduce pollution much. First, estimating a model for the

conditional choice probabilities for the regulator’s actions tells us that the regulator chooses to

punish plants, as opposed to warning them or leaving them alone, for levels of pollution five times

the regulatory standard or above, and plants, in turn, only comply with regulation when such

a high pollution reading is cited against them. By contrast, formal warnings such as those the

experimental treatment increased actually lower plant compliance. With the full dynamic model

of the interaction between regulators and firms, we estimate the cost of a regulatory penalty

for a penalized firm to be INR 2,390,000 (≈ USD 50,000) However, because these penalties are
4This cost Rs. 852,000 (about USD 15,000, perhaps several weeks of profits).
5For example, if a plant with a 50% chance of being penalized for ignoring the regulatory is indifferent to

installing a piece of equipment that costs INR 1m, so that each choice is observed equally often, then we would
estimate a cost of INR 2m for a regulatory penalty.
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imposed seldom and only for the dirtiest plants, for a randomly chosen plant the expected cost

of an additional regulatory inspection is only INR 12,000 (USD 240) Thus the treatment did not

induce much compliance because most randomly-selected plants are better off facing what small

costs the regulator’s visit may bring than complying, unless complying is straightforward.

These estimates suggest a significant value of regulatory discretion when penalty structure

is rigid. A comparison of total regulatory costs across treatment and control inspections shows

that the average control inspection yields nearly twice the total costs to the plant as the average

treatment inspection.6 The cost of regulation for plants, including abatement costs and regula-

tory penalties, can—if that regulation is optimally set—be taken to represent the social cost that

the plants’ emissions impose on others. We conclude that, though under-resourced and certainly

not imposing the de jure standard, the regulator does a good job of targeting plants for violating

the more lenient, de facto standard it does enforce.

This study contributes to the literatures on environmental enforcement and the political econ-

omy of regulatory design. Past studies of regulatory inspections in the United States show that

inspections reduce pollution significantly (Hanna and Oliva, 2010; Magat and Viscusi, 1990), but

at the cost of lower manufacturing productivity (Greenstone et al., 2012). Studies of regulatory

efficacy in emerging economies are more mixed with, for example, Tanaka (2013) finding large

reductions in pollution from a control policy in China and Greenstone and Hanna (2013) finding

cuts in pollution from policies targeting air, but not water, pollution. We believe our paper is the

first to experimentally estimate the effects of inspection frequency as faced by polluting plants.

We show relatively limited benefits from more frequent inspections (compared to US estimates).

Our focus on regulation in a developing country is significant as the high pollution levels observed

in developing countries reduce productivity and life expectancy (Hanna and Oliva, 2011; Chen

et al., 2013).

With respect to the balance between rules and discretion in regulatory design, environmental

regulation is a classic setting for incentive regulation (Laffont and Tirole, 1993; Laffont, 1994;

Boyer and Laffont, 1999). However, the institutional structure of emerging economies suggest

that optimal regulatory policy in these economies may differ dramatically from settings with

complete markets (Laffont, 2005). Limited regulatory capacity and limited commitment are of-
6A prima facie indication that this is the case is that only about half of the inspections that are not prompted

by a plants request for a new license are “random”. Another half follows either a previous violation or a complaint.
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ten identified as important reasons for this(Estache and Wren-Lewis, 2009). In addition, the

regulator in these settings may have especially poor information on firm cost structure as firms

are numerous and monitoring spread thin. Papers in organizational economics, such as Aghion

and Tirole (1997) suggest that formal and real authority may optimally diverge in such settings

leading to substantial value for discretion. Here, access to rich regulatory data allows us to

understand how discretion is deployed. Our findings are consistent with the view that a rigid en-

vironmental penalty structure and limited regulatory capacity in a low-information environment

contributed to high returns to providing the regulator discretion.

More broadly, our findings resonate with an emerging literature on effective policy design

when state capacity is limited (Besley and Persson, 2010). For instance, consistent with this

paper’s findings Rasul and Rogger (2013) report significant gains from providing Nigerian bu-

reaucrats autonomy in decision-making.

The rest of the paper runs as follows. Section II describes environmental regulation in India,

the experimental design and data collection. Section III gives reduced-form results on the effects

of additional inspections on regulatory actions and plant pollution behavior. Section IV presents

a model, in a discrete, dynamic game, of the interactions between the regulator and polluting

plants and describes the estimation procedured. Section V presents the model estimates on the

costs of regulatory actions for treatment and control plants and uses these estimates to value

discretion in regulatory inspections. Section VI concludes.

II Context and Experimental Design and Data

Below we describe the Indian regulatory framework and then the experimental design. After

that we describe our data and conclude with randomisation balance checks.

A Regulation of Industrial Pollution in India

India is severely polluted despite stringent environmental regulations and multiple regulatory

agencies (Hanna and Greenstone, 2011). Most environmental standards are defined by India’s

Water Act (1974), Air Act (1981) and Environment Protection Act (1986) and their attendant

rules and amendments. The Water Act established State Pollution Control Boards (SPCBs)

to enforce its provisions. Regulations are command-and-control in nature: plants must meet
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maximum allowable concentration standards for pollution emissions in air and water, and SPCBs

can order them to install abatement equipment to meet these standards. States may make their

standards more strict than the national standards, but cannot relax them. The SPCBs conduct

basically all enforcement of environmental regulations. While enforcement practices are largely

common across Indian states, we describe the practices of our partner regulator the Gujarat

Pollution Control Board (GPCB).

Plant inspections are undertaken by engineer and scientist employees. These staff visit in-

dustrial plants, observe the state of the plant and its environmental management and typically

(but not always) collect pollution samples for laboratory analysis.The inspection findings are

summarized in an inspection report which enters the plant’s file and is reviewed by officials at

the regulator that supervise field staff. The laboratory analysis report, once completed, is added

to the same file.

There are several reasons why GPCB staff will inspect a plant. First, the law requires that

plants in sectors with the highest pollution potential (“red” category plants) be inspected for

compliance with standards every 90 days if they are large- or medium-scale and once in 365

days if they are small-scale.7 In administrative baseline data these make up 35% of inspections.

Second, inspections occur when plants apply for an environmental consent, a kind of license, to

operate a certain type of manufacturing at a certain scale, and for renewal of this consent every

five years. The SPCB inspects a plant to verify the terms of this consent on the ground; 30% of

GPCB inspections fall in this category. Third, the inspection may be to follow-up on a violation

found in a prior inspection, or to verify that the plant has taken a specific action as it claimed

(24% of inspections). The balance of 11% of inspections are in response to public complaints or

for other miscellaneous reasons.

With these competing priorities and relatively low staff strength, routine inspections to check

compliance with standards is below that mandated by law.8 Data from the years before the

experiment shows that inspection rates for red-category plants of small-, medium- and large-
7The GPCB classes plants based on their reported scale of capital investment, with small-scale being investment

less than INR 50m, medium INR 50m to 100m and large above 100m. The prescribed inspection rates are roughly
comparable to those applied to large plants, by air pollution potential, in the United States Hanna and Oliva
(2010).

8 Bhushan et al. (2009) note that the approved number of employees for many Boards has declined even as the
number of plants the Boards were to regulate doubled or trebled. Of those staff positions nominally approved,
many Boards left a quarter or more unfilled due to financial or bureaucratic difficulties in hiring.
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scale occur roughly half as frequent as prescribed (every 187, 224 and 534 days respectively).

A subset of these plants are also required to submit annual environmental audit reports to

the regulator. However, to date, significant conflict of interest has rendered these audits largely

ineffective Duflo et al. (2013) . In the current regime, inspections remain the key channel through

which the regulator obtains information on plant polluting behaviour that it deems reliable.

Though plants are inspected infrequently, those found in violation of pollution standards

can be harshly penalized. The regulator applies penalties including, most severely, mandating

that a plant install abatement equipment, mandating that a plant post a bond against future

performance and ordering that a plant’s water and electricity be disconnected, closing the plant

down.9 These utility disconnections can remain in force until the plant has demonstrated progress

towards meeting environmental standards, often, again, by installing abatement equipment. The

duration of closure depends on the offense but is typically several weeks.

B Experimental Design

Together with the Gujarat environmental regulator, we experimentally piloted a two-year

intervention to raise inspection frequency for a sample of polluting plants and measure its impact

on pollution outcomes and plant abatement behavior.

The sample was drawn as follows. First, we identified the population of “red” (high pollution

potential) category, small- and medium-sized plants in three regions of Gujarat, Ahmedabad,

Surat and Valsad. This category is of interest as it is large and polluting but hard to regu-

late. This gave us a sample of 3,455 plants.10. Next, we selected all 473 audit eligible plants

in Ahmedabad and Surat11 We then randomly selected 488 non-audit-eligible plants from the

remaining plants in the population, yielding a sample of 961 plants. Half of the sample plants

were randomly assigned to a treatment of more frequent inspections.

Inspection treatment assignment was randomized within region by audit-treatment-status

strata, where audit treatment status was either treatment, control or not-audit-eligible. The

inspection treatment ran from 2009 Q3 through 2011 Q212, and was thus concurrent (and cross-
9The regulator, in principle, can also take a violator to court for criminal sanction, but this seldom happens

because documenting violations to legal standards is burdensome and there are long delays in prosecution.
10This was roughly 15% of the more than 20,000 regulated plants in Gujarat
11Due to the requirements for audit eligibility, which were originally targeted at firms in Ahmedabad, few if

any firms in Valsad are audit-eligible.
12The precise dates varied slightly by region; all inspection rate figures in the analysis are pro rated to account
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randomised) with the audit reform treatment reported in Duflo et al. (2013). Those plants

assigned to the inspection treatment were guaranteed at least one inspection per year. After

that initial inspection and each subsequent assigned inspection, treatment plants were randomly

assigned on a roughly quarterly basis to be inspected again with probability 0.66, conditional on

strata. After four quarters this cycle started over. Thus the treatment assigned extra variation

in inspection frequency within the treatment group of plants, up to a maximum of roughly four

inspections per year. Assignment of treatment inspections was additional to any preexisting

inspections and did not preclude GPCB from adjusting its own inspection allocation in response.

Treatment inspections were conducted by newly created regional GPCB teams; each team

consisted of a environmental engineer and scientist (both recently retired).13 In other words, we

created additional staff strength to ensure that staff is not displaced from the control to enable

treatment. Treatment inspection teams were assigned which plants to inspect on a daily basis,

as they typically receive instructions on which plants to visit. Other than this assignment, these

teams were completely under GPCB management.

C Data Collection

The analysis uses two sources of data, an endline survey conducted for this experiment and

GPCB administrative records. The endline survey occurred roughly four months after the exper-

iment ended (between April and July 2011). It was conducted by independent agencies, mainly

the engineering departments of local universities, and collected pollution readings and data on

recent investments in pollution abatement equipment and other aspects of plant operations.

The second source of data consists of GPCB records of its own interactions with sample plants,

and is used below to examine the process of regulatory enforcement. Regulation, in practice, does

not move directly from observation to penalty but is mediated by a formal, sometimes lengthy

dialogue between the regulator and regulated plants. The GPCB records consist of internal

regulatory documents, letters and actions sent to plants and the written responses of plants

to these actions. Appendix A describes these documents and how we constructed the related

datasets; below we briefly summarize their content.

for the actual length of the treatment period.
13GPCB observes a mandatory retirement age so many retired staff are willing to work. GPCB identified

recently retired but interested staff in each region who were then re-hired for the two years of the experiment.
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On the regulatory side, the main documents are internal inspection reports, warnings and

orders to plants. We group these documents into categories based on their purpose, which presage

the discrete actions in our model of regulation. Inspection reports describe GPCB’s findings on

visiting a plant and accompanying analysis reports record pollution readings for any samples

collected in a visit. Warnings, which may take several degrees of severity, urge the plant to clean

up, cite it for pollution violations or threaten that the plant will be closed if it does not take

some action to improve. Punishments consist of orders that the plant be closed down, possibly

including a letter directly to the utility ordering that water or electricity be disconnected.

On the plant side, the main documents are the plant’s responses to the regulator’s warnings

and actions, which we group into three categories. After minor warnings, the plant will often

Ignore the regulator, which we impute as an action when the plant has no response on file. After

greater warnings or punishments, the plant will instead Protest the threat, most often by sending

a letter with an explanation for why a citation for violation was not justified. For example, a

plant where GPCB found high air pollution readings claimed in correspondence: “At the time of

visit our chilling plant accidentally failed to proper working, so [the] chilling system of scrubber

was not effective by [i.e., using] simple water. Same time batch was under reaction and we were

unable to stop our reaction at that time. Now it is working properly.” That is, a piece of air

pollution control equipment failed, causing pollution to be higher than normal during the visit.

These types of explanations are common when plants are found well out of compliance. Finally,

with respect to documents from the plant, a plant that chooses to comply with a regulatory order

will document that by indicating that some piece of equipment has been installed, typically with

a certification or invoice from a vendor that did the work.

We group the GPCB and plant documents into chains of related actions, where each action

in a chain references or logically follows the prior action. There are a total of 9,591 actions,

including imputations for ignore, which are grouped into 6,505 chains of related actions. Of

the 3,998 actions in non-singleton chains, 88% are linked based on the dating of the document

relative to other documents concerning the same plant, and 12% (22% of non-imputed actions)

are linked by an explicit reference to another document, for example when the regulator cites a

prior inspection in taking action against a plant.
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D Status Quo Regulation and Experimental Integrity

Table 1 presents summary statistics for plants in the sample by treatment status. Columns

(1) and (2) report the treatment and control means and column (3) provides a randomization

balance check by reporting the coefficient on the treatment dummy from a regression that controls

for plant region.Panel A describes plant characteristics and Panel B recent interactions of each

plant with the regulator; in all cases using administrative data from before the experiment.

Across both panels we observe no statistically significant differences between treatment and

control groups. Forty five percent of sample plants are in the textiles sector and about 15% in

Dyes and Intermediates, a type of chemical plant (panel A). The average plant generates nearly

200,000 liters of waste effluent per day and about half of sample plants have air emissions from

each of flue gas (i.e., process emissions) and a boiler.

Panel B shows that the regulator cites plants for violating pollution standards often and

follows through on those citations with costly penalties. The average plant was inspected about

1.3 times per year from January 2009 to the start of the experiment (July) in both the treatment

and control groups. Despite this infrequent contact with the regulator, many plants (15%) were

cited for violations. Moreover, regulatory action did not stop there; 20% of plants were mandated

to install abatement equipment and 6% had their utilities disconnected.

Figure 1, Panel A shows the very right-skewed distribution of the annual rate of inspection,

rounded to the nearest inspection, in the control group over the roughly two-year course of the

experiment by treatment status. A large number of plants have fewer than 2 inspections per year,

with 35% of plants not inspected at all. Then, above about four inspections, the distribution

declines sharply, though some plants are visited nine times a year.

Why are some plants visited so often and others not at all? Table 2 gives summary statistics

on the structure of the chained interactions between the regulator and the plant. Columns (1)

through (7) give the frequency of actions of the regulator or plant in that round, from regulatory

records, and column (8) gives the total number of observations in that round. All chains begin

with a regulatory inspection. The players then alternate moves in a chain until the regulator

decides to Accept the plant’s compliance for the time being, which terminates the chain.

As the rapidly descending numbers of observations in column (8) show, the regulator accepts

many plants’ compliance at an early stage; 86% of interactions consist of a single inspection.
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There are still over four hundred chains that continue beyond one round, however, and a handful

that go on for as long as eight or ten rounds as the regulator revisits violating plants and enforces

actions against them. If the regulator does not immediately accept the state of the plant, it is

initially more likely to issue a warning at the beginning, in particular in round three, where

39% of actions are warnings, but warnings decline thereafter in favor of punishment or, mainly,

acceptance. Acceptance appears to be an equilibrium response to plants’ changing actions in

later rounds; plants are unlikely to comply at first (77.8% of firms who are not immediately

given a clean bill of health ignore the regulator) but grow monotonically more likely to comply

over each of the rounds in which they move, with the share of compliance in actions growing from

8.1% to 11.2%, 15.8% and then 38.1% by round nine. The shares of compliance and punishments,

of course, are endogenous outcomes for plants that have generally chosen not to comply up to

a given round. We would expect these plants to have higher abatement costs than those that

comply at an early stage.

Thus the picture of status quo regulation that emerges is infrequent contact for most plants,

but potentially costly regulatory action for a significant minority. The distribution of inspections

and regulatory action is right-skewed since the regulator apparently pursues these plants through

a lengthy, discretionary process. Regulation is not a one-shot deal; it is a complex, dynamic

interaction between the regulator and polluting plants.

III Results: Experimental Estimates

The results are divided into two sections. In this section, we use experimental variation

in inspection frequency to provide reduced-form results on how inspection frequency affects

regulatory actions and compliance; we then formally model the regulatory process and present

further results, using model estimates, on treatment channels and the value of regulatory actions.

A Regulatory Action

Table ??, Panel A shows the rates of inspection in the treatment and control groups. Control

plants were inspected an average of 1.40 times per year over the course of the experiment.

Treatment plants were assigned to be inspected 2.12 more times per year and actually inspected

an additional 1.84 times per year, more than doubling the rate of inspection, to 3.24 times per
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year. Each assigned inspection yields 0.9 more actual inspections implying no significant net

substitution of GPCB’s own inspections away from treatment.14

Figure 1, Panel B shows the distribution of inspections in the treatment. The lower half of

the treatment distribution is shifted to the right; the mass bunched against zero in the control is

instead in the range from 2-3 inspections per year. Only 9% of plants are not inspected in a given

year in the treatment. The treatment shifts mass up the distribution but the skinny right tails

of the two distributions look similar. Plants with this high rate of inspection are typically severe

violators and, regardless of the treatment, are in nearly constant contact with the regulator,

which inspects them repeatedly to gather additional evidence, to check whether they have taken

any action, or to verify that a punishment has been imposed.

The treatment-induced increase in inspections led to more detected pollution violations and

regulatory citations against plants, but no more of the really costly regulatory penalties. Table ??

shows the number of regulatory actions against sample plants by treatment status. Moving down

the table, the regulatory actions are ordered by increasing severity, from pollution readings,

citations and warnings through to actions like utility disconnections that have a direct cost to

plants. Treatment plants are a significant 0.21 more likely to have a pollution reading collected

over the nearly two-year treatment, on a meager 0.38 base in the control. These readings lead

directly to more treatment plants being found in violation of a standard (0.22) and a greater

number of citations (0.20) for these violations in the treatment. Given treatment duration, this

means about one in 10 treatment plants receives an additional annual citation. At this point

in the table, moving down to more severe regulatory actions, the differences between treatment

and control plants begin to taper off. More citations lead to a statistically significant increase of

0.08 closure warnings, wherein the regulator formally threatens a plant with closure unless some

action is taken. However, closure directions are a positive but insignificant 0.041 (standard error

0.033) higher in treatment. Other costly actions, such as the mandated installation of equipment

or disconnection of utilities, are higher in the treatment but by very small and statistically

insignificant amounts.
14This is not a mechanical implication of the experimental design since inspection teams may have induced

crowd in and/or crowd out of regular GPCB actions. We observe both modest crowd-out, as GPCB shifted its
routine inspections away from the treatment group, and crowd-in, as treatment inspections led to GPCB revisits
to treatment plants. In net, these effects nearly offset one another (results available upon request).
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B Pollution and Compliance

Regulatory action might taper off because the regulator lacks enforcement will or because the

observed increase in citations and warnings was enough to induce compliance, so that more costly

actions were not needed. To distinguish these cases we next examine the effect of inspections

on plant pollution emissions. Table 4 shows regressions for pollution levels (column 1) and

compliance (column 2) on treatment assignments for the inspection treatment, audit treatment

and their interaction. Pollution is measured in standard deviations for each pollutant at the

plant-by-pollutant level and standard errors are clustered at the plant level. All specifications

also include dummies for a plant being audit-eligible and region fixed effects.

In the main specifications in Panel A, the treatment is estimated to have reduced plant

pollution concentrations (column 1) by a meaningful but statistically insignificant amount, with

a coefficient of -0.110 standard deviations (standard error 0.084 standard deviations, p-value

0.19 ). This effect is about half the size of the statistically significant -0.187 standard deviation

reduction in pollution due to the audit treatment.15 The audit-inspection interaction is large and

positive, offsetting the reductions in pollution from the main effects of audits and inspections.

One cannot reject that the subset of plants receiving both audits and inspections polluted no less

than audit-eligible control plants.A partial explanation for a positive interaction between these

treatments is that the threat of the regulator receiving more, better information on pollution can

only work once—if a plant is being audited and those reports used, additional inspections may

tell the regulator nothing.

Column 2 of Panel A tests for the effects of the interventions on compliance, a dummy for

each pollutant reading being below the pollutant-specific standard. Despite modest effects on

pollution, the inspection treatment is estimated to have increased compliance with pollution

standards: treatment plants are 3.6 percentage points (standard error 2.1 percentage points, p-

value 0.087) more likely to comply, on a base of 61% compliant pollution readings in the control.

The audit treatment had a positive but smaller and insignificant effect on compliance.

Compliance may increase without a large reduction in average pollution if plants near the

standard were the most likely to respond to the treatment. Figure 2 tests this proposition

by plotting the coefficients on inspection treatment from regressions of dummies for a pollutant
15The audit treatment effect on pollution reported in Duflo et al. (2013) was estimated in the inspection control

group only and slightly larger.
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reading being in a given bin, relative to the regulatory standard, on treatment assignments (as in

Table 4, column 2 but with finer bins than just a single dummy for compliance). The inspection

treatment reduces pollution readings just above the standard (+0 to 0.2 standard deviations)

more than in any other bin, though still insignificantly, and significantly increases the number

of readings just below the standard (-0 to 0.2). Note that these pollution readings, from the

endline survey, are not used for regulation and were collected independently by teams without

knowledge of treatment status. Thus it appears that marginal plants know their status and are

able to cut pollution below the standard in response to regulatory scrutiny.

Table 4, Panel B shows further evidence that the treatment increase in compliance is due

to modest reductions in pollution from plants at the margin of compliance. This panel shows

the coefficient on inspection treatment broken out by whether a plant had abatement equipment

installed before the experiment or not. We expect that such plants are more able to narrowly

comply at the margin by fine-tuning their pollution levels. The significant increase in compliance

is due, as shown in column 2, to a positive and significant treatment effect only among plants

with pollution control equipment installed. There is no significant effect on compliance amongst

plants without any equipment, suggesting that the treatment does not induce compliance for

those plants further from the margin.

The results in this section raise some tension with respect to the regulatory status quo.

Plants that were inspected due to the treatment had higher rates of citations and warnings but

were not subject to significantly more costly regulatory actions—though in the status quo, many

plants are being punished, ordered to install equipment or shut down. Treatment plants reduced

pollution, in the face of a more than doubling of inspection rates, by a moderate and statistically

insignificant amount, which led to a significant but small increase in compliance. The next section

lays out a model to help reconcile the regulator’s demonstrated ability to enforce regulation with

these results that the treatment had significant but ultimately modest effects.

IV A Dynamic Model of Plant and Regulator Behavior

We propose and estimate a dynamic discrete choice structural model which captures a multi-

stage game between the regulator and plant with one-sided imperfect information. We use the

game structure to estimate payoff parameters for the cost of regulatory action to plants. Plants
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trade-off complying at an abatement cost today with a lower immediate cost action that may

incur future regulatory sanctions.

A Actions and Payoffs in a Round

We let j index a plant, R refer to the regulator, and i index either agent. Each game round is

indexed by t = 1, 2, . . . and the regulator and plant typically alternate moves. The game begins

when the regulator chooses to inspect plant j in round t and observe the maximum pollution

reading of pjt. (If no inspection in round t itself, then pjt is recalled as the pollution reading in

the most recent inspection.) Each plant j has a type κj , not observed by the regulator R, that

represents its idiosyncratic cost of reducing pollution, which we assume is normally distributed.

Post inspection the regulator has a choice of four actions aRt in any round t: Inspect, Warn,

Punish or Accept. Figure 3 shows these actions and their payoffs within a round. Payoffs from

a round where the regulator moves are, for the regulator and plant, respectively:

πR(aRt|st) = −I · 1{aRt = Inspect}+W · 1{aRt =Warn}1{pjt > p} −M · 1{aRt = Punish},

πj(aRt|st) = −h(pjt) · 1{aRt = Punish}.

To Inspect is to revisit the plant and gather another pollution reading at cost I to regulator.

To Warn is to caution the plant that it is at risk of some regulatory action. This gives the

regulator a payoff W ·1{pjt > p} as it is obliged to warn plants above the standard to follow the

letter of environmental law.. Both Inspect and Warn cost the plant nothing. The regulator can

Punish polluting plants and costs the regulator M . This cost may be both direct, in carrying

out the punishment, or indirect, based on regulator concerns of industrial or political objections.

Punish, which could include temporarily closing the plant down, costs the plant h(pjt), with

higher pollution leading to more costly penalties. Lastly the regulator may Accept that the firm

is compliant and end the game.

The plant’s objective is to avoid both regulatory penalties and costs of pollution abatement.

The plant moves only after regulator warns or punishes it. Total payoffs from a round where the
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plant moves are, for the regulator and plant, respectively:

πR(ajt|st) = r(pjt) · 1{ajt = Comply},

πj(ajt|st) = −c(γj , κj) · 1{ajt = Comply}.

The plant may Ignore the punishment or warning, sending no response to the regulator, or it may

Protest, giving some reason why pjt was high. These actions are fundamentally identical: both

give the regulator another move, and neither costs the plant or the regulator anything. However,

the two actions send the regulator different signals. The plant may also Comply by installing

some abatement equipment at a cost c(γj , κj) to the plant, where γj are plant characteristics.16 A

plant choosing Comply yields a payoff r(pjt) to the regulator, and this payoff is likely increasing

in the pollution signal and may represent a social benefit from reducing pollution or a private

benefit to the regulator.

B State Transition and Value Functions

An action today gives immediate payoffs in the round and may affect future actions and

payoffs. For example, a high reading pjt when the regulator moves may imply a high likelihood

of future penalty and may make the plant to be more likely to comply today. Such effects are

channeled through the state of the game, a vector st containing information on the history of

actions and pollution readings.

The state transition matrix f(st+1|st, ait) summarises the effect of actions on the future –

it gives the probability of transitioning to state st+1 conditional on the present state and own

action. The state has a deterministic portion, in that players know how their actions will be

recorded in the future state. When the regulator moves, the state may also have a stochastic

portion, as it is uncertain how the observed pollution level will change if the regulator inspects

the plant. The transition matrix is known to each player through observing play in equilibrium.

Letting V (st) represent a player’s value of state st, and v(ait|st) the choice specific utility of
16Because abatement capital is observable it is used to demonstrate compliance even when an initial pollutant

violation could be remedied by operational changes.
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taking action ait, the total value of the plant’s actions when the plant is moving are given by:

vj(ajt|st) = πj(ajt|st) + β
∑
st+1

f(st+1|ajt, st)
∑
aR,t+1

Pr(aR,t+1|st+1)× (1)πj(aR,t+1|st+1) + β
∑
st+2

f(st+2|aR,t+1, st+1)V (st+2)

 (2)

The plant discounts the value of future rounds by β. The transition f(st+2|st+1), from the plant’s

point of view, contains both the regulator’s action and any other change in the state before the

plant moves again. For each player the value of a given state equals the value of taking the action

with the highest payoff:

Vj(st) = max
a∈AP

vj(ajt|st). (3)

The plant takes into account the payoffs from its move today and the value of future states that

are likely to follow from that move.

As a repeated game with scope for costless signaling, this model has many possible equilib-

ria.17 We will follow the dynamic games literature in not specifying what equilibria are played,

but rather making several assumptions about equilibrium play that allow us to estimate the

model parameters (Aguirregabiria and Mira, 2010; Pakes et al., 2007). Specifically, we assume

that all plants and the regulator play the same equilibrium in all interactions, that they have

correct beliefs about their opponents’ actions along the equilibrium path, and that players choose

strategies to maximize their expected payoffs subject to their beliefs.

C Estimation

The goal is to understand how the regulator and plants decide to act and how regulatory

discretion affects the value of regulation. Plants face two types of costs: the direct costs of

pollution abatement and the costs of being penalized for non-compliance. We first estimate

plant abatement costs and then use these costs to infer the cost of regulatory penalties. The

parameters of the dynamic game are estimated by maximizing the likelihood of observing the
17 A fully specified equilibrium includes not only complete contingent strategies for the players but also the

beliefs of the regulator as to the distribution of idiosyncratic compliance costs among plants surviving after each
history of actions.
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actions seen in the data. As the actions at each round depend on the value of future states,

building this likelihood involves several steps for each player. First, we estimate the transitions

between states and the conditional choice probability of one’s opponent taking each possible

action given the state. Second, for each set of parameters, we calculate the expected payoff of

each action by backward induction (Keniston, 2011). Third, we use the values of each actions

and a logit specification of utility shocks to calculate the probabilities of each sequence of actions

having been taken and form a likelihood from these probabilities.

1 . States and State Transitions

A party’s strategy depends only on its state vector. We specify the common state of the

game as comprised of the pollution reading, the last two actions of the players and the game

round:

st = {pjt, aj−, aR−,1{t > 2},1{t > 4},1{t > 6}} .

where the subscripts in ai− reference the prior action of each player. If the regulator is to move

at turn t, then aR− will be the regulator’s prior action at t− 2; if the plant is to move at t then

aR− will have been taken at t − 1.18 We specify the round as entering with several dummies

rather than continuously to allow flexible responses to the selection of plants that may occur

across rounds.

The plant, in addition to this common state, knows its idiosyncratic cost of abating pollution

κj . The state for the plant is thus sjt = st ∪ {κj}. We assume that plant abatement cost has an

observable and an unobservable component

ln c(κi, γi) = γ′iθc + κi (4)

where γi is a vector of observable plant characteristics, θc is a coefficient vector for the effects of

those characteristics on abatement costs, and κi is a cost shock. The parameters γi are estimated

from a linear regression of log abatement cost investments, from our endline survey, on a vector

of plant characteristics θc.19

18In principle the whole history of player actions could enter the state. We investigated more complex states
but found that further lags of actions did not help predict player’s actions beyond the simple state as specified
above.

19This vector includes a constant, indicators for plant size, whether a plant uses coal or lignite as a fuel and
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We assume the cost shock κi is distributed normally conditional on γi, i.e. κi|γi ∼ N (0, σ2κ).

We estimate the standard deviation of this distribution from the residuals of the regression

(4). The distribution of idiosyncratic abatement costs observed in the endline survey may be

truncated. If the regulator does not force especially high-cost firms to abate, then we will not

observe what their abatement expenditures would have been had they invested. We, therefore,

take the mode of the observed distribution as the mean of the true distribution of idiosyncratic

costs and estimate the standard deviation of the true distribution from observations to the left

of the mode (See Appendix B, Figure 5).

We use simple count estimators for the probabilities of state transitions both when the reg-

ulator moves and when the plant moves. The action and time part of the state transition

is deterministic and known but the regulator’s measurement of a pollution reading during an

inspection is potentially stochastic. The state transition probability after the plant moves is

estimated as

f̂P (s
′|st, ajt) =

∑
j,c,t 1{st+1 = s′|st, ajt}∑

j,c,t 1{st, ajt}
.

This estimator is consistent but may be biased for low-probability events in small samples.

Nonetheless, we find the count estimator preferable to smooth alternatives, such as an ordered

logit model, because it is simple and because some state transition patterns appear irregular in

ways that would contradict common model assumptions.20

2 . Conditional Action Probabilities

The heart of the model consists of the decisions the players make, given the observed state.

We use a multinomial logit model to estimate the conditional action probabilities. In the logit

model:

Pr(ait = a|sit) =
exp (θaq(sit))∑
a′ exp (θa′q(sit))

Where θa is a vector of coefficients for each action and q(sit) is a vector of state values. In

particular, we specify q(sit) to include dummies for the possible most recent actions, categorical

bins for the observed pollution level pjt, and dummies for the stage of the game.

whether a plant has more than 100,000 liters a day of wastewater. These last two variables are respectively
associated with higher air pollution emissions and greater regulatory stringency for water pollution.

20For example, the pollution state transitions from the highest level into compliance more often than into the
next-highest level.
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3 . Calculating Expected Payoffs

We estimate two sets of parameters. First, we estimate θc, σκ, θa for all actions a ∈ AR ∪AP

and the state transition probabilities. Second, we use these pieces of the model to estimate the

plants’ payoffs from the dynamic game.

The plant’s payoffs depend on abatement costs and the penalties associated with various

levels of pollution. We parameterize the pollution penalty function as :

h(p) = τ0 + τ11{2p ≤ p < 5p}+ τ21{5p ≤ p},

where p is the legally mandated pollution threshold.

This functional form allows for the fact that the regulator may focus on very high pollution

readings. The complete vector of plant cost- and payoff- parameters is then θuP = {θc, κj , τ},

where κj is drawn from the above distribution.

The penalty-cost vector τ is estimated using the dynamic game. The dynamic estimation

finds parameters that maximize the likelihood of the sequences of actions in the data being

taken. For each iteration of the maximization routine, model parameters and the draw κi for

idiosyncratic costs are taken as fixed. The main difficulty in estimation is to calculate the values

of different actions for the players given these parameters. For the empirical specification, we

specify shocks to the utility of each action. The action-specific value of ait then becomes

vi(ait, st) = πi(ait, st) + ei(ait, st).

We assume these shocks ei are distributed identically and independently across actions with a

type-I extreme value distribution.21

We calculate action-specific values for the plant using backwards induction. We assume the

game is finite and that the regulator will always accept in the last period observed in the data, so

the final round of the game is T = 15.22 In the finite game, we infer action-specific values using

the state transitions and choice probabilities, starting at the final round. When t = T , then
21 This assumption, while not needed for identification, is very common in the literature on dynamic structural

estimation because it leads to closed-form solutions for action probabilities (Rust, 1987).
22 This assumption seems appropriate given that so few chains approach this length in the data, and most

plants comply after a single punishment, though of course it is possible that off the equilibrium path the regulator
may have chosen to punish some plants repeatedly.
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vj(aRt|st) = 0. At t = T − 1, the plant’s value equals its one-period profit plus an action-specific

shock, vj(ajt|st) = πj(ajt|st) + ej(ajt, st). The regulator always moves as estimated in the data.

At moves t = T − 3 and all earlier moves of the plant, the plants action-specific value is found

with the empirical analogue to equation (1), where the plant’s profit in a given round depends on

the parameters θuP . The value of the state itself is found using equation (3) and the assumption

of extreme value type-I errors. This error specification implies logit choice probabilities for each

action, given the value of that action. It also implies the expected value of the action-specific

shock, conditional on a′jt being optimal, is ejt(a′jt, sit) = γ − lnP (a′jt|s, θ). The values of future

states thus include values of these action-specific shocks.

With the above specification of shocks and backward induction procedure, we have solved

for the values of each state for the plant, conditional on a given set of parameters. Estimation

involves selecting parameters to maximize the probability of the choices observed in the data.

The likelihood for the plant is

Lj(θj) =
∏
n

∑
d

ω(θjd)

t=Tjn∏
t=1

Pr(ajnt|sjnt, θjd).

Where ω are weights representing the distribution of κ. We integrate over this likelihood using

Gauss-Hermite quadrature. We keep the distribution of weights fixed according to our prelimi-

nary estimation of σκ, the standard deviation of idiosyncratic cost shocks.

V Results: The Value of Discretion in Environmental Regulation

The structural estimation proceeds in several parts. We first present the estimates for the

action choice probabilities conditional on the state of the game. Then, we describe the estimates

of the plant payoff parameters. Last, apply these estimates to estimate the costs of regulatory

compliance and non-compliance and thereby rationalize plants’ response to the experimental

treatment.

A Conditional Action Probabilities

Table 5 presents multinomial logit estimates of the conditional action probabilities for both

the regulator and plants. The first three columns of the table give the estimated coefficients
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for the regulator’s actions, at its turns to move, and then next two columns the coefficients for

the plant’s actions. We omit the costless actions Accept from the regulator’s actions and Ignore

from the plant’s, so coefficients are relative to those actions. Each row represents the effect of a

different component of the state on the column action choices of the players.

Consider the estimates for the regulator first. If the regulator chose Punish at its prior

turn, it is less likely to Punish again (column 3) or to Warn (column 2), and more likely to

Inspect (column 1). This agrees with our understanding that the regulator revisits plants it has

punished to collect more data on their emissions and whether they have come into compliance.

If the regulator chose Warn, it is less likely to Warn or Punish, relative to the omitted action of

Accept. Note that, in column 2, the regulator is more likely to have warned plants with pollution

somewhat above the standard (1-2x) or significantly above the standard (2-5x), but that plants

with the highest readings (>5x), the regulator is more likely to Punish. Thus the regulator

appears to Warn mild offenders but ultimately to Accept whatever response they offer and either

Inspect to confirm their compliance or Accept and end the game.

The plant’s past actions also change the regulator’s choices. If the plant complied in the last

round, the regulator is less likely to Inspect, Warn or Punish, relative to Accept. If the plant

protested, the regulator is also less likely to Punish. The regulator is also not less likely to Inspect

than to Accept after the plant has protested, unlike after when the plant has complied. Protest

sometimes leading to further inspection is consistent with an equilibrium where the plant protests

if it believes that further inspections will find it to be cleaner or less culpable. This cheap-talk

signal can remain useful because plants that do not expect inspections to help their case will not

dilute it by always protesting.

Lastly on the regulator’s side note the coefficients on pollution and time dummies. As seen by

the coefficients on t > 2, the regulator is sharply more likely to Punish or Warn in rounds after

the first, consistent with the first round of inspections weeding out a large group of relatively

non-polluting plants. The regulator is also much more likely to continue the game (play Inspect,

Warn or Punish) when plants violate pollution standards (rows 1 − 2x and above) , and to

punish plants with pollution greater than two or especially five times the regulatory limit. The

coefficients on pollution readings are monotonically increasing. The marginal effect of having

pollution above five times the limit, calculated at a common state and relative to the effect
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of pollution not being observed, is to increase the probability of punishment by 3.6 percentage

points on a base of X.X percentage points.

Now consider the estimates for the choice probabilities of plants. Plants, in general, appears

to respond to the regulator’s actions but not its own lagged actions; the coefficients on the plant’s

lagged actions are uniformly not significant and fairly imprecisely estimated. Plants may try to

Protest, but if that protest fails they do not commit to protest again. Plants do respond strongly

to regulatory actions. If the regulator last warned, the plant is more likely to protest (column 4)

and significantly less likely to comply (column 5). Plants know, in equilibrium, that warnings

make future punishment less likely. The greatest predictor of plant compliance is a high pollution

reading. Plants tendency to comply is monotonically increasing in the pollution component of

the state and plants are significantly more likely to comply if and only if pollution is above five

times the legal standard.

Overall, the estimated action probabilities are sensible. The regulator and the plant respond

to past actions and pollution readings in a manner consistent with our equilibrium model of

their dynamic interactions. The regulator pursues plants with pollution violations and penalizes

plants for extremely high pollution readings, and plants respond by complying when they are

detected with such a violation.

B Estimates of Cost and Penalty Parameters

The first set of plant payoff parameters concerns abatement costs. Given that equipment

installation is used to demonstrate compliance and is an important predictor of the ability to

adjust pollution, we take a narrow definition of abatement costs as abatement capital expendi-

tures. Table 6 presents estimates of equation 4 for sample plants that invested in abatement

equipment over the course of the experiment.23 Column (1) shows that medium-sized plants,

which are bigger than the omitted category of small plants, spend 0.89 log points more on the

installation of a piece of abatement equipment, which is highly significant. Column (2) shows

that textile plants, which also tend to be larger and have greater air and water emissions, have

costs 0.97 log points higher, again highly significant. Column (3) omits the indicator for textiles

but includes indicators for using coal as a fuel and for having a high volume of wastewater, which
23The mean value of an equipment investment, not shown in the table, is INR 852,000.
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are associated with abatement costs 0.77 and 0.47 log points higher. Column (4) shows that,

after these indicators are included, being a textile plant is no longer a significant predictor of

cost and adds little predictive power; this result makes sense given that textile plants only have

high abatement costs because they have a high capacity to pollute. Observing this, we use the

parsimonious model in column (3) as our specification for predicting plant abatement costs.

There may be selection in the distribution of observed abatement investments, as we observe

costs only for those plants that made abatement investments to report in the survey. We observe

717 abatement investments from 398 [TK] distinct plants in a sample of 961 plants. We address

truncation by assuming that no truncation occurs below the mode of the distribution and then

fitting a normal distribution to this half, to recover the underlying distribution of abatement cost

errors.24 In the dynamic estimation we will then use both the cost model based on plant observ-

ables and this distribution of unobservable costs to produce alternative estimates of regulatory

costs.

Using this information about costs we estimate the regulatory penalty function h(p) that

enters the plants’ payoffs. Table 7 presents estimates for the regulatory penalty function and the

standard deviation of the unobserved action shock in the plant’s action choice. The three columns

of the table give the penalty parameters estimated when assuming that all plants have the mean

abatement cost (column 1), using the cost model based on observed characteristics (column 2)

and both using the cost model and integrating over the distribution of unobserved cost shocks

(column 3), as shown by the dashed line in Figure 5. Units of all parameters are thousands of

Indian rupees. In column 1, we find that a regulatory penalty imposed when observed pollution

is less than twice the standard costs INR 629,330, or about USD 13,000. Penalties grow modestly

if pollution is above twice the standard but steeply above five times the standard. For pollution

above five times the standard, the penalty is τ2 or INR 3,063,000, or USD 60,000.

In column (2) we allow plants to have different observed costs. The penalties in this model

are more balanced as pollution increases, about INR 2,200,000 for the second-highest pollution

category and INR 2,400,000 for the highest. This suggests that some plants which chose not
24Section B Figure ?? plots the residuals from the specification in column (3) of Table 6. The distribution is

skewed slighly left, consistent with truncation on the right. The solid line in the figure gives the shape of a normal
distribution fit to the truncated data. To recover the untruncated distribution of costs, we assume that the true
underlying distribution is normal and that no truncation occurs below the mode. We then use the mass below
the mode to infer parameters the full distribution of unobserved cost shocks, shown by the dashed line.
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to comply when faced with an observed pollution level twice the standard, which the model

in column (1) attributes only to the penalty being low, actually do not comply because they

have relatively high costs. Finally column (3) allows for unobserved, log-normally distributed

random cost shocks. These estimates are similar to those in column (2), but start out lower–

the penalty for a violation with low pollution is a modest INR 573,000. Because of uncertainty

about the distribution of unobserved cost, we have a slight preference for the estimates in column

(2). These estimates suggest that, though we noted above that the regulator punishes less for

moderate levels of pollution, the penalties applied conditional on punishment are still substantial.

Does the scale of these estimates accord with economic intuition? Most basically, from the

information on which the model is estimated, these penalties are relatively seldom applied and

the top penalty bin τ2 is 3.3 times the mean value of abatement cost. This ratio of penalties to

costs seems reasonable given that penalties must exceed costs to induce abatement. Bringing in

data from our endline survey, the mean sales of a firm in our sample are INR 144,575,000 per

year, or 28,915,000 in profit at a 20% margin.The modal penalty applied by GPCB for severe

pollution is to close a plant down by ordering its utilities disconnected. These disconnections

vary in length, but typically last about 1-2 weeks, implying a upper bound on profit loss–if no

production can be shifted to other periods–of INR 1,112,000. Our estimate of the average penalty

applied, taking into account the pollution state at the time of the punishment, is INR 990,000,

and thus very close to this upper bound derived from plant revenue.

C The Value of Regulatory Inspections in the Treatment and Control

Using the estimates above we can quantify the (negative) value of environmental regulation

to polluting plants and rationalize abatement decisions. The experimental design increased

inspections of sample plants but only plants with abatement equipment installed installed, and

those plants modestly. By our estimates, summing up the values of abatement and penalties

when a plant is initially inspected, the unconditional mean value of a fresh inspection for a

plant is INR -12,000, or USD -240. This value is dramatically lower than the value of penalties

and of abatement costs (which average INR 852,000, recall), which is not surprising given the

probabilities of being penalized or forced to comply are so low. For the bulk of firms, being

inspected is unlikely to induce any additional abatement.
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States later in the game when the regulator is more likely to act have sharply lower valuations.

Figure 4 plots the values of different states at t = 2. Values are negative because the only possible

non-zero payoffs for the plant are abatement costs and regulatory penalties. The horizontal axis

gives the value of the maximum lagged pollutant reading observed in t = 1 during the regulator’s

inspection. The three lines in the figure show the value, by pollutant reading, conditional on the

regulator having played Warn (blue dotted line), only Inspect (black solid line), or Punish (red

dashed line) in t = 1.

For all regulatory actions, the plant values are lower if pollution was observed to be high.

This decrease is especially dramatic if the regulator chose to punish the plant already, after

which the value of the highest lagged pollution bin is INR -2,000,000, equivalent nearly to being

punished again with certainty. Note, by contrast, that if the regulator merely warned the plant

after the first round, the values of even very high pollution bins are modest, because the regulator

is less likely to punish a plant after a warning. These estimates thus reconcile the fact that the

experiment generated additional minor violations, or warnings, but induced abatement only near

the regulatory standard—warning carries little weight.

The estimates of regulatory and abatement costs for plants can be used to value regulatory

inspections, on the assumption that the regulator is setting the total cost of regulation for plants

equal to the social benefits of their reducing pollution. This assumption is rather bold but is a

natural revealed-preference based measure of environmental damages based on the behavior of

the regulator and plants. Moreover, the part of costs due to regulatory penalties is especially

important in this setting of severe, criminal penalties, because these penalties are largely or purely

deadweight loss. The main penalty being applied is plant closure that creates a deadweight loss

by idling plant capital and lowering profits. Given that violations of de jure pollution standards

are widespread and the regulator exercises considerable discretion in whether to pursue violations,

we think these estimates are preferable to valuing regulation based on compliance alone.

Table 8 presents estimates for the costs of regulation to treatment plants, our proxy for the

value of regulation, in the treatment and control groups. Total costs include the regulatory

penalty cost and abatement costs estimate from the dynamic model of Table 7 and cost model

of Table 6, respectively. These costs are summed up across all plants and divided by the sum of

regulatory inspections to present costs per inspection for the treatment (column 1) and control
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(column 2), respectively; column 3 shows the difference between the ratios and t-tests against

the null that these differences are zero. Beneath each cost component we show the number of

actions (penalties or installations) per inspection in the same group. The total value of regulation

in control plants is INR 137 thousand per inspection, double the value of INR 68 thousand for

treatment plants. Both cost components are higher per inspection in the control—plants are

penalized more often, at a value of about INR 20 thousand per inspection, and install equipment

more often as well, at a value of INR 49 thousand per inspection. These higher inspection

yields indicate that inspections of control plants, at the discretion of the regulator, are twice as

cost-effective as inspections in the treatment that were far more likely to be randomly assigned.

In principle, returns on control inspections may be higher because a higher proportion of

inspections are non-random and targeted based on regulatory history or other information, or

because of diminishing marginal returns to additional inspections in the treatment.25 These

are not altogether exclusive, because as shown in the discussion of the status quo, some plants

are targeted and visited often, which may lead to diminishing returns to inspections for those

plants. One observation in favor of a targeting view is that the ratio of abatement to penalty

costs is higher in the control. As noted, abatement costs are potentially useful while penalty

costs are deadweight loss due to plant closure. Both are higher in the control, but the abatement

costs are 2.5 times higher whereas the penalty costs are only 1.6 times higher. Thus the costly

penalties required to induce each unit of abatement investment in the control are lower than in

the treatment, where the deadweight penalty cost of inducing abatement is as great as the cost

of abatement itself.

25We attempted to estimate the shape of returns to inspections using random variation in the number of
inspections assigned to different plants in the treatment, but found these estimates extremely imprecise.
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VI Conclusion

This paper reports the results of an experiment to increase the frequency of inspection of

polluting plants in collaboration with the environmental regulator in Gujarat, India. Using

detailed data on regulatory interactions with plants and independent readings of pollution, we

are able to follow this increase in regulatory scrutiny through to the most important regulatory

outcomes, and assign a tentative, but comprehensive, value to regulatory inspections.

We find in reduced-form analysis that the treatment was carried out but had modest effects

on pollution level. The treatment more than doubled the rate of inspection. As a result, treat-

ment plants had more pollution readings collected, more detected violations and more citations,

but suffered no more of the costly penalties in the regulatory toolkit—mandated equipment in-

stallation and plant closure. Treatment plants increased compliance by a modest four percentage

points (6 percent) but the concentration of their pollution emissions did not significantly decline

(although the point estimate suggests a 15% reduction). These mixed results on pollution are

due to the fact that pollution reductions came mostly from plants at the margin of compliance

and with pollution control equipment installed, which could presumably comply at small cost.

To rationalize and value these treatment effects we estimate a detailed model of the regulatory

process using administrative data on all interactions between the regulator and sample plants.

Regulation entails both abatement costs, measured in survey data, and deadweight penalty costs

that are difficult to measure but which we estimate from a structural model. The model is

a discrete dynamic game between the regulator and sample plants wherein plants comply if

expected future penalties outweight abatement costs today.

Estimates of the structural model buttress at several points the over-arching idea that the

GBCP staff, with considerable discretion, targets the most polluting firms, both for inspections

and for follow through and eventual punishment. Estimates of regulatory action probabilities

show that the regulator reserves punishments for pollution readings at least twice the standard

and especially five times or above, and estimates of the value of regulatory penalties corresponding

to these punishments show that the costs of these large violations are roughly four times greater

than for punishments at lower pollution levels. In response, plants are estimated to comply

more when they have just been punished, or when they have a reading more than five times

the standard held up against them. The low probability yet severe nature of punishments is
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clear from comparing the values of different states of the world for regulated plants. A routine

inspection is expected to cost the average plant INR 12 thousand, despite that the penalties at

risk for high pollution are INR 2.2 million or above. Bringing more firms that are marginally

non compliant to the attention of the regulator does not have much impact, because they don’t

have the resources (or the wherewithal, or the will) to follow through to force them to comply.

Our conclusion from these estimates is that regulatory discretion, as shown in the targeting of

inspections in the control, has considerable value in this setting. We use estimates of abatement

and penalty costs to compare the yield, in terms of total cost to plants, of inspections in the

treatment and control groups. This yield can be taken as a comprehensive measure of the benefits

of regulation if the regulator is actually imposing the external costs of pollution on regulated

plants. We find that control inspections yield twice the benefits of treatment inspections and

argue that this is due to better targeting. The costly penalties required to induce each unit of

abatement investment in the control are sixty percent lower than in the treatment, where the

deadweight penalty cost of inducing abatement is as large as the cost of abatement itself.

Considering lessons for the state of environmental regulation in India, we see the glass as half-

full. The empty half is that command-and-control regulation in the form studied here is clearly

very costly. By our estimates, even in the control, inducing every dollar of actual abatement

investment requires sixty-four cents of deadweight penalties. Moreover, abatement investment

means the installation of capital equipment, and plants have much stronger incentives to install

this equipment than to run it and actually reduce pollution. Yet, in the full half, the regulator

applying a rational penalty function, albeit one where the de facto standard lies much above the

de jure standard. Given the resources at their disposal and the very high levels of pollution, it

may well be the best they can do.
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VII Figures

Figure 1: Distribution of Inspection Rates by Treatment Status
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The figure shows the distribution of the annual inspection rate (i.e., inspections per year) over the approximately
two years of the experiment by treatment status. The inspection rate is pro rated for the actual duration of the
treatment in each of three regions. [TK] Data on inspections comes from administrative records of inspection
reports filed with the regulator.

33



Figure 2: Inspection Treatment Effect on Pollution Relative to Regulatory Standard
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The figure reports coefficients on the inspection treatment assignment from regressions of dummies for a pollu-
tion reading being in a given bin relative to the regulatory standard on inspection treatment, audit treatment,
inspection × audit treatment, a dummy for being audit-eligible and region fixed effects. Pollution readings are
standardized by subtracting the regulatory standard for each pollutant and dividing by the pollutant’s standard
deviation; bins are 0.2 standard deviations wide and centered at the regulatory standard shown by the vertical
line. Each plant has multiple pollutant observations and regressions are run pooled for all pollutants together.
Standard errors are clustered at the plant level and the whiskers show 95% confidence intervals for the inspection
treatment coefficient.

Figure 3: Actions of the Players at Each Node

The figure gives the actions of the players at each node in the stage game. The game begins with an inspection
where the regulator (R) observes pj1, a signal of plant pollution κj . The regulator may take four actions. If
R Inspects, R gets a new signal and moves again. If R Warns or Punishes, the Plant moves. If R Accepts,
the game ends. The terminal nodes give the payoffs in the stage game. When the plant can move, he Ignores,
Protests or Complies. After each action of the plant the regulator moves again.
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Figure 4: Plant Values for Different States, t = 2
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The figure shows the value of different game states for a plant in thousands of Indian rupees, evaluated in the
second period of the game after the regulator has moved and as the plant must first decide to move. Values are
negative because the only possible non-zero payoffs for the plant are abatement costs and regulatory penalties.
The horizontal axis gives the value of the maximum lagged pollutant reading observed in t = 1 during the
regulator’s inspection. The three lines in the figure show the value, by pollutant reading, conditional on the
regulator having played Warn (blue dotted line), only Inspect (black solid line), or Punish (red dashed line)
in t = 1.
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VIII Tables
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Table 1: Inspection Treatment Covariate Balance

Treatment Control Difference
(1) (2) (3)

Panel A. Plant Characteristics
Capital investment Rs. 50m to Rs. 100m (=1) 0.071 0.087 -0.017

[0.26] [0.28] (0.017)
Located in industrial estate (=1) 0.37 0.33 0.033

[0.48] [0.47] (0.031)
Textiles (=1) 0.44 0.45 -0.0093

[0.50] [0.50] (0.032)
Dyes and Intermediates (=1) 0.16 0.13 0.027

[0.36] [0.34] (0.023)
Effluent to common treatment (=1) 0.35 0.37 -0.022

[0.48] [0.48] (0.031)
Waste water generated (kl / day) 196.4 192.1 4.28

[316.2] [310.9] (20.2)
Lignite used as fuel (=1) 0.35 0.35 -0.0070

[0.48] [0.48] (0.031)
Diesel used as fuel (=1) 0.17 0.19 -0.013

[0.38] [0.39] (0.025)
Air emissions from boiler (=1) 0.52 0.50 0.020

[0.50] [0.50] (0.032)
Bag filter installed (=1) 0.13 0.14 -0.011

[0.34] [0.35] (0.022)
Panel B. Regulatory Interactions in Year Prior to Study

Rate of inspection in 2009 1.26 1.32 -0.056
prior to experiment [1.21] [1.21] (0.081)

Any equipment mandated (=1) 0.21 0.19 0.020
[0.40] [0.39] (0.026)

Any citation issued (=1) 0.15 0.18 -0.032
[0.36] [0.39] (0.024)

Any water citation issued (=1) 0.069 0.077 -0.0085
[0.25] [0.27] (0.017)

Any air citation issued (=1) 0.010 0.013 -0.0021
[0.10] [0.11] (0.0069)

Any utility disconnection (=1) 0.056 0.063 -0.0064
[0.23] [0.24] (0.015)

Any bank guarantee posted (=1) 0.021 0.017 0.0041
[0.14] [0.13] (0.0088)

Observations 481 480
The table tests for the balance of covariates across inspection treatment using administrative data
from the regulator covering the year prior to the experiment. Columns (1) and (2) show means with
standard deviations in brackets. Column (3) shows the coefficient on treatment from regressions
of each characteristic on treatment and region fixed effects. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 2: Regulator and Plant Actions by Round in Chained Interactions

Regulatory Action Plant Action
Accept Inspect Warn Punish Ignore Protest Comply N % Left
(1) (2) (3) (4) (5) (6) (7) (8) (9)

1 84.6 8.8 5.1 1.5 2711 100.0
2 77.8 14.1 8.1 418
3 44.5 4.8 39.2 11.5 418 15.4
4 64.7 24.1 11.2 232
5 75.4 9.5 7.3 7.8 232 8.6
6 59.6 24.6 15.8 57
7 63.2 10.5 8.8 17.5 57 2.1
8 38.1 23.8 38.1 21
9 85.7 9.5 0.0 4.8 21 0.8
10 33.3 0.0 66.7 3
11 100.0 0.0 0.0 0.0 3 0.1

Total 65.0 6.9 7.8 2.8 12.4 3.2 1.9 4173
The table gives the probability of each player taking each possible action by the round of the game
using administrative data on regulatory interactions in the control group. The regulator moves in
all odd-numbered rounds and the plant in even-numbered rounds. The actions of the regulator in
columns (1) through (4) are Accept, to conclude a chain with no further inspection or action against
the plant, Inspect, to visit a plant to observe its state and collect pollution readings, Warn, to
cite a plant for pollution violations and threaten further action, and Punish, to take costly action
against a plant (mandate closure or equipment installation). The regulator can technically move
more than once in a round if it chooses to Inspect and then take another action immediately,
e.g. Inspect then Warn. We report such compound actions with the latter action in a round,
typically Warn or Punish, and reserve Inspect for actions that are Inspect only. A chain ends
when the regulator Accepts. The actions of the plant in columns (5) through (7) are Ignore, to not
respond to regulatory actions at all, to Protest, to write the regulator explaining why action is not
warranted, or to Comply, to install a piece of abatement equipment and document that installation
in a letter to the regulator. Columns (8) and (9) give the number of chains and percentage of chains
that make it to each round of the game.
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Table 3: Regulatory Interactions During Experiment

Treatment Control Difference
(1) (2) (3)

Panel A. Inspections by Treatment Status
Number inspections assigned in treatment, annual 2.12 0 2.12∗∗∗

[0.57] [0] (0.026)
Total inspections, scaled and annual over treatment 3.24 1.40 1.84∗∗∗

[3.37] [1.59] (0.17)

Panel B. Regulatory Actions by Treatment Status
Pollution reading ever collected at plant (=1) 0.60 0.38 0.21∗∗∗

[0.49] [0.49] (0.032)
Any pollution reading above limit at plant (=1) 0.55 0.34 0.22∗∗∗

[0.50] [0.47] (0.031)
Number of pollution readings above limit at plant 2.85 1.17 1.68∗∗∗

[3.68] [2.58] (0.21)
Total citations 0.35 0.15 0.20∗∗∗

[0.69] [0.42] (0.037)
Total water citations 0.12 0.046 0.071∗∗∗

[0.37] [0.22] (0.020)
Total air citations 0.042 0.021 0.021∗

[0.20] [0.14] (0.011)
Total closure warnings 0.17 0.094 0.077∗∗∗

[0.48] [0.34] (0.027)
Total closure directions 0.20 0.16 0.041

[0.54] [0.48] (0.033)
Total bank guarantees 0.064 0.060 0.0040

[0.25] [0.27] (0.017)
Total equipment mandates 0.040 0.027 0.012

[0.23] [0.19] (0.014)
Total utility disconnections 0.042 0.040 0.0020

[0.20] [0.22] (0.013)

Observations 481 480
The table shows differences in inspection rates (Panel A) and other regulatory actions (Panel B) between the
treatment and control groups of plants during the treatment period of approximately two years. Columns (1)
and (2) show means with standard deviations in brackets. Column (3) shows the coefficient from regressions
of each variable on treatment, where each regression inclues region fixed effects and a control for the audit
sample. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 4: Endline Pollution and Compliance on Treatments

Pollution Compliance
(1) (2)

Panel A. Audit and Inspection Treatments

Inspection treatment (=1) -0.105 0.0366∗

(0.0839) (0.0213)

Audit treatment (=1) -0.187∗∗ 0.0288
(0.0849) (0.0258)

Audit × inspection treatment (=1) 0.286∗∗ -0.0365
(0.142) (0.0353)

Inspection and audit control mean 0.682 0.614

Observations 4168 4168

Panel B. By Presence of Abatement Equipment

Any control equipment 0.110 -0.0421
(0.105) (0.0322)

Inspection treatment × 0.163 -0.0520
No control equipment (0.141) (0.0382)

Inspection treatment × -0.0786 0.0520∗∗∗

Any control equipment (0.0813) (0.0199)

Observations 3884 3884
The table shows regressions of pollution (column 1) and compliance (column 2) on
treatment assignments. Pollution consists of air and water pollution readings for
each plant where each pollutant is standardized by dividing by its standard devia-
tion. Compliance is a dummy for each pollutant being below its regulatory standard.
Panel A regresses these outcomes on inspection treatment assignment, audit treat-
ment assignment and inspection × audit treatment. Panel B regresses these outcomes
on the same variables but adds a control for the presence of any pollution control
equipment and splits the inspection treatment effect by whether a plant has control
equipment or not at baseline. Any control equipment is defined at the plant × media
∈ {Water,Air} level and assigned to each plant × pollutant observation based on
whether a plant has control equipment installed for that pollutant’s medium. The
audit treatment dummy and interaction with inspections are included in the Panel B
specifications but not reported [TK]. Specifications in both panels also include region
fixed effects and a control for the audit sample. Standard errors clustered at the plant
level in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 5: Multinomial Logit Model of Action Choice Conditional on State

Regulator move Plant move
Inspect Warn Punish Protest Comply
(1) (2) (3) (4) (5)

Lagged regulatory actions
Warn, lag 1 0.28 -3.90*** -3.04*** 0.56*** -0.96***

(0.41) (0.23) (0.28) (0.16) (0.25)
Punish, lag 1 1.61*** -3.87*** -1.32*** 0.30 0.65***

(0.41) (0.40) (0.26) (0.21) (0.23)
Lagged plant actions

Protest, lag 1 -0.37 -2.50*** -1.81*** 0.12 -0.092
(0.26) (0.27) (0.31) (0.33) (0.41)

Comply, lag 1 -0.98** -3.36*** -1.60*** -0.60 -0.39
(0.39) (0.43) (0.32) (0.52) (0.51)

Last observed pollution reading
0-1x 0.052 -0.28 0.028 -0.20 -0.17

(0.15) (0.20) (0.25) (0.26) (0.37)
1-2x 0.47*** 0.36*** 0.090 -0.040 0.24

(0.11) (0.13) (0.19) (0.17) (0.24)
2-5x 0.58*** 0.80*** 0.62*** 0.16 0.38

(0.12) (0.13) (0.18) (0.17) (0.24)
5x + 0.90*** 0.51** 0.96*** 0.19 0.64**

(0.16) (0.21) (0.23) (0.24) (0.29)
Period

Constant -2.49*** -3.11*** -4.23*** -1.87*** -2.54***
(0.062) (0.078) (0.12) (0.14) (0.18)

t > 2 -0.48 4.68*** 4.22*** 0.47*** 0.93***
(0.39) (0.14) (0.19) (0.15) (0.24)

t > 4 -0.016 -0.46* 0.036 0.61** 0.45
(0.23) (0.25) (0.25) (0.25) (0.31)

t > 6 -0.31 -1.05** -0.32 -0.25 0.56
(0.36) (0.43) (0.34) (0.46) (0.45)

N 8129 1677
The table reports coefficients from multinomial logit models for the action choice probabilities
of each player conditional on the state of the game. See Table 2 for action definitions. The
omitted action for the regulator is Accept and for the plant is Ignore, so the coefficients are to be
interpreted as the effect of each component of the state on the player taking the specified column
action relative to the omitted action. The omitted pollution reading is null, which occurs when the
regulator inspects but does not take a pollution reading. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 6: Log Abatement Equipment Cost on Plant Characteristics

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

Medium size industry (=1) 0.888∗∗∗ 1.091∗∗∗ 0.827∗∗∗ 0.858∗∗∗

(0.230) (0.242) (0.224) (0.225)
Textiles (=1) 0.971∗∗∗ 0.119

(0.128) (0.261)
Coal or lignite as fuel (=1) 0.772∗∗∗ 0.727∗∗∗

(0.179) (0.184)
Waste water generated > 100 kl/day 0.473∗∗∗ 0.410

(0.174) (0.250)
Constant 5.554∗∗∗ 5.019∗∗∗ 4.924∗∗∗ 4.912∗∗∗

(0.0701) (0.110) (0.104) (0.110)
Observations 717 717 717 717
The table presents regression estimates for the cost of the installation of abatement equipment on
plant characteristics. Plant abatement equipment costs are measured from the endline surveyed
and specified in logged thousands of Indian rupees. Medium size is a regulatory designation for
capital stock above INR 5m (the sample includes only small- and medium-sized plants), Textiles
is a dummy for belonging to the textile industry, Coal or lignite is a dummy for using one of those
fuels, and Waste water generated is a dummy for discharging more than 100 kl/day of effluent.
Standard errors clustered by plant in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 7: Estimates of Plant Payoff Parameters (INR 1000s)

Assumption on Cost
Cost Model Prediction and

Mean Cost Prediction Cost Shock
(1) (2) (3)

Parameters of penalty function

h(p) = τ0 + τ11{2p ≤ p < 5p}+ τ21{5p ≤ p}

τ0 629.33 899.78 572.65
τ1 820.78 2184.57 2806.46
τ2 3063.00 2390.26 1917.08

Standard deviation of action shock

σ 284.29 307.96 135.63

Observations 1544 1544 1544
The table presents maximum likelihood estimates of the parameters of the
plant profit function, from the dynamic discrete game. The three parame-
ters τ give the value of penalties applied by the regulator, by choosing the
action Punish, conditional on the pollution component of the state being
null or less than twice the standard (τ0), between twice and five times the
standard (τ1) and above five times the standard (τ2). The three columns
represent different assumptions on the costs of abatement. Column (1)
uses the mean abatement capital cost for installing a piece of equipment,
measured in the endline survey, column (2) uses the predicted value of that
installation based on plant observable characteristics and column (3) uses
that mean prediction and integrates over the distribution of unobserved
shocks to installation costs. Observations are those at which the plant
moves. Standard errors are pending [TK].
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Table 8: Value of Environmental Regulation Based on Cost to Plants Per Regulatory Inspection

Treatment Control Difference
(1) (2) (3)

Total cost per inspection 68.0 136.7 -68.7∗∗∗

[9.27] [20.4] (1.02)

Regulatory penalty cost 34.9 54.7 -19.8∗∗∗

[5.61] [9.34] (0.497)

Number of penalties 0.027 0.043 -0.017∗∗∗

[0.004] [0.007] (0.0004)

Abatement equipment cost 33.1 81.9 -48.8∗∗∗

[6.30] [19.3] (0.928)

Number of installations 0.061 0.095 -0.034∗∗∗

[0.008] [0.014] (0.001)

Observations 481 480
The table compares the total costs to plants per regulatory inspection in the treatment
and control groups. Total costs are in thousands of INR and include both the costs of
regulatory penalties and the costs of equipment installtions. The costs of regulatory
penalties use the estimates from Table 7 and are set, using the penalty function in that
table, for each punishment observed in the data based on the pollution reading that
obtained at the time of the punishment. The costs of abatement equipment installations
are estimated as in Table 6 [TK]. Costs and inspections are aggregated across all plants
by treatment status and the cost per inspection taken as the ratio of these aggregates.
Column (3) presents differences, standard errors and indications of statistical significant
from t-tests of these ratios. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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A Data Appendix

We clean GPCB documents on interactions with sample plants and map them to the rules of
the dynamic inspection game. Cleaning involves linking documents that are related and putting
sets of linked documents into separate chains of related actions. Mapping involves reducing the
many possibly signals between the regulator and the plant to their basic purpose.

The documents are mostly letters between GPCB and the firms of various kinds. Table A1
presents an overview of the types of documents in the data, organized by the action in the game
to which they correspond.

Table A1: Game Actions and Raw Documents

Action Document Description

Panel A. GPCB Action
Inspect Inspection report Analysis of air and water samples; report on

plant characteristics.
Warn Letter Non-threatening letter ordering improvement in

pollutant concentrations.
Citation Threatening letter demanding explanation for

high pollution levels, missing permit to operate,
or missing pollution abatement equipment.

Closure Notice Notice that the plant will be ordered to close
in 15 days if the plant does not take action to
improve pollution.

Punish Closure Direction Order to close immediately.
Utility notice Notice that water or electricity has been discon-

nected.
Accept Revocation of

Closure Direction
Permission to start operation.

Implicit No further GPCB action.

Panel B. Firm Action
Ignore Implicit Implied by consecutive GPCB actions.
Protest Protest Official letter of protestation to GPCB. Chal-

lenges parameter readings and other directives.
Comply Equipment in-

stalled
Notice that pollution abatement equipment has
been installed.

Process installed Notice that a process has been installed.
Bond posted Letter from bank to GPCB explaining that the

firm has posted a guarantee against future mis-
conduct.

The Actions in Table A1 represent groupings of underlying documents based on their purpose.
Sometimes these correspond directly to a single underlying type of document in the raw data, such
as for inspections, and sometimes they represent a category of documents. On the regulatory
side, for GPCB, there are four Actions and so four categories of underlying document. The
broadest class is for the action Warn, which includes a progression from simple letters requestion
explanation to closure notices that threaten the plant with closure if it does not reduce pollution.
We group these as a single category because, while they represent a range of threats, they impose
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no immediate costs on the plants. The plant has three possible actions. We infer when the plant
has ignored the regulator from other moves in the game (as described below). If the plant wrote
in protest, we record that action as a protest. The plant can comply through installing abatement
equipment, installing a new process or posting a bond. We treat this category mainly as the
installation of abatement equipment which is the most common action [SN:TK].

We link actions into chains, or sequences of actions, based on their underlying documents and
references therein. This linking is done through explicit references, dates and some imputations
or inferences. The first category of documents are those that explicitly cite a preceding document
by date—for example, a closure direction will reference high readings from a pollution report a
month before. We matched together 56% of links between documents based on these explicit
references. Explicit links are much more likely for documents from the GPCB, which follows
formal procedures for citation, than from plants, which often do not cite or cite inaccurate dates.
To account for this, we link plant documents with GPCB documents by allowing the date on the
plant letter to differ from the reference date by up to one digit.

We use dates on documents that do not have explicit links to expand chains. The full set
of rules for chain construction is given in the list below. The rules are designed to match links
in a chain that are both logically appropriate and within the typical range of lags observed
between actions that do have explicit references. For example, plants typically protest, if they
are to protest, quite soon after they are ordered to install a piece of equipment; we allow 7 days
between the order and the protest to link the events.

Chain Construction Rules

1. Match items if document refers to earlier inspection or earlier document.

2. If documents not matched directly by date, industry documents are matched by a fuzzy
match that allows dates to differ by one digit.

3. Match chain fragments if:

(a) Request/direction to close, BG, 3rd party, installation or protest followed by inspec-
tion (30 days).

(b) Letter, show cause, request/direction to close, 3rd party followed by contestation (30
days).

(c) Installation or bank guarantee followed by contestation (7 days).

(d) Closure direction/notice, 3rd party followed by bank guarantee or installation (60
days).

(e) Contestation, bank guarantee or installation followed by revocation (60 days).

(f) Revocation, followed by inspection (30 days).

(g) Inspection followed by inspection (30 days).

4. Make sure each chain starts with an inspection:

(a) If the chain fragment does not start with an inspection, add an available one if it is
within 1 month of the start of the chain, and not attached to another chain.

(b) If it does not start with an inspection and there is not an available one, cut off the
chain at the first inspection.

45



The chains of actions constructed in this manner do not always adhere to the logical rules
of the game we use to characterize the data. In the final stage of data cleaning, we therefore
combine or impute actions where appropriate to cast all actions into coherent moves in the game.
For subsequent actions by the same player, we either combine the actions or assume an implicit
action by the other player in between. For example, if we observe two consecutive inspections
in a chain, we impute that the plant Ignored the regulator in between. Since we continue to
assume that each chain starts with an inspection, this guarantees that all odd moves are by the
regulator, and even moves by the firm.

Within-chain rules

1. Collapse adjacent inspections. Treat consecutive inspections as a single action.

2. Create combined actions. For the regulator, these are constructed from any inspection
followed by a Warn, Punish or Accept, within 60 days. For the firms, combine adjacent
Complys and Protests, separated by fewer than 30 days.

3. Impute Ignore from any two adjacent actions by the same player.

4. Add on an implicit Ignore or Accept at end of chains for regulator and firms, respectively.

The links between the elements of combined moves created by this process are almost all
non-imputed, except for the case of Inspect-Accept, where the vast majority of the Accepts are
imputed–the regulator simply leaves the firm alone, rather than declaring that it has a clean bill
of environmental health. For Inspect-Warn and Inspect-Punish, 78% of the 397 combined actions
are linked by dates in the underlying documents.
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B Online Appendix

Figure 5: Residuals from Abatement Capital Cost Model, t = 2
0
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Normal distribution, estimated from observations below mode

The first distribution is fitted against the existing data, and one against only the observations below the mode.
The second distribution aims to account for the fact that plants with higher abatement costs are less likely to
install abatement equipment, hence the distribution of observed costs likely underestimates the true value of
abatement costs across all firms.
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