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Education is the most powerful weapon which you can use to
change the world.

Nelson Mandela (1918–2013)

INTRODUCTION

Behavioral economics (BE) studies the effects of psychologi-
cal, cognitive, emotional, and social factors on the economic
decisions of individuals and institutions. Neuroeconomics—also
called decision neuroscience—is the science that studies the
principles of how the brain underpins economic and other deci-
sions.1 In the last few years, some researchers have applied con-
cepts from BE and neuroeconomics to clinical care and gained
novel insights. Several studies showed the impact of cognitive
biases (e.g. overconfidence, status quo, outcome bias, etc.) and
risk preferences (e.g. aversion to ambiguity, tolerance to uncer-
tainty, etc.) in clinical care.2 This is likely related to physicians’
limited education in decision-making and formal training in risk
management. Most medical schools do not include decision-
making and risk management courses in their curriculums.3

Medical education in these two crucial topics (commonly faced by
physicians in their routine clinical practice) is key for the training
of future physicians who would be making rationale and complex
decisions about others (e.g. their patients).

DECISION-MAKING UNDER UNCERTAINTY

Most physicians must make diagnostic and therapeutic deci-
sions under uncertainty with insufficient or imperfect information.
As such, individual physicians’ tolerance to uncertainty may
affect decisions in clinical care. In BE, uncertainty is a generic
term that comprises risk and ambiguity. Risk applies to events
with known probability, whereas ambiguity is a term reserved for
events for which probabilities are unknown.1 For example, the
prevention of stroke with anticoagulants for patients with atrial
fibrillation is a classic example of risk, given the probability is
known (approximately 5%/year without taking into account spe-
cific characteristics). Some therapeutic decisions (e.g. treatment
response for MS) would fall under ambiguity, given that the true
efficacy of an agent is not known at the individual patient level.

Typically, people are reluctant to take risks or make choices under
ambiguity.4

Ambiguity is not an all or nothing concept and it can be studied
using experimental designs. For example, previous studies inclu-
ded experiments asking participants to choose between a visual
option with known 50/50 probability of winning $400 or $0 ver-
sus an option with unknown probability of the same outcomes.
Grey bars represented the degree of ambiguity to which the win-
ning probability was unknown (Figure 1).5 The degree of ambi-
guity aversion can be defined as the proportion of times
participants chose the 50/50 option over the ambiguous option
involving the same outcomes.

A similar strategy can be used for assessing ambiguity in the
health domain. For example, participants can be asked to choose
between Treatment A (50% probability of survival) and Treatment
B (the probability of survival is unknown), with the grey bars
quantifying how much is unknown about the probability of sur-
vival. Another factor that may influence clinical decisions is risk
aversion defined, for example, as the tendency to prefer safe
payoffs over probabilistic payoffs when the expected value of
both options is identical.4

A risk-averse patient would thus prefer a treatment that pro-
vides a small improvement with certainty over a treatment that
provides a larger or no improvement with equal chance (50/50).
For example, participants may choose to receive a secured $100
instead of the 50/50 chance of winning $400 or 0$ (with a higher
expected value of $200).

APPLICATION TO MEDICAL DECISION-MAKING

Although most studies in medical decision-making have tar-
geted patients, few reports were focused on physicians. Moreover,
there are a few studies applying experiments from BE or neuroe-
conomics to medical care. For example, a study including 94
obstetricians who attended 3488 deliveries evaluated the tolerance
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to uncertainty using validated survey. The authors showed that
stronger tolerance of ambiguity was associated (p < .006) with
optimal management (reflected by lower instrumental vaginal
deliveries) and lower medical errors.6 Another study randomized
primary care clinicians to one of three interventions (an compu-
terized alert system, a peer comparison, control group) regarding
antibiotic prescriptions for patients with an acute respiratory
infection. Antibiotics are deemed not necessary (and considered
inappropriate use) for most upper respiratory tract infections. The
peer comparison group was informed about their performance
compared to their colleagues (e.g. ‘Top 10 of their peers’ when
making correct decisions not prescribing antibiotics), whereas the
computerized alert group received alternative options.7 Given the
immediate feedback given to all participants, the authors intrin-
sically applied the concepts of peer pressure and herding (parti-
cipants followed recommendations from other colleagues rather
than deciding independently on the basis of their own private
information) to the peer comparison group. Primary care physi-
cians randomized to the peer comparison group had a reduced
prescription of antibiotics (odds ratio [OR] 0.73; 95% confidence
interval [CI] 0.53–0.995).7

Our group studied therapeutic decisions in multiple sclerosis
(MS) made by neurologists applying experiments evaluating risk,
ambiguity, and herding.5 There are many treatments available for
MS, ranging from low efficacy and low risk of side effects to
highly efficacious agents with greater risk of severe side effects.
We found that 7 out of 10 neurologists from Spain (n = 96) failed
to escalate treatment when recommended by guidelines, a phe-
nomenon called therapeutic inertia (TI). In other words, physi-
cians with TI elected the status quo by not changing the treatment
when patients were not doing well. Aversion to ambiguity in the
financial domain was the most relevant predictor of TI (OR 7.39;
95% CI 1.40–38.9), followed by low tolerance to uncertainty (OR
3.47; 95% CI 1.18–10.2).5 This finding was replicated among
neurologists from Argentina and Chile (n = 115; OR for aversion
to ambiguity: 2.91; 95% CI 1.06–8.04; OR for low tolerance to
uncertainty: 1.47; 95% CI 1.02–2.11). Similar associations were
found for stroke prevention in the management of atrial fibrilla-
tion (most common cardiac arrhythmia) among cardiologists and
general practitioners.

In a follow-up study, the authors evaluated the potential ben-
efits of an educational intervention to ameliorate TI. We applied

the traffic light system (TLS) as an educational strategy to facil-
itate the decision-making process of treatment selection for MS by
reducing aversion to ambiguity. The TLS emerged as a strategy to
warn people and draw their attention to risk, with the goal of
reducing human errors by facilitating the integration of specific
situations with a corresponding action. The expectation is that the
TLS would decrease aversion to ambiguity and consequently
lower TI. The authors evaluated the association between risk
preferences and aversion to ambiguity with physicians’ responses
to different simulated situations of MS patients at low, medium, or
high risk of disease progression.5 The goal of the TLS was to
match case scenarios with three types of situations according to
the risk of disease progression: red light (high risk of progression,
“stop and think”), yellow light (intermediate risk of progression,
“reassessment needed sooner than usual”), and green light (low
risk of progression, “continue the same strategy”). The application
of the TLS was feasible and promising by showing a trend
towards a reduction in TI compared to controls (OR 0.57; 95% CI
0.26–1.22).8 In another study, the authors assessed herding among
96 neurologists with expertise in MS. Herding is a phenomenon
that can occur in MS when neurologists follow a therapeutic
recommendation by a colleague even though it is not supported by
best practice clinical guidelines. Nearly 8 out of 10 neurologists
exhibited herding. Higher volume of medical consultations per
week was associated with higher incident risk of herding (OR
1.08, 95% CI 1.01–1.14). Demographic factors, years of practice,
and physicians risk preferences were not associated with herding.
These findings may suggest that physicians when overwhelmed
by the volume and complexity of medical consultations are more
likely to follow peers’ recommendations (even when erroneous)
instead of individually analyzing medical information. The most
common medical environment that may lead to herding-like
decisions are emergency departments prone to cascade of errors
due to high volume of consultations, time pressures, physicians’
frequent shifts leading to fragmented care and suboptimal
communication.

Together, these examples provide some evidence for the link
between physicians’ aversion to ambiguity, herding, and sub-
optimal treatment decisions, ultimately affecting patient out-
comes. Furthermore, physicians exposed to cognitive biases or TI
could be trained by implementing effective educational
interventions.

Figure 1: Experiments to determine aversion to ambiguity.5

Panel A, Varying ambiguity in the health domain. Panel B, Varying ambiguity in the financial domain.
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What are the Underlying Biological Basis That Link
Ambiguity Aversion, the TLS, and TI?

A study applying neuroeconomic methods (functional MRI) in
food choice showed that the TLS enhances the coupling between
brain regions associated with valuation and self-control. Specifi-
cally, the red traffic light activated the left inferior frontal gyrus
and the dorsolateral prefrontal cortex, a brain region implicated in
self-control of food choice. In other words, the red traffic light
may interrupt automatic decisions (e.g. temptation to choose tas-
tier but unhealthier food, the status quo of no treatment changes)
by triggering a re-evaluation process (e.g. rethinking food choices
under the aspect of health being valued more strongly than taste,
rethinking about the risk of disease progression), allowing for
deliberation to take place.9

CLOSING REMARKS

Both BE and neuroeconomics have provided useful insights
into medicine. Physicians are the most responsible decision-
makers, sometimes with limited training in risk management and
medical education. Future studies evaluating educational inter-
ventions may help improve physicians’ and patients’ treatment
choices, leading to better outcomes and quality of life.
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