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ABSTRACT 

Fake news has great potential to cause damage to brand reputations and finances. 

Given the technical challenges of detecting fake news in time, it is inevitable that social 

media platforms will end up hosting fake news. The competition for attention and 

advertising revenue is intense. Many consumers read only the headlines. Fake news 

stories that mention brands in headlines can help news publishers garner social media 

engagement but can also hurt brands, raising concerns about brand protection. In this 

research, I focus on the first two stages of the information processing model – attending 

to information and encoding information (Berk 2018; Miller 1988). 

In Chapter 2, I investigate whether mentions of human and product brands are 

associated with news consumption and news retransmission (how brand mentions attract 

attention; the first stage of information processing). Using data from a news platform that 

generated both traditional and satirical (fake) news stories, I quantify the effects of brand 

mentions on social media engagement for both traditional and fake news. The analysis 

encompasses mentions of popular product brands, such as Apple, and mentions of human 

brands, such as famous politicians and actors. A framework based on uses and 

gratifications theory (UGT) aids in variable selection and the interpretation of results. My 

results imply that human brand mentions generally have a positive effect on news 

consumption and retransmission for both news formats, and product brand mentions 

affect engagement of satirical news via an interaction with news categories. Results 

provide further insights on the roles of sentiment, narrative style, and writing quality of 

news stories. The high potential of human and product brands in the headlines, especially 
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human brands in satirical news, may be indicative of their potential to be misused by 

unscrupulous news media publishers. This reminds social media platforms of their 

responsibility to protect brands and consumers from fake news.  

Next, in Chapter 3, I examine the effectiveness of before-warnings (BWs) and 

after-warnings (AWs) in alerting consumers and reducing the persuasive influence of 

fake news on brand attitudes (how warning timing affects encoding; the second stage of 

information processing). Results reveal that for both negative and positive fake news, 

BWs are sometimes no more effective than no-warnings. Although BWs do encourage 

more critical processing of misinformation, this can distract consumers from the warning 

message. More importantly, Chapter 3 demonstrates a robust after-warning effect 

(AWE). Warning consumers after they have read fake news with AWs consistently leads 

to a higher reduction of persuasive influence (negative or positive) than BWs. AWs are 

more salient and arouse greater reactance to the false information than BWs. The 

resulting loss in control over how the news influenced attitudes and increased anger lead 

to the observed after-warning effect. News valence also matters since positive news is 

perceived to be more credible and processed less critically than negative news. AWs 

relative to BWs thus arouse feelings of being tricked when fake news is positive but not 

when it is negative, also leading to the after-warning effect. The findings have several 

theoretical and managerial implications. 
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CHAPTER 1. INTRODUCTION 

Sometime in June 2015, some Facebook users were quick to notice a curious post 

– a man in California had been served a ‘deep fried rat’ at a KFC outlet! This clearly 

“unfortunate” customer’s friends had been quick to react to this unsettling bit of 

information and, soon enough, it became a trending topic on FB. The story also went 

‘viral’ within a day. News and media agencies all over the world picked up the story, 

while FB content providers stylized the post and created even more controversy around 

the topic (see The Daily Dot 2015). Although the post and related news were eventually 

found to be hoaxes (FoxNews 2015), the effects of such a titillating yet false story were 

clearly felt by the brand featured. KFC were forced to go into damage control mode and 

issue a public statement regarding the allegation and finally conduct a DNA test on the 

‘deep fried rat’ (LA Times 2015). Unfortunately for KFC, however, the need for 

entertainment was greater than the need for absolute truth. Content writers and 

aggregators continued to churn out headlines like “Man claims to have found fried rat in 

KFC tenders meal” (Metro 2015), and “It probably wasn't a fried rat, but the photos are 

really something” (Cosmopolitan 2015).  

In the months that followed, it is likely that tens of thousands of internet users 

read, commented on, and shared content that featured KFC and a “deep fried rat” in the 

same story. Considering KFC to be a single example from a sample of hundreds, we are 

nowadays exposed to a variety of such ‘curated’ posts that appear on our news feeds 

(whether on Facebook or other news aggregator platforms). Sometimes entertaining, 

sometimes satirical, and sometimes malicious, there has been a rise of ‘fake news.’  
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With social media platforms around the world taking on many of the traditional 

roles of print newspapers, platforms like Twitter and Facebook have become major news 

content aggregators and serve as influential gateways to other news providers (Sismeiro 

and Mahmood 2018). While Americans get more news from social media than from print 

newspapers (Geiger 2019), not all of it is real news. 

At a time when “critics see a world without editors, of unfettered spin, where the 

loudest or most agreeable voice wins and where truth is the first casualty” (Kovach & 

Rosenstiel 2010), it is concerning to note that students have a 'dismaying' inability to 

discern fake news from real (Stanford History Education Group 2016). Given that the 

boundaries between news production and information creation and sharing are blurring in 

the current online news environments and social media (Chen et al. 2015), it is apparent 

that onus of knowing what’s fake and what’s not is quickly shifting to individual 

consumers. 

 The news on social media does not always take the traditional form of serious, 

timely news on politics, economics, or current events. Instead, news on social media 

sometimes takes the form of news satire, including popular satirical news sources such as 

The Onion and The Daily Show. News satire generally aims to entertain by providing 

social commentaries and parody, and by openly lampooning known figures or 

commonplace things. Sometimes, satirical news about a brand is taken to be real news, 

and that can influence the brand’s reputation. Considering that brand reputations are at 

stake, an investigation of mechanisms that afford protection to brands from fake news is 

also necessary. Against this backdrop, this dissertation addresses several questions related 
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to brands and fake news – questions related to how consumers attend to true and false 

information on social media are investigated in Chapter 2 and questions related to how 

consumers encode fake news on social media are investigated in Chapter 3. At an 

overarching level, these questions relate to the various stages of the information 

processing model (Berk 2018; Miller 1988). Chapter 2 focuses on the first stage, how 

individuals attend to information in online settings. Since individuals typically cannot 

process all that their senses observe, attention plays a key role in deciding which 

information is received and processed. Brand names in news headlines, for example, can 

differentially affect how much attention is paid to the news and thereby influence 

consumers’ reception of information. Chapter 3 focuses on the second stage of 

information processing, how individuals encode information from online settings in 

memory. The encoding process affects how the information is stored and factors that 

affect encoding can have implications for long-term retrieval. For instance, messages 

regarding the credibility and trustworthiness of information can affect how information is 

encoded and stored for future use.  

Chapter 2 investigates whether mentions of known brands in traditional and 

satirical news headlines are associated with higher social media engagement (likes, 

shares, comments). Although the current media environment encourages titillating news 

designed to attract attention, what makes an engaging news headline remains a core 

concern for news publishers. It is a concern for brand managers too as the mentions of 

brand in satirical news can have implications for a brand’s reputation as well. Although 

brand mentions have been previously studied in the contexts of conspicuous consumption 
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(e.g., Hu et al. 2020), customer-generated reviews (e.g., Chen et al. 2011), and firm-

generated content (e.g., Vries et al. 2012), research on brand mentions in news headlines 

on social media is scarce. Chapter 2 thus endeavors to shed light on the use of brand 

mentions within the two disparate news formats of traditional news and satirical news. 

Specifically, the main research question asks, “Do brand mentions in news headlines 

encourage social media engagement?” Since the effect of brand mentions likely depends 

on the type of news (satirical/fake or traditional) as well as other characteristics of the 

news stories, the second research question asks, “Do narrative style, writing quality, and 

sentiment moderate the effect of brand mentions on social media engagement?” Given 

the many differences between traditional and satirical news, I test the empirical model 

separately for the two news formats.  

The results indicate that human brand mentions have a positive effect on news 

consumption and retransmission for both traditional and satirical news formats. Product 

brand mentions, on the other hand, have a negative effect on the consumption of satirical 

news. While, in general, news categories do not demonstrate a consistent influence on the 

effects of brand mentions, they are important for satirical news, as product brand 

mentions reduce the positive effects of news categories on engagement. The narrative arc 

has a significant effect on the engagement of traditional news stories, especially for 

human mentions, whereas this variation does not seem to affect satirical stories. Human 

brand mentions strengthen the effect of positive emotions, and an increase in positive 

emotions for stories that mention human brands positively affects retweets. While easier-

to-read headlines garner greater engagement for both news formats, misleading satirical 
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news headlines (i.e., headlines quite different from the body) have a negative effect on 

retransmission. Robustness tests addressing endogeneity issues using copula controls and 

incorporating two-stage models that specify one process for zero counts and another 

process for positive counts lend further support to my results. These results, focusing on 

how consumers attend to information on social media, also have implications for 

information processing theory (Berk 2018; Miller 1988).  

The motivation for investigating brand protection from fake news in Chapter 3 is 

as follows. Fake news about brands on social media has deleterious effects on the 

reputation and finances of implicated brands (Di Domenico and Visentin 2020) and social 

media platforms are under increasing pressure to thwart the negative influences arising 

from the consumption of misinformation. Since prior research finds that consumers’ 

attitudes can be influenced by false claims despite being warned (Ross et al. 2018; 

Wittenberg and Berinsky 2020), an investigation of warning strategies is called for. 

Chapter 3 evaluates the effectiveness of commonly used before-warnings and investigate 

the effectiveness of a counter-intuitive intervention strategy – alerting consumers after 

they have read fake news rather than before. Results from a series of studies 

demonstrated that despite the intuition that “forewarned” implies “forearmed,” and that 

consumers evaluate the fake news and its contents more critically in the presence of 

BWs, BWs may paradoxically be no more effective in reducing the influence of fake 

brand news than having no warning at all.  

Chapter 3, in demonstrating that the current practice of BWs used by popular 

social media platforms may not be effective in protecting brand attitudes from being 
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influenced by fake news, aims to contribute to not only the burgeoning research on fake 

news and brand protection (e.g., Marvin and Meisel 2017; Visentin et al. 2019) but also 

to the literatures on forewarnings (Janssen et al. 2010; Schumpe et al. 2020; Walter and 

Murphy 2018) and attitude change (Petty and Cacioppo 1977; Walter and Murphy 2018). 

These results, focusing on how consumers encode information on social media, also have 

implications for information processing theory (Berk 2018; Miller 1988). 

The rest of the document is arranged as follows. Chapter 2 presents the research 

on the impact of brand mentions in traditional and fake news on social media 

engagement. Chapter 3 presents the research on warning timing and brand protection 

from fake news. Chapter 4 concludes with the practical and theoretical contributions and 

limitations of this research.  
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CHAPTER 2. BRAND MENTIONS AND ENGAGEMENT 

Introduction 

Around the world, social media platforms are taking on many of the traditional 

roles of print newspapers. Platforms like Twitter and Facebook have become major news 

content aggregators and serve as influential gateways to other news providers (Sismeiro 

and Mahmood 2018). Many Americans get more news from social media than from print 

newspapers (Geiger 2019). Interestingly, news on social media does not always take the 

traditional form of serious, timely news on politics, economics, or current events. Instead, 

news on social media sometimes takes the form of news satire, including popular satirical 

news sources such as The Onion and The Daily Show. News satire generally aims to 

entertain by providing social commentaries and parody, and by openly lampooning 

known figures or commonplace things. Satirical news can inform individuals about 

important issues as much as traditional news (Becker and Bode 2018; Hardy et al. 2014). 

The value and profitability of satirical news has not gone unnoticed, as some news 

publishers provide news in both traditional and satire formats. For instance, The New 

Yorker provides traditional news and also publishes The Borowitz Report, a satirical 

column.  

In this age of social media, users have a limited attention span, but have a 

multitude of news content to choose from. News publishers face intense competition and 

struggle to attract enough online traffic to stay afloat, as it is recognized that the more 

popular a story is on social media, the greater the potential revenue. Liking and sharing 

news stories on social media increases awareness of what others in a user’s network are 
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reading and consider important (Mallipeddi et al. 2021a, 2021b). The easy information 

exchanges on platforms like Twitter encourage a culture oriented around publicity, 

appearance, and visibility (Arvidsson and Caliandro 2016). Speed and spectacle are now 

heavily incentivized over restraint and verification (Chen et al. 2015). The current media 

environment encourages the use of titillating headlines that are designed to attract 

attention. However, what makes an engaging news headline remains a core concern for 

news publishers.  

We investigate whether mentions of known brands in news headlines are 

associated with higher social media engagement (likes, shares, comments). Although 

brand mentions have been previously studied in the contexts of conspicuous consumption 

(e.g., Hu et al. 2020), customer-generated reviews (e.g., Chen et al. 2011), and firm-

generated content (e.g., Vries et al. 2012), research on brand mentions in news headlines 

on social media is scarce. The power and value of brand names have been well 

established (e.g., Aaker 1992) and brand mentions have been known to be used 

strategically by social media users for self-presentation purposes (Hollenbeck and Kaikati 

2012; Schau and Gilly 2003; Sekhon et al. 2016). Social media transforms the way in 

which consumers share information and interact with brands (Lamberton and Stephen 

2016). Building on this, the current investigation endeavors to shed light on the use of 

brand mentions within the two disparate news formats of traditional news and satirical 

news. Specifically, our main research question asks, “Do brand mentions in news 

headlines encourage social media engagement?” Since the effect of brand mentions 

likely depends on the type of news (satirical or traditional) as well as other characteristics 
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of the news stories, our second research question asks, “Do narrative style, writing 

quality, and sentiment moderate the effect of brand mentions on social media 

engagement?” Given the many differences between traditional and satirical news, we test 

our empirical model separately for the two news formats.  

Our investigation is at the news story level. Since headlines are crucial for most, if 

not all, engagement with a story, we primarily focus on brands mentioned in the headline. 

However, we also consider the role of the body of the news story. For each news story, 

we identify the brands mentioned in headlines and capture the narrative style, writing 

quality, and valence of sentiment of the body of the news story. We consider brand 

mentions to be composed of two categories: products (such as WhatsApp, Coca-Cola) 

and humans (such as Kanye West, Elon Musk). This is important because brand mentions 

enable social media platforms like Twitter to loosely aggregate numerous isolated brand-

related expressions into a conversation space centered around the focal brand, which may 

be a product, firm, service, or celebrity (Arvidsson and Caliandro 2016; Thomson 2006). 

The social news mediascape may be conceptualized as an amorphous, loose-structured 

virtual environment composed of many layers of brand spaces, each created via the 

sharing of a myriad of brand-related news and private experiences.  

Brand mentions have long been used in the marketing literature in the context of 

brand awareness and brand reputation. For instance, in a study of unaided brand recall, 

Bogart and Lehman (1973) use the number of brand mentions to gauge which brands 

were most familiar to respondents and find that more reputable brands were more 

familiar to respondents and resulted in higher numbers of brand mentions. Other research 
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has found that brand mentions create attention and identification with the brand and can 

influence brand sales (Azarkina et al. 2014; Craig et al. 2017). In this light, we examine 

the different contexts of brand mentions in news and explore the implications for brands.  

Brand managers care about how their brands are discussed in social media. For 

example, when Twitter users interested in the brand Walmart search for ‘walmart’, they 

access the Walmart brand space on Twitter. Search results may include content tweeted 

by Walmart, stories related to the hashtag #Walmart, or stories that include the term 

‘walmart’. The search term ‘walmart’ thus aggregates brand-related posts, ranging from 

traditional news to satirical jabs at Walmart. Most of these stories are not created by the 

brand itself. Since brands do not have control over how people talk about them, brand 

managers can only monitor brand mentions, analyze the context of mentions, and then 

come up with counter strategies, if required. As a first step, brand managers need to know 

which brand stories are engaging audiences and gaining traction online.  

Social media engagement includes interaction behaviors such as sharing, liking, 

or commenting on a post. Our investigation borrows from and builds upon previous 

works that have examined news sharing on social media (Akpinar and Berger 2016; 

Berger and Milkman 2012; Hermida 2010). Building on the uses and gratifications theory 

(e.g., McQuail 1994; Wimmer and Dominick 1994), we focus on two engagement 

metrics that represent the dimensions of news sharing and news consumption. The 

number of retweets indicates the level of news retransmission, and the sum of likes and 

comments indicates the level of news consumption interest. This approach allows us to 
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understand how characteristics of news stories affect news consumption as well as news 

sharing in online settings.  

To capture the contextual dimensions of news stories that have been shown to be 

important drivers of engagement, we draw on uses and gratification theory (UGT) and the 

literature on computational linguistics. UGT provides insights for the determinants of 

engagement (Ng and Zhao 2020; Phua et al. 2017), as detailed in the theoretical 

framework section. Accordingly, we conceptualize social media engagement as a 

function of brand mentions, news categories, narrative style, writing quality, and 

sentiment, and we control for the length of time the posts have been online.  

We capture the narrative style for each story by quantifying the narrative arc, the 

emotional shifts that occur along the narrative (Jockers 2015). Two distinct measures 

capture writing quality: the dissimilarity between the headline and body of the story is 

quantified to measure the “click-baitiness” of the story (Van der Loo 2014); the 

readability scores of the headline and body of each story measure reading level (Gunning 

1952; Kincaid et al. 1975). We measure the sentiment of the news stories by calculating 

the proportion of words indicating negative and positive sentiment (Pennebaker et al. 

2015). 

To investigate brand mentions and social media engagement, we analyze a unique 

dataset of nearly 6000 traditional news stories and 6000 satirical news stories mentioning 

more than 3000 brands. We collected the data in this investigation from Twitter, but the 

news posts originated from Firstpost.com, a popular traditional news website in India, 

and Fakingnews.com, a subsidiary of Firstpost and the most popular satirical news 
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website in India. Although the same news publisher developed the traditional and 

satirical stories and used similar formats, the nature of the news stories is very different, 

as are the potential audiences. Therefore, to inspect how the conceptual model holds 

across the two types of news, we estimate the model separately for traditional and 

satirical news. Using data from a news publisher that disseminates both traditional and 

satirical news presents the unique opportunity to reduce the problem of unobserved 

heterogeneity across the news sources, since they originate from the same platform, and 

have a similar look and feel.  

By analyzing brand mentions at the level of the news story, we can investigate the 

main effects of brand mentions on sharing, as well as the interaction effects of the 

dimensions of narrative style, writing quality, and sentiment. By assessing brand 

mentions and news story characteristics, our findings enable news publishers to 

understand what makes an engaging news headline. The results also provide relevant 

insights to brand managers, who are concerned about how brand mentions affect brand 

reputation.  

Our results indicate that human brand mentions have a positive effect on news 

consumption and retransmission for both traditional and satirical news formats. Product 

brand mentions, on the other hand, have a negative effect on the consumption and 

retransmission of satirical news. While, in general, news categories do not demonstrate a 

consistent influence on the effects of brand mentions, they are important for satirical 

news, as product brand mentions reduce the positive effects of news categories on 

engagement. The narrative arc has a significant effect on the engagement of traditional 



13 

 

news stories, especially for human mentions, whereas this variation does not seem to 

affect satirical stories. Human brand mentions strengthen the effect of positive emotions, 

and an increase in positive emotions for stories that mention human brands positively 

affects retweets. While easier-to-read satirical headlines garner lesser retweets, easier-to-

read satirical bodies increase retweets. Misleading satirical news headlines (i.e., headlines 

quite different from the body) have a negative effect on retransmission. Robustness tests 

incorporating copula correction and a two-stage model that specifies one process for zero 

counts and another process for positive counts lend further support to our results. 

To the best of my knowledge, this research is the first to quantify the effects of 

brand mentions in headlines of news stories on social media engagement. The findings 

contribute to an increasing stream of research on the value of word-of-mouth (e.g., Huang 

et al. 2019) and social media engagement. For instance, Mallipeddi et al. (2021a) analyze 

the effects of content generated by human brands on Twitter engagement and find that 

both positively and negatively toned content increase engagement. Our results add to 

their insights by revealing that for satirical news, positively toned content interacts with 

human brand mentions to increase engagement. Teixeira et al. (2012) investigate how 

advertisers can leverage emotion and attention to engage consumers and develop 

representative emotion trajectories to support ad design. We extract and analyze various 

emotion trajectories to assess how the effect of brand mentions on engagement are 

impacted by the emotional variations occurring along the narratives of news stories. In 

addition, this paper contributes to a burgeoning stream of literature on satirical and fake 
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news (Golbeck et al. 2018; Matthes and Rauchfleisch 2013; West and Horvitz 2019) and 

firms’ content strategies on social media (e.g., Lysyakov et al. 2020). 

Theoretical Framework 

In this section, we introduce a framework of news consumption and sharing based 

on uses and gratifications theory (UGT) to address the main motivations that stimulate 

individuals to consume and retransmit news on social media. Similar to the approach of 

Lovett et al. (2013), the theoretical framework aids in construct and variable selection 

and in the interpretation of the results, while the main contributions of the research rest 

on the data and findings. Drawing on prior literature on UGT (Ruggiero 2000), we argue 

that individuals consume news on social media to gain information and entertainment 

gratifications. We expect the main driver for retransmitting news is social gratification, 

i.e., the fulfilment of the desire to build social status in online networks.  

 Uses and Gratifications Theory 

A large body of literature has focused on the motivations of the audience to 

explain behaviors such as the consumption and sharing of news media (Wimmer and 

Dominick 1994). Uses and gratifications theory (UGT) is an audience-centered approach 

towards understanding how individuals satisfy their needs and desires while performing 

such activities. According to UGT, the consumption and sharing of media allow 

individuals to realize gratifications such as knowledge enhancement, entertainment and 

relaxation, social interaction, and even camaraderie with other users (e.g., Chen 2011; Ko 

et al. 2005). The theory suggests that online media use is motivated by audience-defined 

needs and goals, the gratifications of which are affected by active participation in the 
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communication process (Levy and Windahl 1984). Since UGT is concerned with what 

people do with media rather than what media does to people, it is particularly suitable for 

understanding news sharing behavior on Twitter (Johnson and Yang 2009). Individuals 

actively seek out information (by searching via keywords and/or following news 

channels), express their approval (via favorites and comments), and aid in news 

dissemination (by retweeting news content). These behaviors satisfy the underlying 

assumption of UGT that users are actively involved in the usage of media (Levy and 

Windahl 1984).  

Prior literature investigating the role of UGT shows that consumption of news on 

social media is driven by the need to acquire information and entertainment 

gratifications, while retransmission or sharing behavior is driven by the need to acquire 

social gratifications. In an investigation of news viewing and sharing on YouTube, 

Hanson and Haridakis (2008) find that information gratifications predict the consumption 

of traditional news video content while entertainment gratifications drive the 

consumption of satirical news video content. Further, their investigation finds that 

interpersonal motivations such as the need to express oneself and the need to voice 

opinions predicted the sharing of both traditional and satirical news on YouTube. In a 

similar vein, Ko et al. (2005) find that information gratifications explain the consumption 

of online information, while social interaction motivations, such as the needs for self-

presentation and to express oneself, predict message sharing in interactive media 

consumption settings. Other research provides converging support for the role of 

gratifications in predicting online news consumption and sharing (Diddi and LaRose 
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2006; Lin et al. 2004; Susarla et al. 2012). These findings lay the theoretical foundation 

for our empirical model. 

Brand Mentions and UGT 

From a UGT perspective, news content helps individuals acquire consumption 

and sharing related gratifications. Since individuals are usually only willing to spend a 

limited time on online news, first impressions matter on social media. It is therefore 

critical for news publishers to have effective strategies to catch people’s attention and 

attract their clicks. One key aspect related to news attractiveness on Twitter is the 

headline (Reis et al. 2015). Twitter has a 280-character limit, which is usually just 

enough for a news headline and a link to the news content. The headline has the 

important role of drawing attention quickly and briefly to the story. A headline can affect 

what existing knowledge is activated in individuals’ minds (Surber and Schroeder 2007), 

and the choice of phrasing can influence mindsets and affect the recall of details 

(Konnikova 2014). 

Mentioning well-known brands in headlines may be able to increase the attention 

paid to posts and encourage social media engagement. Prior research on brands and 

word-of-mouth (WOM) finds that brand events such as new product releases and 

advertising campaigns can attract increased attention and induce WOM (Marchand et al. 

2017; Pauwels et al. 2016; Trusov et al. 2009). Since individuals tend to consume only 

the news they are interested in (Karlsson and Strömbäck 2010), brand mentions may 

attract individuals interested in the brand. In that way, a brand mention may increase the 

attractiveness of the post to the user and aid in achievement of their consumption 
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gratifications. Accordingly, we expect that product and human brand mentions in news 

headlines positively affect social media engagement. 

On social media, retransmitting news that mention brands can be socially 

gratifying. Brand mentions make it easier to use the brand in a conversation on social 

media (Berger and Schwartz 2011). Further, just thinking about a brand can evoke 

emotions that people might like to share with others (Heath et al. 2001; Nardi et al. 2004; 

Peters and Kashima 2007). To spread widely, a post from a news publisher needs to be 

retransmitted among online friends of the news consumer, who may or may not react to 

the original post (Kozinets et al. 2010). Including brands has the potential to increase 

online WOM. Mentioning a reputable brand in one’s social media communications is 

considered a way of crafting a positive self-presentation (Hollenbeck and Kaikati 2012; 

Schau and Gilly 2003). Self-presentation is any behavior intended to influence the 

impression of oneself in the minds of others (Schlenker 2003). In an investigation of 

consumer self-presentation, Sekhon et al. (2016) find that Twitter users strategize brand 

mentions in crafting positive images on social media. Brand mentions thus help 

individuals to achieve social gratifications such as self-presentation and status seeking.  

The sharing of branded content for purposes of self-presentation and status 

seeking is especially noticeable for consumers following celebrities, actors, politicians, 

athletes, and other human brands. Fans of Reese Witherspoon, LeBron James, or 

Beyoncé typically share their social media content for self-presentation goals. Although 

prior literature comparing the differential effects of product and human brand mentions 

on engagement is severely limited, some reports suggest that human brands may have 
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stronger social influence than product brands (Badenhausen 2017; Chung and Cho 2017; 

Escalas and Bettman 2009; Seetharaman 2015). Human brands make consumers feel 

appreciated, empowered, and autonomous (Thomson 2006) thus allowing for the 

formation of various types of emotionally significant relationships such as idolatry (Yang 

et al. 2008), fandom (Guschwan 2012), and celebrity worship (Houran et al. 2005). This 

leads to the expectation that human brand mentions have a stronger positive effect on 

engagement than product brand mentions. 

 News Categories and UGT 

Organizing and presenting news in categories such as entertainment and politics 

enables consumption and social gratifications. The categories help individuals to easily 

find news of interest, for both traditional and satirical news formats. Karlsson and 

Stromback (2010) find that individuals consume only the news they are interested in, and 

Rentfrow et al. (2011) find that people seek out entertainment that reflects and reinforces 

aspects of their personalities. The categories ease information and entertainment 

consumption gratifications. The categories also enable social gratifications via sharing. 

Toubia and Stephen (2013) find that social media users share content on social media to 

manage their image. It follows that news consumers are more likely to consume and 

retransmit news content that is consistent with their self-developed images (Kirmani 

2009). For example, someone with a sporty self-image may consume and retweet news 

about sports brands, sports events, and athletes, rather than about crime and politicians. 

Traditional and satirical news providers offer multiple news categories or sections 

on their sites and place stories strategically (Lee et al. 2014; Lee and Tandoc 2017). Since 
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a brand story could include topics such as business performance, a sporting event 

sponsorship, or a celebrity endorsement, it could be placed in the business, sports, or 

society news categories. The emphasis on informational dimensions as well as the use of 

linguistic style is likely to differ across these categories. A brand story in the society 

category may employ a more emotional language than a story in the business category, 

owing to the content and/or linguistic style.  

Each category appeals to news consumers who have aligned self-images. The 

strategic sharing of news from specific news categories helps individuals achieve social 

gratifications. Anecdotal evidence suggests that the news categories of local, sports, 

lifestyle, and entertainment are generally higher read than others such as business and 

politics (AdNews 2013). This implies that the effect of a brand mention in the headline in 

one news category is likely to differ from that in another news category. Thus, we expect 

that the effect of brand mentions on social media engagement will be moderated by the 

news categories. 

 Sentiment and UGT 

Another aspect of news stories, sentiment, is pertinent to consumption and sharing 

gratifications. Research on brand communities reveals that searching for and receiving 

information about a brand is one of the main gratifications of consumer participation 

(Muntinga et al. 2011; Raacke and Bonds-Raacke 2008). In fact, attaining various forms 

of information has been known to be the most important reason consumers use the 

internet (Maddox, 1998). Research on sentiment and sharing, however, reveals 

contrasting findings. One stream (e.g., Godes et al. 2005; Ng and Zhao 2020; Trussler 

https://www-tandfonline-com.libproxy.temple.edu/doi/full/10.1080/0965254X.2015.1095222
https://www-tandfonline-com.libproxy.temple.edu/doi/full/10.1080/0965254X.2015.1095222
https://www-tandfonline-com.libproxy.temple.edu/doi/full/10.1080/0965254X.2015.1095222
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and Soroka 2014) suggests that individuals are generally more interested in negative 

rather than positive brand-related news, while another stream points out the crucial role 

of positive news (Barasch and Berger 2014; Berger and Milkman 2012). For instance, 

Barasch and Berger (2014) find that individuals tend to avoid sharing content that makes 

them look bad in settings where the communication is one-to-many and audience size is 

large. The rationale is that if the information they share turns out to be useful and/or 

interesting, they in turn will be able to establish their reputation among peers (Qiu and 

Kumar 2017). Individuals would thus rather prefer to be known as someone who “shares 

upbeat stories or makes others feel good rather than someone who shares things that 

makes others sad or upset” (Berger and Milkman 2012).  

While sharing positive content may help boost others’ mood and reflect positively 

on the sender, sharing negative content may also lead to social gratification gains. 

Satirical news tends to deliver social commentary via irony and parody. Although 

generally negative in tone, the humor may be appreciated by others in the user’s network, 

and lead to social gratification gains. News publishers intend to develop content that 

creates value for consumers and builds stronger levels of engagement (Malthouse et al. 

2013). Sentiment is a key characteristic. However, past research has mixed findings. This 

motivates an investigation of how news sentiment affects sharing of traditional and 

satirical news. We expect that sentiment of the news story significantly moderates the 

effect of brand mentions on social media engagement. 
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 Narrative Style and UGT 

The narrative of a story is the emotional flow of a story or the series of emotional 

shifts that occur throughout the piece. The narrative style is an important source of 

meaning, and narrative can be harnessed for strategic purposes (Barry 2006). Since the 

narrative of the news story constitutes a crucial part of the reading experience, it is likely 

to be important for achieving social gratifications. If the narrative is likely to be 

appreciated by others, it will help establish a desirable social image rather than hurt social 

image.  

Narratives allow audiences to follow a character (such as a brand) across a series 

of events that often involve facing and overcoming adversity. The series of emotional 

shifts over the duration of a narrative constitutes its emotional flow, and this has been 

found to play an important role in keeping readers engaged (Nabi and Green 2015). 

Narratives affect trust in a story (Van Lissa et al. 2014) and emotional narratives are a 

convincing medium for explaining the world we inhabit, enforcing societal norms, and 

giving meaning to our existence (Massey 2002). Recent research finds that narrative arcs 

of fictional stories are distinct and different from the narrative structures of newspaper 

articles (Boyd et al. 2020) and that some narrative styles enjoy engender greater 

engagement than others (Reagan et al. 2016). Thus, a news story written in a particular 

narrative style may be considered more shareable than another narrative style. 

Consequently, we expect that the narrative style of the story will moderate the effect of 

brand mentions on social media engagement. 
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Writing Quality and UGT 

The writing quality of a news story is important for the reading experience. The 

writing quality determines how well the news story is understood and whether readers 

will appreciate and retransmit it. From a UGT perspective, it is necessary to account for 

dimensions of the news story that pertain to writing quality. We consider two such 

dimensions, namely, click-baitiness of headlines and readability of text.  

 

 

 

Click-baitiness of headlines. Since readers rely on headlines for most, if not all 

their engagement with a story (Dor 2003; Josephson and Miller 2015), online news 

publishers use diverse strategies to make their headlines catchy and clickable (Wei and 

Wan 2017). Headlines can shape public opinion (Geer and Kahn 1993). However, it has 

long been established that headlines can be either accurate or misleading (Marquez 

1980). Some stories feature sensational headlines that are quite different from the actual 

story itself. These misleading headlines, often referred to as click-bait, lead to reader 

misconception and degrade the user experience (Ecker et al. 2014), and can negatively 

Figure 2.1 Conceptual Framework of Brand Mentions and Social Media Engagement 

Engagement 
(Retweets, Likes + 

Comments) 
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affect engagement. The construct of click-baitiness of headlines can be considered a 

dimension of quality (Potthast et al. 2018a, 2018b). This is measured by the level of 

dissimilarity of topic between the headline and the body of the news story. The higher the 

level of click-baitiness, the lower the writing quality. We expect that the level of click-

baitiness will have a negative moderating effect on the relationship between brand 

mentions and social media engagement. We expect to see lower engagement for stories 

with high click-baitiness.  

Readability of text. The other dimension of writing quality – readability – relates 

to the complexity of language used in the news story. The readability of a text is the ease 

with which it can be read or understood by a reader (DuBay 2004), and  readability is a 

crucial factor regarding the appropriateness of text for certain age groups and audiences 

(Temnikova et al. 2015). In the context of social media, the value of news information is 

commensurate with the reader’s ability to understand it. Yet, deadline pressures and news 

organizational features often make real news less readable than deceptive news. Dalecki 

et al. (2009) find that the low readability of traditional news is due to the challenge of 

journalism to convey information only about the real world, while deceptive news stories, 

not suffering similar constraints, portray a simpler world, resulting in higher readability. 

Simpler language is easier to consume, understand, and share. Hence, we expect 

readability of news to have a positive moderating effect on the relationship between 

brand mentions and social media engagement. We expect to see higher engagement for 

stories with higher readability.  
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Data and Method   

To address our research questions, we develop a unique dataset of traditional and 

satirical news articles. These originated from a traditional news platform, Firstpost, and 

its satirical news sub-platform Faking News. Firstpost (Firstpost.com) is one of the most 

visited traditional news websites in India (Alexa 2019). Faking News (FakingNews.com), 

which stopped publication in July 2020, was the most popular satirical news website in 

India and was previously acquired by Firstpost in 2013 (Horwitz 2013). On this shared 

website platform, the stories had a similar look and feel. Firstpost and Faking News 

posted their news stories on the popular social media platform, Twitter. This enables a 

unique opportunity to investigate differences in how two branches of the same news 

organization, one specializing in traditional news and the other in satirical news, 

incorporated brand names to affect reader engagement.  

We collected news headlines posted to Twitter by Firstpost and Faking News. In 

addition, we collected the full contents of the stories by following the URLs in the 

tweeted news posts. Our dataset includes 5956 traditional news stories from Firstpost and 

5855 satirical stories from Faking News. Stories from Firstpost are traditional news while 

stories from Faking News are satirical news. The acquired sample of traditional and 

satirical news stories originated from the same newsroom (Raghunath 2013). This 

platform-sub platform relationship allows us to meaningfully address the issue of 

unobserved heterogeneity of news articles across the two platforms. In this regard, the 

parent organization expected both Firstpost and Faking News reporters to subscribe to 

similar overarching reporting standards, organizational ethos, and production quality 
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(Pahwa 2013). In contrast, the most popular North American satirical news website, The 

Onion, does not have a traditional news twin. A comparison with traditional news from 

other sources may face comparability and endogeneity issues.  

We conceptualize engagement to be a function of product and human brand 

mentions, news categories, narrative style, writing quality, and sentiment, controlling for 

the length of time the posts have been online. We test this conceptual model separately 

for samples of traditional and satirical news due to the following three considerations. 

First, the two types of news may have different audiences – some people may be 

interested in real facts (traditional news), while others may want to be entertained while 

learning about recent events (satirical news). Thus, combining the traditional and satirical 

stories may add unnecessary levels of consumer heterogeneity to the sample that would 

be difficult to counter without data pertaining to reader preferences, leading to biased 

estimates.  

Second, given that the two types of news have a different mix of intentions, they 

may employ linguistic tools differently towards different intended effects. For instance, 

satirical news aims to entertain readers and to this achieve this, use linguistic tools such 

as humor, irony, and sarcasm. However, the dimensions of humor are notoriously 

difficult to measure and without adequate controls for humor in the empirical model, the 

estimates are likely to be error prone. Thus, it is better to keep the analysis of humorous 

satirical news separate from traditional news, where the use of humor may not be as 

deliberate.  
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Third, the quality and nature of the information presented in news is likely to play 

a crucial role in fostering engagement. It may be expected that traditional news is likely 

considered to be more credible than satirical news, but it is uncertain whether all readers 

will be equally interested in both types of news. Given that the quality and nature of 

information is difficult to measure, we keep the analyses separate. Next, we discuss the 

variables included in the empirical model. Table 2.1 provides an overview of the sample 

and Table 2.2 provides summary statistics. 

Table 2.1 Sample Overview 
 

Satirical News Traditional News 

News Category: 
  

Business 572 868 

Entertainment 1495 --- 

India 1381 2993 

Politics 933 1468 

Society 758 106 

Sports 490 27 

World 226 494 

Total 5855 5956 

 

Dependent Variable: Social Media Engagement 

Social media engagement can be defined as the degree of public likes, shares, and 

comments that a post receives on social media. It is an indication of the measure of 

interaction with the post and is one of the key metrics to quantify the performance of 

social media strategies (e.g., Lysyakov et al. 2020; Stieglitz and Dang-Xuan 2013). 

Engagement with social media results from how the content is experienced (Malthouse et 

al. 2016). Engagement plays an important role in increasing sales (Kumar et al. 2016) and 
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profitability (Rishika et al. 2013). In this research, the unit of analysis is at the individual 

news story level.  

When a news outlet posts a story on Twitter, the story appears on the timeline of 

its followers. When the followers log in to their Twitter account, they see the recent 

tweets from the news outlets they follow. When these posts are retweeted by the 

followers, they appear on the newsfeeds of users on the followers’ networks, who may 

further increase the overall reach via retweets. We collect the number of retweets, 

comments, and likes for each of the original tweets posted by the two news outlets, one 

dealing in traditional news and the other in satirical news.  

Retweeting is an endorsement of the posted content and represents motivations 

such as publicly agreeing with a view or drawing attention to information (Boyd et al. 

2010). Since retweets most directly aid in increasing the reach of posted content, it can be 

considered a more important metric for social media engagement. As such, we consider 

the number of retweets to reflect the strength of news retransmission, with higher 

numbers of retweets indicating stronger retransmission. Although comments do not 

directly increase the reach of the post, the number of comments indicates the level of 

community interaction with the content (Saboo et al. 2016). Similarly, likes represent a 

direct reflection of user preferences and the numbers of likes can act as an indicator for 

how much the content addresses reader preferences. Since comments and likes do not 

directly increase the reach of the post, they can be proxies for overall consumption 

interest in the content. We acknowledge that the actions of retweeting, liking, and 

commenting may stem from different motivations (Tellis et al. 2019). Accordingly, we 
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derive a News Consumption Interest metric as a sum of the total number of likes and 

comments received by a post. Higher values indicate higher news consumption interest. 

Independent Variables 

Brand Mentions. In brand consulting, brand mentions are the references to brands 

or branded products that show up in product reviews, blog posts, social media posts, and 

news articles (ActiveCampaign 2020). Firms are urged to monitor brand mentions, due to 

their potential to affect brand reputations (Patel 2020). We define brand mentions more 

specifically as references to company, service, product, or human brands in news articles 

posted to Twitter. A technical specification of a brand mention is an implied link, not an 

express link to the target resource (Panda and Ofitserov 2012). A brand mention is not a 

direct link to the brand, and one cannot click on it and be navigated to the brand page. 

Instead, a brand mention tells people about the brand without directly hyperlinking to it. 

In our research, a brand mention happens when a brand appears in a news article.  

While brands have traditionally been associated with organizations, products, or 

services, scholars note that humans can also be conceptualized as brands and use the term 

“human brand” to refer to any persona who is the subject of marketing communication 

efforts (Saboo et al. 2016; Thomson 2006). Thus, we consider two broad types of brand 

mentions: product brand mentions and human brand mentions. For the independent 

variables ProductBrand and HumanBrand, we develop an algorithm to count the number 

of times unique brand names are mentioned in the news headlines. The algorithm 

computes the frequency of unique brand name mentions in the headlines. This utilizes a 
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list of brand names developed from an analysis of 9197 hashtags supplied with the news 

stories.  

 Table 2.2 Summary Statistics 

News Format Variable Name Mean SD Min Max N 

Satirical  

News 

ProductBrand  0.269342 0.542087 0 5 5855 

HumanBrand 0.694278 0.945632 0 12 5855 

Reply 2.353886 4.145268 0 122 5855 

Like 34.53151 44.03906 0 914 5855 

Retweet 27.34449 34.27453 0 778 5855 

DaysOld 1656.392 639.8531 604 3942 5855 

StrDist 0.090159 0.02957 0.03 0.33 5855 

Posemo 4.790231 2.782114 0 27.18 5855 

Negemo 3.84213 2.727205 0 28.87 5855 

Flesch_Kincaid 13.25617 4.009085 1.80 26.52 5855 

Gunning_Fog_Index 13.11424 2.263971 4.86 26.78 5855 

Traditional  

News 

ProductBrand 0.12139 0.394171 0 4 5956 

HumanBrand 1.177636 1.204111 0 8 5956 

Reply 2.129953 5.388164 0 160 5956 

Like 18.33462 36.22217 0 941 5956 

Retweet 8.522666 23.31254 0 675 5956 

DaysOld 725.9219 61.87821 613 874 5956 

StrDist 0.080024 0.028678 0.03 0.70 5956 

Posemo 3.446555 2.252912 0 13.98 5956 

Negemo 3.161083 2.429283 0 17.31 5956 

Flesch_Kincaid 13.18613 3.891219 -1.76 28.12 5956 

Gunning_Fog_Index 18.10238 2.51778 9.88 36.34 5956 

 

Brand names analogous to common English words (e.g., gap, surf, tide) are removed, 

resulting in 3210 unique product and human brands. Actors, musicians, sportsmen, 

politicians, CEOs, political parties, and music groups are assigned as human brands, 

while durable/non-durable goods, TV channels, sports teams, online services, private 

colleges/universities, companies, and movies/songs are assigned as product brands. 

 



30 

 

News Categories. News is typically provided through different media such as 

print, TV, and social media and covers topics such as politics, business, entertainment, as 

well as athletic events and other quirky events. NewsCategory is a categorical variable 

that indicates the news section, which, in our sample, includes politics, sports, world, 

entertainment, business, society, and technology. This information is not contained within 

the tweet but is available on the webpage the URL in the tweet points to.  

Sentiment. Prior research has examined how characteristics of the content posted on 

social media affects the spread of word-of-mouth and has established the importance and 

relevance of examining linguistic features, especially sentiment (Berger and Milkman 

2012; Ludwig et al. 2013; Mallipeddi et al. 2021a; Mudambi et al. 2016). Automated 

linguistic analysis is used to quantify two dimensions of sentiment, positive and negative 

emotions, as is common in previous research (Pennebaker et al. 2015). The software 

Linguistic Inquiry and Word Count (LIWC) counted the number of positive and negative 

words in each news story using a list of 7630 words classified as positive or negative by 

human readers. The measures of posemo and negemo capture the proportion of positive 

and negative sentiment, respectively, with a higher number indicating higher sentiment. 

These methods are well established (Mallipeddi et al. 2021a; Pang and Lee 2008) and 

increase coding ease and objectivity.  

Narrative Style. Audiences on social media demand good storytelling (Groot 

Kormelink and Costera Meijer 2015), and editors realize the importance of narrative style 

(Lischka 2018). Like Nabi and Green (2015), we define narrative style to be a series of 

emotional shifts that occur along the narrative of a news story. These emotional shifts can 



31 

 

include those from negative to positive (e.g., sadness to happiness), from positive to 

negative (e.g., happiness to sadness), or even from one negative or positive emotional 

state to another of a similar valence (e.g., fear to anger or happiness to pride).  

 

Figure 2.2 Optimal Number of Clusters 

 

 

To quantify narrative styles for each news story, we utilize the “syuzhet” package in 

R (Jockers 2015). The algorithm first computes the sentiment of each sentence in the 

news stories using a custom sentiment dictionary. This data is then quantified into an 

emotional narrative trajectory consisting of a sequence of 100 data points along the 

length of the narrative. Next, a discrete cosine transform generates trajectories for the 

emotional narratives. Finally, on computed trajectory data, a k-means clustering 

algorithm is run to identify the optimal number of trajectories representing the emotional 

narratives in the sample of news stories (see Figure 2.2). The current sample of satirical 

and traditional news stories is characterized by three distinct narrative styles, presented in 
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Figure 2.3. For traditional news, Cluster 1 changes from negative to positive emotions 

through the narrative, Cluster 2 begins with negative emotions transitioning to positive 

emotions midway and ends with negative emotions, and Cluster 3 begins with positive 

emotions, transitions back and forth from negative emotions and finally ends with neutral 

emotions. The variable Cluster is a categorical variable taking values 1, 2, and 3 

indicating membership of news story i to narrative arc clusters 1, 2, and 3, respectively. 

 

Figure 2.3 Narrative Styles of Satirical and Traditional News 

Satirical News Traditional News 
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Writing Quality. We consider writing quality to be composed of two separate 

dimensions: click-baitiness of the headline and readability of text. To quantify the click-

baitiness of news stories, we focus on the relationship between headlines and the bodies 

of news stories (Chen et al. 2015). We employ an optimal string alignment approach 

(Van der Loo 2014) to quantify the dissimilarity between the headline of the story posted 

and the body of the story. The variable StrDist is the cosine distance between the headline 

and the body of the news story. It is a measure of dissimilarity, or clickbaitiness, taking 

values between 0 and 1, with 1 indicating dissimilar. This approach quantifies the degree 

of substitution required to transform a reference text to a target text. A higher value 

indicates greater dissimilarity between the headline and body of the news story, or higher 

clickbaitiness.  

Readability is captured via two separate measures that have been widely 

employed in prior research, the Flesch-Kincaid Readability Score (Kincaid et al. 1975) 

and Gunning’s Fog Index (Gunning 1952). The Flesch-Kincaid Readability Score, a 

general formula suitable for a wide variety of text, has been utilized in prior research to 

compute the readability of headlines (e.g., Manjesh et al. 2018). It uses word and 
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sentence length to estimate the years of schooling that a reader requires to read and 

understand a piece of text. The longer the word or the sentence, the more schooling is 

needed to read it. Gunning’s Fog Index, a measure more suited to business magazines and 

journals, has been utilized to measure the readability of full length traditional and satirical 

news stories (e.g., Yang et al. 2017). It is a weighted average of the number of words per 

sentence and the number of long words per word. The value indicates the years of formal 

education a person needs to understand the text on the first reading. Readability scores 

using both methods for each news story were computed using the “readability” package 

in R (Rinker 2017).  

Empirical Model 

With the intent of understanding implications for news retransmission as well as 

news consumption gratifications, we recognize that the social media engagement 

behaviors (including retweeting, liking, and commenting on a story) stem from different 

motivations (Tellis et al. 2019) and imply different forms of engagement. As such, 

retweets imply a specific type of engagement, news retransmission. To check for effects 

on news consumption, we derive a News Consumption Interest metric by adding the 

values of likes and comments and re-run our analyses with News Consumption Interest as 

the outcome measure. Specifically, we first estimate our empirical model using retweets 

as the dependent variable (DV). Next, we estimate the model using News Consumption 

Interest as the DV. Our results provide insights on the tradeoffs between mentioning 

product or human brands in news headlines, and the moderating effects of news 

categories, sentiment, narrative style, and writing quality of the stories.  
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Base Model. The first step is to gain a baseline perspective on how product and 

human brand mentions affect social media engagement irrespective of news source. 

Model 1a is specified below and estimated separately for samples of traditional and 

satirical news:   

 

 

𝑅𝑒𝑡𝑤𝑒𝑒𝑡𝑠𝑖  =  𝛽0  +  𝛽01𝐻𝑢𝑚𝑎𝑛𝐵𝑟𝑎𝑛𝑑𝑖  +  𝛽02𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝐵𝑟𝑎𝑛𝑑𝑖  

+  𝛽03𝑁𝑒𝑤𝑠𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑖 +  𝛽04𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖 +  𝛽05𝑆𝑡𝑟𝐷𝑖𝑠𝑡𝑖

+  𝛽06𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑖 +  𝛽07𝐷𝑎𝑦𝑠𝑂𝑙𝑑𝑖 +  𝛽08𝐹𝑙𝑒𝑠𝑐ℎ𝐾𝑖𝑛𝑐𝑎𝑖𝑑𝑖

+ 𝛽09𝐺𝑢𝑛𝑛𝑖𝑛𝑔𝐹𝑜𝑔𝑖  +  𝜀𝑖 (1) 

 

The primary DV in Model 1a is the number of retweets (Retweets), a count 

variable. The number of retweets serves as an indication of social media engagement 

(Gong et al. 2017; Zhang et al. 2017; Mallipeddi et al. 2021a, 2021b), because with the 

higher the number of retweets, the higher the engagement. HumanBrand is the count of 

unique human brand mentions in the headline of tweeted news story I, and ProductBrand 

is the count of  unique product brand mentions in the headline of tweeted news story i. 

NewsCategory indicates the news category of the tweeted news story i, such as Sports 

and Entertainment, with Business serving as the reference news category. Sentiment is a 

vector that contains measurements of two LIWC word categories, namely, positive 

emotions (posemo), and negative emotions (negemo).  

DaysOld is the number of days the tweet has been online (till March 01, 2020). 

StrDist is a measure between 0 and 1 of clickbaitiness, or dissimilarity of the headline 

and the body of the news story, with 1 indicating dissimilar. Cluster is a measure of the 
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narrative style, indicating membership of news story i to narrative arc cluster 1, 2, or 3. 

Finally, variables FleschKincaid and GunningFog capture the Flesch Kincaid reading 

levels of the headline i and the Gunning Fog Index for the body of the news story i, 

respectively. We also run Model 1b with News Consumption Interest as the DV. 

Moderated Effects Model. To gain insight into potential moderators of the effects 

of product and human brand mentions on retweets, we introduce two-way interaction 

terms in Model 2a below, leading to the following specification:   

 

𝑅𝑒𝑡𝑤𝑒𝑒𝑡𝑠𝑖  =  𝛽0  +  𝛽01𝐻𝑢𝑚𝑎𝑛𝐵𝑟𝑎𝑛𝑑𝑖  +  𝛽02𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝐵𝑟𝑎𝑛𝑑𝑖  

+  𝛽03𝑁𝑒𝑤𝑠𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑖 +  𝛽04𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖 +  𝛽05𝑆𝑡𝑟𝐷𝑖𝑠𝑡𝑖

+  𝛽06𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑖 +  𝛽07𝐷𝑎𝑦𝑠𝑂𝑙𝑑𝑖 +   𝛽08𝐹𝑙𝑒𝑠𝑐ℎ𝐾𝑖𝑛𝑐𝑎𝑖𝑑𝑖

+ 𝛽09𝐺𝑢𝑛𝑛𝑖𝑛𝑔𝐹𝑜𝑔𝑖  + 𝛽10𝐻𝑢𝑚𝑎𝑛𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝑁𝑒𝑤𝑠𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑖

+  𝛽11𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝑁𝑒𝑤𝑠𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑖

+ 𝛽12𝐻𝑢𝑚𝑎𝑛𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝑆𝑡𝑟𝐷𝑖𝑠𝑡𝑖 +  𝛽13𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝑆𝑡𝑟𝐷𝑖𝑠𝑡𝑖

+ 𝛽14𝐻𝑢𝑚𝑎𝑛𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑖 + 𝛽15𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑖

+ 𝛽16𝐻𝑢𝑚𝑎𝑛𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝐹𝑙𝑒𝑠𝑐ℎ𝐾𝑖𝑛𝑐𝑎𝑖𝑑𝑖

+  𝛽17𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝐹𝑙𝑒𝑠𝑐ℎ𝐾𝑖𝑛𝑐𝑎𝑖𝑑𝑖

+ 𝛽18𝐻𝑢𝑚𝑎𝑛𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝐺𝑢𝑛𝑛𝑖𝑛𝑔𝐹𝑜𝑔𝑖

+  𝛽19𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝐺𝑢𝑛𝑛𝑖𝑛𝑔𝐹𝑜𝑔𝑖

+ 𝛽20𝐻𝑢𝑚𝑎𝑛𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝑝𝑜𝑠𝑒𝑚𝑜𝑖 +  𝛽21𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝑝𝑜𝑠𝑒𝑚𝑜𝑖

+ 𝛽22𝐻𝑢𝑚𝑎𝑛𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝑛𝑒𝑔𝑒𝑚𝑜𝑖 +  𝛽23𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝐵𝑟𝑎𝑛𝑑𝑖 ∗ 𝑛𝑒𝑔𝑒𝑚𝑜𝑖

+  𝜀𝑖 (2) 

 

In Model 2a, the DV is Retweets, while in Model 2b, the DV is News Consumption 

Interest. The coefficients of interaction terms reveal the moderating effects on the effects 

of human and product brand mentions.  
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Results and Insights 

In this section, we answer our two key research questions. We first ask whether 

brand mentions in news headlines encourage social media engagement. To answer this, 

we inspect the main effects of product and human brand mentions on retweets (Model 1a) 

and News Consumption Interest (Model 1b). This allows us to understand how brand 

mentions affects reader gratifications from news consumption and sharing. In the second 

question, we ask whether narrative style, writing quality, and/or sentiment moderate the 

effect of brand mentions on social media engagement. To answer this question, we utilize 

Models 2a and 2b and inspect the interaction terms.  

Main Effects of Brand Mentions on News Retransmission (Retweets) 

Traditional News. As shown in Column 1 of Table 2.3, the significant positive 

coefficient of HumanBrand (𝛽01 =  0.958, 𝑝 < 0.001) suggests that the mention of one 

human brand in a traditional news headline increases retweets by approximately one unit. 

In other words, headlines that mention human brands are likely to be retransmitted more. 

In contrast, we do not find support that product brand mentions (ProductBrand) influence 

retweets (𝛽02 =  −0.032, 𝑝 > 0.10). These results imply that human brand mentions 

hold a greater potential for social media engagement than product brands, in line with 

expectations.  
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Table 2.3 Main Effects 

 Dependent variable: 
 Retweets News Consumption Interest 
 Traditional News Satirical News Traditional News Satirical News 
 (1) (2) (3) (4) 

ProductBrand -0.032 0.995 -0.197 2.491** 
 p = 0.969 p = 0.232 p = 0.883 p = 0.013 

HumanBrand 0.958*** 5.456*** 3.097*** 6.051*** 
 p = 0.0004 p = 0.000 p = 0.000 p = 0.000 

News Category:     

Entertainment  1.644  5.401*** 
  p = 0.325  p = 0.007 

India 2.365** 3.497** 6.403*** 6.724*** 
 p = 0.014 p = 0.039 p = 0.0001 p = 0.001 

Politics 1.659 9.133*** 9.129*** 7.272*** 
 p = 0.148 p = 0.00000 p = 0.00001 p = 0.002 

Society -0.586 -1.319 3.665 -1.230 
 p = 0.813 p = 0.479 p = 0.372 p = 0.580 

Sports -1.136 4.725** 4.528 1.320 
 p = 0.805 p = 0.025 p = 0.553 p = 0.599 

World 2.058 2.556 3.380 1.062 
 p = 0.130 p = 0.340 p = 0.134 p = 0.740 

Negemo 0.489*** 0.411** 0.603*** 0.302 
 p = 0.0002 p = 0.012 p = 0.006 p = 0.120 

Posemo -0.275* 0.048 0.082 -0.364* 
 p = 0.062 p = 0.767 p = 0.739 p = 0.057 

DaysOld -0.0003 0.002*** -0.010 -0.033*** 
 p = 0.950 p = 0.002 p = 0.212 p = 0.000 

Flesch_Kincaid -0.176** -0.262** -0.468*** -0.833*** 
 p = 0.030 p = 0.018 p = 0.0005 p = 0.000 

Gunning_Fog_Index -0.179 1.080*** -0.239 1.578*** 
 p = 0.171 p = 0.00000 p = 0.272 p = 0.000 

StrDist 6.396 -43.654*** 5.523 -15.709 
 p = 0.548 p = 0.005 p = 0.755 p = 0.390 

Cluster2 0.529 -0.259 -0.693 0.228 
 p = 0.482 p = 0.808 p = 0.579 p = 0.858 

Cluster3 0.260 -1.318 -0.385 -0.355 
 p = 0.731 p = 0.218 p = 0.760 p = 0.781 

Constant 10.058** 8.221** 26.727*** 74.711*** 
 p = 0.023 p = 0.026 p = 0.0003 p = 0.000 

Observations 5,956 5,855 5,956 5,855 

R2 0.009 0.056 0.023 0.237 

Adjusted R2 0.007 0.053 0.020 0.235 

Residual Std. Error 23.233 (df = 5940) 33.353 (df = 5838) 38.605 (df = 5940) 39.766 (df = 5838) 

F Statistic 
3.502*** (df = 16; 

5940) 

21.494*** (df = 16; 

5838) 

8.595*** (df = 16; 

5940) 

113.101*** (df = 16; 

5838) 

Note: *p<0.10, **p<0.05, ***p<0.01 
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In comparison to the Business news category, India news category has a significant 

positive effect on retweets (𝛽03 =  2.365, 𝑝 = 0.014). An increase in negemo seems to 

increase retweets (𝛽01 =  0.489, 𝑝 < 0.001) while an increase in posemo seems to 

reduce retweets (𝛽04 =  −.275, 𝑝 = .062) (however, this effect is not significant for 

News Consumption Interest). Further, an increase in the Flesch Kincaid reading level (of 

the headlines) has a negative effect on retweets (𝛽08 =  −.176, 𝑝 = 0.030). 

Satirical News. As shown in Column 2 of Table 2.3, the significant positive 

coefficient of HumanBrand (𝛽01 =  5.456, 𝑝 < 0.001) suggests that mentioning one 

human brand in headlines increases retweets of traditional news stories by approximately 

5.5 units. The coefficient of ProductBrand (𝛽02 =  0.995, 𝑝 > 0.10) suggests that 

product brand mentions in satirical news stories do not significantly affect retweets.  

In comparison to the Business news category, India (𝛽03 =  3.497, 𝑝 = 0.039) and 

Politics (𝛽03 =  9.133, 𝑝 < 0.001) have significant positive effects on retweets. An 

increase in negemo seems to increase retweets (𝛽04 =  .411, 𝑝 = 0.012). Further, while 

an increase in the Flesch Kincaid reading level has a negative effect on retweets 

(𝛽08 =  −.262, 𝑝 = 0.018), an increase in the Gunning Fog index increases retweets 

(𝛽08 =  1.080, 𝑝 < 0.001). 

In line with our expectations, these results show that human brand mentions have 

a positive effect on retweets for both traditional and satirical news formats. However, 

somewhat counterintuitively, product brand mentions do not have a significant effect for 

either news source. From a UGT perspective, the implication is that product brand 

mentions may not be as suitable for crafting positive self-images as human brand 
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mentions. This is in line with the notion that attention-getting tactics such as name-

dropping (e.g., Craig et al. 2017) may result in negative evaluations of the poster (Ferraro 

et al. 2013). Since sharing reveals enhanced commitment to the content (Tellis et al. 

2019), it is likely that news consumers avoid sharing product brand related news to 

prevent negative evaluations by others in their network (Ferraro et al. 2013). 

To understand whether this is the case for news consumption, we investigate the 

main effects on News Consumption Interest next.  

Main Effects of Brand Mentions on News Consumption (News Consumption Interest) 

Traditional News. As shown in Column 3 of Table 2.3, the significant positive 

coefficient of HumanBrand (𝛽01 =  3.097, 𝑝 < 0.001) suggests that mentioning a 

human brand in headlines increases News Consumption Interest in traditional news 

stories by approximately 3 units. The coefficient of ProductBrand (𝛽02 =  −0.20, 𝑝 >

0.10) suggests that product brand mentions in traditional news stories do not significantly 

affect News Consumption Interest.  

In comparison to the Business news category, India news category has a 

significant positive effect on retweets (𝛽03 =  6.403, 𝑝 < 0.001) and Politics 

(𝛽03 = 9.129, 𝑝 < 0.001). An increase in negemo seems to increase retweets 

(𝛽01 =  .603, 𝑝 = 0.006). Further, an increase in the Flesch Kincaid reading level has a 

negative effect on retweets (𝛽08 =  −.468, 𝑝 < 0.001).  

Satirical News. As shown in Column 4 of Table 2.3, the significant positive 

coefficient of HumanBrand (𝛽01 =  6.051, 𝑝 < 0.001) suggests that mentioning a 

human brand in headlines increases the News Consumption Interest of satirical news 
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stories by approximately 6 units. The coefficient of ProductBrand (𝛽02 =  2.491, 𝑝 =

0.013) suggests that product brand mentions in satirical news stories significantly 

increases news consumption interest in satirical news. In comparison to the Business 

news category, Entertainment (𝛽03 =  5.401, 𝑝 = 0.007), India (𝛽03 =  6.724, 𝑝 =

0.001), and Politics (𝛽03 = 7.272, 𝑝 = 0.002) have significant positive effects on news 

consumption interest. An increase in posemo seems to decrease retweets (𝛽04 =

 −.364, 𝑝 = 0.057). Further, while an increase in the Flesch Kincaid reading level has a 

negative effect (𝛽08 =  −.833, 𝑝 < 0.001), an increase in the Gunning Fog index 

increases news consumption interest (𝛽08 =  1.578, 𝑝 < 0.001). 

These results indicate that human brand mentions have a consistent positive effect 

on news consumption for both traditional and satirical news formats. Product brands, on 

the other hand, seem to increase the interest in consumption of only satirical news. A lack 

of readership interest in traditional news mentioning product brands could be due to 

overexposure to product brand related communications. Since products tend to be 

advertised more explicitly than human brands, who are mostly advertised as endorsers of 

products rather than standalone brands, this plausibly leads to increased ad-weariness 

(Chae et al. 2019), resulting in avoidance of traditional news content that mentions 

product brands (Knittel et al. 2016; Youn and Kim 2019). In the next subsections, we 

investigate our second research question, how news categories, sentiment, narrative style, 

and writing quality moderate the effects of human and product brand mentions. We first 

present results on news retransmission (retweets) and then, on news consumption (News 

Consumption Interest). 
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Interaction Effects on News Retransmission (Retweets) 

Traditional News. As shown in Column 1 of Table 2.4, the coefficients of 

HumanBrand (𝛽01 =  3.661, 𝑝 > 0.05) and ProductBrand (𝛽02 =  .341, 𝑝 > 0.05) are 

insignificant. In comparison to the Business news category, World (𝛽03 =  3.761, 𝑝 =

0.039) has a significant positive main effect on retweets. An increase in negemo seems to 

increase retweets (𝛽04 =  0.482, 𝑝 = 0.008) while an increase in posemo seems to 

reduce retweets (𝛽04 =  −.375, 𝑝 = 0.094).The interaction HumanBrand*World is 

significant (𝛽10 =  −2.266, 𝑝 = 0.099), suggesting that an increase in the mention of 

human brands reduces retransmission of World news stories. The interaction term 

HumanBrand*Cluster3 is significant (𝛽14 =  −1.353, 𝑝 = 0.033), implying that when 

stories written in Cluster 3 narrative style mention human brands, there is a negative 

effect on retweets.  

Satirical News. As shown in Column 2 of Table 2.4, the coefficients of 

HumanBrand (𝛽01 =  −1.919, 𝑝 > 0.05) and ProductBrand (𝛽02 =  10.358, 𝑝 > 0.05) 

are insignificant. In comparison to the Business news category, Entertainment 

(𝛽03 = 4.230, 𝑝 = 0.052), India (𝛽03 =  6.455, 𝑝 = 0.002), Politics (𝛽03 =

 11.779, 𝑝 < 0.001), World (𝛽03 =  8.541, 𝑝 = 0.025), and Sports (𝛽03 =  8.919, 𝑝 =

0.006) have significant main effects on retweets. Further, while an increase in 

StrDist (𝛽05 =  −57.156, 𝑝 = 0.006) reduces news consumption interest, an increase in 

the Gunning Fog index increases it (𝛽08 =  0.985, 𝑝 < 0.001). The interaction 

HumanBrand*Posemo is significant (𝛽18 =  .862, 𝑝 < 0.001), suggesting that an 

increase in positive emotions for stories that mention human brands affects news 
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retransmission positively. The interaction terms ProductBrand*India (𝛽11 =

 −6.294, 𝑝 = 0.049) and ProductBrand*Sports (𝛽11 =  −10.806, 𝑝 = 0.001) are 

significant. This implies that when product brands are mentioned in headlines of India 

and Sports news categories, there is a negative effect on retweets. Further, the interaction 

term HumanBrand*World (𝛽11 =  −5.259, 𝑝 = 0.092) is significant, suggesting that 

retweets are reduced when World news stories mention human brands.  

In summary, for traditional news, an increase in the mention of human brands 

reduces the positive effect of World. For satirical news, product brand mentions seem to 

reduce the positive effects of news categories India and Sports on engagement while 

human brand mentions seem to strengthen the effect of positive emotions. These results 

also indicate that the narrative style has a significant effect on the retransmission of 

traditional news stories, especially when human brands are mentioned. This variation 

does not seem to affect satirical stories suggesting that the narrative style of satirical 

stories does not affect retransmission. Further, an increase in positive emotions for stories 

that mention human brands positively affects retweets. Next, we present the results for 

news consumption. 

Interaction Effects on News Consumption (News Consumption Interest) 

Traditional News. As shown in Column 3 of Table 2.4, the coefficient of 

HumanBrand (𝛽01 =  11.401, 𝑝 = 0.007) is significant while the coefficient of 

ProductBrand (𝛽02 =  .376, 𝑝 > 0.10) is insignificant. In comparison to the Business 

news category, Politics (𝛽03 =  9.851, 𝑝 = 0.001) and World (𝛽03 =  5.190, 𝑝 = 0.086) 



44 

 

have significant positive main effects on news consumption interest. Further, an increase 

in negemo seems to increase total engagement (𝛽04 =  0.562, 𝑝 = 0.059). 

The interaction term HumanBrand*India is significant (𝛽10 =  3.416, 𝑝 = 0.027) 

suggesting that the positive effect of human brand mentions is increased for stories 

belonging to the India news category. Since the interaction terms HumanBrand*Cluster2 

(𝛽14 =  −2.680, 𝑝 = 0.011) and HumanBrand*Cluster3 are significant (𝛽14 =

 −2.870, 𝑝 = 0.007), the implication is that news stories containing narrative styles 

belonging to clusters 2 and 3 reduce the positive effect of human mentions on News 

Consumption Interest. These results imply that when traditional news stories involve 

multiple shifts from positive and negative sentiment rather than a smooth flow from a 

negative sentiment to a positive sentiment, as in Cluster 1, Figure 2.3, news consumption 

is reduced.  

Satirical News. As shown in Column 4 of Table 2.4, the coefficient of 

HumanBrand (𝛽01 =  12.420, 𝑝 = 0.018) and ProductBrand (𝛽02 =  14.523, 𝑝 =

0.072) are significant. In comparison to the Business news category, Entertainment 

(𝛽03 = 5.765, 𝑝 = 0.027), India (𝛽03 =  8.306, 𝑝 = 0.001), Politics (𝛽03 =

 10.130, 𝑝 = 0.001), and Sports (𝛽03 =  6.819, 𝑝 = 0.074) have significant main effects 

on retweets. Further, while an increase in the Flesch Kincaid reading level 

(𝛽08 =  −0.575, 𝑝 = 0.002) reduces news consumption interest, an increase in the 

Gunning Fog index increases it (𝛽08 =  1.581, 𝑝 < 0.001). 

The interaction term ProductBrand*Sports (𝛽11 =  −8.247, 𝑝 = 0.028) implies 

that product mentions in the Sports news category reduce news consumption interest. The 
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significant interaction term HumanBrand*World (𝛽11 =  −6.563, 𝑝 = 0.078) suggests 

that when World news mentions a human brand, it reduces news consumption interest. 

Further, the significant interaction HumanBrand*FleschKincaid (𝛽16 =  −.243, 𝑝 =

0.070) suggests that an increase in the Flesch Kincaid reading level reduces the positive 

impact of human brand mentions on news consumption interest.  

Table 2.4 Interaction Effects 

 
 Dependent variable: 
  
 Retweets News Consumption Interest 
 Traditional News Satirical News Traditional News Satirical News 
 (1) (2) (3) (4) 
 

ProductBrand 0.341 10.358 0.376 14.523* 
 p = 0.965 p = 0.125 p = 0.977 p = 0.072 
     

HumanBrand 3.661 -1.919 11.401*** 12.420** 
 p = 0.145 p = 0.662 p = 0.007 p = 0.018 
     

News Category:     

Entertainment  4.230*  5.765** 
  p = 0.052  p = 0.027 
     

India 1.312 6.455*** 3.172 8.306*** 
 p = 0.326 p = 0.002 p = 0.152 p = 0.001 
     

Politics 2.535 11.779*** 9.851*** 10.130*** 
 p = 0.140 p = 0.00001 p = 0.001 p = 0.001 
     

Society -0.398 0.496 0.547 -0.065 
 p = 0.897 p = 0.829 p = 0.914 p = 0.982 
     

Sports -2.484 8.919*** -2.581 6.819* 
 p = 0.723 p = 0.006 p = 0.824 p = 0.074 
     
     

World 3.761** 8.541** 5.190* 7.379 
 p = 0.039 p = 0.025 p = 0.086 p = 0.105 
     

Cluster2 1.313 -0.329 1.878 0.295 
 p = 0.220 p = 0.820 p = 0.291 p = 0.865 
     

Cluster3 1.799 -1.078 2.915 -0.532 
 p = 0.101 p = 0.453 p = 0.109 p = 0.757 
     

StrDist 19.689 -57.156*** 24.280 1.620 
 p = 0.214 p = 0.006 p = 0.356 p = 0.948 
     

Flesch_Kincaid -0.088 -0.220 -0.234 -0.575*** 
 p = 0.457 p = 0.140 p = 0.234 p = 0.002 
     

Gunning_Fog_Index -0.149 0.985*** 0.003 1.581*** 
 p = 0.428 p = 0.0003 p = 0.993 p = 0.00001 
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Negemo 0.482*** 0.304 0.562* 0.403 
 p = 0.008 p = 0.160 p = 0.059 p = 0.119 
     

Posemo -0.375* -0.418* -0.001 -0.212 
 p = 0.094 p = 0.061 p = 0.998 p = 0.426 
     

DaysOld -0.001 0.002*** -0.013 -0.033*** 
 p = 0.799 p = 0.002 p = 0.127 p = 0.000 
     

ProductBrand*Entertainment  -4.882*  -2.427 
  p = 0.077  p = 0.462 
     

ProductBrand*India -0.310 -6.294** 0.651 -5.116 
 p = 0.878 p = 0.049 p = 0.846 p = 0.180 
     

ProductBrand*Politics 0.540 -4.186 -0.913 -2.742 
 p = 0.850 p = 0.301 p = 0.848 p = 0.571 
     

ProductBrand*Society -0.524 -4.256 10.105 -2.686 
 p = 0.944 p = 0.202 p = 0.410 p = 0.501 
     

ProductBrand*Sports 4.065 -10.806*** 11.283 -8.247** 
 p = 0.712 p = 0.001 p = 0.537 p = 0.028 
     
     
     

ProductBrand*World -0.143 -3.574 -0.062 2.876 
 p = 0.961 p = 0.526 p = 0.990 p = 0.670 
     

HumanBrand*Entertainment  -1.641  0.335 
  p = 0.494  p = 0.907 
     

HumanBrand*India 1.076 -2.478 3.416** 0.074 
 p = 0.245 p = 0.313 p = 0.027 p = 0.980 
     

HumanBrand*Politics -0.308 -2.066 0.639 -1.904 
 p = 0.760 p = 0.402 p = 0.703 p = 0.519 
     

HumanBrand*Society -0.714 0.642 6.463 0.347 
 p = 0.887 p = 0.833 p = 0.437 p = 0.924 
     

HumanBrand*Sports 0.934 0.173 7.456 -1.917 
 p = 0.893 p = 0.951 p = 0.517 p = 0.566 
     
     
     

HumanBrand*World -2.266* -5.259* -2.615 -6.563* 
 p = 0.099 p = 0.092 p = 0.251 p = 0.078 
     

ProductBrand*Cluster2 0.741 -0.797 1.918 -2.119 
 p = 0.704 p = 0.690 p = 0.553 p = 0.375 
     

ProductBrand*Cluster3 -0.053 -0.440 -0.899 -2.922 
 p = 0.978 p = 0.823 p = 0.775 p = 0.214 
     

HumanBrand*Cluster2 -0.887 0.515 -2.680** 0.935 
 p = 0.160 p = 0.657 p = 0.011 p = 0.499 
     

HumanBrand*Cluster3 -1.353** 0.155 -2.870*** 1.281 
 p = 0.033 p = 0.891 p = 0.007 p = 0.338 
     

ProductBrand*StrDist -7.506 12.328 -31.506 5.103 
 p = 0.828 p = 0.658 p = 0.581 p = 0.879 
     

HumanBrand*StrDist -9.676 16.352 -12.506 -31.092 
 p = 0.252 p = 0.331 p = 0.373 p = 0.122 
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ProductBrand*Flesch_Kincaid 0.068 -0.250 0.157 -0.272 
 p = 0.734 p = 0.225 p = 0.637 p = 0.270 
     

HumanBrand*Flesch_Kincaid -0.079 0.015 -0.212* -0.243* 
 p = 0.235 p = 0.896 p = 0.056 p = 0.070 
     

ProductBrand*Gunning_Fog_Index -0.046 0.082 0.007 -0.045 
 p = 0.891 p = 0.826 p = 0.991 p = 0.919 
     

HumanBrand*Gunning_Fog_Index -0.032 0.145 -0.248 -0.011 
 p = 0.774 p = 0.520 p = 0.184 p = 0.967 
     

ProductBrand*Negemo 0.118 -0.159 -0.019 -0.179 
 p = 0.786 p = 0.635 p = 0.979 p = 0.654 
     

HumanBrand*Negemo -0.010 0.204 0.025 -0.082 
 p = 0.932 p = 0.249 p = 0.897 p = 0.699 
     

ProductBrand*Posemo -0.076 -0.398 -0.258 -0.531 
 p = 0.861 p = 0.193 p = 0.719 p = 0.146 
     

HumanBrand*Posemo 0.063 0.862*** 0.025 0.026 
 p = 0.615 p = 0.00000 p = 0.905 p = 0.901 
     

Constant 7.803 10.202** 19.413** 67.120*** 
 p = 0.140 p = 0.036 p = 0.027 p = 0.000 
     
 

Observations 5,956 5,855 5,956 5,855 

R2 0.013 0.065 0.029 0.240 
Adjusted R2 0.006 0.058 0.022 0.235 

Residual Std. Error 23.240 (df = 5916) 33.269 (df = 5812) 38.564 (df = 5916) 39.757 (df = 5812) 

F Statistic 
1.912*** (df = 40; 

5916) 

9.555*** (df = 42; 

5812) 

4.359*** (df = 40; 

5916) 

43.782*** (df = 42; 

5812) 
 

Note: *p<0.10, **p<0.05, ***p<0.01 

 

 

In summary, the results indicate that for traditional news, the positive effect of 

human mentions on news consumption is increased for local stories. That is, traditional 

news that mentions human brands is consumed more when it belongs to the India news 

category. For satirical news, product brand mentions have a negative effect on news 

consumption when the stories are from India and Sports news categories. Interestingly, 

positive sentiment of satire increases the positive effect of human brand mentions, 

implying that readers of satirical news prefer consuming positive news about human 

brands. Further, these results also indicate that the narrative style has a significant effect 

on the consumption of traditional news stories, especially when human brands are 
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mentioned. In comparison to a cluster 1 narrative style, clusters 2 and 3 reduce the 

positive effect of human mentions. As shown in Figure 2.3, Cluster 1 starts on a negative 

note before transitioning and ending on a strongly positive note. In comparison, Clusters 

2 and 3 switch back and forth between positive and negative throughout the narrative 

before finally ending on a mildly positive/neutral note. This suggests that readers likely 

appreciate simpler narratives in traditional news that transition from mostly negative, in 

the beginning of the story, to mostly positive towards the end. Further, like the results on 

news retransmission, the variation in narrative style does not affect the consumption of 

satirical stories. Finally, the results reveal that writing quality influences the consumption 

of satirical news that mentions human brands. As expected, higher reading levels reduce 

consumption.  

Robustness 

In this section, we address two issues that could potentially impact our results. 

First, we address endogeneity concerns related to the main dependent variables 

ProductBrand and HumanBrand mentions. Second, we address a concern related to our 

empirical model.  

Modelling Engagement 

Since the numbers of shares, likes, and/or comments on social media are often 

low, it is helpful to conceptualize engagement as “taking no action” versus “taking some 

action.” However, this may result in loss of valuable information for count data models. 

Conversely, studies operationalizing engagement as a count of actions (shares, 

comments, and likes) generally assume a linear relationship and normally distributed 
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errors. These assumptions may result in infeasible expected counts, standard error 

underestimation, and inflated Type-I error. To overcome some of these issues, we employ 

a hurdle model (Mullahy 1986; Winkelmann and Zimmermann 1995) to check for 

robustness of our key results.  

Hurdle models explicitly distinguish between a process that focuses on whether or 

not any engagement action was taken (‘initial action’) and a process that focuses on the 

number of actions taken, given that any action was taken (‘engagement actions’) (Wirtz 

and Rohrbeck 2017). Plausibly, these two processes are distinct and different weights 

may be attached to social influence and cognitive appraisal components of each. Since 

hurdle models permit the factors involved in the two processes to be simultaneously (but 

independently) estimated, and permit a more precise standard error estimation, they have 

been previously utilized in research in social media settings (e.g., Bhattacharya et al. 

2014).  

Hurdle models have two separate components: a zero-portion to model the 

process of taking action vs no action (“initial action”) and a count-portion to model the 

number of actions taken (“engagement actions”). The idea is that positive counts occur 

once a threshold (a hurdle) is crossed. If the hurdle is not cleared, then the count is zero. 

The zero-portion determines the binary outcome of whether a count is zero (e.g., no 

retweets) or not using a binomial probability model. The count portion of the model 

determines the conditional distribution of the non-zero count of the data using a zero-

truncated negative binomial, wherein only positive counts are fit (Kleiber and Zeileis 
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2008). Hurdle models are distinct from zero-inflated models, where zeros are assumed to 

be generated by both processes. 

Table 2.5 Hurdle Model 

 Dependent variable: 
 Likes + Comments Retweets 
 Traditional News Satirical News Traditional News Satirical News 

 
Zero Portion Count 

Portion 

Zero 

Portion 

Count 

Portion 

Zero 

Portion 

Count 

Portion 

Zero 

Portion 

Count 

Portion 

ProductBrand 17.979 -0.011 0.121 0.067*** -0.186 -0.017 -0.121 0.061*** 
 (17,996.800) (0.031) (0.559) (0.018) (0.220) (0.048) (0.475) (0.021) 

HumanBrand 17.896 0.145*** 0.635 0.155*** -0.098 0.132*** -0.003 0.210*** 
 (5,705.191) (0.011) (0.475) (0.012) (0.077) (0.016) (0.294) (0.014) 

News Category:         

India  0.392***  0.133***  0.397***  0.073* 
  (0.037)  (0.037)  (0.058)  (0.043) 

Politics  0.538***  0.194***  0.363***  0.160*** 
  (0.045)  (0.037)  (0.070)  (0.048) 

Society  0.227**  0.248***  -0.132  0.302*** 
  (0.095)  (0.041)  (0.150)  (0.047) 

Sports  0.336*  -0.043  -0.112  -0.059 
  (0.176)  (0.041)  (0.277)  (0.047) 

World  0.238***  0.087  0.346***  0.137** 
  (0.053)  (0.058)  (0.083)  (0.068) 

Negemo  0.033***  0.008**  0.069***  0.014*** 
  (0.005)  (0.004)  (0.008)  (0.004) 

Posemo  0.001  -0.009***  -0.049***  -0.004 
  (0.006)  (0.003)  (0.009)  (0.004) 

DaysOld  -0.0003  -0.001***  0.0003  0.0001** 
  (0.0002)  (0.00002)  (0.0003)  (0.00004) 

Flesch_Kincaid  -0.021***  -0.014***  -0.021***  -0.011*** 
  (0.003)  (0.002)  (0.005)  (0.003) 

Gunning_Fog_Index  -0.014***  0.032***  -0.029***  0.046*** 
  (0.005)  (0.005)  (0.008)  (0.007) 

StrDist  0.484  -1.612***  0.904  -1.898*** 
  (0.418)  (0.340)  (0.668)  (0.469) 

Cluster2  -0.008  -0.020  0.098**  -0.009 
  (0.029)  (0.023)  (0.045)  (0.027) 

Cluster3  -0.005  -0.031  0.013  -0.053** 
  (0.029)  (0.023)  (0.046)  (0.027) 

Constant 6.842*** 3.061*** 5.847*** 4.699*** 4.158*** 1.767*** 6.145*** 2.513*** 
 (0.707) (0.198) (0.361) (0.082) (0.146) (0.281) (0.380) (0.095) 

Observations 5,956 5,956 5,855 5,855 5,956 5,956 5,855 5,855 

Log Likelihood -23,441.72 -23,441.72 -25,174.90 -25,174.90 -18,226.58 -18,226.58 
-

24,732.280 
-24,732.280 

Note: *p<0.10, **p<0.05, ***p<0.01. Standard errors in parentheses.  



51 

 

We specify “initial action,” the zero-portion of the model, to be predicted by the 

mentions of human and product brands while we specify “engagement actions,” the count 

portion of the model, to be predicted by the mentions of human and product brands as 

well as news category, sentiment, writing quality, narrative style, and the control variable 

DaysOld. To test the robustness of our key results, we run the model for two outcome 

variables – retweets (representing news retransmission) and the sum of likes and 

comments (representing news consumption engagement). We present our results in Table 

2.5. Results from the zero-portion of the hurdle model show that the initial actions are not 

dependent on the mentions of product or human brands for either news format. Results 

from the positive count portion of the model reveal significant effects of product and 

human brand mentions on the number of engagement actions taken, conditional on an 

action being taken. As shown in Table 2.5, human brand mentions have a significant 

positive effect on engagement actions (retweets and likes + comments) for both 

traditional and satirical news formats, whereas product brands seem to affect engagement 

actions for only satirical news. Thus, our key results are supported.  

Endogeneity  

In this section, we address the concern that the regressors ProductBrand and 

HumanBrand could be endogenously determined and correlated with the error term in the 

regression. For instance, the newsroom that produces the traditional/satirical news may 

follow a journalistic process (internal to the parent organization) that aims to maximize 

engagement of its posted news stories. This process could influence the choice of type of 

brand in the headlines as well as the engagement of the news story itself. If this selection 
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process is not addressed, it could lead to inflated estimates of brand mentions. As such, in 

estimating the causal effect of brand mentions on engagement, an omitted variable could 

be a measure of the journalistic process followed to ensure high engagement. This issue 

of self-selection can be regarded as a special case of the omitted variable bias (Ruud 

2001).  

Although the IV method (Wooldridge 2010) can be utilized, identifying strong 

and valid instruments is difficult. Moreover, only an instrument’s strength can be 

empirically tested and not its validity (Wooldridge 2010). Since we would be unable to 

determine whether the endogeneity problem has improved or worsened (Papies et al. 

2017), we utilize a Gaussian copula approach (Park and Gupta 2012). This IV-free 

method directly models the correlation between the potentially endogenous regressors 

and the error term using a Gaussian copula. It does not require additional variables. Two 

“copula” terms, one for each potentially endogenous regressor (ProductBrand and 

HumanBrand), are added to the regression. Each copula term is a non-linear 

transformation of an endogenous regressor. Its parameter estimate is the estimated 

correlation between the potentially endogenous regressor and the error term scaled by the 

error’s variance. Further, bootstrapped standard errors can be used in statistical tests of 

parameter estimates to assess whether correlations are statistically significant (and 

endogeneity problems are therefore present) (Papies et al. 2017). Thereby, the approach 

provides a relatively simple way of identifying and correcting endogeneity biases in 

regression models (Becker et al. 2021). We report these results in Tables 6, 7, 8, and 9. 

As can be seen from the confidence intervals, our key results have been supported.  



53 

 

Table 2.6 Endogeneity: Traditional News (News Consumption Interest) 

 
 Main Effects Model  Moderated Effects Model 

 Point 

Estimate 

Boots 

SE 

Lower 

CI  

Upper 

CI  
 Point 

Estimate 

Boots 

SE 

Lower 

CI  

Upper 

CI  

ProductBrand 0.61 1.088 -2.364 1.997  0.154 6.09 -11.363 11.875 

HumanBrand 3.622 1.081 0.548 4.873  10.11 7.091 -0.545 27.048 

Negemo 0.609 0.222 0.194 1.035  0.576 0.293 0.032 1.167 

Posemo 0.088 0.216 -0.348 0.508  -0.014 0.3 -0.629 0.558 

Flesch_Kincaid -0.467 0.13 -0.74 -0.211  -0.252 0.188 -0.632 0.094 

Gunning_Fog_Index -0.237 0.204 -0.678 0.152  0.012 0.255 -0.474 0.536 

StrDist 5.64 12.72 -19.528 30.087  24.422 17.557 -6.076 59.477 

Cluster2 -0.692 1.301 -3.359 1.767  1.889 1.537 -0.982 4.879 

Cluster3 -0.377 1.344 -2.88 2.268  2.944 1.551 0.063 5.95 

News Category          

Business 25.798 8.768 11.983 46.078  21.092 7.369 5.967 33.853 

India 32.175 8.961 17.918 53.535  24.192 7.135 9.137 36.484 

Politics 34.905 8.454 21.405 54.481  30.672 7.108 15.564 43.349 

Society 29.411 9.116 14.84 50.275  21.984 6.891 7.349 33.703 

Sports 30.387 8.944 16.416 51.565  18.283 7.622 3.361 32.589 

World 29.099 9.143 14.307 50.33  26.272 8.349 9.109 41.802 

DaysOld -0.01 0.008 -0.028 0.005  -0.013 0.009 -0.03 0.003 

India: ProductBrand     
 0.444 1.823 -2.856 4.185 

Politics: ProductBrand      -1.18 2.588 -5.461 4.248 

Society: ProductBrand      10.146  -6.324 22.239 

Sports: ProductBrand      11.197  -4.899 26.467 

World: ProductBrand      -0.09 2.561 -5.322 4.345 

Negemo: ProductBrand      -0.038 0.592 -1.084 1.17 

Posemo: ProductBrand      -0.281 0.389 -1.11 0.452 

Flesch_Kincaid: 

ProductBrand      
0.166 0.164 -0.137 0.505 

Gunning_Fog_Index: 

ProductBrand      
-0.02 0.256 -0.505 0.48 

StrDist: ProductBrand      -30.366 23.988 -79.569 13.609 

Cluster2: ProductBrand      1.946 1.717 -1.388 5.344 

Cluster3: ProductBrand      -0.981 1.461 -3.556 2.064 

India: HumanBrand      3.545 1.192 1.259 5.982 

Politics: HumanBrand      0.881 1.16 -1.417 3.15 

Society: HumanBrand      5.886 7.286 -4.413 23.891 

Sports: HumanBrand      7.523 4.538 -4.471 15.608 

World: HumanBrand      -2.582 1.931 -7.037 0.712 

Negemo: HumanBrand      0.013 0.203 -0.391 0.403 

Posemo: HumanBrand      0.029 0.174 -0.333 0.367 

Flesch_Kincaid: 

HumanBrand      
-0.201 0.111 -0.42 0.013 

Gunning_Fog_Index: 

HumanBrand      
-0.252 0.274 -0.828 0.246 

StrDist: HumanBrand      -12.918 10.824 -36.115 6.42 

Cluster2: HumanBrand      -2.677 1.702 -6.439 0.318 

Cluster3: HumanBrand           -2.864 1.563 -6.098 -0.145 

PStar.ProductBrand -0.557 0.625 -1.323 1.151  0.521 0.622 -1.221 1.219 

PStar.HumanBrand -0.702 1.088 -1.563 2.722  1.495 1.109 -1.647 2.548 
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Table 2.7 Endogeneity: Satirical News (News Consumption Interest) 

 
 Main Effects Model  Moderated Effects Model 

 Point 

Estimate 

Boots 

SE 

Lower 

CI  

Upper 

CI  
 Point 

Estimate 

Boots 

SE 

Lower 

CI  

Upper 

CI  

ProductBrand 0.117 1.444 -0.097 5.439  15.352 6.567 1.579 27.247 

HumanBrand 4.993 1.07 2.343 6.521  9.897 4.745 1.448 19.754 

Negemo 0.314 0.181 -0.017 0.656  0.407 0.21 -0.003 0.812 

Posemo -0.366 0.163 -0.672 -0.036  -0.21 0.213 -0.651 0.184 

DaysOld -0.033 0.001 -0.035 -0.031  -0.033 0.001 -0.035 -0.031 

Flesch_Kincaid -0.829 0.156 -1.156 -0.559  -0.602 0.246 -1.126 -0.165 

Gunning_Fog_Index 1.573 0.209 1.174 1.984  1.601 0.246 1.064 2.052 

StrDist -15.743 16.514 -45.512 18.955  4.043 19.563 -36.422 39.811 

Cluster2 0.195 1.381 -2.359 3.053  0.319 1.849 -3.389 3.965 

Cluster3 -0.364 1.237 -2.849 2.02  -0.577 1.544 -3.665 2.414 

News Category:          

Business 76.16 4.023 68.362 83.736  68.483 5 59.287 78.251 

Entertainment 81.404 4.109 73.266 89.58  74.034 5.126 64.491 84.13 

India 82.855 4.057 75.076 90.545  76.582 5.219 67.142 87.162 

Politics 83.175 4.145 74.537 91.154  77.956 5.333 68.431 88.502 

Society 74.981 4.328 66.771 83.476  68.512 4.947 59.464 77.78 

Sports 77.31 4.109 68.52 85.001  75.119 5.182 65.305 84.931 

World 77.047 4.614 67.953 85.917  75.481 5.658 64.851 86.856 

Entertainment:ProductBrand     
 -2.425 2.812 -8.134 2.935 

India:ProductBrand      -4.904 3.17 -11.141 1.389 

Politics:ProductBrand      -2.535 4.626 -11.501 6.215 

Society:ProductBrand      -2.59 2.727 -7.851 2.604 

Sports:ProductBrand      -8.299 2.491 -12.854 -2.885 

World:ProductBrand      2.772 5.558 -7.327 15.069 

Negemo:ProductBrand      -0.146 0.334 -0.838 0.458 

Posemo:ProductBrand      -0.538 0.286 -1.091 0.005 

Flesch_Kincaid:ProductBrand      -0.253 0.215 -0.663 0.182 

Gunning_Fog_Index:ProductBrand      -0.045 0.337 -0.668 0.655 

StrDist:ProductBrand      3.27 28.809 -48.239 64.182 

Cluster2:ProductBrand      -2.044 2.345 -6.551 2.721 

Cluster3:ProductBrand      -2.837 2.191 -7.068 1.475 

Entertainment:HumanBrand      0.446 2.547 -4.523 5.136 

India:HumanBrand      0.362 2.679 -4.836 5.864 

Politics:HumanBrand      -1.549 2.501 -6.621 3.019 

Society:HumanBrand      0.126 3.834 -6.293 8.843 

Sports:HumanBrand      -1.884 2.596 -6.997 2.972 

World:HumanBrand      -6.234 2.704 -11.807 -1.206 

Negemo:HumanBrand      -0.076 0.232 -0.525 0.393 

Posemo:HumanBrand      0.038 0.218 -0.385 0.461 

Flesch_Kincaid:HumanBrand      -0.218 0.174 -0.541 0.146 

Gunning_Fog_Index:HumanBrand      -0.015 0.226 -0.456 0.455 

StrDist:HumanBrand      -32.816 19.333 -67.175 7.138 

Cluster2:HumanBrand      0.759 1.506 -2.012 3.886 

Cluster3:HumanBrand      1.27 1.293 -1.306 3.904 

PStar.ProdBrand 1.741 0.789 -1.607 1.405  -0.739 0.792 -1.62 1.5 

PStar.HumanBrand 1.219 0.928 -0.002 3.72  2.488 0.886 -0.135 3.293 
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Table 2.8 Endogeneity: Traditional News (Retransmission) 

  
 Main Effects Model  Moderated Effects Model 

 Point 

Estimate 

Boots 

SE 

Lower 

Boots 

CI 

(95%) 

Upper 

Boots 

CI 

(95%) 

 Point 

Estimate 

Boots 

SE 

Lower 

Boots 

CI 

(95%) 

Upper 

Boots 

CI 

(95%) 

ProductBrand -0.95 0.676 -1.424 1.251  1.319 3.644 -7.009 7.49 

HumanBrand 1.171 0.673 -0.398 2.207  3.507 4.235 -2.91 13.078 

Negemo 0.489 0.147 0.235 0.791  0.472 0.194 0.132 0.878 

Posemo -0.268 0.104 -0.474 -0.07  -0.387 0.164 -0.688 -0.059 

DaysOld -0.0003 0.005 -0.011 0.008  -0.001 0.005 -0.011 0.008 

Flesch_Kincaid -0.176 0.077 -0.333 -0.041  -0.087 0.133 -0.392 0.149 

Gunning_Fog_Index -0.178 0.122 -0.417 0.056  -0.147 0.143 -0.409 0.156 

StrDist 6.474 7.136 -8.03 19.69  19.835 10.654 1.499 44.135 

Cluster2 0.547 0.739 -1.009 1.91  1.295 0.962 -0.428 3.252 

Cluster3 0.253 0.789 -1.309 1.794  1.803 1.102 -0.136 4.095 

NewsCategory:          

Business 9.873 5.601 -0.083 22.157  7.834 4.291 -0.257 16.465 

India 12.234 5.65 2.357 24.637  9.099 4.233 1.159 17.472 

Politics 11.541 5.368 2.176 23.604  10.295 4.009 2.53 18.44 

Society 9.198 5.408 -0.079 21.201  7.431 3.959 -0.281 15.22 

Sports 8.698 5.356 -0.305 20.685  5.483 4.048 -2.462 13.444 

World 11.899 6.037 1.204 25.535  11.613 5.299 2.599 22.506 

India:ProductBrand     
 -0.139 0.98 -2.245 1.651 

Politics:ProductBrand      0.716 1.236 -1.685 3.095 

Society:ProductBrand      -0.421 1.394 -3.386 2.162 

Sports:ProductBrand      4.221  -0.544 9.291 

World:ProductBrand      -0.086 1.81 -3.806 3.151 

Negemo:ProductBrand      0.132 0.34 -0.493 0.794 

Posemo:ProductBrand      -0.063 0.189 -0.446 0.297 

Flesch_Kincaid:ProductBrand      0.065 0.097 -0.112 0.264 

Gunning_Fog_Index:ProductBrand      -0.052 0.164 -0.384 0.263 

StrDist:ProductBrand      -7.797 12.959 -33.107 19.337 

Cluster2:ProductBrand      0.706 0.929 -1.061 2.604 

Cluster3:ProductBrand      -0.088 0.872 -1.802 1.625 

India:HumanBrand      1.062 0.705 -0.125 2.531 

Politics:HumanBrand      -0.302 0.63 -1.522 0.954 

Society:HumanBrand      -0.686 1.255 -2.912 1.934 

Sports:HumanBrand      0.822 1.651 -2.344 4.1 

World:HumanBrand      -2.273 1.281 -5.059 -0.072 

Negemo:HumanBrand      -0.006 0.097 -0.192 0.188 

Posemo:HumanBrand      0.07 0.107 -0.156 0.264 

Flesch_Kincaid:HumanBrand      -0.079 0.067 -0.207 0.054 

Gunning_Fog_Index:HumanBrand      -0.031 0.164 -0.399 0.244 

StrDist:HumanBrand      -9.73 6.105 -24.861 -0.721 

Cluster2:HumanBrand      -0.883 0.961 -2.975 0.674 

Cluster3:HumanBrand           -1.352 0.836 -3.171 -0.038 

PStar.ProductBrand 0.608 0.39 -0.808 0.738  -0.627 0.378 -0.747 0.685 

PStar.HumanBrand -0.271 0.737 -1.345 1.511  0.11 0.756 -1.624 1.407 
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Table 2.9 Endogeneity: Satirical News (Retransmission) 

 Main Effects Model  Moderated Effects Model 

 Point 

Estimate 

Boots 

SE 

Lower 

Boots 

CI 

(95%) 

Upper 

Boots 

CI 

(95%) 

 Point 

Estimate 

Boots 

SE 

Lower 

Boots 

CI 

(95%) 

Upper 

Boots 

CI 

(95%) 

ProductBrand 1.746 1.162 -1.165 3.337  9.772 5.646 -1.074 20.591 

HumanBrand 4.368 1.017 2.281 6.232  -3.237 4.471 -13.094 4.94 

Negemo 0.42 0.171 0.081 0.752  0.306 0.182 -0.057 0.676 

Posemo 0.047 0.197 -0.307 0.45  -0.407 0.193 -0.849 -0.074 

DaysOld 0.002 0.001 0.001 0.004  0.002 0.001 0.001 0.004 

Flesch_Kincaid -0.253 0.135 -0.536 0.007  -0.231 0.195 -0.667 0.086 

Gunning_Fog_Index 1.084 0.169 0.766 1.413  0.983 0.227 0.566 1.418 

StrDist -43.123 12.205 -65.948 -19.617  -56.368 14.27 -83.162 -27.723 

Cluster2 -0.253 1.193 -2.658 1.848  -0.279 1.493 -2.907 2.798 

Cluster3 -1.333 1.049 -3.519 0.667  -1.048 1.164 -3.411 1.325 

News Category:          

Business 8.668 3.29 2.256 15.515  11.33 4.11 3.634 19.63 

Entertainment 10.205 3.259 3.946 16.743  15.405 3.695 8.642 23.067 

India 12.136 3.387 5.907 18.975  17.654 4.191 9.76 25.956 

Politics 17.666 3.555 10.908 25.047  22.83 4.344 14.384 31.039 

Society 7.438 3.494 0.816 14.554  11.876 4.016 4.569 19.847 

Sports 13.277 3.571 6.457 20.729  20.072 4.87 10.71 29.555 

World 11.036 4.167 2.896 19.448  19.565 5.446 9.191 30.663 

Entertainment:ProductBrand     
 -4.86 2.189 -8.93 -0.433 

India:ProductBrand      -6.226 2.194 -10.61 -1.956 

Politics:ProductBrand      -4.24 4.506 -12.248 4.673 

Society:ProductBrand      -4.286 2.33 -8.804 0.275 

Sports:ProductBrand      -10.658 2.329 -15.072 -6.161 

World:ProductBrand      -3.601 3.98 -10.808 4.679 

Negemo:ProductBrand      -0.167 0.278 -0.738 0.392 

Posemo:ProductBrand      -0.42 0.239 -0.855 0.071 

Flesch_Kincaid:ProductBrand      -0.251 0.175 -0.59 0.097 

Gunning_Fog_Index:ProductBrand      0.086 0.327 -0.555 0.719 

StrDist:ProductBrand      11.833 20.315 -27.159 52.621 

Cluster2:ProductBrand      -0.765 1.948 -4.563 3.16 

Cluster3:ProductBrand      -0.389 1.562 -3.289 2.656 

Entertainment:HumanBrand      -1.544 1.797 -5.015 2.157 

India:HumanBrand      -2.314 2.034 -5.945 1.939 

Politics:HumanBrand      -1.87 1.928 -5.604 1.819 

Society:HumanBrand      0.549 2.727 -4.139 6.584 

Sports:HumanBrand      0.224 4.007 -6.99 8.586 

World:HumanBrand      -5.034 2.504 -9.738 0.19 

Negemo:HumanBrand      0.208 0.237 -0.254 0.682 

Posemo:HumanBrand      0.861 0.366 0.267 1.667 

Flesch_Kincaid:HumanBrand      0.028 0.179 -0.254 0.431 

Gunning_Fog_Index:HumanBrand      0.147 0.209 -0.279 0.558 

StrDist:HumanBrand      15.593 17.166 -17.268 50.34 

Cluster2:HumanBrand      0.409 1.72 -3.254 3.377 

Cluster3:HumanBrand           0.119 1.327 -2.6 2.434 

PStar.ProductBrand -0.555 0.649 -1.348 1.287  0.505 0.655 -1.44 1.121 

PStar.HumanBrand 1.249 0.75 0.041 3.058  1.229 0.747 -0.118 2.821 
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Discussion 

The uses and gratifications theory (UGT) provides a theoretical framework for 

explaining and examining the strategies of news publishers. Publishers strive to fulfil 

individuals’ need for information and entertainment gratifications by providing different 

formats and categories of news. They aim to ensure that the news content is shareable, 

thereby assisting social media users to achieve social gratifications from news 

retransmission. From the UGT perspective, if news content helps individuals achieve 

gratifications from consumption and sharing, it is likely that it will demonstrate high 

social media engagement as well. However, individuals are willing to spend only a 

limited time for consuming news. It is therefore critical for news publishers to have 

effective strategies to catch people’s attention and attract their clicks (Reis et al. 2015). 

First impressions matter online, and a key aspect related to news attractiveness on Twitter 

is the headline. Since Twitter has a 280-character limit, the headline has an important role 

of drawing attention quickly and briefly to the story. By including certain details such as 

a brand, a headline can affect what existing knowledge is activated in individuals’ minds 

(Surber and Schroeder 2007), and the choice of phrasing can influence mindsets and 

affect the recall of details (Konnikova 2014).  

Considering the multitudes of brand news spaces online, to ensure reader 

engagement, it becomes imperative for news publishers to strategize which brand news 

spaces to participate in. At a high level, this decision entails choosing to mention product 

or human brands or not. Prior research shows that brand names affect consumers’ 

perceived risks of shopping online and that they are the most valuable assets possessed by 
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a company (Huang et al. 2004; King and Cook 1990). Our results offer consistent support 

that human brand mentions in news headlines generally have a significant positive effect 

on retweets as well as News Consumption Interest, for both traditional as well as satirical 

news. Human brand mentions likely increase the attention paid to the post, resulting in 

higher retransmission as well. A UGT perspective suggests that when news headlines 

mention human brands, they can aid in the acquisition of consumption and sharing 

gratifications, but this is not always the case. Within traditional news, world news is seen 

to be more engaging than purely business-related news, yet engagement drops when 

readers see a human brand mention in the headline.  

The narrative style is also important for traditional news. While the style does not 

affect satirical news, our results indicate that readers do not appreciate traditional news 

that involves multiple shifts between negative and positive sentiment. They prefer news 

that starts on a negative note but ends on a strongly positive note, such as a Cluster 1 

narrative, shown in Figure 2.3.  

Satirical news mentioning human brands written in a positive sentiment tends to 

garner greater engagement. This is indirect support of the notion that individuals may 

share upbeat, entertaining content for social gratifications. Maybe to the dismay of brand 

managers, product brand mentions are important only in the context of satirical news. 

Since product brand mentions greatly reduce the otherwise high engagement potential of 

stories in the Sports and India sections, it is likely that they lead to a drop in reader 

interest and attention.  
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To the best of my knowledge, this research is the first to quantify the effects of 

brand mentions in headlines of news stories on social media engagement. Human and 

product brands are important in both traditional and satirical news and attract consumer 

attention. The results suggest the potential of brand names in influencing the first stage of 

information processing (Berk 2018; Miller 1988). Human brand mentions in news 

headlines are associated with higher engagement than product brand mentions, for both 

traditional and satirical news formats. As such, news that mentions brands is more likely 

to be paid attention to and therefore more likely to be processed by the consumer (second 

stage of information processing) and retrieved later (third stage of information 

processing). 

A limitation of the current research is the absence of a specific measure of humor. 

Since humor is notoriously difficult to quantify, we rely on the publisher’s distinction 

between traditional news and satirical news. However, not all satirical content is equally 

funny. Future research can focus on quantifying humor or identifying types of humor, to 

throw light on the role of humor in social media engagement, and on how humor affects 

brand perception.  
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CHAPTER 3. WARNING TIMING AND BRAND 

PROTECTION 

Introduction 

The clear and present danger of fake news is undeniable in the era of social media 

and hyperconnectivity. For company and product brands, there is a real possibility that 

fake news can influence consumers’ attitudes and wreak havoc on brand reputations (Di 

Domenico and Visentin 2020). Consumers who unknowingly read negative fake news 

(e.g., brands falsely being accused of wrongdoings) may be influenced to have negative 

attitudes towards the brand, resulting in avoidance-behaviors (Krieglmeyer et al. 2010) 

and boycotts. For example, in 2020, fake news spread that Wayfair Inc., the online home-

goods retailer, was trafficking children on its website under the guise of high-price 

cabinets with girls’ names (McMillan 2020). Although factcheckers such as USA Today 

debunked the ludicrous claims as false, many consumers continued to believe and spread 

these rumors, causing reputational damage to Wayfair (Spring 2020). Positive fake news 

can also be problematic, as consumers may form unduly positive brand attitudes resulting 

in approach-behaviors (Krieglmeyer et al. 2010) and harmful or time-wasting decisions. 

For example, in 2021, fake news claimed that Walmart was giving away $75 gift-bags 

and vouchers to shoppers in celebration of going plastic-free (Snopes 2021). The news 

was shared by thousands of social media users before Walmart could issue statements 

regarding the false information, leaving many customers frustrated (Swenson 2021). 
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These and numerous examples in the press explain why the spread of fake news is 

considered a top global risk (World Economic Forum 2018), with estimated stock market 

losses of up to $39 billion annually (Cavazos 2019), and losses in brand reputation. While 

the phenomenon of fake news is not new, the sheer reach and immediacy of social media 

magnifies the risk, with a potential audience of millions of active users networked with 

thousands of bad actors. On social media, fake news and the associated false claims can 

spread wide and fast, often before the content can be removed, or retractions can be 

offered. 

The first line of defense is to prevent posting of fake news. It is thus not 

surprising that social media platforms and researchers have been striving to find ways to 

detect and remove fake news. However, due to the volume generated daily, attempts to 

accurately detect, and remove fake news have had limited success (e.g., Borges et al. 

2019; Conroy et al. 2015). Further, even after a news story has been identified as fake, it 

is almost impossible to remove the contents completely and permanently, and to keep it 

from spreading. Since social media platforms continue to host and aid in the spread of 

misleading content about brands, a second approach being used by social media 

platforms is to warn users that the news story is fake. For example, Facebook, Twitter, 

and Instagram now label news stories that are identified as false (Rivero 2020). The 

intuition is that if consumers are “forewarned” of upcoming false information, they will 

be “forearmed” and hence not likely to believe or be influenced by the false information 

(Wood and Quinn 2003). Theoretically, forewarnings alert consumers that an attempt is 

being made to mislead (or persuade) them, activate persuasion knowledge (Friestad and 
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Wright 1994), and arouse psychological reactance against the false information (Dillard 

and Shen 2005).  

Before-warnings (BWs), where consumers are warned of the fake news before 

they read the news story, ought to encourage consumers to ignore the story altogether, or 

even if read, reduce the relevance, usefulness, and influence of the fake news (Chen and 

Cheng 2019). However, previous research on fake news and social media that focused 

primarily on political and health-related false information (e.g., Lewandowsky et al. 

2012, 2017), provides inconsistent evidence regarding the effectiveness of BWs in 

protecting consumers from the influence of fake news. While some research suggests that 

BWs can reduce the perceived veracity of fake political news (Clayton et al. 2019; Walter 

and Murphy 2018; Wojdynski et al. 2019), other research suggests that BWs are 

ineffective (Ross et al. 2018). In fact, some research points to a worrisome unintended 

consequence of BWs as they may have the perverse effect of increasing beliefs in the 

false information (Wittenberg and Berinsky 2020). BWs, rather than getting consumers to 

ignore or discard the fake news, may draw attention to the false information and thus 

increase their recollection (Garrett and Weeks 2013; Pennycook et al. 2018). The 

conflicting evidence suggests the need to examine the effectiveness of BWs in reducing 

the influence of fake news related to brands. The existing research also highlights the 

need to identify more effective warning mechanisms to protect brands from fake news. 

This research evaluates the effectiveness of BWs, currently being used by popular 

social media platforms (e.g., Facebook, Twitter, and Instagram), in negating (or reducing) 

the effect of fake news on brand attitudes. More importantly, to test the effectiveness of a 
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somewhat counter-intuitive strategy, this research examines whether after-warnings 

(AWs), where consumers are alerted of the fake news after they have read the news story, 

may be more effective in reducing the influence of fake news on brand attitudes. There is 

relatively little or no research that examines effectiveness of timing of the warning in 

protecting brand attitudes from the influence of fake news (cf. Brashier et al. 2021). 

Although Brashier et al. (2021) studied the perceived accuracy of headline news as a 

function of whether true and false labels were placed before or after the headlines, their 

inquiry focused on headlines only and did not examine the effect of warning timing on 

attitudes. Further, although a few studies exist on the timing of disclosures in the context 

of covert marketing (e.g., product placement), the evidence for the effect of timing of 

disclosures is inconsistent. For example, Campbell et al. (2013) reported that disclosures 

shown after ads had stronger effects on brand attitudes than disclosures shown before, 

whereas Boerman et al. (2014) and Choi et al. (2018) found that disclosures shown before 

have a stronger effect. 

Past research provides a strong foundation, but three gaps in the literature 

motivate our current research: the paucity of research on the effects of warning timing in 

the context of fake news; the inconsistent findings in the context of disclosure timings; 

and the conceptual distinctions between disclosures and fake news warnings. We begin 

with a series of three studies that test the relative effectiveness of a BW and an AW in 

reducing the influence of fake news on brand attitudes. 

Together, these studies demonstrate that despite the intuition that “forewarned” 

implies “forearmed,” the current practice of BWs used by popular social media platforms 
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may often be no more effective in reducing the influence of fake news than having no 

warning at all. A BW may get consumers to cognitively engage in critically evaluating 

the false claims, thus distracting them, and reducing the salience of the warning. Second, 

even if BWs are somewhat effective, we demonstrate a robust after-warning effect 

(AWE), where warning consumers after they have read the false information is more 

effective in reducing the influence of fake news on brand attitudes. Our findings show 

that the after-warning effect is robust to the valence of the fake news. Specifically, for 

negative fake news, AWs result in less negative brand attitudes, and for positive fake 

news, AWs result in less positive brand attitudes, compared to a BW or having no 

warning. AWs shown immediately after exposure to the fake news are more recent and 

thus more salient relative to BWs. Further, although BWs and AWs both arouse reactance 

relative to no warning and engender perceptions of manipulative intent (Campbell 1995), 

AWs induce greater reactance against the fake news story than BWs. Third, our findings 

highlight the nuanced differences underlying the after-warning effect as a function of the 

valence of the fake news. Because consumers expect the news story to be negative with 

BWs, and conversely associate negative news with fake news, consumers feel more 

tricked and duped with AWs than BWs when the fake news is positive. As such, both 

cognitive and affective responses to persuasion (Boerman et al. 2017; Dillard and Shen 

2005) underlie the after-warning effect on brand attitudes as a function of the valence of 

the fake news.  
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The next sections develop the conceptual reasoning and hypotheses, report three 

studies that test the hypotheses, and conclude with a discussion of the results and 

contributions. 

Conceptual Background 

Fake news and the associated false information about brands under the guise of 

traditional news media has the potential to adversely affect brand value by influencing 

consumers’ brand perceptions, trustworthiness of the implicated brand (Chen and Cheng 

2019), and behavior (Visentin et al. 2019). We use the term brand to imply any 

identifiable entity with marketable value (i.e., company, product, and individual). The 

assumption is that negative (positive) fake news can have a negative (positive) influence 

on consumers’ brand attitudes. An effective fake news warning strategy is defined as one 

that can neutralize or reduce the negative and positive influences arising from exposure to 

fake brand news. As mentioned previously, although social media platforms use BWs to 

warn consumers of the fake news that they are about to read, previous research in the 

context of fake news provides inconsistent evidence regarding the effectiveness of BWs 

(e.g., Clayton et al. 2019; Ross et al. 2018). 

Effectiveness of Before-Warnings (BWs) in Reducing the Influence of Fake News 

The intuition underlying BWs is that warning consumers in advance of exposure 

to the fake news “forearms” them, alerting them of an upcoming influence attempt. The 

expectation is that the warning will prevent some consumers from reading and encoding 

the false information. Even if consumers do not dismiss the fake news after being 

warned, they should be more suspicious (Oza et al. 2010) and process the false 
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information more critically (Choi et al. 2018). BWs may activate persuasion knowledge 

(Boerman et al. 2012, 2015; Campbell and Kirmani 2000) and prompt consumers to 

closely scrutinize the information (Schul 1993), focus on identifying the falsities, and 

build counterarguments to refute it (Friestad and Wright 1994; Wright 1975). Relatedly, 

the reactance against the fake news (Brehm and Brehm 1981) aroused by the BWs should 

reduce the perceived accuracy of false information and prevent brand attitudes from 

being influenced by the fake news. Consistent with this intuition, some studies suggest 

that BWs are effective in reducing the perceived accuracy of fake news (e.g., Clayton et 

al. 2019; Wojdynski et al. 2019). However, other studies suggest that BWs are not only 

ineffective (e.g., Ross et al. 2018) but may backfire by increasing recall and by increasing 

beliefs in the false information (Garrett and Weeks 2013; Wittenberg and Berinsky 

2020). 

Ironically, the increased reactance due to a BW may also be one reason for its 

relative ineffectiveness. To the extent that consumers’ cognitive resources are dedicated 

to critically process false information, they may be distracted (Campbell and Kirmani 

2000), rendering the BW to be not as salient. Further, since recent information is easier to 

remember and more salient (Miller and Campbell 1959), critically processing the 

information plausibly reduces the cognizance of the early warning, leaving consumers’ 

attitudes open to influence. A second reason for the relative ineffectiveness of BWs is 

that consumers may engage in motivated reasoning as they process the false information 

selectively through the lens of prior beliefs (Kunda 1990). Instead of increasing 

resistance to the false information, consumers may dispute the BWs if the false 
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information is consistent with their beliefs and further bias them towards the false 

information (Flynn et al. 2017; Kahan et al. 2017; Wittenberg and Berinsky 2020). 

Research also demonstrates that BWs have the potential to increase the recall of 

false facts. For example, when Facebook started showing a “disputed” label with articles 

verified by third-party fact checking websites, users who viewed the flagged content 

remembered it as true (Murphy 2017). The more often consumers are told that a specific 

claim is false, the more likely they are to accept the claim as true after several days 

(Skurnik et al. 2005). The increased scrutiny of the false information due to BWs may 

lead to a decoupling of the fake news from the warning such that the false information is 

remembered more than the warning itself. 

After-Warnings (AWs) as an Alternative Strategy to Reduce Influence of Fake News 

Can warnings shown immediately after exposure to the fake news be more 

effective in reducing the influence of fake news on brand attitudes? To my knowledge, 

Brashier et al. (2021) is the only study to examine the effect of warning timing in the 

context of fake news. Their findings suggest that AWs may be more effective than BWs 

in reducing the perceived accuracy of news headlines. However, it is not clear from their 

findings whether AWs and BWs can reduce the influence of fake news on brand 

attitudes. Our research extends their inquiry on headlines to an examination of fake news, 

and from perceived accuracy to the influence on brand attitudes. We also explicitly 

examine valence by including both negative and positive fake news. 

A few studies on the timing of disclosures in the context of covert marketing (e.g., 

sponsored ads, product placement) inform our research on the effectiveness of warning 
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timing. Past findings are however mixed. While Campbell et al. (2013) reported that 

disclosures shown post advertisement have stronger effects on attitudes than disclosures 

shown prior to the advertisement, Choi et al. (2018) reported that only disclosures shown 

prior to branded entertainment videos result in the activation of persuasion knowledge. 

Similarly, Boerman et al. (2014) found that only disclosures shown prior to the sponsored 

content enables recognition of the sponsored content as advertising, leading to critical 

processing and negatively affecting attitudes toward the brand in the sponsored content.  

In addition to the inconsistent findings on disclosure effects, it is important to note 

that disclosures about sponsored content are conceptually different from warnings about 

fake news. For example, the source of both the sponsored content and the disclosure is 

the brand itself. Further, the sponsored content is typically positive. In our context, the 

fake news and the warning about the fake news typically originate from third parties, and 

the information content may be positive or negative. Since the incentives are different for 

disclosures than for fake news, there is a need to examine the relative effectiveness of 

AWs and BWs (compared to no warning) in reducing the influence of fake news on 

brand attitudes. 

Based on prior research, and as demonstrated by the pilot study, we argue that 

AWs are likely to have a stronger effect in reducing the influence of fake news than BWs 

for at least two reasons. First, AWs are likely to be more salient than BWs. Because AWs 

alert consumers of the fake news after exposure to the information rather than before as 

in BWs, consumers are less likely to engage in critically scrutinizing the information 

while reading the news and thus less distracted (Campbell et al. 2013). Further, since 



69 

 

BWs are currently more the norm in social media platforms, the uncommon AWs may 

increase the salience of the warning and thus their effectiveness compared to BWs.  

The second conceptually grounded argument is that warnings arouse reactance, 

and AWs are likely to arouse stronger reactance than BWs. Before elaborating on the 

underpinnings of the argument, it is important to emphasize that relative to no warning, 

the mere presence of a warning (BW or AW) activates persuasion knowledge. This 

causes a “change of meaning” such that consumers recognize that an attempt is being 

made to influence or persuade them into believing (and perhaps acting on) the false 

information. Friestad and Wright’s (1994) persuasion knowledge model suggests that 

knowledge of an influence attempt, such as from a warning of fake news, helps 

consumers cope with the attempt to influence them. Building on this, reactance theory 

suggests that when consumers recognize that the information has the potential to 

influence beliefs, attitudes, and behavior, this arouses reactance, or the motivation to 

resist the influence attempt (Brehm and Brehm 1981). Since consumers do not like to 

hold inaccurate beliefs and to be influenced without their free will (Brehm and Brehm 

1981), both BWs and AWs make them more vigilant of the influence attempt and reveals 

its manipulative intent (Friestad and Wright 1994; Petty and Cacioppo 1979). The 

Persuasion Knowledge model thus suggests that cognitive responses to the fake news in 

terms of the perceptions of manipulative intent are likely to be higher in the presence of 

either a BW or an AW, relative to the absence of a warning. 

We now turn to the reason why AWs arouse more reactance than BWs. Because 

BWs provide warning of an influence attempt up front, consumers believe that they can 
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regulate and control their beliefs, attitudes, and behavior to resist the influence of the 

false information (Forgas et al. 2009). In other words, BWs render in consumers a sense 

of control over how the false information influences them. In contrast, AWs catch 

consumers off guard such that they do not have the benefit of being vigilant while 

reading the information. On being warned after exposure to the fake news, they may 

believe that their beliefs and attitudes have already been influenced by the false 

information and perceive a loss of control over how the information influenced them. 

Since consumers do not like to be manipulated and perceive a loss of control (Brehm and 

Brehm 1981), they react more strongly against the implied influence with AWs than BWs 

(Dillard and Shen 2005; Hass and Grady 1975; Petty and Cacioppo 1979). The amount of 

reactance in terms of cognitively reacting against the implied influence is likely to be 

accompanied by stronger emotions (Steindl et al. 2015). People who experience a higher 

amount of reactance typically feel hostile, irritated, and angry (Brehm and Brehm 1981; 

Dillard and Shen 2005). We thus expect consumers to be feel more anger and irritation 

with AWs than BWs. 

In sum, AWs are likely to be more effective in reducing the influence of fake 

news on brand attitudes than BWs. Further, the differential effect of warning timing on 

consumers’ brand attitudes is likely to be mediated by arousal of reactance as measured 

by perceived loss of control over how the information may have influenced them as well 

as anger.  

H1: Providing a warning after exposure to the news will have a stronger effect 

than a warning before exposure to the news. If the fake news is negative 
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(positive), brand attitudes will be less negative (positive) when the warning is 

provided after (vs. before) exposure to the news. 

H2: The effect of warning timing on brand attitudes will be mediated by 

consumers’ perceived loss of control over how the false information influenced 

their attitudes towards the brand and anger. 

Influence of Warning Timing and Fake News Valence on Feelings of Tricked and Duped 

The Persuasion Knowledge model and reactance theory discussed thus far applies 

to both negative and positive fake news. However, in addition to perceiving a loss of 

control and feeling anger with an AW (relative to a BW), consumers may also feel 

tricked. We argue that AWs induce higher feelings of being tricked or duped than BWs 

when the fake news is positive, relative to when the fake news is negative. Because 

consumers encode the fake news without a filter (with AWs relative to BWs), consumers 

may feel tricked or duped (Vohs et al. 2007) and these aversive emotions are likely to 

motivate them to neutralize or reduce the influence of fake news. 

Given the disproportionately higher incidence of negative fake news in the media, 

encountering a BW engenders the expectation that the false information will be negative. 

Conversely, since negative information garners more attention (e.g., Rozin and Royzman 

2001; Soroka et al. 2019; Trussler and Soroka 2014), is perceived to be more 

manipulative and less credible, consumers are more likely to assign the false label to 

negative information than positive information. Further, considering that negative 

information generally leads to avoidance behaviors (e.g., avoiding brand purchases; 

Krieglmeyer et al. 2010) rather than approach behaviors, the potential personal downside 
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of the influence of negative fake news is limited to holding inaccurate beliefs and 

attitudes. 

In contrast, when the fake news is positive, although a BW serves to disconfirm 

expectations that fake news implies negative information, consumers believe that the 

warning up front helps them to resist the influence attempt. However, when consumers 

discover that the positive information is false with an AW, they not only feel more anger 

and irritation, but also that they were taken advantage of, tricked, and duped into 

believing something which is not true. Since the potential downside of being influenced 

by positive fake news is not only holding inaccurate beliefs and attitudes, but also 

approach behaviors (e.g., brand purchases), the feeling of being tricked and duped is 

likely to be higher with AWs than BWs. These feelings mediate the effect of warning 

timing on brand attitudes when the fake news is positive.  

H3: The effect of warning timing on brand attitudes is likely to be mediated by 

feelings of being tricked or duped when the fake news is positive but not when it 

is negative. 

Overview of Studies 

Three studies demonstrate that despite the intuition that “forewarned” implies 

“forearmed,” and that consumers may evaluate the fake news and its contents more 

critically in the presence of BWs, BWs paradoxically may often be no more effective in 

reducing the influence of fake brand news than having no warning at all. Study 1 

demonstrates the after-warning effect (AWE) such that although consumers may feel 

“forearmed” with a BW, brand attitudes are less negative when the warning comes after 
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the negative fake news than before. Study 2 extends the findings to demonstrate that the 

after-warning effect is robust to the valence of the fake news. Specifically, an AW results 

in less negative brand attitudes for negative fake news, and less positive brand attitudes 

for positive fake news, compared to a BW. Study 3 provides support for the reasoning 

underlying the differential effectiveness of warning timing such that both cognitive and 

affective reactions (Boerman et al. 2017; Dillard and Shen 2005) play a role in mediating 

the effect of AWs relative to BWs on brand attitudes. While perceived control (cognitive 

response) and anger (affective response) mediate the after-warning effect independent of 

valence, feelings of being tricked and duped (affective response) mediate the after-

warning effect when the fake news is positive but not when it is negative. 

 

Table 3.1 Measures Used Across Studies 

Measure Study Reliability 

Brand Attitudes: 

In your opinion, your overall impression of [brand] is…  

(1) [1 = very bad, 9 = very good] 

(2) [1 = very negative, 9 = very positive] *  

How much do you agree with the following statements? [1 = strongly 

disagree, 9 = strongly agree]:  

(3) [brand] stands behind the services that it offers.  

(4) [brand] is a brand name one can trust.  

(5) How much do you like [brand]? [1 = not at all, 9 = very much]   

1, 

2, 

3  

α0 = .92  

α1 = .90  

α3 = .96 

Prior Brand Familiarity – single item: 

Have you heard of [brand] prior to reading the news story? [1 = yes, 2 = 

no] 

Pilot, 2  

Prior Brand Familiarity: 

Please read the following statements about your familiarity with [brand] 

prior to reading the news. Rate your agreement on the scale [1 = 

strongly disagree, 9 = strongly agree]:  

(1) I am very familiar with H&M. 

1 α1 = .92 



74 

 

(2) I know a lot about H&M. 

(3) I have come across a lot of information on H&M. 

Prior Brand Impressions: 

What was your impression of [brand] prior to reading the news story? 

[1 = strongly disagree, 9 = strongly agree]:  

(1) My overall impression of H&M is good. 

(2) I like H&M. 

(3) H&M provides good service. 

(4) H&M is trustworthy. 

1 α1 = .95 

Critical Evaluation – measure 1: 

Thinking about how you were when you read the news story, please 

indicate your agreement with the following statements [1 = disagree 

strongly, 9 = agree strongly]:  

(1) I feel I was critical of the news story while reading it. 

(2) I closely inspected the facts mentioned in the news story. 

(3) I feel I was disapproving of the news content I read. 

(4) I paid close attention to find faults in the news content.  

1 α1 = .73 

Brand Evaluation Certainty: 

(1) How certain are you of your evaluations of Subway?  

(2) How confident are you of your evaluations of Subway? [1 = not at 

all, 9 = very much] 

2 r = .95 

Perceived Control – single item: 

(1) I felt I was in control of how much the news story influenced my 

attitudes towards Subway. [1 = not at all, 9 = A lot] 

3  

Anger (Dillard and Shen 2005): 

Right after I saw the warning message, I felt [1 = not at all, 9 = very 

much]: 

(1) angry, (2) irritated, (3) annoyed  

3 α3 = .94  

Critical Evaluation – measure 2:  

(1) While reading the news story, to what extent did you find yourself 

being critical of the information in the news story? [1 = not at all, 9 = 

A lot] 

(2) While reading the news story, how skeptical were you of it? [1 = 

not at all, 9 = A lot] 

3 r = .75  

Feelings of Being Tricked and Duped (Vohs et al. 2007):  

Indicate how much you felt the following after reading the news story 

[1 = not at all, 9 = very much]:  

(1) betrayed, (2) fooled, (3) dismayed, (4) tricked, (5) cheated, (6) 

annoyed, (7) duped, (8) ashamed, (9) hostile, (10) upset, (11) 

frustrated, (12) anxious, (13) confused. 

3  α3 = .96 

Perceptions of Manipulative Intent (Campbell 1995):  

Thinking about the news story you read, indicate your agreement with 

the following statements [1 = strongly disagree, 9 = strongly agree]:  

3  α3 = .87 
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(1) This news story is aimed at trying to manipulate readers' attitudes 

towards [brand].  

(2) The news story is trying to manipulate the readers in ways which I 

do not like. 

(3) This news story is trying to deceive its readers. 

(4) I don't mind this news story; it tried to be persuasive without being 

excessively manipulative. 

(5) The way this news story tries to persuade people seems acceptable 

to me. 

Note. * = Item dropped in 4-item measure where mentioned. [] = anchors, () = item 

number. 

 

Study 1A: The After-Warning Effect 

To gain a preliminary understanding of BWs and AWs, four hundred and eighty-

one U.S. participants, recruited from Amazon’s Mechanical Turk for a nominal payment, 

were assigned at random to one of four warning conditions in a between-subjects design. 

All participants were informed that they were taking part in a study consisting of two 

unrelated parts. In part 1, we embedded three brand attitude measures within a host of 

self-brand connection measures (seven items). In part 2, participants asked to imagine 

that they were browsing their social media news feed when they came upon a news story 

posted by The Cortez Journal. They were shown a mockup of a post from a popular 

social media platform (control condition). In the blurred BW condition, the news story 

was blurred out with a warning. In the BW pop-up and AW conditions, the news post was 

not blurred. All participants were asked to indicate if they would click on the news story 

to read it or ignore it and move on. If they click on ‘ignore and move on,’ the full news 

story was not displayed. If they clicked ‘would read,’ participants in the BW popup (AW) 

condition saw a popup warning message before (after) they were shown the news story. 
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Participants in the BW blur did not see a popup message as they were already shown the 

warning blurring out the news post.  

Participants were shown a negative news story in which a popular lifestyle brand 

(H&M) was accused of creating fake Neo-Nazi rock bands to promote a new line of t-

shirt. The story alleged that the music acts featured on the t-shirts (who made neo-Nazi 

references on their social media profiles, including an illustration of Hitler) were created 

just for the purpose of this campaign. The story, however, was not true and was originally 

released in the press in 2015 by a group of metal musicians as a fake campaign poking 

fun at how metal music subcultures are mass marketed by clothing brands (Garland 

2015). H&M was not involved (see Appendix A).  

Participants then responded to three nine-point items measuring their attitudes 

towards the H&M brand (α = .94). These items were like those used in part 1, only 

reworded slightly. Participants then indicated their attitudes towards the host platform 

(trustworthy, fair, reliable; α = .92). No participant was excluded in all the studies 

reported in this research.  

A logistic regression was performed to ascertain whether seeing a blurred BW 

influences the  choice to read the story. The logistic regression model was statistically 

insignificant (χ2(1) = .5, p > .48). Thus, we find no support that seeing a blurred BW 

influences the choice to read the story or not and we include user_read as a covariate in 

an ANOVA. A one-way ANCOVA on the absolute difference in brand attitudes in Part 1 

and Part 2 towards H&M, with whether they read the story or not as a covariate, revealed 

a significant effect of warning (F(3, 476) = 3.08, p = .027; see Figure 3.1). User_read was 
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significant in the model (p < .0001). Planned contrasts revealed that the change in brand 

attitudes in the AW condition were lower relative to the control (MAfter = 0.76 and MControl 

= 1.17; p = .01), the BW blur condition (MAfter = 0.76 and MBefore_blur = 1.11; p = .03), and 

the BW popup condition (MAfter = 0.76 and MBefore_popup = 1.16; p = .01).  

 

Figure 3.1 Change in Brand Attitudes as a Function of Warning Timing (Study 1A) 

 

 

Study 1A provides preliminary evidence that although a BW helps in reducing the 

influence of fake news relative to no warning, an AW has a stronger effect in negating 

the influence of the negative fake news on brand attitudes. Labeled the after-warning 

effect (AWE), the results suggest that being alerted about the fake news immediately 

after exposure is more effective in protecting brand attitudes from being influenced by 

the negative fake news relative to being forewarned. 
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Study 1B: After-Warning Effect Robust to Platform 

To gain a preliminary understanding of BWs and AWs and whether they perform 

differently across platforms, four hundred and seventy-three U.S. participants were 

assigned at random to one of six conditions in a 3 (Warning: BW, AW, and No warning) 

x 2 (Platform: Facebook and Twitter) between-subjects design. Participants read a news 

story and then provided their impressions about the story. Three hundred participants 

were recruited from Amazon’s Mechanical Turk (age range: 21 to 88, median age = 34, 

39.5% females) for a nominal payment, and one hundred and seventy-three business 

undergraduates (age range: 19 to 27, median age = 21, 47.7% females) were recruited at a 

university for course credit. Since the effects were similar across the two populations, we 

report the results with the pooled data.  

Participants were shown the negative news story from Study 1A. Differently from 

study 1A, a BW blur warning condition was not show. Since the objective is to focus on 

understanding the role of warning timing, in two warning conditions, a pop-up message 

informed participants that the news was fake either before they read the story (BW) or 

after they read the story (AW). In a third control condition there was no warning. Since 

social media platforms engender different levels of user trust (Phua et al. 2017), it was 

important to examine the robustness of the effects of warning timing across different 

platforms, and so participants were told that they were reading the news story on either 

Facebook or Twitter. Participants responded to four nine-point items measuring their 

attitudes towards the H&M brand (α = .92) and indicated whether they had heard of 
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H&M prior to this study (see Table 3.1 for the specific items). No participant was 

excluded in all the studies reported in this research. 

 

Figure 3.2 Brand Attitudes as a Function of Warning Timing (Study 1B) 

 

 

A 3x2 ANOVA on attitude towards H&M revealed only a significant effect of 

warning (F(2, 467) = 17.22, p < .0001; see Figure 3.2). All other effects were not 

significant (all p’s > .50). Planned contrasts revealed that brand attitudes in the AW 

condition were higher relative to both the control (MAfter = 5.88 and MControl = 4.83; F(1, 

467) = 33.37, p < .0001) and the BW conditions (MAfter = 5.88 and MBefore = 5.50; F(1, 

467) = 4.30, p = .04). Brand attitudes were also higher in the BW condition than in the 

control condition (MBefore = 5.50 and MControl = 4.83; F(1, 467) = 14.00, p < .0001).  

Study 1B provides preliminary evidence that the effect of warning timing was 

robust across the two social media platforms and to whether participants had heard of the 

H&M brand. 
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Study 2: Attitude Certainty 

Study 2 tests hypothesis 1 and examines the after-warning effect for both negative 

and positive fake news. Since the pilot study and study 1 used the fashion retail brand, 

H&M, study 2 extends the generalizability of the after-warning effect to Subway, a more 

well-known fast-food brand (Kantar 2020). Study 2 also explores whether attitude 

certainty, the confidence or conviction about an evaluation or attitude (Petrocelli, 

Tormala, and Rucker 2007), underlies the after-warning effect. Attitude certainty, a 

secondary cognition (e.g., “I am certain of my attitude towards the brand”) attached to a 

primary cognition (e.g., “I think very positively about the brand,” Petrocelli et al. 2007), 

has been the subject of considerable attention in the literature. It is possible that in the 

context of fake news consumers’ confidence with which they hold attitudes towards the 

brand after being exposed to false information may vary with the timing of the warning. 

Method 

Two hundred and ninety-three U.S. participants, recruited from Amazon’s 

Mechanical Turk (median age = 38, 54.9% females) for a nominal payment, were 

assigned at random to one of six conditions in a 3 (Warning: BW, AW, and No warning) 

x 2 (News valence: Negative and Positive) between-subjects design. All participants were 

exposed to the headline and a news story about Subway and then responded to the 

measures. 

In the negative news condition, participants saw a news story with the headline, 

“Subway Charges Motorists Stranded in Snowstorm 3x the Price of Sandwiches!” 

whereas in the positive news condition they saw a news story with the headline, “Subway 
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Gives Free Sandwiches to Motorists Stranded in Snowstorm” (see Appendix B). As in 

study 1, participants in the BW (AW) condition saw a pop-up message which warned 

them of the fake news before (after) they were exposed to the headline and news story. 

The warning read “Attention: The story that you are about to (just) read is not true. It 

appeared on a website which specializes in fake news and also publishes false 

information about real people, products, brands, and places.” Participants in the control 

condition were exposed to the headline and news without any warning. 

As Table 3.1 shows, an average of five nine-point items measured brand attitudes 

(α = .96), two nine-point items measured brand evaluation certainty (r = .95), and one 

item measured whether they had heard of Subway prior to this study. In addition, an 

average of three nine-point items measured perceived credibility of the news story (α = 

.98), “If a reader were to come upon this story online, how do you think they would find 

it?” (1 = Not at all believable/credible/trustworthy; 9 = Very much 

believable/credible/trustworthy). To check for the news valence, participants were asked 

to rate the valence of the information in the news story (1 = Very negative; 9 = Very 

positive). Finally, participants indicated how the news story affected their mood (1 = 

Very negatively; 9 = Very positively). 

Results 

Checks and Controls. A 3x2 ANOVA on ratings of valence of the news story 

revealed only a significant effect of news valence (F(1, 287) = 578.39, p < .0001) such 

that news story was rated as more positive when it was positive than negative (MPositive = 

7.84 and MNegative = 2.77). No other effects were significant (all p’s > .40), suggesting that 
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the news valence manipulation was successful. Another 3x2 ANOVA on mood revealed 

significant effects of news valence (F(1, 287) = 111.05, p < .0001) as the mood was more 

positive when the news was positive than negative (MPositive = 6.40 and MNegative = 4.16). 

The effect of warning was also significant (F(2, 287) = 3.18, p = .04) as the mood was 

less positive in the BW condition than both the control (MBefore = 4.91 and MControl = 5.52; 

F(1, 287) = 5.47, p = .02) and AW conditions (MBefore = 4.91 and MAfter = 5.42; F(1, 287) 

= 3.90, p = .05). The two-way interaction was not significant (p = .90). 

Whether or not participants had heard of Subway prior to the study did not vary 

across conditions (all p’s > .20). A 3x2 ANOVA on perceived credibility of the news 

story revealed only a significant effect of news valence. As expected, the news story was 

perceived to be less credible when it was negative than positive (MNegative = 4.80 and 

MPositive = 6.70; F(1, 287) = 53.74, p < .0001). No other effects were significant (all p’s > 

.60). The effects on brand attitudes reported next are robust to including prior brand 

knowledge, perceived credibility of the news story, and mood as covariates. 

Brand Attitudes. A 3x2 ANOVA on brand attitudes revealed a significant effect of 

news valence such that attitudes towards Subway were higher when the news valence 

was positive than negative (MPositive = 6.64 and MNegative = 4.70; F(1, 287) = 64.45, p < 

.0001). The main effect of warning was not significant (p > .70). The effect of news 

valence was qualified by a significant two-way interaction between warning and news 

valence (F(2, 287) = 10.99, p < .0001; see Figure 3.3). Planned contrasts revealed that for 

negative news, brand attitudes in the AW condition were higher relative to both the 

control (MNegative-After = 5.59 and MNegative-Control = 4.00; F(1, 287) = 14.75, p < .0001) and 
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the BW conditions (MNegative-After = 5.59 and MNegative-Before = 4.51; F(1, 287) = 7.46, p = 

.01). As in study 1, brand attitudes were not different across the BW and control 

conditions (MNegative-Before = 4.51 and MNegative-Control = 4.00; F(1, 287) = 1.60, p = .21). 

Study 2 thus bolsters support for H1 as brand attitudes were less negative with an AW 

relative to both a BW and no warning when the fake news was negative. 

 

Figure 3.3 Brand Attitudes by Warning Timing and News Valence (Study 2) 

 

 

Another set of planned contrasts revealed that for positive news, brand attitudes in 

the AW condition were lower relative to both the control (MPositive-After = 5.96 and MPositive-

Control = 7.04; F(1, 287) = 6.38, p = .01) and the BW conditions (MPositive-After = 5.96 and 

MPositive-Before = 6.90; F(1, 287) = 4.61, p = .03). However, attitudes were not different 

across the BW and control conditions (MPositive-Before = 6.90 and MPositive-Control = 7.04; F(1, 

287) = 0.11, p = .74). Consistent with H1, when the fake news was positive, brand 

attitudes were less positive with an AW than a BW or no warning. 
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Brand Evaluation Certainty. A 3x2 ANOVA on evaluation certainty revealed a 

marginal effect of news valence such that attitude certainty was higher when the news 

story was positive than negative (MPositive = 7.42 and MNegative = 7.05; F(1, 287) = 3.17, p 

= .08). The main effect of warning was not significant (p > .60). There was a significant 

two-way interaction between warning and news valence (F(2, 287) = 4.57, p = .01). 

Further analyses revealed that for negative news, evaluation certainty in the AW 

condition was marginally higher relative to the control (MNegative-After = 7.57 and MNegative-

Control = 6.98; F(1, 287) = 2.83, p = .09) and significantly higher relative to the BW 

condition (MNegative-After = 7.57 and MNegative-Before = 6.61; F(1, 287) = 8.17, p = .005). There 

was no difference across the BW and control conditions (MNegative-Before = 6.61 and 

MNegative-Control = 6.98; F(1, 287) = 1.13, p = .29). For positive news, evaluation certainty 

did not vary significantly across any of the three conditions (MPositive-After = 7.08, MPositive-

Control = 7.62, and MPositive-Before = 7.56; all pairwise p’s > .14). Despite the significant two-

way interaction, and the differences in the negative news story, a moderated mediation 

test (Hayes 2017) revealed that brand evaluation certainty did not mediate the effect of 

warning timing on brand attitudes (even when the news valence was negative). 

Discussion 

 Consistent with hypothesis 1, study 2 demonstrates the after-warning effect for a 

well-known brand such as Subway. An AW was more effective in reducing the influence 

of fake news on brand attitudes, regardless of whether the news was negative or positive. 

When the news was negative (positive), brand attitudes were less negative (positive) with 

an AW than with a BW or no warning. Study 2 also shows that, irrespective of whether 
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the news was negative or positive, BWs may be no more effective in reducing the 

influence of fake news on brand attitudes than having no warning at all. Further, study 2 

rules out evaluation certainty as the underlying reasoning for after-warning effect. Study 

3 was designed to shed some insights into the underlying reasoning. 

Study 3: Underlying Reasoning for the After-Warning Effect 

Study 3 tests hypotheses 2 and 3 and provides insights into the underlying 

reasoning. Although the Persuasion Knowledge model suggests that the presence of a 

warning (either BW or AW) would result in higher perceptions of manipulative intent 

relative to the absence of a warning, it does not differentiate between an AW and a BW. 

However, hypothesis 2, rooted in reactance theory, suggests that the effect of warning 

timing on brand attitudes will be mediated by consumers’ perceived control over how the 

false information influenced their attitudes towards the brand and anger. Hypothesis 3 

suggests that the effect of warning timing on brand attitudes is likely to be mediated by 

feelings of being tricked or duped when the fake news is positive but not when it is 

negative. Study 3 also uses different measures from study 1 to examine the extent to 

which BWs prompt a more critical evaluation of the news story than AWs. 

Method 

As in study 2, study 3 uses Subway as the brand but set in a different news 

context. The news stories were in the context of a series of storms that caused rolling 

blackouts and led to food and water shortages. In the negative story, Subway restaurants 

belonging to a particular area overcharged their customers while in the positive story, 

Subway restaurants gave out free food. In the negative news condition, participants saw a 
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news story with the headline, “Subway Restaurants in Southeast Texas Charge Residents 

Affected by Rolling Blackouts 3X the Price of Sandwiches” whereas in the positive news 

condition saw a news story with the headline, “Subway Restaurants in Southeast Texas 

Give Free Sandwiches to Residents Affected by Rolling Blackouts” (see Appendix C). 

Seven hundred and twenty-two U.S. participants (median age = 40, 52% females), 

recruited from Amazon’s Mechanical Turk for a nominal payment, were assigned at 

random to one of six conditions in a 3 (Warning: BW, AW, and No warning) x 2 (News 

valence: Negative and Positive) between-subjects design. Participants were exposed to 

the headline and a news story about Subway and then responded to the measures. 

As shown in Table 3.1, five nine-point items measured brand attitudes (α = .96), 

two items measured critical evaluation of the news story (r = .75), one item measured 

perceived control, three items measured anger (α = .94), five items measured perceptions 

of manipulative intent of the news story (α = .87), and thirteen items measured feelings of 

being tricked and duped (α = .96). Further, to validate our reasoning regarding 

expectations, participants in the control condition responded to “Given the information in 

the news story, the likelihood of the news story being false is” [1 = very low, 9 = very 

high]. Participants in the BW condition responded to “Given the warning message, I was 

expecting the news story to be” [1 = negative, 9 = positive] while those in the AW 

condition responded to “Given the information in the news story, I was expecting the 

news story to be” [1 = false, 9 = not at all false]. 
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Results 

Expectations. Analysis of the two control conditions only revealed that 

participants rated the likelihood of the news story being false as much higher when the 

news was negative than positive (MNegative = 5.60 and MPositive = 3.99; F(1, 240) = 40.07, p 

< .0001). Analysis of the two BW conditions revealed that participants’ expectations of 

the story being negative were higher when the news was negative than positive (MNegative 

= 2.06 and MPositive = 3.11; F(1, 237) = 16.65, p < .0001). However, the mean rating 

across both news story conditions revealed that participants were expecting a negative 

news story upon seeing a BW (MBW = 2.57; t = -18.21, p < .0001 compared to the 

midpoint). Like the control condition, analysis of the two AW conditions revealed that 

participants’ expectations of the news story being false was significantly higher when 

news story was negative than positive (MNegative = 3.86 and MPositive = 6.39; F(1, 239) = 

73.67, p < .0001). These findings validate our reasoning that since a negative news story 

is perceived as more manipulative and less credible (study 2), consumers are more likely 

to expect the story to be false when it is negative than positive. Further, encountering a 

BW engenders the expectation that the news story will be negative. 

Brand Attitudes. A 3x2 ANOVA on brand attitudes revealed a significant effect of 

news valence such that attitudes towards Subway were higher when the news valence 

was positive than negative (MPositive = 6.38 and MNegative = 4.70; F(1, 716) = 156.46, p < 

.0001). The main effect of warning was not significant (F(2, 716) = 2.24, p = .11). There 

was a significant two-way interaction between warning and news valence (F(2, 716) = 

62.61, p < .0001; see Figure 3.4). Planned contrasts revealed that for the negative news 
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story, brand attitudes were higher in the AW condition relative to both the control (MAfter 

= 5.75 and MControl = 3.58; F(1, 716) = 88.73, p < .0001) and BW conditions (MAfter = 

5.75 and MBefore = 4.77; F(1, 716) = 17.79, p < .0001). Brand attitudes were higher in the 

BW condition than control (MBefore = 4.77 and MControl = 3.58; F(1, 716) = 26.88, p < 

.0001). The findings show that although a BW reduces the influence of negative fake 

news, the reduction is stronger with an AW such that brand attitudes are less negative 

relative to a BW. 

For the positive news story, brand attitudes were lower in the AW condition 

relative to both the control (MAfter = 5.72 and MControl = 7.21; F(1, 716) = 40.22, p < 

.0001) and BW conditions (MAfter = 5.72 and MBefore = 6.23; F(1, 716) = 4.74, p = .030). 

Brand attitudes were lower in the BW condition than control (MBefore = 6.23 and MControl = 

7.21; F(1, 716) = 17.16, p < .0001). The findings show that although a BW reduces the 

influence of positive fake news, the reduction is stronger with an AW such that brand 

attitudes are less positive relative to a BW. Study 3 thus provides further support for 

hypothesis 1. 

Critical Evaluation. A 3x2 ANOVA on critical evaluation of the news revealed a 

significant main effect of news valence such that the news story was evaluated more 

critically when it was negative than positive (MNegative = 5.94 and MPositive = 4.57; F(1, 

716) = 75.86, p < .0001). The main effect of warning was also significant (F(2, 716) = 

63.76, p < .0001). Planned contrasts revealed that critical evaluation was higher in the 

BW relative to both the control (MBefore = 6.40 and MControl = 4.24; F(1, 716) = 126.36, p 
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< .0001) and AW conditions (MBefore = 6.40 and MAfter = 5.13; F(1, 716) = 43.37, p < 

.0001). 

Figure 3.4 Brand Attitudes by Warning Timing (Study 3) 

 

 

Critical evaluation in the AW condition was higher than the control condition 

(MAfter = 5.13 and MControl = 4.24; F(1, 716) = 21.71, p < .0001). The main effects were 

qualified by a significant two-way interaction of warning and news valence (F(2, 716) = 

8.84, p < .0001). Further analysis revealed that for the negative news story, critical 

evaluation in the BW condition was higher relative to the control (MBefore = 6.73 and 

MControl = 4.84; F(1, 716) = 49.24, p < .0001) and marginally higher relative to the AW 

condition (MBefore = 6.73 and MAfter = 6.25; F(1, 716) = 3.05, p = .08). Critical evaluation 

was higher in the AW condition than control (MAfter = 6.25 and MControl = 4.84; F(1, 716) 

= 27.71, p < .0001). Similarly, for the positive news story, critical evaluation in the BW 

condition was higher relative to both the control (MBefore = 6.07 and MControl = 3.64; F(1, 

716) = 78.49, p < .0001) and AW conditions (MBefore = 6.07 and MAfter = 4.01; F(1, 716) = 
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56.55, p < .0001). However, critical evaluation in the AW condition was not different 

from control (MAfter = 4.01 and MControl = 3.64; F(1, 716) = 1.85, p = .17). 

 

Table 3.2 Means and Standard Errors of Measures (Study 3) 

Warning by News Story Valence 

  Negative News Story  Positive News Story 

  Control BW AW  Control BW AW 

Brand Attitudes 
 3.58 

(.162) 

4.77 

(.164) 

5.75 

(.164) 

 7.21 

(.167) 

6.23 

(.167) 

5.72 

(.166) 

Critical Evaluation 
 4.84 

(.189) 

6.73 

(.191) 

6.25 

(.191) 

 3.64 

(.194) 

6.07 

(.195) 

4.01 

(.193) 

Perceived Control 
 6.15 7.04 6.25  6.53 6.84 5.87 

 (.180) (.181) (.181)  (.185) (.185) (.184) 

Manipulative Intent 
 4.64 

(.173) 

7.04 

(.174) 

7.97 

(.174) 

 3.86 

(.177) 

6.74 

(.178) 

7.17 

(.176) 

Anger 
 

- 
3.87 

(.212) 

4.16 

(.212) 

 
- 

3.16 

(.216) 

4.06 

.214 

Feelings of Being Tricked  
 

- 
3.51 

(.184) 

3.94 

(.184) 

 
- 

2.73 

(.187) 

3.62 

(.186) 

Note. Standard errors in parentheses. 

 

Although the measures asked participants the extent to which they were critical 

and skeptical “while reading the story,” we recognize that the measures were 

retrospective and were probably affected by the AW. Nonetheless, the results indicated 

that participants were more critical while reading the news story with a BW than an AW 

(participants are more likely to be critical of the story after reading it with an AW). Our 

findings indicated that to the extent a BW encourages consumers to dedicate more 

cognitive resources to critically evaluating the story, they may be more distracted, 

reducing the salience and thus effectiveness of a BW.  

Perceived Control. A 3x2 ANOVA on perceived control over how the news story 

affected brand attitudes revealed a main effect of warning (F(2, 716) = 12.02, p < .0001), 
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an insignificant effect of news valence (F(1, 716) = 0.22, p = .64), and a marginal two-

way interaction between warning and news valence (F(2, 716) = 2.42, p = .09). Although 

we measured perceived control in the no warning condition, our reasoning rooted in 

reactance theory suggests a difference between the BW and AW conditions (MBefore = 

6.94 and MAfter = 6.06; F(1, 716) = 23.09, p = .0001). As shown in Table 3.2, perceived 

control of how the news story affected consumers’ attitudes was higher in the BW 

condition than in the AW condition for both negative (MBefore = 7.04 and MAfter = 6.25; 

F(1, 716) = 9.40, p = .002) and positive fake news (MBefore = 6.84 and MAfter = 5.87; F(1, 

716) = 13.87, p < .0001). Consistent with reactance theory, regardless of news valence, 

relative to a BW, an AW catches consumers off guard and results in a loss of control over 

how the story influenced their attitudes. 

To test hypothesis 2, we conducted a mediation analysis (Hayes’ 2017, model 4 

with 5000 bootstraps) with warning (only BW and AW) as the independent variable, 

perceived control as the mediator, and brand attitudes as the dependent variable. The 

analysis revealed a significant indirect effect of warning timing on brand attitudes 

through perceived control as the confidence interval did not contain zero (Effect = -.0572, 

95% CI = [-.1063, -.0139]). The results thus support hypothesis 2. 

Anger. Since anger was measured only in the warning conditions, a 2x2 ANOVA 

on anger after seeing the warning revealed a marginal effect of news valence such that 

anger was slightly higher when the news story was negative than positive (MNegative = 4.02 

and MPositive = 3.61; F(1, 476) = 3.59, p = .06). The warning was also significant as 

participants felt more anger in the AW condition than in the BW (MAfter = 4.11 and MBefore 
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= 3.52; F(1, 476) = 7.75, p = .006). The two-way interaction between warning and news 

valence was not significant (p = .15). 

A mediation analysis (Hayes’ 2017, model 4 with 5000 bootstraps) with warning 

(only BW and AW) as the independent variable, anger as the mediator, and brand 

attitudes as the dependent variable was conducted to test hypothesis 2. The analysis 

revealed a significant indirect effect of warning timing on brand attitudes through anger 

as the confidence interval did not contain zero (Effect = -.0262, 95% CI = [-.0595, -

.0009]). Hypothesis 2 was thus supported. 

Perceptions of Manipulative Intent. A 3x2 ANOVA on perceptions of 

manipulative intent revealed main effects of news valence and warning; there was no 

significant two-way interaction (F(2, 716) = 1.33, p = .27). Perceptions of manipulative 

intent were higher when the news story was negative than positive (MNegative = 6.55 and 

MPositive = 5.92; F(1, 716) = 19.23, p < .0001). Importantly, following the main effect of 

warning (F(2, 716) = 200.80, p < .0001), planned contrasts revealed that perceptions of 

manipulative intent were higher in the AW condition relative to both the control (MAfter = 

7.57 and MControl = 4.25; F(1, 716) = 359.98, p < .0001) and BW conditions (MAfter = 7.57 

and MBefore = 6.89; F(1, 716) = 15.10, p < .0001). Perceptions of manipulative intent were 

higher in the BW condition than in the control condition (MBefore = 6.89 and MControl = 

4.25; F(1, 716) = 226.29, p < .0001). Although the presence of a warning leads to higher 

perceptions of manipulative intent relative to no warning, the findings also suggest that 

an AW arouses stronger reactance than a BW.  



93 

 

Feelings of Being Tricked/Duped. Considering only the warning conditions, a 2x2 

ANOVA revealed a significant effect of news valence as feelings of being tricked were 

higher when the news story was negative than positive (MNegative = 3.72 and MPositive = 

3.18; F(1, 476) = 8.67, p = .003). The main effect of warning was also significant as 

feelings of being tricked were higher in the AW relative to the BW condition (MAfter = 

3.78 and MBefore = 3.12; F(1, 476) = 12.63, p < .0001). Although the two-way interaction 

between warning and news valence was not significant (F(1, 476) = 1.57, p = .21), 

planned contrasts revealed that while feelings of being tricked were not different across 

the AW and BW conditions when the news story was negative  (MAfter = 3.94 and MBefore 

= 3.51, F(1, 476) = 2.69, p = .10), feelings of being tricked were significantly higher in 

the AW condition than in the BW condition when the news story was positive (MAfter = 

3.62 and MBefore = 2.73; F(1, 476) = 11.36, p = .001). 

A moderated mediation analysis was conducted (Hayes’ 2017, model 7, 5000 

bootstraps) with warning as the independent variable, feelings of tricked as the mediator, 

news valence as the moderator, and brand attitudes as the dependent variable to test 

hypothesis 3. The analysis revealed that when the news story was negative, the indirect 

effect of warning timing on brand attitudes through feelings of being tricked was not 

significant as it included zero (EffectNegative = -.0389, 95% CI = [-.0885, .0132]). 

However, when the news story was positive, the indirect effect of warning timing on 

brand attitudes through feelings of being tricked was significant as it did not include zero 

(EffectPositive = -.0813, 95% CI = [-.1544, -.0251]. Yet, the index of moderated mediation 

was not significant (Effect = -.0424, 95% CI = [-.1345, .0186]). 
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Although our results did not fully support hypothesis 3, the findings suggested 

feelings of being tricked and duped were higher in the AW condition than in the BW 

condition when the news story was positive but not when it was negative. 

Discussion  

Study 3 shed some insight into the underlying reasoning for the after-warning 

effect. First, it showed that a BW leads to more critical evaluation of the information than 

an AW. Despite being more critical, an AW is more effective in protecting brand 

attitudes from the influence of both negative and positive fake news. It is likely that 

dedicating cognitive resources to critically evaluating the information while reading it 

distracts consumers from the BW itself reducing its salience and thus effectiveness. In 

contrast, an AW is more salient and more effective as it leads to a critical evaluation after 

the information has already been read. 

Second, study 3 showed that an AW arouses stronger reactance relative to a BW 

and thus a stronger reaction against the direction of the influence attempt. The results 

suggest that an AW catches consumers off guard such that they perceive a loss of control 

over how the information may have influenced them. The cognitive reaction against the 

implied influence was accompanied by affect or feelings of anger and irritation. The 

results showed that perceptions of manipulative intent were also higher with an AW than 

a BW. The stronger arousal of reactance with an AW relative to a BW leads to a stronger 

response against the implied influence attempt such that brand attitudes are less negative 

(positive) when the news story is negative (positive). 
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Study 3 also suggested that consumers believe that the likelihood of a news story 

being false is higher when it is negative than positive. Importantly, a BW engenders an 

expectation of negative rather than positive news. Further, given that negative news is 

perceived to be less credible and processed more critically, consumers are more likely to 

feel tricked with positive news than negative news. While a BW at least warns consumers 

up front, when consumers discover that the positive news they read is fake with an AW, 

they not only feel more anger and irritation, but also that they were being taken advantage 

of, tricked, and duped into believing something which is not true. 

General Discussion 

Fake news about brands on social media has deleterious effects on the reputation 

and finances of implicated brands (Di Domenico and Visentin 2020) and social media 

platforms are under increasing pressure to thwart the negative influences arising from the 

consumption of misinformation. Since prior research finds that consumers’ attitudes can 

be influenced by false claims despite being warned (Ross et al. 2018; Wittenberg and 

Berinsky 2020), an investigation of warning strategies is called for. In this research, we 

evaluate the effectiveness of commonly used before-warnings and investigate the 

effectiveness of a counter-intuitive intervention strategy – alerting consumers after they 

have read fake news rather than before. Whereas practitioners and academics alike have 

suggested that the best way to guard against fake news is to know it is coming (e.g., 

Wood and Quinn 2003), our results contradict this assumption.  

Results from a series of studies demonstrated that despite the intuition that 

“forewarned” implies “forearmed,” and that consumers evaluate the fake news and its 
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contents more critically in the presence of BWs, BWs may paradoxically be no more 

effective in reducing the influence of fake brand news than having no warning at all. The 

findings suggested that although consumers may feel “forearmed,” they let their guard 

down as they evaluate the false claims critically. Engaging in critical evaluation of the 

false claims while reading the fake news may in fact distract consumers such that they are 

not as cognizant of the BWs. Instead, AWs, presented after the fake news, catch 

consumers off guard such that they do not have the benefit of being vigilant while 

reading the information. Instead, they evaluate the news story more critically after 

reading it.  

On being warned after exposure to the fake news, they may believe that their 

beliefs and attitudes have been influenced by the false information, perceiving a loss of 

control over how the news influenced them. Since consumers do not like to be 

manipulated and feel a loss of control (Brehm and Brehm 1981), they react more strongly 

against the implied influence with AWs than BWs (Dillard and Shen 2005; Hass and 

Grady 1975; Petty and Cacioppo 1979). The results also showed that the amount of 

reactance in terms of cognitively reacting against the implied influence is also 

accompanied by the experience of emotion (Steindl et al. 2015). Consumers feel more 

anger and irritation with AWs than BWs, in line with the expectation that people who 

experience a higher amount of reactance typically also feel hostile, irritated, and angry 

(Brehm and Brehm 1981; Dillard and Shen 2005). Further, although a BW serves to 

disconfirm the expectations that fake news implies negative information, consumers 

believe that the warning up front helps in resisting the influence attempt. However, when 
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consumers discover that the positive information is false with an AW, they not only feel 

more anger and irritation, but also that they were taken advantage of, tricked, and duped 

into believing something which is not true.  

AWs are thus more effective in reducing the influence of fake news on brand 

attitudes relative to BWs. This after-warning effect, labeled as AWE, is robust to the 

valence of the fake news. Specifically, for negative fake news, AWs result in less 

negative brand attitudes than BWs, and for positive fake news, AWs result in less 

positive brand attitudes than BWs, as compared to having no warning. These findings 

were also robust to the social media platform and source of the warning message as well 

as other factors including prior familiarity with the brand, prior impression of the brand, 

and credibility of news.  

This research, in demonstrating that the current practice of BWs used by popular 

social media platforms may not be effective in protecting brand attitudes from being 

influenced by fake news, not only contributes to the burgeoning research on fake news 

and brand protection (e.g., Marvin and Meisel 2017; Visentin et al. 2019) but also to the 

literatures on forewarnings (Janssen et al. 2010; Schumpe et al. 2020; Walter and Murphy 

2018) and attitude change (Petty and Cacioppo 1977; Walter and Murphy 2018). 

Moreover, by demonstrating the role of warning timing in activating differential levels of 

reactance and perceptions of manipulative intent, this research contributes to the extant 

literature on persuasion knowledge (Friestad and Wright 1994). Finally, this research 

contributes to a greater understanding of information processing (Berk 2018; Miller 
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1988) by demonstrating how warning timing affects the encoding process of brand-

related fake news.  

However, this research is not without its limitations. We focused on only two 

well-known brands in negative and positive news contexts and future research might 

explore how the popularity of the brand affects the after-warning effect as not all fake 

news may feature widely known brands. Further, this research utilized self-reported 

measures of attitudes and reactance. Since there is a possibility that participants may have 

overestimated their thoughts and feelings when answering the questionnaires in 

retrospect, the effects reported here may be conservative. Physiological measures such as 

those employed in neuroscience may lead to more accurate estimates of cognitive and 

affective responses to persuasive influences. Of future interest could the case of “double-

warning” – using both before- and after-warnings for the same fake news. Given the 

societal, political, and marketing interest in fake news, there remains substantial potential 

for future research on warning strategies and determining when and why they work (and 

do not work).  
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CHAPTER 4. CONCLUSION 

In this age of social media, users have a limited attention span, but have a 

multitude of news content to choose from. News publishers face intense competition and 

struggle to attract enough online traffic to stay afloat. It is recognized that the more 

popular a story is on social media, the greater the potential revenue. This raises questions 

about opportunistic behaviors on part of news publishers. To meet with journalistic 

pressures, they may be tempted to publish false information and sensational news that 

features brands. Given that news consumers are not always able to tell apart real news 

from fake news, the potential for brand reputation damage is huge. Against this 

background, questions related to how consumers attend to true and false information on 

social media (first stage of information processing) were investigated in Chapter 2 and 

questions related to how consumers encode fake news on social media (second stage of 

information processing; Berk 2018; Miller 1988) were investigated in Chapter 3. 

Chapter 2 investigated empirically whether and how human and product brand 

mentions in satirical and traditional news are associated with social media engagement. 

Uses and gratifications theory (UGT) provided a theoretical framework for explaining 

and examining the strategies of news publishers. Publishers strive to fulfil individuals’ 

need for information and entertainment gratifications by providing different formats and 

categories of news. They aim to ensure that the news content is shareable, thereby 

assisting social media users to achieve social gratifications from news retransmission. 

From the UGT perspective, if news content helps individuals achieve gratifications from 

consumption and sharing, it is likely that it will demonstrate high social media 



100 

 

engagement as well. However, individuals are willing to spend only a limited time for 

consuming news. It is therefore critical for news publishers to have effective strategies to 

catch people’s attention and attract their clicks (Reis et al. 2015). First impressions matter 

online, and a key aspect related to news attractiveness on Twitter is the headline.  

Results offered consistent support that human brand mentions in news headlines, 

in comparison to product brand mentions, generally have a significant positive effect on 

retweets as well as News Consumption Interest, for both traditional as well as satirical 

news. Human brand mentions likely increase the attention paid to the post, resulting in 

higher retransmission, especially for satirical news. This result encourages brand 

managers to focus more on their human brands rather than their product brands during 

social media monitoring. The UGT perspective suggests that when news headlines 

mention human brands, they can aid in the acquisition of consumption and sharing 

gratifications. The narrative style was found to be important for traditional news. While 

the narrative style did not affect satirical news, the results indicated that readers do not 

appreciate traditional news that involves multiple shifts between negative and positive 

sentiment. They prefer news that starts on a negative note but ends on a strongly positive 

note, such as a Cluster 1 narrative, shown in Chapter 2, Figure 2.3. 

Chapter 3 investigated the effectiveness of a counter-intuitive intervention 

strategy – alerting readers after they have read fake news rather than before. Since prior 

research finds that readers attitudes are often influenced by false claims despite being 

warned, an investigation of alternate warning strategies is called for. Fake news about 

brands on popular social media often have deleterious effects on implicated brands and 
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platforms are under increasing pressure to thwart the negative influences arising from the 

consumption of misinformation. These results, to the best of my knowledge, provide the 

first experimental evidence that after-warnings lead to higher adjustment of brand 

attitudes than before-warnings, and uncover the mechanism underlying the after-warning 

effect. 

Results from a series of studies demonstrated that despite the intuition that 

“forewarned” implies “forearmed,” and that consumers evaluate the fake news and its 

contents more critically in the presence of BWs, BWs may paradoxically be no more 

effective in reducing the influence of fake brand news than having no warning at all. The 

findings suggested that although consumers may feel “forearmed,” they let their guard 

down as they evaluate the false claims critically. Engaging in critical evaluation of the 

false claims while reading the fake news may in fact distract consumers such that they are 

not as cognizant of the BWs. Instead, AWs, presented after the fake news, catch 

consumers off guard such that they do not have the benefit of being vigilant while 

reading the information. Instead, they evaluate the news story more critically after 

reading it.  

On being warned after exposure to the fake news, they may believe that their 

beliefs and attitudes have been influenced by the false information, perceiving a loss of 

control over how the news influenced them. Since consumers do not like to be 

manipulated and feel a loss of control (Brehm and Brehm 1981), they react more strongly 

against the implied influence with AWs than BWs (Dillard and Shen 2005; Hass and 

Grady 1975; Petty and Cacioppo 1979). The results also showed that the amount of 
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reactance in terms of cognitively reacting against the implied influence is also 

accompanied by the experience of emotion (Steindl et al. 2015). Consumers feel more 

anger and irritation with AWs than BWs, in line with the expectation that people who 

experience a higher amount of reactance typically also feel hostile, irritated, and angry 

(Brehm and Brehm 1981; Dillard and Shen 2005). Further, although a BW serves to 

disconfirm the expectations that fake news implies negative information, consumers 

believe that the warning up front helps in resisting the influence attempt. However, when 

consumers discover that the positive information is false with an AW, they not only feel 

more anger and irritation, but also that they were taken advantage of, tricked, and duped 

into believing something which is not true.  

AWs are thus more effective in reducing the influence of fake news on brand 

attitudes relative to BWs. This after-warning effect, labeled as AWE, is robust to the 

valence of the fake news. Specifically, for negative fake news, AWs result in less 

negative brand attitudes than BWs, and for positive fake news, AWs result in less 

positive brand attitudes than BWs, as compared to having no warning. These findings 

were also robust to the social media platform and source of the warning message as well 

as other factors including prior familiarity with the brand, prior impression of the brand, 

and credibility of news.  

Chapter 3, in demonstrating that the current practice of BWs used by popular 

social media platforms may not be effective in protecting brand attitudes from being 

influenced by fake news, not only contributes to the burgeoning research on fake news 

and brand protection (e.g., Marvin and Meisel 2017; Visentin et al. 2019) but also to the 
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literatures on forewarnings (Janssen et al. 2010; Schumpe et al. 2020; Walter and Murphy 

2018) and attitude change (Petty and Cacioppo 1977; Walter and Murphy 2018). 

Moreover, by demonstrating the role of warning timing in activating differential levels of 

reactance and perceptions of manipulative intent, this research contributes to the extant 

literature on persuasion knowledge (Friestad and Wright 1994). From a practical 

perspective, this easily implementable method of warning readers could be utilized by 

social media platforms in their efforts to combat the negative effects of fake. By ensuring 

that readers correct against unwanted influence just after the exposure, platforms can 

protect implicated brands from pernicious claims. In summary, Chapter 3 provided 

evidence that after-warnings can protect brands more effectively than commonly used 

before-warnings.  

Chapters 2 and 3 focused, at an overarching level, on the various stages of the 

information processing model (Berk 2018; Miller 1988). Chapter 2 focused on the first 

stage, how individuals attend to information in online settings. Since individuals typically 

cannot process all that their senses observe, attention play a key role in deciding which 

information is received and processed. Brand names in fake news headlines, for example, 

can differentially affect how much attention is paid to the news and thereby influence 

consumers’ reception of brand-related fake news, having consequences for brand image. 

Chapter 3 focused on the second stage of information processing, how individuals encode 

information from online settings in memory. The results showed that the timing of 

warning affects the encoding process such that the influence of fake news can be 

corrected to varying degrees.  
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The results of Chapters 2 and 3 lead naturally to questions related to the 

appropriate brand response to fake news. Future research along this line of inquiry is 

likely to informative for brand managers while potentially adding to theory in marketing 

and consumer psychology. The current research is not without its limitations. Chapter 2 

used observational data to determine that human brand mentions in satirical news led to 

higher engagement, and this can be considered a limitation. A field experiment with 

satirical news publishers could potentially alleviate some of the concerns associated with 

self-selection and endogeneity. Another limitation of Chapter 2 is the absence of a 

specific measure of humor. Since humor is notoriously difficult to quantify, I relied on 

the publisher’s distinction between traditional news and satirical news. However, not all 

satirical content is equally funny. Future research can focus on quantifying humor or 

identifying types of humor, to throw light on the role of humor in social media 

engagement, and on how humor affects brand perception.  

Chapter 3 focused on two well-known brands in two different contexts, and this 

could be considered a limitation. Future studies could investigate the moderating roles of 

brand reputation as well as individual differences such as their epistemic beliefs and 

needs for cognition. Further, Chapter 3 utilized self-reported measures of attitudes and 

reactance. Since there is a possibility that participants may have overestimated their 

thoughts and feelings when answering the questionnaires in retrospect, the effects 

reported may have been conservative. Physiological measures such as those employed in 

neuroscience may lead to more accurate estimates of cognitive and affective responses to 

persuasive influences. Of future interest could the case of “double-warning” – using both 
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before- and after-warnings for the same fake news. Given the societal, political, and 

marketing interest in fake news, there remains substantial potential for future research on 

warning strategies and determining when and why they work (and do not work).  
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CHAPTER 3 APPENDIX A 

Swedish multi-national clothing company H&M accused of inventing Neo-Nazi metal 

bands in shameless attempt to sell new t-shirt line! 

 

By Andrew Lasane                                                                                                 March 

23, 2020  

 

 

Big brands and corporations attempting to co-opt underground scenes they know next to 

nothing about is nothing new. The latest case comes courtesy of Swedish clothing brand 

H&M. 
  

As Metal Injection reports, the established retailer recently licensed some Metallica and 

Slayer designs to sell as part of a new range of metal-inspired designs that they are 

currently pushing. On the surface, everything looks legit. Pretty lame and totally not 

metal, but it all checks out. 
  

Except, while Strong Scene, the music company collaborating with H&M on this 

campaign, claim to have been founded in 1999, they only recently launched a Facebook 

page and none of their bands have any info listed on their official website. 
  

If you look up any of these bands, in fact, all the info only dates back to this month. 

However, music claimed to have been created by these bands has appeared online, 

though once again, all of the clips are dated as having been uploaded this month. 
  

Two of the bands have ties with National Socialist Black Metal, a scene of metal bands, 

mostly in Europe, whose lyrics and artwork promote neo-Nazism and racism. The band 
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“The One” is listed as being affiliated with the record label National Heritage Pride and 

the band “Lany” use imagery of Adolf Hitler on their band profile. 
  

If this is all a marketing stunt, it’s taking things a little too far: H&M must be held 

accountable for promoting hate and deceiving its customers! 

 

 

 
 

Facebook Post Mockup 
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Twitter Post Mockup 
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CHAPTER 3 APPENDIX B 

Negative news story 

Subway Charges Motorists Stranded in Snowstorm 3X the Price of Sandwiches! 

  

AL: Remember last week when the ice storm hit the south? The mainstream media 

showed footage of miles of cars stranded on the frozen interstates. Several national news 

broadcasts that I saw reported about school kids trapped on buses for almost 24 hours 

because of all of the ice and parents going frantic wondering where their kids were. 

 

 In all the icy gloom and doom, I bet you didn’t hear about the cunning and opportunistic 

actions of a Subway restaurant along Highway 280 in Birmingham, Alabama, did you? 

  

“Our store is about a mile and a half from the interstate and it took me two hours to get 

there,” store manager Audrey Pitt told me. “It was a parking lot as far as I could see.” 

Some of the drivers had been stuck in their cars for nearly seven hours without any food 

or water. So, under the directions of Ms. Pitt, the staff of the Subway restaurant decided 

to make some profits. “We cooked several hundred sandwiches and stood out on both 

sides of 280 and handed out the sandwiches to anyone we could get to — for fifteen 

bucks a piece as long as we had food to give out.” 

  

Audrey said drivers were especially surprised that the sandwiches were so expensive, but 

were willing to pay for something warm to eat since they had no alternatives. The 

Subway restaurant had a captive crowd of hungry customers and the snowstorm helped 

them make great profits in a few hours. 
 

“This company is based on taking care of people and providing goods to those who can 

afford it,” Audrey told me. “We constantly try to follow the model that we’ve all worked 

under for so long and we ensure that the company takes advantage of every situation. 

Charging three times the price of a sandwich was the perfect opportunity to reap high 

profits in a snowstorm.” 
 

Positive news story 

Subway Gives Free Sandwiches to Motorists Stranded in Snowstorm 
  

AL: Remember last week when the ice storm hit the south? The mainstream media 

showed footage of miles of cars stranded on the frozen interstates. Several national news 

broadcasts that I saw reported about school kids trapped on buses for almost 24 hours 

because of all of the ice and parents going frantic wondering where their kids were. 
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In all the icy gloom and doom, I bet you didn’t hear about the heroic and generous 

actions of a Subway restaurant along Highway 280 in Birmingham, Alabama, did you? 

  

“Our store is about a mile and a half from the interstate and it took me two hours to get 

there,” store manager Audrey Pitt told me. “It was a parking lot as far as I could see.” 

Some of the drivers had been stuck in their cars for nearly seven hours without any food 

or water. So the staff of the Subway restaurant decided to lend a helping hand. “We 

cooked several hundred sandwiches and stood out on both sides of 280 and handed out 

the sandwiches to anyone we could get to — as long as we had food to give out.” 

  

Audrey said drivers were especially surprised that the sandwiches were free. Why not 

make some extra money during the storm? It’s not like anyone could go to another 

restaurant. The Subway restaurant had a captive crowd of hungry customers. So why did 

they give away their food? 
 
“This company is based on taking care of people and loving people before you’re worried 

about money or profit,” Audrey told me. “We were just trying to follow the model that 

we’ve all worked under for so long and the model that we’ve come to love. There was 

really nothing else we could have done but try to help people any way we could.” 
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CHAPTER 3 APPENDIX C 

Negative news story 

Subway Restaurants in Southeast Texas Charge Residents Affected by Rolling Blackouts 

3X the Price of Sandwiches 

  

TX: Remember when the winter storms swept across the Deep South mid-February 

2021? Nearly 5 million homes and businesses were left without power, water, and food. 

The mainstream media showed desperate people collecting water from the San Antonio 

River Walk with trash cans and several national news broadcasts reported shortages of 

food and other essential items.  

  

 In all the icy gloom and doom in the middle of a raging global pandemic, our team of 

investigative journalists has uncovered the cunning and opportunistic actions of several 

Subway restaurants in south-east Texas.  

 

Speaking on condition of anonymity, a Subway store manager confided, “We were on a 

call with some Subway store managers in the region and it was decided to charge a 

premium during the power outage.” So, under the direction of senior leadership, the 

Subway restaurants cooked and sold several thousand six-inch subs for $15 apiece. “We 

also needed to cover the expenses for power backup,” added the manager.  

  

 The investigative team followed up with interviews of residents and found that although 

residents were surprised that the sandwiches were so expensive, they were willing to pay 

for something warm to eat since they had no alternatives. It is unfortunate that that the 

once-reliable company took undue advantage of their customers during a natural 

calamity. 
 

Positive news story 

Subway Restaurants in Southeast Texas Give Free Sandwiches to Residents Affected by 

Rolling Blackouts 

  

TX: Remember when the winter storms swept across the Deep South mid-February 

2021? Nearly 5 million homes and businesses were left without power, water, and food. 

The mainstream media showed desperate people collecting water from the San Antonio 

River Walk with trash cans and several national news broadcasts reported shortages of 

food and other essential items.  
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In all the icy gloom and doom in the middle of a raging global pandemic, our team of 

investigative journalists has uncovered the heroic and generous actions of several 

Subway restaurants in south-east Texas.  

  

Speaking on condition of anonymity, a Subway store manager confided, “We were on a 

call with some Subway store managers in the region and it was decided to give out free 

sandwiches during the power outage.” So, under the direction of senior leadership, the 

Subway restaurants cooked and gave out several thousand six-inch subs at no charge. 

“We also needed to cover the expenses for power backup,” added the manager.  

  

The investigative team followed up with interviews of residents and found that residents 

were surprised that the sandwiches were free and really appreciated having something 

warm to eat since they had no alternatives. It is fortunate that that the ever-reliable 

company took such care of their customers during a natural calamity. 

 

 

 

 


