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Abstract 
A nascent field combining theory and methodology from neuroscience and finance, 
neurofinance takes what we know at the neurobiological level and applies it to investor 
decision-making. It aims to propose new theories about investor behavior and to test existing 
theories that are difficult to test with behavioral data alone but can however be tested with a 
combination of behavioral and neural data. The path taken in recent research has uncovered 
neurobiological foundations for well-known anomalies in investor behavior, revealing enticing 
opportunities for improving investor decision-making in the future. 
 
Keywords: Neurofinance, neuroeconomics, behavioral finance, decision-making under 
uncertainty, risk taking, neuroforecasting  
 
 

 
1. Introduction 

 
“Financial behavior that may seem irrational 
now is behavior that hasn’t had sufficient time 
to adapt to modern contexts across evolutionary 
time. An obvious example from nature is the 
great white shark, a near perfect predator that 
moves through the water with fearsome grace 
and efficiency, thanks to 400 million years of 
adaptation. But take that shark out of the water 
and drop it onto a sandy beach, and its flailing 
undulations will look silly and irrational. It’s 
perfectly adapted to the depths of the ocean, not 
to dry land.” (Lo (2017), p.9) 

 
 

1.1 Homer Simpson versus Zelig—what of the investor brain? 
The nascent scientific field neurofinance combines theory and methodology from neuroscience 
and finance to study how the brain perceives and reacts to financial risks. These emerged only 
recently in evolutionary time, implying little time for the brain to adapt. After all, evolution 
shaped our brain to maximize survival in the ancestral lifestyle. This begs the question of which 
aspects of modern financial risk-taking clash with the latter. Take, for example, the challenge 
of risk appraisal—learning about the risk/reward profiles of potential investment opportunities. 
We will see later in this chapter that the same investor who repeatedly makes suboptimal 
investing choices in contexts where the investment set is presented through explicit statistics 
may well be able to choose the right investment in contexts that are more congenial to the brain, 
for instance, if the investor becomes acquainted with the investment set through return 
simulations. This is one example of context-dependent behavior. 
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The notion of context dependence constitutes an important paradigmatic departure from the 
common belief in the social sciences that “bounded rationality” resonates with “irrationality”.1 
Thaler (2016) famously represented that view using the figure of Homer Simpson as a 
metaphor of human limited intelligence to be contrasted with the idealistic (“Spock-like”) 
Homo Economicus model. Neuroscientists would instead advance the figure of “Zelig”—the 
human chameleon depicted by Woody Allen—to stress the context dependence of human 
cognition—the fact that investor behavior is expected to be Spock-like in contexts designed to 
match the ancestral lifestyle in key regards (I elaborate next) and Homer-like otherwise. 
 
1.2 Practical implications 
A key challenge for behavioral finance research, therefore, is to examine how decisions come 
about in the brain and to pin down the contextual elements of investor decision-making to 
which the brain is not well adapted. The ultimate purpose is to help improve investor decisions 
by removing those elements of mismatch between the brain and modern financial risk-taking. 
This goal involves both reshaping the investor brain and redesigning key aspects of the 
investing landscape to better match the investor brain (“neuro-ergonomics”). 
 
Reshaping the investor brain In Section 2.1.2, I will discuss the topic of changing investors’ 
mental models related to market instability. Investors facing fast-changing market conditions 
tend to ignore it by default due to the nature of their prior knowledge regarding stability. 
Evidence indeed suggests that by default, investors consider their environment to be stable, 
which is at odds with the instability observed in many markets. Recent research points to the 
possibility of reshaping investor beliefs about stability so that investors facing fast-changing 
conditions become aware that instability is an inescapable element of their world. 
 
Neuro-ergonomics Prospectuses furnished by financial institutions to investors typically show 
a recent history of asset returns in a numeral format. We will see in Section 2.1.2 that alternative 
information formats could be used instead to allow investors to grasp the statistics underlying 
realized asset returns. We will also see in Section 3.1 that making capital gains less salient on 
trading platforms may help “debias” the celebrated “disposition effect”—the robust bias 
whereby investors have a greater propensity to sell stocks trading at a gain relative to purchase 
price than stocks trading at a loss. 
 
These are examples of behavioral interventions aimed at reducing the mismatch between the 
investor brain and the investing landscape. Recent research suggests that “neuro-ergonomics” 
could further involve leveraging matching elements between the two. Take, for instance, the 
way visual and auditory components systematically covary in trading floors: turbulent times 
mean both high asset price volatility displayed on trader screens and high ambient noise (what 
traders call “the buzz”), and low volatility is typically associated with quiet on the floor.2 
Evidence suggests that such covariation of visual volatility and ambient noise helps traders 
gauge volatility (Payzan-LeNestour et al., 2021) possibly because using both visual and 
auditory cues to predict events provided a survival advantage over using either modality alone 
in the ancestral lifestyle.3 

 
1 Tversky and Kahneman (1974), the cornerstone of what is called the “heuristics and biases” literature, inspired 
many studies across the social sciences on the role of cognitive biases and restrictions, such as limitations in the 
number of variables agents can keep track of or pay attention to. Classical examples in behavioral finance 
include Huberman and Regev (2001), Hirshleifer et al. (2009), and Gao et al. (2011).  
2 For example, Jones et al. (1994) and Coates (2012). 
3 For example, Garcia and Koelling (1966) and Brown and Richerson (2014). 
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1.3 Structure of this chapter 
Improving investor decision-making based on the logic explained above is difficult without 
pinning down the root causes of investor behavior at the neurobiological level. Research in 
neurofinance sets out to achieve this goal. By doing so, it contributes to our understanding of 
investor behavior at each stage of the scientific process. To illustrate this, I have framed this 
chapter around Charles Peirce’s description of the scientific process as a three-stage inquiry 
(Peirce, 1877). The first stage consists of conceiving new ideas and selecting those that are 
worth testing (“abduction”).4 Selected ideas are then made “falsifiable” (Popper, 1959), i.e., 
testable implications are drawn from them (“deduction”). Finally, these implications are tested 
with empirical data (“induction”). At the end of the process, ideas are either rejected or 
amended through abduction again, whereby the scientific process is akin to a loop (Fig. 1). 
 
Research in neurofinance contributes to our understanding of investor behavior at each stage 
of this process. At the abduction stage, well-established neuroscientific knowledge can be 
harnessed to generate new ideas about investor behavior (Section 2). At the deduction and 
induction stages, theories about investor behavior that are difficult to test with behavioral data 
alone can however be tested with a combination of behavioral and neural data, with potential 
implications for practitioners and policy-makers (Section 3). 
 

 
 
 
Fig. 1. Neurofinance contributes to behavioral finance at each stage of the scientific 
process. 
 
2. New Ideas Leading to New Discoveries 
Albert Einstein’s experience as a scientist was that new ideas come “suddenly and in a rather 
intuitive way”.5 New ideas can also come from revisiting old ideas, and neuroscience provides 
finance scholars with new lenses to study investor behavior. In this section, I provide examples 
of recently proposed hypotheses about investor behavior that emerged from taking what we 
know at the neurobiological level and apply it to investor decision-making. 
 

 
4 The criterion for deeming an idea “worthy” is that if the idea is true, some otherwise-puzzling fact becomes a 
“matter of course” (Burch, 2018). 
5 Isaacson, W., 2007.  Albert Einstein, Letter to Dr. H. L. Gordon (May 3, 1949). 
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2.1 The brain as a “Bayesian sampler” 
One key neuroscience insight is that the brain is a “Bayesian sampler” (Sanborn and Chater, 
2016): it did not evolve to interpret explicit probabilities (the exercise was useless or 
“ecologically irrelevant” in primitive environments6) but to perform natural sampling tasks 
that were critical for survival (e.g., foraging for food). As a result, people flounder with 
elementary probability tasks7 but often fare well when the same tasks allow for sampling from 
probability distributions or, in the language of psychologists, “learning from experience” (e.g., 
Erev et al., 2010). For example, when Gigerenzer et al. (1988) allowed people to directly 
experience random sampling in Kahneman and Tversky’s (1973) classic “Engineer-Lawyer 
problem”, the celebrated “base rate neglect” bias was markedly reduced. In a path-breaking 
study that pioneered neurofinance as a new scientific field, the notion that through natural 
sampling, the brain can assess the value of predictors as if it were endowed with a calculator 
for the celebrated Black-and-Scholes formula was advanced (Montague and Berns, 2002). 
 
This representation of the brain allows us to reconcile the heuristics and biases literature, which 
as stressed above emphasizes cognitive limitations in people, with substantial evidence that 
human cognition approximates the optimal Bayesian benchmark within important domains of 
human psychology.8 It motivated experimental finance scholars to study how the investor 
brain, when placed in ecologically relevant contexts, learns about key statistics of return 
distributions, starting with the first two moments. 
 
2.1.1 Mean-variance analysis in the brain Preuschoff et al. (2006) provided evidence that 
the brain engages in mean-variance analysis. To establish this, the researchers presented 
subjects with a deck of ten randomly shuffled cards numbered 1 to 10. Two cards were drawn 
from the deck without replacement. Task participants were asked to bet whether the second 
card would be lower than the first. Once the participant posted her bet (for $1), the two cards 
were displayed, one after the other. Brain activation was measured through blood oxygenation 
level-dependent (BOLD) imaging upon revelation of the first card, which represents the point 
when the participant’s brain should encode the corresponding changes in expected payoff and 
risk. By design, expected payoff and payoff variance changed each in their own manner as a 
function of reward probability. Specifically, expected reward increased linearly, and risk 
displayed a symmetric, inverted U-shaped pattern with a peak at probability 0.5 (Fig. 2A). If 
expected reward and risk are encoded somewhere in the brain, activation should exhibit the 
same patterns. The researchers found the ventral striatum—a key node of the reward system—
to encode expected value (Fig. 2B) and the anterior insula to track variance (Fig. 2C and 
Preuschoff et al., 2008). 
 

  

 
6 For example, Brennan and Lo, 2011. 
7 For example, Tversky and Kahneman (1974) and Grether (1992). 
8 For example, Körding and Wolpert (2004), Griffiths and Tenenbaum (2006), and Xu and Tenenbaum (2007). 
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Fig. 2. Mean-variance analysis in the brain. A. Expected payoff and payoff variance as a 
function of the probability of reward in the card task used in Preuschoff et al. (2006). Brain 
signals that encode these statistical features should show similar relationships. B. Mean 
activations across 19 participants (red circles) and 95% confidence intervals (line segments) 
stratified by level of reward probability in the ventral striatum (a key node of the reward 
system). The activation patterns are increasing and linear, which is required if the activations 
are to be associated with  expected reward. C. Mean activation in the right anterior insula across 
the participants (blue circles) as a function of reward probability shows the inverted U-shaped 
pattern needed for it to encode payoff variance. Source: Preuschoff et al. (2006). 
 
   
Glossary 
 
Amygdala: An almond-shaped cluster of nuclei located deep and medially within the temporal 
lobes of the brain. As a key node of the fear system, the amygdala plays a primary role in 
emotional responses related to fear, anxiety, and aggression. 
 
Anterior cingulate cortex: Located along the medial wall of the frontal lobes, immediately 
posterior to the medial prefrontal cortex, the anterior cingulate cortex is implicated in salience 
detection and in signaling when action outcomes are misaligned with expectations (i.e., 
prediction error). 
 
Anterior insula: A region of the cerebral cortex containing so-called “von Economo neurons” 
(VENs), which play a fundamental role in human emotional awareness and self-consciousness 
(Allman et al., 2005; Craig, 2009). Its functional roles also include detection of relevant 
environmental stimuli within the “salience network” (Downar et al., 2000), and signaling risk 
and potential losses as part of the fear system. 
 
Blood oxygenation level-dependent (BOLD) imaging: The standard technique used to 
measure brain activity in functional MRI (fMRI) experiments. Participants in such experiments 
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are asked to lie down on a narrow table that slides into a metal tube surrounded by a large 
magnet. A mirror installed inside the tube allows the participant to see a computer screen 
outside the MRI machine on which the experimental task is displayed. A strong magnetic field 
is created inside the tube, causing the hemoglobin [the protein that transports oxygen 
throughout the body] in the participant’s blood to emit its own magnetic field that the MRI 
machine can detect. Hemoglobin without oxygen responds more strongly to a magnetic field 
than hemoglobin with oxygen. The MRI machine can thus track changes in blood oxygenation 
in the brain. The neurons in an active region of the brain will require more oxygen than average, 
and brain activity depletes oxygen levels. Therefore, contrasts in a fMRI scan reflect changes 
in oxygen levels, which reflect activity in the region. 
 
Dorsomedial prefrontal cortex (dmPFC): A key node of the “central executive function 
network” (Weissman et al., 2006, Mitchell et al., 2009), which is involved in cognitive 
appraisal and response expression when a task is to be performed. Its key functional roles 
include detecting response conflict and signaling the need to reallocate attentional resources to 
other areas. It is also involved in the representation of the mental state of other individuals, 
which is also known as Theory of Mind or ToM (e.g., Frith and Frith, 2003, and Amodio and 
Frith, 2006). 
 
Fear or “threat detection” system: A collection of serotonergic (serotonin-releasing) neurons 
that project from the raphe nuclei (a cluster of nuclei found in the brain stem) to several 
serotonergic targets, including the anterior insula and the amygdala. The vmPFC is also a key 
node of that pathway, which is activated by the perception of threat (LeDoux, 1996). 
 
Inferior frontal gyrus: A key node of the central executive function network; it is implicated 
in the adaptation to abrupt contextual changes when previous responses are suboptimal. Its key 
functional roles include reorienting attention, inhibiting responses to previously rewarded 
stimuli, and overcoming avoidance of previously punished stimuli. 
 
Locus coeruleus (LC): Subcortical nucleus located in the brain stem and the primary source 
of the neurotransmitter norepinephrine in the brain. It is is believed to be implicated in the 
signaling of abrupt changes in one’s environment (Payzan-LeNestour et al., 2013). 
 
Nucleus accumbens (NAc): Subcortical nucleus located in the ventral striatum and a primary 
source of the neurotransmitter dopamine in the brain. It is a key node of the reward system. 
 
Prior knowledge: The accumulation of learned associations, patterns, generalizations, and 
abstractions acquired through intentional or incidental learning events and lived experiences. 
 
Model free reinforcement learning: Applied to financial decision-making, this term refers to 
the use of adaptive expectations to forecast action payoff, which in many contexts results in 
behaviors well described by the “win stay lose move” heuristic. Evidence suggests that it is 
hardwired in the human brain (Doll et al., 2012; Schultz, 2016). 
 
Reward system: This term refers to the mesolimbic dopaminergic pathway, a collection of 
dopaminergic (i.e., dopamine-releasing) neurons that project from the ventral tegmental area 
(VTA) to the ventral striatum and vmPFC. Dopaminergic activation of the pathway is 
accompanied by the perception of reward. As such, the reward system is the neural substrate 
of desire or “wanting” (Panksepp, 1998; Wyvell and Berridge, 2000). 
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Nudge: A strategy to shape behavior in a predetermined direction by designing the choice 
context in a manner that is known to produce a behavioral pattern. Nudges operate either on 
automatic processing (e.g., making opt-in the default in organ donation systems increases 
transplantation rates) or, in the case of so-called “information nudges” and “boosts” (Hertwig, 
2017), on people’s deliberation (e.g., warning signs for drivers prime their vigilance system in 
dangerous situations; providing nutritional charts to consumers shows them the calories hidden 
in some foods). 
 
Ventromedial prefrontal cortex (vmPFC): A key node of the brain valuation system (Rolls, 
2006; Fellows and Farah, 2007). The orbitofrontal cortex (OFC), an area within the vmPFC, is 
involved in the computation of the value of available options at the time of a decision (Berridge 
and O’Doherty, 2013). The vmPFC is also implicated in the processing of fear and is critical 
in the regulation of amygdala activity in humans, thereby playing an important role in the 
inhibition of emotional responses and the process of self-control. 
 
 
2.1.2 Learning about unstable payoffs 
These findings suggest that the investor’s brain is well equipped to learn about the risk/reward 
profiles of investment opportunities. However, one could argue that the experimental task used 
in Preuschoff et al. (2006) is less challenging than what real-world investors face in one key 
aspect, namely, instability. Specifically, the risk/reward profiles of investment opportunities 
occasionally change in a sudden manner, for diverse reasons, including shifts in the demands 
of the goods or services produced, jumps in asset returns, etc. When observing a streak of low 
payoffs, the investor should determine whether the streak signifies a break with the past, in 
which case learning about the value of the option at hand should resume from scratch. 
 
Payoff instability complicates investor learning substantially (it involves simultaneously 
assessing payoff and break probability through “hierarchical Bayesian learning” or similar 
methods9). Payoff instability also substantially increases the incentives of optimally learning 
about payoffs. Indeed, under stability, i.e., when payoff value does not change or changes 
slowly such that the past is predictive of the present, the most plausible suboptimal (“boundedly 
rational”) learning approach, model free reinforcement learning, effectively works like 
Bayesian learning (Masanao, 1987). In contrast, under conditions of instability, Bayesian 
learning greatly outperforms model free reinforcement learning (Payzan-LeNestour & 
Bossaerts, 2015). Given that instability is a common feature of modern markets, the question 
of whether investors can learn optimally about unstable payoffs is thus important for finance 
practitioners. 
 
This  motivated an experimental finance study in which task participants were asked to perform 
a six-armed “restless” bandit task. Each arm represented an investment opportunity for which 
the expected value jumped regularly over time due to regime shifts affecting the payoff 
probabilities (Payzan-LeNestour & Bossaerts, 2015). The instructions for the task informed 
participants that such shifts would occur during the task without telling them when, leaving to 
the participants the task of detecting the shifts to adjust their investment choices accordingly 
throughout the task. In this context, participants exhibited Bayesian learning despite the 
complexity. Similar evidence of sophisticated learning in unstable settings was documented in 
an experimental study where task participants were similarly provided with detailed 
information about the statistics underlying the task (Meyniel et al., 2015). 

 
9 For example, Payzan-LeNestour and Bossaerts (2015). 
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Context dependence This is just half of the story though. In a follow-up experimental 
treatment replicating the original task used in Payzan-LeNestour & Bossaerts (2015)’s study, 
except for that this time, the participants were not informed about the presence of shifts in the 
outcome probabilities, the participants failed to detect the shifts and ended up resorting to 
model free reinforcement to forecast outcomes. One explanation for this reversal is that people 
consider their environment to be stable by default, which may reflect both the ancestral lifestyle 
(natural sources of reward shift at low frequency relative to financial returns) and the modus 
operandi of human perception (generating stability would be among its fundamental properties; 
see, e.g., Manassi et al., 2017). 
 
The bottom line, therefore, is that the emergence of sophisticated learning in task participants 
seems to hinge on providing them sufficiently detailed information about the stochastic 
structure of the task. Similarly, informing investors about the occurrence of shifts in asset 
returns—by using simulations or natural frequencies, to match the way in which humans have 
experienced statistical information over most of their history10—could nudge them into 
detecting these shifts. 
 
Too beautiful to be true? However, some may question the effectiveness of such nudging in 
practice. First, why would the average investor understand that it is worth implementing 
Bayesian learning to learn about financial returns given that it is commonly not worth it? 
(Recall indeed that the model free reinforcement learning alternative works equally well in 
stable environments, and it is “frugal”, i.e., recruiting fewer cognitive resources.11) Second, 
even if investors understand the importance of learning optimally, understanding it is one thing, 
implementing it is another. Does the laboratory evidence of sophisticated learning scale to the 
average investor in the field? 
 
Although a decisive answer to these two questions will require empirical testing, recent work 
suggests that the answer may be positive for both. First, evidence suggests that people are good 
intuitive meta-learners; they can intuit what to do in a given context even though they cannot 
always implement it.12 Second, evidence suggests that learning about unstable payoffs is 
ingrained in human neurobiology, inasmuch as the human brain appears to separately signal 
different aspects of uncertainty, namely, jump likelihood (referred to by neuroscientists as 
“unexpected uncertainty”), the degree of ambiguity/ignorance associated with a given payoff 
distribution (“estimation uncertainty”), and the variance or entropy of the payoff distribution 
(“risk”). For example, in a fMRI study, the brain of task participants in the foregoing restless 
bandit task tracked each aspect of uncertainty throughout the task (Fig. 3).13 The successful 
implementation of Bayesian learning hinges on such an exquisite representation of 
uncertainty.14 
 

 

 
10 For example, Sedlmeier and Gigerenzer (2001). 
11 For example, Gigerenzer et al. (1999). 
12 For example, Boureau et al. (2015), Lieder & Griffiths (2017), and Griffiths et al. (2019). 
13 For more evidence of neural encoding of these different aspects of uncertainty, see Nassar et al. (2012), 
McGuire et al. (2014), and Meyniel et al. (2015), among others. 
14 For example, Yu & Dayan (2005) and Payzan-LeNestour & Bossaerts (2011). 
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Fig. 3. Separate encoding of different aspects of uncertainty while learning about 
unstable payoffs. A. Bar plot shows the average effect of low, medium, and high estimation 
uncertainty in the anterior cingulate of participants in the decision-making task used in 
Payzan-LeNestour et al. (2013). Activation in this region increased linearly in estimation 
uncertainty. B. Bar plot shows the average effect of low, medium, and high unexpected 
uncertainty in the left middle temporal gyrus (an area located on the temporal lobe in the 
brain). Activation in this region increased linearly in unexpected uncertainty. A significant 
response to unexpected uncertainty was also observed in the left locus coeruleus, which is 
consistent with the proposal that the neurotransmitter norepinephrine plays a key role in 
human adaptation to abrupt changes (e.g., Yu & Dayan, 2005 and Payzan-LeNestour & 
Bossaerts, 2011). C. Bar plot shows the average effect of low, medium, and high risk in the 
inferior frontal gyrus. Activation in this region increased linearly in risk. To generate each 
plot, trials were sorted according to their level of uncertainty (A: estimation uncertainty; B: 
unexpected uncertainty; C: risk) into one of three equal-sized bins, which were then fitted to 
the BOLD signal. Error bars represent the standard error of the mean (SEM). Source: Payzan-
LeNestour et al. (2013). 
 
 
2.1.3 Hedging in the brain In addition to learning expected returns and payoff variance, 
investors ought to learn the correlation strengths between different assets given that this is 
essential for optimal hedging—the process of combining multiple positions in different assets 
to reduce total risk in a portfolio, as specified by modern portfolio theory (Markowitz, 1952). 
An influential model in behavioral finance advanced that learning about asset correlations is 
out of most people’s reach; hence, the optimal hedging strategy shall be replaced in practice 
by the “1/N heuristic”, which disregards environmental structure and uses fixed weights across 
assets (Benartzi and Thaler, 2001). 
 
This idea is probably true in contexts where information about asset correlation is provided in 
the form of explicit statistics. But what if the same information is presented in a format that is 
congenial to the brain? In a fMRI study, Wunderlich et al. (2011) found that participants in a 
task requiring minimization of outcome fluctuations were able to learn from experience the 
correlations between two individual resources and to use this information to make risk-optimal 
choices. By design, the correlation strength between the two resources changed 
probabilistically over time, requiring task participants to continuously update their estimate of 
the current correlation structure. Through repeated observations, the participants learned a 
strategy that outperformed the 1/N heuristic. This learning was made possible by the way their 
anterior insula tracked the correlation between the two resources throughout the task. 
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2.1.4 Revisiting the “rhetoric of irrationality” To summarize, research in neurofinance 
conducted since the early 2000s suggests that our ancestors were endowed with the equivalent 
of mean-variance and option-pricing calculators in their head and that we are evolutionarily 
designed to implement computations critical for sound investing, such as detecting abrupt 
changes in investment opportunities and tracking correlations between assets. 
 
Therefore, altogether, this set of discoveries supports the point made by Gigerenzer and 
Hoffrage (1995) that “complexity” (the amount of computations needed to perform a given 
task) is not a reliable predictor of whether humans find a task difficult relative to ecological 
relevance (the extent to which our ancestors had to cope with similar tasks). Relatedly, it 
supports the idea proposed by Lopes (1991) among others that the “rhetoric of irrationality” 
emanating from the heuristics and biases literature became too prominent in the behavioral 
sciences at some point, leading to overeemphasizing human limitations and underaappreciating 
the key notions of ecological relevance and context dependence. After all, it is perhaps not 
surprising that when asked to perform ecologically irrelevant tasks, people fare poorly; they 
are like the white shark put out of the water in the opening quote.15 The evidence suggests that 
the same people can perform well in contexts of repeated sampling that are directly relevant to 
financial investing. 
 
However, this does not imply that investors will always behave optimally in ecologically 
relevant contexts. As we saw above, the quality of their learning about asset returns is highly 
context dependent in the sense that seemingly minor changes in their environment, such as 
whether they are given some piece of information about the statistics underlying asset returns, 
can have dramatic effects on the quality of their learning. The following discusses other key 
aspects of this context dependence, and how modifying specific contextual elements of the 
investing landscape can help improve investor decision-making. 
 
2.2 Efficient Coding 
Researchers recently studied risk-taking through the lens of “efficient coding theory”, the 
neuroscientific framework commonly used to study how the brain records information about 
the external world. The basic idea is that the brain is designed to communicate information in 
a way that economizes on its limited resources (the fact that we have a finite number of neurons, 
and each neuron has a finite number of spike outputs).16 
 
2.2.1 Adaptive normalization and the “after-effect” in investor perception of volatility 
Two aspects of efficient coding are particularly relevant for financial decision-making. The 
first aspect is that the perception of a stimulus depends not on its absolute intensity but rather 
on its intensity relative to the recent past and neighboring stimuli. As a result, perception is 
sensitive to contrasts or deviations from the mean (Glimcher, 2014), giving rise to a number of 
effects, including the celebrated “after-effect”, in which prolonged exposure to a given stimulus 
level systematically creates the illusion of an opposite stimulus. For example, after prolonged 
viewing of the downward flow of a waterfall, static rocks to the side appear to ooze upward 
(Barlow and Hill, 1963). This would reflect the “normalized” response of the neurons coding 
for downward motion (their activity is below baseline, as if they were “fatigued” following the 
prolonged stimulation) relative to the neurons coding for upward motion (which feature 
baseline activity). Similarly, after prolonged viewing of a feminine face, a gender-neutral 

 
15 An extreme example of ecologically irrelevant task is a “thought experiment” in which participants are asked 
for hypothetical choices in imagined situations (e.g., Tversky and Kahneman, 1974). 
16 For example, Barlow (1972), Laughlin (1981), and Glimcher (2014). 
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(androgyne) face looks masculine for the same reason (diminished response of neurons coding 
for the feminine property relative to the neurons coding for the masculine property). 
 
After-effects have been observed for all types of stimuli. Given their ubiquity, and given that 
financial markets feature volatility “regimes” (prolonged periods of extreme—very high or 
very low—volatility), it is natural to apply the concept of after-effect to investor perception of 
volatility. To be more specific, when experiencing neutral volatility levels (e.g., 1% appears to 
be medium for equity volatility) after prolonged exposure to very high volatility (e.g., 4%), 
investors may perceive neutral volatility levels as lower than actual levels (Payzan-LeNestour 
et al., 2016; Payzan-LeNestour et al., 2022b). Evidence suggests that a volatility after-effect of 
this type exists and distorts the volatility perception of both the average individual in the 
laboratory and the marginal trader himself, causing distortions in the VIX that constitute an 
exploitable arbitrage opportunity (Payzan-LeNestour et al., 2022a; Payzan-LeNestour et al., 
2022b). 
 
2.2.2 “Outlier blindness” and tail risk neglect Allocating most of the brain’s resources to 
represent the outcomes frequently encountered at the expense of the unlikely outcomes is an 
effective method to economize on these resources.17 A side effect of this strategy, however, is 
that the brain tends to perceive tail events—the so-called “black swans” (Taleb, 2004)—as less 
extreme than they actually are (Payzan-LeNestour & Woodford, 2022). Applied to financial 
decision-making, this idea implies that we should expect to see underestimation of tail risk in 
financial investing, not because extreme events are not included in the sample on the basis of 
which risks are estimated but because they are initially perceived to be less extreme than they 
actually are. For example, traders could initially underappreciate the size of volatility “jumps” 
(consistent with recent findings, e.g., Lochstoer and Muir, 2020). Similarly, the importance of 
macroeconomic shocks, such as the Long-Term Capital Management and Global Financial 
Crises, could have initially been underappreciated. 
 
2.2.3 Context dependence in risk attitude Frydman and Jin (2022) provided experimental 
evidence that when the frequency of large payoffs is increased, people perceive the upside of 
a risky lottery more accurately and take greater risk, as a result of neural efficient coding. This 
suggests that risk-taking in a given individual depends on the payoff distribution to which the 
individual has recently been exposed. 
 
2.3 Craving for financial returns and the “cheap call selling anomaly” 
Craving is the term used by neuroscientists to refer to an intense desire for a given reward 
irrespective of its expected value.18 The phenomenon is believed to reflect so-called “Pavlovian 
influences”: following the repeated exposure to the reward associated with a given reward cue, 
the reward system responds more powerfully to the prospect of getting the reward every time 
the cue is presented in the form of dopamine boosts. Neurochemical “reward signals”, these 
are automatically triggered by the reward system, i.e., they are not under cognitive control. 
Hence, the decision-maker can find himself “wanting” a reward cue despite knowing that its 
expected value is negative.19 For example, when craving for a food item while in a satiated 
state, we find ourselves to be lured into eating the food, although we do not expect to 
particularly enjoy the experience (“I’m truly full!”). Kent Berridge called this phenomenon  
“wanting without liking” or “irrational wanting”. 
 

 
17 For example, Tobler et al. (2005) and Wei and Stocker (2017). 
18 See Berridge & O’Doherty (2013) for a survey of the literature. 
19 For example, Wyvell & Berridge (2000) and Dickinson & Balleine (2002). 
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Ample neuroscientific evidence indicates that craving occurs for different types of rewards 
(food, drug, etc.), and the reward system processes the different types similarly (using a 
“common currency”20). This motivated researchers to apply the concept of craving to financial 
investing. The basic idea is that repeatedly obtaining good returns with a given investment 
choice could lead the investor’s reward system to bias the investor toward choosing the 
investment, even if its expected value is negative. Take for example the repeated play of a 
gamble delivering $2 with a probability of 0.9 and a loss of $100 otherwise, and assume the 
agent knows these underlying statistics (there is no learning involved). The gamble’s expected 
value (. 9 × 2 − .1 × 100) is clearly negative. But given how the brain works, through repeated 
exposure to the gamble, the agent’s brain comes to automatically associate the gamble with its 
good outcome. Hence, the agent may find himself taking it despite knowing the expected value 
is negative—a gambling bias (Payzan-LeNestour & Doran, 2022). 
 
New market anomaly Empirical tests of this idea led to the discovery that selling call options 
priced below $1 (so called “cheap calls”) has consistently delivered negative long-term returns 
and negative skew (Payzan-LeNestour & Doran, 2022). An anomaly viewed from the 
prevailing body of knowledge in finance, this finding is, however, a “matter of course”21 when 
this body of knowledge is augmented with the idea of investor craving for financial returns. 
Indeed, relative to trading other options, cheap call selling yields a good outcome with very 
high probability. As such, it is inherently tempting (“craving provoking”), like the gamble that 
the agent comes to want despite the negative expected value in the foregoing example.  
 
2.4 Emotion as information 
 
2.4.1 “Somatic Marker Hypothesis” 
Behavioral scientists have long embraced the view that emotions are not only unnecessary but 
disruptive (Shiraev, 2010). Behavioral finance research is a case in point. Two landmark 
articles painted a dualist picture of the mind whereby emotions such as fear and greed (René 
Descartes’ “animal spirits”) trump rational decision-making (Kahneman, 2003; Camerer et al., 
2005). This narrative is commonly used to explain departures from the “Efficient Markets 
Hypothesis” (Samuelson, 1965; Fama, 1970). At odds with such a Cartesian view of the mind, 
the current consensus in neuroscience is that emotion is central to rational decision-making 
(Damasio, 1994), as encapsulated in the celebrated “Somatic Marker Hypothesis” (Bechara et 
al., 1997) and congenial “affect as information” idea (Loewenstein et al., 2001). One key 
insight is that emotion’s primary role is to motivate us for decisions linked to survival (Rolls, 
1992; Panksepp, 1998) and to help us focus: being scared by a potential threat and being 
positively aroused by a potential reward both help focus (Hansen et al., 2008; Berke, 2018). 
 
Techniques to measure brain activity, such as BOLD imaging, have allowed researchers to 
show the central involvement of emotion not only in choices linked to immediate survival but 
also in more abstract choices, including those involved in financial risk-taking. For example, 
financial options involving uncertain large gains have consistently been found to elicit 
“anticipatory reward signals” triggered by the NAc at the time of a decision, while potential 
large losses elicit “anticipatory loss signals” generated by the amygdala and anterior insula 
(Knutson & Bossaerts, 2007; Bossaerts, 2009; Wu, 2012; d'Acremont & Bossaerts, 2016). 
Rather than being epiphenomenal, these anticipatory signals guide choice. Specifically, 
anticipatory NAc activity at the time of a decision appears to be a reliable predictor of financial 

 
20 For example, Levy & Glimcher (2012). 
21 The term should be understood in the epistemological sense of Footnote 4. 
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risk-taking—e.g., lower activity predicting lower buying during bubbles in Smith et al., 2014, 
higher activity predicting higher risk-taking in the investment task of Kuhnen & Knutson, 
2005. Likewise, increased anticipatory anterior insula activity at the time of a decision predicts 
reduced financial risk-taking both in lab settings (e.g., Kuhnen & Knutson, 2005; Knutson et 
al., 2007) and real-life stock trading (Häusler et al., 2018). 
 
2.4.2 Optimizing emotions In addition to their crucial role in guiding decisions, emotions 
appear to be essential for learning in markets. For example, the neural mean-variance signals 
mentioned in Section 2.1.1 are believed to be emotional rather than cognitive. Evidence also 
suggests that professional traders with higher anterior insula activity upon critical market 
events are more successful at appraising these events as a result of being more attuned to their 
gut feelings in those moments (Lo & Repin, 2002; Steenbarger, 2002; Critchley et al., 2004; 
Fenton‐O'Creevy et al., 2011; d'Acremont & Bossaerts, 2016; Kandasamy et al., 2016). The 
bottom line is that harnessing emotion is central to sound financial investing (Bossaerts, 2019). 
This however does not imply that ‘more emotion’ is always optimal. Evidence suggests that 
chronic arousal hampers trading performance (Lo and Repin, 2002), and inhibiting prepotent 
‘flight’ responses to facilitate sticking to one’s ongoing strategy is essential during aberrational 
events such as  “flash crash” (d'Acremont & Bossaerts, 2016). One key practical implication 
for investors, therefore, is that rather than systematically minimizing—in the language of 
psychologists, “downregulating”—their level of emotional arousal, investors ought to optimize 
it, which opens fascinating avenues for applied research in behavioral finance (Section 4). 
 
3. Using Neural Data to Test Theories of Investor Behavior 
 
3.1 “Realization utility” theory of trading 
Neural data can be helpful in testing theories of investor behavior that are difficult to test with 
behavioral data alone. “Realization utility tbeory” (Shefrin and Statman, 1985; Barberis and 
Xiong, 2012; Ingersoll and Jin, 2013) is one example. It posits that, in addition to deriving 
utility from consumption, investors derive utility directly from realizing gains and losses on 
the sale of risky assets that they own. For example, if an investor realizes a gain (e.g., by buying 
a stock at $20 and selling it at $40), he receives a positive burst of utility proportional to the 
capital gain. In contrast, if he realizes a loss, he receives a negative burst of utility proportional 
to the realized loss. Under plausible conditions, realization utility will lead investors to exhibit 
the disposition effect (Barberis and Xiong, 2012). 
 
Realization utility is difficult to test with behavioral data alone because its behavioral 
predictions are similar, on many dimensions, to those of other theories (Kaustia, 2010). 
However, the distinctive implications of the theory at the neural level can be tested. For 
example, realization utility theory implies that realizing a capital gain (/ a loss) increases (/ 
decreases) activity in a part of the reward system called the ventral striatum, which is known 
to signal utility changes. Frydman et al. (2014) provided evidence for the neural predictions of 
the theory in a laboratory setting. 
 
3.2 Neurofoundations for market “bubbles” 
A bubble is identified when an asset is traded at prices well above its intrinsic fundamental 
value. For example, housing prices increased and crashed in many countries from 2000–2008, 
causing long-lasting macroeconomic disruptions. The classical explanation for why bubbles 
occur, “irrational exuberance”, encompasses two potential (not mutually exclusive) 
mechanisms: faulty beliefs on one hand (investors being unaware that the market is 
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overpriced),22 and the overstimulation of the reward system described in Section 2.3 on the 
other hand, which underlies what has been referred to as market “greed.”23 From a 
macroeconomic perspective, it is important to distinguish between the faulty cognition and 
greed factors as they require different interventions. Neural data can be useful in this regard. 
For example, Smith et al.’s (2014) experimental finding that larger anticipatory reward signals 
are associated with increased market participation during bubbles points to the greed factor 
being among the root causes of bubbles. 
 
Neural data allowed researchers to uncover other potentially relevant mechanisms that are 
difficult to investigate with behavioral data alone. For example, evidence points to the desire 
to avert the disappointment caused by forgoing potentially large gains as being a powerful 
motivator behind market participation during a bubble (Lohrenz et al., 2007). Evidence also 
suggests that market bubbles are more likely to form when investors try to infer the intentions 
of other market participants (De Martino et al., 2013). To assess this hypothesis, investigators 
scanned the brain of participants in experimental markets during their trading. They found 
neural signals in the participants’ dmPFC, a region well known to be involved in Theory of 
Mind computations, to modulate the computation of trading value in the participants’ vmPFC, 
stimulating the formation of financial bubbles in their market experiment. 
 
4. Future Directions 
 
Nudging After providing evidence that the disposition effect originates from the realization 
utility of selling winner stocks (Section 3.1), researchers turned toward deriving practical 
implications for investors. Evidence suggests that decreasing the salience of capital gains on 
investors’ online trading screens may help reduce the disposition effect in investors by nudging 
them into focusing less on the capital gain aspect of their investments and by decreasing the 
realization utility of selling winner stocks (e.g., Frydman & Rangel, 2014, and Frydman & 
Wang, 2020). This is an example of behavioral interventions—the so-called “nudges”—aimed 
to debias investor behavior. The strategy consisting of nudging investors into paying attention 
to the instability underlying asset returns so they can learn about unstable payoffs (cf. Section 
2.1.2) is an example of a different category of nudges, namely, information nudges. 
 
Neuroforecasting We saw in Section 2.4.1 that neural activity can be used to predict individual 
choice. Recently, researchers have begun to explore whether it might also inform forecasts of 
aggregate choice. Although some relegate such an idea to the realm of science fiction, recent 
findings suggest that it can work. For example, by averaging brain activity in teenagers exposed 
to music clips culled from an internet site while undergoing fMRI, researchers found that the 
sample’s averaged brain activity in the NAc in response to these songs could forecast aggregate 
song downloads 2 years later (Berns & Moore, 2012). Strikingly, averaged explicit ratings of 
liking collected from the laboratory sample did not forecast aggregate song downloads. These 
findings along with others in the same vein led researchers to argue for a “brain-as-predictor” 
approach, in which brain activity might offer unique information capable of improving 
forecasts of aggregate choice. Evidence suggests that in some cases, the contribution of neural 
information may supersede even that afforded by individual choice itself or behavioral 
measures, such as self-report ratings (Knutson & Genevsky, 2018). 
 

 
22 For example, Shiller (2000), Shefrin (2009), and Ubel (2009). 
23 For example, Kindleberger and Alibert (2005) and Lo (2017). 
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Optimizing emotion in real time through biofeedback After establishing that investors’ 
level of emotional arousal ought to be optimized rather than minimized (Section 2.4.2), 
researchers could turn toward developing machine learning algorithms that would allow us to 
predict the trading performance of a trader from the way he emotionally reacts to market events. 
This would require simultaneously collecting in real-time psychophysiological markers of 
emotion and trading performance data and then using machine learning techniques to learn 
associations between the two. Ultimately, this learning could be concretized into a live decision 
support system based on biofeedback that investors could use in their workplace to improve 
their decision-making in real time. 
 
Thus, although future research in neurofinance may move in diverse directions, the path taken 
in recent research has opened up enticing opportunities for improving investor decision-making 
in the field. 
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