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ABSTRACT 

 

 Past research has determined using simple summary statistics that non-American, or 

“ethnic” restaurants score lower on their food safety inspections, even though they are not 

inspected significantly more often. Using a variety of regression techniques, I find ethnicity is 

endogenous with a number of other explanatory factors, most notably restaurant wealth, where 

non-American restaurants tend to have lower prices, rendering them less able to comply with 

food safety codes. Past literature has also hypothesized that inspectors are biased against ethnic 

restaurants, due to lack of understanding with different cultures’ cuisines. On the contrary, I find 

evidence that inspectors are benevolent to restaurants of all types, in that they are more likely to 

move restaurants on the cusp of a higher or lower inspection grade, into the higher category. 
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Introduction 

 

In January of 2016, Nate Silver’s FiveThirtyEight blog ran an article titled “How MSG Got a 

Bad Rap: Flawed Science and Xenophobia” (Barry-Jester 2016). In it, the author details how 

Chinese restaurants came under scrutiny from the general public and culinary and food science 

establishments, because of fears ascribed to monosodium glutamate (MSG). Diners and some 

critics became convinced the compound—which was never found to be unsafe by the Food and 

Drug Administration—was the cause of bizarre symptoms such as elevated heart rates and 

tingling limbs. This phenomenon was colloquially labeled, “Chinese Restaurant Syndrome.” 

Science eventually vindicated these restaurants, but the harm done by the public’s 

misunderstanding has persisted, with Chinese restaurants continuing to advertise themselves as 

“MSG Free”. This episode begs the question, “is it possible public policy might similarly 

misunderstand other cultures’ cuisines?” 

 

What if health inspectors, like those food writers of the mid 20th century, fail to understand the 

food preparation methods of other cultures and ethnicities? So-called “ethnic” restaurants might 

score lower on food safety inspections than restaurants with cuisines more familiar to the 

inspectors. Or what if the state or municipal health codes were written with American cuisines in 

mind and are too rigid to accommodate foreign but perfectly safe cuisines? 

 

That would lead the policy to produce biased and unnecessarily punitive outcomes, and could be 

particularly harmful to well-meaning restaurateurs. The penalties imposed on these ethnic 

restaurants can carry heavy fines and would likely fall disproportionately on immigrants, with 

the U.S. Small Business Administration estimating 38% of restaurants in the U.S. are owned by 

immigrants. 

 

This is a broad topic however, and data does not currently exist to explore it nationally, as food 

safety codes vary from state to state, and at times by cities within states. As a result, I restrict my 

inquest to the city of San Francisco, California, as it has a wide array of restaurant types, and an 

excellent open data initiative. 

 

Research Question 

 

Are restaurant health inspection scores in San Francisco associated with restaurant ethnicity? 

 

Review of the Literature 

 

My survey of the literature revealed other researchers and popular media are interested in this 

topic. Because the number of restaurants in the United States has risen over time, as has the 

number of restaurant-centered foodborne disease outbreaks, government’s efficacy in preventing 

restaurant caused illness is a salient topic to both the academic community, and the public at 

large. The literature consistently agrees that foodborne disease outbreaks have risen over time, 

and restaurants are a key outbreak source. However, the number of illness cases per outbreak has 

shown an unsteady trend and is difficult to comment on. Furthermore, the literature agrees 
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restaurants classified as “ethnic” receive more health code violations from inspectors, and score 

lower on average, with Asian and Mexican food restaurants averaging some of the lowest scores. 

Additionally, the number of outbreaks stemming from these ethnic restaurants has risen over 

time. 

 

One consistent shortcoming of the literature is that none of these studies utilize statistical 

regression or controls in assessing the health scores of ethnic restaurants. Many of them simply 

compute cross tabulations of their data and examine the confidence intervals around the means to 

affirm that different restaurant ethnicity types have statistically different mean health scores from 

one another, or incur significantly more violations. As such, past authors have concluded ethnic 

restaurants are associated with more violations and lower inspection scores. However, these 

conclusions could suffer from omitted variable bias. Fast food restaurants also tend to score 

lower as well, perhaps the better explanatory variable is one of restaurant income rather than 

ethnicity? 

 

My research is novel because I intend to insert additional statistical controls to determine if 

lower health scores are actually associated with ethnicity, or with other explanatory factors. 

 

The Topic in Popular Media 

 

The relationship between ethnic restaurants and health inspections started receiving attention 

from popular media as early as the 1980s when California, motivated by Los Angeles, modified 

its health code to create an exception for Peking Duck, or other Chinese-style duck dishes (Baer 

2015). After restaurants were repeatedly cited for refusing to store ducks at temperatures above 

135 degrees Fahrenheit for fear of ruining the product, lawmakers appealed to food science 

researchers who determined the storage methods did not incubate harmful bacteria, and the ducks 

were safe to eat so long as they were not left out for more than a set number of hours. This 

controversy over the same dish occurred later in Philadelphia (Wiegand 1993) and New York 

City (Chao 2014). 

 

The episode in New York City was also part of a larger controversy over the city’s mandate that 

restaurants publicly display their health inspection letter grades. Some restaurateurs expressed 

frustration that they did not understand the health codes (Chao 2014) and inspectors did not 

understand the restaurants’ methods of preparing food (Grynbaum and Taylor 2012). Owners 

and chefs, specifically of ethnic restaurants, expressed frustration that inspectors did not 

understand their methods, such as sushi chefs not wearing gloves while handling raw fish, or 

utilizing foods such as kimchi (spoiled cabbage), and techniques such as sous vide (cooking food 

by gradually heating via convection in a warm water bath). Huffington Post conducted an 

unscientific cross tabulation of New York City’s restaurants based on available inspection data, 

and found that average scores varied by ethnicity type, with Pakistani and Bangladeshi 

restaurants scoring the lowest (Satran 2013). 

 

Policies affecting restaurants can have widespread impacts on the economy. Some 58% of 

Americans surveyed stated they dine at a restaurant at least once a week (Rasumssen 2013), and 
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in 2016 restaurant sales totaled $782.7 billion (National Restaurant Association). Furthermore, 

with many immigrant communities’ livelihoods dependent on the industry, it’s no wonder there 

is broad interest in the topic. 

 

More specifically, “Hispanic and Asian populations are the two largest groups likely to be 

involved in the restaurant business. Economic census data of 2002 show that minority-owned 

businesses accounted for 10.2% of accommodation and food service businesses, representing 

11% of total sales in this sector. Specifically, Asian and Hispanic business owners, the two 

largest minority ethnic groups, comprise 85.3% of total minority business owners and create 

88.0% of total sales generated by minority businesses in this sector” (Kwon, et al. 2010). 

 

Additionally, The Center for Disease Control and Prevention (CDC) estimated that foodborne 

illnesses cause approximately 76 million illnesses, 325,000 hospitalizations, and approximately 

5,000 deaths each year in the U.S. (19)” (Kwon et al 2010). 

 

Restaurants and Foodborne Diseases Generally 

 

According to data from the Center for Disease Control, 46% of the American food budget went 

to restaurants, 44% of American adults ate at a restaurant on an average day, and 40% of the 550 

foodborne disease outbreaks were attributed to restaurants between 1993 and 1997. Foodborne 

disease outbreaks have been defined as instances resulting in two or more cases of disease from 

contact with the same food (Jones, et al 2004). These disease outbreaks vary based on the 

severity of sickness they cause, and the number of cases per outbreak. The CDC also estimated 

that foodborne illnesses cause approximately 76 million illnesses, 325,000 hospitalizations, and 

approximately 5,000 deaths each year in the U.S (U.S. Census Bureau 2005). 

 

More recently the CDC has attempted to price these illnesses and estimated 47.8 million 

Americans (roughly 1 in 6 people) are sickened by foodborne disease every year. Of that total, 

nearly 128,000 people are hospitalized, while just over 3,000 die of foodborne diseases (CDC 

2013). The economic burden of health losses resulting from foodborne illness are staggering— 

$78 billion annually in the U.S. alone (Scharff 2012, Excerpted from Sadilek, et al 2013). 

 

Therefore, the literature agrees: foodborne disease outbreaks should be taken seriously, 

particularly in the restaurant food sector. 
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Figure 1: San Francisco Foodborne Outbreaks by Year 

 

In San Francisco, the number of foodborne outbreaks fluctuates from year to year, but overall 

has shown a declining trend since 2006. The San Francisco Department of Public Health only 

began reporting the suspected origin of a foodborne outbreak in 2011, and thus restricts the 

analysis to display limited restaurant data in Figure 1. However, we see restaurant-originating 

outbreaks comprise a significant portion of all foodborne outbreaks within the city, though the 

number of years of observation is unfortunately too limited for us to discuss any discernible 

trends. 

 

The Impact of Restaurant Health Inspection Scores 

 

The literature regarding the efficacy of using restaurant health inspection scores to prevent these 

disease outbreaks is more mixed. For example, a study analyzing restaurant data in Tennessee 

estimated that restaurants associated with the 49 disease outbreaks in sample had scores not 

statistically different from the mean of all inspection scores in sample (Jones, et al 2004). 

Furthermore, a substantial number of restaurants with critical violations had scores above 90, 

placing them in the A range, while other restaurants with no critical violations had scores below 

80, placing them in the C range. 

 

Concurring with these results, an analysis of restaurants in Miami-Dade County, Florida, 

utilizing regression techniques, found the factors health inspectors screened restaurants for, were 

not significantly correlated with those restaurants being associated with a disease outbreak (Cruz, 

Katz, Suarez 2001). 

 

In contrast, a similar analysis in Seattle-King County, Washington, found the opposite result, that 

restaurants with health inspection violations are more likely to cause foodborne disease 

outbreaks (Irwin et al 1989). These two studies effectively represent the division in the literature 
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as to whether restaurant health inspections and state and municipal food codes effectively 

diagnose factors in restaurants likely to cause disease outbreaks. 

 

Research has also indicated that food safety reviews, both formal (conducted by inspectors) and 

informal (conducted by patrons) can have tangible outcomes for the reviewed restaurants. For 

example, Sadilek et al (2013) used a Twitter API to search for certain food sickness related 

words and constructed a predictive model, nEMESIS, to isolate restaurants likely to cause public 

health outbreaks. Furthermore, the CDC piloted a project in New York City in 2014, where they 

used Yelp restaurant reviews to similarly screen restaurants for public health risks, and 

accurately found three previously unreported restaurants (Harrison, et al 2014). 

 

Inspection scores, particularly publicly displayed letter grades reflecting those scores, also 

impact public perception of a restaurant and influence its revenue. A study of Los Angeles 

restaurants concluded that after a city ordinance required eateries to begin displaying their 

inspection letter grades, establishments with lower grades correlated with decreased revenues 

(Jin, Leslie 2003). 

 

Lastly, consumer perceptions of a restaurant’s safety and cleanliness impacts their willingness to 

eat there. Lee et al (2012) found, that reviews by friends and peers of a restaurant’s cleanliness , 

were their most widely used source to obtain restaurant health information. Consumers also 

prioritized authenticity and ingredient quality at ethnic restaurants, but food safety always 

influenced their selection of where to dine. 

 

Inspection Scores and Ethnic Restaurants 

 

A number of studies have examined the association between restaurants of different ethnicity 

types and health inspection scores, concluding that ethnic restaurants receive lower scores than 

non-ethnic restaurants. However, no part of the literature has so far included regression 

techniques or statistical controls in their analyses. 

 

Studies mentioned in other portions of this review also reached ancillary conclusions regarding 

ethnic restaurants, on average, receiving lower health inspection scores. For instance, Jones, et al 

2004, found mean inspection scores overall were 82.2, but noted “small variations in mean 

scores of restaurants serving specific types of cuisine, such as Thai (83.1), barbeque (82.9), pizza 

(82.3), Italian (81.0), Chinese (77.7), Mexican (77.4), Japanese (76.4), and Indian (74.8).” 

Similarly, the study in Seattle, King County by Irwin, et al, found that American restaurants are 

negatively associated with disease outbreaks and Chinese and Asian restaurants generally are 

positively associated. 

 

Other researchers specifically set out to determine if ethnic restaurants scored differently than 

non-ethnic restaurants. Kwon, et al (2010) examined 500 restaurants (250 ethnic, 250 non-

ethnic) in 14 counties throughout Kansas, and found that ethnic restaurants (Mexican, Asian, 

Italian) have greater rates of health code violations. However, some of the cross tabulated 

violations were not statistically different from one another across certain restaurant types (2010). 
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More broadly, Simmone, et al (2004) presented longitudinal evidence from CDC data that the 

total number of disease outbreaks from ethnic restaurants (here defined as Asian, Mexican, and 

Italian) rose over time, however there was not a clear pattern in terms of the number of cases per 

outbreak. Additionally, the total number of outbreaks caused by Mexican restaurants has 

increased over time, though the trend for Mexican restaurant-caused outbreaks as a percent of all 

food outbreaks in a given year is unclear (Franco, Simonne 2009). Further, the number of Asian 

restaurant-caused foodborne disease outbreaks and illness cases have risen over time, though 

their share of the total number of outbreaks has leveled off (Adrianna, Simmone, et al 2016). 

 

Lastly, some research has examined whether ethnic restaurants owned by immigrants are at a 

disadvantage during health inspections, due to the complexity of health codes. “Respondents 

with a longer length of U.S. residency and those with a greater number of congenial American 

friends tended to thaw frozen food at room temperature less frequently. One explanation might 

be a greater access to correct food safety information for those who were more acculturated. 

However, this study found that only 7.3 percent of the respondents had attended an education 

program on nutrition or food safety” (Lv, Karson, et al 2004). Additionally, this study’s sample 

was disproportionately female, well educated (58.7% had more than a college degree), married, 

and economically well off (67% with household incomes above $50,000 per year), and thus not 

likely representative of the general population. 

 

Some Scientific Basis for Concerns over Ethnic Restaurants 

 

Some food science research has been devoted to whether the dishes served at ethnic restaurants 

are more likely to carry foodborne diseases; I mention two here as examples. 

 

In the case of Mexican restaurants, Cevallos-Cevallos, et al (2012) found the manner in which 

refried beans are typically stored and allowed to cool in restaurants allows Clostridum 

perfringens--a harmful form of bacteria--to grow more quickly than if beans were stored instead 

in broad, shallower pans. 

 

Similarly, for Asian restaurants, a study by Lund (1990) reported that “fried rice prepared in 

Chinese restaurants was often steamed, allowed to "dry off", and then stored at room temperature 

overnight or even longer before being fried. This food handling practice allows for some strains 

of B. cereus to survive and grow (Gilbert and Parry 1977). Improper temperature control is 

another practice that can lead to foodborne illness due to B. cereus gastroenteritis growing in 

steamed or fried rice (Bryan, Bartleson, and Christopherson 1981). Brief frying or reheating the 

rice after temperature abuse will not sufficiently destroy the toxin of this bacteria” (Tsai 1999). 

(Excerpted from Lv, Carson 2004). 

 

My review of the literature indicates this topic is of interest to both the scientific community and 

the general public. Studies have shown foodborne disease associated with restaurants is a topic 

of consequence to public health and economics. Furthermore, ethnic food restaurants have been 

linked to higher rates of foodborne diseases by past literature, however these studies did not 
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include statistical controls and may suffer from omitted variable bias. Further still, food science 

research has indicated that dishes served in ethnic restaurants are associated with higher rates of 

harmful bacteria. My research will attempt to isolate whether a restaurant’s ethnicity type is a 

significant correlate with differing health inspection scores, or whether other factors may be at 

work. 

 

Below I introduce and explicate the conceptual model driving my empirical strategy. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Conceptual Model 

 

1. Opaque food codes: The literature has nothing to say on restaurant owners who are 
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speaker, still harder if English is not the restaurateur’s first language. If more ethnic 

restaurants are owned by non-native English speakers, it is possible they are more 

susceptible to food code violations because they do not understand what steps they need 

to take to comply. 

 

2. Food codes not well tailored to cuisines: The literature does suggest that certain dishes 

more likely to be served in ethnic restaurants—particularly Mexican and Asian—are 

prone to breeding harmful bacteria. Rice dishes and refried beans, when stored 

improperly, breed bacteria known to be associated with foodborne diseases. Therefore, it 

is possible ethnic restaurants actually serve food that more often runs afoul of the law. It 

is also possible the health codes are ill equipped to permit certain forms of preparation at 

ethnic food restaurants. For instance, California had to build in an exception for Chinese-

style roast duck because, even though the method of preparation was shown to be safe, 

the food code as written proscribed that method of preparation. Therefore, it is possible 

ethnic restaurants violate food codes more often because food codes are ill suited to allow 

for safe but misunderstood preparation methods. 

 

3. Food codes are expensive to comply with: The literature is silent here. To my knowledge, 

past studies have not attempted to discuss the average wealth of restaurants of different 

ethnicity types and if wealth disparities could impact a restaurant’s health inspection 

grade. This notion seems plausible for two reasons. First, compliance may be expensive 

and a restaurant with less capital may not be able to invest in training its employees as 

often. Second, restaurants with less capital may have to reside in older buildings with 

structural problems likely to violate the food safety code. 

 

4. Inspectors are prejudiced against ethnic restaurants: The literature has nothing to say on 

this point and there is no particular reason to suspect that restaurant health inspectors are 

prejudiced against ethnic restaurants. However it is at least possible, that inspector bias 

may drive higher or lower score results. 

 

Four Hypotheses 

 

The conceptual model contains a number of possible avenues for exploring the research question. 

Below I lay out four permutations of the model as distinct hypotheses for explaining why ethnic 

restaurants might receive lower health inspection scores. 

 

1. Food codes are opaque to English second language speakers who own restaurants and are 

less able to understand food code. Therefore those restaurant owners have difficulty 

complying with the health codes, yielding lower health inspection scores. 

 

2. Food codes are too rigid to accommodate certain cuisines’ methods of preparation, 

meaning restaurants serving those cuisines are more likely to violate the code, yielding 

lower health inspection scores for ethnic restaurants. 
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3. Ethnicity is actually endogenous with the wealth and status of a restaurant because those 

establishments have less money to spend on compliance. More ethnic restaurants tend to 

be cheaper places to eat so they incur more violations, yielding lower health inspection 

scores for ethnic restaurants. 

 

4. Food safety inspectors are prejudiced against ethnic restaurants and award violations 

more frequently, yielding lower health inspection scores for ethnic restaurants. 

 

Review of the Data 

 

My primary dataset comes from the City of San Francisco’s Open Data Project. The LIVES 

Standard Food Inspections database comes from the San Francisco Department of Public Health 

and contains records of all restaurant health inspections, violations and scores assigned during 

those inspections, and information on the location and ownership of the restaurant. The unit of 

observation is a violation assigned to the restaurant during an inspection, rather than the 

restaurant itself, meaning some restaurants appear multiple times in the dataset. This is not a 

problem however, as I can collapse the data into restaurants or control for the frequency a given 

restaurant appears at. The data contain two years’ worth of inspections: 2014 and 2015. The data 

are mostly complete, with some instances of non-random missing data. For instance, there are 

different reasons an inspector may visit a restaurant, other than to conduct a formal inspection. In 

these cases the score variable is marked as missing because no score was given. The initial 

sample size of the data was over 53,000 observations, but not all of those were carried through 

on subsequent merges. 

 

My second primary dataset, is data gleaned from Yelp’s application programming interface 

(API), which allows users to extract custom datasets from Yelp’s publicly available data. This 

data contains business name and location information, but most importantly contains restaurant 

category identifiers. The restaurant category variable on Yelp is a loose term, but frequently 

contains information on what kind of food the restaurant serves, often identified by ethnicity. By 

merging the two datasets together restaurant name, I am able to determine the ethnicity of much 

of my sample, without having to manually input those identifiers. One difference between the 

Yelp dataset, and the LIVES dataset, is the unit of observation for the Yelp data, is the individual 

restaurant. This means single observations are used to identify duplicate observations in the 

LIVES data. One problem merging the data by name, is merging by string variables allows for 

the potential of error, as strings have to be exactly the same for the merge to work. As a result, 

some data that should have been merged was left out, due to punctuation or abbreviation 

differences, and had to be input manually. 

 

To obtain economic information to be used as proxies for restaurant wealth or income, I appeal 

to an IRS dataset containing individual income tax statistics at the zip code level, from 2011. 

This dataset’s unit of observation is the zip code, and can be merged easily with the other two 

datasets which also contain restaurant zip code location data. The IRS dataset contains a number 

of measures of income, such as average adjusted gross income (AGI), overall taxes collected 
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from that zip code, and amount of funds from federal programs allocated to those zip codes—

such as, to what degree the federal Earned Income Tax Credit was allocated. 

 

Lastly, I make use of zip code demographic data from the 2010 U.S. census. Like the IRS data, it 

can be easily merged with the other data via the common zip code data. This dataset contains 

demographic variables for residents of those zip codes in terms of gender and race. 

 

In the following section, I detail my strategy ex-ante, for how I plan to initially analyze the data. 

 

Empirical Strategy 

 

I began by downloading the Restaurant Health Data from San Francisco’s Open Data Portal. 

From there (with assistance) I scraped the Yelp API, acquiring data on a restaurant’s ethnicity 

type from the Category variable, and its relative wealth from the Price variable. These data can 

be joined to the San Francisco datasets by restaurant name, which exists in the Yelp and San 

Francisco datasets. I then obtain demographic data from the U.S. Census and merge it via zip 

code. Lastly, I need data from the IRS to obtain tax information paid by the restaurant itself or 

the surrounding area. These too can be merged by zip code. 

 

For the analysis, I obtain basic summary statistics to understand my data. First, I summarize the 

ethnicity scores of my restaurants to determine the proportions of different types of restaurants in 

my data. Next because geography is important to the analysis, I obtain a tabulation of restaurants 

by zip code and restaurant ethnicity types by zip code to determine if restaurants and restaurants 

of certain ethnicities are geographically clustered—I can obtain the chi square value from these 

tabulations to determine if there is clustering. I will additionally obtain summary statistics for 

how restaurants are distributed proportionally by wealth, and if restaurants of different wealth are 

geographically clustered, and what demographics surround restaurants in different zip codes. 

 

I also need to understand my dependent variable, score. I visualize the score variable as a 

histogram to determine if score is normally distributed. I expect it is not, because restaurants still 

open for business are unlikely to consistently obtain low scores, and there is likely a limit to how 

low a score a restaurant can obtain before shutting down. 

 

I also obtain summary statistics for the kinds of inspection types, the degree of risk category 

restaurants tend to be cited for, and the proportion of violations that are behavior versus 

structural. 

 

The initial statistic of most interest, is the average scores restaurants of a particular ethnicity 

receive, and if those scores are significantly different from the average scores all restaurants 

receive. This inquiry is where past studies began and ended, finding that ethnic restaurants 

received lower average scores compared to all restaurants. I will then perform simple t-tests and 

compare each average score restaurants of a particular ethnicity received to determine if those 

differences are statistically significant, similar to what past research like Kwon, et al. (2010) has 

done. 
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My analysis then diverges from past research by exploring the data with regression models to 

isolate the impacts of individual independent variables. I begin with a simple bivariate OLS 

regression with health scores regressed against restaurant ethnicity type. From there I will build 

the model adding independent variables in groups: wealth, geography, etc. to test different 

variable groups for robustness until the fully realize model is assembled. 

 

However, as I noted, the dependent variable is likely not normally distributed—a fundamental 

component of OLS—therefore it may become necessary to experiment with different statistical 

models such as a tobit model, a maximum likelihood model designed for dependent variables 

with skewed distributions. I will then run a goodness of fit test on the tobit model to determine if 

the model fits the data well and compare my model’s coefficient results against those of the OLS 

model. 

 

I will then perform an additional probit regression to determine if I can isolate which factors 

raise the probability of a restaurant being inspected or being cited for a violation. Probit models 

allow one to estimate relationships to binary dependent variables, in this case the variable of 

interest would be restaurants cited for violations versus those which were not. 

 

Finally, I perform two probit regressions for restaurants that fall exactly at the cut points of 

different inspection grades, to determine if restaurants of certain ethnicities are more or less 

likely to just pass muster for a higher grade, or are consigned to the highest point of a lower 

grade level. The reasoning motivating these final two models, is a difference of one point on a 

score has negligible public health impacts, but a different grade posted at a restaurant can have 

major implications for the establishment’s revenue. If inspectors are biased, that bias may 

manifest in inspectors giving restaurants a boost, or refusing to, when the restaurant is right on 

the cusp of a higher grade. 

 

 

 

 

 

 

 

 

 

 

 

  



12 

 

Analysis 

 

 
 

Figure 3: Map of San Francisco Restaurants in Sample 
 

The analysis consists of the 1,513 restaurants which could be successfully matched between the 

LIVES, Yelp, IRS, and San Francisco Inspector datasets. However, the unit of observation is not 

the individual restaurant, but the individual inspection. Given most restaurants in sample were 

inspected multiple times, the sample size for all inspections is 14,942. As Figure 3 indicates, 

there are numerous restaurants within the city, but they are geographically concentrated in the 

northern part of the peninsula, specifically the northeast. 

 

The restaurants within sample are diverse, but not equally represented within the data. The 

sample is not evenly distributed by restaurant ethnicity type. American restaurants far outnumber 

their counterparts, and several ethnicity types are likely not well represented enough to allow us 

to draw statistical conclusions of any significance, noticeably the African category with only 

nine restaurants in sample, and perhaps the Latin and Mediterranean categories with only 34 and 

35 restaurants in sample respectively. However, for those ethnicity categories the literature has 

focused on in the past—American, Mexican, Chinese, Italian, and Japanese, these restaurants are 

likely represented in sufficient quantity to allow for significant statistical inference. 
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Table 1: Distribution of Health Inspections by Ethnicity 

Ethnicity Total 

Appearances 

in Data 

Frequency Number of 

Unique 

Restaurants 

American 4,229 28.3% 479 

Fast Food 566 3.79% 82 

Mexican 846 5.66% 78 

Chinese 2,533 16.95% 172 

South Asian 1,496 10.01% 124 

Italian 1,379 9.23% 153 

Mediterranean 315 2.11% 35 

Latin 302 2.02% 34 

Western 

European 

622 4.16% 

71 

African 76 0.51% 9 

Japanese 1,205 8.06% 122 

Bars 710 4.75% 88 

Other 420 2.81% 56 

Asian (Other) 243 1.63% 26 

Total 14,942.00 1  

 

American restaurants constitute a clear plurality, accounting for more than 28% of all inspections 

within the sample, but all other ethnicities appear at least 100 times with the exception of African 

restaurants. However, those restaurant types that have been previously discussed in the 

literature—Mexican, Chinese, Japanese, and South Asian—are well represented, with at least 

800 observations each, and as many as 2.5 million in the case of Chinese restaurants. Therefore, 

while the distribution by ethnicity of inspections is not uniform, most categories appear 

frequently enough to ensure the statistical power of our estimates. 

 



14 

 

 
Figure 4: Distribution of Scores in Sample 

 

Another concern for this data is that the health inspection scores do not conform to the typical 

normal distribution. The distribution is clearly right skewed, with the majority of scores falling 

between 80 and 100, and the smallest observed score at 46. This is to be expected however, as 

one would imagine a restaurant with a low enough score would either be shut down by the 

Department of Public Health, or go out of business due to a reputation for poor health standards. 

Though the result may be expected, it raises concerns for our regression analysis, which assumes 

observations are randomly distributed across a normal distribution. As such, throughout the 

analysis, I will offer alternate model specifications to ensure standard ordinary least squares 

regressions are not biased by the data’s distribution. 

 

For practical purposes, the San Francisco Department of Public Health (SFDPH) assigns 

restaurants grades based on their final inspection score. Scores of 91 or greater merit a Good 

grade, 86 to 90 an Adequate grade, 70 to 85 a Needs Improvement, and below 85 a poor grade 

for that inspection. As one might expect from the distribution of scores, the most common grade 

assigned is a Good. 

 



15 

 

 
Figure 5: Frequency of Grades 

 

 

Turning to our dependent variable, the restaurant’s score or inspection grade, we initially find 

variance across restaurants of different ethnicities. 

 

 
Figure 6: Distribution of Grades by Ethnicity 

 

 

An initial cross tabulation displays significant grade variance across the ethnicity category, 

yielding a chi square result with a p-value near zero. More intuitively, Figure 6 demonstrates that 
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while Good is the most commonly assigned grade, American restaurants receive a higher 

proportion of Good grades than ethnic restaurants mentioned in the literature, including Chinese, 

Mexican, and Mediterranean restaurants. 

 

Mirroring the approach of Kwon et al 2010, I can specify which ethnicity categories score 

significantly higher or lower on average. 

 

 
Figure 7: Distribution of Scores by Ethnicity 

 

As Figure 7 illustrates, American restaurants have the highest average food safety score ratings 

at 87.56, of any defined category. Furthermore, certain ethnicities clearly have statistically 

different mean scores from those American restaurants. Mexican restaurants have slightly lower 

average scores of 85.86, and Chinese restaurants lag well behind with an average score of 79.43. 

Japanese restaurants also receive lower average scores than American restaurants, of 84.29, but 

Italian restaurants are not statistically different from American ones, with average scores of 87.2. 
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Figure 8: Risk Levels by Ethnicity 

 

Violations are also assessed in terms of risk-levels, where higher risk violations merit larger 

deductions. Figure 8 demonstrates, that not only do non-American restaurants receive lower 

scores due to more frequent violations, they also receive a smaller proportion of low-risk 

violations, and thus a larger share of medium and high-risk violations. Low-risk violations 

comprised 64.5% of deductions American restaurants received compared to 59% for Mexican 

restaurants and 55.5% for Chinese restaurants. Conversely, high-risk violations accented for only 

10.24% of all violations received by American restaurants versus 14.66% from Mexican 

restaurants and 13.94% for Chinese. 

 

Lastly, violations also vary by the specific infraction. The most common violation assessed to all 

restaurants in the sample was for unclean or degraded floors or ceilings, but restaurants of 

different ethnicities incurred violation types at different rates. 
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Table 2: Three Most Common Violation Types by Restaurant Ethnicity Type 

 

Ethnicity 1st 2nd 3rd 

American Unclean or degraded 
floors walls or ceilings 

Moderate risk food 
holding 

temperature 

Wiping cloths not clean 
or properly stored or 
inadequate sanitizer 

Fast Food Wiping cloths not clean 
or properly stored or 
inadequate sanitizer 

Unclean or 
degraded floors 
walls or ceilings 

Moderate risk food 
holding temperature 

Mexican Unclean or degraded 
floors walls or ceilings 

Moderate risk food 
holding 

temperature 

Wiping cloths not clean 
or properly stored or 
inadequate sanitizer 

Chinese Unclean or degraded 
floors walls or ceilings 

Foods not 
protected from 
contamination 

Unapproved or 
unmaintained equipment 

or utensils 

South Asian Unclean or degraded 
floors walls or ceilings 

Foods not 
protected from 
contamination 

High risk food holding 
temperature 

Italian Unclean or degraded 
floors walls or ceilings 

Moderate risk food 
holding 

temperature 

Inadequately cleaned or 
sanitized food contact 

surfaces 

Mediterranea
n 

Unclean or degraded 
floors walls or ceilings 

Moderate risk food 
holding 

temperature 

Inadequately cleaned or 
sanitized food contact 

surfaces 

Latin 
American 

Inadequate and 
inaccessible hand 
washing facilities 

Moderate risk food 
holding 

temperature 

Wiping cloths not clean 
or properly stored or 
inadequate sanitizer 

Western 
European 

Unclean or degraded 
floors walls or ceilings 

Moderate risk food 
holding 

temperature 

Improper food storage 

Japanese Unclean or degraded 
floors walls or ceilings 

Unapproved or 
unmaintained 
equipment or 

utensils 

Inadequately cleaned or 
sanitized food contact 

surfaces 

 

One other point of interest in terms of violation types is how the wealth of a restaurant may 

impact its ability to comply with the California Food Safety code. It is unlikely restaurants are 

randomly distributed by wealth or prices they charge. For example, in the case of Mexican 

restaurants, burritos are historically meant as a cheap street food. Therefore, we might expect to 

find higher concentrations of lower cost restaurants in certain restaurant ethnicity categories. 
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Figure 9: Restaurants by Median Cost Category 

 

Figure 9 confirms restaurants do not differ randomly by their cost categories. Referring to 

American restaurants as a baseline, it is unsurprising to find Fast Food restaurants with much 

higher proportions of cheaper, “$” restaurants, as fast food is by definition meant to be lower 

cost. However, the data also reveal Mexican and Chinese restaurants with higher rates of $ 

establishments, relative to their American counterparts. Conversely nearly all other ethnicity 

categories in sample including Japanese, Italian, and Mediterranean have lower proportions of 

cheaper $ restaurants, and higher proportions of mid-cost $$ restaurants. Most, but not all of 

these differences are statistically significant at the 95% confidence level, but some restaurants 

like Mediterranean, are statistically indistinguishable from American restaurants by cost 

category. 

 

Finally, I consider the number of inspections, per restaurant ethnicity type. Though Kwon, et al. 

did not attempt to explain causality for their finding of ethnic restaurants receiving more 

violations than non-ethnic ones, they did introduce a pseudo-control, by demonstrating ethnic 

restaurants were not inspected significantly more than non-ethnic restaurants, thereby 

demonstrating the high violation rate was not due simply to a higher inspection rate. The same 

cannot necessarily be said for San Francisco’s restaurant population. 

 

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

American

Fast Food

Mexican

Chinese

South Asian

Italian

Mediterranean

Latin

Western European

African

Japanese

$ $$ $$$ $$$$



20 

 

 
Figure 10: Number of Times Restaurants Appear in Sample by Ethnicity 

 

Above I display the number of violations by ethnicity, along with a confidence interval 

indicating the variance of the number inspections for each restaurant within that ethnicity 

category. American restaurants appear about 8.5 times per restaurant, whereas Chinese 

restaurants appear over 14 times per restaurant. This finding does not necessarily reflect any bias 

on the part of SFDPH, as the San Francisco Public Health Code orders inspectors to return for 

follow up inspections to allow restaurants to redress prior violations and improve their scores. 

Therefore, there is an endogenous relationship between restaurants with lower scores and higher 

rates of inspections. 

 

Isolating the Impacts of Restaurant Ethnicity on Food Safety Score 

 

Prior research terminated at the level of descriptive statistics, finding ethnic restaurants receive 

more violations and lower scores on their food safety inspections. This paper advances the 

literature by probing deeper into what other covariates might also explain differences in 

inspection score by restaurant ethnicity. 

 

The first model mirrors the work done by Kwon et al. 2010, by regressing a binary dummy 

variable for American restaurants on score. The result is similar to what is found in the literature, 

American restaurants are associated with an average higher score of 3.15 points, relative to all 

other restaurant types. 

 

The second model includes indicators for restaurants of all ethnicities, with American restaurants 

as the reference category. 
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Table 3: Model 1 Ethnicity Regressed on Inspection Score 

 (1) (2) 

VARIABLES American 

Dummy on 

Score 

Ethnicity 

Indicators on 

Score 

   

ethnicity = 1, Fast Food  0.152 

  (0.445) 

ethnicity = 2, Mexican  -1.712*** 

  (0.360) 

ethnicity = 3, Chinese  -8.143*** 

  (0.243) 

ethnicity = 4, South Asian  -4.478*** 

  (0.291) 

ethnicity = 5, Italian  -0.376 

  (0.296) 

ethnicity = 6, Mediterranean  -2.598*** 

  (0.568) 

ethnicity = 7, Latin  0.0337 

  (0.573) 

ethnicity = 8, Western European  1.423*** 

  (0.421) 

ethnicity = 9, African  -0.510 

  (1.076) 

ethnicity = 10, Japanese  -3.287*** 

  (0.318) 

ethnicity = 11, Bars  -0.158 

  (0.410) 

ethnicity = 12, Other  1.682*** 

  (0.492) 

ethnicity = 13, Asian (Other)  -4.371*** 

  (0.669) 

american = 1 3.150***  

 (0.185)  

Constant 84.42*** 87.57*** 

 (0.0988) (0.149) 

   

Observations 11,356 11,356 

R-squared 0.025 0.121 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

For all subsequent regressions, the reference category for ethnicity is American, meaning all 

output coefficients are in reference to American or non-ethnic restaurants. Here we see, Mexican, 
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Chinese, South Asian, Mediterranean, and Japanese restaurants all have negative coefficients, 

meaning on average they correlate with lower inspection scores compared to American 

institutions. Italian restaurants also have a negative coefficient, but this difference is not 

statistically significantly different from zero at the 90% confidence level. 

 

As mentioned before, the dependent variable of interest is not normally distributed. An alternate 

specification using a Tobit model, meant to compensate for skewed distributions, yields similar 

results. Therefore, at this stage of our analysis the distribution of the dependent variable is not a 

problem for the model. Notice, ethnicity only accounts for an R-squared of 0.121, indicating the 

base model only accounts for roughly 12% of the variation in the dependent variable. 

 

 

 
Figure 11: Plot of Scores by Residuals from Model 1 

 

Additionally, Figure 11 indicates our residuals still bear a strong linear relationship to our 

outcome score variable, indicating our error term bears a strong relationship to our dependent 

variable. This means the model is improperly specified and likely suffers from omitted variable 

bias. However, the error term is homoscedastic across all x-values, implying the standard error is 

constantly distributed. 
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Table 4: Model 2 Ethnicity Regressed on Inspection Score and Restaurant Characteristics 

 (1) (2) 

VARIABLES Ethnicity 

Indicators on 

Score 

Ethnicity 

Indicators 

plus 

Restaurant 

covariates on 

Score 

   
ethnicity = 1, Fast Food 0.152 0.410 

 (0.445) (0.449) 

ethnicity = 2, Mexican -1.712*** -1.907*** 

 (0.360) (0.343) 

ethnicity = 3, Chinese -8.143*** -7.756*** 

 (0.243) (0.257) 

ethnicity = 4, South Asian -4.478*** -4.081*** 

 (0.291) (0.306) 

ethnicity = 5, Italian -0.376 0.0545 

 (0.296) (0.272) 

ethnicity = 6, Mediterranean -2.598*** -2.152*** 

 (0.568) (0.502) 

ethnicity = 7, Latin 0.0337 0.226 

 (0.573) (0.422) 

ethnicity = 8, Western European 1.423*** 1.078*** 

 (0.421) (0.353) 

ethnicity = 9, African -0.510 0.161 

 (1.076) (0.789) 

ethnicity = 10, Japanese -3.287*** -2.538*** 

 (0.318) (0.361) 

ethnicity = 11, Bars -0.158 0.418 

 (0.410) (0.379) 

ethnicity = 12, Other 1.682*** 1.199*** 

 (0.492) (0.406) 

ethnicity = 13, Asian (Other) -4.371*** -4.057*** 

 (0.669) (0.957) 

cost = 1  -1.528*** 

  (0.175) 

cost = 2  1.068*** 

  (0.363) 

cost = 3  4.389*** 

  (0.580) 

date  -0*** 

  (0) 

rating  0.641*** 

  (0.141) 

Constant 87.57*** 135.2*** 

 (0.149) (4.363) 
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Table 4 (cont.) 

    

VARIABLES Ethnicity 

Indicators on 

Score 

Ethnicity 

Indicators 

plus 

Restaurant 

covariates on 

Score 

   

 

 
Observations 11,356 11,356 

R-squared 0.121 0.142 

 

 

The coefficients on the cost indicator variable are all statistically significant at the 99% level and 

the coefficients on our ethnicity indicator variable changed between models 1 and 2, indicating 

Model 1 suffered from omitted variable bias. One point of concern is multicolinearity. Because 

ethnicity and cost correlate with one another, including both in the model can be expected to 

increase the standard errors of both, and indeed a variance inflation factor analysis of the model 

verifies this suspicion. The heightened standard errors are not a problem for this specification of 

the model however, as all our ethnicity coefficients that were significant in Model 1 are still 

significant. Model 2 demonstrates that the cost of a restaurant correlates with the scores it 

receives, with $$$ and $$$$ correlated with higher scores, while $$ are actually correlated with 

lower scores than the $ category. We also note the date of an inspection has no correlation with 

the score, and restaurant’s Yelp rating has a positive correlation with the inspection score.  
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Table 5: Model 3 Score regressed on restaurant and geographic characteristics 
VARIABLES Score on restaurant covariates and geographic fixed effects 

date -0*** 

 (0) 

rating 0.437*** 

 (0.141) 

Fast Food -0.116 

 (0.430) 

Mexican -1.439*** 

 (0.335) 

Chinese -6.200*** 

 (0.241) 

South Asian -3.525*** 

 (0.275) 

Italian 0.858*** 

 (0.284) 

Mediterranean -0.874* 

 (0.523) 

Latin -1.046** 

 (0.528) 

Western European 0.875** 

 (0.386) 

African 0.771 

 (0.978) 

Japanese -2.370*** 

 (0.314) 

Bars 0.279 

 (0.380) 

Other 0.551 

 (0.473) 

Asian (Other) -4.181*** 

 (0.617) 

cost = 1 -1.063*** 

 (0.168) 

cost = 2 0.771** 

 (0.379) 

cost = 3 3.711*** 

 (0.793) 

Inspector = 2 2.135* 

 (1.142) 

Inspector = 3 1.042 

 (1.126) 

Inspector = 4 1.597 

 (1.204) 

Inspector = 5 -0.140 

 (1.183) 

Inspector = 6 -5.850*** 

 (1.220) 
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Table 5. (cont.) 
VARIABLES Score on restaurant covariates and geographic fixed effects 

 
Inspector = 7 0.618 

 (1.052) 

Inspector = 8 1.923* 

 (1.156) 

Inspector = 9 3.250*** 

 (1.156) 

Inspector = 10 -0.0659 

 (1.220) 

Inspector = 11 0.702 

 (1.178) 

Inspector = 12 1.629 

 (1.084) 

Inspector = 13 -2.050* 

 (1.138) 

Inspector = 14 0.202 

 (0.983) 

Inspector = 15 3.439*** 

 (1.314) 

Inspector = 16 1.892 

 (1.245) 

Inspector = 17 -6.070*** 

 (1.179) 

Inspector = 18 0.453 

 (2.250) 

Inspector = 19 -1.982** 

 (0.943) 

Inspector = 20 2.218** 

 (1.046) 

Inspector = 21 -0.344 

 (1.157) 

Inspector = 22 1.858* 

 (1.098) 

Inspector = 23 0.503 

 (1.215) 

Inspector = 24 -1.356 

 (1.214) 

Inspector = 25 -3.486*** 

 (0.896) 

Inspector = 26 -3.306*** 

 (1.063) 

Inspector = 28 9.489*** 

 (1.345) 

Inspector = 29 0.779 

 (1.147) 

Inspector = 30 -1.528 

 (1.424) 

Inspector = 31 3.459*** 

 (1.165) 
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Table 5. (cont.) 
VARIABLES Score on restaurant covariates and geographic fixed effects 

  

 
inspection_num -0.411*** 

 
 (0.0125) 

Constant 150.1*** 

 (4.417) 

Observations 11,159 

Number of zipcode 33 

R-squared 0.264 

  

 

Here I present the full model with score regressed on the same restaurant characteristics from the 

previous model, but now also include controls for which inspector conducted a given inspection, 

as well as the geographic surroundings of the restaurant. To control for geographic indictors, I 

appeal to a fixed-effects model, as the number of zip code indicators makes for an unsightly 

specification. I include a comparison of this model and the traditional OLS with zip code 

indicators in the appendix to demonstrate the results are substantially similar. 

 

Model 3 includes geographic controls for several reasons. First, as an additional attempt to 

approximate restaurant wealth. We find more expensive restaurants tend to aggregate in higher 

income zip codes (by adjusted gross income). Second, auxiliary regressions indicate that zip 

codes with higher concentrates of certain demographic types—notably higher concentrations of 

White, Chinese, Filipino, Japanese, and Vietnamese people had significant correlations with 

scores for restaurants in that same zip code. We include this model in the appendix, and will 

further explore this phenomenon of demographic concentrations in a subsequent section. 
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Figure 12: Map of Restaurants by Cost and Zip Code AGI 

The map shows zip codes with darker red colors to indicate higher average adjusted gross income for that zip 

code. The overlaid shading represents concentrations of higher cost restaurants according to Yelp. 

 

More interestingly, I find statistical significance attached to a number of the inspector indicator 

variables. The inspectors were sorted alphabetically, thus the reference category is merely the 

inspector whose last name appears first in the alphabet. I find many of the inspectors appear to 

correlate strongly with either significantly higher or lower scores than their referential peer. 

However, because we do not have data large enough to allow us to conduct more sophisticated 

controls like propensity score matching, it is difficult to determine if inspectors award higher or 

lower scores because they inspect restaurants of different quality, or if restaurants are perceived 

as being higher or lower quality because of the predilections of their assigned inspector. I would 

note however, that the coefficient on the restaurant’s Yelp rating is still positive and statistically 

significant at the 99% level, meaning even controlling for a restaurant’s perceived quality, 

certain inspectors correlate with significantly higher or lower scores than their peer. This could 

mean that perceived quality is not necessarily affected by lower health scores, or that high 

quality restaurants, or could be evidence of bias where inspectors find fault even with certain 

high quality establishments. 
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I also include the number of times each restaurant was inspected. Again this raises issues of 

multicollinearity, as a Poisson regression (optimized for counting discrete variables like number 

of inspections) indicates restaurant ethnicity correlates significantly with the number of times a 

restaurant was inspected (appears in appendix). However, it is important to include this as a 

control as one would expect a restaurant with lower scores to be inspected more often on follow 

up visits. Indeed, this expectation bears itself out, as the inspection number coefficient is 

negative and statistically significant at the 99% level. 

 

Finally, even at this full specification, I observe the coefficients on Mexican, Chinese, South 

Asian, Japanese, and Mediterranean restaurants are all still negative and statistically significant, 

meaning restaurants of these ethnicity types still correlate with significantly lower scores than 

American restaurants, even when controlling for the inspectors, environmental, and economic 

data available. 

 

Before turning to the next stage of the analysis, it is worth mentioning, I conducted a model with 

inspector and restaurant ethnicity interacted with one another. I omit the model because the 

number of interaction terms worsens its interpretability, and the small sample sizes attached to 

some of these interactions are a concern for drawing legitimate statistical inferences. However, 

that model does yield some statistically significant interaction correlates meaning, holding 

ethnicity of restaurant and inspector fixed, some inspector-restaurant ethnicity combinations 

correlate with significantly higher or lower scores relative to the reference inspector, inspecting 

an American restaurant. 
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Analyzing Restaurant Grades 

 

I next turn to an analysis of the grade a restaurant receives on its overall inspection. Because the 

grade is the actual policy outcome the public most often interacts with, as restaurants must 

display their inspection grades, it is sensible for us to see if our analysis on the continuous score 

variable, is robust to the categorical grade variable. Because grade is a categorical variable, I 

must use a slightly more opaque model specification known as ordered probit, ideal for 

categorical dependent variables with clear rank orderings such as a distribution of grades. 

 

  



31 

 

Table 6: Model 4 Ordered Probit Regression of Grades on Restaurant  

Characteristics, Inspectors, and Geography. (zip code, date, and inspector  

included in model but omitted)  

VARIABLES Grade 

                (1)  

 

  

rating 0.0935*** 

 (0.0177) 

ethnicity = 1, Fast Food 0.0883 

 (0.0579) 

ethnicity = 2, Mexican -0.250*** 

 (0.0430) 

ethnicity = 3, Chinese -0.660*** 

 (0.0320) 

ethnicity = 4, South Asian -0.385*** 

 (0.0355) 

ethnicity = 5, Italian 0.0272 

 (0.0359) 

ethnicity = 6, Mediterranean -0.0963 

 (0.0588) 

ethnicity = 7, Latin -0.108* 

 (0.0589) 

ethnicity = 8, Western European 0.145*** 

 (0.0527) 

ethnicity = 9, African -0.132 

 (0.124) 

ethnicity = 10, Japanese -0.260*** 

 (0.0418) 

ethnicity = 11, Bars 0.169*** 

 (0.0466) 

ethnicity = 12, Other -0.0115 

 (0.0621) 

ethnicity = 13, Asian (Other) -0.357*** 

 (0.0916) 

cost = 1 -0.0347 

 (0.0221) 

cost = 2 0.246*** 

 (0.0496) 

cost = 3 0.775*** 

 (0.111) 

Constant cut1 -12.42*** 

 (0.578) 
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Table 6: (cont.) 

VARIABLES Grade 

                (1)  

 

 

Constant cut2 -11.18*** 

 (0.577) 

Constant cut3 -10.63*** 

 (0.577) 

Observations 14,667 

 

Results for this part of the analysis are largely similar to Model 3 on score. A positive coefficient 

indicates a restaurant is more likely on average to receive a higher grade, and a negative 

coefficient indicates the restaurant is more likely to receive a lower grade. Mexican, Chinese, 

South Asian, and Japanese restaurants are all correlated with lower grades, and certain inspectors 

are correlated with higher or lower grade outcomes. We should note the sample size increases for 

this regression because scores are only awarded to restaurants on certain inspection types, 

whereas a grade appears in every observation because grades are assigned to a restaurant until a 

new inspection is conducted. 
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Analyzing Violation Types 

 

Table 7: Model 5 Probability of Incurring a Specific Violation Type 

 (1) (2) (3) (4) 

VARIABLES Food at 

improper 

temperature 

Temperature 

with score 

included as 

control 

Improper 

utensil 

Improper utensil with 

score included as control 

     

ethnicity = 1, Fast Food 0.150* 0.222** -0.0399 -0.0350 

 (0.0839) (0.0929) (0.0898) (0.0988) 

ethnicity = 2, Mexican 0.277*** 0.280*** 0.0516 0.0692 

 (0.0672) (0.0728) (0.0721) (0.0773) 

ethnicity = 3, Chinese 0.203*** 0.0198 -0.117** -0.0186 

 (0.0475) (0.0546) (0.0518) (0.0585) 

ethnicity = 4, South Asian 0.323*** 0.246*** -0.169*** -0.118* 

 (0.0540) (0.0598) (0.0646) (0.0697) 

ethnicity = 5, Italian -0.0543 -0.0765 -0.0550 -0.0385 

 (0.0647) (0.0707) (0.0625) (0.0659) 

ethnicity = 6, Mediterranean -0.0540 -0.0539 -0.0782 -0.0364 

 (0.123) (0.131) (0.120) (0.129) 

ethnicity = 7, Latin 0.0524 0.108 -0.00145 -0.00407 

 (0.117) (0.126) (0.117) (0.125) 

ethnicity = 8, Western 

European 

-0.147 -0.136 -0.0866 -0.0776 

 (0.0951) (0.108) (0.0885) (0.0947) 

ethnicity = 9, African 0.524*** 0.572*** -0.228 -0.237 

 (0.180) (0.191) (0.264) (0.273) 

ethnicity = 10, Japanese 0.0604 0.00540 -0.195*** -0.151** 

 (0.0644) (0.0712) (0.0710) (0.0767) 

ethnicity = 11, Bars -0.158* -0.127 -0.151* -0.121 

 (0.0903) (0.102) (0.0867) (0.0953) 

ethnicity = 12, Other -0.0378 -0.0164 -0.272** -0.317** 

 (0.106) (0.118) (0.119) (0.127) 

ethnicity = 13, Asian (Other) -0.0287 -0.0861 -0.122 -0.0474 

 (0.136) (0.152) (0.139) (0.155) 

score  -0.0271***  0.0149*** 

  (0.00198)  (0.00235) 

Constant -1.583*** 0.834*** -1.529*** -2.738*** 

 (0.0313) (0.172) (0.0302) (0.210) 

     

Observations 14,903 11,356 14,903 11,356 
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The third hypothesis sought to determine if certain restaurant ethnicity types were simply 

incompatible with the San Francisco Food Safety Code, but not engaging in unsafe practices. I 

would expect to find a result similar to the Peking Duck Exception mentioned in the literature, 

where Chinese restaurants broke the Code but did so in a safe manner. Here I isolate violation 

types mentioned in the literature. The first model concentrates on violations dealing with 

cooking, reheating, and storage temperature—similar to the Peking Duck example, while the 

second model concentrates on improper equipment usage, because the Food Safety Code might 

be built around certain culturally appropriate cooking tools. 

 

The results are largely insignificant. Columns 1 and 3 present just the violation types regressed 

on restaurants of different ethnicity. In these specifications, certain restaurant ethnicities are 

significantly more or less likely to incur these violations. However, in columns 2 and 4 I add 

score as a control and the effect disappears, indicating restaurants that perform better in their 

inspections are no more likely to be cited for a specific infraction. Moreover, the coefficients on 

the ethnicity indicators change, suggesting the first models suffered from omitted variable bias. 

 

Restaurants on the Margins of Grades 

 

I conclude the analysis with a highly specified pair of models. Here I examine the possibility of 

bias in the inspection grading system, by examining restaurants just above and below the cutoffs 

for certain grades. 

 

One might imagine if an inspector was positively disposed towards a restaurant on the cusp of a 

higher or lower grade, he or she might endeavor to make sure that restaurant fell on the bottom 

of the higher grade cutoff. Similarly, an inspector negatively biased against a restaurant might try 

to manipulate tabulations to slide a restaurant down to the high end of the lower grade cutoff. 

Because, the difference between a restaurant scoring a 91 (Good) versus a 90 (Adequate) is 

almost impossible to discern, this manipulation would have an infinitesimally low prospect of 

impacting public health, however because restaurants must publicly display their inspection 

grades, a difference of one point can have significant positive or negative implications for that 

restaurant’s business. 

 

To further motivate the analysis, I regenerate the initial distribution of scores, by different 

ethnicities. Figure 13 demonstrates restaurants of certain ethnicities are substantially more likely 

to be assigned certain scores. 
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Figure 13: Distribution of Score Frequency by Select Ethnicities 

 

To better capture this effect, I present two probit models. The first model in column 1 has a 

binary outcome where restaurants scoring a 91 (the lowest possible score receiving a “Good” 

grade), an 86 (the lowest possible score receiving an “Adequate” grade), or a 71 (the lowest 

possible “Needs Improvement” Grade), receive a 1, and all other scores receive a 0. The second 

model in column 2 is its counterpart, the dependent variable equals 1 for restaurants receiving a 

score of 90 (the highest possible “Adequate” score), an 85 (highest possible “Needs 

Improvement” score, or 70 (highest possible “Failing” score). In essence both models attempt to 

capture the somewhat unlikely outcome where a restaurant “sticks the landing” by luckily falling 

just one point into the higher cutoff, or one point below into the lower cutoff. 
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Table 8: Model 6 Probit Regression on Likelihood of Falling Just Above or Below Grade 

Cutoff 

 (1) (2) 

VARIABLES Good Cut Bad Cut 

   

ethnicity = 1, Fast Food 0.379*** 0.0569 

 (0.0893) (0.0814) 

ethnicity = 2, Mexican -0.364*** 0.294*** 

 (0.0991) (0.0607) 

ethnicity = 3, Chinese 0.0304 0.0443 

 (0.0577) (0.0462) 

ethnicity = 4, South Asian 0.157** -0.0812 

 (0.0650) (0.0557) 

ethnicity = 5, Italian 0.117* 0.169*** 

 (0.0663) (0.0530) 

ethnicity = 6, Mediterranean 0.623*** -0.00851 

 (0.0990) (0.103) 

ethnicity = 7, Latin 0.134 0.140 

 (0.123) (0.0972) 

ethnicity = 8, Western European -0.0578 -0.00720 

 (0.0998) (0.0749) 

ethnicity = 9, African 0.112 0.352** 

 (0.251) (0.173) 

ethnicity = 10, Japanese 0.0924 0.0382 

 (0.0731) (0.0587) 

ethnicity = 11, Bars 0.230*** -0.153** 

 (0.0812) (0.0759) 

ethnicity = 12, Other -0.0686 0.239*** 

 (0.131) (0.0845) 

ethnicity = 13, Asian (Other) 0.0389 0.158 

 (0.153) (0.109) 

Inspector = 2 0.261 -0.350*** 

 (0.217) (0.128) 

Inspector = 3 0.208 -0.489*** 

 (0.222) (0.135) 

Inspector = 4 0.461** -0.487*** 

 (0.215) (0.132) 

Inspector = 5 0.345 -0.130 

 (0.219) (0.132) 

Inspector = 6 0.0569 -1.214*** 

 (0.275) (0.234) 

Inspector = 7 -0.236 -0.339** 

 (0.345) (0.171) 

Inspector = 8 0.444* -0.121 

 (0.228) (0.141) 

Inspector = 9 0.309 -0.376*** 

 (0.223) (0.135) 
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Table 8. (cont.) 

 (1) (2) 

VARIABLES Good Cut Bad Cut 

   

 

Inspector = 10 0.984*** -0.165 

 (0.236) (0.161) 

Inspector = 11 0.291 -0.330** 

 (0.215) (0.128) 

Inspector = 12 0.269 -0.487*** 

 (0.224) (0.137) 

Inspector = 13 0.498** -0.549*** 

 (0.217) (0.135) 

Inspector = 14 0.294 -0.474*** 

 (0.233) (0.147) 

Inspector = 15 -0.0431 -0.340** 

 (0.231) (0.134) 

Inspector = 16 0.830*** 0.0735 

 (0.217) (0.132) 

Inspector = 17 0.465** -0.318** 

 (0.218) (0.132) 

Inspector = 18  -0.394 

  (0.350) 

Inspector = 19 0.586** -0.642*** 

 (0.228) (0.158) 

Inspector = 20 0.603*** -0.632*** 

 (0.225) (0.149) 

Inspector = 21 0.533** -0.657*** 

 (0.220) (0.142) 

Inspector = 22 0.479** -0.154 

 (0.219) (0.130) 

Inspector = 23 -0.514 -0.517*** 

 (0.356) (0.177) 

Inspector = 24 0.372* -0.477*** 

 (0.219) (0.134) 

Inspector = 25 0.264 -0.428*** 

 (0.240) (0.154) 

Inspector = 26 0.0751 -0.534*** 

 (0.257) (0.170) 

Inspector = 28 -0.360  

 (0.345)  

Inspector = 29 0.166 -0.261* 

 (0.248) (0.147) 

Inspector = 30 0.262 -0.342*** 

 (0.222) (0.133) 

Inspector = 31 0.486** -0.601*** 
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Table 8. (cont.) 

 (1) (2) 

VARIABLES Good Cut Bad Cut 

 

 (0.219) (0.139) 

cost = 1 -0.0736* 0.0876*** 

 (0.0402) (0.0321) 

cost = 2 -0.0832 0.135* 

 (0.0901) (0.0705) 

cost = 3 -0.205 -0.0811 

 (0.225) (0.163) 

date -0 -0*** 

 (0) (0) 

rating -0.0697** 0.0658** 

 (0.0314) (0.0274) 

risk = 1 0.229*** 0.307*** 

 (0.0396) (0.0309) 

risk = 2 0.459*** 0.0336 

 (0.0496) (0.0470) 

inspection_num 0.000349 -0.00220 

 (0.00297) (0.00242) 

Constant -1.685 1.000 

 (1.059) (0.842) 

   

Observations 14,641 14,447 

 

 

The first model, measuring the probability of ending up on the lowest possible end of the grade 

cutoffs, shows a correlation between both the ethnicity and inspector indicators, and the 

probability of arriving on the high end of a grade cutoff. Mexican restaurants are on average less 

likely than American restaurants to slide into the higher grade, but South Asian, Italian, and 

Mediterranean restaurants are actually more likely to do so. Therefore, there does not appear to 

be a clear preference towards American restaurants in assigning these marginal grades. Several 

inspector coefficients are also significant, although for those that are, they are all positive. This 

could indicate, inspectors are benevolent and will attempt to avoid punishing restaurants on the 

margin with lower grade assignments. Curiously, restaurants with higher risk infractions are 

more likely on average to luck into the higher cutoff. 

 

The second model, measuring restaurants receiving the highest possible grades that land them in 

a lower grade range of “Adequate”, “Poor”, and “Failing, also yields a number of statistically 

significant results. Mexican, Italian, and African restaurants are all more likely to fall into these 

worse cutoffs. Again a number of inspector indicators are statistically significant at the 90% 

level, however all of them are negative. Indicating that for any inspector associated with a 

significant impact on grade assignment, that inspector consistently is associated with assignment 
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away from these lower cutoffs. This adds further evidence that inspectors attempt to avoid 

consigning restaurants to the highest possible score for a lower grade. 

 

Specifically, when I compute the marginal effects of the ethnicity variable—holding all other 

covariates at their means—I find South Asian restaurants are 1.6 percentage points more likely 

than American restaurants to end up on the high side of the cutoff, Italian restaurants are 1.1 

percentage points more likely, and Mediterranean restaurants are 9.4 points more likely on 

average. Conversely, Mexican restaurants are 6.2 percentage points on average more likely than 

American restaurants to fall on the negative side of the cutoff, and Italian restaurants are 3.3 

points more likely. 

 

Discussion and Policy Recommendations 

 

I now return to the original four hypotheses and determine to what extend the analysis section 

addresses them. 

 

1. Food codes are opaque to English second language speakers who own restaurants and are 

less able to understand food code. Therefore, those restaurant owners have difficulty 

complying with the health codes, yielding lower health inspection scores. 

 

Unfortunately, the data contained no information on the primary language spoken by the 

restaurant owner. The LIVES dataset did contain information on the name of the restaurant 

owner, but it would be irresponsible to speculate on a person’s ethnicity or first language based 

only on name.  SFDH employs a number of multi-lingual inspectors however, and also requires 

an inspector to call a contracted interpreter if language makes communication during an 

inspection difficult. Therefore, while the data does not allow me to conclude if language was a 

factor, in explaining inspection scores, San Francisco does what it can to mitigate this concern 

with existing policy. 

 

2. Food codes are too rigid to accommodate certain cuisines’ methods of preparation, 

meaning restaurants serving those cuisines are more likely to violate the code, yielding 

lower health inspection scores for ethnic restaurants. 

 

The data presented no evidence that the San Francisco Food Safety Code cannot accommodate 

certain cuisines’ methods of preparation. When testing for the likelihood of incurring certain 

violations mentioned in the literature, ethnicity indicators became statistically indistinguishable 

from zero once I added score as a control to the model. 

 

3. Ethnicity is endogenous with the wealth and status of a restaurant because those 

establishments have less money to spend on compliance. More ethnic restaurants tend to 

be cheaper places to eat so they incur more violations, yielding lower health inspection 

scores for ethnic restaurants. 
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The data present evidence in support of this hypothesis. The regression models demonstrated that 

restaurants of different ethnicities were at least partially correlated with different cost categories, 

and that a restaurant’s cost indicator was a significant correlate with the score it received on an 

inspection. Lastly, although ethnicity remained a significant correlate with the score and grade 

dependent variables, including cost and geographic controls significant reduced the strength of 

the ethnicity coefficients, indicating ethnicity as an explanatory variable suffered from omitted 

variable bias when these covariates were excluded. Therefore, there is evidence to support the 

hypothesis that restaurant ethnicity is endogenous with restaurant wealth. 

 

4. Food safety inspectors are prejudiced against ethnic restaurants and award violations 

more frequently, yielding lower health inspection scores for ethnic restaurants. 

 

The data do not allow me to reach such a strong conclusion. There is evidence however to 

demonstrate that certain inspectors award significantly higher or lower scores than one another, 

even when controlling for other covariates. Additionally, the interaction model, though flawed, 

does show that certain inspectors interacted with certain restaurant ethnicity types correlate with 

significantly higher or lower inspection results. This result indicates there is evidence that 

inspectors award different scores to restaurants of different ethnicities, but more study is 

necessary with a larger sample, and a better understanding of multicolinearity among the various 

independent variables. 

 

The data also showed that restaurants of certain ethnicities are substantially more or less likely to 

just make or just miss the cutoff for Adequate versus Poor grades. While we cannot necessarily 

attribute this outcome to outright bias, it is a curious phenomenon that warrants further 

investigation. 

 

The San Francisco Department of Public Health already has many policies in place to streamline 

the inspection process for a diverse group of restaurateurs. The Department contracts with a 

translation service and requires inspectors to use it in the event of a language barrier during an 

inspection. The Department also offers tutorials on the Food Safety Code to restaurateurs. 

Finally, the policy of assigning individual inspectors to specific restaurants for repeat inspections 

is sensible. Repeat exposure allows inspectors to become familiar with the practices of a 

restaurant they inspect, and reduces the likelihood of cultural unfamiliarity with safe methods of 

preparation, like what took place in New York with Kimchi and sous vide. 

 

SFDPH might consider a couple of policy changes based on the results of this analysis however. 

First, because restaurant lower income correlates with lower inspection scores, the Department 

might consider subsidizing additional training for restaurant owners of lower-cost 

establishments. These establishments charge lower prices and as a result they are less able to 

afford the higher marginal cost of more rigorous compliance, but also likely experience 

decreased revenue due to lower resulting inspection grades. Targeting assistance to these lower-

income restaurants would also benefit the public, by reducing the number of health code 

violations incurred by these restaurants. 
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Second, SFDPH automatically conducts follow up inspections to allow restaurants to remedy 

past violations and improve their scores. This idea seems sensible, but the analysis revealed 

additional appearances in the dataset caused by more frequent inspections was associated with 

lower scores. This may be because more frequent inspections raises the likelihood inspectors will 

notice additional violations on a second visit. The Department may wish to instead allow 

restaurant owners to request follow up inspections, rather than triggering automatic ones, 

allowing restaurant owners to remedy past infractions and present their establishment at its best. 

 

Lastly, there is the question of bias on the part of inspectors. The analysis indicated certain 

inspectors are associated with significantly higher or lower scores. However, the cut point 

analysis indicated inspectors were associated with movement away from high-end low grades, 

and towards low-end higher grades, appearing to assist restaurants just on the cusp of one grade 

or another by pushing them over the top. From a fairness standpoint, this is problematic, as 

inspectors should be assigning scores based purely on the letter of the law. However, from a 

pragmatism standpoint, this is sensible. The difference in public health risk between a restaurant 

scoring a 91 versus a restaurant scoring a 90 is negligible, but a restaurant receiving a lower 

grade as a result of falling a point short, could face revenue shortfalls due to wary consumers. 

Therefore, it might actually be advisable to continue allowing inspectors to exercise some 

amount of autonomy when assigning scores and grades, if the risk to the public is indeed 

minimal, and doing so is beneficial for the health of San Francisco’s restaurant community. 

 

All of these conclusions must be qualified by saying more study is necessary. Exactly what 

factors drive restaurant scores and health outcomes remains largely a mystery, as even the most 

robust model presented in my analysis explained only about a third of total variance in the data. I 

suspect a better measurement of restaurant wealth would illuminate further analysis, as the Yelp 

data was merely the aggregate consumer’s impression of how much a restaurant costs relative to 

its peers in the other three categories, and AGI only captured the income of the zip code, not the 

restaurant itself. 

 

Additionally, the most important question associated with health inspection scores is whether or 

not there is a probabilistic link between lower inspection scores and higher rates of foodborne 

disease outbreaks. Limitations in the data prevents this analysis from commenting if the policy is 

actually effective at reducing the likelihood of outbreaks, and inquiry here could go a long way 

towards confirming the policy’s efficacy, or removing the fear of non-American restaurants 

having greater association with illness. 

 

Lastly, this topic would benefit from more granular geospatial analyses. One of the auxiliary 

regressions I conducted revealed that restaurants in zip codes with higher rates of Korean and 

Vietnamese people, were associated with lower scores, while restaurants in zip codes with higher 

rates of White, and Black people were associated with higher scores. This surprising ancillary 

finding warrants a sub analysis of these specific zip codes to unpack what about these higher or 

lower demographic densities is causing variance in restaurant inspection scores. 
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Conclusion 

 

Non-American, or “ethnic” restaurants, are still associated with lower food safety inspection 

scores. However, a number of other factors are also correlated with the score outcome, namely 

the restaurant’s wealth, location, and who inspects it. 

 

My analysis, though incomplete, moves the literature forward by adding controls to a more 

detailed regression model, rather than terminating the analysis at a comparison of averages 

across restaurant ethnicity types. The relevance of the other covariates, and the fluctuating size of 

the ethnicity coefficients indicate past analyses suffer from omitted variable bias. The cuisine a 

restaurant serves is in part associated with the scores it receives on its food safety inspections, 

but not to the extend the literature previously assumed. The restaurant’s wealth appears to be a 

strong explanatory covariate for the same outcomes, and any reader should still bear in mind 

even the most exhaustive model in this study explained only about a third of total variance in the 

score outcome. 

 

The unexpected finding, was not that inspectors are biased, but rather that inspectors are 

associated with benevolent behavior. Inspectors were associated with pushing restaurants on the 

margin of one grade or another, into the higher grade category, an action with small public health 

impacts, but potentially major financial outcomes for the beneficiary restaurant.
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Appendix 

 

Table 9: Comparison of Zip Code Indicators and Geographic Fixed Effects Model 

 (1) (2) 

VARIABLES Score by 

restaurant 

covariates 

and zip 

code 

indicators 

Score by covariates and 

geographic fixed effects 

   

Fast Food -0.116 -0.0150 

 (0.430) (0.427) 

Mexican -1.439*** -1.349*** 

 (0.335) (0.334) 

Chinese -6.200*** -6.280*** 

 (0.241) (0.236) 

South Asian -3.525*** -3.588*** 

 (0.275) (0.273) 

Italian 0.858*** 0.592** 

 (0.284) (0.281) 

Mediterranean -0.874* -1.116** 

 (0.523) (0.518) 

Latin -1.046** -0.977* 

 (0.528) (0.527) 

Western European 0.875** 0.977** 

 (0.386) (0.385) 

African 0.771 0.429 

 (0.978) (0.981) 

Japanese -2.370*** -2.686*** 

 (0.314) (0.304) 

Bars 0.279 0.264 

 (0.380) (0.379) 

Other 0.551 0.518 

 (0.473) (0.469) 

Asian (Other) -4.181*** -3.966*** 

 (0.617) (0.610) 

cost = 1 -1.063*** -1.024*** 

 (0.168) (0.165) 

cost = 2 0.771** 0.911** 

 (0.379) (0.376) 

cost = 3 3.711*** 3.748*** 

 (0.793) (0.794) 
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Table 9. (cont.) 

 (1) (2) 

VARIABLES Score by 

restaurant 

covariates 

and zip 

code 

indicators 

Score by covariates and 

geographic fixed effects 

 

date -0*** -0*** 

 (0) (0) 

rating 0.437*** 0.339** 

 (0.141) (0.140) 

Inspector = 2 2.135* 0.394 

 (1.142) (0.758) 

Inspector = 3 1.042 -1.131 

 (1.126) (0.776) 

Inspector = 4 1.597 -0.294 

 (1.204) (0.770) 

Inspector = 5 -0.140 -1.629** 

 (1.183) (0.791) 

Inspector = 6 -5.850*** -8.035*** 

 (1.220) (0.946) 

Inspector = 7 0.618 0.0531 

 (1.052) (0.986) 

Inspector = 8 1.923* -0.463 

 (1.156) (0.831) 

Inspector = 9 3.250*** -0.117 

 (1.156) (0.781) 

Inspector = 10 -0.0659 -1.074 

 (1.220) (0.962) 

Inspector = 11 0.702 -0.147 

 (1.178) (0.757) 

Inspector = 12 1.629 0.921 

 (1.084) (0.789) 

Inspector = 13 -2.050* -4.500*** 

 (1.138) (0.775) 

Inspector = 14 0.202 1.007 

 (0.983) (0.850) 

Inspector = 15 3.439*** 3.794*** 

 (1.314) (0.782) 

Inspector = 16 1.892 0.196 
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Table 9. (cont.) 

 (1) (2) 

VARIABLES Score by 

restaurant 

covariates 

and zip 

code 

indicators 

Score by covariates and 

geographic fixed effects 

   

 

 (1.245) (0.786) 

Inspector = 17 -6.070*** -6.003*** 

 (1.179) (0.779) 

Inspector = 18 0.453 -0.0245 

 (2.250) (2.080) 

Inspector = 19 -1.982** -2.936*** 

 (0.943) (0.849) 

Inspector = 20 2.218** 1.430* 

 (1.046) (0.836) 

Inspector = 21 -0.344 -2.615*** 

 (1.157) (0.796) 

Inspector = 22 1.858* 1.168 

 (1.098) (0.767) 

Inspector = 23 0.503 -0.560 

 (1.215) (0.985) 

Inspector = 24 -1.356 -3.853*** 

 (1.214) (0.774) 

Inspector = 25, -3.486*** -4.010*** 

 (0.896) (0.857) 

Inspector = 26 -3.306*** -4.451*** 

 (1.063) (0.922) 

Inspector = 28 9.489*** 7.889*** 

 (1.345) (0.952) 

Inspector = 29 0.779 -0.792 

 (1.147) (0.864) 

Inspector = 30 -1.528 -0.406 

 (1.424) (0.775) 

Inspector = 31 3.459*** 0.135 

 (1.165) (0.792) 

zipcode = 94015 1.667  

 (9.240)  

zipcode = 94017 -32.09***  

 (9.240)  
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Table 9. (cont.) 

 (1) (2) 

VARIABLES Score by 

restaurant 

covariates 

and zip 

code 

indicators 

Score by covariates and 

geographic fixed effects 

   

 

zipcode = 94019 -8.774  

 (7.569)  

zipcode = 94101 -10.81*  

 (5.941)  

zipcode = 94102 -8.588  

 (5.355)  

zipcode = 94103 -8.343  

 (5.367)  

zipcode = 94104 -8.494  

 (5.400)  

zipcode = 94105 -8.129  

 (5.435)  

zipcode = 94107 -7.058  

 (5.375)  

zipcode = 94108 -8.675  

 (5.362)  

zipcode = 94109 -10.99**  

 (5.367)  

zipcode = 94110 -7.912  

 (5.385)  

zipcode = 94111 -8.691  

 (5.379)  

zipcode = 94112 -5.874  

 (5.459)  

zipcode = 94114 -7.590  

 (5.394)  

zipcode = 94115 -10.85**  

 (5.387)  

zipcode = 94116 -8.275  

 (5.414)  

zipcode = 94117 -8.657  

 (5.385)  

zipcode = 94118 -8.449  
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Table 9. (cont.) 

 (1) (2) 

VARIABLES Score by 

restaurant 

covariates 

and zip 

code  

Score by covariates and 

geographic fixed effects 

   

 

 (5.393)  

zipcode = 94121 -9.859*  

 (5.397)  

zipcode = 94122 -8.175  

 (5.394)  

zipcode = 94123 -8.196  

 (5.389)  

zipcode = 94124 -5.094  

 (5.424)  

zipcode = 94127 -5.097  

 (5.428)  

zipcode = 94129 -18.25***  

 (5.751)  

zipcode = 94130 -4.131  

 (6.570)  

zipcode = 94131 -8.252  

 (5.458)  

zipcode = 94132 -6.752  

 (5.442)  

zipcode = 94133 -9.962*  

 (5.353)  

zipcode = 94134 -6.886  

 (5.484)  

zipcode = 94143 4.553  

 (6.217)  

zipcode = 94158 -3.155  

 (5.914)  

inspection_num -0.411*** -0.425*** 

 (0.0125) (0.0125) 

Constant 158.6*** 151.4*** 

 (6.969) (4.366) 

   

Observations 11,159 11,159 

R-squared 0.309  
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Table 10: Auxiliary Poisson Regression 

 (1)                              (2) 

 

VARIABLES Number of 

Inspections 

  

ethnicity = 1, Fast Food 0.0318 

 (0.0214) 

ethnicity = 2, Mexican 0.0645*** 

 (0.0162) 

ethnicity = 3, Chinese 0.140*** 

 (0.0113) 

ethnicity = 4, South Asian 0.0861*** 

 (0.0129) 

ethnicity = 5, Italian -0.0346** 

 (0.0145) 

ethnicity = 6, Mediterranean -0.0192 

 (0.0264) 

ethnicity = 7, Latin -0.0312 

 (0.0266) 

ethnicity = 8, Western European 0.0149 

 (0.0202) 

ethnicity = 9, African -0.0589 

 (0.0527) 

ethnicity = 10, Japanese -0.0126 

 (0.0156) 

ethnicity = 11, Bars -0.135*** 

 (0.0205) 

ethnicity = 12, Other -0.0442* 

 (0.0259) 

ethnicity = 13, Asian (Other) 0.0266 

 (0.0297) 

score -0.0255*** 

 (0.000408) 

cost = 1 -0.00480 

 (0.00805) 

cost = 2 -0.245*** 

 (0.0218) 

cost = 3 -0.234*** 

 (0.0495) 

Inspector = 2 0.412*** 
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Table 10. (cont.) 

 (1)                              (2) 

 

VARIABLES Number of 

Inspections 

  

 

 (0.0641) 

Inspector = 3 0.228*** 

 (0.0637) 

Inspector = 4 0.267*** 

 (0.0665) 

Inspector = 5 0.117* 

 (0.0675) 

Inspector = 6 -0.217*** 

 (0.0682) 

Inspector = 7 0.0172 

 (0.0627) 

Inspector = 8 0.393*** 

 (0.0643) 

Inspector = 9 0.0848 

 (0.0652) 

Inspector = 10 0.232*** 

 (0.0679) 

Inspector = 11 0.220*** 

 (0.0657) 

Inspector = 12 0.414*** 

 (0.0620) 

Inspector = 13 0.128** 

 (0.0643) 

Inspector = 14 0.0951 

 (0.0580) 

Inspector = 15 0.413*** 

 (0.0727) 

Inspector = 16 0.187*** 

 (0.0684) 

Inspector = 17 -0.146** 

 (0.0664) 

Inspector = 18 0.134 

 (0.123) 

Inspector = 19 -0.000140 

 (0.0560) 

Inspector = 20 0.211*** 
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Table 10. (cont.) 

 (1)                              (2) 

 

VARIABLES Number of 

Inspections 

  

 

 (0.0605) 

Inspector = 21 -0.0772 

 (0.0659) 

Inspector = 22 0.548*** 

 (0.0626) 

Inspector = 23 -0.235*** 

 (0.0806) 

Inspector = 24 -0.0458 

 (0.0674) 

Inspector = 25 0.200*** 

 (0.0524) 

Inspector = 26 0.109* 

 (0.0607) 

Inspector = 28 -0.186** 

 (0.0816) 

Inspector = 29 0.00926 

 (0.0654) 

Inspector = 30 0.285*** 

 (0.0778) 

Inspector = 31 -0.144** 

 (0.0668) 

date -0*** 

 (0) 

rating -0.0850*** 

 (0.00684) 

zipcode = 94015 -0.0919 

 (0.708) 

zipcode = 94017 0.196 

 (0.518) 

zipcode = 94019 0.721 

 (0.495) 

zipcode = 94101 0.335 

 (0.426) 

zipcode = 94102 0.351 

 (0.409) 

zipcode = 94103 0.257 
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Table 10. (cont.) 

 (1)                              (2) 

 

VARIABLES Number of 

Inspections 

  

 

 (0.410) 

zipcode = 94104 0.163 

 (0.411) 

zipcode = 94105 -0.0188 

 (0.414) 

zipcode = 94107 0.222 

 (0.410) 

zipcode = 94108 0.400 

 (0.410) 

zipcode = 94109 0.601 

 (0.410) 

zipcode = 94110 0.164 

 (0.411) 

zipcode = 94111 0.264 

 (0.410) 

zipcode = 94112 0.294 

 (0.413) 

zipcode = 94114 0.253 

 (0.411) 

zipcode = 94115 0.537 

 (0.411) 

zipcode = 94116 0.426 

 (0.411) 

zipcode = 94117 0.248 

 (0.411) 

zipcode = 94118 0.293 

 (0.411) 

zipcode = 94121 0.389 

 (0.411) 

zipcode = 94122 0.383 

 (0.411) 

zipcode = 94123 0.497 

 (0.410) 

zipcode = 94124 0.152 

 (0.413) 

zipcode = 94127 0.217 
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Table 10. (cont.) 

 (1)                              (2) 

 

VARIABLES Number of 

Inspections 

  

 

 (0.412) 

zipcode = 94129 0.585 

 (0.420) 

zipcode = 94130 -0.652 

 (0.518) 

zipcode = 94131 0.223 

 (0.413) 

zipcode = 94132 0.0734 

 (0.413) 

zipcode = 94133 0.483 

 (0.409) 

zipcode = 94134 0.205 

 (0.414) 

zipcode = 94143 0.0769 

 (0.454) 

zipcode = 94158 0.0894 

 (0.442) 

Constant 7.055*** 

 (0.468) 

  

Observations 11,159 
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Table 11: Auxiliary Tobit Regression (estimates are substantially similar to OLS with only 20 

left censored observations) 

 (1) (2) 

VARIABLES Full Tobit 

model 

sigma 

   

date -0***  

 (0)  

inspection_num -0.412***  

 (0.0125)  

rating 0.433***  

 (0.141)  

ethnicity = 1, Fast Food -0.122  

 (0.429)  

ethnicity = 2, Mexican -1.442***  

 (0.334)  

ethnicity = 3, Chinese -6.197***  

 (0.240)  

ethnicity = 4, South Asian -3.564***  

 (0.274)  

ethnicity = 5, Italian 0.856***  

 (0.284)  

ethnicity = 6, Mediterranean -0.868*  

 (0.522)  

ethnicity = 7, Latin -1.051**  

 (0.527)  

ethnicity = 8, Western European 0.873**  

 (0.386)  

ethnicity = 9, African 0.773  

 (0.976)  

ethnicity = 10, Japanese -2.369***  

 (0.313)  

ethnicity = 11, Bars 0.284  

 (0.379)  

ethnicity = 12, Other 0.549  

 (0.472)  

ethnicity = 13, Asian (Other) -4.179***  

 (0.615)  

cost = 1 -1.071***  

 (0.168)  

cost = 2 0.763**  

 (0.378)  

cost = 3 3.707***  
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Table 11. (cont.) 

 (1) (2) 

VARIABLES Full Tobit 

model 

sigma 

   

 

 (0.792)  

zipcode = 94015 1.719  

 (9.221)  

zipcode = 94017 -32.07***  

 (9.221)  

zipcode = 94019 -8.830  

 (7.554)  

zipcode = 94101 -10.77*  

 (5.929)  

zipcode = 94102 -8.563  

 (5.344)  

zipcode = 94103 -8.367  

 (5.356)  

zipcode = 94104 -8.484  

 (5.389)  

zipcode = 94105 -8.072  

 (5.424)  

zipcode = 94107 -7.011  

 (5.365)  

zipcode = 94108 -8.661  

 (5.351)  

zipcode = 94109 -11.06**  

 (5.356)  

zipcode = 94110 -7.920  

 (5.374)  

zipcode = 94111 -8.692  

 (5.369)  

zipcode = 94112 -5.876  

 (5.448)  

zipcode = 94114 -7.591  

 (5.383)  

zipcode = 94115 -10.87**  

 (5.376)  

zipcode = 94116 -8.282  

 (5.403)  

zipcode = 94117 -8.663  
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Table 11. (cont.) 

 (1) (2) 

VARIABLES Full Tobit 

model 

sigma 

   

 

 (5.375)  

zipcode = 94118 -8.455  

 (5.382)  

zipcode = 94121 -9.859*  

 (5.386)  

zipcode = 94122 -8.179  

 (5.383)  

zipcode = 94123 -8.261  

 (5.378)  

zipcode = 94124 -5.073  

 (5.413)  

zipcode = 94127 -5.098  

 (5.417)  

zipcode = 94129 -18.32***  

 (5.740)  

zipcode = 94130 -4.039  

 (6.557)  

zipcode = 94131 -8.251  

 (5.447)  

zipcode = 94132 -6.754  

 (5.431)  

zipcode = 94133 -9.968*  

 (5.342)  

zipcode = 94134 -6.887  

 (5.472)  

zipcode = 94143 4.536  

 (6.204)  

zipcode = 94158 -3.118  

 (5.902)  

Inspector = 2 2.184*  

 (1.140)  

Inspector = 3 1.087  

 (1.123)  

Inspector = 4 1.648  

 (1.201)  

Inspector = 5 -0.111  
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Table 11. (cont.) 

 (1) (2) 

VARIABLES Full Tobit 

model 

sigma 

   

 

 (1.181)  

Inspector = 6 -5.979***  

 (1.218)  

Inspector = 7 0.648  

 (1.049)  

Inspector = 8 1.968*  

 (1.154)  

Inspector = 9 3.349***  

 (1.154)  

Inspector = 10 -0.0244  

 (1.218)  

Inspector = 11 0.751  

 (1.176)  

Inspector = 12 1.675  

 (1.082)  

Inspector = 13 -2.000*  

 (1.135)  

Inspector = 14 0.215  

 (0.981)  

Inspector = 15 3.483***  

 (1.311)  

Inspector = 16 1.998  

 (1.242)  

Inspector = 17 -6.027***  

 (1.177)  

Inspector = 18 0.494  

 (2.246)  

Inspector = 19 -1.951**  

 (0.941)  

Inspector = 20 2.272**  

 (1.044)  

Inspector = 21 -0.293  

 (1.155)  

Inspector = 22 1.910*  

 (1.096)  

Inspector = 23 0.490  
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Table 11. (cont.) 

 (1) (2) 

VARIABLES Full Tobit 

model 

sigma 

   

 

 (1.213)  

Inspector = 24 -1.248  

 (1.212)  

Inspector = 25 -3.549***  

 (0.895)  

Inspector = 26 -3.243***  

 (1.061)  

Inspector = 28 9.529***  

 (1.342)  

Inspector = 29 0.805  

 (1.145)  

Inspector = 30 -1.484  

 (1.421)  

Inspector = 31 3.522***  

 (1.163)  

Constant 158.7*** 7.511*** 

 (6.954) (0.0504) 

   

Observations 11,159 11,159 
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