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Financial Risk-Taking under Health Risk 

Abstract 

We study how background health risk affects financial risk-taking. We elicit financial risk-taking 
behavior of a representative sample of more than 5,000 Germans in five panel waves during the 
COVID-19 pandemic. Exploiting variation in local infections across time and space, we find that 
an increase in infections affecting background health risk translates into higher levels of self-
reported fear and decreases financial investments in a risky asset. Once vaccines become available 
as a self-insurance device, the tempering effect on investments ceases. Our results provide 
evidence that non-financial background risks affect financial risk-taking, and for the alleviating 
effect of self-insurance devices. 
JEL-Codes: D140, D910, G110, G410, G510. 
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1 Introduction

How do background risks affect financial risk-taking? Economic the-
ory suggests that individuals who face financial background risk are
expected to take less financial risk if they exhibit decreasing absolute
risk aversion or are characterised by risk-vulnerability (Eeckhoudt et al.,
1996; Gollier and Pratt, 1996). Yet, the effects of background risks are
challenging to identify in the field, and empirical approaches have so-
far focused predominantly on financial background risks, such as unin-
surable wage risk (e.g., Fagereng et al., 2018), or have resorted to lab-
oratory experiments (e.g., Beaud and Willinger, 2015) or surveys (e.g.,
Bacon et al., 2020; Guiso and Paiella, 2008). Evidence suggests that
many individuals are risk averse and risk vulnerable, but that the effect
of financial background risk on risk-taking is modest in magnitude, for
instance because uninsurable wage risk is small (Fagereng et al., 2018).

Individuals may also face sizable non-financial background risks,
which can impact financial risk-taking via two channels. An extra risk
on a non-financial asset, such as health, decreases the expected value
of this asset and the financial absolute risk aversion may decrease with
expected non-financial wealth (decreasing absolute risk aversion across
domains; short cross-DARA). Moreover, an extra risk on a non-financial
asset increases uncertainty about future non-financial wealth, which
may affect financial risk taking if financial decision-makers are char-
acterized by cross-risk vulnerability (Malevergne and Rey, 2009). For
instance, public health risks caused by communicable diseases, like sea-
sonal influenza, AIDS, and malaria, made up 18 percent of all deaths
in 2019 (Vos et al., 2020), and these health risks are expected to inten-
sify (e.g., Baker, 2020; Haines et al., 2006; Lindgren et al., 2012; O’Neill,
2016; Jones et al., 2008). This makes it increasingly important to better
understand the effects of background health risks on risk-taking.

In this article, we study how background health risk affects financial
risk-taking. We consider the COVID-19 pandemic as a natural experi-
ment that creates substantial variation in background health risk over
time and space that is largely exogenous to an individual’s behavior.
During the pandemic, we conduct a panel experiment that repeatedly
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elicits financial risk-taking behavior of a representative sample of more
than 5,000 participants from the German population. Our strategy of
combining a panel experiment, featuring an incentivized risky invest-
ment task (cf. Gneezy and Potters, 1997; Cohn et al., 2015, 2017), with
administrative data on local pandemic prevalence, which captures ex-
ogenous variation in background health risk, allows us to overcome key
identification challenges. First, the panel structure allows us to elimi-
nate subject-specific effects, which would otherwise cause an omitted
variable bias. Second, we keep the risk profile of the investment task
constant over time and independent of pandemic prevalence or the state
of the economy. Third, we exploit the exogenous variation in the local
pandemic prevalence over space and time, which allows us to isolate
the causal effect of infection risk on financial risk-taking.

Our main analysis on health risk builds on three data collection
periods during the early phase of the COVID-19 pandemic in March,
August and December 2020, when no vaccine was available in Ger-
many against COVID. We estimate the effect of the local coronavirus
infections—and pandemic induced deaths as an alternative measure—
on financial risk-taking with a fixed effects estimation. Next, we exploit
within-subject variation in the amount of endowment invested in the
risky lottery. We control for income changes, a linear time trend to
capture experience effects with the pandemic over time, and eliminate
any time-invariant factors with individual-specific fixed effects. We at-
tribute the remaining variation in portfolio choices to changes in the
background health risk caused by the pandemic. We contrast the anal-
ysis on health risk with results from two additional data collections in
2021, when vaccines were available. Vaccination provides self-insurance
against COVID-19, as it significantly reduces the severity of the disease,
but not a self-protection, as the likelihood of an infection is not substan-
tially lowered. This allows us to discern the impact of health risks with
and without this self-insurance on financial risk-taking.

Our results suggest that background health risk has a negative ef-
fect on financial risk-taking and decreases investments in a risky asset.
Specifically, we find that an increase of 1 percentage point in the current
number of local infections leads to an average reduction of investments
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into the risky asset by 0.22 percentage points, as long as a vaccine is
not available. Given the substantial spatial and temporal pandemic dy-
namics, this may have sizable implications for portfolio choices. With
the availability of vaccines, people can self-insure against this health
risk and, indeed, we do not find anymore that pandemic prevalence
negatively affects financial risk-taking at that time.

Exploring mechanisms that may explain the impact of background
health risks on risk-taking, we identify fear induced by the pandemic as
a key channel. This is in line with experimental studies on financial risk-
taking (e.g. Cohn et al., 2015; Guiso et al., 2018) and studies highlight-
ing the role of fear for macroeconomic expectations (e.g. Binder, 2020;
Fetzer et al., 2020) and economic decline (e.g. Goolsbee and Syverson,
2021). When we isolate the share of fear that is driven by the local in-
fections with an instrumental variable approach, we even find a much
stronger effect. Finally, we observe that most of the variation in fear
levels is directly driven by local infections, rather than by changes in
incomes, income expectations or local restrictions. Consistent with our
main effect of how uninsurable health risk decreases risky investments
but insurable health risk does not, fear levels are not impacted anymore
by pandemic prevalence after vaccines become available.

Our paper relates most closely to studies documenting empirical ev-
idence on the role of background risk for financial risk-taking.1 Previ-
ous studies document how background risk in labor income (Fagereng
et al., 2018; Guiso et al., 1996; Guiso and Paiella, 2008; Heaton and Lu-
cas, 2000), in entrepreneurial income (Heaton and Lucas, 2000), in illiq-
uid assets (Palia et al., 2014), and from environmental conditions or
climate change (Kleemann and Riekhof, 2022; Howden and Levin, 2022;

1Related studies on COVID-19 focused on the role of infections for asset prices (e.g.,
Hong et al., 2021), consumption choices (Eichenbaum et al., 2023), and risk-taking
(Angrisani et al., 2020; Bu et al., 2021; Drichoutis and Nayga, 2021; Huber et al., 2021).
Harrison et al. (2022) conduct repeated monthly cross-sectional samples of around
600 undergraduate students between May and November 2020. They find an increase
in risk aversion compared to pre-pandemic experiments according to rank-dependent
utility theory. Graeber et al. (2020) and Frondel et al. (2021) study the stated willingness
to take risk in general by representative sample in Germany in the years before the
pandemic and during the first epidemic wave until July 2020. In contrast, we focus
on incentivized, financial risk-taking behavior throughout the pandemic, building on
unique panel data following the same individuals in five waves over almost two years.
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Ilhan, 2020) impact risky decision making. Fagereng et al. (2018), for
instance, find that the overall effect of uninsurable wage risk on port-
folio choice is limited: While marginal effects are large, uninsurable
wage risk itself is small in absolute terms. In contrast, we find modest
infection-investment elasticities that can, however, lead to sizable shifts
in risk-taking due to the substantial variation in pandemic prevalence.

All of these studies focus on background risks primarily in the fi-
nancial domain. In contrast, we focus on how non-financial background
risk affects financial risk-taking. While evidence suggests that, for in-
stance, poor health reduces financial investments and makes people
prefer safer assets (Døskeland and Kvaerner, 2022; Edwards, 2008; Rosen
and Wu, 2004), empirical evidence on how (background) health risk af-
fects financial risk-taking is very scarce.2 Courbage et al. (2018) use
survey data from Europeans aged 50 or older on financial and health
risks and find evidence pointing towards both risk vulnerability and
cross-risk vulnerability. Baranov and Kohler (2018) use survey data
from Malawi to show that health risk matters for investment decisions.
They find that the local availability of an AIDS treatment increases
stated savings and educational investments in children of HIV-negative
individuals through a reduction in perceived mortality risk. In con-
trast to existing studies using survey data, we conduct an incentivized
panel experiment and draw on the unique natural experiment posed by
the COVID-19 pandemic to estimate within-subject changes induced by
changes in uninsurable background health risk due to exogenous vari-
ations in pandemic prevalence. We show that background health risk
decreases financial risk taking, which is consistent with the hypotheses
of cross-DARA and cross-risk vulnerability (Beaud and Willinger, 2015;
Eeckhoudt et al., 1996; Gollier and Pratt, 1996; Malevergne and Rey,
2009). The theory that we develop as the basis shows that our empirical
results can be uniquely interpreted as evidence for cross-DARA.

2A large literature focuses on risk preferences in the aftermath of health shocks
(e.g., Decker and Schmitz, 2016), or key life events like violent conflicts, natural catas-
trophes, economic crises, or the death of family members (e.g., Kettlewell, 2019; Mal-
mendier and Nagel, 2011; Meier, 2022; Schildberg-Hörisch, 2018). In contrast to a focus
on health status and investments in health (e.g., Hugonnier et al., 2013), we examine
the risk of a health shock—rather than its occurrence—and its impacts on risk-taking.
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Additional data collections after vaccines became available allow us
to shed light on the importance of self-insurance, which leads the pre-
viously negative effect of pandemic prevalence on individual fear levels
and risk-taking to vanish. As such, our paper contributes to the litera-
ture on the stability of risk preferences (e.g. Schildberg-Hörisch, 2018)
by documenting how risk-taking changes during the course of a global
health crisis, depending on the extent of background health risk and
on the availability of vaccines that offer self-insurance against hitherto
uninsurable health risks.

2 Experimental Design

We conducted an online panel survey experiment with around 5, 700
Germans starting in spring 2020 during the outbreak of COVID-19 pan-
demic. Data was collected in five periods in March, August, and De-
cember 2020, and in June–July and December 2021. During the first
three data collections, no vaccines have been available. With the avail-
ability of vaccines from early 2021, the health risk became insurable, as
a vaccination strongly reduced the health consequences of a corona in-
fection. We recruited a representative sample of the German population
in terms of gender, age, education, and income via the market research
company respondi. To compensate for attrition, we added refreshment
samples with new participants from the second data collection onward.3

Our panel survey includes an incentivized financial investment task
(Gneezy and Potters, 1997; Cohn et al., 2015, 2017).4 Participants re-
ceive an endowment of 1 EUR which they can fully or partly invest
into a risky lottery, while keeping the rest for sure. The amount in-
vested in the risky lottery in each of the five data collection period was
either multiplied by a factor of 2.5 or lost with equal probabilities, de-
pending on a public lottery draw after each data collection period, and

3We present descriptive statistics on our participants sample in Table A1 in the
Appendix and provide further information on our data collection in Appendix B.2.

4Besides an additional experimental coin-tossing task, we included a number of
survey questions about household income, income loss, fear levels, compliance with
regulations and stated preference measures.
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paid out by respondi shortly thereafter.5 The online format allows us to
repeatedly recruit a representative sample independent of governmen-
tal regulations like stay-at-home orders. Crucially, it also avoids that
participants would have to leave their home and take health risks to
participate. Thus, we avoid any priming of risk-taking or selection bias.

Figure 1 illustrates our data collection periods and the mean invest-
ment decisions in light of the coronavirus infections. During our first
data collection period, the first infection wave of the SARS-CoV-2 virus
hit Germany.6 During our second data collection period, in contrast,
infections were at a relatively low level. Finally, we ran a third data
collection when the second infection wave hit, leading to a much higher
peak in the number of infections. These three waves represent our main
sample for examining the effect of background health risk on finan-
cial risk-taking, as no vaccine or cure was yet available. Two further
data collections took place when infections were low during summer
2021 and high in winter 2021, at times when vaccines were available.
The bottom panel of Figure 1 shows the average investments into the
risky lottery for each data collection period. Over time, we observe a
striking pattern between the pandemic prevalence and financial risk-
taking: When infection rates are high (data collection periods 1, 3, and
5), participants invest substantially less money compared to periods
when infection rates are low (data collection periods 2 and 4). This
pattern suggests a negative correlation between background health risk
and risk-taking, but it does not account for other factors that co-varied
over time such as fluctuations in (labor) income, for example.

A reasonable concern is that changes in financial risk-taking over
the pandemic are rather due to labor income shocks than due to back-
ground health risk. While much of the previous literature has focused
on abor income risk only (Fagereng et al., 2018; Guiso et al., 1996; Guiso
and Paiella, 2008; Heaton and Lucas, 2000), we focus primarily on the

5Please refer to Appendix B.3 for the experimental instructions.
6The survey of our first data collection period included an unrelated information

treatment about the expected severity of the COVID-19 pandemic before the invest-
ment task and another information treatment with moral appeals after the investment
task (Bos et al., 2020). In line with our pre-registered hypotheses, Table A5 in the
Appendix shows that neither had an effect on the incentivized investment task.
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Figure 1: Infections and financial risk-taking over time in Germany.

Notes: The top panel shows the 7-day average in the daily number of
infections with SARS-CoV-2 in Germany. The gray areas indicate the
time of our five data collection periods. The bottom panel shows the
mean investments with two standard errors from the risk-taking task in
our survey experiment during the respective data collection period. For
the spatial distribution of infections and investments across counties
and data collection periods see Figure A1 in the Appendix, and for the
cumulative distribution of investments across respondents and data
collection periods see Figure A2 in the Appendix.

role of health risk. There is no doubt that the COVID-19 pandemic
caused risk of income losses for many households. In our survey, for
example, participants reported a mean reduction of 7.72 [9.96] percent
in their monthly household income for August [November] 2020, and
for Germany as a whole, the average loss of income was 5.1% in 2020,
all relative to 2019 (German Council of Economic Experts, 2021).7

Despite these income uncertainties, however, we expect that most
changes in financial risk-taking are due to background health risk in-

7Likewise, capital income losses have been likely when using the volatility of the
German stock market index as a risk indicator.
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stead of income risk in our setting. During a pandemic, income risk
is ultimately driven by health risk. As we show in a conceptual causal
diagram in Figure A1 in the Appendix, businesses had to restrict their
operations and introduce short-time work only due to the pandemic
prevalence and local infection risks. In previous studies, the source of
labor income risk is often not systematic or correlated between individ-
uals. Individuals, for example, may face a high labor income risk due to
the profitability of their employer (Fagereng et al., 2018) or due to their
engagement in entrepreneurial ventures (Heaton and Lucas, 2000). In
other studies, labor income risk is measured through variations in local
GDP levels (Guiso and Paiella, 2008) or through stated subjective ex-
pectations (Guiso et al., 1996). In each of these studies, the underlying
source of variation in labor income could be manifold. Yet, during the
COVID-19 pandemic, the majority of income losses can be attributed
directly to the pandemic and its associated health risks. Thus, we con-
sider the income risk as a moderator instead of the cause in portfolio
shifts in our field setting.

3 Estimation Strategy

To guide our estimation strategy and the interpretation of our empirical
results, we formulate a theory that describes the individual behavior in
the experiment. In particular, we try to understand how the background
risk � on the respondents’ health ℎ affects their investment G in the
lottery. For each cent invested in the experiment, the lottery pays out 2.5
cents with a probability of 0.5, and nothing with probability of 0.5. Any
money not invested in the lottery will be payed out for sure and added
to the overall income H. For concreteness, we assume that a respondent
chooses an investment level G which maximizes the expected utility
derived from monetary income and health,

max
G

E�

[
0.5 D

(
H + 1.5 G, ℎ − �

)
+ 0.5 D

(
H − G, ℎ − �

) ]
, (1)
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under uncertainty about the payoff of the lottery in the experiment (the
probabilities 0.5 and 0.5 for the two outcomes are explicitly written out
in equation (1)), as well as background risk on health (the expectation
E� over the background risk �). The first-order condition for the optimal
investment reads

E�

[
0.75 DH

(
H + 1.5 G, ℎ − �

)
− 0.5 DH

(
H − G, ℎ − �

) ]
= 0, (2)

where DH denotes the partial derivative of utility with respect to in-
come. Optimal investment balances expected gain (i.e. the expected
marginal utility in case the respondent wins) and expected loss (i.e. the
expected marginal utility in case of a loss). Given that the stakes in the
experimental lottery are rather small compared to respondents’ overall
income, the first-order condition can be reformulated as follows:8

G =
0.4
A

, (3)

where

A := −
E�

[
DHH

(
H, ℎ − �

) ]
E�

[
DH

(
H, ℎ − �

) ] (4)

is the index of absolute risk aversion with respect to income, which
depends on (i) income, (ii) health level and health risk, and (iii) risk
preferences (Eeckhoudt et al., 1996). Equation (3) shows that the exper-
iment directly allows us to observe the index of absolute income risk
aversion.

It seems plausible that the absolute risk aversion A decreases with
the level of income and we find evidence for this in our data (cf. Fig-
ure A3 in the Appendix). So we expect ceteris paribus that investments

8Approximating (2) by a first-order Taylor series around G = 0, we get:

E�

[
0.25 DH

(
H, ℎ − �

)
+ 0.625 DHH

(
H, ℎ − �

)
G

]
= 0. Rearranging gives (3).
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become larger when individuals get richer. In this paper, however, we
are primarily interested in how the absolute risk aversion A depends on
health risk. To answer this question, we exploit the risk of a corona
infection as a salient health risk. Using ? to denote the probability of a
reduction in health by � > 0 due to an infection, the index of absolute
income risk aversion can be expressed as

A = −
? DHH

(
H, ℎ − �

)
+ (1− ?) DHH

(
H, ℎ

)
? DH

(
H, ℎ − �

)
+ (1− ?) DH

(
H, ℎ

) . (5)

Given that the risk of an infection is relatively small, we use a first-
order Taylor-series expansion around ? = 0. Applying the logarithm
to both sides of (5), using a first-order Taylor series expansion around
? = 0 on the right-hand-side, and inserting (3), we obtain

ln(G) = ln(0.4) − ln(A0)︸            ︷︷            ︸
fixed effect

−
%A
%?

���
?=0

A0︸ ︷︷ ︸
estimated coefficient

?, (6)

where A0 := −DHH(H,ℎ)
DH(H,ℎ) is the absolute income risk aversion without health

risk in a state of health. We further use A1 := −DHH(H,ℎ−�)
DH(H,ℎ−�) to denote the

absolute income risk aversion for an individual who got infected.
We find that absolute risk aversion A is increasing with the probabil-

ity of an infection, ?, if and only if there is cross-DARA, i.e. if and only
if the coefficient for absolute income risk aversion is larger in case of an
infection than without an infection, i.e. if and only if A1 > A0, as

%A

%?
=

DH
(
H, ℎ

)
DH

(
H, ℎ − �

)(
? DH

(
H, ℎ − �

)
+ (1− ?) DH

(
H, ℎ

) )2 (A1 − A0) . (7)

This holds in particular also true for a small risk, i.e. when letting ? → 0
in equation (7). We thus formulate the following result:

Proposition 1. Absolute income risk aversion is increasing with the proba-
bility of an infection if and only if absolute income risk aversion is decreasing
with the actual health status, i.e. if there is cross-DARA.
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Cross-DARA can be empirically tested by bringing the Model (6) to
the data and testing the sign of the coefficient for the probability ? of
an infection. Allowing for some noise in the form of a normally dis-
tributed error term �8 , we estimate Equation (6) with an ordinary least
squares regression. Thus we estimate by how many percentage points,
on average, the absolute risk aversion increases if the probability of an
infection increases by one percentage point.9 In further specifications,
we model the relative change in risk aversion as a linear function of =
observable socio-demographic characteristics -8 of individual 8:

%A
%?

���
?=0

A0
= �0 +

=∑
9=1

� 9 -98 . (8)

The corresponding empirical model reads

log(G82C) = �0 + 8 + �1 ?2C + �2 Inc8C × ?2C + � TimeC + &82C (9)

where G82C is the share of endowment invested in the risky lottery of
subject 8, living in county 2, at time C. ?2C represents the probability to
get infected in county 2, measured by the local number of new infected
persons per 1,000 residents in county 2 at the day of participation C.

As many employees received short-term allowance or became unem-
ployed in response to the pandemic outbreak, we control for the change
in household income with Inc8C , reflecting the percentage point change
in households’ income relative to February 2020. As motivated by our
theory and given by equations (6) and (8), we interact this covariate with
?2C . Figure A4 in the Appendix shows almost identical results when we
omit this interaction and just control for income. Any time-invariant
factors like age, gender, and pre-existing health issues are absorbed by
individual fixed effects 8 . Finally, we include a linear time trend with
TimeC to capture experience effects over time as society learned about
the pandemic, weekday fixed effects, and we use robust standard errors.

9As we measure the probability of an infection with the local number of infected
persons per 1,000 residents, such a one percentage point increase would reflect an
increase of 10 infections per 1,000 residents.
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4 Results

4.1 Health risk and risk-taking with and without avail-

ability of vaccination as self-insurance

We show our main result on how health risk, as measured by local
coronavirus infections, affects financial risk-taking in Figure 2. First,
in the left panel of Figure 2, we show that background health risk, as
measured by local coronavirus infections, reduced financial risk-taking
during the first three data collections, i.e. for the time when no vaccines
were available. Under background health risk without vaccination as a
self-insurance device, a 1 percentage point increase in the local number
of infections per 1,000 residents on the day of participation decreases
investments in our experiment c.p. by 0.22 percentage points. Following
the intuition of our theory, we interpret these coefficients as the relative
change in absolute risk aversion due to background health risk.

While the marginal effect size is modest, it translates into substantial
overall effects. As the average number of infections decreased by almost
a factor of four between our first and second data collection period, it
increased by a factor of almost 20 between the second and third period.
Similarly, we also observe strong variation across space with a 6-fold
[12-fold; 3-fold] gap in local infections between the bottom 10% and
top 10% of participants during the first [second; third] data collection
period. In contrast to the risks associated with pandemic prevalence,
we held the risk profile of the investment task constant over time.

In early 2021, vaccinations became available at scale, making health
risks (partially) self-insurable. Accordingly, one would expect an allevi-
ated background risk which translates into a reduced risk vulnerability
as compared to our result from the first three rounds of data collec-
tion. Indeed, once people could self-insure against the severe health risk
posed by COVID-19 via vaccines in later data collection periods, higher
local coronavirus infections did not translate into reduced risk-taking
anymore, as shown in the right panel of Figure 2. This highlights how
self-insurance options can alleviate cross-DARA or cross-vulnerability
of financial risk-taking to non-financial risks.
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Figure 2: Effect of background health risk on risk-taking.
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Notes: This figure shows the estimated effect of background health risk on financial
risk-taking with and without availability of vaccination as self-insurance. It is based
on the fixed-effects estimation described in Equation 9. N = 8,041 for the effect in
data of our first three data collections and N = 3,658 for the effect during our last
two data collections, when vaccination was available. Bars represent the coefficient
�1 capturing the effect of the number of reported infections in participants’ counties
per 1,000 residents at the day of participation in our survey on the investment level
into the risky asset in our experiment. We provide more detailed results in Table A2
in the Appendix. Error bars represent 95 percent confidence intervals.

4.2 Mechanisms

Our main analysis builds on the direct link between pandemic preva-
lence inducing health risks and its effect on financial risk-taking. As
we illustrate in a conceptual causal diagram in Figure A1 in the Ap-
pendix, pandemic prevalence may also affect risk-taking, for instance,
through the effects of the pandemic on income losses and background
income risks, as well as through fear. In this section, we first explore
the income channel by examining how pandemic prevalence affects in-
dividuals who could more or less easily self-protect against background
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health risks as well as background income risks by being able to work
from home. We then explore a key channel through which background
risks affect financial risk-taking that has been identified in the litera-
ture: fear (Cohn et al., 2015; Guiso et al., 2018). Subsequently, we study
the relative strength of background health risk and background income
risk on fear levels and isolate the effect of fear on financial risk-taking.
Again, we do this separately for data from our first three data collection
periods when the pandemic-induced health risk was not self-insurable,
and for the last two data collection periods when health risks became
insurable via vaccines.

Income channel

Already during the first three data collection periods, people could par-
tially protect against income shocks by working from home. Being able
to work from home not only reduces the risk of getting infected, but
it also protects employees from short-time work and associated income
effects (Alipour et al., 2021). Choosing a job that can be done from
home can thereby serve as a protection device against negative (in-
come) shocks during a global health crisis. As a result, we would expect
a lower impact on risk-taking for employees with a high feasibility to
work from home. Yet, the issue of self selection into such jobs makes it
difficult to clearly identify this effect as people with a low income, less
education, and fewer liquid assets are often less likely to work from
home (Mongey et al., 2021). Accordingly, in Table 1, we provide sug-
gestive evidence comparing the impact of the local number of infections
between participating employees living in a county with a high versus
a low feasibility to work from home.10

At times when the risk of an coronavirus infection was uninsurable,
Table 1 documents an insignificant impact on investments for partici-
pating employees living in counties with a low feasibility, but a strong
impact for those living in a county with a high feasibility. This contrasts
our expectation that a high feasibility to work from home can reduce the

10In Table A3 in the Appendix, we provide additional results from further analyses
exploring additional measures on the feasibility to work from home and compare
employees against retirees.
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Table 1: Effect of the feasibility to work from home on risk-taking.

WFH feasibility
(no vaccine available)

WFH feasibility
(vaccine available)

Low High Low High

Local infections / 1k -0.0683 -0.646∗∗∗ 0.130∗∗ -0.0382
(0.135) (0.216) (0.065) (0.088)

Observations 2,413 2,538 1,077 1,111

Notes: This table shows results from fixed effects estimations using a sample of
participating employees only. The dependent variable is the logarithmic invest-
ment level in our experiment. In Columns (1) and (3), we focus on employees
living in a county with a low feasibility to work from home. In Columns (2) and
(4), we focus on those living in a county with a high feasibility to work from
home. The split is based on the median value and the corresponding data is taken
from Alipour et al. (2021). Covariates include an interaction between the change
in households income relative to February 2020 with the number of infections,
weekday fixed effects, individual fixed effects, and a linear time trend. Robust
standard errors are shown in parentheses. ∗ ? < 0.1, ∗∗ ? < 0.05, ∗∗∗ ? < 0.01

impact via partial self-protection. Instead, it highlights that personal
characteristics and self-selection seem to matter more for changes in fi-
nancial risk-taking behavior. In the next section, we show that actual
and expected income changes have an indirect impact on financial risk-
taking by reducing participants’ fear level. Yet, we find no evidence that
the ability to work from home directly mitigates the impact of the pan-
demic prevalence on financial risk-taking. When health risks becomes
self-insurable, this negative impact within counties with a high feasi-
bility to work from home becomes insignificant and we observe that
people living in a county with a low feasibility to even slightly increase
their investments from summer 2021 to winter 2021 when infections in-
creased. We also find that particularly those people who live in a county
with few employees on short-time work during summer 2021 increase
their investments during that time period (cf. Table A4).11

11We did not expect a positive direction of the effect for people in counties with a
high feasibility to work from home under insurable health risk, and can only make
ex-post hypotheses about its causes: First, for the period with insurable health risk,
we only have data from two periods so that there is less temporal variation and spa-
tial variation is more relevant. Second, local labor market characteristics, a period of
economic recovery, and improvements on local labor markets may have led to more
infections while simultaneously reducing risk-aversion after vaccines became avail-
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Fear channel

Consistent with the literature (Cohn et al., 2015; Guiso et al., 2018), we
find that a substantial share of the changes in financial risk-taking is
driven by fear, which we elicit on a 7-point Likert scale following (cf.
Cohn et al., 2015). We further observe a positive correlation between
the self-reported fear level and the local number of infections. When
infections peaked in March 2020, most participants reported a high fear
level. The average fear level declined with the number of infections in
August 2020, and increased again in December 2020 (cf. Table A1 in the
Appendix).

In Table 2, we provide evidence on the role of fear for financial risk-
taking and differentiate between periods when the health risk was not
or was self-insurable by means of the vaccination. In Column (1), we
show a significantly negative correlation between participants’ fear level
and their investments when no vaccine was available. As fear can be
driven by various factors, we isolate the share of fear that is driven by lo-
cal infections in Column (2). We use an instrumental variable approach
with the logarithm of the local number of infections as an instrument
for the current fear level. In the first stage, we predict the fear level
that is driven by the pandemic prevalence and regress this predicted
fear level on the investment behavior in the second stage. The two-
stage least square estimate suggests that a one percent increase in the
self-reported fear level, due to the local pandemic prevalence, reduces
investments by almost 0.3 percent. With the availability of vaccines, the
negative relationship between infections and fear disappears as shown
in Columns (3) and (4). Again, this highlights the role of self-insurance
devices which can attenuate the impact of background health risk via
fear on financial risk-taking.

Finally, Figure 3 explores the predictors of fear and also differenti-
ates between times when background health risks were or were not self-
insurable. When no vaccine is available, we observe that the number of
infections increases the self-reported fear level of participants and has

able. This would suggest that people may have started to accept the insurable health
risk from an infection in order to satisfy other needs.
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Table 2: Fear moderator for financial risk-taking.

no vaccine available vaccine available

FE
(1)

IV
(2)

FE
(3)

IV
(4)

Fear level (log) -0.068∗∗∗ -0.297∗∗∗ -0.009 -1.140
(0.024) (0.100) (0.038) (1.887)

Observations 8,255 4,589 3,801 1,806
F statistic 213.64 0.93
First stage:
Local infections/1k (log) 0.092∗∗∗ -0.018

(0.006) (0.018)

Notes: This table shows results from fixed effects estimations and instrumental vari-
able estimations. In Columns (1) and (2), we focus on the first three data collection
periods when no vaccine was available. In Columns (3) and (4), we focus on the last
two data collection periods when vaccines rendered the health risk self-insurable.
The dependent variable is the logarithmic investment level in our experiment. The
main explanatory variable is the self-reported fear level. In Columns (2) and (4),
we instrument the fear level with the logarithm of the local number of infections
to isolate the share of fear driven by the pandemic prevalence. Regressions include
the change in monthly household income relative to February 2020, individual fixed
effects and a constant. Robust standard errors are shown in parentheses. ∗ ? < 0.1,
∗∗ ? < 0.05, ∗∗∗ ? < 0.01
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Figure 3: Predictors of the fear level.

Local infections / 1k (z)

Prob. to get infected (z)
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Expected income change (z)
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Local restrictions (z)
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Notes: This figure shows the predicted impact of various factors on the
self-reported fear level at times when no vaccine was available (left panel)
and with vaccine available (right panel). It is based on fixed effect
estimations with the logarithmic fear level as the dependent variable. All
potential explanatory variables that are shown have been standardized
using their z-scores to compare their magnitude. The perception towards
governmental regulation ranges from “[measures] are way too much” to
“[measures] are way too little”. Due to concerns about multicollinearity,
we report separate results on the impact of the number of deaths in
Figure A7 in the Appendix.

the strongest effect among all potential drivers considered. Likewise,
participants report a higher fear level when they expect a high prob-
ability to get infected and to get seriously endangered once they are
infected. The perception towards governmental regulation is positively
correlated with the fear level meaning that those who think governmen-
tal regulations are not enough have a higher fear level. Furthermore,
those who expected and got a lower income compared to times prior
to the pandemic report a lower fear level. These impacts disappear,
however, during later data collection periods when vaccines rendered
the health risk self-insurable. None of those previously relevant factors
seem to matter anymore. In Figure A7 in the Appendix, we find similar
results when we use the number of deaths instead of the infections.
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5 Robustness checks

To examine the robustness of our main result on how uninsurable health
risk affects financial risk-taking, we carry out several additional analy-
ses. First, we consider an alternative metric for pandemic prevelance:
COVID-19 attributed deaths. Subsequently, we investigate, among oth-
ers, the impact of seasonality, the number of local restrictions to contain
the pandemic, and explore effects on the extensive margin, i.e. the deci-
sion to make an investment in the first place.

Deaths as alternative proxy for background health risk

In our main analysis, we use the local number of infections on the day
of the participant’s participation in the panel experiment as a proxy
for background health risk. This measure is beneficial as it captures
the probability of an infection which can lead to various health out-
comes. However, the reported number of infections depends on testing
strategies and capacities, which varied over time. As a consequence,
the reported number of infections is a lower bound and may not cap-
ture infected people that did not get tested due to an asymptomatic
infection and those that have not been tested at official test stations.
While those factors lead to a downward bias in the reported number
of infections, they may attenuate our estimated effects.12 This means
that we might expect even stronger effects if people would had known
the actual number of infections at the time of their participation in our
experiment, which is likely much higher.

We overcome the issue of testing strategies and capacities by using
the number of local deaths that are related to a coronavirus infection
as an alternative measure for background health risk. The number of
local death related to COVID-19 has therefore more precision and is

12Irrespective of measurement error caused by testing strategies and capacities, mea-
surement error can also be caused by the precision of test kits themselves. False-
positive test results could lead to an upward bias and false-negatives to a downward
bias in the reported number of infections. While test kits usually have lower false-
negative rates than false-positive rates (Dinnes et al., 2022), this would imply fewer
actual infections. We suspect, however, that testing strategies and capacities had a
larger impact on the overall measurement error than the precision of test kits.
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Figure 4: Effect of background health risk (for deaths) on risk-taking.
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Notes: The figure re-estimates our main specification (9) but using the local num-
ber of deaths in participants’ counties per 1,000 residents as a measure of health
risk. Bars represent the coefficient �1 that captures the effect of the background
health risk. Error bars represent 95 percent confidence intervals.

another key measure that was very salient during our study period
and frequently reported in the news. In addition, this measure also
directly captures the drastic potential health damages of an infection
and allows for better comparisons over time, at least until vaccines and
other medical treatments became available, and later mutations of the
coronavirus became less severe in terms of their case-fatality rate.

In Figure 4, we replicate our main results using the number of local
deaths per 1,000 residents as a proxy for health risk and find consistent
results. For the time period without availability of vaccines, an increase
in the number of deaths during the past 7 days significantly reduces
investments in a risky asset, but this effect becomes insignificant with
pharmaceutical interventions to contain the health risk.13

13The effect of background health risk may also depend on the capacity to get treat-
ment in case of a severe illness and thus on pandemic prevalence in neighboring
counties. To explore effects along different spatial bandwidths, we apply a spatial
smoothing and attach a positive weight to infections and deaths that occur in neigh-
boring counties (see Appendix B.4 for details). In Figure A6 in the Appendix, we show
that the impact of background health risk slightly increases for people who attach a
positive weight to their neighboring counties.
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Seasonality

As the timing of our data collection periods was determined by the
course of the pandemic prevalence, data collection periods usually oc-
curred in different seasons of the year. Seasonality can be problematic
as it could affect both infections (e.g., Carleton et al., 2021; Kerr et al.,
2021) as well as financial risk-taking. Although there are no systematic
studies focusing on how risk preferences change over the seasons, there
is some evidence suggesting effects of seasonality and luminosity on
economic preferences. For example, seasonal affective disorder (SAD),
which is also known as “winter blues” due to fewer hours of sunshine,
received much attention in the context of stock market returns (e.g.,
Kamstra et al., 2003). Evidence on the effect of seasonality, (day-)light
or weather on risk-taking from controlled experiments and studies us-
ing natural experiments, are, however, scarce. Exemptions are Kramer
and Weber (2012), who use a variant of the investment game to study
risk-taking of university students (N=331) in July and December 2008
as well as July 2009. They find that individuals who scored higher on a
SAD questionnaire exhibited less risk-taking in the winter as compared
to the rest of the sample. Bassi et al. (2013) study whether risk-taking
of university students (N=208) is affected by weather conditions and
find that more sunshine and good weather lead to more risk-taking
using a multiple price list design. Finally, contrasting the previous re-
sult, Glimcher and Tymula (2017) conduct a much larger but less tightly
controlled study with visitors (N=2530) to the National Academy of Sci-
ences Museum in Washington, DC., and find that increased luminosity
leads to more not less risk-aversion.

We address the seasonality concern as follows: We elicited if par-
ticipants are likely to suffer from SAD and compare estimates between
those who do and those who do not. To this end, we added a short
questionnaire following Rosenthal et al. (1984) to identify subjects that
are likely to suffer from SAD in the fifth data collection period. We iden-
tified 13 percent of participants who may likely suffer from SAD. For
those who suffer from SAD, we would attribute the major share of their
changes in financial risk-taking to changes in the seasons, but would
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not expect that the pandemic prevalence predominantly affects changes
in their financial risk-taking between data collection periods. For those
who do not suffer from SAD, however, we expect that changes in risk-
taking are independent from the seasons.

Columns (1) and (2) in Figure 5 shows results consistent with our
main results for those that are prone to not suffer from SAD. These
subjects reduce their financial investments for reasons that do not seem
to be related to the season, suggesting that seasonality may only have
a limited effect on the changes in financial risk-taking occurring during
the pandemic. Subjects that are prone to suffer from SAD, however,
show no reaction to increases in the health risk as seasonality seems to
dominate changes in their risk-taking behavior.

Local pandemic politics

To rule out that our results are driven by changes in the local measures
to contain the pandemic and by mental health effects associated with
it (Ahrens et al., 2021; Bogan and Fertig, 2013), we control for them
in another robustness check. To this end we rely on data by infas360
(2023), who indicate for 21 categories if local restrictions to contain the
pandemic are in place or not. These categories include restrictions for
private and public places, schools, events, restaurants, hospitality, sport
activities, and more. For each county and day, we sum up all measures
and consider the resulting index "2C as a proxy for local restrictions in
county 2 at time C and add them to our main specification. Column (3)
in Figure 5 shows that while the impact of background health risk on
risk-taking decreases slightly, we still observe a clear tempering effect
of the number of infections and deaths on risk-taking.

Although evidence shows mixed and heterogeneous effects (Ahrens
et al., 2021), regulations to contain the pandemic could also have af-
fected the mental health of participants directly so that we cannot rule
out that some fraction of the change in risk-taking is due to poorer
mental health (cf. Bogan and Fertig, 2013). Brülhart et al. (2021), for
instance, find that increased helpline calls during the pandemic were
strongly driven by fear and concerns directly linked to the pandemic.
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Figure 5: Robustness checks.
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Notes: This figure summarizes results from different robustness checks and
extensions. It shows the reduction in investments depending on the local number of
infections over different variations of our main specification. All regressions are
based on the first three data collection periods. Column (1) only includes subjects
that are prone to SAD (# = 665), and Column (2) includes only subjects that are not
prone to SAD (# = 4, 165). In Column (3), we control for the number of local
restrictions (# = 8, 316) and in Columns (4) and (5), we transform the level of
investments with the inverse hyperbolic sine (# = 9, 732) and exclude subjects that
never made an investment (# = 8, 316). We replicate these robustness checks also for
the number of deaths as a proxy for uninsurable health risk and report their results
in Figure A8 in the Appendix. Error bars represent 95 percent confidence intervals.
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They show that—conditional on infection rates—suicide-related calls
increased when containment policies became more stringent. Pandemic
policy stringency might therefore also affect risk-taking via the fear
channel examined above. As shown in Figure 3, however, we find that
local stringency of pandemic containment policies tend to have reduced
fear levels instead of increasing them. We therefore do not find evidence
that our main effect may be driven by decreases in mental health due to
containment policies.

Extensive margin

Our main results focus on the investment level of participants that made
a positive investment. The focus on this intensive margin is given by the
logarithmic transformation of the investment level in our theory-led es-
timation strategy, which excludes around 15 percent of the participants,
who did not invest anything of their endowment in one of the data col-
lection periods. To explore effects when including those subjects, i.e.
the extensive margin, we re-estimate our main results and use an in-
verse hyperbolic sine transformation of the investment level (cf., e.g.,
Baranov and Kohler, 2018).

In Column (4) in Figure 5 we observe that the impact of the local
number of infections becomes insignificant while the effect of the local
number of deaths becomes stronger. Although we would expect that
participants that do not invest in spring 2020 start to invest in summer
2020 when infections and deaths went down, many do not start to invest
even at a time with a lower infection risk. As a result, we exclude 416
participants (i.e., 8.6 percent) that never invested anything in another
specification. We show those results in Column (5) which are based on
participants that invested at least a positive amount once. Those results
are similar to our main results. We, therefore, conclude that the obser-
vation of a larger standard error for the case of infections Column (4),
rendering the main result insignificant, is driven in particular by partic-
ipants that never invested in the lottery and highlight that our results
hold for participants that made at least some positive investment once.

25



6 Conclusion

We study how background health risk affects financial risk-taking. An
extra risk on a non-financial asset decreases the expected value of this
asset and the financial absolute risk aversion decreases with expected
non-financial wealth if individuals exhibit cross-DARA (Malevergne and
Rey, 2009). We are not aware of any plausibly causal estimate of how
non-financial background risks impact risk-taking. To fill this gap, we
leveraged the COVID-19 pandemic as a natural experiment and repeat-
edly elicited financial risk-taking behavior of a representative sample of
more than 5,000 Germans during the COVID-19 pandemic in a panel
experiment over five data collection periods.

Exploiting variation in pandemic prevalence across time and space
that is exogenous for an individual, we find that an increase in back-
ground health risk decreases investments in a risky asset. Given the
substantial spatial and temporal heterogeneity in pandemic prevalence,
our findings suggest notable shifts in risk-taking due to background
health risk during a major global health crisis. We identify fear as a key
mechanism for how background health risk affects financial risk-taking.
Furthermore, once vaccines became available as a self-insurance device,
infections do not affect fear levels anymore, and the tempering effect
on risky investments ceases. Our results provide field experimental evi-
dence for reduced financial risk taking due to non-financial background
risks, in particular support for the hypothesis of cross-DARA, and for
the alleviating effect of insurance devices.

One feature of our analysis is both a key advantage and limitation.
Identifying the effects of background risk, in particular when caused by
larger-scale shocks, is complicated by the fact that the source of back-
ground risk may not only affect individual risk-taking but also returns
on stock and bond markets, for instance. Our approach has the benefit
that we can keep the payoff structure of the risky investment task in
our panel experiment constant throughout the pandemic. This allows
for cleaner identification yet limits the generalizability of our results for
actual portfolio choices. Evidence from the field indeed appears to be
mixed. While Au et al. (2023), for example, show that fund managers
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located in or socially connected to COVID-19 hotspots in the United
States sold more stock holdings during the initial phase of the pandemic
than other investors, Ozik et al. (2021) document an overall increase in
market participation and trading activity among retail investors during
the pandemic due to better access to financial markets, more savings,
and more leisure time. When comparing our experimental results with
observational data, one needs to consider that we impose a controlled
environment in which we hold the features of the risky asset constant
over time and independent from the state of the economy. While Bre-
unig et al. (2021) show that behavior in a stylized portfolio choice prob-
lem is predictive for actual stock market participation, household’s trad-
ing behavior in the field is driven by a host of factors, including stock
prices and market liquidity. Here, we can only infere how pandemic
prevalence translates into risk-taking in a controlled experimental set-
ting. Thus, while we do not claim that the effects of background health
risk directly translate to financial behavior in the field, our results point
towards an important role of health risk for financial risk-taking.

Overall, our results provide important insights for delineating fac-
tors that affect the stability of risk-taking behavior (Schildberg-Hörisch,
2018), and indicate the magnitude of potential (short-term) distortions
of preferences and behavior due to a global health crisis. Importantly,
our findings shed light on an additional channel of how background
risks affect risk-taking and portfolio choice (e.g. Eeckhoudt et al., 1996;
Heaton and Lucas, 2000; Fagereng et al., 2018): in the form of health
risk. We further shed light on important mediating factors, such as fear,
and alleviating factors, such as vaccines. While Fagereng et al. (2018)
find that uninsurable wage risks have only a limited effect on portfo-
lio choice, the modest infection-investment elasticities we observe may
have induced sizable shifts in risk-taking due to the substantial varia-
tion in pandemic prevalence across time and space. More broadly, our
results from the uninsurable phase of the COVID-19 pandemic when
vaccines were not available may foreshadow possible effects of future
health risks induced by infectious diseases that are projected to increase,
among others, due to climate change and biodiversity loss, which may
trigger even more sizable health risks in the future (e.g., Baker, 2020;
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Haines et al., 2006; Lindgren et al., 2012; O’Neill, 2016; Jones et al.,
2008). While our study examines the effects of background risk induced
by a global health crisis on risk-taking in a relatively controlled exper-
imental setting, future work should investigate the economic impacts
of non-financial risks on financial risk-taking in less tightly controlled
settings and on other important economic outcomes, such as human
capital investments.
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Appendix A

Figure A1: Conceptual Causal Diagram.
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Notes: This figure shows a conceptual causal diagram of how a global health
crisis can affect financial risk-taking and portfolio choice. Local infections (or
deaths) have a direct impact on risk-taking behavior via background health
risk, but they also lead to lockdowns and short-time work so that they can
also cause income losses. Compared to previous studies analyzing
background risk in income, income shocks are correlated in our setting and
ultimately originate from health risks caused by pandemic prevalence,
measured by infections or deaths.
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Appendix B For Online Publication

B.1 Additional figures and tables
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Figure A1: Infections, deaths and investments per county and data col-
lection period.

Notes: This figure shows spatially high resolution information on the mean
infections with SARS-CoV-2 for each German county in the top panel, the number of
deaths related to an coronvirus infection per 100,000 residents, and the mean
investments per county in the bottom panel for each data collection. While
infections and deaths could have been spatially correlated, we find no evidence for
spatial clusters with regard to investments in our experiment.
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Figure A2: Distribution of investments.
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Notes: This figure shows the distribution of investments in our
experiment during each data collection period. Across all data
collections, the distribution remained fairly similar. However,
there are differences in the mean values which we also show in
Figure 1. N = 3502 in March 2020, N = 3126 in August 2020, N
= 3437 in December 2020, N = 2713 in June and July 2021, and
N = 2918 in December 2021.
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Figure A3: Relationship between income and risk-taking.
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Notes: This figure shows the stated willingness to take financial
risk as well as the revealed financial risk-taking from the
investments into to the risky asset by household income. We
observe that richer households tend to take more financial risks
which implies a decreasing risk aversion when income
increases. Error lines indicate two standard errors.
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Figure A4: Main results without the interaction between income and
infections.
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Notes: The figure re-estimates our main specification (9) without the
interaction between households’ income change and the local infec-
tions. Instead, we simply control for changes in household income
in the underlying specification of this figure. Bars represent the co-
efficient �1 that captures the effect of the background health risk as
measured through the number of infections on the investment level
in our experiment. Error bars represent 95 percent confidence inter-
vals.
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Figure A5: Mean investments by vaccination status.
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Notes: This figure shows the mean investments during our fourth
and fifth data collection period by vaccination status in the respec-
tive periods. In this figure, we only compare subjects that have been
vaccinated (# = 1, 385) or unvaccinated (# = 192) in both data col-
lection periods.

42



Figure A6: Effect on risk-taking by spatially smoothed infections and
deaths.
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Notes: This figure shows the impact on the investment in our experiment
for spatially smoothed infections and deaths. As explained in
Appendix B.4, we apply a spatial smoothing and attach a positive
weight to infections and deaths in neighboring counties. The weighting
parameter � indicates how much weight is given to neighboring
counties. In parentheses, we also indicate the radii in which 90 percent
of the weights are given to. This figure shows that the impact of
background health risk becomes stronger for participants that also
consider the background health risk in neighboring counties.
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Figure A7: Predictors of the fear level (II).
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Notes: This figure shows the predicted impact of various factors on the self
reported fear level at times without vaccine availability (left panel) and with
vaccine availability (right panel). This figure is based on fixed effect
estimations with the logarithmic fear level as the dependent variable. In
contrast to Figure 3 and due to concerns of multicollinearity between
infections and deaths, we here consider the number of deaths (as opposed to
infections). All potential explanatory variables that are shown have been
standardized using their z-scores to compare their magnitude. The
perception towards governmental regulation ranges from “[measures] are
way too much” to “[measures] are way too little”.
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Figure A8: Robustness checks with the number of deaths.

-1
0

-5
0

5
SAD prone Non SAD prone Incl. restrictions IHS IHS (Investors)

In
ve

st
m

en
t (

lo
g)

Notes: This figure summarizes results from different robustness checks and
extensions. It shows the reduction in investments depending on the local
number of deaths over different variations of our main specification. All
regressions are based on the first three data collection periods. Column (1) only
includes subjects that are prone to SAD (N=665), and Column (2) includes only
subjects that are not prone to SAD (N=4,165). In Column (3), we control for the
number of local restrictions (N=8,316) and in Columns (4) and (5), we transform
the level of investments with the inverse hyperbolic sine (N=9,732) and exclude
subjects that never made an investment (N=8,316). Error bars represent
95 percent confidence intervals.
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Table A1: Descriptive statistics.

All Data collection period

1 2 3 4 5

Age 51.87 50.07 51.82 52.20 52.74 53.65
(14.92) (15.42) (14.80) (15.04) (14.68) (13.95)

Female 0.47 0.51 0.47 0.45 0.45 0.43
(0.50) (0.50) (0.50) (0.50) (0.50) (0.50)

Education
University degree 0.21 0.21 0.22 0.21 0.21 0.21

(0.41) (0.41) (0.42) (0.41) (0.41) (0.41)
A-levels / vocational training 0.21 0.19 0.20 0.22 0.23 0.23

(0.41) (0.39) (0.40) (0.42) (0.42) (0.42)
Secondary school 0.34 0.37 0.35 0.32 0.32 0.33

(0.47) (0.48) (0.48) (0.47) (0.47) (0.47)
Secondary general school 0.23 0.23 0.22 0.24 0.24 0.23

(0.42) (0.42) (0.42) (0.43) (0.43) (0.42)
No degree 0.00 0.00 0.00 0.00 0.00 0.00

(0.06) (0.07) (0.05) (0.07) (0.06) (0.06)
Monthly HH income
< 1,500 EUR 0.17 0.17 0.18 0.21 0.14 0.13

(0.38) (0.37) (0.39) (0.41) (0.35) (0.34)
1,500 – 3,000 EUR 0.39 0.41 0.37 0.39 0.38 0.39

(0.49) (0.49) (0.48) (0.49) (0.49) (0.49)
3,000 - 4,000 EUR 0.21 0.22 0.21 0.20 0.22 0.22

(0.41) (0.42) (0.41) (0.40) (0.42) (0.42)
≥ 4,000 EUR 0.22 0.20 0.23 0.21 0.25 0.25

(0.42) (0.40) (0.42) (0.40) (0.43) (0.44)
Change in HH income to Feb 2020 (%) -7.00 0.00 -7.72 -9.89 -10.13 -9.96

(22.98) (0.00) (24.68) (26.35) (27.10) (26.59)
Financial risk-taking

Investment in risky lottery (%) 50.58 48.43 52.70 49.31 51.83 51.54
(33.46) (33.56) (33.53) (33.61) (33.35) (32.78)

Local infections / 1k 0.16 0.05 0.01 0.26 0.01 0.64
(0.32) (0.05) (0.02) (0.20) (0.01) (0.57)

Local deaths / 1k in past 7d 0.02 0.01 0.00 0.07 0.00 0.03
(0.04) (0.01) (0.00) (0.06) (0.00) (0.04)

Local regulations (index) 13.66 10.11 15.87 16.54 10.01 16.47
(4.91) (5.24) (1.91) (2.58) (5.43) (1.84)

Self reported fear level 3.35 4.20 3.07 3.37 2.79 2.97
(1.76) (1.65) (1.68) (1.71) (1.67) (1.68)

Likely suffers from SAD 0.14 0.13 0.13 0.13 0.14 0.14
(0.34) (0.34) (0.34) (0.34) (0.35) (0.35)

Observations 14,078 3,502 3,126 3,096 2,401 1,953

Notes: This table shows mean values and standard deviations in parentheses. The first data collection period
took place in March 2020, the second in August 2020, the third in December 2020, the fourth in June and July
2021, and the fifth in December 2021.

46



Table A2: Effect of background risk on risk-taking.

no vaccine available
(1)

vaccine available
(2)

Local infections / 1k -0.2224∗∗∗ 0.0714∗

(0.084) (0.042)

Local infections × Change in HH inc. 0.0035 0.0005
(0.003) (0.001)

Observations 8,041 3,657
Data collection periods 1-3 4-5
Weekday FE Yes Yes
Time trend Yes Yes

Notes: This table shows our main results. It is based on the fixed effects estimations described
in Equation 9. In Column (1) we restrict our focus to times when no vaccine was available and
when infections represented an uninsurable background risk. In Column (2), we show results
for data collected when the pandemic represented an insurable background risk. All regressions
include weekday fixed effects and a linear time trend. Robust standard errors are shown in
parentheses. ∗ ? < 0.1, ∗∗ ? < 0.05, ∗∗∗ ? < 0.01
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Table A3: Heterogenous effects by income vulnerability.

WFH occasionally WFH frequently Employment Status

Low High Low High Employees Retirees

Local infections / 1k -0.095 -0.500∗∗∗ -0.067 -0.486∗∗∗ -0.229∗∗ -0.218
(0.126) (0.193) (0.133) (0.183) (0.107) (0.158)

Observations 2,393 2,558 2,407 2,544 4,951 1,650
Mean Investment 60.59 59.18 60.17 59.57 59.86 57.86
F 1.61 2.30 0.78 2.68 2.44 1.12
Adj. R2 0.003 0.008 0.001 0.011 0.004 0.003

Notes: This table shows results from fixed effects estimations. The dependent variable is the logarithmic
investment level in our experiment. In Columns (1) to (4), we explore the effect of background health
risk for employees living in counties with different feasibilities to work from home (WFH). Following
Alipour et al. (2021), the WFH indices represent the share of employees that occasionally or frequently
work from home. We split samples at the median values of those indices. In Columns (5) and (6),
we then compare the effect of background health risk on investments between employees and retirees.
Following our main specification in Equation 9, all regressions include an interaction between the
change in monthly household income relative to February 2020 and the local number of infections,
individual fixed effects, a linear time trend, weekday fixed effects, and a constant. Robust standard
errors are shown in parentheses. ∗ ? < 0.1, ∗∗ ? < 0.05, ∗∗∗ ? < 0.01
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Table A4: Effect of the local labor market conditions on risk-taking.

Local short-time work
in spring 2020

(no vaccine available)

Local short-time work
in summer 2021

(vaccine available)

Low High Low High

Local infections / 1k -0.188 -0.264∗∗ 0.138∗∗∗ 0.009
(0.153) (0.105) (0.052) (0.056)

Observations 3,288 3,389 1,964 1,961

Notes: This table shows results from fixed effects estimations. The dependent vari-
able is the logarithmic investment level in our experiment. In Columns (1) and (3),
we focus on people living in a county with a low share of employees on short-time
work. In Columns (2) and (4), we focus on those living in a county with a high
share of employees on short-time work. The split is based on the median value and
the corresponding data is taken from infas360 (2023). Covariates include an inter-
action between the change in households income relative to February 2020 with the
number of infections, weekday fixed effects, individual fixed effects, and a linear
time trend. Robust standard errors are shown in parentheses.
∗ ? < 0.1, ∗∗ ? < 0.05, ∗∗∗ ? < 0.01
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Table A5: Robustness check regarding information treatments.

Investment
(linear)

Investment
(log)

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

Panel A: Information treatment regarding risk
High risk 0.889 0.889 0.049 0.049

(1.385) (1.385) (0.033) (0.033)
Low risk 0.279 0.279 0.016 0.016

(1.390) (1.390) (0.034) (0.034)
Observations 3,502 3,502 2,936 2,936

Panel B: Moral appeal treatment
Deont. appeal 0.823 0.823 0.008 0.008

(1.423) (1.423) (0.035) (0.035)
Conseq. appeal 1.602 1.602 0.010 0.010

(1.398) (1.398) (0.034) (0.034)
Observations 3,502 3,502 2,936 2,936

Notes: This table shows OLS estimation using data from the
first data collection period. The dependent variable are the in-
vestments in our experiment. The information treatment about
risk was designed to affect respondents’ expectations about the
health-related and economic risk of the corona pandemic. It in-
forms about the expected number of infected individuals and re-
actions of the stock market and economy and differs by its fram-
ing. The moral appeals treatment showed participants either a
deontological or consequentialistic statement to slow down the
pandemic. The role of these treatments on the private privision
of public goods are examined in Bos et al. (2020). Both treat-
ments have been assigned independently and randomly. For
each treatment, there was a control group with no information
or appeal. This control group serves as a baseline. Robust stan-
dard errors are shown in parentheses. ∗ ? < 0.1, ∗∗ ? < 0.05, ∗∗∗

? < 0.01
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B.2 Data collection and attrition analysis

We conducted five data collections with more than 5, 700 Germans for
our online panel survey experiment. In Figure A9, we visualize the
timing of our data collection periods, the number of participants, and
the background health risk as measured by the number of infections.
The data collection periods took place from March 20 – 27, 2020, from
August 21 – 30, 2020, from December 09 – 22, 2020, from June 24 –
July 8, 2021 and from December 3 – 17, 2021. The German vaccination
campaign against SARS-CoV-2 started on December 29, 2020, so that no
vaccine was available during our first three data collection periods that
we use in the main analysis of this paper. We recruited participants via
the company respondi that also managed payments.

Figure A9: Sample size per data collection period and COVID-19 infec-
tions.
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Notes: The figure depicts the number of participants per data
collection period as well as the [smoothed] number of COVID-19
infections in Germany during 2020 in gray [black]. = 9C indicates the
number of participants that were recruited during data collection
period 9 and that participated in data collection period C. For
example, =12 represents the number of participants that were
recruited in the first data collection period and which also
participated during the second data collection period. =22, on the
other hand, represents the fresh sample of the second data
collection period.
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The median time to complete the survey was between 11 to 15 min-
utes. Due to concerns regarding inattention, we excluded observations
from respondents that completed the survey in less than 3 or more
than 60 minutes. Likewise, we excluded participants that skipped one
data collection period. Participants received a fixed participation fee
of 0.50 EUR by the recruitment company and earned additional 1.73
[1.15; 1.11; 1.14; 1.10] EUR on average from this task in the first [second;
third; fourth; fifth] data collection. Regardless of whether participants
invested in the risky lottery or not, they were paid out at the same time
after each data collection period. For an unrelated experimental coin-
tossing task, they earned additional money with similar amounts.

Due to attrition, we added fresh samples of new participants from
the second data collection onwards as specified in our pre-registration at
the AEA RCT Registry (https://doi.org/10.1257/rct.5573-1.1). In
Table A6, we show that attrition was unrelated to local pandemic preva-
lence, which reinforces the internal validity of our results. On average,
older participants where very less likely to drop out of our sample and
female participants where more likely to drop out. Participants with a
low education dropped out more likely compared to participants with
a university degree, and household income seemed to be relevant only
in the third data collection period. Those who invested more of their
endowment in the risky asset seem more likely to drop out, but this
relationship is only weakly significant and whether participants could
multiply their investment or not had no effect on attrition. Finally, the
local pandemic prevalence seems to matter only after the third data col-
lection period. Therefore, our refreshment samples where drawn from
the same pool of participants to ensure representativeness of the general
population.
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Table A6: Probability to drop out in the next data collection period.

Data collection

1 2 3 4

Age -0.0051∗∗∗ -0.0045∗∗∗ -0.0022∗∗∗ -0.0036∗∗∗

(0.001) (0.001) (0.001) (0.001)

Female 0.0639∗∗∗ 0.0709∗∗∗ 0.0329∗ 0.0443∗∗

(0.016) (0.016) (0.018) (0.019)

Education

University degree 0.0000 0.0000 0.0000 0.0000
(.) (.) (.) (.)

A-levels / vocational training 0.0396 0.0091 0.0238 -0.0114
(0.025) (0.025) (0.028) (0.027)

Secondary school 0.0181 -0.0209 -0.0841∗∗∗ -0.0024
(0.021) (0.021) (0.025) (0.026)

Secondary general school 0.0659∗∗∗ 0.0135 0.0170 0.0474∗

(0.024) (0.024) (0.028) (0.029)

No degree 0.2634∗ 0.1491 0.2097∗∗ 0.2539
(0.143) (0.166) (0.088) (0.162)

Monthly HH income

< 1,500 EUR 0.0000 0.0000 0.0000 0.0000
(.) (.) (.) (.)

1,500 – 3,000 EUR 0.0234 -0.0056 -0.1620∗∗∗ -0.0520∗

(0.023) (0.023) (0.024) (0.030)

3,000 - 4,000 EUR 0.0096 -0.0235 -0.2294∗∗∗ -0.0402
(0.026) (0.025) (0.028) (0.032)

≥ 4,000 EUR -0.0278 -0.0228 -0.3212∗∗∗ -0.0570∗

(0.026) (0.025) (0.028) (0.032)

Investment into risky lottery 0.0007∗∗ 0.0004∗ -0.0001 0.0002
(0.000) (0.000) (0.000) (0.000)

Won in investment task -0.0375 -0.0146 0.0084 -0.0247
(0.028) (0.016) (0.018) (0.019)

Local infections/1k -0.2021 -0.0957 0.2462∗∗∗ 0.3050
(0.170) (0.433) (0.051) (0.938)

Local deaths/1k in past 7d 0.1186 -1.6852 -0.5622∗∗∗ -2.2712
(0.584) (5.115) (0.159) (6.433)

Observations 3,363 2,992 2,961 2,294

Notes: The dependent variable is a dummy equal to one if a participant drops out of our sample
until the next data collection period. Regression also includes a constant. We show robust
standard errors in parentheses. ∗ ? < 0.1, ∗∗ ? < 0.05, ∗∗∗ ? < 0.01
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B.3 Experimental instructions

Now we come to a task where you can earn additional money (mingle
points). You will receive 100 Euro-Cent from us for this. You can use
this money to invest it in a risky lottery. Please decide now which share
of it you want to invest in the risky lottery. You will receive the amount
that you do not invest for sure.

The risky investment works as follows:

• You have a 50% chance of winning 2.5 times your investment.

• You have a 50% chance of losing your investment.

You win if the super number (between 0 and 9) of the Saturday Lotto
drawing on . . . 14 (www.lotto.de) is one of the numbers 0, 1, 2, 3, or 4 [5,
6, 7, 8, or 9]15. You lose if the super number of this draw is one of the
numbers 5, 6, 7, 8, or 9 [0, 1, 2, 3, or 4]. Therefore, the amount you earn
by investing in this task is calculated as follows:

• If you win: Payout = 100 Euro-Cent minus investment plus (2.5 x
investment)

• If you lose: Payout = 100 Euro-Cent minus investment

How many Euro-Cent would you like to invest (0 - 100)?

141st wave: April 4, 2020; 2nd wave: September 12, 2020; 3rd wave: December 26,
2020.

15We randomized whether the low or high numbers win in the second and third
survey wave. In the first survey wave, all subjects could win if the super number was
between zero and four.
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B.4 Spatial smoothing of infections and deaths

We explore differences in the spatial focus of participants by applying
a spatial smoothing to the number of infections and deaths. To this
end, we attach a positive weight to infections and deaths that occur in
neighboring counties. The weight that a neighboring county receives is
given by

weight3 =
exp(−� × 3)∑3;8<
3=0 exp(−� × 3)

,

where the weight depends on the distance 3 to the centroid of a
given neighboring county and the weighting parameter � ∈ (0, 1). The
weighting parameter � indicates the weight that is given to neighbor-
ing counties. It is low when we attach more weight to other and more
distant counties, and high when we attach less weight to them. In Fig-
ure A10, we provide some intuition on � and indicate the cumulative
weight given to infections and deaths in a given distance depending
on �. For example, 90 percent of the weight is given to infections and
deaths within a radius of 24 km when � = 0.1. In comparison, 90 per-
cent of the weight is attached to infections and deaths in a radius of up
to 225 km for � = 0.01.

The spatial smoothing increases the perceived background health
risk for participants living in counties where surrounding counties have
higher infections and deaths. Likewise, it reduces the perceived back-
ground health risk for participants living in counties where sourround-
ing counties have lower infections and deaths. We show the correlation
between the actual and reweighted deaths in Figure A11 which reflects
that the adjusted death rates can both increase or decrease.

In Figures A6, we observe that the impact of the background health
risk slightly increases for people who attach a positive weight to their
neighboring counties. In particular, we find the largest impacts for those
who attach substantial weights to counties in a radius of 93 km around
themselves.
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Figure A10: Cumulative spatial weight per distance and �.
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Notes: This figure shows the cumulative weight given
to the infections and deaths in a distance around a
given county depending on the weighting parameter �.
A high value of � assigns less weight to neighboring
and distant counties. The dashed line represents the
90 percentile and indicates up to which distance most
weight is given to.

Figure A11: Correlation between actual and reweighted infections and
deaths.

Notes: This figure compares the actual number of deaths with the reweighted deaths
for two values of �. For each color, one dot represents one county. The blue dots
represent the actual and adjusted numbers for � = 0.2 and the red dots represent the
death numbers for � = 0.1.
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