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Abstract

A Process Tracing Approach to Understanding the Influence of Incidental Moods

on Attention and Decision Strategies in Mixed-domain Risky Choice

Rui Gong

The affect and decision literature has established that incidental moods affect our
decisions and choices. Yet few studies have gathered process data to examine the role of affect
on the cognitive processes underlying decision-making. The primary purpose of this dissertation
is to investigate the effects of induced moods on the process and outcomes of decisions under
risk, using mixed-domain financial problems. In two empirical studies, an eye tracker was used
to record decision-makers’ distribution of attention across specific aspects of the decision
problems, and transitions in attention. Both studies tested for possible mood congruency effects
and mood effects on depth of processing in the decision-making task.

In Study 1, viewing of short movie clips was used to induce either happy or sad mood in
participants, who then made choices between pairs of mixed-domain options consisting of a
probabilistic gain coupled with a probabilistic loss. Data were also gathered in a control
condition, where participants were instructed to use an EV-calculation strategy, a prototypical
integrative compensatory strategy. In Study 2, instead of movie clips, the mood induction task
involved reading a sad or neutral news story. Inclusion of a neutral condition enabled inferences
about the specific effect of the induced sad mood condition. Also, the decision task in Study 2
was modified in structure by always pairing a sure option with a mixed-domain risky option.

Study 1 results showed significant differences in choices and in attention transitions

between the EV-instruction and the induced mood conditions, but no significant differences



between the happy and sad induced mood conditions. Participants with induced moods showed
relatively more evidence of heuristic strategy use, but analytic strategies remained the modal
strategy in all conditions. Importantly, key types of attention transitions were shown to reliably
predict the frequency of observed choices consistent with optimal (EV- maximizing) and
heuristic strategies. Study 2 found significant effects of problem structure (domain) on choices
and distribution of attention. Participants in general had longer fixations and showed more EV-
maximizing choices for problem structure 2 (sure loss versus mixed risky option) than for
problem structure 1 (sure gain versus mixed risky option) problems. Across both studies,
however, the results did not demonstrate any effect of specific induced incidental mood on

decision-making. Limitations of the findings and future research directions are discussed.
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Chapter 1: Introduction

Affective states are inextricably bound up with our decisions throughout our daily lives.
During the past few decades, social and cognitive psychologists have increasingly recognized the
role of affect in decision making. Many empirical studies have confirmed that affective states
profoundly shape the way we think, evaluate, and decide (e.g., Blanchette & Richards, 2010;
Forgas, 1995, 2012; Loewenstein & Lerner, 2003; Loewenstein, Weber, Hsee & Welch, 2001;
Remmers & Zander, 2018; Schwarz, 2002; Schwarz & Clore, 1996, 2007; Zadra & Clore, 2011).
Nevertheless, the complex interaction of affect, cognition, and decision making has yet to be
fully understood (Camerer, 1998; Schwarz, 2000). Few definitive conclusions about the role of
affect in decision making can be drawn because most research on affect and decision making has
adopted a limited methodology, examining only choice data rather than process data, thus failing
to provide direct data on the cognitive processes underlying decision strategies (e.g., Lerner,
Valdesolo & Kassam, 2015). It has been argued that the impact of affective states on decision-
making is more mental than behavioral, because different affect-related processes might result in
the same decision outcome (Schwarz & Clore, 2007).

Another influential line of decision research originates from the field of behavioral
economics. This field mainly focuses on use of particular decision-making strategies in response
to decision options that carry different levels of risk, particularly in contexts that do not involve
affect-related influences (Blanchette & Richards, 2010). Hence, most behavioral decision
research neglects the essential role of affect in adaptive decision making in various real-life
contexts (Adolphs & Damasio, 2001). Classic rational models such as expected utility theory and
its modifications (e.g., prospect theory, cumulative prospect theory) are perhaps best considered

to be a “paramorphic” (Hoffman, 1960) or “as if” model of decision process, as they are not



intended to capture the actual underlying decision processes. Although the behavioral decision
literature in the past decade has moved from a purely behavioral approach analyzing decision
outcomes to a more process-oriented approach to investigate the search and processing of
information (e.g., Johnson & Busemeyer, 2010, 2016; Johnson, Schulte-Mecklenbeck &
Willemsen, 2008; Pachur, Hertwig, Gigerenzer & Brandstatter, 2013; Pachur, Hertwig &
Wolkewitz, 2014), the mechanisms linking affect to decision-making remain underexplored.

Collectively, findings in the affect and decision literature cannot yet fully explain the
complex role of affect in decision making (Fiedler & Glockner, 2012; Pham, 2007). This
inability may be due to a failure to use process data to understand the role of affect in decision
processes. As Johnson, Schulte-Mecklenbeck & Willemsen (2008) suggest, “process theories
deserve process data.” More critically, relatively little progress has been made toward developing
a general interdisciplinary theoretical framework to examine the relation between affect and
decision (Mishra, 2014). Such a framework ideally would involve collaboration between social
psychology (e.g., affect), behavioral economics (e.g., decision theories) and cognitive
neuroscience (e.g., eye tracker technology). But systematic collaborations across decision
science disciplines are rare, despite the overlap in the issues they address (Schwarz, 2000).

In response, this dissertation is an attempt to integrate and reconcile theories in decision
literature across the fields of social and cognitive psychology and behavioral economics. It has
been argued that an interdisciplinary framework captures a fuller picture of the extremely
complex interaction between affect and cognition underlying decision-making.
Methodologically, this dissertation will extend the literature by using a refined technology, an
eye tracker, to identify the important underlying mechanisms of decision-making, hence

allowing a more comprehensive analysis of information processing during decisions.



The aim of this dissertation is to investigate the influence of incidental moods on decision
strategies on two levels: the process level and the choice level. Mixed-domain risky decision
problems that involve both gains and losses will be used. The relevant decision research,
however, has usually involved decision contexts that do not involve affect-related influences, and
has primarily gathered data on risky choices involving only gains.

The studies reported here (Study 1 and Study 2) systematically examine the influence of
incidental moods on decision processing, with a focus on two potential psychological
mechanisms: 1) mood congruency effects and 2) mood effects on depth of thought/processing
(see reviews, Forgas, 1995; Schwarz & Clore, 2007). Regarding the latter mechanism, our
analysis of the data is based on the assumption that strategy use should be understood as a
continuum between analytic versus heuristic approaches, rather than a strict choice between the
two. For example, previous research has identified certain patterns of information processing (in
terms of distribution of attention, decision time and information search) that are associated with
the most analytic EV calculation strategy. Therefore, Study 1 includes a control condition, in
which participants are instructed to use the EV calculation strategy, in order to provide a baseline
against which decision choices and process data can be compared, and to investigate if the
effects of incidental moods (positive vs, negative) on decision processing can account for data
consistent with or at variance with the EV-based analytic strategy proposed by classic rational
choice models. Study 2 includes a neutral-mood condition so that the true effect of incidental

mood (in this case, negative) can be inferred.



Chapter 2: Literature Review

This chapter reviews prior research in decision literature across disciplines, to present a
more comprehensive view of the role of affect played in decision making. The review consists of
three main sections. The first section focuses on the effects of affective moods on decisions,
mainly in the field of social and cognitive psychology. This section includes a review of two
different types of mechanisms that have been proposed to account for influences of incidental
moods on decision-making: mood congruency effects and mood effects on depth of processing.
This section further discusses mood and rationality in regard with decision performance,
emphasizing why the specific cognitive processes underlying decision choices are critically
important. The second section reviews classic rational decision models including expected utility
theory, and its successor cumulative prospect theory, and certain descriptive accounts of
heuristics. Those normative and descriptive theories often neglect the role of affect, assuming
decision makers are either perfectly rational or ecologically rational. The third section reviews
more recent empirical studies of decision-making using process-tracing paradigms (e.g.,
Mouselab, eye-tracker) to investigate decision makers’ underlying information processing

patterns.

2.1 Affect and Decision in Social and Cognitive Psychology
2.11 Affect, Mood, Emotion

Social psychologists often use the generic term ‘affect’ to describe a variety of feeling
states associated with both moods and emotions (Mayer, 1986; Petty, Gleicher, & Baker, 1991).
Moods are often of low intensity, more diffuse and relatively enduring affective states without a

clear referent (Frijda, 1993). Emotions, by contrast, are more intense, short-lived and usually



have an identifiable referent and clear cognitive content (Clore, Schwarz & Conway, 1994;
Forgas, 2001; Forgas, Wyland, & Laham, 2006). The experience of an emotion may become a
diffused positive or negative mood over time and its specific cause is no longer attended to.
Moods thus mostly convey generic valence information (positive and negative), they are
pervasive in natural decision settings, as they influence most of our ongoing thought processes
and behaviors (Schwarz & Clore, 2007).

Conceptual issues still remain, in that there is little general agreement about how best to
define those three terms (Forgas, 1995). Most discussions of affect and JDM have implicitly or
explicitly taken a valence-based approach (Finucane, Alhakami, Slovic & Johnson, 2000),
describing the powerful impact of general positive and negative affective states on decision-
making processes (e.g., Clore, Schwarz, & Conway, 1994; Forgas, 2001, 2012; Scheibehenne &
von Helversen, 2015). Other research, however, has begun to distinguish the effects of different
discrete negative emotions on human cognition. Those researchers argue that emotions may
impact cognitive appraisals of decision options in specific ways, and distinct emotions of the
same valence can exert distinct or even opposite influences on decision making (e.g., DeSteno,
Petty, Wegener, & Rucker, 2000; Lerner & Keltner, 2000, 2001; Lowenstein, Weber, Hsee, &
Welch, 2001; Raghunathan & Trope, 2002).

Nevertheless, strong conclusions regarding valence-based effects and discrete emotions
would be premature at this stage. Blanchette & Richards (2010) observed that researchers in
support of more general valence-based effects typically examined incidental affect that is
unrelated to the decision task. Their findings indicated that mood-congruency effects were
general (positive/negative) and not linked to semantic similarity. By contrast, research studies

examining integral affect, where emotions are inextricably bound up with evaluations of the



decision choices, often show effects of specific emotions rather than general valence-based
effects. In addition, from a methodological view, the relevant empirical research investigating
emotion-specific effects often do not include a neutral mood condition. Blanchette & Richards
(2010) argues that this limitation makes it difficult to determine whether the emotion-specific
component occurs in addition to a general effect related to valence, or whether the two effects
are mutually exclusive.

Vastfjall and colleagues (2016) suggested that experiential salience and source awareness
are two main experiential factors that distinguish incidental emotions and moods. Accordingly,
incidental emotions may be high for source awareness; whereas incidental moods may be
experientially more salient and remain low for awareness of the source. It has been further
argued that incidental moods that are high for experiential salience and low in source awareness
are more likely to influence judgments and decisions than incidental emotions (Neumann et al,
2001). Methodologically, this view suggests that researchers can be more effectively manipulate
incidental affect by implementing a mood induction procedure that is experientially salient and
low in source awareness. Moreover, researchers found that the intensity and perceived salience
of incidental emotions tend to fade over time, leaving the individual in a diffuse mood state.
Such diffuse mood states, however, may be based more on valenced affect, rather than a discrete
emotion (Peters, Burraston & Mertz, 2004).

In this dissertation paper, the term “mood” is used broadly to refer to the presence of
affect in general, not only intense affective experiences but also milder mood states. By using
mood induction procedures, this study investigates how incidental valenced moods affect

decision-making processes and outcomes. To design the mood induction procedures, the



methodological issues mentioned above (e.g., control condition, experiential salience, and source
awareness) will be taken into consideration.

Incidental Moods have been used to predict and explain a wide variety of judgments and
decisions. They refer to feelings or affective states induced by a situation that is normatively
irrelevant to a given decision (e.g., Han, Lerner & Keltner, 2007, Keltner & Lerner 2010; Pham
2007; Vohs, Baumeister & Loewenstein, 2007). Prior evidence suggests that incidental moods
influence not only what individuals think but also how they think (see reviews, Schwarz, 2000;
Schwarz and Clore, 2007). Researchers have identified multiple distinct mechanisms that might
account for influences of incidental mood states on decision-making, including mood congruence
and mood effects on depth of processing (e.g., Forgas, 1995, 2001, 2012; Schwarz & Clore,
2007).

2.12 Mood Congruence

Mood state influences the information individuals attend to when considering decision
options (e.g., Bower & Forgas, 2001; Fiedler, 1990). Individuals may selectively pay attention to
information that has a valence similar to the mood they were experiencing prior to stimuli
exposure. This process has been defined as a “mood congruency effect” (Bower, 1991; Bower &
Forgas, 2000), which is generally more likely to be associated with moods rather than specific
emotions (Forgas, 1995). For example, using a valence-based approach, Johnson & Tversky
(1983) conducted the first empirical experiment on how incidental mood states influences risk
perception, and its methodological procedure for assessing the effects of incidental moods has
been replicated since. In this initial work, participants read newspaper stories designed to induce
a positive or a negative mood, and then estimated fatality frequencies for various potential causes

of death (e.g., heart disease). The results indicated that the participants who read negative stories



offered pessimistic estimates of fatalities, as compared to those who read positive stories. The
influence of mood on judgment did not depend on the similarity between the content of stories
and the content of subsequent judgments. The induced mood itself hence affected all judgments.
This mood-congruency effect has been well-established (e.g., Clore, Schwarz & Conway, 1994;
Mayer, Gaschke, Braverman & Evans, 1992). Similar results have been found in a large number
of empirical studies using similar paradigms. Participants in a happy rather than a sad mood were
found to make optimistic judgments and choices by overestimating the likelihood of positive
outcomes and underestimating the likelihood of negative outcomes (Constans & Mathews, 1993;
Loewenstein & Lerner 2003; Raghunathan & Pham, 1999; Schwarz, 2000).

While traditional social and cognitive theories view affect as either irrelevant to or, at
best, a cognitive error/bias impeding rational thought, contemporary theories often view affect as
an integral component of an information-processing system. Accordingly, affect-as-information
(see Clore, Gasper, & Garvin, 2001; Clore & Storbeck, 2006; Schwarz & Bless, 1992) and affect
priming (see Bower, 1991; Bower & Forgas, 2000) are two major theories that seek to explain
mood congruency effects. Both theories focus on the qualitative and informational role of affect
in the construction of judgments and decisions (Forgas, 1995; Forgas 2012).
Affect-as-information as an experiential approach

The affect-as-information theory focuses on the informational value of decision makers’
subjective experiences, suggesting that mood states directly inform judgment (Clore & Storbeck,
2006; Schwarz & Clore, 1983; Slovic, Finucane, Peters, & MacGregor, 2002). It is probably the
simplest way for mood congruence to occur (Niedenthal, 1990). Rather than computing a
judgment based on target features, decision makers consult their feelings about a choice and ask,

““How do I feel about this?”’ (Schwarz & Clore, 2003), and then these feelings act as information



to guide the decision-making (Slovic et al., 2002). Thus, misattribution occurs as decision
makers simplify the decision task by relying on their affective reaction to the target as a basis,
even when the actual feelings are unrelated to the target (Clore & Huntsinger, 2007; Gasper &
Clore, 1998; Schwarz & Clore, 1996). As a result, mood-congruent judgments and decision
choices occur (Schwarz & Clore, 2007).

Supporting evidence for the affect-as-information theory has been found in numerous
empirical studies documenting mood congruency effect of incidental moods on decisions (e.g.,
Albarracin & Kumkale, 2003; Clore & Parrott, 1991; Forgas, 1995). One study found that even
minor mood-inducing events such as finding a coin in a copying machine or knowing that a
favorite soccer team won a game positively influenced the subsequent ratings of global
subjective well-being (Schwarz, 2012). Interestingly, research explores relationships between
macro-level phenomena (e.g., weather, sports game) and individual-level behavior also
demonstrated decision makers’ misattribution of incidental moods. In one classic study, Schwarz
and Clore (1983) found that current mood (induced by sunny or rainy weather) influenced
participants’ ratings of their overall life satisfaction in a mood-congruent manner. The results
showed that participants mistakenly inferred that their weather-induced moods reflected how
they felt about their personal lives. Similar results also were obtained from a later replication
study by Siemer and Reisenzein (1998), in which a great number of satisfaction items were
included to measure the subjective well-being. Several studies investigating stock market
performance support the affect-as-information theory as well. For instance, above-average stock
market performance on sunny days and below-average performance on rainy and winter days

were observed across countries (Hirshleifer & Shumway, 2003; Kamstra, Kramer, & Levi,



2003). In another related example, stock market returns declined when a country's soccer team
was eliminated from the World Cup (Edmans, Garcia & Norli, 2007).

As an alternative to “affect-as-information”, Zeelenberg and colleagues (2008) have
proposed the “feeling is for doing” theory. This pragmatic perspective places a strong emphasis
on behavioral effects of affect for future strivings to attain the long-term goals. Accordingly,
affects do not only have an informational value in monitoring the current progress (“How do I
feel about how I am doing?”), but also a future-oriented motivational function in goal striving
(“What do my feelings tell me to do next?”). Nevertheless, empirical evidence is needed to
further test this theory.

The affect-as-information (AAI) theory has some shortcomings. First, the AAI processing
occurs at the judgmental stage only, hence it has difficulty explaining for the mood congruency
effect on decision makers’ cognitive processes, including attention, encoding, recall, and
interpretation. Second, the AAI theory fails to explain the process of how other factors (such as
memories, task features etc.) jointly produce a decision outcome (Forgas, 2012). In the next
section, another major theory that accounts for producing mood congruence will be discussed.
The affect priming theory provides explanations for decision makers’ cognitive processes
beyond the judgmental stage.

Affect priming as a cognitive approach

The affect priming theory focuses on the cognitive experiences rather than the affective
experiences (Schwarz & Clore, 2007). It was proposed by Bower (1981), and is a memory-based
theory suggesting that affect indirectly inform judgments by selectively biasing attention,
encoding, retrieval and interpretation of decision-relevant cues (Bower & Forgas, 2001; Fiedler,

1990; Loewenstein & Lerner, 2003). According to the affect priming theory, mood states may
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facilitate access to an associative network of memory structures that are previously connected to
that affect, and these concepts should be more likely to be used in subsequent decision-making
(Bower, 1981, 1991; Forgas, 1995). When computing a decision, selective attention and
encoding are critical prerequisite. It appears that mood states can have a significant influence on
what individuals will pay attention to (Niedenthal & Setterlund, 1994), and what they will
encode into memory system (through automatic or effortful processing). More specifically,
mood-congruent information tends to receive greater attention and be processed more
extensively than do mood-incongruent information, following the selective activation of the
mood-related associative network of memory (Bower, 1981). As a result, the processes
underlying this effect may include a highlighting of mood-congruent information so that they
become more accessible, and hence receive more weight in the subsequent decisions (Bless,
Fiedler & Forgas, 2006; Kahneman, 2003).

Supporting evidence for the affect priming theory has been well documented in literature.
A number of studies have found that individuals tend to pay closer attention to and spend more
time reading and encoding mood-congruent than mood incongruent material (Bower & Forgas,
2000; Forgas, 2012; Salovey et al., 1991). Furthermore, prior findings suggest that this mood-
congruent processing may play an important role in decision making under risk (Lerner &
Tiedens, 2006). Specifically, affect priming can occur when participants form risk estimates
based on how easily they can retrieve instances from memory. When incidental moods activate
mood-congruent material, those mood-congruent materials should become more accessible,
easier to recall, and more readily perceived (Bower, 1981; Forgas, 1995, 2001). Consequently,
this mood-congruent facilitation leads to inflated estimates of likelihood, independently of actual

occurrence (Blanchette & Richards, 2010). This bias has been confirmed empirically in various
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studies. Wright and Bower (1992) found that risks (likelihood of negative events) were perceived
to be higher for sad participants than happy participants. Similarly, Nygren, Isen, Taylor and
Dulin (1996) found that participants in a positive mood tended to overestimate probabilities for
winning relative to probabilities for losing, as compared to participants in a control condition.
Moreover, DeSteno, Petty, Wegener, & Rucker (2000, 2004) reported that sad events were
perceived to be more likely by participants with induced sadness.
2.13 Mood Incongruence

Incidental moods may have an incongruency effect on decision makers’ thoughts and
behaviors (e.g., Sedikides, 1994; Forgas, 2001). Research has suggested that such effect can be
explained from a perspective of motivation, perceived utility or cognitive capacity.
From a motivation perspective

Forgas (1995) argues that individuals may process information in a mood-incongruent
manner when there is a strong and specific motivational goal for a particular decision outcome to
be achieved. Accordingly, individuals are likely to engage in highly selective, guided, and
targeted information search aimed to achieve such motivational goal. Incidental mood itself can
be the crucial source of a motivation that individuals act to maintain (in positive moods) or attain
(in negative moods) positive mood states (Caruso & Shafir’s, 2006; Forgas & Ciarrochi, 2001;
Kliger & Kudryavtsev, 2014). This motivated mood regulation, however, may result in mood
incongruency effects (Forgas & Fiedler, 1996; Isen, 1983, 1984). Findings suggested that
negative mood states were associated with increased risk-taking (e.g., Fessler, Pillsworth, &
Flamson, 2004; Leith & Baumeister, 1996; Mishra, Morgan, Lalumiére, & Williams, 2010),
whereas positive mood states were associated with risk-aversion (De Vries, Holland, &

Witteman, 2008; Mittal & Ross, 1998). As a result, sad individuals seek risk in an attempt to

12



obtain gains that might relieve their negative mood, and happy individuals avoid risk to
maximize the likelihood of maintaining their positive mood (e.g., Mishra, et al, 2010; Mishra,
2014; De Vries, Holland, & Witteman, 2008).

Other researchers, however, argue that the state of sadness is associated with feelings of
irrevocable loss (Lazarus 1991), and it typically highlights a discrepancy between a desired state
and a current state (Higgins, 1987). Research suggests that individuals in a sad mood tend to
engage in targeted information processing to change the situation. In one study, Erber and Erber
(1994) found that participants recalled more mood incongruent (positively valanced) material
when they were motivated to alleviate their sad mood. In another study, Raghunathan and Pham
(1999) demonstrated that in response to loss, sad participants pursued reward acquisition and
preferred high reward options, even at the cost of high risk. Moreover, Lerner and colleagues
(2004) showed that participants with induced sadness offered more money to acquire goods, as
compared to the control condition.

Perceived utility

The concept of perceived utility has been relatively ignored in the literature. Perceived
utility refers to the expected value of a decision outcome. This concept may explain the mood
incongruency effect (of positive moods in particular) on decision making. Blanchette & Richards
(2010) argue that decisions are based not only on estimations of the likelihood of occurrence, but
also on estimations of the perceived utility of that decision outcome, which may vary according
to mood. For example, although the likelihood of a fatal car accident may be relatively low, the
consequences of this happening are severe. Importantly, such consequential loss was found to be

perceived even more negatively by happy participants than by neutral participants (Isen, Nygren
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& Ashby, 1988). Hence, decision makers in positive states may become highly motivated to be
risk averse to avoid losses that are perceived as being more consequential.
Cognitive capacity

Cognitive capacity is an alternative explanation for why mood-incongruent information is
ignored. Previous research suggests that processing a large amount of mood-congruent
information may take up scarce capacity by limiting the cognitive resources available to perform
other tasks (Schwarz & Clore, 2007). However, there is disagreement among researchers about
which mood state reduces more cognitive capacity (Forgas, 2012). While some researchers argue
that negative moods greatly impact attentional resources and reduce the processing capacity
available to perform cognitive tasks (e.g., Ellis & Moore, 1999), others argue that positive moods
do so (e.g., Isen, 1984).
2.14 Mood Effects on Depth of Processing

Mood state influences how deeply or thoroughly a decision maker processes available
information (see reviews, Goldstein and Gigerenzer 2002; Lerner & Tiedens, 2006; Ma-Kellams,
& Lerner, 2016; Forgas, 2012; Lerner et al, 2015). As much research has documented since the
1980s, individuals who are in a happy mood are more likely to adopt a heuristic processing
strategy that is characterized by top-down processing, with an increased tendency to use intuition
and “gut feelings” and relatively little attention being paid to details. By contrast, individuals
who are in a sad mood have been described as more likely to adopt an analytic processing
strategy that is characterized by bottom-up processing, exhibiting careful analysis of information
(e.g., Bolte, Goschke & Kuhl, 2003; Clore & Storbeck, 2006; Darlow & Sloman, 2010; Bless,
2000; George, 2011; George & Dane, 2016; Schwarz, 2000, 2002; Schwarz & Clore, 2007; Von

Helversen, Wilke, Johnson, Schmid, & Klapp, 2011).
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The effects of incidental moods on depth of processing have been observed in a variety of
decision tasks, including solving multiattribute decision problems (e.g., Garg, Inman & Mittal,
2005), the use of stereotypes in impression formation (e.g., Adaval, 2001; Bless, Schwarz, &
Kemmelmeier, 1996; Bodenhausen, Kramer, & Suesser, 1994), the use of judgmental heuristics
(e.g., Bagozzi et al., 1999; Clore et al., 1994; Ruder & Bless, 2003; Allan, Siegel, & Hannah,
2007), the processing of persuasive messages (e.g., Bless, Bohner, Schwarz, & Strack, 1990;
Edwards & lary, 1993; Semmler & Brelr, 2002; Schwarz, Bless, & Bohner, 1991; Sinclair, Mark
& Clore, 1994), and the amount of information search in sequential decision-making (von
Helversen, Wilke, Johnson, Schmid, & Klapp, 2011).

Although there is robust evidence indicating that incidental moods influence decision
makers’ adoption of heuristic or analytic strategies, agreement has not been reached regarding
the underlying mechanisms (Schwarz & Clore, 2007). One possible reason is that incidental
moods may play an adaptive role by signaling when a situation demands additional attention
(Schwarz, 1990). Specifically, positive mood states may signal a benign and favorable
environment where little processing effort is required. Negative mood states, by contrast, signal a
problematic and even dangerous environment and therefore demand more careful examination of
information in the immediate environment. An alternative explanation emphasizes cognitive
appraisals. According to this view, affective states can inform decision-makers specifically about
the certainty of the situation, which is an important cognitive dimension that defines the patterns
of appraisal underlying different emotions (Lerner & Keltner, 2000; Lerner & Tiedens, 2006).
Happiness is said to involve appraisals of high certainty, while sadness involves appraisals of
low certainty. Tiedens and Linton (2001) argued that uncertainty-associated affective states (e.g.,

sadness, worry, etc.) encourage thorough and effortful information processing, perhaps as a mean
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of reducing that uncertainty (Gino, Brooks & Schweitzer, 2012; Kuhlthau, 1993; Veenhoven,
1988). In contrast, certainty-associated affective states (e.g., happiness, anger, etc.) promote
more superficial processing of information. The third possible explanation focuses on the
motivational goals triggered by different mood states. In consistent with the mood maintenance
hypothesis, happy individuals may avoid effortful processing in an attempt to maintain pleasant
feelings (mood maintenance), whereas sad individuals engage in thoughtful and more detail-
oriented processing to distract themselves from undesirable feelings (mood repair) (e.g., Isen,
Nygren, & Ashby, 1988; Erber & Erber, 2001).

Mood congruence and processing styles

This section will further discuss how processing strategies play a role in mood congruence
mechanism, via affect-as-information and affect priming.

The affect-as-information theory has some affinity with research on decision heuristics.
Affective states function as a decision-simplifying heuristic that individuals use their feelings as
information to infer a judgment (Clore et al., 1994; Niedenthal, 1990; Schwarz & Bless, 1992).
In other words, the affect-as-information heuristic allows mood-congruent processing to occur
when decision makers rely on feelings as a simple inferential cue to produce a response (Clore et
al., 2001; Clore & Storbeck, 2006). Forgas (1995, 2001, 2012) argues that the mood-congruency
effect is likely to occur during fast, heuristic processing. For instance, several empirical studies
including the use of manipulations (e.g., time pressure, little interest/motivation, limited
cognitive capacity) to promote heuristic processing have confirmed the mood congruency effects
via affect-as-information (Clore et al., 1994; Isen, 1987; Hornik, 1992; Niedenthal & Showers,

1991).
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According to the affect-priming theory, affective states indirectly influence decision-
making beyond the judgmental stage, as it selectively primes the accessibility of mood-congruent
attention, encoding, and retrieval (Bower, 1981, 1991; Forgas, 1995). Researchers have argued
that the mood congruency processing is likely to occur when decision tasks demand substantive
(extensive and constructive) processing, which involves a rich set of encoding and retrieval cues
(Bower & Forgas, 2000; Forgas & George, 2001; Mayer, Gaschke, Braverman, & Evans, 1992;
Schwarz & Clore, 2007). More specifically, the longer and more extensively an individual needs
to think to compute a decision (i.e., complex task; high need for accuracy), the more likely mood
congruence would occur as a result of the operation of the affect-priming mechanism (Forgas,
2001; Petty et al., 1991).

2.15 Methodological Moderators

As reviewed above, a large body of empirical research has demonstrated the influence of
incidental moods on decision-making, especially via mood congruence and mood effects on
depth of thought/processing strategies. Nevertheless, some key potential methodological
moderators may either strengthen or weaken such influences (for a review, see Angie, Connelly,
Waples & Kligyte, 2011).

Mood-manipulation is one methodological moderator. A variety of mood induction
procedures have been used across studies to induce moods in participants, and their impact on
subsequent decision making tends to vary. One concern is the duration of the induced mood,
because some mood induction procedures may result in relatively short-lived effects (Chartier &
Ranieri, 1989). Another concern is the type of manipulation techniques that have been applied in
different experiments. In particular, video watching has been found to be capable of eliciting

strong affective responses and tend to exceed the response strength of other procedures (e.g.,
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Rottenberg, Ray, Gross, Coan & Allen, 2007). This result has some supporting evidence
obtained from empirical studies that measure both the subjective experience of and the
physiological and neurobiological activations of the induced moods (Angie et al 2011).

Study design is another methodological moderator. Most decision research in social
psychology has used outcome data to indirectly infer the underlying information processing. The
decision outcome measures usually include multiple choice or open-ended writing format that
may be susceptible to self-report bias or demand characteristics (Parrott & Hertel, 1999).
Another issue is a lack of the use of a control condition. It has been observed that many
empirical studies on affect and decision do not include a control (neutral mood) condition as a
comparison group in the experimental design (e.g., Blanchette & Richards, 2010). The
justification that researchers commonly provided was that their hypotheses referred to a relative
difference between positive and negative mood states (Angie et al, 2011).

2.16 Affect and Rationality: Improve or Degrade Decision Performance?

As documented above, incidental moods influence what decision makers think (mood
congruence) and how they think (depth of thought/processing). As a result, affective mood states
sometimes hinder normatively correct thinking (logically rational thoughts), but sometimes
promote it (Blanchette & Richards, 2010). The desirability of these influences seems to be a
function of the intensity as well as the valence of the mood states (Pham, 2007).

Affective states with a high or extreme level of intensity are always detrimental. Research
has suggested that those highly intense mood states are accompanied by high levels of autonomic
arousal, which is known to impair working memory capacity (Darke, 1988; Humphreys &
Revelle, 1984). In fact, judgment and decision making rely heavily on working-memory capacity

(Blanchette & Richards, 2010). For example, intense negative moods are associated with
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intruding thoughts and ruminations (e.g., Martin & Tesser, 1989) that may impair associated
attention and overwhelm cognitive capacity, hence interfere with the ability to process
information. This is perhaps best illustrated in some clinical populations (e.g., Hertel & Hardin,
1990; Loewenstein & Lerner, 2003). Similarly, it has been argued that intense positive mood
states can limit attentional resources due to intruding positive thoughts (Isen, 1987; Mackie and
Worth, 1991). Note that supporting evidence seems to be stronger for capacity impairment
resulting from positive rather than negative moods (Forgas, 1995; Stroessner & Mackie, 1992).
Regarding the valence of mild or moderate level of mood states, sadness seems to be
beneficial, because it promotes analytical information processing that is consistent with logical
rationality. In contrast, happiness encourages a less effortful heuristic processing that is logically
non-desirable (Pham, 2007). Unlike early research that links heuristics to cognitive error/bias and
irrational thoughts, Gigerenzer & Gaissmaier (2011) argue that heuristics can be as consciously
applied rules, and that individuals adjust their use of heuristics to changing demands of the

decision tasks.

2.2 Decision Theories in Behavioral Economics
2.21 Risky Decision-making

Some decisions are made under consideration of risk or uncertainty. Researchers in
economics and psychology have largely agreed on a definition of risk as known variance in
potential outcomes (e.g., Bernoulli, 1738; Friedman & Savage, 1948; Mishra, 2014; Real &
Caraco, 1986), such that higher variance in outcomes equates to higher risk (e.g., Blay, Kadous
& Sawers, 2012; Libby & Fishburn, 1977). Making decisions can become difficult whenever

multiple values or simply the attributes of the decision options are in conflict. One example is
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choices between gambles that vary in outcome values and probabilities (Gléckner & Herbold,
2011), in which decision-makers select options in response to varying levels of risk (Kahneman,
Slovic, & Tversky, 1982; Slovic, 2002). Although a significant body of research exploring risky
decision-making has used this type of gambling task (e.g., Brandstaetter, Gigerenzer & Hertwig,
2006; Fiedler & Glockner, 2012; Johnson & Busemeyer, 2016; Johnson, Schulte-Mecklenbeck &
Willemsen, 2008), it usually involves decision contexts that do not address affect-related
influences, and has gathered data on risky choices involving only gains.

2.22 Decision Theories

Traditional decision research assumes that decision makers make their decisions in a
perfectly rational manner, without any assumed influence of affect (Bell, Raiffa, & Tversky,
1988). These normative decision theories attempt to describe what individuals ought to do in a
given decision-making situation (e.g., expected utility theory, Friedman & Savage, 1948, 1952).
Accordingly, the laws of logic and probability are identified with the principles of sound rational
thinking (Tversky & Kahneman 1974).

Behavioral decision theories (BDT) emerge as the critiques of traditional decision
theories in the late 1960s, as they have mostly been developed to address several violations of
the traditional theories. They identify cognitive errors and simplifying heuristics that individuals
use to cope with the complexity of decision making (e.g., cumulative prospect theory, Tversky &
Kahneman, 1992; heuristic approaches, Gigerenzer & Gaissmaier, 2011). In contrast to the
normative decision theories, these descriptive theories tend to begin with empirical observations
of how individuals actually make choices (Newell, Lagnado, & Shanks, 2015). Nevertheless, the

emergence of BDT largely ignored the role of affect (Loewenstein & Lerner, 2003).
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Expected Utility Theory (EU), Cumulative Prospect Theory (CPT)

Expected utility theory has been a dominant decision theory for centuries. Utility is
broadly defined as a measure of happiness, gratification, or satisfaction derived from a behavior
(Friedman & Savage, 1952). According to the EU, a rational decision maker should evaluate the
options by assessing the “utility” of each expected outcome for each option. Specifically, they
compute the utility of each decision outcome multiplied by its probability. Expected utility
theory predicts that decision makers seek to maximize utility in all decisions. As the example of
a gamble task, they weigh the utility of the monetary outcomes by their corresponding
probabilities and sum across the weighted outcomes of each gamble. The gamble chosen is the
one with the higher expected utility.

Although ample empirical evidence demonstrates that decision makers systematically
violate EU theory (e.g., Allais, 1953; Ellsberg, 1961; Bar-Hillel, 1974), it continues to be widely
applied in research and in practical settings (see reviews, Harless & Carmerer, 1994).
Researchers in economics and psychology initially retained the core of EU theory - the weighting
and summing assumptions, but adjusted the utility framework (1954) by adding more adjustable
parameters to create complex models such as prospect theory (PT, Kahneman & Tversky, 1979)
and its successor, cumulative prospect theory (CPT, Tversky & Kahneman, 1992). These
modifications take into account several psychological factors (Payne, Bettman, & Johnson, 1992)
that explain how decision makers actually behave compared to how they ‘ought’ to behave
(Kahneman & Tversky, 1979). For instance, the value function of CPT captures the differential
subjective values placed on gains and losses (e.g., greater sensitivity to loss), whereas the

weighting function measures how objective probabilities are translated into subjective decision
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weights (e.g., overweighting of small probability events and underweighting of high probability
events). In particular, CPT attaches decision weights to cumulated rather than single-outcome
probabilities. Hence, it predicts a more behaviorally accurate pattern of risk behavior.

These expectation-based models (EV, CPT) indeed are quite successful in accounting for
choices in decision contexts that do not involve affect-related influences (e.g., Glockner &
Pachur, 2012). However, note that Kahneman and Tversky (1992) did not propose CPT as a
model to explain the underlying process of decisions, thus it is perhaps best considered to be a
“paramorphic” (Hoffman, 1960) or “as if” model of decision process (Brandstétter, Gigerenzer &
Hertwig, 2006). Thus, it remains unclear to what extent the expectation-based strategy (including
weighting and summing operations) describes the actual cognitive processes of decision making,
especially in contexts in which incidental moods exert influence.

Heuristics

Decision makers do not always behave in ways that are perfectly “rational”, as predicted
by EU. Instead, decision makers appear to make decisions that are consistent with the notion of
bounded rationality, where decision-making mechanisms reflect the realities of cognitive
resource constraints (Mishra, 2014). More specifically, the assumptions of traditional rational
choice models are not met in real world situations, because decision makers do not always have
an unlimited capacity to process information that is related to decision options (Gigerenzer &
Gaissmaier, 2011; Gigerenzer & Todd, 1999; Todd & Gigerenzer, 2012).

In fact, the use of heuristics explains the discrepancy between empirical data and the
expectation-based theories (e.g., Broder, 2000; Broder & Schiffer, 2003; Dhami, 2003; Newell,
Weston, & Shanks, 2003; Payne et al., 1993; Payne, Bettman, & Luce, 1996). As opposed to the

traditional views (Tversky and Kahneman, 1974), heuristics are not necessarily manifestations of
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systematically maladaptive cognitive biases. A heuristic is ecologically rational to the degree that
it is adapted to the structure of the environment (e.g., Gigerenzer & Gaissmaier 2011; Todd &
Gigerenzer, 2012).

Most real-world decisions are made quickly with incomplete information. Heuristics
allow for quick and efficient decision-making. Unlike optimization (i.e., maximization of utility),
“satisficing” is characterized by seeking “good enough” outcomes (Simon, 1956). While
expectation-based theories (EU and CPT) require an examination of complete information,
satisficing heuristics can be applied quickly with selective or incomplete information search
(e.g., Broder & Schiffer, 2003; Dhami, 2003; Newell, Lagnado, & Shanks, 2015; Brandstatter,
Gigerenzer & Hertwig, 2006; Gigerenzer, 2004). Heuristics rely on effort reduction (Shah &
Oppenheimer, 2008). A number of heuristics in risky choices have been proposed in literature
(Thorngate, 1980; Payne et al, 1993). Examples of such heuristic strategies include elimination
by aspects (EBA, Tversky, 1972), lexicographic ordering (LEX) of decision options (Fishburn,
1974; Tversky, 1969), use of the priority heuristic (Brandstaetter, Gigerenzer & Hertwig, 2006),
and various versions of single-attribute simple heuristics (Thorngate,1980; Payne et al, 1993).
For example, maximax is one classic simple heuristic that is based on the structure of fluency
heuristic (the alternative is recognized faster has the higher value) and Take-the-first heuristic
(choose the first alternative that comes to mind). Maximax is applied by choosing the gamble
with the highest outcome. Hence, this outcome heuristic solely uses outcome information and
disregards probabilities. Another example is the lexicographic (LEX) strategy, which is based on
the sequential structure of the Take-the-best heuristic (Fishburn 1974; Tversky, 1969).
Specifically, it involves sequential evaluation on different attributes in some fixed order or

according to some criterion. A choice is made if the selected dimension identifies a best option,
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otherwise a new dimension is selected. This sequential process can be seen as a simple form of
weighting. LEX strategy requires more effort, compared to maximax. As a dual heuristic, it uses
at least probabilities and follows a certain lexicographic order. Note that previous research also
found that individuals seemed not to treat the reasons equally in the two-alternative risky choice
problems, instead, they initially focus on outcomes rather than on probabilities (Brandstétter,
Gigerenzer & Hertwig, 2006; Loewenstein, Weber, Hsee, & Welch, 2001; Sunstein, 2003).
The “Less is more” effect

The classical view of the use of heuristics is that decision makers make a trade-off
between accuracy and cognitive effort (Payne et al. 1993). Hence, the use of heuristics results in
loss in accuracy. However, researchers have argued that heuristics can be ecologically rational,
and predict even better performance (Brandstétter, Gigerenzer & Hertwig, 2006; Kahneman &
Frederick, 2002; Gigerenzer & Gaissmaier, 2011). Individuals select qualitatively different
strategies depending on the demands of the decision task (Broder & Schiffer 2003; Gigerenzer &
Selten, 2001; Gigerenzer & Gaissmaier, 2011), because they are adapted to draw a balance
between being biased and flexible rather than simply trying to eliminate bias (Gigerenzer &
Brighton 2009). Methodologically, it can be argued that studying merely choice data may not
accurately infer decision maker’s underling cognitive processes, because the use of heuristics
produces ecologically rational performance that can be equivalent or even better, compared to
expectation-based analytics.
2.23 Concluding Remarks

In sum, classic decision theories have not been significantly updated in light of recent
empirical evidence on actual patterns of decision-making behavior under risk (Mishra, 2014).

Most decision research has involved decision contexts that do not address affect-related
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influences, and has often gathered data on risky choices involving only gains. Thus, it is not clear
if prior findings from expectation-based models and the emerging science of heuristics can be
generalized to participants influenced by incidental moods, and to data on risky decision
problems that involve both gains and losses. Furthermore, the most widely accepted decision
theories mainly predict decision choices and remain largely silent concerning the underlying
cognitive processes (Fiedler & Glockner, 2012; Luce, 2014).

One recently proposed model, the emotion-imbued choice model (EIC), attempts to
synthesize both traditional rational choice models and new findings on affect and decision
making (Lerner et al, 2015). The EIC considers the role of incidental affect, which is entirely
outside the scope of conventional EU and CPT models. According to the EIC, incidental moods
directly influence the conscious and unconscious evaluation of the outcome options by affecting
decision makers’ selective attention to problem aspects, use of processing strategies (heuristic or
analytic), and motivational goals. These affective influences jointly change how rational inputs
are evaluated. Despite these improvements, the EIC model fails to address the actual processing

patterns underlying decision-making.

2.3 Using Process Data to Understand Risky Decision-making Strategies

One trend in behavioral decision-making research has been a move away from a purely
behavioral approach analyzing decision outcomes to a more cognitive approach focused on
decision process (Weber & Johnson, 2009). This movement has seen increasing experimental
efforts to uncover the cognitive processes underlying decisions (e.g., Johnson & Busemeyer
2010, 2016; Pachur et al., 2013; Payne, Bettman & Johnson, 1988; Johnson et al., 2008; Franco-

Watkins and Johnson, 2011; Schulte-Mecklenbeck et al., 2011). Some of these research efforts
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have involved gathering decision process data in order to shed light on how an individual’s
attention may shift over time across different aspects of the decision options or alternatives, and
how attended information is used to evaluate the available options and to choose among them.
Researchers studying decision processes often distinguish between compensatory and
non-compensatory strategies. Compensatory strategies are analytic, in the sense that decisions
are made by performing overall evaluations of the associated decision options, integrating
information across their specific dimensions or attributes. This means that positive attributes of a
decision option can compensate for negative attributes, and vice versa. One compensatory model
is the weighted additive or WADD model, which describes a strategy involving calculating the
sum of the cue values multiplied by the corresponding “cue validities” for each option, and
choosing the option with the highest sum. In the specific context of risky choice (e.g., gambling
task), the “cue values” are monetary outcomes, and the “cue validities” are the associated
outcome probabilities, so WADD corresponds to calculation of expected values, implying EV-
maximizing choices, as predicted by the expected utility theory or EU (Edwards, 1954; Savage,
1954). Note that cumulative prospect theory or CPT (Kahneman & Tversky, 1979; Tversky &
Kahneman, 1992) is also derived using WADD-like weighting and summing operations, but with
the outcome values and outcome probabilities transformed by the value and decision weight
functions of CPT. However, Kahneman and Tversky did not propose CPT as a process model of
decisions, so CPT is perhaps best considered to be a “paramorphic” (Hoffman, 1960) or “as if”
model of decision process. WADD-like strategies are information-intensive, because they require
examining and using all available information (in this case, values and probabilities for each

decision option).
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In contrast, a number of heuristic strategies for multiattribute decisions that have been
proposed in the literature are non-compensatory, involving selective or incomplete search for
information, focusing on a few details rather than integrating across attributes. As discussed in
the previous section, examples of such heuristic strategies include elimination by aspects (EBA,
Tversky, 1972), lexicographic-order selection (Payne, Bettman, & Johnson, 1993), and various
versions of single-attribute or priority heuristics (Brandstaetter, Gigerenzer & Hertwig, 2006;
Thorngate, 1980). Unlike early work that links heuristics to unconscious and automatic
processes, Gigerenzer & Gaissmaier (2011) argue that every heuristic can also be used as a
conscious strategy. Similarly, recent empirical findings have suggested that compensatory
strategies can be applied automatically (Glockner & Herbold, 2011; Fiedler & Glockner, 2012).
Thus, the use of compensatory strategies may not strictly imply conscious analytic processing.

It is clear that compensatory strategies (e.g., WADD-like) demand more cognitive effort
(Dieckmann, Dippold & Dietrich, 2009; Johnson & Payne, 1985), because they require an
integrative decision-making process that combines all relevant information. Specifically, such an
integrative process requires concern not only for the amount of information processed but also
for different weights considered for all relevant attributes of each decision option (Payne,
Bettman, Coupey & Johnson, 1992).

Empirical evidence indicates that both compensatory and non-compensatory strategies
are commonly used by decision makers. In fact, some researchers have argued that, rather than
being two discrete categories of strategies, processing of a decision problem varies along a
continuum from heuristic to analytic, defined by the amount and type of information that is being
processed and integrated (e.g., Lerner et al, 2015). For instance, LEX-based strategies (that

includes weighting but no summing) is between simple heuristics (that considers value

27



information only with no integration, e.g., maximax) and expectation-based calculus (that
examines all information with weighting and summing, e.g., WADD). Affective states may shift
a decision maker along this continuum.

Using process-tracing methodologies (e.g., mouse lab, eye-tracker), researchers have
investigated decision-making strategies by analyzing distribution of attention and sequential
transitions of attention between different aspects of a problem (e.g., Fiedler & Glockner, 2012;
Glockner and Betsch, 2008; Glockner & Herbold, 2011; Pachur, Hertwig & Wolkewitz, 2014).
This section reviews relevant research work. Note that most studies involve decision contexts
that do not address affect-related influences.

2.31 Distribution of Attention

Decision theories predict the distribution of attention over decision problem attributes. In
the specific context of risky choice (e.g., two-alternative gambling task), compensatory analytics
(WADD) predicts that all problem attributes receive equal attention. More specifically, the
information search should be equally distributed over all outcome values and probabilities. In
contrast, non-compensatory heuristics predict that certain problem attributes receive particularly
large amounts of attention. One example is simple outcome heuristics. The use of maximax
requires greater attention to maximum values while disregarding probability information.
Another example is LEX-based heuristics that demand attention to both value and probability
information, with changes of attention from more important to less important comparisons over
time (e.g., Fiedler & Glockner, 2012; Glockner & Herbold, 2011). Despite the differences, some
researchers argue that outcome values generally matter more than probability information (e.g.,
Brandstaetter, Gigerenzer & Hertwig, 2006; Pachur et al, 2014), and the relevant empirical

studies have confirmed this value-over-probability bias (e.g., Nygren et al, 1996; Rottenstreich &
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Hsee, 2001).
2.32 Sequential Transitions

Using process-tracing methodologies, researchers have also investigated use of decision-
making strategies by analyzing sequential transitions of attention between different aspects of a
problem (e.g., Pachur, Hertwig & Wolkewitz, 2014; Payne et al 1988, 1993). In this work,
researchers have identified two key types of transitions: 1) transitions across dimensions within a
single decision option, and 2) transitions between distinct decision options on a common
dimension. Compensatory analytic strategies are usually identified with more frequent transitions
within an option. In the context of risky choice, an obvious compensatory strategy is a WADD
process, which implies frequent transitions between an outcome value and its associated
probability (Glockner & Betsch, 2008; Johnson et al., 2008; Franco-Watkins and Johnson, 2011;
Fiedler & Glockner, 2012; Glockner and Herbold, 2011; Pachur et al, 2013). In contrast to this
type of analytic compensatory strategy, a non-compensatory strategy reflects heuristic processing
which does not integrate these kinds of information (Brandstatter et al, 2006; Johnson et al.,
2008). Rather, heuristic strategies generally involve more frequent transitions between the values
(or probabilities) of the different decision options on a common dimension. Interestingly, one
study investigated sequential transitions of risky decision problems by taking into account the
role of integral affect (Pachur et al, 2014). The result showed that participants conducted more
between-gamble comparisons in affect-rich choices than in affect-poor choices. However, few
studies have considered the impact of incidental moods on the direction of information search.
2.33 Concluding Remarks

Overall, the research literature suggests that “the current science of decision-making still

resembles a colorful loose patchwork” (e.g., Gigerenzer & Gaissmaier, 2011). Although
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numerous studies in social and cognitive psychology have shown effects of incidental moods on
decision outcomes, few have used process data to examine the underlying decision processing
(Luce, 2014). Furthermore, the classic rational decision theories and the emerging heuristic
models are not intended to capture psychological decision processes. Despite the fact that much
of the decision literature has shifted from a pure behavior approach into a processing tracing

approach in recent decades, relevant empirical studies have largely neglected the role of affect.
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Chapter 3: Study 1

3.1 Introduction

The purpose of Study 1 was to investigate the influence of incidental moods on the
process and outcomes of risky financial decision-making, using eye-tracking methodology.
Specifically, this study tested hypotheses concerning the mood congruency effect and mood
effects on depth of processing (see reviews, Forgas, 1995; Lerner et al 2015; Schwartz, 2007).
By studying attention in the context of mixed-domain risky problems that involve both gains and
losses, this study can track decision-makers’ focus of attention on both positive (gain) and
negative (loss) information. The combination of the use of eye tracking-derived measures and the
design of mixed-domain risky choice constitutes a novel approach to investigating the possible
influence of incidental moods on risky decision-making.

Methodologically, this study used eye tracking data to directly measure decision makers’
underlying patterns of attention, as revealed by distribution of attention and sequential
transitions, rather than merely inferring processing strategies by the final choices made. This
type of process data has rarely been used to study the impact of incidental moods on risky
decision-making. Research has suggested that the use of eye-tracking measures offers advantages
over the more widely used mouse-tracing methodology because of its less intrusive mode to
record information search (Glockner & Herbold, 2011; Rahal & Fiedler, 2019). This may make it
a more valid way to obtain a trace of decision-makers’ focus of attention in order to shed light on
their patterns of information processing under induced moods.

In Study 1, a mood induction intervention (watching short movie clips) was used to elicit
positive (happy) or negative (sad) mood. The decision-making task involved problems that

offered a choice between two mixed-domain risky options, each pairing a probabilistic gain with
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the complementary probability of a loss. This task gave participants a chance to systematically
compare and weigh different aspects of the two risky decision options before making a choice.
Some social psychologists have suggested that induced happy and sad moods influence
individuals’ decision strategies, through the mood congruence mechanism (e.g., Forgas, 1995,
2001, 2006). This mood congruence hypothesis holds that decision makers in a positive mood
tend to pay more attention to positive information, and decision makers in a negative mood tend
to pay more attention to negative information. Study 1 tested this hypothesis by examining
participants’ underlying distribution of attention over the paired mixed-domain risky choices,
where participants with induced happy mood are expected to allocate greater attention to gain
information, whereas participants with induced sad mood are expected to pay more attention to
loss information.

This study also investigated the effects of moods on depth of processing. Previous
researchers (e.g., Schwarz &Clore, 2007, Lerner et al, 2015) have suggested that while happy
mood promotes heuristic processing, sad mood encourages analytic processing. Thus, this study
was designed to identify participants’ decision strategy using sequential transitions between
different problem attributes. Accordingly, with the relevant information describing each decision
option laid out in a row, sad-mood participants are expected to have more frequent within-row
transitions, particularly value-probability transitions, because this type of row transition is
characteristic of WADD-like analytic strategies. Sad-mood participants are also expected to
show fewer within-column transitions (i.e., transitions within an attribute dimension, but
between decision options), because this type of transition is associated with use of non-
compensatory heuristics, which require no integration. Study 1 thus focused on these two key

types of transitions in order to best detect the influence of incidental moods on analytic versus
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heuristic decision processing. Furthermore, Study 1 tested the “outcome over probability” bias
that has been observed in the decision literature (Brandstatter et al, 2006; Nygren et al, 1996;
Sunstein, 2003).

Regarding the methodological moderators (see the review section), Study 1 collected data
from an additional control group of participants who were explicitly instructed to use EV-based
calculations to make their choices, so that a baseline “pure analytic” pattern of attention and
choices could be observed. For the mixed-domain risky decision task, each choice option
consisted of a risky gain paired with a risky loss, so EV-based calculation implies WADD
strategy use. In order to identify the decision option with the highest expected value (EV),
participants need to multiply monetary values by their probabilities, then integrate expected
gains with expected losses, and finally compare expected outcomes for the two decision options—
clearly a compensatory strategy (Edwards, 1953). Unlike the non-compensatory heuristics that
are characterized by the use of limited information, EU and CPT theory predict exhaustive use of
information, assuming a relatively equal distribution of attention not only between values and
probabilities but also between gains and losses.

Prior research studies using process-tracing paradigms (Glockner & Herbold, 2011; Hills
& Hertwig, 2010; see also Johnson & Payne, 1985) have suggested that use of analytic
compensatory strategies (e.g., WADD) should be associated with more frequent value-
probability transitions within an option, because they require the integration of outcome values
with their corresponding probabilities. Thus, participants in the EV-instruction condition are
expected to have the most frequent within-row transitions, (particularly value-probability

transitions), and the least frequent within-column transitions (i.e., transitions within an attribute
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dimension, but between decision options), as compared to participants in the induced mood
conditions.

The primary focus of Study 1 was on the process data, especially individuals’ underlying
patterns of fixations, as revealed by distribution of attention and transitions in attention across
critical aspects of the decision options. In addition, this study analyzed decision outcomes,
examining individuals’ propensity to make expected value-maximizing choices across the
problems. EV-maximization implies WADD strategy use. Hence, the degree to which
participants maximize expected value (EV) can be taken as an outcome-derived measure of how
“analytic” they are in their choices. Because it is also possible that individuals employing an
analytic strategy evaluate risky decision options according to the psychological value and
decision weight functions of cumulative prospect theory or CPT (Tversky & Kahneman, 1992),
the predicted choices according to CPT were also calculated in this study, as an alternative way
to index the proportion of analytic-strategy choices.

The specific hypotheses to be tested were as follows.

Hypothesis A: Participants in both conditions are expected to attend more to value than to
probability information.

Hypothesis 1 Affect and Distribution of Attention

H1: If happy mood promotes more attention to gain information, participants with induced happy
mood are expected to attend more to gain information, relative to participants with induced sad
mood; if sad mood promotes more attention to loss information, participants with induced sad
mood are expected to attend more to loss information, relative to participants with induced happy
mood.

Hypothesis 2 Affect and Transition of Attention
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H2: Because participants with induced sad mood are expected to be more analytic in their
processing, they are expected to show more frequent within-option (i.e., within-row) transitions,
particularly transitions between an outcome value and its associated probability (row-VP
transitions), as well as fewer transitions comparing the two options on a single attribute
dimension (i.e., within-column transitions), compared to happy-mood participants.

Hypothesis 3 Affect and Choice

H3: Because participants with induced sad mood are hypothesized to be more analytic in their
processing, they are expected to show more EV-maximizing choices than participants with
induced happy mood.

Hypothesis 4 Patterns of EV Transition of Attention and EV choice

H4a: Participants in the EV-instruction condition are expected to show more frequent row-VP
transitions coupled with fewer column transitions, compared to participants in the two mood-
induction conditions.

H4b: It is expected that participants in the EV-instruction condition show more EV-consistent
choices, compared to participants in the two mood-induction conditions.

Hypothesis 5 Search-Choice Congruence

H5: It is expected that, both between and within conditions, within-option value-probability
(row-VP) transitions will be positively correlated with the number of EV-maximizing choices,
across problems. Also, between-option transitions (within a column) should be negatively
correlated with the number of EV-maximizing choices. Such correlations would provide

convergent evidence for validity of the measures of decision process and decision outcome.
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3.2 Method
Participants

Sixty-two participants were recruited from Columbia University, who participated either
by responding to flyers posted on campus bulletin boards or to satisfy a course participation
requirement. Participants included both undergraduate and graduate students, 48 females and 14
males. Most (87%) participants ranged in age from 20 to 30 years. They participated in the study
for either a payment of $10 or course credit.

Procedure

Participants were tested individually. They were informed that the purpose of the study
was to examine the factors influencing decision-making for problems involving potential
financial gains and losses. Each participant was randomly assigned to one of two mood induction
groups: positive (happy) or negative (sad). The participant first was taken through a calibration
procedure with the eye-tracker, to enable accurate gaze point calculations. Following the viewing
of the mood-induction movie clip, the participant was asked to make choices for each of 28 risky
decision problems displayed on a computer screen equipped with eye tracking equipment.
During this task, participants were allowed to work at their own pace.

In order to provide validation of the widely used assumption that within-row transitions,
especially between an outcome value and its associated probability, are a sign of more analytic
processing, data was also collected from a control condition, in which participants who were
explicitly instructed to use expected value to make their choices. Those participants had no
exposure to the mood-induction procedures prior to the decision-making task. Instead, they were
given instruction on how to calculate expected value and were given a sample decision problem

with the worked-out EV solution shown.
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Mood Induction

Movie clips were used to induce moods in participants before the decision task. Two
movie clips of similar length (6 to 7 minutes), one categorized as “positive” (from The Muppet
Show), and the other as “negative” (from Schindler’s List), were utilized. These clips have
previously been shown to successfully induce general happy and sad mood states, respectively
(De Vries et al., 2008). The success of the mood induction procedure of the experiment was
checked via a self-reported mood questionnaire administered after the video watching and before
the decision-making task. Participants were asked to rate on a 7-point Likert scale (ranging from
1to 7) how well each of the following terms (happy, joyful, cheerful, enthusiastic, sad, blue,
upset, distressed) described how they felt at that moment. All of the terms are taken from the
PANAS-X positive and negative affect schedule (Watson & Clark, 1999).

Mixed Decision-making Task

Twenty-eight risky decision problems were presented (one at a time), each consisting of two
decision options (labeled ‘a’ and ‘b’ for the participant). Both options were risky mixed
prospects, consisting of a loss and a gain with associated (complementary) probabilities. The
complete set of decision problems used is presented in Appendix A. Figure 1 shows the display

format for an example decision problem.

a  (+ $300, .2; -$ 70, 8)

o (+ $100, .9; - $200, A)
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Figure 1. Display format for a sample decision problem offering a choice
between two mixed-domain risky choice alternatives, option a and option b.

Decision Choices

Participants’ choices for each of the twenty-eight decision problems were analyzed,
including whether they chose the EV-maximizing option, a sign of analytic processing. The EV-
maximizing choice option is the one with the greatest expected value, which can be calculated by
multiplying the dollar amount by its probability and by summing across the weighted outcomes
of each option. For example, the expected values (EV) for the two decision options for the
sample decision problem portrayed in Figure 1 are as follows: EV(b) = ($100) *(.9) + (-
$200)*(.1) = $70, which is better than EV/(a) of $4, thus the goal of maximizing EV would lead
one to choose option b over a. The option that would be chosen according to the predictions of
Cumulative Prospect Theory (CPT) was also calculated, using the parameter values suggested by
Tversky and Kahneman (1992).
Decision Processes

A Tobii model T60 eye tracker with associated software was used to monitor the
participants’ attention paid to the eight consequential regions of each decision problem.
Specifically, the eye tracking-based attentional measures included fixation durations, gaze events
and AOI (area of interest) activities for eight critical regions defined by specific types of
information within each problem: gain value, gain probability, loss value, and loss probability for
each of the two decision options. The total fixation duration (TFD), in seconds, within each
critical region or ‘area of interest’ (AOI) was computed as the total viewing time for each area
across all episodes in which a participant had looked within the AOI, starting with a fixation
within the AOI and ending with a fixation outside the AOI. Because study 1 also investigated

decision-makers’ transitions in attention across the eight AOIs of decision problems, the gaze
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event data that recorded participants’ eye fixations was analyzed, including the order in which a
fixation event was recorded and whether the fixation was located inside any defined area of
interest (AOI) on the screen.

To analyze the transitions between the specific areas of interest (AOls), this gaze event
data was coded accordingly to four types of AOI transition: 1) within-row value-probability (row
VP) — transitions, between a value and its associated probability within an option, 2) row-other —
transitions within a row (option) other than row value-probability (row-VP) transitions, 3)
column — transitions within an attribute dimension, but between decision options, and 4)
diagonal — transitions between attribute dimensions and options simultaneously.

The target sample size was approximately 62 participants. The data was eliminated from
five participants whose fixations were not accurately identified, as shown by low valid gaze-
sample percentages (< 50%). This percentage is determined by the proportion of usable and
identifiable gaze event data. A low sample percentage can reflect many things: light interference,
a participant who is more difficult to track, or characteristics of the task or environment that
draw the participant’s attention away from the eye tracker AOI boxes. This filtering resulted in
an effective N of 57, with n=21 in the happy mood-induction condition, n=22 in the sad mood-

induced condition, and n=14 in the EV-instruction condition.

3.3 Results

As a manipulation check for the mood induction procedure, summary positive and
negative mood rating scores under each condition were obtained by averaging the participants’
self-ratings on the two relevant adjective scales: positive mood (in particular happiness) =

(happy, joyful, enthusiastic, cheerful), negative mood (in particular sadness) = (sad, upset, blue,
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distressed). Figure 1 presents the mean rating score for the positive terms (Pos_Score) and for
the negative terms (Neg_Score), by mood condition. It can be seen in Figure 1 that the mood
induction was effective, as measured by the self-ratings of positive and negative valence. A
multivariate ANOVA was conducted on the two self-rating summary dimensions. The overall
omnibus test for the mood condition was significant, Wilk’s A =0.19, p <0.001, 5, = 0.813,
demonstrating reliable mood-induction effects. Follow-up univariate ANOV A tests established
that both positive (Pos_Score), F (1, 41) = 82.78, p < 0.001, n,,* = 0.67, and negative scores
(Neg_Score), F (1, 41) = 130.47, p < 0.001, n,* = 0.76, were significantly affected by the mood

manipulation.

25

20

<<<<<

(((((

E R
15 [ [eseegs

>>>>>

10 [ 0 [felelelale

sssss

>>>>>

Mean Score (counts)

<<<<<
rrrrr

(((((

Pos_Score

CHappy mSad

Figure 2. Results of the manipulation check for the effects of viewing two mood-

induction videos on self-rated positive and negative mood scores (happy: n=21; sad:
n=22).
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Affect and Distribution of Attention

By analyzing the eye tracking-based attentional measure of total fixation durations
(TFDs), the data from Study 1 can be used to test for the effects of a mood congruence
mechanism (H1) as well as the “value over probability” bias (HA), as reflected in the amount of
attention that participants pay to certain critical aspects of the considered decision options.

Because the decision-making task included 28 relatively difficult problems, time effects
(due to fatigue and/or practice) were thought likely to occur. Also, it is possible that any effect of
the mood manipulation might be short-lived (Andrade & Ariely, 2009). Thus, mean TFDs were
analyzed across four equal time blocks: problems 1-7, 8-14, 15-21, and 22-28. Due to
practice/fatigue effects, it is expected to see a decreasing trend in TFDs. The marginal-mean
TFDs and standard deviations are presented in Table 1, for the main effects of InfoType and
InfoValence.

Table 1. Marginal (main effect) descriptive statistics for total fixation duration (TFD) by
InfoType (values vs. probabilities) and by InfoValence (gains vs. losses) for each block.

Negative Mood Positive Mood
Block M SD M SD

InfoType Values 1 67.26 28.49 70.69 32.45
2 45.54 21.32 49.70 25.20

3 49.73 25.01 54.06 30.44

4 44.16 25.36 47.33 25.66

Probabilities 1 34.08 13.08 35.68 21.63

2 25.17 11.24 28.64 17.66

3 25.85 10.19 27.90 17.95

4 25.59 11.31 26.05 18.28

InfoValence Losses 1 38.87 20.68 39.92 21.06
2 26.85 12.74 29.76 17.12

3 29.93 16.43 35.20 21.11

4 26.86 15.30 31.71 22.04

Gains 1 62.46 20.43 66.45 33.29

2 43.86 19.46 48.58 26.35

3 45.65 18.27 46.76 27.40

4 42.89 21.24 41.66 22.99
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A repeated-measures ANOVA predicting mean TFD for each critical area was conducted
using one between-subject factor of ‘condition’ (induced happy mood versus sad mood), and three
within-subject factors: ‘InfoValence’ (potential gains versus potential losses), ‘InfoType’ (payoff
values versus payoff probabilities), and ‘Block’ (1-4). Note that this analysis sums looking times
(TFDs) for a given critical region (e.g., gain values) across the two decision alternatives. In this
ANOVA, statistically significant effects were found for the within-subject factors of InfoType
(F(1, 40) = 124, p < .001), InfoValence (F(1, 40) = 103.1, p <.001) and Block (F(1, 40) = 30.28,
p <.001), with a two-way interaction between InfoType and InfoValence (F(1, 40) =6.22, p =.017),
as well as a three-way interaction among Condition, InfoValence, and Block (F(1, 39) = 2.99, p
=.038).

The descriptive and inferential results reveal that participants in both mood conditions
spent significantly more time looking at values than probabilities, and more on gains than losses.
However, it must be recognized that these main effects are to some degree confounded with the
left-right position of these quantities on the screen, so some of the differences might be due to a
reading order effect.

To interpret the interaction patterns, the significant three-way interaction among
Condition, InfoValence, and Block was examined. This interaction is shown in Figure 3. In this
interaction, the payoff value and probability for a decision option are not separated, because
participants’ looking times for these two components tend to be correlated. In Figure 4, it can be
seen that looking times (TFDs) generally declined across the four blocks of problems (some
small discontinuities between Blocks 2 and 3 are interpreted as being due to relatively difficult or
high-conflict problems in Block 3). The main effect of InfoValence, with more time allocated to

viewing gain information, is also apparent. The interaction itself seems to be due to the fact that

42



the difference in looking time for gains versus losses is very high in Blocks 1 and 2, and much
lower in Blocks 3 and 4. This pattern is more apparent in Figure 3, which plots those gain versus
loss differences directly by comparing the difference between gain values and loss values, and in
Figure 4. Taken together, the results did not confirm hypothesis 1 (affect and distribution of
attention regarding the mood-congruency mechanism). Neither a main effect of condition nor an

interaction of condition with InfoValence on attention was found.
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Figure 4. The three-way interaction among mood induction Condition, InfoValence, and
Block.

Theoretically, the overall pattern of attention results supported the mood congruency
effect. The positive induction may have had only a transitory effect, as follows. In the first two
time-blocks, when the effects of the mood induction were presumably strongest, the pattern of
means seems to be consistent with the mood congruence mechanism, such that participants in the
positive mood condition paid slightly more attention to information about gains than did
negative-mood participants. However, this difference declined in Blocks 3 and 4, perhaps due to
a fading effect of the mood induction.

Transitions in Attention

If participants with induced sad mood indeed use analytical strategies more than those
with induced happy mood, then this should be reflected in their patterns of attention and
information search, specifically in the transitions of their eye fixations among the pre-defined
“areas of interest” (AOIS) for the decision problems. The mean number of transitions per
problem, classified by transition type, are shown in Table 2, with standard deviations.

An ANOVA using Helmert contrasts showed that participants in the EV-instruction
condition had more total transitions among the eight target AOIs (TOT_RCD) than participants
in the two mood induction conditions, t (54) = 4.30, p < 0.001. This indicates more thorough and
effortful processing by EV-instruction participants. However, the two mood conditions did not
differ in total transitions, t(54) = 0.64, p = 0.522.

Because the total number of AOI transitions varies not only among conditions, but also
across individuals, we chose to run further analyses on the relative proportions of the four key

AOI transition types (column, diagonal, row-VP, and summed other types of row transitions,
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labeled row-other), dividing the raw frequency of each type of transition by the total frequency
of transitions. Row-VP transitions should be particularly diagnostic of WADD strategies. The last
four rows of Table 2 show that in all conditions the most prevalent type of transition was row-
VP, followed by row-other transitions, and column transitions. Diagonal transitions were the
least frequent of these four types. This pattern is apparent in all three conditions, as seen in

Figure 5.

Table 2. Mean frequencies and proportions of transitions among relevant AOls, by Condition.

Happy Mood Sad Mood EV-instruction
(n=21) (n=22) (n=14)

M SD M SD M SD

Raw Row 22.88 12.22 20.54 8.51 39.65 11.36
Transition  Column 491 3.18 4.75 1.74 4.27 2.50
Frequency Diagonal 3.05 1.78 2.89 1.31 3.52 1.45
Row_VP 13.36 7.81 12.26 5.20 28.16 8.57
Row_other  9.51 4.80 8.27 4.30 11.50 3.38
TOT_RCD 30.84 16.04 28.17 10.59 47.44 13.69

Transition Row-VP 0.412 0.103 0.431 0.094 0.593 0.051
Proportion Row-other 0.313 0.051 0.286 0.059 0.245 0.037
Column 0.177 0.089 0.179 0.070 0.087 0.036

Diagonal 0.097 0.021 0.103 0.021 0.075 0.023

Row = within-row (alternative-based comparison), Column = within-column (attribute-based
comparison), Diagonal = diagonal. Row transitions are further broken down into row_VP = transitions
between an outcome value and its associated probability, and row_other = other row transitions.
TOT_RCD = total transitions (row + column + diagonal). The Transition Proportion measures are all
normalized by TOT_RCD.
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Figure 5. Mean proportions of each AOI transition type, by condition.

To examine whether mood condition has a significant effect on the four types of AOI
transition, a MANOVA was conducted to predict the mean proportions of each transition type
from the factor Condition (happy versus sad versus EV). The multivariate results revealed a
significant main effect of condition (Wilk’s A = 0.52, p < 0.001, 1]p2 = 0.282) onthe
distribution of the four types of AOI transition. The follow-up univariate ANOVAs indicated a
significant effect of condition on each of the AOI transition types: for row-VP transitions, F (2,
54) = 19.73, p < 0.001, n,* = 0.422, for row-other transitions, F (2, 54) = 7.52, p = 0.001,
1n,> = 0.218, for column transitions, F (2, 54) = 8.45, p < 0.001, n,* = 0.238, for diagonal
transitions, F (2, 54) = 7.64, p = 0.001 n,* = 0.220.

The analyses used Helmert contrasts to further compare transitions between 1) the EV-
instruction condition versus the mean of the two mood conditions, and 2) the happy- versus sad-
mood condition. The results, seen in Table 3, indicate that participants in the EV-instruction

condition used a greater proportion of row-VP transitions (difference = 17.1%, t(54) = 6.33, p <
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0.001) than did participants in the two induced-mood conditions. At the same time, participants
in the induced-mood conditions showed a greater proportion of column transitions (difference =
9.1%, t(54) = 4.14, p < 0.001), diagonal transitions (difference = 2.5%, t(54) = 3.57, p < 0.001)
and row-other transitions (difference = 5.5%, %, t(54) = 3.44, p < 0.001) than did participants in
the EV-instruction condition. However, the differences in the mean proportions of the specific
types of AOI transitions were not significant between the participants with induced happy mood
and those with induced sad mood (row-VP: difference = 1.9%, t(41) = 0.70, p = .493; column:
difference = 0.2%, t(41) = 0.09, p = 0.911; diagonal: difference = 0.6%, t(41) = 0.86, p = 0.368;
row-other: difference = 2.7%, t(41) = 1.69, p = 0.088). Thus, hypothesis 4a (EV Transition of

Attention) was confirmed, but hypothesis 2 (Mood-Based Transition of Attention) was not.

Table 3. Results of Helmert contrast tests: Orthogonal comparisons among conditions for each
AOI transition type.

Value of 95% CI for Diff  95% CI for

Contrast Std. Error p Lower Bound Diff
Comparison DV Upper Bound
Happy Row-VP -0.019 0.027 0.493 -0.073 0.036
Vs. Row-other 0.027 0.016 0.088 -0.004 0.059
Sad Column -0.002 0.022 0.911 -0.046 0.042

Diagonal -0.006 0.007 0.368 -0.019 0.007

EV Row-VP 0.171 0.027 0.000** 0.116 0.226
Vs. Row-other -0.055 0.016 0.001** -0.087 -0.023
Induced Column -0.091 0.022 0.000%** -0.135 -0.047
Mood Diagonal -0.025 0.007 0.000%** -0.038 -0.012

Note: * p <0.05, ** p<0.01.

Decision Choices

To test if the mood induction had an effect on decision outcomes (Hypothesis 3, Affect
and Choice), the analyses examined whether participants with induced sad mood chose the EV-
maximizing option more often than participants with induced happy mood. To obtain

comparative baseline data on the frequency of EV-consistent choices that can be expected across
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these 28 complex problems when participants attempt to follow an EV-maximization strategy,
this analyses also examined whether participants in the EV-instruction condition showed more
EV-maximizing choices than did participants in the two mood-induction conditions (Hypothesis
4b, EV Choice).

The relevant data consisted of information on participants’ chosen options for each
decision problem. A given decision problem presented two choice options. Each choice option
was mixed-domain, pairing a probabilistic gain with a probabilistic loss. For analysis purposes,
a summary variable was created (EV score), defined as each participant’s total number of EV-
maximizing choices across the 28 problems. Therefore, these EV scores could range from 0 to
28. Descriptive statistics showed that for the negative mood condition, the EV scores had M =
19.36, SD = 3.06, while for the positive condition, M = 19.52, SD = 3.52. For the EV-instruction
condition, M = 23.07, SD = 4.29. These differences in mean EV Score can also be seen in

Figure 6, which plots the means for the three conditions.
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Figure 6. Mean EV Score for each condition. Error bars show the standard error.
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A one-way ANOVA indicated that the differences in the mean EV-maximization score
across the three conditions were significant, F(2, 54) = 5.51, p = 0.007, n,,* = 0.169. Helmert
contrasts were used to further compare means for 1) the EV-instruction condition versus the
mean of the two induced-mood conditions, and 2) the happy- versus sad- mood condition.
Participants in the EV-instruction condition had significantly more EVV-maximizing choices
(mean difference = 4) than did participants in the induced mood conditions, t(54) = 3.31, p =
0.002. However, the difference in mean EV Score between happy-mood participants and sad-
mood participants was not significant, t(54) = 0.15, p = 0.883. Thus, hypothesis H4b (EV

Choice) was confirmed, but H3 (Affect and Choice) was not.

Mean CPT score was also compared across the three conditions, since these scores may
better describe the choices of participants adopting an analytic approach. A univariate ANOVA
indicated that the differences in the mean CPT-maximization score across the three conditions
were not significant, F (2, 54) = 1.89, p = 0.161, n,,> = 0.065. Participants in the EV-
instruction condition had marginally significantly more CPT-maximizing choices (mean
difference = 2) than did participants in the induced mood conditions, p =.083. As with EV Score,
the difference in the mean CPT Score between happy-mood participants and sad-mood
participants was not significant, p = 0.407.

Transitions in Attention and Decision Choices

To test the Search-Choice Congruence hypothesis (H5), a correlational analysis was
conducted between the two critical measures of decision process (as revealed by transitions in
attention) and decision outcome (as revealed by EV-maximizing and CPT-congruent choices).

This constitutes a validity check on whether the row-VP and column transitions serve as reliable
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indicators of analytic strategies, in this case EV-instruction or a WADD strategy consistent with
CPT valuations of the decision options.

Table 4 presents coefficients for the Pearson correlations between AOI transition types
and EV score for the two mood-induction conditions. Because the analyses reported above had
shown no differences on these variables between the two mood induction conditions, the
correlational analysis was performed on the lumped data from these conditions. It can be seen in
Table 4 that the correlation between row-VP transitions and EV score was .37 (p < .05),
indicating a moderate positive relationship — the more frequent the row-VP transition, the higher
the EV score. The correlation between column transitions and EV score was -.49 (p < .01),
indicating a sizeable negative relationship between the two: the more frequent the column
transition, the less likely the EV-maximizing option was to be chosen. Using CPT score as the
criterion, a similar pattern of correlations was obtained, but only the negative correlation

between CPT score and column transitions was significant (r = -.42, p <.01).

Table 4. Pearson correlations between EV score, CPT score, and AOI transition types for the
lumped mood-induction conditions (happy and sad combined).

Transition

type EV Score CPT Score Row-VP Row-other  Column  Diagonal
EV Score -

CPT Score 79 -

Row-VP 37 29 -

Row-other A1 15 - 49%* -

Column -.49™ -42% -.807 -.08 -

Diagonal -.14 -.15 -.29 -.11 .16 -

** p <.01 (2-tailed), * p<.05 (2-tailed).

Table 5 presents the correlations between AOI transition types and EV score for the EV-
instruction condition. A similar pattern of relationships was found, with an even stronger positive

relationship between row-VP transition and EV score (r =.549, p =.042) and a stronger negative
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relationship between column transitions and EV score (r = -.727, p = .003). The correlations
between transition types and CPT score were also stronger in this condition compared to the
mood-induction conditions: For row-VP transitions and CPT score, r = .647, p =.012; for
column transitions and CPT score, r = -.832, p < .01. These results provide support for
hypothesis H5 (Search-Choice Congruence), demonstrating that these two types of transitions

are valid indicators of analytic strategy use in risky choice.

Table 5. Pearson correlations between EV score, CPT score, and AOI transition types for the EV-
mstruction condition.

Transition

type EV Score CPT Score Row-VP Row-other ~ Column  Diagonal
EV Score -

CPT Score .89™ -

Row-VP 55" 65° -

Row-other -.03 -.02 -.37 -

Column =737 -.83" =757 =21 -

Diagonal -.03 -.09 -.43 -.45 42 -

** p <.01 (2-tailed), p < .05 (2-tailed).

3.4 Discussion

Study 1 provides new empirical evidence concerning the effects of induced mood on
decision-making process and outcome in the context of mixed-domain problems under risk, and
on the validity of using process data to identify the use of analytic or compensatory strategies.
Using eye-tracking-based measures, this study analyzed participants’ distribution of attention
and transitions in attention across problem aspects, shedding light on their patterns of
information processing, both under the induced mood conditions and under instructions to
calculate EV. A review of the literature suggests that this is the first use of eye tracking data to
investigate differences in information processing between participants with induced happy or sad

mood, and presenting comparative data on participants instructed to use an analytic strategy.
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A first conclusion is that the results did not confirm the main predictions of mood-
congruence theory regarding attention allocation, as measured by total fixation durations (TFDs).
Neither a main effect of condition nor an interaction of condition with InfoValence on attention
(TFD) was found. However, a significant three-way interaction among InfoValence, Condition,
and Block was present. The nature of the interaction suggests that the mood induction,
particularly the positive induction, may have had only a transitory effect. Although participants
in both conditions paid more attention to information about gains compared to loss information,
this advantage for gain information was greatest in the first two blocks of the happy mood
induction condition, when the effects of the mood induction were presumably strongest. But this
interpretation should be substantiated via future research. It should be noted that the sample size
was relatively small. In order to detect effects of incidental moods on such subtle patterns of
attention allocation, many more participants would be needed.

Nonetheless, the significant main effects of InfoType and InfoValence do suggest some
insights into participants’ allocation of attention in their decision-making processes. These
significant effects suggest that participants, regardless of their assigned mood conditions,
allocate more attention to value information than to probabilities, and more attention to gains
than to losses. This results partially support the “value over probability” bias, as suggested in the
previous literatures. However, it must be recognized that these main effects are to some degree
confounded with the left-right position of these quantities on the screen, so some of the
differences might be due to a reading order effect. Future investigations are needed to confirm
and further explore these findings.

Second, the results partially supported the hypotheses concerning the mood effects on

depth of processing in terms of transitions in attention (H4a confirmed, H2 not confirmed). As
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expected, participants in the EV-instruction condition demonstrated the clearest evidence for
analytic strategy use. These participants exhibited the most frequent row-VP but the fewest
column and diagonal transitions. Furthermore, this pattern of transitions was demonstrated to
correlate with the frequency of optimal (EV-maximizing) decision choices. In contrast,
participants in the two mood-induction conditions showed relatively heuristic patterns of
processing. Their pattern of transitions in attention showed fewer row-VP transitions and more
frequent column transitions, and they exhibited fewer EV-maximizing choices.

However, the data did not provide evidence that incidental moods affect decision process
or choices in this mixed-domain risky decision task. In particular, the results did not provide
support for prior claims that sad moods increase the prevalence of analytic processing.
Participants with induced happy or sad mood showed near-identical patterns of attention
transitions and EV-maximization choices. One possible explanation for the overall pattern of
findings is that participants in both mood-induction conditions might have experienced
reduced cognitive capacity due to physiological arousal or distraction (compare to the mood-
neutral EV-instruction condition), and these capacity limitations may have prevented them from
making an effortful analytic approach. This effect seems plausible for these complex mixed-
domain problems, which required substantial analytic processing in order to make optimal (EV-
consistent) choices. The complexity of the risky mixed-domain problems (including probabilistic
gains and losses for each option) used here is underscored by the fact that even participants in the
EV-instruction condition did not successfully maximize 100% of the time, correctly choosing the
higher-EV option for only about 23 out of 28 problems on average.

Regarding these null findings for the effects of incidental mood, note that Schwarz (1990)

and Forgas (2012) have suggested that the effect of mood on depth of processing is highly
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context dependent. In the present risky choice task, adopting an analytic approach has strong
normative appeal, thus may seem the most natural or “correct” approach. In our study, signs of
compensatory processing, such as frequent row-VP transitions, are exhibited even by participants
in the mood induction conditions. It may be that compensatory strategies requiring information
integration are the most natural approach for this type of description-based risky decision
problem, and thus are relatively resistant to influence by incidental moods. The null results
might also be attributed to the relatively limited sample sizes, although the small effect sizes for
happy versus sad mood found here suggest that power considerations are not the only factor. To
be sure, the mood induction technique used here, viewing brief video clips, was shown to be
effective by our manipulation check. However, it may have had only small or transient effects
on choice behavior, not lasting long enough to affect processing for approximately a half-hour of
making relatively difficult decisions using quantitative information.

As a final limitation or concern, although prior research on the effects of incidental
moods supports the possibility of general valence-based effects of positive versus negative mood
(Blanchette & Richards, 2010), future studies would ideally include a neutral mood condition, so

that the specific effects of positive or negative affect could be identified.
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Chapter 4: Study 2

4.1 Introduction

The goal of Study 2 was similar to Study 1 — to investigate the influence of induced
moods on the process and outcomes of decisions under risk. In particular, Study 2 examined
whether negative and neutral mood participants differed in their decision choices and in patterns
of attention (e.g., distribution of attention, transitions in attention) to relevant problem
information.

Study 2 incorporated several modifications from Study 1. First, instead of movie clips,
the mood induction involved reading selected news stories from The New York Times. This
change was made in an attempt to induce a more intense affective response using real-life
contexts. Second, the mood induction conditions used were neutral and sad. Inclusion of a
neutral condition enables inferences about the true effect of induced mood conditions (in this
case, sad mood). Third, there were two manipulation checks, a pre-decision check and an added
post-decision check so that the duration of the mood induction effect could be examined. Fourth,
the decision task difficulty was reduced in two ways. This was done in order to provide more
opportunity for participants to respond in a quick intuitive or “heuristic” manner. One mean of
simplifying was to include fewer problems (16 instead of 28), and another was to include a less
complex problem structure (domain) by always pairing a sure option with a mixed-domain risky
option. Also, in order to reduce potential math anxiety and to avoid cuing a pure numeric
strategy, words rather than pure numeric values were used to describe decision problems. Fifth,
upon completion of the decision task, participants were asked to write one sentence to describe

the news story, and they were informed of this aspect of the task before responding to the
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decision problems. This change was made to reduce demand characteristics (e.g., participants

guessing the aims of the study). Finally, more participants were recruited for each condition.

The specific hypotheses to be tested are as follows.

Hypothesis A: Participants in both conditions are expected to attend more to value information
than to probabilities.

Hypothesis 1 Affect and Distribution of Attention

H1la: If sad mood promotes more attention to loss information, as posited by the mood
congruence theory, participants are expected to attend more to loss information, relative to
participants in the neutral mood condition.

H1b: Because PS2 (sure loss paired with mixed risky) problems contain more loss information
than PS1 (sure gain paired with mixed risky) problems, aligning with the mood congruency
effects, participants with induced sad mood are expected to attend more to loss information for
PS2 than for PS1 problems.

Hypothesis 2 Affect and Transition of Attention

H2a: If sad mood promotes analytic processing, as suggested by the mood effects on depth of
processing, participants are expected to show more frequent within-option (i.e., within-row)
transitions between an outcome value and its associated probability (row-VP transitions),
compared to participants in the neutral mood condition.

H2b: If sad mood promotes analytic processing, then sad-mood participants are also expected to
have fewer transitions comparing the two options on a single attribute dimension (i.e., within-
column transitions), compared to participants in the neutral mood condition.

Hypothesis 3 Affect and Choice
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H3: Because participants with induced sad mood are hypothesized to be more analytic in their
processing, they are expected to show more EV-maximizing choices than participants in the

neutral mood condition.

4.2 Method
Participants

Approximately sixty participants were recruited from Columbia University by means of
flyers posted on bulletin boards and from classrooms. Participants included both undergraduate
and graduate students. They participated in the study for either a payment of $10 or course credit.
Procedure

Participants were tested individually in a neuroscience lab. They were informed that the
purpose of the study was to examine some memory-related factors influencing decision-making
for problems involving potential financial gains and losses. Each participant was randomly
assigned to one of the two mood conditions: negative (sad) or neutral. The participant first was
taken through a calibration procedure with the eye-tracker, to enable accurate gaze point
calculations. Following the reading of the mood-induction news story, the participant was asked
to make choices for each of 16 decision problems displayed on a computer screen equipped with
eye tracking equipment, working at their own pace.
Mood Induction

Participants were asked to read news stories to induce sad or neutral mood before the
decision task. Two news stories of similar length were selected from The New York Times, either
sad (Local Family Farm Suicide) or neutral (Healthy Benefits of Local Park). The success of the

mood induction procedure was checked twice via a self-reported mood questionnaire
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administered before and after the decision-making trials. Participants were asked to rate on a 7-
point scale how well each of the following terms (angry, depressed, sad, neutral, interested,
bored, irritable, annoyed, calm, discouraged, relaxed) described how they felt at that moment.
All of the terms were taken from the PANAS-X positive and negative affect schedule (Watson &
Clark, 1999).
Mixed Decision-making Task

Sixteen risky decision problems were presented (one at a time), each consisting of two
decision options (labeled ‘a’ and ‘b’ for the participant). The decision problems (randomized and
counterbalanced) that vary in problem structure (domain): offering a choice between either a sure
gain versus a mixed risky option (PS1), or a sure loss versus a mixed risky option (PS2). The
complete set of decision problems used is presented in Appendix A. Figure 7 shows the display

format for example decision problems.

100% chance to  win $50 A lose $100 w/ 95% chance win $80 w/ 5% chance

90%chance to  win $70 10% chance to lose $60 B. lose $40 w; 100% chance

Figure 7. Display format for a sample decision problem (left: Problem Structure 1; right: Problem
Structure 2) offering a choice between option a and option b.

Decision Choices
Participants’ choices were analyzed, including whether they chose the EV-maximizing
option, a sign of analytic processing. The EV-maximizing choice is the one with the

greatest expected value, which can be calculated by multiplying the dollar amount by its
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probability and by summing across the weighted outcomes of each option. For example, the
expected values (EV) for the decision problems on the left in Figure 7 are EV(b) = ($70)*(.9) +
(-$60)*(.1) = $57, which is better than EV/(a) of $50, thus the goal of maximizing EV would lead
one to choose option b over a. The option that would be chosen according to the predictions of
Cumulative Prospect Theory (CPT) is also calculated, using the parameter values for valuations
suggested by Tversky and Kahneman (1992).
Decision Processes

A Tobii model T60 eyetracker with associated software was used to monitor the
participants’ attention paid to the six consequential regions of each decision problem.
Specifically, the eye tracking-based attentional measures included duration of fixations, gaze
events and AOI (area of interest) activities for six critical regions defined by specific types of
information within each problem: gain value, gain probability, loss value, and loss probability for
each of the two decision options. The total fixation duration (TFD), in seconds, within each
critical region or ‘area of interest’ (AOI) was computed as the total viewing time for each area
across all episodes in which a participant had looked within the AOI, starting with a fixation
within the AOI and ending with a fixation outside the AOI. Because study 2 also investigated
decision-makers’ transitions in attention across the six AOIs of decision problems, the gaze event
data that recorded participants’ eye fixations was analyzed, including the order in which a
fixation event was recorded and whether the fixation was located inside any defined area of
interest (AOI) on the screen.

To analyze the transitions between the specific areas of interest (AOIs), this gaze event
data was coded accordingly to four types of AOI transition: 1) within-row value-probability (row

VP) — transitions, between a value and its associated probability within an option, 2) row-other —
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transitions within a row (option) other than row value-probability (row-VP) transitions, 3)
column - transitions within an attribute dimension, but between decision options, and 4)
diagonal — transitions between attribute dimensions and options simultaneously.

The target sample size is approximately 60 participants. The data was eliminated from
two participants whose fixations were not accurately identified, as shown by low valid gaze-
sample percentages (< 50%). This percentage is determined by the proportion of usable and
identifiable gaze event data. A low sample percentage can reflect many things: light interference,
a participant who is more difficult to track, or characteristics of the task or environment that
draw the participant’s attention away from the eye tracker AOI boxes. This filtering resulted in

an effective N of 58, with n=29 for each condition.

4.3 Results

As a manipulation check for the mood induction procedure before and after the decision
task, summary sad and neutral mood rating scores under each condition were obtained by
averaging the participants’ self-ratings on the two relevant adjective scales: negative mood (in
particular sadness) = (sad, depressed, discouraged), neutral mood = (neutral, calm, relaxed).
Figure 8 presents the mean rating score for the negative terms (SadScore) and for the neutral
terms (NeutralScore), by mood condition. It can be seen that the mood induction was effective,
as measured by the self-ratings of positive and negative mood. A multivariate ANOVA was
conducted on the two self-rating summary dimensions to compare the effects of the two mood
induction conditions. The omnibus tests on the two summary scores for this mood manipulation

check were significant, pre-decision check (MC1), Wilk’s A = 0.55, p <0.001, 1,,> = 0.45; post-

decision check (MC2), Wilk’s A =0.85, p=0.031, ,> = 0.15, demonstrating reliable mood-
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induction effects. Two follow-up univariate ANOVA tests for the pre- and post- decision
manipulation check established that the mood induction affected both negative (SadScore),
MC1, F (1, 56) = 42.65, p < 0.001, ,,> = 0.85; MC2, F (1, 56) = 5.59, p = 0.022, n,,> = 0.09,
and neutral scores (NeutralScore), MC1, F (1, 56) = 7.57, p = 0.008, 1, = 0.94; MC2, F (1, 56)
=2.62, p=0.111, n,* = 0.05, in the expected directions. However, the effect decreased over

time from pre-task to post-task

MC1 before DM task MC2 after DM task

20 20
T 1s B 15
£ 10 g 10
a a
o o
é 5 - é |
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SadScore NeutralScore SadScore NeutralScore
B NeutralCond B SadCond M NeutralCond ™ SadCond

Figure 8. Results of the two manipulation checks (pre- and post- decision task) for the effects of
reading neutral versus sad news stories on self-rated mood scores (sad: n=29; neutral: n=29).
Affect and Distribution of Attention

Study 2 tested for the effects of a mood congruence mechanism (H1) as well as the
“value over probability” bias, as reflected in the amount of attention that participants pay to
certain critical aspects of the considered decision options. Mean total fixation durations (TFDs)
were analyzed for both problem structure domains: PS1 (sure gain versus mixed risky) and PS2
(sure loss versus mixed risky). Table 6 presents the marginal-mean TFDs and standard deviations
for the main effects of InfoType (values versus probabilities) and InfoValence (gain versus loss)

for each problem structure (domain).
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Table 6. Marginal (main effect) descriptive statistics for total fixation duration (TFD) by
InfoType and by InfoValence for each problem structure (domain).

Neutral Mood Negative Mood
Option M SD M SD
Values Sure 10.02 3.66 9.99 4.46
PS1 Mixed 22.84 15.10 18.80 11.41
SureGain- Probabilities Sure 7.70 3.66 6.63 3.62
MixedRisky Mixed 16.05 7.10 13.57 5.69
Losses Sure - - - -
Mixed 19.42 13.77 15.84 10.65
Gains Sure 17.72 6.50 16.62 6.49
Mixed 19.47 9.01 16.53 6.09
Values Sure 11.76 5.26 10.79 452
PS2 Mixed 25.15 13.52 20.96 11.17
SureLoss- Probabilities Sure 9.77 4.36 9.65 4.89
MixedRisky Mixed 17.81 6.09 15.74 6.65
Losses Sure 21.53 7.33 20.44 7.39
Mixed 24.28 14.29 19.09 9.79
Gains Sure - - - -
Mixed 18.67 5.80 17.61 8.30

Because the “areas of interest” (AOIS) that involve gain and loss information were
symmetric for the mixed risky options only, we chose to run further analyses on these four risky-
option AOIs (gain value, gain probability, loss value and loss probability). A mixed ANOVA
predicting mean total fixation duration (TFD) for each of the four critical areas was conducted
using one between-subject factor of ‘condition’ (induced sad mood versus neutral mood) and
three within-subject factors: ‘InfoValence’ (potential gains versus potential losses), ‘InfoType’
of information (payoff values versus payoff probabilities), and ‘problem structure (domain)’
(PS1 sure gain paired with mixed risky versus PS2 sure loss paired with mixed risky). Note that
this analysis averages fixation times (TFDs) across the four risky-option AOIs. In this ANOVA
analysis, statistically significant effects were found for the within-subject factors of InfoType
(F(1, 56) = 25.79, p <.001), and Problem Structure Domain (F(1, 56) = 5.00, p =.029), with a

two-way interaction between InfoValence and Problem Structure Domain (F(1, 56) = 23.19, p
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<.001), as well as a three-way interaction among Condition, InfoVValence and Problem Structure

Domain (F(1, 56) = 4.65, p =.035).

Table 7. Mixed ANOVA predicting mean total fixation durations

df F P n?
Between-subjects effects
Intercept 1 306.24 .000 .845
Mood Condition 1 2.19 144 .038
Error 56 - - -
Within-subjects effects
ProblemStructure 1 5.00 .029 .082
ProblemStructure*Condition 1 0.01 .944 .000
InfoType 1 25.79 .000 315
InfoType*Condition 1 .58 .450 .010
InfoValence 1 1.79 187 .031
InfoValence*Condition 1 1.01 319 .018
ProblemStructure* InfoType 1 A1 741 .002
ProblemStructure* InfoType*Condition 1 A2 127 .002
ProblemStructure* InfoValence 1 23.19 .000 293
ProblemStructure* InfoValence *Condition 1 4.65 .035 077
InfoType*InfoValence 1 .03 .865 .001
InfoType*InfoValence*Condition 1 .02 .900 .000
ProblemStructure* InfoValence *InfoType 1 .29 .590 .005
ProblemStructure*InfoValence*InfoType*Condition 1 .67 416 012
Error 56 - - -

The descriptive and inferential results reveal that participants in both mood conditions
spent significantly more time looking at value information than probability information, and
attended more to PS2 (sure loss paired with mixed risky) than PS1 (sure gain paired with mixed
risky) problems. The former confirmed the value-over-probability bias that has been reported in
previous literature and in Study 1. Thus, hypothesis 0 was supported.

To interpret the interaction patterns, the significant three-way interaction among

Condition, InfoValence and Problem Structure (domain) was examined. In Figure 9, it can be
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seen that participants with induced neutral mood in general spend longer time looking at both
gain and loss information for all problems, relative to participants with induced sad mood.
However, sad-mood participants showed a more even distribution by infoValence, as compared
to neutral mood participants, and they attended more to loss information for PS2 than for PS1
problems. Taken together, the results did not confirm hypothesis H1a, neither a main effect of
condition nor an interaction of condition with InfoValence was found. However, H1b was
supported, sad-mood participants seemed to focus more on PS2 (sure loss paired with mixed

risky) problems, especially for information about potential losses rather than gains.

Neutral Condition Sad Condition

13 Probstruc 13 ProbStruc
=== SureGain-MixedRisky

== SureGain-MixedRisky = Syrel oss-MixedRisky
== SureLoss-MixedRisky

Options (s)
Options (s)

o /

\.

Gain Loss Gain Loss

Mean Total Fixation Duration for Mixed Risky
Mean TotalFixation Duration for Mixed Risky

)
©

InfoValence InfoValence

Figure 9. Mean Fixation Duration: The three-way interaction among mood induction condition,
InfoValence, and ProblemStructure (domain).
Affect and Transitions in Attention

Hypothesis 2 tested for possible mood effects on depth of processing. If participants with
induced sad mood indeed use analytical strategies more than those with induced neutral mood,
then this should be reflected in their patterns of attention transitions, specifically in the
transitions of their eye fixations among the pre-defined “areas of interest” (AOIs) for the
decision problems, because certain transition types are associated with analytic and heuristic

strategies, respectively. The mean number of transitions per problem for each problem structure
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(domain), classified by transition type, are shown in Table 8, with standard deviations. Because
the total number of AOI transitions varies not only among conditions, but also across individuals,
we chose to run further analyses on the relative proportions of the four key AOI transition types
(column, diagonal, row-VP, and summed other types of row transitions, labeled row-other),
dividing the raw frequency of each type of transition by the total frequency of transitions (see
Table 9). Row-VP transitions should be particularly diagnostic of WADD strategies. Both Table
8 and 9 show that in all conditions the most prevalent type of transition was row-VP, followed by
row-other transitions, and diagonal transitions. Column transitions were the least frequent of
these four types. The only exception occurred for PS1 problems, where sad-mood participants
showed slightly more frequent use of column transitions than diagonal transitions. This pattern is
also apparent in Figure 10.

Table 8. Descriptive statistics for mean raw transition frequency among relevant AOIs, by
Condition.

Neutral Mood Sad Mood
M SD M SD
PS1 Column 11.66 5.75 12.86 6.26
SureGain-MixedRisky RowVP 72.90 21.92 62.86 18.05
Diagonal 13.48 5.61 12.34 5.43
RowOther 22.14 12.75 18.28 9.45
PS2 Column 16.59 9.18 14.76 7.42
SureLoss-MixedRisky RowVP 77.48 23.42 71.52 23.47
Diagonal 18.03 6.37 16.24 5.68
RowOther 20.48 8.47 19.21 8.15
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Table 9. Descriptive statistics for mean proportions of transitions among relevant AOIs, by
Condition.

Neutral Mood Sad Mood
M SD M SD
PS1 Column 0.097 0.039 0.121 0.049
SureGain-MixedRisky RowVP 0.613 0.068 0.592 0.079
Diagonal 0.116 0.044 0.117 0.039
RowOther 0.175 0.059 0.170 0.057
PS2 Column 0.121 0.047 0.120 0.046
SureLoss-MixedRisky RowVP 0.587 0.057 0.586 0.072
Diagonal 0.137 0.031 0.135 0.029
RowOther 0.155 0.045 0.158 0.050

row_VP = transitions between an outcome value and its associated probability within an option, row_other =
transitions within an option other than row-VP, column = transitions within an attribute dimension, but
between decision options, diagonal = transitions between attribute dimensions and options simultaneously.

Mean Proportions of AOItransitions (%)
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Figure 10. Mean proportions of each AOI transition type, by ProblemStructure
(domain) and Condition.

To examine whether mood condition had a significant effect on the four types of AOI

transition, two separate MANOVAs (for PS1 and PS2 problems) were conducted to predict the
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mean proportions of each transition type by the factor Condition (neutral versus sad). The
multivariate results showed non-significant main effect of condition for PS1 problems (F(1, 56)
=1.45, p =0.230, n,,® = 0.074) and for PS2 problems (F(1, 56) = 0.05, p =0.987, n,,> = 0.003) on
the distribution of the four types of AOI transition. The follow-up univariate ANOVAs, seen in
Table 10, indicated a significant effect of condition on column transitions for PS1 problems, F
(1, 56) = 4.45, p = 0.039, 1,2 = 0.074. Because of the non-significant results from the
MANOVA:s, this result should be interpreted with caution. For other types of AOI transitions,
the univariate tests of differences by condition in the mean proportions of specific AOI
transitions were not significant, neither for PS1 nor for PS2 problems. Thus, hypothesis 2
(Mood-Based Transition of Attention) was not confirmed.

Table 10. Follow-up tests predicting mean transition proportions for PS1 and PS2 problems, by
Condition.

Comparison DV Df F P n?
PS1 Column 1 4.45 .039 074

Sad vs. PS1 RowVP 1 1.19 279 021

Neutral PS1 Diagonal 1 .008 .929 .000
PS1 RowOther 1 .089 .766 .002
Error 56 - - -
PS2_Column 1 .004 .948

Sad vs. PS2_RowVP 1 .004 .950 .082

Neutral PS2_Diagonal 1 .064 .801 315
PS2_RowOther 1 .096 757 .031
Error 56 - - -

Note. N = 58; df = degrees of freedom; n? = effect size

Affect and Choices
To test whether the mood induction has an effect on the tendency to make “optimizing”
choices requiring a WADD-type analytic strategy (Hypothesis 3, Affect and Choice), analyses

examined if participants with induced sad mood chose the EV-maximizing option more often
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than participants with induced neutral mood. A summary EV-score variable was created,
defined as each participant's total number of EV-maximizing choices across PS1 (SureGain-
MixedRisky) and PS2 (SureLoss-MixedRisky) problems. Therefore, these EV scores could range
from O to 6. Descriptive statistics seemed to suggest that sad-mood participants showed more
EV-maximizing choices (PS1: M = 3.00, SD = 1.58; PS2: M = 3.79, SD = 1.24), as compared to
neutral mood participants (PS1: M = 2.79, SD = 1.63; PS2: M = 3.69, SD = 1.24). Also, all
participants seemed to show more EV-maximizing choices for PS2 than for PS1 problems. These
differences in mean EV Score can also be seen in Figure 11, which plots the means for the two

mood conditions.
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Figure 11. Mean EV Score by ProblemStructure (domain) and Condition.
Error bars show the standard error.

To test these differences, a mixed ANOVA predicting mean EV score was conducted
using one between-subject factor of ‘condition’ (sad versus neutral mood), and one within-
subject factors of ‘problem structure domain’ (PS1 sure gain paired with mixed risky versus PS2
sure loss paired with mixed risky). It can be seen in Table 11, statistically significant effect was

found for the within-subject factor of ‘problem structure domain’ (F(1, 56) = 9.85, p = .003,

68



n,° = 0.15). All participants showed more EV-maximizing choices for PS2 (SureLoss-

MixedRisky) problems than for PS1 (SureGain-MixedRisky) problems. However, the difference
in mean EV Score between the two mood conditions was not significant, (F(1, 56) = .24, p

=.623, ,% = 0.004). Thus, hypothesis 3 (Affect and Choice) was not confirmed.

Table 11. Mixed ANOVA predicting EV-maximizing scores.

Df F p n?
Between-subjects effects
Intercept 1 447.23 .000 .889
Mood Condition 1 244 .623 .004
Error 56 - - -
Within-subjects effects
ProblemStructure 1 9.85 .003 .150
ProblemStructure* Condition 1 .04 .848 .001
Error 56 - - -

Note. N = 58; df = degrees of freedom; n? = effect size.

4.4 Discussion

Study 2 examined the effects of induced sad mood versus neutral mood on decision-
making process and outcomes in the context of decision problems under risk. We addressed one
common methodological issue - a lack of a neutral-mood control condition - in the affect and
decision literature (e.g., Blanchette & Richards, 2010). Inclusion of a neutral condition in the
present study enabled us to draw inferences about the true effect of induced sadness.
Furthermore, the mood manipulation in Study 2 involved reading news stories from The New
York Times. We aimed to induce a strong affective response from real-life contexts. In addition,
we modified the cognitively complex Study 1 decision task by always pairing a sure option with
a mixed-domain risky option, and by using words rather than pure numeric values to describe
problems. Overall, the results from Study 2 partially support for the hypotheses. The findings are

discussed below.
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First, the fixation data confirmed Hypothesis A that participants in both conditions paid
more attention to value information than probabilities. This finding supported the value-over-
probability bias in previous literature. Interestingly, Study 2 demonstrates this effect in a novel
decision context, in which individuals were experiencing incidental moods and the risky decision
task involved a mixed domain for both gains and losses.

Second, the results from the fixation data partially supported the predictions of the mood-
congruence mechanism (H1), as measured by total fixation durations (TFDs). The three-way
interaction among InfoValence, Condition, and Problem structure (domain) was found to be
significant. The nature of the interaction suggested a mood congruency effect, particularly for the
induced sadness, on distribution of attention (H1b). As expected, participants with induced sad
mood focused more on PS2 (sure loss paired with mixed risky) problems, especially for
information about potential losses rather than gains. Moreover, as compared to neutral mood
participants, sad-mood participants showed a more even distribution by infoValence across all
problems. Nevertheless, neither a main effect of condition nor an interaction of condition with
InfoValence on attention was found (H1a).

Third, the results from the transition data did not confirm prior claims that sad moods
promote analytic processing (H2). Participants with induced sad or neutral mood showed near-
identical patterns of attention transitions, in terms of rowVP and column. Similar to Study 1, we
found that row-VP transitions were the most prevalent type of transition for both conditions. A
high level of RowVP transitions indicate a compensatory analytic strategy, such as WADD. One
possible explanation is that the effect of mood on depth of processing is highly context-
dependent (e.g., Forgas, 2012). Although we modified the Study 2 decision task by reducing the

complexity (in terms of problem structure domain and number of problems), the WADD-like
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strategy (requiring information integration) may have a strong normative appeal (in both social
psychology and economic senses) for the present risky decision problems (that vary in outcome
values and probabilities), and thus are relatively resistant to influence by incidental moods.

Fourth, with regard to H3 (affect and choices), no main effect of condition on EV-
maximization choices was found. Note that the descriptive results showed that sad-mood
participants in general had more EV maximizing choices, as compared to neutral-mood
participants. We argue that the null effect from the inferential tests may be due to a relatively
small quantity of decision problems.

Overall, our process and choice data do suggest some insights into participants’
underlying patterns of attention during their decision-making. Previous literature indicates that
compensatory analytics (WADD) corresponds to calculation of expected values, implying EV-
maximizing choices. It has been argued that use of a WADD strategy implies that all problem
attributes receive approximately equal attention (e.g., Fiedler & Glockner, 2012; Glockner &
Herbold, 2011).Based on this criterion, the Study 2 fixation and choice data suggest that sad-
mood participants were more analytic than neutral-mood participants. Descriptively, sad
participants showed more EV maximizing choices, and allocated their attention more evenly
between gains and losses. Thus, these results were consistent with the prior theory regarding
effects of mood on depth of processing, but this interpretation should be substantiated via future
research.

Beside the primary findings, Study 2 provides further insight into the nature of the
decision task and its influence on decision making processes. The results from both fixation
duration and choice data revealed that the problem structure (domain) significantly affected

participants’ decision-making. More specifically, participants (regardless of their assigned
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condition) were found to have longer fixations on, and show more EV-maximizing choices for
PS2 (sure loss versus mixed risky) than PS1 (sure gain versus mixed risky) problems.
Interestingly, the results supported the basic assumption of Prospect Theory (modification of EU
theory) that decsion makers are more sensitive to losses than gains, hence they tend to engage in
analytic processing in order to avoid potential losses. However, we argue that many more
participants would be needed in order to detect effects of incidental sad mood on such subtle

patterns of attention.
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Chapter 5: General Discussion

The broad aim of this dissertation was to investigate effects of incidental moods on
decision strategies in risky choice. Specifically, the described studies tested the two distinct
hypotheses of mood congruency effects and mood effects on depth of processing, directly
examining decision-making process using eye tracking data. To our knowledge, this is the first
use of eye tracking data to investigate differences in information processing among participant
groups with induced mood, and presenting comparative data on another group of participants
instructed to use an analytic strategy. Previously, the relevant evidence from prior studies of
affect and decision making in social psychology has been based on indirect inferences from
decision outcomes (Schwarz & Clore, 2007; Lerner et al, 2015). Other relevant studies in
behavioral economics have investigated decision process in two-alternative risky decision
problems, but have rarely addressed the role of affect and many such studies have examined only
gain domain problems. This dissertation attempts to provide a more comprehensive
understanding of the complexities underlying the role of affect in decision making.

Study 1 results showed significant differences in choices and in attention transitions
between the EV-instruction and the induced mood conditions, but minimal differences between
the induced happy and sad mood conditions. As compared to the EV-instruction condition,
participants with induced moods demonstrated relatively more evidence of heuristic strategy use.
Importantly, key types of attention transitions (e.g., rowVP, column) were shown to reliably
predict the frequency of observed choices consistent with optimal (EV- or CPT-maximizing)
strategies.

Although Study 2 was to some degree a replication of Study 1, we addressed several

methodological issues, by replacing the mood-induction movie clips with the reading of more
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personally relevant news stories, by including a neutral-mood condition to enable inferences
about the true effect of induced negative mood, and by reducing decision task difficulty in terms
of number of problems and problem structure (domain). Across both studies, findings confirmed
the value-over-probability bias (or probability neglect) that has been reported previously in the
decision literature. No published studies to our knowledge have adopted a process tracing
approach to examine such bias, especially for individuals with induced incidental moods.

Furthermore, descriptive (but not inferential) results from the fixation duration data
across both studies partially supported the two mood-based mechanisms. It was found that the
positive mood induction in Study 1 seemed to have a transient effect on happy-mood
participants, and sad-mood participants in Study 2 had greater focus on loss information
especially for PS2 problems. In addition, sad-mood participants in Study 2 appeared to be more
analytic, compared to neutral-mood participants. They allocated their attention more evenly
between gains and losses, and showed a greater number of EV-maximizing choices. It is argued
that this effect could be attributed to the problem structure (domain). Indeed, the factor of
problem structure (domain) in Study 2 was found to significantly affect participants’ decision
making. Participants in general had longer fixations, and showed more EV-maximizing choices
for PS2 (sure loss versus mixed risky) than PS1 (sure gain versus mixed risky) problems.
Limitations and future directions

The present two studies, however, did not confirm the main effects of incidental moods
on decision-making. First, previous literature suggested that the effect of mood on depth of
processing highly depends on decision contexts (e.g., Schwarz, 1990, 2002, 2007; Forgas, 1995,
2012). Across Studies 1 and 2, compensatory analytic strategies (WADD) appear to be the

dominant (natural or “correct”) approach for the description-based risky decision problems. As a
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result, individuals are perhaps less likely to be influenced by induced moods while facing choice
among risky monetary prospects. Future research might study other types of decision problems
ideally involving a social context or personal relevance, such as moral dilemma or prosocial
behavior. Operations underlying ethical judgments and decisions have been found to be, in many
cases, affect-based (George & Dane, 2016; Sonenshein, 2007). In addition, it is worth
mentioning that regarding the context-dependent effect of mood on depth of processing, Study 2
demonstrated that participants’ decision-making (regardless of their assigned mood condition)
was significantly affected by the factor of problem structure (domain).

Second, the present findings support the idea that decision processing should be
understood as a continuum between analytic versus heuristic approaches, rather than a strict
choice between the two (e.g., Lerner et al, 2015). Our findings revealed that participants in the
EV-instruction condition were more analytic than participants with induced happy or sad mood
(Study 1); participants with induced sad mood appeared to be more analytic than participants
with induced neutral mood (Study 2). Theoretically, participants in the EV-instruction condition
are assumed to be the most analytic, because they are expected to use a WADD strategy that
should lead to approximately even allocation of attention, but also the most frequently used
rowVP transitions and the greatest number of EV-maximizing choices. Participants with induced
sad mood should be the next most analytic, followed by neutral-mood participants, and then
happy-mood participants. This pattern aligns with previously described mood effects on depth of
processing that incidental sadness promotes analytic processing whereas incidental happiness
encourages heuristic processing. (e.g., Forgas, 1995, 2012; Schwarz & Clore, 2007). Future work
may include these four conditions in one study to further compare their differences along the

processing continuum.
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Third, the null findings for the main effects of incidental mood might also be attributed to
the mood induction techniques used here. Although viewing movie clips in Study 1 and reading
news stories in Study 2 were shown to be effective by the manipulation check, they may have
had only small or transient effects on decision making, not lasting long enough to affect the
whole decision task. For instance, in Study 2, the added 2" post-decision manipulation check
indicated that the mood effect (via self-ratings) declined over time. Further studies should use
more powerful mood induction techniques in order to induce more durable mood states with
better-detectable effects. One example could be double mood-induction procedures that include
both movie clip watching and recall of life events (see Andrade, 2005; Andrade & Ariely, 2009;
Jallais & Gilet, 2010). However, no matter how intense the mood induction, some researchers
argue that individuals with high emotional intelligence (EQ) easily can screen out the potential
impact of incidental affect (Forgas, 2001; Lerner et al, 2015). Hence, future studies may address
this issue by including a pre-decision EQ test as a baseline.

Fourth, although prior research on the effects of incidental moods supports the possibility
of general valence-based effects of positive versus negative mood (Blanchette & Richards,
2010), other researchers argue that specific negative emotions tend to have specific, even
disparate, effects on decisions under risk (Lerner & Keltner, 2000; Pham, 2007; Raghunathan
& Pham, 1999). Therefore, more empirical research is needed to address this conceptual issue.

Fifth, the success of the mood induction procedures in the present studies were checked
only via a self-reported rating on mood related words. This mood labeling process might have
forced participant to think about the cause of the feeling, thus limited the effects of the incidental
moods for subsequent decision-making. Earlier studies have argued against this informative

impact of source salience (Keltner, Ellsworth & Edwards, 1993; Vastfjall et al, 2016). It might be
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better to check mood manipulations in a more subtle way. For instance, an implicit association
test (IAT) could be conducted to measure the affective response.

Finally, the low statistical power due to relatively small sample sizes should be improved
in future work, even though the quite modest effect sizes found here suggest that power
considerations are not the only factor in the null findings regarding effects of induced mood.
Equally important, to improve the generalizability of the findings to the population at large, a
more representative sample should be recruited. Previous research suggested that individuals are
less likely to rely on their moods when they have high expertise in the domain of judgment (e.g.,
Ottati & Isbell, 1996). Among our recruited participants, we note that at the time of their
participation more than 30 percent had a master or doctoral degree, and approximately 69
percent had taken at least one basic statistic course. Thus, many of the participants might have
used their domain knowledge in statistics to solve the decision problems. Hence, they would be

less likely to be affected by incidental moods.
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Appendix A

Decision problems used in Study 1

Problem Mixed Risky Option Mixed Risky Option
PO1 + $18, 3; -$4, v + $15, .6; - $5, A4
P02 + $300, 2; - $70, .8 + $100, .9; - $200, A
P03 + $100, .9; - $200, A + $90, T, - $250, 3
P04 + $18, 3 - %4, g + $100, .9; - $200, A
P05 + $6, 1 - $8, 9 + $100, .9; - $200, A
P06 + $300, 2 - 70, .8 + $18, 3; - %4, v
PO7 + $90, 7 - $250, 3 + $6, .8; - $25, 2
P08 + $200, 3 - $100, g + $15, .6; - $5, A4
P09 + $18, 3 - $4, g + $6, A, - $8, 9
P10 + $100, 9 - $200, A + $15, .6; - $5, 4
P11 + $300, 2 - $70, .8 + $90, T, - $250, 3
P12 + $15, 6 - $5, 4 + $6, .8; - $25, 2
P13 + $200, 3 - $100, g + $100, .9; - $200, A
P14 + $18, 3 - $4, ¢ + $6, 8; - $25, 2
P15 + $6, 1; - $8, 9 + $90, 7; - $250, 3
P16 + $300, 2 - $70, 8 + $6, 1 - $8, 9
P17 + $18, 3 - $4, g + $200, 3; - $100, v
P18 + $200, .3; - $100, 7 + $90, 7, - $250, 3
P19 + $6, a; - $8, 9 + $6, .8; - $25, 2
P20 + $300, 2; - $70, .8 + $15, .6; - $5, 4
P21 + $90, 7, - $250, 3 + $15, .6; - $5, 4
P22 + $100, .9; - $200, A + $6, .8; - $25, 2
P23 + $300, 2; - $70, .8 + $6, .8; - $25, 2
P24 + $200, 3; - $100, g + $6, .8; - $25, 2
P25 + $6, A; - $8, 9 + $15, .6; - $5, 4
P26 + $18, 3; - $4, 7 + $90, T - $250, 3
P27 + $300, 2; - $70, .8 + $200, .3; - $100, 7
P28 + $200, 3; - $100, g + $6, A, - $8, 9
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Decision problems used in Study 2

Problem Sure Option Mixed Risky Option
100% chance of winning $10 | 20% chance of winning $100; 80% chance of losing $5
100% chance of winning $30 | 10% chance of winning $600; 90% chance of losing $20

SureGain o o )

VS, 100% chance of winning $12 | 5% chance of winning $500; 95% chance of losing $10

MixedRisky
100% chance of winning $20 | 80% chance of winning $50; 20% chance of losing $50
100% chance of winning $50 | 90% chance of winning $70; 10% chance of losing $60
100% chance of winning $40 | 95% chance of winning $100; 5% chance of losing $80
100% chance of losing $20 20% chance of winning $50; 80% chance of losing $50
100% chance of losing $50 10% chance of winning $60; 90% chance of losing $70

Surel.oss 100% chance of losing $40 5% chance of winning $80; 95% chance of losing $100

VS.

MixedRisky | 100% chance of losing $10 80% chance of winning $5; 20% chance of losing $100
100% chance of losing $30 90% chance of winning $20; 10% chance of losing $600
100% chance of losing $12 95% chance of winning $10 ; 5% chance of losing $500
100% chance of winning $100 | 80% chance of winning $200; 20% chance of losing $500

Catch

Problems 100% chance of losing $50 90% chance of losing $100; 10% chance of winning $600
100% chance of losing $15 80% chance of losing $50; 20% chance of winning $40

Training

Problems

100% chance of winning $25

10% chance of winning $400; 90% chance of losing $10
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Appendix B

Graphic Samples Generated from Tobii Eye Tracker

Figure 12. Study 1 and Study 2 heatmap samples
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Figure 13. Study 1 and Study 2 gazeplot samples
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Appendix C

Table 12. Study 1 Mean decision time (s) by Condition.

Happy Mood Sad Mood EV-instruction
M SD M SD M SD
Decision Time 340.05 170.31 317.39 131.35 623.91 194.39

Table 13. Study 2 Mean decision time (s) by Condition.

Neutral Mood Sad Mood
M SD M SD
Decision Time 121.09 40.07 106.14 36.18
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Appendix D
Studyl
Verbal instructions given after consent form
This study includes two parts. First, you will watch a video clip (about 6 minutes long), and to

complete a short survey. Second, you will be asked to make 28 decisions involving probabilistic gains
and losses.

(Participants in the negative mood condition) The video clip I will show is an excerpt from
‘Schindler's List’ that shows depictions of Nazi violence. Do you think it will be excessively upsetting
to you? (If the participant indicates “yes”, a substitute neutral clip will be used.) Otherwise, you can
go ahead and start it. But remember, you can stop it at any time, if necessary.

The video will end automatically; to view the next phase of the study, please press the spacebar to
continue.

Please let me know if you have any questions. I will give you further instructions as they are needed.

Written instructions for mood check

Below are a number of words that describe different feelings and emotions. For each word, please
tells us how well it describes your current feelings, on a scale from 1 = (does not describe my
current feelings at all) to 7 = (describes my current feelings very well).

Not at all Very well

1 2 3 4 5 6 7

(The mood manipulation check was completed via Google Forms.)

Written instructions for decision task

You are about to see 28 slides. On each slide, a pair of gambles will be presented, one labeled “A”
and one labeled “B”, and you are asked to choose the one you prefer to play. Each gamble involves
a potential loss and a potential gain, each with given probabilities (e.g., lose -$50 with probability .8
versus gain +$250 with probability .2).

For each slide, you will choose one gamble to actually play, and you indicate your choice by saying
“A” or “B” (I will record your choices). Please speak out your choice clearly.

On the next slide, focus your eyes on the cross at the center and press the spacebar to continue.
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Study 2
Verbal instructions given after consent form

This study includes three parts. First, you will read a recent news story and complete a short survey.
Second, you will make some financial choices involving potential gains and losses. Third, you will
be asked to answer one or two questions about the news story. There is no time restriction, you may
finish all the tasks (reading the stories and making choices) at your own pace. Remember to press the
spacebar to continue. Please let me know if you have any questions. | will give you further instructions
as they are needed.

Written instructions for the news story reading

You are going to read a recent news story. Please pay careful attention. Imaging what you would feel
if you were in the situation depicted in the clip. There is no time restriction. When you finish the
reading, press the spacebar to view the next phase of the study.

Written instructions for mood check

Below are a number of words that describe different feelings and emotions. For each word, please
tells us how well it describes your current feelings, on a scale from 1 = (does not describe my

current feelings at all) to 7 = (describes my current feelings very well).

Not at all Very well

1 2 3 4 5 6 7

(Both mood manipulation checks were completed via Google Forms.)

Written instructions for decision task

You are about to see 16 slides. As examples presented below, please indicate the option (by saying
“A” or “B”) that you prefer to choose for each slide. Please speak out your choice clearly. Remember
to press the spacebar to continue.

Slides (decisions) do not repeat; each one is different. Please make sure that you speak out your choice
for each slide before pressing the spacebar.

On the next slide, focus your eyes on the cross at the center and press the spacebar to continue.
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