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In this paper, we explore how organizations influence the unethical behavior of their employees. Using a
unique data set of over three million vehicle emissions tests, we find strong evidence of ethical spillovers from

firms to individuals. When inspectors work across different organizations, they adjust the rate at which they
pass vehicles to the norms of those with whom they work. These spillovers are strongest at large facilities and
corporate chains, and weakest for the large-volume inspectors. These results are consistent with the economics
literature on productivity spillovers from organizations and peers and suggest that managers can influence the
ethics of employee behavior through both formal norms and incentives. The results also suggest that employees
have persistent ethics that limit the magnitude of this influence. These results imply that if ethical conformity
is important to the financial and legal health of the organization, managers must be vigilant in their hiring,
training, and monitoring to ensure that employee behavior is consistent with firm objectives.
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1. Introduction
The influence of organizations on individual behavior
has been broadly studied in the economics, sociology,
and management literatures. Both theoretical work
and empirical research have examined how organi-
zations influence the behavior of individual work-
ers through incentives, monitoring, acculturation, and
training. The economics and economic sociology liter-
atures have focused primarily on understanding how
organizations influence the productivity of individu-
als as they move across firms (Long and McGinnis
1981, Almeida and Kogut 1990, Song et al. 2003), con-
tract with multiple firms (Huckman and Pisano 2006),
or interact with peers (Jones 1990, Kandel and Lazear
1992, Hamilton et al. 2003, Castilla 2005, Mas and
Moretti 2008). Yet this literature has failed to exam-
ine how organizations influence the ethics of individ-
ual behavior.1 Instead, this topic has been addressed
primarily by the business ethics literature through
experimental, descriptive, and self-reported data on
attitudes, beliefs, and behavior (Sparks and Hunt

1 The productivity spillovers observed in Mas and Moretti (2008)
involve effort as does the shirking observed in Ichino and Maggi
(2000). This shirking, at its nadir, might be considered by some to
be “unethical.”

1998, Weaver and Trevino 1999, Greenberg 2002).2

Results from this literature are mixed (O’Fallon and
Butterfield 2005), undoubtedly due to the inherent
problems in self reports (Schwarz 1999, Bertrand and
Mullainathan 2001) and unobservable heterogeneity
across individuals and organizations.
Although the economics literature has worked on

identifying systematic fraud (Jacob and Levitt 2003,
Wolfers 2006, Bertrand et al. 2007), economists have
not attempted to measure how the fraudulent behav-
ior of individuals changes with their transfer from
one organization to another. This question is partic-
ularly interesting in a firm setting because unethical
behavior may be deeply influenced by organizational
context, in the form of incentives, rules, and culture of
the workplace (Tirole 1996, Comer 1998, Ashforth and
Anand 2003). Ethical norms that prevail at the organi-
zation may also be culturally based, as in Fisman and
Miguel’s (2007) study of diplomatic parking tickets
and Ichino and Maggi’s (2000) study of misconduct
at an Italian bank. When individuals enter firms with
specific ethical norms, individuals may adapt to the
ethics of the organization, changing their behavior,

2 See O’Fallon and Butterfield (2005) for a review of the empirical
business ethics literature.
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attitudes, or both to conform to the new employer.
These ethical spillovers from employer to employee
may affect the ethics of worker behavior through
both organization-level norms and the influence of
peers in the same way that organization-specific skills
can influence individual performance (Huckman and
Pisano 2006) or workers can motivate the improved
performance of coworkers (Mas and Moretti 2008).
Yet individual ethics, like individual productivity, are
partly a function of inherent characteristics born into
the worker, inculcated by the family, or developed
through a lifetime of education and training. Without
observing individuals working across multiple orga-
nizations, separating individual ethics from organiza-
tional influence has remained elusive in the empirical
literature on corruption and ethics.
This paper seeks to isolate these ethical spillovers

by applying methodological techniques from the pro-
ductivity and corruption literature to extensive panel
data from the vehicle emissions testing market; a
market where widespread anecdotal evidence and
state enforcement records demonstrate the potential
for fraudulent testing behavior in private firms. Eco-
nomics studies have already examined the existence
and motivation for this fraud. Hubbard (1998) iden-
tified the presence of moral hazard in the California
vehicle inspection market, where he found that pri-
vately owned inspection facilities are markedly more
lenient in their passing behavior than are state facil-
ities. Hubbard (2002) showed that financial incen-
tives motivated the private sector to pass vehicles that
state-run facilities would have failed, as customers
were more likely to return to inspection stations that
have previously passed them.3 In a related paper, we
use a more complete market data set to exploit policy
shifts in identifying the industry-wide magnitude of
fraudulent passing (Pierce and Snyder 2008), and in
the present paper seek to better understand the dis-
tribution of this unethical behavior through the influ-
ence of organizational norms on individual inspector
behavior. The results from these papers suggest that
if industry-wide pass rates reflect considerable fraud,
facilities, and inspectors with inexplicably high pass
rates, will on average reflect localized fraudulent
behavior. Throughout this paper, we define this act of
fraudulently passing a polluting vehicle as unethical,
consistent with the Jones (1991) definition of unethi-
cal behavior as “either illegal or morally unacceptable
to the larger community” (p. 367). The ethics of emis-
sions testing fraud seems clear: this behavior is not
only illegal, but is socially harmful as well. Mobile
vehicle emissions have been repeatedly shown to

3 Similar evidence has been found in other industries, such as in
medical care (Gruber and Owings 1999) and automotive repair
(Taylor 1995).

aggravate respiratory problems, particularly in chil-
dren,4 and are partly responsible for acid rain and
other environmental problems.5

Using a database of over three million emis-
sions tests from a Northeastern metropolitan area in
2003–2004, we find strong evidence that statisti-
cally significant firm-specific differences in pass rates
abound throughout the market. Given our ability to
control for numerous vehicle characteristics, these dif-
ferences reflect likely levels of fraud, where some pri-
vately owned facilities are much more likely to pass
a vehicle than others. In examining the relationship
between the pass rates of organizations and inspec-
tors, we find strong “ethical” spillovers from organi-
zation to individual. When individuals work across
different facilities, their behavior conforms to that
of the facility that employs them. Our results sug-
gest inspector behavior converges toward the norms
of the employer nearly immediately, with little lag
or gradual adaptation. Our work makes an impor-
tant contribution to the literature on productivity
and corruption by showing that unethical behavior
and corruption can spill over from organizations to
individuals in the same way as other dimensions
of productivity. Although the literature on business
ethics has extensively discussed this effect, empiri-
cal work has almost exclusively used case studies or
small sample surveys, which are vulnerable to issues
of selection bias and self-report bias.6 Because our
data represent the entire population from a state-
designated market, this work provides a significant
complement to this literature by being the first work
to identify organizational influence on behavior for an
entire market.
The remainder of this paper proceeds as follows:

Section 2 describes the vehicle emissions testing pro-
cedure and the institutional details that lead to fraud.
Section 3 discusses how organizations can influence
the ethics of employee behavior. Section 4 introduces
the data. Section 5 identifies ethical spillovers from
organizations. Section 6 discusses the results, their
implications, and our conclusions.

4 For extrapolation on this, see Committee on Vehicle Emission
Inspection and Maintenance Programs, National Research Council
(2001).
5 The use of the term “unethical behavior” in this paper will always
refer to fraudulent testing. We do not contest that the determina-
tion of behavior as unethical can be a complicated analysis, and
that there are likely some cases under which emissions fraud might
qualify as “ethical.” Differentiating these cases, though important,
would require better understanding of the vehicle owners, which
is not currently available in our data.
6 See O’Fallon and Butterfield (2005) for an extensive review of this
literature. See Bertand and Mullainathan (2001) for a discussion on
self-report bias.
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2. Market for Emissions
Testing Fraud

The vehicle emissions testing market has great poten-
tial for unethical behavior. Inspectors are legally
required to follow strict testing procedures, but they
have numerous opportunities to diverge from this
course for financial gain. With the dynamometer-
based tailpipe testing still common in many areas,
skilled mechanics can make nearly all vehicles pass
through a number of temporary mechanical adjust-
ments that do not address the underlying causes of the
excess pollution. Even the worst cars can be certified
clean though substituting other cars during the test-
ing procedure. Not only do inspectors have opportuni-
ties to cheat, they will often have strong incentives. As
Hubbard (2002) addressed in California, reputation,
repeat business, and other repairs all provide incen-
tives in certain facilities. Outright bribes and shopping
around by customers can further motivate inspectors
to help customers pass with gross polluting vehicles.
Emissions fraud is believed to be widespread beyond
California. A Massachusetts’ study found that vehi-
cles retested by the state had substantially higher lev-
els of emissions (Massachusetts Office of the Inspector
General 2003).
This illegal behavior by inspectors has clear costs

for society, increasing air pollution in urban areas.
The three tested pollutants, CO, HC, and NOx, all
have proven health consequences. Carbon monox-
ide, an odorless, poisonous gas, inhibits the trans-
port of oxygen from blood into tissues, and can cause
general difficulties in the cardiovascular and neu-
ral systems. When combined in the presence of sun-
light, HC and NOx form ground-level ozone that
can aggravate respiratory problems, especially in chil-
dren, and may cause permanent damage to lung tis-
sue. The health cost of vehicle emissions has been
estimated as between $4.3 billion and $93 billion in
1985 by the American Lung Association, which also
attributed 120,000 deaths to general air pollution.
A 10-year study of children conducted by the Uni-
versity of Southern California found evidence link-
ing air pollution to reduced lung function growth,
higher absenteeism from respiratory problems, and
asthma exacerbation and development (Gauderman
et al. 2000).

3. Theoretical Implications
The observed unethical behavior of individual work-
ers can come from several sources. Underlying all
unethical behavior are the personal morals and ethics
of the individual. Personal ethics may be highly
idiosyncratic to the individual, stemming from reli-
gious background, age, gender, culture, or edu-
cational background (Ford and Richardson 1994,

Loe et al. 2000). In the case of vehicle emissions
testing, individual inspector ethics may stem from
attitudes regarding government regulation, honesty,
the environment, or legal compliance. Certain inspec-
tors may have no personal conflict with cheating due
to these attitudes, and given any incentives to cheat,
may seize the opportunity. Inspectors may even cheat
out of a sense of moral responsibility to help friends
and families, which they might value over a pub-
lic health cost that is harder for them to conceptu-
alize. For these inspectors, saving a friend $500 in
repairs is well worth the small marginal contribution
of that friend’s 1981 Chevrolet Camaro to childhood
asthma. In this paper, we consider these ethics as an
individual inspector “fixed effect” that is persistent
throughout different incentive structures and employ-
ment situations.
The observed level of inspector cheating cannot

be wholly explained by their personal ethics, as this
behavior will be greatly influenced by other factors.
Personal incentives, whether financial or otherwise,
will drive decisions to stretch rules and regulations.
These incentives may come from organization-level
factors, such as the nature of their employment
contract. Financial incentives or organizational goals
(Schweitzer et al. 2004) can drive individuals toward
or away from unethical behavior, as can a broad
range of rewards and punishments (Trevino and
Youngblood 1990, Tenbrunsel 1998). Sole proprietors
or small partnerships will also tend to have strong
incentives to help customers pass in order to generate
future revenues, while these incentives may be much
weaker for hourly employees in large chains. This
explanation is consistent with Hubbard (1998), who
models inspector utility as entirely driven by income
and effort. In a principal-agent context, the inspector
must deal with three potential principals: the organi-
zation that pays their wage, the consumer that pays
them either explicitly or through some implicit rela-
tionship, and the regulating agency which enforces
the lawful testing procedures.
Another major organization-level influence on the

ethical conduct of inspectors could be the ethical con-
text of the organizations in which they work. This
may be categorized as the ethical climate (Trevino
1986, Tetlock 1992, Vidaver-Cohen 1998, Schminke
et al. 2005), where the individual’s personal ethics
are constrained or altered by the norms and rou-
tines of the organization.7 This influence may come
from organizational leadership (Trevino and Brown
2004, Brown et al. 2005) or from more diffuse climates
(Victor and Cullen 1988) or subclimates (Weber 1995).

7 There is a much more extensive literature on influences and mech-
anisms of unethical behavior. For a comprehensive review, see
Trevino et al. (2006).
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Social pressure within the organization, whether for-
mal or informal, might strongly influence the behav-
ior of an individual inspector toward the norms of
the firm. This process may ultimately lead toward
what Ashforth and Anand (2003) refer to as “the nor-
malization of corruption,” where corruptive behav-
ior “becomes embedded in organizational structures
and processes, internalized by organizational mem-
bers as permissible and even desirable behavior, and
passed on to successive generations of members”
(p. 3). Additionally, local or national culture associ-
ated with the organization may drive individual cor-
ruption (Fisman and Miguel 2007).
Although we may observe the influence on ethical

conduct at the organizational level, this influence may
also come at a more micro-level, from peers work-
ing with the inspector. Inspectors may personally
influence the behavior of other employees therein,
independent of organizational norms. An unethical
inspector may transmit know-how on cheating, or
provide peer pressure to influence existing employ-
ees into fraudulent testing. Similarly, a highly eth-
ical inspector may provide some oversight against
cheating. As in Mas and Moretti (2008), peer influ-
ence from other individuals working at the same time
as the inspector may influence that person’s decision
to engage in fraud. The disutility suffered by work-
ers from shame or more substantive punishment may
encourage individuals to veer from their personal
ethics toward those of workers observing them. This
effect is consistent with the ethics literature, where
social networks (Brass et al. 1998) and moral approval
(Jones and Ryan 1997) play important roles in deter-
mining unethical behavior. Additionally, experimen-
tal work has shown the significance of peer effects
in ethical behavior (Jones and Kavanagh 1996, Beams
et al. 2003).
Explanations from both the sociology and eco-

nomics literatures suggest that the relative ethicality
of individual behavior will be influenced by the con-
text of the organization, whether from organization-
level norms, incentives and constraints, or from social
pressure from peers. In the context of emissions test-
ing, an inspector’s decision to cheat should be influ-
enced by levels of unethical behavior in her current
employer. We therefore expect that an inspector’s
propensity to pass a vehicle should be influenced by
the observed leniency of the facility at which she
works.

4. Data
Our data set comes from the department of motor
vehicles of a large northern state. It contains all
vehicle inspections conducted in 2003 and 2004
for gasoline-powered vehicles under 8,500 lbs, and

includes vehicles owned by individuals, corporations,
fleets, and government agencies. Only those vehicles
in dense urban areas are included, because these are
the only vehicles that require testing. The data at
the inspection level include the inspection date, the
inspection time, vehicle identification number, facil-
ity identifiers, inspector identifiers, and inspection
results. These data allow one to uniquely identify
vehicles, including all characteristics such as make,
model, model year, and odometer reading. Addition-
ally, the name and address of the inspection station
is known, as well as the date and time on which the
test occurred. Finally, we can observe which inspec-
tor conducted the test through unique inspector IDs,
although we do not know their names. Since we know
exactly when and where the inspection took place,
this allows us to follow the careers of inspectors as
they change employment from one facility to another.

5. Empirical Approach and Results
Our empirical approach is designed to identify how
the ethical behavior of an organization influences
individual behavior after hiring. In the context of
vehicle emissions testing, this involves identifying
how pass rates at the testing facility influence the
leniency of an employee. Our identification strat-
egy relies on using inspector fixed effects to con-
trol for inspector invariant characteristics and then to
observe how moving across organizational environ-
ments impacts their behavior. To estimate the impact
of facility stringency on inspector behavior we use a
two-step estimation procedure on a sample of inspec-
tors who work at multiple stations.8 In the first step
we identify firm-specific pass rates for all facilities at
which our focal group worked by using the popu-
lation of all other inspectors employed there, absent
the focal inspectors. This gives us firm-based mea-
sures of leniency not directly influenced by the focal
inspectors.9 We then employ these firm-based mea-
sures in a second step that uses the focal sample of
multiple-facility inspectors, where we identify how
firm leniency spills over to the behavior of the focal
inspectors. In stage two, the effect of the firm mea-
sures estimated in stage one on the behavior of the
focal inspectors identifies ethical spillovers.

5.1. Identifying Facility Fixed Effects
To identify firm-specific pass rates, we first select a
sample of inspectors who either switch employers

8 It is important to note that we cannot identify these spillovers for
individuals working at only one facility during our time period,
since these effects would be captured by their fixed effect. This of
course limits what we can say about “nonswitchers.”
9 See our discussion of Manski’s (1993) reflection problem later in
the paper.
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during the sample period or who work at multiple
facilities concurrently.10 We first estimate facility fixed
effects for all firms at which these focal inspectors
work, using only inspectors by their coworkers. For
example, in the first stage, if Dan worked at sta-
tion X and station Y, we estimate the fixed effects
of station X and station Y by estimating all inspec-
tions not performed by Dan. These fixed effects are esti-
mated simultaneously with all other facilities so as to
accurately estimate control parameters. Because focal
inspectors like Dan are not used in the first stage, the
sample includes only those inspectors who work at
a single facility. We believe this provides the clean-
est approach to estimating the true facility culture
because it avoids focal inspector observations estimat-
ing the facility fixed effects that would then be used to
predict these same observations in the second stage.
Our first stage specification at the vehicle inspection

level is as follows:

Passi� t =
N∑

j=1
�jFacilityEffectj

+�InspectionControlsi + �i� t	 (1)

For each inspection i we estimate a linear pass
probability based on the facility where the inspection
is performed, cubic odometer controls, make/model
group controls, manufacturer year dummies, month
effects, and region controls at the level of the three-
digit zip code.11 Although including all observations
in the specification would be ideal, this approach is
computationally infeasible. In addition to including
all observations from facilities employing individu-
als who work at more than one facility, we there-
fore include a 10% sample of the data from all other
facilities to precisely estimate control variables. This
sample ensures that our control variables reflect the
influence of time and car characteristics on all cars,
not just those from facilities relevant to our estimation
of spillovers. This sampling decreases selection bias in
control estimation, and reduces the risk that omitted
variable drives our results. In practice, including this
sample yields small differences in our final results.12

From our first stage regression we obtain predicted
estimates of the facility fixed effects. The distribution

10 In order for an inspector to be working at a facility, we require
that they inspect 50 or more vehicles at that facility. We restrict the
sample to switchers in certain specifications.
11 For computational reasons, we keep these controls used to esti-
mate the first stage consistent throughout all of the regressions.
When we vary the use of controls in the second stage regressions
this does not mean the controls are being varied in the first stage.
12 Models excluding the 10% sample change our coefficients in
Table 3 by an average of less than 1%, and do not reduce statistical
significance despite the lower observation count of n= 426,922.

Figure 1 Kernel Density Plots of Relative Facility Pass Rates:
Placebo vs. Real Data
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of these estimates can be seen in Figure 1, labeled
“real data.” These fixed effects represent risk-adjusted
pass rates that control for each facility’s unique port-
folio of cars, similar to productivity measures in
Mas and Moretti (2008) and health care economics
(Huckman and Pisano 2006).13 Before identifying eth-
ical spillovers, we first look to establish that fraud
is not randomly and equally distributed across the
industry. To test for the importance of organizations
in this fraud, we seek to compare the patterns of orga-
nizational pass rates identified through facility fixed
effects with a simulated, random assignment of tests
to facilities. We randomly assign inspections to each
facility in the population, while keeping their port-
folio size equivalent to the real data. This involves
creating a placebo distribution to compare with the
real data. To understand this construction, consider
Firm X, which tests 2,000 vehicles in our data set.
To generate the placebo distribution in Figure 1 we
replace the 2,000 cars that Firm X actually tested with
2,000 randomly selected vehicles from the entire pop-
ulation.14 We then estimate the fixed effect for firm X
and likewise for all other firms in the data set using
this new, “randomly assigned” data.15 From this pro-
cedure we generate the placebo distribution of facility
fixed effects.
To understand the reasons for this method, con-

sider the following hypothetical case. Suppose that
there were complete homogeneity in the behavior of
all facilities. The average facility fixed effect is −0	011.

13 In a previous version of this paper, we used a similar method-
ology to Huckman and Pisano (2006), and found similar results.
For the revision, we adapted Mas and Moretti’s (2008) fixed-effect
approach due to its superior robustness to selection biases.
14 This assignment process is done without replacement.
15 We run this procedure 25 times with similar results. For every
run of the data we find that the standard deviation in the real data
exceeds the standard deviation in the placebo data.
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Because there is some inherent noise in the data, how-
ever, in some facilities we would observe the failure
gap to be above −0	011 and in others below −0	011.
This is a natural consequence of finite sample statis-
tics. To truly identify facility-specific effects, we need
to show that there are actual differences in facility
fraud that extend beyond the expected noise in the
data. This simulation allows us to create a counterfac-
tual null-hypothesis about the random distribution of
firm pass rates, and then reject it based on the real
effects estimated in our specification.
In the placebo distribution in Figure 1 we observe

that the variance is significantly less than the vari-
ance in the real data. Figure 1 presents both the first
placebo and real distributions with a much tighter
distribution in the placebo data. Thirty-three percent
of the facility fixed effects in the real data lay out-
side one standard deviation in the placebo distribu-
tion, demonstrating that the facilities at the ends of
the distribution of the real data are not there due
to random chance, but due to actual differences in
firms’ behavior. The interpretation of those facilities
in the “fat tail” on the right side of the distribu-
tion is straightforward; they represent highly uneth-
ical organizations. It is important to note, however,
that a fixed effect equal to −0	011 represents behav-
ior consistent with the industry average, which in
this industry represents minor to moderate levels of
fraud. Consequently, many of the facilities in the “fat
tail” on the left side of the distribution may repre-
sent those firms with complete legal compliance, with
their pass rates reflecting the real emissions of the
cars they test. Additionally, some facilities on the left
side may be engaging in the fraudulent failing of cars
in order to increase repair business on transient cus-
tomers (Taylor 1995).16

5.2. Identifying Ethical Spillovers
There is considerable heterogeneity in the unethi-
cal practices of facilities, but our primary concern
is in understanding how these ethical norms influ-
ence individual behavior. The second stage of our
analysis therefore involves identifying whether the
firm-level differences in pass rates in step one influ-
ence the inspector’s behavior. If an inspector moves
from a facility that, all else equal, has a low passing
rate to a station with a high passing rate, we esti-
mate how this employment change impacts inspec-
tor behavior. The advantage of looking at those

16 Each car must also pass a safety inspection as well. Because safety
inspections are primarily visual, they provide better opportunities
for inspectors to fraudulently fail a vehicle. It is much more diffi-
cult to fraudulently fail an emissions test than to pass it, because
contaminants must be introduced into the system. For facilities
with transient customers, however, incentives for fraudulent fail-
ures may induce such behavior.

inspectors who switch stations rather than a purely
cross sectional approach is that we condition on
inspector fixed effects. Without inspector fixed effects,
correlations between inspector and firm behavior
could be explained purely through a selection effect,
where ethical inspectors choose ethical employers and
vice versa. While this matching process is certainly
important both in the literature and in practice, we
are focused here on the treatment effect of ethical
spillovers.
The facility fixed effect estimated in the first stage

becomes our independent variable FacilityLeniency for
the second stage.17 As facility leniency increases (i.e.,
they are more likely to pass a vehicle conditional
on vehicle characteristics) FacilityLeniency increases.
We then estimate the spillover effects on the sample
of switchers and those working at multiple employers. In
this regression the sample is distinct from the sample
used in the first stage. The only common observa-
tions are the 10% subsample that comes from facili-
ties that employ the inspectors of interest. Again our
results are robust to the exclusion of this group, how-
ever their inclusion aids in precisely estimating the
inspection controls. The second stage is given by the
following specification:18

Passi� t = �FacilityLeniencyi +
N∑

j=1
�j InspectorEffectj

+�InspectionControlsi + �i� t	 (2)

A positive coefficient on FacilityLeniency implies
that as an inspector moves across facilities, her
pass rate converges toward that of the current
employer. We include the control variables used in
the first stage plus some additional variables. The
first addition addresses a significant concern in spec-
ification (2) in that FacilityLeniency is picking up
mechanical variation in the testing procedure rather
than social differences across facilities. For exam-
ple, the FacilityLeniency variable might simply reflect
mechanical differences in the quality of facilities’ test-
ing equipment. We attempt to control for this by creat-
ing an equipment quality variable by using only those
cars manufactured after 2001. In our data this sub-
sample very rarely fails an inspection. We measure the

17 We use the term “leniency” here to reflect high risk-adjusted
pass rates. Given our extensive vehicle, geographic, and equipment
quality controls, high values are likely fraud, although not all these
fixed effects are significant enough to raise accusations of wrong-
doing by specific facilities.
18 A previous version of this paper attempted to include same-day
peer effects, which were concurrently estimated with organizational
effects. With the help of two anonymous referees, we concluded
that small firm size and high collinearity made this distinction
impossible, and that this joint identification requires data with both
large within-firm and across-firm variation.
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quality of equipment at a given facility by examining
the carbon monoxide readings on this subsample of
cars, data which are minimally contaminated by fraud
due to the almost certainty of legitimately passing.
Facilities that have relatively higher carbon monoxide
readings from this subsample are assumed to have
“stricter” machines. To estimate this effect we use the
following regression, where the FacilityEffect coeffi-
cients become our control variable EquipmentQuality.

CarbonMonoxidei� t =
N∑

j=1
�jFacilityEffectj

+�InspectionControlsi + �i� t (3)

All of our standard errors are clustered at the
inspector level to address issues of correlation of the
error terms within inspectors, which is a conservative
error estimation procedure. We find minimal differ-
ences in results when we alternatively cluster at the
facility level and implement two-way clustering on
both facility and inspector (Cameron et al. 2006).
Our methodology does suffer from several com-

mon problems in the study of spillovers and peer
effects. First, we acknowledge that switching between
facilities is an endogenous process, where the choice
to switch and the new employer are not randomly
assigned. Second, we acknowledge that our study suf-
fers from Manski’s (1993) reflection problem, where
identification of a group’s influence on individuals is
confounded by possible exogenous determinants of
performance or correlations in unobserved individual
characteristics. Although these problems are reduced
by our identification of how permanent firm character-
istics affects current inspector behavior, our problem
is larger than in some studies (Mas and Moretti 2008)
due to our small firm size. The endogenous switching
process may exacerbate this problem if a homophilic
sorting process clusters like-minded inspectors in cer-
tain facilities. Finally, we cannot eliminate the possi-
bility that individuals are influencing organizations,
which suggests that causality may go both ways.
Although our facility fixed effect is estimated includ-
ing time without the inspector, any reverse causal-
ity would suggest we are overestimating the spillover
coefficient. As we will present later, however, we find
larger spillovers at larger organizations and on indi-
viduals who conduct fewer tests, two groups where
the influence of individuals on facilities would be
smallest. This suggests that our findings are strongest
in cases where reverse causality would be less of a
problem. Regardless, we caution the reader that this
identification strategy cannot meet the standard of a
randomized experiment. Absent a randomized exper-
iment, we cannot make a causal claim with absolute
certainty.

Table 1 Summary Statistics

Observations Mean Min. Max.

Population: All inspectors
Pass rate 14,766 0.935 0 1
Number of jobs 14,766 1.085 1 6
Number of inspections 14,766 310.664 1 5,833

Sample: Inspectors with
multiple employers

Pass rate 1,104 0.933 0.73 1
Number of jobs 1,104 2.131 2 6
Number of inspections 1,104 524.23 102 4,291
Average tenure at job 1,104 317.704 35.5 724
in days

Sample: Facilities where
inspectors work across
multiple firms

Average number of 523,153 3.206 1 33
inspections per day

Average number of 523,153 1.58 1 20
inspectors present
per day

5.3. Spillover Results
Table 1 presents the summary statistics germane to
the results. Our sample of 1,104 inspectors with mul-
tiple employers conducts 868,071 automobile inspec-
tions with an overall pass rate of 93%. This pass rate
is nearly identical to the 14,766 inspectors in the entire
population. The average number of jobs for our sam-
ple is 2.1, with an average inspection total of 524.
Each job lasts 317 days. Additionally, each facility in
our sample averages 3.2 inspections per day, with
1.6 inspectors per facility working each day. Nearly
half of all facility days in our sample involve only
one inspector.19 In unreported results, as one would
expect, pass rates are strongly negatively correlated
with vehicle age and odometer readings.
Table 2 presents the spillover results for ordinary

least squares (OLS) and probit specifications with
multiple variations. Overall our results are quite con-
sistent and robust to changes in the specification. In
column (1), where only the inspector fixed effects
were included, the impact of the change in facilities
positively and significantly impacted an inspector’s
pass rate. The interpretation of the coefficient 0.178
indicates that if an inspector moves from one facil-
ity to a second facility with a pass rate 10% higher
than the first, there will be a 1.78% increase in the
inspector’s pass rate. This estimate is quite consis-
tent with estimates of productivity spillovers in prior
literature, where Mas and Moretti (2008) and Falk
and Ichino (2006) find peer spillovers of 15% and

19 Inspectors inspecting less than 100 cars a year and less than 50
cars at any given facility were thrown out because that leads to the
risk-adjustment being imprecisely estimated. Our results are robust
to changes in this threshold.



Pierce and Snyder: Ethical Spillovers in Firms: Evidence from Vehicle Emissions Testing
1898 Management Science 54(11), pp. 1891–1903, © 2008 INFORMS

Table 2 Impact of Facility Pass Rate on Inspector Pass Rate (Everyone)

(1) (2) (3) (4) (5) (6) (7) (8)
Pass Pass Pass Pass Pass Pass Pass Pass

FacilityLeniency 0�178 0�193 0�177 0�197 0�186 0�186 0�139 0�105
�0�051�∗∗∗ �0�054�∗∗∗ �0�053�∗∗∗ �0�055�∗∗∗ �0�053�∗∗∗ �0�044�∗∗∗ �0�045�∗∗∗ �0�035�∗∗∗

Odometer controls N Y Y Y Y Y N Y
Make year dummies N Y Y Y Y Y N Y
Five-digit zip code effects N N Y N N N N N
Three-digit zip code effects N N N Y Y Y N Y
Model group effects N N N Y Y Y N Y
Month effects N N N Y Y Y N Y
Equipment quality control N N N N Y Y N Y
Inspector fixed effects Y Y Y Y Y Y Y Y
Standard error cluster Inspector Inspector Inspector Inspector Inspector Facility Inspector Inspector
Specification OLS OLS OLS OLS OLS OLS Probit Probit
Observations 868,017 868,017 868,017 868,017 868,017 868,017 866,575 860,140

Notes. Standard errors clustered at the inspector or facility level. For probit specifications, marginal effects at the average values are taken.
∗, ∗∗, ∗∗∗ indicate significance at the 10%, 5%, and 1% confidence level, respectively.

14%, respectively. In column (2) we condition on time
effects and control for the odometer reading and the
squared odometer reading. We find that the preci-
sion of the estimate increases as well as the magni-
tude. In column (3) we add dummies for the year of
production and make (e.g., Honda, Toyota, etc.) and
for the five-digit zip code. These additions, intended
to control for vehicle and geographic-based varia-
tion, do not significantly alter the results. Column
(4) adds car model and month dummies, whereas
column (5) adds our equipment quality control vari-
able.20 These additions do not significantly alter our
estimated spillover effect. The consistent estimates
on FacilityLeniency suggests that an omitted variables
bias is likely to be a small problem, because as we
include known variables that ought to confound the
results, the identification only improves. The mod-
els in columns (1)–(5) all correct for clustering at the
inspector level, but for robustness column (6) clus-
ters at the facility level, the broadest level of aggre-
gation in the data. This change reduces the standard
error, suggesting that correlations within inspectors
are more important than within facilities.
There are obvious concerns with using an OLS

specification for a discrete choice model, given that
the errors are not normally distributed. We therefore
present a probit model with calculated marginal
effects.21 There is a persistent problem, however,

20 For columns (4) and (5) we switch from five-digit to three-digit
zip code dummies due to reduced within variation.
21 We implement the probit model with unconditional inspector
fixed effects. There are concerns with using unconditional fixed
effects when the within cell-size is less than 16 (Katz 2001).
Because the average number of observations within each inspector
is at least 50, conditional inspector fixed effects offer little benefit
here. Furthermore, conditional probit models with marginal coef-
ficients are extremely difficult to implement and computationally
prohibitive here for large samples.

when analyzing discrete choice data in a panel
setting—the “incidental parameters problem.” In
panel settings where the within sample is small, non-
linear models are with few exceptions inconsistent
and biased estimates of the true parameter. This is
a major hurdle for studying nonlinear panel data.
The conventional resolution of this problem is to use
both OLS, where the estimator is unbiased and con-
sistent, and where possible apply nonlinear meth-
ods that account for the discrete choice structure of
the data. If comparisons between the two classes
of models are not similar, this leads the researcher
to worry that any one of the problems is driving
their results. Unfortunately, more elaborate statisti-
cal solutions to this problem are still underdevel-
oped.22 Columns (7) and (8) present results from the
unconditional fixed-effect probit model. The coeffi-
cient for FacilityLeniency remains positive and signifi-
cant, although now somewhat smaller. Our results are
consistent across specifications.
Table 3 reports the results from the OLS and

probit models using only the sample of inspectors
who sequentially change employment. That is, we
now exclude inspectors who work at multiple facili-
ties simultaneously. The economics literature on free
agency suggests there may be fundamental differ-
ences between workers who simultaneously hold
multiple jobs and those who serially switch from one
to another (Cymrot and Dunlevy 1987, MacDonald
and Reynolds 1994). This removes approximately
124,000 inspections from our model. The results are
consistent with those from the larger sample across
columns (1)–(8).
The average effects in Tables 2 and 3 mask sev-

eral important sources of firm heterogeneity. First,

22 For a detailed description of this problem, see Lancaster (2000).
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Table 3 Impact of Facility Pass Rate on Inspector Pass Rate (Switcher Sample)

(1) (2) (3) (4) (5) (6) (7) (8)
Pass Pass Pass Pass Pass Pass Pass Pass

FacilityLeniency 0�188 0�212 0�185 0�214 0�197 0�197 0�154 0�117
�0�071�∗∗∗ �0�076�∗∗∗ �0�072�∗∗ �0�077�∗∗∗ �0�073�∗∗∗ �0�060�∗∗∗ �0�066�∗∗ �0�050�∗∗

Odometer controls N Y Y Y Y Y N Y
Make year dummies N Y Y Y Y Y N Y
Five-digit zip code effects N N Y N N N N N
Three-digit zip code effects N N N Y Y Y N Y
Model group effects N N N Y Y Y N Y
Month effects N N N Y Y Y N Y
Equipment quality control N N N N Y Y N Y
Inspector fixed effects Y Y Y Y Y Y Y Y
Standard error cluster Inspector Inspector Inspector Inspector Inspector Facility Inspector Inspector
Specification OLS OLS OLS OLS OLS OLS Probit Probit
Observations 744,095 744,095 744,095 744,095 744,095 744,095 742,873 736,631

Notes. Standard errors clustered at the inspector or facility level. For probit specifications, marginal effects at the average values are taken.
∗, ∗∗, ∗∗∗ indicate significance at the 10%, 5%, and 1% confidence level, respectively.

we might be interested in the difference in spillover
magnitude when an inspector moves to a small facil-
ity versus when they join a large facility. Second,
we might be interested in how the organizational
form influences the magnitude of the spillover. Do
corporate chains exert more influence on inspectors
than do single-facility firms? Third, are high-volume
inspectors more resistant to organizational influ-
ence? To explore these issues we alternately include
dummy variables for large firms, high-volume inspec-
tors, and corporate chains. We also interact these
with FacilityLeniency to measure differential spillovers
across facility and inspector types. We use only OLS
models due to inherent problems with interaction
terms in nonlinear models. Table 4 presents the results
for these models.
Columns (1) and (2) present spillover results across

firm size. We create a dummy variable equal to
one if the facility performs more than 1,000 inspec-
tions over the two years in the data. The coeffi-
cient for the FacilityLeniency ∗ Large interaction term
is positive and significant, suggesting that ethical
spillovers are much stronger at large facilities than
at small facilities. When an inspector moves into a
smaller station, the impact of the spillover in col-
umn (2) is 0.118, which is less than 30% of the impact
when they move into a larger station. The differ-
ence between these coefficients is significant at the
1% confidence level. Although we cannot point to a
specific mechanism for this effect, this evidence sug-
gests that large organizations exert a more power-
ful influence on employee behavior, perhaps through
more formalized rules. This result also may stem from
better monitoring in large facilities, due to multi-
ple coworkers working in proximity to the inspec-
tor. Columns (3) and (4) indicate that inspectors who
conduct the most inspections are much less influ-
enced by their organizational norms. We designate a

large inspector as one who performs more than 1,000
inspections during the two-year sample. Although the
spillover for “small” inspectors is 0.36, it is 0.27 less
for “large” inspectors, a difference statistically sig-
nificant at the 1% level.23 Corporate chains appear
to have a much stronger spillover effect than single-
facility firms in columns (7) and (8), with nearly dou-
ble the magnitude of coefficient. This suggests that
either more formal procedures or better monitoring
in corporate chains force employees to conform to
organizational norms, although we are cautious in
our interpretation. An alternative explanation could
involve nonconforming inspectors selecting into inde-
pendent facilities.24

Finally, we examined whether or not the organi-
zational spillover involved an acculturation process
similar to what was observed in Fisman and
Miguel (2007). If this were the case, we should
observe the magnitude of the spillover increasing
over time. Unfortunately, our data are left-censored,
which prevents us from observing the true cumulative
employment time for each inspector’s first job. Con-
sequently, we estimate the magnitude of the spillover
for the first month of each subsequent job differenced
against the observed spillovers at all other times.
This is accomplished by creating a dummy variable
equal to one for each inspection conducted in the
first month of all facilities after the first employer. We
then interacted FacilityLeniency with the first month
dummy to observe the difference between spillovers
in this first month and at all other times, including

23 An alternative model identified large inspectors by their share of
inspections at a facility. This produced very similar results.
24 Ideally, we would jointly estimate both facility and chain fixed
effects. Similar to a similar specification with peer effects, the lack
of variation within chains makes this specification infeasible.
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Table 4 Impact of Facility Pass Rate on Inspector Pass Rate (Switchers)

(1) (2) (3) (4) (5) (6) (7) (8)
Pass Pass Pass Pass Pass Pass Pass Pass

FacilityLeniency 0�119 0�118 0�357 0�360 0�185 0�197 0�182 0�190
�0�065�∗ �0�061�∗∗ �0�046�∗∗∗ �0�044�∗∗∗ �0�074�∗∗ �0�075�∗∗∗ �0�072�∗∗ �0�073�∗∗∗

Large facility 0�007 0�008
�0�003�∗∗∗ �0�002�∗∗∗

FacilityLeniency ∗ Large facility 0�231 0�277
�0�088�∗∗∗ �0�087�∗∗∗

Large inspector Absorbed Absorbed
FacilityLeniency ∗ Large inspector −0�280 −0�265

�0�072�∗∗∗ �0�074�∗∗∗

First month −0�005 −0�006
�0�002�∗∗ �0�002�∗∗∗

FacilityLeniency ∗ First month 0�039 0�007
�0�037� �0�03�

Chain −0�007 −0�012
�0�002�∗∗∗ �0�002�∗∗∗

FacilityLeniency ∗Chain 0�174 0�186
�0�131� �0�132�

Odometer controls N Y N Y N Y N Y
Make year dummies N Y N Y N Y N Y
Three-digit zip code effects N Y N Y N Y N Y
Model group effects N Y N Y N Y N Y
Month effects N Y N Y N Y N Y
Equipment quality control N Y N Y N Y N Y
Inspector fixed effects Y Y Y Y Y Y Y Y
Standard error cluster Inspector Inspector Inspector Inspector Inspector Inspector Inspector Facility
Specification OLS OLS OLS OLS OLS OLS OLS OLS
Observations 744,095 744,095 744,095 744,095 744,095 744,095 744,095 744,095

Note. Standard errors clustered at the inspector or facility level.
∗, ∗∗, ∗∗∗ indicate significance at the 10%, 5%, and 1% confidence level, respectively.

inspections conducted at the first facility. Including
these first facility inspections allows us to continue
to difference off inspector fixed effects. Columns (5)
and (6) present these results, which show no sta-
tistically significant effect, particularly when control
variables are added to the model. Alternative time
cutpoints show similar results. Similarly, replacing
the first month dummy with a logged time vari-
able produced no statistically significant time effects,
and precluded us from using the left-censored first
jobs. Although it appears from our data that these
spillovers occur almost immediately, we are cau-
tious in dismissing acculturation effects. Accurately
identifying this effect would require a large sam-
ple of inspectors with two or more noncensored
employments.

6. Discussion and Conclusion
The results from our models strongly suggest that
individual ethical behavior is influenced by the ethics
of the employer. When individuals move from one
facility to another, their leniency appears to shift
toward that of their employer. This heterogeneous
leniency is consistent with fraud in the emissions

testing market, and the organizational norms of the
facility appear to influence levels of this unethical
behavior in individual inspectors. Our results appear
to be robust to geographic and firm quality con-
trols, but suffer from endogenous selection and the
reflection problem common in the peer-effect litera-
ture. These problems weaken our ability to definitely
establish causality. Furthermore, we cannot identify
whether this effect stems from firm-level policies
regarding cheating, the norms of coworkers, or some
sort of financial incentive. Our results are consistent
with all three explanations, and the observations in
the data are likely a combination of the three. Finally,
we must be cautious about our ability to extrapo-
late our findings to the entire population of inspec-
tors. Given the shortness of our panel, the majority of
inspectors do not switch jobs, and we are unable to
identify if our point estimates on spillovers would be
accurate for this subsample as well.
How do we interpret our findings? As we have

discussed throughout this paper, there are a num-
ber of theories that can help explain our empirical
observations of ethical spillovers. The economics lit-
erature has shown that both financial incentives
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(Hubbard 1998, 2002) and peer pressure (Mas and
Moretti 2008) can influence how individuals behave
within organizations. When individuals move from
one organization to another, the new financial incen-
tives or social pressure from other employees can
motivate employees to conform their behavior to
those of their peers. This conformity may also come
from enforcement of strict organizational codes of
conduct that penalize individuals who stray from
accepted norms. The sociology literature (Tetlock
1992) also contributes an understanding of how the
ethical norms of an organization can influence the
choices of the individual through individual account-
ability. Psychology-based work on organizations has
explained this with job satisfaction and organizational
commitment (O’Reilly et al. 1991, Williams and Hazer
1986). This conformity may also stem from percep-
tion of what is “unethical” to the new individual.
Gradual exposure to unethical emissions testing may
shift the new inspector’s perception of what is ethical,
similar to evidence in Fisman and Miguel (2007) and
findings from experimental studies (Cain et al. 2005).
This process may affect only the individual or the
entire organization through normalization of corrup-
tion (Ashforth and Anand 2003). Our analysis finds
that these ethical spillovers occur nearly immediately,
and we are unable to find any gradual accultura-
tion effect in new employees. This suggests to us that
we are primarily observing organizational influence
on ethical behavior rather than fundamental shifts in
employee ethical beliefs.
Although we have been able to identify organi-

zation-level spillovers, we are not able in this paper
to parse out all the exact mechanisms through which
these spillovers occur. Financial incentives likely play
some role, due to anecdotal evidence on the limited
existence of inspector bribes and the more convinc-
ing evidence of firm benefits from emissions fraud
(Hubbard 1998). Similarly, social pressure, whether
described in terms of individual utility theory or
accountability, likely influences a number of inspec-
tors to conform not only to their peers but also to
their employers’ ethical norms. We believe that our
results reflect a combination of all these organization-
level forces, and that further separating them requires
detailed organizational and customer data. Recent
work by Pinto et al. (2008) presses for the importance
of further segmenting corrupt organizations, argu-
ing that there are fundamental differences between
“corrupt organizations” and “organizations of corrupt
individuals.” The incentives, constraints, and influ-
ences for individuals and organizations are at the
heart of this distinction, and the vehicle emissions
testing market undoubtedly includes some of both
types.

It is important to note that many of the organiza-
tional spillovers that we observe may in fact come
from peer effects. The average number of inspectors in
each facility is less than two, which suggests that for
many of the facilities the “organization” may reflect
two individuals. Firm size is likely larger than this,
given that most of these facilities engage in numer-
ous other activities, including gasoline sales, service,
safety inspections, and repairs. But the small firm size
blurs the distinction between the peer effects in Mas
and Moretti (2008) and the organizational effects in
Huckman and Pisano (2006). It was our original intent
to empirically isolate these two influences by explor-
ing which inspectors worked together on the same
day, but the small firm size and collinearity limited
our ability to cleanly separate them. Our attempts at
this suggest, however, that similar methodology with
larger firms might allow for simultaneous estimation
of firm and peer spillovers.
We believe this paper makes a significant contri-

bution to the understanding of how the interaction
between individual employees and the organizations
that hire them influences their choices between ethical
and unethical behavior. Our unique data set allows us
to observe an entire market, where employees change
their behavior as they move across numerous hetero-
geneous firms. Furthermore, this market is one that
is inundated with fraud, a unique setting for exam-
ining unethical behavior. We believe this combination
allows us to make a valuable contribution to the lit-
erature on productivity, ethics, and corruption. The
context in which we study this problem is not a trivial
one—vehicle emissions testing is widespread across
the United States, and has serious implications both
for the economy, the environment, and public health.
Fraud in emissions testing has been directly linked to
customer loyalty (Hubbard 2002), and can be extrap-
olated to elevated air pollution, and potentially infant
mortality (Chay and Greenstone 2003). We therefore
believe that this paper not only contributes to our
understanding of ethics and organizations, but also
to the management of employees and the design of
environmental policy.
These findings have considerable implications for

both managers and policy makers. When individuals
join organizations, their personal ethics are persis-
tent but not immutable. Managers can clearly influ-
ence the ethics of their employees, through both
organization-level policies and incentives. Although
managers may be able to influence the ethics of the
individual to conform with organizational norms, the
effect of this spillover is limited. If ethical conformity
is essential to the financial and legal health of the
organization, managers must be vigilant in the hiring
process to vet applicants for severe misfits between
organizational norms and personal beliefs. Where
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ethics are defined by legal compliance, such as in
emissions testing, accounting fraud, or sexual harass-
ment, the costs of hiring grossly unethical employees
may be much higher.
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