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People often view the ambiguities of their social world through a subjective, 

rather than objective lens. For example, people may construe ambiguous social events in 

ways that are consistent with their current moods or with the goals they wish to achieve 

(e.g., Blanchette & Richards, 2010; Pauker, Rule, & Ambady, 2010). Although both 

mood and motivation direct reasoning about ambiguity, little is known about whether 

similar mechanisms account for the effects of mood or motivation. Furthermore, similar 

neural profiles have been associated with mood-congruent ambiguity resolution and 

motivated reasoning (e.g., Bhanji & Beer, 2012; Hughes & Beer, 2013), but the extent to 

which these regions support the same underlying processes has not been explored. A deep 

understanding of the underlying mechanisms has been difficult to assess because 

previous research has utilized self-report and reaction time measures to explore the 

effects of mood and motivation on ambiguity (e.g., Butler & Mathews, 1983; Ditto et al., 

1998). People have little introspective access to the cognitive processes that lead to their 

decisions (Nisbett & Wilson, 1977), and reaction time analyses cannot disentangle 

underlying mechanisms. Therefore a deeper understanding requires alternative 

approaches. Drift-diffusion modeling (DDM) makes it possible to independently estimate 
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parameters related to two mechanisms theorized to be involved ambiguity construal: 

expectations and preferential evidence accumulation. This dissertation describes five 

studies that utilize DDM to examine two overarching research questions: (I) What role do 

expectations and preferential evidence accumulation play in the influence of mood and 

motivation on the construal of ambiguity (Studies 1a, 1b, 3, 4) and (II) Are these 

processes supported by neural regions known to be involved in the effects of mood and 

motivation on the construal of ambiguity (Studies 2, 4)? The findings support a predicted 

role for expectations in mood-congruent and motivated construals of ambiguity. In 

addition, VMPFC supported motivated expectations that contribute to ambiguity 

construal. The role of preferential evidence accumulation, on the other hand, was less 

robust. Findings contribute to our understanding of mood-congruent and motivated 

reasoning about ambiguity and suggest fruitful approaches for future work exploring 

directed reasoning about ambiguous events. 
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OVERVIEW AND BACKGROUND 

People often see the ambiguities of their social world through a subjective, rather 

than objective lens. There are many top-down influences that can affect the way we 

construe our social worlds. For example, psychologists have long known that reasoning 

about a social situation can be directed by our mood or by certain goals we wish to 

achieve in ways that lead to mood-congruent and motivated construals of ambiguity 

(Blanchette & Richards, 2010; Pauker, Rule, & Ambady, 2010). Research has shown that 

people in ambiguous social situations want to understand their meaning (e.g., Berger & 

Calabrese, 1975; Heine, Proulx, & Vohs, 2006), and that moods and motivations are 

particularly likely to have an impact when the interpersonal situation is ambiguous 

(Dunning, 2015; Forgas, 1995; Pauker, Rule, & Ambady, 2010). For example, consider 

the following scenario: if you were dining alone at a restaurant and noticed someone 

staring at you, would you be more likely to think that person was admiring your 

confidence for eating alone or pitying you for not having a dinner companion? Your 

answer is likely to depend on whether you were in a good or bad mood and/or whether 

you are motivated to believe that people view you in a certain light.  

There are distinct theories of how mood and motivation may impact reasoning 

about social ambiguity and these theories sometimes agree and sometimes disagree about 

the underlying mechanisms. For example, theorists have suggested that both mood and 

motivation might impact the construal of ambiguous events through a priori expectations 

that are consistent with a mood or motivational state (e.g., Chaiken, 1987; Kunda, 1990; 

Schwarz & Clore, 1983, 1988). In fact, the similar predictions are perhaps not surprising 

in light of the evidence that activation in similar neural regions are associated with mood-

congruent and motivated construals of ambiguous events. Yet, these theories also suggest 
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a divergence in the underlying mechanisms: preferential processing of cues in an 

ambiguous event is typically only proposed to underlie mood-congruent ambiguity 

construal (e.g., Bower, 1981; Bower & Forgas, 2000; Forgas, 1995). For example, a 

positive mood or a goal of wanting to be seen in a positive light may lead you to expect 

the stranger’s stare to be one of admiration. Yet mood might also direct your search of 

the stranger’s demeanor toward clues that are consistent with your current mood. 

However, a deep understanding of the contribution of each process has been difficult 

because most previous research has utilized self-report measures and reaction times to 

explore the effects of mood and motivation on ambiguity construal (e.g., Butler & 

Mathews, 1983; Ditto, Scepansky, Munro, Apanovitch, & Lockhard, 1998), which 

conflate the two mechanisms (Nisbett & Wilson, 1977). Therefore a deeper 

understanding requires alternative approaches to exploring the underlying mechanisms.  

Drift-diffusion modeling (DDM) makes it possible to independently estimate the 

role of expectations and preferential evidence accumulation in the construal of ambiguity. 

This proposal describes five studies (See Figure 1 for an overview) that utilize DDM or a 

combination of DDM and fMRI to examine two overarching research questions: (I) What 

role do expectations and preferential evidence accumulation play in the influence of 

mood and motivation on the construal of two kinds of ambiguity (Studies 1a, 1b, 3, 4) 

and (II) Are these processes associated with neural regions known to be involved in the 

effect of mood and motivation on ambiguity construal (Studies 2, 4)? Studies 1ab,3,4 

have already been conducted and study 2 applies DDM analyses to a previously 

published fMRI dataset (Bhanji & Beer, 2012). 
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Figure 1. Parallels and Differences in Hypotheses Across Mood-Congruent and 
Motivated Construal of Ambiguity 

 

Directional reasoning about ambiguity: Definitions of ambiguity, mood, 
and motivation 

The focus of this proposal is to examine the effects of mood and motivation on 

the construal of ambiguity, which raises the question of the definition of each construct. 

For example, ambiguity is a multi-faceted concept, and this proposal focuses on two 

broad categories. A situation might be ambiguous because it lends itself to different, yet 

equally, plausible interpretations (referred to here as inherent ambiguity). The staring 

example presented above illustrates one example of an inherent ambiguity—the person’s 

stare could be equally accounted for by admiration or pity. A situation might also be 

inherently ambiguous because no clear information is provided that sheds light on the 
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meaning of the situation. For example, trying to evaluate a job candidate’s competency 

based solely on a photograph would be inherently ambiguous because no competency 

information is available to inform the judgment. However, a situation might also be 

ambiguous because both positive and negative information are present (referred to here as 

conflicting ambiguity) and we need to decide how much to weight the conflicting 

information. For example, if during a job interview a job candidate provides statements 

that reflect both positively and negatively on him (e.g., “I work hard,” and “I avoid 

challenges”), a hiring manager would need to weigh the extent to which each statement 

contributes to the overall valence of the situation.  

Although mood and motivation are both theorized to direct construal of 

ambiguity, they are distinct constructs. Mood refers to current affective states that are 

valenced in nature, low in intensity, and without a direct salient cause (e.g., Forgas, 

1995). Moods are not commonly associated with a motivational drive (Martin, Ward, 

Achee, & Wyer, 1993). In contrast, motivation refers to the goals, wishes, and desires 

about the outcome of reasoning task (e.g., Dunning, 2015; Kunda, 1990). Although mood 

and motivation are considered to be distinct constructs, both apply directional pressures 

toward a particular conclusion. In the case of mood, the directional pressure is in the 

direction of the same valence (e.g., Bower, 1981; Bower & Forgas, 2000; Chaiken, 1987; 

Forgas, 1995; Schwarz, 1990; Schwarz & Clore, 1983) and, in the case of motivation, the 

directional pressure is one that is consistent with the desired outcomes (e.g., Dunning, 

2015; Kunda, 1990). In addition, the influences of both mood and motivation on 

reasoning tasks are most likely to occur in instances of ambiguity (Dunning, 2015; 

Forgas, 1995), yet whether they are driven by similar or different mechanisms is not well 

understood. 
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Empirical evidence for the effect of mood on ambiguity construal 

A large body of literature has examined mood-cognition interactions and when it 

comes to mood influences on the construal of ambiguity more specifically, it finds that 

ambiguity is often construed in a mood-congruent manner. Effects are consistent for both 

inherent and conflicting ambiguity. The influence of mood on ambiguity construal has 

been demonstrated in studies of experimental manipulations of mood and individual 

differences in chronic mood states (for a review, see Blanchette & Richards, 2010).  

MOOD INFLUENCES ON THE CONSTRUAL OF INHERENT AMBIGUITY.  

In terms of inherent ambiguity, research has examined the influence of mood on 

the construal of surprised faces or homophones. Surprised facial expressions are 

inherently ambiguous because they can be construed as indicating a negative surprise 

(e.g., running into someone that they didn’t expect to see) or a positive surprise (e.g., 

running into someone that they are happy to see). Despite the fact that the likelihood of 

positivity or negativity is equivocal, surprised faces are construed as negative more often 

when the mood is negative rather than positive (Neta, Davis, & Whalen, 2011). Mood-

congruent effects even extend to moods that are induced by having participants make 

frowning or neutral facial expressions. When participants are frowning, they are more 

likely to construe inherently ambiguous homophones as more threatening (compared to a 

neutral condition: Davey, Sired, Jones, Meeten, & Dash, 2013).  

Research examining individual differences in chronic mood states is consistent 

with the findings from research using experimental manipulations of mood to examine 

influences on inherent ambiguities. Individuals with anxiety disorder tend to negatively 

construe inherent ambiguities. For example, clinically anxious individuals have more 

negative construals of ambiguous scenarios or sentences that could be construed as 
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threatening or neutral (e.g., compared to healthy control subjects: Butler & Mathews, 

1983; Eysenck, Mogg, May, Richards, and Mathews, 1991). One study, for example, 

presented participants with ambiguous scenarios such as “you wake with a start in the 

middle of the night, thinking you heard a noise, but all is quiet.” Participants who were 

clinically anxious provided more threatening construals of the situation than healthy 

control subjects (Butler & Mathews, 1983). This is also the case in socially anxious 

individuals for ambiguous social scenarios (Amir, Foa, & Coles, 1998; Foa, Franklin, 

Perry, & Herbert, 1996; Huppert, Pasupuleti, Foa, & Mathews, 2007; Stopa & Clark, 

2000).  

The effect of individual differences in anxiety on inherent ambiguity extends to 

lexical ambiguities as well. When presented with homophones (i.e., two words that sound 

the same but have different meanings) and asked to spell words that they heard verbally, 

individuals with high-trait anxiety and clinically anxious individuals report more negative 

or threat-related spellings of the words than healthy control participants (Byrne & 

Eysenck, 1993; Eysenck, MacLeod, & Mathews, 1987; Hadwin, Frost, French, & 

Richards, 1997; Halberstadt, Niedenthal, & Kushner, 1995; Mogg, Bradley & Hallowell, 

1994; Richards, Reynolds & French, 1993; Mathews, Richards, & Eysenck, 1989). For 

example, one study asked participants to listen to auditorily presented homophones that 

had a negative or neutral interpretation (e.g., meddle, medal), and to write down the 

spelling of each word. Subjects who were high in trait anxiety produced more negative 

construals of the homophones than did subjects low in trait anxiety (Byrne & Eysenck, 

1993).  
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EMPIRICAL EVIDENCE FOR THE EFFECT OF MOTIVATION TO SEE OTHERS AND TO BE 
SEEN IN A PARTICULAR LIGHT WHEN CONSTRUING AMBIGUOUS INFORMATION 

Motivation is another construct that has received a lot of attention for its influence 

on the construal of ambiguous events. For the purposes of this dissertation, the studies 

will examine a prevalent motivation in the construal of social ambiguity: the motivation 

to cast oneself in a positive light. For example, the motivation to cast oneself, close 

others, or attractive individuals in a positive light (i.e., self-flattery: Sedikides & Gregg, 

2008; Taylor & Brown, 1998; the “what is beautiful is good” stereotype: Dion, Bercheid, 

& Walster, 1982) has been robustly shown to affect the construal of social ambiguity in 

ways that flatter the self or attractive individuals (Kunda, 1990; Molden & Higgens, 

2005).  

For example, the motivation to see someone in a positive light can influence 

evaluations of other people in the absence of any relevant information. Research has 

shown that people are motivated to form positive impressions of highly attractive 

individuals. Specifically, highly attractive individuals are perceived to be higher in ability 

and moral character than people lower in attractiveness even when valence is inherently 

ambiguous because no information regarding their ability or moral character is provided 

(Dion, Bercheid, & Walster, 1982; Eagly, Ashmore, Makhijani, & Longo, 1991; 

Feingold, 1992; Jackson, Hunter, & Hodge, 1995, Srivastava, Guglielmo, & Beer, 2010).  

Although the tendency to form positive impressions of highly attractive 

individuals has sometimes been attributed to learned associations, more recent 

characterizations have shown that this effect is, at least in part, due to motivated 

reasoning. Specifically, people tend to evaluate attractive individuals more positively 

because they desire to form social bonds with attractive individuals (Lemay, Clark, & 

Greenberg, 2010). A recent study asked participants to evaluate qualities of attractive and 
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unattractive targets, and to indicate their motivation to bond with the targets. The 

researchers found that participants rated attractive individuals more positively, and that 

this effect was explained by the participants’ desires to form social bonds with attractive 

individuals. When they controlled for interpersonal desires, the relationship between 

positive attributions and physical attractiveness became negative (Lemay, Clark, & 

Greenberg, 2010). Thus although the “halo effect” of attractiveness is often thought to be 

the result of learned stereotypes, the tendency to attribute positive qualities to attractive 

individuals can also be the result of a motivated process. 

People are motivated to be seen in a positive light (i.e., self-flattery: Sedikides & 

Gregg, 2008; Taylor & Brown, 1988), and this motivation affects the way ambiguous 

information about themselves is construed. Research that examines the influence of 

motivation to be seen in a positive light on the construal of ambiguous information finds 

that people will take advantage of ambiguity in order to achieve their desired conclusions 

(Dunning, 2015). People will evaluate themselves as above average on broadly-construed 

traits where social comparisons are relatively ambiguous (Dunning, Meyerowitz, & 

Holzberg, 1989) compared to narrowly-construed traits where social comparisons are less 

ambiguous. Social comparisons on broadly-construed traits are relatively ambiguous 

because it is unclear how much one needs to have certain characteristics in order to claim 

being higher on that trait compared to other people.  For example, there are many ways in 

which people can think of themselves as being “sophisticated” (a broadly-construed trait). 

Someone might be sophisticated because they are knowledgeable about history, 

interested in classical music, or they enjoy watching documentaries. But it is somewhat 

ambiguous how many ways must one be sophisticated in order to claim being more 

sophisticated than others. However, when there are fewer behavioral manifestations of a 

trait (e.g., neat, a narrowly construed trait), the social comparison is less ambiguous. 
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People will take advantage of the ambiguity in social comparison by claiming to be above 

average on broadly-construed traits compared to narrowly-construed traits (Dunning, 

Meyerowitz, & Holzberg, 1989). Much of the research in this area has focused on the 

effect of motivation to be seen in a positive light on inherent ambiguities, while little 

attention has been paid to its influence on conflicting ambiguities. However, research on 

the effect of motivation on inherent ambiguities would suggest that that conflicting 

ambiguities would also be resolved in a motivated manner. Taken together, the 

motivation to form positive impressions of others in a particular light and for others to 

think well of us can influence judgments of ambiguity in ways that help us to ensure that 

our desired outcomes are reached.  

Psychological Models of Mood-Congruence and Motivated Reasoning 

Despite very similar effects on the construal of ambiguity, very little is known 

about the parallels and differences through which mood and motivation have their effect. 

Currently, psychological theories provide convergent and divergent predictions about the 

underlying psychological mechanisms. Specifically, theories of mood-congruence and 

motivated reasoning both suggest a role for expectations in the directed reasoning about 

both inherent and conflicting ambiguity. Yet only theories of mood-congruence tend to 

additionally raise the possibility of a role for mood’s influence on preferential 

accumulation of evidence for conflicting ambiguities.  

EXPECTATIONS: A POINT OF THEORETICAL CONVERGENCE. 

Both the mood-as-information model (Clore & Storebeck, 2006; Schwarz & 

Clore, 1983, 1988) and dual-process theories (e.g., Chaiken, 1987) propose that mood-

congruent ambiguity construal is the result of affect heuristics that create expectations 

about the meaning of ambiguous events. The mood-as-information model suggests that 
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instead of thoroughly sorting through and evaluating all relevant information, people may 

ask themselves how they feel and instead use that information to reach a foregone 

conclusion about a judgment (Schwarz, 1990). Furthermore, it is predicted that the 

foregone conclusions arising from mood states are most likely to occur for inherently 

ambiguous judgments (Fiedler, 2001).  

Similarly, dual-process theories suggest that a distinct reasoning system is 

engaged that processes affect as a heuristic, which creates expectations about the 

meaning of an ambiguous event (e.g., Chaiken, 1987; Slovic, Finucane, Peters, & 

MacGregor, 2002). Thus, both the mood-as-information model and dual-process theories 

point to an affect heuristic that creates foregone conclusions about an ambiguous event, 

but the mood-as-information model suggest this arises from current mood state, whereas 

dual-process theories believe it arises from an engagement of a distinct reasoning system 

which processes mood as a heuristic. For example, recall the study mentioned earlier 

about the effect of negative moods to increase the negative construals of surprised facial 

expressions (Neta, Davis, & Whalen, 2011). The mood-as-information model and dual-

process theories would suggest that a negative construal of the surprised facial 

expressions is the result of negative expectations that arise from a negative mood 

heuristic. These models would not predict that the effect would be different for 

conflicting ambiguities: negative expectations resulting from a negative mood heuristic 

would also inform judgments of ambiguities that contain equal amounts of positive and 

negative information.  

Psychological theories of motivated reasoning also suggest that expectations drive 

motivated construals of both inherent and conflicting ambiguities. Specifically, models of 

motivated processing focus on the importance of expectations that arise from prior 

beliefs, attitudes, or rules when making judgments. These expectations are theorized to 
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play a particularly strong role in the face of ambiguity when people are more easily able 

to justify their desired conclusions (Kunda, 1990). Take, for example, the inherently 

ambiguous social cue from the stranger who is staring at you. Motivated processing 

models suggest that the motivation to be seen in a positive light would bias the prior 

beliefs you access in order to inform your judgment of the stare. For example, you might 

access only positive prior beliefs and attitudes that lead you to construe the inherently 

ambiguous stare as flattering. Similar effects would be expected in the case of conflicting 

ambiguities. Although both positive and negative cues are available for consideration, the 

construal of a conflicting ambiguous situation would be most strongly influenced by 

internally held beliefs and so on rather than information present in the ambiguous event. 

Taken together, theories of mood-congruence and motivated reasoning point to a similar 

role of expectations in mood-congruent and motivated construals of inherent and 

conflicting ambiguity.  

PREFERENTIAL EVIDENCE ACCUMULATION: A CASE FOR MOOD-CONGRUENCE BUT NOT 
MOTIVATED REASONING. 

Although motivated processing theories do not point to the role of preferential 

evidence accumulation, mood-congruence theories do suggest that mood might support 

directional reasoning through preferential evidence accumulation. According to the 

associative network theory (Bower, 1981; Bower & Forgas, 2000) and the affective 

infusion model (AIM; Forgas, 1995), mood-congruence occurs because affective states 

activate a preferential search for mood-congruent information (Bower, 1981; Bower & 

Forgas, 2000) and this is most likely to occur for ambiguous events (Forgas, 1995). 

Specifically, when affective representations are primed, mood-congruent information 

present in the external environment becomes more salient and receives greater attention 

and deeper processing (Bower & Forgas, 2000). For example, people in a positive mood 
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pay more attention to positive information compared to negative information across a 

variety of contexts (for a review, see Eich & Macauley, 2000). Mood has been shown to 

increase saliency of mood-congruent information (Murphy & Zajonc, 1993; Joormann & 

Gotlib, 2007; Beevers et al., 2009) and influences the depth at which information is 

processed in forming a judgment (Forgas 1998; 2008; Bless & Fiedler, 2006).  

 Take, for example, the study mentioned earlier that found that people in a 

negative mood will first construe an angry face in a conflicting ambiguous stimulus that 

consists of happy and angry facial expressions (compared to when in a neutral mood: 

Bhanji & Beer, 2012). The associative network theory and AIM would predict that the 

negative mood primes semantic representations related to the negative mood, which 

would lead to facilitated processing of any subsequently presented external angry face 

information in the conflicting ambiguous stimulus.  

In contrast to previous theories regarding the role of expectations in both inherent 

and conflicting ambiguities, the associative network theory and AIM would not predict 

the same effect for conflicting and inherent ambiguities. Instead, these theories would 

predict that preferential evidence accumulation will play a role in the construal of 

conflicting ambiguity where a stimulus contains both positive and negative evidence that 

could be differentially processed, but will not play a strong role in inherent ambiguity 

where ambiguity arises from multiple, but equally likely interpretations.  

Theories of motivated reasoning, at least in the case of the motivation to be seen 

in a positive light and the motivation to see attractive individuals in a positive light, also 

do not suggest a role for preferential cue search. People are not particularly interested in 

evaluating all of the evidence presented in front of them. Specifically, people achieve 

their desired outcomes when reasoning about an ambiguous event by requiring less 

evidence to confirm the desired outcome than they do to confirm an undesired outcome 
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(Dunning, 2015). For example, people need little evidence to endorse positive 

information about themselves (e.g., that they have traits that they think are indicative of 

success), but seek out more evidence to disconfirm negative information (e.g., having 

traits indicative of failure; Dawson, Gilovich, & Regan, 2002). Therefore, this theory 

suggests that the motivation to be seen in a positive light may lead you to ignore the 

evidence at hand, leading you to quickly accept that the stranger’s stare is flattering. This 

suggests that preferential evidence accumulation is not likely to play a role in the effect 

of motivation to be seen in a positive light on the construal of ambiguity.  

Moving Beyond Self-Report and Utilizing a Model-Based Approach to 
Explore the Psychological and Neural Mechanisms Underlying the 

Effect of Mood and Motivation on Ambiguity 

Despite the theorized role of expectations in supporting both mood-congruent 

reasoning and motivated processing and the role of preferential evidence accumulation in 

mood-congruent reasoning as they apply to the construal of ambiguous situations, 

previous research has not been able to tease apart the contribution of each process. One 

way to disentangle the independent contributions of expectations and preferential 

evidence accumulation is to utilize drift-diffusion modeling (DDM; Ratcliff, 1978). 

THE PROBLEM OF MEASURING EXPECTATIONS AND PREFERENTIAL EVIDENCE 
ACCUMULATION WITH SELF-REPORT AND REACTION TIME MEASURES.  

Previous research has utilized self-report measures to explore the effect of mood 

and motivation on the construal of ambiguity (e.g., Butler & Mathews, 1983; Ditto et al., 

1998) yet these measures are problematic for several reasons. First, the roles of 

expectations and preferential evidence accumulation are difficult to assess with self-

report (Nisbett & Wilson, 1997). People have little introspective access to the underlying 

processes that contribute to their decisions. When people are asked to report on how they 



 14 

came to a particular conclusion, they will often base their assessments on a priori theories 

about the judgment, not on the true psychological processes that led them to that 

conclusion (Nisbett & Wilson, 1977). For example, people may report that they perceive 

a stranger’s stare as flattering but they may be unable or unwilling to explain how they 

were able to get to that conclusion. Therefore, self-report is a problematic measure of 

whether expectations or preferential evidence accumulation contributed to a construal of 

ambiguity.  

Second, expectations and preferential evidence accumulation are also difficult to 

tease apart using traditional analyses of reaction time data. Take, for example, the staring 

example mentioned earlier. People who construe the stare by imposing a particular 

expectation (e.g., “people generally like me”) will likely have faster reaction times than 

those without a particular expectation. Similarly, those who preferentially process aspects 

of the cue that favor one construal will have faster reaction times than those who 

equivocally process flattering and unflattering elements. These examples illustrate how a 

simple consideration of reaction time confounds the contribution of expectations and 

preferential evidence accumulation. Therefore, a deeper understanding of the underlying 

mechanisms requires an alternative approach to self-report and reaction time analyses.  

DRIFT DIFFUSION MODELING (DDM): AN ALTERNATIVE APPROACH TO SELF-REPORT 
AND REACTION TIME ANALYSES.  

DDM makes it possible to independently estimate the effects of expectations and 

preferential evidence accumulation on the construal of ambiguity. DDM is a variant of 

continuous sampling models that explain the composition of reaction time distributions 

for two-alternative forced-choice decisions (Ratcliff, 1978). Take the previous example 

of the staring stranger where you are deciding whether the stranger’s stare is flattering or 

unflattering (see Figure 2 for a schematic representation of the model). The model 
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assumes that when deciding between two options, evidence from the stranger’s stare is 

accumulated over time beginning from an initial value called the starting point (z). The 

evidence accumulation continues until a decision boundary for either the flattering or 

unflattering construal is reached and a decision response is initiated. The upper decision 

boundary is referred to as a, and the lower decision boundary is referred to as 0. The 

relation of the starting point to the upper threshold (z/a) reflects the relative amount of 

information needed in order to reach a decision boundary. The rate at which evidence is 

accumulated toward a decision is measured by the drift rate (v). All non-decisional 

processes are captured by the RT constant (t0). Differences in non-decisional time for 

responses corresponding to the upper threshold and the lower threshold (t0lower - t0upper) are 

captured by the parameter d (Voss, Voss, & Klauer, 2010).  
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Figure 2. Schematic representation of the drift-diffusion model.  

The drift-diffusion model (DDM) is a variant of continuous sampling models that 
explains the composition of reaction time distributions for two-alternative forced-choice 
decisions. The model assumes that when deciding between two options, evidence or 
information from a stimulus is accumulated over time, beginning from an initial value 
called the starting point (z), until a decision boundary is reached (a or 0) and a decision 
response is initiated. The rate at which information is accumulated toward a decision is 
measured by the drift rate (v). The distributions of reaction times for each alternative are 
displayed outside the decision boundaries.  

The contribution of DDM to understanding psychological mechanisms.  

The DDM approach removes the confounds of traditional reaction time analyses 

and also provides a richer test of reaction time differences. Specifically, the model 

estimates parameters that map on to the expectations and preferential evidence 

accumulation that are theorized to contribute to mood-congruent and motivated 

construals of ambiguity. 
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The starting point parameter reflects the expectations going in to a decision 

process. For example, the motivation to be seen in a positive light may lead to 

expectations that the stranger’s stare is one of flattery. A starting point z that is closer to 

the “flattering” decision threshold reflects a prior expectation of a flattering outcome, and 

thus less evidence is needed to reach the “flattering” decision threshold. A z closer to the 

“unflattering” threshold suggests a prior expectation of an unflattering outcome and thus 

more evidence is needed to reach the flattering decision threshold. Parameter z therefore 

captures expectations about decision outcomes by estimating how much the starting point 

favors one decision over another before evidence from the stimulus is even considered.  

The drift rate parameter (v) reflects the rate at which evidence is accumulated 

toward a decision boundary, with faster drift rates indicating preferential evidence 

accumulation toward one decision. For example, the motivation to be seen in a positive 

light may lead someone to preferentially accumulate evidence in favor of a flattering 

interpretation of the stranger’s stare, which should be reflected in a faster drift rate 

toward the flattering decision boundary.  

The difference in non-decisional time parameter (d) captures the mean difference 

in non-decisional time for responses corresponding to the upper threshold and the lower 

threshold. For example, the motivation to be seen in a positive light may lead to faster 

non-decisional times for responses corresponding to the “flattering” response and slower 

non-decisional time for the “unflattering” response.  Parameter d therefore captures 

differences in non-decisional time between two decision options.   

Combining DDM and fMRI to provide convergent evidence. 

A second research question of this project is whether there is support at the neural 

level for the role of expectations and preferential evidence accumulation in mood-
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congruent and motivated construals of ambiguous situations. A combination of DDM and 

fMRI can be used to provide convergent evidence for the roles of expectations and 

preferential evidence accumulation in the effects of mood and motivation on ambiguity 

construal. Specifically, this approach makes it possible to investigate whether neural 

regions known to be involved in mood congruence and motivated reasoning support the 

expectations or preferential evidence accumulation that contribute to mood-congruent 

and motivated construals of ambiguity. Our current understanding of the associated 

neural regions stem from studies utilizing conventional fMRI analysis methods that 

compare brain activation between conditions and are thus unable to tell us about precise 

processes supported by these regions. If regions of interest from previous literature show 

activation associated with expectations or preferential evidence accumulation, this would 

provide convergent evidence for the role of these processes in the effects of mood and 

motivation on ambiguity construal.  

Neural Systems for Mood and Motivation Directed Reasoning 

Although previous neuroimaging work finds that similar neural profiles are 

associated with both mood-congruence and motivated reasoning, it is unknown whether 

these associations are accounted for by similar underlying psychological mechanisms. 

Regions of interest for the relation with the DDM parameters include ventromedial 

prefrontal cortex (VMPFC), which has been associated with mood-congruent 

interpretations of conflicting ambiguity and motivated evaluations of the self, and the 

amygdala, which has been associated with motivated evaluations of others.  

For example, VMPFC activity is associated with the influence of mood on 

construals of conflicting ambiguity (Bhanji & Beer, 2012). One study presented 

participants with negative or neutral mood primes, followed by a brief presentation of a 
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conflicting ambiguous stimulus (a composite of happy and angry faces). Analyses 

focused on brain regions that activated more for negative construals of the ambiguous 

stimuli after a negative mood prime compared to after a neutral mood prime (i.e., mood-

congruent construals of the ambiguous stimulus). The authors found that activity in the 

VMPFC (BA 11) was associated with mood-congruent construals of the conflicting 

ambiguous stimuli (Bhanji & Beer, 2012). This is consistent with findings that VMPFC is 

associated with affect-congruent judgment in economic decision-making tasks (Camille 

et al., 2004; Kuhnen & Knutson, 2005; Shiv, Lowenstein, Bechara, Demasio, & 

Demasio, 2005) and with processing mood-congruent stimuli in individuals with 

depression (Elliot, Dolan, & Frith, 2002).  

VMPFC activity is also associated with motivated evaluations of ambiguous 

social comparisons that are driven by self-protection motives (Hughes & Beer, 2012; 

Hughes & Beer, 2013). For example, VMPFC activity is associated with the effect of the 

motivation to be seen in a positive light under self-esteem threat on ambiguous social 

comparisons (Hughes & Beer, 2013). Self-esteem is typically threatened when people 

receive negative feedback about their personality, academic abilities, or skills 

(Baumeister, Heatherton, & Tice, 1993; Leary, Haupt, Strausser, & Chokel, 1998; 

vanDellan, Campbell, Hoyle, & Bradfield, 2011). People want to be seen positively as a 

way to cope with self-esteem threat, and do so by inflating the positively-tinged nature of 

their self-evaluation (including social comparisons: Beer, Chester & Hughes, 2013 and 

see vanDellan et al., 2011 for review). Social comparisons on broadly-construed traits are 

relatively ambiguous because it is unclear how much one needs to have certain 

characteristics in order to claim being higher on that trait compared to other people. 

People will claim being above average when the social comparison is ambiguous, and are 

more likely to do so after self-esteem threat. VMPFC activity is associated with the 
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extent to which people evaluate themselves as above-average on such ambiguous social 

comparisons that are driven by self-protection motives (Hughes & Beer, 2013). This 

raises the possibility that VMPFC activity may also be related to the motivation to be 

seen in a positive light on construals of social ambiguity.  

Amygdala activity has also been associated with motivated evaluation of others. 

For example, amygdala activity is associated with seeing others in a positive light when 

motivationally relevant (Cunningham, Van Bavel, & Johnson, 2008). People are 

motivated to see in-group members in a positive light compared to out-group members 

(Allport, 1954), and amygdala activity is associated with positive associations of in-group 

members (Beer et al., 2008). The relationship between amygdala activity and perceptions 

of in-group members extends to arbitrarily assigned group members: amygdala activity is 

associated with viewing faces of arbitrarily assigned in-group members compared to 

arbitrarily assigned out-group members (Van Bavel, Packer, & Cunningham, 2008). 

These results suggest that the amygdala is important for the influence of motivation on 

perceptions of other people and raises the possibility that amygdala activity may be 

associated with the effect of motivation on ambiguity construal.    

Taken together, VMPFC activity has been associated with mood-congruent 

construals of conflicting ambiguity and motivated reasoning about the self, and amygdala 

activity has been associated with motivated reasoning about others. If activity in VMPFC 

or amygdala is correlated with parameters of the DDM, this would provide convergent 

evidence for the role of expectations or preferential evidence accumulation in the effects 

of mood and motivation on ambiguity construal. For example, if behavioral studies 

examining the effect of mood on conflicting ambiguity show that expectations support 

mood-congruent construals of conflicting ambiguity, then a relationship between activity 

in VMPFC and starting points of the DDM would provide convergent evidence for the 
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role of expectations in mood-congruent ambiguity construal. Similar logic would apply to 

parallel behavior and neural findings regarding the role of preferential evidence 

accumulation.  

Study Overview and Hypotheses 

The proposed research aims to shed light on the psychological and neural 

mechanisms underlying the effect of mood and motivation on the construal of conflicting 

and inherent ambiguity. The five studies presented here move beyond self-report 

measures and utilize a DDM approach to explore two mechanisms that underlie the 

effects of mood and motivation on the construal of ambiguity (see Figure 1). This project 

has two overarching aims: (I) to examine the role of expectations and preferential 

evidence accumulation in the influence of mood and motivation to see the self and others 

in a positive light on the construal of ambiguity (Studies 1a, 1b, 3, 4), and (II) to test 

whether these processes are supported by neural regions known to be involved in the 

effect of mood (Study 2) and motivation to be seen in a positive light (Study 4) on 

ambiguity construal.  

Hypothesis 1: The effect of mood on the construal of inherent ambiguity 

should be associated with mood-congruent expectations (Study 1a). Study 1a utilizes 

DDM to examine the role of expectations and preferential evidence accumulation in the 

effect of mood on inherent ambiguity. Specifically, Study 1a explores the role of 

expectations and preferential evidence accumulation on the effect of negative mood on 

valence judgments of inherently ambiguous surprised faces (which can be construed as 

positive or negative surprise). The mood-as-information model (Schwarz & Clore, 1983, 

1988; Clore & Storebeck, 2006) and dual-process theories (e.g., Chaiken, 1987) suggest 
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that mood-congruent construals of inherently ambiguous surprised facial expressions will 

be the result of mood-congruent expectations arising from an affect heuristic. 

Hypothesis 2: The effect of mood on the construal of conflicting ambiguity 

should be associated with expectations and preferential evidence accumulation 

(Study 1b, 2). Study 1b utilizes DDM to examine the role of expectations and 

preferential evidence accumulation in the effect of mood on conflicting ambiguity. Study 

1b and Study 2 (proposed) both use DDM to explore the role of expectations and 

evidence accumulation in negative mood on judgments on ambiguous faces that contain 

both happy and angry expressions. Study 2 extends Study 1b by combining DDM and 

fMRI in the same paradigm used in Study 1b to explore whether activity in the VMPFC, 

a region previously implicated in mood-congruent construals of conflicting ambiguity 

(Bhanji & Beer, 2012), is related to mood-congruent expectations or evidence 

accumulation when construing the ambiguous faces. The mood-as-information model 

(Schwarz & Clore, 1983, 1988; Clore & Storebeck, 2006) and dual-process theories (e.g., 

Chaiken, 1987) suggest that mood-congruent construals of conflicting ambiguity are the 

result of expectations arising from an affect heuristic. The associative network theory 

(Bower, 1981; Bower & Forgas, 2000) and the affective infusion model (AIM; Forgas, 

1995) suggest that mood-congruent construals of conflicting ambiguity occur because 

affective states activate a preferential search for mood-congruent information (Bower, 

1981; Bower & Forgas, 2000). If VMPFC activity is related to expectations or 

preferential evidence accumulation during the construal of conflicting ambiguity, this 

would provide convergent evidence for the role of these processes in the effect of the 

mood on the construal of conflicting ambiguity.  

Hypothesis 3: The effect of motivation on the construal of conflicting 

ambiguity should be associated with motivationally-consistent expectations (Study 
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3). Study 3 examines the role of expectations and preferential evidence accumulation in 

the effect of motivation to form positive impressions of attractive individuals on the 

resolution of conflicting ambiguity. Specifically, Study 3 uses DDM to explore the role 

of these mechanisms in the effect of motivation to form positive impressions of relatively 

more attractive individuals when making competency judgments of job candidates based 

on conflicting ambiguous information (positive and negative information about each job 

candidate). Theories of motivated reasoning suggest that motivated construals of 

conflicting ambiguous information will be the result of expectations that arise from prior 

beliefs, attitudes, or rules when making judgments (Dunning, 2015; Kunda, 1990).  

Hypothesis 4: The effect of motivation on the construal of inherent ambiguity 

should be associated with motivationally-consistent expectations (Study 4). Study 4 

utilizes DDM to examine the role of expectations and preferential evidence accumulation 

in the effect of motivation on inherent ambiguity. Specifically, Study 4 uses DDM to 

explore the role of expectations and preferential evidence accumulation in the effect of 

the motivation be seen in a positive light on the construal of inherently ambiguous social 

feedback. Study 4 also combines DDM and fMRI to explore whether activity in the 

VMPFC and amygdala, regions previously implicated in motivated evaluations of the self 

and others (Beer et al., 2008; Cunningham, Van Bavel, & Johnson, 2008; Hughes & 

Beer, 2013), is related to motivation-consistent expectations or preferential evidence 

accumulation when construing ambiguous social feedback. Theories of motivated 

reasoning suggest that motivated construals of inherently ambiguous social feedback will 

be the result of expectations that arise from prior beliefs, attitudes, or rules when making 

judgments (Dunning, 2015; Kunda, 1990). If VMPFC or amygdala activity is related to 

expectations or preferential evidence accumulation during the construal of ambiguous 

social feedback, this would provide convergent evidence for the role of these processes in 
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the effect of the motivation to be seen in a positive light on the construal of inherent 

ambiguity.  
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STUDY 1A: A MODEL-BASED APPROACH TO UNDERSTANDING 
THE PSYCHOLOGICAL MECHANISMS UNDERLYING THE 

EFFECT OF MOOD ON INHERENT AMBIGUITY  

Study 1a utilizes DDM to examine the role of starting points and preferential 

evidence accumulation in the effect of mood on the construal of inherent ambiguity in 

order to avoid the problems of using traditional analyses of self-report and reaction times 

as in previous research. Surprised facial expressions are inherently ambiguous because 

they can be construed as a negative or a positive surprise. Previous research has found 

that negative mood contexts influence the valenced perception of surprised faces in a 

mood-congruent manner: surprised faces are seen as negative more often in a negative 

mood context when in a positive mood context (Neta, Davis, & Whalen, 2011).  

In Study 1a, participants are presented with surprised faces within a positive 

mood context (happy facial expressions) or a negative mood context (angry facial 

expressions) and are asked to judge whether the surprised faces are positive or negative in 

valence. This paradigm has previously been used in studies on mood (Neta, Davis, & 

Whalen, 2011), as has the use of valenced facial expressions (Johnson, Thayer, & 

Hugdahl, 1995).  DDM analyses test whether mood influences construals of inherent 

ambiguity through mood-congruent expectations or mood-congruent evidence 

accumulation, or both. Specifically, Study 1a compares starting points and drift rates for 

valence construals of surprised faces in negative mood contexts to starting points and 

drift rates for valence construals of surprised faces in positive mood contexts. Analyses 

also compare whether starting points for each condition differ from 0.5, indicating a 

significant bias in expectations. 
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Study 1a Methods 

PARTICIPANTS 

Participants (N=122) in Study 1a were the same participants from Study 1b. Data 

from twelve participants were excluded from analyses for failing to respond on more than 

15% of trials on either task from Study 1a or Study 1b. Results presented are based on the 

remaining 110 participants (75 females; Age: Mean =18.86, S.D. = 2.96). All participants 

provided informed consent and received course credit for their participation. The study 

was approved by the institutional review board of the University of Texas at Austin.  

BEHAVIORAL TASK 

Participants performed a mood-primed inherent ambiguity judgment task (see 

Figure 3) where they were presented with faces and had to indicate the valence of the 

facial expression. Participants viewed four blocks of valenced faces (two positive mood 

blocks, two negative mood blocks) interspersed with surprised faces. Valenced facial 

expressions have previously been used in studies on mood and emotion (Johnson, Thayer, 

& Hugdahl, 1995; Neta, Davis, & Whalen, 2011). Each block consisted of 84 faces of 

one valence (happy or angry) and 16 surprised faces presented in a randomized order. 

Each face was presented for 500 ms, during which the participants had to indicate via 

button press whether the facial expression was positive or negative. Faces were chosen 

from the Ekman face set (Ekman & Frisen, 1976). The ordering of blocks and button 

presses were counterbalanced across participants.  
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Figure 3. Mood-Primed Inherent Ambiguity Task 

Participants viewed blocks of faces. Each block contained 84 faces of one valence 
(positive mood or negative mood) and 16 surprised faces, all presented in a randomized 
order. Each face was presented on the screen for 500ms, during which participants 
indicated via button press whether the facial expression was positive or negative.  

FITTING THE DIFFUSION MODEL TO THE DATA.  

To determine whether expectations, preferential evidence accumulation, or 

differences in non-decisional time play a role in the effect of mood on the construal of 

inherent ambiguity, a drift diffusion model was estimated. DDM was fit to the response 

and reaction time data, and eight parameters were estimated. The upper threshold (a) 

corresponds to indicating a positive construal of the inherently ambiguous surprised 

facial expression and the lower threshold (0) corresponds to a negative construal. The 

starting point (z), drift rate (v), and difference in non-decisional time (d) were estimated 

for the two conditions (negative mood, positive mood), holding all other model 

parameters (a, t0, sz, sv, st0) constant. The starting point, relative to the upper threshold 

(a), captures the expectations about the ambiguous stimulus by estimating how much the 

starting point favored a positive construal over a negative construal for negative mood or 

positive mood conditions. The drift rate captures preferential accumulation of evidence 

from the inherently ambiguous stimulus by estimating the rate at which evidence is 
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accumulated toward a decision threshold for each condition. The difference in non-

decisional time (d) captures the mean difference in non-decisional time for responses 

corresponding to the upper threshold (i.e., positive construal) and the lower threshold 

(i.e., negative construal). Model fit was assessed using the Kolmogorov-Smirnov statistic, 

which is robust against outliers and uses the entire empirical distributions of reaction 

times (Voss, Rothermund, & Voss, 2004; Voss & Voss, 2007). For each model, we 

computed the mean probability value of the KS statistic when comparing the empirical 

distribution to the predicted distribution. 

BEHAVIORAL ANALYSIS  

A paired-samples t-test examined whether condition had a significant effect on 

the DDM parameter estimates of starting points, the absolute value of the drift rates, and 

differences in non-decisional time. Starting points closer to 1 indicate expectations that 

the surprised face will be positive, and starting points closer to 0 indicate expectations 

that the surprised face will be negative. Higher values of drift rate indicate preferential 

evidence accumulation. Positive values of differences in non-decisional time indicate 

faster reaction times for responses corresponding to the upper threshold than responses 

corresponding to the lower threshold. In addition, one-sample t-tests examined whether 

the starting points for the positive mood and negative mood were significantly different 

from 0.5. Starting points significantly different from 0.5 indicate a significant bias in 

expectations. 

Study 1a Results 

A paired-samples t-test examined whether condition (positive mood, negative 

mood) had a significant effect on the DDM parameter estimates of starting points (i.e., a 

measure of expectation), the absolute value of the drift rates (i.e., a measure of 
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preferential evidence accumulation), and differences in non-decisional time. Starting 

points for surprised faces in the positive mood condition (Mean = 0.630, S.D. = 0.170) 

were more positive than starting points for surprised faces in the negative mood condition 

(Mean = 0.304, S.D. = 0.141; t(104) = 13.087, p<0.001; Figure 4). In addition, starting 

points for surprised faces in the negative mood condition were significantly more 

negative than 0.5 (t(104) = -14.258, p<0.001), indicating a significant negative bias in 

expectations. Starting points for surprised faces in the positive mood condition were 

significantly more positive than 0.5 (t(104) = 7.818, p<0.001), indicating a positivity bias 

in expectations. Drift rates for surprised faces in the negative mood condition (Mean = 

1.285, S.D. = 0.922) were not significantly different from drift rates for surprised faces in 

the positive mood condition (Mean = 1.407, S.D. = 1.204; t(104) = 0.998, p = 0.321; 

Figure 4). Differences in non-decisional time for surprised faces in the negative mood 

condition (Mean = -0.018, S.D. = 0.050) were significantly different from differences in 

non-decisional time for surprised faces in the positive mood condition (Mean = 0.039, 

S.D. = .046; t(104)=7.751, p<0.001). Specifically, non-decisional time in the negative 

mood condition was shorter for responses corresponding to a negative construal and non-

decisional time in the positive mood condition was shorter for responses corresponding to 

a positive construal. Table 1 shows the mean estimates of the parameters and fit of the 

drift-diffusion model. 
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Figure 4. Schematic representation of the drift-diffusion model results for the influence of 
mood on inherent ambiguity.  

Starting point parameters represent expectations that influence the decision process about 
the inherent ambiguous stimuli. Starting points closer to the Positive response boundary 
suggest a bias in expectations toward perceiving the surprised face as positive. Starting 
points closer to the Negative response boundary suggest a bias in expectations toward 
perceiving the surprised face as angry. Drift rates represent the average rate of evidence 
accumulation for each condition. Higher drift rates (steeper slopes) suggest facilitated 
information processing of the ambiguous stimuli.  
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Table 1. Mean parameter estimates of the drift-diffusion model analysis for the influence 
of mood on inherent ambiguity. 

Parameter Mean SD 
a 1.054 .356 
z   

Positive .630 .170 
Negative .304 .131 

v   
Positive 1.407 1.024 

Negative 1.285 .922 
d   

Positive .039 .046 
Negative -.018 .050 

t0 .300 .089 
sz .288 .128 
sv .730 .329 
st0 .154 .081 
Fit .832 .218 

 

Model fit as assessed by the KS statistic indicated that the diffusion model 

adequately accounted for the empirical data. The mean probability value of the KS 

statistic comparing the empirical distribution with the predicted distribution was 

computed for each model. Small probability values (e.g., p<0.2) for the KS statistic 

indicate deviations between the empirical and predicted distributions, suggesting that the 

diffusion model is unable to account for the empirical data. The KS statistic indicated that 

the model, on average, fit the empirical data (Mean p = 0.832, S.D. = 0.218). Significant 

deviations of the predicted model (p<0.2) from the empirical values were found for two 

participants.  

Study 1a Discussion 

Consistent with our hypotheses, Study 1a found that expectations supported the 

influence of mood on construals of inherent ambiguity. Starting points for surprised faces 
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in the negative mood condition were more negative than starting points for surprised 

faces in the positive mood condition, and were significantly more negative than 0.5, 

indicating a significant bias in expectations for both conditions. Drift rates for surprised 

faces in the negative mood condition were not significantly different from drift rates for 

faces in the positive mood condition. Thus, participants in a negative mood context are 

more likely to view surprised faces as negative because they have an expectation of 

negativity when compared to positive mood context. These results are consistent with 

theories that propose that mood-congruent ambiguity construals are the result of using 

mood-congruent expectations that arise from an affect heuristic (e.g., mood-as 

information model: Schwarz & Clore, 1983; dual-process theories: Chaiken, 1987; 

Slovic, Finucane, Peters, & MacGregor, 2002).   
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STUDY 1B: A MODEL-BASED APPROACH TO UNDERSTANDING 
THE PSYCHOLOGICAL MECHANISMS UNDERLYING THE 

EFFECT OF MOOD ON CONFLICTING AMBIGUITY 

Study 1a found that mood influences the construal of inherent ambiguity through 

mood-congruent expectations. However, it is unclear whether these underlying 

mechanisms differ depending on the type of ambiguity, where the information being 

evaluated is qualitatively different (the same information has equally likely 

interpretations vs. conflicting information is presented simultaneously). Study 1b utilizes 

DDM to examine the role of starting points and preferential evidence accumulation in the 

effect of negative mood primes on the resolution of conflicting ambiguity.  

In Study 1b, participants are presented with a negative or neutral mood prime 

(negative and neutral words flashed on the screen) and are asked to judge whether they 

saw an angry or happy facial expression in a conflicting ambiguous composition 

(composed of one angry and one happy face). The same word mood primes have 

previously been used in studies of mood-congruence (Bhanji & Beer, 2012, Ochsner et 

al., 2009). DDM analyses test whether mood influences construals of conflicting 

ambiguity through mood-congruent expectations or preferential evidence accumulation, 

or both. Study 1a compares starting points and drift rates for judgments of conflicting 

ambiguous stimuli made after negative mood primes to judgments made after neutral 

mood primes. Analyses also compare whether starting points for each condition differ 

from 0.5, indicating a significant bias in expectations. 

Study 1b Methods 

PARTICIPANTS  

Participants (N=122) in Study 1b were the same participants from Study 1a. Data 

from twelve participants were excluded from analyses for failing to respond on more than 
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15% of trials on either task from Study 1a or Study 1b. Results presented are based on the 

remaining 110 participants (75 females; Age: Mean =18.86, S.D. = 2.96). All participants 

provided informed consent and received course credit for their participation. The study 

was approved by the institutional review board of the University of Texas at Austin.  

BEHAVIORAL TASK 

Participants performed a mood-primed conflicting ambiguity construal task (see 

Figure 5). On each trial, participants were presented with a prime consisting of two 

negative words (e.g., murder) or two neutral words (e.g., copper) that flashed on the top 

and bottom or left and right of the screen for two seconds. The primes included eight 

negative and eight neutral that have been previously used in research on mood 

congruence (Bhanji & Beer, 2012; Ochsner et al., 2009). A screen containing a fixation 

dot occurred after the prime screen for 500ms. After the fixation screen, participants 

viewed a conflicting ambiguous stimulus consisting of a rapidly presented (100ms) 

composite image of a happy and an angry face (each tilted at 45 degrees toward each 

other, and partially overlaid with 50% transparency). The rapid presentation and 

overlapping composition made it difficult to attend to both faces at the same time and 

participants were only able to process one face at a time. Following the presentation of 

the conflicting ambiguous stimulus, participants were then asked to indicate via button 

press whether they had first seen an angry face or a happy face. The happy and angry 

faces were chosen from the NimStim image set (Tottenham et al., 2009) and their 

left/right locations were counterbalanced within the task. Additionally, the left/right 

location of the happy and angry button press were counterbalanced between participants. 

Each trial was followed by a fixation screen for two seconds.  
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Figure 5. Mood-Primed Conflicting Ambiguity Task.  

Participants viewed a negative or neutral prime, followed by a rapid presentation of an 
ambiguous stimulus consisting of a composite image of a happy and an angry face. 
Participants were asked to indicate via button press whether they had seen an angry face 
or a happy face in the ambiguous stimulus. 
 

The experiment consisted of 64 conflicting ambiguous trials (32 preceded by a 

negative mood prime, 32 preceded by a neutral mood prime), and 8 catch trials (4 non-

ambiguous happy stimuli preceded by an negative mood prime, 4 non-ambiguous angry 

stimuli preceded by a neutral mood prime) all presented in pseudo-randomized order. 

Catch trials were included as manipulation checks to ensure that participants were not 

just responding to the valence of the prime, ignoring the valence of the faces. The stimuli 

used in the catch trials were non-ambiguous, consisting of either two angry faces or two 

happy faces (preceded by neutral and negative mood primes, respectively). If participants 

were only responding to the valence of the mood, participants would respond that they 

had seen the facial expression from the mood category, not the face category, in the catch 

trials. Responses on catch trials were significantly higher than chance (Mean = 85.6%, 

S.D. = 19.7%, t(114)=19.342, p<0.001), indicating that participants were responded 

according to their construals of the ambiguous stimuli, not to the valence of the mood 

prime.  



 36 

FITTING THE DIFFUSION MODEL TO THE DATA.   

 The diffusion model data analysis was again conducted with fast-dm (Voss & 

Voss, 2007) and followed the same procedure as in Study 1a with the following 

differences. The upper threshold (a) corresponds to indicating a happy construal of the 

conflicting ambiguous stimulus and the lower threshold (0) corresponds to indicating an 

negative construal of the conflicting ambiguous stimulus. The starting point (z), the drift 

rate (v), and difference in non-decisional time (d) parameters were estimated for the two 

conditions (negative mood, neutral mood), holding all other model parameters (a, t0, sz, 

sv, st0) constant. Model fits were again assessed using the Kolmogorov-Smirnov statistic.  

BEHAVIORAL ANALYSIS  

A paired-samples t-test examined whether condition had a significant effect on 

the DDM parameter estimates of starting points, the absolute value of the drift rates, and 

differences in non-decisional time. Starting points closer to 1 indicate expectations that 

the ambiguous stimulus will be happy, and starting points closer to 0 indicate 

expectations that the ambiguous stimulus will be angry. Higher values of drift rate 

indicate more greatly facilitated evidence accumulation. Positive values of differences in 

non-decisional time indicate faster reaction times for responses corresponding to the 

upper threshold than responses corresponding to the lower threshold. In addition, one-

sample t-tests examined whether the starting points for the negative mood condition and 

the neutral mood condition were significantly different from 0.5. Starting points 

significantly different from 0.5 indicate a significant bias in expectations. 

Study 1b Results 

A paired-samples t-test examined whether condition (negative mood, neutral 

mood) had a significant effect on the DDM parameter estimates of starting points, the 
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absolute value of the drift rates, and differences in non-decisional time. Starting points 

for construals in the negative mood condition (Mean = 0.513, S.D. = 0.129) were 

significantly more negative than starting points for construals in the neutral mood 

condition (Mean = 0.545, S.D. = 0.137; t(100) = -1.981, p=0.051; Figure 6). In addition, 

starting points for construals in the negative mood condition were not significantly lower 

than 0.5 (t(100) = 1.00, p = 0.320). Starting points for construals in the neutral mood 

condition were significantly higher than 0.5 (t(100) = 3.313, p=0.001, indicating a 

positivity bias in expectations. Drift rates in the angry mood condition (Mean = 0.457, 

S.D. = 0.356) were not significantly different from drift rates on the neutral mood 

condition (Mean = 0.527, S.D. = 0.409; t(100) = 1,476, p = 0.143; Figure 6). Differences 

in non-decisional time for the negative mood condition (Mean = 0.012, S.D. = 0.058) 

were not significantly different from differences in non-decisional time for the neutral 

mood condition (Mean = 0.008, S.D. = .046, t(100)=-.471, p=0.638), indicating that 

differences in non-decisional time between positive and negative construals were not 

significantly different in the negative and neutral mood conditions. Table 2 shows the 

mean estimates of the parameters and fit of the drift-diffusion model. 
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Figure 6. Schematic representation of the drift-diffusion model results for the influence of 
mood on conflicting ambiguity.  

 
Starting point parameters represent expectations that influence the decision process about 
the conflicting ambiguous stimuli. Starting points closer to the Happy response boundary 
suggest a bias in expectations toward perceiving the ambiguous stimuli as happy. Starting 
points closer to the Angry response boundary suggest a bias in expectations toward 
perceiving the ambiguous stimuli as angry. Drift rates represent the average rate of 
evidence accumulation for each condition. Higher drift rates (steeper slopes) suggest 
facilitated information processing of the ambiguous stimuli.  
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Table 2. Mean parameter estimates of the drift-diffusion model analysis for the influence 
of mood on conflicting ambiguity. 

 
Parameter Mean SD 

A 1.328 .272 
Z   

Negative .513 .129 
Neutral .545 .137 

V   
Negative .457 .356 

Neutral .527 .409 
D   

Negative .012 .058 
Neutral .008 .046 

t0 .513 .141 
sz .263 .138 
sv .691 .426 
st0 .290 .125 
Fit .968 .053 

 

Model fit as assessed by the KS statistic indicated that the diffusion model 

adequately accounted for the empirical data. The mean probability value of the KS 

statistic comparing the empirical distribution with the predicted distribution was 

computed for each model. Small probability values (e.g., p<0.05) for the KS statistic 

indicate significant deviations between the empirical and predicted distributions, 

suggesting that the diffusion model is unable to account for the empirical data. The KS 

statistic indicated that the models adequately fit the empirical data (Mean p = 0.968, S.D. 

= 0.053). No deviations (p < 0.20) of the predicted values from the empirical values were 

found for any participants for either model. 
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Study 1b Discussion 

Consistent and inconsistent with hypotheses, Study 1b results provides support for 

the role of expectations in the mood-congruent construals of conflicting ambiguity, but 

does not find strong support for the role of preferential evidence accumulation. The 

results suggest that mood influences the construal of conflicting ambiguity through 

mood-congruent expectations rather than preferential accumulation of evidence. Starting 

points in the negative mood prime condition were significantly more negative than 

starting points in the neutral mood prime condition, suggesting that the negative mood 

prime influenced subsequent construals of conflicting ambiguity by shifting expectations 

in the negative direction. However, there were no significant differences in the rates of 

evidence accumulation for construals of conflicting ambiguity between mood prime 

conditions.  

These results are consistent with theories of mood-congruence that suggest that 

mood influences conflicting ambiguity construal through expectations that arise from an 

affect heuristic (e.g., mood-as information model: Schwarz & Clore, 1983; dual-process 

theories: Chaiken, 1987; Slovic, Finucane, Peters, & MacGregor, 2002), but do not 

provide strong support for theories that propose moods activate a preferential search for 

mood-congruent information (e.g., AIM: Forgas, 1995; the associative network theory of 

mood: Bower, 1981; Bower & Forgas, 2000). Taken together, the present results indicate 

that, in the context of conflicting ambiguity, mood influences ambiguity construal though 

mood-congruent expectations.  

The results also shed light on whether there are similarities in the underlying 

processes that support the influence of mood on the construal of different types of 

ambiguity. Specifically, expectations play a role for ambiguities that are open to more 
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than one interpretation, as well as ambiguities that contain equal amounts of conflicting 

information. Thus, in the present studies, the role of expectations in mood-congruent 

construals of ambiguity did not depend on the type of information being evaluated. 
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STUDY 2: A MODEL-BASED APPROACH TO EXAMINE THE 
NEURAL MECHANISMS UNDERLYING THE EFFECT OF MOOD 

ON CONFLICTING AMBIGUITY 

Study 1b explored the role of expectations and preferential evidence accumulation 

underlying the effect of mood on the construals of conflicting ambiguity. Study 1b results 

suggest that mood influences the construal of conflicting ambiguity through mood-

congruent expectations rather than preferential accumulation of evidence. One way to 

provide convergent evidence for the role of expectations in mood-congruent construals of 

conflicting ambiguity is to examine whether neural regions known to be involved in the 

effect of mood on conflicting ambiguity support expectations. Study 2 aims to explore the 

neural basis of the expectations that contribute to mood-congruent construals of 

conflicting ambiguity 

Study 2 is a reconsideration of a previously collected and published dataset 

(Bhanji & Beer, 2012) with the addition of DDM analyses. Participants in this previous 

study underwent fMRI while performing the same paradigm used in Study 1b. Analyses 

examining the neural basis of mood effects on the construal of conflicting ambiguity 

found that VMPFC activity was related to mood-congruent construals of conflicting 

ambiguity (Bhanji & Beer, 2012). However, by using conventional fMRI analyses that 

contrasted neural activation for mood-congruent compared to mood-incongruent 

construals, the authors were unable to identify the precise psychological processes 

supported by the VMPFC. Therefore, Study 2 aims to reconsider this previously collected 

dataset by combining fMRI with DDM to explore whether activity in the VMPFC is 

related to the starting point parameter during mood-congruent construals of conflicting 

ambiguity. If VMPFC activity is found to be associated with the starting point parameter 
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during the construal of conflicting ambiguity, this would provide convergent evidence for 

the role of expectations in the effect of mood on the construal of conflicting ambiguity.  

Study 2 Methods 

PARTICIPANTS 

Twenty participants underwent functional magnetic resonance imaging (fMRI) 

while performing a mood primed conflicting ambiguity construal task. Three participants 

were excluded from analysis because they failed to perceive the rapidly presented stimuli. 

Data analyses focused on the remaining 17 participants (12 females; age: Mean = 24.7 

years, S.D. = 5.50 years). All participants provided informed consent and the study was 

approved by the institutional review board of the University of Texas at Austin. 

Participants were compensated $15/hour for their participation. All participants were 

right-handed, fluent English speakers, free from medications and neurological conditions 

that might influence the measurement of cerebral blood flow, and had normal or 

corrected-to-normal vision. 

BEHAVIORAL TASK 

Participants performed the same mood-primed conflicting ambiguity construal 

task as in Study 1b (see Figure 7), with trial timing modified for use in an fMRI 

environment. On each trial, participants were presented with a mood prime consisting of 

two negative words (e.g., murder) or two neutral words (e.g., copper) that flashed on the 

top and bottom or left and right of the screen for two seconds. The mood primes included 

eight negative and eight neutral that have been previously used in research on mood-

congruence (Bhanji & Beer, 2012; Ochsner et al., 2009). A screen containing a fixation 

dot occurred after the prime screen, during which participants were instructed to clear 

their minds. The length of the fixation screen was jittered to maximize the independence 
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of neural activity estimates related to the primes and making judgments (50% 2000ms, 

25% 4000ms, and 25% 6000ms; Donaldson, Petersen, Ollinger, & Buckner, 2001). After 

the prime screen, participants viewed a conflicting ambiguous stimulus consisting of a 

rapidly presented (100ms) composite image of a happy and an angry face (each tilted at 

45 degrees toward each other, and partially overlaid with 50% transparency). The rapid 

presentation and overlapping composition made it difficult to attend to both faces at the 

same time. Instead, participants were more likely to construe one facial expression over 

the other. Following the presentation of the conflicting ambiguous stimulus, participants 

were then asked to indicate via button press whether they had seen an angry face or a 

happy face. The happy and angry faces were chosen from the NimStim image set 

(Tottenham et al., 2009) and their left/right locations were counterbalanced within the 

task. Additionally, the left/right location of the happy and angry button press were 

counterbalanced between participants. To maximize the independence of neural activity 

estimates, each trial was followed by a jittered screen containing a fixation dot (50% 

2000ms, 25% 4000ms, and 25% 6000ms; Donaldson et al., 2001).  

 

Figure 7. Mood-Primed Conflicting Ambiguity Task for fMRI 

Participants viewed a negative or neutral prime, followed by a rapid presentation of an 
ambiguous stimulus consisting of a composite image of a happy and an angry face. 
Participants were asked to indicate via button press whether they had construed an angry 
face or a happy face in the ambiguous stimulus. 
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The experiment consisted of 64 conflicting ambiguous trials (32 preceded by a 

negative mood prime, 32 preceded by a neutral mood prime), and 8 catch trials (4 non-

ambiguous happy stimuli preceded by an negative mood prime, 4 non-ambiguous angry 

stimuli preceded by a neutral mood prime) all presented in pseudo-randomized order 

across two runs lasting 8 minutes each. Catch trials were included as manipulation checks 

to ensure that participants were not just responding to the valence of the prime, ignoring 

the valence of the faces. The stimuli used in the catch trials were non-ambiguous, 

consisting of either two angry faces or two happy faces (preceded by neutral mood and 

negative mood primes, respectively). If participants were only responding to the valence 

of the primes, participants would respond that they had seen the facial expression from 

the mood prime category, not the face category, in the catch trials. Responses on catch 

trials were significantly higher than chance (Mean = 93.36%, t(16)=22.91, p<0.05; see 

Bhanji & Beer, 2012 for details), indicating that participants were responded according to 

their perceptions of the ambiguous stimuli, not to the valence of the mood prime.  

FITTING THE DIFFUSION MODEL TO THE DATA. 

Diffusion model data analysis was conducted with fast-dm (Voss & Voss, 2007), 

identical to the model estimation methods as in Study 1b. Study 1b found that starting 

points in the negative mood prime condition were significantly more negative than 

starting points in the neutral mood prime condition, suggesting that the negative mood 

prime influenced subsequent construals of conflicting ambiguity by shifting expectations 

in the negative direction. Therefore, neural analyses examined the neural regions 

supporting starting points of the decision process.  

To determine the neural regions supporting the starting points that contribute to 

the effect of mood on the construal of conflicting ambiguity, DDM was fit to the response 
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and reaction time data, and eight parameters were estimated. The upper threshold (a) 

corresponds to indicating a happy construal of the conflicting ambiguous stimulus and the 

lower threshold (0) corresponds to indicating an negative construal of the conflicting 

ambiguous stimulus. The starting point (z), the drift rate (v), and difference in non-

decisional time (d) parameters were estimated for the two conditions (negative mood, 

neutral mood), holding all other model parameters (a, t0, sz, sv, st0) constant. Model fit 

was assessed using the Kolmogorov-Smirnov statistic, which is robust against outliers 

and uses the entire empirical distributions of reaction times (Voss, Rothermund, & Voss, 

2004; Voss & Voss, 2007). For each model, we computed the mean probability value of 

the KS statistic when comparing the empirical distribution to the predicted distribution. 

BEHAVIORAL ANALYSIS  

A paired-samples t-test examined whether condition had a significant effect on 

the DDM parameter estimates of starting points, the absolute value of the drift rates, and 

differences in non-decisional time. Starting points closer to 1 indicate expectations that 

the ambiguous stimulus will be happy, and starting points closer to 0 indicate 

expectations that the ambiguous stimulus will be angry. Higher values of drift rate 

indicate more greatly facilitated evidence accumulation. Positive values of differences in 

non-decisional time indicate faster non-decisional time for responses corresponding to the 

upper threshold than responses corresponding to the lower threshold. In addition, one-

sample t-tests examined whether the starting points for the negative mood condition and 

the neutral mood condition were significantly different from 0.5. Starting points 

significantly different from 0.5 indicate a significant bias in expectations. 
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FMRI DATA ACQUISITION AND PREPROCESSING  

Imaging data was acquired on a 3T GE Signa EXCITE scanner. Functional data 

was collected using a GRAPPA sequence (TR = 2000ms, TE = 30ms, FOV = 240, 96 x 

96 matrix, voxel size 2.5 x 2.5 x 3.3 mm) and time-locked to initial trial onset. Each 

volume consisted of 35 axial slices. A high-resolution SPGR T1 weighted was acquired 

for each subject for image registration.  

Neuroimaging data was preprocessed and analyzed using the FSL software 

toolbox [Oxford Center for Functional Magnetic Resonance Imaging (FMRIB); (Smith et 

al., 2004)]. Raw imaging data was converted from DICOM format to NIFTI format. 

Functional images were motion corrected using MCFLIRT (Jenkinson, Bannister, Brady, 

& Smith, 2002) and non-brain structures were stripped from functional and structural 

volumes using the Brain Extraction Tool (BET; Smith, 2002). Low frequency noise was 

removed using a high-pass filter of a Gaussian-weighted least-squares straight fit line 

with a cutoff of 100 s. Data was resampled to 2mm cubic resolution, and spatial 

smoothing was performed using a Gaussian Kernel with a full-width half-maximum of 

5mm. Data was first registered to the high-resolution T1-weighted structural image, 

which was then registered to the standard brain (MNI152 2mm template).  

FMRI DATA ANALYSIS 

For each participant and each run, a General Linear Model (GLM) was estimated 

in FSL’s FEAT (FMRI Expert Analysis Tool version 5.98) first-level analysis package 

with (a) four regressors (Negative Prime, Neutral Prime, Negative Prime Construal, 

Neutral Prime Construal) convolved with a canonical double-gamma hemodynamic 

response function and temporal derivative and (b) 7 regressors of non-interest to account 

for missed trials and the six directions of head movement. A general linear model 

analysis created contrast images of interest for each participant (Negative Prime 
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Construal>Neutral Prime Construal) for the planned starting point analyses. A second-

level analysis (fixed-effects) was conducted to average the contrasts across the two runs 

for each participant. The averaged scans were entered into a group level random-effects 

analysis using FMRIB’s Local Analysis of Mixed Effects (FLAME; Smith et al., 2004).  

 Whole brain analyses investigated the neural regions associated with the starting 

points while controlling for drift rates and non-decisional time that contribute to effect of 

negative mood prime on the resolution of conflicting ambiguity (compared to neutral 

mood prime). Specifically, differences in starting points (Δz Negative Prime Construal – Neutral Prime 

Construal = z Negative Prime Construal – z Neutral Prime Construal) were entered into a covariate analysis in the 

GLM for the contrasts of Negative Prime Construal > Neutral Prime Construal and 

individual changes in drift rate (Δv Negative Prime Construal – Neutral Prime Construal) and non-decisional 

time (Δd Negative Prime Construal – Neutral Prime Construal) were added as a nuisance regressor. Analyses 

were thresholded at z>2.6, uncorrected, with a cluster extent of k >5.  

Study 2 Results 

BEHAVIORAL RESULTS 

A paired-samples t-test examined whether condition (negative mood, neutral 

mood) had a significant effect on the DDM parameter estimates of starting points, the 

absolute value of the drift rates, and differences in non-decisional time. As in Study 1b, 

starting points for construals in the negative mood condition (Mean = 0.481, S.D. = 

0.132) were significantly more negative than starting points for construals in the neutral 

mood condition (Mean = 0.585, S.D. = 0.160; t(16) = -2.395, p=0.029; Figure 8). Starting 

points for construals in the negative mood condition were not significantly lower than 0.5 

(t(16) = 0.596, p = 0.559). Starting points for construals in the neutral mood condition 

were significantly higher than 0.5 (t(16) = 2.178, p=0.045, indicating a positivity bias in 
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expectations. Drift rates in the negative mood condition (Mean = 0.490, S.D. = 0.404) 

were not significantly different from drift rates on the neutral mood condition (Mean = 

0.556, S.D. = 0.364; t(16) = 0.601, p = 0.556; Figure 8). Differences in non-decisional 

time for the negative mood condition (Mean = 0.033, S.D. = 0.068) were not significantly 

different from differences in non-decisional time for the neutral mood condition (Mean = 

0.001, S.D. = .039, t(16)= -1.485, p=0.157), indicating that differences in non-decisional 

time between positive and negative construals were not significantly different in the 

negative and neutral mood conditions. Table 3 shows the mean estimates of the 

parameters and fit of the drift-diffusion model. 

  

Figure 8. Schematic representation of the drift-diffusion model results for the influence of 
mood on conflicting ambiguity.  

Starting point parameters represent expectations that influence the decision process about 
the conflicting ambiguous stimuli. Starting points closer to the Happy response boundary 
suggest a bias in expectations toward perceiving the ambiguous stimuli as happy. Starting 
points closer to the Angry response boundary suggest a bias in expectations toward 
perceiving the ambiguous stimuli as angry. Drift rates represent the average rate of 
evidence accumulation for each condition. Higher drift rates (steeper slopes) suggest 
facilitated information processing of the ambiguous stimuli.  
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Table 3. Mean parameter estimates of the drift-diffusion model analysis for the influence 
of mood on conflicting ambiguity during fMRI. 

 
Parameter Mean SD 

a 1.324 .216 
z   

Negative .481 .132 
Neutral .585 .160 

v   
Negative .490 .404 

Neutral .556 .364 
d   

Negative .033 .068 
Neutral .001 .039 

t0 .689 .135 
sz .244 .121 
sv .701 .212 
st0 .302 .132 
Fit .595 .090 

 

Model fit as assessed by the KS statistic indicated that the diffusion model 

adequately accounted for the empirical data. The mean probability value of the KS 

statistic comparing the empirical distribution with the predicted distribution was 

computed for each model. Small probability values (e.g., p<0.05) for the KS statistic 

indicate significant deviations between the empirical and predicted distributions, 

suggesting that the diffusion model is unable to account for the empirical data. The KS 

statistic indicated that the models adequately fit the empirical data (Mean p = 0.959, S.D. 

= 0.090). No deviations (p < 0.20) of the predicted values from the empirical values were 

found for any participants for either model. 
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FMRI RESULTS 

 Covariate fMRI analyses investigated whether activity in the VMPFC was 

associated with starting points during mood-congruent construals of conflicting 

ambiguity. FMRI analyses found no relationship between VMPFC activity and the 

starting point parameter of the DDM.  

Study 2 Discussion 

Study 2 did not provide convergent evidence for the role of expectations in mood-

congruent construals of conflicting ambiguity. Study 2 found no relationship between 

activity in VMPFC, a region previously implicated in mood-congruent construals of 

conflicting ambiguity (Bhanji & Beer, 2012), and the starting points of the decision 

process. Thus although VMPFC is involved in the effect of mood on construals of 

conflicting ambiguity, this study did not support an association of its activity with the 

expectations that are brought to bear on mood-congruent construals of ambiguity.  One 

possible reason why a relationship between VMPFC activity and expectations was not 

found in Study 2 is that with only 17 participants there may have been a lack of power to 

detect a relationship between neural activity and parameter estimates. Future research 

should aim to conduct more highly powered studies in order to detect relationships 

between neural activation and parameters of the drift-diffusion model. 
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STUDY 3: A MODEL-BASED APPROACH TO UNDERSTANDING 
THE PSYCHOLOGICAL MECHANISMS UNDERLYING THE 
EFFECT OF MOTIVATION ON CONFLICTING AMBIGUITY 

 Studies 1a, 1b, and 2 look at the role of expectations and preferential evidence 

accumulation in the effect of mood on the construal of ambiguity. However, motivation 

also directs reasoning about an ambiguous event, and is theorized to do so through 

similar mechanisms. Theories of motivated reasoning suggest that motivated construals 

of conflicting ambiguous information are the result of expectations that arise from prior 

beliefs, attitudes, or rules when making judgments (Dunning, 2015; Kunda, 1990). 

However, previous research has utilized self-report and reaction time analyses, which 

conflate the underlying mechanisms. Therefore, Study 3 utilizes DDM to examine the 

role of expectations and preferential evidence accumulation in effect of motivation on the 

resolution on conflicting ambiguity. Specifically, Study 3 examines the effect of the 

motivation to see others in a particular light on evaluations of others based on conflicting 

ambiguous information.  

People are motivated to see individuals who are relatively higher in attractiveness 

in a more positive light than individuals lower in attractiveness. Individuals higher in 

attractiveness are perceived to be higher in ability and moral character than people lower 

in attractiveness, even when no information regarding their ability or moral character is 

provided (i.e., “the halo effect”: Dion, Bercheid, & Walster, 1972; Eagly et al., 1991; 

Feingold, 1992; Jackson et al., 1995, Srivastava et al., 2010). For example, in the absence 

of clear information about the competency of a job candidate, managers evaluate job 

candidates who are lower in attractiveness as less competent than job candidates who are 

higher in attractiveness (Bhanji & Beer, 2013). The attribution of positive traits toward 

attractive individuals is thought to be driven by the projection of interpersonal goals. 
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When interpersonal motivations are controlled for, the relationship between positive 

attributions and attractiveness disappears (Lemay, Clark, & Greenberg, 2010). Thus, 

people are motivated to see individuals who are higher in attractiveness in a positive light 

because they desire to form social bonds with attractive individuals.  

In Study 3, participants act as a hiring manager tasked to evaluate potential job 

candidates. Participants are first presented with a photograph of an average attractive or 

low attractive job candidate. Average attractive job candidates were used instead of 

highly attractive job candidates in order to avoid confounds in identifying motivated 

reasoning about job candidates high in attractiveness. For example, highly attractive 

individuals may have had more opportunities in their life than low attractive individuals. 

Higher competency judgments could therefor be driven by perceptions of increased 

opportunities or by the motivation to see highly attractive individuals in a positive light. 

However, this is less likely to be the case for individuals average in attractiveness 

(compared to low attractiveness), as average attractive and low attractive job candidates 

are more likely to have had similar previous opportunities. Following the photograph of 

the job candidate, participants watch two videos containing job interview information: 

one that reflects high competency in the job candidate, and another that reflects low 

competency in the job candidate. Thus, regardless of attractiveness, the competence 

information presented about each candidate was characterized by conflicting ambiguity. 

Following the two videos, participants are asked to judge whether the job candidate was 

competent or incompetent. DDM analyses test whether motivations to see average 

attractive vs. low attractive job candidates in a positive or negative light influences 

competency judgments construed from conflicting ambiguous information through 

motivation-congruent expectations or preferential accumulation of evidence. Study 3 

compares starting points and drift rates for competency judgments construed from 
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conflicting ambiguous information of average attractive job candidates to low attractive 

job candidates. Analyses also compare whether starting points for average attractive and 

low attractive job candidates differ from 0.5, indicating a significant bias in expectations. 

Study 3 Methods 

PARTICIPANTS 

Data was collected from 155 female participants. Participation was limited to 

females because the effect of attractiveness on competency judgments of male job 

candidates has been shown to be robust (Eagly et al., 1991; Jackson et al., 1995). Data 

from twelve additional participants were excluded from analyses for failing to respond on 

more than 15% of trials. Results presented are based on the remaining 143 participants 

(age: Mean = 19.20, S.D. = 1.45). All participants provided informed consent and 

received course credit for their participation. The study was approved by the institutional 

review board of the University of Texas at Austin.  

BEHAVIORAL TASK 

 Participants performed a motivation-primed conflicting ambiguity task (Figure 9). 

Participants imagined that they were hiring managers and were instructed that they were 

to judge the competency of potential job candidates. On each trial of the task, participants 

first viewed a photograph of a job candidate for 2.5 seconds. Job candidates were either 

average in attractiveness or low in attractiveness (based on previous ratings by a separate 

sample; see below and Bhanji & Beer, 2013 for details on all stimuli used for Study 3). 

After viewing the photograph, participants viewed a block of video clips of the job 

candidate making one high competence statement (e.g., “I enjoy a challenge”) and one 

low competence statement (e.g., “I don’t take criticism well”). After the video block, 
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participants indicated via button press whether they thought the candidate was competent 

or incompetent. 

Figure 9. Motivation-Primed Conflicting Ambiguity Task 

Description: On each trial of the task, participants first view a photograph of a job 
candidate for 2.5 seconds, followed by a block of video clips of the job candidate making 
one high competence statement (e.g., “I enjoy a challenge”) and one low competence 
statement (e.g., “I don’t take criticism well”). After the video block, participants 
indicated via button press whether they thought the candidate was competent or 
incompetent.  

The 40 job candidates shown in this experiment were selected based on ratings of 

physical attractiveness (rated on a scale from 1/“not at all attractive” to 5/“very 

attractive”) by 40 female raters from a previous study (Bhanji & Beer, 2013). 20 job 

candidates were assigned to the Average Attractiveness condition (Mean = 2.91, S.D. = 

0.54) and were significantly more attractive than the 20 job candidates assigned to the 

Low Attractiveness condition (Mean = 1.54, S.D. = 0.33; t(39) = 22.64, p<0.001). The 

experiment consisted of 32 Average Attractiveness trials (using the 20 Average 

Attractiveness job candidates, with 12 job candidates drawn randomly to repeat once) and 

32 Low Attractiveness trials (using the 20 Low Attractiveness job candidates, with 12 job 

candidates drawn randomly to repeat once). The video statements of the job candidates 

consisted of 120 scripted job interview statements (60 high competence: “I appreciate 
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constructive criticism from coworkers and superiors”; 60 low competence: “I need to take 

a cigarette break every hour or I can get kind of cranky”). Job interview statements were 

selected based on ratings of competency (rated on a scale from 1/“low competency” to 

5/“high competency”) from four judges in a previous study (Bhanji & Beer, 2013). Low 

competency statements were rated lower in competence (Mean = 1.02, S.D. = 0.07) than 

high competency statements (Mean = 4.67, S.D. = 0.39; t(3) = 65.38, p < 0.001). The 

order of the high competence and low competence video clips was counterbalance across 

the task. All trials were presented in pseudo-randomized order. 

FITTING THE DIFFUSION MODEL TO THE DATA.  

The diffusion model data analysis was again conducted with fast-dm (Voss & 

Voss, 2007) and followed the same modeling procedure as in Study 1a with the following 

differences. The upper threshold (a) corresponds to indicating a competent construal of 

the job candidate and the lower threshold (0) corresponds to indicating an incompetent 

construal of job candidate. The starting points (z), drift rate (v), and difference in non-

decisional time (d) parameters were estimated for the two conditions (average 

attractiveness, low attractiveness), holding all other model parameters (a, t0, sz, sv, st0) 

constant. Model fits were again assessed using the Kolmogorov-Smirnov statistic.  

BEHAVIORAL ANALYSIS  

A paired-samples t-test examined whether condition had a significant effect on 

the DDM parameter estimates of starting points, the absolute value of the drift rates, and 

differences in non-decisional time. Starting points closer to 1 indicate expectations job 

candidate will be competent, and starting points closer to 0 indicate expectations that job 

candidate will be incompetent. Higher values of drift rate indicate more greatly facilitated 

evidence accumulation. Positive values of differences in non-decisional time indicate 
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faster reaction times for responses corresponding to the upper threshold than responses 

corresponding to the lower threshold. In addition, one-sample t-tests examined whether 

the starting points for the average attractive and low attractive job candidates were 

significantly different from 0.5. Starting points significantly different from 0.5 indicate a 

significant bias in expectations. 

Study 3 Results 

A paired-samples t-test examined whether condition (average attractiveness, low 

attractiveness) had a significant effect on the DDM parameter estimates of starting points, 

the absolute value of the drift rates, and differences in non-decisional time. Starting 

points for low attractiveness job candidates (Mean = 0.416, S.D. = 0.134) were 

significantly more negative than starting points for job candidates who were lower in 

attractiveness (Mean = 0.452, S.D. = 0.153; t(129) = 2.279, p=0.024; Figure 10). In 

addition, starting points for average attractiveness and low attractiveness candidates were 

significantly lower than 0.5 (average attractiveness: t(129)= -3.597, p<0.001; low 

attractiveness (t(129) = -7.188, p<0.001), indicating a negative significant bias in 

expectations for both average and low attractiveness candidates. Drift rates for average 

attractiveness job candidates (Mean = 0.369, S.D. = 0.254) were significantly slower than 

drift rates job candidates lower in attractiveness (Mean = 0.513, S.D. = 0.387); t(129) = -

4.042, p<0.001; Figure 10). Differences in non-decisional time for the average 

attractiveness job candidates (Mean = 0.011, S.D. = 0.062) were not low attractiveness 

job candidate (Mean = 0.009, S.D. = 0.064; t(129)=.340, p=0.734), indicating that 

differences in non-decisional time between competent and incompetent construals were 

not significantly different for average attractiveness and low attractiveness job 
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candidates. Table 4 shows the mean estimates of the parameters and fit of the drift-

diffusion model. 

 

 

Figure 10. Schematic representation of the drift-diffusion model results for the influence 
of motivation on conflicting ambiguity.  

Starting point parameters represent expectations that influence the decision process about 
the conflicting ambiguous stimuli. Starting points closer to the Competent response 
boundary suggest a bias in expectations toward perceiving the job candidates as 
competence. Starting points closer to the incompetent response boundary suggest a bias 
in expectations toward perceiving the job candidate as incompetent. Drift rates represent 
the average rate of evidence accumulation for each condition. Higher drift rates (steeper 
slopes) suggest preferential evidence accumulation of the ambiguous stimuli.  
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Table 4. Mean parameter estimates of the drift-diffusion model analysis for the influence 
of motivation on conflicting ambiguity. 

 
Parameter Mean SD 

a 1.663 .274 
z   

Average .452 .153 
Low .416 .134 

v   
Average .369 .254 

Low .514 .389 
d   

Average .011 .062 
Low .009 .064 

t0 .333 .154 
sz .271 .160 
sv .560 .276 
st0 .310 .219 
Fit .948 .085 

 

Model fit as assessed by the KS statistic indicated that the diffusion model 

adequately accounted for the empirical data. The mean probability value of the KS 

statistic comparing the empirical distribution with the predicted distribution was 

computed for each model. Small probability values (e.g., p<0.05) for the KS statistic 

indicate significant deviations between the empirical and predicted distributions, 

suggesting that the diffusion model is unable to account for the empirical data. The KS 

statistic indicated that the model adequately fit the empirical data (Mean p = 0.948, S.D. 

= 0.085). No significant deviations (p < 0.2) of the predicted values from the empirical 

values were found. 
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Study 3 Discussion 

 Study 3 results suggest that expectations (as hypothesized) and preferential 

evidence accumulation (not hypothesized) play a role in the influence of the motivation 

to see individuals higher in attractiveness more positively than individuals lower in 

attractiveness on the construal of conflicting ambiguity. Specifically, the halo effect when 

comparing individuals average in attractiveness to those lower in attractiveness was 

driven by negative expectations and less consideration of evidence for individuals low in 

attractiveness, compared to those average in attractiveness. Starting points for low 

attractiveness job candidates were significantly more negative than starting points for job 

candidates who were average in attractiveness, and significantly more negative than 0.5, 

indicating a negative bias in expectations for low attractiveness candidates.  The results 

suggest that seeing average attractiveness job candidates as more competent than the 

lower attractive candidates may be related to negative expectations for low attractiveness 

job candidates. In addition, rates of evidence accumulation were slower for average 

attractive candidates compared to low attractiveness job candidates. This suggests that 

when people are motivated to form positive impressions of individuals higher in 

attractiveness, they are more likely to process and sift through information about that 

individual, but are not as interested in processing the evidence for individuals lower in 

attractiveness.   

 These results are partially consistent with theories of motivated reasoning which 

suggest that motivation influences reasoning about conflicting ambiguity through 

motivation-consistent expectations that arise from prior beliefs, attitudes, and rules 

(Dunning, 2015; Kunda, 1990). However, the current study also found that evidence 
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accumulation rates also contributed to the influence of motivation to see others in a 

particular light on the construal of conflicting ambiguity.  
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STUDY 4: A MODEL-BASED APPROACH TO UNDERSTANDING 
THE PSYCHOLOGICAL AND NEURAL MECHANISMS 

UNDERLYING THE EFFECT OF MOTIVATION ON INHERENT 
AMBIGUITY 

Study 3 found that the motivation to see others in a particular light influences the 

construal of conflicting ambiguity through motivation-consistent expectations and 

preferential evidence accumulation. Whether the same mechanisms underlie motivational 

influences on inherent ambiguity has not been explored. Study 4 utilizes DDM to 

examine the role of expectations and preferential evidence accumulation in the influence 

of motivation to be seen in a positive light on the construal of inherent ambiguity. 

Specifically, Study 4 examines the role of expectations and preferential evidence 

accumulation in the influence of one’s own motivations be seen in a positive light on the 

construal on inherently ambiguous social feedback.  

Participants construed inherently ambiguous, positive, and negative social 

feedback in the absence of any primes. Therefore, any interpretations of ambiguous social 

feedback were likely the influenced by their own motivations to be seen in a positive 

light. DDM analyses test whether the motivation to be seen in a positive light influences 

construals of inherent ambiguity through motivation-consistent expectations or 

preferential evidence accumulation, or both. Study 4 compares starting points and drift 

rates for construals of inherent ambiguous stimuli compared to construals of positive and 

negative stimuli. In addition, Study 4 combines DDM and fMRI to examine whether 

activity in the VMPFC or amygdala, two regions associated with motivated evaluations 

of the self and others (Beer et al., 2008; Cunningham, Van Bavel, & Johnson, 2008; 

Hughes & Beer, 2013), is related to motivation-congruent expectations or preferential 

evidence accumulation when construing ambiguous social feedback. If activity in 
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VMPFC or amygdala correlates with parameters of the DDM, this would provide 

convergent evidence for the role of expectations or preferential evidence accumulation in 

the effect of motivation to be seen in a positive light on the construal of inherent 

ambiguity.  

Study 4 Methods 

PARTICIPANTS 

Thirty-one participants underwent functional magnetic resonance imaging (fMRI) 

while construing social cues. One participant was excluded from data analyses for failure 

to respond on 58% of trials, and three additional participants were excluded from analysis 

because of excessive head movement (> 3mm). Data analysis focused on the remaining 

27 participants (14 females; age: mean = 21.74 years, SD = 3.82 years). All participants 

provided informed consent and the study was approved by the institutional review board 

of the University of Texas at Austin. Participants were compensated $15/hour for their 

participation. All participants were right-handed, fluent English speakers, free from 

medications and neurological conditions that might influence the measurement of 

cerebral blood flow, and had normal or corrected-to-normal vision. 

BEHAVIORAL TASK 

Participants construed social feedback that included pictures and written 

descriptions of either inherently ambiguous, positive, or negative social feedback from 

other people while undergoing functional magnetic resonance imaging (fMRI) (see 

Figure 11). On each trial, after participants viewed the picture and written description (4 

seconds), they were then asked to respond to a question about the feedback from the 

person (or group) and given two answer options (4 seconds). One answer option reflected 

positive feedback from the person or group, and the other option always reflected 
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negative feedback. Participants indicated their choice by pressing a button that 

corresponded to one of the two answer options.  

 

 

Figure 11. Motivated Inherent Ambiguity Task 

Each trial consisted of a written description and photographic depiction of a social 
situation involving another person or a group of people (displayed for 4000 ms), after 
which a question about intention of the other party with two answer options appeared 
below the statement and picture (4000ms).  

The experiment consisted of 56 ambiguous feedback trials, 28 positive feedback 

trials, and 28 negative feedback trials. Trials were separated by fixation (crosshair) 

screens so that neural activation associated with the social cues could be independently 

modeled. Participants were instructed to clear their minds during fixation screens. 

Fixations were presented at a jittered time drawn randomly from a truncated exponential 

distribution (mean ITI= 3s, max=8s) (e.g., Mumford, Turner, Ashby, & Poldrack, 2012). 

The positive and negative construal options were counterbalanced for each side of the 

screen within each condition. The word length of the statements and questions were 

matched for ambiguous, positive, and negative feedback. Trials from ambiguous, 

positive, and negative conditions were counterbalanced and pseudorandomized across 

four runs of four minutes and 44 seconds each.  
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The stimuli were developed by the authors for the purpose of this experiment and 

categorized on the basis of responses from 117 judges (77 females; age: mean=18.84 

years, SD=1.14) drawn from the same subject pool used for the fMRI experiment. None 

of the judges took part in the fMRI experiment. Stimuli were categorized as ambiguous if 

judges were just as likely to select the positive answer option as the negative answer 

option. The ambiguous stimuli had an average rating of 0.54 (SD=0.12; negative 

responses were coded as a 0; positive responses coded as a 1; example item: “You notice 

someone watching you while you eat alone. Do they think you are confident or lonely?”), 

the positive stimuli had an average rating of .75 (SD=0.13; example item: “After debating 

one side of a topic for a class debate, a classmate who was on the other side of the debate 

says ‘great job’ as they are packing up to leave. Do they think you did a great job or are 

they being sarcastic?”), and the negative stimuli had an average rating of 0.27 (SD=0.13; 

example item: “From afar you see a group of acquaintances whispering quietly and 

clearly looking in your direction. Are they gossiping or saying positive remarks?”). 

FITTING THE DIFFUSION MODEL TO THE DATA. 

The diffusion model data analysis was again conducted with fast-dm (Voss & 

Voss, 2007) and followed the same modeling procedure as in Study 1a with the following 

differences. The upper threshold (a) corresponds to the positive construal of a social 

situation and the lower threshold (0) corresponds to the negative construal of a social 

situation. The starting point (z), drift rate (v), and non-decisional time (d) parameters 

were estimated for the three conditions (ambiguous, positive, negative), holding all other 

model parameters (a, t0, sz, sv, st0) constant. Model fits were again assessed using the 

Kolmogorov-Smirnov statistic.  
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BEHAVIORAL ANALYSIS  

 A repeated-measures ANOVA tested whether condition had a significant effect on 

the DDM parameter estimates of starting points, drift rates, and differences in non-

decisional time. Starting points closer to 1 indicate expectations that the intention of the 

other party is positive, and starting points closer to 0 indicate expectations that the 

intention of the other party is negative. Higher values of drift rate indicate more greatly 

facilitated evidence accumulation. Positive values of differences in non-decisional time 

indicate faster reaction times for responses corresponding to the upper threshold than 

responses corresponding to the lower threshold. 

FMRI DATA ACQUISITION AND PREPROCESSING  

 Imaging data was acquired on a 3T Skyra MRI scanner (Siemens) with a 32-

channel head coil. Functional data was collected using a T2* weighted echo-planar 

imaging sequence (TR = 2000 ms, TE = 30 ms, flip angle = 63°, FOV = 230, voxel size 

2.4 x 2.4x 2.4) and time-locked to initial trial onset. Fifty-six axial slices were positioned 

30° degrees off the anterior commissure-posterior commissure line to reduce frontal 

signal dropout (Deichmann, Gottfried, Hutton, & Turner, 2003). Slices were acquired 

using the multiband sequence (Moeller et al., 2010) (acceleration factor = 2, parallel 

imaging factor iPAT=2) in an interleaved fashion. Higher-order shimming was used to 

reduce susceptibility artifacts. A high-resolution full-brain image using a magnetization 

prepared rapid gradient echo (MPRAGE) pulse sequence (TR = 1900 ms, TI = 900 ms, 

TE = 2.43 ms, flip angle = 9°, FOV = 256) was acquired for image registration. 

Neuroimaging data was preprocessed and analyzed using the FSL software 

toolbox [Oxford Center for Functional Magnetic Resonance Imaging (FMRIB); (Smith et 

al., 2004)]. Raw imaging data was converted from DICOM format to NIFTI format. 

Functional images were motion corrected using MCFLIRT (Jenkinson, Bannister, Brady, 
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& Smith, 2002) and non-brain structures were stripped from functional and structural 

volumes using the Brain Extraction Tool (BET; Smith, 2002). Low frequency noise was 

removed using a high-pass filter of a Gaussian-weighted least-squares straight fit line 

with a cutoff of 100 s. Data was resampled to 2mm cubic resolution, and spatial 

smoothing was performed using a Gaussian Kernel with a full-width half-maximum of 

5mm. Data was first registered to the high-resolution T1-weighted structural image, 

which was then registered to the standard brain (MNI152 2mm template).  

FMRI DATA ANALYSIS 

For each participant and each run, a General Linear Model (GLM) was estimated 

in FSL’s FEAT (FMRI Expert Analysis Tool version 5.98) first-level analysis package 

with (a) three regressors (Ambiguous, Positive, Negative) convolved with a canonical 

double-gamma hemodynamic response function and temporal derivative and (b) 7 

regressors of non-interest to account for missed trials and the six directions of head 

movement. A general linear model analysis created contrast images of interest for each 

participant (Ambiguous>Positive). A second-level analysis (fixed-effects) was conducted 

to average the contrasts across the four runs for each participant. The averaged scans 

were entered into a group level random-effects analysis using FMRIB’s Local Analysis 

of Mixed Effects (FLAME; Smith et al., 2004).  

 Whole brain analyses investigated the neural regions associated with the starting 

points while controlling for drift rates and differences in non-decisional time that 

contribute to decoding ambiguous intentions (in comparison to decoding positive or 

negative intentions). Specifically, differences in starting points (ΔzAmbiguous-Positive = zAmbiguous 

– zPositive) were entered into a covariate analysis in the GLM for the contrasts of 

Ambiguous>Positive and individual changes in drift rate (ΔvAmbiguous-Positive) and differences 
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in non-decisional time (ΔdAmbiguous-Positive) were added as nuisance regressors. Analyses 

were thresholded at z>2.6, uncorrected, with a cluster extent of k >5.  

Study 4 Results 

BEHAVIORAL RESULTS 

A repeated-measures ANOVA tested whether condition had an effect on starting 

points, the absolute value of drift rates, and differences in non-decision time (d) that 

shape the construal of social feedback. There was a main effect of condition on starting 

points (F(2,52) =6.975, p < 0.05; Figure 12). Starting points in the ambiguous condition 

(Mean = .486, S.D. = .117) were significantly lower than starting points in the positive 

condition (Mean =.580, S.D. = .128; t(26)=.-2.874, Bonferroni-adjusted p = 0.024), but 

not significantly higher than starting points in the negative condition (Mean = .463, S.D. 

= .117; t(26)=.780, Bonferroni-adjusted p = ns). Starting points in the ambiguous 

condition were not significantly different from 0.5 (t(26)=-.626, p=0.537). There was no 

main effect of condition on rates of evidence accumulation (F(2,52)=.235, p = .791; 

Figure 12). Drift rates in the ambiguous condition (Mean = .636, S.D. = .438) were not 

different from drift rates in the positive condition (Mean = .671, S.D. = .437) or drift rates 

in the negative condition (Mean = .592, S.D. = .392). There was no main effect of 

condition on differences in non-decisional time (F(2,52)=0.094, p=0.911). Differences in 

non-decisional time for responses in the ambiguous condition (Mean = 0.007, S.D. = 

0.117) were not different from non-decisional time for responses in the positive condition 

(Mean = 0.005, S.D. = 0.117) or negative condition (Mean = -0.007, S.D. = 0.114). 

Table 5 shows the mean estimates of the parameters and fit of the drift-diffusion model. 
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Figure 12. Schematic representation of drift-diffusion model results for the influence of 
motivation on inherent ambiguity. 

Starting point parameters represent expectations that influence the decision process about 
the social cues. Starting points closer to the Positive construal boundary suggest a 
positive bias in expectations about the social cue. Starting points closer to the Negative 
construal boundary suggest a negative bias in expectation. Drift rates represent the 
average rate of evidence accumulation for each condition. Higher drift rates (steeper 
slopes) suggest facilitated information processing of social cues. 
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Table 5. Mean parameter estimates of the drift-diffusion model analysis for the influence 
of motivation on inherent ambiguity. 

 
Parameter Mean SD 

 Mean SD 
a 1.979 .336 
z   

Positive .580 .129 
Ambiguous .486 .117 

Negative .483 .117 
v   

Positive .671 .437 
Ambiguous .636 .438 

Negative .592 .392 
d   

Positive .007 .117 
Ambiguous .005 .117 

Negative -.007 .114 
t0 1.265 .370 
sz .211 .119 
sv .567 .228 
st0 .682 .320 
Fit .851 .158 
 

Model fit as assessed by the KS statistic indicated that the diffusion model 

adequately accounted for the empirical data. The mean probability value of the KS 

statistic comparing the empirical distribution with the predicted distribution was 

computed for each model. Small probability values (e.g., p<0.05) for the KS statistic 

indicate significant deviations between the empirical and predicted distributions, 

suggesting that the diffusion model is unable to account for the empirical data. The KS 

statistic indicated that the model adequately fit the empirical data (mean p=.851, 

SD=.158). No significant deviations (p < 0.05) of the predicted values from the empirical 

values were found for any participants for either model. 
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FMRI Results 

Left and Right ventromedial prefrontal cortex (VMPFC) activity is associated with 

relatively positive expectations about inherently ambiguous social feedback.  

The extent to which starting points for construing inherently ambiguous social 

feedback were relatively positive was associated with increased activation in right 

VMPFC (Figure 13A) and left VMFPC (Figure 13B) (in comparison to starting points for 

positive social feedback: see Table 6). No evidence was found for a relationship between 

amygdala activity and starting points for construing inherently ambiguous social 

feedback. 

Table 6. Neural regions associated with using relatively positive starting points to 
construe ambiguous social feedback.  

Region of Activation  
(Left/Right) 

Cluster 
Size 

Brodmann 
Area 

MNI Coordinates 
z-value 

x y z 

       
VMPFC (L) 32 11 -18 50 -2 3.65 

       
VMPFC (R) 7 11 18 44 -16 2.81 

       
VMPFC=ventromedial prefrontal cortex 
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Figure 13. Neural regions associated with using relatively positive starting points to 
construe ambiguous social feedback.  

 
(A) Right VMPFC (BA 11; 18, 44, -16) activity is positively related to the extent to 
which starting points for construing ambiguous social feedback are relatively positive. 
(B) Left VMPFC (BA 11; -18, 50, -2) activity is positively related to the extent to which 
starting points for construing ambiguous social feedback are relatively positive. 

Study 4 Discussion 

Study 4 indicates that the motivation to be seen in a positive light does affect 

expectations that influence the construal of positive and negative social feedback, but it 

does not skew expectations for ambiguous feedback. Furthermore, no significant 
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differences were found between rates of evidence accumulation for ambiguous, negative, 

and positive social feedback, suggesting that preferential evidence accumulation also 

does not play a strong role in the construal of ambiguous social feedback. Starting points 

for ambiguous social feedback were significantly lower than starting points for positive 

social feedback, but were not significantly different from starting points for negative 

social feedback. In addition, starting points for both ambiguous and negative social 

feedback were not significantly different from 0.5, whereas starting points for positive 

social feedback were significantly more positive than 0.5. Thus even in a negative 

situation people do not have negative expectations, and instead have more positive 

expectations than warranted by the situation. Taken together, these results suggest that 

the motivation to be seen in a positive light, although evident in the construal of negative 

social feedback, may not influence construals of ambiguous social feedback through 

expectations or preferential evidence accumulation. 

 However, consistent with our hypothesis, when positively-biased expectations in 

the ambiguous feedback condition were considered, they showed a significant relation to 

VMPFC activity. Specifically, VMPFC, a region that supports motivated self- and other-

evaluations (e.g., Flagan & Beer, 2013; Hughes & Beer, 2013), was positively correlated 

with individual differences in expectations used to construe inherently ambiguous social 

feedback. To the extent expectations about ambiguous social feedback were positively 

biased, the more VMPFC activated. Therefore, while the sample did not show positivity 

bias on average for motivated construals of inherently ambiguous social feedback, Study 

4 does provide evidence that individual differences in positively-biased expectations of 

inherently ambiguous social feedback predict neural activation differences in the 

VMPFC.  
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 In summary, the current study used a model-based approach to move beyond self-

report in the examination of cognitive processes that underlie the motivated construal of 

ambiguous social feedback. Study 4 results suggest that, on average, the motivation to be 

seen in a positive light did not influence the evaluation of inherently ambiguous social 

feedback through motivation-congruent expectations or preferential evidence 

accumulation, but that it did influence the construal of negative social feedback through 

motivated expectations. Furthermore, individual differences in positively-biased 

expectations for ambiguous feedback were associated with increased VMPFC activation.  
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GENERAL DISCUSSION 

 The five studies reported in this dissertation found that mood and motivation 

direct reasoning about ambiguous events through mood-congruent and motivation-

congruent expectations, more so than through preferential evidence accumulation. 

Previous research had theorized about the underlying mechanisms, but their approaches 

faced methodological limitations that made it difficult to assess and tease apart the 

contributions of the underlying mechanisms. The five studies presented here moved 

beyond self-report and reaction time measures by utilizing a drift-diffusion modeling 

approach to examine the role of two mechanisms theorized to support the effects of mood 

and motivation on the construal of ambiguity. Results are summarized in Figure 14. This 

dissertation also aimed to provide convergent evidence for the role of expectations by 

combining fMRI and DDM to examine whether activity in neural regions known to be 

involved in mood-congruent and motivated construals of ambiguity was associated with 

the starting points of the decision process. We found some support for an association 

between VMPFC activity and the starting points that are used to construe ambiguity 

(Study 4). Taken together, the new approach suggests that expectations support mood-

congruent and motivated construals of ambiguity and has implications for a number of 

future research programs. For example, these findings raise possible avenues for 

developing interventions aimed at curtailing the negative effects of motivated reasoning 

about the self and further exploring the role of preferential evidence accumulation in 

directed reasoning. Additionally, the present research also offers a potentially useful 

paradigm for understanding the neural underpinnings of both expectations and evidence 

accumulation, as well as a fruitful approach that can extend our understanding of the 

neural basis of other motivations that influence ambiguity construal. The present findings 
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have implications for thinking about motivated reasoning across levels of ambiguity and 

whether preferential evidence accumulation is as strong of a process in mood-congruence 

as previously thought.  
 

 

 

Figure 14. Summary of mechanisms underlying mood-congruent and motivated 
construals of ambiguity.   

 

Implications of the role of expectations in mood-congruent and 
motivated reasoning. 

The studies reported here set the stage for thinking about motivated reasoning in 

at least three new ways. First, the role of expectations in motivated construal of 

ambiguous information may depend of the type of ambiguity under consideration. 

Second, the present findings may help to understand why motivated reasoning takes place 
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under both ambiguous and unambiguous circumstances. Third, the results also highlight 

some potential avenues toward intervening during situations when motivated reasoning 

may not be optimal or may have negative consequences.  

Expectations play a role in the motivated construal of conflicting but not inherent 

ambiguity? The results from Study 3 and Study 4 may shed light into how the type of 

ambiguity may shape the processes that underlie motivated construal of ambiguity. In 

Study 3, the motivation to see others in a particular light influenced the construal of 

ambiguities that contained equal amounts of positive and negative evidence through 

motivated expectations and preferential accumulation of evidence. However, when an 

ambiguity was open to more than one interpretation, neither expectations nor preferential 

evidence accumulation played a role.  Thus, the underlying mechanisms by which 

motivation influences the construal of ambiguity may depend on the kind of information 

being evaluated.  

 A mechanism for directed reasoning in non-ambiguous situations? The focus of 

these set of studies has been on motivated and mood-congruent reasoning in ambiguous 

situations, but it has been widely established that these processes can also operate in non-

ambiguous situations.  As an extreme example, there are individuals who do not believe 

that the United States’ Apollo 11 landed on the moon in July 1969. Despite unambiguous 

evidence that the moon landing did occur (e.g., video footage, photographs, interviews, 

etc.), some people motivated by mistrust of the government do not believe that the moon 

landing took place. Directed reasoning such as motivated or mood-congruent reasoning 

about unambiguous events does not only occur in extreme instances of conspiracy 

theorists. For example, people believe that they performed better on a task than their 

actual performance suggests (Moore & Small, 2007). The present findings raise the 

possibility that motivated reasoning occurs in unambiguous situations through a priori 
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expectations. Specifically, it could be that when motivations or moods are activated, 

people solely use their expectations to form an evaluation of the event without taking into 

account the evidence at hand. Thus, when motivated by a mistrust of the government, 

someone may come to the situation where they are watching the moon landing with the 

expectation that the government is behind it, and thus they do not evaluate the 

unambiguous video footage, and instead form the conclusion that the moon landing was 

faked by the government. As such, motivation can influence reasoning about both 

ambiguous and non-ambiguous situations through motivated expectations. Future 

research could test the role of expectations in both ambiguous and non-ambiguous 

situations to fully explore the extent to which expectations influence how we reason 

about ambiguous and non-ambiguous events. 

 A means of limiting the negative consequences of directed reasoning? Decades of 

research have shown that motivated reasoning about the self has positive benefits in the 

short term, but negative consequences in the long term (Robins & Beer, 2001). The 

present research suggests a fruitful avenue for interventions aimed at limiting negative 

consequences. For example, motivated reasoning about the self increases positive affect 

in the short term (Robins & Beer, 2001; Taylor & Brown, 1998) but results in decreased 

self-esteem and well-being over time (Robins & Beer, 2007). Motivated reasoning about 

the self can also result in increased liking by others after a brief interaction but dislike 

tends to grow and overcome initial impressions in the long term (Paulhus, 1998). As 

these examples show, motivated reasoning about the self is a double-edged sword: it has 

positive outcomes in the short term, but can have negative and devastating consequences 

in the long term. The present research suggests that interventions aimed at curtailing the 

negative consequences of motivated reasoning about the self should target the 

expectations that are brought to bear on evaluations rather than preferential evidence 



 79 

accumulation processes. Specifically, interventions aimed at changing expectations could 

prove beneficial in reducing the extent to which motivated reasoning is engaged in, and 

thus reduce its negative consequences.  Future research could investigate interventions 

that focus on how prior information or experiences are processed, evaluated, and used to 

inform judgments, which may prove more beneficial than interventions focused changing 

how information is processed in the moment.   
 

Implications of the role of evidence accumulation in mood-congruent 
and motivated reasoning. 

The present results did not find the predicted role of preferential evidence 

accumulation in mood congruence, but did find an unpredicted role of evidence 

accumulation in motivated reasoning. The lack of difference in rates of evidence 

accumulation for mood-congruent responses warrants further understanding of the extent 

to which preferential evidence accumulation plays a role in mood-congruence. The 

findings also highlight the potential of future research aimed at exploring the role of 

evidence accumulation in other motivations.  

 Further investigation of the role of preferential evidence accumulation in mood-

congruent and motivated processing of positivity is warranted. The current findings raise 

the possibility that, despite existing theory on mood-congruent reasoning, preferential 

evidence accumulation does not play a strong role. At least in the case of ambiguity, 

mood-congruent effects may more strongly be explained by expectations, rather than 

rates of evidence accumulation. The results suggest that past considerations of mood-

congruence that emphasize the role of evidence accumulation as the underlying 

mechanism should be recast to instead emphasize the role of expectations in mood-

congruent effects.  
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However, it is possible that the lack of preferential evidence accumulation 

differences in the mood-congruence studies may just be an artifact of the stimuli used.  

The one study (Study 3) which found drift rate differences (i.e., preferential evidence 

accumulation) utilized stimuli that was much more dynamic than all of the other studies  

(i.e.,videos of potential job candidates vs still photographs). It may be the case that when 

making a competency judgment of potential job candidates based on dynamic ambiguous 

information, people rely on the accumulation of internal evidence formed from that 

complex, dynamic information. Thus, the complex stimuli may have introduced internal 

evidence as an additional source of drift rate, which may have led to drift rate differences 

in Study 3, but not the other studies. To better understand whether preferential evidence 

accumulation is a strong process that underlies mood-directed reasoning, future research 

would benefit from using more complex stimuli, rather than fast presentations of static 

stimuli, in their studies.  

A new approach for understanding expectations and preferential evidence 

accumulation in other domains of motivation. Future research should also aim to explore 

how expectations and evidence accumulation support reasoning driven by other 

motivations as their reliance on these processes may differ. The present dissertation 

focused on the motivation to see the self and attractive individuals in a positive light. Do 

other motivations show similar or different underlying mechanisms? For example, when 

reasoning is driven by the motivation to be accurate, people are more likely to attend to 

the evidence at hand, and process it more deeply (Kunda, 1990), which would be 

reflected by the drift rate parameter, rather than the starting point parameter, of the DDM. 

Future research could utilize DDM to explore the underlying mechanisms through which 

other motivations direct reasoning. Such an approach would shed light on how these 

mechanisms may differ for different types of motivation.  
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Implications of a drift-diffusion model approach for understanding the 
neural underpinnings of motivated reasoning. 

Study 4 found that VMPFC supported individual differences in expectations that 

contribute to the construal of ambiguous social feedback, but the present results warrant a 

further understanding of how the brain supports the psychological mechanisms that 

contribute to mood-congruent and motivated reasoning about ambiguous events. We 

suggest a fruitful paradigm for exploring this question and highlight the usefulness of the 

current approach to better understand the neural networks underlying other motivations 

that influence the construal of ambiguity.  

The current research has highlighted a fruitful paradigm for future research aimed 

at detecting relationships between neural activity and the psychological mechanisms of 

expectation and preferential evidence accumulation. For example, the paradigm used in 

Study 3 would be a good candidate paradigm for use in the fMRI environment.  Study 3 

found a role for both expectations and preferential evidence accumulation in the effect of 

the motivation to see attractive others in a positive light on construals of conflicting 

ambiguity. By using this paradigm with fMRI and DDM, we can aim to understand how 

the brain supports both the expectations and preferential evidence accumulation that lead 

to more positive construals of ambiguous information for attractive, compared to less 

attractive, job candidates. This paradigm would allow us to explore how our brains help 

us reason about ambiguous events so that we can reach conclusions that are consistent 

with our current goals.  

The present approach sheds light on the psychological and neural mechanisms 

that support motivated evaluations of people we tend think favorably of and like (i.e., 

ourselves, attractive others). The current approach to exploring relationships between 

neural activity and the psychological mechanisms of expectations and preferential 
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evidence accumulation could be implemented in other types of motivations, such as those 

related to people we do not like. For example, prejudice-related motivations have been 

shown to influence the construal of ambiguity. People who are highly prejudiced are 

more likely to construe an inherently racially ambiguous face (Black or White) with an 

angry expression as Black, compared to individuals low in prejudice (Hugenberg & 

Bodenhausen, 2004; Hutchins & Haddock, 2008). In addition, the neural networks of 

prejudice are well understood.  Specifically, the neural networks underlying prejudice 

involve the amygdala, insula, striatum, and orbitofrontal and ventromedial frontal 

cortices (Amodio, 2014). However, the precise functions supported by these regions are 

not well understood. The present approach of combining DDM and fMRI could be used 

to explore whether these regions known to be involved in prejudice support expectations 

or preferential evidence accumulation that lead to prejudiced evaluations of ambiguous 

information. Such an approach would shed light on the mechanisms by which 

motivations related to prejudice influence the construal of ambiguous information, and 

whether these processes are supported by the core neural network that underlies 

prejudice.  

Alternate Considerations 

Could alternate processes explain the effects in the current study? One possibility 

is that the effects found here could be the result of fluency, not mood-congruent and 

motivated reasoning. A second possibility is that the present results are measurements of 

priming in general, not the effects of mood and motivation specifically. Both alternate 

considerations are discussed below and we suggest that the fluency consideration does 

not provide a strong explanation for the current effects. However, it is possible that we 

have uncovered a mechanism through which priming works across many domains. 
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Fluency. One alternative explanation is that the effects found in the present 

research are really just the effects of fluency—the speed and ease with which a cognitive 

element is processed (Winkielman, Schwarz, Fazendeiro, & Reber, 2003). Specifically, 

mood and motivation may simply increase the fluency, or ease at which the perceptual 

and conceptual operations are performed on an ambiguous stimulus. Consistency or 

congruency, the match between cognitive elements, creates fluency (Winkielman, Huber, 

Kavanagh, & Schwarz, 2012). For example, if there is a match between mood and a 

subsequently presented stimulus, then that stimulus is likely to be processed more 

fluently. However, fluency suggests that preferential evidence accumulation would be the 

driving force of motivated and mood-congruent reasoning. Yet, the current studies found 

very little support for a role of preferential evidence accumulation. Thus, although 

congruency can lead to fluency, a lack of drift rate findings in four of the five studies 

presented here suggests that fluency is not likely to have played a main role in the present 

results.  

Priming in General. One possibility is that the current studies examined the 

processes that may underlie any kind of priming and are not unique to mood-congruent or 

motivated processing.  The studies in which we found expectation differences (Studies 

1a-3) did contain priming in various forms: angry and happy facial expressions, negative 

and neutral words flashed on the computer screen, and photographs of average 

attractiveness and low attractiveness job candidates. The only study that did not find a 

role for expectations for the motivated construal of ambiguity was the study that did not 

use primes (Study 4). The use of primes in the present research that found expectation 

differences raises the question of whether the processes examined underlie priming in 

general. For example, although we considered the halo effect of attractiveness to be a 

motivated process because of recent work showing that a desire to bond with attractive 
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individuals is what drives more positive evaluations of higher attractiveness targets 

(Lemay, Clark, & Greenberg, 2010), the tendency to evaluate highly attractive 

individuals more positively has traditionally been thought to be the result of learned 

associations or stereotypes (Eagly et al., 1991). As this example shows, the presentation 

of photographs of attractive and unattractive job candidates could act as a prime of that 

learned association which then influences expectations rather than motivation itself. 

Thus, the expectation differences found in Studies 1a-3 may underlie any kind of 

priming. Future research that examines mood-congruent and motivated processing in the 

absence of priming could help to elucidate whether the effects in Studies 1a-3 underlie 

general priming, or are unique to mood and motivational influences on the construal of 

ambiguity. If expectation effects go away in the absence of primes, the present effects 

may be attributable to priming in general whether the priming draws on mood-congruent, 

motivated processing or other relevant constructs. If the present findings do underlie any 

kind of priming, the results shed light onto the mechanisms of priming, which are poorly 

understood.  Specifically, the results suggest that general priming works by shifting 

expectations toward the content of the prime, but that the role evidence accumulation in 

general priming is not as consistent. 

Conclusions 

There are many top-down influences that can affect the way we construe our 

social worlds. For example, reasoning about a social situation can be directed by our 

mood or by certain goals we wish to achieve in ways that lead to mood-congruent and 

motivated construals of ambiguity (Blanchette & Richards, 2010; Pauker, Rule, & 

Ambady, 2010). Previous research has theorized about the mechanisms underlying mood-

congruent and motivated construals of ambiguity, but has utilized self-report and reaction 
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time measures which conflate the underlying mechanisms. The present dissertation 

moved beyond self-report and utilized a computational modeling approach to explore the 

role of expectations and preferential evidence accumulation in the effects of mood and 

motivation on the construal of ambiguity.  Expectations supported mood-congruent and 

motivated construals of ambiguity. Preferential evidence accumulation, on the other 

hand, was found only to be associated with motivated construals of conflicting 

information. We also found evidence that VMPFC supports motivated expectations about 

ambiguous events. The results advance our understanding of the mechanisms underlying 

mood-congruent and motivated reasoning about ambiguity, and highlight fruitful 

approaches for future explorations of directed reasoning about ambiguity. As the present 

research demonstrates, utilization of model-based approaches may advance our 

understanding of the mechanisms underlying directed reasoning about ambiguous events, 

and how these processes are supported at the neural level. 
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