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Abstract

We propose a framework where perceptions of uncertainty are driven by the interaction
between cognitive constraints and the way that people learn about it—whether information is
presented sequentially or simultaneously. People can learn about uncertainty by observing the
distribution of outcomes all at once (e.g., seeing a stock return distribution) or sampling out-
comes from the relevant distribution sequentially (e.g., experiencing a series of stock returns).
Limited attention leads to the overweighting of unlikely but salient events—the dominant force
when learning from simultaneous information—whereas imperfect recall leads to the under-
weighting of such events—the dominant force when learning sequentially. A series of studies
show that, when learning from simultaneous information, people are overoptimistic about and
are attracted to assets that mostly underperform, but sporadically exhibit large outperformance.
However, they overwhelmingly select more consistently outperforming assets when learning the
same information sequentially, and this is reflected in beliefs. The entire 40-percentage point
preference reversal appears to be driven by limited attention and memory; manipulating these
factors completely eliminates the effect of the learning environment on choices and beliefs, and
can even reverse it. Our results have implication for the design of policy and the recovery of
preferences from choice data.
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1 Introduction

People learn about the uncertainty involved in their choices through different ways. In some
cases, they have access to information about all the potential outcomes and their likelihoods simul-
taneously. For example, price charts describe the historical returns of a stock and serve as a proxy
for the underlying risk distribution; similarly, information about the potential outcomes and their
odds are readily available for sports betting, casino gambling, and public lotteries. In other cases,
people learn about the relevant distribution by sequentially sampling from it; the riskiness of a new
business relationship or a stock is judged by observing and experiencing the relevant outcomes.
In standard theory, the method through which one learns about uncertainty should not impact
decision-making. As long as information is held constant, choices and beliefs about uncertainty
should be the same regardless of whether one learns the information simultaneously or sequentially.

However, cognitive constraints may change people’s perceptions of uncertainty as a function of
the learning environment. We propose a framework that nests well-studied limits on attention
and memory and derive predictions on how these limits affect beliefs and choices depending on
whether information is presented simultaneously or sequentially.! In the case of learning from si-
multaneous information, memory plays little role and bottom-up channeled attention leads to the
overweighting of unlikely but salient events. This can generate a preference for prospects that are
most likely to underperform, but when they do outperform, they do so by a lot. A strict prefer-
ence for such unlikely-outperformers can be interpreted as the overweighting of rare events. When
learning through sequential sampling, however, imperfect memory recall implies that an infrequent
event will be misremembered. This can shift preferences towards prospects that outperform most
frequently—behavior that looks like the underweighting of rare events. Importantly, because the
behavioral predictions are derived from basic cognitive processes, the learning environment is ex-
pected to change people’s perceptions and mental representations of the risky prospects—learning
from information presented simultaneously versus sequentially will lead to different beliefs about
the relevant distributions.

The framework has implications for interpreting and predicting economic behavior. If the learn-

! As outlined in greater detail in Section 2, our framework builds on the models in the economics and psychology
literature on limited attention, salience, and bounded memory (Bordalo et al., 2012; Li and Camerer, 2022; Bruce
and Tsotsos, 2009; Anderson et al., 1998; Bordalo et al., 2022a).



ing environment shifts perceptions of uncertainty in a manner that systematically deviates from
the objective distributions, then interpreting choices as reflecting underlying preferences becomes
more difficult.? This underscores the need for both choice and belief data for identification of pref-
erences and welfare analysis. The proposed cognitive foundation also implies that heterogeneity in
learning environments, where some people learn from simultaneous information while others learn
sequentially, will generate predictable heterogeneity in risk perceptions, beliefs, and behavior. For
example, research in finance has documented that investors are attracted to lottery-like stocks and
out-of-the-money options that outperform infrequently but mostly underperform (e.g., Barberis and
Huang, 2008; Kumar, 2009; Boyer and Vorkink, 2014; Bryzgalova et al., 2023); in other contexts they
are attracted to prospects that that mostly outperform but infrequently extremely underperform—a
behavior commonly referred to as “picking up pennies in front of a steamroller” (e.g., buying yield
enhancement products, Henderson and Pearson, 2011; Célérier and Vallée, 2017; Célérier et al.,
2021; Vokata, 2021; Chesney et al., 2021). Our framework shows that such heterogeneity in choices
is predicted by heterogeneity in how people learn about the associated uncertainty. Moreover, it
provides a microfoundation for how heterogeneity in mental models can emerge predictably as a
function of the learning environment (Kendall and Oprea, 2024; Handel and Schwartzstein, 2018).

To test the predictions of the framework, we presented people with choices between two risky
assets that had the same underlying distribution of outcomes but differed in the outcome associated
with each state. Outcomes were assigned to states such that one asset (Asset F') outperformed the
other (Asset U) in all but one state, but Asset U outperformed Asset F by a lot in the final state.
The distributions of outcomes for each asset are presented in Figure 1. People were given the same
information about the relevant distributions. However, in some conditions they were presented
with the state-by-state outcomes simultaneously, as in Figure 1, and in others they learned this

3

information sequentially (one state at a time).” Here, a strict preference for Asset U can be

interpreted as the overweighting of the unlikely state in which it significantly outperforms, while a

2Manski (2004) argues that data on behavior can be rationalized by different sets of preferences and beliefs.
This implies that the recovery of preferences from choice data requires either strong assumptions (e.g., rational
expectations) or belief data. Our findings show that the assumption of rational expectations is violated even in
settings where people are given full information about the objective distribution, and that this violation varies
predictably with the learning environment.

3To keep information constant, participants were sequentially presented with the outcome associated with each
state without replacement, and were told that they would see the outcome associated with each potential state. This
ensured that sampling error or differences in model uncertainty does not explain the results.



strict preference for Asset F can be interpreted as the underweighting of this state.

Our framework predicts that the salience of the state with the large performance difference will
shift choices towards the unlikely-outperforming Asset U when the distributions are presented si-
multaneously. On the other hand, the chance of misremembering any given outcome will push
people to select Asset F when they learn the same exact information sequentially. Indeed, As-
set F was selected 42% of the time in the former environment and 85% of the time in the latter
environment—a more than 40 percentage point gap in choices. These results are summarized in
the Baseline conditions reported in Figure 2 below. Data on people’s beliefs shows that these
choices were a reflection of changes in people’s perceptions of the prospects as a function of the
learning environment: they had overoptimistic beliefs about the performance of Asset U (Asset F)
when learning about the distributions simultaneously (sequentially). These results are particularly
surprising because the underlying distributions of the assets were identical; cognitive constraints
generated biased beliefs in both learning environments, but the direction of the bias reversed de-
pending on whether information was presented simultaneously or sequentially.

Figure 1: Distributions of Outcomes: Frequently-outperforming Asset F versus unlikely-outperforming
Asset U. All states are equally likely (1-in-11). The marginal outcome distributions of the two
assets are exactly the same (discrete uniform on the $0.20 grid from $0.00 to $2.00), only shifted
by one state.
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Our proposed mechanism is inherently context-specific and comparative. A state is salient and
thus overweighted based on relative differences in payoffs and visual factors within the choice set;

a state is more or less likely to be misremembered depending on the number of other states and



the similarity of elements within the choice set. Models where prospects are evaluated in isolation
(e.g., prospect theory) would not predict a difference in choices. To test our framework directly, we
exogenously manipulated context-specific factors that influence attention and memory, and studied
the impact on choices and beliefs. In the simultaneous information environment, decreasing the
salience of the unlikely state where Asset U outperformed shifted choices from 42% of people
selecting Asset F (“Baseline”) to 66% selecting Asset F (“No Salience Bias”), a preference reversal
of 24 percentage points. Importantly, this manipulation was predicted to impact relative salience
without affecting any underlying properties of the assets, including the state-specific outcomes.*
The preference reversal against the unlikely-outperforming Asset U thus provides evidence for
bottom-up attention as a driver for the overweighting of unlikely events in this and previous work
(e.g., Kahneman and Tversky (1979)).

On the other hand, decreasing the scope for imperfect recall in the sequential information environ-
ment lowered the preference for Asset F by more than 20 percentage points.” Together, these two
manipulations completely erased the gap in both choices and beliefs, which suggests that neither
preference primitives for low-probability events (e.g., probability weighting) nor something inherent
to learning from sequential information (e.g., reinforcement learning) is responsible for the gap.

Besides repetition, an important factor governing memory recall is feature-based similarity (Ka-
hana, 2012; Anderson et al., 1998). When making a choice between two risky assets, people are
more likely to recall outcomes that share similar features with an option when forming beliefs about
the relevant distributions. However, if outcomes share similar features either across states or across
assets, this creates the potential for interference, where a person attempting to recall the outcome
of an asset in a given state may incorrectly recall an outcome from a different state or asset if the
features are sufficiently similar. To test the interference mechanism directly, we included a third
Asset D across two sequential information conditions: one where the third asset shared similar but
payoff-irrelevant features with Asset U and another where it shared similar features with Asset
F. The third asset’s payoffs were similar across conditions and generally better than those of the

others. Importantly, people could not choose this third asset in either condition: the choice was

4As discussed further in Section 3, we validated our assumption on shifting salience using Graph Based Saliency
tools from cognitive psychology.

5We did this in two ways: having people keep a record of the sample (“No Recall Bias”), and reducing the length
of the sample to minimize memory requirements (“Minimal Requirement”). Both generated a similar reduction in
the selection of Asset F.



always between Asset U and F as in the Baseline study.

Our framework predicts that despite the choice and learning environment remaining the same,
people will be more likely to choose Asset U when the third asset is similar to it—because they
incorrectly recall the outcomes of Asset D when forming beliefs about Asset U—than when the third
asset is similar to Asset F. The results were stark: despite the choice and learning environment
being held constant, people went from selecting the unlikely-outperforming Asset U less than 20%
of the time when the third asset was similar to Asset F (“Interference (Asset F)”) to selecting
Asset U more than 60% of the time when the third asset was similar to Asset U (“Interference
(Asset U)”).% This more-than-40 percentage points shift in choices in the sequential information
environment led to an even higher (revealed) preference for the unlikely-outperforming asset than
the simultaneous information environment. People’s beliefs matched the choice patterns: they were
more optimistic about the performance of Asset U (F) when the third asset was more similar to
Asset U (F).

Figure 2 summarizes results across conditions. Despite facing the same decision and having the
same information, the interaction between the learning environment, attention, and memory shifted
people’s choices by nearly 50 percentage points. This dramatic difference in revealed preferences
highlights the importance of understanding the role of cognition in driving choice behavior. The
analogous data on beliefs shows that the standard assumption that people’s perception of risk
matches the objective distributions conveyed to them may not hold. Exploring the factors which
affect mental representations is critical for understanding risky choice.

Our findings have implications for the observed “decision-experience” gap in risky choice (see
Hertwig et al. (2004), and de Palma et al. (2014) for review). In prior work documenting this
gap, people select between a safe option and a risky gamble that has a large but unlikely payout.
In the description environment, information about the outcomes and their respective likelihoods
is presented simultaneously. In the experience environment, people learn this information by se-
quentially sampling from the distribution of the gamble, with replacement; they can stop sampling
whenever they want and then proceed to make a choice. People were more likely to select the

risky asset in the former environment than the latter. Several explanations have been proposed

5The shift in choices resembles a “decoy effect” Tversky and Simonson (1993) but is conceptually different because
the manipulated attributes were payoff-irrelevant.



Figure 2: Learning about Uncertainty. Our Baseline Experiment documents a highly significant choice
gap as a function of the learning environment: Most choose the unlikely-outperforming As-
set U when learning from simultaneous information but switch to choosing the frequently-
outperforming Asset F when learning from sequential information, despite both assets having
the same marginal distributions. This gap can be eliminated and reversed by manipulating
memory and attention. Having participants keep a record of the sample (“No Recall Bias”),
reducing the length of the sample to minimize memory requirements (“Minimal Requirement”),
and interfering with memory formation by introducing an attractive third asset that is similar
to Asset U (“Interference (Asset U)”) reduces the fraction of choices for Asset F after sequential
information from 84% down to 32%. Meanwhile, minimizing the salience of the infrequent, ex-
treme state (“No Salience Bias”) increases the fraction of choices for Asset F after simultaneous
information from 42% to 66%.

100%

Choice Gap: Baseline
dl

v

<
90% . - No Choice Gab:
Sequential Information 0 Lhoice Gap:
No Salience Bias, No Memory Bias
80% —>

Simultaneous Information

70% ]

% of Choice for Frequently-Outperforming Asset F

Interference Baseline Minimal No Recall No Salience Interference Baseline
(Asset U) Requirement Bias Bias (Asset F)

for this shift in choices. In the case of learning from description, the higher preference for the
risky asset has been attributed to probability weighting, which leads to the overweighting of un-
likely events (Kahneman and Tversky, 1979). In the model, objective probabilities are transformed
through a probability-weighting function—typically assumed to be a primitive—which leads people
to overweight low probability outcomes and underweight high probability outcomes (Tversky and
Kahneman, 1992). Some have argued that the apparent underweighting of unlikely events when
learning from experience is due to differences in information. For example, Fox and Hadar (2006)
propose that people are more likely to go for the safe option because they do not even know about

the unlikely payout of the gamble—they simply may not sample enough to have the same infor-



mation about the distribution as those in the experience treatment (see Cubitt et al. (2022) for
a similar conjecture). Others argue that the gap is driven by reinforcement learning (Erev and
Barron, 2005) or simple tallying heuristics (Hills and Hertwig, 2010). Notably, Erev et al. (2010)
do propose limited memory as one of many potential explanations, but do not test this mechanism
directly.

We derive the “description-experience” gap from first principles—mnamely, bounded attention and
memory—and present direct evidence for these mechanisms within the same paradigm. Impor-
tantly, we predict and show that the gap in choices is driven by a difference in perceptions of
and beliefs about uncertainty. We do so in a setting that is explicitly designed to rule out the
explanations that have been previously proposed in the literature. The experiment 1) involves a
choice between assets with the same outcome distribution (which rules out primitives such as prob-
ability weighting), 2) ensures that people have the same information about the distribution across
learning environments (which rules out sampling error), 3) abstracts from differences in hedonic
feedback before the choice is made (which rules out reinforcement learning), and 4) allows for the
explicit manipulation of factors affecting attention and memory (which allows for identification of
the mechanism). The fact that we can eliminate and even reverse the “description-experience” gap
by manipulating the relevant cognitive constraints suggests that the gap is not driven by something
inherent to learning from description or experience per se.

Our results contribute to the literature on experience effects in consumer choice and financial
decision making. Studies have documented long-lasting effects of personal experiences on eco-
nomic decision-making; for example, Malmendier and Nagel (2011) find that negative individual
stock-market experiences lead to more conservative investing decades later (see Malmendier and
Wachter (2021) for review). This literature examines the influence of an individual’s personal
sample compared to the full historical sample, finding that the former is overweighted in both

beliefs and decisions.”

We show that people can either over- or underweight unlikely ‘extreme’
states depending on the learning environment. Our findings suggest that while ‘extreme’ events
are underweighted when learning from sequential information alone (e.g., experiencing observations

throughout one’s life), factors that are important for memory recall such as cue-based similarity

"The personal experience literature does not examine the weighting of unlikely “extreme” states compared to
more likely “moderate” states within the individual’s sample, which is the focus of our study.



(e.g., media coverage of similar events) or interference can lead to them to be overweighted. An-
other strand of literature shows that generating artificial experience through sequential sampling
can be used to affect beliefs about returns and investment choices (e.g., Kaufmann et al., 2013;
Laudenbach et al., 2022). We contribute to this research on natural and artificial experience effects
by highlighting the interaction between bounded cognition and how information is presented as the
essential link between beliefs and choices in sequential learning environments.

We also contribute to the more conventional portfolio choice and asset pricing literature by vary-
ing dependence while carefully holding marginal distributions constant. Dependence is intrinsic to
models of optimal portfolio choice and capital market equilibrium going back to Markowitz (1952)
and Sharpe (1964). In these models, dependence between asset returns is important because it
results in non-diversifiable risk (systematic risk or ‘beta’), which makes portfolios more risky for in-
dividuals and depresses prices in the aggregate. Going beyond the effect of dependence on portfolio
risk, we provide the underpinnings of recent studies focusing on effects of dependence on beliefs,
portfolio choice, and asset prices when investors learn from realistic samples of returns and prices
(Ungeheuer and Weber, 2021, 2023). Incorporating dependence is unusual in behavioral finance,
where typical approaches assume narrow framing when investors evaluate individual assets (e.g.
Barberis et al., 2016, where investors evaluate stocks in isolation using the Cumulative Prospect
Theory value function and a sample of 60 monthly returns). The few exceptions that explicitly
consider dependence being Cosemans and Frehen (2021), who correlate historical stock returns
with return predictors based on Salience Theory, and Barberis and Jin (2023) who consider the
implications of reinforcement learning for investor behavior. We contribute to this literature by
showing how dependence can affect capital markets through a fundamentally new interaction be-
tween learning environments, memory and attention mechanisms (not related to portfolio risk),
and belief formation.

Finally, our findings inform the line of work exploring how cognitive constraints reconcile and ra-
tionalize seemingly anomalous economic phenomena in a variety of domains. Models of bottom-up
attention and salience are used to explain the Allais paradox and risk-seeking behavior (Bordalo
et al., 2012), insensitivity to taxes (Chetty et al., 2009; Taubinsky and Rees-Jones, 2018), and
behavior in strategic interactions (Li and Camerer, 2022); see Bordalo et al. (2022b) for a re-

view. Models of bounded memory can explain projection bias, context-dependent consumer choice,



availability and representativeness heuristics (Bordalo et al., 2022a, 2020), as well as overreac-
tion to information (Enke et al., 2020; Hartzmark et al., 2021), and belief-decay (Graeber et al.,
2023). Recent studies build on evidence from neuroscience to model how the difficulty of perceiving
and adapting to outliers can explain the neglect of outlier risk (d’Acremont and Bossaerts, 2016;
Payzan-LeNestour and Woodford, 2022). Models of constructed preferences are used to rationalize
anchoring effect and provide interpretations for seemingly-coherent demand curves. Finally, models
of cognitive noise and complexity are used to explain small-stakes risk aversion (Khaw et al., 2021),
insensitivity to decision-relevant parameters (Enke and Graeber, 2023), the four-fold pattern of
risk (Oprea, 2022), and non-constant time discounting (Enke et al., 2023). We contribute to this
literature by identifying an important interaction between cognitive constraints and the learning
environment, and documenting its effect on perceptions of uncertainty and choice behavior.

The rest of the paper proceeds as follows. In Section 2, we outline the framework and predictions
on uncertainty perception and risk-taking as a function of the learning environment. We introduce
our experimental design in Section 3. Section 4 presents the results of our experiments for both
choices and beliefs, and discusses alternative explanations. We conclude in Section 5 by discussing

potential implications of our findings.

2 Cognitive Constraints and the Learning Environment

We now discuss a framework of bounded memory and attention and present predictions on how these
mechanisms interact with the learning environment to impact risky choice. Appendix A derives
the predictions formally. This framework is tightly linked to our experimental design presented in
Section 3, which was developed to allow for theory-driven manipulations of the relevant cognitive
constraints.

In the framework, the decision-maker (DM) first recalls information about an asset’s distribution
of outcomes and then evaluates this information when making a choice. With perfect memory and
no attentional distortions, the learning environment has no impact on choice—recalled information
at the time of decision is the same regardless of whether outcomes are sampled sequentially or
the distribution is provided simultaneously—and the DM makes a decision in line with Expected

Utility Theory. However, allowing for imperfect recall can lead to behavior that seems to under-



weight unlikely outcomes, while attentional distortions will lead to the overweighting of outcomes
in unlikely but salient states, conditional on being recalled.

A DM evaluates a set of N assets. Let A* denote asset i for i = 1,..., N and w € Q denote each
possible state, which occurs with probability m,. Let z!, € R correspond to the outcome of A? in

state w. The DM’s subjective value from a given outcome is denoted v(z!,). The DM with perfect

memory and no attentional distortions will compute the following value V(A?) for each asset:

VRAY) =Y (). (1)

weN

where the superscript R corresponds to the rational benchmark. A DM in our setting will depart
from this baseline due to a) imperfect recall of outcomes because of memory constraints and b)
over /underweighting likelihoods due to bottom-up attention. To preview the results, recall will
be adversely affected by the number of states as well as the similarity of outcomes across assets;
over/underweighting will be affected by the salience of states, which is a function of both the payout

distribution and visual factors.

2.1 Gathering information

To make a choice, the DM assembles information about the distribution of risk either from being
presented with it directly or by learning through sequential sampling, and uses it to form a mental
representation of the mapping between states and outcomes. In the case of the sequential sampling,
at the time of choice the DM must accrue this information through memory recall. The process of
memory recall in our framework builds on the models of Bordalo et al. (2020) and Anderson et al.
(1998). Let S(u,v) : E x E — [0, 1] measure the similarity between outcomes u and v in a DM’s
set of sampled outcomes E, where S(u,v) =1 <= u =v. Let X, be the remembered outcome in
state w for asset A?, s = S (2!, 27, be the similarity between the outcomes in state w for assets i
and j, and s!, be the vector of similarities between asset i and j # 4 in state w. The DM correctly
recalls a given outcome (i.e., X}, = x¢,) with probability 7(si,, |2]) € [0,1]. Assume r is decreasing

in each similarity s and decreasing in the cardinality of the state space |Q|.®

With probability 1 — r(sl,,|€]), the DM instead recalls the average between the target outcome

8For example, a simple recall function in the spirit of Bordalo et al. (2021) would be (s’ |Q|) = W
j#i 5w
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and the other most similar outcome in that state. That is, the DM experiences two frictions in her
ability to recall an asset’s outcome in a given state: the similarity of outcomes across assets for
a given state—the standard interference channel in memory research—and the number of states
she potentially needs to consider. Correct recall increases as outcomes grow more dissimilar across

assets—which weakens interference—and the number of states decreases.

2.2 Forming mental representation

Once the DM has a mental representation of the mapping between states and outcomes, either
through the recall process described above or by being presented with it directly, she forms a
mental representation of the respective likelihoods of each outcome. This stage of the mental
representation is subject to attentional distortions as a function of state-specific salience. Namely,
states that are more (less) salient will attract more (less) attention and be over(under)weighted in
the decision-making process.

A large literature in economics and psychology has shown the importance of attention in risky
choice. Limited attention is channeled towards some states over others as a function of their
salience (Brandstéatter and Korner, 2014; Spitmaan et al., 2019; Bordalo et al., 2022b). As a result
of channeled attention, states that are more salient are overweighted in the decision-making process
compared to states that are less salient (Frydman and Mormann, 2016). In the context of risky
choice, a state’s salience is determined by both visual stimuli (Frydman and Mormann, 2016; Bose
et al., 2022) and payoffs (Bordalo et al., 2013).° Notably, as shown in Bose et al. (2022), Li and
Camerer (2022), and Bruce and Tsotsos (2009), amongst others, the salience of an object can be
predicted using algorithms such as the Graph-Based Visual Saliency model (Harel et al., 2006). We
use this technique to validate our assumptions on the salience ranking of states in our experimental
studies.

When forming a mental representation, the weight assigned to a state is a function of its salience.
Specifically, in the framework, states are first are ranked by their relative salience. Then, ob-
jective state probabilities are replaced with distorted probabilities, where more salient states are

overweighted and less salient states are underweighted. Let o(x.,...,x}) be a function mapping

9For empirical evidence on the importance of state-based salience in the domain of belief-updating, see Ba et al.
(2022).
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recalled outcomes to state salience, and ks be the relative ranking of state w by salience.'® The

weight then given to state w is:

gk

Ew’eﬂ 5kwl * Ty ’

where § € (0,1], with § = 1 corresponding to no salience-weighting and 6 ~ 0 corresponding to

Wy —

(2)

extreme weighting that assigns all mass to the most salient state. Finally, the DM evaluates each
asset by computing:

V(AZ) = Z Ty * U(Xi})? (3)

we

where T4 = g * W;.

2.3 Choice behavior

Consider a decision environment with a choice between two assets AV and AF and a finite number
of equally-likely states w € €, where zf > xg for all but one state w*, and xf* < $g* Finally,
as in our experimental setting, for each outcome zU in AV, there exists a state w’ where Af has

Fr _ U

an equivalent outcome, z, = z, and vice-versa. A key property of this environment is that

VER(AY) = VE(AF). Our first prediction is on the choice between assets under perfect recall.

Prediction 1. With no memory constraints, a DM with salience-distorted attention will prefer AY

to AF.

This prediction is relevant to the “simultaneous” learning environment where the DM is presented
with information about the potential outcomes simultaneously. There, imperfect recall does not
play a role since all of the information necessary to form an accurate mental representation is
present at the time of choice. Our second prediction introduces the possibility of imperfect recall

of the relevant outcomes.

Prediction 2. Consider a setting with imperfect recall. Suppose the similarity between outcomes
is monzero across both states and assets. Then there exists a number of states |Q¥*|, such that for

Q| > |Q*|, the DM will prefer AT to AY.

The intuition for the second prediction is straightforward. If the DM misremembers the state

10See Appendix A for the specific properties of o.
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in which ¥ > £ while remembering any number of states where ¥ < £ then she will prefer
AF to AY. Consider the structure of AV and A, where the former outperforms the latter in
one state while the latter outperforms the former in each of the others. This implies that as the
number of states grows, the chance that the DM will misremember the state in which 2 > zf
while remembering a state where zU < x! will increase as well. Since imperfect recall plays a role
in the “sequential” learning environment but not the “simultaneous” one, taken together, the first
two predictions imply a preference reversal: A will be selected over AV in the former and AF will
be selected over AU in the latter.

Our third prediction is on how similarity impacts choice behavior through the recall process.

Prediction 3. Consider a setting with imperfect recall and fiz the number of states ||. The
likelihood that AT is preferred to AV is increasing in the similarity of outcomes both across assets

within a state and across states within an asset.

The intuition for the third prediction follows from the second. Similarity between outcomes
increases the chance that they will be misremembered. The relative impact of similarity is higher
for the outcomes of infrequent states simply because there are less of them. Thus, conditional on a
number of states ||, the DM is (weakly) more likely to prefer A" to AV as the similarity between
outcomes increases.

We build on this intuition for our last prediction, which directly tests the interference aspect of
imperfect recall. Consider a third asset AP that is better than both AV and A, which the DM
learns about but cannot choose. Interference predicts that one could reverse the preference between
assets in the “sequential” environment when the third asset is more similar to asset AU than asset

AF.

Prediction 4. Suppose a third asset AP is included, which dominates both AV and AT in every
state. The likelihood that AV is preferred to AT is increasing in the similarity between the outcomes

of AP and AY.

The logic for this prediction comes from the property of interference that underlies most models
of memory. When an outcome from a state is misremembered, the outcome that replaces it is

4

more likely to be associated with a similar source. If the “replacement” outcomes from the similar

source are superior to those of both assets in the choice set, then misremembering an outcome from

13



AY will increase its attractiveness. Including the similar asset also increases the chances that an
outcome from AY is misremembered in the first place. Both forces lead to an increased preference
for AV in the sequential learning environment.

Notably, as we show in Appendix A, including a third asset AP that is more similar to A%

maintains the preference for A" over AV in the sequential learning environment.

3 Experimental Design

In this section, we first describe the essential features of our Baseline paradigm that is used to
study the impact of the learning environment on risky choice.!’ Participants (N = 785) were
recruited using the Prolific crowdsourcing platform (Gupta et al., 2021) and restricted to investors
from the US and UK. Summary statistics for participants are reported in Table IA1 in the Internet
Appendix.

The experiment’s overall structure is illustrated in Figure TAl. Participants first received in-
troductory instructions. These included descriptions of the upcoming tasks, the information they
would have access to, as well as an explanation of how they would be paid. Participants then
went through two rounds of investment decisions. In each, they saw information about two risky
assets. As outlined below, participants learned about each asset’s distribution by either being pre-
sented with the outcomes simultaneously or by sequentially sampling them. After being given this
information, participants chose between the two assets and stated their beliefs about the assets’
outcomes. Beliefs about risk were elicited in the form of probabilities for an outcome less than $1,
equal to $1, or greater than $1. Both assets’ actual distributions’ were discrete uniform between
$0 and $2, so that $1 is always the mean and median.'?> For the choice between assets, we ran-
domize the order of presentation both within-participants across rounds and across participants.
To account for potential spill-over effects, half of participants were first asked for their choice and
incentivized accordingly (“choice group”), and the other half was first asked for their beliefs and

incentivized for accuracy (“beliefs group”). The experiment concluded after the second round with

"The experiment was pre-registered on AsPredicted.org, see this link. Complete instructions are reported in a
supplementary document provided under this link.

2Danz et al. (2022) show that the binarized scoring rule results in bias in elicited beliefs and higher error rates.
They argue that incentivizing truthful reporting using belief quantiles, which we use here, results in more truthful
reporting.
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some final questions (e.g., self-assessed risk aversion) and participants were informed about their
bonus payment, which depended on their incentivized task. Across all treatments, we also elicited
participants’ strength of preference, which included the option to indicate that the choice between
assets corresponded to indifference.

One of the two rounds was randomly selected for the bonus payment at the end of the experi-
ment. The “choice group” was later paid with a bonus drawn from the selected asset’s distribution
(outcome between $0 and $2, on average $1). The “beliefs group” was paid for a randomly selected
belief (e.g., the average of Asset F’s outcomes) with a bonus of $2 if their stated belief is within
+/—0.03 of the statistically correct value. Including a base fee, the average hourly salary for our

Baseline Experiment was more than $13.

3.1 Varying the Learning Environment

The joint distribution of the two risky assets is described in Figure 1. Both assets exhibited
precisely the same marginal outcomes, uniformly distributed between $0 and $2.'* However, the
structure of dependence is asymmetric. Asset F moderately outperformed Asset U most of the
time, while underperforming by a large margin once.'* In the Baseline study, participant made
choices between assets with a “short” distribution consisting of 11 states (or “situations”) in one
round, as shown in Figure 1, as well as a “long” distribution with 51 states in another round. The
order of the two rounds was counterbalanced, i.e., some participants first saw the short and then
the long distribution, or vice versa.

Participants learned about the joint distribution of the assets in two different environments. These
environments varied between-subject and represent our main treatments. Half the participants were
given information that described the outcomes of both assets in all states (or “situations”), along
with the probability of each state. This constituted our Simultaneous Information treatment. The
other half learned about the two risky assets by sequentially sampling each potential state and
seeing the outcomes from the joint distribution. Each was told that 1) they would see the outcomes
of each potential state and 2) that each state was equally likely to be realized. This constituted

our Sequential Information treatment. It is important to note that presenting participants with

13This design was inspired by the paradigm used in Paterson and Diekmann (1988) to study violations of Expected
Utility axioms.
MThe participants’ instructions referred to Asset U and F as Asset A and B, respectively.
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every state in the Sequential Information treatment ensured that they were exposed to the same
information about the relevant distributions as those in the Simultaneous Information treatment
at the time of choice.

Figure 1 illustrates the Simultaneous Information learning environment. The graph shows the
outcome of both assets in all states. In the instructions before the first round, participants also
received an explanation of the graph and the information that all states are equally likely. They
needed to pass a comprehension test to continue to the first round. Underneath the graph, a verbal
statement also describes the distribution, as is common in traditional decision-making experiments.
The statement mentions all joint outcomes and their probabilities, thus fully describing the joint
outcome distribution.'® In the Simultaneous Information treatment, participants could also view
the graph when making the choice between assets and reporting beliefs, removing the need to
memorize the distribution.

Figure 3 illustrates the Sequential Information learning environment, which uses both graphical
(bar chart) and numerical information (realizations in $) to clearly present all outcome pairs.
Participants drew 11 (51) outcome pairs in the short (long) round of the experiment. Each sample
is fully representative—presenting participants with the outcomes in every state—so that there
is no sampling error. Additionally, each sample is randomly ordered, so that particular outcome
orders cannot explain systematic treatment effects. Random ordering also allows us to analyze the
importance of recency and primacy effects, which we explore in Section D.1.4. Participants chose
how long to view the outcomes of each state and when to move on by clicking “Next.” There
was no option to go back. We collected viewing times for each state, which we use to analyze
attention effects in Section 4.3. In the Sequential Information treatment, participants could not
view a “simultaneous” summary of the relevant distributions while making their asset choices and

reporting their beliefs.

15See Figure TA2 for the full Simultaneous Information environment including the verbal statement. The graph
was designed to highlight the differences between assets using both visual presentation and text. Follow up treatments
which remove both the text and box from the graph, while keeping the state ordering constant, yielded the same
results as this Baseline Simultaneous Information treatment.

16This sampling design was inspired by the experiment in Ungeheuer and Weber (2023) who study the impact of
outperformance on investment choice.
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Figure 3: Baseline Experiment — Sequential Information Treatment.
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3.2 Discussion of Design

There are several noteworthy aspects of the Baseline experimental design. First, showing a a fully
representative sample in the Sequential Information learning environment ensures that participants
have been exposed to the same information at the time of choice, which accounts for the oft-cited
sampling error explanation for the description-experience choice gap (Fox and Hadar, 2006; Cubitt
et al., 2022). Second, presenting the state-by-state outcomes in the Simultaneous Information
learning environment accounts for the “mere-presentation effect” as a potential explanation (Erev
et al., 2008).'7 The same design choice also accounts for the “unpacking-and-repacking” explanation
(de Palma et al., 2014) which also relies on a difference in emphasis on unlikely outcomes between
the Simultaneous and Sequential Information learning environments. Third, we used assets with
the same underlying distributions to rule out explanations based on primitives such as probability
weighting, since models like original or cumulative prospect theory (Kahneman and Tversky, 1979;
Tversky and Kahneman, 1992) would not predict a preference for either asset in the Simultaneous

Information environment. Finding a strict preference for the unlikely-outperforming Asset U in the

"Erev et al. (2008) argue that the description-experience choice gap is due to the typical presentation of lotteries in
the description learning environment, e.g., (($z,p; $0,1—p) = ($8,0.1; $0, 0.9), affording propositional representation
to the unlikely events. The same lottery’s presentation through sampling is afforded analogical representation, where
the unlikely outcome is also unlikely to be presented. Our design accounts for this by presenting the outcome of each
state individually both in the simultaneous and Sequential Information learning environments.
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Simultaneous Information environment would thus provide evidence for bottom-up attention as a
driver for the overweighting of unlikely events. Finally, employing a sequential learning environment
where outcomes were not payoff relevant accounts for reinforcement learning as an explanation for
any observed differences in choices (Erev and Barron, 2005).

Our design differs from prior work on risky choice by including a graphical depiction of state-
by-state distributions of outcomes. We did this for several reasons. First, the graphical depiction
ensures that the presentation of events is proportional to their probability, as is the case in the
Sequential Information learning environment. Second, as outlined further below, the visual rep-
resentation allows us to manipulate multiple aspects of salience exogenously and to then validate

those manipulations using existing tools from cognitive psychology.

3.3 Testing the Mechanism

We designed five additional treatments to directly test the proposed framework by exogenously
manipulating memory and attention. All variations were theory-driven, motivated by the model
outlined in Section 2 and Appendix A. The framework predicts that manipulating salience can
drive choices away from the unlikely-outperforming Asset U towards the frequently-outperforming
Asset F in the Simultaneous Information environment. It also predicts that manipulating memory
constraints can decrease the preference for the frequently-outperforming asset in the Sequential

Information environment, and reverse the preference altogether.

3.3.1 Manipulating Salience

We sought to manipulate salience without changing the state-by-state distribution of the assets.
To do so, we leveraged the Attention based on Information Maximization (AIM) model of Bruce
and Tsotsos (2009) to change the presentation of the states from one where the salient state
clearly deviated from the local environment—and thus attracted attention—to a depiction where
this deviation was less unexpected.'® We did this by changing the order of the states from the

predictably-increasing pattern in the Baseline treatment—where differences in outcomes in adjacent

'8In the AIM model, salience emerges from first principles of bounded rationality—efficient coding and information
theory. The salience of some component (in our case, the state) is a function of the local information relative to
the surrounding information; a state is more salient if the content is unexpected given the surrounding context. See
Appendix A for further discussion.
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states are relatively small except for where Asset U outperforms—to a randomized order where
adjacent states could have large differences in the levels of outcomes—where a large outcome
difference within a state would be less surprising. The information presented to participants (N =
100) in this No Salience Bias treatment is depicted in Figure 4 below; otherwise the design was
identical to the Baseline Simultaneous Information treatment.'® It is important to note that the
underlying distributions and the numbers associated with each state were the same across the
Baseline and No Salience Bias treatments.

To test our assumption that the No Salience Bias treatment decreased the salience of the state
where the unlikely-outperforming asset was superior (state 11), we used the bottom-up Graph-
Based Visual Saliency model and the associated algorithm proposed in Harel et al. (2006).2° The
output of the model for both treatments is presented in the bottom row of Figure 4. As predicted,
in the Baseline Simultaneous Information treatment, the outcomes associated with the state where
Asset U outperforms are by far the most salient; the large contrast between payoffs relative to the
local environment is predicted to channel more attention to that state than other states. However,
changing the presentation such that the differences in payoffs within a state are less surprising
substantially decreased the salience of state 11. No state is clearly dominant in terms of salience
in the No Salience Bias treatment, implying that salience is less likely to bias choice towards a
particular asset in this setting. Based on Prediction 1, people should choose Asset U less in the

Random Order treatment than in the Baseline Simultaneous Information treatment.

3.3.2 Manipulating Memory

Our first two memory manipulations sought to decrease the impact of imperfect recall on choice.
The No Recall Bias treatment proceeded in the same way as the Baseline Sequential Information
treatment, except that participants (N = 100) were asked to write down outcomes during the
sequential sampling process. Specifically, they were asked to have a pen and paper (or other method
of recording) ready and incentivized with a potential bonus payment for correctly responding to

a quiz at the end of the round (see Figure IA3). By reducing the scope for imperfect recall,

19We still display the verbal description of all outcome pairs and probabilities, as in the Baseline Simultaneous
Information treatment.

20Tn short, the model generates a saliency map of an image using an algorithm that was validated through measures
of human visual fixation. The output of the saliency map is based on levels of activation in units of pixels—higher
pixels/brighter areas are associated with higher levels of salience.
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Figure 4: This figure depicts the relative salience of the unlikely-outperforming state of Asset U in the
Baseline simultaneous information (left) versus No Salience Bias simultaneous information (right)
treatments. The top two graphs correspond to the distributions shown to participants. The
bottom two figures correspond to the salience maps of those distributions as measured by the
Graph-Based Visual Saliency Method. In the Baseline simultaneous information treatment, the
performance of Asset F in state 11 was by far the most salient area, with an average activation
level of approximately 230 pixels (the next highest outcome had an activation level of less than
100). In contrast, in the No Salience Bias simultaneous information treatment, the outcomes
associated with state 11 had an average activation level of approximately 30 pixels, while six
other states had outcomes in the range of 100 to 150 pixels.
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participants in the No Recall Bias treatment are predicted to display a smaller preference for Asset
U than those in the Baseline Sequential Information treatment.

Based on the comparative static in Prediction 2, the Minimal Requirement treatment reduced the
number of states to potentially remember from 11 to 3—a reduction below critical thresholds for
memory capacity (e.g., Miller, 1956). This represents the minimal example where it is still possible
to have “frequent outperformance” of Asset F (in 2 of 3 states) while maintaining the same marginal
distributions for both assets ($0, $1, and $2 with equal likelihood). Reducing the number of states
decreases the likelihood that 1) the state where Asset U outperforms is misremembered while 2) a
state where Asset F outperforms is correctly remembered. In turn, participants (N = 99) in the

Minimal Requirement condition are predicted to prefer Asset U to a smaller extent than those in
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the Baseline Sequential Information treatment.

Our third manipulation sought to test Prediction 4 directly. Here, we exploited the role of
interference in an attempt to manipulate memory formation in the Sequential Information learning
environment. To that end, we introduced a decoy Asset D which could never be chosen; the choice
remained the same—between Asset U and F. Participants sequentially sampled outcomes from
Asset D along with the two other assets.?! The decoy asset’s outcomes dominate the outcomes of
the two assets that can be chosen, so that it should be perceived as very attractive. Prediction 4
says that assets which are similar to the decoy should also be perceived as more attractive due to
interference in memory formation, even if the features that create similarity are payoff-irrelevant.

Using color (shades of orange vs. blue) and industry classification (oil vs. tech), we structured
the decoy Asset D to either be similar to Asset U or F. Figure 5 shows the conditions where Asset
D was similar to Asset U (“Interference (Unlikely-Outperformance)” condition) and where Asset

’ condition). Participants were

D was similar to Asset F (“Interference (Frequent-Outperformance)’
randomized into the former (N = 99) or the latter condition (N = 102). While participants in
the Interference (Frequent-Outperformance) condition are predicted to continue selecting Asset F

over U, the framework predicts that not only will the gap decrease in the Interference (Unlikely-

Outperformance) condition, but it may actually reverse.

4 Empirical Results

This section reports the results on choices (Section 4.1) and beliefs (Section 4.2). We explore
additional mechanisms in Section 4.3. We start with our Baseline Experiment and then proceed

with the theory-testing conditions.??

4.1 Choices

Figure 2 presents results across the Baseline and theory-testing conditions. Table 1 shows our

results on choices across the learning environments, with the Baseline conditions marked by El

21Gee Table IA2 for the full joint distribution.

22We present the 11-state version of the experiment here. As there were no significant differences in the order
in which beliefs and choices were elicited, we pool across these variations when presenting our main results. The
Internet Appendix contains additional results and sample splits.
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Figure 5: This figure illustrates the two interference conditions.
additional Asset D but could only select between the other two assets, which exhibit the same
marginal distributions as Assets U and F in the Baseline design. Asset D dominates the two
assets that can be chosen. In the ‘Unlikely-Outperformance’ variation (a), the dominant Asset
D is similar (in color and industry) to the unlikely-outperforming Asset U (‘Tech Company 2’).
In the ‘Frequent-Outperformance’ variation (b), Asset D is similar to the frequently-better Asset

240
220
2,00
1.80
1.60
1.40
1.20

1.00

Outcome in §

0.80
0.60
0.40
0.20
0.00

and D1. Notably, only 5% of choices corresponded to indifference; removing those choices from the

F instead (‘Oil Company 2’). Note that the ordering of assets was randomized.

Simulation of outcomes: 1 of 11

$1.88 $2.28 $2.07

Outcome in §

Con-g?)%r%yz CcnI%%my 1 Comggny 1

(a) Interference (Unlikely-Outperformance)

240
220
2.00
1.80
1,60
1.40
1.20
1.00
0.80
0.60
0.40
0.20
0.00

Participants sequentially sampled an

Simulation of outcomes: 1 of 11

$1.88 $2.28 $2.07

Cor-r%%my 1

(b) Interference (Frequent-Outperformance)

analysis does not change the results neither qualitatively nor statistically.

Table 1: Main Results — Choices. In this table, we report average choices. We report the average fraction
of participants selecting each of the alternatives. t-statistics are based on participant-clustered
indicates statistical significance at

standard errors whenever both rounds are included.
the 10%/5%/1% level.

Comgany 2

Choice  Choice  Difference
Condition Asset U Asset B versus 50%  t-test N
Simultaneous Information
(D1) Baseline 58.01%  41.99%  -8.01%  -3.16 381
(D2) No Salience Bias 34.00%  66.00%  16.00% ~  3.36 100
Sequential Information
(E1) Baseline 15.10%  84.90%  34.90% ~  19.57 404
(E2) No Recall Bias 37.00%  63.00%  13.00%  2.68 100
(E3) Minimal Requirement 37.37%  62.63%  12.63%" 258 99
(E4.1) Interference (Frequently-Outperforming)  19.61%  80.39%  30.39%" " 7.69 102
(E4.2) Interference (Unlikely-Outperforming) 67.68%  32.32% -17.68%""  -3.74 99
Difference Across Learning Environments
(E1-D1) Baseline 42.91%""  13.98 785
(E2-D2) Eliminating the Gap -3.00%  -0.44 200
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Consistent with our first Prediction 1, people learning about the distribution in the Simultaneous
Information condition (D1) had a significant preference for the unlikely-outperforming Asset U,
choosing it 58.01% of the time (p < .01).2 On the other hand, consistent with Prediction 2, learning
the same information through sequential sampling (E1) shifted choices towards the frequently-
outperforming Asset F, which was selected 84.90% of the time (p < .01).

The gap in choices between the Simultaneous and Sequential Information environments (E1-D1)
is substantial, at 42.91 percentage points (p < .01). The existence of the gap is surprising given
that the underlying distributions and information about the assets were kept constant, which rules
out many potential mechanisms such as prospect theory or sampling error.

We next vary the Baseline Experiment’s design to exogenously manipulate memory and atten-
tion. Decreasing the salience of the state where Asset U outperforms (condition D2) flips the
preference for the unlikely-outperforming asset towards the frequently-outperforming: the fraction
of participants selecting Asset F increases from 41.99% to 63.00% (p < .01). The elimination—and
even a reversal—of the preference for the asset with the unlikely upside suggests that attention and
salience play an integral role in driving decisions from Simultaneous Information.

Similar to decreasing salience bias with treatment D2, we sought to reduce the bias induced by
imperfect recall in the sequential learning environment with the No Recall Bias treatment. Row (E2)
of Table 1 shows that decreasing the scope for imperfect recall reduced the fraction of choices for the
frequently-outperforming Asset F from 84.90% to 63.00% (p < .01 both between treatments and
relative to 50%). Notably, comparing the No Salience Bias and No Recall Bias treatments (E2-D2)
shows the complete elimination of the choice gap between learning environments: people’s choices
were essentially the same regardless of whether they learned from simultaneous (D2) or sequential
information (E2). This highlights the role of attention and memory constraints as the drivers of
the gap in the Baseline conditions, rather than something inherent to the learning environment per
se.

Next, as a separate test of the imperfect recall channel, we reduced the number of states from
11 to 3 in the Minimal Requirement treatment. According to Prediction 2, the lower number of
states that need to be recalled should reduce the memory bias, and in turn, the preference for the

frequently outperforming Asset F. Row (S3) of Table 1 shows that this is indeed the case: Asset

23Unless otherwise noted, p-values correspond to the difference from 50%.
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F was chosen more than 20% less in the Minimal Requirement treatment than in the Baseline
treatment (62.63%; p < .01 both between treatments and relative to 50%).

Finally, we move to testing the memory mechanism by manipulating interference in the sequen-
tial learning environment (Prediction 4). When the decoy asset is more similar to the frequently-
outperforming asset in the Interference (Frequent-Outperformance) treatment, this merely rein-
forces the preference for Asset F. Indeed, as shown in row (E4.1) of Table 1, people select this asset
at around the same rate as the the Baseline Sequential Information condition (E1). However, this
preference changes dramatically when the decoy asset is more similar to the unlikely-outperforming
asset. As shown in row (E4.2), the preference for Asset U goes from 15.10% in the Baseline Sequen-
tial Information condition to 62.89% in the Interference (Unlikely-Outperformance) condition.?*

Adding a decoy asset that differed on non-payoff relevant attributes shifted choices from the vast
majority of people preferring the frequently-outperforming Asset F to most people selecting the
unlikely-outpeforming Asset U—a preference reversal of more than 40 percentage points! Manipu-
lating similarity and interference led people to prefer the asset with unlikely outperformance in the

sequential learning environment.

4.2 Beliefs

We now turn to examining beliefs. In line with the conjecture that the learning environment
affects choices by changing people’s perceptions of uncertainty, we find that beliefs largely follow the
patterns in Section 4.1. Table 2 shows our main results on beliefs after learning in the simultaneous
versus sequential learning environments. Beliefs about average outcomes are in Panel A and beliefs
about the probability of outcomes above versus below $1 are in Panel B. Overall, we find that
participants’ beliefs are consistent with their choices. Note that because the order of the belief and
choice questions were randomized, these results are not driven by spillover effects, e.g., a desire to
report beliefs that are consistent with one’s choices.

In our Baseline condition, participants become highly over-optimistic about the performance of
the frequently-outperforming asset after learning through sequential information (E1). The distri-

bution they sampled was the same for both assets, with an average (and median) of exactly $1. How-

24 A simple dislike for a specific color or industry cannot explain this result, as it would suggest an equal reduction
of the fraction of choices for Asset F in both (E4.1) and (E4.2).
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Table 2: Main Results — Beliefs. In this table, we report average beliefs. Panel A reports the aver-
age outcome expected for each of the alternatives (both marginal distributions have an expected
value of $1.00). Panel B reports the average probability expected for below/above-median out-
comes for each of the alternatives (both marginal distributions have a 5-in-11 chance for these
outcomes). The t-statistics in Panel B are from a difference-in-difference estimate between the
below- and above-median probability assessments. t-statistics are based on participant-clustered
standard errors whenever both rounds are included. */**/*** indicates statistical significance at
the 10%/5% /1% level.

Beliefs Beliefs  Difference
Condition Asset U Asset F (-in-Diff.) t-test N

Panel A: Expected outcome (0-2)

Simultaneous Information

(D1) Baseline $1.07 $1.00 $-0.07""" -2.83 381
(D2) No Salience Bias $1.06 $1.09  $0.03 0.81 100
Sequential Information

(E1) Baseline $1.00 $1.17  $0.16™" 7.34 404
(E2) No Recall Bias $1.08 $1.08  $0.00 0.06 100
(E3) Minimal Requirement $1.09 $1.25  $0.16™" 3.20 99
(E4.1) Interference (Frequently-Outperforming) $0.99 $1.38  $0.38"" 7.7 102
(E4.2) Interference (Unlikely-Outperforming) $1.20 $1.08 $-0.12"" -1.97 99
Difference Across Learning Environments

(E1-D1) Baseline $0.23"" 7.11 785
(E2-D2) Eliminating the Gap $-0.03 -0.66 200
Panel B: Risk assessment (below/above-median probabilities)

Simultaneous Information

(D1) Baseline — P(z < 1) 39.09%  44.27%  6.46%"" 3.46 381
-Pz>1) 42.63%  41.35%

(D2) No Salience Bias — P(z < 1) 41.71%  42.39%  3.26% 1.14 100
-P(z>1) 44.16%  41.58%

Sequential Information

(E1) Baseline — P(z < 1) 48.40%  38.24%  -25.87%"""  -12.58 404
-P(z>1) 35.04%  50.76%

(E2) No Recall Bias— P(x < 1) 38.08%  40.55% -0.68% -0.20 100
-P(z>1) 37.87%  41.02%

(E3) Minimal Requirement — P(z < 1) 35.87%  31.82%  -9.39%"" -2.32 99
-P(z>1) 32.08%  37.42%

(E4.1) Interference (Frequently-Outperforming) — P(x < 1)  47.98%  37.38%  -39.47%™"" -8.05 102
-Pz>1) 28.83%  57.70%

(E4.2) Interference (Unlikely-Outperforming) — P(z < 1) 34.88%  49.67%  13.66% 2.54 99
-P(z>1) 42.35%  43.48%

Difference Across Learning Environments

(E1-D1) Baseline -32.34%™"  -11.60 785
(E2-D2) Eliminating the Gap -3.94% -0.87 200
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ever, participants believed the average outcome is around $1.17 for the frequently-outperforming
Asset F, which is more than $0.16 higher than their stated belief for the unlikely-outperforming
Asset U (p < .01).2% Consistently, they believe outcomes below $1 are less likely (likelier) than
outcomes above $1 for the frequently-outperforming (unlikely-outperforming) asset, although all of
these are the same (5 out of 11 situations below, 5 above $1). The difference-in-differences measur-
ing the overoptimism for the frequently-outperforming Asset F versus the unlikely-outperforming
Asset U is 25.87 percentage points (p < .01). On the other hand, participants were more optimistic
about the performance of the unlikely-outperforming Asset U in the Simultaneous Information
treatment (D1). They expected the Asset U to return an average of $0.07 more than Asset F
(p < .01) and exhibit surplus probability mass of 6.46 percentage points for better outcomes of the
unlikely-outperforming asset (p < .01).

There is a highly significant beliefs gap across the learning environments in our Baseline Exper-
iment (E1-D1). Table 2’s Panel A shows that this gap is $0.23 for estimates of average outcomes
(p < .01), i.e., participants expected an average outperformance of the frequently-outperforming as-
set over the unlikely-outperforming asset that is $0.23 higher after learning from sequential informa-
tion than from simultaneous information. Similarly, Panel B documents an excess probability mass
of 32.34 percentage points (p < .01) for good versus bad outcomes of the frequently-outperforming
asset relative to the unlikely-outperforming asset. To sum, the results on beliefs suggest that the
systematic preference reversal in choices from Table 1 appears to be driven by a systematic change
in perceptions—or mental representations—of uncertainty.

When we manipulate memory and attention, the gap in beliefs closes and then flips. We illustrate
this for beliefs about average outcomes in (D2), (E2), and (E4.2).

First, decreasing salience bias in the Simultaneous Information treatment using the No Salience
Bias condition led to more optimistic beliefs about Asset F by $0.03, though the difference was not
significant. Similarly, decreasing recall bias in the Sequential Information treatment with the No
Recall Bias condition led to no significant differences in beliefs across the two assets. Attenuating
biases in attention and memory closed the gap in beliefs as well as choices.

In the Interference (Unlikely-Outperformance) treatment, the decoy is predicted to interfere with

recall about the unlikely-outperforming Asset U. In turn, participants were overoptimistic about

25Unless otherwise noted, p-values correspond to the difference between assets.
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Asset U ($1.21) relative to Asset F ($1.06) by $0.14 (p < .01). This is a substantial reversal
compared to the Baseline Sequential Information treatment where they were overoptimistic about
Asset F compared to Asset U. The gap in beliefs flipped from $0.23 (p < .01) in our Baseline
conditions to $-0.14 (p < .05) when we manipulate memory, even though the learning environment

was kept constant.

4.3 Alternative Explanations

Despite presenting people with the same information in both the simultaneous and sequential
learning environments, it may still be possible that people just did not attend to the state where
Asset U outperformed in the latter. This would generate a gap in choices and beliefs through a
mechanism similar to sampling error (Fox and Hadar, 2006) or selective sampling (de Palma et al.,
2014). We analyze viewing times for each outcome pair as a measure of attention to explore this
possibility in our Baseline Experiment.

First, we find that participants do pay significantly more attention to extreme outcome pairs—
consistent with salience-driven attention. The average number of seconds participants take to view
a moderate outcome pair is 1.87, whereas states with extreme differences receive 3.65 seconds of
viewing time, or 1.78 seconds more attention on average (p < .01; , see Table TA3). This near-
doubling of attention for extreme outcome pairs confirms that the associated states are salient and
not overlooked when people learn from sequential information.

Second, we test whether increased viewing times for states with extreme outcome differences are
reflected in choices and beliefs. As shown in Figure IA4, participants who look longer at extreme
outcome pairs compared to the average moderate outcome pair do not exhibit a weaker or stronger
tendency to choose the frequently-outperforming Asset F compared to participants who do not
pay more attention to these states. Table IA4 reports a regression showing that attention-weighted
sampled outcome levels do not significantly predict choices. In summary, it seems that while salience
does drive attention to states with extreme differences in the sequential learning environment, the
bias generated by imperfect recall—as outlined in Prediction 2—plays the dominant role in affecting

choices and beliefs.
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5 Discussion

We find that the way that people learn about uncertainty changes their perception of it. People
who learn from simultaneous information tend to overweight unlikely but salient outcomes while
those who learn the same information sequentially tend to underweight such outcomes. These
differences in mental representations are reflected in choices: learning about outcomes from “si-
multaneous” information leads to a preference for unlikely-outperforming assets, while learning the
same information sequentially leads to a preference for frequently-outperforming assets. In line
with our proposed framework, we demonstrate that the observed differences in beliefs and choices
are driven by memory and attention constraints. This shows that the previously-documented
“description-exprience” gap in risky choice can be derived from first principles of bounded ratio-
nality; manipulating factors related to cognitive constraints can close the gap completely, or even
reverse it.

Our findings highlight how the same exact information can lead to vastly different perceptions of
uncertainty depending on how it is learned. The kinds of unlikely but salient states that characterize
the distributions in our experiment are not unusual, but rather common characteristics in a variety
of settings. Fat tails and joint outliers are ubiquitous in a strongly connected society. The outsized
influence of such outliers on individual and societal outcomes makes a better understanding of
under- versus over-weighting of extreme states even more important.

Learning from sequential personal experiences has already been linked to choices of consumers
and investors (Malmendier and Wachter, 2021). Our findings link this experience literature to
a broader framework, which allows for a richer set of predictions on how behavior changes as a
function of the learning environment and cognitive constraints. Integrating learning from sequential
experiences into a common framework is also important because while the majority of studies have
used “simultaneous” information about uncertainty—and developed models to fit the observed
behavior (e.g., Prospect Theory)—learning from sequential information is an ecologically common
way of learning about uncertainty.

Incorporating bounded attention and memory is also important because it helps to explain het-
erogeneity in risky choice (e.g., Diecidue et al., 2020). In a given learning environment, different

subsets of participants may (i) correctly recall unlikely states and overweight them due to their
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salience, (ii) mis-remember unlikely states and neglect them (as if they “maximize the probability
to be ahead”), (iii) or neither overweight nor underweight them (if the cognitive constraints are
not binding).

Lastly, our results point to ways in which the learning environment can be tailored to improve
the accuracy of mental representations of uncertainty. In our experiments, both the sequential and
simultaneous learning environments led to biased beliefs. Exploring presentation formats that lead
to more accurate beliefs is a promising avenue for research. Experimental research in the investment
context already shows encouraging results. Kaufmann et al. (2013) document that a sampling
procedure can be used to debias beliefs about returns of a single risky asset. In a context with
multiple risky assets, Laudenbach et al. (2022) find that sequentially sampling return pairs instead
of directly receiving simultaneous information about the joint return distribution improves beliefs
about dependence and makes portfolio choice more consistent with normative models (Markowitz,
1952). Our framework on how memory and attention affect choices could help structure the search
for effective learning environments tailored to specific contexts (see the literature on nudging and

boosting, e.g. Hertwig and Griine-Yanoff, 2017).
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