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Abstract
Do physicians behave rationally when facing a new disease? This study assesses 
physicians’ ambiguity attitudes towards the future severity of the COVID-19 pan-
demic in its early stages and the financial market in the US using an incentive-
compatible online experiment. Our findings indicate that physicians demonstrate 
significant deviations from expected utility, characterized by a modest degree of 
ambiguity aversion and pronounced levels of likelihood insensitivity. While phy-
sicians generally show less insensitivity to uncertainty compared to the general 
public, both groups exhibited similar levels of irrationality when dealing with the 
ambiguity surrounding the COVID-19 severity. These results underscore the neces-
sity for debiasing strategies among medical professionals, especially in managing 
real-world uncertainties, with a specific focus on mitigating likelihood insensitivity.

Keywords Ambiguity attitudes · Expert decision-making · Rationality

JEL classification D81 · D91 · I12

Accepted: 18 December 2023 / Published online: 1 March 2024
© The Author(s) 2024

Are physicians rational under ambiguity?

Yu Gao1  · Zhenxing Huang2  · Ning Liu3,4  · Jia Yang2

  Ning Liu
nliu2018@buaa.edu.cn

Yu Gao
ygao@gsm.pku.edu.cn

Zhenxing Huang
zxhuang@mail.shufe.edu.cn

Jia Yang
yangjia@163.sufe.edu.cn

1 Guanghua School of Management, Peking University, Beijing, China
2 School of Economics, Shanghai University of Finance and Economics, Shanghai, China
3 School of Economics and Management, Beihang University, New Main Building A1005, 

37 Xueyuan Rd., Haidian District, Beijing 100191, China
4 Laboratory for Low-carbon Intelligent Governance, Beihang University, beijing, China

1 3

http://orcid.org/0000-0001-7519-0062
http://orcid.org/0000-0002-1289-3390
http://orcid.org/0000-0002-5898-5493
http://crossmark.crossref.org/dialog/?doi=10.1007/s11166-023-09425-z&domain=pdf&date_stamp=2024-2-20


Journal of Risk and Uncertainty (2024) 68:183–203

1 Introduction

Owing to the nature of their work, physicians are often required to deal with uncer-
tainties and must rely on their expertise to make decisions delegated to them (Kerr 
et al., 2008; Mohan & Phillips, 2011; Verma et al., 2014). Relevant uncertainty may 
stem from imperfect scientific evidence regarding the effectiveness of the medical 
interventions (Manski, 2010, 2017, 2021), idiosyncratic preferences of the patients, 
or unknown properties of the new or rarely recorded diseases (Fujii & Osaki, 2019). 
In many such situations, a physician lacks the necessary information to quantify the 
probabilistic nature of the problem through a single probability distribution. This 
type of uncertainty is referred to as “ambiguity”.1 It is in contrast to the other type 
of uncertainty, referred to as “risk”, that characterizes situations in which the exact 
probabilities of events are known (Cerreia-Vioglio et al., 2013).

Attitudes towards ambiguity have a significant impact on various medical deci-
sions (e.g., Berger et al., 2013; Courbage & Peter, 2021; Fujii & Osaki, 2019). To 
illustrate, consider two treatment options: a conventional, well-established treatment 
with a known risk-benefit profile, and a newer, innovative treatment with an uncertain 
risk-benefit profile. Ambiguity averse individuals might prefer the conventional treat-
ment, even if the innovative treatment can offer better expected outcomes, because 
they feel more comfortable with the known probability distributions associated with 
the conventional treatment.

This study examines physicians’ decision-making under ambiguity. We provide 
the first measure of physicians’ ambiguity attitudes towards natural sources using a 
revealed-preference experiment with real incentives, using two model-free indexes 
applicable to most ambiguity models (Baillon et al., 2021). We aim to contribute to 
the growing body of literature regarding the role of uncertainty attitudes in the health 
domain. While previous studies have primarily focused on risky situations (Galizzi 
et al., 2016; Nebout et al., 2018; Massin et al., 2018; Attema et al., 2019; van der 
Pol & Ruggeri, 2008) and more recently on ambiguous situations related to artificial 
sources (Attema et al., 2018), our study investigates how physicians, as experts in 
the health domain, make decisions when faced with uncertainty stemming from both 
health-related and non-health-related natural events.

Medical experts’ ambiguity attitudes have a direct impact on the quality of medical 
decisions made in highly uncertain, complex, and rapidly changing environments, 
such as during a new pandemic outbreak (Berger et al., 2021). It is important to 
understand how medical experts approach novel uncertain situations, and whether 
they make rational choices or follow expected utility theory. Understanding the deci-
sion-making processes of medical experts can inform health-related policies in chal-
lenging circumstances. This understanding can also highlight areas where further 
research is necessary and provide valuable insights into preparing medical experts for 
uncertain and rapidly changing environments.

The notion of “rational choice” in decision-making under ambiguity is a subject 
of debate. The Subjective Expected Utility (SEU) framework, which was built on 
the work of Ramsey (1931), de Finetti (1937), and von Neumann and Morgenstern 

1  “Deep uncertainty” is an alternative term for ambiguity (Kocher et al., 2018).

1 3

184



Journal of Risk and Uncertainty (2024) 68:183–203

(1944), is widely appreciated for its normative appeal (Fishburn, 1981; Savage, 
1954). SEU asserts that decision-makers carefully consider all available informa-
tion, assign subjective probabilities to events, and make choices that maximize the 
expected utility based on these probabilities and the outcomes of events. According 
to SEU, rational decision-makers should be ambiguity neutral, meaning they should 
not discriminate between situations with a clear probability distribution and those 
without.

However, SEU requires decision-makers to assign probabilities to unknowns, 
which can be challenging in practice. Additionally, it does not account for the level 
of confidence that people have in their probabilistic assessments. Therefore, some 
decision theorists argue that ambiguity aversion could be rational because rationality 
may not necessitate the ability to assign probabilities to unknown events. For exam-
ple, Gilboa, Postlewaite, and Schmeidler (2008, 2009, 2012), Gilboa and Marinacci 
(2013), and Mukerji (2009) challenge the Bayesian notion of rationality due to its 
inability to express ignorance. They argue that the ability to express ignorance is not 
a mistake, and therefore ambiguity aversion can be interpreted as a pure preference.

Considering these opposing arguments, a benchmark is needed to establish a 
broader and more inclusive understanding of rationality. To achieve this, we distin-
guish a decision-maker’s ambiguity aversion from her insensitivity towards ambigu-
ous events and study these two components separately (Chateauneuf et al., 2007; 
Ghirardato & Marinacci, 2002). Specifically, ambiguity aversion decision-makers 
tend to undervalue uncertain events regardless of their likelihoods, whereas those 
who are likelihood insensitive tend to treat events of different levels of likelihoods as 
roughly the same. This tendency results in ambiguity seeking for low likelihood sce-
narios and reinforces ambiguity aversion for high likelihood scenarios. While the (ir)
rationality of ambiguity aversion remains a subject of debate, likelihood insensitivity 
is widely considered irrational and indicative of cognitive limitations (Dimmock et 
al., 2015; Dimmock et al., 2016; Einhorn & Hogarth, 1985; Gonzalez & Wu, 1999). 
This is because insensitive agents would assign greater weight to events in isolation 
than when combined, making them susceptible to money pump exploitation (Bail-
lon & Emirmahmutoglu, 2018) and net Sharpe ratio losses (Dimmock et al., 2021). 
We will assess medical experts’ rationality through the lens of both SEU theory and 
likelihood insensitivity.

We present evidence concerning ambiguity attitudes of physicians towards the 
future severity of the COVID-19 pandemic in its early stages and the financial mar-
ket in the US using an incentive-compatible online experiment. Our experiment was 
conducted in April 2020 when the knowledge about the pandemic was preliminary so 
that the tasks involve novel uncertainty. The results indicate that physicians exhibit a 
significant deviation from expected utility. Although they are only slightly ambiguity 
averse, they show substantial insensitivity towards changes in likelihood of ambigu-
ous events, which can be interpreted as being irrational. In addition, while physicians 
demonstrate a superior ability to handle uncertainty regarding stock market perfor-
mance, they exhibit a similar degree of irrationality compared to the general public 
when dealing with the ambiguity related to COVID-19. In other words, physicians 
still exhibit substantial deviation from rationality, even in their own field of exper-
tise. These findings suggest that the multifaceted nature of the new pandemic, the 
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evolving scientific understanding, and the absence of clear-cut solutions may lead to 
similar irrational behaviors among experts as those observed in the general public. 
Moreover, they highlight the importance of debiasing strategies to improve physi-
cians’ rationality under ambiguity.

The paper is structured as follows: Section 2 reviews the literature and outlines 
our contributions; Section 3 introduces our measurements of ambiguity attitudes; 
Sections 4 and 5 detail the implementation of the experiment and present the empiri-
cal results; finally, Section 6 summarizes the results, discusses the theoretical and 
empirical implications of our study, and addresses its limitations.

2 Related literature

This article is closely related to three strands of literature. The first related strand 
concerns the characterization of ambiguity attitude towards natural events, which 
refers to real-world events or circumstances that are uncertain. Examples of natural 
events include health events, financial investments, weather patterns, etc. Ambiguity 
aversion was first demonstrated through an artificial scenario, the Ellsberg’s paradox 
(Ellsberg, 1961). In one version of the Ellsberg experiment, a decision-maker is faced 
with choosing between two urns: Urn 1 containing 50 red and 50 black balls, and Urn 
2 containing an unknown number of red and black balls. The decision-maker wins an 
award if they choose the urn and a ball of a color specified by them is drawn. Ambi-
guity aversion can be identified by the preference for betting on events with known 
odds (Urn 1) over betting on events with unknown odds (Urn 2). However, ambigu-
ity attitudes might be domain dependent. To obtain accurate reflection of people’s 
attitudes towards uncertainty, many researchers, including Ellsberg himself, have 
emphasized the importance to study ambiguity through events generated by natural 
sources, in contrast to the artificial ones such as the Ellsberg urn (Camerer & Weber, 
1992; Ellsberg, 2011; Heath & Tversky, 1991).

The impact of ambiguity attitudes has been shown in various health-related deci-
sions, such as preventive behaviors (Baillon et al., 2022; Courbage & Peter, 2021), 
test and treatment selection (Berger et al., 2013; Cassidy & Manski, 2019; Manski, 
2013, 2018) and willingness-to-pay for health improvement (Fujii & Osaki, 2019). 
These findings are based on theoretical assumptions about decision-makers’ ambigu-
ity attitudes in the health domain, but lack direct empirical evidence due to the dif-
ficulty in measuring ambiguity attitudes towards natural events (Trautmann & van de 
Kuilen, 2015). This study aims to fill this gap by conducting a revealed-preference 
experiment to directly characterize ambiguity attitudes towards health events.

The second strand focuses on the debate around the rationality of ambiguity aver-
sion, which has intrigued many pioneering scholars, and is still not fully resolved 
(Ellsberg, 1963; Gilboa & Schmeidler, 1989; Klibanoff et al., 2005; Raiffa, 1961; 
Stahl, 2014). From a theoretical standpoint, while the SEU framework is widely 
appreciated for its normative appeal (Fishburn, 1981; Savage, 1954), some promi-
nent researchers such as Gilboa, Postlewaite, and Schmeidler (2008, 2009, 2012), 
Gilboa and Marinacci (2013) and Mukerji (2009) argue that rational decision-makers 
may violate Savage axioms, and thus violate EU by expressing ambiguity aversion. 
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Nonetheless, recent experimental studies by Halevy (2007), Chew, Miao, and Zhong 
(2017), Abdellaoui, Klibanoff, and Placido (2015), and Aydogan et al. (2023) show 
a close relationship between ambiguity aversion and the incapability to reduce com-
pound risk, suggesting that ambiguity aversion may reflect cognitive limitation.

To address these differing perspectives, this study applies the method introduced 
by Baillon et al. (2018), which relies on two model-free indices to measure ambi-
guity attitudes for natural events—ambiguity aversion that captures the aversion to 
unknown probabilities relative to known probabilities, and likelihood insensitivity 
that captures insensitivity towards changes in the likelihoods assigned to the state of 
nature. Separating those two components allows for a more inclusive benchmark of 
rationality.

The third strand concerns ambiguity attitudes of experts. While it is commonly 
assumed that experts, such as physicians, have more information compared to lay-
people, there is conflicting evidence on their susceptibility to behavioral biases. While 
some studies suggest that professional traders are less likely to show certain biases, 
such as preference reversals (List, 2002), the endowment effect (List, 2003, 2004), 
and ambiguity aversion (Hogarth & Kunreuther, 1989), others indicate that being an 
expert does not necessarily mean being more rational than laypeople. For instance, 
experts may exhibit similar levels of loss aversion (Pope & Schweitzer, 2011) and 
ambiguity aversion (Holm et al., 2013; Berger & Bosetti, 2019), and sometimes even 
greater levels of myopic loss aversion than others (Haigh & List, 2005).

Relative to these studies, we measure a highly relevant but rare sample of experts, 
physicians, and compare their rationality under ambiguity with those of the lay-
people. As information asymmetry exists, physicians often act as agents for their 
patients. In clinical settings, it is difficult to observe physicians’ pure beliefs since 
their suggestions may involve their concern about the patients’ adherence and claims 
for malpractice (Mendel et al., 2010). Our experimental design provides a unique 
opportunity to gather evidence on physicians’ ambiguity attitudes when they are rep-
resenting themselves rather than their patients. By doing so, it will be possible to 
distinguish between whether the suboptimal decisions made by physicians are due to 
deviating from a rational benchmark or due to considering the sentiments of the gen-
eral public. This distinction is important for determining the appropriate debiasing 
intervention, whether it be targeted at the physicians or improved physician-patient 
communication.

3 Measurement

3.1 Separating subjective beliefs

Controlling for subjective beliefs is essential for measuring ambiguity attitudes. For 
example, consider a decision-maker who finds that receiving $10 if it rains tomorrow 
is as good as receiving $10 with a 40% chance. In this case, if her subjective belief 
of raining tomorrow is precisely 40%, we would classify her as ambiguity neutral. 
However, if she believes that the probability of raining tomorrow is 80% (or 20%), 
then her preference would indicate ambiguity aversion (or seeking).
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When dealing with artificial sources of uncertainty, such as Ellsberg urns, the 
influence of subjective beliefs can be handled in two ways. Subjective beliefs of 
events can either be assumed to be equal in absence of color preference2 or con-
trolled through experimental design, which may include multiple bets or allowing 
participants to select the winning color. However, when the decision concerns natu-
ral sources of uncertainty, the subjective likelihood beliefs related to the events of 
interest are unknown, making it difficult to calibrate the benchmark of ambiguity 
neutrality. Our measurement relies on a series of “matching probabilities”. For any 
fixed price x, we find the matching probability m of event E through the following 
indifference:

Receiving amount x under event E is as good as receiving amount x with prob-
ability m.

As demonstrated by the example of betting on rain, the matching probability of 
a single event is an insufficient indicator of ambiguity attitudes. To overcome this 
issue, we adopt Baillon et al. (2018)’s method to simultaneously consider the match-
ing probabilities of an event and its complement (e.g., raining and not raining tomor-
row) so that beliefs cancel out. Since the subjective beliefs of complementary events 
by definition always add up to one, the difference between the summation of the two 
matching probabilities and one reveals an overall propensity or aversion towards 
ambiguity. In this way, subjective beliefs are separated from ambiguity attitudes.

Notably, the two indexes are constructed without committing to any specific 
decision model under uncertainty. In fact, as shown by Baillon et al. (2021), the 
two indexes generalize and unify almost all indexes in the existing literature. This 
includes models such as the smooth model (Klibanoff et al., 2005), and various mul-
tiple prior models (Chateauneuf et al., 2007; Gul & Pesendorfer, 2015), which we 
explain in detail in subsequent sections.

3.2 Ambiguity aversion

Specifically, we consider three mutually exclusive and exhaustive nonnull events 
E1, E2, and E3, where Eij  denotes the union Ei ∪ Ej  and i �= j . Every Ei  is a 
single event, and every Eij  is a composite event. Under ambiguity neutrality, the 
matching probability of an event, say m (E1), and its complement, m (E23), will 
add up to one, but under ambiguity aversion (seeking), the sum will fall below (rise 
above) one. The difference between the sum and one can be taken as the degree of 
aversion. We take the average of this difference over three events. Formally, the 
ambiguity aversion index is defined as: b = 1− −

mc −
−
mS,

where mi = m (Ei) , mij = m (Eij) , −
mS= (m1 +m2 +m3)/3 for the average 

single-event matching probability, and −
mc= (m12 +m23 +m13)/3  for the average 

composite-event matching probability. Under ambiguity neutrality, mi = P (Ei) and 
mij = P (Ei) + P (Ej) for some additive subjective probability measure P . Then 

2  The assumption of color symmetry in Ellsberg urn has been confirmed in multiple studies (e.g., Abdel-
laoui et al., 2011; Chew et al., 2017; Aydogan et al., 2023).
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−
mS= 1/3 and −

mc= 2/3, implying b = 0. Ambiguity aversion is maximal when the 
matching probabilities of all events are zero, which results in b = 1, and is minimal 
when the matching probabilities of all events are one, which results in b = −1.

The ambiguity aversion index b is an ambiguity premium, reflecting decision-
makers’ willing to pay (in probability units) to avoid ambiguity. It is a global measure 
of ambiguity aversion, which does not allow for ambiguity attitudes to vary across 
the likelihood domain. However, empirical studies have found that ambiguity aver-
sion might be larger for likely events than events of moderate likelihood, and turns 
into ambiguity seeking for low likelihood events (Trautmann & van de Kuilen, 2015; 
Kocher et al., 2018; L’Haridon et al., 2018). Therefore, we need a second index to 
capture this characteristic.

3.3 Likelihood insensitivity

We consider another index that captures the extent to which matching probabilities 
and event weights regress towards fifty-fifty, with low likelihoods overvalued and high 
likelihoods undervalued. This tendency leads to reduced differences −

mc −
−
mS , that is, 

reduced discrimination between intermediate levels of likelihood. It reflects insufficient 
responsiveness of matching probabilities to changes in the likelihoods of events.

After normalization, the ambiguity-generated insensitivity (a-insensitivity) index 
is defined as:

 
a = 3× (

1

3
− (

−
mc −

−
mS )) .

Under ambiguity neutrality, with perfect discrimination between single and compos-
ite events, −

mS= 1/3 and −
mc= 2/3, resulting in a difference of 1/3. Ambiguity neu-

trality is calibrated, giving a = 0. In the most extreme case of complete insensitivity, 
no distinction is made between levels of likelihoods as all events are taken as having 
the same odds, resulting in −

mc −
−
mS= 0, and hence a = 1.

An alternative way to understand the insensitivity index is by considering the per-
spective of the alpha-maxmin model (Ghirardato et al., 2004). We can examine a trac-
table subclass of this model (Baillon et al., 2017; Chateauneuf et al., 2007; Dimmock 
et al., 2015) that operates on the assumption that a decision-maker’s perception of the 
ambiguity in ρ  is reflected through a set of priors built by ε -contamination (Ellsberg, 
1961) around their subjective belief ρ0. This means that the decision-maker not only 
considers ρ0 but also all other ρ  around ρ0 given by (1− ε) ρ0 ≤ ρ ≤ ε + (1− ε)ρ0 , 
assigning a confidence weight of 1− ε  to ρ0 and a weight ε  to the extreme situations 
of 0 and 1. Dimmock et al. (2015) has shown that ε  equals to the insensitivity index 
a  and captures the size of the priors, reflecting the perceived ambiguity in the specific 
decision-making context.

An insensitivity index of 0 indicates a singleton prior, akin to situations of risk 
where the decision-maker is “certain” about their belief. On the other hand, an insen-
sitivity index of 1 suggests that the decision-maker perceives full ambiguity and 
considers the entire domain. For example, in our context, a decision-maker with an 
insensitivity index a  or ε  equaling 1 interprets the situation as extremely ambigu-
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ous, acknowledging that “the disease is not transmissible at all” and “the disease can 
infect the whole population” are both possible.

3.4 What is the rational ambiguity attitude?

The EU benchmark requires a = b = 0. Having a and b closer to 0 entails being closer 
to EU, and therefore, more rational. On the other hand, the inclusive benchmark 
of rationality distinguishes between ambiguity aversion and likelihood insensitivity, 
allowing for some degree of ambiguity aversion while still requiring likelihood sensi-
tivity. Following this benchmark, full rationality requires a = 0, but has no restriction 
on b since ambiguity aversion is considered a pure preference. Smaller a indicates 
less insensitivity, therefore more rationality.

4 Experiment

We recruited physicians and non-physicians in the US through the online survey plat-
form Qualtrics. The platform collects socioeconomic and demographic information 
of their panelists, allowing researchers to specify the characteristics of their target 
sample. The experiment was conducted during April 6, 2020–April 16, 2020. The 
sources of uncertainty concern the future severity of COVID-19 (specifically, the 
daily number of confirmed cases in the US) and the stock market performance (Dow 
Jones Industrial Average Index).

4.1 Participants

We collected a sample of 127 physicians and 130 non-physicians.3 Our sample cov-
ers 35 of the 50 US states. The physician and non-physician samples were recruited 
via the same platform that host deeply profiled and validated professionals, and the 
required data were collected in parallel. The platform verified physicians’ identity by 
calling their employers for confirmation.

In an ideal situation, epidemiologists, physicians specialized in aspiration pneu-
monia or infectious diseases would be the preferred candidates for investigating the 
specialists’ ambiguity attitude in the context of COVID-19. However, due to the tre-
mendous difficulty and high costs associated with collecting physician samples dur-
ing the COVID-19 outbreak, this approach has become unfeasible for us to pursue. 
Nevertheless, it is essential to recognize that physicians, regardless of their specific 
specialization, maintain their status as experts when compared to the general public. 
As such, they provide a valuable proxy for investigating experts’ ambiguity attitudes 
within specialized fields.

3  The power test suggested a sample size of at least 108 per group, with power being 0.8, the effect size of 
the difference between physicians and non-physicians in the a index being 0.15, and the standard deviation 
of a being 0.44. According to the study conducted by Dimmock et al. (2016) using the Dutch representa-
tive sample, the standard deviation of the a index is 0.44 (Table 3), and a change of 0.15 in the a index 
corresponds to about 1% point change of stock market participation probability, with an economic effect 
of a €7840 change in financial assets per person.
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The average response time is about 20 min. All participants received a participa-
tion fee paid directly by the survey platforms. Our cost of recruiting each physician 
exceeded $100, while that associated with non-physicians was about $6 per person. 
The exact amount of participation fee the platforms paid to each participant was not 
disclosed to us.

4.2 Incentives

In addition to the participation fee, each participant received the outcome of her 
decision in one question randomly drawn at the end of the experiment to provide 
real incentives for the decisions, with stakes of USD 10 (see Online Appendix B 
for details of the random incentive). The stake is comparable to those adopted in 
other studies measuring ambiguity attitudes of non-student samples (Dimmock et 
al., 2016).

In laboratories, experimenters randomly select payments transparently and allow 
the participants to verify the process, removing potential doubts or confusion. How-
ever, conducting such verification can be challenging in online experiments. To 
address this issue, we utilized the US National Institute of Standards and Technol-
ogy Randomness Beacon, which publishes a random 128-digit hexadecimal number 
every minute.4 We announce in the experiment that we would use the output value 
from the Randomness Beacon generated at April 22, 2020, 15:00 (Central Euro-
pean Time, GMT + 2), to implement the random incentive payment procedure. This 
includes determining which question to pay for randomly and implementing the risky 
prospect with different probabilities. This approach ensured transparency and verifi-
ability in the procedure.5 For further details on the implementation process and the 
information provided to the participants, please refer to Online Appendix B.

4.3 Stimuli

The elicitation comprised six matching probabilities for each uncertainty source. The 
experiment started with a training phase, whereby participants were asked two ques-
tions to familiarize themselves with the stimuli. It ended by repeating a randomly 
selected question from those presented a moment ago to test for consistency.

In each question, participants were asked to consider a specific event and choose 
between two options. We adopted choice lists to elicit matching probabilities for both 
sources (COVID-19 severity and stock market performance), with the order of the 
two sources counterbalanced. As the standards of “new case” may vary, participants 
were told that, when evaluating their responses, we would consider the number of 
confirmed new cases in the US announced by WHO in the daily reports (a link to the 
reports was provided on the experimental page). Figure 1 presents the experimental 

4  It has been used under various contexts, such as selecting test and control groups for clinical trials, select-
ing random government officials for financial audits, and assigning court cases to random judges.
5  Chark, Chew, and Zhong (2020) also used publicly observable future random events for implementing 
random incentive payments. They employed the outcomes of the China Welfare Lottery and China Sports 
Lottery as publicly verifiable source of randomness.
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Fig. 1 The choice list to elicit matching probability for an event
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page to elicit the matching probability of an event concerning the future severity of 
the COVID-19 in the US.

To elicit ambiguity attitudes towards each uncertainty source, we considered a triple of 
mutually exclusive and exhaustive single events and their compositions (Table 1 shows 
the events). We carefully selected the partition to prevent E1, E2, or E3 from being highly 
implausible and treated as null events. For each uncertainty source, we measured the 
matching probabilities of all six single and composite events. At the end of the experi-
ment, participants were required to provide their socioeconomic characteristics.

5 Results

5.1 Reliability and consistency

Participants could only start the experiment after they had correctly answered a com-
prehension question. We introduce this question to test our participants’ understand-
ing of the consequences of their choices, ensuring that they understood the incentive 
(see full experimental instructions in Online Appendix A).

To evaluate data quality, we randomly selected an event for each source of uncer-
tainty and elicited the matching probability of this event a second time to test for 
consistency. We analyze the consistency of the matching probability by comparing 
repeated elicitations. Pairwise comparisons based on the full sample and the phy-
sician and non-physician subsamples all indicate no significant difference between 
the repeated elicitations (p > 0.1 for Wilcoxon paired tests, paired t-tests, and Kol-

Part Event
COVID-
19 
Severity

The number of confirmed new cases of COVID-19 in 
the US increases/decreases by (strictly) more/less than 
… on [date T], compared to [date T − 1]
E1 (−100%, −5%)

E2 [−5%, 10%]

E3 (10%, +∞)

E12 (−100%, 10%]

E23 [−5%, +∞)

E13 (−100%, −5%) 
or (10%, +∞)

Stock 
Market

The closing price of Dow Jones increases/decreases by 
(strictly) more/less … on [date T], compared to [date 
T − 1]
E1 (−100%, −3.5%)

E2 [−3.5%, 3%]

E3 (3%, +∞)

E12 (−100%, 3%]

E23 [−3.5%, +∞)

E13 (−100%, −3.5%) 
or (3%, +∞)

Table 1 Events for two uncer-
tainty sources

Note: In the training part 0, 
the ranges were (5%, +∞) for 
COVID-19 and (−100%, −2%) 
for stock market.
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mogorov-Smirnov tests). As no statistically significant differences between the first 
and second elicitation of these matching probabilities were noted, the first matching 
probability elicited for each event was adopted in the remainder of the analysis.

5.2 Descriptive results

The descriptive statistics of the physician and non-physician samples are presented 
in Table 2. Comparing the two subgroups, physicians are more likely to be male, 
slightly older, have financial investment experience, and exhibit higher levels of edu-
cation and income than the non-physician sample.

Figure 2 displays the physician and non-physician participants’ raw matching 
probabilities to the uncertain events (as detailed in Table 1). There is more variation 
in the matching probabilities of different uncertain events given by physicians (repre-
sented by the light blue bars) than in those given by non-physicians (represented by 
the dark green bars), suggesting that physicians distinguish between different uncer-
tain events than non-physicians do.

5.3 Ambiguity attitude indexes

Using these matching probabilities of three single events and three composite events, 
we calculate the indexes that capture the individual’s ambiguity attitudes, as elabo-
rated in Sections 3.2 and 3.3. As a result, for each participant, we obtain two pairs 
of indexes a  and b , one pair capturing the participant’s ambiguity attitude towards 
COVID-19 severity and the other pair capturing the participant’s ambiguity attitude 
towards the stock market performance during the same time window.

Table 3 displays OLS regression results with the two indexes as the dependent vari-
able. In Columns 1–4 on the left panel, the ambiguity aversion index b is regressed in 
linear models with errors clustered by individuals. Column 1 demonstrates that both 
physicians and non-physicians are modestly ambiguity averse, as the intercept is sig-
nificantly different from 0. The magnitude of ambiguity aversion is indistinguishable 
either between the physician and non-physician groups or between the two sources 

Physicians
N = 127

Non-physicians
N = 130

Age 43.80
(12.43)

40.33
(14.42)

Male 84.25% 49.23%
Investment experience 78.74% 39.23%
Education attainment
 Without Bachelor’s degree 3.94% 52.31%
 Bachelor’s Degree 2.36% 25.38%
 Master Degree 10.24% 16.15%
 Doctorate Degree 83.46% 6.15%
Income (in USD) 159,409

(54,480)
76,500
(57,925)

Table 2 Descriptive statistics

Note: Standard deviations in 
parenthesis.
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of ambiguity. Columns 2 and 3 replicated the results including the fixed effects of 
the date and state of data collection, without or with demographic control variables.

Column 3 shows that the degree of ambiguity aversion is strongly predicted by 
the participants’ education attainment. Participants with a graduate degree (Master, 
JD, MD, or PhD) are much less ambiguity averse than those without one. In addition, 
ambiguity aversion is also marginally correlated with age, with younger participants 
being less ambiguity averse than elder participants. The coefficients remain highly 
consistent when we exclude the physician dummy (Column 4), suggesting that the 
effect of the physician dummy is not driven by the differences in demographic vari-
ables between physicians and non-physicians.

In Columns 5–8 on the right panel, the ambiguity insensitivity index a is regressed 
in linear models with errors clustered by individuals. Column 5 shows that the partici-
pants exhibit severe a-insensitivity, as the intercept is significantly positive and indis-
tinguishable from 1. In contrast to the homogeneous ambiguity aversion index, the 
a-insensitivity differs substantially between the physician and non-physician groups, 
with physicians demonstrating significantly less insensitivity towards changes in 
likelihoods. In addition, participants are less insensitive towards likelihood changes 
in the COVID source. Although the interaction term between physician and Source 
COVID is not significant, linear hypothesis testing reveal that the sum of the main 
effect of Physician and the interaction term of Physician × Source COVID becomes 
indistinguishable from zero, suggesting that physicians exhibit less likelihood insen-

Fig. 2 Matching probabilities of uncertain events regarding COVID-19 severity and the Dow Jones 
index given by physicians and non-physicians, with bars showing the standard errors
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sitivity than the general public when facing uncertainty in the stock market source, 
but not when facing uncertainty in the COVID source.

Columns 6 and 7 replicated the results by including the fixed effects of the date and 
state of data collection, and without or with demographic control variables. Column 
7 shows that a-insensitivity is only marginally correlated to income and education. 
The significant levels of the coefficients do not change when we exclude the physi-
cian dummy (Column 8), suggesting that the difference between physicians and non-
physicians regarding their a-insensitivity is unlikely to be driven by the difference in 
socioeconomic backgrounds of the two groups.

6 Summary and discussion

Are physicians rational under ambiguity? It is a critical question as the insights 
gained from this inquiry have significant implications for assessing the reliability of 
health-related decisions made in uncertain contexts and determining the necessity 
of providing additional decision-support tools to assist physicians. This, in turn, can 
contribute to enhancing patient care and health outcomes. Our study illuminates this 
matter by examining the ambiguity attitudes of both physicians and non-physicians 
in the face of ongoing natural events. Using an incentive-compatible experiment to 
collect data, we have calculated the two indexes representing ambiguity aversion and 
likelihood insensitivity.

6.1 Physician rationality under ambiguity

Under SEU, rationality necessitates both indexes to be zero. Our findings indicate 
that neither physicians nor non-physicians meet this standard of rationality when fac-
ing natural sources of uncertainty. Despite their extensive training and access to more 
information, physicians, akin to our non-physician participants, significantly diverge 
from SEU norms. This divergence is characterized by a modest degree of ambiguity 
aversion and pronounced levels of likelihood insensitivity.

Comparing physicians and non-physicians, we observed no significant difference 
in their levels of ambiguity aversion. However, a notable disparity was found in their 
likelihood insensitivity. By considering a modified criterion for rationality allows 
for non-zero ambiguity aversion and emphasizes zero likelihood insensitivity as the 
primary measure, our data confirm that physicians are more rational than non-physi-
cians when handling uncertainty from natural sources.

The analysis becomes more intricate when differentiating between the sources of 
uncertainty. Interestingly, our participants showed less insensitivity, though still high 
in absolute value, towards the COVID-19 scenario compared to the stock market. 
This could be caused by extensive media coverage and public discourse of the pan-
demic. However, it is noteworthy that physicians do not appear to handle uncertainty 
regarding the future severity of COVID-19 with greater rationality than the general 
public. This finding suggests that the advantage physicians hold in managing uncer-
tainty is source-dependent. While they generally outperform the public in traditional 
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domains, this edge may diminish in novel health crises where the public exhibits 
heightened rationality.

6.2 Theoretical implications

Our findings underscore the necessity of utilizing both ambiguity aversion and like-
lihood insensitivity indexes to fully capture the dimensions of ambiguity attitudes. 
Sole reliance on ambiguity aversion risks misinterpretation and overlooks signifi-
cant variances among participant groups and uncertainty sources—differences that 
become apparent only through the lens of the insensitivity index.

Our results also reveal two distinct influences on likelihood insensitivity: the 
nature of information sources and variations across individuals, thereby enriching 
our comprehension of likelihood insensitivity. Previous research has associated like-
lihood insensitivity with cognitive limitations (Grevenbrock et al., 2021; L’Haridon 
& Vieider, 2019) and with manipulation of cognitive capacities (Baillon et al., 2018; 
Choi et al., 2022). Our findings corroborate these studies, as we observed a marked 
disparity in likelihood insensitivity between physicians and non-physicians, indicat-
ing that physicians possess a cognitive edge in dealing with uncertainty.

The observed variation in likelihood insensitivity across different sources of nat-
ural uncertainty suggests that this index extends beyond mere cognitive capacity. 
Our study found that participants exhibited less insensitivity towards uncertainties 
stemming from COVID-19 compared to those related to the stock market. This pat-
tern indicates that insensitivity encompasses not only the decision-makers’ ability to 
differentiate likelihoods but also their subjective judgment about the inherent uncer-
tainties unique to each source. Aligning with findings from laboratory studies that 
demonstrate how artificial sources of uncertainty influence likelihood insensitivity 
(de Bruin et al., 2000; Hey & Pace, 2014), our research underscores the source-
dependent nature of likelihood insensitivity in the context of natural events.

6.3 Real-world implications

Our study uncovers a significant degree of irrationality in physicians’ decision-mak-
ing under uncertainty, signaling an urgent need for improvement and targeted inter-
ventions, particularly in addressing likelihood insensitivity.

Our study underscores the dual nature of likelihood insensitivity, highlighting 
two distinct factors: decision-makers’ cognitive limitations and the lack of com-
prehensive information regarding the uncertainty source. Therefore, a two-pronged 
approach is essential for effective intervention. Firstly, addressing cognitive limita-
tions involves enhancing decision-makers’, especially physicians’, understanding of 
likelihoods. They should be made aware of their likelihood insensitivity bias and 
encouraged to adopt decision-support tools, such as decision trees and expected util-
ity calculators. Incorporating these tools as standard elements in medical practices 
dealing with significant ambiguity is imperative. Furthermore, considering that com-
plex decision environments can strain cognitive resources, we suggest alleviating 
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the time  pressures experienced by physicians, recognizing that although some situ-
ations naturally impose time constraints, it is important to make concerted efforts to 
mitigate these pressures whenever possible. Studies have shown that such pressures 
contribute to increased insensitivity (Baillon et al., 2018; Choi et al., 2022).

Secondly, to mitigate insensitivity arising from information scarcity, especially 
in novel uncertainty sources, we need innovative approaches. An initial approach to 
tackle this issue involves supplying accessible preliminary records of the uncertain 
events’ outcomes. This method has proven effective in reducing insensitivity towards 
the performance of stock market Initial Public Offerings in a laboratory experiment 
(Baillon et al., 2017).

6.4 Limitation and future research

Our study was conducted during the early stages of the COVID-19 pandemic, pri-
marily to uncover physicians’ ambiguity attitudes towards an unfolding public health 
crisis at the moment. However, this period was also marked by heightened pressure 
on physicians, a factor known to impede cognitive abilities. Future research should 
investigate whether our findings remain consistent under normal circumstances, 
where such pressures are less pronounced. Furthermore, it would be insightful to 
examine the dynamic evolution of physicians’ sensitivity to uncertainty as scientific 
progress unveils more information about the novel virus. While this line of inquiry is 
compelling, it extends beyond the purview of our current investigation, yet it repre-
sents a significant opportunity for future scholarly exploration.

To align our study with existing literature, we utilized the stock market as a tra-
ditional source of uncertainty, a choice informed by its frequent use in pioneering 
studies on natural sources of uncertainty with various populations (e.g., Baillon et 
al., 2017; Dimmock et al., 2016, 2021). It would be insightful to explore whether 
physicians exhibit more rational behavior when dealing with medical uncertainties 
within their areas of expertise, compared to their responses to a novel pandemic like 
COVID-19. Future studies following this path could expand upon our findings to 
delve deeper into physicians’ ambiguity attitudes towards different health-related 
sources of uncertainty. Ideally, with a larger pool of medical participants, future 
research could specifically target medical specialists, focusing on uncertainty sources 
that align closely with their specialized fields of knowledge.
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