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The COVID-19 pandemic induces a social dilemma: engaging in preventive health behaviors is costly for in-
dividuals but generates benefits that also accrue to society at large. The extent to which individuals internalize
the social impact of their actions may depend on their prosociality, i.e. the willingness to behave in a way that

Keywords: mostly benefits other people. We conduct a nationally representative online survey in Germany (n = 5843) to
gol\lnDjlg . investigate the role of prosociality in reducing the spread of COVID-19 during the second coronavirus wave. At
P?osf)cctil;,l?t;mon the individual level, higher prosociality is strongly positively related to compliance with public health behaviors

such as mask wearing and social distancing. A one standard deviation (SD) increase in prosociality is associated
with a 0.3 SD increase in compliance (p < 0.01). At the regional (NUTS-2) level, a one SD higher average
prosociality is associated with an 11% lower weekly incidence rate (p < 0.01), and a 2%p lower weekly growth
rate (p < 0.01) of COVID-19 cases, controlling for a host of demographic and socio-economic factors. This as-
sociation is driven by higher compliance with public health behaviors in regions with higher prosociality. Our
correlational results thus support the common notion that voluntary behavioral change plays a vital role in
fighting the pandemic and, more generally, that social preferences may determine collective action outcomes of a

Economic preferences
Online survey

society.

1. Introduction

To curb the COVID-19 pandemic, individuals have to engage in
costly preventive behaviors such as reducing social contacts, wearing
face masks, or using contact tracing apps. However, the benefits from a
lower rate of transmission accrue to society at large and thus constitute a
public good. This results in a social dilemma, where “the maximization
of short-term self-interest yields outcomes leaving all participants worse
off than feasible alternatives.” (Ostrom, 1998, p.1). In this sense, the
pandemic is comparable to other collective action problems such as civic
engagement or the fight against climate change.

Which factors determine the success of groups or societies in over-
coming collective action problems has been a long-standing question in
the social sciences. One plausible determinant is the extent to which
individual members are prosocial, i.e., how willing they are to behave in
a way that primarily benefits other people or society at large. Prosocial
individuals may help their groups in achieving more beneficial out-
comes in the face of social dilemmas, both by contributing more to a

* Corresponding author.

common cause themselves and by increasing cooperation rates among
other members — for example through establishing and enforcing cor-
responding social norms (Fehr and Gachter, 2002; Fehr and Fischbacher,
2003; Fischbacher and Gachter, 2010; Albrecht et al., 2018; Fehr and
Schurtenberger, 2018). Previous studies have documented associations
between  (pro-)social  preferences and, amongst others,
pro-environmental behavior (Fuhrmann-Riebel et al., 2021; Lades et al.,
2021; Andre et al., 2021), donation and volunteering decisions (Falk
et al., 2018), redistributive voting (Epper et al., 2020), as well as labor
market outcomes (Burks et al., 2009; Dohmen et al., 2008; Kosse and
Tincani, 2020). However, combining data of both individual- and
group-level behavior and outcomes under collective action problems in
real-world contexts remains challenging.

In this paper, we examine the relationship between prosociality and
individual behavior as well as collective health outcomes in the context
of the COVID-19 pandemic. When fighting the pandemic, governments
and public health experts have recurringly appealed to people’s altru-
istic motivations to protect others from getting infected by embracing
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voluntary behavioral changes. More prosocial individuals may be more
likely to respond to (and propagate) such norms and appeals, and they
may generally be more inclined to internalize the health externalities
that their behavior imposes on others. Consistent with this, studies have
found that more prosocial individuals tend to follow social distancing
and hygiene guidelines more stringently (van Hulsen et al., 2020;
Campos-Mercade et al., 2021; Miiller and Rau, 2021). One implication is
that regions with higher average levels of prosociality in the population
might be more successful in slowing the spread of the virus. This is also
proposed theoretically in recent susceptible-infected-recovered (SIR)
models with endogeneous behavior (Alfaro et al., 2021b; Farboodi et al.,
2021; Quaas et al., 2021). Indeed, some empirical studies provide evi-
dence that proxies for social (or civic) capital are related to mobility
flows and COVID-19 incidence rates at the subnational level (Barrios
et al., 2021; Bartscher et al., 2020; Alfaro et al., 2021a; Durante et al.,
2021; Makridis and Wu, 2021), but they do not combine regional-level
associations with individual-level data.

We study the role of prosociality in the COVID-19 pandemic by
employing data from a representative online survey in Germany (n =
5843) that we conducted during the second coronavirus wave, between
mid-November and mid-December 2020. This period was characterized
by steeply increasing incidence rates and a relatively lenient “lockdown
light”. To measure individuals’ public health behavior (PHB) during that
time, we included a series of questions about the extent to which they
engage in physical distancing, mask-wearing, precautionary hygiene
measures, self-quarantining, etc., which we then combine into a single
index variable of PHB by means of a factor analysis. Although imperfect,
self-reported PHB measures such as ours have been shown to be good
indicators of actual behavior in the pandemic (Jensen, 2020; Gollwitzer
et al., 2021). We further use experimentally-validated survey measures
by Falk et al. (2016) to elicit different components of individuals’ pro-
social preferences and beliefs — altruism, trust, positive reciprocity, and
indirect (negative) reciprocity — and collapse them into a single sum-
mary measure of “prosociality”.

Our data confirms that prosociality is strongly positively related to
compliance with recommended social distancing and hygiene measures.
Due to the large sample size, we can further aggregate our survey
measures to regional-level averages across NUTS-2 regions in Germany
and link them to official statistical data on COVID-19 incidence and
deaths reported by the Robert-Koch-Institut (RKI), the federal govern-
ment agency and research institute responsible for disease control and
prevention in Germany. Our focus on within-country variation has the
advantage that policy mandates and regulations in response to the
pandemic remain largely similar. We find that the individual-level
relation between prosociality and PHB translates into better health
outcomes at the regional level — the spread of Sars-CoV-2 is slower in
regions where average prosociality in the population is high. This rela-
tionship is mediated by compliance with public health measures, which
supports our suggested pathway of prosociality leading to greater PH
compliance, which in turn leads to lower incidence rates.

2. Theoretical predictions

The rates of social contact and disease transmission are key param-
eters in epidemiological models, namely the susceptible-infected-
recovered (SIR) model and its various modifications (Kermack and
McKendrick, 1927; Keeling and Rohani, 2011), but they are typically
determined exogenously and do not respond to voluntary behavioral
adaptation by individuals in a pandemic.

Canonical SIR models can be extended by endogenizing behavioral
responses of forward-looking agents who face a trade-off between utility
from social contacts and disutility from increased risk of getting infected
(e.g., Bauch and Earn, 2004; Fenichel et al., 2011; Jones et al., 2021). To
protect themselves, individuals may choose to engage in preventive
health behaviors even in the absence of government restrictions. How-
ever, individuals’ actions also impose health externalities on others, and
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social costs of infections can exceed private costs significantly — e.g., for
young and healthy individuals in the COVID-19 pandemic. Hence,
behavioral adaption due to purely self-interested motives (i.e., avoiding
to get infected) only flattens the infection trajectory to a limited extent.

Recent theoretical studies have explicitly incorporated prosocial
motives in SIR models with endogenous behavior (Alfaro et al., 2021a;
Quaas et al., 2021; Farboodi et al., 2021). Agents in these models are not
only concerned about their own health, but also about other people’s
health. Thus, they partially internalize the health risks that their own
behavior imposes on susceptible individuals around them. This is
particularly relevant for people who are uncertain about whether they
are susceptible or infectious (e.g., due to asymptomatic cases and limited
testing capacitites), which applies to the majority of the population
during our study period, since most people in Germany had not expe-
rienced a COVID-19 infection yet. To prevent that they unknowingly
spread the virus, prosocial agents endogenously engage in lower levels
of (risky) social activity.

While prosocial engagement in social distancing follows from an
assumption on exogenously given preferences in these models, it can
also be derived more explicitly from theories of human behavior that
take a stance on where preferences to behave prosocially come from (e.
g., Batson and Powell, 2003). For example, as an anonymous referee
pointed out to us, a link between individuals’ prosociality and their
public health behavior can be explained by different variants of con-
sistency theory (Festinger, 1957; Heider, 1958; Abelson et al., 1968).
Specifically, individuals who hold strong prosocial values and attitudes
may experience cognitive dissonance if they do not adjust their behavior
in the pandemic accordingly.

In this empirical study, we consider several distinct elements of
prosociality that all reflect a positive disposition towards others:
altruism, positive reciprocity, trust, and indirect (negative) reciprocity.
Altruism constitutes a direct concern for others’ well-being and links
most closely to the above-mentioned models. Positive reciprocity is the
tendency to return favors, which can facilitate norms of conditional
cooperation (Bowles and Gintis, 2011). Trust is a composite trait
reflecting preferences as well as beliefs about whether other people in
general hold good intentions; higher generalized trust may encourage
individuals to behave more prosocially towards friends and strangers
alike. Indirect negative reciprocity describes the willingness to punish
those who treat others unfairly and act detrimentally to the group. In the
context of the pandemic, this could for example entail confronting
others who disregard rules or norms regarding mask wearing and social
distancing. This sort of third-party punishment can deter norm violation
and free-riding and is therefore considered to be prosocial (Fehr and
Gachter, 2002; Albrecht et al., 2018). In summary, as illustrated in
Fig. 1, individuals’ prosocial attitudes can positively affect compliance
with health measures both directly, out of concern for not (uninten-
tionally) infecting others, as well as indirectly, through the social dy-
namics of cooperation and norm adoption. Thus, our first prediction is
that more prosocial individuals are more likely to engage in preventive
health measures in the pandemic.

Through the lens of an SIR model with endogenous behavior,
increased compliance due to higher prosociality leads to a lower rate of
disease transmission and thus fewer infections in the population, all else
equal. In a dynamic setting, this positive effect is dampened, as lower
incidence rates will reduce perceived infection risks and thus subsequent
readjustment towards more social interactions. However, it can be
shown that higher prosociality will still lead to a flatter infection curve
in equilibrium (Alfaro et al., 2021b; Quaas et al., 2021; Farboodi et al.,
2021). Thus, our second predictions is that infection rates will tend to be
lower in regions with more prosocial individuals.

There are many other determinants of health behavior that are not
considered in Fig. 1. Importantly, the models highlight that behavior
should adapt strongly to the perceived threat of COVID-19, which can
vary based on the contemporaneous regional incidence rates and based
on heterogeneity in expected health/mortality risks, e.g. due to age.
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Fig. 1. Framework.

Furthermore, time and risk preferences also play a role, as more patient
individuals place a higher weight on future risks of infection (relative to
immediate utility from social interactions) and more risk averse in-
dividuals shy away from uncertain consequences of a potential infection.
Indeed, previous empirical studies have found positive associations of
patience and risk aversion with better health behaviors and outcomes
both in the COVID-19 pandemic (e.g., Chan et al., 2020; Alfaro et al.,
2021b) and in other health-related domains such as smoking or obesity
(e.g., Khwaja et al., 2006; Burks et al., 2012; Sutter et al., 2013; de
Oliveira et al., 2016).

3. Data and measurements
3.1. Survey data

We partnered with the market research firm Dynata to recruit a
target sample of 6000 German participants and conducted our web-
based survey between November 11 to December 17, 2020. Partici-
pants were invited via email and sampled using demographic quotas on
age, gender, and state, to achieve national-level representativeness of
the population aged 18 to 65. Our final analysis sample consists of 5843
responses that fulfilled the quality criteria for inclusion in the analysis: a
minimum response duration, passing an attention check, no in-
consistencies in demographic information, and no excessive
straightlining.

To measure health behavior in the pandemic, we obtain responses
(on a 7-point Likert scale) to ten questions about subjects’ social
distancing, hygiene behavior, etc. These questions were selected based
on public health guidelines in Germany at that time. Using responses to
these questions, we then construct an index by factor analysis. This
index is our main measure of compliance to PHB. The eigenvalue of the
first factor is 4.47 (0.25 for the second factor), which points towards a
single underlying factor driving adherence to different PH measures.
The Cronbach’s a is 0.87, indicating that the different aspects of PHB are
strongly interrelated.

We elicited subjects’ time, risk, and social preferences using exper-
imentally validated measures that have been employed in a large-scale
representative global survey (Falk et al.,, 2016, 2018). Although the
validation was conducted in a German student sample, it is plausible
that the measures remain informative in our context, as language and
culture are constant and there is no evidence that insights from student
experiments fundamentally misrepresent behavior in the general pop-
ulation (Exadaktylos et al., 2013; Falk et al., 2013). To construct an
individual-level measure of prosociality, we follow Falk et al. (2018) and
Kosse and Tincani (2020) and combine several facets of social prefer-
ences and beliefs — altruism, trust, positive reciprocity, and indirect
(negative) reciprocity — into one index variable by extracting their first
principal component (eigenvalue = 1.789). This component places
positive weight on all input variables and is thus congruent with the

common notion of prosociality. We deviate from previous studies by also
including indirect negative reciprocity, which reflects altruistic pun-
ishment and is positively correlated with our measure of altruism (p =
0.257, see Appendix Table Al).

We further collected information on demographic characteristics,
education, income, political attitudes, beliefs and attitudes towards the
COVID-19 pandemic, news consumption, conspiracy mentality, and Big
Five personality factors. We construct the Big Five personality traits of
openness, conscientiousness, neuroticism, agreeableness, and extraver-
sion using the 15-item BFI-S scale by Gerlitz and Schupp (2005). See
Appendix B for a detailed description of all survey questions and
variables.

3.2. Regional-level aggregation

For regional-level analyses, we aggregate our survey measures at the
administrative NUTS-2 region level in Germany (38 regions; visit
https://ec.europa.eu/eurostat/web/nuts/background for information
on the NUTS classification system) by calculating the average of all re-
spondents who currently live in that region. The sample size per region
ranges from 46 to 427 (mean 154, median 124). We use sampling
weights from a raking procedure (Battaglia et al., 2009) to improve
regional representativeness by age and gender (age above/below 40 x
gender) as well as the share of adults with a college degree. To validate
the regional representativeness of our sample, we compare vote shares
of the main political parties in the 2019 election with the implied vote
shares in our survey based on self-reported party preferences (Appendix,
Table A7). The regional correlations are extremely high — p between
0.76 and 0.86 — for all parties except for the FDP, the German liberal
party (p = 0.29).

We further obtain information on the official daily number of
confirmed COVID-19 cases and deaths at the county-level (NUTS-3 re-
gion) reported by the Robert-Koch-Institut (RKI), the federal govern-
ment agency and research institute responsible for disease control and
prevention in Germany. We use data obtained from infas360 to
construct a local policy stringency index by summing up a total of 23
indicator variables for whether local mandates in a certain category (e.g.
curfew, school closure) were in place. We normalize this index to range
between O (no restriction) and 100 (full restriction). Finally, we collect a
host of demographic information and socio-economic indicators for each
county in Germany from the joint database of the statistical offices of the
German states. See Appendix C for detailed descriptions of regional-level
data.

4. Individual-level prosociality and public health behavior
We begin by establishing a robust positive relationship between

prosociality and PHB at the individual level using data from our repre-
sentative online sample. To do so, we regress the PHB variable on our
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measures of prosociality, time and risk preferences and a number of
controls, using ordinary least squares (OLS). The statistical model is

PHB,. = a + p,-Prosocial; + p,-Patience; + f5-RiskT; + 7,x,'c + € (@D)]

where PHB;. is the public health behavior factor for individual i (living in
county ¢) and Prosocial; is his or her level of prosociality. Patience; and
RiskT; denote her level of patience and risk-taking, respectively, which
we include as these are generally correlated with prosociality (Falk
et al., 2016) and may also have an influence on individual’s willingness
to engage in preventive health measures. x; is a vector of control vari-
ables that differ by specifications. Standard errors are always clustered
at the county level.

Table 1 presents the regression estimates from the baseline specifi-
cation in equation (1) without additional control variables. Column 1
shows that prosociality strongly predicts individual behavior in the
pandemic, with a one SD increase in prosociality being associated with a
one third SD increase in PHB (p < 0.001). Additionally, we find that
more patient and less risk-tolerant individuals are also more likely to
adhere to social distancing and hygiene measures. These results are
consistent with our theoretical predictions from Section 2.

People who are more prosocial also tend to differ with regard to
other characteristics that may be associated with differential costs and
benefits of adhering to recommended PHBs. For example, infection risk
and disease severity vary with demographic factors such as age or
gender, whereas economic factors such as occupation, income, or
household situation could determine the costs of complying with certain
preventive measures. Regional differences in current and past infection
rates could further influence individual behavior, e.g., if regions hit
more severely have stricter policy measures in place, or have developed
stricter norms in enforcing such measures. In general, all these factors
tend to be correlated with prosociality and could thus act as confounders
(Falk et al., 2018). However, columns 2 and 3 of Table 1 show that the
estimated coefficient for prosociality remains stable and highly statis-
tically significant when controlling for demographic and socio-economic
characteristics as well as region fixed effects.

Apart from economic preferences, certain psychological personality
traits such as agreeableness and openness from the Big Five inventory
have also been linked with stronger adherence to PH measures in the
COVID-19 pandemic (Nikolov et al., 2020; Zettler et al., 2022) and are
also correlated with prosociality to some degree (see e.g. Appendix
Table A6). However, as the estimates in column 4 of Table 1 show,
differences in Big Five personality traits do not drive the association
between prosociality and PHB. This squares with the general observa-
tion that personality traits and economic preferences seem to be
partially distinct concepts (Becker et al., 2012; Jagelka, 2020), and both

Table 1
Individual-level association between preferences and public health behavior.
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retain explanatory value for individual behavior in the pandemic (see
Appendix Table A2).

Finally, we also investigate to which degree the role of prosociality
can be explained by individuals’ perceptions and attitudes regarding the
COVID-19 pandemic (Table 1 column 5). However, even controlling for
these factors leaves a strong association between prosociality and PHB
intact.

5. Regional-level prosociality and collective health outcomes

In the next step, we examine how regional variation in prosociality
across Germany relates to public health outcomes during the COVID-19
pandemic. For this purpose, we construct regional averages of our pro-
sociality and PHB measures by aggregating individual survey responses
at NUTS-2 level (“Regierungsbezirk™) as described in section 3.

5.1. Descriptive overview

We document substantial variation in our measure of prosociality
within Germany, as illustrated by the map in Fig. 2a. Average proso-
ciality ranges from —0.37 to 0.42 across NUTS-2 regions, thus spanning
about 80% of an individual-level standard deviation. These regional
differences are statistically significant (p < 0.05) and explain about 50%
additional variation in individual-level prosociality compared to other
socio-demographic variables alone (Appendix Table A8). Moreover,
regional prosociality patterns are related to commonly used proxies for
social (or civic) capital: higher average prosociality is associated with
higher voter turnout in the 2019 EU election (¢ = 0.3098, p = 0.0169)
and larger density of civic associations in 2008 (¢ = 0.1394, p = 0.0657),
see Appendix Table A9. Thus, our measure seems to capture stable and
meaningful variation.

Fig. 2b shows that average prosociality is closely linked with average
PHB in the pandemic at the regional level. In fact, the regional-level
correlation (¢ = 0.5795, p < 0.001) is substantially stronger than
what would have been predicted solely based on the unconditional
individual-level correlation (¢ = 0.3503, p < 0.001), suggesting that
prosocial individuals may also raise general health compliance indi-
rectly through social influence and normative channels.

Fig. 2c plots the evolution of COVID-19 cases per 100,000 population
in Germany over the course of the pandemic, split by regions with
above-median and below-median prosociality. Incidence rates in high-
prosociality regions dropped persistently below those in low-
prosociality regions starting from around Nov 2020, in the period of
the so-called “lockdown light”, which was in place at the beginning of
the second wave in Germany and had the goal of reducing social

Public Health Behavior (PHB)

1 2

3 (4) %)

Prosociality 0.3356*** (0.0162) 0.3059*** (0.0165)
Patience 0.1983*** (0.0150) 0.1969*** (0.0151)
Risk-taking —0.2095*** (0.0141) —0.1710*** (0.0144)
Socio-demographic controls No Yes

NUTS-2 region FEs No No

Big 5 personality traits No No

COVID-19 perceptions No No

Observations 5843 5660

Clusters (counties) 397 396

R2 0.209 0.234

0.3071*** (0.0167) 0.2182*** (0.0173)
0.1921*** (0.0150) 0.1689*** (0.0149)
—0.1725*** (0.0143) —0.1715*** (0.0138)

0.1611*** (0.0144)
0.0809*** (0.0126)

—0.0785*** (0.0107)

Yes Yes Yes
Yes Yes Yes
No Yes Yes
No No Yes
5660 5660 5660
396 396 396
0.242 0.298 0.495

Notes. In the interest of brevity, we report only the coefficients on economic preference variables here; Appendix Table A2 reports estimates on other variables included
in each specification. Socio-demographic controls include age and age-squared, gender, education, income, employment status, household size, number of children,
and an indicator for having children below age 16. COVID-19 perceptions include general attitudes towards the pandemic, infection experiences, and worrying about
oneself, family members, and others being infected. Standard errors (in parentheses) are clustered at the county level. See Appendix Tables A3 and A4 for detailed

results using individual elements of prosociality or PHB.
*p < 0.1, **p < 0.05, ***p < 0.01.
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(a) Regional variation in prosociality
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(b) Prosociality and PHB at NUTS-2 level
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Fig. 2. Prosociality, public health behavior, and COVID-19 incidence rates. Panel (a): Map of the 38 NUTS-2 regions in Germany, with color intensity indicating
average level of prosociality based on our survey measures. The unit is individual-level SDs. Panel (b): Relation between average prosociality and average PHB on
NUTS-2 level, both expressed in terms of individual-level SDs. The solid fitted line is constructed from an unweighted local linear regression (Gaussian kernel,
bandwidth = 0.3) of average PHB on average prosociality at NUTS-2 region level (N = 38). The dashed line shows the association between average prosociality and
the average fitted values from an individual-level regression of PHB on prosociality and prosociality-squared. Bubbles indicate NUTS-2 regions and are proportional
to population size. Panel (c): Official number of COVID-19 cases reported by RKI between Feb 1, 2020, and Jun 15, 2021. Grey shaded areas indicate time periods of
strict nationwide lockdowns in Germany (as of March 8, 2021, restrictions were tied to the regional incidence rate, although the lockdown formally remained in
place). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

contacts while avoiding a complete economic standstill. At the height of
the second wave, high-prosociality regions experienced around 15-25%
lower incidence rates, and 20-30% fewer COVID-19 deaths (see Ap-
pendix Figure A2, which also shows differential mobility patterns during
the second wave). These descriptive observations hint at a meaningful
role of prosociality in determining how well a region can slow the spread
of the virus and protect vulnerable groups. However, regions with
different levels of prosociality also differ by other characteristics such as
population density and socio-economic factors. Therefore, we will now
move on to our formal statistical analyses.

5.2. Association between prosociality and COVID-19 incidence rates

Our main outcome variable is the weekly COVID-19 incidence rate, i.
e., the confirmed number of new cases per 100,000 population within 7
days, as reported by the RKI for each county in Germany. We addi-
tionally take the logarithm of the incidence rate to capture the expo-
nential nature of infectious disease dynamics. Results for COVID-19

deaths are reported in the Appendix and in general very similar. As a
first step in examining the relation between regional incidence rates and
prosociality, we use OLS to estimate the following statistical model:

log(cases.,) =, + B, - Prosocial, + 5, - Patience, + B - RiskT, + 7, X¢ + €cn
(2

where log(cases.) is the log COVID-19 incidence rate in county ¢ (NUTS-
3 level) and week t. Our main regressor of interest is Prosocial, which is

the average prosociality in NUTS-2 region r. Patience, and RiskT, denote
the average level of patience and risk-taking, respectively. For ease of
interpretation, we standardize these three preference measures to mean
0 and standard deviation 1 across regions. x, is a vector of pre-pandemic
county characteristics, which we interact with week dummies to allow
the coefficient vector y, to change over time. To account for the highly
dynamic nature of the pandemic, all specifications include week fixed
effects a;. We focus our analysis on the two-month period from Nov 16 to
Jan 17, around the peak of the second wave in Germany, because this is
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when our survey measures are most applicable. Note that we include an
additional month of data from the end our survey onwards, as the effects
of changes in behavior or policies will only manifest themselves with a
delay, which is exacerbated by reporting lags by local health authorities
during Christmas and New Year. Statistical inference is robust to clus-
tering at the NUTS-2 region level. Due to the relatively low number of
clusters (38), we report confidence intervals based on a wild cluster
bootstrap-t procedure (Cameron et al., 2008; Roodman et al., 2019).

Table 2 presents the baseline results, which indicate a robust asso-
ciation between regional incidence rates and prosociality. The estimated
coefficient in column 1 shows that, without controlling for any other
county characteristics, a one SD higher prosociality is associated with a
13% lower weekly incidence rate in the time period we study. This effect
is both statistically significant (p < 0.001) and quantitatively sizeable,
corresponding to about 8% of the region-week SD in incidence rates (see
Appendix Table A16). This association remains robust to including
regional-level time and risk preferences as regressors (column 2),
although its precision decreases due to the covariates being correlated
with each other. The estimated coefficients for patience and risk-taking
are small and insignificant.

Importantly, we verify whether the association between prosociality
and COVID-19 incidence rates is robust to controlling for other de-
mographic and socio-economic county characteristics that could

Table 2
Weekly incidence at the time of the survey.
Yer = log(cases.,) in county ¢ and week t
(€D 2) 3) “@ 5)
Prosociality —0.1391 —0.1270 * —0.1241 —0.1189 0.0183
Fedkek k¥ ek
[-0.283, [-0.303, [-0.296, [-0.246, [-0.088,
—0.061] 0.010] —0.021] —0.033] 0.106]
Patience —0.02286 0.0024 —0.0054 0.0602
[-0.211, [-0.117, [-0.111, [-0.019,
0.133] 0.181] 0.129] 0.188]
Risk taking 0.0106 —0.0377 —0.0454 —0.0814
*
[-0.107, [-0.154, [-0.137, [-0.149,
0.126] 0.092] 0.072] 0.005]
Public health —0.2996
behavior
[-0.443,
—0.158]
Wave 1 No No No Yes Yes
severity
County No No Yes Yes Yes
controls x
Week
Week fixed Yes Yes Yes Yes Yes
effects
Observations 3609 3609 3609 3609 3609
Spatial units 401 401 401 401 401
(counties)
Clusters 38 38 38 38 38
(NUTS-2
regions)
R? 0.116 0.118 0.357 0.415 0.481

Notes. Bootstrapped 95%-confidence-intervals in brackets (clustered at NUTS-2
level), obtained using wild bootstrapping with Rademacher-weights and 9999
simulations. The outcome variable is the log weekly incidence rate by county,
ranging from Nov 16, 2020, until Jan 17, 2021 (9 weeks). County controls
include 18 variables: log population density, log GDP per capita, log average
income per capita, share of college graduates, employment share, share of non-
German residents, share of workers in the service sector, share of population
below age 18, share of population age 65 or above, and border country dummies
for each neighboring country of Germany. Controls for wave 1 severity include
the log of aggregate case numbers, its square, and case fatality rate in the time
period from the first confirmed infection until May 17th, 2020. See Appendix
Table A10 for results with the individual elements of prosociality. *p < 0.1, **p
< 0.05, ***p < 0.01.
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influence the regional spread of the virus. In column 3, we therefore add
pre-pandemic county characteristics (x;) and allow their effect to vary
by week. The vector of county controls consists of log population den-
sity, log GDP per capita, log average income per capita, share of college
graduates, employment share, share of workers in the service sector,
share of non-German residents, share of population below age 18, share
of population age 65 or above, and border county dummies for each
neighboring country of Germany. Another potential concern is that
regional differences in severity of the pandemic experienced during the
first wave may have had an impact on the level of prosociality, but
simultaneously also on other factors like general attitudes or local
government preparedness. To flexibly account for this, we further add
control variables for counties’ first wave (February-May) infection
outcomes in another specification.

After including this rich set of control variables in columns 3-4 of
Table 2, the explanatory power of the regression increases drastically by
a factor of more than three. Crucially, the coefficient for prosociality
remains nearly unchanged, with a one SD increase being associated with
11-12% lower weekly incidence rates (p < 0.05).

Why is the incidence rate lower in regions with higher prosociality?
Our theoretical considerations suggest that more prosocial individuals
should be more willing to comply with recommended or mandatory
social distancing and hygiene measures, which is confirmed empirically
by our individual-level results. The models discussed in Section 2 would
then predict that stricter engagement in preventive health behaviors
leads to a lower contact and transmission rate, and thus eventually to a
lower COVID-19 incidence rate in high-prosociality regions. To test this
mediating role of behavior, we include our measure of average PHB as
additional regressor in column 5 of Table 2 (Baron and Kenny, 1986).
Upon doing so, the coefficient size for prosociality is reduced by 85% to
almost zero, whereas we observe a remarkably strong relation between
self-reported PHB and incidence rates: a one SD increase in PHB is
associated with a 26% decrease in the weekly number of cases per 100,
000 population. This is consistent with the hypothesis that the effect of
prosociality is mediated by differences in PHB across regions. Interest-
ingly, risk-taking has a weakly significant negative effect conditional on
PHB, which could potentially be explained with a higher willingness to
experiment with new strategies or to adopt new technologies.

Although we have controlled for a host of demographic and socio-
economic county characteristics, there could still be other, unobserved
factors that lead to generally lower levels of infections in a county, while
also being positively correlated with prosociality and PHB. To circum-
vent this issue, we test whether regions with higher prosociality also
exhibit lower growth rates of new cases, as this partials out any time-
invariant differences across counties that can affect absolute levels of
infection rates in the pandemic. We approximate growth rates by the
weekly change in log incidence rates Alog(cases crr) = log(cases ¢ ¢) —
log(cases ¢ ¢—1) in county ¢ and week t and estimate the following sta-
tistical model:

Alog(cases.) = a; + f, - Prosocial, + p, - Patience, + 3, - RiskT, + y,,xc +8'w,
+ €
3)

where everything is defined as in equation (2). We include the full set of
previously used control variables in all specifications, including the
vector of controls for wave 1 severity w,.

Although high- and low-prosociality regions start from roughly
similar levels of incidence at the beginning of the second wave (see
Fig. 2¢), differences in the growth rate would gradually drive incidence
levels apart over time, eventually resulting in large cumulative differ-
ences. Indeed, our baseline specification in Table 3 shows that, in the
time period we study, the growth rate of new cases was about 1%p lower
in regions with a one SD higher prosociality (p < 0.05). We find no
evidence for mediation through PHB in column 2 yet.

However, the estimated effects of prosociality and social distancing
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Table 3
Weekly growth rate of confirmed cases at the time of the survey.

Yere = log(casescr,) — log(casescr.—1)

@® (©) 3 (4)

Prosociality —0.0091 ** —0.0097 —-0.0218 —0.0072
[-0.018, [-0.022, [-0.037, [-0.025,
—0.001] 0.002] —-0.011] 0.008]
Patience —0.0012 —0.0015 —0.0012 0.0062
[-0.014, [-0.015, [-0.011, [-0.008,
0.007] 0.009] 0.014] 0.026]
Risk taking 0.0002 0.0003 —0.0044 —0.0092
[-0.012, [-0.012, [-0.016, [-0.026,
0.013] 0.012] 0.010] 0.007]
Public health 0.0012 —0.0340 **
behavior [-0.021, [-0.066,
0.022] —0.006]
log(casescr-2) 0.1081 —0.1209
[-0.126, [-0.146,
—0.093] —0.096]
Policy stringency. ;2 —0.2403 —0.2050
[-0.857, [-0.765,
0.289] 0.228]
Wave 1 severity Yes Yes Yes Yes
County controls x Yes Yes Yes Yes
Week
Week fixed effects Yes Yes Yes Yes
Observations 3609 3609 3609 3609
Spatial units 401 401 401 401
(counties)
Clusters (NUTS-2 38 38 38 38
regions)
R? 0.293 0.293 0.315 0.317

Notes. Bootstrapped 95%-confidence-intervals in brackets (clustered at NUTS-2
level), obtained using wild bootstrapping with Rademacher-weights and 9999
simulations. The outcome variable is the change in log weekly incidence rate in a
county, ranging from Nov 16th, 2020 until Jan 17th, 2021 (9 weeks). All control
variables are defined as in Table 2. See Appendix Table A11 for results with the
individual elements of prosociality. *p < 0.1, **p < 0.05, ***p < 0.01.

might be attenuated due to dynamic interactions between incidence
rates, behavior, and policy responses that push towards regional
convergence. For one, the share of susceptibles in the population is
naturally higher in regions with fewer past infections, although this
effect may have been negligible at that stage of the pandemic. Moreover,
SIR models with endogenous behavior predict that in regions with lower
incidence rates, people may endogenously reengage in more social
contacts in response to reduced infection risks. Local governments could
also feel encouraged to partially lift curtailment measures. Thus, more
prosocial regions could become the victims of their own success. For this
reason, we further add the 2-week lagged incidence rate log(cases  ;—2)
as well as a 2-week lagged local policy stringency index (see Section 3.2)
as covariates in equation (3). After including these lagged variables, the
coefficient size for prosociality more than doubles, implying a 2%p
lower weekly growth rate per SD increase (p < 0.01) - this corresponds
to about 3% of a region-week SD in incidence growth rates (see Ap-
pendix Table A17). This is a sizeable effect given that small differences
in growth rates accumulate to large absolute differences over time. In
column 4, prosociality becomes insignificant after adding average PHB,
further supporting the hypothesis that better compliance with social
distancing and hygiene measures mediates the effect of higher proso-
ciality on collective health outcomes during the pandemic.

Finally, we check whether our results are influenced by comparisons
between West Germany and East Germany, as previous studies docu-
ment that historical institutional differences between these two regions
before the German reunification still have a persistent effect on prefer-
ences, norms, and outcomes (Torgler, 2002; Alesina and Fuchs--
Schiindeln, 2007; Brosig-Koch et al., 2011; Becker et al., 2020).
Therefore, we rerun our analyses adding an East-Germany dummy as
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control variable, and further interacting it with our measure of average
prosociality (Appendix Tables A13-A15). The results show that the
estimated coefficients for prosociality remain robust, and that there is no
evidence for a differential association between higher prosociality and
lower COVID-19 incidence rates in East and West Germany, although the
low number of regional units in the East precludes any conclusive
statement.

6. Discussion

How well a group of individuals succeeds in achieving desirable
collective outcomes in the face of social dilemma depends, amongst
other things, on how willingly individual members engage in actions
that incur personal costs but that benefit the group as a whole. We have
provided suggestive evidence that, in the context of the COVID-19
pandemic, more prosocial individuals are significantly more willing to
engage in public health behaviors (e.g. physical distancing and mask-
wearing) aimed at slowing the spread of the virus. We further pre-
sented evidence that, in turn, regions in Germany with higher average
prosociality in the population also tend to experience a lower incidence
of COVID-19 cases and deaths. The estimated (conditional) correlations
are quantitatively sizeable: a 1 SD higher average prosociality in a re-
gion is associated with around 11% lower COVID19 incidence rates and
2%p lower incidence growth rates.

6.1. Role of the study context

The interpretation of our results needs to take into account the
broader context in which our study is embedded, as the role of proso-
ciality may be moderated, among others, by the stage of the pandemic,
the regional severity of the outbreak, and the stringency of government-
mandated restrictions and policy measures. Our survey was conducted
in the late fall of 2020, before the peak of the second wave in Germany,
during the so-called lockdown light. In contrast, most related studies
examining determinants of PHB were conducted in the first wave of the
pandemic, when more fear and uncertainty was revolving around the
disease and the spread of the virus (Harper et al., 2020). Thus, we
confirm previous results on the importance of prosociality (Campos--
Mercade et al., 2021; Miiller and Rau, 2021) also for later stages of the
pandemic, when people had become more accustomed to and more
weary of the situation (Petherick et al., 2021). In Table A16 of the Ap-
pendix, we compare predictors of regional incidence rates in the first
and the second COVID-19 wave in Germany. We observe that the same
set of demographic and socio-economic county characteristics (e.g.
population density, employment share) has much higher explanatory
value in the first wave (R> = 0.497) than in the second wave (R?> =
0.265), possibly because behavioral responses in the population were
more homogeneous early on in the pandemic.

The quickly rising case numbers at the time period of our survey
might have further driven attitudes and behavioral responses apart for
people in different regions and with different individual characteristics,
as protecting those vulnerable to the disease becomes especially relevant
when the risk of infection and transmission is high. In contrast, private
gatherings may not be considered irresponsible acts of selfishness in
periods of low incidence such as the summer of 2020 in Germany.
Another potentially amplifying factor for the role of prosociality in our
context may be that the lockdown light in Germany left plenty of wiggle
room in the extent of social distancing behavior within the limits of what
was allowed, thereby putting considerable weight on voluntary reduc-
tion of social contacts. Although, voluntary adaptions and government-
mandated restrictions can be partly substitutable (Alfaro et al., 2021b),
prosociality may affect health behaviors and outcomes even under more
stringent lockdown regimes, as perfect monitoring and enforcement of
compliance are infeasible, and drastic government measures can also
influence public perceptions of severity and social norms (Casoria et al.,
2021; Galbiati et al., 2021).
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6.2. Potential endogeneity concerns

Finally, a natural question in our context is to which extent the
conditional correlations we find in our empirical analyses can be
interpreted as causal. There are several potential concerns against such a
causal interpretation. First, our sample may not be regionally repre-
sentative due to self-selection into completing the survey. While such
selection effects are hard to rule out, they could only explain our results
if systematically more prosocial individuals respond to our survey in
regions with lower incidence rates, which seems implausible. Second,
one might worry that our measures of prosociality and economic pref-
erences are themselves affected by the COVID-19 pandemic (Bauer et al.,
2016; Branas-Garza et al., 2020; Cappelen et al., 2021; Frondel et al.,
2021; Shachat et al., 2021). If any influence on individuals’ survey re-
sponses reflects true changes in preferences and attitudes, our measures
remain internally valid for the time period around which we conducted
the survey. On the other hand, we might overestimate the role of pro-
sociality if respondents’ answers to broadly framed questions over-
reflected their behavior during the pandemic, e.g. due to availability
bias (Tversky and Kahneman, 1973). We cannot directly investigate this
issue with our cross-sectional survey data, but note that regional pro-
sociality in our data correlates with pre-pandemic outcomes such as
election turnout, and that our results are robust to controlling for
first-wave severity of the pandemic. Moreover, Campos-Mercade et al.,
2021 provide evidence that individual health behavior during the
pandemic is predicted by prosociality measured before the COVID-19
outbreak, which is consistent with the notion that individual’s (social)
preferences are fairly stable in general (Volk et al., 2012; Carlsson et al.,
2014). A third concern is reverse causality, because regional incidence
rates may also influence PHB and its relation to prosociality. However,
this would presumably lead to an underestimation of the true effect since
lower incidence rates allow residents and policymakers to become more
lenient in their responses. Consistent with this convergence effect, we
have shown in Table 3 that the estimated association between average
prosociality and weekly incidence growth rate doubles in magnitude
when controlling for lagged incidence levels.

The fourth and arguably most important concern is omitted variable
bias. At the individual level, it seems unlikely that the relation between
prosociality and PHB is entirely driven by some unobserved factor, as we
control for a host of demographic and socio-economic characteristics,
and further confirm robustness to including personality factors and
political attitudes as regressors. At the regional level, we control for a
variety of relevant county characteristics. However, it is difficult to rule
out all potentially confounding factors, e.g., the stringency of local
implementation and enforcement of containment measures, contact
tracing efficiency, etc., which may themselves be a function of proso-
ciality in the population. Most notably, the distribution of (pro-)social
preferences, values, norms, and beliefs is inherently endogenous to so-
cial, cultural, political, and institutional factors. Because these factors
are imperfectly observable and the underlying causal relationships
highly complex and interdependent, our empirical investigation must
inevitably remain correlational.

6.3. Concluding remarks

Our paper is inspired by several previous studies that measure in-
dividual and geographical variation of (pro-)social behavior and pref-
erences in order to advance our understanding of how collective societal
outcomes may be shaped by the prevalent values, norms, and prefer-
ences in the population, and vice versa, how individual dispositions may
vary due to ecological, cultural, or socio-economic factors (Henrich
et al., 2006; Nettle et al., 2011; Falk et al., 2018; Cohn et al., 2019;
Barsbai et al., 2021; Caicedo et al., 2021). Recent experimental evidence
further highlights the malleability of prosociality by documenting the
importance of socialization and role models (Kosse et al., 2020). Culti-
vating prosocial values and norms within a society may strengthen its
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capacity to face challenges such as pandemics or global warming that
require widespread cooperation and collective action.

Credit author statement

Ximeng Fang: Funding acquisition, Conceptualization, Methodol-
ogy, Data curation, Formal analysis, Writing — original draft, Writing —
review & editing, Visualization; Timo Freyer: Conceptualization,
Formal analysis, Writing — original draft, Writing — review & editing,
Visualization; Chui-Yee Ho: Conceptualization, Formal analysis,
Writing — original draft, Writing — review & editing, Visualization;
Lorenz Gotte: Funding acquisition, Formal analysis, Writing — original
draft, Writing - review & editing; Zihua Chen: Data curation,
Visualization.

Data availability
Our data is publicly available at https://osf.io/9¢87d/
Acknowledgments

We would like to thank Peter Andre, Felix Chopra, Thomas Dohmen,
Luca Henkel, Sven Heuser, Sebastian Kube, Anna Schulze-Tilling, as well
as participants of the IAME Applied Micro Coffee for helpful comments
and suggestions already at early stages of this project. Financial support
by the Deutsche Forschungsgemeinschaft (DFG) through CRC TR 224
(Project B07) and Germany’s Excellence Strategy — EXC 2126/1-
390838866 is gratefully acknowledged.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
0rg/10.1016/j.socscimed.2022.115192.

References

Abelson, Robert P., Aronson, Elliot, McGuire, William J., Newcomb, Theodore M.,
Rosenberg, Milton J., Percy, H Tannenbaum (Eds.), 1968. Theories of Cognitive
Consistency: a Sourcebook. Rand-McNally, Chicago.

Albrecht, Felix, Kube, Sebastian, Traxler, Christian, 2018. Cooperation and norm
enforcement - the individual-level perspective. J. Publ. Econ. 165, 1-16.

Alesina, Alberto, Fuchs-Schiindeln, Nicola, 2007. Good-bye Lenin (or not?): the effect of
communism on people’s preferences. Am. Econ. Rev. 97 (4), 1507-1528.

Alfaro, Laura, Faia, Ester, Lamersdorf, Nora, Saidi, Farzad, 2021a. Health Externalities
and Policy: the Role of Social Preferences. ECONtribute Discussion Paper No. 109.

Alfaro, Laura, Faia, Ester, Lamersdorf, Nora, Saidi, Farzad, 2021b. Social Interactions in
Pandemic. ECONtribute Discussion Paper No. 110.

Branas-Garza, Pablo, Andrés Jorrat, Diego, Alfonso, Antonio, Espin, Antonio M.,
Garcia, Teresa, Kovarik, Jaromir, 2020. Exposure to the Covid-19 Pandemic and
Generosity”. MPRA Paper No. 103389.

Andre, Peter, Boneva, Teodora, Chopra, Felix, Falk, Armin, 2021. Fighting Climate
Change: the Role of Norms, Preferences, and Moral Values”. IZA Discussion Paper
14518.

Baron, Reuben M., Kenny, David A., 1986. The moderator-mediator variable distinction
in social psychological research: conceptual, strategic, and statistical considerations.
J. Pers. Soc. Psychol. 51 (6), 1173-1182.

Barrios, John M., Benmelech, Efraim, Hochberg, Yael V., Paola, Sapienza, Zingales, Luigi,
2021. Civic capital and social distancing during the Covid-19 pandemic. J. Publ.
Econ. 193, 104310.

Barsbai, Toman, Lukas, Dieter, Pondorfer, Andreas, 2021. Local convergence of behavior
across species. Science 371 (6526), 292-295.

Bartscher, Alina, Seitz, Sebastian, Slotwinski, Michaele, Wehrhofer, Nils,

Siegloch, Sebastian, 2020. Social Capital and the Spread of Covid-19: Insights from
European Countries”. ZEW Discussion Paper 20-023.

Batson, Daniel C., Powell, Adam A., 2003. “Altruism and prosocial behavior”. Handbook
of Psychol.: Person. Soc. Psychol.. In: Theodore Millon and Melvin J. Lerner, fifth ed.
Wiley, pp. 463-484. Chap. 19.

Battaglia, Michael P., Hoaglin, David C., Frankel, Martin R., 2009. Practical
considerations in raking survey data. Survey Practice 2 (5), 2953.

Bauch, Chris T., Earn, David JD., 2004. Vaccination and the theory of games. Proc. Natl.
Acad. Sci. USA 101 (36), 13391-13394.

Bauer, Michal, Blattman, Christopher, Chytilova, Julie, Henrich, Joseph,

Miguel, Edward, Mitts, Tamar, 2016. Can war foster cooperation? J. Econ. Perspect.
30 (3), 249-274.


https://doi.org/10.1016/j.socscimed.2022.115192
https://doi.org/10.1016/j.socscimed.2022.115192
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref1
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref1
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref1
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref2
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref2
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref3
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref3
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref4
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref4
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref5
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref5
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref6
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref6
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref6
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref7
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref7
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref7
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref8
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref8
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref8
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref9
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref9
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref9
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref10
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref10
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref11
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref11
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref11
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref12
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref12
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref12
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref13
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref13
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref14
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref14
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref15
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref15
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref15

X. Fang et al.

Becker, Anke, Deckers, Thomas, Dohmen, Thomas, Falk, Armin, Kosse, Fabian, 2012. The
relationship between economic preferences and psychological personality measures.
Ann. Rev. Econ. 4 (1), 453-478.

Becker, Sascha O., Mergele, Lukas, Woessmann, Ludger, 2020. The separation and
reunification of Germany: rethinking a natural experiment interpretation of the
enduring effects of communism. J. Econ. Perspect. 34 (2), 143-171.

Bowles, Samuel, Gintis, Herbert, 2011. A Cooperative Species: Human Reciprocity and its
Evolution. Princeton University Press.

Brosig-Koch, Jeannette, Helbach, Christoph, Ockenfels, Axel, Weimann, Joachim, 2011.
Still different after all these years: solidarity behavior in East and West Germany.
J. Publ. Econ. 95 (11-12), 1373-1376.

Burks, Stephen, Carpenter, Jeffrey, Goette, Lorenz, 2009. Performance pay and worker
cooperation: evidence from an artefactual field experiment. J. Econ. Behav. Organ.
70 (3), 458-469.

Burks, Stephen, Carpenter, Jeffrey, Gotte, Lorenz, Rustichini, Aldo, 2012. Which
measures of time preference best predict outcomes: evidence from a large-scale field
experiment. J. Econ. Behav. Organ. 84 (1), 308-320.

Caicedo, Felipe Valencia, Dohmen, Thomas, Pondorfer, Andreas, 2021. Religion and
Prosociality across the Globe”. Working Paper.

Campos-Mercade, Pol, Meier, Armando N., Schneider, Florian H., Wengstrom, Erik,
2021. Prosociality predicts health behaviors during the COVID-19 pandemic. J. Publ.
Econ. 195, 104367.

Cappelen, Alexander W., Falch, Ranveig, Sgrensen, Erik @., Tungodden, Bertil, 2021.
Solidarity and fairness in times of crisis. J. Econ. Behav. Organ. 186, 1-11.

Carlsson, Fredrik, Johansson-Stenman, Olof, Nam, Pham Khanh, 2014. Social preferences
are stable over long periods of time. J. Publ. Econ. 117, 104-114.

Casoria, Fortuna, Galeotti, Fabio, Claire Villeval, Marie, 2021. Perceived social norm and
behavior quickly adjusted to legal changes during the COVID-19 pandemic™. J. Econ.
Behav. Organ. 190, 54-65.

Chan, Ho Fai, Ahmed, Skali, Savage, David A., Stadelmann, David, Torgler, Benno, 2020.
Risk attitudes and human mobility during the COVID-19 pandemic. Sci. Rep. 10 (1),
19931.

Cohn, Alain, André Maréchal, Michel, Tannenbaum, David, Lukas Ziind, Christian, 2019.
Civic honesty around the globe. Science 365 (6448), 70-73.

de Oliveira, Angela, C.M., Leonard, Tammy C.M., Shuval, Kerem, Skinner, Celette Sugg,
Eckel, Catherine, Murdoch, James C., 2016. Economic preferences and obesity
among a low-income African American community. J. Econ. Behav. Organ. 131,
196-208. Experimental and Behavioral Economics of Healthcare.

Dohmen, Thomas, Falk, Armin, Huffman, David, Uwe, Sunde, 2008. Homo reciprocans:
survey evidence on behavioural outcomes. Econ. J. 119 (536), 592-612.

Durante, Ruben, Guiso, Luigi, Gulino, Giorgio, 2021. Asocial capital: civic culture and
social distancing during COVID-19. J. Publ. Econ. 194, 104342.

Epper, Thomas, Fehr, Ernst, Senn, Julien, 2020. Other-Regarding Preferences and
Redistributive Politics”. University of Zurich Working. Paper No. 339.

Exadaktylos, Filippos, Antonio, M Espin, Branas-Garza, Pablo, 2013. Experimental
subjects are not different. Sci. Rep. 3 (1), 1-6.

Falk, Armin, Meier, Stephan, Zehnder, Christian, 2013. Do lab experiments misrepresent
social preferences? The case of self-selected student samples. J. Eur. Econ. Assoc. 11
(4), 839-852.

Falk, Armin, Becker, Anke, Dohmen, Thomas J., Huffman, David, Uwe, Sunde, 2016. The
Preference Survey Module: A Validated Instrument for Measuring Risk, Time, and
Social Preferences”. IZA Discussion. Paper No. 9674.

Falk, Armin, Becker, Anke, Dohmen, Thomas, Enke, Benjamin, Huffman, David,

Uwe, Sunde, 2018. Global evidence on economic preferences. Q. J. Econ. 133 (4),
1645-1692.

Farboodi, Maryam, Jarosch, Gregor, Shimer, Robert, 2021. Internal and external effects
of social distancing in a pandemic. J. Econ. Theor. 196, 105293.

Fehr, Ernst, Fischbacher, Urs, 2003. The nature of human altruism. Nature 425, 785-791.

Fehr, Ernst, Gichter, Simon, 2002. Altruistic punishment in humans. Nature 415 (6868),
137-140.

Fehr, Ernst, Schurtenberger, Ivo, 2018. Normative foundations of human cooperation.
Nat. Human Behav. 2 (7), 458-468.

Fenichel, Eli P., Castillo-Chavez, Carlos, Graziano Ceddia, M., Chowell, Gerardo,

Parra, Paula A Gonzalez, Graham, J Hickling, Holloway, Garth, Horan, Richard,
Morin, Benjamin, Perrings, Charles, et al., 2011. Adaptive human behavior in
epidemiological models. Proc. Natl. Acad. Sci. USA 108 (15), 6306-6311.

Festinger, Leon, 1957. A Theory of Cognitive Dissonance. Stanford University Press.

Fischbacher, Urs, Gachter, Simon, 2010. Social preferences, beliefs, and the dynamics of
free riding in public goods experiments. Am. Econ. Rev. 100 (1), 541-556.

Frondel, Manuel, Osberghaus, Daniel, Sommer, Stephan, 2021. Corona and the Stability
of Personal Traits and Preferences: Evidence from Germany”. ZEW Discussion Paper
21-029.

Fuhrmann-Riebel, Hanna, Ben D’Exelle, Verschoor, Arjan, 2021. The role of preferences
for pro-environmental behaviour among urban middle class households in Peru.
Ecol. Econ. 180, 106850.

Galbiati, Roberto, Henry, Emeric, Jacquemet, Nicolas, Lobeck, Max, 2021. How laws
affect the perception of norms: empirical evidence from the lockdown. PLoS One 16
(9), e0256624.

Gerlitz, Jean-Yves, Schupp, Jiirgen, 2005. Zur Erhebung der Big-Five-basierten
Persoenlichkeitsmerkmale im SOEP. DIW Res. Notes 4, 2005.

Social Science & Medicine 308 (2022) 115192

Gollwitzer, Anton, Mcloughlin, Killian, Cameron, Martel, Marshall, Julia, Hohs, Johanna
M., Bargh, John A., 2021. In: Linking Self-Reported Social Distancing to Real-World
Behavior during the COVID-19 Pandemic”. Preprint.

Harper, Craig A., Satchell, Liam P., Dean, Fido, Latzman, Robert D., 2020. Functional
fear predicts public health compliance in the COVID-19 pandemic. Int. J. Ment.
Health Addiction 1-14.

Heider, Fritz, 1958. The Psychology of Interpersonal Relations. Wiley.

Henrich, Joseph, McElreath, Richard, Barr, Abigail, Ensminger, Jean, Barrett, Clark,
Alexander, Bolyanatz, Juan Camilo Cardenas, Gurven, Michael, Gwako, Edwins,
Henrich, Natalie, Lesorogol, Carolyn, Frank, Marlowe, Tracer, David, Ziker, John,
2006. Costly punishment across human societies. Science 312 (5781), 1767-1770.

Jagelka, Tomas, 2020. Are Economists’ Preferences Psychologists’ Personality Traits? A
Structural Approach. Working Paper.

Jensen, Ulrich Thy, 2020. Is self-reported social distancing susceptible to social
desirability bias? Using the crosswise model to elicit sensitive behaviors. J. Behav.
Public Admin. 3 (2), 1-11.

Jones, Callum, Philippon, Thomas, Venkateswaran, Venky, 2021. Optimal mitigation
policies in a pandemic: social distancing and working from home. Rev. Financ. Stud.
34 (11), 5188-5223.

Keeling, Matt J., Rohani, Pejman, 2011. Modeling Infectious Diseases in Humans and
Animals. Princeton university press.

Kermack, William Ogilvy, McKendrick, Anderson G., 1927. A contribution to the
mathematical theory of epidemics. Proc. R. Soc. Lond. - Ser. A Contain. Pap. a Math.
Phys. Character 115 (772), 700-721.

Khwaja, Ahmed, Frank, Sloan, Salm, Martin, 2006. Evidence on preferences and
subjective beliefs of risk takers: the case of smokers. Int. J. Ind. Organ. 24 (4),
667-682.

Kosse, Fabian, Tincani, Michela M., 2020. Prosociality predicts labor market success
around the world. Nat. Commun. 11 (1), 5298.

Kosse, Fabian, Deckers, Thomas, Pinger, Pia, Schildberg-Horisch, Hannah, Falk, Armin,
2020. The formation of prosociality: causal evidence on the role of social
environment. J. Polit. Econ. 128 (2), 434-467.

Lades, Leonhard K., Laffan, Kate, Weber, Till O., 2021. Do economic preferences predict
proenvironmental behaviour? Ecol. Econ. 183, 106977.

Makridis, Christos A., Wu, Cary, 2021. How social capital helps communities weather the
COVID-19 pandemic. PLoS One 16 (1), e0245135.

Cameron, A. Colin, Gelbach, Jonah, Miller, Douglas, 2008. Bootstrap-based
improvements for inference with clustered errors. Rev. Econ. Stat. 90 (3), 414-427.

Miiller, Stephan, Rau, Holger A., 2021. Economic preferences and compliance in the
social stress test of the COVID-19 crisis. J. Publ. Econ. 194, 104322.

Nettle, Daniel, Colléony, Agathe, Cockerill, Maria, 2011. Variation in cooperative
behaviour within a single city. PLoS One 6 (10), e26922.

Nikolov, Plamen, Pape, Andreas, Tonguc, Ozlem, Williams, Charlotte, 2020. Predictors of
Social Distancing and Mask-Wearing Behavior: Panel Survey in Seven U.S. States.
IZA Discussion Paper 13745.

Ostrom, Elinor, 1998. A behavioral approach to the rational choice theory of collective
action: presidential address, American political science association, 1997. Am. Polit.
Sci. Rev. 92 (1), 1-22.

Petherick, Anna, Goldszmidt, Rafael, Andrade, Eduardo B., Furst, Rodrigo, Hale, Thomas,
Pott, Annalena, Wood, Andrew, 2021. A worldwide assessment of changes in
adherence to COVID-19 protective behaviours and hypothesized pandemic fatigue.
Nat. Human Behav.

Quaas, Martin F., Meya, Japer N., Hanna, Schenk, Bos, Bjorn, Drupp, Moritz A.,
Requate, Till, 2021. The social cost of contacts: theory and evidence for the first
wave of the COVID-19 pandemic in Germany. PLoS One 16 (3), e0248288.

Roodman, David, Morten @rregaard Nielsen, James G. MacKinnon, Webb, Matthew D.,
2019. Fast and wild: bootstrap inference in Stata using boottest. STATA J. 19 (1),
4-60.

Shachat, Jason, Walker, Matthew J., Wei, Lijia, 2021. How the onset of the Covid-19
pandemic impacted pro-social behaviour and individual preferences: experimental
evidence from China”. J. Econ. Behav. Organ. 190, 480-494.

Sutter, Matthias, Kocher, Martin G., Glatzle-Riitzler, Daniela, Trautmann, Stefan T.,
2013. Impatience and uncertainty: experimental decisions predict adolescents’ field
behavior. Am. Econ. Rev. 103 (1), 510-531.

Torgler, Benno, 2002. Does culture matter? Tax morale in an East-west-German
comparison. Finanzarchiv/Public Finance Anal. 59 (4), 504-528.

Tversky, Amos, Kahneman, Daniel, 1973. Availability: a heuristic for judging frequency
and probability. Cognit. Psychol. 5 (2), 207-232.

van Hulsen, Merel, Rohde, Kirsten I.M., van Exel, Job, 2020. Inter-temporal and Social
Preferences Predict Compliance in a Social Dilemma: an Application in the Context
of COVID-19. Working Paper.

Volk, Stefan, Thoni, Christian, Ruigrok, Winfried, 2012. Temporal stability and
psychological foundations of cooperation preferences. J. Econ. Behav. Organ. 81 (2),
664-676.

Zettler, Ingo, Schild, Christoph, Lau, Lilleholt, Kroencke, Lara, Utesch, Till,

Moshagen, Morten, Bohm, Robert, Back, Mitja D., Geukes, Katharina, 2022. The role
of personality in COVID-19related perceptions, evaluations, and behaviors: findings
across five samples, nine traits, and 17 criteria. Soc. Psychol. Personal. Sci. 13 (1),
299-310.


http://refhub.elsevier.com/S0277-9536(22)00498-1/sref16
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref16
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref16
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref17
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref17
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref17
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref18
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref18
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref19
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref19
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref19
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref20
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref20
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref20
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref21
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref21
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref21
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref22
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref22
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref23
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref23
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref23
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref24
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref24
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref25
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref25
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref26
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref26
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref26
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref27
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref27
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref27
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref28
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref28
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref29
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref29
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref29
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref29
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref30
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref30
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref31
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref31
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref32
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref32
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref33
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref33
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref34
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref34
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref34
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref35
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref35
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref35
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref36
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref36
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref36
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref37
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref37
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref38
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref39
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref39
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref40
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref40
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref41
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref41
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref41
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref41
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref42
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref43
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref43
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref44
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref44
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref44
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref45
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref45
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref45
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref46
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref46
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref46
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref47
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref47
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref48
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref48
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref48
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref49
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref49
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref49
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref50
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref51
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref51
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref51
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref51
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref52
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref52
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref53
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref53
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref53
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref54
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref54
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref54
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref55
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref55
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref56
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref56
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref56
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref57
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref57
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref57
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref58
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref58
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref59
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref59
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref59
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref60
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref60
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref61
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref61
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref62
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref62
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref63
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref63
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref64
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref64
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref65
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref65
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref65
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref66
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref66
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref66
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref67
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref67
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref67
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref67
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref68
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref68
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref68
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref69
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref69
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref69
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref70
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref70
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref70
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref71
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref71
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref71
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref72
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref72
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref73
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref73
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref74
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref74
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref74
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref75
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref75
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref75
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref76
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref76
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref76
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref76
http://refhub.elsevier.com/S0277-9536(22)00498-1/sref76

	Prosociality predicts individual behavior and collective outcomes in the COVID-19 pandemic
	1 Introduction
	2 Theoretical predictions
	3 Data and measurements
	3.1 Survey data
	3.2 Regional-level aggregation

	4 Individual-level prosociality and public health behavior
	5 Regional-level prosociality and collective health outcomes
	5.1 Descriptive overview
	5.2 Association between prosociality and COVID-19 incidence rates

	6 Discussion
	6.1 Role of the study context
	6.2 Potential endogeneity concerns
	6.3 Concluding remarks

	Credit author statement
	Data availability
	Acknowledgments
	Appendix A Supplementary data
	References


