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Abstract

In this study, we empirically examine the effectiveness of regulatory actions on

wastewater treatment plants in Illinois with careful attention to endogeneity issues that

might have caused biased estimates in previous studies. We show that Pooled OLS and

Fixed Effect models, which are the dominant estimation strategies in the literature,

underestimate the effect of regulatory activities, giving rise to misleading conclusions

on the effectiveness of regulatory activities. For example, in this particular application,

Pooled OLS and Fixed Effects suggest that non-monetary sanctions ”increase” emis-

sion levels and monetary sanctions have no deterrence effect. On the contrary, GMM

suggests that non-monetary sanctions have no deterrence effect whereas monetary sanc-

tions do have a deterrence effect. This suggests that reconsideration of the deterrence

effect of regulatory activities may be worthwhile in other similar applications.
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1 Introduction

Under the US Environmental Protection Agency’s National Pollutant Discharge Elim-

ination System (NPDES), direct regulatory activities - inspections and enforcement

actions - are the main tools used to reduce pollutant discharges and thus to protect

water quality. Regardless of regulators’ efforts to contain the level of pollutant emis-

sion, non-compliance by regulated firms remains common. Considering the limited

resources and budgets of regulators, it is very useful for regulators to have reliable

information regarding which regulatory actions are most effective in improving envi-

ronmental performance. For this reason, the choice and effectiveness of monitoring

and enforcement strategies has been an active area of research in environmental eco-

nomics. In this study, I examine the deterrence effect of regulatory activities on major1

wastewater treatment plants in Illinois.

Measuring the deterrence effect of inspection is challenging because of reverse causal-

ity: emission levels and regulatory actions will be positively correlated because higher

emission levels attract more regulatory actions. Previous studies have paid consider-

able attention to this issue and succeeded partially in separating out the causal effect

of inspections and enforcement actions (e.g. Deily and Gray 1991; Gray and Deily

1996; Laplante and Rilstone 1996; Earnhart 2004b; Keohane et al. 2009). However,

another econometric complication has been ignored by previous studies, almost all of

which use a fixed effects (FE) estimation method. Specifically, the FE model requires

strict exogeneity of explanatory variables for consistent estimation. In the context of

environmental regulation, where regulators and regulated facilities interact with each

other dynamically, this is an implausible assumption.2

By means of a testing method suggested in Wooldridge (2010), I show that strict ex-

ogeneity assumptions are indeed violated in the case of water pollution enforcement

1A municipal wastewater treatment plant is classified as “major” when its design flow is greater than
one million gallons per day or it holds industrial pretreatment programs approved by the Environmental
Protection Agency (EPA) or authorized states.

2This point will be further clarified later in the literature review and method sections.
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data. I tackle this problem utilizing the sequential exogeneity condition in general-

ized method of moments (GMM) estimation to obtain consistent coefficient estimates.

Comparison of the estimation results from Pooled OLS (POLS), FE, and GMM indi-

cates that not only POLS but also FE could introduce serious bias. For example, in

the particular application considered here, POLS and FE suggest that non-monetary

sanctions “increase” emission levels and monetary sanctions have no deterrence ef-

fect. On the contrary, GMM suggests that non-monetary sanctions have no deterrence

effect, while monetary sanctions do have an effect. Therefore, simply implementing

POLS or FE-type models can lead to a distorted view of the true deterrence effect

of inspections, which then could lead to misguided decision making on inspection and

enforcement action policy by regulators. Policy implications are drawn from the more

reliable estimation results, which may lead to more effective management of pollutant

emissions.

Finally, this study also contributes to the existing literature by examining deterrence

effects of different inspection methods and by clarifying the regional spill-over effect of

enforcement actions to which recent studies have paid much attention (e.g. Shimshack

and Ward 2005; Langpap and Shimshack 2010; Shimshack and Ward 2011).

2 Institutional Background

The NPDES program was created in 1972 under the Clean Water Act (CWA) to con-

trol point-source pollutant discharges into water bodies in the United States.3 Under

NPDES, all municipal and industrial facilities that discharge pollutants from any point

source are required to obtain a permit that sets a numerical limit on effluent discharges

of important chemicals, as well as requiring the installation of appropriate abatement

technology. Every permitted firm must also self-report emission levels of regulated

3Point source pollution is defined as pollution the source of which is identifiable. On the contrary, non-
point source pollutant is defined as pollution the source of which is unidentifiable or prohibitively expensive
to identify.
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chemicals monthly.4

An interesting feature of the program is its encouragement of decentralized regulatory

activity. Instead of the U.S. (Federal) EPA implementing the program, states can

apply for authorization to take over the regulatory role of the federal government.5

The 47 states authorized by EPA have substantial discretion over how to implement

the NPDES permit program, from effluent limit setting to inspection and enforcement

actions. Delegation of the role to states, however, does not mean U.S. EPA will have

no involvement with program implementation. They still conduct inspections and

take enforcement actions against regulated plants, but a lot less frequently than is

apparent in unauthorized states. For Illinois in particular, the responsibility is further

divided into 7 jurisdiction, each of which has discretion over inspection and enforcement

decisions.

Regulators use different types of inspections to encourage compliance. Reconnaissance

inspections without sampling (ROS) merely involve checking visually if the required

abatement technology is properly used. ROS may be able to detect operational viola-

tions (non-use or improper use of abatement technology), but it is unable to detect ex-

cessive pollution discharges. Helland (1998) describes ROS as providing a reminder that

regulators are watching. ROS is the least resource-intensive inspection and takes sev-

eral hours at most. A Compliance Evaluation Inspection (CEI) is much more involved

than an ROS as it involves, among other things, reviewing applicable effluent limits

together with records of self-reported effluent discharge, and evaluating the abatement

technology, laboratories, and receiving waters. However, it has only slightly greater

power to detect violation than ROS because it still does not involve independent on-site

sampling (Helland, 1998). Inspections accompanied with independent samplings, such

as Compliance Sampling Inspections (CSI) or Compliance Biomonitoring Inspections

4Some chemicals are required to be reported yearly.
5States can also opt out to apply for authorization. In that case the U.S. EPA is responsible for imple-

menting the program. As of 2011, U.S. EPA has authorized 47 states. States that are not authorized are
Idaho, Massachusetts, New Hampshire, New Mexico, and six U.S. territories and the District of Columbia.
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(CBI), have greater potential to detect violations.6 As one would expect, costs increase

in the order of ROS, CEI, and CSI.

There are different types of enforcement actions regulators can use to bring firms in

non-compliance back to compliance. Unlike the usual theoretical assumption, a single

violation usually does not immediately lead to the imposition of fine. Regulators start

most of the time with warning letters and calls. When regulators do not observe any

improvements in the firm’s environmental performance, they proceed with formal en-

forcement actions. A majority of the formal enforcement actions taken by regulatory

agency are administrative compliance orders. Continuation of violations after such an

order could lead to the severest and rarest type of formal enforcement action, prosecu-

tion, which often involves a monetary sanction and installation of appropriate further

abatement technology.

3 Literature Review

Basic economic theory of environmental compliance

Becker (1968) developed the idea that potential criminals decide whether to commit

a crime or not by weighing the benefit and “expected” cost of committing the crime.

While potential criminals are in the best place to evaluate their personal benefit of

committing a crime, they can only guess the potential cost of committing a crime

imposed by government. The expected cost of committing a crime is determined by the

perceived probability of criminal detection, the probability of punishment imposition

conditional on detection, and the size of the punishment. Therefore, governments

can deter a criminal by increasing the expected cost of crime, which can be achieved

by increasing the monitoring effort (higher detection rate), a higher probability of

6See NPDES Compliance Inspection Manual (http://www.epa.gov/compliance/resources/publications/
monitoring/cwa/inspections/npdesinspect/npdesinspect.pdf) for different inspection types and more de-
tailed descriptions.
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punishment imposition, and increasing the size of punishment.

This basic idea translates to polluters’ compliance decisions under the NPDES permit

program. When the probability and size of a fine increase, dischargers are more likely

to comply. Since it is the “perceived” probability and size of the potential fine that

affect compliance decisions, even fines imposed on other plants could induce dischargers

to update their beliefs about the stringency of regulators upward, leading to a higher

rate of compliance. Therefore, fine imposition could have a deterrence effect on the

fined facility (specific deterrence) and also on other facilities (general deterrence).

Harrington (1998) first introduced a dynamic model of environmental enforcement. In

his model, firms are faced with differential inspection rates and penalties depending

on their prior history of environmental performance. This model provides a partial

explanation for the observation that a majority of regulated facilities are in compliance

even though the size of the penalty is rather small. Harrington’s study implies that

current regulatory inspection and enforcement action decisions are a function of prior

compliance history.

The role of inspections, however, is critically different under NPDES than in the models

of Becker (1968) and Harrington (1998). While inspections are the only way of detecting

a violation in their models, emission levels are self-reported monthly by the regulated

plants to the regulator and thus violations are immediately visible for regulators under

NPDES. In such a system, inspections should play a different role, of checking and in-

ducing truthful reporting rather than detecting emission violations (Magat and Viscusi

1990; Cohen 1999). Thus, we would expect that under the NPDES program inspec-

tions have limited potential to deter pollution discharges while enforcement actions

may remain effective.
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Empirical Evidence and Econometric Issues

Empirical studies on the effectiveness of environmental regulation are numerous, span-

ning the major environmental statues for water, air, solid waste, and other laws (Gray

and Shimshack 2011). Even though each has some distinctive features, the basic struc-

tures of the regulations are quite similar across statutes and thus, so are econometric

strategies for analyzing program effectiveness. In this section, we review empirical

findings under the Clean Water Act with an emphasis on econometric issues.

Magat and Viscusi (1990), using quarterly data on the pulp and paper mill industry,

found evidence of endogeneity as a result of the contemporaneous reverse causality be-

tween emission level and inspection. This reverse causality could emerge when a current

high emission level induces a contemporaneous inspection. Having found that an in-

strumental variable approach still produces a positive coefficient estimate on concurrent

inspection, they decided to include only lagged inspections and found a statistically

significant deterrence effect. Laplante and Rilstone (1996), who examined the pulp and

paper mill industry in Quebec, approached the reverse causality problem by employing

two-stage estimation. At the first stage, a predicted probability of inspection in the

current period is estimated by probit regression, and then the predicted probability

is used as a regressor instead of actual inspection occurrence status in a second stage

regression of Biological Oxygen Demand (BOD) level.7 They found that the threat

of concurrent inspection has a statistically significant deterrence effect. The two-stage

procedure is used in many subsequent studies to capture dischargers’ perceptions about

the probability of being inspected (e.g. Deily and Gray 1991; Gray and Deily 1996;

Earnhart 2004a, 2004b; Keohane et al. 2009). The key underlying assumption is

that regulated plants carefully observe regulators’ inspection strategy and are able to

estimate the probability of inspection exactly the same way as the first-stage probit

analysis predicts. If these rather strong assumptions fail, second-stage estimation can

7BOD measures the amount of dissolved oxygen micro-organisms consume to disintegrate organic mate-
rials in water. A high BOD level indicates a high concentration of organic materials, which could lead to
algal blooms and associated negative consequences.
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be biased.

Importantly, Magat and Viscusi (1990), Laplante and Rilstone (1996), and Helland

(1998) were unable to examine the deterrence effect of enforcement actions because

of the lack of reliable data available at the time of their studies. As a result, their

inspection variable could have picked up the deterrence effect of enforcement actions,

which could lead to overestimation of the pure deterrence effect of an inspection itself

because the two are likely to be positively correlated with each other. Earnhart (2004a)

introduced enforcement actions along with inspections and examined their deterrence

effects on the BOD discharges of wastewater treatment plants in Kansas. His study

found that both U.S. EPA-led and state-led enforcement actions have specific and

general deterrence effects, and that the threat of inspection measured by predicted

inspection probability also has a deterrence effect.

While all these studies make use of panel data, they use only a POLS estimation

method. POLS may cause biased coefficient estimates for a reason different from

the contemporaneous endogeneity problem mentioned above. If only cross-sectional

data were available, then one would expect to observe positive correlation between

the number of violations and inspections because firms that are more likely to be in

non-compliance attract more inspections and enforcement actions. This cross-sectional

positive correlation implies that the true deterrence effect of inspection and enforce-

ment actions could be underestimated when an estimation method that exploits cross-

sectional variation, such as POLS, is used. Shimshack and Ward (2008) applied quan-

tile regression to a pooled sample on pulp and paper mills in the United States and

found that firms whose emission levels are well below the limit still respond to the

fines imposed on other firms (general deterrence). On the other hand, they also found

that the total number of inspections in the same state for the past year has a statisti-

cally significant positive effect on the BOD level at the 25 and 50% quantiles and on

Total Suspended Solids8 (TSS) at the 50, 75 and 90% quantiles. This finding might

8TSS is another common measure of water quality. It represents the amount of particulates dissolved in
water.
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be attributable to cross-sectional (across states) reverse causality. A perverse effect of

regulatory action can also be seen in Earnhart (2004a), which used POLS and found

that EPA enforcement actions have a positive impact on BOD emissions.

Fixed Effects (FE) estimation could alleviate this cross-sectional reverse causality prob-

lem by eliminating cross-sectional variation and solely looking at variation over time.

FE also effectively eliminates time-invariant unobserved individual effect, if any, that

could be correlated with explanatory variables. Shimshack and Ward (2005) employed

Chamberlain’s conditional random effect probit (CRE) model on BOD and TSS com-

pliance data for pulp and paper mills nation-wide. CRE estimation allows unobserved

individual effects to be correlated with explanatory variables and also allows time vari-

ation, but not cross-sectional variation, to be harnessed for parameter identification.9

They found that a fine imposed on a facility within a year had a statistically significant

deterrence effect on other facilities within the same state (general deterrence). They

also found that inspections within the preceding 12 months had a deterrence effect

(specific deterrence).

Earnhart (2004b), using the same data set as in Earnhart (2004a), explored three dif-

ferent estimation methods: Pooled OLS, Random Effects, and Fixed Effects models.

Interestingly, while coefficients on the number of fine within the preceding 12 months

and the concurrent predicted probability of inspection were negative in the POLS re-

gression as economic theory would expect, their counterparts in FE were positive and

statistically significant. This is somewhat puzzling because if cross-sectional reverse

causality is a real problem for consistent estimation, it is Pooled OLS estimates that

should be biased upward, not FE. Earnhart attributed this phenomenon to FE’s inabil-

ity to estimate time-invariant facility characteristics, such as flow capacity. However,

time-invariant characteristics are in fact “controlled for” in FE by eliminating them

9CRE starts with an assumption that unobserved individual effects are normally distributed conditional
on the individual mean of the explanatory variables over time. Once this assumption is maintained, one can
proceed with probit model estimation where unobserved individual effects are replaced by the average values
of explanatory variables.
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with within-transformations.10 The unexpected direction of bias might instead be at-

tributable to the violation of strict exogeneity that is required for consistent estimation

using FE. Strict exogeneity can be mathematically expressed as

E[ui,t|Xi,1, Xi,2, . . . , Xi,T ] = 0 ∀t (1)

where ui,t represents idiosyncratic error and Xi,t are vectors of explanatory variables

at time t. In words, idiosyncratic error at time t is uncorrelated with past, current, and

future explanatory variables. This assumption is likely to be violated in the context of

environmental regulation where dynamic interaction between regulators and regulated

facilities take place. Because the current inspection decision is based on the “past”

environmental performance of the regulated facility, current regulatory decisions are

likely to be a function of shocks in past emission levels, thus violating the strict exo-

geneity assumption. For example, a positive shock in the emission level at time t might

lead to a higher probability of regulators’ actions in the future. The magnitude of the

bias might be large enough that the coefficients on regulators’ actions are positive as

in Earnhart (2004b). Chamberlain’s conditional random effects probit model used in

Shimshack and Ward (2005) also assumes strict exogeneity of the distribution of out-

comes yit conditional on covariates and unobserved individual effects. This assumption

will be violated if future values of covariates are a function of idiosyncratic error in

the previous outcomes, which is the case in the context of dynamic regulator-firm

interactions. Therefore, it is possible that estimated coefficients are biased too.

This study, using data on the environmental performance of major wastewater treat-

ment plants in Illinois, addresses the aforementioned econometric issue using a GMM

estimation method utilizing the sequential exogeneity condition in order to understand

the impact of endogeneity on coefficient estimates and to obtain more reliable estimates

from which correct policy implications can be drawn.

10Within-transformation transforms a variable xi,t to xi,t−
∑T

s=1 xi,s. Any time invariant variable will be
canceled out by this transformation.
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4 The Model

The model is formulated as follows,

yi,t =α0 + α1yi,t−1 + β1ROSi,t + β2CEIi,t + β3SAMi,t + β4NMEi,t + β5FINEi,t

+

12∑
s=1

(β6ROSi,t−s + β7CEIi,t−s + β8SAMi,t−s + β9NMEi,t−s + β10FINEi,t−s)

+

15∑
s=4

(β11NMEj,t−s + β12FINEj,t−s + β13NMEj−,t−s + β14FINEj−,t−s)

+ γ1Xi,t + γ2MD + γ3Y D + ci + vi,t

where i indicates a regulated facility, j indicates the jurisdiction to which facility i be-

longs to, and t is time. The variables ROS, CEI, SAM, NME, are different inspection

and enforcement actions, X is a vector of other covariates including community char-

acteristics explained below in more detail. MD and YD are monthly and year dummy

variables, respectively.

Following Earnhart (2004a,b) and Shimshack and Ward (2008), the dependent variable

yi,t is the current TSS concentration ratio. The dependent variable takes a value in

the interval, (0, 1] when in compliance and takes a value greater than one when TSS

concentration level is over the permit limit. The variables ci and vi,t represent an

unobserved time-invariant individual effect and an idiosyncratic error term.

As pointed out by Gray and Shimshack (2011), when there is some inertia or persistence

in emission levels, the current emission level could be closely correlated with lagged

enforcement actions which are function of the past emission level. Therefore, in this

study, we will include the once-lagged emission level in the structural equation to avoid

omitted variable bias.11

The main focus of this study is to measure deterrence effects of different types of in-

11It is confirmed that twice-lagged dependent variables do not have any explanatory power after controlling
for other covariates.
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spections and enforcement actions and to understand the impact of endogeneity on the

measurement. Inspections are classified into three groups: (1) reconnaissance inspec-

tion without sampling (ROS), (2) comprehensive inspection without sampling (CEI),

and (3) inspection with sampling (SAM). Each inspection type enters into the struc-

tural equation in two forms: (1) concurrent inspection on facility i and (2) the number

of inspections for the past year on i to measure the deterrence effect of constant threat

from the presence of inspections. Following Shimshack and Ward (2005), enforcement

actions are grouped into two types: non-monetary enforcement actions (informal en-

forcement actions and the majority of the formal enforcement actions) represented by

“NME” and monetary sanctions represented by “FINE”. As can be seen from the equa-

tion, each enforcement action type enters into the structural equation exactly the same

way as inspections. In order to measure the general deterrence effects of non-monetary

and monetary sanctions, several variables are used in the model. First, the number

of enforcement actions for the past 4-15 months on “other” facilities in the “same”

jurisdiction is included (NMEj,t−s, FINEj,t−s). Second, the number of enforcement

actions for the past 4-15 months on “other” facilities in the “other” jurisdictions is

included (NMEj−,t−s, FINEj−,t−s). The empirical question we would like to an-

swer from the latter covariates is whether the general deterrence effects of enforcement

actions spill over across jurisdictions i.e. whether regulated plants are responsive to

enforcement actions exerted by regulators in other jurisdictions. The lag reflects delays

in recognizing the trend of regulatory activities on “other” plants.

Aside from the variables of main interest listed above, we include monthly average

temperature and rainfall. This is because removing TSS involves aerobic digestion

using microorganisms, the efficiency of which is affected by weather conditions. Local

socio-demographic variables, such as income and unemployment rates have been shown

to influence environmental performance in previous studies (e.g. Deily and Gray 1991)

and are represented collectively by Xi,t in the equation above.

Finally, monthly dummies (MD) are included in the equation to capture seasonality.
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Year dummies (YD) are included to capture overall trends across the state.

5 Data

To test the significance of endogeneity of the estimation of enforcement effects, this

study uses data on the environmental performance of major wastewater treatment

plants in Illinois. Non-major facilities are not required to self-report their emissions

levels nor are the permitting authorities required to enter the relevant data into the

Integrated Compliance Information System-NPDES (ICIS-NPDES) for those facilities,

so the data for non-major facilities are incomplete. Nonetheless, the focus on majors

is not too restrictive because much greater regulatory efforts are exerted on major

facilities than non-majors in light of the significance of major facilities’ potential en-

vironmental damages. The focus on wastewater treatment plants is because they are

the dominant type of major facility in Illinois: 209 out of 275 major facilities. Mixing

multiple industries is not desirable because the data generating process could be con-

siderably different across industries. To the authors’ knowledge, all previous empirical

studies on environmental compliance focused on a single industry: Deily and Gray

(1991, 1996) on the steel industry, Magat and Viscusi (1990), Laplante and Rilstone

(1996), Shimshack and Ward (2005, 2008) on the pulp and paper mill industry, and

Helland (1998), Earnhart (2004a), and Langapap and Shimshack (2010) on wastewater

treatment plants.

We focus on a particular type of environmental performance of wastewater treatment

plants, namely their Total Suspended Solids (TSS) concentration. A high TSS concen-

tration leads to an increase in the temperature of receiving waters causing less dissolved

oxygen. As a consequence, aquatic organisms that are sensitive to the level of dissolved

oxygen are disturbed. TSS also interrupts the hatching of fish eggs by covering the

stream bed.
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The main sources of data are EPA’s Permit Compliance System (PCS) and ICIS-

NPDES. EPA is currently transferring data from PCS into ICIS-NPDES. Even though

EPA maintains and runs the two databases, permitting authorities are mostly respon-

sible for data entry. EPA requires permitting authorities to enter the emission level

of the regulated chemicals that are self-reported monthly by the regulated facilities,

along with inspections and enforcement actions regulators undertook against regulated

facilities.

From the databases, we obtained (1) monthly TSS discharge and limit, (2) inspections

and enforcement action history with types differentiated, (3) violations detected by

inspections. The resulting data set has a panel structure, where the cross-sectional

unit is an individual major wastewater treatment plant in Illinois and each plant is

observed monthly for the period 2000-2008.

County-level local community characteristics were obtained from the 2000 U.S. Census

and the American Community Survey. Raw weather data for weather stations inside

and outside Illinois were obtained from the National Climatic Data Center, and were

interpolated using Matlab to approximate weather conditions at each facility.

Summary statistics

Table ?? provides summary statistics of the data. First, the TSS ratio represents the

TSS concentration of discharges relative to the limit. The TSS ratio takes a value

of more than one when the TSS concentration level exceeds the limit. According to

the summary statistics, the mean TSS ratio is 0.35, which is well below 1.0. This

is consistent with previous studies that focus on wastewater treatment plants (e.g.

Earnhart 2004a, b; Langpap and Shimshack 2010). The maximum level of TSS ratio is

about 12, meaning that the concentration level of TSS is 12 times the limit. Eighty-two

waste water treatment plants violated the TSS limit at least once during the sampling

period.
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On average, plants have ROS inspections in as many as 6 months within a year, while

CEI occurs less than once a year. Some firms even had ROS every month as the

maximum number of ROS indicates. Sampling inspections are even rarer events than

CEI, occurring merely once in four years on average. This inspection pattern is some-

what particular to Illinois. While most states almost exclusively use comprehensive

inspections, Illinois, New York, and Pennsylvania make extensive use of reconnais-

sance inspections along with comprehensive inspections. In Illinois, reconnaissance

inspections are much more common than comprehensive inspections and comprise as

much as 80% of all inspections: 13,000 instances of ROS compared to 2,000 instances

of Compliance Evaluation Inspections (CEI) in the period 2000 to 2010.

Forty wastewater treatment plants received at least one non-monetary sanction in the

sampling period, among the 82 that were in non-compliance. On the other hand, merely

three facilities were fined in the sampling period, with one facility fined twice. These

numbers illustrate how many violations occur without any non-monetary sanction, let

alone a monetary sanction.

6 Method: Econometrics

Identification of the Potential Sources of Endogeneity

In this section, the sources of potential endogeneity are identified both in POLS and

in FE, by far the dominant estimation strategy in empirical environmental regulation

studies.

The estimating equation may be concisely rewritten as follows:

yi,t =α0 + α1yi,t−1 + CRi,tδ1 + LRi,tδ2 + JRj,tδ3

+Xi,tγ1 +MDγ2 + Y Dγ3 + ci + vi,t (2)
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where

CRi,t = [ROSi,t; CEIi,t; SAMi,t; NMEi,t; FINEi,t]

LRi,t =

[
12∑
s=1

ROSi,t−s;

12∑
s=1

CEIi,t−s;

12∑
s=1

SAMi,t−s;

12∑
s=1

NMEi,t−s;

12∑
s=1

FINEi,t−s

]

JRj,t =

[
15∑
s=4

NMEj,t−s;

15∑
s=4

FINEj,t−s;

15∑
s=4

NMEj−,t−s;

15∑
s=4

FINEj−,t−s

]

First, we argue that contemporaneous endogeneity, correlation between CRi,t and vi.t,

seems unlikely to be much of a concern for consistent estimation under the NPDES

permit program. This is because, as Earnhart (2004b) noted, regulators are unlikely

to be aware of current performance because regulators depend on reports filed by the

regulated facility following the current period. Even though Magat and Viscusi (1990)

found evidence of endogeneity of current inspections, it is probably because they used

quarterly data, in which case regulators may have enough time to respond within a

quarter based on monthly reports. Laplante and Rilstone (1996) also found evidence

of endogeneity even for monthly data. However, they were not able to include enforce-

ment actions because of the lack of the relevant data. Omitted variable bias seems a

more likely cause than simultaneous determination of emission levels and inspection

decisions.

The once-lagged dependent variable yi,t−1 is also a source of bias both in Pooled OLS

and Fixed Effects estimations. In Pooled OLS, yi,t−1 is necessarily correlated with the

unobserved time-invariant individual term ci, leading to a positive bias in the coeffi-

cient estimate on yi,t−1. On the other hand, for Fixed Effects, within transformation

generates yi,t−1−
∑T

s=2 yi,s−1/(T − 1) and vi,t−
∑T

s=2 vi,s/(T − 1) that are necessarily

correlated with each other as a consequence of a necessary violation of the strict exo-

geneity assumption: that is, yi,t−1 is correlated with vi,t−1. Nerlove (1972) conducted

Monte Carlo simulation on the following simple model,

yi,t = αyi,t−1 + ci + vt + ui,t (3)
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where ci is unobserved individual effect, vt is the time specific effect, and ui,t is id-

iosyncratic error that has no serial correlation. Nerlove showed that FE estimation of

α is indeed inconsistent and is negatively biased. Nickel (1981) derived an analytical

expression for the bias. Some past studies included lagged dependent variables, but

none of them did anything to fix this problem.12 Even though the coefficient estimate

on yi,t−1 itself is not of particular interest, bias in it introduces biases in the coeffi-

cient estimates on other covariates of interest, the magnitude of bias depending on

how strongly they are correlated with yi,t−1. For this reason, this issue should not be

ignored.

The most worrying of all the sources of bias is the endogeneity of direct regulatory

action covariates. In POLS, the correlation between direct regulatory actions (CRi,t

and LRi,t) and the composite error term ui,t (= ci + vit) seems likely to be non-zero.

This is because regulatory actions are a function of past environmental performance,

which in turn is a function of ci. For example, regulators are expected to exert more

regulatory actions for plants that emit inherently more pollution than others because

of unobserved individual characteristics ci. This might be termed cross-sectional re-

verse causality because this endogeneity is an issue when cross-sectional variation is

harnessed for parameter identification. Note that this is different from contempora-

neous endogeneity mentioned above that most previous studies were concerned about

(e.g. Magat and Viscusi 1990; Laplante and Rilstone 1996). This cross-sectional re-

verse causality can be mitigated by FE since the within transformation eliminates a

source of endogeneity, ci. FE, however, instead could introduce another complication

for consistent estimation. Both inspections and enforcement actions are a function of

past environmental performance. Therefore, shocks in past emission levels are most

likely correlated with future inspection and enforcement actions. For these reasons, the

strict exogeneity assumption, which is a necessary condition for consistent estimation

using FE, is most likely to be violated. In this particular application, CRi,t and LRi,t

12For example, Magat and Viscusi (1990) included a 1-year lagged dependent variable as a covariate.
Earnhart (2004a) included the lagged value of average emission levels for the previous year.
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are likely to violate the strict exogeneity assumption. For example, within transformed

CRi,t, CRi,t−
∑T

s=1CRi,t/T are likely to be correlated with vi,t−
∑T

s=1 vi,t/T . Nickel

(1981) showed that the order of bias in α for FE is O(1/T) in model (??). That is, as

t gets larger, the bias becomes negligible. In this study, the data span a fairly large

period, about 70 on average.13 However, as in Nickel (1981), while yi,t−1 is hypothe-

sized to be correlated only with ui,t−1 but not with further-lagged error terms, CRi,t is

also expected to be correlated with far deeper lags of the error term because regulators

base their decisions not only on the performance of the immediate past but also on the

history of performance. Therefore, biases on regulatory activities are likely to be far

more persistent than the bias of the coefficient on yi,t−1 in FE.

Finally, the coefficient on JRi,t will probably not violate the strict exogeneity assump-

tion because non-monetary sanctions and fines on “other” facilities are unlikely to be

correlated with the errors of individual i.

Estimation Strategy

As discussed above, both POLS and FE could produce biased estimates, but for dif-

ferent reasons. Now, we tackle the procedures required to obtain unbiased estimates.

Specifically, we use GMM estimation utilizing the sequential exogeneity condition of

independent variables as first suggested in Anderson and Hsiao (1981) and later in

Arellano and Bond (1991) among others. The sequential exogeneity assumption can

be written as follows:

E[vi,t|Xi,1, Xi,2, . . . , Xi,t] = 0 ∀t (4)

Unlike equation (??), these expressions do not assume that the error is not correlated

with future independent variables. In words past and current explanatory variables are

not correlated with the current idiosyncratic error term. The so-called Arellano-Bond

type GMM starts with taking the first difference of the structural equation (??) in

13The data are unbalanced.
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order to eliminate time-invariant individual specific effects.

∆yi,t =α1∆yi,t−1 + ∆CRi,tδ1 + ∆LRi,tδ2 + ∆JRj,tδ3

+ ∆Xi,tγ1 + ∆MDtγ2 + ∆Y Dtγ3 + ∆vi,t (5)

where ∆qi,t represents the first difference qi,t − qi,t−1. The terms in the equation we

need to pay attention to are ∆yi,t−1, ∆CRi,t, and ∆LRi,t. First, ∆yi,t−1 is necessarily

correlated with ∆vi,t. One option to fix this is to employ Arellano and Bond-type

moment conditions,

N∑
i=1

(vi,t − vi,t−1) · yi,t−s = 0 t = 3, 4 . . . , T s = 2, 3, . . . , T − 1 (6)

However, because the data set is large, it creates very large numbers of moment condi-

tions. Even s = 2 creates more than 90 moment conditions. Having too many moment

conditions can be problematic. First of all, proliferation of moment conditions leads

to substantial bias in the coefficient estimate especially when identification is weak

(Altonji and Segal, 1996; Blundell and Bond, 1998). Second, even when moment

conditions are not weakly identified, a large number of moment conditions leads to

underestimation of standard errors of the coefficient estimates and also to underrejec-

tion of the Hansen test for over-identification (Bowsher, 2002; Newey and Windmeijer,

2009). This has to do with the increasing difficulty in estimating the optimal weight

matrix for two-step GMM as the number of moment conditions increases (Koenker and

Machado, 1998). For these reasons, the following form of moment conditions is more

desirable:
T∑
t=2

N∑
i=1

(vi,t − vi,t−1) · yi,t−s = 0 s = 2, 3, . . . , T − 1 (7)

Note that this moment condition is no stronger than (??) since it is clearly a sufficient

condition for (??). This type of moment condition is equivalent to using yi,t−s as

instruments for yi,t−1 except missing values created by differencing are replaced by 0

as suggested by Holtz-Eakin et al. (1988). At the estimation stage, we limit the depth
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of lags in order to restrict the number of moment conditions further and to avoid weak

identification because we would not expect very deep lags to have much additional

information. Roodman (2008), by means of Monte Carlo simulation, showed that

restricting the number of moment conditions in this way could reduce the magnitude

of bias in the coefficient estimate and also result in a much more reliable Hansen test

of over-identification.

Under the sequential exogeneity assumption, ∆CRi,t is endogenous if CRi,t is correlated

with vi,t−1. In this case, ∆CRi,t needs to be instrumented. As long as the sequential

exogeneity assumption is valid, the following moment conditions are available:

T∑
t=2

N∑
i=1

(vi,t − vi,t−1) · CRi,t−s = 0 s = 1, 2 . . . , T − 1 (8)

However, it is possible that CRi,t and vi,t−1 are indeed uncorrelated. This would

happen if regulators respond to the performance of firm i with a lag greater than one.

How swiftly regulators react is an empirical question.

Finally, under the sequential exogeneity assumption, ∆LRi,t is uncorrelated with ∆vi,t.

This is because the summation of lagged regulatory activities starts from t − 1 not t.

Therefore, we do not instrument them. This is in a stark contrast with FE, where within

transformation makes the transformed error terms contain deeper-lagged error terms,

thus making all the independent variables of direct regulatory activities endogenous.
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Final Specification of GMM

First of all, covariates other than ∆yi,t−1 and ∆CRi,t are instrumented by themselves.

For yi,t−1, we use the following moment conditions for identification,

T∑
t=2

N∑
i=1

(vi,t − vi,t−1) · yi,t−3 = 0 (9)

T∑
t=2

N∑
i=1

(vi,t − vi,t−1) ·Mean Temperaturei,t−1 = 0 (10)

We do not use yi,t−2 as an instrument because the Arellano and Bond test of autocor-

relation indicates that vi,t and vi,t−1 are correlated but vi,t and vi,,t−2 are not, as can

be seen at the bottom of Table ??. Using yi,t−2 additionally as an instrument produces

very similar results except the slightly downward-biased estimate of the coefficient on

yi,t−1. This implies that the magnitude of the serial correlation might be so small as

not to influence the estimation results substantially. However, to be conservative, yi,t−2

is not used as an instrument. Mean temperature at time t − 1 is most likely a valid

instrument since it is an uncontrollable event. Finally, we decided not to instrument

CRi,t because it turned out that they are not likely to be endogenous judging from the

Hansen test for over-identification reported in Table ??. Instrumenting covariates that

are not endogenous merely makes the estimation less efficient.14 Exogeneity of CRi,t

implies that regulators react slowly to the performance of regulated facilities. This of

course does not rule out the possibility that FE is biased. This is because the within

transformation relates the entire history of regulatory actions and error terms while

the first difference transformation relates regulatory activities with the error term of

the immediate past. This point and the robustness of the two-step GMM estimation

results are discussed further below.

14Instrumenting CRi,t with CRi,t−1 does render the estimation less efficient, but the qualitative results
remain the same.
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7 Results and Discussion

Comparison of the estimation results

Estimation results of Pooled OLS and Fixed Effects are presented along with the results

of the two-step GMM in order to illustrate the differences between models. Table ??

reports all the estimation results.15 First, in the Pooled OLS results, most of the

coefficient estimates are positive, contrary to what economic theory would predict. In

particular, the number of non-monetary sanctions in the past year has a statistically

significant positive effect on the TSS emission level. These results suggest that the

Pooled OLS estimates are biased upward. The Fixed Effects model appears to offer

marginal improvement. For most of the variables, the coefficients are slightly less

positive or “more” negative than those in Pooled OLS. This implies that the Fixed

Effects model might have mitigated some biases from cross-sectional reverse causality.

However, the number of non-monetary sanctions in the past year is still positive and

statistically significant.

Comparing the estimation results of GMM to POLS and FE, first, most of the coeffi-

cient estimates are more negative than those of POLS and FE. For some coefficients,

the difference is substantial. The number of monetary sanctions in the past year is

negative and now statistically significant, while it is positive in POLS and marginally

negative in FE, both insignificant. Moreover, the number of non-monetary sanctions

within the preceding 12 months is negative and statistically insignificant, while it is

positive and statistically significant in POLS and FE. These results imply that POLS

and FE might have underestimated the true effect. Note that many studies have found

a negative and statistically significant effect of monetary sanctions even with POLS

and FE. The point is that they might have underestimated substantially its true effect.

The general conclusion is that both POLS and FE could cause substantial biases in the

15For the sake of space, coefficient estimates on covariates other than yi,t−1 and regulatory activities are
omitted from the table.
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coefficient estimates of regulatory activities and sometimes the biases could be large

enough that the policy implications drawn from them could be misleading. For ex-

ample, for this particular study, both POLS and FE results imply that non-monetary

sanctions increase emission levels rather than reduce them, and that monetary sanc-

tions have no effect.

It is worth noting that the types of biases from using POLS and FE identified in this

study are by no means limited to the Clean Water Act. They are of significant concern

to empirical analysts in any regulatory framework where two agents (regulators and

regulated agents) interact with each other dynamically, affecting each other’s decision

making over time. Examples of such environmental statues include the Clean Air Act

(e.g. Deily and Gray 1996; Gray and Shadbegian 2005) and the Resource Conservation

and Recovery Act (e.g. Stafford 2002). Another regulatory regime that has been given

considerable attention is the effectiveness of inspections by the Occupational Safety

and Health Administration (e.g. Gray and Jones 1991; Gray and Mendeloff 2005).

Policy Implications

Inspection

Table ?? suggests that the number of sampling inspections within the preceding 12

months is statistically significant at the 10% level. On the other hand, non-sampling

inspections, ROS and CEI, seem to have failed to provide enough threat to polluters to

induce a response. Considering that sampling inspection is the most stringent of all the

inspection types, these results make economic sense. However, sampling inspections

are very expensive both in terms of money and human resources, considerably more so

than ROS and CEI (Helland, 1998). Yet, the deterrence effect seems to be marginal

(even though it is statistically significant.), its magnitude being only about 1.5% of

the permitted level. Thus, regulators need to weigh its costliness against its effects.

ROS, an inspection type extensively used in Illinois, seems to have no statistically
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significant deterrence effect. Even though frequent ROS may indicate “presence of

regulatory activity” as suggested by Helland (1998), the regulatory tiger appears to

be toothless. Considering the amount of effort regulators have put into this type of

inspection, this result is rather disappointing. It is true that inspections have other

roles, such as checking the accuracy of reporting and gathering information for future

prosecution, among others (U.S. EPA 1990). However, ROS is very limited in those

aspects as well, when compared to sampling inspections, because ROS involves only a

quick visual inspection of a facility. Therefore, it might be sensible for state regulators

to reallocate resources away from ROS to sampling inspections.

Regulated plants’ unresponsiveness to inspections is not surprising. Unlike other

statutes where inspection is the only means to reveal the performance of regulated

agents (for example, OSHA), all the agents regulated under the Clean Water Act self-

report their emission levels and are under continuous pressure of consistency checks for

the validity of their reports. Therefore, inspections are unlikely to add to threats for

reducing pollution discharges.

Sanction

Non-monetary sanctions appear to have no statistically significant deterrence effect

for TSS emitters. This result is surprising. Regulators use non-monetary sanctions

most of the time in response to violations before they impose fines. Therefore, non-

monetary sanctions could signal a future monetary sanction if the polluters remain in

non-compliance. So, once a non-monetary sanction is imposed, the polluter has an

incentive to bring down emission levels to avoid future monetary sanctions. Yet, esti-

mation results do not support this hypothesis. Monetary sanctions, on the other hand,

have a statistically significant specific deterrence effect. Plants that were fined within

the past year emit on average about 0.1 ratio points less than otherwise. A fine im-

position on “other” plants in the “same” jurisdiction also has a statistically significant

deterrence effect. This deterrence effect is the so-called general deterrence effect and
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consistent with the findings of Shimshack and Ward (2005). Interestingly, however,

in our study the magnitude of the deterrence effect of direct fine imposition (specific

deterrence) is much larger than that of indirect deterrence through the regulator’s rep-

utation building (general deterrence effect). This contrasts to Shimshack and Ward’s

(2005) study, where the general deterrence effect was found to be much larger than the

specific deterrence effect. The difference in the relative magnitude might be because

Shimshack and Ward (2005) underestimate the true effect of the specific deterrence ef-

fect. Another possibility is that there are differences in the dischargers we are looking

at. Our study looks at wastewater treatment plants that are publicly owned, and whose

primary objective is not to make a profit. On the other hand, Shimshack and Ward

(2005) consider pulp and paper companies that seek to maximize their profits. It is

possible that wastewater treatment plants are less concerned to observe how regulators

in their jurisdiction treat other firms than profit-seeking companies. Nonetheless, the

impact of the general deterrence effect is non-negligible. For example, suppose there

are 7 plants in a jurisdiction and one of them is fined. Then, based on our results, the

reduction in emissions from general deterrence is −0.133 (= 7×−0.019) ratio points,

which is equivalent in scale to the emission reduction in the fined plant, −0.129. One

can expect a greater reduction in emissions from the general deterrence effect when

there are more firms in the same jurisdiction. Neither non-monetary nor monetary

sanctions on “other” firms in “other” jurisdictions is statistically significant. This in-

dicates that the general deterrence effect is contained within the jurisdiction where

fine imposition takes place and does not penetrate across the jurisdictions, even when

jurisdictions are relatively small and within the same state.
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8 Robustness of the GMM Estimation and a

Test for Strict Exogeneity Assumption

In GMM estimation, it is crucial to select moment conditions carefully so that iden-

tification is not weak and the conditions are valid. First, it has been increasingly

recognized that weak identification leads to seriously biased estimates.16 In order to

see if weak identification is an important concern in this particular application, the

Limited Information Maximum Likelihood (LIML) estimator can be used for a refer-

ence point to GMM estimation (Angrist and Pischke, 2009). LIML is known to be

robust to weak identification even though it is not efficient when the variance covari-

ance matrix is not an identity matrix (Anderson et al. 2011). Thus, large differences in

the estimates signal the weak identification problem. As shown in Table ??, estimation

results of GMM and LIML are very similar. This indicates that weak identification

is unlikely to be a serious issue in the two-step GMM estimation. GMM was chosen

over LIML for efficiency. Even without heteroscedasticity or serial correlation, first

difference transformation creates a particular form of variance covariance matrix of the

errors as shown in Roodman (2009), which renders LIML comparatively less efficient.

Second, satisfaction of all the moment conditions is crucial for consistent estimation.

In order to keep the Hansen test valid as much as possible, careful attention was paid

not to use many moment conditions. In order to see if the Hansen test has some level of

validity to detect the violation of moment conditions, the following moment condition

was added:
T∑
t=2

N∑
i=1

(vi,t − vi,t−1) · yi,t−1 = 0 (11)

This condition is bound to fail since yi,t−1 is a function of vi,t−1. If the Hansen test

cannot reject the null hypothesis, one can never expect that it detects more subtle

over-identification problems. The p-value of the Hansen test is 0.000. Of course, this

merely indicates that the Hansen test at least bears a minimal level of validity to detect

16See the 1996 special issue of the Journal of Business and Economic Statistics on GMM estimation.
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violations of moment conditions. The final specification passed a minimal test for its

validity, as can be seen from the Hansen test shown at the bottom of Table ??.

As previously mentioned, we ended up not instrumenting for CRi,t. That is, we used

the following moment condition assumption for the GMM estimation,

T∑
t=2

N∑
i=1

(vi,t − vi,t−1) · (CRi,t − CRi,t−1) = 0 (12)

The Hansen test suggests this moment condition is indeed not violated, which implies

CRi,t and vi,t−1 are uncorrelated. This casts some doubt on my claim that CRi,t vio-

lates the strict exogeneity assumption. Therefore, we checked if the violation of strict

exogeneity is indeed present following the testing method suggested in Wooldridge

(2010). The test is done by adding the forwarded covariates suspected of violating

the strict exogeneity assumption in the original Fixed Effects model and then checking

if their coefficients are individually statistically significant. If those covariates do not

violate the assumption, they should not have any explanatory power. Here, the sus-

pected covariates are CRi,t and LRi,t and the test involves adding variables equal to

the sum of each of these for the coming 12 months. Table ?? shows the FE estimation

results with the additional forwarded covariates. The presence of a fine in the past

year, contemporaneous non-monetary sanctions, and non-monetary sanctions in the

past year are all statistically significant. Thus, we conclude that the strict exogeneity

assumption regarding these variables is indeed violated. Further, these tests also sug-

gest that biases for these variables from FE may be particularly severe. In fact, the

most important changes in the coefficient estimates on non-monetary and monetary

sanctions in the past year are apparent in comparing the FE and GMM estimates. It is

also interesting to note that none of the inspection covariates is statistically significant

in Table ??. This suggests that regulators are more responsive to facility performance

when making enforcement decisions than for inspections.
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9 Concluding Remarks

In this study, we examine empirically the effectiveness of regulatory actions on an

environmental performance indicator (Total Suspended Solids) of wastewater treatment

plants in Illinois. Reconnaissance inspections without sampling, into which the state of

Illinois has allocated considerable amount of resources and time, are found to have no

deterrence effect. The effect of sampling inspections is statistically significant, but the

magnitude of their impact is fairly small. we also found that the relative magnitude

of the general deterrence effect to the specific one is smaller in wastewater treatment

plants than in the previously-studied pulp and paper industry. Yet, the magnitude

of general deterrence effect in wasterwater treatment plants is non-negligible. This

supports Shimshack and Ward’s (2005) claim that substantially more improvement in

environmental performance can be achieved by imposing fines than previously thought.

Considering the significance of the general deterrence effect, it seems important to

understand its mechanism and impact in different settings. My findings contribute

to this broader question. Specifically, we find that the general deterrence effect is

contained within the same jurisdiction, and does not spill over across jurisdictions.

Importantly, potential sources of endogeneity in POLS and FE are identified and then

tackled by means of GMM utilizing sequential exogeneity assumptions. Comparing

estimation results from POLS and FE with GMM indicates that previous studies that

used either POLS or FE might have underestimated the true impact of regulatory ac-

tivities on environmental performance. The types of biases from using POLS and FE

identified in this study are of significant concern to empirical analysts in any regula-

tory framework where two agents (regulators and regulated agents) interact with each

other dynamically, affecting each other’s decision making over time. Re-evaluating the

effectiveness of inspections and enforcement actions under the CAA, RCRA, and by

OSHA may lead to different conclusions than those in previous studies. Our results

support the finding that endogeneity issues can significantly bias conclusions about reg-

ulatory effectiveness and need to be addressed properly in order to provide an accurate
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analysis.
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Table 1: Summary Statistics

variable mean sd min max
TSS ratio 0.35 0.31 0 12.17

ROS 0.51 0.5 0 1

ROS 1-12 months ago 6.39 3.22 0 12

CEI 0.07 0.25 0 1

CEI 1-12 months ago 0.78 0.6 0 4

Sampling inspection 0.02 0.15 0 1

Sampling inspection 1-12 months ago 0.28 0.54 0 5

Non-monetary sanction 0.01 0.07 0 1

Non-monetary sanction 1-12 months ago 0.07 0.38 0 6

Monetary sanction 0.0002 0.01 0 1

Monetary sanction 1-12 months ago 0.003 0.05 0 1

Non-monetary sanction 4-15 months ago 3.49 3.19 0 11
on other plants in the same jurisdiction

Monetary sanction 4-15 months ago 0.13 0.34 0 1
on other plants in the same jurisdiction

mean temperature 50.66 17.65 11.11 81.96

Precipitation 0.09 0.05 0 0.51

Median income ($1000) 52.44 14.41 24.95 77.85

High school graduation rate 0.2 0.05 0.13 0.31

College degree rate 0.1 0.04 0.04 0.18

Unemployment rate 0.06 0.01 0.02 0.11
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Table 2: Estimation Results

Pooled OLS Fixed Effects GMM
yi,t−1 0.613∗∗∗ 0.417∗∗∗ 0.409∗∗

(0.042) (0.052) (0.178)

ROS 0.003 0.002 -0.001
(0.004) (0.003) (0.004)

ROS 1-12 months ago 0.002 0.001 -0.005
(0.001) (0.001) (0.004)

CEI -0.003 -0.008 -0.007
(0.005) (0.005) (0.006)

CEI 1-12 months ago 0.003 -0.004 0.003
(0.004) (0.003) (0.006)

Sampling inspection -0.002 -0.005 -0.016
(0.010) (0.009) (0.011)

Sampling inspection 1-12 months ago 0.006 -0.002 -0.014∗

(0.005) (0.005) (0.008)

Non-monetary sanction 0.076 0.051 0.056
(0.040) (0.038) (0.077)

Non-monetary sanction 1-12 months ago 0.072∗∗∗ 0.043∗∗∗ -0.033
(0.013) (0.015) (0.051)

Fine -0.108 -0.148 -0.253
(0.155) (0.157) (0.247)

Fine 1-12 months ago 0.071 -0.015 -0.129∗∗∗

(0.069) (0.049) (0.044)

Non-monetary sanction 4-15 months ago 0.000 -0.001 0.003
on “others” in the “same” jurisdiction (0.001) (0.001) (0.005)

Fine 4-15 months ago 0.006 0.011 -0.019∗∗

on “others” in the “same” jurisdiction (0.007) (0.008) (0.010)

Non-monetary sanction 4-15 months ago -0.002∗ -0.002∗∗ -0.002
on “others” in the “other” jurisdictions (0.001) (0.001) (0.001)

Fine 4-15 months ago 0.002 0.002 -0.000
on “others” in the “other” jurisdictions (0.003) (0.003) (0.007)

weather variables included included included
local community characteristics included included included
month dummies included included included
year dummies included included included
Intercept included included No intercept
Hansen test (χ2

1) [p-value] 0.700 [0.403]

AB-AR(1) test [p-value] -3.198 [0.001]

AB-AR(2) test [p-value] -0.090 [0.928]

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3: Test of strict exogeneity of the regulatory activities on selves

Fixed Effects
Forwarded ROS 0.002

(0.85)

Forwarded ROS -0.000
1-12 months ago (-0.16)

Forwarded CEI 0.006
(1.32)

Forwarded CEI -0.001
1-12 months ago (-1.81)

Forwarded sampling inspection 0.003
(0.58)

Forwarded sampling inspection -0.000
1-12 months ago (-0.11)

Forwarded Non-monetary sanction 0.065∗∗∗

(4.57)

Forwarded Non-monetary sanction 0.005∗∗

1-12 months ago (2.34)

Forwarded Fine 0.177
(0.87)

Forwarded Fine 0.037∗∗∗

1-12 months ago (9.71)

yi,t−1 included
Regulatory activities variables included
Weather variables included
Local community characteristics included
Month dummies included
Year dummies included
N 14027

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

The coefficient estimates on all the other covariates are not reported for the sake of space.
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Table 4: Robustness of the two-step GMM estimation

GMM LIML
yi,t−1 0.409∗∗ 0.372

(-0.178) (-0.226)

ROS -0.001 -0.001
(-0.004) (-0.004)

ROS 1-12 months ago -0.005 -0.005
(-0.004) (-0.004)

CEI -0.007 -0.008
(-0.006) (-0.007)

CEI 1-12 months ago 0.003 0.002
(-0.006) (-0.006)

Sampling inspection -0.016 -0.014
(-0.011) (-0.01)

Sampling inspection 1-12 months ago -0.014∗ -0.014
(-0.008) (-0.01)

Non-monetary sanction 0.056 0.048
(-0.077) (-0.084)

Non-monetary sanction 1-12 months ago -0.033 -0.041
(-0.051) (-0.052)

Fine -0.253 -0.294
(-0.247) (-0.235)

Fine 1-12 months ago -0.129∗∗∗ -0.141
(-0.044) (-0.095)

Non-monetary sanction 4-15 months ago 0.003 0.002
on “others” in the “same” jurisdiction (-0.005) (-0.005)

Fine 4-15 months ago -0.019∗∗ -0.019
on “others” in the “same” jurisdiction (-0.01) (-0.013)

Non-monetary sanction 4-15 months ago -0.002 -0.002
on “others” in the “other” jurisdictions (-0.001) (-0.002)

Fine 4-15 months ago 0 -0.002
on “others” in the “other” jurisdictions (-0.007) (-0.007)

weather variables included included
local community characteristics included included
month dummies included included
year dummies included included
Intercept No intercept No intercept
Hansen test (χ2

1) [p-value] 0.700 [0.403] 0.364 [0.546]

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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