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Abstract
The Effect of Motivational and Personality Traits
on Decision Behavior in the Sampling Paradigm
Lujain Fawaz Al Alamy

Previous research in regulatory focus theory and regulatory fit (Higgins, 1997, 2000) has
identified two primary orientations and preferred means that people employ in-pursuit of a
desired outcome. Promotion focus use eagerness means to approach gains, while prevention
focus use vigilance means to avoid losses. These established theories have contributed to our
understanding of individual-level differences in various description-based decision tasks, where
people learn about choice outcomes through explicit descriptions (Hertwig, Barron, Weber, &
Erev, 2004). The primary purpose of this dissertation was to examine the effect of ‘trait-level’
regulatory focus and regulatory fit on decision behavior in a decisions-from-experience task,
where choice outcomes are unknown and can only be learned through experience. Specifically,
the present studies examine decision behavior in the sampling paradigm (Hertwig et al., 2004;
Weber, Shafir, & Blais, 2004), where participants may sample outcomes from the presented
decision options before making a consequential decision. In the reported studies, individual
differences in regulatory focus orientation were predicted to influence decision behavior (i.e.,
sampled outcomes and risky choices) above and beyond other relevant dispositional variables,
specifically, financial risk tolerance and broad (Big-5) personality traits. Decision behavior was
expected to vary by motivational orientation and by its interaction with choice domain (i.e., gain
vs. loss problems). A secondary purpose was to examine the effect of financial risk tolerance on
risky choices, as well as to explore the relationships between broad personality traits and

decision behavior. Three studies (pilot and two main) were conducted. In each study, participants
were given a set of four questionnaires and participated in an interactive computer-based
(sampling paradigm) game. Because of data quality concerns with the pilot study and Study 1,
the interpretations rely on the results from Study 2. Study 2 found trait-level regulatory fit to
significantly predict participants’ exploratory (i.e., sampling) behavior. Moreover, Study 2
provided evidence that the frequency of risky choices varied by risk tolerance level. The
theoretical implications for regulatory focus orientation and experience-based decision behavior
are discussed, and potential avenues for future research are proposed.
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Chapter 1: Introduction
People are guided by the decisions they make every day; these can range from deciding
which movie to watch on Netflix to determining which colleges to apply to. Up until 2004,
decision-making research, particularly in behavioral economics, typically investigated decision
behavior by providing participants with explicit descriptions about the characteristics of a
decision problem a priori (Hertwig et al., 2004). This experimental paradigm is called the
decisions-from-description (DfD) paradigm (Hertwig et al., 2004). A typical study would present
a monetary gamble with two choices: a sure-thing option (e.g., 100% chance to gain $3) and a
risky option (e.g., 80% chance to gain $4, $0 otherwise). Although this paradigm has led to many
insights in how people make decisions, some have pointed out how many decision contexts that
individuals face in their daily lives are devoid of explicit descriptions of what the potential
choices are and require people to rely on experience to learn about the outcomes prior to making
decisions (Hertwig et al., 2004; Weber et al., 2004).
Over the past 15 years, decision researchers have designed new methods that more
closely resemble the decisions people encounter outside of a research setting (i.e., decisions
where explicit values and their respective probabilities are not provided). Specifically, they
began to evaluate people’s decision behavior in a decisions-from-experience (DfE) paradigm
where people learn about the payoff distribution of a gamble only through experience with
outcome feedback from actual decisions (Hertwig et al., 2004; Weber et al., 2004). For example,
a typical DfE study might provide a monetary gamble displaying two unlabeled buttons, each
corresponding to an unknown payoff distribution (usually a sure-thing and a risky option). The
values and their associated probabilities can only be learned by exploring (i.e., sampling) the
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unknown payoffs behind each option, followed by making a one-shot decision and seeing what
the outcome actually is (Barron & Erev, 2003).
The DfE paradigm has attracted attention in the decision-making literature mainly
because researchers have documented systematic divergence in the patterns of choice outcomes
in the DfE paradigm from the DfD paradigm, labeling it the ‘description-experience gap’
(Hertwig & Erev, 2009). This gap reflects a growing body of evidence that people’s decisions
are conditional upon whether gambles were described or experienced. For example, Hertwig and
Erev (2009) found that people making DfD systematically overweighted low probability events
(i.e., they believe that the probability of receiving 20% chance to gain $0 is more likely to occur
than it actually is), while those making DfE systematically underweighted low probability events
(i.e., they believe that the probability of receiving 20% chance to gain $0 is less likely to occur
than it actually is). As a result, those in the DfD paradigm tended to select the sure-thing option
(e.g., 100% chance to gain $3) while those in the DfE paradigm were more likely to select the
risky option (e.g., 80% chance to gain $4, $0 otherwise).
Much of the research in behavioral decision-making over the past few decades, whether
focusing on DfD or DfE, has emphasized the typical or average behavior of decision makers in
various decision situations, with little attention paid to the possibility of individual differences in
decision-making behavior. It is also true that more focus has been directed towards uncovering
individual-level factors that predict decision outcomes in the DfD paradigm compared to the DfE
paradigm (e.g., Figner & Weber, 2011; Mata, Frey, Richter, Schupp, & Hertwig, 2018).
One line of work investigating individual-level factors in the DfD paradigm stemmed
from the development of regulatory focus theory (Higgins 1997), which addresses the dynamic
relationship between individuals’ motivational level and goal-directed behavior, and how these
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factors impact their decision behavior in a wide range of DfD situations (e.g., stock investment
paradigm; Scholer, Zou, Fujita, Stroessner, & Higgins, 2010; Zou, Scholer, & Higgins, 2014).
According to regulatory focus theory, individuals hold one of two primary motivational
orientations when pursuing their goals: a promotion focus or a prevention focus (Higgins 1997).
Individuals with a promotion-focused orientation hold growth goals and think about the ‘ideal’
self, defined by one’s portrayal of the self with respect to hopes and aspirations (Higgins, 1997).
In contrast, individuals with a prevention-focused orientation think about security goals and the
‘ought’ self, defined by one’s self-view with respect to duties and responsibilities (Higgins,
1997).
An extension of regulatory focus theory is regulatory fit theory (Higgins, 2000), which
postulates that each motivation orientation employs distinct strategic means that are congruent
with their motivation system. Promotion individuals employ an eager strategy that is congruent
with their ‘ideal’ self and leads toward a promotion-relevant outcome (e.g., they are more likely
to continue playing a gambling game to potentially win). On the other hand, prevention people
employ a vigilant strategy that is congruent with their ‘ought’ self and leads toward a preventionrelevant outcome (e.g., they are more likely to stop playing a gambling game to prevent potential
losses). These different strategies used by promotion and prevention subjects influence their
risky decision-making behaviors (Crowe & Higgins, 1997). Specifically, promotion-focused
individuals who employ an eager strategy are more likely to exhibit risk-seeking behavior (e.g.,
preference to put money into a riskier investment option) in-pursuit of advancement, whereas
prevention-focused individuals employ a vigilant strategy and are more inclined to exhibit riskaverse behavior (e.g., preference to put money into a safer investment option) in-pursuit of safety
(Förster & Friedman, 2001; Shah & Higgins, 1997).
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Previous studies have found systematic and robust differences between promotionfocused and prevention-focused orientations on various description-based decision tasks (e.g.,
Idson, Liberman, & Higgins, 2000; Scholer, Stroessner, & Higgins, 2008; Scholer et al., 2010;
Zou et al., 2014), which means that people with distinct motivational levels will make different
decisions in predictable ways. For example, in a signal detection task, prevention-focused
individuals waited longer to respond, in an effort to minimize committing task errors, compared
to those who were prevention-focused, who were driven by the desire to complete the task
(Crowe & Higgins, 1997). Another study by Zou and Scholer (2016) detected risk behavior
differences between promotion-focused and prevention-focused orientations across five major
domains (i.e., ethical, financial, health, recreational, and social). Employing a domain-specific
risk-taking scale (DOSPERT; Blais & Weber, 2006), they found prevention-focused individuals
to be less likely to exhibit risk-seeking behavior across all five domains, whereas promotionfocused individuals were more likely to exhibit risk-seeking behavior under two of the five
domains (only social and financial). Hence, risk behavior differs depending on the decision
domain (i.e., financial vs. recreational).
It has been argued that promotion and prevention orientations can be chronic (i.e., traitdriven) or situational (i.e., state-driven; Higgins, 1998), and both aspects of regulatory focus
have been extensively studied in the decision-making literature (e.g., Freitas & Higgins, 2002;
Higgins & Silberman, 1998; Higgins, Roney, Crowe, & Hymes, 1994; Higgins, Shah, &
Friedman, 1997; Liberman, Molden, Idson, & Higgins, 2001). However, trait-level orientations
and their influence on decision behavior are more likely to generalize across multiple decision
contexts (Kassin, 2003), and thus may better predict general behavioral tendencies. This is one
advantage to investigating chronic regulatory focus orientation.
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To date, prior research on a possible role for chronic regulatory focus in decision-making
has examined decision behavior only in the DfD paradigm (Scholer et al., 2010; Zou et al.,
2014). In contrast, no published studies to this author’s knowledge have examined how
individuals’ trait-driven regulatory focus might affect their decision behavior in an experiencebased decision task—in particular, whether decision preferences shaped by one’s chronic
regulatory focus in a DfE paradigm are consistent with those displayed under a DfD paradigm.
The aim of this dissertation is to investigate whether individual differences in chronic
regulatory focus can lead to differences in individuals’ decision behavior in an experience-based
(sampling) paradigm. Further, this dissertation will examine the effect of financial risk tolerance
on risky choices, as well as explore the relevance of broad personality traits on decision
behavior. Finally, the dissertation will explore the relationship among chronic regulatory focus,
financial risk tolerance, and broad personality traits.
The main purpose behind including financial risk tolerance and broad personality traits in
the present studies is to test the predictive power of chronic regulatory focus in the presence of
other relevant individual-level factors. Previous studies have addressed the importance of each of
these other factors (i.e., financial risk tolerance and broad personality traits) individually on
decision behavior (e.g., Bromiley & Curley, 1992; Corter & Chen, 2006; Fung & Durand, 2014;
Nicholson, Soane, Fenton-O’Creevy, & Willman, 2005; Soane & Chmiel, 2005). Additionally,
other studies have investigated the relationship of a combination of two of these three factors
(e.g., chronic regulatory focus and broad personality traits, Vaughn, Baumann, & Klemann,
2008; chronic regulatory focus and financial risk tolerance, Franklin, 2007). However, no study
has yet investigated the simultaneous effects of these broad factors (regulatory focus and
personality traits) nor the specific effect of financial risk tolerance on decision behavior in an
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experience-based (sampling) paradigm. That is the aim of this dissertation and the primary
objective across the pilot study and the two main studies (Study 1 and Study 2).
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Chapter 2: Literature Review
The purposes of this review are to summarize relevant theoretical background regarding
human decision-making, and to highlight individual-level factors that can lead to differences in
decision behavior in an experience-based (sampling) paradigm. The review consists of three
main sections: the first section includes a discussion of the foundational decision-making
theories, organized into normative versus behavioral approaches. This section reviews the two
most researched theories providing normative accounts of decision-making: expected value
theory and expected utility theory. The second section includes a review of the two most
dominant theories of behavioral decision-making which are represented in the description-based
decision paradigm: prospect theory and its successor, cumulative prospect theory. This section
also includes a discussion of the emergence of a second behavioral paradigm, the experiencebased decision paradigm, and a description of the two research tools used to capture its process,
the feedback paradigm and the sampling paradigm. Then, the systematic divergence in the
patterns of choice outcomes in the DfD paradigm from the DfE paradigm, together with four
notable factors contributing to the description-experience gap. The third section discusses how
individual-level factors (beyond the description-experience gap) influence choice outcomes
differently in the DfD and DfE paradigms. The review concludes by identifying trait-level
factors that might account for individual differences in the experience-based (sampling)
paradigm.
2.1 Normative Theories of Decision-Making
Decision-making theories have largely focused on two traditions of research (Coombs,
Dawes, & Tversky, 1970). The first is normative decision-making, a tradition developed by
classical economists and concerned with how people ‘ought’ to optimize their decisions through
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rational and idealized means (Bell, Raiffa, & Tversky, 1988). For example, this approach says
people should compute the alternatives to a simple monetary gamble and choose the option that
maximizes the chance of earning money. The most researched theories underlying normative
decision-making are expected value theory and expected utility theory.
Expected value theory. In the early decision-making literature from the 17th century,
French mathematicians such as Blaise Pascale (1623-1662) and Pierre de Fermat (1601-1665)
began devising rules that capture the way people make rational decisions in a gamble with two
possible outcomes (Hacking, 1975). People were considered rational beings; therefore, they were
expected to select the outcome with the higher numerical value (i.e., expected value). Expected
value (EV) is defined as the sum of the product of the probability of an event (𝑝# ) and its
outcome value (𝑥# ).
,

&𝐸𝑉(𝑥) = + 𝑝# 𝑥# /
#-.

To illustrate, when choosing between two options in a gamble (e.g., 100% chance to gain
$240) versus (e.g., 25% chance to gain $1000, $0 otherwise), a rational decision-maker is
expected to select the amount that yields a higher expected value to maximize their potential
financial gains. Hence, the first option has an expected value of $240 which is less than the
expected value for the second option which is $250 (the product of $1000 x 0.25). Based on
expected value theory, a purely rational decision would be choosing the second option (i.e.,
$250) over the first option (i.e., $240). Although expected value theory was the first approach to
capture rational decision behavior, it had its limitations. Most notably, it failed to address the
reason behind people’s unwillingness to continue paying money in a gamble with infinite
expected value. This paradox was illustrated by Nicholas Bernoulli (1713, 1728) in a coin toss
game and is known as the St. Petersburg paradox, which called into attention the inadequacy of
8

expected value theory and set forth the proposal of expected utility theory (Einhorn & Hogarth,
1981).
Expected utility theory. This theory, first proposed by Daniele Bernoulli (1738, 1954),
aimed to solve the paradox by suggesting that people select choices that maximize their expected
‘utility’ (i.e., desirability; happiness; satisfaction) rather than expected ‘value’. Expected utility
(EU) is defined as the sum of the product of the probability of an event (𝑝# ) and the utility of that
event 𝑢(𝑥# ):
,

&𝐸𝑈(𝑥) = + 𝑝# 𝑢(𝑥# )/
#-.

The original (“Bernoullian”) version of the theory describes the relationship between
utility and total wealth as a concave logarithmic function (as opposed to the linear function
assumed by expected value theory), whereby the utility of money increases with value but at a
decreasing rate as the capital increases (Bernoulli, 1738, 1954). Therefore, a gain from $10 to
$20 yields a much higher utility than a gain from $100,000 to $200,000. Further, utility is unique
to each individual, meaning that the subjective value of earning $4 from a gamble has a greater
impact for someone with an overall low wealth than for one with a considerable amount of
wealth (Coombs et al., 1970).
Two centuries later, von Neumann and Morgenstern (1974) advanced Bernoulli’s
expected utility theory by developing a set of axioms (e.g., cancellation, transitivity, dominance,
and invariance principles). The axiomatic approach of expected utility enabled the categorization
of individuals who behaved in a manner consistent with these axioms as utility maximizers (von
Neumann & Morgenstern, 1974). Although the modern version of expected utility theory was
considered the most influential theory of rational decision behavior (Hertwig et al., 2004), it
failed to explain why people violated the axioms of the theory in several situations (e.g., sure9

thing principle, Allais, 1953; ambiguity aversion, Ellsberg, 1961; probability judgment, BarHillel, 1974). For example, in a gain prospect, when choosing between a sure-thing option (e.g.,
100% chance to gain $24) versus a risky option (e.g., 25% chance to gain $1000, $0 otherwise),
most would choose the sure-thing option of $24. Alternatively, in a loss prospect, when choosing
between a sure-thing option (e.g., 100% chance to lose $750) versus a risky option (75% chance
to lose $1000, $0 otherwise), most would select the risky option of $1000. This inconsistent
pattern of choice outcomes where people’s risk preferences for gains are reversed for losses is a
violation of the “invariance” principle and cannot be accounted for by the modern version of
expected utility theory (Kahneman & Tversky, 1972).
2.2 Behavioral Decision-Making
The second tradition of research in decision-making attempts to describe how people
‘actually’ behave when choices are made (as opposed to what a perfectly rational person would
do). This decision approach is known as behavioral decision-making (Bell et al., 1988). An
example of this approach is when people overestimate the likelihood of death from shark-attacks
and underestimate the likelihood of death from asthma-attacks because of an availability bias
(Lichtenstein, Slovic, Fischhoff, Layman, & Combs, 1978; Tversky & Kahneman, 1983). This
biased evaluation can lead one to decide against swimming in the ocean or choose to neglect
seeking treatment for asthma.
The two most dominant theories underlying behavioral decision-making are prospect
theory and its successor, cumulative prospect theory. Both theories examine decision behavior
using binary choice monetary gambles, represented in a paradigm that provides explicit
descriptions about the payoff distribution (i.e., outcome values and their respective probabilities)
a priori. This paradigm is called the decisions-from-description (DfD) paradigm (Hertwig et al.,
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2004; Hertwig, 2015). In observing actual decisions, both theories were able to account for
several violations that challenged the adequacy of previous theories under normative decisionmaking (Newell, Lagnado, & Shanks, 2015).
2.3 The Decisions-from-Description Paradigm
Prospect theory. Prior decision-making theories, such as expected value and expected
utility theories, relied heavily on mathematical approximations to predict decisions. These
theories were based on an idealistic notion of rational decision-making. However, people are
often not rational and are subject to systematic biases and heuristics (Kahneman & Tversky,
1972). Prospect theory (PT) (Kahneman & Tversky, 1979) was constructed as a comprehensive
and more realistic description model for decisions under risk. It takes into account several
psychological factors that explain how people ‘actually’ behave compared to how they ‘ought’ to
behave in any given prospect (Kahneman & Tversky, 1979). Prospect theory is defined as the
sum of the product of the weighted probability of an event 𝜋(𝑝# ) and the utility of that event
𝑢(𝑥# ):
,

&𝑃𝑇(𝑥) = + 𝜋(𝑝# )𝑢(𝑥# )/
#-.

The theory is characterized by two functions: the value function and the decision-weight
function. The value function 𝑢(𝑥# ) measures the subjective value of a gamble, and is modeled
with an S-shaped function that represents three central features: reference dependence, reflection,
and loss aversion. In reference dependence, people evaluate gambles in terms of gains versus
losses relative to a neutral reference point rather than on final states of wealth. The reflection
feature is explained by a two-fold pattern of risk attitude: a convex shape for losses (i.e., riskseeking behavior) and a concave shape for gains (risk-averse behavior). For loss aversion, the
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value function displays a steeper curve for losses than gains, which means, for example, that the
displeasure of losing $1000 is greater than the pleasure of gaining $1000.
The decision-weight function 𝜋(𝑝# ) measures how people evaluate the subjective
likelihood of an event occurring relative to their objective probability (Kahneman & Tversky,
1979). The inverse S-shaped decision-weight function represents two central features. First,
people are more sensitive to changes in probabilities near the endpoints (extremes) of the
probability scale (i.e., zero and one). Second, low probability events are generally overestimated
(e.g., belief in the likelihood of winning the lottery) and high probability events are generally
underestimated (e.g., belief in a future economic recession). Because both value and decisionweight functions accounted for several violations of the axioms of expected utility theory and led
to more accurate predictions of decision behavior (Hertwig, 2012), PT has become the preferred
model of decisions under risk in behavioral decision-making research (Newell et al., 2015).
Cumulative prospect theory. Several years after PT was established, it was modified by
using a cumulative (i.e., rank-dependent) representation (Tversky & Kahneman, 1992). Here,
two things are worth noting. First, choice outcomes are ranked in reference to other outcomes in
a gamble and the decision-weight 𝑤(𝑝# ) is attached to the higher outcome 𝑣(𝑥# ) and its
compliment [1 − 𝑤(𝑝# )] is attached to the lower outcome 𝑣(𝑦# ):
(𝐶𝑃𝑇 = 𝑤(𝑝# )𝑣(𝑥# ) + [1 − 𝑤(𝑝# )]𝑣(𝑦# ); 𝑥 > 𝑦 ³ 0)
Second, the theory proposes a more comprehensive pattern of risk attitude (i.e., fourfold). Risk-seeking behavior appears in outcomes under gain domains with low probabilities and
loss domains with high probabilities, while risk-averse behavior appears in outcomes under gain
domains with high probabilities and loss domains with low probabilities (Tversky & Kahneman,
1992). The four-fold pattern of risk attitude explained the paradox behind people’s willingness to
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take risk in large gain domains with small probabilities (e.g., purchase of lottery tickets) and
preference to suffer a small loss (e.g., purchase of insurance premiums) to protect against a small
probability of a large loss (Prelec, 1998; Tversky & Kahneman, 1992). Taken together, both
prospect theory and cumulative prospect theory were able to predict a range of psychological
factors that influence decision behavior (Payne, Bettman, & Johnson, 1992). However, there are
several factors which are found to affect people’s decision behavior that have not been explored
by either theory (Newell et al., 2015). Prior to addressing some of these factors, the emergence of
a second paradigm (i.e., decisions-from-experience; DfE), will be discussed, which has been at
the center of multiple investigations since its resurgence in an article by Hertwig and colleagues
(2004).
2.4 The Decisions-from-Experience Paradigm
Despite the emergence of prospect theory and its modified version (i.e., cumulative
prospect theory) as the leading theories in describing people’s decisions under risk, they mainly
observed decisions that were informed by the description of the payoff distribution. Hence, the
insights from studies based on prospect or cumulative prospect theory were limited to
description-based decision contexts and may not generalize to other decision contexts such as
experience-based decision contexts. Since the early 2000s, a number of studies have investigated
people’s decision behavior in a DfE paradigm (Barron & Erev, 2003; Hertwig et al., 2004).
Although recent research has focused more on DfE, several researchers have argued that the
implementation of experience-based decision paradigms in decision research is not a recent
phenomenon (Hertwig, 2015; Wulff, Mergenthaler-Canseco, & Hertwig, 2018). In fact, some
early studies looked at how people learned from experiential decision-making games where the
environment contained numerous unknown outcomes (e.g., reinforcement learning, Erev & Roth,
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1998; betting on horses, Griffith, 1949; simple auction games, Preston & Baratta, 1948; multiarmed bandits, Sutton & Barto, 1998). What is new, however, is pitting both paradigms against
each other and testing for a systematic divergence in the pattern of choice outcomes between the
two paradigms; this difference is called the description-experience gap (Barron & Ever, 2003;
Hertwig et al., 2004; Hertwig & Erev, 2009; Weber et al., 2004). Under DfE, people learn about
the unknown payoffs through sampling (i.e., an exploration-phase) and then make a final
decision (i.e., an exploitation-phase) based on their sampling experience (Hertwig et al., 2004;
Hertwig, 2015). Compared to DfD where people are given complete information about a gamble,
people in the experience-based decision context need to deduce this information from their own
experience.
Typically, DfE are measured using one of two research tools: the feedback paradigm or
the sampling paradigm (Hertwig, 2015). Each tool allows researchers to investigate the effects of
experience on decision behavior. Within the experience-based decision task, participants are
shown two unlabeled buttons, each corresponding to an unknown payoff (usually a sure-thing
and a risky option). In these tasks, the values and their respective probabilities are preprogrammed by the experimenter and the participants are unaware of those values and
frequencies until they learn so via sampling (Hertwig et al., 2004). In order to determine what the
choice options are for each paradigm, participants engage in an exploration-exploitation trade-off
(Gonzalez & Dutt, 2011). The goal in the exploration process is to learn about the unknown
payoffs behind each option by exploring (i.e., sampling) in a manner of their choosing. On the
other hand, the objective from the exploitation process is to maximize (or minimize) participants’
gains (or losses) from the game. Researchers have varied the properties of the explorationexploitation trade-off, resulting in two different paradigms with which to study DfE.
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The feedback paradigm. The feedback paradigm consists of partial and full feedback
versions (e.g., Barron & Erev, 2003). In the partial feedback paradigm, participants receive
feedback on each option they selected. Here, each choice has a consequence. This means that the
exploration-exploitation trade-off is concurrent; within each trial, participants will explore (i.e.,
sample to learn about the unknown payoffs) and exploit (i.e., aim to maximize gains or minimize
losses) with each choice they make (Erev & Barron, 2005). For example, in a binary choice
gamble, when clicking behind Option A, they will see the value of $4; then, when clicking
Option B, they will see the value of $3; and if they click again on Option A, they will see the
value of $0. In each of the three trials (clicks), the feedback is provided only from the chosen
option (i.e., A, B, A), and each chosen option incurs a financial consequence. This means that
each selected outcome impacts the total earnings. Thus, the total amount earned across all three
of these trials is $7 ($4 + $3 + $0).
The full feedback paradigm is identical to the partial feedback paradigm with the
exception that participants receive feedback on the chosen (i.e., obtained) payoffs and the
unselected (i.e., forgone) payoffs (Yechiam & Busemeyer, 2006). For example, in trial 1, the
obtained payoff is Option A ($4) and the forgone payoffs is Option B ($3). In trial 2, the
obtained payoff is Option B ($3) and the forgone payoff is Option A ($4). In trial 3, the obtained
payoff is Option A ($0) and the forgone payoff is Option B ($3). Participants can see both
payoffs after a choice is made for each trial. The total consequential amount earned from all
three trials is the same under both full and partial feedback (i.e., $4 + $3 + $0 = $7). In both
versions, the tension between the exploration-exploitation trade-off (Sutton & Barto, 1998)
necessitates one to find an equilibrium between learning the unknown payoff distribution and
maximizing (or minimizing) their total gains (or losses).
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The sampling paradigm. The sampling paradigm has emerged as the most commonly
used tool to investigate decision behavior in an experience-based decision task (Kopsacheilis,
2018; Wulff et al., 2018). This paradigm allows subjects unlimited sampling of inconsequential
outcomes until they feel confident enough to make a final decision between two options
representing unknown payoffs (Hertwig et al., 2004; Weber et al., 2004). In the sampling
paradigm, this represents the exploration-exploitation trade-off, and is divided into two phases.
The first is the exploration phase where participants can sample the unknown payoffs from each
option as many times as they wish to learn about the distribution of the outcome values and their
respective probabilities without incurring any financial consequences. Once participants feel they
have sampled enough, they move to the second phase. The second phase is the exploitation phase
where participants select the option they prefer, accruing the financial consequence of their
decision (Hertwig et al., 2004). The two options often represent a choice between a sure-thing
outcome and a risky outcome. For example, during exploration, a participant might sample
between Option A and Option B three times and view the following (A = $4, B = $3, A = $0).
Once the participant is ready to move forward into the final stage, he or she is allowed to exploit
the sampled payoffs through a one-shot consequential decision (A = $4).
2.5 The Description-Experience Gap
Since the reemergence of experience-based tasks, studies have begun to find a robust
difference in the patterns of results in the DfE paradigm compared to the DfD paradigm (i.e., the
prediction of prospect theory), signaling that people’s choice outcomes might be conditional
upon whether decisions are based on description or based on experience (Hertwig & Erev, 2009;
Hertwig et al., 2004). Studies have found that low probability events (often defined as 20% or
lower chance of gaining/losing a certain value; Hertwig et al., 2004) are overweighted under
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DfD, whereas low probability events are underweighted under DfE (e.g., Barron & Erev, 2003;
Barron & Yechiam, 2009; Camilleri & Newell, 2009, 2011; Erev & Barron, 2005; Fox & Hader,
2006; Newell & Rakow, 2007). As a result, Hertwig and colleagues (2004) developed a reversed
four-fold pattern of risk attitude that showed a systematic deviation of choice outcomes for DfE
compared to DfD (see Tversky & Kahneman, 1992 for the four-fold pattern in DfD). Put simply,
in description-based tasks, people are generally risk-seeking for gains and risk-averse for losses
when the probability of gaining or losing is low. Moreover, people are risk-averse for gains and
risk-seeking for losses when the likelihood of gaining or losing is high (Tversky & Kahneman,
1992). On the other hand, in experience-based tasks, the choice outcomes are reversed. In low
probability events, people are risk-averse for gains and risk-seeking for losses, while in high
probability events, people are risk-seeking for gains and risk-averse for losses (Hertwig et al.,
2004; Hertwig, 2012; Wulff et al., 2018). Several studies have examined the causes behind the
description-experience gap, and a number of contributing factors have been identified.
2.6 Factors Contributing to the Description-Experience Gap
For the purpose of this review, only the four most researched factors contributing to the
description-experience gap are discussed: limited information search, memory order effects,
reversed probability weighting, and format-dependent cognitive strategies (see Hertwig, 2015;
Wulff et al., 2018 for a comprehensive overview). Furthermore, given that this dissertation
utilizes the sampling paradigm as the dominant tool for all experience-based decision tasks, the
remainder of this review will focus on the sampling paradigm as an example of DfE in
addressing the factors contributing to the gap.
Limited information search. Out of the four factors contributing to the descriptionexperience gap, limited information search (also referred to as sampling error) is the most highly
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investigated (Hertwig, 2015). One of the earliest studies to document limited information search
is by Hertwig et al. (2004), which found that participants sampled a median of 15 draws in total
across six choice problems (Hertwig et al., 2004). The researchers argued that such low sampling
increased the odds of participants failing to encounter the low probability event, with 44% not
experiencing these events (e.g.,10% chance of losing $32, $0 otherwise). One proposed
explanation is based on the sampling distribution; specifically, when small samples1are drawn
from a right-skewed binomial distribution (i.e., 𝑠𝑘), then the chance of encountering the rare
event is reduced (Hertwig et al., 2004; Wulff et al., 2018). To illustrate in more detail, when 𝑝 is
small (i.e., 𝑝 ≤ .2) as well as 𝑁, the skewness increases in size. This, in turn, increases the
chance of one not encountering the event:
G𝑠𝑘 =

1 − 2𝑝
H𝑁I (1 − 𝑝)

J

Extending the work of Hertwig et al. (2004), other studies proposed that sampling error is
the main culprit behind the presence of the description-experience gap (e.g., Fox & Hader, 2006;
Rakow, Demes, & Newell, 2008). According to Fox and Hader (2006), sampling error creates a
disparity between the experienced (i.e., subjective) and true (i.e., objective) probabilities of the
outcomes, which leads participants to make decisions that are different from those participants
who are given a clear description of the outcomes. For example, consider a gamble where a surething option contains 100% chance of gaining $3 versus a risky option that contains 80% chance
to gain $4, $0 otherwise. For participants in the DfD paradigm, they would be made aware that
there was a 20% chance of earning nothing if the risky option was chosen. According to prospect
theory (Kahneman & Tversky, 1979), people are risk-averse for gains, which makes them more

1

Studies vary on what is considered a “small sample size.” One reasonable definition is N < 5 or 10 (Hau, Pleskac,
& Hertwig, 2010).
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likely to select the sure-thing option. On the other hand, participants in the DfE paradigm would
be unlikely to experience the low probability event (i.e., 20% chance of gaining $0) given their
limited information search. Thus, they would have an increased chance of not being exposed to
all possible outcome payoffs and selecting the risky option (i.e., $4) over the sure-thing option
(i.e., $3).
A meta-analysis by Wulff and colleagues (2018) reported that most studies that aimed to
eliminate sampling error found the underweighting of low probability events in the experiencebased group to be the main reason behind the presence of the description-experience gap.
Despite the different approaches in attempts to close the gap by reducing limited information
search, the results were mixed on what approach most often eliminated the gap. Some studies
closed the gap by reducing the sampling error (e.g., Camilleri & Newell, 2011; Hau, Pleskac,
Kiefer, & Hertwig, 2008) and some closed it by eliminating the sampling error (e.g., Rakow et
al., 2008; Ungemach, Chater, & Stewart, 2009). The mixed findings do not lead to a clear
conclusion about whether or not limited information search was the main factor driving the gap.
Instead, it appears that multiple factors contribute to the gap, with the next most researched
factor being memory order effects, followed by reversed probability weighting.
Memory order effects. The second factor contributing to the description-experience gap is
memory order effects (also referred to as the recency effect). Recency occurs when individuals
.

assign heavier weights to outcomes (i.e., weights ≥ ,) that are experienced more recently than
others (Hogarth & Einhorn, 1992). Hence, these weights impact final choices more than the
earlier experienced outcomes (Hertwig, 2015; Hertwig & Frey, 2017). Recency was first
investigated by memory researchers. They found that people were more likely to accord less
weight to past episodes as opposed to more recent ones due to memory limitation (Murdock,
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1962). Another study by Kareev, Arnon, & Horwitz-Zeliger (2002) addressed the influence of
memory capacity on people’s perception of variability (i.e., people tend to view the world as
more constant and regular than it actually is because they are more likely to forget earlier
events). Thus, once the description-experience gap was discovered (Hertwig et al., 2004), the
decision-making literature began investigating the effect of recency on decision behavior (e.g.,
Barron & Yechiam, 2009; Camilleri & Newell, 2011; Rakow et al., 2008). Researchers believe
that both recency effect and sampling error co-occur to influence one’s final decision; as a result,
the gap widens (Wulff et al., 2018). In fact, some suggest that the effect of recency further
increases the gap by narrowing the experienced episode which has already been reduced by the
limited information search (Wulff et al., 2018). However, just like research on sampling error,
not all studies found evidence to support that the recency effect contributes to the gap (e.g.,
Abdellaoui, L’Haridon, & Paraschiv, 2011).
In their meta-analysis, Wulff and colleagues (2018) examined 21 studies that investigated
the effect of recency. Out of the 21 studies, only 10 found evidence for a recency effect (e.g.,
Camilleri & Newell, 2011), while nine found no recency effect (e.g., Ungemach et al., 2009).
The remaining two studies found evidence for primacy (e.g., Rakow & Rahim, 2010). In support
of the recency effect, Hertwig and colleagues (2004) computed each individual’s predicted
choice from the first and second half of the sampled payoffs. Then, they compared the predicted
choice for each of the six decision problems to the actual choice made by each participant. The
authors concluded that the predicted choices from the second draw had more predictive power
than the first draw (75% vs. 59%, respectively). Therefore, it is possible that low probability
events are underweighted in experience-based tasks because they are sampled earlier in the draw
and thus weighted less, as posited by the recency effect, and are sampled less due to limited
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information search. Despite the mixed findings, the meta-analytic results of Wulff and colleagues
(2018) concluded that the memory order effects does contribute to the description-experience
gap.
Reversed probability weighting. The third factor contributing to the descriptionexperience gap is reversed probability weighting (also referred to as judgment error). Studies
have examined if people’s judgment error (i.e., biased estimates of experienced probabilities) can
contribute to the gap. They have found that people’s experienced probabilities differ markedly
from the objective probabilities of the task in question (Edwards, 1954; Friedman & Savage,
1948; Markowitz, 1952). For example, when subjects were asked to judge the frequency of
several causes behind deaths in the United States, they were prone to misjudge smallpox as being
one of the leading causes of mortality (see Lichtenstein et al., 1978). Another study demonstrated
that people were more accurate in estimating posterior probabilities (i.e., the likelihood of an
event happening given the evidence obtained; Bayes, 1764) in experience-based decisions versus
description-based decisions (Armstrong & Spaniol, 2017). Hence, the gap could be caused by a
judgment error (i.e., misperception of the actual probability distribution) in the mind of the
decision maker, whether in the underestimation (i.e., underweighting) of low probability events
in the DfE paradigm (Fox & Hader, 2006) or in the overestimation (i.e., overweighting) in the
DfD paradigm (Hertwig, 2015).
Several studies have investigated the decision-weight function of the DfE paradigm
relative to the DfD paradigm (i.e., a cumulative prospect theory parameter). For example,
Abdellaoui and colleagues (2011) reported the overweighting of low probability events in the
DfE paradigm to be similar to the one in the DfD paradigm, only less pronounced. Another study
by Hau et al. (2008) found a linear weighting (representing no overweighting or underweighting)
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of low probability events in experience-based decisions compared to description-based decisions
which overweighted low probability events, while Camilleri and Newell (2013) reported
underweighting of low probability events in the DfE paradigm relative to the DfD paradigm.
According to Wulff and colleagues (2018), the mixed findings in the decision-weight function
might be attributed to applying different methodologies when examining people’s decision
behavior. For example, Camilleri and Newell (2011) instructed subjects to sample up to a fixed
number of draws (i.e., 100 samples), while in a study by Frey, Mata, and Hertwig (2015),
subjects were asked to sample freely. Hence, heterogeneous results are not surprising when
different study designs are used. In testing the differential decision-weight function in the DfE
versus DfD paradigms, more results point to the conclusion that the pattern of weight function in
description-based decisions is distinct from the pattern in experience-based decisions. More
recently, researchers have argued that the cause behind the description-experience gap might be
attributed to each paradigm involving distinct cognitive strategies. This resulted in the suggestion
of a fourth factor—format-dependent cognitive strategies—contributing to the gap (Erev et al.,
2010; Hertwig & Frey, 2017).
Format-dependent cognitive strategies. The fourth proposed factor provides the most
plausible explanation for the description-experience gap (Camilleri, 2011), that the format for
each paradigm involves different cognitive strategies (Hertwig, 2012). Several models were
proposed to predict choices under the DfD paradigm and under the DfE paradigm. For example,
Erev and colleagues (2010) conducted competitive model testing and reported that the best
model to predict choices in the DfD paradigm was the stochastic variant of cumulative prospect
theory (SCPT) model (Erev, Roth, Slonim, & Barron, 2007). According to this model, the
stochastic feature is defined as the increase in the propensity of selecting one option (e.g., Option
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A) over another (e.g., Option B) as the relative advantage (i.e., degree of preference) for that one
option increases. In addition to the five original parameters in cumulative prospect theory
(Tversky & Kahneman, 1992), a sixth parameter in SCPT accounts for the differential sensitivity
between the two options (Erev et al., 2010). Although the SCPT best predicted choices in the
DfD paradigm, a different model (that proposed different cognitive processes) best predicted
choices in the DfE paradigm.
The ensemble model (Erev et al., 2010) was ranked the best model to predict choices in
the DfE paradigm. This model consists of 11 parameters (six from the SCPT and five from the
priority heuristics). According to Erev et al. (2010), the model performed best in the experiencebased condition because it accounted for the limited information search (i.e., sampling error), a
prominent feature in the DfE paradigm. These findings provide support to the idea that cognitive
models are ‘format-dependent’, meaning that one model might be successful in predicting choice
outcomes in the DfD paradigm (i.e., SCPT) yet fail to perform well in the DfE paradigm (Erev et
al., 2010), and vice versa. A comprehensive review of all the different potential models is
beyond the scope of this review (see Erev et al., 2010, 2017; Hertwig, 2012, 2015); what is
relevant, however, is how some of these models account for individual differences in the DfE
paradigm.
Cognitive models have been designed to explain and improve the understanding of
people’s decision behavior under the two paradigms (i.e., DfD and DfE). One notion that has
emerged is the need for better recognition of and accounting for individual differences (Glöckner
& Pachur, 2012). For example, the cumulative prospect theory (CPT) model by Tversky and
Kahneman (1992) includes five adjustable parameters that were designed to capture individuals’
deviations from utility maximization in the DfD paradigm (Glöckner & Pachur, 2012). These
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five parameters capture the following concepts: gain concave curvature, loss convex curvature,
probability sensitivity (i.e., overweighting vs. underweighting), loss aversion, and attractiveness
of a gamble in terms of gains versus losses (Sharma & Dutt, 2017). Several studies proposed that
some of these concepts, as in probability sensitivity, loss aversion, and decreasing marginal
utility, were considered to reflect trait-level factors (e.g., Glöckner & Pachur, 2012; Yechiam &
Ert, 2011).
Another model to account for individual differences in the DfE paradigm is the instancebased learning (IBL) model (Gonzalez & Dutt, 2011). The model contains two adjustable
parameters that capture sample to sample variability and reliance on recent or distant sampled
information. Other models also incorporate multiple parameters, such as the ensemble model
(Erev et al., 2010) with 11 parameters (five of which capture the concept of priority heuristics).
The best-estimate and sampling tools (BEAST) model (Erev, Ert, Plonsky, Cohen, & Cohen,
2017) accounts for several concepts, such as attitude toward ambiguity and reaction to feedback
information. Both the ensemble and BEAST models do not account for individual choices as
well as the other two models (i.e., CPT and IBL; Sharma & Dutt, 2017). Thus, to capture
individual differences, a model must possess the proper mathematical mechanisms that represent
likely individual-level cognitive processes along with adjustable parameters, as in the CPT
model (Sharma & Dutt, 2017), and be applied to the correct decision context (i.e., experiencebased vs. description-based).
All four factors contributing to the description-experience gap (i.e., limited information
search, memory order effects, reversed probability weighting, and format-dependent cognitive
strategies) provide evidence that both description-based and experience-based paradigms are
psychologically different, signaling that people’s decision behavior is conditional upon whether
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gambles are described or experienced. Given that there is a systematic difference in decision
behavior between both paradigms, this could also mean that individual-level factors might affect
behavior differently in the experience versus description paradigms.
2.7 Motivational and Personality Traits and Decisions-from-Description
There are several individualistic factors that influence people’s decision behavior such as
their dispositional motivation, domain-specific risk tolerance, and personality characteristics.
These individual differences can be powerful predictors of decision behavior (Sitkin & Weingart,
1995). In the motivation literature, several theories have contributed to our understanding of
individual differences in decision-making (e.g., goal-setting theory, Locke & Latham, 1991;
goals as reference points theory, Heath, Larrick, & Wu, 1999). Regulatory focus theory, which
investigates the dynamic relationship between motivation orientation and goal-directed behavior,
addresses how these two factors can impact people’s decision behavior (Higgins, 1997, 1998).
Regulatory focus theory. According to regulatory focus theory, individuals hold one of
two primary motivational orientations when pursuing their goals: either a promotion-focused or a
prevention-focused orientation (Higgins, 1997, 1998). Promotion-focused individuals are
concerned with ideals, progression, and accomplishments. Thus, they are oriented toward gains
which are positive deviations from the status quo (i.e., a difference between “0” and “+1”),
relative to losses, which are negative deviations (Higgins, 1997, 1998). For promotion
individuals, success means progressing away from their current state (Zou et al., 2014). In
contrast, prevention-focused individuals are concerned with duties, securities, and obligations.
Thus, they are oriented toward non-losses and are more sensitive to negative deviations from the
status quo (i.e., a difference between “0” and “-1”) relative to positive deviations (Higgins, 1997,
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1998). For prevention individuals, success is reflected by maintaining their current state (Scholer
et al., 2010).
Research on regulatory focus theory gathered evidence in favor of each orientation being
distinctly sensitive and attentive to certain outcomes (e.g., Brendl, Higgins, & Lemm, 1995;
Idson et al., 2000). For instance, a study by Higgins and Tykocinski (1992) examined the effect
of positive and negative outcomes on information retention based on regulatory focus
orientation. In one condition, subjects were presented with two events, one included a positive
outcome (e.g., enjoying a free meal) and one did not (e.g., missing out on a date). In the other
condition, subjects were presented again with two events, but of the opposite valence, one did
not include a negative outcome (e.g., a day of cancelled lectures) and one did (e.g., being stuck
in a crowded subway). Later, participants were asked to recall the two events. The researchers
found promotion-focused individuals to recall more of the positive events relative to the negative
ones, whereas prevention-focused individuals remembered more of the negative events than the
positive ones (Higgins & Tykocinski, 1992). This study demonstrated that promotion individuals
were more sensitive to positive-related information while prevention individuals were more
sensitive to negative-related information.
Research has shown that regulatory focus orientation can be conceptualized as chronic
(i.e., trait-driven, measured) or situational (i.e., state-driven, manipulated), and both have been
studied extensively in the motivation literature (see Higgins et al., 1997 for trait-driven studies;
see Förster & Friedman, 2001 for state-driven studies). As stated in the previous chapter, this
dissertation is concerned with chronic regulatory focus, which is largely influenced by a person’s
developmental history and assumed to be stable across time and different settings (Higgins &
Silberman, 1998).
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Regulatory fit theory. Following the development of regulatory focus theory, a new
theory emerged. Regulatory fit theory (Higgins, 2000, 2005) put forth the notion that individuals
with promotion-focused compared to prevention-focused orientations employ a preferred
decision-making strategy when pursuing a goal. Specifically, promotion-focused individuals
often adopt an eager strategy, which is typically associated with risk-seeking tactics that lead to
promotion-relevant outcomes (e.g., they are eager to purchase luxurious products for prestige
and affluency). By contrast, prevention-focused individuals often employ a vigilant strategy,
which is typically associated with risk-aversion tactics that lead to prevention-relevant outcomes
(e.g., they are vigilant to purchase reliable products for quality and safety). Several empirical
studies have examined how the preferred strategy for promotion and prevention individuals
resulted in different choice outcomes (see Higgins, 2002; Higgins & Cornwell, 2016; Scholer &
Higgins, 2012 for reviews). For example, Crowe and Higgins (1997) presented a memory
recognition task where subjects were first presented with a list of target items followed by a filler
task, and were then showed another list of items that contained both the target and never-beforeseen items. Participants were asked to respond either “yes” or “no” as to whether or not they
recalled seeing each item in the original list. The researchers hypothesized that promotionfocused individuals would employ an eager strategy which would result in a “yes” response bias
with the goal of completing the task. Conversely, prevention-focused individuals would employ
a vigilant strategy which would result in a “no” response bias with the goal of avoiding task
error. The result supported their hypothesis, with promotion individuals producing a bias for
“yes” and prevention individuals producing a bias for “no”. This study provided evidence that
there is a preferred strategy for each regulatory focus orientation during goal pursuit, resulting in
two distinct choice outcomes from the same task. Additionally, results showed that, on average,
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prevention-focused individuals waited longer to respond when compared to promotion-focused
individuals. The authors justified the discrepancy in the bias response and reaction time to be
driven by each orientation’s inclination to use a specific strategy (i.e., eagerness for promotion
vs. vigilance for prevention; Crowe & Higgins, 1997).
A number of additional studies have confirmed the robustness of regulatory focus and
regulatory fit theories. These studies generally found that promotion-focused individuals utilized
an eager strategy which resulted in faster performance and more risk-seeking tactics, whereas
prevention-focused individuals typically employed a vigilant strategy leading to accurate
performance and more risk-averse tactics (Förster, Higgins, & Bianco, 2003; Friedman &
Förster, 2002; Hamstra, Bolderdijk, & Veldstra, 2011; Molden & Higgins, 2004; Scholer et al.,
2008; Zou & Scholer, 2016). This led Higgins (2002) to argue against the generalizability of the
value function model for decisions under risk (i.e., prospect theory; Kahneman & Tversky,
1979), and suggest that it is the underlying motivation and not just the outcome value that
determines one’s decision (Zou et al., 2014).
Motivation orientation and risk preferences. The aforementioned studies focused on
examining the difference in motivation orientation and risk preferences at the status quo (i.e.,
“0”; the participant is at the neutral value). However, more recent studies (e.g., Scholer et al.,
2010; Zou et al., 2014) have revised the idea that each orientation has its preferred immutable
tactic, and instead proposed that both risk-seeking and risk-averse tactics serve the underlying
motivation (i.e., approach gains for promotion individuals and avoid losses for prevention
individuals). For example, Scholer et al. (2010) examined subjects’ risk preferences for losses in
a stock investment paradigm, and reported several findings. First, when in a state of loss (i.e., “1”; the participant has a negative balance from the task), only prevention individuals exhibited
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risk preferences while promotion individuals showed no difference. Second, prevention
individuals made more risky choices when they were the only options available to restore the
status quo (i.e., return from “-1” to “0”). Third, when sure-thing options were presented,
prevention individuals selected fewer risky choices to avoid the state of loss (Scholer et al.,
2010). Building off of that study, Zou et al. (2014) presented the same stock investment
scenarios using gain-framed questions. Based on their findings, only promotion individuals
exhibited risk preferences while prevention individuals exhibited no difference. Next, when in a
neutral state (i.e., “0”), promotion individuals made more risky choices when this option allowed
them to advance away from the status quo (i.e., move from “0” to “+1”). Further, once they
perceived that sufficient progress had been made (i.e., they achieved large gains), promotion
individuals shifted towards a more conservative tactic and made fewer risky choices (Zou et al.,
2014). These findings demonstrated that tactical shifts for risk preference are not specific to each
motivation orientation; rather, these tactics work in service of the underlying motivation (i.e.,
approach gains for promotion individuals to maximize their gains and avoid losses for prevention
individuals to minimize their losses). Hence, differences in risk behavior vary as a function of
one’s motivation orientation and position on the status quo: below the status quo/loss domain
versus above the status quo/gain domain (Higgins & Cornwell, 2016).
Financial risk tolerance. In the decision-making literature, people’s risk behavior (i.e.,
seeking risk vs. avoiding risk) was commonly measured in aggregate rather than individually
(Nicholson et al., 2005). For example, Kahneman and Tversky (1979) proposed that people’s
risk behavior varies depending on whether decision problems were framed as gains or losses,
with people being ‘generally’ risk-averse in gain-framed problems and ‘generally’ risk-seeking
in loss-framed problems. Furthermore, risk behavior was perceived as a stable trait (i.e.,
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consistent across different domains; Lopes, 1987). However, other researchers (e.g., Corter &
Chen, 2006, MacCrimmon & Wehrung, 1990) have argued in favor of risk behavior being
domain-specific as opposed to domain-general (see Weber, Blais, & Betz, 2002 for a review).
For example, a person might be willing to take financial risks (e.g., invest money in a new
business venture) but avoid engaging in recreational risks (e.g., skydive from a plane).
Subsequent studies have demonstrated the variability in risk behavior across domains. Slovic
(1964) utilized nine different measures of risk and found no correlation amongst risk behavior in
different domains. Other studies have found risk behavior to be influenced by both the context
(i.e., domain) and the characteristics of the decision-maker (Bromiley & Curley, 1992). For
instance, people with higher tolerance for anxiety were more likely to seek risk compared to
those with lower tolerance for anxiety (Zuckerman, 1994). To account for these factors, Sitkin
and Weingart (1995) developed the interactional model of risk, which accounted for both the
personality of the decision-maker and the decision context in driving people’s risk behavior.
Weber et al. (2002) designed a domain-specific risk-taking scale (DOSPERT) that
assessed people’s risk preferences across five major domains (i.e., ethical, financial, health,
recreational, and social). Their results showed that people rated their risk behavior differently as
a function of the domain. For instance, people would score high on recreational risk (e.g., going
on a sport adventure) but low on health risk (e.g., engaging in unprotected sex). Because this
dissertation is concerned with financial decisions, the remainder of this section will focus on risk
behavior in the financial domain. Bernoulli’s (1738, 1954) version of the expected utility theory
was one of the first to address individual variability in risk behavior by accounting for the overall
wealth of the decision-maker. Thus, the utility function differed based on one’s composite
wealth, with high-income people making more risky choices than low-income people. Other
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researchers (e.g., Corter & Chen, 2006) found their measure of risk tolerance to predict the level
of risk in investment behavior, with higher risk tolerance scores predicting higher risk portfolio
compositions compared to lower risk tolerance scores. Therefore, accounting for people’s
financial risk tolerance might help explain more of the variability in their decision behavior.
Broad personality traits. Several studies have found personality characteristics to be a
driving factor of risk behavior (e.g., Bromiley & Curley, 1992; Sitkin & Weingart, 1995;
Zuckerman, 1994). In fact, some researchers have argued that personality is at the core of
understanding how people make choices (Fung & Durand, 2014). In 1993, Lewis Goldberg
developed the (Big-5) personality framework, which is still considered to be the “dominant
paradigm in personality research” (Barrio, Aluja, & García, 2004, p. 678). The Big-5 was
designed to measure five broad personality factors: extraversion, agreeableness,
conscientiousness, neuroticism, and openness (John & Srivastava, 1999; Matthews, Saklofske,
Costa, Deary, & Zeidner, 1998; McCrae & Costa, 1999). Subsequent studies have begun to
investigate the effect of personality on decision behavior (e.g., Soane & Chmiel, 2005).
Within the domain of financial decisions, Kowert and Hermann (1997) found riskseeking behavior to be positively associated with openness (i.e., curiosity and imaginativeness)
and negatively with agreeableness (i.e., kindness and affectionateness). Fung and Durand (2014)
found that extraverts might exhibit risk-seeking behavior because they are known to seek
excitement. In contrast, neurotics are more likely to display risk-aversive behavior because they
are characterized as having low negative emotions. Similarly, people with high levels of
conscientiousness are more inclined to exhibit risk-averse behavior because conscientious
individuals are characterized as being careful and disciplined (Fung & Durand, 2014). Overall,
the growing literature on personality highlights its importance in predicting risk behavior.
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Specifically, how different personality characteristics lead to distinct choice outcomes. Thus,
accounting for broad personality traits is critical to understanding individual differences in
decision behavior.
2.8 Concluding Remarks
In the decision literature, theories are shifting from a generalized approach, where models
(or theories) are assumed to apply to everyone (e.g., prospect theory, Kahneman & Tversky,
1979), into a more personalized approach, which accounts for individual variability in decisionmaking (e.g., regulatory focus theory, Higgins, 1997). Particularly in the description-based
paradigm, great strides have been made to account for individual differences. However, traitlevel factors have received far less attention in the experience-based (sampling) paradigm (Mata
et al., 2018). Given that this current review has documented how the two paradigms are
psychologically distinct, there seems to be a need to investigate the capability of trait-level
factors to account for individual variability in the experience-based (sampling) paradigm, to
improve our conceptual understanding of people’s decision-making behavior. Specifically,
research is lacking on how dispositional factors (i.e., motivation orientation, risk preferences,
personality characteristics) shape people’s search for information and preference for risk. Thus,
this dissertation (pilot study, Study 1, and Study 2), attempt to address this gap in the literature.
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Chapter 3: Pilot Study
3.1 Introduction
Studies on regulatory focus theory and regulatory fit (Higgins, 1997, 2000) argued in
favor of motivation orientations (i.e., promotion-focused vs. prevention-focused) and strategic
preferences (i.e., eagerness means vs. vigilance means) to account for individual differences in
description-based decision behavior, beyond the generalized predictions of prospect theory
(Kahneman & Tversky, 1979). Motivation orientation regulates individuals’ drive toward
fulfilling a certain outcome (maximizing gains for promotion individuals, minimizing losses for
prevention individuals), and strategic preferences prescribe how people of each orientation
pursue these goals (eagerness for promotion to maximize gains, vigilance for prevention to
minimize losses). Together, these two theories offer an account of individual differences in
decision behavior.
The purpose of this pilot study was to conduct a preliminary investigation of whether
chronic regulatory focus orientation can account for individual differences in experience-based
decision behavior. Specifically, the study examines behavior in the sampling paradigm, where
the decision maker can sample as many outcomes as desired from each of two decision options,
before making a final decision with real consequences. In addition, the study examines whether
financial risk tolerance predicts risky choices in this task. Finally, this study explored the
relevance of (Big-5) personality traits on decision behavior to help provide a comprehensive
understanding of experience-based decision behavior; and more precisely, to examine the
predictive power of chronic regulatory focus in the presence of other theoretical predictors.
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The specific hypotheses to be tested were as follows.
Hypothesis H1(A): Promotion-focused individuals will sample more outcomes for gain
problems relative to loss problems, while prevention-focused individuals will sample more
outcomes for loss problems relative to gain problems.
Together, the two parts of H1(A) predict an interaction between regulatory focus and
choice domain (gain vs. loss problems) in determining number of sampled outcomes. According
to Higgins (2000), individuals experience regulatory fit when their behavioral strategies matches
their motivational orientations. This match ultimately leads individuals of each orientation to
achieve their desired outcome. In the current study, this implies that promotion individuals, who
are motivated to maximize potential financial gains, will experience regulatory fit when they
sample more outcomes in the gain domain relative to the loss domain. This fit will enable them
to reach their desired goal of maximizing gains by focusing more on exploring the unknown
payoffs for gains to ensure the highest payoff option is identified. On the other hand, prevention
individuals, who are driven to minimize potential financial losses, will achieve regulatory fit by
sampling outcomes in the loss domain (more so than in the gain domain). This will allow them to
reach their desired goal of minimizing losses by focusing more on exploring the unknown
payoffs for losses to avoid the option that yields a substantial loss.
Hypothesis H1(B): Promotion-focused individuals will sample more outcomes for both
gain and loss problems compared to prevention-focused individuals, who will sample fewer
outcomes.
H1(B) predicts a main effect of regulatory focus on number of sampled outcomes. This
hypothesis is based on results from Kammerlander, Burger, Fust, and Fueglistaller (2015), who
found a positive correlation between promotion-focus scores and exploration (i.e., an enhanced
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desire to search and experiment), while prevention-focus scores were negatively correlated with
exploration (also see Scholer & Higgins, 2012).
Hypothesis H2(A): Promotion-focused individuals will exhibit more risky choices for
gain problems relative to prevention-focused individuals. No prediction is made for promotionfocused individuals for loss problems. In contrast, prevention-focused individuals will exhibit
more risky choices for loss problems relative to promotion-focused individuals. No prediction is
made for prevention-focused individuals for gain problems.
Together, the two parts of H2(A) predict an interaction between regulatory focus and
choice domain (gain vs. loss problems) in determining number of risky choices selected. Zou et
al. (2014) found that promotion individuals were more risk-seeking for gain problems relative to
prevention individuals, but displayed no difference in risk behavior for loss problems as they
were mainly concerned with potential financial gains. In Scholer et al. (2010), prevention
individuals were more risk-seeking for loss problems relative to promotion individuals, but
displayed no difference in risk behavior for gain problems as they cared more about potential
financial losses. Based on Higgins and Cornwell (2016), success for promotion focus is defined
as achieving gains. Applied in the context of the current study, this means that promotion
individuals will more likely select the risky gain with a higher EV compared to the sure gain
because they are motivated to maximize potential financial gains. In contrast, Higgins and
Cornwell (2016) defined success for prevention focus as avoiding losses. Applied in the context
of the current study, this means that prevention individuals will more likely select the risky loss
in an attempt to avoid a certain loss because they are motivated to minimize potential financial
losses.
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Hypothesis H2(B): Promotion-focused individuals will exhibit more risky choices for
both gain and loss problems relative to prevention-focused individuals, who will exhibit fewer
risky choices.
H2(B) predicts a main effect of regulatory focus on number of risky choices selected. The
theoretical mechanism for H2(B) is based on the following rationale. Promotion individuals are
motivated to maximize potential financial gains; therefore, they are expected to exhibit the
following risk behavior. For gain problems, they are more likely to choose the risky gain (e.g.,
70% chance to gain $0.25, $0 otherwise) over the sure gain (e.g., 100% chance to gain $0.10)
because the risky gain has a higher EV compared to the sure gain. For loss problems, promotion
individuals are more likely to select the risky loss (e.g., 70% chance to lose $0.25, $0 otherwise)
over the sure loss (e.g., 100% chance to lose $0.10) because they want to secure their financial
gains by avoiding a definite loss—this means betting on the option that could result in losing
nothing. On the other hand, prevention individuals are motivated to minimize potential financial
losses; therefore, they are expected to exhibit the following risk behavior. For gain problems,
they are more likely to choose the sure gain (e.g., 100% chance to gain $0.10) over the risky gain
(e.g., 70% chance to gain $0.25, $0 otherwise) because they prefer a smaller gain that is
guaranteed over an option that might result in gaining nothing. This is because prevention
individuals are not concerned with the magnitude of gains—any gain is a win as long as it is not
$0. For loss problems, prevention individuals are more likely to select the sure loss (e.g., 100%
chance to lose $0.10) over the risky loss (e.g., 70% chance to lose $0.25, $0 otherwise), because
they prefer the certain loss with a less negative EV compared to the risky loss with a larger
negative EV (and the possibility of a much larger loss outcome).
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The rational for H2(B) has empirical support from several studies in the literature (e.g.,
Crowe & Higgins, 1997; Hamstra et al., 2011; Sekścińska, Maison, & Trzcińska, 2016; Zou &
Scholer, 2016). These studies have confirmed a robust difference in risk behavior between
promotion and prevention individuals, with promotion individuals being more inclined to riskseeking behavior (and approaching gains), and prevention individuals being more prone to riskaverse behavior (and avoiding losses).
Hypothesis H3: Individuals with higher tolerance for financial risk will show more risky
choices for gain and loss problems combined, relative to individuals with lower tolerance for
financial risk.
H3 predicts a main effect of financial risk tolerance on number of risky choices selected.
No prediction is made for financial risk tolerance on number of sampled outcomes. H3 has
empirical support from several studies in the literature (e.g., Blais & Weber, 2006; Corter &
Chen, 2006; Figner & Weber, 2011; Weber et al., 2002) that demonstrate domain-specific risk
measures to predict variability in risk behavior.
Exploratory Question: Additionally, this pilot study will explore the effect of broad
personality traits (Big-5) on decision behavior (i.e., sampled outcomes and risky choices).
3.2 Methods
Participants
A total of fifty-five participants (47 females; 8 males) were recruited using flyers
distributed on announcement boards around a graduate school of education. Median reported age
for the participants was 26. Most participants had a postgraduate degree (54.5% master’s degree
or higher) and 47.3% were full-time students. Furthermore, 45.5% reported English, 21.8%
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reported Chinese, and 10.9% reported Russian as their native language; 21.8% made less than
$50,000 USD per year in household income.
Procedure and Study Design
Participants completed the study at various quiet locations (e.g., empty meeting rooms or
library) on campus. An informed consent form was given at the start of the study. Once
participants agreed to take part in the study, they were asked to complete six demographic
questions followed by an 11-item regulatory focus questionnaire, a 10-item investment risk
tolerance instrument, and a 10-item Big-5 personality inventory (all paper-and-pencil tasks).
Lastly, they were asked to participate in a decision task game on a computer. Participants
received a monetary payment that could range from $7.00 to $14.00 based on their choices in the
game. The average payment for the study was $9.06 (min = $7.00; max = $11.25), and the
average time to complete all tasks was 18 minutes (min = 8 minutes; max = 47 minutes).
The decision task game consisted of eight choice problems (see Appendix A for the
choice problems), presented as an interactive computer-based (sampling paradigm) game. The
game was programmed using HTML, CSS, and JavaScript, and was specifically created for this
study. Of the eight choice problems, four were in the gain domain and four in the loss domain,
and the order of choice problems was counterbalanced. In this game, participants saw two
buttons (labeled merely “Option A” and “Option B”) on a computer screen, each associated with
a particular monetary payoff distribution (a sure-thing and a risky option). Each task consisted of
two stages: (1) the sampling stage and (2) the decision stage. In the sampling stage, participants
were able to click on either button as many times as they wished, without incurring any financial
consequences. This allowed them to ‘sample’ the payoff distribution associated with each option.
Each button revealed a random draw from a specified distribution and participants were able to
38

continue to draw samples until they felt they had an adequate understanding of the potential
outcomes of their final decision. In the decision stage, participants selected one button to make
their final (consequential) decision based on their information-gathering from the sampling phase
(see Figure 1). The number of samples made, final decision selected, and final value obtained
were automatically recorded.

Figure 1. Screenshots of the instructions page and the first five choice problems from the
decision task game. Step 1 represents the sampling stage and step 2 represents the decision stage.
Materials
Regulatory focus questionnaire (RFQ). The RFQ (Higgins et al., 2001) is an 11-item
questionnaire that measures participants’ chronic regulatory focus orientation (see Appendix B
for the questionnaire). The five-point Likert scale asks about how individuals respond to certain
general life events (e.g., “Do you often do well at different things that you try?”). Three different
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sets of question response anchors were used: 1 (never or seldom) to 5 (very often) for questions 1
to 8, 1 (never true) to 5 (very often true) for question 9, and 1 (certainly false) to 5 (certainly
true) for questions 10 and 11. Following the standard scoring method described by Higgins and
colleagues (2001), four types of regulatory focus scores were calculated. First, an overall
promotion-focus score was calculated for each participant (variable = “promotion focus score”;
𝛼 = .64). Second, an overall prevention score was calculated (variable = “prevention focus
score”; 𝛼 = .81). Third, these two values were used to create a single continuous measure of
regulatory focus orientation by subtracting the prevention score from the promotion score
(variable = “regulatory focus score”; 𝛼 = .76); positive values indicate a predominantly
promotion-focused individual and negative values indicate a predominantly prevention-focused
individual. Fourth, from the continuous measure of regulatory focus orientation, participants
were categorized as promotion-focused or prevention-focused based on a median split (variable
= “regulatory focus split”). If participants were above the median, they were categorized as
promotion, and if they were below the median they were categorized as prevention. Although
promotion focus score, prevention focus score, and regulatory focus split were computed and
displayed on the output tables in the results section, the main analyses used the continuous
measure of regulatory focus (referred to below as “regulatory focus score”).
Investment risk tolerance instrument (IRTI). The IRTI (Corter, 2011) is a 15-item
questionnaire that measures financial decision behavior under different levels of risk (e.g.,
“Would you invest $2,500 in a venture that offers a ¾ chance of doubling your money within 3
months to $5,000 and a ¼ chance of losing the entire $2,500?”). The questionnaire consisted of
multiple-choice response and open-ended response options. Results from a pre-pilot identified
five IRTI questions that were difficult for students to answer; they were removed and 10
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questions were used in the pilot (see Appendix B for the questionnaire). Participants’ scores were
computed using a scoring rubric and a new variable was generated using the score aggregate
(variable = “IRTI total score”; 𝛼 = .44).
Big-5 personality inventory (B5PI). The B5PI (Rammstedt & John, 2007) is an
abbreviated 10-item questionnaire that measures participants’ personality with five broad factors
(extraversion, agreeableness, conscientiousness, neuroticism, and openness) using a five-point
Likert scale from 1 (strongly disagree) to 5 (strongly agree) (e.g., “I see myself as someone who
is reserved”). Originally, the B5PI consisted of 44 short-phrase items (see John & Srivastava,
1999; McCrae & Costa, 1999), but more recently researchers (e.g., Gosling, Rentfrow, & Swann,
2003) have called for developing a shorter version for quicker response times and proposed the
10-item version. Hence, the 10-item version was used in this study (see Appendix B for the
questionnaire). Following the standard scoring method described by Rammstedt and John
(2007), each of the five broad factors was computed by averaging the response of the two
corresponding items (variable = “Big-5 measures”; extraversion scale 𝛼 = .62; agreeableness
scale 𝛼 = .48; conscientiousness scale 𝛼 = .53; neuroticism scale 𝛼 = .61; openness scale 𝛼 =
.23).
Decision task score. The number of samples made by participants in the decision task
game was used to create three summary scores. The first is the total number of sampled
outcomes for the eight problems (variable = “# sampled outcomes, all”). This measure was also
computed separately for the four gain problems (variable = “# sampled outcomes, gain”) and the
four loss problems (variable = “# sampled outcomes, loss”). The second dependent variable,
tendency to select the risky option, was measured by computing the total number of times
participants selected a risky option as their final choice for the eight problems (variable = “#
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risky choices, all”), and separately for the four gain problems (variable = “# risky choices, gain”)
and the four loss problems (variable = “# risky choices, loss”). Although the total number of
sampled outcomes and of risky choices were computed and displayed on the output tables in the
results section, in this pilot study the particular focus was on the domain-specific versions of
these measures (i.e., split by gain and loss problems). According to Kahneman and Tversky
(1979), people’s attitudes toward risk in gain domains differ from their attitudes toward risk in
loss domains (i.e., the concept of loss aversion). Therefore, people are expected to exhibit
different decision behavior for gain problems versus loss problems.
Demographic questionnaire. All participants completed a demographic survey asking
them to report their gender, age, native language, highest-level of education, employment status,
and approximate annual household income (see Appendix B for the questionnaire).
3.3 Results
Descriptive Statistics
Descriptive statistics were calculated for all participants, and also calculated for both
prevention and promotion individuals. Individuals were classified as prevention-focused or
promotion-focused, based on a median split of the regulatory focus score, following the
recommended procedures of Higgins et al. (2001). Overall descriptives and descriptives by
prevention and promotion groups are shown in Table 1, and some preliminary inferential t-tests
are also reported. The main inferential analyses for Hypotheses H1-H3 will be presented after the
descriptive analyses are presented. Histograms and scatter plots for all relevant variables are
displayed in Appendix C.
Each participant’s number of sampled outcomes was summed across all eight problems
(min = 8; max = 262), and also computed separately for the four gain problems (min = 4; max =
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150) and the four loss problems (min = 4; max = 117). For each participant, the total number of
risky choices was computed across all eight problems (min = 1; max = 8), and also separately for
the four gain problems (min = 0; max = 4) and the four loss problems (min = 0; max = 4).
Additionally, the average number of sampled outcomes and average number of risky choices
were computed for gain versus loss problems and by promotion versus prevention orientations.
As seen in Table 1, there are several interesting patterns by regulatory focus for sampled
outcomes and for risky choices. However, caution should be exercised given that the mean
differences between those variables were not significant. First, the average number of sampled
outcomes for promotion individuals was higher than for prevention individuals for gain problems
(promotion M = 35.12 vs. prevention M = 34.38; t(53) = 0.09, p = .927). Second, for loss
problems, the average number of sampled outcomes for promotion individuals was lower than
for prevention individuals (promotion M = 37.50 vs. prevention M = 39.93; t(53) = -0.30, p =
.762). These findings on sampled outcomes for gain and loss problems are consistent with H1,
specifically H1(A). Third, the average number of risky choices for promotion individuals was
higher than for prevention individuals for gain problems (promotion M = 1.69 vs. prevention M =
1.66; t(53) = 0.11, p = .914) and for loss problems (promotion M = 2.88 vs. prevention M = 2.52;
t(53) = 1.28, p = .206). These findings on risky choices for gain and loss problems are consistent
with H2, specifically H2(B).
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Table 1. Descriptive statistics for all independent and dependent variables: Overall and by
promotion and prevention focus groups (defined by median split on regulatory focus score)2
Overall

Promotion

Prevention

M (SD)

M (SD)

M (SD)

t

p

Regulatory focus score

0.28 (0.96)

1.04 (0.71)

-0.41 (0.55)

Promotion focus score

3.74 (0.60)

3.86 (0.53)

3.63 (0.65)

Prevention focus score

3.46 (0.92)

2.82 (0.71)

4.04 (0.67)

10.05 (3.95)

10.38 (4.77)

9.76 (3.10)

Extraversion

3.12 (0.93)

3.29 (1.00)

2.97 (0.85)

Agreeableness

3.52 (0.91)

3.33 (0.84)

3.69 (0.96)

Conscientiousness

3.58 (0.90)

3.54 (0.93)

3.63 (0.88)

Neuroticism

3.35 (1.00)

3.42 (0.99)

3.28 (1.03)

Openness

3.86 (0.92)

4.15 (0.83)

3.60 (0.93)

----------

----------

All problems

73.51 (55.37)

72.62 (64.22)

74.31 (47.21)

-0.11

.911

Gain problems

34.73 (29.22)

35.12 (35.65)

34.38 (22.63)

0.09

.927

Loss problems

38.78 (29.31)

37.50 (30.17)

39.93 (29.01)

-0.30

.762

All problems

4.36 (1.76)

4.58 (1.86)

4.17 (1.67)

0.85

.399

Gain problems

1.67 (1.26)

1.69 (1.35)

1.66 (1.20)

0.11

.914

Loss problems

2.69 (1.07)

2.88 (0.95)

2.52 (1.15)

1.28

.206

Variables

IRTI total score

# Sampled outcomes

# Risky choices

Note. Overall N = 55; Promotion group n = 26; Prevention group n = 29; IRTI = investment risk tolerance
instrument.

Effects of Motivational and Personality Factors on Decision Behavior
As an additional descriptive analysis, Pearson correlations were computed among the
seven predictors (i.e., regulatory focus score, IRTI total score, and the Big-5 measures) and the
four dependent variables reflecting decision behavior: sampled outcomes for gain problems,
sampled outcomes for loss problems, risky choices for gain problems, and risky choices for loss

2

The median value for regulatory focus score was 0.27 with two scores at the median point. Those scores were
added up to the prevention-focused group, which resulted in an asymmetric split. Thus, for the prevention-focused
group n = 29 and for the promotion-focused group n = 26.
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problems. There were four purposes for the correlation analysis. The first was to examine the
relationships between regulatory focus score and decision behavior (both versions of H1 and
H2). The second was to investigate the relationships between IRTI total score and risky choices
(H3). The third was to explore the relationships between the Big-5 measures and decision
behavior (Exploratory Question). The fourth was to evaluate the relationships between the seven
predictors; this was done to address any possible concerns with divergent validity among the
factors (i.e., is chronic regulatory focus distinct from financial risk tolerance and broad
personality traits?)
As seen from Table 2, there were no significant correlations between regulatory focus
score and decision behavior. Specifically, in regard to sampled outcomes, there were no
significant associations between regulatory focus score and number of sampled outcomes for
gain and loss problems. In reference to risky choices, there were no significant relationships
between regulatory focus score and number of risky choices for gain and loss problems. Thus,
both parts of H1 and H2 were not supported by these simple correlations.
In respect to IRTI total score and risky choices, Table 2 showed no significant
correlations between IRTI total score with number of risky choices for gain and loss problems.
Thus, the prediction for H3 was not supported by these simple correlations.
Relevant to the exploratory question concerning the Big-5 measures and decision
behavior, Table 2 displayed several significant correlations. First, extraversion was negatively
correlated with number of risky choices for loss problems (r = -.29, p < .05), with higher scores
on the extraversion scale linked to making fewer risky choices for loss problems. Second, the
correlation of neuroticism with number of risky choices for loss problems was positive and
marginally significant (r = .27, p < .10), suggesting that higher scores on the neuroticism scale
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might be associated with making more risky choices for loss problems. Finally, openness was
positively correlated both with number of sampled outcomes for loss problems (r = .36, p < .01)
and with number of risky choices for gain problems (r = .33, p < .05). This means that higher
scores on the openness scale were related to more sampling for loss problems and to making
more risky choices for gain problems.
Among all seven predictors, there were two significant correlations and one marginally
significant correlation. First, regulatory focus score was positively correlated with extraversion (r
= .29, p < .05) and with openness (r = .38, p < .01). This means that higher scores in regulatory
focus (i.e., more promotion-focused than prevention-focused) were linked to higher scores on the
extraversion and openness scales. Second, the correlation of IRTI total score with
conscientiousness was negative and marginally significant (r = -.24, p < .10), suggesting that
lower scores on the conscientiousness scale might be associated with being more tolerant of risk
in the financial domain.
These significant simple correlations raise (but do not settle) the issue of divergent
validity for the regulatory focus scale (or for the personality measures). Regulatory focus
correlated with both the extraversion and the openness scales, and both of those correlated with
three of the four dependent variables reflecting decision behavior (i.e., extraversion with risky
choices for loss problems. Also, the trait of openness correlated with sampled outcomes for loss
problems and with risky choices for gain problems).
However, this pilot study is underpowered given the low sample size (i.e., N = 55); a
larger sample of participants would help detect smaller effect sizes which may in part help to
resolve the issues with divergent validity of the predictors.
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Table 2. Pearson correlations between motivational and personality factors (variables 1-10)
with decision behavior (variables 11-16)
1. Regulatory focus split
2. Regulatory focus score
3. Promotion focus score
4. Prevention focus score
5. IRTI total score
6. Extraversion
7. Agreeableness
8. Conscientiousness
9. Neuroticism
10. Openness
11. Sampled outcomes, All
12. Sampled outcomes, Gain
13. Sampled outcomes, Loss
14. Risky choices, All
15. Risky choices, Gain
16. Risky choices, Loss

1.
-.76**
.19
-.67**
.08
.17
-.20
-.05
.07
.30*
-.02
.01
-.04
.12
.02
.17

2.
-.38**
-.80**
.06
.29*
-.17
.02
.06
.38**
.11
.15
.06
.21
.11
.22

3.

4.

5.

-.26†
-.00
-.06
-.39** -.05
.16
.29* .37** -.09
.33*
.20 -.24†
-.25† -.22
.10
.30* -.20
-.01
.12
-.04
-.08
.09
-.10
.01
.13
.02
-.16
.18
-.10
-.10
.09
-.06
-.14
.19
-.10
-.01

6.

7.

--.11
--.02
.21
-.28* -.40**
.22
.03
-.11
-.02
-.11
-.04
-.09
.00
-.20
.08
-.04
.01
-.29* .12

8.

9.

10.

--.13
.18
.11
.07
.14
.20
.18
.12

-.02
.14
.17
.10
.20
.05
.27†

-.30*
.21
.36**
.30*
.33*
.11

11.

12.

13.

14.

-.95**
-.95** .79**
-.45** .44** .42**
-.55** .48** .56** .80**
.09
.15
.03 .70**

15.

-.13

Note. N = 55; **p < .01, *p < .05, †p < .10.

Predicting Decision Behavior with Motivational and Personality Factors
The descriptive analyses reveal both correlations among the predictors and correlations of
broad personality traits with the outcomes of interest. Hence, as the main inferential tests of
Hypotheses H1-H3 multiple regression analyses were conducted to determine if regulatory focus
score predicted decision behavior when controlling for financial risk tolerance (IRTI total score)
and broad personality traits (the Big-5 measures). Four regression models were fit: Models 1 and
2 predicted number of sampled outcomes for gain problems and number of sampled outcomes
for loss problems. Models 3 and 4 predicted number of risky choices for gain problems and
number of risky choices for loss problems. In all four models, the independent variables were
regulatory focus score, IRTI total score, and the Big-5 measures. Regression coefficients for the
models are reported in Tables 3 to 6. To check that the factors in the models are not too highly
correlated, the variance inflation factor (VIF) was calculated for the seven independent variables
(see Table 1C, Appendix C). The highest VIF value was 1.42; thus, the variance inflation was
low and did not warrant further model adjustments (Field, 2009).
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Regarding H1, which posited certain relationships between regulatory focus and sampled
outcomes for gain and loss problems, Models 1 and 2 did not yield significant omnibus effects:
For Model 1 (Table 3) R2 = .10, F(7, 47) = 0.73, p = .648; for Model 2 (Table 4) R2 = .18, F(7,
47) = 1.50, p = .192. Thus, both parts of H1 were not supported.
Table 3. Model 1 regression coefficients for predicting number of sampled outcomes for gain
problems
Variables

b (SE)

t

p

Intercept

6.87 (41.67)

0.17

.870

Regulatory focus score

3.35 (4.76)

0.70

.485

IRTI total score

0.20 (1.01)

0.18

.856

Extraversion

-4.89 (5.05)

-0.97

.338

Agreeableness

-0.27 (5.13)

-0.05

.958

Conscientiousness

1.70 (4.83)

0.35

.727

Neuroticism

3.49 (4.80)

0.73

.470

Openness

6.05 (4.93)

1.23

.226

Note. N = 55; b = unstandardized regression coefficient with standard error in parentheses; IRTI = investment risk
tolerance instrument.

Table 4. Model 2 regression coefficients for predicting number of sampled outcomes for loss
problems
Variables

b (SE)

t

p

Intercept

3.33 (39.80)

0.08

.934

Regulatory focus score

-1.71 (4.55)

-0.38

.709

IRTI total score

-0.92 (1.03)

-0.89

.378

Extraversion

-3.98 (4.82)

-0.83

.413

Agreeableness

-0.98 (4.90)

-0.20

.842

Conscientiousness

1.70 (4.61)

0.37

.715

Neuroticism

1.85 (4.58)

0.40

.688

12.62 (4.71)

2.68

.010

Openness

Note. N = 55; b = unstandardized regression coefficient with standard error in parentheses; IRTI = investment risk
tolerance instrument.
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In relation to H2, which posited certain relationships between regulatory focus and risky
choices for gain and loss problems, Model 3 (Table 5) predicting number of risky choices for
gain problems was not significant: R2 = .15, F(7, 47) = 1.14, p = .357. However, Model 4 (Table
6) did yield a significant prediction: R2 = .26, F(7, 47) = 2.39, p < .05. This means that 26% of
the variance in number of risky choices for loss problems was explained by the seven predictors.
Based on the coefficients in Table 6, regulatory focus score significantly predicted number of
risky choices for loss problems (b = 0.35, SE = 0.16, p < .05), controlling for IRTI total score and
the Big-5 measures. This indicates that individuals with higher regulatory focus scores (i.e., more
promotion-focused than prevention-focused) made more risky choices for loss problems. The
finding from Model 4 is partially consistent with H2, specifically H2(B), which predicted a main
effect of regulatory focus on number of risky choices selected. Here, the effect was significant
only for the loss problems.
Additionally, Model 4 displayed two marginally significant outcomes for the individual
Big-5 measures. As seen in Table 6, lower scores on the extraversion scale (b = -0.33, SE = 0.17,
p = .055) and higher scores on the neuroticism scale (b = 0.29, SE = 0.16, p = .079) were
marginally associated with making more risky choices for loss problems, controlling for
regulatory focus score and IRTI total score. Hence, Model 4 revealed findings that are relevant to
the exploratory question.
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Table 5. Model 3 regression coefficients for predicting number of risky choices for gain
problems

Variables
Intercept
Regulatory focus score
IRTI total score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness

b (SE)
0.11 (1.75)
0.01 (0.20)
-0.03 (0.05)
-0.12 (0.21)
-0.03 (0.22)
0.15 (0.20)
0.04 (0.20)
0.45 (0.21)

t
0.07
0.07
-0.73
-0.56
-0.15
0.72
0.19
2.14

p
.948
.948
.468
.579
.883
.477
.849
.037

Note. N = 55; b = unstandardized regression coefficient with standard error in parentheses; IRTI = investment risk
tolerance instrument.

Table 6. Model 4 regression coefficients for predicting number of risky choices for loss problems

Variables
Intercept
Regulatory focus score
IRTI total score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness

b (SE)
1.06 (1.38)
0.35 (0.16)
0.01 (0.04)
-0.33 (0.17)
0.27 (0.17)
0.12 (0.16)
0.29 (0.16)
0.03 (0.16)

t
0.77
2.19
0.32
-1.97
1.58
0.77
1.79
0.17

p
.448
.034
.752
.055
.120
.443
.079
.863

Note. N = 55; b = unstandardized regression coefficient with standard error in parentheses; IRTI = investment risk
tolerance instrument.

3.4 Discussion
The pilot study constituted a preliminary examination of the relationships between
chronic regulatory focus orientation with decision behavior (H1 and H2). Additionally, this study
examined the relationships between financial risk tolerance with risky choices (H3), and
explored the effect of broad personality traits on decision behavior (Exploratory Question). The
specific findings are discussed below.
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Chronic Regulatory Focus and Sampling Behavior (Number of Sampled Outcomes)
H1(A) predicted that promotion-focused individuals would sample more outcomes for
gain problems relative to loss problems, while prevention-focused individuals would sample
more outcomes for loss problems relative to gain problems. H1(B) predicted that promotionfocused individuals would sample more outcomes for gain and loss problems combined relative
to prevention-focused individuals, who would sample fewer outcomes.
The findings do not support either version of H1; however, the descriptive statistics
showed the interaction pattern predicted by H1(A): that promotion-focused individuals sampled
more outcomes for gain problems relative to prevention-focused individuals. In contrast,
prevention-focused individuals sampled more outcomes for loss problems relative to promotionfocused individuals. Thus, a follow-up study with a larger sample of participants would be
helpful to better understand how regulatory focus relates to exploratory behavior. Study 1 was
designed with this purpose in mind.
Chronic Regulatory Focus and Risky Choices (Number of Risky Choices)
H2(A) predicted that promotion-focused individuals would select more risky choices for
gain problems relative to prevention-focused individuals. Conversely, prevention-focused
individuals would select more risky choices for loss problems relative to promotion-focused
individuals. H2(B) predicted that promotion-focused individuals would select more risky choices
for gain and loss problems combined relative to prevention-focused individuals, who would
select fewer risky choices.
The findings do not align with H2(A) but did partially support the prediction for H2(B).
Predominantly promotion-focused individuals made significantly more risky choices for loss
problems (controlling for financial risk tolerance and broad personality traits), relative to
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predominantly prevention-focused individuals. One possible explanation for this finding is that
promotion individuals are ‘typically’ more biased to risk-seeking behavior compared to
prevention individuals who are ‘typically’ more prone to risk-averse behavior (Crowe &
Higgins, 1997; Zou & Scholer, 2016). For example, Hamstra et al. (2011) reported a positive
association between promotion participants and risky behavior, measured by their driving speed,
as opposed to prevention participants who were negatively related to risky behavior.
Financial Risk Tolerance and Risky Choices (Number of Risky Choices)
H3 predicted that individuals with higher tolerance for financial risk (as measured by the
simplified IRTI) would make more risky choices overall for gain and loss problems relative to
individuals with lower tolerance for financial risk. The findings do not support H3. This could
suggest that there was no relationship between financial risk tolerance and risky choices in the
experience-based (sampling) paradigm. However, because this pilot study is underpowered, all
null findings should be interpreted with caution.
Alternatively, the results could be influenced by the type of questionnaire used to
measure financial risk tolerance. To clarify, the IRTI was designed for use with actual financial
investors rather than for graduate students, the latter being the population used in the current
study. For example, the IRTI contains questions directly asking about individuals’ decisions to
sell or hold a stock given different market conditions. Thus, in Study 1, the IRTI will be replaced
by a more generally applicable instrument, the DOSPERT (Blais & Weber, 2006).
Broad Personality Traits and Decision Behavior (Number of Sampled Outcomes and Number of
Risky Choices)
The exploratory question investigated the effect of broad personality traits on decision
behavior. The findings showed that two of the Big-5 personality traits marginally predicted a
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participant selecting more risky choices for loss problems. First, individuals with higher levels of
neuroticism marginally selected more risky choices for loss problems. The finding aligns with
previous research reporting that people high in neuroticism take more risk to avoid losses
(Lauriola & Levin, 2001). Second, individuals with higher levels of extraversion marginally
selected fewer risky choices for loss problems. Past studies have reported mixed results on the
relationship between extraversion and risky behavior (see Weller & Tikir, 2011). For example,
one study showed a positive association between risk-seeking behavior and extraversion
(Terracciano, Löckenhoff, Crum, Bienvenu, & Costa, 2008), another study found a negative
association between the variables (Hettema, Corey, & Kendler, 1999), and another study
reported no association (Lee, Ogunfowora, & Ashton, 2005). Thus, the findings between
extraversion and risky behavior are unclear at this time.
Although chronic regulatory focus orientation was not directly related to decision
behavior outcomes, it was associated with two of the Big-5 personality traits, which in-turn were
correlated with decision behavior. For example, predominantly promotion-focused individuals
were linked to higher levels of extraversion (relative to predominantly prevention-focused
individuals), and extraversion was associated with less risk-seeking for loss problems.
Additionally, predominantly promotion-focused individuals were positively linked to higher
scores on the openness scale (relative to predominantly prevention-focused individuals), which
in-turn was positively related to more risk-seeking for gain problems. This finding is worth
looking into to better understand to what degree regulatory focus is distinct from narrow
measures of risk attitude and broader personality traits, and to consider if indirect effects might
be playing a role in the observed simple correlations among these traits and outcome variables.
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Concluding Remarks and Limitations
The follow-up study (Study 1) will again examine both version of H1 and H2 as well as
H3. Furthermore, given the significant relationships found in this pilot study between the Big-5
personality traits and decision behavior, as well as the significant association between the traitlevel factors (i.e., chronic regulatory focus, financial risk tolerance, and broad personality traits),
Study 1 will investigate two specific exploratory questions to address each of these relationships
individually. Finally, Study 1 will address some of the limitations of the pilot study by recruiting
a larger sample, modifying some study measures, and using a more diverse sample.
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Chapter 4: Study 1
4.1 Introduction
The goals of Study 1 were to examine the effect of chronic regulatory focus orientation
on behavior in experience-based decisions under risk using the sampling paradigm, specifically
examining three hypotheses and two exploratory questions. The first two hypotheses concerned
the effect of chronic regulatory focus on sampling behavior (i.e., number of sampled outcomes)
and risky choices (i.e., number of risky choices) in this task. The third hypothesis examined the
association of financial risk tolerance with risky choices. Additionally, two exploratory questions
were posed: the first question (EQ1) investigated the effect of broad personality traits on decision
behavior, and the second question (EQ2) explored the relationships between chronic regulatory
focus, financial risk tolerance, and broad personality traits.
The hypotheses of Study 1 were the same as for the pilot study, as follows.
Hypothesis H1(A): Promotion-focused individuals will sample more outcomes for gain
problems relative to loss problems, while prevention-focused individuals will sample more
outcomes for loss problems relative to gain problems.
Together, the two parts of H1(A) predict an interaction between regulatory focus and
choice domain (gain vs. loss problems) in determining number of sampled outcomes.
Hypothesis H1(B): Promotion-focused individuals will sample more outcomes for both
gain and loss problems compared to prevention-focused individuals, who will sample fewer
outcomes.
H1(B) predicts a main effect of regulatory focus on number of sampled outcomes.
Hypothesis H2(A): Promotion-focused individuals will exhibit more risky choices for
gain problems relative to prevention-focused individuals. No prediction is made for promotion55

focused individuals for loss problems. In contrast, prevention-focused individuals will exhibit
more risky choices for loss problems relative to promotion-focused individuals. No prediction is
made for prevention-focused individuals for gain problems.
Together, the two parts of H2(A) predict an interaction between regulatory focus and
choice domain (gain vs. loss problems) in determining number of risky choices selected.
Hypothesis H2(B): Promotion-focused individuals will exhibit more risky choices for
both gain and loss problems relative to prevention-focused individuals, who will exhibit fewer
risky choices.
H2(B) predicts a main effect of regulatory focus on number of risky choices selected.
Hypothesis H3: Individuals with higher tolerance for financial risk will show more risky
choices for gain and loss problems combined, relative to individuals with lower tolerance for
financial risk.
H3 predicts a main effect of financial risk tolerance on number of risky choices selected.
No prediction is made for financial risk tolerance on number of sampled outcomes.
EQ1: Do any of the broad personality traits (Big-5) predict decision behavior?
EQ2: What is the relationship between chronic regulatory focus, financial risk tolerance,
and broad personality traits? Are they distinct or related constructs?
Study 1 incorporated modifications to the procedures of the pilot study in order to obtain
more reliable estimates of decision behavior. First, the number of choice problems in the
decision task game was increased from eight to 18. Second, the monetary base payment for
completing the study was increased from $3.00 to $4.00 to adjust for the additional ten choice
problems in the game. Third, two forms of the game were created (i.e., forms X and Y). Both
forms have the exact same choice problems, with the right-left position of sure-thing and risky
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options counterbalanced (within each form and across both forms), to avoid any positional
response biases from affecting the results. Fourth, the investment risk tolerance instrument (i.e.,
IRTI) was replaced by a more generally applicable instrument, the domain-specific risk-taking
scale or DOSPERT. Fifth, the demographic survey was presented after the decision task game, to
avoid any potential cueing or response bias (Tourangeau & Yan, 2007).
4.2 Methods
Participants
A total of 150 participants were recruited using Amazon’s Mechanical Turk (AMT)
online subject pool. To screen out careless or uncooperative participants, data were dropped from
28 participants who sampled fewer than 36 times across the 18 choice problems (i.e., fewer than
two sampled outcomes for each choice problem). Hence, only 122 participants (43 females; 79
males) were included in the statistical analyses. Median reported age for the participants was 34.
These participants were all from the United States and represented a fairly general population in
terms of gender, ethnicity, and age distributions.
Procedure and Study Design
Once participants decided to take part in the study and indicated consent, they were asked
to complete five tasks. The first three tasks were: the 11-item regulatory focus questionnaire
(RFQ), the six financial-domain questions of the domain-specific risk-taking scale (DOSPERT),
and the 10-item Big-5 personality inventory (B5PI). Then participants completed a decision task
game (similar to the one administered in the pilot study but with some modifications).
The average time to complete all tasks was 32 minutes. Participants received a monetary
payment of $4.00 for completing the study plus an extra bonus up to $8.00 that they could earn
based on their choices in the decision task game. Thus, the total compensation ranged from $4.00
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to $12.00. The average payment for the study was $4.51 (min = $4.00; max = $8.20). Lastly,
participants answered seven demographic questions.
The decision task game consisted of 18 choice problems (see Appendix A for the choice
problems), presented as an interactive computer-based (sampling paradigm) game. The game
was programmed using HTML, CSS, and JavaScript, and was specifically created for this study.
Of the 18 choice problems, nine were in the gain domain and nine in the loss domain, and the
order of choice problems was counterbalanced. In this game, participants saw two buttons
(labeled only “Option A” and “Option B”) on a computer screen, each associated with a
particular monetary payoff distribution (a sure-thing and a risky option).
Participants’ work with each problem consisted of two stages: (1) the sampling stage and
(2) the decision stage. In the sampling stage, participants were able to click on either button as
many times as they wished, without incurring any financial consequences. This allowed them to
‘sample’ the payoff distribution associated with each option. Each button revealed a random
draw from a specified distribution and participants were able to continue to draw samples until
they felt they had an adequate understanding of the potential outcomes of their final decision. In
the decision stage, participants selected one button to make their final (consequential) decision
based on their information-gathering from the sampling phase (see Figure 2). The number of
samples made, final decision selected, and final monetary value were automatically recorded.
The decision task game was modified from the pilot study to reflect the following: first,
two forms of the game were created (see Appendix A for the choice problems). Both forms had
the same exact choice problems, with the right-left position of sure-thing and risky options
counterbalanced. The choices within each form for each problem were counterbalanced, and the
overall choice pattern between the two forms was also counterbalanced. For example, in form X,
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choice problem 1 consisted of the following outcomes: Option A (100% chance of gaining
$0.10) versus Option B (0.05% chance of gaining $3, $0 otherwise). While in form Y, the
outcomes in choice problem 1 were as follows: Option A (0.05% chance of gaining $3, $0
otherwise) versus Option B (100% chance of gaining $0.10). Participants randomly received
either form X or form Y so that 63 participants received form X and 59 received form Y. Second,
the total amount of current earnings, positioned on the top-center of the screen in the pilot study,
was not shown to participants in Study 1 to prevent them from being influenced by the running
total of their earnings.

Figure 2. Screenshots of four steps from the decision task game in clockwise order from the top
left. Step 1 represents the sampling stage and step 2 represents the decision stage.
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Materials
Regulatory focus questionnaire (RFQ). The RFQ (Higgins et al., 2001) is an 11-item
questionnaire that measures participants’ chronic regulatory focus orientation (see Appendix B
for the questionnaire). The five-point Likert scale asks about how individuals respond to certain
general life events (e.g., “Do you often do well at different things that you try?”). Three different
sets of question response anchors were used: 1 (never or seldom) to 5 (very often) for questions 1
to 8, 1 (never true) to 5 (very often true) for question 9, and 1 (certainly false) to 5 (certainly
true) for questions 10 and 11. Following the standard scoring method described by Higgins and
colleagues (2001), four types of regulatory focus scores were calculated. First, an overall
promotion-focus score was calculated for each participant (variable = “promotion focus”; 𝛼 =
.82). Second, an overall prevention score was calculated (variable = “prevention focus”; 𝛼 = .85).
Third, these two values were used to create a single continuous measure of regulatory focus
orientation by subtracting the prevention score from the promotion score (variable = “regulatory
focus score”; 𝛼 = .79). Fourth, from the continuous measure of regulatory focus, participants
were categorized as promotion-focused or prevention-focused based on a median split (variable
= “regulatory focus split”). If participants were above the median, they were categorized as
promotion, and if they were below the median they were categorized as prevention. Although
promotion focus score, prevention focus score, and regulatory focus score were computed and
displayed on the output tables in the results section, the main analyses used the categorical
measure of regulatory focus (referred to below as “regulatory focus split”) to be consistent with
prior practice in the regulatory focus literature that utilized the RFQ measure (e.g., Camacho,
Higgins, & Luger, 2003; Cesario, Grant, & Higgins, 2004; Halamish, Liberman, Higgins, &
Idson, 2008; Higgins & Spiegel, 2004; Hong & Lee, 2008; Sekścińska et al., 2016; Zhang,
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2016). Additional analyses that treat regulatory focus as a continuous variable (i.e., regulatory
focus score) are fully presented in Appendix C.
Domain-specific risk-taking scale (DOSPERT). The DOSPERT (Blais & Weber, 2006) is
a 30-item risk attitude questionnaire using a seven-point Likert scale from 1 (extremely unlikely)
to 7 (extremely likely), which evaluates participants’ likelihood to engage in risky behaviors and
activities across five domains (ethical, financial, health, recreational, and social). Since this study
is concerned with financial decision-making, only the six financial-domain questions of the
DOSPERT measure were used (e.g., “Investing 50% of your annual income in a very speculative
stock”) (see Appendix B for the questionnaire). Following the standard scoring method described
by Blais and Weber (2006), participants’ scores were computed by averaging all six individual
question responses (variable = “DOSPERT subscale score”; 𝛼 = .81).
Big-5 personality inventory (B5PI). The B5PI (Rammstedt & John, 2007) is an
abbreviated 10-item questionnaire that measures participants’ personality with five broad factors
(extraversion, agreeableness, conscientiousness, neuroticism, and openness) using a five-point
Likert scale from 1 (strongly disagree) to 5 (strongly agree) (e.g., “I see myself as someone who
is reserved”). Originally, the B5PI consisted of 44 short-phrase items (see John & Srivastava,
1999; McCrae & Costa, 1999), but more recently researchers (e.g., Gosling et al., 2003) have
called for developing a shorter version for quicker response times and proposed the 10-item
version. Thus, the 10-item version was used in this study (see Appendix B for the questionnaire).
Following the standard scoring method described by Rammstedt and John (2007), each of the
five broad factors was computed by averaging the response of the two corresponding items
(variable = “Big-5 measures”; extraversion scale 𝛼 = .81; agreeableness scale 𝛼 = .71;
conscientiousness scale 𝛼 = .75; neuroticism scale 𝛼 = .88; openness scale 𝛼 = .60).
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Decision task score. The number of samples made by participants in the decision task
game were used to create three summary scores. The first is the total number of sampled
outcomes for the 18 problems (variable = “# sampled outcomes, all”). This measure was also
computed separately for the nine gain problems (variable = “# sampled outcomes, gain”) and the
nine loss problems (variable = “# sampled outcomes, loss”). The second dependent variable,
tendency to select the risky option, was measured by computing the total number of times
participants selected a risky option as their final choice for the 18 problems (variable = “# risky
choices, all”), and separately for the nine gain problems (variable = “# risky choices, gain”) and
the nine loss problems (variable = “# risky choices, loss”). Similar to the pilot study, only the
domain-specific versions of these measures (i.e., split by gain and loss problems) were analyzed
in the results section.
Demographic questionnaire. All participants completed a demographic survey asking
them to report their gender, age, country of residence, native language, English-language
proficiency, highest-level of education, and employment status (see Appendix B for the
questionnaire).
4.3 Results
Descriptive Statistics
Descriptive statistics were calculated for all participants, and also calculated for both
promotion and prevention individuals. Individuals were classified as promotion-focused or
prevention-focused based on a median split of the regulatory focus score, following the
recommended procedures of Higgins et al. (2001). Overall descriptives and descriptives by
promotion and prevention groups are shown in Table 7, and some preliminary inferential t-tests
are also reported. The main inferential analyses for Hypotheses H1-H3 will be presented after the
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descriptive analyses are presented. Histograms and scatter plots for all relevant variables are
displayed in Appendix C.
Each participant’s number of sampled outcomes was summed across all 18 problems
(min = 36; max = 255), and also computed separately for the nine gain problems (min = 13; max
= 125) and the nine loss problems (min = 16; max = 136). For each participant, the total number
of risky choices was computed across all 18 choice problems (min = 3; max = 17), and
separately for the nine gain problems (min = 0; max = 9) and the nine loss problems (min = 2;
max = 9). Additionally, the average number of sampled outcomes and average number of risky
choices were computed for gain versus loss problems and by promotion versus prevention
orientation.
Based on the results in Table 7, there are several interesting patterns by regulatory focus
for sampled outcomes and for risky choices. Because none of the mean differences between
those variables are significant by the presented t-tests, no inferential results are established. First,
the average number of sampled outcomes for prevention individuals was higher than for
promotion individuals for gain problems (prevention M = 39.05 vs. promotion M = 37.89; t(120)
= -0.23, p = .816) and for loss problems (prevention M = 42.08 vs. promotion M = 40.34; t(120)
= -0.33, p = .743). Second, the average number of risky choices for prevention individuals was
lower than for promotion individuals for gain problems (prevention M = 3.75 vs. promotion M =
4.20; t(120) = 1.65, p = .101). Third, the average number of risky choices for prevention
individuals was higher than for promotion individuals for loss problems (prevention M = 5.28 vs.
promotion M = 5.21 75; t(120) = -0.26, p = .793).
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Table 7. Descriptive statistics for all independent and dependent variables: Overall and by
promotion and prevention focus groups (defined by median split on regulatory focus score)
Variables
Regulatory focus score
Promotion focus score
Prevention focus score
DOSPERT subscale score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
# Sampled outcomes
All problems
Gain problems
Loss problems
# Risky choices
All problems
Gain problems
Loss problems

Overall
M (SD)
0.14 (1.05)
3.50 (0.76)
3.35 (0.84)
2.64 (1.20)
2.52 (1.25)
3.55 (1.10)
4.01 (0.98)
2.73 (1.34)
4.01 (0.89)

Promotion
M (SD)
0.96 (0.62)
3.75 (0.53)
2.79 (0.61)
2.98 (1.31)
2.81 (1.15)
3.55 (1.13)
4.16 (0.90)
2.55 (1.22)
4.10 (0.87)

Prevention
M (SD)
-0.67 (0.69)
3.24 (0.86)
3.91 (0.75)
2.31 (0.97)
2.23 (1.28)
3.52 (1.08)
3.86 (1.04)
2.92 (1.44)
3.93 (0.92)

t
----------

p
----------

79.68 (55.40)
38.47 (27.43)
41.21 (29.15)

78.23 (58.23)
37.89 (27.69)
40.34 (31.67)

81.13 (52.87)
39.05 (27.38)
42.08 (26.63)

-0.29
-0.23
-0.33

.774
.816
.743

9.22 (2.14)
3.98 (1.49)
5.25 (1.37)

9.41 (1.81)
4.20 (1.30)
5.21 (1.23)

9.03 (2.42)
3.75 (1.64)
5.28 (1.52)

0.97
1.65
-0.26

.332
.101
.793

Note. Overall N = 122; Promotion group n = 61; Prevention group n = 61; DOSPERT = domain-specific risk-taking
scale.

Inferential Tests: Number of Sampled Outcomes by Motivational and Personality Factors, and
Choice Domain
To test for mean differences in number of sampled outcomes by choice domain and
different combinations of motivational and personality factors, three mixed-design ANOVAs
were conducted. The purpose for the ANOVA analyses was to test both versions (A and B) of
H1, by examining the relationships between regulatory focus and number of sampled outcomes.
Recall that H1(A) proposed that promotion-focused individuals will sample more outcomes for
gain problems relative to prevention-focused individuals. In contrast, prevention-focused
individuals will sample more outcomes for loss problems relative to promotion-focused
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individuals. H1(B) proposed that promotion-focused individuals will sample more outcomes for
gain and loss problems combined relative to prevention-focused individuals, who will sample
fewer outcomes.
To test both parts of H1, three mixed ANOVA models were defined. For each model,
number of sampled outcomes was the dependent variable, but recorded separately for gain and
for loss problems, creating a within-subjects factor of choice domain (gain vs. loss problems).
Model 1 (see Table 8) assessed the effect of regulatory focus (a between-subjects factor) and
choice domain (a within-subjects factor). Model 2 (see Table 9) assessed the effect of regulatory
focus and choice domain, controlling for the financial risk tolerance (DOSPERT) subscale.
Model 3 (see Table 10) assessed the effect of regulatory focus and choice domain, controlling for
DOSPERT and the Big-5 measures.
In Model 1, the interaction between regulatory focus and choice domain on number of
sampled outcomes was not significant (F(1, 120) = 0.07, p = .786). This indicates that the
number of sampled outcomes did not vary by regulatory focus and choice domain. Further, there
was no main effect for regulatory focus (F(1, 120) = 0.08, p = .774). This means that the number
of sampled outcomes did not vary by regulatory focus. Thus, Model 1 did not support the
predictions for both versions of H1. Next, there was a significant main effect for choice domain
on number of sampled outcomes (F(1, 120) = 6.80, p < .05). This means that people, on average,
sampled more outcomes for loss problems (M = 41.21, SD = 29.15) relative to gain problems (M
= 38.47, SD = 27.43). This finding replicates prior work by Lejarraga, Hertwig, and Gonzalez
(2012), which found that people’s search efforts (i.e., measured by the number of samples)
varied depending on the choice domain. On average, participants sampled more outcomes for
loss problems compared to gain problems (Lejarraga et al., 2012).
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Table 8. Model 1 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses)

Between-subjects effects
Intercept
Regulatory focus split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Error (sampled outcomes)

df

F

p

!2

1
1
120

250.42
0.08
--

.000
.774
--

.676
.001
--

1
1
120

6.80
0.07
--

.010
.786
--

.054
.001
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size.

The second model tested for the interaction between regulatory focus and choice domain
on number of sampled outcomes controlling for the DOSPERT subscale. In Model 2, the
interaction between regulatory focus and choice domain on number of sampled outcomes was
not significant (F(1, 119) = 0.02, p = .881). Also, the interaction between DOSPERT and choice
domain on number of sampled outcomes was not significant (F(1, 119) = 0.15, p = .696).
Finally, all main effects in the model were not significant (ps > .166, see Table 9). This means
that the number of sampled outcomes did not vary by regulatory focus, financial risk tolerance
(DOSPERT), or the interactions between those two factors and choice domain. Hence, both
versions of H1 were not supported by Model 2.
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Table 9. Model 2 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses), controlling for the DOSPERT subscale score

Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale score
Error (sampled outcomes)

df

F

p

!2

1
1
1
119

37.36
0.10
0.03
--

.000
.748
.868
--

.239
.001
.000
--

1
1
1
119

1.94
0.02
0.15
--

.166
.881
.696
--

.016
.000
.001
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.

The third model tested for the effect of regulatory focus and choice domain on number of
sampled outcomes, controlling for the DOSPERT subscale and the Big-5 measures. Thus, the
results of this model shed light on H1 and EQ1. To review, EQ1 explored the effect of broad
personality traits (Big-5) on decision behavior. In Model 3, the interaction for all the factors in
the model (i.e., regulatory focus, DOSPERT subscale score, and the Big-5 measures) were not
significant (ps > .163, see Table 10). Moreover, the model displayed no significant main effects
(ps > .145, see Table 10). This means that the number of sampled outcomes did not vary by
regulatory focus, financial risk tolerance (DOSPERT), and broad personality traits (Big-5), or the
interactions between choice domain and any of those factors. Thus, based on the findings from
Model 3, both parts of H1 were not supported, as well as no relationships between the Big-5
personality factors and exploratory behavior were found (EQ1).
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Table 10. Model 3 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses), controlling for the DOSPERT subscale score and the Big-5
measures

Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale score
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (sampled outcomes)

df

F

p

!2

1
1
1
1
1
1
1
1
114

6.11
0.01
0.08
0.12
1.47
2.16
0.03
1.39
--

.015
.945
.774
.729
.227
.145
.872
.241
--

.051
.000
.001
.001
.013
.019
.000
.012
--

1
1
1
1
1
1
1
1
114

0.03
0.19
0.24
1.15
0.02
1.98
0.14
1.31
--

.868
.662
.625
.285
.887
.163
.707
.255
--

.000
.002
.002
.010
.000
.017
.001
.011
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.

Inferential Tests: Number of Risky Choices by Motivational and Personality Factors, and Choice
Domain
To test for mean differences in number of risky choices by choice domain and different
combinations of motivational and personality factors, three mixed-design ANOVAs were
conducted. The analyses examined the relationships between regulatory focus and risky choices
to answer both versions of H2, as well as to test the relationships between financial risk tolerance

68

and risky choices for H3. The three models used for each hypothesis examined number of risky
choices for gain and loss problems, separately, as the dependent variable. Model 1 (results shown
in Table 11) analyzed the effect of regulatory focus (as a between-subjects factor) and choice
domain (as a within-subjects factor) on number of risky choices. Model 2 (results shown in Table
12) analyzed the effect of regulatory focus and choice domain, controlling for the financial risk
tolerance (DOSPERT) subscale. Model 3 (results shown in Table 13) assessed the effect of
regulatory focus and choice domain, controlling for DOSPERT and the Big-5 measures.
The hypotheses that were to be evaluated regarding risky choices were as follows. H2(A)
proposed that promotion-focused individuals will select more risky choices for gain problems
relative to prevention-focused individuals. No prediction is made for promotion-focused
individuals for loss problems. Conversely, prevention-focused individuals will select more risky
choices for loss problems relative to promotion-focused individuals. No prediction is made for
prevention-focused individuals for gain problems. H2(B) proposed that promotion-focused
individuals will select more risky choices for gain and loss problems combined relative to
prevention-focused individuals, who will select fewer risky choices.
In Model 1, the interaction between regulatory focus and choice domain on number of
risky choices was not significant (F(1, 120) = 2.18, p = .143). This indicates that the number of
risky choices did not vary by regulatory focus and choice domain. Additionally, there was no
main effect for regulatory focus (F(1, 120) = 0.95, p = .332). This means that the number of risky
choices did not vary by regulatory focus. Thus, Model 1 did not support the predictions for both
versions of H2. Next, there was a significant main effect for choice domain on number of risky
choices (F(1, 120) = 54.43, p < .01). This means that people, on average, made more risky
choices for loss problems (M = 5.25, SD = 1.37) relative to gain problems (M = 3.98, SD = 1.49).
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This finding replicates the basic finding by Kahneman and Tversky (1979) that people are
generally risk-seeking for losses and risk-averse for gains.
Table 11. Model 1 mixed ANOVA predicting number of risky choices by regulatory focus and
choice domain (gains vs. losses)

df
Between-subjects effects
Intercept
Regulatory focus split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Error (risky choices)

F

p

!2

1 2268.82 .000
1
0.95 .332
120
---

.950
.008
--

1
1
120

.312
.018
--

54.43
2.18
--

.000
.143
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size.

The second model, relevant to both H2 and H3, tested for the interaction between
regulatory focus and choice domain on number of risky choices controlling for the DOSPERT
subscale. H3 proposed that individuals with higher tolerance for financial risk will make more
risky choices for both gain and loss problems compared to individuals with lower tolerance for
financial risk.
In Model 2, the interaction between regulatory focus and choice domain on number of
risky choices was not significant (F(1, 119) = 1.43, p = .234). Additionally, the interaction
between DOSPERT and choice domain on number of risky choices was not significant (F(1,
119) = 0.60, p = .440). As in Model 1, there was a significant main effect for choice domain on
number of risky choices (F(1, 119) = 13.24, p < .01). This indicates that people, on average,
selected more risky choices for loss problems (M = 5.25, SD = 1.37) compared to fewer risky
choices for gain problems (M = 3.98, SD = 1.49). Both regulatory focus and the DOSPERT
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subscale displayed non-significant main effects (ps > .397, see Table 12). This means that the
number of risky choices did not vary by regulatory focus, financial risk tolerance (DOSPERT),
or the interactions between those two factors and choice domain. Thus, both parts of H2 and H3
were not supported by Model 2.
Table 12. Model 2 mixed ANOVA predicting number of risky choices by regulatory focus and
choice domain (gains vs. losses), controlling for the DOSPERT subscale score

df
Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale score
Error (risky choices)

F

p

!2

1 328.80 .000
1
0.48 .489
1
0.72 .397
119
---

.734
.004
.006
--

1
1
1
119

.100
.012
.005
--

13.24
1.43
0.60
--

.000
.234
.440
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.

The third model, relevant to H2, H3, and EQ1, tested for the effect of regulatory focus
and choice domain on number of risky choices, controlling for the DOSPERT subscale score and
the Big-5 measures. In Model 3, all factors (i.e., regulatory focus split, DOSPERT subscale
score, and the Big-5 measures) displayed non-significant interactions (ps > .158, see Table 13),
which means that the number of risky choices did not vary by choice domain and any of those
factors. Next, extraversion displayed a significant main effect on number of risky choices (F(1,
114) = 7.81, p < .01). This indicates that extraversion is related to number of risky choices. All
other main effects were not significant (ps > .212, see Table 13). This means that the number of
risky choices did not vary by regulatory focus, financial risk tolerance (DOSPERT), and four of
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the Big-5 personality traits. Thus, based on the findings from Model 3, both versions of H2 and
H3 were not supported. However, some relationships between the Big-5 personality measures
and risky choices were found (EQ1).
Table 13. Model 3 mixed ANOVA predicting number of risky choices by regulatory focus and
choice domain (gains vs. losses), controlling for the DOSPERT subscale score and the Big-5
measures

Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale score
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (risky choices)

df

F

p

!2

1
1
1
1
1
1
1
1
114

15.89
1.12
1.57
7.81
1.46
1.27
0.23
1.48
--

.000
.292
.212
.006
.229
.261
.630
.227
--

.122
.010
.014
.064
.013
.011
.002
.013
--

1
1
1
1
1
1
1
1
114

1.64
2.02
1.06
1.22
0.79
0.13
0.16
0.11
--

.203
.158
.306
.272
.377
.721
.690
.740
--

.014
.017
.009
.011
.007
.001
.001
.001
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size.; DOSPERT = domain-specific risk-taking scale.

Effects of Motivational and Personality Factors on Decision Behavior
Several Pearson correlations were computed between the seven predictors (i.e.,
regulatory focus split, DOSPERT subscale score, and the Big-5 measures) and the four
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dependent variables reflecting decision behavior: number of sampled outcomes for gain
problems, number of sampled outcomes for loss problems, number of risky choices for gain
problems, and number of risky choices for loss problems (see Table 14). The purpose for
conducting the correlation analysis was to further explore the relationships between the Big-5
measures and decision behavior (EQ1), as well as to evaluate the relationships between the seven
predictors to discern how distinct regulatory focus is from the other two factors (EQ2).
Relevant to EQ1 concerning the Big-5 measures and decision behavior, Table 14
revealed one significant correlation and one marginally significant correlation. First, extraversion
was negatively correlated with number of risky choices for gain problems (r = -.19, p < .05) with
higher scores on the extraversion scale linked to fewer risky choices for gain problems. Second,
the correlation of sampled outcomes for gain problems with conscientiousness was negative and
marginally significant (r = -.17, p < .10), suggesting that higher scores on the conscientiousness
scale might be related with fewer sampled outcomes for gain problems.
In regard to EQ2 concerning the relationships among the seven predictors, Table 14
showed three significant correlations and one marginally significant correlation. First, regulatory
focus split had a positive significant correlation with the DOSPERT subscale (r = .28, p < .01)
and with the extraversion trait (r = .24, p < .01). This means that promotion-oriented individuals
were more tolerant of risk in the financial domain and were more extraverted compared to
prevention-oriented individuals. Second, the correlation of the DOSPERT subscale score with
agreeableness was negative and marginally significant (r = -.15, p < .10). This indicates that
individuals who are more tolerant of financial risk tend to show lower scores on the
agreeableness scale. Third, neuroticism was negatively correlated with DOSPERT (r = -.23, p <
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.05), which suggests that those who scored higher on the neuroticism scale were more tolerant of
risk in the financial domain.
Table 14. Pearson correlations between motivational and personality factors (variables 1-10)
with decision behavior (variables 11-16)
1. Regulatory focus split
2. Regulatory focus score
3. Promotion focus score
4. Prevention focus score
5. DOSPERT subscale score
6. Extraversion
7. Agreeableness
8. Conscientiousness
9. Neuroticism
10. Openness
11. Sampled outcomes, All
12. Sampled outcomes, Gain
13. Sampled outcomes, Loss
14. Risky choices, All
15. Risky choices, Gain
16. Risky choices, Loss

1.
-.78**
.34**
-.67**
.28**
.24**
.00
.15
-.14
.10
-.03
-.02
-.03
.09
.15
-.79

2.
-.61**
-.70**
.30**
.36**
.13
.25**
-.35**
.26**
-.09
-.09
-.09
.07
.07
.03

3.

4.

-.15
-.11 -.27**
.42** -.07
.43** .23*
.54** .17†
-.57** -.08
.34** -.02
-.10
.02
-.11
.01
-.09
.04
.11
.01
.03
-.06
.14
.09

5.

-.05
-.15†
.08
-.23*
-.13
.01
.02
-.00
.10
.14
.00

6.

7.

8.

-.34**
-.34** .27**
--.45** -.33** -.47**
.11
.31** .22*
.01
.05
-.14
-.02
.04
-.17†
.03
.06
-.11
-.19*
.06
.08
-.19*
.06
.03
-.10
.03
.09

9.

10.

11.

12.

13.

14.

15.

--.07
.04
.05
.02
.04
.06
.00

--.11
-.10
-.12
.14
.12
.08

-.98**
.98**
.08
.14
-.04

-.92**
.10
.17†
-.04

-.05
.12
-.04

-.77**
.72**

-.11

Note. N = 122; **p < .01, *p < .05, † p < .10.

4.4 Discussion
The purpose of Study 1, conducted with online participants using the Amazon
Mechanical Turk worker marketplace, was to examine Hypotheses H1-H3 in relation to the
effect of chronic regulatory focus orientation on decision behavior (i.e., sampling behavior for
H1 and risky choices for H2), as well as the effect of financial risk tolerance on risky choices
(H3). Also, the study investigated two exploratory questions. As in the pilot study, EQ1 explored
the effect of broad personality traits on decision behavior. In addition to that, EQ2 explored the
relationships between chronic regulatory focus, financial risk tolerance, and broad personality
traits. Overall, the results from this study did not support the main hypotheses (i.e., H1, H2, H3),
but some findings were relevant to the exploratory questions (i.e., EQ1, EQ2). The specific
findings are discussed below.
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Chronic Regulatory Focus and Sampling Behavior (Number of Sampled Outcomes)
H1(A) predicted that promotion-focused individuals would sample more outcomes for
gain problems relative to loss problems, while prevention-focused individuals would sample
more outcomes for loss problems relative to gain problems. H1(B) predicted that promotionfocused individuals would sample more outcomes for both gain and loss problems relative to
prevention-focused individuals, who would sample fewer outcomes.
The results from Study 1 do not support either version of H1. This could mean that there
is no relationship between regulatory focus and exploration behavior in the sampling task.
Alternatively, the null finding could be the result of the particular population used in this online
study. In this study, although 150 participants were recruited from the AMT worker marketplace,
data from 28 of them had to be dropped because they sampled fewer than two times per choice
problem (i.e., less than 36 times) across the 18 problems. Their lack of sampling seems to show
that they did not try very hard at the task, and others may have behaved in a similarly cavalier
manner, but did not quite meet the exclusion criterion to be removed from the data set.
According to Oppenheimer, Meyvis, and Davidenko (2009), unsupervised participants tend to be
less attentive compared to in-person participants. Further information on the drawbacks for
hiring AMT workers is addressed in the general discussion section.
Chronic Regulatory Focus and Risky Choices (Number of Risky Choices)
H2(A) predicted that promotion-focused individuals would show more risky choices for
gain problems relative to prevention-focused individuals, while prevention-focused individuals
would show more risky choices for loss problems relative to promotion-focused individuals.
H2(B) predicted that promotion-focused individuals would exhibit more risky choices for all
problems (gain and loss problems combined), relative to prevention-focused individuals.
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The results do not support either version of H2. On the face of it, the null results seem to
suggest that there is no relationship between regulatory focus and risky choices in the sampling
task. This study would not be the first to find a non-significant effect of chronic regulatory focus
on financial decision-making (see Kumar, 2016). It may be that the current study and the
Kumar’s study did not find effects because there was another predominant factor influencing risk
behavior such as how the decision context was presented. The current study employed an
experience-based (sampling) paradigm as opposed to the traditional description-based paradigm
(i.e., stock investment paradigm), which was the paradigm used in the studies that the hypothesis
is based on (Scholer et al., 2010 for promotion orientation; Zou et al., 2014 for prevention
orientation). Hence, one explanation for the non-significant findings may indicate that the effect
of the decision context (description vs. experience paradigms) masks the predicted effect of
regulatory focus. However, as we have pointed out above, an alternative explanation for the null
findings is that many participants in this study were not well-motivated and did not devote
sufficient care to the task.
Financial Risk Tolerance and Risky Choices (Number of Risky Choices)
H3 predicted that individuals with higher tolerance for financial risk would make more
risky choices for gain and loss problems combined relative to individuals with lower tolerance
for financial risk. The results of Study 1 do not support H3. This null result is surprising, and
contradicts previous validity studies of financial risk tolerance measures (Bailey & Kinerson,
2005; Corter, 2011; Corter & Chen, 2006). Thus, this null finding provides further evidence that
motivational factors for the online participants may be playing a role in the lack of significant
findings regarding both H2 and H3.
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Broad Personality Traits and Decision Behavior (Number of Sampled Outcomes and Number of
Risky Choices)
EQ1 investigated the effect of broad personality traits on decision behavior. Two findings
were relevant to this exploratory question. First, the extraversion trait was associated with risky
choices for gain problems with those higher in extraversion selecting fewer risky choices for gain
problems than those lower in extraversion. This finding aligns with previous work by Hettema et
al. (1999) which reported a negative relationship between extraversion and risk-taking behavior.
Second, conscientiousness was associated with sampled outcomes for gain problems. Higher
levels on the conscientiousness scale were linked to a fewer number of sampled outcomes in the
gain domain compared to the loss domain. A study by Matthews and colleagues (1998) classified
conscientious individuals as having a high sense of self-control, which in the current study,
might translate to those with higher conscientious scores mindfully exerting some level of
control by sampling fewer times.
Chronic Regulatory Focus, Financial Risk Tolerance, and Broad Personality Traits
EQ2 investigated the relationships between chronic regulatory focus, financial risk
tolerance, and broad personality traits. Four findings were relevant to this exploratory question.
First, chronic regulatory focus and financial risk tolerance were positively related, with
promotion individuals having higher tolerance of risk in the financial domain compared to
prevention individuals. Similarly, Zou and Scholer (2016) also found evidence for promotion
individuals to be positively linked to risk-seeking behavior in the social and financial domains of
the DOSPERT measure. Conversely, in the Zou and Scholer study, prevention individuals
showed less risk-seeking behavior across the five DOSPERT domains. Second, chronic
regulatory focus and extraversion were positively correlated, with promotion individuals being
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more extraverted relative to prevention individuals. This finding coincides with earlier work that
found a positive relationship between extraversion and positive affect (Matthews et al., 1998).
Positive affect in the Matthews et al. study was very similar to the common description of
promotion-focused individuals (e.g., Higgins, 2000; Molden, Lee, & Higgins, 2008; Scholer &
Higgins, 2012). Third, financial risk tolerance and neuroticism displayed a negative relationship.
The higher the scores on the neuroticism scale, the lower the tolerance towards financial risk.
Similarly, a study by Durand, Newby, Tant, and Treepongkaruna (2013) reported those higher on
the neuroticism trait to have higher diversified portfolios and to seek systematic risks (also see
Nicholson et al., 2005). Fourth, agreeableness and financial risk tolerance displayed a marginally
significant negative correlation, which could suggest that those with higher scores on the
agreeableness scale had lower tolerance towards financial risk, and vice versa. This finding is
consistent with previous work by Durand, Newby, and Sanghani (2008), which reported
participants with higher agreeableness to exhibit risk-averse behavior in their investment
performance.
Other Secondary Findings
In addition to the primary findings mentioned above, there were two findings that
replicated previous work in the decision-making literature. First, people (on average) sampled
more outcomes in the loss domain relative to the gain domain. This finding replicates earlier
work by Lejarraga et al. (2012), which observed differences in people’s explorative efforts based
on whether they were presented with gain problems versus loss problems. Second, people (on
average) made more risky choices in the loss domain relative to the gain domain. This finding
provided evidence in favor of loss aversion, a concept first introduced by Kahneman and
Tversky (1979) and replicated extensively in subsequent studies (e.g., Kahneman, Knetsch, &
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Thaler, 1991; Tversky & Kahneman, 1992). These replications of established effects support that
participants did, at times, behave as expected.
Concluding Remarks and Limitations
Study 1 provides some new insights into the relationship between individual-level
factors (primarily broad personality traits) and decision behavior in an experience-based
(sampling) paradigm. These findings, along with other relevant studies (e.g., Parker & Fischhoff,
2005; Toplak & Weller, 2016), can help explain why some individuals perform better (as
measured by their financial earnings) than others in various decision tasks. Moreover, this study
is the first to examine the relationship amongst the three dispositional constructs. Previous work
has typically investigated the relationship of a combination of two of these three factors (e.g.,
regulatory focus and the openness trait, Vaughn et al., 2008; regulatory focus and financial risk
tolerance, Franklin, 2007); no study has looked at all three at the same time. Further, the study
corroborates previous findings in detecting discrepancy in risk preference and variability in
sampling behavior between choice domain.
The following study (Study 2) will continue to examine the three hypotheses and two
exploratory questions, as well as address some of the limitations from Study 1 by recruiting inperson participants, modifying the decision task game, and changing the order of tasks in the
study. More precisely, in order to obtain more reliable estimates of decision behavior and to
minimize the effect of poorly motivated online participants rushing through the decision task
game, Study 2 will recruit in-person participants. Also, the decision task game will be modified
to require all participants to sample at least twice for each choice problem before making a final
decision. Furthermore, the order of tasks will be changed with participants completing the
decision task game first followed by the four questionnaires (RFQ, DOSPERT, B5PI, and
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demographics). This change will be made to overcome a possible response bias amongst
participants which might have been trigged in Study 1 by administering the questionnaires prior
to the decision task game.
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Chapter 5: Study 2
5.1 Introduction
The goal of Study 2 was the same as Study 1—to examine the effect of individual-level
factors on experience-based decision behavior using the sampling paradigm. However, Study 2
employed in-person participants to minimize the possibility of poorly motivated online
participants rushing through the task, ensuring more valid and reliable estimates of decision
behavior. Prior studies have shown that in-person participants are likely to pay more attention
than online participants. For example, Goodman, Cryder, and Cheema (2013) found that
participants from Amazon Mechanical Turk (AMT) tended to be less attentive compared to live
participants, which may reduce the validity and the power of studies conducted with these online
workers.
Additionally, Study 2 incorporated several modifications to the procedure from Study 1.
First, to ensure participants’ full engagement with the study, the monetary base payment was
increased from $4.00 to $8.00 and the values in the decision task game were modified to reflect
higher returns in gains (or larger deficits in losses). Second, the decision task game was
programmed to require all participants to sample at least twice for each choice problem (step 1)
before being allowed to make a final decision (step 2). This requirement was made to ensure that
no participants would skip step 1 and rush through the study without sampling. Third, only one
test form was used instead of two (recall Study 1 had two forms X and Y). Fourth, in order to
encourage more careful consideration of each problem, the number of choice problems was
reduced from 18 to 12, with six problems in the gain domain and six in the loss domain. Fifth,
participants completed the decision task game first, then the set of four questionnaires (the
regulatory focus questionnaire, the financial-domain questions of the domain-specific risk-taking
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scale, the Big-5 personality inventory, and the demographic survey). This change was made to
ensure that the questions do not introduce a demand effect, which could induce a response bias
among participants (Lavrakas, 2008). Sixth, the demographic survey included two additional
questions: one for racial diversity and another for student status. Two demographic questions
were also removed: one for country of residence and another for English-language proficiency.
All other questions on gender, age, native language, highest-level of education, and employment
status remained unchanged.
The hypotheses of Study 2 were the same as for Study 1, as follows.
Hypothesis H1(A): Promotion-focused individuals will sample more outcomes for gain
problems relative to loss problems, while prevention-focused individuals will sample more
outcomes for loss problems relative to gain problems.
Together, the two parts of H1(A) predict an interaction between regulatory focus and
choice domain (gain vs. loss problems) in determining number of sampled outcomes.
Hypothesis H1(B): Promotion-focused individuals will sample more outcomes for both
gain and loss problems compared to prevention-focused individuals, who will sample fewer
outcomes.
H1(B) predicts a main effect of regulatory focus on number of sampled outcomes.
Hypothesis H2(A): Promotion-focused individuals will exhibit more risky choices for
gain problems relative to prevention-focused individuals. No prediction is made for promotionfocused individuals for loss problems. In contrast, prevention-focused individuals will exhibit
more risky choices for loss problems relative to promotion-focused individuals. No prediction is
made for prevention-focused individuals for gain problems.
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Together, the two parts of H2(A) predict an interaction between regulatory focus and
choice domain (gain vs. loss problems) in determining number of risky choices selected.
Hypothesis H2(B): Promotion-focused individuals will exhibit more risky choices for
both gain and loss problems relative to prevention-focused individuals, who will exhibit fewer
risky choices.
H2(B) predicts a main effect of regulatory focus on number of risky choices selected.
Hypothesis H3: Individuals with higher tolerance for financial risk will show more risky
choices for gain and loss problems combined, relative to individuals with lower tolerance for
financial risk.
H3 predicts a main effect for financial risk tolerance on number of risky choices selected.
No prediction is made for financial risk tolerance on number of sampled outcomes.
EQ1: Do any of the broad personality traits (Big-5) predict decision behavior?
EQ2: What is the relationship between chronic regulatory focus, financial risk tolerance,
and broad personality traits? Are they distinct or related constructs?
5.2 Methods
Participants
A total of seventy participants (47 females; 23 males) were recruited using flyers
distributed on announcement boards around a graduate school of education. Median reported age
for the participants was 33. Nearly half, 44%, had a postgraduate degree (i.e., master’s degree or
higher) and a third, 33%, had a bachelor’s degree. Furthermore, 60% identified as
White/Caucasian-American, 16% identified as Asian/Asian-American, 14% identified as other
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(e.g., Jewish, Russian, Turkish), 6% identified as Black/African-American, and 4% identified as
Hispanic/Latinx.
Procedure and Study Design
Participants completed the study at various quiet locations (e.g., empty classrooms or
offices) on campus. Once participants agreed to take part in the study, they were asked to
complete two distinct tasks. First, they were asked to participate in a decision task game (similar
to the one administered in Study 1 but with some modifications). Next, they were asked to
complete the questionnaire which included several parts: the 11-item regulatory focus
questionnaire (RFQ), the six financial-domain questions of the (DOSPERT) scale, the 10-item
Big-5 personality inventory (B5PI), and the seven demographic questions.
Participants received a monetary base payment of $8.00 plus the bonus they could earn
based on their choices in the game. From that base, they could lose or gain money contingent on
their performance. No one received less than $6.00 for their participation. The average payment
for the study was $8.70 (min = $6.00; max = $22.80), and the average time to complete all tasks
was 14 minutes.
The decision task game consisted of 12 choice problems (see Appendix A for the choice
problems), presented as an interactive computer-based (sampling paradigm) game. The game
was programmed using HTML, CSS, and JavaScript, and was specifically created for this study.
Of the 12 choice problems, six were in the gain domain and six in the loss domain, and the order
of choice problems was counterbalanced. In this game, participants saw two buttons (labeled
merely “Option A” and “Option B”) on a computer screen, each associated with a particular
monetary payoff distribution (a sure-thing and a risky option). Visually, this version of the game
appeared the same as the game in Study 1 to participants (see Figure 2). The right-left position of
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the sure-thing and risky option was counterbalanced. A click of either button revealed a random
draw from the specified distribution and participants were able to continue to draw samples until
they felt they had an adequate understanding of the potential outcomes of their final decision. In
the decision stage, participants selected one button to make their final (consequential) decision
based on their information-gathering from the sampling phase. The number of samples made,
final decision selected, and final value obtained were automatically recorded.
Materials
Decision task score. The number of samples made by participants in the decision task
game were used to create three summary scores. The first was the total number of sampled
outcomes for the 12 problems (variable = “# sampled outcomes, all”). This measure was also
computed separately for the six gain problems (variable = “# sampled outcomes, gain”) and the
six loss problems (variable = “# sampled outcomes, loss”). The second dependent variable,
tendency to select the risky option was measured by computing the total number of times
participants selected a risky option as their final choice for the 12 problems (variable = “# risky
choices, all”), and separately for the six gain problems (variable = “# risky choices, gain”) and
the six loss problems (variable = “# risky choices, loss”). As in the previous studies, the
inferential tests analyzed sampling and risky choice behaviors separately by domain (gain vs.
loss problems).
Regulatory focus questionnaire (RFQ). The RFQ (Higgins et al., 2001) is an 11-item
questionnaire that measures participants’ chronic regulatory focus orientation (see Appendix B
for the questionnaire). The five-point Likert scale asks about how individuals respond to certain
general life events (e.g., “Do you often do well at different things that you try?”). Three different
sets of question response anchors were used: 1 (never or seldom) to 5 (very often) for questions 1
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to 8, 1 (never true) to 5 (very often true) for question 9, and 1 (certainly false) to 5 (certainly
true) for questions 10 and 11. Following the procedure from Study 1, the standard scoring
method described by Higgins and colleagues (2001) calculated four types of regulatory focus
scores. First, an overall promotion-focus score was calculated for each participant (variable =
“promotion focus score”; 𝛼 = .70). Second, an overall prevention score was calculated (variable
= “prevention focus score”; 𝛼 = .83). Third, these two values were used to create a single
continuous measure of regulatory focus orientation by subtracting the prevention score from the
promotion score (variable = “regulatory focus score”; 𝛼 = .73). Fourth, from the continuous
measure of regulatory focus orientation, participants were categorized as promotion-focused or
prevention-focused based on a median split (variable = “regulatory focus split”). If participants
were above the median, they were categorized as promotion, and if they were below the median
they were categorized as prevention. As with Study 1, promotion focus score, prevention focus
score, and regulatory focus score were computed and displayed on the output tables in the results
section. As with Study 1, the main analyses used the dichotomized measure of regulatory focus
(referred to below as “regulatory focus split”) to be consistent with prior practice in the
regulatory focus literature that used the RFQ measure (e.g., Camacho et al., 2003; Cesario et al.,
2004; Halamish et al., 2008; Higgins & Spiegel, 2004; Hong & Lee, 2008; Sekścińska et al.,
2016; Zhang, 2016). Additional analyses that treat regulatory focus as a continuous variable (i.e.,
regulatory focus score) are fully presented in Appendix C.
Domain-specific risk-taking scale (DOSPERT). The DOSPERT (Blais & Weber, 2006) is
a 30-item risk attitude questionnaire using a seven-point Likert scale from 1 (extremely unlikely)
to 7 (extremely likely), which evaluates participants’ likelihood to engage in risky behaviors and
activities across five domains (ethical, financial, health, recreational, and social). Since this study
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is concerned with financial decision-making, only the six financial-domain questions of the
DOSPERT measure were used (e.g., “Investing 50% of your annual income in a very speculative
stock”) (see Appendix B for the questionnaire). Following the standard scoring method described
by Blais and Weber (2006), participants’ scores were computed by averaging all six individual
question responses (variable = “DOSPERT subscale score”; 𝛼 = .83).
Big-5 personality inventory (B5PI). The B5PI (Rammstedt & John, 2007) is an
abbreviated 10-item questionnaire that measures participants’ personality with five broad factors
(extraversion, agreeableness, conscientiousness, neuroticism, and openness) using a five-point
Likert scale from 1 (strongly disagree) to 5 (strongly agree) (e.g., “I see myself as someone who
is reserved”). Originally, the B5PI consisted of 44 short-phrase items (for reviews, see John &
Srivastava, 1999; McCrae & Costa, 1999), but more recent studies (e.g., Gosling et al., 2003)
called for developing a shorter version for quicker response times and proposed the 10-item
version. Thus, the 10-item version was used in this study (see Appendix B for the questionnaire).
Following the standard scoring method described by Rammstedt and John (2007), each of the
five broad factors was computed by averaging the response of the two corresponding items
(variable = “the Big-5 measures” ; extraversion scale 𝛼 = .51; agreeableness scale 𝛼 = .13;
conscientiousness scale 𝛼 = .22; neuroticism scale 𝛼 = .58; openness scale 𝛼 =.06). All five
dimensions of the Big-5 have poor to extremely poor reliability, thus all findings that include the
Big-5 measures should be interpreted with caution. The scores for each scale likely do not
represent the personality construct they are intended to measure.
Demographic questionnaire. All participants completed a demographic survey asking
them to report their gender, age, native language, highest-level of education, and employment
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status (see Appendix B for the questionnaire). Additionally, they were asked two questions: one
on racial diversity and another on student status.
5.3 Results
Descriptive Statistics
Descriptive statistics were calculated for all participants, and also calculated separately
for prevention- and promotion-focused individuals. Participants were classified as promotionfocused or prevention-focused based on a median split of the regulatory focus score, following
the recommended procedures of Higgins et al. (2001). The main inferential analyses for
Hypotheses H1-H3 will be shown after the descriptive analyses are presented. Histograms and
scatter plots for all relevant variables are displayed in Appendix C.
The two dependent variables, number of sampled outcomes and number of risky choices,
were created as follows. Each participant’s number of sampled outcomes for the 12 problems
was summed (min = 24; max = 694), and also computed separately for the six gain problems
(min = 12; max = 436) and the six loss problems (min = 12; max = 302)3. For each participant,
the total number of risky choices was computed for the 12 choice problems (min = 1; max = 12)
and separately for the six gain problems (min = 0; max = 6) and the six loss problems (min = 0;
max = 6). Additionally, the average number of sampled outcomes and average number of risky
choices were computed separately for gain and loss problems; these measures were compared for
promotion versus prevention orientation groups. The relevant descriptive statistics for these
outcome variables, both overall and split by regulatory focus groups, are shown in Table 15.

3

Outliers for sampled outcomes for gain and loss problems were identified, defined as values greater than 3
standard deviations above the mean. To reduce the influence of the outliers, any value above 3 standard deviations
was trimmed to 3 standard deviations above the mean. Only one outlier was identified for gain problems and one
outlier for loss problems (see Table 14C, Appendix C for the analysis).
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Table 15. Descriptive statistics for all independent and dependent variables: Overall and by
promotion and prevention focus groups (defined by median split on regulatory focus)
Variables
Regulatory focus score
Promotion focus score
Prevention focus score
DOSPERT subscale score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
# Sampled outcomes
All problems
Gain problems
Loss problems
# Risky choices
All problems
Gain problems
Loss problems

Overall
M (SD)
0.45 (1.07)
3.53 (0.65)
3.07 (0.92)
3.30 (1.38)
3.12 (0.97)
3.35 (0.86)
3.76 (0.88)
3.10 (1.08)
3.50 (0.91)

Promotion
M (SD)
1.33 (0.57)
3.80 (0.59)
2.47 (0.69)
3.65 (1.47)
3.33 (1.03)
3.21 (0.90)
3.76 (0.90)
2.86 (1.03)
3.57 (0.97)

Prevention
M (SD)
-0.42 (0.66)
3.25 (0.58)
3.67 (0.71)
2.94 (1.21)
2.91 (0.88)
3.49 (0.81)
3.77 (0.87)
3.34 (1.08)
3.43 (0.85)

t
----------

p
----------

182.73 (147.87)
88.60 (82.42)
92.76 (67.52)

184.83 (159.98)
94.29 (97.67)
89.03 (62.25)

180.63 (137.01)
82.91 (64.67)
96.49 (73.14)

0.12
0.57
-0.46

.906
.568
.647

6.69 (2.78)
3.27 (1.93)
3.41 (1.61)

6.94 (2.72)
3.31 (1.73)
3.63 (1.57)

6.43 (2.86)
3.23 (1.94)
3.20 (1.64)

0.77
0.20
1.12

.444
.846
.269

Note. Overall N = 70; Promotion group n = 35; Prevention group n = 35; DOSPERT = domain-specific risk-taking
scale.

The direction of differences between the regulatory focus groups on the outcome
variables are as follows. First, it needs to be noted that none of the mean differences between
those variables are significant based on the t-tests. Nonetheless, the descriptive differences
between promotion and prevention groups were described. The average number of sampled
outcomes for promotion individuals was higher than for prevention individuals for gain problems
(promotion M = 94.29 vs. prevention M = 82.91; t(68) = 0.57, p = .568). Second, the average
number of sampled outcomes for promotion individuals was lower than for prevention
individuals for loss problems (promotion M = 89.03 vs. prevention M = 96.49; t(68) = -0.46, p =
.647). Third, the average number of risky choices for promotion individuals was higher than for
prevention individuals for gain problems (promotion M = 3.31 vs. prevention M = 3.23; t(68) =
0.20, p = .846), and also for loss problems (promotion M = 3.63 vs. prevention M = 3.20; t(68) =
89

1.12, p = .269). Again, since none of these differences were statistically significant, no
meaningful conclusions are drawn.
Inferential Tests: Number of Sampled Outcomes by Motivational and Personality Factors, and
Choice Domain
To test for mean differences in number of sampled outcomes by choice domain and
different combinations of motivational and personality factors, three mixed-design ANOVAs
were conducted. The purpose of the analyses was to examine the relationships between
regulatory focus and number of sampled outcomes to answer both versions of H1. To review,
H1(A) proposed that promotion-focused individuals will sample more outcomes for gain
problems relative to loss problems, while prevention-focused individuals will sample more
outcomes for loss problems relative to gain problems. H1(B) proposed that promotion-focused
individuals will sample more outcomes for both gain and loss problems compared to preventionfocused individuals, who will sample fewer outcomes.
The first three models used number of sampled outcomes for gain and loss problems
(separately) as dependent variables. All three models (Models 1, 2, and 3) assessed the effect of
regulatory focus groups (as a between-subjects factor) and choice domain (as a within-subjects
factor), with each subsequent model adding additional covariates. Model 1 (results shown in
Table 16) included only the first two predictors (i.e., regulatory focus and choice domain). Model
2 (results shown in Table 17) accounted for the financial risk tolerance (DOSPERT) subscale
along with the variables in Model 1. Model 3 (results shown in Table 18) accounted for the Big-5
measures in addition to the variables in Model 2.
In Model 1, the interaction between regulatory focus and choice domain on number of
sampled outcomes was marginally significant (F(1, 68) = 3.26, p < .10). This suggests that the
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number of sampled outcomes varies by regulatory focus and choice domain. For gain problems,
promotion individuals sampled more outcomes (EMM = 94.29) relative to prevention individuals
(EMM = 82.91). In contrast, for loss problems, promotion individuals sampled fewer outcomes
(EMM = 89.03) relative to prevention individuals (EMM = 96.49). The main effect for choice
domain was not significant (F(1, 68) = 0.64, p = .428), nor was the main effect for regulatory
focus (F(1, 68) = 0.01, p = .910). This means that the number of sampled outcomes did not vary
by choice domain (gain vs. loss problems) nor by regulatory focus. Thus, both parts of H1 were
not supported by Model 1.
Table 16. Model 1 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains versus losses)

Between-subjects effects
Intercept
Regulatory focus split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Error (sampled outcomes)

df

F

p

!2

1
1
68

109.42
0.01
--

.000
.910
--

.617
.000
--

1
1
68

0.64
3.26
--

.428
.075
--

.009
.046
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size.

The second model tested for the effect of regulatory focus and choice domain on number
of sampled outcomes, controlling for the DOSPERT subscale. In Model 2 (Figure 3), there was a
significant interaction between regulatory focus and choice domain on number of sampled
outcomes (F(1, 67) = 4.66, p < .05), controlling for DOSPERT. This means that the number of
sampled outcomes varies by regulatory focus and choice domain, when accounting for financial
risk tolerance (DOSPERT). In the gain domain, promotion individuals sampled more outcomes
(EMM = 93.76) relative to prevention individuals (EMM = 83.44). In the loss domain, promotion
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individuals sampled fewer outcomes (EMM = 86.39) relative to prevention individuals (EMM =
99.13). Next, the interaction between the DOSPERT subscale and choice domain on number of
sampled outcomes was not significant (F(1, 67) = 2.38, p = .128). This means that the number of
sampled outcomes did not vary by financial risk tolerance (DOSPERT) and choice domain when
accounting for regulatory focus. Finally, all main effects in the model were not significant (ps >
.263, see Table 17). This indicates that the number of sampled outcomes did not vary by
regulatory focus, nor by financial risk tolerance (DOSPERT). Based on the findings from Model
2, H1 was supported, specifically H1(A).
Table 17. Model 2 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains versus losses), controlling for the DOSPERT subscale score

Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale score
Error (sampled outcomes)

df

F

p

!2

1
1
1
67

10.61
0.01
0.47
--

.002
.947
.495
--

.137
.000
.007
--

1
1
1
67

1.28
4.66
2.38
--

.263
.035
.128
--

.019
.065
.034
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Figure 3. Interaction of regulatory focus and choice domain predicting number of sampled
outcomes, controlling for the DOSPERT subscale score. DOSPERT evaluated in the model at
the following value = 3.30. Error bars represents ± 2 SE.
The third model, relevant to H1 and EQ1, tested for the interaction between regulatory
focus groups and choice domain on number of sampled outcomes controlling for the DOSPERT
subscale and the Big-5 measures. Recall that EQ1 explored the effect of broad personality traits
(Big-5) on decision behavior. In Model 3 (Figure 4), there was a significant interaction between
regulatory focus and choice domain on number of sampled outcomes (F(1, 62) = 4.82, p < .05),
controlling for DOSPERT and the Big-5 measures. This means that the difference in means for
number of sampled outcomes varies by both regulatory focus and choice domain when
accounting for financial risk tolerance (DOSPERT) and broad personality traits (Big-5). For gain
problems, promotion individuals sampled more outcomes (EMM = 92.21) relative to prevention
individuals (EMM = 84.99). For loss problems, promotion individuals sampled fewer outcomes
(EMM = 84.18) relative to prevention individuals (EMM = 101.33). Next, the interaction
between extraversion and choice domain on number of sampled outcomes was marginally
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significant (F(1, 62) = 3.44 p < .10), controlling for regulatory focus and the DOSPERT
subscale. This could suggest that the difference in means for number of sampled outcomes varies
between extraversion and choice domain when accounting for regulatory focus and financial risk
tolerance (DOSPERT). Extraversion was included in the model as a covariate; this interaction is
not the focus of any hypothesis or exploratory question and is not further discussed. As stated
before, all findings with the Big-5 personality scales should be treated with caution given the
very poor reliability scores. All remaining variables in the model were not significant (for
interactions ps > .110; for main effects ps > .307, see Table 18). Thus, findings from Model 3
support the predictions for H1, specifically H1(A). However, no significant relationships
between Big-5 personality and sampling behavior were found (EQ1).

94

Table 18. Model 3 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains versus losses), controlling for the DOSPERT subscale score and the
Big-5 measures

Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale score
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (sampled outcomes)

df

F

p

!2

1
1
1
1
1
1
1
1
62

1.90
0.07
0.08
0.18
0.09
0.39
1.06
0.00
--

.174
.798
.783
.675
.763
.534
.307
.981
--

.030
.001
.001
.003
.001
.006
.017
.000
--

1
1
1
1
1
1
1
1
62

0.01
4.82
2.63
3.44
0.05
0.62
2.27
2.18
--

.917
.032
.110
.068
.832
.433
.137
.145
--

.000
.072
.041
.053
.001
.010
.035
.034
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Figure 4. Interaction of regulatory focus and choice domain predicting number of sampled
outcomes, controlling for the DOSPERT subscale score and the Big-5 measures. Covariates
evaluated in the model at the following values: DOSPERT = 3.30; extraversion = 3.12;
agreeableness = 3.35; conscientiousness = 3.76; neuroticism = 3.10; openness = 3.50. Error bars
represents ± 2 SE.
Inferential Tests: Number of Risky Choices by Motivational and Personality Factors, and Choice
Domain
To test for mean differences in number of risky choices by choice domain and different
combinations of motivational and personality factors, three mixed-design ANOVAs were
conducted. The analyses examined the relationships between regulatory focus and risky choices
to answer both versions of H2, as well as to test the relationships between financial risk tolerance
and risky choices for H3. The three models used number of risky choices for gain and loss
problems (separately) as dependent variables. All three models (Models 1, 2, and 3) assessed the
effect of regulatory focus groups (as a between-subjects factor) and choice domain (as a withinsubjects factor), with each subsequent model adding additional covariates. Model 1 (see Table
19) included only regulatory focus and choice domain as predictors. Model 2 (see Table 20)
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accounted for the financial risk tolerance (DOSPERT) subscale along with the variables in
Model 1. Model 3 (see Table 21) accounted for the Big-5 measures in addition to the variables in
Model 2.
The hypotheses that were to be evaluated regarding risky choices were as follows. H2(A)
proposed that promotion-focused individuals will exhibit more risky choices for gain problems
relative to prevention-focused individuals. No prediction is made for promotion-focused
individuals for loss problems. In contrast, prevention-focused individuals will exhibit more risky
choices for loss problems relative to promotion-focused individuals. No prediction is made for
prevention-focused individuals for gain problems. H2(B) proposed that promotion-focused
individuals will exhibit more risky choices for both gain and loss problems relative to
prevention-focused individuals, who will exhibit fewer risky choices.
In Model 1, the interaction between regulatory focus and choice domain on number of
risky choices was not significant (F(1, 68) = 0.50, p = .482). This indicates that the number of
risky choices did not vary by regulatory focus and choice domain. Furthermore, there was no
significant main effect for choice domain (F(1, 68) = 0.35, p = .558) nor for regulatory focus
(F(1, 68) = 0.59, p = .444). This means that the number of risky choices did not vary by
regulatory focus, nor by choice domain. Thus, both versions of H2 were not supported by Model
1.
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Table 19. Model 1 mixed ANOVA predicting number of risky choices by regulatory focus and
choice domain (gains versus losses)

Between-subjects effects
Intercept
Regulatory focus split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Error (risky choices)

df

F

p

!2

1
1
68

401.10
0.59
--

.000
.444
--

.855
.009
--

1
1
68

0.35
0.50
--

.558
.482
--

.005
.007
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size.

The second model tested for the interaction between regulatory focus and choice domain
on number of risky choices, controlling for financial risk tolerance (DOSPERT) subscale. Hence,
the results of this model shed light on H2 and H3. H3 proposed that individuals with higher
tolerance for financial risk will make more risky choices for gain and loss problems combined,
relative to individuals with lower tolerance for financial risk. Model 2 found the interaction
between regulatory focus and choice domain on number of risky choices to be non-significant
(F(1, 67) = 0.19, p = .663), controlling for the DOSPERT subscale score. Thus, H2(A) was not
supported. Similarly, there was no significant interaction between DOSPERT and choice domain
on number of risky choices (F(1, 67) = 0.91, p = .345), controlling for regulatory focus.
Furthermore, there was no significant main effect for regulatory focus (F(1, 68) = 0.05, p =
.823), nor for choice domain (F(1, 68) = 0.44, p = .510). Thus, H2(B) was not supported.
However, there was a significant main effect for the DOSPERT subscale on number of risky
choices (F(1, 67) = 4.40, p < .05). This finding indicates that the number of risky choices varies
by financial risk tolerance (DOSPERT), supporting H3.
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Table 20. Model 2 mixed ANOVA predicting number of risky choices by regulatory focus and
choice domain (gains versus losses), controlling for the DOSPERT subscale score

Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale score
Error (risky choices)

df

F

p

!2

1
1
1
67

32.76
0.05
4.40
--

.000
.823
.040
--

.328
.001
.062
--

1
1
1
67

0.44
0.19
0.91
--

.510
.663
.345
--

.007
.003
.013
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.

The third model, relevant to H2, H3, and EQ1, tested for the interaction between
regulatory focus and choice domain on number of risky choices controlling for the DOSPERT
subscale score and the Big-5 measures. To review, EQ1 explored the effect of broad personality
traits (Big-5) on decision behavior. Model 3 had no significant interactions (ps > .269, see Table
21) and no significant main effects (ps > .124, see Table 21). This means that the number of
risky choices did not vary by regulatory focus, financial risk tolerance (DOSPERT), and broad
personality traits (Big-5), nor by the interactions between choice domain and any of those
factors. Again, care needs to be taken in meaningfully interpreting the Big-5 measures given
their low reliability performance in this sample. Based on the findings from Model 3, both
versions of H2 and H3 were not supported. Furthermore, in regard to EQ1, Model 3 offers no
support for any relationships of the Big-5 personality factors to risky choices. However, it should
be noted that Model 3 is underpowered, since 15 effects are tested with only 70 participants.
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Table 21. Model 3 mixed ANOVA predicting number of risky choices by regulatory focus and
choice domain (gains versus losses), controlling for the DOSPERT subscale score and the Big-5
measures

Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale score
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (risky choices)

df

F

p

!2

1
1
1
1
1
1
1
1
62

8.07
0.19
2.43
1.72
0.00
1.78
0.32
0.23
--

.006
.666
.124
.194
.962
.187
.573
.632
--

.120
.003
.038
.027
.000
.028
.005
.004
--

1
1
1
1
1
1
1
1
62

0.36
0.05
0.65
0.46
0.59
0.31
1.24
0.04
--

.550
.825
.424
.499
.444
.582
.269
.846
--

.006
.001
.010
.007
.009
.005
.020
.001
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.

Effects of Motivational and Personality Factors on Decision Behavior
In order to address the second exploratory question (EQ2), assessing the associations and
correlations among the three constructs, Pearson correlations were computed between the seven
predictors (i.e., regulatory focus split, DOSPERT subscale score, and the Big-5 measures) and
the four dependent variables reflecting decision behavior: sampled outcomes for gain problems,
sampled outcomes for loss problems, risky choices for gain problems, and risky choices for loss
problems. These correlations are shown in Table 22.
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Table 22. Pearson correlations between motivational and personality factors (variables 1-10)
with decision behavior (variables 11-16)
1.

2.

3.

4.

5.

6.

7.

8.

9.

10.

11.

12.

13.

14.

15.

1. Regulatory focus split

--

2. Regulatory focus score

.82**

--

3. Promotion focus score

.43**

.52**

--

4. Prevention focus score

-.66**

-.80**

.10

--

5. DOSPERT subscale score

.26*

.25*

-.12

-.37**

--

6. Extraversion

.22†

.25*

.29*

-.09

.13

--

7. Agreeableness

-.16

-.07

.12

.17

-.17

.14

--

8. Conscientiousness

-.01

-.01

.50**

.36**

-.30*

.15

.09

--

9. Neuroticism

-.23†

-.21†

-.19

.10

-.21†

-.22†

-0.11

.08

--

10. Openness

.08

.19

.10

-.15

-.02

.23†

-.13

.08

.08

--

11. Sampled outcomes, All

.01

.03

.12

.06

.08

.09

.05

-.08

-.15

-.01

--

12. Sampled outcomes, Gain

.07

.06

.13

.02

.04

.12

.06

-.08

-.12

-.03

.97**

--

13. Sampled outcomes, Loss

-.06

-.02

.09

.09

.13

.03

.04

-.10

-.20†

.02

.95**

.84**

--

14. Risky choices, All

.09

.02

-.19

-.15

.26*

-.13

-.08

-.26*

-.10

.00

.35**

.31**

.38**

--

15. Risky choices, Gain

.02

-.03

-.13

-.05

.13

-.07

.00

-.20†

.00

.02

.39**

.36**

.41**

.84**

--

16. Risky choices, Loss

.13

.06

-.19

-.20†

.31**

-.14

-.14

-.22†

-.18

-.03

.16

.12

.20

.78**

.31**

Note. N = 70; **p < .01; *p < .05, † p < .10.

These correlations can be used both to explore the relationships between the Big-5
measures and decision behavior (relevant to EQ1), and to evaluate the relationships between the
seven predictors to detect how distinct regulatory focus is (or might be) from the other two
factors (EQ2). The simple correlations between Big-5 measures and the outcomes may have
more power to detect relationships compared to the inferential tests done in Model 3 (see Tables
18 and 21).
Indeed, Table 22 displayed three marginally significant correlations between the Big-5
measures and decision behavior. First, conscientiousness had a marginally significant negative
correlation with number of risky choices for gain problems (r = -.20, p < .10) and with number of
risky choices for loss problems (r = -.22, p < .10). This could suggest that higher scores on the
conscientiousness scale were linked to fewer risky choices for both gain and loss problems.
Second, neuroticism had a marginally significant negative correlation with number of sampled
outcomes for loss problems (r = -.20, p < .10). This could indicate that participants who scored
higher on the neuroticism scale were sampling fewer outcomes for loss problems. These three
101

simple correlations are relevant to EQ1; nevertheless, it must be noted that the Big-5 scales had
very poor reliability here, so it is unclear how meaningful any (null or significant) findings are.
In relation to EQ2, as can been seen from Table 22, there were two significant
correlations and three marginally significant correlations. First, regulatory focus had a significant
positive correlation with the DOSPERT subscale score (r = .26, p < .05). This indicates that
promotion-oriented individuals were more tolerant of financial risk relative to preventionoriented individuals. Second, regulatory focus had a marginally significant positive correlation
with extraversion (r = .22, p < .10) and a marginally significant negative relationship with
neuroticism (r = -.23, p < .10). This could suggest that promotion individuals were more
extraverted and less neurotic compared to prevention individuals. Third, the DOSPERT subscale
correlated negatively with conscientiousness (r = -.30, p < .05), suggesting that individuals who
are more tolerant of risk in the financial domain tend to show lower scores on the
conscientiousness scale. Fourth, the DOSPERT measure displayed a marginally negative
correlation with neuroticism (r = -.21, p < .10). This could mean that those who scored higher on
the neuroticism scale were less tolerant of financial risk.
A supplementary analysis on the DOSPERT subscale provided additional support to
better describe its main effect on number of risky choices from Model 2 (see Table 20). There
was a significant correlation between DOSPERT and number of risky choices for loss problems
(r = .31, p < .01). This means that participants who were more tolerant of risk in the financial
domain made more risky choices for loss problems. There was no significant relationship
between the DOSPERT measure and number of risky choices for gain problems (r = .13, p =
.296), which means that the main effect observed in Model 2 was driven by the relationship
between DOSPERT and risky choices for loss problems.
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Aside from the primary findings, there was a significant correlation between two of the
four dependent variables reflecting decision behavior. Number of sampled outcomes for gain
problems was positively correlated with number of risky choices for gain problems (r = .36, p <
.01). This means that participants who sampled more outcomes in the gain domain made more
risky choices for gain problems. This finding supports previous work by Hills and Hertwig
(2010) which reported that the way people search the payoffs influence their subsequent choice
outcomes.
5.4 Discussion
The purpose of Study 2 was to examine the effect of individual-level factors on decision
behavior in an experience-based (sampling) paradigm. Although Study 2 was to some degree a
replication of Study 1, it was deemed important to run Study 2 using in-person participants as
opposed to ones recruited from Amazon’s Mechanical Turk online subject pool, as in Study 1. In
Study 1, across the 18 choice problems, AMT workers sampled on average 4.43 times (SD =
3.08; range 2.00 – 14.17), while in Study 2, across the 12 choice problems, in-person participants
sampled on average 5.23 times (SD = 12.32; range 2.00 – 57.83). Specifically, Study 2
investigated two hypotheses related to chronic regulatory focus orientation and decision
behavior, as well as a third hypothesis on the effect of financial risk tolerance on risky choices.
Furthermore, the study investigated two exploratory questions: the first one explored the
relationships between broad personality traits and decision behavior, and the second explored the
associations amongst chronic regulatory focus, financial risk tolerance, and broad personality
traits. Overall, the results from this study did provide some support for the hypotheses and
exploratory questions. The findings are discussed below.
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Chronic Regulatory Focus and Sampling Behavior (Number of Sampled Outcomes)
H1(A) predicted that promotion-focused individuals would sample more outcomes for
gain problems relative to loss problems, while prevention-focused individuals would sample
more outcomes for loss problems relative to gain problems. H1(B) predicted that promotionfocused individuals would sample more outcomes for gain and loss problems combined relative
to prevention-focused individuals, who would sample fewer outcomes.
The results from this study support H1(A). Sampled outcomes varied by regulatory focus
and choice domain when accounting for financial risk tolerance and broad personality traits. This
finding satisfies one of the main goals of this dissertation, which was to determine if chronic
regulatory focus predicted decision behavior over and above financial risk attitude and broad
personality traits. The study presented novel evidence for the effect of trait-level regulatory focus
on sampling behavior in an experience-based (sampling) paradigm. To the author’s knowledge,
no previous study has looked at the effect of chronic regulatory focus on sampling behavior;
thus, this finding broadens the applicability of regulatory focus theory and regulatory fit
(Higgins, 1997, 2000) beyond the DfD paradigm and into the DfE paradigm. Based on Higgins
(1997, 2000), individuals of each orientation use a specific strategy to achieve a desired goal.
Promotion-focused individuals experience ‘fit’ when they utilize an eagerness strategy to
approach gain-related outcomes. In contrast, prevention-focused individuals experience ‘fit’
when they utilize a vigilance strategy to avoid loss-related outcomes. Applied to the context of
the current study, promotion individuals experienced ‘fit’ by sampling more in the gain domain
relative to the loss domain to maximize potential financial gains. Conversely, prevention
individuals experienced ‘fit’ by sampling more in the loss domain relative to the gain domain to
minimize potential financial losses. Therefore, the outcome from Study 2 in reference to H1(A)
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is consistent with arguments made regarding the importance of regulatory fit between an
individual’s orientation and strategies or means (Avnet & Higgins, 2006).
With regard to H1(B), no main effect of regulatory focus on exploratory behavior (i.e.,
number of samples) was found. This finding does not align with previous work in the literature
by Kammerlander et al. (2015) that reported promotion-focused individuals to be positivelyrelated to exploratory activities (e.g., investigating new technologies) relative to preventionfocused individuals, who were negatively-related (see also Scholer & Higgins, 2012).
Chronic Regulatory Focus and Risky Choices (Number of Risky Choices)
It was hypothesized, based on regulatory focus theory and regulatory fit (Higgins, 1997,
2000), that promotion-focused individuals might feel more comfortable selecting the risky option
in the gain domain, while prevention-focused individuals might feel more comfortable selecting
the risky option in the loss domain; H2(A). Alternatively, for H2(B), it was hypothesized that
promotion-focused individuals might feel more comfortable selecting the risky option for both
gains and losses relative to prevention-focused individuals, who might feel more comfortable
selecting the sure-thing option.
The findings do not support either version of H2; there was no relationship between
regulatory focus and risky choices in an experience-based (sampling) paradigm. There are
several possible reasons for these findings. First, measuring regulatory focus may not reveal as
strong of relationships as manipulating regulatory focus. Manipulations are typically known to
illicit stronger reactions (Grossman & Mackenzie, 2005). This could have led to smaller effect
sizes, and null findings given the relative smaller sample size of the study. Further, best practices
with studying regulatory focus should include both measuring and manipulating regulatory focus
to accumulate consistent evidence across both operationalizations of regulatory focus. Prior
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studies have done just that, see Scholer et al. (2010) and Zou et al. (2014) where regulatory focus
was investigated at the trait-level (i.e., measured) and at the state-level (i.e., manipulated); study
3 in Scholer et al. (2010) and studies 2, 3, and 4 in Zou et al. (2014). Second, the questionnaire
used in both those previous studies (i.e., 2010 and 2014) to measure regulatory focus was the
self-guide strength measure (see Higgins, Shah, & Friedman, 1997). This questionnaire
determines a person’s chronic orientation by measuring his or her reaction time to list two selfattributes: ‘ideal’ and ‘ought’. The current study used a different measure, the regulatory focus
questionnaire (RFQ; see Higgins et al., 2001). According to Simms and Watsons (2007), this is
the best performing measure based on its predictive validity. On the other hand, a comprehensive
review across multiple studies found that the strength measure, along with the other three scales,
were not as strong predictors as the RFQ across different consumer research outcomes (e.g.,
product choice, investment choice, preference for jobs; Haws, Dholakia, & Bearden, 2010).
Given these concerns with the validity of the strength measure, it may not be fair to assume the
same latent construct was measured (or measured equivalently) across the studies, making
comparisons less meaningful. Third, the current study used choice problems in both the gain and
loss domains, in contrast to the previous work on regulatory focus in the DfD paradigm that
examined each choice domain only separately (see Scholer et al., 2010 for loss-framed problems;
Zou et al., 2014 for gain-framed problems). It could be that having participants evaluate decision
behavior for both gain and loss problems might somehow weaken the effect of choice domain
because of carryover effects. Thus, given the design differences between the current studies and
prior published studies, the divergence in findings may not be surprising.
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Financial Risk Tolerance and Risky Choices (Number of Risky Choices)
The findings support H3, that individuals with higher tolerance for financial risk would
make more risky choices overall, across both gain and loss problems. Participants displayed
different risk preferences as a function of their financial risk tolerance level. Furthermore, the
correlation analysis provided supplementary information on the directionality of the relationship,
which suggests financial risk tolerance is positively related to risk-seeking behavior in the loss
domain. This finding conceptually replicates previous work by Corter and Chen (2006), who
established that financial risk tolerance measures can predict investment portfolio composition in
terms of more and less risky assets. People with higher scores on a risk-tolerance questionnaire
(the RTQ) were more likely to have higher-risk portfolios (Corter & Chen, 2006).
Broad Personality Traits and Decision Behavior (Number of Sampled Outcomes and Number of
Risky Choices)
EQ1 concerned the effect of broad personality traits on decision behavior. In the current
study, the relationships between conscientiousness and risky choices for gain and loss problems
were marginally significant, as was the relationship between neuroticism and number of sampled
outcomes for loss problems. Given the low reliabilities of the Big-5 measures in the present data,
these findings were reported in the results section with no further interpretation. Thus, the results
do not provide any significant information to EQ1. The author predicts the reason behind the low
reliability scores might be due to respondent fatigue, given that the Big-5 questionnaire was
presented towards the end of the task (i.e., post decision task game, RFQ, and DOSPERT).
According to Lavrakas (2008), respondent fatigue can lead to poor quality data. Thus, future
studies should factor in the length and order of questionnaires in order to minimize the effect of
respondent fatigue and, therefore, prevent (or minimize) the deterioration of data.
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Chronic Regulatory Focus, Financial Risk Tolerance, and Broad Personality Traits
EQ2 concerned the relationships among chronic regulatory focus, financial risk tolerance,
and broad personality traits (i.e., are they distinct or related constructs?). The correlations
revealed two significant relationships. First, chronic regulatory focus was positively associated
with financial risk tolerance. Promotion-focused individuals had a higher tolerance for financial
risk relative to prevention-focused individuals. A study by Zou and Scholer (2016) reported on
individuals with chronic promotion orientation to exhibit higher propensity for risk-taking
behavior. Moreover, in the current study, financial risk tolerance was negatively associated with
conscientious. The higher the scores on the conscientiousness scale, the lower the tolerance
towards financial risk. In Soane and Chmiel (2005), data displayed a positive relationship
between conscientiousness and risk-aversive behavior. Hence, the findings from the current
study provide relevant information to EQ2.
Other Secondary Findings
Beside the primary findings, the correlations displayed a significant positive relationship
between the number of times people sampled across gain problems and number of risky choices
selected in the gain domain. The results supported previous work by Hills and Hertwig (2010)
that postulated the way people sample the payoffs guide their subsequent choices. The ability to
capture search behavior is not available in a description-based paradigm because the information
was always provided and no search was needed; this is not the case for the experience-based
(sampling) paradigm where search behavior is an inherent aspect of the paradigm. Thus, the
finding from the current study provides further insight into the nature of search behavior and its
influence on risky choices in the sampling paradigm.
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Concluding Remarks and Limitations
Study 2 examined the effect of three trait-level factors on experience-based decision
behavior using the sampling paradigm. The study is the first to test and find chronic regulatory
focus orientation to significantly predict sampling behavior (controlling for financial risk
tolerance and broad personality traits). Some decision theorists (e.g., Toplak & Weller, 2016) are
proposing to adopt a more individualistic approach when examining decision behavior; hence,
this study provides new information that serves that purpose by addressing how dispositional
motivation plays an important role in directing sampling behavior in an experience-based
(sampling) paradigm.
As with the previous studies in this dissertation, there are several limitations. First,
pragmatic constraints prevented the researcher from recruiting more participants which might
have increased power to detect smaller effect sizes (and have more confidence in null results).
Second, most of the participants were graduate students; thus, future work should recruit from a
more diverse participants pool to rule out external validity concerns.
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Chapter 6: General Discussion
The broad aim of this dissertation was to investigate whether differences in people’s
dispositional motivation (i.e., regulatory focus; Higgins, 1997) and manners of goal pursuit (i.e.,
regulatory fit; Higgins, 2000) can lead to differences in decision behavior in an experience-based
(sampling) paradigm. Further, the dissertation examined the effect of other possibly relevant
dispositional factors (financial risk tolerance and broad personality traits) on decision behavior,
and explored the relationships among the three sets of dispositional predictors: chronic
regulatory focus, financial risk tolerance, and broad personality traits.
Previous theories (e.g., prospect theory; Kahneman & Tversky, 1979) have described
human decision-making through an aggregate lens. These approaches sought to establish a single
predictive model or principle that could be used to explain decisions for all people. With time,
some decision theorists (e.g., Parker & Fischhoff, 2005; West, Toplak, & Stanovich, 2008) began
to call for a more individualized approach to better understand decision behavior. These
approaches acknowledge that individuals differ from one another, and that a single static theory
or model cannot account for the differences between individuals. People vary on many
dimensions, and numerous theories have documented how these individual differences lead to
different decision behaviors.
One such theory is regulatory focus theory (Higgins, 1997), which addresses how
people’s motivational orientation (i.e., promotion-focused vs. prevention-focused) can lead to
two distinct patterns of behavior during goal pursuit. For example, promotion-focused people are
oriented to approach gains (i.e., they are motivated to gain money). In contrast, preventionfocused people are oriented to avoid losses (i.e., they are motivated to not lose money).
Additionally, each orientation tends to utilize a specific type of strategy when pursuing goals
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(eagerness strategy vs. vigilance strategy). This notion led to the extension of regulatory focus
theory to regulatory fit (Higgins, 2000).
To address the broad aim of the dissertation, the next two sections will discuss the
theoretical implications of the findings for chronic regulatory focus, and how it is associated with
experience-based decision behavior, as well as implications for understanding the decisionsfrom-experience (DfE) paradigm. Of the three studies (i.e., pilot study, Study 1, and Study 2), the
focus in this discussion will be on Study 2, because it yielded the highest quality data, whereas
the pilot study was underpowered and there were concerns with data quality in Study 1.
Theoretical Implications
To the author’s knowledge, the present studies are the first to address the effect of
dispositional motivation orientation and strategic inclination on explorative behavior using the
sampling paradigm. Here, participants sampled differently in gain problems versus loss problems
based on their chronic regulatory focus. Specifically, the study found that promotion-focused
individuals explored more gain-related outcomes relative to loss-related outcomes in-pursuit of
maximizing potential financial gains. Conversely, prevention-focused individuals explored more
loss-related outcomes relative to gain-related outcomes in-pursuit of minimizing potential
financial losses. This finding aligns with the prediction of regulatory focus theory and regulatory
fit. Hence, accounting for individual differences in chronic regulatory focus orientation helped
predict people’s sampling behavior. However, the effect was only found in Study 2 when
controlling for financial risk tolerance, suggesting that it may not be a strong effect. More
generally, the results support the idea that accounting for individual differences is important in
order to accurately predict decision behavior.
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Implications for Understanding the Decisions-from-Experience (DfE) Paradigm
As mentioned in previous sections, studies have shown that choice outcomes
systematically vary depending on the decision context (i.e., description-based vs. experiencebased). This dissertation is the first to demonstrate the effect of chronic regulatory focus on
decision behavior in the DfE paradigm, where people learn about the unknown payoffs via
experience. This is important because previous work has argued that DfE is psychologically
distinct from the decisions-from-description (DfD) paradigm, where people receive complete and
explicit information about the decision payoffs. The DfE paradigm has received much attention
in the past 15 years or so because its method of presentation resembles real life situations. In real
life, outside the laboratory, people are rarely provided with explicit information and must rely on
their experience to garner as much information as they can before making a decision (e.g.,
travelling into a new city, dining in a new restaurant). However, studies have shown that when
people rely on personal experience and learning from outcome feedback, this often leads to
distinctively different choice outcomes compared to if the same situation were described (e.g.,
Hertwig et al., 2004; Wulff et al., 2018).
In addition to the main finding on the relation of chronic regulatory focus to sampling
behavior, which confirmed the robustness of regulatory focus theory and regulatory fit in the
DfE paradigm, Study 2 found different risky choice behavior as a function of one’s financial risk
tolerance level. Participants who were more tolerant of risk in the financial domain more often
made risky choices for loss problems. The present result is consistent with results by Corter and
Chen (2006), and with the idea that risk preference is domain-specific and not domain general
(see Weber et al., 2002). However, this is the first study that corroborates the predictive validity
of risk tolerance using the domain-specific risk-taking scale (i.e., DOSPERT) in an experience-
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based (sampling) paradigm. Thus, whether decisions are described or experienced, it is important
to account for people’s risk preferences in that specific life domain, in order to get a more
accurate understanding of their risk proclivities.
Besides the effect of chronic regulatory focus and financial risk tolerance on decision
behavior, Study 2 reported a positive relationship between promotion-focus and financial risk
tolerance. This finding aligns with the results from Zou and Scholer (2016), who reported that
promotion individuals displayed variability in risk behavior as opposed to prevention individuals,
who exhibited stability in risk behavior across domains. Specifically, promotion individuals were
risk-seeking in the financial and social domain relative to the other domains in the DOSPERT
model. Conversely, prevention individuals were risk-averse across the five domains (Zou &
Scholer, 2016). Again, the present study is the first to report results regarding the relationship
between financial risk tolerance and chronic regulatory focus in the DfE paradigm.
Subject Selection for Decision Research
In this section, one possible reason for the null results of Study 1 is proposed, based on
participant work quality. Although use of online worker participants has increased in recent
years, so has awareness of the limitations and dangers in doing so. There are several drawbacks
for hiring Mechanical Turk (MTurk) workers, especially in studies that require consistent and
high attention levels, such as the ones in this dissertation.
It is acknowledged that recruiting MTurk workers has several benefits. For example,
participants are anonymous (i.e., no face-to-face interaction), the MTurk population is more
diverse compared to the student population, and data are collected more rapidly relative to inperson participants (Goodman et al., 2013; Hamby & Peterson, 2016). However, there are
several disadvantages associated with using MTurk workers. First, several researchers have
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expressed concerns over the meager level of attention MTurk workers apply in tasks (e.g.,
Oppenheimer et al., 2019; Paolacci, Chandler, & Ipeirotis, 2010). For example, (Goodman et al.,
2013), presented MTurk workers with an attention-level test and found them to perform poorly
compared to non-MTurk population. Furthermore, MTurk workers are more likely to skim
through the study material due to the lack of supervision and low financial compensation
(Goodman et al., 2013; Paolacci et al., 2010). In reference to Study 1, that could explain the
lower number of samples by participants compared to Study 2, which recruited in-person
participants. In Study 1, across the 18 choice problems, MTurk workers sampled only 4.43
outcomes per problem on average (SD = 3.08; range 2 – 14.17), while in Study 2, across the 12
choice problems, in-person participants sampled an average of 15.23 outcomes per problem (SD
= 12.32; range 2 – 57.83)4. This is a striking difference.
Second, studies have shown MTurk workers to exert less cognitive effort when working
on studies that require deliberate and effortful work compared to “live” student participants
(Crump, McDonnell, & Gureckis, 2013; Goodman et al., 2013). Additionally, other studies
found MTurk workers to not follow instructions accurately (Oppenheimer et al., 2009) and to be
less motivated than non-MTurk participants (Paolacci & Chandler, 2014). Particularly, in longer
studies (i.e., > 5 minutes), MTurk workers performed significantly worse than non-MTurk
workers (Goodman et al., 2013). In Study 1, the estimated average time for completing the study
ranged from 15 to 30 minutes. Thus, it could be that the duration of the study contributed to the
poor-quality data received in Study 1. Third, MTurk workers varied significantly from general
norms, and likely do not represent the desired target population of average, everyday individuals
(Goodman et al., 2013). They were less extraverted, had lower self-esteem, and were more risk-

4

The statistics for Study 1 do not include the 28 excluded subjects; these are the values from the analytic sample.
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averse than non-MTurk participants (Goodman et al., 2013). More specifically, in decisionmaking tasks, researchers reported that MTurk workers do not perform in a typical manner. For
example (Paolacci et al., 2010) reported MTurk workers to be more risk-averse when responding
to the ‘Asian Disease’ problem originally created by (Tversky & Kahneman, 1981) compared to
the non-MTurk sample. Put simply, MTurk workers displayed stronger preferences for outcomes
that were certain (i.e., sure-thing option) than risky. In regard to Study 1, these MTurk
characteristics might have resulted in a sample that was more risk-averse than the general
population. This could explain why significant differences in risk preferences might have not
been detected between groups (i.e., promotion-focused vs. prevention-focused groups). The
inclination to be risk-averse might have overpowered MTurk workers’ chronic dispositional
orientation.
In general, MTurk workers may not be the most appropriate source for participants in
financial decision-making studies, particularly in studies of DfE. Although there may be ways to
overcome biases and other limitations of online or remote participants, the highest quality data
may come from in-person participants.
6.1 Limitations
Although this dissertation is the first to address the effect of trait-level motivation
orientation and strategic inclination on sampling behavior in an experience-based (sampling)
paradigm, it does have limitations. First, all three studies (i.e., pilot study, Study 1, and Study 2)
were observational studies with regulatory focus orientation being measured and not
manipulated. Measuring regulatory focus as opposed to manipulating it may have led to weaker
relationships (e.g., Scholer et al., 2010; Zou et al., 2014). Given that state- and trait-level
regulatory focus are predicted to have the same relationships with decision outcomes, using
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regulatory focus manipulations may be a stronger study design to detect relationships with
relatively smaller samples (as in Study 2). Hence, future studies may want to combine both
measured and manipulated designs in order to maximize the effect of regulatory focus on the
dependent variables. This may have been particularly relevant for the current set of studies given
the relatively smaller sample sizes and potentially noisier data (i.e., online participants in Study
1).
Second, the decision task game consisted of two binary options (i.e., sure-thing vs. risky),
which are beneficial in exploring decision behavior given its simplistic procedure. Yet, not all
real-life choices are dichotomous, for example, selecting a method of transportation in New York
City might include 4 or 5 options (a) car (including taxis and ride services), (b) subway, (c) bus,
(d) bicycle, (e) walking. Further studies should examine decision behavior in a range of choice
options to resemble real life situations in order to gain powerful insights into the psychology of
decision-making (Hertwig, 2015). Third, the size of the financial stakes across all three
experiments here are not comparable to important real-life decisions. This might have caused
participants to not take the experiment seriously, especially regarding their explorative efforts.
Earlier studies have argued against the artificiality and validity of experiments that contained
small financial stake sizes (e.g., Falk & Fehr, 2003). That said, increasing the financial incentives
may not be possible for most studies run in academic settings, where sufficient funds to increase
the stakes may not be available. Fourth, in the pilot study and in Study 2, in-person participants
were recruited from one college campus, and thus may not be representative of a broader
population. Yet, almost all experiments in the field of social sciences use college-level
participants (e.g., Camilleri & Newell, 2011; Petrova, Tracyzk, & Garcia-Retamero, 2018;
Wulff, Hills, & Hertwig, 2015).
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6.2 Future Directions
From a theoretical standpoint, this dissertation has shown that accounting for trait-level
factors, such as motivation orientation, domain-specific risk tolerance, and personality
characteristics can help explain experience-based decision behavior. In particular, chronic
regulatory focus and regulatory fit do provide insight into how individual differences lead to
distinct sampling behavior. Additionally, people’s risk propensity varies according to their level
of financial risk tolerance. The author hopes to conduct or encourage more research in decisionmaking aimed at accounting for individual variability in the DfE paradigm. A subsequent study
directly building on these findings should adopt the following recommendations. First, to ensure
more valid estimation of decision behavior, it is best to recruit in-person participants as opposed
to online participants. Equally important, for the findings to be generalizable to the population at
large, participants are best recruited from various locations, and not just from one geographical
and cultural area, as was the case in the pilot study and Study 2.
Second, purely observational studies such as these are useful for the purpose of exploring
relationships amongst variables. However, to identify effects of regulatory focus and regulatory
fit, it might be better to manipulate regulatory focus as a state variable in addition to measuring it
as a trait. For example, a replication study might be conducted as a quasi-experimental design
where participants are assigned to conditions based on their pre-existing chronic orientations
(measured in a prescreening). Prevention and promotion groups can then undergo an orientation
priming activity (e.g., writing about a time they sought gains or avoided losses), before
completing the DfE task.
Third, to avoid issues related to low power because of the small sample size (as in the
pilot study), future work should plan to recruit a larger sample size in order to detect effects with
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medium or smaller effect sizes. Fourth, in order to properly assess decision behavior, several
adjustments can be applied to experience-based decision tasks, especially in regard to the
sampling paradigm. For instance, participants could be given warm-up choice problems before
the start of the actual experiment. These problems would be designed for testing purposes, where
participants are required to sample ten times to uncover the unknown payoffs and be made aware
that the value behind the risky option is not constant. Moreover, the left-right positioning of
decision options might be counterbalanced, so that participants realize that the position of surething and risky options are subject to change behind the right-left buttons. Finally, future studies
should consider assigning higher monetary payoffs to the bonus obtained based on the
performance in the game, so participants take the task more seriously.
Additionally, our knowledge of individual differences in decision-making might benefit
if future researchers incorporated more diverse measures of important individual differences
such as: SES, locus of control, acculturation, sub-domains of personality, education level,
different cultural backgrounds (collectivistic vs. individualistic).
6.3 Concluding Remarks
The purpose behind this work was to examine the effect of a well-established
motivational framework (i.e., regulatory focus theory and regulatory fit) to help explain
experience-based decision behavior. Regulatory focus orientation is particularly relevant in the
decision-making domain because it provides a “valuable motivational framework for
understanding risk-seeking behavior” (Scholer et al., 2010, p. 215) by explaining how one’s
orientation (i.e., promotion vs. prevention) and matched strategy (i.e., eager vs. vigilant) can lead
to two desired end goals (i.e., for promotion to approach gain-related outcomes; for prevention to
avoid loss-related outcomes). Furthermore, the present work added two other trait-level factors
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(i.e., financial risk tolerance and broad personality traits) to investigate whether regulatory focus
orientation can help explain decision behavior over and above the effect of those two factors.
Study 2 provided an original finding; people’s exploratory efforts varied as a function of their
chronic regulatory focus orientation when accounting for financial risk tolerance and broad
personality traits. Though the results in Study 2 provided no insights into the effect of chronic
regulatory focus on risky choices, people’s inclination to seek or avoid risk was influenced by
their level of tolerance for financial risk.
For years, decision theorists have been investigating decision behavior using simple
choices (e.g., sure-thing vs. risky options) within monetary gambles where information about the
outcome distribution were described (DfD). With time, a new paradigm (DfE) emerged where
people were given the opportunity to explore the payoffs to identify the outcomes prior to
making an informed decision. Because DfE can be argued to more accurately resemble real life
conditions, more and more researchers have directed their attention to investigate risk-taking
behavior, as well as sampling behavior (a feature unique to DfE) in an experience-based decision
context. Equally relevant was the migration of behavioral decision-making models from
describing decision behavior at the aggregate level to the individual level. For example, Scholer
et al. (2010) argued for the importance of accounting for individual variability in decisionmaking by noting that loss aversion is not equal amongst people; the psychological effect of
losing is much more impactful to prevention-focused individuals than promotion-focused
individuals. The present dissertation supports this line of development in decision theory by
recognizing the importance of accounting for how we as humans are unique individuals, with
different personalities and motivational drives, and how these differences lead us to make
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distinct choices. The more we can better understand these differences, the more accurately we
can comprehend and thus predict human decisions.
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Appendix A
Choice Problems (Pilot Study)
GAIN

Surething

Risky

Base Pay

A

P(A)

EV(A)

B

P(B)

EV(B)

EV Ratio

CP#1

$0.25

1.00

$0.25

$1.00

0.40

$0.40

1.60

CP#2

$0.15

1.00

$0.15

$0.50

0.60

$0.30

2.00

CP#3

$0.20

1.00

$0.20

$1.50

0.20

$0.30

1.50

CP#4

$0.10

1.00

$0.10

$2.00

0.10

$0.20

2.00

LOSS

Surething

Risky

Base Pay

A

P(A)

EV(A)

B

P(B)

EV(B)

EV Ratio

CP#5

-$0.25

1.00

-$0.25

-$1.00

0.40

-$0.40

1.60

CP#6

-$0.15

1.00

-$0.15

-$0.50

0.60

-$0.30

2.00

CP#7

-$0.20

1.00

-$0.20

-$1.50

0.20

-$0.30

1.50

CP#8

-$0.10

1.00

-$0.10

-$2.00

0.10

-$0.20

2.00
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Choice Problems (Study 1)
FORM X
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Choice Problems (Study 1)
FORM Y
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Choice Problems (Study 2)
Prob #
CP#1
CP#2
CP#3
CP#4
CP#5
CP#6
CP#7
CP#8
CP#9
CP#10
CP#11
CP#12

A
0.50
7.00
1.25
2.50
0.60
1.50
-0.50
-7.00
-1.25
-2.50
-0.60
-1.50

P(A)
1.00
0.15
1.00
0.50
1.00
0.90
1.00
0.15
1.00
0.50
1.00
0.90

EV(A)
0.50
1.05
1.25
1.25
0.60
1.35
-0.50
-1.05
-1.25
-1.25
-0.60
-1.35

B
8.25
0.55
5.00
0.75
1.25
1.00
-8.25
-0.55
-5.00
-0.75
-1.25
-1.00

P(B)
0.10
1.00
0.30
1.00
0.70
1.00
0.10
1.00
0.30
1.00
0.70
1.00

S-S
0.00

S-R
-20.85

R-S
20.85

R-R
0.00

S
R

Sure-thing
Risky
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EV(B)
0.83
0.55
1.50
0.75
0.88
1.00
-0.83
-0.55
-1.50
-0.75
-0.88
-1.00

Appendix B
Survey Questionnaires (Pilot Study)
Regulatory focus questionnaire (Higgins et al., 2001)
This set of questions asks you how frequently specific events actually occur or have occurred in
your life. Please indicate your answer to each question by circling the appropriate number below
it.
1. Compared to most people, are you typically unable to get what you want out of life?
1
2
3
4
5
Never or seldom
Sometimes
Very often
2. Growing up, would you ever “cross the line” by doing things that your parents would not
tolerate?
1
2
3
4
5
Never or seldom
Sometimes
Very often
3. How often have you accomplished things that got you “psyched” to work even harder?
1
2
3
4
5
Never or seldom
Sometimes
Very often
4. Did you get on your parents’ nerves often when you were growing up?
1
2
3
4
Never or seldom
Sometimes

5
Very often

5. How often did you obey rules and regulations that were established by your parents?
1
2
3
4
5
Never or seldom
Sometimes
Very often
6. Growing up, did you ever act in ways that your parents thought were objectionable?
1
2
3
4
5
Never or seldom
Sometimes
Very often
7. Do you often do well at different things that you try?
1
2
3
Never or seldom
Sometimes
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4

5
Very often

8. Not being careful enough has gotten me into trouble at times.
1
2
3
Never or seldom
Sometimes

4

5
Very often

9. When it comes to achieving things that are important to me, I find that I don’t perform as well
as I ideally would like to do.
1
2
3
4
5
Never true
Sometimes true
Very often true
10. I feel like I have made progress toward being successful in my life.
1
2
3
4
Certainly false

5
Certainly true

11. I have found very few hobbies or activities in my life that capture my interest or motivate me
to put effort into them.
1
2
3
4
5
Certainly false
Certainly true
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Investment risk tolerance instrument (Corter, 2011)
1. Please indicate if you have ever actively invested in stock and bond markets, and for how
long if so?
o I have never invested in stock or bond markets
o Less than 4 years
o 4-7 years
o 7-10 years
o More than 10 years
2. The annual growth performance of two investment funds for the past 3 years is summarized
below. If you had $5000 to invest, which fund would you prefer to invest in? [Please select the
one you prefer]
Performance:
(3 yrs. Ago)
(2 yrs. Ago)
(1 yr. ago)
o Fund A:
up 8%
up 7%
up 8%
o Fund B:
up 10%
up 3%
up 16%
3. If I were an active investor, my primary goal would be to:
o Preserve my capital
o Provide a steady income flow with little risk to my principal
o Maximize the growth of my portfolio, even if it entails a moderate risk of losses in any
one year
4. Suppose you could make either of two investments with virtually no risk, that offer the
following returns over a period of roughly one month. Which investment would you prefer?
[Please select one]
o Investment A: a sure gain of $2,000
o Investment B: a 40% chance of gaining $10,000
5. Imagine that you are considering putting $1,000 into a promising but speculative investment.
You estimate that the investment has a 50% chance of being worth $5000 after 1 year, and a 50%
chance that it will be worthless at that time (i.e., you lose the $1,000). Would you invest in this
venture? [Please select Yes or No]
o Yes
o No
6. Imagine that you have invested several thousand dollars into a stock, and after a brief period
of good performance the stock suddenly loses 20% in value without major changes in the overall
market. What is your reaction most likely to be? [Please select the ONE answer that best
describes your reaction]
o Just hold on to the stock – the original reasons to invest are still valid
o Sell the stock immediately to avoid the danger of further losses
o Hold the stock, but only until the price comes back up to near where you bought it, then
sell it
o Consider this a buying opportunity and invest additional money in the stock
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7. The charts below show the 5-year returns for two investment funds. Please select the fund you
would be more likely to invest $3,000 in. [Please select one]
o Fund A
o Fund B

8. Compared to the investment knowledge of typical individual investors, how would you rate
yourself?
o More knowledgeable
o About average in knowledge
o Less knowledgeable
9. Of the following investments, which would you prefer? [Please select one]
o An investment that is projected to grow between 6% and 9% annually
o An investment that is projected to grow between 0% and 18% annually
o An investment that is projected to grow between -3% and 25% annually
10. Would you invest $2,500 in a venture that offers a ¾ chance of doubling your money within
3 months (to $5,000) and a ¼ chance of losing the entire $2,500?
o Yes
o No
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Big-5 personality inventory (Rammstedt & John, 2007)
How well do the following statements describe your personality?
1. I see myself as someone who is reserved.
1
Disagree strongly

2
Disagree a little

3
Neither agree nor
disagree

4
Agree a little

5
Agree strongly

4
Agree a little

5
Agree strongly

4
Agree a little

5
Agree strongly

4
Agree a little

5
Agree strongly

4
Agree a little

5
Agree strongly

4
Agree a little

5
Agree strongly

4
Agree a little

5
Agree strongly

4
Agree a little

5
Agree strongly

4
Agree a little

5
Agree strongly

4
Agree a little

5
Agree strongly

2. I see myself as someone who is generally trusting.
1
Disagree strongly

2
Disagree a little

3
Neither agree nor
disagree

3. I see myself as someone who tends to be lazy.
1
Disagree strongly

2
Disagree a little

3
Neither agree nor
disagree

4. I see myself as someone who is relaxed, handles stress well.
1
Disagree strongly

2
Disagree a little

3
Neither agree nor
disagree

5. I see myself as someone who has few artistic interests.
1
Disagree strongly

2
Disagree a little

3
Neither agree nor
disagree

6. I see myself as someone who is outgoing, sociable.
1
Disagree strongly

2
Disagree a little

3
Neither agree nor
disagree

7. I see myself as someone who tends to find fault with others.
1
Disagree strongly

2
Disagree a little

3
Neither agree nor
disagree

8. I see myself as someone who does a thorough job.
1
Disagree strongly

2
Disagree a little

3
Neither agree nor
disagree

9. I see myself as someone who gets nervous easily.
1
Disagree strongly

2
Disagree a little

3
Neither agree nor
disagree

10. I see myself as someone who has an active imagination.
1
Disagree strongly

2
Disagree a little

3
Neither agree nor
disagree
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Demographic survey
1. Sex
o Male
o Female
2. What is your age (in years)? __________
3. What is your native language (i.e., the one you speak most of the time)? __________
4. What is your highest level of education?
o Less than high school graduate
o High school graduate (e.g., GED)
o Some college
o Associate degree (e.g., AA, AS)
o Bachelor’s degree (e.g., BA, BS)
o Master’s degree or higher (e.g., MA, MS, Med, PhD, EdD)
o Professional degree (e.g., MD, JD)
5. What is your employment status?
o Full-time student
o Part-time student
o Full-time employee
o Part-time employee
o Unemployed
o Retired
6. What is your annual household income?
o Under $15,000
o $15,001 - $25,000
o $25,001 - $35,000
o $35,001 - $50,000
o $50,001 - $75,000
o $75,001 - $100,000
o $100,001 - $150,000
o Over $150,000
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Survey Questionnaires (Study 1)
Domain-specific risk-taking scale (Blais & Weber, 2006)5
For each of the following statements, please indicate the likelihood that you would engage in the
described activity or behavior if you were to find yourself in that situation. Provide a rating from
extremely unlikely to extremely likely, using the following scale.
1. Betting a day’s income at the horse races.
__________________________________________________________________________________________
1
2
3
4
5
6
7
Extremely
Moderately
Somewhat
Not Sure
Somewhat
Moderately
Extremely
Unlikely
Unlikely
Unlikely
Likely
Likely
Likely

2. Investing 10% of your annual income in a moderate growth diversified fund.
__________________________________________________________________________________________
1
2
3
4
5
6
7
Extremely
Moderately
Somewhat
Not Sure
Somewhat
Moderately
Extremely
Unlikely
Unlikely
Unlikely
Likely
Likely
Likely

3. Betting a day’s income at a high-stake poker game.
__________________________________________________________________________________________
1
2
3
4
5
6
7
Extremely
Moderately
Somewhat
Not Sure
Somewhat
Moderately
Extremely
Unlikely
Unlikely
Unlikely
Likely
Likely
Likely

4. Investing 5% of your annual income in a very speculative stock.
__________________________________________________________________________________________
1
2
3
4
5
6
7
Extremely
Moderately
Somewhat
Not Sure
Somewhat
Moderately
Extremely
Unlikely
Unlikely
Unlikely
Likely
Likely
Likely

5. Betting a day’s income on the outcome of a sporting event.
__________________________________________________________________________________________
1
2
3
4
5
6
7
Extremely
Moderately
Somewhat
Not Sure
Somewhat
Moderately
Extremely
Unlikely
Unlikely
Unlikely
Likely
Likely
Likely

6. Investing 10% of your annual income in a new business venture.
__________________________________________________________________________________________
1
2
3
4
5
6
7
Extremely
Moderately
Somewhat
Not Sure
Somewhat
Moderately
Extremely
Unlikely
Unlikely
Unlikely
Likely
Likely
Likely

5

The six financial-domain questions of the DOSPERT measure.
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Demographic survey
1. Sex
o Male
o Female
2. What is your age (in years)? __________
3. Where are you located?
o Canada
o Mexico
o USA
4. What is your native language (i.e., the one you speak most of the time)? __________
5. How well can you understand written English?
o Beginner level
o Intermediate level
o Advance level
6. What is your highest level of education?
o Less than high school graduate
o High school graduate (e.g., GED)
o Some college
o Associate degree (e.g., AA, AS)
o Bachelor’s degree (e.g., BA, BS)
o Master’s degree or higher (e.g., MA, MS, Med, PhD, EdD)
o Professional degree (e.g., MD, JD)
7. What is your employment status?
o Full-time student
o Part-time student
o Full-time employee
o Part-time employee
o Unemployed
o Retired
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Survey Questionnaires (Study 2)
Demographic survey
1. Sex
o Female
o Male
2. What is your age (in years)? __________
3. What is your native language (i.e., the one you speak most of the time)? __________
4. Which racial or ethnic group best describes you?
o Asian; Asian-American
o Black; African-American
o Hispanic; Latinx
o Native American
o Native Pacific Islander
o White; Caucasian-American
o Other (please specify) __________
5. What is your highest level of education?
o Less than high school graduate
o High school graduate (e.g., GED)
o Some college
o Associate degree (e.g., AA, AS)
o Bachelor’s degree (e.g., BA, BS)
o Master’s degree or higher (e.g., MA, MS, Med, PhD, EdD)
o Professional degree (e.g., MD, JD)
6. What is your student status?
o Full-time student
o Part-time student
o Not a student
7. What is your employment status?
o Full-time employee
o Part-time employee
o Unemployed
o Retired
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Appendix C
Supplementary Materials (Pilot Study)
Scatter plots
Four scatter plots (with line of best-fit) are displayed below between regulatory focus
score (as the independent variable; horizontal axis) with each one of the dependent variables on
the vertical axis: Number of sampled outcomes for gain problems, number of sampled outcomes
for loss problems, number of risky choices for gain problems, and number of risky choices for
loss problems.
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Histogram distribution
Distribution of the seven predictors and the four dependent variables reflecting decision
behavior are displayed below.
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Collinearity diagnostics
As seen from Table 1C, no multicollinearity was detected between the seven predictors
(i.e., regulatory focus score, IRTI total score, and the Big-5 measures) in the regression model.
Table 1C. Collinearity statistics
Variables
Regulatory focus score
IRTI total score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness

VIF
1.28
1.10
1.35
1.34
1.14
1.42
1.26

Note. N = 55; VIF = variance inflation factor; IRTI = investment risk tolerance instrument.
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Supplementary Materials (Study 1)
Scatter plots
Four scatter plots (with line of best-fit) are displayed below between regulatory focus
score (as the independent variable; horizontal axis) with each one of the dependent variables on
the vertical axis: Number of sampled outcomes for gain problems, number of sampled outcomes
for loss problems, number of risky choices for gain problems, and number of risky choices for
loss problems.
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Histogram distribution
Distribution of the seven (continuous) predictors and the four dependent variables
reflecting decision behavior are displayed below.
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Pearson correlations using regulatory focus score (continuous)
As an alternative analysis, regulatory focus score was used to test its relationship with the
independent factors and dependent variables (see Table 14, Study 1). In summary, there were no
significant correlations between regulatory focus score and the four dependent variables
reflecting decision behavior. These results are similar to the findings from regulatory focus split.
Additionally, regulatory focus score correlated significantly with the DOSPERT financial
domain subscale (r = .30, p < .01) and with extraversion (r = .36, p < .01). These findings are
comparable to the positive correlation between regulatory focus split with DOSPERT and with
extraversion. Furthermore, regulatory focus score correlated significantly with three personality
traits: conscientiousness (r = .25, p < .01), openness (r = .26, p < .01), and neuroticism (r = -.35,
p < .01). This means that higher regulatory focus scores (i.e., more promotion-focused than
prevention-focused) were associated with higher scores on the conscientious and openness scales
and with lower scores on the neuroticism scale.
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Mixed-design ANOVA using regulatory focus score (continuous)
To test for mean differences in number of sampled outcomes by choice domain and
different combinations of motivational and personality factors, three mixed-design ANOVAs
were conducted. Model 1 (Table 2C) assessed the effect of regulatory focus groups (a betweensubjects factor) and choice domain (a within-subjects factor). Model 2 (Table 3C) accounted for
the financial risk tolerance (DOSPERT) subscale along with the variables in Model 1. Model 3
(Table 4C) accounted for the Big-5 measures in addition to the variables in Model 2.
Table 2C. Model 1 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses)
Between-subjects effects
Intercept
Regulatory focus score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Error (sampled outcomes)

df

F

p

!2

1
1
120

252.01
1.01
--

.000
.316
--

.677
.008
--

1
1
120

6.95
0.15
--

.009
.701
--

.055
.001
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size.
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Table 3C. Model 2 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses), controlling for the DOSPERT subscale score
Between-subjects effects
Intercept
Regulatory focus score
DOSPERT subscale score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Choice domain x DOSPERT subscale score
Error (sampled outcomes)

df

F

p

!2

1
1
1
119

36.62
1.16
0.16
--

.000
.285
.694
--

.235
.010
.001
--

1
1
1
119

1.93
0.07
0.13
--

.167
.795
.723
--

.016
.001
.001
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Table 4C. Model 3 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses), controlling for the DOSPERT subscale score and the Big-5
measures
Between-subjects effects
Intercept
Regulatory focus score
DOSPERT subscale score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Choice domain x DOSPERT subscale score
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (sampled outcomes)

df

F

p

!2

1
1
1
1
1
1
1
1
114

5.36
0.46
0.22
0.25
1.38
2.12
0.00
0.91
--

.022
.498
.643
.616
.242
.148
.956
.342
--

.045
.004
.002
.002
.012
.018
.000
.008
--

1
1
1
1
1
1
1
1
114

0.05
0.42
0.18
1.29
0.02
1.97
0.07
0.94
--

.821
.520
.674
.258
.897
.163
.795
.333
--

.000
.004
.002
.011
.000
.017
.001
.008
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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To test for mean differences in number of risky choices by choice domain and different
combinations of motivational and personality factors, three mixed-design ANOVAs were
conducted. Model 4 (Table 5C) compared the mean difference between regulatory focus groups
(a between-subjects factor) and choice domain (a within-subjects factor). Model 5 (Table 6C)
compared the mean difference between regulatory focus and choice domain, controlling for the
DOSPERT subscale score. Model 6 (Table 7C) compared the mean difference between
regulatory focus and choice domain, controlling for DOSPERT and the Big-5 measures.
Table 5C. Model 4 mixed ANOVA predicting number of risky choices from regulatory focus and
choice domain (gains vs. losses)
Between-subjects effects
Intercept
Regulatory focus score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Error (risky choices)

df

F

p

!2

1
1
120

252.01
1.01
--

.000
.316
--

.677
.008
--

1
1
120

6.95
0.15
--

.009
.701
--

.055
.001
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size.
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Table 6C. Model 5 mixed ANOVA predicting number of risky choices from regulatory focus and
choice domain (gains vs. losses), controlling for the DOSPERT subscale score
Between-subjects effects
Intercept
Regulatory focus score
DOSPERT subscale score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Choice domain x DOSPERT subscale score
Error (risky choices)

df

F

p

!2

1
1
1
119

36.62
1.16
0.16
--

.000
.285
.694
--

.235
.010
.001
--

1
1
1
119

1.93
0.07
0.13
--

.167
.795
.723
--

.016
.001
.001
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Table 7C. Model 6 mixed ANOVA predicting number of risky choices from regulatory focus and
choice domain (gains vs. losses), controlling for the DOSPERT subscale score and the Big-5
measures
Between-subjects effects
Intercept
Regulatory focus score
DOSPERT subscale score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Choice domain x DOSPERT subscale score
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (risky choices)

df

F

p

!2

1
1
1
1
1
1
1
1
114

5.36
0.46
0.22
0.25
1.38
2.12
0.00
0.91
--

.002
.498
.643
.616
.242
.148
.956
.342
--

.045
.004
.002
.002
.012
.018
.000
.008
--

1
1
1
1
1
1
1
1
114

0.05
0.42
0.18
1.29
0.02
1.97
0.07
0.94
--

.821
.520
.674
.258
.897
.163
.795
.333
--

.000
.004
.002
.011
.000
.017
.001
.008
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Mixed-design ANOVA using regulatory focus split (categorical) & DOSPERT (categorical)
To test for mean differences in number of sampled outcomes by choice domain and
different combinations of motivational and personality factors, three mixed-design ANOVAs
were conducted. Model 1 (Table 8C) assed the effect of regulatory focus (as a between-subjects
factor) and choice domain (as a within-subjects factor). Model 2 (Table 9C) assessed the effect
of regulatory focus and choice domain, controlling for the financial risk tolerance (DOSPERT)
subscale. Model 3 (Table 10C) assessed the effect of regulatory focus and choice domain,
controlling for DOSPERT and the Big-5 measures.
Table 8C. Model 1 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses)
Between-subjects effects
Intercept
Regulatory focus split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Error (sampled outcomes)

df

F

p

!2

1
1
120

129.81
0.08
--

.000
.774
--

.520
.001
--

1
1
120

4.15
0.07
--

.044
.786
--

.033
.001
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size.
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Table 9C. Model 2 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses), controlling for the DOSPERT subscale
Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale split
Error (sampled outcomes)

df

F

p

!2

1
1
1
119

88.04
0.29
1.96
--

.000
.592
.164
--

.425
.002
.016
--

1
1
1
119

5.82
0.00
1.68
--

.017
.972
.198
--

.047
.000
.014
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.

Table 10C. Model 3 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses), controlling for the DOSPERT subscale and the Big-5
measures
Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale split
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale split
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (sampled outcomes)

df

F

p

!2

1
1
1
1
1
1
1
1
114

5.58
0.06
2.12
0.20
1.80
2.14
0.21
1.00
--

.020
.801
.148
.654
.183
.146
.652
.319
--

.047
.001
.018
.002
.016
.018
.002
.009
--

1
1
1
1
1
1
1
1
114

0.02
0.11
2.12
0.99
0.01
1.95
0.02
1.71
--

.900
.744
.149
.323
.935
.165
.886
.193
--

.000
.001
.018
.009
.000
.017
.000
.015
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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To test for mean differences in number of risky choices by choice domain and different
combinations of motivational and personality factors, three mixed-design ANOVAs were
conducted. Model 4 (Table 11C) compared the mean difference between regulatory focus split
(as a between-subjects factor) and choice domain (as a within-subjects factor). Model 5 (Table
12C) compared the mean difference between regulatory focus and choice domain controlling for
the DOSPERT subscale. Model 6 (Table 13C) compared the mean difference between regulatory
focus and choice domain controlling for DOSPERT and the Big-5 measures.
Table 11C. Model 4 mixed ANOVA predicting number of risky choices from regulatory focus and
choice domain (gains vs. losses)
Between-subjects effects
Intercept
Regulatory focus split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Error (risky choices)

df

F

p

!2

1
1
120

1088.50
0.95
--

.000
.332
--

.901
.008
--

1
1
120

39.19
2.18
--

.000
.143
--

.246
.018
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size.
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Table 12C. Model 5 mixed ANOVA predicting number of risky choices from regulatory focus and
choice domain (gains vs. losses), controlling for the DOSPERT subscale
Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale split
Error (risky choices)

df

F

p

!2

1
1
1
119

817.34
0.68
0.51
--

.000
.410
.476
--

.873
.006
.004
--

1
1
1
119

36.55
1.56
1.27
--

.000
.214
.261
--

.235
.013
.011
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.

Table 13C. Model 6 mixed ANOVA predicting number of risky choices from regulatory focus and
choice domain (gains vs. losses), controlling for the DOSPERT subscale and the Big-5 measures
Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale split
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale split
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (risky choices)

df

F

p

!2

1
1
1
1
1
1
1
1
114

19.82
1.54
1.12
7.70
1.21
1.31
0.18
1.50
--

.000
.218
.292
.006
.274
.254
.669
.223
--

.148
.013
.010
.063
.011
.011
.002
.013
--

1
1
1
1
1
1
1
1
114

2.32
2.26
1.78
1.13
0.72
0.11
0.22
0.17
--

.131
.135
.184
.291
.397
.737
.637
.678
--

.020
.019
.015
.010
.006
.001
.002
.002
--

Note. N = 122; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Supplementary Materials (Study 2)
Scatter plots
Four scatter plots (with line of best fit) are displayed below between regulatory focus
score (as the independent variable; horizontal axis) with each one of the dependent variables on
the vertical axis: Number of sampled outcomes for gain problems, number of sampled outcomes
for loss problems, number of risky choices for gain problems, and number of risky choices for
loss problems.
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Histogram distribution
Distribution of the seven (continuous) predictors and the four dependent variables
reflecting decision behavior are displayed below.
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Outlier identification and adjustment
All continuous measures were screened to identify any outliers in all three studies. Any
value greater than 3 standard deviation above the mean was considered a severe outlier that
needed to be adjusted to reduce its influence on the analytics. Severe outliers were only
identified in Study 2. Only one outlier was identified for number of sampled outcomes for gain
problems and one outlier for number of sampled outcomes for loss problems.
Table 14C. Adjustment of outliers for the dependent variables
Variable
Sampled outcomes, Gain
Sampled outcomes, Loss

M
94.21
93.37

SD
113.83
69.62

3(SD)
341.49
208.86

Note. N = 70.
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M + [3(SD )] Rounding
435.70
436
302.23
302

# of Outliers
1
1

Pearson correlations using regulatory focus score (continuous)
Comparable to Study 1, regulatory focus score was used to test its relationship with the
independent factors and dependent variables (see Table 22). In short, regulatory focus score was
not significantly correlated with any of the four dependent variables reflecting decision behavior.
Additionally, regulatory focus was significantly correlated with extraversion (r = .25, p < .05),
which means that predominantly promotion-focused individuals were linked to higher scores on
the extraversion scale, relative to predominantly prevention-focused individuals. Moreover,
similar to its categorical counterpart, regulatory focus had a positive association with the
DOPSERT subscale score (r = .25, p < .05) and a marginally negative correlation with
neuroticism (r = -.21, p < .10). This indicates that predominantly promotion-focused people are
more tolerant to risk in the financial domain, as well as possibly linked with lower scores in the
neuroticism scale, relative to predominantly prevention-focused individuals.
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Mixed-design ANOVA using regulatory focus score (continuous)
To test for mean differences in number of sampled outcomes by choice domain and
different combinations of motivational and personality factors, three mixed-design ANOVA tests
were conducted. Model 1 (Table 15C) compared the mean difference between regulatory focus
groups (a between-subjects factor) and choice domain (a within-subjects factor). Model 2 (Table
16C) compared the mean difference between regulatory focus and choice domain, controlling for
the DOSPERT subscale score. Model 3 (Table 17C) compared the mean difference between
regulatory focus and choice domain controlling for DOSPERT and the Big-5 measures.
Table 15C. Model 1 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses)
Between-subjects effects
Intercept
Regulatory focus score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Error (sampled outcomes)

df

F

p

!2

1
1
68

91.22
0.04
--

.000
.837
--

.573
.001
--

1
1
68

1.46
1.52
--

.232
.222
--

.021
.022
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size.
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Table 16C. Model 2 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses), controlling for the DOSPERT subscale score
Between-subjects effects
Intercept
Regulatory focus score
DOSPERT subscale score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Choice domain x DOSPERT subscale score
Error (sampled outcomes)

df

F

p

!2

1
1
1
67

11.32
0.00
0.44
--

.001
.972
.511
--

.145
.000
.006
--

1
1
1
67

0.53
2.36
1.84
--

.470
.129
.180
--

.008
.034
.027
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Table 17C. Model 3 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses), controlling for the DOSPERT subscale score and the Big-5
measures
Between-subjects effects
Intercept
Regulatory focus score
DOSPERT subscale score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Choice domain x DOSPERT subscale score
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (sampled outcomes)

df

F

p

!2

1
1
1
1
1
1
1
1
62

1.85
0.03
0.70
0.17
0.12
0.40
1.03
0.00
--

.178
.855
.792
.683
.735
.530
.313
.965
--

.029
.001
.001
.003
.002
.006
.016
.000
--

1
1
1
1
1
1
1
1
62

0.04
2.57
2.28
3.63
0.00
0.52
1.80
2.62
--

.846
.114
.136
.061
.949
.472
.185
.111
--

.001
.040
.035
.055
.000
.008
.028
.041
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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To test for mean differences in number of risky choices by choice domain and different
combinations of motivational and personality factors, three mixed-design ANOVAs were
conducted. Model 4 (Table 18C) assess the effect of regulatory focus (as a between-subjects
factor) and choice domain (as a within-subjects factor). Model 5 (Table 19C) assessed the effect
of regulatory focus and choice domain, controlling for the DOSPERT subscale. Model 6 (Table
20C) assessed the effect of regulatory focus and choice domain controlling for DOSPERT and
the Big-5 measures.
Table 18C. Model 4 mixed ANOVA predicting number of risky choices from regulatory focus and
choice domain (gains vs. losses)
Between-subjects effects
Intercept
Regulatory focus score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Error (risky choices)
Note. N = 70; df = degrees of freedom; 𝜂" = effect size.
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df

F

p

!2

1
1
68

335.22
0.02
--

.000
.899
--

.831
.000
--

1
1
68

0.08
0.43
--

.775
.516
--

.001
.006
--

Table 19C. Model 5 mixed ANOVA predicting number of risky choices from regulatory focus score
and choice domain (gains vs. losses), controlling for the DOSPERT subscale score
Between-subjects effects
Intercept
Regulatory focus score
DOSPERT subscale score
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Choice domain x DOSPERT subscale score
Error (risky choices)

df

F

p

!2

1
1
1
67

33.65
0.19
5.15
--

.000
.664
.026
--

.334
.003
.071
--

1
1
1
67

0.58
0.15
0.94
--

.449
.697
.336
--

.009
.002
.014
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Table 20C. Model 6 mixed ANOVA predicting number of risky choices from regulatory focus score
and choice domain (gains vs. losses), controlling for the DOSPERT subscale score and the Big-5
measures
Between-subjects effects
Intercept
Regulatory focus score
DOSPERT subscale score
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus score
Choice domain x DOSPERT subscale score
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (risky choices)

df

F

p

!2

1
1
1
1
1
1
1
1
62

8.23
0.06
2.81
1.45
0.00
1.70
0.47
0.28
--

.006
.809
.009
.233
.967
.198
.497
.599
--

.117
.001
.043
.023
.000
.027
.007
.004
--

1
1
1
1
1
1
1
1
62

0.43
0.11
0.61
0.49
0.64
0.31
1.23
0.06
--

.517
.736
.440
.487
.428
.581
.271
.812
--

.007
.002
.010
.008
.010
.005
.019
.001
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Mixed-design ANOVA using regulatory focus split (categorical) & DOSPERT (categorical)
To test for mean differences in number of sampled outcomes by choice domain and
different combinations of motivational and personality factors, three mixed-design ANOVA tests
were conducted. Model 1 (Table 21C) assessed the effect of regulatory focus groups (a betweensubjects factor) and choice domain (a within-subjects factor). Model 2 (Table 22C) accounted for
the financial risk tolerance (DOSPERT) subscale along with the variables in Model 1. Model 3
(Table 23C) accounted for the Big-5 measures in addition to the variables in Model 2.
Table 21C. Model 1 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses)

Between-subjects effects
Intercept
Regulatory focus split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Error (sampled outcomes)
Note. N = 70; df = degrees of freedom; 𝜂" = effect size.
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df

F

p

!2

1
1
68

53.53
0.01
--

.000
.910
--

.440
.000
--

1
1
68

3.39
3.26
--

.070
.075
--

.047
.046
--

Table 22C. Model 2 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses), controlling for the DOSPERT subscale

Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale split
Error (sampled outcomes)

df

F

p

!2

1
1
1
67

33.62
0.04
2.23
--

.000
.852
.140
--

.334
.001
.032
--

1
1
1
67

1.23
3.96
1.19
--

.272
.051
.279
--

.018
.056
.017
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Table 23C. Model 3 mixed ANOVA predicting number of sampled outcomes from regulatory focus
and choice domain (gains vs. losses), controlling for the DOSPERT subscale and the Big-5
measures

Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale split
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale split
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (sampled outcomes)

df

F

p

!2

1
1
1
1
1
1
1
1
62

1.67
0.16
1.69
0.21
0.23
0.31
0.86
0.01
--

.201
.694
.199
.651
.632
.580
.359
.945
--

.026
.003
.027
.003
.004
.005
.014
.000
--

1
1
1
1
1
1
1
1
62

0.58
4.07
0.84
2.67
0.10
0.19
2.52
2.00
--

.448
.048
.362
.108
.757
.665
.118
.162
--

.009
.062
.013
.041
.002
.003
.039
.031
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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To test for mean differences in number of risky choices by choice domain and different
combinations of motivational and personality factors, three mixed-design ANOVAs were
conducted. Model 4 (Table 24C) compared the mean difference between regulatory focus (a
between-subjects factor) and choice domain (a within-subjects factor). Model 5 (Table 25C)
compared the mean difference between regulatory focus and choice domain, controlling for the
DOSPERT subscale. Model 6 (Table 26C) compared the mean difference between regulatory
focus and choice domain, controlling for DOSPERT and the Big-5 measures.
Table 24C. Model 4 mixed ANOVA predicting number of risky choices from regulatory focus and
choice domain (gains vs. losses)

Between-subjects effects
Intercept
Regulatory focus split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Error (risky choices)
Note. N = 70; df = degrees of freedom; 𝜂" = effect size.
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df

F

p

!2

1
1
68

185.42
0.59
--

.000
.444
--

.732
.009
--

1
1
68

0.01
0.50
--

.934
.482
--

.000
.007
--

Table 25C. Model 5 mixed ANOVA predicting number of risky choices from regulatory focus and
choice domain (gains vs. losses), controlling for the DOSPERT subscale

Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale split
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale split
Error (risky choices)

df

F

p

!2

1
1
1
67

127.65
0.12
4.47
--

.000
.727
.038
--

.656
.002
.063
--

1
1
1
67

0.29
0.25
0.95
--

.596
.621
.334
--

.004
.004
.014
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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Table 26C. Model 6 mixed ANOVA predicting number of risky choices from regulatory focus and
choice domain (gains vs. losses), controlling for the DOSPERT subscale and the Big-5 measures
Between-subjects effects
Intercept
Regulatory focus split
DOSPERT subscale split
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Error
Within-subjects effects
Choice domain
Choice domain x Regulatory focus split
Choice domain x DOSPERT subscale split
Choice domain x Extraversion
Choice domain x Agreeableness
Choice domain x Conscientiousness
Choice domain x Neuroticism
Choice domain x Openness
Error (risky choices)

df

F

p

!2

1
1
1
1
1
1
1
1
62

11.96
0.23
2.86
1.28
0.01
2.69
0.33
0.23
--

.001
.632
.096
.263
.935
.106
.569
.634
--

.162
.004
.044
.020
.000
.042
.005
.004
--

1
1
1
1
1
1
1
1
62

0.78
0.07
0.50
0.34
0.61
0.18
1.29
0.04
--

.382
.789
.484
.563
.440
.674
.260
.838
--

.012
.001
.008
.005
.010
.003
.020
.001
--

Note. N = 70; df = degrees of freedom; 𝜂" = effect size; DOSPERT = domain-specific risk-taking scale.
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