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ABSTRACT

Moral hazard exists in “diagnosis-cure” markets because sellers have an incentive to shade
their reports of buyers’ condition to increase the short-run demand for the treatments they supply.
The California vehicle emission inspection market offers a rare opportunity to examine how
incentives operate in such markets. This paper investigates why sellers help vehicles pass
inspections, focusing on multiperiod mechanisms such as those in reputation models. I show that
the demand individual firms face is sensitive to inspection outcomes. Consumers are 30% more
likely to return to a firm at which they previously passed than one at which they previously failed.
If, over the long run, an independent garage fails one additional vehicle per month, this decreases
demand by 5.6 inspections per month on the average. This figure is lower for service stations and
new car dealers. Consumers’ behavior is consistent with a learning model in which they have diffuse
initial priors regarding the probability they fail at individual firms, and Bayesian update using two
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1. Introduction

Transactions involving services are not simple exchanges. Production takes place after
buyers and sellers agree to the terms of trade. When buyers can neither perfectly observe nor
costlessly verify quality, moral hazard problems arise. Sellers can take actions which affect the size
and allocation of the gains from trade. This situation appears in transactions mediated by markets
as well as those that take place “within firms.” In “diagnosis-cure” markets such as health care,
automotive repair, and legal services, sellers supply information and related services. Doctors,
mechanics, and lawyers have an incentive to shade their reports of buyers’ condition to increase
demand for the services they supply.

The California vehicle emission inspection market offers a rare opportunity to investigate
how incentives operate in a “diagnosis-cure” market, due to the availability of detailed transaction-
ievel panel data. In previous work, Hubbard (1997) finds that inspectors generally help vehicles pass
inspections, even though they could increase short-run demand for emission-related repairs by
helping them fail. Inspectors’ actions cut the fraction of vehicles which fail from about 40% to about
20%.

This paper investigates the incentives which encourage inspectors and their firms to help
vehicles pass. The focus is on multiperiod mechanisms such as those in reputation models.'! There
are two research goals. One is simply to provide evidence regarding why inspectors tend to help
vehicles pass. Iestimate a model of consumer choice, concentrating on two empirical relationships.
One 1s how the outcome of their vehicle’s previous inspection affects the probability consumers
choose the same firm in the future. The other is how firms’ failure rates — the fraction of
inspections they perform which are failures — are related to individual consumers’ choice.
Empirical estimates of these relationships allow one to compute the elasticity of firms’ demand with
respect to inspection outcomes. If demand is sensitive to inspection outcomes, this is evidence that
buyers provide sellers incentives via multiperiod mechanisms.

The other goal is to better understand what underlies consumers’ behavior, and thus the

'Single-period contingent contracts are uncommon in this market. Part of the reason for this is that they are
discouraged by the environmental regulators who oversee the market. Adverse selection may also undermine such
arrangements. Consumers may have private information about their vehicle’s condition.
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mechanism through which incentives arise in this market. There several distinct theoretical models
in which multiperiod mechanisms align incentives.” I examine the empirical results in light of one
of these models. In this working model, relationships between individual consumers’ choice and
inspection outcomes arise solely because of learning: consumers believe inspection outcomes
provide information about firm characteristics they do not directly observe. Under these conditions,
[ show that estimates of the two central relationships allow one to compute a measure which
indicates how informed consumers are. Assuming that consumers have initial priors regarding the
probability they fail at individual firms which are characterized by a Beta distribution, and use
Bayes’ rule to update from these priors, I show that the two relationships also characterize
consumers’ initial priors. Applying these results, the empirical estimates of the consumer choice
model characterize consumers’ beliefs and informedness. Interpreting the results with this model
provides further intuition for what may drive buyers’ (and thus sellers”) behavior in this market.
Ifind that consumers’ choice of firms is strongly related to both the outcome of their previous
inspection and firms’ failure rates. If a firm passes, rather than fails, a consumer’s vehicle, this
increases the probability the consumer chooses the firm the next time his vehicle needs an inspection
by about 30% on the average. From the relationship between choice and failure rates, in the long
run, failing one additional vehicle per month would decrease demand by 5.6 inspections per month
on the average across the independent garages in my sample, 2.4 on the average across the service
stations, and 1.7 across the new car dealers. Multiperiod mechanisms encourage sellers to supply
passing inspections. Although consumers cannot completely observe inspectors’ actions, they
provide sellers strong incentives to help them pass because demand is quite sensitive to inspection
outcomes. Assuming that the data reflect a “Nash-in-prices” equilibrium, failing one additional
vehicle per month implies a loss of $46.71 in inspection profits per month. These demand shifts do

not appear to be due to consumers’ learning about their vehicle. If they solely reflect consumers’

*There are two classes of “reputational” models in the literature. In one class, agents have complete
information about each others” attributes. Equilibrium behavior is maintained by participants’ commitment to punish
parties when they observe something that signals a deviation from equilibrium strategies. (Klein and Leffler (1980),
Green and Porter (1984), Abreu, Pearce, and Stachetti (1986)). The data cannot reject this class of models; the empirical
results may reflect a very complicated trigger equilibrium. In another set of models, agents have incomplete information
about each others’ attributes (“types™). Agents’ decisions reflect their desire to signal they are certain types. (Fama
(1980) and Holmstrom (1982) explore this in the context of managerial shirking.) The model used to interpret the data
falls in this second class.



learning about unobserved firm characteristics, they are consistent with a model in which all
consumers know the outcomes of two to three inspections at each firm in the market, and have
diffuse initial priors regarding the probability they fail at individual firms. Buyers’ and sellers’
behavior in this market may reflect that consumers are skeptical regarding the extent individual firms
are prone to help them pass and apply information from a very small proportion of transactions in
the market in forming their conjectures.

An outline of the rest of the paper follows. Section 2 describes the relevant features of the
inspection market, discusses the different models in which multiperiod mechanisms can supply firms
quality incentives, and derives the learning model I use to interpret the results. In section 3, I
describe the data. In section 4, I construct the empirical framework and develop the econometric
model used in estimation. Section 5 contains the estimation results and analysis. Section 6
concludes.

2. Analytic Framework
The M ifornia Vehi

In most parts of California, drivers must obtain an emission certificate each time they change
their vehicle’s registration and biennially upon registration renewal.’ In general consumers can only
obtain a certificate once their vehicle passes an emission inspection.* Inspections and any associated
emission-related repairs have little or no private value. Consumers prefer pﬁssing inspections to
failing them because “passes” relieve them of a regulatory requirement that is costly to fuifill.

Private firms such as independent garages, service stations, and new car dealers supply
emission inspections. Inspections have two parts: an “emission test” in which inspectors measure
the composition of vehicles’ exhaust, and an “underhood test” in which they check the physical
condition of emission control equipment. Vehicles pass inspections when they pass both parts.
[nspectors employed by these firms conduct inspections and complete emission-related repairs.

These individuals have discretion in how to conduct inspections, and if the vehicle fails, which

New vehicles and those older than the 1966 model year are exempt, as are those with diesel engines. For more
detail about the California vehicle inspection market, see Hubbard (1996, 1997).

“Vehicles can obtain a waiver if the cost of the repairs required to satisfy applicable standards exceeds a model-
year-specific amount. During 1992, the period of my data set, this ranged from $50 to $350.
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repairs to recommend. They can affect inspection results in several ways. They can influence
tailpipe emission readings by warming vehicles up. They can influence the outcome of the
underhood test by simply being more or less lenient in applying the relevant technological standards.
Actions that affect the probability vehicles fail or the cost of repairs given a failure affect consumers’
cost of registering their vehicle. Moral hazard exists when consumers can neither directly observe
nor costlessly verify the effect of these actions.

Regulators oversee the inspection market. They prefer that inspection outcomes be
determined by vehicles’ actual emission condition, not by actions taken by inspectors that make
vehicles’ emission condition seem different than it actually is.’ They attempt to limit how inspectors
affect inspection results in two ways. First, as much as possible, they control the inspection
procedure with software routines embedded in inspectors’ emission analyzers.® Second, they
conduct covert audits. In these, undercover state officials bring a vehicle designed to fail an
inspection to an inspection supplier. If it passes without preinspection repairs, the inspector and the
firm are given citations.

Below is a stylized description of the decisions buyers and sellers make and the incentives
that affect them. This highlights why buyers’ beliefs regarding how inspectors will behave may
differ across firms and vary with previous inspection outcomes. This motivates the specification of
the empirical model and interpretation of results.

The timing of events follows. Consumers first form beliefs about the cost of obtaining a
passing inspection at different firms. They then choose a firm. An inspector at the firm they select
then chooses how to conduct the inspection. Because emissions are stochastic, nature then moves;
this determines the inspection outcome.” The next period then begins. Consumers next choose

among firms when they next need an inspection. If the outcome was a "fail," this is soon after the

*Regulators are not averse to all of the ways in which inspectors can exercise discretion. For example, they
permit (and even encourage) inspectors to warm up vehicles before inspecting them to the extent that it makes vehicles’
condition during the inspection more representative of their condition in normal operation.

SFor example, the machines can determine whether the probe that measures tailpipe emissions is in a vehicle’s
tailpipe.

"Throughout this paper, I assume that the support of the distribution of outcomes is the same for all actions.
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initial inspection, often after consumers purchase repairs. If it was a "pass,” it is the next time they
need to change or renew the vehicle’s registration. This paper examines consumers’ choice of firms
for their first inspection within an "inspection cycle” — not their choice of where to obtain repairs
Or reinspections.

Firms choose their organizational characteristics, the goods and services they supply, and
prices toward maximizing profits. Organizational characteristics include hierarchies and
compensation schemes. I take these to be exogenous with respect to individual inspectors’ and
consumers’ decisions. Inspectors choose how to conduct inspections to maximize their utility, which
is a function of income and effort. Firms’ characteristics imply incentive structures which affect how
inspectors behave. At most firms, part of inspectors’ and mechanics’ compensation is based on piece
rates. Inspectors have an incentive to help vehicles fail because their firms have local market power
in supplying emission-related repairs. If they believe demand is sensitive to inspection results, they
face a trade-off between helping vehicles fail and helping them pass.

Consumers choose among firms to maximize expected utility.® For many, this is
approximately equivalent to minimizing the cost of obtaining a passing inspection. Some, however,
may have preferences for particular firms — for example, their vehicle’s new car dealer — unrelated
to cost. The cost of obtaining a passing inspection includes the inspection price and time and travel
costs. It also includes all costs associated with failing an inspection. I will refer to these as “repair
costs,” although they include the price of reinspections and time costs as well as repair prices. These
costs equal zero when vehicles pass, and are positive when they fail. Consumers are uncertain about
repair costs because they cannot perfectly determine their vehicles’ emission condition (or forecast
what it will be during the inspection), and may not be able to perfectly anticipate how inspectors will
exercise their discretion. Given inspectors’ actions, expected repair costs may be higher for older
vehicles, at firms which do not offer free reinspections, and for consumers who place a relatively
high value on their time. Consumers’ expectation of inspectors’ actions depends critically on their
beliefs and information about firms’ characteristics, and may be related to previous inspection

outcomes,

* will assume consumers maximize current period expected utility. Consumers may value the information they
receive about firms while transacting with them, but the expected value of this information is the same across firms.
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supply. The other is inspection outcomes. Inspection outcomes are not public information. The
inspection outcomes an individual “observes” include both those from his own experiences and those
about which he hears from others.

Let g(n, N, 8) represent an individual’s conjecture a firm at which he has observed N

inspections, of which n are failures. 8 is a vector of parameters. Assume g(n, N, 8) is linear in n:

gn, N, 8) = wy(N,8) + w (N,0) n (1)
One class of functions which satisfy this take the form:

g(.) = [1-w(N,8)]k,0) + w(N,e)% (2)

In this case, the conjecture is a weighted average of ky(0) and the fraction of inspections the
individual observes at the firm which are failures. ky(0) is the individual’s conjecture, given only
public information. If w(N,B)=1, k,(0) is irrelevant and g(.) takes the form of a classical maximum

likelihood estimate. Alternatively, if one sets ky(0) = a/(0+B) and w(N,0) = N/(a+p+N), one obtains:

g(.) = . = + n 3)

/P defines ky(0). (o + B) determines the weight the individual places on ky(0), given N>0.
Mathematically, this expression is equal to the expectation of a random variable distributed
B(a +n, B + N - n), where B denotes the Beta distribution and a and B are parameters. One well-
known result from conjugate distribution theory is that B(a + n, § + N - n) is the posterior
distribution one obtains by starting with initial priors B(a, B) regarding the unknown mean of a
binomial distribution, and Bayesian updating using N random draws from the distribution, n of
which are ones.” This special case is of particular interest because it shows (sufficient) conditions
in which conjectures which are linear in n arise from a model in which consumers Bayesian update.

In the present context, the conditions are that an individual’s initial priors regarding the probability

Degroot (1970). The Beta distribution allows for a wide range of unimodal and J-shaped densities which have
a finite support. The uniform is a special case. See the Appendix for more about its properties.
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Suppose consumers have complete information about firms’ characteristics and how they
affect inspectors’ behavior. Expected repair costs may be related to previous inspection outcomes
because consumers anticipate that inspectors behave differently according to whether they previously
passed or failed. This would be the case in trigger equilibria. What may help maintain such an
equilibrium is that inspectors may not observe certain consumer characteristics which affect their
preferences among firms — such as where they live or work. Inspectors may draw inferences about
these from how individual consumers respond to previous transaction outcomes and discriminate
accordingly. In such a model, some consumers may not use simple loyalty-boycott strategies, but
inspectors discriminate against those who (optimally) return after failing. The empirical framework
and data can be used to test whether all consumers and firms are using certain simple strategies.
However, one cannot reject all models in which demand shifts occur because consumers believe
firms discriminate according to previous outcomes. The results may reflect a very complicated
trigger equilibrium.

Suppose instead that consumers have incomplete information about firms’ characteristics.
Then expected repair costs may be related to previous inspection outcomes because consumers use
them to infer which firms have unobserved characteristics that make them “consumer-friendly.” The
following subsection develops a model in which relationships between transaction outcomes and
expected repair costs reflect only changes and differences in consumers’ beliefs about firms’
unobserved attributes. Under such circumstances, a learning model alone forms the structure
through which transaction 6utc0mes affect expected repair costs. Consumers do not believe
inspectors discriminate. One can then interpret consumers’ observed behavior in terms of their
initial beliefs about firms’ unobserved characteristics and how much information they use in
updating these beliefs. While I discuss this model in the context of the inspection market, it is
applicable for analyzing consumer behavior in other markets where consumers are uncertain about
product quality, and in which researchers have transaction-level panel data.

A Learning Model

Suppose each consumer forms a point estimate (a “conjecture”) regarding the probability of

failing an inspection at each firm. Assume conjectures reflect two sets of information. One of these

includes variables ali consumers directly observe such as inspection prices and the services firms



of failing an inspection at a firm have a B(a, B) distribution, and that the information — inspection
outcomes at that firm — he uses in updating these priors takes the form of binomial random
variables drawn from a common distribution. Note that “initial priors” here represent individuals’
beliefs, given public information. Assuming that g(.) takes the “Beta-Bayes” form, w, is a function
of the number of inspection outcomes used by the individual in forming his conjecture and
parameters which characterize his initial prior regarding the probability of failing at the firm.

One quantity of interest is how much an individual’s conjecture changes with a single
outcome. For an individual consumer using the above learning rule, the difference in his conjectures
is:

gn+1,N,B) - g(n,N,0) = w (N,0) @)

Another quantity of interest is how much an individual’s conjecture about a firm differs with
the firm’s failure rate across all individuals. One can use g(.) to calculate this as well. Let F,bea
firm’s failure rate across all individuals. Let E.(g(n(F,N), N, 8,)) be a consumer’s expected
conjecture about a firm with actual failure rate F;, and at which he has N observations. Assume that
these observations are random draws from the set of all inspections at the firm. The expectation is

taken over n, the number of failures.

dE,(gIN.8,F)

h(N,0) = =
/

= Nw (N, 0) (5)

If one obtains these two quantities for an individual, one obtains N from their ratio. One can
determine how many transaction outcomes the individual has observed at that firm if g(.) is linear
in n and the inspection outcomes the individual observes are random draws from all transactions at
the firm. Assuming that individuals observe random draws from a common distribution implies that
the vehicles whose inspection outcomes they observe are not systematically different than the
population of vehicles the firm inspects. It also implies that consumers believe that inspectors and

firms neither behave differently toward individual consumers from inspection to inspection nor



discriminate across individuals.

Note that g{.) is not a function of inspection results at firms other than the one at hand. This
rules out situations where consumers use inspection outcomes to infer unobserved characteristics of
their vehicle which persist over time and affect the probability they fail. It is possible to specify a
g(.) that would accommodate this, but it would be difficult to obtain an expression for h(.) when g(.)
is a function of inspection outcomes at the firm at hand and at other firms. One reason is that one
would have to take an expectation over outcomes at other firms, and it is unclear how to do so
without knowing at which firms each of these outcomes occurred.’® Another is that conjectures at
one firm would generally be a function of conjectures at other firms. The empirical framework and
data provide a means of testing whether g(.) reflects consumers’ learning about their vehicle. 1

describe this in section 4.

Hypothesis Tests
Expected repair costs are equal to the product of Ry, the individual’s expected cost of repairs
given that he fails an inspection at firm j, and g(n;, N;, 8;).
ER,) = R,gn,N,8,) ©
- RU(W()(Nqaeq) * WI(NU’ elj)n,j)

For ease of exposition, assume that consumers are not uncertain about R;: unobserved firm
characteristics only affect the probability they fail, not the cost of repairs given they fail."!
Suppose w,=0 for all individuals at all firms. This would hold if, for example, all consumers
believe that they are fully informed about each firm in the market: either because their initial priors
have zero variance or they have enough information through transaction outcomes in the market so

that the outcome of a single transaction outcome means little. Then g(n;+1, N, 8,)-g(n;, N

eij) =

ijs

0 and h(Nj;, 8;) = 0 for each individual and at each firm: individuals’ choice will be unrelated to n,

For example, h(.) may be a function of failure rates at other firms, but which other firms?

"' Assuming that consumers are only uncertain about failure probabilities has little qualitative impact because
repairs and inspections are effectively bundled in equilibrium — a very small proportion of consumers change firms
after failing their initial inspection. One could construct a learning model based on conjectures about failure
probabilities and repair costs given failure (or, equivalently, expected repair costs}, but the main analytical points would
not change and the exposition would become somewhat more complicated.
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and F,. Finding that either or both of these quantities does not equal zero implies that at least some
consumers believe that they are not fully informed about each firm in the market.

Suppose N=0 for all consumers at all firms in the market: no consumer has at hand any
8,) = 0

conjectures will be unrelated to failure rates. If one finds that conjectures are in fact related to failure

information about specific transaction outcomes at any firm in the market. Then h(N;,
rates, then one can reject the hypothesis that consumers have no information about any firm in the
market. At least some consumers are informed via inspection outcomes. Therefore, finding that
neither g(n;+1, Ny, 8,)-g(ny, N, 8} = 0 nor h(N;, §;) = 0 implies that some consumers a) believe that
they are incompletely informed about firms’ characteristics, b) believe that transaction outcomes are
informative, and c) have accumulated some information about firms via transaction outcomes. If
one can empirically estimate these quantities, one can test the null hypotheses that consumers (or
subsets of consumers) are completely informed or completely uninformed.
haracterizin nsumers’ Informedn Initial Prior

The hypothesis tests allow one to examine very extreme hypotheses about the extent to which
consumers are informed. One might expect these hypotheses to be rejected. An alternative
hypothesis is that consumers are to some extent, but not completely, informed. One would like to
take estimates of g(ny+1, Ny, 8;)-g(ny, Ny, 6;) and h(N;, § ) and solve for N; and § . These quantities
would indicate the extent to which each consumer is informed via inspection outcomes and, under
the Beta-Bayes assumptions above, characterize each individual’s initial priors. The individual
estimates could then be used to characterize the distribution of informedness and initial priors across
consumers in the market. It is easy to specify an empirical mode! of individuals™ choice of firms,
conditional on n; and N;;, (their “history” at firm j). However, individuals’ histories — which may
include the outcome of other individuals’ transactions — are at best partially observed. One could
account for this by treating an individual’s history as an unobserved variable, parameterizing the
distribution of information in the market, and integrating out over the set of possible histories. But

such a model would carry a huge computational burden because the number of possible histories is
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generally very large.

This paper takes a simpler approach toward gleaning information about consumers’
informedness and initial priors from the data. Assume N;= N and 6; = 0. This requires that the
amount of information individuals have about firms is the same across individuals and firms, and
under the Beta-Bayes assumptions, individuals’ initial priors are such that (« + B) is constant across
individuals and firms." Under these symmetry assumptions, one can solve for (c + B) and N directly
from the estimates of g(n+1, N, 8)-g(n, N, 0) and h(N, 8). Estimates of (o + ) and N obtained
through this method provide metrics which characterize consumers’ initial priors and informedness.
The qualitative conclusions drawn from these metrics may extend to situations where the symmetry
assumptions are relaxed.

3. Data

The data are similar to those used in Hubbard (1997). They include 7519 observations of
vehicles which received their initial inspections in Fresno, California between late August and mid-
November, 1992. This s the set of all individuals who obtained their initial inspections during this
time at one of twenty-nine firms in the north part of the city.'" This cluster of firms is located in a
dense, commercially-zoned corridor which is approximately 3 miles by 1 mile. Most of the firms
are on North Blackstone Road, an extremely busy multilane road. The region’s boundaries are
chosen so that all firms have a competitor within one-half mile that is also within the region, and no
firm has a competitor within one-half mile that is outside of the region. I examine demand at a
cluster of firms rather than the entire city to make the empirical work more tractable. The results of
the demand model estimated below are conditional on consumers’ selecting to purchase an

inspection from a firm in the cluster.

"*This is true even if one assumes that N is known and constant across individuals unless N is very small and
there are few firms in the choice set: if an individual has observed N inspections at each of K firms in the market, there
are (N+1)¥ possible histories.

YNote that different individuals can have different information about firms (but not different amounts).
Individuals’ initial priors can vary across firms as long as (¢ + B) is constant. For example, their expected probability
of failure can vary with variables they observe directly such as price or other firm characteristics. Finally, note that
initial priors need not be consistent in the game-theoretic sense.

"“Initial” means that they are the vehicles’ first inspections within the period. The cluster of firms [ examine
comprised about 30% of the inspection suppliers in the city. These firms supplied about 30% of the inspections.
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Each observation includes firm and vehicle characteristics, and inspection results. There is
no information about consumer characteristics other than the characteristics of their vehicle and
where they purchase inspections. I obtained the inspection price at each firm in a telephone survey.
[ calculate failure rates over the entire August-November 1992 period for each firm. While this
perfectly measures the true failure rate during this period (I have all observations at the firms in my
sample), it is an imperfect measure if consumers use information from transactions outside this
period. I do not have data from immediately before August 1992. If there is sampling error, the
empirical model presented below is poorly specified. Fortunately, even if consumers’ information
is based on periods longer than the time from which my sample is drawn, there are many
observations at most of the firms. If inspection policies at firms are constant over time, it is
reasonable to assume that the failure rate between August and November 1992 is very close to that
defined over longer periods from which consumers may observe transactions.

T'acquire information about consumers’ previous transactions by using inspection data from
the entire state of California between August and November 1990, when many of the vehicles in my
sample were receiving their previous inspections. Using vehicle identification numbers, I am able
to match about one-third of the 1992 observations to 1990 observations.”* Because inspections are
required when vehicles change owners, and "change of ownership" inspections shift vehicles’
inspection cycles so that their next scheduled inspection is two years after the ownership change,
very few of the vehicles inspected during both August-November 1990 and August-November 1992
were owned by different individuals at these times.'® This helps in two ways. First, it allows me to
interpret “‘same vehicle” as “same consumer” or “‘same household” when I am able to match 1990
and 1992 observations. Similarly, it allows me to interpret cases where vehicles were previously
inspected outside Fresno county — new-to-market vehicles — as new-to-market consumers. If a

vehicle inspected outside of Fresno county during August-November 1990 were sold to an individual

“I conjecture that, of the 1992 observations I was not able to match, 35-40% are because they were receiving
off-cycle "change-of-ownership” inspections, 20-25% are new vehicles, and 5-10% are vehicles that were previously
registered in another state. The remaining non-matches are vehicles for which the VIN was misentered by the inspector,
and those receiving biennial inspections during August-November 1992 whose previous inspections happened to miss
the August-November 1990 window.

'The exceptions to this are when changes of ownership happened to occur very close to the same time vehicles
would have been otherwise due for inspections.
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living in the county between 1990 and 1992, the vehicle would have been inspected at that time, then
not for another two years. I generally would not observe these vehicles being inspected during
August-November 1992.

Table 1 provides a first look at the data. Of the 7519 vehicles observed in 1992, I was able
to identify 1990 inspections for 2704, or 36%. 263 of these 2704 were at firms outside of Fresno
county. Of the 2441 which were observed in 1990 in Fresno county, 391, or 16%, failed the 1990
inspection. Of those that passed, 38.8% chose the same firm in 1992; of those that failed, 25.3% did.
Of the 1286 which were observed in 1990 at a firm within the 29-firm cluster, 13.8% failed the 1990
inspection. Of those that passed, 71.7% chose the same firm in 1992; of those that failed, 55.9% did.
These proportions are higher for the “old to cluster” than the “old to market” subsamples because,
by definition, “new to cluster” consumers did not choose the same firm in 1990 and 1992."7 These
raw numbers indicate that consumers are substantially more likely to return to firms at which they
previously passed than those at which they previously failed. However, they are by no means certain
to return after passing, nor are they certain not to return after failing. This is evidence against the
simplest equilibria in which homogeneous consumers discipline firms by following simple loyalty-
boycott rules or strategies. Consumers are about equally likely to return conditional on failing either
part of the test, but they are more likely to return if they failed either part than both.

Inspection outcomes are correlated across time. Of the 2704 vehicles observed in both years,
41.8% of those which failed in 1990 failed in 1992, but only 16.0% of those which passed in 1990
did. Part of this is due to differences in the vehicles” age and make. Table 2 reports results from
four simple logits. The dependent variable equals one if the vehicle failed its 1992 inspection, and
zero otherwise. “Fail in 1990” equals one if the vehicle failed its 1990 inspection, and zero
otherwise. The second and third columns add a full set of vehicle age and make dummies. In each
specification, the fail in 1990 dummy is positive and significant. The probability deltas at the bottom
of the table report differences in the estimated probability a vehicle failed its 1992 inspection when

“fail in 1990” equals one and zero, holding the other independent variables at their sample means.

""They are also conditional on choosing a firm within the cluster in August-November 1992. The sample does
not include vehicles inspected at a firm within the cluster in 1990, but elsewhere in 1992, 71.7% and 55.9% thus
overstate the proportions that chose the same firm across all individuals who obtained inspections at these firms during
August-November 1990.
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Including the age and make dummies cuts this figure by more than half, but it is still 12-14
percentage points. This provides evidence that vehicle characteristics other than age and make
influence inspection results in a way that persists from year to year. If consumers do not directly
observe these characteristics, they may use inspection outcomes toward drawing inferences about
vehicle condition. The fourth column includes a full set of firm dummies, a dummy variable which
equals one if the vehicle was inspected at the same firm as in 1990 and zero otherwise, and an
interaction between “same firm” and “fail in 1990.” The results suggest that inspectors helped
consumers who had purchased inspections at their firm in 1990 pass more than those who had
obtained them elsewhere, regardless of whether the vehicle passed in 1990. Firms did not “punish”
consumers who returned after failing.

Table 3 contains the inspection price, number of observations, share of observations, failure
rate, and "station type" for each firm in my sample. Prices range from $19.76 to $65.00. The
average inspection price over firms is $39.32; the average price over inspections is ten dollars lower,
because more inspections take place at lower-price firms. Over half of the observations are at only
three of the twenty-nine firms in my sample. Failure rates range from 2.8% to 33.3%. Thirteen of
the firms are new car dealers, eight are independent garages, seven are service stations, and one is
a tune up shop."® The tune up shop has by far the largest market share, completing more than 25%
of the inspections of these firms. Failure rates are positively correlated with market share. This is
probably due to the fact that most of those with low failure rates are new car dealers. These firms
tend to have the highest inspection prices and labor rates. Furthermore, low failure rates may not
indicate that inspectors at these firms generally help vehicles pass, because the vehicles they inspect
tend to be newer and lower-emitting.

4. Empirical Framework

Assume that consumers choose among firms to maximize utility in each period. Let v, be

consumer i’s indirect utility from choosing firm j. Divide indirect utility into cost- and non-cost-

related components:

"*The high percentage of new car dealers is due to the fact that the cluster of firms includes an "“auto row."
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Vi =0+ my G

C, is consumer i’s expected cost of obtaining a passing inspection, given that he or she chooses firm
j for the vehicle’s initial inspection. p;; captures consumer i’s idiosyncratic taste for the quality of

service firm j provides. Ispecify p; as:

"‘lij = Y(OD)U + ntj (8)

where OD,; (“own dealer™) equals one if firm j is a new car dealer that sells consumer i’s brand of
vehicle and zero otherwise. I permit n; to be correlated among firms within station types; this
accounts for the possibility that consumers may have non-cost-related tastes for the service at new
car dealers, independent garages, etc.

I specify C;; as:

Cy=p, + ER) + e =p, + Rgn(F)N,8) + ¢ )

The cost of obtaining a passing inspection at firm j is equal to the price of the initial inspection,
“expected repair costs,” and time and transportation costs.

I specify expected repair costs, E(R;), as a reduced form. In the basic specification, it is:
2
E(Rz'j) = f(Xui’Xci’Xoi) + BIDUI + BZDij + B3Fj * B4Wij + ﬁSZj * Bﬁ(Zij‘) * éj * C,‘j (10)

where:
— f(X,;, X,y X,;) is an arbitrary function of vehicle and consumer characteristics, and the
vehicle’s previous inspection outcomes,
— D! is a dummy that equals one if consumer i was observed to obtain a previous
inspection at station j, and zero otherwise,
— Dij2 is a dummy that equals one if D'=1 and the consumer passed the previous
inspection, and zero otherwise,
— F; is firm ’s failure rate across all consumers,

— W, is a dummy that equals one if a warranty applies for emission-related work for vehicle
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i at firm j, and zero otherwise,'

— Z, is a vector of station type dummies,

— &; is firm characteristics observable to the consumer but not the econometrician, and

~— G, is an error term.

The error term includes sampling error and specification error.

Inspection outcomes affect expected repair costs at firms in general through the individual-
specific term f(X;, X,;, X;). This term is not empirically identified. B, indicates how much more
single inspection outcomes affect expected repair costs at the firm where the inspection takes place.
B, indicates how much expected repair costs differ with differences in firms’ failure rates across all
consumers. Along with the basic specification, I estimate specifications in which these vary with
the age of consumers’ vehicles and type of firm, and in which B, varies with firms’ failure rates.

Under these assumptions, consumer i chooses firm j iff:

V>V, Vs = op; + E(RU) + si.j) tuy >alp + E(R) +g) +p Vs (11)

Assuming that a(&j, + Cij + Sq) * is independent of the other right hand side variables, and has
a generalized extreme value distribution, I then can estimate the model’s parameters with a nested
logit. This provides estimates of individual consumers’ demand at each firm. One can then
aggregate across consumers and obtain estimates of each firm’s demand, how much it changes with
individual transaction outcomes, and its elasticity with respect to failure rates.
En ity Issues

Assuming that &; is independent of the other explanatory variables brings up a familiar
econometric issue.”® In this model, §; includes objective factors: for example, whether firms charge

for reinspections, their labor rates, whether they can complete repairs "on the spot," whether

““Federal law requires vehicle manufacturers to provide 5-year, 50,000-mile warranties that cover emission-

v,

related repairs. I assume that these warranties only apply at a vehicle's “own dealer.”
*See Berry (1994), Goldberg (1995).
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consumers can leave their vehicles to be repaired, and so on.*' It does not include subjective factors
such as "consumer friendliness"” which arise from firm characteristics consumers do not directly
observe.”? Because firms choose these characteristics simultaneously with inspection prices and their
other characteristics, § may be correlated with included explanatory variables: most prominently
prices and failure rates. If this is the case, then when estimating the model described below, the
coefficients on these variables would pick up the effect of these unobserved characteristics as well.
If in equilibrium firms with unobserved characteristics that consumers value more charge higher
prices and have higher failure rates, then the price and failure rate coefficients will be biased toward
zero. Alternatively, suppose that failure rates are lower at firms which offer free reinspections. Then
B; would reflect both the effect of "free reinspection” on consumers’ expected cost of repairs (both
by itself and through its effect on inspectors’ conduct) and the effect of the inferences consumers
draw from observations of transactions not in the data.

To investigate this, I estimate the parameters of the model using a two-step procedure
suggested by Berry (1994). The maintained assumption is that &, j=1,...,29, is mean independent of
the observed (to the econometrician) characteristics of all firms in the market. In this procedure one
first estimates product-level “mean utility levels” using individual data, then regresses predicted
“mean utility levels” on firm characteristics using instrumental variables. T use the station type and
number of inspectors of each firm’s closest geographic competitor as instruments in the section
stage. In what follows, [ show that the estimates obtained using this procedure do not provide strong
evidence that price and failure rate are econometrically endogenous, but this may be due to a lack
of good instruments and small sample size. The sample size in the second stage is equal to the
number of firms (in this case, only 29).

For the most part, I will discuss the estimates obtained under the assumption that & is
independent of all included explanatory variables. This assumption is satisfied if consumers believe

that, of the attributes they directly observe, only those in Z; and W, influence expected repair costs.

*'Some of these are picked up in the station type dummies — for example, the new car dealer dummy may pick
up the effect of the higher average labor rates at new car dealers. These controls do not pick up differences among firms
within station types.

This is unlike other consumer choice models, in which reputations are considered product characteristics
consumers directly observe,
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If this holds, then the interpretations outlined above apply. If not, then the estimates demonstrate
empirical phenomena that are still of interest with respect to sellers’ incentives. They show whether,
conditional on the prices and characteristics observed in the data, consumers believe that obtaining
a passing inspection is more expensive at firms whose failure rate across all consumers is high. Part
of the explanation would be that consumers know that firm characteristics they observe (but which
are not included in the model) are associated with better conduct and lower costs. If this is the case,
relationships between failure rates and consumers’ choice still imply that consumers are presenting
sellers incentives to treat them well. The market provides sellers incentives to adopt organizational
characteristics that both are observed by consumers and are associated with low failure rates.
Implications of the Estimates in a I earnin 1

Suppose that in the underlying theoretical model g(.) is linear in n. Suppose for now that
R;=R, a positive number which is constant across consumers and firms. One implication of this
assumption is that learning about one’s vehicle affects expected repair costs equally across firms.
Then [, is the empirical analog to R[g(n;+1, Ny, 8,)-g(ny, N;;, 6,)] = Rw,; B, is the empirical analog
to Rh(Ny;, 8;) =RNw,. H,: f,=0 corresponds to Hy: w; =0 for all consumers at all firms. Hg: B,
=0 corresponds to Hy: Nw, =0 for all consumers at all firms. Rejecting the joint hypothesis H,: B,
=0, B,=0 implies the alternative that some consumers believe that they are incompletely informed,
and apply some information from transaction outcomes in forming their conjectures.

The ratio B,/B, is the empirical analog to h(Nj, 6,)/(g(n;+1, Ny, 6;)-g(n;, Ny, 8,)). Under the
symmetry assumptions outlined earlier this equals N, the number of inspections each individual has
observed at each firm. If one assumes a value for R, one can also solve for (« + B) under the Beta-
Bayes assumptions: this equals (R-B,)/p,. These characterize consumers’ informedness and beliefs
assuming that the observed behavior reflects only consumers’ learning about firms.

One can capture differences in R; which correspond to vehicle or firm characteristics
observed in the data in specifications with interaction effects. If learning about vehicles does not
change consumers’ preferences among firms, this simply allows B, and B, to differ across consumers
or firms but does not change how one interprets them. Differences in R;; across firms take on greater
qualitative importance if consumers prefer certain types of firms — for example, those at which

repairs are inexpensive — more if they believe that their vehicle is likely to fail. If learning about

18



vehicle characteristics does not affect expected repair costs equally across firms, 8, may reflect
changes in preferences due to learning about vehicles as well as those due to updating about
incumbent firms’ unobserved attributes.

I investigate this by examining whether consumers’ preferences with respect to firms they
did not choose in 1990 differ depending on whether they passed or failed their previous inspection.
Suppose consumers switch firms after failing because they prefer certain types of firms more when
they believe their vehicle is likely to fail than when they believe it is likely to pass. Then consumers
whose vehicles failed in 1990 should systematically choose different firms than those whose vehicles
passed, conditional on the identity of their incumbent firm. Particularly strong evidence for the
hypothesis that switching arises from consumers’ learning about their vehicles would be if
consumers who receive failures and switch firms tend to then choose the same firms as consumers
with older vehicles.

5. Results

Estimates of the basic specification are in Table 4. The left side reports nested logits. The
first column uses the entire sample; the second uses only vehicles which were observed in both 1990
and 1992, The right side of the table reports estimates from the two step method. In each
specification, the omitted station type is “independent garage.”

Looking at the nested logits, the price coefficient is negative and significant. From the
coefficient on the previous inspection dummy, consumers are more likely to choose firms at which
they were observed two years before than their competitors, even if they failed their initial inspection
at that time. The coefficient on the previous inspection*pass interaction indicates that they are much
more likely to return if they previously passed. From the failure rate coefficient, conditional on their
prices, their previous inspection outcome, station type, etc., consumers are more likely to choose
firms with low failure rates than those with high ones. They are more likely to choose independent
garages and service stations, and less likely to choose new car dealers, the older their vehicle. The
estimates in column (1) indicate that conditional on the other included variables, consumers are more
likely to choose a firm if it is their vehicle’s own new car dealer, particularly if a Federally-mandated
emission warranty applies. The coefficient on the “warranty applies” dummy turns insignificant and

is imprecisely estimated in column (2) because relatively few vehicles receiving inspections in both
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1990 and 1992 were still on warranty during 1992. Applying a Wald test, the inclusive value
parameters are jointly different than one at any conventional significance level; one can thus reject
independence of irrelevant alternatives.

The numbers at the bottom of the table are derived from the coefficient estimates: these
normalize the coefficients on previous inspection*pass and failure rate by that on price. These
correspond to B, and B;: how much expected repair costs change with individual inspection outcomes
and differ with differences in firms’ failure rate across all consumers. From the point estimates in
column (2), failing, rather than passing, a previous inspection is associated with the same difference
in the probability a consumer chooses a firm as a $22.42 change in price. Likewise, having a ten
percentage point higher failure rate is associated with the same difference in market share as having
a $4.67 higher price. These figures are lower when using the estimates from the balanced panel, due
mainly to the higher (in absolute value) price coefficient.

Examining the two-stage estimates on the right side of the table, the coefficients on variables
which vary across individuals are about the same as those in the simple logits. Because of the small
sample size and paucity of good instruments, standard errors for the parameters estimated in the
second stage are very high. The price and failure rate coefficients are smaller in absolute value than
those estimated above and are not significantly different from zero, but are stil} of the correct sign.
The point estimate for the failure rate/price ratio is similar to that in the nested logits. The point
estimate for the previous inspection*pass/price ratio is higher than that in the nested logits. In both
cases, however, the standard errors are extremely high.”® Using a Hausman test, one does not reject
the null of exogeneity at any conventional significance level. The low quality of instruments means,
however, that this statistical test has little power to reject.

Table 5 contains results from four specifications which are estimated using simple nested
logits. The first two investigate whether consumer behavior differs with variables which are
correlated with the probability vehicles fail. The first contains a full set of interactions with vehicle

age. The only statistically significant interactions are with price, the new car dealer and tune up shop

“The standard errors reported for the previous inspection*pass/price ratio probably understate the true standard
errors. The previous inspection*pass and price coefficients come from two different stages. The formula used to
compute the standard errors on this ratio treats the point estimate for previous inspection*pass as a constant rather than
an estimated value.
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dummies, and the warranty applies dummy. Consumers with older vehicles are more price sensitive
than those with newer ones. This is probably due to the fact that such individuals are, on the
average, less wealthy. The interactions on the previous inspection and previous inspection*pass
dummies and failure rate are not statistically significantly different from zero. From these estimates,
neither the relationship between previous inspection outcome and choice of firms nor that between
failure rate and choice differs with vehicle age. One reason may be that although newer vehicles are
less likely to fail than older ones, they are more expensive to repair when they do.

The second specification includes interactions with a dummy variable which equals one if
the vehicle failed its 1990 inspection, and zero otherwise. If consumers who previously failed have
different preferences than those who previously passed, switching may reflect learning about their
vehicles. Looking at the estimates on the “fail in 1990” interactions, none are statistically
significant. Using a likelihood ratio test, one cannot reject the null that these parameter estimates
are jointly equal to zero at any conventional significance level. Consumers may use inspection
outcomes to update their beliefs about their vehicles’ underlying condition, but there is no evidence
that this changes consumers’ preferences among non-incumbent firms.** This lends support to the
hypothesis that the reason consumers are more likely to switch firms after failing than passing has
to do with changes in conjectures with respect to their incumbent firm.

The third specification includes interactions between failure rate and several variables,
including a “new to market” dummy variable which equals one if the vehicle’s 1990 inspection was
outside of Fresno county.zs From the failure rate*previous inspection coefficient, consumers are
more likely to choose a firm at which they previously failed, the lower its failure rate. The
interaction between failure rate and previous inspection*pass is positive and large, but not
statistically significant. This provides weak evidence that consumers are more outcome-sensitive

at firms with high failure rates. From the coefficient on the new car dealer interaction, small

I have also run specifications in which I model consumers’ choice of firms as a function of a firm-specific
constant, previous inspection and previous inspection*pass dummies, and interactions between the firm constants and
a “fail in 1990 dummy. The interactions test whether consumers who failed in 1990 are more likely to choose
particular firms than those who passed. One cannot reject the null that these interactions are jointly equal to zero.

®The omitted interaction is (independent garage or tune up shop)*failure rate. Because there is only one tune
up shop, one cannot separately identify a tune up shop*failure rate interaction.
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differences among new car dealers’ failure rates have the same relationship with consumers’ choice
as larger differences among independent garages. This may reflect that repair costs given a failure
tend to be higher at new car dealers than at other firms. Alternatively, consumers might expect a low
proportion of vehicles to fail at new car dealers and be more sensitive to hearing of a failing
inspection. Adding the failure rate and failure rate*service station coefficients, consumers are more
likely to choose service stations with high failure rates than those with low ones. The new to market
interaction is small and not statistically significant. One interpretation is that consumers who moved
to Fresno in the previous two years and those who have lived in the county for at least two years are
equally informed. This suggests that to the extent information spreads across consumers, it does so
relatively quickly.

The fourth specification includes variables which interact previous firm with “failed emission
test,” “failed underhood test,” and “failed both.” The omitted interaction is “passed inspection.”
Parameter estimates are negative and significant for both the emission and underhood interactions,
but they are not statistically different from each other. The “failed both” interaction is statistically
zero. Failing both parts of the inspection affects consumers’ choice more than failing either the
emission or the underhood test. Its effect is statistically the same as the effect of failing the emission
test plus that of failing the underhood test.

Implications for Firms’ Incentives

For each consumer observed at one of the 29 firms in my sample in 1990, one can calculate
the estimated probability they choose the same firm in 1992, conditional on passing and failing. The
difference in the probabilities — the probability “deltas” — shows the extent to which firms’
demand from existing individual customers changes with respect to single transactions. One can also
calculate own price and failure rate elasticities of demand for each firm. Although they are not the
focus of this paper, own price elasticities are of interest because they provide a check on the model.
If they appear unreasonable, this may indicate that endogeneity is a problem or that the demand
system is otherwise poorly specified. If one assumes that the data reflect a single-period Nash
equilibrium in prices, one can calculate the mark-ups and marginal costs implied by the own price
elasticity estimates and use these to check the model as well.

The parameter estimates from the second column in Table 4 imply that, averaged across
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consumers observed at one of the 29 firms in my sample in 1990, the probability that a consumer
chooses the same firm in 1992 is .70 if they passed in 1990 and .54 if they failed. The average
difference is .16; the 25th and 75th percentile values are .12 and .20. These probabilities are
conditional on choosing one of the firms in my cluster in 1992; the unconditional probabilities and
differences are somewhat lower, These figures imply that on the average, if a firm passes, rather
than fails, a consumer’s vehicle this increases the probability the consumer chooses the firm two
years hence by about 30%.

Table 6 contains mean estimated elasticities, mark-ups, and marginal costs derived from the
full sample estimates in the first column in Table 4. Failure rate elasticities are relatively high at
independent garages: on the average, they are approximately -1. Having a 24% failure rate rather
than a 16% failure rate, all else equal, would reduce demand by one-half. Elasticities are lower at
the other station types. One can convert these elasticities to a different measure which answers the
question: if the firm changed its organizational characteristics such that one additional vehicle failed
per time period, given the distribution of vehicles it inspects how much would demand decrease per

7% This is given in the columns labeled dQ/d(outcome). The failure rate elasticities imply

period
that over the long run failing one additional vehicle per month would decrease demand by 5.6
inspections/month on the average across the independent garages in my sample, 2.4 on the average
across the service stations, and 1.7 across the new car dealers. Individual firms’ demand is quite
sensitive to their failure rate.

Multiperiod mechanisms play an important role in aligning buyers’ and sellers’ incentives.
When vehicles fail, this lowers the probability their owners choose the firm in the future, and tends
to reduce demand across all consumers by an economically significant amount. Inspectors, who are
also mechanics, have an incentive to help vehicles pass because they are generally paid a function
of the work they complete. Firms have an incentive to adopt organizational characteristics that

encourage inspectors to do so. The way they compensate inspectors and mechanics may be a

manifestation of this.

*Using the formula for own failure rate elasticity of demand and the relationship: dF/d(outcome)=[(Qg+1)-
Qg)/Q;, where F is the failure rate at firm j, Q, is the number of inspections per period, and Q; is the number of failures
per period, one obtains dQ/d(outcome)=n,F,
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Independent garages have the highest own price elasticities and the tune up shop the lowest.
The own price elasticities range between -0.46 and -4.23, at observed quantities. Four firms’
estimated elasticities are less than one in absolute value, implying that they are operating on the
inelastic portion of their residual demand curves. While this is inconsistent with profit-maximizing
behavior if one assumes that firms choose prices to maximize single period profits, taking their own
and others’ characteristics (which include all those affecting inspection conduct) as given, these
assumptions may not hold.*’ Setting this aside for a moment and assuming that the data reflect a
“Nash-in-prices” short-run equilibrium, these imply that new car dealers tend to have high mark-ups
(generally $25-35) and independent garages low ones (generally $6-10). Marginal costs tend to be
high at new car dealers and low at service stations: possibly because of differences in labor or
opportunity costs. As a whole, these calculations lend support to the model; except possibly for the
low price elasticity estimate for the tune up shop, the quantities do not appear to be unreasonable.

The far right column uses the estimated inspection mark-ups to obtain estimates of firms’ loss
in inspection profits from failing an additional vehicle per month. This is the product of each firm’s
estimated mark-up and dQ/d(outcome). Under the “Nash-in-prices” assumption, this is by
construction the same across firms and equal to -B;: $46.71.® In a model where firms choose
organizational characteristics as well as prices, they would choose such characteristics such that the
marginal benefits from being slightly less consumer-friendly were equal to the marginal costs. This
figure is appealing in this context, because it seems within the range of firms’ average incremental
profits from supplying emission repairs to an additional failing vehicle.
Implications for er Beli d Informedn

In this section I examine what the parameter estimates imply about consumers’ beliefs and
informedness under the working assumption that changes and differences in expected repair costs
reflect only changes and differences in their beliefs about firms’ unobserved characteristics. The
ratios at the bottom of Table 4 are both significantly different from zero. Assuming that g(.) is linear

in n, one can reject the null hypotheses that all consumers are completely informed about all firms,

“Firms may not set price myopically, or may choose variables other than prices in the short run.

*In a single period Nash equilibrium in prices, py-mc; = -p/n,. Multiplying the right side by dQ/d(outcome)
gives ~(p; ng)/(F; n,). Substituting ng/n,; = -B,F/p; gives the stated resuit.
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and that all consumers are completely uninformed about firms via inspection outcomes. The
estimates are consistent with a model in which consumers believe there are unobserved differences
across firms and they are to some extent informed about such differences through inspection
outcomes.

The ratio of the two estimates provides a metric for the extent to which they are informed.
Using the full sample estimates from columns 1 and 2 in Table 4, this ratio is equal to 2.08 and 2.65,
respectively. Consumers are behaving as if they have conjectures about firms which are linear in n,
believe that the inspection outcomes they observe at individual firms are random draws from a
common pool, and use outcomes from two to three inspections at each firm in the market in forming
their beliefs. The empirical estimates are consistent with a model in which consumers are
incompletely informed about individual firms, and use only a very small fraction of the total number
of inspections in the market in forming their conjectures about suppliers.

Assuming that initial priors are distributed B(a,B), one can use the estimates to characterize
consumers’ initial priors. This is reported in Table 7. I calculate estimates for (a+p) under various
assumptions about R, the expected cost of repairs given they fail.” This is reported in the first
column of each panel. If one assumes a value for the mean of the initial priors, one can use the
estimate of (a+B) to compute an estimate of the variance of the initial priors. This is in the second
column; [ assume the mean to be 0.20, which is approximately equal to the fraction of vehicles
which fail initial inspections. To provide better intuition regarding the magnitude of the variance,
I calculate the support of a uniform distribution that would have the same variance. This is in the
third column. Within the range of R considered here, the estimates are consistent with a model in
which consumers have diffuse initial priors. Even assuming that R=$120, the estimates imply initial
priors that have about the same variance as a U(0,0.6) distribution. Thus, one interpretation of the
empirical results is that consumers believe that there is considerable unobserved heterogeneity in the
market and choose among firms based on a moderate amount of information from their and others’
experiences, Single inspection outcomes strongly influence their beliefs about individual firms.

Firms have strong reputational incentives to supply passing inspections.

*The state of California estimates that the average price of repairs, given that a vehicle fails, is $50-75. This
does not include time costs and other costs associated with failing.
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6. Conclusion

Buyers often cannot directly detect shirking in service markets, and cannot always tell how
much sellers shade diagnoses. Like “output” in standard moral hazard models of labor supply,
diagnoses indicate the extent to which sellers act in buyers’ interest. Sellers have an incentive to
supply diagnoses in which they appear to be acting in buyers’ interest. Examples of these are when
repairmen propose simple fixes, doctors prescribe generics instead of more expensive but chemically
identical brand name drugs to self-insured patients, brokers advise holding stocks rather than selling
them, and attorneys recommend that cases not be pursued. Sellers may have more opportunity to
supply diagnoses which appear favorable in the vehicle inspection market than in other markets.
Regulations require buyers to purchase inspections regardless of their vehicles’ condition.*
Interpreting diagnoses may be more difficult when the “first-best” diagnosis is to recommend
extensive treatment.’!

Buyers’ beliefs about firms are important in “diagnosis-cure” markets. Skepticism about the
motivation of individual repairmen, brokers, attorneys, and other suppliers of advice combined with
beliefs that there exists unobserved heterogeneity across sellers means that sellers have reputational
incentives, particularly when switching costs are low. This is reminiscent of Fama (1980).
Incentives are weaker when consumers are naive about sellers’ private objectives, believe that sellers
are homogeneous, or when switching costs are high. These conditions seem not to characterize most
“blue collar” service markets. For example, conventional wisdom about auto repair markets and
highly-publicized incidents of fraud tends to make buyers wary about the advice they receive. They
may be more commeon in “white collar” service markets such as health care. Portrayals of doctors
as objective suppliers of medical advice and treatment, combined with the informational advantage
incumbents have in supplying treatment to their existing patients, may dampen demand-side quality

incentives.

*Indeed, were it not for regulators’ attempts to encourage inspectors to fail high-emitting vehicles, very few
vehicles would fail inspections.

'Demand incentives may encourage sellers to supply verification for their diagnoses in such circumstances.
Alternatively, an industry structure may evolve in which some firms supply advice but not extensive treatments, as in
Wolinsky (1993},
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Appendix

The standardized B(a, B) [a>0, B>0] distribution encompasses a wide range of densities
whose support is (0,1). The uniform U(0,1) is the special case a=B=1. If a>1, B>1, the density has
a single interior mode. If a<l, B<1 it is U-shaped. If a<l, B>1 it is “J-shaped”: monotonically
decreasing within the unit interval. If a>1, B<I it is monotonically increasing. This class of
distributions does not allow densities with multiple interior modes. The expected value of a random
variable drawn from a B(a, B) is o/(a + B). It is therefore an increasing function of the ratio of the
parameters, &/B. The variance is E(X)[1-E(X)]/(a + B + 1), where E(X) is the expected value.
Holding the ratio of the parameters constant (and thus the expected value), the variance is a
decreasing function of (a + B). If an individual’s initial priors are distributed B(a, B), (¢ + B) is a

measure of how diffuse they are around the individual’s expectation.
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Table 1
Previous Inspection Results and Stay/Switch Decision

Percent
Choosing Same Firm

Observations 7519
Previous Inspection Not Observed 4815 64.0%
Previous Inspection Observed 2704 36.0%
New to Market 263 97%
Old to Market 2441 90.3%
Old to Market, Passed Previous 2050 84.0% 38.8%
0Old to Market, Failed Previous 191 16.0% 25.3%
Old to Market, Failed Emission Only 204 10.0% 29.9%
Old to Market, Failed Underhood Only 120 59% 25.0%
01d to Market, Failed Both 67  33% 11.9%
New to Cluster 1418 52.4%
0ld to Cluster 1286 47.6%
Old to Cluster, Passed Previous 1109 86.2% 71.7%
Old to Cluster, Failed Previous 177 13.8% 55.9%
0ld to Cluster, Failed Emission Only 105  9.5% 58.1%
Old to Cluster, Failed Underhood Only 51 4.6% 58.8%

0ld to Cluster, Failed Both 21 1.9% 38.1%



Table 2
Inspection Outcome Logits

Dependent Variable: 1992 Inspection Qutcome

Variable 1 2 3 4
C -1.66 -1.25 -1.01 -1.03
(0.06) (0.80) (0.77) (1.01)
Fail in 1990 1.33 0.82 0.77 0.85
(0.11) 0.12) (0.13) (0.15)
Same Firm -0.46
(0.14)
Same Firm*Fail in 1930 -0.27
0.30)
Vehicle Age Dummies? No Yes Yes Yes
Vehicle Make Dummies? No No Yes Yes
Firm Dummies? No No No Yes
Probability "Delta”
Fail in 1990 0.258 0.135 0.122 0.131
Same Firm -0.055

N=2704, standard errors in parentheses.
Bold indicates significance of t-test HO: b=0 of size 0.05.



Table 3

Firm Prices, Quantities, Failure Rates, Station Types

Firm Price
l $19.95
2 $21.95
3 $19.95
4 $19.95
5 $19.95
6 $56.95
7 $65.00
8 $31.00
9 $60.00
10 $65.00
11 $23.95
12 $50.00
13 $29.95
14 $63.00
15 $30.00
16 $25.00
17 $31.00
18 $30.00
19 $60.00

20 $24.00
21 $29.95
22 $24.95
23 $55.00
24 $65.00
25 $59.00
26 $19.76
27 $25.00
28 $62.00
29 $49.95

Number of Observation

|Z

1908
1247
995
300
276
208
205
203
167
163
163
159
151
143
143
130
128
119
96

90

82
75
73
70
65
58
45
37
18

Mean Inspection Price (Firms)

Mean Inspection Price (Inspections

Corr(Price, Share)
Corr{Failure Rate, Share)

Share Failure Rate Station Type
25.38% 25.2% Tune Up Shop
16.58% 16.2% Independent Garage
13.23% 16.5% Service Station
3.99% 19.1% Independent Garage
3.67% 5.4% New Car Dealer
2.77% 5.8% New Car Dealer
2.73% 3.9% New Car Dealer
2.73% 15.1% Service Station
2.22% 3.4% New Car Dealer
2.17% 4.9% New Car Dealer
2.17% 31.3% Independent Garage
2.11% 7.5% New Car Dealer
2.01% 53% Independent Garage
1.90% 8.4% New Car Dealer
1.90% 11.9% New Car Dealer
1.73% 17.7% Service Station
1.70% 17.2% Service Station
1.58% 14.3% Independent Garage
1.28% 6.3% New Car Dealer
1.20% 6.7% Service Station
1.09% 13.4% Service Station
1.00% 24.0% Service Station
0.97% 2.8% New Car Dealer
0.93% 4.3% New Car Dealer
0.86% 4.6% New Car Dealer
0.77% 24.1% Independent Garage
0.60% 15.9% Independent Garage
0.49% 8.1% New Car Dealer
(0.24% 333% Independent Garage
7519
$39.32
$29.27
-(.36
0.26



Table 4

Consumer Choice Equation Estimates

Dependent Variable: Firm Number of Firms: 29
-LogL at Alpha=0, Beta=0: 25319
68} (2) Stage | Stage 2: [V Stage 2: OLS
Number of Observations 7519 2704 2704 29 29
-LogL 18791.4 55248 49415
R-Squared 0.551 0.505
Price -0.035 -0.048 -0.014 -0.028
{0.001) (0.003) (0.03%) (0.008)
Previous inspection 1.900 2.047 1.998
(0.146) (0.151) (0.149)
Prev. Inspection*Pass 0.788 0.772 0.668
(0.152) (0.156) (0.158)
Failure Rate -1.643 -2.044 -0.624 -1.124
(0.108) (0.237) (5.768) (1.635)
New Car Dealer -0.270 -0.789 -0.224 0.078
(0.162) (0.187) (0.664) (0.392)
Tune Up Shop 0.449 0.799 1.550 473
(0.064) (0.130) (0.562) (0.514)
Service Station -0.773 -0.579 -0.191 -0.226
(0.082) (0.137) (0.375) (0.254)
New Car Dealer*Vehicle Age -0.170 -0.087 -0.086
(0.008) {6.016) (0.015)
Tune Up Shop*Vehicle Age -0.030 -0.035 -0.036
(0.006) {0.011) (0.011)
Service Station*Vehicle Age -0.019 -0.009 -0.011
(0.006) (0.010) (0.010)
Warranty Applies 1.004 0.250 0.163
(0.091) (0.230) (0.190)
Own Dealer 1.794 2.106 1.612
{0.093) (0.156) (0.170)
Inc. Value -- NCD 0.813 0.800 0.568
(0.039) (0.060) (0.053)
Inc. Value -- Service Statior 0.564 0.602 0.605
(0.032) 0.037) (0.039)
Inc. Value - Garage 0.221 0.352 0.498
(6.014) (0.032) (0.042)
Constant 0.596 1.070
(2.122) (2.122)
Previous Inspection*Pass/Price $22.42 $16.11 $47.81 $23.86
(§4.40) (3$3.35) ($133.07) $7.39)
Failure Rate/Price $46.71 $42.66 $44.66 $40.76
($2.24) ($4.42} ($320.36) ($60.92)

Standard errors in parentheses, bold indicates significance of t-test HO: b=0 of size 0.05.
Omitted station type is independent garage.

Stage 1 includes 29 firm dummies (not shown).
Stage 2 instruments are station type and number of inspectors of firms' closest geographic competitor.



Table 5
Consumer Choice Equation Estimnates

Vehicle Age, Previous Result, Failure Rate, Component Outcome Interactions

Dependent Variable: Firm Number of Firms: 29

Number of Observations: 2704 -LogL at Alpha=0, Beta=0: 9105

-LogL 5507.7 5506.6 54750 55223
Parameter Standard Parameter Standard Parameter Standard Parameter  Standard
Estimate Error Estimate Error Estimate Error Estimate Error

Price -0.037 0.005 -0.037 0.005 -0.059 0.004 -0.048 0.003

Previous Inspection 1.881 0.388 1.904 0.338 3.531 0.447 2.817 0.098

Prev. Inspection*Pass 0.427 0416 0.399 0.417 -0.021 0.463

Failure Rate -2.049 0.481 2,04 0.483 -2.832 0.304 -2.044 0.236

New Car Dealer -0.785 0.202 -0.778 0.204 -0.147 0.238 -0.791 0.187

Tune Up Shop 0.907 0.13% 0.899 0.139 0.884 0.132 0.791 0.130

Service Station -0.519 0.141 -0.522 0.142 -1.352 0.184 -0.587 0.138

Warranty Applies -2.964 1.067 -2.977 1.068 0.200 0258 0.249 0.230

Own Dealer 2.074 0.288 2,085 0.291 2.513 0.183 2.107 0,155

Vehicle Age*Price -0.0011 0.0005 -0.0010 0.0005

Vehicle Age*Prev. [ns. 0.016 0.027 0.015 0.026

Vehicle Age*Prev. Pass 0.051 0.032 0.053 0.032

Vehicle Age*Failure Rate -0.003 0.043 -0.011 0.045

Vehicle Age*NCD -0.078 0.018 -0.080 6¢.019 -0.090 0.016 -0.087 0.016

Vehicle Age*Tune Up -0.041 0.011 -0.038 0.012 -0.036 0.011 -0.035 0.011

Vehicle Age*Serv. Sta. -0.014 0.011 -0.014 0.011 -0.010 0.010 -0.099 0.010

Vehicle Age*Warranty Applies 0.736 0.235 0.740 1.238 :

Vehicle Age*Own Deale -0.002 0.033 -0.004 0.035

Fail in 1990*Price 0.005 0.006

Fail in 1990*Failure Rate 0.289 0.603

Fail in 1990*NCD 0.07! 0.243

Failin 1990*Tune Up -0.107 0.164

Fail in 1990*Serv. Sta. -0.010 0.156

Fail in 1990*Own Dealer 0.052 0.325

Failure Rate*Prev. Ins. -7.351 2,008

Failure Rate*Prev. Ins.*Pass 3.784 2,179

Failure Rate*NCD -14.303 2.608

Failure Rate*Service Station 4.804 0.685

Failure Rate*New to Market -0.174 0.549

Prev. Inspection*Fail Emission -0.539 0.201

Prev. [nspection*Fail Underhood -0.921 0.262

Prev. Inspection*Fail Both 0.037 0.483

Inc. Value -- NCD 0772 6.060 0.773 0.060 0.939 0.072 0.800 6.060

Inc. Vaiue -- Service Station 0.622 6.039 0.623 0.039 0.615 0.039 0.602 0.037

fnc. Value -- Garage 0.380 0.035 0.380 0.035 0.365 0.033 0.349 0.032

Standard errors in parentheses, bold indicates significance of t-test H0: b=0 of size 0.05.
Omitted station type is independent garage.



Table 6

Mean Estimated Elasticities, Markups, Marginal Costs

By Station Type

Frate dQy/ Own Price d(Ins. Profits)/
Elasticity d{outcome) Elasticity Markup MC d{outcome)
Service Station -0.38 2.39 -1.37 $19.67 $6.88 $46.71
(0.14) (0.22) (0.54) ($1.94) ($5.31)
Independent Garage -1.06 5.64 -3.14 $8.95 $18.61 $46.71
0.41) (1.21) (0.64) (33.21) ($6.6T)
New Car Dealer -0.10 1.67 -2.00 $27.67 $27.24 $46.71
(0.04) (0.13) (0.52) ($2.26) ($13.66)
Tune Up Shop -0.28 1.09 -0.46 $43.18 -$23.23 $46.71
N/A N/A N/A N/A N/A
Standard deviations in parentheses.
Final four columns calculated assuming single period Nash equilibrium in prices.
Table 7
Consumers’ Informedness and Initial Priors
Specification Table 4, Column | Table 4, Column 2
Beta2 Estimate $22.42 $16.11
Beta3 Estimate $46.71 $42 66
N 2.08 2.65
Expected Costs, Variance of  Support of Variance of  Support of
Given Failure Alpha+Beta  Initial Priors Uniform Alpha+Beta  Initial Priors Uniform
560 0.59 0.10 1.10 1.08 0.08 0.96
$80 1.48 0.06 0.38 232 0.05 0.76
$100 2.38 0.05 075 31.56 0.04 0.65
$120 3.27 0.04 0.67 4.80 0.03 058

The mean of the initial priors is assumed to be 0.2.




