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a b s t r a c t 

We investigate how the experience of extreme events, such as the COVID-19 market crash, influence risk- 

taking behavior. To isolate changes in risk-taking from other factors, we ran controlled experiments with 

finance professionals in December 2019 and March 2020. We observe that their investments in the ex- 

periment were 12 percent lower in March 2020 than in December 2019, although their price expectations 

had not changed, and although they considered the experimental asset less risky during the crash than 

before. This lower perceived risk is likely due to adaptive normalization, as volatility during the shock 

is compared to volatility experienced in real markets (which was low in December 2019, but very high 

in March 2020). Lower investments during the crash can be supported by higher risk aversion, not by 

changes in beliefs. 

© 2021 The Author(s). Published by Elsevier B.V. 
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. Introduction 

How are risk-taking, beliefs about an asset’s riskiness, and price 

xpectations affected by extreme shocks like the COVID-19 pan- 

emic? In this paper, we show evidence from investment exper- 

ments conducted with finance professionals in December 2019 

nd March 2020. With our experimental approach, we are able 

o control various confounding factors that are active during real- 

orld economic crises and stock market crashes. We find that fi- 

ance professionals’ investments in the experiment were 12 per- 

ent lower during the stock market crash than before. Their de- 
� We thank Christian König-Kersting, Michel Maréchal, Elise Payzan-LeNestour, 

atthias Stefan, two anonymous referees and the editor, Geert Bekaert, as well as 

onference participants at the ESA 2020 Online Meeting, the WEAI 2021 Virtual In- 

ernational Conference, and Experimental Finance 2021 for helpful comments and 

uggestions. Financial support from the Austrian Science Fund FWF (P29362-G27 

. Huber, START-grant Y617-G11 Kirchler, and SFB F63) is gratefully acknowledged. 

ave 1 of this study (experiments in December 2019) was pre-registered follow- 

ng the AsPredicted.org protocol. At the beginning of the unfolding of the COVID- 

9 pandemic in March 2020, we took the opportunity to run a second wave with 

he identical protocol. The pre-registration as well as the experimental software, 

ata, and replication materials are posted on the Open Science Framework (OSF): 

sf.io/9chg8 . This study was ethically approved by the Institutional Review Board at 

he University of Innsbruck. 
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reasing risk-taking is accompanied by unchanged price expecta- 

ions and, remarkably, by lower beliefs about the riskiness of the 

xperimental asset in March 2020 than in December 2019. Thus, 

e conclude that the drop in investments is not driven by beliefs, 

ut by elevated levels of risk aversion. 

Shocks and other extreme events can have a profound and long- 

asting influence on our behavior and decisions (e.g., Hertwig et al., 

004 ). In a financial context, Malmendier and Nagel (2011) show 

hat individuals who have experienced low stock market returns 

hroughout their lives exhibit a lower willingness to take financial 

isk, are less likely to participate in the stock market, and are more 

essimistic about future stock returns. 1 However, one major prob- 

em of identifying the impact of extreme events on economic pref- 

rences and beliefs with empirical data is the multitude of unob- 

ervable variables that are active during crises. Identification prob- 

ems such as changes in asset price expectations, drops in wealth 

evels, and inertia in a household’s asset allocation, render causal 

nference difficult (e.g., Brunnermeier and Nagel, 2008; Calvet and 

odini, 2014 ). 

As a related concept, countercyclical risk aversion postulates 

hat investors are less risk-averse during boom periods compared 

o bust periods (e.g., Campbell and Cochrane, 1999; Barberis et al., 
1 Guiso et al. (20 04, 20 08) find that the cultural and political environment in 

hich individuals grow up can also affect their preferences and beliefs, such as 

rust in financial institutions and stock market participation. 

under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 

https://doi.org/10.1016/j.jbankfin.2021.106247
http://www.ScienceDirect.com
http://www.elsevier.com/locate/jbf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jbankfin.2021.106247&domain=pdf
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.13039/501100002428
https://osf.io/9chg8/
mailto:christoph.huber@uibk.ac.at
mailto:juergen.huber@uibk.ac.at
mailto:michael.kirchler@uibk.ac.at
https://doi.org/10.1016/j.jbankfin.2021.106247
http://creativecommons.org/licenses/by/4.0/


C. Huber, J. Huber and M. Kirchler Journal of Banking and Finance 133 (2021) 106247 

2

t

f

b

w

e

m

A

s

i

i

d

s

i

i

2

t

S

i

e

h

p

s

2

b

r

m

fi

w

t

t

l

a

p

a

i

p

2

2

(

f

e

s

l

p

2

b

D

m

t

m

C

f

s

a

U

i

i

i

p

d

d

a

W

a

d

i

p

b

a

i

s

t

t

c

p

t

t

t

e

i

a

p

i

r

i

j

i

t

t

b

e

(

i

b

t

t

m

c

t

s

t

i

b

s

T

e

f

2

F

w

c

1

i

I

l

p

001 ). Cohn et al. (2015) show experimental evidence of coun- 

ercyclical risk aversion and identify fear as the key mediating 

actor, as financial professionals who are primed with a financial 

ust scenario are more fearful and risk-averse than those primed 

ith a boom scenario. Whereas Newell and Page (2017) also find 

vidence for countercyclical risk aversion in experimental asset 

arkets with students, König-Kersting and Trautmann (2018) and 

lempaki et al. (2019) show that countercyclical risk aver- 

ion does not necessarily hold for subjects outside the finance 

ndustry. 

With regard to the COVID-19 shock, in particular, a few stud- 

es compare risk-taking before and after (or during) the pan- 

emic and the associated market correction, yielding mixed re- 

ults. The earliest reports can be found in Bu et al. (2020) , 

n which the authors compare answers by students in Wuhan 

n an unincentivized survey in October 2019 and February 

020. They report a negative relationship between exposure 

o the pandemic and hypothetical allocations to a risky asset. 

hachat et al. (2020) present evidence from an incentivized exper- 

ment, showing an increase in student’s risk tolerance during the 

arly stages of the COVID-19 crisis. Completing the set of lower, 

igher, and unchanged risk preferences, Angrisani et al. (2020) re- 

ort no change in risk preferences among professional traders or 

tudents in an abstract risk elicitation task between 2019 and April 

020. 

Our first main contribution with this paper is that we merge 

oth approaches: (i) the investigation of a naturally occur- 

ing shock, i.e., the COVID-19 stock market crash, and (ii) the 

ethod of running controlled and incentivized experiments with 

nance professionals to reduce identification problems. Hence, 

e ask whether and how risk-taking behavior and the percep- 

ion of risk changes during a stock market crash like the one 

hat occurred during the COVID-19 pandemic. Our design al- 

ows for isolating risk-taking by distinguishing it from beliefs 

bout asset risk (risk perception) and from beliefs about future 

rices. 

In particular, we utilize the March 2020 stock market crash 

s a natural experiment to examine behavioral changes in exper- 

mental investment decisions in two waves: one during a com- 

aratively calm and “bullish” stock market period in December 

019 ( Wave 1 ) , and one during the volatile “bear” market of March 

020 ( Wave 2 ) . We conducted our artefactual field experiment 

 Harrison and List, 2004 ) online with 315 financial professionals 

rom the before.world 

2 subject pool and 498 management and 

conomics students from the University of Innsbruck. The profes- 

ionals are based in Europe and work predominantly as portfo- 

io and investment managers, financial advisors, and traders. 202 

rofessionals (282 students) participated in Wave 1 in December 

019, and 113 professionals (216 students) participated in Wave 2 

etween March 16, and March 31, 2020. 

Fig. 1 illustrates the timing of the two experimental waves. 

uring data collection in Wave 1 , in December 2019, the VIX re- 

ained within a very narrow range, at low levels from only 12.1 

o 16.0, and the S&P 500 increased by more than 3 percent. In the 

onth leading up to the data collection in Wave 2 , however, the 

BOE Volatility Index (VIX, right panel) increased almost sixfold 

rom 14.8 to 82.7 on March 16—the highest closing level recorded 

ince the index’s introduction in 1993—and it remained exception- 

lly high until the end of the wave. In the same time period, the 

.S. S&P 500 stock index (left panel) lost 25.5 percent, and markets 

n Europe crashed by 36.1 percent (Euro Stoxx 50 stock index). 

In addition, Bekaert et al. ’s ( 2021 asset price- and- utility-based 

ndex of time-varying risk aversion in financial markets shows sim- 
2 See www.before.world for more information. 

b

s

s

2 
lar patterns. This index (BEX) correlates with the variance risk 

remium in equity markets and existing sentiment indices, and 

emonstrates that Wave 2 of our study was conducted precisely 

uring a time characterized by extraordinarily high aggregate risk 

version in the market: the index was at a very low level during 

ave 1 , but spiked sharply at the beginning of Wave 2 —indicating 

 sudden increase in risk aversion—and did not fully revert until 

ata collection was complete (see BEX, right panel). 

In both waves of the experiment, subjects are exposed to an 

dentical investment task, in which we present the unfolding of the 

rice or return chart of a risky stock over five periods, with returns 

ased on historical data. For each period, subjects have to make 

 number of decisions: which percentage of their endowment to 

nvest in the risky stock (incentivized), how risky they perceive the 

tock to be, and how to forecast the stock price or stock return. 

We report, first, substantial changes in risk-taking behavior be- 

ween the two waves of the experiment. In particular, we show 

hat professionals’ investments in the same risky asset are 12 per- 

ent lower in March 2020 than in December 2019 (or 9 percentage 

oints, down from 77 to 68 percent of their endowment). Impor- 

antly, we do not find differences in future price and return expec- 

ations of the risky stock between the two waves. Thus, we infer 

hat the drop in investments is not driven by beliefs, but can be 

xplained by elevated levels of risk aversion, pointing to a find- 

ng similar to Cohn et al. (2015) with regard to countercyclical risk 

version. This general finding contrasts with the behavior of non- 

rofessionals (i.e., students), as these do not show any difference 

n investment behavior during the crash compared to the calm pe- 

iod. As students are less exposed to the stock market (in terms of 

nvestments and attention to stock market developments), we con- 

ecture that they do not experience the extreme volatility cluster 

n the stock market to the same extent as professionals. 

Second, we find that professionals’ beliefs about the riskiness of 

he stock (i.e., risk perception) changes substantially from Wave 1 

o Wave 2 , as they consider the (identical) experimental stock to 

e less risky in March 2020 than in December 2019. This can be 

xplained by the neuroscientific concept of adaptive normalization 

e.g., Payzan-LeNestour et al., 2021 ). Compared to the COVID-19- 

nduced crash, the stock’s volatility in the experiment appears to 

e relatively moderate in March 2020. In December 2019, by con- 

rast, the very same volatility appears to be large with respect to 

he experiences of a years-long tranquil bull phase in real-world 

arkets. Similar to Sitkin and Pablo ’s ( 1992 ) argument, this indi- 

ates that decision makers take less risk, because they perceive 

he potentially negative consequences of doing so. Again, students 

how no differences in perception of the riskiness of the stock be- 

ween December 2019 and March 2020. Note that risk perception 

n this study is distinct from risk-taking. We elicit risk perception 

y asking subjects about their perceived riskiness of a particular 

tock; thus the concept relies on individual judgments (i.e., beliefs). 

hese subjective judgments can be influenced by individuals’ refer- 

nce assets (e.g., the riskiness of real-world assets) and experiences 

rom the past, rendering lower levels of risk perception in March 

020 plausible. 

With this study, we contribute to different research strands. 

irst, we add to the literature on countercyclical risk aversion, 

hich is a major ingredient of asset pricing models, explaining 

ountercyclical risk premia for stocks (e.g., Campbell and Cochrane, 

999; Barberis et al., 2001 ). Elevated levels of risk aversion dur- 

ng a bust imply that individuals demand a higher risk premium. 

ncreased risk aversion could deepen crises, as lower investment 

evels reduce demand for assets. This could further lower stock 

rices, which, in turn, further increases risk aversion. Conversely, 

ooming stock prices could be fueled by lower levels of risk aver- 

ion and higher investment levels, thus amplifying upward pres- 

ure on stock prices. Indeed, Graham and Narasimhan (2005) find 

http://www.before.world
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Fig. 1. Time series of the S&P 500 stock index (left panel), the CBOE Volatility Index (VIX, right panel, solid blue, left scale), and the daily risk aversion index of Bekaert et al. 

(2021 , BEX, right panel, dashed red, right scale) from November 2019 to May 2020 and the data collection periods. Wave 1 of the experiment was conducted from December 

5, to December 23, 2019; Wave 2 of the experiment was conducted from March 16, to March 31, 2020. (For interpretation of the references to colour in this figure legend, 

the reader is referred to the web version of this article.) 
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3 We also elicit a subject’s satisfaction, its investment recommendation, and its 

optimistic/pessimistic forecasts (see the Screenshot in Figure A1 (Online Appendix) 

for the precise wording and possible answers). To keep the paper concise, we report 

results for these additional variables in the Online Appendix. 
4 In particular, in a between-subjects design, subjects are randomly assigned to 

one of two conditions. That is, each subject is presented with each of the path types 

down , straight , and up with price charts only or return charts only in random or- 

der. The down shock is either the nasdaq crash from April to May 20 0 0 or the 

dax crash from September to October 2008; for up and straight shocks we mir- 

ror/permute the identical returns to arrive at price paths with an analogue positive 

or net-zero return, respectively, while keeping volatility constant. 
hat those who experienced the Great Depression as managers 

ere more conservative with leverage in their capital structure de- 

isions, and Guiso et al. (2018) report a substantial increase in risk 

version during the financial crisis in 2008, which led to reduced 

ortfolio holdings in risky assets among private investors. We con- 

ribute by running an artefactual field experiment that allows 

s to control for potentially confounding factors (e.g., changes in 

ealth levels and stock price expectations) that render identifica- 

ion with empirical data difficult. Additionally, extending the find- 

ngs of Cohn et al. (2015) , König-Kersting and Trautmann (2018) , 

nd Alempaki et al. (2019) , we contribute with an experimental 

est of changes in risk-taking in a setting triggered by a real-world 

tock market crash rather than by priming subjects in the experi- 

ent. With our observation of lower risk-taking among profession- 

ls during the COVID-19 crash, we also provide external validation 

or Bekaert et al. ’s ( 2021 ) risk aversion measure. 

Second, we add to studies on risk and volatility perception. 

ayzan-LeNestour et al. (2016) explore “variance after-effects” and 

eport that perceived volatility is smaller after exposure to high 

olatility, and vice versa. Consequently, they propose variance as 

onstituting an independent cognitive property distinct from sen- 

ory effects, which can distort risk perception. Similarly, Payzan- 

eNestour et al. (2021) find that people systematically underes- 

imate risk after prolonged exposure to high risk, as they be- 

ome accustomed to high volatility. We contribute by showing that 

he experience of real-world crashes can systematically reduce the 

evel of risk perception among financial professionals. Thus, we are 

ble to separate crash-induced changes in risk-taking from changes 

n beliefs about the asset’s riskiness (risk perception) in a con- 

rolled manner. 

In a companion paper to this study, Huber et al. (2021) , we ex-

mine how professionals and students adapt their investment be- 

avior, risk perception, and return expectations, among a number 

f other variables, to an experimental volatility shock; and we in- 

estigate how this is affected by varying the presentation format 

nd direction of such a shock (a price crash, a price surge, or 

 neutral development). Professionals’ investments in this experi- 

ent are negatively correlated with the price shock, while their 

isk perception increases significantly regardless of its direction; 

resenting either prices or returns has no significant effect on sub- 

ects’ investments or on their risk and return assessment adapta- 

ions to market shocks, respectively. 

. The experiment 

.1. The investment task 

We sequentially present subjects with 100 daily returns of a 

isky stock over five periods, the returns of which are based on his- 

orical data from the nasdaq and dax indices, respectively. Returns 
3 
n four of the five periods are constructed from comparatively tran- 

uil periods, while in the remaining period we induce a “shock” as 

eturns are drawn from a more volatile distribution (see the left 

anel of Fig. 2 ). The right panel of Fig. 2 depicts the representative

equence of action for one exemplary time series. In all time se- 

ies, we model the pre-shock phase in periods 1 and 2, the shock 

n period 3, and the post-shock phase in periods 4 and 5. 

In each period, i.e., every 20 return draws for each stock, sub- 

ects have to make a number of decisions, which allow us to elicit 

he following variables (see the experimental instructions in Online 

ppendix A for further details): 3 

• investment : Percentage invested in the (risky) stock (“What 

percentage of your wealth do you want to invest in the risky 

stock in the next month?” [from 0% to 100%]). 

• risk perception : Perception of the stock’s risk (“How risky do 

you perceive this stock on the basis of its past returns?” [Likert 

scale ranging from “not risky at all” (1) to “very risky” (7)]). 

• price / return forecast (“What is your estimate of the most 

likely ... price at the end of next month?” [if prices are dis- 

played] / “... monthly return in the next month?” [if returns are 

displayed]). 

In this investment experiment, we introduce two treatment 

ariations: we vary the “presentation format” (showing either price 

ine charts or return bar charts) between subjects, and the direc- 

ion or particular path of the “experimental shock” of the stock 

ithin subjects ( down , straight , or up ). 4 In a companion paper to 

his study, we investigate both treatment variations in detail: see 

uber et al. (2021) for further details on the particular experimen- 

al design and the corresponding analyses. 

.2. Experimental procedure 

In both waves of the experiment, subjects were exposed to an 

dentical investment task. In particular, we invited financial pro- 

essionals from the before.world subject pool, some of whom had 

lready participated in lab-in-the-field or online experiments of 

ifferent types (e.g., Kirchler et al., 2018; Schwaiger et al., 2019; 

eitzel et al., 2020 ). In total, 315 financial professionals and 498 

http://www.before.world
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Fig. 2. Left panel (‘Daily returns’): Histograms of daily returns of the time series used in the experiment pooled across all three treatments. The returns from the volatile 

periods (blue) represent the shock period (period 3), and the returns from the calm (tranquil) periods (orange) were used in the periods preceding and following the 

shock. Right panel (‘Sequence’): Sample sequence of action in one of the experimental time series used. The pre-shock period is the time up to t = 2 , the shock period is 

implemented in period 3, and the post-shock phase runs from periods 4 to 5. At t = 1 , t = 2 , t = 3 , and t = 4 , subjects had to answer a number of questions in addition to 

deciding which percentage of their endowment to invest in the risky stock; at t = 0 , subjects only decide which percentage of their endowment to invest. (For interpretation 

of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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5 For instance, if a subject invests 70% of her wealth in the risky stock in the ran- 

domly selected period and the stock’s return in this period is 15%, then the return 

from this period will be 70% × 15% = 10 . 5% . Her payment from the experiment will 

be EUR 20 × (1 + 10 . 5% × 3) = EUR 26 . 30 . 
6 This hourly wage of approximately EUR 60 for professionals is comparable to, 

for instance, Haigh and List (2005) , Kirchler et al. (2018) , and Weitzel et al. (2020) , 

who report hourly payments of USD 96 (equivalent to EUR 73 at the time of their 

experiment), EUR 72, and EUR 65, respectively, for their professionals. 
7 With a sample size of 315 financial professionals (498 students) and a signifi- 

cance level of α = 0 . 05 , the two-sided t-tests reported in Table 1 allow us to detect 

a small- to- medium-sized effect of d = 0 . 33 ( d = 0 . 25 ) with 80% power. The least 

squares regressions presented in Table 2 suffice to detect effect sizes f 2 between 

0.02 (without covariates, full professionals sample) and 0.09 (with covariates, only 

prices/only returns), with 80% power (minimum detectable effect sizes for students 

are even smaller due to the larger sample size). 
conomics and business students from the Innsbruck EconLab at 

he University of Innsbruck completed the experiment. 202 profes- 

ionals (282 students) participated in Wave 1 in December 2019, 

nd 113 professionals (216 students) participated in Wave 2 be- 

ween March 16 and March 31, at the climax of the COVID-19 stock 

arket crash. 

It is important to note that we consciously refrained from run- 

ing the experiment with the same professionals and students in 

oth waves and that, therefore, no subject participated in both 

aves. The main reason for this was that subjects might have been 

ble to remember the experiment in which they had participated 

hree months earlier and might, therefore, have been able to antic- 

pate the experimental shocks from the beginning in Wave 2 . This 

rgument applies especially to the professionals, as professionals 

arely take part in experiments. This increases the likelihood they 

ill remember parts of the experiment, in particular the experi- 

ental crashes. 

Therefore, we recruited new subjects for Wave 2 from the same 

ubject pools used in Wave 1 (i.e., before.world and Innsbruck 

conLab). Table C1 in the Online Appendix outlines the subjects’ 

ocio-demographic information across the waves. On average, par- 

icipating professionals were 37.9 (39.2) years of age at the time 

f the experiment ( SD = 8 . 5 (9.5)) in Wave 1 ( Wave 2 ) ; the frac-

ion of female participants among all professionals was around 15 

ercent across the waves; and the fraction of professionals with a 

niversity degree was 86 percent. The professionals are based in 

urope, and nearly 30 percent of them selected investment and 

ortfolio management as their primary job function, followed by 

rading and financial advice. Notably, at the 5%-level, none of the 

emographic differences between the two waves were statistically 

ignificant, indicating no impact of the professionals’ sample com- 

ositions on behavioral differences between the two waves. Simi- 

arly, the student samples for both waves did not differ from an- 

ther, either. For further details on the sample composition, see 

able C1 in the Online Appendix. For further details on the (un- 

ikely) impact of unobservable variables on our major findings, see 

ur application of Oster ’s ( 2019 ) suggested approach, outlined in 

ection 3 . 

Following the main experiment, we elicited subjects’ self- 

eported general and financial risk tolerance with survey ques- 

ions from the German Socio-Economic Panel (GSOEP; see 

ohmen et al., 2011 ). Furthermore, we evaluated their cognitive 

eflection abilities using two (not well-known) cognitive reflection 

est (CRT) questions from Toplak et al. (2014) and a number of de- 

ographics (age, gender, education, profession). Table C1 in the 

nline Appendix shows that professionals answered, on average, 

.3 CRT questions correctly, which is 0.3 more correct answers than 
4 
he students’ average ( p < . 005 , Mann-Whitney U-test, N = 813 ).

oreover, professionals’ self-reported general (7.5 across the two 

aves) and financial (7.7) risk tolerance levels were significantly 

igher than those reported by students (general: 6.6; financial: 5.5; 

p < . 005 for both, Mann-Whitney U-tests, N = 813 ). 

At the end of the experiment, we randomly selected one of the 

ve periods (investment decisions) from one of the three stocks 

or payment. A subject’s percentage return from the randomly se- 

ected period times three was added to an endowment of EUR 20. 

tudent subjects’ endowments were EUR 5. 5 Financial profession- 

ls received, on average, EUR 20.27, with a standard deviation of 

UR 3.87 (5.45 and 0.82 for students, respectively) and minimum 

nd maximum payments of EUR 8 and EUR 32 (2 and 8 for stu- 

ents, respectively). The median duration of the experiment was 

0.4 minutes for professionals and 19.4 minutes for students. 6 

. Results 

Fig. 3 and Table 1 show the main results of this study on the 

ercentage invested, risk perception, and return forecasts. The pro- 

essionals’ data are shown in the left columns and the students’ 

ata are displayed in the right columns. We report summary statis- 

ics for both waves and both subject pools. In the column “Diff.,”

e show the effects sizes for differences between waves and the 

ssociated test statistics for double-sided t-tests. 

esult 1. Finance professionals show less risk-taking behavior in 

ave 2 of the experiment. By contrast, students do not exhibit 

hanges in risk-taking. 

As outlined in Table 1 , we find a drop in investment levels of 

 percentage points (from 77 to 68 percent of their endowment, 

p < . 005 following Benjamin et al., 2018 ) from December 2019 to 

arch 2020, although the investment task is identical. 7 Moreover, 
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Fig. 3. Descriptive overview for investment , risk perception , and return forecast for Wave 1 (December 2019) and Wave 2 (March 2020) for financial professionals (left 

panel) and student subjects (right panel). Columns Wave 1 (blue bars) and Wave 2 (orange bars) show the mean values for each variable. The whiskers indicate the 95% 

confidence intervals. ∗ and ∗∗ indicate the 5% and the 0.5% significance levels, respectively, from double-sided t-test. (For interpretation of the references to colour in this 

figure legend, the reader is referred to the web version of this article.) 

Table 1 

Summary statistics and differences between Wave 1 (December 2019) and Wave 2 

(March 2020) for the investment (percentage invested, from 0% to 100%), risk per- 

ception (Likert scale from 1 to 7), and return forecast (open question) for financial 

professionals and student subjects. Columns Wave 1 and Wave 2 show mean values for 

each variable, with standard deviations in parentheses. The Diff. columns outline the 

respective differences between Wave 1 and Wave 2 for each subject pool; t-statistics for 

differences between waves are provided in parentheses (double-sided t-test). The stars 
∗ and ∗∗ indicate the 5% and the 0.5% significance levels, respectively. 

Financial Professionals Students 

Variable Wave 1 Wave 2 Diff. Wave 1 Wave 2 Diff. 

investment 76.94 68.02 -8.92 ∗∗ 57.47 55.99 -1.49 

(26.17) (31.96) (-2.99) (29.61) (30.31) (-0.66) 

risk perception 4.89 4.55 -0.34 ∗∗ 4.80 4.73 -0.07 

(1.36) (1.29) (-3.29) (1.40) (1.43) (-1.01) 

return forecast 1.63 1.62 -0.01 3.53 3.52 -0.01 

(9.09) (13.01) (-0.08) (15.95) (20.65) (-1.00) 

Observations 202 113 282 216 
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e show that the return and price forecasts in the experiment are 

ndifferent between the two waves (see line 3 in Table 1 ). With 

his finding, we can infer that differences in investment levels are 

ot driven by price or return beliefs, but by changes in risk atti- 

udes. 

An alternative interpretation of this result could be that sub- 

ects might expect a rebound of stocks in the near future but con- 

ider the present time too early to invest because, as the short- 

erm crash risk is elevated, the next few days may present even 

etter buying opportunities. However, over 71 percent of all data 

n Wave 2 came in during the first three days, i.e., from March 

6, to 18. During these three days, stock markets were still falling: 

oth the Euro Stoxx 50 and DAX reached their respective nadir on 

arch 18. Thus, at least in these first three days, when most of our 

ata for Wave 2 came in, stock market prospects did not appear al- 

eady to have improved. 

In Table 2 , we go one step further and run ordinary 

east squares (OLS) regressions for the percentage invested 

 investment ) . Notably, results are robust to different regression 

odels and specifications. 8 We run separate regressions for each 

ubject pool, and we add control variables like answers to the 

uestions on general and financial risk tolerance from the GSOEP, 

RT score, age, and gender next to a dummy variable indicating 

bservations from the second wave (dummy Wave 2 ). We find a 

tatistically significant drop of 8.9 percentage points (6.9 percent- 

ge points when adding control variables; p < . 005 and p < . 05 , re-
8 See Table C3 for the analogous Tobit models in which the outcome variable, 

nvestment , is censored to lie between 0 and 100 percent, and Table C5 for inter- 

ction effects between the subject pool and the experimental wave. 

o

a

m

J

r

5 
pectively) in the fraction invested in the risky stock from Wave 1 

o Wave 2 . 

Investment propensity is further driven by self-reported risk 

olerance in financial matters and by CRT scores. In other words, 

hose who report they were willing to take higher risks in financial 

arkets are those who invest more in the experiment compared to 

heir peers. While this finding is consistent with previous studies, 

hich also report a correlation between self-reported risk attitudes 

nd investment behavior (e.g. Nosi ́c and Weber, 2010 ), this survey 

easure of attitudes towards risk has been shown to be stable over 

ime ( Lönnqvist et al., 2015 ). We therefore interpret general and fi- 

ancial risk tolerance as long-term measures, i.e., basic inclinations 

hat are not strongly affected by short-term effects. 9 Our results 

lign with this conjecture, as we do not find statistically signifi- 

ant differences in self-reported survey measures of risk tolerance 

n general or financial matters across the waves for each subject 

ool (see Table C1 in the Online Appendix), whereas actual risk- 

aking, i.e., investments, is significantly lower in Wave 2 . Thus, one 

an conservatively infer that the COVID-19 crash primarily influ- 

nced professionals’ incentivized investment behavior as reported 

n the experiment, rather than a general and abstract propensity 

o take risks. Turning to the CRT scores, we show that the subjects 

ith higher cognitive abilities were those with higher investment 

evels in the experiment. 
9 Lönnqvist et al. (2015) and Crosetto and Filippin (2016) , for example, also report 

nly weak, if any, correlations between the GSOEP survey measure of risk attitudes 

nd common, incentivized risk elicitation methods, indicating that those methods 

ight not be measuring the same concept of one’s attitude towards risk. Also see 

aspersen et al. (2020) , for a more general, extensive discussion on what type of 

isk attitudes are measured by the general risk (GSOEP) question. 
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Table 2 

Ordinary least squares regressions on investment , risk perception , 

and return forecast for each subject pool (financial professionals and 

students) for both waves. The upper panel shows estimates from re- 

gressions on investment ; the middle panel on risk perception , and 

the lower panel on return forecast . Wave 2 is a dummy variable tak- 

ing the value 1 for observations from the second wave (March 2020), 

zero otherwise. Models 2, 4, 6, and 8 are run with control variables, 

such as a subject’s self-reported risk tolerance in general and financial 

matters following the German SOEP questions, CRT score, age, and gen- 

der. The stars ∗ and ∗∗ indicate the 5% and the 0.5% significance levels, 

respectively. 

Financial Professionals Students 

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

Wave 2 -8.925 ∗∗ -6.866 ∗ -1.486 -1.247 

(2.969) (2.548) (2.240) (1.997) 

Constant 76.945 ∗∗ 40.302 ∗∗ 57.473 ∗∗ 17.341 ∗

(1.413) (8.545) (1.418) (8.476) 

Controls No Yes No Yes 

Observations 315 315 498 498 

R 2 0.033 0.261 0.001 0.218 

Adjusted R 2 0.030 0.247 −0 . 001 0.209 

Financial Professionals Students 

Risk perception (5) (6) (7) (8) 

Wave 2 -0.350 ∗∗ -0.325 ∗∗ -0.079 -0.066 

(0.106) (0.106) (0.078) (0.077) 

Constant 4.892 ∗∗ 4.067 ∗∗ 4.797 ∗∗ 4.861 ∗∗

(0.064) (0.352) (0.046) (0.356) 

Controls No Yes No Yes 

Observations 315 315 498 498 

R 2 0.033 0.073 0.002 0.022 

Adjusted R 2 0.030 0.055 0.000 0.010 

Financial Professionals Students 

Return forecast (9) (10) (11) (12) 

Wave 2 0.012 0.002 0.170 0.413 

(1.107) (1.205) (1.495) (1.431) 

Constant 1.625 ∗∗ -2.000 3.527 ∗∗ 8.606 

(0.427) (2.873) (0.800) (7.677) 

Controls No Yes No Yes 

Observations 315 315 498 498 

R 2 0.000 0.006 0.000 0.039 

Adjusted R 2 -0.003 -0.014 -0.002 0.027 
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As we find no statistically significant differences between 

rofessionals’ characteristics in Wave 1 and Wave 2 , we expect 

election on observables not to influence our results (see Ta- 

le C1 in the Online Appendix for the non-statistically signifi- 

ant differences in subject characteristics across both waves). To 

orroborate this notion, we apply sensitivity analyses following 

ltonji et al. (2005) and Oster (2019) and examine coefficient 

ovements with respect to movements in R 2 to rule out potential 

mitted variable biases. The intuition underlying these analyses is 

hat coefficient and R 2 movements, after including observable co- 

ariates, are informative of the extent of potential bias arising from 

mitting unobservable variables. Assuming a maximum attainable 

 

2 of 0.34, we compute a relative degree of selection on observed 

nd unobserved controls of δ = 7 . 71 . 10 This can be interpreted as

election on unobservables having to be 7.71 times as strong as se- 

ection on observables for the significant difference in investment 

etween Wave 1 and Wave 2 to vanish. We thus argue that it is 

nlikely that the estimated effect between the two waves is driven 

y unobservable variables. 

In explaining participants’ risk-taking behavior, one might 

lso consider their elicited beliefs and risk perceptions in the 
10 A maximum attainable R 2 of 0.34 represents 1 . 3 R 2 from Model (2) in Table 2 . 

elated investment tasks, such as Ehm et al., 2014, Cohn et al., 2017 , and 

irchler et al., 2018 also report R 2 s between 0.08 and 0.26. 

C

o

s

6 
ross-section. From the results of, for instance, Huber and Hu- 

er (2019) and Nosi ́c and Weber (2010) , we would expect indi- 

iduals to invest more when they possess higher overall return 

orecasts and lower overall risk perceptions, respectively. However, 

n additional, explorative regression analyses, neither of these two 

oefficients is statistically significant at the individual level across 

oth experimental waves (see Tables C9 and C10 in the Online Ap- 

endix). Thus, while individuals’ average risk-taking is consistent 

ith their self-reported risk tolerance, the picture is more blurred 

hen it comes to their elicited period-to-period beliefs. For more 

etailed analyses at the period-level, adding a time dimension 

ithin each experimental wave, we refer to Huber et al. (2021) . 

Importantly, student subjects do not show any differences in in- 

estment behavior before or during the stock market crash. Reas- 

uringly, their general investment behavior across the two waves 

f the experiment is strongly driven by their self-reported levels of 

eneral and financial risk tolerance. This finding is also shown in 

he professional sample and supported by previous studies by, for 

nstance, Kirchler et al. (2020) . The absence of behavioral differ- 

nces across the waves in the student sample further corroborates 

he explanation for the professionals’ changes in risk-taking behav- 

or, which is driven by the experience of the stock market crash in 

arch 2020. Students potentially did not experience the extreme 

rash in the stock market as severely as professionals did, mostly 

ecause the majority of them are not invested in the stock market 

nd those who are invested are probably minimally affected. This 

laim is backed up by survey questions asked at the end of the ex- 

eriment, in which only around one third of students indicate they 

ad invested in financial products at least once during the preced- 

ng five years—which is a very weak measure of intense stock mar- 

et participation. Furthermore, more than two-thirds of students 

eport that they consulted financial news only once a week or less 

ften. Students who declare having invested in financial markets 

nd/or regularly check financial news on average take more risk 

n the experiment, but their risk-taking decisions are not signifi- 

antly different between the two waves (see Table C11). However, 

e do not believe that those students who invested at least once 

uring the last five years or who have some interest in stock mar- 

ets are comparable to finance professionals in their exposure to 

he COVID-19 crash. The latter were exposed in their delegated de- 

isions with large sums of client money, and probably also in their 

rivate investment decisions. 

esult 2. Finance professionals’ perception of the riskiness of the 

xperimental asset drops markedly during the COVID-19 stock 

arket crash. By contrast, students do not exhibit changes in risk 

erception across the waves. 

We show evidence of professionals’ decrease in risk perception 

f the experimental stock as a reaction to the stock market crash 

see Table 1 ). In particular, we find a statistically significant de- 

rease in the perception of the riskiness of the stock (drop from 

.89 to 4.55, p < . 005 ) from December 2019 to March 2020. In

he middle panel of Table 2 , we run OLS regressions and control 

or general and financial risk tolerance from the GSOEP, CRT score, 

ge, and gender next to a dummy variable depicting observations 

rom the second wave ( Wave 2 ) . 11 We find that the estimated co- 

fficients and significance levels remain nearly unchanged when 

e add control variables (see, also, Table C8 in the Online Ap- 

endix as a robustness check). One could expect differential ef- 

ects of the COVID-19 crisis: for example, low risk-tolerant sub- 

ects might be significantly more impacted than high risk-tolerant 
11 Results are robust to different regression models and specifications; see Table 

4 for the analogous ordered logistic models catering to the ordinal nature of the 

utcome variable, risk perception , and Table C6 for interaction effects between the 

ubject pool and the experimental wave. 
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ubjects. As a robustness check and to test this proposition, we 

lso add, separately and combined, five interaction terms in the 

egressions shown in Table 2 . Only one of the ten coefficients is 

ignificant at the 5%-level (general risk tolerance x Wave 2 in the 

nvestments-regression), but this does not change the significance 

f the Wave 2 -coefficient. When we put all five interaction terms in 

he regression at the same time, none of them is significant, and 

he coefficient for Wave 2 remains almost unchanged; see Table C8 

n the Online Appendix. Risk perception seems to be partly driven 

y CRT scores, with high-CRT professionals perceiving the stock as 

iskier. Again, sensitivity analyses following Oster (2019) show that 

t is unlikely that the estimated effect between the waves is driven 

y unobservable variable selection. 12 

Again, student subjects do not show any differences in risk per- 

eption before or during the stock market crash. Interestingly, their 

RT scores are not systematically correlated with risk perception 

n the experiment, pointing to another difference from the profes- 

ional sample. 

Summing up the findings from both subject pools, we conclude 

hat professionals consider the stock to be less risky before than 

uring the onset of the pandemic and the associated stock mar- 

et crash. This result can be explained by professionals’ real-world 

xperiences of different magnitudes of volatility. Compared to the 

OVID-19 stock market crash, the experimental stock’s volatility in 

he experiment obviously appears to be comparatively moderate in 

arch 2020. By contrast, in December 2019, the stock’s volatility 

ppears to be more extreme compared to the experiences of pro- 

essionals in the market, following a years-long calm bull phase. 

hese findings align nicely with Payzan-LeNestour et al. (2021) , 

ho provide a neurologically-founded explanation for why peo- 

le perceive, e.g., moderate volatility as rather low after a high- 

olatility phase and as rather high after a low-volatility phase. 

gain, students exhibit no differences in risk perception between 

ecember 2019 and March 2020. 

esult 3. Finance professionals’ price and return forecasts do not 

iffer between the two experimental waves. Students’ behavior 

oes not differ across waves either. 

As shown in Table 1 and Table 2 (lower panel), we observe 

o statistically significant differences in professionals’ beliefs about 

he future development of the risky stock in the experiment. This 

s interesting, as professionals experience a downturn of 30 to 40 

ercent on real-world stock markets, which could potentially lead 

o more pessimistic expectations in general. However, we find that 

eliefs are unaffected by the stock market crash in March 2020 and 

how, in tandem with the findings for investment levels ( Result 1 ), 

hat the crash likely has a more general impact on professionals’ 

isk-taking behavior. 

. Conclusion 

In this study, we investigated how the experience of the onset 

f the COVID-19 pandemic and the associated stock market crash 

nfluenced financial professionals’ risk-taking behavior. To isolate 

hanges in risk-taking from various other factors that are active 

uring real-world stock market crashes, we ran investment experi- 

ents before and during the climax of the crash. The experiments 

ere conducted with 315 internationally operating financial pro- 

essionals and 498 student subjects. 

First, we reported that professionals’ investments in a risky ex- 

erimental asset dropped by 9 percentage points (or 12 percent) 
12 Assuming a maximum attainable R 2 of 0.10 (= 1 . 3 R 2 from Model (6) in Table 2 , 

e compute δ = 9 . 58 . Related risk perception elicitations, such as Holzmeister et al., 

020 , for example, report an R 2 of 0.05. 

p

v

f

o

t

7 
rom December 2019 to the end of March 2020. Importantly, we 

id not find differences in beliefs about future price and return ex- 

ectations across the two waves. In line with countercyclical risk 

version and with the spike in overall risk aversion in financial 

arkets (see Fig. 1 ), this finding suggests that the drop in invest- 

ents was not driven by a change in beliefs, but by a shift in risk

references. This finding was further supported by the behavior 

f non-professionals (i.e., students). Students obviously did not ex- 

erience the extreme volatility cluster in the stock market to the 

ame extent as professionals, and, therefore, the students’ financial 

isk-taking behavior did not change. 

Second, we found an impact of the stock market crash on pro- 

essionals’ risk perception, as they considered the experimental as- 

et to be less risky in March 2020 than in December 2019. Com- 

ared to the volatility cluster in real-world markets in March 2020, 

he asset’s volatility in the experiment appeared to be relatively 

oderate. By contrast, in December 2019, the experimental asset’s 

olatility appeared to be more extreme with respect to the ex- 

eriences of a years-long bull phase in real-world markets. Stu- 

ents exhibited no differences in risk perception between Decem- 

er 2019 and March 2020. 

Naturally, our findings are subject to some limitations. First, one 

ight argue that a within-subjects design might have strengthened 

he drawn inference. Nevertheless, we consciously refrained from 

unning the experiment with the same subjects in both waves. 

he major reason was avoiding learning effects between the two 

aves: experienced subjects in Wave 2 could have anticipated the 

xperimental shocks, as they saw a shock in Wave 1 , making iden- 

ification of any causal effect of either the experimentally-induced 

within-waves) or naturally occurring shock (between-waves) im- 

ossible. Reassuringly, subjects’ characteristics across waves do not 

iffer significantly, and we demonstrate that it is highly unlikely 

hat unobservables drive our results. 

Second, the economic crisis and the stock market crash around 

he COVID-19 pandemic are certainly unique, as they combine a 

lobal economic crisis (a stock market crash) with uncertainty 

bout the development of a health crisis (i.e., the pandemic). As 

ith any other major economic crisis, several factors simultane- 

usly influence behavior. For instance, the crisis could trigger a 

ealth decline and a lower expected path for future labor income. 

lassic background risk, i.e., uninsurable or uninsured risk, could 

ave increased the risk of job loss. The unforeseeable development 

f the pandemic in March 2020 could have induced additional fear 

mong participants regarding health issues. However, we cannot 

nd do not claim which particular factors might have contributed 

o changes in investment behavior and risk perception in the ex- 

eriment. Rather, we utilize this extreme real-world event to in- 

estigate changes in risk-taking and risk perception in a controlled 

aboratory setting. This would be difficult with empirical or survey 

ata, as, for instance, lower portfolio shares of risky assets could 

e attributed to increased risk aversion, lowered beliefs about the 

uture outlook, lowered wealth levels due to losses, or an unob- 

ervable combination of all three ingredients. In our experiments, 

e keep the decision environment identical across both waves, al- 

owing us to control for beliefs and wealth effects in the experi- 

ent. 

Our findings emphasize the importance of the concept of coun- 

ercyclical risk aversion for investors’ risk-taking behavior and their 

erception of risk. We believe that the investigation of this am- 

lification mechanism following booms and busts (i.e., busts in- 

rease risk aversion, which could increase downside pressure of 

rices further and thus, potentially contribute to an even more se- 

ere crisis and slower price recovery) is an important avenue for 

uture research. From a methodological standpoint with a focus 

n external validity, combining controlled experiments with indus- 

ry professionals and private investors alongside naturally occur- 
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ing events, such as real-world booms or crashes, can be a fruitful 

venue for future work and provide better understanding in this 

articular area. 
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