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Abstract. The growing literature on how people learn to make decisions based on experience 

focuses on two types of paradigms. In one paradigm, people are faced with a choice, and must 

retrospectively consult past experience of similar choices in order to decide what to do. In the 

other paradigm, people are faced with a choice, and then have the opportunity prospectively to 

gather new experiences that might help them make that choice. The current paper examines the 

joint impact of both retrospective and prospective experiences. Two experiments reveal strong 

interactions. In Study 1, repeated experience with new samples appears to reduce sensitivity to 

the average outcome in the samples and enhances underweighting of rare events. Study 2 shows 

that repeated experience with pre-choice samples can reverse the impact of the new information 

(and decrease the tendency to select the alternative that provides the best outcome in the new 

sample). The results suggest that prospectively gathering new samples can have two, potentially 

contrasting, influences on choice: The first focuses on the sample’s face value and selects the 

option with the higher value in the new sample; by contrast, the second treats the new sample as 

a cue to recall similar prior experiences, which in turn drive choice. The paper concludes with a 

discussion of the possibility that part of the descriptive value of prospect theory reflects the fact 

that it summarizes the joint impact of similar “face-or-cue” processes.
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In many natural choice tasks, ranging from buying sneakers to important policy 

decisions, the information available to the decision-makers comes from three main sources: 

descriptions of the possible alternatives, retrospectively consulting experience of similar 

decisions in the past, and prospective exploration of new experiences to help inform the decision. 

For example, while choosing between pairs of sneakers in the store, the decision-makers can rely 

on verbal descriptions of the pairs, use past experiences with similar pairs, and collect new 

experiences by trying the available pairs on. Similarly, when world leaders considered alternative 

reactions to the 2008 subprime crisis, they relied on reports concerning the risk that different 

financial institutions will collapse, recalled the outcomes of previous crises, and searched for 

new information, including expert judgments and public opinion, about the current crisis to help 

decide which policy to choose. 

Most experimental studies of choice behavior concentrate on the impact of only one of 

these three sources of information. Mainstream studies of the impact of description (e.g., 

Kahneman & Tversky, 1979) used the “description” paradigm presented in the left-hand side of 

Figure 1. The clearest analyses of the impact of past experiences used the “consequential full 

feedback clicking” paradigm described in the center of Figure 1 (see review in Erev & Haruvy, 

2016), where each new decision about which button to click is informed by retrospective recall 

of what reward was received when the buttons were clicked in the past. The clearest analyses of 

the impact of new experiences used the sampling paradigm described in the right-hand side of 

Figure 1 (see review in Wulff et al., 2018), in which, when faced with a decision, people can 

prospectively gather evidence about which button to click by costlessly sampling reward values 

from each button. In this exploration phase, they do not actually receive any reward. The purpose 

of the sampling is purely to inform the decision to be made. 



Figure 1. Typical screens in the Description, Consequential Full Feedback Clicking (Clicking for 

short), and Sampling paradigms used in previous research.  

Comparison of the three lines of research has highlighted a “description-experience gap” 

(Hertwig & Erev, 2009): Studies that used the description paradigm document significantly 

higher sensitivity to low probability (rare) outcomes than studies that used the clicking and 

sampling paradigms (Barron & Erev, 2003; Hertwig et al., 2004). In addition, previous research 

documents significant differences between the two types of “decisions from experience” (de 

Palma et al., 2014). In order to clarify these differences, it is useful to distinguish between the 

measurement of the decision-experience gap, and the definition of “underweighting of rare 

events.” In binary choice, the gap is the difference between the choice rate of the option that 

“pays more with higher probability” when the decision is made from experience and from 

description. The term underweighting of rare events refers to a tendency to prefer that option that 

pays more with higher probability when this option does not maximize expected return.1 The 

1 These definitions imply that the existence of the gap does not imply underweighting of rare events in decisions 
from experience.  For example, consider an experiment that studies decisions between R “10 with probability .9, 0 
otherwise” and S “9 for sure” using the sampling and the description paradigms. Assume that the R-rate (the choice 
rate of the option that pays more with higher probability) is 40% in the sampling paradigm, and 10% in the 
description paradigm. The gap in this example is large (40% - 10% = 30%), but the results do not exhibit 



main difference between the two experience paradigms involves the conditions that trigger 

underweighting of rare events. Studies that used the consequential full feedback clicking 

paradigm suggest that when the feasible prospects are of similar EV, the tendency to 

underweight rare events is rather robust.2 This bias occurs even when the decision makers 

receive accurate information concerning the feasible payoffs (e.g., Erev et al., 2017), and when 

the observed rate of the rare outcomes is larger than the expected rate. In contrast, studies that 

used the sampling paradigm document clear underweighting of rare events only when three 

additional conditions hold: The decision makers are not presented with a description of the 

possible outcomes (Erev et al., 2008; Abdellaoui et al., 2011), the rare events are 

underrepresented in the sample (Wulff et al., 2018), and only one of the options is risky 

(Glöckner et al., 2016).3 Meta-analysis (Wulff et al., 2018) shows that the main properties of 

decisions from prospectively drawing samples (rather than sampling retrospectively from 

memory) can be summarized by the assertion that people use the “natural mean” heuristic 

(Hertwig & Pleskac, 2008) and select the option with the higher sample mean. 

To derive practical implications from these experimental results it is important, of course, 

to understand how these different sources of information interact. It is known, for example, that 

the impact of the description can be modified by past experiences (Yechiam et al., 2005; Jessup 

et al., 2008; Lejarraga & Gonzalez, 2011; Marchiori et al., 2015; Erev et al., 2017; Cohen et al., 

2020). In one demonstration of this effect (Marchiori et al., 2015) participants faced 60 distinct 

decisions from description tasks involving a safe prospect (e.g., “5 with certainty”) and a long-

shot gamble (“100 with p = .05; 0 otherwise”). After each choice, participants received full 

feedback concerning the realized payoffs of each option. The results reveal an initial tendency to 

prefer the gamble that implies overweighting of rare gains (as predicted by Prospect theory; 

Kahneman & Tversky, 1979; Wakker, 2010). Yet, after a few trials most participants preferred 

the sure payoff, and behaved as if they underweighted the rare event. These results can be 

underweighting of rare events in the sampling paradigm (as the choice rate of the option that pays more with higher 
probability is lower than 50%).  
2 When the feedback is limited to the obtained payoff, the tendency to underweight negative rare outcomes can be 
masked by the hot stove effect (Denrell & March, 2001). 
3 While Wulff et al. (2018), did not find underweighting of rare events when the proportion of the rare outcome in 
the samples equaled its probability, they did find a weak description-experience gap even in this case.  That is, the 
implied weighting of the rare outcomes was lower in decision from experience than in decisions for description. 



explained with the assumption that the descriptions are used as memory cues, and lead people to 

select the strategies that provided the best outcomes given similar cues in the past. 

The current paper extends this research to consider whether new samples can also cue 

memory for past experiences, which in turn influence choice. Our analysis rests on the 

assumption that people tend to select the alternatives that led to the best outcomes in similar 

situations in the past (Skinner, 1953; Plonsky et al., 2015; Chater et al., 2020). But which similar 

situations are retrieved from memory may depend, in part, on which new samples are 

experienced. Thus, it is possible that new samples that favor one of the options, may trigger 

memories of bad experiences with that option that will in turn decrease the tendency to select it. 

For instance, a pleasant feeling while trying on a new pair of sneakers can remind the consumer 

of an old pair that felt similarly comfortable in the store but lost its comfortable feeling after a 

few weeks. 

Our experimental analysis reveals strong interactions between prior experience and new 

samples. In Study 1, repeated experience with pre-choice samples appears to reduce sensitivity to 

the average outcome in the samples and enhances underweighting of rare events. Study 2 shows 

that repeated experience with pre-choice samples can reverse the impact of the new information 

(and decrease the tendency to select the alternative that provides the best outcome in the new 

sample). The paper concludes with a discussion of the common elements of decisions from 

experience and decisions from description. 

Study 1  

The current study compares the joint impact of new and old experiences by studying 

repeated choice between the two payoff distributions presented in Figure 2 using the 

experimental paradigm presented in Figure 3. Each participant faced this choice task in 100 trials 

and could base their choices on new evidence (a pre-choice sample of 12 pairs of outcomes) and 

on the experience obtained in previous trials.  



Figure 2: The choice problems examined in Study 1, The error term at time, et, is drawn from a 
normal distribution with a mean of 0 and standard deviation of 3.  

Options Risky (R) Safe (S) 

19 + et with p= .9; 

30 + et with p =.1 

20 + et 

Figure 3: (a) The instructions presented to participants at the beginning of the experiment and (b) 
the experimental paradigm. 



Notice that the paradigm described in Figure 3 is a variant of the consequential full 

feedback clicking paradigm in Figure 1, but crucially now with the addition of a costless 

sampling stage. It differs from the sampling paradigm presented in Figure 1 in three ways: The 

availability of feedback, the fact that the sampling was controlled by the experimental design, 

and the fact the samples are presented in pairs. 

Participants and Design 

Forty-five participants were recruited from Amazon Mechanical Turk. All participants 

had a no-response rate below 10% (i.e., they made a decision within the 1.2s time frame in 90 

trials or more). The sample included 30 females (15 males), with a mean age of 35.54 (SDAGE = 

10.3). We planned to run 40 participants; the studies that first documented the phenomena we try 

to replicate and clarify ran fewer subjects. For example, the relevant conditions in Barron and 

Erev (2003) and Tsetsos et al. (2012) included 24 and 18 participants respectively. 

Participants received payment contingent on their decisions during the experiment plus a 

fixed participation fee. The total payment ranged from $3.57 to $4.04 with a mean of $3.81. An 

attention check was included (i.e., participants were instructed to write the word “thanks” in a 

text field labeled “comments” on the instructions page) and 12.7% potential participants who 

failed it were not allowed to take part in the study. The experiment was programmed in the oTree 

platform (Chen, Schonger & Wickens, 2016). 

Materials and Procedure 

Figure 3 presents the experimental task. The main details of the experimental procedure 

were adapted from Tsetsos et al. (2012). After pressing “Continue”, a sequence of 12 sample 

pairs were presented on the two buttons. Each pair was drawn from the corresponding 

distribution and presented for 500ms. The fact that the same et term is used in each pair of draws 

implies positive correlation between the outcomes of the two options. The choice keys became 

active only after the presentation of the set was finished, and participants had 1.2s to make a 

choice or the round would be skipped. The choice resulted in the presentation of a new pair of 

draws, the payoff of the selected option was the trial’s payoff (and the conversion rate from 

points to money was 1 US cent for 10 points). The payoff for skipped rounds was zero, and 

participants were informed that if they did not respond in time and were paid zero for this round: 



Time pressure was introduced to keep participants engaged. The total sample presentation time 

was 6 seconds (0.5s x 12).  

Results and Discussion 

The left-hand side of Figure 4 displays the mean rate of choosing the risky option (R-

rate) in 10 blocks of 10 trials by the number of high payoffs from R (30 + et, 11 more than S) in 

the sample. Comparison of the current results to previous studies of decisions based on pre-

choice samples (reviewed in Wulff et al., 2018) highlights one similarity and one difference. A 

repeated measures ANOVA with the number of rare events in the sample and block as two 

within-subject factors, suggests that the similarity involves the existence of high sensitivity to the 

number of rare events in the sample, F(3,132) = 32.34, p < 0.001. The R-rates given zero, one, 

two, and three or more rare events (high payoff from R) are 0.19, 0.31, 0.38 and 0.48 

respectively, and they are all significantly different from each other at the p < 0.001 level.  

Figure 4 – Study 1: Risky-choice rate by experience (blocks of 10 trials) and number of high 

payoffs from R in the sample. 

Note: The left-hand side presents the experimental results, and the right-hand side shows the 
rates under the face-or-cue model presented below.   

The difference between the current results and the results reviewed by Wulff et al. (2018) 

involves the conditions that trigger deviations from maximization that imply underweighting of 



rare events. The experiments reviewed by Wulff et al. (2018) show a clear underweighting of 

rare events only when the frequency of the rare events in the sample was lower than the objective 

probability. Analysis of the R-rate given a sample with two rare events (when observed 

frequency, 2/12 = 0.167, is larger than the objective probability of 0.10) shows the emergence of 

the behavior predicted by underweighting of rare events (R-rate below 50%) with experience. 

The average R-rate over all 100 trials (38%) is significantly lower than 50%, t (44) =2.782, p = 

0.008. Figure 4 shows that starting from the second block (after 10 trials) the median choice 

reflects underweighting of rarely observed outcomes. The difference between the R-rate given a 

sample with two rare events in the first block (58%) and over all the other blocks (37%) is 

significant, t(40) = 4.10, p = 0.0002).4

According to one explanation of the effect of repeated experience, documented in Figure 

4, the results reflect the joint impact of two “reactions to samples” rules (see a related idea in 

Achtziger & Alós-Ferrer, 2014): The first treats the new samples as a set of estimates of the final 

payoff, and implies a choice of the option with the highest average estimate. That is, it depends 

purely on the samples’ face value. The second rule treats the samples as cues that can be used to 

estimate the current state of the world, and implies a choice of the option that led to the best 

outcomes under similar states in the past. This “face-value or samples-as-memory-cues” (“face-

or-cue” for short) hypothesis implies that the decrease in the R-rate in response to a sample with 

two rare events reflects an increase in the tendency to treat the sample as a cue with experience 

(Plonsky et al., 2015). 

A second explanation for the decrease in the R-rate with experience even after observing 

a sample with 2 high payoffs from R assumes that boredom, or fatigue, decreases the size of the 

subsamples used by the participants. Under this “decreased-sample-size” hypothesis, the decline 

from near 60% to around 40% in the R-rate when the full sample includes two attractive rare 

payoffs from the risky alternative, can be the product of a decrease in the size of the subsample 

4 This analysis was not planned in advanced, it was conducted in response to a reviewer’s request. The degree of 
freedom reflects the fact that only 41 participants experienced and responded in time to a sample with two rare 
events in the first block, and our analysis used a within person test.  Additional analyses lead to similar conclusions.  
For example, the R-rate in the very first trial with a sample containing two rare events (62.5%) is significantly 
higher than the rate in all other trials with two rare events (37%), t(39) = 3.86, p = 0.0004. Similarly, the R-rate in 
the very first trial with a sample with two or more rare events (55%) is significantly higher than the rate in all other 
trials with two or more rare events (40%), t(37) = 2.10, p = 0.043. 



from 5 to 3. The predicted R-rates given subsamples of size 5 and 3 are 59% and 42% 

respectively.5

Study 2

Study 2 was designed to compare the two explanations to the results of Study 1. It 

examines a dynamic environment in which the two hypotheses predict contradicting patterns. 

Specifically, it studies the incentive structure described in Table 1 in which the payoff 

distribution associated with the risky option depends on the state of nature. In state L, the risky 

option provides “20 with certainty.” In state H the payoff distribution of the risky option is “10 in 

10% of the trials, 20 in 88%, and 150 in the remaining 2%”; thus, the expected value (EV) is 22. 

The payoff distribution associated with the safe option is normal with mean of 21 independently 

of the state. The State was randomly determined in the beginning of each trial, and then the 

participants were presented with a sample of 12 random draws from the two distributions.  

The current payoff rule implies that the existence of extreme outcomes (at least one ‘10’ 

or ‘150,’) in the sample can be used to estimate the probability of State H, and find the option 

that maximizes expected return. The probability of State H is 1 when the sample includes 

extreme outcome, and .177 otherwise (see the note in Table 1). The implied EV maximizing 

strategy is “Risk if and only if the sample includes at least one ‘10’ or ‘150’.” Crucially, if a 

participant encounters a ’10’, this will reduce the average value of the sample; but will cue 

people to recall large positive outcomes (because the state of nature of H, rather than L). 

Table 1: The payoff distributions associated with the two options in Study 2. 

Safe: N (21, 3), (normal with mean of 21, standard deviation of 3, EV = 21) 

Risk: The trial’s state of nature is L with probability 0.5, H otherwise 

If State = L: 20 with certainty, (EV = 20) 

If State = H: 20 with p = .88; 10 with p = .1; 150 otherwise (p = 0.02), (EV = 22)  

Note: Table 1’s incentive structure implies that the probability of State H given a sample from 
Risk that includes at least one 10 or 150 (or both 10 and 150) is 1. The probability of State H 
given a sample of size 12 that does not includes 10 or 150 is .8812/( .8812 + 1) = .177 

5 The decrease in the risk rate given a sample with two rare outcomes could also be explained by assuming an 
increase in risk aversion with experience. However, this assertion cannot capture the flat learning curves observed 
when the sample included zero, one, or more than two rare outcomes.   



Thus, the face-or-cue hypothesis can predict an increase in the rate of expected payoff 

maximizing responses to a sample that includes a 10 outcome with experience. In contrast, the 

decreased-sample-size hypothesis predicts a decrease in the maximization rate in response to a 

sample that includes a 150 outcome.  

 A second goal of Study 2 is to contrast two possible formal instantiations of the face-or-

cue hypothesis. One instantiation assumes reliance on all the (objectively) similar past 

experiences, and the second implies reliance on a small sample of similar past experiences. In 

order to compare these, we explored two ways in which the payoff distributions determined the 

trials’ payoff.  In Condition Draw, the trials’ payoff, like each of the samples, was a single draw 

from the relevant payoff distribution.  In Condition EV, the trials’ payoff was the EV of the 

relevant distribution (while the samples were still single draws). That is, the final payoff in each 

trial in Condition EV is “21 with certainty” from Safe, and “22 if the State is H, 20 otherwise” 

from Risk.6

Assuming that the cue strategy reflects reliance on small sets of past experiences, the 

participants are likely to learn to approximate the payoff-maximizing rule in Condition EV, but 

not in Condition Draw. In contrast, if the cue strategy is driven by the average payoffs, the 

participants are predicted to learn to approximate the expected payoff maximizing rule in both 

conditions. These predictions were pre-registered (https://osf.io/5fgwr/). 

The instructions to the participants, presented in Table 2, did not describe the final payoff 

rule and did not differ between the two conditions. 

Participants and Design 

One-hundred and sixty new participants were recruited from Amazon Mechanical Turk. 

The experiment used a two group between-subject design. The sample included 90 females (69 

males, one chose not to disclose), with a mean age of 37.72 (SDAGE = 11.26). Participants 

received payment contingent on their decisions during the experiment. The payment ranged from 

$2.72 to $3.3 with a mean of $2.97. As in Study 1, the final sample includes only participants 

6 Notice that Condition EV simulates natural situations, like the sneakers example, in which the sampling (e.g., 
trying the sneakers in the store) provide less information than the feedback for the actual decision (e.g., buying and 
wearing the sneakers).  



who passed the attention check (175 out of 215 participants) and completed all 100 trials (160 

out of 175). 

Table 2: The instructions used in Study 2 (same instructions in the two payoff-rule conditions). 

Instructions:  

The current academic experiment includes 100 rounds. 

In each round you will be asked to select between two alternatives, and your choice will lead to some 
earning in points. 

After pressing continue, a stream of samples from each alternative will be presented, in a rate of 0.5 
second a sample. 

These samples are drawn from the payoff distributions associated with the two alternatives. 

When the stream of 12 samples stops, the two buttons will become active (blue) and you can make your 
choice by pressing one of them.  

The feedback after each choice, presented on the buttons, will include the payoff of the chosen option 
and the payoff from the option that you did not choose. 

These payoffs are determined by the payoff distribution associated with the selected alternative. 

Materials and Procedure 

The experiment used a between-subject design. Seventy-eight participants were assigned 

to Condition Draw, and the other 82 participants faced Condition EV. With the exception of the 

incentive structure (Table 1), time-limit (there was no 1.2s time-limit in Study 2), and 

instructions (Table 2), the material and procedure used here were identical to those used in Study 

1.  

Results and Discussion 

The left-hand side of Figure 5 displays the observed R-rate as a function of experience 

and the composition of the samples. The results favor the face-or-cue hypothesis, based on 

drawing on a small samples. Table 3 summarizes the results of a repeated measures ANOVA 

with block and sample as within-subject factors, and condition as a between-subject factor. Post-

hoc analyses with Tukey corrected p-values demonstrated that experience in Condition EV 

increased the R-rate in response to low sample mean (at least one ‘10,’ no ‘150’) from 27% to 



63% (p < .001); over trials, the low sample in Condition EV increased the R-rate from 29% 

(given a sample without rare events) to 51% (p < .001). Another demonstration of the advantage 

of the small sample hypothesis is provided by the observation that in Condition Draw, low 

sample means reduced the R-rate in Condition Draw from 35% to 24% (p = .004). 

Figure 5 – Risky-choice rate by experience (blocks of 10 trials) and sample content  

Table 3 – Summary of effects in Study 2 

df F P 

Sample 2 4.32 0.014

Sample ✻ Condition 2 35.79 < .001

Residual 234

Block 9 1.33 0.215

Block ✻ Condition 9 1.21 0.283

Residual 1053

Sample ✻ Block 18 6.69 < .001

Sample ✻ Block ✻ Condition 18 7.73 < .001

Residual 2106

A face-or-cue model 



To clarify the face-or-cue hypothesis supported above, we outline perhaps the simplest 

possible formal instantiation of the model compatible with our findings, which assumes that each 

choice is made based on one of two “reaction to samples” strategies: Face or Cue.  

Strategy Face is a generalization of the natural mean heuristic (Hertwig & Pleskac, 2008). 

It implies a focus on the difference between the payoff from Risk and Safe (V[Risk]-V[Safe], the 

“the difference score”) in the sample’s 12 pairs, computing the weighted average, and a choice of 

Risk if and only if the weighted average of difference scores is positive. All the 12 scores are 

weighted at least once, and some pairs are overweighted. The additional weighting is determined 

by mental sample kj (kj is a property of agent j) difference scores, drawn with replacement from 

the observed sample. For example, if a particular item was drawn twice in the mental sample its 

final weight is 3/(12+ kj), and the weight of an item that was not in the mental sample is 1/(12+ 

kj).  Notice that with the constraint kj = 0, Strategy Face is identical to the natural mean heuristic.  

Strategy Cue treats the sample as a cue, and evaluates the option based on the final 

outcomes observed after obtaining similar cues. It implies drawing a set of kj past trials that 

occurred after samples similar to the current sample, and selecting the option with the higher 

mean payoff in this set. Similarity is defined by the distinction between four similarity classes: 

Low (no rare event in Study 1, at least one “10” and no “150” in Study 2); Medium (one rare 

events in Problem 1, no “10” or “150” in Study 2); High (two or more rare events in Study 1, at 

least one “150” in Study 2), and Very high (three or more rare events in Study 1). For example, 

after a low sample, the agent is assumed to draw ki final outcomes after a low sample.  

The model assumes that repeated experience with each similarity class (cue), increases 

the tendency to use Strategy Cue. The exact probability is the product of the number of past 

experiences with Cue c (denoted Nc), the presented sample size (Ns = 12 in the current study), 

and 0<fj <1 is a property of agent j: 

P(Strategy Face at the Nc+1 encounter with Cue c)= ��
�
��

(�����)� �

This equation implies that the probability to use Strategy Cue is 0 when agent j first encounters 

Cue c, and it increases toward 1-fj with encounters. In addition, the model assumes random 

choice in the first experience with each similarity class.  

The distribution of the two traits in the population are assumed to be uniform: fj~U(0, �), 

and kj is uniform in the set {1, 2,….κ}. Thus, the model has two free parameters � and κ. The 

right-hand sides of Figures 4 and 5 present the behavior of virtual agents, programmed to behave 



in accordance with the current model, in the current experiments with the parameters that best fit 

the data: � = .4, and κ = 10. The curves present the mean choice rate over 10,000 virtual agents, 

and show that the current model captures the main results. In Study 1, it reproduces the slow 

decrease in the sensitivity to the sample, and the emergence of underweighting of rare events 

even after observing two rare events in the sample. In Study 2, it reproduces the learning to 

select the option with the lower sample mean in Condition EV (when the sample from Risk 

includes the outcome 10), and the flat curves plus underweighting of the extreme rare events in 

Condition Draw.  

It is important to emphasize that the current abstraction is a simple illustrative 

instantiation of the face-or-cue hypothesis, and more data (more experimental conditions) is 

needed to allow careful comparison of the feasible alternatives. 

General Discussion 

Behavioral decision research tries to identify underlying processes by focusing on simple 

experimental paradigms that concentrate on the way people react to one of the sources of 

information that drive decisions in natural settings. It uses different paradigms to study reactions 

to descriptions, past experiences, and new samples. Recent research (e.g., Marchiori et al., 2015) 

highlights one shortcoming of this convention; it shows that experience can reverse the way 

people use descriptions of the incentive structure, and suggests that ignoring this interaction can 

lead to incorrect conclusions concerning the impact of descriptions in natural settings. 

The current investigation extends this analysis and examines if previous experience can 

also impact the way people use new samples. Our results suggest that the impact can be large. 

Study 1 demonstrates that experience can decrease the weighting of observed rare events. While 

initial behavior suggests that decision-makers do not underweight the rare outcomes represented 

in the sample, increased experience triggered underweighting of these outcomes. 

Study 2 examines a dynamic environment in which the mean outcome in the pre-choice 

sample is a noisy predictor of the expected return, and using the composition of sample as a cue 

facilitates more accurate prediction and EV maximization. The results reveal that experience 

increased EV maximizing when the maximizing strategy leads to the best possible payoff in most 

trials (Condition EV). However, when the typical outcomes from following the maximizing 

strategy were disappointing (Condition Draw where the EV maximizing choice in State H yields 



150 in 2% of the trials, and disappointing outcomes in most other trials), the participants failed to 

learn to use it. 

These results can be captured with a model assuming the use of two “reactions to new 

information” strategies: Face and Cue. Strategy Face builds on the sample’s face value and 

implies the selection of the option estimated to be best based on the sample. Strategy Cue treats 

the sample as a cue to recall similar past experiences. Importantly, the best fit is obtained with 

the assumption that both strategies imply reliance on small samples of outcomes, and experience 

increases the tendency to treat the sample as a cue. 

It is important to emphasize that the current results do not imply a qualitatively different 

reaction to new samples and past experiences. Indeed, studies of sequential dependencies in pure 

decisions from experience (Plonsky et al., 2015; Plosnky & Erev, 2017; Plonsky & Teodorescu, 

2020) suggest a face-or-cue reaction to the most recent outcomes. The models supported in these 

studies suggest that in certain cases people select the option that led to the best outcome in recent 

trials, but in other cases they appear to use the sequence of recent outcomes as a cue and select 

the option that led to the best outcomes in similar situations. 

Wider implications: face-or-cue and prospect theory 

In order to illustrate the wider implications of the current analysis, we conclude by 

considering the possibility that part of the descriptive value of prospect theory (Kahneman & 

Tversky, 1979; Wakker, 2010) is a result of the fact that the model summarizes the joint impact 

of face-or-cue processes. We believe that this feasible cognitive interpretation of the descriptive 

value of prospect theory has two advantages. The first involves the natural abstraction of the 

large effect of feedback on decisions under risk discussed above. Importantly, this effect cannot 

be explained by assuming that experience only changes the reference point (as in Kőszegi & 

Rabin, 2006). The results (e.g., Marchiori et al. 2015; Erev et al., 2017; Cohen et al., 2020) 

suggest that experience in a specific setting, leads people to behave as if they recall and rely on 

small samples of past experiences in this setting. 

The second advantage involves the abstraction of choice variability in decisions from 

description. Experimental studies show that when people are presented with the same choice task 

more than once, they often change their decisions. The magnitude of this tendency is clarified by 

Wakker, Erev and Weber (1994). Their analysis focused on 24 choice tasks (designed to test the 



comonotonic independence hypothesis, Wakker, 1990) and 8 “fillers”. Each participant 

encountered each of these 32 problems twice. The results revealed a high rate of alternations 

between the two replications. For example, the alternation rate between the first and the second 

reaction to the (filler) pair: “25% to win $1.5, 0 otherwise” or “20% to win $2, 0 otherwise” was 

31%. In addition, the results reveal that the alternation rate increases with temporal distance. For 

example, analysis of the 24 target problems reveals that the alternation rate was 26% if the 

distance between the two presentations was less than 5 trials, and 39% if the distance was more 

than 30 trials. Annoyingly, this rate of inconsistency was larger than the estimated rate of 

violations of expected utility theory predicted by the comonotonic independence hypothesis.7

 The common abstractions of choice variability assume that the choice process is noisy; 

the decision-makers select the prospect with the highest “temporal value,” and that the temporal 

value is the sum of the “true value” and a noise term drawn from a symmetric normal or logistic 

distribution. Moreover, the common abstractions also assume that the noise terms are 

independent and identically distributed (iid). While these abstractions have many attractive 

properties, they cannot capture the effect of temporal distance. The face-or-cue hypothesis 

suggests a simple explanation. Assuming that decisions are affected by cues that trigger the 

recall of past experiences, the probability of recalling additional experiences is likely to increase 

with time. For example, it is possible that the description in trial 17 of the experiment triggered 

the recall of experience in which the participant was lucky, and this “feeling” increases risk-

seeking until the recall of a very different experience in trial 35.  

Summary 

The current analysis demonstrates that the common effort to study human decision 

making using simple experimental paradigms that concentrate on one source of information, can 

lead to incorrect conclusions. It can lead to exaggeration of the differences between the ways 

people react to descriptions, old experiences, and new samples. Analysis of the interaction 

between the impact of the distinct sources of information suggests that differences between the 

7 The wise idea of presenting each problem twice was introduced by Wakker. However, his initial reaction 
to the results was not positive.  He said (smiling, more or less) “these subjects are not very smart, not sure 
that I want to run more experiments.” The clarification of the magnitude of within-person choice 
variability has contributed to Erev’s interest in the implications of noise (e.g., Erev, Wallsten & Budescu, 
1994), and the impact of experience (e.g., Barron & Erev, 2003).



impact of the three sources of information may not be large. In particular, it is possible that after 

gaining experience people always try to select the option that led to the best outcome in a small 

sample of similar situations in the past. 
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