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the level of enforcement. The results imply that when helicopter flying

conditions lead to more inspectors being sent on fewer inspections, the
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1. INTRODUCTION

Inspecting offshore oil and gas platforms (facilities) is a costly endeavor. In 2010, the bud-

get of the United States Bureau of Ocean Energy Management, Regulation and Enforcement

(BOEMRE) for inspections was $23 million. However, there are over 3,000 offshore produc-

tion platforms in the Gulf of Mexico alone, which must be inspected at least once every year.1

Currently, these inspections are carried out by a staff of only approximately 55 inspectors

who have other duties including inspecting pipelines, drilling rigs, and meters recording pro-

duction for royalty payments. Since the BP Deepwater Horizon spill, there have been calls for

significant increases in BOEMRE’s budget and stepped up government enforcement activity.

The 2012 fiscal year budget for BOEMRE doubled to $500 million, with the call to “hire

new oil and gas inspectors”.2

An increase in the number of inspectors will likely result in an increase in the frequency

of inspections, but it could also allow for an increase in the number of inspectors that are

sent to each platform. There is a vast literature investigating the extensive margin through

frequency of inspections; however, little has been said on the effect of increasing inspection

intensity.3 Here we focus on the intensive margin where we are interested in the effects of in-

creasing the inspection group size on the enforcement actions taken. If inspectors are already

optimally detecting and punishing violators, then increasing the number of inspectors is un-

likely to result in any newly detected violations and would be inefficient. On the other hand,

increasing the number of inspectors might increase the number of violations detected and

punished if there are currently too few inspectors or if the dynamics of the inspector-regulator

relationship are significantly altered. Recent anecdotal stories of industry pressure (or even

“capture”) of inspectors in the nuclear, coal mining, and oil drilling industries highlight the

1Outer Continental Shelf Lands Act of 1953 (as amended).
2Budget of the United States Government, Fiscal Year 2012, p. 101.
3The exception is the analysis of Coast Guard enforcement activities to prevent oil spills from tankers,

e.g., Epple and Visscher [1984], Cohen [1987], Grau and Groves [1997], and Gawande and Wheeler [1999].
However, these studies do not examine individual inspections and instead look at aggregate measures such
as the number of hours devoted to inspection resources in a district in a quarter.
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importance of understanding the role that inspectors play in ensuring compliance. For exam-

ple, if sending two inspectors instead of one changes the dynamics of the inspector-regulated

platform relationship, those two inspectors might detect and punish more violations than if

a sole inspector were to inspect the platform.

Important limitations to investigating the effect of an additional inspector are endogeneity

and selection bias. The discovery that more inspectors find more violations, for example,

could be due to the targeting of poor performers with more inspectors, and not due to the

increased number of inspectors. We use weather as an instrumental variable for the number

of inspectors to identify causal effects on the level of enforcement. Inspections of offshore oil

and gas platforms require the use of helicopters to take inspectors to production platforms;

however, whether a helicopter can fly depends on weather conditions. When helicopters are

restricted to certain areas of the Gulf because of bad weather, inspection plans must be

modified, and more inspectors are sent on fewer inspections [personal communication with

a lead inspector].

We use a unique dataset of inspections of offshore platforms in the Gulf of Mexico to

investigate the effect of an additional inspector on the stringency of an enforcement action.

The results imply that when an inspection on the margin of an having additional inspector

added is given an additional inspector, the inspection is likely to result in a more stringent

enforcement action. The instrumental variables estimates focus on variation in the number

of inspectors assigned to marginal platforms—platforms in which it is not obvious what the

ideal number of inspectors should be. We find that increasing the number of inspectors results

in an increased number of severe sanctions, implying that enforcement could be improved

by adding manpower to inspections. That we do not see an increase in the number of all

enforcement actions, but only in the stringency of enforcement actions, suggests that the

additional inspector provides more than only an extra pair of eyes. To further understand

why an additional inspector matters, we consider several alternative explanations—group
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dynamics and regulatory capture. First, we examine the effect of conducting the inspection

in a familiar group (as opposed to a group that has not worked together before) and find

no effect. Second, as a measure of regulatory capture, we examine whether the enforcement

actions are affected by the frequency with which an inspector has visited the platform or the

operator before. Using these measures we find no evidence of regulatory capture.

2. PRIOR LITERATURE ON INSPECTIONS AND INSPECTORS

Previous literature on inspections and enforcement of environmental regulation has gen-

erally focused on deterrence, i.e., whether increased government resources are correlated

with higher compliance and/or improved environmental performance. For example, Magat

and Viscusi [1990] and Laplante and Rilstone [1996] studied the effect of environmental en-

forcement on traditional pollution sources in the pulp and paper industry, while Epple and

Visscher [1984], Cohen [1987], Grau and Groves [1997], and Gawande and Wheeler [1999]

examined enforcement of regulations designed to reduce oil spills from tankers and barges.

While previous empirical literature has not attempted to sort out the underlying moti-

vation of inspectors, as Makkai and Braithwaite [1992] note, enforcement agencies might

become “captured” by the regulated industry. They identify three variations of capture the-

ory: (1) inspectors who come from industry are more likely to be loyal to the regulated party;

(2) the longer an inspector has been on the job, the more likely he or she is to be captured;

and (3) inspectors who view the industry as a future career path are more likely to be le-

nient on industry. One of the few empirical studies on the relationship between inspectors

and regulated parties, Makkai and Braithwaite [1992], analyzes the enforcement practices

of 173 nursing home inspectors. In addition to conducting an extensive survey to determine

the inspectors’ underlying demographics and industry attitudes, Makkai and Braithwaite

collected data on nursing home inspections conducted by these inspectors. Besides measur-

ing the “capture” variables directly, their survey instrument provided insights into inspector

attitudes and uncovered three latent variables, which they called capture scales: (1) sympa-
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thize with the home’s problems, (2) identify with the industry, and (3) toughness. Makkai

and Braithwaite [1992] find only limited support for capture theory; their most significant

finding is that as the inspectors’ identification with the industry increased, the compliance

ratings they gave became higher.

Potentially related to the issue of regulatory capture is the fact that enforcement agencies

may take on different styles. As Gunningham [1987] notes, there are “two enforcement styles

or strategies: those of deterrence and compliance.” Operationally, inspectors who utilize a

deterrence strategy would be expected to issue a lot more citations and undertake punitive

actions against violators compared to inspectors who view their role as one of cooperation and

compliance. To date, little has been written on the styles used by environmental enforcement

agencies.4 While we do not have direct evidence on enforcement style, in our study, we

explicitly control for individual inspector stringency, prior inspection experience, as well

as previous inspections of the operator and/or platform being inspected to identify both

whether there is a pattern of past inspector behavior and whether these factors help predict

current enforcement strategy.

Previous studies of inspectors have focused on individual behavior. Yet, inspectors do

not always operate alone. Instead, they oftentimes inspect a regulated party as part of a

team. Thus, it is possible that group dynamics might also come into play when inspecting a

regulated platform. For example, inspector groups might adopt a norm of being either harsh

or lenient on the regulated platform. While we are unaware of any literature addressing this

issue in the context of inspectors, inspector attitudes toward the regulated party and/or

community might affect their approach to enforcement. For example, Harrison [1995] finds

4One exception is Harrison [1995], who compares the different approaches to enforcement policy existing
in the U.S. and Canada. Harrison characterizes the strategy in Canada to be “cooperative” relative to the
more stringent approach adopted in the U.S. Canadian enforcement officials are more willing to negotiate
and revise compliance programs instead of forcing compliance or imposing a sanction. Empirically, Harrison
finds that Canadian pulp and paper mills are not in compliance as much as those in the U.S. Moreover, she
shows that U.S. enforcement is more evenhanded across plants, suggesting that Canadian officials are more
likely to give in to plants that face higher control costs.
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that facilities in Canada are likely to have lower enforcement levels when unemployment is

high. Outside of the regulatory enforcement literature, there is some evidence that group

norms can play an important role in the severity of punishment.

Bernhard et al. [2006] and Chen and Li [2009] find that individuals are more likely to

punish norm violators when those violations occur by an “out-group” member as opposed to

an “in-group” member. Thus, to the extent a group of inspectors are captured or otherwise

identify with the regulated party, they might be less inclined to punish a violator than a

group of inspectors without such a strong identification. In this paper, we also examine the

group dynamics of inspectors—by measuring the number of times that a group of inspectors

have been together, how often they have inspected the current production platform, etc.

One of the difficulties of studying enforcement is that inspection activities are endogenous—

i.e., enforcement agencies are likely to target their resources toward the worst actors. In fact,

simple correlations often show a negative relationship between enforcement and compliance.

Thus, Gray and Shimshack [2011] notes that studies of deterrence might underestimate the

true impact of enforcement if they do not control for endogeneity, and that some authors have

attempted to control for this problem by using lagged enforcement variables. In some cases, an

instrumental variables approach has been employed to test for deterrence. For example, Gray

and Shadbegian [2005] use two methods: (1) replacing firm-specific enforcement variables

with lagged enforcement and (2) estimating a “predicted value of enforcement.” However, as

Gray and Shadbegian [2005] (249) note “The possible problem with both of these methods

is that some endogeneity may remain: for lagging, if there is serial correlation in both the

enforcement and compliance decisions, and for predicting, if the explanatory variables used

in the first stage are not completely exogenous.” In this paper, we have a similar endogeneity

problem - as inspectors might be targeted towards specific production platforms. We control

for this potential selection effect by examining the impact of exogenously-induced inspectors

due to changes in daily weather patterns.
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3. BACKGROUND ON INSPECTIONS IN THE GULF OF MEXICO

BOEMRE is the agency with primary responsibility for conducting inspections of offshore

production platforms in the U.S.5 The primary goal of inspections is to verify that platforms

are being operated in a safe manner according to all laws and regulations listed in the

National Possible Incident of Non-Compliance (PINC) list.

Production inspections are required for all production platforms at least once annually

for compliance with safety regulations, accurate recordkeeping, and proper maintenance.

BOEMRE uses contract helicopters to fly inspectors to offshore production platforms. The

budget for BOEMRE helicopters in 2007 was $12.5 million [Offshore Energy and Minerals

Management, 2009]. The agency reported that 55 inspectors go offshore every day, weather

permitting. In Fiscal Year 2009, there were 614 drilling inspections, 3,862 production inspec-

tions, 296 workover and completion inspections, 7,201 meter inspections, 63 abandonment

inspections, and 4,765 pipeline inspections in the Gulf of Mexico.6 This study analyzes pro-

duction inspections

An inspection group can range from one to six inspectors. In approaching the platform

with a helicopter, the inspector looks at the surrounding water for pollution, any drilling,

or vent gas. Upon landing, the inspector walks around the platform to check its general

condition, while reviewing the PINC list to determine if violations have occurred. After

the walk around, the inspector starts the paperwork review, and determines the operating

ranges and safety device set points. If there is more than one inspector in the group, as one

inspector begins the paperwork review, any other inspectors will begin testing safety devices

with the operator. The operator tests the devices while the inspector verifies that the safety

device is “set” within the allowable range, and “trips” at the set point or within the correct

5BOEMRE was formerly the Minerals Management Service (MMS), which was renamed on June 21, 2010;
thus most of the data analyzed in this paper was for compliance inspections while the agency was called
MMS. On October 1, 2011, BOEMRE was split into two agencies, with the newly titled Bureau of Safety
and Environmental Enforcement (BSEE) having responsibility for compliance inspections.

6http://www.gomr.boemre.gov/homepg/regulate/regs/laws/enforc.html
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tolerance of the set point. General violations and specific safety equipment failures are given

“Incidents of Noncompliance” (INCs). These INCs are classified into three categories: (1) a

warning (W), in which the operator is ordered to address the problem; (2) a component shut-

in (C), requiring the operator to suspend the operation of a piece of equipment that is not

functioning properly, which may or may not hinder production; and (3) a facility shut-in (F),

which requires cessation of all production on the platform until the problem is mitigated and

verified during a follow-up inspection. In addition, INCs can be referred for a civil penalty

review. Any violations are written on the inspection form, and the INCs are written and

given to the company representative, who reads the INC and is asked if he or she has any

questions. The company representative signs the INC sheet and is told to return a copy

within 14 days. The inspector then returns to the district office. The lead inspector verifies

the data. The file clerk forwards completed inspections to the supervisory inspector for his

or her review [Offshore Energy and Minerals Management, 2009]. If a company contests the

INC, the supervisory inspector may rescind the INC.

Enforcement actions taken by BOEMRE inspectors may be more than simple slaps on the

wrist. Indeed, BOEMRE estimates that a facility shut-in costs a large production platform

over $900,000 a day.7 While the bulk of enforcement actions result in the less severe INCs,

warnings and component shut-ins, about 2.4% of all production inspections result in a facility

shut-in—amounting to millions of dollars annually in costs to the industry [Muehlenbachs

et al., 2011].

Since the inspection of offshore production platforms relies upon the ability of helicopters to

transport inspectors to and from offshore platforms, weather conditions may disrupt normal

inspection schedules. On average, bad weather results in inspectors only being able to fly

80% of the time [Offshore Energy and Minerals Management, 2009]. However, there are

also occasions where bad weather does not completely ground flights, but instead alters the

7http://www.noia.org/website/download.asp?id=40069
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number of inspections performed and the number of inspectors sent on an inspection. Since

the platforms to be inspected are determined before weather conditions are known, if there

is bad weather restricting the flights to one area of the district, inspectors will be “doubled

up” [personal communication with a lead inspector].

The inspection program is directed by the New Orleans regional office, with inspection

offices located in five different districts of the Gulf: Houma, Lafayette, Lake Charles, Lake

Jackson, and New Orleans. Prior to October 1, 2003, inspections in the district that is

now Lake Jackson were conducted from two different airports, Corpus Christi and Lake

Jackson. To reduce the annual budget, BOEMRE closed the Corpus Christi subdistrict

office, transferring all inspection responsibilities to the Lake Jackson office [MMS, 2004].

After this closure, Lake Jackson became the district with the most dispersed platforms in

the Gulf of Mexico. Having one airport, instead of two, resulted in inspections being more

dependent on weather conditions. As can be seen in Figure 1, after the closure of the Corpus

Christi office, the number of inspectors per inspection is more closely correlated with the

standard deviation in wind speed across the district. Figure 1 shows quarterly averages of the

standard deviation in wind speed at 8 a.m. as well as the daily mean number of inspectors

per inspection. As the standard deviation in wind speed across the area increases, so do

the number of inspectors on an inspection, and this is particularly pronounced after all

inspections originated from the same airport.
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Figure 1.— Instrumenting for the Number of Inspectors with Variation in Wind Speed:
Quarterly data obtained by averaging the 8 a.m. standard deviation of wind speed across
Corpus Christi and Lake Jackson. Vertical line indicates when Corpus Christi was incorpo-
rated into the Lake Jackson District.
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Figure 2.— The boundaries of Lake Jackson and the former Corpus Christi subdistrict.

4. ESTIMATION STRATEGY

We are interested in whether increasing the number of inspectors conducting an inspec-

tion changes the likelihood that violations of different severity are detected and cited. We

run multiple regressions with different outcome variables including the number of warnings,

the number of component shut-ins, and the number of facility shut-ins issued during an in-

spection. Inspectors might not only change the aggregate number of INCs they write, but

they might also change the distribution of citations given; for example, they may by shift

from warnings to component shut-ins or from component to facility shut-ins. Thus, we also

examine a weighted combination of the INCs.8 We are interested in the enforcement action

(INC) given by inspector (or inspector group), i, to platform p at time t:

8The weights are taken from the formula that BOERME uses to calculate an Operator Safety Index: one
facility shut-in is equivalent to four warnings or two component shut-ins [Slitor, 2000].
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(1) INCipt = ϕ+ ϑInspectorsipt + Ppt%1 + Iit%2 + Opt%3 + µt + εipt

where Inspectorsipt is the number of inspectors that conducted the inspection. We allow

INCs to depend on platform characteristics, P, which include age, distance to shore, water

depth, production, complexity, whether it is attended at least eight hours a day, the number

of wells drilled, a weighted average of INCs in the past; inspector characteristics, I, which

include the inspector’s propensity to give INCs and an indicator for whether one of the

inspectors is new; and operator characteristics, O, which include the number of other com-

panies that have a working interest in the lease, the percent working interest of the operator,

and the number of other platforms operated by the operator. We allow platforms to differ

across quarters by estimating separate fixed effects for inspections occurring in each quarter

of each year: µt is a fixed effect for the quarter-year combination. εipt is a mean-zero residual.

A problem arises in estimating equation (1) because the number of inspectors in a group

might not be randomly assigned. For example, it is possible that more inspectors are sent

to facilities that are prone to violations, and therefore the covariance between the number

of inspectors and εipt is positive. In this example, the ordinary least squares (OLS) estimate

of the effect of an additional inspector would be biased upward. Therefore, to deal with

the endogeneity of the number of inspectors, we instrument for the number of inspectors

using the standard deviation in wind speed across the district on the day of the inspection

(SDWSPD):

(2) Inspectorsipt = α + βSDWSPDt + Pptδ1 + Iitδ2 + Optδ3 + µt + εipt

The difference in INCs across bad weather days can be used to measure the local average
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treatment effect (LATE): the effect for platforms given more inspectors on the basis of bad

weather [Imbens and Angrist, 1994]. The effect of the extra inspector is revealed only for the

platforms that received an additional inspector due to weather. It does not tell us about the

effect of an extra inspector on those platforms that would not get an extra inspector even in

bad weather. We can only determine the effect on the subpopulation of platforms that had

a change in inspector group size because of the weather.

In order to measure a LATE, weather must be a random variable that is independent of the

error term in the enforcement equation. In order to use the variation in wind speed across the

district as an instrument for the number of inspectors, the wind speed variation must also

be independent of the error term in the enforcement equation. For example, there would be

a problem if variation in wind speed also meant that there were high winds at the platforms

being inspected, which also resulted in a higher number of INCs than otherwise would have

occurred under normal wind speeds. It is therefore worth noting that neither In theory, this

might not be the case if a large difference in wind speeds across the district also meant that

there were high winds at one of the platforms being inspected, resulting in a higher number

of INCs than otherwise would have occurred under normal wind speeds. We find that mean

wind speed on the day of the inspection (as well as the wind speed closest to the platform)

does not determine the number of enforcement actions. If weather was bad enough to cause

structural damage, helicopters would be grounded and we would have no observations of

inspections anyways. We find that the mean wind speed in the district is a weak instrument

for the number of inspectors, but do find that the standard deviation in wind speed across

the district is a sufficiently strong instrument. We also require a monotonicity assumption

that variation in wind speed would not result in fewer inspectors being sent to a platform.

Note that a LATE is not necessarily equal to an average treatment effect. LATE represents

a weighted average response to a unit change in treatment, where the weight is proportional

to the number of platforms that get an additional inspector because of weather [Imbens and
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Angrist, 1994, Angrist and Imbens, 1995]. Therefore the stronger the effect of weather on

a particular level of group size increase, the greater the weight placed on the effect of that

increase.

5. DATA AND DESCRIPTIVE STATISTICS

5.1. Inspections

We use a unique dataset of inspections in the Gulf of Mexico obtained from BOEMRE.

The dataset contains information on the enforcement action (INC) taken, as well as whether

the INC was submitted for civil penalty review or finally rescinded. Each observation has an

identification code for each inspector who conducted the inspection. With this identifier, we

calculate variables such as the number of times an inspector visited the platform prior to the

inspection or the fraction of an inspector’s past inspections that resulted in an enforcement

action. We also keep track of the number of times each combination of inspectors was grouped

together in the past. We construct these variables using the full dataset dating back to 1986,

and then we examine the effect of these variables on inspections starting in 2003.
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TABLE I

Summary Statistics

Mean Std. Dev. Min. Max.
Weather Variables:
Std. Dev. WSPD (m/s) 1.88 .919 .269 6.29
Mean WSPD (m/s) 7.27 2.44 1.5 18.8
WSPD at Closest Buoy 7.31 2.99 .488 20.7
Hurricane (2 months post) .0874 .282 0 1
Platform Characteristics:
Age (years) 15.1 10.1 0 53
Distance to Shore (miles) 43 34.7 4 156
Water Depth (1,000 feet) .187 .454 .026 4.82
Production (mmBOE/year) (t) .346 1.55 0 25.6
Major Complex (Indicator) .67 .47 0 1
Manned at Least 8 hrs/day .284 .451 0 1
Total Wells Drilled (t) 4.01 5.37 0 31
Corpus Christi (Indicator) .212 .409 0 1
Inactive (Indicator) .288 .453 0 1
Inspection Characteristics:
INC Issued (Indicator) .371 .483 0 1
Most Severe INC=W (Indicator) .147 .354 0 1
Most Severe INC=C (Indicator) .198 .398 0 1
Most Severe INC=F (Indicator) .0254 .157 0 1
No. Warnings .445 1.02 0 10
No. Component Shut-ins .475 1.34 0 16
No. Facility Shut-ins .0329 .239 0 5
No. INCs to Civil Penalty Review .031 .215 0 3
Rescinded INCs .0164 .163 0 4
No. Inspectors 1.36 .605 1 6
Total Man-hours 3.73 16.4 0 702
Time Since Last Insp. (days) 344 129 1 1139
Post BP Spill (Indicator) .0329 .178 0 1
Inspector Characteristics:
New Inspector (Indicator) .0301 .171 0 1
Past InspectionsI 855 622 6 2110
Cum. INCsI/Cum. InspectionsI (t-1) 1.43 .501 .174 3.39
P,I Relationship .0701 .125 0 3
First Time (P,I) .61 .488 0 1
Ownership and Operator:
No. of Lessees (t) 2.58 1.94 1 12
Working Interest of O (%) (t) 57 39.5 0 100
No. of P Operated by O (t) 124 124 1 597
Observations 2129

Notes: Sample includes production inspections on offshore facilities in Lake Jackson October 2003 to August 2010. W=Warning,
C=Component shut-in, F=Facility Shut-in, P=Platform, O=Operator, I=Inspector, (O,I)=Inspections of operator O by In-
spector I. For all inspector variables (I), if the inspection was conducted by a group, the variable is the average over all group
members.
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TABLE II

Means (and Standard Deviations) by Number of Inspectors

One Two Three Four+
No. Warnings .459 .407 .635 .667

(1.080) (.984) (1.307) (1.113)
No. Component Shut-ins .404 .499 1.017 1.267

(1.212) (1.345) (2.256) (1.438)
No. Facility Shut-ins .020 .055 .113 .133

(.204) (.301) (.435) (.352)
No. INCs to Civil Penalty Review .050 .053 .096 .067

(.379) (.475) (.458) (.258)
Rescinded INCs .020 .019 .009 .000

(.226) (.175) (.093) (.000)
Inspection Time (hours) 2.735 2.121 2.673 3.798

(16.885) (3.914) (4.210) (4.352)
Total Man-hours 2.735 4.241 8.020 15.960

(16.885) (7.828) (12.629) (18.026)
Observations 1769 675 115 15

Notes: Sample includes production inspections in Lake Jackson October 2003 to August 2010. Means are reported with standard
deviations in parentheses. There is only one observation with six inspectors, and none with five.

16



5.2. Platform Characteristics

Two datasets9 containing platform characteristics from BOEMRE were used to create a

panel of every platform in the Gulf of Mexico from the year the platform was first installed

through 2010. The dataset contains information on the distance to shore, water depth, lease

number, and whether or not there are personnel on board eight hours or more per day. There

is also an indicator of whether the platform is considered to be a “major complex” (defined

as a platform that has at least one structure with at least six completions or two pieces of

production equipment).

Many platforms in the Gulf of Mexico are not producing, and those that are producing

vary widely in the amount of oil and gas produced. Production data for all wells in the

Gulf of Mexico from 1996 to 2010 were also obtained online from BOEMRE.10 This dataset

contains a unique well identifier (the API well number), monthly produced gas volume and

oil volume, and days on production. Using BOEMRE’s dataset on boreholes,11 we assigned

a platform identifier to the API well numbers so that we could aggregate the monthly well

production to monthly platform production. We also created a variable for the number of

wells at each platform.

5.3. Lease Owners and Designated Lease Operators

A single lease can have many owners with different percentages of ownership (working

interests). A lease may also be divided into different aliquots, or portions, and each aliquot

may have multiple working interests. Data on the lease ownership and designated operator

of a lease were obtained online from BOEMRE.12 These data contain the working interest of

all owners of offshore Gulf leases, including all ownership changes from the assignment date

9“Platform Masters” and “Platform Structures” found online at
http://www.gomr.boemre.gov/homepg/pubinfo/freeasci/platform/freeplat.html

10Production Data: http://www.data.boem.gov/homepg/pubinfo/freeasci/product/freeprod ogora.asp
11Borehole data: http://www.gomr.boemre.gov/homepg/pubinfo/freeasci/well/freewell.html
12Lease Data: http://www.gomr.mms.gov/homepg/pubinfo/freeasci/leasing/freeleas.html
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of the lease to present. We constructed variables for the number of companies that had an

interest in the lease in that year, and the mean percentage working interest in the lease.

At any one point in time, however, there is only one designated operator of the lease. The

operator, as defined by BOEMRE, is either the leaseholder or the party designated (and ap-

proved) to operate a portion of a given lease. A record of platform operators (received from

BOEMRE) was used to determine the operator of a platform at the time of the inspection.

BOEMRE gives each subsidiary of a company a different company identification number.

For example, Shell Offshore Inc. has 10 subsidiaries in the Gulf of Mexico (including, for ex-

ample, Shell Consolidated Energy Resources Inc., Shell Deepwater Development Inc., Shell

Oil Company), each of which has a unique company number. In order to match the sub-

sidiaries to their parent companies, we used an unofficial list of parent-subsidiaries obtained

from BOEMRE. For the remainder of unmatched observations, the parent company found

in BOEMRE’s operator safety summaries was used. If the platform operator was missing

five years before the assignment date, the designated operator at the time of the assignment

was used. With this information we constructed variables for the number of platforms that

the parent company operates, and the working interest of the platform operator.

5.4. Buoy Data

Weather can determine if inspectors will be able to conduct an inspection. Helicopters to

unmanned structures are typically suspended when wind speed is 27-30 m/s (60-67 mph),

and all flights are suspended when wind speed is higher than 30 m/s (67 mph)[International

Association of Oil & Gas Producers, 2005]. Although visibility, cloud ceiling, and the presence

of lightning also determine whether flying is an option, it is not possible to obtain these data

over the Gulf of Mexico.

Wind speed data over the Gulf were obtained from the National Data Buoy Center (NDBC)

of the National Oceanic and Atmospheric Administration (NOAA). Buoy stations record
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hourly standard meteorological and wave data. Wind speed is the most often recorded vari-

able whereas temperature and wave height are often missing. There are eight NDBC deployed

buoys stationed off the coast of Texas. Only five of these buoys have data spanning the dates

studied. We use the wind speed recorded at 8:00 a.m. of the day of the inspection because he-

licopters transporting inspectors attempt to take off earlier than 7:15 a.m. [Offshore Energy

and Minerals Management, 2009].13

5.5. Sample Construction

We restrict the analysis to production inspections of offshore platforms in Lake Jackson

after it subsumed the Corpus Christi subdistrict in 2003.14 We chose Lake Jackson because

since 2003 compared to other districts in the Gulf of Mexico, the platforms in Lake Jackson

are spread over the largest area (see Figure ?? in the Appendix for a map of the Gulf). In

the other districts, which have more platforms and cover smaller areas, bad weather might

result in the grounding of all flights, not just flights to a portion of the district. Therefore,

in Lake Jackson it is more likely for there to be variation in weather across the district, and

therefore more likely for weather to affect the number of inspectors sent to a platform than

in a geographically smaller district.

There were 13 different inspection types; however, 81% were classified as an annual pro-

duction inspection. We restrict the sample to only include these inspections, because they

are more uniform in how they are conducted and in the type of INC issued.15 However,

when we construct variables on inspectors, such as the number of inspections an inspector

conducted in the past, we include all inspection types. Also, when the inspection has more

13We convert wind speeds to 20 meters above the surface using the formula WSPD(20 meters) =
WSPD(z)( 20

z )1/7 where z represents the height above the surface at which observations are collected [U.S.
Army Coastal Engineering Research Center, 1984].

14The number of different platforms that existed in each district (1986-2010): 131, Corpus Christi; 1,397,
Houma; 1,177, Lafayette; 992, Lake Charles; 696 Lake Jackson; 1,182, New Orleans.

15When including all inspection types, our instrument becomes too weak (Stock and Yogo [2002] suggest
the F statistic on the excluded instruments in the first stage should be greater than five).
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than one inspector, the inspector variables are averaged over all inspectors in the group. For

example, the number of prior inspections (Past InspectionsI) is the number of prior inspec-

tions averaged over all inspectors in the group. These variables are cumulative including all

inspections from 1986 to the current inspection.

6. RESULTS

We consider the outcome of an inspection by the number and types of INCs issued to

platform p when assigned N number of inspectors. Variation in weather across the district is

used to instrument for the number of inspectors. The outcomes, warnings, component shut-

ins, facility shut-ins, and a weighted combination of these enforcement actions are estimated

separately using OLS and instrumental variables (IV) estimation.

One potential problem with estimating this model is that we are analyzing inspections that

are mandated to occur at least once a year. If inspections occurred exactly every 12 months,

considering that weather is seasonal, we might have a compounded effect from consistently

having fewer (or more) inspectors at a platform. However, as shown in Table I, there is

variation in the time since the last inspection as well as variation in wind speed within each

month. In addition, as shown in Table III, wind speed variation on the day of the inspec-

tion is uncorrelated with the enforcement outcome from the prior most recent inspection.

Other baseline characteristics are also found not to vary across platforms inspected on highly

variable days (Table III).

We show in Table IV that the mean wind speed in the district on the day of the inspection,

as well as the wind speed closest to the platform, does not have an effect on the enforcement

action taken.16

16In the specification shown in Table IV, all covariates that are included in the main regression (Table
VI) are also included, however, not including these covariates also does not result in statistical significance
on mean wind speed on the day of the inspection nor the wind speed measured at the buoy closest to the
platform.
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TABLE III

Baseline Characteristics by Wind Speed

(1) (2) (3) (4) (5) (6) (7) (8)
Age Dist. Depth Prod. Major Manned Wells INCs(t-1)

Std. Dev. WSPD -.170 .343 .007 .002 .005 -.005 -.162 .033
(.263) (.808) (.012) (.004) (.012) (.011) (.125) (.071)

n 2,129 2,128 2,129 2,129 2,129 2,129 2,129 2,129
R2 .04193 .10750 .03961 .01827 .04020 .07085 .06995 .01761

Notes: Columns represent OLS coefficients with robust standard errors clustered by platform (for 562 platforms). Dependent
variables are platform characteristics: age, distance to shore, depth, annual production, whether the complex is a major complex,
whether it is manned at least 8 hours a day, the number of wells present, and a weighted average of the INCs from the most
recent prior inspection (INCs=W+2C+4F). Year-quarter dummies included in all regressions (coefficients not reported). Sample
includes production inspections in Lake Jackson October 2003 to August 2010. *** Statistically significant at the 1% level; **
5% level; * 10% level.

TABLE IV

Direct Effect of Wind Speed on Outcome of Inspection

Warnings Component Facility

(1) (2) (3) (4) (5) (6)

WSPD at Closest Buoy .002 .009 .002
(.008) (.010) (.002)

Mean WSPD .006 .010 .000
(.009) (.012) (.002)

Other Controls Yes Yes Yes Yes Yes Yes
n 2,000 2,008 2,000 2,008 2,000 2,008
Mean of Dep. Var. .45600 .45518 .48450 .48257 .03400 .03386

Notes: Sample includes production inspections in Lake Jackson between October 2003 and September 2010. Dependent variables
are the number of warnings (W), component shut-ins (C), facility shut-ins (F), or Weighted, a weighted combination of all INCs
(Weighted=W+2C+4F). Controls also include all covariates from the baseline regression (Table VI). Robust standard errors
are clustered by platform (for 562 platforms). *** Statistically significant at the 1% level; ** 5% level; * 10% level.
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Table V reports the first stage relationship between inspectors and the standard deviation

in wind speed in the instrumental variables estimation. For our purposes, the important find-

ing is that the number of inspectors is positively related to wind speed variability, consistent

with Figure 1. The first stage contains the included exogenous variables of the second stage.

Interestingly, the number of inspectors is unrelated to the production level, complexity, or

prior compliance history of the production platform. There does not appear to be evidence

of targeting more inspectors to the worst platforms. We find that including an indicator for

whether one of the inspectors has conducted fewer than 25 inspections prior to the inspection

is positive and significant. These inspectors could be considered trainees, and we find they

are statistically significantly more likely to go in an inspection group. We also note that

the past enforcement tendencies of the inspectors is statistically significant in determining

the inspection group size. Inspectors who issued a higher proportion of warnings or facility

shut-ins in the past are more likely to be in smaller inspector groups, while those who issued

more component shut-ins are less likely to be in smaller groups. We also note that if we

replace these three variables with a single weighted-INC variable, the coefficient is negative

and highly significant. Thus, it is possible that some targeting of inspectors is taking place

in determining the number of inspectors to send, with the most stringent inspectors sent

alone or in relatively smaller groups. This targeting would bias our estimate of the effect of

an additional inspector downward.

Table VI reports on our main regression results that relate the number of inspectors to the

resulting enforcement actions. This table shows both OLS and IV results. Focusing on the

last two columns, where enforcement actions are weighted, we see that adding an inspector

has a significant positive impact on the likelihood that an enforcement action will be taken.

Also included as a control variable is the weighted average INC at the platform in the prior

period. This variable is positive and statistically significant, suggesting that noncompliance

is persistent. Firms that receive INCs in one period are more likely than average to receive
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TABLE V

First Stage: Number of Inspectors

(1)

Std. Dev. WSPD .050***
(.016)

Included Exogenous Variables:
Age (years) -.002

(.001)
Distance to Shore (miles) -.002***

(.000)
Water Depth (1,000 feet) .160***

(.054)
Production (mmBOE/month) (t) .118

(.120)
Major Complex (Indicator) .041

(.029)
Manned at Least 8 hrs/day .046

(.041)
Total Wells Drilled (t) .008*

(.004)
Corpus Christi (Indicator) -.074**

(.037)
Weighted INCs (t-1) -.001

(.005)
Cum. INCsI/Cum. InspectionsI (t-1) .000

(.000)
New Inspector (Indicator) .738***

(.098)
Cum. Inspections by I (t-1) -.018***

(.002)
No. of Lessees (t) .002

(.007)
Working Interest of O (%) (t) -.000

(.000)
No. of P Operated by O (t) -.000

(.000)
Post BP Spill (Indicator) .375***

(.127)
Year-Quarter Effects Yes
n 2,008
Mean of Dep. Var. 1.36404
R2 .18095

Notes: Sample includes production inspections in Lake Jackson between October 2003 and September 2010. Columns represent
OLS coefficients. Dependent variable is the number of inspectors. Robust standard errors are clustered by platform (for 562
platforms). *** Statistically significant at the 1% level; ** 5% level; * 10% level.
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INCs in the subsequent period. Of course, it is possible that in the absence of any prior

period INCs, platforms would have even been worse, so we are not making any claims about

the deterrent effect of INCs.

We also control for production levels, platform complexity, and other factors. Thus, even

after any targeting, we find that increasing the number of inspectors yields an increase in

enforcement actions. Note that we also include a control variable indicating when one of the

inspection team is a new inspector (i.e. he or she has conducted fewer than 25 inspections);

since new inspectors might be more in a training/shadowing mode, adding a “first time”

inspector might have different implications than adding a random inspector. Similar positive

findings are shown for each of the three outcomes, although the results are not always

statistically significant. We include an indicator for any inspection conducted after the BP

Deepwater Horizon oil spill (April 20, 2010). We find that in the short period between April

and August 2010 there were more component shut-ins in the OLS specification.

Note that the coefficient on the number of inspectors is always larger when using the IV

specification compared to OLS. The motivation for instrumenting the number of inspectors

with weather was that we expected, due to targeting poor performers with more inspectors,

that the OLS estimates would be biased upward. The IV estimation is a LATE estimator of

those platforms affected by weather. That our IV estimate is larger than the OLS suggests

that weather may be affecting a particular level shift in the group size and this level shift has

a larger effect on enforcement. If there is a non-linear relationship between the number of

inspectors and the enforcement actions, we could have estimated N different parameters, ϑN

for each different inspection group size. However, we estimated a linear model and restricted

the effect to be constant because we do not have enough instruments. Nonetheless, if the

relationship is non-linear, the weighted average of the marginal effects is nonetheless still

useful for guiding inspection policy.

We see that after instrumenting for the number of inspectors, we lose statistical signifi-
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cance on the coefficient on inspector group size in predicting the number of warnings (the

least stringent enforcement action). Our coefficient is still positive, but that implies that in-

creasing inspectors does not result in an increase in enforcement across the board, but only

an increase in the stringency of enforcement. There are at least three mechanisms by which

more inspectors might result in more enforcement actions: (1) more inspectors means that

there are more eyes available to find violations; (2) it is harder for the operator to “capture”

the inspectors if there are more inspectors to capture; or (3) there is more support not to

succumb to pressure from the operator to overlook (i.e., not write up) violations. Because we

do not see an increase in warnings, this suggests that regulatory capture or group dynamics

and norms might have an impact on inspector behavior. In a later section below, we explore

these two possible explanations for this finding.

Imprecision could also be driving the difference in IV and OLS estimates. Using a standard

Hausman test, we cannot reject the null hypothesis that the OLS and IV coefficients on the

number of inspectors are the same in determining the number of warnings (p-value < .53),

and facility shut-ins (p-value <.11).17 However, if the true relationship between the number of

inspectors and enforcement is non-linear, then the traditional Hausman test is uninformative

[Lochner and Moretti, 2011].

To recap our main results, we find that more inspectors result in more INCs being issued.

Perhaps more important than an increase in the number of INCs issued, we find that the

severity increases as well—with the most significant increase taking place with the costly

facility shut-in. Next, we explore several alternative explanations for this finding.

7. MORE EYES OR MORE TIME?

Although weather variability results in more inspectors being sent to each offshore platform

being inspected, this also means that more man-hours are spent per inspection (Table II).

17We can reject the null hypothesis that the OLS and IV are the same in the regression for the weighted
average of the effect (p-value=0.035) and the number of component shut-ins (p-value=0.063)
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TABLE VI

Impact of the Number of Inspectors on Enforcement Actions—Baseline

Warnings Component Facility Weighted

(1) (2) (3) (4) (5) (6) (7) (8)
OLS IV OLS IV OLS IV OLS IV

No. Inspectors .097* .601 .223*** 1.178 .037** .233* .692*** 3.888*
(.054) (.546) (.057) (.939) (.015) (.124) (.172) (2.277)

Age (years) .012*** .013*** .005 .007 .000 .001 .024* .029**
(.003) (.003) (.005) (.005) (.001) (.001) (.013) (.013)

Distance to Shore (miles) .001 .002 .001 .002 .000 .001** .004 .009*
(.001) (.001) (.001) (.002) (.000) (.000) (.003) (.005)

Water Depth (1,000 feet) .061 -.020 .074 -.079 -.020** -.051* .130 -.384
(.095) (.131) (.195) (.277) (.010) (.027) (.477) (.696)

Production (mmBOE/month) (t) -.510** -.570** -.628 -.742* -.030 -.053 -1.887** -2.266**
(.204) (.243) (.385) (.427) (.032) (.041) (.906) (1.079)

Major Complex (Indicator) .055 .033 .139** .098 .016 .008 .396** .261
(.052) (.058) (.059) (.076) (.010) (.013) (.160) (.208)

Manned at Least 8 hrs/day .097 .074 .246** .203 .000 -.008 .591* .447
(.083) (.086) (.121) (.132) (.020) (.020) (.340) (.358)

Total Wells Drilled (t) -.007 -.010 .013 .006 .002 .000 .025 .002
(.008) (.009) (.014) (.013) (.002) (.002) (.035) (.034)

Corpus Christi (Indicator) -.017 .019 -.012 .056 .017 .031* .027 .257
(.057) (.075) (.074) (.110) (.014) (.018) (.198) (.289)

Weighted INCs (t-1) .002 .003 .022* .023** .002 .002 .052* .056**
(.007) (.008) (.012) (.011) (.002) (.002) (.028) (.028)

Cum. INCsI/Cum. InspectionsI (t-1) .005*** .005*** .002** .002* .000 .000 .009*** .008***
(.001) (.001) (.001) (.001) (.000) (.000) (.002) (.002)

New Inspector (Indicator) .094 -.275 .048 -.652 -.042** -.185** .024 -2.319
(.121) (.413) (.153) (.718) (.021) (.094) (.387) (1.744)

Cum. Inspections by I (t-1) .006 .015 .013*** .030* -.003** .001 .022 .079*
(.004) (.011) (.005) (.018) (.001) (.002) (.014) (.043)

No. of Lessees (t) .011 .010 .025 .022 .001 .000 .063 .055
(.016) (.016) (.022) (.022) (.003) (.004) (.057) (.056)

Working Interest of O (%) (t) .000 .000 -.000 .000 -.000 -.000 -.000 .001
(.001) (.001) (.001) (.001) (.000) (.000) (.002) (.002)

No. of P Operated by O (t) -.000* -.000 -.001** -.000 -.000 -.000 -.002** -.001*
(.000) (.000) (.000) (.000) (.000) (.000) (.001) (.001)

Post BP Spill (Indicator) -.245 -.441 1.086** .714 .022 -.054 2.017** .770
(.268) (.376) (.507) (.594) (.034) (.068) (1.009) (1.306)

Year-Quarter Effects Yes Yes Yes Yes Yes Yes Yes Yes
n 2,008 2,008 2,008 2,008 2,008 2,008 2,008 2,008
Mean of Dep. Var. .45518 .45518 .48257 .48257 .03386 .03386 1.55578 1.55578
F-stat for Excl. Var. 11.32551 11.32551 11.32551 11.32551

Notes: Sample includes production inspections in Lake Jackson between October 2003 and September 2010. Dependent variables
are the number of warnings (W), component shut-ins (C), facility shut-ins (F), or Weighted, a weighted combination of all INCs
(Weighted=W+2C+4F). In the case of the IV estimates, No. Inspectors is instrumented for using weather. Robust standard
errors are clustered by platform (for 562 platforms). *** Statistically significant at the 1% level; ** 5% level; * 10% level.
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TABLE VII

Manhours

Warnings Component Facility Weighted

(1) (2) (3) (4) (5) (6) (7) (8)
OLS IV OLS IV OLS IV OLS IV

No. Inspectors .095* .602 .215*** 1.179 .037** .233* .673*** 3.891*
(.054) (.546) (.057) (.939) (.015) (.124) (.170) (2.276)

Total Man-hours .001 .000 .005 .003 .000 .000 .013 .007
(.002) (.002) (.006) (.004) (.000) (.000) (.015) (.009)

Year-Quarter Effects Yes Yes Yes Yes Yes Yes Yes Yes
Full Controls Yes Yes Yes Yes Yes Yes Yes Yes
n 2,007 2,007 2,007 2,007 2,007 2,007 2,007 2,007
Mean of Dep. Var. .45541 .45541 .48281 .48281 .03388 .03388 1.55655 1.55655
F-stat for Excl. Var. 11.33666 11.33666 11.33666 11.33666

Notes: Sample includes production inspections in Lake Jackson between October 2003 and September 2010. Dependent variables
are the number of warnings (W), component shut-ins (C), facility shut-ins (F), or Weighted, a weighted combination of all
INCs(Weighted=W+2C+4F). Controls also include all covariates from the baseline regression (Table VI). Robust standard
errors are clustered by platform (for 562 platforms). *** Statistically significant at the 1% level; ** 5% level; * 10% level.

Thus, it could simply be the increase in man-hours that increases the violations discovered.

To test for this possibility, we include the total number of man-hours in our main regression

result, shown in Table VII.18 The fact that we do not find significance on our coefficient for

man-hours suggests that increasing the number of inspectors per inspection is more effective

than increasing the amount of time spent on an inspection.

8. REGULATORY CAPTURE

Sending an extra inspector to an offshore platform increases the severity of INCs which

could be driven by inspectors having been captured by the regulated parties. Indeed, recent

investigations by the Office of the Inspector General of the Department of the Interior found

that inspectors in the Gulf of Mexico received pressure not to issue INCs. According to

Kendall [2010]:

One inspector reported arriving at a facility where his brother, who worked for the operator

elsewhere, was flown to the facility to act as the compliance officer. The inspector informed

the company that he could not conduct the inspection with his brother present. Another per-

son worked with the inspector that day. Some inspectors told us that industry often exerts

18Directly regressing the number of INCs on man-hours results in the estimate being biased upward,
because man-hours are not randomly allocated, and an inspector would likely spend more time at a problem
platform and also find more INCs. Also, it could be that the paperwork and discussion involved when issuing
a facility shut-in requires more man-hours, further biasing the estimate upward.
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pressure on inspectors to minimize reporting violations during inspections. For example, fa-

cility personnel may make comments, such as “there goes my bonus” or “my wife is sick,

and I’ll lose my job,” to deter inspectors from issuing violations.

In response to allegations about such potential conflicts of interest, BOEMRE issued a new

ethics policy in 2011 requiring individuals in the Gulf district offices to recuse themselves in

dealings with companies with a personal family or past employment relationship. According

to a news report, approximately 30% of district employees recused themselves from one or

more companies operating in the Gulf region in 2011.19

There are several variations of capture theory. Inspectors might come from the industry,

hope to become employed by the industry, or simply become more and more identified with

the industry over time. We do not know the background or employment history of the inspec-

tors, and thus cannot test whether industry identification or the prospect of future industry

employment is important. However, we do have data on the number of prior inspections

each inspector completed from 1986 to the date of the inspection (the regression subsample

includes inspections that occurred between 2003 and 2010). Since there could be more pres-

sure to overlook a violation the more familiar an inspector is with an operator, we expect

the number of detected incidents to decrease with the number of times that an inspector

has inspected the same platform. Table VIII displays OLS and IV regressions (instrument-

ing for the number of inspectors) of the enforcement outcome dependent on the inspector

group’s average number of past inspections of the platform (Cum. Inspections of P by I

(t-1)). Since the number of times an inspector has visited a platform is likely to be higher

if the platform has been inspected many times in the past, we also control for the number

of times a platform has been inspected (Cum. Inspections of P (t-1)).20 The coefficients on

the number of inspections of the platform by the inspector are negative but insignificant for

19“Ethics Policy Quantifies Oil Industry–Gov’t Ties,” Associated Press, July 26, 2011.
20Poor performers, or older platforms would have more inspections in the past and might also have more

enforcement actions. This bias runs in the opposite direction, and would not be the cause of, a finding that
more inspections by the same inspector result in fewer enforcement actions.
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TABLE VIII

Testing for Regulatory Capture

Warnings Component Facility Weighted

(1) (2) (3) (4) (5) (6) (7) (8)
OLS IV OLS IV OLS IV OLS IV

No. Inspectors .097* .548 .215*** 1.158 .037** .230* .675*** 3.782*
(.054) (.541) (.057) (.927) (.015) (.121) (.171) (2.239)

Cum. Inspections of P by I (t-1) .024 .033 -.045 -.026 -.001 .003 -.069 -.005
(.018) (.021) (.028) (.031) (.004) (.005) (.068) (.078)

Cum. Inspections of P (t-1) .010 .008 .018* .014 .001 .000 .049* .037
(.006) (.006) (.011) (.011) (.002) (.002) (.029) (.029)

Year-Quarter Effects Yes Yes Yes Yes Yes Yes Yes Yes
Full Controls Yes Yes Yes Yes Yes Yes Yes Yes
n 2,008 2,008 2,008 2,008 2,008 2,008 2,008 2,008
Mean of Dep. Var. .45518 .45518 .48257 .48257 .03386 .03386 1.55578 1.55578
F-stat for Excl. Var. 11.49578 11.49578 11.49578 11.49578

Notes: Sample includes production inspections in Lake Jackson between October 2003 and September 2010. Dependent variables
are the number of warnings (W), component shut-ins (C), facility shut-ins (F), or Weighted, a weighted combination of all INCs
(Weighted=W+2C+4F). Controls also include all covariates from the baseline regression (Table VI). (Cum. Inspections of P
(t-1)) is the cumulative number of times the platform P was inspected prior to to the current inspection. (Cum. Inspections
of P by I (t-1)) is the cumulative number of times platform (P) was inspected by inspector (I) prior to the current inspection.
Robust standard errors are clustered by platform (for 562 platforms). *** Statistically significant at the 1% level; ** 5% level;
* 10% level.

the more stringent enforcement variables. This appears to rule out Makkai and Braithwaite’s

second form of regulatory capture–longevity on the job.21 Currently, to ensure that there is

variation in consecutive years, before assigning an inspector to a facility the lead inspector

verifies that the facility is not assigned the same inspector in consecutive years [Offshore

Energy and Minerals Management, 2009].

9. GROUP BEHAVIOR

While we do not observe any evidence of regulatory capture through identification with

the industry (or platform) over time, we have not ruled out the possibility that inspectors

simply identify with and are sympathetic to the industry - because they either come from the

industry or hope to work in the industry in the future (e.g., Makkai and Braithwaite’s other

two forms of regulatory capture). While we cannot test these effects directly, we do observe

the group dynamics of inspection teams. Pressure might be more or less if the members of

the group of inspectors are familiar with one another. If an operator protests the issuance of

an INC, an inspector would have to exert more effort to issue the INC. It is the duty of the

21We also tried log transformations on the number of previous inspections with very similar results.
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inspector not to be swayed by the protestations, so it is possible that when members of an

inspection group are familiar with one another, they might be more or less likely (depending

on the norm of the group) to write up the INC. It is possible that if the group members have

gone together frequently before, they might act as a united front against any protests by the

operator. On the other hand, if the inspectors are inclined to side with the operator, then the

more familiar they are in the inspector group, the more lenient they may be. For example,

Chen and Li [2009] find that in a laboratory experiment, ingroup members (as opposed to

outgroup members) are less likely to punish an ingroup match for misbehavior. If we find

inspection groups that have been together frequently are less likely to issue INCs, then this

would correspond to the industry being an ingroup member. Thus, depending upon the

norm, adding an inspector to a group might increase or decrease the number of enforcement

actions the group discovers.

To examine these group dynamics, we look at inspections conducted by more than one

inspector. We include the number of times the group has been on an inspection together

(Times Together). Because more inspections are conducted with two inspectors than with

three inspectors, there are more times that two inspectors might be paired together, and we

run the regression for two and three inspectors separately (too few observations have been

made to look at combinations of four inspectors). We find no evidence that the times a group

has gone together influences the outcome of an inspection (Table IX).

10. CONCLUDING REMARKS

We find no evidence that BOEMRE targets compliance inspections by sending more inspec-

tors to larger, more complex platforms or those with previous period enforcement actions.22

Moreover, even controlling for the number of inspectors, we find that there is evidence of

persistent regulatory violations. We find that more inspectors are likely to find more viola-

22This does not mean that BOEMRE has not been targeting the worst operators or platforms, as a small
but significant fraction of their inspections is specifically targeted toward the riskiest platforms.
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TABLE IX

Inspector Group Relationships on Enforcement

2 Inspectors 3 Inspectors

(1) (2) (3) (4) (5) (6) (7) (8)
W C F Avg W C F Avg

Times Together -.006 .010 .001 .017 -.026 -.020 .016 -.003
(.004) (.007) (.001) (.018) (.048) (.051) (.014) (.130)

Full Controls Yes Yes Yes Yes Yes Yes Yes Yes
n 509 509 509 509 89 89 89 89
Mean of Dep. Var. .44794 .52652 .04912 1.69745 .74157 1.12360 .14607 3.57303
R2 .19451 .19664 .07601 .20248 .56706 .79054 .30563 .76513

Notes: Sample includes production inspections in Lake Jackson October 2003 to August 2010. Columns represent OLS coeffi-
cients from regressions with dependent variables: the number of warnings (W), component shut-ins (C), facility shut-ins (F), or
a weighted combination of all INCs (Avg=W+2C+4F). Times Together refers to the number of times the 2 (or 3) inspectors
have gone together in the past. All regressions include the same covariates as found in Table VI except for the exclusion of
No. Inspectors. Left panel sample includes inspections with 2 inspectors and right panel sample includes inspections with 3
inspectors. Robust standard errors clustered at the platform. *** Statistically significant at the 1% level; ** 5% level; * 10%
level.

tions; however, due to endogenity, it is possible that this is the effect of targeting. To test

this, we construct an instrumental variable based on exogenous weather-related changes in

the number of inspectors sent to inspect a platform. Using this instrumental variable instead

of the number of inspectors results in a similar finding—more inspectors result in more reg-

ulatory violations. In fact, the impact of increasing the number of inspectors is larger when

induced by weather than otherwise. While we do not have data on the costs and benefits

of inspectors and compliance, our results suggest that at the very least, the current level

of staffing at BOEMRE is inadequate to detect all violations. They also suggest that even

without an increased enforcement budget, some reallocation of inspector resources might

yield increased detection and punishment of violations.

To explain our finding that increased inspectors lead to more stringent enforcement ac-

tions, we hypothesized that inspectors were subject to either regulatory capture or group

norms that act against a finding of noncompliance. However, we have not found evidence of

regulatory capture or strong group norms. Due to data limitations—in particular, our lack

of detailed information on the inspectors themselves—we cannot rule out either explanation.

Future research that identifies the characteristics of individual inspectors might shed further

light on these questions.

Our study highlights the importance of rigorous empirical analysis of inspections and

31



inspectors as a tool in regulatory compliance. While we focused on offshore oil platforms,

the concern that inspectors are not being optimally employed is ubiquitous across regulatory

agencies. For example, a recent internal audit of the Mine Safety and Health Administration

(MSHA) concluded that “mine inspectors were sometimes lax and inconsistent with their

reviews, and some mine inspections weren’t conducted according to agency standards and

legal requirements.”23 Similarly, a former investigator for the Inspector General’s Office of

the Nuclear Regulatory Commission recently criticized agency officials: “The N.R.C. is like

a prep school for many of these guys, because they know they’ve got a good shot at landing

much higher-paying work with the people they’re supposed to be keeping in line. They’re

not going to do anything to jeopardize that.”24

23“Internal Audits Reveal Federal Enforcement Lapses,” Energy and Environment Daily, April 18, 2011
24Tom Zeller, Jr., “Nuclear Agency Is Criticized as Too Close to Its Industry,” New York Times, Energy

and Environment, May 7, 2011.
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