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1 Description of Variables

Generalized Trust Country-level average based on responses to the following question in the

World Value Survey (WVS): “Generally speaking, would you say that most people can be trusted or

that you need to be very careful in dealing with people?” The variable is recoded as (0) “Need to be

very careful” and (1) “Most people can be trusted”, so that higher values correspond to higher levels

of trust. Not all questions and countries are included in each wave of the World Value Survey. For

each country, we use the most recent wave (up to WVS6, carried out during 2010 to 2014) in which

the question was asked. Standardized at the country-level to have a mean of zero and standard

deviation of one.

Generalized Morality Following Tabellini (2008), we compute the fraction of respondents in

the World Value Survey (WVS) who select “tolerance and respect for other people” as one of their

answers to the question “Here is a list of qualities that children can be encouraged to learn at home.

Which, if any, do you consider to be especially important? Please choose up to five!” For each

country, we use the most recent wave (up to WVS6) in which the question was asked. Standardized

at the country-level to have a mean of zero and standard deviation of one.

Universal Moral Values Following Enke (2019), we computed the difference between the

strength of “universal” and “communal” moral values in the Moral Foundations Questionnaire

(Graham et al. 2011). Universal moral values are measured as the sum of responses to all questions

in the “fairness/reciprocity” and “harm/care” domains, while communal values are measured

as the responses to questions in the “in-group/loyalty” and “authority/respect” domains. The

MFQ data stem from a sample of self-selected respondents who chose to complete the MFQ at

www.yourmorals.org between 2008 and 2018. Standardized at the country-level to have a mean of

zero and standard deviation of one.

Civic Cooperation Following Guiso, Sapienza, and Zingales (2011), we computed the first

principal component (extracted at the country-level) from the following questions in the World Value

Survey (WVS): “Please tell me for each of the following actions whether you think it can always be

justified, never be justified, or something in between, using this card.” (1) “Claiming government

benefits to which you are not entitled”, (2) “Avoiding a fare on public transport”, and (3) “Someone

accepting a bribe in the course of their duties” on a 10-point scale (from 0 “never justifiable” to 10

“always justifiable”). For each country, we use the most recent wave (up to WVS6) in which the

question was asked. The principal component has a mean of zero and standard deviation of one,

and is coded so that higher values correspond to stronger disapproval.

Trust (GPS) Country-level average based on responses to the following question from the Global

Preference Survey (Falk et al. 2018): “I assume that people have only the best intentions” (from 0

“does not describe me at all” to 10 “describes me perfectly”). The GPS data were collected as part
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of the 2012 Gallup World Poll, a survey that includes representative samples in a large number of

countries and which asks about social and economic issues on an annual basis. Standardized at the

country-level to have a mean of zero and standard deviation of one.

Positive Reciprocity (GPS) Country-level average based on responses to the following questions

from the Global Preference Survey (Falk et al. 2018): (1) “When someone does me a favor I am

willing to return it” and (2) “Please think about what you would do in the following situation. You

are in an area you are not familiar with, and you realize you lost your way. You ask a stranger

for directions. The stranger offers to take you to your destination. Helping you costs the stranger

about 20 Euro in total. However, the stranger says he or she does not want any money from you.

You have six presents with you. The cheapest present costs 5 Euro, the most expensive one costs 30

Euro. Do you give one of the presents to the stranger as a ’thank-you’-gift? If so, which present do

you give to the stranger?” Falk et al. (2018) aggregate these survey items by computing the z-scores

of each question at the individual-level and weighing these z-scores using the weights (0.485 and

0.515, respectively) from the experimental validation procedure in Falk et al. (2016). The GPS data

were collected as part of the 2012 Gallup World Poll, a survey that includes representative samples

in a large number of countries and which asks about social and economic issues on an annual basis.

To facilitate its interpretation, we standardized the measure at the country-level to have mean of

zero and standard deviation of one.

Altruism (GPS) Country-level average based on responses to the following questions from the

Global Preference Survey (Falk et al. 2018): (1) “How willing are you to give to good causes without

expecting anything in return?” and (2) “Imagine the following situation: Today you unexpectedly

received 1,000 Euro. How much of this amount would you donate to a good cause?” Falk et al. (2018)

aggregate these survey items by computing the z-scores of each question at the individual-level and

weighing these z-scores using the weights (0.365 and 0.635, respectively) from the experimental

validation procedure in Falk et al. (2016). The GPS data were collected as part of the 2012 Gallup

World Poll, a survey that includes representative samples in a large number of countries and which

asks about social and economic issues on an annual basis. To facilitate its interpretation, we

standardized the measure at the country-level to have mean of zero and standard deviation of one.

Group Membership Following Knack and Keefer (1997), we computed the average number

of voluntary social groups that citizens reported belonging to in the World Value Survey (WVS).

Respondents are asked whether they belong to each of the following ten groups: (1) “Social welfare

services for elderly, handicapped or deprived people”, (2) “Religious or church organizations”, (3)

“Education, arts, music or cultural activities”, (4) “Labor unions”, (5) “Political parties or groups”,

(6) “Local community action on issues like poverty, employment, housing, racial equality”, (7)

“Third world development or human rights”, (8) “Conservation, environment, animal rights groups”,

(9) “Professional associations”, (10) “Youth work (scouts, guides, youth clubs, etc.).” For each
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country, we use the most recent wave (up to WVS6) in which the question was asked. Standardized

at the country-level to have a mean of zero and standard deviation of one.

Dishonesty Index US The first principal component from (1) the share of self-employed indi-

viduals in a city who reports an income in 2009 within US $500 of the first Earned Income Tax

Credit (EITC) kink, as a percentage of individuals with non-zero self-employment income, as a

measure of cheating on taxes (Chetty, Friedman, and Saez 2013), and (2) the number of federal

court convictions for corrupt practices between 1976 and 2002 per 10,000 public officials in each US

state (Glaeser and Saks 2006). Following standard practice, we exclude Washington, D.C. from the

analysis as the presence of the federal government makes a meaningful comparison with other states

difficult (Saiz and Simonsohn 2013). The principal component has a mean of zero and standard

deviation of one, and is coded so that higher values correspond to higher levels of dishonest behavior.

Dishonesty Index Italy The first principal component from (1) municipality-level rates of

compliance or payment of a television licensing fee over the period 2004-2010 (Buonanno et al. 2019),

(2) the difference between the cumulative amounts of public money allocated to capital expenditures

and existing amounts of physical infrastructure in 1997 (Golden and Picci 2006), and (3) historical

data (1948-1994) on prosecutors’ requests to proceed with a criminal investigation against a member

of parliament from the city’s electoral district (Nannicini et al. 2013). The principal component has

a mean of zero and standard deviation of one, and is coded so that higher values correspond to

higher levels of dishonest behavior.

Log GDP per Capita The logarithm of countrys’ gross domestic product per capita in 2017.

Based on the real gross domestic product at constant national prices (in mil. 2011 US $) and the

population (in mil.) from the Penn World Table 9.1.

Log Productivity (TFP) The logarithm of a countrys’ total factor productivity at current

purchasing power parities in 2017 from the Penn World Table 9.1. The variable measures the ratio

of a country’s economic outputs to its inputs (capital and labor), and this ratio is scaled relative to

the United States (which takes a value of 1). For details of the construction, see Feenstra, Inklaar,

and Timmer (2015).

Government Effectiveness The estimate of government effectiveness in 2017 from the World

Bank (Kraay, Kaufmann, and Mastruzzi 2010). Government effectiveness measures the quality of

public services, the quality and degree of independence from political pressures of the civil service,

the quality of policy formulation and implementation, and the credibility of the government’s

commitment to such policies. Estimates are standardized to have a mean of zero and standard

deviation of one.
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Letter Grade Efficiency The fraction of correctly returned non-deliverable letters. Chong

et al. (2014) mailed ten letters to non-existing business addresses in each country and measured

whether they arrived back to a return address in the United States. Letters were mailed from

Cambridge, MA between December of 2010 and February of 2011. Chong et al. (2014) recorded the

fraction of return letters until February of 2012.

Trust in Strangers (online appendix only) Country-level average based on responses to the

following question from the World Value Survey (WVS): “Could you tell me for each whether you

trust people from this group completely, somewhat, not very much or not at all? People you meet

for the first time.” The variable is recoded as (1) “Do not trust at all”, (2) “Do not trust very

much”, (3) “Trust somewhat”, (4) “Trust completely”, so that higher values correspond to higher

levels of trust. For each country, we use the most recent wave (up to WVS6) in which the question

was asked. Standardized at the country-level to have a mean of zero and standard deviation of one.
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2 Wallets

Our wallets were transparent business card cases (see Figure 1). We used transparent cases to

ensure that recipients could inspect the wallet’s contents without having to open it. Each wallet

contained the same personal items: (i) three identical business cards, (ii) a grocery list, and (iii) a

key. The business cards displayed the owner’s name, email address, and job title. Their purpose

was to identify the owner and provide contact details.

The business cards and shopping list serve to identify the owner as a local resident, signaling

that it would be relatively easy to contact the owner and return the wallet. For the business cards,

we typically created three fictitious male owners for each country using common local names. We

used several sources to assemble lists of common first and last names, which we then checked to

avoid names used as references for generic or unidentified persons (e.g., John Doe), were shared

with celebrities, or led to a single user-profile on Facebook. The business cards provided the owner’s

email address, and identified him as a freelance software engineer (to avoid attempts by recipients

to reach the owner through his place of employment).

There were some exceptions to how we generated business cards and shopping lists for our

wallets. In Switzerland and the Czech Republic, we used the real name of research assistants so

that we would be able to collect reported wallets for our internal validation check. For these two

countries we also decided to use only two identities (rather than three) so that we could pick up

a larger share of the wallets. In Canada and India, different names were used for some cities to

accommodate for the local language. Due to South Africa’s history of race relations, we used two

discernibly white and two discernibly black names, leading to a total of four names. We made

occasional changes to the shopping lists to accommodate local customs, such as using rice instead of

pasta or substituting milk with some other beverage where lactose intolerance was common.

Figure 1: Example lost wallet

Notes: Example of a wallet used in our field experiments. All wallets belonged to a male software

developer with country-specific names. We placed the business cards in the wallets so that this

information was visible to all recipients. The wallet dimensions were 93mm x 59mm x 5mm and it

weighed approximately 24 grams in the NoMoney condition.
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3 Robustness Checks

Legal Regulations for Lost Property One measurement concern is that wallet reporting rates

reflect fear of punishment rather than social capital. According to this view, recipients who report a

lost wallet are primarily motivated by the possibility of punishment for failing to report a wallet. We

purposefully designed our experiment to minimize such concerns by telling recipients that the wallet

was found around the corner and having our research assistants immediately leave upon handing

over the wallet (thereby never receiving written confirmation for the lost item). We also note that

legal sanctions for failing to return lost property are uncommon and rarely enforced (West 2003).

To examine whether wallet reporting rates can be explained by fear of punishment concerns,

we exploit regional variation in lost property laws within the US. The US legal system is based on

common law under which a person who finds lost property may keep the item until the original

owner comes forward.1 However, some states have enacted statutes that modify the law’s treatment

of lost property. For instance, the state of New York imposes a fine of up to one hundred dollars

when a finder willfully fails to report lost property.2 If reporting rates are driven by fear of legal

sanctions, then we should expect wallet reporting rates to be higher in states with lost property

laws.

About half of our lost wallet data in the US originate from states that have adopted statutes

explicitly requiring finders to return lost property to the rightful owner or to a relevant agency,

such as the police. We regressed individual wallet reporting decisions (100 = wallet reported, 0

= wallet not reported) onto an indicator variable for whether the wallet drop-off took place in a

U.S. state with an explicit lost property law (1 = yes, 0 = no). We also included our standard

set of controls for treatment condition and recipient and situation characteristics, and clustered

standard errors by city. Based on this specification, recipients in states with lost property laws were

3.7 percentage points less likely than recipients in states without lost property laws to return a lost

wallet (b = 3.66, SE = 3.96, p = 0.365). This result, although not statistically significant, is opposite

to what we would expect if recipients were motivated to return wallets to avoid legal sanctions.

As a second analysis, we examine how statistically adjusting for lost property laws affects the

rank-order of wallet reporting rates across cities in the U.S. We first calculated wallet reporting

rates for each city, adjusting only for our standard set of control variables. We then calculated

wallet reporting rates for each city, while also controlling for lost property laws (in addition to our

standard set of controls). The rank-order correlation between city-level reporting rates with and

without correction for lost property laws was 0.978. Thus, within the U.S., using wallet reporting

rates to compare city-level social capital does not meaningfully change when controlling for state

lost property laws.

1. Legal Information Institute, https://www.law.cornell.edu/wex/lost property, accessed on September 18, 2016.
Common law distinguishes between lost and mislaid property. Lost property is property that was unintentionally left
behind by its owner. Mislaid property, on the other hand, is property that was intentionally set down in a location by
its owner and then forgotten.

2. See N.Y. Personal Property Law § 252 (3).
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Cross-Country Variation in Legal Traditions Looking at the role of legal sanctions beyond

the U.S., we note that cross-national comparisons will have difficulty separating the effects of a

single piece of legislation from the numerous other differences among legal systems. While a detailed

analysis of legal institutions in each country is beyond the scope of this paper, we can test the effect

of different legal traditions more broadly. Following the classification by JuriGlobe3, we compare

wallet reporting rates in common law versus civil law countries. The distinction between common

and civil law is meaningful because civil law countries are more likely to have specific regulation

that governs the rights and obligations concerning lost property.4

First, we examine if wallet reporting rates are higher in civial law countries. We regressed

individual wallet reporting decisions (100 = wallet reported, 0 = wallet not reported) onto an

indicator variable for whether the wallet drop-off took place in a country with an explicit lost

property law (1 = yes, 0 = no). We also included our standard set of controls for treatment condition

and recipient and situation characteristics, and clustered standard errors by city. Based on this

specification, recipients in civil law countries were 5.1 percentage points more likely than recipients

in common law countries to return a lost wallet (b = 5.13, SE = 1.92, p = 0.008). This result

suggests that broad legal traditions may play a role in shaping wallet reporting decisions, though as

we noted earlier this result cannot separate the effects of specific legislation from other differences

among legal systems.

Second, we examine how statistically adjusting for a country’s legal tradition affects the rank-

order of wallet reporting rates across countries. We first calculated wallet reporting rates for each

country, adjusting only for our standard set of control variables. We then calculated wallet reporting

rates for each country, while also controlling for legal tradition (in addition to our standard set

of controls). The rank-order correlation between country-level reporting rates with and without

correction for country legal tradition was 0.980. Thus, using wallet reporting rates to compare

country-level social capital does not meaningfully change when controlling for whether the country

has a common law or civil law legal tradition.

Fear of Detection: Security Cameras A related measurement concern is that wallet reporting

rates reflect fear of informal punishment rather than social capital. According to this view, recipients

who report a lost wallet are primarily concerned about detection by others (if not motivated by

formal legal sanctions). For example, recipients might have been worried about negative reactions

from bystanders for not reporting the wallet.

We first address this concern by examining how the presence of a security camera affects wallet

reporting rates. Security cameras could serve as proof that the wallet was turned in to the recipient

3. World Legal Systems, JuriGlobe research group, University of Ottawa, accessed October 8, 2017, www.juriglobe.ca.
The CIA Factbook provides an alternative classification that differs for two countries (Norway and UAE). Excluding
these countries does not change the results.

4. For the purpose of this analysis, countries where classified as having a common law tradition whenever its legal
system is built at least partially on common law elements and we do not account for subnational differences. However,
the results are unchanged when we exclude countries and regions with legal systems that combine common and civil
law elements (South Africa, Scotland, Quebec). Several countries have mixed legal systems that combine common or
civil law with elements from customary or religious legal traditions.
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and therefore amplify concerns about detection if the wallet goes unreturned. After each drop-off,

except in Poland and the United Kingdom, our research assistants took note of whether they

observed a security camera. We regressed wallet reporting decisions onto whether a security camera

was present during the wallet drop-off (1 = yes, 0 = no), along with our standard set of controls.

We also included city fixed-effects in the analysis, and implemented robust standard errors. Based

on this specification, recipients in the presence of security camera were slightly less likely to report a

lost wallet compared to when a security camera was absent (b = −2.65, SE = 0.96, p = 0.005). This

result, though small in magnitude, is opposite to what we would expect if recipients were motivated

to return wallets to avoid detection.

Next, we examine how statistically adjusting for the presence of security cameras (at the

individual level) affects the rank-order of wallet reporting rates across countries. We first calculate

wallet reporting rates for each country, adjusting only for our standard set of control variables. We

then calculate wallet reporting rates for each country, while also controlling for whether a security

camera was present during the wallet drop-off (in addition to our standard set of controls). The

rank-order correlation between country-level reporting rates with and without correction was 0.997.

When we perform a similar analysis at the city-level (rather than country-level), the rank-order

correlation was 0.999. Thus, using wallet reporting rates to compare social capital across countries

or cities does not meaningfully change when controlling for the presence of security cameras during

the wallet drop-off exchange.

Fear of Detection: Other Witnesses We also address detection concerns by examining the

presence of other individuals when performing a wallet drop-off. Recipients may have been worried

about negative reactions from bystanders — an informal punishment — for not reporting a wallet.

After performing the wallet drop-offs, our research assistants also noted whether coworkers and

other individuals were present during the exchange. If worries about informal sanctions influenced

recipient’s behavior then recipients should be more likely to report a lost wallet when their behavior

was witnessed by others.

We first regressed wallet reporting decisions onto whether a co-worker was present (1 = yes, 0 =

no) and whether other bystanders, such as a customer, were present (1 = yes, 0 = no). We also

included our standard set of controls and city fixed-effects, and implemented robust standard errors.

Based on this specification, recipients in the presence of coworkers were more likely to report a lost

wallet than when coworkers were absent (b = 4.68, SE = 0.76, p < 0.001). However, recipients in

the presence of other bystanders were less likely to report a lost wallet than when other bystanders

were not present (b = −3.90, SE = 1.42, p < 0.001). The first result is consistent with a fear of

detection account while the second result is not. However, both results may simply be proxies for

how busy the recipient was during the wallet drop-off — recipients may be more likely to send an

email to report a lost wallet when another co-worker is available to take customers, or when there

are not other customers present who require the recipient’s attention.

Next, we examine how statistically adjusting for the presence of others during the wallet drop-off

9



affects the rank-order of wallet reporting rates across countries. We first calculate wallet reporting

rates for each country, adjusting only for our standard set of control variables excluding indicators

for presence of co-workers or other bystanders. We then calculate wallet reporting rates for each

country, while also controlling for the presence of co-workers or other bystanders (in addition to

our other controls). The rank-order correlation between country-level reporting rates with and

without correction was 0.996. When we perform a similar analysis at the city-level (rather than

country-level), the rank-order correlation was 0.999. Thus, using wallet reporting rates to compare

social capital across countries or cities does not meaningfully change when controlling for the

presence of potential witnesses during the wallet drop-off exchange.

Differences in Email Usage Another concern is that differences in exposure to email commu-

nication could be responsible for cross-country differences in wallet reporting rates. We tried to

minimize this concern by focusing on drop-off locations in urban places and also included institutions

where email communication is common. In particular, hotel staff should be able to communicate

via email in all parts of the world. Consequently, if email experience rather than social capital is a

key driver of differences in reporting rates, then the cross-country differences we observe in the full

sample should not correspond to cross-country differences when restricting our analysis to drop-offs

only performed at hotels.

To examine this, we first calculate wallet reporting rates for each country using our full sample,

adjusting only for our standard set of control variables. We then calculate wallet reporting rates

for each country using only drop-offs performed at hotels (also adjusting for our standard set

of controls). The rank-order correlation between country-level reporting rates with and without

correction was 0.923. Thus, using wallet reporting rates to compare social capital across countries

does not meaningfully change when we restrict our analysis to institutions where email usage is

likely to not vary substantially across countries.

As a further robustness check, we statistically adjust for county-level differences in email

penetration rates using data from the World Bank Global Enterprise Survey.5 We first calculate

wallet reporting rates for each country, adjusting only for our standard set of control variables. We

then calculate wallet reporting rates for each country, while also controlling for country-level email

penetration (in addition to our other controls). The rank-order correlation between country-level

reporting rates with and without correction was 0.950. Thus, using wallet reporting rates to compare

social capital across countries does not meaningfully change when controlling for country-level

differences in email penetration rates.

Returning the Wallet but Pocketing the Money Another concern is whether wallet return

rates are a valid measure of social capital because recipients in the Money treatments may have been

more likely to return the wallet after first pocketing the money. We decided not to collect reported

5. The World Bank Global Enterprise Survey measures the share of firms that use email to interact with their
customers and suppliers in a country. The data set does not cover most Western European countries and North
America, so we limit our analysis of email usage to the 27 countries that overlap with our data set.
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wallets to minimize the inconvenience to the recipients, so it is possible that some recipients contacted

the owner to return the wallet without the money. First, the high correlation between country-level

reporting rates in the NoMoney and Money treatments (Spearman’s ρ = 0.939) suggests that this

concern does not substantially drive response rates in the Money condition. Furthermore, we picked

up all reported wallets in seven cities from the Czech Republic (82 wallets) and Switzerland (90

wallets). We selected these two countries because they differ markedly in their level of corruption and

presumably also in dishonest behavior.6 If some recipients reported the wallet after first pocketing

the money, then we should observe wallets that are returned without any money (especially in the

Czech Republic where corruption is more prevalent). We recovered 99% and 98% of the money from

the wallets that we picked up in Switzerland and the Czech Republic, respectively, and observe

no reliable difference between the two countries (Z = 0.22, p = 0.823 by a rank-sum test). This

suggests that collecting emails was a valid method to measure whether people would return a wallet

with all of its contents.

6. In 2013, Transparency International ranked Switzerland 7th and the Czech Republic 57th out of 177 countries.
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4 External Validation of Wallet Reporting Rates

We examine variation in wallet reporting rates within the United States and Italy. We focus on

these two countries because we sampled a greater number of cities in these countries (e.g., 25 cities

in the U.S. compared to 4-5 in most countries), and because established city-level behavior-based

proxies of dishonesty/corruption are available.

U.S. Analysis We compared city-level wallet reporting rates to two measures of corruption. Our

dishonesty index was constructed by extracting the first principal component from (1) the share of

self-employed individuals in a city who reported an income in 2009 within US $500 of the first Earned

Income Tax Credit (EITC) kink relative to individuals with non-zero self-employment income, as a

measure of cheating on taxes (Chetty, Friedman, and Saez 2013), and (2) the number of federal

court convictions for corrupt practices between 1976 and 2002 per 10,000 public officials in the state

that the city belongs to (Glaeser and Saks 2006). We use an identical regression specification to

that in the main text, except that we restrict ourselves to U.S. data and cluster standard errors at

the city-level.

Table A1 reports the relationship between wallet reporting rates and dishonest behavior. We

find that a one standard deviation increase in our U.S. dishonesty index is associated with a 4.4

percentage point decrease in reporting a lost wallet (p = 0.016). Columns 2 and 3 illustrate that

this pattern holds when examining each proxy measure of dishonest behavior separately (for these

analyses we standardized each variable to have a mean of zero and SD of one, to facilitate comparison

across models).

Italy Analysis We compared city-level wallet reporting rates to three measures of dishonesty. Our

dishonesty index was constructed by extracting the first principal component from (1) municipality-

level rates of compliance or payment of a television licensing fee (Buonanno et al. 2019), (2) the

difference between the cumulative amounts of public money allocated to capital expenditures and

existing amounts of physical infrastructure (Golden and Picci 2006), and (3) prosecutors’ requests

to proceed with a criminal investigation against members of Parliament (Nannicini et al. 2013). We

use an identical regression specification to that in the main text, except that we restrict ourselves to

data from Italy and cluster standard errors at the city-level.

Table A2 reports the relationship between wallet reporting rates and dishonest behavior. We

find that a one standard deviation increase in our Italy dishonesty index is associated with a 7.0

percentage point decrease in reporting a lost wallet (p = 0.001). Columns 2-4 illustrate that this

pattern holds when examining each proxy measure of dishonest behavior separately (for these

analyses we standardized each variable to have a mean of zero and standard deviation of one, to

facilitate comparison across models).
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Table A1: Wallet Reporting Rates and Dishonesty (USA)

(1) (2) (3)

Dishonesty Index −4.403∗∗

(1.686)
Cheating on Taxes −3.446∗∗

(1.541)
Corruption Convictions −4.404∗∗

(1.680)

Controls:
Institution FE yes yes yes
Recipient FE yes yes yes
Situation FE yes yes yes
Treatment FE yes yes yes

Observations 970 1000 970
Cities 24 25 24

Notes: OLS estimates with city-clustered standard errors in parentheses. The dependent variable in all models takes
a value of 100 if a wallet was reported and 0 otherwise. “Dishonesty index” is the first principal component from (1)
“cheating on taxes”: the share of self-employed individuals in a city who reports an income in 2009 within US $500 of
the first Earned Income Tax Credit (EITC) kink, as a percentage of individuals with non-zero self-employment income,
as a measure of cheating on taxes (Chetty, Friedman, and Saez 2013), and (2) “corruption convictions”: the number
of federal court convictions for corrupt practices between 1976 and 2002 per 10,000 public officials in each US state
(Glaeser and Saks 2006). All explanatory variables are standardized to have a mean of zero and standard deviation
of one. All models include controls for the type of institution the wallet drop-off was performed at, characteristics
about the recipient of the lost wallet (gender, age), situational characteristics of the wallet drop-off (the presence of a
computer, coworkers, or other bystanders), and treatment condition. For full details on control variables see Cohn et
al. (2019). Significance levels: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A2: Wallet Reporting Rates and Dishonesty (Italy)

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

Dishonesty Index −7.018∗∗∗

(1.593)
TV Taxes −3.663∗

(1.723)
RAPs per Deputy −7.171∗∗∗

(1.115)
Golden-Picci score −5.567∗∗

(2.124)

Controls:
Institution FE yes yes yes yes
Recipient FE yes yes yes yes
Situation FE yes yes yes yes
Treatment FE yes yes yes yes

Observations 400 400 400 400
Cities 16 16 16 16

Notes: OLS estimates with city-clustered standard errors in parentheses. The dependent variable in all models takes
a value of 100 if a wallet was reported and 0 otherwise. “Dishonesty index” is the first principal component from
(1) “tv taxes”: municipality-level rates of failure to pay a television licensing fee (Buonanno et al. 2019), (2) “RAPs
per deputy”: historical data on prosecutors’ requests to proceed with a criminal investigation against a member
of parliament from the city’s electoral district (Nannicini et al. 2013), and (3) “Golden-Picci score”: the difference
between the cumulative amounts of public money allocated to capital expenditures and existing amounts of physical
infrastructure (Golden and Picci 2006). All explanatory variables are standardized to have a mean of zero and
standard deviation of one. All models include controls for the type of institution the wallet drop-off was performed at,
characteristics about the recipient of the lost wallet (gender, age), situational characteristics of the wallet drop-off
(the presence of a computer, coworkers, or other bystanders), and treatment condition. For full details on control
variables see Cohn et al. (2019). Significance levels: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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5 Alternative Specifications

In the main text we report OLS estimates. Figure 2 compares these estimates to estimates of the

average marginal effect when running a probit model (to facilitate comparisons, the marginal effects

are multiplied by 100 to match the scale of the OLS model). As the figure illustrates, the OLS and

probit models return virtually identical results.

The OLS regressions in the main text also include an extensive number of controls, including

controls for wallet recipient characteristics (e.g., gender, age), situational characteristics (e.g., the

presence of a computer, coworkers, or other bystanders), institutional characteristics (e.g., whether

the wallet was dropped off at a bank, cultural establishment, post office, hotel, or public office),

and treatment condition (NoMoney vs Money). Figure 3 compares our estimates with controls to

a baseline model that excludes these controls. As the figure illustrates, including controls in the

model tends to modestly decrease coefficient estimates and does not change the rank-ordering of

our social capital measures in predicting wallet reporting rates.
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Figure 2: OLS vs. Probit Estimates
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Notes: Regression estimates with 95% confidence intervals. Black circles represent coefficient estimates for a given
explanatory variable when using OLS regression; white circles represent estimates based on the average marginal effect
when using probit regression. Numbers next to each circle represent the coefficient value. The dependent variable in
all models takes a value of 100 if the wallet was reported and 0 otherwise. To facilitate comparison, the marginal
effects from the probit model are multiplied by 100 to match the scale of the OLS model. All models control for the
type of institution the wallet drop-off was performed at, characteristics about the recipient of the lost wallet (gender,
age), situational characteristics of the wallet drop-off (the presence of a computer, coworkers, or other bystanders),
and treatment condition. For full details on control variables see Cohn et al. (2019).
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Figure 3: OLS Estimates With Controls vs. Without Controls
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Notes: Regression estimates with 95% confidence intervals. Black circles represent OLS coefficient estimates for a
given explanatory variable when additional controls are included in the model; white circles represent OLS estimates
when additional controls are excluded from the model. Numbers next to each circle represent the coefficient value.
The dependent variable in all models takes a value of 100 if the wallet was reported and 0 otherwise. All models
control for the type of institution the wallet drop-off was performed at, characteristics about the recipient of the lost
wallet (gender, age), situational characteristics of the wallet drop-off (the presence of a computer, coworkers, or other
bystanders), and treatment condition. For full details on control variables see Cohn et al. (2019).
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6 Pairwise Correlations between Measure of Social Capital

Table S3 reports the country-level pairwise correlation coefficients between each survey measure of

social capital.

Table A3: Country-level Pairwise Correlations

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

(1) Generalized 1.000
Trust

(2) Generalized 0.426 1.000
Morality

(3) Universal −0.029 0.164 1.000
Moral Values

(4) Civic 0.240 0.356 0.202 1.000
Cooperation

(5) Trust (GPS) 0.639 0.287 −0.149 0.392 1.000

(6) Positive 0.197 −0.060 −0.230 0.544 0.499 1.000
Reciprocity (GPS)

(7) Altruism (GPS) 0.209 −0.050 −0.133 0.364 0.536 0.716 1.000

(8) Social 0.555 0.391 −0.175 0.029 0.284 −0.153 0.105 1.000
Connections
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7 Correcting for Measurement Error

We use a technique suggested by Gillen, Snowberg, and Yariv (2019) to correct for the role of

measurement error. This requires separate and near-identical measurement of the dependent variable

(wallet reporting rates) and predictor variable (generalized trust). For each variable we conduct an

“obviously related” instrumental variables regression (ORIV) with the replicant instrumented onto

the original measurement. The resulting estimate corrects for measurement error. We then adjust

the country-level correlation between wallet reporting rates and generalized trust based on these

unbiased estimates.

We restrict our analysis to countries in which we had measures of both generalized trust and trust

in strangers (n = 30). Generalized trust (our predictor variable) was highly correlated with trust in

strangers — the country-level rank-order correlated is 0.700 — so we instrumented one variable

onto the other. For wallet reporting rates (our dependent variable), recipients in all countries were

randomly assigned to either a wallet containing no money or some amount of money. Among the 30

countries in our retained data set the rank-order correlation between the No-Money and Money

conditions is 0.933, so we instrumented reporting rates in one condition onto the other condition.

As suggested by Gillen, Snowberg, and Yariv (2019), we perform a stacked regression in which each

variable serves as both an instrument and an instrumented variable, and then splits the difference

between the two estimates. We then adjust the country-level correlation based on these estimates.

For purposes of simplicity, in the main text we report the corrected correlation without adjusting

for baseline covariates in the ORIVs. The results are virtually identical when we adjust for baseline

covariates: the country-level correlation between generalized trust and wallet reporting rates increases

from 0.53 (without measurement error correction) to 0.62 (with measurement error correction).
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8 Dominance Analysis

Table A4 shows the results from dominance analyses for all multivariate models reported in Tables 2

of the manuscript. Dominance analysis (Azen and Budescu 2003; Budescu 1993) is an algorithmic

approach to determining the relative contribution of predictors in explaining the variance captured

by a regression model. For each multivariate model, the algorithm performs all pairwise comparisons

with and without the inclusion of a predictor and calculates the average marginal improvement

in the R-squared when that predictor is included in the model. This statistic is then normalized

so that the sum of all predictors adds up to 1. For instance, Table 2 in the main text reports an

R-squared of 0.673 when generalized trust and wallet reporting rates are used to predict GDP per

capita. The results reported in Table A3 indicate that wallet reporting rates contribute 67.4% to

that explained variation, and generalized trust contributes 32.6%.
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Table A4: Dominance Analysis

Government Letter
Log GDP Log TFP Effectiveness Grade

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

Wallets 67.4 84.8 53.1 85.9
Generalized Trust 32.6 15.2 46.9 14.1

Wallets 61.2 47.7 51.7 79.7
Generalized Morality 38.8 52.3 48.3 20.3

Wallets 86.9 61.0 94.1 61.4
Universal Moral Values 13.1 39.0 05.9 38.6

Wallets 84.8 65.7 87.3 80.3
Civic Cooperation 15.2 34.3 12.7 19.7

Wallets 69.2 92.3 69.7 98.2
Trust (GPS) 30.8 07.7 30.3 1.8

Wallets 95.1 98.3 97.2 99.7
Positive Reciprocity (GPS) 4.9 1.7 2.8 0.3

Wallets 94.6 98.9 95.5 96.4
Altruism (GPS) 05.4 1.1 4.5 3.6

Wallets 85.5 82.9 68.6 72.9
Group Membership 14.5 17.1 31.4 27.1

Notes: The table reports the results of a dominance analysis between each explanatory variable and wallet reporting
rates for (1) log GDP per capita, and (2) log total factor productivity (relative to the United States), (3) government
effectiveness ratings from the World Bank, and (4) letter grade efficiency scores from Chong et al. (2014). For each
pair of explanatory variables, numbers represent the percentage contribution of that variable to the total R2 (with
pairs adding up to 100%).

21



References

Azen, R, and DV Budescu. 2003. “The dominance analysis approach for comparing predictors in

multiple regression.” Psychological Methods 8 (2): 129–148.

Budescu, David. 1993. “Dominance Analysis: A New Approach to the Problem of Relative Importance

of Predictors in Multiple Regression.” Psychological Bulletin 114 (3): 542–551.

Buonanno, Paolo, Matteo Cervellati, Sara Lazzaroni, and Giovanni Prarolo. 2019. “Political History,

Fiscal Compliance and Cooperation: Medieval Social Contracts and Their Legacy.”

Chetty, Raj, John N Friedman, and Emmanuel Saez. 2013. “Using differences in knowledge across

neighborhoods to uncover the impacts of the EITC on earnings.” American Economic Review

103 (7): 2683–2721.

Chong, Alberto, Rafael La Porta, Florencio Lopez-de-Silanes, and Andrei Shleifer. 2014. “Letter

grading government efficiency.” Journal of the European Economic Association 12 (2): 277–298.

Enke, Benjamin. 2019. “Kinship, cooperation, and the evolution of moral systems.” The Quarterly

Journal of Economics 134 (2): 953–1019.

Falk, Armin, Anke Becker, Thomas Dohmen, Benjamin Enke, David Huffman, and Uwe Sunde.

2018. “Global evidence on economic preferences.” The Quarterly Journal of Economics 133 (4):

1645–1692.

Falk, Armin, Anke Becker, Thomas J Dohmen, David Huffman, and Uwe Sunde. 2016. “The prefer-

ence survey module: A validated instrument for measuring risk, time, and social preferences.”

Netspar Discussion Paper No. 01/2016-003. Available at SSRN: https://ssrn.com/abstract=2725874.

Feenstra, Robert C, Robert Inklaar, and Marcel P Timmer. 2015. “The next generation of the Penn

World Table.” American economic review 105 (10): 3150–82.

Gillen, Ben, Erik Snowberg, and Leeat Yariv. 2019. “Experimenting with measurement error:

Techniques with applications to the caltech cohort study.” Journal of Political Economy 127

(4): 1826–1863.

Glaeser, Edward L, and Raven E Saks. 2006. “Corruption in America.” Journal of Public Economics

6 (90): 1053–1072.

Golden, Miriam, and Lucio Picci. 2006. “Corruption and the management of public works in Italy.”

In International Handbook on the Economics of Corruption, 457.

Graham, Jesse, Brian Nosek, Jonathan Haidt, Ravi Iyer, Spassena Koleva, and Peter Ditto. 2011.

“Mapping the Moral Domain.” Journal of Personality and Social Psychology 101 (2): 366–385.

22



Guiso, Luigi, Paola Sapienza, and Luigi Zingales. 2011. “Civic capital as the missing link.” In

Handbook of Social Economics, edited by J. Benhabib, A. Bisin, and M. O. Jackson, 1:417–480.

Amsterdam: North-Holland.

Knack, Stephen, and Philip Keefer. 1997. “Does social capital have an economic payoff? A cross-

country investigation.” Quarterly Journal of Economics 112 (4): 1251–1288.

Kraay, Aart, Daniel Kaufmann, and Massimo Mastruzzi. 2010. The Worldwide Governance Indica-

tors: Methodology and Analytical Issues. The World Bank.

Nannicini, Tommaso, Andrea Stella, Guido Tabellini, and Ugo Troiano. 2013. “Social capital and

political accountability.” American Economic Journal: Economic Policy 5 (2): 222–50.

Saiz, Albert, and Uri Simonsohn. 2013. “Proxying for unobservable variables with internet document-

frequency.” Journal of the European Economic Association 11 (1): 137–165.

Tabellini, Guido. 2008. “Institutions and culture.” Journal of the European Economic Association 6

(2-3): 255–294.

West, Mark D. 2003. “Losers: recovering lost property in Japan and the United States.” Law &

Society Review 37 (2): 369–424.

23


	Description of Variables
	Wallets
	Robustness Checks
	External Validation of Wallet Reporting Rates
	Alternative Specifications
	Pairwise Correlations between Measure of Social Capital
	Correcting for Measurement Error
	Dominance Analysis

