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Abstract

Essays in Applied Microeconomics of

Decision Making Under Uncertainty

by

Xhulio Uruci

My dissertation consists of three chapters on discrimination, social media, and im-

migration, enriching the empirical literature of economic decision-making under risk and

uncertainty.

Chapter 1 explores the relative roles of beliefs and prejudice in the early weeks of

the COVID-19 pandemic. Neither beliefs nor preferences are observed in most studies of

discrimination, making it hard to discern the underlying motive. This study overcomes

the challenge by testing two plausible motives in consumer discrimination following the

first case of COVID-19. Did consumers avoid Chinese restaurants due to belief-based

concerns over virus risks or due to anti-Chinese sentiment? Using foot-traffic data on the

universe of US restaurants, I exploit variation in service type to capture perceived health

risks and variation in the ethnic mix of customers to capture anti-Chinese sentiment.

I find strong evidence consistent with belief-based discrimination and inconsistent with

taste-based discrimination.

Chapter 2 is closely related to Chapter 1 and examines the role of social media within

the same observational setting. Specifically, this paper explores the role of social media in

demand changes for restaurants following the first case of COVID-19. Using data on foot-

traffic to the universe of US restaurants and Twitter data, I develop a novel identification
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strategy and exploit plausibly exogenous spatial variation in pre-covid Twitter usage to

find that counties where Covid was a more salient topic of conversation on Twitter

saw greater reduction in demand for Chinese restaurants relative to other restaurants.

Placebo tests support the results, indicating a causal effect of social media on off-platform

market choices.

Chapter 3 studies the destination choices of asylum applicants. I use the destination

choices of migrants who arrive under different statuses as a plausible counterfactual to

estimate the effect of grant rates (recognition rates) on the share of applications for

asylum received by a destination country. Using a relative discrete choice model, I

find a robust estimate of a 6.5 percent increase in the share of applications received

by destination countries in response to a 10 percentage point increase from the mean

grant rate. This approach may provide applied researchers with a simple and convenient

method to attain estimates in other settings.
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Chapter 1

Animus or Beliefs? Consumer

Discrimination In Uncertain Times

1.1 Introduction

A growing strand of the discrimination literature highlights the importance of belief

accuracy when distinguishing taste (preference-based) vs. statistical (belief-based) dis-

crimination (Arnold, Dobbie and Yang 2018; Bohren et al. 2022; Bordalo et al. 2016,

2019; Coffman, Exley and Niederle 2021; Hedegaard and Tyran 2018). In the conven-

tional dichotomy between taste- and accurate statistical-discrimination, the researcher

compares differences in outcomes with differences in productivity across groups to deter-

mine the extent of each type. However, allowing for discriminators to hold inaccurate

beliefs leads to an identification challenge. If, for example, the set of tastes and set of

beliefs lie in two different continuums, then many combinations of tastes and false beliefs

can result in the same outcome, preventing the researcher from discerning the underlying
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motive. Discerning between the two is important because belief-based discrimination

can be mitigated with the provision of correct information whereas taste-based discrim-

ination generally cannot. Researchers have therefore relied on experimental studies that

manipulate the provision of information to tease out the type (Bertrand and Duflo 2017).

Evidence from natural and more representative settings, however, remains scarce.1

In this paper, I present evidence on the relative roles of beliefs and tastes from a

natural experiment that affected the entire restaurant-going US population. Using GPS

foot-traffic data, I examine the change in demand for restaurants immediately following

the first case of COVID-19 (covid) in the US. I use the covid announcement as the ex-

ogenous event that made restaurant-goers susceptible to the belief that Chinese restau-

rants carry a greater risk of infection, prompting greater aversion to visiting Chinese

restaurants than to visiting other restaurants. An identification challenge arises because

consumers may have also developed anti-Chinese sentiment (animus) that is unrelated to

health concerns, such as blaming Chinese people for the virus, and neither health-related

concerns nor anti-Chinese sentiment is observed.2

To overcome this challenge, I adopt an identification strategy based on a simple

intuition of how motives translate into restaurant choice. A belief-driven discriminator,

motivated by health concerns, discriminates only against Chinese restaurants with an

elcoevated perceived risk of infection, whereas a taste-driven discriminator, motivated

by anti-Chinese sentiment, discriminates against all Chinese restaurants regardless of

perceived risk. Accordingly, if discrimination is belief-based, it would be strongest among

1For example, few if any resume audit studies construct a broadly representative sample of resumes
and also manipulate the accuracy of information in the resumes.

2Several reports and studies document a rise in anti-Asian hate crimes and online sentiment shortly
after the covid announcement (Cable News Network 2020; Department of Justice 2021; Dipoppa, Gross-
man and Zonszein 2021; Huang et al. 2023; Time Magazine 2020).
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restaurants with the highest perceived risk. On the other hand, discrimination among

restaurants with the lowest perceived risk is more likely to be taste-based.

To capture perceived health risk, I use variation in restaurant service type, which is

measured by the pre-covid share of visitors with a prolonged duration of stay. Whereas

concerns over food-borne transmission (beliefs) and anti-Chinese sentiment (tastes) may

be common to all Chinese restaurants, concerns over air-borne transmission (beliefs)

would fall only on dine-ins, which require a prolonged stay in proximity to restaurant

staff and customers. For this reason, the covid announcement made dine-ins appear

riskier than take-outs. Consistent with a belief-based motive and inconsistent with an

taste-based motive, I find discrimination against Chinese dine-ins but not take-outs,

indicating that restaurant-goers were worried about air-borne transmission at Chinese

restaurants.

One may be concerned that consumers who avoided Chinese dine-ins were acting on

anti-Chinese sentiment because the covid announcement hardened their predisposition

to “like the food but not the people.” I provide three results that show this is unlikely.

The first result exploits variation in the ethnic mix of a restaurant’s pre-covid clientele.

Following the covid announcement, Chinese customers became more reluctant to visit

restaurants that typically have a large Chinese clientele, whereas non-Chinese customers

did not—a result that holds at both Chinese and non-Chinese restaurants. This suggests

that Chinese customers developed broadly-based beliefs over health risks from interact-

ing with other Chinese customers, whereas non-Chinese customers did not develop broad

beliefs nor taste-based aversion to interacting with Chinese customers. The second re-

sult comes from variation by service type. Following the covid announcement, Chinese

customers became just as likely as non-Chinese customers to avoid Chinese dine-ins,
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indicating both customer types developed heightened concerns over air-borne risks.

The third result exploits variation by cuisine and highlights a local salience effect.

Following new cases in a county, consumers discriminated against Chinese, other Asian,

and European restaurants, but not against Latin American restaurants. Since reported

cases were rising in China, other Asian countries, and Europe, but not in Latin America

during the period I study, this response is consistent with concerns that foreigners were

bringing the virus to own-group restaurants in the US. As before, this finding aligns with

beliefs over virus risks rather than taste-based motives, which would be directed solely

at Chinese or other Asian restaurants.

I use SafeGraph’s GPS foot-traffic data on over 40 million smart-phone users to

measure restaurant-goer’s response to the January 20, 2020 confirmation of the first US

case (SafeGraph 2022). The baseline specification employs a triple-differences (DDD)

estimation strategy where the consumer response to the covid announcement is estimated

as the change in log visits from the seven weeks before January 20 to the seven weeks

after—a unique period during which consumers became aware of the virus but no policies

had yet been announced that would restrict their restaurant choices. In the second

difference, I compare visits in the current year, December 2019 – March 2020, to the

prior year, December 2018 – March 2019, which differences out seasonal variation in

cuisine preferences. I then take the third difference across cuisines to estimate consumer

discrimination.

To measure service and clientele, I rely on the breadth and detail of the data, which

includes weekly detail on the count, duration, and home origin of visits to the universe

of full-service and limited-service restaurants. I use the share of pre-covid visits that last

between 21 minutes and 2 hours, defined as the dine-share, as a continuous measure of
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service type, and this is interacted with DDD indicator variables to estimate the differen-

tial response by service type. To measure the ethnic composition of restaurant clientele,

I allocate pre-covid visits to customer types based on the ethnic composition of visitor

home census tracts, and construct a restaurant’s typical Chinese-share of customers.

The baseline framework finds no discrimination against Chinese take-outs following

the covid announcement. In contrast, consumers reduced visits to Chinese dine-ins by

8.1 percentage points more than to other dine-ins. Among Chinese customers, this

estimate rises to 12.8 percentage points. After allowing for heterogeneity in beliefs and

anti-Chinese sentiment at different cuisines, I show in an extended framework that any

scenario where non-Chinese customers exhibited taste-based discrimination would need

to take a highly particular form that is not reflected in demand changes: it cannot come

from a reduced willingness to do business with Chinese restaurants, nor from aversion to

brief interactions with Chinese customers (e.g. a take-out order), nor from aversion to

prolonged interactions with Chinese customers (e.g. dining-in).

The central contribution of this paper is to test the relative roles of belief-driven and

taste-driven discrimination in a fully observational, natural setting involving millions of

US consumers. Bohren et al. (2022) conduct a literature review of top 10 economics

journals from 1990 to 2018 and find that although there were 105 papers published

on discrimination broadly, seven studies measure beliefs and just one tests for belief

accuracy in a quasi-experimental setting.3 Furthermore, past studies generally examine

static settings whereby outcomes and productivities are measured in levels, requiring a

3Arnold, Dobbie and Yang (2018) find suggestive evidence of inaccurate statistical discrimination in
bail decisions. Other studies measuring beliefs include Agan and Starr (2018); Beaman et al. (2009);
Fershtman and Gneezy (2001); Hedegaard and Tyran (2018); List (2004); Mobius and Rosenblat (2006).
Related studies include Carlana (2019); Coffman, Exley and Niederle (2021); Kline, Rose and Walters
(2022) and Mengel, Sauermann and Zolitz (2019).
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test of belief accuracy to determine the extent of each motive.4 This paper differs from

most prior studies by examining a highly dynamic and uncertain setting whereby an

exogenous shock associated with a particular ethnic group prompted a discriminatory

change in behavior. As such, this study shows that examining changes in behavior does

not necessarily require testing belief accuracy in order to identify the underlying motive.

To the extent that beliefs over cuisine-specific risks were exaggerated, such beliefs may

have formed due to cognitive biases such as representative heuristics, whereby restaurant-

goers overestimated the additional probability of infection at Chinese restaurants (Bor-

dalo et al. 2016). Another possible bias is representative signal distortion, whereby

greater salience of covid made safety concerns more important when evaluating Chi-

nese restaurants than when evaluating other restaurants (Esponda, Oprea and Yuksel

2023). Although effectively providing accurate information can be challenging in uncer-

tain times, the results in this study suggest that doing so has the potential to mitigate

discriminatory responses in highly dynamic settings like the one I study.

I also extend the literature on consumer discrimination in response to adverse events

(Bartoš et al. 2021; Nardotto and Sequeira 2021; Pandya and Venkatesan 2016) and

scapegoating during a crisis (Bursztyn et al. 2022b). Contemporaneous work by Yi

(2023) also uses SafeGraph data to find discrimination against Chinese restaurants in

the early weeks of the covid announcement, but focuses on a different research question

relating to the economic consequences for Chinese restaurants and the association with

local racial/ethnic diversity and political affiliation. Related, Huang et al. (2023) uses

SafeGraph data but a longer time frame, until after the lockdowns and political influ-

4For example, past studies have provided evidence of consumer discrimination based on the race of
salespersons (Doleac and Stein 2013), the race of front-end employees (Holzer and Ihlanfeldt 1998), and
the race of the athletes (Kanazawa and Funk 2001).
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ence engulfed the national dialogue, to examine the economic costs of discrimination.5

Also related is Luca, Pronkina and Rossi (2022) who find declines in Airbnb ratings for

listings associated with Asian named hosts relative to other hosts following the covid

announcement.

The remainder of this paper is organized as follows. Section 1 describes the observa-

tional setting and data. Sections 2 and 3 outline the baseline and extended frameworks

and provide the central results. Section 4 discusses belief accuracy. Section 5 concludes

with a brief discussion of the results.

1.2 Observational Setting

On January 20, 2020, the Center for Disease Control (CDC) confirmed the first case of

covid in the US (Center for Disease Control 2020).6 The following seven week period

ending on March 8 exhibits several important features that allow us to test for alternate

motives in demand changes for restaurants.

The first feature is that prior to March 8, no policies had yet been announced that

would restrict restaurant choice. Consumers were therefore free to make unrestricted

market choices but with new information on the presence of the virus. Second, the virus

was a major topic of public concern. As shown in Figure I, “coronavirus” was the most

searched word on Google during this period, surpassing “trump”, who was undergoing

an impeachment trial (Google 2022).

5While both studies discuss the different motives underlying consumer discrimination, they do not
directly test for them using consumer outcomes, instead focusing on economic consequences or relying
on survey data conducted in later phases of the pandemic.

6The first positive test was confirmed on Monday, January 20 and the announcement was made the
following day. I consider the week starting on January 20th as the first treatment week.
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Figure 1.1: Google Trends Search Intensity, December 2019 - March 2020
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Note: Observational period in shaded region. The figure displays the Google Trends search intensity of “trump”
and “coronavirus” between December 2019 - March 2020 (left axis) and the number of reported covid cases in
the US, in thousands (right axis). The search intensity is normalized to the time period and scaled to a range
of 0 to 100. The peak search for “trump” occurred on December 19, 2019, the day after Trump’s impeachment
by the House of Representatives. The maximum search intensity for “coronavirus”, occurring on March 8,
is approximately 85% of that of “trump” on December 19. Coronaviruses are a group of viruses that cause
respiratory illnesses and are generally transmitted through close personal contact. Despite the official name of
“COVID-19” announced on February 11, “coronavirus” was the top searched topic in the seven week period
after the CDC announcement.

Third, this period lacks the influence of high-profile political figures using terms that

pointedly associate the virus to Chinese people. For example, Donald Trump’s use of

“Chinese virus,” “Wuhan virus,” or “Kung Flu” did not first occur until March 16, and

the first instance of any US politician to use such terms was on March 6 (Cao, Lindo and

Zhong 2022; Huang et al. 2023). This suggests that the growing prominence of covid in

news or on social media was a result of updates reported by health organizations that

generated organic public dialogue rather than instigated by political figures. Neverthe-

less, it is crucial to acknowledge the rise in anti-Asian hate incidents during this time,
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indicating potential for such sentiment among consumers. In Appendix table A.1.1, I list

key events during and immediately after the observational period.

Finally, covid cases remained low in the US during this time whereas cases in China

had already spiked, as shown in Appendix table A.1.2, which fortifies the association of

the virus with China. Cases were also rising in other parts of Asia and Europe, but not in

Latin America, which provides cross-cuisine variation in perceived health risks of foreign

restaurants.

Restaurants offer two important sources of variation that, during this unique period,

allow us to directly map covid-induced beliefs and covid-induced anti-Chinese sentiment

to consumer outcomes. First, restaurants provide varying degrees of service, so the

product purchased may include only a good (food) in the case of take-outs or both a

good and an in-person—and time-requiring—service in the case of dine-ins. Since the

covid announcement had the immediate consequence of elevating the perceived health

risks of in-person interactions, variation in services generates variation in the perceived

health risks of restaurant visits, which can be used to detect a belief-based response. On

the other hand, variation in the ethnic composition of the restaurant’s clientele generates

variation in potential for anti-Chinese sentiment.

In light of these defining characteristics, this brief window is uniquely suited to study

a natural consumer reaction to an event that distinctly associates ethnically differentiated

products and services with elevated health risks due to the geographic origin of a novel

virus.

9
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1.2.1 SafeGraph Data

The SafeGraph data comes in two sets called Places and Patterns for the universe of

full-service and limited-service establishments. Places contains descriptive variables on

each restaurant, including its name, location, open and close dates, and a description

of the restaurant, with labels such as “Chinese”, “Dinner”, “Food Truck”, and “Late

Night”. Using these labels, I classify restaurants into five broad cuisines: Chinese, Asian

(non-Chinese), American, Latin, and European. I keep establishments that can be con-

sidered conventional restaurants and remove those with an ambiguous cuisine group, but

otherwise classify restaurants as American if they do not suggest another major group.

This restriction, which removes 22% of restaurants, is adopted because a strong and clear

association between cuisine type and ethnicity is necessary to test for alternate motives.

The Patterns data provides a weekly panel of visit counts to each restaurant. I obtain

data for the time periods December 3, 2018 - March 10, 2019 and December 2, 2019 -

March 8, 2020.7 For the remainder of the paper, “2019” will refer to the former period

and “2020” will refer to the latter period. This way, there are three pre-treatment periods

and one post-treatment period. In addition to visit counts, this data set also provides

a seven-bucket distribution of dwell times and a distribution of visitor counts by home

census tract.8 I use the 2020 pre-treatment period to construct a continuous measure of

7Thanksgiving occurred one week prior in 2019 but two weeks prior in 2018, making the last two
weeks of November less comparable between the two years.

8Throughout the analysis, I use state-weighted total visits provided by SafeGraph. This measure
reweighs raw (GPS detected) visits based on the number of detected devices at the census block group
level and SafeGraph’s state sampling rate. More information on reweighting can be found in Chong
(2021). For each observation, duration is provided as a count of visits that last for less than 5 minutes,
5-10 minutes, 11-20 minutes, 21-60 minutes, 61-120 minutes, 121-240 minutes, and 241+ minutes. Visitor
origin is provided similarly for each home census tract. SafeGraph’s data is highly representative of the
overall population, as shown by Squire (2019).

10
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Table 1.1: Summary Statistics of Restaurant Visits

Cuisine Dine Share Mean Visits Close Rate (%) Restaurants Obs.
2019 2020 Post-2020

American 0-20 88.3 111.2 0.37 32,537 910,189
20-40 78.6 96.8 0.54 97,207 2,718,777
40-60 71.4 87.3 0.66 57,230 1,600,289
60-100 103.4 127.0 0.30 31,932 893,311

Asian 0-20 34.4 38.2 1.00 1,596 44,580
20-40 48.6 53.4 0.89 9,856 275,430
40-60 53.3 59.9 0.69 14,101 394,297
60-100 60.7 72.9 0.35 6,212 173,744

Chinese 0-20 40.1 42.0 1.27 1,962 54,812
20-40 53.0 58.3 0.72 11,277 315,281
40-60 51.7 61.0 0.44 8,188 228,986
60-100 59.3 70.5 0.30 2,688 75,202

European 0-20 35.2 40.0 1.36 1,541 43,019
20-40 49.3 55.0 1.04 8,979 250,913
40-60 58.2 68.2 0.55 12,086 338,023
60-100 102.3 125.8 0.29 4,887 136,685

Latin 0-20 63.6 78.1 0.72 8,519 238,130
20-40 66.4 75.4 0.61 31,527 881,725
40-60 64.2 73.8 0.69 20,528 574,034
60-100 84.3 105.3 0.27 10,605 296,700

Sample All 73.3 88.5 0.56 373,458 10,444,127

Note: The table provides summary statistics of the SafeGraph data, displaying for each cuisine by dine group
the average weekly recorded raw visits, the percent of restaurants that closed between January 20 and March
8, 2020, counts of restaurants, and total restaurant-week observations. The close rate is calculated using the
“closed on” date variable in the data. The higher visit count in 2020 is due to an increase in the pool of
smartphone devices that SafeGraph tracked over the year, which is accounted for in the state-weighted visits
and in all triple difference models.

service type: dine-share is defined as the share of visits lasting 21-120 minutes.9 The

Chinese-share variable is constructed similarly, using population data on the home census

tracts of visitors in the 2020 pre-treatment period.10 Finally, I keep restaurants with at

least 40 raw visits in each of the three pre-treatment periods.11

The resulting sample includes 373,458 limited or full service establishments that were

9Visits lasting over two hours are likely employees.
10The home tract is based on the typical location of the phone during nighttime hours (6pm - 7am).

I use the 2019 ACS 5-year census tract estimates of the Chinese and total population to calculate the
Chinese share of visitors for each restaurant-week-tract over the entire seven week pre-treatment period.

11Restaurants with few detected visits are unlikely to accurately measure dine share and Chinese share
or may be less precisely comparable across the three pre-treatment periods. This restriction removes
14% of restaurants before cuisine assignment.
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open on January 20 and 1) are conventional restaurants, 2) are unambiguously classified

into one of the five large cuisine groups, and 3) met the minimum 40 raw visits threshold

in all three pre-treatment periods. This represents approximately 73% of all limited and

full service restaurants reported by the US Census in 2019 (US Census 2019b).12

Table 1.1 provides summary statistics of the final restaurants sample, including mean

visits, the percent of restaurants that closed post-announcement, counts of restaurants,

and total observations. The low close rate indicates that restaurants did not preemptively

close in anticipation of reduced demand or due to the virus, and shows that Chinese

restaurants had similar close rates to other cuisines.

Control variables include cases in the last two weeks, the 2016 share of votes for the

Democratic party, population, population density, and the share of the population of

Chinese ancestry.13

12This also represents 67% of the unrestricted sample in the SafeGraph data, which includes limited or
full service establishments that were open on January 20 but without the remaining three restrictions. I
replicate the results using the unrestricted sample of 556,723 restaurants, and separately using raw visits
rather than re-weighted visits and the results, discussed in Appendix subsection 1.4.2, remain broadly
similar.

13Data on reported covid cases is provided by New York Times (2022) and includes the cumulative
reported covid cases for each county-day. I take one plus the count of new cases in the prior two weeks,
in logs, as the primary control variable. This data set does not distinguish the five counties of New York.
I group these counties into one county representing New York City throughout the analysis. I obtain the
county share of 2016 Democratic party votes from MIT Election Data and Science via Harvard Dataverse
(2023), and this variable is centered at 0.5. I obtain data on the 2018 and 2019 county populations and
population density from the US Census and ACS 2019 5-Year Sample (US Census 2019a; Ruggles et al.
2023). I use the 2015-2019 American Community Survey to construct the county level Chinese ancestry
share of the population, which is limited to the population aged 16 and over.
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1.3 Baseline Framework

1.3.1 Model

Belief-based discrimination due to the covid announcement is defined as differential

changes in demand for cuisine types due to differences in perceived risk of infection.

This may arise due to cognitive biases such as representative heuristics or representative

signal distortion. As the consumer expects a longer stay from a visit, a belief-based

discriminator assigns an even greater risk of infection if it were a Chinese restaurant due

to additional concern over air-borne transmission. If they expect to spend little time,

then concerns are limited to food-borne transmission. Conditional on the consumer’s

pre-covid cuisine preferences, a belief-based discriminator has relatively lower expected

utility from a potential visit to a Chinese restaurants as the perceived risk of infection

rises.

Taste-based discrimination due to the covid announcement is defined as differential

changes in demand for cuisine types due to the associated ethnicity, independently of per-

ceived risk of infection. This is distinct from the consumer’s pre-covid cuisine preferences.

Instead, this represents new anti-Chinese sentiment induced by the covid announcement

that reduces the consumer’s utility from a restaurant visit.14 This may come in the form

of animus, such as reduced willingness to do business with any Chinese restaurants, or in

the form of a reluctance to interact with Chinese people. The taste-based discriminator

14Generally, cuisine preferences change gradually and are unlikely to have changed meaningfully in the
absence of the covid announcement within a seven week period. As such, sharp declines in restaurant
demand immediately following the covid announcement can be explained by concerns over virus trans-
mission or by anti-Chinese sentiment, but not due to declines in the utility that consumers typically
derive from a particular cuisine.
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therefore avoids all Chinese restaurants or avoids any restaurant with a greater chance

of interacting with Chinese people, including at non-Chinese restaurants.

The decline in demand for non-Chinese take-outs will represent aversion to restaurant-

cooked food caused by the announcement due to concerns over food-borne transmission,

which I denote F . While it was eventually determined that covid was not significantly

transmitted through food, this was not known during the observational period, meaning

this effect can be interpreted as ex-post inaccurate beliefs about the health risks of eating

restaurant-cooked food. Second is the additional decline in demand for dine-ins, which

represents aversion to sitting in a restaurant due to concerns over air-borne transmission

and is denoted A. Since it was eventually determined that covid can be transmitted this

way, this parameter constitutes ex-post accurate beliefs about the health risks of sitting in

a restaurant for a prolonged period of time. As many restaurants offer a mix of take-out

and dine-in options, A depends on the restaurant’s service type, which is proxied with

the continuous measure of dine-share, d ∈ [0, 1].

I define an additional decline in demand for Chinese restaurants as discrimination of

some form. Discrimination against take-outs can be explained by a combination of 1) ex-

post inaccurate beliefs that Chinese food was more likely to transmit the virus, denoted

FC , and 2) a taste-based decline in the willingness to do business with Chinese restau-

rants, denoted δC0 .
15 Although the data does not allow me to distinguish between these

two, together they make up a third parameter of interest. Finally, the additional covid-

induced aversion to sitting in a Chinese restaurant for a prolonged period of time can

15Past studies have found evidence of discrimination in the form of lower willingness to do business.
Dulleck, Fooken and He (2020) find experimental evidence of preference-based discrimination arising
as a reduction in the willingness to compensate labor. Hedegaard and Tyran (2018) directly test for
the “price of prejudice” in a field experiment that manipulates the monetary cost of discriminatory
preferences.
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be explained by 1) concerns over air-borne transmission, denoted AC , and 2) reluctance

to share space with Chinese people, denoted δCd . Expected utility of a restaurant visit

after the covid announcement is a function of utility prior to the announcement and the

outlined response parameters, and is captured in equations 1.1a and 1.1b for non-Chinese

(N) and Chinese (C) restaurants, respectively. The corresponding model of discrimina-

tion in response to the covid announcement translates to a difference-in-differences in

expected utility.

E(U)Npost = UN
pre + F + A× d (1.1a)

E(U)Cpost = UC
pre + F + (FC + δC0 ) + (A+ AC + δCd )× d (1.1b)

DC ≡ ∆E(U)C−N = (FC + δC0 ) + (AC + δCd )× d (1.2)

Equation 1.2 displays the baseline linear model of discrimination with intercept (FC+

δC0 ) and slope (AC + δCd ), which provide two estimated coefficients. To identify belief-

based discrimination, it is necessary to rule out both taste-based parameters, δC0 and δCd .

The identification challenge is that neither parameter can be separated from their belief-

based counterparts, FC and AC . Fortunately, it is unlikely for consumers to have believed

that Chinese food became safer relative to other restaurant food, meaning FC ≤ 0. This

allows for pinning down δC0 to 0 by finding no discriminatory response toward Chinese

take-outs. Specifically, we can rule out a taste-based reduced willingness to do business

by finding a null value for the combined parameter FC + δC0 because FC is non-positive.

The second parameter, δCd , remains conjoined with beliefs over air-borne risks and

cannot be ruled out in this baseline framework. I address this in the following sec-
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tion, which extends this model by allowing for greater heterogeneity in belief-based and

taste-based responses. However, this baseline model, while limited, serves as a simple

framework that can provide suggestive evidence of which motive is likely driving the

overall consumer response.

1.3.2 Empirical Strategy

The triple-differences estimation strategy will compare, in the first two differences, vis-

its to Chinese restaurants after the covid announcement relative to before and in the

current year relative to the prior year. In the third difference, it compares the con-

sumer response across cuisines. The DDD framework is preferred over the standard

difference-in-differences (DID) framework in order to account for seasonal trends in con-

sumer preferences, such as increased demand for Chinese food on Christmas.16

We can interpret the DDD strategy as follows: given that a conventional DID model

using other cuisine types as the control group may not account for seasonal variation in

consumer preferences, such differences are netted out by first controlling for each cuisine’s

demand in the prior year, when there was no covid. This is equivalent to first adopting

a conventional DID framework, separately for each cuisine, that interacts indicators for

post-treatment and year, and includes control variables. Then, in the third difference,

cuisine type is interacted with all right-hand-side variables, which will result in a DDD

model that has removed cuisine-specific seasonal variation. As such, the identifying

assumption in the DDD is that seasonal variation may differ across cuisines but is similar

16Christmas and New Year each occurred within the same observational week in 2020 relative to 2019.
The Chinese New Year occurred on different weeks in 2020 (February 5) relative to 2019 (January 25),
but occurred within the post-treatment period in both years.
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within cuisines between 2020 and 2019 (Gruber 1994; Olden and Møen 2022).

log(visits)r,i,j,k,c = β̃1Posti × 2020j

+ β̃2Posti × 2020j × Chinesek

+Wi,j,kµ+Xi,j,cγ + ηk,c + ϵr,i,j,k,c (1.3)

I estimate equation 1.3 with county-cuisine fixed effects, separately for six partitions

of restaurant dine-share. The subscripts index restaurant r, week i, year j, cuisine k, and

county c, and visits are measured in logs. Each estimated coefficient can be approximated

as a percentage change in visits due to a one unit increase in the explanatory variable. The

model includes the remaining full set of DDD interactions in W and control variables

in X.17 Finally, the model includes county-cuisine fixed effects to ensure it has the

interpretation of a difference of DID models. These fixed effects capture time-invariant

characteristics common to each cuisine within a county. Under the DDD identifying

assumption of a constant difference in parallel trends, β̃1 represents the impact of the

covid announcement on demand for the control group and β̃2 represents the additional

impact of the covid announcement on demand for Chinese restaurants.

17The remaining set of DDD variables include Post, 2020, Post×Chinese, and 2020×Chinese. The
uninteracted indicator, Chinese, is absorbed by the fixed effects. Other than covid cases, which vary by
county-week and are imputed 0 in all pre-treatment observations, the remaining controls vary by county
or by county-year. These controls enter the model as interactions with Post × 2020 and additionally
as interactions with Post × 2020 × Chinese to control for differential covid-induced responses to local
characteristics for Chinese and non-Chinese restaurants.
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Figure 1.2: Chinese Restaurant Visits, by Service Type (Reference = other cuisines)

(a) Dine Share: 0% - 20%

−0.2

−0.1

0.0

0.1

0.2

Dec
 0

2

Dec
 1

6

Dec
 3

0

Ja
n 

13

Ja
n 

27

Fe
b 

10

Fe
b 

24

Week

E
st

im
at

ed
 C

oe
ffi

ci
en

t

(b) Dine Share: 40% - 50%
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(c) Dine Share: 60% - 100%
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(d) Full Sample
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Note: The figures provide event studies associated with equation 1.3 that represents estimation of the DDD model,
separately for three partitions of dine-share: 0-20% (a), 40-50% (b), and 60-100% (c), for the full sample (d).

Figure 1.2 displays event studies associated with equation 1.3 for restaurants falling in

three dine-share groups: mostly take-out restaurants that have dine share less than 20%

(a), those with a mix of service types with dine share 40%-50% (b), and mostly dine-in

restaurants with dine share over 60% (c). The last subfigure (d) displays the event study

for the full sample, representing the approximately average dine-share restaurant. The

reference group includes all remaining cuisines, with the 95% confidence interval in gray.

The figures illustrate that the pre-treatment trends do not violate the DDD identifying
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assumption. The figures also do not indicate a relative decline in demand for Chinese

take-outs, but noticeable decline in demand for Chinese dine-ins.

The estimated coefficients of equation 1.3 are provided in Appendix table A.1.3 and

indicate that customers avoided Chinese dine-ins the most, with the coefficient on the

triple interaction increasing in dine-share. Additionally, no consumer discrimination is

detected against Chinese take-outs, as shown in the first two columns.

1.3.3 Parameter Estimates

To estimate the parameters of interest in the baseline framework, I fully interact dine-

share with the three DDD indicator variables.18 I also interact dine-share with recent

covid cases to detect the responsiveness of restaurant-goers to prolonged in-person in-

teractions after a new case is reported locally. The resulting model, shown in equation

1.4, has the benefit of capturing all discernible parameters of interest in the baseline

framework.

log(visits)r,i,j,k,c = β1Posti × 2020j

+ β2Posti × 2020j ×DineSharer

+ β3Posti × 2020j × Chinesek

+ β4Posti × 2020j ×DineSharer × Chinesek

+Wr,i,j,kµ+Xi,j,cγ + ηk,c + ϵr,i,j,k,c (1.4)

As before, each coefficient of an explanatory variable that includes Post × 2020

represents an announcement-induced response. The parameters of interest from the

18This produces 15 explanatory variables that are displayed, stored in W, or absorbed by fixed effects.
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baseline framework correspond to the coefficients of interests as FC + δC0 = β3 and

AC + δCd = β4. Since few restaurants are fully take-out or dine-in, the preferred specifica-

tion used throughout this paper demeans the dine-share (mean of 0.40) to estimate effects

for the average-service restaurant. However, only the specification where dine-share is

not demeaned can provide an estimate of (FC + δC0 ).

Table 1.2 summarizes the main results. The estimated model uses all four non-

Chinese cuisine types as the reference group, and indicates an 11.9 percentage point

decline in visits to take-outs (F ), with just a 1.9 percentage point additional decline for

dine-ins (A).19 There is no detected discrimination against Chinese take-outs, captured

by FC + δC0 = β3, whereas a significant discrimination effect of 8.1 percentage points is

detected for Chinese dine-ins, captured by AC + δCd = β4. Under the baseline framework,

the results indicate that consumers did not develop a reduced willingness to do business

with Chinese restaurants.

In Appendix table A.1.4, I provide the full set of results corresponding to equation

1.4. Columns 1-4 provide estimated coefficients that include all remaining cuisines as the

reference group to Chinese restaurants. In columns 5-8, American restaurants are the

reference group to each foreign cuisine. The coefficient on Post× 2020 is the benchmark

response parameter associated with take-outs of the reference group and is equivalent to

F = β1. When this is further interacted with the dine-share, the resulting coefficient

captures the consumer response to dine-in restaurants relative to take-outs among the

reference group, and estimates A = β2. Each estimated model shows that consumers

broadly avoided dine-ins only slightly more than take-outs.

The interaction of post-treatment with cuisine, Post × 2020 × Cuisine, provides an

19Estimates in text are adjusted from the log approximation, exp(−0.127)− 1 = −0.119.
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Table 1.2: Summary of Baseline Framework Parameters

Restaurant Theoretical Motive Estimated Coefficient
Group Parameter Type Parameter Estimate

Other Take-Outs F Beliefs β1 -0.127***
(0.003)

Other Dine-Ins A Beliefs β2 -0.019***
(0.007)

Chinese Take-Outs FC + δC0 Beliefs & Tastes β3 0.010
(0.013)

Chinese Dine-Ins AC + δCd Beliefs & Tastes β4 -0.085***
(0.029)

* p < 0.1, ** p < 0.05, *** p < 0.01
Note: The table provides estimates of the baseline framework of the consumer response to the covid an-
nouncement. F is aversion to restaurant-cooked food. A is additional aversion to sitting in a restaurant for an
extended period of time. FC is additional taste-based aversion to Chinese food. δC0 is a taste-based decline

in willingness to do business with Chinese restaurants. AC is additional belief-based aversion to sitting in a
Chinese restaurant for an extended period of time. δCd is additional taste-based aversion to sharing space with
Chinese people.

estimate of the response to the cuisine’s take-outs relative to the reference group’s take-

outs. This estimate, in the model where dine-share is not demeaned, is most likely

to detect taste-based discrimination because these Chinese restaurants are perceived

to be the least risky. Column 3 indicates no additional aversion to Chinese take-outs,

whereas the demeaned model in column 4 displays an approximately 2.3 percentage point

discrimination effect on the average Chinese restaurant in terms of service type.

Finally, the coefficient on the full interaction, Post× 2020× Cuisine×DineShare,

is most likely to capture belief-based discrimination because these restaurants are per-

ceived to be riskiest. The estimate indicates a strong aversion to Chinese dine-ins. A

discrimination effect is also detected for Asian restaurants, indicating belief spillover into

neighboring cuisines to Chinese restaurants.

As column 2 controls for covid cases without interacting with dine-share, a comparison
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with the preferred estimated model shows that local cases explain only 15-20% of health-

related concerns at Chinese dine-ins. The interaction Cases × Cuisine × DineShare

supports this: relative to American dine-ins, consumers avoided Chinese dine-ins much

more following recently reported covid cases, and this is not limited to Chinese restau-

rants. In addition to China, other Asian and European countries had rising cases by

March 8 and consumers consequently avoided these cuisine’s restaurants the most after

a new case is reported. Latin American countries had few cases during this time and

the associated restaurants were not avoided. These results suggest a strong local salience

effect: when more cases are reported locally, consumers avoided foreign restaurants that

were associated with rising cases abroad more than they avoided domestic restaurants.

1.4 Extended Framework

While the baseline model tests for taste-based discrimination in the form of a reduced

willingness to do business with Chinese restaurants, it cannot test for taste-based dis-

crimination in the form of aversion to prolonged interactions with Chinese people. To

address this, it would be useful to know how consumer demand responded to restaurants

that typically have a large Chinese clientele. It would be particularly useful to know how

Chinese and non-Chinese customers responded differently to such restaurants. If non-

Chinese customers, who have potential for anti-Chinese sentiment, responded negatively

or worse than Chinese customers, it may suggest some degree of taste-based aversion.

On the other hand, if only Chinese customers, who can only be belief-driven, responded

negatively, it would indicate their heightened concerns over interacting with other Chi-

nese people. This latter finding would also indicate an absence of a taste-based response
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among non-Chinese customers. This exercise on its own would not rule out aversion

to prolonged interactions, δCd in the baseline framework, because it does not isolate the

response specifically to Chinese dine-ins, but it would provide us with strong evidence

on the likelier motive.

log(1 + visits)r,i,j,c = δ̃1Posti × 2020j

+ δ̃2Posti × 2020j × ChineseSharer

+Wr,i,jµ+Xi,j,cγ + ηr + ϵr,i,j,c (1.5)

I adapt the DDD model from equation 1.3 by replacing the indicator for cuisine

with the continuous measure of Chinese share.20 The resulting equation 1.5 is estimated

separately for each cuisine. As Chinese restaurants and customers are concentrated in

relatively few counties, I use restaurant fixed effects instead of county fixed effects. δ̃2

represents the announcement-induced response to restaurants that, just before the covid

announcement, had a one standard deviation higher Chinese share of customers. This

can be interpreted as a covid-induced aversion to interactions with Chinese people and

tests directly for taste-based aversion under the identification strategy.

20I also transform the outcome variable by adding 1 before taking the log due to approximately 10% of
observations having no Chinese customers, as all visitors originated in fully non-Chinese census tracts.
Additionally, approximately 3% of observations do not provide a home census tract and these are omitted
(4% among Chinese restaurants). Chen and Roth (2023) emphasize that the transformation of the
outcome variable Y into log(1 + Y) cannot provide a percentage interpretation of the average treatment
effect. In this setting, there is less concern with the magnitude of the estimated coefficient of interest and
more concern with the sign. However, I find nearly identical estimates when observations with 0 visits by
Chinese customers are omitted and I simply use log(Y). Following the authors’ suggestion, I also estimate
the model using the transformation Y/X − 1, where X is the restaurant’s average weekly visits in the
pre-treatment period (see Appendix subsection 1.4.2). This alternate transformation of the outcome
can be interpreted as a precise, rather than approximate, percentage change measure. Although point
estimates differ under this alternate specification, the signs and the overall interpretation are unchanged.
However, for consistency between the two customer types and with the rest of the analysis, and to retain
as much of the original sample, I use log(1 + Y) as the preferred transformation.
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Table 1.3 displays the results and Appendix figure A.2.1 displays the associated event

studies. The table indicates that Chinese customers avoided restaurants that typically

have more Chinese customers, whereas non-Chinese customers responded positively, a

finding that holds at both Chinese and non-Chinese restaurants. On the other hand,

when a new covid case is reported nearby, both customer types avoided high Chinese-

share restaurants, as indicated by the interaction Cases× ChineseShare.

These results are important for three reasons. First, they offer strong evidence that

consumers did not develop taste-based aversion to interacting with Chinese people be-

cause non-Chinese customers did not reduce demand for restaurants that will have likely

led to interactions with Chinese customers. They also indicate that Chinese customers

developed concerns that other Chinese people were more likely to have the virus. Second,

the similar response to recent cases indicates that both customer types avoided Chinese

customers when there was a case reported, but non-Chinese customers did not avoid

Chinese customers when there wasn’t a recent case reported. Under the identification

strategy, this behavior is consistent with the belief that Chinese people are more likely

to have the virus because aversion is detected only when there was an elevated perceived

risk of infection. Finally, these results address concerns that non-Chinese customers may

be underestimating the presence of Chinese customers at non-Chinese restaurants, or

that the Chinese share is simply too low to matter; they would have accurately or over-

estimated the presence of Chinese customers at Chinese restaurants, yet they were not

deterred from visiting such restaurants following the covid announcement.

For greater assurance, I probe for distributional differences in the Chinese share across

cuisine and service types. Appendix tables A.1.5a and A.1.5b display each cuisine’s

restaurant counts and relative representation in different quantiles of the Chinese share
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distribution, separately for take-outs and dine-ins. They broadly show that the distri-

bution is highly skewed to the right for both service types and all cuisines, with only

slightly greater skew among Chinese restaurants.

1.4.1 Model

To reconcile these findings with the baseline framework, I introduce two new sets of pa-

rameters, which differ by cuisine. AN
c and AC

c represent beliefs that Chinese people are

more likely to carry the virus. δNd,c and δ
C
d,c represent changes in the willingness to share

space with Chinese people, independently of beliefs. The new taste-based parameter at

Chinese restaurants, δCd,c, absorbs the corresponding parameter from the baseline frame-

work, δCd , and depends on both the restaurant’s dine-share, d, and its Chinese-share,

c ∈ [0, 1]. The parameters enter additively into the baseline framework, resulting in the

following extended theoretical framework:

E(U)Npost = UN
pre + F + A× d+ (AN

c + δNd,c)× d× c (1.6a)

E(U)Cpost = UC
pre + F + FC + δC0 + (A+ AC)× d+ (AC

c + δCd,c)× d× c (1.6b)

Equations 1.6a and 1.6b fully allocate anti-Chinese sentiment to a decline in the

willingness to do business with a Chinese restaurant or to a decline in the willingness

to share space with Chinese people. Although the new parameters, δNd,c and δ
C
d,c, remain

conjoined with beliefs, there is a special case in which δCd,c is confined to 0 such that the

combined coefficient (AC
c + δCd,c) identifies solely a belief-based response. Specifically, it is

likely that the typical customer at Chinese restaurants exhibited no greater anti-Chinese

sentiment relative to the typical customer at non-Chinese restaurants because, prior to
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the covid announcement, they self-select into their preferred cuisine type. This is simply

expressed by δNd,c ≤ δCd,c ≤ 0. As such, finding a null value for the combined parameter

(AN
c + δNd,c) at non-Chinese restaurants will pin both δNd,c and δ

C
d,c to 0, so that a negative

response among Chinese dine-ins (AC
c + δCd,c) is reduced to beliefs.21

Estimation of the extended model, shown in equation 1.7, retains the structure of the

baseline model in equation 1.4 and replaces the indicator for cuisine with the continuous

measure of Chinese share. The model is estimated separately for each cuisine and includes

restaurant fixed effects.

log(visits)r,i,j,c = δ1Posti × 2020j

+ δ2Posti × 2020j ×DineSharer

+ δ3Posti × 2020j × ChineseSharer

+ δ4Posti × 2020j ×DineSharer × ChineseSharer

+Wr,i,jµ+Xi,j,cγ + ηr + ϵr,i,j,c (1.7)

The coefficient of interest, δ4, corresponds to the theoretical framework as AN
c +δNd,c for

non-Chinese restaurants and AC
c +δ

C
d,c for Chinese restaurants. The results are provided in

the first row of Appendix table A.1.6 and in the accompanying event studies in Appendix

figure A.2.2. The results show that consumers reduced demand for Chinese dine-ins with

more Chinese customers, but did not avoid other dine-ins with more Chinese customers.

21A large body of evidence from a wide range of literatures justifies δNd,c ≤ δCd,c, which is fundamentally
rooted in Allport (1954)’s Contact Theory. Pettigrew and Tropp (2006)’s meta analysis of 515 studies
from psychology, sociology, political science, and education finds that intergroup contact broadly reduces
prejudice. Studies from the economics literature, such Carrell, Hoekstra and West (2019), Marmaros
and Sacerdote (2006), and Corno, La Ferrara and Burns (2022), further provide evidence that greater
contact increases willingness for more contact. It is also noted that the triple difference framework first
benchmarks the taste-based willingness to interact with Chinese customers within cuisine in the prior
year before comparing across cuisines, thus differencing out baseline levels.
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The four-way interaction is important for two reasons. First, the coefficients on the

response to dine-share and Chinese-share provide insight into the likely motives at each

cuisine type. The coefficient on the response to dine-share, Post × 2020 × DineShare

is large and negative, whereas the coefficient on the response to Chinese-share, Post ×

2020×ChineseShare, is positive. Second, customers of all backgrounds likely have own-

ethnicity preferences in their restaurant choice, which may bias measurement of Chinese

share down for Chinese restaurants and up for the remaining cuisines. However, the

DDD specification safeguards from this bias by controlling for within-cuisine demand in

the prior year.

I next ensure that the overall consumer response is not driven predominantly by

Chinese customers. I replicate the results of the baseline framework, separately for

Chinese and non-Chinese customers, and show them in Appendix table A.1.7 with county-

cuisine fixed effects and in Appendix table A.1.8 with restaurant fixed effects. Together,

the two tables indicate that both customer types avoided Chinese dine-ins, with Chinese

customers doing so at least as much as non-Chinese customers. The specification using

restaurant fixed effects provides estimates that are similar to the baseline specification

that uses county x cuisine fixed effects, but with significantly greater explanatory power.

This is noteworthy because the granularity of restaurant fixed effects control for many

characteristics likely to influence a potential customer’s choice that county x cuisine

fixed effects do not, such as the restaurant’s reputation, menu prices, location within the

county, and other demographic characteristics of its customer base.

Combined with the results from the baseline framework, these findings are consistent

with a belief-based motive under the identification strategy. They show that in response

to the covid announcement, consumers did not avoid Chinese restaurants with the least
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perceived risk (take-outs), but did avoid those with the most perceived risk (dine-ins),

relative to other restaurants. They also show that consumers did not avoid Chinese

people where there is less perceived risk (at non-Chinese dine-ins), but did avoid them

where there is more perceived risk (at Chinese dine-ins). In summary, restaurant-goers

discriminated where there was elevated perceived risk of infection, but otherwise did not.

If taste-based motives did contribute to the abrupt decline in demand by the represen-

tative consumer, the findings indicate that it must have come in a highly particular and

unexpected form: it cannot have been due to a reduced willingness to do business with

Chinese restaurants, nor a reduced willingness to engage in brief interactions with Chi-

nese people, nor a reduced willingness to engage in prolonged interactions with Chinese

people. While I acknowledge that such sentiment may have risen in the initial weeks

following the covid announcement, the overall evidence indicates that among consumers,

heightened concerns over health risks provide a better explanation.

1.4.2 Robustness Tests

In this section, I provide results from several robustness tests to validate the results.

First, I check whether the results are sensitive to sample selection. In Appendix tables

A.1.9 and A.1.10, I replicate the results from the baseline framework of dine-share and

the results from table 1.3 on Chinese-share, using the unrestricted sample of limited and

full service restaurants that were open on January 20. This sample lifts the restriction

of conventional and cuisine-unambiguous restaurants, thus including bars, cafes, other

shops, and restaurants that offer multiple cuisines. This sample also lifts the restriction

of a minimum 40 raw visits in each of the three pre-covid periods. The estimated param-

eters of interest for the non-demeaned and preferred specifications continue to provide
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similar results, as do the corresponding coefficients for covid cases. The main difference

with the preferred sample lies in the response to European dine-ins, for which the co-

efficient representing the response to dine-ins remains negative but is noticeably larger

in magnitude. Further inspection indicates this difference is driven by restaurants with

typically few visitors in pre-covid periods.

Second, I inspect whether using raw GPS-detected visits instead of SafeGraph’s sug-

gested state-weighted variable provides a different interpretation of the results. In table

A.1.11, I replicate the baseline results using the logged raw visits as the outcome variable.

The overall interpretation is unchanged, with the coefficient on dine-share being slightly

higher in magnitude across specifications. The coefficients on covid cases is also slightly

higher for non-Latin cuisines but remains insignificant for Latin cuisines.

Next, I examine the sensitivity of the estimated response to a higher Chinese share

in equation 1.5 to the transformation log(1 + Y ). Specifically, I follow the suggestion

by Chen and Roth (2023) and re-estimate the results using an alternate transformation

of visits: the percent decline in visits relative to the pre-announcement average weekly

visits. The results, shown in table A.1.12, are consistent with the preferred specifica-

tion. Chinese customers were less likely to visit restaurants with typically large Chinese

clientele, whereas non-Chinese customers did not reduce demand for such restaurants.

I also examine results using different specifications of control variables. Specifically,

instead of covid cases in the previous two weeks, I examine results when controlling for

covid cases in the combined current and last week. As in the baseline specification, I take

the log of 1 plus this count. The results are shown in table A.1.13. This specification,

labeled “Cases”, indicates slightly smaller effects for Chinese restaurants. However, this

specification partly associates restaurant visits with cases that had not yet been reported
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(for example, visits on Monday when a new case is reported later in the same week),

which would attenuate the estimate. In a separate specification, I show that replacing

the control for population with the logged population also makes little difference.

Finally, table A.1.14 provides coefficient estimates of the baseline model for control

variables. For covid cases, the specification indicates a one log-point increase in recent

covid cases is followed by approximately an 8 and 13 percentage point decline in visits

to American and Chinese restaurants, respectively. Among dine-ins, Chinese, Asian,

and European restaurants saw a greater reduction in traffic following new cases whereas

Latin American and American restaurants saw weaker but similar declines, shown in

the top row. The table shows that in addition to recent covid cases, the 2016 county

share for democrat predicts reduced visits overall and to Chinese restaurants following

the covid announcement. However, the size indicates a small effect: a county with a 10

percentage point greater share for Hilary Clinton reduced visits to American and Chinese

restaurants by 2 and 3 percentage points, respectively. The remaining controls do not

predict a greater decline in demand for Chinese restaurants relative to other restaurants.

1.5 Belief Accuracy

Were consumers justified in avoiding Chinese dine-ins more than other dine-ins? The ex-

tent to which they were justified—equivalently the extent to which beliefs were accurate—

is proportional to the likelihood that the virus had a greater presence at Chinese restau-

rants than at others.

Health studies indicate that covid was widely present in the US by December 2019

(Basavaraju et al. 2021). Combined with event studies in figure 1.2, this indicates that un-
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informed consumers responded swiftly to the CDC’s announcement but otherwise lacked

information on the health risks of in-person contact. As such, a large decline in demand

for restaurants can be justified by some level of risk aversion. However, a discrepancy

between the observed discriminatory demand changes and what would be explained by

the true (unobserved) differences in risk can be attributed to exaggerated beliefs on the

additional health risks of Chinese restaurants.

Small differences in covid cases among the Chinese and non-Chinese population were

likely during the initial weeks of the virus’s arrival to the US—well before the CDC’s

announcement—due to international travel from China. However, these differences di-

minished quickly due to the rapid diffusion of the virus. For example, CDC data shows

that Asians overall had similar or lower rates of cases, hospitalizations, and deaths com-

pared to other major race groups by March, 2020 (Latoja and Artiga 2022; Romano

2021).

As data on transmissions at restaurants is not available, I provide suggestive evidence

that any differences in virus risks between cuisine types is likely too small to justify the

large response. If the virus held a greater presence at Chinese restaurants during the

observational period, then it is likely that counties with more Chinese restaurants, or

counties where Chinese restaurants were more popular, will have eventually outpaced

other counties in reported covid cases, particularly because several weeks passed before

social distancing or lockdown measures were enacted to restrict the spread. As such, I

use county level counts of and visits to Chinese restaurants in the 2020 pre-treatment

period as predictors of future covid cases in equation 1.8. Here, CumulCases is cumu-

lative cases reported in county c at some future week. Using the unrestricted sample of

restaurants, Share is the Chinese share of restaurants or the Chinese share of restaurant
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visits, and X is the matrix of control variables.22 I estimate this model for each of 80

weeks of cumulative cases starting on the week of the covid announcement, and plot the

corresponding estimates of β in Appendix figure A.2.3.

log(1 + CumulCases)c = α + βSharec +Xcγ + ε (1.8)

On the vertical axis is the coefficient estimate that represents the log point increase in

cumulative covid cases predicted by a one percentage point increase in 1) the share of all

restaurants that are Chinese restaurants or 2) the share of all restaurant visits that went

to Chinese restaurants in the aggregate pre-treatment period. All models control for log

population, density, and Democratic share, and subfigures (c) and (d) further control for

the Chinese share of the county’s population. The vertical dashed line represents the end

of the observational period.

The figures do not indicate that counties with greater presence of or popularity of

Chinese restaurants were predisposed to covid cases. In fact, all figures suggest a slightly

negative correlation between the pre-announcement popularity of Chinese restaurants

and covid cases in the initial months after the lockdowns. This may be reflective of

several factors that are outside the scope of this paper, such as varying implementation

of and adherence to lockdown and social distancing measures.

22The unrestricted sample includes non-conventional and cuisine-ambiguous restaurants, thus includ-
ing bars, cafes, other shops, and restaurants that offer multiple cuisines. It also includes as restaurants
that did not meet the minimum 40 raw visits restriction.
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1.6 Discussion

Understanding the motives underlying discriminatory behavior has significant policy im-

plications. Behavior driven by false beliefs can be mitigated — or exacerbated — with

new information or by making the subject matter more salient to the discriminator,

whereas behavior driven by preferences is less responsive. However, distinguishing be-

tween the two encounters an identification challenge in observational settings where it is

often difficult to tease out the motives. In this paper, I explore a unique observational

setting and exploit a wide array of variation to test for the relative roles of belief-based

and taste-based discrimination among consumers in a natural experiment affecting the

entire restaurant industry.

My findings indicate that the covid announcement generated concerns among

restaurant-goers that sitting in Chinese restaurants posed a greater health risk relative

to other restaurants. This aversion was also found among other foreign restaurants asso-

ciated with greater covid cases abroad when covid cases are reported locally. However, I

show that non-Chinese customers did not become averse to doing business with Chinese

restaurants, nor averse to interacting with Chinese people. Instead, they avoided

Chinese restaurants with the greatest perceived risk based on the expected duration of

their visit. Although I acknowledge that taste-based discrimination may have influenced

consumers, such influence would have come in a particular and unexpected form. For

example, the quality of visits—the demeanor of customers and their interactions with

other customers and staff—may have changed following the covid announcement, and

this would not be captured in the data but may constitute taste-based discrimination.

My findings are timely due to rising concerns over the spread of misinformation on
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social media, with potentially significant consequences to elections, health outcomes, and

the general social cohesion of a rapidly diversifying population. The recent development

of artificial intelligence and its utilization on social media platforms is of particular con-

cern, as it can facilitate the speedier creation of increasingly convincing but false content

that may impact off-platform market choices of consumers. Furthermore, the accuracy

of the informational content need not matter for it to have an adverse impact, as this

paper shows; consumers may form false beliefs due to cognitive biases, such as repre-

sentative heuristics or representative signal distortion, when exposed to information or

following events that elevate health concerns. It is therefore incumbent on future research

to investigate feasible solutions to these adverse responses.
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Chapter 2

Consumer Discrimination and Social

Media In Uncertain Times

2.1 Introduction

The growing popularity of social media has led to a recent literature studying the effects

of platform usage on a range of important outcomes, including crime (Bursztyn et al.

2019; Cao, Lindo and Zhong 2022; Müller and Schwarz 2021), health (Braghieri, Levy and

Makarin 2022), and political attitudes (Allcott and Gentzkow 2017; Levy 2021). However,

there is scarce evidence of an impact of social media on the simplest and quintessential

economic choice: how we spend our money. In this paper, I build on the social media

literature by examining the role of Twitter in restaurant demand changes during the

early weeks of the COVID-19 (Covid) pandemic. I show that greater salience of Covid

as a topic of conversation on the social media platform altered restaurant goers’ choices,

with a greater impact on Chinese restaurants relative to other cuisine types.
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Beginning in January 2020, consumers responded to the news of the novel respiratory

virus by quickly reducing demand for restaurants, with Chinese restaurants seeing the

largest overall decline in foot-traffic (Huang et al. 2023; Yi 2023). However, policies that

would restrict restaurant choice were not announced until March 2020, allowing for a

seven week window during which consumers had unrestricted market choices and rapidly

evolving information on the virus. Uruci (2024a) shows that the greater aversion to Chi-

nese restaurants in these early weeks is consistent with belief-based discrimination over

health concerns rather than taste-based discrimination over Chinese restaurants and in-

dividuals, indicating that informational channels played a significant role in differentially

shifting demand for cuisine types.

During highly dynamic and uncertain times such as this, social media platforms have

the potential to spread information quickly and broadly, without regard for accuracy

(Allcott and Gentzkow 2017). In fact, Cinelli et al. (2020) show that leading platforms,

including Twitter, contributed to spreading Covid-related news from unreliable sources at

similar rates as those from reliable sources during this time Related, Bartoš et al. (2021)

finds experimental evidence of widespread hostility toward foreigners when Covid is ex-

ogenously made more salient, indicative of scapegoating during times of crisis (Bursztyn

et al. 2022b).1 Thus, greater exposure to informational channels that elevate the salience

of Covid may contribute to consumer discrimination against Chinese restaurants. Similar

to their strategy, which experimentally manipulates the provision of information, I rely

on local Twitter usage before the first case of the virus as plausibly exogenous variation

in informational exposure that elevated the salience of Covid-related content in some

1Czech subjects in the treatment group are primed with questions focusing on the coronavirus crisis
before starting a controlled money-burning task. The study finds increased hostility toward Asian, other
European, and American foreigners, indicative of out-group discrimination. These results are consistent
with heightened health-related fears of foreigners in response to elevated salience of the virus.

37



Consumer Discrimination and Social Media In Uncertain Times Chapter 2

counties more than others. I then study the resulting impact on relative demand for

Chinese restaurants.2

The main outcome data for consumer demand comes from Safegraph, which provides

foot-traffic to the universe of US restaurants (SafeGraph 2022). I obtain data for the

time periods December 2018 - March 2019 and December 2019 - March 2020 and use the

first year as the counter-factual restaurant demand for each cuisine type. I adopt the

triple-differences (DDD) specification from Uruci (2024a), where the consumer response

to the covid announcement is estimated as the change in log visits in the seven weeks after

January 20 relative to the seven weeks prior. I compare the response within cuisine type

to the same period in the prior year, which removes cuisine-specific seasonal variation in

restaurant demand. I then take the third difference across cuisines to estimate consumer

discrimination.

The Twitter data is obtained by scraping a large dataset of geo-tagged and time-

stamped tweets, from which I construct a measure of county-week covid salience, which

I call covid tweeting intensity. I define covid tweets as those that contain the strings

“covid”, “coronavirus”, or “corona virus” in the main text or hashtags, and define the

covid tweeting intensity as the county-week number of covid tweets divided by the county

population. Conditioning on reported cases and other county characteristics, I examine

whether greater covid tweeting intensity reduced visits to Chinese restaurants more than

to other restaurants. To identify a causal effect, I use a Bartik-style instrumental variable

(IV) that is formed by interacting the national time series of covid tweet counts with

the prior year’s county-level tweeting intensity, which did not include any covid-related

2I abstract from the discussion of beliefs vs. tastes arising from social media and from accurate vs.
inaccurate informational sources, instead studying the overall impact of elevated salience of covid-related
social media content on consumer behavior in the marketplace.
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content. Therefore, the instrument predicts the weekly local covid tweeting intensity

using the national covid tweet count that is adjusted according to each county’s typical

Twitter usage in the pre-covid world.

In the preferred IV specification, I find that a one standard deviation increase in

Covid salience reduced visits to non-Chinese restaurants by 3.7 percentage points and to

Chinese restaurants by an additional 1.2 percentage points.3 A similar effect is found for

Asian and European restaurants but no effect is found for Latin American restaurants.

The central result is consistent with the finding in Uruci (2024a) that, following a

new case of covid in a county, consumers discriminated against Chinese, other Asian, and

European restaurants, but not Latin American restaurants. Since covid cases were rising

in China, other Asian countries, and Europe, but not in Latin America during this time,

both results are consistent with a salience effect: whether new information about covid is

accompanied by real risk (new local covid cases) or not accompanied by real risk (more

covid-related Twitter content) consumers avoided the foreign restaurants associated with

the greatest risk abroad.4

The central contribution of this paper is to provide evidence of a social media effect

on off-platform consumption choices. Past studies have examined social media effects

on hate crimes and hate incidents toward minorities (Bursztyn et al. 2019; Müller and

Schwarz 2021, 2023). More related studies find increased hate incidents following Pres-

ident Trump’s “Chinese virus” tweet in the time period immediately following the one

in this study (Cao, Lindo and Zhong 2022; Lu and Sheng 2022). Hate incidents and

crimes are high-stakes and extreme actions that are performed by a small segment of

3This can be translated as follows: if the county-week increase in the number of tweets about covid
equals 1 percent of the population, the effect is a 1.5 percentage point decline in visits to non-Chinese
restaurants and an additional 0.5 percentage point decline to Chinese restaurants.

4These results are also consistent with experimental evidence by Bartoš et al. 2021.
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the population. This paper instead examines changes in demand for restaurants that are

differentiated by ethnicity, which is a relatively low-stakes and covert response, but one

with much greater prevalence in the population and one that avoids the social costs of

discrimination.5

The remainder of this paper is organized as follows. Section 1 describes the obser-

vational setting and data sources. Sections 2 describes the identification strategy and

section 3 provides the results. Finally, Section 4 concludes with a brief discussion of the

overall results.

2.2 Observational Setting

On January 20, 2020, the Center for Disease Control (CDC) confirmed the first case

of covid in the US (Center for Disease Control 2020).6 Borrowing from Uruci (2024a),

several important features in the following seven week period allow for uncovering an

off-platform market impact of social media.

During this time, consumers were aware that the virus was in the US but no policies

had yet been announced that would restrict restaurant choice. Consumers were therefore

free to make unrestricted market choices but with new information on the presence of

the virus. Second, the virus was a major topic of public concern immediately following

the announcement. As shown in Figure I, “coronavirus” was the top searched word on

Google during this time period (Google 2022).

5Other studies on media examine positive coverage of an ethnic minority group (Zussman (2023)),
the spread of misinformation (Allcott and Gentzkow 2017), health (Braghieri, Levy and Makarin 2022;
Bursztyn et al. 2022a), and public opinion (Levy 2021; Simonov et al. 2020; Wang 2021). Evidence
of mass media effects on ethnic prejudice include Adena et al. (2015); DellaVigna et al. (2014), and
Yanagizawa-Drott (2014).

6The first positive test was confirmed on Monday, January 20 and the announcement was made the
following day. I consider the week starting on January 20th as the first treatment week.
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Third, this period lacks the influence of high-profile political figures using terms that

pointedly associate the virus to Chinese people. For example, Donald Trump’s use of

“Chinese virus,” “Wuhan virus,” or “Kung Flu” did not first occur until March 16, and

the first instance of any US politician to use such terms was on March 6 (Cao, Lindo and

Zhong 2022; Huang et al. 2023). This suggests that the growing prominence of covid in

news or on social media was a result of updates reported by health organizations that

generated organic public dialogue rather than instigated by political figures.

Figure I: Google Trends Search Intensity, December 2019 - March 2020
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Note: Observational period in shaded region. The figure displays the Google Trends search intensity of “trump”
and “coronavirus” between December 2019 - March 2020 (left axis) and the number of reported covid cases in
the US, in thousands (right axis). The search intensity is normalized to the time period and scaled to a range
of 0 to 100. The peak search for “trump” occurred on December 19, 2019, the day after Trump’s impeachment
by the House of Representatives. The maximum search intensity for “coronavirus”, occurring on March 8,
is approximately 85% of that of “trump” on December 19. Coronaviruses are a group of viruses that cause
respiratory illnesses and are generally transmitted through close personal contact. Despite the official name of
“COVID-19” announced on February 11, “coronavirus” was the top searched topic in the seven week period
after the CDC announcement.

Finally, covid cases remained low in the US during this time whereas cases in China
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had already spiked, as shown in Appendix table B.1.1, which fortifies the association of

the virus with China. Cases were also rising in other parts of Asia and Europe, but not in

Latin America, which provides cross-cuisine variation in perceived health risks of foreign

restaurants.

2.2.1 SafeGraph Data

The SafeGraph data comes in two sets called Places and Patterns for the universe of

full-service and limited-service establishments. Places contains descriptive variables on

each restaurant, including its name, location, open and close dates, and a description

of the restaurant, with labels such as “Chinese”, “Dinner”, “Food Truck”, and “Late

Night”. Using these labels, I classify restaurants into five broad cuisines: Chinese, Asian

(non-Chinese), American, Latin, and European. I keep establishments that can be con-

sidered conventional restaurants and remove those with an ambiguous cuisine group, but

otherwise classify restaurants as American if they are not suggestive of another major

group. This restriction, which removes 22% of restaurants, is adopted because a strong

and clear association between cuisine type and ethnicity is necessary.

The Patterns data provides a weekly panel of visit counts to each restaurant. I obtain

data for the time periods December 3, 2018 - March 10, 2019 and December 2, 2019 -

March 8, 2020.7 For the remainder of the paper, “2019” will refer to the former period

and “2020” will refer to the latter period. This way, there are three pre-treatment periods

and one post-treatment period. I also keep restaurants with at least 40 raw visits in each

of the three pre-treatment periods.8 Finally, I reduce the sample to counties with a

7Thanksgiving occurred one week prior in 2019 but two weeks prior in 2018, making the last two
weeks of November less comparable between the two years.

8Restaurants with few detected visits may be less precisely comparable across the three pre-treatment
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Table 1.1: Summary Statistics of Restaurant Visits

Cuisine Mean Visits Close Rate (%) Restaurants Obs.
2019 2020 Post-2020

American 83.3 102.3 0.51 207,435 5,801,884
Asian 52.5 59.4 0.70 31,493 880,450
Chinese 52.8 59.7 0.63 23,411 654,597
European 62.2 72.8 0.71 26,938 753,128
Latin 68.7 80.0 0.60 68,521 1,916,283

Sample 74.2 89.3 0.57 357,798 10,006,342

Note: The table provides summary statistics of the SafeGraph data, displaying for each cui-
sine the average weekly recorded raw visits, the percent of restaurants that closed between
January 20 and March 8, 2020, counts of restaurants, and total restaurant-week observa-
tions. The close rate is calculated using the “closed on” date variable in the data. The
higher visit count in 2020 is due to an increase in the pool of smartphone devices that
SafeGraph tracked over the year, which is accounted for in the state-weighted visits and in
all triple difference models.

minimum population of 25,000 due to the low level of Twitter usage in small counties

that contribute to measurement of the central explanatory variable, which I discuss in

the following subsection.

The resulting sample includes 357,798 limited or full service establishments that were

open on January 20 and 1) are conventional restaurants, 2) are unambiguously classified

into one of the five large cuisine groups, and 3) met the minimum 40 raw visits threshold

in all three pre-treatment periods. This represents approximately 70% of all limited and

full service restaurants reported by the US Census in 2019 (US Census 2019b).9

Table 1.1 provides summary statistics of the final restaurants sample, including mean

visits, the percent of restaurants that closed post-announcement, counts of restaurants,

and total observations. The low close rate indicates that restaurants did not preemptively

close in anticipation of reduced demand or due to the virus, and shows that Chinese

restaurants had similar close rates to other cuisines.

periods. This restriction removes 14% of restaurants before cuisine assignment.
9This also represents 64% of the unrestricted sample in the SafeGraph data, which includes limited

or full service establishments that were open on January 20 but without the remaining three restrictions.
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Control variables include cases in the last two weeks, the 2016 share of votes for the

Democratic party, population, population density, and the share of the population of

Chinese ancestry.10

2.2.2 Twitter Data

I use data from Twitter, a mainstream social media platform for quickly spreading online

social and political commentary, to construct a measure of local salience of covid (Cinelli

et al. 2020). One might wonder how tweets made in a local area correspond to con-

sumers in the same area being exposed to greater covid-related content: after all, once

a tweet is made publicly, anyone can see it. An important phenomenon that facilitates

heterogeneity in exposure to online content is that social media networks are highly local.

The typical user is much more likely to follow and be followed by other users who live

close by than those who live far away. For example, Takhteyev, Gruzd and Wellman

(2012) show that 39% of all Twitter followings are less than 100 kilometers, based on

the geographic coordinates of the two. This is much greater than the approximate 2% of

followings that would exist within this distance if Twitter followings were random across

users worldwide; a similar pattern is found among the top 15 metropolitan clusters of

Twitter users in the US. The phenomenon is also found in Bailey et al. (2018)’s study

of social connectedness, which shows that for the median Facebook user in the US, over

10Data on reported covid cases is provided by New York Times (2022) and includes the cumulative
reported covid cases for each county-day. I take one plus the count of new cases in the prior two weeks,
in logs, as the primary control variable. This data set does not distinguish the five counties of New York.
I group these counties into one county representing New York City throughout the analysis. I obtain the
county share of 2016 Democratic party votes from MIT Election Data and Science via Harvard Dataverse
(2023), and this variable is centered at 0.5. I obtain data on the 2018 and 2019 county populations and
population density from the US Census and ACS 2019 5-Year Sample (US Census 2019a; Ruggles et al.
2023). I use the 2015-2019 American Community Survey to construct the county level Chinese ancestry
share of the population, which is limited to the population aged 16 and over.
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55% of friends live within 50 miles, in contrast to the less than 1% of the population that

lives within the same distance.

There is also significant inequity in who tweets: the top 10% of users by tweet volume

post 92% of all tweets. At the same time, about 66% of users report visiting the site

at least once a week, indicating that just few users are predominantly the posters while

most users are just observers (Pew Research Center 2020, 2021).11 This is supported by

the Twitter data used in this study, which yield a Gini-coefficient of 0.69 in tweeting

inequality of users. Collectively, these statistics suggest that a small subset of highly

active users produce the online content that, due to the local concentration of follower

networks, is predominantly consumed by their neighbors. Accordingly, at the time of

the covid announcement, these typically active users provided the lion share of the covid

content that was predominantly observed by nearby followers.

I scrape tweets using the python library snscrape. I clean the data according to the

procedure outlined in Appendix 2.A and construct two data sets. The first provides

county-week-year level counts of tweets that contain the strings “covid”, “coronavirus”,

or “corona virus”. I refer to these as covid tweets.

A second data set is obtained from tweets made during the fourteen week observa-

tional period between December - March for three years: 2018 - 2020. This dataset of

tweets does not restrict to any keyword. Instead, it samples any geo-tagged tweets made

in the US, comprising a total count of 16.1 million. I aggregate tweet counts to the county

11Twitter is used by approximately 27% of US adults, compared to 70% for Facebook and 82% for
YouTube, thus its content reaches a smaller audience compared to the larger platforms. However, this
concern is allayed when considering that Twitter users skew towards residing in urban areas where
Chinese restaurants are also more likely to be located, and that Twitter users report a higher rate of
regularly getting news from the platform (53%) compared to users on other platforms (Facebook 44%,
and Youtube 30%) (Pew Research Center 2013, 2022). The observed effects from Twitter in this paper do
not preclude nor prove discrimination effects driven by other platforms, and it is possible that platforms
with wider reach may have contributed a larger effect.
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level for 2018 and 2019 to obtain a measure of typical local tweeting levels one year before

the observational period. I separately aggregate counts to the county-week level for 2019

and 2020 to obtain a measure of typical Twitter content concurrent to the observational

period. I refer to the former as unrelated tweets and the latter as placebo tweets, however

they are drawn from the same data source and they are identical in the overlapping year,

2019. Appendix table B.1.3 provides descriptive statistics on these counts and Appendix

figure B.2.1 provides an illustrative timeline of how each constructed dataset is used in

the analysis.12

Figure II: Tweet Counts, December 2019 - March 2020
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Note: The figure displays the national time series of geo-tagged covid tweets (left axis), which include any tweets
with the string “covid”, “coronavirus”, or “corona virus”, and all tweets (right axis), which are unrestricted
in string text. The sample of unrestricted tweets, described in the Appendix, are drawn from the entire
population of Twitter content and include covid tweets. The right axis is scaled according to the sample rate
of 8.33%.

12Placebo tweets include tweets that reference the virus, although estimates are nearly identical when
these are removed as they represent a small share. Based on the sampling rate of 8.33% discussed in
Appendix section B.1, covid tweets represent approximately 0.36% of placebo tweets.
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Figure II plots the count of covid and placebo tweets. The figure displays a similar

pattern to the Google Trends search intensity in Figure I, with an initial bump in the

first two weeks, a decline in mid-February, then a sharp rise in the last few weeks of the

observational period as cases escalated. Overall tweeting during this time frame remained

constant across all three years.

2.3 Empirical Strategy

2.3.1 Consumer Response

Following Uruci (2024a), the triple-differences estimation strategy will compare, in the

first two differences, visits to Chinese restaurants after the covid announcement relative

to before and in the current year relative to the prior year. In the third difference, it

compares the consumer response across cuisines. The DDD framework is preferred over

the standard difference-in-differences (DID) framework in order to account for seasonal

trends in consumer preferences, such as increased demand for Chinese food on Christ-

mas.13

The DDD strategy can be interpreted as follows: given that a conventional DID model

using other cuisine types as the control group may not account for seasonal variation in

consumer preferences, such differences are netted out by first controlling for each cuisine’s

demand in the prior year, when there was no covid. This is equivalent to first adopting

a conventional DID framework, separately for each cuisine, that interacts indicators for

post-treatment and year, and includes control variables. Then, in the third difference,

13Christmas and New Year each occurred within the same observational week in 2020 relative to 2019.
The Chinese New Year occurred on different weeks in 2020 (February 5) relative to 2019 (January 25),
but occurred within the post-treatment period in both years.
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cuisine type is interacted with all right-hand-side variables, which will result in a DDD

model that has removed cuisine-specific seasonal variation. As such, the identifying

assumption in the DDD is that seasonal variation may differ across cuisines but is similar

within cuisines between 2020 and 2019 (Gruber 1994; Olden and Møen 2022).

log(visits)r,i,j,k,c = α̃1Posti × 2020j

+ α̃2Posti × 2020j × Chinesek

+Wi,j,kµ+Xi,j,cγ + ηk,c + ϵr,i,j,k,c (2.1)

Equation 2.1 represents the baseline specification, capturing the consumer response to

the covid announcement. The subscripts index restaurant r, week i, year j, cuisine k, and

county c, and visits are measured in logs. Each estimated coefficient can be approximated

as a percentage change in visits due to a one unit increase in the explanatory variable. The

model includes the remaining full set of DDD interactions in W and control variables

in X.14 Finally, the model includes county-cuisine fixed effects to ensure it has the

interpretation of a difference of DID models. These fixed effects capture time-invariant

characteristics common to each cuisine within a county. Under the DDD identifying

assumption of a constant difference in parallel trends, β̃1 represents the impact of the

covid announcement on demand for the control group and β̃2 represents the additional

impact of the covid announcement on demand for Chinese restaurants.

Results from 2.1 are provided in table B.1.4 and indicate that following the covid

14The remaining set of DDD variables include Post, 2020, Post×Chinese, and 2020×Chinese. The
uninteracted indicator, Chinese, is absorbed by the fixed effects. Other than covid cases, which vary by
county-week and are imputed 0 in all pre-treatment observations, the remaining controls vary by county
or by county-year. These controls enter the model as interactions with Post × 2020 and additionally
as interactions with Post × 2020 × Chinese to control for differential covid-induced responses to local
characteristics for Chinese and non-Chinese restaurants.
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announcement, restaurant demand declined by approximately 13 percentage point, and

an additional 2 percentage points for Chinese restaurants. In columns 5-9, which uses

American restaurants as the reference group, Chinese restaurants saw the largest declines

following a newly reported case of covid, and effect that is also found among Asian and

European restaurants, but not Latin American restaurants.

2.3.2 Twitter Intensity

I define the following measure of local tweeting intensity:

TwitterIntensityi,j,c =
Tweetsi,j,c
Usersc

× Usersc
Popc

=
Tweetsi,j,c
Popc

The first term in the interaction captures the tweeting intensity of the typical Twitter

user during week i, in year j, in county c, while the second term weighs the measure

by the share of the local population that uses Twitter. Their interaction simplifies to

the number of tweets per the local population, which is then standardized. When the

measure is restricted to tweets that include “covid”, “coronavirus”, or “corona virus”, the

estimated coefficient of CovidT.I. will approximately represent the marginal effect of a

one standard deviation increase on the percentage point change in the outcome variable.

Since this results in imprecise measures of covid tweeting intensity for small counties,

many of which have few restaurants, even fewer Chinese restaurants, or no tweets made

in the observational period, I limit the sample in this section to counties with a minimum

population of 25,000.15

Equation (2.2) displays the baseline model for the consumer’s response to covid tweet-

15This restriction drops 47% of counties, but only 3% of Chinese restaurants and 4% of all restaurants.
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ing intensity. β̃1 approximates the marginal effect of a one standard deviation increase in

CovidT.I. on the percent change in visits to the reference group and β̃2 is the additional

marginal effect on Chinese restaurant visits. To capture an exacerbation effect, I control

for the full set of RHS variables from the baseline DDD model in equation (2.1), which

are stored in XDDD. In other words, β̃2 answers the question: conditional on the overall

discrimination by consumers and controlling for covid cases and other country charac-

teristics, did consumers avoid Chinese restaurants more when Covid was a more salient

topic on Twitter?

log(visits)r,i,j,k,c = β̃1CovidT.I.i,j,c

+ β̃2CovidT.I.i,j,c × Chinesek

+XDDDγ + ηk,c + ϵr,i,j,k,c (2.2)

Since nearly all observations for CovidT.I. in the pre-treatment period are 0, the stan-

dalone variable is interchangeable with the interaction CovidT.I. × Post × 2020. The

placebo specification, which provides variation before and after treatment, requires the

inclusion of the interactions with the post-treatment variable in order to detect whether

regular tweeting activity changed in response to the covid announcement. Placebo spec-

ifications therefore include the full set of interactions of PlaceboT.I., Post, 2020. Their

triple interaction becomes comparable to CovidT.I. in equation (2.2).

2.3.3 Identification

Equation (2.2) raises concerns over whether β̃2 identifies a covid salience effect driven

purely through Twitter. As recent cases are controlled for, β̃2 would not be identified
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if another source of information brings attention to covid on Twitter and also affects

restaurant visits. One example is a non-covid illness, which may lead consumers to

suspect that they’ve contracted covid, avoid Chinese restaurants, and promptly express

their alarm on Twitter. Spatial and temporal variation in immune system strength would

then bias the estimated coefficient of interest (negatively) by increasing covid content on

Twitter and reducing visits to Chinese restaurants.

Another concern is mismeasurement in covid tweets, which is likely given the low

tweet count for many counties. For example, in the post-treatment period, 34 counties

account for half of covid tweets while approximately one-fourth of counties, mostly the

least populated ones that also have the fewest restaurants, do not have any covid tweets

in the data. This would result in attenuated estimated coefficients using ordinary least

squares (OLS) estimation.

An instrumental variable would be necessary to more accurately estimate the impact

that would have been generated solely by the typical informational exposure by the

platform, and in the absence of external channels and mismeasurement. I use a Bartik-

style instrumental variable that interacts the tweeting intensity one year prior to the

covid announcement with the national time series of covid tweet counts. Specifically, I

construct the following interaction:

Zi,j,c =
UnrelatedTweets(j−1),c

Pop(j−1),c

× CovidTweetsi,j

The first term of the interaction is a collapsed measure of TwitterIntensity for the

entire fourteen week period in the prior year. It mimics the “share” component of the con-

ventional Bartik instrument, and provides a county level cross section of regular tweeting
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intensity that is free of any covid-related content. The large sample of unrelated tweets

from the prior year is useful because it provides a more precise measure of typical local

Twitter use. The second term is the weekly time series of covid tweet counts made in the

US and mimics the “shift” component of the Bartik instrument. It provides a measure of

the national salience of covid on Twitter in a given week, and is shown in figure II. When

interacted, the prior tweeting intensity re-weighs the national time series of covid tweets

according to each county’s typical Twitter usage just before the covid announcement.

The resulting first and second stage estimated models are displayed in equations (2.3)

and (2.4), respectively.

First Stage:

CovidT.I.i,j,c = γ2Zi,j,c × Chinesek

+ γ1Zi,j,c

+XDDDθ + µr + er,i,j,c (2.3)

Second Stage:

log(visits)r,i,j,k,c = β2 ̂CovidT.I.i,j,c × Chinesek

+ β1 ̂CovidT.I.i,j,c

+XDDDγ + ηr + ϵr,i,j,k,c (2.4)
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2.4 Main Findings

Table 1.2 provides OLS and IV estimates of the covid tweets specifications, separately

with country-cuisine and restaurant fixed effects, in columns 1-4. I contrast these results

with the corresponding placebo tweets specifications in columns 5-8. The reference group

in all columns includes the remaining four cuisine types. The columns estimated with

OLS do not indicate a significant correlation between restaurant visits with covid tweets

nor with placebo tweets. However, IV estimates for Covid T.I. are stronger and negative

in magnitude for both Chinese and non-Chinese restaurants, as indicated in columns 3-4.

On the other hand, IV estimates for Placebo T.I. (columns 7-8) remain insignificant, but

slightly larger in magnitude compared to their OLS counterparts using the same fixed

effects. This contrast suggests measurement bias is likely present in OLS specifications.

Including restaurant fixed effects instead of county-cuisine fixed effects improves pre-

cision but makes little difference to point estimates: a one standard deviation increase

in covid tweets per county population results in approximately a 3-4 percentage point

decline in visits to non-Chinese restaurants and an additional 1 percentage point decline

in visits to Chinese restaurants. Back of the envelope calculations that use a standard de-

viation of 0.025 in Covid T.I., implies a decline of 1.5 percentage points in customer visits

when the increase in covid tweets is approximately 1 percent of the county population,

and an additional 0.5 percentage points in customer visits for Chinese restaurants.16

I also provide cuisine-specific results in table 1.3, with American restaurants as the

reference group, and include county-specific week trends in addition to county-cuisine

fixed effects. Consistent with the earlier results on covid cases, consumers exposed to

16Calculation approximates 1% of all tweets are geo-tagged.
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more covid-related Twitter content reduced visits to all restaurants, but to a greater

extent against Chinese, other Asian, and European restaurants, whereas Latin American

restaurants saw a similar decline to American restaurants. The table further indicates

a similar pattern in response to local covid cases, as found in Uruci (2024a). When a

new case of covid is reported locally, consumers avoided Chinese, Asian, and European

restaurants more than American restaurants, whereas Latin American restaurants did not

see the same relative decline. On the other hand, placebo specifications indicate the same

pattern of demand changes in response to new covid cases, but do not indicate a response

to placebo tweets. Combined with the earlier results, this evidence is consistent with a

salience effect of covid that resulted in reduced visits to foreign restaurants associated

with rising cases abroad.

2.5 Robustness Tests

Bartik instruments are commonly used in the trade and migration literatures to generate

plausibly exogenous variation that predicts the endogenous explanatory variable. The

conventional instrument differs from the one in this paper in that it uses the pre-existing

mix of some local exposure characteristic in the form of shares (industry shares in the

case of trade, or national origin shares of foreign born in the case of migration) rather

than in the form of a stock measure (here, the Twitter intensity). Each, however, is

the interaction of an aggregate treatment measure with a local treatment exposure mea-

sure, and can essentially be interpreted as a difference-in-differences research design: the

instrument is a projection of pre-treatment local trends into the treatment period.

The wide use of Bartik-style instruments has prompted increased attention to the
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underlying assumptions necessary for identification. Goldsmith-Pinkham, Sorkin and

Swift (2020) provide an in-depth discussion of these assumptions, including for Bartik

instruments of the kind used in this paper. One that directly applies to the current

context is that the exposure variable need not be uncorrelated with levels of the outcome

variable when the concern is with regard to changes in the outcome variable. This is

analogous to the parallel trends assumption in difference-in-differences: initial levels of

treatment and control group outcomes need not be the same, but their evolution over

time would be parallel in the absence of treatment. This concern is raised in Jaeger,

Joyce and Kaestner (2020), which comments on the study by Kearney and Levine (2015)

on the impact of the reality show 16 and Pregnant on teenage pregnancy. In the current

setting, this translates to the correlation between restaurant demand and local twitter use

exhibiting parallel trends across cuisines. An advantage of the current setting is that the

placebo set of tweets is obtained from the same universe of tweets as the instrument, with

the only difference being a one year lag. This allows for an obvious test of the parallel

trends assumption: although there may typically exist correlation between the Twitter

use and restaurant demand, did this change in response to the covid announcement?

Columns 5-9 from table 1.3 indicates that this baseline correlation increased slightly

for American restaurants, but the relative correlation for foreign restaurants is not statis-

tically significant. Curiously, the magnitudes are slightly larger in magnitude for Chinese,

Asian, and European restaurants, bringing into question whether the placebo specifica-

tion is a good test of the parallel trends assumption. However, the estimated triple

difference framework requires a different interpretation of the parallel trends assumption.

Specifically, the assumption is that the correlation between restaurant demand and local

Twitter use may be different in levels between the two years and may be different for
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foreign relative to American restaurants, but the evolution of this correlation remained

parallel over time. Since variation in the treatment exposure measure (the prior year’s

local Twitter use) is at the county-year level, the different levels between the two years

can be accounted for by including county-year fixed effects, just as the different levels

between the cuisines are accounted for with county-cuisine fixed effects. Table B.1.5

provides IV estimates of baseline models for Covid and Placebo T.I. specifications with

the inclusion of county-year fixed effects. The first row shows that while covid tweets

continue to predict reduced relative demand for Chinese restaurants after the covid an-

nouncement, the magnitude for placebo tweets disappears when both sets of fixed effects

are included.

For greater granularity accounting for restaurant characteristics, such as location and

reputation, I replace county-cuisine fixed effects with restaurant fixed effects and estimate

cuisine-specific specifications in Table B.1.6 for covid tweets and in Table Table C.1.3

for placebo tweets. The two tables provide a sharp contrast. Covid-related tweeting

continues to predict a reduced relative demand for Chinese, Asian, and European, but

not Latin American restaurants, however, the placebo specification indicates no relative

decline in demand for foreign restaurants, consistent with the main findings.

2.6 Discussion

My findings are timely due to rising concerns over the spread of misinformation on social

media. Since this study focuses on a highly uncertain period during which there was

little information confirmed by health officials about the novel virus, the results show

that consumer behavior can be quickly influenced by elevating the salience of pertinent
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topics. Here, I show that demand for restaurants was influenced by elevated social media

salience of a novel respiratory virus, without regard for accuracy of information. The

recent propagation of artificially created content on social media platforms should raise

obvious concerns. The speedy creation of increasingly convincing but potentially incor-

rect information may therefore impact the off-platform market choices of consumers with

greater efficacy and with potentially deleterious consequences. It is incumbent on future

researchers and policymakers to investigate feasible solutions to adverse consequences

such as this.
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Chapter 3

Isolating the Effect of Grant Rates

on Asylum Applications: A Relative

Discrete Choice Approach

3.1 Introduction

Individuals applying for asylum must weigh a number of factors in deciding in which

country to seek refuge. For example, will the country provide refuge from the factors

causing the emigration? What are the economic conditions in the destination country?

Will there be compatriots who can provide community upon arrival? Another important

factor is the grant rate (recognition rate), the rate at which the destination country grants

asylum to applicants. Quantifying the effect of grant rates on the number of future

applications is important to destination countries, especially following foreign events

that spark mass emigration. For example, European countries received over 1.2 million
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applications for asylum in 2015, prompted by the Syrian civil war and the unrest in the

region. That year, over 300,000 migrants were admitted under refugee or humanitarian

status, whereas just over 900,000 were admitted for occupational, family, or educational

reasons, per European Commission (2021). Thus, asylum can represent a significant

share of demand for entry into Europe.

Although there is a modest literature on the effects of asylum policies on the desti-

nation choices of refugees (Hatton (2005, 2009); Thielemann (2006); Brekke, Roed and

Schøne (2016); Bertoli, Brücker and Fernández-Huertas Moraga (2022); Diop-Christensen

and Diop (2021)), robust estimates have remained difficult to attain, in part because it

is difficult to control for unobserved determinants of migrants’ destination choices. In

this paper, I address this issue using a simple technique that allows for a much richer set

of unobserved determinants of location choices than existing approaches. Specifically, I

develop a relative discrete choice model that leverages the similarities in (unobserved)

characteristics between asylees and non-asylum foreigners within origin country x des-

tination country x year cells. Essentially, if unobserved, time-varying factors that are

specific to an origin-destination country pair, such as evolving ethnic networks and the

political and economic conditions of the country pair, affect asylees and other migrants

equally, my approach controls for all these unobserved differences by modeling the differ-

ence between asylees’ and other migrants’ location choices at the cell level. Identification

then results from the fact that only the refugees’ location choices should be affected by

asylum grant rates.

My model combines the estimation approach of Cadena (2013), who develops a dis-

crete choice model of immigrant inflows in response to native born labor supply increases

(using pre-reform welfare participation rates as an instrument), with insights from Borjas
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(2001)’s seminal paper, which uses the relative geographic distribution of new immigrant

inflows versus the incumbent population to show that new immigrants arbitrage inter-

state wage differentials.1 In the present context, I use the assumption that refugees but

not other immigrants (i.e. those with long term residency permits for family unification,

occupation, or education) respond to asylum grant rates to estimate that an increase

in the origin-destination pair grant rate by 10 percentage points increases the share of

applications lodged in that destination country by 6.5 percent. In contrast to existing lit-

erature, this effect is both precisely measured and robust to a wide variety of specification

changes.

In addition to leveraging the similarities between asylum applicants and non-asylum

foreigners, my model directly accounts for variation in the origin-destination gains in util-

ity from migration, which varies across both origin and destination countries, without

affixing these into origin and destination fixed effects, as past work has done. Finally, my

model has the added benefit that while structurally derived from a utility-maximizing

choice framework, it also has a reduced form interpretation that does not require the

structural assumptions to hold. While a number of approaches have been used to ad-

dress endogeneity concerns in discrete choice models, including the BLP method (Berry,

Levinsohn and Pakes (1995)), control functions (Petrin and Train (2010)), instrumental

variables (Cadena (2013)), and the multiple indicator solution (Guevara et al. (2020)),

the relative choice approach used in this paper provides researchers in the migration and

other literatures with a simple, additional approach to addressing such concerns.

1In contrast to my approach, which estimates the absolute effect of grant rates on application flows,
Borjas (2001) estimates the effect of higher wages on the inflow of new immigrants relative to the location
choices of prior immigrants and natives. A similar specification is used by Albert and Monras (2018)
who examine immigrant location choices in response to local prices relative to that of natives, with total
consumption modeled as a function of consumption locally and abroad (via remittances).
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Section 2 of this paper provides background information and a brief discussion of the

relevant literature. I derive the model in Section 3, describe the data in Section 4, and

provide estimation results in Section 5. I conclude in Section 6.

3.2 Background

Asylum applicants are individuals who migrate to a foreign country and, upon arrival,

request protection in the receiving country under the Refugee (Geneva) Convention of

1951. A core principle of the agreement is non-refoulement: individuals who would face

threats to their life or freedoms if forced to return to their origin country should not

be turned away and instead should be provided refuge. Prospective applicants must be

present in the destination to apply for asylum and are then promptly entered into the

application process. Until a decision is made, applicants reside in government facilities

where they are provided food and medical care. Upon a grant of asylum, the individual

attains refugee status in the destination country. Those denied asylum on the grounds of

not meeting the Geneva standard for refugee status may be considered for humanitarian

(also called subsidiary) protection, which is a country-specific status with varying defi-

nitions and awards. Not all European countries offer humanitarian status, but if either

status is granted, the individual may generally reside in the country for five years, af-

ter which may adjust their status to long-term resident (European Commission (2020)).

They are also afforded the same broad rights as others, such as freedom of mobility

to other European Union countries (Brekke and Brochmann (2015); Zorlu and Mulder

(2008)). This makes the grant rate a particularly important factor in the decision make

process, although migration costs and long processing times would attenuate this.
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Despite agreeing to the principles of the Geneva Convention, many countries attempt

to deter future applications as part of larger immigration policies to manipulate which

types of foreigners arrive and are admitted and which are denied entry. Toshkov and

de Haan (2013) show, in fact, that European countries engage in a so-called “race to

the bottom” in terms of applications, seeking to receive fewer applications than their

neighbors. This is also found by Holzer, Schneider and Widmer (2000), who show that

Switzerland enacted policies that deterred future applications between 1986-1995 in re-

sponse to an uptick in filings. Vink and Meijerink (2003) furthermore find that the

variance of the distribution of asylum applications across countries decreased between

1982-2001, a result of the main EU destinations becoming more proactive in deterring

future applications with restrictive policies. This suggests a dynamic relationship be-

tween the supply of applications and policy responses.

Due to the ease of mobility within Europe, a concern among countries is the extent

to which refugees can exploit the application process. To address concerns of asylum

“shopping”–the submission of applications to multiple countries–or asylum “hopping”–

using entry into one country as a means of entry into a more desirable country for ap-

plication purposes (such as within the Schengen Area)–most European countries agreed

to the Dublin Regulation in 1990, which has seen major updates twice, most recently

in 2013. With some exceptions, the core principle of all versions of the agreement stip-

ulate that the country in which a foreigner first arrives is responsible for their asylum

application.2 Thus, any applications lodged outside this initial country are transferred

2Exceptions to this include 1) minors applying for asylum, in which case responsibility of the ap-
plication falls on the country in which the closest family member resides, and 2) applicants who have
immediate relatives who have either been previously granted asylum or have an asylum case pending,
in which case the country in which they reside is responsible. As discussed in Section 5 and shown in
the Appendix, controling for the refugee stock has no impact on baseline model estimates. Therefore,
I consider these exceptions to be minimal in impact to the model and I abstract from them in this
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to the first country. Furthermore, since all European countries are recognized as safe

countries, the decision made in the initial country is final and recognized as such by all

other countries in the agreement. Therefore any repeat submission is summarily denied,

barring any changes in circumstance to the applicant (European Commission (2020)).

These principles are not always uniformly upheld, however. EU countries near the

periphery are more likely to receive applications due to their proximity to sending coun-

tries, and especially so during large waves of asylum applications. In 2015, Hungary

suspended agreement with the core principle of the Geneva Convention - taking respon-

sibility of applications for first-time entrants - due to the spike in applications from Syria

(United Nations High Commissioner for Refugees (2017)). In response, Germany adopted

a policy of not turning away Syrian applicants, regardless of whether they’ve entered via

other EU countries. However, these large waves may result in longer processing times and

worse conditions for applicants, which would prompt other actions by member countries.

For example, in 2011, two EU court rulings barred member countries from transferring

applicants back to Greece on human rights grounds, as Greece was in the midst of its

own refugee crisis (European Commission (2016)). Although these withdrawals from the

principle are not common, they do suggest that core Dublin principles are not ironclad,

and individual countries will take matters into their own hands when they are overbur-

dened. The inclusion of dyadic fixed effects in my model addresses such destination-year

level changes by member countries. Furthermore, in robustness checks I account for these

suspensions of the Geneva principle by excluding the relevant countries altogether and

my results remain unchanged.

The most straightforward policy tool a country can use to affect future applications is

discussion.
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stricter interpretations of the definition of refugee or humanitarian status, which can be

implemented by lowering grant rates. A number of studies have examined this response,

but have found wide-ranging estimates. For example, Toshkov (2014), using 29 European

countries from 1987-2010, takes a dynamic approach by including lags of the dependent

variable in the specification, and finds a small estimate of a 1 percentage point increase

in the share of applications received by a country in response to a 15 percentage point

increase in the grant rate. He further finds a negative effect of applications on grant rates,

although effects are largely limited to within-country variation. However, that analysis is

limited to a destination-year analysis due to sample size, and does not account for origin

country heterogeneity.3

More recently, Bertoli, Brücker and Fernández-Huertas Moraga (2022) estimate a

discrete choice model, although not a relative one, that considers processing time of

applications as a factor in the destination choice. They find that a 10 percentage point

increase in the grant rate is associated with an increase in application shares by 1.7

percent in their unweighted model that is most similar to mine and find no effect in their

weighted model. Their inclusion of the interaction of grant rates with processing times

increases the estimated effect to 2.8 percent in their weighted model. As I will show

Section 3, the interaction of controls with grant rates is important because the utility

gains (or losses, in the case of processing time) at the time of the decision will depend

on the grant rate. Hatton (2009) examines the relationship between total applications

and grant rates from 1997-2006 and suggests that earlier estimates of grant rate effects

may be biased towards zero due to drops in the grant rate deterring those most likely

to be rejected. He constructs an index of policy stance based on legislative enactments -

3Neumayer (2004) constructs a measure of asylum burden taken on by a destination country and also
finds a small but positive effect. However the outcome variable in that analysis is not comparable here.
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specifically policies related to applications with manifestly unfounded claims and those

with subsidiary/humanitarian status - and uses the composite index as an instrumental

variable for grant rates, finding that a 10 percentage point increase in the grant rate

increases total applications by 16 percent. Although the use of other policy stances may

provide a good predictor of grant rates, they may not satisfy the exclusion restriction

required for valid instrumental variables: those legislative enactments should not correlate

with applications through channels other than the grant rate. Furthermore, legislative

changes generally apply equally to all origin countries, thus potentially omitting the

differential discretion that destination countries often exhibit towards foreigners from

different origin countries. At the other extreme, Diop-Christensen and Diop (2021) use

a Poisson pseudo-maximum likelihood model of total applications with data on on EU15

countries from 2008-2015, and finds a large effect of a lagged 1 percentage point increase

from the mean grant rate resulting in a 17.2 percent increase in total applications at the

origin-destination level.

To facilitate comparisons among the estimated effects summarized above, suppose

that Europe receives a constant flow of 50,000 applications from some particular origin

country, and a particular destination country usually receives 20% of these applications.

The estimates of the four aforementioned studies suggest that an increase of the grant rate

by 10 percentage points for that origin-destination pair would result in 48, 170, 1600, and

17200 more applications, respectively.4 Under the same circumstances, I find an estimate

of 650 more applications in my preferred specification. The range of these estimates sug-

gest that methodology matters. My approach improves on previous approaches in a few

4Toshkov (2014)’s specification is at the destination-year level rather than the origin-destination-year
level, so the estimated effect is in response to an increase of the grant rate by 10 percentage points from
the mean for that destination country (rather than origin-destination pair).
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ways. First, as previously noted, I leverage the similarities between asylum applicants

and non-asylum foreigners at the origin x destination x year cells so that unobserved

characteristics are controlled for, under the identification assumption that the differences

in these two groups’ characteristics (rather than just the asylee population’s character-

istics) are unrelated to the grant rate. Second, my model directly accounts for variation

in the origin-destination gains in utility from migration, which varies across both ori-

gin and destination countries, without affixing these into separate origin and destination

fixed effects, whereas past work have generally just included destination country con-

trols. Finally, my model has the added benefit that although structurally derived from a

utility-maximizing choice framework, it also has a reduced form interpretation that does

not require the structural assumptions to hold.

Finally, some past work has also examined how the asylee/refugee population com-

pares to immigrants. In the US context, Jaeger (2007) arguably provides the most

thorough examination of the location choices of different types of immigrants in the US

using Immigration and Naturalization Services (INS) data. The paper provides an abun-

dance of evidence that asylees and refugees are similar to economic immigrants regarding

other aspects of their location preferences: both are highly attracted to locations with

high wages and locations that are closer to the origin country, and refugees/asylees are

slightly more attracted to locations with a large prior immigrant presence than other im-

migrants, possibly due to greater network attachment upon arrival. Connor (2010) also

finds evidence that refugees/asylees have similar levels of employment to immigrants, but

lower wages, which is attributed to lower levels of education upon arrival. That study

also finds refugees/asylees live in areas with higher percentage foreign born and lower

median income, but no statistical difference in terms of unemployment or percent living
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in poverty relative to other immigrants.

3.3 A Model of Relative Choices

The model is motivated by the possibility that, in the absence of grant rate effects, the

asylee population would still choose to live in countries in such a way that correlates

with grant rates for unobserved reasons, such as pro- or anti- immigrant sentiment,

government enacted policies of immigrant deterrence, or spurious correlation. In such a

scenario, a simple OLS regression of applications on grant rates does not constitute a

causal relationship, and a valid instrument would be necessary. Finding and justifying

such an instrument is often difficult within the immigration literature.

In the absence of such exogenous variation, I provide a method that, although not

causal in interpretation, removes much of the unobserved selection and endogeneity con-

cerns in studies of migrant destination choices. I rely on the fact that asylees and other

immigrants are likely to share in many of the factors that determine their location choices,

such as likelihood of employment, a reliance on home country networks in the destina-

tion country, and similar treatment by the native population. The location choices of

recently arrived immigrants who are not asylum seekers would provide a close counter-

factual because they have no incentive to select on the harshness of the country’s grant

rates, but still share many of the common observed and unobserved characteristics with

asylum seekers at the origin-destination-year level. To illustrate this, consider two Syrian

nationals migrating in 2015, both caught under similar circumstances of civil war, and

further suppose that the first reaches Europe with the intent to file an asylum appli-

cation, due to having no other means of adjusting status, while the second applies for
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a non-asylum permit such as family reunification or employment, due to having family

connections or higher skills. If the latter has family in some European country and ap-

plies for a family-based permit, such a country is also desirable to the asylum applicant

because that country is more likely to have a Syrian community that can provide a safety

net and ease the adjustment of life in a new country. If the latter instead applies for an

occupational permit, similarly, the country is also desirable to the asylum applicant as

it is more likely to offer work opportunity to Syrian nationals in that year.

The assumption that grant rates are uncorrelated with origin-destination-year level

characteristics of asylum applicants is too strong to allow for a causal interpretation.

For example, after accounting for origin-destination-level variation, grant rates may be

correlated with the education level of asylum applicants: destination countries may be

broadly more receptive of foreigners with higher education, and this would be reflected in

a higher grant rate to those individuals. If this is the case, then the destination country

is also likely to favor more educated non-asylum immigrants when granting occupational

permits. Differencing this favoritism for the two groups would therefore result in a weaker

identification assumption: grant rates are no longer required to be uncorrelated with the

education level of asylum applicants, but instead uncorrelated with the difference in

education levels between asylum applicants and non-asylum immigrants. In the model

that follows, I allow for differences to exist between asylum applicants and non-asylum

immigrants, and allow for grant rates to be correlated with the characteristics of each

type, but rely on the identifying assumption that grant rates are uncorrelated with the

differences in asylum-immigrant characteristics, whether they are observed or unobserved.

70



Isolating the Effect of Grant Rates on Asylum Applications: A Relative Discrete Choice Approach
Chapter 3

3.3.1 Specifications

The primary outcome variable will be the relative share of asylum applications to immi-

grant inflows, measured as awarded permits for residency. Asylees will refer to first-time

applicants for asylum (who have already arrived at the destination country, a require-

ment of requesting asylum) and immigrants will refer to the recently arrived non-asylum

foreign born. Adapting from Borjas (2001), let As,j,t denote the share of applications

from origin country s filed in year t that are lodged in destination country j, and let Is,j,t

denote the share of the non-asylum inflow of immigrants from origin country s in year t

who migrate to destination country j. Therefore,

Zs,j,t =
As,j,t

Is,j,t
(3.1)

is the relative concentration of new asylees to new immigrants in destination j. If Zs,j,t is

larger than one, then there are relatively more new asylees concentrated in that country

than new immigrants. Let gs,j,t denote the grant rate of applications of origin country s

applying in destination j that are decided in year t.

Following the literature, I model the location decisions of both types as depending on

four variables: grant rates, labor market expected outcomes, a measure of civil/political

rights, and the size of refugee population already in the destination country to capture

network effects. Labor market expected outcomes are included based on the abundance

of evidence in the literature (Borjas (1987, 2001), Card (2001); Card and Lewis (2007);

Cadena (2013); Cadena and Kovak (2016), Basso, D’Amuri and Peri (2019)), that im-

migrants are attracted to high-employment locations. Civil/political rights are included

because, although it is relevant to both asylum applicants and immigrants, it is a dis-
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tinguishing feature of the asylum application process. The size of the existing refugee

population in the destination country is included due to Geneva Convention policy al-

lowing applicants to have their case heard in a country where they have family members

who have previously been approved for refugee status, which also accounts for network

effects.

3.3.2 Expected Outcomes

Expected outcomes k periods after arriving to the destination country will depend on the

probability of being granted asylum, P(Gs,j,t = 1) = gs,j,t, which is less than 1 for asylum

applicants and mechanically equal to 1 for non-asylum immigrants who have already

been given residency permits, and on V l
s,j,t and V r

s,j,t, which are the present discounted

value of expected labor and rights outcomes, respectively. Let δ < 1 be the discount

factor such that expected outcomes can be expressed by:

V l
s,j,t =

T∑
k=0

δkE(ml,k
s,j,t|Gs,j,t) (3.2a)

V r
s,j,t =

T∑
k=0

δkE(mr,k
s,j,t|Gs,j,t) (3.2b)

where ml,k
s,j,t is the labor market gain from migrating and mr,k

s,j,t is the rights gain from

migrating. The outcome of application decisions is binary, with “granted” including

anyone who may stay (granted refugee or humanitarian status) and “denied” including
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anyone who is denied both statuses. Expected outcomes can be rewritten as:

V l
s,j,t =

T∑
k=0

δk[gs,j,tE(lkj,t) + (1− gs,j,t)E(lks,t)] (3.3a)

V r
s,j,t =

T∑
k=0

δk[gs,j,tE(rkj,t) + (1− gs,j,t)E(rks,t)] (3.3b)

where lj,t and ls,t are measures of employment outcomes in the destination country and

origin country, respectively, and similarly for rights outcomes. Reorganizing results in:

V l
s,j,t =

T∑
k=0

δkE(lks,t) + gs,j,t

T∑
k=0

δk[E(lkj,t)− E(lks,t)] = V l,d
s,t + gs,j,tV

l,g
s,j,t (3.4a)

V r
s,j,t =

T∑
k=0

δkE(rks,t) + gs,j,t

T∑
k=0

δk[E(rkj,t)− E(rks,t)] = V r,d
s,t + gs,j,tV

r,g
s,j,t (3.4b)

where superscripts d and g denote denied and granted, respectively. Note that expected

outcomes if granted is the value of the destination-origin country difference, or the gains

from migrating.

3.3.3 Random Utility

Let Ui,s,j,t be the utility of individual i from origin s who chooses destination j in year

t. The decision rule must be such that the individual chooses destination j if and only if

Ui,s,j,t ≥ Ui,s,h,t ∀h ̸= j. I model individual i’s utility as being linear in expected outcomes

and other observable characteristics at the s× j × t level.

Ui,s,j,t = γV l
s,j,t + δV r

s,j,t +Xs,j,tβ + ui,s,j,t
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Since the presence of same-country earlier refugees is a feature of just the destination

country, I include this as a control in Xs,j,t rather than modeling it as I do labor and

rights outcomes. From McFadden (1973), under the assumption that all ui,s,j,t are i.i.d

with Type I extreme value distribution, the coefficients can be estimated by the proba-

bility choice taking conditional logit form. This assumption is certain to fail because 1)

unobserved characteristics shared by asylees from the same origin country will result in

correlated errors, and 2) the errors are likely to be correlated with expected outcomes due

to, for example, the correlation of employment or rights with unobserved characteristics,

inducing omitted variable bias. To overcome this, I follow Cadena (2013) and Scanlon

et al. (2002).5 I model the error term to be separable in the unobserved group term and

the unobserved individual term: ui,s,j,t ≡ ηs,j,t + ei,s,j,t, resulting in:

Ui,s,j,t = γV l
s,j,t + δV r

s,j,t +Xs,j,tβ + ηs,j,t + ei,s,j,t (3.5)

where the ei,s,j,t are now i.i.d Type I extreme value. Consequently, πs,j,t is the probability

that the individual chooses destination j, which takes the conditional logit form:

πs,j,t =
e(γgs,j,tV

l,g
s,j,t+δgs,j,tV

r,g
s,j,t+Xs,j,tβ+ηs,j,t)

Ds,t

, where: (3.6)

Ds,t =
J∑

h=1

e(γgs,h,tV
l,g
s,h,t+δgs,h,tV

r,g
s,h,t+Xs,h,tβ+ηs,h,t)

The terms V l
s,j,t and V r

s,j,t from equation (3.5) are replaced by gs,j,tV
l,g
s,j,t and gs,j,tV

r,g
s,j,t

because the first terms in equations (3.4a) and (3.4b) are present in the numerator and

every term in the denominator of πs,j,t and are therefore canceled, and more intuitively

5Scanlon et al. (2002) models the optimal choice of health care plans and Cadena (2013) models
immigrant geographic responses to native labor supply shocks.
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because these terms are invariant to the destination and do not factor into the choice.

The derivation so far also suggests that the control for the present refugee population

should be interacted with grant rate. The intuition behind this is that the utility gains

from choosing the destination are not realized unless the application is approved, which

occurs with probability gs,j,t.

πs,j,t equals the expected share of applications and inflows into j: E(As,j,t) = πA
s,j,t

and E(Is,j,t) = πI
s,j,t. Due to sampling error, the measured shares can be expressed as the

choice probability plus an uncorrelated, mean-zero error term:

As,j,t = πA
s,j,t + vAs,j,t (3.7a)

Is,j,t = πI
s,j,t + vIs,j,t (3.7b)

Taking the natural log of both sides and then the Taylor approximation around

(vAs,j,t, v
I
s,j,t) = (0, 0) gives:

ln(As,j,t) ∼= ln(πA
s,j,t) +

vAs,j,t
πA
s,j,t

(3.8a)

ln(Is,j,t) ∼= ln(πI
s,j,t) +

vIs,j,t
πI
s,j,t

(3.8b)

which can be subtracted so that the difference equals the log of the relative concentration

measure:

ln(As,j,t)− ln(Is,j,t) = ln(Zs,j,t) (3.9)

Finally, plugging in (3.6) and pulling out the control for the refugee network, Ss,j,t,
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interacted with grant rate gives the following 3 equations:

ln(As,j,t) ∼= γAgs,j,tV
l,g
s,j,t + δAgs,j,tV

r,g
s,j,t + ψAgs,j,tSs,j,t

+Xs,j,tβ
A + ηAs,j,t − ln(DA

s,j,t) +
vAs,j,t
πA
s,j,t

(3.10a)

ln(Is,j,t) ∼= γIgs,j,tV
l,g
s,j,t + δIgs,j,tV

r,g
s,j,t + ψIgs,j,tSs,j,t

+Xs,j,tβ
I + ηIs,j,t − ln(DI

s,j,t) +
vIs,j,t
πI
s,j,t

(3.10b)

ln(Zs,j,t) ∼= γgs,j,tV
l,g
s,j,t + δgs,j,tV

r,g
s,j,t + ψgs,j,tSs,j,t

+Xs,j,tβ + ηAs,j,t − ηIs,j,t − ln

(
DA

s,j,t

DI
s,j,t

)
+
vAs,j,t
πA
s,j,t

−
vIs,j,t
πI
s,j,t

(3.11)

Equations (3.10a) and (3.10b) are the individual discrete choice models. Equation

(3.11) is the relative model, which has a reduced form interpretation: each coefficient

represents the effect of a change in one unit of the explanatory variable on the percentage

change of the relative concentration of asylum applications to immigrant inflows. With

the primary explanatory variable of interest being the grant rate rather than the grant

rate interaction, the flexibility of random utility models allows for the inclusion of gs,j,t

within Xs,j,t, so that βA becomes the coefficient of interest. While the vs,j,t terms arise

due to sampling error and are exogenous, the main obstacle to identification in all three

equations are the unobserved common group level variables, ηAs,j,t and η
I
s,j,t.

There are a number of advantages to using the relative model rather than the indi-

vidual model of equation (3.10a). First, the coefficients are additive due to the logged

dependent variable, so that β = βA − βI . Second, since asylees have an incentive to
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respond positively to grant rates but immigrants do not, we expect βA > 0 but βI = 0,

so that β = βA. This holds because any correlation between grant rates and unobserved

immigrant characteristics is captured in ηIs,j,t of (3.11), rendering β
I as the true response

of immigrants to grant rates. Finally, and critically, the identifying assumption of the

relative model is that grant rates are uncorrelated with the difference in asylee-immigrant

characteristics rather than uncorrelated with unobserved asylee characteristics. This is

a weaker assumption because it allows for the case where there exists correlation that

cannot be controlled for. In the previous example at the beginning of the section, I

used education to highlight this: grant rates are not allowed to be correlated with the

education levels of asylees or immigrants in the individual models (3.10a) and (3.10b)

to consistently estimate βA and βI , however, grant rates are allowed to be correlated

with education in the relative model, so long as the correlation is the same for asylees

and immigrants. This can be seen from the fact that cov(ηAs,j,t, gs,j,t) ̸= 0 will bias the

estimation of βA in (3.10a), however, it will not bias the estimate of β = βA in (3.11)

under the weaker assumption that cov(ηAs,j,t, gs,j,t) = cov(ηIs,j,t, gs,j,t).

3.4 Data and Descriptives

European Commission (2021) and the United Nations High Commissioner for Refugee,

United Nations High Commissioner for Refugees (2021), are the two main data sources for

applications and decisions used in past work. The main source for non-asylum immigrant

inflows is Eurostat. Both acquire data from each receiving nation’s foreign ministry. Re-

sults remain unchanged from using either data sources, however, to maintain consistency

in data sources, I rely on Eurostat for all three variables, which are used to construct
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the primary response variable and calculate grant rates. In robustness checks, where

I include specifications that include the US, I add US data from UNHCR. The World

Bank (2021) provides annual data on a number of economic conditions on all countries,

and these are used in models that include controls in the appendix. The World Bank

also provides data on civil and human rights indices under the Worldwide Governance

Project. Finally, I rely on an additional measure of civil/human rights using Economist

Intelligence Unit (2021)’s Democracy Index, obtained from each year’s report.

Counts of applications are restricted to first time applicants for asylum lodged to a

destination country plus all subsidiary beneficiaries under the same application. There

are 3 decision categories: those granted asylum (Geneva) status, those denied asylum but

granted humanitarian status, and those denied either status. Unless noted otherwise, I

consider a positive or accepted grant as one where the decision is either a grant of asylum

or humanitarian status.

Data for foreign inflows is measured by the number of permanent (long-term, at least

12 months) permits to reside in the destination country. There are four categories for

such permits: educational, family, occupational, or other. Due to variation in destination

country definitions, the ‘other’ category may or may not include positive decisions made

for asylum applicants. I use the former 3 categories to measure the count of long-term

permits awarded to non-asylum immigrants into Europe.6 One concern with this measure

may be that it is not comparable to applications of asylum, as it is a measure of granted

permits rather than applications for permits. However, I argue that this specification

is preferred to applications for permits for three reasons. First, foreigners may apply to

a number of destination countries for non-asylum reasons - asylum applicants cannot -

6In the appendix, I provide estimates with individual specifications of permits, with results remaining
unchanged for occupational and family permits, but increasing for educational permits
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making a count of applications less representative of their first choice preference. Second,

asylees must be present in the destination country in order to apply for asylum, and

since they are not allowed to apply for asylum in another Geneva-agreement country

after initial arrival, a more comparable measure for immigrants is the actual award of a

permit. Although no official reports on the processing delay between applying and being

awarded for long term residence were found, some government websites suggest that most

applicants generally take roughly 3 months78, and any mismeasurement due to this delay

is unlikely to be correlated with the response variable.

Table 3.1a provides descriptive statistics on applications, grant rates, and inflows for

the top 10 destination countries in the sample, accounting for 85.3% of all applications

lodged and 81.0% of immigrant (occupational, family, educational) inflows during the

2008-2019 period. Almost a third of applications we lodged in Germany, with the next

highest receiving country, France, receiving 12.3% of applications. Thus, central Euro-

pean countries that are not geographically closest make up a significant share of received

applications. Table 3.1b provides the same statistics for origin countries, and shows that

the top 10 asylum sending countries account for nearly 60% of all asylum applications

lodged but just under 17% of immigrant permits. The grant rate for these countries varies

considerably and overall stands at 61.1%, however, when excluding Syria the remaining

nine countries have an overall grant rate of 47.9%.

The baseline measure capturing labor market conditions is the employment to pop-

ulation ratio because other reasonable measures, such as wages and/or unemployment

rate, are more sensitive to equilibrium conditions and because data for those variables

7For Germany, 1-3 months: https://www.germany.info/us-en/service/visa/residence-visa/922288
(website accessed March 3, 2022)

8For Finland, 3 months for occupational permit: https://migri.fi/en/processing-times (website ac-
cessed March 3, 2022)
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Table 3.1a: Descriptive Statistics, Top 10 Destinations, 2008-2019, (Thousands)

Country ApplicationsApp
Share
(%)

Immigrant
Inflows

Inflow
Share
(%)

Geneva
Grants

Total
Grants

Total
Deci-
sions

Grant
Rate
(%)

Germany 2,074.5 31.5 1,095.0 8.5 1,048.4 1,139.5 2,121.4 53.7
France 812.0 12.3 1,763.2 13.7 195.6 195.6 835.2 23.4
Italy 616.1 9.4 1,605.4 12.5 230.5 342.6 698.7 49.0
Sweden 480.1 7.3 559.5 4.3 218.9 230.3 445.3 51.7
United Kingdom 382.3 5.8 2,845.7 22.1 107.9 124.8 334.6 37.3
Greece 290.0 4.4 230.7 1.8 52.1 52.3 202.1 25.9
Hungary 263.8 4.0 151.2 1.2 4.6 5.1 29.8 17.2
Spain 246.8 3.7 1,806.5 14.0 57.9 93.2 153.8 60.6
Switzerland 230.8 3.5 121.3 0.9 116.2 164.9 236.6 69.7
Belgium 220.7 3.4 264.5 2.1 85.1 85.1 227.3 37.4

Total (Top 10) 5,617.0 85.3 10,443.0 81.0 2,117.1 2,433.4 5,284.6 46.0
Total 6,585.3 100.0 12,890.7 100.0 2,521.8 2,877.6 6,168.6 46.6

Counts, in thousands, are displayed for total applications lodged (2), number of immigrant (occupational, family,
educational) permits issued (4), number of asylum (Geneva) grants (6), total grants that include humanitarian status
(7), and total decisions made on applications (8). Columns 3 and 5 represents the share of applications and inflows
out of all destination countries, and column 9 is the overall grant rate, calculated as total grants out of total decisions,
over the 2008-2019 period.

Table 3.1b: Descriptive Statistics, Top 10 Origins, 2008-2019, (Thousands)

Country Applications App
Share
(%)

Immigrant
Outflows

Outflow
Share
(%)

Geneva
Grants

Total
Grants

Total
Deci-
sions

Grant
Rate
(%)

Syria 1,195.5 18.2 239.9 1.9 973.0 991.7 1,053.7 94.1
Afghanistan 681.7 10.4 68.0 0.5 285.3 373.0 644.9 57.8
Iraq 482.1 7.3 124.3 1.0 242.1 259.4 452.3 57.4
Pakistan 266.6 4.0 448.4 3.5 35.6 46.2 246.5 18.7
Eritrea 261.2 4.0 46.7 0.4 200.9 209.8 243.4 86.2
Nigeria 248.6 3.8 249.3 1.9 44.4 71.0 254.7 27.9
Russia 201.2 3.1 427.0 3.3 43.3 49.0 199.3 24.6
Albania 201.2 3.1 357.7 2.8 9.9 12.4 188.4 6.6
Iran 199.9 3.0 114.7 0.9 85.3 89.8 181.0 49.6
Somalia 197.2 3.0 70.9 0.5 123.4 143.8 209.9 68.5

Total (Top 10) 3,935.3 59.8 2,146.8 16.7 2,043.2 2,246.0 3,674.2 61.1
Total 6,585.3 100.0 12,890.7 100.0 2,521.8 2,877.6 6,168.6 46.6

Counts, in thousands, are displayed for total applications lodged (2), number of immigrant (occupational, family, edu-
cational) permits issued (4), number of asylum (Geneva) grants (6), total grants that include humanitarian status (7),
and total decisions made on applications (8). Columns 3 and 5 represents the share of applications and outflows out
of all origin countries, and column 9 is the overall grant rate, calculated as total grants out of total decisions, over the
2008-2019 period.

are either not available (wages) or are less complete for origin countries (unemployment

rate). However, in specifications with controls, I include the unemployment rate for the
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Table 1c: Descriptive Statistics, Controls, 2008-2019

Variable Origin Destination

Employment to population ratio, 15+, total (%) 58.07 54.54
Employment to population ratio, 15+, male (%) 68.96 60.68
GDP growth (annual %) 2.73 1.04
GDP per capita (current US$) 12,277 41,424
GNI growth (annual %) 3.19 1.23
Household consumption growth (annual %) 3.38 0.74
Household consumption pc (constant 2015 US$) 5,060 18,150
Labor force participation rate, total, (15-64), (%) 66.47 72.99
Unemployment, total (%) 7.74 8.23
Unemployment, male (%) 7.01 8.34

Control of Corruption (CC) 2.85 6.87
Government Effectiveness (GE) 3.00 6.73
Political Stability/Nonviolence (PV) 4.97 8.01
Rule of Law (RL) 4.24 8.03
Regulatory Quality (RQ) 4.76 7.82
Voice and Accountability (VA) 4.10 7.68
Democracy Index 4.88 8.11

The top section provides the mean of economic measures across countries over the entire
2008-2019 period. The bottom section provides the mean index of different measures of
civil/political rights, across countries over the entire 2008-2019 period.

15-64 population and other economic controls, such as GDP growth, labor force partici-

pation rate, and household consumption. Furthermore, past work such as Cadena (2013)

show that foreigners are more sensitive to employment probabilities than wages.

Measures of civil/political rights are obtained from the World Bank’s Worldwide

Governance Project, which provides six annual indicators: Control of Corruption (CC),

Government Effectiveness (GE), Political Stability/Nonviolence (PV), Rule of Law (RL),

Regulatory Quality (RQ), and Voice and Accountability (VA). The indicators are com-

posite indices based on a number of data sources that include surveys of households and

firms, commercial business information providers, non-governmental organizations, and

public sector organizations. Among these sources is the Economist’s Intelligence Unit’s

measure of democratic freedoms, called Democracy Index, which I use as the primary

measure of rights. Specifically, it is a weighted average based on answers to a number
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of public opinion surveys from the respective countries. Although the indicators are not

perfect measures, they are plausibly valid annual measures of the state of the social, civil,

and political conditions and freedoms in each country. All six indicators are rescaled to

range from 0 to 10.9 Descriptive statistics on the explanatory variables for destination

and origin countries are provided in Table 1c.

Figure I: Applications, Immigrant Inflows, and Grant Rates, 2008-2019
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9Democracy Index already ranges from 0 to 10; the other six indices range from 0 to 1.
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Figure II: Syria Trends, 2008-2019
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The sample to be used in the baseline specification includes 93 origin countries and

30 destination countries during 2008-2019, which comes after limiting observations to

origin countries that are responsible for a cumulative total of 2000 applications across

all destinations and years. I also restrict to origin-destination-year cells with at least 10

applications and 10 non-asylum immigrant permits, and where the lagged grant rate is

calculated based on at least 10 decisions, as is described in detail in Section 5.1. Due to

missing origin-destination-year cells, total observations are reduced to 7,132, with slightly

more or fewer in alternate specifications.

Figure I displays trends in annual asylum applications, foreign inflows, and grant

rates across all destination countries, and highlights the spike in applications between

2015-2016 due to the Syrian civil war. Although applications have dropped afterwards,

they did not returned to pre-2015 levels, and the figure generally suggests a rising trends

despite the crisis. This is also illustrated in Figure II, which displays the same trends
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for Syrian nationals to Europe. Syria led all countries in asylum applications lodged in

Europe in 2015, accounting for a third of all applications. To ensure that results are not

driven by the leading countries of origin or destination, I provide results where I remove

Germany and Syria for the 2015-2016 period from the data, finding similar results.

3.5 Model Estimation

3.5.1 Grant Rates

The grant rate will be the share of decisions that were approved in some period prior to

year t. It is not immediately clear if the most immediate prior period should be used

nor what the length of this period should be. For example, if applicants update their

information from networks on changes in grant rates of the destination country relatively

quickly and make their decisions based on only recent information, using a simple lagged

grant rate would best capture grant rate effects. Table 3.2, provides coefficient estimates

of grant rates in identical models of the main outcome variable, but with specifications

of grant rate that vary by period duration (1-5 years) and lags (1-5 years). All 3 dyadic

fixed effects (origin x year, destination x year, and origin x destination) are included

and no controls are included. As an example, the 3-year grant rate with a 1-year lag

specification would associate outcome observations in 2018 with the grant rate calculated

over decisions made over the 2015-2017 period. Additionally, observations where the

grant rate is calculated based on fewer than 10 decisions of the period are removed, as

are observations with fewer than 10 applications or permits. In the last column, I provide

a 2019 cross-sectional model based on decisions over the entire 2008-2018 period, with

origin and destination fixed effects.
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Table 3.2: Models of Different Specifications of Grant Rates

Duration of Calculated Grant Rate
1-Year 2-Year 3-Year 4-Year 5-Year 2019 CS

1 Lag 0.567∗∗∗ 0.715∗∗∗ 0.743∗∗∗ 0.969∗∗∗ 1.268∗∗∗ 0.673
(0.140) (0.162) (0.187) (0.211) (0.259) (0.603)

2 Lags 0.481∗∗∗ 0.511∗∗∗ 0.633∗∗∗ 0.751∗∗∗ 0.821∗∗∗

(0.143) (0.162) (0.176) (0.206) (0.250)
3 Lags 0.150 0.229 0.278 −0.029 −0.085

(0.154) (0.167) (0.194) (0.229) (0.283)
4 Lags 0.069 0.144 −0.143 −0.115

(0.150) (0.169) (0.197) (0.239)
5 Lags 0.139 −0.281 −0.108

(0.144) (0.178) (0.221)

Note: Table provides the coefficient estimates of different specifications of grant rate in identical
models. Each model is a regression of the logged relative concentration measure on the grant
rate, with origin x time, destination x time, and origin x destination fixed effects. Specifications
differ by the duration for which the grant rate is calculated (columns) and by number of lags
(rows). The final column provides the estimate using just a 2019 cross-section, where the grant
rate is calculated as total granted divided by total decisions over the entire 2008-2018 period,
with origin and destination fixed effects.

The table displays two findings. First, specifications with greater than 2 lags remove

grant rate effects, so that the most recent few periods are essential to any specification,

as is expected. This suggests that information on the grant rate leniency travels quickly

to origin country prospective applicants, which is reinforced by the strong positive coeffi-

cient for the 1-year, 1-lag specification. The window length is less clear: a longer horizon

increases the effect, but also results in the specification losing precision as time variation

is removed when widening the window. In the extreme, the 2019 cross section provides a

positive coefficient, but is much less precise. In order to balance the possibility of appli-

cants relying on a longer horizon of historical rates while also retaining time variation, I

use the 3-year, 1-lag specification in baseline estimates. I provide estimates of baseline

models with different specifications of grant rate in appendix Table C.1.2, with results

remaining consistent with those in Table 3.2.
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3.5.2 Model Estimation

I estimate the following models:

lnAs,j,t
∼= αA + βAgs,j,t + γAgs,j,tE : Ps,j,t + δAgs,j,tRightss,j,t

+ ψAgs,j,tNetworks,j,t + ϕs,t + ϕs,j + ϕj,t + eAs,j,t (3.12)

ln Is,j,t ∼= αI + βIgs,j,t + γIgs,j,tE : Ps,j,t + δIgs,j,tRightss,j,t

+ ψIgs,j,tNetworks,j,t + ϕs,t + ϕs,j + ϕj,t + eIs,j,t (3.13)

where the outcome variable and grant rates are calculated directly from the data; E:P is

the difference in destination-origin employment to population ratio and is the proxy for

labor outcomes; Rights is the difference in destination-origin Democracy Index; Network

captures the size of the existing refugee population and is calculated as the log of 1 plus

the accumulated granted applications since 2008 for each origin-destination pair; and the

ϕ terms are origin × year (capturing the ln(DA/DI) term), origin × destination, and

destination × year fixed effects. Other than the grant rate, all other covariates in all

specifications are lagged by 1 year and demeaned at the origin-year level to capture the

response from the mean value of the covariate at the place and time of the decision. The

model for applications is weighed by the stock of applications at the origin-year level

and the model for immigrant inflows is weighed by the stock of inflows at the origin-

year level. Weights are necessary in order to ensure that individual applications (and

permits) have the same weight across origin-year groups, and to account for potential

heteroskedasticity.10

10Specifically, if total applications lodged for a particular origin-year group are larger, then each
application would count for less if origin-year cells are weighed equally (i.e. an unweighted model)
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The relative model is not calculated directly due to the use of different weights for the

different populations. Instead, the relative model estimates are calculated from estimates

of these two models. The estimated coefficients in the relative models represent the

difference in estimated coefficients from the individual models. The standard errors

represent the standard error of the difference of the coefficients, which is found by first

obtaining the variance covariance matrix of coefficients using the residuals of the two

individual models, then directly calculating the standard error using also the individual

models’ standard errors. I also report the R2 of each model.

Table 3.3 displays model estimates using just the grant rate, the baseline specifica-

tion, and alternate specifications. The coefficient estimate of grant rate is positive and

significant across all models. Model 1 provides the unweighted model, with the estimate

remaining significant only at the 10% level and smaller than the baseline, suggesting that

high-application years may be driving some of the results. To ensure that each applica-

tion counts the same in the estimation, however, the weighted model is preferred. The

exclusion of different covariates from the baseline model does little to alter the exist-

ing coefficients estimates (Models GR-Only, 2, 3, and 4), but confirms that non-asylum

immigrants have stronger preferences for employment whereas asylum applicants have

stronger preferences for civil and political rights and are more likely to apply to countries

with a large existing refugee population from the same origin. In Model 5, I include the

individual (non-interacted) controls while omitting destination-year fixed effects, which

provide the least explanatory power of the three dyadic fixed effects, in order to avoid

collinearity. Their omission, however, would fail to capture variation due to sweeping

changes in asylum policy by destination countries, such as those previously highlighted

or any others that differentially impact asylum applicants but not non-asylum immi-
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grants. In Appendix Table C.1.1, I provide estimated specifications with the addition

of different controls, such as GDP, household consumption, and alternative measures of

labor market outcomes and civil/political rights in the appendix.

As supporting evidence for my approach, I also provide estimates of the individual

models separately, without invoking the assumption that the coefficient on grant rates for

immigrant inflows is zero. In Table 3.4, I show that immigrant permits are not responsive

to grant rates; thus my estimated relative effect is nearly identical to the absolute effect

derived from a more simpler estimation approach, but much more robust.
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3.6 Discussion

Asylum policy is a major component of most western countries’ immigration policies. In

this paper, I examine the destination choices of individuals applying for asylum in Europe,

and how this is impacted by the grant rate. Although the effect is unambiguously positive,

it is of policy interest to destination counties to know the response of applications to grant

rates. Using a relative discrete choice model, I show that an increase of 10 pp in the

origin-destination-year level grant rate increases the share of applications to Europe that

a particular country receives by 6.5 percent. These results are robust to a number of

specifications, and robustness checks generally result in point estimates varying from a

3 to 8 percent estimate. To the best of my knowledge, the method used is novel and

has potentially wide appeal: when utilizing discrete choice models, the researcher can

rely on the choices of a counterfactual group that is similar to the population of interest

other than in the incentives to respond to the explanatory variable of interest. If one

group is expected to have a response while the other is expected to have no response,

this relative discrete choice model may provide a simple and convenient method to attain

nearly-causal estimates on the responding group.

This approach can potentially be applied to other settings where traditional tools for

identification, such as instrumental variables, may not be feasible. Within migration, for

example, the relative choices of immigrants from similar backgrounds (such as those orig-

inally from the same region of the world) but who receive differential treatment by the

native population may shed light into the effects of existing perceptions and attitudes.

In another context, the choice of health insurance plans of workers can be examined by

comparing the choices of union and non-union workers, in settings where union workers
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may not be responsive to particular aspects of the plan due to union membership.11 In

educational settings, the choice of schools and majors between international students

and domestic students can be compared in settings where state/national policies induce

a non-responsive for one group. Other classic settings include choice of occupation and

industry, mode of transport, product brand, etc. In any case, the researcher must make a

reasonable judgement that the counterfactual group is not responsive to the explanatory

variable of interest but otherwise similar such that the explanatory variable is uncorre-

lated with the differences in characteristics between the two groups.

Examining grant rate effects in the American context would provide additional infor-

mation to governments on how responsive prospective applicants are when making the

decision to emigrant and apply for asylum. The US context notably differs from the

European context in that prospective applicants are allowed entry into the US, and then

the applicant is eligible to apply for asylum for a period of 1 year upon arrival. During

this year, prospective applicants are free to migrate anywhere within the US, which has

been well-documented to have significant variation in grant rates across asylum offices

and immigration courts. Comparing results with those in this paper may lead to novel

findings on the effects of policy on mobility and migration.

11This is similar to the setting in Scanlon et al. (2002), although union workers in that setting were
expected to have a positive response.
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Chapter 1 Appendix

A.1 Tables

Table A.1.1: Timeline of Key Events

Jan 30 WHO declares international
emergency

Mar 11 WHO declares COVID-19 a
pandemic

Jan 31 US places travel restrictions on
travel from China

Mar 12 First covid restriction in US
takes effect; NY closes public
schools. Announcement made
March 10

Feb 3 US declares a public health
emergency

Mar 13 Trump declares national emer-
gency, announces travel re-
strictions on 26 countries

Feb 11 WHO announces official name
“COVID-19”

Mar 15 First statewide bans on public
events (NY, OH)

Mar 6 US Secretary of State uses
“Wuhan virus” on Twitter

Mar 16 Trump’s first “Chinese virus”
tweet

Note: Timeline events obtained from Cao, Lindo and Zhong (2022) and National Public Radio
(2020).
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Table A.1.3: Consumer Discrimination, by Dine Share Group

Reference Group: Dependent Variable: Log Visits, by Dine Share (%)

All Other Cuisines 0-20 20-30 30-40 40-50 50-60 60-100

Post x 2020 x Chinese -0.011 -0.008 -0.029*** -0.036*** -0.037*** -0.046***
(0.016) (0.010) (0.009) (0.010) (0.012) (0.013)

Post x 2020 -0.149*** -0.129*** -0.120*** -0.123*** -0.130*** -0.163***
(0.004) (0.003) (0.003) (0.003) (0.003) (0.003)

Cases x Chinese -0.065 -0.063** -0.035* -0.062*** -0.069** -0.103***
(0.047) (0.025) (0.021) (0.024) (0.027) (0.030)

Cases -0.076*** -0.079*** -0.080*** -0.085*** -0.082*** -0.082***
(0.010) (0.006) (0.006) (0.007) (0.008) (0.008)

Total Obs. 1,290,730 2,228,781 2,213,345 1,773,775 1,361,854 1,575,642
R Squared 0.166 0.143 0.120 0.126 0.163 0.235
Counties 2,478 2,617 2,649 2,597 2,614 2,628
Total Restaurants 46,155 79,695 79,151 63,435 48,698 56,324
Chinese Restaurants 1,962 4,878 6,399 4,912 3,276 2,688

FE: County x Cuisine X X X X X X
Full DDD Controls X X X X X X
Controls[4] x Post x Year X X X X X X

* p < 0.1, ** p < 0.05, *** p < 0.01
Note: The table provides estimates obtained from equation 1.3 representing estimation of the par-
titioned DDD model, separately for six partitions of dine-share. The reference group is the pooled
renaming cuisine groups for all models. The full set of interactions of indicators for Post, Year, and
Chinese are included. Cases is measured as reported covid cases in the prior two weeks. Control
variables are included as interactions with Post x Year and with Post x Year x Chinese to capture
the differential impact of the control in response to the announcement. Standard errors are clustered
at the county x cuisine level.
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Table A.1.6: Consumer Discrimination, Extended Framework

Dependent Variable: Log Visits

Chinese American Asian Latin European

Post x 2020 x Chinese Share x -0.027*** 0.001 0.000 0.031*** 0.039***
Dine Share (0.007) (0.006) (0.008) (0.010) (0.015)

Post x 2020 x Chinese Share 0.031*** 0.064*** 0.028*** 0.077*** 0.039***
(0.004) (0.002) (0.003) (0.003) (0.004)

Post x 2020 x Dine Share -0.125*** -0.025*** -0.103*** -0.031*** -0.031***
(0.013) (0.004) (0.012) (0.006) (0.012)

Post x 2020 -0.158*** -0.141*** -0.081*** -0.102*** -0.133***
(0.002) (0.001) (0.002) (0.001) (0.002)

Cases x Chinese Share x 0.008 0.000 0.002 0.022 0.031
Dine Share (0.013) (0.010) (0.013) (0.014) (0.022)

Cases x Dine Share -0.052 0.010 0.024 0.012 0.067*
(0.042) (0.010) (0.028) (0.015) (0.036)

Cases x Chinese Share -0.019*** -0.026*** -0.021*** -0.025*** -0.026***
(0.002) (0.001) (0.002) (0.002) (0.003)

Cases -0.111*** -0.065*** -0.086*** -0.054*** -0.095***
(0.006) (0.002) (0.005) (0.002) (0.006)

Total Obs. 674,253 6,122,262 888,024 1,990,393 768,449
R Squared 0.830 0.871 0.818 0.850 0.845
Counties 2,056 2,995 1,379 2,541 1,762
Total Restaurants 24,115 218,906 31,765 71,179 27,493

FE: Restaurant X X X X X
Full DDD Controls X X X X X
Controls[4] x Post x Year X X X X X

* p < 0.1, ** p < 0.05, *** p < 0.01
Note: The table provides estimates obtained from equation 1.7, representing estimation of
the extended theoretical framework. The Chinese share of customers is calculated using the
home census tract of visitors in the entire 2020 pre-treatment period, based on the Chinese
share of the population provided by the 2019 ACS 5-year sample. Dine-share is demeaned
and Chinese share is standardized. The full set of interactions of indicators for Post, Year,
Dine share, and Chinese share are included. The full set of interactions of Cases, Dine share,
and Chinese share are also included. Cases is measured as reported covid cases in the prior
two weeks. Control variables are included as interactions with Post x Year and with Post
x Year x Chinese share to capture the differential impact of the control in response to the
announcement. Standard errors are clustered at the restaurant level.
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A.2 Figures

Figure A.2.1: Consumer Response to High Chinese-Share Restaurants

(a) Chinese Restaurants
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(b) Non-Chinese Restaurants
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Customers: Non−Chinese Chinese

Note: The figure provides event studies representing the response of Chinese and non-Chinese customers to the pre-covid

restaurants with a one standard deviation greater Chinese share of customers, and correspond to δ̃2 of equation 1.5. Event
studies are shown separately for Chinese restaurants (a) and non-Chinese restaurants (b).
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Figure A.2.2: Consumer Response to Sharing Space with Chinese Customers

(a) Chinese Restaurants
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(b) American Restaurants
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(c) Asian Restaurants
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(d) Latin Restaurants
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(e) European Restaurants
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Note: The figures display event studies of the consumer response to dine-in restaurants with a one standard deviation
greater Chinese share of customers, and correspond to δ4 in equation 1.7, separately for each cuisine group.
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Figure A.2.3: Chinese Restaurants Predicting Covid Cases

(a) Restaurant Share
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(b) Visit Share
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(c) Restaurant Share, Control Chinese Pop. Share
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(d) Visit Share, Control Chinese Pop. Share
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Note: The figures display coefficient estimates of county-level Chinese share of restaurants in (a) and (c), and the share
of all customers that visited a Chinese restaurant in (b) and (d), as predictors for future covid cases. The unrestricted
sample of restaurants is included in each estimated model. Each figure correspond to β in equation 1.8, which is restated
below. All models include the log population, density, and the 2016 democratic share as controls. Models in subfigures
(c) and (d) also include the Chinese ancestry share of the county’s population as a control. The primary explanatory
variable, Share, is obtained using 2020 pre-announcement consumer outcomes. The outcome variable is cumulative covid
cases for each of 80 weeks following the covid announcement. Coefficient estimates for the first seven weeks are very
small and alone are not meaningful. The vertical dashed line indicates the end of the observational period in this study,
March 8.

Estimated model (equation 1.8 in text):

log(1 + CumulCases)c = α + βSharec +Xcγ + ε
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B.1 Data

B.1.1 Control Variables

Data on reported covid cases is provided by the New York Times and includes the cumu-

lative reported covid cases and deaths for each county-day. I take one plus the number

of new cases reported in the prior two weeks in logs as the primary control variable that

is included in all baseline and preferred specifications.1

I obtain the county share of 2016 Democratic party votes from the Harvard Dataverse.

I obtain data on 2019 county populations and population density from the US Census. I

use to the 2015-2019 American Community Survey to construct the county level Chinese

ancestry share of the population, which is limited to the population aged 16 and over.

B.1.2 Twitter

The python library “snscrape” is free software under the General Public License, as

published by the Free Software Foundation, and is a scraper for social networking services,

including Twitter, Facebook, Instagram, Reddit, and others. When scraping tweets, it

has the advantage that it is not constrained by Twitter’s API scraping limits, such as

a limited number of tweets per 15 minutes, as other scrapers are. Instead, snscrape

1As this data set does not distinguish the five boroughs of New York, I group observations in New
York County, Kings County, Queens County, Bronx County, and Richmond County into one county
representing New York in all datasets.
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circumvents Twitter’s limits at the cost of several querying features and functionalities

that are ultimately unnecessary for this analysis.2

There are two noteworthy limitations when scraping historical geo-tagged tweets with

snscrape. First, any tweets that are removed either by the user or by Twitter cannot

be scrapped. Second, the geographic coordinates of tweets are only available for users

who have affirmatively permitted this in their Twitter profile settings. This ultimately

represents approximately 1% of all tweets. However, the sheer number of tweets made

each day still provide a sizable enough sample to be used in the analysis. While this

may typically raise a selection concern, if individuals who turn on the geo-tag setting are

different from the population of interest, this is less of a concern in panel studies that

examine changes in behavior over time. The self-selection into turning on the geo-tag

feature only matters if there is reason to believe that these Twitter users would respond

differently to treatment than others, which is not obvious in this observational setting.

The Twitter dataset used in this study is collected from the universe of available geo-

tagged tweets that satisfy these two restrictions. With these caveats in mind, I describe

the data cleaning process next.

One querying limitation of snscrape is that the user cannot filter the scraping query for

a particular country or a list of sub-national entities, but can instead specify a geographic

point and radius. All available geo-tagged tweets that fall within that geographic circle

are then retrieved. I use the geographic center of the contiguous 48 US states, located in

2Twitter has recently made available an Academic Access application for researchers to access to
historical tweets with higher scraping limits, however, for the purposes of this study, that access is
unnecessary. Nevertheless, I adhere to all Twitter policies regarding data scraping and provision of
data. Specifically, only aggregate data is presented in this paper, and any sharing of tweet information
is strictly limited to the tweet id, which others may use to hydrate tweet attributes. Hydration is the
process by which one can acquire all variables associated with a tweet using just the tweet id, and can
be done done via the Twitter API.
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the small town of Lebanon, Kansas, as my point, and a radius of 3,000 kilometers. This

circle fully encompasses the contiguous 48 US states plus significant areas of Canada and

Mexico. Once tweets are retrieved, I drop those made in Canada and Mexico and then

use the latitude and longitude to assign to counties using census shapefiles obtained from

the tidycensus package in R. Some tweets do not have an exact match to a county, due

to assignment to locations that practically but not legally fall under the jurisdiction of a

county such as on lakes/waters, due to measurement error in the recording of coordinates

at the time of the tweet, or due to precision loss in the digits of the coordinates. For

these tweets, I obtain the closest county centroid if it falls within 50 miles. These are

then verified for accuracy using the associated place name variable of the tweet.

The place name is a user-tagged named location chosen from one of Twitter’s sug-

gested options that generally corresponds to their location, but is not necessarily accurate

because the user can forgo this option and enter any other place altogether. For example,

a user can choose to tag “California, USA”, or “Los Angeles, CA”, or “Venice Beach, Los

Angeles”, or a place in another state entirely. In most cases the named place correspond

to the nearest county, and I consider these sufficiently close to the true location of the

user; these tweets are included in the sample. For unmatched tweets where the place

name is another nearby county (for example, for an unmatched tweet where the place

name is Los Angeles, CA but the nearest county centroid is San Bernardino County, CA),

I assign these based on the nearest centroid rather than the county associated with the

place name to avoid over-assignment of large metropolitan counties. I include these in

the sample as well and drop all remaining tweets. Of all scraped tweets, approximately

81% match exactly using coordinates, 14% are matched to the nearest county centroid

and supported by the place name, and the rest are dropped.
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Scraping was carried out three times, on September 1, 2022, December 18, 2022, and

February 24, 2023. The three batches of scrapes have over 90% overlap of tweets, with

the rest arising due to the de-activation or re-activation of Twitter accounts. I pool the

three sets of data files and keep unique tweets. Estimated results using any one of the

three individually scraped datasets provide nearly identical results.

Snscrape allows for querying tweets within a specific time window, with specificity

down to the second. However, it does not provide a random sample of tweets within that

search period. Instead, it begins scraping tweets starting from the end to the beginning

of the specified time period. For example, a query for tweets on January 20 will start

collecting tweets made at 11:59:59 pm UTC and work back, scraping each available

tweet within the geographic radius until 12:00:00 am UTC. This is not a concern for

the covid dataset because I collect the universe of available geo-tagged tweets - a much

smaller dataset of approximately 108,000 - but it does create a data collection issue for

the dataset used to construct the instrument and using in placebo specifications, which

do not query for any keywords. Obtaining the universe of available geotagged tweets

without keyword restrictions is both computationally demanding and unnecessary for

the analysis. Limiting the query to particular days is not a desirable solution because

some counties may be more likely to tweets on certain days of the week, which would

result in their Twitter activity being oversampled.

To overcome this, I randomly sample time segments within the observational setting

and scrape all tweets made within those time frames. I implement the following sampling

procedure: for each day in the observational period, I randomly draw 60 disjoint two-

minute intervals without replacement, for a total of 120 minutes. As an example, one

of these intervals could be 02:06:00 am - 02:07:59 am, when people are less likely to
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be tweeting, while another could be 10:16:00 pm - 10:17:59 pm, when people are more

likely to be tweeting. Each interval has an ex ante equal likelihood of being drawn, and

once drawn, I collect all tweets made within that interval. This approximates a random

sampling of 120 out of 1,440 minutes each day, or approximately an 8.33% sample. This

procedure overcomes snscrape’s limitation because even if some counties are more likely

to tweet on different days or at different times each day, this procedure obtains the

random sample by selecting a random 8.33% of time each day.

I scrape tweets without specifying any keywords for three observational years: De-

cember 4, 2017 - March 11, 2018, December 3, 2018 - March 10, 2019, and December

2, 2019 - March 8, 2020, which align the 14 week period according to weekdays each

year. This dataset represents approximately 16.1 million tweets. Appendix figure B.2.1

provides an illustrative timeline of how each sample of tweets is used in the analysis.

B.2 Tables
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Table B.1.2: Timeline of Key Events

Jan 30 WHO declares international
emergency

Mar 11 WHO declares COVID-19 a
pandemic

Jan 31 US places travel restrictions on
China

Mar 12 First covid restriction in US;
NY closes public schools

Feb 3 US declares a public health
emergency

Mar 13 Trump declares national emer-
gency, announces travel re-
strictions on 26 countries

Feb 11 WHO announces official name
“COVID-19”

Mar 15 First statewide bans on public
events (NY, OH)

Mar 6 US Secretary of State uses
“Wuhan virus” on Twitter

Mar 16 Trump’s first “Chinese virus”
tweet

Timeline events obtained from Cao, Lindo and Zhong (2022), Google (2022), and National Public
Radio (2020)
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Table B.1.3: Summary Statistics of Tweets

2019 2020 Total
Pre Post Pre Post

Covid Tweets 7 4 73 108,442 108,526
Mean Tweets/Pop — — — 0.027
Median Tweets/Pop — — — 0.000
SD Tweets/Pop — — — 0.238

Placebo Tweets 2,661,966 2,909,378 2,602,430 2,503,719 10,677,493
Mean Tweets/Pop 10.6 11.5 10.2 9.7
Median Tweets/Pop 2.0 2.2 2.0 1.9
SD Tweets/Pop 98.8 104.4 84.4 78.9

2018 2019 Total
Pre Post Pre Post

Unrelated Tweets 2,819,113 3,064,479 2,661,966 2,909,378 11,454,936
Mean Tweets/Pop 11.6 12.4 10.6 11.5
Median Tweets/Pop 2.3 2.4 2.0 2.2
SD Tweets/Pop 107.5 114.8 98.8 104.4

The table provides counts and county-level statistics over the specified period. Covid
tweets are those that include the strings “covid”, “coronavirus”, or “corona virus”.
Placebo and Unrelated tweets are collected from three years and do not query for any
keywords. The term coronavirus is the name of a group of viruses that includes the
common cold. References to covid prior to January 2020 were related to any one of
these but not COVID-19. Means, medians, and standard deviations are calculated at
the county level over the aggregate seven week period, and are scaled to account for
the 1% of tweets that are geo-tagged (covid, placebo, and unrelated tweets) and the
sampling rate (8.33%, placebo and unrelated tweets).
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B.3 Figures

Figure B.2.1: Twitter Timeline, December 2017 - March 20203

Covid tweets (none) Covid tweets

Dec 2018 -  Mar 2019 Dec 2019 -  Mar 2020

Unrelated tweets Unrelated tweets

InstrumentInstrument

Dec 2017 -  Mar 2018

Covid T.I. Covid T.I.

Placebo T.I.
Unrelated tweets Unrelated tweets

Placebo T.I.

3The figure displays a timeline of the Twitter data, displaying how each data set is used. Covid
tweets are used in two observational years, 2019 - 2020, and have almost no count for the first three
pre-treatment periods. Unrelated tweets are obtained for the two years, 2018 - 2019, and are used to
construct the intrument. Placebo tweets are obtained for the two observational years, 2019 - 2020, and
are used in the placebo specificitons.
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Table C.1.1: Adding Controls to Baseline

Dependent Var: log(Asylum Applications Share/Foreign Inflow Share)

Baseline Control 1 Control 2 Control 3 Control 4 Control 5

Grant Rate 0.655∗∗∗ 0.410∗∗ 0.366∗∗ 0.809∗∗∗ 0.309∗ 0.769∗∗∗

(0.168) (0.182) (0.185) (0.177) (0.185) (0.165)
GR x E:P (15+) −0.111∗∗∗ −0.064 −0.105∗∗ −0.133∗∗∗

(0.035) (0.046) (0.044) (0.041)
GR x Rights 0.584∗ 1.043∗∗∗ 0.807∗∗ 0.095 0.600∗∗

(0.312) (0.359) (0.334) (0.305) (0.261)
GR x Network 0.311∗∗∗ 0.343∗∗∗ 0.308∗∗∗ 0.341∗∗∗ 0.418∗∗∗ 0.313∗∗∗

(0.072) (0.084) (0.079) (0.073) (0.086) (0.079)
GR x GDP pc −0.003

(0.014)
GR x Hhold Cons. pc −0.048

(0.038)
GR x GDP growth 0.097∗∗

(0.043)
GR x Hhold Cons. growth −0.002

(0.091)
GR x LFPR −0.018

(0.040)
GR x Unemp. Rate 0.152∗∗∗

(0.049)
GR x GNI growth 0.122∗∗

(0.056)
GR x CC −0.040

(0.114)
GR x GE −0.124

(0.135)
GR x PV −0.105

(0.200)
GR x RQ −0.524∗∗

(0.258)
GR x RL 0.530∗

(0.293)
GR x VA 0.617

(0.387)

N 7,132 6,263 6,269 7,132 6,257 7,184
R2 Apps 0.956 0.94 0.941 0.955 0.941 0.955
R2 Inflows 0.98 0.983 0.983 0.98 0.983 0.98

FE: Org x Year X X X X X X
FE: Org x Dest X X X X X X
FE: Dest x Year X X X X X X
Weighted X X X X X X

* p < 0.1, ** p < 0.05, *** p < 0.01
Note: Models are weighted by the origin-year level total applications lodged and immigrant inflows across
destinations (see Equations 3.12 and 3.13). Standard errors are heteroskedasticity-robust. Explanatory
variables are demeaned at the origin-year level. Grant Rate uses the 3 year, 1 lag specification, and Network
is measured as log(1 + accumulated stock of granted applications since 2008). All other explanatory
variables are specified as the (destination-origin) difference and are lagged 1 year.
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Destination Countries:

• Austria

• Belgium

• Bulgaria

• Croatia

• Cyprus

• Czech Republic

• Germany

• Denmark

• Estonia

• Finland

• France

• Great Britain

• Greece

• Hungary

• Iceland

• Italy

• Liechtenstein

• Lithuania

• Luxembourg

• Malta

• Netherlands

• Norway

• Poland

• Portugal

• Romania

• Slovenia

• Slovakia

• Spain

• Sweden

• Switzerland

Origin Countries:

• Afghanistan

• Albania

• Algeria

• Angola

• Argentina

• Armenia

• Azerbaijan

• Bangladesh

• Belarus

• Benin

• Bosnia and Herz.

• Brazil

• Burkina Faso

• Burundi

• Cameroon

• Central African Rep.

• Chad

• China

• Colombia

• Comoros

• Congo

• Côte d’Ivoire

• Cuba

• Djibouti

• DR of Congo

• Ecuador

• Egypt

• El Salvador

• Eritrea

• Ethiopia

• Gabon

• Gambia

• Georgia

• Ghana

• Guatemala

• Guinea

• Guinea-Bissau

• Haiti

• Honduras

• India

• Indonesia

• Iran

• Iraq

• Jamaica

• Jordan

• Kazakhstan

• Kenya

• Kuwait

• Kyrgyzstan

• Lebanon

• Liberia

• Libya

• Malawi

• Malaysia

• Mali

• Mauritania

• Mexico

• Moldova

• Mongolia

• Montenegro

• Morocco

• Myanmar

• Nepal

• Nicaragua

• Niger
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• Nigeria

• North Macedonia

• Pakistan

• Peru

• Phillippines

• Russia

• Rwanda

• Saudi Arabia

• Senegal

• Serbia

• Sierra Leone

• South Africa

• Sri Lanka

• Sudan

• Syria

• Tajikistan

• Tanzania

• Togo

• Tunisia

• Turkey

• Turkmenistan

• Uganda

• Ukraine

• Uzbekistan

• Venezuela

• Vietnam

• Yemen

• Zimbabwe
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