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Abstract

This dissertation examined (1) the influence of affective states on consumers’
selective attention to different types of ads that are categorized based on theoretically-
derived attention-inducing characteristics; and (2) the influence of affective states on
consumers’ ad processing style and evaluation of the ads that received attention. A
computational research approach was used cross-analyzing proxy measures of real-time
affective fluctuation of TV viewers during the 2018 and 2019 Super Bowl broadcast and
their tweets regarding the ads aired during the Super Bowl broadcast.

The results demonstrated some supports for the linkage between consumers’
temporary affective states, induced by the performance of the team they cheer for, and
their selective attention to different types of ads even when they are exposed to the same
set of ads during commercial breaks. Consistent with Mood Management Theory and
prior psychology research evidence connecting affective states to visual attention,
consumers in a negative affective state tend to pay more attention to positive ads and ads
with emotional appeals than do those in a positive affective state. Furthermore,
consumers in a positive affective state tend to pay more attention to exciting ads,
compared to those in a negative affective state. However, this study’s data did not show
significant relationship between consumers’ affective state and their selective attention to
ads with different semantic affinity levels, nor any significant effects of affective state on
ad processing style or evaluation of ads.

The study contributes to advancing the ad attention and mood management
research by testing the largely untested effects of consumers’ temporary affective states

on selective attention and reactions to ads. The computational research approach



developed in this study also offers significant methodological contributions to advertising
scholarship, opening new avenue of research to apply the computational research
approach to advertising theory building, especially theory regarding the role of
consumers’ affective factors. Additionally, this study provides useful practical
implications for ad targeting and ad placement strategies based on consumers’ temporary
affective states. This study’s findings suggest a new promising way to target consumers
and personalize ads based on individual consumers’ real-time, temporary affective states

that can be captured by appropriate proxy measure data.
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CHAPTER 1
INTRODUCTION

“The wealth of information means a dearth of something else: a scarcity of

whatever it is that information consumes. What information consumes is rather

obvious: it consumes the attention of its recipients. Hence a wealth of information

creates a poverty of attention.”—Herbert A. Simon (1971, p. 40).

Attention is becoming scarcer and more easily distracted. The proliferation of
emerging forms of advertising and dissemination platforms has contributed to the over-
abundance of ads or marketing communication in general. Besides such increasing ad
clutter, with the advancement of digital media technologies, consumers are also
increasingly empowered in controlling their media experience and related advertising
experience (Duff and Lutchyn 2017). In the ongoing attentional tug of war between
advertisers and consumers, consumers are more experienced in engaging in new ways to
reduce their exposure to ads: from the prevalent behavior of media multitasking and
multiscreening (Segijn, Voorveld, and Smit 2016) to the rising trend of using ad blocking
software. Consequently, the difficulty and cost of capturing consumers’ attention has
been increasing (Teixeira 2015). Facing such daunting challenges of winning consumer
attention by cutting through increasing ad clutter, understanding what drives consumers’
selective attention to and processing of ads becomes more critical than ever for
advertising researchers and practitioners.

Although gaining attention does not necessarily translate to desirable persuasion
outcomes, lack of attention is likely to preclude the happening of downstream persuasion
outcomes. In light of this, a great deal of advertising research has been dedicated to

elucidate the influencing factors of consumers’ attention to ads. Advertising scholars

have identified four types of factors influencing consumers’ attention to ads: (1)



consumer demographics (e.g., Heeter and Greenberg 1985), (2) ad content factors (e.g.,
Heath, Nairn, and Bottomley 2009); (3) orienting-eliciting structural features of ad media
(e.g., Lang 2000); and (4) consumers’ cognitive and affective factors (e.g., Baek and
Morimoto 2012). While the previous research has yielded important insights, the
influence of consumers’ temporary affective state factors—rather than affective reactions
to an ad—has received relatively limited research attention. Consumers’ affects ebb and
flow over the course of a day, and consumers are likely to be exposed to ads in the
presence of some types of affective state. Nonetheless, how their affective states prior to
or right at the point of ad exposure influence their attention to and consequent processing
and evaluation of ads remains underexamined. Especially, compared to research on the
influence of consumers’ cognitive factors, theoretically-grounded research examining the
effects of consumers’ temporary affective states on selective attention to and processing
of ads is seriously lacking.

One of the likely reasons for the lack of systematic inquiry into the influence of
temporary affective states on consumers’ attention to ads and downstream processing
might be the methodological limitations in manipulating/measuring the real-time
affective fluctuation and testing the effects of fluctuating affective states on selective
attention. To address this under-investigated issue and to extend the research on attention
to ads, this study examines two important questions about the influence of consumers’
affective state factors on attention to and processing of ads: (1) Do consumers in different
affective states notice or pay attention to different types of ads? (2) Do consumers in

different affective states, in turn, process the ads that they notice differently?



While affect is an important concept that has been widely researched in the
psychology, marketing, and advertising fields, most of the empirical research has
typically focused on its influence on later stages of information processing, such as
memory, judgement and behaviors (e.g., Bower 1981; Bower and Forgas 2000; Gasper
and Clore 2002; Schwarz and Clore 1983), without clear and consistent predictions on its
influence on earlier stages regarding perception and attention. Systematic research and
theory building on how temporary affective states at the moment of ad exposure
influence consumers’ selective attention to ads will be a novel extension of the growing
advertising scholarship on the role of affects.

1. Research Purpose and Focus

Given the lack of systematic empirical research on the influence of consumers’
affective states on attention to and processing of ads, this study aims to examine: (1) the
influence of affective states on consumers’ selective attention to different types of ads
that are categorized based on theoretically-derived attention-inducing characteristics; and
(2) the influence of affective states on consumers’ ad processing style and evaluation of
the ads that received attention.

To explain the potential influence of affective states on consumers’ selective
attention to ads, this study’s hypotheses are built on the mood management theory as the
main theoretical framework. For the downstream effects of affective states on processing
and evaluation of ads, this study relies on relevant research in the psychology and
marketing fields on the influence of affects on consumers’ information processing styles

and evaluation of objects in general.



Methodologically, this study takes a computational research approach analyzing
social media data. While the traditional experimental methods do not allow adequate
manipulation or measurement of real-time affective fluctuation and testing its effects on
selective attention to stimuli, the availability and expansion of social media data in recent
years are opening new possibilities that would allow researchers to examine fluctuating
affective states of individuals and their influence on consumer responses to ads in a
natural setting.

With the increasing digitization of social life in social media, a gigantic amount of
data on individuals are being accumulated, providing an important window into the
thoughts, emotions and behaviors of individuals (Kosinski, Stillwell, and Graepel 2013;
Lazer and Radford 2017; Zhang et al. 2019). In addition, social media is noted for
tracking individual or collective “real-time reactions to media, political, environmental,
and social events” (Shah, Cappella, and Neuman 2015, p. 9). Harnessing the potential of
the social media data, this dissertation adopts an innovative computational research
approach that cross-analyzes proxy measures of real-time affective fluctuation of TV
viewers during 2018 and 2019 Super Bowl broadcast viewing and their tweets regarding
the ads aired during the Super Bowl broadcast. The Super Bowl broadcast and included
ads are selected as the context of this study’s empirical work due to the fact that the
Super Bowl game is a high-profile media event as well as an advertising event, where the
nationwide mass audience watch the live broadcast, are simultaneously exposed to the
same set of nationally-televised commercials across the country, and tend to engage in

social media conversations about the ads.



2. Dissertation Chapters and Organization

This dissertation is divided into six chapters. Following the current introductory
chapter, Chapter 2 provides a review of literature on the conceptual definitions and
operationalization of attention, and prior research on influencing factors of attention to
ads. Next, the conceptualizations of affect and prior manipulation and measurement
approaches are reviewed, followed by a review of the extant empirical research on the
link between affect and attention. Afterwards, the main theoretical framework of mood
management theory is discussed and relevant empirical research is reviewed. Then, the
research literature on the influence of affect on information processing and evaluation is
reviewed. The theory and research reviewed in Chapter 2 serve as a foundation for the
hypotheses development in the next chapter.

Chapter 3 delineates the hypotheses of this study with theoretical and empirical
justifications based on the key insights gained from the literature review. Chapter 4
presents the methodological details of the computational research approach and data
collection and computation procedures, which is followed by Chapter 5 that discusses the
results of the data analysis. The final chapter (Chapter 6) presents an overview of the
research findings and discusses the theoretical and practical implications, as well as

limitations and directions for future research.



CHAPTER 2
LITERATURE REVIEW

The literature review chapter is composed of four sections: (1) attention to ads
and influencing factors; (2) the influence of affect on attention; (3) Mood Management
Theory explaining the influence of affect on consumers’ selective attention to ads; and
(4) the influence of affect on ad processing and evaluation.

1. Research on Attention to Ads and Influencing Factors

Conceptualization of Attention

Attention, as fundamental human psychological processes that influence
consequent perception, memory and action, has long attracted scholarly attention from
the fields of neuroscience, psychology, mass communication and advertising. Despite a
limited processing capacity, consumers are bombarded with a plethora of simultaneous
competing stimuli in the environment at any given moment (Kastner and Ungerleider
2000; Vuilleumier, Armony, and Dolan 2003). Determining the preferential processing of
environmental stimuli (i.e., selecting certain stimuli over other stimuli for further
processing) is, thus, critical for consumers’ ad processing and decision-making (Schupp
et al. 2007; Shaw and Bagozzi 2018).

Attention has been broadly conceptualized as the behavioral and cognitive process
of selectively concentrating on specific stimuli, or certain discrete aspects of stimuli,
while ignoring others (Johnson and Proctor 2004; Shaw and Bagozzi 2018) and is
considered limited and selective (e.g., Basil 1994). While attention has been defined and
measured in various ways, one key distinction has been drawn in terms of attentional

mechanism: bottom-up (or involuntary) attention and top-down (or voluntary) attention



(Kastner and Ungerleider 2000). Top-down attention occurs when consumers’ visual
attention is voluntarily directed toward stimuli. This selective attention process is driven
by consumers’ endogenous factors, namely internal goals and motivations (e.g., finding a
book), knowledge, or expectations (Connor, Egeth, and Yantis 2004; Corbetta and
Shulman 2002; Schupp et al. 2007; Vuilleumier 2005). On the contrary, bottom-up,
stimulus-driven attention occurs when consumers’ visual attention is attracted by
exogenous factors in the environment, namely sudden changes and sensory salience or
distinctiveness of external inputs such as loudness, brightness, and pop-out (e.g., Pieters
and Wedel 2004; Schupp et al. 2007; Smit, Neijens, and Heath 2013; Vuilleumier 2005).
Novel or unfamiliar stimuli tend to elicit an orienting response in consumers, which
consists of both mild physiological arousal and physical orienting of receptors toward the
stimuli (Greenwald and Leavitt 1984; Lang 2006). Orienting responses can also occur
when consumers are exposed to familiar stimuli that are specially significant to them,
such as one’s own name or photograph, or cues that predict the happening of affectively
significant incidents, or primary motivational stimuli that are related to survival—sex,
food and danger (Greenwald and Leavitt 1984; Lang 2006).

Whereas bottom-up attention is unconsciously driven or automatic, top-down
attention is conscious and emphasizing or prioritizing information that is relevant to a
consumer’s current goal or expectation (Schupp et al. 2007; Shaw and Bagozzi 2018). It
is noteworthy that current psychological research evidence substantiates the idea that the
abovementioned two types of attentional processes usually work together in everyday
life. In other words, visual attention in daily life is modulated by both top-down,

cognitive factors (e.g., current goals and expectation) and bottom-up, sensory factors



(Connor, Egeth, and Yantis 2004; Corbetta and Shulman 2002). This dynamic interaction
between the two attentional processes is considered central to current theories of visual
attention (Corbetta and Shulman 2002).

Attention can also differ in terms of being sustained (or held) or switching (or
divided), given the increasingly prevalent behavior of multitasking and multiscreening
(Segijn, Voorveld, and Smit 2016). Research on multiscreening has looked at how
consumers’ attention is distributed across media (e.g., Segijn, Voorveld, Vandeberg, and
Smit 2017). For example, Segijn and colleagues (2017) examined consumers’ attention
allocation during multiscreening, particularly the number of switches between screens,
gaze durations (i.e., the duration of a single gaze on specific medium) and total viewing
time per screen (i.e., the summed viewing duration of all fixations on a screen).

In addition to the abovementioned categorizations of the attention
conceptualization, there are also levels of attention driven by different levels of
involvement (Greenwald and Leavitt 1984). Four levels of attention (ordered from low to
high) have been identified by Greenwald and Leavitt (1984): preattention (or inattention),
focal attention, comprehension, and elaboration. While lower levels of attention require
relatively little attentional capacity, the higher levels use greater capacity, leading up to
increasingly durable cognitive and attitudinal effects of stimuli (Greenwald and Leavitt
1984).

Operationalization and Measurements of Attention

Given the multidisciplinary nature of attention, a broad array of methods have
been used to measure attention, which can be largely categorized into four approaches

(see Table 1 for a summary of attention measures used in the extant research): 1) direct



and subjective measures of attention through consumers’ self-report (i.e., asking

consumers to report their attention retrospectively), 2) direct and objective measures of

attention through human or machine observation, 3) indirect and subjective measures of

attention through self-reported recall and recognition questions, and 4) indirect and

objective measures of attention through behaviors indicative of attention, such as click-

through behavior.

Table 1

Measures of attention used in the extant research

Direct

Indirect

I. Global self-report
(e.g., Duff and Sar 2015; Jeong and
Hwang 2012; Laczniak, Muehling, and

III. Self-reported recall
with or without aid or
recognition (Lang 2000;

neuroscientific techniques, including
neuroimagery techniques such as
functional magnetic resonance imaging
(fMRI), PET (e.g, Vuilleumier 2005) and
EEG (Reeves et al. 1985).

4. Machine observation measuring
psychophysiological measures, including
heart rate (e.g., Lang 1990; Reeves et al.
2009; Wise 2017) and skin conductance
(Bailey 2017; Potter 2009; Potter and
Bolls 2012).

Subjective Grossbart 1989; Moorman et al. 2012; Norman, Brooks, and

Segijn et al. 2017; Voorveld 2011) Allen 1989; Wang et al.
2012).

II. Direct objective observation IV. Consumer behaviors
1.Human observation indicative of attention
(Anderson et al. 1996; Krugman, (e.g., click-through
Cameron, and White 1995); behavior) (Bragge,
2. Machine observation using an eye- Sunikka, and Kallio 2013;
tracker (e.g., Bang and Wojdynski 2016; | Tam and Ho 2005; 2006).
Boerman, Reijmersdal, and Neijens 2015;
Malheiros et al. 2012; Picters and Wedel
2004; Rayner 1998; Wang et al. 2012;
Wickens and McCarley 2008).

Objective 3. Machine observation using
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First, the most straightforward way of measuring attention commonly used in
prior research is global self-report, i.e., directly asking participants to assess and report
their level of attention to stimuli post hoc (e.g., Duff and Sar 2015; Jeong and Hwang
2012; Laczniak, Muehling, and Grossbart 1989; Moorman et al. 2012; Segijn et al. 2017;
Voorveld 2011). A typical question assessing global self-reported attention is: How much
attention did you pay to the stimulus? For example, in their study to examine the effects
of program-induced involvement on attention and recall of ads embedded in TV program,
Moorman and colleagues (2012) asked participants to indicate how much attention they
had paid to commercials on a five-point scale (1 = not at all; 5 = very much). The key
challenge of this measurement approach is potential inaccuracy in consumers’ assessment
of prior attentional experience, given that levels of attention vary rapidly and consumers
do not actively monitor what they are paying attention to (Heath, Nairn, and Bottomley
2009).

Second, another direct, yet objective way of measuring attention is through
human observation or machine observation. Given that the largest portion of incoming
environmental information is visual, visual processing is dominant among the human
senses such that it biases attention (Kaas 2008; Koch 2004). Consequently, the amount of
time a consumer’s eyes are oriented to the screen, often termed “eyes-on-screen times”, is
a commonly used indicator of visual attention (Anderson et al. 1996; Krugman, Cameron
and White 1995). In studies using this measurement approach, participants were either
observed in a laboratory setting or at home during television viewing periods. For
example, Krugman and colleagues (1995) used in-home observations to examine

consumers’ eyes-on-screen times for both television program and commercial viewing.
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In addition to the human observation method, more advanced technologies from
the psychology and neuroscience fields have been used to capture and record real-time
visual attention. One such technology used in existing research is an eye-tracker, which
tracks an individual’s eye movements. Given that an eye movement occurs in conjunction
with an individual’s shift in his/her visual attention (Shepherd et al. 1986), fixations,
which refer to “eye movement that stabilizes the retina over a stationary object of
interest”, indicate “voluntary, overt visual attention” (Duchowski 2007, p. 46-47). For
example, in Bang and Wojdynski’s (2016) study to examine the effects of personalization
in banner advertising on visual attention to the ad, they measured absolute visual
attention (the total fixation durations), time to first fixation on the ad, and frequency of
fixations.

Furthermore, attention can also be indicated by neural signature (Schupp et al.
2007), which is measured using neuroscientific techniques, including neuroimagery
techniques such as functional magnetic resonance imaging (fMRI), PET (e.g, Vuilleumier
2005) and EEG (Reeves et al. 1985), and psychophysiological measures, including heart
rate (e.g., Lang 1990; Reeves et al. 2009; Wise 2017) and skin conductance (Bailey 2017;
Potter 2009; Potter and Bolls 2012). Prior research suggests that psychological arousal,
measured commonly by heart rate and skin conductance, is a good indicator of the
amount of cognitive resource allocation to encoding, storage and retrieval of information
(Lang 2006).

Third, given prior evidence on the effects of attention on memory and recall (e.g.,
Bunting and Cowan 2005), attention has been generally viewed as a prerequisite

condition for media or message effects (Lang 1990). Consequently, cognitive attention
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can be indicated by another indirect and subjective measures of attention—self-reported
recall with or without aid or recognition of information to which they were exposed
(Lang 2000; Norman, Brooks, and Allen 1989; Wang et al. 2012). This type of cognitive
measures of attention is particularly useful for measuring higher levels of attention.

Fourth, a noteworthy advancement in the measurements of attention comes from
the information systems field (Bragge, Sunikka and Kallio 2013; Tam and Ho 2005;
2006). Driven by the increasing availability of online consumer behavioral data,
researchers from information systems field have attempted to test psychological models
using consumers’ online behavioral data. In such research, attention has been measured
by consumer behaviors indicative of attention, particularly the click-through behavior
(Bragge, Sunikka, and Kallio 2013; Tam and Ho 2005; 2006). For example, in their study
to investigate the mechanism by which personalized content online influences the
decision process of web users, Tam and Ho (2005) operationalized attention as a binary
variable recording whether the first click of a participant on the website was on the area
of interest. In a follow-up study to examine the impact of personalization on information
processing and decision, Tam and Ho (2006) operationalized attention as the total
number of clicks on the stimuli. In another study to explore customer responses to
personalized banner messages in the online banking context, Bragge, Sunikka and Kallio
(2013) used three different click-throughs as indicative measures of attention. Taken
together, behavioral indicators of attention captured from consumers’ online activities
provide promising new indirect and objective measures of attention.

In sum, the conceptualization and operationalization of attention differ in terms of

being involuntary (bottom-up) or voluntary (top-down), sustained or switching, and high
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or low. Attention has been measured using four different approaches: global self-report,
human or machine observation, self-reported recall or recognition, and behaviors
indicative of attention, particularly click-through behavior. While the human or machine
observation approach is helpful for examining involuntary, automatic attention, the other
three are particularly helpful for tapping higher levels of attention.

Research on Influencing Factors of Attention to Ads

Since attracting attention is a common goal for media companies and advertisers,
attention has drawn significant research attention in the mass communication and
advertising fields. Whilst attention has been most frequently studied in the television
consumption setting, a mounting body of literature starts to examine attention in other
newer media consumption contexts, including online and mobile (e.g., Bang and
Wojdynski 2016; Segijn, Voorveld, and Smit 2016). Attention to media is generally
considered as a prerequisite to the processing of mediated messages, which involves three
major sub-processes—encoding, storage, and retrieval, and the subsequent effects (Lang
1990, 2000, 2006). Research on attention to media can largely be categorized into two
broad groups: 1) research on intermedia attention, which has focused on a consumer’s
decision to attend to a specific media program or medium; and 2) research on intra-media
attention, which has focused on how an attentive consumer’s short-term, phasic level of
attention changes throughout a single media presentation (Lang 1990; Reeves et al.
1985). In the media consumption context, consumers’ involuntary, bottom-up attention
can be driven by features of media content, such as structural features (e.g., cuts, edits

and zooms) and emotional content (e.g., Lang 1990).
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In the ad exposure situations, consumers are confronted with multiple competing
calls for attention, with ads either competing against one another (i.e., ad clutter) or ads
competing against editorial media content (i.e., cluttered media context). Given
advertisers’ constant battle for consumer attention, understanding consumers’ attention to
ads has long attracted scholarly attention in the advertising field. The influencing factors
of consumers’ attention to ads that have been examined in the research literature can be
grouped into four categories: (1) consumer demographics (e.g., Heeter and Greenberg
1985), (2) ad content factors (e.g., Heath, Nairn, and Bottomley 2009); (3) orienting-
eliciting structural features of ad media (e.g., Lang 2000); and (4) consumers’ cognitive
and affective factors (e.g., Back and Morimoto 2012).

First, research on the influence of consumer demographics has found that
consumers’ age, sex, and income are related to their avoidance of ads in general (e.g.,
Heeter and Greenberg 1985; Speck and Elliott 1997; Rojas-Méndez et al. 2009). The
second line of research on ad content characteristics has identified use of personalization
(e.g., Malheiros et al. 2012; Tam and Ho 2005) and emotional elements to be significant
factors eliciting consumers’ attention to an ad. For example, Malheiros et al. (2012)
found that participants looked twice as long at ads that included their photograph than a
page containing only their name. Bang and Wojdynski (2016) found that participants paid
relatively longer and more attention to the personalized compared to non-personalized
ads.

In addition, some studies have found that ad content inducing negative affect can
increase consumers’ further involvement and attention to ads. Particularly, fear or

anxiety has been found to enhance attention to ad stimuli (Bradley, Angelini, and Lee
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2007; Lang 1991). In the political advertising context, research findings suggest that
negatively-valenced political ads attract more attention (Sabato 1981). Neuroimaging
studies using PET (e.g., Lane et al. 1999; Morris et al. 1998) or fMRI (e.g., Vuilleumier
et al. 2001; Sabatinelli et al. 2005) have also shown enhanced attention responses to
emotional stimuli, including angry or fearful faces, threat words, aversive pictures, and
fear-conditioned stimuli, relative to neutral stimuli (for a more comprehensive review,
see Vuilleumier et al. 2003). However, one experimental study conducted in a realistic,
natural-exposure TV viewing situation found that, during relaxed TV viewing, highly
emotional ads were actually associated with a lower level of attention (Heath, Nairn, and
Bottomley 2009). The authors argued that this finding substantiates the notion that TV
advertising is automatically processed, rather than systematically processed.

The third line of research has identified several orienting-eliciting (i.e., sensory
salient) structural features of ads as significant influences on consumers’ attention. In the
TV commercial context in particular, research has shown that many structural features of
commercials, including scene changes, camera changes, loud noises, sudden movements
toward the camera, and the onset of videographics, elicit orienting responses and attract
consumers’ bottom-up, involuntary attention (Lang 2000).

In the last group of literature, prior research has examined the influence of
consumers’ psychological factors such as their cognitive and affective factors, especially
perceptions and beliefs about advertising in general, with primary focus on avoidance of
ads (e.g., Baek and Morimoto 2012; Morimoto and Chang 2009; Schemer 2012). In terms
of cognitive factors, perceptions of ad interference (e.g., Cho and Cheon 2004) and

perceived ubiquity of ads (Okazaki et al. 2012) have been found to predict ad avoidance.



16

The research findings generally suggest that the higher the perceived interference with
media use, the more likely consumers will avoid the ad. Regarding the impact of
consumers’ affective factors, consumers’ perceived ad irritation (e.g., Baek and
Morimoto 2012; Li et al. 2002) and attitude toward advertising in general (e.g., Lee and
Lumpkin 1992; Morimoto and Chang 2009) have been found to significantly influence ad
avoidance.

To date, research on consumers’ affective factors influencing ad attention is
relatively more limited than research on the cognitive factors, and all of the prior research
has focused on the influence of consumers’ affective reactions to ads (i.e. how their
affective responses evoked by an ad message influence their attention to or avoidance of
ads), rather than consumers’ affective states prior to or right at the point of ad exposure. It
is plausible that consumers’ temporary affective states prior to encountering ads would
play a significant role in influencing their selective attention to ads. For example,
motivation to manage optimal affective states could make individuals drawn to certain
ads that would help improve or maintain positive affective states and avoid ads that might
induce or exacerbate negative affective states. This possibility, which is largely untested,
is the primary focus of this dissertation. Given the dearth of advertising research on this
topic, the literature review on the role and influence of affect on attention relies on
relevant theory and research from the psychology and communication fields.

2. Research on the Influence of Affect on Attention
Conceptualization and Operationalization of Affect
Despite being a very common experience, affect is noted for its complex nature

and not being consensually defined. Affect, often used as an umbrella term that
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encompasses all sorts of subjective feelings including emotions, moods, sentiments, and
emotional traits (Frijda 1994), has been conceptualized in two major approaches:
dimensional and discrete (Dillard and Seo 2012; Nabi 2009). According to the
dimensional views that guide the majority of the extant research, affect has been
conceptualized and characterized in terms of 1) valence-only (bipolar or categorical) and
2) valence plus arousal (e.g., Dillard and Seo 2012; Lang, Greenwald, Bradley, and
Hamm 1993; Mehrabian and Russell 1974; Osgood, Suci, and Tannenbaum 1957;
Russell 1980; Smith and Ellsworth 1985).

First, the basic, and the most prevalent, way of categorizing affect are the valence-
only models: bipolar valence and categorical valence. According to the bipolar valence
model, affect is characterized by its valence, i.e., a contrast between positive and
negative, good and bad, or pleasant and unpleasant (Dillard and Seo 2012; Green,
Salovey, and Truax 1999; Russell and Carroll 1999; Thayer 1990; Watson, Wiese,
Vaidya, and Tellegen 1999). In other words, affect is leaning toward either positive or
negative, good or bad and pleasant or unpleasant. Accordingly, affective responses are
measured on a series of semantic differential scales (Dillard and Seo 2012). In an
alternative categorical valence approach, positive and negative affective states are
considered separately and independent of each other (Dillard and Seo 2012; Meyer and
Shack 1989; Watson and Tellegen 1985; Watson et al. 1988). As a result, when
measuring participants’ affect, participants are asked separately about how good they feel
and how bad they feel (e.g., Watson and Clark 1994).

Second, expanding on the abovementioned valence-only models, another stream

of affect research adds an arousal dimension to the conceptualization of affect. According
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to this two-dimensional model approach, valence (i.e., hedonic tone of the affective
experience) and arousal (i.e., the level of activation/deactivation) can represent the
essential aspects of all affective experience (Russell and Barrett 1999; Russell and Carroll
1999). Accordingly, affect can be partitioned into clusters based on their valence and
arousal level, as when Russell and Carroll (1999) proposed six clusters of affect defined
by valence (positive and negative) and activation (high, medium and low). In terms of
measuring affective states, two sets of bipolar scales—valence (e.g., pleasant vs.
unpleasant) and arousal (e.g., aroused vs. subdued)—are often used (Dillard and Seo
2012).

In addition to the dimensional views of affect, the discrete models deem affect as
a set of basic and qualitatively distinct emotions that capture all subjective emotional
experiences. Emotions are generally viewed as “internal, mental states representing
evaluative, valenced reactions to events, agents, or objects that vary in intensity” (Nabi
2009, p. 206). They are considered as more short-lived, intense feelings or affective states
that are directed at external stimulus. This discrete approach suggests the existence of a
finite set of discrete emotions that are different from each other and are inherent to all
human beings, such as anger, sadness, fear and joy (e.g., Izard 1992; Plutchik 1982).
Accordingly, in any given situation, an emotional experience is a product of the particular
pattern of responses across these various basic emotions, and can be assessed by
measuring the extent to which each of the basic emotions is experienced (Richins 1997,
Stewart, Morris and Grover 2007). In terms of measurement, since each emotion is
considered distinct and caused by different appraisals, emotions are measured

individually.
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Another relevant concept that is often subsumed by social psychologists under the
generic term “affect” is mood (Schwarz and Clore 1996). As a widely researched concept
in social science fields, mood is generally defined as a subjectively perceived affective
state that is pervasive, general, non-specific, and often of low intensity (e.g., Aylesworth
and MacKenzie 1998; Frijda 1993; Schwarz and Clore 1996). Differing from emotions,
which are often of high intensity, have an identifiable referent, and are associated with
corrective behavioral goals, moods lack motivational specificity (Larsen 2000) and are
characterized by “the absence of impulsion toward particular courses of action”
(Knobloch and Zillmann 2002, p. 357). Though not involving a referent, moods may
stem from a specific emotional event concerning a specific object and may result from a
specific emotion (Frijda 1993). Hence, moods generally impart generic valence
information, as is exemplified in common language when we say that we are in a bad or
good mood (Schwarz and Clore 1996).

Affect can also vary in terms of being momentary or extended over time (e.g.,
Russell and Carroll 1999). While temporary/momentary affect refers to transitory
affective feelings at a given moment, extended affect refers to affective feelings extended
over a long period of time, such as happiness over several months (Russell and Carroll
1999). The focus of this dissertation is on temporary affect that ebbs and flows
throughout a day.

In the extant empirical research on affect, it has been examined as a precursor to
consequent processing, evaluation and behavior, a response evoked by a message, and a
mechanism through which other persuasion effects occur (Nabi 2009). An important

distinction when studying affect in advertising has been made between message-induced
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affect or integral affect (i.e., affective states evoked by ad message, most often
strategically planned by advertisers to influence consumers) and message-irrelevant
affect or incidental affect (i.e., affective states evoked by incidents that are irrelevant to
the current decision but could influence the decision making) (Achar, So, Agrawal, and
Duhachek 2016; Dillard and Meijnders 2002). It is argued that the bipolar valence model
appears to be suited to the study of message-irrelevant affect (Dillard and Meijnders
2002). Of particular interest to this dissertation is the influence of message-irrelevant
affect, namely consumers’ pre-existing, incidental affective states prior to and right at the
point of ad exposure, not message-induced affect that are often intended by advertising
planning.

Extant research on the influence of pre-existing affect converged on one idea:
affect, both discrete emotions and moods, can be characterized by its valence, reflecting
the hedonic tone of the affective experience (i.e., positive or negative). Thus, the majority
of extant research on the influence of pre-existing, message-irrelevant affective states
followed the dimensional view of affect and examined the effects of the bipolar valence
and/or arousal of affective states on consequent processing, evaluation and behaviors
(e.g., Di Muro and Murray 2012; Larsen 2000; Mayer and Salovey 1995; Wegener et al.
1995). One point worth noting is that, despite some conceptual distinctions between the
abovementioned concepts, moods, emotions, sentiments and feelings, they have been used
interchangeably with affects or affective states in the vast majority of extant research on
the influence of affect in general psychology, consumer behavior and marketing.

In prior research on the effects of affect, affective states were generally either

induced or manipulated in laboratory experiments, or measured in quasi-experiments and
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field studies. A variety of affect-induction procedures used in the prior laboratory
experimental studies can be divided into two broad categories: cognitive inducers and
non-cognitive inducers.

With regards to cognitive inducers, affective states are generally induced by the
following three groups of procedures: 1) having subjects view structured positive or
negative information, such as positive or negative statements (e.g., Aderman 1972), good
or bad news (Veitch and Griffitt 1976), or positive or negative entertainment video clips,
such as comedy or negative video clips (e.g., Isen, Daubman, and Nowicki 1987); 2)
having subjects perform a seemingly irrelevant task first and then providing them with
positive or negative feedback (e.g., Biswas, Riffe, and Zillmann 1994; Knobloch and
Zillmann 2002; Zillmann, Hezel, and Medoff 1980); and 3) having subjects recall either
positive or negative events (e.g., Cialdini and Kenrick 1976; Schwarz and Clore 1983). In
the first approach of cognitive inducing, researchers manipulated affective states via the
affective content of statements or entertainment video clips subjects were asked to view.
For instance, in a study to examine the influence of positive affect on creative
performance (Isen et al., 1987), positive affect was induced by means of watching a five-
minute clip of a comedy film while negative affect was induced via viewing a five-
minute clip of a documentary film depicting Nazi concentration camps. Similarly,
Aderman (1972) induced positive or negative affective states by asking subjects to read
50 structured mood statements designed to induce either positive (elation) or negative
mood (depression).

As for the second commonly used cognitive inducer, researchers manipulated

affective states through the positivity of feedback subjects received from previous
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unrelated task(s). For example, in a study to examine the effect of moods on selective
exposure to television entertainment program (Zillmann et al. 1980), positive or negative
mood was induced by informing subjects of their success or failure on a seemingly
irrelevant prior test. In the third cognitive inducing approach, moods were manipulated
through the positivity of events recalled by subjects. One example of affective states
induction using the recall method is found in Cialdini and Kendrick’s (1976) study where
subjects were asked to either think about previous sad experiences (negative mood) or to
simply think about affectively neutral things (a book and a chair placed in the lab room;
neutral mood). In another example that examined the influence of mood on consumers’
responses to ad, Wen, Sar and Anghelcev (2017) asked participants to either write about
previous personal life events that made them feel good (positive mood state) or bad
(negative mood state).

In terms of non-cognitive affective states inducers, moods are generally induced
by pleasant or unpleasant scent (e.g., Muro and Murray 2012), giving subjects a bag of
candy bars (e.g., Isen et al. 1987), or having subjects listening to varying types of music
(e.g., Muro and Murray 2012). For example, in Muro and Murray’s (2012) study 1,
moods were manipulated by varying the intensity of the scent (100% pure lavender and
grapefruit oil) that participants were exposed to, with low concentration for positive
mood and high concentration for negative mood. In a follow-up replication study 2, mood
states were induced by varying the key in which the music was played that participants
were exposed to, with major key used for positive mood while minor key for negative

mood.
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In the aforementioned laboratory experiments, manipulation check procedures
were often used to check on the mood induction procedure, which typically included the
following methods: 1) directly asking subjects to self-report their mood states (e.g., Isen
et al. 1987; Muro and Murray 2012; Schwarz and Clore 1983), 2) asking participants to
complete a word-rating scale where they were asked to rate the pleasantness of unfamiliar
words given prior evidence on the effects of induced feelings on such measures and prior
use of such procedure as indirect assessments of affect (e.g. Isen et al. 1987; Isen 1985),
and 3) analyzing subjects’ heart-rate measures (e.g., Zillmann et al. 1980).

In addition to the use of laboratory experiments, some studies used quasi-
experiments that did not involve the random assignment of subjects to experimental
conditions to examine mood effects. For example, in a study to examine the effects of
moods on selective exposure to music (Knobloch and Zillmann 2003), rather than using
mood induction, mood states of young adults in romantic relationships were first
measured using an 11-point Happiness scale (ranging from “not happy at all” to
“extremely happy”) as part of an ostensible campus socialization questionnaire. Later, the
subjects participated in a computer-aided research section in which their music
preferences among eight love songs were recorded. Another study by Mares and Cantor
(1992) examined TV program exposure choices among lonely and non-lonely elderly
viewers. The loneliness of elderly viewers was determined in a pretest, with those scoring
in the top or bottom 20% of respondents on a loneliness scale being selected to
participate in the experiment.

Finally, researchers from various fields also used field studies to examine mood

effects in natural settings. Communication scholars have used field studies to examine the



24

influence of moods on consumers’ selective exposure to TV entertainment and
information programs, asking participants to report their moods and media consumption
in viewing diaries at specific times of the day for an extended time period (e.g.,
Anderson, Collins, Schmitt, and Jacobvitz 1996). For instance, in Anderson and
colleagues’ (1996) study to examine the influence of stress on selective TV program
consumption, participants were asked to report the number of life events they had
experienced in the past year by filling out the Life Events Inventory and their stress levels
were indicated by the number of events they had experienced. Their TV program
consumption was recorded in the viewing diaries in which they reported what kinds of
TV programs they viewed at what specific times, with selective TV program exposure
being operationalized as the time spent viewing specific types of TV programs (action,
comedy, drama, games/variety and news). They found that stress was associated with
more exposure to comedy, games/variety programs and less exposure time to
news/documentary. In a follow-up study, the authors examined the association between
stress and visual attention to TV in general, which were recorded by time-lapse video
cameras in participants’ homes and operationalized as whether the participant being
recorded appeared to be looking at the TV screen.

Taken together, two implications can be drawn from the research literature on
affect. First, affect has been used interchangeably with moods and emotions in prior
research on its effects in the psychology, consumer behavior, and advertising fields.
Second, there is general consensus that the most basic and prevalent way to conceptualize
affect is according to its valence dimension, i.e., the extent to which an affective state is

positive or negative. Following the conceptualization and operationalization of affect, the
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next section reviews extant empirical evidence on the influence of affect on selective
attention.

Research on the Influence of Affect on Selective Attention

Despite the growing scholarly attention to the influence of affect on attention,
most of the empirical research has been typically focused on the influence of affect on
downstream cognitive effects, such as judgement (e.g., Schwarz and Clore 1983),
memory (e.g., Bower 1981), decision making (e.g., Peters, Vastfjall, Garling, and Slovic
2006) and behavior (for a review, see Bower and Forgas 2000). While the extant affect-
cognition frameworks, particularly Bower’s (1981) network theory and related network
models (e.g., clark and Isen 1982), have predicted mood-congruent processing (i.e., how
affect impacts cognition through activating congruent semantic memory representations),
such models focused on later stages of information processing (e.g., memory and
judgment), providing no clear predictions or evidence for earlier stages regarding
perception and attention (Forgas 1995; Tamir and Robinson 2007). Thus, early-stage
effects of affective states, particularly attention, have been underexplored.

Theoretical explorations of how temporary affective states influence consumers’
selective attention to ads will be a novel addition to the advertising scholarship. Since
selective attention process can determine the input to later judgment, evaluation and
behavior (Fiske and Taylor 1991), understanding the effects of affective states on
selective attention to ads has critical implications for advertising practitioners as well,
given the increasing ad clutter and competition for attention. In light of the lack of
research on this topic in the advertising field, relevant research from the psychology and

consumer psychology fields is reviewed in this section.
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Studies examining the connection between affect and selective attention started
with testing the mood-cognition frameworks hypothesis (Beck 1967; Bower 1981), which
postulates that mood should direct attentional processing toward mood-congruent aspects.
For example, Tamir and Robinson (2007) examined the association between mood states
(both daily positive mood states and induced mood states) and selective attention bias
favoring reward words such as victory, success and fun (vs. neutral words) in five spatial
probe tasks, which is often used in the clinical psychology literature to assess individuals’
attention biases in terms of reaction time (Mogg and Bradley 1998). Three findings from
this line of research are relevant for this dissertation: 1) positive mood states were
significantly related to selective spatial attention in favor of rewarding stimuli while
neutral and negative moods were unrelated; 2) such selective attention bias was unique to
rewarding stimuli, not neutral and negative stimuli; 3) such effects were also limited to
high-arousal/positive (i.e., rewarding) stimuli rather than pleasant/low arousal stimuli in
general. These empirical findings are consistent with prior propositions related to the
affect-linked processing tendencies: negative affective states are linked to tendencies to
avoid undesirable end states (e.g., Carver 2001), while positive affective states are linked
to tendencies to approach desired end states (e.g., Coats, Janoff-Bulman, and Alpert
1996).

Positive affective states have also been found to broaden individuals’ scope of
attentional selection in terms of processing both external visual stimuli and internal
conceptual representations (Rowe, Hirsh, and Anderson 2007), which are in line with
prior views on the increased cognitive flexibility and creative thinking linked to positive

affective states (e.g., Bolte, Goschke, and Kuhl 2003; Fredrickson 2001, 2003; Isen
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2001). Rowe and colleagues (2008) demonstrated the effects of positive mood states on
two different cognitive domains: semantic search (measured in a remote associates task
that is commonly used to measure individual differences in creativity) and visual
selective attention (measured in a Eriksen flanker task). Positive affect was found to
enhance access to remote semantic associates, which is indicative of an increase in the
scope of semantic access. Moreover, positive affect increased the processing of spatially
adjacent flanking distractors, indicating impaired visual selective attention and increased
scope of visuospatial attention. Such observed link demonstrates the influence of positive
affective states on enhanced scope of attention allocation to both internal and external
visual conceptual space.

Positive affect may also increase individuals’ attentional flexibility (Ashby, Isen,
and Turken 1999). In another neuropsychological account of the influence of positive
affect, Ashby and colleagues (1999) articulated a possibility that the well-documented
effects of positive affective states on improved performances at creative problem-solving
tasks, such as word-association and remote-associates tasks, could be explained by the
association between positive affect and increased dopamine release in the anterior
cingulate (i.e., part of the frontal cortical areas that is responsible for a number of
different cognitive functions including cognitive or executive attention), which improves
the flexibility of the executive attention system.

On the contrary, the association between temporary negative affective states and
subsequent mood-congruent attentional processing has received limited supporting
evidence. While one study found supporting evidence of a positive link between induced

sad mood and a greater tendency to attend to affect-congruent information (Bradley,
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Mogg, and Lee 1997), most studies failed to show this pattern (Chepenik, Cornew, and
Farah 2007; Gallardo, Banos, Belloch, and Ruipérez 1999; McCabe, Gotlib, and Martin
2000). One study even found that individuals induced into stress were faster at shifting
attention away from negative words compared with positive and neutral words
(Ellenbogen, Schwartzman, Stewart, and Walker 2002).

An exception is one line of research from the clinical psychology field that has
been concerned with the role of extended negative affect on individuals’ selective
attention, with a particular focus on the issue of selective attention biases in affective
disorders such as anxiety or depression (Mogg and Bradley 1998). This stream of
research demonstrates evidence supporting selective attention bias toward threatening
stimuli among individuals diagnosed as having extended negative affective states such as
anxiety disorder (for a meta-analysis of the magnitude of biased attention in depression,
see Peckham, McHugh, and Otto 2010). However, since these studies focused on the
effects of extended affective states, particularly clinically diagnosed, chronic negative
affect, it is questionable whether the findings can be extrapolated to the case of temporary
affective states, given that clinically diagnosed negative affects are way more intense
than temporary affective states that tend to fluctuate throughout the day. Furthermore,
individuals who are diagnosed with negative affect are likely not able to regulate and
manage their affective states, whereas individuals in temporary negative affective states
might be more motivated to reduce their negative feelings. Therefore, these caveats
preclude a direct translation of such effects to the case of temporary negative affective

states that typically tend to be recovered quickly.
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Attempting to address the prior inconsistent findings in terms of the relationship
between temporary negative affect and mood-congruent attentional processing, later
research has examined the possibility of selective attention resulting from mood
regulatory process and found supporting evidence. One eye-tracking study found that,
when older adult participants were in a bad mood, they tended to gaze at positive faces
and away from negative ones (Isaacowitz, Toner, Goren, and Wilson 2008). Following
the mood-induction procedure, participants were asked to rate their mood on a
potentiometer slider, followed by the eye-tracking task where younger adults’ attention to
a series of emotional face pairs (happy, sad, angry, or afraid paired with neutral) were
tracked in real time. Based on their initial slider rating, participants were classified into
different mood state conditions by their initial slider rating. When started in a negative
mood, younger participants showed mood-congruent gaze preferences toward angry and
afraid faces, whereas older participants showed mood-incongruent gaze patterns away
from angry and sad faces and toward happy faces. This evidence suggests that older
adults gazed toward more positive faces to regulate their negative mood (Isaacowitz et al.
2008), indicating that negative mood states can lead to mood-incongruent attentional
processing for the purpose of regulating negative mood.

This age difference in terms of selective attention in the interest of mood
management has been consistent with prior experience-sampling evidence, demonstrating
that older adults are better than young adults at getting rid of bad moods (Carstensen,
Pasupathi, Mayr, and Nesselroade 2000). Another eye-tracking study confirmed the
finding that older adults induced into sad mood tended to take longer time to disengage

attention from happy faces (Demeyer, Sanchez, and De Raedt 2017).
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Other studies have demonstrated some evidence of individuals’ selective
attentional processes after being explicitly asked to regulate their affective states. For
example, after the induction of motivational state into three conditions—an emotional
one (i.e., to regulate their feelings when watching the images, an informational one (i.e.,
to focus on acquiring information from the images), or a control one (e.g., to just watch
the images naturally as if watching TV), young adults were asked to look at emotional
images while their eye movements were being tracked (Xing and Isaacowitz 2006).
Results showed that individuals instructed to regulate their affective states paid less
attention to negative images compared to positive images, indicating the occurrence of
selective attention in an effort to regulate affect (Xing and Isaacowitz 2006). In another
study, after receiving the instructions to decrease their emotional responses (e.g., view the
pleasant image from an uninvolved perspective or to imagine it gets worse), participants’
selective attention, measured in terms of electrophysiological responses, to pleasant,
high-arousal images were tracked (Krompinger, Moser, and Simons 2008). Results
showed a significant attenuation of a neural response that is representative of attentional
processing, indicating a general disengagement of attentional processing from the
arousing aspects of the relevant, positive stimuli (Krompinger, Moser, and Simons 2008).

In a more recent eye-tracking study, Sanchez and colleagues (2014) examined the
interplay between induced mood (i.e., negative, positive and neutral) and selective
attention to positive (i.e., happy faces) and negative (i.e., angry and sad faces) stimuli.
Results showed that participants induced into positive affect paid more attention to happy
faces, indicating mood-consistent attentional processing (Sanchez et al. 2014). On the

contrary, participants induced into negative affect paid more attention to happy faces,
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indicating mood-incongruent attentional processing. This result, thus, lends further
evidence to the notion that individuals tend to control their attentional processes to
manage their affective states.

In sum, a mounting research from psychology has shown that affective states
influence individuals’ selective attention. Overall, there is consistent evidence that
individuals in positive affective states tend to pay more attention to positive stimuli
compared to neutral and negative ones, have broader scope of attentional selection in
terms of both internal conceptual and external space, and may have greater attentional
flexibility. However, less converging findings have been accumulated in terms of the link
between negative affective states and selective attention, with increasing empirical
evidence supporting the mood-incongruent attentional processing of individuals under
negative affective states for the purpose of mood regulation and management.

Informed by the reviewed research literature, this dissertation seeks to extend the
research on the influence of affect on attention in a novel manner by examining the
influence of temporary affective states on selective attention to ads. In the context of
advertising, it remains unanswered whether consumers in different affective states
(positive or negative) would be similarly drawn to the same set of ads. While empirical
advertising research on this topic is lacking, it is plausible that motivation to manage
optimal affective states could make individuals drawn to certain types of ads that would
help improve or maintain positive affective states and avoid ads that might induce or
exacerbate negative affective states. The effect of temporary affective states on

consumers’ selective attention to, processing and evaluation of ads has yet to be
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comprehensively tested in the advertising context. This possibility can be explained by
mood management theory, which serves as this study’s main theoretical framework.
3. Mood Management Theory Explaining the Influence of Affect on Ad

Attention

Mood Management Theory (MMT)

Aiming to address the question of what drives viewers’ entertainment selections
and preferences, Zillmann (1988, 2000) developed the mood management theory (MMT),
arguing that one such factor is individuals’ tendencies to arrange their environment for
the interest of managing their moods. Research on affect has documented two hedonistic
motivational consequences of affective states: (1) individuals strive to maintain positive
affective states; and (2) individuals are motivated to mitigate negative affective states
(e.g., Zillmann 1988). Grounded on such hedonistic premises, Zillmann (1988) proposed
the mood management theory (MMT) to explain individuals’ selective media exposure
choices to any type or genre of communication (e.g., news, documentaries, comedies,
musical performances, and sports) in the interest of mood management.

The main proposition of MMT (Zillmann, 1988a, 2000) is that individuals tend to
select media content that would optimize their mood—improve/maintain positive moods
and minimize/repair negative moods. In addition to the regulation of the valence of
mood, individuals would also seek out media content to regulate their mood in terms of
arousal levels—to mitigate unpleasant levels of arousal (e.g., boredom and stress)
(Knobloch 2006). Furthermore, MMT posits that this mood optimization process does not

necessitate deliberate elaboration, which means that individuals may not be cognizant of
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their mood management motivation and process (Zillmann 1985, 1988b). The specific
hypotheses proposed by Zillmann (2000, p.104) are as follows:

The indicated hedonistic objective is best served by selective exposure to material

that (a) is excitationally opposite to prevailing states associated with noxiously

experienced hypo- or hyperarousal, (b) has positive hedonic value above that of
prevailing states, and (c) in hedonically negative states, has little or no semantic
affinity with the prevailing states.

Regarding the characteristics of media content that might be sought out or
avoided by individuals for the mood management purpose, MMT proposes four mood-
impacting characteristics of media message types or genres—excitatory potential,
absorption potential, semantic affinity and hedonic valence—that determine the mood
repair potential of media messages (Zillmann 1988). Excitatory potential of media
messages refers to the arousing or stimulating level of media content. Media content that
is likely to increase and heighten arousal is considered to have a high excitatory potential
and vice versa. For example, fast-paced music and fast cuts in audio-visual media are
usually more exciting than slow songs and video with fewer cuts and smooth transition
and are, thus, considered to have a high excitatory potential. Zillmann (1988a, b)
proposed that, for purposes of reaching excitatory homeostasis, individuals in high
arousal states that are construed as aversive would likely be drawn to soothing (vs.
arousing) content, whereas those in low arousal states would be drawn to more exciting
content.

Absorption potential refers to the media content’s capability to interfere with
consumers’ preexisting mood, namely the extent of disruption of the continual rehearsal

processes of previous negative incidents or gratifying aspects of previous positive

incidents (Zillmann 1988). The higher the absorption potential of media messages, the
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stronger the interruption of the mood-perpetuating rumination on thoughts related to
previous negative or positive incidents. MMT predicts that individuals in negative moods
would seek to disrupt this affective state by exposing themselves to media contents with
highly absorbing and engaging media content, such as mystery movies with intriguing
plot. In contrast, individuals in positive moods would be drawn to minimally absorbing
content or no media consumption at all.

The third dimension of semantic affinity (Zillmann 1988) between preexisting
mood and media content refers to the extent to which media contents “feature behaviors
of great affinity to the mood state during which they are received” (p. 154). When there is
high semantic affinity between prior events leading up to the preexisting mood and media
messages, such as the scenario of a romantically-deprived individual being exposed to
romantic media content, media consumption is likely to contribute to rumination on
mood-related thoughts and thus less likely to alter preexisting mood. Accordingly,
absorbing media messages with no semantic affinity with previous experience are most
capable of disrupting prior emotional experience. As such, high affinity would be
undesirable for individuals in a negative mood, but ideal for individuals in a positive
mood. MMT, thus, predicts that individuals in negative moods tend to be drawn to media
content with minimal semantic affinity with the events leading to the negative mood,
while individuals in positive moods would be more likely drawn to media content with
high affinity to the events inducing their positive mood.

Regarding the hedonic valence dimension, which refers to the positiveness —
negativeness of media content, MMT posits that positively-valenced media messages are

more effective in disrupting preexisting bad moods and maintaining good moods



35

compared to negatively-valenced media messages. Therefore, individuals in negative
mood states would likely prefer hedonically positive content over negative content,
whereas individuals in positive moods are less likely to display this preference, if at all
(Zillmann 1988).

Application of MMT and Research Findings

Empirical research applying MMT has been growing over the past 30 years, with
primary focus on examining the impact of moods on selective exposure to entertainment
media, and provides reasonably consistent evidence supporting significant impact of
mood on selective exposure to different types of media content, primarily in the
television context, but also including music, news, and recently, the internet. In terms of
mood enhancement through selective media exposure, majority of extant studies have
found that individuals in negative moods tend to prefer media with high hedonic quality
to repair their moods compared to individuals in positive moods (e.g., Biswas, Riffe, and
Zillmann 1994; Knobloch 2003; Knobloch and Zillmann 2002; Meadowcroft and
Zillmann 1987; Zillmann, Hezel, and Medoff 1980).

For example, Meadowcroft and Zillmann (1987) found that women in the
premenstrual phase of their menstrual cycles (hormonally mediated negative mood states)
were more likely to report preferences for viewing comedies compared to women in other
phases. Likewise, in an experiment conducted by Knobloch and Zillmann (2002),
hedonically different moods were found to influence consumers’ choice of energetic-
joyful music. Participants placed in a bad mood condition spent more time listening to
high-arousal, positive-valenced music (i.e., energetic-joyful music) over music low in

these qualities to a greater degree than did participants in a good mood.
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In addition to the predominant focus on the regulation of mood valence, empirical
evidence has been accumulated supporting arousal regulation through entertainment
media choices (e.g., Bryant and Zillmann 1984; Knobloch-Westerwick 2006).
Specifically, in an earlier test of this theory, Bryant and Zillmann (1984) found that
under-aroused individuals (bored) were more likely to choose stimulating fare, such as a
sporting event, than over-aroused individuals (stressed); whereas over-aroused
individuals selected more calming content, such as nature shows.

While most mood management studies found supporting evidence, some works
found inconsistent findings that seem to be at odds with predictions of the theory. A few
studies showed that individuals in negative moods sometimes tended to seek out
negatively-valenced media rather than positively-valenced media (e.g., Mares and Cantor
1992). For example, Mares and Cantor (1992) found that contrary to expectations, lonely
elderly participants preferred negative portrayal of an unhappy, isolated old man over
happy one. Another study by Zillmann, Hezel and Medoff (1980) found that individuals
in negative moods avoided television comedies. However, the seemingly inconsistent
results could be explained by confounding factors existing in the media stimuli. For
instance, the evidence of lonely elderly participants preferring negative portrayal of an
unhappy, isolated old man and the avoidance of comedies in the aforementioned studies
could be attributed to the high semantic affinity between media stimuli and prior mood.

In addition, other studies have reported gender differences in selective exposure to
entertainment choices as a result of mood, leading up to the possibility that individuals
might opt to elongate rather than mitigate their negative affect under certain

circumstances such as the availability of retaliation against the source of the negative
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mood (Biswas, Riffe, and Zillmann 1994; Knobloch-Westerwick and Alter 2006).
Knobloch (2003) expanded on this idea to come up with the mood adjustment approach,
which suggests that individuals may use media to adjust their moods to be appropriate for
the context or situation (even if those moods are negative), rather than necessarily
engaging in mood management through media use. These extensions on the mood
management theory could explain some of the paradoxical preferences and yielded some
empirical supports. However, new empirical challenges have arisen that have not been
fully addressed. For example, a number of studies have found that individuals in negative
moods sometimes opt to negatively-valenced media content, in the context of movies
(Strizhakova and Krcmar 2007) and music (Gibson, Aust and Zillmann 2000).
Explanations for these findings include the consideration of additional motivations of
media use, such as information seeking and the needs for feeling “understood” (Zillmann
2000).

With the evolvement of new media technologies, a few mood management studies
have started to test the theory with newer media platforms like the internet. In terms of
internet use, the effects of moods have been demonstrated on people’s selective exposure
to positively versus negatively-valenced websites and to entertainment versus
information websites (Knobloch and Zillmann 2002, Knobloch-Westerwick and Alter
2006), as well as users’ speed of surfing (Mastro, Eastin, and Tamborini 2002). Another
study by Knobloch-Westerwick and Alter (2006) found that selective exposure to
differently valenced online news was driven by mood adjustment needs. In addition, one

study reported the effects of mood management on choice of video game difficulty
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settings (Reinecke et al. 2012). These newer developments suggest great potential for
testing MMT in newer media context such as social media.

In sum, research has shown significant influences of consumers’ mood
management motivation on their media content exposure. The substantive conclusion that
can be drawn from this MMT literature is that, driven by motivation to manage optimal
affective states, consumers could be drawn to certain ads that would help improve or
maintain positive affective states and avoid certain ads that might induce or exacerbate
negative affective states. This study, thus, builds on MMT and related research to
examine the role of mood management motivation on consumers’ selective attention to
ads and downstream effects.

4. Research on the Influence of Affect on Ad Processing and Ad Evaluation

The effects of affective states on judgment, memory and behavior have received
much attention from scholars in various fields such as psychology, marketing and mass
communication (e.g., Atalay and Meloy 2011; Bryant and Zillmann 1977; Di Muro and
Murray 2012; Forgas 2002; Goldberg and Gorn 1987; Gorn, Goldberg, and Basu 1993;
Lee and Sternthal 1999; Storbeck and Clore 2005; Wegener, Petty, and Smith 1995).
Research has shown that individuals in positively-valenced affective states versus
negatively-valenced affective states use different information processing styles (e.g., Di
Muro and Murray 2012; Goldberg and Gorn 1987; Lee and Sternthal 1999) and show
different evaluation of objects (e.g. Forgas 1995; Goldberg and Gorn 1987).

Influence of Affect on Ad Message Processing

An extensive and ever-growing literature has been accumulated on the role of

affect in human information processing in psychology, consumer behavior, and
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marketing fields, and increasingly in the advertising field as well (e.g., Batra and
Stayman 1990; Cohen, Pham, and Andrade 2008; Estrada, Isen, and Young 1997; Lee
and Sternthal 1999; Schwarz and Clore 1983; Schwarz 2000; Wen, Sar, and Anghelcev
2017). Research has generally shown that pre-existing affective states (positive or
negative) can influence individuals’ information processing styles.

One well-recognized and robust finding from the psychology field is that positive
affect is linked to greater global or holistic processing (i.e., seeing the forest before the
trees), while negative affect is associated with greater local processing (i.e., seeing the
trees before the forest) (e.g., Basso, Schefft, Ris, and Dember 1996; Gasper and Clore
2002). In other words, global configurations tend to be prioritized for individuals under
positive affective states, while local configurations are prioritized for individuals under
negative affective states. For example, after mood induction procedure, Gasper and Clore
(2002) asked participants to reproduce a drawing from memory. Results showed that
individuals in happy moods were more likely to draw global schema-relevant details in
their drawings than individuals in sad moods. In the second experiment, participants in
negative moods (vs. individuals in positive or neutral moods) were less likely to use
global attributes to classify geometric figures in a shape task, indicating a greater extent
of local processing. The findings are in accordance to the view of the “broaden-and-
build” theory (Fredrickson 2001, 2003) from the emerging field of positive psychology,
which suggests that a primary function of positive emotions, including joy, interest,
contentment, and love, is to broaden individuals’ momentary thought-action repertoires,

resulting in increased flexibility and enhanced global scope.
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In a similar vein, there is substantial research evidence that people in a positive
affective state tend to engage in relational information processing that focuses on
grouping pieces of information into discrete larger categories according to similarity or
generality of information, whereas people in a negative affective state tend to engage in
item-specific processing that focuses on the specific attributes of an object (e.g., Fiedler,
Nickel, Asbeck, and Pagel 2003; Isen and Daubman 1984; Kahn and Isen 1993; Lee and
Sternthal 1999; Murray, Sujan, Hirt, and Sujan 1990; Sar, Duff and Anghelcev 2011;
Storbeck and Clore 2005). For example, in a study to examine the influence of mood on
the learning of brand names (Lee and Sternthal 1999), participants induced into positive
or neutral mood were presented with a list of brand names from different categories and
later asked to recall them. Results showed that individuals in a positive mood were more
likely to engage in relational elaboration by providing more clustering of brands by
category membership, more category recall and more brand name recall.

In another study to examine false memories, Storbeck and Clore (2005) predicted
that positive affective states would trigger more relational processing, which should
enhance false memory effects, while the opposite would likely occur with negative
affective states. Their study findings supported the hypothesis, indicating that, compared
with positive affect, negative affect encouraged greater item-specific processing, which
was manifested by reduced levels of false memory. The documented effects of affective
states on information processing style holds important implications for how consumers’
affective states might influence their processing of ad messages. In terms of how the role
of affect has been investigated in the advertising research, to date, advertising literature

addressing the role of affect has predominantly focused on affective responses evoked by
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an ad message, while the role of consumers’ incidental affective states has remained
underexplored.

Nonetheless, some advertising research has shown that, when consumers are in a
negative affective state, they are more likely to engage in item-specific processing of an
ad by focusing on distinctive attributes of an advertised object. In contrast, when
consumers are in a positive affective state, they tend to engage in more relational
information processing (e.g., Sar, Nan, and Myers 2010; Wen, Sar, and Anghelcev 2017).
For example, in one study to examine the interplay between mood and advertising
context on ad memory and evaluations, Sar and colleagues (2010) reported supporting
evidence that participants in positive moods were more likely to use relational processing
than item-specific processing as manifested in their documented cognitive responses. In
contrast, participants in negative moods used more item-specific processing than
relational processing. Wen, Sar and Anghelcev (2017) also demonstrated similar
evidence: participants in a positive mood wrote down more relational thoughts than item-
specific thoughts in their thoughts and feelings about the ad stimulus as well as the brand
in the ad. In contrast, participants in a negative mood wrote down more item-specific
thoughts than relational thoughts. Taken together, the review of literature above suggest
that it is likely that consumers will process ad messages differently as a result of their
affective states.

Influence of Affect on Ad Evaluation

Previous research converged on the significant influence of incidental affect on
evaluation. In particular, a great deal of evidence has been adduced in support of the

notion that consumers are affect-congruent in terms of evaluating objects, people, events,
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and brands (e.g., Barone and Miniard 2002; Dommermuch and Millard 1976; Forgas
1995; Isen, Shalker, Clark and Karp 1978; Sar, Duff, and Anghelcev 2011; Schwarz
2000; Schwarz and Clore 1983). In other words, when consumers are in a good affective
state, compared to a bad one, they tend to make more positive evaluations of objects,
people, events, and brands. For example, Dommermuch and Millard (1976) found that
individuals induced into positive mood by watching a pleasant film had more favorable
evaluations for a new beverage. In another study, Isen et al. (1978) also found that when
participants were in a positive affective state, they tended to evaluate their possessions
more favorably. In a more recent study, Sar and colleagues (2011) found that consumers
in a positive (vs. negative) affective state evaluated brand extensions and brand extension
fit more favorably than consumers in a negative mood.

The observed effects of affective states on evaluation hold important implications
for how consumers’ affective states might influence their evaluation of ad messages and
advertised brands. Relevant studies in the advertising field has shown that pre-existing
affective states tend to cause research participants to respond to persuasive ad messages
in different ways (e.g., Sar, Nan, and Myers 2010; Wen, Sar, and Anghelcev 2017). For
example, incidental moods have been found to interact with the use of utilitarian vs.
experiential appeal in an ad to influence ad evaluation and brand evaluation (Wen, Sar,
and Anghelcev 2017). Results showed that individuals in a positive mood were found to
evaluate an ad using utilitarian appeal more positively than an ad using experiential
appeal. On the contrary, individuals in a negative mood had more positive evaluation of
an ad using an experiential appeal than an ad with a utilitarian appeal. Another study

documented significant interaction effects of incidental mood and ad context (i.e.,
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competitively presented with ads of other brands in the same product category or
uncompetitively presented with ads of other brands in different product categories) on ad
memory and evaluations (Sar, Nan, and Myers 2010). Results showed that in the non-
competitive ad context, participants in a positive mood evaluated the ad more positively
than did those in a negative mood. On the contrary, in the competitive ad context,
participants in a negative mood gave a higher evaluation of the ad than did those in a
positive mood.

In sum, extant research on the influence of incidental affect on evaluation
suggested affect-congruent evaluation of objects, people, events, and brands. In the
advertising context, emerging research has provided some moderating factors that
interact with the effect of incidental affect on ad evaluation. Although these studies have
improved our understanding of the effects of affective states on information processing
and evaluation, they have relied heavily on small homogeneous samples of
undergraduates who are not necessarily representative of the larger population. In
addition, these studies typically relied on manipulating affective states in laboratory
environments and testing its effects on information processing and evaluation, which do
not allow for the testing of real-time affective fluctuation on consumers’ spontaneous

reactions to ads.
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CHAPTER 3
HYPOTHESES

To explore the influence of consumers’ temporary affective states on their
selective attention to ads, this study relies on the theoretical framework of MMT and
prior research examining the link between affective states and attention. As discussed in
the previous chapter, while research on the influence of affects on selective attention is
underdeveloped in the advertising field, general psychology research tackling relevant
questions offer useful empirical evidence for this study’s hypotheses development.
Findings from the prior research in the psychology and consumer psychology fields
regarding the effects of incidental, temporary affective states on attention to stimuli
suggest: (1) positive affective states are significantly related to selective attention to
rewarding information and (2) can broaden individuals’ scope of attentional selection in
terms of processing both internal conceptual representations and external visual stimuli,
(3) while negative affective states tend to be associated with mood-incongruent
attentional processing, resulting from mood regulatory process—motivation to alleviate
the negative affective states.

In accordance with this stream of research and the mood regulatory account,
MMT (Zillmann 1985, 1988b) theorizes people’s media content choices for the purpose
of optimizing their mood—to improve/maintain positive moods and minimize/repair
negative moods. The MMT literature generally suggests that individuals tend to approach
emotional stimuli that would likely induce positive moods and avoid emotional stimuli
that induce negative moods, and this mood-management motivation and resulting media

exposure often occur unconsciously. The MMT theory and related research has proposed
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four mood-impacting characteristics of media message types or genres—excitatory
potential, absorption potential, semantic affinity and hedonic valence—that determine the
mood repair potential of media messages. Research has found some empirical evidence
supporting significant impact of these message characteristics on individuals’ media
content choices for the mood management purpose.

Empirical research applying MMT has been growing in the communication
research field, and the research on impact of moods on selective exposure to
entertainment media provides reasonably consistent evidence supporting significant
impact of mood on selective exposure to different types of media content. Ads, as a type
of media content, also have specific characteristics that might facilitate and help people’s
mood management goals, which would potentially influence viewers’ unconscious
selective attention to certain types of ads. Thus, general theoretical propositions of MMT
and prior empirical evidence are certainly applicable to the context of advertising as well.
Applying the logic of MMT, this study predicts consumers’ affective states as an
important influencing factor of selective attention to ads. In other words, motivated to
managing their affective states, consumers might be unconsciously driven to certain types
of ads that are likely to facilitate their mood management goals. The following section
presents a summary review of mood-impacting characteristics of ads that might facilitate
and help people’s mood management goals and a set of hypotheses predicting how
consumers’ affective states would likely influence their attention to ads with different

types of mood-impacting characteristics.
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1. Impact of Consumers’ Affective State on Selective Attention to Ads

In order to predict and explain the connection between affective states and
selective attention to ads, it is important to specify theory-derived characteristics or types
of ads that are likely to facilitate viewers’ mood management goals. Based on the MMT
theory and research, this study categorizes ads based on their mood-impacting potential
along four dimensions: (1) ads’ excitatory potential (more exciting vs. non-exciting ads);
(2) emotional absorption potential (more emotional vs. rational ads); (3) semantic affinity
(high vs. low semantic affinity with the prior mood-inducing event); and (4) hedonic
valence (more positive vs. negative valence).

Applying the logic of MMT, this study predicts that, through the motivation to
manage their affective states, consumers would likely be unconsciously drawn to certain
types of ads that are likely to enhance their moods. Specific hypotheses are posed for
each mood-impacting characteristic dimension, predicting the impact of consumers’
temporary affective states on their selective attention to different types of ads. First,
regarding the relationship between consumers’ affective state and attention to ads with or
without excitatory potential, prior research has indicated that to maintain a pleasant state
of excitation (i.e., positive high arousal), individuals would consume more exciting
content, while individuals in negative high arousal states would likely be drawn to
soothing (vs. arousing) content (Bryant and Zillmann 1984; Di Muro and Murray 2012;
Knobloch-Westerwick 2006; Zillmann 1988). Based on the empirical findings in the
MMT research, this study hypothesizes:

H1: Consumers in a positive affective state would likely pay more attention to

more exciting ads, whereas those in a negative affective state would pay more
attention to more soothing ads.
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Second, the mood-impacting attribute of ads that relates to absorption potential as
suggested by MMT is the use of emotional vs. rational appeals (e.g., Xie et al. 2004). An
emotional appeal emphasizes specific emotions consumers would experience in using the
advertised product, whereas a rational appeal focuses on providing factual information
regarding product attributes or utilitarian consequences of product usage, such as benefits
obtained (Xie et al. 2004). Compared to rational appeals, emotional appeals are more
absorbing and engaging and would have higher absorption potential to disrupt the
continual rehearsal processes of previous negative incidents or gratifying aspects of
previous positive incidents (e.g., Lee and Hong 2016). Since prior literature indicates that
individuals in a negative mood would prefer content that could disrupt this state, while
those in a positive mood would be more likely drawn to non-absorbing content or avoid
any additional media content altogether (e.g., Knobloch-Westerwick 2006), it is
predicted:

H2: Compared to consumers in a positive affective state, consumers in a negative
affective state would pay more attention to ads using emotional appeals.

Third, semantic affinity between an ad and a preexisting mood-inducing event is
another mood-impacting attribute of ads. As described before, individuals in a negative
mood tend to seek to disrupt the existing mood by selecting media content with no or
minimal semantic affinity with the events inducing the negative mood, while those in a
positive mood might seek to maintain prior mood by seeking media content with high
semantic affinity (e.g., Knobloch and Zillmann 2003; Wakshlag, Vial, and Tamborini
1983). Therefore, it is predicted:

H3: Consumers in a positive affective state would likely pay more attention to ads

with high semantic affinity with the prior event generating their affective state,

whereas those in a negative affective state would pay more attention to ads with
no or lower semantic affinity.
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Fourth, ads can be categorized into positive and negative valence in terms of the
hedonic valence of the ads. Research has demonstrated that individuals in a negative
mood would seek to disrupt the existing mood by selecting more positive-valenced media
content, whereas those in a positive mood might exhibit less of such preference (e.g.,
Biswas, Riffe, and Zillmann 1994; Knobloch 2003; Knobloch and Zillmann 2002;
Meadowcroft and Zillmann 1987; Zillmann, Hezel, and Medoff 1980). In addition, prior
eye-tracking research shows that participants induced into negative affect tended to pay
more attention to happy faces, suggesting the joint influence of participants’ affective
state and the emotional valence of the visual stimuli on visual attention (Sanchez et al.
2014). Therefore, this study hypothesizes:

H4: Consumers in a negative affective state would likely pay more attention to

positive-valenced ads, whereas those in a positive affective state would show no

such preference.
2. Impact of Consumers’ Affective State on Ad Processing and Ad Evaluation

As reviewed in detail in the previous chapter, prior research in the psychology and
consumer behavior fields has demonstrated that affective states tend to induce different
information processing style (e.g., Fredrickson 2003; Gasper and Clore 2002) and exert a
significant impact on object evaluation (Barone and Miniard 2002; Clore, Schwarz, and
Conway 1994; Forgas 1995, 2002). The general findings suggest that consumers in
positive affective states tend to use more global processing style (Fredrickson 2003),
engage in relational information processing that focuses on grouping individual pieces of
information into discrete larger categories according to similarity or generality of
information (Lee and Sternthal 1999), and think more creatively (e.g., Isen, Daubman,

and Nowicki 1987), while consumers in negative affective states tend to use more local
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processing style, engage in item-specific processing that focuses on specific individual
attributes of an object, and think less creatively (Fiedler et al. 2003; Lee and Sternthal
1999; Isen, Daubman, and Nowicki 1987). Therefore, it is expected that consumers’ ad
processing can be different depending on their affective state prior to or right at the point
of ad exposure.

In addition, the downstream effects of consumers’ affective states on their
evaluation of objects, persons, events, and brands have been well demonstrated in the
marketing and psychology fields (e.g., Barone and Miniard 2002; Clore, Schwarz, and
Conway 1994; Forgas 1995, 2002; Goldberg and Gorn 1987). The research findings
generally suggest that when consumers are in a positive affective state, they are more
likely to evaluate things more positively. Based on the previous research, this study
proposes the following hypotheses:

HS: When processing an ad, consumers in a negative affective state would likely

focus more on specific features of ads whereas those in a positive affective state

would likely focus on the totality of ads.

H6: Consumers in a positive affective state would show generally more positive
evaluation of ads than those in a negative affective state.
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CHAPTER 4
COMPUTATIONAL RESEARCH METHOD

Most of the previous studies on affective factors in advertising have used
experimental methods where affective states are either manipulated or measured by self-
report measurements, which rely on participants’ cognition (Knobloch 2006). While such
experimental methods have advantages in internal validity threat control, major
disadvantages are external and ecological validity issues and inability to measure and test
actual, real-time temporary affective fluctuation and its real-time impact on consumers’
attention and reactions to ads. Thanks to the opportunities brought by the availability of
massive social media data consisting of digital traces of human behavior, and emerging
tools and techniques to organize and analyze such datasets (boyd and Crawford 2012),
researchers are now able to study individual behavior in real time in a large scale in terms
of both data size and depth, and population diversity (Golder and Macy 2011).

In order to overcome the methodological limitations of prior research and to
advance theory building on the influence of affect on ad attention and processing, this
study devised a unique computational research approach to examine the effects of real-
time temporary affective states on attention and reactions to ads in a natural setting by
analyzing TV content data (both the TV program and accompanying ads) and Twitter
data of consumers’ tweets during the 2018 and 2019 Super Bowl broadcasting. Twitter, a
popular microblogging site that records short, time-stamped public messages from
hundreds of millions of consumers worldwide, has been increasingly used by
computational studies that attempt to analyze consumers’ psychological characteristics

and responses represented by certain proxy measures taken from consumer behavioral
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data (e.g., Golder and Macy 2011). Therefore, Twitter will serve as an ideal online social
network platform for the current study.

The reason for choosing the Super Bowl broadcast as the study’s context is
threefold: (1) in such a high-stakes sporting event, consumers’ affective states can
fluctuate frequently and extensively depending on the winning or losing of their affiliated
teams, which offers a great proxy measure for real-time affective state measurement; (2)
given that high-stakes sporting events are broadcast live and watched real-time across the
country (even the world), mass audience are exposed to the same set of nationally-
broadcast commercials, which provides a perfect opportunity for matching proxy
measures of real-time affective fluctuation and related ad responses captured from
massive social media data; and (3) brands spend millions of dollars on Super Bowl ads
hoping to catch consumers’ attention during this most-watched television event. The
Super Bowl broadcast is an advertising event as much as a sporting event, and ads placed
during the Super Bowl are simultaneously viewed by a massively large audience and tend
to spark a large volume of social media conversations in a short period of time, with
some consumers engaging in positive mentions while others contributing to the social
media firestorms.

1. Data Collection and Analysis Procedures

Two rounds of data collection were conducted for 2018 and 2019 Super Bowl
broadcasts to cross-validate the results and boost external validity. Three types of data
were collected for this study to compute proxy measures for the independent variable
(consumers’ real-time affective states) and dependent variables (real-time attention to

specific types of ads, and processing and evaluation of ads), and to determine mood-
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impacting characteristics of ads aired during the Super Bowl in order to classify ad types.
First, the air time schedule of the broadcast, including both the full Super Bowl game and
all of the commercial breaks, was obtained from nflfullhd.com
(https://www.nflfullhd.com/). Second, TV content data (both the game and
accompanying ads) were obtained. The Super Bowl game itself was analyzed for
determining each team’s performance (i.e., scoring) at the moment of each commercial
break, and the ads were analyzed for determining mood-impacting characteristics and
other attention-orienting features.

Third, viewers’ Twitter data were obtained using Twitter streaming API via the
AIDR tool (Imran et al. 2014). For each of the two Super Bowl games, a comprehensive
set of relevant keywords and hashtag search strings was developed for collecting all
relevant tweets (e.g., super bowl, superbowl, #SuperBowl, #SuperBowlILII, and
advertised brand names; see Appendix A for detailed information). Using the
keyword/hashtag set, all of the 2018 and 2019 Super Bowl-related tweets and Super Bowl
ad-related tweets posted between the start of the broadcast and midnight that day were
scraped. One point worth noting is that the AIDR tool collects all relevant tweets based
on a list of keywords and/or hashtags, not a random sample of Twitter stream.
Accordingly, the entire population data of 2018 and 2019 Super Bowl-related discourse
on Twitter were obtained for this project. The obtained Twitter data included each tweet’s
ID, content and timestamp (tweet posting time converted from the default UTC time to
CST time for the purpose of matching each tweet to ad air time), and the Twitter user ID

and profile location information of the associated account. After the completion of data
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collection, the scraped data were pre-processed to filter out irrelevant tweets or tweets
that did not originate from consumers (e.g., news organizations or corporations).

Content Analysis Approach for Mood-Impacting Characteristics of Ads

All the national commercials aired during the 2018 and 2019 Super Bowl
broadcasts (regional commercials were exposed only to limited regional viewers and
unavailable for data collection) were content-analyzed on the four dimensions of mood-
impacting characteristics of ads—excitatory potential, use of emotional (vs. rational)
appeal, semantic affinity and hedonic valence. The coding scheme and detailed coding
instructions were developed based on prior MMT research literature (e.g., Bryant and
Zillmann 1984). To code each ad on the mood dimensions, two undergraduate students
were hired and trained to serve as independent coders. During each of the three training
sessions, the two coders first reviewed the coding protocol and then were asked to code
nine commercials selected from the Super Bowl broadcasts prior to 2018. Afterwards,
any misunderstanding, misapplication, and disagreements that existed between the coders
were cleared up and brought to agreement. After three rounds of training sessions, the
coders went on coding all of the commercials aired during the 2018 and 2019 Super Bowl
broadcasts. Specifically, the two coders were asked to enter all coding data into an Excel
coding sheet that included links to each of the 2018 and 2019 Super Bowl commercials.
The coding scheme is included in Appendix B.

Excitatory potential of ads was coded using eight items (relaxing, stimulating,
arousing, unwinding, peaceful, exciting, emotionally involving and restful) on a seven-
point Likert-type scale ranging from (1) not at all to (7) extremely (Bryant and Zillmann

1984). Specifically, coders were instructed to indicate their answers to questions such as



54

“How relaxing is the commercial?” Intercoder reliability was tested using Krippendorft’s
alpha, and the intercoder reliability scores for seven of the eight items were found
acceptable: .94 (relaxing), .77 (stimulating), .82 (arousing), .93 (peaceful), .85

(exciting), .91 (unwinding), and .89 (restful). The intercoder reliability score for
emotionally involving was 0.54 and thus this item was excluded from data analysis. Then,
the measurement reliability was tested using a Cronbach’s alpha test (relaxing,
unwinding, peaceful and restful were reverse-coded). Upon confirming acceptable
measurement reliability (Cronbach’s o =.96), a summated excitatory potential score was
computed by averaging the seven individual item scores (M = 4.84, SD = 1.34). For
hypothesis testing, this summated score was used to classify each ad into either exciting
or soothing ad type category by using the scale middle point of 4 as the split point.
Commercials with scores higher than 4 were considered exciting ads and recoded as “1”,
while those with scores equal to or lower than 4 were considered soothing ads and
recoded as “2”.

For use of emotional (vs. rational) appeal, coders were instructed to indicate a
numeric value between 1 and 7 where 1 represents “purely emotional”, 4 represents “a
balance of emotional and rational”, and 7 represents “purely rational”, which is in
accordance with the approach used by Lang (1990). The intercoder reliability score
(Krippendorff’s alpha = .93) was acceptable. For hypothesis testing, this variable was
later recoded into a binary emotional/rational ad variable. Using the scale middle point of
4 as the splitting point, commercials with scores lower than 4 were categorized as
emotional ads and recoded as “1”, while commercials with scores equal to or higher than

4 were categorized as rational ads and recoded as “2”.
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For semantic affinity, coders were instructed to classify the overall theme of each
commercial into one of the three categories: football-themed as “1”, sport-themed (other
than football) as “2”, and non-sport-themed as “3”. The intercoder reliability score
(Krippendorff’s Alpha = .90) indicated a high level of intercoder reliability. This variable
was then recoded into a binary high semantic affinity/low semantic affinity ad variable:
commercials with either football-themes or sport-themes were categorized as “high
semantic affinity” and recoded as “1”, while commercials with non-sport-themes were
classified as “low semantic affinity” and recoded as “2”.

For hedonic valence, coders were instructed to code each commercial as being
negative (“1”), neutral (“2”), positive (“3”) or mixed (“4”) based on the overall tone or
feel of the commercial. The intercoder reliability score (Krippendorff’s Alpha = .89)
indicated a high level of intercoder reliability. Similarly, this variable was collapsed into a
binary positive/negative ad variable: commercials with “positive” valence were
categorized as “positive-valenced ads” and recoded as “1”, while commercials with

29 ¢

“negative” “neutral” or “mixed” values were classified as “non-positive-valenced ads”
and recoded as “2”.

In addition to the mood-impacting characteristics of ads, the presence/absence of
certain orienting cues in the commercials was also coded, since prior research identified
some significant influence of orienting-eliciting features in media content and structures
(i.e., specific aspects of media messages/stimulus feature) on viewers’ attention (e.g.,
Graham 1979; Lang et al. 1999; Thorson and Lang 1992). Specifically, the following ad

content features were coded: 1) use of fast-paced music (coded as “1”), slow-paced music

(coded as “2”), or no music (coded as “3”); 2) use of vivid/eye-catching images (coded as
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“1”") or no (coded as “0”); 3) use of loud sound or loud music (coded as “1”") or no (coded
as “07); 4) use of fast production pacing (coded as “3”), medium-pacing (coded as “2”),
or slow-pacing (coded as “1”); 5) use of a celebrity as the main spokesperson (coded as
“1”) or no (coded as “0”); and 6) use of unusual, unfamiliar, strange, or surprising
elements (coded as “1”’) or no (coded as “0”). Using Krippendorff’s alpha, intercoder
reliability tests were conducted and the results showed only one of the six variables met
the acceptable intercoder reliability level: Krippendorff’s alpha = .43 for use of fast-
paced music, .07 for use of vivid/eye-catching images, .09 for use of loud sound or loud
music, .11 for use of fast production pacing, .45 for use of unusual, unfamiliar, strange,
or surprising elements, and .74 for use of celebrity.

2. Variable Computations

Independent Variable: Consumers’ Affect

Affective fluctuation often occurs while viewing a high-stakes sports event such
as the Super Bowl, where viewers’ temporary affective states would be linked to the
performance of their affiliated teams. Thus, affective states of game viewers who tweet
during the broadcast can be inferred based on their team affiliation in conjunction with
the real-time scoring of competing teams.

In order to code Super Bowl viewers’ affective states, first, each viewer’s team
affiliation (i.e., for which team does each person cheer?) needs to be determined. For
determining viewers’ team affiliation (i.e., whether rooting for the New England Patriots
or the LA Rams in the 2019 Super Bowl and the New England Patriots or the
Philadelphia Eagles in the 2018 Super Bowl), three potential proxy measure approaches

were considered. First, one’s team affiliation could be determined by the self-identified
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profile location shared on Twitter (e.g., those identifying Boston as their profile location
can be categorized as New England Patriots fans). Second, one’s following one of the
two competing teams’ official Twitter account (@Patriots, @Eagles, or @RamsNFL), its
mascot’s official Twitter account (@PatPatriot, or @RampageNFL), or verified Twitter
accounts of the team’s players could serve as another appropriate proxy measure for team
affiliation. Third, the use of hashtags that had been approved and used in each team’s
official Twitter account or its mascot’s official account (i.c., #GoPats, #PatriotsNation for
New England Patriots, #FlyEaglesFly for Philadelphia Eagles, and #RamsHouse,
#LARams for Los Angeles Rams) could be considered as another potential proxy
measure of team affiliation.

Among the three possible proxy measurement approaches, the current study used
the first approach based on Twitter users’ self-identified profile location data because of
its efficiency and ease of implementation. To identify potential geographic locations
affiliated with each of the two competing teams for each year, this dissertation refers to
two geographic maps of NFL fandom that map out the cities and towns that are
considered each team’s fan base: 1) the 2014 NFL American fandom map provided by
Facebook (Meyer 2014), which was drawn based on Facebook users’ “liking” data
regarding NFL teams (classifying counties based on which team received the most
“likes” from each county); and 2) the 2018 NFL American fandom map provided by
SeatGeek (2018), which was based on the analysis of ticket purchasing behaviors of NFL
shoppers on their website.

The two maps converge on the geographic locations that are considered fan bases

for each of the two competing teams in 2018 Super Bowl game—New England Patriots
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and Philadelphia Eagles. Accordingly, the criterion for determining geographic locations
affiliated with each of the two competing teams in 2018 game was set as follows: 1)
geographic locations of the New England Patriot fan group are six states in the New
England area (Massachusetts, Maine, Vermont, New Hampshire, Connecticut and Rhode
Island); and 2) geographic locations of the Philadelphia Eagles fan group are Philadelphia
and surrounding cities that are parts of the Philadelphia metro area. Applying this
criterion, all of the Twitter accounts linked to the obtained 2018 tweet data, with self-
identified profile locations were manually checked to come up with an exhaustive list of
relevant geographic profile location words, as entered by individual Twitter users, in
connection to the pre-identified fan bases for each team (See Appendix C for a list of the
location words). Using this list of location keywords, tweets with self-identified profile
locations meeting the pre-determined team affiliation identification criterion were
screened and included in the 2018 Twitter data set for testing this study’s hypotheses.
The same procedure was also applied to the 2019 Twitter data to select tweets
posted by only those who support one of the competing teams. However, while both of
the 2014 and 2018 NFL American fandom maps were useful for identifying geographic
fan bases for Patriots and Eagles, the 2014 map raised issues for applying it to identify
fans of the LA Rams, one of the two competing teams in 2019 Super Bowl game along
with Patriots, because the Rams had been located in St Louis from 1995 to 2015, and just
moved back to LA in 2016. Therefore, the more recent 2018 NFL fandom map was used
for determining the geographic locations considered as fan bases for the Rams and the
following screening criterion was set: Santa Barbara county, CA, Ventura county, CA,

Los Angeles county, CA, Inyo county, CA, Esmeralda county, Nye county, Nevada, San
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Bernardino county, CA, Riverside county, CA, and Orange county, CA (See Appendix C
for the exhaustive list of profile locations used as screening criterion for 2019 Twitter
data). Using this screening procedure, only tweets with self-identified profile locations
meeting the team affiliation identification criterion for the Patriots and the Rams were
included in the 2019 Twitter data analysis.

Once the team-fan groups were identified and screened, the next step in
computing the independent variable, viewers’ affective states, was matching the
abovementioned proxy measure for team affiliation (e.g., the profile location data of
consumers who tweeted during the Super Bowl broadcast) and real-time scoring of the
competing teams. Specifically, when there is a scoring right before a commercial break,
Twitter users whose profile locations were indicative of rooting for the team that just
scored would be considered to be in a positive affective state, while Twitter users whose
profile locations were indicative of rooting for the competing team would be considered
to be in a negative affective state. For example, right after the Eagles scored a
touchdown, Twitter users whose location profile indicated Philadelphia were likely to
experience a positive affect, while Twitter users whose location profile indicated Boston
were more likely to be in a negative affective state. Based on such a matching procedure,
each fan group’s changing affective states were coded throughout the game. For
commercial breaks immediately following a play with no scoring, affective states of
Twitter users were coded based on the score as of when the commercial break came on.
Specifically, if one team was in the lead when a commercial break came on, Twitter users
whose profile locations were indicative of rooting for that team were considered in a

positive affective state. Similarly, when the game was tied when a commercial break
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came on, a neutral affective state was assigned to supporters of both teams. Thus, for
each commercial break, this variable was coded (1) positive affective state, (2) neutral, or
(3) negative affective state. Following this approach, the real-time affective fluctuation
data were computed for the entire duration of each Super Bowl broadcast.

Dependent Variables: Attention to Ads, Ad Processing and Ad Evaluation
Attention to Ads. In the computational research approach relying on digital
footprint data left by consumers’ online behaviors, researchers have been developing new
methods of data analysis for the purpose of expanding existing theories and making new

data-driven discoveries (Humphreys and Wang 2018; Kosinski, Stillwell, and Graepel
2013; Lazer and Radford 2017). Utilizing online behavioral data for theory testing entails
mapping a theoretical construct to available and appropriate behavioral indicators or
proxy measures, as it is impossible to find a direct measure indicating abstract concepts
like attention (Huh 2017; Humphreys and Wang 2018).

As mentioned in the Literature Review section on attention, the common proxy
measure used by internet businesses for consumer attention has been click-through
behaviors (Bragge, Sunikka and Kallio 2013; Tam and Ho 2005; 2006). However, such
an approach cannot be applied to assessing consumers’ offline ad exposure and attention.
Alternatively, attention could be captured and examined from available textual data
online (Humphreys and Wang 2018). As argued by Humphreys and Wang (2018),
language or text could represent the cognitive components of attention because “when
consumers are thinking of or attending to an issue, they tend to express it in words” (p.
1279). Thus, attention can be examined through language analysis, particularly the

linguistic dimension of semantics, namely the meaning of word that is explicit in
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linguistic content (Humphreys and Wang 2018). Following this approach, the current
study takes a unique approach to developing a proxy measure indicating relative attention
to different ads within a commercial break exposed to groups of viewers at the aggregate
manner based on analysis of ad-related tweets posted during the commercial break.

This approach is built on two assumptions: (1) while no tweet about an ad does
not necessarily mean the ad did not get any attention, a tweet about a particular ad
necessarily means at least some attention was paid to the ad; and (2) while there could be
variations in posting or not posting any ad-related tweets across different individuals and,
thus, such data would be a poor proxy indicator of an individual’s attention to an
individual ad, at the aggregate level (i.e., for the entire group of Patriots’ fans vs. Eagles’
fans) the chance for posting or not posting any ad-related tweets could be considered
random and equal between the two groups. For example, in this study’s context, given
five different ads airing during a commercial break, with two being exciting ads and three
being non-exciting ads, if one group of viewers with relatively more positive affective
state posted relatively more tweets about the two exciting ads than about the three non-
exciting ads, at the aggregate level, we could take such data as a proxy measure
indicating relatively higher attention to exciting ads than to non-exciting ads for this
group. Thus, a proxy measure for relative attention to different types of ads classified
according to mood-impacting characteristics was taken by analyzing each team-affiliated
consumer’s time-stamped tweets regarding ads aired during each commercial break.

Ad Processing. A proxy measure for indicating different ad processing styles was
computed by analyzing the content of tweets about ads, applying the conceptual

framework of the content analysis approach commonly used in the cognitive processing
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and thought-listing technique (i.e., is the tweet focusing on the totality of an ad or specific
elements or features?). Specifically, a machine-coded content analysis of tweets was
performed using Linguistic Inquiry and Word Count (LIWC), a well-established text
mining software developed to assess emotional, cognitive, and structural components of
text data using a psychometrically validated internal dictionary commonly used in the
psychology and linguistics fields (e.g., Berger and Milkman 2012; Larrimore et al. 2011;
Markowitz and Hancock 2016; Newman, Pennebaker, Berry and Richards 2003;
Tausczik and Pennebaker 2010). With the rising availability of social media data, LIWC
has been increasingly used to analyze tweets data as well (e.g., Golder and Macy 2011).
The linguistic operationalization of concreteness/abstractness used in this
dissertation follows the common approach used in the computational linguistics field—
the sum of the LIWC scores for articles (e.g., a, an, and the), prepositions (e.g., at, on, in,
after, unless, and except), and quantifiers (e.g., a lot, many, more, less, and significant) in
a text (e.g., Larrimore et al. 2011; Markowitz and Hancock 2016; Newman et al. 2003),
which are three linguistic dimensions that are considered to reflect concreteness and are
linked to more contextualized and detailed representations of objects (Larrimore et al.
2011). These three linguistic dimensions were considered as capturing the concreteness
of a text because articles make references to nouns, prepositions denote relationships
between objects and people, and quantifiers present the extent of difference between
objects (Markowitz and Hancock 2016). A high concreteness score, thus, suggests that
the language in a text is more descriptive, specific and less abstract than text with a low

concreteness score.
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Accordingly, the linguistic content of each tweet was checked against an internal
dictionary (LIWC 2015 English dictionary) and grouped into predefined linguistics
categories and subcategories. Among all the 13 available linguistic categories (68
subcategories), three subcategories that were directly related to the
abstraction/concreteness of a text (articles, prepositions, and quantifiers) and another
category of word count were included in the analysis. The LIWC output presented the
percentage of total words in a tweet that belonged to each category. Following the
abovementioned approach, a concreteness index was computed by taking the sum of the
LIWC scores for articles, prepositions, and quantifiers. Word count computed by the
LIWC was included as a control variable in the hypothesis testing since longer tweets
may be more likely to contain more details or simply more likely to contain more
information.

Ad Evaluation. For ad evaluation, this study followed the computational
sentiment analysis approach to determine the sentiment orientation (positive, neutral, and
negative) in a tweet. The sentiment of each ad-related tweet was analyzed using two main
Python-programming-based computational sentiment analysis approaches used in the
business and communication fields (Lahuerta-Otero and Cordero-Gutierrez 2016). There
are two main sentiment analysis approaches used by prior research: a lexicon-based
approach and a machine-learning approach (Lahuerta-Otero and Cordero-Gutierrez
2016). While a lexicon-based approach analyzes adjectives in text and assign polarity
scores to the text based on a sentiment lexicon, a machine-learning approach classifies

words based on pre-trained textual data that were already labeled.
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For the purpose of cross-validating and comparing the two approaches to generate
methodological insights for future computational sentiment analysis work, this study
attempted both approaches on a total of 885 tweets from 2018 Twitter data that were
identified to be affiliated with one of the two competing teams based on profile location
data. Before performing the sentiment analysis, each tweet was pre-processed as follows.
URLs, Twitter handles (e.g., @willsmithpro), phone numbers, numbers, emails,
punctuations, and Super Bowl-related hashtags (e.g., “superbowl52”, “superbowllII”,
“superbowlsunday’”, “super bowl 111", “superbowllii”’) that were irrelevant to evaluation
of ads were removed and replaced with space.

First, a lexicon-based approach (mechanism illustrated in Figure 1) was
performed using TextBlob, a Python library for processing textual data, which analyzes
adjectives in text and assign polarity scores (numeric values between [-1, 1]) to the text
based on a sentiment lexicon derived from online movie review data. Specifically,
TextBlob API was used to query lexicon to calculate the polarity score of each tweet. The
polarity scores of each text unit was the normalized value of all the adjectives in the text.
Among all of the 885 tweets, 115 tweets were classified as negative and 770 tweets
(87%) were classified as positive. As shown in the distribution of polarity of tweets
below (Figure 2), most of the polarity scores lie close to 0, indicating that many of the
positive or negative adjectives provided in the lexicon were not found in the majority of
Super Bowl-related tweets. Since the lexicon models used in this approach is derived
from longer textual discourse (i.e., movie review data), it might not be optimal for

analyzing tweet data, which are typically shorter and under 140 characters.
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Figure 1. Mechanism of lexicon-based approach

sentiment_tblob sentiment_naive_p_prob

400 140 4
[} [}

T 301 S 120 -
o 200 o

Z 2 100 1
Y Y
8 250 - 8

8 200 38 ]

£ E .
> 150 1 5
P p4

100 07

50 20 1

0- 04

-1.00 -0.75 -0.50 -0.25 000 025 050 075 0.0 02 04 06 08 10

Polarity scores Polarity scores

Figure 2. Comparison between lexicon-based approach and Naive Bayes machine-
learning approach in terms of the distribution of polarity scores

Second, a supervised machine-learning approach using the Naive Bayes
probabilistic model (mechanism illustrated in Figure 3) was performed, which classified
words based on pre-trained textual data that were already labeled (i.e., trained on movie
review data). Specifically, TextBlob Naive Bayes Analyzer was used to compute polarity
scores. Rather than calculating the normalized polarity scores, this supervised machine-

learning approach calculates the probability of each word being categorized as positive or
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negative, and returned the classification of each tweet as either positive (coded as 1) or
negative (coded as 0), as well as the probability of each tweet being categorized as
positive or negative. Among the total number of 885 tweets, 575 tweets were classified as

negative and 310 tweets (35%) were classified as positive.

Naive Bayes
TWEET Model

query

generate

Figure 3. Mechanism illustration of a Naive Bayes approach trained on movie review
data

As shown in the comparison between the distribution of polarity of tweets
generated by the two analysis approaches (Figure 2), while both analysis approaches
were trained on movie review data, the lexicon-based approach tended to over-classify
tweets as positive, while the Naive Bayes approach returned more balanced and less
biased representation of polarity scores. Since the lexicon-based approach also has the
limitation of neglecting the context and structure of the text, this study adopted the
machine-learning approach, using the Naive Bayes probabilistic model.

After the decision was made to use the Naive Bayes machine-learning approach,
given the structural differences between movie review textual data and tweets, the Naive

Bayes machine-learning approach was trained further on a publicly available dataset of
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over 1.4 million tweets (mechanism shown in Figure 4). This tweet dataset (i.e.,
sentiment140 dataset) was pre-labeled (0 = negative, 2 = neutral, 4 = positive) and can be

used to detect sentiment of tweets (http://help.sentiment140.com/for-students).

Specifically, Scikit-learn Naive Bayes Analyzer was used to derive polarity scores. From
this procedure, among the total number of 885 tweets, 260 tweets were classified as

negative and 625 tweets (70.6%) were classified as positive, suggesting a more balanced
representation of the polarity scores. Thus, this enhanced machine-learning approach was

used to analyze this study’s tweet data for computing ad evaluation scores.

Naive Bayes
TWEET Model

query

generate

Figure 4. Enhanced Naive Bayes machine-learning approach trained on Twitter data
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CHAPTER 5
RESULTS
1. Descriptive Statistics from the Super Bowl Ad Content Analysis
For 2018 Super Bowl broadcast, there were 83 commercials in total (all of the
commercials were accessible through the iSpot.tv website

https://www.ispot.tv/events/2018-super-bowl-commercials) and 26 commercial breaks

(25 commercial breaks during the game broadcast of 3 hours and 45 minutes and one
commercial break right after the game time ended). The length of 2018 Super Bowl
commercials ranged from 10 seconds to 90 seconds, with the majority of commercials
lasting for 30 seconds.

The results of the content analysis of the 2018 Super Bowl commercials to
determine ad types along the four dimensions of mood-impacting characteristics are
presented in Table 2. The descriptive data show some interesting patterns about the
commercials. In terms of the ads’ excitatory potential, the Super Bowl commercials
tended to be more exciting (81.9%) than soothing (18.1%). Between the emotional and
rational appeals, a large majority of the commercials were found to use emotional appeals
(83.1%). In terms of the level of semantic affinity with the Super Bowl game, while
almost three quarters of the commercials were not related to any sports themes (73.5%),
some commercials used sports-related themes (either football or sports in general) to
appeal to the game viewers (26.5%). About three quarters of the commercials used
positively-valenced tones (73.5%). Generally, Super Bowl commercials were placed in
relatively frequent and short commercial breaks, with about three commercials on

average in each break.



Table 2

Descriptive statistics from the 2018 Super Bowl ad content analysis

Use of emotional

Excitatory potential (vs. rational) appeal Semantic affinity Valence Total
Exciting  Soothing Emotional  Rational High Low Positive  Non-positive
" (%) 68 15 69 14 22 61 61 22 83
(81.9%) (18.1%) (83.1%) (16.9%) (26.5%) (73.5%) (73.5%) (26.5%)
Commercial break 1 2 0 1 1 2

Commercial break 2
Commercial break 3
Commercial break 4
Commercial break 5
Commercial break 6
Commercial break 7
Commercial break 8
Commercial break 9
Commercial break 10
Commercial break 11
Commercial break 12
Commercial break 13
Commercial break 14
Commercial break 15
Commercial break 16
Commercial break 17
Commercial break 18
Commercial break 19
Commercial break 20
Commercial break 21
Commercial break 22
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Use of emotional

Excitatory potential (vs. rational) appeal Semantic affinity Valence Total
Exciting  Soothing ~ Emotional Rational High Low Positive ~ Non-positive
Commercial break 23 2 1 3 0 2 1 3 0 3
Commercial break 24 2 0 2 0 2 0 2 0 2
Commercial break 25 2 2 2 2 1 3 3 1 4
Commercial break 26 3 1 2 2 2 2 2 2 4

70
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For 2019 Super Bowl broadcast, there were 95 nationally-aired commercials in
total (all of the commercials were accessible through the iSpot.tv website

https://www.ispot.tv/events/2019-super-bowl-commercials) and 27 commercial breaks

(26 commercial breaks during the 3 hours and 44 minutes of game broadcast and one
commercial break right after the game time ended). The length of 2019 Super Bowl
commercials ranged from 5 to 120 seconds, with the majority of commercials lasting for
30 seconds. The descriptive data about the ad types along the mood-impacting
characteristics showed a similar pattern of frequency and percentage of different types of

commercials as those found in the 2018 Super Bowl ad content analysis (see Table 3).



Table 3

Descriptive statistics from the 2019 Super Bowl ad content analysis

Use of emotional

Excitatory potential (vs. rational) appeal Semantic affinity Valence Total
Exciting Soothing Emotional Rational High Low Positive  Non-positive
" (%) 58 37 72 23 14 81 71 24 95
(61.1%) (38.9%) (75.8%) (24.2%) (14.7%) (85.3%) (74.7%) (25.3%)
Commercial break 1 3 1 4

Commercial break 2
Commercial break 3
Commercial break 4
Commercial break 5
Commercial break 6
Commercial break 7
Commercial break 8
Commercial break 9
Commercial break 10
Commercial break 11
Commercial break 12
Commercial break 13
Commercial break 14
Commercial break 15
Commercial break 16
Commercial break 17
Commercial break 18
Commercial break 19
Commercial break 20
Commercial break 21
Commercial break 22
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Use of emotional

Excitatory potential (vs. rational) appeal Semantic affinity Valence Total
Exciting Soothing Emotional Rational High Low Positive Non-positive
Commercial break 23 0 3 2 1 0 3 2 1 3
Commercial break 24 2 0 2 0 0 2 1 1 2
Commercial break 25 3 0 3 0 2 1 3 0 3
Commercial break 26 3 0 2 1 0 3 2 1 3
Commercial break 27 2 2 2 2 0 4 4 0 4
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2. Descriptive Statistics from the Twitter Data

2018 Super Bowl Tweet Data

For the 2018 Super Bowl, a total of 44,999 Super Bowl-related tweets were
collected during the timeframe between the start of the game and midnight, among which
32,356 tweets contained self-identified profile location information of the tweet posters.
As mentioned before, only tweets identified to be affiliated with one of the competing
teams were used for hypotheses testing. Among the tweets with profile location
information, 885 tweets were identified to be affiliated with one of the competing teams.

From the Super Bowl-related tweets, a subset of ad-related tweets was generated.
In order to screen in ad-related tweets, a complete list of keywords was developed based
on an extensive and careful screening of all the 2018 Super Bowl commercials (see
Appendix D for the keywords list). Specifically, the criteria used to identify ad-related
keywords included: “ad”, “commercial”, all the advertised brand names and movie titles,
“advertising”, celebrities appeared in the ads, cultural symbols (e.g., scenes from classic
movies such as “Jurassic Park” and “Dirty Dancing”, classical songs such as “stand by
me”’, Tom T. Hall’s “I Like Beer”, and “(I’ve had) the time of my life” and “we will rock
you,” MLK used in the Ram ad, and DeLorean used in Pepsi’s commercial, etc.), voice
over or VO. Summary descriptive statistics of Twitter data for 2018 and 2019 are

presented in Table 4.
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Table 4

Descriptive statistics of Twitter data

2018 2019
New . . New Los
England Phléadilphla Total England Angeles Total
Patriots agles Patriots Rams
Number of SB-related 470 415 885 12468 21,704 34172
tweets
Number of ad-related tweets 36 23 59 970 2,108 3,078
Number of Twitter accounts
associated with SB-related 438 388 826 7,797 14,829 22,626
tweets
Number of Twitter accounts
associated with ad-related 36 22 58 830 1,800 2,630

tweets
Note: Time frame for the collected tweets are 5:30 pm CST to 12:00 am CST on the Super Bowl day.

Out of all of the Super Bowl-related tweets, only 6.7% in 2018 and 9.0% in 2019
were related to ads, which indicates that, compared to a quite large volume of tweets
about the game itself, tweets about ads are very limited in numbers. Another noteworthy
pattern from both 2018 and 2019 tweet data is that the number of Twitter accounts linked
to the posted tweets was close to the number of posted tweets: In 2018 the ratio of the
number of accounts that posted any Super Bowl-related tweets to the number of tweets
was about 1 to 1.07, and in 2019 it was about 1 to 1.51. These data indicate that most of
the individuals watching Super Bowl games do not tend to engage in tweeting activities
during or after the game, and, if they post anything, it tends to be one-time rather than
frequent posting.

To further explore the pattern of the Super Bowl-related tweets, the valence of
tweets was analyzed and word cloud patterns for positive and negative tweets were drawn
using a python package called WordCloud. Among the 2018 Super Bowl-related tweets,

260 tweets (29.4%) were categorized as negative while the rest of 625 tweets (70.6%)
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were positive. The word cloud patterns presented in Figures 5 and 6 reveal that, while
“Super Bowl” and the competing team names were most prominent words in both
positive and negative tweets, which is not surprising, “commercial” was also one of the

commonly-appearing words in both positive and negative tweet groups.

super bowl"

tom brady

U

phiru/commercial

halftime show

sblii yea

Figure 5. Word cloud of positive tweets in 2018 Twitter data
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Figure 6. Word cloud of negative tweets in 2018 Twitter data

After examining the overall patterns of the Super Bowl-related tweets, the tweets
were further processed and filtered for hypotheses testing, which will use only ad-related
tweets. Using the abovementioned ad-related filtering keywords, 59 ad-related tweets
were identified for 2018 Super Bowl broadcast. Upon careful checking of the ad-related
tweets, it was found that some tweets included mentions of more than one ad and, thus,
for hypotheses testing each ad-related mention was used as a unit of analysis, rather than
each ad-related tweet. To be more specific, if a tweet mentioned two ads, two ad-related
mentions were counted. As a result, there were 61 ad-related mentions in the 2018
Twitter dataset.

A closer look at the ad-related mentions revealed that 30 ad-related mentions were
irrelevant and were excluded from hypotheses testing: 1) ad-related mentions included in
21 retweets were dropped because the retweeting behavior would not likely be indicative

of actual attention paid to a particular commercial, but reactions to tweets posted by
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others (e.g., news sources and influencers); 2) seven ad-mentions that did not originate
from consumers (i.e., “CONFIRMED: A 30-second TV spot for #AvengersInfinityWar
will air in the 21st commercial break of tonight’s Super Bowl, which will likely be during

the third quarter! https://t.co/74fVGo0OoR”) were dropped; and 3) three irrelevant ad-

mentions that were not related to brands advertised during the Super Bowl broadcast
(e.g., the word “monster” used in the tweet did not refer to the brand “Monster”
advertised in the commercial break) were also dropped. Then, three more tweets were
excluded for the following reason: either 1) the ad mention commented about Super Bowl
commercials in general, which cannot be linked to specific ads and was disqualified for
attention-related hypotheses testing; or 2) it was impossible to identify any specific ad the

ad mention was referring to (e.g., Great commercial, wrong product.

https://t.co/VvqrAaD8ZI). Therefore, a total of 28 ad-related mentions in 2018 Twitter
data were used for hypotheses testing. A detailed summary of descriptive statistics of

2018 and 2019 Twitter data by commercial break is presented in Table 5.
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Descriptive statistics of Twitter data by commercial break
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Number of ad-related mentions

Number of ad-related mentions

Corlr;reljlimal in 2018 in 2019
P E Total P R Total

1 0 0 0 18 26 44
5 0 0 0 16 37 53
5 0 0 0 5 12 17
5 0 0 0 62 125 187
; 0 0 0 28 54 82
9 I I 2 9 12 21
10 0 0 0 10 21 31
" 7 I 8 25 22 47
12 | 0 1 19 29 48
13 0 1 1 16 31 47
14 0 0 0 1 7 8

15 1 1 2 0 0 0

16 3 2 5 19 42 61
17 1 0 ! 2 12 14
8 | 0 1 11 20 31
19 0 0 0 5 9 14
21 0 1 1 0 0 0

29 0 0 0 23 32 55
23 0 0 0 27 46 73
26 0 0 0 9 8 17
27 N/A N/A N/A 1 1 2

Note: P stands for New England Patriots; E stands for Philadelphia Eagles; R stands for Los Angeles Rams.

2019 Super Bowl Tweet Data

For the 2019 Twitter data, a total of 972,003 Super Bowl-related tweets were

collected during the timeframe between the start of the game and midnight, among which

695,207 tweets contained self-identified profile location information. Among those

tweets, 34,172 tweets were identified to be affiliated with one of the competing teams.

With these tweets, the same approach used for the 2018 dataset was applied to examine

the overall pattern of the 2019 tweets.
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Among all of the 2019 Super Bowl-related tweets, a total of 12,586 tweets
(36.8%) were negative while the rest of 21,658 tweets (63.2%) were positive. A closer
look at the word clouds generated for both positive and negative tweet groups indicate

that “commercial” again appeared frequently in both positive and negative tweets, as

shown in Figure 7 and 8.
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Figure 7. Word cloud of positive tweets in 2019 Twitter data
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Among the tweets that contained self-identified profile location information, after
using a set of filtering keywords, 3,078 ad-related tweets were identified for 2019 Super
Bowl. Similar to the data processing approach used for the 2018 tweet data, after
identifying tweets mentioning multiple ads, a total of 3,119 ad-related mentions were
used for hypothesis testing. A closer look at the ad-related mentions revealed that 1,948
ad-related mentions were irrelevant and they were excluded from hypotheses testing: 1)
ad-related mentions included in 856 retweets were dropped; 2) 178 tweets that did not
originate from consumers and 188 tweets that appeared repetitively (i.e., exactly same
tweet appearing more than once) were dropped; and 3) additional 726 irrelevant tweets
were excluded because they either commented on commercials that did not air during the

Super Bowl broadcast or commented on the brands or products with no association to any
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of the aired ads. As a result, a total of 1,095 ad-related mentions were used for
hypotheses testing.

Before moving to the hypotheses testing, it should be noted that there was a large
difference in the size of the Super Bowl-related tweet data between 2018 and 2019. This
difference was due to the use of different number and types of keywords used for
gathering the 2018 and 2019 Super Bowl-related and Super Bowl ad-related tweets.

3. Hypotheses Testing

For testing the hypotheses, the initial data analysis plan was setting up the data set
for individual viewers as the case unit and entering their affective state for each of the
commercial breaks. However, due to the extremely low frequency of tweeting on an
individual level (as mentioned earlier and shown in Table 4, the number of Super Bowl-
related tweets by each person during the whole game was close to one), the data analysis
plan was changed to set up the data set with each team group for each commercial break
as the case unit. Thus, the hypotheses were tested at the aggregate level by comparing
two teams’ fan groups at each commercial break.

To prepare the Twitter data for hypotheses testing, the following steps were
followed. The first step was identifying the specific commercial break to which each
mentioned ad belonged. Initially an automatic classification approach was considered to
match ad-related mentions to appropriate commercial breaks based on each tweet’s time
stamp. However, this approach was discarded because it was found that tweet posting
behavior was often time-lagged and did not necessarily happen simultaneously with the
real-time ad exposure, which invalidates the use of tweet posting time to automatically

locate a matching commercial break. Therefore, content of each ad-related mention was
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manually checked to identify the ad or brand mentioned in the content, which can be then
used to track the specific commercial break to which the mentioned ad belonged. If the
brand mentioned in the tweet aired multiple duplicate ads, the mention was attributed to
the most recently aired one.

Second, commercial breaks were screened to select only those meeting the
following criteria for inclusion in hypotheses testing: 1) being commented upon (i.e.,
having at least one tweet mentioning ads aired in that commercial break); and 2)
containing variation in ad type variables (e.g., including both exciting and soothing ads
for the excitatory potential variable). For example, when testing the relation between
viewers’ affect and attention to exciting ads, commercial breaks that contained only one
type of ads (either soothing ads only or exciting ads only) and/or were not commented
upon in any tweet, were not included for hypothesis testing.

Third, for each of the commercial breaks that met the abovementioned criteria, the
following dependent variables were computed for testing H1-H4 respectively for each
team-affiliated group: 1) percentage of mentions about exciting ads out of all ad-related
mentions in each commercial break; 2) percentage of mentions about emotional ads out
of all ad-related mentions; 3) percentage of mentions about high semantic affinity ads out
of all ad-related mentions; and 4) percentage of mentions about positively-valenced ads
out of all ad-related mentions. For H5 (ad processing) and H6 (ad evaluation) hypotheses,
the unit of analysis used for hypotheses testing was each ad-related mention, instead of
each team-affiliated group.

H1: Attention to Exciting vs. Smoothing Commercials. H1 predicted that

consumers in a positive affective state would likely pay more attention to more exciting
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ads compared to consumers in a negative affective state. To test this hypothesis, each
team-affiliated group’s percentage data indicating the relative proportion of mentions
about exciting ads (vs. soothing ads) across different commercial breaks were analyzed,
with the overlay of each group’s fluctuating affective states, for the duration of the Super
Bowl game.

Figures 9 and 10 show this data pattern for 2018 and 2019 Twitter data
respectively, with the x-axis representing the specific commercial breaks that contained
both exciting and non-exciting ads and the y-axis representing the percentage of mentions
about exciting ads for each group at each specific commercial break. The affective state
of each group at each specific commercial break was illustrated using colored dot marker
based on the real-time scoring of the two competing teams. The fan group being in a
positive affective state at any given time was indicated by a green dot marker, the fan
group being in a neutral affective state was indicated by a grey dot marker, and the fan
group being in a negative affective state was indicated by a red dot marker. Each fan
group’s line movement illustrates the fluctuation of the percentage of mentions about
exciting ads across commercial breaks under different affective states. For instance, in
Figure 9, in commercial break #12, the data pattern indicates that the Patriots fan group
that was deemed to be in a positive affective state (because the Patriots team was
winning) had higher percentage of mentions about exciting ads than did the Eagles fan
group that was considered to be in a negative affective state.

In the 2018 data shown in Figure 9, there were a total of five commercial breaks
that contained both exciting ads and non-exciting ads and were included in the data

analysis. The two fan groups displayed distinct patterns of percentages of mentions about



85

exciting ads across the five commercial breaks. A closer look at the distribution patterns
of the two groups shows that the group in a positive affective state had higher percentage
of exciting ads mentioned than did the group in a negative affective in two out of the five
commercial breaks, which is in line with the hypothesis. However, for two other
commercial breaks, the group in a positive affective state had lower percentage of
exciting ads mentioned than did the group in negative affective states. Therefore, the
2018 Twitter data yielded no clear support for H1. However, this finding should be
interpreted with caution given the extremely small number of only 28 ad-related mentions

in the 2018 Twitter data set.
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Figure 9. Between-group comparison of percentages of mentions about exciting ads
(2018)

Note: The distribution of the Patriots fan group’s percentages of mentions about
exciting ads across commercial breaks is illustrated in a solid grey line, while the
distribution of the Eagles fan group’s percentage data is illustrated in a dashed grey line.
Each group’s affective state at each particular commercial break is indicated by a colored
dot marker, with red dot marker indicating negative affective state and green dot marker
indicating positive affective state.
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In the 2019 Twitter data, as shown in Figure 10 below, there were 17 commercial
breaks that contained both exciting ads and non-exciting ads and were included in the
data analysis. Among the 17 commercial breaks, there were 12 commercial breaks in
which one of the fan groups was in positive affective state while the other fan group was
in negative affective state, and five commercial breaks in which both fan groups were in
neutral affective state. The average percentage of mentions about exciting ads was 65%
for the groups in positive affective states, 92% for the groups in neutral affective states,
and 57% for the groups in negative affective states, indicating that those in positive
affective states paid more attention to exciting ads compared to those in negative
affective states.

A further closer look at the fluctuation of the distribution of each group’s
percentages of mentions about exciting ads reveals that the group in positive affective
state had higher percentage of exciting ads than did the group in negative affective state
in half of the 12 commercial breaks in which one of the fan groups was in positive
affective state while the other was in negative affective state (i.e., commercial break #8,
#13, #14, #16, #18 and #19), yielding support for the hypothesis. Among the remaining
six commercial breaks, for three breaks (i.e., commercial break #9, #12 and #20) the fan
group in negative affective state had higher percentage of exciting ads than did the group
in positive affective state, and for the other three commercial breaks (i.e., commercial
break #11, #17 and #27) both groups had the same percentage of exciting ads. In the 2019
tweet data, there are some mixed patterns emerging, but taken together, the finding that
about half of the tested commercial breaks showed patterns consistent with the hypothesis

is noteworthy and seems to support H1.
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H2: Attention to Emotional vs. Rational Commercials. H2 predicted that
consumers in a negative affective state would likely pay more attention to ads using
emotional appeals compared to consumers in positive affective states. To test this
hypothesis, each team-affiliated group’s percentage data indicating the relative proportion
of mentions about emotional ads (vs. rational ads) across different commercial breaks
were analyzed, with the overlay of each group’s fluctuating affective states, for the
duration of the Super Bowl game.

Figures 11 and 12 show this data pattern for the 2018 and 2019 Twitter data
respectively, with the x-axis representing the specific commercial breaks that contained
both emotional and rational ads and the y-axis representing the percentage of mentions
about emotional ads for each group at each specific commercial break. The affective state
of each group at each specific commercial break was again illustrated using colored dot
marker based on the real-time scoring of the two competing teams. Each fan group’s line
movement again illustrates the fluctuation of the percentage of mentions about emotional
ads across commercial breaks under different affective states. For instance, in Figure 11
for commercial break #8, the data pattern indicates that the Patriots fan group that was in
negative affective state had higher percentage of mentions about emotional ads than did
the Eagles fan group that was in positive affective state.

In the 2018 data shown in Figure 11, there were a total of five commercial breaks
that contained both emotional ads and rational ads and were included in the data analysis.
Even though the distributions of the percentages of mentions about emotional ads across
the five commercial breaks from the two fan groups converge in three of the commercial

breaks, the average percentage of mentions about emotional ads across the five
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commercial breaks was higher (80%) for the group in negative affective state and lower
(40%) for the group in positive affective state. A closer look at the fluctuation of the
distribution patterns shows that the group in a negative affective state had higher
percentage of emotional ads mentioned compared to the group in positive affective state
in two of the five commercial breaks. For the remaining three commercial breaks, the two
groups showed similar percentages. Taken together, this data pattern depicts a picture that
is generally consistent with the hypothesis that consumers as a group in negative affective
states paid relatively more attention to emotional ads compared to consumers in positive
affective states. Therefore, the 2018 Twitter data yielded support for H2. However, given
the limited number of ad-related tweets in the 2018 Twitter data, the results need to be

interpreted with caution.
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Figure 11. Between-group comparison of percentages of mentions about emotional ads
(2018)
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As for the 2019 Twitter data shown in Figure 12 below, there were 18 commercial
breaks that contained both emotional ads and rational ads and were included in the data
analysis. Out of the 18 commercial breaks, for 12 commercial breaks the two fan groups
differed in terms of their affective states, but for the remaining six commercial breaks
both fan groups were considered in neutral affective state. The fluctuation of the
distribution patterns demonstrates a less converging pattern.

To be more specific, the group in a negative affective state had higher percentage
of emotional ads mentioned than did the group in positive affective state in five of the 12
commercial breaks (i.e., commercial break #8, #9, #10, #11and #12, which all occurred
before the half time of the game), which is consistent with the hypothesis; however, for
three commercial breaks (i.e., commercial break #16, #17 and #19), the group in a
negative affective state had lower percentage of exciting ads than did the group in
positive affective state. For the remaining four commercial breaks (i.e., commercial break
#14, #20, #26 and #27), both negative and positive affective state groups had the same
percentage of exciting ads. It is worth noting that, even though the 2019 data did not yield
a completely consistent pattern, more commercial breaks showed a pattern as predicted in
the hypothesis. Taken together, the data pattern seems to provide reasonable support for

H2.



Percentages of Mentions about Emotional Ads

100%

90%

o}
Q
X

~
Q
X

=2}
Q
X

v
Q
X

N
Q
ES

w
Q
X

N
o
xR

10%

0%

CB1

cB3

H2: Attention to Emotional Ads

80.0%

22.2%

8.0%
0.0%
cB4 cB6 cBs B9  CB1O CB11 (CB12 CB14 (CB16 (CB17 (CB19 CB20 CB22 (CB23  CB26
Commercial Breaks

Figure 12. Between-group comparison of percentages of mentions about emotional ads (2019)

CB27

Patriots
----- Rams
POS
® NEU
® NEG

91



92

H3: Attention to High Semantic Affinity vs. Low Semantic Affinity
Commercials. H3 predicted that consumers in a positive affective state would likely pay
more attention to ads with high semantic affinity compared to consumers in a negative
affective state. To test this hypothesis, each team-affiliated group’s percentage data
indicating the relative proportion of mentions about high semantic affinity ads (vs. low
semantic affinity ads) across different commercial breaks were analyzed, with the overlay
of each group’s fluctuating affective states, for the duration of the Super Bowl game.

Figures 13 and 14 show the distribution of each group’s percentages of mentions
about high semantic affinity ads in 2018 and 2019 Twitter data respectively, with the x-
axis representing the specific commercial breaks that contained both high semantic
affinity ads and low semantic affinity ads and the y-axis representing the percentage of
mentions about high semantic affinity ads for each group at each specific commercial
break. The affective state of each group at each specific commercial break was again
illustrated using colored dot marker based on the real-time scoring of the two competing
teams. Each fan group’s line movement again illustrates the fluctuation of the percentage
of mentions about high semantic affinity ads across commercial breaks under different
affective states. For instance, the pattern in Figure 13 for commercial break #13 indicates
that the Eagles fan group that was in positive affective state had higher percentage of
mentions about high semantic affinity ads than did the Patriots fan group that was in
negative affective state.

In the 2018 data, as shown in Figure 13, there were a total of four commercial
breaks that contained both high and low semantic affinity ads and were included in the

data analysis. Even though the distributions of the percentages of mentions about high
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semantic affinity ads across the four commercial breaks from the two fan groups show
distinctive patterns, the average percentage of mentions about high semantic affinity ads
across the four commercial breaks were the same (25%) across the groups in negative
affective state and positive affective state. The fluctuation of the distribution of the
percentages of mentions about high semantic affinity ads reveals that: 1) the group in a
positive affective state had higher percentage of high semantic affinity ads mentioned
than did the group in a negative affective state in only 1 of the 4 commercial breaks (i.e.,
commercial break #13); 2) in another commercial break (i.e., commercial break #25), the
group in a positive affective state had lower percentage of high semantic affinity ads
mentioned than did the group in a negative affective state; and 3) in the remaining two
commercial breaks (i.e., commercial break #12 and #21), the two groups shared the same
percentage of high semantic affinity ads. Taken together, no clear pattern supporting H3

was shown in 2018 Twitter data.
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In the 2019 Twitter data shown in Figure 14 below, there were 11 commercial
breaks that contained both high and low semantic affinity ads and were included in the
data analysis. In eight of the 11 commercial breaks the two fan groups had different
affective states and in the remaining three commercial breaks both groups were in neutral
affective state. The average percentage of mentions about high semantic affinity ads was
17.4% for the group in positive affective state, 22.7% for the group in neutral affective
state, and 17.3% for the group in negative affective state.

A closer examination of the fluctuation of the distribution of each team’s
percentage of mentions about high semantic affinity ads reveals: 1) the group in a
positive affective state had higher percentage of high semantic affinity ads than did the
group in negative affective state in two (i.e., commercial break #10 and #13) of the eight
commercial breaks; but (2) for one commercial beak, the group in a positive affective
state had lower percentage of high semantic affinity ads than did the group in negative
affective state (i.e., commercial break #11); and (3) for five commercial breaks (i.e.,
commercial break #9, 12, 18, 19, and 25), both groups did not mention any high semantic
affinity ads. Therefore, H3 was not supported by the data pattern in 2019 Twitter data

either.
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HA4: Attention to Positively-Valenced vs. Non-Positively-Valenced Commercials.
H4 predicted that consumers in a negative affective state would likely pay more attention
to positive-valenced ads whereas those in a positive affective state would not show such
preference. To test this hypothesis, each team-affiliated group’s percentage data
indicating the relative proportion of mentions about positively-valenced ads across
different commercial breaks were analyzed, with the overlay of each group’s fluctuating
affective states, for the duration of the Super Bowl game.

Figures 15 and 16 show the distribution of each team’s percentages of mentions
about positively-valenced ads in 2018 and 2019 Twitter data respectively, with the x-axis
indicating the specific commercial breaks that contained both positively-valenced and
non-positively-valenced ads and the y-axis indicating the percentage of mentions about
positively-valenced ads for each group at each specific commercial break. The affective
state of each fan group at each specific commercial break was illustrated again using
colored dot marker based on the real-time scoring of the two competing teams. Each fan
group’s line movement again illustrates the fluctuation of the percentages of mentions
about positively-valenced ads across commercial breaks under different affective states.
For instance, in Figure 15 for commercial break #17, the data pattern indicates that the
Patriots fan group that was in negative affective state had higher percentage of mentions
about positively-valenced ads than did the Eagles fan group that was in positive affective
state.

For the 2018 data as shown in Figure 15, there were a total of eight commercial
breaks that contained both positively-valenced ads and non-positively-valenced ads and

were included in the data analysis. A closer examination of the data pattern shows that: 1)
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The group in a negative affective state had a higher percentage of positive ads mentioned
than did the group in positive affective state in two of the eight commercial breaks, which
is consistent with the hypothesis; but 2) for three commercial breaks, the group in a
negative affective state had a lower percentage of positive ads mentioned than did the
group in positive affective state, which is the opposite of the hypothesis; and 3) for the
remaining three commercial breaks, the two groups had the same percentage of positive
ads mentioned. Taken together, the pattern of the 2018 Twitter data is mixed and does not

appear to provide support for H4.
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In the 2019 Twitter data shown in Figure 16 below, there were 16 commercial
breaks that contained both positively-valenced and non-positively-valenced ads. Out of
the 16 commercial breaks, in 10 commercial breaks the two fan groups had different

affective states and in the remaining six commercial breaks both fan groups were in
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neutral affective state. The average percentage of mentions about positively-valenced ads
was higher for the group in negative affective state (93%) than did the group in positive
affective state (65%) and the group in neutral affective state (64%). This pattern indicates
that consumers as a group in negative affective state were more likely to pay attention to
positively-valenced ads compared to those in positive or neutral affective states.
Additional examination of the distribution of each team’s percentages of mentions
about positively-valenced ads reveals a clear pattern showing contrast in selective
attention between the groups in negative affective state and positive affective state. In
particular, the group in a negative affective state had higher percentage of positive ads
mentioned than did the group in positive affective state in all 10 commercial breaks in
which the fan groups differed in terms of their affective state. This means that consumers
as a group in negative affective state paid more attention to positively-valenced ads
compared to consumers in positive and neutral affective states. Overall, the data pattern

provides clear support for H4.
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H5: Ad Processing. H5 hypothesized that when processing an ad, consumers in a
negative affective state would likely focus more on specific features of the ad whereas
those in a positive affective state would likely focus on the totality of the ad. To test this
hypothesis, an ANCOVA test was performed with ad-related mentions, rather than team-
affiliated groups, as the unit of analysis, to compare the differences in the concreteness
score (i.e., the sum of the LIWC scores for articles, prepositions, and quantifiers) between
those in positive and negative affective states. Results from the 2019 Twitter data
indicated no significant difference in the concreteness scores of ad-related mentions
posted by consumers in positive affective states, those in negative affective states, and
those in neutral states (£ (2, 1089) = 1.02, p = .36). Results from the 2018 Twitter data
also showed no significant relationship between consumers’ affective states and ad
processing (F (1, 28) = 1.53, p = .23). Thus, H5 was not supported.

H6: Ad Evaluation. H6 predicted that consumers in a positive affective state
would show generally more positive evaluation of ads than would those in a negative
affective state. To test this hypothesis, a Chi-square test was performed on the 2019
Twitter data to examine consumers’ evaluation of ads (either positive or negative)
between those in positive and negative affective states. As in the case of the HS testing,
ad-related mentions were treated as the unit of analysis. Results showed no significant
difference in the sentiment scores of ad-related mentions posted by consumers in
different affective states (X? (2, N = 1093) = 2.2, p = .33). Another Chi-square test was
performed on the 2018 Twitter data and this analysis also generated nonsignificant
relationship between consumers’ affective states and ad evaluation (X? (1, N =28) =3.4,

p =.07). Thus, H6 was not supported.
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CHAPTER 6
SUMMARY AND DISCUSSION

Procuring consumers’ attention has become an increasingly critical task for
advertisers given the growing ad clutter competition, easily distracted consumers and
shorter attentional span, the proliferation of media channels, readily available ad
blockers, and growing digital banner blindness, just to name a few (Duff and Lutchyn
2017; Mehta 2018; Segijn, Voorveld, and Smit 2016; Teixeira 2015). Dealing with these
daunting challenges, advertisers have ramped up their investments and efforts to try to get
their advertising messages to consumers, hoping that their ads will attract an audience
that will pay attention.

While important strides have been made in the advertising research field to better
understand influencing factors of consumers’ attention to ads, one of the most under-
researched, yet potentially influential, factors is consumers’ temporary affective state
prior to or at the moment of ad exposure. Consumers’ affective states fluctuate
throughout the day, and driven by the motivation to manage and regulate their affective
states, consumers in different affective states would likely be attracted to certain types of
ads that could facilitate their mood management, resulting in different individuals
noticing difference ads depending on their affective states even when exposed to the
same set of ads. However, empirical research testing this possibility has been lacking. In
light of this largely untested proposition, the relationship between consumers’ temporary
affective states and selective attention to ads merits research attention.

To address this gap in the research literature, this study examined the influence of

consumers’ temporary affective states at the moment of ad exposure on their selective
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attention to ads and subsequent processing and evaluation of ads. As such, this study aims
to uncover potentially important influences of consumers’ affect on attention to ads in the
interest of advancing advertising theory building as well as offering practical implications
to deal with the increasing challenge to gain consumer attention.

Drawing on the theoretical framework of MMT and research on the relationship
between affect and attention in the psychology field, this study developed specific
hypotheses and adopted a novel computational research approach that cross-analyzed
proxy measures of real-time affective fluctuation of TV viewers during 2018 and 2019
Super Bowl broadcast viewing and their tweets regarding ads aired during the TV
viewing session. The decision to use a computational research approach was made in
light of the growing availability of data from increasingly popular online social media,
which allow the measurements of precise, real-time spontaneous individual
communications and behaviors in a natural setting (e.g., Golder and Macy 2011;
Kosinski, Stillwell, and Graepel 2013). Both 2018 and 2019 Twitter data were collected
for the purpose of data cross-validation and enhancing external validity.

1. Summary of Findings

Mood-Impacting Characteristics of Ads

Informed by the MMT theory and relevant empirical evidence, this study
proposed four mood-impacting characteristics of ads that are likely to facilitate
consumers’ affect management to optimize their affective states—excitatory potential,
use of emotional vs. rational appeal, high vs. low semantic affinity, and valence (positive

VS. non-positive).
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For both 2018 and 2019 Super Bowl commercials, the ad content analysis results
revealed similar patterns in terms of different ad types classified along the four
dimensions of the mood-impacting characteristics. In particular, for both years, the Super
Bowl commercials tended to be more exciting than soothing, mainly relied on the use of
emotional appeals (vs. rational appeals), mostly used non-sports-related themes, and were
more likely to use positively-valenced tones.

Another interesting pattern can be observed in terms of the sharp contrast in the
size of the Super Bowl-related tweet data between 2018 and 2019. The number of tweet
data from 2019 was much bigger than that from the 2018, which might indicate that when
the game is less competitive, such as the 2019 Super Bowl game, the game involvement
would likely decrease resulting in a higher level of social media discussions, compared to
when the game is more competitive and engaging, like the 2018 Super Bowl game.

Effects of Affective States on Attention to Ads (H1 — H4)

This study predicted that, when exposed to the same set of ads, consumers in
different temporary affective states would likely be drawn to different types of ads with
varying mood-impacting characteristics in the interest of optimizing their affective state.
Specifically, four hypotheses were posed predicting that consumers in a negative
affective state, compared to those in a positive affective state, would likely pay more
attention to (H1) more soothing ads, (H2) ads using emotional (vs. rational) appeals, (H3)
ads with lower semantic affinity with the pre-existing affect, and (H4) positive-valenced
ads.

This study found some supporting evidence for H1 from the larger-sized 2019

Twitter data, while the much smaller 2018 Twitter data did not show such a pattern. In
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particular in the 2019 data, in six out of 12 commercial breaks, the average percentage of
mentions about exciting ads was higher for the group cheering for the winning team
(thus, in a positive affective state) than that for the group supporting the losing team
(thus, in negative affective states).

H2 was supported by a data pattern in the small-sized 2018 Twitter data, which
showed a rather consistent pattern of higher average percentage of mentions about
emotional ads for the group in negative affective state than for the group in positive
affective state. However, the pattern of the 2019 Twitter data was more complicated and
showed a mixed pattern: (1) The group in a negative affective state had higher percentage
of emotional ads mentioned than did the group in positive affective state in five of the 12
commercial breaks, which is consistent with the hypothesis; but (2) for three commercial
breaks, the group in a negative affective state had lower percentage of exciting ads than
did the group in positive affective state. While the 2019 data did not show a completely
consistent pattern, it is still worthwhile to point out that more commercial breaks showed
a pattern consistent with the hypothesis than inconsistent.

Unlike what was predicted in this study, the data patterns in both 2018 and 2019
Twitter data were not consistent with H3, which predicted that consumers in a positive
affective state would likely pay more attention to ads with high semantic affinity
compared to consumers in a negative affective state.

For H4, while the 2018 data pattern was mixed, the 2019 Twitter data showed a
rather consistent pattern supporting the hypothesis—higher average percentage of
mentions about positive ads for the group in negative affective state than for the group in

positive affective state.
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Effects of Affective States on Ad Processing and Evaluation (H5 — H6)

H5 and H6 respectively examined the effects of consumers’ temporary affective
states on ad processing style and evaluation. Specifically, consumers in a negative
affective state were hypothesized to focus more on specific features of ads, whereas those
in a positive affective state would likely focus on the totality of ads (HS5). In terms of ad
evaluation, consumers in a positive affective state were predicted to show generally more
positive evaluation of ads than those in a negative affective state (H6). The data patterns
from both 2018 and 2019 Super Bowl Twitter data did not support these two hypotheses.

2. Discussion of Findings

The study findings reveal important preliminary insights regarding the impact of
consumers’ temporary affective states during ad exposure on their selective attention to
ads. First, even when exposed to the same set of ads, consumers in positive affective
states tend to be drawn to exciting ads while consumers in negative affective states are
likely to be drawn to more soothing ads. This finding is consistent with previous mood
management studies examining the effects of affective states on selective exposure
choices to media content (e.g., Bryant and Zillmann 1984; Knobloch-Westerwick 2006).
In a high-takes sporting game, team fans are likely to be in high arousal, negative
affective states when the team they root for loses points to the competing team. For the
purpose of maintaining excitatory homeostasis, they are likely to be drawn to soothing
content, compared to the fans of the winning team.

When it comes to the relationship between affective state and selective attention
to ads using emotional vs. rational appeals, the Twitter data provide reasonable support

for the notion that consumers in a negative affective state would likely pay more attention
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to ads using emotional appeals compared to consumers in positive affective states. This
finding is in line with the proposition from MMT that individuals in negative moods
would seek to disrupt the affective state by exposing themselves to media content that is
more emotional, absorbing, and engaging (Knobloch-Westerwick 2006; Zillmann 1988).

This study also demonstrates that consumers in negative affective states,
compared to those in positive affective states, tend to be drawn to more positively-
valenced ads. This finding is in line with the widely supported evidence in mood
management literature that individuals in negative moods tend to seek more positively-
valenced media content to improve their current mood state, while avoid negatively-
valenced media content (e.g., Biswas, Riffe, and Zillmann 1994; Knobloch 2003;
Knobloch and Zillmann 2002; Meadowcroft and Zillmann 1987; Zillmann, Hezel, and
Medoff 1980).

However, some of this study’s hypotheses were not supported. Particularly, this
study’s data did not show any pattern supporting the influence of consumers’ affective
states on consumers’ selective attention to high vs. low semantic affinity ads. This
finding could be explained by the possibility that the dimension of semantic affinity
might be more subtle and complex than other types of mood-impacting characteristic
dimensions and confounded by other mood-impacting characteristics of ads, resulting in a
considerable complication when testing hypotheses related to the semantic affinity
dimension. This is in line with the complexities about the semantic affinity dimension
reported in prior empirical research of the mood management effects, which suggests that
the complicated nature of media content precludes the isolation of some dimensions,

particularly the semantic affinity dimension, from others such as excitatory potential and
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valence dimensions (Knobloch-Westerwick 2006). If this is indeed the case, detection of
a significant effect of affective state on selective attention to high vs. low semantic
affinity content might be possible only with controlled experiments where the other
mood-impacting dimensions are held constant.

Another plausible explanation for the null effects on the semantic affinity
dimension of ads may be attributable to the variations in the extent to which the sports-
theme is incorporated into the ad plots. For example, even though the 2018 Hyundai’s
“Hope Detector” ad features actors walking past security checks in order to watch Super
Bowl at the stadium, the ad was mostly showcasing Hyundai’s CSR efforts, with a lower
level of sports-theme incorporation into the ad plot, while it was still coded as a sports-
themed ad.

The lack of supporting evidence for the predicted effect of consumers’ temporary
affective states on their ad processing styles is particularly interesting and meaningful,
because it seems to dispute the heavily-documented findings of significant effects
obtained in laboratory experiments (e.g., Barone and Miniard 2002; Dommermuch and
Millard 1976; Forgas 1995; Isen, Shalker, Clark, and Karp 1978; Sar, Duff, and
Anghelcev 2011; Sar, Nan, and Myers 2010; Schwarz 2000; Schwarz and Clore 1983;
Wen, Sar, and Anghelcev 2017). Or, at least it seems to suggest that the experimental
study findings might not directly translate to the real-world ad exposure and processing
situations. This speaks to the importance of validating prior empirical evidence obtained
in highly-controlled and highly artificial experimental settings, with different research
approaches that are more suitable for and more reflective of real-life ad exposure

situations. The widespread availability of an increasing amount of human activities online
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(e.g., social interactions and shopping behaviors) provides prefect opportunities that
researchers could harness to re-examine widely-supported experimental findings
(Kosinskia, Stillwella, and Graepel 2013).

Another non-significant finding regarding the influence of consumers’ temporary
affective states on ad evaluation suggests that the sentiment orientation of consumers’
explicit expressions of ad evaluations on Twitter are not significantly influenced by their
temporary affective states. While prior works demonstrated consistent evidence in terms
of affect-congruent evaluation of objects, people, events, and brands (e.g., Barone and
Miniard 2002; Dommermuch and Millard 1976; Forgas 1995; Isen, Shalker, Clark and
Karp 1978; Sar, Duff, and Anghelcev 2011; Schwarz 2000; Schwarz and Clore 1983),
such evaluations of objects were collected privately either in laboratory settings or online,
and not shared with others in public spaces such as Twitter.

Given the nature of social media that fosters impression management (Berger
2014; Vogel et al. 2014), individuals are more likely to disclose positive self-presentation
among peers and showcase superior brand-related experiences, such as having enjoyed a
fancy dinner or having purchased a luxury bag, or even exaggerate the positive
consumption or purchase experience for the purpose of impression management. Thus,
their expressions of ad evaluations might be different in nature compared to offline or
private evaluations. Whether consumers’ expressions of ad evaluation in the social media
platforms are truly different from offline expressions is an important question and should

be examined in future research.
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3. Implications

Theoretical Implications

This study offers several important theoretical implications to three streams of
research—(1) ad attention literature, (2) mood management research and research
connecting affective states and visual attention to stimuli, and (3) research on the impacts
of affect on processing styles and evaluation.

First, this study offers significant implications for ad attention research in two
ways—examining the largely untested effects of consumers’ temporary affective states
on selective attention to ads and suggesting a viable new proxy measure of attention to
ads using social media data. While a great deal of research has been dedicated to
uncovering influencing factors of consumers’ attention to ads (e.g., Back and Morimoto
2012; Bang and Wojdynski 2016; Heeter and Greenberg 1985; Malheiros et al. 2012;
Okazaki et al. 2012; Tam and Ho 2005; ), research on consumers’ affective factors
influencing ad attention is relatively more limited than research on the cognitive factors,
with the role of consumers’ affective states prior to or right at the point of ad exposure
being especially underexplored. Through demonstrating the linkage between positive vs.
negative affective states and selective attention to different types of ads along the
excitatory potential, use of emotional/rational appeal and valence dimensions of mood-
impacting characteristics, this study advances the ad attention research by tapping into
the affective side of influencing factors. Given that feelings permeate consumers’ daily
life and consumers are likely to be exposed to ads in the presence of some types of

affects, examining the impact of consumers’ temporary affective states on their selective
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attention to ads provides another important window into the influencing factors of
attention to ads.

Perhaps more importantly, in line with recent research trends that harness the
massive online social media data to make new data-driven research discoveries and test
and re-test theoretical propositions (e.g., Golder and Macy 2011; Kosinski, Stillwell, and
Graepel 2013; Lazer and Radford 2017; Shah, Cappella, and Neuman 2015; Zhang et al.
2019), this study represents a pioneering effort to develop a new, innovative
computational research approach that allows for the matching of real-time TV watching
and inferred affective state fluctuation, and ad attention and reactions. In doing so, this
study attempted a new proxy measure of attention, particularly the relative attention to
different ads within a commercial break exposed to groups of viewers at the aggregate
manner—the percentage of tweets on specific types of ads during the commercial break,
and match it with inferred affective state fluctuation resulting from real-time TV
watching. This allows for a desirable naturalistic opportunity to examine the linkage
between consumers’ real-time affective fluctuation and their attention to ads.

This is particularly meaningful and ground-breaking to ad attention research
because in prior research on attention in general and attention to ads in particular,
selective attention patterns have been typically examined in a forced-exposure situation
where participants were asked to look at visual stimuli while their eye movements or
neural signals were being tracked (e.g., Bang and Wojdynski 2016; Boerman,
Reijmersdal, and Neijens 2015; Malheiros et al. 2012; Pieters and Wedel 2004; Rayner
1998; Vuilleumier 2005; Wang et al. 2012; Wickens and McCarley 2008) or asked to

recall or recognize the stimuli to which they were just exposed (e.g., Lang 2000; Norman,
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Brooks, and Allen 1989; Wang et al. 2012). However, this exposure situation is unlikely
and unrealistic for consumers’ daily encounters with ads, reducing the ecological validity
of the research findings.

By adopting a naturalist computation research approach suggested in this study,
the relationship between consumers’ real-time affective fluctuation and their selective
attention to ads could be tested in a natural-exposure setting, which was impossible to be
examined using traditional social science research methods. This study opens new doors
for future research on the topic by introducing an innovative computational research
approach that future researchers could follow and improve.

Second, this study extends the research on mood management effects to the
advertising context. While empirical evidence on the linkage between affective states and
selective exposure to media content from MMT application works (e.g., Golder and
Macy 2011; Knobloch and Zillmann, 2002, Knobloch-Westerwick and Alter 2006;
Strizhakova and Krcmar 2007; Gibson, Aust, and Zillmann 2000) and empirical evidence
connecting affect states and attention to visual stimuli (e.g., Krompinger, Moser, and
Simons 2008; Sanchez et al. 2014) is accumulating, almost no research has explored this
in the context of advertising. By extending the MMT to the advertising context, this study
addresses the gap in the research literature lacking systematic research on this topic.

There are two important reasons for why this extension to an advertising context
is particularly meaningful. First, there has been no research addressing how the MMT
theory and related effects can be extrapolated to the ad exposure context. While the
abovementioned empirical evidence from the psychology and neuroscience fields has

connected affective states to selective attention to stimuli (e.g., emotional words and
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facial expressions), advertising, as a type of media content, might have more mood-
impacting characteristics that are likely to elicit different attentional processing patterns
than emotional valence alone.

This study specifies four theory-derived characteristics or types of ads that are
likely to facilitate viewers’ mood management goals, three of which—excitatory
potential, absorption potential, and valence—received preliminary empirical support from
the findings of this study. In doing so, this study demonstrates that parts of the mood
management effects identified in prior studies—in which media content such as
entertainment TV program and music and psychological stimuli such as valenced words
were investigated—also apply to the advertising context. This is an important finding as
it shows that selective attention to ads were also linked to mood management motivation,
despite their persuasive nature and being less likely to be actively sought out by
consumers.

Second, despite the robust development of this line of research, major
methodological issues or challenges faced by previous researchers include external
validity issues originating from the heavy reliance on small convenience or available
samples that are homogenous (e.g., undergraduate students), and the artificiality of
unnatural laboratory environment setting (Schutt 2017). One more unique theoretical
contribution offered by this study to prior mood management and mood effects research
is its methodological advancement in terms of enhanced ecological and external validity.
Prior field studies relying on retrospective self-reported measures of mood suffer from

common methodological limitations of retrospective self-reports, which is a method that
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limits temporal granularity (Golder and Macy 2011), and is susceptible to potential
memory error and experimenter demand effects (Wimmer and Dominick 2011).

Furthermore, previous studies’ methodological approaches did not allow for the
testing of real-time affective fluctuation on consumers’ spontaneous reactions to ads.
These methodological limitations in measuring the real-time affective fluctuation and
testing the effects of fluctuating affective states on selective attention to stimuli might be
the main reason for the lack of research on the influence of consumers’ temporary
affective states on attention to and processing of ads. By developing a proxy measure of
consumers’ temporary affective states during TV programming, this study attempted to
overcome this limitation.

The third stream of research that this study contributes to is the literature on the
impacts of affect on cognitive processing styles and evaluation. The most commonly used
approach to analyze consumers’ information processing in prior advertising research was
using a content analysis done by human coders (e.g., Wen, Sar, and Anghelcev 2017).
However, such an approach is not feasible for handling big data obtained from social
media. As an alternative approach, this study developed a computational textual analysis
to examine consumers’ processing of ads, using a concreteness index commonly used in
the computational linguistics field—the sum of the LIWC scores for articles,
prepositions, and quantifiers in a text (e.g., Larrimore et al. 2011; Markowitz and
Hancock 2016; Newman et al. 2003). This analysis approach still needs improvement and
testing, but it can serve as a useful tool for future research.

Another meaningful methodological contribution to the research on ad evaluation

is made by this study’s use of two computational sentiment analysis approaches taken
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from the computational sentiment analysis research—a lexicon-based approach and a
supervised machine-learning approach using the Naive Bayes probabilistic model.
Through comparing and cross-validating the two approaches, this study found that the
supervised machine-learning approach using the Naive Bayes probabilistic model is
superior to the lexicon-based sentiment analysis approach in terms of taking into
consideration of both the context and structure of the text, and the distribution of the
training dataset, rather than just assigning a score based on a lexicon. This offers
important methodological insights for future applied computation sentiment analysis
works.

In addition, following the theory-guided concept-proxy mapping process, this
study suggests a new promising avenue of research to apply the computational research
approach to advertising theory building, especially theory regarding affective factors.
This methodological approach allows studying phenomenon at a granularity (i.e., its
ability to examine real-time, natural occurring reactions to events) that was not possible
earlier using traditional experimental methods.

Last but not least, this study adds to prior literature that examines the prevalence
of specific message and creative strategies of Super Bowl commercials (e.g., Blackford,
Gentry, Harrison, and Carlson 2011; Kim, McMillan, and Hwang 2005) by identifying
the frequency of ad types along the four dimensions of mood-impacting characteristics.
While earlier literature focused primarily on the creative strategies and message
strategies, this study went further to categorize the Super Bowl commercials based on

characteristics that are likely to facilitate consumers’ mood management goals.
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Practical Implications

The major contributions of this study are as practical as they are theoretical. First,
grappling with declining consumer attention, advertisers have increased their efforts and
investments to advance their targeting strategies, hoping to attract consumers’ attention.
The results of this study provide significant implications for ad targeting and ad
placement strategies based on consumers’ affective states. With the availability of real-
time consumer media use data, the rapid development of data-driven targeting strategies,
and increasing use of big data for advertising, extremely personalized, real-time media
content consumption-related targeting will be more frequently used than ever.

The findings of this study suggest preliminary evidence that consumers’
temporary affective states (positive or negative) at the moment of ad exposure affect their
attention to ads that differ in terms of the excitatory potential, use of emotional/rational
appeal, and valence. This is important finding for advertising practitioners because if
advertisers are able to gauge consumers’ real-time affective states, they can send
personalized ads that are more likely to attract consumers’ attention. This study’s
findings propose a new promising way to target consumers based on their current
affective states that can be captured by appropriate proxy measure data. For example,
through identifying consumers’ team affiliation based on their geolocation data during
high-stake sporting events, consumers’ affective states could be assessed depending on
which team is winning at any given opportunity for ad placement, and different ads that
are likely to be noticed better could be served to different groups of consumers depending

on their affective states.
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4. Limitations and Suggestions for Future Research

While it is meaningful that this study took the first step toward applying a
computational research approach to examining consumers’ real-time affective fluctuation
and connecting it to real-time attention to, processing and evaluation of ads, it can be
improved in a number of ways to serve as a feasible stepping stone to foster future
research that fills the void in this understudied area of advertising.

First, while this study considered several possible alternative proxy measures for
team affiliation classification, due to time constraints, it had to settle with the most
stringent proxy measure of team affiliation—self-identified profile locations that are
suggestive of fan base for each of the two competing teams. This caused a great deal of
data loss and needs to be cross-validated using the other two potential proxy measures
mentioned in the earlier Method section—following behavior (i.e., following one of the
two competing teams’ official Twitter account, its mascot’s official Twitter account, or
verified Twitter accounts of the team’s players) on Twitter and the use of hashtags that
had been approved and used in each team’s official Twitter account or its mascot’s
official account—which can further improve the proxy measure.

Second, while the computational research approach adopted in this study has
certain advantages in terms of ecological and external validity, it lacks control on
confounding factors. One such confounding factor could be the age of Twitter user who
tweeted during the Super Bowl viewing time. Since prior research showed that, compared
to younger adults, older adults were better at regulating their negative affective states and
were more likely to be drawn to positively-valenced stimuli when induced into negative

affective states (Carstensen et al 2000; Demeyer, Sanchez, and De Raedt 2017;
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Isaacowitz et al. 2008), age might be an important factor that should be considered.
Future studies are encouraged to develop methodological triangulation to test the results
of this study by directly measuring and testing the influence of temporary affective state
on ad processing (attention, processing and evaluation) in a natural setting such as during
actual Super Bowl game viewing.

Third, since the findings of this study is based on a single sports event broadcast,
the findings might be unique to this type of sporting event broadcast. Moreover, the fact
that the Super Bowl broadcast was chosen due to its large viewership and reach also
means that this study’s results might not be completely or directly generalizable to other
types of TV viewing situations. Since the Super Bowl game is as much an advertising
event as a sporting event, viewers might be more inclined to watch Super Bowl
commercials than commercials aired during other regular TV programming. This study
also acknowledges the limitation that not everyone who watched the Super Bowl would
engage in social media posting activities. In other words, the Twitter data are not fully
representing the Super Bowl viewer population.

Finally, it remains to be examined how the observed linkage between affective
states and selective attention to TV commercials could be extrapolated to other media
advertising exposure contexts. As a distinction has been made between TV as a lean-back
medium and an entertainment medium and the internet as a lean-forward medium and
considered more goal-driven (e.g., Cho and Cheon 2004), it is worth examining how the
mood management motivations affect consumers’ selective attention to online ads when

consumers are in a more goal-oriented mode, such as searching information online.
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APPENDIX A

Keywords Search Strings (words, phrases, and hashtags used to scrape relevant

tweets):

2018 Twitter data keywords list

Super Bowl-related keywords: super bowl, superbowl, #SuperBowl,
#SuperBowl52, #SuperBowlLII, #SuperBowlSunday

Super Bowl commercial-related keywords: Tide, Persil, Skittles, M&M, Coca
Cola, Pepsi, Doritos, Pringles, Budweiser, Stella Artois, Bud Light, Michelob
Ultra, Hyundai, Kia, Toyota

2019 Twitter data keywords list

Super Bowl-related keywords: super bowl, superbowl, #SuperBowl, SuperBowl
LI, #SuperBowlLIII, SuperBowl 53, #SuperBowl53, SuperBowl Sunday,
#SuperBowlSunday, Superbowl 2019, #Superbowl2019

Super Bowl commercial-related keywords: Super Bowl ad, Super Bowl
commercial, Amazon, Olay, Pepsi, Doritos, Bumble, Avocados from Mexico,
Bubly, Budweiser, Burger King, Colgate, Devour, Doritos, Expensify, Hyundai,
Kia, Michelob Ultra, Microsoft, Planters, Pringles, Stella Artois, Toyota, Verizon,
M&M'’s, TurboTax, Mercedes-Benz, Audi, SimpliSafe, Sprint, WeatherTech,
PetComfort, Bon & Viv, Skechers, The Handmaid's Tale, Turkish Airlines,
Survivor, Bud Light, Fast and Furious, T-Mobile, Google, Persil, Mint, Sprint,
The World’s Best, Young Sheldon, Kia, Wix, Grammy, HANNA, Scary Stories,
Washington Post, Arby’s
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APPENDIX B
Super Bowl Commercials Coding Protocol

1. Introduction

This coding protocol is used to analyze the characteristics of all the commercials aired
during the 2018 and 2019 Super Bowl broadcasts. You will be asked to carefully watch
each commercial aired during the two Super Bowl broadcasts and analyze its content
based on the instructions below. There are about 160 commercials in total, ranging from
5 to 90 seconds in length. Please write down your answers in the coding sheet following
the instructions below.

I1. Procedure

In the coding sheet, you will be able to see the URL link to each Super Bowl commercial.
Please follow the steps below to content-analyze each commercial:

1) Click on the URL to one commercial;

2) Before coding, watch the commercial carefully at least once until you feel
confident about understanding its message;

3) After carefully reviewing the ad, please fill out the corresponding row in the
coding sheet based on the instructions in this coding protocol. Please double
check you fill out all columns in your coding sheet before moving on to the next
commercial.

Please REPEAT the steps above for each of the remaining Super Bowl commercials.

NOTE: To minimize the time needed to re-familiarize yourself with the coding
procedure, you are recommended to work on this task on a daily basis and code at least
30 ads per day. Before you start coding each day, you must start with a full reading of the
protocol to refresh your memory of category definitions.

II1. Variable Definitions

V1: Brand name (type in the advertiser/advertised brand):

V2: Advertised product (type in the advertised product):

V3: Length of commercial (in seconds):
(Typical Super Bowl commercial lengths are 5s, 10s, 15s, 20s, 30s, 45s, 60s and 90s. If
the commercial is 5 seconds long, please enter 5 in the cell. If the URL shows the
commercial length to be 29s, please round it up to 30s).

V4: Excitatory potential of the commercials: Please indicate your answer to the
following questions on a 7-point scale that ranges from (1) not at all to (7) extremely.

V4(a). How relaxing is the commercial?
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V4(b). How stimulating is the commercial?

V4(c). How arousing is the commercial?

V4(d). How peaceful is the commercial?

V4(e). How exciting is the commercial?

V4(f). How unwinding is the commercial?

V4(g). How emotionally involving is the commercial?

V4(h). How restful is the commercial?

V5. The presence/absence of certain executional elements in commercials: Which of
the following features are included in the commercial?

V5(a). Does the commercial use any music? (1) use fast-paced/upbeat music; (2)
use slow-paced music; (3) no music

V5(b). Does the commercial contain vivid/eye-catching images? (1) yes; (2) no

V5(c). Does the commercial contain loud sound or loud music that catches your
attention? (1) yes; (2) no

V5(d). What is the level of production pacing in the commercial? Pacing refers to
the number of cuts in a commercial. A cut is defined as a shift from one visual scene
to a completely different scene. (1) slow-pacing; (2) medium-pacing; (3) fast-pacing

V5(e). Does the commercial use celebrity (e.g., well-known movie star, singer,
TV show host or athlete such as Serena Williams) as the main spokesperson? A
spokesperson is the endorser or model or character delivering the persuasive
message in the advertisement. (1) yes; (2) no

V5(f). Does the commercial contain unusual, unfamiliar, strange, or surprising
elements that catch your attention? (1) yes; (2) no

V6: The use of emotional versus rational appeal:

Please indicate a numeric value between 1 and 7 where 1 represents “purely
emotional”, 4 represents “a balance of emotional and rational”, and 7
represents “purely rational”. An emotional appeal emphasizes the emotions
consumers would experience in using the advertised product, whereas a rational
appeal focuses on providing factual information regarding product attributes or
utilitarian consequences of product usage such as benefits obtained.

For example, a car ad that only depicts the happiness of a family road trip driving the
car, but doesn’t mention any functional feature-related information, is considered
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using a purely emotional appeal. On the other hand, another car ad that focuses on
the advantageous functional features of the car over other car brands would be
considered using a purely rational appeal.

V7: Theme of the commercial: (1) Football-themed; (2) Sport-themed (other than
football); (3) non-sport-themed

Please indicate the general theme of the commercial. First, if it is related to a football
game, it should be coded as 1. If it is related to sports in general (other than football),
it should be coded as 2. If it does not feature any sport-related scene, it should be
coded as 3.

V8: Valence of the commercial: (1) negative; (2) neutral; (3) positive; (4) mixed (both
positive and negative tones are present)

Code each commercial as being positive, neutral, negative, or mixed based on the
overall tone or feel of each commercial.

VO9: The use of experiential or utilitarian appeal: (1) primarily experiential; (2)
primarily utilitarian/functional; (3) both (experiential and utilitarian/functional appeals
are both very prominent).

A commercial is considered using an experiential appeal if it mainly emphasizes the
promises of experiences that consumers can expect from using the product. A
commercial is considered using an utilitarian/functional appeal if it highlights one or
more key benefits or functional features of a product (or brand).

For example, a smartphone ad that presents the story of someone’s birthday
celebration and the use of the smartphone to capture the good memory, but doesn’t
mention any particular functional feature-related information, is considered using an
experiential appeal. On the other hand, another smartphone ad that explains specific
new camera features that help consumers take better pictures would be considered
using a utilitarian/functional appeal.

Commercials that contain both prominent experiential and utilitarian appeals should
be coded as being “both”.
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APPENDIX C
Lists of geographic locations affiliated with Super Bowl competing teams

2018 NFL team fan base determination:

- Geographic locations of the New England Patriots fan group:
“Boston, MA”, “Massachusetts, USA”, “Boston”, “CT”, “Maine, USA”,
“Cambridge, MA”, “Massachusetts”, “Connecticut”, “Providence, RI”, “New
England”, “Hartford, CT”, “Worcester, MA”, “Rhode Island, USA”, “New
Haven, CT”, “New Hampshire, USA”, “Rhode Island”, “boston”, “Foxborough,
MA”, “Chicopee, MA”, “MA”, “Manchester, CT”, “Connecticut”, “Bristol, CT”,
“Lowell, MA”, “Hamden, CT”, “Derry, NH”, “Ambherst, MA”, “Portland Maine”,
“Boston, Massachusetts”, “West Hartford, CT”, “Wakefield, MA”, “Stamford,
CT”, “New London, CT”, “Ridgefield CT”, “Webster, MA”, “Norwalk, CT”,
“Boston, Ma”, “Malden, MA”, “Cambridge, MA & New York, NY”, “Trumbull,
CT”, “New England”, “Waterbury, CT”, “ct”, “Boston, MA, USA”, “Beverly,
MA”, “Peabody, MA”, “Northeastern CT”, “Jamaica Plain, MA”

- Geographic locations of the Philadelphia Eagles fan group:
“Philadelphia, PA”, “Philadelphia”, “Philly”, “Harrisburg, PA”, “Bensalem, PA”,
“West Chester, PA”, “Philadelphia PA”, “Bucks County, PA”, “Reading, PA”,
“Easton, PA”, “Allentown, PA”, “York, PA”, “Norristown, PA”, “Philly”,
“Bethlehem, PA”, “Springfield, PA”, “philly”, “Philadelphia, Pa.”,
“Philadelphia”, “Hershey, PA”, “Philadelphia, USA”, “Chester, PA”, “Philly,
PA”, “Philadelphia, Pa”, “Kutztown, PA”, “Philadelphia, Pennsylvania”,
“Horsham, PA”, “Doylestown, PA”, “Harrisburg, Pennsylvania”, “ex-Philly, but
still nearby”, “Warrington, PA”, “Philly Burbs”, “Jersey-Philly-NY”,
“Philadelphia, PA, USA”, “Philadelphia, PA”, “Upper Darby, PA”,
“Philadelphia”, “Newtown, PA”, “PHILADELPHIA”, “Wyomissing, PA”,
“Lehigh Valley, PA”, “Linglestown, PA”, “Philadelphia, PA - USA — Earth”,
“Philadelphia Pa”, “Jenkintown, PA”.

2019 NFL team fan base determination:

- Geographic locations of the New England Patriots fan group:
“Boston, MA”, “’“Massachusetts, USA”, “Boston”, “Massachusetts”, “New Hampshire,
USA"™, “Maine, USA”, “'Providence, RI”, “Rhode Island, USA”, “New England”, “MA”,
“Maine”, “Worcester, MA”, “Portland, ME”, “’Rhode Island”, “New Hampshire”,
“Foxborough, MA”, “Lowell, MA”, “Springfield, MA”, “Hartford, CT”,
“Portland, Maine”, “New Bedford, MA”, “Somerville, MA”, “Boston”,
“Manchester, CT”, “Boston, Massachusetts”, “Wakefield, MA”, “Quincy, MA”,
“Bristol, CT”, “Burlington, VT”, “Boston MA”, “Middletown, CT”, “New
England, USA”, “Brockton, MA”, “Plymouth, MA”, “Ambherst, MA”,
“Massachusetts”, “Framingham, MA”, “Arlington, MA”, “massachusetts”, “New
Britain, CT”, “Boston, MA”, “New England”, “West Hartford, CT”, “Pawtucket,
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RI”, “Peabody, MA”, “Cranston, RI”, “boston, ma”, “Newton, MA”,
“Portsmouth, NH”, “North Andover, MA”, “Lynn, MA”, “Providence, Rhode
Island”, “New London, CT”, “Brookline, MA”, “Fall River, MA”, “Wellesley,
MA”, “Beverly, MA”, “North Attleboro, MA”, “Boston,MA”, “Marlborough,
MA?”, “Dracut, MA”, “Revere, MA”, “South Boston, MA”, “East Hampton, CT”,
“Haverhill, MA”, “Woburn, MA”, “West Springfield, MA”, “Chicopee, MA”,
“Braintree, MA”, “Attleboro, MA”, “Weymouth, MA”, “East Hartford, CT”,
“Tewksbury, MA”, “Londonderry, NH”, “Roxbury, Boston”, “Western
Massachusetts”, “Pittsfield, MA”, “Malden, MA”, “Franklin, MA”, “Holyoke,
MA”, “Milford, MA”, “Northampton, MA”, “Medford, MA”, “Westfield, MA”,
“Smithfield, RI”, “Sunderland,Ma”, “Scituate, MA”, “Auburn, MA”, “Taunton,
MA”, “Dorchester, MA”, “Taunton, Ma”, “Rockport, MA”, “Everett, MA”,
“Groton, CT”, “new england”, “Quincy,MA”, “Agawam, MA”, “Lawrence, MA”,
“Billerica, MA”, “Cape Cod, MA”, “Nantucket, MA”, “Burlington, MA”,
“Needham, MA”, “Fitchburg, MA”, “Dedham, MA”, “Fairhaven, MA”,
“Mansfield, MA”, “Danvers, MA”, “Canton, MA”, “Rockland, MA”, “Medifield,
Ma”, “Chelsea, MA”, “Dartmouth, MA”, “Leicester, MA”, “Gloucester, MA”,
“Boston, MA, USA”, “Newport Rhode Island”, “SE Massachusetts”, “BOSTON”,
“Watertown, MA”, “Bridgewater, MA”, “West Warwick, RI”, “Foxboro, MA”,
“Chelmsford, MA”, “Enfield, CT”, “New England, USA.”, “Andover, MA”,
“North Providence, RI”, “Coventry, RI”, “Farmington, CT”, “Hingham, MA”,
“Boston, Massachusetts, USA”, “Longmeadow, MA”, “BOSTON,
MASSACHUSETTS”, “Hudson, MA”, “Westwood, MA”, “Leominster, MA”,
“Norwich, CT”, “Northbridge, MA”, “Westerly, RI”, “Hull, MA”, “Norwood,
MA”, “Stonington, CT”, “Oxford, MA”, “Allston - Brighton, Boston”, “Greater
Boston”, “Sutton, MA”, “Gardner, MA”, “Boston Area”, “Newington, CT”,
“Sharon, MA”, “Waterford, CT”, “East Greenwich, RI”, “Newburyport, MA”,
“Boston , Ma”, “Colchester, VT”, “Glastonbury, CT”, “Ring City, Ma”,
“Seekonk, MA”, “Bristol, RI”, “Pembroke, MA”, “Easton, MA”, “Charlestown,
MA”, “Southington, CT”, “Boston,Ma”, “ma”, “Plymouth, Massachusetts”,
“Hope, RI”, “Wilmington, MA”, “Saugus, MA”, “Boston (of course!)”, “Boston,
Massachusetts”, “Ashland, MA”, “Belchertown, MA”, “Lakeville, MA”,
“Maine”, “Winthrop, MA”, “Shrewsbury, MA”, “Duxbury, MA”, “Raynham,
MA”, “Wethersfield, CT”, “Rutland, VT”, “Methuen, MA”, “Boston, Ma.”,
“Easthampton, MA”, “Barnstable Town, MA”, “Mystic, CT”, “Wild Wild West
Hartford, CT”, “Ocean Bluff, MA”, “Marblehead, MA”, “Lewiston/Auburn,
Maine”, “Sandwich, MA”, “Wareham, MA”, “Greater Boston Area”, “Boston,
Mass”, “Leverett, MA”, “Norton, MA”, “MA.”, “portland, maine”, “Reading,
MA”, “South Dorchester, Boston”, “Wrentham, MA”, “Western MA”, “North
Shore, MA”, “East Bridgewater, MA”, “Brookfield, MA”, “western MA”,
“Worcester, Massachusetts”, “Walpole, MA”, “Winchendon, MA”, “Chatham,
MA”, “Berkshire, MA”, “Boston, Ma”, “South Hadley, MA”, “Feeding Hills,
MA”, “St Albans, VT”, “boston”, “Hanover, New Hampshire”, “Swampscott,
MA”, “Warren, RI”, “East Harwich, MA”, “Carver, MA”, “Portland Maine”,
“Acton, MA”, “Holbrook, MA”, “Methuen Town, MA”, “Maynard, MA”,
“Pawtucket, Rhode Island”, “Lee, MA”, “Milton, MA”, “Montpelier, VT”,
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“Boston,mass”, “Woods Hole, MA”, “Hopedale, MA”, “Cape Elizabeth, Maine”,
“Brighton, MA”, “Bourne, MA”, “Ludlow, MA”, “Stoughton, MA”, “Swansea,
MA”, “Sturbridge, MA”, “Windsor Locks, CT”, “Old Lyme, CT”, “Newton Ma”,
“Boston/Mattapan, MA”, “Back Bay, Boston”, “W Newton Mass”, “Spencer,
MA”, “Lawrence, Mass”, “Mass”, “Bellingham, MA”, “Norwich, CT, USA”,
“Mashpee, MA”, “Ma”, “Sprague, Connecticut,USA”, “Charlestown, Boston”,
“Millbury, MA”, “Suffield, CT”, “Metro Boston”, “boston, massachusetts”,
“Springfield, Massachusetts”, “MA”, “Hopkinton, MA”, “Blackstone, MA”,
“Templeton, MA”, “Cohasset, MA”, “Buzzards Bay, MA”, “Boston,
Massachusetts area”, “West Newton, MA”, “Lexington, MA”, “Worcester MA”,
“Norfolk County, MA (USA)”, “Windsor, CT”, “Enfield CT”, “Stoneham, MA”,
“Near the beach, Rhode Island”, “Abington, MA”, “East Longmeadow, MA”,
“Providence RI”, “Lincoln, RI”, “Boston Ma”, “Boston.”, “Eastern MA”,
“Amesbury, MA”, “Somewhere in Maine”, “Simsbury, CT”, “Hartford, CT”,
“Hanover, MA”, “Rockland, Ma.”, “Woonsocket, RI”, “East Coast | Newport,
RI”, “Mendon, MA”, “West Yarmouth, MA”, “Dudley, MA”, “Greater Boston,
MA”, “Plainville, MA”, “Westport, MA”, “Kingston, MA”, “Boston MA”,
“Wiscasset, Maine”, “Titletown, MA”, “Westford, MA”, “Boston, MA -
Cranston, RI”, “Williamstown, MA”, “Onset, MA”, “Halifax, MA”, “East
Taunton, MA”, “Cambridge, MA, USA”, “South Boston, Boston”, “South
Dennis, MA”, “Somerville, Massachusetts”, “Chelsea, Ma”, “Acushnet, MA”,
“Lincoln, MA”, “Durham, Maine”, “Blue Hill, Maine”, “Sagamore, MA”,
“Arlington MA”, “North Westport, MA”, “Lincoln, Rhode Island”, “Storrs, CT”,
“Malden, Mass”, “Jamaica Plain, MA”, “Nahant, MA”, “Old Saybrook, CT”,
“Merrimack Valley, MA”, “BOSTON MA”, “Essex County, MA”, “Boston area
MA USA”, “Newbury, MA”, “North of Boston, MA”, “boston, ma”,
“Middleboro, MA”, “Colchester, CT”, “Burlington, CT”, “USA - northern RI”,
“Hamilton, MA”, “Hudson, Ma”

Geographic locations of the LA Rams fan group:

Los Angeles, CA”, “Los Angeles”, “Long Beach, CA”, “LA”, “Riverside, CA”,
“Los Angeles, California”, “Orange County, CA”, “Anaheim, CA”, “Huntington
Beach, CA”,” Burbank, CA”, “Santa Monica, CA”, “Santa Ana, CA”, “Oxnard,
CA”, “los angeles’, “Irvine, CA”, “Los Angeles”, “Compton, CA”, “Pasadena,
CA”, “Rancho Cucamonga, CA”, “Redondo Beach, CA”, “San Bernardino, CA”,
“Santa Barbara, CA”, “Fontana, CA”, “Palmdale, CA”, “Moreno Valley, CA”,
“Hollywood, Los Angeles”, “Corona, CA”, “Inglewood, CA”, “Orange, CA”,
“Beverly Hills, CA”, “Ontario, CA”, “Pomona, CA”, “Ventura, CA”, “Whittier,
CA”, “West Hollywood, CA”, “Temecula, CA”, “Santa Clarita, CA”, “Newport
Beach, CA”, “Fullerton, CA”, “Chino Hills, CA”, “Hollywood”, “East Los
Angeles, CA”, “Lancaster, CA”, “Thousand Oaks, CA”, “West Covina, CA”,
“Carson, CA”, “Downey, CA”, “Torrance, CA”, “Costa Mesa, CA”, “Orange
County”, “North Hollywood, Los Angeles”, “Redlands, CA”, “Covina, CA”,
“Rialto, CA”, “Simi Valley, CA”, “Los Angeles, CA”, “City of Angels”,
“Calabasas, CA”, “Chino, CA”, “Malibu, CA”, “Garden Grove, CA”,
“Hawthorne, CA”, “Norwalk, CA”, “Murrieta, CA”, “Camarillo, CA”, “Orange
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County, California”, “Los Angeles, Ca”, “Palm Springs, CA”, “Indio, CA”,
“Eastvale, CA”, “Victorville, CA”, “Coachella, CA”, “Long Beach, CA, USA”,
“Culver City, CA”, “Highland Park, Los Angeles”, “Hesperia, CA”, “Laguna
Beach, CA”, “Isla Vista, CA”, “los angeles, ca”, “La Puente, CA”, “Tustin, CA”,
“LA”, “La Mirada, CA”, “La Habra, CA”, “South Gate, CA”, “Buena Park, CA”,
“Brea, CA”, “Bellflower, CA”, “San Clemente, CA”, “Highland, CA”,
“Montebello, CA”, “South Pasadena, CA”, “Azusa, CA”, “Colton, CA”, “Los
Angeles, California”, “Sylmar, Los Angeles”, “Los Angeles, CA, USA”,
“Glendale, CA”, “Lake Elsinore, CA”, “Mission Viejo, CA”, “Hermosa Beach,
CA”, “Los Angeles ,California”, “Upland, CA”, “LA, CA”, “Manhattan Beach,
CA”, “Lynwood, CA”, “Gardena, CA”, “Northridge, Los Angeles”, “Hemet,
CA”, “Westlake Village, CA”, “Fountain Valley, California”, “Lakewood, CA”,
“Palm Desert, CA”, “Studio City, Los Angeles”, “Pico Rivera, CA”, “Tujunga,
Los Angeles”, “El Segundo, CA”, “San Pedro, CA”, “Inland Empire, CA”,
“Boyle Heights, Los Angeles”, “El Monte, CA”, “Baldwin Park, CA”, “Van
Nuys, Los Angeles”, “L.A.”, “Yorba Linda, CA”, “Montclair, CA”, “Apple
Valley, CA”, “Paramount, CA”, “Menifee, CA”, “la”, “City of Angels”,
“Cypress, CA”, “Monrovia, CA”, “Glendora, CA”, “La Verne, CA”, “Orcutt,
CA”, “Placentia, CA”, “Venice, Los Angeles”, “Claremont, CA”, “Moorpark,
CA”, “HollyWood, CA”, “Rosemead, CA”, “Perris, CA”, “Los Angeles, USA”,
“Lake Forest, CA”, “Hidden Hills, CA”, “Hacienda Heights, CA”, “Cerritos,
CA”, “Studio City, CA”, “Los Angeles, CA”, “Los Angeles,CA”, “Sherman
Oaks, Los Angeles”, “Laguna Niguel, CA”, “San Pedro, Los Angeles”, “San
Fernando, CA”, “Los Angeles County”, “Lost Angeles”, “Quartz Hill, CA”,
“L.A”, “Santa Paula, CA”, “San Dimas, California”, “Venice, CA”, “Arcadia,
CA”, “Port Hueneme, CA”, “Yucaipa, CA”, “hollywood”, “Fountain Valley,
CA”, “Hollywood, California”, “Alhambra, CA”, “Lompoc, CA”, “Bellflower,
Ca”, “Los Angeles, California, USA”, “Westwood, Los Angeles”, “Aliso Viejo,
CA”, “The City of Angels”, “Santa Monica, California”, “Los Angeles, Ca.”,
“Goleta, CA”, “Venice Beach, Los Angeles”, “Desert Hot Springs, CA”, “Echo
Park, Los Angeles”, “South El Monte, CA”, “Altadena, CA”, “Sherman Oaks,
CA”, “San Jacinto, CA”, “Fillmore, CA”, “Cathedral City, CA”, “Downtown Los
Angeles”, “City of Angels, CA”, “Corona, Ca.”, “The Valley, Los Angeles
County”, “Los Angeles , CA”, “Pacoima, Los Angeles”, “San Dimas, CA”,
“North Hollywood, CA”, “LA.”, “North Hollywood”, “Diamond Bar, CA”,
“Winnetka, Los Angeles”, “West Whittier, CA”, “Long Beach CA”, “Orange
County, Ca”, “Los Angeles Area”, “Orange County”, “Orange County
California.”, “orange county”, “Carpinteria, CA”, “La Quinta, CA”, “Wilmington,
Los Angeles”, “Westminster, CA”, “Ojai, CA”, “Grand Terrace, CA”, “colton,
ca”, “Canoga Park, Los Angeles”, “Corona,California”, “Hollywood California”,
“Rancho Mirage, CA”, “Santa Ana, CA.92707”, “Orange County CA”, “city of
angels”, “Granada Hills, Los Angeles”, “Ladera Ranch, CA”, “Bell Gardens,
CA”, “Jurupa Valley, CA”, “Woodland Hills, Los Angeles”, “Laguna Hills, CA”,
“Koreatown, Los Angeles”, “Lancaster, California”, “Blythe, CA”, “Arleta, Los
Angeles”, “Lawndale Ca”, “Studio City, California”, “San Marino, CA”,
“Burbank/Glendale, CA:)”, “Twentynine Palms Base, CA”, “Santa Ana,
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California”, “Santa Clarita,CA”, “Inglewood,CA”, “Anaheim, CA”, “North
Tustin, CA”, “Pasadena, CA USA”, “Pasadena, Calif.”, “Hawaiian Gardens, CA”,
“Los Angeles,California”, “Commerce, CA”, “Oak Hills, CA”, “South Central
Los Angeles”, “Pacoima, CA”, “Pasadena, CA”, “Long Beach, Ca”, “Santa
Monica, CA”, “Beautiful Sunny La Quinta CA”, “Duarte, CA”, “Phelan, CA”,
“Stanton, California”, “Mid-City, Los Angeles”, “Marina del Rey, CA”,
“California, Los Angeles”, “Los Angeles, CA USA”, “Eagle Rock, Los Angeles”,
“Santa Fe Springs, CA”, “Van Nuys, CA”, “North Pole/Los Angeles, CA”, “LOS
Angeles, CA.”, “Mecca, CA”, “LA-ish”, “orange county, ca”, “Palm Springs,
Calif”, “Loma Linda, CA”, “City Of Angels”, “Florence-Graham, CA”, “Cudahy,
CA”, “Maywood, CA”, “Leimert Park, Los Angeles”, “Southbay LA, California”,
“Valley Village, Los Angeles”, “Rowland Heights, CA”, “Lawndale, CA”,
“Silverlake, Los Angeles, CA”, “Corona, California”, “Big Bear City, CA”,
“Norco, CA”, “Malibu Hills, CA”, “LA, California”, “Oxnard, Ca”, “Topanga,
CA”, “Silver Lake, Los Angeles”, “Bloomington, CA”, “West Hollywood CA”,
“West Hollywood, California”, “Rancho Park, Los Angeles”, “City of Lost
Angels”, “San Gabriel, CA”, “Reseda, Los Angeles”, “Glendale, California”,
“City of Angels, California”, “Sun Valley, Los Angeles”, “Mission Viejo, Calif.”,
“Rubidoux, CA”, “East Los Angeles/Boyle Heights”, “South Los Angeles, Los
Angeles”, “Los Angeles, CA”, “Fullerton, California”, “North Hollywood,
California”, “Newport Beach. California”, “Los Angeles, CA/DMV”, “Santa
Barbara california”, “Balboa Island, CA”, “Canyon Lake, CA”, “Mission Hills,
CA”, “West Hills, CA”, “Lakewood CA”, “Seal Beach, CA”, “Corona,
California, USA”, “The Wood, CA”, “Hollywood CA”, “Palm Springs,
California”, “Whittier, CA 90603, “Charter Oak, CA”, “Rialto CA/ Los Angeles
CA”, “Eastvale, California”, “Temple City, CA”, “OC County/LA County, CA”,
“Los Angeles California”, “North Hills, CA”, “Ventura County, CA”,
“Twentynine Palms, CA”, “Los Angeles, California USA”, “Los Angeles, CA”,
“Crenshaw, Los Angeles”, “Tarzana, Los Angeles”, “Woodland Hills, CA”,
“Whittier, Calif.”, “Red Mountain, CA”, “West Los Angeles, Los Angeles”,
“West Los Angeles, CA”, “The LA area of Los Angeles”, “North Hollywood,
California”, “LONG BEACH, CA”, “little place called LA”, “Lost Angeles”,
“San Fernando Valley / Los Angeles, CA”, “NoHo, CA”, “Long Beach
California”, “Mentone, CA”, “Beaumont, CA”, “San Jacinto,CA”, “Bidoof
Mountains, CA”, “Avocado Heights, CA”, “Los Angeles, United States”,
“Anaheim Hills, CA”, “L.A.”, “Panorama City, Los Angeles”, “South San Jose
Hills, CA”, “Studio City Ca”, “Dana Point, CA”, “Encino, CA”, “Los Angeles -
California”, “Downey,California”, “Los Angeles, California.”, “Irvine,CA”,
“Walnut, CA”, “Redlands, California”, “Los Angeles.”, “Los Angeles Cali”,
“Wildomar, CA”, “Los Angeles ,CA”, “los angeles, CA”, “South Gate/ Los
Angeles”, “Inglewood, CA”, “Castaic, CA”, “Bell, CA”, “Long Beach, Ca”,
“Compton, Ca”, “Playa Vista, Los Angeles”, “Palm Springs, California”, “Los
Angeles area”, “Lake arrowhead ca”, “Santa Monica , Ca.”, “Lake Los Angeles,
CA”, “Carson, California”, “Moreno Valley, Calif.”, “Torrance, California”,
“Bermuda Dunes, CA”, “Lynwood,CA”, “Barstow, CA”, “Alta Loma California”,
“Rancho Cucamonga Ca”, “Lake Arrowhead, California”, “Los Angeles ,CA”,
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“Northridge, California”, “Silver Lakes, CA”, “Lynwood CA”, “City of Roses,
CA”, “Toluca Lake, CA”, “Pomona CA”, “City of Angeles”, “Laguna Woods,
CA”, “Orange County,CA”, “PASADENA, CA”, “Rossmoor, CA”, “Pacific
Palisades, Los Angeles”, “Eagle Rock, CA”, “Northridge, CA”, “East Los
Angeles”, “T Oaks, CA”, “Lomita, CA”, “Pasadena CA”, “Mira Loma,Ca”,
“Riverside, CA”, “Bompton,CA”, “Echo Park, CA”, “Irwindale, CA”, “downey

2

ca
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APPENDIX D

Keywords Search Strings (words, phrases, and hashtags used to identify ad-related
tweets):

2018 Twitter data keywords list

ad, commercial, advertising, voice over, VO, Toyota, Sprint, Solo, Star Wars, Turkish
Airlines, Rise, Bud Light, M&M, Winter Olympics, Ram, We Will Rock You, Wendy's,
Dave's Double, Tonight Show, Jimmy Fallon, Hulu, Castle Rock, Skechers, Heroes
Arena, uCool, Doritos, Mountain Dew, Tide, Skyscraper, The Rock, Dwayne Johnson,
dilly dilly, E-Trade (or E¥*TRADE), Mission Impossible, Fallout, This is Us, Quicken
Loans, Rocket Mortgage, Avocados from Mexico, Netflix, Cloverfield Paradox, Diet
Coke, Pringles, WeatherTech, Febreze, Michelob Ultra, Squarespace, Tourism Australia,
Dundee, TurboTax, Intuit, Persil ProClean, Good girls, Tundra, Unsolved, Pepsi, Uncle
Drew, DeLorean, Verizon, first responder, Amazon, The Voice, Jack Ryan, Lexus, Mr.
Clean, Budweiser, Stand by Me, Skylar Grey, Jeep, Jurassic, HBO, Westworld, Kia,
Blacture, Marvel, Avengers, TMobile, Jesus Christ Superstar, Wix, Kraft, Dirty Dancing,
Time of My Life, Monster, I Like Beer, Groupon, Alexa, Coca Cola, Universal Parks,
Telemundo, World Cup, Hyundai, hope detector, Stella Artois, Chalice, Wrangler,
Mucinex, Geico, NFL Shop, Motorola, Dr. Oz, Danny DeVito, Howie Long, Peter
Dinklage, Morgan Freeman, Busta Rhymes, Missy Elliott, David Harbour, The Rock,
Dwayne Johnson, Tom Cruise, Keegan-Michael Key, Big Sean, Chris Elliott, Hayley
Magnus, Bill Hader, Chris Pratt, Keanu Reeves, Martin Luther King, MLK, Chris
Hemsworth, Danny McBride, Paul Hogan, Michael Jackson, Jeff Gordon, Cindy
Crawford, Britney Spears, Blake Shelton, Adam LeVine, Alicia Keys, Kelly Clarkson,
Shuri, Black panther, T'Challa, Jeff Goldblum, Steven Tyler, Emerson Fittipaldi, Pras,
Rhett, Link, Eli Manning, Odell Beckham, RiceGum, Iggy Azaela, Tiffany Haddish,
Gordon Ramsay, Rebel Wilson, Anthony Hopkins, Cardi B, Jeff Bezos, Peyton Manning,
Andres Cantor, Matt Damon

2019 Twitter data keywords list

ad, commercial, advertising, voice over, VO, Bon & Viv, M&M, Hulu, Bumble,
Hyundai, Turkish Airlines, Survivor, Olay, Doritos, WeatherTech, Marvel, Bud Light,
Fast and Furious, Expensify, Pepsi, SimpliSafe, TMobile, Audi, Avocados from Mexico,
Pringles, Google, Showtime, Mercedes, Persil, Toyota, Planters, Mint, Norwegian,
TurboTax, Stella Artois, Sprint, ADT, Grammys, Kia, Bubly, Wix, Netflix, Michelob,
Verizon, Devour, Colgate, Amazon, Skechers, Microsoft, Burger King, Budweiser,
Washington Post, Arby’s, Toy story, The Handmaid's Tale, PetComfort, Captain Marvel,
Coors Light, Miller Lite, The Late show, FBI, The World's Best, Man with a plan, Star
Trek, The Twilight Zone, Million Dollar Mile, Young Sheldon, God Friended Me, This
Morning, Masters, CBS Sports, Telluride, Our Planet, SWAT, HANNA, The
Neighborhood, Price is Right, Big Bang Theory, NCIS, I Love Lucy, How I Met Your
Mother, Xbox, CupFone, Alexa, Scary Stories, Michelob ULTRA Pure Gold, The late
show, Girls Inc, Christina Applegate, Serena Williams, Rita Ora, Jason Bateman, Sarah
Gella, Chance the Rapper, Backstreet Boys, James Corden, The Rock, Dwayne Johnson,
Jason Statham, 2 Chainz, Adam Scott, Steve Carell, Cardi B, Lil Jon, Kristin Chenoweth,
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Lipps Inc., Ludacris, Toni, Antoinette Harris, Alex Rodriguez, Charlie Sheen, Jordan
Peele, Jeff Bridges, Sarah Parker, Bo Jackson, Jonathan Scott, Drew Scott, Alicia Keys,
Michael Buble, Karlie Kloss, Maluma, Brandon Marshall, Sam Acho, Luke Wilson,
Tony Romo, Andy, Harrison Ford, Zo€ Kravitz, Stephen Colbert, Tom Hanks, Anderson
Cooper, Jamal, Austin Tice, Marie Colvin, I Know What You Did Last Summer, Scream
2, I Want It That Way, Game of Thrones, Funky Town, Sex and the City, The Man in
Me, Bob Dylan, Carrie Bradshaw, Jeff “The Dude” Leboswk, The Who, Wizard, All by
Myself, Eric Carmen, Trojan Horse, Blowin in the Wind, That’s Amore, Dean Martin



