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Abstract
Making the Implicit Explicit: The Effects of Summarizing Knowledge
on Behavior in Repeated Decisions from Experience
Yaoli Mao
In a dynamically changing world with unprecedented uncertainty, complexity and
turbulence, continual learning and adapting is vital for one’s living and well-being. According to
dual-systems accounts of cognition, learning has two major forms, implicit learning (System 1)
that is fast and frugal but sometimes error-prone, and explicit learning (System 2) that is reliable
but slow and effortful. These two systems are separate but must interact with each other. We gain
implicit knowledge from experiencing trials and making errors (e. g., making financial
investments repeatedly), receive vicarious knowledge transmitted to us in summarized forms
(e.g. a quarterly report of investment options and past returns), and derive our own explicit
knowledge (e.g. investment strategies) from experience to inform our future practices or to use in
advising others.
The present project explores the interaction between these forms of learning in the
context of repeated decisions. Is it merely implicit behavioral tendencies that are learned from
experience? If so, would articulating or summarizing what is implicitly learned change
subsequent choice behaviors? To address these questions, three experimental studies are
conducted with online participants to investigate whether asking individuals to explicitly
summarize what they have learned in a Decision from Experience (DfE) paradigm will create an
explicit-implicit learning interaction that will affect their subsequent choice patterns. Decisions
from explicit descriptions (DfD) refers to situations where quantitative information regarding the
outcome values and probabilities of decision options is provided to the decision maker. Behavior

in such situations has been found to exhibit irrational choice patterns characterized by
cumulative prospect theory (CPT), overweighting the rare events while underweighting the more
likely events (Tversky & Kahneman, 1992). In comparison, DfE is characterized by a different
pattern of initial irrationality (underweighting the rare events while overweighting the more
likely events) but moving gradually over time towards rationality as defined by Expected Value
(EV)-maximization (Chen & Corter, 2014; Hertwig et al., 2004). The different choice biases
between DfE and DfD is known as the Description-Experience Gap (“D-E gap”, Hertwig &
Erev, 2009). The present project investigates if explicit summarization of knowledge gained
from experience can affect subsequent choice patterns in DfE. Two main hypotheses are
examined.
Firstly, explicit summarization might accelerate a shift to EV-maximization because
summarization might promote the externalization of the implicitly learned behavior tendency in
the pure DfE paradigm. A second possibility is that explicit summarization might lead to a
choice pattern consistent with that in DfD characterized by a CPT-like pattern, because the
summarized information of option payoffs resembles that in the DfD paradigm. In the described
studies, three summarization conditions are compared including: summarizing knowledge and
estimating payoff probabilities for themselves (Self condition), summarizing for another
hypothetical player (Other condition), and not summarizing such information (Control
condition).
The results across the three studies found a consistent summarization effect, particularly
for low probability gain (Gain-Low) and high probability loss (Loss-High) problems. Those who
summarized to another person (Other condition) made decisions more consistent with CPT
predictions, choosing significantly more choices associated with higher CPT values. In contrast,

participants in the pure DfE (Control) condition exhibited a similar DfE choice pattern, which is
in the opposite direction compared to those in the Other condition. Participants in the Other
condition gave more accurate probability estimates (closer to the true objective probabilities) for
the risky outcomes for low-probability gains and high-probability losses. In contrast, participants
in the Self condition tend to show underestimation for both high- and low-probability gains but
overestimation for both high- and low-probability losses. Also, a majority of participants in the
Other condition recommended to choose the EV-maximization choices in their summarizations,
yet showed CPT-approximating choices in their own subsequent choices. In general, the overall
findings suggest that “a probabilistic mindset” induced by the social messages in the Other
condition seems to attenuate the D-E gap. Implications for learning and decision making are also
discussed in the end.
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Chapter 1: Introduction
Learning in the real world is a dynamic process that can take many forms, including both
implicit and explicit learning (e.g. Anderson, 1993; Dienes & Perner, 1999; Reber, 1989). We
can learn from explicit teaching in classrooms, explicit advice from medical doctors or financial
consultants. We can learn implicitly from our own experience encountering feedback from
financial investments or weather forecasting. Moreover, these two types of learning often interact
with each other (e.g. Sun, 2001; Willingham & Goedert-Eschmann, 1999). We might extract and
generalize explicit rules and theories from our firsthand but unstated experience, to inform future
incidents and even advise others. In turn, these explicit learning outcomes and rules often guide
further accumulation of experience to examine and update themselves adaptively over time. Such
interaction between explicit learning and implicit learning serves as the foundation and the drive
of our ever-evolving knowledge systems and scientific research.
Research on decision making has investigated how different forms of learning affect
individuals’ choice patterns. Two major experimental paradigms have been used to investigate
choices under risk. These paradigms are decisions from descriptions (DfD) and decisions from
experience (DfE), which respectively may tap explicit learning (from descriptions) and implicit
learning (from experience). In DfD, participants receive complete and unambiguous descriptions
of available options, potential outcomes of their choices, and the associated probabilities (e.g.,
Kahneman & Tversky, 1979; Tversky & Kahneman, 1992). In DfE, participants rely on their
personal experience of observing samples of outcome feedback repeatedly over time (e.g.,
Hertwig et al., 2004).
Behaviors in DfE have been found to systematically differ from those in DfD, even when
both decision problems are designed to be structurally equivalent in the option payoffs (for a
1

meta-analytic review, see Wulff, et al., 2018). These differences have been termed as the
“description-experience gap” (“D-E Gap”, Hertwig & Erev, 2009). Specifically, people tend to
overweight the probabilities of rare events but underweight the probabilities of "average" or
more common events in DfD, as predicted by cumulative prospect theory (CPT) (Tversky &
Kahneman, 1992), and to exhibit the opposite bias when they rely on the past experience in DfE
(Erev et. al., 2017). In other words, typical behaviors in DfD and DfE both deviate from the
rational expected-value (EV) maximization, but in different directions.
Decisions in everyday life are rarely based on information either purely descriptive or
purely experiential but are commonly shaped through a combination of explicit learning and
implicit learning over time. There has been a growing interest in the field to explore the
interaction between the two types of learning in a paradigm called "decisions from experience
with repeated descriptions" (Chen & Corter, 2014). In this paradigm, individuals are provided
with the same explicit descriptions repeatedly and make decisions over many trials. Results
showed that the aforementioned contradictory deviations from maximization in DfD and DfE
interact with each other rather than cancel each other out. When both problem descriptions and
experience are available, people seem to initially exhibit overweighting of rare events, but
feedback leads them eventually to exhibit the opposite bias over time (Erev et al., 2017). Various
computational models have been proposed to account for the interaction between the two forms
of learning as a function of time. These models align with each other on a major implicit learning
component by specifying a reinforcement learning function (e.g. Sutton & Barto, 1998), while
differ on the explicit component by hypothesizing a range of possibilities including payoff
probabilities (Hertwig et al., 2006), expected values (e.g. Erev et. al., 2017), strategies (e.g. Erev
& Barron, 2005), and instances (Gonzalez & Dutt, 2011; Lejarraga et al., 2012).
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This research seeks to explore these hypotheses about the interaction of the two types of
learning components by asking individuals to make their implicit learning from decision
experiences explicit. In the broader research literature on learning, it is suggested that people are
able to explicitly depict their experience and induce symbolic rules from these depictions, and in
turn, these resulting rules improved efficiency in cognitive processing when encountering future
new problems (Schwartz & Black, 1996).
The purpose of this study, then, is to investigate whether asking individuals to express
what they have learned in a DfE paradigm will create an explicit-implicit learning interaction
that will affect their subsequent choice patterns. In DfE with repeated descriptions (provided by
the experimenters), the experience of outcome feedback often modifies choices towards EV
maximization, indicating that the explicit learning of descriptions is shaped by the implicit
reinforcement learning (Erev et. al., 2017; Jessup et al., 2008). In the proposed new paradigm of
DfE with explicit information summaries, it is argued that an opposite deviation from EV
maximization might occur, a pattern that resembles typical results from DfD, indicating that the
implicit learning of payoff value or strategies can be shaped by explicit learning. Alternatively, it
may be that a faster approximation towards EV maximization might occur, because the social
pragmatic aspects of explicit summaries will recruit more deliberative rational reasoning (Chen
& Corter, 2014), implying more accurate probability learning of option payoffs. Such an effect
would indicate that the implicit learning of payoff value or strategies can be amplified or
accelerated by explicit learning processes. Additionally, this study will explore what individuals
learn explicitly in their summaries and how their explicit learning interacts with choices over
time.

3

In this dissertation, three empirical studies will be reported. The first study examined the
effects of explicit summarization in a preliminary experiment. The second study investigated two
competing hypotheses of the summarization effects with a revised experimental paradigm. The
third study further investigated the two competing hypotheses with more representative decision
problems and explored both the gain and the loss domains.
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Chapter 2: Literature Review
The purpose of this review is to summarize major factors and mechanisms behind
repeated decisions from experience (DfE), with a focus on the interaction between explicit and
implicit learning. The review is organized into three major sections. The chapter begins by
introducing the theoretical tenants of dual-system theory and learning. Then a review is
presented of different models of decision making, with discussion of how they explain the dualsystem learning processes behind individuals’ choice patterns. Recent empirical evidence is
summarized from variations of DfE experiments that manipulate and examine this interaction.
Finally, insights are sought from the general learning research literature, focusing on explicit
information summarization as the major factor that affects the explicit-implicit interaction, with
discussion of its implications for DfE.

2.1 Dual-System Theories and Learning
System 1 and System 2
Philosophers and psychologists have long been conceptualizing the nature of human
thought as two distinct kinds of processing. William James (1890) laid the foundations by
theorizing that there are two different kinds of thinking: associative reasoning and true reasoning.
The former one came from past concrete experiences while the latter one required deeper
analysis over a longer time and is able to make accurate predictions about novel situations.
Subsequent to his work, cognitive scientists proposed the “dual-system” model of thinking
stating that there are two quite separate cognitive systems underlying processing with distinct
evolutionary histories (Evans, 2003).
Various dual-systems theories have been developed in a range of areas from attention
(Schneider & Shiffrin, 1977) and memory (Barrett, et al., 2004; Yonelinas, 1994), reasoning
5

(Sloman, 1996), to judgment and decision making (Kahneman, 2003, 2011). These theories hold
that there are two distinct underlying cognitive processing modes governed by two separate
reasoning systems: one that is fast, automatic and non-conscious under System 1, and the other
that is slow, controlled and conscious under System 2. System 1 is associated with heuristics or
cognitive biases, and affective states while system 2 is related to rule-based or analytical
reasoning.
In the broader research literature on learning and cognitive science, “System 1” thinking
is sometimes termed implicit learning, in which individuals learn complex information in an
incidental manner, without awareness of what has been learned (Reber, 1989). In contrast,
“System 2” thinking is termed explicit learning, which permits abstract reasoning and
hypothetical thinking constrained by the working memory capacity, and results in explicit
knowledge in the form of verbatim or aggregate representations (Seger, 1994; Evans, 2003).
Explicit-Implicit Learning Interaction
The two systems are characterized as independent sources of control for thought and
behavior that may come into conflict and competition (Evans, 2006). Over the years many
theories have been proposed on how these two systems interact with each other (Sherman et al.,
2014). Typically, they can be classified into three major categories in judgment and decision
making (Sinayev, 2016), summarized in Table 1 below: 1) parallel-competitive which assumes
processing in the two systems happens separately and simultaneously, 2) default-interventionist
which assumes that one system (usually System 1) provides defaults and the other (System 2)
sometimes overrides them and 3) interactionist which allows complex back-and-forth interaction
between the two systems.

6

The interactionist models are usually regarded as generalizations of parallel-competitive
models and default-interventionist models, by emphasizing the complex interactions between the
two systems. Although they may accurately characterize the complexity of many real, important
decisions, it is difficult to mathematically fit these models to data without on-line measurements
of the two systems such as brain image scans or skin conductivity measures.
Table 1: Three categories of system 1 - system 2 interaction.
Category

Parallel-Competitive

Description

Processing in the two
systems happens
separately and
simultaneously, competes
for the overt response.

Example

Epstein’s Cognitive
Experiential Self Theory
(1998); Sloman (1996)

Default-Interventionist

Interactionist

One system provides
defaults and the other
sometimes overrides
them.

Allow complex back-andforth interactions between
the two systems.

Evans (2003); Kahneman
& Tversky (1979)

Loewenstein et al.’s risk
as both feelings and
analysis (2001)

2.2 Explicit-Implicit Learning Interaction
In decision-making experiments, participants are usually presented with binary choices
with uncertain outcomes like lotteries, involving a sure or more probable option versus a risky or
less probable option with a relatively higher expected value. Various models, including
theoretical and computational ones, have been proposed to account for people’s choice
preferences in economics, game theory, and decision theory. Bell et al. (1988) differentiated
normative models from descriptive models. The normative models characterize how idealized,
rational, logical, super-intelligent people should think and act. And the descriptive models depict
how and why real people think and act the way they do. In the following sections, I will review
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both classic normative models such as expected value and expected utility, and descriptive
models such as prospect theory. I’ll also discuss how dual-system learning is involved.
Expected Value (EV), Expected Utility (EU)
Expected value theory can be traced back to the mathematical foundation for probability
theory laid by Fermat and Pascal in 1654 (Fox, Erner, & Walters, 2015). In a gamble in which
there is a p% chance of winning $X, the expected value is equal to the product of the probability
and outcome: EV = pX. And a generalized formulation can be written as: If there is a p% chance
of X and a q% chance of Y, then EV = pX + qY. And a more generalized form can be written as
below:
"

𝐸𝑉(𝑥) = ' 𝑝! 𝑥!
!#$

According to this model, people are considered as rational beings and they ought to
choose the options with the highest expected value, which will help them maximize the longterm aggregate outcome over repeated choices. For example, when asked to choose between
option A (100% chance to gain $20, EV = 1 × $20 = $20) and alternatively option B (50%
chance to gain $100, 50% chance to gain nothing, EV = 0.5 × $100 + 0.5 × $0 = $50), option B
should be chosen over option A because it has a higher expected value. However, it failed to
address individuals’ risk preferences. For instance, people sometimes are unwilling to choose
risky options with higher expected values over smaller sure gains or pay money to continue a
repeated gamble with an infinite expected value. This was well captured in the infinite coin toss
gamble from the St. Petersburg paradox described by Nicolas Bernoulli in 1713 and led to the
proposal of the expected utility theory.
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Daniel Bernoulli proposed expected utility theory to address the limitations of expected
value in 1738. He introduced an explicit nonlinear utility function u(x) of the outcome, asserting
that people choose options that maximize expected “moral value” instead of expected dollar
value. Thus, the expected utility of an option that offers winning $X with a p% chance and $0
otherwise is given by EU = pu(X). And a generalized form can be written as:
"

𝐸𝑉(𝑥) = ' 𝑝! 𝑢(𝑥! )
!#$

This nonlinear utility function describes a concave shape for a diminishing marginal
utility, indicating that the subjective valuation of money is assumed to decrease with each
additional dollar added to the cumulative total wealth. In other words, the perceived change or
satisfaction when you get from having 0 to 1 million is much larger than that when you go from
1 million to 2 million. It also accounts for an implicit risk aversion. For example, when
individuals are asked to choose between option A (100% chance to gain $50, EU = u(50)) and
alternatively option B (50% chance to gain $100, 50% chance to gain nothing EU = 0.5u(100)),
EU theory argues that option A should be chosen over option B because u(50) is higher than
0.5u(100) under the concave utility function. Such a result violates EV-based predictions as both
options have the equivalent expected value and thus should have equal chance to be chosen.
After two centuries, von Neumann and Morgenstern (1947) revolutionized Bernoulli’s expected
utility theory by articulating a set of axioms or qualitative constraining principles that are
necessary and sufficient for maximizing EU, including completeness, transitivity and
independence. According to this revised theory, people seek to maximize their subjective
expected utility and each person may have a different utility curve but all follow these normative
axioms for achieving their individually defined maximum subjective expected utility. These two
theories are both normative approaches to characterize how rational beings should maximize
9

their expected outcomes in the long term, which requires an explicit and analytical consideration
of the sizes of the payouts and the probabilities of circumstances as well as the integration
function to aggregate these factors. This is similar to the explicit learning driven by System 2.
The main difference between the two is that in expected theory, the correct choice is the same for
all people as you should always choose the option with the highest expected value, while in
expected utility theory, what is right for one person is not necessarily right for another person.
Prospect Theory (PT), Cumulative Prospect Theory (CPT)
Contrary to expected value theory and expected utility theory, which model decision that
perfectly rational agents would make, prospect theory (PT) was proposed to describe the actual
behaviors of people in DfD experiments. In these experiments, participants are explicitly told
about the complete descriptions of the decision problems, often consisting of two choices
(lotteries) with explicitly stated outcomes and probabilities. This is similar to the situations that
people are given weather forecasting reports or insurance brochures. For example, participants
are presented with a written record of two options: losing $3 with certainty versus losing $32
with a probability of 0.1 (see Figure 3, left). The formula of a prospect value can be written as
the product of a value function v and a probability weighting function 𝜋 (Kahneman & Tversky,
1979):
"

𝑃𝑇(𝑥) = ' 𝜋 (𝑝! )𝑣(𝑥! )
!#$

This value function is different from the utility function in EU in three aspects. Firstly,
this value is dependent on relative gains or losses from a changing reference point rather than
relative to stable total wealth, known as the “framing effect”. Secondly, this value function is
concave in the gain domain while convex in the loss domain, indicating risk aversion in the gain
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domain while risk seeking in the loss domain. Thirdly, the curve in the loss domain is steeper
than that in the gain domain, indicating a strong loss aversion. The probability weighting
function 𝜋 represents how people subjectively evaluate the impact of the event occurrence
relative to the objective probability used in EU. It is an inverse S-shape between boundaries of
impossibility and certainty, indicating that people tend to overweight small probability events
while underweight average or high probability events.
Cumulative prospect theory (CPT) (Tversky & Kahneman, 1992) was proposed to
improve the original prospect theory. The main modification is to adopt the principle of rank‐
dependence in the weighting function, which transforms the numerical cumulative probabilities
in PT to the rank of a given outcome out of the ordering of all outcomes. This leads to
differentiation of overweighting small probability events. Instead of overweighting
aforementioned all small probability events, only extreme events will be overweighted, which
helps to avoid a violation of first order stochastic dominance. To sum up, both PT and CPT have
the same value function (see Figure 1) while they differ on the weighting function in
differentiating the extremely rare events from all the other small probability events (see Figure
2).
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Figure 1: The value function assumed by PT and CPT.

Figure 2: A typical weighting function for PT (Left), and CPT (Right), adapted from
Fennema & Wakker (1997).

According to both PT and CPT, people often do not make decisions based on rational
cost-benefit analyses (System 2-explicit knowledge such as calculating the expected value) as
their choices are found to deviate from maximization and act strongly aversive to loss
consistently, despite the fact that they are provided with complete information of the decision
problems. Instead, people use mental shortcuts called heuristics (System 1-implicit knowledge)
12

to make quick decisions. The interaction between System 1 and 2 falls into the aforementioned
default-interventionist category. It assumes that “fast Type 1 processing generates intuitive
default responses on which subsequent reflective Type 2 processing may or may not intervene.”
(Evans & Stanovich, 2013, p. 227; Kahneman & Frederick, 2002; see also, Kahneman, 2011)
Associative Learning Models
Several associative learning models have been proposed to account for choice patterns
over time. They are associative in the way that conceptualizes choice as a learning process of
associating and reinforcing behavior-outcome contingencies (Hertwig, 2015). Good experience
(a gain) following the choice boosts the tendency to choose it in the future while a poor outcome
(a loss) diminishes it. These models are proposed and examined in the context of DfE. Unlike the
DfD paradigm above, these experiments are designed to resemble real-life situations in which
people can rarely consult explicit and complete records of event probability distributions, but
rather they have to rely on their own experience and learn from the outcomes from various
experiences over time. For example, people play games or make investments through trials and
errors when the states of the world (i.e. options and associated probabilities) are unclear,
uncertain or even unknowable ahead. One major paradigm is the minimal information paradigm
(Erev and Barron, 2005), also known as the partial feedback paradigm (Camilleri & Newell,
2011a). Participants are asked to make a choice by clicking between two unmarked buttons on
the computer screen in repeated trials, without any explicit prior information about the choices.
Each click leads to a payoff value randomly drawn from a given payoff distribution associated
with the selected button. The distributions stay the same during the experiment. Participants can
only see the immediately obtained payoff value selected by them without knowing the
information for the unselected foregone choice. They are also instructed and motivated to try to
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use the immediate feedback they receive after each choice to maximize their total earnings. For
example, a participant is choosing from winning $3 with certainty (the left button) and winning
$32 with a probability of 0.1 (the right button) (see Figure 3). At the start, two options are
presented side by side with no payoff information provided to the participant. At the first trial,
the participant clicks the right option and receives an immediate reward of $0 as feedback. At the
second trial, the participant clicks the left option and receives $3. At the third trial, the
participant clicks on the right option again and luckily receives $32. Throughout the trials, the
participant learns about the payoff information of both options and tries to maximize the total
earnings.

Figure 3: DfD (Left) Versus DfE with minimal information paradigm (Right) With the
identical problem structure (Adapted from Hertwig, 2015).

Previous research has found a general tendency to respond to the immediate feedback
adaptively towards EV maximization, observed in the increasing proportion of choosing the
risky option (with a higher EV) over the sure option as a function of time.
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However, systematic robust deviations from such maximization also exist. People tend to
underweight the rare events by choosing the risky option when the desirable outcome occurred
with high probability but choosing the sure option when the desirable outcome occurred with low
probability (Erev & Barron, 2005, Hertwig, 2015). They behave as if the rare outcomes were
more unlikely than they really were according to their objective probabilities. This is in contrast
with the overweighting of rare events in PT and CPT as if rare events have more impact than
they deserve.
To account for the underlying mechanisms of experienced feedback that lead to the
combination of EV maximization and robust deviations, various associative learning models
have been proposed to fit large datasets accumulated from DFE experiments (e.g. Erev et al.,
2017; Plonsky et al., 2019). These models share a reinforcement learning element of the implicit
behavioral tendency while differ to what extent people form an explicit representation of the
decision problem. In the following part, I’ll summarize these models and discuss their
differences in hypothesizing what people learn explicitly.
Conventional models of risky choice like Value-Updating Model (Hertwig et al., 2006),
require an explicit representation of objective or subjective probabilities and weightings of risk
and reward. Individuals adaptively learn about the probabilities associated with reward
distributions, multiply some function of value and probability, and maximize on such
aggregation. Similar models hypothesized that individuals implicitly shift their decision weights
to be more linear with the objective probabilities (Hau et al., 2008; Hertwig et al., 2004; Jessup
et al., 2008).
Reinforcement Learning Among Cognitive Strategies (RELACS) (Erev & Barron, 2005)
proposed that individuals choose among explicit cognitive strategies and experienced feedback
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promotes more frequent adoption of EV-maximizing strategies. Unlike analytical estimations
and calculations in the value-updating model above, these strategies are quick heuristics
including fast best reply, case-based reasoning with a loss-minimizing consistency check, slow
best reply with diminishing random choice or exploration.
Instance-Based Learning model (IBL) (Gonzalez & Dutt, 2011; Lejarragaet al., 2012)
relaxed the explicit learning of probability estimation and weighting and proposed that
individuals only form and update an impression of a blended value of the two functions. Such an
impression depends on the probability of retrieving corresponding instances of experiences from
memory. And thus, it is subject to memory constraints (e.g., recency, decay, random noise) based
on the computational cognitive architecture of "Adaptive Control of Thought—Rational" (ACT–
R) (Anderson et al., 1997).
March (1996) proposed a simple reinforcement learning model that imparts risk attitudes
or generalized preferences between the risky and the sure options in the gain and loss domains
separately. In the gain domain, people favor less risky options substantially and persistently over
time. In the loss domain, however, people favor more risky options in the short run but become
more risk-neutral in the long run.
These models provide interesting hypotheses with data simulations about the explicit and
implicit learning components and their interactions in shaping choices over time. In order to
further examine such interaction, researchers have recently proposed a “DfE with repeated
descriptions” paradigm. In this paradigm, individuals are provided with the same explicit and
complete descriptions repeatedly and make decisions over many trials. Results showed that the
aforementioned contradictory deviations from maximization in DfD and DfE interact with each
other rather than cancel each other out. When both description and experience are available,
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people seem to initially exhibit overweighting of rare events, but feedback leads them eventually
to exhibit the opposite bias over time (Erev et. al., 2017). Weiss-Cohen and his colleagues (2016)
went on to manipulate the explicit-implicit interaction by presenting to participants with
descriptions that were in conflict with experience simultaneously over time. Their modeling
results indicated that experience was the dominant source of information, with descriptions taken
into consideration at a discounted level even after many trials.
Comparing Choice Predictions from Models
These three types of models have very different predictions for choices associated with a
high versus a low probability of payoff, as well as in the loss versus the gain domain (see Figure
4).

Figure 4: Choice predictions from three types of models.

According to DfE findings approximated by associative learning models, people tend to
underweight low probability gains while overweight high probability gains, shown as fewer risky
choices (even though associated with higher expected values) indicating “risk aversion” in low
probability problems while more risky choices in the high probability problems, indicating “risk
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seeking” in the high probability problems (Erev et al., 2017). In Figure 4, it is depicted as the
grey curve, concave for the low probability events indicating underweight and convex for the
high probability events indicating overweight.
According to EV theory, people should always choose the option associated with the
highest expected values, shown as more risky choices as they have higher expected values than
the sure choice, indicating people should be risk-neutral (Fermat & Pascal, 1654). In Figure 4, it
is depicted as the dotted blue line showing a linear trend, independent of biases.
According to CPT predictions for DfD, people exhibit the opposite deviation from EV
maximization compared to DfE. People tend to overweight low probability gains while
underweight high probability gains, shown as more risky choices (even though associated with
higher expected values) indicating “risk seeking” in low probability problems while less risky
choices in the high probability problems, indicating “risk aversion” in the high probability
problems (Kahneman, 2003, 2011; Kahneman & Frederick, 2002). In Figure 4, it is depicted as
the red curve, convex for the low probability events indicating overweight and concave for the
high probability events indicating underweight.

2.3 Factors Affecting the Interaction of the Explicit and Implicit Systems
In addition to the DfE with repeated descriptions paradigm above, existing research has
explored various factors and ways of manipulating the interaction between the two systems in
experimental designs and exploring its effects.
Affective States
Incidental affective states can influence the type of system thinking employed. Johnson &
Tversky (1983) manipulated participants’ positive or negative affective states using brief news
reports of either a tragic death event or a fortunate success story, and then asked participants to
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provide subjective estimates of the frequency of various fatalities such as homicides, natural
disasters (Lichtenstein et al., 1978). Their findings showed that participants’ likelihood estimates
of events (System 2 processing) can be influenced by the induced affective states (System 1
processing). In particular, the presentation of a tragic event induced negative affect and increased
estimates of the frequency of many risks while a happy event created positive affect and
decreased judged frequency of risks.
Working Memory
Researchers also argued that working memory is an important mechanism that supports
System 2 processing for slow serial processing (Kahneman & Frederick, 2002) and languagebased cognition (Epstein, 1994; Sloman, 1996). It is argued that a manipulation that imposes
pressure on the working memory would inhibit System 2 processing and transition to System 1
processing. A typical manipulation involves concurrent competing working memory tasks or
time pressure conditions. Results showed a greater reasoning bias under a greater workingmemory load, indicating a less likely System 2 processing relative to System 1 processing (De
Neys, 2006a, 2006b; Roberts & Newton, 2001).
Reflection Tendency
Cognitive Reflection Test (CRT) was first developed by Frederick (2005) and later
expanded by Toplak et al. (2014) to measure a person’s tendency to override an incorrect
intuitive first response and engage in further reflection to find a correct answer. For example, a
test item asks “A bat and a ball cost $1.10 in total. The bat costs $1.00 more than the ball. How
much does the ball cost?” A typical quick and intuitive System-1 answer is 10 cents while the
correct answer should be 5 cents. The test is designed to have an obvious but incorrect response
under the quickly executed System 1 and a correct response under the activation of system 2. In
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order to answer correctly, participants must be aware that their first answer is incorrect and
reflect on their own thinking process (Frederick, 2005). High CRT scores have been proven to be
significantly positively correlated with many System 2 processes including the tendency to
choose high expected-value gambles (Cokely & Kelley, 2009), avoiding the conjunction fallacy
(Oechssler et al., 2009), maximizing strategies on probabilistic prediction tasks (Koehler &
James, 2010), and general numeracy (Liberali et al., 2012).
Explicit Verbalizations
In the broader literature on learning science and educational psychology, explicit
verbalizations in the form of knowledge summarization have been a crucial factor in designing
learning mode and instructional methods that impact learning performance.
At the surface level, it is related to verbatim knowledge (i.e. language, numeracy,
reasoning) governed by explicit learning of System 2 (Epstein, 1994; Sloman, 1996). Selfexplanation during problem-solving has proven to be an effective instructional strategy across
many domains (Bielaczyc et al., 1995; Chi et al., 1989; VanLehn et al., 1992). When prompted
to explain to themselves, participants were more likely to make comparisons and notice subtle
distinctions, which then led to the discovery of general rules (Edwards et al., 2014).
Secondly, it might be associated with the capability to monitor and intervene when
cognitive biases (System 1 thinking) occur, as measured by CRT. In recent studies, Herzog and
Hertwig (2009, 2014) reported that individuals are able to override biases in their first responses
to achieve more accurate probability estimations through a two-round approach called
“Dialectical Bootstrapping”. In their study, individuals were asked to “consider the opposite”
when making a new estimate compared to their first estimate, which seemed to reduce both
systematic and random errors in individual judgments. Moreover, empirical evidence on social
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learning found that social dialogues can help participants monitor different perspectives and
understandings within the group and promote abstract reasoning and rule formation/use in a
category learning task (Voiklis & Corter, 2012), improve the quality of argumentive reasoning
(Kuhn et al., 1997) as well as when learning complex systems such as moving gears, biological
transmissions, and organisms’ living requirements (Schwartz, 1995).
Furthermore, there are reasons to expect differences between the social and the individual
learning conditions. Both process gains and losses exist in social situations. Research on
forecasting tournaments has indicated that the averaged or aggregated probability estimates of
future or other unknown events are consistently more accurate than those from individuals or
even experts (Mellers et al., 2014; Tetlock et al., 2014). This is known as the “wisdom of
crowds” that individuals’ estimates may be riddled with errors and averaging them tends to
cancel out both systematic and random errors across individuals (Surowiecki, 2004). And thus,
summarizing information to others might generate more accurate, or rational subsequent
behaviors. On the other hand, Group-Centrism (Kruglanski et al., 2006), the need for cognitive
closure within the group induces pressures to opinion uniformity, rejection of deviates, resistance
to change, conservatism and the perpetuation of group norms, and results in reduced information
exchange and “premature consensus” or “early closure” (Kruglanski & Webster, 1996), and
process losses that leads to less optimal group performance (Steiner, 1972).
Developmental Changes
Developmental changes from childhood to old age over the lifespan contain both gains
and losses (Uttal & Perlmutter, 1989). And these gains and losses reveal differential growths in
specific cognitive mechanisms such as generating hypotheses, employing strategies, and
processing information gained from one’s own action.
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Weir (1964) examined the developmental changes in problem solving strategies and
performance on a 290 individuals of different age groups from 3 years to 20 years. Participants
were asked to make repeated decisions to choose from a row of three knobs, each of which was
associated with a probability of payoff. Pushing the “correct” knob resulted in a probable payoff
(33% or 66% of the time) while the other two never paid off. The task contained a probabilistic
nature of reinforcement which can be observed over time. Results showed an inverted U-shaped
relationship between age and task performance. The performance of subjects from ages 7 to 15
was worse compared to that of either older (15-20) or younger (2-7) subjects. Further analysis of
behavioral patterns indicated distinct strategy uses among three age groups. Younger children (27 years) responded on the simple basis of reinforcement by hitting the buttons until they found
the “correct” one that paid off and sticking with it in subsequent trials. “They may expect neither
complex nor perfect solutions in a task of this sort and behave accordingly.” Older children (7-15
years), however, “enter this task with a strong expectancy that there is a solution which will yield
100% reinforcement, or at least 100% predictability of when a reinforcement will be delivered
and when it will not, and employ complex strategies based on complex hypotheses concerning
the nature of the task and the reinforcement schedules”. And thus, they persisted in some selfderived optimization strategies that were ineffective. Some of them believed that there was a
sequential pattern (such as left, middle, right), which was null, and memorized and repeated
these complicated sequences as long as 10 moves. In comparison, adults eventually deduced the
probabilistic nature of the task and gave up looking for or sticking with a perfect solution.
A recent research study on the developmental neuroscience has argued that risky-seeking
in decision making is resulted from the interaction between two distinct neurological systems,
corresponding to System 1 and System 2 above, respectively: a “socio-emotional” system, which
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is localized in the limbic and paralimbic areas of the brain, including the amygdala, ventral
striatum, orbitofrontal cortex, medial prefrontal cortex, and superior temporal sulcus; and a
‘‘cognitive control’’ system, which is mainly composed of the lateral prefrontal and parietal
cortices and the interconnecting anterior cingulate cortex (Steinberg, 2008). Developmental
changes in the two systems take place along different timetables. During the early adolescence,
the “socio-emotional” system is aroused by a rapid and dramatic increase in the dopaminergic
activity, which stimulates the brain’s reward circuitry and leads to a heightened risk-taking. Later
during the middle adolescence, the maturation of ‘‘cognitive control’’ system occurs gradually
and leads to a heightened vulnerability to risk-taking as well as permits more advanced selfregulation and impulse control. Steinberg (2010) further examined the relationship between selfreported impulsivity/self-control and risk/reward-seeking behavior in a repeated decision making
task (similar to Weir’s task above) on a socioeconomically and ethnically diverse sample of 935
individuals between the ages of 10 and 30. Results led support to the dual-system model,
showing that risk/reward-seeking follow a curvilinear pattern of age over time while
impulsivity/self-control follow a linear increasing pattern of age over time.
Regarding adolescents’ dip in cognitive capability, developmental research also found
conflicting effects of self-explanations. Kuhn and Katz (2009) asked fourth graders to investigate
relationships between various factors and earthquakes or a voyager’s success in a multivariable
database and make predictions subsequently based on their investigations. Participants were
randomly assigned to generate self-explanations regarding the underlying mechanisms which
they believed to be true or not. Results showed that children in the no-explanations condition
showed superior causal inference performance compared to those in the self-explanations
condition, which shed light on the deeper mechanism underlying the beneficial effect of self-
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explanations. It is not the mere presence of self-explanation, but rather, the fact that ‘‘explaining
promotes learning by requiring the integration of novel information with prior beliefs”
(Lombrozo, 2006, p. 468). In other words, the benefits of self-explanations are bounded within
the premises if existing beliefs, especially misconceptions or incorrect beliefs, are examined,
integrated, and reconciled with new information, which Kuhn and Katz (2009) referred to as
“data reading skill”. When children repeatedly explain their existing beliefs, as they did in the
self-explanations condition, they may become more committed to them and the prior beliefs
might be therefore magnified, a “danger” as noted by Lombrozo (2006) if these priors are illconceived. Furthermore, the data reading skill is related to System 2 thinking, depending on the
development of epistemological understanding that distinguishes evidence from theories, and
even evidence and explanation. Accordingly, it improves with age as research has shown that
adults are able to perform better than children (Kuhn, et al., 2008).

2.4 Discussion
This section has reviewed factors and mechanisms underlying the interaction between
explicit and implicit learning in repeated decisions from experience (DfE). Among the
intersection, explicit summarization of knowledge is an interesting factor that creates a dynamic
interaction between the explicit learning and the implicit learning and leads to different choice
predictions in repeated DfE.
In DfE with repeated descriptions (provided by the experimenters), the experience of
outcome feedback often modifies choices towards EV maximization, indicating that the explicit
learning of descriptions is shaped by the implicit reinforcement learning (Jessup et al., 2008;
Erev et. al., 2017). In a new paradigm of DfE with explicit information summaries, an opposite
deviation from EV maximization might occur, a pattern that resembles typical results from DfD,
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indicating that the implicit learning of payoff value or strategies can be shaped by explicit
learning. Alternatively, it may be that a faster approximation towards EV maximization might
occur, because the social pragmatic aspects of explicit summaries will recruit more deliberative
rational reasoning (Chen & Corter, 2014), implying more accurate probability learning of option
payoffs. Such an effect would indicate that the implicit learning of payoff value or strategies can
be amplified or accelerated by explicit learning processes. Alternatively, relatively naïve
participants in the risky decision domain may lack expert knowledge or language to convey
sophisticated strategies like the expected value. Instead, they might fall back on using simple
heuristics, which might modify their choices to an opposite deviation from EV maximization that
resembles results from DfD, in comparison to findings in DfE. In particular, their choices will
overweight low probability events but underweight average probability events, as predicted by
cumulative prospect theory (CPT, Tversky & Kahneman, 1992).
To further account for the contradictory findings of explicit explanations from previous
research, it would be worthwhile to explore what individuals learn explicitly in their summaries
and how their explicit learning interacts with choices over time, especially how people update
their choices by reconciling new information with their old beliefs. Prior studies showing
learning benefits from social dialogues (e.g., Kuhn et al., 1997; Schwartz, 1995; Voiklis &
Corter, 2012) examined situations where participants took many rounds to negotiate multiple
perspectives and generate abstractions and rules, switching roles as speakers and “receivers”.
This is consistent with the findings from research on collective intelligence that the rough
equality in distribution of conversational turn-taking is correlated with a higher collective
intelligence factor for the group (Woolley et al., 2010). Recently, Herzog and Hertwig (2009,
2014) reported that individuals can also harness the wisdom of crowds to achieve more accurate
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probability estimations through a two-round approach called “Dialectical Bootstrapping”. In
their study, individuals were asked to “consider the opposite” when making a new estimate
compared to their first estimate, which seemed to reduce both systematic and random errors in
individual judgments. It would be interesting to investigate the long-term learning effect by
comparing participants’ explicit summaries with behavioral choices as well as their further
revisions on explicit summaries and behavioral choices over time.
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Chapter 3: Study 1
3.1 Introduction
Previous research on repeated decisions from experience (DfE) has revealed that the
experience of outcome feedback can adaptively modify choice towards EV maximization
(presumably through reinforcement learning), together with several robust deviations from such
maximization. Individuals generally tended to choose the risky option with a higher EV more
over time; however, they also demonstrated a payoff variability effect, underweighting of rare
events, and loss aversion (Erev & Barron, 2005; Yechiam et al., 2005). In other words, mere
reinforcement learning of implicit behavioral tendencies towards EV maximization cannot
account for the full spectrum of results. Kahneman (2003, 2011) and others have proposed that
dual-systems account of cognition (e.g., Evans, 2003; James, 1950; Sloman, 1996; Stanovich &
West, 2000; Sun, 2011) might be needed to account for the underlying interaction between
implicit learning and explicit learning.
Study 1 was designed to create such an explicit-implicit interaction by asking participants
to explicitly summarize what they have learned from experience and to examine how it might
affect their subsequent choice behaviors. Major hypotheses are stated below. Furthermore, this
study also looked into participants’ subjective probability estimates of option payoffs and the
content of their explicit summaries to self and others.
H0: DfE (Decisions from experience) with explicit summarization will lead to the same
subsequent choice pattern as DfE with no explicit summarization.
H1: Explicit summarization, either to self or another, will accelerate learning towards
EV-maximization, shown as decrease in subsequent proportion of sure choices in the two
summarization conditions compared to the Control condition. This is because summarization
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might promote the externalization of the implicitly learned behavior tendency in the pure DfE
paradigm.
H2: Summaries formulated for another person (“Other”) will yield faster learning
towards EV-maximization, shown as a decrease in subsequent proportion of sure choices,
compared to summaries to oneself (“Self”). Previous research on the learning effects of
individual monologues and social dialogues has found that pragmatic constraints of social
communication compel participants in dialogues to negotiate multiple perspectives and find a
shareable representation of the problem, which tend to be meaningful abstractions (Schwartz,
1995; Voiklis & Corter, 2012). Thus, the social summary might be expected to particularly boost
EV-learning.
Exploratory Research Question 1: What strategies will individuals explicitly describe in
their summarizations?
Exploratory Research Question 2: How accurately will individuals estimate the payoff
probability of the sure and the risky options?

3.2 Methods
Design
Participants made repeated decisions for a single risky decision problem while
experiencing outcome feedback (with no provided description of outcome payoffs and
probabilities). Participants made 100 decision trials with the assigned problem in the training
session, followed by the summarization manipulation, and then made 20 additional decision
trials with the same problem.
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Overall the experiment had a between-subjects design with three types of summarization
conditions (Control condition-do not summarize, Self condition-summarize to oneself, Other
condition-summarize to a hypothetical other) and two decision problems (High Payoff
Probability, Low Payoff Probability). Each participant was randomly presented with only one
summarization condition and only one decision problem.
Participants
126 participants (76 of them male; 50 female) participated through Amazon’s Mechanical
Turk worker marketplace website. Participation was restricted to individuals whose location was
defined as in the United States. Their ages ranged from 23 to 71, with a mean of 39. All of them
were native English speakers and 27% of them had studied statistics or decision-making at some
point. Table 2 shows the number of participants randomly assigned to each summarization
condition and each decision problem.
Table 2: Number of participants in each condition in Study 1.

Problem Type
Gain-High
Gain-Low

Option Payoffs
$3 (100%) vs. $7 (60%), $0 (40%)
$3 (100%) vs. $28 (15%), $0 (85%)

Control
22
20

Self
21
23

Other
20
20

Materials
Two simple decision problems in the gain domain were used: for the risky option, one
problem has a high probability of payoff and the other has a low probability of payoff (see Table
3). They were: High Probability Payoff Problem = ($3, 100%; $7, 60%), Low Probability Payoff
Problem = ($3, 100%; $28, 15%). So, for example, High Probability Payoff Problem offered a
choice between receiving $3 with certainty and a 60% chance of receiving $7 (and no reward
otherwise). According to previous DfD and DfE research (Hertwig et al., 2004; Hertwig, 2015;
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Erev et al., 2017), rare events or small probability events are pragmatically and arbitrarily
defined as those with a probability of 0.20 or less and high probability events are defined as
those with a probability of 0.50 or higher. Therefore, in this study, we follow these existing
empirical protocols to design decision problems. Note that for both problems, the risky option is
associated with a higher expected value compared to the sure option.

Table 3: Decision problems with associated EVs in Study 1.

Problem
Probability
High Probability
Low Probability

Option Payoffs
$3 (100%) vs. $7 (60%), $0 (40%)
$3 (100%) vs. $28 (15%), $0 (85%)

Expected
Values
3 vs. 4.2*
3 vs. 4.2*

We used the “minimal information” paradigm from Erev and Barron (2005) - also termed
the “partial feedback” paradigm by Camilleri and Newell (2011a). Decision problems were
shown on the computer screen (see Figure 5), with two option buttons side by side, labeled only
as “P” and “Q”. One button provided the participant with the sure outcome of $3 100% of the
time, and the other button was a risky gamble which gave participants either $7 60% of the time
or $28 15% of the time, depending on the experimental condition, and $0 otherwise. Sure and
risky button positions were left-right counterbalanced between participants.
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Figure 5: Interface for the training session (First 100 trials) With post-trial feedback in
Study 1.

Procedure
Participants went through a training session of 100 trials and a testing session of 20 trials
of the same decision problem, either the high probability payoff problem or the low probability
payoff problem (see Figure 6).

Figure 6: Experimental Procedure in Study 1

In between the training and the testing sessions of trials, participants experienced one of
the three summarization conditions (Other, Self, or Control). In the Self condition, participants
summarized for themselves what they had learned (by answering “What have you learned from
experience with the 100 trials? What strategy should be used or what choices should be followed
in order to maximize total payoff?”) and estimated the probabilities of both option payoffs. In the
Other condition, participants summarized to another hypothetical player (by answering “Imagine
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that you have a partner who is about to play this game for 100 trials. What would you advise
them in terms of the strategy they should use or the choices they should make, in order to
maximize their total payoff?”) and estimated probabilities as well. In the Control condition,
participants simply answered some demographic questions at this time point, without any
requested summarization of problem information.
At each trial, once they made a choice using the mouse, the payoff for that selected
option was shown. Actual payment for participants varied depending on the outcomes of their
decisions. A base payment of $1.50 was adjusted by 0.5% of the participant’s total amount of
winnings for the total 120 decision trials. Average bonus paid for each participant was US $1.92
(SD = US $0.17).

3.3 Results
Behavioral Effects: testing session (last 20 trials)
In this study, we hypothesized that explicit summarization of strategies would lead to a
decrease in the proportion of sure choices (consistent with EV-maximization for these problems)
in the subsequent testing session, especially when participants were summarizing to someone
else. Thus, the main dependent variable was the proportion of sure choices after summarization,
calculated as the average proportion of times that participants selected the sure option in the
testing session (last 20 trials, see Figure 7).
Analysis of covariance (ANCOVA) was conducted to evaluate the effects of
summarization conditions while controlling for the variations among participants’ learning
experience in the training session. The proportion of sure choices for the first 50 trials of
training, before the summarization manipulation, was used as the covariate.
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The ANCOVA results showed that overall there was a significant summarization effect,
F(2,119) = 3.80, p = .025 < .05, however in the direction opposite to the hypotheses H1 and H2-those who summarized to another person (Other condition, mean P(sure) = .744) were
significantly less likely to choose the EV-maximization option (i.e. the risky option associated
with a higher expected value than the sure option) compared to those who summarized to
themselves (Self condition, mean P(sure) = .641, t(82) = 2.53, p = 0.013 < .05) or did not
summarize (Control condition, mean P(sure) = .623, t(80) = 2.23, p = .027 < .05) (see Figure 7).

Figure 7: Sure choice proportions across three summarization conditions in the testing
session (Last 20 trials), adjusted by the training session (First 100 trials). Error bars: ± 1 standard
error.

Subjective Estimates
Participants in the two summarization conditions underestimated the payoff probabilities
of both the sure option and the risky option (see Figure 8). No statistically significant differences
were found between the Self and Other conditions.
This probability underestimation is particularly surprising for the sure event, because any
sample of a sure option must consist of 100% payoff outcomes. One way to explain this is to
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note that in this partial-feedback paradigm when a participant chooses the risky option, the
outcome for the button associated with the sure-thing distribution is not revealed. Thus, the
participant may believe that some non-payoff outcomes could be occurring for what we know to
be the sure-thing option on these “blind” trials. And in any small sample of trials, it is difficult to
distinguish a sure-thing from a high-probability event, just as it is known that in decisions from
experience people frequently fail to distinguish between low-probability and zero-probability
events (Kunreuther et al., 2001; Hertwig et al., 2004).
However, when participants estimated the payoff probability for the risky option, those
who in the Other condition (mean estimated percent = 18%) tended to give a higher and more
accurate estimate in the low probability problems (objective percent = 15%), compared to those
in the Self condition (mean estimated percent = 6%), F(1,41) = 3.204, p=.081.

Figure 8: Left: Estimated payoff percent for the sure option (Objective probability = 1 or
100% for both high- and low- probability problems). Right: Estimated payoff percent for the
risky option (Objective probability = .6 or 60% for the high-probability problem, = .15 or 15% for
the low-probability problem). Error bars: ± 1 standard error.
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Summarization Content
The above results demonstrate that the explicit summarization manipulation has an effect
on subsequent decision choices as well as on subjective estimates. To further explore the
summarization effect, we conducted a content analysis of the strategies reported by participants
in the two summarization conditions (40 statements in the Other condition, 44 statements in the
Self condition). Specifically, we were interested in examining the detailed content, both as a
manipulation check and to explore the major concepts and terms used by participants in
communicating the problem information. We used two raters to categorize the summarizations
(initial 𝜅 = 0.66), who discussed the disagreements until they reached full agreement, 𝜅 ≥ .99.
The coding scheme is shown in Table 8 from Appendix C.
An initial classification suggested nine categories of utterances (which we will refer to as
“strategies”, for convenience), with percentages of participants displaying each category shown
in Figure 9. These strategies included 1) no strategy or just luck, 2) making temporary switches,
3) following a sequential pattern, 4) describing the payoff values, 5) describing the payoff
frequencies, 6) calculating expected values, 7) recommending the sure option, 8) recommending
the risky option, 9) recommending a mix of both sure and risky options.
In general, participants summarized a wide range of strategies, ranging from 1 to 5 when
summarizing to Other and from 1 to 6 when summarizing to Self. And a majority of participants
in each condition summarized at least 2 strategies. The two summarization conditions seemed to
have very different profiles of strategy use (see Figure 9). Participant who summarized to
themselves were significantly more likely to describe payoff frequency (75%), compared to
those summarized a social message (48%), 𝜒 % (1; N=52) = 6.719, p= .01 < .05. Participants
tended to simply recommend the sure option more often when they were writing a social
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message (55%) compared to summarizing to themselves (43%), however, this difference did not
reach significance. In both conditions, only a few participants mentioned calculating probability
or expected value (5% in Other-Summarization and 14% in Self-Summarization). Moreover,
when referring to the shape of payoff distribution, participants prefer vague or abstract
expressions like “long run”, “almost sure thing”, “all”, “nothing”, “rarely”, “more often” than
mentioning actual numeric frequencies (Lopes, 1986). The failure of participants in the Other
condition to EV-maximize in subsequent choices might be partially due to the explicit strategies
they recommended. Most participants simply recommended the sure option, and very few of
them actually calculated the expected values.
Consistent with previous findings, mentions of switching between options to learn about
payoff patterns or follow a sequential pattern were observed. Examples include: “the first option
had a pattern between getting 0 and 7 dollars while the other was 3 every time. I thought I could
discern the pattern and only hit the first option when I thought the 7 would be there.” “Keep
pressing the left button until you get more than 2 zeros in a row. Then press the right button
about 2 or 3 times, then go back to pressing the left button.”). In the Other-Summarization
condition, 15% of participants mentioned switching or sequential dependencies in outcomes,
compared to 9% in the Self-Summarization condition. Some of these utterances may be taken as
indicating that a participant exhibits some form of the gambler’s fallacy, in which they believe a
run of wins will tend to end, or the hot hand fallacy, where they believe such runs tend to
continue (Bar-Hillel & Wagenaar, 1991). A number of participants also recommended mixed
options as a better strategy than sticking to one option (Chen & Corter, 2006).
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Figure 9: Summarized content profiles by participants’ summarization condition.

3.4 Discussion
In this study, we asked participants to articulate, either to themselves or to a hypothetical
person, what was learned from experience. The purpose of Study 1 was to investigate whether
the interaction between explicit and implicit learning will modify the subsequent choices towards
EV maximization.
The main research question was to determine whether explicit summarization of
strategies would affect the use of information learned from experience in subsequent choice
patterns. A statistically significant summarization effect on the subsequent choices was found,
mainly when composing summaries for others, indicating that making learning explicit can have
an impact on the use of implicit learning in decisions from experience. This evidence can be seen
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as supporting accounts that recognize an explicit learning aspect in decisions from experience as
well as the importance of social contexts (Schwartz, 1995; Voiklis & Corter, 2012), and also as
supporting dual-process accounts of repeated decisions with outcome feedback (e.g., Chen &
Corter, 2014; Rangel et al., 2008; Kahneman, 2011).
Hypothesis H1 predicted that participants summarizing to self or to another person will
show increased EV-maximization, indicated by a decrease in the proportion of sure choices,
during the subsequent testing phase compared to those who did not summarize. The H2
hypothesis predicted that those summarizing to another will show even more increased EVmaximization compared to those summarizing to themselves. The reported findings did not
support the original hypotheses. Indeed, the data revealed a very different pattern. Delivering a
social message regarding what has been learned tended to lead to less EV-consistent decision
making subsequently, compared to the purely implicit learning condition in which no
summarization was prompted, or to the condition in which participants summarized to
themselves.
Participants in both summarization conditions reported a wide range of strategy use.
These strategies can be either rational and effective, such as drawing on memory for outcome
feedback and reasoning about tradeoffs and payoffs in the long term, or heuristic in nature, such
as choosing a simple strategy or prescribing a preferred option. However, very few participants
in either summarization condition reported calculating payoff probability or expected value.
Instead, in Self summaries they tended to simply describe past learning experience, especially
summarizing frequency information; while in summaries for Others, they often simply
prescribed strategies to others.
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There are several potential reasons for this decrease in EV-maximizing behavior
following explicit summarization. First, prior studies showing a learning benefit from social
dialogues (e.g., Kuhn et al., 1997; Schwartz, 1995; Voiklis & Corter, 2012) examined situations
where participants took many rounds to negotiate multiple perspectives and generate abstractions
and rules, switching roles as speakers and “receivers”. In contrast, the one-way, single-round
summarization in this study may induce considering another’s perspective to some degree, but
perhaps not enough to spur abstraction and use of explicit or formal strategies. This is consistent
with the findings from research on collective intelligence that the rough equality in distribution
of conversational turn-taking is correlated with a higher collective intelligence factor for the
group (Woolley et al., 2010). Recently, Herzog and Hertwig (2009, 2014) reported that
individuals can also emulate the wisdom of crowds phenomenon to achieve more accurate
probability estimations through a two-round approach called “Dialectical Bootstrapping”. In
their study, individuals were asked to “consider the opposite” when making a new estimate
compared to their first estimate, which seemed to reduce both systematic and random errors in
individual judgments.
A second possible reason for the anti-EV-maximizing effect for summarization might be
that relatively naïve participants may lack expert knowledge or language to convey sophisticated
strategies like the expected value in the risky decision domain. Instead, when faced with the
summarization communication task, they might fall back on using simple heuristics, which are
easier to explain or more “shareable” (Freyd, 1983). This increased reliance on heuristics might
modify their choices in an opposite deviation from EV maximization that resembles results from
DfD, in comparison to findings in DfE. In particular, their choices will overweight low
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probability events but underweight average probability events, as predicted by cumulative
prospect theory (CPT, Tversky & Kahneman, 1992).
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Chapter 4: Study 2
4.1 Introduction
Study 2 was designed to investigate the competing EV-maximization hypothesis and the
CPT-approximation hypothesis with revised experimental procedures. The first change was to
include two rounds of summarization, because the learning literature has shown that multiple
rounds of iterative speech improve the quality of logical reasoning (Herzog & Hertwig, 2009,
2014; Kuhn et al., 1997; Voiklis & Corter, 2012). The underlying assumption is that individuals
will be able to reflect on the first summarization at the second time and thus behave more
rationally. The second change was to extend the post-summarization decision trials from 20 to
50, in order to achieve more stable estimation of choice probabilities in the final testing phase.
The third change was to ask participants in the Control condition to conduct an unrelated task at
the “summarization” timepoint, in order to keep them engaged for an equivalent amount of time.
In general, three major types of choice prediction models are relevant to this study.
Decisions from experience (DfE) serves as the baseline control condition where no
summarization is involved, while EV theory and CPT hypothesize differently about the
summarization effects on the subsequent choice patterns. Detailed choice predictions with
hypotheses and research questions are stated as below.
According to previous DfE findings, people tend to underweight low probability gains
while overweighting high probability gains, which manifests as fewer risky choices (even though
associated with higher expected values compared with the sure choices) for low probability
problems suggesting “risk aversion” for rare events, but more risky choices for high probability
problems, suggesting “risk seeking” for more likely events (Erev et al., 2017; Hadar & Fox,
2009; Hertwig, 2012; Weber et al., 2004).
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According to EV theory, people should always choose the option associated with a higher
expected value, shown as more risky choices (because associated with higher expected values in
the present studies). Put another way, rational decision makers should be risk-neutral (Fermat &
Pascal, 1654).
According to DfD findings and to the predictions of CPT, people should exhibit deviation
from EV maximization opposite to those predicted by DfE. They tend to overweight low
probability gains while underweighting high probability gains, which manifests as more risky
choices (also associated with higher expected values) for low probability problems (suggesting
“risk seeking” for rare events), but fewer risky choices for high probability problems, suggesting
“risk aversion” for these more likely events (Kahneman & Tversky, 1979; Tversky &
Kahneman, 1992).
H0: Explicit summarization will lead to the same subsequent choice pattern as DfE with
no explicit summarization.
H1a: Explicit summarization, either to self or another, will accelerate learning towards
EV-maximization, shown as a decrease in the subsequent proportion of sure choices for both low
and high probability problems. This is because summarization might recruit more deliberative
reasoning (as dominated by System 2) and promote the consolidation of the implicitly learned
behavior tendencies in the pure DfE paradigm.
H1b: Explicit summarization, either to self or another, will lead to more CPT-consistent
choices subsequently, shown here as a lower proportion of sure options chosen for the low
probability problem and a higher proportion of sure options chosen for the high probability
problem. This is because the effects of summarization might cause decisions to be made
according to the generated descriptions, as in DfD. By translating implicit knowledge together
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with the effects of intuition and heuristics (under System 1) into explicit knowledge and
deliberate consideration (under System 2), summarization might explicitly reinforce these
implicit tendencies and biases, leading to overweighting of the low probability events yet
underweighting of the more probable events, as predicted by CPT (Tversky & Kahneman, 1979;
Kahneman, 2003, 2011; Kahneman & Frederick, 2002).
H2: Explicit summarization to others (the “Other” condition) will cause faster learning
towards EV-maximization, shown as a decrease in the subsequent proportion of sure choices,
compared to summaries to oneself (the “Self” condition). Previous research shows that compared
to individual monologues, social dialogues promote better concept and category learning
(Schwartz, 1995; Voiklis & Corter, 2012). Furthermore, probability estimation aggregated from
diverse perspectives can reduce errors in individual judgment, which is known as the “wisdom of
crowds” in collective forecasting and decision making (Mellers et al., 2014).
Exploratory Research Question 1: What strategies will individuals explicitly describe in
their summarizations?
Exploratory Research Question 2: How accurately will individuals estimate the payoff
probability of the sure and the risky options?

4.2 Methods
Design
A 3×2 between-subjects design was applied: three types of summarization conditions
(Control condition-do not summarize, Self condition-summarize to oneself, Other conditionsummarize to a hypothetical other) and two risky-choice decision problems (High Payoff
Probability, Low Payoff Probability). Each participant was randomly presented with only one
summarization condition and only one decision problem.
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Participants
119 participants (56 of them male) participated through Amazon’s Mechanical Turk
worker marketplace website. Participation was restricted to individuals whose location was in the
United States. Their ages ranged from 22 to 65, with a mean of 39. All of them were native
English speakers and 43% of them had studied statistics or decision-making at some point. Table
1 shows the number of participants randomly assigned to each summarization condition and each
decision problem.
Table 4: Number of participants in each condition in Study 2.

Problem Type
Gain-High
Gain-Low

Option Payoffs
$3 (100%) vs. $7 (60%), $0 (40%)
$3 (100%) vs. $28 (15%), $0 (85%)

Control
17
21

Self
21
20

Other
20
20

Materials
The same decision problems from study 1 were used here. And their corresponding
expected values and CPT values are displayed below (see Table 5)1. Note that for both problems,
the risky option ($7, 60% or $28, 15%) has a higher expected value than the sure option, while
the risky option in the low probability payoff problem has a higher CPT value than the sure
option, but not in the high probability payoff problem.
Table 5: Decision problems with associated EVs and CPT values in Study 2

Problem
Probability
High Probability
Low Probability

Option Payoffs
$3 (100%) vs. $7 (60%), $0 (40%)
$3 (100%) vs. $28 (15%), $0 (85%)

1

Expected
Values
3 vs. 4.2*
3 vs. 4.2*

CPT Values
2.6295* vs. 2.6262
2.6295 vs. 4.2595*

CPT Values are calculated using the original parameters in Tversky & Kahneman (1992): power for gain (alpha) =
0.88; power for losses (alpha) = 0.88; loss aversion (lambda) = 2.25; probability weighting parameter for gains
(gamma) = 0.61; probability weighting parameter for losses (delta) = 0.69.

44

The same “minimal information” paradigm from Erev and Barron (2005) from Study 1
was applied, with a small change made to the visual display of the option buttons. As shown in
Figure 10, the two options were labeled with different colors to make them more distinct from
each other. And in the following summarization, participants were also shown a screenshot of the
decision problem as a reminder of option placement. The placement of two options were
counterbalanced.

Figure 10: Interface for the training session (First 50 trials) With post-trial feedback in
study 2.

Procedure
Participants went through 2 training sessions, each of 50 trials and a testing session of 50
trials of the same decision problem. In between the first and second training sessions, and
between the second training and testing session, they experienced one of the three summarization
conditions (Other, Self, or Control) (see Figure 11). In the Self condition, participants
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summarized for themselves what they had learned (by answering “Imagine sometime in the
future that you will be playing this game (the same decision problem) for 100 trials. Based on
your previous experience with this problem, what advice would you give yourself?”) and
estimated the probabilities of both option payoffs. In the Other condition, participants
summarized to another hypothetical player (by answering “Imagine that you have a friend who is
about to play this game (the same decision problem) for 100 trials. Based on your previous
experience with this problem, what advice would you give?”) and estimated probabilities as well.
In the Control condition, participants were asked to conduct an unrelated task in which they are
asked to type all the color words from text paragraphs about sunset and sunrise, within an
equivalent amount of time.

Figure 11: Experiment procedure in Study 2.

On each trial, once they made a choice using the mouse, the payoff for that selected
option was shown. Actual payment for participants varied depending on the outcomes of their
decisions. A base payment of $2 was adjusted by 0.25% of the participant’s total amount of
winnings for the total 150 decision trials. The resulted extra bonus ranges from $1.08 to $1.63,
with the time taken ranging from 568 sec (about 9min) to 2954 sec (about 49min).

4.3 Results
Behavioral Effects: testing session (last 50 trials)
In Study 2, we hypothesized that explicit summarization of strategies would lead to
different subsequent proportion of sure choices, especially when participants were summarizing
to someone else. Analysis of covariance (ANCOVA) was conducted to evaluate the effects of
summarization conditions on the last 50 choices while controlling for the variations among
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participants’ initial learning experience. The proportion of sure choices for the third 50 trials
after the second summarization was used as the dependent variables, and the proportion of sure
choices for the first 50 trials before the first summarization manipulation was used as the
covariate. Figure 12 shows the proportion of sure option choices in the last 50 trials by
summarization conditions and problem probabilities.
The ANCOVA results did not show a main effect of summarization on subsequent
choices, but instead a significant summarization by probability interaction effect, F(2, 112) =
3.614, p = .03 < .05. For the high probability gain problem (Gain-High), participants who
summarized to another person (mean P(sure) = 0.677) were more likely to choose the sure option
(which is associated with a higher CPT value but a lower EV than the risky option) compared to
those who summarized to themselves (mean P(sure) = 0.500, p = .063) and those who did not
summarize (mean P(sure) = 0.519, p = .113).
However, with the low probability problem (Gain-Low), participants who summarized to
another (mean P(sure) = 0.678) were less likely to choose the sure option (which is associated
with a lower CPT value but a higher EV than the risky option) compared to those who
summarized to themselves (mean P(sure) = 0.821, p = .065) or did not summarize (mean P(sure)
= 0.708, p = .139). This pattern for low and high probability problems is consistent with the
predictions of CPT, thus supporting hypothesis H1b.
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Figure 12: Sure choice proportions for the low and high probability problem across three
summarization conditions in the testing session (Last 50 trials), adjusted by the training session
(First 50 trials). Error bars: ± 1 standard error.

Subjective Estimates
As in Study 1, participants underestimated the payoff probabilities for both the sure and
the risky option in their final estimation (see Figure 13). For the sure option (objective
probability = 1 for both problems), participants in the Other condition show more
underestimation for both high- (Gain-High) and low-probability problems (Gain-Low) compared
to those in the Self condition. This can be viewed as a form of “social conservatism”, wherein
extreme estimates are avoided in giving recommendations to others. For the risky option, the
Other condition yielded slightly higher and more accurate estimates for the low-probability
problem (with an objective probability of .15, mean estimated probability = .12) compared to the
Self condition (mean estimated probability = .04), t = 1.601, p=.118; while again showing more
underestimation for the high-probability problem (objective probability = .6, mean estimated
probability = .39.
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The second round of summarization showed mixed effects on the estimation of the sure
option versus the risky option. Participants’ estimates for the sure option became more accurate
in the second summarization, while estimates of the probability of the risky option showed even
more underestimation (except in the Other condition with the low probability problem (GainLow)). Thus, in the Other condition estimates for the risky option seemed to be consistent with
CPT predictions, with more probability underestimation for the high probability problem (GainHigh) but a stable level for the low probability problem (Gain-Low).

Figure 13: Left: Estimated payoff percent for the sure option (Objective probability = 1 or
100% in both high- and low- probability problems). Right: Estimated payoff percent for the
risky option (Objective probability = .6 or 60% for the high-probability problem, = .15 or 15% for
the low-probability problem). Error bars: ± 1 standard error.

Summarization Content
The content coding scheme with detailed categories, definitions and examples is shown
in Table 9 from Appendix C. The coded verbalizations were similar to those observed in Study 1,
with the most common types being recommending the sure option and describing the payoff
value or frequency (see Figure 14). Moreover, high and low probability problems showed
differences in the overall verbalization profiles. For the low probability problem (Gain-Low),
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participants tended to recommend the sure option as the dominant preference, while for the high
probability problem (Gain-High) participants tended to have more mixed preferences between
the sure option and the risky option, with some participants even recommending to choose mixed
options in a certain ratio (20%) as a better strategy than sticking to one option only (cf. Chen &
Corter, 2006). as in Study 1, very few participants in the two summarization conditions
mentioned calculating expected values.
Additionally, there seems to be a difference in the content of explicit strategies between
summarization conditions from the 1st summarization to the 2nd summarization, particularly for
the high probability problem (Gain-High). Individuals who summarized to others reduced the
variety of strategies from their first summarization, lessening reliance on naive strategies such as
looking for sequential patterns, but also sophisticated ones such as EV calculation. Instead, they
showed more use of such simple but general strategies as describing payoff value and frequency,
and simply recommending the sure option. With accumulated experience over time, they seemed
to reflect and revise which strategies might be more useful (or more justifiable) and throw out
maladaptive ones.
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Figure 14: Strategy profiles by participants’ summarization conditions and problem
probabilities.

4.4 Discussion
To review, Study 1 had found that explicit summarization of implicit learning in DfE,
especially when summarizing to others, led to a different choice pattern compared to DfE with
no summarization. Thus, Study 2 was designed with extended trials and another summarization
round to investigate the competing hypotheses of summarization leading to increasing EVmaximization versus summarization leading to DfD- or CPT-like responses.
An overall effect of summarization was not found; however, summarization condition did
interact with problem probability consistent with the classic “four-fold pattern” predicted by
CPT, lending some support for the CPT-approximation Hypothesis (H1b). That is, the long-term
effect of explicit summarization seems to drive individuals to behave according to CPT
predictions(H1b), rather than maximize EV (H1a). Moreover, probability estimates for the risky
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option in the Other condition also seemed to approximate CPT predictions for decision weights,
showing underweighting of high-probability but not rare events. Content analysis of the verbal
summaries at the first summarization and the second summarization showed that individuals,
particularly those who summarized to another for the high probability problem, seemed to revise
their strategies due to accumulated experience, keeping useful or efficient strategies while
throwing out the ill-considered or complicated ones.
However, Study 2 has one limitation to the interpretation and generalization of its results.
That limitation is that EV and CPT both predict that decision makers who summarize their
experience are more likely to choose the sure option in the low probability problem (Gain-Low),
because the sure option is associated with a lower EV and a lower CPT value at the same time;
moreover, CPT values of the two options for the high probability problem (Gain-High) do not
differ much from each other. Therefore, new decision problems are necessary to better
differentiate the predictions of the two competing hypotheses.
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Chapter 5: Study 3
5.1 Introduction
Study 3 was designed to attempt to distinguish the predictions of the competing
hypotheses (summarization leading to EV-maximization or CPT-approximation) from Study 2
by using carefully constructed decision problems in the gain domain, and by including
corresponding decision problems in the loss domain.
According to EV theory, people should always choose the option associated with the
highest expected value, in both gain and loss domains. This view implies that decision makers
should be risk-neutral irrespective of the payoff domain (Pascal, 1654).
According to DfD findings and CPT predictions, people typically exhibit a “fourfold
pattern” of deviations from EV maximization. When payoffs are provided in explicit
descriptions, they tend to overweight low probabilities but underweight moderate to high
probabilities when making decisions. Thus, in the gain domain people tend to show risk
aversion2 for moderate and high probabilities when a risky gain (with higher EV) is paired with a
sure gain, but risk seeking3 for low-probability gains (as shown by the popularity of buying
lottery tickets). In the loss domain, the overweighting of low probabilities leads to risk-aversion,
while the underweighting of moderate to high probabilities leads to risk-seeking (Tversky &
Kahneman, 1992).

2
Risk-aversion is defined as a preference for a sure outcome over a risky outcome with equal or greater expected
value.
3
Risk seeking is defined as a preference for a risky outcome over a sure outcome equal to or greater than its
expected value.
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DfE findings, however, appear to reverse the fourfold pattern of DfD, so that decision
makers tend to show the opposite deviations from EV maximization when payoff probabilities
are not explicitly described but must be learned via outcome feedback. In decisions made from
limited experience, decision makers tend to underweight low probabilities and overweight
moderate to high probabilities, leading to risk aversion for low-probability gains and highprobability losses, but risk seeking for high-probability gains and low-probability losses (Hadar
& Fox, 2009; Hertwig, 2012; Weber et al., 2004).
In Study 3, new decision problems were designed to better differentiate the above
predictions, namely that articulating implicitly learned knowledge might invoke System 2
processing, increasing the conformity of participants’ decisions to EV (or alternatively to CPT)
predictions. In the previous Study 2, EV and CPT both predicted that decision makers who
summarize experience would tend to choose a smaller proportion of sure options compared to
those who do not summarize, at least for the low probability problems, because the sure option is
associated with both a lower EV and a lower CPT value (see Table 5). Moreover, CPT values
of the two options for the high probability problems did not differ from each other. In the new
decision problems used in Study 3, payoff values and associated probabilities are carefully
designed to differentiate EV and CPT predictions (see Table 6). Notice that in either high or low
probability problems, EV and CPT give opposite predictions as their values are designed to be in
contrast. Specific hypotheses and exploratory questions for these decision problems are stated as
below.
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Table 6: Decision problems with associated EVs and CPT values in Study 3.

Problem Type
Gain-High
Gain-Low
Loss-High
Loss-Low

Option Payoffs
3 (100%) vs. 5 (75%), 0 (25%)
3 (100%) vs. 6 (60%), 0 (40%)
3 (100%) vs. 20 (15%), 0 (85%)
3 (100%) vs. 30 (10%), 0 (90%)
-3 (100%) vs. -5 (75%), 0 (25%)
-3 (100%) vs. -6 (60%), 0 (40%)
-3 (100%) vs. -20 (15%), 0 (85%)
-3 (100%) vs. -30 (10%), 0 (90%)

Expected Values
3 vs. 3.75*
3 vs. 3.6*
3 vs. 3
3 vs. 3
-3* vs. -3.75
-3* vs. -3.6
-3 vs. -3
-3 vs. -3

CPT Values
2.63* vs. 2.34
2.63* vs. 2.29
2.63 vs. 3.17*
2.63 vs. 3.72*
-5.92 vs. -5.81*
-5.92 vs. -5.64*
-5.92* vs. -6.81
-5.92* vs. -7.64

H0: Explicit summarization will lead to the same subsequent choice pattern as DfE with
no explicit summarization. Participants who summarize will approximate findings from
decisions from experience paradigms (DfE), similar to those in the Control condition where only
implicit learning is involved. Specifically, they will choose more sure options for the lowprobability gain problems (Gain-Low) and the high-probability loss problems (Loss-High) and
fewer sure options for the high-probability gain problems (Gain-High) and the low-probability
loss problems (Loss-Low).
H1a: Explicit summarization, either to oneself or to another, will accelerate learning
towards EV-maximization. Participants who summarize will always choose the option with a
higher expected value. In particular, they will choose more sure options for the high-probability
gain problems (Gain-High) and the low-probability loss problems (Loss-Low).
H1b: Explicit summarization, either to oneself or to another, will lead to more CPT
approximation choices subsequently. Participants who summarize will choose more sure options
for the high-probability gain problems (Gain-High) and the low-probability loss problems (LossLow) and fewer sure options for the low-probability gain problems (Gain-Low) and the highprobability loss problems (Loss-High).
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H2: Summaries formulated for another person (“Other”) will yield different choice
patterns subsequently compared to summaries to oneself (“Self”).
Exploratory Research Question 1: What strategies will individuals explicitly describe in
their summarizations?
Exploratory Research Question 2: How accurately will individuals estimate the payoff
probability of the sure and the risky options?

5.2 Methods
Design
A 3×2×2 between-subjects design was applied: 3 types of summarization conditions
(Control condition-do not summarize, Self condition-summarize to oneself, Other conditionsummarize to a hypothetical other) and 2 types of decision problem payoffs (High probability or
Low probability) from 2 payoff domains (Gain or Loss). Each participant experienced repeated
trials of one decision problem in only one summarization condition.
Materials
A total of eight decision problems were used, four in the gain domain and four in the loss
domain. Their expected values and CPT values are displayed in Table 6. CPT Values are
calculated using the original parameters in Tversky & Kahneman (1992): power for gain (alpha)
= 0.88; power for losses (alpha) = 0.88; loss aversion (lambda) = 2.25; probability weighting
parameter for gains (gamma) = 0.61; probability weighting parameter for losses (delta) = 0.69.
Note that for the two high probability payoff problems in the gain domain, the risky
options (gain 5 points with 75% probability) or (gain 6 points with 60% probability) had higher
expected values but lower CPT values than the sure option, while in the two low probability
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payoff problems, the risky options (gain 20 points with 15% probability) or (gain 30 points with
10% probability) had an equivalent expected value but higher CPT values than the sure option.
This was reversed in the loss domain. The differences in EV and CPT values are designed to
differentiate the two predictions (H1a and H1b).
Participants
A total of 484 participants were recruited through Amazon’s Mechanical Turk worker
marketplace website. Participation was restricted to individuals whose location is defined as in
the United States and should be reasonably diverse in terms of age, gender, and educational
background. Moreover, qualification was restricted to quality workers whose approval ratings
were higher than 98% and whose total number of approved HITs (“human intelligence tasks”)
were more than 100, consistent with best practice in online study recruitment (Peer, 2014).
Among all participants, there were 245 females, 239 males. Their mean age was 41,
ranging from 22 to 73. For college majors, 24% majored in Math/computer science/engineering,
16% in humanities, 15% in social sciences, and 8% in natural sciences, 36% in other subjects;
43% had taken at least one statistics course. All of them were native English speakers. Each
participant was randomly assigned into only one summarization condition and only one decision
problem as shown in Table 7).
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Table 7: Number of participants in each condition in Study 3.

Problem Type
Gain-High
Gain-Low
Loss-High
Loss-Low

Option Payoffs
3 (100%) vs. 5 (75%), 0 (25%)
3 (100%) vs. 6 (60%), 0 (40%)
3 (100%) vs. 20 (15%), 0 (85%)
3 (100%) vs. 30 (10%), 0 (90%)
-3 (100%) vs. -5 (75%), 0 (25%)
-3 (100%) vs. -6 (60%), 0 (40%)
-3 (100%) vs. -20 (15%), 0 (85%)
-3 (100%) vs. -30 (10%), 0 (90%)

Control
20
20
20
20
20
20
20
20

Self
21
20
20
20
20
20
20
20

Other
21
21
20
20
20
20
20
21

Procedure
The same “minimal information” paradigm from Erev and Barron (2005) from the
previous two studies was applied (the interfaces and detailed instructions are described in Figure
20 and Figure 21 of Appendix A). At each choice trial of the total 150 decision trials (with a
single decision problem), participants chose between two options, with no payoff information
given. Each of the two options resulted in different payoffs as gains or losses in virtual points
once clicked. For example, in the first decision problem, the sure option can be described as
(gain 3 with 100% probability). This option was paired with a risky gain (gain 5 with 75%
probability; gain 0 with 25% probability). The two choice options were labeled with neutral
letters "P", "Q" in blue or yellow font for participants to more easily identify differentiate the two
options in the subsequent summaries. The left-right placement of the two options was
counterbalanced.
In the gain domain, participants started with 0 virtual points (Figure 20) and in the loss
domain, they were endowed with 1000 virtual points in the beginning (Figure 21). Upon entering
the experiment, all participants were informed that they would receive $2.00 base pay, plus an
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incentive bonus based on their performance in the decision game (see interface and detailed
instructions in Appendix A). Specifically, the base payment of $2 was adjusted by 0.5% of the
participant’s total amount of winnings (in points) for the total 150 decision trials.
Participants were then randomly assigned into one of the eight decision problems and one
of the three summarization conditions. In each condition, participants went through 2 training
sessions, each of 50 trials (see Figure 20 and Figure 21 for interfaces for gain and loss problems
respectively) and a testing session of 50 trials of the same decision problem (see Figure 22 for
interface) ( also see Figure 15 for the entire procedure).

Figure 15: Experiment procedure in Study 3.

In between the first and second training sessions, and between the second training and
testing session, they experienced one of the three summarization conditions (Other, Self, or
Control) (see detailed instructions in Appendix B: Summarization Manipulation). In the Self
condition, participants summarized for themselves what advice they would give themselves (by
answering “Imagine that sometime in the future you will be playing this game (the same decision
problem) for 100 trials. Based on your previous experience with this problem, what advice would
you give yourself?”) and estimated the payoff probabilities of both options. In the Other
condition, participants summarized their advice to another hypothetical player, by responding to
the prompt “Imagine that you have a partner who is about to play this game (the same decision
problem) for 100 trials. Based on your previous experience with this problem, what advice would
you give?” Participants also estimated probabilities for the outcomes. In the Control condition,
participants were asked to conduct an unrelated task in which they are asked to type all the color
words from text paragraphs about sunset and sunrise, within an equivalent amount of time.
59

The entire task took about an average of 15 minutes to complete. Participants were paid
$2 as the base payment for participating in the study, plus a performance-based bonus payment
with an average about $1.5.

5.3 Results
Behavioral Effects: Subsequent Choices (Testing Session: The Last 50 Trials)
Analysis of covariance (ANCOVA) was conducted to evaluate the effects of
summarization on the choices in the last set of 50 trials (the testing session), controlling for the
variations among participants’ initial choice pattern in the first 50 trials (the first training
session). Figure 16 shows the proportion of sure choices in the last 50 trials for each
summarization condition, adjusted by participants’ initial training experience in the first 50 trials.
As in Study 2, the ANCOVA did not find a main effect of summarization. However,
there was a significant summarization × domain × probability interaction, F(2, 471) = 3.746, p =
.024 < .05, meaning that the low-probability and high-probability problems were affected
differently across the loss and the gain domain by the summarization manipulation. Figure
16Figure 16 shows the proportion of sure option choices in the last 50 trials for each
summarization condition by payoff probabilities and domains.
In the gain domain, there was a significant summarization effect for the low probability
problems (Gain-Low), replicating the findings from Study 2. Specifically, participants who
summarized to another (Other, mean P(sure) = 0.57) were less likely to choose the sure option
for the low-probability problems (which is associated with lower CPT but equal EV relative to
the risky option) compared to those who summarized to themselves (Self, mean P(sure) = 0.68)
(t(117) = -2.20, p = .045 < .05) and those who did not summarize (Control, mean P(sure) = 0.69)
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(t(117) = -2.23, p = .027 < .05). For gains there was not a significant summarization effect for
the high probability problems (Gain-High).
In contrast, for the loss domain a significant summarization effect was found for the high
probability problems (Loss-High) but not for the low probability problems (Loss-Low).
Participants who summarized experience with the high-probability problem to another (Other,
mean P(sure) = 0.60) were less likely to choose the sure option (which is associated with lower
CPT but higher EV than the risky option) compared to those who did not summarize (Control,
mean P(sure) = 0.75) (t(117) = -2.50, p = .014 < .05), and slightly less likely than those who
summarized to themselves alone (Self, mean P(sure) = 0.67) (p = .333, NS). There was not a
significant summarization effect for the low probability problems (Loss-Low).

Figure 16: Sure choice proportions for the low and high probability problems across
three summarization conditions in the testing session (Last 50 trials), adjusted by the first
training session (First 50 trials). Left: Gain, right: Loss. Error bars: ± 1 standard error.

Overall, choice patterns in the Other condition for Gain-Low and Loss-High problems
were found to approximate CPT predictions, partially lending support to H1b. Those who
summarized their experience to another person chose significantly fewer sure options (associated
with lower CPT values) than those who did not summarize. Moreover, in Gain-Low problems,
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participants in the Other condition chose significantly fewer sure options than in the Self
condition, lending support to H2.
Subjective Estimates
Examining the estimates of payoff probabilities of the sure and risky options, an ANOVA
showed a main effect of domain (loss versus gain); for the sure thing, F(1, 308) = 3.999, p = .046
< .05, and for the risky option, F(1, 308) = 109.089, p = .000 < .05. Additionally, there was a
domain by probability interaction in the probability estimates for the sure option, F(3, 308) =
7.275, p = .000 < .05. Figure 17 shows participants’ (Self and Other conditions) probability
estimates for both options at two summarization opportunities by payoff probabilities and
domains.
Further comparisons showed that when estimating the payoff probability of the sure
option, participants in the loss domain (mean estimated percent (sure) = 93%) were more
conservative by underestimating more compared to those in the gain domain (mean estimated
percent (sure) = 97%), t(322) = 2.00, p = .046<0.05. When estimating for the risky options,
participants underestimated the probabilities in the gain domain (mean estimated percent (risky)
= 30%) while overestimating the probabilities in the loss domain (mean estimated percent (risky)
= 56%), t(322) = 9.816, p = .000<0.05.
In the gain domain, Study 3 replicated Study 2’s finding of overall underestimation for
the payoff probabilities of both the sure and risky options in the gain domain, as well as the
improved accuracy for the sure option but reduced accuracy for the risky option at the second
summarization. In particular, participants in the Other condition seemed to be consistent with
CPT predictions, with underestimation for the Gain-High problems and a slightly more accurate
estimation closer to the true objective probabilities for the Gain-Low problems. In comparison,
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participants in the Self condition tend to show more underestimation for both high- and lowprobability gains.
In the loss domain, participants underestimated the probability of the sure option while
overestimating the probability of the risky options. However, their estimation for both the sure
and risky options improved in accuracy at the second summarization. As in the gain domain,
participants facing loss problems in the Other condition tended to give estimates approximating
decision weights from CPT predictions, with overestimation for the Loss-Low problems and a
slightly more accurate estimation closer to the true objective probabilities for the Loss-High
problems, while those in the Self condition show more overestimation for both high- and lowprobability losses.

Figure 17: Left: Estimated Payoff Percent for the Sure Option (Objective probability = 1
or 100% for Both High- and Low- Probability Problems). Right: Estimated Payoff Percent for the
Risky Option (Objective probability = .6 or 60%, .75 or 75% for the High-Probability Problems, =
.10 or 10%, .15 or 15% for the Low-Probability Problems). Top: Gain. Bottom: Loss. Error Bars: ±
1 Standard Error.

Summarization Content
Content analysis using deductive thematic coding was further conducted on participants’
summarized messages to another person or to themselves. Two raters coded the content
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independently using the coding scheme derived from the previous two studies. The initial interrater reliability using Cohen’s 𝜅 = 0.75 and reached full agreement, 𝜅 ≥ .99 after disagreements
were discussed and coding definitions were further clarified. The final coding scheme with
detailed categories, definitions and examples is shown in Table 10 from Appendix C. In addition
to the 9 strategy categories identified in the previous two studies, “testing” was identified as a
new verbalization code, where participants explicitly reported planning to take a small sample of
trials to evaluate the payoff probability. Figure 18 shows the profiles of self-reported strategy
uses in each probability type and domain.
In general, Study 3 replicated the verbal behavior profiles for the gain domain found in
Study 2. For the low probability problem (Gain-Low), participants tended to recommend the sure
option as the dominant preference while in the high probability problem (Gain-High),
participants reported more diverse preferences. This was reversed in the loss domain, where high
probability loss (Loss-High) reported more recommending the sure option and the low
probability loss (Loss-Low) reported more diverse choice preferences.
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Figure 18: Summarized strategy profiles by summarization condition at the 1st time
(Left) And the 2nd time (Right).

5.4 Discussion
Study 3 largely replicated findings from Study 2. The inclusion of loss domain problems
revealed a significant summarization × problem × domain interaction, lending support to H1b
(CPT approximation) for Gain-Low and Loss-High problem. Also, participants in the two
summarization conditions underestimated the payoff probability for the sure option in both gain
and loss domains. When estimating the probabilities of the risky options, participants in the
Other condition also seemed to give probability estimation of the risky choice consistent with
CPT predictions and are more accurate than those in the Self condition, especially in lowprobability gain and high-probability loss problems. This is consistent with Camilleri and
Newell’s findings (2011b) that in a hypothetical social context to make decisions maximize the
collective profits of a company, participants tend to overestimate rare events and underestimate
common events when asked to judge the payoff probabilities after experiencing repeated
decisions.
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Attempting to relate the observed underestimation of payoff probabilities in the gain
domain and overestimation in the loss domain to participants’ verbalizations, it is possible that
references to “a safe choice” have different meanings in the two domains. In the gain domain,
“safe” was used to refer to the sure option that unfailingly secures a payoff, while in the loss
domain, it can refer to the risky option that might occasionally avoid a loss (although the
associated loss is larger). This interpretation is consistent with participants having a strong loss
aversion motive in the sense of trying to minimize the probability of a loss (Lopes, 1983) or a
relative loss. That is, participants may seek to avoid the outcome of no gains in the gain domain
and the guarantee of constant losses in the loss domain.
Relating behavioral choices and strategies reported, it is interesting to note that for low
probability gain problems (Gain-Low) and high probability loss problems (Loss-High),
participants in the Other condition tended to recommend the sure thing (which is associated with
a higher EV, especially in High-Loss), but were more likely to check the risky option
subsequently (shown by overall lower p(sure)), while those in the Self condition stuck with what
they summarized. This might indicate that participants in Other condition are cautious in writing
a social message to others while irrational in their own subsequent choice behaviors to seek rare
large gains or avoid rare large losses. Alternatively, they could be double-checking the other
option not preferred in their summarization to make sure they are correct (“wait a moment, am I
correct?”). Such a social motive to be cautious in advice to others might also account for their
slightly more accurate probability estimates for the risky option in both high loss problems
(Loss-High, P=0.60 or 0.75) and the low gain problem (Gain-Low, P=0.15), which was also
found for the low probability problem in Study 2.
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Chapter 6: General Discussion
This research explores the coordination between implicit (“System 1”) learning processes
and explicit (“System 2”) learning and reasoning processes in repeated decisions from
experience (DfE), investigating how interaction between these systems might affect subsequent
choice behavior. In these experiments, some participants were asked to summarize what they
have learned from previous trials of a decision problem and estimate option payoff probabilities
to another hypothetical person or to themselves in written words, and then proceeded to further
trials of the same decision problem.
In general, the present studies had three major findings. Firstly, explicit summarizations,
especially to a hypothetical other person, lead to a choice pattern more closely approximating
CPT predictions, especially for low probability gain and high probability loss problems.
Secondly, these participants’ subjective probability estimates for the risky options are also
consistent with the decision weights from the CPT predictions, showing underweighting of highprobability but not rare events. Thirdly, in their written verbalizations to a hypothetical other
person, a majority of these participants recommended to the other to choose the EV-maximizing
option.
A robust finding in the literature on DfE is that people behave as if underweighting low
probabilities while overweighting high probabilities (Weber et al, 2004; Erev et al., 2017). Some
empirical evidence has also suggested that the experience of outcome feedback can modify
choices towards maximization of expected value (EV) (e.g., Chen, 2001; Yechiam et al., 2005;
Erev et al., 2017). The present research tests if explicit summarization during DfE, especially
summarizations composed for others, might promote abstraction and enable rule-based formal
reasoning about the decision problem. This idea has roots in the collaborative learning literature
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(Schwartz, 1995; Voiklis & Corter, 2012), and in the literature on wisdom of crowds, where
diverse perspectives can reduce estimation biases in crowdsourcing prediction markets (Mellers
et al., 2014; Tetlock et al., 2014). If such facilitation occurs, it might yield faster learning
towards EV-maximization, where people show no probability bias or risk preference.
Alternatively, the descriptive and summative aspects of the summarizations might push
subsequent decisions to resemble those made in response to descriptions (in DfD, decisions from
descriptions), in line with the predictions of Cumulative Prospect Theory (CPT), where people
often overweight low probability events while underweighting moderate- to high-probability
outcomes (Kahneman, 2003, 2011; Kahneman & Frederick, 2002). Such a pattern is the
opposite of that observed in DfE (see Figure 3 for contrasting choice predictions of the 3
different models).
In particular, it is hypothesized that summarization will create an explicit-implicit
learning interaction in decisions from experience (DfE), shifting choices from implicitly learned
or motivated behavior (System 1 thinking) to increased use of explicit strategies (System 2
thinking). Thus, participants’ subsequent choice behavior might be expected to approach either
EV-maximization or CPT-approximation. In the present project, three experimental studies were
conducted online with the Amazon Mechanical Turk (AMT) platform to investigate the
summarization effects. In the studies, participants were randomly assigned into one of the three
summarization conditions (Control, Self, Other), and made repeated choices between a sure
option which results in a gain (or loss) all the time and a risky option which results in a gain (or
loss) with a pre-specified probability less than 1.
The results across the three studies found a consistent summarization effect on
subsequent choice behaviors. Due to increasing complexity of the studies, this summarization
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effect manifested as a main effect in Study 1, a two-way interaction effect between
summarization condition and problem payoff probability in Study 2, and a three-way interaction
effect among summarization condition, problem payoff probability and payoff domain in Study
3. Firstly, findings across all three summarizations, especially the “pure DfE” (Control)
condition, exhibit an overall “four-fold pattern of choices” as observed in DfE. Participants
tended to behave as if underweighting rare events, as indicated by preferring the sure option for
low probability gain problems (Gain-Low) or the risky option for the low probability loss
problems (Loss-Low), as well as overweighting the command events indicated by preferring the
risky option for high probability gain problems (Gain-High) or the sure option for the high
probability loss problems (Loss-High). Secondly, summarization to another (Other condition) led
to more CPT-approximating choices compared to the “pure DfE” (Control) condition. In other
words, summaries formulated for another person (Other condition) seemed to move participants’
subsequent choices to deviate from a DfE pattern towards a DfD pattern for low probability gain
problems (Gain-Low) and high probability loss (Loss-High) problems, which shows a reversed
four-fold pattern as predicted by CPT. This is especially true for high-probability loss problems
in Study 3 where problems were constructed so that CPT and EV lead to opposite choice
predictions, with CPT predicting choices of the risky option while EV predicts choices of the
sure option. Participants in the Self condition tended to show behavior approximating the Other
condition, moving towards CPT predictions, however, their choices did not differ from the
Control condition statistically.
The findings regarding the content of the summarized strategies and the probability
estimates can help explain the different subsequent choice patterns between the Other- and Selfsummarization conditions -- specifically, that an overall CPT-approximating choice pattern was
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found for the Gain-Low and Loss-High problems in the Other condition, deviating from the DfE
choice pattern observed in the Control and Self conditions. In the summaries, a majority of
participants in both summarization conditions reported recommending the sure option as the
dominant preference, which is indeed associated with higher EV (the rational option). But for the
subjective estimates, those in the Other condition provided more accurate probability estimation
for the risky options compared to their peers in the Self condition. Regarding the relationship of
the summaries to subsequent choices, participants in the Self condition tended to make
subsequent choices consistent with what they had initially summarized as their recommendation
(i.e. the sure option) while those in the Other condition were more likely to choose the alternative
option (i.e. the risky option) not recommended in their summarization.
To interpret this summarization effect, the default-interventionist model (Evans &
Stanovich, 2013; Kahneman & Tversky, 1979;) can be used as an analytical lens to explain the
serial dual-system interaction involved in the explicit summarization and subsequent choice
behavior. When asked to summarize knowledge from experience, participants' implicitly learned
behavior tendencies (under System 1 processing) can be moderated, intervened and even
substituted by their explicit probability estimation and strategy summarization (under System 2
processing). And the mere “social” context in the Other condition through transmitting their
explicit knowledge to a hypothetical other might induce a social motive to be more cautious and
analytical (under System 2 processing), leading to more System 2 processing compared to the
individual context in the Self condition.
Firstly, participants in both the Other and the Self conditions are able to explicitly convey
what they have implicitly learned from previous experience, indicated by recommending the
rational option (i.e. the sure option with a higher expected value) more often than would be
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expected in DfD. Moreover, those in the Other condition tend to give more accurate probability
estimates of the risky options than those in the Self condition, indicating a better probability
learning outcome or more careful responding.
Secondly, it may be that participants in the Other condition start to think about their
freshly derived explicit knowledge about option payoffs, as a result of being more cautious in
their advice to others. Such explicit summaries resemble the descriptions and summaries of
problem information that is available in the decisions from descriptions (DfD) paradigm, thus it
may induce risk-seeking biases (i.e., to seek large but rare gains and avoid sure losses) in the
subsequent choices by those who summarized. This effect is verified by the present results, as
indicated by an approximation towards the DfD choice pattern (i.e. more likely to choose the
risky option with a lower expected value but a higher CPT value) predicted by cumulative
prospect theory (CPT), which here deviates significantly from the Control condition’s DfEtypical pattern (under the “pure” System 1 processing) when there is no summarization involved.
In contrast, participants in the Self condition, without a social motive to be accountable for
others, might pay less attention to such explicit knowledge about option payoffs and thus be less
affected by the explicit knowledge in their own subsequent choices. Instead, they seem to be
ready to simply choose what they have explicitly recommended to themselves (i.e. choose the
sure option, which is the rational one with a higher expected value), which makes their
subsequent choice behavior not significantly different from the DfE pattern in Control condition.
The discrepancy observed for participants in the Other condition, between their explicit
summarizations (for others) and subsequent choice behaviors (for themselves), can also be
explained by analogous self-other discrepancies found in decision making research. Prior
empirical evidence shows that people’s choices in both the gain (Hsee & Weber, 1997) and loss
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domains (Faro & Rottenstreich, 2006) deviate from risk neutrality when they are making their
own choices compared to when they make predictions about others’ choices. This is because
analytic considerations and objective rules (e.g. calculating and comparing expect values, under
System 2 processing) can be equally applied to oneself as well as to others, while one’s own
emotional reactions to choices (under System 1 processing) are more accessible and salient to
oneself compared to others’ innate reactions (Weber & Johnson, 2009). As a result, participants
tend to be extra cautious and analytical in order to compensate for the inaccessibility of others’
emotional reactions when summarizing knowledge to others. This leads to more rational
recommendations and more accurate probability judgments. When they return to make choices
for themselves, they are once again under the reign of their own emotions and biases. Further
guided by the explicit knowledge newly derived for other in mind, they are more likely to make
“heuristic” choices consistent with the DfD pattern predicted by CPT.
In general, the summarization effect in the Other condition is consistent with the
argument that explicit and accurate considerations and representations of experience with
probabilistic outcomes, the “probabilistic mindset” proposed by Camilleri and Newell (2009),
might attenuate the Description-Experience (D-E) Gap. In this case, explicit summaries to
another tend to move the DfE choice pattern towards the DfD pattern predicted by CPT. The
difference between the Other and the Self condition might suggest that the social context have
important implications for summarizing and transmitting knowledge from experience as well as
on subsequent decision making over time.
Furthermore, participants in the Other condition benefit from their social responsibility of
bearing another perspective in mind by gaining more experience with both choice options, while
those in Self condition could be constrained by their single-mindedness and limited experience
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with one choice option. This is consistent with several lines of research findings. Firstly,
aggregating judgments from multiple perspectives can reduce individual judgment errors, known
as the “wisdom of crowds” effect (Mellers et al., 2014; Tetlock et al., 2014). Secondly, a
cognitive technique called “dialectical bootstrapping” that asks individuals to reason with a
different perspective when estimating probabilities is found effective to simulate “many minds in
one mind” and improve individuals’ estimation accuracy (Herzog & Hertwig, 2009). Moreover,
previous research also argues that the most effective mode of risk communication may be
through multiple formats of information as each come with a unique set of advantages and
disadvantages (Slovic et al., 2000).
Despite leading to more accurate probability learning, explicit summarization in the
current study did not lead to rational choices (greater EV-maximization) subsequently for
oneself. Future research could continue to look into the possible psychological mechanisms and
dynamics behind the social context, and not only examine whether multiple perspectives and
representations induced by the social context can lead to more accurate judgments but also
investigate how they could be integrated to improve decision making in the long term.
In particular, the literature on cooperative learning shows that social interdependence, as
induced in a cooperative learning context, is a vital factor leading to better learning achievement
and adoption of superior learning strategies compared to a competitive condition or
individualistic condition (Johnson & Johnson, 1985). We might argue that a slightly different
paradigm -- asking participants to make choices that also impact others (not just themselves, as
in the current study) -- could create such interdependence and sustain the effects of
summarization from probability learning to subsequent choices.
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Furthermore, it is important to note that in educational contexts, both experience and
descriptions are important information sources. In these contexts, perspective-taking (i.e. from
and for oneself vs. from and for others) can impact the integration of these two sources and
therefore learning outcomes. Consequently, effective curriculum designs should also take into
account a full and balanced spectrum of sources including rule-based information as well as
one’s own experience and social experience. Future studies can also explore into how such
integration could be supported for effective learning.
The present results also show that participants tended to underestimate the probabilities
of the risky options in the gain domain while overestimating them in the loss domain. It is
interesting to speculate if this phenomenon might be a contributing factor to behavioral loss
aversion. The probability estimates of participants in the two summarization conditions also
seemed to adapt with accumulated experience from the first summarization to the second one. In
the gain domain, estimation became more accurate for the sure option while less accurate for the
risky option. But In the loss domain estimation became more accurate for both the sure and risky
options. This observation is consistent with findings on repeated decisions from description,
where participants learned to avoid irrational risk seeking over time in the loss domain but no
significant learning trend was observed in the gain domain (Chen, 2001; Chen & Corter, 2014).
This asymmetry between fain and loss domains might also suggest that the framing of the
learning context can have an impact on the learning outcome. In an educational context, failure
experiences can be highly motivational and thus beneficial to improving learning strategies and
outcomes.
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Appendix A: Opening Interface and Instructions

Figure 19: Opening interface for all conditions and all decision problems.
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Figure 20: Decision problem interface for all conditions, gain problems at the 1st
decision round.

Figure 21: Decision problem interface for all conditions, loss problems at the 1st decision
round.
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Figure 22: Decision problem interface for all conditions, both gain and loss problems at
the 2nd and 3rd decision rounds.
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Appendix B: Summarization Manipulation
Presented to the Self Condition at the 1st and 2nd Summarization
Please answer the following questions about your performance, and the demographic questions.
(Note - in order for your HIT to be accepted, you must answer all the questions!)
Q1. Imagine that sometime in the future you will be playing this game (the same decision
problem) for 100 trials. Based on your previous experience with this problem, what advice would
you give yourself?
Q2. “Please estimate the probability (in percentages) of the YELLOW button showing a hit from
0% to 100%. 0% means that there is never an earning or a loss, 100% means that there is always
an earning or a loss.”
Q3. “Please estimate the probability (in percentages) of the BLUE button showing a hit from 0%
to 100%. 0% means that there is never an earning or a loss, 100% means that there is always an
earning or a loss.”
Q4. If you are going to play the same game for 100 trials, and you have to decide on a strategy
beforehand, about how many times out of 100 would you bet on the YELLOW button?
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Presented to the Other Condition at the 1st and 2nd Summarization
Please answer the following questions about your performance, and the demographic questions.
(Note - in order for your HIT to be accepted, you must answer all the questions!)
Q1. Imagine that you have a partner who is about to play this game (the same decision problem)
for 100 trials. Based on your previous experience with this problem, what advice would you
give?
Q2. Please estimate the probability (in percentages) of the YELLOW button showing a hit from
0% to 100%. 0% means that there is never an earning or a loss, 100% means that there is always
an earning or a loss.
Q3. Please estimate the probability (in percentages) of the BLUE button showing a hit from 0%
to 100%. 0% means that there is never an earning or a loss, 100% means that there is always an
earning or a loss.
Q4. If your partner is going to play the same game for 100 trials, and they have to decide on a
strategy beforehand, about how many times out of 100 should they bet on the YELLOW button?
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Presented to the Control Condition at the 1st Summarization
Please complete the following task: Read through this passage about sunsets and record all the
color words by typing them into the text box below. Use commas to separate these words. (Note
- in order for your HIT to be accepted, you must answer all the questions!)
As a ray of white sunlight travels through the atmosphere to an observer, some of the
colors are scattered out of the beam by air molecules and airborne particles, changing the final
color of the beam the viewer sees. Because the shorter wavelength components, such as blue and
green, scatter more strongly, these colors are preferentially removed from the beam. At sunrise
and sunset, when the path through the atmosphere is longer, the blue and green components are
removed almost completely, leaving the longer wavelength orange and red hues we see at those
times. The remaining reddened sunlight can then be scattered by cloud droplets and other
relatively large particles to light up the horizon red and orange. The removal of the shorter
wavelengths of light is due to Rayleigh scattering by air molecules and particles much smaller
than the wavelength of visible light (less than 50 nm in diameter). The scattering by cloud
droplets and other particles with diameters comparable to or larger than the sunlight’s
wavelengths (> 600 nm) is due to Mie scattering and is not strongly wavelength dependent. Mie
scattering is responsible for the light scattered by clouds, and also for the daytime halo of white
light around the Sun (forward scattering of white light). Sunset colors are typically more brilliant
than sunrise colors, because the evening air contains more particles than morning air.
Ash from volcanic eruptions, trapped within the troposphere, tends to mute sunset and
sunrise colors, while volcanic ejecta that is instead lofted into the stratosphere (as thin clouds of
tiny sulfuric acid droplets), can yield beautiful post-sunset colors called afterglows and presunrise glows. A number of eruptions, including those of Mount Pinatubo in 1991 and Krakatoa
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in 1883, have produced sufficiently high stratospheric sulfuric acid clouds to yield remarkable
sunset afterglows (and pre-sunrise glows) around the world. The high-altitude clouds serve to
reflect strongly reddened sunlight still striking the stratosphere after sunset, down to the surface.
Sometimes just before sunrise or after sunset a green flash can be seen.
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Presented to the Control Condition at the 2nd Summarization
Please complete the following task: read through this passage about some paintings by Monet,
and record all the color words, typing them into the text box below. Use commas to separate
these words. (Note - in order for your HIT to be accepted, you must answer all the questions!)
Impression, Sunrise depicts the port of Le Havre at sunrise, the two small rowboats in the
foreground and the red Sun being the focal elements. In the middle ground, more fishing boats
are included, while in the background on the left side of the painting are clipper ships with tall
masts. Behind them are other misty shapes that "are not trees but smoke stacks of packboats and
steamships, while on the right in the distance are other masts and chimneys silhouetted against
the sky." In order to show these features of industry, Monet eliminated existing houses on the left
side of the jetty, leaving the background unobscured. The group of studies made from Monet’s
hotel room were made from canvas with a base layer of gray in different tones. The layered
effect provides depth in spite of imprecise details, creating a rich and tangible environment that
seems like Le Havre, though not an exact likeness. Gordon and Forge discuss boundaries and the
use of color in Impression, Sunrise, claiming that sky and water in Impression, Sunrise are hardly
distinguishable, boundaries between objects are not obvious, and the paint "becomes the place"
and effect, the colors of the paint melding together in "its glooming, opalescent oneness, its
foggy blankness, its featureless, expectant emptiness that resembles, for the painter, an empty,
uninflected canvas." They comment that the accents of blue-gray and orange cutting through the
haze "are like last-minute revelations that had to wait, not only for the particular glimmer of
orange to burn its way through the fog and find its reflective path onto the water and Monet’s eye
but for the canvas itself, pregnant with the foggy space outside, to be ready to receive it."
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Although it may seem that the Sun is the brightest spot on the canvas, it is in fact, when
measured with a photometer, the same brightness (or luminance) as the sky. Dr. Margaret
Livingstone, a professor of neurobiology at Harvard University, said "If you make a black and
white copy of Impression: Sunrise, the Sun disappears almost entirely."
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Appendix C: Content Coding Scheme
Table 8: Strategy Coding Scheme from Study 1

Coding
Category
None/Luck

Temporary
Switch

Sequential
Pattern

The participant mentioned no
strategy was used or played
by random or luck.
The participant switched to
the other option after getting
no hits in a row for one
option.
The participant described or
planned to follow a
sequential pattern of payoff
in a row, or alternate between
two options repeatedly.

The participant described
Payoff Value payoff values of options.
Payoff
Frequency
Expected
Value
Recommend
Sure
Recommend
Risky

Recommend
Mix

Example

Definition

The participant described
payoff frequencies of
options.
The participant estimated
average payoff over time or
expected values.
The participant
recommended to choose the
sure option.
The participant
recommended to choose the
risky option.
The participant
recommended to choose a
mix of both options.

(P16) I couldn't figure out any strategy.
(P70) Go with their instincts.
(P121) I clicked mostly P [risky] but when I
got a bad run of no money, I switched to Q
[sure].
(P95) I would tell them that the letter Q [sure]
button always pays 3 dollars no matter what,
and that P [risky] seems to have a number
based system to winning 7 dollars randomly.
For example it seemed that every 5 clicks the
letter P would pay 7 dollars twice in a row
then reset.
(P5) It seemed that one offered $3 while the
other offered $0, I stuck with the one that
offered $3
(P122) Just don't take the risk and to do the
guaranteed thing that will always get me
money
(P65) Option P seemed to have a higher
overall return because it seemed like it hit a
little more than 50% and the payoff was more
than double than the other option.
(P31) just hit q [sure] almost all the time.
(P30) I would advise them to choose the left
option. It doesn't pay off as often but when it
does pay off it pays off big. With a little luck
you could make more with the left option.
(P37) For a guaranteed $3 choose option Q...
for a chance at $7 or $0 choose the other
options. Choose wisely between the two while
playing, but don't be scared to take risks by
choosing the other option.
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Table 9: Strategy Coding Scheme from Study 2

Coding
Category
None/Luck
Temporary
Switch
Sequential
Pattern

Payoff Value

Payoff
Frequency

Expected
Value
Recommend
Sure
Recommend
Risky
Recommend
Mix

Example

Definition
The participant mentioned no strategy
was used or played by random or luck.
The participant switched to the other
option after getting no hits in a row for
one option.
The participant described or planned to
follow a sequential pattern of payoff in a
row, or alternate between two options
repeatedly.
The participant described payoff values
of options.
The participant described payoff
frequencies of options.

The participant estimated average payoff
over time or expected values.

The participant recommended to choose
the sure option.
The participant recommended to choose
the risky option.
The participant recommended to choose
a mix of both options.
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(P56) NA.
(P42) start with blue, when
intervals get too long between
hitting $28, switch
(P28) From what I observed,
clicking on Option Q twice then
once on Option P will lead to the
best payoff.
(P81) Option Q [sure] always
pays 3 and option p [risky] very
seldom pays 28$.
(P46) Option P [risky] is very
risky and is a gamble while option
Q [sure] is consistent with its
payoff
(P5) Always pick Option P
[risky]. It seems payout faster
than 1 in 10 trials so you will be
better off in the long run.
(P89) Choose Q [sure] every time,
it's stable.
(P45) Pick blue because you'll get
more.
(P3) Focus on option Q primarily.
Every so often wander over to P
for a few trials.

Table 10: Strategy Coding Scheme from Study 3

Coding
Category

Example

Definition

The participant mentioned no
strategy was used or played
by random or luck.
The participant switched to
Temporary the other option after getting
no hits in a row for one
Switch
option.
The participant described or
planned to follow a
Sequential sequential pattern of payoff
Pattern
in a row, or alternate between
two options repeatedly.
The participant described
Payoff Value payoff values of options.
The participant described
Payoff
payoff frequencies of
Frequency options.
The participant planned to
take a small sample of trials
Testing
to investigate the overall
payoff.
The participant estimated
average payoff over time or
expected values.
Expected
Value

(P418) Trust your instincts and stick with it.

None/Luck

Recommend
Sure
Recommend
Risky
Recommend
Mix

The participant
recommended to choose the
sure option.
The participant
recommended to choose the
risky option.
The participant
recommended to choose a
mix of both options.

(P137) Play the option that produces the
highest points [risky] until it stops winning.
Then play the other a couple of times and then
return to the higher option again.
(P283) Select option Q [sure] 3 times in a
row, then select option P [risky] once, then
repeat.
(P231) Alternate between yellow [sure] and
blue [risky].
(P320) Option Q [sure] always loses 3. Option
P [risky] gives a chance to lose 30 or nothing.
(P85) Yellow [sure] always wins and blue
[risky] sometimes wins.
(P412) Examine a few trials for each option
and try to figure out which gives the highest
expected value payout over the long term,
then only choose that option.
(P86) Based on my observation, q [sure]
almost always pays 3. P [risky] pays 5 but
there is a chance that it pays nothing. P seems
to pay out 7 out of 10 times so its expected
value per click is 5 x 0.7 = 3.5, so it should
pay out more than Q over a long period of
time.
(P243) Always choose option Q [sure] to earn
more points.
(P229) Stick with blue [risky] it pays off
more.
(P390) Choose each option 50-50.
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