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Abstract
This paper explores New York City’s new mandatory information disclosure policy of
posting hygiene quality grade cards on restaurant windows. I find that the dual inspection
process (initial inspection and re-inspection) has been exploited by restaurants. In particular, after getting an A card in the re-inspection, restaurants frequently revert back to the
previous bad hygiene conditions by the time of a subsequent initial inspection. As a result,
there is no significant overall hygiene improvement in NYC. Furthermore, I use random
effects and ordered logit models to find that the reduction in asymmetric information by
hygiene letter grades narrows the difference of hygiene score between chain and non-chain
restaurants, which was previously due to greater consumer knowledge of chain restaurants’
reputations.
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“So, those [restaurant owners] that don’t want to clean up their kitchen, I know why
they’re bitching but I would suggest [you] don’t eat in a restaurant unless they have an A.”

— Michael Bloomberg
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Introduction
Darby and Karni (1973) established literature on credence goods, whose quality or

characteristics are impossible for consumers to judge, even after consumption. This feature
of credence goods leads to asymmetric information between firms and consumers. Due to
this feature, firms lack incentives to improve product quality but have strong incentives for
opportunistic or even fraudulent behavior. Thus, the equilibrium quality of products tends
to be minimal and, in particular, below the quality that is socially optimal.
This paper explores New York City’s new mandatory information disclosure policy of
posting hygiene quality grade cards in restaurant windows. Hygiene quality in restaurants,
unless egregiously lacking, is often unobservable to a casual diner. Thus, restaurant hygiene
quality can be treated as a quasi-credence good, i.e., if hygiene quality is above a certain
threshold, it is unobservable and unverifiable; however, if it falls below this threshold,
it can be observed by potential consumers. For instance, consumers will immediately
question the hygiene in a restaurant if they find a cockroach in the main dish. Health
inspectors, on the other hand, are able to enter parts of the restaurant that are inaccessible
to patrons, examine cleanliness and conditions where the food is being prepared, and take
note of how employees behave while preparing food. Similar to how people need organic
products to be labeled, in order to identify them, consumers heavily rely on mandatory
information disclosure of restaurant hygiene to help them make purchasing decisions. In
light of this, in 2010, the Department of Health and Mental Hygiene (DOHMH) in New
York City launched a new letter grade policy on restaurant hygiene inspection, with an
intention to improve restaurant hygiene and to give consumers access to information which
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would otherwise be unobservable to them.
However, due to this credence-good feature, restaurants still have incentives for opportunistic behavior even when they face this new policy. Therefore, the letter grades on
restaurant windows in New York City do not always send consumers a clear signal. For
example, a recent news report displayed a large mouse conspicuously perching on a ledge
under an A-grade restaurant in New York City.1 Additionally, some other reports reveal
that a number of restaurants with B or C cards try to confuse consumers by adding extra
letters by themselves so that a B card sign is modified into a B-E-S-T sign, and similarly,
a C card sign turns into a C-A-R-D sign.2 These strange and confusing signs on restaurant
windows prove that restaurants have incentives to cheat and consumers may get confused
by these letter grades.
Jin and Phillip (2009) find that reputation incentives effectively motivate restaurants to
maintain good hygiene conditions when hygiene information is not available to the public
and that chain affiliation provides positive reputation which often allows franchised units to
free-ride. For instance, franchise-owned restaurants usually have worse hygiene inspection
scores that directly-owned ones. However, they also find that when a new letter grade policy
took effect in Los Angeles, it eliminated the hygiene score difference between franchiseowned restaurants and directly-owned ones.
Therefore, the research questions which motivate this paper are: Does the behavior of
restaurants change in the face of new regulations which make the information of restaurant
hygiene quality more transparent? Does the new policy in New York City actually meet its
intended goal of improving restaurant hygiene? And do chain restaurants still have better
hygiene than non-chain restaurants due to reputation effect after the policy?
The DOHMH in New York City has been inspecting restaurant hygiene using a scoring
system since 2005 for public food safety. In July 2010, the Board of Health in New
York City authorized the DOHMH to provide a new grading system with the intention
of better informing consumers, and of improving restaurant compliance with Health Code
1
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requirements. Thereby, it might further reduce the burden of foodborne illness in New
York City. This new grading system maps the raw hygiene inspection scores–which were
not observable to consumers–into A, B, or C grades, and requires restaurants to post the
grade cards on their windows for customers’ awareness.
This new policy also supports the restaurant industry by using a dual inspection approach that allows restaurants to improve on bad scores before receiving final grades.
According to the new policy, an inspector will visit a restaurant at an unannounced time
to conduct the inspection. After the inspection, they will assign a hygiene score to the
restaurant along with a letter grade. If the restaurant receives an A level hygiene score,
then it will get an A card, the highest level grade, and it has to post it immediately on the
outside of its storefront. However, if the restaurant fails to receive the A card, it receives a
re-inspection approximately 7 to 30 days later, at which point the final grade is issued.3
This paper explores this new hygiene inspection policy in New York City and shows
evidence that restaurants have strong incentives for opportunistic behavior even when they
face the new mandatory inspection policy. Specifically, because of this second inspection
opportunity, restaurants tend to only improve their hygiene conditions in preparation for
the re-inspection. Further, once restaurants receive an A card, most of them revert back to
bad hygiene qualities.
In order to show that restaurants exhibit this type of opportunistic behavior when faced
with mandatory inspection, I use an ordered logit regression model with a panel dataset to
find that after the new policy is imposed, the likelihood of receiving an A grade is 76% after
the second inspection, while only 47% after the first inspection. Moreover, I find that before
this new policy, chain restaurants have better hygiene than non-chain restaurants in terms of
hygiene score, but the score differences become smaller only after the re-inspection in the
post-policy period due to the reduction of asymmetric information of hygiene reputation by
the letter grades. In addition, no evidence emerges from consumer complaints data in New
York City to support an overall improvement in restaurant hygiene after this new policy.
3

Restaurants can still refuse to accept the grades and wait for a hearing with the Office of Administrative
Trials and Hearings Health Tribunal to contest the score. More details are in the Background Section.
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This paper contributes to the literature in several ways. First, it shows empirical
evidence that firms have strong incentives for opportunistic behavior in the credence goods
market even when they face mandatory regulation. It finds that if regulations have any
loopholes–in this case, the re-inspection opportunity–restaurants immediately take advantage of them. Secondly, it finds that the chain reputation effect decreases when letter grades
enable consumers to observe hygiene information and equalize consumer learning. Finally,
this paper uses an ordered logit model with a panel dataset to demonstrate the opportunistic
behavior of restaurants in a more accurate way.
The rest of this paper is organized as follows. In Section 2, I provide a review of
the related literature. Section 3 introduces the background of the new inspection policy
in New York City. Section 4 provides a description of the data. In Section 5, I present
a baseline model of testing the new policy effect. In Section 6, I present the evidence of
restaurant cheating and regional differences in restaurant hygiene. In Section 7, I present
the framework for testing chain restaurant reputation effect and discuss the results. Section
8 provides a brief conclusion.

2

Literature Review
This section provides a brief review of three important, yet often unconnected strands

of literature. First I review several theoretical papers of credence goods. Next, I discuss
some empirical papers on the impact of information disclosure on consumer choices and
opportunistic behavior of experts. Finally, I review recent work on the impact of restaurant
health code inspections on hygiene outcomes.

2.1

Credence Goods
Nelson (1970, 1974) points out that goods can be divided into two categories, search

goods, and experience goods, where the former is defined by goods with easily evaluated
5

characteristics, while the latter are goods whose characteristics are not known until after
purchase. In a follow-up study, Darby and Karni (1973) present the idea of credence goods,
the quality of which may still be unknown even after consumption. They argue that if
the evaluation of credence qualities is costly, government monitoring may be necessary
to prevent fraud. Other literature on credence goods largely concentrates on experts’
fraudulent behavior. Pitchik and Schotter (1987) use a theoretical model to investigate
fraudulent behavior in the expert service market. They find that experts report truthfully in
a random manner with a mixed strategy equilibrium in the expert-customer game. Wolinsky
(1995) examines markets for informed expert services and argues that despite intense
competition, there is still room for fraud. He also emphasizes the role of consumer search
for various opinions in disciplining experts. Emons (1997) suggests that if consumers can
rationally process ex ante information about market conditions, they will be able to infer
the seller’s incentives and the market mechanism may solve the fraudulent expert problem.

2.2

Information Disclosure and Expert Behavior
Information disclosure methods like advertising and labeling are potential options to

narrow the information gap between consumers and sellers. When the Kellogg company
first launched a cereal commercial campaign in the 1980s claiming that consumption of
fiber could reduce the probability of cancer, it challenged a long-standing ban imposed
by the Food and Drug Administration (FDA) on the food market preventing them from
claiming that their product “...is adequate or effective in the prevention, cure, mitigation or
treatment of any disease or symptom.”4 Since the Nutrition Labeling and Education Act
was passed in 1990, food labeling has become mandatory. Ippolito and Mathios (1990)
show that Kellogg’s commercial about the benefit of consuming fiber boosted the cereal’s
sale overall and caused more firms to shift to producing high fiber cereal. They also notice
that before Kellogg’s advertising campaign, publicly available scientific information about
4
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fiber had hardly drawn any attention from consumers. They conclude that advertising reduces the cost to consumers of acquiring information, and increases total welfare. Sorensen
and Leslie (2010) use a large transaction dataset from Starbucks to find the impact of
mandatory calorie posting on consumers’ purchase decisions. They find that the average
calories per transaction fall by 6% when calorie information is posted. They also find that
if Starbucks and Dunkin Donuts are located in close proximity to each other, people tend
to visit Starbucks more, because Dunkin Donuts has higher calorie tabs on its products.
There is also a modest empirical literature that shows that a considerable amount
of fraudulent behavior exists in markets for expert services, due to asymmetries of information. Hubbard (1998) explores the incentives of experts’ in the automotive repair
services industry. He finds that inspection failure rates are more than twice as high when
inspections are completed by state officials, relative to when they are conducted by private
firms. Moreover, the probability of inspection failures is slightly lower when conducted
by firms with close geographic competitors. Wambach and Sulzle (2005) examine the
impact of variations in insurance on the amount of fraud in a physician-patient relationship.
They find that a higher coinsurance rate may lead to less fraud in the market and a lower
probability of patients’ searching for second opinions. Levitt and Syverson (2008) find that
real estate agents tend to invest more time and effort to secure higher prices on their own
properties, relative to their customers’.

2.3

Hygiene: Policies and Impacts
Jin and Phillip (2009) examine the changing restaurant hygiene inspection policy in

Los Angeles County. They find that reputation incentives effectively motivate restaurants
to maintain good quality hygiene and that chain affiliation provides reputation which allows
franchised units to free-ride. For instance, before the new mandatory grade cards policy was
launched when the inspection score was not available to the public, franchised restaurant
units usually had worse hygiene quality scores than units under the same chain which were
7

directly owned by the company. The new policy enables customers to observe the hygiene
quality of restaurants in Los Angeles and leads to a significant improvement in restaurant
hygiene quality in the city. It also eliminates the score difference between franchiseowned restaurants and directly-owned ones. In another paper, Jin and Leslie (2003) show
evidence that the mandatory grade card policy in Los Angeles County actually reduces
the overall foodborne illness rate in Los Angeles hospitals. Ho (2012) questions Jin and
Leslie’s findings on foodborne illness and uses hygiene inspection data from San Diego
and New York City to argue that the targeted hygiene information transparency is flawed
in its implementation. He concludes that in San Diego, the restaurant hygiene inspection
generates score inflation while in New York City, the hygiene inspection generates large
score variations. Meanwhile, Wong et al. (2015) suggest that New York City hygiene
inspection does improve the hygiene conditions and in a telephone survey, they find about
90% of adults approved of New York City’s letter grade program. However, Wong et al.
(2015) fail to capture the changing and inconsistent behavior of restaurant owners when
they face a new policy.
In this paper, I make a contribution to the literature on the impact of hygiene inspections by investigating a hitherto under-examined health inspection regime change in New
York City. In the next section, I give a brief background on this new hygiene inspection
policy and how it affects restaurant behavior.

3

Background
The New York City Department of Health and Mental Hygiene (DOHMH) inspects

about 24,000 restaurants every year to monitor restaurant compliance with city and state
food safety regulations. Restaurants are inspected approximately once every 300 days,
and inspections are not announced ahead of time. Restaurants are issued points for each
violation of the New York City health code, with more egregious violations earning more
points (thus, a restaurant with no violations will receive a score of 0). If the number
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of points earned exceeds a pre-defined threshold, then the inspector will perform a reinspection at an unannounced time, approximately 7 to 30 days later. This schedule allows
the restaurant owner to anticipate the re-inspection with some accuracy.
In July 2010, the DOHMH launched a new inspection policy, which made two major
changes to the inspection process. First, they created a letter grade which is mapped from
the original raw inspection score. Restaurants with a score between 0 and 13 points earn
an A letter grade, scores of 14 to 27 receive a B, and those with 28 or more receive a C.
Inspectors give restaurants their grade cards when the inspections are finished.
The second major change to the policy involves giving consumers easier access to
hygiene inspection information. Inspection results are made available in three different
ways: a searchable Web site, a free smartphone app, and a new requirement that restaurants
post letter cards on their storefront. While the website and smartphone app give detailed
information about the inspection, and allow users to filter restaurants by ZIP code, cuisine
type, and grade, the letter cards merely show A, B, or C. However, this third requirement
is the most visible and well-known change to the health inspection code.5
When the grading initiative was being developed, industry representatives stressed
the need to ensure that grades should be assigned fairly. The DOHMH addressed these
concerns in several ways. First, the DOHMH provides a variety of training and practice
materials for restaurant owners to learn how to earn an A grade. Additionally, they offer
an online course on how to maintain their restaurants in a satisfactory condition.6 A
self-inspection worksheet and a guide to condition levels are also available online for
restaurant owners to perform a self-examination.7 Moreover, training sessions are offered
for restaurant supervisors to earn a food protection certificate so they can conduct selfmonitoring. The DOHMH also suggests that a supervisor should be on duty whenever the
restaurant is receiving or preparing food or is open to the public. All of these materials are
available in English, Spanish, Chinese, and Korean.
5
6
7

Chapter 23 of Title 24 of the Rules of the City of New York (2010)
available at http://www.nyc.gov/html/doh/html/services/hanyfood-online.shtml
available at http://www.nyc.gov/html/doh/html/food/food-service-inspection.shtml
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Additionally, the DOHMH implemented a dual inspection system that allows restaurants to improve before receiving a final grade. If a restaurant receives a score of 13 or
less, it will be assigned an A card, which must be posted immediately. Then it will not be
inspected again within the approximately 300-day inspection cycle. If the restaurant does
not initially receive an A level score i.e., it gets more than 13 points, the inspector records
the score but will not give a grade card. The inspector will return at a later date, usually
within 30 days, to conduct a re-inspection. The purpose of this re-inspection is to give the
restaurant a second opportunity to improve its hygiene condition. After the re-inspection,
restaurants are required to post the results on their storefronts right away. With less than or
equal to 13 points, the restaurant would receive an A card and the inspection cycle ends.
With a B or C, the restaurant will receive a corresponding grade card if it agrees with the
result.
A restaurant can choose to reject the inspection result. If so, it gets a “grade pending”
card which must still be posted while the restaurant awaits a hearing with the Office of
Administrative Trials and Hearings Health Tribunal to contest the score.8 One additional
complication is that if a restaurant receives a grade of C (> 27) in the initial inspection,
then regardless of its result in the re-inspection, the inspection cycle for it is shortened,
which means this restaurant is inspected more frequently.
There are several additional small differences between the pre-policy and post-policy
periods. First, in the post-policy period, restaurants are re-inspected when they do not
initially receive an A grade. However, in the pre-policy period, restaurants would receive a
re-inspection if their initial inspection score was 28 points or higher (Wong et al. (2015)).
Second, the DOHMH has changed the description and reordered some violation codes in
the new policy. However, the Department of Health has claimed that the whole inspection
process has remained the same.9 Figure 1 depicts this new inspection process.
8
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The hearings may or may not change the original inspection result. The dataset used in this study does not
contain the information on how long restaurants wait for their hearings, and whether the hearing changes
the result. Therefore, this paper only focuses on the initial inspection and the following re-inspection.
Chapter 23 of Title 24 of the Rules of the City of New York (2010)

10

4

Data
The hygiene score dataset of restaurants in New York City spans 2006 to 2014 and

includes information on restaurant name, restaurant location (an approximate address),
inspection date, and cuisine type.10 The hygiene inspection data was merged with historical
temperature data from weather.com, which provides daily information at the borough level
between 2006 and 2014.
Table 1 presents the average scores for all inspection records in the pre- and postpolicy periods. In the pre-policy period, the overall average hygiene score is about 18,
while in the post-policy period, the average score improves by about 2 points. Table 2 then
breaks the scores into initial inspection and re-inspection categories. We see that in the
pre-policy period, the re-inspection result is only better than the initial inspection result by
about 1 point, while in the post-policy period when customers are able to observe the grade,
the re-inspection result improves by 4 points in comparison with the initial inspection.
It should be noted, that in the pre-policy period, the dataset does not clearly distinguish
between an original inspection and a re-inspection. As mentioned in the introduction,
the DOHMH has specific guidelines for the inspection cycle, including the timing of the
re-inspections. However, there is evidence, both anecdotal (Nordrum (2014)) and found
within the dataset, that these rules have not always been followed, both before and after the
policy change. In the pre-policy period, restaurants would be re-inspected if they received a
score of 28 or greater, and that re-inspection would occur around one month later (Wong et
al. (2015)). If restaurants received a score below 28, they would not be inspected again for
approximately one year. However, in the dataset, approximately 40% of the observations
are restaurants with a score below 28 still getting re-inspected within 60 days after their
initial inspection. These are treated as re-inspections in the analysis that follows.
In the post-policy period, the dataset does indicate whether an inspection is an initial
inspection or a re-inspection. However, this indicator tends to also be inconsistent with
the rules laid out by the DOHMH. Recall that the criterion for being re-inspected in the
10
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post-policy period is having a score above 13. Again, if a restaurant receives a score
of 13 and below, it would not be inspected again for approximately one year. However,
many restaurants which received a score of 13 or below were re-inspected within 60 days,
and these inspections were marked as re-inspections. These unusual inspections have also
been documented in news reports.11 These irregular observations are kept for analysis and
treated as re-inspections in the dataset.
Figure 2 shows the score distributions of initial inspection and re-inspection before
and after the new policy. The dotted lines in panel (a) and panel (b) indicate a score of 28.
The dotted lines in panel (c) and panel (d) indicate scores of 13 and 27, respectively. We
can see the corresponding spikes, which are the thresholds that separate grades A, B, and C.
The spike is much more salient in the re-inspection in the post-policy period, panel (d). In
the pre-policy period, the score distributions between initial inspections and re-inspections
have similar shapes, despite a large volume of zeros during re-inspection in the pre-policy
period. Nevertheless, there are no conspicuous spikes in the pre-policy period.
In the next section, I present a baseline model to examine this new policy effect; then
I check the policy outcomes by investigating consumer complaints before and after the
policy.

5

Policy Effect Check

5.1

Baseline Model
To estimate the impact of this new letter grade policy, I include a binary variable

P olicy to capture the policy effect; I also include another binary variable Reinspect to
separate the effect of initial inspection and re-inspection. The baseline model is as follows:
Scoreit = α + β1 P olicyit + β2 Reinspectit + β3 P olicy ∗ Reinspectit
+ T emperatureit + T empSquareit + Seasonalityit + ci + uj + vit
11
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(1)

where Scoreit is the hygiene inspection score of restaurant i at time t; P olicy is a binary variable, equal to 1 if the observation is in the post-policy period; Reinspect is a
binary variable, equal to 1 if the inspection is a re-inspection, and equal to 0 if it is an
initial inspection; P olicy ∗ Reinspect is the interaction term of these two binary variables. T emperature is the average temperature (degrees Fahrenheit) on the day when the
restaurant was inspected. The temperature is measured at the borough level and included
in a quadratic specification (T empSquare). Since restaurant hygiene condition could be
affected by different seasons, I create a categorical variable Seasonality in each year, to
control the seasonal effect.12 ci denotes the unobservable restaurant-specific time invariant
term to control restaurant fixed effect. uj is the unobservable time invariant chain fixed
effect if the restaurant belongs to a chain. vit is the error term.
In this baseline model, I use both fixed effects and random effects to check if the
policy has caused restaurants to improve their hygiene conditions and whether the reinspection has made a difference. For the random effects, I cluster the standard errors
at chain restaurants level because it is possible that restaurants which belong to one chain
share unobservable time-invariant errors, uj .
Recall that a lower hygiene score represents a better hygiene condition in a restaurant;
thus, I expect the coefficient estimate of P olicy to be negative, which means the new letter
grade policy drives more restaurants to maintain good hygiene so that they can earn a lower
hygiene score. The coefficient estimate of Reinspect would also be negative if restaurants
improve hygiene conditions for the re-inspection as opposed to the initial inspection, since
they can more accurately predict when the inspector will come.
I expect the estimated coefficient on T emperature to be positive, because Food quality may suffer at higher temperatures. Higher temperatures may also lead to other negative
externalities.13
12
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I treat Mar. to May as Spring; Jun. to Aug. as Summer; Sep. to Nov. as Fall; Dec. to Feb. as Winter.
Cohn and Rotton (2000) document that a higher temperature leads to a higher crime rate. Ranson (2014)
also finds that temperature has a strong positive effect on criminal behavior.
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5.2

Results and Discussion
Table 3 presents the baseline model results of equation (1). Column (1) includes

restaurant the fixed effects, ci and column (2) uses the random effects for ci + uj + vit , with
errors clustered within each chain j. Both specifications control for year and seasonality
effects. The fixed effects results show that the estimated coefficient of P olicy is about -1.6,
implying that the new letter grade policy improved the initial inspection score by about 1.6
points. Reinspect is significant with an estimated coefficient of -5.4, while the estimated
coefficient of the interaction term, P olicy ∗ Reinspect is 0.9. Therefore, in the new policy
period, restaurants improve their hygiene score during the re-inspection by more than 6
points, versus 5 points in the pre-policy period. The random effects estimation shows
consistent results with only slightly different magnitudes. It shows that in the post-policy
period, restaurant hygiene improves by almost 5 points during the re-inspection, versus 2
points in the pre-policy period.
T emperature is not significant, while the squared term T empSquare is significantly
positive with an estimated coefficient of 0.03 in both specifications.14 It means if the
inspection is conducted at a temperature of 90 degrees Fahrenheit, the hygiene score is
about 2 points higher than the one conducted at 40 degrees.
The fixed effects show that the improvement in terms of hygiene scores after this
new policy is small (only 1.6-point improvement for the initial inspections). It is because
restaurants expect a re-inspection opportunity following the initial inspection and initial
inspection is hard to anticipate so that there is little incentive for restaurants to keep good
hygiene conditions for the initial inspections. This result indicates that for the most part
of the inspection cycle, restaurants may not keep good hygiene condition. In other words,
the overall restaurant hygiene may only improve during the period when restaurants are
expecting a re-inspection. Therefore, the overall restaurant hygiene in New York City may
not have a significant improvement after this policy.
14
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5.3

Policy Outcomes Check
One way of examining the effectiveness of this letter grade policy is to check whether

it has reduced the occurrence of foodborne illnesses in New York City, as this is one of
the ultimate goals of the policy (Wong et al. (2015)). The empirical challenge is that it is
almost impossible to identify the link between foodborne hospitalizations and restaurants
overall hygiene results. To solve this problem, I use 311 call data from New York City
to check whether the number of customer complaints has declined because of this new
policy.15 Each food establishment complaint record has a specific restaurant address and
a complaint reason. The reasons for complaint encompass everything related to restaurant
hygiene, ranging from spotting rodents or insects to catching workers who handle food
with bare hands. This data exists from January 2010 until August 2015.
Table 4 displays the absolute number of complaints and the number of restaurants in
the sample. The overall complaints increase over the years from 2010 to 2015 as well
as the number of restaurants. However, note that the number of restaurants may not truly
reflect the real increase of restaurant establishments, because the DOHMH may increase its
inspection areas over the years. Figure 3 shows the adjusted distribution of total customer
complaints each month from 2010 to 2015. The adjusted number of complaints is equal
to the total number of complaints divided by the total number of restaurants in the sample
within each year. The figure does not show a significant decline of complaints, instead,
it shows that customers complain more in the summer, confirming the baseline regression
results, i.e., temperature increases imply hygiene decreases.16
Since there is not strong evidence to support an overall improvement in restaurant
hygiene in New York City after this new policy, in the following section, I present evidence
of restaurant cheating behavior as a reason for why this policy fails to improve restaurant
hygiene. Moreover, I use a model to test whether there are regional differences in restaurant
15
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New York City’s 311 line is a centralized information line for city services. Residents in New York City
call 311 for all kinds of complaints, including food establishment complaints.
The relatively smaller number of adjusted complaints in the year of 2012, 2013, and 2014 is because a
significant increase in the number of restaurants in the sample.
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hygiene scores before and after the policy.

6

Restaurants Cheating and Regional Differences
Since the timing of the re-inspection is much easier to anticipate and prepare for, than

the initial inspection, it is possible that restaurants only maintain a good hygiene condition
when they are waiting for the re-inspection, but revert to poor hygiene conditions once they
receive A cards. Table 5 presents the hygiene inspection records of one typical restaurant.
We can clearly see that the restaurant hygiene score jumps back and forth, depending on
the inspection type. It shows that every time the restaurant receives an initial inspection,
it receives a B or C level score, but after about 30 days, it receives an A. Since keeping a
good hygiene condition is costly, and subsequent initial inspections are at least 100 days
later, once restaurants receive an A, they can enjoy the reputation benefits for the rest of
the inspection cycle. This leads to a moral hazard situation; once a restaurant’s reputation
is assured by the A grade, it has no incentive to maintain a good hygiene condition if
consumers are not able to observe it. In the next subsection, I check the number of
restaurants which follow this cheating behavior.

6.1

Restaurant Hygiene Score Check
In order to check how many restaurants are following this pattern, I create a cheating

ratio; the cheating ratio for each restaurant is its number of A letter grades earned only
in the re-inspection over the total number of A’s. For example, the cheating ratio of the
restaurant in Table 5 is 100%. This restaurant has only 6 observations; however, all of the
observations are pairs of initial inspection and re-inspection, and all of the re-inspection
results are A grades. I also calculate the percentage of A’s in each restaurant (total number
of A’s / total number of inspections). Note that if the cheating ratio is zero, it does not
mean that the restaurant earns all its A grades in initial inspections, but simply means it
16

never earns A’s in re-inspections.17
Figure 4 displays the histograms of these two numbers (percentage of A’s and cheating
ratio). The white bars represent the cheating ratio, while the green bars represent the percentage of A’s. It shows that about 20% of restaurants earn half of their A’s in re-inspections
(cheating ratio=0.5), while 8% of restaurants earn all of their A’s in re-inspections (cheating
ratio=1). For these restaurants with the cheating ratio of 1, their A cards are all earned from
re-inspections right after their initial, poor inspections. None of them earn an A directly
in the initial inspections. The green bars show that about 12% of restaurants earn A’s in
half of their inspections, while there are a number of restaurants which earn very few A’s
through their inspections (percentage of A’s is less than 0.2).
It is fairly reasonable to suspect that when consumers observe A cards, it is really just
an indicator that the restaurant maintained A-level hygiene quality for the 30 days between
the initial inspection and the re-inspection. Once restaurants receive an A card, there are
no incentives for them to maintain the same level of hygiene quality. This is why we see so
many restaurants jumping back and forth between poor scores and very good scores. The
intention of giving restaurants a second chance to improve their hygiene is clearly being
taken advantage of by most of the restaurants.
In the following subsection, I present a model to test whether this cheating behavior
differs across different regions.

6.2

Regional Difference Model
I simplify the model of Jin and Leslie (2009) to test whether there are regional differ-

ences in hygiene scores due to consumer learning or other unobservable regional factors.
I define information Iij as a measure of information learning ability that consumers have
for restaurant i’s hygiene in region j. It is a function of the degree of consumers’ repeated
visits r for restaurants in region j, (rj ). I assume that restaurants in region j face the same
17
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consumer learning ability so that Iij = I(rj ).
A restaurant’s hygiene decision is based on its marginal revenue of hygiene, M R(Si , I(rj ), kj )
and the marginal cost of hygiene, M C(Si , kj ). Si is the hygiene score, while kj captures
all other regional unobservable factors that might affect restaurant hygiene. In the prepolicy period when restaurant hygiene information is not available to consumers, consumer
learning may only have a small impact on restaurant hygiene so that it is expected to be the
same across regions. However, when hygiene inspection grades are posted on restaurant
windows, consumer learning could make a difference across regions.
The function form for restaurant hygiene score Sij∗ is as follows:
Sij∗ (P olicy = 0&Reinspect = 0) = a1 rj00 + a2 kj ⇒ Initial Inspection in Pre-Policy Period
Sij∗ (P olicy = 0&Reinspect = 1) = a1 rj01 + a2 kj ⇒ Re-inspection in Pre-Policy Period
Sij∗ (P olicy = 1&Reinspect = 0) = a1 rj10 + a2 kj ⇒ Initial Inspection in Post-Policy Period
Define αj = a1 rj01 − a1 rj00 , i.e., the difference between re-inspections and initial
inspections within region j, and βj = a1 rj10 − a1 rj00 as the difference between pre-policy
and post-policy periods in the initial inspections within region j. Note one important
assumption here is that letter grades affect consumer learning across regions but do not
change other regional factors kj . r and k are not directly observable, but in the empirical
analysis, a1 rj + a2 kj is the regional fixed effect in region j. If there is no difference in consumer learning across regions and the re-inspection does not update consumer information
in the pre-policy period, then for all regions j, αj = α. Therefore, a1 rj01 − a1 rj00 should
be constant across all regions (a1 r01 − a1 r00 ). On the other hand, if there is a difference
in the degree of consumer learning across regions in the post-policy period, then βj 6= β.
Therefore, the empirical exercise is to test whether αj and βj are constant across regions.
Table 6 presents the results across two regional definitions: 5-digit ZIP code areas
and PUMAs.18 There are 208 ZIP code areas and 55 PUMAs in the sample. The null
hypothesis for the first row is that αj = constant. αj is the estimated coefficient of each
18

PUMA (Public Use Microdata Area) is a geographic definition defined by US Census Bureau.
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region j interacted with Reinspect in the pre-policy period. Both ZIP code level and
PUMA level tests do not reject the null hypothesis. The second row displays the regional
fixed effect tests in the initial inspections between pre-policy and post-policy periods. βj
is the estimated coefficient of each region j interacted with P olicy in initial inspections.
Both geographic definitions reject the null hypothesis with 99 percent confidence. The tests
confirm that the letter grades reduce the hygiene asymmetric information so that the once
unnoticeable regional difference before the policy becomes conspicuous after the policy.
In summary, after the policy, it is re-inspection, not the initial inspection, that incentivizes restaurants to earn the hygiene reputation by getting a better grade. The tests
indicate that there are regional differences in reputation incentives. In the following section,
I examine whether the hygiene reputation differences as proxied by hygiene scores exist
between different types of restaurants–chain and non-chain.

7

Chain Reputation Effect

7.1

Empirical Strategy
In this section, I present different models to estimate hygiene score differences be-

tween chain and non-chain restaurants in different policy periods.
7.1.1

Chain Effect Model

Before the inspection information became publicly available, franchised restaurants
tended to have worse inspection outcomes than those directly owned by the company (Jin
and Phillip (2009)). Accordingly, I check whether chain restaurants have better hygiene
than non-chain restaurants.19 I create a binary variable, Chain, equal to 1 if a restaurant
belongs to a chain. Correspondingly, the variable Chainnum is the total number of
19

In the dataset, I only observe the name of the chain but cannot distinguish whether a chain restaurant is a
franchised unit or directly-owned by the company.
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restaurants that belong to the same chain in New York City. The model is:
Scoreijt = α + β1 P olicyit + β2 Reinspectit + β3 P olicy ∗ Reinspectit + β4 Chainijt
+ β5 P olicy ∗ Chainijt + β6 Reinspect ∗ Chainijt + β7 P olicy ∗ Reinspect ∗ Chainijt
+ β8 Chainnumijt + β9 P olicy ∗ Chainnumijt + Seasonalityit + ci + uj + νit
(2)
where the binary variable Chain distinguishes chain and non-chain restaurants. Restaurants that belong to the same chain usually share the same level of reputation. If one
restaurant got involved in a food poisoning scandal, other restaurants in the chain will
suffer. Thus, the number of restaurant units in each chain, Chainnum, captures chain
externality effect. Since a lower hygiene score represents better hygiene, I expect the
estimated coefficient of Chain to be negative and its corresponding coefficient estimate of
Chainnum to be negative if chain restaurants have better hygiene than non-chain restaurants because chain affiliated restaurants share the reputation as a whole and reputation is
positively associated with number of establishments (Jin and Phillip (2009)). The model
also includes the binary variables P olicy and Reinspect, and seasonal control.
ci is the time invariant restaurant fixed effect; uj is the unobservable time invariant
chain fixed effect. Standard errors are estimated by clustering restaurants at the chain level.
νit is the error term.
Note that the chain restaurant variable, Chain, is time invariant which will be dropped
in the fixed effects estimation. Therefore, I use random effects to estimate the effect of
chain. One problem in using random effects is that the unobserved restaurant fixed effects ci
may be correlated with Chain. To solve this problem, I use another model in the following
subsection.
7.1.2

Robustness Check on Chain Effect

To estimate the overall chain effect, I create a binary variable for each chain. There
are 91 chains in the sample; therefore, I have 91 chain dummies, representing each chain
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in the model. The model is as follows:
Scoreit = α + β1 P olicyit + β2 Reinspectit + β3 P olicy ∗ Reinspectit
+ βcn1 kcn1 + βcn2 kcn2 ... + βcn91 kcn91 + β5 P olicy ∗ (kcn1 + kcn2 ... + kcn91 )
+ β6 Reinspect ∗ (kcn1 + kcn2 ... + kcn91 ) + β7 P olicy ∗ Reinspect ∗ (kcn1 + kcn2 ... + kcn91 )
+ Seasonalityit + ci + νit
(3)
kcni is the binary variable, equal to 1 if this restaurant belongs to chain i. The expected
overall chain effect is approximated by:
ω = w1 βcn1 + w2 βcn2 ... + w91 βcn91

(4)

where wi is the weight for chain i. The weight wi is the ratio of the total number of
restaurants in chain i, ni , to the total number of all chain restaurants in New York City,
91
X
wi = (ni )/(
ni )
i=1

All the other variables are the same in equation (2), where P olicy, and Reinspect are
binary variables and Seasonality is the seasonality control. Standard errors are clustered
at the individual restaurant level. The estimates are expected not to differ significantly from
the estimated coefficients in equation (3).
7.1.3

Ordered Logit Model

The grade card policy offers another opportunity to examine this inspection regime
by using the ordered logit model. I follow the method proposed by Donald Hedeker and
Robert D. Gibbons (1994) which uses Gauss-Hermite quadrature to numerically integrate
over the distribution of random effects. The model is as follows:
yit∗ = Xit β + vi + it
21

(5)




1(A) if yit∗ ≤ 13



yit =
2(B) if 13 < yit∗ ≤ 27




 3(C) if y ∗ ≥ 28
it
yit is the categorical variable, equal to 1, 2, or 3, representing the A, B, or C grade
respectively; yit∗ is the real hygiene score; X are other explanatory variables, including the
same binary variables in the previous chain effect model: P olicy, Reinspect, and Chain
and seasonality controls. Note that even though letter grades did not exist in the pre-policy
period, I assign letter grades corresponding to inspection scores for comparability across
time periods.
I expect the results to be consistent with equation (3), where if chain restaurants have
better hygiene, then the likelihood of earning an A grade is higher for chain restaurants.
Moreover, if Reinspect is significantly negative, then it means more restaurants are likely
to get an A grade in the re-inspection, rather than in the initial inspection.

7.2

Chain Reputation: Results and Discussion
In this section, I discussion the empirical results of the chain effect from the previous

models.
7.2.1

Chain Effect Model

Table 7 presents the regression results from separating chain restaurants from nonchain restaurants. Recall that Chain is a binary variable and Chainnum is its corresponding variable that equals the total number of restaurants that belong to the same chain.
The results in column (1) show that chain restaurants have better hygiene than non-chain
restaurants by 5 points in the initial inspection before the letter grade policy. The number
of restaurants that belong to the same chain also has an impact on restaurant hygiene.
The estimated coefficient is about -0.01, which means if one chain increases its franchised
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stores by 100, then on average, the hygiene score in its related restaurants will improve
by 1 point. Note in the re-inspection after the letter grade policy, chain restaurants still
earn a better hygiene score than non-chain restaurants, but the score difference is narrowed
to approximately 2 points. It is likely that the reduction in the asymmetric information
narrows the gap between the restaurants that was previously due to greater consumer
knowledge of chain reputation.
Column (2) displays the full list of variables with additional interaction terms. However, the F-test results show that these interaction terms are not jointly significant. The
F-test results are displayed in Table 8.
7.2.2

Robustness Check on Chain Effect

Table 9 presents the weighted sum of coefficients of chain dummies following equation (4). The estimated chain effect in the initial inspection before the new policy
is -6.33, with a standard error of 0.19 and is significant at the 1% level. This result is
consistent with (but slightly higher than) the random effects estimate of Chain in equation
(2). It also shows that in the re-inspection after the letter grade policy, the hygiene score
difference is narrowed between chain restaurants and non-chain restaurants by about 3
points. Nevertheless, these results confirm that chain restaurants on average have better
hygiene conditions than non-chain restaurants before the policy; however, the hygiene
difference between chain and non-chain is smaller in the re-inspection after the policy.
This is because displaying letter grades equalizes the consumers’ knowledge of restaurant
hygiene reputation between chain and non-chain restaurants after the policy. We, therefore,
observe only a small hygiene score difference between them.

7.2.3

Ordered Logit Model

Table 10 presents the regression results from the ordered logit model. It shows estimates consistent with the chain effect model. Table 11 presents the estimated percentage
23

of each grade based on the ordered logit regression results.20 In the pre-policy period, 40%
of restaurants are predicted to receive an A grade after the initial inspection, while 49% are
predicted to receive an A after re-inspection. In the post-policy period, 47% of restaurants
are predicted to receive an A after the initial inspection, but almost 76% are predicted
to receive an A after re-inspection. The improvement is about 30%, significantly higher
than in the pre-policy period. Moreover, if we just compare the initial inspection results
between the two periods, we can see the policy does not improve the percentage of those
predicted to receive an A. This is consistent with the baseline model results that shows that
the policy has an effect on how restaurants perform during the re-inspection but not on their
performance during the initial inspection. Table 12 breaks up the estimated results by types
of restaurant. It shows that chain restaurants have a higher probability of receiving an A
grade. Specifically, 62% of chain restaurants are predicted to receive an A in the initial
inspection before the policy, while that number is only 38% for non-chain restaurants.
Further, before the policy, hygiene inspection scores are not greatly improved after reinspection for both chain restaurants and non-chain restaurants, which only improve by
about 5%, and 10%, respectively. In the post-policy period, however, the situation is very
different. Although the percentages in the initial inspection are still very close to those in
the pre-policy period (68% of chain and 48% of non-chain restaurants predicted to receive
an A) the re-inspection results show a large improvement. 87% of chain restaurants are
predicted to receive an A after re-inspection, improving by about 20%, while 75% of nonchain restaurants are predicted to receive an A, improving by 30%.
These results are consistent with results from the chain effect model. After the policy,
although chain restaurants still have a slight edge in hygiene quality score, the gap between
chain restaurants and non-chain restaurants is narrowed significantly. The hygiene quality
improvement only occurs when the restaurants are inspected in the re-inspection, not the
initial inspection.
20

In this table, I average the value of Chain variable. I separate chain and non-chain effect in Table 12.
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8

Conclusion
The intention of the Department of Health in New York City in launching this new

mandatory grade card policy was presumably to improve hygiene and transparency in city
restaurants. Thus, by helping consumers observe restaurant hygiene quality, a characteristic
which cannot otherwise be easily observed, they hoped to incentivize restaurants to maintain high standards of hygiene. However, as I have shown in this paper, the re-inspection
policy offers restaurants an opportunity to rationally exploit the inspection regime. The
data shows that what consumers observe most frequently is the result of the re-inspection,
for which restaurants only need to maintain good hygiene standards for approximately one
month. Moreover, the letter grade policy gives restaurants an opportunity to take advantage
of an A grade reputation, which is frequently no longer representative of their current
hygiene quality. This situation is analogous to the moral hazard problem. Once restaurants
display the A grade on their windows, there are no incentives for them to maintain good
hygiene conditions.
The paper also confirms the chain reputation effect in maintaining good hygiene conditions. The chain reputation effect decreased as a result of the new policy since the letter
grades reduced the hygiene asymmetric information; however, this reduction occurred only
after re-inspection.
In summary, this new policy does not help improve restaurant hygiene; instead, it
merely gives restaurants a cheap and easy way to increase their hygiene reputation. If the
department can discard the re-inspection opportunity, increase the frequency of inspection,
and update the letter grades accordingly, then the hygiene grade posted on the window of
a restaurant would better reflect genuine hygiene conditions and consumers would correspondingly benefit from this information disclosure policy.
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9

Figures
Figure 1: Inspection Process

Note: This figure shows the inspection process of this new letter grade policy. If a restaurant receives a hygiene score lower or equal to
13 in the initial inspection, it will get an A card. If the restaurant receives a hygiene score higher than 13 in the initial inspection, then
it will not get any grade card at the moment, instead, it will another chance–a re-inspection. No matter how many points this restaurant
receives in the re-inspection, it will get a grade card accordingly. However, if this restaurant doesn’t agree with the re-inspection result,
it can choose to post a grade pending card and has an opportunity to be heard at the office of Administrative Trials and Hearings Health
Tribunal
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Figure 2: Hygiene Score Distributions

(a) Initial Inspection Score Distribution Before Policy (b) Re-inspection Score Distribution Before Policy

(c) Initial Inspection Score Distribution After Policy

(d) Re-inspection Score Distribution After Policy

Note: This panel of figures shows the distributions of hygiene inspection score before and after the new policy. The dotted lines in panel
(a) and panel (b) indicate the threshold score of 28 that trigger a re-inspection before the policy. The dotted lines in panel (c) and panel
(d) indicate the threshold scores of 13 (13 or lower is A ) and 27 (27 or lower is B) after the policy, respectively.
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Figure 3: Consumer Complaints in New York City

Note: The figure shows the adjusted distribution of total customer complaints in each month from Jan. 2010 to Aug. 2015. It is the ratio
of the total consumer complaints over the number of restaurants in New York City every month. The first dotted line indicates the day
when the new policy is launched. Other dotted lines separate different years.
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Figure 4: Histogram of Cheating Ratio

Note: The figure shows the histograms of percentage of A’s (# of A’s / # of inspections) and the cheating ratio ( # of A’s earned only in
the re-inspection / # of A’s). Green bar represents the percentage of A’s and white bar represents the cheating ratio. If cheating ratio is
equal to one, it implies that restaurant earns all its A grades in re-inspections.
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Tables
Table 1: Statistics of Inspection Scores Before & After Policy

Pre-Policy
Post-Policy

Mean

Std. Dev.

Observations

Difference

t

19.15
16.54

15.68
11.82

94425
142054

2.60

45.96∗∗∗

Notes: This table shows the basic statistics of hygiene inspection score before and after the new letter grade
policy. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2: Inspection Scores Summary by Inspection Category
Initial Inspection

Pre-Policy
Post-Policy

Mean

Std. Dev.

Observations

Difference

t

19.64
18.32

15.78
12.54

65478
84851

1.32

18.06∗∗∗

Re-inspection

Pre-Policy
Post-Policy

Mean

Std. Dev.

Observations

Difference

t

18.47
14.05

15.97
9.86

19039
51690

4.42

44.15∗∗∗

Notes: This table shows the basic statistics of hygiene inspection score by different inspection category before
and after the new letter grade policy. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3: Hygiene Score Regression On Policy and Re-inspection
(1)
-1.609∗
(0.887)
Reinspect
-5.430∗∗∗
(0.108)
Policy×Reinspect
-0.905∗∗∗
(0.128)
Temperature
0.012
(0.013)
TempSquare/(100)
0.030∗∗
(0.012)
Restaurants Fixed Effects
YES
Policy

Observations
R2

220754
0.03

(2)
-3.780∗∗∗
(0.833)
-2.096∗∗∗
(0.147)
-2.671∗∗∗
(0.148)
0.004
(0.013)
0.040∗∗∗
(0.012)
NO
220754
0.03

Notes: Dependent variable is hygiene inspection score. P olicy and
Reinspect are both binary variables. Variable T emperature is the average
temperature of the day when the inspection was inspected, using Fahrenheit
(◦ F) unit. T empSquare is the square form of temperature. Column (1) uses
fixed effects. Column (2) uses random effects with standard errors clustered
at chain level. Year and seasonality effect is controlled in both regressions.
Standard errors are in parenthesis. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 4: Consumer Complaints

Consumer Complaints
# of Restaurants

2010

2011

2012

2013

2014

2015

2471
10737

2502
13078

2739
15819

3118
18488

3122 3438
19882
.

Notes: This table shows the number of consumer complaints from 2010 to 2015 and the number of restaurants in
the sample from 2010 to 2014. The number of restaurants in 2015 is missing.

Table 5: Hygiene Score History from One Restaurant
ID

Inspection Date

Score

Interval Days†

40280083
40280083
40280083
40280083
40280083
40280083

2011/3/8
2011/4/12
2011/8/25
2011/9/19
2012/1/4
2012/1/20

41
11
46
10
22
11

.
35
135
25
107
16

Notes: This table shows the hygiene inspection score records of one restaurant
† Interval days are the days between inspections.
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PUMA Level

0.36

63.0

0.16

332

0.00

88.7

0.00

F Statistic P rob > chi2 F Statistics P rob > chi2

202.4

F Statistic P rob > chi2 F Statistics P rob > chi2

ZIP Code Level

Notes: This table presents the F-tests on the regional fixed effects in two different regional definitions: 5-digit ZIP code level areas and PUMA (Public
Use Microdata Area) level areas. There are 208 ZIP code areas and 55 PUMAs in the sample. The null hypothesis for the first row is that αj = constant.
αj is the regional fixed effect difference within the same region j between initial inspections and re-inspections in the pre-policy period. The F test does
not have strong evidence to reject the null hypothesis in both ZIP code level areas and PUMA areas. The null hypothesis for the second row is that βj =
constant. βj is the regional fixed effect difference in the initial inspection between pre-policy and post-policy period in region j. The F-test rejects the
null hypothesis with 99 percent confidence in both ZIP code level areas and PUMA level areas.

βj = constant

Initial Inspection: Before Policy VS. After Policy

αj = constant

Before Policy: Initial VS. Re-inspection

Regional Fixed Effect

Table 6: F-Tests on Regional Fixed Effects

Table 7: Chain Effect on Hygiene Score

Policy
Reinspect
Policy×Reinspect
Chain
Policy×Chain
Reinspect×Chain
Policy×Reinspect×Chain
Chainnum

(1)

(2)

-3.291∗∗∗
(0.762)
-2.281∗∗∗
(0.132)
-2.811∗∗∗
(0.147)
-4.964∗∗∗
(0.563)
1.175∗∗∗
(0.373)
1.152∗∗∗
(0.385)
0.921∗
(0.476)
-0.009∗∗∗
(0.003)

-3.293∗∗∗
(0.762)
-2.280∗∗∗
(0.132)
-2.812∗∗∗
(0.147)
-4.667∗∗∗
(0.624)
0.889∗
(0.517)
0.836
(0.539)
0.916
(0.646)
-0.011∗∗∗
(0.003)
0.002
(0.002)
0.002
(0.002)
0.000
(0.003)

220912
0.05

220912
0.05

Policy×Chainnum
Reinspect×Chainnum
Policy×Reinspect×Chainnum
Observation
R2

Notes: Dependent variable is hygiene inspection score. P olicy, Reinspect, and
Chain are all binary variables. Chainnum is the number of restaurant that
belong to the same chain. Both regressions use random effects with standard
errors clustered at chain levels. Year and seasonality effect is controlled in both
regressions. Standard errors are in parenthesis. Column (1) presents results with
fewer variables while column (2) displays a full set of variables. An overall
significance F-test is conducted and confirms the results in column (1) are valid.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 8: F-Test on the Number of Chain Establishments
Joint Hypothesis
Policy×Chainnum=0
Reinspect×Chainnum=0
Policy×Reinspect×Chainnum=0

F Statistic

P rob > chi2

4.12

0.249

Notes: This F-test is based on the estimated results of equation (2) from Table 7. P olicy
and Reinspect are binary variables separating policy periods and inspection types,
respectively. Chainnum is the number of restaurants that belong to the same chain. The
results show that we cannot reject the null hypothesis that these interaction terms are not
jointly significant.

Table 9: Chain Effect on Hygiene Score
Overall Chain Effect

w1 βcn1 + w2 βcn2 ... + w91 βcn91
-6.33∗∗∗
(0.193)
-5.49∗∗∗
(0.116)
-5.84∗∗∗
(0.376)
-3.65∗∗∗
(0.131)

Initial Inspection before Policy
Initial Inspection after Policy
Re-inspection before Policy
Re-inspection after Policy

Notes: This table presents the weighted sum of chain effect. The first row shows the weighted
chain effect in initial inspection before the policy. The second row displays the weighted chain
effect in initial inspection after the policy. The third and fourth row presents the re-inspection
before and after the policy, respectively. All of these coefficients are statistically significant at 1%
level. Standard errors are in parenthesis.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 10: Orderd Logit in Panel Model Regression
(1)
-0.413∗∗∗
(0.153)
Reinspect
-0.409∗∗∗
(0.017)
Policy×Reinspect
-0.964∗∗∗
(0.021)
Chain
-0.977∗∗∗
(0.099)
Policy×Chain
-0.005
(0.075)
Reinspect×Chain
0.158∗∗∗
(0.052)
Policy×Reinspect×Chian
0.026
(0.096)

Policy

Observations

220898

Notes: Dependent variable is categorical, with value 0,
1, and 2 representing A, B, and C grade. P olicy and
Reinspect are both binary variables. The regression uses
random ordered logit with standard errors clustered at the
chain level. Year and seasonality effect is controlled.
Standard errors are in parenthesis.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 11: Ordered Logit Probability Results Overall
Initial Inspection

Re-inspection

After Policy

Before Policy

After Policy

Before Policy

Pr(y=A)=46.6%
Pr(y=B)=38.6%
Pr(y=C)=14.8%

Pr(y=A)=40.4%
Pr(y=B)=41.7%
Pr(y=C)=17.9%

Pr(y=A)=75.9%
Pr(y=B)=19.7%
Pr(y=C)=4.4%

Pr(y=A)=48.8%
Pr(y=B)=37.9%
Pr(y=C)=13.3%

Notes: This table shows the predicted probability by averaging the chain binary variable for each grade category
based on the estimation results from the random ordered logit model in Table 10.
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Re-inspection

Initial Inspection

Non-chain Restaurants
Re-inspection

Notes: This table shows the predicted probability for each grade category by restaurant types based on the estimation results from the random ordered logit model in Table 10.

Before Policy
After Policy
Before Policy
After Policy
Before Policy
After Policy
Before Policy
After Policy
Pr(y=A)=62.4% Pr(y=A)=66.8% Pr(y=A)=67.5% Pr(y=A)=86.5% Pr(y=A)=38.3% Pr(y=A)=47.7% Pr(y=A)=43.7% Pr(y=A)=74.8%
Pr(y=B)=29.6% Pr(y=B)=26.4% Pr(y=B)=26.0% Pr(y=B)=11.3% Pr(y=B)=42.8% Pr(y=B)=38.6% Pr(y=B)=40.3% Pr(y=B)=20.5%
Pr(y=C)=8.0% Pr(y=C)=6.8% Pr(y=C)=6.5% Pr(y=C)=2.2% Pr(y=C)=18.9% Pr(y=C)=13.7% Pr(y=C)=16.0% Pr(y=C)=4.7%

Initial Inspection

Chain Restaurants

Table 12: Ordered Logit Probability Breakdown

