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The authors explore the emotional dynamic that sport spectators experience during a live game. Instead of using lab 
experiment or field survey, the researchers conducted a natural experiment by employing the lexicon-based text 
mining approach to analyze sport fans’ real-time affective reactions manifested through social media messages while 
they watch mediated sporting events. The authors attempt to contribute to existing viewership literature from both a 
theoretical and methodological standpoint. Theoretically, the opponent-process theory and mixed emotions 
literature from cognitive psychology (Larsen et al., 2017; Larsen & McGraw, 2011; Solomon, 1980) have frequently 
been applied to a variety of contexts to explain emotional reactions and their resultant behaviors. However, the 
opponent-process theory has rarely been used as a conceptual approach to understand the emotional fluctuations of 
sport spectators during viewership. From the methodological point of view, the current study utilizes the lexicon-
based text mining approach, which has recently emerged in the field of computer science (Liu, 2012; Ordenes et al., 
2017). The theoretical and methodological approaches adopted in this study may provide a fresh insight by detailing 
and interpreting sport fans’ unfiltered, natural, real-life expression of their emotions. 
 
The researchers employed text mining analysis to examine U.S. sports fans’ emotional responses manifested through 
tweets posted during the 50th edition of the Super Bowl. In this game, the American Football Conference 
champion, the Denver Broncos, competed against the National Football Conference champion, the Carolina 
Panthers, to decide the league champion for the 2015 NFL season. Following the existing procedure (Liu, 2012), the 
researchers collected real-time tweets by using Twitter’s Search APIs from Twitter, Inc. (https://twitter.com) during 
the game. The researchers designed a web crawler in R 3.2.3, and utilized two location stamps, Charlotte, North 
Carolina and Denver, Colorado, as a proxy measure of affective disposition or fanship toward the two teams 
affiliated with the two cities, the Carolina Panthers (Charlotte) and the Denver Broncos (Denver). By utilizing the 
geocode function in TwitterR (geographic coordinate systems of latitude and longitude), the researchers specified 
the coordinates for the two cities, Charlotte (35.226944, -80.843333; approximately 300 square miles of area) and 
Denver (39.76185, - 104.881105, approximately 150 square miles of area). The researchers collected 4,000 tweets 
from each city for every six minutes during the event on February 7, 2016, starting from 18:30 EST, when the game 
began, until 22:30 EST, when the game ended; thus, a total of 328,000 real-time tweets were retrieved and analyzed 
in the current study – 4,000 tweets 2 cities (240 minutes/6 minutes + 1). Next, the researchers identified emotional 
words in each tweet; subsequently, the identified emotional words were classified into two emotion categories: 
negative (i.e., anger, disgust, fear, and sadness) and positive (i.e., enjoyment). Naïve Bayes algorithm was used for 
emotion classification. 
 
The study contributes to the literature through the following unique attempts. First, by employing the recent data 
management technology that has emerged in the field of computer science, the researchers attempted to elucidate 
the dynamics of sport fans’ natural and unsolicited emotional expressions. Second, the researchers attempted to 
integrate a well-recognized theory in sport management (affective disposition; Zillmann et al., 1989) into the recently 
highlighted theory of emotions and motivations (opponent-process and mixed emotions; Larsen et al., 2017). As a 
result of these attempts, the findings supported both theories of affective disposition and opponent-process. Most 
prominently, the emotional ambivalence account, despite being widely accepted in the field of cognitive/social 
psychology, has rarely been utilized and tested in a sport spectatorship setting; thus, the uncovered phenomenon 
(expressed emotional ambivalence online in sport spectatorship) and the suggested explanation (reinforced 
opponent-process) may help advance the existing knowledge in sport management. For example, despite the 
habituation tendency, the results revealed reinforced opponent processes. That is, the number of tweets expressing 
negative emotions surged when the fans’ opposite team scored, especially soon after a score from their preferred 
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team. Conversely, the expression of positive emotions surged when fans’ preferred team scored soon after a score 
from the opposite team. These results reflect that the enjoyment experienced from watching the scoring success of a 
fan’s preferred team, as the opponent-process theory asserts (Aragon, 2017), may require the suppression of 
opposite feelings such as anger, fear, and sadness. Hence, this continued emotional ambivalence (or internal conflict 
associated with emotional discomfort; Larsen & Stastny, 2011) strongly activates the desire for affective equilibrium 
by accentuating the negative (or positive, depending on the case) emotions when the success of the preferred (or the 
opposite) team ends. 
 
Managers may proactively utilize lexicon-based Twitter mining analysis to better understand their target markets’ 
immediate and longitudinal emotional responses as an event takes place. Additionally, managers may utilize 
emotions-eliciting elements to create and facilitate the dynamics of emotional experiences (e.g., sensory elements of 
stadiums; Lee et al., 2012). More detailed theoretical, methodological, and practical implications along with future 
suggestions will be discussed in the presentation. 
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